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Abstract: The advent of satellite rainfall products can provide a solution to the scarcity of observed
rainfall data. The present study aims to evaluate the performance of high spatial-temporal resolution
satellite rainfall products (SRPs) and rain gauge data in hydrological modelling and flood inundation
mapping. Four SRPs, Integrated Multi-satellitE Retrievals for Global Precipitation Measurement
(GPM) - Early, - Late (IMERG-E, IMERG-L), Global Satellite Mapping of Precipitation-Near Real
Time (GSMaP-NRT), and Precipitation Estimation from Remotely Sensed Information using Artificial
Neural Networks- Cloud Classification System (PERSIANN-CCS) and rain gauge data were used as
the primary input to a hydrological model, Rainfall-Runoff-Inundation (RRI) and the simulated flood
level and runoff were compared with the observed data using statistical metrics. GSMaP showed
the best performance in simulating hourly runoff with the lowest relative bias (RB) and the highest
Nash-Sutcliffe efficiency (NSE) of 4.9% and 0.79, respectively. Meanwhile, the rain gauge data was
able to produce runoff with −12.2% and 0.71 for RB and NSE, respectively. The other three SRPs
showed acceptable results in daily discharge simulation (NSE value between 0.42 and 0.49, and
RB value between −23.3% and −31.2%). The generated flood map also agreed with the published
information. In general, the SRPs, particularly the GSMaP, showed their ability to support rapid flood
forecasting required for early warning of floods.
Keywords: rainfall-runoff; flood inundation; satellite rainfall products; Kelantan River Basin;
RRI model

