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Abstract: Flood early warning systems (FEWS) are crucial for flood risk management; however,
several catchments in the developing world are still far behind in all aspects of FEWS and thus, they
encounter devastating damage recurrently due to limitations in data, knowledge, and technologies.
This paper presents a catchment-scale integrated flood information system by incorporating present-
day multi-platform data and technologies (e.g., ground and satellite rainfall observation, ensemble
rainfall forecasts, and flood simulation) and evaluates their performance in a poorly gauged prototype
basin (i.e., the Kalu River basin). Satellite rainfall products obtained in real time (GSMaP-NOW)
and near-real time (GSMaP-NRT) can detect heavy rainfall events well and bias-corrected products
can further improve rainfall estimations and flood simulations. Particularly, GSMaP-NRT, which
outperformed GSMaP-NOW in both rainfall and discharge estimations, is suitable for near-real-time
flood-related applications. Ensemble rainfall forecasts showed good performance in predicting
alarming signals of heavy rainfall and peak flow with uncertainties in the amounts and timings
of the events. Information derived from both satellite and ensemble forecasts on heavy rainfall,
simulated flood signals, and their possible range of probabilities is promising and can help minimize
the data gaps and improve the knowledge and technology of experts and policy-makers in poorly
gauged basins.

Keywords: extreme rainfall; floods; satellite rainfall estimations; ensemble rainfall forecasts; poorly
gauged river basins; flood early warning

1. Introduction

Climate change continues to increase the frequency and severity of flood and storm
disasters, which are found to be a major impediment to sustainable development [1–3].
Flood Early Warning Systems (FEWS) are identified as one of the effective methods for
flood risk management and they are crucial for the achievement of the Sendai Framework
for Disaster Risk Reduction targets and the Sustainable Development Goals advocated
by the United Nations International Strategy for Disaster Reduction [4]. Nevertheless, a
recent report has indicated that low- and middle-income countries, which suffer severe
flood damage, are still far behind in the necessary aspects of FEWS (i.e., data collection,
forecasting tools, and communication methods), whereas developing countries appear
to be relatively progressing [5]. FEWS services are proven life-savers; however, they are
woefully insufficient for those who need them most, particularly in Africa and the South-
and Southeast-Asian regions due to data unavailability and the technology–knowledge
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gaps, which have resulted in enormous fatal and economic losses in recent flood events
(e.g., 2022: Pakistan, 2021: Southeast Asia, 2020: Jakarta, 2018: East Africa, 2018: Kerala,
2016: India, and 2016/2017: Sri Lanka). Hence, the UN and the World Meteorological
Organization (WMO) unveiled an urgent action plan at the 2022 UN Climate Change
Conference (COP27) to ensure the availability of FEWS for all communities to shift from
reactive measures to a proactive flood management approach within five years [6].

In fact, several initiatives have developed FEWS at the global scale using present-
day science and technologies, e.g., the GEOGloWS ECMWF streamflow forecasting [7],
the Global Flood Forecasting and Information System (GLOFFIS) [8], and the Global
Flood Awareness System (GloFAS) [9] to support preparatory measures for flood events
worldwide, particularly in large trans-national river basins. Though global FEWS are
useful for the least-developed and developing countries, they lack in providing accurate
flood-related information (e.g., flood onset, peak flow, and inundation) at the medium
or small catchment scales due to uncertainties in coarse resolution rainfall forecasts and
challenges in integrating locally available knowledge and information at the global scale
and calibrations and verifications of flood model outputs [10]. Moreover, several studies
have investigated and developed advanced concepts of FEWS at the national or catchment
scales, mostly in developed countries (e.g., the U.S.A. [11], Europe [12,13], Australia [14],
and Japan [15,16]), which maintain the high-quality and quantity of in-situ and radar
observation networks as well as advanced rainfall forecasting techniques; however, the
applicability, affordability, and verifications of such systems in poorly gauged regions have
not been addressed.

Preferably, a catchment-scale Integrated Flood hazard Information System (IFIS)
should have the following essential components capable of (a) adequate real-time rainfall
observation, (b) quantitative rainfall prediction, (c) runoff and inundation simulation, and
(d) data analysis and dissemination. Various reports have also been published on the
design, implementation, and operation of FEWS in developing regions (e.g., Africa and
South-east Asia); however, only a few scientific studies have reported on the verifications of
rainfall and flood forecasts at catchment scales due to data unavailability, coarser resolution
model outputs, and the technology–knowledge gap [17–22]. As a result, many river basins
in those regions are still behind in implementing FEWS and proactive flood management
approaches. To move forward and support the UN agenda on FEWS for all within the next
five years (2023–2017) promptly, there is a great need for the development and verification
of catchment-scale IFIS by taking advantage of the latest updates on ground and satellite
observation technologies and rainfall forecasting methods to fill the data and knowledge–
technology gaps and support reliable timely decision-making processes in developing
regions. Hence, this research presents a basin-scale IFIS and investigated its performance
by utilizing present-day ground and satellite observation techniques and numerical mod-
els to gain confidence in the system. This is the first study to investigate multi-platform
extreme flood events data (i.e., ground, satellite, bias-corrected outputs, and numerical
model outputs) simultaneously in a single study and integrate them to implement an IFIS
in developing regions. The following paragraphs briefly review the present-day status of
each component of IFIS (except the data analysis and dissemination component) and their
applications in developing regions.

