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The paper examines the quality of Tropical Rainfall Monitoring Mission (TRMM) 3B42 V7 precipitation
product to simulate the streamﬂow using Soil Water Assessment Tool (SWAT) model for various rainfall
intensities over the Himalayan region. The SWAT model has been set up for Gandak River Basin
with 41 sub-basins and 420 HRUs. Five stream gauge locations are used to simulate the streamﬂow
for a time span of 10 years (2000–2010). Daily streamﬂow for the simulation period is collected from
Central Water Commission (CWC), India and Department of Hydrology and Meteorology (DHM), Nepal.
The simulation results are found good in terms of Nash–Sutcliﬀe eﬃciency (NSE)>0.65, coeﬃcient of
determination (R2 )>0.67 and Percentage Bias (PBIAS)<15%, at each stream gauge sites. Thereafter, we
have calculated the PBIAS and RMSE-observations standard deviation ratio (RSR) statistics between
TRMM simulated and observed streamﬂow for various rainfall intensity classes, viz., light (<7.5 mm/d),
moderate (7.5 to 35.4 mm/d), heavy (35.5 to 124.4 mm/d) and extremely heavy (>124.4 mm/d). The
PBIAS and RSR show that TRMM simulated streamﬂow is suitable for moderate to heavy rainfall
intensities. However, it does not perform well for light- and extremely-heavy rainfall intensities. The
ﬁnding of the present work is useful for the problems related to water resources management, irrigation
planning and hazard analysis over the Himalayan regions.
Keywords. SWAT; extreme rain events; streamﬂow modelling; TRMM; Himalayas.

1. Introduction
Population inhabiting mountainous watersheds are
frequently confronted to extreme hydrological
events (ﬂoods and droughts) (Jain and Sinha 2003;
Qiu 2015). In the case of Himalayan areas, people deal with these extreme events by accepting
the losses and modifying their livelihood activities. Himalayan glaciers store the water and release
it slowly during the dry season (Kumar et al.

2017a). Snow and glacier melt is signiﬁcant in the
streamﬂow of Himalayan rivers during summer,
providing supplemental irrigation and drinking
water for the neighbouring areas. Two extreme
discharge events are quite important. Firstly, if
high-ﬂow events (ﬂood) are sudden, it can put life
at risk. Secondly, low-ﬂow events (drought) occur
slowly and aﬀect vast areas. The economic losses
are greater for drought than ﬂood situations (Pushpalatha et al. 2011; Shukla and Lettenmaier 2011).
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Therefore, hydrological simulation of these extreme
events is critical to understand their severity by
suitable structural and non-structural measures
(Zaharia et al. 2015).
Precipitation is the essential forcing for hydrological models. Reliable quality of rain and snow
data is inevitable for model calibration, forecast,
and simulations. In many parts of the globe and
especially in the developing countries as well as for
trans-boundary basins, obtaining rain gauge data
is very challenging due to technical or administrative reasons (Viglione et al. 2010; Plengsaeng
et al. 2014). The data is even more diﬃcult when
it is needed in real-time for ﬂood-related studies
(Rahman et al. 2012a, b). Also, in the Himalayan
region, precipitation estimates are subjected to signiﬁcant uncertainty due to inadequate rain gauge
network to capture variability in these terrains
(Diodato et al. 2010). Also, there could be errors in
the measuring device, human operation, and data
transmission. Therefore, traditional rainfall records
are never error-free and have missing data in the
time series.
Given these issues in mountainous watersheds,
remotely sensed precipitation products are especially suitable for large-scale water resource modelling (Nishat and Rahman 2009; Kneis et al.
2014). The data from the Tropical Rainfall Measurement Mission is available between 50◦ S−50◦ N
and 180◦ W−180◦ E. TRMM mission was launched
in 1998 by the US (NASA) and Japanese (JAXA)
Space agencies. There are several products of
TRMM mission, of which, TRMM 3B42 (3-hourly,
0.25◦ gridded and gauge calibrated rainfall product) is mostly suitable for hydrological studies due
to its high spatial and temporal resolution (Bodian
et al. 2016).
Numerous case studies have been conducted to
compare the TRMM 3B42 V6 and V7 products
with rain gauge data (Prakash et al. 2015; Kumar
et al. 2016; Maggioni et al. 2016). Recently, several similar case studies have been conducted on
Indian continent including Himalayas (Lu and Panmao 2012; Rahman et al. 2012b; Roy et al. 2012;
Guo et al. 2013; Müller and Thompson 2013; Uma
et al. 2013; Xue et al. 2013; Bharti and Singh
2015; Prakash et al. 2015). TRMM precipitation
product has also been used as an input for many
hydrological models (Paiva et al. 2011; Kneis et al.
2014). Shrestha et al. (2011) and Bajracharya
(2014) have assessed the reliability of NOAA Climate Prediction Centre Rainfall Estimates Version
2.0 (RFE) data for ﬂood-related studies over the
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Himalayan basins. However, suitability of TRMM
precipitation product is yet to be evaluated for the
streamﬂow simulation during extreme hydrological
events (ﬂood and drought) for this region.
In this study, our focus is to utilize the TRMM
3B42 V7 precipitation product for a Himalayan
watershed. The watershed in this study is the Gandak River Basin – falling above Triveni-39 gauge
site (ﬁgure 1), which causes ﬂood and drought in
Bihar, India and Tarai portion of Nepal (Subbasin36 in ﬁgure 1). To date, no study has been conducted to examine the quality of TRMM 3B42
V7 product for simulation hydrological extremes
(ﬂood and drought) for this particular area. Kumar
et al. (2016) have compared the satellite-based
TRMM precipitation products TRMM 3B42 V7
and CMROPH and revealed that TRMM 3B42
V7 has better statistical score than CMROPH.
But, we still need to examine the performance of
TRMM 3B42 V7 product for hydrological simulations. Apart from this, study will also evaluate the
magnitude of extreme events in the last decade over
this region.

