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The development of rainfall estimates based on satellite links in several high
latitude regions shows good results. However, its development for tropical
regions is still very less promising, leaving the question of which method is
worth using. In this work, we investigate artificial intelligence (Al) models
by utilizing the Ku-band satellite downlink signal for rainfall detection on a
tropical island. Long-term evaluation of all the models is performed using
one year of rainfall intensity data. The findings of this study demonstrate
that one-dimensional convolution neural network (1DCNN), long short-term
memory (LSTM), and random forest (RF) models can effectively identify
rainfall occurrences on tropical islands, with the area under the receiver
operating characteristic curve (ROC) value of 0.84, 0.84, and 0.83,
respectively. These three models consistently provide better accuracy in
detecting the region’s diverse rainfall patterns throughout the year. The
1DCNN has better performance compared to the other models, achieving
accuracy values of 0.76 and 0.82 during the periods of lowest and highest

rainfall, respectively. Considering the presence of numerous potential
mislabeled rain samples in the dataset, this result is excellent. In addition,
the utilization of higher resolution rainfall intensity data can be a great
potential for real-time rainfall monitoring in the tropical region.
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1. INTRODUCTION

Several studies have been conducted over the past 10 years on the use of telecommunications
satellites” channel signals operating in the microwave frequency range [1] in the Ku (12-18 GHz) and Ka
(27-40 GHz) frequency bands [2] as alternatives to rainfall measurements. The transmission of
electromagnetic waves in these frequency ranges can be considerably affected by rain attenuation, as well as
other effects caused by air gases and clouds, although these effects are less significant but more frequent. The
reduction in the strength of the received signal is directly proportional to the quantity of precipitation
encountered along the path of the wave [3].

Numerous researchers have investigated rainfall measurement from satellite link signals using both
the power-law calculation [4] and artificial intelligence (Al) models [5]. Adirosi et al. [6] demonstrated that
real-time rainfall intensity can be estimated from the attenuation of Ku- and Ka-band satellite reception
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signals by using the power-law model and rain cloud height data. Several additional satellite frequencies,
including K-band [7], [8], X-band [9], and Q/V-band [10] have also been used. Researchers have constructed
a system for the detection and estimation of rainfall fields from digital video broadcasting satellite receivers
as part of the network for rain forecasting using broadband satellite telecommunications (NEFOCAST) and
innovative satellite-based rainfall detection and estimation for rain (INSIDERAIN) Project in Italy, aimed at
achieving regional coverage [11]-[14]. Rainfall intensity per minute in an inversion model for long-term (i.e.,
one year) performance has also been evaluated; this measurement was taken with a Ku-band satellite receiver
built in Nanjing, China [15]. Gharanjik et al. [7] used an artificial neural network (ANN) to discern between
rain and dry events by analyzing the carrier-to-noise power ratio data from the forward link and return link of
a broadband satellite communication network in Betzdorf, Luxembourg. Recent research on rainfall detection
in Nanjing, China, has used a support vector machine (SVM) to identify rainy and non-rainy periods with
Ku-band satellite link signals [16].

The development of rainfall estimates based on satellite links in several high latitude regions shows
good results. However, its development for tropical regions is still very less promising, leaving the question
of which method is worth using. In this research, we will study Al models that have been used at high
latitudes plus three other models which are expected to provide better performances. The long-term
evaluation of all the models is also performed based on one year of rainfall intensity data.

2. METHOD

In this work, we examine one-dimensional convolution neural network (LDCNN), long short-term
memory (LSTM), and random forest (RF) binary classification models that have never before been applied to
the detection of rainfall from satellite downlink signals. The SVM and a multilayer perceptron (multilayer
perceptron/MLP, a multi-layer ANN) are evaluated as comparison models. Figures 1(a) and (b) illustrates the
architectural concept of the 1IDCNN and LSTM models.
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Figure 1. The architecture of (a) IDCNN and (b) and LSTM
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The 1DCNN is a specialized type of convolution neural network (CNN) [17] used for processing
one-dimensional data, like sequences or time series. It employs convolutional layers with filters to capture
local patterns and features in the input data. As depicted in Figure 1(a), 1IDCNN consists of convolutional
layer, pooling layer, dense layer and output layer which acts as the prediction output of the model. The
LSTM model, proposed by Hochreiter and Schmidhuber [18], is a robust recurrent neural system specifically
engineered to address the issues of exploding or vanishing gradients that commonly occur during the learning
of long-term dependencies. Like the 1IDCNN, the LSTM model is composed of a layer of LSTM units, a
dense layer, and an output layer that serves as the model’s prediction output, as depicted in Figure 1(b). The
LSTM architecture comprises a collection of interconnected sub-networks, referred to as memory blocks or
LSTM units. The purpose of the memory block is to preserve its state over time and control the flow of
information through non-linear gating units. The transport of information to the next cell involves two states:
the cell state and the hidden state. The hidden state at time step t encompasses the output of the LSTM layer
for this specific time step. The cell state encompasses knowledge acquired from preceding time steps. During
each time step, the layer either incorporates new information into the cell state or eliminates existing
information from it.