1. Introduction
Flood is the most damaging natural disaster in Malaysia causing massive economic destruction
with an average annual loss of approximately 1.271 million USD based on EM-DAT database [1].
Heavy rain during the northeastern monsoon (November to January) affect the states of Kelantan,
Terengganu, and Pahang in the eastern coast of Peninsular Malaysia. Series of heavy rainfall episodes
often causes severe floods in the region. The destructive flood of Kelantan in December 2014 caused an
estimated loss of about 2.8 billion ringgit (685 million USD) with 151,072 victims and ten deaths [2].
This extreme inundation event called the Kelantan Big Yellow Flood because of heavy mud content
in the floodwater. Based on the recorded rainfall data, [3] found about 1598.8 mm and 386.6 mm
rainfall at Gunung Gagau station and Brook station respectively in 7 days. Many upstream stations
experienced rainfall events with average recurrence interval (ARI) near or above 100 years and several
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stations experienced rainfalls with ARI over 500 years. The extreme rainfall cause this unprecedented
flood event in Kelantan [3].
The traditional way of modelling floods relies primarily on the availability of rainfall data recorded
in a basin obtained from a network of rain gauges. This crucial data plays a significant role in both
hydrological modelling and flood inundation mapping. However, rain gauging stations in Malaysia
are somewhat scarce, particularly in remote areas [4,5]. Remote sensing technology has advantages in
producing spatially distributed rainfall estimation. The satellite rainfall products can provide rainfall
information at a specific spatial and temporal resolution of areal coverage [6,7]. Furthermore, the
dataset offers near-real-time rainfall, which can be another source of rainfall data, especially in a data
scare or ungauged basin [8,9]. Several examples of satellite-based rainfall data are Tropical Rainfall
Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA) [10], Global Precipitation
Mission (GPM) [11], PERSIANN-Cloud Classification System (PERSIANN-CCS) [12], and Global
Satellite Mapping of Precipitation (GSMaP) [13]. The Satellite Rainfall Products (SRPs) have become
indispensable data for hydrologists and water resources scientists. The evaluation of satellite rainfall
products as inputs to hydrological models for flood simulation has been conducted in various locations
around the world [14–18]. However, studies related to the reliability of such data in Malaysia is
very limited [19–23]. For example, [20] assessed the reliability of three GPM products for streamflow
simulation and showed their acceptable performance in term of NSE (~0.5), R2 (~0.6), and RB (~ −30%).
Other SRPs products (particularly near-real-time), such as GSMaP-NRT and PERSIANN-CCS used in
the present study, have not yet been evaluated in Malaysia yet. Moreover, no study has been conducted
in Malaysia so far to estimate the amount of errors at different locations due to different SRPs [9,24,25].
The typical flood modelling consists two parts: (i) rainfall-runoff modelling, and (ii) hydraulic
simulation [26–28]. The authors of [29] coupled two models from Hydrologic Engineering Center
(HEC) of which HEC-HMS output is used as input to HEC-RAS for flood mapping using Geographical
Information System (GIS) and remote sensing data. Such coupling controlled by upstream boundary
conditions, i.e., discharge or water level [29] and less useful in emergency situations. It led to
the development of a commercial integrated one-dimensional and two-dimensional (1D2D) model,
e.g., SOBEK, MIKE Flood, and Flood Modeller. However, these models are impracticable for areas
greater than 1000 km2 when the required resolution is less than 10 m, as the calculation time may
be considerably long [30]. The authors of [31] developed a rainfall-runoff–inundation (RRI) model,
integrating the rainfall-runoff simulation and the hydrodynamic model. The advantage of the RRI
model can simulate flooding and estimate river flow at downstream floodplains and upstream mountain
areas simultaneously, modelling flood inundation at multiple basins [32].
Several studies have been carried out by integrating SRPs and RRI model for flood mapping [31,
33–37]. The results of the simulations in these studies have a good agreement with the observed
hydrological data and satellite-derived flood map extent. The effects of land use and climate change
on flood behavior were also investigated using the RRI model [38,39]. None of these studies, however,
used Global Precipitation Measurement (GPM) data in the RRI model.
Decision-making process over any disaster, especially flood requires up-to-date information on
the current situations of the affected areas. The use of remote sensing to delineate flood map are
promising [40–43]. Despite that, clouds are always the main problem for optical-based satellite systems
to capture images [44,45], especially during the rainy season while flooding is happening [46,47].
Microwave satellites can overcome this problem as its signal can penetrate cloud and light to moderate
rain [42,48], but limited available microwave satellites prevent near-real-time flood mapping [42,
48]. Nevertheless, these satellite-based flood inundation mappings are significant for emergency
response [49,50] and the use of remote sensing technology in the disaster emergency is increasing [51].
Moreover, an inadequate network of rain gauges at basin impede in hydrological modelling particularly
when the gauging stations are destroyed due to the high velocity of floodwater or debris [52,53].
Flood monitoring during the rainy season is very challenging in the tropical region. Flood modelling
based on the spatially distributed, multi-temporal rainfall data (SRPs) could be the best option to
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The study area is located in the Kelantan River Basin in the Northern part of Peninsular Malaysia
Northeast Monsoon (October to January). Rainfall intensity of the Northeast Monsoon (1530
(Figure 1). This area experiences two monsoon seasons, Southwest Monsoon (April to August) and
mm/year) is higher than the Southwest Monsoon (993 mm/year) [54]. High rainfall during Northeast
Northeast Monsoon (October to January). Rainfall intensity of the Northeast Monsoon (1530 mm/year)
monsoon often causes prolonged flooding [55]. According to [54], the northeast zone on peninsular
is higher than the Southwest Monsoon (993 mm/year) [54]. High rainfall during Northeast monsoon
Malaysia, i.e., Kelantan, Terengganu and Pahang has the highest annual rainfall of 2940 mm/year.
often causes prolonged flooding [55]. According to [54], the northeast zone on peninsular
Malaysia,
The total area of the Kelantan River basin catchment is approximately 13,135 km2, with the highest
i.e., Kelantan, Terengganu and Pahang has the highest annual rainfall of 2940 mm/year. The total area
point of 2083 m above the mean sea level. The main tributary in this area is Galas River and Lebir
of the Kelantan River basin catchment is approximately 13,135 km2 , with the highest point of 2083 m
River.
above the mean sea level. The main tributary in this area is Galas River and Lebir River.

