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ABSTRACT 

 
In data-poor regions around the world, particularly in less-privileged countries, 

hydrologists cannot always take advantage of available hydrological models to simulate a 

hydrological system due to the lack of reliable measurements of hydrological variables, 

in particular rainfall and streamflows, needed to implement and evaluate these models. 

Rainfall estimates obtained with remotely deployed sensors constitute an excellent source 

of precipitation for these basins, however they are prone to errors that can potentially 

affect hydrologic simulations. Concurrently, limited access to streamflow measurements 

does not allow a detailed representation of the system’s structure through parameter 

estimation techniques. This dissertation presents multiple studies that evaluate the 

usefulness of remotely sensed products for different hydrological applications and the 

sensitivity of simulated streamflow to parameter uncertainty across basins with different 

hydroclimatic characteristics with the ultimate goal of increasing the applicability of land 

surface models in ungauged basins, particularly in South America. Paper 1 presents a 

sensitivity analysis of daily simulated streamflows to changes in model parameters along 

a hydroclimatic gradient. Parameters controlling the generation of surface and subsurface 

flow were targeted for the study. Results indicate that the sensitivity is strongly controlled 

by climate and that a more parsimonious version of the model could be implemented. 

Paper 2 explores how errors in satellite-estimated precipitation, due to infrequent satellite 

measurements, propagate through the simulation of a basin’s hydrological cycle and 

impact the characteristics of peak streamflows within the basin. Findings indicate that 

nonlinearities in the hydrological cycle can introduce bias in simulated streamflows with 
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error-corrupted precipitation. They also show that some characteristics of peak discharges 

are not conditioned by errors in satellite-estimated precipitation at a daily time step. Paper 

3 evaluates the dominant sources of error in three satellite products when representing 

convective storms and how shifts in the location of the storm affect simulated peak 

streamflows in the basin. Results indicate that satellite products show some deficiencies 

retrieving convective processes and that a ground bias correction can mitigate these 

deficiencies but without sacrificing the potential for real-time hydrological applications. 

Finally, spatially shifted precipitation fields affect the magnitude of the peaks, however, 

its impact on the timing of the peaks is dampened out by the system’s response at a daily 

time scale.  
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CHAPTER 1 
INTRODUCTION 

1.1 Research Motivation 

Land surface hydrology has radically evolved in the last few decades since the advent of 

high speed computing and reliable remote sensing capabilities. Gradually, the 

connections between the surface and atmospheric components of the hydrological cycle 

have become better represented in numerical models. Hydrologists have been able to use 

these technological advances to create new tools to better understand the interactions 

between soil, topography, vegetation and climate that lead to more detailed simulations of 

the hydrological cycle of a basin [Nijssen and Bastidas, 2005]. Despite the existence of 

these tools, in many regions of the world, particularly in less-developed countries, the 

possibility of reliable hydrologic applications is severely constrained by the availability 

of high quality hydrological information. Due to limited, and in some cases nonexistent 

rainfall records, hydrologists are often unable to identify the dominant hydrological 

processes in the basin, and subsequently implement hydrological models for different 

uses (e.g., flood forecasting, water budget estimations, flash flooding warnings, irrigation 

and reservoir operations). Not only is the lack of rainfall estimates a major roadblock for 

the hydrologic community, scarce or nonexistent streamflow records impose further 

restrictions for model calibration and verification.   

 

The implementation of a hydrological model requires the following components: 1) 

hydrological input and output data (i.e., precipitation, wind, temperature and streamflows 

at least), 2) a model that describes key processes in the basin and 3) a set of parameters 
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representing soil and vegetation characteristics. However, scarce long-term records of 

input and output information, particularly precipitation and streamflows, can make the 

identification of the model parameters that provide a reasonable performance of model 

simulations difficult.  

 

In the last few decades, an increase in computer power has led to the development of 

increasingly complex land surface hydrological models that allow a detailed 

representation of the hydrological cycle. This increase in model complexity, along with 

insufficient spatio-temporal records of rainfall and streamflows, constitutes another 

emergent challenge faced by hydrologists in under-instrumented and ungauged basins1. 

In lieu of this, the scientific community has fostered several efforts to improve the 

understanding and the quality of hydrologic predictions in under-instrumented and 

ungauged basins. For example, the Model Parameter Estimation Experiment (MOPEX) 

was carried out to develop and evaluate existing parameter estimation techniques in 

gauged basins using land surface parameterization schemes [Duan et al., 2006]. Another 

international effort is the 2003-2012 Decade of Predictions in Ungauged Basins (PUB) 

sponsored by the International Association of Hydrological Sciences whose scientific 

objectives include conducting field experiments, increasing awareness on the value of 

hydrological data, and reducing model prediction uncertainty among others [Sivapalan et 

al., 2003]. 

                                                
1 “An ungauged basin is one with inadequate records (in terms of both data quantity and quality) of 
hydrological observations to enable computation of hydrological variables of interest (both water quantity 
or quality) at the appropriate spatial and temporal scales, and to the accuracy acceptable for practical 
applications” [Sivapalan et al., 2003]. 
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Concurrently, remote sensed information is becoming increasingly available at spatial 

and temporal scales suitable for many hydrologic applications. Precipitation has 

particular interest for hydrologists since it constitutes the primary input to hydrologic 

models. Until recently, hydrological models were spatially lumped and were driven with 

basin-average precipitation. Rain gauge observations from stations in the basin and radar 

observations, when available, were spatially averaged to generate time series of 

precipitation used as drivers for the model. In the last few decades, state of the art Land 

Surface Models (LSMs) have evolved from lumped to distributed and semi-distributed 

models to make use of the spatial variability of precipitation and be able to represent, at 

the subbasin scale, the different processes that generate runoff in the catchment [Pitman, 

2003]. The advent of satellite-estimated precipitation products has further promoted the 

development and use of this type of model at different spatial resolutions.  

 

In this context, satellite remote sensing provides, for the first time, spatial coverage for 

critical hydrological variables needed to implement hydrological models in 

underinstrumented and ungauged basins. Remotely deployed sensors are able to measure 

electromagnetic information in different wavelength channels, which is later converted in 

precipitation estimates using retrieval algorithms. Assimilation techniques can 

subsequently combine the strengths of infrared estimates (high spatial resolution but low 

accuracy) and Passive Microwave estimates (low spatial resolution but high accuracy) to 

generate rainfall products available at high spatial and temporal scales [Kidd et al., 2009]. 

However, satellite estimates of precipitation are prone to several sources of uncertainty 
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that can significantly contribute to errors in flood predictions.  Because of nonlinearities 

in the hydrological cycle this uncertainty can be amplified in some fluxes and states and 

dampened out in others, resulting in changes in the characteristics of high flows. 

Evaluating the uncertainty in satellite-estimated precipitation is crucial to be able to 

quantify the limitations and strengths of current and projected satellite missions for 

hydrological applications as well as to provide feedback to algorithm developers to 

improve the quality of the estimates in the future. 

 

 
1.3 Research Objectives 

In view of the challenges for hydrologic simulations in data-poor basins mentioned 

above, the two main objectives of this dissertation are to assess the sensitivity of 

simulated streamflows to parameter uncertainty and to evaluate the usefulness of satellite 

precipitation estimates for hydrological simulations in South America. Specific goals of 

this dissertation are:  

• Investigate the sensitivity of simulated runoff to the parameters that control its 

generation in the Variable Infiltration Capacity (VIC) model. 

• Investigate how parameter sensitivity changes under different soil, vegetation and 

climate conditions.  

• Demonstrate the use of tools for evaluating parameter sensitivity outside of the 

traditional application area of parameter-sparse rainfall-runoff models. 
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• Quantify how the uncertainty in satellite precipitation, due to its infrequent 

sampling, affects the characteristics of large flood events.  

• Understand how errors in precipitation propagate through the hydrological cycle 

and what properties of the streamflows: volume, magnitude, timing, and 

probability distribution function are affected by these errors. 

• Reveal the existence of systematic errors in remotely sensed precipitation 

products retrieving convective processes during the warm season in southeastern 

South America. 

• Investigate how errors in the location of convective storms propagate through the 

hydrological cycle and affect the characteristics of the peaks.  

 

1.4 Literature Review 

Technological advances in computation and environmental monitoring has facilitated the 

development of new hydrological tools to address water resources issues [Entekhabi et 

al., 1999]. However, hydrologists can not always take advantage of these tools due to two 

main constraints: a) restricted access to hydrological information that would enable a 

detailed representation of the hydrological system through parameter estimation, and b) 

insufficient knowledge of how uncertainty in model inputs, particularly precipitation, 

affect hydrological simulations. This situation is more pronounced in less-privileged 

countries around the world where measurements are not routinely made due to economic 

constraints and where error-prone satellite products constitute the only available source 

of information. 
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Increasingly complex LSMs have been developed as a result of a better understanding of 

hydrological processes, more complete data sets and increased computing power [e.g., 

Nijssen and Bastidas, 2005; Pitman, 2003]. This increase in model complexity has been 

accompanied by a large increase in the number of model parameters. Some model 

parameters can be estimated at the scale of application on the field or through remote 

sensing measurements, whereas most of the parameters describing subsurface processes 

are determined through small-scale, in-situ or laboratory measurements [e.g., Cohen et 

al., 2003; Walker et al. 2004]. Consequently, when LSMs are applied over large areas, 

these parameters lose most of their physical meaning and often become little more than 

calibration parameters. 

 

In hydrology, there is a long tradition and a large body of research and applications in 

model calibration, parameter estimation, and parameter sensitivity methods, both in 

surface and subsurface hydrology [e.g., Hogue et al., 2006; Wagener et al., 2003; Gupta 

et al., 2003; Chen and Chen, 2003; Madsen et al., 2002; Thiemann et al., 2001; Van Geer 

and Van der Kloet, 1985; Smith and Piper, 1978].  However, except for a few notable 

studies [Hogue et al., 2005; Sieber and Uhlenbrook, 2005; Liu et al., 2004; Gupta et al., 

1999; Bastidas et al., 1999; Gao et al., 1996], relatively little of this work has been 

applied to parameter estimation and sensitivity of LSMs. Perhaps the most important 

reason for that is that LSMs typically have a large number of parameters, while most 

techniques for parameter sensitivity analysis in hydrology are developed and applied to 

models with relatively few parameters.  
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Sensitivity analysis techniques have the objective of identifying whether a perturbation of 

parameters has a significant impact on the response of the model [Wagener et al., 2001]. 

Studies have shown that a sensitivity analysis performed before the calibration process 

can significantly reduce the number of parameters prompted for calibration [Bastidas et 

al., 1999]. There exist several methods to evaluate the sensitivity of LSM outputs to its 

parameters [Pitman, 1994; Liang and Guo, 2003; Henderson-Sellers, 1993]. The 

Regional Sensitivity Analysis method (RSA) is a Monte Carlo based nonparametric 

method that evaluates sets of parameter values in terms of model performance without 

making assumptions about their statistical distributions [Hornberger and Spear, 1981; 

Freer et al., 1996]. Except for a few studies such as Hogue et al. [2006] and Bastidas et 

al. [1999], RSA application to hydrological models has largely been limited to simple 

rainfall-runoff models with few parameters or to more complex models without 

consideration of the impact of different climatic regions on model parameters [Sieber and 

Uhlenbrook, 2005; Wagener et al., 2001; 2003]. Not only is parameter sensitivity of 

particulars interest for hydrologists, but how the sensitivity of these parameters changes 

with variations in soil, vegetation and climate conditions becomes essential to implement 

LSMs in under-instrumented and ungauged basins.  

 

Precipitation has particular interest for hydrologists since it constitutes the primary driver 

for LSMs. In data-poor regions, as is the case in much of South America, the quality of 

hydrologic predictions is severely constrained by the lack of high quality hydrological 

data. In the last few decades, remotely sensed information has become increasingly 



 

 

17 

available at spatial and temporal scales suitable for hydrologic applications. Current 

satellite products include: the Tropical Rainfall Measuring Mission (TRMM), the Climate 

Prediction Center Morphing Tehchinque (CMORPH), and the Precipitation Estimation 

from Remotely Sensed Information using Artificial Neural Networks (PERSIANN), 

which are available at a 2.5-degree resolution and at a temporal resolution ranging from 3 

to 6 hours [Hsu et al., 1997; Sorooshian, et al., 2000; Bellerby et al., 2002; Joyce et al., 

2004; Huffman et al., 2007, 2001]. Future products from planned missions, such as the 

Global Precipitation Measurement mission (GPM), promise to provide physically based 

estimates on a global basis with an approximately 3-hour sampling interval and a spatial 

resolution of approximately 10 km [Smith et al., 2007; Hossain and Lettenmaier, 2006].  

 

Satellite estimates of precipitation are prone to several sources of uncertainty that can 

significantly contribute to errors in streamflow simulations [Xie and Arkin, 1995; Yilmaz 

et al., 2005; Hossain and Anagnostou, 2006; 2004; Hong et al., 2006; Anagnostou, 2007; 

Ebert et al., 2007]. There are two main sources of error in satellite precipitation 

estimates: a) error due to infrequent sampling (i.e., sampling error), and b) error due to 

noise in the instrument measurements, improper calibration of the sensor and errors in the 

ground validation process, among others (i.e., retrieval error) [Bell and Kundu, 2000; 

Wilheit, 1988]. Under many circumstances the sampling error is the largest single 

component of the error budget although the magnitude of the retrieval error can dominate 

for instantaneous precipitation estimates and short-duration accumulations [Nijssen and 

Lettenmaier, 2004; Chang and Chiu, 1999]. Despite improvement in the spatio-temporal 
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resolution of available remote sensing products few studies have investigated the 

propagation of errors in satellite-estimated rainfall to hydrological variables [Hossain and 

Anagnostou, 2004; Guetter and Georgakakos, 1996; Nijssen and Lettenmaier, 2004]. 

 

At the same time, the accuracy of satellite precipitation products has been amply 

validated at different temporal and spatial scales in data-rich regions of the world [Astin, 

1997; Huffman, 1997; Salby and Callaghan, 1997; Bell and Kundu, 2000; among others]. 

In South America, few studies have assessed the validity of satellite products at scales of 

utility for hydrological applications [de Goncalves et al., 2006; Su et al., 2008]. Even 

though these studies provided valuable insight on how closely two fields behave in time, 

the hydrology community requires more specific information about expected errors on 

the location of the storms. Since storm characteristics are one of the numerous factors 

affecting streamflow generation in a catchment; variations in space and time will affect 

the magnitude of the peak and its arrival time [Nunes et al., 2006; Singh V. P, 2002a, 

2002b, 1997].  

 

An alternative approach to continuous and categorical verification techniques is the 

evaluation of rain entities using an object-oriented approach, which allows the 

verification of the bulk properties of the satellite estimated rain field against the bulk 

properties of the reference field or observations. [Ebert and Gallus, 2009; Grams et al., 

2006; Ebert and McBride, 2000]. Of particular interest is to investigate how well satellite 

products represent convective storms, which dominate the warm season weather in 
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southeastern South America. These systems can produce some of the most intense storm 

events on Earth and whose heavy precipitation generates numerous cases of severe 

weather and flooding [Salio et al., 2007; Nascimento and Doswell, 2006; Zipser et al., 

2006; Silva Dias, 1999].  

 

1.5 Dissertation Organization 

This dissertation is organized in three chapters. Chapter 1 (Introduction) underlines the 

motivation and objectives of this research and presents a literature review. Chapter 2 

summarizes results of research papers and presents the overall conclusions of the 

dissertation. Three original manuscripts that represent the core of the research are 

included as appendices A, B, and C. 
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CHAPTER 2 

PRESENT STUDY 

The scientific contributions of this dissertation to understanding the impact of satellite-

estimated precipitation uncertainty and model parameters uncertainty on hydrological 

simulations are presented in the papers appended to this dissertation. Sections 2.1-2.3 

below summarize these papers and provide a summary of the most important findings. 

Section 2.4 lists the primary conclusions of the research carried out during this 

dissertation. 

 

2.1 Summary of Paper 1:  

 
Monte Carlo Sensitivity Analysis of Land Surface Parameters using the Variable 
Infiltration Capacity Model. Eleonora M. Demaria, Bart Nijssen and Thorsten 
Wagener. Journal of Geophysical Research: Atmospheres, 112, D11, 
doi:10.1029/2006JD007534, 2007. 
 
 
This paper evaluates how sensitive daily streamflow simulations are to ten parameters 

controlling the generation of surface and subsurface runoff in a macroscale hydrological 

model. Model parameters are typically calibrated for specific climatic environments, if at 

all. However, models are applied over domains in which soil, vegetation and climate 

conditions vary considerably. We wanted to test if different hydroclimatic environments 

affected the sensitivity of stremflow response to changes in model parameters. In 

particular this study focused on how parameter sensitivity varies along a hydroclimatic 

gradient, from a driest to a wettest environment. We also wanted to test if all model 

parameters included in the study were crucial to represent the system’s response in a 
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basin or if further simplifications could be introduced to the model’s formulation. The 

Variable Infiltration Capacity (VIC) model was implemented in four basins in the United 

States with different environmental conditions. VIC is a macroscale LSM that can 

represent the variability of soil moisture storage, vegetation, precipitation and topography 

within a grid cell. The generation of surface and subsurface runoff in VIC is controlled by 

ten parameters. The feasible range of each parameter was divided into 3 bins and a 

random sample was extracted from each bin. As a result 310 (~ 60,000) parameter sets 

were created and subsequently used to drive VIC. Hydrological data were available for a 

20-year period from the MOPEX. The parameter sensitivity was evaluated with the 

Regional Sensitivity Analysis (RSA) method and the performance of the model was 

assessed in a multicriteria fashion to evaluate the ability of the model representing the 

overall mass, the peak and the baseflow components.  

 

The major findings are as follows: 

(a)  The sensitivity of model parameters was closely connected to the underlining 

hydroclimatic characteristics of the basin, and only the infiltration shape parameter (b), 

the drainage parameter (exp) and the thickness of the second soil layer (thick2) out of ten 

model parameters targeted in the study were crucial to represent streamflow generation in 

these basins. 

(b)   The location of the vegetation roots played an important role in the sensitivity of 

the model response and therefore should be included in the calibration process.  
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(c)   We detected the existence of overparameterization in the baseflow formulation of 

the model, indicating that a simplified version of the model could be implemented for 

daily simulations and a lumped model representation.  

(d)   Parameter sensitivity was more strongly dictated by climatic gradients, i.e., 

precipitation, temperature, wind and vegetation, than by changes in soil properties.  

(e)   Future work should evaluate what the impact of reducing the model's complexity, 

e.g., by treating insensitive model parameters as constants, on the model's predictive 

performance. How does the impact change across watersheds? How do streamflow 

sensitivities change in a distributed model? The overall contribution of changes in 

vegetation parameters to streamflow’s sensitivities need also be estimated.  

 

2.2 Summary of Paper 2:  

 
Evaluating the Propagation of Sampling Errors in Satellite Precipitation Estimates 
to Hydrological Applications in South America. Eleonora M. C. Demaria, Bart 
Nijssen, Juan B. Valdés, Daniel A. Rodriguez and Fengge Su. To be submitted to Journal 
of Hydrology.  
 
