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ABSTRACT 

Water management in poorly gauged basins is subject to several difficult challenges. This 

is a serious problem particularly in developing countries where the resources and 

infrastructure are often very limited or even unavailable. The SERVIR program of NASA 

and USAID focuses on improving water resources management in several developing 

regions of the world by utilizing cutting-edge observations from space. Funded by the 

SERVIR program, this dissertation focuses on improving streamflow monitoring and 

forecasting capabilities for selected poorly gauged pilot basins in Africa. The dissertation 

includes three manuscripts. The first manuscript presents the development of a new real-

time streamflow monitoring and forecasting platform, Multimodel and Multiproduct 

Streamflow Forecasting-Real Time (MMSF-RT), built using multiple hydrologic models 

and satellite-based precipitation products to produce more accurate streamflow forecasts 

and better characterize forecast uncertainty. It involves advanced methods for bias 

correction, model calibration, and forecast merging. The second manuscript focuses on 

implementation of the MMSF-RT platform for operational forecasting in the pilot basins. 

In the third manuscript, the goal is to improve individual components of the platform. In 

particular, the focus was on improving the HYMOD model (a component of MMSF-RT 

platform) using newly available satellite-based estimates of actual evapotranspiration. 

From a more general perspective, this part of the dissertation shows how hydrologic 

modeling can benefit in different ways from newly available satellite-based data sources 

and more specifically, how efficiently (and differently) satellite-based evapotranspiration 

products could be utilized to improve hydrologic model performance.  
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CHAPTER 1: INTRODUCTION 

1.1. Research Motivation 

Water management in poorly gauged or ungauged basins brings forth several difficult 

challenges due to the lack of adequate data. This is a serious problem, particularly in the 

developing countries, where the available resources are oftentimes limited or even 

inaccessible. With the population growing at a rapid pace along with speedy urbanization 

in many parts of the developing world (Cohen, 2006), effective water management has 

become an utmost priority.  

 The ungauged basins have been a prime research focus of the hydrologic 

community. For example, the International Association of Hydrological Sciences (IAHS) 

has dedicated a decade on this research, as popularly known as the Prediction in Ungauged 

Basins (PUB) decade (Sivapalan et al., 2003). Several advances are made or initiated 

throughout this successful decade (Hrachowitz et al., 2013), however, there are several 

outstanding issues that still need to be addressed.   

 Hydrologic investigations in the poorly gauged basins have become more tractable 

with the advent of satellite-based data sets (Serrat-Capdevila et al., 2014). The easy 

accessibility, extensive spatial coverage, near-real-time availability – all these factors have 

contributed to the vast popularity of these satellite-based products. These products have 

facilitated large-scale hydrologic investigations in parts of the world where ground-based 

observations are scarce or unavailable. Nevertheless, the satellite-based estimates of 

different hydroclimatological variables have their own share of issues. Because they are 

not direct measurements, these estimates are oftentimes affected by various types of bias, 

which need to be accounted for before they can be applied reliably. Thus, bias correction, 
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as a preprocessing step, has become one of the central focuses of many hydrologic 

investigations (e.g. Wood et al., 2002; Piani et al., 2010; Yuan and Wood, 2012; Chen et 

al., 2013; Roy et al., 2017). 

 One of the major challenges of hydrologic modeling in poorly gauged basins is the 

proper characterization of model uncertainty. The quantified confidence on a forecast is as 

important as the forecast itself. There are several sources of uncertainties that can affect 

the reliability of a forecast, which include, but are not limited to model forcings, model 

structure (process parameterization), initial and boundary conditions, spatial and temporal 

discretization, etc. Some portion of this uncertainty is reducible by incorporating “useful” 

information (epistemic uncertainty), whereas the rest of it is random in nature, and will 

affect the forecasts regardless (aleatory uncertainty). Thus, uncertainty analysis needs to 

focus on two things: how to reduce the uncertainty that is reducible and how to accurately 

characterize the remaining uncertainty.  

 The SERVIR program of NASA and USAID aims at solving water resources 

management problems in poorly gauged basins by utilizing the “observations from space”. 

Funded by the SERVIR program, this PhD research is focused primarily on building a real-

time streamflow monitoring and forecasting platform for poorly gauged river basins using 

satellite-based estimates of precipitation, numerical weather forecasts, hydrologic models, 

and advanced statistical techniques. The platform, Multimodel and Multiproduct 

Streamflow Forecasting (MMSF; Roy et al., 2017) is probabilistic in nature, and generates 

streamflow forecasts with successive steps of precipitation bias correction, model 

calibration, model output bias correction, and probabilistic model averaging. The final 

product is the daily streamflow forecasts along with the confidence bounds calculated in a 
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meaningful way. The research also focuses on utilizing satellite-based estimates of actual 

evaporation to improve the performance of one of the candidate models within the MMSF 

platform, HYMOD (Boyle et al., 2000).  

1.2. Dissertation Structure 

This dissertation is based on three articles, two of which are already published and one is 

accepted for publication. The first manuscript presents the methodology of the MMSF 

platform for real-time streamflow forecasting. The second manuscript presents the 

engineering aspects of the platform, i.e. how to implement the platform for operational use. 

The first two manuscripts use satellite-based estimates of precipitation, whereas in the third 

manuscript, we additionally use satellite-based estimates of actual evapotranspiration to 

see how it can benefit streamflow forecasting. It also focuses on the structural correction 

of a model based on new information.  
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CHAPTER 2: PRESENT STUDY 

This chapter summarizes the key elements of the three research papers that constitute this 

dissertation. The complete papers are provided in the appendix. 

2.1. Summary of Paper 1: A platform for probabilistic Multimodel and 

Multiproduct Streamflow Forecasting 

 Contributors:  

Tirthankar Roy, Aleix Serrat-Capdevila, Hoshin Gupta, and Juan Valdes.  

 Status:  

Published in Water Resources Research. 

 Reference:  

Roy, T., A. Serrat-Capdevila, H. Gupta, and J. Valdes (2017), A platform for probabilistic 

Multimodel and Multiproduct Streamflow Forecasting, Water Resources Research, 53, 

doi:10.1002/2016WR019752. 

 Summary:  

This paper presents the methodological aspects of the Multimodel and Multiproduct 

Streamflow Forecasting platform (MMSF; Roy et al., 2017), which is based on satellite-

based estimates of precipitation, and consequently, can be applied in poorly gauged or 

ungauged basins with inadequate rain gauge networks. Since the satellite-based estimates 

of precipitation are created by processing indirect measurements of precipitation attributes 

(e.g. cloud top temperature, cloud velocity, radiation from cloud particles, etc.) through 
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some precipitation generating algorithms, they are inevitably affected by different types of 

bias. It is therefore important to account for that bias utilizing information from ground 

reference data. In our case, only a few rain gauges were available for the study area, which 

we used to bias-correct the satellite precipitation products (SPPs) before using them as 

forcings to the hydrologic models. 

 Hydrologic models are subject to different sources of uncertainties, and one of these 

significant sources is the input data. In order to efficiently characterize input uncertainty, 

we use multiple state-of-the-art SPPs, which refers to the “multiproduct” part of the MMSF 

platform. The SPPs are regridded to some consistent spatial resolution (e.g. 0.05° for Mara) 

and then bias-corrected before being used in the hydrologic models. Four different SPPs 

are used in the MMSF platform, namely Climate Hazards Group InfraRed Precipitation 

with Station data (CHIRPS; Funk et al., 2015, 2014), Precipitation Estimation from 

Remotely Sensed Information using Artificial Neural Networks – Cloud Cover System 

(PERSIANN-CCS; Hong et al., 2004), Climate Prediction Center Morphing Technique 

(Joyce et al., 2004), and Tropical Rainfall Measuring Mission (TRMM) Multi-satellite 

Precipitation Analysis – Real Time (TMPA-RT; Huffman et al., 2007). 

 In order to characterize model structural uncertainty, we use multiple hydrological 

models in the MMSF platform (“multimodel” part of the MMSF platform). The current 

version of the platform integrates three different hydrological models of varied complexity, 

namely Variable Infiltration Capacity (VIC; Liang et al., 1994), HYMOD (Boyle et al., 

2000), and HBV-EDU (Aghakouchak and Habib, 2010).  

 The MMSF platform follows a five-step procedure to generate final streamflow 

forecasts: (1) bias correction of SPPs, (2) (calibrated) hydrologic model simulations, (3) 
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bias correction of hydrologic model outputs, (4) probabilistic forecasts generation and 

model averaging, and (5) bias correction of the merged outputs (if necessary). The final 

outcome is a more accurate daily streamflow forecast along with some reliable uncertainty 

bounds. Note that for large river basins, the time of concentration allows some lead-time 

in the streamflow forecasts. Additionally, MMSF integrates the NOAA Global Forecasting 

System precipitation forecasts to increase the lead time.  
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2.2. Summary of Paper 2: Design and implementation of an operational 

multimodel multiproduct real-time probabilistic streamflow forecasting 

platform 

 Contributors:  

Tirthankar Roy, Aleix Serrat-Capdevila, Juan Valdes, Matej Durcik, and Hoshin Gupta 

 Status:  

Accepted for publication in Journal of Hydroinformatics. 

 Reference:  

Roy, T., A. Serrat-Capdevila, J. Valdes, M. Durcik, and H. Gupta, Design and 

implementation of an operational multimodel multiproduct real-time probabilistic 

streamflow forecasting platform, accepted for publication in Journal of Hydroinformatics. 

 Summary:  

This paper presents the engineering aspects of the MMSF platform, i.e. how the platform 

is implemented in real-time for streamflow monitoring and forecasting in the pilot basins 

in Africa. The platform is built in form of a MATLAB toolbox with eight different modules 

serving some specific tasks, namely (1) Initial setup, (2) Precipitation downloading and 

processing, (3) Precipitation bias correction, (4) Hydrologic model simulation, (5) 

Streamflow bias correction, (6) Probabilistic forecast representation, (7) Probabilistic 

forecasts merging, and (8) Visualization and data publication. The platform is automated 
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to run at a particular time of the day, when all the real-time SPPs (TMPA-RT, CMORPH, 

and PERSIANN-CCS) and the GFS data become available.  

 On the daily run of the platform, the first module loads all the necessary basin-

specific information, such as the starting date of model simulation, basin co-ordinates, 

basin area, etc. The precipitation data are then downloaded in the second module, followed 

by regridding and temporal aggregation, to bring them to the consistent spatial (0.05°) and 

temporal (daily) resolutions. The third module performs the bias correction of precipitation. 

The SPPs along with the GFS data appended to increase the lead-time, are then forced to 

the calibrated hydrological models in the fourth module. Streamflow forecasts generated 

from the hydrologic models are then bias-corrected in the fifth module using the available 

streamflow observations (the ones also used in model calibration). In the sixth module, 

probabilistic streamflow forecasts are generated. The seventh module focuses on 

probabilistic forecast merging. Finally, in the eight module, descriptive figures along with 

data for web visualization and downloading are created. All the available information in 

the website are updated on a daily basis. 
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2.3. Summary of Paper 3: Using satellite-based evapotranspiration estimates 

to improve the structure of a simple conceptual rainfall–runoff model 

 Contributors:  

Tirthankar Roy, Hoshin Gupta, Aleix Serrat-Capdevila, and Juan Valdes.  

 Status:  

Published in Hydrology and Earth System Sciences. 

 Reference:  

Roy, T., H. V. Gupta, A. Serrat-Capdevila, and J. B. Valdes (2017), Using Satellite-Based 

Evapotranspiration Estimates to Improve the Structure of a Simple Conceptual Rainfall-

Runoff Model, Hydrology and Earth System Sciences, 21(2), 879–896, doi:10.5194/hess-

21-879-2017.  

 Summary:  

In this study, a newly available satellite-based actual evapotranspiration (AET) data set, 

Global Land Evaporation Amsterdam Model (GLEAM; Martens et al., 2016; Miralles et 

al., 2011) is used to investigate how the performance of one of the candidate models 

(HYMOD) within the MMSF platform can be improved. Two different fronts are explored: 

(1) using AET data to constrain the ET process parameterization within the model and (2) 

modifying the structure of the ET process equation in a physically consistent way so that 

the model performance is improved. Both the approaches (constraining and structural 

modifications) are also combined to see if any additional improvements can be guaranteed. 
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 Results show that both constraining and structural modification can improve the 

streamflow forecasting performance of the model. The second method, additionally, 

improves the model AET simulations significantly, which substantiates the usefulness of 

evaluating model structural adequacy (Gupta et al., 2012). Once the structure was 

improved already, the significance of constraining was diluted. Furthermore, model 

calibration became less of a necessity in the improved model. The strategy presented can 

be adapted for a wide range of models for performance improvement. The deliverable of 

this study was an improved version of the original HYMOD model, called HYMOD2. 
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CHAPTER 3: DISCUSSION AND FUTURE WORK 

The key focus of this dissertation is on improved hydrologic modeling in poorly gauged 

river basins by bringing to bear satellite-derived estimates of hydrometeorological 

variables, precipitation bias correction, streamflow bias correction, probabilistic model 

averaging, and model structural improvement. The cutting-edge MMSF platform, 

developed for real-time streamflow monitoring and forecasting, is currently operational in 

the pilot basins, serving critical water resources management challenges. The platform 

presents a strategy for forecasting in poorly gauged basins that ensures the best use of the 

available information. It accounts for forecast uncertainty in a more elegant way by 

weighing the model-product combinations based on their historical performance. The 

technical challenges in implementing the platform in a river basin is presented in details 

(second paper). A MATLAB toolbox is created for easy transferability of the toolbox. The 

focus is then drawn towards efficiently utilizing new sources of information to improve 

model performance (third paper). It has been shown that model structural correction could 

be advantageous in many different ways. Not only it improves streamflow forecasting 

performance, it also improves the actual ET simulations from the model. Furthermore, 

calibration becomes less of a necessity once the model structure is corrected.  

Following are the new contributions of this work: 

1. MMSF Platform: The MMSF protocol that includes the successive steps of 

precipitation bias correction, calibrated model simulation, bias correction of model 

generated forecasts, probabilistic averaging of multimodel and multiproduct 

forecasts, additional bias correction of the merged forecasts, adds to the existing 

state-of-the-art of operational real-time streamflow monitoring and forecasting.  
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2. Bias Correction of Precipitation: A two-step correction strategy is implemented 

for precipitation bias correction, where the in-situ and satellite-based merged 

reference data set (CHIRPS) is first corrected using the available rain gauge 

measurements in the study area, following which, the corrected reference is used to 

correct the other satellite products on a cell-to-cell basis.  

3. Bias Correction of Hydrologic Forecasts: The bias correction of hydrologic 

forecasts, as implemented in this study, is a relatively new focus area. Additionally, 

an improved quantile mapping scheme is proposed for bias correction, which 

combines the strengths of both parametric and nonparametric approaches, and 

treats the extremes and non-extremes separately. 

4. Probabilistic Forecasts Characterization: Probabilistic streamflow forecasts are 

created by superimposing the bias-corrected historical error distributions (of 

corresponding hydrologic model and precipitation product combination) on the 

daily deterministic forecast values, which is a reasonable and efficient approach for 

short-term probabilistic forecasting.  

5. Rigorous Analysis of Model Averaging: A detailed analysis of results derived 

from different probabilistic model averaging techniques is carried out (in the first 

manuscript), which gives a clear idea about the relative advantages or redundancy 

of different techniques. 

6. MMSF Toolbox: The MMSF Platform is designed in form of a MATLAB toolbox 

with modular scripts for easy transferability. 

7. Model Structural Correction: A newly available satellite-based AET data is used 

to improve the structure of one of the candidate models within the MMSF platform, 
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HYMOD. The proposed strategy can arguably be followed for improving the 

performance of a wide range of models.   

8. Improved Model HYMOD2: An improved version of the popularly used 

HYMOD model is developed, which is still simple in nature, but performs better in 

terms of both streamflow and AET simulations.  

There are several potential avenues for future research as enlisted in the following: 

1. Adding more models and precipitation products in the MMSF platform to make it 

even more robust: Currently, the platform integrates four satellite precipitation 

products, one numerical precipitation forecast, and three hydrological models. 

More products or models can be added, as available. 

2. Nonstationary bias correction: Nonstationarity can affect hydrologic model 

forecasts, particularly at longer time scales. Therefore, it is important that the bias 

correction strategies properly acknowledge and account for the changes.   

3. Using satellite-based estimates of soil moisture along with actual 

evapotranspiration for improving model structure: In this study, we only used the 

ET data for improving the HYMOD model. In future, it would be interesting to see 

if further improvement is possible by incorporating soil moisture data into the 

analysis.  
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Abstract We develop and test a probabilistic real-time streamflow-forecasting platform, Multimodel and
Multiproduct Streamflow Forecasting (MMSF), that uses information provided by a suite of hydrologic
models and satellite precipitation products (SPPs). The SPPs are bias-corrected before being used as inputs
to the hydrologic models, and model calibration is carried out independently for each of the model-product
combinations (MPCs). Forecasts generated from the calibrated models are further bias-corrected to com-
pensate for the deficiencies within the models, and then probabilistically merged using a variety of model
averaging techniques. Use of bias-corrected SPPs in streamflow forecasting applications can overcome sev-
eral issues associated with sparsely gauged basins and enable robust forecasting capabilities. Bias correction
of streamflow significantly improves the forecasts in terms of accuracy and precision for all different cases
considered. Results show that the merging of individual forecasts from different MPCs provides additional
improvements. All the merging techniques applied in this study produce similar results, however, the
Inverse Weighted Averaging (IVA) proves to be slightly superior in most cases. We demonstrate the imple-
mentation of the MMSF platform for real-time streamflow monitoring and forecasting in the Mara River
basin of Africa (Kenya & Tanzania) in order to provide improved monitoring and forecasting tools to inform
water management decisions.

1. Introduction

1.1. Motivation
Real-time monitoring and forecasting of streamflow is crucial to several water management applications.
Operational platforms that serve this purpose are essential to guide management decisions but are limited
by the availability of real-time data. The basic building block of such platforms comprises predictive rela-
tionships between precipitation (and other predictive variables) and streamflow, which can be modeled
using statistical, conceptual or physically-based modeling approaches. While real-time availability of precipi-
tation data has historically been limited, especially in developing regions of the world, there has been tre-
mendous progress during the past few decades in the development of tools for remotely sensed estimation
of precipitation and other hydrometeorological variables. Real-time satellite precipitation products (SPPs)
can now be used to drive hydrologic forecasts in areas downstream with poor in-situ gauging. For forecasts
based on real-time input data, the time of concentration of the basin (time taken by the rainwater to reach
the outlet of the basin from its most remote point) establishes the lead-time for streamflow forecasting in
areas downstream. When available, precipitation forecasts can be used to extend that lead-time. In this
study, we develop and test a real-time streamflow monitoring and forecasting platform using a suite of
hydrologic models and SPPs for operational use in the Mara River basin of Africa (Kenya & Tanzania).

In much of Africa, the poor coverage of rain gauge networks, large gaps in existing records, poor reliability
and quality of data, large delays in reporting, and limited accessibility complicate the problem of hydrologi-
cal decision making [Grimes et al., 1999; Hughes, 2006; Dinku et al., 2007; Thiemig et al., 2012]. Many of these
problems also apply to the records of other variables, including streamflow, temperature and evapotranspi-
ration. The lack of adequate funding aggravates the situation [Hughes, 2006; Thiemig et al., 2012]. According-
ly, SPPs offer an important alternative source of information that can be combined with ground
observations (when available) to provide improved monitoring capabilities. The use of SPPs is advantageous
in several ways because: (1) many have global coverage and are available in near-real-time, (2) some have
spatial and temporal resolutions as fine as 4 km and 30 min, (3) they contain information about the
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resolution-scale spatial heterogeneity in precipitation distribution and are therefore useful for spatially-
distributed modeling. The SPPs are based on information from a variety of sensors (visual, infrared, passive
microwave, and active microwave) and various data assimilation algorithms, while some also incorporate
in-situ precipitation observations.

Because they are not based on ‘‘direct’’ measurements of precipitation, SPPs are subject to different types of
errors [Tobin and Bennett, 2010; Gebregiorgis et al., 2012], which could arise from sampling, retrievals, inade-
quate ground observations, improper model calibration and bias correction, spatial scales, etc. [Demaria
and Serrat-Capdevila, 2016]. Sampling errors can result from discontinuities in space and time between con-
secutive satellite overpasses; retrieval errors can occur from measurement noise, data assimilation algo-
rithms, inability of the sensors to properly detect the salient characteristics of rainy and dry periods/areas,
etc. Inadequate rain gauge networks make calibration less robust, especially in sparsely gauged basins. The
point measurements of rainfall are subject to several different sources of errors, such as, deflection of rain
drops due to the wind, position of the rain gauge (whether inclined or not), splashing of rain drops, dam-
ages in the rain gauge, evaporative loss from the bucket, leakage in the bucket, etc. Furthermore, the com-
parison between satellite estimates and rain gauge measurements is challenging because of the issue of
spatial scale. While satellite estimates usually have spatial resolution on the order of a square km, the rain
gauges, on the other hand, are representative of only a few square cm of area. Since both satellite and point
measurements have their own share of errors, merging both could be a way to balance out the discrepan-
cies and generate a more reliable ‘‘ground truth.’’

