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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.

Water Resources Research 10.1002/2016WR019752

ROY ET AL. MULTIMODEL AND MULTIPRODUCT STREAMFLOW FORECASTING 381



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
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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)).

References
Adler, R. F., C. Kidd, G. Petty, M. Morissey, and H. M. Goodman (2001), Intercomparison of global precipitation products: The third Precipita-

tion Intercomparison Project (PIP-3), Bull. Am. Meteorol. Soc., 82(7), 1377.
AghaKouchak, A., and E. Habib (2010), Application of a conceptual hydrologic model in teaching hydrologic processes, Int. J. Eng. Educ.,

26(4), 963–973.
AghaKouchak, A., A. Behrangi, S. Sorooshian, K. Hsu, and E. Amitai (2011), Evaluation of satellite-retrieved extreme precipitation rates across

the central United States, J. Geophys. Res., 116, D02115, doi:10.1029/2010JD014741.
AghaKouchak A., N. Nakhjiri, and E. Habib (2012), An educational model for ensemble streamflow simulation and uncertainty analysis,

Hydrol. Earth Syst. Sci. Discuss., 9, 7297–7315, doi:10.5194/hessd-9-7297-2012.
Bergstr€om, S. (1992), The HBV Model: Its Structure and Applications, Swed. Meteorol. and Hydrol. Inst. Rep. Hydrol., Norrk€oping, Sweden.
Bergstr€om, S., and V. P. Singh (1995), The HBV Model, Computer Models of Watershed Hydrology, pp. 443–476, Water Resour. Publ., Littleton,

Colo., ISBN: 0918334918. [Available at https://www.cabdirect.org/cabdirect/abstract/19961904762.]
Box, G. E., and D. R. Cox (1964), An analysis of transformations, J. R. Stat. Soc., Ser. B, 26(2), 211–252. [Available at https://www.jstor.org/sta-

ble/2984418?seq=1#page_scan_tab_contents.]
Boyle, D. (2000), Multicriteria calibration of hydrological models, PhD dissertation, Univ. of Ariz., Tucson.
Brown, J. D., and D. J. Seo (2010), A nonparametric postprocessor for bias correction of hydrometeorological and hydrologic ensemble

forecasts, J. Hydrometeorol., 11(3), 642–665.
Casse, C., M. Gosset, C. Peugeot, V. Pedinotti, A. Boone, B. A. Tanimoun, and B. Decharme (2015), Potential of satellite rainfall products to

predict Niger River flood events in Niamey, Atmos. Res., 163, 162–176.
Demaria, E., and A. Serrat-Capdevila (2016), Validation of remote sensing-estimated hydro meteorological variables, in Earth Observation

for Water Resources Management: Current Use and Future Opportunities for the Water Sector, edited by L. E. Garc�ıa et al., pp. 167–194,
World Bank, Washington, D. C.

Dempster, A. P., N. M. Laird, and D. B. Rubin (1977), Maximum likelihood from incomplete data via the EM algorithm, J. R. Stat. Soc., Ser. B,
39(1), 1–38.

Diks, C. G., and J. A. Vrugt (2010), Comparison of point forecast accuracy of model averaging methods in hydrologic applications, Stochastic
Environ. Res. Risk Assess., 24(6), 809–820.

Dinku, T., P. Ceccato, E. Grover-Kopec, M. Lemma, S. J. Connor, and C. F. Ropelewsk (2007), Validation of satellite rainfall products over East
Africa’s complex topography, Int. J. Remote Sens., 28(7),1503–1526.

Duan, Q., S. Sorooshian, and V. Gupta (1992), Effective and efficient global optimization for conceptual rainfall-runoff models, Water Resour.
Res., 28(4), 1015–1031.

Duan, Q., N. K. Ajami, X. Gao, and S. Sorooshian (2007), Multi-model ensemble hydrologic prediction using Bayesian model averaging, Adv.
Water Resour., 30(5), 1371–1386.

Ebert, E. E., J. E. Janowiak, and C. Kidd (2007), Comparison of near-real-time precipitation estimates from satellite observations and numeri-
cal models, Bull. Am. Meteorol. Soc., 88(1), 47–64.

