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Abstract— This study evaluated the performance of the Weather Research and Forecasting 
(WRF) model with Four-Dimensional Variational (4DVar) data assimilation using the 
Global Satellite Mapping of Precipitation (GSMaP_NOW). Several verification metrics, 
including the root mean square error (RMSE), bias Score, equitable threat score (ETS), -
fractional bias score (FBS), and fractional skill score (FSS) were employed in the 
assessment. The results demonstrated that 4DVar improved the accuracy of vertical 
velocity and specific humidity predictions at mid and upper levels, as well as the enhanced 
heavy rainfall forecasting. Spatially, 4DVar was able to increase specific humidity and 
vertical velocity in lowland areas, leading to higher rainfall in those regions. Future studies 
should investigate the assimilation of additional conventional and satellite observations to 
further enhance forecast accuracy. 
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1. Introduction 

The Maritime Continent (MC) is recognized as the region with the highest 
precipitation in the tropics, mainly due to its status as the area with the longest 
coastline in the world (Yamanaka, 2016). Extensive forests and mountainous 
terrains also significantly contribute to rainfall generation across the MC (Ruppert 
and Chen, 2020). This region's diurnal cycle over land is particularly pronounced 
(Argüeso et al., 2020). Differential solar heating across land and sea surfaces 
induces local pressure gradients that drive sea–land breeze circulations. These 
circulations, combined with orographic lifting and nocturnal downdrafts, 
constitute the area's primary mechanisms for rainfall formation (Qian, 2008). 
Positioned between the Pacific and Indian Oceans, the weather dynamics of the 
MC substantially influence the global climate system (Chen et al., 2023).  

Heavy precipitation in this region has multidimensional impacts, 
encompassing environmental, social, economic, and public health domains. 
Ecologically, extreme rainfall can disrupt ecosystem balance by triggering soil 
erosion, habitat degradation, and altered hydrological patterns that often result in 
flash floods (Trenberth, 2005; Li et al., 2019). In agriculture, intense rainfall damages 
crops and reduces yields, particularly for sensitive commodities such as maize, 
sugarcane, and turmeric, and increases the economic vulnerability of smallholder 
farmers (Guo and Chen, 2022; Muthiah et al., 2025). The socio-economic 
repercussions also extend to infrastructure and construction, where poor drainage 
systems and rainfall-induced landslides can lead to structural damage and disrupt 
essential public services  (Jiang and Tan, 2021). Rapid urbanization amplifies flood 
risks in urban areas by increasing surface runoff volume and shortening rainfall 
concentration time, thereby intensifying the likelihood of localized flooding (Huang 
et al., 2011; Sahoo et al., 2020). From a public health perspective, high precipitation 
is linked to rising waterborne diseases, such as diarrhea, particularly in communities 
lacking adequate sanitation infrastructure (Carlton et al., 2014). Irregular and intense 
rainfall events further affect food security and clean water supply, exacerbating 
social inequalities in disaster-prone regions. 

Rainfall forecasting in tropical regions presents greater challenges than in 
the subtropics, due to its lower accuracy (Haiden et al., 2012). This discrepancy 
stems from the complexity of tropical atmospheric systems and their connections 
to both local convection and large-scale equatorial waves, such as Convectively 
Coupled Equatorial Waves (CCEWs) and the Madden–Julian Oscillation (MJO), 
which remain difficult to represent accurately in numerical weather prediction 
(NWP) models (Zhu et al., 2014; Gehne et al., 2022). Nevertheless, the tropics 
exhibit longer predictability horizons, attributed to the dominant role of equatorial 
waves, which help prolong forecast skill and are more resilient to error growth 
than baroclinic disturbances in mid-latitudes (Judt, 2020). Additionally, NWP 
forecasts in the tropics rely heavily on convective parameterization, which 
introduces further uncertainty (Selz and Craig, 2015). 
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The Four-Dimensional Variational Data Assimilation (4DVar) method has 
enhanced precipitation forecast accuracy for up to 10 days ahead (Lopez, 2013). 
4DVar enables the assimilation of multitemporal observations, consistent with the 
model dynamics, leading to more realistic atmospheric state estimations (Tiwari 
and Kumar, 2022). The longer the observational period assimilated, the greater 
the increase in the forecast accuracy (Trémolet, 2006).  

