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Abstract: Management of the freshwater resources in a sustained manner requires the information
and understanding of the surface water hydrology and streamflow is of key importance in this nexus.
This study evaluates the performance of eight different precipitation products (APHRODITE, CHRS
CCS, CHRS CDR, CHIRPS, CPC Global, GPCC, GPCP, and PERSIANN) for streamflow prediction in
two sub-catchments (Chirah and Dhoke Pathan) of the data-scarce Soan River Basin (SRB) in Pakistan.
A modified version of the hydrological model HBV (Hydrologiska Byrans Vattenbalansavdelning)
known as HBV-light was used to generate streamflow. The model was separately calibrated and
validated with observed and estimated precipitation data for streamflow simulation with optimized
parameterization. The values of R?, NSE, KGE and PBIAS obtained during the calibration (validation)
period for the Chirah sub-catchment were 0.64, 0.64, 0.68 and —5.6% (0.82, 0.81, 0.88 and 7.4%). On
the other hand, values of R%, NSE, KGE, and PBIAS obtained during the calibration (validation)
period for the Dhoke Pathan sub-catchment were 0.85, 0.85, 0.87, and —3.4% (0.82, 0.7, 0.73 and
6.9%). Different ranges of values were assigned to multiple efficiency evaluation metrics and the
performance of precipitation products was assessed. Generally, we found that the performance
of the precipitation products was improved (higher metrics values) with increasing temporal and
spatial scale. However, our results showed that APHRODITE was the only precipitation product that
outperformed other products in simulating observed streamflow at both temporal scales for both
Chirah and Dhoke Pathan sub-catchments. These results suggest that with the long-term availability
of continuous precipitation records with fine temporal and spatial resolutions, APHRODITE has the
high potential to be used for streamflow prediction in this semi-arid river basin. Other products that
performed better were GPCC, GPCP, and CHRS CCS; however, their scope was limited either to
one catchment or a specific time scale. These results will also help better understand surface water
hydrology and in turn, would be useful for better management of the water resources.

Keywords: streamflow prediction; APHRODITE; hydrological modeling; semi-arid river basin; SRB;
HBV-light

1. Introduction

Understanding surface water hydrology is important in the sustainable management of
freshwater resources. The importance of this management ensures the effective allocation of
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freshwater and its availability for the functioning of numerous ecosystems [1]. Additionally,
different environmental processes are governed by streamflow and have a tendency to
considerably exacerbate water pollution, salinity, and soil erosion [2—4]. Long-term records
of streamflow measurements at spatial and temporal scales are considered an important
hindrance to the improved understanding of surface water hydrology. Hydrological
modeling is usually employed for the purpose of streamflow prediction, which is not
complete without adequate and quality precipitation data [5-8].

Precipitation is even more important in semi-arid basins as these regions have fragile
hydrological balance [9] and the spatiotemporal variability of precipitation is usually higher
in these regions, making streamflow prediction rather challenging [10]. However there is
a scarcity of in situ hydrologic measurements and the available gauging networks are ex-
traordinarily sparse both spatially and temporally, especially in developing countries such
as Pakistan. For instance data from one meteorological station was used for a catchment
with a size of more than 10,000 km? [11].

These limited observations and shortcomings create a knowledge gap in our under-
standing of hydrologic variability and limit our ability to understand the hydrological
response of river basins to changing climate as well as hinder decision-makers and stake-
holders from implementing actions that could support the sustainable management of
freshwater resources [1,12]. The quest for an alternate source of precipitation data is thus
warranted and satellite and gauge-based precipitation products are a viable source of
precipitation data to comprehensively develop and improve the knowledge of surface
water hydrology.