2. Description of the river basin
The Gandak River Basin (GRB) is a transboundary Himalayan River Basin which drains
water from China (Tibet), Nepal and India (Kumar
et al. 2016, 2017a). It originates at an altitude of
7620 m to the northeast of Dhaulagiri in Tibet,
near the Nepal border at 29.3◦ N and 83.97◦ E and
conﬂuences with the Ganges River near Patna,
Bihar (India). The GRB covers a vast geographical area (44797 km2 ) between 25.6◦ −29.4◦ N and
82.8◦ −85.82◦ E, out of which 7620 km2 falls in India
and the rest in Nepal and Tibet. High rain events
with exceeding intensity >124.4 mm in 24-hr, frequently occur in the mid-hills over the Nepal
portion of the GRB (GFCC 2004; Dahal et al.
2006), and they bring detachment of soil particles
and the muddy ﬂows in Bihar, India. The location
of the study area is shown in ﬁgure 1.
The GRB is home to a variety of ecosystems and
is biodiverse. It ranges from the alpine arid rain
shadow areas in the Tibetan Plateau through the
steep topography of the high mountains, including
some of the world’s highest points, Shivalik hills,
Dhaulagiri (∼8100 m from MSL), down to the ﬂat
plains (33 m from MSL) at its conﬂuence. The Gandak River ﬂows for around 380 km in Nepal and
Tibet and 260 km in India before reaching Patna

J. Earth Syst. Sci. (2018) 127:27

Page 3 of 15

27

Figure 1. Location map of the study area with TRMM grid points.

(end point of river reach in ﬁgure 1). The GRB has
six sub-catchments namely the Kali Gandak, Seti,
Marshandi, Budhi Gadak, Trisuli, and Rapti. Out

of the six, ﬁve are located in highly elevated areas
of the Himalayas. Part of the basin-Himalayan
range falls in the dry alpine climate with the low
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precipitation. The southern part, which extends
from the mid-hills to the ﬂat area, has a humid
climate with relatively high rainfall. Based on the
GlobeLand30 (Chen et al. 2015) land cover data
2010, GRB has 33.1% forest, 22.04% agricultural
land, 20.78% grassland, 10.24% ice/snow cover,
9.4% barren land, and only 0.16% urban land.
According to the FAO-UNESCO soil classiﬁcation (FAO-UNESCO 1997), the basin comprises
of 10 diﬀerent types of soils dominated by various
kinds of Cambisols (48% of the total basin area),
Lithosols (29%), Fluvisols (9%), Glaciers (8.4%),
Dystric Regosols (5%) and Rorthic Luvisols (ﬁgure 2). The nomenclature for diﬀerent types of FAO
soils can be found in the FAO soil map of the world
(FAO-UNESCO 1997).
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The climate of Gandak River Basin varies from
the subtropical zone in the south to Tundra in
the higher Himalayan regions. As per the Climate
Forecast System Reanalysis (CFSR) temperature
data (1970–2013), mean daily maximum temperature range within the basin is 43.03 to −9.42◦ C,
while mean daily minimum temperature range
is 29.37 to −27.22◦ C. Temperature variability is
dependent on the altitude. The daily mean maximum temperature in June for the stations 258850
(47 m) and 289850 (5190 m) (ﬁgure 1) are 43.05o
and 5.5◦ C, respectively.
The basin is also aﬀected by human intervention,
mainly due to the presence of dams at sub-basins
namely Kali Gandak and Marshandi. These reservoirs support hydropower generation and do not