 

Future satellite missions promise to deliver estimations of precipitation at spatial and 

temporal resolution of great benefit for hydrologic applications. However, these estimates 

are prone to errors hailing from different sources and they can potentially impact the 

accuracy of hydrological simulations. We studied if simulated flows in a basin are 

affected by errors in satellite-estimated precipitation due to non-linearities in land-surface 

hydrological processes. The impact of sampling errors on streamflow simulations, in 
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particular high flows, is evaluated using a macroscale land surface model and 

synthetically generated precipitation fields. An additional research question was is the 

three-hours sampling frequency projected for future satellite missions is sufficient for 

most hydrological applications in a large-size basin. Sampling errors, result of infrequent 

measurements of rainfall due to sporadic satellite overpasses, can dominate precipitation 

uncertainty for large aggregation times. Using a model that represents sampling errors as 

a function of space, rainfall accumulation, length of the scale domain, accumulation 

period and sampling interval, synthetic time series of daily precipitation were generated 

by perturbing observed rainfall. The hydrological cycle of the Iguazu basin, located in 

southeastern South America, was modeled with the VIC model for the period 1979-2005. 

By selecting those streamflow values that are exceeded two percent of the time in any 

given year we created a Partial Duration series of error-corrupted high flows. The overall 

impact of sampling-related uncertainty on daily streamflows as well as changes in the 

statistical properties, time of arrival of the peaks and volume of the peak events were 

evaluated.  

 

The major findings are as follows: 

(a)    The magnitude of the errors in streamflows simulated with error-corrupted 

precipitation was directly related to decreases in sampling frequency.  

(b) Unbiased sampling errors introduced positive biases in fast response runoff and 

negative biases in slow response runoff, evapotranspiration and soil moisture contents. 

Daily error-corrupted streamflows systematically overestimated error-free simulations 
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because of strong nonlinearities in hydrologic processes. For high flows, error-free 

streamflows were underestimated as a result of low antecedent soil moisture conditions in 

the basin combined with small precipitation amounts resulting from small sampling 

errors.  

(c) Error-corrupted flow volumes for peak events became smaller than baseline 

volumes with increasing sampling intervals. However, the magnitude of the dispersion 

was below 10% for the one and three-hours sampling interval, which is within the margin 

of error for a rating curve. For larger sampling intervals errors in simulated streamflows 

will not have the accuracy needed for hydrological applications that require the 

estimation of volumes (e.g., reservoir operation).  

(d) The peak time of daily simulations was not affected by uncertainty in satellite-

estimated precipitation. However, the strength of the correlation between the error-

corrupted and error-free peaks decreased with increasing sampling intervals as a result of 

the underestimation of the magnitude of the peak. Changes in the geometry of the storm, 

location and spatial extension, are likely to alter the areas in the basin contributing to total 

flow and therefore have a larger impact on the timing.  

(e) Sampling errors did not alter the probability distribution function of the peaks 

indicating that nonlinearities in the hydrological system can preserve the statistical 

properties of high flows in the basin.  

(f) For a hydrological point of view, the programmed three-hours GPM sampling 

frequency is sufficient for most hydrological applications in a medium to large-size basin 
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(O~104 km2) and in a rain-dominated subtropical environment where saturation-excess 

mechanisms are dominant.  

(g) Future work should consider the incorporation of an upper limit to the error model 

to eliminate unrealistic precipitation values. Different positively skewed probability 

distribution functions might need to be tested to determine their impact on error-

corrupted precipitation.  

(h) Retrieval errors such as misses (i.e., precipitation observed but not detected by the 

satellite) and false alarms ratios (i.e., precipitation not observed but reported by the 

satellite) should be incorporated in future studies. 

 

2.3 Summary of Paper 3:  

 
Evaluation of Mesoscale Convective Systems in South America Using Multiple 
Satellite Products and an Object-Based Approach. Eleonora M.C. Demaria, D. A. 
Rodriguez, E.E. Ebert, P. Salio, F. Su and J.B. Valdés. To be submitted to Journal of 
Hydrometeorology.  
 

In data-poor regions around the world, increasingly available satellite-estimated 

precipitation can be crucial for flood monitoring and forecasting. Despite their 

usefulness, satellite estimates are prone to errors and need to be verified using ground 

measurements. The Contiguous Rain Area (CRA) method allows one to evaluate to what 

extent estimated a rain entity had the same location, shape and magnitude of the one that 

was observed [Ebert and McBride, 2000]. It defines entities or contiguous rain areas as 

the region bounded by a user-specified isohyet and allows to compute the displacement 

error by incrementally moving the satellite-estimated field over the observed field until a 
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best-fit criterion is optimized. Three satellite precipitation products were analyzed with 

the CRA method: TRMM, CMORPH and PERSIANN. We sought to determine if 

satellite estimations of precipitation could capture the spatial properties of Mesoscale 

Convective Systems (MCSs) during the warm season in the la Plata river basin, located in 

southeastern South America. Another research question was to what extend systematic 

errors in the location of the storm have an impact on flow characteristics such as volume 

and timing of the peak. Errors in Rain Rate, Rainfall Volume and Maximum Rainfall 

were investigated. A macro-scale hydrological model was used to assess the impact of 

precipitation displacements on streamflow simulations.  

 

The major findings are as follows: 

(a) For rainfall intensities larger than 30 mm/day large dispersion in Average Rainfall 

Rate was found in all satellite products. CMORPH underestimates ground observations 

whereas PERSIANN estimates are systematically larger than observations. TRMM 

median Average Rainfall was unbiased confirming that the bias correction performed at 

the monthly level effectively increases the accuracy of the estimates. 

(b) Both CMORPH and TRMM successfully captured the median of the storm 

Volume over the basin whereas PERSIANN slightly overestimates observations. The 

range in bias is under 10% in the case of TRMM and slightly over 10% for PERSIAN 

and CMORPH which is considered within the error margin expected for rain gauges. 

Hence some hydrological applications that require an estimation of the amount of water 
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in the channel, e.g., water supply, will be less sensitive to errors in satellite-estimated 

precipitation. 

(c) The Maximum Rainfall of the storm event was better captured by CMORPH and 

PERSIANN, which are the two satellite-only products included in the study. TRMM on 

the other hand overestimated intense rainfall despite being bias-corrected with ground 

observations indicating that the correction does not filter some of the noise existing in the 

data.  

(d) The preferential direction displacement of satellite-estimated MCSs was in the 

east-west direction for CMORPH and TRMM resembling the trajectory of some 

mesoscale systems in the region. PERSIANN estimates did not show a clear 

displacement direction.  

(e) Discrepancies in the fine structure of the storms dominated the total error 

decomposition of all satellite products. For TRMM estimates, this source of error 

represents more than 65% of the total error whereas errors in displacement and volume 

are small resulting from the ground-based bias correction routinely performed. Errors in 

volume were small for PERSIANN estimates whereas they wer significant for CMORPH 

products. 

(f) Hydrological simulations of streamflows in the Iguazu basin indicated that the 

location of the storm influences the magnitude of the peak, hence its volume, when it is 

shifted upstream and downstream the basin. Displacements in the location of a satellite-

estimated MCS does not have a significant impact on the timing of the peaks indicating 

that the basin’s response to precipitation diminishes the effect of errors in storm location.  
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2.4 Conclusions of this Doctoral Research  

This dissertation presented a series of studies that evaluate the uncertainty in model 

inputs and parameters and its impact on hydrologic modeling in large under-instrumented 

basins. The primary scientific contributions of this work are: (1) an understanding that 

model parametric control is dictated by hydroclimatic conditions in the basin (i.e., 

atmospheric, vegetation and topographic conditions) and that a more parsimonious 

representation of the system can be achieved through parameter estimation techniques, 

(2) a demonstration that errors in satellite products can introduce biases in the model’s 

response and that a discrimination of the different sources of errors can guide 

hydrologists about the applicability of satellite-estimated precipitation for hydrological 

applications in under-instrumented and ungauged basins. The general contributions of 

this research are as follows: 

 

(A) The sensitivity of model parameters is closely connected to the hydroclimatic 

characteristics of the basin and climate strongly dictates parameter sensitivity 

over soil properties. For a daily and lumped LSM the use of parameter 

estimation techniques can reduced the complexity of the system eventually 

leading to a more parsimonious model with a higher chance of 

implementation in ungauged basins.  

(B) Nonlinearities in the hydrological cycle can introduce bias in streamflows 

simulated with error-corrupted precipitation. The magnitude of the bias is 

directly related to the frequency of satellite sampling and can be positive and 
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negative depending on the magnitude of the flows, the antecedent moisture 

conditions in the basin and the magnitude of the sampling error.  

(C) Hydrologic simulations indicate that some characteristics of peak discharges, 

such as probability distribution function of peaks and the timing of the peak, 

are not conditioned by errors in satellite-estimated precipitation at a daily time 

step and for large-size basins.  

(D) The usefulness of the GPM programmed three-hours sampling for 

hydrological applications was validated for a large-size basin (O~104 km2) 

and for rain-dominated subtropical environments where saturation-excess 

mechanisms are dominant.  

(E) A quantification of systematic errors dominating the spatial representation of 

Meso Convective Systems in the la Plata River basin using an Object-based 

approach, the CRA method. This method evaluates entities in a case-by-case 

basis (i.e., storms) and verifies to what extend satellite-estimated and observed 

storms have the same the statistical properties. Three satellite products: 

TRMM, PERSIANN and CMORPH showed some degree of difficult 

capturing convective processes in the basin. Errors in Average Rainfall Rate 

were significantly large for CMORPH and PERSIANN, the satellite products 

that are not systematically biased-corrected with ground observations. On the 

other hand TRMM, which is routinely bias-corrected, showed large errors for 

rainfall maximum indicating that the ground-validation is not always able to 

filter noisy sensor measurements.  
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(F) A first assessment of the dominant sources of error in available satellite 

products representing MCSs over the la Plata basin in Southeastern South 

America. Differences in the fine structure of the storms dominated the error 

decomposition followed by errors in the Volume, and the location of the 

storms. 

(G) A quantification of the impact of displacements in the location of a satellite-

estimated storms on the magnitude, hence the volume, and timing of the peak. 

Shifted locations of MCSs did not have a significant impact on the timing of 

the peaks indicating that the system’s response to precipitation is damping out 

those errors in a large-scale basin and for daily simulations.  
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Abstract 

 
Current land surface models use increasingly complex descriptions of the processes that 

they represent. Increase in complexity is accompanied by an increase in the number of 

model parameters, many of which cannot be measured directly at large spatial scales. A 

Monte Carlo framework was used to evaluate the sensitivity and identifiability of ten 

parameters controlling surface and subsurface runoff generation in the Variable 

Infiltration Capacity model (VIC). Using the Monte Carlo Analysis Toolbox (MCAT), 

parameter sensitivities were studied for four US watersheds along a hydroclimatic 

gradient, based on a 20-year data set developed for the Model Parameter Estimation 

Experiment (MOPEX). Results showed that simulated streamflows are sensitive to three 

parameters when evaluated with different objective functions. Sensitivity of the 

infiltration parameter (b) and the drainage parameter (exp) were strongly related to the 

hydroclimatic gradient. The placement of vegetation roots played an important role in the 

sensitivity of model simulations to the thickness of the second soil layer (thick2). 

Overparameterization was found in the baseflow formulation indicating that a simplified 

version could be implemented. Parameter sensitivity was more strongly dictated by 

climatic gradients than by changes in soil properties. Results showed how a complex 

model can be reduced to a more parsimonious form, leading to a more identifiable model 

with an increased chance of successful regionalization to ungauged basins. Although 

parameter sensitivities are strictly valid for VIC, this model is representative of a wider 

class of macroscale hydrological models. Consequently, the results and methodology will 

have applicability to other hydrological models.  
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1. Introduction 

Better process understanding, more complete data sets and increased computing power 

have led to the development of increasingly complex land surface models (LSMs) [e.g., 

Nijssen and Bastidas, 2005; Pitman, 2003]. This increase in model complexity has been 

accompanied by a large increase in the number of model parameters. As a result, equally 

good model simulations can result from different subsets of parameters, leading to poor 

identifiability of model parameters or equifinality [Freer et al., 1996]. Some model 

parameters can be estimated at the scale of application on the basis of field or remote 

sensing measurements, for example vegetation type, leaf area index, and albedo [e.g., 

Cohen et al., 2003]. Other parameters, for example those describing subsurface 

processes, are mostly determined through small-scale, in-situ or laboratory 

measurements. For many of them, such as saturated hydraulic conductivity, measurement 

and estimation methods have shown poor consistency even at small spatial scales. For 

example, Walker et al. [2004] reports large discrepancies between several methods to 

estimate the vertical distribution of hydraulic conductivity in unconsolidated formations. 

Consequently, when applied over large areas, these parameters lose most of their physical 

meaning and often become little more than calibration parameters. 

 

In hydrology, there is a long tradition and a large body of work of research and 

applications in model calibration, parameter estimation, and parameter sensitivity 

methods, both in surface and subsurface hydrology [e.g., Hogue et al., 2006; Wagener et 

al., 2003; Gupta et al., 2003; Chen and Chen, 2003; Madsen et al., 2002; Thiemann et 
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al., 2001; Van Geer and Van der Kloet, 1985; Smith and Piper, 1978].  Despite some 

notable exceptions [Hogue et al., 2005; Sieber and Uhlenbrook, 2005; Liu et al., 2004; 

Gupta et al., 1999; Bastidas et al., 1999; Gao et al., 1996], relatively little of this work 

has been applied to parameter estimation and sensitivity of LSMs. We see two reasons 

for this. One is that researchers in the LSM community hail from a variety of 

backgrounds, such as meteorology, biology, and earth system science, in which 

calibration or parameter estimation techniques have been less commonly used than in 

hydrology. The other, and perhaps more important reason, is that LSMs typically have a 

large number of parameters, while most techniques for parameter sensitivity analysis in 

hydrology are developed and applied to models with relatively few parameters. As a 

result, it is not always clear how these techniques can be employed to provide insight into 

the performance of LSMs. 

 

The purpose of this paper is twofold. The main aim is to investigate the sensitivity of 

simulated runoff to the parameters that control its generation in the Variable Infiltration 

Capacity (VIC) model [Liang et al., 2003, 1996, 1994; Wood et al., 1992]. Of particular 

interest is how the sensitivity of these parameters changes with changes in soil, 

vegetation and climate conditions. LSMs are typically calibrated for specific climatic 

environments, if at all. However, because of the scale of application, the models are 

applied over domains in which soil, vegetation and climate conditions vary considerably. 

Hence, it becomes essential to understand how the sensitivity of the model parameters 

changes with changes in the physical environment. Four climatic regions with different 
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levels of moisture availability were tested to estimate the impact of different 

hydroclimatic environments on the sensitivity of the model parameters. A secondary 

objective is to further demonstrate the use of tools for evaluating parameter sensitivity 

outside of the traditional application area of parameter-sparse rainfall-runoff models. 

 

The paper is organized as follows: Section 2 presents a brief review of sensitivity analysis 

techniques commonly implemented in hydrology. The methodological approach is 

introduced in Section 3. Results of baseline experiments and case studies are outlined in 

Section 4 and 5 respectively. Finally, main conclusions of the study are presented in 

Section 6. 

 

2. Background 

Sensitivity analysis techniques have the objective of identifying whether a perturbation of 

parameters has a significant impact on the response of the model, that is, on the variable 

of interest. If the impact is small, the model can be simplified either by replacing the 

relevant parameters by constants or by eliminating them altogether [Wagener et al., 

2001]. This is not only of interest for model construction, but also for model calibration 

or parameter estimation. Bastidas et al. [1999], using the BATS (Biosphere-Atmosphere 

Transfer Scheme) LSM in two different climatic regions of the US, showed that a 

sensitivity analysis performed before the calibration process reduced the number of 

parameters prompted for calibration. Their findings suggested that a formal sensitivity 
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analysis significantly reduced the computational time needed for calibration (a factor of 

five in their study). 

Several methods have been presented in the literature to evaluate the sensitivity of LSM 

output to its parameters. In the “one-at-a-time” method each parameter value is changed 

independently and its impact on model performance is analyzed. This method has been 

widely used for sensitivity studies due to its simplicity [Pitman, 1994]. The method has 

the disadvantage of not being efficient in detecting parameter interactions. The Factorial 

Design technique is also simple to implement, but can deal with interactions between 

parameters. In a factorial experiment, all parameters are perturbed simultaneously to 

different high/low values called levels. Each combination of high/low values constitutes 

an experimental run. However, the method cannot deal with model non-linearity and is 

not flexible enough to evaluate multiple system responses [Liang and Guo, 2003; 

Henderson-Sellers, 1993]. The Fourier amplitude sensitivity test (FAST) is based on 

determining fractional contributions of individual factors to the variance of the output 

[Saltelli, 1999; Collins and Avissar, 1994]. The main drawback of FAST is its deficiency 

in detecting interactions between model parameters.  

 

The Regional Sensitivity Analysis method (RSA) is based on a Monte Carlo sampling of 

the parameter space [Hornberger and Spear, 1981; Freer et al., 1996]. RSA is a 

nonparametric method that evaluates sets of parameter values in terms of model 

performance without making assumptions about their statistical distributions. It has been 

widely used in the chemical and biochemical sciences to assess parameter sensitivities 
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[McIntyre et al., 2004; Meixner et al., 2002; Osidele and Beck, 2001; Hornberger et al., 

1985; Hornberger and Spear, 1981; Spear and Hornberger, 1978]. A multi-criteria 

method based on RSA was presented by Bastidas et al. [1999]. This method introduced 

the concept of a Pareto set to select between behavioral and non-behavioral model 

parameters (that is, “good” or “bad” model performances with respect to certain 

performance criteria). The Pareto set represents the group of solutions that minimize the 

multi-criteria space. The main drawback of this method is the selection of a threshold to 

split behavioral from non-behavioral parameters. Except for a few studies such as Hogue 

et al. [2006] and Bastidas et al. [1999], RSA application to hydrological models has 

largely been limited to simple rainfall-runoff models with few parameters or to more 

complex models without consideration of the impact of different climatic regions on 

model parameters [Sieber and Uhlenbrook, 2005; Wagener et al., 2001; 2003].  

 

The RSA method is implemented within the Monte Carlo Analysis Toolbox [MCAT; 

Wagener et al., 2001]. MCAT is a combination of analysis tools taken from the 

Generalized Likelihood Uncertainty Estimation technique [Beven, 2001], multi-objective 

approaches [Gupta et al., 1999], and newly developed methods [Wagener and Kollat, in 

press]. MCAT implements a modification to the RSA introduced by Freer et al. [1996], 

which unlike the original algorithm does not rely on the selection of a performance or 

behavior threshold to split a population between behavioral and non-behavioral 

parameters. The new method ranks the parameter population with respect to different 

objective functions and divides it into ten groups of equal size. The marginal cumulative 



 

 

47 

distribution of the parameters in each group is plotted with respect to the model 

performance to evaluate the sensitivity of each individual parameter.  

 

3. Methodology 

3.1 Approach 

Four river basins located in dissimilar hydroclimatic environments were chosen to 

evaluate the impact of ten specific model parameters on the overall performance of the 

model. The basins were selected to represent various soil, vegetation and climate 

conditions. Daily streamflow values were used to measure the performance of model 

simulations. Streamflows act as a spatial and temporal filter of high frequency 

variabilities present in the different components of the hydrological cycle. It is also an 

important output variable of hydrological models and is the best documented component 

of the hydrological cycle in the four basins.  

