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 Rainfall prediction plays an important role in supporting hydrometeorological 

disaster mitigation and weather-related decision-making. However, accurate rainfall 

prediction remains challenging because atmospheric processes are highly nonlinear 

and governed by complex interactions among multiple meteorological variables. 

This study proposes a Hybrid TabNet–XGBoost model for daily rainfall prediction 

using integrated radiosonde and surface meteorological observations collected at the 

BMKG Juanda Class I Meteorological Station. The dataset covers the period from 
2019 to 2025 and consists of 2,551 daily observations. TabNet was employed to 

select the fifteen most informative atmospheric variables based on feature 

importance, while temporal dependencies were incorporated through lag features 

generated using Autocorrelation Function (ACF) and Partial Autocorrelation 

Function (PACF) analyses. Hyperparameter optimization was performed using 

Optuna with TimeSeriesSplit cross-validation prior to model training. Experimental 

results on the testing dataset achieved an RMSE of 19.1347 mm, an MAE of 11.9742 

mm, a MAPE of 17.62%, and an R² of 0.0449. The proposed model was able to 

capture the general temporal pattern of daily rainfall and produced satisfactory 

predictions under the dominant rainfall conditions represented in the dataset. 

However, the model exhibited reduced sensitivity to high-intensity rainfall events, 

resulting in the underestimation of extreme rainfall and a relatively low R² value, 
primarily due to the imbalanced rainfall distribution and the complexity of rainfall 

processes. The optimized model was subsequently applied to generate daily rainfall 

projections for 2026 based on historical atmospheric observations. Since the 

corresponding observational data were unavailable at the time of this study, these 

projections should be interpreted as model-based forecasts rather than validated 

prediction results. Overall, the proposed Hybrid TabNet–XGBoost framework 

demonstrates the potential of integrating radiosonde and surface meteorological 

observations for daily rainfall prediction while highlighting the need for additional 

atmospheric and spatial information to improve the prediction of extreme rainfall 

events. 
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I. INTRODUCTION 

Global climate change has increased the frequency and 

intensity of extreme weather events in various regions around 

the world [1]. The Intergovernmental Panel on Climate 

Change (IPCC) AR6 report states that the rise in global 

average temperature of approximately 1.1°C since the pre-

industrial era has caused the atmosphere to hold more water 

vapor, thereby increasing the likelihood of heavy rainfall [1]. 

The increase in extreme rainfall events has far-reaching 
impacts on various sectors, ranging from the environment and 

infrastructure to the social and economic activities of 

communities [2]. These conditions underscore the need to 

develop more accurate rainfall prediction systems as part of 

efforts to mitigate hydrometeorological disasters [3]. 

mailto:22083010048@student.upnjatim.ac.id
mailto:aviolla.terza.sada@upnjatim.ac.id
mailto:alfan.fasilkom@upnjatim.ac.id
https://creativecommons.org/licenses/by-sa/4.0/


JAIC e-ISSN: 2548-6861    3873 

 

Implementation of a Hybrid TabNet–XGBoost Model Based on Radiosonde Data for Predicting Daily Rainfall Intensity in 

Surabaya (Annabel Gracia Puryani, Aviolla Terza Damaliana, Alfan Rizaldy Pratama) 

Indonesia is a tropical country with a complex atmospheric 

profile resulting from the interaction of monsoon winds, the 

Madden–Julian Oscillation (MJO), air mass convergence, 

and topographic influences [4]. The interaction of these 

various atmospheric phenomena causes the distribution and 

intensity of rainfall in Indonesia to exhibit high variability 

throughout the year [4]. In addition to being influenced by 

regional and global factors, rainfall formation in Indonesia is 

also dominated by convective processes involving 
temperature, humidity, and atmospheric dynamics across 

various layers of the atmosphere [5]. These dynamic 

atmospheric characteristics mean that predicting rainfall 

intensity in tropical regions remains a challenge in the field 

of meteorology [6]. 

This phenomenon has also been observed in the city of 

Surabaya, which in recent years has experienced an increase 

in heavy rainfall events with daily rainfall exceeding 150 mm 

[7]. These extreme rainfall events have caused flooding in 

various areas, resulting in infrastructure damage and 

disruptions to community activities [7]. The Surabaya City 
Government has also noted an increase in the budget required 

for flood management as a result of the rise in 

hydrometeorological events [7]. These conditions indicate 

that improving the ability to predict rainfall intensity is 

essential for supporting decision-making in disaster 

mitigation [3]. 

Predicting rainfall intensity remains a challenge because 

the process by which it forms is influenced by the complex 

and nonlinear interactions of various atmospheric parameters 

[8]. The use of global reanalysis data such as ERA5 still has 

limitations in representing tropical atmospheric conditions, 

particularly with regard to humidity and atmospheric 
instability [9]. Therefore, radiosonde data is a relevant source 

of observations because it provides direct, high-resolution 

information on the vertical structure of the atmosphere [10]. 

In addition to measuring temperature, pressure, humidity, and 

wind, radiosonde data can also be used to calculate various 

atmospheric indices related to the potential for extreme 

rainfall [11]. 

Various studies have utilized atmospheric indices derived 

from radiosonde observations to support rainfall forecasts. 

The K-Index has been reported to be capable of identifying 

most extreme rainfall events in Southeast Asia and is 
therefore widely used as an indicator of atmospheric 

instability [12]. In addition, the Lifted Index (LI) and 

Convective Available Potential Energy (CAPE) are also 

known to have a strong correlation with the development of 

convective clouds and heavy rainfall events [13]. These 

findings indicate that atmospheric parameters derived from 

radiosonde observations have the potential to be used as 

inputs in the development of rainfall intensity prediction 

models [14]. 

As technology has advanced, various machine learning 

methods have been applied to model nonlinear relationships 

in multivariate atmospheric data [15]. TabNet is one such 
method designed for tabular data that uses a sequential 

attention mechanism, enabling it to perform adaptive feature 

selection [16]. On the other hand, XGBoost is widely used as 

a gradient boosting algorithm because it is capable of building 

predictive models for data with complex characteristics [17]. 

However, the use of TabNet as a standalone model still faces 

challenges in handling imbalanced data distributions and 

relatively rare extreme weather events [18]. 