Funk, C. C., P. J. Peterson, M. F. Landsfeld, D. H. Pedreros, J. P. Verdin, J. D. Rowland, B. E. Romero, G. J. Husak, J. C. Michaelsen, and A. P.
Verdin (2014), A quasi-global precipitation time series for drought monitoring, U.S. Geol. Surv. Data Ser., 832, 4 p., doi:10.3133/ds832.

Gebregiorgis, A. S., and F. Hossain (2013), Understanding the dependence of satellite rainfall uncertainty on topography and climate for
hydrologic model simulation, IEEE Trans. Geosci. Remote Sens., 51(1), 704–718.

Gebregiorgis, A., and F. Hossain (2014b), Making satellite precipitation data work for the developing world, IEEE Trans. Geosci. Remote Sens.,
2(2), 24–36.

Gebregiorgis, A. S., and F. Hossain (2014a), Estimation of satellite rainfall error variance using readily available geophysical features, IEEE
Trans. Geosci. Remote Sens., 52(1), 288–304.

Gebregiorgis, A. S., and F. Hossain (2015), How well can we estimate error variance of satellite precipitation data around the world?, Atmos.
Res., 154, 39–59.

Gebregiorgis, A. S., Y. Tian, C. D. Peters-Lidard, and F. Hossain (2012), Tracing hydrologic model simulation error as a function of satellite
rainfall estimation bias components and land use and land cover conditions, Water Resour. Res., 48, W11509, doi:10.1029/
2011WR011643.

Gebremichael, M., M. M. Bitew, F. A. Hirpa, and G. N. Tesfay (2014), Accuracy of satellite rainfall estimates in the Blue Nile Basin: Lowland
plain versus highland mountain, Water Resour. Res., 50, 8775–8790, doi:10.1002/2013WR014500.

Grimes, D. I. F., E. Pardo-Iguzquiza, and R. Bonifacio (1999), Optimal areal rainfall estimation using raingauges and satellite data, J. Hydrol.,
222, 93–108.

Gupta, H. V., H. Kling, K. K. Yilmaz, and G. F. Martinez (2009), Decomposition of the mean squared error and NSE performance criteria: Impli-
cations for improving hydrological modelling, J. Hydrol., 377(1), 80–91.

Hargreaves, G. H. ,and Z. A. Samani (1985), Reference crop evapotranspiration from temperature, Appl. Eng. Agric., 1, 96–99.
Hashino, T., A. A. Bradley, and S. S. Schwartz (2007), Evaluation of bias-correction methods for ensemble streamflow volume forecasts,

Hydrol. Earth Syst. Sci., 11, 939–950.
Hoeting, J. A., D. Madigan, A. E. Raftery, and C. T. Volinsky (1999), Bayesian model averaging: A tutorial, Stat. Sci., 14(4), 382–417.
Hong, Y., K. L. Hsu, S. Sorooshian, and X. G. Gao (2004), Precipitation estimation from remotely sensed imagery using an artificial neural net-

work cloud classification system, J. Appl. Meteorol., 43(12), 1834–1852.
Huffman, G., R. F. Adler, D. T. Bolvin, G. Gu, E. J. Nelkin, K. P. Bowman, Y. Hong, E. F. Stocker, and D. B. Wolff (2007), The TRMM Multisatellite

Precipitation Analysis (TMPA): Quasi-global, multiyear, combined-sensor precipitation estimates at fine scales, J. Hydrometeorol., 8(1),
38–55.

Hughes, D. A. (2006), Comparison of satellite rainfall data with observations from gauging station networks, J. Hydrol., 327, 399–410.

Acknowledgments
This work was supported by the NASA-
USAID SERVIR Program through award
11-SERVIR11-58. Partial support was
also provided by the International
Center for Integrated Water Resources
Management (ICIWaRM-UNESCO).
Ashutosh Limaye and the entire
SERVIR Applied Sciences Team
provided valuable feedback. Michael
McClain, Eric Kabuchanga and Faith
Mitheu were of great assistance in
obtaining historical ground data and
liaising with national and local water
managers. Dan Braithwaite, Kuolin
Hsu, Soroosh Sorooshian at the CHRS
UC Irvine were of great help in
providing access to the PERSIANN-CCS
estimates in real time. James Verdin
and Pete Peterson provided advice
and support on how to use the CHIRPS
product. Zhong Liu, Steven Kempler
and Mary Greene from NASA provided
valuable information regarding TMPA
data over personal communication
(2015). Matej Durcik from UA
Biosphere 2 provided the
supplementary files required to run
the VIC model. The third author
acknowledges partial support from the
Australian Research Council through
the Centre of Excellence for Climate
System Science (Grant number
CE110001028), and the EU-funded
project ‘‘Sustainable Water Action
(SWAN): Building Research Links
between EU and US’’ (INCO-20011-7.6
grant 294947). We are thankful to Prof.
Bethanna Jackson and two other
anonymous reviewers for their
constructive reviews which
significantly improved our manuscript.
The authors express no real or
perceived financial conflicts of
interests. Supporting information for
the results presented in this study are
available upon request from the
corresponding author, Tirthankar Roy
(royt@email.arizona.edu).