 

VIC is a land surface model that simulates the partitioning of incoming energy and 

moisture at the land surface into the separate components of the energy and water balance 

(see Section 3.2 for a more complete description of the model). VIC uses ten vegetation 

parameters to simulate evapotranspiration from the canopy and bare soil. Some 

parameters, such as the Leaf Area Index, need to be specified at a monthly basis. There 

are twenty-one soil related parameters, eleven of which need to be specified for each of 

the three soil layers. From the pool of soil parameters, we selected ten parameters 

controlling the generation of surface and subsurface flow to be included in the sensitivity 
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analysis. Each parameter was considered independent and uniformly distributed within its 

feasible range. Simulated streamflow series were evaluated with MCAT. A set of 

baseline experiments was performed to assess the overall sensitivity of parameters of 

interest in the different hydroclimatic environments. These were followed by a series of 

case studies that further explored the influence of porosity and plant available water on 

parameter sensitivity, and the identifiability of baseflow related parameters during the 

occurrence of high flow events.  

 

3.2 Variable Infiltration Capacity (VIC) Model 

The VIC model is a macroscale hydrological model that represents surface and 

subsurface hydrologic processes on spatially distributed grid cells. Distinguishing 

characteristics of the model include the representation of subgrid scale variability in 

vegetation coverage, topography, precipitation, and soil moisture storage capacity [Liang 

et al., 1994, 1996]. The model has been used for a large number of hydrological studies 

in different climatic environments [Maoyi and Liang, 2006; Liang and Guo, 2003; 

Maurer et al., 2002; Nijssen et al., 2001; Liang et al., 1994, 1996; Wood et al., 1992].  

 

For details of the mathematical formulation, readers are referred to Liang et al. [1994, 

1996]. Here we limit ourselves to a description of the representation of subsurface 

processes, because these are the processes for which the parameter sensitivity is 

investigated. In our implementation, the subsurface is represented by three soil layers. 

Evapotranspiration can occur from soil moisture stored in the three layers, while slow 
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response runoff or baseflow is only generated from the third layer. Following Nijssen et 

al. [2001], baseflow (Qb) is modeled as  
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where W3 is the soil moisture content of the third layer, W3
max is the maximum moisture 

content of this layer, d1 is a linear reservoir coefficient, d2 is a non-linear reservoir 

coefficient, d3 is a soil moisture threshold above which the baseflow response becomes 

non-linear, and d4 is the exponent of the non-linear part of the curve. This is functionally 

similar to the Arno baseflow formulation proposed by Todini [1996]. 

 

The relationship between the unsaturated hydraulic conductivity and the soil moisture 

content is modeled using a power law following Brooks and Corey [1964], while 

drainage between the three layers is represented as a gravity-driven process [Liang et al., 

1994]. 
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where Qi,i+1 is the vertical drainage between layers i and i+1 (i=1,2), Wi is the soil 

moisture content of layer i, Wi
max is the maximum soil moisture content of layer i, expi is 

a function of the pore size distribution, ks,i is the saturated hydraulic conductivity for 

layer i and, θr,i is the residual moisture content of layer i. The maximum soil moisture 

content of each layer is described by the following equation: 
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where thicki is the thickness of layer i and  φi is the porosity of each layer, which is 

considered to be the same for the three layers.  

 

To represent the subgrid spatial variability in soil moisture storage, the model assumes 

that the infiltration capacity is a non-linear function of the soil moisture storage within 

the gridcell [Liang et al., 1994; Zhao et al., 1995]. This is represented as: 
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where i and im are the infiltration capacity and maximum infiltration capacity 

respectively, A is the fraction of area for which the infiltration capacity is less than i and 

b is the infiltration shape parameter. An increase in b results in a decrease in the 

infiltration capacity, and thus a decrease in the amount of moisture entering the 

subsurface. Note that this formulation implies that all fast response runoff is generated 

through a saturation excess rather than an infiltration excess or Hortonian mechanism. 

 

The VIC model can operate both in an energy balance and a water balance mode. In the 

latter mode not all surface energy fluxes are calculated, which results in fewer iterations 

and faster execution speed. Because our interest focused on subsurface streamflow 

generation mechanisms, and to allow multiple model simulations, the model was used in 

water balance mode at a daily time step (VIC Version 4.0.4). VIC was implemented as a 
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lumped model for each basin and no separate routing model was used. Figure 1 shows a 

description of the fluxes simulated by VIC, E represents evaporation from bare soil, Et 

represents evapotranspiration, Ec represents evaporation from water intercepted by the 

canopy, S is the sensible heat flux, L is the latent heat flux, RL is longwave radiation, Rs 

is shortwave radiation, tG is the ground heat flux, I represents infiltration, Q represents 

percolation, Qd represents surface runoff, Qb represents baseflow, and Wn represents soil 

moisture content in the deepest soil layer. 

 

Figure 1. Schematic representation of the three-layer structure of VIC. Black arrows 
correspond to fluxes calculated in water balance mode; gray arrows represent additional 
fluxes explicitly accounted for in energy balance mode. d1, d2, d3 and d4 are baseflow 
related parameters; b is the infiltration shape parameter and exp and ks are the exponent 
of the drainage equation and the saturated hydraulic conductivity respectively. For full 
description of fluxes see Section 3.2. 
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3.3 Data sources 

Model simulations were performed using daily meteorological data from the Model 

Parameter Estimation Experiment (MOPEX) archives, including daily minimum and 

maximum temperature, precipitation and wind speed. MOPEX was carried out to develop 

and evaluate techniques to estimate model parameters used in land surface 

parameterization schemes [Duan et al., 2006]. Based on the Dryness Index (DI) and the 

Runoff Efficiency coefficient (RE) (Table 1), four basins located in the United States 

were chosen to represent different hydroclimatic environments (Figure 2). We 

deliberately excluded basins in regions where snow is a predominant mechanism to avoid 

hydrological memory due to snow and frozen ground.  

 

Figure 2. Geographic location of the MOPEX basins.  
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The hydroclimatic characterization based on DI and RE is a relative wetness 

classification used to differentiate the amount of water stress experienced by each of the 

four basins. The study basins are referred to hereafter as: “driest”, “dry”, “wet” and, 

“wettest” (see Table 1 for details of each basin). The Guadalupe River Basin in Texas 

was chosen as the driest environment and the French Broad River Basin in North 

Carolina was selected as representative of the wettest environment. The other two basins 

were located in climatic regimens situated between these two extremes: the Spring River 

Basin in Missouri and the Amite River Basin in Louisiana.  

Table 1. Characteristics of the MOPEX basins selected in the study for the period 1960-
1999. 

 Guadalupe 
(driest) 

Spring River 
(dry) 

Amite River 
(wet) 

French Broad 
(wettest) 

Latitude/Longitude -98.38/29.86 -94.56/37.24 -90.99/30.46 -82.57/35.60 
Area (km2) 3405 3014 3315 2447 
Elevation (m) 1) 289 254 0 594 
Mean Temperature (°C) 11.0 7.4 12.43 5.27 
Mean Precipitation (P) 
(mm/yr) 

765 1076 1564 1383 

Mean Streamflow (Q) 
(mm/yr) 

116 299 610 800 

Mean Potential Evaporation 
(Ep) (mm/yr) 2) 

1529 1095 1073 819 

Mean daily flow (mm) 0.31 0.81 1.67 2.19 
 Q/P = Runoff Efficiency 
(RE) 

0.15 0.27 0.38 0.57 

 Ep/P = Dryness Index (DI) 2.0 1.0 0.68 0.59 
Dominant vegetation type 
(%) 3) 

Wooded 
grassland 

(78) 

Cropland (76) Evergreen 
Needleleaf Forest 

(32) 

Deciduous 
Broadleaf 
Forest (52) 

1) Gauge station datum 
2) Farnsworth et al. [1982] 
3) Hansen and Reed [2000] 

Figure 3 shows the hydroclimatic gradient of monthly precipitation and streamflows for 

the selected basins during the analysis period. Soil and vegetation characteristics for each 

basin were obtained from gridded datasets developed for the Land Data Assimilation 
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System (LDAS) [Mitchell et al., 1999]. LDAS vegetation data represent twelve 

vegetation coverages. Vegetation types existent in each basin were weighted based on 

their coverage percentages for each grid cell and subsequently averaged to obtain a mean 

value for each basin. Leaf Area Index (LAI) and other vegetation related parameter did 

not change from year to year in this study.  

 

Figure 3. Mean Monthly Precipitation in mm (MMP) and Mean Monthly Streamflows in 
mm (MMS) at the four sites: a) driest, b) dry, c) wet and d) wettest. 
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3.4 Model parameters 

The sensitivity of streamflow simulations to ten model parameters related to the 

generation of direct and baseflow was investigated. These parameters were selected 

because their values are typically subject to calibration rather than direct measurement. 

The parameters include the baseflow parameters d1, d2, d3 and d4 (Equation 1), the 

thickness of the three soil layers thick1, thick2, and thick3 (Equation 3), the saturated 

hydraulic conductivities of the top two layers layers ks,1 and ks,2 (Equation 2), the 

exponents of the Brooks-Corey relationship, exp1 and exp2 (Equation 2), and the 

infiltration shape parameter b (Equation 4). Since the saturated hydraulic conductivity 

(ks,i) and the exponent (expi) were assumed to be the same for each layer, this effectively 

resulted in ten individual parameters. Figure 1 presents a schematic representation of a 

single column showing the model parameters controlling surface and subsurface runoff 

generation that were included in the sensitivity analysis.  

 

Feasible ranges for each parameter were based on the minimum and the maximum 

parameter values in the LDAS data set for the entire contiguous United States. Table 2 

shows the range, a description of each parameter analyzed and its impact on the model 

response. Each feasible range was divided into three bins and each parameter was 

randomly sampled within each bin using a stratified sampling algorithm. This method 

assured that a sample was taken from each bin increasing the coverage of individual 

parameters. Model parameters were assumed uniformly distributed within each bin, 

ensuring a unique parameter combination for each model simulation and a fairly evenly 



 

 

56 

distributed selection of values from the feasible parameter range [Beven and Binley, 

1992]. This Monte Carlo procedure generated 59,049 (~310) unique parameter sets. To 

reduce the dimensionality of the parameter space, those parameters of the model not 

included in the sensitivity study were kept at the default values. 

 

Table 2. List of names, feasible ranges, description and model response of parameters for 
Monte Carlo simulations. 
Parameter Range Units Description Model response 
d1 0 - 1 1/day Linear reservoir coefficient baseflow equation Baseflow 
d2 0 - 1 1/day Non-linear reservoir coefficient baseflow equation Baseflow 
d3 0 - (W3 × 

porosity)1) 
mm Soil moisture threshold between linear and non-

linear 
Baseflow 

d4 1 – 4 N/A Exponent non-linear part baseflow equation Baseflow 
b 0.001 - 0.8 N/A Infiltration shape controlling surface runoff  Direct flow 
ks 1 - 10,000 mm/day Saturated hydraulic conductivity Drainage 
exp 8 - 30 N/A Exponent of the Brooks-Corey drainage equation Drainage 
thick1 0.01 - 0.5 m Thickness of soil layer 1 (uppermost) Drainage 
thick2 0.1 - 2  m Thickness of soil layer 2 Drainage 
thick3 0.1 - 2  m Thickness of soil layer 3 (lowermost) Baseflow 
1) Upper limits for d3 are: 933 mm (driest), 944 mm (dry), 938 mm (wet) and 811 mm (wettest).  

 

3.5 Objective functions and the Monte Carlo Analysis Toolbox (MCAT) 

Three independent objective functions were selected to analyze the goodness of the fit 

between observations and simulations (Table 3): Root Mean Squared Error (RMSE), 

which evaluates the ability of the model to simulate peaks in streamflows; Absolute value 

of the Relative Bias (Absrbias), which is a global measure of the conservation of mass in 

the model; and Root Mean Squared Error of the Box-Cox transformed streamflows 

(RMSEbox-cox) which emphasizes the performance of the baseflow component of the 

hydrograph. A Box-Cox parameter λ equal to 0.3 was used based on recommendations 

by Misirli et al. [2002]. 
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Table 3. Objective functions used for the Regional Sensitivity Analysis. 
Name Description Equation 
RMSEa,b Root Mean Squared Error 
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aOt = Observed streamflows (mm/day). 
bYt = Simulated streamflows (mm/day). 
cQbas = Simulated Baseflow runoff using original model formulation (mm/day). 
dQnon-lin = = Simulated Baseflow runoff using non-linear model formulation (mm/day). 
 

MCAT was used to analyze the results from the model simulations. MCAT was designed 

to investigate the structure, sensitivity, parameter uncertainty and output uncertainty of 

mathematical models, with the aim of helping the modeling community in the 

identification of model parameters. It includes a modification of the Regional Sensitivity 

Analysis (RSA) introduced by Freer et al. [1996]. This method allows the user to 

visually inspect the sensitivity of different parameters with respect to the performance of 

the model and to identify insensitive parameters that can be fixed or eliminated from the 

representation of the system. In this approach, appropriate lower and upper boundaries 

for each parameter are established (feasible parameter range) and the parameter 



 

 

58 

population is split into ten sets of equal size based on model performance. These sets are 

ranked and their marginal cumulative distributions are plotted. A straight line represents 

insensitivity of the parameters whereas a group of lines with different shapes and 

separated from each other indicates sensitivity. 

 

Identifiability of parameters is evaluated through scatterplots (also called dotty plots) 

which are a projection of the parameters and of their goodness of fit in a surface response 

diagram [Beven, 2001]. These representations are a powerful tool to detect identifiable 

parameters from the parameter space, that is, regions of the parameter space where there 

is an optimum. Parameters that are clearly identifiable present a well-defined minimum, 

whereas those that are unidentifiable present a flat or unstructured surface across the 

whole feasible space. 

 

4. Baseline Experiments 

4.1 Experiments 

In the baseline experiments the ten subsurface parameters were varied as discussed in 

Section 3.4, resulting in 59,049 Monte-Carlo simulations for each of the four sites. Model 

simulations for the period January 1961-December 1979 were evaluated at a daily 

timestep using the three objective functions described in Table 2. The year 1960 was used 

for model spin-up and was excluded from the analysis. The ability of the model to 

simulate streamflow at the four sites was assessed and parameter sensitivity was 
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evaluated with the help of MCAT. Based on the results from this baseline experiment 

additional case studies were performed as described in Section 5. 

 

4.2 Results 

4.2.1 Model performance  

Figure 4 demonstrates the ability of the model to simulate the hydrological cycle in the 

different hydroclimatic environments. Although no formal calibration was done to 

determine the optimal parameter sets, the figure shows the best model runs from the pool 

of simulations selected following the procedure described below. To ensure a correct 

simulation of the volume of runoff generated by the model, the fifty best model 

performances with respect to Absrbias were first selected. From these, the twenty best 

performing simulations with respect to RMSE were selected to ensure that the peaks were 

matched. Finally, to match the baseflow recessions, the five best performing simulations 

were selected with respect to RMSEbox-cox. This procedure guarantees the selected model 

run simulates the correct runoff volume and makes a skillful representation of peak and 

recession flows. The best overall run for each basin is shown in Figure 4. Model 

performance is worst in the driest basin. Wooldridge et al. [2003], Abdulla and 

Lettenmaier [1997], and Nijssen et al. [1997] have all discussed weaknesses of the VIC 

model when simulating the hydrological cycle in dry climates.  
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Figure 4. Model performance for basins: a) driest, b) dry, c) wet and d) wettest. Plots on 
the left show monthly simulated streamflows (green line with circles) and monthly 
observed streamflows (black line) for the period 1961-1979. Plots to the right show 
monthly observed (x-axis) versus monthly simulated streamflows (y-axis) in mm for the 
same time frame.  
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VIC limitations to adequately represent streamflows in water-limited environments may 

be linked to the lack of an infiltration excess runoff formulation (Hortonian runoff), 

although it is unclear how important such a formulation is for model calculations at a 

daily timestep. Other limitations in representing hydrological processes in ephemeral 

catchments are the lack of a representation of surface-groundwater interactions and 

transmission losses, which are of fundamental importance in desert environments. 

 

4.2.2 Sensitivity and Identifiability Analysis 

Figure 5 shows the RSA results for selected parameters and objective functions. To 

produce the individual panels, the following procedure was applied. First, for each site 

and each parameter, the Monte Carlo simulations were ranked and equally divided into 

ten bins based on the value of the objective function. Thus, the first bin contained the best 

10% of the simulations, the second bin the next best 10%, and so forth. Next, the values 

of the objective function in each bin were normalized so they ranged from 0 to 1. Finally, 

these normalized objective function values were plotted as a cumulative distribution 

function of the parameter value. Thus, for each panel in Figure 5, there are ten curves, 

each corresponding to a single bin. In general, an insensitive parameter will produce a 

straight one-to-one line whereas a sensitive model parameter will show differences in 

separation and form between the cumulative frequency distribution curves.   

Objective function values were highly sensitive to three model parameters (b, exp and 

thick2) and only slightly sensitive to three other parameters (d1, thick1 and ks). Figure 5 

only shows the RSA curves for the objective functions that were most sensitive to 
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changes in parameter values. Baseflow parameters, d2, d3 and, d4 presented a straight line 

for all three objective functions during the sensitivity analysis, indicating that the 

response of the system is insensitive to their values (not shown). A similar response was 

found for parameter thick3, the depth of the third soil layer. 

 

Parameters are characterized as identifiable, if there is a distinct minimum in the 

scatterplots showing the objective function value as a function of the parameter value 

(Figure 6). Lack of a distinct minimum indicates the difficulty to find a single optimal 

value that provides good model performances, hence the parameter is termed poorly 

identifiable. Figure 6 shows scatter plots of model simulations for the three model 

parameters shown to be most sensitive in the RSA. The same objective functions are 

shown as in Figure 5, that is, the objective functions that provide the most information 

regarding the model’s response for each particular parameter. The b parameter controls 

the shape of the variable infiltration curve in VIC, and effectively dictates the partitioning 

of rainfall into infiltration and surface runoff. Small values of this parameter increase the 

model infiltration and diminish the generation of direct runoff. Parameter b (Figure 6a) is 

best defined for the driest basin, with a marked minimum located near the lower limit of 

the feasible range. On the other hand, the same parameter is poorly identifiable in a 

wettest environment. 
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Figure 5. Results of Regional Sensitivity Analysis (RSA) for those parameters that are 
proved sensitive. Cumulative distribution of the best 10% performing parameters (blue 
line) and cumulative distribution of the worst 10% performing parameters (black line). 
Dashed lines represent cumulative curves for the rest of the bins. a) Parameter b, b) 
parameter exp, c) parameter thick2 (m), d) parameter d1 (1/day), e) parameter thick1 (m), 
and f) parameter ks (mm/day). 
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The transition in the identifiability of parameter b with the hydroclimatic gradient 

indicates that this parameter is playing a key role in the generation of direct runoff in 

water stressed environment, whereas a correct system representation in a wet 

environment is less dependent on an accurate specification of this parameter. Note that 

the RMSE objective function is most sensitive to the value of the b parameter, indicating 

that this parameter strongly influences both the magnitude and timing of the simulated 

peak flows. Atkinson et al. [2002] arrived at a similar conclusion in a study evaluating the 

model complexity needed to represent hydrologic processes in different climates and at 

spatial and temporal scales. Their findings showed that the dominant parameter 

controlling streamflow variability was a field capacity related parameter. Streamflow 

prediction was found to be more sensitive to this parameter in dry catchments than in wet 

catchments, therefore more accurate predictions can be made using more simple models 

in a wet basin. 