Various machine learning and deep learning approaches, 

including Random Forest, Support Vector Regression (SVR), 
Light Gradient Boosting Machine (LightGBM), Long Short-

Term Memory (LSTM), and Gated Recurrent Unit (GRU), 

have been widely applied for rainfall prediction because of 

their ability to model complex nonlinear relationships among 

meteorological variables [19]–[21]. Although these methods 

have demonstrated promising predictive performance, most 

previous studies primarily rely on surface meteorological 

observations or gridded reanalysis datasets, which may not 

adequately represent the vertical atmospheric structure 

associated with convective rainfall formation [22]. 

Furthermore, many existing studies directly utilize all 
available predictor variables without adaptive feature 

selection, potentially introducing redundant information and 

increasing model complexity [23]. Consequently, the 

integration of radiosonde-derived atmospheric variables with 

adaptive feature selection remains relatively limited in 

rainfall prediction research. Therefore, combining TabNet-

based feature selection with XGBoost provides a promising 

framework for reducing feature redundancy while improving 

rainfall prediction using vertically observed atmospheric 

information [24]. 

Given these conditions, the implementation of the Hybrid 

TabNet–XGBoost approach for rainfall intensity prediction 
based on radiosonde data remains an interesting topic for 

further study [24]. In this study, TabNet was used as an 

adaptive feature selection method to identify the most 

relevant atmospheric parameters, while the selected features 

were used as input for the XGBoost model to predict rainfall 

intensity [24]. This approach combines TabNet’s adaptive 

feature selection process with XGBoost’s ability to build 

predictive models based on nonlinear relationships in 

atmospheric data [24]. This study aims to examine the 

implementation of the Hybrid TabNet–XGBoost model in 

rainfall intensity prediction based on radiosonde data and to 
evaluate its performance using Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), Mean Absolute 

Percentage Error (MAPE), and the coefficient of 

determination (R²) [25]. 

II. METHOD  

This study proposes a Hybrid TabNet–XGBoost model to 

predict rainfall intensity using radiosonde data. The research 

stages include data acquisition, preprocessing, TabNet 

feature selection, Lag Feature Construction Using ACF and 

PACF, data splitting, lag feature engineering, hyperparameter 

optimization using Optuna, training the Hybrid TabNet–

XGBoost model, evaluating the model’s performance using 
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the RMSE, MAE, and MAPE metrics, and predicton. The 

research flowchart is shown in Figure 1. 

 

 
Figure 1 Flowchart Rainfall Prediction 

A. Data Collection 

The dataset used in this study consists of atmospheric 

observation data obtained from the BMKG Juanda Class 

I Meteorological Station. The data comprise upper-air 

observations from radiosondes, surface meteorological 

observations, and daily precipitation records covering the 

period 2019–2025. Radiosonde observations were 

conducted routinely twice daily at 00 UTC and 12 UTC 

following the operational procedures of the World 

Meteorological Organization (WMO). The upper-air 

observations were subsequently integrated with surface 

meteorological observations and daily rainfall records to 

produce a unified dataset for model development. The 
surface observation variables include station height 

(Height), surface air pressure (Press0), surface air 

temperature (Temp0), surface relative humidity (Humi0), 

wind speed (WS), and wind direction (WD). Meanwhile, 

the upper-air variables consist of various atmospheric 

stability indices and thermodynamic parameters, 

including the Lifted Index (LI), K Index (KI), Showalter 

Index (SI), Total Totals (TT), Total Precipitable Water 

(TPW), Convective Available Potential Energy (CAPE), 

Convective Inhibition (CIN), Boyden Index, and other 

atmospheric parameters derived from radiosonde 

observations. The target variable in this study is daily 

precipitation (CH), while all atmospheric variables are 

used as predictor variables to develop a Hybrid TabNet–

XGBoost model for rainfall prediction. 

TABLE 1  

DATA STRUCTURES 

Tanggal LI KI . . Humi0 WS WD 

01/01/19 𝑥1,1 𝑥2,1 . . 𝑥21,1 𝑥22,1 𝑥23,1 

02/01/19 𝑥1,2 𝑥2,2 . . 𝑥10,2 𝑥11,2 𝑥12,2 

. . .   . . . 

. . . . . . . . 

30/12/25 𝑥1,2558 𝑥2, 
2558 

. . 𝑥21, 
2558 

𝑥22, 
2558 

𝑥23, 
2558 

31/12/25 𝑥1, 2558 𝑥2, 
2558 

. . 𝑥21, 
2558 

𝑥22, 
2558 

𝑥23, 
2558 

B. Pre-Processing 

The preprocessing stage is performed to ensure the 
quality and consistency of the dataset before it is used in 

the model development process [26]. This stage includes 

data cleaning, data type transformation, and missing value 

handling to produce reliable input data and improve the 

stability of the prediction model [26]. During the data 

cleaning process, inconsistencies in data formatting, such 

as numerical notation and variable naming, are 

standardized, while all predictor variables are converted 

into numerical data types compatible with machine 

learning algorithms [26]. In addition, the date column is 

transformed into the datetime format to preserve the 
chronological order of observations, which is essential for 

time-series modelling [27]. 

Missing values are handled using the linear 

interpolation method, which estimates missing 

observations based on adjacent available values [28]. This 

method is widely adopted for time-series data because it 
preserves temporal continuity while minimizing 

distortion of the original data pattern [28]. Prior to 

interpolation, the dataset was inspected to identify 

incomplete observations and ensure the consistency of 

meteorological measurements. Data cleaning was also 

performed to standardize variable names, numerical 

formats, and data types before model development. 

Furthermore, linear interpolation maintains the number of 

observations available for model training without 

introducing abrupt changes in the temporal sequence [28]. 

As a result, the preprocessing stage produces a complete 

and consistent dataset that is suitable for subsequent 

feature engineering and model development [26]. 

C. Feature Selection Using TabNet 

During the training process, TabNet generates an 

attention mask at each decision step to determine which 

features should receive greater attention in the subsequent 
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computation [29]. The attention mask is calculated using the 

Sparsemax activation function, as expressed in Equation 1. 