Numerous studies have explored the integration of 4DVar with remote 
sensing. Some researchers have assimilated radar data into models (Ban et al., 
2017; Tai et al., 2020; Thiruvengadam et al., 2020; Syafitri and Sari, 2021), while 
others have focused on satellite data (Lin et al., 2017; Pan et al., 2017; Yi et al., 
2018; Wu et al., 2020; Zhang et al., 2020; Gopalakrishnan and Chandrasekar, 
2022; Vourlioti et al., 2022; Wang et al., 2023; Ren et al., 2024; Patel et al., 2025). 
Radar-based rainfall estimation is more reliable than satellite data (Jiang et al., 
2019) and provides higher resolution (Tesfagiorgis et al., 2011). However, 
weather radar systems are limited in terms of coverage area. For regions not 
covered by radar, the assimilation of satellite data provides an alternative to 
improve forecast accuracy. One such product is GSMaP, which offers a latency 
of approximately one hour, faster than the IMERG product of NOAA (P. Neeck 
and Oki, 2018). While the assimilation of GSMaP data into NWP models for 
precipitation forecasting has been limited, Kumar et al. (2014) are among the few 
to investigate the impact of assimilating GSMaP rainfall data using WRF 4DVar.  

This study aims to assess the impact of assimilating GSMaP data with WRF 
4DVar on forecasting heavy rainfall in the MC. This research will focus on central 
Sulawesi, located in the heart of the MC. The study will consider six heavy rainfall 
events resulting in flooding and landslides, causing loss of life and material 
damage (BNPB, 2024). These six events occurred on July 12, 2020; October 3, 
2021; October 29, 2021; October 18, 2022; May 16, 2023; and May 2, 2024. 

2. Materials and methods 

As the primary reference for this study, we use 139 rainfall gauges operated by 
the Indonesian Agency for Meteorology, Climatology and Geophysics (BMKG), 
symbolized as a black circle in Fig. 1. Weather station measurements serve as the 
primary source of rainfall observations over land (Barlow et al., 2019). The FNL 
(Final Analysis) data are provided by the NOAA (UCAR, 2015a). It is used as the 
spin-up time data for the WRF-ARW model for 12 hours. Additionally, we utilize 
the GFS (Global Forecast System) from NOAA (UCAR, 2015b) as the boundary 
condition forecast. For the assimilated data, we employ Global Satellite Mapping 
of Precipitation NOW (GSMaP_NOW), which is accumulated every 6 hours. 

In Fig. 1, the study area is central Sulawesi, marked with a red line. Domain 
1 of WRF covers most of Sulawesi, with spatial and temporal output resolutions 
of 10 km and 3 hours, respectively, illustrated as a purple box. Domain 2 



138 

encompasses the study area with spatial and temporal output resolutions of 2 km 
and 1 hour, respectively, marked with a black box. The vertical levels for both 
domains are set to 34, which aligns with the vertical levels of the GFS. 

 
 

 
Fig. 1. WRF-ARW domain 1 (purple box), domain 2 (black box), study area (red line), and rain 
gauges (black circles) 
 
 
For this study, we employ tropical-specific physical parameterizations 

(Table 1), which include the WRF Single Moment 6-Class (WSM6) microphysics 
scheme, the more recent Tiedtke scheme for cumulus convection, the Rapid 
Radiative Transfer Model for Global Circulation Models (RRTMG) for both 
shortwave and longwave radiations, and the Yonsei University (YSU) scheme for 
the planetary boundary layer. Notably, the WSM6 scheme includes graupel 
production in the microphysical process (Hong and Lim, 2006), distinguishing it 
from the WSM5 scheme (Lim and Hong, 2005). The more recent Tiedtke scheme 
calculates cloud and ice mixing ratios, momentum tendencies, and shallow 
convection (Skamarock et al., 2019). This scheme has been shown to capture the 
fundamental characteristics of the marine boundary layer structure and low clouds 
(Zhang et al., 2011) and provide improved diurnal precipitation simulations (Sun 
and Bi, 2019). Additionally, the RRTMG scheme offers more accurate radiation 
forcing results, especially for high-resolution computations (Iacono et al., 2008). 