 

In contrast, the exp parameter, which controls the vertical drainage between layers, is best 

identified using the RMSEbox-cox objective function, which focuses on baseflow 

recessions and low flows. This parameter shows a well-defined minimum located at the 

center of the parameter space for the driest basin while this minimum moves toward the 

lower boundary in the wettest basin (Figure 6b). A small value for the exp parameter 

increases the drainage between layers for the same soil moisture content and hence 

increases baseflow generation. In our implementation, soil moisture in the subsurface is 

no longer available for evaporation once it reaches the third soil layer and thus 



 

 

65 

contributes to an increase of the total runoff by augmenting baseflow. In dry 

environments, most of the soil moisture eventually evaporates and little contributes to 

slow response runoff. In the model, this is expressed by the minimum in the RMSEbox-cox 

objective function located at relatively high parameter values, resulting in little to no 

drainage. In wetter climates, where more of the rainfall contributes to slow response 

runoff, there is a shift towards lower values for the exp parameter. 

 

Figure 6. Scatter plots between the three most sensitive model parameters and three 
different objective functions. a) Parameter b, b) Parameter exp and c) Parameter thick2 
(m). 
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Simulated streamflows show large sensitivity to parameter thick2 when model 

performance is measured with the three selected objective functions. We selected the 

Absrbias to present the results of the RSA. In Figure 6c, the model systematically 

overpredicts the total runoff volume in the driest basin for almost the entire feasible range 

of parameter values. The spread in Absrbias decreases as water availability increases in 

the environment indicating that VIC better captures the mass balance in wetter 

environments. There is a slight tendency for better model simulations for thick2 values 

larger than 0.7 m for the driest and dry sites. However, the flat response surface in the 

four basins indicates redundancy with respect to predicting streamflows and no optimum 

parameter value is found for this parameter. 

 

Figure 7 shows scatterplots between total cumulative baseflow and parameter thick2 for 

the basins located at the extremes of the hydroclimatic gradient. The color bar located at 

the right hand side shows the variation in a second parameter:  parameter b for the top 

row and parameter exp for the bottom row. The plots show that large baseflows occur 

when parameters b and exp are located at the lower end of the feasible range. This 

parameter configuration maximizes baseflow generation in the model, since infiltration 

and vertical drainage are large. In this scenario, soil moisture is not retained in the upper 

two soil layers, evapotranspiration is at a minimum, and VIC systematically overpredicts 

baseflow runoff. This behavior becomes more significant in the driest basin where plant 

available water (difference between soil moisture content at field capacity and at wilting 

point) is extremely low. Baseflow is relatively large, because the amount of soil moisture 
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that can be used effectively by the vegetation for evapotranspiration is small. In addition, 

evaporation from bare soil is diminished when soil moisture is vertically drained due to 

the combination of b and exp. Contrarily, at the wettest site, a larger amount of soil 

moisture, that is, large plant water availability, is available for evapotranspiration; and 

thus not contributing to baseflow runoff.  

 

Figure 7. Scatter plots between cumulative baseflow (mm) and parameter thick2. Top 
panels show parameter b in the vertical bar. Panels on the bottom contain the information 
for parameter exp. 
 



 

 

68 

When the soil layer is thin, insufficient moisture is stored in the soil to satisfy 

atmospheric and vegetation requirements and streamflows tend to be overpredicted by the 

model. When thick2 is large, especially combined with large values of thick1 and exp 

(small vertical drainage), streamflows are underpredicted, because most of the soil 

moisture is stored in the top two soil layers, resulting in excess of evapotranspiration in 

the model simulations. The relationship between soil characteristics and climate is further 

discussed in section 5.3. 

 

5. Case studies  

Based on the outcomes of the baseline experiments, a set of follow-up experiments was 

conducted to further investigate the sensitivity of model simulations to parameters of 

interest. In particular, model experiments were designed to address the following 

questions: 

1. Under what conditions are the parameters, which control the non-linear part of 

the baseflow equation, sensitive and identifiable? 

2. What is the role of vegetation in the sensitivity of the model to the thickness of 

the second soil layer?  

3. Are differences between sites climate or soil-driven?  
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5.1 Sensitivity and identifiability of parameters controlling non-linear baseflow 

response 

One of the outcomes of the baseline experiments was that none of the three objective 

functions demonstrated sensitivity to changes in the parameters controlling the non-linear 

part of the baseflow generation function (Equation 1). Following Equation 1, the non-

linear part of the baseflow generation function only activates when the moisture storage 

in the third layer is above a threshold (d3). In that case, for the same soil moisture, the 

non-linear formulation produces more baseflow than the linear formulation (assuming d4 

greater than 1), resulting in rapid drainage from the bottom soil layer. Because the 

baseflow parameters controlling the non-linear part are activated during wet conditions, 

we recalculated the performance of the model with the three objective functions for the 

observed flows that are only exceeded 2% of the time. The expected outcome was an 

increase in the sensitivity of those parameters involved in the non-linear component of 

Equation 1. However, no improvements in the sensitivity of parameters d2, d3 and d4 

occurred in the RSA for any of the basins or objective functions. Plots similar to those in 

Figure 5 showed no difference in parameter sensitivity whether all flows (baseline 

experiment) or only the high flows were considered (not shown). 

 

To evaluate the impact of removing the non-linear baseflow component on the sensitivity 

of the other parameters, a new RSA was performed in which seven parameters (that is, 

excluding d2, d3, and d4) were again randomly sampled. The non-linear part of the 
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baseflow generation equation was inactivated by setting d2 equal to zero. Results of the 

new RSA did not show any changes in the sensitivity of the objective functions to the 

parameters compared to the baseline experiments (not shown). Cumulative baseflow 

simulations with and without the non-linear baseflow generation component are shown in 

Figure 8 for the period January 1961 to December 1979 for those basins located at the 

extremes of the hydroclimatic gradient. In these two simulations, parameter d3 was 

expressly chosen small for the baseline experiments, to ensure that the soil moisture in 

the third layer exceeded this threshold and the non-linear part of the equation was 

activated. For small d3 values exclusively, simulations with the baseline model 

formulation showed a slight increase in baseflow. This increase can be seen in Figure 8 as 

little waves. The total number of days showing larger baseflows in the baseline 

experiment represented approximately 1% of the cases. Correlation coefficients (r) 

between baseflow simulations with and without the non-linear component were found to 

be 0.84 and 0.83 for the driest and wettest basin respectively. Absolute Bias (Absbias) 

between both model simulations was equal to 0.0048 mm for the driest basin and 0.025 

mm for the wettest basin. Relatively high correlation coefficient values along with small 

Absbias between the data sets indicate that the non-linear model offers little improvement 

compared to a simple linear model for baseflow generation at a daily time step. Note that 

the r-values were calculated for the worst case scenario in which d3 is close to zero and 

where the non-linear component is often activated. For larger values of d3 the correlation 

coefficient is equal to 1 and the Absbias equal to 0, indicating that the baseflow 

generation was not affected by the presence or absence of the non-linear component. 
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High correlation between simulations with and without the non-linear component 

indicates the existence of overparameterization in the baseflow model formulation.  

 

Figure 8. Scatterplots between daily cumulative baseflow calculated with the original 
(baseline) baseflow parameterization and with the linear parameterization. Period January 
1961 to December 1979. Left panel shows results in the driest basin and right panel in the 
wettest site.  

 

The existence of interactions between baseflow parameters was assessed with a non-

parametric test introduced by Spearman [1904]. Spearman rank correlation coefficients 

were computed for pairs of d1, d2, d3 and d4 parameters. Correlation coefficients showed 

that the relationship between pairs was not statistically significant at a 5% confidence 

level indicating that the insensitivity of baseflow parameters was not the result of 

interactions between them (not shown). 
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These findings indicate that the parameters controlling the non-linear baseflow generation 

function are poorly identifiable. In other words, their values are difficult to determine 

using manual or automated calibration procedures based on streamflow alone. Because 

this part of the model formulation is purely conceptual and the values of the parameters 

cannot be determined by direct measurement, we suggest that the nonlinear part of the 

baseflow formulation can be left out for VIC model simulations in water balance mode at 

the daily timescale. These results agree with those from Huang and Liang [2006] who 

showed that a one-parameter subsurface parameterization could successfully capture the 

baseflow component of hourly streamflow simulations.  

 

5.2 Role of vegetation in the sensitivity of the thickness of the second soil layer. 

The thickness of the second soil layer (thick2) was found to be one of the most sensitive 

parameters in the baseline experiments. In our model setup, vegetation roots penetrated 

all three layers of the soil profile and most of them were located in the second layer. In 

this section we examine whether the high sensitivity of parameter thick2 (Figure 6c) is a 

result of the presence of most of the vegetation roots in this layer. 

 

Vegetation parameters were not included in the sensitivity analysis; furthermore, root 

allocation in the subsurface, as well as vegetation coverage, were adopted from the 

LDAS data set. In the driest basin, 65-70% of the roots, depending on the vegetation 

type, were allocated to the second soil layer. In the wettest basin, this distribution varied 
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from 45% to 65%. The impact of the root distribution on the sensitivity of the second 

layer was evaluated by restricting all the roots to the uppermost soil layer. New model 

simulations were obtained with the same 59,049 parameter set. Changes in the root 

allocation resulted in a decrease in evapotranspiration, which was now restricted by the 

amount of soil moisture in the uppermost layer. Soil moisture that was not consumed by 

evapotranspiration percolated to deeper layers resulting in an increase of simulated 

baseflow.  

 

Figure 9 shows the sensitivity of the RMSE objective function to the thickness of the 

upper two soil layers (thick1 and thick2, respectively), for baseline experiments (solid 

line) and for the new experiments (dashed line). For the driest basin, there is a marked 

increase in the sensitivity of parameter thick1 when roots are mobilized to the uppermost 

layer. The change in sensitivity is evident in a larger separation between best and worst 

10% performing thick1 parameters in Figure 9a. The sensitivity of parameter thick2 

diminishes when vegetation roots are moved indicated by a smaller separation between 

lines (Figure 9c). This pattern is less marked in the wettest basin where no significant 

changes in sensitivity are found for parameter thick1 (Figure 9b). In the case of parameter 

thick2, there is a small shift in the position of the curves linked to changes in root 

allocation but not a significant increase in the sensitivity (Figure 9d).  This can be directly 

linked to the fraction of roots that was originally allocated to the second soil layer. In the 

baseline runs, a smaller percentage of roots was allocated to the second layer of the 

model in the wettest basin than in the driest basin therefore the impact of root distribution 
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was less marked. A similar pattern in the sensitivity of these parameters was also found 

for Absrbias and RMSEbox-cox objective fxunctions (not shown). 

 

Figure 9. Impact of vegetation on sensitivity of the model layer thickness (thick1 and 
thick2). The black line represents the worst-performing parameters (10%) and the blue 
line the best-performing performing parameters (10%). Solid lines correspond to baseline 
simulations and dashed lines correspond to runs where the vegetation was only located in 
the upper model layer. Panels a and b show the sensitivity of the upper model layer 
(parameter thick1), panels c and d present the sensitivity for the second model layer 
(parameter thick2). 
 

5.3 Are differences between sites climate or soil-driven? 

The same methodology was used to assess whether the sensitivity of streamflows to the 

selected VIC parameters was solely due to hydroclimatic conditions rather than to the soil 

characteristics of each basin. To estimate whether the sensitivity of parameters b, thick2 



 

 

75 

and exp (Section 4.2.2) was influenced by soil properties (that is, soil porosity, plant 

available water, bulk density and particle density), we transferred the soil properties of 

the driest basin to the wettest site. That is, VIC was driven using the atmospheric forcings 

from the wettest basin and the transferred soil parameters from the driest basin. Changes 

in soil porosity and plant available water introduced significant changes in the 

performance of the model. Soil porosity increased from a value of 0.406 (wettest site) to 

0.473 (driest site) and plant available water (difference between soil moisture content at 

field capacity and at wilting point) decreased from 0.162 to 0.02 respectively. We 

generated a new set of 59,049 streamflow simulations and evaluated model performance 

with the objective functions presented in Table 3.  

 

Figure 10 shows scatterplots between the three selected objective functions and three 

different model setups: the left column represents baseline runs for the wettest basin, the 

center column shows simulation with the soil parameters of the driest basin and the 

atmospheric forcings of the wettest basin, and the right column shows baseline 

simulations for the driest basin. No significant changes in the shape of the scatterplot 

between RMSE and parameter b (Figure 10a, b and c) were found when soil parameters 

were transferred from the driest to the wettest basin. This indicates that the sensitivity of 

parameter b is not affected by the transferred parameters and climatic conditions are 

solely responsible for it. The shape of the new scatterplot (Figure 10b) remains almost 

identical to the shape found for the baseline runs in the wettest basin (Figure 10a) rather 

than being similar to the shape found for the driest basin (Figure 10c). 
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Figure 10. Scatter plots between the three most sensitive parameters and three different 
objective functions. The left column shows baseline simulations for the wettest basin (a, 
d, and g). The center column (b, e, and h) shows model simulations using the 
meteorological forcings of the wettest basin and soil characteristics of the driest basin. 
The right column (c, f and i) shows baseline simulations for the driest basin.  

 

For parameter exp, the shape of the scatterplot changes slightly (Figure 10e) compared to 

the baseline simulations. There is a tendency for better performing parameters towards 

the lower end of the chosen parameter range in concordance with values found for the 

wettest basin (Figure 10d).  Baseline runs for the driest basin presented optimum values 
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for parameter exp located in the middle of the feasible range (Figure 10f). The new model 

simulations show equally good performing parameters located at the lower end of the 

feasible range. 

 

The scatterplot between parameter thick2 and Absrbias does not indicate an improvement 

of the overall model performance when soil characteristics are transferred to the wettest 

basin. The main change in the shape of Figure 10h compared to Figure 10g is a flat 

horizontal upper limit located at high Absrbias values. This limit is the result of a 

decrease in plant water availability, which produces a decrease in evaporation rates. Since 

atmospheric forcings remain the same in Figure 10g and h, soil moisture that was not 

utilized by the vegetation contributes to excess baseflow. The combination of small 

values for parameter b and large values for parameter exp increases baseflow generation, 

resulting in an overprediction of baseflow runoff as explained in Section 4.2.2.  

 

6. Conclusions 

The results presented in this paper demonstrate that the identifiability of LSM parameters 

can be troublesome and that the sensitivity of model parameters is closely connected to 

the hydroclimatic characteristics of the basin. Four climatic regions, ranging from driest 

to wettest, were selected to assess the impact of hydroclimatic conditions on parameter 

sensitivity. Ten VIC parameters involved in direct and baseflow generation were targeted 
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for the study. The sensitivity of these parameters was studied in a Monte Carlo 

framework. 

 

Results indicated that three of the parameters evaluated in this study dominated the VIC 

model streamflow simulations. The infiltration shape parameter, parameter b, was found 

to be crucial for the correct representation of the system in a dry environment, whereas its 

impact on model performance was not significant in wet sites. This behavior emphasized 

the key role that parameter b plays in partitioning rainfall into soil moisture and surface 

runoff in dry environments. A similar climate driven pattern was found for parameter exp 

which presented an optimum centered in the middle of the feasible range for a dry 

environment. This optimum moved towards smaller values for wetter climates. This 

displacement in the parameter optimum allowed the model to adjust the amount of soil 

moisture allocated to satisfy evapotranspiration demands. Greater sensitivity to soil 

model parameters in dry sites compared to wet environments was also found by Liang 

and Guo [2003] and Atkinson et al., [2002].  

 

In VIC, baseflow generation is represented by a combination of a linear and a non-linear 

formulation. The latter accounts for rapid baseflow generation during extremely wet 

conditions when the amount of moisture in the lowermost model layer is large. 

Parameters of the baseflow formulation are purely empirical and are obtained through 

calibration. RSA revealed that this baseflow formulation is overparameterized for water 
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balance simulation at a daily time step. Analysis of model simulations with and without 

the non-linear component indicated that the non-linear component of the baseflow 

equation was unnecessary for the correct representation of the system. A simple linear 

reservoir could efficiently represent the baseflow generation in the model reducing the 

number of baseflow parameters that required calibration from four to one. These results 

are strictly valid only for VIC model simulations using water balance mode at a daily 

timestep. The non-linear baseflow formulation may prove important at shorter timesteps.  

 

Results revealed that the distribution of vegetation roots had a large impact on the 

sensitivity of the model simulations to changes in the thickness of the second soil layer 

(thick2). Experiments restricting roots to the top layer of the model showed that the 

sensitivity of parameter thick2 was linked to the percentage of roots allocated to that 

layer. Therefore, parameter thick2 cannot be determined independently of vegetation 

parameters. Sensitivity was larger in the driest site than in the wettest due to the root 

distribution in the baseline model formulation.  

 

A detailed analysis of the impact of changing soil properties at the wettest site showed no 

influence in the sensitivity of parameter b. Slight changes in the shape of scatterplots 

between parameter exp and RMSEbox-cox, and parameter thick2 and Absrbias were related 

to changes in plant water availability. However, no improvements in model performance 
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were evident for both parameters indicating the soil properties were not playing a crucial 

role in their sensitivity.  

 

This study demonstrated that care has to be taken when formulating the sensitivity 

analysis to ensure that the impact of parameters is appropriately captured. Equally 

accurate, but more identifiable models can be obtained using this approach, eventually 

leading to a more parsimonious model with a higher chance of successful regionalization 

to ungauged locations. 
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Abstract 

 
Satellite precipitation estimates are becoming increasingly available at temporal and 

spatial scales of interest for hydrological uses. Unfortunately precipitation estimated from 

global satellites is prone to errors hailing from different sources. The impact of 

precipitation sampling errors on the hydrological cycle was assessed with a macroscale 

hydrological model. Synthetic precipitation fields were generated in a Monte Carlo 

fashion by perturbing observed precipitation fields with sampling errors at one, three and 

six-hours frequency intervals. The Variable Infiltration Capacity (VIC) model was used 

to assess the impact of sampling errors on high flow events in the Iguazu basin, located in 

southeastern South America, for the period 1982-2005.  

 

Results showed that errors in daily error-corrupted precipitation fields introduced positive 

and negative biases in the different hydrologic fluxes and states. The overall bias for 

error-corrupted daily streamflows was positive and its magnitude increased with larger 

sampling intervals. Conversely, for high flow events, the sign of the bias was negative as 

a result of low antecedent soil moisture conditions and small precipitation amounts, 

resulting from small sampling errors, combined. Errors in precipitation also affected the 

volume of the peak events but did not change the peak time and the probability 

distribution function of the peaks indicating that non-linearities in the hydrological 

system preserve the statistical properties of high flows in the basin.  
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The canonical GPM three-hours sampling might be sufficient for most hydrological 

applications in a medium to large-size basin (O~104 km2) and in a rain-dominated 

subtropical basin. Although the results are valid for a basin located in a subtropical 

climate, the Iguazu basin is representative of numerous under-instrumented basins 

located in similar hydroclimatic environments around the world, greatly increasing its 

applicability in other regions.  
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1. Introduction 

A comprehensive understanding of land surface hydrological processes in a basin is 

closely tied to the quality and quantity of available precipitation data in the region. 

Precipitation has particular interest for hydrologists since it constitutes the primary driver 

for the land surface hydrological cycle. Consequently, it is the main input to hydrologic 

models, which constitute invaluable tools to represent hydrological processes at different 

spatial-temporal scales. In data-poor regions, as is the case in much of South America, 

the quality of hydrologic predictions is severely constrained by the lack of high quality 

hydrological data. Limited, and in some cases nonexistent, rainfall records often make it 

impossible to reproduce the dominant hydrological processes in a basin that lead to an 

accurate flood forecast. In this context, satellite estimated precipitation is of greatest 

interest in those areas where observation networks are sparse. 