M[i] =  sparsemax (ℎ𝑖(𝑎𝑖 − 1) ∙  P[i]) Equation 1 

Where M[i] denotes the attention mask, ℎ𝑖(𝑎𝑖 − 1) is the 

transformed activation obtained from the previous decision 

step, P[i] represents the prior scales that assign the initial 

weights to each feature, and Sparsemax is a normalization 

function that produces a sparse weight distribution by 

assigning zero weights to less relevant features [29]. 

The selected features are then processed by the Feature 

Transformer to generate a new activation 𝑎𝑖  which represents 

a nonlinear combination of the selected features [29]. Before 

producing the activation, the Rectified Linear Unit (ReLU) 

activation function is applied to preserve positive values 

while setting negative values to zero, thereby maintaining 
nonlinear representations and improving training stability 

[29]. Subsequently, the prior scales are updated to reduce the 

probability of repeatedly selecting the same features in 

subsequent decision steps, as expressed in Equation 2. 

𝑃[𝑖 + 1] = 𝑃[𝑖]⨀(1 − 𝑀[𝑖]) Equation 2 

where P[i+1] denotes the updated prior scales for the next 

decision step, P[i] is the prior scale at the current decision 

step, and 1−M[i] reduces the weights of previously selected 

features, encouraging the model to explore other informative 

features [29]. Finally, the activations obtained from all 

decision steps are aggregated to produce the final feature 

representation, as expressed in Equation 3. 

𝑎𝑓𝑖𝑛𝑎𝑙 = ∑ 𝑎𝑖

𝑁

𝑖=1

 Equation 3 

where 𝑎𝑓𝑖𝑛𝑎𝑙 denotes the final feature representation, 𝑎𝑖 is 

the activation generated at the i-th decision step, and N is the 
total number of decision steps in the TabNet architecture [30]. 

The aggregated representation is subsequently used to 

calculate the feature importance score of each input variable, 

and the variables are ranked according to their importance 

scores [30]. The variables with the highest feature importance 

values are then selected as the input features for the 

subsequent prediction model, reducing data dimensionality 

while preserving the most informative features [30]. 

In this study, all predictor variables were initially 

provided as input to the TabNet model to learn their relative 

contributions to rainfall prediction through its sequential 

attention mechanism. Based on the resulting feature 

importance scores, the predictor variables were ranked 

according to their relevance to the prediction task. The 

variables with the highest importance scores were 

subsequently retained for the next stage of lag feature 

construction and Hybrid TabNet–XGBoost model 
development. This approach reduces feature redundancy 

while preserving the most informative atmospheric variables, 

thereby improving model efficiency without sacrificing 

predictive capability [25], [26].  

D. Lag Feature Construction Using ACF and PACF 

Lag feature generation is performed to incorporate 

temporal information by representing the relationship 

between current observations and their historical values [31]. 

This process utilizes the Autocorrelation Function (ACF) and 

Partial Autocorrelation Function (PACF) to identify the 

temporal dependency of each variable and determine the most 

appropriate lag based on its autocorrelation characteristics 

[31]. The selected lag values are then used to construct lagged 

features, enabling the model to capture historical patterns and 

temporal dependencies within the dataset [31]. The generated 

lag features are subsequently used as input variables for the 
prediction model in the next stage [32]. Based on the ACF 

and PACF analyses, lag features were constructed to 

incorporate temporal dependencies between previous 

atmospheric conditions and current rainfall observations. The 

lag selection process was performed individually for each 

predictor variable by considering the autocorrelation pattern 

and statistical significance obtained from the ACF and PACF 

analyses. The selected lag features were subsequently 

combined with the predictor variables used as input to the 

Hybrid TabNet–XGBoost model. The detailed lag values 

selected for each variable are presented and discussed in the 

Results and Discussion section. 

E. Data Splitting 

The dataset is divided into training and testing sets using 

a chronological split approach, where the observations are 

separated according to their temporal order without 

randomization [33]. This approach preserves the sequential 
nature of time-series data, ensuring that the model is trained 

only on historical observations before being evaluated on 

future data [33]. In this study, observations from January 

2019 to December 2024 were used as the training set, while 

observations from January 2025 to December 2025 were 

reserved as the testing set [33]. Such a data partitioning 

strategy provides a more realistic evaluation of the model 

while preventing data leakage that may occur if future 

observations are included during the training process [33]. 

Since rainfall data are time-series observations, the dataset 

was divided chronologically to preserve the temporal order of 
the observations and prevent data leakage between the 

training and testing sets. This approach ensures that the 

prediction model is always evaluated using future 

observations that were not available during training, thereby 

providing a more realistic assessment of model performance. 

The detailed composition of the training and testing datasets 

is presented in the Results and Discussion section. 

F. Hyperparameter Optimization Using Optuna 

Hyperparameter optimization was performed using 

Optuna, a define-by-run optimization framework that 

automatically searches for the optimal hyperparameter 

combination based on a predefined objective function [34]. 

To preserve the temporal structure of the dataset, the 
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optimization process employed TimeSeriesSplit as the cross-

validation strategy, while the Root Mean Square Error 

(RMSE) was used as the optimization objective [34].  

Hyperparameter optimization was performed using the 

Optuna framework to identify the optimal configuration of 

the Hybrid TabNet–XGBoost model. Optuna automatically 

explored combinations of hyperparameter values within 

predefined search spaces using a trial-based optimization 

strategy. The optimization objective was to minimize the 

prediction error while maintaining the model's generalization 

capability through TimeSeriesSplit cross-validation. This 

automated optimization approach reduces the need for 

manual parameter tuning and improves the efficiency of the 

model development process [34].  

