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s u m m a r y

It is broadly recognized that large uncertainties are associated with radar rainfall (RR) estimates, which
could propagate in the hydrologic forecast system and contaminate its final outcomes. Ensemble gener-
ation of probable true rainfall is an elegant and practical solution to characterize the uncertainty of RR
estimates and behavior in the hydrologic forecast system. In this study, we have proposed a fully formu-
lated uncertainty model that can statistically quantify the characteristics of the RR errors and their spatial
and temporal structure, which is a novel method of its kind in the radar data uncertainty field. The error
model is established based on the distribution of gauge rainfall conditioned on radar rainfall (GR|RR). It’s
spatial and temporal dependencies are simulated based on the t-copula function. With this proposed
error model, a Multivariate Distributed Ensemble Generator (MDEG) driven by the copula and autore-
gressive filter is designed and applied in the Brue catchment (135 km2), an extensively gauged site in
the United Kingdom. The products from MDEG include a time series of ensemble rainfall fields with each
of them representing a probable true rainfall. A series of tests show that the ensemble fields generated by
MDEG have realistically maintained the spatial and temporal structure of the random error in RR as they
have relatively low mean absolute errors (MAEs) of spatio-temporal correlation towards the observed
ones. In addition, the results show that the simulated uncertainty bands derived by the 500 realizations
of ensemble rainfall encompass most of the reference rain gauge measurements, indicating that the pro-
posed scheme is statistically reliable.

� 2014 Elsevier B.V. All rights reserved.

1. Introduction

Weather radar has been widely used in hydrologic forecasting
and decision making; nevertheless, there is an increasing attention
on its uncertainty that propagates to hydrologic models. It has
been acknowledged that the uncertainty of real-time hydrologic
models comes from the model structure, model parameters and
the rainfall input (Carpenter, 2003; Carpenter and Georgakakos,
2004; Krajewski et al., 1991). Many studies have been explored
to solve the former two factors, such as the generalized likelihood
uncertainty estimation (GLUE) approach (Beven and Freer, 2001;
Beven, 2001; Montanari, 2005; Srivastava et al., 2013b), Bayesian
concept (Ajami et al., 2007; Jin et al., 2010; Krzysztofowicz,
1999) and Markov Chain Monte Carlo (MCMC) (Benke et al.,
2008; Vrugt et al., 2003). However, the study that accounts for
the uncertainty of radar rainfall (RR) input in hydrologic forecast-
ing is still in an early age (Ciach et al., 2007; Krzysztofowicz,
2001) though there are some studies attempt to solve this problem

recently (Cunha et al., 2012; Fu et al., 2011; Schröter et al., 2011).
In fact, the known uncertainty of the rainfall input should help in
addressing other uncertainties of hydrological models.

Weather radars are subjected to several sources of uncertainties
such as attenuation, ground clutter and occultation, partial beam
blocking, the sampling and averaging method, and the variation
of the vertical reflectivity (Dai et al., 2013a; Rico-Ramirez and Cluc-
kie, 2007; Villarini et al., 2008). In reality, it is vastly difficult to
solve these separate error sources step by step and study their
interdependencies (Ciach et al., 2007). Therefore, statistically mod-
eling the error of RR with the help of rain gauge information is a
practical method to describe the overall feature of RR uncertainty.
A number of error models related to this idea are enumerated in
the literature. One of the simplest error models for RR is using
the differences or ratio between radar and gauge rainfall (Habib
et al., 2008). It is the fundamental conceptual framework of many
studies. Barnston (1991) proposed a so-called error variance
separation (EVS) method, which was formulated by Ciach and
Krajewski (1999a) and Ciach (2003). The EVS is capable of estimat-
ing the error variances of radar rainfall and recognizing the rain
gauge inaccuracy at the same moment. There are numerous
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successive studies striving to apply or improve this scheme (Anag-
nostou et al., 1999; Bringi et al., 2011; Habib et al., 2004; Kirstetter
et al., 2010). One significant improvement of this method, the con-
ditional distribution transformation (CDT), is proposed by Habib
et al. (2004). The CDT was designed to filter out rain gauge errors
to retrieve the bivariate probability distributions of RR estimates
and the corresponding true rainfall (Morrissey, 1991; Morrissey
and Greene, 1993). Ciach et al. (2007) proposed a product-error
driven (PED) method to quantitatively model the RR error in a
probabilistic form by separating the RR uncertainties into
deterministic and random errors. Both of them are estimated by
a nonparametric functional estimation approach. The essence of
this model is to formulate an empirically based error model for
probabilistic precipitation estimation through comparing the RR
estimates with the corresponding assumed true rain gauge mea-
surement. Many applications in various catchments have been
undertaken based on the model (Habib and Qin, 2011; Villarini
et al., 2009, 2010).

However, these error models focus on the signal radar pixel er-
ror based on a single point (rain gauge), without containing the
spatial and temporal correlation for the whole study area. Though
some studies have noticed and analyzed the correlation (Ciach,
2003; Ciach et al., 2007), it’s possible but hard to incorporate the
spatio-temporal features into their error models by strict and
realistic equations. Nowadays, ensemble generation of a massive
number of probable true surface rainfall fields with their natural
spatio-temporal structure to represent the RR uncertainty is con-
sidered to be an effective and practical approach. In addition, an
ensemble generator of estimated rainfall can be easily integrated
with radar rainfall forecast model or numerical weather prediction
to generate ensemble forecasts of rainfall (Liechti et al., 2013).
Therefore, in this study, we propose a new scheme for generating
ensemble rainfall fields to model the RR uncertainty and its spa-
tio-temporal structure.