Figure 1. Distribution of rain gauges and Jambatan Guillermard river flow measuring station in
Figure 1. Distribution of rain gauges and Jambatan Guillermard river flow measuring station in
Kelantan River basin and the resolution (Global Satellite Mapping of Precipitation (GSMaP) and
Kelantan River basin and the resolution (Global Satellite Mapping of Precipitation (GSMaP) and
Global Precipitation Measurement (GPM) with 0.1◦ ; Precipitation Estimation from Remotely Sensed
Global Precipitation Measurement (GPM) with 0.1°; Precipitation Estimation from Remotely Sensed
Information using Artificial Neural Networks-Cloud Classification System (PERSIANN-CCS) with
Information using Artificial Neural Networks-Cloud Classification System (PERSIANN-CCS) with
0.04◦ ) and coverage of different satellite rainfall products.
0.04°) and coverage of different satellite rainfall products.
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2.2. Data Sources
2.2.1. Rain Rauge and Streamflow Data
Hourly observation river discharge (m3 /s) and water level (m) data at Jambatan Guillermard
station were used as a reference data to assess the simulated discharge and water level produced by the
SRP-driven RRI model. To evaluate the applicability of SRP, 17-meteorological stations were used to
execute the RRI model. These datasets provided by the Department of Irrigation and Drainage (DID),
Malaysia. The geographical distribution of meteorological stations and the hydrological stations is
shown in Figure 1. Both hourly hydrological data and meteorological data from 2014 to 2015 were used.
2.2.2. River Geometry
Detailed information of river geometry is not available. Therefore, a conventional rectangle
geometry was assumed [56]. The river depth (D) and width (W) are estimated using the
following equations:
W = CW ASW
(1)
D = CD ASD

(2)

where A is the upstream contributing area (km2 ). In this study, a total of five cross-section data
provided by DID spreading over the Kelantan River basin. Subsequently, the geometry parameters,
CW = 2.49, SW = 0.533, CD = 13.82 and SD = 0.0446, are obtained.
2.2.3. Digital Elevation Model (DEM)
The USGS HydroSHED DEM data was used in this study [57], which is derived from Shuttle
Radar Topography Mission (SRTM) data. The HydroSHED is a hydrologically conditioned DEM, and
therefore, suitable for hydrological applications. A 15 arcsec (approximately 450 m) spatial resolution
DEM was used. The DEM-derived flow direction (DIR) and flow accumulation (ACC) were also used
in RRI model. The USGS HydroSHED is available at https://hydrosheds.cr.usgs.gov/. The DEM, DIR
and ACC data were stored into ASCII format is the required format by the RRI model.
2.2.4. Land Cover and Soil Map
The Global Land Cover by National Mapping Organizations (GLCNMO) was used in this study.
The data were prepared by using MODIS data with remote sensing technology [58,59]. The GLCNMO
version 2 having a spatial resolution of 15 arcsec was used. Soil data of the Food and Agriculture
Organization (FAO) of the United Nation’s global dataset with approximately 9 km [60] was used.
Both the land cover and soil type data were used in RRI model.
2.2.5. Satellite Rainfall Products
All near-real-time (NRT) high spatial-temporal satellite rainfall products were evaluated in
the present study, i.e., GPM (IMERG_E, IMERG_L), PERSIANN-CCS, and GSMaP-NRT, for flood
simulation. The characteristics of these SRPs are given in Table 1. Global Precipitation Mission (GPM)
provides three different levels of products for public download. The use of GPM product in this study
is Level-3 gridded product; it blended all passive satellite microwave rainfall estimates, i.e., Integrated
Multisatellite Retrievals for GPM (IMERG) [61]. The spatiotemporal resolution of IMERG is 0.1◦ × 0.1◦
every 30 min, which is near-real-time product. IMERG’s primary enhancement are the mixture of high
spatial-temporal resolutions, the near-global coverage, and the high quality by using active instruments
to support the use of passive instruments. IMERG has three levels gridded products: IMERG-E (Early
Run) and IMERG-L (Late Run) are near-real-time product with a latency of 4 h and 12 h, respectively,
and IMERG-F (Final Run) is a research product with a latency of 2.5 months. GPM data can be found
online (https://pmm.nasa.gov/data-access/downloads/gpm).
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Table 1. Characteristics of satellite rainfall products used in the present study.
Dataset
GPM (IMERG-E, -L)
GSMaP-NRT
PERSIANN-CCS