TABLE 2  

SELECTED SEARCH SPACES 

Hyperparameter Search Space 

Booster {gbtree, dart} 

Number of Trees 
(n_estimators) 

250–400 (step = 25) 

Maximum Tree Depth 
(max_depth) 

2–4 

Learning Rate 
(learning_rate) 

0.005–0.015 (log scale) 

Subsample (subsample) 0.85–1.00 

Column Sampling 
(colsample_bytree) 

0.75–0.95 

Minimum Child Weight 
(min_child_weight) 

4–8 

Gamma (gamma) 0.05–0.20 

L1 Regularization 
(reg_alpha) 

0.70–1.20 

L2 Regularization 
(reg_lambda) 

0.80–2.50 

Sample Type {uniform, weighted} 

Normalize Type {tree, forest} 

Rate Drop 0.00–0.30 

Skip Drop 0.00–0.30 

The selected search spaces were designed to balance 

model complexity and generalization performance. The 

optimization focused on controlling tree depth, learning rate, 

sampling strategy, and regularization parameters to reduce 

overfitting while maintaining predictive accuracy. Additional 

hyperparameters, including sample_type, normalize_type, 

rate_drop, and skip_drop, were optimized only when the 

DART booster was selected to exploit its dropout mechanism 

for improving model robustness.  

During the optimization process, each trial represented a 

unique combination of hyperparameter values generated by 

Optuna. For every trial, the XGBoost model was trained and 
evaluated using TimeSeriesSplit cross-validation, and the 

average RMSE across all validation folds was computed as 

the objective value. The hyperparameter combination 

producing the lowest average RMSE was selected as the 

optimal configuration for the final Hybrid TabNet–XGBoost 

model, as expressed in Equation 4. 

𝜃∗ = arg min
𝜃

1

𝑘
∑ 𝑅𝑀𝑆𝐸𝑖

𝐾

𝑖=1

 Equation 4 

where 𝜃∗ denotes the optimal hyperparameter combination, θ 

represents the candidate hyperparameter set evaluated in each 

trial, 𝑅𝑀𝑆𝐸𝑖  is the RMSE obtained from the i-th cross-

validation fold, and K is the total number of folds [34]. In this 

study, the optimization was conducted over 50 trials, and the 
best hyperparameter combination was selected for model 

training [34]. 

The hyperparameter optimization procedure was 

implemented using the Optuna framework. During each 

optimization trial, a new set of XGBoost hyperparameters was 

generated and evaluated using TimeSeriesSplit with RMSE 

as the objective function. 

G. Hybrid TabNet-XGBoost 

The Hybrid TabNet–XGBoost model integrates the 

feature selection capability of TabNet with the predictive 

capability of XGBoost within a unified framework [35]. In 
this approach, TabNet is employed to identify and learn the 

most informative feature representations through a sequential 

attention mechanism, while XGBoost utilizes the selected 

feature representation to construct the prediction model using 

the gradient boosting algorithm [35]. This integration enables 

the model to reduce input dimensionality while preserving the 

most relevant information for the subsequent learning process 

[35]. 

Unlike conventional machine learning approaches that 

directly utilize all input variables, the proposed hybrid 

framework first performs an adaptive feature learning process 

to determine which variables contribute the most to the 

prediction task. Through multiple decision steps, TabNet 

progressively learns the relationships among input variables 

and produces a compact feature representation that retains the 

most informative characteristics of the original data. This 

representation serves as a refined input for the subsequent 
prediction model, allowing redundant or less informative 

features to have a smaller influence on the learning process 

[35]. 

The generated feature representation is then transferred 

directly to the XGBoost model, where the prediction process 

is performed through an ensemble of gradient-boosted 

decision trees. During training, each tree iteratively improves 

the prediction produced by the previous trees, enabling the 

model to capture nonlinear relationships among the selected 

features while reducing prediction errors. The combination of 

adaptive feature learning and gradient boosting allows the 

hybrid framework to improve learning efficiency while 

maintaining strong predictive performance for complex 

tabular datasets [35]. The overall flowchart of the proposed 

Hybrid TabNet–XGBoost model is illustrated in Figure 2. 
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Figure 2 Flowchart Hybrid Tabnet-XGBoost 

As described in Equation 3, TabNet generates the final 

feature representation, 𝑎𝑓𝑖𝑛𝑎𝑙 , by aggregating the activations 

obtained from all decision steps [35]. The resulting feature 

representation is subsequently transferred as the input feature 

matrix for the XGBoost model without additional 

transformation [35]. XGBoost then constructs an ensemble of 

decision trees iteratively, where each tree is trained to 

minimize the prediction error while improving the 

performance of the previously generated trees [35]. Through 

this boosting mechanism, the prediction model is 
progressively refined by incorporating information learned 

from earlier iterations [35]. The learning process of XGBoost 

is formulated as an optimization problem that minimizes an 

objective function consisting of a loss function and a 

regularization term, as expressed in Equation 5. 

𝐿(𝜃) = ∑ 𝑙(𝑦̂𝑖 , 𝑦𝑖) + ∑ Ω(𝑓𝑘)
𝐾

𝐾=1

𝑛

𝑖=1
 Equation 5 

Where L(θ) denotes the objective function of the model, 

𝑙(𝑦̂𝑖 , 𝑦𝑖) represents the loss function that measures the 

difference between the predicted and observed values, Ω(𝑓𝑘) 

is the regularization function for the k-th decision tree, and K 

denotes the total number of decision trees in the ensemble 

[36]. The regularization term is defined as Equation 6, which 

controls model complexity and reduces the risk of overfitting 

during the learning process. 

Ω(𝑓𝑘) = 𝛾𝑇 +
1

2
𝜆 ∑ 𝑤2

𝑗

𝑇

𝑗=1
 Equation 6 

Where T denotes the number of leaf nodes in a decision 

tree, 𝑤𝑗  represents the weight assigned to the j-th leaf node, γ 

is the penalty parameter controlling the number of leaf nodes, 

and λ is the L2 regularization parameter that penalizes large 

leaf weights [36]. By utilizing the feature representation 

generated by TabNet together with the objective and 

regularization functions of XGBoost, the hybrid framework 

performs feature learning and prediction sequentially within 

a single modeling pipeline [36]. 

After obtaining the optimal hyperparameters, the selected lag 

features were used to train the Hybrid TabNet–XGBoost 

model. 

