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Extreme weather events have become more frequent and intense globally, 

necessitating advanced monitoring and prediction methods. Bogor, Indonesia, 

known for its complex weather patterns and high rainfall intensity, faces 

increasing risks of flooding and landslides. This literature review explores the 

use of Artificial Intelligence (AI) techniques in detecting and predicting 

extreme weather patterns, with a focus on the Bogor region. Methods such as 

Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM), 

Random Forest (RF), and hybrid AI models are analyzed for their 

effectiveness. Key challenges, including data quality, model scalability, and 

computational requirements, are also discussed. The study highlights AI's 

potential to revolutionize weather monitoring and disaster mitigation efforts, 

emphasizing the need for robust and interpretable models tailored to local 

conditions. 
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1. INTRODUCTION  

The frequency and severity of extreme weather events have surged globally, posing significant risks to 

vulnerable regions like Bogor, Indonesia [1]. As a region with one of the highest annual rainfall rates in the 

world, Bogor’s geographical and climatic characteristics make it particularly susceptible to natural disasters 

such as floods, landslides, and severe storms. The increasing unpredictability of weather patterns, driven by 

global climate change, has amplified the need for accurate, timely, and localized weather prediction systems 

[2]. Traditional weather forecasting methods, while useful, often struggle to address the intricate dynamics of 

meteorological variables specific to Bogor’s topography and climatic conditions [3]. For instance, these 

methods rely heavily on linear models and historical data, which may fail to capture the non-linear interactions 

and rapid changes characteristic of extreme weather phenomena. Moreover, the lack of high-resolution data 

and computational tools further limits their applicability in regions with complex weather systems like Bogor 

[4]. 

Artificial Intelligence (AI) has emerged as a transformative solution to these challenges, offering the 

capability to analyze vast datasets and model intricate weather patterns with remarkable precision [5]. By 

leveraging advanced algorithms such as Convolutional Neural Networks (CNN) for spatial analysis and Long 

Short-Term Memory (LSTM) networks for temporal forecasting, AI can provide actionable insights into 

extreme weather conditions [6]. Furthermore, hybrid approaches that integrate machine learning (ML) and 

deep learning (DL) techniques show promise in addressing local variability and improving predictive accuracy 

[7]. Recent studies have demonstrated the efficacy of AI in various aspects of environmental monitoring and 

disaster mitigation. For instance, CNN models have been used to analyze satellite imagery for cloud pattern 

recognition, while LSTM models excel in forecasting rainfall and temperature changes [8]. Random Forest and 

other ensemble methods have also been applied successfully in classifying flood-prone zones. These 

advancements highlight the potential of AI to fill the gaps left by conventional methods, offering enhanced 

scalability, adaptability, and accuracy [9]. 

https://journal.physan.org/index.php/jocpes/index
https://creativecommons.org/licenses/by-sa/4.0/


30 

 

Journal of Computation Physics and Earth Science Vol. 4, No. 1, April 2024: 29-32 

This literature review examines the current state of AI applications in detecting and predicting extreme weather 

patterns, focusing on their relevance to the Bogor region [10]. The review aims to synthesize findings from 

recent studies, evaluate the effectiveness of different methodologies, and identify opportunities for future 

research. By understanding the strengths and limitations of AI-based approaches, this study seeks to contribute 

to the development of resilient and effective weather monitoring systems tailored to Bogor’s unique challenges 

[11]. 

 

2. RESEARCH METHOD  

2.1 Overview of AI Techniques in Weather Detection 

Artificial Intelligence offers a range of techniques tailored to various aspects of weather detection and 

forecasting. Each methodology brings unique strengths while presenting certain limitations, as summarized in 

Table 1 below. 

 

Method Description Strengths Limitations 

Convolutional 

Neural Networks 

(CNN) 

Image-based analysis for 

cloud and weather pattern 

detection. 

High spatial resolution; 

effective for satellite 

imagery. 

Computationally 

intensive; requires 

large datasets. 

Long Short-Term 

Memory (LSTM) 

Time-series analysis for 

rainfall and temperature 

prediction. 

Captures temporal 

dependencies effectively. 

Prone to overfitting 

with limited data. 

Random Forest 

(RF) 

Ensemble method for 

classification and regression 

tasks. 

Robust to overfitting; 

interpretable. 

Limited scalability to 

high-dimensional data. 

Stacked Ensemble 

Models 

Combines multiple models for 

improved accuracy. 

High predictive 

performance. 

Complex 

implementation; high 

computational demand. 

 

2.2 Applications in the Bogor Region 

Rainfall prediction has been a critical focus in the Bogor region due to its susceptibility to flooding. 