1.2. Review of the Literature
Several recent studies have conducted region-specific evaluations of SPPs at different time scales, by com-
paring them against each other or against some reference data set, occasionally including in-situ precipita-
tion measurements [Xie and Arkin, 1995; Adler et al., 2001; Ebert et al., 2007; Sapiano and Arkin, 2009;
AghaKouchak et al., 2011; Thiemig et al., 2012; Mei et al., 2014]. Other studies have evaluated SPPs within
hydrologic settings. For example, Yilmaz et al. [2005] compared the mean areal precipitation (MAP) esti-
mates from rain gauge (MAPG), radar (MAPX), and satellite (PERSIANN: Precipitation Estimation from
Remotely Sensed Information using Artificial Neural Networks) by feeding them through a lumped hydro-
logic model (SAC-SMA: Sacramento Soil Moisture Accounting) to generate streamflow, and found that pre-
cipitation bias and basin size were the two main factors influencing the overall performance of the model
simulations, with smaller basins causing poorer model performance and vice versa. Su et al. [2008] evaluat-
ed the performance of Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis
(TMPA) by comparing it against rain gauge records, and by analyzing the TMPA-generated forecasts using a
hydrologic model (VIC: Variable Infiltration Capacity). Although the peak flows were biased upward, the sim-
ulations were able to capture the pattern of daily flooding events and low flows, and also the seasonal and
inter-annual variability of streamflow. Su et al. [2011] subsequently showed that the satellite-only real-time
version of TMPA (TMPA-RT/3B42RT), which unlike TMPA does not assimilate rain gauge information but are
available in near-real-time, also performs reasonably well. Gebregiorgis et al. [2012] used three SPPs, namely
CMORPH (Climate Prediction Center Morphing Technique), TMPA-RT, and PERSIANN-CCS (PERSIANN-Cloud
Classification System) and a physically-based hydrologic model (VIC) to study the contributions of the three
independent bias components of SPPs (hit, miss-rain, and false-rain) to the estimation uncertainty of soil
moisture and runoff. Gebregiorgis and Hossain [2013] further investigated the influence of topography and
climate on SPP uncertainty and found that the topography plays a bigger role than climate. Thiemig et al.
[2013] evaluated four SPPs, namely CMORPH, TMPA, RFE 2.0 (Rainfall Estimator), and PERSIANN, and one
reanalysis product (ERA-Interim) by using them to drive a physically based hydrodynamic model (LISFLOOD)
and showed that the SPPs perform better in the high flow range. They further investigated the relevance
and significance of precipitation bias correction as well as SPP-specific model calibration. Meng et al. [2014]
used TMPA and rain gauge data in a distributed hydrologic model (CREST) and found that TMPA was not
good enough for the purpose of simulating daily discharge, but performed reasonably well at the monthly
time scale. Casse et al. [2015] compared one gauge-only (CPC), two gauge-corrected (TMPA and RFE 2.0)
and three satellite-only (TMPA-RT, CMORPH, and PERSIANN) precipitation products by using them to drive a
hydrologic model (ISBA-TRIP) and evaluated the simulated streamflows against observed streamflows. They
found that the satellite-only products, which tended to produce more rain, generated excess amounts of
discharge.
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Gebregiorgis and Hossain [2014a, 2014b] focused on the combined use of multiple SPPs instead of just
selecting a single best one. They proposed a weighted sum scheme for merging three SPPs (CMORPH,
TMPA-RT, and PERSIANN-CCS), where the weights were calculated as the inverse of the streamflow error
variance of the corresponding product. The error variance was estimated based on a nonlinear (power func-
tion) regression model with satellite rainfall rate as the predictor, and was further grouped based on three
key geophysical features (topography, climate, and season). To estimate the error variances, they consid-
ered streamflow simulations using in-situ precipitation data to be synthetic estimates of the ‘‘truth,’’ thereby
overcoming the need for actual streamflow observations. The methodology was tested by Gebregiorgis and
Hossain [2015] for diverse geophysical settings in the USA, Asia, Middle East, and Mediterranean.

Improving streamflow forecasts by bias correction is a relatively new research area with only a handful of
papers available. Snover et al. [2003] applied a ‘‘percentile mapping’’ technique, also known as ‘‘quantile
mapping,’’ to remove simulated streamflow bias at the monthly time scale. Hashino et al. [2007] reviewed
three different streamflow bias correction techniques (multiplicative factor-based, regression-based, and
quantile mapping-based) and showed that all of them significantly improved the forecast quality. Wood
and Schaake [2008] reported mixed outcomes after applying a quantile mapping type correction to ensem-
ble forecasts; in some cases bias correction reduced the errors, but there were instances where it led to
increased error due to large scatter in the data. Shi et al. [2008] applied the same percentile mapping tech-
nique as Snover et al. [2003] and found that the bias-corrected streamflow forecasts from a poorly-
calibrated model could perform as good as the forecasts generated from a well-calibrated model. Brown
and Seo [2010] proposed a new technique for bias correction of ensemble forecasts based on the condition-
al cumulative distribution functions of the observed variable given a real-time ensemble forecast provided
by the Bayesian optimal linear estimation; the technique is useful for ensemble forecasts with unknown dis-
tributional form. Zalachori et al. [2012] applied an empirical approach to the bias correction of ensemble
streamflow forecasts to obtain a more reliable outcome. Yuan and Wood [2012] applied a Bayesian tech-
nique [Luo et al., 2007] for bias correcting streamflow forecasts, which resulted in an increased efficiency
skill score.

Recently, probabilistic averaging of forecasts provided by multiple models has received considerable atten-
tion because of its ability to explicitly account for model uncertainty. One of the popular model averaging
techniques is the Bayesian Model Averaging (BMA) [Hoeting et al., 1999; Ye et al., 2004; Raftery et al., 2005;
Vrugt et al., 2006; Vrugt and Robinson, 2007; Duan et al., 2007; W€ohling and Vrugt, 2008; Neuman et al., 2012;
Rings et al., 2012]. The main idea behind merging different models (and their ensembles) is to exploit the
strengths of the individual models to generate a better merged forecast. However, model merging can
have its own drawbacks, and the ideas such as ‘‘more is better’’ or ‘‘advanced is better’’ may not always hold
true. For example, Diks and Vrugt [2010] compared seven different model averaging techniques with varied
levels of complexity and showed that a relatively simple technique can perform better than its more com-
plex counterparts. In a theoretical analysis, Winter and Nychka [2010] showed that the model average will
provide results that are superior to the best model only if the forecasts are sufficiently different than each
other; if the agreement (correlation) between the various model forecasts is sufficiently strong, the model
average will be less skillful than the best model.

1.3. Objectives and Scope of This Study
The main objective of this study is to develop a probabilistic platform for improved streamflow monitoring
and forecasting that can (a) exploit the information provided by multiple satellite products and hydrologic
models, (b) provide uncertainty estimates on the forecasts, and (c) support water management in sparsely
gauged basins. In order to improve the accuracy and precision of the forecasts, the platform relies upon a
five-step procedure that includes: (1) bias-correction of SPPs; (2) calibration of hydrologic models (using
bias-corrected SPPs as input); (3) bias-correction of model-simulated streamflow; (4) probabilistic merging
of multiple streamflow estimates, and (5) bias correction of the merged streamflow forecast.

We hypothesize that probabilistic model merging will be able to exploit the information provided by (1) the
variety of conceptualizations underlying different hydrologic model structures, and (2) the precipitation esti-
mates by alternative satellite products (some products have better rain-rate estimation while others have
better FAR and POD values), to produce a more precise and accurate forecast. Clearly, each hydrologic mod-
el will have its own limitations and biases, and each SPP will have different error characteristics. By
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exploiting the information contained in multiple products and models, we also expect the approach to pro-
vide better and more reliable estimates of forecast uncertainty.

To explore this hypothesis, we use three models, including two structurally distinct conceptual lumped
models (HBV-EDU and HYMOD) and a physically-based semidistributed model (VIC). Driving each of these
models by four different SPPs, we generate twelve model-product combinations (MPCs). The use of SPPs cir-
cumvents the issue of sparse rain gauge network in the study area. For bias correcting streamflow forecasts,
we apply the quantile mapping technique independently to each of the twelve MPCs, and further extend
this approach to handle the extreme values separately by fitting generalized extreme value distributions
(GEVs). This approach closely resembles the precipitation bias-correction scheme in Wood et al. [2002]
where the Weibull and the Gumbel distributions are fitted to the lower and the higher extremes, respective-
ly. We use historical data to derive the distribution fits, which are then used to bias-correct any unseen/new
data (e.g., real-time data). The bias-corrected forecasts are merged using three probability density-based
model averaging techniques, (1) Uniform Weighted Averaging (UWA) where equal weights are assigned to
the PDFs, (2) Inverse (Error) Variance Averaging (IVA) where weights are assigned based on the inverse of
the variance of the historical errors, and (3) Maximum Likelihood Bayesian Model Averaging (BMA) as pro-
posed by Raftery et al. [2005]. Finally, we bias-correct the merged forecasts using the same quantile
mapping-based correction technique as explained above.

The streamflow forecasting platform, termed as Multimodel and Multiproduct Streamflow Forecasting
(MMSF), is currently operational in the Mara River basin of Africa (Kenya & Tanzania), which has poor in-situ
monitoring and limited forecasting capabilities, and faces serious water sustainability challenges. The manu-
script is arranged as follows. Section 2 provides the details of the methodology, Section 3 presents the
results, Sections 4 focuses on the discussions, and finally, Section 5 includes our conclusions.

2. Methodology

2.1. Study Area
The Mara River basin is located between longitudes 338880 E and 358 900 E and latitudes 08 280S and 18 970 S
(Figure 1). The basin has an overall area of 13,504 km2, nearly 65% of which lies in Kenya and the remaining
35% in Tanzania. The perennial river Mara originates at Napuiyapi swamp (2932 m ASL) which is the conflu-
ence of its two perennial tributaries, Nyangores and Amala, originating from the Mau Forest Escarpment

Figure 1. Mara River basin with station Bomet Bridge; green circles represent the rain gauges used in this study.
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(3000 m ASL), a fault scarp passing through the western side of the Great Rift Valley in Kenya. The 395 km
long Mara River flows all the way to its mouth in the Lake Victoria at Musoma Bay, Tanzania (1130 m ASL)
with five ephemeral tributaries (Talek, Sand, Tabora, Somonche, and Tigite) joining in the middle and lower
reaches. The total population in the Mara River basin is almost one million. Crop farming is the main socio-
economic activity followed by livestock rearing, tourism, wildlife, etc. [Mati et al., 2005]. The lower reaches
of the basin have smallholder subsistence farming of maize, sorghum, cassava, etc., whereas the surround-
ing hills are mostly deforested for charcoal burning [Mati et al., 2008]. The basin shares space with the Mara-
Serengeti ecoregion which is famous for its annual mass migration of millions of animals, and is also consid-
ered to be one of the ten natural travel wonders of the world (Source: Wikipedia). The Mara River is the only
perennial source of surface water for this ecoregion [McClain et al., 2014]. The Masai Mara National Reserve
in Kenya and the Serengeti National Park along with the game reserves in Tanzania attract tourists world-
wide and also uphold the importance of the basin from the perspective of biodiversity conservation.

The Mara River basin has two distinct wet seasons corresponding to the yearly oscillations of the inter-
tropical convergence zone (ITCZ). The primary wet season occurs when the ITCZ shifts vertically upward
during March to May (MAM). The secondary wet season is during October to December (OND) which corre-
sponds to the period when the ITCZ shifts southward crossing the equator. The hydrological year is initiated
with ‘‘short rains’’ (a local term) in OND. The seasonal rainfall pattern in the basin is highly complex with sig-
nificant inter and intra-annual variability along with dry periods. Rainfall is greatly influenced by different
controlling factors such as elevation gradient, topography, regional influence of the Lake Victoria, sea-
surface temperature of the Indian Ocean, etc. The spatial as well as temporal coverage of the ground-based
rainfall records is poor in the basin. Studies have shown that the long-term mean of the annual precipitation
ranges between 1500 mm (in Mau Escarpment) and 600 mm (in the headwaters of Sand tributary), with
800 mm at the river mouth in the Lake Victoria [McClain et al., 2014].

The average annual water consumption in the basin is a small fraction of the average annual runoff, howev-
er, during dry periods, increase in water demand and decrease in supply escalate the chances of water defi-
cit [McClain et al., 2014]. The Mara River is currently free flowing but three dams have been proposed for
water management purposes, including two on the headwater tributaries and one on the main channel just
downstream of the Serengeti National Park [McClain et al., 2014]. In the past century, the main vegetation in
the basin included montane forest in the headwaters and a mixture of shrub-lands and grasslands in the
middle and lower sections. Almost 4500 km2 of the land got transformed into farmlands and tea plantations
by the year 2000 (basin-scale land cover not measured since then), reflecting the pressures of population
growth and agricultural expansion [Mati et al., 2008; McClain et al., 2014].

2.2. Data
Four different variables are used to drive the modeling platform: (1) precipitation, (2) temperature, (3) wind
speed, and (4) streamflow. The first three are used as inputs to the hydrologic models. Precipitation esti-
mates from four different SPPs are used, as well as observational records from a few met stations, which are
also the source of the temperature and wind speed data for this study. Historical river stage records from
the Bomet Bridge discharge station on the Nyangores River are used to calculate the streamflows with the
station’s calibrated stage-discharge rating curve. The streamflows obtained thereby are used to calibrate
the hydrologic models.
2.2.1. Satellite Precipitation Products
2.2.1.1. PERSIANN-CCS
PERSIANN-CCS [Hong et al., 2004] is an infrared (IR)-based satellite precipitation product currently available
for Africa and India for 5 year period (2006–2010) at 0.048 3 0.048 spatial, and 3 hourly and daily temporal
resolutions. The pixel rain rates are processed from the IR cloud imageries. The cloud images are separated
into distinctive cloud patches before extracting different cloud features including coldness, geometry, and
texture. These cloud patches are then clustered into well-organized subgroups. Finally, Tb-R relationships
are calibrated against hourly gauge-corrected radar precipitation data for each cluster group, thereby over-
coming the limitations of a single Tb-R function. In this study, we have used the 3 hourly PERSIANN-CSS for
Africa with 0.048 3 0.048 spatial resolution from 2006 to 2010.
2.2.1.2. CMORPH
CMORPH [Joyce et al., 2004] is a quasi-global (608 N-S, 1808 W-E), multiyear (1998 till near-present), satellite-
based precipitation product available at several spatial (8 km and 0.258) and temporal (30 min, 3 hourly and
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daily) resolutions. The estimates are generated by merging information both from passive microwave
(PMW) and IR sensors. Motion vectors are derived at 30 min intervals from stationary IR imageries, which
are then merged with rain area and intensity data derived by the PMW sensor. A time-weighted linear inter-
polation scheme is used to modify (or morph) the shape and the intensity of precipitation between the
PMW overpasses. In this study, we have used the 3 hourly quasi-global CMORPH at 0.258 3 0.258 spatial res-
olution from 1998 to 2014.
2.2.1.3. TMPA-RT
NASA’s TMPA- RT combines information from multiple satellites in order to produce a quasi-global (508 N-S,
1808 W-E), near-real-time (1 March 2000 to near-present) precipitation product at 0.258 3 0.258 spatial and 3
hourly temporal resolutions. This product is the real-time version of the actual TMPA [Huffman et al., 2007].
TRMM, launched in 1997 primarily for research and development purposes, is the first satellite dedicated to
precipitation studies. It is also the first satellite which, in addition to having visual (VIS), IR, and PMW sensors,
also had spaceborne radar for precipitation measurement with active microwave (AMW) sensors. The after-
real-time TMPA also incorporates rain gauge information, wherever feasible. In this study, we have used the
3 hourly quasi-global TMPA-RT at 0.258 3 0.258 spatial resolution from 2001 to 2014.
2.2.1.4. CHIRPS
Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) [Funk et al., 2014] is a quasi-global
(508 N-S, 1808 W-E), multiyear (1981 to near-present) precipitation data set with 0.058 3 0.058 spatial and
daily temporal resolutions. CHIRPS is created by combing data from five different sources: (1) pentadally dis-
aggregated monthly precipitation climatology (CHPClim) representing the expected annual sequence of
precipitation at each grid cell, (2) quasi-global geostationary thermal-IR satellite observations from two
NOAA sources (CPC IR & NCDC B1 IR), (3) NASA’s TRMM 3B42 precipitation product, (4) precipitation fields
from NOAA Climate Forecast System, version 2 (CFSv2), and (5) in-situ precipitation observations both from
national and regional sources (CHG Station Climatology Database, UCSB).

The duration of the cold cloud top (<2358 K) is calculated as percent of pentad, which is then converted
into mm of precipitation using the predetermined local regression of TRMM 3B42 pentads. These pentad
precipitation values are expressed as the percent of normal by dividing by their long-term means, which
are then multiplied by the corresponding CHPClim pentad to produce the unbiased gridded estimate, Cli-
mate Hazards Group IR Precipitation (CHIRP). Five nearest station observations with weights proportional to
the square of their expected correlations are used to adjust the CHIRP value in each grid cell and produce
CHIRPS estimates. Missing IR values due to incomplete satellite coverage are replaced by likewise bias-
corrected CFSv2 data. In this study, we have used the daily CHIRPS Version 2 (latest version) data for Africa
at 0.258 3 0.258 spatial resolution from 1981 to 2014.

Table 1 shows the four SPPs along with their specifications used in this study. All the analyses are carried
out at a daily level with a spatial resolution of 0.05830.058. The 3 hourly precipitation estimates are aggre-
gated to the daily level and different spatial grids are downscaled (CMORPH and TMPA-RT) or upscaled
(PERSIANN-CCS) to a consistent 0.05830.058 resolution.

Table 1. SPPs Used in This Study and Their Specifications

SPP Provider Primary Sensor Type
Spatial

Resolution
Temporal

Resolution
Spatial

Coverage
Temporal
Coverage

PERSIANN-CCSa

[Hong et al., 2004]
UCI Infrared 0.04830.048 3 hourly 37.88N–40.68S

28.08W-56.28E
2006–2010

CMORPHb

[Joyce et al., 2004]
NOAA-CPC Infrared 1 Passive

Microwave
0.25830.258 3 hourly 608N–608S

1808E-1808W
1998 to near

present
TMPA-RTc

[Huffman et al., 2007]
NASA Visual 1 Infrared 1 Passive

Microwave 1 Active
Microwave

0.25830.258 3 hourly 508N–508S
1808E-1808W

1998 to near
present

CHIRPSd

[Funk et al., 2014]
UCSB Merged Products 1 In-situ

precipitation observations
0.05830.058 daily 508N–508S

1808E-1808W
1981 to near

present

aPrecipitation Estimation from Remotely Sensed Information using Artificial Neural Networks-Cloud Classification System.
bClimate Prediction Center Morphing Technique.
cTropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis - Real Time.
dClimate Hazards Group InfraRed Precipitation with Station data.
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2.2.2. Rain Gauges
Precipitation, temperature, and wind speed
data are extracted from the Global Surface
Summary of the Day (GSOD) product pro-
duced by the National Climatic Data Center
(NCDC) in Asheville, NC. The data are
derived from the Integrated Surface Hourly
(ISH) data set which includes global data
obtained from the USAF Climatology Cen-
ter. The data sets are available in near-real-

time with a lag of 1–2 days, and cover over 9000 stations with the earliest record available from the year
1929. The more complete data sets are available since 1973.

Figure 1 shows the locations of the six rain gauges in the closest vicinity of the river basin; details are includ-
ed in Table 2. The long-term mean of the rain gauges shows good agreement with the long-term mean of
the CHIRPS product, in most cases. The majority of the gauges have more than 50% of missing records.
Although the rain gauges lie outside the basin (but in its vicinity), these are the only available ‘‘ground
truth,’’ and therefore we assume them to be approximately representative of precipitation in the basin.

To note, we do not use the rain gauge records directly either as forcings to our hydrologic models or for
bias correcting the daily SPPs. Instead, they are only used to slightly correct the long-term mean of the
CHIRPS product. The rain gauge measurements were not used for daily bias correction because (1) there
was a large number of missing data, (2) the met stations were in the periphery of the basin, and (3) the
CHIRPS product allowed a good spatially distributed bias correction of the SPPs. Our main goal was to make
the best use of the available information, and so, we first calculated the long-term means of the rain
gauges, then averaged them spatially, and finally, used that calculated mean to slightly adjust the long-
term mean of CHIRPS, which was then used to adjust the monthly biases of the other SPPs. These helped
reduce the possible uncertainties arising due to the locations of the rain gauges in the basin.
2.2.3. Streamflow
The river stage data were available for the gauging station located at the Bomet Bridge (Station ID: 1LA03;
Location: 0847023.5000 S 35820047.4500 E) on the Nyangores tributary of the Mara River in Kenya. The calibrat-
ed stage-discharge relationships provided by the water resources management authority were employed
to calculate the streamflow estimates from the river height records. To note, the state-discharge relation-
ships are implicitly associated with some level of uncertainty which has not been accounted for in this
study. The available data ranged from 1 January 1996 to 30 June 2010, with around 8% of missing records.
The Nyangores subbasin drains an area of approximately 697 km2.
2.2.4. Temperature and Wind Speed
Temperature and wind speed data were extracted from the same met stations where the rain gauges were
installed. The stations provide maximum, minimum, and average measurements of daily temperature. Both
temperature and wind speed measurements are derived from multiple observations (varying from 4 to 24)
throughout a given day. The wind speed records from the met stations were also compared against the
NCEP reanalysis product [Kalnay et al., 1996] (results not shown).