Figure 2. Spatial inputs for the model: (1) Land use map (source Globeland30, China), (2) Soil map (FAO 1995),
(3) Digital Elevation Model map (SRTM DEM 90m V4.1) and (4) Slope map (derived from SRTM 90m DEM).
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store water during monsoons, but marginally aﬀect
the ﬂow regime during low ﬂow period (Jain 2015).
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Tamu.edu/), since 1979–Present (Saha et al. 2010;
Dile and Srinivasan 2014; Kishore et al. 2016).
3.1.3 Physical data

3. Data and methodology
3.1 Data
3.1.1 River discharge data
In the present study, river discharge data for ﬁve
stream gauge sites were collected from two countries, India and Nepal. Daily discharge data for a
single gauge site at Triveni-39 (2000–2012) were
collected from Central Water Commission, Government of India. However, stream gauge data
for reaming four stream gauge sites [Arughat13 (1964–2010), Betrawati-23 (1977–2010), Kumalgoan-25 (1996–2010), Narayanighat-36 (1963–
2010)] were collected from the Department of
Hydrology and Meteorology, Government of Nepal.
The locations of the stream gauge sites and their
contributing area are given table 1.
3.1.2 Meteorological data
In the present study, the gridded (0.25◦ ) daily
gauge adjusted TRMM precipitation product 3B42
V7 data for Himalayan River Basin, Gandak, has
been downloaded from NASA’s online visualization
system TOVAS. It allows the user to subset the
data spatially and temporally and provides outputs in ASCII, NetCDF, and HDF ﬁle format.
In this study, we use 10 years of precipitation
data from 2000 to 2010. Also, 3-hourly 3B42 data
has been accumulated from 03 UTC of the previous day to 06 UTC of next day to get daily
data at the basin’s local time 8:30 AM (Kumar
et al. 2016). The daily climatology (wind speed,
temperature, relative humidity, and solar radiation) data were obtained from Climate Forecast
System Reanalysis (CFSR) available from global
weather data for SWAT (http://globalweather.

Digital Elevation Model (DEM) is the key input to
SWAT. Slope, basin and sub-basin area, ﬁeld slope
length, river reach length and other topographical
parameters are calculated using DEM. Similarly,
the calculation of channel parameters, viz., channel
width, channel length, channel depth and channel
slope also lie on input DEM. Kumar et al. (2017b)
have compared the DEMs (SRTM 30 m, SRTM
90 m, ASTER 30 m) to delineate topographical
parameters stream network and basin area over the
Gandak River Basin and found that SRTM 90 m
was better than SRTM 30 m and ASTER 30 m.
Therefore, SRTM 90 m V4.1 DEM (http://srtm.
csi.cgiar.org/SELECTION/inputCoord.asp)
is
used to set up the SWAT model as recommended
by Kumar et al. (2017a, b). The curve number
(CN) is an index to divide the precipitated water
into runoﬀ and inﬁltration after subtracting the
initial losses, which depends on the slope, land
use and soil data. For this study, we have used
global land cover information from GlobeLand30
(Chen et al. 2015) (http://www.globallandcover.
com). However, 30 arc-second FAO world soil map
(http://swat.tamu.edu/docs/swat/india-dataset/2
012/soil\ HWSD\ FAO.7z) is used for the soil
characteristics information. Based on these physical data, SWAT will derive the CN value on each
hydrological response units (HRU).
3.2 Description of SWAT model
SWAT is a physically based, semi-distributed, continuous hydrological model (Arnold et al. 1998, 2012;
Neitsch et al. 2011). It simulates diﬀerent hydrological components by solving process-based equations. Within the watershed, SWAT maintains the
heterogeneity by dividing the whole basin into different sub-watersheds and then into various HRUs,

