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Abstract: Flooding is a recurrent hydrometeorological hazard that occurs when 
rainfall intensity exceeds river channel capacity within a watershed. In the Lombok 
River Basin, limited rain-gauge density hampers the detection of localized high-
intensity rainfall that can trigger flood events. This study develops a satellite-based 
rainfall estimation model using Himawari-8 infrared Cloud Top Temperature (CTT) 
integrated with surface atmospheric parameters, including relative humidity (RH), 
zonal and meridional wind components (u and v), and surface air pressure (P). 
Hourly rainfall observations from 15 rain gauges were used for site-specific 
calibration during two major flood events (6 December 2021 and 17 June 2022). A 
local nonlinear exponential regression model was fitted for each station using the 
Non-Linear Least Squares (NLLS) method, and model performance was evaluated 
using R², Nash–Sutcliffe Efficiency (NSE), RMSE, and RSR. Results indicate that 
thermodynamic predictors, particularly CTT and RH, provide the strongest empirical 
relationships with rainfall variability, while wind components contribute weaker at 
the statistical level. Overall performance varied spatially across stations, reflecting 
local terrain and microclimate effects. The proposed framework supports improved 
rainfall characterization in tropical island basins and can be adapted to other regions 
with appropriate local calibration. 
 
Keywords: Cloud top temperature; Flooding; Himawari-8; Lombok river basin; 
Nonlinear regression; Rainfall estimation 

  
 

Introduction  
 

Flooding is a recurrent hydrometeorological 
disaster triggered primarily by excessive rainfall that 
exceeds the discharge capacity of river channels within 
a watershed. Such events can cause significant damage 
to lives and property, particularly in catchments lacking 
adequate flood monitoring and management systems 
(Huang & Chen, 2024). In highly localized rainfall 
regimes, such as those commonly observed in tropical 
and monsoonal regions, flood occurrence is further 
complicated by interactions between intense rainfall, 
upstream inflow, and downstream boundary conditions 
(Meliani et al., 2025). These combined factors increase 
flood risk beyond what would be expected from rainfall 
intensity alone, highlighting the importance of accurate 

rainfall monitoring and short-term forecasting in 
watershed management. 

In hydrology, a watershed constitutes the primary 
hydrological unit where precipitation, surface runoff, 
subsurface flow, and groundwater processes interact 
across spatial and temporal scales (Yu & Duffy, 2018), 
thereby serving as the fundamental basis for 
hydrological analysis and water resources management. 
Therefore, reliable representation of rainfall variability 
in both space and time is fundamental for hydrological 
modeling and flood risk assessment at the watershed 
scale. 

Rainfall data observed by rain gauges is usually 
taken as a key input for hydrological analysis. However, 
due to the thin distribution along with a small number 
of rain gauges fails to represent actual spatial rainfall 
variation. Especially for island and complex terrain 
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region (Vladu, 2006). Estimation of the rainfall amount 
and hydrologic response of rivers may become 
inconsistent under such a situation, leading to less 
confidence in flood discharge analysis. 

Rainfall observations from ground-based rain 
gauges are traditionally used as primary inputs for 
hydrological analysis and flood modeling. However, 
limited station density and uneven spatial distribution 
often fail to adequately represent the true spatial 
variability of rainfall, particularly in mountainous and 
complex terrain environments (Ciach & Krajewski, 1999; 
Buytaert et al., 2006). Sparse rain gauge networks may 
lead to significant sampling errors in areal rainfall 
estimation and may not effectively capture localized 
convective events (Habib et al., 2001; Ochoa-Rodríguez 
et al., 2015). In tropical and island regions, rainfall 
variability is further influenced by orographic effects 
and localized atmospheric processes, increasing 
measurement uncertainty (Kidd & Levizzani, 2011). 
Consequently, uncertainties in rainfall inputs can 
propagate into hydrological simulations, resulting in 
inconsistent runoff estimation and reduced reliability of 
flood discharge analysis (Bitew & Gebremichael, 2011; 
McMillan et al., 2012). 

