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Abstract

This study presents a novel comparative approach to maximum temperature forecasting in Surabaya, Indonesia, by integrating Extreme Gradient
Boosting (XGBoost) with Grid Search Hyperparameter Tuning and benchmarking it against Autoregressive Integrated Moving Average
(ARIMA) and Neural Prophet models. The main idea is to evaluate the capability of XGBoost in capturing nonlinear patterns in environmental
time series data, which traditional models often fail to address. Using 15,388 historical daily maximum temperature records from the BMKG
Juanda weather station spanning 1981-2022, the objective is to identify the most accurate predictive model for short- and medium-term forecasts.
The modeling process involved four stages: data acquisition, preprocessing, training, and evaluation, with performance assessed using Mean
Absolute Error (MAE) and Root Mean Squared Error (RMSE). The findings show that, after hyperparameter tuning, XGBoost achieved the best
performance with MAE = 0.32 and RMSE = 0.65, outperforming ARIMA (MAE = 0.85, RMSE =1.20) and Neural Prophet (MAE =0.70, RMSE
= 0.98). Prediction results for 2025 indicate peak maximum temperatures in January, October, and November, aligning with recent climate
patterns. The contribution of this research lies in demonstrating the superiority of a tuned XGBoost model for complex environmental datasets,
offering a practical tool for urban climate planning, agricultural scheduling, and heatwave risk mitigation. The novelty of this work is the
systematic integration of Grid Search-based optimization with XGBoost for meteorological forecasting in a tropical urban context, producing
higher accuracy than both classical statistical and modern hybrid time series methods. These results highlight the model’s adaptability and
potential for broader climate-related applications, with future research recommended to incorporate additional meteorological variables such as
humidity and wind speed for even greater predictive capability.
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1. Introduction

Temperature is a quantity or measure of the degree of heat and cold in an area. Temperature greatly affects daily human
activities [1], [2]. Humans unconsciously assess environmental conditions based on stimuli perceived through the five
senses and responded to the brain to be assessed [3], [4]. Temperature is often used as an important attribute in a study
so it is interesting to look deeper into other research objects [5], [6].

Based on previous research funded by ASHRAE and documented in their standards such as ASHRAE 55-1992 and
ISO 7730, thermal comfort can be defined as the condition in which at least 80% of building occupants express
satisfaction with the thermal environment. These standards provide a framework for assessing comfort based on both
environmental and personal factors [7]. The recommended effective temperature for thermal comfort in tropical
climates is 21°C-25°C, with approximately 23.4°C considered optimal and temperatures above 25.6°C leading to
discomfort. To achieve this range in hot and humid conditions, passive design strategies such as solar shading and
cross-ventilation are advised [8].
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The current phenomenon of global warming, resulting in increasingly hot temperatures and a significant impact on the
earth [9]. Global warming is the increase in average temperatures across the earth's surface due to the emission of large
amounts of greenhouse gases that cause heat energy to be trapped in the atmosphere [10], [11]. The impacts of these
phenomena contribute to climate change, which can alter long-term weather patterns, the climate system and human
life as a whole [12], [13]. In addition, the impacts of global warming and climate change can be felt in Indonesia,
including Surabaya City, East Java [14], [15].

A regional climate simulation using the RegCM5 model driven by ERAS reanalysis data shows that Surabaya has
experienced a rise in maximum temperatures of approximately 1.5 °C from 2020 to 2023, highlighting accelerated
local warming trends [16]. This warming occurs in a city that is already the second largest in Indonesia, with a
population of 2,987,863 in 2022, which continues to grow and place increasing demands on land, infrastructure, and
public services [17]. Apart from the temperature, due to poor air quality with dense population and high vehicle usage,
this greatly affects the effectiveness of daily activities [18].

The problems caused by high temperatures are very diverse, such as the increase in skin diseases [19], [20], [21],
respiration caused by the reaction of chemical compounds with high temperatures [22], [23], excessive fatigue and
dehydration [24], [25]. In agriculture, hot temperatures can be detrimental to the production of food commodities due
to drought [26], [27]. A hot environment can worsen air quality which will impact overall quality of life [28], [29],
including convenience [30], productivity [31], [32] and affect mood [6].