Water Resources Research 10.1002/2016WR019752

ROY ET AL. MULTIMODEL AND MULTIPRODUCT STREAMFLOW FORECASTING 397

http://dx.doi.org/10.1029/2010JD014741
http://dx.doi.org/10.5194/hessd-9-7297-2012
https://www.cabdirect.org/cabdirect/abstract/19961904762
https://www.jstor.org/stable/2984418?seq=1#page_scan_tab_contents
https://www.jstor.org/stable/2984418?seq=1#page_scan_tab_contents
http://dx.doi.org/10.3133/ds832
http://dx.doi.org/10.1029/2011WR011643
http://dx.doi.org/10.1029/2011WR011643
http://dx.doi.org/10.1002/2013WR014500


Joyce, R. J., J. E. Janowiak, P. A. Arkin, and P. Xie (2004), CMORPH: A method that produces global precipitation estimates from passive
microwave and infrared data at high spatial and temporal resolution, J. Hydrometeorol., 5, 487–503.

Kalnay, E., et al. (1996), The NCEP/NCAR 40-Year Reanalysis Project, Bull. Am. Meteorol. Soc., 77, 437–471.
Liang, X., D. P. Lettenmaier, E. F. Wood, and S. J. Burges (1994), A simple hydrologically based model of land surface water and energy

fluxes for GSMs, J. Geophys. Res., 99(D7), 14,415-14,428.
Lindstr€om, G. (1997), A simple automatic calibration routine for the HBV model, Nordic Hydrol., 28(3), 153–168.
Lohmann, D., R. Nolte-Holube, and E. Raschke (1996), A large-scale horizontal routing model to be coupled to land surface parametrization

schemes, Tellus, Ser. A, 48, 708–721.
Lohmann, D., E. Raschke, B. Nijssen, and D. P. Lettenmaier (1998), Regional scale hydrology: I. Formulation of the VIC-2L model coupled to

a routing model, Hydrol. Sci. J., 43(1), 131–141.
Luo, L., E. F. Wood, and M. Pan (2007), Bayesian merging of multiple climate model forecasts for seasonal hydrological predictions, J. Geo-

phys. Res., 112, D10102, doi:10.1029/2006JD007655.
Mann, M. E. (2008), Smoothing of climate time series revisited, Geophys. Res. Lett., 35, L16708, doi:10.1029/2008GL034716.
Massey, F. J. Jr. (1951), The Kolmogorov-Smirnov test for goodness of fit, J. Am. Stat. Assoc., 46(253), 68–78.
Mati, B. M., S. Mutie, P. Home, F. Mtalo, and H. Gadain (2005), Land use changes in the transboundary Mara Basin: A threat to pristine wild-

life sanctuaries in East Africa, paper presented at 8th International River Symposium, Brisbane, Australia, 6-9 Sept. [Available at http://
archive.riversymposium.com/2005/index.php?element=29.]

Mati, B. M., S. Mutie, H. Gadain, P. Home, and F. Mtalo (2008), Impacts of land-use/cover changes on the hydrology of the transboundary
Mara River, Kenya/Tanzania, Lakes Reservoirs Res. Manage., 13, 169–177.

McClain, M. E., A. L. Subalusky, E. P. Anderson, S. B. Dessu, A. M. Melesse, P. M. Ndomba, J. O. D. Mtamba, R. A. Tamatamah, and C. Mligo
(2014), Comparing flow regime, channel hydraulics, and biological communities to infer flow–ecology relationships in the Mara River of
Kenya and Tanzania, Hydrol. Sci. J., 59(3-4), 801–819, doi:10.1080/02626667.2013.853121.