Real-time or near-real-time rainfall data with high spatial and temporal resolutions
are a prerequisite for flood monitoring, though rarely available in most river basins. Never-
theless, freely-available global satellite precipitation products (SPPs) have the potentials to
be used for real-time rainfall monitoring and flood warning in poorly gauged basins, and
thus are widely promoted by global and regional agencies [23–26]; however, they contain
spatially and temporarily varying biases due to indirect measurements and interpolation
methods to fill microwave observation gaps, they cannot be applied for reliable flood
parameter estimation without bias corrections, and thus, the information from ground
gauges need to be incorporated to improve the quality of SPPs in flood applications [27–30].
Particularly, real-time hourly or daily gauge data can help improve the spatially and tem-
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porarily varying biases of SPPs for real-time applications and thus, additional investments
are required for infrastructure development and maintenance. Zhou et al. (2022) [31]
proposed a gauge network design method for finding a threshold and its configurations
necessary for effective bias correction of SPPs. As an alternative approach, this research
used a satellite rainfall climatology map that provides reliable rainfall distributions over the
basin to find a minimum gauge threshold and locations for encouraging smart investments
in data-poor regions. In addition, the Japan Aerospace Exploration Agency (JAXA) has
recently provided the first-ever real-time SPPs with the shortest latency time (~0 h) [26].
However, its performance for flood applications is yet to be investigated. Thus, this research
investigated the performance of JAXAs real-time SPPs.

Quantitative rainfall forecasts, which are necessary for early warning and preparedness,
show a steady improvement in the forecast skills of extreme weather conditions [32–35]. Most
of the rainfall forecast systems in developing countries are based on the deterministic
method, which does not offer information across more extensive forecasting ranges with
uncertainty estimations [36]. Ensemble forecasts can provide a better skill score than
deterministic forecasts and, therefore, can provide added values for flood forecasting, early
warning, and emergency operations [37–41]. Ensemble forecasting skills are progressing
faster and developing countries are able to assess the ensemble data streams freely; however,
only a few countries in the developing world have progressed in the ensemble rainfall
prediction system, whereas their usage for streamflow forecast is not widely addressed
in many regions [22]. Recent studies using various ensemble forecasts in different river
basins showed that a streamflow forecast could provide reliable skills at a 1–5-day lead [42]
and that the peak discharge correlated well with observed data [43], whereas the skill of
forecasts in capturing extreme precipitation events was poor [44]. Therefore, more studies
are necessary to verify ensemble rainfall forecasts and quantify the uncertainties to gain
confidence and incorporate it in catchment scale FEWS in many developing regions.

Furthermore, physically based distributed hydrological models with the capability
of simulating rainfall–runoff–inundation processes are very effective tools for obtaining
crucial flood-related information (i.e., peak flow, inundation depths, and extents) compared
to conceptual or kinematic wave hydrological models [45–47]. However, in many practical
cases, the applications of these models only consider water-budget-related processes for
simplifications and, thus, overlook dominant hydrological processes such as evapotran-
spiration and soil moisture dynamics, which consequently leads to more uncertainties in
simulated flood-related parameters such as the timing of the flood onset, peak flows, and
inundation depths [48]. As a result, this study employed the water and energy budget-
based rainfall–runoff–inundation (WEB-RRI) model, which has several merits, including
physical formulations for evapotranspiration fluxes and soil moisture dynamics to improve
the accuracy of soil water storages and reduce model-related uncertainties and the com-
patibility with numerical weather models to estimate basin responses to model forcing
data directly [48].

2. The Kalu River basin of Sri Lanka

This study selected the Kalu River basin as a pilot river basin. The basin is located in
the southwestern part of Sri Lanka (Figure 1a), has a catchment area of ~2800 km2, and
receives an annual average rainfall of 4000 mm. It experiences frequent flood damage
due to heavy rainfall, topographic characteristics, and demographic situations. In recent
years, (e.g., 2012, 2014, 2017, 2018, and 2021), the basin has witnessed several flooding
events; the 2017 flood was particularly devastating. The basin has no large flood-storage
facilities or dams. There have been several feasibility studies and proposals (e.g., the Kukule
reservoir, the Malwale reservoir, and dry dams on tributaries) for mitigating recurrent
flood damage in this basin; however, none of them were executed due to economic and
political conditions. A previous study on this basin indicated the necessity to either control
floods or increase the people’s resilience to live with floods and proposed probability
relationships for forecasting downstream water levels using upstream water level data [49].
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Presently, flood warnings are issued based on rainfall forecasting and/or in-situ river
water-level records.
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Figure 1. Locations of the study area and gauges: (a) the demarcation of the Kalu River basin, digital
elevation model, and the river network and (b) annual GSMaP rainfall climatology (2001–2015) and
the location of real-time rain gauges (green dots).

