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 Accurate weather forecasting in tropical regions such as Batam City is challenging due to high climate 

variability and frequent data gaps caused by unstable atmospheric conditions. This study aims to 

develop a reliable daily average temperature forecasting system using a hybrid approach that combines 

the Seasonal Autoregressive Integrated Moving Average (SARIMA) model and the Long Short-Term 
Memory (LSTM) neural network. The main novelty of this research lies in the residual hybridization 

method, where SARIMA is used to capture linear seasonal patterns and LSTM is applied to model the 

non-linear residual components, as well as the use of a multi-source data integration strategy to fill 

missing data. Historical temperature data from BMKG and other publicly available meteorological 
sources were merged to produce a continuous dataset covering the period from 2015 to 2021. The 

study evaluated several model architectures, including standalone statistical models, standalone 

machine learning models, and hybrid models, to identify the most effective approach. The 

experimental results show that the SARIMA–LSTM hybrid model outperformed the other models, 
achieving a high prediction accuracy with an R² value of 0.92 and a Root Mean Square Error (RMSE) 

of 1.73°C. These findings demonstrate that integrating linear and non-linear models can significantly 

improve temperature forecasting performance and provide a practical solution for weather monitoring 

in tropical environments. 
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1. INTRODUCTION  

 
With the growing development of the city, exhibited by changes in the infrastructure, industrial growth and an 

increase of population, this may have an effect to the local climate conditions [1][10]. For that reason, accurate weather 

forecasts are required for the operational stability of the region. Weather forecasting is a foundational application for the 

many facets of societal governance which includes farming, water management and disaster preparedness [1][9]. Precise 

predictions are necessary for Kota Batam, a main city in the province of Kepulauan Riau along with it's tactical positon 

near the Singapore and Malacca Straits. 

Weather forecasting is important, but it faces major challenges in tropical regions. Seasonal Autoregressive 

Integrated Moving Average (SARIMA) is commonly used because it can deal with seasonality in data series [18][20]. 

These models may have some limiting factors such as data issues or missing values as well as outliers that may greatly 

affect the result, with the caveat of not being effective with data that are non-linear in nature, which is often the case for 

meteorological data [7]. Since SARIMA works well for linear patterns but has shortcomings analyzing the complexity of 

tropical weather systems, it is worthwhile to use the assistance of Deep Learning methods [2][3] 

As a response to these problems, Machine Learning methods, especially LSTM (Long Short Term Memory), have 

been widely adopted. LSTM performs well in handling long-term dependencies and non-linear relationships in sequence 

data [8][14]. Based on suggestions for future research presented in recent literature [8][12], this research extends past 

studies by using a hybrid framework in a new region with different climate characteristics. While the potential of hybrid 
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models was shown by Guerra et al. (2024) and Fawzy et al. (2024) [6][12], earlier findings are extended by the adopted 

approach through the use of data from different sources to improve data completeness in developing areas. 

The issue of linear model weakness and missing data is addressed by the proposed forecasting model. The proposed 

hybrid machine learning model integrates SARIMA and LSTM and is supported by data from BMKG and Weather 

Underground. This paper offers two main contributions. In theory, the strong performance of residual modeling in complex 

equatorial climates is validated. A high accuracy forecasting system designed for the equatorial climate of Kota Batam is 

provided as a practical contribution. To maintain a structured workflow, the CRISP-DM (Cross-Industry Standard Process 

for Data Mining) framework is adopted as the standard data mining methodology [16][17]. 

 

2. RESEARCH METHOD 

 
This study has implemented the CRISP-DM framework, a quantitative experimental research design to create a well-

structed and reproductible process [16][17]. Some phases in the research process have included Business understanding, 

modeling, data preparation and evaluation. The overall research workflow, covering data collection to model deployment, 

is presented in Figure 1. 

