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Abstract: Rainfall information with high spatial and temporal resolution are essential in various fields.
Heavy rainfall in a short period can cause problems and disasters that result in loss of life and damage
to property. Conversely, the absence of rain for an extended period can also have negative social and
economic impacts. Data accuracy, wide spatial coverage, and high temporal resolution are challenges
in obtaining rainfall information in Indonesia. This article presents information on data sources and
methods for measuring rainfall and reviews the latest research regarding statistical algorithms and
machine learning to estimate rainfall in Indonesia. Rainfall information in Indonesia was obtained
from several sources. Firstly, the method of direct rainfall measurement conducted with both manual
and automatic rain gauges was reviewed; however, this data source provided minimal results, with
uneven spatial density. Secondly, the application of remote sensing estimation using both radar
and weather satellites was reviewed. The estimated rainfall results obtained using remote sensing
showed more comprehensive spatial coverage and higher temporal resolution. Finally, we reviewed
rainfall products obtained from model calculations, using both statistical and machine learning
by integrating measurement and remote sensing data. The results of the review demonstrated
that rainfall estimation products applied in remote sensing using machine learning models have
the potential to produce more accurate spatial and temporal data. However, the validation of
rainfall data from direct measurements is required first. This research’s contribution can provide
practitioners and researchers in Indonesia and the surrounding region with information on problems,
challenges, and recommendations for optimizing rainfall measurement products using appropriate
adaptive technology.
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1. Introduction

Rainfall information with high spatial and temporal resolution is essential, especially
in areas that cover a large region, such as Indonesia. Rainfall and its impacts are often
associated with floods and landslides [1,2]. Prevention efforts against floods and landslides
require accurate rainfall information [3]. In addition to disasters, rainfall can impact several
sectors, including agriculture, transportation, and energy. Rainfall intensity influences the
agricultural system, as water availability significantly affects agricultural productivity [4,5].
Rainfall can also cause land, sea, and air transportation accidents [6–9]. In the field of
resources and energy, many efforts are underway to generate electricity from rainfall, both
directly and indirectly. Rainfall is also strongly related to the amount of power generated
by hydropower plants [10,11].

Rainfall can be measured using two methods: direct observation through rain gauges
and indirect estimation through remote sensing [12–14]. Rain gauges can accurately mea-
sure rainfall at each observation point [11,15]; however, this method provides only limited
spatial information [16–20], especially in remote and marine areas. Through remote sensing
techniques, such as radar and satellite imagery, rainfall can also be estimated based on
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the presence of rain clouds. On the one hand, weather radar can estimate rainfall with
high resolution (20 × 20 m2) over a large area [21] using the Z–R (reflectivity–rain rate)
relationship [22,23]. However, this empirical relationship is insufficient to capture rainfall
variability in space and time [24–26]. In addition, several factors can affect the accuracy of
rainfall estimation values: errors in estimating radar reflectivity factors [27], differences
in sampling between weather radar and rain gauges [28], natural variability in raindrop
size and distribution [29], and instrument errors [30,31]. On the other hand, satellites have
a wider coverage area than weather radar, particularly over oceans. Weather satellites
estimate rainfall intensity by linking the peak cloud temperature produced through visible
(VIS) or infrared (IR) light reflectivity [32]. The developed techniques cannot be univer-
sally applied because of the indirect relationship between rainfall and satellite-measured
parameters [33].

In measuring rainfall, wide spatial coverage with a high level of accuracy becomes
a major issue. Indonesia’s total surface area of rain gauges is only 1.29 × 10−9% of the
country’s total area. In addition, the integrated national weather radar network continues
to fall short of covering the entire observation area [34,35]. The distribution of automatic
rain gauge equipment and weather radar throughout Indonesia is shown in Figure 1. More-
over, weather satellite images with global coverage have resolution limitations [36]. This
condition explains why using only one data source cannot fulfill Indonesia’s requirement
for reliable rainfall data.
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Figure 1. The distribution of automatic rain gauges includes 1233 units (green triangles), and the
integrated weather radar network consists of 42 units (yellow) operating in the Indonesian region.

This article presents the study results of various sources of rainfall information data
from several instruments used in the Indonesian region. Furthermore, it reviews recent
studies on utilizing statistical algorithms, machine learning, and deep learning for rainfall
estimation implemented in the Indonesian region. The results can be used as a guide for
future study.