3. Flood Information System, Data, and Model Set-Up
3.1. System Components and Data Integration

A schematic diagram of the proposed system that integrates multi-platform data and
their interactions with the system components is shown in Figure 2. The system has two
major components: a real-time flood-monitoring unit and a flood-forecasting unit. The
first one merges limited real-time ground rainfall observation with real-time satellite data
to generate real-time bias-corrected rainfall data and then prepares the Japanese 55-year
Reanalysis (JRA-55) data for other forcing data. The second component utilizes 72 h of
quantitative ensemble rainfall forecasts as well as other forcing data from the Numerical
Weather Prediction (NWP) model. The WEB-RRI model was used as a flood simulator. The
real-time flood monitoring unit was executed every hour, whereas the flood forecasting
unit was executed every 24 h. The model’s initial states (i.e., river flow, slope flow, soil, and
vegetation water storage) for forecast simulations were obtained from the flood monitoring
unit driven by bias-corrected SPPs.
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3.2. Meteorological Data
3.2.1. Japanese Reanalysis (JRA) Data

Meteorological forcing inputs for the WEB-RRI model, such as air temperature, specific
humidity, wind speed, downward shortwave radiation, longwave radiation, and surface
pressure, were obtained from the Japanese 55-year Reanalysis (JRA-55) data at a 3 h
temporal resolution and 0.125◦ spatial resolution [50]. These meteorological forcing data
were resampled to model grid resolutions of ~450 m and a model temporal resolution of
1 h using a linear interpolation method.

3.2.2. In-Situ Rainfall

For this study, we installed a real-time hourly rainfall observing and transmitting sys-
tem in the Kalu River basin with financial support from JAXA to maximize the applicability
of GSMaP products. As stated in the Introduction, the density and locations of rain gauges
are the most crucial in deploying a real-time gauge network, and the estimation of a mini-
mum threshold number of gauges for the bias-correction of SPPs mainly depends on the
rainfall distribution pattern and basin size. A rainfall climatology map was developed from
15 years of (2001–2015) GSMaP-NRT data and plotted in Figure 1b. The figure illustrates
the rainfall heterogeneity in the basin, i.e., the middle and downstream regions received
higher rainfall amounts, whereas the upstream regions received relatively lesser rainfall.
Therefore, a total of five real-time gauges (one in upstream, one in downstream, and three
in the middle region) were installed in this basin (density ~560 km2/gauge), considering
the rainfall pattern, river tributaries, and secure premises. The locations of the real-time
rainfall observing and transmitting systems are shown in Figure 1b and listed in Table 1.

Table 1. Coordinates of the rainfall and discharge gauge locations.

No. Station Name Latitude (N) Longitude (E)

1 Kahawatta 6.6 80.58
2 Kalawana 6.54 80.38
3 Ratnapura 6.72 80.38
4 Dodampe 6.73 80.32
5 Kalutara 6.6 79.95
6 Putupaula (discharge only) 6.6 79.95

3.2.3. Satellite Rainfall Products and Bias Correction

In this research, we used real-time and near-real-time GSMaP products, which are
available at 0.1◦ spatial and 1-h temporal resolutions. GSMaP data integrate geostationary
infrared data with limited low-earth-orbiting passive microwave satellite data to fill spatial
and temporal gaps [51]. GSMaP uses an infrared–microwave combined algorithm [52],
a backward-and-forward morphing technique from infrared images [53], and a Kalman
filter [54] for estimating precipitation. GSMaP-NRT is available with about 4 h latency,
and GSMaP-NOW is available with the shortest latency (~0 h) and is very useful for
flood-related applications.

Software (i.e., GSMaP-IF2) developed by the NTT-DATA corporation of Japan and
JAXA was used in this study to improve spatial and temporal biases. As shown in Figure 3,
GSMaP-IF2 uses an algorithm that takes ground-observed rainfall data (hourly or daily)
and GSMaP data (hourly) as primary inputs. The algorithm has three steps in estimating
merged rainfall products: (a) geo-location correction, (b) weight calculation, and (c) rainfall
intensity correction.

Geo-location correction: The combined passive microwave and IR-based SPPs (i.e.,
GSMaP and IMERG), which use morphing techniques, experience spatial shifting of a
rainfall system [28,55]. To eliminate erroneous shifting, ground gauges are combined into
one or several groups, depending on the number of gauges and their locations, and then
the correlation coefficient between ground rainfall and the corresponding GSMaP rainfall
is calculated for each group separately. When estimating the correlation coefficient for an
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individual group, the possibility of shifting within a given range (~3–5 grids or 30–50 km in
all eight directions) is considered. Consequently, the best correlation coefficient is identified
by comparing all the calculation results, and the corresponding shift is applied to the
GSMaP data.
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Weight calculation: An active area from each observatory (e.g., a radius of ~100–200 km)
is defined for estimating weights. The product of the inverse distance and the elevation
difference is set as the weight for each grid.