The study on ensemble radar rainfall generation can be dated
back to 1985, when Krajewski and Georgakakos (1985) proposed
a scheme to generate synthetic radar-rainfall by imposing random
noise on the known radar-rainfall field. The noise field is deter-
mined based on the statistical conditions such as of the mean, var-
iance and correlation to the resultant field. The idea of modeling
the stochastic random noise and generating a number of noise
fields is considered to be the basic conceptual framework in the
foregoing studies. Germann et al. (2009) proposed a so-called REAL
solution to generate an ensemble of precipitation fields by charac-
terizing the residual errors in radar-rainfall estimates in a moun-
tainous region. It is based on singular value decomposition of the
error covariance matrix using the LU decomposition method (Cres-
sie, 1992; Goovaerts, 1997) and autoregressive filtering (Priestley,
1981). However, there is no strict error model used in this study.
Instead, the error of radar-rainfall is simply regarded as the differ-
ences between radar and gauge rainfall for every time step, and the
variance was computed using the simplified mathematical defini-
tion with the radar intensity as the weight. Villarini et al. (2009)
also used the LU decomposition method but with more consider-
ation on the error model. The product-error-driven error model
proposed by Ciach et al. (2007) was introduced to compute the sys-
tematic bias and build the covariance matrix. In the same manner
to Germann et al. (2009), this study required that the residual error
of radar-rainfall was Gaussian distributed due to the constraint of
the LU decomposition method. Nevertheless, this assumption is
not always satisfied in all catchments (Anagnostou et al., 1999;
Ciach and Krajewski, 1999b). More importantly, the temporal
dependence of residual error is neglected as the covariance matrix
cannot satisfy the presumed condition when the spatial and tem-
poral correlation is considered at the same time. In a recent study,
AghaKouchak et al. (2010a,b) developed an ensemble generation

method for remotely sensed rainfall estimates using copulas. The
simulated rainfall fields consist of the original radar rainfall and
the uncertainty component multiplying the radar rainfall under
the assumption that the radar rainfall is proportional to the magni-
tude of rain rate. The spatial dependence of the random errors is
simulated through a presumed copula, while the random errors
are assumed to be temporally uncorrelated. The focus of this re-
search is based on the selection of appropriate copula functions,
with a further consideration of the marginal distribution of the
RR errors.

The copula is defined as a standardized multivariate distribu-
tion function whose one-dimensional marginal distributions are
uniform on [0,1] (Nelsen, 1999). It is mainly applied in the finan-
cial sector. In hydrology, copulas by far have been used in analyz-
ing extremes, geo-statistics, etc. (Bárdossy and Li, 2008; Zhang
et al., 2012, 2013). As is stated earlier, AghaKouchak et al.
(2010a,b) attempted to apply copulas in RR uncertainty, but only
spatial dependence was considered. However, the essential inte-
gration of marginal distribution and spatio-temporal dependence
were not given. In fact, the main advantage provided by the copula
is that the marginal distribution for each radar pixel can come from
different distribution families or different parameters for a family,
without affecting the spatio-temporal structure. Owing to this
benefit, this study presents the first fully formulated error model
for radar precipitation estimation based on a multivariate distribu-
tion. With this error model, a Multivariate Distributed Ensemble
Generator (MDEG) is implemented and applied in the Brue
catchment. The generated ensemble rainfall can maintain the mar-
ginal distribution constraint, spatial dependence and temporal
dependence.

The ensemble generator consists of two components: the error
model established component and the real-time running compo-
nent. The error model is built for each radar pixel and the spatial
and temporal correlations among these radar pixels are also calcu-
lated. With these outcomes, we can generate the ensemble rainfall
with given radar-rainfall uncertainty and spatio-temporal correla-
tion in a real-time radar-rainfall estimated system. Specifically,
this paper is organized as follows. After the introduction, Section 2
describes the algorithm of error model for radar precipitation esti-
mation. The sections on the ensemble generator cover the concept
and processing of MDEG. The data section describes the radar–
gauge data used. Then Section 5 presents the outcomes of the
simulation, evaluation, and potential applications of the MDEG.
Finally, the conclusion section summarizes the key findings and
the future work.

2. Error model and its spatio-temporal structure

In quantifying the uncertainties in a given RR estimate, we as-
sume the true areal averaged pixel-scale rainfall is composed of
two components, namely the deterministic distortion component
and the random component. Theoretically speaking, the determin-
istic bias is categorized into overall bias and conditional bias. The
overall bias, also known as systematic bias, is the overall discrep-
ancy between RR values and reference rainfall. The conditional bias
illustrates the divergence of RR towards the reference rainfall for
different rainfall intensities. In this study, the process of removing
the overall bias is considered as a fundamental quality control be-
fore the ensemble generation. Thereby the deterministic distortion
bias only refers to the conditional bias herein. The random compo-
nent represents the combined effect of all random error sources. In
essence, the ensemble generator for RR estimation is to produce a
number of probable true rainfall outcomes by adding a series of
random fields to the deterministic component of the rainfall. Thus
the strictly statistical representation of the ensemble generator is
expressed as:
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