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Preface

This volume is a collection of a selected number of articles based on presentations
at the 2005 L’Aquila (Italy) Summer School on the topic of “Hydrologic Modeling
and Water Cycle: Coupling of the Atmosphere and Hydrological Models”. The pri-
mary focus of this volume is on hydrologic modeling and their data requirements,
especially precipitation. As the field of hydrologic modeling is experiencing rapid
development and transition to application of distributed models, many challenges
including overcoming the requirements of compatible observations of inputs and
outputs must be addressed. A number of papers address the recent advances in
the State-of-the-art distributed precipitation estimation from satellites. A number
of articles address the issues related to the data merging and use of geo-statistical
techniques for addressing data limitations at spatial resolutions to capture the het-
erogeneity of physical processes.

The participants at the School came from diverse backgrounds and the level of in-
terest and active involvement in the discussions clearly demonstrated the importance
the scientific community places on challenges related to the coupling of atmospheric
and hydrologic models.

Along with my colleagues Dr. Erika Coppola and Dr. Kuolin Hsu, co-directors
of the School, we greatly appreciate the invited lectures and all the participants.
The members of the local organizing committee, Drs Barbara Tomassetti; Marco
Verdecchia and Guido Visconti were instrumental in the success of the school and
their contributions, both scientifically and organizationally are much appreciated.

Irvine, USA Soroosh Sorooshian
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Linköping, Sweden,
e-mail: julie.wilk@smhi.se

Piotr Wolski
Harry Oppenheimer Okavango Research Centre, University of Botswana, Private
Bag 285, Maun, Botswana,
e-mail: pwolski@orc.ub.bw



Part 1
Measurement of Hydrologic Variables



General Review of Rainfall-Runoff Modeling:
Model Calibration, Data Assimilation,
and Uncertainty Analysis

Hamid Moradkhani∗ and Soroosh Sorooshian

Keywords Data assimilation · Model calibration · Hydrologic uncertainties

1 Introduction

All Rainfall-Runoff (R-R) models and, in the broader sense, hydrologic models are
simplified characterizations of the real world system. A wide range of R-R mod-
els are currently used by researchers and practitioners, however the applications
of these models are highly dependent on the purposes for which the modeling is
made. Many R-R models are used merely for research purposes in order to enhance
the knowledge and understanding about the hydrological processes that govern a
real world system. Other types of models are developed and employed as tools for
simulation and prediction aiming ultimately to allow decision makers to take the
most effective decision for planning and operation while considering the interac-
tions of physical, ecological, economic, and social aspects of a real world system.
Examples of some of the implications of latter type of R-R models are: real-time
flood forecasting and warning, estimating flood frequencies, flood routing and inun-
dation prediction, impact assessment of climate and land use change and integrated
watershed management.

The development of R-R models could be recognized based on the importance
of available data which provides the learning data set for calibrating the nonlinear
behavior of these models. These data are used as a priori knowledge in the model
with the logic that gives the flexibility to the model to extrapolate the R-R process
for some future time. This line of thinking, known as batch model calibration (using
batch of data for calibration), has been challenged by another philosophy that avail-
ability of observation continuously gives the opportunity to the model components
(state variables and even parameters) to be updated (corrected) sequentially. This is
thought to give more flexibility for taking advantage of the temporal organization

H. Moradkhani
Department of Civil and Environmental Engineering, Portland State University, Portland, OR, USA

∗ Work was completed while at the University of California, Irvine

S. Sorooshian et al. (eds.), Hydrological Modelling and the Water Cycle, 1–24
C© Springer Science+Business Media B.V. 2009
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2 H. Moradkhani, S. Sorooshian

and structure of information content for better compliance of the model output with
observed system response. The real time adjustment (fine-tuning) of R-R models for
flood forecasting is categorized under the latter philosophy. In fact the need for on-
line adjustments of R-R flood forecasting models was emphasized by WMO (1992).

2 Various Modeling Approaches: Lumped, Distributed and More

Owing to the complex nature of rainfall-runoff processes determined by a number
of highly interconnected water, energy and vegetation processes at various spatial
scales, hydrologists rely on their own understanding of the system gained through
interaction with it, observation and experiments. This process is known as percep-
tual modeling (Beven, 2001). Perceptualization of a hydrologic system leads the
modelers to a variety of ways to classify rainfall-runoff models from deterministic
to stochastic models, from physically-based (white-box) to black-box or empirical
and to conceptual models, and the most distinctive, from lumped models to dis-
tributed models (Clarke, 1973; Beven, 1985; Wheater et al., 1993; Refsgaard, 1996;
Beven, 2001). In lumped models, the entire river basin is taken as one unit where
spatial variability is disregarded. In such a modeling approach one tries to relate the
forcing data, mainly precipitation inputs, to system outputs (streamflow) without
considering the spatial processes, patterns and organization of the characteristics
governing the processes. On the other hand, a distributed model is one which ac-
counts for spatial variations of variables and parameters, thereby explicit character-
ization of the processes and patterns is made (Beven, 1985; Refsgaard, 1996; Smith
et al., 2004). The history of lumped R-R models is traced back to the last century
with the rational method which directly relates the precipitation input to the peak
discharge through the runoff coefficient parameter. Due to some of the difficulties
that this method causes (Beven, 2001), numerous complex lumped R-R models
have been developed and documented (Fleming, 1975; Singh, 1995; Singh and
Frevert, 2002a,b). The Crawford and Linsley’s Stanford Watershed Model (1962)
was one of the notably successful efforts in introducing a complex R-R model ac-
counting for the dynamics of hydrologic processes governing in a watershed. The
attempt by Crawford and Linsley (1962, 1966) was the first in benefiting from the
digital computers for a quantitative description of the hydrologic processes. Other
examples of conceptual R-R models are the Xinanjiang Model (Zhao et al., 1980),
and the widely used operational model in the US National Weather Service (NWS)
for flood forecasting, Sacramento Soil Moisture Accounting Model (SAC-SMA),
developed by Burnash et al. (Burnash et al., 1973; Burnash, 1995).

The lumped hydrologic models impose many assumptions, especially in large wa-
tersheds, as variables and parameters are representative average values (lumped) for
a river basin with semi-empirical equations describing the physics (Refsgaard, 1996).
These models are generally designed to simulate the streamflow just at the watershed
outlet. However, one may want to estimate the flow at some interior locations in a river
basin for engineering design, for real time operational flood forecasting and also for
studying the effects of land use or climate change. In general a rainfall-runoff model
requires representing the interaction of surface and subsurface processes. Freeze and
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Harlen (1969) were first to outline the underlying physics to describe such processes.
The benefits of distributed models as outlined by Beven (1985) and summarized by
Smith et al. (2004) are the possibility of considering spatially variable inputs and
outputs, assessment of pollutants and sediment transport, and also analyzing the hy-
drological response at ungauged basins. The availability of high spatial resolution
data such as DEM, precipitation, vegetation, soil and other atmospheric variables has
led to a surge in developing many sophisticated distributed hydrologic models. As
pointed out by Refsgaard (1996), in a distributed physically-based model the flows of
water and energy fluxes are computed from the prevailing partial differential equations
(e.g., Saint Venant equations for overland and channel flow, Richard’s equation for
unsaturated flow and Boussinesq’s equation for groundwater flow). Several variants
of distributed watershed models have been developed and implemented including
SHE (Abbott et al., 1986a,b), TOPMODEL (Beven and Kirby, 1976, 1979), IHDM
(Beven et al., 1987), THALES (Grayson et al., 1992), MIKE SHE (Refsgaard and
Storm,1995),KINEROS(Smithetal., 1995),HBV(Bergstrom,1995); IHDM(Calver
and Wood, 1995) to name a few.

The National Weather Service Hydrology Laboratory (NWS-HL) recently
launched a Distributed Model Intercomparison Project (DMIP) to encourage col-
laborative research into appropriate levels of model complexity, value of spatially
distributed data, and methods suitable for model development and calibration. This
effort revealed the readiness of operational organizations to move towards dis-
tributed hydrologic modeling and the fact that they see the distributed modeling
as a key pathway to infuse new science into their river and flash flood forecast oper-
ations and services (Smith et al., 2004; Koren et al., 2001). However, they are still
facing the question that under what circumstances and for what type of forecasting,
distributed modeling is profitable (Beven, 1985; Smith et al., 2004). Furthermore, if
there is a justification to employ these complex models, which model is the best to
improve the NWS forecasting capabilities?

The research community is facing some challenges in the application of the dis-
tributed models. There are still many outstanding questions regarding the parameter-
ization, calibration, and error correction of these complex models. The estimation
of the excessive parameters within distributed models is the main source of un-
certainty in these models. Most of the studies on distributed modeling can be
divided into two categories in regard to parameterization. Some studies propose
certain assumptions to simplify the parameterization (e.g., Homogeneity or fixing
some of the parameters, etc.) (Beven and Binley, 1992) and then to use calibra-
tion techniques to find optimal values for the rest of the parameters. The others
take into account the heterogeneity that exists in the watershed and use soil and
vegetation data to physically estimate the value of the parameters based on water-
shed characteristics within all the hydrologic units. In this case calibration is an
intense, time consuming, and inefficient procedure due to the number of parameters
involved.

These advantages motivated the National Oceanic and Atmospheric Adminis-
tration’s National Weather Service (NOAA/NWS) to initiate a distributed model
intercomparison project (DMIP) to infuse new science and technology into its river
forecasting capability Smith et al. (2004).
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3 The Problem of Model Calibration (Parameter Estimation)

In general terms, hydrologic models are defined by state or prognostic variables
which define the dynamics of a system, and also parameters as quantities character-
izing the system. Parameters may be classified into physical and process parameters
(Sorooshian and Gupta, 1995). Physical parameters are those which can be mea-
sured directly independent of the observable river basin responses, such as, water-
shed area, impervious area in a watershed, local permeability obtained using core
samples, fraction of vegetated area, and areal percentage of water bodies. The pro-
cess parameters, on the other hand, are those which can not be measured directly and
needs to be inferred by indirect means (Gupta et al., 1998), such as, effective depth
of soil moisture storage, effective lateral interflow, rate of drainage for hypothetical
lumped storages, mean hydraulic conductivity, and surface runoff coefficient. Al-
though these parameters cannot be expected to have physical interpretations, they
are assumed to be related to inherent properties having physical relevance in hydro-
logic systems. In order for a model to closely and consistently simulate the observed
response (dynamic behavior) of a river basin over some historical period for which
forcing data (precipitation) and system output (e.g., streamflow) are available, the
model parameters need to be tuned or calibrated. The linkage between data, model
and parameters are shown schematically in Fig. 1. A variety of model calibration
techniques have been developed and implemented to ensure conformity between
the model simulations of system behavior and observations. A basic approach to
obtain the parameter values is the trial and error procedure, the so called manual cal-
ibration. The model knowledge and large number of model performance measures
defined by objective functions accompanied by visual inspection of the agreement
and differences between model predictions and the observation, and above all, the
human judgment are all taken to guide the adjustments to the best guess for model
parameters (Boyle et al., 2000; Duan, 2003). There are 3 levels associated with

Fig. 1 Linkage of data,
model and parameter
estimation (calibration)

MODEL

DATA

PARAMETER

ESTIMATION
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manual calibration (Boyle et al., 2000). In level zero, the watershed data are exam-
ined and a priori estimates of the likely values of parameter sets developed. This
provides the initial uncertainty of the estimates by defining the feasible parameter
ranges using the estimates from similar adjacent watersheds, look-up tables, etc. In
level one, the analysis of some segments of streamflow hydrograph that are most
relevant to specific parameter/s is made followed by the parameter adjustment. In
this step, the parameter interaction is generally disregarded. Finally, in level two,
the most difficult step, while examining the watershed hydrograph the parameter
interaction is taken into account and adjustment of the parameters is made accord-
ingly. The process of manual calibration is less affected by noises in calibration
data; however, the multitude of nonlinearly interacting parameters in hydrologic
models makes this procedure very labor-intensive requiring extensive training. This
expertise is not only difficult to gain, but also hard to transfer from one hydrologist to
another. These problems and difficulties justified the need for development of auto-
matic calibration techniques (Sorooshian and Dracup, 1980; Sorooshian et al., 1993;
Duan et al., 1992, 1993; Gupta et al., 1998; Hogue et al., 2000; Gupta et al., 2003a).

3.1 Mathematical Modeling of Hydrologic Systems

An R-R model can be cast in a mathematical framework irrespective of whether the
model is physical, empirical and/or conceptual. In fact we are interested in math-
ematical models that simulate or predict outputs from inputs. We denote the R-R
model by a nonlinear function f (.) signifying the derivative of the state vector x
with respect to time t . In addition, the system is characterized by k-member vector
of parameters θ , and forcing field (input) variables u as follows:

dxt

dt
= f (xt , θ, ut ) + wt (1)

Where, xt ∈ �Nx is an Nx -dimensional vector representing the system state
(for example catchment soil moisture content) at time t . The nonlinear operator
f : �Nx → �Nx expresses the system transition over a time instant in response to the
model input vector (forcing data, u, e.g., mean areal precipitation). In regards with
model parameters, it is further assumed that

θ ∈ � ⊆ �k (2)

Where, �k denotes the k-dimensional Euclidean space.
Due to error associated with the observed input to the system, the uncertainty

in parameter estimation and/or parameter identification and also model structural
error for accurate representation of physical data generating process, the aggregate
uncertainty may be defined through an additive error term wt which may consider
to be white noise random sequence with mean zero and covariance Qt .Considering
that the hydrologic data are available at discrete time, the continuous differential
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form in eq. (1) is written as following the discrete stochastic dynamic state-space
form:

xt = f (xt−1, θ, ut ) + wt (3)

Equation (3) is considered as an intermediate step to obtain the amount of internal
storages and fluxes in a hydrologic system; however, the eventual goal in R-R mod-
eling is to predict the output (runoff or streamflow) which are related to the model
states through the following equation:

ŷt = h(xt , θ ) (4)

where, ŷt ∈ �Ny is anNy-dimensional observation vector (observation simulation,
e.g., streamflow) as a function of model parameters and forecasted state variables
through the nonlinear operator h : �Nx → �Ny .

Given the observed output values of y, the residual error term is written as:

vt = yt − ŷt (5)

Combining eqs. (4) and (5) yields the standard formulation of observation equation:

yt = h(xt , θ ) + vt (6)

3.2 Inverse Methods

The mathematical formulation of the R-R system described in Section 3.1 is the
typical Inverse Problem (IP) which could be explained as a problem where the input
and output observations and sometimes state variables are known, but not the model
parameters. Therefore, the problem of model calibration can be seen as the inverse
problem. This is in contrast to a Forward Problem (FP) where the relevant properties
of the model including initial and boundary conditions and also the parameters of the
system are known. A model then predicts the states and outputs straightforwardly.
Simply speaking, in FP, one wants to find effects (streamflow) from causes (param-
eters), while in IP, causes need to be found on the basis of effects. Unlike forward
learning which is a many-to-one mapping problem, the inversion learning problem
is one-to-many, therefore the mapping from output to input is generally non-unique.
In other words, the same effects (streamflow) may be caused by different causes
(parameters).

A problem is said to be well-posed if the three conditions for the solution are met
according to the definition given by Hadamard (1990): existence, uniqueness and
stability. According to this definition, the parameter estimation (model calibration)
is an ill-posed problem due to non-uniqueness of the solution for model parameters
(see Fig. 2). This is the typical case for inverse problems. The general formulation
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Fig. 2 Schematic of forward problem vs. Inverse problem

of the forward and inverse problems can also be shown as follows (Castelli and
Entekhabi, 2002):

Consider a model f (D, θ ) = [ f1(D, θ ), f2(D, θ ), . . . , fL (D, θ )]T = 0 Consist-
ing of L elements which relates a data vector, D = [d1, d2, . . . dN ]T and a parameter
vector θ = [θ1, θ2, . . . θM ]T . In R-R modeling the streamflow observation (Q) can
be considered as data in such formulation. Therefore, FP is concerned with estima-
tion (prediction) of the data D given the model f and the estimates of the model
parameters θ . In IP, the concern is to estimate the model parameters θ given model
f and observation o f D.

In a statistical sense, IP can be considered as the parameter estimation problem.
In such framework, the reliability and/or uncertainty of the estimation in addition to
the parameter estimates can be derived.

3.3 Model Calibration as an Optimization Problem

The nonlinear relationship between the parameters and outputs of R-R models
makes the linear regression solution methods impractical to use, thus reliance on
iterative or sequential (recursive) procedures to attain an acceptable solution is re-
quired. Iterative schemes work by repeatedly computing the model accuracy based
on the guessed model parameters and all available data. Iterative methods are nec-
essarily restricted to off-line applications, where a batch of data has been previously
collected for processing. In contrast, in sequential procedures, one uses each mea-
surement (real system output) as soon as it becomes available to update the model
parameters and model states which result in improved model outputs (Thiemann
et al., 2001; Moradkhani et al., 2005a,b) This attribute makes such approaches prac-
tical in either on-line or off-line applications. In this section, we focus our attention
to the batch automatic model calibration. Since the advent of digital computers,
automatic model calibration through optimization methods has been used exten-
sively to calibrate the conceptual R-R model parameters. In automatic calibration,
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Fig. 3 The concept of model calibration as an optimization problem

the problem is formulated as an optimization problem through objective function or
sometimes called loss or cost function (Fig. 3). This is a measure of the ability of
the model to replicate the observed system response. The success of any model cal-
ibration depends on the observed data, model structure, calibration conditions and
optimization procedure. Gupta et al. (2005) list the necessary conditions for a real-
istic hydrologic simulation by effectively estimating the model parameters called a
well-calibrated model. These conditions are: (1) consistency of model structure and
its behavior with current understanding of hydrologic processes, (2) consistency
between input-state-output behavior of the model (as formulated in eqs. 1–6) and
measurements of watershed behavior, (3) accuracy (unbiasedness) and precision
(small uncertainty) of model predictions.

Early attempts for R-R model calibration have been made in 1960s and 1970s
typically based on local search algorithms (Dawdy and O’Donnell 1965; Nash and
Sutcliffe, 1970; Ibbitt, 1970). The local search methods are carried out by initial-
ization of parameter sets and then iteratively minimizing the objective function to
direct the parameter search towards local improvement. The local search methods
are classified into direct methods (derivative-free) and gradient methods (derivative-
based).

The rotating method of Rosenbrock (Rosenbrock, 1960), Pattern search (Hooke
and Jeeves, 1961) and downhill simplex (Nelder and Mead, 1965) are examples of
direct search methods. Gradient methods appear to be more powerful than direct
methods as they use more information (including the first and second derivatives
of objective function with respect to parameters) to obtain the optimum objective
function (error response surface) value. The Newton and Quasi-Newton methods
are examples of derivative-based local search methods. The local search methods
for hydrologic model calibration have been reported by many others (Johnston and
Pilgrim, 1976; Pickup, 1977; Gupta and Sorooshian, 1985; Hendrickson et al., 1988;
among others) with the conclusion that local search methods cannot be used reliably
to estimate the global optimal solution.
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The philosophy behind any search algorithm in model calibration, random or
nonrandom, for obtaining the best parameter set in the feasible range lies some-
where between exploration and exploitation. By exploration, one means to improve
the objective function by randomly looking different regions of parameter space
regardless of what has already been learned from previous sampling. An example
of this type of parameter space search algorithm is uniform search. On the other
hand, in exploitation the decision on how to sample the parameter space depends on
the previous sampling. Examples of this type are the steepest descent and Newton-
Raphson methods. The direct search Monte Carlo algorithms, such as importance
sampling, falls somewhere between the exploration and exploitation methods. Better
exploration and exploitation of response surface function to globally optimize the
parameter sets was realized to be necessary owing to the existence of multiple local
optima, discontinuous derivatives and multiple regions of attractions in the parame-
ter space. Therefore, the attention geared towards global searching algorithms. This
method should be able to not only cope with the aforementioned problems, they
should be efficient and robust enough to overcome the problems that arise from the
high dimensionality of parameter space in operational hydrologic models such as the
SAC-SMA model and also the high degree of parameter interaction in such models.
Examples of the global search methods are the Adaptive Random search (Masri
et al., 1980; Brazil, 1988), Genetic algorithm (Holland, 1975; Goldberg, 1989;
Franchini, 1996), Simulated Annealing (Kirkpatrick et al., 1983).

A novel global search approach called Shuffle Complex Evolution (SCE-UA)
was introduced and implemented in a variety of hydrologic model calibration ap-
plications (Duan et al., 1992, 1993; Sorooshian et al., 1993). SCE-UA benefits
from the strength of different procedures and combines their strategies including
the Downhill Simplex, Controlled Random Search, and Competitive Evolution with
the proposed idea of Complex Shuffling.

4 Ensemble Inference vs. Optimization

Despite the effectiveness, consistency and efficiency of some of the global opti-
mization methods such as SCE-UA in reliably finding the global solution, numerous
studies have shown that many combinations of parameter sets (while even widely
distributed in parameter space) may result in similar objective function value, mean-
ing that several optimum solutions may exist for a problem. This reveals the prob-
lem of nonuniqueness or nonidentifiability of parameters, the so-called equifinality
(Beven, 1993) which is the cause of the existence of multiple feasible solutions
for the same problem. This view suggests that there may exist many representa-
tions of a watershed (many possible parameter sets) that may be equally capable
of simulating the observed system response and therefore rejects the concept of
optimum parameter set despite the strong desire in environmental science in ob-
taining the single optimal representation of reality. Especially when the objective
function in an optimization problem is highly irregular and nonlinear, multimodal
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and nonsmooth with discontinuities, the global optimization procedures and matrix
inversion may fail to converge to the optimum solution due to numerical instabili-
ties caused by ill-conditioned matrices. To cope with these problems, Monte Carlo
(MC) methods as ensemble inference may be employed. MC procedures work by
direct sampling from the parameter space or associated probability distributions,
they are not dependent on the objective function to be smooth nor do they suf-
fer from numerical instabilities. MC methods based on the definition provided by
Hammersley and Handscomb (1964) are considered as a branch of experimental
mathematics that is concerned with experiments on random number. An up- to-date
definition provided by Sambridge and Mosegaard (2002) states that MC methods
are experiments making use of random numbers to solve either deterministic or
probabilistic (stochastic) problems. Although MC methods originated as methods
to solve the stochastic problems, later they were recognized as procedures to deter-
ministic problems such as multidimensional integration (Arulampalam et al., 2002;
Moradkhani 2004; Moradkhani et al., 2005b). The direct simulation of probability
distributions can fundamentally be related to Monte Carlo methods. The use of MC
methods in inverse problems as the information inference from measurement has
garnered the attention of earth system scientists over the past decade. They may
be used for inversion, parameter estimation, optimization, ensemble inference, and
uncertainty assessment.

5 Hydrologic Uncertainties

Hydrologic prediction is highly influenced by the uncertainties in the forcing data
(generally taken as deterministic), observed system response (due to errors in mea-
suring the physical quantities), imperfection of the model structure and the param-
eter values resulting from the model calibration which is profoundly affected by
uncertainty sources.

5.1 Uncertainty in Observation

The observation in R-R modeling is the measurement of the input and output fluxes
of hydrologic system and even the storage in the system (states). The key to potential
improvement of R-R modeling is associated with true characterization of precipita-
tion uncertainty. Precipitation uncertainty is generally regarded as the most influen-
tial cause of uncertainty in flood forecasting. One of the early methods (Bergestrom,
1976) still used in an operational setting is to improve the model response by manu-
ally modifying the observed input and rerunning the model until there is a reasonable
agreement between model output and observed runoff. Arguing about the validity
of this approach is not the thrust of this chapter; however this shows that the main
source of uncertainty in R-R modeling is the input (forcing data) uncertainty caus-
ing the significant effect on predictive uncertainty, not only due to the precision in
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observation but due to the spatial and temporal averaging of these quantities.
Therefore these fluxes need to be considered as stochastic quantities (Kavetski, 2003,
2006a,b; Clark and Slater, 2006; Hong et al., 2006; Moradkhani et al., 2006). As
shown by Clark and Slater (2006), uncertainty in model simulation is strongly influ-
enced by the reliability of the forcing variable and adequate characterization of their
associated uncertainties. The role of input uncertainty becomes even more important
for the ungauged regions or those regions where precipitation data are missing. In
such cases, one may rely on remotely sensed precipitation products extracted from
different satellite platforms. This will pose another challenge on how to estimate
the error associated with the remotely-sensed product. Recently Hong et al. (2006)
showed how the satellite precipitation error can be estimated through a power law
function as follows:

σe = f (
1
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�t

T
, P) = a ·

(
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L

)b

·
(

�t

T

)b

(P)d (7)

Where, σe is the error in precipitation (standard deviation between the satellite and
radar data) which is a function of spatial coverage A (here substituted by L as spa-
tial scale, the side length of A), temporal scale (T ), satellite sampling frequency
(Δt), and the space-time average of precipitation rate (P). a, b, c, and d are the
parameters of error model need to be calibrated. Also, Moradkhani et al. (2006)
demonstrated how this error model can be used in conjunction with other uncer-
tainty sources for the ensemble streamflow forecasting and how the interrelation
of uncertainties through Particle Filtering (Moradkhani et al., 2005b) will result in
combined streamflow uncertainty.

In addition to input data uncertainty, observed system response (streamflow) is
subject to error reflected in the rating curve inaccuracies at very high and very low
flows. This problem was addressed by Sorooshian and Dracup (1980), the problem
known as heteroscedasticity (variance changing) of error with respect to the magni-
tude of flow as opposed to homoscedasticity (constant variance) of error.

5.2 Uncertainty in Parameter and State Estimation

As discussed earlier, significant consideration has been given to the development
of automatic calibration methods aiming to successfully find a single best fitting
parameter value; however less effort has gone into assessment of parameter uncer-
tainty in hydrologic models. Therefore, despite the success of some of the global
optimization methods such as SCE-UA, reliance on a “best” answer remains unreal-
istic due to the existence of many combinations of parameter sets in the feasible
region. Poor identifiability of parameters may result in considerable uncertainty
in model output. This problem may be resolved by means of ensemble inference
through Monte Carlo procedures adopted by new generation of practitioners. Some
of the available methods to estimate the parameter uncertainty using the ensemble
inference are the Generalized Likelihood Uncertainty Estimation (GLUE) method
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(Beven and Binley, 1992), the Bayesian Recursive Estimation (BaRE) algorithm
developed by Thiemann et al., (2001); the Metropolis method reported by Kuczera
and Parent (1998) and the Shuffled Complex Evolution Metropolis (SCEM-UA)
algorithm of vrugt et al. (2003). The GLUE and SCEM-UA are implemented in
a batch processing scheme where the collected period of data is used for cali-
bration and uncertainty assessment; however as Gupta et al. (2005) reported, the
GLUE can be applied recursively by choosing an appropriate likelihood function.
The GLUE method works based on different realization of parameter sets in order
to estimate the sensitivity of model prediction to various parameter sets. By do-
ing so, the parameter sets are categorized into behavioral and non-behavioral via
a likelihood measure. Those that are considered as non-behavioral are discarded
for prediction. The recent study by Mantovan and Todini (2006), however, reported
the reduced capacity of this method owing to its inconsistency with the Bayesian
inference process leading to large overestimation on uncertainty, both for the pa-
rameter estimation and hydrologic forecasting uncertainty assessment. The BaRE
algorithm employs a sequential approach to derive the probabilities associated with
parameter sets in an on-line fashion. The parameter probabilities result in probabilis-
tic output (streamflow) prediction. The problem with the original BaRE algorithm
(Beven and Young, 2003; Gupta et al., 2003b) was its tendency to collapse onto
a single point, a drawback modified by Misirli et al. (2003) through a resampling
procedure. The Metropolis method of Kuczera and Parent (1998) for the parame-
ter uncertainty estimation uses a random walk in the parameter space that adapts
to the true probability distribution of parameters. The underlying idea in the MH
method as a MCMC algorithm is generating samples of a probability distribution
over a high dimensional space where no explicit mathematical expression exists
for the probability distribution. The SCEM-UA is the extension of the SCE-UA
algorithm (Duan et al., 1992) with the difference that the Downhill Simplex method
which was used for population evolution in SCE-UA was replaced by the Metropo-
lis Hastings (MH) algorithm in SCEM-UA. The usage of MH keeps the SCE-UA
solution from collapsing into a single point (global optimum) in parameter space;
this is due to the stochastic nature of MH as a Markov Chain Monte Carlo (MCMC)
procedure.

Another procedure to modify parameters and estimate the uncertainty associated
with them is real time calibration via filtering techniques. Recursive estimation based
upon Kalman filter-type algorithms are generally used for estimating the dynamic
state of the system. However, as several authors have reported, the real time updat-
ing of state variables and parameter values is essential allowing the model to more
closely reproduce the observed system response due to the updating criteria car-
ried out in each observation time. (Todini, 1976, 1978; Kitanidis and Bras, 1980a,b;
Georgakakos, 1986a,b; Rajaram and Georgakakos, 1989; Georgakakos and Smith,
1990; Kivman, 2003; Moradkhani et al., 2005a,b). The real-time calibration using
the Extended Kalman Filter (EKF) for the operational SACramento Soil Moisture
Accounting Model (SAC-SMA) proposed by Georgakakos (1986a,b) was investi-
gated by WMO (1992) and concluded that the approach should not be recommended
because of its instability of parameter estimates (as a result of linearization of the
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Fig. 4 Dual State-parameter estimation using Ensemble Kalman Filter (EnKF)

system) and also computational requirements of implementing of such system. The
recent development by Moradkhani et al. (2005a) on dual state-parameter estima-
tion (see the schematic in Fig. 4) showed how the drawback of previous approaches
could be overcome while using the Ensemble Kalman Filter (EnKF). In such an ap-
proach, multiple possible model realization including parameters and state variables,
while incorporating the input uncertainty for generating the model replicates, are
used and the states and parameters are updated by the availability of observation.

6 Bayesian Inference and Sequential Data Assimilation

In the optimization methods, estimates of error are not readily available while
Bayesian inference provides a mechanism to combine the quantitative (hydrologic
data) and qualitative (prior information obtained by the experience of experts in
the field) data to yield the posteriori as more informative probability distribution of
variable of interest.

Bayesian formulation allows hydrologists to estimate the uncertainty about pre-
diction in a meaningful way and can be accomplished without resort to calibra-
tion which is sometimes problematic in certain applications. However, as shown
by Thiemann et al. (2001), vrugt et al. (2003) and Moradkhani et al. (2005a,b),
calibration as a paramount element in hydrologic prediction can be made within the
Bayesian paradigm.

In fact, in a Bayesian formulation, the solution to an inverse problem is given by
posterior probability distribution P(M |D) over the model space. P(M |D) encom-
passes all the available information on model which are taken from both data (D)
through the likelihood function P(D|M), and also data-independent prior informa-
tion expressed by prior probability P(M)density. The mathematical description of
Bayes law is given in below:

P(M |D) = P(D|M)P(M)

P(D)
(8)

Where the denominator, p(D) is the normalization factor, i.e., it ensures that the in-
tegration of p(M |D) results to 1. The likelihood function p(D|M) which measures
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the likelihood of a given model M through its misfit e(.),the error between observa-
tion and model simulation, is given in general form as follows:

p(D|M) ∝ exp(−e(.)) (9)

With the assumption that the model residuals are mutually independent, normally
distributed, with constant variance (i.i.d.), the likelihood function can be computed
using (Box and Tiao, 1973):

p(D|M) ∝ exp

[
−1

2

∑(
e(.)

�

)2
]

(10)

In the absence of an explicit mathematical expression for P(D|M) andP(M), which
is common in high dimensional problems, Monte Carlo sampling is used to ex-
plore posterior P(M |D). The importance sampling, Metropolis-Hastings algorithm
and Gibbs Sampler are the most commonly used sampling techniques in practice.It
should be noted that the sampling should not be biased toward any particular region
of parameter space and thereby no possibility of entrapment in local minima.

The original Bayes law explained above eq. (8) is in the batch form where the
available historical data is taken for the uncertainty estimation through that con-
ditional probability. However, this form makes no attempt to include information
from new observations when becoming available. The flexibility required to use
the new information is provided by a sequential Bayesian scheme. Moradkhani
et al. (2005a,b) showed that the methods based on sequential Bayesian estimation
seem better able to benefit from the temporal organization and structure of informa-
tion achieving better conformity of the model output with observations.

If we consider the state variable xt as the variable of interest to be estimated
within the Bayesian framework, because of its stochastic nature, the pertinent infor-
mation about it at time t can be extracted from the observation Yt = [y1, y2, . . . yt ]
through the recursive Bayes law:

p(xt |Yt ) = p(xt |yt , Yt−1) = p(yt |xt )p(xt |Yt−1)

p(yt |y1:t−1)
= p(yt |xt )p(xt |Yt−1)∫

p(yt |xt )p(xt |Yt−1)dxt
(11)

As seen in the schematic of recursive Bayes law (Fig. 5), the forecast density of
p(xt |y1:t–1) can be estimated via Chapman-Kolmogorov equation (Jazwinski, 1970)
considering the Markovian property of order one holds in eq. (3), therefore:

p(xt |Yt−1) =
∫

p(xt |xt−1)p(xt−1|Yt−1)dxt−1 (12)

The main complication in using the recursive Bayes law is that the multidimensional
integration of forecast density as shown in eq. (12) makes the closed form solution
of eq. (11) intractable. Therefore, reliance on ensemble methods through the Monte
Carlo sampling is required, which makes such problems solvable in practice. In the
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Fig. 5 Sequential Bayesian scheme for evolution of the conditional probability density of the state
variables by assimilating observations from time t–1 to time t

next section we will explain how the conditional distribution of variable of interest
can be estimated using the sequential ensemble filtering.

6.1 Ensemble Filtering

The aim of filtering is to use the observations Yt over the time interval [0,t] to im-
prove the current state xt of a system. Two sequential estimation operations are
discerned in filtering applications: (1) the forecasting step which is the transition of
state variables from one observation time to the next as shown in eqs. (1) and (3) and
probabilistically represented through transition probability p(xt |xt–1) in eq. (12), (2)
the analysis (updating) step which involves updating of the forecasted (propagated)
states with the new observation. Ensemble procedures present a practical alternative
to an exact Bayesian solution by relying on discrete estimation of forecast (priori)
and analysis (posteriori) densities through a set of random variables and correspond-
ing weights:

p(xt |Yt−1) ≈
N∑

i=1

wi−
t δ(xt − xi−

t ) (13)

p(xt |Yt ) ≈
N∑

i=1

wi+
t δ(xt − xi+

t ) (14)

These are the empirical approximation of forecast and analysis densities by summa-
tion of N Dirac delta functions where xi and wi denote the ith sample and its weight
before and after updating shown by minus and plus signs respectively. The random
replicates and associated weights are generated through a variety of methods, two
of which are the ensemble Kalman filter (EnKF) and the Particle filter (PF). The
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forecasting step in both EnKF and PF is the same where the evolution of the model
for each ensemble member is equally weighted.

xi−
t = f (xi

t−1, θ, ui
t ) (15)

wi−
t = 1

N
(16)

Thereby, the forecast density will be as follows:

p(xt |Yt−1) ≈ 1

N

N∑
i=1

δ(xt − xi−
t ) (17)

It is noted that in this process, the random input replicates of ui
t are required to

generate the state trajectories in eq. (15). One way to generate the input repli-
cates is to consider the standard error obtained from eq. (7) and generate the ran-
dom variable using the Gaussian distribution as illustrated in Moradkhani et al.
(2006).

If the dynamical system, including states and measurement equations, are linear
and all sources of uncertainty are normally distributed, the celebrated Kalman filter
(Kalman, 1960) provides the optimal recursive solution to the state updating prob-
lem. If the system is nonlinear, as is the case for most of the hydrologic systems,
the linearization of the system might be considered. Developed from the early work
using state-space filtering, Georgakakos and Sperflage (1995) implemented an au-
tomatic procedure into the NWSRFS using the EKF. Certain shortcomings of the
procedure have been discovered including: reformulation of the original SAC-SMA
model to a state-space form; using first order approximation of Taylor series which
leads to unstable results when the nonlinearity in the model is strong; and heavy
computational demands owing to error covariance propagation. To overcome the
limitation of the EKF, the EnKF was introduced by Evensen (1994) which was
used for assimilating data in large nonlinear ocean and atmospheric model. The
EnKF is also based upon Monte Carlo or ensemble generations where the approx-
imation of the forecast state error covariance matrix is made by propagating an
ensemble of model states using the updated states from the previous time step.
The key point in the performance of the EnKF is to generate the ensemble of
observations at each update time by introducing noise drawn from a distribution
with zero mean and covariance equal to the observational error covariance matrix;
otherwise the updated ensemble will possess a very low covariance (Moradkhani
et al., 2005a).

xi+
t = xi−

t + Kt (yi
t − ŷi

t ) (18)

Kt =
∑xy−

t

[∑yy

t
+
∑vv

t

]−1
(19)
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where
∑yy

t is the forecast error covariance matrix of the prediction ŷi
t = hi (.),∑xy−

t is the forecast cross covariance of the state variables xi−
t and prediction ŷi

t
and

∑vv
t is the observation error covariance of ν in eq. (6).

If it is assumed that the forecast and measurement are jointly normal, their den-
sities are sufficiently characterized by their mean and covariances, meaning that the
higher order moments can be ignored in the update step.

As pointed out and implemented by Pham (2001), Arulampalam et al. (2002)
and Moradkhani et al., (2005b), to improve the estimation accuracy and stability,
one may want to track the time evolution of the model by means of all moment
characteristics through a full probability density function. This is facilitated by using
particle filters. If we use the particle filtering for the updating step, the updated
ensemble members (particles) are kept the same as the forecast values and only the
weights are updated. Therefore,

xi+
t = xi−

t (20)

and from eq. (11), the filtering posterior, wi+
t is calculated as follows:

wi+
t = M.p(yt |xi−

t )wi−
t = M

N
p(yt |xi−

t ) (21)

where, M is the normalizing constant in eq. (21). The important issue in using
the particle filters is the sampling concept through different methods such as the
Sequential Importance sampling (SIS), Sequential Importance Resampling or Sam-
pling Importance Resampling (SIR) as the most commonly used sampling proce-
dures. Using the proper sampling technique keeps the particles from dispersion due
to stochastic behavior of the system or degeneracy which is the collapsing of all
particles to a single point. For detailed information on particle filter and the sampling
techniques, see Moradkhani et al., (2005b).

In general filtering is used to recursively estimate the posterior distribution of
the model state; however, the successful use of sequential data assimilation relies
on unbiased model state prediction, which is largely dependent on accurate param-
eter estimation (Moradkhani et al., 2005a,b). Moradkhani et al., (2005b) extended
the application of the Bayesian recursive technique within the Monte Carlo frame-
work for adaptive inference of the joint posterior distribution of the parameters and
state variables within the sequential ensemble filtering. The use of this methodol-
ogy relaxes the need for restrictive assumptions regarding the variables’ probability
density function; i.e., it can handle the propagation of non-Gaussian distribution
through a nonlinear model properly. It provides a platform for improved estimation
of hydrologic model components and uncertainty assessment by complete represen-
tation of forecast and analysis probability distributions. In Fig. 6 the schematic of
joint Bayesian recursive estimation as the extension of Bayesian state estimation
approach is displayed.

Figure 7 shows an example of how such a system can produce a probabilis-
tic state-parameter estimate for ensemble streamflow forecasting. In Fig. 5, the
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Fig. 6 Schematic of combined Bayesian filtering for state-parameter estimation

evolutions of the uncertainties associated with one model parameter, one state
variable, and the streamflow output are displayed. Shaded areas in subplot (a) cor-
respond to 95, 90, 68 and 10 percentile confidence intervals. Also gray areas in
subplots (b) and (c) are associated with 95 percentile confidence interval with the
mean of ensembles shown by solid line, while the cross marks in (c) represent the
actual observation.
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Fig. 7 Uncertainty bound evolution of hydrologic model components resulting in the ensemble
(probabilistic) streamflow prediction
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7 Summary

In this chapter, the brief description of rainfall-runoff models was placed into per-
spective with some history and background on various modeling approaches with
the premise that the rainfall-runoff models are lumped or distributed conceptual-
ization of the real-world system. The main elements of conceptual models were
discussed and the mathematical configuration of a hydrologic system was illustrated
followed by the simple input-state-output characterization of a system. This struc-
ture was put into a mathematical context. The concept of model calibration (param-
eter estimation) as an inverse problem was reviewed and the historical enhancement
of calibration procedures were elaborated. While discussing the values of optimiza-
tion techniques as objective approaches to do the automatic calibration, the concept
of ensemble inference as an alternative to optimization of model performance was
illustrated. Especially when the objective function in an optimization problem is
highly irregular and nonlinear, multimodal and nonsmooth with discontinuities, the
global optimization procedures and matrix inversion may fail to converge to the
optimum solution due to numerical instabilities caused by ill-conditioned matrices.
To cope with these problems, Monte Carlo (MC) methods as ensemble inference
may be employed. The sources of uncertainties in hydrologic prediction were briefly
discussed and it was shown how the Bayesian inference and the sequential data
assimilation can be used for simultaneous calibration and uncertainty estimation.
The ensemble filtering, mainly ensemble Kalman filter and particle filter, within the
Bayesian paradigm were explained and a simple application was demonstrated.
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Satellite-Based Precipitation Measurement
Using PERSIANN System

Kuo-Lin Hsu and Soroosh Sorooshian

Abstract PERSIANN (Precipitation Estimation from Remotely Sensed Information
using Artificial Neural Networks) is a satellite-based rainfall estimation algorithm.
It uses local cloud textures from longwave infrared images of the geostationary en-
vironmental satellites to estimate surface rainfall rates based on an artificial neural
network algorithm. Model parameters are frequently updated from rainfall estimates
provided by low-orbital passive microwave rainfall estimates. The PERSIANN al-
gorithm has been evolving since 2000, and has generated near real-time rainfall
estimates continuously for global water and energy studies. This paper presents the
development of the PERSIANN algorithm in the past 10 years. In addition, the val-
idation and merging PERSIANN rainfall with ground-based rainfall measurements
for hydrologic applications are also discussed.

Keywords PERSIANN · Artificial neural network · Precipitation · Precipitation
data merging

1 Introduction

Realistic precipitation estimation is crucial to the global climate and land surface
hydrologic studies. However, while rain gauges and radar can provide relatively
continuous measurements with high temporal frequency, the gauges are sparsely lo-
cated and provide only point-scale measurements and the radar coverage is limited
by topography. The limitation of in-situ precipitation observation over the remote
regions makes global climatic and hydrological studies rely mainly on satellite ob-
servations and the numerical weather prediction modeling analysis.

Since the 1970s, the satellite information has been used to analyze precipitation.
Since then, a large number of rain retrieval algorithms have been developed. As
visible (VIS) and infrared (IR) images provide excellent temporal resolutions of
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cloud albedo and top temperatures less than an hour from geosynchronous orbit
(GEO) satellites; they are frequently used to monitor cloud motion. These image
channels, however, do not provide direct information to infer the actual rainfall at
the ground surface. The indirect relationship gives rise to the retrieval of surface
rainfall with high uncertainty.

Passive Microwave (PMW) sensors carried by satellites in low earth orbits (LEO)
sense rainfall clouds more directly. The rain retrieval algorithms based on PMW
sensors provide better instantaneous rainfall estimate, however the hind side is that,
each LEO satellite only provides limited (1–2) samples in a day for a specified study
area.

In 1997, the launch of the Tropical Rainfall Measurement Mission (TRMM)
provided the first satellite to measure precipitation with an orbital radar sensor to
calibrate the other passive microwave sensors (Kummerow et al., 1998; Kummerow
et al., 2000; Simpson et al., 1988). Because of its superior sensor and non-sun syn-
chronous orbit, TRMM data are regularly used to calibrate and integrate information
from other satellite-based rainfall measurements (NRC report, 2004). The follow on
mission of TRMM, the Global Precipitation Measurement (GPM), is in the planning
stage. With enhanced dual frequency radar sensors and deployment of a constel-
lation of pre-existing and new experimental satellites with microwave sensors on
board, the deployment of Global Precipitation Mission (GPM) satellites will cover
more than 90% of the globe sampled within a return interval of less than 3-hours
(Hou, 2006).

To overcome the less frequent sampling problem, by effective integration of
information from several satellites, a better spatial/temporal coverage of diurnal
rainfall pattern as well as continuous monitoring of heavy storm events may be
obtained. To utilize both the strengths and compensate the weaknesses of those
PMW and IR sensors, algorithms were developed to jointly use GEO and LEO satel-
lite information. The results demonstrated the great potential of improving surface
rainfall retrieval (Adler et al., 1993; Ba and Gruber, 2001; Bellerby et al., 2000;
Hsu et al., 1997, 1999; Huffman et al., 1997, 2001; Lavizzani et al., 2007; Marzano
et al., 2004; Miller et al., 2001; Sorooshian et al., 2000; Tapiador et al., 2004a;
Turk et al., 2000; Vicente et al., 1998; Xie and Arkin, 1997; Xu et al., 1999). Val-
idation of satellite-based precipitation products has been established in the past 15
years (Arkin and Xie, 1994; Xie and Arkin, 1995; Ebert and Manton, 1998; Adler
et al., 2001; Xie et al., 2003). The results have shown that the combined multiple
satellite sensors offer superior results (Ebert et al., 2006; Turk et al., 2006).

Following this progress, many satellite-based high resolution precipitation prod-
ucts have been in routine operation for generating near real-time global coverage
of precipitation (Huffman et al., 2002; Turk et al., 2000; Joyce et al., 2004; Vicente
et al., 1998; Tapiador et al., 2004a; Sorooshian et al., 2000; Hong et al., 2004).
A recent validation activity, the Pilot Evaluation of High Resolution Precipitation
Products (PEHRPP) program, sponsored by the International Precipitation Working
Group (IPWG), plans to evaluate the high-resolution precipitation products (Arkin
et al., 2005). The evaluation regions of HRPP include Australia, United States, and
Europe and will be extended to other regions, such as Japan, Korea, Taiwan, etc. The
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evaluation focuses on the large-scale validation of daily rainfall estimates at higher
spatial and temporal resolutions.

In addition to satellites, precipitation observations are also available from many
other sources, such as radar and gauges. These sources differ significantly in their
sampling scale and resolution, as well as the information content to interpret the
surface rainfall. Because each measurement technically has its own strengths and
weakness, suitable integration of those sensors may provide better measurement
than one single sensor alone. The challenge has been the development of system-
atic measurements of global precipitation using multiple satellites, and the effective
merging of precipitation data from many other sources, including gauge, radar, and
satellite observations.

This paper describes the precipitation estimation using data fusion methods to
integrate precipitation observations from several data sources. The contents cover
several activities, including: (1) the development and operation of the Precipita-
tion Estimation from Remotely Sensed Information using Artificial Neural net-
works (PERSIANN), a multiple satellite-based precipitation estimation algorithm;
this algorithm integrates the local texture of the GEO IR image and LEO PMW
rainfall rates to generate near global precipitation estimates; (2) the extension of IR
pixel-based in the original PERSIANN algorithm to cloud patch-based classification
methods leads to the development of the PERSIANN Cloud-patch Classification
System (PERSIANN-CCS). This algorithm includes more effective IR cloud-patch
texture information to the rainfall retrieval; (3) approaches to reduce the PERSIANN
product bias and quantify the random error of merged product using satellite and
ground based observations; and (4) evaluation and application of satellite-based
PERSIANN rainfall estimates. A summary is given in the final section.

2 Precipitation Estimation from Remotely Sensed Information
Using Artificial Neural Networks (PERSIANN)

Artificial Neural Network (ANN) models, being well known for their flexibil-
ity and capability of modeling complex nonlinear processes, are widely applied
in the forecasting and control of nonlinear systems. The applications of ANNs
have been extended to the modeling of hydrologic and environmental systems in
the 1990s (ASCE Task Committee, 2000; Govindaraju and Rao, 2000; Maier and
Dandy, 2000; Krasnopolsky and Schiller, 2003; Krasnopolsky and Chevallier, 2003).
As for rainfall estimation from satellite imagery, many algorithms based on ANNs
have been developed and are continuously being improved (Bellerby et al., 2000;
Coppola et al., 2006; Grimes et al., 2003; Hong et al., 2004; Hsu et al., 1997;
Tapiador et al., 2004a,b).

The development of the Precipitation Estimation from Remotely Sensed Infor-
mation using Artificial Neural Networks (PERSIANN) is based on the more reliable
but less frequently sampled instantaneous precipitation rate from microwave sensors
to adjust the mapping function of the infrared image of GEO satellites and rainfall
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rate. The input features of PERSIANN are extracted from the local image texture of
the longwave IR imagery (10.2–11.2 � m) of GEO satellites. The mapping function
of ANN using longwave (10.2–11.2 �m) IR image to the rainfall map is imple-
mented by (1) extracting the local image texture, in terms of calculating the mean
and variance of IR brightness temperature near the calculation pixel, (2) classifying
the extracted feature, and (3) multivariate mapping of classified texture to the surface
rainfall rate. An adaptive training feature facilitates updating of the network param-
eters whenever independent estimates of rainfall are available (Hsu et al., 1997;
Sorooshian et al., 2000). The parameters of PERSIANN are constantly updated
when PMW-based rainfalls are available (Ferraro and Marks, 1995; Hsu et al., 1997;
Janowiak et al., 2001). The system first used GEO IR imagery. It was later extended
to use both GEO IR and VIS imagery and found that the rainfall estimates were im-
proved (Hsu et al., 1999). The PERSIANN algorithm estimates rainfall rate at each
0.25◦ × 0.25◦ pixel of every 30 minutes. The estimated rainfall is then integrated to
various spatial and temporal scales, such as six-hour, daily, monthly, etc.