The RF technique is an ensemble algorithm first introduced by Breiman [19]. It has been designed
to handle various nonlinear classification and regression tasks. The bootstrap sampling method and random
feature selection were used to create a large and diverse forest consisting of numerous decision trees [20]. RF
outperforms a single decision tree and mitigates over-fitting by employing an averaging technique. The
instability of decision trees is attributed to their high variation and low bias. The final result is determined by
either selecting the category with the highest number of votes in the classification model or calculating the
average prediction from all decision trees in the regression model. Significantly, it facilitates rapid processing
for extensively parallel computing on substantial datasets or training multidimensional vectors with a high
level of predictive accuracy.

2.1. Dataset

The models employed in this study utilize data on the energy per symbol to noise power spectral
density ratio (Es/No) acquired over a period of one hour. This data represents the quality of the satellite
signal received by the user terminal (UT) in a multi-spot-beam satellite network, as depicted in Figure 2 [21].
Numerous UTs are dispersed across specific satellite beam points and are connected to one or more network
gateways, which serve as the network’s communication hub. Each UT receives Ku-band downlink signals
from Apstar-5C’s 138 east orbital position. Since the Gateway satellite network employs a site diversity
system [22], as postulated by Gharanjik et al. [7], the Es/No data received by the UT is dominated by rain on
the downlink side from the satellite to the UT.

Each UT has a path to the internet at the network gateway for client access. In addition, a network
management system (NMS) serves as a data traffic controller and collects the Es/No data received by each
UT at the gateway location. The Es/No data for a specific period of time is stored in a database. By using
hourly rainfall intensity data from the nearest Hellmann rain gauge (RG) [23], [24] at the Ranai
Meteorological Station, each hour of Es/No data is classified as either rain or dry conditions. The Ranai
Meteorological Station is a weather observation facility that is under the ownership of the Meteorological
Climatological and Geophysical Agency of Indonesia. The rainfall intensity data from Hellmann’s has
undergone quality control due to the membership of the Ranai Meteorological Station in the Global Basic
Observing Network of the World Meteorological Organization (WMO). The WMO Integrated Global
Observing System (WIGOS) Station Identifier of Ranai Meteorological Station is 0-20000-0-96147
(https://oscar.wmao.int/surface/#/).
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Figure 2. Ku-band satellite communication network
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In Figure 3, the UT and RG are located on Natuna Island, which is a tropical island located in the
South China Sea inside the Indonesian territory. The red line indicates the direction of the link between the
UT and the satellite. The UT is part of the high-throughput-satellite broadband network operated by
Telkomsat, a subsidiary of Telkom that provides satellite services in Indonesia. The company specializes in
providing high-quality and international-standard upstream to downstream services.
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Figure 3. Location of the UT and RG on Natuna Island

Every two minutes, the network gateway stores the Es/No data sent by the UT in the database. The
RG (3.912034°N, 108.393530°E), located 3.3 kilometers away from the UT (3.941110°N, 108.387666°E),
measures rainfall intensity or rain rate (RR) in millimeters per hour. Based on several mesoscale cloud
studies in Indonesia [25], [26], the location of the RG is considered to represent rainfall at the UT site
because the former is found in the same wet region during extreme weather events. The UT and the RG are
also situated in the same coastal region, which ensures that the World Meteorological Organization’s
recommended network coverage for rain gauges is maintained [27].

We define the Es/No parameter with dry or rain labels based on the rainfall intensity data, where RR
> (0 denotes a rain label. Figure 4(a) shows the Es/No and RR data from December 2019 to September 2022.
Each hour of Es/No data that corresponds to RR > 0 is highlighted in green in Figure 4(b) and represents a
rain label; otherwise, it represents a dry label. The one-hour sample of Es/No data, denoted as x,, = [xn-1,
xn-2, xn-3, ... xn-30], is formed by concatenating two-minute Es/No data into a single vector representing a
time frame of one hour, according to the method used by Habi and Messer [28].
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Figure 4. Dataset of the Es/No in decibels (dB) and RR in millimeters per hour (mm/h); (a) from December
2019 through September 2022 and (b) sample data illustrating Es/No markings for both dry and rain
conditions