2. Rainfall Data Source
2.1. Rain Gauges

Rain gauges are classified into recording and non-recording types [37]. Non-recording
rain gauges commonly in operation in Indonesia are the manual observatory (OBS) and
Hellman types, due to their simplicity and low maintenance costs. With non-recording
rain gauges, data collection is conducted manually; hence, the result is highly dependent
on the reading accuracy of operators, and the timing of rainfall occurrence is unknown
because the data obtained are cumulative [38]. Furthermore, some examples of recording
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rain gauges include mechanical mechanisms (based on floatation or weight), electric instru-
ments (tipping bucket and capacitance sensor), and point rainfall calculation-based sensors
(vibration-based disdrometer and optical rain gauge) [39]. Although many precipitation
measurement mechanisms have been developed, the tipping bucket is the world’s most
widely used rain gauge [40] due to its major advantages—low cost, simplicity, and low
energy consumption [41]. In addition to the tipping bucket rain gauge, several countries
use optical rain gauges for precipitation measurement [42] because this instrument can ob-
serve the size and falling velocity of the precipitation particles and then classify the type of
rain [43]. In Indonesia, most tipping bucket rain gauges are installed on equipment systems,
such as automatic rain gauges (ARGs), automatic weather systems (AWSs), agroclimate
automatic weather systems (AAWS), and marine automatic weather systems (MAWSs).
Furthermore, the tipping bucket and optical rain gauge are installed simultaneously on
weather observation equipment systems for aviation, namely, the automated weather ob-
serving system (AWOS). This is to meet aviation safety requirements by covering the entire
rain range. Under light rainfall conditions, optical rain gauges can more accurately measure
rainfall than tipping bucket rain gauges [44]. Conversely, tipping bucket rain gauges are
more accurate than optical rain gauges during heavy rainfall [1]. Figure 2 illustrates the
types of rain gauges in operation in Indonesia.
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2.2. Weather Radar
2.2.1. Weather Radar Type

Based on their frequency bands, weather radars are divided into three types: S, C, and
X bands. Each type has its characteristics, advantages, and disadvantages [45]. Currently,
weather radars in Indonesia are dominated by C-band types and several X-band ones.
These have been adjusted to account for diverse topographical conditions [46].

• The S-band weather radar operates at a 2.7–2.9 GHz frequency and has an 8–15 cm
wavelength. Since attenuation has little effect on this type of radar, it has a range of
up to 300 km. However, due to its wide beam width, its quantitative precipitation
estimation (QPE) range only approaches 200 km [45]. While the S-band weather radar
has advantages, due to several factors it may not be as suitable as the C-band radar
if used in Indonesia. The S-band works at low frequencies with large lambda, so the
penetration is deep because the attenuation effect is negligible. However, with a large
lambda, the resolution and accuracy of the measurement results are low. Therefore,
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while using the S-band radar has some benefits, the C-band radar remains the best
option for weather monitoring and forecasting in Indonesia.

• The C-band weather radar operates at a 5.6–5.65 GHz frequency with a 4–8 cm wave-
length. It can detect rainfall up to a distance of 200 km. The signal attenuation received
is significantly stronger than that of the S-band radar, limiting the QPE range to
100–150 km [45]. The C-band weather radar is widely used in Indonesia because it
effectively detects and monitors the types of precipitation commonly found in the
region, such as convective storms, tropical cyclones, and heavy rainfall events [47,48].
For many years, the C-band radar has also been extensively used in Indonesia, and
the country has established a reliable network of C-band radar stations [34]. The data
from these radar stations are used by the Indonesian Meteorology, Climatology, and
Geophysics Agency (BMKG) to provide accurate weather forecasts and early warnings
of severe weather events to the public [49].

• The X-band weather radar functions at a 9.3–9.5 GHz frequency and has the smallest
wavelength of 2.5–4 cm. It is more sensitive to hydrometeors than the S-band or
C-band weather radars. The X-band radar measurement range can extend up to 50 km.
Signal attenuation caused by rain is the strongest in the X-band radar compared
with that of the S-band and C-band radars, greatly limiting QPE. Accurate QPE is
usually achieved at 30 km [45]. The X-band weather radar is not commonly used
for weather monitoring in Indonesia due to several factors, such as its limited range
and susceptibility to attenuation. Because the X-band radar has a much shorter range
than other radar frequencies, it is less practical for weather monitoring over large
areas, such as the Indonesian archipelago [35]. Another limitation of the X-band radar
is its susceptibility to attenuation, which occurs when the radar signal is absorbed
or scattered by particles in the atmosphere. As mentioned, attenuation can result in
critical data loss and erroneous forecasts, especially in high-precipitation regions, such
as Indonesia [50].