 
Figure 1. CRISP-DM framework for machine learning implementation 

 

The structured form of the analysis methodology is shown in Figure 2. The development of the machine learning 

model is preceded by the preliminary study and data acquisition stages [27]. The stages from initial training and tuning to 

final evaluation are controlled by this framework, ensuring validation before the model is implemented and the study is 

concluded. 

 

 
Figure 2. Research flow diagram used 

 

This Figure 2 illustrates the sequential stages of the research methodology. The process begins with problem and 

objective formulation, followed by a literature review to establish the theoretical foundation. Next, data collection and data 

preparation are conducted to ensure data readiness for modeling. The study then proceeds to model selection and 

description, where suitable forecasting models are defined, followed by model training and tuning to optimize performance. 

After training, model evaluation is performed to assess accuracy and reliability. The validated model is then subjected to 

testing and validation, leading to evaluation and implementation in a practical forecasting scenario. Finally, the research 

concludes with drawing conclusions based on the experimental results and overall findings. 

 Weather data from Badan Meteorologi, Klimatologi, dan Geofisika (BMKG) with secondary data from Weather 

Underground are combined to implement a multi source integration strategy [24]. A total of 2,102 daily records are 

included, covering the period from January 1, 2020, to September 30, 2025 [10]. Missing data are processed using time 

based interpolation so that data quality and temporal continuity are maintained [7]. To avoid data leakage, the dataset is 

divided according to time sequence where earlier data are used for training and later data for testing. 

A hybrid algorithm is developed as the main part of the methodology to capture both linear and non linear patterns 

in weather data [21]. The proposed architecture applies a two stage process in which SARIMA is first used to capture the 

linear trend and seasonality of the temperature data [18]. Residuals are first extracted to represent the errors left by the 

statistical model. These residuals are then handled by an LSTM model in the next stage. LSTM was selected for its superior 

ability to learn long-term dependencies in sequential data [8][14]. The linear prediction generated by SARIMA and the non 

linear residual prediction from LSTM are combined to form the final forecast [6][12]. 
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The system that are being built are using architecture of Object-Oriented Programming principles [23]. And to 

support advanced modeling requirements, the forecasting system is developed using Python 3.12 [22]. On the Figure 2, the 

system architecture is composed of five layers that manage user input, process input data, and perform automated cleaning 

and feature engineering. TensorFlow and Keras are applied in deep learning model construction, while Pmdarima and 

Pandas are used for statistical modeling and data handling [8]. 

 

 
Figure 3. Object-Oriented System Architecture 

 

This figure presents the overall workflow of the proposed hybrid weather forecasting system. The process starts 

from the User Interface, where users provide input data, which is then handled by the Input Processing module. The data 

are passed into the Data Pipeline, consisting of a data loader and preprocessing stages such as data cleaning and feature 

engineering. Next, the system enters the Model Selection stage, where several models are evaluated, including LSTM, 

SARIMA, ANN, and two hybrid approaches (SARIMA+ANN and SARIMA+LSTM). The selected model proceeds to 

Model Training and Prediction. To support real-time forecasting, the system integrates live observations through BMKG 

API Integration, where real-time data are fetched and blended with model outputs using a 70:30 ratio. Finally, the Output 

Generation module produces the final temperature forecast results in a form suitable for user interpretation. 

The Command Line Interface enables interactive selection of location, time window, and forecast horizon to 

avoiding any changes to the underlying code [25]. Within the same time, stability and generalization of the models are 

checked using Time Series Cross-Validation [26]. Which the expanding window technique maintains chronological order 

of observations unlike k-fold validation, providing realistic evaluation on future data [18]. 
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3. RESULTS AND DISCUSSION 

 
This section reports the experimental outcomes of the forecasting system and explains how the model performs. 

This section discusses the integrated dataset and compares model accuracy, also cross-checking the robustness of the best-

performing model in real conditions. 