Studies like Dewi (2020) demonstrate that LSTM models are particularly effective in capturing temporal 

dependencies in rainfall data. These models can process historical weather data to forecast future rainfall events 

with high precision [12]. However, preprocessing of noisy and incomplete datasets remains a challenge that 

requires sophisticated handling techniques to ensure accuracy [13]. Flood susceptibility mapping in the Bogor 

region has seen substantial improvement through the application of Random Forest models [14]. These 

ensemble methods utilize geospatial and environmental parameters to classify flood-prone areas. By integrating 

elevation, rainfall, and proximity to rivers, these models provide actionable insights that can guide urban 

planning and disaster mitigation efforts [15]. 

Bogor’s hilly terrain makes fog prediction an essential component of weather monitoring. Advanced 

AI models, such as Gradient Boosting Machines (GBM) and Extreme Gradient Boosting (XGBoost), have 

been effectively used to predict visibility levels [16]. These models rely on data attributes like temperature, 

humidity, and wind speed, and their adaptation for Bogor could enhance safety protocols, particularly in 

transportation and aviation sectors [17]. A comparative analysis of AI techniques reveals key trade-offs 

between model complexity, computational requirements, and predictive accuracy. 

• CNNs are best suited for spatial analysis tasks, such as satellite image classification. For instance, 

cloud pattern detection using CNNs has shown significant accuracy improvements over traditional 

methods [18]. 

• LSTMs excel in sequential data tasks, making them ideal for predicting dynamic weather variables 

like rainfall and temperature. However, these models often require large datasets and can be 

computationally intensive [19]. 

• Random Forests offer a balance of simplicity and robustness, making them particularly useful for 

geospatial classification tasks [20]. While they are less resource-intensive than deep learning models, 

their performance may decline with high-dimensional data. 

• Stacked Ensemble Models integrate multiple algorithms to achieve superior accuracy. Their 

computational demands, however, may limit their applicability in resource-constrained settings [21]. 

Challenges In Applying AI 

Data Availability and Quality 

One of the most critical challenges in applying AI to weather prediction is the availability of high-

quality, high-resolution data. Regions like Bogor often lack dense sensor networks, resulting in gaps in weather 
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datasets. This limitation can affect the performance of AI models, which rely heavily on data completeness and 

accuracy [16]. 

AI models, especially deep learning approaches like CNN and LSTM, require substantial 

computational resources for training and inference. These demands can pose challenges in regions with limited 

access to high-performance computing infrastructure. The complexity of AI models often makes them difficult 

to interpret, particularly for non-technical stakeholders such as policymakers and disaster management 

officials. Enhancing model interpretability through techniques like SHAP (Shapley Additive Explanations) or 

LIME (Local Interpretable Model-Agnostic Explanations) can help bridge this gap [22]. 

 

3. RESULT AND DISCUSSION 

 

3.1 Df Performance of AI Models 

The reviewed literature indicates that AI models consistently outperform traditional statistical methods in 

weather prediction. For instance: 

• CNN models achieve accuracy levels exceeding 90% for satellite-based rainfall estimation (Bianchi 

& Putro, 2024). 

• LSTM models demonstrate R-squared values of up to 0.87 for temperature forecasting and 0.82 for 

pollution prediction (Dewi, 2020). 

• Hybrid models combining machine learning and physical simulations provide enhanced robustness 

against data variability. 

 

3.2 Comparative Analysis of AI vs. Traditional Methods 

Traditional methods such as ARIMA and Maximum Likelihood Classification (MLC) lag behind AI 

techniques in accuracy and scalability. AI models' ability to handle non-linear relationships and high-

dimensional data gives them a distinct advantage. 

 

3.3 Case Studies in Bogor 

• Rainfall Monitoring: AI models applied to BMKG datasets for Bogor show promising results in 

predicting high-intensity rainfall events with lead times of up to three hours. 

• Flood Mitigation: Mapping efforts using RF and ensemble models have identified key flood-prone 

zones, aiding in disaster preparedness. 

 

4. CONCLUSION  

AI technologies offer significant advancements in detecting and managing extreme weather patterns, 

particularly in complex regions like Bogor. The integration of models such as LSTM and CNN with geospatial 

and meteorological data can revolutionize weather prediction and disaster mitigation. However, challenges like 

data quality, model interpretability, and resource constraints must be addressed to fully realize AI's potential. 

Future research should focus on developing scalable, interpretable models tailored to local contexts, leveraging 

hybrid approaches to enhance accuracy and robustness. Collaboration among meteorological agencies, 

academic institutions, and policymakers is crucial to operationalizing these advancements and building 

climate-resilient systems. 
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