 

In the last decades, remote sensed information has become increasingly available at 

spatial and temporal scales suitable for hydrologic applications [Hsu et al., 1997; 

Sorooshian, et al., 2000; Bellerby et al., 2000; Joyce et al., 2004; Huffman et al., 2007, 

2001]. The Global Precipitation Measurement mission (GPM), which is the successor of 

the Tropical Rainfall Measurement Mission (TRMM), promises to provide physically 

based estimates on a global basis with an approximately 3-hour sampling interval and a 

spatial resolution of approximately 10 km [Smith et al., 2007; Hossain and Lettenmaier, 

2006]. The GPM conceptual design consists of a primary spacecraft equipped with a 
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dual-frequency precipitation radar and a constellation of secondary satellites carrying 

passive microwave imagers. Through the use of more frequent passive microwave 

overpasses and the roughly daily radar snapshots the error in daily aggregations is 

expected to be greatly reduced, which will be beneficial for numerous hydrological 

applications.  

 

Satellite estimates of precipitation are prone to several sources of uncertainty that can 

significantly contribute to errors in flood predictions [Yilmaz et al., 2005; Hossain and 

Anagnostou, 2006; 2004; Hong et al., 2006; Anagnostou, 2007]. There are two main 

sources of error in satellite precipitation estimates: sampling and retrieval errors. 

Sampling errors result from the spatial and temporal discontinuity in the measurements 

since the sensor in the satellite takes instantaneous snapshots of cloud fields at specified 

times throughout the day. Daily totals are later estimated by extrapolation using 

numerical algorithms. The retrieval error on the other hand, comes from several sources 

such as noises in the instrument measurements, improper calibration of the sensor, 

insensitivity of the sensor to delineate rainy and non-rainy areas, errors in the transfer of 

information between the satellite and the ground, and errors in the algorithms used to 

convert brightness temperatures into precipitation amounts [Wilheit T., 1988; Bell and 

Kundu, 2000]. Under many circumstances the sampling error is the largest single 

component of the error budget [Nijssen and Lettenmaier, 2004], although the magnitude 
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of the retrieval error can dominate for instantaneous precipitation estimates and short-

duration accumulations [Chang and Chiu, 1999]. 

 

Despite improvement in the spatio-temporal resolution of available remote sensing 

products, the impact of satellite errors in rain estimates on the simulation of hydrological 

variables, or error propagation, has not been well investigated. Hossain and Anagnostou 

[2004] examined the passive-microwave and infrared retrieval error for flood prediction 

using a stochastic model. The study revealed that current passive microwave sampling 

intervals can be up to 100% more uncertain that the canonical GPM 3-hr interval in terms 

of flood uncertainty in a medium-size basin. Guetter and Georgakakos [1996] showed 

that the size of the catchment played an important role on the magnitude of the agreement 

between observed and predicted streamflows if the Upper Des Moines River in the 

United States, with a decrease in agreement with a decrease of the basin area. Nijssen and 

Lettenmaier [2004] used a Monte Carlo approach to assess the effect of sampling error on 

flood predictions in the Ohio basin. They reported a strong sensitivity of the magnitude of 

streamflow errors to the drainage area with errors in simulated fluxes and states declining 

with the averaging area and averaging period and that errors manifested strongly in the 

fast near-surface runoff. They also concluded that most of satellite uncertainty manifests 

as errors in those fluxes and states limited only by the amount of precipitation such as fast 

response and total streamflows. 
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The objective of this study is to quantify how the uncertainty in satellite precipitation, 

due to infrequent sampling, affects the characteristics of simulated large flood events in 

the basin. For our purposes a large flood event is one that has a two percent probability of 

being exceeded in any given year. We will focus on a large-scale basin in South America 

where the usefulness of satellite-obtained precipitation data is the greatest. We also seek 

to understand how errors in precipitation propagate through the hydrological cycle and 

how the properties of the flood: volume, magnitude, timing, probability distribution are 

affected by these errors. 

 

The paper is organized as follows: Section 2 describes the study area. In Section 3 we 

describe the data, the hydrological model implemented and the methodological approach 

used. Results of the model simulations and experiments are presented in Sections 4 and 5, 

respectively. Finally, main conclusions of the study are presented in Section 6. 

 

2. The geographic and hydrologic settings 

The Iguazu Basin is a transboundary watershed located in southeastern South America 

(Figure 1). It is part of the second largest river system in South America, the La Plata 

River Basin [Garcia and Vargas, 1996]. The basin has an area of approximately 70,000 

km2 and is located between 25° and 27° S and 49° and 55° W. Its headwaters are found in 

Brazil at 1,400 meters of altitude in the Serra do Mar mountains in the vicinity of the 
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Atlantic Ocean. The river flows east to west for 1,300 km until its confluence with the 

Paraná river in Argentina.  

 

 

Figure 1. Geographic location of the Iguazu River basin. The annual cycle of 
streamflows and precipitation are shown in the subplot located in the upper right corner. 
Total monthly precipitation (mm) and mean monthly streamflows (m3/s) are shown in the 
subplot located in the upper right corner for the period 1979-2005.   
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The total annual precipitation in the basin is 1,800 mm with higher values in the river 

headwaters and a slight east-west decreasing gradient. The annual cycle of precipitation 

presents two maxima as a result of frontal systems and convective activity, one maximum 

occurs between March and May and a second precipitation maximum occurs between 

September and November [Rodriguez and Cavalcanti, 2006; Berbery and Barros, 2002]. 

 

The atmospheric water cycle of the basin is significantly influenced by mesoscale 

variability associated with the existence of a Low Level Jet (LLJ).  This Jet is a low-level 

circulation located east of the Andes, which is associated with the deflection of the trade 

winds by this north-south oriented mountain range. The LLJ is responsible for 

transporting humidity from the Atlantic Ocean and the Amazon forest into higher 

latitudes contributing to the precipitation in the La Plata river basin [Nogues-Paegle et 

al., 2002]. The exit region of the LLJ is an area of strong convective activity and 

contributes to a large amount of the total precipitation in southeastern South America. 

Mesoscale Convective Systems (MCSs) are more frequent in the summer and they 

develop with greater frequency during strong LLJ events [Salio et al., 2007]. During the 

spring, precipitation events are positively influenced by El Niño event with a pronounced 

peak in October-November. Wet anomalies during the spring are due to the 

intensification of Mesoscale Convective Systems in the region and to a stronger than 

normal flux of moisture brought by the LLJ [Grimm et al., 1997]. Winter precipitation 



 
 

 
 
 
  

97 

over the basin is dominated by the passage of baroclinic systems that originate in the 

Pacific Ocean in the southern tip of South America [Garreaud, 1999]. 

 

The streamflows in the basin present a bimodal behavior: the river peaks in austral mid-

winter (May through July) and mid-spring (September through November) and has a 

sharply defined period of low waters between December and April (Figure 1). The mid-

winter streamflow peak is associated with frontal activity and the mid-spring peak with 

convective activity over the basin. The rapid response of the basin to precipitation events 

is evident by a Runoff Efficiency Coefficient of 0.47 and a lag time between mean areal 

precipitation and streamflows at the outlet of approximately two and a half days. 

 

3. Methodology 

3.1 Data 

Most basins in South America are not covered by a dense array of rain- gauge stations 

and radars are restricted to large urban areas. Liebmann and Allured [2005] were able to 

gather rain gauge measurement from 7999 stations, however not all of them had a 

continuous record of 65 years or more. If the total area of the continent is taken into 

consideration each rain gauge covers approximately 2,258 km2. However, most of the 

stations are located east of the Andes and along the coastal areas; additionally in rivers 

where hydroelectric dams have been built most hydrometeorological variables are 

routinely measured and archived. The Iguazu basin is located in a relatively data-rich area 
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and daily total precipitation was available from January 1st 1979 to December 31st 2005 at 

a 0.25 degree resolution. Gridded precipitation fields were constructed by averaging all 

available rain gauges within a radius equal to 0.75 times the grid spacing [Liebmann and 

Allured, 2005]. Maximum and minimum daily temperatures and wind fields were 

obtained from the National Center for Environmental Prediction (NCEP) Reanalysis 2 

available at 2.5 degree resolution [Kanamitsu, et al., 2002]. Meteorological forcings were 

interpolated to a 1/8 degree resolution using a linear scheme. Daily streamflows at 

Estreito Station (-25,55º S, -53.80ºW) were obtained from the Brazilian National Water 

Agency (ANA) (http://www.ana.gov.br/).  

 

3.2 Variable Infiltration Capacity (VIC) model  

The VIC model is a macroscale hydrological model that represents surface and 

subsurface hydrologic processes on spatially distributed cells. The model has been widely 

implemented for basins of different sizes and in different climatic environments [for 

example, Maoyi and Liang, 2006; Maurer et al., 2002; Nijssen et al., 2001; Liang et al., 

1994, 1996; Wood et al., 1992]. A distinctive characteristic of the model is the 

representation of sub-grid scale variability of vegetation coverage, topography, 

precipitation and soil moisture storage capacity. For details of VIC mathematical 

formulations the reader is referred to Liang et al. [1994,1996]. The VIC model can 

operate in energy and water balance mode. In the former, all energy fluxes are computed 

and the model can be coupled with a General Circulation Model. Because our interest 



 
 

 
 
 
  

99 

focused on surface and subsurface streamflow generation mechanisms, and to allow 

multiple model simulations, the model was run daily at a spatial resolution of 1/8 degree 

which is the spatial resolution expected GPM to deliver rainfall estimates. A fine 

resolution allows one to include very large errors, which are to be generated by the error 

model as a result of its inverse relation with spatial resolution. One hundred model 

simulations were executed based on the trade off between speed and storage availability. 

To speed up model execution VIC was run in water balance, i.e., only land fluxes and 

states are computed (VIC Version 4.0.6). 

 

The VIC formulation for the Iguazu basin uses three soil layers of 0.1, 1.5 and 1.0 meter 

thickness from top to bottom, and 9 vegetation types including: Evergreen Needleleaf and 

Broadleaf Forest, Deciduous Broadleaf Forest, open and close Shrublands, Woody 

Savannah and croplands. The water balance is computed at each cell and surface and 

baseflow runoff is convoluted with a unit hydrograph that simulates routing within the 

grid cell. The hydrograph generated in each grid cell is then routed in the channel to the 

basin’s outlet using a routing scheme.   

 

3.3 Error model and experiments 

Errors in satellite-estimated precipitation can result from any number of reasons. In 

general, the two dominant sources of uncertainty are the sampling and the retrieval error. 

For long-duration accumulations the sampling error can constitute the largest component 
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of the total error [Nijssen and Lettenmaier, 2004], hereafter NL2004. For this study, we 

used a similar approach to the one implemented for the Ohio basin in the United States in 

NL2004. The procedure utilizes a numerical model developed by Steiner et al. [2003 to 

represent the sampling-related uncertainty of precipitation estimates obtained from 

satellite measurements. For the development of the sampling error models, a temporally 

and spatially dense database of radar estimates covering a large portion of the United 

States were used. The estimate of the uncertainty in rainfall estimates (E) resulting from 

sampling frequency is a function of space, rainfall accumulation, length of the scale 

domain, accumulation period and sampling interval. The mathematical formulation is 

given by: 
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where E is the relative error, R is the rainfall intensity in mm/h, L is the length scale of 

the domain in kilometers, T is the accumulation period in days, and Δt is the sampling 

interval in hours. The constants have values Ro=1mm/h, Lo= 500 km, To=30 days and 

Δto=1 h. The formulation assumes no retrieval error and complete areal coverage for each 

satellite overpass. Our approach implicitly assumes that precipitation errors are the sole 

source of uncertainly within all the model forcing, therefore errors in wind and 
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temperature are assumed not significant for hydrological simulations. It also assumes the 

non-existence of errors in model structure and in output variables.  

 

Following NL2004, errors were sampled from a log-normal distribution which guarantees 

that a negative perturbed-precipitation value cannot result from the model. Perturbed 

precipitation fields were obtained with the following expression: 

! 

Pc =
1+ "

E
2 +1

exp ln E 2 +1[ ]# 0,1( )( )P               (2) 

where Pc is the error-perturbed precipitation field, β is the relative bias, E is the relative 

error obtained with Equation 1, P is observed precipitation, and  ε(0,1) is a normally 

distributed random noise.  

 

For our experiments, the bias was set to zero and precipitation fields were only perturbed 

on days when rainfall was larger than zero. Consequently, the sequence of dry and wet 

days remained the same. The model does not have an upper limit hence some very large 

precipitation amounts might be produced. To account for the uncertainty in the 

distribution of the sampling error, one hundred normally distributed random time series 

were created in a Monte Carlo fashion. These random values were aimed to be spatially 

uncorrelated therefore error perturbation was performed for each day and for each model 
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cell. Sampling errors were computed for sampling frequencies of one, three and six 

hours.  

 

3.4 Analysis 

The VIC model was driven with daily observed precipitation, wind and temperature 

reanalysis data for the January 1979 – December 2005 time frame. To minimize the 

influence of model initial condition in the simulations, the years 1979 through 1981 were 

used for model spin-up and excluded from the analysis. Details of the model 

implementation and calibration are described in Su et al., [2008]. Model simulated fluxes 

such as streamflow and evapotranspiration, and states, such as soil moisture in the three 

layers of the model, were taken as “truth”. Hereafter the terms baseline simulations and 

error-free simulations are used interchangeably. 

 

Siddall [1983] suggested that at least 5000 to 20,000 repetitive model runs were required 

for Monte Carlo studies. For this study, the use a distributed model and the need for 

analyzing a long record of streamflows made computationally prohibitive to generate an 

ensemble with of such dimensions. An ensemble of one-hundred synthetic precipitation 

series representing satellite-obtained fields were created by perturbing observed 

precipitation values with errors obtained from the error model. Those synthetic fields 

were used as forcing files for VIC and error-corrupted model simulations were generated; 
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these simulations were later compared with the true fluxes and states and the error 

between them was quantified with two different objective functions.  

 

Before VIC was driven with error-corrupted precipitation fields, we evaluated its 

performance using a set of streamflow observations measured at the basin’s outlet. The 

model’s skill representing high and low flows in the system was measured with the Nash-

Sutcliffe Efficiency coefficient [Nash and Sutcliffe, 1970]. The Efficiency of the model 

was computed for daily streamflows and for the logarithm of the flows to give more 

weight to low streamflows and be able to evaluate the model skill in representing the 

recession part of the hydrograph. 
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where Simi denotes the streamflows simulated with observed precipitation, Obsi denotes 

observed streamflows and, µo is the mean of the observations.  

 

Because the main goal of the study was to investigate how the frequency of satellite 

sampling affects high peaks in the basin, we selected two different objective functions to 

measure the agreement between error-corrupted streamflow and error-free, i.e., baseline, 

simulations. We chose the Normalized Root Mean Squared Error (RMSE), which 

evaluates the model ability to simulate high flows since it is largely influenced by peak 
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errors due to the square of the residuals; and the percent bias (bias), which is a global 

measure of the conservation of total flood volume. The mathematical expressions for the 

objective functions are:  
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where Simi denotes the streamflows simulated with VIC using error-corrupted 

precipitation, Obsi denotes streamflows simulated using error-free and, n is the number of 

values in the precipitation record.  

 

4. Results  

4.1 Model performance 

Figure 2 shows monthly streamflows for the test period, January 1982 to December 2005, 

at Estreito Station. The VIC model was driven with observed precipitation and simulated 

fluxes and states were taken as the “truth”. The plot puts in evidence the presence of a 

period of anomalously low flows from 1985-1989. To identify the possible causes of this 

anomaly, model simulations were compared with a second streamflow data set obtained 
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from a stream gauge located slightly west of Estreito station for which streamflow data 

were available at monthly time step for the period 1982-1992. No differences between 

both observed data sets were found (not shown), indicating that precipitation might be the 

cause of the discrepancies. Considering that our study focuses on high flows the 

occurrence of these low discharges should not affect the overall results; however to avoid 

the influence of these abnormal period in the simulations the simulations from January 

1st, 1985 through July 31st, 1989 were excluded from all the analyses. 

 

 

Figure 2. Monthly streamflows at Estreito Station. The solid black line represents 
observed streamflows and the grey shaded area represents VIC simulated flows. Period 
1982-2005. 
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Visual inspection of model simulations shows a good agreement between observations 

and simulations for most flooding events. The overall model efficiency was found to be 

high as indicated by a NSE = 0.81. The bias between observations and simulations was 

negative (-18%) indicating the tendency of the model to underestimate flows mainly in 

the recession part of the hydrograph, however the efficiency for low flows was found to 

be considerable high (NSElog = 0.66). The VIC model accurately represented the timing 

and magnitude of the highest peaks, which is of particular interest for the purpose of this 

study, which focuses on high flows.  

 
 

4.2. Error analysis of daily river streamflows 

The Flow Duration Curve (FDC), also referred as the flow exceedance probability curve, 

is one of the simplest tools used in hydrology to summarize the basin’s ability to produce 

flow values of different magnitudes. The FDC is a cumulative frequency curve showing 

the percent of time that a specified discharge was equaled or exceeded during a giving 

time period [Searcy, 1963; Vogel and Fennessey, 1994, 1995; Yilmaz et al., 2008]. A 

FDC provides a comprehensive graphical representation of the historical variability of 

streamflows in a basin. However its main drawback is that the autocorrelation structure of 

the values is removed from the plot; hence high/low flows from different times can be 

compared to create the curve and the chronological distribution of extreme events is lost. 

The daily empirical FDC for the baseline flows, i.e., model simulations based on 
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uncorrupted precipitation, are compared with the FDC for the error-corrupted streamflow 

simulations in Figure 3 for the three sampling scenarios.  

 

 

Figure 3. Flow duration curves for baseline and error-corrupted daily streamflows. 
Period 1982-2005. Flows are presented using a log scale. 
 

All the curves show a steep slope throughout indicating the presence of large variability 

in the flows and that surface runoff contribution dominates this variability. No significant 

differences between error-corrupted and baseline simulations are found for high and low 

flows. The mid-segment of the curve (i.e., 20%-70% flow exceedance probabilities) 

shows the largest differences between baseline and satellite driven model simulations, 
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where an increase of the magnitude of simulated flows with larger sampling intervals is 

evident. This indicates that intermediate-term primary, i.e., the watershed response after 

the rainfall event and secondary baseflow relaxation response are affected by sampling 

errors in satellite estimates. 

 

The impact of sampling errors on simulated streamflows is shown in Figure 4 for the 

three different sampling intervals. Increases in the magnitude of RMSE are directly 

related to increases in the time between consecutive satellite passages, the larger the 

elapsed time between two consecutive passages the larger the magnitude of the error. The 

median of the error increases an order of magnitude from 3.5% to 32.5% between the 

one-hour and the six-hours sampling. A noticeable positive bias appears in simulated 

streamflows for the three sampling intervals. Error-corrupted flows overestimates 

observations by approximately 1%, 5% and 8% for the one, three and six-hours sampling, 

respectively.  

 

Streamflow is generated in the VIC model as the sum of slow response, or baseflow, and 

fast response, or direct runoff. When a portion or the whole grid is saturated, and 

infiltration has stopped, fast response is generated in VIC due to the model’s ability to 

represent processes in sub-grid scales. When the topsoil layer saturates all the 

precipitation becomes direct runoff and leaves the grid cell. Most of the uncertainty in 
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precipitation inputs is transferred to fast response processes in the basin as a reponse to 

increase precipitation amounts with increasingly larger sampling intervals.  

 

 

 

Figure 4. Boxplots of RMSE and bias in daily simulated streamflows as a percentage of 
observed streamflows. The upper and lower lines in each box represent the 25 and 75% 
percentiles, respectively. The middle line represents the median of the sample. The 
whiskers represent 1.5 times the interquartile range. 
 