2.3. Hydrologic Models
2.3.1. HBV-EDU
HBV-EDU [AghaKouchak and Habib, 2010; AghaKouchak et al., 2012] is a simplified spatially-lumped ten-
parameter version of the spatially-distributed HBV model [Bergstr€om, 1992; Bergstr€om and Singh, 1995;
Lindstr€om, 1997]. The model has four basic modules, (1) snowmelt and snow accumulation, (2) soil moisture
and effective precipitation, (3) evapotranspiration, and (4) runoff response, and uses daily/monthly precipi-
tation and temperature and long-term estimates of mean monthly temperature and potential evapotranspi-
ration (PET) as input variables. The model simulates runoff as the sum of three components; surface runoff,
interflow, and baseflow.
2.3.2. HYMOD
HYMOD [Boyle, 2000] is a spatially-lumped, six-parameter conceptual rainfall-runoff model consisting of two
separate modules, (1) soil moisture accounting (SMA) and (2) routing (ROUT). The model uses mean annual
precipitation and PET as inputs to generate streamflow and evapotranspiration (ET) as outputs. The SMA

Table 2. Details of the Available Rain Gauges in the Study Area

Name Lat Lon
Gauge
Mean

CHIRPS
Mean

%
Missing

KISUMU 20.086 34.728 4.74 4.25 22.52
KISII 20.666 34.783 5.41 5.04 57.08
KERICHO 20.366 35.350 5.49 5.26 52.61
NAKURU 20.266 36.100 3.23 2.77 24.68
MUSOMA 21.500 33.800 3.11 2.84 58.52
NAROK 21.133 35.833 2.53 1.47 52.17
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module controls the nonlinear vertical flow processes based on a two parameter rainfall excess model
[Moore, 1985], whereas the ROUT module controls the temporal redistribution of the horizontal flows, and
includes quick-flow routing for fast overland flow and slow-flow routing for baseflow. In this study, the PET
was calculated using the Hargreaves Equation [Hargreaves and Samani, 1985] based on the in-situ tempera-
ture measurements in the study area.
2.3.3. VIC
VIC [Liang et al., 1994] is a semidistributed macro-scale physically-based hydrologic model that solves water
and energy balance equations independently for each grid cell, and statistically accounts for some aspects
of subgrid heterogeneity. Soil characteristics such as soil texture, hydraulic conductivity, etc., are assumed
to be constant for each grid cell. The main four inputs to the model are precipitation, maximum air temper-
ature, minimum air temperature, and wind speed, from which the model can estimate all other necessary
variables. The model has a thin canopy layer on the top and three soil layers underneath. Runoff generated
in each grid cell is routed from that cell to the channel using a triangular unit hydrograph, and then from
the channel to the outlet by the linearized St. Venant’s equations [Lohmann et al., 1996, 1998]. For this
study, the model was run in the ‘‘water balance’’ mode to circumvent the computational expense of solving
the surface energy balance equations. For calibration, we focused on the six most sensitive parameters
based on the recommendation of the developers (see ‘‘www.hydro.washington.edu/Lettenmaier/Models/
VIC/Documentation/Calibration.shtml#General’’).
2.3.4. Model Characteristics
The selection of the three models described above was done aiming to demonstrate the inclusion of a
range of different model structures and levels of model complexity in the multimodel approach presented
here. This will ensure that the merged outputs will cover a range of model uncertainties and structural rep-
resentations. The selected models include two relatively simple spatially lumped conceptualizations,
HYMOD and HBV-EDU, and a semidistributed physical process-based model, VIC, with a higher level of com-
plexity in structural and process representations. HYMOD only considers processes involving liquid water,
whereas, HBV-EDU also has a snow component. VIC, in addition to having a snow component, also includes
process representations accounting for land cover and soil, frozen soil, dynamic lake/wetland, and carbon
cycle. Being spatially distributed, VIC uses an independent routing model for propagating the water through
grids and channels.

2.4. Forecasting Platform
Our forecasting platform (MMSF) includes five main steps as shown in Figure 2. The raw SPPs are bias-
corrected using rain gauge data before being used for model calibration; we refer to this as ‘‘Step-I’’ bias-
correction. Each of the three hydrologic models (HBV-EDU, HYMOD, and VIC) is then calibrated individually
using each of the four SPPs (CHIRPS, CMORPH, TMPA-RT, and PERSIANN-CCS) as input, thereby producing a
unique calibrated parameter set for each of the twelve MPCs. The simulated streamflows corresponding to
each of these twelve MPCs are then bias-corrected (‘‘Step-II’’) to match the distributional properties of the
observed streamflow records. The bias-corrected streamflow series are probabilistically merged; in this
study we examined three different model averaging techniques (UWA, IVA, and BMA). Finally, when
required, the merged forecasts are further bias-corrected (‘‘Step-III’’) via the Step-II correction scheme to pro-
duce the final forecasts.

Figure 2. The MMSF platform developed in this study.
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2.4.1. Step-I Bias Correction
The Step-I bias correction is a multiplicative
correction using a bias factor defined as the
ratio between the reference value and the
raw value (equation (1)). The SPPs were mul-
tiplied by the bias factor to correct their
means (Figure 3).

Bias Factor5
Reference Value

Raw Value
(1)

Because the CHIRPS product already assimilates in-situ precipitation observations from both national and
regional sources [Funk et al., 2014], we used CHIRPS to bias-correct the other SPPs. However, we first adjust-
ed the long-term mean of CHIRPS for our study area using the available rain gauge data. Thus, the Step-I
bias correction is essentially a two-step procedure; the advantage is that it allows us to perform cell-to-cell
bias correction of the gridded SPPs.

In order to bias-correct the CHIRPS product using local rain gauges, we computed the average bias factors
from each rain gauge and the corresponding CHIRPS cell, after removing days with missing records.
Although CHIRPS estimates already included rain gauge information, this correction additionally incorporat-
ed information from the local rain gauges to provide a more region-specific correction of the product. The
bias-corrected CHIRPS data were then used as the basis for bias-correction of the cell-wise monthly means
of each of the other three SPPs. For all cases, the bias correction scheme was implemented at a spatial reso-
lution of 0.058 and a daily time step.

The temporal aggregation of the SPPs also involved a time correction because: (1) the local time in the
study area is 3 h ahead of the GMT, and (2) the rain gauge measurements are taken from 9 am to 9 am local
time. The time correction maintains a positive lag of 6 h while aggregating the SPPs so that they properly
correspond to the timing of the rain gauge measurements.
2.4.2. Hydrologic Model Calibration and Evaluation
The model development phase involved two successive steps of calibration and evaluation. Calibration was
conducted to estimate the optimal parameter values that were then used in the evaluation step to examine
the model performance. In our case, all the four SPPs and the observed streamflow data shared an overlap-
ping time frame of 4.5 years (1 January 2006 to 30 June 2010). The first 3 years of this common time frame
were used for calibration, and the remaining 1.5 years were used to evaluate the performance of the cali-
brated models. For both calibration and evaluation, a model warm-up (spin-up) period of 31 days was used.
Some clearly erroneous points in the observed streamflow records were manually detected and discarded.

The SCE-UA [Duan et al., 1992] optimization procedure was used to minimize the Mean Squared Error of
Transformed Flow (MSE-TF) as the objective function. The Box-Cox Transformation [Box and Cox, 1964] was
used to transform the streamflow so that the skewness is minimized. This transformation was useful
because it gave equal weights to both high and low flows. The transformation parameter value (k 5 0.38)
was calculated from the observed streamflow records ranging from 1 October 1996 to 30 June 2010.

For the semidistributed model VIC, we used spatially distributed forcings but kept the parameters identical
in each grid cell. During calibration, the parameters were constrained to lie within their physically based
ranges, as suggested by the developers (see ‘‘www.hydro.washington.edu/Lettenmaier/Models/VIC/Docu-
mentation/CalibrateSoil.shtml’’). The model was implemented over 38 square grid cells of 0.058 3 0.058 res-
olution, covering the drainage area of the Nyangores River above the streamflow gauge at the Bomet
Bridge.
2.4.3. Step-II Bias Correction
In addition to the systematic biases inherent to the input variables such as precipitation, calibrated models
can also introduce bias in their outputs due to model assumptions and structural simplifications. We bias-
corrected (Step-II) the streamflow forecasts generated by the twelve MPCs in the transformed space using a
quantile mapping-based scheme that treats the extreme values separately. In the nonextreme range, empir-
ical cumulative distribution functions (ECDFs) were created for both observed and simulated flows, whereas
in the extreme ranges, theoretical generalized extreme value distributions (GEVs) were fitted. Use of the

Figure 3. Flow chart of Step-I bias correction scheme.
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theoretical GEV in the extreme range enables extrapolation, when required. The extreme range was decided
through expert judgement, studying the observed streamflow distribution and the hydrograph. Any flow
value lower than 0.2 mm/d was considered to be in the lower extremes while values greater than 2.5 mm/d
were considered to be in the upper extremes. The bias correction scheme assumed stationarity, which was
a fair assumption in this case, since the observed streamflow time series within the time span of the avail-
able data did not demonstrate any significant trend.

Several other methods were tested before finalizing the GEV fits for the extreme values. The simplest
approach was to fit polynomials of different orders to the given data. As expected, the lower order polyno-
mials were not satisfactory, whereas the higher order ones were prone to over fitting. We also tested the
smoothing approach proposed by Mann [2008], where the three lowest order boundary constraints are
weighted adaptively to get the best fit to the raw data. However, the GEV produced the best fit for our
application. Goodness of fit in the extreme range was assessed using a two-sided Kolmogorov-Smirnov (KS)
Test [Massey, 1951], carried out at the 5% significance level with the null hypothesis stating that the data
come from the fitted GEV distribution.
2.4.4. Merging Forecasts
Three probability density-based model averaging techniques (UWA, IVA, and BMA) were applied to merge the
daily forecasts generated by the twelve MPCs in the transformed space. On any given day, the probability dis-
tribution for an MPC was created by superimposing the corresponding error distribution (extracted from the
differences between the bias-corrected simulations and the observations in the transformed space) onto the
bias-corrected deterministic forecast value of the MPC for that day. Thus, twelve different probability distribu-
tions were obtained on any given day corresponding to the twelve MPCs; these were then merged by apply-
ing the three model averaging techniques, all of which assign some weights (same or different) to the
distributions based on some specific criteria. All of the error distributions were assumed to be Gaussian with
zero mean. While the shape (or variance) of each MPC error distribution does not change with time (i.e., the
individual forecast distributions are homoscedastic), the merged forecasts can be heteroscedastic in the trans-
formed space. Furthermore, both individual and merged forecasts can be heteroscedastic when transformed
back to the actual space. A brief review of the three model averaging techniques is given in the following:
2.4.4.1. Uniform Weight Average (UWA)
In UWA, all of the distributions are assigned equal weights. The probability of occurrence of any given value
in this case is given by:

P yijhð Þ5
Xm

j51

aj P yijbj

� �
; a15a25 . . . 5am5

1
m

(2)

where h denotes the set of distribution parameters, m is the total number of distributions, a represents the
weights on each of the distributions, and b represents the individual distribution parameters.
2.4.4.2. Inverse Variance Average (IVA)
In IVA, the weights on the forecast distributions are calculated based on the inverse of the variances of the
corresponding error distributions. All the weights are normalized so that they add up to one. Thus, a distri-
bution with higher spread is given a lower weight and vice versa. The probability of occurrence of any given
value in this case is given by:

P yijhð Þ5
Xm

j51

ajP yi jbj

� �
; aj /

1
r2

j
(3)

where rj is the standard deviation of the jth distribution.
2.4.4.3. Bayesian Model Average (BMA)
The BMA algorithm is implemented in this study such that it optimizes the weights assigned to the proba-
bility distributions corresponding to the MPCs by maximizing the likelihood of the merged distribution. The
probability distributions are assumed to be Gaussian, characterized by two parameters, mean and standard
deviation. The mean essentially represents the deterministic model forecasts, whereas the standard devia-
tion represents the spread. Both of these parameters were unique properties of the MPCs in the MMSF plat-
form, and therefore, were not altered within the BMA routine. The only parameters that were optimized
were the weights associated with the individual distributions.

In general, the optimization of a likelihood function produces a set of parameters that maximizes the probabil-
ity of occurrence of the values of a random variable characterized by some probability distribution. Assume
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that Y is a random variable with values y1; y2; � � � yn where n is the number of data points. If the observations
are assumed to be independent and identically distributed (i.i.d.), the likelihood function is given by:

L hð Þ5
Yn

i51

P yijhð Þ (4)

The log-transformation is applied to the likelihood equation to simplify (multiplicative to additive) its form
(equation (5)). Since the log-transformation is monotonic in nature, the maximum values of both likelihood
and log-likelihood functions correspond to the same set of parameters.

log L hð Þ5
Xn

i51

log P yi jhð Þ (5)

A closed-form solution of equation (5) can be obtained by setting its first derivative with respect to the
parameters to zero. However, this becomes difficult when the observations come from multiple distribu-
tions. For example, in our case, there are twelve distributions and any merged value essentially corresponds
to some combination of these distributions. The probability of occurrence of any value in this case is written
as the weighted sum of the individual distributions:

P yi jhð Þ5
Xm

j51

aj P yijbj

� �
(6)

The log-likelihood function in this case is given by:

log L hð Þ5
Xn

i51

log
Xm

j51

ajP yijbj

� �
(7)

The summation within the log in equation (7) makes it difficult to derive a closed-form solution of the equation.
Therefore, this equation is solved iteratively using the two-step Expectation Maximization (EM) algorithm [Demp-
ster et al., 1977]. The ‘‘expectation’’ step computes the estimates of the latent variables (posterior probabilities)
from the prior weights and the likelihood function using Bayes’ rule. These latent variables are then used in the
‘‘maximization’’ step to update the weights and recalculate the distribution parameters from their maximum like-
lihood estimators. The log-likelihood function reaches an asymptotic state when the parameters are optimized,
and the optimized weights indicate the predictive skill of the corresponding distributions. These weights are
then used to construct the final BMA distribution as a weighted sum of the individual PDFs. In principle, BMA
should be able to distinguish between the superior and the inferior forecasts, and by assigning lower weights to
the inferior ones, the algorithm should reduce their relative contributions to the merged forecast. Once the
merged forecast PDF is obtained, the mean and the 95% confidence intervals (spline interpolation used in this
study) are calculated, which represent the deterministic forecasts and the associated uncertainty, respectively.

The Step-II bias correction scheme implemented in this study was based on the data from the entire time
span of 4.5 years, since the idea was to make the best use of all available information. However, the method
was also tested by developing the correction scheme in the calibration period and testing it in the evalua-
tion period for all the twelve MPCs. The results showed significant improvements after the bias correction,
which supports the idea that the correction could be implemented in real-time after developing the scheme
using historical data.
2.4.5. Step-III Bias Correction
The Step-III bias correction scheme was essentially similar to the Step-II bias correction scheme, but was
applied to the merged forecasts instead of the individual ones.
2.4.6. Performance Evaluation Metrics
Table 3 presents the four metrics used for performance evaluation in this study. The normalized mean
squared error (NMSE) is calculated by dividing the mean squared error (MSE) by the variance of the observa-
tions. This value, when subtracted from 1, gives the Nash-Sutcliffe Efficiency (NSE) [Nash and Sutcliffe, 1970].
Normalized bias error (NBE) and normalized variance error (NVE) are the residual type errors for bias and
variance, respectively. Finally, the correlation coefficient (R) indicates the strength of the linear relationship
between two variables. Values of NMSE, NBE, and NVE close to zero indicate superior performance, whereas
values of R close to 11 or 21 indicate strong positive or negative linear correlation, respectively.
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3. Results

This section presents the main findings of
our study from each of the five major
steps in developing the MMSF platform:
(1) Step-I bias correction, (2) model cali-
bration/evaluation, (3) Step-II bias correc-
tion, (4) model merging, and (5) Step-III
bias correction.

3.1. Step-I Bias Correction
3.1.1. Lumped Bias Factors
Figure 4a shows the long-term lumped

bias factors calculated for all the six rain gauges by comparing each of them with the CHIRPS estimates. The
factors were calculated after temporally aggregating the gauge measurements and CHIRPS estimates for
the commonly shared time span of 30 years (1985–2014). The average of the six long-term bias factors was
1.16, which implied that overall, the rain gauge measurements were 16% higher than the CHIRPS estimates
in the study area. Bias factors calculated likewise on a monthly basis are shown in Figure 4b. As can be
seen, the factors at Narok are quite high in some months as compared to the other five rain gauges, particu-
larly in the months of July, August, and October. The inter-gauge variability is minimum in March and April,
which correspond to the main rainy season in the study area.
3.1.2. Distributed Bias Factors
Figure 5 shows the distributed average yearly bias factors over the entire Mara River basin. All the SPPs
showed some bias in their estimates, which was removed before using them for model calibration in the
next step.

3.2. Model Calibration and Evaluation
Figure 6 summarizes the calibration and evaluation error statistics for all twelve MPCs. Although the error
statistics generally deteriorate during evaluation, which is not unusual, the NMSE and R statistics lie within a

Table 3. Performance Evaluation Metrics Used in This Studya

Metrics Equations

Normalized Mean Square
Error (NMSE)

MSE5meanð S2Oð Þ2Þ; NMSE5 MSE
var Oð Þ

Normalized Bias Error (NBE) NBE5
mean Sð Þ2mean Oð Þ

mean Oð Þ

Normalized Variance Error (NVE) NVE5
var Sð Þ2var Oð Þ

var Oð Þ

Correlation Coefficient (R) R5

PN

i51
Oi 2mean Oð Þð Þ Si 2mean Sð Þð ÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN

i51
Oi 2mean Oð Þð Þ2

PN

i51
Si 2mean Sð Þð Þ2

q

aO: Observed flows; S: Simulated flows; N: Number of data points.

Figure 4. Bias factors calculated based on rain gauge measurements and CHIRPS estimates. (a) Yearly bias factors. (b) Monthly bias factors.
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comparable range. However, NBE shows a significant increase during evaluation, which means that even if
the bias is reduced during calibration, it can still be a major issue for new data sets (evaluation data in this
case) and therefore, some postcalibration bias correction may prove to be greatly beneficial. On average,
TMPA-RT shows low NMSE, low NVE, and high R statistics for all three models in calibration, whereas NBE is
lower for CHIRPS.

HYMOD shows superior calibration performance as reflected by the error statistics. HYMOD with TMPA-RT
has the lowest NMSE and NBE, and highest R statistics, whereas VIC with CMORPH performs the worst. Error
statistics for all the four SPPs are more or less similar during evaluation. HYMOD with CMORPH produces
the best NMSE, NVE, and R statistics, whereas VIC with TMPA-RT and VIC with CMORPH both show inferior
performance. Simulation results of the lumped models using the calibrated parameters show that, in gener-
al, HYMOD provides better estimation of the peaks, whereas HBV-EDU is better able to follow the recessions.
In comparison, the response of HBV-EDU is more flashy. VIC tends to follow the recessions more closely
than HYMOD, but shows high overestimation of some of the peaks, which is reflected in the error statistics
during calibration and evaluation. The calibrated parameter values of all the three models are provided in
the supporting information Table S1.

Figure 7 presents the histograms and the 95% confidence intervals of the historical errors in the trans-
formed space for all the twelve MPCs. The kurtosis is low in case of HYMOD and high in case of VIC. HYMOD
with CMORPH shows the narrowest confidence interval while the widest interval is found in HBV-EDU with
PERSIANN-CCS. Overall, all the distributions and the confidence intervals are relatively similar, which ensures
that model merging will not be influenced by any particular MPC(s). The histograms fit the normal distribu-
tions quite well.

3.3. Step-II Bias Correction
Figure 8 shows the diagnostic plots from the Step-II bias correction scheme for HBV-EDU with CHIRPS, con-
structed for the entire time period of 4.5 years. Plots for both actual (top row) and transformed (bottom
row) spaces are shown. The columns represent the scatter plots before and after the bias correction,

Figure 5. (top) Spatial distributions of yearly bias factors over the entire Mara River basin, and (bottomr) Step-I bias correction for Bomet Bridge (Nyangores River).
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respectively. The red line represents the sorted flows. As can be seen, the sorted series (simulated and
observed) closely follows the 45˚ line after the bias correction (second column).