Table 1. Analyzed stream gauges in the Gandak River Basin.
No.
13
23
25
36
39

Gauge
name
Arughat
Betravati
Kumalgaon
Narayanighat
Triveni

Location
Latitude Longitude
28.05
27.96
27.88
27.70
27.45

84.82
85.17
83.80
84.43
84.97

River

Catchment
(km2 )

Burhi
Trisuli
Kaligandaki
Narayani
Gandak

3812.4
3428.3
10639.3
31716.3
36373.8
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based on the similarity of land use, soil, and slope.
SWAT counts runoﬀ at each HRU and then routes
it towards the outlet by using either variable storage or Muskingum method (Chow et al. 2010). The
basic equations governing hydrological processes by
SWAT model are described below.
The SWAT model uses the water balance
approach (equation 1) to simulate various hydrological components (Arnold et al. 1998). The equation is expressed as:
SWt = SW0
+

t


(Rday − Qsurf − Ea − Wseep −Qgw ) (1)

i=1

where SWt is the soil water at day t, SW0 is the
initial soil water, Rday is the rainfall, Qsurf is the
surface runoﬀ, Ea is the actual evaporation, Wseep
is the water seepage and Qgw is the ground water
recharge.
In the snow-dominated basins, river ﬂow is the
combined eﬀect of runoﬀ from the land and
snowmelt from snow and glaciers. Runoﬀ and
snowmelt can be simulated simultaneously in the
SWAT model. SWAT2012 uses SCS-CN method to
calculate the surface runoﬀ (Qsurf , mm) (USDASCS 1972) as follows.
Qsurf = (Rday − Ia )2 /(Rday − Ia + S)

(2)

where Rday is the rainfall for the day (mm), Ia is
the initial abstraction losses (mm), and S is the
soil retention parameter (mm) that is a function of
the CN value for the day.
However, the snow module of SWAT has components to compute snowpack, snowmelt and snow
cover, which mainly depend on the mean daily
air temperature (TB ) and the mean precipitation
(PB ) of a particular elevation band (Anderson
1976; Hock 2003; Arnold et al. 2013). It has
been described as elevation bands based temperature index model (TMI). The equations
are:
dT
,
dZ
dP
PB = P + (ZB − Z)∗
dZ
TB = T + (ZB − Z)∗

(3)
(4)

where TB is the mean temperature for a particular elevation band (◦ C), T is the measured
temperature (◦ C) at the weather station, ZB is
band’s midpoint elevation (m), Z is the elevation of

weather station (m), PB is the band’s mean precipitation (mm), P is the precipitation measured at the
weather station (mm), dp/dZ is the precipitation
lapse rate (mm/km) and dT /dZ is the temperature
lapse rate (◦ C/km). Also, the detailed description
about SWAT snow module can be found in the following references (Hock 2003; Neitsch et al. 2011;
Rahman et al. 2013).
3.3 Description of sequential uncertainty fitting
(SUFI-2) algorithm
In SUFI-2 optimization algorithm, the deviation
between observed and simulated variables is deﬁned
as the model uncertainty. It simultaneously works
to analyze the uncertainties as well as calibration of the model to ensure appropriate model
parameterization. SUFI-2 illustrates parametric
uncertainty as a homogeneous distribution; however, the model output uncertainty is measured
by the 95% prediction uncertainty (95PPU) plot.
The p-factor, which represents the percentage of
observed data enveloped by our modeling result,
the 95PPU, shows the quantity of uncertainty
being captured, while the r-factor indicates the
thickness of 95PPU envelope plot. There is no ﬁxed
threshold for p-factor and r-factor, but p-factor
should be close to 1 (varies 0–1) and r-factor is
zero or as less possible (varies ∞ to 0) for better
simulations.
3.4 Description of rain events
IMD has classiﬁed daily rainfall intensity into 10
classes, ranging from no traces to extremely exceptionally heavy rainfall (http://imd.gov.in/section/
nhac/wxfaq.pdf). In the present study, 10 rainfall intensity classes have been combined into
four broad categories, viz., light (<7.5 mm/day),
moderate (7.5–35.4 mm/day), heavy (35.5–124.4
mm/day) and extremely heavy (>124.4 mm/day)
which is homogeneous over sub-basins (Penarrocha
et al. 2002). It is done because very low and
extremely heavy rainfall events are very rare and
therefore, it will not provide the suﬃcient observations for statistical analysis.
3.5 Statistics used for variable evaluation
To evaluate the performance of simulated results at
the four stream gauge sites, a set of commonly used
statistics, viz., (1) Nash–Sutcliﬀe Eﬃciency (NSE),
(2) coeﬃcient of determination (R2 ) and (3) percentage bias (PBIAS) are used. Also, model’s
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simulated variables can be better analyzed by
computing p-factor and r-factor, which is given
by SUFI-2 in the summary stat.txt ﬁle in SWAT
output folder.
During simulation with the SUFI-2, NSE has
been set as objective function with value ≥0.5. Setting of a particular statistical measure (R2 , NSE
and PBIAS as available in the SWAT-CUP) as an
objective function will not aﬀect the model results.
The hydrograph of the simulated streamﬂow can
be best reﬂected by the objective function (Sevat
and Dezetter 1991). The value of NSE varies from
−∞ to 1, where NSE = 1 means perfect match
between observed and simulated values. Negative
values suggest that the mean observed value is a
superior predictor as compared to the simulated
values. Basically, NSE is the degree of ﬁt between
observed and simulated values when we plot them
into 1:1 scale (Moriasi et al. 2007). The equation
for NSE is given below:
n
(O − P )2
NSE = 1 − ni=1
2
i=1 (O − O)