Different Precipitation Products (PPs) that exists now have a global coverage at high
spatial and temporal resolutions and offer a prodigious opportunity for the optimization of
water resource management. Different PPs adopt different procedures to estimate precipita-
tion and estimates of these products are based on different remotely sensed characteristics
of clouds e.g., reflectivity, the temperature of cloud-top, or from different effects (of scat-
tering and emission) of raindrops/particles of ice, gaps in time of revisit and an indirect
relationship between precipitation rate and remote signals, etc. [13-15]. So, the use of
different methods and basis leads to a broad range of uncertainties in satellite PPs [5,16,17].
Catchment properties (e.g., topography, evaporation, land surface conditions, etc.), and
biophysical characteristics (e.g., vegetation) can also contribute to these uncertainties or in-
fluence the characteristics of local precipitation and overall hydro-climatology, and research
has shown that the performance of a certain satellite PPs depends on these regional charac-
teristics. These uncertainties are also reflected when these PPs are used for hydrological
applications e.g., streamflow prediction [18].

Because of the improved characteristics and uncertainties related to different PPs,
there is an increasing and ongoing debate on the region-specific suitability of PPs. So, to
unleash the maximum potential of these PPs for hydrological applications, an assessment
of their reliability for hydrological applications (e.g., streamflow prediction) is critical. Such
an evaluation will not only be beneficial for the region of study (e.g., catchment) with
particular climate conditions (e.g., semi-arid) but also for the product itself (in terms of
further development and improvements).

Therefore the aim of this study is to assess and analyze the performance of different
multi-source PPs for streamflow prediction in two sub-catchments of the Soan River Basin
(SRB). The objectives of this study are to: (i) calibrate and validate the HBV-light model for
two sub-catchments in a semi-arid region using observed (station-based) and estimated
precipitation data from different products, and (ii) assess the performance of eight differ-
ent PPs to predict the streamflow at different temporal scales using multiple efficiency
evaluation metrics.
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2. Materials and Methods
2.1. Study Area

The SRB is located in a semi-arid region of Pakistan and this study is focused on
the Chirah and Dhoke Pathan sub-catchments of the SRB (Figure 1). The Chirah sub-
catchment is located upstream of the SRB while the Dhoke Pathan sub-catchment is located
downstream, the former drains an area of 336 km? and the latter has a drainage area of
6542 km?. Generally, the streamflow in both the sub-catchments is rainfed. However,
snowmelt also plays a minute role in the upstream Chirah sub-catchment. The Chirah
sub-catchment comes across the Himalayan subtropical pine forest and western Himalayan
subalpine conifer forest (key terrestrial ecoregions) of western Himalayas, while the other
sub-catchment comes across north-western thorn scrub forest and encompasses the xeric
shrubland ecoregion of Pakistan [19]. Agricultural activities in the SRB are dependent on
precipitation and perennial flows. Wheat, groundnut, millets, oilseeds, and fodders are key
crops in the basin. The dominant soil type in the basin is noncalcareous soil of alluvial and
loess plains.
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Figure 1. Location and characteristics of the study catchments, (a) Soan River Basin with both Chirah
and Dhoke Pathan sub-catchments with overall elevation ranges (b) Chirah sub-catchment with its
elevation ranges.

2.2. Description of Observed Data, PPs, and the Hydrological Model

Observed (gauge-based) precipitation and temperature data at daily scales were
obtained from the Pakistan Meteorological Department, daily streamflow data was ac-
quired from the Surface Water Hydrology Project of the Water and Development Authority,
Pakistan, and long-term mean monthly potential evapotranspiration data from Climate
Research Unit (CRU) was used [20] in this study.
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Eight different PPs including Precipitation Estimation from Remotely Sensed Infor-
mation using Artificial Neural Networks (PERSIANN) system developed by the Center
for Hydrometeorology and Remote Sensing (CHRS) at the University of California, Irvine
(UCI), PERSIANN-Cloud Classification System (CCS) referred to as CHRS CCS in this
study, PERSIANN-Climate Data Record (CDR) referred to as CHRS CDR in this study, Cli-
mate Hazards Group InfraRed Precipitation with Station data (CHIRPS), CPC Gauge-Based
Analysis of Global Daily Precipitation (CPC Global), Global Precipitation Climatology
Centre (GPCC), Global Precipitation Climatology Project (GPCP), and Asian Precipitation-
Highly-Resolved Observational Data Integration Towards Evaluation (APHRODITE) for
streamflow prediction were used in this study. For a comprehensive description and
database information of these PPs (other than given in Table S1) readers are referred
to [21-24].