H. Model Evaluation 

The trained model was evaluated using an independent 

testing dataset to assess its prediction performance [37]. The 

evaluation was conducted by comparing the predicted rainfall 

values with the corresponding observed values using four 

performance metrics, namely Root Mean Square Error 

(RMSE), Mean Absolute Error (MAE), Mean Absolute 

Percentage Error (MAPE), and the coefficient of 

determination (R²). These metrics provide complementary 
information regarding prediction accuracy, where RMSE and 

MAE measure the magnitude of prediction errors, MAPE 

quantifies the relative percentage error, and R² evaluates the 

proportion of variance in the observed rainfall explained by 

the model [37]. Lower values of RMSE, MAE, and MAPE 

indicate better predictive performance, whereas an R² value 

closer to one indicates stronger agreement between the 

predicted and observed rainfall. Since rainfall observations 

frequently contain zero or near-zero values, MAPE was 

interpreted with caution because it is sensitive to small actual 

values. The Root Mean Square Error (RMSE) measures the 
average magnitude of prediction errors while assigning 

greater penalties to larger errors, as expressed in Equation 7. 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖

𝑛

𝑖=1
)2 

 

Equation 7 

Where, 𝑦𝑖 is the actual value, 𝑦̂𝑖 is the predicted value, and 

n represents the number of test data points. The smaller the 

RMSE value, the better the model’s predictive ability [39]. 

The Mean Absolute Error (MAE) measures the average 

absolute difference between the predicted and observed 

values, as expressed in Equation 8. 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1
 Equation 8 

Where, 𝑦𝑖 is the actual value, 𝑦̂𝑖 is the predicted value, and 

n represents the number of test data points. A smaller MAE 

value indicates that the predicted results are closer to the 

observed values[39]. The Mean Absolute Percentage Error 

(MAPE) measures the average relative prediction error 

expressed as a percentage of the observed values, as 

expressed in Equation 9. 

𝑀𝐴𝑃𝐸 =  
100%

𝑛
∑ |

𝑦𝑖 − 𝑦̂𝑖

𝑦𝑖

|
𝑛

𝑖=1
 Equation 9 
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 Where, 𝑦𝑖 represents the actual value, 𝑦̂𝑖  represents the 
predicted value, and n represents the number of test data 
points. A smaller MAPE value indicates that the prediction 
results have a lower relative error compared to the actual 
value [39]. he coefficient of determination (R²) measures the 
proportion of variance in the observed rainfall explained by 
the prediction model, as expressed in Equation 10. 

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)

2𝑛
𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 Equation 10 

 Where 𝑦𝑖 represents the observed rainfall, 𝑦̂𝑖  denotes the 
predicted rainfall, 𝑦̅ is the mean of the observed rainfall, and 
n is the total number of observations. The numerator 
represents the residual sum of squares (RSS), while the 
denominator represents the total sum of squares (TSS). 
Consequently, R² quantifies the proportion of the variability 
in the observed rainfall that is explained by the prediction 
model. An R² value closer to one indicates better agreement 
between the predicted and observed rainfall, whereas values 
closer to zero indicate limited explanatory capability [41]. 
The evaluation results obtained from these four metrics were 
used to comprehensively assess and compare the predictive 
performance of the proposed model. 

I. Prediction 

The trained model was subsequently used to generate 

predictions on the testing dataset using the optimized model 

parameters [41]. During the prediction stage, each testing 

observation was processed to produce the corresponding 

output based on the patterns learned during the training 

process [41]. The generated predictions were then compared 
with the corresponding observed values to assess the model 

performance. This procedure enables the evaluation of the 

model's ability to generalize to previously unseen data [41]. 

The prediction performance was evaluated using the 

quantitative metrics described in the previous subsection 

[41]. In addition, the prediction results were visualized by 
comparing the predicted and observed values over the testing 

period to facilitate performance interpretation [41]. This 

visualization provides an overview of the agreement between 

the predicted and observed values while highlighting 

potential deviations throughout the prediction period [41]. 

The combination of quantitative evaluation and graphical 

visualization provides a comprehensive assessment of the 

model performance [41]. 

III. RESULT AND DISCUSSION 

A. Dataset 

The dataset used in this study consists of atmospheric 

observation data obtained from radiosonde observations 
integrated with surface meteorological observations collected 

at the BMKG Juanda Class I Meteorological Station. The 

observation period covers January 2019 to December 2025, 

representing variations in atmospheric conditions across 

different seasons. After the preprocessing stage, a total of 

2,551 observation records were obtained and prepared for the 

model development process. 

The dataset consists of upper-air atmospheric 

parameters, atmospheric stability indices, and surface 
meteorological variables. The upper-air variables include 850 

hPa, 700 hPa, 500 hPa, CAPE, CIN, KO Index, Lifted Index 

(LI), K Index (KI), Total Totals (TT), Showalter Index (SI), 

SWEAT Index, Lifting Condensation Level (LCL), 

Convective Condensation Level (CCL), Level of Free 

Convection (LFC), Total Precipitable Water (TPW), 

Maximum Vertical Velocity (MVV), and Boyden Index. In 

addition, surface meteorological observations consisting of 

Height, Press0, Temp0, Humi0, WS, and WD were 

incorporated into the dataset to enrich the atmospheric 

information used during model development. Daily 

precipitation (CH) was used as the target variable. A 
summary of the dataset used in this study is presented in 

Table 3. 

TABLE 3  

DATASET 

Tanggal LI KI . . Humi0 WS WD 

01/01/19 -
2.50 

18.25 . . 55.32 10.86 168.
55 

02/01/19 -
2.50 

36.55 . . 59.16 9.11 136.
16 

. . .   . . . 

. . . . . . . . 

30/12/25 -
3.00 

30.55 . . 22.38 11.41 111.
43 

31/12/25 -
4.00 

36.40 . . 26.68 13.37 89.9
4 

To preserve the temporal characteristics of the rainfall 

time series, the dataset was partitioned chronologically into 

training and testing sets rather than using random sampling. 

The observations from January 2019 to November 2025 were 

used for model training, while the observations from 

December 2025 were reserved exclusively for model testing. 

This chronological partitioning prevents information leakage 

between the training and testing datasets and provides a more 
realistic evaluation of the model's predictive capability for 

future rainfall events. The rainfall distribution during the 

observation period is illustrated in Figure 3.  