2.2.2. Weather Radar Product

Weather radar has product features that can be utilized as needed. Weather radar’s
standard image products include the following:

• Plan Position Indicator (PPI)

This product is displayed as a cone-shaped sector projected onto a two-dimensional
(2D) map. The weather radar antenna rotates to scan radial tracks. The distance from the
radar and height above the ground is depicted as concentric circles [51]. Since the PPI
requires an elevation angle, the beam height increases as the distance grows. The heights
of displayed data differ depending on the distance. To obtain maximum results from
PPI products in Indonesia, it is necessary to pay attention to height, angle, and distance
when scanning weather radar [52]. This is important because PPI products can experience
coalescence with strong echo clutter at close distances at low elevations, which results in the
product having a high level of uncertainty. The PPI display has a high level of uncertainty,
which can affect rainfall estimation [53].

• Constant Altitude PPI

The constant altitude plan position indicator (CAPPI) is a slice of volume data at a
constant altitude. The elevation scan data values at the lower and upper levels are linearly
interpolated to estimate the data at the CAPPI altitude. The advantage of this product is
that it reduces ground clutter around the radar location. The amount of ground clutter
around the radar decreases substantially with increasing altitude. A distance of 3.5 km
is found to be the most suitable and sufficient application of the CAPPI to avoid ground
clutter [54]. The application of CAPPI products in Indonesia needs to consider the distance
between the radar and the area being observed. A study in Indonesia [55] showed that a
CAPPI applied at a distance of more than 50 km can produce poor-quality data, considering
that long distances can reduce data accuracy [56].
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• Column Maximum

Column maximum (CMAX) is a product that shows the maximum data value in a
particular location. The displayed value is the maximum value of the observed volume
scanning data. A CMAX product converts a set of polar volumes to Cartesian volumes
and displays the maximum value for each vertical column. Physically, CMAX represents
the maximum amount of possible rainfall in an area [57]. Meteorologists can view the
estimated worst-case scenario overall by using the CMAX product instead of comparing
several two-dimensional images from multiple layers and three-dimensional products.
This tool helps in the observation of high-intensity rainfall from convective clouds, which
often occurs in Indonesia [47]. Several studies in Indonesia have shown that the use of
CMAX produces a more representative product in estimating rainfall [52,55].

A comparison of the mechanisms and results of radar image products is shown in
Figure 3 and Table 1.
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products: (a) radar imagery of PPI dBZ products at an elevation of 0.5◦, (b) CAPPI dBZ products at
0.5 km, and (c) CMAX products (modified from [58]). (d) PPI, (e) CAPPI, and (f) CMAX measurement
mechanisms (modified from [59,60]).

Estimating rainfall using radar in Indonesia is a complex process influenced by factors
such as topography, distance from the radar, and Z–R relationships. Topography affects
the propagation of radar signals, especially in mountainous areas, which can cause radar
shadows and bias rainfall estimates [61]. Distance is also important because increasing the
distance from the radar can reduce the estimation accuracy due to signal attenuation and
divergence [62]. The Z–R relationship, which relates radar reflectivity to rainfall intensity,
is often adapted to local conditions to improve estimation accuracy [63]. Dual-polarization
radar has been introduced, producing significant improvements in rainfall estimation
using additional information such as differential reflectivity (ZDR) and phase differential
ratio (KDP) which can increase precision and reduce errors in rainfall estimates in various
topographic conditions and distances [64].
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Table 1. Weather radar products and their advantages and disadvantages.

Weather Radar Product Advantages Disadvantages

PPI
Easy to interpret and used for fast analysis [65], suitable
for regions in Indonesia with local rain patterns, such as

islands with quick and dynamic rain cycles.
Limited to one elevation angle.

CAPPI
It is more accurate for estimating rainfall at a certain

height [66]. It is helpful for several users in Indonesia,
such as those in the aviation sector.

Requires more time for data processing.

CMAX
It provides information on maximum rainfall

intensity [66], which is very useful for detecting extreme
rainfall, which often occurs in Indonesia.