To address the spatial limitations of point-based 
rainfall observations, satellite remote sensing provides a 
complementary source of spatially continuous rainfall 
information (Kidd & Huffman, 2011; Levizzani & 
Cattani, 2019). The Himawari-8 geostationary satellite 
offers high-temporal-resolution infrared observations of 
Cloud Top Temperature (CTT), which are widely used 
to detect deep convective systems associated with heavy 
rainfall (Bessho et al., 2016; Scofield & Kuligowski, 2003). 
However, the relationship between CTT and surface 
rainfall is inherently nonlinear, as rainfall intensity 
depends not only on cloud-top temperature but also on 
thermodynamic conditions and atmospheric dynamics 
within the vertical column (Houze, 2014; Vicente et al., 
1998). Deep convective clouds are generally 
characterized by low CTT values, yet surface rainfall is 
further modulated by moisture availability, atmospheric 
stability, and wind-driven moisture transport. 
Therefore, incorporating additional atmospheric 
parameters such as relative humidity, surface pressure, 
and wind components can enhance the accuracy of 
infrared-based rainfall retrieval, particularly in tropical 
island environments where convective processes are 
highly localized (Kidd & Levizzani, 2011; Tapiador et al., 
2012). 

There have been numerous studies on satellite-
based rainfall estimation at global and regional scales 
(Ayasha, 2020; Kidd & Huffman, 2011). However, many 
of these approaches rely on generalized 
parameterizations that may not adequately represent 

localized atmospheric–rainfall relationships in small, 
topographically complex basins. In tropical island 
environments such as the Lombok River Basin, 
convective processes and orographic influences can vary 
significantly over short distances, requiring localized 
calibration. Addressing this gap, the present study 
develops a site-specific nonlinear rainfall estimation 
model by establishing empirical relationships between 
Himawari-8 Cloud Top Temperature (CTT), selected 
atmospheric parameters, and observed rainfall data 
within the Lombok River Basin. 
 

Method 
 

This study was conducted in the Lombok River 
Basin (Figure 1), West Nusa Tenggara Province, 
Indonesia, a tropical island environment characterized 
by complex atmospheric dynamics and localized 
convective rainfall influenced by orographic effects. 
Tropical island regions are known for strong spatial 
rainfall variability due to interactions between large-
scale circulation, local convection, and topography 
(Houze, 2014; Qian, 2008). The basin is also characterized 
by a relatively sparse rainfall observation network, 
which may limit accurate representation of high-
intensity rainfall events. 

For the development and calibration of the rainfall 
estimation model, continuous hourly rainfall data from 
15 Automatic Weather Stations (AWS/ARR) distributed 
across the basin were used. Two significant flood 
events—6 December 2021 and 17 June 2022—were 
selected as representative cases for model calibration 
and validation. Event-based modeling is commonly 
adopted in hydrological studies to evaluate model 
stability under extreme rainfall conditions and peak 
discharge responses (Moriasi et al., 2007; McMillan et al., 
2012). 

In the Indonesian context, rainfall variability is 
strongly influenced by the interaction between 
monsoonal circulation, the Madden–Julian Oscillation 
(MJO), and complex island topography, which often 
leads to localized extreme rainfall events (Aldrian & 
Susanto, 2003; Hidayat & Kizu, 2010). Studies in various 
Indonesian watersheds have highlighted that limited 
rain gauge density in mountainous and island regions 
can reduce the reliability of flood monitoring and 
hydrological simulations, particularly during short-
duration high-intensity storms (Hermawan et al., 2019). 
Given Lombok’s steep terrain and maritime location, 
these atmospheric and topographic interactions are 
expected to contribute to significant spatial rainfall 
heterogeneity, reinforcing the need for improved rainfall 
estimation approaches. 
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Figure 1. Lombok river basin 