2.2. Preprocessing

Figure 5 presents the flow chart of the rainfall detection model, which comprises three stages: (i) data
preprocessing, (ii) model construction, and (iii) model evaluation. The initial step in data preprocessing involves
the utilization of linear interpolation on Es/No data to address the gaps that arise due to the absence of a satellite
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connection link. Subsequently, data normalization is carried out, a procedure that has been explored by
several authors [29], [30]. Interpolation is limited to data gaps of up to six minutes. As part of the
normalization process, the subtraction of the median value derived from the entirety of the preceding and
following 12-hour data is conducted for every time step. This method is implemented to optimize the
performance of the model that will be employed. After interpolating and excluding all the missing values,
there are a total of 22,456 samples.
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Figure 5. Flow chart of the rainfall detection model

After interpolation and normalization, the dataset is divided into training and testing sets. The model
is trained with datasets ranging from December 2019 to April 2022. For long-term performance evaluation,
we employ data from June 2022 to May 2023 in model testing. Drawing on Habi and Messer [28], we
balance the rain and dry classes in both the training and testing datasets to enhance model performance. By
randomly reducing the number of dry samples to match the number of rain samples, the undersampling
approach is used to acquire an equalized (50:50) class ratio. In the end, the dataset consists of 3,046 training
samples and 480 testing samples. During the training of the 1DCNN, MLP, and LSTM models, a random
selection of 20% of the training data was allocated for data validation purposes. This subset of data was
utilized to assess the performance and progress of the models throughout the training process.

2.3. Binary classification model

In this study, we examine the performance of five Al models for binary classification. The 1DCNN
employs Polz et al.’s configuration [29] for microwave-link rain detection research. The MLP is employed
by using dense layers derived from the 1IDCNN. The LSTM model incorporates the layer introduced by Habi
and Messer [28], employing the same amount of dense layers as the MLP. Table 1 presents the layer
configuration for the 1IDCNN, LSTM, and MLP models.

TELKOMNIKA Telecommun Comput El Control, Vol. 24, No. 5, October 2026: 1632-1643



TELKOMNIKA Telecommun Comput EI Control O 1637

Table 1. Layer configuration for the 1IDCNN, LSTM, and MLP models
1DCNN MLP LSTM
Layer Activation Layer Activation Layer Activation
Layer configuration ~ Conv 1D (24,3) Relu - - - -

Conv 1D (24,3) Relu - - -
Max Pool 1D - -
Conv 1D (48,3) Relu - - -
Conv 1D (48,3) Relu - - -
Max Pool 1D - -
Conv 1D (48,3) Relu - - -
Conv 1D (48,3) Relu - - -

Max Pool 1D - - - - -

Flatten - - - LSTM (128) Relu

Dense (64) Relu Dense (64) Relu Dense (64) Relu

Dropout (0.4) - Dropout (0.4) - Dropout (0.4)

Dense (64) Relu Dense (64) Relu Dense (64) Relu

Dropout (0.4) - Dropout (0.4) - Dropout (0.4)

Dense (1) Sigmoid Dense (1) Sigmoid Dense (1) Sigmoid
Optimizer SGD (learning_rat e= 0.006)  SGD (learning_rate = 0.005) Adam (learning_rate = 0.001)

For the SVM and RF models, the default parameters are applied. Although SVM and RF are not
classified as deep neural network techniques, they are commonly used for handling time series data and
binary classification models [31]-[34]. The process for achieving the best rainfall detection for each model is
illustrated in stage 2 of Figure 5. We train the 1DCNN, MLP, and LSTM models by using a batch size of four
for a maximum of 1,000 epochs, with validation loss monitoring based on early stopping. The training
process for each model involves numerous iterations, wherein the training data (specifically, the selection of
dry samples) is randomized in various ways. This randomization is performed repeatedly until the best results
are obtained. All the models are evaluated with the same set of test data.

2.4. Model evaluation

The final stage of Figure 5 involved the evaluation of each model in this study. The long-term
evaluation of each classification model yields predictions that are subsequently compared with actual
reference points. The outcome is a confusion matrix comprising true positives (TP), false positives (FP), false
negatives (FN), and true negatives (TN), as illustrated in Table 2. Moreover, the outcomes of the confusion
matrix are utilized to calculate evaluation metrics such as the true positive rate (TPR), the true negative rate
(TNR), the overall accuracy, and the F1 score for predicting rain, as defined in Table 3.