R2 =

n

i=0 (O − O)(P − P )
n

n
2
2 0.5
i=1 (O − O)
i=0 (P − P )

(5)

2
.

(6)
Percent bias (PBIAS) is the measure of average
tendency of the simulated data, that could be
smaller or larger than the counterpart observed
data (Gupta et al. 1999). The perfect value for
PBIAS is 0; however, positive and negative values of PBIAS denote underestimation and overestimation bias, respectively.
n
i=1 |O − P |
∗ 100.
PBIAS = 
n
i=1 (O)

RMSE
=
RSR =
STDEVObs

n

i=1

(O − P )2

n

. (8)

2
i=1 (O − O)

RSR combines the advantage of error index statistics as well as a scaling/normalization factor, so
that the subsequent statistic and stated values
can relate to various constituents. Its value ranges
from 0 to a large value. The RSR value of 0
indicates zero RMSE or residual variation and
therefore, perfect model simulation. So, lower the
RSR value, the lower the RMSE/residual, and the
better the model simulation performance (Moriasi
et al. 2007).
In equations (5–8), O is the observed variable, P
is the simulated variable, O is the mean of observed
variables, P is the mean of simulated varaibales and
i − n is the length of observations.
4. Results and discussion

Coeﬃcient of determination (R2 ) shows the proportion of collective variance between observed and
simulated values. The R2 value varies between 0
and 1, where, higher the value shows lower error
variance and vice-versa. Equation for R2 is given is
below:
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(7)

RMSE-observations standard deviation ratio (RSR)
is the standardized representation of the root mean
square error (RMSE). It is the ratio between RMSE
and standard deviation of observed variables. Basically, it combines both an error index and the
additional information recommended by Legates
and McCabe (1999).

4.1 Sensitivity and model performance
The sensitivity analysis is performed using SUFI2 algorithm (Abaaspour et al. 2007) in-built in
SWAT-CUP, which gives comparatively better
results than other auto-calibration methods available in SWAT-CUP (Yang et al. 2008; Jain et al.
2017). The sensitive SWAT parameters are listed
in table 2, which shows the overall hydrological
properties of the basin in general. The sensitivity
analysis found 13 eﬀective parameters from land
phase in which four parameters are related to HRU
(.hru ﬁle), ﬁve from ground water (.gw ﬁle), two
from main channel (.rte ﬁle) and one each for soil
(.sol ﬁle) and management practices (.mgt ﬁle).
The other sensitive parameters deal with snow and
elevation band phase, found in basin (.bsn) and
sub-basin (.sub) ﬁles.
In this study, we have tuned sensitive parameters
(table 2) with the four elevations to simulate the
streamﬂow at four gauging sites for a time span
of 9 yrs (2002–2010). The model was ﬁrst initiated with two years of warm-up period (2000–2001)
and then iterated thrice for 1000 runs with the
SUFI-2 optimization algorithm. We have set NSE
as an objective function (NSE≥0.5). The input
details to simulate the SWAT model are given in
table 3.
The model simulations are performed by modifying the above 22 parameters using SWAT-CUP.
The one-at-a-time sensitivity analysis method
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Table 2. Sensitive parameters for the model and their rank.
Land phase
parameters
1 CN2
3 HRU SLP
5 EPCO
6 GW REVAP
7 SOL ALB
9 SOL AWC
10 ALPHA BF
14 CANMX
15 ESCO
17 REVAPMN
19 CH K2
20 SLSUBBSN
21 CH N2