The results of the two-sided KS Test for goodness of fit (GOF) at 5% significance level in the extreme range
showed that the test rejected the null hypothesis in 3 cases (HBV-EDU with PERSIANN-CCS, HYMOD with
CMORPH, and HYMOD with PERSIANN-CCS) out of the total 26 cases, and all of these rejections corre-
sponded to the lower simulated extremes. However, the p-values indicated that had the test been carried
out at 3% significance level, 1 out of the 3 rejections would have been accepted (HYMOD with CMORPH).
The GOF statistics are provided in the supporting information Table S2. Figure 9 summarizes the error statis-
tics before and after the Step-II bias correction applied to all twelve MPCs for the total time span of 4.5
years. The correction scheme was applied in the transformed space but the results presented in Figure 9
are in the actual space. As can be seen, bias correction improves the error statistics in all cases. NMSE consis-
tently reduces to a value of around 0.5 for all twelve cases. The NBE and NVE values are close to zero. The R
statistic also improves in all cases. These results clearly substantiate the usefulness of the bias correction of
model outputs for streamflow forecasting applications.

The Step-II bias correction scheme results in improved error statistics that are consistent for all twelve MPCs.
These improved error statistics could be considered the extent to which a bias correction scheme based on
quantile mapping is able to improve the simulation results. The remaining errors are not captured by and thus
not related to the quantile mapping correction. These limits are subject to change for new data sets.

3.4. Merging Forecasts
Figure 10 illustrates how the separate streamflow distributions for any given day (10 April 2006 as example)
are merged to obtain a single distribution, which can then be used to calculate the deterministic forecast

Figure 6. Error statistics in model calibration and evaluation.
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value and the uncertainty bounds for that particular day. The individual distributions are shown by thin col-
ored lines. The thick solid black line represents the BMA distribution, whereas the thick blue and purple
lines are for the UWA and IVA, respectively. The area under each of these distributions is one.

The bimodality of the merged BMA distribution in Figure 10 can be explained from Figure 11. The algorithm
assigns high weights to two particular MPCs for that given day, HBV-EDU with CHIRPS and VIC with
PERSIANN-CCS (Figure 11a). The forecast values corresponding to these two MPCs are respectively the maxi-
mum and the minimum for that day (color-coded in Figure 11b). Because of this large distance between the
modes of the two highly-weighted distributions, the resulting PDF takes a bimodal shape.

3.5. Benefits of Step-II Bias Correction and Model Merging
This section quantifies the benefits of Step-II bias correction together with probabilistic model merging/
averaging. Table 4 shows the performance of the merged forecasts before and after the Step-II bias correc-
tion using three different merging techniques. The individual forecasts are merged in the transformed
space but the results presented in Table 4 (and the following tables) are in the actual space. Four different
cases are studied. The first three cases are for the merged MPCs corresponding to the individual models
and the four SPPs. In the fourth case, all twelve MPCs are merged. Comparing the results presented in Table
4 with the ones shown in Figure 6, it is clear that merging forecasts (model averaging) improves the error
statistics, even for the raw forecasts (not bias-corrected). Step-II bias correction improves all the error statis-
tics with only three exceptions, where the NBE values are seen to increase when the bias-corrected

Figure 7. Historical error distributions (not bias-corrected) and confidence intervals in the transformed space for all the 12 MPCs.
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Figure 8. Diagnostic plots of Step-II bias correction for HBV-EDU with CHIRPS (upper row: actual space; lower row: transformed space).

Figure 9. Error statistics before and after the Step-II bias correction. (1) HBV-EDU & CHIRPS. (2) HBV-EDU & CMORPH. (3) HBV-EDU &
PERSIANN-CCS. (4) HBV-EDU & TMPA-RT. (5) HYMOD & CHIRPS. (6) HYMOD & CMORPH, (7) HYMOD & PERSIANN-CCS. (8) HYMOD & TMPA-
RT. (9) VIC & CHIRPS. (10) VIC & CMORPH. (11) VIC & PERSIANN-CCS. (12) VIC & TMPA-RT.
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forecasts are merged using BMA (Case 1, 3, & 4). The lowest NMSE statistics are found for the bias-corrected
merged forecasts in Case-4 for all three merging techniques. This merged forecast series also shows the
highest R statistics for IVA and BMA. For UWA, R is maximum for the bias-corrected merged forecasts in
Case-1. The NBE and NVE statistics are minimum for the bias-corrected merged forecasts in Case-2. For all
three merging techniques, the second best results are achieved for the bias-corrected merged forecasts in
Case-1. BMA produces the lowest NBE values when the raw forecasts are merged. However, for bias-
corrected forecasts, IVA performs the best followed by UWA in terms of all four error statistics.

Although probabilistic approaches are able to efficiently characterize the uncertainties, the mean forecasts
calculated from the merged probability distributions may not be the closest to the actual observations.
Table 5 shows a comparison between the probabilistic averages (UWA, IVA, and BMA) and the deterministic
arithmetic average (AMA) of the bias-corrected forecasts corresponding to all twelve MPCs. As can be seen,
IVA has the minimum NMSE and maximum R statistics followed by UWA. NBE and NVE are minimum for
AMA. All four error statistics are better for AMA, when compared against BMA. These results indicate that
complex techniques may not necessarily outperform the simpler ones when assessed in terms of some spe-
cific criteria (performance metrics in this case). However, the complex techniques can provide several
advantages; for example, we cannot carry out a rigorous uncertainty analyses only using the AMA.

Figure 10. Probability density-based model averaging on a given day (10 April 2006).

Figure 11. Weight optimization and forecast values on 10 April 2006. (a) Weight Optimization. (b) Forecasts on 10 April 2006.
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3.6. Step-III Bias Correction
The Step-III bias correction is based on the same methodology as in Step-II correction, but is applied to the
merged forecasts. The main reason for applying this additional bias correction was to see if a single bias cor-
rection following model merging is good enough or there is an added value in separately bias correcting
the individual forecasts before merging them. Although ideally, bias should be removed before merging
the forecasts, we wanted to see how the bias effects the final outcome if it is not corrected beforehand.
Table 6 shows the error statistics from all possible combinations of Step-II and Step-III bias correction
schemes for the three averaging techniques. Column 1 in each case represents the instance where neither
Step-II nor Step-III correction is applied. For column 2, Step-II correction is not applied but the merged fore-
casts are corrected by Step-III scheme. Step-II correction is applied both in column 3 and 4, however, col-
umn 3 does not include Step-III correction.

The statistics in columns 2 and 3 are for the cases when either Step-II or Step-III bias correction scheme is
applied. As can be seen, Step-II correction performs better than Step-III correction in terms of NMSE and R
statistics for all three merging techniques. However, in terms of NBE and NVE, Step-III correction is more
effective than Step-II correction for all cases.

Comparing the error statistics in columns 1 and 2, it becomes clear that even if Step-II bias correction is not
applied, Step-III correction is able to improve the forecasts for all the possible cases. However, if Step-II cor-
rection is applied together with Step-III correction, the forecasts are even better (columns 2 and 4). The NBE
and NVE statistics are the best in this case (expect for BMA where these statistics are the second best).
Therefore, both Step-II and Step-III bias correction schemes are beneficial in terms of NBE and NVE. On the
other hand, for all three merging techniques, NMSE and R statistics are the best when only Step-II correction
is applied without the Step-III correction (column 3). This implies that if only NMSE and R statistics are con-
sidered, there is no need for Step-III bias correction once Step-II correction is already applied.

3.7. Final Forecast Series
Figure 12 shows the time series of the IVA (black line) and AMA (blue line) means, the 95% confidence inter-
vals, and the observations in both transformed and actual spaces. As can be seen, both AMA and IVA appear
to be quite similar and follow the observations quite closely. Three different confidence intervals are shown.
The blue one represents the initial intervals before any model merging, which essentially includes the 2.5th

and the 97.5th percentiles of the distributions
corresponding to the twelve MPCs. The dark
grey intervals are the actual IVA intervals,
whereas the light grey ones are the recalcu-
lated (same way as the blue intervals) IVA
intervals.

The merged PDFs produced by the model
averaging techniques were asymmetric in
shape, and a few of them also showed

Table 4. Step-II Bias Correction With Three Different Merging Techniques

Evaluation
Metrics

CASE-1 HBV-EDU CASE-2 HYMOD CASE-3 VIC CASE-4 ALL MODELS

Without
Correction

With
Correction

Without
Correction

With
Correction

Without
Correction

With
Correction

Without
Correction

With
Correction

UWA NMSE 0.9556 0.3841 0.6591 0.4660 0.7825 0.4805 0.5730 0.3757
NBE 0.0752 20.0158 0.1923 20.0142 0.0620 20.0197 0.0958 20.0237
NVE 0.9075 20.0870 0.3005 20.0750 0.3005 20.1053 0.2834 20.1525
R 0.7108 0.8002 0.7546 0.7586 0.6690 0.7478 0.7635 0.7999

IVA NMSE 0.9409 0.3794 0.6540 0.4623 0.7941 0.4775 0.5728 0.3676
NBE 0.0767 20.0153 0.1906 20.0139 0.0619 20.0194 0.0965 20.0233
NVE 0.8989 20.0850 0.2981 20.0732 0.3208 20.1040 0.3026 20.1514
R 0.7148 0.8028 0.7558 0.7607 0.6676 0.7495 0.7665 0.8043

BMA NMSE 0.9505 0.4059 0.6807 0.4965 0.8906 0.5327 0.7857 0.3976
NBE 0.0275 20.0576 0.1764 20.0328 0.0104 20.0696 0.0288 20.1106
NVE 0.8859 20.1359 0.2865 20.1003 0.3599 20.1312 0.4859 20.2519
R 0.7050 0.7880 0.7374 0.7407 0.6298 0.7221 0.6979 0.7959

Table 5. Comparison of the Probabilistic and Deterministic Averages
for All Twelve Bias-Corrected MPCs

Evaluation
Metrics AMA UWA IVA BMA

NMSE 0.3769 0.3757 0.3676 0.3976
NBE 20.0203 20.0237 20.0233 20.1106
NVE 20.1453 20.1525 20.1514 20.2519
R 0.7996 0.7999 0.8043 0.7959
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bimodality. Bimodal PDFs were found in around 1% cases (days) for UWA and IVA, whereas for BMA, bimo-
dality was evident in around 13% cases. The error statistics were also calculated for the two modes in order
to find the best value (among mean and two modes) to report as the final deterministic forecast on any giv-
en day (Table 7). As can be seen, the mean provides superior performance in terms of NMSE and R statistics
in most cases, followed by the lower and the higher modes. Although in all cases the higher mode has the
best NBE and NVE statistics, the mean also shows very similar values of the two statistics. Accordingly, we
selected the mean as the final deterministic forecast to be reported for any given day.

4. Discussion

In general, all three satellite products showed positive bias (BF< 1) in the western part of the river basin
and negative bias (BF> 1) in the eastern part (Figure 5), which could possibly be due the presence of moun-
tains in the east, where the SPPs often underestimate precipitation [Gebremichael et al., 2014]. Another
probable reason could be the influence of the Lake Victoria in the estimation of satellite rainfall. A simple
bias correction scheme using multiplicative factors (Step-I) was able to reduce the bias for all three prod-
ucts. Although the Step-I scheme corrects only the mean of the precipitation distribution, it is easy to imple-
ment for any large number of grid points (e.g., 2475 grid points for the rectangular block containing the
entire Mara River basin in this study) and does a decent job in correcting the bias. It is also an acceptable
strategy for spatial downscaling.

MSE and its related normalization NSE are the two widely used performance evaluation metrics in hydrolog-
ic modeling studies. These metrics can be decomposed into three subcomponents related to bias, variance,

Table 6. Importance of Step-III Bias Correction Scheme

UWA IVA BMA

(1) (2) (3) (4) (1) (2) (3) (4) (1) (2) (3) (4)

Step-II No No Yes Yes No No Yes Yes No No Yes Yes
Step-III No Yes No Yes No Yes No Yes No Yes No Yes

NMSE 0.5730 0.4173 0.3757 0.4043 0.5728 0.4092 0.3676 0.3959 0.7857 0.4417 0.3976 0.4163
NBE 0.0958 20.0003 20.0237 20.0001 0.0965 20.0004 20.0233 20.0002 0.0288 20.0003 20.1106 0.0007
NVE 0.2834 20.0037 20.1525 20.0031 0.3026 20.0043 20.1514 20.0041 0.4859 20.0020 20.2519 0.0069
R 0.7635 0.7908 0.7999 0.7974 0.7665 0.7948 0.8043 0.8015 0.6979 0.7788 0.7959 0.7924

Figure 12. Final forecast series and the uncertainty bounds.
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and linear correlation [Murphy, 1988; Wȩglarczyk, 1998; Gupta et al., 2009]. Decomposition of these metrics
provides a better understanding of their subcomponents, which can help diagnose the probable causes
behind any given performance [Gupta et al., 2009]. The NMSE metric used in this study is essentially a nor-
malization of MSE similar to NSE. A value of NMSE greater than one implies that the residual variance is
higher than the observation variance, which indicates performance inferior to a persistence model. The oth-
er three performance evaluation metrics correspond to the subcomponents of the decomposed MSE/NSE.
These metrics are normalized to compensate for the effects of magnitude, and make them suitable for gen-
eral use. The choice of the performance metrics used in this study is logical because it encompasses the
most frequent types of errors encountered in hydrologic modeling applications and provides a platform for
comparing them on a consistent basis.

Calibration of hydrologic models separately for each SPP is a good strategy for improving simulation results.
Calibration in the transformed space (e.g., Box-Cox) circumvents the influence of flow magnitude on the
error metric and helps ensure that equal importance is given to both high and low flows. It also reduces the
effects of larger errors that may occur in the stage-discharge transformations of the high flows. While the
performance of TMPA was the best during calibration for all three models, all four SPPs showed similar per-
formance in evaluation (Figure 6). The performance of the relatively simple HYMOD model was the best dur-
ing calibration, and it also performed well in evaluation. Simulation results indicated that HYMOD estimated
the peaks better, whereas HBV-EDU was better able to simulate the recessions (although the simulated
hydrograph was overall flashier). Although VIC also simulated the recessions better than HYMOD, there
were several overestimations of flood peaks in the simulated time series, which resulted in the deterioration
of the error statistics. The calibration results suggest that bias can be a serious issue when the models are
used with new data, even if they have been calibrated already; therefore, a postcalibration bias correction
scheme will generally be beneficial.

Step-II bias correction of the simulated streamflows significantly improved the error statistics for all twelve
MPCs. In all cases, the error statistics also became more consistent after the correction. These results clearly
demonstrate the effectiveness of Step-II bias correction for streamflow forecasting applications. Of course, as
shown by Wood and Schaake [2008], bias correction based on quantile mapping can also cause deterioration
in performance if there is high scatter in the corrected data; a possible reason is that reduced bias error is
accompanied by increased variance error. Although Step-II bias correction was able to improve the simula-
tion results in all twelve cases, we recommend that the method be further tested before its application to
other problems. We think that this type of bias correction could be highly useful when applied to large-scale
spatially distributed models where calibration is challenging. These models could be reliably used with the
manually fitted (based on expert judgement) parameter set, if coupled with the bias correction scheme.

As suggested by our results, model averaging techniques can significantly improve the streamflow fore-
cast error statistics. In general, merging of larger numbers of forecasts resulted in better simulation per-
formance in terms of both NMSE and R (Table 4). The best results were obtained when bias-corrected
forecasts were merged, which corroborates the value of Step-II bias correction. The merged forecasts of
HYMOD were superior in terms of NBE and NVE, whereas the merged forecasts of HBV-EDU produced bet-
ter NMSE and R statistics. BMA provided the most significant reduction in NBE when the raw forecasts
(without Step-II correction) were merged. Overall, IVA produced the best results followed by UWA and
BMA, which illustrates that simpler methods can sometimes be more efficient than their complex
counterparts.

Independently, Step-II bias correction was found to be more effective than Step-III correction in terms
of NMSE and R, whereas Step-III correction provided better improvements in terms of NBE and NVE.

Table 7. Error Statistics Calculated From Mean and the Modes

UWA IVA BMA

Mean Lower Mode Higher Mode Mean Lower Mode Higher Mode Mean Lower Mode Higher Mode

NMSE 0.3757 0.3888 0.3999 0.3676 0.3807 0.3923 0.3976 0.4690 0.6280
NBE 20.0237 20.0215 20.0182 20.0233 20.0210 20.0177 20.1106 20.2139 20.0923
NVE 20.1525 20.1233 20.1204 20.1514 20.1223 20.1190 20.2519 20.2130 20.1113
R 0.7999 0.7949 0.7891 0.8043 0.7993 0.7932 0.7959 0.7985 0.6782

Water Resources Research 10.1002/2016WR019752

ROY ET AL. MULTIMODEL AND MULTIPRODUCT STREAMFLOW FORECASTING 20

44



In the absence of Step-II bias correction, Step-III correction was able to improve the forecasts. When
the two corrections were combined, NBE and NVE statistics improved but NMSE and R statistics dete-
riorated. Therefore, if NMSE and R statistics are used as the only criteria, then there would be no
need for Step-III correction, provided Step-II correction is already applied. For application purposes,
Step-II bias correction seems a necessary step, whereas Step-III correction can be considered optional.
Visual inspection of the final results can provide useful information about the best approach to
follow.

5. Conclusions

This paper presents a probabilistic approach for monitoring and forecasting streamflows in sparsely gauged
basins using hydrologic models and real-time satellite precipitation products. Our framework builds upon
the approach proposed by Serrat-Capdevila et al. [2013] and demonstrated by Thiemig et al. [2013] for
hydrologic simulations using remote sensing precipitation estimates, involving (1) the bias correction of
SPPs (termed as Step-I in this study) using available reference data sets and (2) model re-calibration using
these bias-corrected SPPs. Our framework expands upon their approach by (3) incorporating uncertainty
bounds in all simulations, thereby enabling probabilistic forecasting, (4) bias correction of the model out-
puts (Step-II and Step-III) to ensure consistency, (5) development of a multimodel and multiproduct stream-
flow forecasting platform that merges forecasts generated from multiple hydrologic models forced with
multiple SPPs, and (6) probabilistic merging of forecasts using state-of-the-art model averaging techniques
that facilitate rigorous uncertainty analyses and improve the forecasting capabilities.

Our bias correction scheme for distributed precipitation is easy to implement and can be highly effective,
especially when there is a large number of grid points. Our choice of performance evaluation metrics
encompasses the particular error types that are most frequently encountered in hydrologic modeling stud-
ies. Calibration in a transformed space helps to ensure that errors in the reproduction of both high and low
flows carry equal weights. The use of multiple models and precipitation products allows a more comprehen-
sive exploration of the simulation space to better match the observations and better characterize the uncer-
tainties, through the inclusion of different model structures and rainfall estimation information. The use of
realistic uncertainty bounds directly estimated from historical simulation errors (as applied in this study) is
highly recommended for any hydrologic prediction effort. Step-II bias correction of streamflow significantly
improves the model simulations. Merging multiple bias-corrected forecasts provides better outcomes than
merging raw forecasts. Step-III bias correction can also be considered as an optional step, as we have shown
that once Step-II correction is implemented, there is not much advantage of applying Step-III correction
(see detailed discussion in section 3.6).

Contrary to our prior expectation, probabilistic merging of model forecasts did not produce significantly nar-
rower confidence intervals; i.e., the precision of the merged forecasts was not improved much as compared to
the individual forecasts. However, the merged forecasts more reliably encompassed the historical observa-
tions. Moreover, recalculating the confidence bounds using any of the probabilistically averaged forecasts pro-
duced narrower confidence intervals that also reliably contained the observations. Although we expected that
BMA would be able to exploit the comparative advantages of different satellite products (some are able to
better detect rain or no rain, and others have better rain rate estimation), our implementation of the BMA was
seemingly unable to differentiate when one model-product combination could be performing better; this
may be due to comparative advantages of different satellite products occurring randomly across events.

Our results suggest that improved real-time streamflow forecasts can be obtained by using a multimodel
and multiproduct platform such as the one presented in this study; this approach can be expected to pro-
vide more robust and reliable results that overcome the limitations of individual models and precipitation
products. While satellite-based precipitation products are clearly useful, especially for sparsely gauged
basins, the bias inherent to them needs to be removed before they are used. In addition to model calibra-
tion, bias correction of the calibrated model outputs should be considered as an essential step. For proba-
bilistic merging of forecasts, any of the three model averaging techniques should prove useful; however IVA
may be a particularly good choice since it is intuitive and easy to implement. Selection of a representative
deterministic forecast is left to the modeler’s discretion.
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The MMSF platform is currently operating in real-time (also including NCEP GFS forecasts) to provide stream-
flow monitoring and forecasting capabilities to managers and stakeholders in the Mara River basin, Africa (for
technical details on how the platform can be implemented in a new basin, see Roy et al. (Design and imple-
mentation of an operational multi-model multi-product real-time probabilistic streamflow forecasting plat-
form, in review, 2016)).
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Table S1. Calibrated model parameters. 