In the operation of PERSIANN, two PERSIANN algorithms are running in
parallel: one is run in the simulation mode and the other in the update mode. The
simulation mode generates the surface rain rate at the 0.25◦ × 0.25◦ resolution at
every 30 minutes from the GEO satellites infrared images, while the update mode
continuously adjusts the mapping function parameters of PERSIANN based on
the fitting error of any pixel for which a PMW instantaneous rainfall estimate is
available. The simulation mode generates the regular rainfall rate output, and the
update mode improves the quality of the product. The accuracy of the final product,
however, depends on many factors, such as the effectiveness of the input feature
detection and classification scheme, the accuracy of the individual input-output
mapping functions, and the accuracy and frequency of the PMW rainfall estimates
used for updating (Sorooshian et al., 2000). Description of the current operation
of PERSIANN is listed in Fig. 1. IR imagery is provided by GEO satellites, such
as GOES-8, GOES-10, GMS-5, and MeteoSat-6&7 (Janowiak et al., 2001), while
PMW rainfall is calculated from the information provided by TRMM, NOAA-
15, -16, -17, DMSP F-13, F-14, and F-15 satellites (Ferraro and Marks, 1995;
Kummerow et al., 1998) is used to train the mapping parameters of PERSIANN.

Fig. 1 Rainfall estimation from PERSIANN system using GEO and LEO satellite information
(See also Plate 1 in the Colour Plate Section)
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Fig. 2 The adaptive capability of PERSIANN model using limited ground radar rainfall observa-
tion over Florida peninsula (See also Plate 2 in the Colour Plate Section)

The simulation of PERSIANN adaptive learning capability using limited rainfall
observation from ground radar over Florida peninsula is discussed in Fig. 2. As
shown in Fig. 2a, the monthly reference rainfall estimate is provided by the ground-
based radar; Fig. 2b shows the monthly PERSIANN estimate of non-adaptive pa-
rameter model estimation. As for Fig. 2c, we assumed that hourly ground-based
rainfall data are available at only 10 (randomly selected) pixels (0.25◦ × 0.25◦) to
simulate the availability of rain gauge data; the scatterplot of radar observation and
10-pixel adjusted PERSIANN estimate is listed in Fig. 2g. In Fig. 2d, we assumed
that hourly ground-based rainfall data are available at 12-hour interval to simulate
the instantaneous twice-daily rainfall rate estimates of LEO satellites; the scatterplot
of radar observation and 12-hour adjusted PERSIANN estimate is listed in Fig. 2h.
Finally, the PERSIANN estimate based on all available (every-hour) ground-based
radar rainfall samples for adaptive parameter estimation is listed in Fig. 2e; the
scatterplot of radar observation and full radar rainfall adjusted PERSIANN esti-
mate is listed in Fig. 2i. Comparison of the three training strategies reveals that the
performance improved from the additional information of the training PERSIANN
model. In addition, it shows that, compared with the adjusted estimates using partial
available data (Fig. 2c,d), the improvement from using all available data (Fig. 2e) is
only marginal. Therefore, there is no need to include a large amount of training data.

Demonstration of PERSIANN’s capability of using limited TRMM TMI data to
display the diurnal pattern of the monsoon season rainfall (June, July, and August
2002) is listed in Fig. 3. The solid-black line calculated is from the NexRAD radar
rainfall, while the gray and the dash lines are diurnal rainfall pattern estimated from
the adjustment of model parameters with and without using TRMM (2A-12) rainfall
data. It shows that the TRMM 2A-12 rainfall adjusted PERSIANN rainfall (gray
line) is effective in correcting the underestimated diurnal rainfall pattern (dash-line)
toward the referenced radar rainfall pattern (solid-black line).
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Fig. 3 Diurnal distribution of monsoon rainfall (Summer, 2002) calculated from ground radar
observation and PERSIANN estimates with and without TRMM 2A12 rainfall adjustment
(See also Plate 3 in the Colour Plate Section)

3 PERSIANN Cloud Classification System (CCS)

The follow on development of the PERSIANN system is to extend the classification
features of the GEO IR image from local texture-based to the cloud patch-based fea-
tures and to improve the resolution of the retrieved product from lower-resolution
of 0.25◦ × 0.25◦ lat-lon scale to finer resolution of 0.04◦ × 0.04◦. The designed
patch-based algorithm is named as PERSIANN Cloud-patch Classification Sys-
tem (PERSIANN-CCS). The PERSIANN-CCS patch-based cloud classification and
rainfall estimation system is described in Fig. 4. The PERSIANN-CCS consists of
four major steps: (1) IR cloud image segmentation, (2) feature extraction from IR
cloud patches, (3) patch feature classification, and (4) rainfall estimation. These
image processing and computation steps are briefly discussed below. Description of
the PERSIANN-CCS can be found from Hong et al. (2004) and Hsu et al., 2007.
Those four steps are brief listed below:

(1) Cloud image segmentation: Cloud segmentation is operated through a process
that may eventually divide the image into separable patches. This is operated
through a watershed-based segmentation approach (Vincent and Soille, 1991).
The algorithm starts with finding the local minima temperature of the IR cloud
map, followed by raising the IR temperature gradually and connecting the
neighborhood pixels attracted to a same local minimum pixel until all the local
minimum basins are separated into distinct patches.

(2) Feature extraction: The selected patch features are separated into three
categories-coldness, geometry, and texture. From these categories we extract
representative features such as the cloud height (coldest temperature), cloud
size and shape, surface textures, and surface gradients in our study. In addition,
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Fig. 4 The data information extraction, classification, and rainfall estimation of PERSIANN-CCS
algorithm (See also Plate 4 in the Colour Plate Section)

all the relevant features are extracted from three temperature threshold levels
(220K, 235K, and 253K).

(3) Feature classification: Clustering is proceeded based on the similarities of
patches measured in their feature spaces. An unsupervised clustering method,
Self-Organizing Feature Map (SOFM), is used to classify patch features into
a number of cloud patch categories (Kohonen, 1995; Hsu et al., 1999). After
training, cloud patches with similar input features are assigned to a same cat-
egory. An array of 20×20 (i.e. 400) groups was assigned to the classification
category. Cloud patches with similar features are grouped together in the same
category or assigned to the neighborhood categories.

(4) Specify patch rainfall distribution: The final stage is to specify rainfall distri-
bution to the classified cloud patch categories. At this stage, a large amount of
GEO satellite IR image and surface rainfall data is needed. We used one year of
radar (over the continental US) and PMW rainfall estimates of LEO satellites
(Ferraro and Marks, 1995; Kummerow et al., 1998) to build the rainfall distri-
butions of the classified patch group. The Probability Matching Method (PMM)
(Atlas et al., 1990; Rosenfeld et al., 1994) was used to match the relationship
between the GEO IR temperature and the hourly rainfall rate in each classified
IR patch group, with the assumption that the higher rainfall rate is associated
with the lower IR temperature. Finally the Tb − R relationship is fitted by an
exponential function of five parameters, where parameters were found from the
SCEUA optimization algorithm (Duan et al., 1992).
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Fig. 5 (a) scatterplot of Tb-R relationship, (b) fitting Tb-R from one-single function, and (c) fitting
Tb-R using multiple fitting functions (PERSIANN-CCS)

Figure 5 shows the fitting of the IR brightness temperature (Tb) to the rainfall
rate from one-single function and multiple function (PERSIANN-CCS) approaches.
The scatterplot of the GEO IR image and radar rainfall (Fig. 5a) shows that the Tb-R
relationship is quite wide spread, which cannot be well fitted by a single polynomial
curve (see Fig. 5b). Instead of fitting through one single fitting function, approaches
were developed to use limited PMW rainfall to correct the Tb-R relationship. Al-
though the results show improvement over those unadjusted estimates, the effective-
ness of the algorithms, however, largely relied on the blending procedures to modify
the mapping function spatially and temporally.

PERSIANN-CCS, on the other hand, creates a large amount of fitting curve to
generate rainfall rates from IR image (see Fig. 5c). With distinguishable features
based on IR cloud coldness, size, and textures, each classified cloud patch is as-
signed a specific Tb-R curve. In the case study, 400 classifications were assigned
and therefore multiple Tb-R curves were used to the fitting of the scatter points
in Fig. 5a. Compared to other fittings using one-single function, PERSIANN-CCS
gives great potential to provide improved estimates.

4 Merging Precipitation Observations from Multiple Sources

Precipitation measurements are available from many sources, including satellites,
radar, and gauges. These measurements differ significantly from each other, in terms
of scale, resolution, and information contents of their samples. GEO IR and VIS
sensors sample cloud top temperature and albedo every 30-minutes, providing in-
formation that is indirectly related to surface rainfall rates. PMW sensors carried
by LEO satellites sense the water content of rain clouds more directly, but sam-
ple the same location only a few (1–2) times per day. In contrast, rain gauges
and radar provide much more direct measurements of surface rainfall. However,
while rain gauges and radar can provide relatively continuous measurements with
high temporal frequency, gauges are sparsely located and provide only point-scale
measurements and radar coverage is limited by topography. Because each mea-
surement technology has its own strengths and weaknesses, it is important to de-
velop integrated (merging) approaches that will make the best use of all available
information.
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Techniques for data smoothing and/or assimilation to combine two or more
measurements types, such as objective analysis, Kriging and multi-resolution in-
terpolation, have been suggested (Adler et al., 2000; Huffman et al., 1997; Kumar,
1999; Gorenburg et al., 2001; Gourley et al., 2002; Grimes et al., 1999; Seo and
Breidenbach, 2002; Smith and Krajewski, 1991; Xie and Arkin, 1997). Those dif-
ferent techniques vary in their data sources, product scale and coverage, methods for
merging (e.g., mean vs. local bias, statistical based method of local bias removal,
and recursive scale estimation), and their use of information about uncertainty.

Merging of PERSIANN and other sources of information is also under devel-
opment. The merging procedure includes either grid-based or watershed based data
merging. Our goal, however, is to improve the quality as well as to identify the
uncertainty of estimates suitable for hydrologic applications.

4.1 Grid-Based of Data Merging

The uncertainty in satellite precipitation estimates can be highly variable due to
many factors such as retrieval technique, weather/climate regime, rainfall type (con-
vective/stratiform), and so on. Usually, bias in satellite precipitation products, such
as PERSIANN estimates, can be removed when a given a reference dataset of pre-
cipitation is available. After bias is adjusted, the error variance (or random error) of
bias corrected estimates can be identified.

4.1.1 Bias Adjustment

For the adjustment of PERSIANN rainfall bias, the Global Precipitation Climatic
Centre (GPCC, Rudolf et al., 1994) monthly gauge rainfall product at 1◦ × 1◦,
monthly resolution is used as a reference data. PERSIANN rainfall product is avail-
able at hourly, 0.25◦ × 0.25◦ scale. Our assumption is that, with high gauge count,
the monthly scale gauge GPCC observed rainfall is more reliable. Therefore, to
remove the bias of PERSIANN rainfall, the satellite-based rainfall is accumulated
to monthly, 1◦×1◦, monthly scale. The bias of satellite-based rainfall at the monthly
scale is calculated and then downscaled at the monthly 1◦×1◦ bias spatially and tem-
porally to the basic product level of 0.25◦×0.25◦ hourly scale. The adjusted satellite
rainfall at the monthly scale on the pixel x is calculated below (Kalnay, 2003):

Rsa
x = Rsb

x +
∑
i∈�c

wi
[
Rgi − Rsb

i

]

where Rsb
x is the before adjusted satellite-based rainfall at calculation pixel x ; Rsa

x
is the after adjusted satellite-based rainfall at calculation pixel x ; Rgi is the CPCC
monthly rainfall at pixel i ; and �x defined a neighborhood region centered at the
pixel x ; and wi is a normalized weighting factor being a function of gauge number
counts of pixel i , as well as the distance from pixel i to the estimation pixel x , i.e.:
wi = f (ni , di→x ). The adjusting factor is set to a function of distances and gauge
counts:
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wi = w′
i

/∑
j∈�x

w′
j

where w′
i = wdi × wni ,

wdi = (D2 − d2
i

)
/
(
D2 + d2

i

)
, and

wni = (2 / (1 + exp(−α ni )) − 1 and wni = 0.1 if wni ≤ 0.1

The wni is the distance weighting factor from the pixel i to the pixel x and wdi is the
gauge density weighting factor at pixel i , respectively; D is the maximum effective
distance from center pixel x ; di is the distance between center calculation pixel x to
a pixel i ; α is a factor related to the gauge counts in the pixel i ; a smaller α has a
higher slope with respect to the gauge count.

This adjustment is run through several iterations until a stable adjusted rainfall is
obtained. Assuming that the errors of 1◦ × 1◦ resolution pixels are positive propor-
tional to the satellite-based rainfall at fine spatial and temporal scale, the calculated
monthly adjustment error at x of 1◦×1◦ grid is then downscaled to the fine resolution
grids of hourly and 0.25◦ × 0.25◦.

Figure 6 shows an example of using 1◦ × 1◦ GPCC monthly rainfall for the
spatial and temporal adjustment of PERSIANN rainfall bias and then the monthly
bias is downscaled to the PERSIANN rainfall at 0.25◦×0.25◦ six-hour accumulated
resolution. Compared with the NCEP Stage IV radar rainfall, the consistent bias
and the RMSEs error in PERSIANN estimates are reduced substantially during July
2001. In our follow on activity, the same bias adjustment procedure is applied to
remove the bias correction of PERSIANN-CCS rainfall at 0.04×0.04 hourly scale
using daily and 0.25◦ × 0.25◦ CPC precipitation analysis.

4.1.2 Variance Quantification

When the product bias is corrected, we could further calculate the random error
of the product based on a reliable reference source, such as gauge or radar mea-
surements. In the calculation of the error variance of PERSIANN estimates, we use
NCEP radar stage IV radar rainfall as the reference data source. This error variance
here is a relative error statistics related to a selected reference, such as the NCEP
stage IV radar rainfall in our case. The reliable error variance of PERSIANN esti-
mates can be estimated further using an error variance separation approach when the
error variance of NECP radar rainfall is identified (Anagnostou et al., 1999; Ciach
and Krajewski, 1999; Gebremichael et al., 2003). It is also assumed that the error
variance VE of the PERSIANN product is a function of the product at its temporal
resolution T , spatial resolution L , as well as the rainfall rate r (Hong et al., 2006;
Steiner et al., 2003). The scaling property of PERSIANN rainfall random error, �E ,
is represented as:
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Fig. 6 Evaluation of original (blue-line) and GPCC month gauge data corrected (red-line) PER-
SIANN six-hour rainfall using NCEP stage IV radar estimates in U.S. Although the correlation
coefficients (upper panel) are similar for both original and bias correction PERSIANN rainfalls;
the biases and RMSEs are significant improved in July 2001 for the bias corrected PERSIANN
rainfall (See also Plate 5 in the Colour Plate Section)

�E = a ·
(

1

L

)b

·
(

1

T

)c

(r )d

where a, b, c, and d are the parameters to be determined by calibration and the
units for L , T , and r are degrees of lat.-lon., hour, and mm hr–1, respectively. In
our experiment, parameters of the error model were calculated from the summer
period of 2003 and 2004 using both PERSIANN and NCEP stage IV radar rainfall.
Application of the PERSIANN product error in the evaluation of hydrologic model
responses will be discussed later.

4.2 Basin Scale Merging of Gauge and Satellite Rainfall

Another merging approach is to consider that the rainfall measurement from gauge
and satellites are subject to bias and random error. The basin scale merged rainfall
is parameterized based on the gauge and satellite observed rainfall data, and extend-
able to other sources, such as the radar rainfall below:



38 K.-L. Hsu, S. Sorooshian

rm(t) = ws(1 − bs)rs(t) + wg(1 − bg)rg(t)

where, rm(t) is the merged averaged rain rate, rs(t) is the satellite-based (PER-
SIANN) rain rate, and rg(t) is the observed gauged rain rate; ws and wg are the
merging weights for the satellite rain rate rs(t) and the simultaneous gauge rain rate
rg(t), respectively; bs and bg are the bias parameters of rs and rg . It is understandable
that in the merging equation, the bs and bg is the bias of rs and rg (assuming that the
rainfall bias is positive proportional to rain rate), and ws and wg are the weighting
factor of bias-removed rs and rg .

In the catchment scale hydrologic simulation, by applying the merged rainfall
data rm(t) to the hydrological forecast system, the consequent streamflow q(t) is
generated. An optimal set of those parameters

⇀

θ = [ws, wg, bs, bg] is obtained by
maximizing the likelihood function of modeled streamflow, q(t), and its observa-
tions, qo(t). The distribution of

⇀

θ can be estimated from the Monte Carlo Simulation
techniques (Doucet et al., 2000; Gelman et al., 1995; Robert and Casella, 2004).
Let’s say the precipitation merging parameters are defined as

⇀

θ . Given the stream-
flow observation time series: D = {rs(t), rg(t),qo(t)}, t=1...T, the most plausible
parameters

⇀

θ can be calculated from the Bayes’ rule below:

P(
⇀

θ |D) = P(D|⇀θ)P(
⇀

θ )/P(D)

where P(D) = ∑
P(D|⇀θ )P(

⇀

θ ) is the total probability, while P(
⇀

θ ) is the a priori
probability of the parameters,

⇀

θ . The factor P(D|⇀θ ) is the likelihood function of
the parameters provided by the data D, and P(

⇀

θ |D) is the posterior distribution of
parameters given by a set of data D. The posterior distribution presents the relevant
information in the data and provides a summary of post-data uncertainty.

From the Monte Carlo simulation through a calibrated hydrologic model, the dis-
tribution of parameters (

⇀

θ and the merged precipitation can be calculated. Through
the simulation of a hydrologic model, the uncertainty of merged rainfall, hydrologic
state variables, as well as the streamflow forecasts can be estimated.

A case study of combining gauge and satellite-based rainfall using basin-scale
merging method was tested. The size of the test watershed (Leaf-River Basin) was
around 1949 km2. The National Weather Service Soil Moisture Accounting SACra-
mental model (SAC-SMA) was used to generate streamflow from the merged rain-
fall; the SAC-SMA model parameters were set to the default parameters, which
were calibrated from long years of historical data.

The upper panels of Fig. 7 show the rainfall time series from the basin aver-
aged gauge rainfall, PERSIANN rainfall, and merged gauge-PERSIANN rainfall,
respectively. The lower panel shows the streamflow responses with input rainfall
time series from the gauge, PERSIANN, and merged rainfall. The plot with the
square symbol is the observed streamflow. The performance indexes of the hydro-
logic streamflow forecasting given the precipitation forcing from the gauge, PER-
SIANN, merged rainfall were calculated. These statistics include root mean square
error (RMSE), correlation coefficient (CC), and bias (BIAS) listed below:
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Fig. 7 The top three panels show the gauge, PERSIANN, and merged rainfall, respectively; The
bottom panel shows the streamflow responses from gauge rainfall (blue-line), PERSIANN rainfall
(green-line), and merged rainfall (black-line). Observed Streamflow is shown in red dots (See also
Plate 6 in the Colour Plate Section)

RMSE{Gauge, PERSIANN, Merged rainfall} = {51.82, 80.78, 34.91} cmsd;
CORR{Gauge, PERSIANN, Merged rainfall} = {0.876, 0.706, 0.901}
BIAS{Gauge, PERSIANN, Merged rainfall} = {15.34, –17.68, –3.52} cmsd.

From the performance statistics, in terms of RMSE, CORR, and BIAS, input forc-
ing that uses the merged rainfall source outperforms those using either gauge or
satellite-based rainfall.

The 95% conference bound of merged rainfall is listed in Fig. 8. With the un-
certainty of precipitation forcing provided, the uncertainty of streamflow forecasts
from the forcing uncertainty can be further derived.

5 Evaluation and Hydrologic Application of PERSIANN Rainfall

The operational PERSIANN precipitation data has continued to provide the IPWG
precipitation product evaluation on a regular basis. Figure 9 shows the visual display
of PERSIANN precipitation estimates, and the relevant information is available
at: http://hydis8.eng.uci.edu/hydis-unesco/. The product is generated at every 30
minutes at the resolution of 0.25◦ × 0.25◦ scales. In addition, the high resolution
PERSIANN-CCS estimates are available from: http://hydis8.eng.uci.edu/CCS/.

Due to the lack of independent observations at sub-daily scale over global cov-
erage, only limited validation sources were used for the evaluation of PERSIANN
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Fig. 8 Merged rainfall time series and 95% confidence interval (red-bar) of merged rainfall
(See also Plate 7 in the Colour Plate Section)

data. PERSIANN validation activities can be found from Hong et al. (2004, 2005);
Hsu et al. (1997, 1999); Sorooshian et al. (2000, 2002); Yilmaz et al. (2005).

As displayed in Fig. 10, the monthly PERSIANN rainfall data were evaluated
for locations consisting of more than five gauges in the area coverage of 5◦ × 5◦

around the low- to mid-latitude of continents around the Pacific Ocean (Sorooshian
et al., 2000, for detail). Those selected grid boxes are listed in Fig. 10a. The
scatterplots (Fig. 10b–d) show that the fitting is quite good (correlation coeffi-
cient 	 > 0.77) and improves for cells having larger numbers of gauges. For
grid boxes with more than 10 gauges, the correlation increases to 0.9, while the
root mean square error reduces to 59 mm/month, and the bias shows a tendency to
overestimate.

Fig. 9 The visual display of PERSIANN precipitation estimates and relevant information is avail-
able through: http://hydis8.eng.uci.edu/hydis-unesco/ (See also Plate 8 in the Colour Plate Section)
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Fig. 10 Monthly rainfall from PERSIANN and GPCC gauge data for gauge count greater than (a)
5 gauges, (b) 8 gauges, and (c) 10 gauges in 5◦ × 5◦ grid boxes

For a finer scale of evaluation, around two months (January 7–February 28,
1999) of TRMM field campaign precipitation data observed from TOGA radar near
Rondonia Brazil were used. Evaluation was done at daily rainfall at 1◦ × 1◦ and
the diurnal rainfall pattern in the radar coverage. The result shows in Fig. 11, for
the daily rainfall at 1◦ × 1◦ grid boxes, the correlation coefficients of PERSIANN
and radar rainfall is around 0.68–0.77. For averaged diurnal cycle of rainfall in
the testing 2-month period, the peak-hour of diurnal PERSIANN rainfall tends to
have approximately 1-hour lag from the radar-based rainfall. The maximum diurnal
rainfall of PERSIANN’s is similar to the radar estimates, but it tends to be extended
for a longer duration from the potential contamination by the cold anvil cirrus clouds
(Sorooshian et al., 2000).

Although many several satellite-based rainfall evaluation activities had been con-
ducted in the past years, most of the evaluations focused at climate scales of lower

Fig. 11 Evaluation of PERSIANN rainfall based on TRMM field campaign precipitation data ob-
served from TOGA radar near Rondonia, Brazil (January 7–February 28, 1999)
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spatial and temporal resolution (Adler et al., 2001; Arkin and Xie, 1994; Ebert
et al., 1996). Although some recent developed algorithms using merged IR/VIS and
PMW information are considered to be capable of providing finer spatial and tempo-
ral resolution precipitation estimates (e.g. Huffman et al., 2002; Joyce et al., 2004;
Kuligowski, 2002; Sorooshian et al., 2000; Tapiador, 2004; Turk et al., 2000;
Vicente et al., 1998), they have not been systematically evaluated. Recently, the
International Precipitation Working Group (IPWG) initiated a satellite-based pre-
cipitation evaluation program to cover three regions, including:

(1) United States: (see: http://www.cpc.ncep.noaa.gov/products/janowiak/us web.
shtml),

(2) Australia: (see: http://www.bom.gov.au/bmrc/SatRainVal/sat val aus.html), and
(3) Europe (see: http://kermit.bham.ac.uk/∼kidd/ipwg eu/ipwg eu.html).

A number of satellite-based precipitation products were evaluated at daily, 0.25◦×
0.25◦ lat-lon scale. The evaluation activities of IPWG are ongoing and further
extended to the program of the Pilot Evaluation of High Resolution Precipitation
Products (PEHRPP). This program includes a few additional regions for validation
from several scales (monthly, daily, and sub-daily) as well as to include evalua-
tion using high quality field observations (Arkin et al., 2005; Turk et al., 2006).
The global PERSIANN precipitation estimates are routinely evaluated. The results
of the evaluation program provide important information of the model capability
to crossover various seasons and climate regions. Figure 12 shows the evaluation
of PERSIANN rainfall over Australia, hosted by Bureau of Meteorology Research
Centre, Australia (http://www.bom.gov.au/bmrc/SatRainVal/sat val aus.html).

Fig. 12 PERSIANN evaluation over Australia region (See also Plate 9 in the Colour Plate Section)
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Fig. 13 Uncertainty of hydrologic response with respect to the PERSIANN rainfall uncertainty
(See also Plate 10 in the Colour Plate Section)

PERSIANN products have been used in a number of hydrologic applications.
These studies have included: comparison of mean areal precipitation with rain gauge
and NEXRAD radar estimates; evaluation of MM5 numerical weather forecast
model estimates over the Southwest U.S., Mexico, and adjacent oceanic regions
(Li et al., 2003a,b); assimilation into a Regional Atmospheric Modeling System
(RAMS) model for the Southwest United States to investigate land-surface hy-
drologic process including soil moisture (Yi, 2002); evaluation the sensitivity of
convective parameterization of MM5 model in the simulation of the climate in the
North American Monsoon region (Gochis et al., 2002); documentation of the di-
urnal rainfall pattern of tropical and mid-latitude regions (Sorooshian et al., 2002;
Hong et al., 2005); intercomparison of gauge, radar, and satellite-based estimates
in hydrologic forecasting (Yilmaz et al., 2005); and the uncertainty analysis of hy-
drologic responses due to the forcing precipitation uncertainty (Hong et al., 2006;
Moradkhani et al., 2006).

Figure 13 shows the hydrologic response with consideration of the input forc-
ing uncertainty (PERSIANN rainfall). The scale dependent error variance of PER-
SIANN rainfall is calculated based on the catchment size and time scale (daily)
of the simulation. The 95% confidence of the steamflow response from the Monte
Carlo simulation of PERSIANN precipitation and its error variance property through
a conceptual rainfall-runoff model is obtained (Hong et al., 2006). Further
consideration of the uncertainty of the input forcing and initial condition of states
of hydrologic model was also explored and discussed in Moradkhani et al. (2006).

6 Summary

In this paper, the development of the PERSIANN system and its continuing evo-
lution during the past years was presented. The advantages of the proposed PER-
SIANN system include: (1) its flexibility to include various types of testing features,
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(2) automatic classification process, and (3) effective mapping capability. PER-
SIANN system is considered as a data merging/fusion algorithm for precipitation
retrieval from multiple satellites. The adaptive training feature of PERSIANN also
makes it easy to make better use of both the effective sampling capability at every
30 minutes interval from GEO satellites and the better quality PMW sensors but less
frequent samples of LEO satellites.

Input features of PERSIANN consist of the statistics of local texture (mean and
standard deviation of the brightness temperature of neighborhood pixels) of thermal
IR channel of GEO satellites. They were also tested to include the VIS channel and
it was shown to be rather effective in the day-time rainfall retrieval. However, for the
simplicity of the regular operation, only thermal IR image were used, which enables
the algorithm to be directly applied to the full-day and all-weather conditions. The
development of PERSIANN extended the input features and classification system
from local texture-based to the regional cloud patch-based. This led to the develop-
ment of the PERSIANN-CCS algorithm. The PERSIANN-CCS algorithm separates
the disjointed thermal IR cloud image into disjointed cloud patches and then extracts
the patch features and classifies them into several patch categories. Each classified
category is assigned a specific rainfall distribution. The PERSIANN-CCS generates
estimates at hourly and 0.04◦ ×0.04◦ lat-lon scale. Routine operation of PERIANN-
CCS is underdevelopment.

Precipitation is a major forcing variable to the land surface hydrologic pro-
cess. The uncertainty of precipitation estimates has important consequences to the
streamflow response of a catchment. With the interest of data quality in mind, our
continuing effort has been in quantifying the uncertainty of satellite-based rainfall
through available ground observations. This has been conducted through the bias
correction of PERSIANN rainfall at lower spatial and temporal scale (e.g. daily and
0.25◦ × 0.25◦) and then to downscale the bias to high spatial and temporal reso-
lutions, for example hourly 0.04◦ × 0.04◦. In addition, for the catchment scale, a
merging method that combines observations from gauge, radar, and satellite-based
observed rainfall, is under investigation. This approach is being implemented at
the catchment scale and has the potential to provide a better merged precipitation
product for basin scale hydrologic simulation.
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Satellite Clouds and Precipitation Observations
for Meteorology and Climate

Vincenzo Levizzani

Abstract Measuring precipitation from space is a long standing issue of meteorol-
ogy and climatology. Since the launch of the first meteorological satellites in the 60s
several visible/infrared/microwave techniques for “inferring”, rather than “measur-
ing” rainfall intensity from space were conceived, but seldom reached operational
application. Algorithms have greatly evolved and now offer an acceptable quality
level when products are averaged over suitable time and space scales. Daily, monthly
and yearly products have become important inputs for climate studies, but their
quality significantly lowers when the algorithms are applied to estimate instanta-
neous rainrates. The most recent methods go back to the basic physical principles of
precipitation formation and evolution. The re-examination of the physical content of
the algorithms is driven by new insights on precipitation formation mechanisms now
available together with new observational tools from space and from the ground.
New satellite missions, activities and efforts of international organizations are de-
voted to the generation of high resolution precipitation products for applications in
meteorology, hydrology and climate.

Keywords Clouds · Precipitation · Satellite meteorology · Climate

1 Introduction

Satellite rainfall estimation methods have been conceived in time to exploit visible
(VIS), infrared (IR), near infrared (NIR), water vapor (WV), passive microwave
(PMW), and radar data. A complete review of satellite rainfall estimation methods is
beyond the scope of the present paper. The reader will find reviews and comparisons,
among others, in the articles by Adler et al. (2001, global products), Kidd (2001, cli-
mate), Levizzani et al. (2001, 2002, generic), and Petty (1995, over land methods).
A state-of-the-art collection of papers on the advances in the field has been edited
by Levizzani et al. (2007). We will here concentrate on the most recent methods,

V. Levizzani
Consiglio Nazionale delle Ricerche, Istituto di Scienze dell’Atmosfera e del Clima, Bologna, Italy

S. Sorooshian et al. (eds.), Hydrological Modelling and the Water Cycle, 49–68
C© Springer Science+Business Media B.V. 2009

49



50 V. Levizzani

i.e. 1) PMW physical-statistical methods, and 2) combined algorithms for global
products, having in mind the new observational contributions of cloud processes. A
few relevant applications of cloud microphysics observations and rainfall products
are briefly described.

2 Passive Microwave Methods

At PMW frequencies precipitation particles are the main source of attenuation of
the upwelling radiation and thus PMW-based techniques are physically more direct
than those based on VIS/IR radiation. The emission of radiation from atmospheric
particles results in an increase of the received signal while at the same time the
scattering due to hydrometeors reduces the radiation stream. Type and size of the
detected hydrometeors depend upon the frequency of the upwelling radiation. Scat-
tering and emission happen at the same time with radiation undergoing multiple
transformations within the cloud column in the sensor’s field of view. At different
frequencies the radiometers observe different parts of the rain column and this prin-
ciple is behind the choice of the observing channels.

Precipitation drops strongly interact with MW radiation and are detected by ra-
diometers without the IR strong biases. The biggest disadvantage is the poor spatial
and temporal resolution, the first due to diffraction, which limits the ground reso-
lution for a given satellite MW antenna, and the latter to the fact that MW sensors
are consequently only mounted on polar orbiters. The matter is further complicated
by the different radiative characteristics of sea and land surfaces underneath. While
the sea surface has a relatively homogeneous emissivity, land surfaces have a high
and variable emissivity, close to that of precipitation, and low polarization. The
emissivity depends upon the characteristics of the surface including vegetation and
moisture content. Rainfall over land will increase the upwelling radiation stream
but at the same time will absorb radiation introducing considerable difficulties in the
identification of rain areas. Scattering is thus the key to the PMW rainfall estimation
techniques over land.

Several approaches have been developed in time from relatively simple threshold-
based algorithms to the most recent and complex physical-statistical techniques.
Some of these rather simple threshold methods were used also to produce global
estimates such as the one of the National Oceanic and Atmospheric Administra-
tion (NOAA) (Ferraro, 1997), which has recently been revisited trying to lower the
existing biases (McCollum and Ferraro, 2003).

PMW frequencies have always shown a tendency to perform better for convec-
tive precipitation while stratiform rain or, more generally, low rainrates are poorly
detected. An example is shown in Fig. 1 where the same precipitation system
is simultaneously scanned by three sensors on board the Tropical Rainfall Mea-
suring Mission (TRMM): the Visible and InfraRed Scanner (VIRS), the TRMM
Microwave Imager (TMI), and the Precipitation Radar (PR). While the VIS/IR
method overestimates by including low-temperature, non-precipitating high clouds,
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Fig. 1 Rainfall as estimated by the various TRMM sensors over Eastern Mediterranean. The scene
is depicted in false colors (Rosenfeld and Lensky, 1998) as seen by VIRS. The central narrow
strip is where rainfall is estimated by a VIS/IR method (gray) and by the PR (pink). The conical
scanning of the TMI is in yellow. (courtesy of D. Rosenfeld) (See also Plate 11 in the Colour Plate
Section)

its performance in rain area detection is not far from that of the PR. The PMW algo-
rithm based on TMI data, however, is grossly underestimating since it only detects
precipitation from cumulonimbus clouds. Low stratiform rainrates go completely
undetected.

More complex methods were developed with the aim of tying cloud microphys-
ical profiles and rainrate at the ground. The Goddard Profiling Algorithm (GPROF,
Kummerow et al., 2001) retrieves instantaneous rainfall and rainfall vertical struc-
ture using the response functions for different channels peaking at different depths
within the raining column. However, more independent variables are present within
raining clouds than there are channels in the observing system, and thus the solution
requires additional assumptions or constraints. Radiative transfer calculations are
used to determine a brightness temperature vector, Tb, given a vertical distribution
of hydrometeors represented by R. An inversion procedure is needed to find the
hydrometeor profile, R, given a vector Tb. The GPROF retrieval method is Bayesian
and the probability of a particular profile R, given Tb, can be written as:

Pr (R|Tb) = Pr(R) × Pr (Tb|R) (1)

where Pr(R) is the probability with which a certain profile R will be observed
and Pr(Tb|R) is the probability of observing the brightness temperature vector,
Tb, given a particular rain profile R. The first term on the right hand side of Eq.
(1) is derived using cloud-resolving models (CRM). The strength of the algorithm
is based on the accuracy and number of profiles contained in the dataset. Other
authors have proposed analogous approaches and published additional results on
cloud-radiation databases (CRD) (e.g., Di Michele et al., 2003, 2005). However,
note that the complexity of the 3-D structure of precipitating systems is very high
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and a certain degree of uncertainty remains on which profile in the CRD is to be
attributed to the PMW observational profile linked to a rainrate at the ground. The
philosophy behind the recent work on GPROF v.7 (Elsaesser and Kummerow, 2007)
is centered around a quantification of the errors associated with the measurement
and model assumptions and the a-priori information contained in the retrieval al-
gorithm through an optimal estimation technique. For example, chances are that a
better definition of the errors associated with high liquid water path (LWP) non-
precipitating clouds will be better defined.

The problem of low rainrates and stratiform rainfall is a serious one and most
algorithms perform very poorly under these conditions. The melting layer inclusion
in the PMW inversion methods for the generation of adequate CRDs was addressed
by Bauer (2001) who was also among the few attempting to tackle the problem of
modeling stratiform rainfall in the PMW (Bauer et al., 2000). Kidd (2007) has found
that rain retrieval algorithms generally underestimate the rain area (0.6–0.9) and are
equally split on rain amount (0.6–1.4), thus overestimating the conditional rainfall.
The issue of low rainrate estimates is still under investigation and represents an
important topic for future observations using high frequency microwave channels
and the new active sensors as mentioned later in this paper.

3 Blended Global Products

Global precipitation products are of the maximum interest for a number of different
applications at all scales. Naturally, gridded products find adequate use in meteo-
rology, hydrology and climate for the assimilation in global as well as mesoscale
models an for their verification. Adler et al. (2001) have intercompared 25 satellite
products, 4 models and 2 climatological products during the 3rd Precipitation In-
tercomparison Project (PIP-3). The model products do significantly poorer in the
Tropics, but are competitive with satellite-based fields in midlatitudes over land.
Over ocean, products are compared to frequency of precipitation from ship observa-
tions. The evaluation of the observational products points to merged data products
(including rain gauge information) as providing the overall best results.

The Global Precipitation Climatology Project (GPCP) offers a number of daily,
pentad, monthly and yearly products from a variety of algorithms using VIS/IR and
PMW (Huffman et al., 1997, 2001; Adler et al., 2003).

Applications in meteorology, hydrology and civil protection, however, require
instantaneous products, which are by far the most affected by errors and biases.

Global products are generally derived using as many sensors as possible in order
to ensure the best space-time coverage. One of the first global products is that by
Turk et al. (2000) conceived at the Naval Research Laboratory (NRL). The algo-
rithm is a blended technique that uses the NOAA PMW algorithm (Ferraro, 1997)
to estimate rainfall upon the passage of a PMW sensor and builds a look-up-table
(LUT) linking these rainrates to the IR brightness temperature data of the closest
geostationary image. The “calibration” of IR temperatures in terms of rainfall is
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then used for estimating rainrates from all geostationary IR images until the next
PMW sensor overpass when another LUT is built. An example of the NRL global
precipitation product is shown in Fig. 2.

The same concept of probability matching between IR temperatures and PMW-
derived rainrates has been applied to produce the Microwave/Infrared Rainfall Al-
gorithm (MIRA) (Todd et al., 2001) at high spatial and temporal resolution. The
algorithm is also used to produce daily precipitation estimates over Southern Africa
for climate applications (Layberry et al., 2006). A similar algorithm that uses a
linear relationship between geostationary IR and polar orbiting PMW data is the
Microwave/Infrared Rain Rate Algorithm (MIRRA) (Miller et al., 2001), whose
tests have indicated low biases and good performances also at daily and monthly
scales.

Multispectral data for the identification of raining clouds are applied by the
GOES Multispectral Rainfall Algorithm (GMSRA) (Ba and Gruber, 2001). The
method uses NIR channels of geostationary sensors to estimate the effective ra-
dius of cloud particles at cloud top and dwells on the finding of Rosenfeld and
Lensky (1998) that raining clouds are identified by the 15 �m radius threshold in
daytime and by a 230 K threshold at nighttime. Rain areas are thus delimited using
an empirical cloud microphysical signature at cloud top. The calibration was done
using radar data at the ground.

Specific applications were conceived such as the Auto-Estimator (Vicente et al.,
2000), which runs in real time for applications in flash flood forecasting, numerical
modeling and operational hydrology. The technique uses the IR window of geo-
stationary satellites to compute rainfall amounts based on a power law regression
algorithm derived from a statistical analysis between radar-derived rainfall rate at
the ground and satellite-derived IR cloud top temperatures collocated in space and
time.

A totally novel concept of using PMW and IR was recently introduced by
Joyce et al. (2004) with their Climate Prediction Center (CPC) morphing method
(CMORPH), which uses motion vectors derived from half-hourly interval geosta-
tionary satellite IR imagery to propagate the relatively high quality precipitation

Fig. 2 Global 3-hourly cumulated precipitation (mm) on 30 July 2006, 1500 UTC as derived using
the NRL blended PMW/IR algorithm. (courtesy of Naval Research Laboratory) (See also Plate 12
in the Colour Plate Section)
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estimates derived from PMW data. The shape and intensity of the precipitation
features are morphed during the time between PMW sensor scans by means of a
time-weighted linear interpolation. The result are spatially and temporally com-
plete PMW-derived precipitation analyses, independent of the IR temperature field.
CMORPH showed substantial improvements over both simple averaging of the
PMW estimates and over the above mentioned blended techniques. The technique
does not solve the flaws of PMW rain estimation but certainly represent a step
forward for global products by eliminating a possible source of errors of blended
methods, i.e. the LUT production and its validity in time.

4 Combining Spaceborne Radar and PMW

The advent of TRMM in 1997 and its long lifetime in space have opened up the
perspective of using spaceborne radar for estimating precipitation. For the first time
algorithms were conceived and products made available on a regular basis for the
tropical belt (Haddad et al., 1997; Iguchi et al., 2000). Since then several studies
were conducted to compare PMW and PR precipitation estimates and to assess their
relative performances. As is easily understood, both techniques of estimating rain-
rates have their strengths and weaknesses and neither one is completely winning.
However, the PR in space has provided an unambiguous tool for cloud structure
analysis, which helps considerably while verifying the PMW algorithms’ perfor-
mances.

Ikai and Nakamura (2003) have compared surface rain rates over the ocean de-
rived from the TMI and the PR finding systematic differences due to three main
reasons: 1) a problem in the freezing-level assumption in the TMI algorithm for
midlatitude regions in the winter, which results in underestimation of TMI-derived
rain rates; 2) inadequate Z − R or k − R relationships for convective and stratiform
types in the PR algorithm; and 3) the incorrect interpretation of the rain layer when
the freezing level is low and the rain type is convective. The strong bright band
echo seems to be interpreted as rain and a too strong rain attenuation correction
is applied. This results in a too high rain rate by the PR algorithm. Furuzawa and
Nakamura (2005) have further investigated the performance of TMI in rain estima-
tion using PR data and found that for low storm heights (< 5 km) the TMI rainrates
are lower than the corresponding ones derived from PR, and this holds for both
convective and stratiform rain. Vice versa, for higher storm heights (> 8 km) the
PR estimates are lower. These findings show no dependencies on local time and
latitude.

Nesbitt et al. (2004) have compared PR and TMI estimates across the Tropics
and found that TMI overestimates rainfall in most of the deep Tropics and mid-
latitude warm seasons over land with respect to both the Global Precipitation Cli-
matology Center (GPCC) gauge analysis and the PR. The PR is generally higher
than the TMI in midlatitude cold seasons over land areas with gauges. The analysis
by feature type reveals that the TMI overestimates relative to the PR are due to
overestimates in mesoscale convective systems and in most features with 85-GHz
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polarization-corrected temperature (PCT) of less than 250 K (i.e., with a significant
optical depth of precipitation ice).

Berg et al. (2006) relate PR–TMI differences to physical variables that can lead to
a better understanding of the mechanisms responsible for the observed differences.
For clouds identified as raining by both sensors, differences in rainfall intensity are
found to be highly correlated with column water vapor. Adjusting either TMI or
PR rain rates based on this simple relationship results in a 65%–75% reduction in
the rms difference between seasonally averaged climate rainfall estimates. Differ-
ences in rainfall detection are most prominent along the midlatitude storm tracks,
where widespread, isolated convection trailing frontal systems is often detected only
by the higher-resolution PR. Conversely, over the East China Sea clouds below
the ∼18-dBZ PR rainfall detection threshold are frequently identified as raining
by the TMI. Based on calculations using in situ aerosol data collected south of
Japan the authors suggest that high concentrations of sulfate aerosols may contribute
to abnormally high liquid water contents within non-precipitating clouds in this
region.

The combined use of all passive and active instruments can be very instru-
mental in improving over PMW-based estimates, as for example shown by Grecu
et al. (2004). Viltard et al. (2006) have recently used a PR-based database to im-
prove TMI PMW rain estimates. The field is still very much experimental but it
appears that perspectives are encouraging in view of the future Global Precipitation
Measurement (GPM) Mission.

5 Exploiting Cloud Microphysics

The precipitation community is pursuing a data fusion path between PMW tech-
niques and cloud microphysics as seen from multispectral VIS/NIR/IR measure-
ments now available on geostationary satellites. An excellent perspective on the
great potential of using cloud microphysical identification for satellite rainfall es-
timation is given by Rosenfeld and Woodley (2003). The concept is based on the
original findings of Rosenfeld and Lensky (1998) and has significantly evolved con-
sidering cloud microstructure all around the world. The necessity of introducing
a cloud microstructure identification in PMW estimation algorithms is also sup-
ported by the study of Rosenfeld and Ulbrich (2003) who used radar observations to
connect raindrop size distributions (RSDS) to radar R-Z (rainfall-reflectivity) rela-
tionships from the point of view of rain forming mechanisms. Cloud microstructure
which determines maritime and continental cloud masses, cloud dynamics which
is behind convective and stratiform cloud classification, and also orographic effects
are demonstrated to introduce systematic differences in rainrate estimations. R for
a given Z is greater by a factor of more than 3 for rainfall from maritime compared
to extremely continental clouds, a factor of 1.5–2 greater R for stratiform compared
to maritime convective clouds, and up to a factor of 10 greater R for the same Z in
orographic precipitation.
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L’Ecuyer et al. (2006), after an investigation on the physical assumptions and in-
formation content of the cloud top microphysical retrieval algorithms applied to the
MODerate resolution Imaging Spectroradiometer (MODIS) data, have concluded
that the combination of the 0.64 and 1.64 �m channels during the daytime and the
3.75 and 11.0 �m channels at night provides the most information for retrieving the
properties of the wide variety of liquid clouds modeled over ocean. Building on the
analysis techniques of L’Ecuyer et al. (2006), Cooper et al. (2006) have conducted
a reexamination of the ice cloud retrieval problem in the context of recent advance-
ments in the understanding of optical properties for a variety of realistic ice crystal
shapes. Their results suggest that the channels that maximize retrieval information
are strongly dependent upon the state of the atmosphere, meaning that no combi-
nation of two or three channels will always ensure an accurate retrieval. Because
of this, they suggest a five-channel retrieval approach consisting of a combination
of error-weighted VIS, NIR, and IR channels: 0.64, 2.11, 4.05, 11.0, and 13.3 �m.
However, the authors note that any of these channels could be replaced by another
channel with similar characteristics with little loss in retrieval information.

Lensky and Rosenfeld (2003a) have pushed further the use of microphysical
cloud top observations and conceived a nighttime rain delineation algorithm, which
seems to perform well even in the case of warm clouds over land for which PMW
methods mostly fail. The same technique based on brightness temperature differ-
ences (BTD) between the 11 �m and the 3.7 �m channels reveals very instrumental
in retrieving the microphysical structure and thus the rain potential of nighttime
clouds (Lensky and Rosenfeld, 2003b; see Fig. 3).

Masunaga et al. (2002a) have devised the first physical inversion algorithm for
the combined use of VIS/IR and PMW sensors to retrieve the cloud physical quan-
tities such as the LWP and the effective droplet radius using VIRS and TMI. The
cloud top temperature obtained from the VIRS analysis is used as an input to the
TMI analysis to reduce uncertainties in estimation of LWP. The scatter diagram
of the shortwave-retrieved LWPshrt versus the PMW-retrieved LWPPMW shows

Fig. 3 Nighttime precipitation delineation method of Lensky and Rosenfeld (2003b). (a) Clouds
of decreasing optical depth and decreasing effective radii from left to right correspond to a de-
creasing precipitating attitude. (b) The T3.7−11 curve is drawn schematically as function of the T11

temperature. The two T3.7−11 curves represent maritime clouds with larger particle sizes and larger
T3.7−11 (T1) than those of continental clouds (T2). (c) The effect of the optical depth and particle
size on T3.7−11. (Lensky and Rosenfeld 2003b; courtesy of the Amer. Meteor. Soc.)
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characteristic trends for both precipitating and non-precipitating clouds. Vertical
inhomogeneity of the cloud droplet size accounts for small excess of LWPshrt over
LWPPMW for non-precipitating clouds, while precipitating clouds produce LWPPMW

larger than LWPshrt, owing to the presence of raindrops. These tendencies are rein-
forced by examination of the global distributions of the shortwave-retrieved droplet
radius Re(NV) and the MW counterpart defined by LWP divided by the cloud op-
tical thickness Re(MV). Their results suggest that difference in those effective radii
reflects a microphysical mechanism to expedite or suppress the conversion of the
cloud water into rainfall.

An application of the above described method to investigate the characteristics of
low clouds and warm-rain production in terms of droplet growth based on the effective
droplet radii was published by Masunaga et al. (2002b). A categorization was pro-
posed of low clouds into the following groups: (1) non-drizzling, non-raining clouds;
(2) non-raining clouds with drizzling near the cloud top; (3) raining clouds; and (4)
clouds with no clear interpretation in terms of the effective radii. This categorization is
supported by examination of the correlation between static stability and the retrieved
results in three “precipitating regions” (Middle Pacific, South Pacific Convergence
Zone [SPCZ], and Intertropical Convergence Zone [ITCZ] cumulus regions) and in
four “non-precipitating regions” (the Californian, Peruvian, Namibian, and eastern
Asian stratus regions). The rainrate derived by the PR provides global characteristics
consistent with these results. Californian and Peruvian stratus clouds are found to
frequently have the drizzle mode near the cloud top, whereas Namibian strati have
fewerchances todrizzle.Thedrizzlemodealmost completelydisappears in theeastern
Asian region in the winter. The cloud–aerosol interaction is a promising candidate for
suppressing the drizzle mode formation in non-precipitating clouds.

The use of lightning detection systems both from ground or spaceborne is be-
ing used to enhance the current capabilities in continuous rainfall monitoring over
large regions at high spatio-temporal resolutions and in separating precipitation type
into its convective and stratiform components (Morales and Anagnostou, 2003). The
procedure accounts also for differences in land versus ocean and for various levels
of cloud system maturity. Two examples of retrievals are shown in Fig. 4.

An upcoming application with great potential is the use of satellite rainfall esti-
mates for the analysis of human influences on rainfall regimes, such as in the vicinity
of major urban areas (Shepherd et al., 2002). Among other things, they found an
average increase of about 28% in monthly rainfall rates within 30–60 km downwind
of the metropolis, with a modest increase of 5.6% over the metropolis. Portions of
the downwind area exhibit increases as high as 51%. The maximum rainfall rates in
the downwind impact area exceeded the mean value in the upwind control area by
48–116%.

