










  

 
Fig. 5.   Mean gridded rainfall by subbasin. 

 
Table 1.  Performance comparison between 1, 2, 3-h nowcast of mean areal basin rainfall with the actual recorded value for Langat River basin, 17th. 

December 2021 

 
One obvious benefit of radar data over point gauge rainfall 

is the ability to see the spatial distribution of rainfall over the 
catchment on radar displays. As evident from the radar 
displays, the epicenters of the storm during the December 17, 

2021, floods were the lower basin in Kuala Langat and 
Sepang, which were severely impacted [45]. The nowcast 
from the RaINS data can provide an early estimate of the 
upcoming disaster but may not correctly quantify the specific 

Time Mean Areal 
Radar QPE (mm) 

1-h 
Nowcast 

Relative Error 
(%) 

2-h 
Nowcast 

Relative Error 
(%) 

3-h 
Nowcast 

Relative Error 
(%) 

1800 15.5 4.7 69.8 1.9 87.9 2.7 82.4 
1900 14.0 15.4 10.5 7.8 44.2 3.6 74.3 
2000 14.3 14.4 0.3 13.4 6.0 13.5 5.4 

3-hour nowcast to 2000 
(QPN = 13.53 mm)  

2-hour nowcast to 2000 
(QPN = 13.44 mm)  

Actual time at 2000  
(QPE = 14.30 mm)  

1-hour nowcast to 2000 
 (QPN = 14.35 mm)  

Actual time at 1900  
(QPE = 13.95 mm)  

1-hour nowcast to 1900 
 (QPN = 15.42 mm)  

2-hour nowcast to 1900 
(QPN = 7.79 mm)  

3-hour nowcast to 1900 
(QPN = 3.85 mm)  

Actual time at 1800  
(QPE = 15.50 mm)  

1-hour nowcast to 1800 
 (QPN = 4.68 mm)  

2-hour nowcast to 1800 
(QPN = 1.88 mm)  

3-hour nowcast to 1800 
(QPN = 2.73 mm)  
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location and amount of precipitation.   

A. RaINS QPN Input to HEC-HMS Model Catchment 
The data were imported into HEC-HMS after being pre-

processed in ArcMap using the HEC-GeoHMS extension. Fig. 
6 (a) presents an illustration of the sub-basins, reaches, and 
junctions that can be discovered within the research region. 
The Soil Conservation Service (SCS) CN approach was 
utilized in this study to calculate infiltration losses. The CN 
was calculated based on the LULC class and soil type. Fig. 6 
(b) shows a spatial representation of the CN grid, indicating 
that the basin’s CN value spanned from 58 to 98. Besides, the 
SCS approach known as unit hydrograph (UH) was utilized 
in order to convert excessive precipitation into runoff. 
Calibration of the model’s parameters was accomplished by 
trial and error. The sensitivity analysis was being carried out 
to identify the most sensitive parameter. It was discovered 
that while flood travelling time (k) was more insensitive, Tlag 
and CN were more sensitive. Changes were made to the range 
values of each parameter, which varied from +10% to -10%, 
and this adjustment is considered being acceptable [46]. 

The efficiency of the model was assessed by comparing 
observed streamflow to model-simulated values using 
statistical evaluation criteria such as Nash–Sutcliffe 
efficiency (NSE) and root mean square error-standard 
deviation ratio (RSR). 

As shown in Table 2, following optimization by using the 

objective function root mean square error, better results were 
found between the simulated and actual values based on the 
Nash-Sutcliffe Efficiency (NSE) criteria. The model 
performed satisfactorily, with an NSE value of 0.77 for rain 
gauge estimation and 0.78 for RaINS QPE.  In this case study, 
the RaINS QPN of the 1-hour nowcast was more precise, as 
the NSE value was 0.82 compared to the 2-h nowcast (0.09) 
and 3-h nowcast (-0.14). According to Moriasi et al. [47], if 
the Nash-Sutcliffe efficiency of the model simulation is more 
than 0.5, it is considered satisfactory; if it is more than 0.65, 
it is considered good; and if it is more than 0.75, it is 
considered very good. An NSE value of 1 represents a model 
that predicts perfectly.  
 

                (a)                                                          (b) 

Fig. 6. (a) HEC-HMS sub-basins schematic diagram, (b) CN value grid 
map. 