Based on these problems, the purpose of this research is to optimize the performance of the XGBoost model using Grid
Search Hyperparameter Tuning and compare its forecasting accuracy against two other predictive models, namely
ARIMA which is widely used due to its solid performance in linear time series. Neural Prophet is a relatively new
model that has not been extensively applied for maximum temperature forecasting based on historical data. Through
this comparative analysis, the study aims to identify the most effective model for temperature trend prediction in
Surabaya. The results are expected to provide valuable insights to support decision-making in resource management,
urban development, and extreme temperature risk mitigation, thereby improving the quality of life for the residents of
Surabaya. As this study utilizes secondary meteorological data provided by BMKG and does not involve human
participants or personal information, ethical approval and informed consent were not required.

2. Literature Review

The selection of XGBoost, ARIMA, and Neural Prophet in this study is based on their popularity and reported
performance in time series forecasting. ARIMA is a classical linear model widely used for forecasting temperature due
to its strength in modeling autoregressive and moving average patterns. Neural Prophet is a modern extension of
Facebook Prophet, designed to handle time series with strong seasonality and holiday effects. Meanwhile, XGBoost is
a powerful ensemble learning method known for its capability to capture complex, non-linear relationships, especially
in large datasets with high dimensionality.

This research refines and extends prior work on time series forecasting. In 2019, a study research builds upon previous
work on time series forecasting by incorporating findings from a meta-analysis of 18 studies, which showed that
reducing classroom temperatures from 30 °C to 20 °C can improve cognitive performance by about 20%, with optimal
performance below 22 °C—though this was validated only for temperate climates [33]. In 2021, another study applied
XGBoost for retail sales prediction, integrating feature engineering and weather factors, and outperformed ARIMA,
LSTM, Prophet, and GBDT, achieving RMSEs of 0.2256 and 0.0632 on two datasets, confirming its accuracy and
reliability in time series prediction [34].

Then, in the ARIMA model can be used to forecast regional temperature and precipitation in the near term. Annual
projections from ARIMA models integrate recent observations with long-term historical trends, estimate confidence
intervals and simulate future daily temperature and rainfall. This research found that ARIMA models provide more
accurate and reliable temperature and rainfall projections than other common statistical techniques. Short-term
temperature and rainfall projections can be interpreted and trusted for civil and environmental engineering applications.
ARIMA-based methods can be an effective alternative for obtaining near-term regional climate information using local
historical observation data [35].
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The performance of Neural Prophet in 2023 was evaluated by Teuku Rizky Noviandy et al. [36] in Deep Learning-
Based Bitcoin Price Forecasting Using Neural Prophet, which used historical Bitcoin price data from 2014 to 2023 and
achieved an RMSE of 6117.16, MAE of 4008.28, and MAPE of 1.77%, indicating strong effectiveness in capturing
trends despite market volatility. Similarly, Djarot Hindarto et al. [37] in The Application of Neural Prophet Time Series
in Predicting Rice Stock at Rice Stores applied the model to historical rice stock data, achieving a MAE of 12.90,
RMSE of 15.80, and Loss of 0.0313. These metrics indicate reliable predictive accuracy for inventory management
purposes. The results underscore the versatility of the Neural Prophet model in providing dependable forecasts not only
for highly volatile financial data but also for more stable inventory time series.

In the research of analysis and comparison of methods for maximum temperature prediction in Jakarta, Indonesia has
been done by Armando Jacquis F. Z., et al [38] using GRU and ANFIS methods. The results showed that both ANFIS
and GRU can effectively forecast the maximum temperature with a correlation value above 0.95 and RMSE and MAPE
below 2. GRU algorithm is more efficient for short-term forecasting, while the ANFIS model shows higher
effectiveness in long-term forecasting. In the computation time of GRU is much shorter than that of ANFIS.

Munir et al. [39], proposed a hybrid model combining Discrete Wavelet Transform (DWT), ARIMA, and Acrtificial
Neural Networks (ANN) for forecasting meteorological droughts using SPI and SIAP indices, yielding high accuracy
with R values exceeding 0.91 and low RMSE scores. In contrast, a study [40] investigated the integration of ARIMA,
SARIMAX, and Long Short-Term Memory (LSTM) models using a FUSION approach supported by loT-based data
collection. The findings indicated that individual models outperformed the integrated FUSION approach based on
MAPE and MSE metrics, suggesting that stand-alone models may better capture domain-specific patterns. These
results emphasize the critical importance of model selection and customization in developing accurate forecasting
systems for environmental time series data.