The positive bias, and its increase with the larger sampling intervals, results from the 

combination of the overstimation of fast response runoff and the underestimation of slow 
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response runoff in the model since fast response does not have a physical upper bound as 

it is the case for evapotranspiration and slow response which are limited by atmospheric 

deficits and the maximum soil moisture content in the model layers, respectively. These 

results agree with NL2004 findings for the Ohio basin that reported large errors in the 

fast response of the model. However for the Iguazu basin slow response is negatively 

biased indicating that the grid size an/or differences in precipitation dynamics, snow 

dominated vs. convective dominated, might be affecting the systems response differently. 

 

5. Impact of Sampling Errors on Large Flow Events 

5.1 Selection of the events 

There are important implications for using satellite rainfall as a model forcing for flow 

simulations in large basins since streamflows are particularly sensitive to accurate 

measurements of large precipitation events. To evaluate the impact of sampling errors on 

simulated high peaks a Partial Duration (PD) series of streamflows was generated by 

focusing on a subset of high flow events. A PD series is a model widely used in 

hydrological applications to analyze extreme events [Begueria S., 2004; Ashkar and 

Rousselle, 1987, 1983; Hirschboeck K., 1987; Cunnane C., 1973]. In a PD series the 

samples are not collected at a fixed time interval, as in the case of an annual maximum 

series, but it includes all the values of the variable that exceed an a priori specified 

threshold. 
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Prior to selecting the threshold value used to choose those high flow events included in 

the PD, an analysis of high outliers was performed to its evaluate the inclusion, or not, in 

the analysis of the 1982-83 el Niño event that caused the most severe flooding of the 

twentieth century in southeastern South America [Camilloni and Barros, 2000]. High 

outliers are values that depart significantly from the trend of the remaining data and could 

affect the statistical parameters computed from them especially when the sample is small. 

We followed the procedure outlined in the Water Resources Council Bulletin #17B 

[USGS, 1982] to evaluate the existence of high outliers in the date. The method computes 

a high outlier threshold (Qh) as: 

! 

Qh =10
X +KnS( )              (6) 

 

where 

! 

X  is the mean of the logarithm of the values, Kn is a coefficient function of the 

sample size and, S is the standard deviation of the logarithm of the values. 

 

The high outlier threshold (Qh) was found to be 40,164 m3/s, which amply exceeded the 

1982-83 flow of 32,300 m3/s registered in the basin. Therefore this event cannot be 

treated as an outlier and it was included in the analysis.  

 

We selected the threshold value (q0) used to partition the high-flow segment of the daily 

FDC to be the 2% chance of being exceeded in any given time following 

recommendations from Yilmaz et al. [2008]. The value of q0 was found to be 6,879 m3/s 
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for the Iguazu basin. In a simple sensitivity analysis included the 5% exceedance 

probability but the difference in the number of peaks above the threshold was almost 

negligible (not shown). 

 

Figure 5 shows the daily flows above the threshold for the study period. Even though one 

hundred seventy-six flow events were found above the threshold in the twenty-four year 

period, the number of large events contributing to the analysis varied from year to year 

largely due to the presence of periods of exceptionally low flows, such as during the La 

Niña years of 1984, 1988, 1999 and 2000 (http://www.cpc.ncep.noaa.gov). 

 

The magnitude of the errors between daily streamflow simulations based on corrupted 

and uncorrupted precipitation over the threshold is presented in Table 1. The average 

RMSE was found to be 0.33 to 2.14% larger than observations for decreasing sampling 

frequencies. The dispersion in the error also showed an increase with sampling intervals. 

Conversely simulated streamflows showed a negative bias for all three sampling intervals 

with magnitudes ranging from -0.6 to -8.44% of the observed values and a larger 

variability than the one observed for the RMSE. 
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Figure 5. Daily streamflows for the period 1982-2005. The horizontal line represents the 
two percent exceedance probability threshold. 
 

Table 1. Mean and Standard Deviation of RMSE and bias of daily streamflows exceeded 
two percent of the time.  
Sampling Interval RMSE [%] bias [%] 

 Mean Standard Dev. Mean Standard Dev. 
1-hour 0.33 0.02 -0.60 0.21 
3-hours 1.08 0.09 -3.99 0.69 
6-hours 2.14 0.17 -8.44 1.47 
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5.2 Why is the bias Negative for Peaks Above the 2% Exceedance Threshold? 

From the pool of daily flows above the two percent exceedance probability value forty-

one individual events were identified. The number of days in the events ranges from one 

to thirteen with an average length of four days. Figure 6 shows three selected events 

above the threshold. For the one-hour sampling interval error-corrupted model 

simulations are almost evenly distributed around the baseline simulations whereas for 

larger sampling intervals error-corrupted model simulations become smaller than 

observations.  

 

While the overall bias in daily streamflows was found to be positive, when we calculated 

the dispersion for very large streamflows the sign of the bias switched to negative. This 

change in the sign of the dispersion was not intuitive and motivated a closer examination 

of the possible causes and mechanisms triggered in the basin as a result of an increase in 

model input uncertainty. Nevertheless not all the events were biased downward, in five 

cases observed flows were systematically overestimated by simulations. To explain what 

was generating such differences, we plotted the average antecedent soil moisture for the 

five days before the rise of the hydrograph as a function of the cumulative precipitation 

for the same time period. A lead time of five days was selected based on the response 

time of the basin. Soil moisture contents were obtained for each model grid cell and for 

the one hundred realizations of the 6-hours sampling scenario (Figure 6).  
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Figure 6. Selected events showing daily streamflows over the two percent exceedance 
probability threshold for the three sampling intervals. The dark black line represents 
observations and the gray lines represent model simulations with error-corrupted 
precipitation fields.  

 

For layers two and three the degree of saturation increased in both cases however for the 

event positively biased the soil moisture content in layer three was significantly larger 

than in the negatively biased case reaching the saturation level for almost all the model 

realizations. Because layer three is almost saturated, the baseflow generation algorithm 

produces more slow response flow since the linear and non-linear components of the 

model are likely to be activated. For the negative bias event, baseflow contribution to 

total flow was small. Slow response flow represents a significantly small part of the total 
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flow for the basin, whereas fast response represents the bulk of the total runoff. Fast 

response flow is directly related to the wetness of the basin, which conditions how much 

water infiltrates and how much runs off, and to the precipitation amount. 

 

Figure 7 shows the soil moisture versus cumulative precipitation for a peak with a 

negative BIAS on the left panel and a positive bias on the right panel, respectively. The 

soil moisture content in the first model layer was quite similar for both cases with values 

ranging from 30 to 46 mm. This behavior was also consistent with the distribution found 

in the observations. Note that the range of the error-corrupted precipitations is quite 

larger than the observations with numerous realizations having smaller that observed 

amounts and a considerable number of realizations with very large amounts.  

 

Figure 8 shows the histogram of observed and error-corrupted cumulative precipitation 

for both peak events. The top and bottom left panels show the histograms for the event 

with a Negative Bias and the ones on the right panel for the event positively biased. For 

both cases the error-corrupted precipitation is skewed towards smaller values compared 

to the observations but the number of realizations with smaller than observed 

precipitation is sensibly larger for the event with a negative BIAS. The skewness results 

from the log-normal shape of the sampling error model. Therefore smaller precipitation 

amounts and a drier than observed basin combined to produce the negative BIAS in most 
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of the peaks. For low flow periods, the generation of small amounts of precipitation does 

not seem to have a great impact on the overall rainfall-runoff process since the observed 

precipitation is naturally small (not shown). 

 

Figure 7. Average soil moisture content in model layers for the five days previous to the 
start of the rising limb in the hydrograph. The left panel for a peak with a negative bias 
occurred on October 5th 1993 and the right panel for a case with a positive bias occurred 
on September 22nd 1983. The gray dots represent error-corrupted fluxes and states and the 
black dots represent the baseline fields. 
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Figure 8. Histogram of cumulative observed and error-corrupted precipitation for the five 
days previous to the rise of the hydrograph. The left panels depict a peak event with a 
negative BIAS and the right panels an event with a positive bias. 
 

5.3 Volume and Timing of Peaks  

Not only the magnitude of the peak is important for a hydrologist, for example the 

volume of a high flow event is essential for reservoir operation or the exact time of 

arrival of the peak is important for flood warning purposes. Figure 9 shows the BIAS in 

the volume of the event as a function of the observed volume for those events above the 

threshold.  



 
 

 
 
 
  

119 

 

Figure 9. Bias of daily streamflows for events exceeded two percent of the time as a 
function of the event volume.  
 

The range in error is small for the shorter sampling interval with values close to zero for 

most of the events analyzed, irrespective of the event’s volume. For longer sampling 

intervals, the range in bias increases particularly for the six-hours sampling interval and 

small event volumes. Note that small event volumes are mostly related to shorter 

durations. The dispersion between error-corrupted and baseline volumes becomes reaches 

a maximum for volumes of the order of 2010 m3, for larger events volumes the bias 

decreased and becomes within the measurement error. The underestimation of baseline 
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volumes found for the three and six-hours intervals is consistent with the findings for 

only the peaks. 

 

To better understand how sampling errors affect the temporal characteristics of the 

hydrograph, the correlation coefficient (CC) between observed and error-perturbed model 

simulations for those streamflows above the selected threshold is computed. The CC 

gives insight of the dynamics of two hydrographs and allows one to assess if the timing 

between observed and simulated peaks is well captured by the hydrological model 

[Fenicia et al., 2008]. Large and small precipitation events resulting from sampling errors 

lead to an overall increase in fast response runoff in the model but a decrease to total flow 

during peak events result of several factors as previously explained in Section 5.2. 

However, it is not clear how these errors impact the timing of the peaks when they 

propagate through the hydrological cycle. Figure 10 shows the CC as a function of the lag 

time for the three sampling scenarios. A zero lag indicates the correlation coefficients 

have been computed between observed and simulated flows for the same day; conversely 

positive/negative lag values indicate that a temporal displacement between observed and 

simulated flows was used. CCs were computed forward and backward in time for up to 

four days when the strength of the relationship reduces to 0.4 and it is considered not 

significant.  
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Figure 10. Correlation coefficient between observed and error-corrupted simulated 
streamflows for events exceeded two percent of the time. The x-axis shows the time lag 
in days. A zero lag indicates correlation coefficients between the fields computed for the 
same day; positive/negative lags indicate a temporal displacement between error-free 
flows and error-corrupted simulated flows. 
 
 

The relationship between error-free and error-corrupted simulations maximizes at lag 

zero, i.e., same day occurrence of baseline and error-free streamflows; for longer lag 

times the distribution of CCs is almost symmetrical respect to the maximum and it 

decreases with increasingly longer lag times. For sampling intervals longer than one hour 

the dispersion of CCs increases and the maximum becomes smaller than one. The CC 
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only measures the linear relationship between two objects, therefore when the basin is 

saturated, following a large precipitation event, the system’s response would become 

more linear and the strength of the relationship will augment. The VIC model represents 

the generation of fast response runoff with an infiltration model that uses the distribution 

of areas with different levels of saturation, hence we argue that the changes in the 

geometry of the storm, i.e., location of the center of the storm, spatial extension, can have 

a greater impact on the timing of the peak. These results indicate that the uncertainty 

existent in satellite-derived precipitation does not affect the timing of the hydrograph 

when it propagates through the hydrological cycle, hence increasing the utility of GPM-

like satellite products for the simulation of high flows in a large-scale basin and for a 

daily time step. 

 

 
5.4 Do sampling errors change the statistical properties of simulated high flows?  

To evaluate if sampling errors affect the statistical properties of simulated streamflows, 

changes in the sample mean and variance are evaluated with two nonparametric tests: the 

Kruskal-Wallis test on the mean ranks of the population and the Ansari-Bradley test on 

the equality of the variances [Sheskin D., 2007; Hochberg and Tamhane, 1987; Gilbert 

R., 1987; Ansari and Bradley, 1960]. Both tests are distribution-free hence they have the 

advantage of not needing the underlying distributions to be normally distributed. This is 

of particular importance in our study since the PD series of streamflows has an 

asymmetric distribution and the size of the samples is fairly small (n = 41). The set of one 
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hundred independent Monte Carlo realizations and the series of observations are tested 

under two null hypotheses: that the populations from which the samples were drawn have 

the same mean, and that the samples come from distributions that have the same scale 

factor, i.e., variance. The null hypotheses is judged statistically significant for a level α = 

0.05.  

The value of Kruskal-Wallis test statistics is computed as: 
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where m is the total number of data calculated as the sum of values in the observations 

and the Monte Carlo simulations and Rj is the sum of the rank for each data set. The rank 

is obtained by sorting the data from the lowest value (rank =1) to the highest value (rank 

= n). 

 

The value of Kw was 2.11, 11.47 and 33.62 for sampling errors at one, three and six-

hours, respectively. The χ2 distribution value for the significance level and 100 degrees 

of freedom was equal to 124.34. Since Kw < 124.34 for all three sampling scenarios it can 

be inferred that the flow samples were drawn from the same population. Figure 11 shows 

the mean rank and the uncertainty intervals for the observations and the one hundred 

error-corrupted model simulations. The confidence intervals are computed with the 

Tukey-Kramer test, which is a multiple comparison procedure used to identify which 
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means are statistically significant different from one another [Hochberg and Tamhane, 

1987]. The mean ranks of simulated streamflows and observations are significantly 

different with a 95% confidence if there is no overlapping between the uncertainty 

intervals. For simulated streamflows in the Iguazu basin the uncertainty intervals plotted 

around the sample mean ranks overlap for baseline and model simulations for the three 

sampling intervals indicating that the differences between sample means are not 

statistically different. 

 
Figure 11. Uncertainty intervals on streamflow mean ranks for the three sampling 
intervals. a) One hour sampling interval, b) three hours sampling interval and c) six hours 
sampling interval. The black line indicates baseline streamflows and the grey lines 
indicate error-corrupted model simulations.  
 

A more complete description of the characteristics of a population can be given by 

reporting, in addition to the central moment, some measure of the spread or variability of 
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the data around some central value such as the median or the mean. A typical measure of 

the spread is a scale parameter such as the standard deviation (or its square value, the 

variance), the coefficient of variation or the range. The Ansari-Bradley (AB) test is a 

distribution-free rank test for the hypotheses of equal scale when the two populations 

have the same median. This restriction is necessary to be able to compare the magnitude 

of the spread between paired observations and model simulations. The AB test first 

orders all N variable values from the least to the greatest and assigns a rank 1 to the 

smallest in all combined samples, assigns rank 2 to the second smallest and second 

largest, and continue in this manner. The test statistic W in sum of the ranks assigned to 

the variable values. For large samples, the statistic W* follows a N~(0,1) distribution 

[Ansari and Bradley, 1960]. Each pair of simulated and baseline streamflows was 

evaluated with the AB test. The null hypothesis of ratio of scale parameters equal to one 

is evaluated at the five % level of significance. Since the sample size is large (n=82), we 

use the large sample approximation that states the W* is normally distributed. The normal 

standard value at the 0.05 level of significance is ±1.96 for a two-sided test. For the one 

and three-hours sampling intervals the test statistic W* is found to be inside the 

confidence intervals therefore there is not sufficient evidence to indicate that the samples 

have different variances (not shown). For the six-hours sampling interval the data does 

not support the null hypothesis for 10% of the realizations where the value of W* was 

found outside the boundaries of the critical region hence we infer that the scale 

parameters are not the same for these cases. Figure 12 shows the values of the AB 
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statistic and the confidence intervals of a two-sided standardized normal distribution for 

the six-hours sampling scenario.  

 

Figure 12. Ansari-Bradley statistic values for error-corrupted simulations with a six-
hours sampling interval. The black line indicates the value of the confidence interval for 
the 0.05 confidence level. The x-axis shows the one hundred Monte Carlo realizations.   
 

Values of the test statistic exceeding the confidence intervals correspond to realizations 

that fail to accept the null hypothesis. The remaining 90% of the cases supported the null 

hypothesis at the 0.05 level of significance indicating that the shape of observed and 

simulated high flows is the same. The percentage of cases for which the AB test indicates 
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the existence of changes in the shape of the distribution function is considerably small 

and can be considered within the margin of error for the stage-discharge rating curve [Di 

Baldassarre and Montanari, 2009]. These results indicate that the uncertainty in rainfall 

estimates do not affect the occurrence of high flows in the basin since their probability 

distributions do not change. 

 

6. Conclusions 

In this study a macro-scale hydrological model was used to analyze the impact of 

satellite-estimated precipitation uncertainty in flood simulations, with emphasis in high 

flow events. A data set of synthetic precipitation was created by perturbing historical 

observed precipitation with errors generated with a model that represents sampling errors 

for one, three and six-hours sampling intervals. These error-corrupted precipitation fields 

were used as input to a macroscale hydrological model implemented in the Iguazu river 

basin in southeastern South America.  

 

Results indicated that errors existent in daily error-corrupted precipitation fields, which 

were unbiased by design, can introduce positive and negative biases in the different 

hydrologic fluxes and states. The overall bias for error-corrupted daily streamflows was 

positive and its magnitude increased with larger sampling intervals. Conversely, for high 

flow events, flows with a two percent exceedance probability, the sign of the bias was 

negative for the majority of the events. Low antecedent soil moisture conditions 
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combined with small precipitation amounts resulting from small sampling errors 

contributed to the underestimation of error-free peaks. The flow duration curve indicates 

that errors in precipitation largely affect the watershed response after the rainfall event 

and the baseflow response.  

 

The errors in precipitation also affect the volume of the events, i.e., consecutive flows 

over the two percent exceedance threshold. Error-corrupted flow volumes become 

smaller than baseline volumes with increasing sampling intervals. However, the 

magnitude of the dispersion is below 10% for the one and three-hours sampling interval, 

which is within the error margin of a rating curve. This indicates that a six-hours 

sampling interval might not be useful for some hydrological applications that require the 

estimation of volumes (e.g., reservoir operation). 

 

Uncertainty in satellite-estimated precipitation does not change the peak time of daily 

simulations. The strength of the correlation between the error-corrupted and error-free 

peaks decreases with increasing sampling intervals as a result of the underestimation of 

the magnitude of the peak. Changes in the geometry of the storm, location and spatial 

extension, are likely to alter the areas in the basin contributing to total flow and therefore 

have a larger impact of the timing. Consequently for a basin of the size of the Iguazu, and 

for a daily time step, errors in satellite-estimated precipitation due to infrequent sampling 

might not affect the time of the peak.  
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The probability distribution function of the peaks over the two percent threshold is not 

altered by sampling errors indicating that non-linearities in the hydrological system 

preserve the statistical properties of high flows in the basin.  

 

This study demonstrated that non-linearities in the hydrological processes in a basin 

introduce positive and negative dispersions to streamflows simulated with error-corrupted 

precipitation. For a hydrological point of view, the programmed three-hours GPM 

sampling frequency might be sufficient for most hydrological applications in a medium to 

large-size basin (O~104 km2) and in a rain-dominated subtropical environment where 

saturation-excess mechanisms are dominant. However the study does not include rainfall 

detention and false alarms errors. Follow up work will address the uncertainty related to 

retrieval errors in satellite precipitation and to storm geometry. The results are also 

limited to a subtropical climate, however the Iguazu basin is representative of numerous 

under-instrumented basins located in similar hydroclimatic environments around the 

world, therefore they will have applicability to other regions.  
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Abstract 

In data-poor areas around the world, increasingly available satellite-estimated 

precipitation can be crucial to understand the hydrological cycle of a basin and 

consequently be able to implement flood monitoring and forecasting systems. Despite 

their usefulness, satellite estimates are prone to errors and need to be verified using 

ground measurements. An object-oriented verification method was used to reveal the 

existence of systematic errors in three satellite precipitation products: TRMM, CMORPH 

and PERSIANN. Mesoscale Convective Systems (MCSs) for the austral summer 2002-03 

in the La Plata river basin, southeastern South America, were analyzed with the 

Contiguous Rain Area (CRA) method. Rainfall intensities larger than 30 mm/day were 

used to delineate the MCSs in the basin. Errors in Rainfall Rain Rate, Volume and 

Maximum Rainfall as well as displacements in the spatial location of satellite-estimated 

MCSs were evaluated. A macro-scale hydrological model was used to assess the impact 

of precipitation displacements on streamflows simulations. 