 
Data Types 

This study utilized both spatial and non-spatial 
datasets to develop and validate the satellite-based 
rainfall estimation model in the Lombok River Basin. 
The datasets consisted of: Hourly rainfall observations 
were collected from all rain gauge stations (AWS/ARR 
and manual) distributed across the Lombok River Basin 
(WS Lombok); Satellite weather data (Himawari-8 
Infrared Enhanced imagery to derive Cloud Top 
Temperature in 10‐min time resolution; Atmospheric 
parameter datasets such as relative humidity (RH), 
surface air pressure, wind speed, and wind direction 
that reflect the behavior of atmospheric during rainfall 
events; and Data from the flood event to set parameters 
of analysis, i.e., December 6 in 2021 and June 17 in 2022. 
 
Data Collection Method 

Rainfall was registered with all functioning rain 
gauges in the Lombok River Basin and passed through 
quality control to ensure temporal consistency. The 
satellite data from Himawari-8 were obtained at the 
flood periods and processed to get CTT values. 

For each rain gauge, a 25 km² Area of Interest (AOI) 
was defined around the station coordinates based on 
spatial representativeness criteria for small island 
environments (Linsley et al., 1986). CTT and 
atmospheric parameters were averaged within this AOI 
to reduce pixel-level noise and mitigate spatial 
mismatch between satellite-derived cloud-top 
observations and point-based rainfall measurements, 
including cloud displacement and parallax effects 

inherent to geostationary infrared imagery. This 
approach provides a neighborhood-scale atmospheric 
representation rather than relying on a single pixel.  
However, such averaging may partially smooth 
localized convective signals, particularly in complex 
mountainous terrain, potentially affecting model 
sensitivity at finer spatial scales. 

Wind speed and direction were transformed into 
zonal (u) and meridional (v) components following 
standard meteorological convention, in which wind 
direction represents the direction from which the wind 
originates (Brattich et al., 2020). The transformation was 
computed as: 

𝑢 = −𝑉𝑠𝑖𝑛(𝜃) (1) 

𝑣 = −𝑉𝑐𝑜𝑠(𝜃) (2) 

Where V is wind speed and 𝜃 is wind direction in 
degrees measured clockwise from true north. In this 
convention, positive 𝑢values indicate eastward flow and 
positive 𝑣values indicate northward flow. The negative 
signs account for the meteorological definition of wind 
direction as the direction from which the wind blows. 
 
Data Analysis 

The data were analyzed using a site-specific 
nonlinear regression approach. A separate regression 
model was developed for each rain gauge to estimate 
local rainfall based on satellite-derived and atmospheric 
predictors. The model was formulated as a multivariate 
exponential function incorporating normalized Cloud 
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Top Temperature (CTT), relative humidity (RH), zonal 
and meridional wind components (u and v), and surface 
air pressure (P) as explanatory variables. The general 
form of the model is express as: 

𝑅 = 𝑎 ∗ exp⁡(𝑏 ∗ 𝑇𝑛𝑜𝑟𝑚 + 𝑐 ∗ 𝑅𝐻𝑛𝑜𝑟𝑚 + 𝑑 ∗ 𝑢𝑛𝑜𝑟𝑚 + 𝑒 

∗ 𝑣𝑛𝑜𝑟𝑚 + 𝑓 ∗ 𝑃_𝑛𝑜𝑟𝑚) 
(3) 

Where: 
R  =  predicted rainfall (mm);  
a, b, c, d, e, f  =  calibrated parameters;  
T_norm  =  normalized cloud top temperature;  
RH_norm  =  normalized relative humidity;  
u_norm, v_norm = normalized eastward and 

northward wind components;  
P_norm  =  normalized air pressure 
 

Model parameters were estimated using the Non-
Linear Least Squares (NLLS) method, which minimizes 
the sum of squared residuals between observed and 
predicted rainfall. The model was calibrated and 
validated using cross-validation between the two 
selected flood events to evaluate its stability. Model 
performance was assessed using RMSE, NSE, and RSR. 
The optimal model for each rain gauge was determined 
based on the combination of minimum error values and 
maximum R². 