Previous studies on temperature forecasting have commonly used ARIMA. While ARIMA handles linear patterns well,
it lacks flexibility for non-linear and complex seasonal variations. Neural Prophet improves trend and seasonality
modeling but can be sensitive to parameter tuning and less effective with irregular data. In this study, an optimized
XGBoost model is proposed to forecast maximum temperature, using Grid Search for hyperparameter tuning.
Compared to ARIMA and Neural Prophet, the optimized XGBoost demonstrates superior accuracy and better handling
of non-linear relationships, highlighting its suitability for complex environmental time series.

3. Methodology

The system design in this study is shown in figure 1, with the stages consisting of four main stages, namely data
acquisition, data preprocessing, data modeling, and model evaluation.

O - - BE -

| Data Acqulsition I [DalaPreprDces\ngI I Data Modeling ] | Model Evaluation ]

Figure 1. Flow of Key Stages in Research

This study uses daily maximum temperature data obtained from the BMKG Juanda weather station in Surabaya,
covering the period from 1981 to 2022. The dataset comprises 15,388 entries with two variables—date and Tmax
(°C)—sourced directly from the official records without any modification. As publicly available meteorological data,
it does not involve human participants, sampling strategies, or inclusion and exclusion criteria. Once the data was
collected, it underwent a preprocessing stage that included cleaning, transformation, and arrangement to ensure
suitability for modeling. This process involved handling missing values, applying data normalization, and selecting
relevant features. Following preprocessing, the modeling phase was carried out by developing and training three
predictive models: XGBoost, ARIMA, and Neural Prophet. Each model was configured through parameter adjustments
and validated to achieve optimal performance. The final stage involved evaluating the model’s performance using
Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) as key metrics. The evaluation results served as
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the basis for selecting the model with the highest accuracy in forecasting maximum temperatures in Surabaya. The
system implementation stage in this research is shown in figure 2.
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Figure 2. Model Building Implementation Flowchart

3.1. Data Acquisition

Data acquisition is a process stage used to collect and display data using a particular system [41]. In this research, data
is collected from the BMKG Juanda weather dataset, which is meteorological data collected by the Meteorology,
Climatology, and Geophysics Agency (BMKG) from the weather observation station in Juanda, Surabaya, East Java
Province, Indonesia. This study utilizes publicly available meteorological data and does not involve human subjects or
personal information. Therefore, ethical risks such as privacy or misdiagnosis are not applicable. This data includes
various routinely measured weather parameters, such as air temperature, rainfall, air pressure, wind speed, and wind
direction. The characteristics of the dataset used in this study, obtained from the BMKG weather observation station at
Juanda, Surabaya, are presented in table 1.
Table 1. Juanda BMKG Dataset

Taverage Tmax Tmin CH QFF ff average most directions dd ff max
254 32.6 22.9 6.8 1009 2 B B 9
26.6 32.0 234 3.6 1010 5 B B 10
27.2 32.2 24 0.0 1009 7 B B 12
24.7 28.6 22.9 43.0 1010 5 B B 14
26.5 30.8 21.7 21.0 1009 8 B B 14

3.2. Data Preprocessing

Data preprocessing is a very important initial stage in data analysis and modeling. The data preprocessing stage includes
data preparation and data transformation [42]. The goal is to prepare the data so that it can be used effectively in
subsequent processes, such as modeling and analysis. The dataset consists of daily maximum temperature (Tmax) and
date values. As a univariate time series, only Tmax was used as the predictive feature, no additional features were
engineered. Hence, feature correlation analysis was not applicable in this context. In the data preprocessing stage,
several important steps are carried out, including importing datasets, feature selection, and handling missing values.
The feature selection process on the dataset can improve the performance of the model. This process helps determine
which variables have the most impact on the predictive model, so that only important variables are used. In addition,
the feature selection stage or process can also improve the algorithm in processing data faster [43]. The data were then
normalized using Min-Max scaling to ensure consistent input ranges across the models.
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3.3. Algorithm Modeling

This research uses three models, namely ARIMA, XGBoost, and Neural Prophet. The process of these three time series
models is shown in figure 3 below. The purpose of using the various models is to assess the performance of each and
find the model that has optimal accuracy on the maximum temperature data used.