 

Model Parameter Description CHIRPS CMORPH PCCS TMPA 

H
B

V
-E

D
U

 

DD Degree day factor 5.01 6.41 6.88 6.73 

FC Field capacity 241.21 211.55 299.89 297.83 

β Shape coefficient for calculating effective precip 1.41 1.19 0.96 1.63 

C Parameter to derive adjusted PET 0.08 0.05 0.03 0.05 

K0 Upper tank overflow response function 0.10 0.10 0.10 0.10 

L Upper tank overflow threshold 10.00 9.98 9.42 10.00 

K1 Upper tank outlet response function 0.05 0.05 0.05 0.05 

K2 Lower tank outlet response function 0.02 0.04 0.02 0.02 

Kp Upper to lower tank percolation coefficient 0.05 0.05 0.05 0.05 

PWP Permanent wilting point 126.12 99.12 94.26 132.39 

H
Y

M
O

D
 

Huz Height of soil moisture accounting tank 427.87 276.81 540.44 569.96 

B Distribution function shape parameter 1.94 1.95 1.95 1.95 

α Quick-slow split parameter 0.04 0.01 0.06 0.05 

Nq Number of quickflow routing tanks 2.51 3.24 1.03 2.62 

Ks Slow flow routing tanks rate parameter 0.03 0.02 0.02 0.02 

Kq Quick flow routing tanks rate parameter 0.10 0.49 0.19 0.70 

V
IC

 

b 
Parameter defining the shape of the variable 
infiltration capacity curve 

0.01 0.01 0.01 0.01 

Ds 
Fraction of Dsmax where non-linear baseflow 
begins 

0.28 0.66 0.46 0.90 

Dsmax Maximum baseflow from the lowest soil layer 12.03 10.91 17.54 11.81 

Ws 
Fraction of the maximum soil moisture of the 
lowest soil layer where non-linear baseflow 
occurs 

0.43 0.63 0.83 0.89 

D2 Depth of the 2nd layer 0.26 0.20 0.38 0.29 

D3 Depth of the 3rd layer 0.84 1.50 1.50 1.50 
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Table S2. The two-sided Kolmogorov-Smirnov Test results for the extreme ranges in the 
transformed space. 

 

Streamflow Extreme Range h-value p-value 

Observations 
Lower 0 0.2387 

Higher 0 0.7589 

HBV-EDU & CHIRPS 
Lower 0 0.4698 

Higher 0 0.8239 

HBV-EDU & CMORPH 
Lower 0 0.7763 

Higher 0 0.3049 

HBV-EDU & PERSIANN-CCS 
Lower 1 0.0023 

Higher 0 0.5782 

HBV-EDU & TMPA 
Lower 0 0.3142 

Higher 0 0.2797 

HYMOD & CHIRPS 
Lower 0 0.2569 

Higher 0 0.7155 

HYMOD & CMORPH 
Lower 1 0.0312 

Higher 0 0.7695 

HYMOD & PERSIANN-CCS 
Lower 1 0.0001 

Higher 0 0.8261 

HYMOD & TMPA 
Lower 0 0.0547 

Higher 0 0.6122 

VIC & CHIRPS 
Lower 0 0.3691 

Higher 0 0.5283 

VIC & CMORPH 
Lower 0 0.8816 

Higher 0 0.8341 

VIC & PERSIANN-CCS 
Lower 0 0.7780 

Higher 0 0.9259 

VIC & TMPA 
Lower 0 0.9366 

Higher 0 0.9516 
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Abstract 28 

The task of real-time streamflow monitoring and forecasting is particularly challenging for 29 

ungauged or sparsely gauged river basins, and largely relies upon satellite-based estimates of 30 

precipitation. We present the design and implementation of a state-of-the-art real-time 31 

streamflow monitoring and forecasting platform that integrates information provided by cutting-32 

edge satellite precipitation products (SPPs), numerical precipitation forecasts (NPFs), and 33 

multiple hydrologic models, to generate probabilistic streamflow forecasts that have an effective 34 

lead-time of nine days. The modular design of the platform enables adding/removing any 35 

model/product as may be appropriate. The SPPs are bias corrected in real-time, and the model 36 

generated streamflow forecasts are further bias-corrected and merged, to produce probabilistic 37 

forecasts that are computed via several model averaging techniques. The platform is currently 38 

operational in multiple river basins in Africa, and can also be adapted to any new basin by 39 

incorporating some basin-specific changes and recalibration of the hydrologic models.  40 

Keywords 41 

Real-time Streamflow Forecasting, MMSF-RT Platform, Satellite Precipitation Products, Bias 42 

Correction, Probabilistic Model Averaging. 43 

 44 

 45 

 46 

 47 

 48 

 49 

 50 

 51 

 52 

53



1. Introduction 53 

Robust and accurate streamflow forecasts are needed for several water management 54 

applications, including water allocation, ecological management, and flood forecasting, in which 55 

they enable better management decisions. Such forecasts can be generated by forcing one or 56 

more hydrologic models with real-time hydrometeorological variables and/or their forecasts. 57 

Streamflow observations, when available, are used to adjust the model parameters through the 58 

process of calibration. If the basin of interest is ungauged or sparsely gauged (in terms of rainfall 59 

measurements), the task of generating streamflow forecasts (or any hydrological investigation as 60 

such) becomes considerably more challenging, requiring major breakthroughs in theoretical 61 

foundations (Sivapalan, 2003; Sivapalan et al., 2003). Although the Prediction in Ungauged Basins 62 

(PUB) decade of the International Association of Hydrological Sciences (Hrachowitz et al., 2013) 63 

has helped to drive significant progress on this front, hydrologic modeling for ungauged or 64 

sparsely-gauged basins remains a major challenge.  65 

Streamflow forecasts are associated with several different sources of uncertainties, ranging from 66 

the forcing data, model structural inadequacies, improper model parameters, initial and 67 

boundary conditions, etc. Due to its ability to characterize forecast uncertainties, the method of 68 

ensemble streamflow forecasting has become popular; for an extensive review see Cloke and 69 

Pappenberger (2009) and Cloke et al. (2013). Ensemble streamflow forecasts are mainly 70 

produced in three different ways, (1) by forcing a hydrologic models by an ensemble of 71 

precipitation time series to reflect uncertainties in system inputs (e.g. Thielen et al., 2008), (2) by 72 

using different sets of model parameters to reflect model calibration uncertainties (e.g. GLUE, 73 

Beven and Binley, 1992), and (3) by using multiple models to reflect model structural 74 

uncertainties (e.g. Georgakakos et al., 2004; Ajami et al., 2007; Duan et al., 2007). While the first 75 

two approaches overlook the uncertainties arising from structural deficiencies within the model, 76 

the third approach has the potential to exploit the information provided by different model 77 

structural hypotheses, and thereby account for the uncertainty therein. Examples of some 78 

operational streamflow/flood forecasting platforms include European Flood Awareness System 79 

(EFAS; Thielen et al., 2008),  NOAA’s Advanced Hydrologic Prediction Service (McEnery et al., 80 

2005), Delft-FEWS (Werner et al., 2013) etc. Recently, successful efforts have also been made 81 
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towards developing integrated modeling platforms (combining multiple models) for land surface 82 

modeling. One such example is NASA’s Land Information System (LIS; Kumar et al., 2006, 2008; 83 

Mohr et al., 2013). 84 

With the advent of satellite-based remote sensing datasets, it is now becoming feasible to 85 

generate streamflow forecasts for sparsely-gauged basins with a reasonable degree of accuracy 86 

(Serrat-Capdevila et al., 2014). Roy et al. (2017a) recently developed a Multi-model and Multi-87 

product Real-Time (MMSF-RT) streamflow forecasting platform that uses multiple hydrologic 88 

models to characterize structural uncertainty, while incorporating a suite of real-time satellite-89 

based precipitation products (SPPs), to overcome the limitations of poor coverage of rain gauges 90 

and to also account for the uncertainty in the knowledge of rainfall inputs. The platform does not 91 

depend on forecasts created from a single hydrologic model, instead, it combines multiple 92 

models (i.e. structural hypotheses) to efficiently account for model structural inadequacies. In 93 

this technical note, we report on the design and implementation of MMSF-RT as a state-of-the-94 

art, operational, real-time streamflow monitoring and forecasting platform for several sparsely 95 

gauged basins in Africa. We also discuss how the platform can be implemented for other river 96 

basins by making basin-specific changes, or on a computer system having different hardware and 97 

software configurations.  98 

2. The MMSF-RT Platform 99 

2.1. Methodology 100 

MMSF-RT is a probabilistic streamflow monitoring and forecasting platform (see Figure 1) that 101 

currently integrates four different Satellite Precipitation Products, namely TMPA-RT (Huffman et 102 

al., 2007), CMORPH (Joyce et al., 2004), PERSIANN-CCS (Hong et al., 2004) and CHIRPS (Funk et 103 

al., 2014), one Numerical Precipitation Forecast (NCEP GFS Forecasts) to increase the forecast 104 

lead time, and three structurally different hydrologic models, namely semi-distributed VIC-3L 105 

(Liang et al., 1994, 1996a, 1996b), lumped HyMod (Boyle et al., 2000), and lumped HBV-EDU 106 

(Aghakouchak and Habib, 2010). The main idea behind building such a platform was to overcome 107 

the limitations of a single model or precipitation product; by combining multiple models and 108 

products we are able to better characterize model structural and data uncertainties that can 109 

55



affect the forecasts. The platform integrates the following operations: (1) bias correction of the 110 

SPPs using reference datasets, (2) calibration of the hydrologic models driven by bias-corrected 111 

SPPs, (3) bias correction of the model outputs to remove systematic errors in the forecasts, (4) 112 

creating probabilistic forecasts using corresponding historical error distributions, (5) probabilistic 113 

model merging to improve the characterization of uncertainty, and (6) final bias correction of the 114 

merged forecasts (optional) to minimize any remaining problems. The operational 115 

implementation of MMSF-RT also includes some additional features such as web visualization 116 

with daily updates, automated distribution to the users, and data downloading in different 117 

formats.   118 

 119 

Figure 1: The MMSF Platform. The dashed lines indicate optional steps. Note that for basins 120 

without historical streamflow observations, model calibration, streamflow bias correction, and 121 

model averaging are not applicable. In that case, the arithmetic mean is reported as the final 122 

forecast and the confidence bounds are calculated from the daily forecast values for each day 123 

assuming normal distribution. Bias correction of NPF (NCEP GFS) is not carried out in the current 124 

version of the platform. 125 
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The Step-I bias correction procedure adjusts the long-term mean (first moment) of the gridded 126 

SPPs in an attempt to remove systematic errors. To derive the bias correction factors, we use 127 

CHIRPS as the reference satellite dataset since it assimilates information from multiple sources 128 

including rain gauge measurements. Because CHIRPS is not available in real-time, the SPP bias 129 

analysis is done using historical data based on their common time of availability (e.g. 17 years for 130 

CMORPH in Mara River basin, Africa), and the bias correction factors obtained thereby are used 131 

in the real-time correction of SPPs. When available, we use rain gauge measurements from the 132 

study areas to correct the long-term mean of the CHIRPS product in a lumped manner; the 133 

corrected CHIPRS is then used to correct the monthly means of other SPPs. Figure 2 presents (a) 134 

the precipitation bias correction flow chart along with (b) an example of bias correction on 135 

PERSIANN-CCS. 136 

 

 

(a) Precipitation bias correction steps. First, 

CHIRPS is corrected using rain gauges in a 

lumped manner, following which, the 

corrected CHIRPS is used to correct the 

other SPPs in a distributed manner.  

(b) An example of precipitation bias 

correction for PERSIANN-CCS at the 

Mara River basin, Africa. As can be seen, 

after the correction, the sorted values 

follow the 45° line more closely.   

Figure 2: Precipitation bias correction procedure. See Roy et al. (2017a) for more details. 137 

Each of the hydrologic models included in the platform is independently calibrated for each of 138 

the four bias-corrected SPPs used as forcings; the SCE-UA optimization algorithm (Duan et al., 139 

1992) is used for parameter optimization. For basins with discharge stations, the daily forecasts 140 

generated by each calibrated models are then bias-corrected using a non-parametric quantile 141 
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mapping scheme (Roy et al., 2017a) to account for model structural errors reflected in the model 142 

outputs, as shown in Figure 3. 143 

 144 

Figure 3: Bias correction of HBV-EDU forecasts forced with bias-corrected TMPA-RT in the Mara 145 

River basin, Africa. 146 

The bias corrected forecasts are merged using three different probabilistic model averaging 147 

techniques, namely, Uniform Weight Averaging (UWA), Inverse Variance Averaging (IVA), and 148 

Bayesian Model Averaging (BMA) (Hoeting et al., 1999; Raftery et al., 2005). Figure 4 shows how 149 

the individual probabilistic forecasts (CHIRPS included) on a given day are merged (done for each 150 

day of the lead time), and Figure 5 shows an example of the final merged streamflow forecast, 151 

along with confidence interval estimates of the uncertainty. Note that for basins with observed 152 

streamflow records, the merged forecasts are based on historical error distributions, whereas for 153 

basins without discharge stations, we display 95% confidence intervals of the multi-model and 154 

multi-product simulations based on the assumption of normal distribution of the daily values. 155 

The calculations are carried out on a transformed space that removes skewness (Roy et al., 156 

2017a, 2017b). For more details on the methodology underlying the MMSF platform please see 157 

(Roy et al., 2017a). 158 
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 159 

Figure 4: Example of probabilistic forecast averaging on a particular day (April 10, 2006) in the 160 

Mara River basin, Africa. On each day multiple forecasts distributions are created by 161 

superimposing the corresponding historical error distributions, which are then merged using 162 

various model averaging techniques.  163 

 164 

Figure 5: Example showing the time series of merged forecasts and their confidence intervals for 165 

the Nyangores sub-basin within the Mara River basin, Africa. The recalculated confidence 166 

intervals refer to the intervals created from the IVA mean and the observations, by first 167 

calculating the errors and then superimposing the 95% confidence bounds of these errors on the 168 

daily mean values. See Roy et al. (2017a) for more details.   169 
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2.2. Structure and Functions 170 

The MMSF-RT platform (Figure 6) consists of eight main modules that perform the following 171 

tasks: 172 

1. Initial setup 173 

2. Precipitation downloading and processing 174 

3. Precipitation bias correction 175 

4. Hydrologic model simulation 176 

5. Streamflow bias correction 177 

6. Probabilistic forecasts representation 178 

7. Probabilistic Forecasts merging 179 

8. Visualization and data publication 180 

In the first module (the initial setup), all of the necessary information to run the forecasting 181 

platform (e.g. starting date, basin co-ordinates, area, etc.) is loaded. The second module 182 

downloads and processes daily precipitation data products; the script connects to FTP servers at 183 

the data repositories (three SPPs and NCEP GFS Forecasts) and downloads the data. All of the 184 

precipitation products are processed to consistent resolutions (daily temporal and 0.05° spatial). 185 

In the third module, the processed SPPs are bias corrected using monthly bias factors computed 186 

from historical rain gauge measurements and CHIRPS estimates. Precipitation forecasts with 10-187 

day lead time from NCEP GFS are then appended to the SPPs after adjusting for the lag in the 188 

local time (compared to GMT), which eventually results in 9-day effective lead time. 189 

The fourth module performs the task of hydrologic modeling. The bias corrected SPPs, with GFS 190 

forecasts appended, are fed to the different hydrologic models (VIC, HYMOD, and HBV-EDU). The 191 

streamflow forecasts generated by each hydrologic model are further bias corrected in the fifth 192 

module of the MMSF-RT platform. In the sixth module, error distributions computed using the 193 

historical data are added to the bias corrected forecasts (from the fifth module), in order to 194 

represent the probabilistic nature of the forecasts. The seventh module merges the probabilistic 195 

forecasts using several different model averaging techniques (e.g. Bayesian Model Averaging). 196 

Finally the eight module creates the outputs for web visualization and facilitates data 197 
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downloading in different formats. For basins without streamflow observations, Step 5-7 are not 198 

applicable. Arithmetic means of the forecasts generated from different model-product 199 

combinations are reported as the final forecasts, and the confidence bounds are calculated 200 

assuming that the daily forecasts are normally distributed. 201 

 202 

Figure 6: Flow diagram showing the steps involved in the daily run of the MMSF-RT platform. 203 

Note that the NPF bias correction is not carried out in the current version of the platform. 204 

 205 

 206 

 207 

 208 
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2.3. Running the Platform 209 

Modes of Run 210 

The platform can run in two different modes, as specified by the user in the first module: 211 

1. Daily run 212 

2. Data filling  213 

The daily run of the platform is automatic, as controlled by a scheduler (see description later). 214 

The data-filling mode is useful when the platform needs to be run for hindcasting (historical 215 

simulation). It also fills gaps in the daily datasets, which may be due to missing values resulting 216 

from past delays in the availability of input data, either for satellite estimates or numerical 217 

precipitation forecasts. To initiate the data filling mode, the user must specify the dates for which 218 

the platform should be run. Since the VIC model is computationally expensive, and its use in the 219 

data-filling mode is time consuming, an option is available to opt out VIC simulations while 220 

running the platform in the data filling (or daily run) mode.  221 

Time Lag 222 

There is invariably a lag between the actual time and the time when the daily data are updated 223 

in the corresponding servers. For example, the Mara River basin in Africa is 3-hrs ahead of GMT 224 

and 10-hrs ahead of Tucson, Arizona (where the forecasting platform is implemented). We run 225 

the script every day at 5 pm (Arizona time), since by that time all of the datasets for the previous 226 

day have become available. Thus considering the local time in the basin, there can be a lag of 227 

almost a day between the last rainfall in the basin and the generation of the streamflow forecasts. 228 

However, since we are using 10-day ahead rainfall forecasts from NCEP GFS, the streamflow 229 

forecasts effectively provide a 9-day lead time, over and above the concentration time of the 230 

basin. 231 

 232 

 233 

 234 

62



Scheduler 235 

The MMSF-RT platform is automated using Crontab in Linux, which is a file with commands to be 236 

executed at a specified time of the day (e.g. 5 pm in our case). The main forecasting file is 237 

introduced through a shell script called by Crontab. Please refer to the supplementary materials 238 

for an example showing how the platform is automated using Crontab. 239 

 2.4. Data Storage 240 

We store all relevant input data and results for each river basin on a daily basis, which include, 241 

(1) distributed daily precipitation (raw and bias-corrected), (2) daily bias-corrected lumped 242 

precipitation series, (3) individual model forecasts, (4) arithmetic and probabilistic averages of 243 

model forecasts, (5) confidence bounds, and (6) forecasts with 9-day (effective) lead-time. All 244 

these data can be freely downloaded from our website for research and academic purposes. 245 

Figure 7 shows the structure of the folder system to store daily data. 246 

 247 

Figure 7: Folder structure to store the results for any particular river basin. 248 

 249 

 250 
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3. Toolbox and Transferability 251 

The MMSF-RT platform is written in MATLAB and can integrate executables. Thus, it can be used 252 

with a wide range of models written in other programming languages. For example, the current 253 

platform includes the VIC model and its routing component (Lohmann et al., 1996), compiled 254 

from C and FORTRAN, respectively. The toolbox is modular in nature, i.e., it consists of multiple 255 

MATLAB function files, each of which is assigned to some particular repetitive task. The toolbox 256 

files, and the main MATLAB script that calls all the associated functions, are discussed in the 257 

supplementary materials. Because of its modular nature, the platform is flexible; accordingly, any 258 

model(s) or precipitation product(s) can be included or excluded from the daily simulations.  259 

The platform is transferrable in two different ways: 260 

1. Transferring as MATLAB Toolbox: This requires MATLAB to be installed in the computer 261 

where the platform will run. The toolbox comes with all required scripts and data files 262 

within a single folder (size < 100 MB). 263 

2. Independent Executables: This option is useful when MATLAB is not installed in the new 264 

system. This version of the forecasting platform comes with an executable file and 265 

associated data files (no scripts) that are updated on a daily basis. The new system needs 266 

to have the MATLAB Compiler Runtime (MCR) installed in it to run the executable file. 267 

Additional information on this topic is provided in the supplementary materials.  268 

The MMSF-RT platform can be transferred to either a new computer system or can be adapted 269 

for a new river basin. When transferred to a new computer system, the source codes for the VIC 270 

and Routing models will need to be recompiled and the directory paths updated (in the text file 271 

‘pathfile.txt’ provided within the toolbox). When adapting the toolbox to a new basin, three main 272 

tasks will need to be carried out offline before initiating the automated runs. First, the bias factor 273 

files for precipitation bias correction will need to be updated for the new basin and precipitation 274 

products. Second, the hydrologic models will need to be re-calibrated for the new basin, thereby 275 

producing updated model parameter files. Third, the residual streamflow error distributions will 276 

need to be calculated from the historical simulations corresponding to each hydrologic model 277 
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and precipitation product combination. The second and the third steps are not applicable for the 278 

basins without any streamflow observations.   279 

4. Visualization Module 280 

The daily results produced by the MMSF-RT platform are displayed on our research website 281 

www.swaat.arizona.edu. Each day, the website publishes lumped and distributed precipitation 282 

plots as well as an interactive streamflow forecasting plot that includes both individual and 283 

merged forecasts along with the confidence bounds. 284 
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Topic 1: MMSF-RT daily run scheduling on Linux server  

Here we provide an example of how to use Crontab as a scheduler to perform automatic daily 

runs of the MMSF-RT platform. The MATLAB script that calls the main MMSF function is 

‘startscript.m’, which is located in the following directory: ‘/home/royt/mmsf/’. A shell 

script with the name ‘runmmsf.sh’ is then created with the following content: 

Line 1: #!/bin/bash 

Line 2: echo "MMSF-RT Run Starts." 