6 Climate and Global Model Applications

The increasing number of studies and the public concern about presumed climate
changes require a clear vision of the necessary integrated observing system for the
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Fig. 4 Instantaneous surface rainfall rates retrieved by the Sferics Infrared Rainfall techniques
(SIRT) (top) and TRMM PR (bottom). Two storm cases are shown in this figure: left, 0415 UTC
2 Feb 1998, TRMM orbit 1061; right, 1815 UTC 2 Feb 1998, TRMM orbit 1071. (Morales and
Anagnostou, 2003; courtesy of the Amer. Meteor. Soc.) (See also Plate 13 in the Colour Plate
Section)

identification of how and why the climate is changing globally and at the regional
scale. Goody et al. (2002) commented that the societal need for a greater confi-
dence in long-range climate predictions necessarily requires a monitoring program
accurate enough to provide the objective verification of climate model capabilities.
The key questions that an observing system from space has to address while plan-
ning future missions for climate are outlined by Asrar et al. (2001) for the National
Aeronautics and Space Administration (NASA) strategy:

� How is the global earth system changing?
� What are the primary forcings of the earth system?
� How does the earth system respond to natural and human-induced changes?
� What are the significant consequences of global change for human civilization?
� What changes in the earth system will take place in the future?

In consequence, a major observation need exists to identify intensifications of the
global water cycle as the most significant manifestation of climate change, and lead-
ing to increased global precipitation, faster evaporation, and a general exacerbation
of hydrological extremes such as floods and droughts.
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Trenberth et al. (2002) have identified the importance of transforming our current
observing system into a new strategy that goes beyond the single measurement in
itself and includes a processing and support system that leads to more reliable and
useful data. In particular, the changes in precipitation are more likely in frequency,
intensity, duration and type (Trenberth et al., 2003). New et al. (2001) have already
pointed out the importance of gauge+satellite precipitation datasets for the identi-
fication of the changes in frequency, duration and increasing proportion of precip-
itation during the heaviest event. All these topics have to be tackled if we want to
seriously address the problem of changes in the global water cycle.

In a report of the National Academy of Sciences (NAS) Robinson et al. (2004)
have identified a few major points for using satellite precipitation data for long cli-
mate records: dependence of retrieval and bias errors on the frequency of high-quality
(e.g., PMW) observations, difficulty of measuring solid precipitation, necessity to
have in situ validation sites across a variety of climate regimes, and importance to
have as many accurate validation sites as possible to maximize the accuracy of the
final “best” combination products.

Three different areas are of particular importance for regional and global weather
and climate applications: regional studies of the characteristics of precipitating sys-
tems, land surface model parameterizations, and model verifications. Three exam-
ples in these crucial development areas will now be described.

Reporting the outcomes of a US Weather Research Program (USWRP) workshop
held in 2002 on warm season quantitative precipitation forecasts (QPF) Fritsch and
Carbone (2004) outline the research strategy to attack the problem of the relatively
poor scores of such predictions. One of the key problems is the representation of
moist convection in operational models, which is done through parameterization.
Improving these parameterizations is believed to be the necessary step towards sub-
stantial advances in forecast scores. In particular, the following points are to be
considered:

� knowledge of the cloud-scale and mesoscale structure of the environment,
� adequate understanding and representation of cloud-scale and microphysical pro-

cesses, and
� realistic treatment of certain subcloud-scale processes such as moist turbulence.

Carbone et al. (2002) have set the path towards meeting the first requirement and
conducted an extensive study over conterminous US using the Weather Surveillance
Radar-88 Doppler (WSR-88D) network. Clusters of heavy precipitation are found to
display coherent patterns of propagation across the continental US with propagation
speeds for envelopes of precipitation that exceed that of any individual mesoscale
convective system (MCS). Their longevity (up to 60 h) suggests an intrinsic pre-
dictability of warm season rainfall that significantly exceeds the lifetime of indi-
vidual convective systems. Wang et al. (2004) developed a similar climatology for
warm season precipitation in East Asia using IR brightness temperatures from the
Japanese Geostationary Meteorology Satellite (GMS). Their study showed propaga-
tion of cold-cloud clusters (or quasi-precipitation episodes) across a zonal span of
3000 km with a duration of 45 h. Regional analysis was successively performed by



60 V. Levizzani

Wang et al. (2005) who found latitudinal effects with larger spans, longer durations
and stronger propagations in the northern (30–40 N) than in southern (20–30 N)
zone. The May–August transition over land (western sector, 95–120 E) was mainly
characterized by an increase in diurnal activities, while that over ocean (eastern sec-
tor, 120–145 E) was characterized by decreased overall activities instead. Between
the two bands, near 107 E, semidiurnal signals were relatively strong and became
dominant in June. This double-peaked structure in the diurnal cycle resulted from
overlying signals of convection propagating eastward off the Tibetan plateau with
those induced locally in late afternoon, and the phenomenon was more evident in
May–June. Over the ocean both diurnal and semidiurnal waves had small ampli-
tudes, and the regional variability was much weaker. A similar study was started
later over Europe and preliminary results published by Levizzani et al. (2006). Other
studies of this worldwide program are being conducted over Africa, Australia and
South America.

Note that climate features come out not only as an effect of long term averages,
but also from significant deviations from such averages that have a great impact on
the society. Zipser et al. (2006) have used the unique capabilities of TRMM PR data
in measuring the vertical extent of strong radar echoes and the high-frequency chan-
nels of the TMI that give a good indication of the columnar mass and/or density of
precipitating ice to investigate a first global climatology of the most intense storms.
The diurnal cycle over land and ocean is reported in Fig. 5.

Land surface modeling is becoming increasingly important for climate models
as well as for hydrological use. Lee and Anagnostou (2004) have examined the

Fig. 5 Diurnal cycle of the three most extreme storm categories (top 0.1%) using 37 and 85 GHz
PCT, maximum storm height at 40 dBZ, and lightning flash rate separated by land and ocean
precipitation features. There are not enough extreme events over oceans to use only the top two
categories. (Zipser et al., 2006; courtesy of Amer. Meteor. Soc.)
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effects of precipitation forcing on land surface hydrological variables predicted by
a physically based land surface scheme using the Community Land Model (CLM).
Results show that the hydrological response is nonlinear and strongly dependent on
the error characteristics of the retrieval. Time resolution is shown to have an effect on
the error statistics of the hydrologic variables. Coarse time resolutions are associated
with errors of lower variance and higher correlation. An important conclusion from
this study is that the effects of vegetation and the structural characteristics of rain
retrieval error are the primary factors controlling the propagation of errors in the
simulation of land surface variables.

Since precipitation exhibits a high spatial variability at very small scales, ne-
glecting subgrid-scale variability in climate models causes unrealistic representa-
tion of land–atmosphere flux exchanges, and this is especially severe over densely
vegetated areas. Wang et al. (2005) have incorporated satellite-based precipitation
observations into the representation of canopy interception processes in land surface
models. Their results reveal that incorporation of precipitation subgrid variability
significantly alters the partitioning between runoff and total evapotranspiration as
well as the partitioning among the three components of evapotranspiration (canopy
interception loss, ground evaporation, and plant transpiration). This further influ-
ences soil water, surface temperature, and surface heat fluxes. The study demon-
strates that land surface and climate models can substantially benefit from the
fine-resolution remotely sensed rainfall observations.

Finally, model verification is a topic of utmost relevance and the Global Energy
and Water Cycle Experiment (GEWEX) Cloud Systems Study (GCSS) group has
undertaken an extensive effort to make use of available observations for cloud and
global model evaluation (Randall et al., 2003). The key element of the GCSS work
program is the development of improved cloud parameterizations for climate and
numerical weather prediction (NWP) models. This is accomplished through the use
of cloud-system-resolving models (CSRM). These are models with sufficient spatial
and temporal resolution to represent individual cloud elements, and covering a wide
enough range of time and space scales to permit statistical analysis of simulated cloud
systems.CSRMs can be used as experimental test beds to develop understanding, to
produce synthetic four-dimensional datasets, and to test parameterizations. They have
in general better performances than simple Single-Column Models (SCM), which
represent essentially the column physics of a general circulation model (GCM) con-
sidered in isolation from the rest of the model. These latter are the piece that needs
to be improved. An example of a case study done by GCSS is shown in Fig. 6 where
CSRM and SCM model outputs are compared with cloud radar observations.

7 A Glimpse on International Efforts

International activities concentrate on the improvement of algorithms, especially
combined, multisensor algorithms, the calibration and validation of existing prod-
ucts, and the preparation of upcoming satellite missions.
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Fig. 6 Time–height cloud fraction for a GCSS case study over the Atmospheric Radiation Mea-
surement (ARM) site in Oklahoma, surface to 16 km: (top) observed by the Millimeter wavelength
Cloud Radar (MMCR) (3-h averages), (middle) simulated by UCLA–CSU CSRM (1-h averages),
and (bottom) simulated by NCEP SCM (3-h averages). Shades indicates cloud fraction, which
ranges from 0 to 1 from outside to the inside of the clouds. (Randall et al., 2003; courtesy of Amer.
Meteor. Soc.) (See also Plate 14 in the Colour Plate Section)

The International Precipitation Working Group (IPWG), in particular, was estab-
lished to organize efforts of the community worldwide. It is active since 2001 and is
co-sponsored by the Coordination Group for Meteorological Satellites (CGMS) and
the World Meteorological Organization (WMO). The IPWG has launched several
activities that are of interest for the overall user community:

� Validation is now being conducted on a routine basis over Australia, Europe and
the USA, and data are available on the web site (see Appendix).

� The PMW modeling efforts for the retrieval of snowfall are another important
chapter since precipitation estimates up to now have completely disregarded
solid precipitation.

� Global products are now available at coarse resolution and this is the reason
why IPWG is sponsoring an activity called Program for the Evaluation of High
Resolution Precipitation Products (PEHRPP).

New missions are planned that will involve participation from several countries
in a combined effort for the best possible space-time coverage and the observa-
tion of cloud microphysics. The most important of these plans concerns the GPM
mission (Smith et al., 2007; Hou et al., 2008), a constellation of satellites with a
main spacecraft hosting a dual-frequency precipitation radar and an advanced PMW
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radiometer. The constellation will then consist of a large number of smaller satellites
boarding PMW radiometers, which will be calibrated against data from the mother
ship. It is foreseen that a global coverage of precipitation estimates every 3 h will be
reached.

Another important effort focuses on the completion of another constellation, the
so-called A-train (Stephens et al., 2002), whose most important component for pre-
cipitation studies is CloudSat that flies the first spaceborne millimeter wavelength
radar. The unique feature of this radar lies in its ability to observe most of the
cloud condensate and precipitation within its nadir field of view and provide pro-
files of these properties with a vertical resolution of 500 m. CloudSat flies as part
of a constellation of satellites that includes the Earth Observing System’s (EOS)
Aqua and Aura at each end of the constellation, CloudSat, the Cloud-Aerosol Lidar
and Infrared Pathfinder Satellite Observation (CALIPSO) that flies an aerosol lidar,
and another small satellite, the Polarization and Directionality of the Earth’s Re-
flectances (PARASOL), carrying the POLDER polarimeter inserted in the formation
between the larger EOS spacecraft. CloudSat and CALIPSO have been launched on
28 April 2006 and their products are now available. An example is shown in Fig. 7.
Along the line of international partnership is also the Earth Clouds, Aerosol and
Radiation Explorer (EarthCARE, ESA, 2001) mission, a joint European-Japanese
endeavor being planned.

The idea is to explore what is currently unknown on large scale cloud features
from all perspectives and provide new microphysical, radiative and dynamic insights
to the rainfall estimation algorithms. The cloud ice content and vertical structure are
two of the most important topics to be addressed.

Fig. 7 The top image is a vertical cross-section of Tropical Storm Alberto, the first named storm of
the 2006 Atlantic Hurricane season, captured by the CloudSat radar on 12 June, 2006. The bottom
image is a vertical cross-section of the atmosphere from the lidar on CALIPSO northeast from a
location near the southwest coast of Australia, across Indonesia and the Pacific Ocean, and over part
of Japan on 7 June, 2006. (courtesy of NASA Earth Observatory, http://earthobservatory.nasa.gov/)
(See also Plate 15 in the Colour Plate Section)
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Appendix: Relevant Web Sites

Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation (CALIPSO)
http://www-calipso.larc.nasa.gov/
CloudSat
http://cloudsat.atmos.colostate.edu/
Global Energy and Water Cycle Experiment (GEWEX)
http://www.gewex.org/
Global Precipitation Climatology Project (GPCP)
http://cics.umd.edu/ ∼yin/GPCP/
Global Precipitation Measurement (GPM) Mission
http://gpm.gsfc.nasa.gov/
International Precipitation Working Group (IPWG)
http://www.isac.cnr.it/∼ipwg/
MODerate resolution Imaging Spectroradiometer (MODIS)
http://modis.gsfc.nasa.gov/
NASA Earth Observatory
http://earthobservatory.nasa.gov/
NASA Goddard Global Precipitation Analysis
http://precip.gsfc.nasa.gov/
NOAA CPC Morphing products
http://www.cpc.ncep.noaa.gov/products/janowiak/cmorph.html
NOAA Microwave Surface and Precipitation Products System
http://www.orbit.nesdis.noaa.gov/corp/scsb/mspps/
NRL Satellite Meteorology group
http://www.nrlmry.navy.mil/sat products.html
Program to Evaluate High Resolution Precipitation Products (PEHRPP)
http://essic.umd.edu/∼msapiano/PEHRPP/
Tropical Rainfall Measuring Mission (TRMM)
http://trmm.gsfc.nasa.gov/
TRMM Online Visualization and Analysis System (TOVAS)
http://lake.nascom.nasa.gov/tovas/
TRMM Science Data and Information System (TSDIS)
http://tsdis.gsfc.nasa.gov/
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Advanced Techniques for Polarimetric Radar
Estimation of Rainfall

Gianfranco Vulpiani and Frank S. Marzano

Abstract Single-polarization Doppler weather radar systems are known to be very
useful tools for the monitoring of precipitation events. Nevertheless, quantitative
applications require a careful data processing as several impairments may reduce
the reliability of such estimates. Among them, attenuation due to absorption and
scattering of the transmitted and received signals in the rain path, hail contamination
and the high space-time variability of raindrop size distribution are the most signif-
icant. Dual-polarized (polarimetric) radars enable to improve data quality through
the use of several additional observables. An ensemble of highly advanced tech-
niques for hydrometeor retrieval, based on the use neural network and fuzzy logic
systems, is presented here. Numerical and experimental data set are used to evaluate
the proposed methodologies.

Keywords Polarimetric rain rate retrieval · Attenuation correction · Hydrometeor
classification · Rain drop size distribution retrieval.

1 Introduction

Rainfall retrieval using ground-based weather radar is achieving an increased rel-
evance for the evaluation of the hydrological cycle and the monitoring of severe
events. Nearly all European weather radars operate at C band, mainly due to cost
and size constraints (e.g., Alberoni et al., 2002). However, at frequencies higher
than S band, path attenuation effects due to rainfall can be significant and need
to be compensated for quantitative estimation of rainrate. Moreover, range gates
contaminated by hail and wet snow must be accurately identified in order to avoid
errors in the attenuation correction procedures and rain rate estimation. Last but not
least, rain rate retrieval may be highly inaccurate if only power radar echoes are
processed.
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In this regard, dual-polarized (polarimetric) weather radars enable the nature of
hydrometeors to be inferred by transmitting and receiving waves at horizontal and
vertical polarization (e.g., Bringi and Chandrasekar, 2001). Moreover, the exploita-
tion of the differential phase shift between the two polarization states allows the
effective correction of the rain path attenuation. Finally, the estimate of rainfall
can be significantly improved if polarimetric radar observables are available and,
to some extent, even the drop size distribution can be inferred.

Probably, within the next decade most operational radars will be converted from
single-polarization into dual-polarization configuration, apart from Doppler capa-
bility which is effective for ground-clutter removal and for wind field retrieval. This
contribution is aimed to provide some insights into new advanced techniques capa-
ble to exploit the polarimetric radar observations both at S and C band. The text is
organized as follows.

� Section 2. Polarimetric radar observables will be defined resorting to a detailed
microphysical and electromagnetic model dealing with non-spherical particle en-
sembles. This coupled model will be used for training physically-based inverse
algorithms.

� Section 3. Techniques for rain path attenuation correction at C band will be in-
troduced and a recent iterative methodology, exploiting an embedded neural net-
work and polarimetric constraints, will be described. Numerical tests and error
budget will be detailed.

� Section 4. A fuzzy-logic based technique is illustrated for hydrometeor classifi-
cation exploiting the polarimetric features of new generation radars. It is tuned
for C band, generalizing S-band established approaches and resorting to the fre-
quency scaling of the microwave microphysical model. A case study will show
the effects at C band and the impact of path attenuation on hydrometeor classifi-
cation accuracy.

� Section 5. A regularized neural network approach will be described for estimat-
ing raindrop size distribution and comparing this new technique with other sta-
tistical methods available in literature. The improvement obtained by retrieving
the rainfall rate from the retrieved size distribution, instead of a direct estimation,
is quantified and discussed.

� Section 6. Conclusions will be drawn emphasizing future developments of radar
meteorology research and its operational impacts.

2 Polarimetric Radar Observables

2.1 Rain Model

A normalized Gamma raindrop size distribution (RSD) has been introduced in liter-
ature to account for most of the variability occurring in the naturally observed RSD
(Bringi and Chandrasekar, 2001). The number of raindrops per unit volume per unit
size can be written as:
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N (D) = Nw f (μ)

(
D

D0

)μ

exp

[
−(3.67 + μ)

D

D0

]
(1)

where f (μ) is a function μ only, the parameter D0 is the median volume drop
diameter, μ is the shape of the drop spectrum, and Nw [mm−1 m−3] is a normalized
drop concentration that can be calculated as function of liquid water content W and
D0 (e.g., Bringi and Chandrasekar, 2001).

The shape of a raindrop can be described by an oblate spheroid for which the
equivalent volume diameter De is related to the axis ratio a/b by a relation which
has been investigated by several authors. In this study we limited our attention to
the relationship introduced by Beard and Chuang (1987). Given a RSD, the rainfall
intensity R can be computed as a flux of raindrop volume at a terminal fall velocity
ν(D), usually parameterized as a power law of D.

2.2 Polarimetric Radar Variables

The copolar radar reflectivity factors Zhh and Zνν [mm6 m−3] at H and V polariza-
tion state, the cross-polar reflectivity factor Zhν , the differential reflectivity Zdr and
the linear depolarization ratio L DR can be expressed as follows:

Zhh,νν,hν = λ4

π5|K |2 < 4π |Sb
hh,νν,hν(D)|2 > (2)

Zdr = Zhh

Zνν

, L DRνh = Zνh

Zhh
(3)

where Shh,νν and Shν [mm] are the backscattering co-polar and cross-polar compo-
nents of the complex scattering matrix S of a raindrop, the angular brackets represent
the ensemble average over the RSD. K depends on the complex dielectric constant
of water estimated as a function of wavelength λ [mm] and temperature.

For a polarimetric radar, the specific differential phase shift Kdp, due to the
forward propagation phase difference between H and V polarization and co-polar
correlation coefficients ρhν can be obtained in terms of the scattering matrix S as:

Kdp = 10−3 180

π
λ · Re[< fhh(D) − fνν(D) >] (4)

ρhν = < Sνν S∗
hh >√

< |Shh |2 >< |Sνν |2 >
= |ρhν | e jδ (5)

where fhh,νν are the forward-scattering co-polar components of S and δ (in deg)
is the volume backscattering differential phase. The specific attenuation Ahh at H
polarization and the differential attenuation Adp are finally defined as:

Ahh = 2 · 10−3λ · Im[< fhh(D) >], Adp = Ahh − Aνν (6)

where specific attenuations are in km−1.
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3 Path Attenuation Correction at C Band

For frequencies higher than S-band, path attenuation effects due to rainfall can
become significant and need to be compensated for quantitative applications such as
rainrate estimation (Bringi and Chandrasekar, 2001; Testud et al., 2000). The itera-
tive approaches (e.g., Hildebrand, 1978) for path attenuation correction are known
to be unstable.

A significant improvement to these path-attenuation correction procedures is pro-
vided by using the total path-integrated attenuation (PIA) as a constraint. This ap-
proach, originally proposed for spaceborne radar applications where the sea or land
surface is generally assumed as a reference target, has been extended to ground-
based polarimetric radar. Recently, the use of cumulative differential phase (Φdp)
constraint to estimate the PIA and to correct the measured reflectivity Zhh and dif-
ferential reflectivity Zdr , proposed by Testud et al. (2000), was improved by Bringi
et al. (2001) through the use of a self-consistent scheme.

The objective of this work is to introduce an alternative approach with Φdp uti-
lized as a constraint to retrieve Zh and Zdr at C band in presence of significant
path attenuation and, consequently, rainfall at ground. A model-based data set is
used in an embedded neural network to train the retrieval algorithms (Vulpiani
et al., 2005). The neural network approach is applied in cascade to estimate rain
rate from corrected polarimetric variables. Analysis of model data and numerical
tests on synthetic radar data are discussed. The synthetic data are either created by a
statistical generator or by spatial conversion of temporal series of disdrometer data.

The proposed retrieval technique, named Neural Iterative Polarimetric Precipita-
tion Estimation by Radar (NIPPER) is illustrated in the next paragraphs. It consists
of two steps in cascade where:

(i) rain path attenuation is corrected by using an iterative scheme with the aid of a
total path attenuation constraint and model-based neural-network estimates of
the unknown parameters;

(ii) a neural-network rain retrieval algorithm is applied to the polarimetric observ-
able previously corrected within each single volume bin.

The main features of the NIPPER algorithm is that it does not assume any given
analytical relation between the various polarimetric variables and it exploits the
neural-network potential as a retrieval tool in a non linear context.

3.1 Iterative Correction of Rain Path Attenuation

Bringi et al. (1990) showed that Φdp is directly related to path integrated attenua-
tion. It is possible to use the PIA from Φdp and use it to constraint the attenuation
correction procedure (Testud et al., 2000). Ah and Adp (both expressed in dB km−1)
are linearly related to Kdp (in ◦ km−1) which is the range derivative of Φdp. Note
that, before applying the attenuation correction scheme the differential phase shift
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Φdp must be filtered from the back-propagation effects which are non negligible at
C-band (Scarchilli et al., 1993).

The proposed iterative algorithm is described in the following. The first step is
the estimation of the path integrated attenuation PIAh(rN ), and the path integrated
differential attenuation PIAdp(rN ), at the farthest range rN by using the Φdp con-
straint. Therefore the corrected values of Zhh and Zdr are derived at the farthest
range volume (here the Nth) by:

ZC
hh,dr (rN ) = Zm

hh,dr (rN ) + 2PIAhh,dp (rN ) (7)

where both reflectivities and PIA are expressed in dB, while the superscripts Cand
m stand respectively for corrected and measured.

Using the corrected values of Zhh and Zdr , it is possible to estimate the specific
attenuation (and the specific differential attenuation), through a neural network, at
the Nth range volume by mean of:

Ahh,dr (rN ) = NNA
(
ZC

hh (rN ) , ZC
dr (rN )

)
(8)

where NNA is a Neural Network functional used for the specific attenuation (dif-
ferential attenuation) estimation. As a consequence we can estimate the PIA at the
(N-1)th range bin from:

PIAhh,dp (rN−1) = PIAhh,dp (rN ) − Ahh,dr (rN ) · �r (9)

where Δr is the bin range resolution, while the corrected values of reflectivity and
differential reflectivity are

ZC
hh,dr (rN−1) = Zm

hh,dr (rN−1) + 2PIAhh,dp (rN−1) (10)

Generalizing (9) and (10) for the Kth range volume, we can write:

PIAhh,dp (rK ) = PIAhh,dp (rN ) −
rK �r∫

(rK −1)�r

Ahh,dr (s) ·ds (11)

ZC
hh,dr (rK ) = Zm

hh,dr (rK ) + 2PIAhh,dp (rK ) (12)

Through (11) and (12) it is possible to iteratively correct the profiles of Zhh

and Zdr .

3.2 S-Band Derived Test Data Set

The data set used to test the proposed algorithm has been simulated adopting the
rain model specified in sect. 3 where the RSD parameters have been retrieved
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from S-band radar measurements. Adopting the procedure proposed in (Gorgucci
et al., 2002), the polarimetric variables Zm

hh , Zm
dr and K m

dp, measured by the CSU-
CHILL radar during a convective event, have been used to estimate the drop median
parameter D0 and the intercept parameter Nw.

Radar measurements have been performed choosing a Pulse Repetition Fre-
quency (PRF) and a pulse width such that the maximum unambiguous range is about
80 km and the range resolution is 250 m. Fixing the temperature and consequently
the relative dielectric constant, a complete volume scan at C-band has been simu-
lated by means of the T-matrix scattering method (Mishchenko, 2000).

A random noise on simulated polarimetric variables has been introduced to re-
alistically reproduce the measurements (Testud et al., 2000), resulting in a 1 dB
fluctuation for Zhh , 0.3 dB for Zdr and 2◦ for Φdp.

The Plan Position Indicators (PPIs) of the reflectivity and differential reflectivity
are shown in Fig. 1.

The intensity of Zhh and Zdr highlights the presence of wide convective ar-
eas and stratiform regions. Figure 2 shows the two-way path integrated attenua-
tion as a function of the azimuth. About 50% of rays have a PIA greater than
2 dB. The most attenuated rays are localized in the sectors 70◦ ≤ � ≤ 90◦ and
145◦ ≤ � ≤ 160◦, where � is the azimuth angle, with a maximum two-way PIA up
to 10 dB.

3.3 Error Analysis

The performance of NIPPER is evaluated in terms of error mean value (�̄hh,dr ) and
its standard deviation (σ (�hh,dr )), computed as a function of range and for all az-
imuth profiles. In this work the error is defined as:

�hh,dr (r ) = 10 log10

(
Ẑhh,dr (r )

)− 10 log10

(
Zhh,dr (r )

)
(13)

where Ẑhh,dr indicates the estimate of the attenuation-corrected radar reflectivity.
Figures 3 and 4 show the plot of ε̄hh,dr and σ (εhh,dr ), the metrics of the co-polar

reflectivity and differential reflectivity retrieval, as a function of the azimuth for both
the self-consistent ZPHI and NIPPER algorithms.

It can be seen from Fig. 3 that the proposed attenuation compensation procedure
is characterized by a considerable improvement with respect to the self-consistent
rain profiling algorithm. This behaviour is more evident when the attenuation is
relatively high (see Fig. 4). If all the processed rays are considered, 78.7% have a
mean error less than 0.5 dBZ and a standard deviation less than 0.8 dBZ. Using the
self-consistent rain profiling algorithm, the same values of ε̄ and σε are obtained in
43.7% of the cases.

Similarly, the differential reflectivity has been corrected (see Fig. 4) with a mean
error less than 0.2 and a standard deviation less than 0.3 for 79.3% of all rays by
NIPPER and 52.1% by the self-consistent rain profiling algorithm.
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Fig. 1 PPI of the synthetic apparent reflectivity (upper panel) and differential reflectivity (lower
panel) (See also Plate 16 in the Colour Plate Section)
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Fig. 2 Two-way Path Integrated Attenuation (PIA) as function of the azimuth

Fig. 3 Reflectivity retrieval. The NIPPER performance (right panels) is compared with the rain
profiling algorithm one (left panels) in case of well-calibrated radar



Advanced Techniques for Polarimetric Radar Estimation of Rainfall 77

Fig. 4 Differential reflectivity retrieval. The NIPPER performance (right panels) is compared with
the rain profiling algorithm one (left panels) in case of well-calibrated radar

4 Hydrometeor Classification at C Band

Most scientific literature about hydrometeor classification has been so far devoted to
classification techniques designed for S-band dual-polarized weather radars
(Vivekanandan et al., 1999) (Zrnić et al., 2001; Lim et al., 2005; Ryzhkov et al.,
2005). Only recently some works related to the exploitation of C-band measure-
ments for hydrometeor classification have been presented (Keenan, 2003; Baldini
et al., 2004; Galletti et al., 2005; Marzano et al., 2006). The interest of assess-
ing C-band hydrometeor classification may also emerge from the consideration
that most mid-to-high latitude weather radars operate and are planned at C-band
(Alberoni et al., 2002).

In this section a model-trained supervised fuzzy-logic radar algorithm for hy-
drometeor classification at C-band (FRAHC-C) is presented. The goal is not to
devise a new fuzzy logic algorithm, but using an established approach to: (i) extend
it from S-band to C-band radar data; (ii) handle both power and phase measure-
ments giving some details of the approach at C-band; (iii) show the improvements
obtained using a C-band tuned algorithm with respect to an S-band based approach;
(iv) evaluate the impact of path-integrated attenuation (PIA) exploiting a network
radar configuration.



78 G. Vulpiani, F.S. Marzano

4.1 Hydrometeor Radar Scattering Model at C-band

We limit our attention to copolar reflectivity Zhh , differential reflectivity Zdr and
specific differential phase Kdp. The analysis of co-polar correlation coefficient ρhν

and linear depolarization ratio Ldr is beyond our scopes. Once the particle shape,
orientation and dielectric composition together with particle size distribution N (De)
are known, a numerical solution can be adopted to derive both σhh,νν and fhh,νν .
The T-Matrix method (Mishchenko, 2000) is an effective numerical solution of
the scattering problem for non-spherical particles by means of the electromagnetic
equivalence theorem.

A correct microphysical and dielectric modeling of hydrometeors is essential
to obtain meaningful simulations of polarimetric radar measurements (Beard and
Chuang, 1987). Detailed information about several hydrometeor types can be found
in Straka et al. (2000) and here we basically follow their approach. However, in
this work only 10 hydrometeor classes have been established as follows: LD (large
drops), LR (light rain), MR (medium rain), HR (heavy rain), H/R (hail/rain mix-
ture), H (hail), G/SH (graupel/small hail), DS (dry snow), WS (wet snow), IC (ice
crystals). Possible temperature ranges for the ten different hydrometeor classes have
been derived from Zrnić et al. (2001). In this work we have assumed that all particle
shapes may be approximated by spheroids. The size distribution of each hydrom-
eteor has been modeled through a normalized Gamma. Water and ice dielectric
constants are derived from Ray’s (1972) and Warren’s (1984) models, respectively.
Ten sets of 300 scattering simulations for each hydrometeor class have been carried
out in order to have statistically significant simulated polarimetric signatures. With
respect to S-band measurements, C-band signatures are more sensitive to shapes
and, in general, present larger values of Zdr and Kdp and lower values of co-polar
correlation Zrnić et al. (2001). Most relevant differences between the two band be-
haviors have been found for LD, MR, HR and H/R classes. Specifically, it is worth
noting that Zdr at S-band is not usually larger than 3.5 dB, while at C-band LD and
HR give rise to Zdr even larger than 5 dB. The key advantage of Kdp at C-band is
the capability to discriminate between rain and ice hydrometors, but unfortunately
the retrieval of Kdp is affected by the backscattering differential phase shift δhν ,
which is no more negligible at C-band (Iguchi and Meneghini, 1994; Bringi and
Chandrasekar, 2001).

4.2 Fuzzy-Logic Classification Method

As previously noted, at C-band path attenuation is relevant and cannot be neglected.
All these aspects make fuzzy logic one of the best solutions for the hydrometeor
classification problem (Lim et al., 2005). Fuzzy-logic techniques are fairly simple
and flexible to set up and their behavior tends to be robust to noisy data (Bringi and
Chandrasekar, 2001). A fuzzy logic system basically provides a non-linear mapping
of input data vectors into scalar outputs. Any fuzzy-logic algorithm consists of three
main stages: (i) fuzzification; (ii) inference; (iii) de-fuzzification (Lim et al., 2005).
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In this work we have considered, as input data vector, the combination of reflectivity
Zhh , differential reflectivity Zdr and environmental temperature T . This choice is
mainly dictated by the network radar system used for algorithm testing. In order to
generalize the C-band methodology to polarimetric radars, we have also considered
the possible use of specific differential phase Kdp.

In the standard FRAHC-C technique the fuzzification stage is characterized by
10 bi-dimensional membership functions (MBFs) for Zhh and Zdr and 10 mono-
dimensional MBFs for temperature. Temperature for every radar bin is evaluated
by means of a vertical radio-sounding profile realized in proximity of the storm.
In absence of this kind of measurement, a standard temperature gradient can be
assumed as a first approximation. Definition of MBFs is a fundamental task that
affects the classification accuracy. The starting point has been a set of MBFs, orig-
inally described in Straka et al. (2000), usually referred as the fuzzy-logic scheme
developed for the National Severe Storm Laboratory (NSSL) polarimetric radars
at S-band (Zrnić et al., 2001). MBFs adopted in this work have trapezoidal forms
and analytical expressions have been derived by means of accurate observations
of T-Matrix simulations at C-band. Linear fuzzy thicknesses can be different for
each hydrometeor class. Temperature MBFs are also trapezoidal functions, directly
derived from Zrnić et al. (2001). The inference rule (IRi ) for the i-th class is based
on the product of membership degrees, derived from MBFs as it follows when only
Zhh and Zdr are available:

IRi = MZi (Zhh, Zdr )MT i (T ) (14)

where i = 0 − 9, the MZi and MT i are the MBFs for (Zhh , Zdr ) and T of the
i-th class. The choice of product, instead of linear combination, has the purpose to
limit classification errors as far as possible: if, for a given class, one measurement
is significantly out of range, the low value of the corresponding MBF will definitely
suppress the class.

The defuzzification is carried out by a maximum-value rule applied to (14) giving
the estimated hydrometeor class index ic which the radar bin is assigned to:

îc = Maxi [IRi ] i = 0, 1, . . . , 9 (15)

where Maxi is the maximum operator with respect to the i-th class. If two or more
rules present the same maximum value, NC (not classified) label is assigned to the
radar bin.

In order to evaluate the expected classification accuracy, we have generated a
training and test data set consisting of 300 independent simulations of Zhh, Zdr, and
Kdp for each hydrometeor class, with the environmental temperature T uniformly
distributed inside specific intervals. Radar measurements at C-band have been sim-
ulated by adding a zero-mean Gaussian noise to data with standard deviations equal
to 1 dBZ, 0.3 dB and 0.2◦/km for Zhh , Zdr and Kdp, respectively.

Contingency tables, also known as confusion matrices, are used to evaluate clas-
sification accuracy on either real or synthetic data. For comparison, classification
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results using S-band MBFs have been computed. Improvements of the hydrometeor
classification accuracy w.r.t. the use of S-band designed MBFs (Baldini et al., 2004),
measured in terms of overall accuracy (OA) and average non-classified samples
percentage (NCav), are noteworthy: OA rises from 48 to 62%, while NCav decreases
from 26 to 15%.

4.3 Case Study

Available radar data refer to a convective episode occurred in the region between two
dual-polarized C-band radar systems GPM-500C, both located in the Po valley and
about 90 km apart: the S. Pietro Capofiume (SPC) and the Gattatico (GAT) radars,
both managed by ARPA-SIM Emilia-Romagna. Details about the radar systems and
the evolution of the convective event are given by Alberoni et al. (2001), Marzano
et al. (2006).

Reflectivity and differential reflectivity data available from the two radars GAT
and SPC have been first classified with the previously described FRAHC-C tech-
nique, disregarding path-attenuation effects. Temperature vertical average profile
has been retrieved from a vertical radio-sounding made at SPC meteorological sta-
tion. Since truth data regarding the storm on the connection line are unavailable,
only qualitative tests can be carried out. This visual inspection is aimed at evalu-
ating the microphysical consistency of the hydrometeor field and the information
content of each algorithmic choice (Zrnić et al., 2001). Accuracy improvements can
be recognized by direct observations of the RHI diagrams, first with S-band MBFs
and then with C-band MBFs. In the latter case the number of non-classified (NC)
radar bins considerably decreases, and ice crystals detection (IC) is performed in a
more realistic way. Classification results are also physically self-consistent: the hail
core (H and H/R) is correctly detected at the centre of the convective storm, graupel
(G/SH) is reasonably identified all around the hail core, rain is present only at low
altitude while snow and ice crystals (DS, WS, IC) are properly found within the top
layers of the storm.

In order to correct for path integrated attenuation (PIA), since differential phase
shift measurements are unavailable we can exploit the network radar observation of
this convective event by either using a composite field approach or a constrained
inversion algorithm (Iguchi and Meneghini, 1994; Vulpiani et al., 2005).

When a network observation of a storm is available, the path integrated attenuation
(PIA) can be estimated by looking at the differences between the attenuated measured
reflectivity Zhhm , observed from the considered radar, and the non-attenuated reflec-
tivity Zhh , observed by the other radar at the rain-cloud edge. Let us consider the line
connecting the SPC and GAT radars at the lowest elevation angleθ0 = 0.5◦. Along this
line, an average over 2.5 km (10 range bins) gives a value of 5 ± 2.4 dBZ for the radar
reflectivity difference (Z GAT

hhm −Z SPC
hhm ) and 7.5±1.5 dBZ for (Z SPC

hhm −Z GAT
hhm ).

The average value between these two estimates seems to indicate a PIA of about
6.25 dB. In order to reconstruct the equivalent reflectivity range profiles of Zhh and
Zdr , we can apply a set of path-attenuation correction algorithms with PIA constraint
(IguchiandMeneghini,1994;Testudetal.,2000;Vulpianietal.,2005).Mainproblems
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are that radar data are quite noisy and fluctuating, the two radars may suffer for a differ-
ent miscalibration and instrumental noise so that the estimate of PIA may be affected
by a significant uncertainty. Moreover the various correction algorithms may give
different results. In this context, we have decided to perform a maximum likelihood
estimationof Zhh and Zdr byassumingaboundedvariabilityofall theprevioussources
of uncertainty. The goal of the maximum likelihood approach has been to render the
reconstructed reflectivity profiles, estimated from SPC and GAT radar data, as close
as possible along the considered range line. In order to select the optimal estimate
of the corrected reflectivity profile Z C O R

xx (r ), we have minimized, with respect to all
uncertainties, anerror (cost) function E . It isworth remarking that theglobalminimum
of E has been found for a PIA of about 6 dB – with the three correction algorithms
indicating a PIA between 5.5 and 6.5 dB – and a calibration-error bias of about 0 dB.
Finally, the reconstructed profile has been evaluated by means of the average between
the two minimum-error solutions.

The reconstructed Zhh profile is quite close to the composite profile except for the
core region between 31 and 36 km where both measured reflectivities are strongly
attenuated. The effect of the reconstruction of the Zdr profile is quite similar.

Once the range profiles of Zhh and Zdr have been corrected, the hydrometeor
classification algorithm at C-band can be applied. Figure 5 shows the results ob-
tained by using FRAHC-C technique on corrected data. At the lowest radar elevation
we are observing the rain core. This emerges in Fig. 6 from the predominance of LD
and HR classes with some H/R on the left edge of the storm. For comparison, Fig. 7
shows classification results obtained using reflectivity profiles measured from SPC
radar without any path attenuation correction. We note that attenuation correction
tends to remove hail regions, provides a continuity of HR and MR, and reduces the
presence of LD and NC bins.

5 Estimation of Raindrop Size Distribution and Rainrate

A new procedure to retrieve the RSD parameters which can be used to estimate the
corresponding rainfall rates has been recently proposed (Vulpiani et al., 2006). The
polarimetric variables (Zhh , Zdr , and Kdp) are used to retrieve the RSD parameters
by means of an ad-hoc neural network (NN) technique. The reason for this choice
is the ambition to exploit the capability of NNs to approximate strongly non-linear
functions such as those describing the relationships between radar observables and
RSD parameters. A stochastic model, based on disdrometer measurements, is used
to generate realistic range profiles of raindrop size distribution parameters while a
T-matrix solution technique is adopted to compute the corresponding polarimetric
variables at S band.

5.1 Neural Network Retrieval Technique

An artificial neural network is a non-linear parameterized mapping from an input
x to an output y = N N (x; w, M), where w is the vector of parameters relating the
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Fig. 5 Composite elaboration scheme with FRAHC-C application to the RHI section correspond-
ing to the conjunction line GAT-SPC. Radar data refer to 2003, 20th of May, 16:34 GMT (See also
Plate 17 in the Colour Plate Section)
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Fig. 6 Hydrometeor classification using FRAHC-C applied to the corrected profile

Fig. 7 Hydrometeor classification using FRAHC-C applied to SPC data without attenuation
correction
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input to the output while the functional form of the mapping (i.e., the architecture of
the net) is denoted as M. The multi-layer perceptron architecture (MLP), considered
here, is a mapping model composed of several layers of parallel processors. It has
been theoretically proven that one-hidden layer MLP networks may represent any
non-linear continuous function (Haykin, 1995), while a two-hidden layer MLP may
approximate any function to any degree of non-linearity also taking into account
discontinuities (Sontag, 1992). The NN architecture is such that all nodes are fully
interconnected to each other and these interconnections are characterized by weights
and biases. The hidden and output nodes are characterized by the activation func-
tion f which is generally assumed to be a differentiable non-linear function. Here
we chose the sigmoidal function, characterized by the node gain and the node bias
(Marzano et al., 2004). The network is trained using supervised learning, with a
training set D = (xi , ti ) of inputs and targets. During training, the weights (w) and
biases are iteratively adjusted in order to minimize the so called network perfor-
mance (objective) function, which normally is the summed squared error:

ED = 1

2

N∑
i=1

(ti − ai )
2 (16)

where ai is the neural network response. The minimization is based on repeated
evaluations of the gradient of the performance function using back-propagation,
which involvesperformingcomputationsbackwards through thenetwork (Rumelhart,
1986). For the weights w j j , that is the weight of the i-th output node associated to
the j-th hidden value, the use of the delta rule leads to the following updating equation

Δwi j = w ′
i j − wi j = −η0

	ED

	wi j
(17)

where the w j j
′ indicates the updated (new) value of w j j and η0 is the output-layer

learning rate. The algorithm is very sensitive to the proper setting of the learning
rate. For this reason, a back-propagation training with an adaptive learning rate is
crucial. Battiti’s “bold driver” technique (Battiti, 1989) has been implemented in this
work. Gradient descent may get stuck in local minima of the performance function.
The best strategy in this case is to orient the search towards the global minimum,
but the form of the error function may be such that the gradient does not point in
this direction.

The problem can be overcome by including a momentum term m in the weight
updates (Fausett, 1994). In the present study a value of m = 0.9 has been as-
sumed (Hagan, 1996). The ideal neural network is characterized by small errors
on the training set and the capability to respond properly to new inputs. The
latter property is called generalization. The procedure to improve generalization,
called regularization, adds an additional term to the objective function which be-
comes ER = 
ED + (1 − 
) EW . EW is the sum of squares of the networks
weights and biases. In addition we note that, in Aires et al. (2002), the authors
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have experimentally proven that, for noisy data, a one-hidden layer MLP network
may improve the network generalization through the reduction of the number of
parameters. In Bishop (1996), the author demonstrated that, assuming low noise
conditions, training with input perturbation is closely related to regularization.

5.2 Raindrop Size Distribution Retrieval

Reflectivity and differential reflectivity are commonly used for RSD retrieval
(Gorgucci et al., 2002; Brandes, 2002). Specific differential phase shift is a potential
predictor for RSD estimation but it may be affected by a high noise which may per-
turb the results. Consequently, Kdp has been used in Gorgucci et al. (2002) setting
a lower threshold of 0.2 deg km−1. It has been found that the proposed algorithm
performs well even for very low values of Kdp. Moreover, in case of unreliable or
unavailable measurements of Kdp (i.e., radars which do not measure differential
phase), a 2-input neural network algorithm can also be successfully used. The me-
dian volume drop diameter D0 and the intercept parameter Nw are independently
estimated using distinct NNs with 3 (i.e., Zhh , Zdr , Kdp) or 2 inputs (i.e., Zhh ,
Zdr ), according to the availability and reliability of Kdp. The shape parameter μ is
estimated from Zdr and the retrieved values of D0 (as suggested in Brandes, 2002)
using 2-input (i.e., Zdr , D0) NN. Consequently, its estimate is indirectly dependent
on Kdp through D0. The proposed RSD retrieval technique can be formalized in the
following way:

N ND0

(
Zhh, Zdr , Kdp

)
N NNw

(
Zhh, Zdr , Kdp

)
(18)

N NNw

(
Zdr , D̂0

)

if Kdp is available, NND0 (Zhh , Zdr ) and NNNw(Zhh , Zdr ) being used otherwise.
The neural network architecture and regularization parameters have been deter-

mined according to a heuristic monitoring of the generalization capability on test
data, the root mean square error having been used as metric. According to what is
suggested in Aires (2002), it has been found that the one-hidden layer configuration
improves the generalization capability of the NNs. The number of nodes in the hid-
den layer has been fixed to 6 for N ND0 and N NNw, and 12 for N Nμ. A choice of

 = 0.7 has been found to be suitable for the retrieval of all the RSD parameters.
The input perturbation technique has also been adopted in order to increase the
generalization of N Nμ (Zdr , D0).

5.3 Numerical Results on Synthetic Data

The choice of the architecture, learning algorithm and performance function is cru-
cial for the neural network set up. On the other hand, the training data set also
plays an important role to guaranty a high generalization capability. In order to
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“regularize” the neural network and test its robustness, a large highly heterogeneous
data set has been generated by randomly varying the RSD parameters, the axis ratio
relationship and the temperature. The validation of the proposed methodology has
been accomplished using realistic range profiles of RSDs generated using a modi-
fied version of the stochastic simulator proposed by Berne and Uijlenhoet (2005).
It is worth mentioning that it is based on a gamma RSD model with fixed μ (i.e.,
μ = 3). For this reason we have focused on the retrieval of D0 and Nw only. Once
the polarimetric variables have been generated, a zero mean Gaussian noise with
standard deviation equal to 1 dBZ, 0.2 dB and 0.3◦ km−1 has been added to Zhh ,
Zdr and Kdp, respectively.

The sensitivity analysis has been accomplished in terms of mean error ε, root
mean square error RMSE and correlation coefficient r . Figure 8 shows the compar-
ison between the proposed technique and those described in Gorgucci et al. (2002)
(named β method) and Brandes et al. (2002) (named C-G method). The median
volume drop diameter is estimated fairly well by all examined algorithms. The dif-
ferences in terms of RMSE are small but the proposed approach shows a larger cor-
relation between the estimated and true RSD parameters. We found that r (D̂0, D0) is
0.941, 0.856 and 0.796, respectively, for the NN, C-G and β algorithms. Moreover,
the estimation of Nw by means of the β algorithm is affected by a larger error stan-
dard deviation and smaller correlation coefficient as compared to the other examined
methods. The latter have marked differences, especially in terms of correlation,
r (N̂w, Nw) being 0.943 and 0.854, respectively, for the NN and C-G methods. Once
the RSD parameters are estimated using the mentioned algorithms, the correspond-
ing rain rates can be computed using (5). RNN, Rβ and RC-G denote the rain rate
retrieval algorithms based on the neural network, β, and C-G methods, respectively
(see Fig. 9). It has been found that the errors are less than 10 mm h−1 in about 98.2,
85.8 and 90.6% of the cases respectively for RNN, Rβ , and RC-G.

It is worth mentioning that, while the neural network based technique shows
a better performance (RMSE ∼ 3.7 mm h−1, r = 0.951), the differences among
the other algorithms are small. Rβ provides better results in terms of RMSE
(∼8 mm h−1) but a reduced correlation (r = 0.758), the corresponding values for
RC-G being about 11.4 and 0.899.

6 Concluding Remarks

Dual-polarized weather radars are becoming precious tools for both mesoscale
meteorology and operational monitoring of precipitation events. Several hydro-
meteorological and civil protection agencies are converting their radar systems from
single-polarization to dual-polarization. This choice is related to the unique poten-
tialities of this new technology which can enhance the data quality control and the
accuracy of the retrieved products.

Polarimetric radars can be fully exploited if new advanced techniques are ap-
plied to the data processing chain, especially for what concerns the capability of
retrieving microphysical properties of precipitation. In this respect, this contribution
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Fig. 8 Error histograms of the retrieved RSD parameters. The upper panels refer to results obtained
applying the NN technique. The middle and lower panels to the β and C-G methods, respectively
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Fig. 9 Error histograms of the estimated rain rate. The upper panel shows the results obtained
applying the proposed NN technique. The middle and lower panels show the corresponding results
for the β and C-G methods, respectively
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has introduced some examples of these new methodologies which couple detailed
microwave models with sophisticated inversion approaches.

A new stable backward iterative technique to correct for path attenuation and
differential attenuation has been presented. The proposed Neural Network Iterative
Polarimetric Precipitation Estimator by Radar (NIPPER) is based on a polarimetric
model used to train an embedded neural network, constrained by the measurement
of the differential phase along the rain path. The adopted polarimetric model is able
to simulate amplitude and phase radar response starting from the characterization
of raindrop distributions with respect to shape, size and orientation distribution.
Numerical simulations have been used to investigate the efficiency, accuracy and ro-
bustness of proposed technique. The performances of NIPPER at C-band have been
evaluated by using a radar volume scan generated from S-band radar measurements.
The latter have been inverted, using a parametric regression algorithm, in order to
estimate the raindrop size distribution. Sensitivity analysis has been performed in
order to evaluate the expected errors of NIPPER in terms of reconstructed radar
observables.