Logistic Trend

Function: g(1), and Build Model:

Capacity value: C(t)
ARIMA Forecasting Non- Visualization of forecasting

Find Linear Trend of Time trend of the Non-Linear

Time Series
Data Changepoints Series Data for a Time series along with

specified horizon Changepoints
Neural
Yearly Seasonality: s(t) Prophet

Figure 3. Modelling Stages

3.4. Extreme Gradient Boosting (XGBoost)

XGBoost is an advanced implementation of the gradient tree boosting method, designed to efficiently address various
tasks such as regression, classification, and ranking. Its core principle lies in iteratively optimizing the learning process
to minimize the loss function, thereby improving model accuracy. By constructing a more structured regression tree,
XGBoost enhances performance while reducing model complexity to mitigate overfitting. Additionally, it incorporates
several computational optimizations that accelerate training and further decrease the risk of overfitting [44]. The
schematic representation of the XGBoost algorithm is illustrated in figure 4.
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Figure 4. Schematic of XGBoost algorithm

In the XGBoost algorithm, the weights in each tree are updated incrementally. After that, all the tree weights are
summed up when making predictions, then the results are entered into the function [45]. The function can be expressed

as follows.
K
9= > fi ) )
k=1

Where, yi is the output of tree K; fk s the kth decision tree function-k; xi is the function trained; K is the tree created.
The tree with summed weights aims to minimize the objective function. This objective function consists of two
components, namely to measure the difference between the predicted value and the actual value, as well as the
regularization term [46]. The objective function in XGBoost can be written as:
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With, T is the number of leaf nodes; W is the tree nodes; y to control the number of nodes; A to control the number of
trees. In this method, an objective function is required to assess the quality of the model generated based on the training
data. This objective function consists of two important components, namely training loss value and regularization
value, as shown in the following equation.

obj (6) = L (6) + 2(6) ®3)

L is the missing training function, and Q is the regularization function, dan 0 is the corresponding model parameter.
The missing training function can be generally written as in the following equation.

LO)= D L0 9) @
i=1

y; is the true value of the data and ¥, is the predicted value of the model, while n is the number of iterations of the
model.

3.5. Model Testing Graph

The dataset was partitioned using a time-based split to preserve chronological order and prevent data leakage. An initial
70:30 train-validation split was used to assess the model’s baseline performance, followed by an 80:20 train-test split
for final evaluation to reflect realistic forecasting on unseen data. The XGBoost model was trained on these subsets,
with hyperparameter tuning conducted via GridSearch to optimize predictive performance. Model evaluation was
carried out using both numerical metrics and graphical analysis of the forecasting results. This process is essential to
identify each model's strengths and weaknesses prior to hyperparameter tuning [47]. The primary evaluation metrics
included RMSE, MAE, and MAPE, with RMSE serving as a widely used indicator of prediction error [48]. However,
in this study, only RMSE and MAE were utilized to evaluate model performance, as both provide robust and
interpretable measures of error in continuous temperature prediction. The RMSE formula is presented as follows [49].

n—-1
1
RMSE = |~ (v = 9))? 5)
i=1

MAE calculates the average absolute value of the difference between the prediction and the actual value [48]. Here is
the MAE formula.

n
1
MAE :Z'zlli)’i_%'l (6)
1=

3.6. Hyperparameter Tuning Model Equations

After an initial evaluation of the models used to predict maximum temperature, this study proceeds with model
development through hyperparameter tuning. Hyperparameter tuning is a critical process in machine learning that aims
to optimize model performance by finding the best combination of hyperparameters [50]. Hyperparameters are used to
manage various aspects of machine learning that have a significant impact on performance and the resulting model
[51].

3.7. Forecasting

The final stage of this study involves forecasting maximum temperature in Surabaya for the year 2025 using the best-
performing model from previous evaluations. The prediction process uses the predict method to generate future values
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(yhat) based on historical data, producing a forecast data frame that includes predicted values, components, and
uncertainty intervals [52]. Forecasting is carried out using the most optimal model selected through comparative
analysis and hyperparameter tuning. The model's accuracy was evaluated by comparing predicted values with actual
observed temperatures to minimize error and validate its performance [53].

4, Results and Discussion

4.1. Predictive Model Testing

In this study, tests were conducted using several machine learning algorithms with model evaluation results with MAE
and RMSE scores then compared to determine the best model [54]. The evaluation involved splitting the dataset into
training and testing sets, followed by a comparative analysis of the algorithms. From the three models tested, the best-
performing model was selected based on the evaluation metrics, as summarized in table 2.