Rainfall intensity correction: Two types of factors (i.e., scale and offset) are calculated
as microwave rainfall estimations, which are weak for light rains. If the GSMaP rainfall
intensity is less than 10 mm/day, the offset factor (i.e., difference) is considered; other-
wise, the scale factor (i.e., ratio) is considered. Finally, the corrected rainfall is calculated
as follows:

Corrected GSMaP data

=

{
GSMaP raw data ∗ scale f actor ∗ weight; i f rain f all > 10 mm/day)
(GSMaP raw data + O f f set) ∗ weight; i f rain f all < 10 mm/day)

(1)

3.2.4. Meteorological Rainfall Forecasts

The Weather Research and Forecasting (WRF) model [56] was employed for downscaling
global-scale forecasts to basin-scale. Regional simulations were conducted with a 20 km
horizontal resolution and then downscaled to a 4 km horizontal resolution (Figure 4). The
outer domain (4000 km × 3000 km) was calibrated with newer Tiedtke cumulus and Lin
cloud microphysics schemes, whereas the inner domain (600 km × 600 km) was calibrated
with Lin cloud microphysics schemes. The initial and boundary conditions were obtained
from the Global Ensemble Forecast System (GEFS version 10) of the National Centers for
Environmental Prediction (NCEP), which produces 80 perturbation forecasts per day, 20 per
cycle (00UTC, 06UTC, 12UTC, and 18UTC), at T254L42 (~52 km) resolution for eight days [57].
The control and ensemble members in even numbers (10 out of 20 ensemble members) were
selected based on a cluster analysis to reduce the computational time [58], and the downscaling
experiments were set up to produce ensemble forecasts for the next 72 h.
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3.3. Hydrological Data and Model
3.3.1. Hydrological Data
Topographic Data, Soil Type, Land Use, and Vegetation Data

This study used 15 arc-seconds (~450 m) of hydrologically conditioned data (i.e., topo-
graphic data, flow directions, and flow accumulation) obtained from the U.S. Geological
Survey’s hydrological data and maps based on the Shuttle Elevation Derivatives at multiple
Scale (HydroSHEDS) [59]. Soil-type and soil-related parameters (e.g., saturated hydraulic
conductivity for surface soil, root zone, groundwater zone, saturated soil moisture content,
residual soil moisture content, and Van Genutchen parameters, i.e., alpha and n) were
obtained from the Food and Agriculture Organization (FAO) at a 9 km spatial resolution
(http://www.fao.org (accessed on 14 January 2006)). The land-use data for Simple Bio-
sphere Model (SiB2) was obtained from the U.S. Geological Survey’s global datasets with
a spatial resolution of 1 km. The 08-day composites Terra satellite’s Moderate Resolution
Imaging Spectroradiometer (MODIS) global products (MOD15A2) of Leaf Area Index (LAI)
and Fraction of Photo-synthetically Active Radiation (FPAR) at a 1 km horizontal resolution
were obtained from NASAs data archives (https://search.earthdata.nasa.gov/ (accessed
on 11 March 2015)).

Discharge and Inundation Data

This research used the discharge data collected at the Putupaula station (Figure 1a
and Table 1) by the Irrigation Department. The water levels prescribed by the Irrigation
Department of Sri Lanka for alert, minor flood, and major flood situations at the Putupula
gauging station are 3 m (~700 m3/s), 4 m (~1000 m3/s), and 5 m (~1400 m3/s) from the
local datum, respectively. Inundation data were derived from the VH-polarization of space-
borne Sentinel-1 Synthetic Aperture Radar (SAR) observation. The advantage of using
VH-polarization over VV polarization for water body classification is that it is less affected
by water surface waves and terrain slopes. In this study, SAR data of 10 m resolution were
obtained and resampled to model grids (i.e., 500 m). A pixel was classified as a floodwater
pixel when its value at VH polarization decreases by 5 dB or lower after a flood event.

3.3.2. Hydrological Model and Model Setup

The structure of the WEB-RRI model (Figure 5) developed by Rasmy et al. (2019) [48]
was divided into four major modules: (i) the model grid-based SiB2 module for the vertical
energy and water flux transfer between land and atmosphere [60,61]; (ii) the vertical soil
moisture distribution and groundwater recharge module [62]; (iii) the 2-D diffusive wave
flow module for surface and groundwater flow module; and (iv) the 1-D diffusive wave
river flow module [47]. The interactions between surface flow and river flow, groundwater
flow and soil moisture contents, and groundwater flow and river flow were also incorpo-
rated into the model. The shape of the river channel was assumed to be rectangular. The
model grid resolution was ~450 m, and the temporal resolution was 1 h. The WEB-RRI
model setup, calibration, and validation for the Kalu River basin were conducted in the
previous study [48], which evaluated the model’s performance comprehensively using
long-term rainfall data, river discharge data, satellite-derived ET data, and inundation
extents observations. Therefore, the same model was implemented for real-time flood
monitoring and forecasting applications. The model formulation and verifications are
referred to in Rasmy et al. (2019) [48].

http://www.fao.org
https://search.earthdata.nasa.gov/
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3.4. Evaluation Indices

This study used following datasets for the verifications of the system outputs; rainfall
data obtained from the real-time automated rain gauge network are used for the verification
of the GSMaP data; bias-corrected GSMaP gridded data are used for the verification of
ensemble forecast data; recorded river gauge data are used for verification of the simulated
river flow; and SAR data are used for the verification of the simulated inundation extents.