Potentially overestimates.

2.3. Weather Satellite

Weather satellites are used to study and monitor the Earth’s weather and climate [32].
Weather satellites can observe cloud tops, including rain-producing clouds, far from the
Earth’s surface [67–69]. Some weather satellites can also provide rainfall estimates. Several
types of weather satellites are used in Indonesia, including Himawari, Global Satellite
Mapping of Precipitation (GSMaP), Global Precipitation Measurement (GPM), and Tropical
Rainfall Measuring Mission (TRMM).

The Himawari satellite is the most commonly used because it has several products
directly related to weather analysis, such as the infrared-enhanced product for analyzing
cloud-top temperature [70–72], further aiding in rainfall estimation [73]. Moreover, it pro-
duces enhanced water vapor data for displaying atmospheric humidity conditions [74,75],
and several other usable channels [76]. By analyzing the IR brightness temperature (BT)
at 10.4 microns and multiple IR BT differences (BTD), researchers have developed rainfall
probability maps in Indonesia [77]. RGB values for cloud-color appearance [76,78], such
as during monitoring of the mesoscale convective complex (MCC) around the Indonesian
capital have been used, whereby the Himawari-8 satellite detected dense clouds with small
ice particles and cloud top temperatures below −50 ◦C, which were visualized as red and
yellow dots, indicating conditions of severe storm [76]. Figure 4 shows Himawari satellite
imagery, satellite temperature graphs, and rainfall graphs when high rainfall intensity
occurs in one region in Indonesia.

The GSMaP is also widely used for rainfall estimation mapping in Indonesia [79,80].
GSMap shows a good correlation with rain gauge observations at daily and monthly scales,
although it tends to overestimate rainfall and exceptionally light rainfall events [81]. GPM
satellites in Indonesia have shown varying effectiveness levels depending on the region
and timescale. They generally show good correlation with rain gauge data on annual,
seasonal and monthly scales, although performance is less reliable on daily and hourly
scales [82]. Their performance varies with topography, showing better accuracy in flat
and moderately high areas [83]. Lastly, the TRMM satellite is extensively used to analyze
rainfall with tropical region characteristics [84]. Specifically in Indonesia, the effectiveness
of TRMM satellite rainfall estimates has been studied extensively, revealing its potential
and limitations. The linear correction model significantly improves the validity of TRMM
data for daily rainfall estimation [85]. The TRMM tends to underestimate rainfall intensity,
requiring correction to improve performance [86]. TRMM data require careful correction to
improve accuracy.

One of the challenges of weather satellite observation is the parallax effect, which
causes the observed object’s position to differ from its actual position. This can be corrected
by comparing cloud data from weather satellite observations with reflectivity data from
weather radar observations [87]. Figure 5 shows satellite parallax correction for the entire
territory of Indonesia.
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Figure 4. Satellite imagery depicting atmospheric conditions in one region of Indonesia during high
rainfall intensity: (a) rainfall during floods in Sidoarjo City, (b) time series graph of cloud peak
temperature, red box shows the time of occurrence during floods and (c) cloud phase distinction RGB
satellite imagery product. The yellowish color signifies a thick and high cloud containing ice particles.
Red circle shows the location of Sidoarjo City (modified from [67]).
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Figure 5. Parallax correction (in km) of Himawari-8 satellite based on cloud-top height of 15 km for
the entire Territory of Indonesia. Cloud-top height in convective clouds is an essential feature in
extreme weather nowcasting performed by weather forecasters to represent the core location of the
severe region of the convective cloud (modified from [88]).

3. Estimation Methods and Techniques
3.1. Statistical Application

Rainfall measured using several rain gauges and radar or weather satellite sensing
can be used to estimate average rainfall in an area at a specific time interval. Moreover, the
estimation method can be classified into two categories based on whether it uses rain gauge



Signals 2024, 5 549

data or radar-based or weather-satellite-based estimation. Both estimation approaches are
illustrated in Figure 6.
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Figure 6. Rainfall estimation approaches using (a) rain gauges and (b) radar or weather satellite
methods (modified from [89]).