Table 2. Testing Results of Selected Models

Model Split Data Train MAE RMSE
ARIMA 80% 0.98 1.48
ARIMA 70% 0.98 1.40
Neural Prophet 80% 1.43 1.90
Neural Prophet 70% 1.43 1.91
XGBoost 80% 1.06 0.79
XGBoost 70% 0.92 0.70

The algorithm model evaluation results presented in table 2 demonstrate the performance of the three models used to
predict high temperatures in Surabaya. Each model yields different test results due to variations in the proportion of
training and test data. The ARIMA model performed quite well, with an MAE of 0.98 and an RMSE of 1.48 using 80%
of the data for training, and an MAE of 0.98 and an RMSE of 1.40 using 70% of the data. These results indicate that
the ARIMA model can predict heat with relatively high accuracy.

The XGBoost model also demonstrated good performance, even slightly outperforming the ARIMA model. Test results
show that the highest prediction accuracy was achieved by the XGBoost model, with an MAE of 0.92 and an RMSE
of 0.70 when using 70% of the data for training. These values are lower than those of the ARIMA model, indicating
more accurate predictions. Meanwhile, the Neural Prophet model showed relatively lower performance compared to
the other two models. With 80% training data, Neural Prophet recorded an MAE of 1.43 and an RMSE of 1.90, while
with 70% training data, its MAE remained at 1.43 and RMSE slightly increased to 1.91. These values are higher than
those of both the ARIMA and XGBoost models, indicating lower prediction accuracy.

The XGBoost model with 70% training data shows the best performance, with an RMSE value of only about 0.70. The
ARIMA model with 70% and 80% training data also has a relatively low RMSE value, which is around 1.40-1.48. This
means that the XGBoost and ARIMA models have better prediction accuracy than the Neural Prophet model. These
results can be taken into consideration in choosing the best model to be used in predicting hot temperatures in Surabaya
City.

The comparatively weaker performance of the Neural Prophet model may be attributed to its sensitivity to irregular or
weak seasonal patterns within the dataset. Neural Prophet is optimized for structured time series with strong and
periodic seasonality, which may not be dominant in Surabaya's maximum temperature data. Meanwhile, the ARIMA
model, while effective in modeling linear relationships, has limited ability to capture complex nonlinear trends present
in long-term climate datasets. These limitations result in lower accuracy compared to XGBoost, which is capable of
learning intricate data patterns through ensemble-based tree structures and hyperparameter tuning.



Journal of Applied Data Sciences ISSN 2723-6471
Vol. 6, No. 4, December 2025, pp. 2517-2529 2524

4.2. Prediction Model Testing with Hyperparameter Tuning

After going through the parameter hypertuning process using 70% of the training data, the authors were able to obtain
evaluation results that showed a significant improvement in the performance of the maximum temperature prediction
model. The results of the model testing after the parameter hypertuning process can be seen in table 3. The evaluated
models include ARIMA, Neural Prophet, and XGBoost.

Table 3. Parameter Hypertuning of each Model

Model Boosting Adventage
model = ARIMA(order=(p,d,q)), param_distributions={'order": [(p,d,q)], Captures linear trends and
ARIMA 'seasonal_order"; [(P,D,Q,s)]}, n_iter=100, scoring="neg_mean_squared_error’, seasonality well in time
cv=3, verbose=1, n_jobs=-1, random_state=42 series data

model=NeuralProphet(), param_distributions={'seasonality_mode"; ['additive',
Neural 'multiplicative’], 'learning_rate": [0.01, 0.1]}, n_iter=100,
Prophet scoring="neg_mean_squared_error', cv=3, verbose=1, n_jobs=-1,
random_state=42)

Effective for time series
forecasting with irregular
patterns and long-term trends

estimator=XGBRegressor(random_state=42), Interesting for big data
param_distributions=param_distributions, n_iter=100, application and selects
XGboost L ' _ i he i
scoring="neg_mean_squared_error', cv=3, verbose=1, n_jobs=-1, optimal model parameters
random_state=42) automatically

The results of model testing after the parameter hypertuning process can be seen in table 4. The models evaluated
include ARIMA, Neural Prophet, and XGBoost.

Table 4. Model Testing Results with Parameter Hypertuning

Model MAE RMSE
ARIMA 0.85 12
Neural Prophet 0.70 0.98
XGboost 0.32 0.65

Based on table 4, it can be seen that each model has increased accuracy after hyperparameter tuning, which is indicated
by a decrease in error values such as MAE and RMSE compared to the results before hyperparameter tuning contained
in table 2. For the ARIMA model, MAE initially amounted to 0.98 down to 0.85, while RMSE decreased from 1.48 to
1.2 after hyperparameter tuning. The Neural Prophet model also showed improved performance with MAE dropping
from 1.43 to 0.70 and RMSE from 1.90 to 0.98. Meanwhile, the XGBoost model experienced a significant decrease in
error with MAE from 0.92 to 0.32 and RMSE from 0.70 to 0.65 after hyperparameter tuning.