In order to illustrate a hydrometeor classification procedure, a fuzzy logic ap-
proach has been introduced. Appropriate MBFs, modified for C-band and constitut-
ing the basis of the Fuzzy-logic Radar Algorithm for Hydrometeor Classification at
C band (FRAHC-C) approach, have been determined by means of numerical sim-
ulations and then tested on synthetic radar data. The overall classification accuracy
has considerably increased with respect to the use of S-band MBFs and average
not-classified bins percentage has decreased as well. FRAHC-C technique has been
successively applied to the available radar data, showing accuracy improvements
directly visible by observation of the classified RHIs. A path-attenuation correction
algorithm, based on either a composite approach or a constrained correction proce-
dure, has been also applied to the entire vertical section of the precipitating cloud.
As expected, the impact on hydrometeor classification is noteworthy: final results
appear more robust and microphysically consistent.

Finally, a new neural network algorithm to estimate the raindrop size distribu-
tion from S-band dual-polarized radar measurements has been proposed. The neural-
network algorithm exhibits enhanced features to improve its efficiency, robustness
and generalization capability. Numerical simulations, performed using the detailed
hydrometeor scattering model, have been used to investigate the accuracy of the
proposed methodology. The precipitation model has been characterized in terms of
shape, raindrop size distribution and orientation. A disdrometer-derived stochastic
model has been employed to simulate RSD variability and to construct a test data set.
The error analysis, performed in order to evaluate the expected errors of this method,
have shown an improvement with respect to other methodologies described in the
literature to estimate RSD parameters and, consequently, the corresponding rain rates.

Future developments should aim at developing fully-consistent radar approaches,
especially at C band where path attenuation is not negligible. As a matter of fact,
most European radars are at C band and the capability to extract accurate precip-
itation product is still an ambition to pursue. In particular, the various processing
steps are inherently related and cannot be treated in a separate way. For instance,
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path attenuation should be performed not only for rain, but also for graupel and hail
radar range volumes, but this means to be able to pre-classify the radar observation.
On the other hand, the latter cannot be performed in an accurate manner if path
attenuation is not removed. The same applies to rainrate estimation.

Fully-consistent radar approaches should face the entire problem in a systematic
way. Finally, we should not forget that radar polarimetry does not solve the problem
of the beam occlusion and the need to reconstruct the vertical profile of reflectivity
(VPR) to estimate the near-surface rainfall which is crucial for hydrological appli-
cations. Indeed, the vertical correlation of radar polarimetric observables might be
exploited even for VPR reconstruction.

Other fundamental issues to deal with are also the calibration of polarimeric
radars (in this respect, polarimetric self-consistency can help a lot), the ground clut-
ter and non-atmospheric echo removal (in this respect, polarimetric measurements
can provide a unique data set for proper filtering when coupled with Doppler fea-
tures), the beam filling problem which makes the uniform volume assumption not
realistic (in this respect, the differential phase shift may show some advantages), and
the comparison with surface measurements such as rain gauges or disdrometers (in
this respect, the latter can provide direct estimates of the rain drop size distribution,
but still remains the problem of point-to-area comparison when comparing gauges
with radar data).

In conclusion, microwave radar polarimetry represents a fundamental step for-
ward in geoscience toward an accurate remote measurement of precipitation sys-
tems for a variety of applications, from hydrology to radiopropagation, from civil
protection to meteorology.
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Abstract The present research is devoted to investigate the surface energy balance
and estimate the surface energy fluxes and the evaporative fraction over extended
areas.

The fluxes of heat and moisture at the land surface determine the regional water
balance, and they affect the development and evolution of weather and climate sys-
tems as well as hydrological events. Research and model simulations are showing
how forecast of extreme events significantly improves using distributed information
of soil moisture or heat surface fluxes. Furthermore recent applications prove how
the use of soil moisture indexes can facilitate the calibration of distributed hydro-
logical models on ungauged basins. Following these rising needs of land surface
measurements, for different application field, satellite data assimilation could be
used to supply the estimation of those variables.

Data assimilation techniques provide a useful framework which allow to combine
measurements and model to produce an optimal and dynamically consistent estimate
of the evolving state of the system. A variational assimilation scheme is here used
as basis to estimate variables related to atmosphere-surface interaction processes.
Land Surface Temperature, estimated both from polar and geostationary satellite
platform, is the assimilated variable. Introducing precipitation information allows
a more robust estimation scheme and a better simulation of soil moisture condi-
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1 Introduction

Latest studies have shown that monitoring heat, mass and energy fluxes over ex-
tended areas is becoming more and more important for investigating the dynamics
balance of water resource. The estimation of surface water availability and surface
energy balance terms based on remotely sensed data is advantageous because lim-
ited in situ measurements are available and spatial heterogeneity precludes large-
scale characterization of their fields.

The introduction of this kind of data requires a reformulation of both conceptual
frameworks and operational models in hydrology (Entekhabi et al., 1999).

Remote sensing measurements provide the necessary spatial coverage for the
characterization of energy and mass fluxes at the soil surface; on the other hand
they are not direct observations of land surface hydrological states and parameters.
Remote sensing instruments generally measure radiobrightness or backscatter that
relate to the state of the surface [e.g. Land Surface Temperature (LST)] or to its
properties (e.g. albedo, vegetation indexes. . . ). Fluxes from the surface do not have
a unique signature that can be detected by satellite technologies. Remotely sensed
measurements need to be merged into models or empirical relationship must be
found in order to retrieve variables related to land-atmosphere processes.

In the works of Gilles et al. (1997) and Moran et al. (1994) empirical relations to
infer the surface evaporation rate are based on position in the space defined by LST
and an optical Vegetation Index. Measurements of these two surface properties are
then used to produce maps of land surface evaporation. Scatterplots of vegetation
index and land surface temperature show that regions with similar soil moisture or
evaporation tend to group together.

A more physical approach is to use LST satellite products, combined with sur-
face air micrometeorology measurements, to estimate the contribution of each flux
component to the total surface energy balance.

Surface radiometric temperature observations are utilized to solve the surface en-
ergy balance and partition incoming radiation into various flux components. These
methodologies are typical diagnostic in nature and therefore make flux predic-
tions only for instant in which LST observation is available (Norman et al., 1995;
Bastiaansen et al., 1998; Jiang and Islam, 2001; Su, 2002). Ancillary land surface
parameters such as leaf area index (LAI), surface roughness and the fractional cov-
erage of vegetation are required to accurately estimate near-surface resistance to the
transfer of momentum, energy and water.

An alternative approach to extract such information is to use data assimilation
techniques that can take advantage from merging the remotely sensed data by differ-
ent sensors and with different spatial scales. Furthermore these methods can impose
efficiently dynamic constraint using a model of the system as part of the statistical
state estimation. This approach, in particular the variational technique, has been
deeply investigated and an innovative satellite assimilation scheme is presented.

In the following sections an overview on data assimilation techniques, LST
and cloud mask most popular algorithms is reported. Finally research outline and
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examples of assimilation scheme implementation, applied to Italian regions, are
introduced.

2 Data Assimilation Techniques

The increasing number of satellite platforms is providing a better distributed and
spatial coverage of land surface and atmospheric measurements. Remote sensing
measurements offer a promising new source of information about the land surface.
However, this information is usually only indirectly related to variables of hydro-
logic interest (through nonlinear radiative transfer equations).

The problem of estimating hydrologic variables from remote sensing observa-
tions often requires the solution of ill-posed inverse problems. Constrains derived
from physically-based hydrologic models need to be imposed in order to obtain
unique solutions.

Data assimilation provides a theoretical framework and practical methods for
addressing such constrained estimation problems. It allows us to merge measure-
ments and physical models under the supposition that both provide useful informa-
tion about the state of the system, while containing measurement and model errors
respectively. By appropriately weighting the sources of error in both, the goal is to
ultimately produce a statistically optimal and dynamically consistent estimate of the
evolving state of the system.

Differences approaches on assimilating data can be used. Sequential assimilation
considers observation made in the past until the time of analysis, which is the case
of real-time assimilation system. In non sequential or retrospective assimilation the
observation from the future can be used in a reanalysis exercise. Another distinction
can be made between methods that are intermittent, where observations can be pro-
cessed in small batches, or continuous in time, where longer periods are considered
and the correction the analysed state is smooth in time (Bouttier and Courtier, 1999).
Compromises between these approaches are possible.

In meteorology and oceanography there is a well established history of using
data assimilation and many assimilation techniques have been developed, differing
in numerical cost, optimality and suistability for real-time applications.

In Ghil and Manalotte-Rizzoli (1991) a good comparison of the various tech-
niques is provided. In the recent year data assimilation has been also applied to
land-atmosphere interaction research field. Hydrologic data assimilation as a state
estimation problem has only very recently become a topic of widespread interest.
Theoretical bases on data assimilation techniques applicable to hydrologic and geo-
logic science are reported in Castelli and Entekhabi (2002).

Data assimilation techniques can be roughly divided in two main categories:

1. Variational techniques (3DVAR, 4DVAR)
2. Derived Kalman Filter techniques (filter and smoother methods)

These approaches will be briefly described in the following subsections.
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2.1 Variational Techniques

Variational data assimilation techniques have a well-established history in meteorol-
ogy and oceanography (Li et al., 1993; Bennett et al., 1998 . . . .). In the last ten years
these techniques have begun also to be applied in land surface applications (Castelli
et al., 1999; Boni et al., 2001b; Reichle et al., 2001; Margulis and Entekhabi, 2002;
Caparrini, 2001, 2003).

The three-dimensional (the space dimensions) variational data assimilation
(3DVAR) uses one-time observations to produce initial conditions statistically th-
rough forecast fields and observational data. The four-dimensional (with time as the
fourth dimension) variational data assimilation (4DVAR) differs from the 3DVAR
for including the dynamics evolution of the model in the assimilation (Holm, 2003).

The central concept in variational data is the adjoint model. This is obtained by
linearizing the forward (forecast) model along a trajectory producing the tangent-
linear model, and obtaining the adjoint. In other word, it is based on an inverse
physical constraint derived from the forward model and the assimilation problem
is then redefined as an iterative process with which we want to minimize the gap
between observed fields and initial model states. Thus variational techniques require
differentiable models. Process noise can only be additive and Gaussian. Any changes
in model structure require the reformulation of the adjoint, so the model framework
can’t be modified easily. All data are used in a single batch window to estimate the
state and obtain the best solution. Formally it is an optimization problem with equality
constrains which may be solved through the Lagrange multipliers technique.

Recent advances in land data assimilation have yielded variational techniques
designed to solve the surface energy balance on multisensor imagery sequences of
surface radiometric temperature (Caparrini et al., 2004a).

This approach has a number of potential advantages over existing diagnostic
models, including the ability to make energy flux predictions between observa-
tion times and reduced requirements for ancillary parameter estimation (Crow and
Kustas, 2005).

The variational scheme is a powerful choice since it uses all the observations
from both polar and geostationary platforms, with different resolution, in an assim-
ilation window (daily interval) and improves the estimation of the unknowns by
repeatedly integrating forwards and backwards through the model. The LST is the
assimilated variable into a force-restore equation for surface temperature. It is an
optimal state variable as it contains implicit information about the partitioning of
available energy into latent, sensible and ground heat fluxes in the way in which it
evolves during the day. It is shown that sequential surface temperature data contain
useful information on dynamics energy balance and may be used to improve the
energy fluxes estimation. Net Radiation, wind speed and air temperature are the
forcing meteorological data. The variational approaches demonstrate promise for
flux retrievals at dry and lightly vegetated sites, however a less accurate prediction
appear over wet and/or vegetated land surfaces. Over densely vegetated and wet
surfaces the presented variational smoothed approaches could be ill-posed, as there
are small or non-variable differences between surface and air temperature.
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2.2 Derived Kalman Filter Techniques

An important difference between the Kalman Filter and variational technique is that
the first performs an analysis at each time step of the model, using only the observa-
tions available during that timestep, the second all observations in the assimilation
window (Holm, 2003). If we compare the Kalman Filter integration and the 4DVAR
integration inside the assimilation window of 4DVAR, the variational solution is a
continuous curve, whereas the Kalman Filter has jumps at each timestep. The word
Filter characterizes an assimilation techniques that uses only observation from the
past to perform each analysis. An algorithm that uses observations from both past
and future is called a smoother. 4DVAR can be regarded as a smoother.

In the Kalman Filter the errors are considered to evolve linearly during a sin-
gle timestep of the model. It provides the optimal state estimate for linear system,
therefore of little use in hydrological applications where the physical model equa-
tions are often nonlinear and contain thresholds. Extended Kalman Filter (EKF) for
nonlinear systems approximate expressions has been developed and been success-
fully applied to the land data assimilation problem (Entekhabi et al., 1994; Walker
and Houser, 2001), but its use in this application would require derivation of a tan-
gent linear model to approximate the land surface model, as well as techniques to
threat the instabilities which might arise from such an approximation (Dunne and
Entekhabi, 2004a).

The EKF is a first-order linearization approximation of the nonlinear system. An
alternative sequential estimation technique for non linear problems is the Ensemble
Kalman Filter (EnKF).

An ensemble of model states is integrated forward in time using the nonlin-
ear forward model with replicates of system noise. At update times, the error co-
variance is calculated from the ensemble. The tradition update equation from the
classical Kalman Filter is used, with the Kalman gain calculated from the error
covariances provided by the ensemble. This technique has been successfully imple-
mented (Reichle et al., 2002; Margulis et al., 2001; Crow and Wood, 2003).

The Ensemble Kalman Smoothers (EnKS) (Evensen and Leeuwen, 2000) are
an extension of the EnKF in which information from the observation at update
time t is used to update, not just the state estimate at that update time, but also
at previous time, t’. The EnKF solution is the “first guess” of the EnKS (Dunne and
Entekhabi, 2006).

Ensemble-based methods are appealing as they obviate the need for an adjoint.
Any model can be used. But estimates are conditioned on past measurements only.

3 Land Surface Temperature Estimation

In order to integrate effectively the use of remotely sensed images into a variational
scheme based on surface energy balance model, the development of accurate and re-
liable methodologies of LST estimation from remote data turns out to be mandatory.
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The direct in situ measurement is made very difficult by the extremely large temper-
ature gradients that commonly occur near the surface in the air and the soil media, by
the finite dimensions of the temperature sensors and by the difficulties of ventilating
and shielding the sensor when it is placed at the surface. Remote sensing techniques
appear to be the new frontiers for detecting this variable.

Over the decades, the techniques for measuring the Sea Surface Temperature
(SST) and LST from space radiometry have improved in terms of method, instru-
mentation, as well as computation. The success in SST estimation made researchers
anticipate similar success for LST. In contrast, it was identified that the retrieval of
this variable it is much more complicate. Apart from the attenuation in the trans-
mitted radiance caused by the atmosphere, the problem is also complicated by the
highly variable land surface emissivity, as its dynamics has a wider range and can
vary over short distances. Moreover, a proper LST validation is also difficult because
the derived LST is representative for the whole pixel, while point temperatures mea-
surements can vary over short distances.

In order to obtain LST from space radiometry, three main effects have to be
considered and corrected for: atmospheric, angular and emissivity effect. Besides
the complications due to atmospheric attenuation, a direct separation of LST and
emissivity from passive radiometer measurements alone is not feasible because the
problem is underdeterminated: for a sensor with N spectral channel, there are N
measurements but N+1 unknowns. For resolving this ill-posed problem, additional
assumptions are necessary to constrain the extra degree of freedom, which has led to
different temperature-emissivity separation methods. As land surface emissivity is
less variable, in space and time than LST, it is reasonable to estimate emissivity first
and then calculate LST (Dash, 2004). Satellite sensors observe the land surface at
different viewing geometries and, therefore estimated brightness temperatures must
also be compensated for the zenith angle. LST algorithms must account for this
effect in order to provide results that are indipendent of observation geometry.

A recent comprehensive review of both LST and emissivity estimation tech-
niques from passive sensor data is given by Dash et al. (2002b). The prevalent
methods of LST estimation that required a priori surface emissivity information
could be grouped as follows:

– Single channel method: This method uses radiance in one infrared window chan-
nel and correct the atmospheric effects to determine LSTs (Price, 1983; Susskind
et al., 1983). It requires that the vertical and horizontal distribution of temper-
ature and water vapor in the atmosphere is accurately known. Possible sources
for atmospheric profiles are vertical sounding instruments on satellites, data from
numerical weather prediction models and radiosondes. It uses a radiative transfer
model to simulate satellite measurements over a range of surface parameters for
a given atmosphere.

– Multi angle method: Assuming that the atmospheric column is spatially uniform,
the method exploits the differential absorption due to different atmospheric slant
path-lengths when the same object is observed under different viewing angles for
a given channel (Sobrino et al., 1996).
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– Split window technique: Due to its operational simplicity, it is the most popular
method. It uses differential absorption between two channels within one atmo-
spheric window in order to eliminate the atmospheric influence, and calculates
LST as a linear combination of two brightness temperatures.

It is due to underline however that its coefficients are strictly valid only for the
data-set used to derived them and for the sensor and do not always reflect the real
situation. The algorithms and instrumental approach have evolved from the use of
a single window channel on a polar satellite to the use of multispectral radiometer
observations from both polar orbiting and geostationary satellites. An overview of
the most popular algorithms is reported in the following.

Most studies on LST have focused on the use of polar-orbiting satellite systems,
such as NOAA-AVHRR and MODIS. These studies indicate that it is possible to
retrieve LST at a reasonable accuracy (with a Root Mean Square Error of 1–3 K)
from current operational and research satellite-borne visible/infrared radiometers.

Price (1984) algorithm was one of the first methods focusing on retrieval LST
from AVHRR. By simplifying the atmospheric influence and using radiative transfer
theory, Price developed a split window which has been used extensively.

Ulivieri et al. (1992) formulated a more reliable approach, that has been applied
to different locations with good results.

Based on radiative transfer theory and numerical simulations, Becker and Li
(1990a) proposed a linear combination of the temperature of channel 4 and 5, in
which the local coefficients depend on surface emissivity by they are independent of
the atmospheric effect. The coefficients were calculated from numerical simulations
and accounted for the local atmospheric effect.

Sobrino et al. (1991) related the coefficients to the state of the atmosphere as
well as to surface emissivity. Total amount of water vapour in atmosphere and at-
mospheric absorption coefficient are taking into account.

Kerr et al. (1983) proposed a semi-empirical algorithm that classifies surfaces
either as bare soil or as vegetated area. The two classes are obtained calculating the
area fraction from Normalized Difference Vegetation Index (NDVI). Values of min-
imum and maximum of NDVI in the area of study are required. The LST is defined
as a linear combination of bare soil temperature and temperature of vegetated area.

In the formulation of Coll et al. (1994) it was considered also the effect of satellite
zenith angle. Coefficients are related to atmospheric transmissivity for nadir viewing
and the type of atmosphere.

Becker and Li (1995) modified their previous algorithms by including the
atmospheric water vapour content. Coefficients were calculated using the low reso-
lution transmittance (LOWTRAN) code. Wan and Dozier (1996) proposed a Gen-
eralized Split window Method (GSM) for retrieving LST either form AVHRR and
MODIS data. Accurate radiative transfer simulations showed that the coefficients
of the split window algorithm for LST must vary with the viewing angle. This al-
gorithm is less sensitive to uncertainty in emissivity and to instrument quantization
error. NASA Land Surface Temperature Group provides per-pixel LST products
with an accuracy better than 1K from MODIS data. They use two LST algorithms,
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one is the GSM and another is the physics based day/night LST method (Wan and
Li, 1997).

The temporal measurements frequency of the polar orbiting satellite measure-
ments is approximately 2 times per day, which is inadequate for many applications
(Sun et al., 2004). Experiments on the effects of sparse temporal sampling showed
that observation within a 3 h window around the mean time of daily maximum is
most effective to capture information on the cumulative heating and available energy
partitioning at the land surface (Boni et al., 2001a). For the purpose of land surface
energy balance estimation, based on thermal remote sensing, sampling strategies and
satellite orbits that yields data at least near the peak of the diurnal cycle may then
be considered. Geostationary satellites, as they provide diurnal coverage, are partic-
ularly suitable for investigating land-surface interaction processes. Otherwise less
work has been done on retrieving LST from radiometers on board of those satellites.

Prata and Cechet (1999) investigated LST retrieval from the Japanese Geostation-
ary Meteorological Satellite (GMS)-5, using a split window algorithm. LST from
GOES-8 was addressed by Sun and Pinker (2003). Two algorithms are developed
based on radiative transfer theory; one is similar to the classical split window ap-
proach used to derive SST, while the other is a three channel algorithms. The three-
channel LST algorithm aims to improve atmospheric correction by utilizing the
characteristics of the middle-infrared (MIR) band. Effects of both the atmospheric
and the surface emissivity are accounted for. Gottsche Olesen (2001) modeled the
diurnal cycle of brightness temperature extracted from METEOSAT data.

Dash et al. (2002a) investigated the potential of MSG-SEVIRI radiometer for
surface temperature and emissivity estimation. On the basis of SEVIRI’s spectral
and temporal resolutions the Thermal Infrared Spectral Indices (TISI) day/night
method is selected for estimating emissivity. In order to obtain a fast and accurate
procedure for the estimation of channel emissivities and LST, the combination of
the TISI day/night method with a neural network (NN) for calculating atmospheric
variables is proposed.

Sobrino and Romaguera (2004) developed a physical-based split window algo-
rithm for retrieving the surface temperature from SEVIRI data in the thermal in-
frared bands 10.8 e 12.0 � m. The proposed algorithm takes into account the angular
dependence and it was tested with simulated SEVIRI data over a wide range of
atmospheric and surface conditions.

Peres and DaCamara (2004) suggests that an algorithm based on the two-
temperature method (TTM) may be used as a complementary method to split
window algorithms over areas where LSE is not well known a priori.

The pre-operative LAND-SAF LST products for SEVIRI data is derived by the
GSW algorithm, adapted to SEVIRI data (Madeira, 2002). Look-up table of optimal
coefficients is previously determined at individual classes of satellite viewing an-
gles, and covering different ranges of water vapour and near-surface air temperature.
The retrieval of land surface emissivity is based on the Vegetation Cover Method
(VCM; Caselles et al., 1997) that relies on the use of a geometrical model to compute
an effective emissivity based on the knowledge of the Fractional Vegetation Cover
(FVC), also retrieved by the LSA SAF.
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Recent studies are also focusing on applying Support Vector Machines tech-
niques (Cristianini and Shawe-Taylor, 2000), recently introduced in kernel based
architectures, to estimate LST.

Only few methods exist which do not strickly require a priori emissivity infor-
mation and perform simultaneous retrievals of the geophysical parameters (Wan and
Li, 1997; Dash et al., 2002a).

4 Cloud Mask Algorithms

When using satellite imagery to study the land surface it is important to eliminate
all pixels that could possibly contain any source of cloud contamination, even at
the expense of removing some clear pixels as well. Maps of vegetation index and
land/sea surface temperature must be cleaned from cloudy contamination, as values
calculated over those pixels are not related with land surface characteristics.

Most of the work on cloud estimation has been done using window channels
on imaging instruments. Some of them are simple and fast, some are more compu-
tationally intensive and others require empirical data, simulated datasets, radiative
transfer models or some sort of training in order to accurately identify clouds. The
most popular techniques are briefly described as follow.

– Threshold technique: Over the year, a number of cloud mask methods applied
to AVHRR and MODIS data, has been developed using pixel-by pixel process-
ing (Saunders and Kriebel, 1988; Derrien et al., 1993; Hutchison et al., 1997;
Caparrini, 2001; Vemury et al., 2001; Ackerman et al., 2002; Chen et al., 2002;
Di Vittorio and Emery, 2002). The simplicity of this technique makes it attractive
and easy to implement for operative purposes. These methods use approaches
based on fixed or dynamic thresholds obtained from single or combination of
channels in the visible and thermal bands of the spectrum. This involves find-
ing high reflectance pixels in visible channels and low brightness temperature in
infrared channels. A thresholds is set such that if a pixel is brighter or colder
than the threshold, the pixel is assumed to be cloud covered. The fractional area
covered with cloud is simply the ratio of the number of cloudy pixels to the total
number of pixels. Thresholds cloud detection techniques are most effective at
night over water. Over land, the threshold approach is further complicated by the
fact that the emissivity in the infrared window varies appreciably with soil and
vegetation type. It is also difficult to classify partly cloudy pixels.

– Multispectral technique: Multispectral approaches offer several opportunities for
improved cloud detection. In this category it is grouped the cloud retrieval tech-
niques that rely on radiance measurements at two or more wavelengths and use
simple models to make retrievals.
The algorithm developed by the Satellite Application Facility (SAF) on support
to Nowcasting and Very Short-Range Forecasting of the EUMETSAT Ground
Segment (see http://nwcsaf.inm.es), is based on multispectral threshold technique
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applied to each pixel of the image. A first series of tests allows the identification
of pixels contaminated by clouds or snow/ice. The tests, applied to land or sea
pixels, depend on the solar illumination and on the viewing angles. Most thresh-
olds are determined from satellite-dependent look-up tables using as input the
viewing geometry, NWP forecast fields and ancillary data. Some thresholds are
empirical constant or satellite-dependent values. A spatial filtering is applied,
allowing to reclassify pixels having a class type different from their neighbours.
A test is applied to cloud contaminated pixels to check whether the cloud cover
is opaque and completely fills the Field Of View. This first series of tests allows
to determine the cloud cover category of each pixel (cloud-free, cloud contam-
inated, cloud filled, snow/ice contaminated or undefined/non processed). A sec-
ond process, allowing the identification of dust clouds and volcanic ash clouds,
is applied to all pixels.

– Radiative transfer technique: Radiative transfer techniques are similar to the mul-
tispectral, but they use the results of more complex radiative transfer calculations
to make retrievals. The advantage of using radiative transfer calculations is that
they allow the retrieval of parameters, such as cloud optical depth and micro-
physical properties, that are not retrievable with other methods.

– Histogram technique: Histogram techniques serve as alternates to threshold tech-
niques (Kidder and Haar, 1995, Chapter 6). The basic idea is that a histogram of
the pixels in an area will show clusters of pixels that represents cloud or surface
types. The histograms have as many dimensions as the number of channels of
data. Unfortunately some histograms are much more difficult to interpret because
some cloud or surface types are too variable to form a local maximum in the
histogram.

Less common are techniques that use neural network-type algorithms trained on
manually cloud-masked data (Uddstrom et al., 2001). Mixed techniques are used to
detect and classify clouds too.

5 Satellite Data Assimilation: Application
to Mediterranean Regions

The variational literature described in Section 2.1 represents the starting point of the
research activity, that aims to the formulation of a robust model for the estimation
of the moisture conditions and the energy fluxes at the soil surface. The main goal
is to improve the estimation of evaporative fraction and latent and sensible fluxes
over wet soil and vegetate areas. The model should be implemented for widespread
application and the outputs should be used for both hydrological and meteorologi-
cal applications. The multiscale scheme introduced by Caparrini et al. (2004a), the
“combined source” version, is modified in order to take into account the contribution
of precipitation observed data. In the original variational assimilation scheme, no
rainfall data was used. The wide availability of rainfall observations from different
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sensors (raingauges, radars, satellites) makes these data easily available and useful
for several applications. In the following a summary description of model and its
applications is provided. Mayor details could be find in Sini (2005). The variational
assimilation scheme is based on the definition of a penalty function that incorpo-
rates, as physical constraint through Lagrange multipliers, a simple surface energy
balance model for the prediction of LST evolution.

The first term of the penalty function is a quadratic measure of the misfit between
model predictions and LST observation. This has to be minimized on the parameter
space under constraint. The dynamic equation of heat diffusion in the soil, in its
simplified force restore approximation, is the model physical constraint:

dTs

dt
= 2

√
πω

Rn − H − L E

P
− 2πω(Ts − Tdeep) (1)

where Ts is the LST, � is the dominant frequency, P is the effective thermal inertia,
Rn is the net radiation at the surface, H and LE are the turbulent sensible and la-
tent heat fluxes, using the bulk transfer formulation, and Tdeep is a “restoring” deep
ground temperature.

A simplified mass balance equation, the Antecedent Precipitation Index (API) is
used to link the precipitation field into the model scheme:

d(AP I )

dt
= −γ (AP I ) + I (2)

where γ is the decay API parameter and I the intensity of precipitation. It represents
a soil saturation index obtained by means of a composition of previous precipitations
(WMO, 1983). For its simplicity and differentiable form it is a suitable equation
to be used inside a variational scheme. The saturation effect could be taken into
account estimating the daily decay factor inside the assimilation process.

The constraint equation can be written in terms of Evaporative Fraction (EF),
defined as the ratio between the latent flux and the sum of turbulent fluxes, a use-
ful parameter as it is almost constant during the daytime (Crago, 1996; Crago and
Brutsaert, 1996).

An empirical relation between API and EF is found in order to join precipitation
input into the force restore equation:

E F = a + b
arctan(K AP I )

π
(3)

where AP I is the mean daily API, K a land use related parameter, a and b constant
terms. In this way both the dynamics equation of heat diffusion and API are used as
constraints with the adjoint technique.

The neutral bulk transfer coefficient (CB)N, supposed equal for sensible and latent
heat fluxes, K and γ , imposed positive over all domain, are the estimated parameters.
The first two are forced to have a monthly variability and the last one changes on a



104 F. Sini et al.

daily scale. Ancillary data on soil and vegetation features are not necessary as the
parameters are evaluated inside the assimilation scheme. Land surface temperature,
from different sensor and platform, is the assimilated variable. The scheme is formu-
lated using a multi-scale approach. The misfit measure is formulated here in such a
manner that LST observations with different accuracy and/or different spatial reso-
lution, provided by different sensors, may be used together in the same assimilation
sequence. A matrix of weighting factors allows to pass from each satellite resolution
pixel to grid domain (Caparrini et al., 2004a). Both polar and geostationary data
from different platform can be used at the same time. The benefit of using different
platforms is a better estimation of LST and an increase of available data time step.

Net Radiation, wind speed, precipitation and air temperature are the forcing
meteorological data. The deep ground temperature Tdeep is estimated with a semi-
diurnal filter of surface temperature (Caparrini et al., 2003).

Model provides daily EF map and hourly energy fluxes inside the daytime
window.

5.1 Case Studies

The variational model has been validated over the US Southern Great Plains site,
from June 18th to July 18th 1997, on a subdomain of about 64000 km2, where mea-
surements of surface fluxes from eddy correlation stations and soil moisture from
ESTAR L band radiometer were available. LST from GOES, AVHRR and SSM/I
sensors are assimilated over the specified region every 30 minute, when data are
available. Micrometeorological data from the US Department of Energy’s Atmo-
spheric Radiation Measurement (ARM) archive, interpolated over the grid domain
(4 km × 4 km) are used as forcing data. The gridded precipitation field (WSR-88D
Nexrad radar calibrated precipitation estimates) created by the Hydrometeorologi-
cal Analysis Support forecasters at the Arkansas Red Basin River Forecast Center,
and the raingauge measurements are used as precipitation input. The application on
the SGP site has shown consistent estimation of hourly turbulent fluxes and daily
EF with ground measurements (Fig. 1) and pattern similarities between ESTAR
soil moisture fields and EF maps. EF estimated with this new approach seems to
simulate with a good accuracy the real conditions, especially when evaporation ap-
proaches its potential values. Furthermore EF can be estimated continuous in time
and space, also over day where LST observation are not available. A significant
improvement was obtained using precipitation radar data instead of gauge data in-
terpolated over the domain. This experiment has prepared the path for applications
on areas where heat fluxes and soil moisture measurements are not available. Model
output could make up for the lack of measurements on that region and provide a
better distributed data.

The new generation of Meteosat geostationary satellites permits to easily imple-
ment this approach over European-African regions, as LST estimation can be avail-
able each 15 minutes. Two case studies over Italian regions have been set; one over
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Fig. 1 SGP97 case study, El Reno site – Comparison between daily modeled and measured evap-
orative fraction EF. Right axis-Black dot: modeled EF. Red Square: average measured values. Red
bars indicate the range of measurements values. Several ground stations data are available for this
site. Left axis-Blue histogram: Daily precipitation values (See also Plate 18 in the Colour Plate
Section)

Basilicata, a southern semi-arid region, and another over Tanaro, a northern-western
basin. A dataset of SEVIRI, AVHRR and MODIS images and micrometeorogical
data from the regional micrometeorological and raingauge networks are available.
The computational square grid size has been set of about 3 km, for both exper-
iment fields. A split window algorithm (Sobrino and Romaguera, 2004; Ulivieri
et al., 1992) has been applied to estimate LST from SEVIRI and AVHRR data. A
threshold cloud mask, computationally fast and suitable for operational and auto-
mated detection, has been implemented and applied to each pixel of SEVIRI data
(Fig. 2). MODIS and AVHRR cloud mask and MODIS LST products are provided.
In both case studies model is able to simulate the LST with an accuracy inside 2–4
degrees, and the diurnal circle is captured even if few satellite images are available
for that day (see Fig. 3).

The period of study over Basilicata region (about 10000 km2) covers one month,
from 12th of June to 11th of July 2004. For this case study also Limited Area Model
(LAM) forecast fields by Lokal Modell (Doms and Schaettler, 1999; Corazza and
Sacchetti, 2005) of air temperature, net radiation and wind speed have been pro-
vided. Model performance using both meteorological forcing has been tested. Land
use and vegetation cover patterns seem well captured (see Fig. 4–5). Physical val-
ues of the estimated parameters for both cases are comparable to those reported
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Fig. 2 Southern Italy – Example of cloud mask product. Left: cloud mask applied to SEVIRI “IR
10.8” data. Right: SEVIRI “IR 10.8” data - Brightness temperature [K] (June 26th, 2004 – 13.15
UTC) (See also Plate 19 in the Colour Plate Section)
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Fig. 3 Basilicata case study – Julian day 180: Daily set-up, from 8 am to 6 pm, of LST and
micrometeorological forcing at 1 hour time step. (a) Observed LST [K], (b) Modeled LST [K], (c)
Air temperature [K], (d) Incoming net radiation [W/m2], (e) Ground temperature [K], (f) Wind
velocity [m/s]. The calculation grid size is 3 km × 3 km. Micrometeorological data from ground
station (air temperature, incoming net radiation, wind speed) are interpolated and resampled at grid
resolution (See also Plate 20 in the Colour Plate Section)
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Fig. 4 Basilicata case study –Logarithmic maps of estimated parameters: neutral bulk transfer
coefficient [log(CB)N], land use index K [log(K)] and the averaged daily values of API decay
factor [log(γ )]. In the left and right side parameters maps, obtained using respectively interpolated
ground data and LAM fields as forcing, are shown (See also Plate 21 in the Colour Plate Section)

Fig. 5 Basilicata region – Normalized Difference Vegetation Index (NDVI) product by SEVIRI
data, June 2004 (See also Plate 22 in the Colour Plate Section)
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in literature (Stull, 1994). Checked anomalies in log(CB)N pattern compared with
land use-NDVI map, in the case of using interpolated ground data as forcing, could
be due to an adjustment of the model to measurements errors, especially to wind
observations. Modelled temperatures are closer to the observations using forecast
fields as forcing. It is probably due to the poor quality of ground stations dataset.
Results are promising and the use of LAM fields open the possibility to imple-
ment model over ungauged area or over bigger portion of territory, diffult to man-
age using data from different sources and owner networks, or when data quality is
not assured. Final goal of this study is to verify the possibility of using estimated
evaporative fraction for improving the framework of atmosphere-surface interaction
processes and calibration of hydrological models. Tanaro basin has been selected
as rainfall-runoff model (Gabellani, 2005) was already implemented over that re-
gion. The variational scheme has been implemented from 27th september to 18th
november 2005. Averaged estimated evaporative fraction over the Orba sub-basin
(see Fig. 6) has been used to calibrated the hydrological model, as an alternative
source to runoff measurements Q. Previous results (Gabellani et al., 2005) show the
promise of this approach over ungauged river, but the need of a major interaction
and fusion between the surface balance scheme and hydrological model. Both Q and
EF could be used for improving processes schematization due to their competitive
nature into model, given a good knowledge of the relevant processes.

Fig. 6 Tanaro case study. Right axis-Red dots: estimated EF averaged over Orba basin. Bars indi-
cate the pixels values range. Left axis-Daily precipitation averaged over the domain (See also Plate
23 in the Colour Plate Section)
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6 Concluding Remarks and Open Questions

The estimation of the different components of the energy balance at the land surface
is recognized to be a crucial research field in many hydrological and meteorological
problems. Many water resources and agricultural management applications require
the knowledge of surface evaporation and evaporative fraction over a range of spa-
tial and temporal scales. Over large areas remote sensing is the only realistic either
economically or logistically technique that can provide the requested coverage. Re-
mote sensing however cannot readily provide directly heat fluxes measurements or
atmospheric variables of the energy balance. Consequently, the combined use of
remote sensing and ancillary surface and atmospheric observations seems to be the
winner approach to solve this kind of problem. Data assimilation techniques with
modeling may take advantage of both data reaching the best efficiency. LST assim-
ilation scheme, that takes into account the surface energy balance and simplified
soil moisture dynamics, represents a promise as operational tool for the monitor-
ing of surface energy fluxes and the EF estimation, under a variety of land cover
types and environmental conditions. However research must continue to investi-
gate on the reliability of retrieved fluxes when ratiation is the limiting factor, or
over mostly cloudy periods, when LST observations are more affected by errors or
not available. Future research should be oriented towards a major interaction and
fusion between the land surface balance scheme and hydrological-meteorological
models.
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tation, Università degli Studi della Basilicata.

Sobrino, J. and M. Romaguera, 2004: Land surface temperature retrieval from MSG1-SEVIRI
data. Remote Sensing of Environment, 92, 247–254.

Sobrino, J. A., C. Cool, and V. Caselles, 1991: Atmospheric correction for land surface temperature
using NOAA-11 AVHRR channels 4 and 5. Remote Sensing of Environment, 38, 19–34.

Sobrino, J. A., M. P. Stoll, and F. Becker, 1996: Multi-channel and multi-angle algorithms for
estimating sea and land surface temperature with ATSR data. International Journal of Remote
Sensing, 17, 2089–2114.

Stull, R. B., 1994: An Introduction to Boundary Layer Meteorology. Kluwer Academic Publishers.
Susskind, J., J. Rosenfield, and D. Reuter, 1983: An accurate radiative transfer model for use in the

direct physical inversion of HIRS2 and MSU temperature sounding data. Journal of Geophysi-
cal Research, 88, 8550–8568.

Su, Z., 2002: The surface energy balance system (SEBS) for estimation of turbulent heat fluxes.
Hydrology and Earth System Sciences, 6, 85–99.

Sun, D. and R. T. Pinker, 2003: Estimation of land surface temperature from a geostationary
operational environmental satellite (GOES-8). Journal of Geophysical Research, 108(D11),
4326.

Sun, D., R. T. Pinker, and J. B. Basara, 2004: Land surface temperature estimation from the next
generation of geostationary operational enviromnental satellite: GOES M-Q. Journal of Applied
Meteorology, 2, 363–372.

Uddstrom, M., W. Gray, R. Murphy, N. Oien, and T. Murray, 2001: A bayesian cloud mask
for sea surface temperature retrieval. Journal of Atmospheric and Oceanic Technology, 16,
117–132.

Ulivieri, C., M. Castronuovo, R. Francioni, and A. Cardillo, 1992: A split window algorithm for es-
timating land surface temperature from satellites. In COSPAR, 27 Aug-5 Sep. Washington, DC.

Vemury, S., L. Stowe, and V. Anne, 2001: AVHRR pixel level clear-sky classification using
dynamic thresholds (CLAVR-3). Journal of Atmospheric and Oceanic Technology, 18,
169–186.



Measurements of Hydrological Variables from Satellite 113

Walker, J. P. and P. Houser, 2001: A methodology for initializing soil moisture in a global cli-
mate model: Assimilation of near-surface soil moisture observations. Journal of Geophysical
Research, 106(D11), 11761–11774.

Wan, Z. and J. Dozier, 1996: A generalised split-window algorithm for retrieving land surface
temperature from space, IEEE Transactions on Geoscience and Remote Sensing, 34(4), 892–
905.

Wan, Z. and Z. Li, 1997: A physics-based algorithm for land surface emissivity and temperature
from EOS/MODIS data. IEEE Transactions on Geoscience and Remote Sensing, 35, 980–996.

WMO, 1983: Guide to meteorological practice. World Meteorological Organization, Publ.n.168.



Part 2
Data Merging and Dowscaling



Geostatistical Tools for Validation of Satellite
and NWP Model Rainfall Estimates

David I.F. Grimes

Keywords Rainfall validation · Geostatistical methods · Rainfall variogram ·
Kriging algorithm

1 The Rainfall Validation Problem

Traditionally, rainfall information has been in the form of raingauge records where
the rainfall is observed at a particular point on the Earth’s surface. In recent years,
increasing use has been made of satellite-based rainfall estimates, radar images and
NWP (numerical weather prediction) model products. In all these cases, the rain-
fall information is presented as areal averages over gridboxes (NWP models) or
pixels (radar, satellite). A question of comparison of these areal products with the
point gauge data often arises in the process of calibration or evaluation of rainfall
algorithms. The mismatch of spatial scale makes the problem non-trivial. The prob-
lems are exacerbated by sparse gauge networks and, as that is frequently the case
in Africa, examples used in the course of this lecture will be taken from African
rainfall data.

Figure 1 shows climatological, summer season (June–September) rainfall for
Ethiopia in east Africa. The numbers on the figure indicate raingauge values from
synoptic stations while the shading represents the output from the European Centre
for Medium-range Weather Forecasting (ECMWF) ERA-40 model. The question is
how can we make best use of the raingauge data to judge the accuracy of the model
output?

For an appropriate comparison, we require

� estimation and validation data should be at same spatial and temporal scale
� there should be an uncertainty estimate associated with each validation value

One way to meet these requirements is to make use of geostatistical methods.

D.I.F. Grimes
TAMSAT, Dept of Meteorology, University of Reading, RG6 6BB, Reading, UK

S. Sorooshian et al. (eds.), Hydrological Modelling and the Water Cycle, 117–143
C© Springer Science+Business Media B.V. 2009
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Ethiopian mean summer season rainfall

Fig. 1 Comparison of gauge and ERA40 rainfall (1971–2000 climatology)/cm (See also Plate 24
in the Colour Plate Section)

2 The Geostatistical Solution

2.1 Geostatistics and Kriging

Geostatistics is a set of statistical technique for interpolation of physical parameters
taking into account the characteristics of their spatial variability. It is most useful
in the estimation of parameters which have an element of random variability in
space but which also show a degree of spatial correlation. Geostatistics derives from
situations in mining in which it is necessary to estimate the areal distribution of
an ore (gold, copper etc) from a few borehole measurements (Krige 1951). This is
analogous to rainfall estimation for which we have accurate observations at a few
raingauges and wish to infer the distribution of rainfall over the surrounding area.

Kriging is a linear interpolation technique used within the geostatistical frame-
work. Given a number of measured values zi at locations ri within region A, the
value zr at a new location r can be estimated as a weighted average of the zi .

z∗
r =

∑
i

λir zi (1)

where λir represents the weight attached to the i th observation and the * superscript
implies an estimated value.
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The aim is to determine values for the λir which give the optimal value for z∗
r

for any location r taking account of the observed spatial correlation structure of the
rainfall. The representation of the spatial correlation structure is described next and
the optimisation algorithm is described in Section 3.

For further reading on geostatistics and kriging, see Kitanidis (1997), Goovaerts
(1997).

2.2 Representing the Spatial Correlation Structure

2.2.1 The Basic Picture

Assume the rainfall field in region A (Fig. 2) can be represented by a random vari-
able Z(r) which shows a correlation structure such that values separated by small
distances are more strongly correlated than values separated by large distances.

NB Individual realisations or samples of Z are indicated by lower case z.
For simplicity we assume

� the mean rainfall m is the same everywhere in A
� the point variance R(0) is the same everywhere in A

(these assumptions can be relaxed later but they make the development of the math-
ematics simpler in the first instance).

2.2.2 Covariances and Variograms

The spatial structure of correlation can be represented by plotting covariance R as a
function of separation h

R (h) = E
[
(Z (r) − m)

(
Z
(
r′)− m

)]
(2)

where h = r − r′ is the separation vector between the points with position vectors
r and r′, and E is the expectation operator. A field with constant mean and variance
and with covariance a function of separation and not location is called 2nd order
stationary.

In order to evaluate Equation (2) we need to know m. To avoid this requirement,
it is more useful to express the correlation structure in terms of the variogram
(sometimes called the semivariogram)

Fig. 2 Example of
raingauges in region A.
Target point is at r
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γ (h) = 1

2
E
[
(Z (r) − Z (r + h))2] (3)

The fact that γ is a function of h and not r implies that correlation between pairs
of points is a function only of their separation vector and not their absolute location.

To get a physical picture of the variogram, it is easy to show that under the as-
sumption of 2nd order stationarity, the variogram function is linked to the covariance
function of Equation (2) by the following relationship

γ (h) = R (0) − R (h) (4)

where R(0) is the rainfall variance.

Question 1. Show that for a 2nd order stationary field, the variogram γ (h) and
covariance R(h) are related by Equation (4).

Often, we may assume that the field is also isotropic, in which case γ is a function of
separation distance h rather than separation vector h. For simplicity, this assumption
will be made for the remainder of this discussion.

In practice, γ (h) is determined from the data by grouping all pairs of gauges by
their separation into bins of width 2�

Then γ (h) = 1

2

1

N (h)

N (h)∑
i

N (h)∑
j

(
z (ri ) − z

(
r j
))2

(5)

where N (h) is the number of data pairs within the range

h − δ <
∣∣∣∣ri − r j

∣∣∣∣ < h + δ

γ computed in this way is known as the experimental variogram.

2.2.3 Modelling the Variogram

For application of the kriging algorithm, it is usual to fit the experimental variogram
values with a continuous function. To avoid mathematical difficulties, the function
must be positive definite for all h. For simplicity, a few standard functions, and linear
combinations of these, are usually used.

These are

� Gaussian

γ (h) = R (0)

(
1 − exp

(
− h2

L2

))
(6)

� Exponential

γ (h) = R (0)

(
1 − exp

(
− h

L

))
(7)
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� Spherical

γ (h) = R (0)

(
3h

2α
− h3

2α

)
for 0 ≤ h ≤ α

γ (h) = R (0) for h > α (8)

� Nugget

γ (h) = 0 for h = 0

γ (h) = R (0) for h > 0 (9)

� Power law

γ (h) = βhs (10)

2.2.4 Examples of Variogram Functions

The following figures (Figs. 3–7) illustrate the shape of the various variogram model
functions and the kind of spatial data they represent in one dimension. The diagrams
are taken from Kitanidis (1997).

2.2.5 Typical Rainfall Variogram

Rainfall is usually well represented by the sum of a spherical or exponential vari-
ogram and a nugget. Figure 8 shows a typical experimental variogram together with
the best fit spherical model.

2.2.6 Variogram Terminology

Nugget The nugget is the value of the variogram as h → 0.

A non-zero nugget implies measurement error or variability on a scale smaller than
the smallest inter-measurement distance

Sill The sill is the value approached by γ asymptotically as h increases.
For a stationary field, the sill is equivalent to the point variance R(0). See
Equation (4)

Range The range is the value of h at which γ reaches, or closely approaches, the
sill. Physically, the range represents the distance over which rainfall values
are expected to show some correlation.

For Gaussian variograms, range ∼= 7L/4
For exponential variogram, range ∼= 3L

Question 2. What are the values of nugget, range and sill in Fig. 8?



122 D.I.F. Grimes

Fig. 3 Bottom panel is a Gaussian variogram. Top panel shows the data from which the variogram
was derived

3 The Kriging Algorithm

3.1 Algorithm Derivation

For a given location r we wish to determine the values of λir in Equation (1) so as to

� give an unbiased estimate of z(r)
� minimise the estimation error variance E

[
(z∗ (r) − z (r))2]

Question 3. Show that for a 2nd order stationary function the estimate of z(r) will
be unbiased provided

n∑
i=1

λir = 1 (11)

NB For a function which is not 2nd order stationary, it is often possible to apply
the kriging algorithm by restricting the interpolation process to the vicinity of the
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Fig. 4 Bottom panel is an exponential variogram. Top panel shows the data from which the
variogram was derived

target point within which the mean is assumed locally constant. Otherwise, other
forms of kriging, such as universal kriging, may be applicable (see Goovaerts, 1997).

Minimisation of (z∗ (r) − z (r))2 at first seems impossible because we don’t know
the ‘true’ value of z(r). However we can get around this by using the information
contained in the variogram. We include the unbiasedness constraint (Equation (11))
by making use of a Lagrangian multiplier νr (see Appendix).

After some algebra we arrive at the following system of equations

n∑
j=1

λ jrγ
(
ri , rj

) = γ (r, ri ) + νr for i = 1 to n

n∑
j=1

λ jr = 1 (12)

from which the λir and νr may be calculated.
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Fig. 5 Bottom panel is a spherical variogram. Top panel shows a corresponding data set

The estimation variance can also be calculated for any point as

ε2 (r) = −
n∑

j=1

n∑
i=1

λ jrλirγ
(
rj, ri

)+ 2
n∑

i=1

λiγ (ri, r) (13)

ε can be regarded as a measure of the uncertainty of the estimate.

Note

� ε(r) depends only on location but is independent of data values
� ε(r) = 0 for r = ri
� ε2(r) = R(0) for a nugget variogram (r �= ri ), or for any location where the

distance from the nearest observation � the variogram range.