 

3.1.  Data Characteristics and Integration 

The research worked with 2,100 observations collected from January 1, 2020 to September 30, 2025. Analysis found 

that TAVG in Kota Batam has mean 27.84°C and standard deviation 1.18°C, reflecting a stable climate. Temperature has 

small range, but humidity is high 82.44%, and rain is very different and not regular. The dataset data type has been displayed 

on Table 1 accordingly. 

 

Table 1. Performance comparison of statistical, machine learning, and hybrid models 
Parameter Category Name Value Datatype 

TANGGAL Metadata Observation Date YYYY-MM-DD Date 

TAVG Predictor Daily Average Temperature °C Float 

TN Predictor Daily Minimum Temperature °C Float 

TX Predictor Daily Maximum Temperature °C Float 

RH_AVG Predictor Average Humidity % Float 

RR Predictor Rainfall mm Float 

SS Predictor Sunshine Duration jam Float 

FF_AVG Predictor Average Wind Speed knot Float 

FF_X Predictor Maximum Wind Speed knot Float 

 

The study showed missing data could be reduced with multi-source integration. BMKG covered 69.7% of records 

but some periods were missing because of maintenance and transmission. Missing periods were filled with Weather 

Underground data, forming 30.3% of the dataset. Overlapping dates were checked for data accuracy. Weather Underground 

showed strong correlation 0.87 with BMKG and MAE 0.54°C. By combining both sources, full temporal coverage was 

achieved, all missing values were removed, and a complete time-series dataset was created for training the hybrid models. 

 
Figure 4. Temporal distribution of multi-source data integration showing the gap-filling mechanism 

  

Figure 4 shows the monthly data availability used in this research, based on two meteorological data sources. The 

blue color represents BMKG as the primary data source, while the orange color represents Weather Underground used for 

gap filling. The y-axis shows the year range from 2020 to 2025, and the x-axis shows the months from January to December. 

From the figure, BMKG data covers most months consistently, but several months contain missing values. These gaps are 

filled using Weather Underground data to ensure continuous time series data. This visualization clearly explains how the 

multi-source data strategy works and how full temporal coverage is achieved before modeling. The figure supports the data 

preprocessing stage and justifies the reliability of the dataset used for training and evaluation of the forecasting models. 

 

3.2.  Model Performance Comparison 

 Predictive capability was tested for five architectures, three standalone (SARIMA, ANN, LSTM) and two hybrid 

(SARIMA-ANN, SARIMA-LSTM). The models were evaluated with Root Mean Square Error (RMSE), Mean Absolute 

Error (MAE), and the Coefficient of Determination (R²) on the testing dataset. The baseline SARIMA model had RMSE 

2.84°C and R² 0.65. It captured seasonal trends well but could not handle random changes in tropical weather. The ANN 

model had the highest error, RMSE 3.52°C, showing that simple feedforward networks cannot capture time patterns well 

without special features or recurrence. 

The deep learning LSTM model outperformed the statistical and basic machine learning models. The standalone 

LSTM got RMSE 2.14°C and R² 0.85, proving recurrent networks are good for long-term non-linear data. The most 

important results came from hybrid architectures, where combining SARIMA with Neural Networks exceeded the 

performance of standalone models. Combining SARIMA with LSTM produced the optimal model, reaching RMSE 1.73°C 

and R² 0.92, outperforming all standalone models. 
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Compared to the SARIMA baseline, error was reduced 39.1%, and the hybrid outperformed LSTM by 19.2%. The 

two-stage learning process makes the SARIMA-LSTM hybrid more effective. SARIMA captures linear seasonal trends, 

and LSTM models the remaining non-linear residuals accurately. The study confirms that combining these two approaches 

makes a stronger forecasting tool than either method alone. Performance of all evaluated models is listed in Table 2, error 

rates are shown in Figure 5, and Table 3 explains why SARIMA-LSTM outperforms others. 

