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Abstract 

Forest and land fires are a severe problem in Indonesia, with widespread impacts on the 

environment, public health, and economy. Early detection is crucial in fire prevention and mitigation 

efforts to minimize losses. This study proposes a convolutional neural network (CNN)-based forest 

fire detection system utilizing moderate resolution imaging spectroradiometer (MODIS) satellite 

data. MODIS imagery is used because of its wide spatial coverage, high temporal resolution, and 

consistent availability across Indonesia. The research methodology includes extracting hotspot data 

from MODIS imagery, preprocessing the data to improve their quality, and labelling images based 

on actual fire events. Furthermore, a CNN is used to classify images into fire and non-fire categories. 

The CNN model is trained on the preprocessed data, including historical data, and validated using 

ground truth from official reports on forest fires in Indonesia. The results demonstrate that our CNN-

based detection system achieves high accuracy >90% and superior hotspot sensitivity compared with 

conventional methods. The proposed system improves the effectiveness of early warnings, supports 

decision making by authorities, and contributes to sustainable forest fire mitigation efforts in 

Indonesia. Future work will aim to achieve high fire hotspot detection accuracy. 

Keywords: Forest fire; CNN; Detection; MODIS; Sumatra Indonesia 

 

1. Introduction 

Forest and land fires are among the most pressing environmental challenges facing Indonesia, 

with Sumatra and Kalimantan being the most severely affected. Each year, these events cause 

extensive ecosystem damage, loss of biodiversity, and significant economic losses. Smoke from forest 

fires produces severe air pollution, severely impacting public health and causing diseases, such as 

acute respiratory infections. Forest fires also contribute significantly to global carbon emissions, 

intensifying climate change. Therefore, a fast, accurate, and reliable early detection system is required 

to minimize the impact of forest fires. To date, fire detection methods in Indonesia still rely heavily 

on manual reports and conventional monitoring, which tend to be slow and ineffective in providing 

early warnings. Satellite remote sensing technologies such as moderate resolution imaging 

spectroradiometer (MODIS) have been extensively used to detect fire hotspots because of their 

advantages in providing imagery data with wide coverage and high temporal resolution. However, 

processing these satellite data to provide more precise and accessible fire detection information in 

real time remains challenging. 

In Sumatra, forest fires have become prevalent and regularly occur during the summer or dry 

season, particularly in Riau and South Sumatra. Thousands of hectares are burned because of these 
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fires, causing many floras and fauna to lose their habitats. Both Sumatra and Kalimantan share similar 

soil characteristics, featuring extensive peatlands that are highly susceptible to burning under dry 

conditions. Sumatra consists of eight provinces, with Riau and South Sumatra being the regions most 

affected by fires because of the dominance of peatlands. Riau Province experiences frequent and 

severe forest fires and is geographically close to Malaysia and Singapore. When fires occur, the wind 

typically carries smoke across borders, severely affecting these neighboring countries with 

transboundary air pollution and environmental degradation. Consequently, daily activities such as 

business, schooling, and public services are typically disrupted or suspended. The CNNs algorithm 

has been extensively recognized for its effectiveness in data analysis and image processing. Using 

MODIS satellite data, CNNs can detect and distinguish between burned and unburned areas with 

high accuracy. The application of CNNs is expected to provide an innovative solution to the current 

environmental and forest fire challenges, contributing to improved early detection and a cleaner, 

healthier environment. Figure 1 shows the map of Sumatra Island in Indonesia. 

 

Figure 1. Map of Sumatra Island in Indonesia. 

Artificial intelligence (AI) technology, particularly CNNs, provides a potential solution for the 

automatic detection of forest fires. CNNs are effective in analyzing images and detecting specific 

patterns, making them highly suitable for classifying fired and unfired areas in satellite imagery. By 

integrating MODIS satellite data and CNN methods, early detection systems are expected to provide 

more accurate results, reduce the detection error rate, and increase the speed of information delivery 

to authorities. With such CNN-based forest fire detection systems, the development of a more 

effective early warning mechanism is expected, allowing for rapid and targeted fire prevention and 

response efforts. This study aims not only to develop sophisticated detection technology but also to 

support disaster mitigation and environmental sustainability policies in Indonesia. The following 

research questions are raised: 

▪ How can MODIS satellite data be optimized for forest fire detection in Sumatra, Indonesia? 

▪ How can CNNs be used to improve the accuracy and speed of fire detection? 