Question 4. For two gauges located on the x-axis, show that the kriged estimate of
rainfall at any other location x is given by
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Fig. 6 Bottom panel is a nugget variogram. Top panel shows a corresponding data set

z∗
x = λ1x z1 + λ2x z2

where

λ1 = 1

2

(
1 − γ1x − γ2x

γ12

)

λ2 = 1

2

(
1 + γ1x − γ2x

γ12

)

Question 5. Gauges 1 and 2 are located at positions x = 0.0 km and x = 20.0 km.
On a certain day, they record rainfalls z1 = 10.0 mm, z2 = 5.0 mm. Estimate
the rainfall at locations x = 0.0, 5.0, 10.0, 20.0 and 25.0 km, if the appropriate
variogram is exponential with L = 10 km, sill = 25 mm2 and nugget = 0 mm. Also
calculate the uncertainty on each estimate.
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Fig. 7 Bottom panel is a power law variogram. Top panel shows the data from which the variogram
was derived

3.2 Advantages of Kriging

As an interpolation tool, kriging has some very useful attributes:

� unbiased
� optimal (in least squares sense)
� ‘honours’ measured values
� takes account of spatial structure inherent in the data
� can be adapted to take account of secondary information (e.g. topography)
� provides uncertainty estimate for each interpolated value

3.3 The Disadvantages of Kriging

Kriging also has some disadvantages:

� mathematically complicated
� computationally intensive
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Zambia daily rainfall variogram November 1992 – 15 km lag
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Fig. 8 Experimental (blue) and model (green) variograms for Zambia (See also Plate 25 in the
Colour Plate Section)

� only for interpolation – extrapolation is dangerous!
� depends on the existence of a reliable representation of spatial correlation

structure
� usefulness depends on data agreeing with certain statistical assumptions. For

example:

� data has a Gaussian distribution,
� a representative variogram can be defined

In the case of rainfall, these assumptions are not always justified, however there
are a number of technical ‘fixes’ which can are well documented in Goovaerts (1997).
See Section 3.6 below for an example.

3.4 Areal Estimation

3.4.1 Block Kriging

Estimation of areal average (over area B, say, Fig. 9) via kriging is easily accom-
plished by averaging over a number of discrete points within B. This is known as
block kriging (Journel and Huijbregts, 1978). In practice it is most easily carried
out by calculating the average variogram (known as the block variogram) between
the observed data points and all the discretized points within B. Application of
Equations (12) and (13) using the block variogram give the areal mean estimate
and uncertainty directly.
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Fig. 9 Illustration of block
kriging
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3.4.2 Block Kriging Example

Figure 10 shows a scatterplot of daily raingauge values from Zambia compared to
block kriged values for the Meteosat pixels (6 × 6 km) containing the gauges. Note
there is a significant reduction in large rainfall amounts and a corresponding increase
in small amounts. This is what might be expected as large raingauge values will often
correspond to situations in which a storm passes directly over a gauge. In that case the
raingauge value will be higher than for neighbouring gauges and the average rainfall
over the surrounding 30 km2 pixel should be lower than the gauge reading.

Similarly, small rainfall amounts will usually (though not always) occur in sit-
uations where the observation is less than those of neighbouring gauges. The ‘best
estimate’ of the pixel average will then be larger than the gauge amount. Note that
this is not meant to imply that the block kriged value is the ‘true’ rainfall in every
case, merely that it is the best estimate given the available information.

Fig. 10 Comparison of gauge and kriged pixel rainfall values for Zambia



Geostatistical Tools for Validation of Satellite and NWP Model Rainfall Estimates 129

3.5 Climatological Variograms

Where possible, the variogram for a rainfall event should be computed from the data
pairs within that event. In practice, there may be insufficient data to represent reli-
ably the correlation pattern. In these circumstances, it may be better to combine data
from different events in a climatological variogram (Lebel et al., 1987). Now the
summation in Equation (5) extends over a number of events (rain days). However,
this only works provided that:

� the rainfall for all events used is of the same physical type (e.g. convective,
frontal etc),

� the variogram values which feed into the summation are normalised with respect
to the variance of the respective events. It follows that the variogram sill will be 1.

Uncertainty ε calculated via Equation (13) is also normalised and ε2 must therefore
be multiplied by the event variance R(0) to give the absolute value.

3.6 Variations on a Theme

The preceding sections describe ordinary kriging – the most commonly used
algorithm.

However, there are many variants. For example:

� Simple kriging – in which the mean of Z is known and included explicitly in
the calculation

� Co-kriging – in which the correlation of the main variable (e.g. rainfall) and
secondary variables (e.g. topography) is taken into account

� Kriging with External Drift (KED) – in which the mean of Z is assumed to be
linearly related to a secondary variable

� Indicator kriging – in which kriging is carried out on a binary pattern, usually
with the purpose of estimating the probability of occurrence at a given location.

See Goovaerts (1997) for further details and more possibilities.
Indicator kriging is particularly useful for describing the spatial intermittency of

rainfall as outlined in the next section.

3.7 Intermittent Rainfall

3.7.1 Kriging and Intermittency

Interpolation of rainfall is made more difficult by the fact that rainy and non-rainy
areas may appear within the domain of interest – that is the rainfall is spatially in-
termittent. Straightforward application of kriging can be problematic because in the
absenceofobservations thekrigedestimate tends towards thearealmean.Thismakes it
difficult realistically to represent non-rainy areas. Figure 11 shows a typical situation.
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Fig. 11 Gauge measurements
for spatially intermittent
rainfall. The actual rainy area
is shaded

One solution to the problem has been suggested by Barancourt et al. (1992). This
method uses a two stage (double kriging) process

� The location of rainfall is dealt with using indicator kriging.
� The rainfall amount is estimated using ordinary kriging.

3.7.2 Double Kriging

The steps are as follows

Stage 1: Identify rainy area

1. In indicator kriging, the data are first transformed to a binary score so that rainy
=1, non-rainy = 0 (Fig. 12)

2. The transformed binary values are then kriged to give a field P∗ which can be
interpreted as the estimated probability of rainfall at any location

3. A probability threshold Pc is selected such that the area with P∗ > Pc = propor-
tion of non-zero gauges

4. A new field I ∗ is computed such that

I ∗ = 1 for P∗ ≥ Pc

I ∗ = 0 for P∗ < Pc

Note that the choice of threshold in Step 3 ensures that the proportion of the
designated rainy area within the domain is equal to the proportion of raingauges
indicating non-zero rain.

Fig. 12 Indicator values for
raingauges
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Stage 2: Calculate rainy values

� Ordinary kriging is then carried out on the initial data using the non-zero values
only to produce a rainfall field R

� The final field Z is the product of the indicator ‘mask’ and initial rainfall field

Z∗ = R∗ I ∗ (14)

3.7.3 Example of Double Kriging

Figure 13 shows the various stages in the double kriging process for daily rainfall
in Zambia. The final rainfall field in Fig. 13d is the product of the kriged, non-zero
rainfall in Fig. 13a multiplied by the indicator field of Fig. 13c. It can be seen that
the final field gives a sensible depiction of where the boundary between the rainy
and non-rainy area might be given the raingauge observations. Once again, there is
no guarantee that this is the ‘true’ boundary, merely the most likely representation
given the data available.

Fig. 13 Construction of spatially intermittent rainfall field (Kafue Hook catchment, Zambia
25/Dec/92). Numbers indicate raingauge values in mm. (a) initial kriged rainfall field R∗; (b) rain
probability image using indicator kriging P∗; (c) rain/no-rain delineation after applying threshold
to (b); (d) final rainfall image Z∗ (See also Plate 26 in the Colour Plate Section)
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4 Validation

4.1 Validation Protocol

An appropriate protocol for rainfall validation for satellite or NWP model rainfall
using raingauge data is as follows

� Use a kriging algorithm (including block kriging, indicator kriging) to transform
gauge data to same spatial scale as output to be validated

� Compare pixels/grid-squares only for those cases where error is small. This- usu-
ally means pixels/grid-squares containing at least n gauges where n is determined
by the pixel size and correlation range.

4.2 Examples of Validation

4.2.1 Validation of NWP Model Output for Ethiopia

As an example of the validation process, we can look at NWP model output fields
representing the rainfall climatology for Ethiopia. Ethiopia is an interesting case
study because the rainfall climate, primarily controlled by the passage of the ITCZ,
is complicated by orography, the proximity of the Indian Ocean and local meteoro-
logical effects, for example the influence of the Somali jet. For the case study, the
quality of ECMWF (ERA40) and NCEP reanalysis rainfall climatology covering
the years 1971–2000 have been compared against available raingauge records for
the same period. The station data and the ERA40 model output for mean summer
season (JJAS) totals are illustrated in Fig. 1.

Kriged rainfall amounts were estimated from the gauge values using block krig-
ing for all ERA40 grid squares containing at least one gauge. For the purposes of
comparison the NCEP rainfall field was interpolated to the same grid square size as
ERA40 (∼ 1.13◦). It should be noted that the sparseness of the gauge data means
that the analysis concentrates on northern, central and western areas.

Figure 14 shows the geographical variations and a scatterplot of summer (JJAS)
seasonal totals for all grid squares in the analysis. The error bars indicate the block
kriging uncertainty (representing one standard error). Statistically, we would ex-
pect that, if the model results were perfect 68% would fall within the error bars.
Figure 14 shows that ERA40 tends to overestimate high rainfall amounts, mainly
in the north and west and underestimate low rainfall amounts, mainly in the south
and east. NCEP agrees more closely with the gauge data but still has a tendency to
overestimate.

Because of the complexities of the rainfall climate, the country was divided into
homogeneous rainfall zones for more detailed analysis (Fig. 15b). Figure 15a shows
the intra-annual variability for three of the zones. Here it is clear that ERA40 repli-
cates the shape of the season more correctly than NCEP in each case, although the
peak rainfall again tends to be overestimated. The NCEP model does not give a
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Fig. 14 Comparison of kriged gauge, ERA40 and NCEP rainfall climatologies. Top panel: Geo-
graphical distribution of rainfall showing grid squares containing at least one gauge. Bottom panel:
Same data as scatterplot. Error bars show kriging error. Dark blue – kriged gauge; Turquoise –
ERA40; Red – NCEP (see also Plate 27 in the Colour Plate Section)
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a

b

Fig. 15 (a) Intraseasonal variation for different regions in Ethiopia. Dark blue – kriged gauge;
Turquoise – ERA40; Red – NCEP; Grey shading shows kriging error. (b) Map of zones (clusters)
used in the analysis (see also Plate 28 in the Colour Plate Section)

good representation of the shape of the season but is more accurate with respect to
the main season peak.

Figure 17a shows the time series of main season (JJAS) totals from 1971 to 2002.
The same data are presented as a scatterplot in Fig. 17b. A map of the zones is given
as Fig. 16. Once again, the tendency of ERA40 to overestimate is clear, however
the scatterplots in Fig. 17 show that ERA40 provides a better representation of the
variability, particularly for Zone 1.

These results provide the basis for some interesting discussion of the relative
merits of the two models and the meteorology of the region which is the subject of
ongoing research. However, the purpose of these notes is not to discuss the details
of the meteorology but rather to demonstrate the advantages of a rigorous validation
protocol using kriging. Note that



Geostatistical Tools for Validation of Satellite and NWP Model Rainfall Estimates 135

Fig. 16 Map showing
climatological regions
compared in Fig. 17

Fig. 17 Time series of seasonal totals for individual regions indicated in Fig. 16. Dark blue –
kriged gauge; Turquoise – ERA40; Red – NCEP; Grey shading shows kriging error (See also Plate
29 in the Colour Plate Section)
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� Validation has been carried out using the same spatial scale for model and
validation data,

� only grid squares are used where there are sufficient raingauges to make the
validation meaningful,

� the validation data carry uncertainty estimates (error bars) which allow a mean-
ingful interpretation of the difference between validation and model values.

5 Conclusions

For rainfall validation it is important that

� the validating data is at the same spatial scale as the estimates to be tested
� there is some assessment of the accuracy of the validation data

Kriging provides a mechanism by which both criteria can be met
To apply kriging, it is important that a representative variogram can be derived

for the data field concerned. For rainfall, it is often necessary to use climatological
variograms to achieve this.

The methodology has been applied in a comparison of different NWP model
precipitation fields for Ethiopia and gives some insight into the relative merits of
different models.

6 Answers to Questions

1 γ (h) = 1
2 E
[
(z (r) − z (r + h))2

]
= 1

2

{
E
[
z (r)2

]− 2E [z (r) z (r + h)] + E
[
z (r + h)2

]}

Assuming a 2nd order stationary field with mean m, this reduces to

γ (h) = 1

2

{
2E
[
z (r)2

]− 2E [z (r) z (r + h)]
} = E

[
z (r)2

]− E [z (r) z (r + h)]

But E
[
z (r)2

] = R (0) + m2 and E [z (r) z (r + h)] = R (h) + m2

Therefore

γ (h) = R (0) − R (h)

as required.

2 Nugget = 0.52
Range = 110 km
Sill = 1.00
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3 For ‘true’ rainfall z and estimate z∗, the bias B is

B = E
[
z − z∗] = E

[
z −

∑
i

λi z
∗
i

]

where λi and zi are respectively the kriging weight and rainfall amount for gauge i .
For 2nd order stationarity E[zi ] = E[z] = m.
Hence

B = E [z] − E

[∑
i

λi z
∗
i

]
= m −

∑
i

λi E [zi ]

B = m − m
∑

i

λi

From which B =0 if
∑

i
λi = 1

4 Adapting Equation (12) to the situation described

λ1xγ11 + λ2xγ12 =γ1x + νx (Q1)

λ1xγ21 + λ2xγ22 =γ2x + νx (Q2)

λ1x + λ2x =1 (Q3)

Subtracting (Q2) from (Q1)

λ1x (γ11 − γ21) + λ2x (γ12 − γ22) = γ1x − γ2x

Note also that γ11 = γ22 = 0 and γ12 = γ21

Hence

γ12 (λ2x − λ1x ) = γ1x − γ2x

Substituting from (Q3)

γ12 (1 − 2λ1x ) = γ1x − γ2x

From which

λ1x = 1

2

[
1 − γ1x − γ2x

γ12

]
(Q4)

and

λ1x = 1

2

[
1 + γ1x − γ2x

γ12

]
(Q5)



138 D.I.F. Grimes

Adapting Equation (13) to the situation

ε2
x = −{λ1xλ1xγ11 + λ1xλ2xγ12 + λ2xλ1xγ21 + λ2xλ2xγ22}+2 {λ1xγ1x + λ2xγ2x }

which reduces to

ε2
x = − (λ1xλ2x + λ2xλ1x ) γ12 + 2 {λ1xγ1x + λ2xγ2x } (Q6)

Applying (Q4), (Q5) and (Q6) to the data given produces the following results

x /km λ1 λ2 zx /mm ε/mm

0 1.00 0.00 10.0 0.0
5 0.72 0.28 8.6 4.0
10 0.50 0.50 7.5 4.6
15 0.28 0.72 6.4 4.0
20 0.00 1.00 5.0 0.0
25 0.20 0.80 6.0 4.2

Appendix: Rainfall Interpolation Using Kriging

The Target

+ p2

+ p3

+ p4

+ p5

+ p6

+ p7

+ pr

O

r5

r

A

Consider an area A containing n raingauges 1, 2 . . . .., i, . . . .. n
The position of the i th gauge is represented by ri

The position of any other point within the area is represented by r
We assume that the rainfall amount z(r) is a realisation of a random variable Z (r).

We will also assume that there is some spatial correlation between rainfall values at
different locations which depends on the separation between the locations.

Notation

� Rainfall at gauge i is zi
� Rainfall at location r is zr
� Rainfall random variable at location r is Zr
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The goal is to find the best estimate for zr using the available raingauge data.

� The estimate of zr is written z∗
r

� The mean value is represented by the expectation operator E[.].

The Assumptions

We assume that the true rainfall field z(r) is a realisation or sample of a random field
Z (r) contained within domain A. The properties of Z (r) are

1. The mean of Zr is the same throughout A

E [Zr ] = m (15)

2. The variance of Zr is the same throughout A

E
[
(Zr − m)2] = E

[
(Zi − m)2] = R (0) (16)

3. The covariance between any two points separated by vector h is a function of h
only

R(r, r + h) = E [(Z (r) − m) (Z (r + h) − m)] = R (h) (17)

In Equation (17), the function notation is used rather than subscripts to aid clarity.
We also assume that the distribution of Zr is Gaussian.
A rainfall field which agrees Equations (15)–(17) is said to be 2nd order station-

ary. The assumptions of 2nd order stationarity can be relaxed for different forms of
kriging but they will be retained for this derivation as they make it easier to follow.

The Method

We assume that zr can be calculated as a weighted average of the gauge values

zr =
n∑

i=1

kir zi (18)

kir are the weights for position r. They must sum to 1 for the estimate to be unbiased

n∑
i=1

kir = 1 (19)

Define the ‘best’ estimate as the one which gives the minimum value for

ε2
r = E

[(
z∗

r − zr
)2]

(20)
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Of course, we don’t know zr (that is what we are trying to find) – but surprisingly
this doesn’t matter! We need to minimize ε2

r for each kir in turn. In other words, for
the best values of kir

	
(
ε2

r

)
	kir

= 0 for all i (21)

In order to carry out this differentiation, we have to expand Equation (20)

ε2
r = E

[
z∗2

r − z∗
r zr + z2

r

]

ε2
r = E

⎡
⎣
(

n∑
i=1

kir zi

)2

− 2zr

n∑
i=1

kir zi + z2
r

⎤
⎦ (22)

We then bring in Equation (16) by a clever trick!! We define the term g2
r as

g2
r = ε2

r + 2νr

(
n∑

i=1

kir − 1

)
(23)

where ν is a dummy variable the point of which will be (hopefully) clear in a minute.

Note that

(
n∑

i=1
kir − 1

)
is required to be zero, so g2

r should be identical to ε2
r when

this condition is fulfilled.
Rewriting Equation (22) in terms of g2

r gives

g2
r = E

⎡
⎣
(

n∑
i=1

kir zi

)2

− 2zr

n∑
i=1

kir zi + z2
r

⎤
⎦+ 2νr

(
n∑

i=1

kir − 1

)
(24)

Now minimize g2
r rather than ε2

r with respect to ki and νr . This is done by taking
derivatives with respect to ki and ν and setting them equal to zero.

	g2
r

	ki
= E

⎡
⎣2zi

n∑
j=1

k jr z j − 2zi zr

⎤
⎦+ 2νr = 0

For gauge i this gives (after some rearrangement)

E

⎡
⎣ n∑

j=1

k jr z j zi

⎤
⎦ = E [zi zr ] − νr (25a)

and there is one equation like this for every value of i .
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and differentiating with respect to νr gives

	g2
r

	 f
= 2

(
n∑

t=1

kir − 1

)
= 0

from which

n∑
i=1

kir zi = 1 (25b)

which has the desired effect of bringing in Equation (16) as part of the optimisation
process.

To solve Equations (25a,25b) for ki , it seems we still need to know the ‘true’
rainfall zr . But we can use a statistical approach to get round this by replacing
knowledge of the rainfall itself with knowledge of its spatial correlation.

First we define the covariance between locations i and j as

R
(
ri, rj

) = Ri j = E
[
(zi − m)

(
z j − m

)]
(26)

From which

Ri j = E
[
zi z j

]− m2 (27)

(this is a standard statistical result).
Note, the variance can be expressed in the same notation as

R (ri, ri) = R (0) = E
[
(zi − m)2] (28)

Provided the assumptions of 2nd order stationarity are good, Equation (27) can
be used to replace

∑
zi z j and

∑
zi zr in Equations (25a) with the corresponding

covariances. This means that the coefficients ki can be then expressed in terms of
covariances between rainfall quantities within area A.

n∑
j=1

k jr
(
Ri j + m2

) = Rir + νr + m2

Remembering that
n∑

j=1
k jr = 1

So
n∑

j=1

k jr Ri j = Rir + νr (29a)

And we still have

n∑
i=1

kir = 1 (29b)
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To solve Equations (29a, b), we need to find Ri j , Rir which means we need to
know m. We can avoid this by using the semivariogram (more usually just called
the variogram) which is defined as

γ (h) = 1

2
E
[
(z (r + h) − z (r))2

]
(30)

It can be shown that for 2nd order stationarity

γ (h) = R (0) − R (h) (31)

In which case, substitution in Equation (27) gives

n∑
j=1

k jrγi j = γir + νr (32)

Equation (32) can be derived directly in terms of the variogram without assum-
ing a strict 2nd order stationarity for the field Z . The only requirement is that the
variogram is a function of separation vector h only and not absolute location. This is
a less restrictive assumption and allows a wider class of problems to be dealt with.
In particular, we do not need to know the mean value over the domain of interest.
Often, the variogram is isotropic which means that the separation vector h can be
replaced with the scalar distance h.

Writing Equation (32) for each gauge in turn together with Equation (29b) gives
a set of (n + 1) equations which can be solved for the ki and νr using matrix methods

k1γ11 + k2γ12 + k3γ13 + ..... + knγ1n = γ1r + νr

k1γ21 + k2γ22 + k3γ23 + ..... + knγ2n = γ2r + νr

k1γ31 + k2γ32 + k3γ33 + ..... + knγ3n = γ3r + νr

. (33a)

.

.

k1λn1 + k2γn2 + k3γn3 + ..... + knγnn = γnr + νr

k1 + k2 + k3 + · · · · · · · · · + kn = 1 (33b)

Once all the values of kir are known, z∗
r , the best estimate of rainfall at r, can be

calculated from Equation (15)
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The Error on the Estimate

An important feature of kriging is that the values of kir can be substituted back into
Equation (22) to give a value for the minimised ε. This represents the uncertainty
on the interpolated value of z(r).

ε2 (r) = −
n∑

i=1

n∑
j=1

kir k jrγi j + 2
n∑

i=1

kirγir (34)

or

ε2 (r) = −νr +
n∑

i=1

kirγir (35)

This shows that the uncertainty on the kriged value is smaller if the correlation
between the observed points and the target point is larger (as it should be).

Health Warning

1. Kriging only gives meaningful estimates if the assumptions inherent in the
derivation of the equations are valid.

2. Using kriging is NOT a substitute for lack of data.
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An Ensemble Approach to Uncertainty
Estimation for Satellite-Based Rainfall Estimates

David I.F. Grimes

Keywords Satellite-based rainfall estimates · Ensemble approach · Rainfall
estimation methodology

1 Introduction

Rainfall monitoring via sensors from satellites has two significant advantages over
conventional, ground based approaches. These are

� the availability of data in real time
� complete area coverage irrespective of terrain or climate

However, in all cases rainfall is estimated via an algorithm which has some inherent
degree of statistical uncertainty. Assessing this uncertainty is of obvious importance,
not least because knowledge of the uncertainty attached to the rainfall value is an es-
sential prerequisite in assessing the uncertainty of, say, hydrological or agricultural
forecasts for which the rainfall data may be used as input.

Determining the uncertainty on the rainfall estimate is problematic because the
accuracy of estimates will depend on a number of factors which change spatially and
temporally depending on the algorithm or sensor used. One example is the uncer-
tainty of rainfall estimates based on microwave sensors which are accurate over the
ocean (where the rainfall signal can be clearly seen against a constant background)
but are less accurate over land (where the microwave background changes with veg-
etation and soil moisture). Similarly, rainfall estimates based on thermal infra-red
(TIR) sensing of cloud top temperature have low uncertainty for convective rainfall
but high uncertainty for frontal rainfall.

It follows that estimation of uncertainty should be carried out locally in time and
space and this is most easily done via a statistical comparison with independent,
ground-based observations. However, caution must be exercised in ensuring that the
comparison is carried out at an appropriate spatial scale and that due account is taken

D.I.F. Grimes
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of the uncertainty in the validating data themselves. Furthermore, in understanding
the effect of the uncertainties on downstream hydrological or agricultural models it
is necessary to take account of the non-Gaussian statistics of the rainfall data.

Here we present one approach to uncertainty estimation which takes all these
factors into consideration. It is based on the geostatistical method of sequential sim-
ulation and illustrated by a case study of the application of satellite-based rainfall
estimates to predicting crop yield in the Gambia in west Africa.

2 The Problem of Uncertainty Estimation for Satellite-Derived
Rainfall

For many purposes (eg hydrological modelling, crop forecasting) we need to know
mean rainfall and associated uncertainty over a defined area (eg river basin or crop
growing district). Figure 1 shows a satellite-based daily rainfall field for Zambia
in southern Africa. We could use this to estimate the mean rainfall for the whole
of Zambia on that day – but how do we assess the accuracy of the mean rainfall
amount? This is problematic because firstly we must combine uncertainty estimates
for rainfall amount and rainy area and secondly the statistics of rainfall are often
very unpleasant!

Rainfall statistics are difficult to deal with because of the following points

� Joint distribution – In analysing rainfall it is necessary to take account of the
binary distinction between ‘rainy’ and ‘non-rainy’ as well as the distribution of
rainfall amount within the ‘rainy’ category (Fig. 2).

Fig. 1 Rainfall estimate for Zambia, 19th March, 1997 (See also Plate 30 in the Colour Plate
Section)
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Fig. 2 Rainfall distribution for daily rainfall in Ethiopia (1996–1999). (after Coppola et al., 2006)

� highly skewed – Rainfall amounts tend to have a skewed distribution primarily
because there is a lower limit (zero) but no clear upper limit (again see Fig. 2).

� Rainfall is spatially correlated – Rainfall amounts at two locations which are
close together are more likely to be similar than two locations which are far
apart. This will be discussed in detail later.

3 Case Study

3.1 Location- the Gambia

As an example of uncertainty estimation, we consider the Gambia in west Africa
(see Fig. 3). A research project is being undertaken by the TAMSAT group at the
University of Reading, Dept. of Meteorology and the Gambian Met Service to assess
the feasibility of using satellite-based rainfall estimates to drive an operational crop
yield forecast model. Daily rainfall estimates are needed for each administrative
district. The study focuses on the May to October rainy seasons from 1996 to 2002
inclusive.

3.2 Rainfall Estimation Methodology

The TAMSAT algorithm for operational applications in Africa (Grimes et al., 1999)
has been used in this study and is summarised below. However, the methodology
described for uncertainty estimation is applicable to any rainfall algorithm.
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Fig. 3 The Gambia, showing the location of North Bank Division and the satellite rainfall field
from 7th August, 2001 (see also Plate 31 in the Colour Plate Section)

The TAMSAT algorithm uses Meteosat thermal infra red (TIR) imagery to cal-
culate for each pixel the number of hours colder than a predetermined temperature
threshold Tt . This is the Cold Cloud Duration or CCD. The CCD is supposed to
identify the tops of cumulonimbus clouds which are deep enough to be rainy (Fig. 4).
There is assumed to be a linear relationship between CCD and rainfall as follows

rain = a0 + a1CC D (1)

Fig. 4 TAMSAT operational algorithm – showing physical significance of temperature threshold
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4 An Ensemble Approach to Uncertainty Estimation

4.1 Overview

The aim is to provide a full stochastic calibration of the rain-CCD relationship and
use this to generate an ensemble of possible rainfall fields consistent with a given
CCD. For each ensemble member, the appropriate spatial correlation can be built
in using geostatistical techniques. Uncertainty at any spatial scale can then be es-
timated from the degree of scatter within the among the ensemble members. We
proceed as follows.

Step 1. Statistical calibration of CCD based on raingauge data.

◦ determine the probability of rain/no-rain for given CCD
◦ determine the probability distribution function for rainfall amount for given

CCD

Step 2. Generation of an ensemble of rainfall fields

◦ For each pixel, the ensemble of values must agree with the observed
statistics

◦ For each ensemble member, the inter-pixel correlation must conform to the
appropriate geostatistical relationship.

Step 3. Estimation of the uncertainty from the histogram of rainfall amounts given
by the set of ensemble members

These steps are described in more detail below.

4.2 Calibration Procedure

4.2.1 Spatial Scale Considerations

Firstly, gauge data must be transformed to pixel scale via block kriging (see
Chapter 5). All reference to gauge data from here on refers to the block kriged pixel
average for the pixel containing the gauge. Zero rain is assigned to pixels using
indicator kriging. (see Chapter 5).

4.2.2 Rainfall Probability

The relationship between probability p of rain and CCD can be expressed in terms
of logistic regression

ln

(
p

1 − p

)
= b0 + b1 × CC D, CC D > 0

p = p0 f or CC D = 0 (2)
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August

Fig. 5 Probability of rain for given CCD. Size of squares indicates amount of data used to compute
probability for given CCD

Comparison between the CCD and gauge data is used to produce the data for Fig. 5
from which b0 and b1 are determined.

4.2.3 Rainfall Conditional Distribution

The rainfall distribution for a pixel conditional on rain is described in terms of the
mean μ+ and variance σ 2

+ as shown in Fig. 6 and Equation (3) below. Note that the
variance is estimated as an empirical function of μ+ after allowing for contribution
from block kriging error. This is done as follows: part of the variance in Fig. 6 is due
to the uncertainty on the gauge values which we can estimate from the kriging stan-
dard error. This must be subtracted from the total variance in Fig. 6 to give a value
for the uncertainty on the satellite estimates themselves. See Grimes et al. (1999)
for further explanation.

Fig. 6 Relationship between CCD and gauge-pixel rainfall
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Fig. 7 Actual data (bars) and gamma model (red curve) for distribution of CCD data (See also
Plate 32 in the Colour Plate Section)

Once more comparison between CCD and gauge pixel values is used to calibrate
a0, a1, A, θ

μ+ ≡ E [z|z > 0, CC D] = a0 + a1 × CC D

σ 2
+ ≡ V ar (z|z > 0, CC D) = Aμ+θ (3)

where z represents rainfall amount.
Because of the skewness of the rainfall distribution, it is useful to model it as a Γ

distribution as in Fig. 7. With the statistical model established, we can now generate
the ensemble members

4.3 Rainfall Field Ensemble Generation

Equations (2) and (3) could, in principal, be used to generate an ensemble of rainfall
fields consistent with the statistics of the gauge/CCD relationship simply by select-
ing at random for each pixel from the relevant distribution function for the relevant
CCD (Fig. 7). However, such fields would be unrealistic because they would not
show the appropriate spatial correlation pattern. In order to incorporate this, we use
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the geostatistical technique of sequential simulation. This is done in two stages; in
the first stage, Sequential Indicator Simulation (SIS) is used to delineate the rainy
area. In the second stage, Sequential Gaussian Simulation (SGS) is used to assign
rainfall amounts to the rainy pixels.

4.3.1 Simulation of Rain/No-Rain Map with Sequential Indicator Simulation

1. A set of sampled ‘seed’ pixels is randomly selected from the CCD field with
the criterion that they should be far enough apart from each other as to be spa-
tially uncorrelated. The probability of rain for each pixel is determined using
Equation (1) and a binary indicator (‘rainy’ = 1, ‘non-rainy’ = 0) is assigned by
Bernoulli trial.

2. A target pixel is selected and the prior probability of rain is determined from
Equation (1). The influence of the seed pixels on the target is brought in via Sim-
ple Kriging with local mean (SKlm) (Goovaerts, 1997) where the ‘local mean’
is identified with the prior probability given by the CCD. In essence, the process
is one of kriging the residuals obtained by subtracting the prior probability from
the assigned indicator value.

In order to this we need first to calculate the variogram for the residuals.
This variogram must be estimated from the gauge data as the satellite residuals
do not exist yet! This can be done by calculating the difference between the
kriged indicator value for a given pixel and the proportion of rainy pixels for the
subset with the same CCD value as the given pixel. For more details see Teo
and Grimes (2007). Monthly residual variograms for the Gambia are shown in
Fig. 8a.

3. The target pixel probability of rain is updated by adding the kriged residual to
the initial probability value.

4. A binary value (1 or 0) is then allocated by Bernoulli trial

The new value is included in the ‘sampled’ information set and the procedure
repeats until all the pixels in the image are assigned a rainy or non-rainy status.

The SIS process allows the ‘sampled’ observations and the CCD-based prior
probability of rain to be taken into account simultaneously. Figure 9 summarises
the procedure. The end result is a rain/no-rain map for the ensemble member field
which has the correct spatial correlation pattern and is consistent with the initial
CCD field.

4.3.2 Simulation of Rainfall Amount with Sequential Gaussian Simulation
(SGS)

The steps for allocating rainfall amounts to the pixels of each ensemble member are
as follows.

1. After determining the rain/no rain map using SIS, seed pixels are randomly se-
lected from among the rainy pixels again according to the criterion that they
should be far enough apart so as to be uncorrelated.
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Fig. 8a Monthly indicator residual variograms and fitted model. (a) June; (b) July; (c) August;
(d) September; (e) October

2. Rainfall amounts for the selected seed pixels are drawn from the prior distribu-
tions determined by their CCD values.

3. A target pixel is selected at random
4. A normal score transform (Goovaerts, 1997) is applied to seed pixel values (this

is to allow for the fact that the rainfall distribution is likely to be non-Gaussian).
5. SKlm is used to give the transformed value of the target pixel and its associ-

ated kriging error. As with SIS, the residual variogram is calculated from the
gauge data. (Teo and Grimes, 2007). Monthly residual variograms are shown in
Figure 8b.

6. A value is randomly chosen from within the kriging error pdf for the target pixel
7. Finally, inversion of the normal score transformation gives the required rainfall

amount for the target pixel.
8. The target pixel is added to the set of sampled pixels and the process is repeated

until all rainy pixels are assigned a value.

The SGS process is summarised in Fig. 10. The end result is that the assigned
rainfall amounts have the correct spatial correlation pattern within each ensemble
member and are consistent with the original CCD field.
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Fig. 8b Monthly normal-transformed rainfall variogram and fitted model. (a) June; (b) July; (c)
August; (d) September; (e) October

5 Validation

5.1 Example Rainfall Fields from Case Study Area

An example of the generation of an ensemble of rainfall fields is shown in Fig. 11.
The left hand panels show the initial CCD field, the rainfall estimate field generated
by application of the standard algorithm of Equation (1) and the mean of all the
ensemble members. As would be expected, the standard rainfall estimate and the
mean of the ensemble members are identical. The remaining panels in the figure
show individual ensemble members. Note that while there is considerable variation
between individual members, there is an overall tendency to indicate rain in the
south and west. Note also, that the distribution of rainy and non-rainy areas looks
realistic in terms of spatial pattern.

Figure 12 shows the histograms obtained from 400 simulations for two separate
days. Once again, the histograms show the expected patterns with an approximately
normal distribution for the high rainfall day (7th August, 2001) and a more skewed
distribution for the lower rainfall (1st July, 2001).
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Fig. 9 Schematic for Sequential Indicator Simulation (SIS)

Fig. 10 Schematic for Sequential Gaussian Simulation (SGS)
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Fig. 11 Rainfall field 7th August, 2001. Left hand panels show initial cold cloud duration, rainfall
field calculated using Equation (1) and mean rainfall over all ensemble members. Right hand panels
show 6 separate realisations generated by SIS and GIS as described in the test

Fig. 12 500 member frequency histograms for NBD for 1st July (top) and 7th August (bottom),
2001. (400 simulations)
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5.2 Quantitative Validation of Rainfall Fields

5.2.1 Internal Consistency

As a check for internal consistency of the simulation process, Fig. 13 compares
statistical parameters of the ensemble fields with the statistical parameters from
Equations 2 and 3. As can be seen, there is good agreement in all cases, showing
that the ensemble of rainfall fields conforms to the expected distribution both as
regards individual pixels and spatial correlation within each member.

5.2.2 Validation Against Independent Data

To validate the simulations against an independent data set a ‘leave-one-out’ cross
validation approach was used in which the parameters for Equations 2 and 3 were
calculated from 6 of the 7 years. Daily rainfall fields were generated for the 7th year
using these calibration parameters. The process was repeated leaving out each year
in turn and the results compared with the gauge data. As there is only one realisation
of the gauge data, the validation of the ensemble is somewhat tricky. In order to test
the correct representation of different rainfall amounts the following method was
adopted.

1. For a given rainfall threshold zt , The probability (pensemble) of rain > zt was
computed from the ensemble members for each pixel for each day

2. The pixel-days were binned according to the calculated probability
3. For the pixel-days within a given bin, the proportion (pgauge) of gauge-days

recording rain > zt was determined.

If the ensemble is correctly representing the rain, then pensemble should equal
pgauge. Plots of pensemble v. pgauge are shown in Fig. 14 for a number of thresholds.
It can be seen that there is a reasonable agreement between the ensemble fields and
the gauge observations even for high rainfall (> 30 mm day−1).

In terms of the spatial correlation of the ensemble fields, Fig. 15 shows the com-
parison between monthly variograms computed from the ensemble members and
those of the gauge data. The match for the rainfall amount variograms (Panel A) is
remarkably good. The indicator variograms also agree well except that the modelled
sill is too high in some cases. This was found to be due to an overestimation of
the rainy area on days with low rainfall amounts. To test this the variograms were
recalculated excluding days for which more than 95% of pixels have zero CCD. The
agreement (Panel C) is now much better.

6 Areal Average Rainfall Ensemble

Having generated the ensemble members at pixel scale, upscaling to give an ensem-
ble at a coarser scale is simply a matter of spatial averaging at the required scale
for each ensemble member. The uncertainty for areal averages can be estimated by
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Fig. 13 Comparison of statistical parameters of rainfall ensemble with those computed from Equa-
tions 11–14. (a) Mean positive rainfall; (b) Variance of positive rainfall; (c) Probability of rain;
(d)Normalised indicatorsemivariogram;(e)Normalisednormal-transformedrainfall semivariogram
‘+’: Simulated; Solid line: Model imposed within simulation
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Fig. 14 Comparison between simulations and the corresponding gauge-pixel data of pixel rainfall
exceedance probabilities at various thresholds Solid line is the 1–1 line. Probability bins with less
than 10 observed gauge estimates have been omitted
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a

b

c

Fig. 15 Normalised monthly variogram computed from simulation (solid lines) and gauge esti-
mates (filled circles). (a) Positive rainfall amount variogram; (b) Indicator variogram using all
data; (c) Indicator variogram omitting cases where 95% of pixel CCD are zero
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generating the pdf for the averaged values. As an example, histograms of daily rain-
fall have been computed for an individual pixel, an administrative division (North
Bank Division from Fig. 3) and the whole country. The histograms are displayed in
Fig. 16.

These areal average ensembles can then be used to generate relevant error statis-
tics (standard errors, confidence limits) at the appropriate spatial scale, or the en-
semble could be used as input to a further model in order to estimate the uncertainty
on crop yield or riverflow predictions.

The application to crop yield forecasting is demonstrated in Fig. 17. Here the
solid bars represent the observed annual ground nut yield for the North Bank Divi-
sion. The spread of simulated yields based on the daily rainfall ensembles is shown
by the box plots for each year. Note that the uncertainty is very small for high yield
years. This is because the rainfall from all ensemble members is sufficient for good
crop growth. The fact that the observed yields fall outside the range indicated by
the box plots in some cases is due to other errors such as deficiencies in the crop
model, uncertainties in the yield data and biases in the rainfall calibration which are
not accounted for in the stochastic model. These points are discussed in more detail
in (Teo, 2006).

Fig. 16 Histogram of Gambian rainfall from 500 simulations using TAMSIM aggregated at various
spatial scales for 10th August 2001
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Fig. 17 Annual crop yield observations (solid bar) and ensemble simulations (grey boxplot) for
North Bank Division

7 Conclusions

� Estimation of uncertainty on areal rainfall amounts is essential for many appli-
cations

� Problems arise from the need to estimate uncertainty both on rainfall amount and
rainy area

� A method based on Sequential Indicator Simulation may be used to generate an
ensemble of rainy areas consistent with statistics of initial rainfall calibration

� A method based on Sequential Gaussian Simulation may be used to generate
realisations of rainfall amounts for pixels in the rainy areas.

� The rainfall ensemble gives a realistic representation of the variability in the
rainfall estimate and can therefore be used as an indicator of uncertainty

� Useful applications include crop yield modelling and hydrological modelling.
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Cetemps Hydrological Model (CHyM),
a Distributed Grid-Based Model Assimilating
Different Rainfall Data Sources

Marco Verdecchia, Erika Coppola, Barbara Tomassetti and Guido Visconti

Abstract Within the activities of Cetemps Center of Excellence of University of
L’Aquila, a distributed grid based hydrological model has been developed with the
aim to provide a general purpose tool for flood alert mapping. One of the main
characteristic of this model is the ability to assimilate different data sources for
rebuilding two dimensional rainfall distribution. The model can be used for any
geographical domain with any resolution up to the resolution of the implemented
Digital Elevation Model, namely about 300 meters in the current implementation.
A Cellular Automata based algorithm has been implemented to extract a coher-
ent drainage network scheme for any geographical domain. The algorithm for flow
scheme extraction and for the assimilation of different rainfall data sources are de-
scribed in details too. Several applications of such algorithms are also shown.

Keywords Hydrological modeling · Coupling of meteorological and hydrological
models · Drainage network extraction · Different rainfall data assimilation · Cellular
automata applications

1 Introduction

The coupling of hydrological with meteorological or climatic models appears to be
an important challenge for next generation of researchers. Hydro- meteorological
simulation is more and more relevant for the prediction of floods and the monitoring
of severe events. Moreover a detailed hydrological simulation obtained with differ-
ent climatic scenarios is a fundamental step to understand and predict the possible
modifications of hydrological cycle induced by the changes in the climatic system.

Within the activities of CETEMPS Centre of Excellence of University of
L’Aquila, a grid based hydrological model has been developed with the aim to
provide a general purpose tool that can be off-line coupled with meteorological and
climatic models. In order to accurately simulate the hydrological cycle at different
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space scale the CETEMPS Hydrological Model (CHyM) implements a sophisti-
cated numerical algorithm to extract the drainage network for an arbitrary domain.
This characteristic makes CHyM model easily portable on different UNIX platforms
avoiding the need to use licensed software like the commercial Geographic Infor-
mation System (GIS) to generate the streamflow network. It has also been noted
(Ryan and Boyd, 2003) how, in many circumstance, commercial GIS uses algo-
rithms leading to an oversimplified drainage network due to unrealistic smoothing
of DEM matrix. The main difficulties for a realistic flow scheme extraction from the
Digital Elevation Model matrix deal with solving the numerical singularities due to
the finite horizontal and vertical DEM resolution. To overcome these difficulties a
Cellular Automata (CA) based algorithm has been developed and implemented. In
this paper the basic concepts about CA theory are discussed and a detailed descrip-
tion including many examples of the specific application is also given.

A CA based approach is also used to acquire different data sources to rebuild
the rainfall spatial distribution at hydrological scale. This algorithm provides the
possibility to use different data available at different time steps, each data set is
acquired following a pre-defined sequence depending on the different reliability (for
example rain gauges provide better measurements respect radar estimation, radar
data, in turn, are considered better than satellite estimation and so on). We discuss
the ability of this technique to merge different subdomains covered by different rain
data sets.

The text is organized as follows.

� Section 2. A quick introduction to Cellular Automata theory is given and practi-
cal application for streamflow network extraction is discussed with many exam-
ple. The ability of the CA based technique to minimize the DEM correction is
also demonstrated as the possibility to retrieve a coherent drainage network for
a very complex topography, like that represented by a drained lake. An easy
algorithm to visualize and validate the drainage network as extracted by CA
technique is also presented.

� Section 3. In the current implementation CHyM is able to acquire rainfall obser-
vations and predictions by different models and data base. More specifically it
directly reads MM5 meteorological Model and RegCM climate model outputs.
CHyM rebuilts on the assigned grid the rainfall field at hourly base using the
different available data set at different time steps. For instance during opera-
tion activities we could think to use rain gauges observations and radar-satellite
estimations for the “past” time steps and the meteorological model rainfall pre-
diction for “future” time steps. The chapter describes the implemented algorithm
to merge different sets of data when they are available, while a qualitative dis-
cussion about the improvement respect to a simple geometrical interpolation is
also given.

� Section 4. A quick but complete description of the adopted approach to simu-
late the different physical processes contributing to hydrological cycle is given.
CHyM explicitly solves the continuity and momentum equations to predict
the surface runoff, while the Torthwhile formula is used to calculate the
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evapotranspiration term. A simplified two reservoir scheme is used to simulate
the infiltration process.

� Section 5. Due to the availability of relatively powerful low cost computing
system, a complete grid based hydrological model like CHyM, could be able
to realistically simulate also complex and wide catchments. Nevertheless the
calibration or, at least, a reasonable validation of model forecast are often dif-
ficult because only few observed flow discharge time series are available. These
difficulties especially occur for small basins. An effort to develop an empirical
methodology to locate the areas where major flood risks occur seems important
and useful especially for civil protection activities as for supporting local author-
ities during the decision making process. In this section we show as a detailed
reconstruction of rainfall field and a realistic extraction of drainage network lead
to the possibility to define an empirical flood alarm index that, at least for the
case studies presented in the current paper, are actually able to localize the areas
of the basin where the major flood events occur. Other possible application of
CHyM model are also presented including few practical example.

� Section 6. Conclusions will be drawn emphasizing future developments of
CHyM model, especially for what concerns the operational activities and the
studies of the effects of climatic change on the hydrological cycle.

2 Cellular Automata Based Algorithm for Pit and Flat Area
DEM Correction and Flowstream Network Extraction

2.1 Why to Develop a New Hydrological Model?

Cetemps hydrological activities had the startup in 2002 with the main aim to merge
meteorological operational prediction and ground based and remote observations,
available in the framework of other Cetemps groups, for the prediction and moni-
toring of severe wheatear events.

Because of poor competences of our groups in hydrological modeling, the de-
velopment of a new model from scratch was surely a good exercise to acquire
specific knowledge about the main problems in the field of hydrological simulation
and prediction. Many models were already available in the scientific community (a
good overview is given in and Singh and Frevert, 2002), but the building of a new
numerical tool was surely a powerful method to understand the different approaches
and techniques used to simulate the different physical processes contributing to hy-
drological cycle, and it was also a fundamental step to became familiar with main
numerical difficulties in hydrological modeling. The presence of many young par-
ticipants to ISSAOS 2005 let us to emphasize this concept and to induce young
researchers to develop numerical methods instead of simply use existing tools often
embedded in a “black box” interface where you are only asked to “click” some-
where on a window to obtain something. To develop a numerical method, instead
of use a common tool, seems in the start phase a waste of time; on the contrary this
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represents a fundamental aspect for scientific community because it allows a better
and diffused knowledge of the several numerical aspects of a prediction model, and
it also leads to the possibility to compare different approaches and implementations
within the scientific community. In fact, despite of the theoretical performance of
a given numerical algorithm, its practical implementation in a numerical code and
the consequent validation is an important and often non trivial aspect for a realistic
simulation of any physical phenomena.

Few other important reasons induced us to develop a new numerical model and
these reasons are essentially related to specific architectural characteristic of CHyM
model that are not, or at least non often, implemented in other available hydrological
models at the present. Probably the most important of these is the possibility to run the
model in any geographical domain with any resolution, essentially the same feature
implemented in most of atmospheric models. During operational activities it is often
needed to run the model for a domain where major severe meteorological events are
expected to occur, and then to refine the simulation running the numerical tool with a
greater resolution in a subdomain where the probability of flood events appear higher.
As an example an hydrological model with this features can be off-line coupled with
a nested meteorological model, like MM5 Mesoscale model (Dudhia, 1993; Grell
et al., 1994) using, at different spatial resolution the quantitative rainfall prediction
obtained in the different nested domain simulated by the meteorological model.

A further peculiar feature of CHyM is the possibility to rebuild the precipita-
tion field using different predictions and/or observations. During the operational
activities it seems reasonable, for example, to use observed rainfall estimations for
the past hours and meteorological prediction for the future time steps; with this
approach it is possible to reduce the effect of uncertainty in the quantitative rainfall
prediction by the atmospheric model, and, at same time, it does not limit the time
interval of the simulation to the past hours where rainfall observations and/or esti-
mations are available. We will carefully discuss the implementation of this feature
in the next section.

In order to make easier the coupling with other atmospheric models and other
sources of data, CHyM acquires rainfall estimation using a sequence of indepen-
dent modules, each module uses a single source of data to rebuilt rainfall field in a
subregion of selected domain. This characteristic allows the possibility to easily add
the other modules, .i.e. other interface to atmospheric models. In the current imple-
mentation a dedicated interface has been provided to directly acquire MM5 model
(Dudhia, 1993; Grell et al., 1994) and RegCM climatic model (Giorgi et al., 1993a,b;
Pal, 2007) outputs.

Cetemps Hydrological Model code is written using standard Fortran 90 compiler,
it consists in about 10000 rows and it is easily portable in the most popular unix
platform, no commercial or other free tools have been used, and all the algorithm
have been implemented using a native approach, except the graphic tools included in
the package for which the standard NCAR GKS libraries package has been adopted.
CHyM model is provided using three different package, the first containing the
source code, the second containing data like DEM, landuse for all the globe etc., the
last subpackage is the NCAR graphic package, also available starting from NCAR
web page for all the unix platforms.
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2.2 Drainage Network Extraction

The extraction of a coherent flow scheme is the first and fundamental step to simu-
late the hydrological cycle for a given geographical domain. In many distributed and
lumped hydrological models (Singh and Frevert, 2002), stream network is usually
extracted using commercial or free GIS software, however this “automatic” approach
could cause an unrealistic modification of DEM or the algorithm could be too simple
and not suitable for a realistic hydrological reconstruction of an arbitrary catchment.

In addition most of the licensed GIS software are usually very expensive and
the use of this kind of tool for the drainage network extraction limits the possibility
to easily carry out simulations in any domain due to the need of manipulating “by
hand” some information like the flow direction matrix. Many different approaches
have been proposed to overcome the difficulties to extract the stream network related
to the finite horizontal and vertical resolution of DEM, the majority of the extraction
algorithms use an eight flow directions (D8) approach like Tribe (1992), Jenson and
Domingue (1998), Martz and Jong (1988), Martz and Garbrecht (1992, 1993, 1995)
and Fairfield and Leymarie, (1991); few others include already a digital informa-
tion for river and lake to compute a more realistic drainage network (Turcotte
et al., 2001).