3.4.1. Rainfall and Discharge Evaluation Indices

Mean Bias Error (MBE), Root Mean Square Error (RMSE), Nash–Sutcliffe Efficiency Co-
efficient (Nash), the ensemble spread (i.e., the unbiased estimator of the standard deviation),
and the Brier Score (BS) were used for evaluating model estimations. The ensemble spread,
a measure of the difference between the members and the ensemble mean, is represented
by the standard deviation. The Brier Score [63], a measure of the accuracy of probabilistic
forecasts, is typically used when the outcome of a forecast is binary—whether the outcome
occurs or not.

MBE is defined as the following:

MBE =
∑(Si − Oi)

N
(2)

RMSE is defined as the following:

RMSE =

√
∑ (O i − Si)

2

N
(3)

Nash is defined as the following:

Nash =
∑
(

Oi −
−
O
)2

− ∑ (O i − Si)
2

∑
(

Oi −
−
O
)2 (4)
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Spread is defined as the following:

Spread =

√√√√√∑
(

Sm −
−
S
)2

(M − 1)
(5)

Brier Score (BS) is defined as the following:

BS =
∑[P(Sm)− P(Oi)]

2

M
(6)

where Oi is the observation at the ith time,
−
O is the averaged observation over the time,

Si is the simulated value at the ith time, Sm is the simulated value for the mth member,
−
S is the ensemble mean, P(Sm) is the forecast probability from 0 to 1, P(Oi) is the event
outcome (0 or 1), N is the number of data, and M is the number of ensembles.

3.4.2. Flood Extent Evaluation Indices

The spatial correlation between the model-simulated and observed flood inundation
extents was evaluated using the fit index (FI) and the correctness index (CI). The FI (%) and
CI (%) are defined as follows [64,65]:

FI =
Aom f it

Ao + Am − Aom f it
× 100 (7)

CI =
Aom f it

Ao
× 100 (8)

where Ao is the observed flood inundation area, Am is the model-simulated flood inunda-
tion area, and Aom f it is the overlapped flood inundation area (fit area) between the observed
and simulated inundation extents.

4. Results

The Kalu River basin experienced a historic (major) flood in May 2017 due to an
unprecedented heavy rainfall event, which caused devastating damage. The basin also
experienced a minor flood in May 2018. Hence, the performance of the IFIS was evaluated
for the selected three cases (i.e., major flood, minor flood, and false alarm), as listed
in Table 2.

Table 2. The selected flood events for the system performance evaluation.

No. Flood Event Event Period

1 Historical (major) flood 25 May 2017~2 June 2017
2 Minor flood 20 May 2018~28 May 2028
3 False alarm 24 May 2018

4.1. Rainfall Observation and Forecasts
4.1.1. Satellite Rainfall (GSMaP) Products

Figure 6a compares basin-averaged GSMaP daily rainfall products with in-situ data
for the May 2017 event. The error statistics for both raw and bias-corrected rainfall products
were also shown in the corresponding figures. As shown in the figure, the basin-averaged
GSMaP-NRT rainfall was overestimated by ~100 mm/day (~40%), whereas the GSMaP-
NOW rainfall was underestimated by ~100 mm/day (~35%) compared to the in- situ
rainfall on 25 May (i.e., the heaviest rainfall day). On the previous day, 24 May, the
rainfall from GSMaP-NRT was comparable to the in-situ rainfall, whereas the rainfall
from GSMaP-NOW was underestimated. On the next day, 26 May, GSMaP-NRT still
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showed a good match with the in-situ data, whereas GSMaP-NOW overestimated the
basin-averaged rainfall. The estimated error statistics for the 3-day event period were
relatively higher for GSMAP-NOW (i.e., MBE = −11.4 mm/day and RMSE = 69 mm/day)
compared to GSMaP-NRT (i.e., MBE = 16.6 mm/day and RMSE = 52 mm/day). Similarly,
both the rainfall amounts from GSMaP-NRT and GSMaP-NOW for the heaviest rainfall
day of the May 2018 event (i.e., 20 May) were reasonably better, with slight underestima-
tions (5~10%) (Figure 7a). The estimated error statistics were slightly better for GSMAP-
NOW (i.e., MBE = −6.8 mm/day and RMSE = 17 mm/day) compared to GSMaP-NRT
(i.e., MBE = −7.8 mm/day and RMSE = 15 mm/day). As also shown in Figures 6a and 7a,
the error statistics for bias-corrected GSMaP-NRT (hereafter NRT-IF) and bias-corrected
GSMaP-NOW (hereafter NOW-IF) products at the basin scale improved significantly com-
pared to their raw products for both events.
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Information on the hourly rainfall intensities is crucial for flood-related applications.
Figure 6b compares the hourly rainfall intensities between basin-averaged GSMaP products
and the in-situ data for the May 2017 event. The overestimation from GSMaP-NRT was
clearly seen for a short period (21 UTC to 23 UTC on 25 May). On the other hand, GSMaP-
NOW underestimated the rainfall intensities from 06 UTC to 12 UTC on 25 May and
overestimated them from 00 UTC to 06 UTC on 26 May. The bias-corrected products
showed improvements on both MBE and RMSE for both products (i.e., MBE = 1.58 mm/h,
RMSE = 9.3 mm/h for NRT-IF; MBE = 0.02 mm/h, RMSE = 6.82 mm/h for NOW-IF). As
shown in Figure 7b, though the peak rainfall intensities were underestimated by both
GSMaP products during 12UTC–18 UTC on 20 May 2018, the bias-corrected products
showed improvements in error estimations (i.e., MBE = 0.28 mm/h, RMSE = 3 mm/h for
NRT-IF; MBE = −0.35 mm/h, RMSE = 3.5 mm/h for NOW-IF).