 

            Table 1. WRF-ARW configuration for domain 1 and domain 2 
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Configuration Domain 1 Domain 2 
Temporal resolution 3 h 1 h 
Spatial resolution 10 km 2 km 
Vertical level 34 34 
Parameterization Tropical Tropical, Cu=0 

 
The WRF model is run for non-assimilation (NONDA) and 4DVar 

assimilation (DA) scenarios. NONDA uses FNL data at 12 UTC and 18 UTC for 
a 12-hour spin-up time, followed by forecasts up to t+24 hours. In contrast, DA 
assimilates 3-hour accumulated GSMaP data at 18 UTC and 00 UTC, with 
assimilation performed within Domain 1 (Fig. 2). 
 

 
         Fig. 2. Timeline of WRF. 

 
Several WRF output variables will be analyzed, including precipitation, 

specific humidity, temperature, and wind. Precipitation is the sum of non-
convective rainfall (RAINNC) and shallow cumulus rainfall (RAINSH). Specific 
humidity (Q) is calculated from the water vapor mixing ratio (r) using the formula 
(Stull, 2020): 

  𝑄𝑄 = 𝑟𝑟
1+𝑟𝑟

 (1) 
 

The DA and NONDA model forecasts will be evaluated against ERA5 
reanalysis data for specific humidity, temperature, and vertical velocity using the root 
mean square error (RMSE) metric. ERA5 is used as the reference because in-situ 
sounding observations are unavailable in the study area, and several researchers – 
such as Kumar et al. (2014), Xie et al. (2018), and Zheng et al.(2023) – have 
employed ERA5 in similar contexts. RMSE measures the average error between the 
predicted values from the model and the actual observed values (James et al., 2013). 
For assessing the accuracy and bias of the rainfall forecasts, DA and NONDA rainfall 
predictions will be tested against the rain gauge data using the bias score (Hayashi et 
al., 2008; Gao et al., 2021; Syafitri and Sari, 2021) and equitable threat score (ETS) 
(Hayashi et al., 2008; Mohanty et al., 2012; Kumar et al., 2014; Wu et al., 2020; 
Rakesh and Kutty, 2021; Wang et al., 2023). Rainfall evaluation will also use nine 
surrounding grids with the fractional bias score (FBS) and fractional skill score (FSS) 
methods (Ban et al., 2017; Wu et al., 2020; Wang et al., 2023). FBS and FSS are 
used to quantitatively assess the spatial skill of rainfall forecasts, particularly when 
differences between experiments are not visually distinct (Roberts and Lean, 2008). 
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3. Results and discussion 

3.1. Observation analysis 

On October 18, 2022 (Fig. 3d) and May 2, 2024 (Fig. 3f), the maximum rainfall 
occurred in the mountainous regions, as indicated by the black 500 m elevation 
contours. The maximum rainfall was observed in the lowlands on other dates 
(Figs. 3a-c and 3e). The maximum rainfall is localized, with no significant rainfall 
observed in the surrounding areas, except on July 12, 2020 (Fig. 3a). This 
highlights the necessity of high-resolution models to accurately predict the spatial 
distribution of rainfall. Furthermore, extreme rainfall in these lowland areas could 
not be adequately simulated using only the WRF NONDA model in the study by 
Yulihastin et al. (2021). 
 
 
 

 
Fig. 3. 24-hour rainfall accumulation of gauges for six heavy rainfall events. The red circles are 
maximum rainfall locations. The black lines represent the 500 m elevation contours, and the 
light brown shaded area denotes the island of Sulawesi. 
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3.2. Specific humidity, temperature, and vertical velocity 

Fig. 4 displays the RMSE of DA and NONDA against ERA5. The RMSE of 
specific humidity for DA is larger than that of NONDA in the low level at 00 UTC 
and 06 UTC. In comparison, the RMSE of specific humidity for DA is smaller in 
the middle and upper layers between 06 UTC and 18 UTC (Fig. 4a). In the middle 
layer at 00 UTC (Fig. 4b), the RMSE of temperature for DA is also higher than 
for NONDA. In contrast, Fig. 4c shows that the RMSE of vertical velocity for DA 
is smaller than NONDA in the low level at 06 UTC and in the middle and upper 
layers at 12 UTC. The decrease in RMSE of specific humidity in the low level 
and the increase in RMSE of temperature in the middle layer for DA compared to 
NONDA are also simulated in the study by (Xie et al., 2018), which used 3DVar 
assimilation of AMSU-A and MHS radiation. Additionally, DA rainfall 
assimilation reduces the RMSE of specific humidity when compared to 
conventional observation assimilation at the 1000 hPa layer (Wang et al., 2023). 
 