In order to understand the numerical difficulties in the extraction of a coherent
flow scheme, let us do it for the domain of Fig. 1. We select this geographical do-
main for an example because it corresponds to the domain where CHyM model is
operationally used, but also because this is a region of complex orography with more
than ten different small river basins, the greater being the Aterno–Pescara catchment
with a total drained area of about 4000 km2. Figure 1 report the representation of
DEM matrix as rebuilt by CHyM model for the selected domain; the domain is
selected by the user specifying, in the main script, five parameters : the number
of latitudes, the number of longitudes, the first latitude, the first longitude and the
horizontal resolution. In the case selected for this example the horizontal resolution
is about 300 meters and all the fields are defined on a 450×400 (lon-lat) grid. DEM
matrix is calculated by CHyM using two Raw format data base, the first one having
a resolution of about 300 meters and covering Italy, the second one is USGS data
base covering all the world with an horizontal resolution of about 1 km.

From the matrix shown in Fig. 1, it can be calculated, for each grid point, the
flow direction. According to the minimum energy principle, we assume that surface
runoff occur with a strong preferential direction following the steepest DEM down-
hill gradient. Figure 2 reports a map of flow direction obtained with the above crite-
ria and the eight different colours correspond to the eight surface route directions.

As a first validation the matrix represented in Fig. 2 is used to calculate the incline
map reported in Fig. 3, the quantity shown in this map is the tangent of the terrain
incline in the flow direction. From this plot it is evident the paths of the main rivers
of the domain corresponding to pink zones where the inclination is close to zero. It
is also easy to locate the watershed corresponding to the maximum of the inclination
map. For a qualitative validation of the streamflow obtained with this first step it is
enough to note, as an example, as the river paths and watersheds often corresponds
to the administrative boundaries as it is in the reality.



170 M. Verdecchia et al.

Fig. 1 Digital Elevation Model representation for a region of complex topography in the Central
Italy

Of course a more quantitative validation is needed to test the actual capability of
the extracted stream network to realistically simulate the actual drainage network.
This is usually done calculating a sort of accumulation matrix, for example the total
number of cells or the total area drained by each cell. A detailed description of the
implemented algorithm to calculate the accumulation matrix will be given in the
next section, here we just want to highlight as this matrix can be used to visualize
the drainage network: the path of a river, in fact, is given by a sequence of cells with
increasing drained area or increasing number of drained cells. A graphic represen-
tation of the river paths is shown in the “strange” Fig. 4.

This figure is obtained identifying as a channel all the cells in the accumulated
matrix with a value greater than a threshold (O’Donnel et al., 1999), different
colours corresponds to increasing values of the same matrix. As it can be easily
seen the drainage network does not corresponds to the actual situation (shown in
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Fig. 2 Representation of flow direction map for the domain shown in Fig. 1

next Fig. 7) at least because it is characterized by different segments not connected
each other and then the water does not runoff towards the sea. The inefficiency of
the algorithm is caused by the presence of singularities due to the finite horizontal
and vertical DEM resolution. These singularities are usually classified as “pits” and
“flat areas”.

The pits (or sinks) are DEM cells surrounded by neighbours that have higher
elevation. In most of GIS software and other hydrological models, the sinks are
removed increasing the DEM value to the lowest elevation of the adjacent cells,
this technique is usually referred as filling algorithm (Marks et al., 1984; Martz
and Garbrecht, 1992; Band 1986). It is easy to understand how this algorithm often
simply moves the pit in one of neighbouring cells, therefore the procedure must
be applied several times and it can lead to an unrealistic modification of DEM.
Nevertheless the presence of these singularities causes an unrealistic numerical rep-
resentation of the basin (Fig. 4) essentially because the pits cells are more often
located along the main river path where the terrain inclination is lower.
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Fig. 3 Map of the incline for the domain shown in Fig. 1 as calculated by CHyM

The flat areas are sequences of adjacent cells having the same elevation. In this
case a more sophisticated numerical procedure is requested to coherently determine
the flow direction for the whole flat surface, examples of such strategies are de-
scribed by Turcotte et al. (2001) and by Garbrecht and Martz (1997).

An example of DEM singularities is reported in Fig. 5 where a small portion
of the domain of Fig. 2 is shown. For each cell we reported the terrain elevation
and an arrow showing the flow direction for that grid point. It can be seen as few
pits are located within this subdomain and the correction of this singularities appear
not trivial. As an example it has to be noted that all the surrounding grid points
of two “flat cells” in the mid-left of the figure drain toward these minimum cells,
therefore it is not enough to determine the flow directions for the two singular cells,
but also the drainage direction of the neighbouring grid points has to be coherently
changed. In order to solve this problem in a general way, we developed an original
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Fig. 4 Flow test obtained without DEM singularities correcton

and sophisticated algorithm based on the main concepts of Cellular Automata. In the
next subsection we will introduce CA based application and we will discuss how to
apply this numerical technique to drainage network extraction.

2.3 Cellular Automata Based Algorithm for Pits and Flat Area
DEM Correction

Cellular Automata based algorithms are inspired to the observation that many bi-
ological systems, made of many singular parts, seem to have a collective and co-
ordinated behaviour or they show to have a sort of computational capability. The
basic concept is that, within a CA aggregate, each element, usually called “a cell”,
modifies its own status depending on the status of the surrounding cells. The actual
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Fig. 5 Flow direction for a small portion of domain shown in Fig. 2. For each cell it is reported the
terrain elevation (meters) and the flow direction. Flow direction is not reported for pits or flat area

evolution of the system depends on a local rule, used by each Cellular Automaton to
modify its status, and it also strongly depends on the initial state of the system. Fol-
lowing Packard and Wolfram (1985), let us formally define these simple concepts:

� Cellular automata are discrete dynamical systems
� Space, time and states of the system are discrete quantities
� Each point in a regular spatial lattice, called a cell, can have anyone of a finite

number of states
� The state of the cells in the lattice are updated according to a local set of rules
� All the cells in the lattice are updated synchronously

Many applications and “games” have been developed using these simple items,
an interesting list can be find in Wolfram (1988). Cellular automata can also be
considered as discrete idealizations of partial differential equations and because of
their discrete nature they can be viewed as a simple parallel-processing device. CA
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are suitable for describing mathematical models for system in which many simple
components act together for producing complicated patterns of behaviour.

Probably the most popular of CA applications is the so-called “game of life”. In
this game the CA are arranged in a two dim grid and each cell can have just two
states: dead or alive. At each time step a Cellular Automaton will survive only if 2
or 3 of the 8 neighbouring cells are alive, otherwise it will die. Following this simple
“local rules” we can obtain a surprising quantity of different collective behaviours
depending on the initial state of the system. Just to give an idea, a typical initial
configuration is known as “walker” because it reproduce exactly itself after a finite
number of cycles but in one of adjacent location, this example can be find at the
URL http://cetemps.aquila.infn.it/mvlib/exe20b.gif.

In order to develop a Cellular Automata application for DEM smoothing and pits
and flat areas DEM correction, we suggest to modify the above general items for
CA formal definition as follows:

� CHyM grid is considered an aggregate of cellular automata
� The status of a cell corresponds to the value of a CHyM field (DEM, in this case)
� The state of the cells in the lattice is updated according to following rule

hi → hi + α

⎛
⎝ 8∑

j

β j (h j − hi )

⎞
⎠

� All the cells of the lattice are updated synchronously
� Update ends when the flow direction can be established for all the cells

In the formula for DEM update, the coefficient  is a small value (typically 0.1),
while the coefficients �j are weights taking into account the different distances be-
tween the centre of the cells and the sum is carried out on the 8 surrounding cells.
With the above set of rules a single cell is smoothed according to the weighted aver-
age of the neighbouring cells. This algorithm result to be very efficient (we will see
this with many tests and examples) for solving the pits and flat areas singularities as
well. Nevertheless the application of this technique lead to an overall modification
of DEM representation and of course this aspect results uneasy, therefore we can
rearrange a sort of recipe for DEM correction as follow

2.4 Recipe for DEM Pits and Flat Areas Correction

� Smooth DEM using CA rules until Flow Direction can be established for all the
cells

� Generate streamflow network using smoothed DEM
� Use the original DEM matrix for hydrological simulation but modify ONLY the

cells draining toward an higher grid point
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We usually refer to this procedure as CA2CHYM algorithm. With this technique
we have a powerful method to obtain a coherent flow network in our domain and
we also avoid the problem of an unrealistic modification of numerical terrain model.
Before to quantitatively demonstrate these aspects, let us to see how the flow scheme
reported in Fig. 5 has been modified. The results is shown in Fig. 6, it is impor-
tant to notice as the flow direction has been established for all the cells, but the
flow direction field has been modified also for the cells in the neighbourhood of
singularities.

It is also useful to compare Figs. 5 and 6 in order to have an idea of the “complex”
result of the CA based technique.

For validating the proposed CA algorithm, let us to analyze how many cells of
our domain have been modified and if these modifications lead to an unrealistic
representation of the actual terrain. To this scope we built an histogram with the
distribution of DEM modifications for the whole domain. As stated in the above

Fig. 6 Same as Fig. 5 but after the application of CA based algorithm
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recipe for DEM smoothing, the modified terrain is used only to establish the flow
direction while the original elevation model is modified only for those cells draining
toward a cell with higher elevation. With this algorithm we strongly reduce the num-
ber of cells to correct and this is evident comparing the first two panels of Fig. 7,
in the first panel (upper left of the figure) the histogram refers to the application of
a “traditional” algorithm based on the iterative application of pit-filling algorithm.
In the upper right part of the figure we report the same histogram but applying the
“CHyM smoothing recipe”, it is worth to notice that there is an order of magnitude
between the two scales.

A further and interesting analysis is the spatial distribution of terrain modifica-
tions and these are reported in the lower panel of Fig. 7. It is interesting to note
that the DEM matrix significantly changed, after the application of CA2CHYM
algorithm, mainly in three different zones, these zones are indicated with the letters
A, B and C in the figure. In the zone denoted by A it is situated an artificial lake
and this area is actually drained by a network of artificial channels for the produc-
tion of power supply and then we expect that a realistic drainage scheme cannot be
obtained simply using the digital terrain representation. The zone denoted by letter
B is located not far from L’Aquila where ISSAOS 2005 school took place, and this
mountain location is characterized by an underground river coming from different
sources of the “Rocca di Mezzo” kart plateau. The underground stream forms the
famous (in Italy) caves, called Stiffe caves (they were also visited during the excur-
sion by the participants to ISSAOS 2005 Summer School). Also in this situation we
cannot aim to rebuild a realistic drainage network using only the surface elevation.
Finally the attention should be addressed to the location denoted by C in the last
panel of Fig. 7. In fact this is a drained lake (see an example Tomassetti et al., 2003)
and, at present time, the existing plateau is drained by a complex system of artificial
channels and then again a significant change in DEM field is needed to rebuild a
drainage network for this zone. In fact, In all these cases CA2CHYM recipe shows
to be a powerful and very efficient methodology for the extraction of stream network
also in presence of a very complex topography. What is shown in Fig. 7 also gives a
further reason to prefer the development of a new native algorithm for flow matrix
extraction, in fact here we have the possibility to check if and where the application
of the extraction technique lead to un unrealistic representation of actual surface
routing.

The next step is now to calculate the accumulation matrix to verify if the extracted
flow stream is actually able to rebuilt, in a realistic way, the drainage network for
the selected domain. We have already applied this algorithm to produce Fig. 4, if
we paint this matrix after the above discussed DEM smoothing we obtain what is
reported in Fig. 8. The drainage network as established by CHyM is quite similar
to what is observed, for those who are not familiar whit the streams and rivers of
central Italy, note, for example, as for many segments the path of rivers coincides
with administrative boundaries as it is.

Figures 4 and 8 are obtained mapping the accumulation matrix obtained after a
systematic procedure we usually refer to as Rolling Stones Algorithm (RSA here-
after). This algorithm is not original or, in any case, is at least similar to other
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Fig. 7 Distribution of DEM modification applying traditional pit-filling algorithm (upper left
panel) and CHyM smoothing recipe (upper right panel). The geographical distribution of the
corrections is also shown in the lower panel
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Fig. 8 As in Fig. 4 but after the smoothing of terrain using CA2CHYM algorithm

techniques applied in other hydrologic models, nevertheless there is not often a
detailed description of it and then it should be useful to list the fundamental steps
for the calculation of accumulation matrix. RSA algorithm can be summarised in
the following description: a “stone” ideally rolls downhill from each cell toward the
sea and each time that this stone goes through one cell a counter is incremented by
1 for that cell. If the algorithm is iterated until all the stones get to the sea, it can
be calculated an accumulation matrix that contains the total number of cells drained
by each grid point. If a quantity A is associated to each stone where A is equivalent
to the area of the cell where the stone was at the beginning, for each cell it can be
computed the upstream drained area. A similar approach can be used to calculate
the total upstream drained rain by each cell; this matrix plays an important role in
the definition of the flood alert index discussed later in the paper.

Once the accumulation matrix has been defined another algorithm has been de-
veloped to track the drainage network as it is shown, for example in Figs. 4 and 8.
This algorithm is called Salmon Algorithm because it acts like salmons during the
love season, moving upstream from the river mouth to the river springs. The mouth
of the river is localized as the cell that drains toward a point in the sea and whose
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upstream drained area is greater then a fixed threshold (typically few hundreds of
km2). From the mouth cell the algorithm goes upstream to the neighbour cell whose
drained area is the largest but it also keeps in a temporary vector the location of the
surrounding cells whit a drained surface greater than the threshold (tributaries end).
Once that the spring of the main channel of the watershed is reached (the spring
is the first cell having a drained area lower than the threshold) the algorithm starts
again from the tributaries end and reconstruct the first secondary channel.

The accumulation matrix is also used inside CHyM code for many tests and
applications and an example is shown in Fig. 9 where the watershed of Aterno-
Pescara river is shown. With this simple tool, implemented inside CHyM, we are
able to verify if the whole basin we are interested in simulating is actually included
in the selected geographical domain. Another important possibility is to simulate
only the cells included in a selected basin. In fact this flag gives the possibility to

Fig. 9 The watershed of Aterno-Pescara river basin as rebuilt by CHyM algorithms
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run the model in an arbitrary domain (i.e. not only a rectangular area) and therefore
it is possible to strongly reduce the CPU time needed for the simulation.

In order to avoid confusion and to make the topic easier to understand, we have
discussed within this chapter the application of CHyM algorithms for a geographical
domain including the Abruzzo Region in the Central Italy; of coarse the perfor-
mances of CHyM native algorithms for stream network extraction and visualiza-
tion were tested for many geographical domains all over the world, an example is
show in Fig. 10 where the drainage network has been rebuilt for Indian peninsula,
and it is superimposed to the Land Use map downscaled at CHyM grid resolu-
tion using USGS database. Other tests for different domains are available at URL
http://cetemps.aquila.infn.it/chym/examples.

Fig. 10 The land use map downscaled at CHyM grid with superimposed the drainage network
extracted with CHyM algorithm, for Indian peninsula
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3 Assimilation of Different Rainfall Data Sets

Precipitation fields are characterized by large spatial and temporal variability and
it has been long recognized that rainfall patterns play an important role in runoff
generation. Many studies have described the strong non linear relationship between
rainfall spatial and temporal distribution and river discharge (Goodrich et al., 1997),
and also examined the hydrological response to the different precipitation patterns
(Singh, 1997).

For hydrological research, the main obstacle for studying rainfall spatial pat-
terns is the limited rainfall data, usually from sparse rain gauge networks. With
remote sensing techniques it has been tried to overcome those problem (Grimes
et al., 2003; Coppola et al., 2006) but the accuracy of rainfall estimations (Krajewski
and Smith, 2002) and runoff sensitivity to sub-pixel rainfall variability (Michaud
and Sorooshian, 1994) are very difficult to be taken into account.

An alternative to observations could be the quantitative rainfall prediction from
meteorological models (Van der Linden and Christensen, 2003), but also the high
resolution limited area model prediction are affected by large uncertainties and they
are often not suitable to provide a realistic precipitation patterns at hydrological
scale.

Several techniques has been proposed to merge different set of data in order to
reduce uncertainties in rainfall estimation, the most recent being based on physi-
cal approach (French and Krajewski, 1994) or statistical algorithms (Todini, 2001).
All those methods are often difficult to apply for operational hydrological activities
because, for example, not all the data sets are usually available for all the time steps
of the simulation. To overcome this problem we developed a more empirical but
more general method with the aims to assimilate different available rainfall estima-
tions or observations by taking into account the different nature of the data.

Before giving a detailed description of this methods let us to clarify few aspects
of CHyM operational activities to better justify the development of a new method
to assimilate different rainfall estimations. The operational context where CHyM
simulations are carried out are resumed by the block diagram of Fig. 11. The blue
boxes are external data sources: ECMWF provide daily large scale forecast; satellite
data includes meteosat and MSG observation channels; the ARSSA and Idrografico
boxes represent the real time acquisition of two different rain gauges networks
available in the geographical domain where CHyM operational run are provided.
The green boxes are internal database where data are stored with homogeneous
format.

The orange boxes represent data processors or meteorological models: the data
acquired by the rain gauges network are stored in an homogeneous format and with
the same time (hourly) resolution in a local database; the satellite data are used
to provide rainfall estimation and a data base containing the hourly remote sens-
ing based precipitation estimation is also updated; a Single-polarization Doppler
weather radar systems (see Vulpiani and Marzano contribute to the present ISSAOS
2005 proceedings) is used to obtain rain rate estimation and these data are also
acquired and stored in another database. MM5 limited area model (Dudhia, 1993,
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Fig. 11 Block diagram for Cetemps operational activities. The blue boxes are external data
sources: ECMWF provide daily large scale forecast, satellite data includes meteosat and MSG
observation channels, the ARSSA and Idrografico boxes represent the real time acquisition of
two different rain gauge networks available in the geographical domain where CHyM operational
run are provided. The green boxes are internal database where data are stored with homogeneous
format. The orange boxes represent data processors or meteorological models. The goal of the
whole chain is to provide all the meteorological fields and especially all the rainfall estimation for
CHyM operational run

Grell et al., 1994) is initialized using ECMWF General Circulation Model forecast,
and its operational run provide the quantitative rainfall prediction for the next three
days in the Central Italy with an horizontal resolution of three kilometres, the rainfall
prediction are then stored in a database with a temporal resolution of one hour, The
final goal of the whole chain shown in Fig. 11 is to provide all the meteorological
fields and especially all the rainfall estimations for CHyM operational run.

Figure 12 shows the sequence of different rainfall data sources used by CHyM
hydrological model to rebuilt the precipitation field on its grid during daily op-
erational simulation, each map corresponds to one hour of simulation. Different
colours correspond to different observations or estimations used for rainfall field
reconstruction. Pink colour locates the subdomain where MM5 model forecast has
been used, green colour locate the subdomain where rain gauge measurements are
available, while red colour corresponds to the subdomain where radar estimations
have been used. It has to be noted how the situation is different at every time step
and obviously only meteorological model predictions are available for “future” time
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steps. It is also important to note that, due to the different efficiency in real time rain
gauge data acquisition, not all the rain gauge data are available for all the considered
time step, this graphically corresponds to different size and extension of green spots
at different hourly time step. In addition different situations occur when satellite
and/or radar receiver is off line. Because of this dynamical, and unpredictable sit-
uation, a complete reconstruction of precipitation fields cannot be efficiently done
using the most popular statistical based algorithms like the kriging, and therefore we
developed an innovative technique based on the above described Cellular Automata
concepts to merge all the data sources available at a single time step, the method
is simpler compared to kriging algorithm, for example, but it results to be more
realistic respect to a trivial geometrical interpolation like the Cressman approach.

3.1 CA Based Algorithm for Assimilating Different Rainfall
Data Sources

The core idea of the methods is to assimilate the different data sets using a hier-
archical sequence of modules each assimilating a single data set. The sequence of
modules starts from that one that uses the most reliable data set like measurements
(for example a tested rain gauge network) and it ends when the data set with greater
expected uncertainty (usually meteorological model prediction) is used. Each mod-
ule will rebuilt the precipitation field in a selected subdomain depending on the
spatial distribution of available data. Such subdomain is defined as the ensemble of
grid points having at least one measurement in a selected radius of influence rm,
being rm a typical value of few kilometres and depending on the density of available
data.

In order to describe with more details the algorithm let us to imagine a defined
domain on which it has been fixed a lat-lon resolution grid and we want to assimilate
a data set consisting in the hourly rainfall observations from a sparse grid. Each
CHYM grid point is then defined of different type as schematically shown in Fig. 13.
Cells of type 0 (red cells) are those for which is not of interest to estimate the
precipitation, for example because they are points corresponding to the sea or they
are located outside the catchment we are interested in. The cells of type 1 (white
cells) are grid points for which we have not (yet) a precipitation estimation. Cells
of type 2 (blue cells in the upper-left corner of the figure) are those for which the
precipitation has been estimated in a previous module with a different data set, say
data set 1 (DS1), and their precipitation value will not change with the current (and
following) module. Within the cyan area we find blue cells that correspond exactly
to the location of rain gauges we want to assimilate with the present module, in
the figure these points are indicate as DS2 data, namely the measurements of the
second data set. In these cells the value of precipitation is set to the value of the
corresponding observation and they are from now on considered of type 2 (the value
of the precipitation will not be changed any more).
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Fig. 13 Schematic description of CA based algorithm for merging different rainfall data sets. Each
element of two dimensional grid corresponds to a CHyM grid point. The blue subdomain in the
high-left corner corresponds to the cells where the rainfall fields has been calculated in a previous
module by a first data set (DS1). The cyan area corresponds to a subdomain where the rainfall
fields will be estimated with the current module using a second data set. The blue cells inside the
cyan area represents the cell corresponding to the actual observations available in the data set 2
(DS2). The red area is outside the geographical domain of interest, for example they correspond to
the sea or they are outside the watershed we are interested to. The precipitation in the white area
will be estimated with the next modules

The cyan domain in the figure is defined of type 3 and corresponds to all the cells
whose precipitation value will be established with the current module; as explained
above, this subdomain is represented by all the cells having at least a measurement
in a selected radius of influence rm.

The further step is now to use a CA based algorithm similar to that described
above for the DEM smoothing, for establishing a coherent value for the grid points
of type 3, namely the cyan area of Fig. 13.

The basic idea we implemented is that when we deal with hydrological scale
resolutions (few hundreds of meters) it becomes a good approximation to consider
that the rainfall in a given grid point is the weighted average of the precipitation in
the surrounding cells, with the weights that take into account the different distances
between the grid points. The CA based algorithm essentially acts to find a coherent
solution considering the precipitation at each grid cell as the weighted average of
the precipitation in the neighbourhood.

The practical implementation of this method again use the basic concepts of
Cellular Automata theory that we briefly described in the previous chapter. Here
we introduce again the main CA items but in a more formal way. The rules used to
update a CA system is usually defined a totalistic rules that establish the value of
the central cell to depend only on the current value of the cell and the values of the
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cells in the neighbourhood. For a two dimensional regular lattice, like CHyM grid,
each cell takes on n possible values and it is updated in discrete time step according
to a rule θ that depends on the current status of the site and on the eight neighbour
cells. The value xi, j of the i, j site evolves according to:

xt+1
i, j = θ

(
xt

i, j , xt
i+1, j−1, xt

i+1, j , xt
i+1, j+1, xt

i, j−1, xt
i, j+1, xt

i−1, j−1, xt
i−1, j , xt

i−1, j+1

)

For our application, we consider the precipitation field on CHyM grid as an aggre-
gate of Cellular Automata and we try to select a simple rule that, after an iterative
application, allows to obtain a solution where each cell will assume the average
value of the neighbouring cells. The previous general rule becomes:

xt+1 = xt + β

8∑
k=1

αk xk
t

being � a small coefficient (typically 0.1). The sum is carried out over the 8 neigh-
bouring cells and the k coefficients must take into account the different distances
between the grid points. The evolution rule becames:

xt+1 = xt + β

8∑
k=1

1

rk
xk

t

where rk is the distance between the central cell and the neighbour cell. Of course
if we apply the above rule to the whole domain, the system will go to final stable
state where all the cells will reach the same value and then we refine the algorithm
assigning different rules to the CA belonging to different domains of Fig. 13. More
specifically:

� The value of rainfall in the cells of type 3 are iteratively modified using the rule
specified by the previous equation. For the boundary cells the sum is carried out
using only the neighbouring grid points of type 2 or 3;

� The value of the rainfall in the cells of type 2 (points of measurements or esti-
mates of a previous data set) remain unchanged;

� Iteration ends when the changes in the rainfall values became negligible (few
percent) and all the cells of type 3 will be now classified of type 2.

In order to speed-up the numerical process all the cells of type 3 are initialized
with a “reasonable” value calculated with a geometrical algorithm using the follow-
ing formula

Ri =
∑

j

1 − r2
i j

/
r2

m

1 + r2
i j

/
r2

m

R j
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being Ri the estimated rain value, Rj one of the rainfall measurement available
within a radius of influence rm, and rij are the distance between rain gauge (or meteo-
rological model grid point, etc.) locations and the considered cell. This interpolation
method is usually referred to as Cressman algorithm (Cressman, 1959).

Looking at the general formulation the CA based technique could appear very
difficult to understand or not easy to implement, in fact a simple example will
clarify that this is not the case and also its practical implementation only requires
the development of few tens of Fortran (or other scientific language) code. Let us
consider a simple example: suppose we want to rebuilt the precipitation field on
CHyM distributed grid, for a given time step, using a set of rain gauge measurements
and, in the subdomain where rain gauges are not available, the quantitative rainfall
prediction obtained by a meteorological model. To do this we will call the module
manipulating the rain gauges measurements and then the module manipulating fore-
casted rainfall. The results obtained during the sequence of different interpolation
steps are shown in Fig. 14.

In the first (upper left) panel the precipitation field is rebuilt using Cressman
formula. The estimation is carried out only for the grid points having at least a mea-
surement in a given radius of influence (typically of few Kilometres), the yellow
area corresponds to the portion of the domain where we have not (yet) measure-
ments of any type to estimate the precipitation, the different blue tone corresponds
to increasing values of observed hourly precipitation. In the second panel (upper
right), the field obtained with the previous formula is smoothed using the above
described CA based algorithm. It is not the aim of this paper the validation of the
proposed methodology, it is evident how the rainfall field presents a more realistic
pattern after the CA smoothing, while in the first panel, obtained with a geometrical
algorithm it looks just like a superimposition of circles. In the next panel (lower
left) the grid points filled with previous rain gauges module are taken fixed and
the rest of the domain is filled using MM5 model prediction and Cressman for-
mula. Finally the second subdomain is smoothed with CA algorithm (lower right
panel).

In order to make the comparisons easier, a small portion of the rebuilt precipi-
tation field has also been reported in the panels of Fig. 15. Comparing the first two
panels it is evident the ability of CA based algorithm to smooth the field rebuilt
with Cressman formula to obtain a more realistic pattern. In the third panel it can
be noticed as MM5 model probably overestimate the observed precipitation and the
application of CA smoothing acts to reduce such overestimation. Other examples of
the proposed technique are given in Figs. 19 and 20 and related discussion.

The above described sequence of algorithms allows to obtain, at each CHyM
simulation time step, a realistic reconstruction of complex precipitation patterns,
assimilating, in a hierarchical sequence all the data available at the considered time
step. Of course we do not expect that this approach will perform better, respect
to a statistical based technique; nevertheless the proposed technique offer a simple
and powerful method to obtain a reasonable estimation of rainfall field for those
situations (see Fig. 12 and related discussion) where a statistical method cannot be
applied.
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Fig. 14 The sequence of results obtained applying the sequence of modules for precipitation field
reconstruction (mm/hour) from rain gauge measurements (upper panels) and from meteorological
model forecasts (lower panels)

4 Parametrization of Physical Processes Contributing
to Hydrological Cycle

To give a more complete description of CHyM model, the description of the param-
eterization of different physical processes that contribute to the hydrological cycle
as they have been implemented in the current version of the model are here reported.
None of the different parameterization are original respect to what implemented in
many other models.
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Fig. 15 Same as Fig. 14, but, in order to make easier the comparison, in this case we report a
small portion of the considered domain. Comparing the first two panels it is evident the ability of
CA based algorithm to smooth the field rebuilt with Cressman formula to obtain a more realistic
pattern. In the third panel it can be noticed as MM5 prediction probably overestimate the observed
precipitation and the application of CA smoothing (last panel) acts to reduce such overestimation

4.1 Surface Water Routing

Based on the kinematic wave approximation (Lighthill and Whitham, 1955) of the
shallow water wave the equations used by CHyM model to simulate the surface rout-
ing overland and for channel flow are the continuity and momentum conservation
equations:

	A

	t
+ 	Q

	x
= q

Q = αAm

where A is the flow cross-sectional area, Q is the flow rate of water discharge, q is
the rate of lateral inflow per unit of length, t is the time, x is the coordinate along the
river path,  is the kinematic wave parameter, and m the kinematic wave exponent.

The kinematic wave parameter  is can be written as:

α = S
1/2 R

2/3

n

being S the longitudinal bed slope of the flow element, n the Manning’s roughness
coefficient while R is the hydraulic radius that can be written as a linear function of
the drained area D as:

R = β + γDδ

where �, 
 and � are empirical constants to tune with during the calibration. The
exponent � is usually very close to 1.
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4.2 Evapotranspiration

The potential evapotranspiration is computed inside CHyM as a function of the ref-
erence evapotranspiration that is the evapotranspiration in soil saturation condition
according to the formula:

ETp = kc · ET0

where kc is the crop factor that is a function of land use. For details about the com-
putation of the reference evapotranspiration refer to Todini (1996) and Thornthwaite
and Mather (1957).

4.3 Infiltration and Percolation

The infiltration process is modelled using a conceptual model similar to those pro-
posed by several authors as Overton (1964), Singh and Yu (1990). The infiltration
term is given by:

I (t) = Is(t) − Ps(lu)

where Is(t) and Ps(lu) are respectively the infiltration and the percolation rate at the
ground surface. The percolation rate Ps(lu) is only dependent from the kind of land
use (lu) of the considered cell and its value is established during the calibration of
the model. The infiltration rate can be written as:

I (t) = Ilu − κr (t)

where Ilu is the maximum of water that can be stored in the ground before the
saturation and depends from the kind of land use while k is an empirical factor
representing the fraction of rain r(t) that infiltrates.

5 Some Applications of Chym Drainage Network
of CHyM Model

Within the framework of hydrological operational activities, it is often required an
alert system that is able to localize the area where floods have greater probability
to occur. The estimation of the probability that a region will be affected by a flood
would be of great advantages because we could focus accurate simulation in the
most probable flood region saving time and computer resources. Moreover the pos-
sibility to have a realistic map of flooding risk could be an important information
for the risk management activities carried out by the civil protection and local au-
thorities. We will show in this chapter as the drainage network extraction technique
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implemented in the CHyM model and an accurate reconstruction of precipitation
field at hydrological scale are sufficient to provide a flood alarm index that is able,
at least in the case studies discussed below to localize the segments of drainage
network where flood events are more likely to occur.

5.1 CHyM Flood Alarm Index

The use of a distributed hydrological model for the prediction of flow discharge
requires a complex calibration activity. In addition only few complete discharge
time series are available for numerical models validation while these time series are
usually missing for small catchments. In a region of complex topography, like the
Central Italy where CHyM model is used at present time, is therefore very difficult
to validate a deterministic prediction of flow discharge for tens of small basins.

A more empirical but realistic approach could be the use of a stress index as an
estimator of the probability that a certain segment of the simulated drainage network
is undergoing to a flood. As a first simple approach this kind of index can be derived
as a function of the rainfall drained by an elementary cell of the simulated domain
and the hydraulic characteristic of the draining channel within that cell. The cross
section of the river is usually considered, as a first approximation, a linear function
of total drained area (see discussion about surface water routing in Section 4.1) and
therefore a reasonable idea cold be to consider the ratio between the total drained
rain and total drained area in the upstream basin of each cell. More specifically the
CHyM stress index C SI for the cell i, j can be defined as follow:

C SIi j =
∑

k

wk

ak

where wk indicates the rainfall in the cell k, ak is the area of the cell k and the sum
over k is carried out for all the grid points in the upstream basin of the cell i, j . For
the practical applications discussed in the next section we consider the accumulated
drained rainfall in a time interval of 48 hours because this time interval represents a
typical runoff time for most of considered basins. The runoff time is usually defined
as an average time that a drop of rain will take to runoff toward the sea. The stress
index defined by the previous equation has also a simple physical interpretation: it
represents the average precipitation for the upstream basin of a cell in the considered
time interval. It is also important to note as CHyM stress index is calculated making
a sort of spatial (all the upstream basin) and temporal (runoff time) average and
this reduce the effect of different uncertainties in the reconstruction of rainfall fields
from observation and/or meteorological forecast. Of course the most important rea-
son to support the definition of this index is the observation that it actually seems
to be a powerful method to localize the segments of drainage network where flood
events actually occurred.

Finally we notice how the algorithms discussed in the Chapters 2 and 3 and
implemented in the CHyM code are sufficient to calculate the CHyM stress index.
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5.2 Application of CHyM Flood Alert Mapping to Different
Case Studies

The CSI can be easily calculated using CHyM algorithms described in the previous
sections and it has been tested for many case studies to check the actual possibility to
detect the area that undergoes to major hydrological stress, few examples are given
in Tomassetti et al. (2005) while here we report few other case studies.

The first case deal with the consequences of the meteorological critical event
occurring during August 2005 between Austria, Germany and Switzerland. In this
case many floods occurred in a wide domain, including many urban areas. The major
damages were observed in the regions of Voralberg and North Tirol in west part of
Austria and also in southern zone of Bavarian region (Germany). Figure 16 shows

Fig. 16 The flood alert map obtained by CHyM model coupled with MM5 local area meteorolog-
ical model, for the meteorological critical event occurring during August 2005 between Austria,
Germany and Switzerland
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the flood alert index map obtained with an off-line coupling of MM5 meteorological
model and CHyM hydrological model, the hydrological scale resolution is, in this
case, of 1 km. The colour scale used in the figure represents the stress index for each
channel element of the considered domain, the maximum of the scale (red alarm)
corresponds to 200 mm of rainfall in the last 48 hours. The areas of risk are well
highlighted and localized and they actually corresponds to the locations where the
major severe hydrological events were observed.

The hourly precipitation patterns were simulated with MM5 meteorological
model (Dudhia, 1993; Grell et al., 1994), the model has been used in a configuration
with three nested domain with innermost domain running at 3 km of horizontal reso-
lution. The MM5 limited area model was forced with ECMWF General Circulation
Model forecast.

The flood alert mapping for a second case study is reported in Fig. 17. In this
case we refer to the severe meteorological event occurring between November 25
and November 26 2005 in the central Italy; from the meteorological point of view
the situation is characterized by two different structures: a first one associated with
high instability producing precipitation in the afternoon of November 25, and a
second one producing a large scale trough entering from North-North-West and
associated with high potential vorticity values and then causing intense precipitation

Fig. 17 The flood alert map obtained by CHyM model coupled with MM5 local area meteoro-
logical model, for the meteorological critical event occurring in Abruzzo Region (Central Italy)
between November 25 and November 26 2005
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phenomena. In this case the CHyM alarm map has been calculated on a grid with
an horizontal resolution of 300 meters. Again the hourly precipitation patterns were
simulated using MM5 meteorological model forced with ECMWF GCM forecast.
The innermost MM5 domain, running at 3 km of horizontal resolution includes the
whole domain considered in the hydrological simulation and shown in Fig. 17. In
order to give a more quantitative validation of the proposed hydrological stress in-
dex, here we compare the predicted CHyM alarm map with the observed time series
of hydrometric level in three different points of Aterno River basin (the size and the
shape of this catchment are shown in Fig. 9). The small panels in the right part of
the figure report the different time series, each compared with three different levels
of alarm, these alarm thresholds for hydrometric levels were empirically established
by Civil Protection local authorities in the last few years of observation. The arrows
between time series panels and CHyM alarm map localize the position of hydrome-
ters. It is very interesting to note how CHyM simulation correctly predicts a severe
alarm in the location of first hydrometer: red colour for CHyM alarm map where
the higher threshold value is actually reached. For the second hydrometer only the
intermediate alarm level is reached and CHyM model correctly predicts a low level
alarm (green in the map). The last observed time series only reach for few hours the
first alarm threshold while CHyM simulation correctly predicts a low level alarm
(intense blue) in this segment of drainage network.

It is worth to notice a couple of things about the previous case studies. The first
observation is that in both cases a meteorological forecast was used to predict the
alert map and, despite the intrinsic uncertainties in the quantitative rainfall predic-
tion obtained with a meteorological model, the proposed alarm index actually local-
izes the segments of drainage network where the major severe hydrological events
were observed. As already stated the quantity we define as alarm index is similar to a
spatial (all the upstream basin) and temporal (48 hours) average of precipitation, and
this acts to reduce the effect of uncertainties in the rainfall pattern reconstruction. Of
course to have a risk indication in similar catastrophic events could be of big benefit
for the local authorities and the responsible of civil protection activities.

Another important point is that the two case studies discussed above are carried
out for catchments with very different size and characteristics but in both cases the
same scale of stress index results to be a valid indicator of the area where the risk of
floods is higher. This observation could lead to the conclusion that, at least in case
studies reported here and in a previous work (Tomassetti et al., 2005), an average
value of 150–200 mm of precipitation in the upstream basin is a reasonable limit to
consider that a segment of drainage network is undergoing to risk. This conclusion
is valid considering an appropriate time interval comparable to the runoff time of
simulated catchment.

5.3 An Example of Coupling of CHyM Hydrological Model
and the Climatic Version of MM5 Model

As discussed in the first chapter of the present paper, one of the most important
feature of CHyM model is the possibility to acquire precipitation data from different



196 M. Verdecchia et al.

sources, more specifically it has been designed to read the predicted rainfall fields
from MM5 and RegCM atmospheric model. To give an idea of the potential ap-
plications we briefly discuss here the preliminary results obtained investigating the
possible changes in hydrological cycle induced by the absence of glaciers in the
Alpine Region of North Italy.

Changes in land use due to human activities may cause a significant change in
typical meteorological and climatic conditions at the regional scale (see as an ex-
ample Tomassetti et al., 2003). Nevertheless, there are many observations on the
reduction in glaciers cover in mountain regions due to climate changes effects. In
this context, it is usefull to couple different numerical models in order to inves-
tigate the possible effects of these changes in the hydrological cycle. This kind
of study presents at least two different and interesting aspects, the first one be-
ing the possibility to simulate the future changes in water resource availability,
while the second aspect is connected to the prediction of possible stresses in the
whole drainage network, or only a few segments, due to the changes in the typical
precipitation regime. A specific experiment has been designed to investigate the
hydro-meteorological effects on the Po river basin associated with the melting of
glaciers in the Alpine region. A climate simulation was carried out for March and
April 2004 using two different scenarios for glaciers cover, the first one depicts
the current situation, the second one represents an extreme scenario where all the
glaciers disappear at an elevation below 3,000 meters. The simulations have been
carried out using the climatic version of MM5 limited area model. Changes in the
water resources upstream of the Po river drainage network are then computed using
the CHyM model. Figure 18 illustrates the preliminary results for the two simulated
months. It seems likely that an increase in the total amount of precipitation drained
by the Po river (blue segments of drainage network) are due to glacier melt, as the
average precipitation increases throughout the entire basin close to the mountains
while the coastal section of basin seems to drain a lower quantity of precipitation
(black segments of drainage network).

5.4 Prediction of Landslide Events Using CHyM Flow Scheme

It has been shown in Sections 5.1 and 5.2 as the total drained rainfall seems to be
an important predictor of flood events. It is then straightforward to try to predict the
occurrence of landslide using a similar approach.

In order to investigate this possibility we rebuilt the daily rainfall field, on CHyM
grid with a resolution of about 1 km using ECMWF re-analysis from 1958 to 2002
and for a geographical domain including several regions of central Italy. An example
is show in Figs. 19 and 20, where the different phases of precipitation field recon-
struction are reported. In the left panel of Fig. 19 the ECMWF values are assigned
to the corresponding cells of CHyM grid, because of the big difference between
ECMWF and hydrological model grids, we also assign the same value to the cells
in a neighbourhood of few grid points. In the next step (central panel) we assign a
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Fig. 18 Change in total
drained precipitation induced
by the absence of Glaciers in
the Alpine Region of North
Italy

reasonable value to all the other grid points using the Cressman formula discussed
in Section 3.1. In the last phase (right panel) the rainfall field is smoothed using the
CA based algorithm described in Chapter 3. Again it can be seen as the proposed
algorithm gives a more realist reconstruction of rainfall spatial pattern respect to a
simple geometrical interpolation (see also Figs. 14–15 and relative discussion).

This is also more evident in the case study of June 20, 1960 shown in Fig. 20,
where the rainfall pattern appears more complex with the cores of precipitation
field located in the north-east and south-east of the considered geographical do-
main, while no precipitation phenomena are observed in the western sector of the
domain.

Once the daily accumulated precipitation fields are estimated at hydrological
scale, CHyM routines are used to rebuilt the daily drained rain for the same do-
main. We suggest an empirical method to predict the major probability of landslide

Fig. 19 Downscaling of ECMWF rainfall data on CHyM grid for the case study of March 19, 1966
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Fig. 20 Same as Fig. 19, but for the case study of June 20, 1960. The size of the selected area is
about 200 km per side

occurrence: the warning level is reached for a given cell of the considered domain,
when the total drained rain in the last N days becomes greater than a threshold
value Td , being N and Td values to be optimized. We exclude from the analysis the
channel-grid points, namely the cells whose drained area is greater than 100 km2.
The algorithm can be refined taking into account also the slope of the terrain ob-
tained using the same procedure explained for Fig. 3, then we exclude from the
probability of landslide occurrence all the cells whose maximum slope is lower
than a reasonable threshold Ts . A further improvement could be to consider the
specific land-use or land-type of the cell or the specific geologic characteristic of
the terrain.

Examples of the preliminary results obtained with the practical application of the
above described approach are shown in Fig. 21, for the severe meteorological event
occurring during November 1966. The red X in the picture represent the location
where landslide events actually occur, while the blue dots are the cells where our
simple conceptual algorithm predict a landslide event. In the Fig. 21 we also draw
the regional boundaries between Emilia Romagna and Toscana regions. It has to be
noticed that a database including a complete map of landslide events are currently
available only for Emilia Romagna region and this is the reason for which the loca-
tions of events appear only in subdomain above the cited administrative boundary.
These results were obtained without considering the geological characteristic of the
terrain and then they surely represent a very encouraging first test for the validation
of the proposed technique.

5.5 Localization of Pollution Source Areas

The RSA algorithm briefly described in Section 2.3 has been implemented in a
CHyM module to “paint” the drainage area of an arbitrary catchment, in order words
this module calculates all the cells belonging to a basin (Fig. 9 shows an example for
Pescara-Aterno river in the Abruzzo region). This feature could be very useful for
many practical aspects, for instance it allows verifying whether the whole catchment
we wish to simulate is contained in the selected domain. In addition, this tool allows
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Fig. 21 Landslide events predicted by simple CHyM based technique. The red X in the picture
represent the location where landslide events actually occured, while the blue dots are the cells
where our simple conceptual algorithm predict a landslide event. It has to be noticed that a database
including a complete map of landslide events are currently available only for Emilia Romagna
region and this is the reason for which the locations of observed events appear only in subdomain
above the administrative boundaries between Emilia Romagna and Toscana regions

to run the model only for the grid points belonging to a river basin, which may
greatly reduce the required computing time. The module has been implemented in
the most general way and it could be, in fact used to localize the drainage area for an
arbitrary segment of a river. For example, suppose that following an intense precip-
itation event a strong gradient in the concentration of pollutants (say pesticides or
nitrates) between two points of the river, A and B, is observed. Now it is realistic to
assume that the pollutants have been carried by surface runoff. The CHyM module is
able to localize the area that could be the source of pollution, and it will correspond
to the entire area that is drained by point B, but not by point A if A is in the upstream
basin of point B.

6 Concluding Remarks

A complete description of Cetemps Hydrological Model (CHyM) was given, we
focused the attention on the description of original algorithms for drainage net-
work extraction and assimilation of rainfall data from different data sets. CHyM
is a distributed grid based hydrological model where the major physical processes
contributing to hydrological cycle are simulated. Beside the possibility to predict in
a deterministic way the discharge in any point of an arbitrary geographical domain,
we showed as the combined use of an accurate flow routing scheme and a detailed



200 M. Verdecchia et al.

reconstruction of precipitation fields leads to the development of many applications
of the model for operational activities dealing with flood alert mapping or landslides
events prediction, as for the investigation of the modification in hydrological cycle
induced by the changes in precipitation variability.

Further information about CHyM model and related literature are available at the
URL: http://cetemps.aquila.infn.it/chym
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Rainfall Thresholds for Flood Warning Systems:
A Bayesian Decision Approach

M.L.V. Martina, E. Todini and A. Libralon

Abstract Operational real time flood forecasting systems generally require a
hydrological model to run in real time as well as a series of hydro-informatics
tools to transform the flood forecast into relatively simple and clear messages to
the decision makers involved in flood defense. The scope of this chapter is to set
forth the possibility of providing flood warnings at given river sections based on
the direct comparison of the quantitative precipitation forecast with critical rainfall
threshold values, without the need of an on-line real time forecasting system. This
approach leads to an extremely simplified alert system to be used by non technical
stakeholders and could also be used to supplement the traditional flood forecasting
systems in case of system failures. The critical rainfall threshold values, incorpo-
rating the soil moisture initial conditions, result from statistical analyses using long
hydrological time series combined with a Bayesian utility function minimization. In
the chapter, results of an application of the proposed methodology to the Sieve river,
a tributary of the Arno river in Italy, are given to exemplify its practical applicability.

Keywords Flood forecasting systems · Rainfall threshold approach · Bayesian
approach

1 Introduction

1.1 The Flood Warning Problem

The aim of any flood warning system is to provide useful information to improv-
ing decisions such as for instance issuing alerts or activating the required protec-
tion measures. Traditional flood warning systems are based on on-line hydrological
and/or hydraulic models capable of providing forecasts of discharges and/or water
stages at critical river sections. Recently, flood warning systems have also been
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coupled with quantitative precipitation forecasts (QPF) generated by numerical
weather models (NWM), in order to extend the forecasting horizon from a few hours
to a few days (EFFS, 2001–2004). Consequently, flood forecasting systems tend to
require hydrological/hydraulic models to run in real time during flood emergencies,
with increasing possibility of system failures due to several unexpected causes such
as model instabilities, wrong updating procedures, error propagation, etc.

In several countries operational flood management rests with professional who
have the appropriate technical background to interpret all of the information pro-
vided by the real-time flood forecasting chain. However, in many other cases, the
responsibility of issuing warnings or to take emergency decisions rests with non
hydro-meteorology knowledgeable stakeholders, this is the case for instance of flood
emergency managers or mayors.

The aim of this chapter is to explore the possibility of issuing flood warnings
by directly comparing the forecast QPF to a critical rainfall threshold value incor-
porating all the important aspects of the problem (initial soil moisture conditions
as well as expected costs), without the need to run the full chain of meteorological
and hydrological/hydraulic real time forecasting models. Although it should not be
considered as an alternative to the comprehensive hydro-meteorological forecasting
chain, due to the simplicity of the final product (a couple of graphs), this approach
can be an immediate tool for non purely technical decision makers in the case of
early warnings and flash floods.

Apart from their extensive use in the United States (Georgakakos, 2006) and in
Central America, in Europe, the Integrated Project FLOODSite ( www.floodsite.net)
among others aims at assessing the advantage for using the rainfall threshold ap-
proach as an alternative to the traditional ones in the case of flash floods.

1.2 The Rainfall Threshold Approach

The use of rainfall thresholds is common in the context of landslides and debris
flow hazard forecasting (Neary and Swift, 1987; Annunziati et al., 1999; Crosta
and Frattini, 2000). Rainfall intensity increases surface landslide hazard (Crosta et
Frattini, 2003) while soil moisture content affects slope stability (Iverson, 2000;
Hennrich, 2000; Crosta et Frattini, 2001).

In the context of flood forecasting/warning, rainfall thresholds have been gen-
erally used by meteorological organizations or by the Civil Protection Agencies to
issue alerts. For instance, in Italy an alert is issued by the Civil Protection Agency
if a storm event of more than 50 mm is forecast for the next 24 hours over an area
ranging from 2 to 50 km2. Unfortunately, this type of rainfall threshold, which does
not account for the actual soil saturation conditions at the onset of a storm event,
tends to heavily increase the number of false alarms.

In order to analyze flood warning rainfall thresholds in more detail, following
the definition of thresholds used for landslides hazard forecast, let us define them
as “the cumulated volume of rainfall during a storm event which can generate a
critical water stage (or discharge) at a specific river section”. Figure 1 shows an
example of rainfall thresholds i.e. accumulated volume of rain versus time of rainfall
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Fig. 1 Example of a rainfall threshold and its use

accumulation. In order to establish the landslides warning thresholds, De Vita and
Reichenbach (1998) use a number of statistics (such as the mean), to be derived from
long historical records, of the amount of precipitation that happened immediately
before the event.

Mancini et al. (2002), as an alternative to the use of historical records in the
case of floods, proposed an approach based on synthetic hyetographs with different
shapes and durations for the estimation of flood warning rainfall thresholds. The
threshold values are estimated by trial and error with an event based rainfall-runoff
model, as the value of rainfall producing a critical discharge or critical water stage.
Although the Mancini et al. (2002) approach overcomes the limitations of the sta-
tistical analysis based exclusively on historical records, rarely sufficiently long to
produce statistically meaningful results, it presents some drawbacks due to the use
of an event based hydrological model. In particular, it requires assumptions both
on the temporal evolution of the designed storms and on the antecedent moisture
conditions of the catchment, which one would like to avoid.