 

Figure 3 Rainfall Distribution 

Most observations correspond to low or zero rainfall, 

whereas high-intensity rainfall events account for only a 

small proportion of the dataset. This distribution indicates 
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that the dataset is imbalanced, with the majority of 

observations representing non-rainfall or low-rainfall 

conditions. Such data imbalance increases the difficulty of 

rainfall prediction because the model is primarily exposed to 

low-intensity events during training, while extreme rainfall 

events occur relatively infrequently. Consequently, the 

proposed Hybrid TabNet–XGBoost model was expected to 

learn the dominant rainfall patterns while maintaining its 

ability to identify high-intensity rainfall events despite their 

limited representation in the dataset. 

B. Pre-Processing 

The preprocessing stage was carried out to improve data 

quality before model development. This stage consisted of 

data cleaning, data type conversion, chronological ordering 

of observations, and missing value handling using linear 
interpolation. In addition, radiosonde observations were 

integrated with surface meteorological observations to 

produce a unified dataset suitable for subsequent analysis. 

After preprocessing, all variables were successfully 

transformed into numerical format and no missing values 

remained in the dataset. The resulting dataset preserves the 

chronological order of observations and provides consistent 

input for the feature selection and model development stages. 

These preprocessing steps ensure that both upper-air and 

surface meteorological information can be utilized 

simultaneously throughout the modeling process. 

The preprocessing results indicate that the integrated 

dataset was successfully standardized and prepared for 

subsequent analysis. Data cleaning and interpolation 
effectively eliminated incomplete observations while 

preserving the temporal continuity of the rainfall time series. 

Consequently, the final dataset contained complete numerical 

records without missing values, enabling reliable feature 

selection using TabNet and subsequent rainfall prediction 

using the Hybrid TabNet–XGBoost model. These 

improvements ensure that the modeling process is based on 

consistent and high-quality meteorological observations. 

C. Feature Selection Using TabNet 

Following preprocessing, feature selection was 

performed using the TabNet model to identify the variables 

that contributed most significantly to the learning process. 

The TabNet model was trained using all atmospheric 

variables as input features and precipitation (CH) as the target 

variable. The resulting feature importance values indicate the 

contribution of each variable to the learning process, where 

higher feature importance values correspond to greater 
influence on model learning. To reduce feature redundancy 

while preserving the most informative atmospheric variables, 

the fifteen predictors with the highest feature importance 

values were retained for subsequent lag feature construction 

and Hybrid TabNet–XGBoost model development. The 

feature importance results are presented in Table 4.  

TABLE 4  

FEATURE IMPORTANCE 

No. Variable Feature Importance 

1 LCL 0.197996 

2 500 0.090762 

3 WS 0.076466 

4 KO 0.073724 

5 LI 0.073455 

6 Humi0 0.071792 

7 850 0.069097 

8 700 0.063985 

9 TPW 0.056000 

10 Press0 0.038424 

11 WD 0.037330 

12 TT 0.035246 

13 SI 0.027897 

14 MVV 0.016189 

15 SWEAT 0.015742 

Based on Table 4, LCL achieved the highest feature 

importance value (0.197996), followed by the 500 hPa 

pressure level (0.090762), wind speed (WS) (0.076466), KO 

Index (0.073724), and Lifted Index (LI) (0.073455). The 

dominance of LCL indicates that the lifting condensation 

level contributes substantially to the feature representation 

learned by TabNet. Likewise, the relatively high importance 

values obtained by the atmospheric stability indices and 

upper-air parameters indicate that these variables provide 

important information for capturing atmospheric conditions 

associated with rainfall formation. 

The initial dataset consisted of 23 atmospheric predictor 

variables, including upper-air atmospheric parameters, 

atmospheric stability indices, and surface meteorological 

observations. Based on the feature importance ranking 
generated by TabNet, the 15 highest-ranked variables were 

selected because they provided the greatest contribution to 

the prediction task, whereas the remaining variables exhibited 

relatively low importance values and were excluded to reduce 

feature redundancy and computational complexity. This 

selection strategy enables the subsequent prediction model to 

focus on the most informative atmospheric variables while 

minimizing the influence of less relevant predictors. 

The selected variables are consistent with the physical 

processes governing rainfall formation. For instance, LCL 

represents the altitude at which an air parcel becomes 

saturated and cloud formation begins, making it highly 

relevant to precipitation development. Similarly, atmospheric 

stability indices such as the KO Index, Lifted Index (LI), and 
Total Totals (TT), together with upper-air parameters at the 

850, 700, and 500 hPa pressure levels, characterize 

atmospheric instability and moisture distribution that strongly 

influence convective rainfall. The inclusion of surface 

variables, including wind speed (WS), relative humidity 

(Humi0), surface pressure (Press0), and wind direction (WD), 

further indicates that integrating upper-air and surface 
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observations provides complementary information for 

rainfall prediction. 

D. Lag Feature Construction Using ACF and PACF 

After obtaining the fifteen variables with the highest 
feature importance values, lag feature generation was 

performed using the Autocorrelation Function (ACF) and 

Partial Autocorrelation Function (PACF) analyses. This 

analysis aims to determine the optimal lag of each variable 

according to its temporal characteristics so that historical 

information can be incorporated into the prediction process. 

The selected lag values are presented in Table 5. 

TABLE 5  

SELECTED LAG 

No. Variable Lag 

1 LCL 1 

2 500 1 

3 WS 1 

4 KO 1 

5 LI 3 

6 Humi0 1 

7 850 1 

8 700 1 

9 TPW 1 

10 Press0 1 

11 WD 2 

12 TT 2 

13 SI 2 

14 MVV 7 

15 SWEAT 4 

16 CH 2 

 

Based on Table 5, most variables exhibit the strongest 

temporal relationship at lag 1, including LCL, 500, WS, KO, 

Humi0, 850, 700, TPW, and Press0. These results indicate 

that atmospheric conditions observed on the previous day 

provide the most relevant information for predicting current 

rainfall. In contrast, several variables exhibit stronger 
temporal dependencies at longer lag periods, including LI 

(lag 3), WD (lag 2), TT (lag 2), SI (lag 2), SWEAT (lag 4), 

and MVV (lag 7). This finding suggests that different 

atmospheric variables influence rainfall over different 

temporal scales, reflecting the diverse evolution of 

atmospheric processes. 