Dates
March 2014–present
October 2008–present
March 2003–present

Version

Spatial/Temporal

Latency

V05B

0.1◦

(≈11 km)/30 min

4 h/12 h

V6

0.1◦

(≈11 km)/1 h

4h

-

0.04◦

(≈4 km)/1 h

2 days

The PERSIANN-CCS algorithm extracts local and regional cloud characteristics using infrared
(IR) cloud images to estimate finer scale rainfall distribution (0.04◦ × 0.04◦ and 30 min). The algorithm
involves four steps, (1) segmentation of IR cloud images into different cloud patches using incremental
temperature threshold technique, (2) extraction of cloud characteristics, i.e., geometry, texture, and
coldness; (3) classification of cloud patches using self-organizing feature map (SOFM) algorithm; and
(4) estimation of rain rate by establishing Tb - R relationship to various cloud patches [62]. This study
also revealed that nonlinear approaches successfully identify different Tb − R function for each cloud
patches rather than the threshold and linear approach. The product of PERSIANN-CCS is available
online (https://chrsdata.eng.uci.edu/).
The GSMaP project is sponsored by JST-CREST and is promoted by the JAXA Precipitation
Measuring Mission (PMM) Science Team [13,63–65]. The GSMaP algorithm blends TRMM estimates
and other satellites to produce high resolution globally precipitation products (0.1◦ × 0.1◦ and
1 h). GSMaP provides eight levels of products with different latencies, which are realtime
(GSMaP_NRT), realtime_gauge (GSMaP_Gauge_NRT), now (GSMaP_NOW), standard (GSMaP_MVK),
standard_gauge (GSMaP_Gauge), reanalysis (GSMaP_RNL), reanalysis_gague (GSMaP_Gauge_RNL)
and riken_nowcast (GSMaP_RNC). GSMaP data is available online (https://sharaku.eorc.jaxa.jp/
GSMaP/).
3. Methodology
Figure 2 show the flowchart of the present study. The overall methodology is divided into three
phases, i.e., input data (blue blox), two-dimensional hydrodynamic modelling using SRPs (purple box)
and evaluation of the results (red box). All SRP data and rain gauge data were separately used runoff
modeling and flood inundation mapping.
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flow consists of saturated subsurface and surface flow. The Green-Ampt equation is responsible for
is responsible for vertical infiltration flow. The flow interaction of river channel and land is estimated
vertical
infiltration flow. The flow interaction of river channel and land is estimated based on different
based on different overflowing formula. The RRI model is a standalone product and its output, i.e.,
overflowing formula. The RRI model is a standalone product and its output, i.e., discharge, water level,
discharge, water level, and inundation can be displayed easily. In addition, the maximum flood
and inundation can be displayed easily. In addition, the maximum flood inundation can be saved into
inundation can be saved into ASCII format for further analysis, such as flood hazard mapping or
ASCII format for further analysis, such as flood hazard mapping or identification of elements-at-risk,
identification of elements-at-risk, using GIS platform with additional data.
using GIS platform with additional data.
The required input data to drive RRI model is shown in Figure 3. The characteristics of the data
are explained in Section 2.2. The prepare the data are explained in details in RRI user manual [56].
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station. Figures 5 and 6 show the hydrographs for all satellite rainfall products with observed data in
could not do (see Figure 4).
term of discharge and water level, respectively.
Based on the hydrographs, all simulated runoff produced by each SRP has a similar pattern. It was
also noticed that all SRPs captured the peak discharge and water level one day in advance, which are
consistent with the observed data. However, only the peak discharge and water level produced by
GSMaP-NRT was relatively close to the observed data. The peak discharge and water level produced
by the GSMaP-NRT were 16,461 m3 /s and 22.1 m, respectively, compared to 18,576 m3 /s and 22.8 m,
respectively, estimated using observed data. This means that GSMaP-NRT was successful in capturing
the areal peak rainfall from 21 to 24 December, which other SRPs and rain gauge stations could not do
(see Figure 4).
The performance of hourly simulated runoff hydrograph was evaluated using the performance
statistics (see Table 2). GSMaP-NRT showed a performance very close to that obtained using observed
data, with the lowest RMSE of 2674.7 m3 /s and the highest r of 0.83. It overestimated the mean
runoff only by 4.9% and provided the best predictive runoff with highest NSE of 0.79. The p-value of
Mann-Whitney test suggested that there was no significant difference in term of NSE and r when using
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GSMaP-NRT data as compared to observed rainfall data. The RMSE using the rain gauge data was
3177.8 m3 /s which was slightly higher than GSMaP-NRT. Both NSE and r of rain gauge were above 0.7,
which indicates that rain gauge data also performs well. Similar performance was observed for other
SRP products, i.e., IMERG-E, IMERG-L, and PERSIANN-CCS. However, the simulated runoff was
significantly underestimated compared to the observed runoff by all those products. The RMSE, NSE
and r of those products were almost the same. Although r was above 0.7, NSE was lower than 0.5,
which
according
to [67] indicates that these three SRPs produced acceptable results.
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Table 2. Statistical performance of satellite rainfall products in simulating river flow.
SRPs