 

 
Fig. 4. RMSE DA and NONDA against ERA5 for (a) specific humidity, (b) temperature, and  

(c) vertical velocity. 
 

 
In the time section of Fig. 5a, the specific humidity (Q) for DA reaches its 

maximum between 06 UTC and 08 UTC, with values approaching 16 g/kg, which 
is lower than NONDA. The Q for DA in the low to mid-levels (1–5 km) becomes 
larger after 12 UTC, which is consistent with the findings of Pan et al. (2022). At 
mid to upper levels (6–9 km), the Q in DA is higher than in NONDA from 01 to 
07 UTC, but then becomes lower starting at 08 UTC.  

The temperature (T) at the low level for DA shows slight temporal variation 
(Fig. 5b), as the diurnal temperature variation in the tropics is much smaller than 
in the subtropics (Riehl, 1979). At low levels (1–4 km), the T of DA is only higher 
than NONDA between 00 UTC and 03 UTC, after which it becomes lower. At 
mid-levels (4–7 km), the T of DA exceeds that of NONDA starting from 06 UTC, 
although the difference remains small. At upper levels (9–12 km), the T of DA is 
higher than NONDA between 01 and 05 UTC. 
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In Fig. 5c, the vertical velocity (W) in the low level for DA is positive starting 
from 00 UTC and extends to the upper layers by 06 UTC. This upward motion 
weakens after 12 UTC. Compared to NONDA, positive changes are observed in 
the middle and upper layers, especially at 07 UTC and 09–14 UTC. In contrast, at 
the low level, the W for DA is lower than for NONDA, except at 07 UTC when 
the W of DA exceeds that of NONDA. Mohanty et al. (2012), Narasimha Rao et 
al. (2020), and Pan et al. (2022) also observed an increase in vertical velocity 
values.     

 
 

 
Fig. 5. Time–height section of the DA composite (shading) and DA–NONDA difference 
(contours) for (a) specific humidity, (b) temperature, (c) vertical velocity, and (d) rainwater 
mixing ratio. Solid contours are for positive values and dashed contours are for negative values.  
 
 
Fig. 5d shows that the rainwater mixing ratio (QRAIN) reaches its maximum 

between 07 and 11 UTC, with values confined below 4 km altitude. This peak in 
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QRAIN occurs prior to the maximum Q and coincides with the maximum W. The 
observed lag time reflects the process of water vapor converting into raindrops. 
The coincidence indicates the direct influence of strong vertical velocity on 
QRAIN. Compared to NONDA, QRAIN in the DA experiment is higher between 
10 and 14 UTC, coinciding with enhanced W at mid and upper levels. 

At the low level, ∆Q is generally negative at 00 and 06 UTC (Fig. 6a-b), 
except for some areas in the mountainous region where it becomes positive at 06 
UTC. The most significant increase in Q for DA occurs in the western region, 
covering both the lowlands and mountainous areas at 12 UTC (Fig. 6c), and is 
limited to the mountainous areas at 18 UTC (Fig. 6d). The increase in T of DA is 
mostly concentrated over mountainous regions at 00 UTC (Fig. 6e), but becomes 
negative at 06 UTC (Fig. 6f). The reduction in ∆T at 12 UTC intensifies due to 
evaporative cooling caused by rainfall (Fig. 6g–h). Although the general pattern 
of ∆W is negative, the spatial distribution of ∆W shows positive values in the 
mountains at 06 UTC (Fig. 6j) and in the lowlands at 12 UTC (Fig. 6k). No 
significant changes in W are observed at 00 UTC (Fig. 6i) and 18 UTC (Fig. 6l). 
Xiong et al. (2020) also observed the same general pattern, where topography 
influences the assimilation in WRF. 
 
 

 
Fig. 6. Composite of DA–NONDA differences at low levels for (a–d) specific humidity, (e–h) 
temperature, and (i–l) vertical velocity. Contours represent elevations at 500 m. 
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3.3. Rainfall 

Fig. 7a shows that DA and NONDA predict rainfall as underestimated, with a 
bias score of less than 1. DA predicts higher rainfall than NONDA in 10–40 mm, 
80 mm, and 130–140 mm, while it predicts lower rainfall in 50 mm, 100 mm, and 
120 mm. The ETS for both DA and NONDA is generally very small, with 
accuracy improvements in 20-30 mm and 60-80 mm, and DA being worse in the 
40-50 mm (Fig. 7b). Although the ETS for DA is small, similar to the smaller 
rainfall ETS in tropical regions compared to subtropical areas (Hayashi et al., 
2008), DA generally improves the prediction of heavy rainfall, as found in the 
research by Dhanya and Chandrasekar using WRF 3DVar (Dhanya and 
Chandrasekar, 2016). 