Furthermore, the target variable (CH) achieved the 

highest autocorrelation at lag 2, indicating that previous 

rainfall observations also contribute to the current prediction 

process. The selected lag values were subsequently 

incorporated during feature engineering to preserve the 

temporal dependency of each predictor before model training. 

By assigning lag values individually rather than applying a 

uniform lag to all variables, the proposed approach better 

captures the unique temporal characteristics of each 

atmospheric parameter, thereby improving the representation 

of historical information in the Hybrid TabNet–XGBoost 

model. 

E. Data Splitting 

After the feature engineering stage was completed, the 
dataset was divided into training and testing subsets using the 

chronological split approach. Data collected from January 

2019 to December 2024 were used for model training, 

whereas observations from January 2025 to December 2025 

were reserved for testing. This partition preserves the 

temporal order of observations and prevents future 

information from being introduced during model training. 

The chronological split ensures that the training and testing 

datasets preserve identical feature representations while 

maintaining complete temporal independence for model 

evaluation. Consequently, the testing dataset provides a 

realistic benchmark for evaluating the generalization 

capability of the proposed Hybrid TabNet–XGBoost model. 

This chronological partitioning enables the model to be 

evaluated under conditions that closely resemble real-world 

forecasting scenarios, where future rainfall observations are 

unavailable during model training. By preserving the 
temporal sequence of the data, the evaluation results provide 

a more reliable assessment of the model's ability to generalize 

to unseen observations. Consequently, the reported prediction 

performance reflects the practical applicability of the 

proposed Hybrid TabNet–XGBoost model for operational 

rainfall prediction. 

F. Hyperparameter Optimization Using Optuna 

After the dataset was divided into training and testing 

subsets, hyperparameter optimization was performed using 

Optuna combined with TimeSeriesSplit cross-validation. The 

optimization process evaluated fifty parameter combinations 

using RMSE as the optimization objective. During each trial, 

Optuna searched for the parameter configuration that 

minimized the average validation error. The best 

hyperparameter configuration is presented in Table 6. 

TABLE 6  

BEST VALUE HYPERPARAMETER 

Parameter Best Value 

Number of Estimators 375 

Maximum Depth 3 

Learning Rate 0.010798 

Subsample 0.862855 

Column Sample by Tree 0.796719 

Minimum Child Weight 8 

Gamma 0.173777 

Regularization Alpha 0.856228 

Regularization Lambda 2.241035 

Sample Type Uniform 

Normalize Type Tree 

Rate Drop 0.277368 

Based on the optimization results, the lowest average 

cross-validation error achieved was 14.2949 RMSE, 
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indicating that the selected hyperparameter configuration 

provided the best balance between prediction accuracy and 

model generalization during the optimization process. 

Consequently, this parameter combination was adopted for 

training the final Hybrid TabNet–XGBoost model. The 

optimization process selected the DART booster with 375 

estimators, a maximum tree depth of 3, and a relatively low 

learning rate (0.010798), suggesting that the model favors a 

gradual learning process while maintaining moderate tree 

complexity to reduce the risk of overfitting. 

In addition, the optimized sampling parameters 

(subsample = 0.862855 and colsample_bytree = 0.796719) 

indicate that only a subset of training samples and predictor 

variables was utilized during the construction of each tree, 

thereby improving model diversity and enhancing 
generalization performance. Furthermore, the relatively large 

values of min_child_weight, gamma, and the regularization 

parameters (reg_alpha and reg_lambda) demonstrate that the 

optimization process favored a more regularized model 

capable of reducing unnecessary model complexity while 

preserving predictive accuracy. These findings indicate that 

the optimized hyperparameter configuration effectively 

balances model flexibility and robustness for rainfall 

prediction. 

G. Hybrid TabNet-XGBoost Performance 

After obtaining the optimal hyperparameter configuration, 

the Hybrid TabNet–XGBoost model was trained using the 

training dataset and evaluated using the testing dataset. Figure 

2 illustrates the comparison between the observed and 

predicted rainfall values, while the quantitative evaluation 

results are summarized in Table 7. 

TABLE 7  

EVALUATION RESULT 

Metric Value 

RMSE 19.2525 

MAE 12.0255 

MAPE 17.28% 

𝑹𝟐 0.0449 

Based on Table 7, the Hybrid TabNet–XGBoost model 

achieved an RMSE of 19.1347 mm, MAE of 11.9742 mm, 

MAPE of 17.62%, and an R² of 0.0449 on the testing dataset. 
The RMSE and MAE values indicate that the model is 

capable of maintaining relatively low prediction errors for 

most daily rainfall observations, while the MAPE value 

suggests satisfactory relative prediction accuracy. However, 

the relatively low R² value indicates that only a small 

proportion of the variability in the observed rainfall is 

explained by the model. This result suggests that although the 

proposed model can capture the general rainfall trend, 

considerable variability remains unexplained, particularly 

during highly variable rainfall events. Since daily rainfall 

observations frequently contain zero or near-zero values, 

RMSE, MAE, and R² provide a more reliable assessment of 

model performance than MAPE alone. 

After evaluating the model using quantitative 
performance metrics, the prediction results were further 

analyzed by comparing the observed and predicted rainfall 

values throughout the 2025 testing period. The comparison is 

illustrated in Figure 4, which provides a visual representation 

of the model's capability to capture temporal rainfall 

variations. 

 

Figure 4 Actual vs Predict Plot 

As shown in Figure 4, the Hybrid TabNet–XGBoost 

model is able to follow the overall rainfall trend during most 

of the testing period. The predicted values generally remain 

close to the observed rainfall during low to moderate rainfall 

conditions, indicating that the model successfully captures 
the dominant temporal patterns learned from the training data. 

However, noticeable differences are observed during several 

high-intensity rainfall events. When the observed rainfall 

reaches approximately 80–120 mm, the predicted values 

remain substantially lower, generally ranging between 7–15 

mm. This behavior indicates that the proposed model tends to 

underestimate extreme rainfall events. The comparison also 

shows that prediction errors become more pronounced as 

rainfall intensity increases, whereas relatively small 

deviations are observed during low and moderate rainfall 

events. 