A rainfall threshold approach has also been developed and used within the US
National Weather Service (NWS) flash flood watch/warning programme (Carpenter
et al., 1999). Flash flood warnings and watches are issued by local NWS Weather
Forecast Offices (WFOs), based on the comparison of flash flood guidance (FFG)
values with rainfall amounts. FFG refers generally to the volume of rain of a given
duration necessary to cause minor flooding on small streams. Guidance values are
determined by regional River Forecast Centers (RFCs) and provided to local WFOs
for flood forecasting and the issuance of flash flood watches and warnings. The
basis of FFG is the computation of threshold runoff values, or the amount of effec-
tive rainfall of a given duration that is necessary to cause minor flooding. Effective
rainfall is the residual rainfall after losses due to infiltration, detention, and evapo-
ration have been subtracted from the actual rainfall: it is the portion of rainfall that
becomes surface runoff at the catchment scale. The determination of FFG value in
an operational context requires the development of (i) estimates of threshold runoff
volume for various rainfall durations, and (ii) a relationship between rainfall and
runoff as a function of the soil moisture conditions to be estimated for instance via
a soil moisture accounting model (Sweeney et al., 1992).



206 M.L.V. Martina et al.

As applied in the USA, approaches for determining threshold runoff estimates
varied from one RFC to another, and in many cases, were not based on generally
applicable, objective methods. Carpenter et al. (1999) developed a procedure to
provide improved estimates of threshold runoff based on objective hydrologic prin-
ciples. For any specific duration, the runoff thresholds are computed as the flow
causing flooding divided by the catchment area times the Unit Hydrograph peak
value. The procedure includes four methods of computing threshold runoff accord-
ing to the definition of flooding flow (two-year return period flow or bankfull dis-
charge) and the methodology to estimate of the Unit Hydrograph peak (Synder’s
synthetic Unit Hydrograph or Geomorphologic Unit Hydrograph). A Geographic
Information System is used to process digital terrain data and to compute catchment-
scale characteristics (such as drainage area, stream length and average channel
slope), while regional relationships are used to estimate channel cross-sectional and
flow parameters from the catchment-scale characteristics in the different locations
within the region of application. However the quality of the regional relationships,
along with the assumptions of the theory, limits the applicability of the approach.
For example, the assumption that the catchment responds linearly to rainfall excess,
which is needed to apply the unit hydrograph theory, imposes lower limits on the
size of the catchment, as small catchments are more non-linear than larger ones
(Wang et al., 1981). But at the same time, the assumption of uniform rainfall excess
over the whole catchment implicitly introduces upper bounds on the size of the
catchments where a Unit Hydrograph approach could be considered reasonable.
Furthermore, the assumption of uniform rainfall excess over the catchment also
implicitly limits the size of the catchment for which a unit hydrograph approach
is reasonable.

With reference to the second aspect of the FFG, namely the estimation of the
relationship between rainfall and runoff as a function of the soil moisture condi-
tions, in a recent paper Georgakakos (2006) derives a relationship between actual
rainfall and runoff, which is taken equal to the effective rainfall, both for the opera-
tional Sacramento soil moisture accounting (SAC) model and for a simpler general
saturation-excess model.

The results of this work have significant implications in operational application
of the methodology. The threshold runoff is a function of the watershed surface
geomorphologic characteristics and channel geometry but it also depends on the
duration of the effective rainfall. This dependence implies one more relationship
that must be invoked to determine the appropriate value and duration of the threshold
runoff for any given initial soil moisture conditions. In other words operationally it
is necessary to determine not only the relationship between the runoff thresholds
and the flash flood guidance in terms of volumes but also in terms of their respective
duration.

The method presented in this chapter overcomes all the limitations due to his-
torical records length, and the restrictive linearity assumptions required by the Unit
Hydrograph approach as well as the ones required by the Mancini et al. (2002) ap-
proach, by generating a long series of synthetic precipitation, which is then coupled
to a continuous time Explicit Soil Moisture Accounting (ESMA) rainfall-runoff
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model. The use of continuous simulation, which necessarily implies continuous
hydrological models of the ESMA type, was also advocated by Bras et al., 1985;
Beven, 1987; Cameron et al., 1999 and seems the most appropriate way for de-
termining the statistical dependence of the rainfall-runoff relation to the initial
soil moisture conditions. The statistical analysis of the long series of synthetic re-
sults allows in development of joint and conditional probability functions, which
are then used within a Bayesian context to determine the appropriate rainfall
thresholds.

As presently implemented, the approach does not take into account the uncer-
tainty in the quantitative precipitation forecasts (QPF) provided by the numerical
weather prediction (NWP) models. However, since the uncertainty of QPF is still
quite substantial, an extension of the present approach is under development to
incorporate this uncertainty by means of a Bayesian technique. Nonetheless, this
first step was felt essential to demonstrate the feasibility of the proposed technique
with respect to the simple unconditional rainfall thresholds, i.e. independent from
the initial soil moisture conditions, which today are the basis for issuing warnings
in many countries.

2 Description of the Proposed Methodology

In order to simplify the description of the methodology, two phases are here dis-
tinguished: (1) the rainfall thresholds estimation phase and (2) the operational uti-
lization phase. The first phase includes all the procedures aimed at estimating the
rainfall thresholds related to the risk of exceeding a critical water stage (or dis-
charge) value at a river section. These procedures are executed just once for each
river section of interest as well as for each forecasting horizon. The second phase
includes all the operations to be carried out each time a significant storm is foreseen,
in order to compare the precipitation volume forecast by a meteorological model
with the critical threshold value already determined in phase 1.

2.1 The Rainfall Thresholds Estimation

As presented in Section 1.2, rainfall thresholds are here defined as the cumulated
volume of rainfall during a storm event which can generate a critical water stage (or
discharge) at a specific river section. When the rainfall threshold value is exceeded,
the likelihood that the critical river level (or discharge) will be reached is high and
consequently it becomes appropriate to issue a flood alert; alternatively, no flood
alert is going to be issued when the threshold level is not reached. In other words
the rainfall thresholds must incorporate a “convenient” dependence between the cu-
mulated rainfall volume during the storm duration and the possible consequences
on the water level or discharge in a river section. The term “convenient” is here
used according to the meaning of the decision theory under uncertainty conditions,



208 M.L.V. Martina et al.

namely the decision which corresponds to the minimum (or the maximum) expected
value of a Bayesian cost utility function.

Given the different initial soil moisture conditions, which can heavily modify the
runoff generation in a catchment, it is necessary to clarify that it is not possible to
determine a unique rainfall threshold for a given river section. It is well known that
the water content in the soil strongly affects the basin hydrologic response to a given
storm, with the consequence that a storm event considered irrelevant in a dry season,
can be extremely dangerous in a wet season when the extent of saturated areas may
be large. This implies the necessity of determining several rainfall thresholds for
different soil moisture conditions. Although one could define a large number of
them, for the sake of simplicity and applicability of the method, similar to what
is done in the Curve Number approach (Hawkins et al., 1985), only three classes
of soil moisture condition have been considered in this work: dry soil, moderately
saturated soil, wet soil. A useful indicator for discriminating among soil moisture
classes, the Antecedent Moisture Condition (AMC) can be found in the literature
(Gray et al., 1982; Hawkins et al., 1985), which leads to the following three classes
of soil moisture AMC I (dry soil), AMC II (moderately saturated soil ) and AMC
III (wet soil). Since each AMC class will condition the magnitude of the rainfall
threshold, three threshold values have to be determined.

Given the loose link that can be found between rainfall totals and the correspond-
ing water stages (or discharges) at a given river section, the estimation of the rainfall
thresholds requires the derivation of the joint probability function of rainfall totals
over the contributing area and water stages (or discharges) at the relevant river
section. This derivation is based on the analysis of three continuous time series:
(i) the precipitation averaged over the catchment area, (ii) the mean soil moisture
value, (iii) the river stage (or the discharge) in the target river section. It is obvious
that these time series must be sufficiently long (possibly more than 10 years) to
obtain statistically meaningful results. In the more usual case when the historical
time series are not long enough, the average rainfall over the catchment is simulated
by a stochastic rainfall generation model whose parameters are estimated on the
basis of the observed historical time series. The rainfall stochastic model adopted
in this work is the Neyman-Scott Rectangular Pulse NSRP model, widely docu-
mented in the literature (Reed et al., 2002; Rodriguez-Iturbe et al., 1987a, 1987b;
Cowpertwait, 1991; Cowpertwait et al., 1996). With the above mentioned model,
10,000 years of hourly average rainfall over the catchment were generated and used
as the forcing of a hydrologic model. The model used in this work is the lumped
version of TOPKAPI (Todini and Ciarapica, 2002; Ciarapica and Todini, 2002; Liu
and Todini, 2002). described in Appendix with which the corresponding 10,000
years of hourly discharges and soil moisture conditions have been generated.

At this point it is worthwhile noting that:
– The choice of the stochastic rainfall generation model and the rainfall-runoff

model is absolutely arbitrary and does not affect the generality of the proposed
methodology.

– Only the average areal rainfall on the basin is used in the proposed approach
thus neglecting the influence of its spatial distribution. Therefore, the suitable
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range for applying the proposed methodology is limited to small and medium size
basins (roughly up to 1, 000–2, 000 km2), where the extension of the forecasting
lead time by means of QPF may be of great interest for operational purposes, also
taking into account that the QPF is generated by the meteorological models with
a rather coarse resolution (generally larger than 7 × 7 km2).

– The results obtained via simulation are not the threshold values, but less stringent
relations such as: (1) indicators incorporating the information on the mean soil
moisture content, which are used to discriminate the appropriate AMC class and
(2) the joint probability density functions between total rainfall over the catch-
ment and the water stage (or discharge) at the river section of interest.

Phase 1 of the proposed methodology for deriving the rainfall thresholds follows the
three steps illustrated in Fig. 2:

Step 1. Subdivision of the three time series obtained via simulation (generated av-
erage rainfall, simulated average soil moisture content, simulated water stage or
discharge at the outlet) according to the defined soil moisture conditions (AMC)
(Section 2.2);

Fig. 2 Schematic representation of the proposed methodology. (1) Subdivision of the three syn-
thetic time series according to the soil moisture conditions (AMC); (2) Estimation of the joint pdfs
between rainfall volume and water stage or discharge; (3) Estimation of the “convenient” rainfall
threshold based on the minimisation of the expected value of the associated utility function
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Step 2. Estimation, for each of the identified AMC classes, of the joint probability
density function of the rainfall cumulated over the forecasting horizon(s) of interest
and the maximum discharge in a related time interval (Section 2.3);

Step 3. Estimation of a rainfall alarm threshold, for each of the identified AMC
classes (Section 2.4).

2.2 Step 1: Sorting the Time Series According to the AMC Classes

In order to account for the different soil moisture initial conditions, it is necessary to
divide the three synthetic records, namely the stochastically generated rainfall, the
soil moisture conditions and the water levels (or discharges) obtained via simulation,
in three subsets, each corresponding to a different AMC class.

This subdivision is performed on the basis of the AMC value relevant to the
soil moisture condition preceding a storm event. According to this value, the corre-
sponding rainfall and discharge time series will be grouped in the appropriate AMC
classes. This operation needs some further clarification, since the search for the
rainfall totals and the corresponding discharge (or water stage) must each be done
in different time intervals in order to account for the catchment concentration time.

With reference to Fig. 3, three time values are defined:

Fig. 3 The synthetic time series and the three time values used in the analysis: t0 is the time of the
storm arrival, T is the time interval for the rainfall accumulation, TC is the time of concentration
for the catchment
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t0 the storm starting time
T the rainfall accumulation time
TC the catchment concentration time

TC can be estimated from empirical relationships based on the basin geomorphology
or from time series analysis, when long records are available. As it emerged from
the sensitivity analysis of the proposed methodology, in reality there is no need of
great accuracy in the determination of TC .

On the basis of the above defined time values, the rainfall volume VT (or rainfall
depth) accumulated from t0 to t0 + T and the maximum discharge value Q (or the
maximum water stage) occurring in the time interval from t0 to t0 + T + TC are
retained and grouped in one of the classes according to the AMC value at t0.

For a better description of the probability densities, although not essential, it was
decided to construct the AMC classes so that they would each incorporate approxi-
mately the same number of joint observations. Therefore, the soil moisture contents
corresponding to the 0.33 and 0.66 percentiles can be used to discriminate among
the three classes. Accordingly, based on the initial soil moisture condition at t0, the
different events are classified as AMC I (dry soil), AMC II (moderately saturated
soil ) and AMC III (wet soil). It is evident that this convenient class labelling has a
different meaning from the SCS method with which should not be confused.

2.3 Step 2: Fitting the Joint Probability Density Function

Once the corresponding pairs of values (the rainfall total and the relevant maximum
water stage or discharge) have been sorted into the three AMC classes, for each
class one can use these values to determine the joint probability density functions
(jpdf) between the rainfall total and the relevant maximum discharge (or the water
stage), to be used in step three. A jpdf will be estimated for each different forecasting
horizon T , which will coincide with the rainfall accumulation time.

The problem of fitting a bi-variate density f (q, ν |T ) in which marginal densities
are vastly different (quasi log-normal for that of discharges and quasi exponential in
terms of rainfall totals) can be overcome either by using a “copula” (Nelsen, 1999)
or more interesting a Normal Quantile Transform (NQT) (Van der Waerden, 1952;
Kelly and Krzysztofowicz, 1997). Figure 4 shows an example of the shape of one of
the resulting bi-variate densities.

2.4 Step 3: Estimation of the Most Convenient Rainfall Threshold

The concept of flood warning thresholds takes its origins from the flood emergency
management of large rivers, where the travel time is longer than the time required to
implement the planned protection measures. In this case, the measurement of water
stages at an upstream cross section can give accurate indications of what will happen
at a downstream section in the following hours. Therefore, critical threshold levels
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Fig. 4 A typical joint probability density function for rainfall volume and discharge with different
(exponential and log-normal) marginal densities for a given soil moisture AMC class

were established in the past on the basis of water stage measurements rather than
on their forecasts. Unfortunately, when dealing with smaller catchments, the flood
forecasting horizon is mostly limited by the concentration time of the basin, which
means that one has to forecast the discharges and the river stages as a function of
the measured or forecasted precipitation. In this case, uncertainty affects the fore-
casts and the problem of issuing an alert requires determining the expected value
of some utility or loss function. In the present work, following Bayesian decision
theory (Benjamin and Cornell, 1970; Berger, 1986), the concept of “convenience”
is introduced as the minimum expected cost under uncertainty. The term “cost” does
not refer to “actual costs” of flood damages that are probably impossible to be de-
termined, but rather a Bayesian utility function describing the damage perception of
the stakeholder, which may even include the non commensurable damages due to
“missed alert”.

Without loss of generality, in the present work the following cost function, graph-
ically shown in Fig. 5, is expressed in terms of discharge:

U (q, v |VT , T ) =

⎧⎪⎨
⎪⎩

a
1+be−c(q−Q∗) when ν ≤ VT and no alert is issued

C0 + a′

1+b′e−c′(q−Q∗) when ν > VT and an alert is issued
(1)

with T the time of rainfall depth accumulation, ν the forecasted volume and VT

the rainfall threshold value, while a, b, c and a′, b′, c′ are appropriate parameters.
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Q*

Fig. 5 Cost utility functions used to express the stakeholder perceptions

Due to the fact that the utility functions are only functional to the final objective of
providing the decision makers with tools reflecting their risk perception, the shape
of such functions, as well as the relevant parameter values, can be jointly assessed,
by analysing the relevant effects on the decision process over past events.

U (q, ν |VT , T ) is the utility cost function, which if ν ≤ VT expresses the per-
ception of damages when no alert is issued (the dashed line in Fig. 5): no costs will
occur if the discharge q will remain smaller than a critical value Q∗, while damage
costs will grow noticeably if the critical value is overtopped. On the contrary, if
ν > VT it expresses the perception of damages when the alert is issued (the solid
line in Fig. 5) a cost which will be inevitably paid to issue the alert (evacuation costs,
operational cost including personnel, machinery etc.), and damage costs growing
less significantly when the critical value Q∗ is overtopped and the flood occurs. As
can be seen from Fig. 5, the utility function to be used will differ depending on
the value of the cumulated rainfall forecast ν and the rainfall threshold VT . If the
forecast precipitation value is smaller or equal to the threshold value, the alert will
not be issued; on the contrary, if the forecasted precipitation value is greater than
the threshold value, an alarm will be issued.

The most “convenient” rainfall threshold value V ∗
T can thus be determined by

search as the one that minimises the expected utility cost, namely:

V ∗
T = Min

VT

〈E {U (q, v |VT , T )}〉 = Min
VT

〈∫ +∞

0

∫ +∞

0
U (q, v |VT , T )

f (q, v |T ) dq dv

〉
(2)

where f (q, ν |T ) is the joint probability distribution function of the rainfall vol-
ume and the discharge peak value described in Section 2.3. One rainfall threshold
value V ∗

T will be derived for each accumulation time T . In Fig. 6 one can see the
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Fig. 6 Expected value of the cost utility as a function of different rainfall threshold values. This
analysis is repeated for each time rainfall accumulation time T and for each Antecedent Soil Mois-
ture conditions class. For instance this graph is referred to AMC II and T = 12 hours

typical shape of the expected value of the utility E {U (q, ν |VT , T )} for a given
accumulation time T .

Finally, Fig. 7 shows that all the values of the rainfall thresholds obtained for
each AMC class, can be plotted as a function of the rainfall accumulation time.
In the same Fig. 7, one can also appreciate the simplicity of the procedure used to
decide whether or not to issue an alert. It is sufficient to progressively accumulate the
forecast rainfall totals, starting from the measured rainfall volume and to compare
the value to the appropriate AMC threshold value.

Fig. 7 Example of the rainfall thresholds derived for each AMC class as a function of rainfall
accumulation time: when the soil is wet the threshold will obviously be lower
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3 Operational Use of the Rainfall Threshold Approach

In order to operationally use the rainfall thresholds approach, whenever a storm
event is forecast, one has to identify the AMC class to be used and the relevant
rainfall threshold. This can be done without running a hydrological model in real
time. For instance, in the cited work by Mancini et al. (2002), the AMC is esti-
mated according to the Soil Conservation Service definitions (SCS, 1986) reported
in Table 1. However, the approach, although very simple, can lead to an incorrect
estimation of the antecedent soil moisture, since it neglects the intra-annual long
term dependency (seasonality) of the soil moisture conditions. As a matter of fact
(see Table 1) the SCS AMC only incorporates the information relevant to the precip-
itation of the previous 5 days, while from the example of Fig. 8, where the box plot
of the mean monthly soil moisture condition is displayed, one can notice that the
intra-annual variability of the soil moisture can be very high and the short-term in-
fluence of the precipitation alone is not sufficiently informative to correctly estimate
the antecedent soil moisture conditions.

Therefore, an alternative methodology, which makes use of the long synthetic
time series, already obtained for the thresholds derivation, is here proposed, to be
applied only once in phase 1. As one can see from Fig. 9, it is possible to determine
on a monthly basis, the simulated mean soil moisture as a function of the cumulated
rainfall volume over the previous n days. More in detail, Fig. 9 shows for the Sieve
catchment, on which the methodology was tested, the mean soil moisture of the
month vs the precipitation volume cumulated over the previous 72 hours. These re-
sults were obtained by using the 10,000 years synthetic rainfall and the correspond-
ing simulated soil moisture series. The graphs in Fig. 9 will be referred to as the
“AMC Calendar”. There is an evident dependency of the soil saturation condition
on the antecedent precipitation and it is quite easy to estimate the appropriate AMC
class by means of the AMC Calendar by comparing the cumulated rainfall value
with the 0.33 and 0.66 quantiles determined as described in Section 2.2 (Fig. 10).

When a storm is forecast, using the rainfall thresholds together with the AMC
Calendar, it is possible to:

Determine the mean catchment soil moisture and the correct AMC class, by en-
tering into to the monthly graph with the cumulated rainfall volume recorded in the
previous n hours;

Choose the rainfall threshold corresponding to the identified AMC class;
Add the forecast accumulated rainfall to the observed rainfall volume;
Issue a flood alert if the identified threshold is overtopped.

Table 1 AMC classes definition according to the SCS approach

AMC class Five-day antecedent rainfall totals [mm]
Dormant season Growing season

AMC I (dry) P < 12.7 P < 35.6
AMC II (medium) 12.7 < P < 27.9 35.6 < P < 53.3
AMC III (wet) P > 27.9 P > 53.3
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Fig. 8 Box plot of the mean monthly soil moisture condition calculated using the TOPKAPI model
for the Sieve catchment

Fig. 9 The AMC calendar for the antecedent soil moisture condition estimation
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Fig. 10 The use of the monthly AMC Calendar to determine the appropriate AMC class

4 A Framework for Testing the Procedure

Following the meteorological literature, a framework based on contingency tables
was used to assess the performance of the proposed approach. Contingency tables
are highly flexible methods that can be used to estimate the quality of a deterministic
forecast system (Mason and Graham, 1999) and, in their simplest form, indicate its
ability to anticipate correctly the occurrence or non occurrence of predefined events.
A warning W is defined as the forecast of the occurrence of an event E (in this case
the overtopping of a threshold). A two-by-two contingency table can be constructed
as illustrated in Table 2. From a total number of n observations, one can distinguish
the total number of event occurrences (e) and that of non-occurrences (e’); the total
number of warnings is denoted as w, and that of no-warnings as w’. The following
outcomes are possible: a hit, if an event occurred and a warning was issued (with
h the total number of hits); a false alarm, if an event did not occur but a warning
was issued (with f the total number of false alarms); a miss, if an event occurred
but warning was not issued (with m the total number of misses); a correct rejection,
if an event did not occur and a warning was not issued (with c the total number if
correct rejections).

Table 2 Two-by-two contingency table for the assessment of a threshold based forecasting system

Observations Forecasts

Warning W No Warning W’ Total

Event, E h m e
Non Event, E’ f c e’
Total w w’ n
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The skill of a forecasting system can be represented on the basis of the hit rate
and the false-alarm rate. Both ratios can be easily evaluated from the contingency
table (Mason, 1982):

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

hit rate = h

h + m
= h

e

false - alarm rate = f

f + c
= f

e′

(3)

The hit and false-alarm rates (Eq. 3), indicate respectively the proportion of
events for which a warning was provided correctly, and the proportion of non events
for which a warning was provided incorrectly. The hit rate is sometimes known as
the probability of detection and provides an estimate of the probability that an event
will be forewarned, while the false-alarm rate provides an estimate of the probability
that a warning will be incorrectly issued (Eq. 4).

{
hit rate = p (W |E )
false - alarm rate = p

(
W
∣∣E ′ ) (4)

For a system that has no skill, warnings and events are by definition independent
occurrences, therefore, the probability of issuing an alert does not depend upon the
occurrence or non occurrence of the event, namely:

p (W |E ) = p
(
W
∣∣E ′ ) = p (W ) (5)

This equality occurs when warnings are issued at random. When the forecast
system has some skill, the hit rate exceeds the false-alarm rate; a bad performance
is indicated by false-alarm rate exceeding the hit rate. Because of the equality of
the hit and false-alarm rates for all forecasts strategies with no skill, the difference
between the two rate indexes can be considered an equitable skill score ss (Gandin
and Murphy, 1992).

ss = p (W |E ) − p
(
W
∣∣E ′ ) (6)

5 The Case Study

The proposed methodology was applied to the case study of the River Sieve. The
River Sieve is a predominantly mountain river, which flows into the River Arno just
upstream of the city of Florence in Italy (Fig. 11). The catchment area is approxi-
mately 700 km2 at the river cross section at Fornacina with an elevation ranging from
300 to 1300 m. The climate is temperate and generally wet with extreme rainfall
events in fall and spring which may cause flash floods. On November 4, 1966, one of
the major floods of the Sieve, which highly contributed to the Florence flooding, was
recorded, with more than 800 m3s−1. For this study, rainfall and temperature hourly
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Sieve
Catchment

Fig. 11 The River Sieve catchment and the location of the different gauges

observations were available for 7 years at 12 measurement stations (11 raingauges 1
river stage + rating curve) located within the basin. A comprehensive database for
soil textures, soil types and land use at the local scale obtained from surveys carried
out in the last 10 years was also available. The conversion from water levels to river
discharges at the Fornacina cross section is obtained by means of a rating curve,
derived on the basis of flow velocity measures and field surveys of the river cross
section geometry, and provided by the Tuscany Regional Hydrological Service.

According to the proposed methodology, a series of 10,000 years of hourly rain-
fall was generated by means of the Neyman-Scott Rectangular Pulse NSRP model
(Rodriguez-Iturbe et al., 1987a; Cowpertwait et al., 1996). The generated rainfall
was then used as input to the lumped TOPKAPI, a hydrological model described
in Appendix. The rainfall as well as the resulting discharges series were divided in
three subsets (AMC1, AMC2, AMC3) according to the time series of Antecedent
Moisture Condition, also resulting from the hydrological simulation. “Convenient”
rainfall threshold values were then found by means of Eq. 2 for an increasing time
horizon T ranging from 0 to 72 hours. Figure 12 shows the results obtained for the
Sieve catchment at Fornacina.

The verification of the forecasting capabilities of the proposed methodology ap-
plied to the Sieve at Fornacina, based upon the validation framework described in
Section 4, was performed by generating a 1,000 year long time series of synthetic
rainfall, different from the 10,000 year one used for setting up the methodologi-
cal approach. The cases of Correctly Issued Alarms (h), Missed Alarms (m), False
Alarms ( f ), Correctly Rejected Alarms (c) were computed for different lead time
horizons T . Based on the results, the hit rate and the false-alarm rate (Fig. 13)
as well as the Skill Score (ss) (Fig. 14), were computed following their definitions
given in Eqs. 3 and 6 respectively as a function of accumulation time T .
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Fig. 12 The three rainfall thresholds derived for the Sieve at Fornacina

From Fig. 13, it is interesting to notice that the false alarm rate stays to zero up
to an horizon of 6 hours in advance while the hit rate remains almost 1 up to 9 hours
in advance, at which time the false alarm rate is approximately 0.1. The quality of
the results is also confirmed in Fig. 14, which shows that the skill score remains
close to 1 up to 6 hours in advance, while dropping to 0.9 up to 9 hours in advance.
There are two important issues to discuss in these graphs (Figs. 13 and 14). The first
is the high performance obtained for the first 6 to 8 hours. This can be explained
by the high correlation existing in this relative small catchment between the rainfall
volume and the peak of the discharge within a short time interval which somehow
is justified by the Dunne hypothesis. The typical duration for rainfall events of high

Fig. 13 Hit Rate and False-Alarm Rate as a function of flood forecasting horizon for the case of
the River Sieve at Fornacina



Rainfall Thresholds for Flood Warning Systems 221

Fig. 14 Skill score as a function of flood forecasting horizon for the case of the River Sieve at
Fornacina

intensity for this area varies between 5 and 12 hours; this causes the contemporary
overtopping of the rainfall and flood threshold. The second issue is the quick drop
of the skill after 9 hours. After this time window, neglecting the time distribution of
the rainfall intensity makes the previous correlation to decay rapidly. As a matter of
fact the approach does not distinguish between short duration high intensity events
and long duration low intensity ones.

Moreover, it must be borne in mind that these results do not incorporate the “rain-
fall forecasting uncertainty”. They were only derived, on the assumption of “perfect
knowledge” of future rainfall, in order to validate the approach. In other words, the
actually observed rainfall is here used as the “forecasted rainfall”. In operational
conditions, future rainfall is not known and only quantitative precipitation forecasts
originated either by nowcasting techniques or by Limited Area Atmospheric models
may be available.

The introduction of a probabilistic rainfall forecast will inevitably imply the
derivation of an additional probability density f (ν |ν̂ ), expressing the probability
of observing a given rainfall volume ν conditional upon a forecasted volume ν̂, but
it is envisaged that it will not completely modify the proposed procedure. Research
work is currently under way to provide user oriented operational solutions and will
be reported in a successive paper.

Nonetheless, it is worthwhile noting that the proposed methodology is very ap-
pealing for operational people. In fact, not only does it not require a flood forecasting
model running in real time, but even a computer is not necessary in operational
conditions: only the two graphs given in Fig. 15 are used in practice to evaluate
the possibility of flooding. Therefore, the advantage of this method stems from its
simplicity, thus providing a quick reference method to the stakeholders and the flood
emergency managers interested at assessing, within a given lead time horizon, the
possibility of flooding whenever a QPF is available.
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Fig. 15 The resulting two graphs on which the whole operational procedure of the proposed ap-
proach is based upon

6 Conclusions

This chapter presented an original methodology aimed at issuing flood warnings
on the basis of rainfall thresholds. The rainfall threshold values relevant to a given
river cross section take into account the upstream catchment initial soil moisture
conditions as well as the stakeholders’ subjective perception on the convenience of
issuing an alert, through the minimization of expected costs, within the framework
of a Bayesian approach. The advantage of the proposed methodology lies in its
extremely simple operational procedure, based solely on two graphs, that makes
it easy to be understood and applied by non technical users, such as most flood
emergency managers.

Nonetheless, not all the problems have been addressed for a successful opera-
tional use of the methodology. The procedure presented in this chapter, although
it can be considered as a great improvement from the presently used approaches,
must be viewed as a first step towards a sound operational approach. The limitation
of the present stage is due to the implicit assumption of “perfect knowledge” of
future rainfall, in the sense that QPF is taken as a known quantity instead of an
uncertain forecast. Although, this approach is currently used by most flood alert
operational services, the role of the uncertainty in QPF has been presently brought
to the attention of the community by meteorologists, through the use of ensemble
forecasts and by meteorologists and hydrologists within the frame of the recently
launched International Project HEPEX.

Ongoing research deals in fact with the problem of assessing uncertainty within
the framework of the rainfall threshold approach.

The next step aims at incorporating the QPF uncertainty in the derivation of
the rainfall thresholds, by taking the joint probability distribution function between
rainfall and discharge (or water stage) derived via simulation as a distribution con-
ditional on the knowledge of future rainfall. Given the probability density of future
rainfall conditional on the QPF, it will then be possible to combine them in order
to obtain the overall joint density from which one can integrate out the effect of the
QPF uncertainty.
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After that, an attempt will be made to assess the influence of the model (both
rainfall simulator and hydrologic model) uncertainties on the rainfall threshold esti-
mation, although the effect of this uncertainty is much smaller on decisions than the
one produced by the large QPF uncertainty.

Appendix: The Rainfall-Runoff Model Used: the Lumped
Version of the TOPKAPI Model

Two of the hydrologic time series used in the proposed methodology (namely the
soil moisture content and the discharge at the river section of interest) were gener-
ated by means of a lumped rainfall-runoff model (the lumped version of TOPKAPI),
which allows for a continuous simulation at an hourly time step.

The TOPKAPI approach is a comprehensive distributed-lumped approach widely
documented in the literature (Todini and Ciarapica, 2002; Ciarapica and Todini, 2002;
Liu and Todini, 2002). It was also shown (Liu and Todini, 2002), that the lumped
TOPKAPI model schematized in Fig. 16, can be directly derived, without the
need for a new calibration, from the distributed physically meaningful version.
In the lumped version, a catchment is regarded as a dynamic system composed
of three reservoirs: the soil reservoir, the surface reservoir and the channel reser-
voir. The precipitation on the catchment is partitioned into direct runoff and infil-
tration using a Beta-distribution curve, which reflects the non-linear relationship
between the soil water storage and the saturated contributing area in the basin.
The infiltration and direct runoff are then routed through the soil reservoir and
surface reservoir, respectively. Outflows from the two reservoirs, namely interflow
and overland flow, are then taken as inputs to the channel reservoir to form the
channel flow.

As previously mentioned, it can be proven that the lumped version of the TOP-
KAPI model can be derived directly from the results of the distributed version
and does not require additional calibration. In order to obtain the lumped ver-
sion of the TOPKAPI, the point kinematic wave equation is firstly integrated over
the single grid cell of the DEM (Digital Elevation Model) and successively the
resulting non-linear storage equation is integrated over all the cells
describing the basin. In the case of the soil model the following relation is
obtained:

	VsT

	t
= R A −

⎛
⎜⎜⎜⎝

αs + 1

αs X2

1[
N−1∑
l=1

(
N−1∏
m=1

fm

)
+ 1

]
⎞
⎟⎟⎟⎠

αs

XCsT V αs
sT

= R A − bs V αs
sT

(7)

with
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Fig. 16 The schematic representation of the lumped TOPKAPI hydrological model, according to
Liu and Todini 2002
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(8)

where i is the index of a generic cell; j is the of cells drained by the i th cell; N is
the total number of cells in the upstream contributing area, VsT is the water storage
in the catchment, R is the infiltration rate; A is the catchment area; fm represents
the fraction of the total outflow from the mth cell which flows towards the down-
stream cell, and αs is a soil model parameter assumed constant in the catchment,
bs is a lumped soil reservoir parameter which incorporates in an aggregate way the
topography and physical properties of the soil.

Equation 7 corresponds to a non-linear reservoir model and represents the
lumped dynamics of the water stored in the soil. The same type of equation can
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be written for overland flow and for the drainage network, thus transforming the
distributed TOPKAPI model into a lumped model characterized by three “struc-
turally similar” non-linear reservoirs, namely “soil reservoir”, “surface reservoir”
and “channel reservoir”.

Due to the spatial variability of the different cells in terms of water storage and
flow dynamics, the infiltration rate in Eq. 7 must be preliminarily evaluated by
separating precipitation into direct runoff and infiltration into the soil. In order to
obtain this separation, a relationship linking the extent of saturated areas and the
volume stored in the catchment has to be introduced, similarly to what is done in
the Xinanjiang model (Zhao, 1977), in the Probability Distributed Soil Capacity
model (Moore and Clarke, 1981) and in the ARNO model (Todini, 1996).

Given the availability of a distributed TOPKAPI version, this relationship can
be obtained by means of simulation. At each step in time the number of saturated
cells is put in relation to the total volume of water stored in the soil over the entire
catchment. Indicating with V sT the total water storage in the soil, with V ss the
soil water storage at saturation and with As the total saturated area, the relationship
between the extent of saturated areas and the volume stored in the catchment can be
approximated by a Beta-distribution function curve expressed by Eq. 9:

As

A
=

V sT
V ss∫

0

Γ (r + s)

Γ (r )Γ (s)
ϕr−1(1 − ϕ)s−1dϕ (9)

with Γ (x) the Gamma function defined as:

Γ (x) =
+∞∫
0

ξ x−1e−ξ dξ, x > 0 (10)

As it was found in the analysis of the distributed TOPKAPI results, an exfiltration
phenomenon exists. For instance when rainfall stops and the relevant overland flow
has receded, surface runoff can still be larger that the possible maximum interflow
due to a return flow caused by exfiltration. This return flow is estimated using a
limiting parabolic curve (Fig. 16) representing the relationship between the return
flow and the fraction of saturation in the catchment, which parameters are estimated
on the basis of the distributed TOPKAPI model simulation results. This parabolic
curve can be expressed as equation:

Qreturn = a1

(
V sT

V ss

)2

+ a2
V sT

V ss
+ a3 (11)

where Qreturn is the calculated return flow discharge during a time interval t2−t1,
V ST = 0.5(V ST1 + V ST2 ) is the averaged soil water storage, a1, a2 and a3 are the
parameters.
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Accordingly, the infiltration rate into the soil within the time interval Δt can be
computed by using equation:

R = 1

A

(
VSt2

− VSt1

t2 − t1
− Qret

)
(12)

The quantities R and Rd are then input into the soil reservoir and the surface reser-
voir, respectively. The interflow and the overland flow can be obtained by means of
water balance method, and are then together drained into the channel reservoir to
generate the total outflow at the basin outlet (Fig. 16).

For a more detailed description of the model refer to Liu and Todini, 2002.
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Watershed Hydrological Modeling: Toward
Physically Meaningful Processes Representation
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Abstract All physically based distributed models although with different assump-
tions and structures, tend to represent real processes. Real processes are described by
more or less complex mathematical relations which translate general physical laws
also referred as governing equations. The governing equations are usually partial
differential equations (PDEs) at “point-scale” while models refer to finite scale (i.e.
the grid cell). A correct integration of the governing equations from the point to the
finite dimension of a grid cell, can actually generate relatively scale independent
models, which preserve the physical meaning (although as averages) of the model
parameters. In order to preserve the essential feature of the rainfall-runoff process
from the point scale to the grid cell, only representations that integrate the point
equations may correctly reproduce phenomena such as the soil moisture balance
and the consequent saturated areas dynamics, which is probably the most important
driving mechanism in the formation of surface runoff. Following this aim, it will
be shown that a detailed description of the vertical water profile based on the in-
tegration of the governing equations is not necessary for the overall representation
of the horizontal water flow and that it is actually possible to lump the horizontal
flow equations at the grid cell resolution still preserving the physical meaning of
the model parameters. The TOPKAPI, a hydrologic model structured according to
these approaches has been applied to some numerical experiment in order to find
the scale range for the validity of the model physical representativeness.
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1 Introduction

All physically based distributed models although with different assumptions and
structures, tend to represent real processes. Real processes are described by more
or less complex mathematical relations which translate general physical laws also re-
ferred as governing equations. The governing equations are usually partial differential
equations (PDEs) at “point-scale” while models refer to finite scale (i.e. the grid cell).
The problem of how to integrate the governing equations over the grid cell is a central
issue no matter the model. As a matter of fact, the integration method of the governing
equations strongly affects the sensitivity of the model to the space and time scales or
more specifically its capability to preserve the physical representativeness at different
scales.

There are two important aspects related to the integration of the governing equa-
tions, first the adopted numeric method its self and second the unavoidable parame-
ters averaging over the grid cell (or figuratively “pixel”). Both aspects are discussed
in this paper and their consequents on the model scales sensitivity are evaluated.

2 Numerical Integration Schemes for the Governing Equations

The governing equations are, in their complete form, non-linear hyperbolic systems
of conservation laws. In the context of physically based models, first task of mod-
elers is to apply adequate approximations in order to find a simpler system which
can still represent the dominant physical processes under appropriate conditions
(later referred as “approximation step”). That simpler system will be solved in the
model and different numerical schemes will be applied. A correct approximation
of the original equations is fundamental since we believe that the more complex is
the initial theoretical scheme the greater will be the effort to find a correct numerical
solution. On the other hand simplifying too much the original system would lead to a
numerical solution simple to be implemented but not any more physical meaningful.

The approximated system of the governing equations can be solved numerically
by merely replacing the partial derivatives by finite differences on a discrete numer-
ical grid. In other words finite difference numerical schemes provide the solutions
of the discretized (algebraic) version of the original system of partial differential
equations. This approach besides its simplicity presents many disadvantages. First
of all often grid refinement must be applied on such schemes to ensure that the
numerical results are correct. There is therefore a strong limit to the time and space
scales usable in order to have an acceptable solution. We can say this method very
“scale-dependent” in the sense that the scale range within which the solution is
acceptable is very narrow.

A more successful approach for the governing equation integration is to exploit
the characteristic structure of the equations. That is the case of the characteristic
lines method where the original equations are first integrate along the characteristic
lines and the resulting system is solved on the model space-time grid (Chow, 1959;
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Eagleson, 1970; Singh, 1988, 1996) This method allows to preserve the “physics”
embedded in the equations and produce accurate results, but its cost in terms of time
computing is often unaffordable.

An alternative method is, according to a finite-element approach, first to integrate
the simplified equations over the grid cell of the model and then to discretized the
obtain “pixel-equations”.

In summary this method is settled in three steps:

1. Approximation (of the complex hyperbolic system of conservation laws into a
simpler but still physically representative one)

2. Integration (of the simplified equations over the model grid cell)
3. Discretization (of the so obtained “pixel-equations”)

This method is not new nor in fluid dynamic problems neither in hydrology, but
the originality consists not in its theory but in the way the three steps are performed
by the modeler and in the hypothesis he made.

The last method, for instance, is followed by the numerical integration schemes
of the TOPKAPI model (Todini and Ciarapica, 2001; Liu, 2002; Liu and Todini,
2002), a physically based distributed hydrologic model:

1. (Approximation) Subsurface flow, overland flow and river flow are approximated
by the kinematic approach (Wooding, 1965)

2. (Integration) The fundamental equations obtained are integrated, under appropri-
ate conditions, over the individual grid cell of the model driving to a differential
equation, a nonlinear one-to-one relation between volume stored and water flow

3. (Discretization) The resulting nonlinear equation is written in a discrete form
and then solved

To better illustrate the method is here reported the case of the overland flow in
which the momentum equation is approximated by means of the Manning’s formula.
For a general cell, the kinematic wave approximation is described in Eq. (1)

{
	h
	t = r − 	q

	x

q = 1
n (tan β)

1
2 h

5
3 = Chα

(1)

where h is the water depth over ground surface in m, r is the saturation excess
resulting from the solution of the soil water balance equation, either as the pre-
cipitation excess or the ex-filtration from the soil in absence of rainfall, in m/s, n
is the Manning friction coefficients for the surface roughness in s · m−1/3 , tan β

is the surface slope, C = (tan β)1/2
/

n is the coefficient relevant to the Manning
formula for overland flow, α = 5/3 is the exponent which derives from the same
formula.

Combining the two equations (1) the following kinematic type equation is finally
obtained:

	h

	t
= r − 	q

	x
= r − 	 (Chα)

	x
(2)
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Integrating equation (2) in the soil over the ith grid cell which space dimension
is X in m, it gives:

	νi

	t
= ri X − (Ci h

α
i − Ci−1hi−1

α
)

(3)

where νi is the water volume per unit of width over the ith cell in m2, while the last
term in equation (3) represents the inflow and outflow balance. It is quite evident
that the coefficients Ci and Ci−1 are no longer the physically measurable quantities
which are defined at a point, but rather they represent integral average values for the
entire cell.

Assuming that in each cell the variation of the water depth along the cell is neg-
ligible, the water volume per unit of width over each cell can be related to the total
water volume by means of the following simple expression:

νi = X ·hi (4)

Substituting for h in Eq. (3) and writing it for the “source” cells namely the upper-
most cells in each branch, the following non-linear reservoir equation is obtained:

	Vi

	t
= ri X2 − Ci X

Xα
V α

i (5)

where V = ν · X is the total water volume over the cell.
Similarly a non-linear reservoir equation can be written for any generic cell,

given the total inflow to the cell:

	Vi

	t
= (ri X2 + Qu

i

)− Ci X

Xα
V α

i (6)

whereQu
i

is the discharge entering the ith cell from the upstream contributing area
(m3/s). Analogue equations are found for the subsurface flow and for the channel
routing.

It is interesting to see the scale range within which the solution according to
this method is acceptable. The test was made numerically on a “one-cell model”
comparing the solution provided by TOPKAPI with that by the characteristic lines
(Martina, 2004) assumed correct, in the case of spatial homogeneity, no matter the
scale. Figures 1 and 2 show the results of the comparison for different spatial scale
(i.e. grid cell size) and for a fix time step of one hour. As efficiency assessment have
been computed both the Nash-Sutcliffe and the Root Mean Square Errors coeffi-
cients. Both coefficients show a clear tendency of the TOPKAPI solution to diverge
from the “correct” solution (i.e. provided by the characteristic lines method) starting
from a cell size of the order of the kilometer while the TOPKAPI solution is defi-
nitely acceptable for smaller scale. Figure 1 show separately the discharge flowing
within the soil (horizontal subsurface flow) and over the surface (overland flow).
The divergence is greater in the subsurface than in the overland flow. Figure 2 show
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Fig. 1 Nash-Sutcliffe and RMSE between the subsurface and overland discharge computed by
TOPKAPI and by the characteristic line method for one grid cell

Fig. 2 Nash-Sutcliffe and RMSE between the total discharge computed by TOPKAPI and by the
characteristic line method for one grid cell
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the total discharge where the differences are essentially those due to the overland
flow given the relatively small soil contribution.

3 Influence of the Parameters Averaging on the Physical
Representativeness

The other important aspect which is strongly related to the integration of the govern-
ing equations is the consequent unavoidable parameters (and variables) averaging.
The question is whether the average parameters at the model scale are sufficient to
model the dominant physical processes or the inner parameters space-distribution is
necessary for a correct representation. That would imply, for instance, a model grid
refinement up to the scale at which the space-distribution can be neglected.

In the context of rainfall-runoff modelling, we are mainly interested to the water
flow both into the soil and over the surface, it is worth then to test the influence of
the parameters averaging on these processes. It is convenient also to distinguish the
vertical from the horizontal average.

3.1 Feasibility of the Vertical Average

Soil hydraulic behaviour is characterized by the soil water retention curve, which
defines the water content (θ̃ ) as a function of the capillary pressure head (ψ), and
the hydraulic conductivity function, which establishes relationship between the hy-
draulic conductivity (K ) and water content or capillary pressure head. Simulations
of unsaturated flow and solute transport typically use closed-form functions to repre-
sent water-retention characteristics and unsaturated hydraulic conductivities. Some
of the commonly used functional relationships include the Brooks-Corey model
(Brooks and Corey, 1964), and the van Genuchten model (van Genuchten, 1980).
Both model can be used to compute the hydraulic transmissivity (T ) of a soil layer
in non-saturated condition which is given by the following expression:

T =
L∫

0

k (θ (z)) · dz (7)

where z is the vertical direction and L is the thickness of the layer affected by
the horizontal flow. The water flow can be calculated, assuming a kinematic wave
approximation, from the actual soil moisture profile as:

q =
L∫

0

tan(β)k(ϑ̃(z))dz (8)

where β is the topographic surface slope assumed to be equal to the water table
slope and q is the water flow per unit soil width [m2/s].
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As it can be seen from Eq. (8) the horizontal water flow depends on the particular
soil moisture profile since there is not a linear relationship between unsaturated
conductivity and volumetric water volume. However, due to the high conductivity
value, caused by macropores in the top of the soil (Beven and Germann, 1982),
gravity will be the dominant mechanism driving water from the top of the soil to
the bottom (impermeable or semi-impermeable lower boundary). In this zone, ac-
cording to Benning (1994) and Todini (1995), and it is possible to avoid, within the
range of reasonable errors, the integration of the unsaturated soil vertical infiltration
equation (namely Richards’ equation) and use only the average values for hydraulic
conductivity and water content to compute the transmissivity (and consequently
the water flow). As a matter of fact in the TOPKAPI model the transmissivity is
given by:

T = L · ks�̃α (9)

where ks is the saturated hydraulic conductivity, α is a parameter dependent on the
soil characteristics and Θ̃ is mean water content along the vertical profile i.e.:

�̃ = 1

L

L∫
0

θ̃(z)dz (10)

The feasibility of this assumption is here tested by a numeric experiment where the
transmissivity computed considering the vertical profile of the water content (Eq. 7)
is compared with that computed by considering only the mean value (Eq. 9).

On a 100 by 100 meters grid cell a 10-year simulation with synthetic rainfall was
performed by the SHE model (Abbott et al., 1986a; Abbott et al., 1986b; Refsgaard
and Storm, 1995) where the one-dimensional Richard’s equation is solved. Then the
transmissivity was computed:

� according to the van Genuchten model (van Genuchten, 1980)
� according to the Brooks-Corey model (Brooks and Corey, 1964)
� according to the TOPKAPI assumption (Eq. 9)

The errors deriving form the TOPKAPI assumptions are reported in Fig. 3 com-
paring the results both with the Brooks and Corey model and van Genuchten model:
in about 50% of the cases the relative errors are less the 5% while in 90% of the
cases are less then 10%.

3.2 Feasibility of the Horizontal Average

Another numerical experiment was used to test the errors caused by the horizontal
average of the parameters and variables. The experiments was implemented on a
rectangular plane (Fig. 4) of 100 by 100 square cells of 10 meters modelled by the
TOPKAPI either considering a spatial variation of the parameters and considering
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Fig. 3 Frequency distribution
of the error factor between
the transmissivity calculated
considering the soil moisture
profile and calculated with
just the mean value

only the spatial average of them. The parameters analysed are only two: the hy-
draulic conductivity and the surface slope belived as the most influent parameters for
the water flow estimation. To take into account both the effects of a non-correlated
random variation and of a spatial correlated variation the models used for the two
parameters are the following

ki
s = αk · ki−1

s + εi
k (11)

si = αs · si−1 + εi
s (12)

Fig. 4 Part of the plane used
for the simulations in the case
of random variability of the
parameters. The gray scale
indicates the different
hydraulic conductivity of the
cells. It can be seen also the
different slope of the cells
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where ks is the hydraulic conductivity at saturation, s is the cell surface slope with
the superscripts i and i − 1 referring respectively to the ith cell and its down-
stream cell in the direction of the motion, αk and αs are constant coefficients. εk

and εs are normally distributed random errors with zero mean and with appropri-
ate standard deviations (σεk and σεs) (see Table 1). With these simple formulas it
was possible to analyze a variety of different combinations of parameters spatial
variability.

It was performed a simulation including two different rainfall events, one short
but very intense and the other long but of a low intensity (Fig. 5). The results in
terms of subsurface flow and overland flow have been carried out in the case of

a) considering the given spatial variability of the parameters (Eqs. 11 and 12)
b) with only the average values of the parameters

and the differences reported by means of the Nash-Sutcliffe coefficient in Table 1.
As it can be see from the table, in the case of just random variations of the

parameters the Nash-Sutcliffe coefficients show very high values of efficiency. In
the case of random and correlated variability the Nash-Stucliffe coefficients are
lower especially for the subsurface flow, but the efficiency is still acceptable for
the total discharge. The subsurface is the most sensitive to the correlated variability
of the hydraulic conductivity and slope since it is clearly influenced not only by
the parameters values but also by their disposal. However, although the subsurface
flow is not well captured in some cases (Fig. 5) the total water content is still well
reproduced (Fig. 6).