RMSE (m3 /s)

RB (%)

NSE

r

IMERG-E
IMERG-L
GSMaP-NRT
PERSIANN-CCS
Gauges

4293.1
4462.4
2674.7
4181.7
3177.8

−23.7
−31.2
4.9
−23.3
−12.2

0.46
0.42
0.79
0.49
0.71

0.68
0.75
0.83
0.77
0.85

Significant (p = 1.4 × 10−4 )
Significant (p = 1.6 × 10−5 )
Not Significant (p = 0.082)
Significant (p = 6.8 × 10−7 )

The hourly simulations made using the GSMaP-NRT generally produced very satisfying results,
while the remaining SRPs and even gauge data yielded acceptable results, (Table 2). Such satisfying
results had also reported in [31,33]. It is unanticipated, in particular, the GSMaP-NRT data, as studies
found that GSMaP had a significant discrepancy with observed data in rainfall estimation [68–70] and
runoff simulation [71]. In Malaysia, rainfall estimates using SRPs have been carried out in several
studies [19,20,72]. It has been reported that all SRPs are able to produce good results in estimating
annual and monthly precipitation. However, the SRPs showed poor performance in simulating daily
rainfall. The authors of [72] also found that by applying bias correction on SRPs, the error discrepancy
and correlation between TRMM and rain gauge can be reduced by 18.38% and up to 16.28% respectively.
Improving the accuracy of SRPs by considering bias correction is of great importance to ensure their
applicability for daily and/or hourly application in hydrological and water resources modelling. For a
better understanding of its usability for rainfall estimates at different spatial and temporal scales, a
comprehensive evaluation of GSMaP-NRT should remain relevant in the future.
The authors of [73] conducted a hydro-meteorological evaluation over Kelantan river basin for a
period between 2014 and 2016 using three GPM (IMERG-E, -L, -F) products using the SWAT model.
The study simulated the flood event discharge in December 2014 and discovered that IMERG-E and
IMERG-L data had produced good streamflow estimates with NSE and r values of 0.43–0.51 and
0.61–0.62, respectively. The findings of the present study are in line with their findings. Even though
the RRI model is still under development [56], the results showed that the model is suitable to support
hydrological simulation. However, the simulated flood inundation extent should be validated by an
existing flood map produced by a related agency or satellite-derived flood extent map.
The spatial extent of maximum flood inundation in the downstream area from 15 December 2014
to 1 January 2015 is illustrated using the calibrated RRI model with SRPs and the gauged data in
Figure 7. The figure shows that although the study area is relatively flat, the flooding differences
were noticeable. Figure 8 shows the comparison of flooded area derived from SRPs and rain gauge.
GSMaP-NRT data produced the most extensive coverage of the flooded area with 2856.1 km2 . However,
the flooded area created by the GSMaP-NRT was 2 to 3 times larger compared to that produced by
other SRPs and rain gauge data. The generated flood map also showed that Tanah Merah had the
worst flood situation. According to [74], Tanah Merah is one of the worst affected areas, together with
Kuala Krai and Gua Musang. A comparison of flood depth in different towns in the downstream
area also conducted, and the results are shown in Figure 9 and Table 3. Tanah Merah showed the
highest flood depth of 5.9 m followed by Pasir Mas (3 m), Kadok (2.5 m), Wakaf Bunut (2.4 m), Peringat
(1 m), and Kota Bharu (0.8 m). This study only carried out a simple flood depth assessment without
validation with the ground truth data. However, flood depth record was available at Pangkalan Krai
Jetty from the previous study by Yahaya et al. (2015) which was used to verify the simulated flood
depth obtained from SRPs and rain gauge. The results showed that the GSMaP produced the closest
flood depth with 1.4 m difference, and the difference in flood depths estimated other products was
between 3.8 m and 6.4 m (Table 4).
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Table 3. Comparison of flood depth at different towns using hydrological model using different satellite
precipitation products and rain gauge data.
Kota
Bharu