The HBV model [25,26] is a conceptual, semi-distributed hydrological model and HBV-
light (version 4.0.0.24) is the version developed by Seibert and Vis [27]. It is a widely used
model and its performance has been evaluated in many climatically diverse catchments
around the globe [28-31]. The HBV-light was used in this study to simulate daily streamflow
for each catchment. Daily temperature (°C), precipitation (mm), and long-term monthly
mean potential evapotranspiration (mm) were used as inputs to the model. A detailed
description of the model is available in the literature [25,27,28,32].

2.3. Calibration and Validation of the Hydrological Model

The period 2001—-2013 (except 2008) was used to calibrate and validate the model
for Chirah and Dhoke Pathan sub-catchments. For both sub-catchments, this period
was divided into two parts, one for calibrating the model (2002—2007) and the other for
validating the model (2009—2013), leaving 2001 as a warm-up period. The calibration was
performed using a genetic algorithm and Powell optimization (GAP; Seibert 2000) method
and manual hit and trial method. The mechanism of these optimization methods is to
select and recombine parameter sets (depicting high performance) with each other until
a parameter set is achieved, which results in the highest objective functions (value) e.g.,
coefficient of determination.

The HBV-light was first calibrated and validated with observed data and then with
data from each individual PP. For performance assessment of the HBV-light model during
calibration and validation periods for gauge based precipitation and each individual PP,
different metrics were used including the Nash Sutcliffe Efficiency (NSE) [33], Kling-Gupta
efficiency (KGE) [34], PBIAS, and coefficient of determination (R?).

2
NSE =1 — Z(Qobs — Qsim)

=(Que Q) v

KGE:1—\/(r—1)2+(a—1)2+(ﬁ—1)2 @)

2 = (2 (Qus = Qo) (Qun = Q)™ o
Y- (Qobs — Qobs) ™ L(Qsim — Qsim)

PBIAS — W % 100 @)

r is represented by the (Pearson’s) correlation coefficient, and the bias component « is
represented by the ratio of modelled and observed means, and the variability component j
by the ratio of the estimated and observed coefficients of variation.

o
a:&andﬁ:g—j
Ho o
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where y and o are the distribution mean and standard deviation, respectively, and the
subscripts s and o denote estimate and reference, respectively. Where Qs and Qg
are observed and modeled streamflow, Q,;s and Qj,, are mean observed and modeled
streamflow.

2.4. Evaluation of PPs for Streamflow Prediction

The PPs used in this study are commonly used in hydrological applications and their
performance has been assessed at different temporal and spatial scales throughout the
world [5,35-38]. In the first step, the performance of daily and monthly precipitation from
all precipitation products was evaluated against gauged precipitation in Chirah and Dhoke
Pathan sub-catchments against correlation coefficient (R?) and Mean Absolute Error (MAE).

In the second step performance of PPs for streamflow prediction was assessed using
different ranges of metric (Equations (1)—(4)) values which reflect the performance of the
hydrological model in simulating observed streamflow and are recommended in previous
research [7,39,40]. Generally, the model’s performance becomes better with higher R? and
NSE values and lower PBIAS values. According to Moriasi et al., 2015 [40] a model’s
performance is not acceptable or unreliable at a daily time scale if NSE values are less than
0.50 and PBIAS more than £15%. In addition, values of R? less than 0.50 are not generally
considered acceptable [39]. We have used these values with slight modifications (Table 1).
For instance, we also included KGE as it is one of the most important measures to assess
a model’s performance in simulating observed streamflow, and values of KGE less than
0.4 represent poor model efficiency [7]. Furthermore, we selected the range of PBIAS as
less than +10% (for monthly scale) as compared to less than +£15% (for daily scale) for
improved model performance.