Data from a single rain gauge cannot represent rainfall in a given area. Thus, rainfall
data from several rain gauges located throughout the area are required [90,91]. Furthermore,
spatial data interpolation methods are required to estimate rainfall around known points.
To generate spatially distributed rainfall fields, several interpolation methods for rain gauge
points have been applied, including Thiessen polygon, inverse distance weighting, linear
spline, and kriging [92,93], as shown in Table 2. With their respective advantages and
disadvantages, these methods have been implemented for case studies in Indonesia [94–96].
The results showed that spatial interpolation of rain gauge data is necessary to estimate
rainfall, especially in Indonesia, in order to overcome data limitations and environmental
and other physiographic conditions. Due to the complexity of the topography and ge-
ography in Indonesia, the choice of interpolation method for estimating rainfall is very
important. However, selecting the optimal interpolation method must also consider the
unique characteristics of each region more specifically. In addition, interpolation methods
that only use rain gauges as data sources must incorporate data from other sources [97].
This is because combining multiple rainfall data sources, such as rain gauges, weather
radar, and weather satellites, can provide more accurate rainfall estimates [98].
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Table 2. Several rain gauge interpolation methods, descriptions, and advantages and disadvantages,
which are applied in Indonesia.

Rain Gauge
Interpolation Method Description, Advantages, and Disadvantages Implementation in Indonesia

Thiessen polygon

This method divides the area into polygons,
each containing one rain gauge, and each point
in the polygon is represented by data from the

rain gauge. If the rain gauge distribution is
tight, this method can provide a fairly good

estimate because each polygon covers a
specific area. However, this method does not

consider topographic variations [92].
Relatively flat areas with a dense rain gauge
distribution will be suitable for this method.

Applied in Pontianak City by dividing the area
into polygons based on the location of the rain

stations. The rainfall classification is only
divided into two classes, and this area is

classified as having high rainfall [94].
Unfortunately, there is no explicit mention of

statistical metrics and validation results.

Inverse Distance Weighting

This method gives greater weight to closer
points [99]. Even though it produces smoother
interpolations, IDW is still susceptible to bias if
the rain gauge is uneven, especially in complex
mountainous areas, where rainfall variations
can be high. This method is more appropriate
to use in locations with dense and even rain

gauge points.

Successfully applied in East Java Province for
interpolation of monthly rainfall with dense

points [100], with an RMSE value of
100.435 mm

Spline

Using mathematical functions to minimize
surface curvature, it forms a spline to estimate

areal rainfall. It can produce a continuous
interpolation function, but is very dependent

on the distribution and density of data
points [94], and therefore it is not suitable for

application in areas with significant
topographic diversity.

Produced smooth and continuous rainfall
maps in Pontianak City. However, it is less

effective if there is a significant value difference
at a very short distance between measurement
points [94]. Unfortunately, there is no explicit

mention of statistical metrics or
validation results.

Kriging

Geostatistical interpolation considers the
distance and degree of variation between

known data points when estimating values in
an unknown area [101]. Suitable for areas with

uneven distribution of rain gauge stations.

Applied in the Bali Region. With a daily time
scale, the results help understand the spatial

pattern of rainfall in the study area [102]. The
RMSE value varies, mostly below

20 mm·day−1

The correlation between weather radar reflectivity data and rainfall intensity data from
rain gauges produces an empirical equation of the Z–R relationship [20,103]. Modifications
to the empirical equation constant have been applied for rainfall estimation in several
Indonesian regions [104–106]. As a result, each study region has a distinct Z–R equation
that can produce rainfall estimates with good statistical indicators. One study demonstrated
that the relationship between radar reflectivity and rainfall can be developed using three
different techniques: the traditional matching method (TMM), the probability matching
method (PMM), and the window probability matching method (WPMM), as shown in
Figure 7. The results revealed that PMM and WPMM provided a better relationship than
TMM [24].

Statistical methods can be used to validate satellite data using rain gauges [33,107–110]
or weather radar measurement methods [111–114]. In the case of validation using rain
gauges, it is important to consider the number and distribution of rain gauges, as these
factors can significantly influence the estimation results.
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3.2. Machine Learning Approaches