Snow project
2 SMFMN
11 TIMP
12 SMTMP
13 SNOWCOVMX
16 SNOW50COV
18 SFTMP
22 SMFMX
Elevation band project
4 TLAPS
8 PLAPS
Here in X paramters, X (1, 2, 3. . . ), denote
the rank of the parameter in terms of
sensitivity

Table 3. Input details for SWAT simulation.
Sr.

Layer/input

Scale

1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.

Number of years for simulation
Warmup period
Number of sub-basins in the project
Number of HRUs in the project
Number of elevation bands
Rainfall TRMM 3B42 V7 (gridded)
Observed streamﬂow data
Land use land cover
Soil type
Digital elevation model (DEM)
Number of stream gauge stations

10
2
41
420
4
0.25◦
Daily
1 km
10 km
90 m
5

(Abbaspour 2015) has been applied in this study.
This method analyses the sensitivity of the SWAT
model by changing a single parameter and keeping others constant. The sampling of the sensitivity
process depends on the Latin hypercube method
(McKay et al. 1979). To ensure the full range of
variation within the sampled parameters, SUFI2 divides user-deﬁned input range into several
subranges of equivalent probability. We have simulated the streamﬂow with these parameters to
examine the streamﬂow during the extreme rain
events (described in section 3.4). The streamﬂow
simulation has been carried out at various reach
levels, moving from upstream gauge to downstream
gauge. Thousand SWAT simulations have been
done with the initial SWAT parameters range with
the objective function NSE ≥ 0.5. Thereafter, we
have iterated the simulations twice by importing
SWAT parameter range each time from previous

iteration. The SWAT parameters judged inﬂuential
during sensitivity analysis are comparable with the
studies conducted by Pradhanang et al. (2011) and
Meng et al. (2015) in the snow-dominated basins.
The ﬁtted parameter’s range and method adopted
to change that parameter during simulation are
given in table 4.
The statistical results presented in table 5 shows
a very good agreement (NSE > 0.65) between simulation streamﬂow and stream gauge data at each
station. The NSE statistics shows that SWAT-CUP
has optimized well for set objective function for all
gauging sites. Among all, Betravati-23 shows better simulation with the given parameters in terms
of NSE (0.79); however, downstream stream gauge
station Triveni-39 shows better PBAIS (2.9%)
than others. Similarly, Betravati-23 shows better R2 than others. The p-factor (0.95) is better for Arughat-13 but r-factor (1.28) is largest
among all, which should be close to zero. Similarly r-factor is smallest (0.8) for Betravati-23,
p-factor (0.66). Overall, the statistics improves
on moving from upstream to downstream gauge
stations.
The daily average (2000–2010) TRMM simulated vs. observed stream gauge hydrograph for
each stream gauge stations is shown in ﬁgure 3.
From the hydrograph, Arughat-13 stream gauge
station shows underestimation throughout, except
few aspersions during the monsoon; however, simulated hydrograph follows the pattern of observed
hydrograph at this gauge site. For the Betravati23 site, the hydrograph patterns are similar to
Arughat-13, but both the hydrographs are more
close and smooth to each other, which is quite
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Table 4. The calibrated parameters, range (minimum, maximum) and their ﬁtted values – the V, A, R represent the
replace, additive and relative methods to change the parameters value during simulations (Abbaspour 2015).
Parameter