 

Table 2. Performance comparison of statistical, machine learning, and hybrid models 
Model Configuration RMSE (°C) MAE (°C) R² MAPE (%) 

SARIMA Order (2,0,1)(1,0,1)[7] 2.84 2.15 0.65 7.72 

ANN 4 layer: 64-32-16-1, Adam, epoch 200 3.52 2.89 0.45 10.38 

LSTM 2 layer: 50-50 units, Adam, epoch 100 2.14 1.62 0.85 5.82 

SARIMA +ANN Hybrid: SARIMA baseline + ANN residual 2.43 1.84 0.75 6.61 

SARIMA +LSTM Hybrid: SARIMA baseline + LSTM residual 1.73 1.31 0.92 4.71 

 

Table 3. Comparison between models based on their type and traindfding time 
Model Configuration R² MAPE (%) 

SARIMA Statistical ±2-3°C Fast 

ANN Neural Network ±3-4°C Fast 

LSTM Neural Network ±2°C Medium 

SARIMA +ANN Hybrid ±3-4°C Medium 

SARIMA +LSTM Hybrid ±1-2°C Medium 

 

 
Figure 5. Comprehensive performance comparison showing RMSE reduction and R² improvement 

   on Batam City from 2020-2025 

 

3.3.  Validation and Robustness 

 The system was tested with careful validation to ensure it works well and can generalize to new data, beyond 

standard metrics. Model stability was measured using five-fold Time Series Cross-Validation, which keeps the sequence 

of meteorological data. The hybrid model performed most consistently, SARIMA-LSTM gave RMSE 1.79°C on average 

with low variation over time windows. SARIMA-LSTM avoids overfitting problems found in standalone networks and 

maintains steady performance during seasonal changes. 

The model strength was measured by testing it in real locations: Belian (urban), Nongsa (coast), and Batam Centre 

(mixed). This test looked at how the model adapts to local climate differences. SARIMA-LSTM gave good results, average 

RMSE 0.87°C. In the coastal area Nongsa, with changing sea breezes, the model stayed accurate, with 0.95°C deviation. 

Prediction errors revealed that every forecast was within 1.5°C, and 92.8% had error less than 1.0°C. These results 

significantly surpass the standard operational threshold for weather forecasting accuracy. The detailed performance 

breakdown across these diverse observation stations is presented in Table 4 and Table 5, Detailed results for all stations 

are in Table 4 and Table 5 accordingly, showing that combining multi-source data with hybrid deep learning works well 

for equatorial weather forecasts. 

 

Table 4. Real-world validation results across different locations in Kota Batam 
Model Belian (Urban) Nongsa (Coastal) Batam Centre 

(Industrial) 

Mean RMSE 

SARIMA 2.08 2.31 2.06 2.15 

ANN 2.87 3.24 2.92 3.01 

LSTM 1.45 1.68 1.52 1.55 

SARIMA +ANN 1.78 1.81 1.81 1.84 

SARIMA+LSTM 0.82 0.95 0.84 0.87 

 

Table 5. Perbandingan Cross-Validation vs Real-World 
Model CV RMSE Real World Improvement 

SARIMA 2.87 2.15 25.1% better 

ANN 3.55 3.01 15.2% better 

LSTM 2.17 1.55 28.6% better 

SARIMA +ANN 2.48 1.84 25.8% better 

SARIMA+LSTM 1.79 0.87 51.4% better 
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3.4.  Output and System Implementation 

 

 
         Figure 6. Interactive Weather Forecast System CLI 

 

The system interface is shown in Figure 6. It has a simple CLI to make using the hybrid model easy for users with 

no coding experience. The system shows 12 administrative districts in the main menu, so weather forecasts are location-

specific. Entering the district number lets users get real-time forecasts, making the tool useful for daily monitoring. 