Pasir Mas

Tanah
Merah

Tumpat

Wakaf
Bunut

Kadok

Peringat

Gauge

0.4

2.4

4.6

0.3

1.9

1.8

0.4

IMERG-E

0.4

2

3.2

0.4

1.3

1.3

0.3

IMERG-L

0.4

1.8

2.9

0.4

1.1

1.2

0.3

GSMaP

0.8

3

5.9

0.6

2.4

2.5

1

1.9

3

0.3

1.2

1.2

0.3

Towns

PERSIANN-CCS 0.3

Table 4. Comparison of estimated flood depth to reference flood depth using the hydrological model
using different satellite precipitation products and rain gauge data.
Source

[2]

PERSIANN-CCS

IMERG-L

IMERG-E

GSMaP

Gauge

Maximum depth (m)
(Difference)

15

8.8
(6.2)

8.6
(6.4)

9.1
(5.9)

13.6
(1.4)

11.2
(3.8)

Figure 4 shows the areal average rainfall in the upstream area. The GSMaP-NRT was successful
in capturing a few prominent peaks of rainfall which was not captured by the rain gauges. It shows
that the existing rain gauges network is not capable of recording high spatial and temporal resolution
rainfall information. To fully understand the rainfall-runoff response, it is necessary to install more
and well-distributed rain gauge stations in the area. The conventional designing of a rain gauge
network is divided into two types: haphazard manner and quantitative approach [75]. The former
method is independent of rain gauge data, whereas the latter approach dependent on rain gauge data.
The drawback of the latter approach is the insufficient number of rain gauges used to design the rain
gauge network. Such methods are, therefore, challenging to implement and difficult to achieve an
optimal outcome. So far only [75] successfully carried out a framework for the design of rain gauge
network based on an integration of principal component analysis (PCA) (obtain optimum rain gauge
density) and variable selection criteria (identify rain gauge location) using a ground radar rainfall
dataset. Satellite rainfall products are also suitable as such dataset can provide a considerable amount
of local rainfall patterns.
In this paper, four SRPs (IMERG-E, IMERG-L, GSMaP-NRT, and PERSIANN-CCS) were used
as forcing data to drive the RRI model for hydrological modelling and flood inundation mapping.
Also, the performance of SRPs in hourly discharge estimation for extreme flood event was analyzed.
Near-real-time satellite rainfall products are an indispensable source of data for emergency response.
Thus, the need for such reliable data is essential for the rescue and assessment of flood damages.
This research provided a guidance for prediction of extreme flood events using SRPs data to yield
more precise hydrologic and flood simulation.
The present study focuses on the emergency phase of the disaster management cycle. Therefore, a
simple comparison between SRPs and rain gauge on extreme rainfall event was carried out (Figure 4).
According to [3], the December 2014 flood event had two phases. The first phase was during 15–19
December, while the second phase was from 20 to 24 December. Generally, all the satellite rainfall
products were found capable in capturing these two phases. However, GSMaP-NRT was able to record
two extreme peak rainfalls on 17 and 23 December 2014. The daily amount of rainfalls on those two
days were twofold relative to other SRPs and the rain gauge estimation.
The performance of satellite rainfall products on discharge simulation is evaluated by comparing
the simulated and observed discharge and water level hydrographs (Figures 5 and 6). In addition
to the visual comparison, the performance evaluation of each SRP is assessed using the statistical
approach with a hypothesis testing to validate the significance of the result (Table 2). Overall, all
SRPs-derived hydrographs are matched to the observed hydrography. Based on Table 2, GSMaP-NRT
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had the best hydrological performance but overestimated runoff, which was consistent with the
findings by [76]. While the rest of the SRPs had an acceptable underestimated runoff. According
to [77], the underestimation in discharge simulation due to the underestimated rainfall estimates.
Similar findings are also reported in [17,73,78,79]. Therefore, we could conclude that GSMaP-NRT has