Line 3: cd /home/royt/mmsf 

Line 4: /usr/local/bin/matlab < startscript.m 

Line 5: echo "MMSF-RT Run Ends." 

The Crontab is then used to call this shell script with the following command: 

00 15 * * * /home/royt/mmsf/runmmsf.sh 

where, the first two values are for the minute and hour, respectively, and the following three 

values are for the day, month, and weekday, which can be ignored using asterisks (*). 

While running the compiled version of the platform on a server which has MATLAB Compiler 

Runtime (MCR) installed, Line 4 should be modified as in the following:  

Line 4: ./run_mmsf.sh /home/swaat/MATLAB/v90       

where, ‘run_mmsf.sh’ is produced during MATLAB compilation and 

‘/home/swaat/MATLAB/v90’ is the path where MCR is installed. 
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Topic 2: MMSF-RT main MATLAB script example 

Here we present an example of the main MMSF-RT MATLAB script running with three hydrologic 

models (VIC, HYMOD, and HBV-EDU), three satellite precipitation products (TMPA-RT, CMORPH, 

and PERSIANN-CCS), and one numerical precipitation forecast (NCEP GFS). Note that new 

functions and features are constantly being added to the toolbox. Please contact the developers 

for the latest version. The following script is an example of MMSF-RT Version 1.0. 

% MMSF-RT Version 1.0 Example Main Script 

% Models: VIC, HYMOD, HBV-EDU; SPPs: TMPA-RT, CMORPH, PERSIANN-CCS; NPF: GFS 

% Author: Tirthankar Roy (royt@email.arizona.edu) 

 

% --- PROGRAM STARTS -------------------------------------------------------- 

  

clear all; close all; clc 

 

% --- INITIAL SETUP --------------------------------------------------------- 

  

% Set up directories and add paths 

info.dir = setdir; 

cd(info.dir.maindir) 

addpath(genpath(info.dir.maindir)) 

  

% User-defined settings (1=Y, 0=N) 

info.user.vicrun   = 1;  % Whether to run VIC or not 

info.user.savedata = 1;  % Whether to save data or not 

info.user.flowbc   = 1;  % Whether to bias-correct flow or not 

  

% Load basin-specific information 

info.basin = basininfo; 

  

% Set time information 

info.time = timeinfo; 

  

% --- GFS FORECASTS --------------------------------------------------------- 

  

% GFS downloading and processing 

PrwF = dlgfs(info); 

  

% GFS bias correction (not implemented in the current version; PbcF = PrwF)   

PbcF = bcgfs(PrwF); 

  

% --- MODELING WITH CMORPH -------------------------------------------------- 

  

% CMORPH downloading and processing 

[PdC,PhC] = dlspp('cmorph',info); 

  

% CMORPH regridding (0.25 to 0.05 deg) 

PdC = regrid(PdC); 
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% CMORPH bias correction 

PbcC = bcspp('cmorph',PdC,info); 

  

% Save CMORPH data 

saveprcp('cmorph',PbcC,PdC,PhC,info) 

  

% Lump CMORPH data 

PtotC = createlump('cmorph',PbcC,PbcF,info); 

  

% Run HYMOD with CMORPH 

QsimC = []; 

QsimC = runhymod('cmorph',PtotC,info,QsimC); 

  

% Run HBV-EDU with CMORPH 

QsimC = runhbv('cmorph',PtotC,info,QsimC); 

  

% Run VIC with CMORPH 

QsimC = runvic('cmorph',PbcC,PbcF,info,QsimC); 

  

% --- MODELING WITH TMPA-RT ------------------------------------------------- 

  

% TMPA-RT downloading and processing 

[PdT,PhT] = dlspp('tmpa',info); 

  

% TMPA-RT regridding (0.25 to 0.05 deg) 

PdT = regrid(PdT); 

  

% TMPA-RT bias correction 

PbcT = bcspp('cmorph',PdT,info); 

  

% Save TMPA-RT data 

saveprcp('tmpa',PbcT,PdT,PhT,info) 

  

% Lump TMPA-RT data 

PtotT = createlump('tmpa',PbcT,PbcF,info); 

  

% Run HYMOD with TMPA-RT 

QsimT = []; 

QsimT = runhymod('tmpa',PtotT,info,QsimT); 

  

% Run HBV-EDU with TMPA-RT 

QsimT = runhbv('tmpa',PtotT,info,QsimT); 

  

% Run VIC with TMPA-RT 

QsimT = runvic('tmpa',PbcT,PbcF,info,QsimT); 

  

% --- MODELING WITH PERSIANN-CCS -------------------------------------------- 

  

% PERSIANN-CCS downloading and processing 

[PdP,PhP] = dlspp('pccs',info); 

  

% PERSIANN-CCS bias correction 

PbcP = bcspp('cmorph',PdP,info); 

  

% Save PERSIANN-CCS data 

saveprcp('pccs',PbcP,PdP,PhP,info) 
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% Lump PERSIANN-CCS data 

PtotP = createlump('pccs',PbcP,PbcF,info); 

  

% Run HYMOD with PERSIANN-CCS 

QsimP = []; 

QsimP = runhymod('pccs',PtotP,info,QsimP); 

  

% Run HBV-EDU with PERSIANN-CCS 

QsimP = runhbv('pccs',PtotP,info,QsimP); 

  

% Run VIC with PERSIANN-CCS 

QsimP = runvic('pccs',PbcP,PbcF,info,QsimP); 

  

% --- FLOW BIAS CORRECTION -------------------------------------------------- 

  

if info.user.flowbc == 1 

    [QsimC,QsimT,QsimP] = bcflow(info,QsimC,QsimT,QsimP); 

end 

  

% --- PROBABILISTIC FORECASTS GENERATION ------------------------------------ 

  

Qprob = probflow(QsimC,QsimT,QsimP,info); 

  

% --- MERGED FORECASTS ------------------------------------------------------ 

  

% Gaged sub-basin (ID=1) example 

Qmerg1 = mergegaged(1,Qprob,QsimC,QsimT,QsimP,info); 

 

% Ungaged sub-basin (ID=2) example 

Qmerg2 = mergeungaged(2,QsimC,QsimT,QsimP,info); 

  

% --- CREATE PLOTS ---------------------------------------------------------- 

 

% Set axis 

info = plotaxis(info); 

  

% Lumped precipitation in sub-basins 1 and 2 

plotlump(1,info,PtotC,PtotT,PtotP) 

plotlump(2,info,PtotC,PtotT,PtotP) 

  

% Precipitation contours 

plotdist('cmorph',PbcC,info) 

plotdist('tmpa',PbcT,info) 

plotdist('pccs',PbcP,info) 

  

 

% Individual model forecasts for sub-basins 1 and 2 

plotind(1,QsimC,QsimT,QsimP,info) 

plotind(2,QsimC,QsimT,QsimP,info) 

  

% Plot merged forecasts in sub-basins 1 and 2 

plotmerged(1,Qmerg1,info) 

plotmerged(2,Qmerg2,info) 
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% --- SAVE RESULTS ---------------------------------------------------------- 

  

% Save results in CSV files for sub-basins 1 and 2 

savecsv(1,QsimC,QsimT,QsimP,Qmerg1,PtotC,PtotT,PtotP,info) 

savecsv(2,QsimC,QsimT,QsimP,Qmerg2,PtotC,PtotT,PtotP,info) 

  

disp('MMSF-RT daily run completed.') 

 
% --- PROGRAM ENDS ---------------------------------------------------------- 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

75



Topic 3: MMSF Toolbox main files 

There are six different types of files in the MMSF-RT toolbox: 

1. MATLAB Scripts (.m) 

2. MATLAB Data (.mat) 

3. ASCII Text (.txt and/or .asc) 

4. Standalone Executables (.exe) 

5. Dynamic Link Libraries (.dll) 

6. VIC Supporting Files (in C and FOTRAN) 

MATLAB functions from the main example script (previous section) are presented in Table 1.  
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Table 1: MMSF Toolbox functions arranged based on the eight modules (see main paper).  

Modules Scripts Description 

Main script mmsf.m Main script for MMSF-RT daily runs. 

Module 1:  
Initial setup 

setdir.m Read all associated directory paths.  

basininfo.m Read basin coordinates and areas. 

timeinfo.m Read simulation time span and staring date. 

Module 2: 
Precipitation 
downloading and 
processing 

dlgfs.m Download GFS forecasts. 

dlspp.m Download SPPs. 

regrid.m Regrid to consistent spatial resolution.  

createlump.m Lump daily SPPs. 

lumping.m Lump 10-day GFS (3D Matrix). 

dlcmorph.m* Sub-function of dlspp.m to download CMORPH data. 

dlpccs.m* Sub-function of dlspp.m to download PERSIANN-CCS data. 

dltmpa.m* Sub-function of dlspp.m to download TMPA-RT data. 

ascpccs.m* Sub-function of dlpccs.m to extract ASCII PERSIAN-CCS data. 

bincmorph.m* Sub-function of dlcmorph.m to extract binary CMOPRH data. 

creategrid.m* Sub-function of dlpccs.m to create spatial grids.   

Module 3: 
Precipitation bias 
correction 

bcgfs.m Bias-correct GFS. 

bcspp.m Bias-correct SPPs. 

saveprcp.m Save precipitation for visualization and data publication. 

loadbf.m* Sub-function of bcspp.m to load bias factors for any given day.  

Module 4: 
Hydrologic model 
simulation 

runhbv.m Run HBV-EDU with bias corrected SPPs and GFS forecasts. 

runhymod.m Run HYMOD with bias corrected SPPs and GFS forecasts. 

runvic.m Run VIC-3L with bias corrected SPPs and GFS forecasts. 

simhbv.m* Sub-function of runhbv.m to simulate HBV-EDU model. 

simhymod.m* Sub-function of runhymod.m to simulate HYMOD model. 

Module 5: 
Streamflow bias 
correction 

bcflow.m Bias-correct simulated streamflows from all three models.  

Module 6: 
Probabilistic 
forecast 
representation 

probflow.m Create probabilistic streamflow forecasts. 

Module 7: 
Probabilistic 
Forecast merging 

mergegaged.m Merge bias-corrected streamflow forecasts in gaged basins.  

mergeungaged.m Merge bias-corrected streamflow forecasts in ungaged basins. 

Module 8: 
Visualization and 
data publication 
 

plotaxis.m Set plot properties for customizing web visualization. 

plotlump.m Plot lumped precipitation using SPPs and GFS forecasts. 

plotdist.m Plot daily contour maps of all distributed SPPs. 

plotind.m Plot individual forecasts time series.   

plotmerged.m Plot merged forecasts time series with confidence bounds.  

savecsv.m Save relevant information for web visualization and data publication.  
* Sub-functions that run within the main functions of the envelope script ‘mmsf.m’. 
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Topic 4: Compilation in MATLAB 

Here we provide a general note on how to compile MATLAB scripts into standalone executables. 

Please contact Mathworks (www.mathworks.com) directly for license related information.  

In order to run a compiled MATLAB program in a computer that does not have MATLAB installed, 

the MATLAB Compiler Runtime (MCR) needs to be installed first. The MCR can be downloaded 

from the Mathworks website using the following URL: 

http://www.mathworks.com/products/compiler/mcr/?requestedDomain=www.mathworks.com# 

The version of MCR has to be consistent with the version of MATLAB that is used for compilation. 

Although MCR is free, a license is required for using the MATLAB compiler.  

MATLAB scripts can be compiled in two different ways: (1) graphically and (2) using command 

line. 

Steps for Graphical Compilation 

1. In MATLAB, change the Current Folder to the directory that contains all the required files 

and sub-folders.  

2. Open Apps in MATLAB and expand the menu. 

3. Open Application Compilation under the menu Application Deployment. 

4. In the GUI click Add main file and fill up the Application information. 

5. There is an option for including MCR in the compiled code. However, if MCR is already 

installed in the computer where the code will run, there is no need to include MCR in the 

compiled code. If the code is compiled without MCR and installed in a computer that does 

not have MATLAB installed, the MCR will be downloaded during the installation process.   

6. Change the splash screen if needed. 

7. Click the green arrow in the Package tab to start the compilation process. A small window 

will pop up with the status of the compilation process. Once the code is compiled, there 

will be three new directories: (i) for_redistribution, (ii) for_redistribution_files_only, and 

(iii) for_testing. 

8. The file inside the directory for_redistribution is the final compiled program. 
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Steps for Command Line Compilation 

1. Log into the server using PuTTY. 

2. Change directory to the main folder that contains all the required files and sub-folders. 

3. In the command line type the following: 

mcc –m NAME –a PATH 

where, NAME should be the name of the main MATLAB script without the .m extension 

and PATH is the path of the main folder that includes all the necessary files and sub-

folders. Adding the path option includes everything that’s inside the folder in the 

compiled script and so the compiled script can work as a standalone program. There is no 

need to transfer all the supporting files.  

4. The compiled version of the script can now be installed in a new Linux system with a 

version consistent to the one where the code is compiled.   
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Abstract. Daily, quasi-global (50◦ N–S and 180◦W–E),
satellite-based estimates of actual evapotranspiration at
0.25◦ spatial resolution have recently become available,
generated by the Global Land Evaporation Amsterdam
Model (GLEAM). We investigate the use of these data to
improve the performance of a simple lumped catchment-
scale hydrologic model driven by satellite-based precipi-
tation estimates to generate streamflow simulations for a
poorly gauged basin in Africa. In one approach, we use
GLEAM to constrain the evapotranspiration estimates gen-
erated by the model, thereby modifying daily water bal-
ance and improving model performance. In an alternative
approach, we instead change the structure of the model to
improve its ability to simulate actual evapotranspiration (as
estimated by GLEAM). Finally, we test whether the GLEAM
product is able to further improve the performance of the
structurally modified model. Results indicate that while both
approaches can provide improved simulations of streamflow,
the second approach also improves the simulation of actual
evapotranspiration significantly, which substantiates the im-
portance of making “diagnostic structural improvements” to
hydrologic models whenever possible.

1 Introduction

1.1 Statement of the problem

As a primary mechanism in the surface-to-atmosphere por-
tion of the water cycle, evapotranspiration (ET) plays a cru-
cial role in the water and energy budgets of a hydrologic
system. Although there are several different methods avail-

able for estimating potential ET (see Penman, 1948; Thorn-
thwaite, 1948; Monteith, 1965; Priestley and Taylor, 1972;
Hargreaves and Samani, 1985; Shuttleworth, 1992; Allen et
al., 1998), or pan evaporation (e.g., data-driven approaches
by Bruton et al., 2000; Sudheer et al., 2002; Jain and Roy,
2017), the estimation of actual ET is not straightforward. In
practice, actual ET can be derived from model simulations,
remotely sensed observations of different variables, etc. The
quality of a model-derived estimate of ET depends on various
sources of uncertainty (inputs, parameters, process represen-
tation, structure, etc.) inherent to the model-based scheme
used, and common problems include both over- and under-
estimation of evaporative fluxes (Trambauer et al., 2014).
Recently, methods that use satellite-based remotely sensed
climatic and environmental observations have provided an al-
ternative approach to the estimation of ET (e.g., Bastiaanssen
et al., 1998; Arboleda et al., 2005).

Several studies have advocated and/or implemented the
idea of using physically consistent estimates for the pa-
rameters of hydrologic models (Pokhrel et al., 2008, 2012;
Savenije, 2010; Schaefli et al., 2011; Kumar et al., 2013;
Troch et al., 2015, and references therein). However, in
catchment-scale modeling, it is a common practice to use pa-
rameter estimates that are calibrated by adjusting the simu-
lated streamflows to try to match the observed data. If due
care is not taken during calibration, this approach can re-
sult in conceptually unrealistic estimates for the parameters.
Such a result defeats an important purpose of using concep-
tual/physically based models (as opposed to empirical data-
based models), which is to help us better understand the dy-
namical behavior of the system.
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In principle, the potential of such models can be better re-
alized by incorporating more information about the physi-
cal system during model development. Such information can
take various forms and be incorporated in different ways.
Evapotranspiration (ET) can be used to constrain model pa-
rameters that are sensitive to the ET process (Winsemius et
al., 2008; van Emmerik et al., 2015). Alternatively, ET can
be used as a calibration target along with streamflow within
a multi-objective setting (Zhang et al., 2009). There has also
been a recent drive towards structurally flexible models that
are able to both better characterize the uncertainty associated
with model structure and use additional information to help
reduce such uncertainty (Wagener et al., 2001; Marshall et
al., 2006; Clark et al., 2008, 2015; Savenije, 2010; Schae-
fli et al., 2011; Fenicia et al., 2008a, b, 2011; Bulygina and
Gupta, 2009, 2010, 2011; Martinez and Gupta, 2011; Near-
ing, 2013; Nearing and Gupta, 2015).

A variety of satellite-based remotely sensed estimates
of daily precipitation have been available for some time
(e.g., Hsu et al., 1997; Joyce et al., 2004; Huffman et al.,
2007; Funk et al., 2014), making it possible to consider the
model-based generation of streamflow simulations for un-
gauged locations. Recently, satellite-based remotely sensed
estimates of daily ET have become available, based on a va-
riety of different retrieval algorithms of varying complex-
ity (e.g., Bastiaanssen et al., 1998; Arboleda et al., 2005;
Miralles et al., 2011). Worldwide evaluations suggest that
satellite-based ET estimates are strongly correlated with
ground-based observations made at flux towers (Demaria and
Serrat-Capdevila, 2016).

For this study, we use the Global Land Evaporation Am-
sterdam Model (GLEAM) as the source of the satellite-
based ET (SET) data. In the GLEAM algorithm, ET is
computed using only a small number of satellite-based in-
puts, which makes it particularly beneficial for applica-
tion to sparsely gauged basins. Miralles et al. (2011) have
shown that GLEAM estimates of evaporation are strongly
correlated (0.80) with annual cumulative evaporation esti-
mated via eddy covariance at 43 stations, and have a very
low (−5 %) average bias. The correlations at individual sta-
tions are strong (0.83) for all vegetation and climate con-
ditions, and improve to 0.9 for monthly time series (Mi-
ralles et al., 2011). McCabe et al. (2016) reported satisfac-
tory statistical performance (R2

= 0.68; root mean square
difference= 64 W m−2; Nash–Sutcliffe efficiency= 0.62) of
GLEAM when compared against data from 45 globally dis-
tributed eddy-covariance stations. Michel et al. (2016) com-
pared Priestley–Taylor Jet Propulsion Laboratory model (PT-
JPL), Moderate Resolution Imaging Spectroradiometer evap-
oration product (PM-MOD), Surface Energy Balance Sys-
tem (SEBS), and GLEAM simulations against 22 FLUXNET
tower-based flux observations and found GLEAM and PT-
JPL to more closely match in situ observations for the se-
lected towers and reference period (2005–2007). Their ex-
tended analysis over 85 towers also had a similar overall out-

come. Miralles et al. (2016) compared three process-based
ET methods (PM-MOD, GLEAM and PT-JPL) for surface
water balance from 837 globally distributed catchments, and
reported that GLEAM and PT-JPL provide more realistic es-
timates of ET. They found these two products to provide su-
perior overall performance for most ecosystem and climate
regimes, whereas PM-MOD tends to underestimate the flux
in the tropics and subtropics.

While previous studies have used SET estimates to con-
strain the parameters of hydrologic models (Winsemius et
al., 2008; van Emmerik et al., 2015), the recent interest in
diagnostic improvements to model structure (Gupta et al.,
2008, 2012; Gupta and Nearing, 2014) suggests that it would
be potentially more valuable to use the ET data to actu-
ally improve the model structure when possible. This study
attempts to explore this possibility in the context of using
satellite-based data to drive a streamflow simulation model
for a poorly gauged basin in Africa.

1.2 Objectives and scope

In this study, we explore the use of the GLEAM daily SET
product (Miralles et al., 2011; Martens et al., 2016) to im-
prove the performance of a simple lumped catchment-scale
hydrologic model driven by satellite-based precipitation esti-
mates to generate streamflow simulations for a poorly gauged
basin in Africa. We first use the GLEAM product to constrain
the evapotranspiration estimates generated by the model,
thereby improving the daily water balance. Next, we instead
change the structure of the model to make it more physically
consistent and improve its ability to simulate actual evap-
otranspiration (as estimated by GLEAM). Finally, we test
whether the use of GLEAM SET can further improve the
performance of the structurally modified model, and whether
there is any decline in model performance if GLEAM SET
data become unavailable.