As shown in Figure 8a, the heavy rainfall (>450 mm/day) concentrated in the middle
region of the basin on 25 May 2017. However, GSMaP-NOW estimated less daily rainfall
(<250 mm/day) with a clear spatial shift of the heavy rainfall concentration by ~30–40 km
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toward the southwest direction (Figure 8b). On the other hand, GSMaP-NRT (Figure 8c)
showed a very good spatial matching but also an overestimation compared to the in-
situ data. The spatial distribution of NOW-IF data showed improvements in the spatial
pattern and amount (Figure 8d), whereas NRT-IF showed reductions in the heavy rainfall
amount (Figure 8e) compared to the GSMaP-NRT data. Similarly, as shown in Figure 9a,
the heavy rainfall (~200 mm/day) concentrated again in the middle region of the basin
for the 2018 case. Compared to the in-situ data, both GSMaP products well captured
the heavy rainfall activities within the basin, though the amounts were underestimated
(<180 mm/day). The spatial distribution of heavy rainfall from the GSMaP-NRT data
(Figure 9c) was better than that from the GSMaP-NOW data (Figure 9b). As shown in
Figure 9d,e, both NOW-IF and NRT-IF also showed improvements in both the amount and
distribution, which is similar to the May 2017 flood case. Moreover, the installation of five
gauges (three in the middle region, one in the upper basin, and the other one in the lower
basin) has well captured the basin rainfall distributions.
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4.1.2. Ensemble Rainfall Forecasts

Figure 10a–c shows box-and-whisker plots to compare the basin-averaged ensemble
rainfall spread and mean from the accumulated 6-hourly forecasts with NRT-IF data for the
72-h forecasting time starting at 00 UTC on 23, 24, and 25 May 2017. The error statistics
(i.e., MBE and RMSE) of the ensemble mean and the Brier Score (BS) of the ensemble
forecasts are given in the same figures. As shown in Figure 10a, the mean forecasts matched
the NRT-IF data for the first 24 h; however, the forecasts were underestimated during the
next 36 h, thus resulting in the underestimation of the mean (MBE = −21 mm/6 h and
RMSE = 52 mm/6 h). Similarly, the mean forecasts on 24 May and 25 May matched the
NRT-IF data for the first 36 and 18 h, respectively; however, those forecasts underestimated
the peak rainfall intensities afterward, as shown in Figure 10b,c. Exceptionally, an ensemble
member forecasted the peak intensities, as recorded by NRT-IF, but they fell outside the
plotting range (i.e., 1.5 times the interquartile range) and were plotted as outliers in the
figure. The estimated BS for ensemble rainfall amounts greater than 10 mm/6 h was found
to be ~0.23–0.26 (a model with the perfect skill has a score of 0, and the worst has a score
of 1) for all three cases, indicating the relatively good performance of the rainfall forecasts.
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Figure 10. Comparison of basin-averaged 6-hourly accumulated ensemble rainfall with GSMaP-NRT-
IF for 2017 flood event starting from (a) 00 UTC on 23 May; (b) 00 UTC on 24 May; and (c) 00 UTC on
25 May 2017. The green boxes indicate the 25th and 75th percentile values of the ensemble forecasts,
black middle bars are for the median, and vertical lines are for maximum and minimum values.

As shown in Figure 11a,b, unlike the forecasts for the May 2017 case, the mean forecast
for the May 2018 case was relatively better with a slight underestimation (MBE = −6 mm/6 h,
RMSE = ~12–20 mm/6 h) and coincided well with the timing of the observed peak rainfall
during the first two days of the 72-h forecasting. The mean forecast on 20 May 2018, showed
an overestimation of heavy rainfall events, as in Figure 11c. The BS of 0.12 for the forecasts
on May 20 was relatively better compared to the previous forecasts on 18 May and 19 May
2018 (BS ~0.28).
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Figure 11. Same as Figure 10 but for the 2018 flood event starting from (a) 18 UTC on 18 May;
(b) 18 UTC on 19 May; and (c) 18 UTC on 10 May 2018.