Description

Default

Hydrological parameters
Average slope steepness
R HRU SLP.hru
Average slope length
R SLSUBBSN.hru
Soil evaporation compensation
V ESCO.hru
factor
Maximum canopy storage
V CANMX.hru
SCS curve number
R CN2.mgt
Base ﬂow alpha factor (days)
A ALPHA BF.gw
Groundwater delay
A GW DELAY.gw
Threshold in the shallow aquifer
A GWQMN.gw
for return ﬂow to occur
Manning’s ‘n’ value for the main
V CH N2.rte
channel
Hydraulic conductivity in main
V CH K2.rte
channel
Groundwater ‘revap’ coeﬃcient
A GW REVAP.gw
Threshold water depth (mm) in the
A REVAPMN.gw
shallow aquifer to occur ‘revap’
Water holding capacity of soil
R SOL AWC.sol
layers
Snow parameters
Snowfall temperature (o C)
V SFTMP.bsn
Snowmelt base temperature (o C)
V SMTMP.bsn
Maximum melt rate for snow
V SMFMX.bsn
during year
Minimum melt rate for snow
V SMFMN.bsn
during year
Snowpack temperature lag factor
V TIMP.bsn
V SNOCOVMX.bsn Snow water equivalent (mm)
during the 50% snow cover
Snow water equivalent (mm)
V SNO50COV.bsn
during 100% snow cover
Elevation band parameters
SNOEB.sub
Initial water content in the
elevation bands
Precipitation lapse rate ◦ C/km
R TLAPS.sub
Temperature lapse rate mm/km
R PLAPS.sub

Fitted value

Min

Max

HRU
HRU
HRU

0.088
−0.172
0.877

−0.04
−0.2
0.85

0.2
−0.05
0.95

HRU
HRU
0.048
31
1000

16.557
−0.0849
0.273
32.62
−704.56

5
−0.18
0.02
5
−1000

20
0
0.4
45
−350

0.014

0.323

0.2

0.35

0

543.772

315

550

0.02
750

0.151
149.46

0.12
−370

0.18
390

Soil layer

0.0117

0

0.2

1
0.5
4.5

−2.194
4.8435
5.849

−6
3
4

−2
6
6

4.5

3.061

2

4

1
1

0.203
66.075

0
60

0.3
90

0.5

0.203

0

0.35

100 m constant for snow dominated sub-basins
−6
200

−0.528
0.46

−1.2
−0.2

0.38
1.35

Table 5. Streamﬂow simulation statistics for diﬀerent stream
gauge sites of Gandak River basin.
Station
Arughat 13
Betravati 23
Kumalgaon 25
Narayanighat 36
Triveni 39

p-factor

Model simulation statistics
r-factor
R2
NSE
PBIAS

0.95
0.66
0.92
0.83
0.86

irregular for Arughat-13. During monsoon (high
rain events), TRMM simulated streamﬂow is
signiﬁcantly underestimated for Kumargaon-25,

1.28
0.8
1.04
1.07
1.21

0.75
0.82
0.71
0.67
0.68

0.71
0.79
0.68
0.65
0.67

9.7
11.8
15.8
12.2
2.9

however, both hydrographs match well during nonmonsoon season. The underestimation of streamﬂow during monsoon for mountainous sub-basins
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Figure 3. Daily average (2000–2010) TRMM simulated streamﬂow vs. observed streamﬂow (primary axis) and daily average
rainfall (secondary axis) for considered steam gauge station: (1) Arughat-13, (2) Betravati-23, (3) Kumalgaon-25 and
(4) Narayanighat-36 and Triveni (39).
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may be due to underestimating nature of TRMM
3B42 V7 for convective precipitation over high altitudes (Robert et al. 2007; Sahany et al. 2010;
Kumar et al. 2016). Similarly, Narayanighat-36
and Triveni-39 also reﬂect peaks for stream gauge
hydrograph which are not matching with the
TRMM simulated hydrograph. Therefore, it can be
interpreted that TRMM simulated hydrograph is
not able to depict extreme rain event’s streamﬂow,
but performs quite well for moderate and high rain
events.
4.2 Evaluation of TRMM simulated vs. observed
streamflow for various rain events
The hydrograph (ﬁgure 3) is only depicting pattern with respect to the rain events, but it does
not reveal the characteristics or response of TRMM
simulated streamﬂow to diﬀerent class of rainfall
intensities. For this, authors have evaluated PBIAS
and RSR statistics between TRMM simulated and
observed streamﬂow for various rainfall intensity
classes (described in section 3.4). We have also
plotted scatter plot between observed and simulated streamﬂow for catchment’s outlet (Triveni39) in ﬁgure 4. It shows that the R2 statistics