The machine learning approach for estimating rainfall in Indonesia has been applied
to several different case studies. With backpropagation, the multi-layer perceptron (MLP)
algorithm was used to estimate rainfall at locations lacking direct rainfall observation
data. The input data consisted of radar data validated with automatic rainfall observation
data collected around a single polarization radar observation. The results improved the
rainfall detection accuracy by 79% and reduced the error value in rainfall estimation [115],
as shown in Figure 8. The MLP algorithm, with its ability to handle non-linear patterns,
can model the relationship between the complexity of weather data and observed rainfall.
Non-linear activation functions in the MLP algorithm, such as ReLU (rectified linear
unit) or sigmoid, allowing the model to learn non-linear relationships between input and
output features [116,117]. However, the MLP algorithm has a risk of overfitting because
the model tends to memorize training data patterns without regularization [118]. The
model’s performance decreases on new data. In addition, the MLP algorithm has an
architecture with many layers and many neurons [117]. Training this model requires
intensive mathematical operations, including matrix multiplication, vector operations, and
non-linear activation for each neuron in each layer. The requirement for large computing
resources [119,120] will be a problem if implemented on a large scale in Indonesia.
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Another study compared the decision tree, random forest, adaptive boosting, and
gradient boosting machine learning algorithms. All four algorithms optimized rainfall
estimation using rain gauge, radar, and satellite data, with the gradient boosting algorithm
outperforming the other three [121]. A similar study compared tree-based algorithms for
rainfall estimation in different regions using radar measurements [122,123]. Regions with
local [123] and equatorial [122] rainfall patterns have high and even rainfall throughout
the year. The difference between the wet and dry seasons is not very clear [124]. Rainfall
estimation using the adaptive boosting algorithm shows the worst results in these regions.
Heterogeneous and fluctuating data training can increase weather radar uncertainty. When
adaptive boosting encounters difficult data points to estimate correctly, this algorithm gives
high weight to these points with the aim of increasing model performance. Mathematically,
adaptive boosting gives high weight to incorrect data, which means that its performance
decreases if there is excessive noise [125]. The relationship between radar reflectivity and
rainfall can be categorized as complex data due to various physical and atmospheric factors
that influence each other [30]. Decision trees with complex datasets are complicated tree
structures with many nodes representing specific features and patterns from the training
data [126]. For example, in cases of inconsistent or irrelevant rainfall fluctuations, the
decision tree separates the data based on these fluctuations. This can cause the decision
tree to be too specific to the training data [127]. As a result, the model will overfit due to
being unable to generalize well on new test data, which causes poor rainfall estimation
results. Using random forests and gradient boosting can produce better rainfall estimates.
Random forest has the ability to handle noise in data because it uses many decision trees
independently [128]. By considering multiple features and random subsets of the training
data, random forests tend to be more tolerant of noise [129] because they can reduce
overfitting on each individual decision tree [130]. This allows the model to be more general
and stable [131], including in estimating rainfall. Gradient boosting is also effective in
managing missing data [130], which may be caused by weather radar and rain gauges, and
can correct model weaknesses by reducing the gradient of the loss function [132,133]. In the
boosting process, the model focuses on more difficult samples and then gradually improves
its performance; the next model tries to correct the errors made by the previous model [134].
This makes gradient boosting suitable for use in cases of complex data estimation and can
produce more accurate rainfall estimates than decision tree, random forest, and adaptive
boosting algorithms [122,123].

Ensemble learning techniques have achieved state-of-the-art performance in diverse
machine learning applications by combining the predictions from two or more base mod-
els [135]. Ensemble learning methods were also applied to produce better rainfall estimates.
Although accurate in rainfall estimation, the limitation of ensemble learning techniques
is that they require tuning hyperparameters [136,137]. This can affect the overall perfor-
mance and behavior of the model [138]. Hyperparameter optimization studies for rainfall
estimation in Indonesia have been discussed [139]. Tuning the hyperparameters carried
out in the XGBoost algorithm can improve the accuracy of the rainfall estimation model.