Table 1. Efficiency evaluation metrics and their ranges for selection of best performing PPs for
streamflow prediction at daily and monthly timescales in Chirah and Dhoke Pathan sub-catchments.

Efficiency Evaluation Metrics Daily Monthly
NSE >0.5 >0.6
R? >0.5 >0.6
PBIAS <£15% <+10%
KGE >0.4 >0.6
3. Results

3.1. Performance of the HBV-Light in Simulating Observed Streamflow in Chirah and Dhoke
Pathan Sub-Catchments with Observed Precipitation

Daily and monthly streamflow simulated during calibration and validation periods
with the HBV-light forced with gauged precipitation data for the Chirah and Dhoke Pathan
sub-catchments is shown in Figures 2 and 3, respectively. Performance of the HBV-light in
simulating observed streamflow was good for both sub-catchments. The values of R?, NSE,
KGE, and PBIAS obtained during the calibration period for the Chirah sub-catchment were
0.64, 0.64, 0.68, and —5.6%, respectively. The values of R?, NSE, KGE, and PBIAS obtained
during the validation period for the Chirah sub-catchment were 0.82, 0.81, 0.88, and 7.4%,
respectively. On the other hand, values of R2, NSE, KGE, and PBIAS obtained during the
calibration period for the Dhoke Pathan sub-catchment were 0.85, 0.85, 0.87, and —3.4%,
respectively. While values of R, NSE, KGE, and PBIAS obtained during the validation
period for the Dhoke Pathan sub-catchment were 0.82, 0.7, 0.73, and 6.9%, respectively.
Streamflow simulations were even better at the monthly time scale for both sub-catchments
during calibration and validation periods. Parameter ranges for the selection of optimum
parameters to achieve the aforementioned performance of the model during calibration
and validation periods are given in Table 52.
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Figure 2. Daily Streamflow during calibration and validations periods simulated by the HBV-light
forced with the gauged data in Chirah and Dhoke Pathan sub-catchments.



Water 2022, 14, 1260

7 of 17

— — (] (5]
[=] o (=] o
=] (=} o (=1

Streamflow (mm/month)
o
o

Jan

Mar
May

140

Streamflow (mm/month)

Jan
Feb

Streamflow (mm/month)
—- =
= -] (] [=,)
(=] S (=] (=]
Mar

(=]
Jan

Mar
May

— — (%] (5]
(=1 o (=] o
< (=] =] (=}

Streamflow (mm/month)y
n
(=]

D

Apr

Jul
Sep
Nov

May

Jul
Sep
Now

Jun

Jul
Aug

Jan

Mar

Jan

Mar

Oct

May

Now

May

Dec

(Chirah-calibration-monthly)

Jul
Sep
Nov
Jul
Sep
Nov
Jul
Sep
Nov
Jul
Sep
Nov
Jul
Sep
Nov

Jan

Mar

Jan

Mar

Jan

Jan
Mar
May
Mar
May
May
May

(Chirah-validation-monthly)

A A

Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Oct
Now
Dec
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Oct
Now
Dec
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Oct
Nov
Dec

(Dhoke Pathan-calibration-monthly)

Jul
Sep
Nov
Jul
Sep
Now
Jul
Sep
Nov
Jul
Sep
Now
Jul
Sep
Nowv

Jan

Mar

Jan

Mar

Jan

Jan
Mar
May
Mar
May
May
May

(Dhoke Pathan-validation-monthly)

(=]
Jan
Feb

Mar

Apr

May

Jun

Jul

Aug

Oct

Nov

Dec

Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Oct
Nov
Dec
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Oct
Nov
Dec
Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct
Nov
Dec

Observed streamflow

Simulated streamflow

Figure 3. Monthly streamflow during calibration and validations periods simulated by the HBV-light
forced with the gauged data in Chirah and Dhoke Pathan sub-catchments.