2 Study area, data and methodology

2.1 Study area

This study is carried out for the Nyangores River basin,
which is a sub-basin of the Mara River basin in Kenya
and Tanzania (Fig. 1). The Nyangores River basin has an
aerial coverage of 697 km2 and is located at the northeastern
side of the Mara River basin (location: 33◦88′ E, 35◦90′ E,
0◦28′ S, 1◦97′ S). The perennial Nyangores River originates
from the Mau Escarpment (3000 m a.s.l.) fault scarp pass-
ing through the western side of the Great Rift Valley in
Kenya. It then merges with the Amala River at the Na-
puiyapi swamp (2932 m a.s.l.) to form the Mara River, which
flows all the way to Lake Victoria at Musoma Bay, Tanzania
(1130 m a.s.l.). The Mara River basin (or Nyangores River
basin) has two wet seasons consequent to the yearly oscil-
lations of the inter-tropical convergence zone (ITCZ), the
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Figure 1. The Mara River basin and the Nyangores River sub-basin
(Roy et al., 2017a). The discharge station is located at Bomet Bridge
(red dot). Meteorological stations (green dots) are located in the
surrounding regions.

primary wet season occurring during March to May and the
secondary one during October to December. The long-term
mean rainfall in the Mau Escarpment is around 1500 mm.
The rainfall in the basin is influenced by factors like topogra-
phy, elevation, regional influence of Lake Victoria, and sea-
surface temperature (SST) of the Indian Ocean (Camberlin et
al., 2009; Dessu and Melesse, 2012).

2.2 Data

2.2.1 Estimates of actual evapotranspiration

The source of the SET data used in this study is the
Global Land Evaporation Amsterdam Model (GLEAM) Ver-
sion 3.0. GLEAM comprises a set of algorithms that use re-
motely sensed climatic and environmental observations to
estimate various components of ET. Satellite-based observa-
tions of surface net radiation and near-surface air tempera-
ture are processed via the Priestley–Taylor equation (Priest-
ley and Taylor, 1972) to calculate potential evapotranspira-
tion (PET), which is then converted to actual evapotranspi-
ration (AET) by incorporating an evaporative stress factor
obtained from microwave observations of vegetation optical
depth (as a proxy for vegetation water content) and root-zone
soil moisture (simulations). Interception loss is calculated us-
ing the Gash analytical model (Gash, 1979).

Three different versions of the GLEAM datasets are cur-
rently available, depending on the satellite observations used.
The version used in this study (GLEAM_v3.0b) is based on
satellite observations, is quasi-global (50◦ N–S, 180◦W–E),
has a spatial resolution of 0.25◦, and has a daily temporal
coverage of 13 years (2003 to 2015).

Figure 2 shows the annual mean of GLEAM AET (GAET)
over the entire Mara River basin. As can be seen, GAET

Figure 2. Annual mean of GAET over the entire Mara River basin.

increases towards the western side of the basin. The an-
nual average GAET varies between 900 and 1200 mm yr−1.
We computed corresponding estimates of PET via the Harg-
reaves equation (HPET; Hargreaves and Samani, 1985) using
temperature data collected from the stations surrounding the
Mara River basin (Fig. 1). For a small number (∼ 0.6 %) of
days, the lumped GAET values were found to be larger than
the lumped HPET values; for these few anomalous values,
HPET was replaced by GAET. Figure 3 shows the time se-
ries of HPET and GAET for the Nyangores River basin.

2.2.2 Estimates of precipitation

The Real Time Multi-satellite Precipitation Analysis of
the NASA Tropical Rainfall Measuring Mission (TMPA-
RT) combines information from multiple satellites to pro-
duce a quasi-global (50◦N–S, 180◦W–E), near-real-time
(1 March 2000 to near-present) precipitation product at
0.25◦× 0.25◦ spatial and 3-hourly temporal resolution (this
product is the real-time version of TMPA; Huffman et al.,
2007). Until it was shut down on 8 April 2015 due to fuel
deficiency and battery issues in the satellite, TMPA used
to include the TRMM Microwave Imager (TMI) products.
TRMM was the first satellite dedicated for precipitation stud-
ies. The after-real-time TMPA product also incorporates rain
gauge information wherever feasible. In this study, we aggre-
gated the 3-hourly TMPA-RT data to daily level, resampled
from the coarse resolution (0.25◦× 0.25◦) to a resolution of
0.05◦× 0.05◦, and implemented a bias correction using the
Climate Hazards Group InfraRed Precipitation with Station
product (CHIRPS; Funk et al., 2014, 2015) and rain gauge
measurements (Roy et al., 2017a, b).

2.2.3 Estimates of streamflow

Streamflow data were computed using the calibrated stage–
discharge relationship for the Bomet Bridge discharge station
(station ID: 1LA03; location: 0◦47′23.50′′ S 35◦20′47.45′′ E)
on the Nyangores River (drainage area approximately
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Figure 3. Time series of HPET and GAET for the Nyangores River basin.

Figure 4. Schematic diagram of HYMOD2.

697 km2), which is one of the two main tributaries of the
Mara River. Data are available for the period 1 January 1996
to 30 June 2010, during which only about ∼ 8 % of the
records are missing.

2.2.4 Estimates of temperature

We computed PET using the Hargreaves equation, the annual
mean of which closely matched the reported PET value for
the study area (WREM, 2008). The temperature data used
in the Hargreaves equation were extracted from the Global
Surface Summary of the Day (GSOD) product produced by
the National Climatic Data Center (NCDC) in Asheville, NC.
The daily temperature data include multiple observations and
are available in three forms: maximum, minimum, and aver-
age.

2.3 The HYMOD2 hydrologic model

The spatially lumped HYMOD Version 1 (HYMOD1) con-
ceptual rainfall–runoff model with five/six parameters has
previously been used in several studies (Boyle et al., 2000;
Vrugt et al., 2003, 2009; Moradkhani et al., 2005; Duan
et al., 2007; Wang et al., 2009; Razavi and Gupta, 2016).
The model is driven using daily precipitation and PET
data to generate daily estimates of AET (HAET: HYMOD-
generated AET) and streamflow. Nonlinear vertical flow pro-
cesses are controlled by a two-parameter soil moisture ac-

counting module based on the rainfall excess model proposed
by Moore (1985). Horizontal flows are simulated in a linear
routing module that includes a Nash cascade for quick-flow
routing and a linear reservoir for slow-flow routing.

In this study, we improved the ET process parameteriza-
tion within the model by relying on satellite-based AET esti-
mates provided by GLEAM. In this regard, we were careful
to ensure that the structural modifications (1) do not over-
complicate the model since that defeats the whole purpose of
having simpler models such as HYMOD, (2) do not require
a large number of additional model parameters, (3) are more
physically consistent, (4) consistently produce improved ET
simulations, and finally (5) do not deteriorate the streamflow
simulations. We refer to the structurally modified version of
the model as HYMOD Version 2 (HYMOD2), as shown in
Fig. 4. As can be seen, a new ET resistance module is added
to the soil moisture accounting module of the model. A de-
tailed description of the ET resistance module is provided in
Sect. 2.4. Details of the overall model structure and process
equations are presented in Appendix A.

2.4 Study approach

We conducted the investigation in two stages. The first stage
consists of five steps designed to improve model perfor-
mance (as assessed against data), but without making struc-
tural modifications to the model. The strategy includes using
GAET to constrain simulated evapotranspiration, recalibra-
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tion of model parameters, and constraint adjustments. In do-
ing so, we specifically do not directly assimilate GAET into
the model so that the model’s representation of the overall
water balance is not compromised. Accordingly, while we
are extracting information from the GLEAM product, we do
so via a process of “constraining” rather than “assimilation”.
In the second stage, we modify the structure of the model
(by capturing the physics of the underlying processes more
accurately) to directly improve its ability to simulate ET (us-
ing GAET as the target). The steps followed in Stage-I are
repeated so that the results of the different strategies can be
compared.

Conceptually, the main difference between Stage-I and
Stage-II is that, in the former, the information provided by
GAET is used only to constrain the evapotranspiration fluxes
of the model, whereas in the latter the information contained
in GAET is used to alter the model structure. While the
former provides a temporary improvement to model perfor-
mance, achieved as long as GLEAM data are available, the
latter is expected to provide a lasting improvement to model
performance that should persist even when GLEAM data
are not available. In Stage II, we further check whether the
GAET product contains residual information that, not having
yet been used to improve the model structure, remains useful
for improving model performance via the constraining oper-
ation.

The entire study approach is summarized in Fig. 5. As can
be seen, only Step-1 is different for both the stages (Stage-I
and Stage-II), while the remaining four steps (Steps-2–5) are
similar. Thus, in each stage, there are five steps altogether.
Stage-I Step-1 is for generating benchmark simulations us-
ing the calibrated model but without any ET constraint or
structural modifications. On the other hand, Stage-II Step-
1 has four different cases (A–D) corresponding to different
structural modifications in the ET process parameterization.
Both the benchmark model from Stage-I Step-1 and the best
performing model from Stage-II Step-1 are used in the fol-
lowing steps. Step-2 is based on imposing the ET constraint
but without recalibration. Step-3 is based on recalibrating the
model while imposing the ET constraint. Step-4 is conceptu-
ally similar to Step-3; however, additionally, some constraint
adjustments (Eqs. 1 and 2) are applied and the adjustment
parameters are calibrated together with model parameters (to
match the simulated and observed streamflows). Finally, in
Step-5, we remove the ET constraint to see whether the per-
formance of the new model will decline when satellite ET
data become unavailable (note this is no longer the bench-
mark model since we recalibrated the parameters in Step-4).

y = f (x, · · ·) and x = a ·GAET (1)

y = f (x, · · ·) and x = a ·GAETb (2)

In Eqs. (1) and (2), y represents the streamflows after the ad-
justment of the GAET constraint, and a and b are the param-

Figure 5. The approach followed in this study.

eters of the adjustment formulations (a controls the variance
and b controls the degree of nonlinearity).

2.4.1 ET constraining

The ET constraint was imposed by modifying the original
ET equation of the model (Eq. A5) from HAET=min{PET,
C} to the new form HAET=min{PET, GAET, C}. Note that
this is not a structural modification to the form of the process
equation; rather, GAET sets the upper limit of HAET in this
case, which is more realistic than using PET directly as the
upper limit.

2.4.2 Structural modifications

The ET process parameterization within the original model
(HYMOD1) is modified in Stage-II Step-1 to improve its
ability to reproduce GAET more accurately without dete-
riorating the streamflow simulations. Four ET equations of
progressive complexity and physical basis are tested. In each
case, the model parameters are recalibrated to match the sim-
ulated streamflows to the observed data. The final result is a
structurally modified model called HYMOD2.

More specifically, the ET equation of HYMOD1 is multi-
plied by a function K( q) such that 0≤K( q)≤ 1. This func-
tion acts as a resistance to the ET flux of the model. Four
different forms for K( q) that represent incremental increases
in complexity and physical basis (Table 1) are tested. Writing
the main ET equation in the general form

Yt =Kt ·Xt ·EDRt, (3)

where Yt is the AET generated by HYMOD (HAETt), Xt is
the soil moisture storage (CSMAt), and EDRt is the evapora-
tion demand ratio computed as min{1, PETt

Xt
}. The most gen-

eral form for Kt is given by

Kt =Kmin+ [Kmax−Kmin] · f (ψt) , (4)
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Figure 6. Time series and scatter plots of HPET, GAET, and HAET.

Table 1. K function in different cases.

Cases Kmax Kmin f (ψt) Additional
parameters

A 1 0 1 None
B K0 0 1 K0
C K0 0 Xt/Xmax K0
D Kmax γ ·Kmax (Xt/Xmax)

BE Kmax, γ , BE

where Kmin and Kmax are lower and upper limits for K , and
ψt is the ratio of actual storage to maximum storage capacity
(ψt=Xt/Xmax).

2.5 Calibration methodology and benchmark model
calibration

Calibration of the model (and adjustment) parameters was
performed using the SCE-UA algorithm (Duan et al., 1992).
In all cases, the calibration runs were carried out using
10 complexes and 25 loops. Model simulated streamflows
were matched against the observed streamflows in the λ-
transformed space to minimize the effects of skewness and
reduce heteroscedasticity. The λ-transformation was applied
after modifying the original equation as proposed by Box and
Cox (1964) (see Appendix B), and the value of the λ param-
eter was calculated from the observed streamflow records.
The performance criterion used was the mean squared er-
ror (MSE) of transformed flows. The model was run con-
tinuously for the 7.5-year period January 2003 to June 2010,
with the first 4 years (2003 to 2006) used for calibration and
the remaining 3.5 years (2007 to mid-2010) used to pro-
vide an additional assessment of model performance. Re-
sults are shown for the “calibration (4 years)”, “evaluation
(3.5 years)” and “total (7.5 years)” simulation periods.

2.6 Metrics used for performance evaluation

Four metrics are used in this study to assess the model perfor-
mance (Table 2). These metrics measure performance in re-
gards to overall mean squared error, bias, variability, and cor-
relation (see Gupta et al., 2009), are computed in the trans-
formed space where applicable (e.g., for streamflows), and
are normalized to be comparable.

3 Results

3.1 Results from Stage-I (ET constraints)

The performance of the HYMOD1 benchmark model, driven
using TMPA-RT satellite-based precipitation and with pa-
rameters calibrated to match simulated streamflow to ob-
served data, is reported in Table 5. The NMSE varies be-
tween 0.56 (calibration period) and 0.84 (evaluation period),
where NMSE= 0.56 means that on average only about 44 %
(1.0− 0.56= 0.44) of the variability in the flows has been
explained. This is not surprising given the use of a simple
lumped conceptual model driven by satellite-based estimates
of precipitation for a poorly gauged basin. The flow biases
are small (NBµ< 15 %), indicating that long-term water bal-
ance is approximately preserved. The calibrated values of the
model parameters are reported in Appendix C.

Table 3 presents a comparison of the model-generated
HAET with the GAET data (for the total 7.5-year simula-
tion period). HAET tends to be larger on average, varies over
a wider range, is considerably more skewed, and is less kur-
totic. Some of the reasons for this can be understood from
the time-series plot and scatter plot shown in Fig. 6. The be-
havior of HAET tends to be more erratic and, although both
HAET and GAET show seasonal patterns, the former regu-
larly drops to zero or near zero (explained by the very sim-
ple, threshold-like, ET process representation in the model,
which does not contain a resistance term). The result is that
HAET and GAET are not well correlated (Fig. 6b) and have
different shapes for their empirical probability distributions
(Fig. 7). Even if we were to ignore the time steps when
HAET drops closer to zero, HAET is strongly positively bi-
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Table 2. Performance evaluation metrics used in this study.

Metrics Equations

Normalized mean squared error (NMSE) MSE=mean((Oi − Si)2); NMSE= MSE
var(O )

Normalized bias in mean (NBµ) NBµ= mean(S)−mean(O)
mean(O)

Normalized bias in standard deviation (NBσ ) NBσ = SD(S)−SD(O)
SD(O)

Correlation coefficient (ρ) ρ=

N∑
i=1
(Oi−mean(O))(Si−mean(S))√

N∑
i=1
(Oi−mean(O))2

N∑
i=1
(Si−mean(S))2

O: observed flows; S: simulated flows; N : number of data points.

Figure 7. Histogram and ECDF plots of GAET and HAET.

Table 3. Descriptive statistics of GAET and HAET.

Statistics GAET HAET

Maximum 4.62 6.12
Minimum 0.119 0.00
Mean 3.03 3.52
Median 3.08 4.21
Mode 0.11 0.00
SD 0.59 1.72
Skewness −0.58 −1.03
Kurtosis 3.84 2.62

ased (too large), which results from trying to satisfy the po-
tential evapotranspiration (PET).

Table 4 reports a water balance estimate WBAET of
the mean annual AET for the basin, obtained by sub-
tracting mean annual streamflow (at the discharge station)
from mean annual precipitation (estimated from TMPA-
RT). WBAET is similar in magnitude to GAET, and we
have GAET<WBAET<HAET<HPET, indicating that
the AET computed by the model tends to be a little high.

The benchmark model was constrained using the GAET
estimates in Step-2, but the model parameters were not re-
calibrated. As can be seen in Table 5, the model performance
has become significantly worse due to streamflow becom-
ing positively biased. Given that GAET<HAET, this makes
sense because imposing GAET as a constraint alters the wa-

Table 4. Annual mean of AETs and HPET.

Source Annual mean
(mm)

GAET 1100
HAET 1263
WBAET 1146
HPET 1704

ter balance of the model. To try and fix this water balance
problem, we recalibrated the parameters of the model to im-
prove the match to observed streamflows while continuing
to use GAET to constrain HAET in the model (Step-3). Al-
though the large positive bias was reduced (Table 5) and the
NMSE statistic was improved as compared to Step-2, most of
the error statistics deteriorated for all three periods (calibra-
tion, evaluation, and total simulation) as compared to Step-1.
Importantly, this calibration step resulted in an unrealistically
large value of 17.36 m for the size of the soil moisture stor-
age (previously a more realistic 0.76 m). This value is clearly
conceptually and physically inconsistent (the realistic range
is about 0 to 2 m), and while it improved calibration period
performance, the lack of consistency is reflected in the sharp
deterioration in performance during evaluation. Unrealistic
parameter values, such as this, are indications of either se-
vere errors in the data or structural errors in the model. Since
GAET agrees well with WBAET on average, it is likely that

www.hydrol-earth-syst-sci.net/21/879/2017/ Hydrol. Earth Syst. Sci., 21, 879–896, 2017

86



886 T. Roy et al.: Evapotranspiration estimates to improve the structure of a conceptual rainfall–runoff model

Table 5. Streamflow error statistics for calibration, evaluation, and total simulation (in parentheses) for all five different steps in Stage-I
analysis.

Metrics Step-1 Step-2 Step-3 Step-4 Step-5

Calibration

NMSE 0.56 1.68 0.64 0.43 0.60
NBµ 0.09 0.32 0.12 0.09 −0.09
NBσ −0.12 −0.15 −0.19 −0.06 −0.04
ρ 0.76 0.81 0.74 0.83 0.75

Evaluation (total simulation)

NMSE 0.84 (0.77) 2.13 (2.17) 0.92 (1.19) 0.88 (0.75) 0.64 (0.56)
NBµ 0.14 (0.14) 0.38 (0.38) 0.09 (0.22) 0.15 (0.16) −0.01 (−0.02)
NBσ −0.04 (−0.08) −0.03 (−0.10) 0.04 (−0.01) 0.17 (0.02) 0.14 (0.05)
ρ 0.66 (0.72) 0.71 (0.76) 0.61 (0.69) 0.74 (0.78) 0.73 (0.74)

the major cause here is model structural inadequacy (Gupta
et al., 2012). We next checked (Step-4) to see whether this
problem could instead be resolved by implementing empiri-
cal adjustments to GAET.

We tested two empirical constraint adjustment schemes
(Eqs. 1 and 2) applied to the GAET data, and calibrated
the additional parameters (from these equations) along with
HYMOD1 parameters. Results for both schemes were simi-
lar, but Eq. (2) provided slightly better performance for the
evaluation and total simulation periods, and so we selected
Eq. (2). Compared to the benchmark (Step-1), NMSE and
NBµ calibration period statistics reduced from 0.56 to 0.43
and 12 to 6 %, respectively (Table 5) while ρ increased from
(0.76/0.66/0.72; Cal/Eval/Tot) to (0.83/0.74/0.78). Perhaps
more important, the calibrated value of parameter H is now
0.65 m, which is within the conceptually acceptable range.
Finally, the model obtained in Step-4 was run without the use
of GAET to see how well the model would perform if GAET
data were to become unavailable. The results (Table 5) in-
dicate that model performance does not deteriorate signifi-
cantly when GAET data become unavailable and, in some
cases, the performance is better than the benchmark.

3.2 Results from Stage-II (structural modifications)

Results from Stage-I confirm that GAET constraining can
improve the overall performance of HYMOD. However, for
operational implementation, the method requires real-time
estimates of SET, which could sometimes pose a challenge
for practical applications. To overcome the need for real-time
data availability, a simple approach could be to establish a
functional relationship between HAET and GAET from the
historical records and use that relationship to adjust HAET.
In our case, however, HAET and GAET did not show a suf-
ficiently strong relationship (Fig. 6). Therefore, we instead
investigated whether we could use the historical GAET data
to improve the structure of the model itself.

Our previous results (Fig. 6) showed that HAET generated
by HYMOD1 did not match well with GAET. This is likely
because the entire soil moisture storage was exposed to the
ET process. Consequently, it is common for all of the soil
moisture to evaporate away during a single time step, leaving
no water available for evaporation at the next time step (pro-
vided no precipitation is added), so that HAET drops to zero.
This tendency can be reduced by modifying the ET process
representation so that HAET more closely follows GAET.