Table 2. Confusion matrix of binary classification models

Prediction
Dry Rain
Actual Dry TN: predicted dry, actual dry FP: predicted rain, actual dry
Rain FN: predicted dry, actual rain TP: predicted rain, actual rain

Table 3. Evaluation metrics equations

Metrics Equations
TP

TPR —_—
TP ”ler FN

TNR
TN + FP
TP + TN

Accuracy

TP+ TN + FP + FN
2TP

F1 score —_—
2TP + FP + FN

In addition to the aforementioned evaluation metrics, the receiver operating characteristic (ROC)
curve and the area under the curve (AUC) graphs are also utilized to depict the performance of individual
binary classification models [35]. The evaluation encompasses all one-year test data as the ROC curve is
unaffected by the ratio of dry and rain periods [29]. A perfect classifier will be located at the upper-left
corner of the ROC space, which is at the coordinates (0, 1). In the context of classification, the AUC metric
indicates the likelihood of a classifier correctly ranking a randomly chosen positive instance above a
randomly chosen negative instance.
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As a final evaluation, the models’ consistency of performance in detecting diverse rainfall patterns
is evaluated on a seasonal basis, in accordance with the climatology of Natuna Island [36], [37]. The periods
examined are December to February (DJF), March to May (MAM), June to August (JJA), and September to
November (SON) [38]. This evaluation aims to examine the consistency of the models’ performances across
a variety of rainfall patterns in one year.

3. RESULTS AND DISCUSSION

We evaluate the performance of all the models by using RR data samples from June 2022 to May
2023, as shown in Figure 6. These samples have various amounts and intensities of rain events for each
season. Figure 6(a) presents 2,029 samples of 139 rain events with a maximum intensity of 39 mm/h, which
were collected between June and August 2022. Figure 6(b) depicts 2,043 samples of 218 rain events with a
maximum intensity of 33.7 mm/h from September to November 2022. Figure 6(c) shows 2,070 samples of
314 rain events with a maximum intensity of 30 mm/h from December 2022 to February 2023. Figure 6(d)
presents 2,080 samples of 109 rain events with a maximum intensity of 35 mm/h from March to May 2023.
There are a total of 780 rain events in the 8,222 samples used to evaluate the models.
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Figure 6. Samples of rainfall intensity for long-term model evaluation; (a) June—August 2022,
(b) September—November 2022, (c) December 2022—February 2023, and (d) March—May 2023

The evaluation of the binary classification model’s performance is initially assessed through the
utilization of the ROC curve, which incorporates various threshold values. This is illustrated in Figure 7.
ROC graphs are graphical representations that depict the relationship between the TPR and the false positive
rate (FPR). These graphs are two-dimensional, with the TPR represented on the y-axis and the FPR plotted
on the x-axis. The TPR, also known as the hit rate or recall rate, represents the proportion of correctly
predicted occurrences of rain in relation to the overall number of rainy events. Conversely, the FPR, often
referred to as the false alarm rate, indicates the ratio of incorrectly predicted dry events to the total dry
amount. The AUC describes predictive performance across all the possible classification thresholds. With the
exception of the SVM maodel, all the models demonstrate excellent performance as binary classifiers in rain
detection. This is evident from the convex shape of the ROC graphs and the AUC values, which exceed 0.8
[39], [40]. The AUC values for the IDCNN, LSTM, RF, MLP, and SVM are 0.84, 0.84, 0.83, 0.82, and 0.79,
respectively.
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Figure 7. The ROC-AUC graph of model performance

The evaluation of the binary classification model’s performance is initially assessed through the
utilization of the ROC curve, which incorporates various threshold values. This is illustrated in Figure 7.
ROC graphs are graphical representations that depict the relationship between the TPR and the FPR. These
graphs are two-dimensional, with the TPR represented on the y-axis and the FPR plotted on the x-axis. The
TPR, also known as the hit rate or recall rate, represents the proportion of correctly predicted occurrences of
rain in relation to the overall number of rainy events. Conversely, the FPR, often referred to as the false alarm
rate, indicates the ratio of incorrectly predicted dry events to the total dry amount. The AUC describes
predictive performance across all the possible classification thresholds. With the exception of the SVM
model, all the models demonstrate excellent performance as binary classifiers in rain detection. This is
evident from the convex shape of the ROC graphs and the AUC values, which exceed 0.8 [39], [40]. The
AUC values for the IDCNN, LSTM, RF, MLP, and SVM are 0.84, 0.84, 0.83, 0.82, and 0.79, respectively.