Model parameters were estimated using the Non-
Linear Least Squares (NLLS) method, which minimizes 
the sum of squared residuals between observed and 
predicted rainfall. The model was calibrated and 
validated using cross-validation between the two 
selected flood events to evaluate its stability. 
 
Statistical Indicator 
Nash-Sutcliffe Efficiency (NSE) 

The Nash-Sutcliffe Efficiency (NSE) test is used to 
evaluate the accuracy of the relationship between 
observed and modeled data. The NSE can be calculated 
using the following formula. 

𝑁𝑆𝐸 = 1 −⁡
∑ (𝑃𝑖 − 𝑄𝑖)

2𝑁
𝑖=1

∑ (𝑃𝑖 − 𝑃𝑙)
2𝑁

𝑖=1

 (4) 

Where: 
R = predicted rainfall (mm);  
Pi = observed data; 
Qi = estimated (modeled) data; 
Pl = mean of observed data; 
N = number of data points. 
 

Table 1. Nash-Sutchliffe Efficiency (NSE) values 
(Moriasi et al., 2007) 
NSE Description 

0.75 < NSE ≤ 1.00 Very Good 
0.65 < NSE ≤ 0.75 Good 
0.50 < NSE ≤ 0.65 Satisfactory 
NSE ≤ 0.50 Unsatisfactory 

 
RMSE-Observations Standard Deviation Ratio (RSR)  

Root Mean Square Error (RMSE) is one of the most 
commonly used statistics for error index presentation 
(Chu & Shirmohammadi, 2004; Singh et al., 2004; 
Vazquez-Amábile & Engel, 2005). While it is generally 
agreed that a lower RMSE indicates better model 
performance, Singh et al. (2004) published a guideline to 
qualify what is considered low RMSE based on the 
observations standard deviation. As recommended by 
Singh et al. (2004), a model evaluation statistic, the 
RMSE-observations standard deviation ratio (RSR), was 
developed. RSR is straightforward since it just 
normalizes RMSE with the standard deviation of the 
observations, and therefore it provides both an error 
index and extra information which, as per (Legates & 
McCabe Jr, 1999) recommendations. RSR can be 
obtained by dividing RMSE by the standard deviation of 
measured data as expressed in equation: 

𝑅𝑆𝑅 = ⁡
𝑅𝑀𝑆𝐸

𝑆𝑇𝐷𝐸𝑉
=

[√∑ (𝑌𝑖
𝑜𝑏𝑠 − 𝑌𝑖

𝑠𝑖𝑚)2𝑛
𝑖=1 ]

[√∑ (𝑌𝑖
𝑜𝑏𝑠 − 𝑌𝑖

𝑚𝑒𝑎𝑛)2𝑛
𝑖=1 ]

 (5) 

RMSE refers the root mean square error between 
simulated and observed values; STDEV_obs is the 
standard deviation of observed data. The RSR ranges 
between 0, representing perfect agreement of modeled 
to observed values, and larger positive numbers, where 
lower values represent higher agreement &rob; 
predictive accuracy. An RSR value of ≤ 0.5 denotes very 
good model performance, while values > 0.7 are 
indicative of poor model performance (Moriasi et al., 
2007; Zahrani et al., 2025). 

Error index statistics can benefit from RSR as it is a 
normalization factor added to the calculation that 
enables comparison of the results to be made over 
different variables. Its ideal value is 0, meaning zero 
RMSE and a perfect simulation of the actual model. A 
lower RSR value indicates less error and a better fit of 
the model. 
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Figure 2. Flowchart of the rainfall estimation modeling framework 
 

Result and Discussion 
 
Processing and Retrieval of CTT (Cloud Top Temperature) 

CTT data were obtained from Himawari-8 infrared-
enhanced imagery released by BMKG and processed 
using Python-based routines to convert raster pixel 
information into numerical gridded datasets. RGB 
values were extracted with PIL/Pillow and structured 
into tabular format using OpenPyXL for statistical and 
regression analysis. Each pixel was classified according 
to the official BMKG color scale, representing CTT 
intervals from −80 to +20 °C through RGB-to-
temperature mapping. 