These results show that the parameter optimization successfully improved the prediction accuracy of each model. Thus,
the models become more capable of providing more accurate estimates of future maximum temperatures based on the
training data used. From the graphs shown, it can be concluded that the XGBoost model provides the best prediction
results, with lower RMSE and MAE values compared to the Neural Prophet and ARIMA models. Such parameter
hypertuning process is important to optimize the performance of the prediction model, so that it can provide significant
added value in practical applications that require temperature prediction with a high degree of accuracy.

4.3. Optimization of XGBoost Model Prediction Model Testing

Hyperparameter tuning is performed to maximize the prediction of the XGBoost model. GridSearchCV
hyperparameters systematically search for the best combination of hyperparameters, such as learning rate, max depth,
min_child_weight, subsample, and n_estimators that greatly affect prediction accuracy. This process uses cross-
validation to evaluate each hyperparameter combination on multiple subsets of data, resulting in a more stable and
reliable evaluation compared to methods that only use one set of training and testing data. The following are the results
of parameter experiments on GridSearchCV hyperparameters.
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The results shown in the table are from a series of tests of different XGBoost model parameters. The parameters tested
include n_estimators, max_depth, learning_rate, subsample, and colsample bytree. Each combination of these
parameters was tested to determine its effect on the model's performance in predicting weather parameters. Table 5
shows the results of three different experiments, with the evaluation metrics being RMSE and MAE. In Experiment 1,
the RMSE value is 1.12 and the MAE is 0.67. In Experiment 2, the RMSE value is 1.05 and MAE is 0.78. While in
Experiment 3, the best RMSE and MAE values were obtained, namely 0.65 and 0.32. These results demonstrate the
variation in model performance across different parameter combinations and provide useful insights for determining
the optimal configuration for weather parameter prediction. The detailed outcomes of the parameter tuning process
using GridSearchCV are presented in table 5.

Table 5. GridSearhCV Experiment Table

RMSE MAE
Experiment 1 1.12 0.67
Experiment 2 1.05 0.78
Experiment 3 0.65 0.32

Based on the results in table 5, it can be concluded that the three experiments produced different results. The threshold
parameters used are 0.5 and 0.8, showing that the higher the RMSE and MAE values, the lower the accuracy. If the
values are below the green threshold, then the accuracy can be categorized as excellent. It can be concluded that the
third hyperparameter tuning experiment shows the most optimal accuracy in the prediction model, with an RMSE value
of 0.65 and MAE of 0.32. The visualization of prediction graph of Maximum Heat Temperature in 2025 is shown in
figure 5.
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Figure 5. Prediction Graph of Maximum Heat Temperature in 2025

The heat trend graph in figure 5 above is the result of predicting the heat temperature in 2025 every month for 1 year.
With a model that has very low RMSE and MAE values, the results of the trend are quite accurate and can be tested
for validation. in the trend graph, the maximum heat prediction occurs in the January, October to November period.

5. Discussion

The visualization of temperature prediction with XGBoost is shown in figure 6.

XGBoost Predictions vs Actual Data for Tmax in 2021
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Figure 6. Temperature Prediction with XGBoost
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This study makes a significant contribution to weather prediction and machine learning in Surabaya. After
hyperparameter tuning, the XGBoost model outperformed ARIMA and Neural Prophet in forecasting maximum
temperature, and the results closely align with actual 2021 data, as illustrated in figure 6. This demonstrates its
effectiveness as a reliable model for weather forecasting, particularly for Surabaya, a city increasingly affected by
global warming. Accurate temperature predictions support the city in multiple sectors, providing essential guidance for
sustainable development and risk management. In the area of city planning, such forecasts aid in designing green spaces
and heat-resilient infrastructure to mitigate the effects of extreme temperatures [9]. For resource management, they
help optimize the use of water and energy, particularly during periods of peak demand. In the public health sector,
accurate predictions enable early responses to heat-related illnesses through preventive measures and public awareness
campaigns [55]. In agriculture, they assist farmers in improving planting and harvesting schedules, thereby increasing
productivity and reducing losses [56]. Furthermore, reliable temperature forecasts play a crucial role in disaster risk
mitigation by enhancing preparedness and response to extreme events such as heatwaves.
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