 
Table 2. Simulation and performance result after model calibration  

Total volume (per area) (mm)  Peak discharge (m3/s) NSE RSR  
Simulated Observed RE Simulated Observed RE 

  

Rain gauge 85.6 92.8 7.2 666.4 643.2 -23.2 0.77 0.5 
Current Time (radar QPE)  73.9 92.8 18.9 619.7 643.2 23.5 0.78 0.5 
1 h _nowcast 74.9 92.8 17.9 632.9 643.2 10.3 0.82 0.4 
2 h _nowcast 44.1 92.8 48.7 422.3 643.2 220.9 0.09 1.0 
3 h _nowcast 38.0 92.8 54.8 327.7 643.2 315.5 -0.14 1.1 

RE: relative error; NSE: Sutcliffe Efficiency; RSR: Root mean square error-standard deviation ratio 
  

 
(a)                                                                                                             (b) 

 
(c)                                                                                                          (d) 
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(e) 

Fig. 7.  Simulated and observed hydrographs output from HEC-HMS using rainfall input from (a) gauge rainfall (b) radar current time (QPE) (c) 1h radar 
QPN (d) 2h radar QPN (e) 3h nowcast radar QPN. 

 
In addition, the simulation performance of RaINS QPN for 

a 1-hour nowcast was somewhat better than RaINS QPE 
when measured by the ratio of the standard deviation of 
observations to the root mean square error (RSR) value. 
According to Bárdossy & Pegram [48], the model can be 
deemed suitable if RSR is less than 0.7. 

Fig. 7 demonstrates the simulated outputs from the 
calibration for rain gauge data, RaINS QPE, and QPN, 
respectively. The blue line represents the streamflow data 
obtained at the Dengkil station, while the red line represents 
the flow that the model generated. In each rainfall estimation, 
the hydrograph shape was accurately reproduced in the model 
output. Specifically, the shape of the hydrograph and its peak 
time matched well. The runoff simulation by rain gauge 
shows the computed volume was 85.6 mm, which was 
underestimated to the observed volume (92.8 mm) with a 
relative error of 7.2%, as depicted in Fig. 7(a). It can also be 
seen that the observed peak discharge on December 18, 2021, 
was slightly underestimated compared to the computed peak 
discharge. Besides, Fig. 7(b) shows the computed volume 
discharged by RaINS QPE (73.9 mm) resulted in a slightly 
lower volume than the observed volume (92.8 mm). The peak 
discharge that was simulated (619.7 mm3/s) on December 18, 
2021, was underestimated compared to the observed peak 
discharge (643.2 mm3/s), with a relative error of 23.5%. 

Fig. 7(c)–(e) illustrates the rainfall-runoff simulation result 
for RaINS QPN. As can be seen in the figures, the 1-h 
nowcast simulated hydrograph captured the observed data 
more precisely than the 2- and 3-h nowcast model outputs. 
Nevertheless, these three models adhere to the observed 
patterns. These simulated hydrographs showed that this HEC-
HMS model successfully captured the peak discharge by 
considering the distributed-mode spatial variability of 
meteorological factors. The runoff volume simulated using 
the nowcast data showed less value, though the patterns were 
approximately similar.   

The study showed that the QPN derived from the RaINS 
data, which blends NWP and radar advection, requires further 
enhancement, especially in radar advection skills during 
intense rainfall events, as seen in the case study. Although the 
NWP-based QPF data performed better than radar-based 
extrapolation methods over longer time scales, they were 
sensitive to the initial condition, spatial resolution, and 
assimilation data, thus lacking in prediction skill in the first 
short-term [49–51]. Extrapolating radar data can add extra 
lead time in short-term flood forecasting; however, the 

predictive accuracy of radar-based extrapolation decreases 
within the first several hours of severe weather development 
[49]. This study indicated that the QPN performed very well 
spatially and temporally during the first hour of the nowcast 
but became less accurate afterwards.  Further research is 
needed to improve the radar advection’s extrapolation 
abilities when blended with the NWP. 

V. CONCLUSION 
This paper describes the application of RaINS to produce 

3h, 2h, and 1h calibrated Quantitative Precipitation Nowcasts 
(QPN). The calibration of the QPN was performed using the 
mean field bias correction technique with regionalization of 
the adjustment factor.  It was found that the calibrated QPN 
generated from the RaINS data can offer an initial prediction 
of an impending flood disaster, but it may not accurately 
determine the precise location and quantity of precipitation. 
Next, the QPN values were used as input to the HEC-HMS 
basin model to simulate an extreme flood event over the 
Langat River basin, Malaysia.  The study introduced a novel 
method for integrating the radar QPN data with the HEC-
HMS model as mean gridded pixel sub-basin values. The 
simulation results indicate that radar QPE from RaINS 
performed slightly better than the rain gauge value in 
simulating the flood.  However, the nowcast data may require 
further enhancement to achieve accuracy comparable to that 
of the QPE data.  The nowcast data, however, can offer an 
early approximation of the looming flood catastrophe. The 
integrated system offers a significant improvement to the 
flood nowcasting system in Malaysia and is adaptable to other 
regions. 
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