 

 
Figure 7. Detailed Location Selection 

 

Figure 7 demonstrates the depth of the location feature. Selecting a district, for example Batam Kota, triggers the 

interface to show all its sub-districts, so the forecast can be tailored for smaller administrative units. Specific options such 

as Baloi Permai, Taman Baloi, and Teluk Tering are presented, enabling the user to select a sub-district for more accurate 

local weather results. The structure allows the weather prediction to be detailed and relevant to the chosen area, rather than 

just showing general forecasts for the entire city. 
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    Figure 8. Model Selection and Configuration Features 

 

Figure 8 displays the configuration interface where users can adjust forecasting parameters. The system divides 

five algorithms into Standalone and Hybrid Models, marking SARIMA-LSTM as recommended because it achieves the 

best results. Users are supported by a recommendation section that displays important metrics, confirming the hybrid model 

achieves highest accuracy in Kota Batam. The system lets users select a forecast period between 1 and 14 days and decide 

whether the output opens in a browser or is saved as a PDF. The system displays details before the prediction to verify 

location, model, and settings in order to execute. 

 
  Figure 9. CLI Execution Process 

 

Figure 9 presents the backend execution in the CLI, where the system begins by loading 365 historical records as 

the first step in establishing trends. The process continues by loading the SARIMA-LSTM model and initializing 

TensorFlow libraries needed for execution. The system connects to BMKG in real time to get live data for Belian, 

demonstrating the integration feature. The blending process combines machine learning results with BMKG data to 

calculate the temperature forecast, as seen in the log. 
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 Figure 10. Weather Forecast Report 

 

The final output is displayed in Figure 10 as a comprehensive HTML report made for the user. The dashboard 

summarizes all critical forecasting parameters, confirming that the prediction is specifically for the Belian area in Batam 

Kota. The report presents the model configuration, confirming that the SARIMA-LSTM hybrid was trained with 365 data 

points. The report explains the sources, showing that BMKG and Weather Underground data were integrated. The report 

details that the final forecast blends 70% model results with 30% BMKG live data for clarity. 

 
Figure 11. Forecast Graph Visualization 

 

Figure 11 presents the temperature prediction results in a clear visual form for easy interpretation. The figure 

shows daily average temperature forecasts in degrees Celsius (°C) for a short-term period, from 7 January to 13 January. 

The upper chart displays the predicted temperature trend as a line graph, while the shaded area around the line represents 

the confidence interval, indicating possible uncertainty in the prediction. The lower chart shows a bar chart of daily 

temperatures, which helps compare temperature values from one date to another. The x-axis represents the forecast dates, 

and the y-axis represents the predicted temperature values produced by the model. This visualization provides clear context 

about when the prediction is made and how the temperature changes over time, making it easier to observe daily patterns 

and short-term trends in temperature. 

 

4. CONCLUSION 

 
The study confirms that the objectives stated in the Introduction were fully achieved and are consistent with the 

Results and Discussion. The integration of BMKG and Weather Underground data effectively addressed missing values 

and ensured continuous temporal coverage, enabling reliable model training and evaluation. 

The main scientific contribution of this research is the explicit use of residual hybridization combined with multi-

source data integration in a tropical climate context. By allowing SARIMA to model linear seasonal patterns and LSTM to 

learn non-linear residual behavior, the proposed hybrid approach significantly improved forecasting accuracy compared to 

standalone statistical and deep learning models. 
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The empirical results demonstrate that the SARIMA–LSTM model achieved the best performance, with an RMSE 

of 1.73 °C and an R² of 0.923. This confirms that combining linear and non-linear components is an effective strategy for 

complex time-series forecasting, particularly under high climate variability. 

Although the case study focuses on Batam City, the methodological framework is generalizable to other regions 

with similar data limitations and climatic characteristics. The approach is especially relevant for tropical and maritime areas 

where incomplete records and non-linear dynamics are common. 

Several limitations remain. The system depends on external APIs, operates on a relatively short observation 

period, and is limited to average temperature forecasting. These constraints highlight opportunities for future work, 

including multivariate forecasting, longer historical datasets, and reduced reliance on external data services. 
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