4.2. Comparison of Hydrological Simulations and Forecasts of River Discharges
4.2.1. Hydrological Simulations Driven by GSMaP Products

Figure 12a compares the discharge driven by GSMaP products with observation at
the Putupaula gauging station for the May 2017 flood event. The discharge data driven
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by GSMaP-NOW delayed the flood onset and underestimated the flood peak due to an
underestimation of rainfall on 24 May and in the early hours of 25 May (Figure 6a,b).
However, NOW-IF improved the timing of the flood onset, though it still underestimated
the peak discharge rate compared to the observed discharge. The improvements in Nash
and RMSE for NOW-IF data are significant; Nash improved from 0.76 to 0.97, and RMSE
from 362.64 m3/s to 123.53 m3/s (Table 3). Furthermore, the hydrograph driven by GSMaP-
NRT matched the observed one (Nash = 0.98), and the NRT-IF data improved the simulated
hydrograph further (Nash = 0.99). Similarly, as shown in Figure 12b, the discharges driven
by both GSMaP-NOW (Nash = 0.26) and GSMaP-NRT (Nash = 0.5) were underestimated due
to the underestimation of rainfall during the early hours of the May 2018 case (Figure 7b).
As expected, the discharges driven by the NRT-IF data (Nash = 0.93) were better than those
driven by the NOW-IF data (Nash = 0.87).
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Figure 12. Comparison of model-simulated hourly discharges with observation discharges at Putu-
paula gauging station from (a) 21 May to 9 June 2017 and (b) 18 May to 3 June 2018.

Table 3. Statistical metrics for the performance of the GSMaP products-derived discharge during
2017 and 2018 flood events.

Event Errors (Units)
Discharge Derived from GSMaP Products

NRT NRT-IF NOW NOW-IF

Nash–Sutcliffe Efficiency (-) 0.98 0.99 0.77 0.97
May 2017 RMSE (m3/s) 80.90 80.02 357.42 118.51

MBE (m3/s) −16.34 34.91 −226.88 −54.79

Nash–Sutcliffe Efficiency (-) 0.50 0.93 0.26 0.87
May 2018 RMSE (m3/s) 300.34 109.57 363.79 150.24

MBE (m3/s) −200.40 12.71 −245.47 −52.65

4.2.2. Inundation Extents Driven by the GSMaP Products

The maximum inundation depths (>1 m) driven by NRT-IF data were obtained from
WEB-RRI model simulations and compared with satellite (SAR)-derived inundation extents
for the May 2017 flood event. As shown in Figure 13a, the SAR data obtained on May 30,
2017 (~2 days after the peak flow) showed flood inundation mostly in the downstream
flat regions, whereas the model showed inundation covering wider regions, including
the upstream parts of the basins (Figure 13b), which were missed by the SAR data due
to a late over-pass time and a faster flood travel time. Therefore, the model inundation
information is useful for early warning and mitigation activities in the upstream regions.
The estimated fit index (FI) and correctness index (CI) between the SAR data and the
model-simulated inundation data were ~0.20 and ~0.64, respectively. Though there were
significant differences in the bias-corrected rainfall amounts and simulated discharges
between the NRT-IF and NOW-IF (not shown), the flood extent driven by the NOW-IF data
was very similar (FI = 0.20 and CI = 0.59) to the NRT-IF data due to the simulated peak
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discharges (~2000 m3/s), which were well above the danger level (~1400 m3/s), as shown
in Figure 12a.
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Figure 13. Comparison of flood inundation extents derived for the 2017 flood event in the Kalu River
basin: (a) SAR and (b) NRT-IF.

4.2.3. Hydrological Forecasts Driven by the Ensemble Rainfall Forecasts

Figure 14a–c compares the discharges driven by the rainfall forecasts with the ob-
servations at the Putupaula station for different forecasting times starting from 00 UTC
on 23 May, 24 May, and 25 May 2017, respectively. As shown in Figure 14a,b, the mean
discharges derived from the 23 and 24 May forecasts matched the observed discharges
well. Particularly, the mean flow forecasts on 24 May predicted the peak flow conditions
~1400 m3/s (above the minor level), and the ensemble members above the 75-percentile
predicted the peak discharges to be above 1500 m3/s. In the case of the discharge fore-
casting on 25 May (Figure 14c), the ensemble members below the 75th percentile failed to
predict the peak flow condition due to the underestimation of rainfall forecasts (Figure 10c).
Exceptionally, an ensemble member that forecast the peak rainfall in Figure 10c produced
peak discharges comparable to the observed peak and tendency, though it was an outlier.
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Figure 14. Comparison of model-simulated ensemble discharges with observation (m3/s) at the
Putupaula gauging station for each forecasting time starting from 00 UTC on (a) 23 May, (b) 24 May,
and (c) 25 May 2017.