The relatively low R² value can be attributed to several 

characteristics of the dataset. First, the rainfall observations 

exhibit a highly imbalanced distribution, where most 
observations correspond to zero or low rainfall, while high-

intensity rainfall events occur only occasionally. Second, 

rainfall is influenced by complex atmospheric processes that 

involve interactions among numerous meteorological 

variables, making it difficult to fully represent the observed 

variability using the available predictors. Finally, although 

the integration of radiosonde and surface meteorological 

observations provides valuable atmospheric information, 

local-scale phenomena such as convective cloud 

development and mesoscale weather systems may not be 

completely captured by the available observations. 
Consequently, the model demonstrates good performance 

under normal rainfall conditions but experiences reduced 

accuracy when predicting rare extreme rainfall events. 

Overall, the proposed Hybrid TabNet–XGBoost model 

demonstrates the ability to capture the general temporal 
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pattern of daily rainfall and provides stable predictions for the 

dominant rainfall conditions observed in the study area. 

Nevertheless, the model exhibits reduced performance during 

high-intensity rainfall events, leading to an underestimation 

of extreme rainfall and a relatively low R² value. Therefore, 

the proposed model should be considered effective for 

representing general rainfall variability within the Surabaya 

region and the characteristics of the available dataset, while 

further improvements through the incorporation of additional 

atmospheric observations, spatial information, or remote 
sensing data may enhance its capability to predict extreme 

rainfall events. 

H. Prediction 

After the Hybrid TabNet–XGBoost model was evaluated 

using the 2025 testing dataset, the optimized model was 

subsequently applied to generate daily rainfall predictions for 
the January–December 2026 period. The prediction process 

was performed using the processed atmospheric variables 

together with the selected lag features generated during 

feature engineering. A sample of the prediction results is 

presented in Table 8. 

TABLE 8  

PREDICTED RAINFALL 2026 

Date Predicted Rainfall (mm) 

2026-01-01 11.198052 

2026-01-02 12.151113 

2026-01-03 12.151113 

... ... 

2026-12-29 12.151113 

2026-12-30 12.151113 

2026-12-31 11.310021 

The prediction results indicate that the optimized Hybrid 

TabNet–XGBoost model successfully generated continuous 
daily rainfall estimates throughout the 2026 prediction 

period. The predicted rainfall values generally range between 

11 mm and 12 mm, resulting in relatively stable prediction 

outputs over time. This relatively narrow prediction range 

reflects the dominant rainfall patterns learned from the 

historical atmospheric observations used during model 

training. 

The relatively stable prediction values also indicate that 

the proposed model tends to generate predictions that are 

dominated by the prevailing rainfall conditions represented in 

the training dataset. This behavior is consistent with the 

evaluation results presented in the previous section, where the 

model demonstrated satisfactory performance for low-to-

moderate rainfall events but exhibited reduced sensitivity 

when predicting high-intensity rainfall. Consequently, the 

generated predictions should be interpreted as model 

projections based on historical atmospheric relationships 

rather than as precise estimates of future rainfall variability. 

Furthermore, the tendency to produce nearly constant 

rainfall predictions suggests that the model has not fully 

captured the complex variability associated with extreme 

rainfall events. This limitation is likely related to the 

imbalanced distribution of the training dataset, where 

observations of heavy rainfall occur much less frequently 

than low-rainfall events. As a result, the model primarily 

learns the dominant rainfall patterns while the representation 

of rare extreme events remains limited. Future studies may 

improve prediction variability by incorporating additional 

meteorological observations, spatial information, satellite-

based data, or more balanced training datasets to better 

represent extreme rainfall conditions. 

It should be noted that the prediction results for 2026 have 

not yet been validated against actual rainfall observations 

because the corresponding observational data were 

unavailable at the time of this study. Therefore, the generated 

rainfall values should be regarded as forecast projections 

illustrating the practical application of the proposed Hybrid 
TabNet–XGBoost model rather than as evidence of 

forecasting accuracy. A comprehensive evaluation of the 

model's predictive performance for 2026 can only be 

conducted after the corresponding observational data become 

available. 

IV. CONCLUSION 

This study proposed a Hybrid TabNet–XGBoost model for 

daily rainfall prediction by integrating radiosonde 
observations with surface meteorological data. The proposed 

framework combines TabNet for feature selection with 

XGBoost for rainfall prediction, while temporal 

dependencies are incorporated through lag feature 

engineering based on Autocorrelation Function (ACF) and 

Partial Autocorrelation Function (PACF) analyses. 

Hyperparameter optimization using Optuna further improved 

the XGBoost configuration prior to model training. 

The feature selection process identified fifteen 

atmospheric variables with the highest contribution to the 

learning process, including LCL, 500 hPa, WS, KO, LI, 

Humi0, 850 hPa, 700 hPa, TPW, Press0, WD, TT, SI, MVV, 
and SWEAT. The lag analysis indicated that most variables 

exhibited the strongest temporal dependency at lag 1, whereas 

several atmospheric parameters required longer lag periods to 

better represent their temporal relationships. 

Using the optimized hyperparameter configuration, the 

proposed Hybrid TabNet–XGBoost model achieved an 

RMSE of 19.1347 mm, an MAE of 11.9742 mm, a MAPE of 

17.62%, and an R² of 0.0449 on the testing dataset. These 

results indicate that the proposed model is capable of 

capturing the general temporal pattern of daily rainfall and 

provides satisfactory prediction performance for the 
dominant rainfall conditions represented in the dataset. 

However, the relatively low R² value and the comparison 

between observed and predicted rainfall indicate that the 

model tends to underestimate high-intensity rainfall events, 

primarily due to the imbalanced distribution of rainfall 

observations and the complex nature of extreme rainfall 

processes. 
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The optimized model was subsequently applied to generate 

daily rainfall projections for the 2026 period using historical 

atmospheric observations. Since the corresponding 

observational data were unavailable at the time of this study, 

these results should be interpreted as forecast projections 

rather than validated forecasting performance. Therefore, the 

applicability of the proposed framework is currently limited 

to the characteristics of the Surabaya study area and the 

available observational dataset. Future research should 
investigate the integration of additional meteorological 

variables, satellite and radar observations, longer observation 

periods, and multi-station datasets to improve model 

generalization and enhance the prediction of extreme rainfall 

events. 
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