3.2. Performance of Different PPs in Simulating Observed (Gauge Based) Precipitation

The performance of daily precipitation from all PPs was evaluated against gauged pre-
cipitation in the Chirah and Dhoke Pathan sub-catchments. For the Chirah sub-catchment,
the performance of different PPs in simulating observed precipitation at a daily scale is
shown in Figure 4. The performance of APHRODITE (CPC Global) was best (worst) in terms
of R? and MAE values in the Chirah sub-catchment. The performance of APHRODITE was
best in the Dhoke Pathan sub-catchment as well; however, the worst-performing product
in this catchment, in terms of R?> and MAE was GPCP (Figure S1).
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Figure 4. Performance of different PPs against gauged precipitation in simulating daily precipitation

in Chirah sub-catchment.

The performance of different PPs on a monthly scale was evaluated over both sub-
catchments using the same statistical criteria for the daily time scale. The mean monthly
precipitation for eight PPs against the gauge data in the Chirah sub-catchment is shown
in Figure 5. Based on the R?> and MAE values, the CHRS CDR has the best performance
and CHRS CCS has the worst performance over the Chirah sub-catchment. The GPCP and
CHRS CDR have the best performance in terms of R? and MAE values, and CPC Global
showed relatively the worst performance in the Dhoke Pathan sub-catchment (Figure S2).
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Figure 5. Performance of different PPs against gauged precipitation in simulating monthly precipita-

tion in Chirah sub-catchment.

3.3. Performance of the HBV-Light in Simulating Observed Streamflow in Chirah and Dhoke
Pathan Sub-Catchments with Estimated Precipitation

The daily streamflow simulated using the input of eight PPs during the calibration
and validation periods for Chirah and Dhoke Pathan sub-catchments is shown in Figure 53
and Figure 54, respectively. The monthly streamflow simulated using the input of eight PPs
during the calibration and validation periods for Chirah and Dhoke Pathan sub-catchments
is shown in Figure 6 and Figure 7, respectively. The values of efficiency evaluation metrics
for both sub-catchments at daily and monthly temporal scales are given in Table 2 and
Table 3, respectively. The results indicate that APHRODITE was the only precipitation
product that simulated the observed streamflow during both calibration and validation
periods for both sub-catchments at both temporal scales (daily and monthly) with an
accepted accuracy. The values of R?, NSE, KGE, and PBIAS obtained during the calibration
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(validation) period at a daily scale for the Chirah sub-catchment with precipitation from
APHRODITE were 0.53, 0.53, 0.6, and —5.8% (0.57, 0.52, 0.46 and 3%), respectively. On
the other hand, the values of R?, NSE, KGE, and PBIAS obtained during the calibration
(validation) period at a daily scale for the Dhoke Pathan sub-catchment were 0.69, 0.69, 0.7,
and 9.8% (0.52, 0.51, 0.54 and 4.29%), respectively. For a monthly scale, the values of R?,
NSE, KGE, and PBIAS obtained during the calibration (validation) period at a monthly
scale for the Chirah sub-catchment were 0.76, 0.76, 0.78, and —5.8% (0.68, 0.61, 0.52 and
3%), respectively. The values of R2, NSE, KGE, and PBIAS obtained during the calibration
(validation) period at a monthly scale for the Dhoke Pathan sub-catchment were 0.7, 0.69,

0.68, and —8.9% (0.65, 0.63, 0.61 and 4.2%), respectively.
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Figure 6. Monthly streamflow during calibration and validations periods simulated by the HBV-light

forced with the precipitation input from eight PPs in the Chirah sub-catchment.
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Figure 7. Monthly streamflow during calibration and validations periods simulated by the HBV-light
forced with the precipitation input from eight PPs in the Dhoke Pathan sub-catchment.
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Table 2. Performance of eight PPs in simulating daily streamflow for Chirah and Dhoke Pathan

sub-catchments.