4. Discussion

Estimating rainfall in Indonesia using a combination of rain gauge, radar, and weather
satellite data is critical because the country comprises a large and varied geographic area
with relatively high rainfall, with many regions often experiencing floods and landslides.
Accurate rainfall estimation can aid in water resource management, reduce natural disaster
risks, and improve the quality of life for communities [140,141]. Rain gauges directly
measure rainfall in a specific area over a certain period, while a weather radar obtains
information on the speed and direction of water particles in rain clouds, allowing for the
estimation of rainfall location and intensity. Weather satellites are used to collect data
on weather conditions in larger areas, even on a global scale. Weather satellites can also
provide a broad picture of clouds and rainfall in a particular area.
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Rain gauges, although simple and low in cost, have the disadvantage of collecting
data that depend on the accuracy of the measurements and the inaccuracy of observation
times [142–144]. Weather radar has several types, with their respective characteristics,
advantages, and disadvantages. Although S-band-based radars offer better coverage, they
are susceptible to attenuation, especially in areas with heavy rain such as Indonesia. On the
other hand, C-band-based radar is more suitable for use in Indonesia because it is effective
in detecting the type of rainfall that commonly occurs in the region [35]. However, the use
of X-band-based radar in Indonesia is limited due to its shorter range and susceptibility to
attenuation. X-band produces higher spatial–temporal resolution products [145]. This type
is suitable for urban hydrology applications in Indonesia. In addition, the use of data from
weather satellites such as Himawari, GSMaP, and TRMM has been widely adopted for
estimating rainfall in Indonesia. Nevertheless, challenges such as parallax effects need to
be taken into account to ensure the accuracy of observations [146]. In facing this challenge,
integrating data from various sources and understanding the characteristics of each tool is
the key to increasing the accuracy of rainfall estimates in Indonesia.

The approach to estimating rainfall in Indonesia through the use of rain gauge, weather
radar, and weather satellite data shows a variety of methods and techniques that have been
applied. The traditional approach of using rain gauge data faces challenges in overcoming
the inability of a single rain gauge to represent rainfall in an area. Therefore, spatial
interpolation methods are needed to estimate rainfall around known points, using various
methods such as Thiessen polygon, inverse distance weighting, linear spline, and kriging.
The choice of interpolation method must take into account the unique characteristics of
each region [147,148].

The distribution of rain gauges shown in Figure 1 highlights a concerning disparity
in gauge density in Indonesia. Papua Island, in the eastern region of Indonesia, has fewer
rain gauges even though the region has local rain patterns with its diverse topography. In
contrast, Java Island, in the southern region of Indonesia, has a monsoon pattern and non-
complex topography, but the rain gauge distribution there is very dense. The rain gauge
density in Indonesia needs attention, as it can impact the selection of statistical models
and methods. In addition, statistical models do not always have accurate results [26,149],
depending on the linear relationships between variables.

Furthermore, the relationship between reflectivity weather radar data and rainfall
intensity data from rain gauges produces an empirical equation for the Z–R relationship.
Constant adjustments to empirical equations have been applied to estimate rainfall in
several regions of Indonesia, with each region having a different Z–R equation. However,
combining these two data sources requires consideration of seasonal differences, types of
rain events, topography, and the distance between the rain gauge and radar [105,106,150].
Mountain and urban areas in Indonesia should utilize X-band radar because it has a shorter
wavelength, which allows precipitation detection with higher spatial resolution. It is
crucial in urban areas that require detailed mapping. In addition, the X-band radar is
more effective in overcoming beam blockage problems in mountainous areas because its
working range allows more flexible placement and better avoidance of physical obstacles.
C-band and S-band radars are suitable for placement on flatlands or coasts with wide
ocean coverage. Longer ranges are critical for detecting tropical storms that develop over
the ocean and move toward land. In addition, flatland and coastal areas usually do not
have many physical obstacles, such as mountains or tall buildings, allowing for wider
radar coverage.

Statistical method validation can be carried out using satellite data with a rain gauge
or weather radar. In data validation using rain gauges, it is important to consider the
number and distribution of rain gauges because these factors can significantly influence the
estimation results. Meanwhile, machine learning approaches have been applied to estimate
rainfall in Indonesia using algorithms such as multi-layer perceptron (MLP), decision
tree, random forest, adaptive boosting, gradient boosting, and XGBoost. In the course of
our research regarding rainfall estimation, especially in Indonesia, we determined that
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the optimality of machine learning algorithms depends on the characteristics of the data
used [130].

We have reviewed the rapid development of the application of machine learning
around the world, including rainfall estimation [151–153]. It shows great potential for ap-
plication in Indonesia as a tropical country. For example, research using over-parameterized
neural network methods with remote sensing data can describe the spatial patterns of each
type of rain in tropical regions [154]. Another study developed a monthly rainfall estima-
tion model using monthly rainfall data for 54 years by combining optimization algorithms,
including artificial bee colony, particle swarm optimization, imperialism competitive al-
gorithm, and artificial neural network (ANN). The research results can help the climate
planning process in tropical regions [155]. Furthermore, new methods combining data from
various sources such as rain gauges, radar, and satellites to estimate rainfall have been
introduced for areas that are difficult to reach by traditional measuring instruments [151].
Some of these approaches would be appropriate if applied in remote and maritime areas,
which are often challenges in Indonesia. The computing technology of machine learning
enables the quick and efficient processing of more significant data. Machine learning
models can also capture complex non-linear patterns and relationships to produce accurate
and adaptive rainfall estimates. These developments and successes should be applied to
several case studies in Indonesia.