between observed and simulated streamﬂow for
light and extreme rainfall classes are poor (<0.5);
however, moderate and heavy rain events reveal
reasonable R2 (>0.5).
The BIAS stat is able to tell about the nature
as well as magnitude of error; however, RSR tell us
about error index in terms of accumulated residual error. Authors have also drawn a trend line
for PBIAS and RSR by plotting increasing rainfall
intensities in the x-axis and magnitude to statistics (BIAS and RSR) in y-axis (ﬁgure 5), that
will show overall character of particular statistical
parameters with respect to rainfall intensity classes.
From ﬁgure 5, the light rain events have shown
positive PBIAS for all gauging sites except at
Kumalgaon-25, where it is considerably low. It
explains that TRMM based streamﬂow simulation will be underestimating during light rain
events. The explanation of such underestimation
of light rain events may be the poor convection
over the high Himalayan regions (Robert et al.
2007; Shrestha et al. 2012; Kumar et al. 2016).
Arughat-13 and Betravati-23 show large negative
PBIAS during extreme rain events, which means,
TRMM will be overestimating streamﬂow during
extreme rain events over mountainous sub-basins.
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Figure 4. Scatter plot for daily observed vs. simulated streamﬂow at the ﬁnal catchments outlet Triveni-39 for each rainfall
intensity class (1) <7.5 mm/day, (2) 7.5−35.5 mm/day, (3) 35.6−124.4 mm/day and (4) >124.4 mm/day.
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At the Narayanighat-36 and Triveni-39 sites,
PBIAS is ±10% for rain events >7.5 mm/day,
which means TRMM based streamﬂow simulation
is consistent for downstream gauge sites. Also, all
gauge sites show a decreasing trend line for PBIAS,
40

PBIAS-13

20

y = -15.221x + 36.377

except Kumalgaon-25, that shows a gradual positive trend for PBIAS with respect to the rainfall
intensities. The abrupt change in the PBIAS trend
for Kumalgaon-25 may be due to human-induced
innervation that is aﬀecting natural ﬂow regime
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Figure 5. Figure shows the statistical results for TRMM simulated streamﬂow vs. observed streamﬂow at various rain events.
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in the sub-basin. The decreasing nature of PBIAS
trend reveals that streamﬂow simulation is getting
improved for higher rainfall intensity classes. The
RSR statistics shows a gradual increasing trend for
Arughat-13, Betravati-23 and Kumalgaon-25. This
is due to consistent increase in the residual error by
moving from light to extreme rain events. However,
the trend line for the RSR at the downstream sites
have almost zero tangent, showing no change in the
character of residual error for various rain events.
Considering both the statistics at all sites, in general TRMM simulated streamﬂow is worse (R2 0.4
and 0.3 for low and extreme rain events, respectively as shown in ﬁgure 4) for extreme events and
low events; however, it does well for moderate and
heavy rain events.

5. Conclusions
The present research work comprises the application of SWAT model to simulate the streamﬂow
based on TRMM 3B42 precipitation data product
and assessing their reliability for various rainfall
intensity classes. The work has been carried out
at a Himalayan river basin, ‘Gandak River Basin’.
Authors have used ﬁve stream gauge sites from
upstream to downstream to get the better ﬁt
between TRMM simulated and observed streamﬂow.
The whole basin has been divided into 41 subbasins to use their own channel characteristics and
climatic data. Sub-basins are further divided into
420 HRUs using similar threshold for soil, land
use and slope characteristics. The model performance is rated to be reasonably good in terms
of NSE>0.65, R2 >0.67 and PBIAS≤15%. The
SWAT model is simulated for three iterations with
NSE ≥ 0.5 as objective functions to achieve the
said streamﬂow simulation results.
After the TRMM based streamﬂow simulations,
authors have evaluated their suitability for four
broad category of rainfall intensities by using two
frequently used statistics, PBIAS and RSR. Both
the statistics reveal that TRMM 3B42 V7 based
streamﬂow simulation is performing well for moderate to high rainfall intensities; however, it is
not found reasonable, better for low and extreme
rainfall intensities. The analysis reveals critical
information about the watershed response to
TRMM 3B42 V7 based streamﬂow simulation for
various rainfall intensities. Therefore, the results
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based on this analysis will assist in the methodical water resources allocation, planning and management by using TRMM 3B42 V7 precipitation
product over the Himalayan river basins.
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