Chirah Sub-Catchment

Calibration Validation

R2 NSE KGE PBIAS R2 NSE KGE PBIAS

APHRODITE 0.53 0.53 0.60 —5.81 0.57 0.52 0.46 3.02
CHRS CCS 0.07 0.06 —0.09 -10.27 0.00 —0.01 -0.22 —24.92
CHRS CDR 0.62 0.62 0.71 1.81 0.51 0.50 0.55 —27.87
CHIRPS 0.10 0.10 0.05 —-14.73 0.14 0.13 0.15 —17.44
CPC Global 0.11 0.11 0.05 —18.37 0.12 0.12 0.09 —9.54
GPCC 0.54 0.54 0.60 —341 0.51 0.50 0.64 —8.89
GPCP 0.70 0.70 0.77 —5.48 0.67 0.64 0.57 —14.48
PERSIANN 0.10 0.10 0.02 —14.04 0.02 0.02 -0.18 —30.07

Dhoke Pathan sub-catchment

APHRODITE 0.69 0.69 0.70 9.80 0.52 0.51 0.54 4.29
CHRS CCS 0.71 0.70 0.75 —-10.81 0.68 0.65 0.80 —8.44
CHRS CDR 0.73 0.73 0.76 9.72 0.64 0.54 0.41 —20.00

CHIRPS 0.57 0.57 0.61 1.46 0.03 —0.87 0.12 30.49

CPC Global 0.56 0.56 0.65 0.36 0.49 0.28 0.37 52.81

GPCC 0.65 0.64 0.58 —23.40 0.59 0.58 0.69 1.41

GPCP 0.17 0.17 0.14 4.73 0.21 0.21 0.18 29.26
PERSIANN 0.65 0.64 0.69 8.28 0.53 0.44 0.35 —-16.29

Table 3. Performance of eight PPs in simulating monthly streamflow for Chirah and Dhoke Pathan

sub-catchments.

Chirah Sub-Catchment

Calibration Validation

R? NSE KGE  PBIAS R? NSE KGE  PBIAS

APHRODITE 0.76 0.76 0.78 —5.82 0.68 0.61 0.52 3.00
CHRS CCS 0.28 0.28 0.33 11.44 0.04 -0.16 0.08 —24.94
CHRS CDR 0.82 0.80 0.77 1.84 0.70 0.67 0.64 —27.85
CHIRPS 0.39 0.36 0.54 —14.75 0.51 0.49 0.60 —17.46
CPC Global 0.30 0.25 0.44 —18.38 0.59 0.58 0.58 —-9.54
GPCC 0.78 0.78 0.79 —3.43 0.85 0.84 0.82 -10.13
GPCP 0.82 0.82 0.83 —5.50 0.78 0.72 0.59 —14.49
PERSIANN 0.36 0.35 0.42 —14.04 0.08 -0.01 0.11 —-30.07

Dhoke Pathan sub-catchment

APHRODITE 0.70 0.69 0.68 —8.93 0.65 0.63 0.61 4.28
CHRS CCS 0.76 0.75 0.76 12.14 0.73 0.7 0.83 —8.46
CHRS CDR 0.66 0.66 0.68 9.70 0.51 0.48 0.45 —20.01