Step-1 in the Stage-II analysis has four different cases as
shown in Table 1. The first case (Case-A) is identical to
the benchmark step (Step-1) in the Stage-I analysis, where
the calibrated HYMOD1 is run without GAET estimates. In
Case-B,Kt=K0 is applied as a constant multiplier to the ET
equation (see Table 1), which acts as a constant surface resis-
tance to ET. Calibration (of all of the model parameters) re-
sulted in improved error statistics (Table 6). The estimate ob-
tained for the surface resistance wasK0= 0.73. However, we
again obtained a conceptually unrealistic value (H = 9.5 m)
for the soil moisture storage parameter. In Case-C, the more
complex form Kt=K0 · f (ψt) was used (see Table 1). This
resulted in a model performance (Table 6) comparable to that
of the previous one, but with a more realistic calibrated value
of the soil moisture storage (H = 0.90 m). Interestingly, the
calibrated value for K0 was 1, implying that K0 becomes ir-
relevant once f (ψt) is introduced to the ET equation.

Finally, the most complex form Kt=Kmin+ [Kmax
−Kmin] · f (ψt) was introduced in Case-D. Kmax was a cali-
bration parameter and Kmin was defined as Kmin= γ ·Kmax
via a second calibration parameter γ (ranging from 0 to 1)
(see Table 1). Results indicate that although the calibration
error statistics (Table 6) are similar to those of Case-C, the
evaluation and total simulation statistics are better. The cal-
ibrated value of parameter “BE” (derived by transforming
the parameter “be”; see Eq. A7) was 0.86, indicating only
a mildly nonlinear relationship between ψt and K . The min-
imum and maximum limits of K were close to zero and one,
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Table 6. Streamflow error statistics for calibration period, evalua-
tion period, and total simulation period (in parentheses) for all four
different cases in Stage-II Step-1 analysis.

Metrics Case-A Case-B Case-C Case-D

Calibration

NMSE 0.56 0.52 0.51 0.51
NBµ 0.09 0.10 0.10 0.10
NBσ −0.12 −0.19 −0.04 −0.04
ρ 0.76 0.77 0.80 0.80

Evaluation (total simulation)

NMSE 0.84 (0.77) 0.65 (0.77) 0.88 (0.72) 0.84 (0.70)
NBµ 0.14 (0.14) 0.07 (0.16) 0.14 (0.14) 0.14 (0.13)
NBσ −0.04 (−0.08) 0.00 (−0.06) 0.16 (0.10) 0.16 (0.10)
ρ 0.66 (0.72) 0.70 (0.75) 0.73 (0.78) 0.74 (0.78)

Figure 8. Scatter plots of streamflow and AET from Case-C and
Case-D.

respectively, confirming the findings of Case-C, where K0
became irrelevant once f (ψt)was introduced to the ET equa-
tion.

3.2.1 Final model selection from Stage-II Step-1

In this section, we address two main questions: (a) does
the structural modification of the model (to the representa-
tion of the ET process) improve ET estimation? If so, then
(b) what level of complexity is adequate? Table 7 presents
the streamflow and AET performance statistics for the to-
tal simulation period for the four cases. Since Case-A pro-
vides very poor error statistics for AET (e.g., NMSE= 8.93
and NBσ = 1.89), we disregard this case. Although Case-B
shows the best NBσ (−0.06) statistics for streamflow, and
the best NMSE (1.28) and NBµ (0.12) statistics for AET,
the value obtained for the soil moisture storage capacity (H )
was unrealistic; we therefore also disregard this case. Com-
parison of Case-C and Case-D shows that while their stream-
flow and AET simulations are similar (Fig. 8), Case-D pro-
vides slightly better NMSE (0.70) and NBµ (0.13) statistics
for streamflow and slightly better ρ (0.49) statistics for AET
(Table 7 and Fig. 9). We therefore selected the most complex
form Kt=Kmin+ [Kmax−Kmin] · f (ψt) for the ET func-

Table 7. Streamflow and AET error statistics in total simulation for
all four cases in Stage-II Step-1 analysis.

Metrics Case-A Case-B Case-C Case-D

Streamflow

NMSE 0.77 0.77 0.72 0.70
NBµ 0.14 0.16 0.14 0.13
NBσ −0.08 −0.06 0.10 0.10
ρ 0.72 0.75 0.78 0.78

AET

NMSE 8.93 1.28 1.70 1.71
NBµ 0.18 0.12 0.17 0.17
NBσ 1.89 −0.26 −0.10 −0.13
ρ 0.22 0.43 0.48 0.49

Figure 9. Streamflow and AET error statistics in total simulation
for all four cases in Stage-II Step-1 analysis.

tion (Case-D). The corresponding model is hereafter referred
to as “HYMOD2”. Note that, for practical applications, any
simpler structural modification (Case-B or Case-C) can be
adapted, if that proves convenient.

Comparing the streamflow error statistics of Stage-I Step-
4 (Table 5) and Stage-II Step-1 Case-D (Table 6), we see
that they are quite similar, indicating that the ET constraining
(first approach) and diagnostic structural improvement (sec-
ond approach) strategies produce dynamical behaviors that
are similar (as measured by the four performance metrics
used).
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Table 8. Streamflow error statistics for calibration, evaluation, and total simulation (in parentheses) for all five different steps in Stage-II
analysis.

Metrics Step-1 Step-2 Step-3 Step-4 Step-5

Calibration

NMSE 0.51 1.82 0.64 0.51 0.50
NBµ 0.10 0.32 0.12 0.10 0.10
NBσ −0.04 0.16 −0.19 −0.04 −0.04
ρ 0.80 0.81 0.74 0.80 0.80

Evaluation (total simulation)

NMSE 0.84 (0.70) 2.46 (2.29) 0.92 (1.19) 0.84 (0.70) 0.84 (0.70)
NBµ 0.14 (0.13) 0.37 (0.36) 0.10 (0.22) 0.14 (0.14) 0.14 (0.13)
NBσ 0.16 (0.10) 0.38 (0.31) 0.05 (−0.01) 0.16 (0.10) 0.16 (0.09)
ρ 0.74 (0.78) 0.70 (0.77) 0.61 (0.69) 0.74 (0.78) 0.74 (0.78)

3.2.2 Is further improvement possible?

The modified model (HYMOD2) selected in the previous
section (Stage-II Step-1 Case-D) was next used with GAET
in Step-2 to Step-5 (see Fig. 5) to address two questions:
(1) could more information from GAET be incorporated (via
constraining) into the model, or is the improved model struc-
ture already good enough? (2) Is the constraint adjustment
on GAET (Step-4) still relevant once the model structure has
been improved?

When GAET was used to constrain the ET process (Step-
2) in HYMOD2 without model recalibration (parameters
used were from Case-D), there was significant overestima-
tion bias evident in the simulations of streamflow (Table 8).
Clearly, recalibration of the modified model was necessary to
see whether the model performance could be improved any
further. The recalibration of HYMOD2 improved the error
statistics (Table 8); compare these results with Stage-I Step-3
results in Table 5 derived the same way for HYMOD1. While
a small improvement was obtained for the soil moisture stor-
age capacity parameterH (reduced from 17.4 to 12.8 m), this
value remained conceptually inconsistent (too large). Over-
all, the error statistics deteriorated compared to the best re-
sults from Case-D. The HYMOD2 parameters were then cal-
ibrated along with the parameters of the GAET adjustment
equation (using Eq. 2). Although the results improved (Ta-
ble 8), and the value of theH parameter became conceptually
realistic (0.88 m), the results were not significantly different
from Case-D in Step-1. Finally, when the GAET data were
made unavailable, the model performance remained stable,
as also seen in Stage-I Step-5 results.

Therefore, in regards to the two questions that motivated
this section, the results indicate that (1) once information
from GAET was incorporated into the model as a modifi-
cation to the structure, there was no further need for the use
of GAET to constrain the simulation of ET (use of GAET
even caused some of the results to deteriorate), and (2) im-

plementation of a constraint adjustment to GAET (Step-4) in
the structurally modified model (Stage-II) did not improve
the overall results.

3.3 Overall comparison and analysis of uncertainty

Figure 10 compares the streamflow time series obtained from
Stage-I Step-4 (constraining ET) and Stage-II Step-1 Case-
D (selected model after structural modification) against the
benchmark (Stage-I Step-1) in both actual and λ-transformed
spaces. Simulations from the HYMOD2 structurally modi-
fied model follow the observations most closely, followed by
the simulations from Stage-I Step-4 (ET constraining) and
benchmark. Clearly, while the streamflow simulations are
improved by both ET constraining and model structural mod-
ification, the latter performs the best.

Using the best model from Stage-II (HYMOD2), we next
investigate the change in simulation uncertainties for stream-
flow and AET due to the model structural improvement. The
calibration period residual distributions (assumed stationary)
were superimposed on the daily estimates of the correspond-
ing variables for the total simulation period. Figure 11 shows
the histograms of calibration period residuals for the bench-
mark and final (Stage-II Step-1 Case-D) steps. In both cases
(AET and streamflow), the residuals become more normally
distributed, with the improvement being more prominent for
AET. This result is expected, since HYMOD1 in Stage-I
Step-1 showed poor performance in regards to AET. Over-
all, the structural modification is clearly beneficial.

Figure 12 shows the streamflow and AET time series along
with their corresponding 90 % confidence intervals for the
benchmark and the final steps. Both the streamflow and AET
simulations improve as a result of the model structural mod-
ification. Although the streamflow uncertainty bounds have
not narrowed significantly, the flow series is clearly less bi-
ased and tracks the recessions better. Meanwhile, the AET
simulations have improved significantly: (a) the bias has been
reduced, (b) the uncertainty bounds are narrower, and (c) the
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Figure 10. Time-series plots of streamflow for the best simulations in Stage-I and Stage-II, the benchmark simulation, and the observations.

Figure 11. AET and streamflow error distributions for the bench-
mark and the final steps.

erratic behavior originally seen in the AET simulations (fre-
quent drops to zero) has disappeared. Further, although the
improvement in streamflow performance is evident from the
statistics in Tables 5 and 6, the improved behavior is even
more apparent in Fig. 12, where the model can be seen to
track the recessions quite well.

4 Discussion

In this study, we have explored two different approaches
for using the recently available GLEAM satellite-based AET
dataset to improve the realism and performance of the HY-
MOD conceptual catchment-scale hydrologic model. In the

first approach, GAET is used as a constraint to the ET pro-
cess equation in the model, while in the second approach,
the model structure has been modified so that the ET pro-
cess parameterizations become more physically consistent
and realistic. We avoided making the model overly compli-
cated in terms of its structural representations and/or hav-
ing a large number of parameters, since both of these would
defeat its main purpose of being a simple model. Our goal
was to increase the realism within the model and improve its
performance in simple manners. Furthermore, we also made
sure that the improvements in some particular process sim-
ulation (e.g., AET) do not deteriorate the model’s perfor-
mance in simulating some other process (e.g., streamflow).
Our results show that both the approaches (process constrain-
ing and structural modification) can improve the simulations
of streamflow, while the latter also significantly improves
the AET simulations. Clearly, the satellite-based ET datasets
(GLEAM in this case) can significantly benefit the process
of hydrologic modeling in poorly gauged basins.

The use of ET data as a constraint can improve streamflow
forecasts, provided some additional processing steps are im-
plemented. If the GAET data are used directly as a constraint
to the ET equation, the model tends to show bias in stream-
flow simulations. This behavior can be attributed to the fact
that once GAET is incorporated, the water balance within the
model is altered, the effects of which are reflected in terms
of bias in the simulated streamflows. The type of this bias, of
course, is subject to change depending on the dataset. While
recalibration of the model with the ET constraint improves
the performance, it can result in conceptually unrealistic es-
timates of certain parameters (H in this case). However, the
model produces conceptually realistic values of the H pa-

www.hydrol-earth-syst-sci.net/21/879/2017/ Hydrol. Earth Syst. Sci., 21, 879–896, 2017

90



890 T. Roy et al.: Evapotranspiration estimates to improve the structure of a conceptual rainfall–runoff model

Figure 12. Time-series plots of streamflow (λ-transformed and actual) and AET for the benchmark and the final steps. For clarity, we only
show a window of 1000 days.

rameter if some adjustments are made in the GAET con-
straints, instead of using them directly. Note that constraint
adjustment is not similar to bias correction; for the latter we
need the “ground truth” of actual ET. Therefore, the adjust-
ment process is not necessarily indicative of the presence of
any actual bias in GAET estimates. The adjustment factors
are model parameters that correspond to the structural defi-
ciencies within the model. They may or may not be necessary
as the structure changes. As we have seen in Stage-II Step-4,
the constraint adjustment became irrelevant once the struc-
ture of the model itself was improved. We also found that a
simple adjustment (using a multiplicative factor) can perform
equally well as a more complex alternative (power function).

Improving the model structure provides several other ben-
efits. For example, a model that simulates ET more accu-
rately can be a suitable candidate for real-time forecasting
applications. This type of a model can also prove useful
for projecting future water availability. Although ET plays
a significant role in the hydrological cycle, traditionally, for
conceptual models, the main focus has been drawn towards
improving their streamflow simulation performance, while
making the ET process overly simplified (e.g., a simple wa-
ter budget). In this study, we show that by incorporating sim-
ple but physically consistent structural changes, the ET sim-
ulation performance can be improved significantly. In poorly
gauged basins, the satellite-based estimates of AET provide
useful information to carry out this improvement.

In this study, we tested several conceptually reasonable
model structural modifications of varying levels of complex-
ity and physical basis (Case-A to Case-D), and selected the
one that provided the best simulations of both AET and
streamflow. We found that relatively simple changes to the
model’s ET equation significantly improved the ET simula-
tions as assessed by GAET. While our goal was to improve
the AET and streamflow simulations, we were also careful to
ensure that the model parameters remain conceptually realis-
tic. We saw that using a simple multiplicative factor (parame-
ter K) as a resistance to AET produced excellent streamflow
and AET forecasts (Case-B), but resulted in an unrealistic es-
timate of basin storage capacity (parameter H ). In contrast,
inclusion of a soil moisture dependent function, f (ψt), re-
sulted in a more realistic estimate of basin storage capac-
ity without compromising the streamflow and AET simula-
tions. Once the model structure was appropriately modified
to provide good simulations, the model simulations were ro-
bust/stable, and there was no need to impose the ET con-
straint (with/without constraint adjustment). The modified
model structure provided significantly improved AET fore-
casts with much narrower uncertainty intervals (see Fig. 12),
along with reduced bias in streamflow and improved tracking
of the streamflow recessions.

Overall, by incorporating an additional source of external
information in a sensible manner (here by structural modifi-
cation), the need for calibration can be reduced (note that the
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model was not calibrated against GAET); see the extensive
discussion by Gharari et al. (2014) and Bahremand (2016) on
this topic. Nevertheless, given the simplistic nature of the hy-
drologic models and the large uncertainties that exist therein,
some degree of calibration will generally remain important
and relevant. We do not mean to imply, therefore, that cal-
ibration is not essential, because we will rarely (correctly)
know everything we need to know about the system we are
modeling. Instead, we should be aware of the strengths and
weaknesses involved in the use of calibration and apply it
carefully in such a way that useful information is gained
about the underlying nature of the actual physical system.
In this study, we demonstrate the need for both approaches.
On the one hand, improving the model structure resulted in
improved AET simulations without any need for calibration
(against AET). On the other hand, the best streamflow perfor-
mance was achieved when the structurally modified model
was tuned via a calibration procedure.

Note that this study is based on testing the model on
a single basin using a single satellite-based AET product.
While not demonstrating universal applicability, the results
are clearly indicative and the methodology illustrates how
such data can be used to investigate potential improvements
to the structures of simple catchment-scale models used for
hydrologic studies in data-scarce regions. A rigorous anal-
ysis of the methodology over multiple basins is a future re-
search need. For more detailed process-based models, the ET
process parameters can be calibrated against some reliable
satellite-based AET estimates (e.g., GLEAM), or the process
representation itself can be improved by adapting some sim-
ilar strategies that these AET products are based on.

5 Conclusions

In conclusion, SET data can be used to improve model per-
formance in different ways. However, strategies that result
in model structural modifications can generally be expected
to provide longer lasting benefits than ones that simply up-
date or constrain the state trajectories of the model. This is
because structural modifications can both improve the ini-
tial estimates of the state at each time step and sustain these
improvements into future time steps (Bulygina and Gupta,
2009, 2010, 2011; Nearing and Gupta, 2015). In contrast,
even though data assimilation to directly adjust state es-
timates can improve model performance, inadequacies in
model structure will tend to cause the state estimates to drift
away from their more appropriate values over time, because
of which the performance will deteriorate markedly when
the constraining data are not available. Of course, we have
only tested a simple “constraining” strategy for assimilating
ET information, and more sophisticated approaches such as
the ensemble Kalman filter (EnKF) could instead be imple-
mented. However, the efficiency of the EnKF for soil mois-
ture retrieval has been shown to be as low as 30 % (Nearing
et al., 2013a, b), and so it is not clear that more sophisticated
forms of DA are justified, especially given the large uncer-
tainties associated with both the data and the model structure
for this poorly gauged catchment. We leave such investiga-
tion for future work.

6 Code and data availability

Data and codes (HYMOD2 in Matlab) used in this study
are available on request from the corresponding author,
Tirthankar Roy (royt@email.arizona.edu).
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Appendix A: Original HYMOD equations

The benchmark version of the HYMOD spatially lumped
conceptual rainfall–runoff model has six parameters. The
model is driven by mean daily precipitation and PET data to
generate daily estimates of AET and streamflow. It has two
main components, a two-parameter soil moisture account-
ing (SMA) module based on the Moore (1985) rainfall excess
concept, and a linear routing (ROUT) module with parallel
quick-flow and slow-flow pathways. In the SMA module, the
state variable (soil moisture storage, C) and the indicator
variable (storage height, H ) are nonlinearly related via the
following equation (Moore, 1985):

C(t)= Cmax

(
1−

(
1−

H(t)

Hmax

)1+b
)
, (A1)

where the maximum storage capacity (Cmax) and the maxi-
mum indicator height (Hmax) are related as

Cmax =
Hmax

1+ b
. (A2)

First, the initial storage (Cbeg) is calculated from the initial
indicator height (Hbeg) using Eq. (A1). Next, Hmax is sub-
tracted from the sum of precipitation (P ) and Hbeg to calcu-
late overland flow (OV) as

OV= P +Hbeg−Hmax. (A3)

Infiltration (I ) is then calculated by subtracting OV from P ,

I = P −OV, (A4)

and an intermediate indicator height (Hint) is computed by
adding I toHbeg, and used to calculate the intermediate stor-
age (Cint). By subtracting Cint from the sum of I and Cbeg we
obtain the interflow (IF). Finally, the total runoff is obtained
by adding together OV and IF.

Finally, the HYMOD AET (called HAET) is taken to be
the smaller of available water Cint and PET (which is pro-
vided as input to the model):

HAET=min {PET,Cint} , (A5)

and the storage at the end of the time step is computed by
subtracting AET from Cint:

Cend = Cint−HAET. (A6)

The power coefficients in HYMOD (“BE” in Table 1 and “b”
in Eqs. A1 and A2) can have values ranging from 0 to infinity.
For calibration it is useful to be able to impose finite values
on the feasible ranges of the parameters; therefore we ap-
plied the following transformation (Eq. A7) which converts
the [0, inf) range of parameter BE to the [0, 2) range of trans-
formed parameter “be” so that the search can be conducted
on the finite range of parameter “be” (similarly for parame-
ter “b” in Eqs. (A1) and (A2):

BE= ln(1− be/2)/ ln(0.5); be= [0,2). (A7)

Appendix B: The λ-transformation used

The λ-transformation on streamflows used in this study is
given by the equation

TQt =

(
Qt

µQobs

)λ
, (B1)

where Qt and TQt represent streamflows in the actual space
and the transformed space, µQobs is the mean of the obser-
vations in the actual space, and λ is the transformation pa-
rameter that reduces the skewness. This expression differs
slightly from the form TQt=

(Qt)
λ
−1

λ
recommended by Box

and Cox (1964), in that the flows are normalized by the mean
µQobs before transformation, and the transformed flows all
remain positive. This form works as long as the transfor-
mation parameter λ 6= 0, which is true in our case; if λ= 0,
then one should use TQt= ln(Qt) as discussed by Box and
Cox (1964).
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Appendix C: Calibrated HYMOD (actual and modified)
parameters

Table C1. This table provides calibrated parameters of the actual and modified HYMOD models.

Para Stage-I Stage-I Stage-I Stage-II Stage-II Stage-II Stage-II Stage-II
Step-1 Step-3 Step-4 Step-1 Step-1 Step-1 Step-3 Step-4

Case-B Case-C Case-D

H 761.0 17 364.0 646.4 9494.0 903.7 866.0 12 763.8 878.7
B 1.93 1.95 1.24 1.87 0.29 0.34 1.86 0.32
α 0.48 0.37 0.67 0.38 0.31 0.27 0.45 0.31
Nq 1.44 4.54 1.25 4.22 4.80 4.71 3.51 4.50
Ks 0.00 0.09 0.00 0.10 0.10 0.09 0.10 0.10
Kq 0.10 0.22 0.10 0.19 0.24 0.24 0.18 0.20
Kmax – – – 0.73 1.00 1.00 1.00 1.00
γ – – – – – 0.00 1.00 0.00
BE – – – – – 0.86 0.06 0.90
a – – 1.33 – – – – 1.82
b – – 0.93 – – – – 2.00
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