 

CMORPH underestimated the observed Average Rainfall Rate and Maximum Rainfall. 

PERSIANN on the other hand overestimated the Average Rainfall Rate and Rainfall 

Volume while the Maximum Rainfall was slightly underestimated. TRMM median 

Average Rain Rate and the Rainfall Volume correlated extremely well with ground 

observations whereas the Rainfall Maximum was systematically overestimated 
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suggesting that the bias correction performed the this satellite product does not always 

filter noisy measurements.  

 

The preferential direction displacement of satellite-estimated MCSs was in the east-west 

direction for CMORPH and TRMM resembling the trajectory of some systems in the 

region. Discrepancies in the fine structure of the storms dominated the error 

decomposition of all satellite products. Hydrological simulations of streamflows 

indicated that the location of the systems influenced the magnitude of the peak, hence its 

volume, when precipitation fields were shifted upstream and downstream the basin but 

did not have a significant impact on the timing of the peaks indicating that the system’s 

response to precipitation is mitigating the effect of the errors.  

Although results validity is restricted to a daily time step and to southeastern South 

America, they give an overview of the dominant sources of error in satellite-estimated 

MCSs and how they can have an impact on hydrological applications in data-poor 

regions. 
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1. Introduction 

Estimates of precipitation in fine spatial and temporal resolutions are required for many 

hydrological applications. Until recently satellite precipitation estimates were only 

available at coarse resolutions not suitable for the implementation of hydrological models 

at daily or sub-daily time scales and in large basins. In the last decade they have became 

increasingly available to a wider population outside the atmospheric community and 

some of them exist at temporal and spatial scales that are potentially useful for flood 

monitoring, flash flood, landslide forecasting, and for water resources management, to 

name a few. Not only do available satellite estimates of precipitation allow the accurate 

representation of the hydrological cycle in a basin, they constitute, in underdeveloped 

regions of the world, almost the only existing source of meteorological information. 

However, satellite estimates are prone to errors and need to be verified using ground 

measurements [Ebert et al., 2007; Xie and Arkin, 1995]. There exists a substantial body 

of literature assessing the agreement between satellite products and ground based 

measurements at different temporal and spatial scales in data-rich regions of the world 

[Bell and Kundu, 2000; Astin, 1997; Huffman, 1997; Salby and Callaghan, 1997 among 

others]. However in South America, few studies have assessed the validity of satellite 

products at scales of utility for hydrological applications. de Goncalves et al., [2006] 

assessed the reliability of model and satellite estimated 24-hour precipitation fields using 

rain gauge measurements. They found that satellite estimates of rainfall show difficulties 

representing the area with precipitation and the magnitude of the rainfall event. Su et al., 

[2008] took a step forward by using a hydrological model to assess the effectiveness of 
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multi-satellite precipitation products for hydrologic predictions. Their results showed a 

good agreement between satellite and rain gauge driven simulated flows indicating that 

multi-satellite products can efficiently reproduce the seasonal and interannual variability 

of flows. Recently, the land-surface community has started to combine remotely sensed 

information with rain gauge measurements to create high-resolution atmospheric datasets 

through assimilation techniques [Vila et al., 2009; de Goncalves et al., 2009] 

 

All previous studies in South America have measured the accuracy of a continuous 

variable (i.e., rain intensity or rain amount) using verification statistics such as bias, root 

mean square error (RMSE) and, correlation coefficient and/or categorical verification 

statistics which include contingency tables, bias score, probability of detention and false 

alarm ratios among others [Stanski et al., 1989]. Even though these types of statistics 

provide valuable insight on how closely two fields correspond in time, the hydrology 

community requires more specific information about expected errors on rain location, 

type, and mean and maximum intensities since the spatial and temporal distribution of 

rainfall highly impacts streamflow properties. Storm characteristics are one of the 

numerous factors affecting streamflow generation in a catchment; they include the 

amount, intensity and duration of the event, the velocity and direction of the storm, the 

genesis of the storm, i.e., convective versus stratiform.  Variations of these factors in 

space and/or time affect the peak flow and the time to peak [Nunes et al., 2006; Singh V. 

P, 1997, 2002a, 2002b].  
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An alternative approach to continuous and categorical verification techniques is the 

evaluation of rain entities using an object-based approach, which allows the verification 

of the bulk properties of the satellite estimated rain field against the bulk properties of the 

reference field or observations [Gilleland et al., 2009]. Ebert and McBride [2000] 

developed the Contiguous Rain Area (CRA) method in which the total mean squared 

error of a rainfall event is determined by matching the pattern of the estimated and 

observed fields in a cell-by-cell analysis. The location error is determined by horizontally 

shifting the precipitation estimates over the observations until the best fit is found 

minimizing or maximizing a user-defined objective function. 

 

The Southeast part of South America (SESA) is susceptible to some of the most intense 

storm events on earth whose heavy precipitation generates numerous cases of severe 

weather and flooding [Silva Dias, 1999; Zipser et al., 2006].  During the warm season the 

precipitation in SESA is modulated by the presence of mesoscale processes associated 

with the activity of Mesoscale Convective Systems (MCSs). Their typical organizational 

structure involves a deep convective part that can produce high rates of rainfall in a brief 

period of time, and a stratiform part with moderate precipitation but long durations 

[Doswell et al., 1996]. MCSs comprise mesoscale convective complexes, squall lines, 

and precipitation bands [Hirschboeck et al., 2000].  

During the austral summer 2002-03, approximately one hundred and forty MCSs were 

identified over SESA by Salio et al. [2007]. Studies indicate that in SESA precipitation 

from mesoscale convective complexes alone contribute with up to 60% of the total 
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rainfall [Durkee et al., 2009; Durkee and Mote, 2009]. Using TRMM satellite estimates 

Mota [2003] estimated that MCSs produce approximately 80% of the total precipitation 

in SESA. Due to their spatial extension and high intensities MCSs are also capable of 

generating flash flood events [Teixeira and Satyamurty, 2007]. However, despite 

substantial economic losses, large number of people being displaced, and flood-related 

death toll, there are no standardized procedures to document and mitigate the impacts of 

severe storms in the region [Nascimento and Doswell, 2006]. In addition to the lack of 

institutional efforts to anticipate the occurrence and minimize the impacts of intense 

rainfall events in SESA it is the lack of an adequate ground network of radars and rain 

gauges that enable the study and monitoring of such destructive events. Quite clearly, 

satellite-based precipitation estimates are of greatest interest in this part of the globe 

where observation networks are sparse and local inhabitants are susceptible to hydrologic 

extremes. 

 

The overriding goal of this study is to use the CRA method to reveal the existence of 

systematic errors in remotely sensed precipitation products in SESA during the warm 

season. We argue that a significant improvement in flash flood forecasting and warning 

systems can be achieved if the existence of systematic displacements in the spatial 

location of these storms can be quantified. This study sets out to address the issue of how 

well satellite precipitation estimates represent the characteristics of MCSs in the La Plata 

river basin in SESA. A secondary goal is to investigate how errors in the location of 
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MCSs propagate through the hydrological cycle and their impact on the characteristics of 

streamflows in a smaller basin’s catchment.  

 

The paper is organized as follows: Section 2 presents a description of the basin and the 

data sets used in the study. The methodological approach is introduced in Section 3. 

Results of CRA analysis and a case study are outlined in Section 4 and 5 respectively. 

Finally, main conclusions of the study are presented in Section 6. 

 

2. Study Area and Data Sets 

The La Plata Basin (LPB) is the second largest river system in South America after the 

Amazon River Basin.  It covers approximately 3.2 x 106 km2 and is located between 14˚ 

and 38˚ South latitude and between 67˚ and 43˚ West longitude (Figure 1).  The basin is 

shared by five countries: Brazil occupies approximately 46% of its surface, Argentina 

30%, Paraguay 13%, Bolivia 7% and Uruguay 4%.  The water resources of the basin 

sustain one of the most densely populated regions in South America.  Approximately 

50% of the combined population of the five countries live in the basin and it has been 

estimated that approximately 70% of the gross national product of those countries is 

generated in the basin mainly by livestock and farming enterprises which constitute the 

region’s crucial resources for livelihood.  Rivers are also important gateways to transport 

goods from the upper part of the basin to the Atlantic Ocean. Water resources are used 
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for the generation of hydroelectric power through international collaborations between 

countries [Berbery and Barros, 2002]. 

 

 

Figure 1. Geographical location of the La Plata River Basin. The light gray shaded area 
represents the geographical extension of the La Plata basin and the dark gray area 
corresponds to the Iguazu basin. The dots represent the latitude and longitude of the 
centroid of each MCSs identified during the summer 2002-03 and the crosses represent 
the systems identified in the Iguazu basin during the period 2001-2003. 
 

The mean annual precipitation in the LPB shows a maximum of 1,500 mm in the central-

eastern portion of the basin with lesser amounts to the south and west [Berbery and 
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Barros, 2002]. The annual cycle of precipitation presents two distinctive precipitation 

maxima: one along the northern boundary during the austral summer and the second one 

in the southern region of the basin during spring and fall [Berbery and Barros, 2002; 

Rodriguez and Cavalcanti, 2006]. The atmospheric water cycle of the LPB is 

significantly influenced by mesoscale variability associated with the existence of a low 

level jet (LLJ) [Nogues-Paegle et al., 2002].  This jet is a low-level circulation located 

east of the Andes and is responsible for transporting humidity from the Atlantic Ocean 

and the Amazon forest into higher latitudes contributing to the precipitation in the LPB.  

 

Three satellite-based precipitation products were selected for the study. The first two data 

sets use an adjustment technique to correct Infrared (IR) cloud top temperatures using an 

independent data set such as precipitation radar and/or microwave radiometer 

measurements; the third data set exclusively relies on microwave observations that are 

spatially propagated using high temporal resolution IR values from geostationary 

satellites. Microwave data has a strong physical relationship with the hydrometeors that 

generate surface precipitation but their time-space coverage is quite sparse since the 

microwave instruments are carried on low orbit satellites. Infrared estimates, on the other 

hand, has excellent space-time coverage but cloud-top temperature does not always 

correlate well with rainfall. 

The first data set is Tropical Rainfall Measuring Mission 3B42v6 research version 

(TRMM), which relies primarily on microwave precipitation estimates, but also uses 

geosynchronous infrared estimates. Monthly surface rainfall observations are used to 
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correct the multisatellite product [Huffman et al., 2007]. The TRMM dataset covers the 

latitude band 50° South to 50°North from 1998 to the present and is available at 3-hourly 

temporal resolution in a 0.25-degree box.   

 

The second precipitation set is Precipitation Estimation from Remotely Sensed 

Information using Artificial Neural Networks (PERSIANN), which is available at the 

same spatial resolution of TRMM but every 6 hours. PERSIANN uses an artificial neural 

network to process infrared and visible imagery and the algorithm parameters are 

regularly updated using rainfall estimates from low-orbit satellites [Hsu et al., 1997]. 

This rainfall product covers the latitudinal range of 50°S to 50°N globally from the year 

2000. 

 

The third set of satellite estimated precipitation is Climate Prediction Center Morphing 

Method (CMORPH), which uses exclusively passive microwave precipitation estimates 

derived from low-orbit satellites and whose main features are transported to areas without 

coverage using spatial information derived from geostationary infrared. Spatial 

correlation lags between consecutive infrared images are computed and used to propagate 

less frequent passive microwave derived precipitation. This method allows denser space-

time precipitation coverage. The shape and intensity of precipitation at each location is 

calculated using a morphing mechanism that performs time-weighted interpolation 

between two successive passive microwave estimates that have been propagated forward 

and backward in time. CMORPH data are available every 3 hours at a 0.25-degree 
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resolution covering a region located between 60°N and 60°S starting in December 2002 

[Joyce et al., 2004]. 

 

Daily precipitation was obtained from an extended rain gauge network put in place from 

November 15th 2002 to February 15th 2003 during the South American Low Level Jet 

Experiment (SALLJEX) [Vera et al., 2006]. During SALLJEX more than 795 rain 

gauges where installed in SESA and more than 1,500 were made available for the special 

network in a region where existing surface observations are insufficient. The precipitation 

database has undergone preliminary quality control by the Atmospheric Sciences 

Department at the Universidad de Buenos Aires and has been used in previous studies by 

Rozante and Calvalcanti [2008]. Total daily precipitation amounts were reported at 12 

UTC. Gauge observations were linearly interpolated onto a regular grid with a 2.5 degree 

spacing. Daily precipitation totals were computed for each satellite product by adding up 

3 and 6-hourly satellite estimates. The satellite products are to be referred hereafter as 

TRMM, CMORPH and PERSIANN and the ground precipitation measurements as 

observations. 

 

3. Overview of CRA Method and Methodology  

The CRA method was developed by Ebert and McBride [2000] with the aim of verifying 

to what extent the forecasted or estimated rain entity had the same location, shape and 

magnitude of the one that was observed. The CRA method is an object-oriented method 

that allows the verification of individual rain events. It defines entities or contiguous rain 
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areas as the region bounded by a user-specified isohyet. First an entity is delineated in the 

satellite and the observed fields based on the selected threshold and then a displacement 

error is determined by incrementally moving the estimated field over the observed field 

until a best-fit criterion is optimized. The total error in the satellite estimated field can be 

broken down as the sum of errors due to location, volume and pattern as follows. The 

total Mean Square Error (MSE) can be written as: 

 

! 

MSE = MSEdisplacement + MSEvolume + MSEpattern                        (1) 

 

where MSEdisplacement represents the difference between MSE before and after the 

translation, MSEvolume is the bias in mean intensity between the original and the shifted 

fields, and MSEpattern accounts for differences in the fine structure of both fields. 

 

First, each of the satellite products was paired with the observations and a visual 

inspection was performed to verify that the system was detected in both fields, i.e., 

observed and satellite-estimated. Second, the CRA method was used to analyze each set 

of observed and satellite –derived precipitation fields. The matching criterion used to 

compute spatial displacements was the maximization of the correlation coefficient and 

the error decomposition based on the RMSE, which has shown to give more robust error 

components [Ebert and Gallus, 2009]. However, occasionally the error decomposition 

obtained using this criterion gives rise to negative displacement errors in Equation 1, 

therefore in a few cases the error decomposition introduced by Grams et al., [2005] used 
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was instead. The statistical significance of the correlation coefficient being different to 

zero for 95% confidence level was tested using the F test [Ebert and McBride; 2000]. 

Third, for each satellite product the difference between satellite-estimated and observed 

precipitation parameters was measured using the bias expressed as a percent of the 

observed parameters. The mathematical expression for the bias is: 

! 

bias =

Sat
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"Obs
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i=1
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#
x100       (2) 

where Sati denotes the satellite-estimated precipitation and Obsi denotes observed 

precipitation in each grid box i. 

 

Finally, the propagation of estimation uncertainty related to the spatial location of the 

storm through the hydrological cycle was evaluated with a macro-scale hydrological 

model. Synthetic precipitation fields were generated for the Iguazu basin by 

incrementally displacing the observed precipitation along a latitudinal transect. The 

hydrological model performance was evaluated with the Nash-Sutcliffe efficient 

coefficient. 
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where Simi denotes the streamflows simulated with the hydrological model using 

observed precipitation and Obsi denotes observed streamflows at the basin’s outlet,  µo is 
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the mean of the observations; n is the number of values in the streamflows record. The 

reader is referred to Section 5 for details of the hydrological model used in the study. 

 

4. Detecting systematic errors in satellite precipitation  

 The CRA method requires the specification of three parameters: the precipitation 

threshold which is a isohyet used to isolate precipitation entities, i.e., grid points where 

rain intensities are larger than the threshold and are to be included in a CRA. This 

threshold is critical for the inclusion or division of multiple rain entities in a CRA and 

effectively selects those precipitation values for which the statistics are computed. In the 

United States and Australia parameter values of 6.35 mm/6-hr (25 mm/day) and 5 

mm/day for 6-hr and 24-hr precipitation forecasts were adopted by Grams et al., [2006] 

and Ebert and McBride [2000], respectively. Decreases in the magnitude of the threshold 

allow the inclusion of smaller entities with the drawback of partitioning events in 

unrealistically small entities. Based on the magnitude of the storms in the basin, whose 

maximum intensity surpasses 100 mm/day; a threshold of 30 mm/day was chosen for the 

study.  

 

The second user-defined parameter is the critical mass threshold, which defines the 

minimum volume of rainfall necessary for a system to be identified. The area of the 

smallest MCSs was found to be approximately 55,000 km2 at the time of its maximum 

extension, which corresponds to a volume of 1.65 km3 when a rainfall event of 30 

mm/day is considered. Since increases of the critical mass might have excluded smalls 
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systems we chose to use the default value of 1 km3. A sensitivity analysis of the critical 

mass parameter indicated that increases in the magnitude of this parameter resulted in 

less entities being identified and the exclusion of small MCSs (not shown). Based on this 

we chose to use a critical mass parameter value of 1 km3. Finally the search radius, which 

allows the separated observed and estimated rain entities to be compared, as long as they 

are within the search limit, was set to the default value of six grid points in all directions. 

This represents a search radius of approximately 150 km over which the satellite 

estimated system could be moved to match the observed rain entity.   

 

Daily observed precipitation was plotted for the days when a MCS was reported in order 

to check if those events identified with IR satellite imagery by Salio et al., [2007] were 

also captured by the surface network. The position of the storm’s centroid was used to 

visually locate a system in both precipitation fields; only those systems that were 

simultaneously reported in the four fields (i.e., three satellite products and observations) 

were included in the analysis. By doing this, those events detected by the satellite product 

but not observed (false alarms) and alternatively those observed but not estimated 

(missed events) were eliminated. This process significantly reduced the numbers of 

MCSs to be examined from over one hundred to twenty-four (Figure 1). Note that some 

events had lifecycles of up to 42 hours, for those cases with lifecycles exceeding a day 

only the cumulative precipitation for the day where the maximum extension occurred was 

used. The substantial reduction in the number of MCSs included in the study was 

partially caused by a decline in the number of reporting stations over the El Pantanal 
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region in the northwest corner of the basin and by the existence of adjacent systems, 

which in several occasions overlaid, and made difficult the demarcation of one system.  

 

No significant differences to the eye of the human forecaster were found in the 

performance of the CRA method when the RMSE or the correlation coefficient between 

the fields was used as a matching criterion (not shown). Based on these results, and on 

the recommendations of Ebert and Gallus [2009], the matching criterion used to compute 

spatial displacements was the maximization of the correlation coefficient.  

 

Statistics were calculated for the following parameters: Average Rain Rate, Rain 

Volume, Maximum Rainfall, and Displacement. Additionally the total error 

decomposition into the three components of displacement, volume, and pattern error, (Eq 

1) was computed. All results are presented using a boxplot of the bias between satellite-

estimated and observed rain fields for all the products analyzed. The bottom and top lines 

represent the 25th and 75th percentiles and the middle line represents the median. 