Mei, Y., E. N. Anagnostou, E. I. Nikolopoulos, and M. Borga (2014), Error analysis of satellite precipitation products in mountainous basins,
J. Hydrometeorol., 15(5), 1778–1793.

Meng, J., L. Li, Z. Hao, J. Wang, and Q. Shao (2014), Suitability of TRMM satellite rainfall in driving a distributed hydrological model in the
source region of Yellow River, J. Hydrol., 509, 320–332.

Moore, R. J. (1985), The probability-distributed principle and runoff production at point and basin scales, Hydrol. Sci. J., 30(2), 273–297.
Murphy, A. H. (1988), Skill scores based on the mean square error and their relationships to the correlation coefficient, Mon. Weather Rev.,

116(12), 2417–2424.
Nash, J. E., and J. V. Sutcliffe (1970). River flow forecasting through conceptual models part I—A discussion of principles, J. Hydrol., 10(3),

282–290.
Neuman, S. P., L. Xue, M. Ye, and D. Lu (2012), Bayesian analysis of data-worth considering model and parameter uncertainties, Adv. Water

Resour., 36, 75–85.
Raftery, A. E., T. Gneiting, F. Balabdaoui, and M. Polakowski (2005), Using Bayesian model averaging to calibrate forecast ensembles, Mon.

Weather Rev., 133(5), 1155–1174.
Rings, J., J. A. Vrugt, G. Schoups, J. A. Huisman, and H. Vereecken (2012), Bayesian model averaging using particle filtering and Gaussian

mixture modeling: Theory, concepts, and simulation experiments, Water Resour. Res., 48, W05520, doi:10.1029/2011WR011607.
Sapiano, M. R. P., and P. A. Arkin (2009), An intercomparison and validation of high-resolution satellite precipitation estimates with

3-hourly gauge data. J. Hydrometeorol., 10, 149–166.
Serrat-Capdevila A., J. B. Valdes, and E. Z. Stakhiv (2013), Water management applications for satellite precipitation products: Synthesis and

recommendations, J. Am. Water Resour. Assoc., 50(2), 509–525.
Shi, X., A. W. Wood, and D. P. Lettenmaier (2008), How essential is hydrologic model calibration to seasonal streamflow forecasting?,

J. Hydrometeorol., 9(6), 1350–1363.
Snover, A. K., A. F. Hamlet, and D. P. Lettenmaier (2003), Climate-change scenarios for water planning studies: Pilot applications in the

Pacific Northwest, Bull. Am. Meteorol. Soc., 84(11), 1513.
Su, F., Y. Hong, and D. P. Lettenmaier (2008), Evaluation of TRMM Multisatellite Precipitation Analysis (TMPA) and its utility in hydrologic

prediction in the La Plata Basin, J. Hydrometeorol., 9(4), 622–640.
Su, F., H. Gao, G. J. Huffman, and D. P. Lettenmaier (2011), Potential utility of the real-time TMPA-RT precipitation estimates in streamflow

prediction, J. Hydrometeorol., 12(3), 444–455.
Thiemig, V., R. Rojas, M. Zambrano-Bigiarini, V. Levizzani, and A. D. Roo (2012), Validation of satellite-based precipitation products over

sparsely gauged African River Basins, J. Hydrometeorol., 13, 1760–1783.
Thiemig, V., R. Rojas, M. Zambrano-Bigiarini, and A. De Roo (2013), Hydrological evaluation of satellite-based rainfall estimates over the Vol-

ta and Baro-Akobo Basin, J. Hydrol., 499, 324–338.
Tobin, K. J., and M. E. Bennett (2010), Adjusting satellite precipitation data to facilitate hydrologic modeling, J. Hydrometeorol., 11,

966–978.
Vrugt, J. A., and B. A. Robinson (2007), Treatment of uncertainty using ensemble methods: Comparison of sequential data assimilation and

Bayesian model averaging, Water Resour. Res., 43, W01411, doi:10.1029/2005WR004838.
Vrugt, J. A., M. P. Clark, C. G. H. Diks, Q. Duan, B. A. Robinson (2006), Multi-objective calibration of forecast ensembles using Bayesian model

averaging, Geophys. Res. Lett., 33, L19817, doi:10.1029/2006 GL027126.
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