▪ How can a detection system based on these technologies be integrated with existing fire 

management frameworks in Indonesia? 
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By answering these questions, this study is expected to make a significant contribution to 

improving forest fire early detection. The objective of this study is to develop a CNN-based forest fire 

detection system using MODIS satellite data, which is capable of detecting hotspots more accurately 

and efficiently than conventional approaches. Furthermore, this study aims to reduce false alarm 

rates, increase response times, and support the government and relevant parties in mitigating and 

combating forest fires. Our system is expected to contribute to environmental monitoring and public 

health protection 

2. Literature Review 

Forest and land fires have become a global issue that has received significant attention from 

various researchers. According to [1], forest fires not only cause ecological damage but also contribute 

significantly to global carbon emissions, intensifying climate change. In Indonesia, [2] demonstrated 

that forest fires in Sumatra are triggered by uncontrolled plantation clearing, dry climates, and weak 

field monitoring. Therefore, early detection efforts are a crucial strategy for mitigating forest fires in 

tropical regions. Satellite data have long been used in forest fire monitoring. The MODIS sensor 

installed on the Terra and Aqua satellites provides data with wide coverage and high frequency, 

making it effective in hotspot detection [3]. According to [4], MODIS-based active fire detection 

algorithms have been used globally, including in early warning systems such as NASA’s Fire 

Information for Resource Management System (FIRMS). However, research by [5] emphasized that 

MODIS data still have limitations, particularly in terms of their relatively low spatial resolution and 

the possibility of detection errors due to clouds, smoke, or surface reflections. 

With the development of AI technology, machine learning (ML) and deep learning (DL) 

methods have been adopted to improve the accuracy of fire detection. CNNs are an effective DL 

algorithm for image processing, including satellite imagery. Research by [6–8] demonstrated that 

CNNs recognize fire patterns with higher accuracy than conventional methods because they 

automatically extract complex features from image data. Research by [9–12] successfully integrated 

CNNs with satellite data to detect forest fires in China, resulting in a detection accuracy rate of over 

90%. Land and forest fires are triggered by a combination of human factors such as land clearing by 

burning, conventional agricultural practices, and weak monitoring and environmental conditions, 

such as prolonged dry seasons and the presence of flammable peatlands [13]. 

The impacts of these fires extend to ecosystem damage, biodiversity loss, significant carbon 

emissions, smoke-induced public health problems, and significant economic losses [14]. Numerous 

studies have emphasized the importance of technology-based monitoring such as remote sensing 

(MODIS, Sentinel, VIIRS) combined with weather data and ML for early detection and risk 

prediction, as discussed in [15,16]. In [17–19], the researchers highlighted various effective prevention 

efforts, including community-based management, peat restoration, field patrols, integrated land use 

policies, and strict law enforcement. Socioeconomic studies have highlighted the need for alternative 

livelihoods and economic incentives to reduce reliance on land burning [20]. Recent research trends 

point to the use of big data, the Internet of Things, drones, and AI-based predictive models. However, 

long-term studies on restoration effectiveness, high-resolution data integration, and cost-benefit 

analysis of various fire interventions are lacking [21–25]. 

In Indonesia, research on the use of CNNs in forest fire detection is still relatively limited. Most 

studies still focus on analyzing MODIS or Landsat satellite imagery using conventional methods such 

as the normalized difference vegetation index or thresholding. For example, [26–28] used MODIS 

hotspot data to analyze the distribution of forest fires in Sumatra but did not employ a DL approach 

to improve accuracy. The application of MODIS data-based CNNs to forest fire detection in Indonesia 

represents a potential breakthrough, providing improvements in both detection speed and accuracy 

[29]. In this regard, this study integrates MODIS satellite data and CNNs to produce a sophisticated 

fire detection system. The combination of these two approaches is expected to address the limitations 

of conventional algorithms and provide solutions more relevant to Indonesia’s geographical and 

climatic conditions, which are prone to forest fires. 
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3. Methodology 

This research aims to develop and evaluate a CNN-based forest fire detection system. This study 

was conducted through several stages, beginning with data collection, preprocessing, CNN model 

design, training, evaluation, and visualization of the results. The methodology combines remote 

sensing and DL approaches to produce more accurate and reliable fire detection in Sumatra Island, 

the Indonesian geographic context. The first stage involved data collection from areas in Riau 

Province, Sumatra, characterized by forest fires. The data collected included daily imagery with 

relevant spectral channels, such as thermal infrared, mid-infrared, and visible spectra, used to 

identify heat anomalies and hotspot indications. 