In most real applications for rainfall-runoff modeling, the spatial distribution of
the parameters within a grid cell (of the order of the kilometer) is neglected, but
statistically it is more likely to find a normal distribution (although noisy) around
the mean value than a clear spatial correlation between the parameters. It is worth to

Table 1 Comparison between the model which consider the parameters spatial variation and the
model wihc uses only the parameters average

ks αk σεk s αs σεs NS NS NS
[m/s] [m/s] [%] Soil Surface Total

10–5 – – 10–2 – – 1.0000 1.0000 1.0000
10–5 – 0.5 10–5 10–2 – – 0.9758 0.9998 0.9998
10–5 – – 10–2 – 0.5 10–3 0.9957 0.9999 0.9999
10–5 – 0.5 10–5 10–2 – 0.5 10–3 0.9745 0.9997 0.9997
10–5 1.01 0.5 10–5 10–2 – 0.5 10–3 0.9167 0.9978 0.9990
10–5 0.99 0.5 10–5 10–2 – 0.5 10–3 0.9163 0.9981 0.9993
10–5 – 0.5 10–5 10–2 1.01 0.5 10–3 0.8251 0.9974 0.9984
10–5 – 0.5 10–5 10–2 0.99 0.5 10–3 0.8256 0.9973 0.9983
10–5 1.01 0.5 10–5 10–2 1.01 0.5 10–3 0.7932 0.9932 0.9954
10–5 0.99 0.5 10–5 10–2 1.01 0.5 10–3 0.8932 0.9952 0.9967
10–5 1.01 0.5 10–5 10–2 0.99 0.5 10–3 0.8933 0.9951 0.9967
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Fig. 5 Rainfall, subsurface flow and overland flow in the case of a random and spatially correlated
distribution for hydraulic conductivity and surface slope

Fig. 6 Normalized water content into the soil in the case of a random and spatially correlated dis-
tribution for hydraulic conductivity and surface slope. Gray line refers to the model with averaged
parameters, the black line refers to the model with variable parameters
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Fig. 7 Nash-Sutcliffe and
RMSE between the
subsurface and overland
discharge computed by the
model with averaged
parameters running on one
grid cells and by the model
with variable parameters
running on one-meter
subcells

see then, in this case, the scale range within which the combination of the simulta-
neous effects due to the integration of the governing equation and to the unavoidable
parameters averaging still preserves the representation of the phenomena. We com-
pared therefore two models:

the TOPKAPI model running on one grid cell of different size (from 10 meters
to 100 kilometers) and with averaged parameters

the TOPKAPI model running on a fix grid resolution of 10 meters accepting
spatial variability of the parameters and on the same spatial domain of the
other

Figures 7 and 8 show the resulting errors for different space scales. As in the
homogeneous case previously analyzed, the errors are tolerable up to a scale of the
order of the kilometer while the solutions diverge for greater grid cell dimension.
That would mean that in the usual applications of the distributed model with a grid
resolution of the order of the kilometers, the approximations involved by the inte-
gration of the governing equation and by the consequent parameters averaging are
acceptable. It is significant to highlight that the parameters used are mere averages
therefore they can be obtained from the actually measurable ones.

4 Conclusions

In this paper we presented an integration method of the governing equations which
is already implemented in the TOPKAPI model. Our interest was to test by means of
numerical experiments, the sensitivity of the solutions to the grid scale of the model.
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Fig. 8 Nash-Sutcliffe and
RMSE between the total
discharge computed by the
model with averaged
parameters running on one
grid cells and by the model
with variable parameters
running on one-meter
subcells

For this purpose we first distinguish the errors involved by the numerical scheme from
that implied by the parameters averaging, then we looked at the simultaneous effects.

The experiments showed that the model, structured according to the proposed
integration method, produces acceptable results upon a grid scale of the order of
the kilometre. Beyond that scale, the greater divergences from the correct solution
(i.e. considering the parameters spatial variability and using a very fine grid res-
olution) are found on the subsurface flow showing an evident dependency of the
solution on the spatial distribution of the parameters within the grid cell. However,
within the scale range, the good phenomena representation is achieved keeping the
physical meaning of the model parameters since they are mere average then the
real ones.

It seems then in order to preserve the essential feature of the rainfall-runoff pro-
cess from the point scale to the grid cell scale and larger scales, representations that
integrate the point equations may correctly reproduce phenomena such as the soil
moisture balance and the formation of surface runoff. Therefore a correct integration
of the differential equations from the point to the finite dimension of a grid cell, and
from the grid cell to larger scales, can actually generate relatively scale independent
models, which preserve the physical meaning (although as averages) of the model
parameters.
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Abstract The Okavango River is one of the largest and most important rivers in
Southern Africa. The river rises in Angola, a country that has just emerged from
a civil war of three decades. The annual flood pulse of the river feeds the Oka-
vango Delta: one of the most valuable environmental resources of the African conti-
nent. The Okavango River water and its ecosystem resources are critically important
sources of livelihoods in the basin. Pressures from livelihoods and development are
already impacting on the environment and are likely to increase. Moreover, future
development will occur against the background of climate variability and change.
This chapter describes research conducted under the EU-funded project‘Water and
Ecosystem Resources in Regional Development’ (WERRD), whose aims included
development of scenario modelling as a tool for integrated water resource manage-
ment in the Okavango River basin. The impact of climate change scenarios on down-
stream river flow and flooding in the Okavango Delta are simulated using a suite
of hydrological models. The simulated impacts of climate change are sensitive to
the choice of GCM and the IPCC SRES greenhouse gas (GHG) emission scenarios.
The simulated impacts are considerable larger that those of the selected development
scenarios although the uncertainty in the magnitude of future changes remains high.
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1 Introduction

The Okavango river is one of the largest river systems in Africa. The river system
can be considered to consist of (i) the large basin area (approximately 165000 km2)
which spans three riparian states of Angola, Namibia and Botswana (ii) the distal
part which is a large inland alluvial fan known as the Okavango Delta in Botswana
(Fig. 1). Streamflow is mainly generated in the upland regions of central-southern
Angola (82% of the basin area lies in Angola) where the Cuito and Cubango
rivers rise. These rivers merge in the extreme southeast of Angola and cross the
Namibia/Angola border, before flowing into the Okavango delta. The Okavango
delta is maintained by annual flooding of the Okavango River creating the world’s
second largest inland wetland region: a unique, dynamic mosaic of habitats with
exceptionally high beta diversity. The inundated area varies in area from about
5000 km2 to 6000–12000 km2, depending on the size of the annual flood. It is one of
the WWF’s top 200 eco-regions of global significance and the world’s largest Ram-
sar site. As a whole, the Okavango is the last near pristine river system in Africa.
An overview of the mean climate of the region is provided in Section 5.3.

The Okavango River Basin is one of the least developed river basins in Africa.
However, socio-economic needs of a growing population threaten to change this
situation and the basin has been identified by the World Water Assessment as having
the potential for water-related disputes within 5–10 years (Wolf et al., 2003). No-
tably, water resources in Angola are particularly unexploited. This situation is likely
to change however following the end of the 27-year civil war in Angola in 2002. Fu-
ture developments in Angola to fulfill the necessary needs of the basin’s inhabitants,
including urbanisation, industrialisation and hydropower schemes, have potential

Fig. 1 The Okavango River
basin region. Colours
represent USGC land cover
classification (See also Plate
33 in the Colour Plate
Section)
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consequences for water availability in downstream countries (Pinheiro et al., 2003;
Ellery and McCarthy, 1994) and negative environmental consequences (Green Cross
International, 2000; Mbaiwa, 2004). Likewise, future development in the semi-arid
downstream sections of the basin must be considered. The demand for basin water
is further exacerbated by increasing demands from outside the basin including plans
for a pipeline from the Okavango River to Grootfontein, linking the river system
with Windhoek (Pinheiro et al., 2003).

Any future developments in the basin will occur within the context of climate
variability and change. There is now considerable evidence of a discernible anthro-
pogenic influence on global climate (IPCC, 2001) associated with greenhouse gas
(GHG) emissions. Furthermore, it is highly likely that GHG emissions will increase
over the coming decades, and that the human impact on climate is likely to continue.
It is important, therefore, that we develop strategies to mitigate the effects of future
climate change/variability on terrestrial life support systems. This is particularly im-
portant in regions, such as the Okavango River, where populations are particularly
vulnerable and where ecosystems are particularly sensitive to climate change. The
development of such strategies first requires integrated assessments of the potential
impact of climate change and variability on terrestrial systems.

2 The ‘Water and Ecosystem Resources in Regional
Development’ (WERRD) Project

In order to facilitate the regional development process and to pave the way for an
Integrated Basin Development Plan, there is an urgent requirement for information
about the riverine water resource situation and how it will be affected by human
activities. Possible management interventions must respond to drivers of change as
well as to the development needs of stakeholders. The EU funded project WERRD
(Water and Ecosystem Resources in Regional Development – Balancing Societal
Needs and Wants and Natural Systems Sustainability in International River Basin
Systems) has involved multi-disciplinary research to address these issues. The 3-
year multi-disciplinary project ended in 2004 and further details can be found at
www.okavangochallenge.com. The project had a number of inter-related aims; (i)
to develop baseline data on the physical and socio-economic processes in the river
basin (ii) to develop a suite of hydrological models (iii) the define possible future
development and climate change scenarios (iv) the utilise the hydrological models
to simulate the response of the hydrological system to these future development and
climate change scenarios. In this chapter we focus only on potential climate change
impacts.

3 Dataset Development Within the WERRD Project

Hydrological models utilised for integrated water resource management require rel-
evant hydro-climatological and geographical information, with sufficient resolution
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Fig. 2 Raingauge distribution
and completeness of data
(1960–72)

in time and space. In this case the models require inputs at monthly temporal
resolution at the sub-catchment scale (see Section 5). The Okavango river basin
presents particular challenges in this regard as the region suffers from an acute
shortage of surface observations of many key hydro-climatological variables, no-
tably in Angola where streamflow is generated. The dataset development is de-
scribed in full in Wilk et al. (2006). Accurate estimation of rainfall is the primary
requirement for hydrological modelling (Bras, 1999). Raingauge density is low in
Angola, particularly since the onset of civil war in 1972 (Fig. 2). Adequate data
are only available for the period 1960–72. An inverse-distance weighting interpo-
lated monthly rain gauge data on an 8 km grid was developed and tested for this
period

To supplement these gauge data satellite estimates of monthly rainfall were
developed for the period 1991–2000. These estimates were based on the God-
dard profiling algorithm (GPROF, Kummerow et al., 2001) applied to data from
the Special Sensor Microwave/Imager (SSM/I) instrument, proving monthly esti-
mates at 0.5 degree resolution. To ensure accuracy and consistency the satellite
technique involved numerous bias corrections. The estimates were corrected for
bias associated with inadequate sampling of the diurnal cycle and inter-instrument
changes. These GPROF estimates were then bias corrected to ensure consistence
with the Tropical Rainfall Monitoring Missions (TRMM) precipitation
radar data.

The hydrological models were calibrated using the gauge data only such that the
satellite estimates are required to be consistent with the gauge data. The absence of
gauge data over the Angolan region during the satellite period precluded direct val-
idation of the satellite estimates. Accordingly, the satellite estimates were validated
with gauge data from neighbouring Zambia and subsequently bias corrected using
a non-linear correction. The discontinuous gauge and satellite estimates of monthly
rainfall could then be merged using to form a coherent series from 1960–72 and
1991–2000 (see Wilk et al., 2006 for a full description).
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4 Description of the Hydrological Modeling Tools
used in WERRD

To enable simulation of the hydrological response to climate change and vari-
ability (as well as potential development policies) a suite of hydrological models
were developed. The distinct hydrological characteristics of the basin region and
the delta region led to the development of separate models for these two regions.
These models must be able to simulate accurately the discharge regimes of the basin
and delta but also have the capability to simulate various scenarios of development
(water abstraction, water use, land use changes and dam construction) and climate
change.

4.1 The Catchment Model

A modified version of the Pitman monthly rainfall-runoff model (see Hughes
et al., 2006 for full description) has been established and calibrated for the Okavango
basin region upstream of the delta panhandle (Fig. 3). The Pitman model has be-
come one of the most widely used monthly time step rainfall-runoff models within
Southern Africa. The original model was developed in the 1970s (Pitman, 1973) and
the basic form of the model has been preserved through all the subsequent versions
that have been re-coded by the original author and others, including the version used
in this study. Similar to many other conceptual models, the Pitman model consists of
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Fig. 3 Defined sub-basins for the Okavango basin that contribute flow to the Okavango Delta
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storages linked by functions designed to represent the main hydrological processes
prevailing at the basin scale. The version applied includes modifications added
during the application of the model for Phase 1 of the SA FRIEND programme
(Hughes, 1997), as well the addition of a more explicit ground water recharge and
discharge function (Hughes, 2004). In addition, a reservoir water balance model and
channel routing function has been added.

The Okavango basin above Mukwe in Botswana was divided into 24 sub-basins
(Fig. 3) of which 18 had gauging stations at their outlets. This represents a semi-
distributed implementation of the model, whereby all identified sub-basins are mod-
elled with independent compulsory parameter sets and input time series. However,
not all sub-basins need the optional input requirements specified and if missing, they
are assumed to be not relevant to that specific area. Figure 4 illustrates the main
structure of the model, while Table 1 provides a list of the parameters of both the
rainfall-runoff model and the reservoir water balance model and brief explanations

Time series of precipitation

Time series of potential evap. Interception function

Impervious area

Catchment absorption
function Surface runoff

Soil moisture store

Actual evaporation

Soil
moisture

runoff
function

GW recharge
function

GW storage &
discharge function

Catchment lag
& attenuation

Abstractions & return flow

Upstream inflow

Reservoir model

Downstream outflow

Channel lag &
attenuation

Total sub-catchment runoff

Soil moisture
runoff

Small dam & abstraction function

Fig. 4 Flow diagram of the main components of the Pitman model used in this study
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Table 1 Pitman model parameters

Parameter Units Pitman model parameter description

RDF Rainfall distribution factor. Controls the distribution of total
monthly rainfall over four model iterations.

AI Fract. Impervious fraction of sub-basin.
PI1 and PI2 mm Interception storage for two vegetation types.
AFOR % % area of sub-basin under vegetation type 2.
FF Ratio of potential evaporation rate for Veg2 relative to Veg1.
PEVAP mm Annual sub-basin evaporation.
ZMIN mm month−1 Minimum sub-basin absorption rate.
ZAVE mm month−1 Mean sub-basin absorption rate.
ZMAX mm month−1 Maximum sub-basin absorption rate.
ST mm Maximum moisture storage capacity.
SL mm Minimum moisture storage below which no GW recharge occurs.
POW Power of the moisture storage-runoff equation.
FT mm month−1 Runoff from moisture storage at full capacity (ST).
GPOW Power of the moisture storage-GW recharge equation.
GW mm month−1 Maximum ground water recharge at full capacity (ST).
R Evaporation-moisture storage relationship parameter.
TL months Lag of surface and soil moisture runoff.
CL months Channel routing coefficient.
D.Dens Drainage density.
T m2d−1 Ground water transmissivity
S Ground water storativity
Slope Initial ground water gradient.
AIRR km2 Irrigation area.
IWR Fract. Irrigation water return flow fraction.
EFFECT Fract. Effective rainfall fraction.
RUSE Mlyr–1 Non-irrigation demand from the river.
MDAM Ml Small dam storage capacity.
DAREA % Percentage of sub-basin above dams.
A, B Parameters in non-linear dam area-volume relationship
IRRIG km2 Irrigation area from small dams
Parameter Units Reservoir model parameter description
CAP Mm3 Reservoir capacity.
DEAD % Dead storage.
INIT % Initial storage.
A, B Parameters in non-linear dam area-volume relationship.
RES1 to 5 % Reserve supply levels (percentage of full capacity).
ABS Mm3 Annual abstraction volume.
COMP Mm3 Annual compensation flow volume.

of their purpose. Compulsory data requirements for the rainfall-runoff model in-
clude catchment area, a time series of catchment average rainfall, a time series of
potential evaporation, or an annual value and monthly distributions.

The Pitman model was calibrated using data from the period 1960–72. Param-
eter calibration started in the headwater sub-basins and progressed downstream.
Sub-basins with similar known (or assumed) characteristics were given similar
parameter values and only modified where necessary to achieve satisfactory corres-
pondence between observed and simulated sub-basin outflows. Calibrated
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parameters (Table 1) included surface runoff (ZMIN, ZAVE, ZMAX), the soil mois-
ture storage and runoff function (ST, POW, FT), the ground water recharge (GPOW,
GW), and the soil-moisture evaporation (R) parameters.

Satisfactory simulations (Fig. 5) were achieved with sub-basin parameter value
differences that correspond to the spatial variability in basin physiographic char-
acteristics. The limited length of historical rainfall and river discharge data over
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Angola precluded the use of a split sample calibration/validation test. However,
satellite generated rainfall data were used to validate the model against the avail-
able downstream flow data during the 1990s with satisfactory results (Fig. 5). The
overall conclusion is that the model, in spite of the limited data access, adequately
represents the hydrological response of the basin across a range of historical climatic
conditions (wet and dry periods) and that it can be used to assess the impact of future
development scenarios.

4.2 The Delta Hydrological Model

The Delta hydrological model presented here has been created in order to provide a
realistic tool for the analysis of impacts from climatic change and upstream abstrac-
tions and developments that modify the hydrograph of the Okavango. This analysis
is particularly important for the delicate link between the hydrological behaviour
and the ecosystem. The model integrates ‘reservoir’ modelling of water volume
and GIS-modelling of flood spatial distribution. The ‘reservoir’ model provides
information on the flood extent in large units within the delta and the fluxes be-
tween them. Subsequently, the GIS model allows for the translation of the unit
flood size into a spatial, 1 km resolution flood distribution map, and hence spa-
tially distributed flood characteristics, which can be used to determine eco-system
responses.

The model used in this study (see Wolski et al., 2006 for full description) is
similar in structure to the previous models prepared for the Okavango Delta (Dinçer
et al., 1987; SMEC, 1990; Scudder et al., 1993; Gieske, 1997; WTC, 1997). The
Okavango Delta is represented as a set of inter-linked linear ‘reservoirs’ (Fig. 6).
Sensitivity analysis indicated that only 8 units representing the major distributaries
of the Delta is sufficient. For each ‘reservoir’, the volume of surface water (and
therefore the total flooded area) is calculated on a monthly basis from the sum
of upstream inflow, local precipitation and evapotranspiration, groundwater flux
and outflow. The most important developments relative to previous modeling are
in the representation of groundwater fluxes which are represented by both flood-
plain and island groundwater reservoirs and their interaction. This is crucial in this
system where observations suggest that infiltration exceeds evaporation by a factor
of 6–9.

In order to translate the monthly surface water volume obtained from the ‘reser-
voir’ model into a flood distribution map the GIS-modeling approach was adopted.
This is based on a 15-year series of 1-km resolution flood maps obtained from classi-
fication of NOAA-AVHRR satellite images (McCarthy et al., 2004) have been used.
Analysis of the maps revealed that within the distributaries, floods of similar size
have rather similar spatial distribution. In the procedure, the likelihood of inundation
of each 1 km pixel in the delta by a flood of given size was computed using a Gaus-
sian probability density function (PDF). The parameters of that PDF were derived
for each pixel separately, based on the analysis of the sequence of inundation/no-
inundation events, as depicted on flood maps showing different flood sizes. This
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Fig. 6 Basic Delta
hydrological model units
represented by surface water
reservoirs

formed the basis for a probabilistic treatment of spatially distributed inundation
characteristics, analogous to the one presented by Wolski et al. (2002). Results pre-
sented here refer, however, to the most probable flooding situation. This tallies with
the aims of the model, and has the advantage of simplicity. The delta model simu-
lations of flood volume and the spatial distribution were validated against historical
data with satisfactory results (Fig. 7)

To summarise, the delta hydrological model simulates flooding in the Okavango
Delta using a linear reservoir concept. Hydrological inputs are routed through a set
of interlinked reservoirs representing major distributaries in the Delta, and a surface
water volume (and thus the inundated area) as well as fluxes in and out of a reservoir

Fig. 7 Flood frequency map for the 1990–2000 period (observed, simulated and difference)
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are obtained for each distributary at a monthly time step. The lumped value of flood
area is then used as an input to a GIS model in which the spatial distribution of
that flood is determined based on a 15 year time series of flood maps. Although the
spatial resolution of the hydrological model is very coarse (units vary in size from
500–2000 km2), the GIS model provides the distribution of flood at a much finer
spatial resolution of 1 km.

5 Simulating Climate Impacts

5.1 Quantifying Uncertainty in Climate Predictions

The impacts on river flow and Delta flooding of climate change is evaluated through
comparison of simulated mean monthly river flow frequencies and Delta flood maps
under various future climate scenarios with the ‘present day’ baseline conditions.
We attempt to quantify sources of uncertainty associated with assessments of fu-
ture impacts of climate change by using numerous simulations of the Pitman and
Delta hydrological models, driven by multiple estimates of future climate. We use a
methodology simpler than, but similar to, that developed by New and Hulme (2000).
Global Climate Models (GCMs) are the primary tool for estimating future climate.
However, there is uncertainty in GCM climate sensitivity (usually expressed as
the global mean surface temperature response to a doubling in atmospheric CO2),
largely due to differences in the magnitude of positive internal feedback mech-
anisms, notably the water vapour feedback. To quantify this uncertainty we use
monthly data from single ensemble runs of four GCMs (Table 2) archived at the
IPCC Data Distribution Centre. GCMs typically have a coarse grid cell size of 2–3
degrees, which is the same order of magnitude as the dimension of the Okavango
River basin. In this study, GCM data are averaged over all grid cells whose centres
lie within the Okavango basin region (roughly 16–19◦E, 12–15◦S, and 17–22◦E,
15–18◦S). Clearly, the GCM cannot resolve the spatial structure of climate at the
sub-basin scale used in the hydrological model. There are numerous methods for
downscaling GCM estimates (Giorgi et al., 2001). In this study, however, we have
adopted a simpler process in which we utilise estimates of climate at the coarse
resolution of the GCMs directly, such that sources of uncertainty are quantified as
far as possible.

Table 2 Details of GCMs for which data is available at IPCC DCC and used in this study

Model Country of origin Approximate resolution
(degrees)

Integration length

HadCM3 UK 3.75 × 2.5 1950–2100
CCSR/NIES Japan 5.625 × 5.625 1890–2100
CCCma CGCM2 Canada 3.75 × 3.75 1900–2100
CSIRO mk2 Australia 5.625 × 3.21 1961–2100
GFDL R30 USA 3.75 × 2.25 1961–2100



254 M.C. Todd et al.

The future climate at the local/regional scale of interest here as simulated by
a GCM reflects not only the global climate sensitivity of that model but also the
particular characteristics of the model climatology for that region. An evaluation
of the present day climatology of the study region in each model was undertaken
(Section 5.3) to inform the interpretation of the future simulations. It is assumed
that models which simulate well the present day basic state are likely to do so during
simulations of the future.

To account for uncertainty in future greenhouse gas (GHG)/sulphate emissions
data from GCMs forced with two contrasting future GHG emission scenarios are
used, namely the IPCC preliminary SRES marker scenarios A2 and B2. The A2
scenario assumes an emphasis on family values and local traditions, high popula-
tion growth, and less concern for rapid economic development. The B2 scenario
envisages less rapid, and more diverse technological change with emphasis on com-
munity initiative and social innovation to find local, rather than global solutions
(Nakicenovic and Swart, 2000). As such the range of future GHC concentrations
in the atmosphere between these two scenarios may encompass much of the uncer-
tainty in the future global cycles of carbon and other gases.

5.2 Modelling the Hydrological Impact of Future Climate

The Pitman hydrological model requires estimates of monthly precipitation (P) and
potential evaporation (Ep) for each sub-basin in the Okavango River Basin (Fig. 3).
The delta hydrological model requires monthly inflow from the Pitman model and
local P and Ep over the delta region. Simulations of the impact of the climate change
scenarios on the river flow are made by forcing the Pitman model with perturbed
time series of spatially distributed P and Ep. The Delta model is then forced with the
simulated output from the Pitman model. It is not appropriate to use the GCM data
directly due to bias in the GCM estimation of the climate basic state (Section 5.3)
and due to the different spatial resolutions of the GCM and the hydrological models.
Instead mean monthly GCM ‘change’ factors are defined (�P, �T, �Tmax and �Tmin

where T is near surface temperature) for each GCM and each GHC scenario, for
future 30 year epochs, representing the middle (2020–50), late (2050–80) and end
(2070–99) of the 21st century. These ‘change’ factors are the GCM simulated value
for a particular quantity relative to the GCM value over the ’present day’ period
(1960–90), and therefore represent the relative change in a quantity as simulated by
the GCM. Perturbed P and Ep records to drive the Pitman hydrological model are
obtained by multiplying the available baseline records (1960–1972, 1991–2002) of
sub-basin monthly time series of P and Ep with average monthly �P and �Ep values,
respectively. This “GCM change” approach is the most common method to transfer
the signal of climate change from climate models to hydrological or other impact
models (e.g., Bergström et al., 2001).

For the Pitman model The Hargreaves equation (Eq. 1) is used to calculate �Ep

from �T, �Tmax and �Tmin (Hargreaves and Allen, 2003). This equation has been



Simulating Climate Impacts on Water Resources 255

Table 3 Hydrological characteristics of functional floodplain types

Floodplain
class

Sub-class Class code Flood frequency Flood duration
(months/year)

Permanent proper PF1 1 12
floodplain

fringe PF2 1 8–12

Regularly RF1 1 4–8
flooded seasonal
floodplain

RF2 0.5–1

Occasionally OF 0.1–0.5 1–4
flooded seasonal

High floods only HFO <0.1 <2

Dryland DL 0 0

recommended by Shuttleworth (1993) as one of the few valid temperature-based
estimates of potential evaporation.

E p = 0.0023 ∗ S0(T + 17.8) ∗
√

δT . (1)

Where Ep is the potential evaporation, Sois the water equivalent of extraterrestrial
radiation (mm d−1) for the given location, T is monthly mean temperature (◦C), and
δT is the difference between mean monthly maximum and mean monthly minimum
temperature (◦C). �Ep is estimated as the ratio between Ep, as determined from
basin-average monthly baseline air temperatures (Tmean , Tmax, Tmean) provided by
the UK Tyndal Centre (Mitchell et al., 2004), and Ep as determined from monthly air
temperatures derived from the selected combinations of GCMs and GHG emission
scenarios and time frames. This procedure created simulated series of P and Ep

with the appropriate spatial resolution for the Pitman hydrological model, which
retains the structure of spatial and temporal variability of the observed historical
data overlain by relative changes in the mean simulated by the GCMs under the
future GHG emission scenarios.

The delta model is then driven with the future simulated basin discharge and the
simulated change in future flood extent calculated. This was then was translated
into the change in size and distribution of functional floodplain classes and assess-
ing these changes in ecological terms, using the relationships given in Table 3. In
addition the climate change simulations were compared to both present day ‘wet’
(1974–1985) and ‘dry’ (1990–2000) conditions separately.

5.3 Evaluation of ‘Present-Day’ GCM Performance

It is likely that some GCMs simulate the basic state of the study region climate better
than others. Knowledge of this can inform our interpretation of the resulting GCM
climate ‘change’ delta factors. 30–year mean present day (1961–1990) regional
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34 in the Colour Plate Section)

precipitation fields simulated by the GCMs were compared to observed data, us-
ing the gridded raingauge dataset of Hulme (1992) and the merged gauge/satellite
dataset from the Climate Diagnostics Centre Merged Analysis of Precipitation for

Fig. 8b Mean JFM precipitation (mmday–1) (1961–90) as estimated from the merged observa-
tional CMAP method and the various GCMs (See also Plate 35 in the Colour Plate Section)
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1979–2003 (Xie and Arkin, 1997). The primary features of the mean climate in
the study region are (a) the pronounced annual cycle characterised by a single wet
and dry seasons. Over the Okavango basin the wet season extends from October
to March with a peak rainfall of about 6 mm day−1 (Fig. 8a). (b) The pronounced
rainfall gradient during the wet season from the humid zone in the Northeast to the
dry conditions in the southwest, where wet season rainfall about 1/3 of that in the
northeast (Fig. 8b).

Of the GCMs, HadCM3 provides the closest agreement with observations with
a similar seasonal cycle and an over-estimation of monthly mean rainfall by about
0–30%. GFDL is similar but with over-estimations up to 60%. The CSIRO, CCC and
CCSR/NIES models exhibit substantially weaker wet season rainfall and a rather
late onset such that the early (peak) wet season rainfall during October–December
(January–March) is less than 30% (50%) of the observed. In terms of the spatial
structure of mean wet season rainfall across the sub-continent as a whole HadCM3
in particular replicates well the pronounced rainfall gradients in the wider study
region. The spatial correlation of mean January–March precipitation between the
CMAP observations and the GCMs over the domain (0–35◦S, 0–40◦E) are 0.91,
0.78, 0.66 and 0.74 for the HadCM3, GFDL, CCSR/NIES and CCC GCMs, respec-
tively. The calculated climate change factors for CSIRO were deemed to be unre-
alistically large for the early wet season months so this model was not considered
further.

6 Results

6.1 Okavango River Discharge

The simulated impact of future climate change on Okavango River discharge is
highly variable (Fig. 9, Table 4). Under most scenarios the annual cycle of dis-
charge is maintained with maximum flow in April and minimum in October. Under
certain CCC and GFDL GCM scenarios, however, peak discharge is predicted to
occur 1 month early in the 2050–80 and 2070–99 periods. In terms of predicted
flow magnitudes there is a clear time dependency to the results. For the period
2020–50 the ‘all-GCM mean’ flow is very close to the baseline conditions for both
A2 and B2 GHG scenarios. The results for this period are essentially sensitive to
the choice of GCM with certain models predicting dramatically increased flow (e.g.
CCC) and some dramatically reduced flow (e.g. HadCM3). There is therefore very
little certainty in the sign or magnitude of future river flow for this period. Differ-
ences in future precipitation estimates between models are largely responsible for
this. For the period 2050–80, however, there is a clear tendency for the models to
simulate reduced flows, with a greater magnitude of change for the A2 than the B2
GHG scenarios. By 2050–80 the all-GCM mean shows a reduction of 20% (14%)
in mean annual flow for the A2 (B2) scenarios. The respective figures for the period
2070–99 are 26% (17%) when all but one of the GCMs suggest reduced flows under
the A2 scenario. It is likely that this reflects the increasing influence of a consistent
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Fig. 9 Mean monthly flow at Mukwe (Mm3) with baseline simulations, and with assessment of
changes of precipitation and evaporation derived from various GCMs, driven by the A2 and B2
greenhouse gas emission scenarios

prediction of increased temperatures by all the GCMs. Nevertheless, there remains
considerable variability in the magnitude of the simulated response associated with
both the different GCMs and GHG emission scenarios, such that uncertainty in
our predictions of future mean river discharge is high. Our results suggest that fu-
ture climate change is likely to have a proportionally larger impact on minimum
monthly flow compared to mean flow, with reductions in minimum flow of 27%
(20%) and 36% (29%) for the 2050–79 and 2070–99 periods, respectively, under
the A2 (B2) GHG scenario. This may be indicative of a more extreme hydroclimatic
regime.

Given the importance of precipitation to the hydrological response it is important
to bear in mind that the GCMs tend to have larger errors in their representation of
precipitation compared to temperature and therefore the differences between the
basic state of the models should be considered. It is, therefore, notable, that the
GCM with the most accurate representation of the present-day climate over the
study region (HadCM3) indicates consistently and substantially reduced flow in all



Simulating Climate Impacts on Water Resources 259

Table 4 Impact of climatic change on annual mean and minimum monthly flow at Mukwe

Annual mean flow (Minimum monthly flow)
Highest year vs median (%) Lowest year vs median (%)

Monitored flow
1949–2002

+70 (+53) −38(−38)

A2 GHG emission scenario B2 GHG emission scenario

Annual mean
flow vs
baseline
conditions (%)

Minimum
monthly flow
vs baseline
conditions (%)

Annual mean
flow vs
baseline
conditions (%)

Minimum
monthly flow
vs baseline
conditions (%)

All-GCM mean/
highest GCM/
lowest GCM
output

All-GCM mean/
highest GCM/
lowest GCM
output

All-GCM mean/
highest GCM/
lowest GCM
output

All-GCM mean/
highest GCM/
lowest GCM
output

Modelled flow
2020–2050

+1/ + 38/ − 39 −2/ + 29/ − 40 +4/ + 32/ − 39 −6/ + 18/ − 39

Modelled flow
2050–2080

−20/ − 8/ − 45 −27/ − 16/ − 48 −14/ + 16/ − 47 −20/ − 5/ − 49

Modelled flow
2070–2099

−26/ − 2/ − 55 −36/ − 14/ − 59 −17/ + 13/ − 67 −29/ − 8/ − 64

time slices and for both GHG scenarios. This is associated with consistent HadCM3
predictions of reduced precipitation and increasing temperatures leading to in-
creased Ep. A sensitivity study indicates that the simulated river discharge is rather
more sensitive to changes in precipitation as predicted by HadCM3 (not shown).
For the period 2070–99, under the HadCM3 scenarios, precipitation changes are
responsible for most of the simulated decrease in mean annual flow under the A2
and B2 GHG scenarios.

It is instructive to view the projected changes in mean flow in the context of
historically observed variability (Table 4). Projected changes in the 30 year median
annual flow and minimum monthly flow for the selected time slices in the 21st
century are of similar magnitude to the absolute observed range during the observed
historical period (i.e. the extremes of interannual variability). This implies that un-
der certain scenarios the mean future regime may be similar to the most extreme
conditions observed to date. Overall, the results indicate the potential for dramatic
changes to Okavango River discharge under future climate conditions, but with con-
siderable uncertainty in the magnitude of any future changes. This uncertainty is
largely associated with inter-model differences in projected precipitation changes.

6.2 Simulated Changes to Okavango Delta Flooding

Figure 10 shows the effects of altered inputs to the Delta resulting from modeled
climate change. Changes are shown as proportions of the floodable area made up
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Fig. 10 Class composition of Okavango Delta floodplains simulated for hydrological inputs ob-
tained from various climate models (HadCM3, CCC, GFDL) for various greenhouse scenarios (A2
and B2) and for different future time windows (2020–2050 and 2050–2080) (a) wet conditions, (b)
dry conditions. Floodplain classes as in Table 3



Simulating Climate Impacts on Water Resources 261

by the various floodplain classes (Table 3), and can be compared to wet and dry
baseline conditions.

6.2.1 Future Simulations Relative to the Wet Sequence (1974–85)

Under the HadCM3/A2 GHG scenario the models suggest large increases in DL,
HFO and OF, with similar large decreases in PF1 and RF1 in both time periods.
RF2 and PF2 both increase. The HadCM/B2 GHG scenario outputs produce similar
effects, but slightly more pronounced. CCC/A2 scenarios produce an initial (2020–
2050) large increase in perennially flooded area (PF1 and PF2) with losses of all
OF, HFO and DL in the area currently susceptible to flooding. The 2050–2080 peri-
ods produces a reversal to conditions close to current baseline, although with more
extensive area in the OF and HFO classes. The B2 scenario also produces wetter
initial conditions, with a loss of DL and reduction in RF2, and an increase in both
PF classes. In the latter part of the century, areas subject to regular seasonal flooding
(RF2) increase significantly, with some increases in OF, while PF classes shrink to
close to baseline. The GFDL/A2 scenario produces initial conditions very close to
the wet baseline. There is a subsequent reduction in RF1 and PF1 during 2050–2080
and an increase in OF area. Under the B2 scenario, initial conditions show a slight
increase in OF and HFO, with reduced RF2 compared to wet baseline. Subsequently
(2050–2080) a large increase in seasonally flooded classes and dryland. Losses of
PF1 and RF1 occur. These conditions are still not as severe as the difference between
wet baseline and dry baseline conditions.

6.2.2 Future Simulations Relative to the Historical Dry Period (1990–2000)

Under dry sequence conditions, both HadCM3 and GFDL outputs produce substan-
tially reduced flooding relative to the dry baseline, especially in the latter half of
the century. The HadCM3 effects are to greatly reduce all flooded areas, with a
large (more than double) increase in the area of DL; GFDL scenarios only produce
large increases in DL in the 2050–2080 period. Differences between greenhouse
gas scenarios are not pronounced, but are larger in GFDL outputs than with the
HadCM3 model. Neither of these models produces the increases in seasonal or
occasional flooding that are found in the wet sequence. The CCC model scenario
differs considerably here, in that initially, conditions are significantly wetter than
the dry baseline for both A2 and B2 scenarios. Areas subject to regular seasonal
flooding and perennially flooded areas (RF2 and both PF classes) increase, with a
significant loss of dryland and areas inundated at high floods only. In the subsequent
2050–2080 period, significant drying occurs, with conditions under greenhouse gas
scenario A2 slightly drier than the dry baseline, while under B2 a slightly greater
area of seasonal and occasional flooding than the dry baseline.

These changes are shown spatially in Fig. 11 for greenhouse gas scenario A2
and the period 2020–2050 with differences related to the dry baseline. The drier
conditions simulated with HadCM3 scenarios are clearly manifest throughout the
Delta, including the Panhandle, with changes of up 4 classes affecting large areas
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Fig. 11 Effects of change in hydrological inputs on the Okavango Delta as obtained from various
climate models (HadCM3, CCC and GFDL) under A2 greenhouse gases scenario for 2020–2050
period. Dry conditons. (a) distribution of floodplain classes (b) change in floodplain classes with
respect to baseline dry conditions (as presented in Fig. 3). Colour coding as in Fig. 3

of the more seasonal (central and western) distributaries in particular. Wetter condi-
tions produced by CCC and to a lesser extent by GFDL outputs are shown affecting
peripheral OSF and dry land areas, with extensive areas showing an increase in
flooding of between 2 and 3 classes. Increases of 4 classes occur in localised areas,
particularly at the distal end of the eastern distributary. The Panhandle is relatively
unaffected, with small increases along the very periphery.

7 Discussion and Conclusions

The WERRD project has provided a modelling framework for the operational im-
plementation of integrated assessments of water resources in the Okavango River
basin and Delta. The linkage of the hydrological model systems and climatological,
physiograhic data enables descriptions of present day conditions and the impacts
on river flow of various possible development and climate change scenarios. The
outcome from this project is only a first step toward the incorporation of models
into integrated water resource management of the Okavango River Basin. Although
the results demonstrate that the model system is able to simulate well the histori-
cal monitored hydrological conditions, uncertainties both in model input data and
the assumptions used in defining scenarios are relatively high. Operational use of
the model system, both for short and long-term planning, requires a sustainable
regional personnel and instrument resource base, including increased accessibility
to and quality assessment of databases, where reconstruction of rainfall and river



Simulating Climate Impacts on Water Resources 263

discharge gauging networks in Angola is a vital component. In addition, there is a
need for extended regional hands-on experience of the opportunities and limitations
presented by modelling tools.

Our results indicate that there is considerable uncertainty surrounding the mag-
nitude and direction of any future discharge response, associated with both the
choice of GCM and the IPCC emission scenarios. Whilst over southern Africa as
a whole the projected climate change and river runoff response has been shown to
be quite consistent in previous studies (e.g. Arnell, 2003), the focus on a single basin
highlights the importance of sub-regional detail in climate change impact studies.
Nevertheless, on average, the experiments indicate a reduction in future flow after
about 2050 for both the A2 and B2 GHG scenarios that increases over time, which
is consistent with results from previous work (e.g. Hulme et al., 2001; Arnell, 2003).
It is likely that the variability of river discharge will also increase (Arnell, 2003).

The impact on the Okavango Delta is that scenarios, which indicate drier con-
ditions, will result in pronounced increases in the total area of dry land in both
wet and dry sequences. Effectively this represents a very substantial decrease in the
functional size of the Delta, and will result in encroachment of woody species onto
the new dry land areas, which will ultimately support a climax woodland commu-
nity, with a concomitant decrease in grazers and increase in browsers. It is possible
that viable habitat size and contiguity may fall below the minimum for some wet-
land and grazing species (and consequently for their predators), which will be lost
from the system. Certainly the available habitat will be considerably reduced, and
thus populations will decline. Here in particular, Wattled Crane, Cheetah and Wild
Dog are at great risk, as the Okavango populations are some of the largest extant
globally (Ramberg et al., submitted), and they are all already on IUCN Red Data
lists (IUCN, 2004).

It should be noticed that the magnitude of predicted changes under climate sce-
narios is far in excess of that associated with the development scenarios defined
within the WERRD project (Andersson et al., 2006, Murray-Hudson et al., 2006).
These findings highlight the need to develop appropriate adaptation strategies for
water resource use in the region. To reduce the uncertainty in future climate predic-
tions there is a need for more detailed research into this topic. In particular, given
that the GCMs tend to produce quite similar estimates of future temperature the
critical issue is likely to be GCM simulation of precipitation. Changes in future
precipitation may be more adequately specified if the rather coarse GCM data is
downscaled using regional climate models.
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Colour Plate Section

Plate 1 Rainfall estimation from PERSIANN system using GEO and LEO satellite information
(See also Figure 1 on page 30)

Plate 2 The adaptive capability of PERSIANN model using limited ground radar rainfall observa-
tion over Florida peninsula (See also Figure 2 on page 31)
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Plate 3 Diurnal distribution of monsoon rainfall (Summer, 2002) calculated from ground radar
observation and PERSIANN estimates with and without TRMM 2A12 rainfall adjustment (See
also Figure 3 on page 32)

Plate 4 The data information extraction, classification, and rainfall estimation of PERSIANN-CCS
algorithm (See also Figure 4 on page 33)
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Plate 5 Evaluation of original (blue-line) and GPCC month gauge data corrected (red-line) PER-
SIANN six-hour rainfall using NCEP stage IV radar estimates in U.S. Although the correlation
coefficients (upper panel) are similar for both original and bias correction PERSIANN rainfalls;
the biases and RMSEs are significant improved in July 2001 for the bias corrected PERSIANN
rainfall (See also Figure 6 on page 37)
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Plate 6 The top three panels show the gauge, PERSIANN, and merged rainfall, respectively; The
bottom panel shows the streamflow responses from gauge rainfall (blue-line), PERSIANN rainfall
(green-line), and merged rainfall (black-line). Observed Streamflow is shown in red dots (See also
Figure 7 on page 39)

Plate 7 Merged rainfall time series and 95% confidence interval (red-bar) of merged rainfall (See
also Figure 8 on page 40)
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Plate 8 The visual display of PERSIANN precipitation estimates and relevant information is avail-
able through: http://hydis8.eng.uci.edu/hydis-unesco/ (See also Figure 9 on page 40)

Plate 9 PERSIANN evaluation over Australia region (See also Figure 12 on page 42)



272 Colour Plate Section

Plate 10 Uncertainty of hydrologic response with respect to the PERSIANN rainfall uncertainty
(See also Figure 13 on page 43)

Plate 11 Rainfall as estimated by the various TRMM sensors over Eastern Mediterranean. The
scene is depicted in false colors (Rosenfeld and Lensky, 1998) as seen by VIRS. The central narrow
strip is where rainfall is estimated by a VIS/IR method (gray) and by the PR (pink). The conical
scanning of the TMI is in yellow. (courtesy of D. Rosenfeld) (See also Figure 1 on page 51)

Plate 12 Global 3-hourly cumulated precipitation (mm) on 30 July 2006, 1500 UTC as derived
using the NRL blended PMW/IR algorithm. (courtesy of Naval Research Laboratory) (See also
Figure 2 on page 53)
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Plate 13 Instantaneous surface rainfall rates retrieved by the Sferics Infrared Rainfall techniques
(SIRT) (top) and TRMM PR (bottom). Two storm cases are shown in this figure: left, 0415 UTC
2 Feb 1998, TRMM orbit 1061; right, 1815 UTC 2 Feb 1998, TRMM orbit 1071. (Morales and
Anagnostou, 2003; courtesy of the Amer. Meteor. Soc.) (See also Figure 4 on page 58)
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Plate 14 Time–height cloud fraction for a GCSS case study over the Atmospheric Radiation Mea-
surement (ARM) site in Oklahoma, surface to 16 km: (top) observed by the Millimeter wavelength
Cloud Radar (MMCR) (3-h averages), (middle) simulated by UCLA–CSU CSRM (1-h averages),
and (bottom) simulated by NCEP SCM (3-h averages). Shades indicates cloud fraction, which
ranges from 0 to 1 from outside to the inside of the clouds. (Randall et al., 2003; courtesy of Amer.
Meteor. Soc.) (See also Figure 6 on page 62)
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Plate 15 The top image is a vertical cross-section of Tropical Storm Alberto, the first named
storm of the 2006 Atlantic Hurricane season, captured by the CloudSat radar on 12 June, 2006.
The bottom image is a vertical cross-section of the atmosphere from the lidar on CALIPSO
northeast from a location near the southwest coast of Australia, across Indonesia and the Pa-
cific Ocean, and over part of Japan on 7 June, 2006. (courtesy of NASA Earth Observatory,
http://earthobservatory.nasa.gov/) (See also Figure 7 on page 63)
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Plate 16 PPI of the synthetic apparent reflectivity (upper panel) and differential reflectivity (lower
panel) (See also Figure 1 on page 75)
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Plate 17 Composite elaboration scheme with FRAHC-C application to the RHI section corre-
sponding to the conjunction line GAT-SPC. Radar data refer to 2003, 20th of May, 16:34 GMT
(See also Figure 5 on page 82)
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Plate 18 SGP97 case study, El Reno site – Comparison between daily modeled and measured
evaporative fraction EF. Right axis-Black dot: modeled EF. Red Square: average measured values.
Red bars indicate the range of measurements values. Several ground stations data are available for
this site. Left axis-Blue histogram: Daily precipitation values (See also Figure 1 on page 105)

Plate 19 Southern Italy – Example of cloud mask product. Left: cloud mask applied to SEVIRI
“IR 10.8” data. Right: SEVIRI “IR 10.8” data - Brightness temperature [K] (June 26th, 2004 –
13.15 UTC) (See also Figure 2 on page 106)
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Plate 20 Basilicata case study – Julian day 180: Daily set-up, from 8 am to 6 pm, of LST and
micrometeorological forcing at 1 hour time step. (a) Observed LST [K], (b) Modeled LST [K], (c)
Air temperature [K], (d) Incoming net radiation [W/m2], (e) Ground temperature [K], (f) Wind
velocity [m/s]. The calculation grid size is 3 km × 3 km. Micrometeorological data from ground
station (air temperature, incoming net radiation, wind speed) are interpolated and resampled at grid
resolution (See also Figure 3 on page 106)
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Plate 21 Basilicata case study –Logarithmic maps of estimated parameters: neutral bulk transfer
coefficient [log(CB)N], land use index K [log(K)] and the averaged daily values of API decay
factor [log(γ )]. In the left and right side parameters maps, obtained using respectively interpolated
ground data and LAM fields as forcing, are shown (See also Figure 4 on page 107)

Plate 22 Basilicata region – Normalized Difference Vegetation Index (NDVI) product by SEVIRI
data, June 2004 (See also Figure 5 on page 107)
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Plate 23 Tanaro case study. Right axis-Red dots: estimated EF averaged over Orba basin. Bars
indicate the pixels values range. Left axis-Daily precipitation averaged over the domain (See also
Figure 6 on page 108)

Ethiopian mean summer season rainfall

Plate 24 Comparison of gauge and ERA40 rainfall (1971–2000 climatology)/cm (See also
Figure 1 on page 118)
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Zambia daily rainfall variogram November 1992 – 15 km lag
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Plate 25 Experimental (blue) and model (green) variograms for Zambia (See also Figure 8 on
page 127)
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Plate 26 Construction of spatially intermittent rainfall field (Kafue Hook catchment, Zambia
25/Dec/92). Numbers indicate raingauge values in mm. (a) initial kriged rainfall field R∗; (b) rain
probability image using indicator kriging P∗; (c) rain/no-rain delineation after applying threshold
to (b); (d) final rainfall image Z∗ (See also Figure 13 on page 131)
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Plate 27 Comparison of kriged gauge, ERA40 and NCEP rainfall climatologies. Top panel: Geo-
graphical distribution of rainfall showing grid squares containing at least one gauge. Bottom panel:
Same data as scatterplot. Error bars show kriging error. Dark blue – kriged gauge; Turquoise –
ERA40; Red – NCEP (See also Figure 14 on page 133)
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a

b

Plate 28 (a) Intraseasonal variation for different regions in Ethiopia. Dark blue – kriged gauge;
Turquoise – ERA40; Red – NCEP; Grey shading shows kriging error. (b) Map of zones (clusters)
used in the analysis (See also Figure 15 on page 134)
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Plate 29 Time series of seasonal totals for individual regions indicated in Fig. 16. Dark blue –
kriged gauge; Turquoise – ERA40; Red – NCEP; Grey shading shows kriging error (See also
Figure 17 on page 135)

Plate 30 Rainfall estimate for Zambia, 19th March, 1997 (See also Figure 1 on page 146)
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Plate 31 The Gambia, showing the location of North Bank Division and the satellite rainfall field
from 7th August, 2001 (See also Figure 3 on page 148)

Plate 32 Actual data (bars) and gamma model (red curve) for distribution of CCD data (See also
Figure 7 on page 151)
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Plate 33 The Okavango River basin region. Colours represent USGC land cover classification (See
also Figure 1 on page 244)
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Plate 34 Mean monthly precipitation (mmday–1) (1961–90) over the Okavango basin region
(15–20◦E, 12–18◦S) as estimated by the observational (CMAP) and five GCMs (See also Figure 8a
on page 256)
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Plate 35 Mean JFM precipitation (mmday–1) (1961–90) as estimated from the merged observa-
tional CMAP method and the various GCMs (See also Figure 8b on page 256)
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Plate 36 (See also photo on page viii)
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