CHIRPS 0.71 0.67 0.60 1.44 0.59 0.52 0.62 30.51

CPC Global 0.60 0.60 0.68 0.15 0.56 0.09 0.30 52.82

GPCC 0.63 0.62 0.63 —23.43 0.61 0.60 0.75 1.41

GPCP 0.30 0.30 0.41 4.74 0.42 0.39 0.45 29.25
PERSIANN 0.72 0.71 0.69 8.26 0.49 0.42 0.36 —16.30

4. Discussion

In the setup and development of a hydrological model, parameterization and structure
of the model as well as the selection of objective functions accounts for the major uncer-
tainties [28,41]. These sources of uncertainty could be reflected by the differences between
observed and simulated streamflow and the measure of fit values between observed and
simulated streamflow that are achieved after the model is calibrated and validated. Our
results indicated that the HBV-light’s performance in simulating observed streamflow was
good, as we achieved a low difference (PBIAS of up to —3.4%) in observed and simulated
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streamflow and high values of measure of fit (KGE of up to 0.88). The attainment of these
high values strongly suggests that multiple uncertainties that may be related to the process
of calibration and validation have been kept to a minimum. Another key aspect is that this
calibration and validation have been carried out using the observed (station) data, so it
provides a solid benchmark for comparison of simulated streamflow during calibration
and validation of the model using input data (precipitation) of PPs.

Because different PPs impact the parameterization of the model by the differences
in their meteorological forcings, the use of the same calibrated model (with observed
data) to simulate streamflow for PPs will result in misleading calculations and may cause
uncertainties. Therefore, the HBV-light was calibrated and validated with estimated data
of each PPs (APHRODITE, CHRS CCS, CHRS CDR, CHIRPS, CPC Global, GPCC, GPCP,
and PERSIANN) using an optimized set of parameters.

After obtaining the streamflow simulations for calibration and validation periods for
each PP and observed data, a suite of efficiency evaluation metrics (NSE, R?, KGE, and
PBIAS) was used for the selection of the best performing products for streamflow prediction.
A set of different value ranges was assigned to these metrics for different temporal scales
i.e., daily and monthly. Only those products were considered “best performing” which fell
within the defined range (see Section 2.4). This method of selecting multiple metrics and
specifying ranges is both rigorous and flexible (subjective) at the same time. In terms of
rigorousness, all the PPs have to go through the set criteria to be considered as products
with good performance, and the flexibility of this method is reflected in the range of values
as they are dependent on the overall results that are achieved (therefore it may be different
for other studies). This selection method serves two purposes in this study. The first one is
the identification of a PP that can be used with confidence in both the catchments at both
temporal scales. The second purpose is to look for other PPs that might have the potential
to be used for either one (or more) catchments or one (or more) temporal scales, i.e., a
product that is not comprehensive enough to cover both catchments and both temporal
scales but is good enough for one or two aspects.

Results of this study indicate that out of eight different PPs considered in this study,
APHRODITE was suitable to simulate observed streamflow during calibration and val-
idation periods with an accepted accuracy for both the Chirah and Dhoke Pathan sub-
catchments at daily and monthly temporal scales, thereby fulfilling the first purpose (see
paragraph above). This finding is in line with previous findings [42-48], which high-
lighted the good performance of APHRODITE for streamflow prediction in catchments
with distinct characteristics. Overall, the better performance of APHRODITE in simulating
observed streamflow for both sub-catchments might be attributed to the fact that it is a
gauge-based product and its development is based on daily precipitation records from a
large number of meteorological stations in Asia.

As far as the second purpose is concerned, our results also indicate that CHRS CCS
performed with an acceptable accuracy as well at a daily time scale for the Dhoke Pathan
sub-catchment; however, it did not meet the criteria to be considered a good product to
simulate streamflow at monthly scale for the same sub-catchment. Further, the performance
of the CHRS CCS precipitation product was poor in the Chirah sub-catchment at both
temporal scales. This shows the high sensitivity of a considered PP on different catchment
characteristics (e.g., size, climate, vegetation, topography, etc.), and different temporal
scales. A similar result was observed for GPCC as well, but contrary to CHRS CCS its
performance was good for the Chirah sub-catchment but it did not fulfill the criteria to be
considered as a good PP to generate streamflow in the Dhoke Pathan sub-catchment. GPCC
and GPCP were the precipitation products that reproduced observed streamflow with an
acceptable accuracy for the Chirah sub-catchment on a daily scale and GPCC performed
well on a monthly scale, too, in the Chirah sub-catchment.