Whiskers extend from each end of the box to the adjacent values in the data within 1.5 

times the interquartile range. Outliers are displayed with a plus sign. 

4.1 Average Rainfall Rate 

Figure 2 shows boxplots of bias in Average Rainfall Rate for CMORPH, PERSIANN and 

TRMM precipitation estimates, respectively. CMORPH estimates show a dry (negative) 

bias in the median with a value of -20 % and extreme values as large as ± 120 % the 

observed mean, which is considered quite large even for noisy satellites estimates 
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[Sapiano and Arkin, 2009]. Over Australian midlatitudes, CMORPH satellite estimates 

have shown systematic positive biases for rain intensities exceeding the 20 mm/day 

threshold [Ebert et al., 2007]. On the continental United States there are clear indications 

that CMORPH presents large positive biases during the warm season, which is in 

disagreement with our findings for South America [Tian et al., 2007; Sapiano and Arkin, 

2009]. The source of this discrepancy might be in part related to the fact that these studies 

analyzed daily precipitation without focusing on heavy rain events, which could 

contribute to a decrease in the differences when rainfall was averaged over the study area.  

 

PERSIANN rainfall estimates on the other hand show a strong tendency to overestimate 

the average rain rate with a mean value of 20%. Despite showing an overall wet bias in 

average rainfall rate, the discrepancy in the values is large for PERSIANN estimates with 

extremes values ranging from -50 to 170% of the observed values. These results agree 

with studies of daily precipitation in the United States, South America and Australia 

[Sapiano and Arkin, 2009; Ebert et al., 2007; de Goncalves et al., 2006] who found a 

systematic overestimation of daily estimates by PERSIANN products. From a hydrologic 

standpoint these biases can affect fast-response processes in the basin such as Hortonian 

infiltration, soil compaction, or canopy interception resulting in changes in the rainfall-

runoff response. 

 

Of all the satellite products considered in this study, only TRMM has a gauge-bias 

correction applied using monthly observed precipitation. The average rain rate estimated 
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by TRMM was similar to the average rain rate measured by the surface network 

indicating that the gauge correction does offer a significant advantage over other 

uncorrected satellite products for an accurate representation of MCSs in SESA. It is 

worth mentioning that a large number of rain gauges used in this study are not routinely 

available for TRMM ground validation and calibration constituting an independent 

validation source. 

 

 

Figure 2. Boxplot of bias (satellite-estimated minus observed) in Average Rain Rate as a 
percent of the mean observed rain rate for CMORPH, PERSIANN and TRMM satellite 
products. See text for details on the graph.  
 

 



 
 

 
 
 
  

158 

4.2 Rainfall Volume 

Figure 3 shows the bias in Rainfall volume as a percentage of the observed volume for 

the three satellite products. CMORPH showed volumes ranging from -12 to -13 % of the 

observed value however the mean and the median were unbiased. Storm volumes 

estimated by PERSIANN were systematically larger than observed volumes with a mean 

value of 2 %.  

 

 

Figure 3.  same as Figure 2 but for Rainfall Volume. 

 

The TRMM product represented the volume of precipitation within ± 10% of the 

observed values with an unbiased median and a mean value of 0.8%. For the three 
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satellite products the rainfall volume is within the margin of error induced by wind-

induced undercatch in a rain gauge [Adam and Lettenmaier, 2002]. It is worth mentioning 

that the rainfall volume and the average rainfall rate are closely related since the volume 

is equal to the average rain rate multiplied by the number of grid points included in the 

verification domain therefore it is reasonable to expect the behavior of these two 

parameters to be similar. 

 

3.3 Maximum Rainfall 

The highest observed precipitation amount in any of the 0.25-degree cells included in the 

verification domain is considered to be the Maximum Rainfall for a MCS. The medians 

in CMORPH and PERSIANN’s Maximum Rain were significantly close to the observed 

median, however the error range in estimated-rainfall was as high/low as ± 90 mm/day. 

The TRMM product overestimated observed maximum rainfall with a median bias value 

of 32% and deviations of up to 100% from observed values. This indicates that the 

monthly bias correction efficiently corrects total precipitation amounts but does not 

capture well the occurrence of high intensity events such as those generated for a MCS. 

These findings are in agreement with the results of Tian et al. [2007] for the United 

States who found that TRMM estimates detected stronger precipitation events than 

observations causing a shift in the precipitation spectrum toward higher rainfall 

intensities. 
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Figure 4.  same as Figure 2 but for Maximum Rainfall. 

 

4.4 Displacements 

The spatial distribution of errors in the location of MCSs are displayed in a x-y plot 

where negative values represent displacements from the center of mass of the observed 

event in the south and west directions, and positive values represented displacements in 

the east and north directions, respectively. The CRA method looks at all possible 

displacements within the search box and chooses the one that gives the maximum 

correlation or minimum RMSE, depending on which matching criterion has been 

specified by the user. Figure 5 shows the location of the centroids for each satellite 

product within a 5-degree radius. Dispersion is high for the three satellite products with 
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storm centroids displaced as far as approximately 500 km from the location of the 

observed event. Each individual storm was visually inspected to verify that magnitude of 

the error obtained with the CRA method was in close agreement with the error detected 

by the human eye. 

 

All three satellite products showed a preferential direction of displacement along an east-

west transect with TRMM and CMORPH having less dispersion in the latitudinal 

direction than PERSIANN (Figures 5 a and c). This behavior is in part consistent with the 

findings of Velasco and Fritsch [1987] for Mesoscale Convective Complexes in the 

region who found the tracks of these systems had a general pattern of migration from 

west to east. Displacements in PERSIANN showed the largest dispersion with the 

locations of the storms distributed almost equally in all four geographical directions 

(Figure 5 b)). One possible explanation to the errors in the location of the systems could 

be due to the fact PERSIANN relies on IR data to estimate rainfall therefore satellite 

sensors can only detect convective precipitation from cold to cloud top consequently not 

detecting rainfall precipitating from warm shallow clouds [Ebert et al., 2007]. Only the 

CMORPH algorithm attempts to account for rain system movement by means of the 

morphing procedure. Another factor that could be affecting the location of the storms is 

related to the fact that if precipitation reaches its maximum between two consecutive 

satellite overpasses the satellite cannot detect it and the system’s migration is not fully 

described by satellite products. 
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Figure 5. Displacement of satellite-estimated MCSs respect to observed systems. The x 
and y axes represent longitude and latitude in degrees, respectively. a) CMORPH, b) 
PERSIANN and c) TRMM. 
 

 

4.5 Error Decomposition 

One of the main features of the CRA method is the possibility to decompose of the total 

error as the sum of the error due to displacements, the error in volume and the error due 

to small differences in the structure of the estimated and observed storms (pattern error). 

Figure 6 shows the average contribution to the total error of each error component for the 

three satellite products. For CMORPH rainfall estimates, on average the major source of 

error arose from discrepancies in the small structure of the storm totaling more than 50% 

of the total error followed by errors in the volume (Figure 6 a)). The pattern error is 

strongly influenced by spatial variability that can be a function of the type of sensor, 

satellite spatial and especially temporal sampling, and the retrieval algorithm used to 

generate the estimates. For PERSIANN, errors in pattern contributed to 61% of the total 

error whereas errors in volume and displacement represented 15 and 24% of the total 

error, respectively (Figure 6 b)). In TRMM estimates the largest contribution to the total 
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error came from differences in the fine structure between fields, which contributed to 

65% of the total error. Errors in volume and displacement represented the 20 and 15% of 

the total error, respectively. 

 

 

Figure 6. Decomposition of the total error into its sources: displacement, volume and 
pattern. a) CMORPH, b) PERSIANN and c) TRMM. 
 

 

5. Case study: evaluating the impact of displacement errors on streamflow 

simulations  

When considering the usefulness of satellite-estimated precipitation for hydrological 

applications it is crucial to consider the impact that errors in the location of the storm has 

on streamflows properties mainly the peak. A number of studies have looked into the 

effects of the spatial variability of rainfall in recent years and they have concluded that it 

can play a major role in the uncertainty of streamflows in a basin [Younger et al., 2009; 

Carpenter and Georgakakos, 2006; Arnaud et al., 2002; Wilson et al., 1979]. In addition, 

published studies have examined the influence of storm movement as well as the position 
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of the storm centroid on overland flow [e.g. Chang, 2007; Morin et al., 2006; Syed et al., 

2003; de Lima and Singh, 2002]. The studies concluded that the position of the storm 

core relative to the watershed outlet becomes more important as the catchment size 

increases and that upstream moving storms generate smaller peaks than downstream 

moving storms. However, these studies are restricted to small basins and to precipitation 

products derived from radar measurements therefore an evaluation of the effects of storm 

location is lacking. To evaluate how this type of error affects the different component of 

the hydrologic cycle, a small subbasin of the La Plata basin was selected as a case study: 

the Iguazu river basin. The Iguazu Basin is a transboundary watershed located in 

southeastern part of the La Plata Basin (Figure 1). The basin has an area of approximately 

70,000 km2 and is located between 25° and 27° S and 49° and 55° W. From its 

headwaters in Brazil at 1,400 m of altitude, the river flows east-west for approximately 

1,300 km until its confluence with the Paraná river in Argentina.  

 

The hydrological cycle in the Iguazu river basin was represented with the Variable 

Infiltration Capacity (VIC) model. VIC is a macro-scale hydrologic model that has the 

capability to represent the sub-grid scale variability of vegetation coverage, topography, 

precipitation and soil moisture storage capacity. For details of VIC mathematical 

formulations the reader is referred to Liang et al. [1994,1996]. The model has been 

widely implemented for basins of different sizes and in different climatic environments 

(for example, Maoyi and Liang, 2006; Maurer et al., 2002; Nijssen et al., 2001; Liang et 
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al., 1994, 1996; Wood et al., 1992). The VIC formulation for the Iguazu basin uses three 

soil layers of 0.1, 1.5 and 1.0 meter of thickness from top to bottom, and 9 vegetation 

types.  

 

VIC was implemented at a daily time step and a spatial resolution of 0.125-degree based 

on hydrometeorological data availability. Although a finer temporal resolution would 

have been desirable to be able to detect subdaily streamflow behavior only daily 

precipitation and streamflows records were available for the basin. VIC was run in water 

balance mode (VIC Version 4.0.6). A dataset of daily total precipitation for the Iguazu 

basin was available for the period January 1st 1979 to December 31st 2005 at a 0.25-

degree resolution [Liebmann and Allured, 2005]. This dataset does not incorporate the 

additional raingauges put in place during SALLJEX in the central-west part of the la 

Plata basin but it offers and excellent spatial coverage over the Iguazu Basin for an 

extended period of time. Maximum and minimum daily temperatures and wind fields 

were obtained from the National Center for Environmental Prediction (NCEP) Reanalysis 

2 available at 2.5-degree resolution [Kanamitsu et al., 2002]. Meteorological forcings 

were interpolated to a 0.125-degree resolution using a linear scheme. Daily streamflows 

at Estreito Station (-25,55° S, -53.80° W) were obtained from the Brazilian National 

Water Agency (ANA) (http://www.ana.gov.br/) and used to evaluate the model’s 

performance. Streamflow simulations driven observed with fields were considered the 

“truth” and used to compute errors between shifted and baseline model simulations. For 
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more information on the implementation and performance of VIC in the Iguazu basin the 

reader is referred to Demaria et al. [2010].  

 

Synthetic error-perturbed precipitation fields were generated by displacing the observed 

precipitation along the east-west direction. This direction was chosen following the 

results presented in Figure 5, which indicated that displacement errors in satellite-

estimated precipitation tended to be dominant along a latitudinal transect. Observed 

precipitation fields were incrementally moved upstream/downstream 

(eastward/westward) 14.125, 70.625, 127.125, 183.625 and 240.125  km, respectively. 

Even though the maximum displacement is smaller than the maximum found in Figure 5, 

it is representative of the displacements experienced by the majority of the systems. The 

other atmospheric forcings used in the model, i.e., temperature and wind, remained the 

same as in the baseline simulations. 

 

5.1 Results of model simulations 

During the period 1st September 2000 to 31st May 2003, fourteen MCSs were identified 

in the Iguazu Basin using IR satellite imagery [Salio et al. 2007]. The systems varied in 

size from 76,432 to 505,264 km2 (mean areal size: 193,339 km2), they initiated in average 

at 17 UTC and ended at 03 UTC of the next day reaching the maximum extension at 20 

UTC. At the time of their maximum extension, the geographical positions of the systems 

where centered in the upper basin (five systems), middle basin (four systems) and lower 
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basin (five systems) (refer to Fig. 1 for the locations of the systems). The average life 

span of a MCS was nine and a half hours with the events located in the upper basin being 

relatively shorter in duration. Figure 7 shows daily streamflows at the basin’s outlet for 

the twelve consecutive days after an MCS was identified in the basin. Note that the 

basin’s response time is approximately five days between the headwaters and the outlet.  

 

The streamflows simulated with shifted precipitation generally undergo 

increases/decreases in the magnitude of the flows downstream/upstream displacements, 

respectively. For almost all the events analyzed the dispersion is larger in the proximity 

of the peak than in the rising limb and recession sections. Despite changes in the 

magnitude of the flows, the timing of the peaks is not affected by shifts in precipitation. 

This behavior indicates that in large basins, such as the Iguazu basin, the effects of storm 

moving further away from the mouth can flatten the peak as a result of channel storage. 

For storms mowing downstream the increase in the peak is due to rainfall at the mouth 

concurrent with streamflow contributions from the upper part of the basin. Changing the 

location of the storm had practically no effect on the timing of the peak indicating that for 

large-size basins the surface storage and the channel network can lessen the impact of this 

type of error. Another contributing factor is the daily discretization of the VIC model, 

which does not allow capturing the subdaily variability of streamflows in the basin.  
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Figure 7. Daily streamflows at Estreito station for twelve days after the occurrence of a 
MCS in the basin. The black line represents baseline streamflows simulated with error-
free precipitation, the red/green lines represent streamflows simulated with shifted 
precipitation upstream/downstream. The title of each panel shows the day of the MCS 
and the spatial location at the time of its maximum development. 
 

The impact of systematic displacement of precipitation on the peak of the hydrograph is 

shown in Figure 8. The bias, as a percentage of the baseline peak, is computed between 

the error-free peak and the peak of the event simulated with precipitation moved 

upstream and downstream the basin. Simulations with precipitation shifted in the 

upstream direction systematically underestimate error-free peaks indicating a smoothing 



 
 

 
 
 
  

169 

in the response of the system. For displacements in the downstream direction simulated 

peaks overestimated baseline peaks as the result of increasing runoff contribution. This is 

valid for daily time scales when additional smoothing is introduced by the temporal 

averaging of short-term fluctuations. Despite the change in the sign of the bias, the 

magnitude of the differences is quite small not surpassing a five percent difference from 

the baseline peak.  

 

 

Figure 8. BIAS between peaks simulated with shifted and un-shifted precipitation as a 
percent of the baseline flow. The left panel shows results with upstream displacements 
along a latitudinal transect and the right panel results for downstream displacements. The 
line connects the median values. 
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These results indicate that for a basin of the size of the Iguazu and for a daily time step, 

errors in the location of a satellite-estimated MCS might not have a significant impact on 

hydrological applications that require a precise estimate of the peak magnitude. 

Furthermore, if one considers that the error associated with streamflow measurements 

using a rating curve can be in average as large as 25%, the increment of peak discharge 

due to displacement in precipitation can be considered almost negligible for a large-scale 

basin [Di Baldassarre and Montanari, 2009]. 

 

 6. Conclusions  

The ability of three satellite products to represent the spatial characteristics of MCSs over 

the La Plata River basin in southeastern South America was examined with an object-

based approach, the CRA method. This method allows for the objective determination of 

the source of errors affecting the correct characterization of storm events in space and 

time, verification that cannot be made with traditional grid-to-grid techniques. During the 

austral summer 2002-2003, precipitation events exceeding 30 mm/day for three satellite 

products: TRMM, CMORPH and PERSIANN were evaluated against observed 

precipitation. The analysis of the different statistical parameters provided by the CRA 

method indicated the existence of systematic deficiencies representing convective system 

over the basin in the three satellite products. We also studied the impact of the location of 

the storm on streamflows by forcing a macro-scale hydrological model with precipitation 

fields shifted in space. The main conclusions of our investigation are as follows: 
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1) For rainfall intensities larger than 30 mm/day large dispersion in Average Rainfall 

Rate is found in all satellite products. CMORPH underestimates ground 

observations whereas PERSIANN estimates are systematically larger than 

observations. TRMM median Average Rainfall is unbiased confirming that the 

bias correction performed at the monthly level effectively increases the accuracy 

of the estimates. 

2) Both CMORPH and TRMM successfully capture the median of the storm Volume 

over the basin whereas PERSIANN slightly overestimates observations. The 

range in bias is under 10% in the case of TRMM and slightly over 10% for 

PERSIAN and CMORPH which is considered within the error margin expected 

for rain gauges. Hence some hydrological applications that require an estimation 

of the amount of water in the channel, e.g., water supply, will be less sensitive to 

errors in satellite-estimated precipitation. 

3)  The Maximum Rainfall of the storm event is better captured by CMORPH and 

PERSIANN, which are the two satellite-only products included in the study. 

TRMM on the other hand overestimates intense rainfall despite being bias-

corrected with ground observations indicating that the correction does not filter 

some of the noise existing in the data.  

4)  The preferential direction displacement of satellite-estimated MCSs is in the east-

west direction for CMORPH and TRMM resembling the trajectory of some 

mesoscale systems in the region. PERSIANN estimates did not show a clear 

displacement direction.  
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5)  Discrepancies in the fine structure of the storms dominate the total error 

decomposition of all satellite products. For TRMM estimates, this source of error 

represents more than 65% of the total error whereas errors in displacement and 

volume are small resulting from the ground-based bias correction routinely 

performed. Errors in volume are small for PERSIANN estimates whereas they are 

significant for CMORPH products.  

6) Hydrological simulations of streamflows in the Iguazu basin indicate that the 

location of the storm influences the magnitude of the peak, hence its volume, 

when it is shifted upstream and downstream the basin. Displacements in the 

location of a satellite-estimated MCS does not have a significant impact on the 

timing of the peaks indicating that the basin’s response to precipitation diminishes 

the effect of errors in storm location.  

 

It is not surprising than find that TRMM estimates more closely correspond with rain 

gauge measurements since the product incorporates monthly ground observations to 

adjust the amplitude of precipitation. However, the latency in the product availability 

limits its usefulness for real-time applications such as for flash flood warnings. 

Unfortunately, the real time operational version of TRMM was not available at the time 

of SALLJEX and was not included in this study.  

 

It is worth noticing that CMORPH overall tendency to underestimate MCSs properties 

may be result of the smooth propagation of precipitation that results from the “morphing” 
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process which might have missed high intensity precipitation taking place between two 

consecutive PMW scans. Further studies are needed to quantify these effects.  

 

The results of this study are valid for convective storm that exceed the 30 mm/day 

threshold and for rain dominated large-scale basins where saturation excess mechanisms 

are dominant. For sub-daily temporal scales differences in peak arrival time might 

become significant. Questions remain regarding the accuracy of the satellite products at a 

sub-daily time step and if some characteristics such as the onset and duration of the 

events are well captured. Unfortunately there is no indication that the density of the 

surface network will be improved in the near future leaving the fate of this type of 

analysis to future field campaigns.  
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