a positive bias in this extreme event. The overestimation discharge driven GSMaP-NRT due to the
re-evaporation of rainfall [80]. However, IMERG and PERSIANN-CCS underestimate rainfall may
due to warm-rainfall process associated with orographic uplift caused by the onshore flow toward the
mountain [81] and poor detection of light rainfall event at high elevation area [82–84]. In addition, a
statistical hypothesis test, the Mann-Whitney test to confirm the performance of GSMaP-NRT product
in discharge simulation as good as rain gauge data. Therefore, the GSMaP-NRT data was shown to
produce more accurate discharge simulation for the extreme flood event.
In fact, NRT products do not take gauge-correction into account [80]. More studies on the
bias correction of satellite rainfall products are conducted [72,85–87]. In addition to enhancing the
reliability of rainfall estimates, the streamflow simulation model has also improved [83,85]. Various bias
correction methods have been adopted to reduce the bias of SRPs, such as bias factor [85,88], modified
bias factor [86], principal components [89], probability approach [90] and cumulative distribution
function [87]. However, the corrected-SRPs still showed some bias in rainfall estimates, which is
due to topography effects, extreme event, and climate event [83,87,90,91]. According to [92], there
is a relation between soil moisture and rainfall. Due to satellite-based soil moisture products has
reached a promising level in term of accuracy [93], for example, [94,95]. Therefore, improvement in the
accuracy of satellite rainfall estimates using soil moisture products are widely conducted [93,96–98].
Consideration of these factors into rainfall estimates may help algorithm developers to improve their
products for better regional application use.
The authors of [31] noted that the simulation of the RRI model entails certain uncertainties, such
as model parameters (hydraulic conductivity, Manning’s roughness, soil type, and river geometry)
and topographic data. The authors of [34] found that the RRI model is also responsive to rainfall
data in which 1% rise in rainfall results in a 2.3% and 4.2% increase in runoff and flood inundation,
respectively. Furthermore, [99] assessed the sensitivity of the RRI model using different DEM dataset
and DEM smoothing techniques. They showed that the RRI model is greatly sensitive to Manning’s
roughness coefficient values for flood plains, followed by the dataset of DEM, and the soil depth.
Monte Carlo simulation is one of the methods to evaluate uncertainty in rainfall-runoff simulation
and inundation simulation [31]. Therefore, [33] conducted a large-scale rainfall-runoff-inundation
modelling with consideration of parameter calibration using Monte Carlo simulation. They found
that that river geometry is the most sensitive parameter in the RRI model. All these uncertainties can
contribute to the simulated discharge errors (Table 2) and flood depth difference (Table 4). Although
GSMaP-NRT yielded the best results as compared to other SRPs, it still underestimated flood depth
(Table 4). This underestimation is mainly caused by the resolution of DEM used in this study was too
coarse, i.e., 450 m. High resolution data is necessary in order to enhance the results [33].
5. Conclusions
Four datasets of SRPs (PERSIANN-CCS, IMERG-E, IMERG-L, and GSMaP-NRT) were used in the
RRI model to assess their relative performance in simulating flood inundation in Kelantan river basin.
This study showed that GSMaP-NRT can produce reliable flood inundation model using RRI. However,
the other SRPs (PERSIANN-CCS, IMERG-E, and IMERG-L) shall be considered after bias adjustment
for simulating discharge and the extent of flood inundation. Further works are still required to validate
the flood inundation map produced by RRI model with available flood map or the flood extent derived
from remote sensing imagery. The findings of the present study might support related agencies or
departments in issuing early flood warnings and predicting flood situations, particularly in areas
where hydrometeorological stations are sparse, or satellite images are not available.
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