We also found that the performance of different precipitation products in simulating
observed streamflow during calibration and validation periods showed more sensitivity
to PBIAS, i.e., most of the precipitation products failed to fulfill our defined criteria of
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acceptable accuracy in replicating observed streamflow (despite falling within the defined
ranges of R?, NSE, and KGE) because their PBIAS values were out of defined range. For
instance, CHRS CDR simulated the observed streamflow with an acceptable accuracy
for both the Chirah and Dhoke Pathan sub-catchments as far as RZ, NSE and KGE are
concerned; however, PBIAS values of more than 20% were observed, which raises serious
concerns on its performance and subsequent use in streamflow prediction and any other
purpose in operational hydrology.

Our results also indicate that the performance of APHRODITE was comparably better
(i.e., higher values of efficiency evaluation metrics) in the Dhoke Pathan sub-catchment
than in the Chirah sub-catchment. Additionally, the performance of APHRODITE was
much improved at a monthly scale for both sub-catchments. Even though APHRODITE
showed good performance in prediction streamflow for both sub-catchments it was not
able to perform as well as the observed (gauge-based) precipitation, suggesting that the
estimates of precipitation could be further improved.

5. Conclusions

This study evaluated the streamflow prediction skill of eight widely used precipitation
products namely, APHRODITE, CHRS CCS, CHRS CDR, CHIRPS, CPC Global, GPCC,
GPCP, and PERSIANN in two sub-catchments (Chirah and Dhoke Pathan) of the Soan River
Basin (SRB) in Pakistan. A semi-distributed, conceptual hydrological model HBV-light was
first calibrated and validated for the two sub-catchments using observed and estimated
precipitation data of different precipitation products. The HBV-light performed well in
simulating the observed streamflow of the two catchments using observed data. Then, the
HBV-light was calibrated and validated with precipitation data from the aforementioned
products. Different evaluation metrics (NSE, R?, KGE, and PBIAS) were used to assess
the performance of streamflow simulated with precipitation products. The results of this
study indicate that the APHRODITE was the only precipitation product (as defined by
the selection criteria) that was able to represent the observed streamflow with accuracy at
daily and monthly time scales for the Chirah and Dhoke Pathan sub-catchments. Other
products which showed potential were not as comprehensive as APHRODITE was, and
include GPCC and GPCP for a daily time scale and GPCC for a monthly time scale for
the Chirah sub-catchment, and CHRS CCS for a monthly time scale for the Dhoke Pathan
sub-catchment. This conclusion also introduces the limitations of this work. The findings
of this study may not be the same for other regions. In further studies, more conclusions
should be drawn in comparison to our conclusion in terms of streamflow prediction in
semi-arid river basins using multi-source precipitation products. This will pave the way for
a general conclusion about the feasibility of certain precipitation products for streamflow
prediction in other semi-arid regions of the world. Additionally, combinations of different
hydrological models (having different internal structures) should be used along with a suite
of precipitation products that have different development mechanisms to better understand
the impact of internal structures of hydrological models and precipitation products on the
final conclusions about the best performing products for streamflow prediction.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/w14081260/s1, Table S1: Description of multi-source PPs used
in this study; Figure S1: Performance of different PPs against gauged precipitation in simulating
daily precipitation in Dhoke Pathan sub-catchment; Figure S2: Performance of different PPs against
gauged precipitation in simulating monthly precipitation in Dhoke Pathan sub-catchment; Figure S3:
Daily streamflow during calibration and validations periods simulated by the HBV-light forced with
the precipitation input from eight products in Chirah sub-catchment; Figure S4: Daily streamflow
during calibration and validations periods simulated by the HBV-light forced with the precipitation
input from eight products in Dhoke Pathan sub-catchment; Table S2: Parameter ranges for optimized
performance of the HBV-light during calibration and validation periods with observed precipitation
data. References [49-56] are cited in the “Supplementary Materials”.
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