Python-based image processing frameworks are 
widely used in environmental and satellite data analysis 
due to their flexibility, reproducibility, and 
compatibility with open-source geospatial ecosystems 
(Pytroll, 2026; Tarazona et al., 2024; Meng et al., 2023; 
Sun et al., 2021). However, this approach relies on 
visually enhanced imagery rather than radiometrically 
calibrated Digital Number (DN) or Level-2 brightness 

temperature products. Radiometric calibration of 
Himawari-8/AHI infrared channels has been 
extensively documented, demonstrating that DN values 
represent sensor-measured radiance that can be 
converted into physically consistent brightness 
temperature using official calibration coefficients 
(Okuyama et al., 2018; Yu & Wu, 2016; Yu et al., 2024). 

Enhanced imagery involves the application of 
contrast stretching and color visualization, which may 
introduce discretization errors and additional 
uncertainties into temperature conversion relative to 
native radiometric products. As a result, the obtained 
CTT values need to be treated as estimates and future 
studies are encouraged to implement official brightness 
temperature datasets to enhance physical consistency 
and decrease uncertainty. 

The Himawari CTT map example is presented in 
Figure 3, based on data original image (Figure 3a) to an 
Excel-converted chart (Figure 3b). The extracted CTT 
values were charted over the rain gauge influence area 
boundaries to later determine average CTT. 
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(a) (b) 

 
Figure 3. (a) Himawari Cloud Top Temperature (CTT) Map on June 16, 2022, at 08:10 WITA; (b) Himawari Cloud Top 

Temperature (CTT) Map on June 16, 2022, at 08:10, central Indonesia, in Excel format 

 
Spatial and Temporal Patterns of Cloud Top Temperature 

The difference in the CTT pattern between 
December 2021 and June 2022 is very clear over WS 
Lombok. In the western-northwestern Lombok, CTT 
was continuously lower than that in central and eastern 
parts of Lombok indicating high convective activity in 
this portion. This CTT drop in December 2021 was 
strong and homogeneous throughout the network, with 

minimum values reaching −60 to −70 °C (as shown for 
Gunungsari and Sesaot stations in Figure 4), which is 
indicative of the appearance of a high and extensive 
convective cloud system. In contrast, the CTT cooling in 
June 2022 was local and short-lived (minimum values at 
around −40 to −50 °C), suggesting milder convection 
with limited precipitation. 
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Figure 4. Temporal pattern of cloud top temperature at Gunungsari and Sesaot Stations: (a) December 2021 and (b) June 2022 
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Relationship between Cloud Temperature and Atmospheric 
Parameters 

The correlation analysis between CTT and surface 
atmospheric parameters (T, RH, u, v, and P) in the 
Lombok River Basin indicates that CTT and relative 
humidity exhibit stronger statistical relationships with 
rainfall intensity compared to the wind components. As 
shown in Figure 5 for the Gunungsari and Sesaot 
stations, higher correlation values are observed for 
rainfall–CTT and rainfall–RH pairs, suggesting that 
thermodynamic variables play a significant role in 
explaining rainfall variability within the analyzed 
events. 

However, this does not imply that dynamic factors 
are physically unimportant. In tropical island 
environments such as Lombok, wind-driven moisture 
transport and orographic lifting are essential 
components of rainfall formation. The relatively weaker 
statistical correlation of wind components (u, v) in this 
analysis may be influenced by differences in temporal 
resolution between atmospheric wind data and satellite-
derived CTT, as well as the nonlinear nature of dynamic 
processes. Therefore, both thermodynamic and dynamic 
factors contribute to rainfall formation, although their 
statistical representation may vary depending on data 
resolution and event characteristics. 