Considering nearby grids, the FBS for DA is less than 1, indicating that the 
predicted rainfall for DA is lower than the observed rainfall. The FBS for DA is 
lower than for NONDA in the 60-80 mm rainfall range, but higher in the 10-40 
mm range (Fig. 7c). In Fig. 7d, the FSS for DA is greater than 0.6 only up to the 
20 mm threshold. The FSS for DA is smaller than for NONDA in the 10-40 mm 
rainfall range, but larger in the 60-80 mm rainfall range. 

 
 
 

 
Fig. 7. Daily rainfall verification scores at several thresholds: (a) bias score, (b) equitable threat 
score, (c) fractional bias store, and (d) fractional skill score. 
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Fig. 8 shows that the mean rainfall predicted over the study area by the DA 

model exceeds that of the NONDA model during the spin-up period. This suggests 
a significant impact of satellite rainfall assimilation in the initial hours post-
analysis. The forecasted rainfall in DA peaks more gradually than in NONDA, 
leading to a negative DA-NONDA difference until 09 UTC, after which it 
becomes positive. Both models exhibit the same start and end times for rainfall. 
Since the values represent spatial averages over the study area, slight differences 
in DA–NONDA rainfall may correspond to substantial discrepancies at localized 
scales. 

 
 

 
Fig. 8. Composite of area-averaged diurnal rainfall of DA and NONDA.  

 
 

At 00 UTC, rainfall in both DA (Fig. 9a) and NONDA (Fig. 9e) remains 
below 1 mm/h. By 06 UTC, rainfall in DA (Fig. 9b) and NONDA (Fig. 9f) is 
concentrated over the mountainous regions. At 12 UTC, rainfall in both models 
(Fig. 9c and Fig. 9g) extends across the entire study area, including the lowlands 
and mountains. DA predicts greater rainfall in the lowlands at 12 UTC (Fig. 9k) 
compared to NONDA. This enhancement is attributed to increased Q and stronger 
W in the lowlands. By 18 UTC, rainfall diminishes sharply in both DA (Fig. 9d) 
and NONDA (Fig. 9h). This diurnal rainfall pattern aligns with typical conditions 
observed in the MC, as Sakaeda et al. (2020) and Cui and Pu (2023) reported. 
The improved lowland rainfall prediction by the DA experiment demonstrates the 
effectiveness of GSMaP assimilation in enhancing model performance, 
particularly in regions often underestimated in NONDA runs. This result 
highlights the potential of GSMaP assimilation as a reliable alternative to weather 
radar assimilation, which has already been shown to improve forecast accuracy 
(Ban et al., 2017; Tai et al., 2020; Thiruvengadam et al., 2020; Syafitri and Sari, 
2021). Furthermore, GSMaP assimilation offers a practical solution for areas 
lacking radar coverage, making it especially valuable for operational forecasting 
in data-sparse regions. 
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Fig. 9. Rainfall composite of DA (a-d), NONDA (e-h), and DA-NONDA (i-l). Contours 
represent elevations at 500 m. 

 
 
 

4. Conclusions 

This study examines the performance of WRF 4DVAR with GSMaP rainfall 
assimilation compared to a non-assimilated WRF at a 2 km resolution in 
forecasting six heavy rainfall events that led to floods and landslides in the 
Maritime Continent. The findings indicate that DA improves the accuracy of 
vertical velocity and specific humidity predictions, particularly in the middle and 
upper atmospheric layers. DA shows lower specific humidity values at lower 
levels and higher values at mid-to-upper levels. While temperature differences 
between DA and NONDA are minimal, DA slightly increases temperatures at mid 
and upper levels and exhibits more pronounced upward vertical velocity at these 
levels. DA predicts higher rainwater mixing ratios, which correspond to higher 
vertical velocity. Additionally, DA improves the accuracy of heavy rainfall 
predictions, enhancing rainfall forecasting, particularly in lowland regions, in line 
with the specific humidity and vertical velocity patterns. 
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