Several studies show that in general, the trend of using machine learning is starting
to be implemented in the rainfall estimation process in Indonesia. These studies can be
supported by the availability of C-band and X-band weather radar networks, as well as
information from satellites that can be accessed. As data sources increase and the resolution
of rainfall estimates increases, the challenge for the future is to prepare the capacity of the
processing system so that the computing process can run optimally [156,157]. This is also
in line with improvements in hyperparameter tuning and feature selection in training data.

The results of research regarding rainfall estimates in Indonesia found several prob-
lems, including the uneven distribution of rain gauges even though they function as actual
rain gauges and are often used as verification tools, limited coverage, and suitability of the
use of radar types for different regional conditions, corrections to satellite data and inaccu-
racies in statistical methods in dealing with variations in rain patterns. The development
of machine learning in the world has been very rapid, providing more accurate rainfall
estimates, but it has yet to be widely applied in Indonesia. Optimizing data integration
methods from various sources has also been widely carried out globally, but it is only
sometimes optimal when applied to rain patterns in Indonesia. The current challenge for
estimating rainfall in Indonesia is how to optimize the integration of data from various
existing sources, namely rain gauges, weather radar, and satellites, so that they can com-
plement one another, taking into account the differences in rainfall patterns in Indonesia,
namely, seasonal, equatorial, and local patterns.

From all the reviews, we can provide several recommendations regarding rainfall
estimates. Place rain gauges more evenly in an area. The use of mobile technology can be
a solution to fill gaps in distribution. Next, consider using a weather radar that suits the
area’s characteristics, correcting and calibrating satellite data with ground-truthing data.
With limited data sources, combining rain gauge, radar, and weather satellite data must
be used for better rainfall estimation results. Finally, develop and apply more adaptive
statistical methods or, at the same time, adopt machine learning technology, which has
proven to be more successful. Table 3 describes the summary of the review results of
estimating rainfall in Indonesia.
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Table 3. Summary of the review results of data sources, techniques, and methods for estimating
rainfall in Indonesia.

Discussion Area Current Conditions Recommendations and
Potential Improvements

Rainfall Data Source

Rain gauge The distribution of rain gauge points
is unevenly distributed. Manage the ideal rain gauge

distribution; place weather radar
according to technical and

non-technical characteristics;
implement bias correction according
to regional conditions. And combine

existing data sources in Indonesia.

Weather radar
Not all weather radar placements are

compatible with instrument and
topographic characteristics.

Weather Satellite
Bias correction has been implemented

but needs to be adjusted to the
conditions of each region.

Rainfall Estimation Methods
and Techniques

Statistical Application It has been widely applied but is less
adaptive to regional conditions. Developing the application of

machine learning for rainfall
estimation in IndonesiaMachine Learning

Approaches
Its implementation still needs to be

more common.

5. Conclusions

Focusing on Indonesia, this article presents various rainfall data from instrumentation
and estimation models. Rainfall is a significant meteorological parameter that has a direct
impact on many aspects of life, such as agriculture, transportation, and energy. Rainfall can
be directly measured with a rain gauge or indirectly estimated using weather radar and
satellites. In Indonesia, the tipping bucket is the most widely used type of rainfall sensor.
The tipping bucket sensor can measure rainfall per point directly near the ground’s surface,
is relatively accurate, and is often used to validate remote rainfall sensors. Moreover,
Indonesia has a national weather radar network that can provide data with high spatial
and temporal resolution, which can improve rainfall representation. Weather satellites
are also used to observe atmospheric dynamics globally. Various approaches to rainfall
estimation in Indonesia tend to rely on the quality and characteristics of the data. With
advancements in technology, ensemble learning-based approaches have been implemented
to improve the accuracy of rainfall estimation in Indonesia. Future research challenges will
of course be oriented toward more accurate and universal rainfall estimates. Further efforts
are needed, including data merging and selection, the use of universal ensemble learning,
hyperparameter tuning, and product resolution improvement.
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