 

 
Figure 5. Rainfall correlation at Gunungsari Station (a) and Sesaot Station (b) with atmospheric parameters 

 
Development and Validation of the Rainfall Estimation Model 

The rainfall estimation model was developed using 
a site-specific nonlinear regression approach, in which 
separate models were calibrated for each rain gauge. 
This approach was adopted because rainfall patterns in 
the Lombok River Basin exhibit strong spatial 
variability; therefore, the relationship between 

atmospheric parameters and rainfall may differ across 
locations (Figure 6). For each station, regression 
coefficients were independently calibrated and 
evaluated. The models were then compared based on 
their performance metrics, and the best-performing 
configuration for each rain gauge was selected to 
minimize prediction bias (Table 1). 

 

 
(a) 

 
(b) 

 
Figure 6. Comparison of actual and predicted rainfall at Gunungsari Rain Gauge (a) and Sesaot Rain Gauge (b) 
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Table 2. Performance of the rainfall estimation model for each rain gauge 

Rain Gauge 
RMSE 
(mm) 

NSE RSR 
Model Coefficients 

a b (T_norm) c (RH_norm) d (u_norm) e (v_norm) f (P_norm) 

Batujai 0.705 0.933 0.258 6.5 E-01 -6.6857 -8.0300 10.0000 -5.5931 -1.7001 

Gunungsari 0.593 0.309 0.832 8.0 E-05 2.7012 10.0000 8.4599 -7.3752 -1.1024 

Ijobalit 0.682 0.79 0.458 9.8 E-02 0.8273 -9.3239 10.0000 -10.0000 0.0053 

Jurangsate 1.787 0.517 0.695 1.8 E-06 -3.9981 8.0634 10.0000 0.3335 3.0125 

Kuripan 0.858 0.186 0.902 4.5 E-03 -2.2725 5.4808 3.3908 -6.6749 1.1380 

Lingkok Lime 1.552 0.591 0.639 7.1 E-02 -4.2364 10.0000 1.7227 -10.0000 -6.1335 

Loang Make 2.074 0.225 0.88 8.3 E-01 2.6501 10.0000 -7.0292 -10.0000 -9.5465 

Mangkung 1.766 0.863 0.37 1.8 E-03 -5.8880 10.0000 7.7338 2.2763 -10.0000 

Pengadang 0.602 0.253 0.864 4.9 E-04 -5.3613 1.7860 9.0986 4.8204 -2.9774 

Perian 0.041 0.88 0.346 1.0 E-08 9.3831 8.7047 -2.8216 -10.0000 10.0000 

Pringgabaya 0.381 0.205 0.892 3.6 E-03 -8.7554 2.9460 0.0505 10.0000 -6.8441 

Santong 1.698 0.19 0.9 3.6 E-02 10.0000 0.8306 -10.0000 3.3553 -7.6228 

Sapit 0.094 0.697 0.551 8.7 E-02 -6.6015 10.0000 -6.6255 -10.0000 1.3605 

Sepit 1.528 0.383 0.785 1.1 E+01 -6.2005 -0.9433 3.7214 1.6837 -8.4232 

Sesaot 1.094 0.352 0.805 5.3 E-06 6.0607 3.8238 7.4127 -10.0000 5.5774 

 
Table 2 illustrates that model performance differs 

significantly at the rain gauge stations throughout the 
basin. Overall NSEs fall between 0.186 and 0.933, 
demonstrating high spatial variability in predictive skill. 
NSE > 0.75 indicates very good performance, 0.65–0.75 
good, 0.50–0.65 satisfactory and < 0.50 unsatisfactory 
according to widely accepted criteria for evaluating 
hydrological models (Moriasi et al., 2007; Moriasi et al., 
2015). From these cutoff points, Batujai (0.933), Ijobalit 
(0.79), and Mangkung (0.863) exhibit very good model 
performance, and stations in the unsatisfactory or 
satisfactory categories are also present from these 
parameter values. This variability is attributable to 
differences in local rainfall properties, topography 
influence and the representativeness of satellite-based 
predictors. 