In the case of the May 2018 flood, as depicted in Figure 15a,b, the ensemble mean
forecast matched the observed discharges well (Nash = ~0.8, RMSE = ~100 m3/s) since
the forecasted rainfall intensities and their timings matched the observations reasonably
well (Figure 11a,b). However, the mean flow forecast was overestimated on 20 May 2018
(Figure 15c) due to the overestimation of the mean rainfall forecast (Figure 11c). The time-
averaged spread of the ensemble forecasts ranges from 134 m3/s to 214 m3/s for these
flood events, as given in the same figures.
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5. Discussions

The results showed that the GSMaP data can detect heavy rainfall events very well,
but the intensities need to be adjusted using ground references to maximize their uti-
lization for real-time applications. Particularly, the GSMaP-NRT data outperformed the
GSMaP-NOW data in rainfall intensity and spatial distribution for both flood events, and
thus the former is suitable for near-real-time flood-related applications. Though GSMaP-
NOW is the preferred data source for real-time flood forecasting applications due to a
shorter latency time, its quality is lower compared to GSMaP-NRT because of the limited
microwave data availability and errors associated with extrapolation (which might have
resulted in the shift in the rainfall location) using a backward-and-forward morphing tech-
nique and a Kalman filter for estimating precipitation [26,53,54]. Further improvements
in the retrieval/interpolation techniques and incorporation of additional microwave data
from upcoming satellite missions (e.g., Aerosol and Cloud, Convection, and Precipita-
tion (ACCP)) [66] can enhance the performance of GSMaP-NOW products for real-time
flood applications.

Previous studies in different river basins have demonstrated the good performance
of GSMaP data in simulating peak river flow and inundation extents [67,68]. This study
also showed that the streamflow simulations driven by satellite rainfall products can be
used effectively for flood-related applications by combining them with limited real-time
ground observations. The reason for obtaining good Nash values for discharge simulations
(>0.9) in this study is the use of the WEB-RRI model, which eliminates model-related biases
originating from the estimation of evapotranspiration and soil moisture dynamics [48].
Moreover, this study also confirmed that bias-corrected GSMaP-NOW (not investigated in
the previous studies) and GSMaP-NRT data can be employed to prepare real-time rapid
inundation maps for better flood management in early warning, rescue, and mitigation.

This study showed that the mean flow forecasts for both the May 2017 and May
2018 cases predicted the tendency of future flooding conditions reasonably well, therefore
suggesting that these forecasts are useful for forecasting flood conditions with a reasonable
lead time. A few studies have investigated the performance of ensemble rainfall and
streamflow forecasts in selected flood events. Ushiyama et al. (2016) [69] found that the
ensemble forecasting system could predict the probability of flood occurrence, though there
were uncertainties in flood peaks and their timings. Sayama et al. (2020) [15] found that
the actual peak runoff could not be well forecasted due to the uncertainties in the storm
positions, and Magnusson et al. (2013) [70] pointed out that it was due to uncertainties
in the initial conditions, which were generated from limited data collected from many
parts of the world. Our experiments also identified two similar cases (i.e., a storm position
shift in the May 2017 flood event and a false alarm after the May 2018 flood event). In the
case of the May 2017 event, the storm position slightly shifted to the eastern side of the
basin (Figure 16(b1)) compared to the NRT-IF data (Figure 16(a1)). In the case of the May
2018 heavy rainfall false alarm (Figure 16(b2)), heavy rainfall was captured by satellite
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rainfall estimates but was ~100 km away from the basin, as in Figure 16(a2). A detailed
investigation will be performed in future studies.
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24 May 2018.

6. Conclusions

This research proposed a basin-scale IFIS and investigated the performance of its major
components by integrating multi-platform data from present-day ground and satellite
observation techniques and numerical models for the recent flood events (i.e., a historical
flood in May 2017 and a minor flood in May 2018) in the Kalu River basin, Sri Lanka.

The results of real-time and near-real-time GSMaP products revealed that both prod-
ucts deducted the heavy rainfall events well; however, GSMaP-NRT (4-h latency) out-
performed GSMaP-NOW (0-h latency), which underestimated heavy rainfall events and
showed a shift in the rainfall distribution that could be due to the interpolation of mi-
crowave data in unobserved regions by satellites within the shortest observation window.
The merging of real-time gauge data with GSMaP data significantly improved the perfor-
mance of both GSMaP products in rainfall intensity and distribution, flood event onset,
and peak discharge estimations. The ensemble forecasts showed that the alarming signals
of heavy rainfall were forecasted for both flood events, yet there were uncertainties in
the forecasted rainfall amounts, locations, and timings. The bias or mismatch in storm
positions was found to be a reason for the low performance of the rainfall forecasts. De-
spite significant uncertainties in the forecasted rainfall intensities and their timings, the
river discharges driven by those forecasts showed strong signals in predicting flood peaks.
Information on heavy rainfall, associated flood signals, and their possible range of proba-
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bilities from the system components is promising and helpful for flood-related activities in
developing countries.

The demonstrated prototype system is currently in test operation in the Kalu River
basin. Efforts are underway to develop and implement a similar system in other countries
through the International Flood Initiative (IFI) of the World Meteorological Organization
(WMO), and use this system for enhancing the capacity and technical knowledge of experts
and policy-makers and eventually contribute to the UN initiative of “Early Warning for All
within five years (2023–2027)”.
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