In order to evaluate the TPR, TNR, accuracy, and F1 score, it is required to balance the test data by
randomly reducing the number of dry samples to match the number of rain samples. Figure 8 presents the
long-term evaluation metrics for all the models with a threshold of 0.5. Overall, all the models deliver more
accurate predictions of dry conditions than rain conditions, as indicated by the fact that the TNR values
exceed the TPR ones. This result is in line with research conducted by Polz et al. [29]. Three models; the
1DCNN, LSTM, and RF can detect rain better than the rest according to the TPR values. On average, 29% of
rainfall events are incorrectly detected by the LSTM, 32% by the 1IDCNN, and 33% by the RF, whereas the
MLP and SVM incorrectly detect 47% and 52% of rain events, respectively.

®1DCNN ®mLSTM mRF sMLP =mSVM
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Figure 8. Evaluation metrics for all the models

Accuracy and F1 score are further aspects of evaluation. In terms of accuracy performance, the
1DCNN, RF, and LSTM models outperform the MLP and SVM with an accuracy range of 0.77-0.78, which
is higher than the values for the MLP (0.73) and the SVM (0.71). Calculating the weighted average of a
model’s accuracy (also known as positive predictive value) and recall (i.e., sensitivity) yields the F1 score. In
other words, the F1 score takes into account FP (actual dry but predicted rain) and FN (actual rain but
predicted dry) and more accurately reflects the performance of a binary classification model. Again, the
1DCNN, LSTM, and RF models outperform the other models in detecting rain, with F1 scores ranging from
0.75 to 0.76, whereas the F1 scores of the MLP and the SVM are 0.66 and 0.62, respectively.
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As a final performance evaluation, the accuracy of each model is tested on a seasonal basis. This
evaluation is conducted to examine the consistency of the models’ performances in detecting diverse rainfall
patterns. Figure 9 shows the performances of the examined models during the JJA, SON, DJF, and MAM
periods. All the models have higher performances in MAM because the number of rain events in the test data
for this period is the lowest compared to the other periods. According to the results of this evaluation, the
1DCNN, LSTM, and RF consistently outperform the MLP and SVM, which have been employed in previous
studies [7], [16]. In the DJF and MAM periods, where the number of rain events is highest and lowest,
respectively, the IDCNN outperforms the LSTM and RF with accuracy values of 0.76 in DJF and 0.82 in MAM.

In general, the performance of 1IDCNN, LSTM, and RF, which we propose as binary classification
models for rainfall detection, outperform the MLP and SVM as depicted in Table 4. The findings of this
study demonstrate that IDCNN, LSTM, and RF models can effectively identify rainfall occurrences on
tropical islands. The RF model has a detection probability of 83%, whereas both 1IDCNN and LSTM models
have a detection probability of 84% each. Considering the presence of numerous potential mislabeled rain
samples in the dataset, this result is excellent. This discrepancy is attributed to the significant distance
between UT and RG, resulting in a likelihood of several rain occurrences that differ between the two sites.
Furthermore, the performance of the RF is reliable and competitive when compared to the 1IDCNN and the
LSTM, despite the fact that default parameters are used.

= 1DCNN ®mLSTM ®mRF mMLP mSVM

0.9 4

0.8 -
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Figure 9. Seasonal accuracy performance of the models

Table 4. Comparison of models’ performance

Long-term accuracy
Model AUC  Accuracy F1-score JA SON DIF MAM

1DCNN  0.84 0.78 0.76 078 0.78 0.76  0.82
LSTM 0.84 0.77 0.76 078 078 0.75 081
RF 0.83 0.78 0.75 078 077 072 081
MLP 0.82 0.73 0.66 0.74 073 0.68 0.76
SVM 0.79 0.71 0.62 073 070 0.65 0.74

4. CONCLUSION

In this article, we investigate Al techniques based on binary classification to detect rain from Ku-
band communication satellite downlink signals. The study area is located on the Indonesian Island of Natuna,
which is in the tropical equatorial region. Our research demonstrates that satellite downlink signals can detect
rainfall on a tropical island. The results of this study indicate that 1DCNN, LSTM, and RF models are
capable of accurately detecting rainfall events, with a detection rate of up to 84%. Furthermore, each model
provides consistency of performance with better accuracy in detecting the region’s diverse rainfall patterns
throughout the year. In the DJF and MAM periods, when the number of rain events is highest and lowest,
respectively, the 1IDCNN outperforms all the other models with accuracy values of 0.76 in DJF and 0.82 in
MAM. These findings confirm that the use of Al models for rainfall detection using satellite link signals is
promising for tropical regions. Considering the errors in rain-dry labeling in both the training and test data,
this result is excellent. Future research is expected to use the UT and RG at the same location to improve the
models’ accuracy. In addition, the utilization of higher resolution rainfall intensity data can be a great
potential for real-time rainfall monitoring in the tropical region.
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