The RMSE values range from 0.041 mm (Perian) to 
2.074 mm (Loang Make), highlighting variability in 
absolute prediction error between the stations. Good 
agreement between estimated and observed rainfall 
leads to lower RMSE values. The RSR values range from 
0.258 to 0.902, where smaller RSR indicates less residual 
variance as compared with observed standard deviation 
and thus better model performance (Moriasi et al., 2007). 
High predictive reliability is shown by the RSR < 0.50 
while a value above it, near or greater than 0.70 indicates 
poor performance. Classification results for HDS system 
validation on waiting time predictions from stations 
with and EAF values of some of the total data points 
mapped to peak hour grid were strong stability aside 
low accuracy as it'd be expected in comparison as well 
other hand predictability was noteworthy (altogether 
with reach channel's prediction). 

Furthermore, the PBIAS values vary from −26.469 to 
89.401%, indicating the occurrence of both 
underestimation (negative bias) and overestimation 

(positive bias). The relatively large positive PBIAS 
values at some stations point toward overestimation of 
rainfall intensity from satellite-based predictors under 
specific convective conditions, resulting in negative 
values that show systematic underprediction. Bias 
variability of this nature is a common occurrence in 
satellite-derived rainfall modeling, especially in the 
recognized geographic regions of high spatial rainfall 
heterogeneity and orographic effects (Hou et al., 2014; 
Kidd & Huffman, 2011). 

The overall naive site specific nonlinear regression 
model performs reasonably well for several stations, 
especially those that comply with fairly welldefined 
rainfall patterns coupled with fixer predictor-response 
relationships. However, performance is not spatially 
uniform and reflects local microclimate variability and 
complex terrain conditions in Lombok River Basin. This 
result is in line with previous research indicating that the 
accuracy of satellite-based rainfall estimates diminishes 
when it comes to mountainous and coastal transitional 
areas due to cloud-top temperature ambiguity and 
vertical structure variability, respectively (Tang et al., 
2023). 
 
Interpolation of Model Coefficients 

In order to transfer the local rainfall–predictor 
models to ungauged areas, we spatially interpolated 
regression coefficients (a–f) of 15 stations into basin-
wide surfaces of regression coefficients (Figures 7 to 12), 
based on principles from hydrological regionalization 
(Blöschl et al., 2019). Although this retains the nonlinear 
model structure, uncertainty increases further from 
stations, particularly in highly complex terrain, and 
predictions in such locations should be treated with 
caution. 
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Figure 7. Interpolation of model coefficient “a” 

 
Figure 8. Interpolation of model coefficient “b” 

 

 
Figure 9. Interpolation of model coefficient “c”  

Figure 10. Interpolation of model coefficient “d” 

 

 
Figure 11. Interpolation of model coefficient “e” 

 
Figure 12. Interpolation of model coefficient “f” 

 

Conclusion 
 

This study developed a satellite-based rainfall 
estimation framework using Himawari-8 infrared Cloud 
Top Temperature (CTT) integrated with surface 
atmospheric parameters and calibrated individually at 
each rain gauge in the Lombok River Basin. The analysis 
revealed distinct rainfall characteristics between the 
December 2021 and June 2022 events, with the former 
exhibiting stronger and more extensive convective 
activity as indicated by lower CTT values. The results 
show that thermodynamic variables, particularly CTT 

and relative humidity, exhibit stronger statistical 
associations with rainfall variability, while dynamic 
factors represented by zonal and meridional wind 
components (u and v) contribute through moisture 
transport and circulation processes. The site-specific 
nonlinear regression approach enables localized 
calibration of satellite-to-rainfall relationships, 
improving representation of spatial variability within 
the Lombok River Basin. Although the model is 
specifically calibrated for Lombok, the methodological 
framework may be adapted to other regions with similar 
climatic characteristics, provided that local calibration 
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using ground observations is performed. Further 
validation in different geographic settings is required 
before broader regional application. 
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