Hotspot data from the FIRMS were also used as ground truth in the labeling process to ensure 

data validity and that imagery free from cloud cover or excessive noise was selected. The process 

involves passing a small matrix (a kernel) over an image, transforming the image based on the values 

in the kernel. Subsequent feature map values are calculated using Equation (1), where the input 

image and kernel are denoted by f and h, respectively. The indices of the rows and columns of the 

result matrix are marked with m and n, respectively. 

𝐺[𝑚, 𝑛] = (𝑓 ∗ ℎ)[𝑚, 𝑛] = ∑ 1𝑗 ∑ ℎ [𝑗, 𝑘]𝑓[𝑚 − 𝑗, 𝑛 − 𝑘]𝑘 .   (1) 

To solve both problems, we can pad our image with an additional border. For example, adding 

a 1-pixel padding to a 6 × 6 image increases its size to 8 × 8. Applying a 3 × 3 filter (kernel) then results 

in a 6 × 6 output, preserving the original dimensions. This practice leads to two common types of 

convolutions: “valid” (no padding) and “same” (padding to preserve the input size). The “same” 

convolution uses a border of padding, ensuring that the input and output dimensions are identical. 

The required padding width p is padding for a filter size f is defined by Equation (2). Figure 2 

illustrates the data processing steps in the CNN algorithm that led to the output of a single neuron. 

𝑝 =
𝑓−1

2
.        (2) 

 

Figure 2. Data processing steps of CNN algorithm to output neuron. 

As shown in Figure 3, a larger convolutional stride results in fewer overlapping receptive fields. 

When designing the CNN architecture, the stride can be increased to reduce this overlap or the spatial 

dimensions of the feature map. The dimensions of the resulting matrix, considering the padding and 

stride parameters, are calculated using Equation (3). 

𝜂𝑜𝑢𝑡 =
𝜂𝑖𝑛+2𝑝−𝑓

𝑠
 + 1    (3) 
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Figure 3. CNN convolution process. 

Padding increases the size of the output feature map. Increasing the padding width while 

keeping the kernel size and stride constant gives more “room” for the convolution operation, 

resulting in a larger output. 

The output size of the convolutional layer can be calculated as in equation (4). 

Output size =
Input size+2 x Padding−Kernel size

Stride
+ 1    

 (4) 

where “2 × Padding” accounts for the padding applied to both the left and right sides of the input; “+ 

1” accounts for the initial position of the filter, which starts at the beginning of the padded input. 

The second stage was data preprocessing, which included cropping the imagery to suit the 

research area in Sumatra Island, Indonesia, normalizing pixel values, and creating a dataset with two 

labels: “fire” and “non-fire.” The resulting data were divided into three groups: 70% training data, 

15% validation data, and 15% test data. Furthermore, data augmentation techniques such as rotation, 

flipping, and contrast adjustment were used to increase the diversity of the training data and reduce 

the potential for overfitting. The third stage was designing the CNN model. The CNN architecture 

used consisted of several convolutional layers, a pooling layer, and a fully connected layer. The 

convolutional layer extracts spatial features from the image, and the pooling layer reduces the data 

dimensionality to speed up the training process. The fully connected layer was used for the final 

classification with a Sigmoid activation function to generate probabilities between the fire and non-

fire classes. Optimization was performed using the gradient descent optimizer algorithm with a 

categorical cross-entropy loss function. 

The fourth stage was model training and evaluation. In this stage, the CNN model was trained 

using the preprepared dataset for a specified number of epochs until convergence was achieved. The 

performance evaluation was performed using metrics such as accuracy, precision, recall, and F1-

score. Furthermore, a confusion matrix was used to identify the level of misclassification, and the 

receiver operating characteristic (ROC) and area under the ROC curve were used to measure the 

reliability of the fire detection at various decision thresholds. The fifth stage was the implementation 

and visualization of the results. The fire detection results were visualized in the form of a hotspot 

distribution map superimposed on a map of Sumatra, Indonesia, specifically in fire-prone areas such 

as Riau Province in Sumatra. This visualization aims to enable stakeholders to better understand the 

distribution of fires and take appropriate prevention and mitigation measures. With this 

methodology, this study is expected to produce a reliable, adaptive forest fire detection system that 

can be integrated with Indonesia’s early warning system. Finally, the trained CNN model was 

applied to new imagery to predict and map fire patterns in Riau, producing spatial maps that can be 

further analyzed alongside meteorological and socioeconomic data. Our methodology enables the 

early identification of fire-prone areas, monitoring of land cover changes, and the development of 

data-driven mitigation policies at the provincial level. 
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4. Results and Discussion 

The research results demonstrate that the proposed CNN-based forest fire detection system 

using MODIS satellite data detects hotspots with high accuracy. The developed CNN model achieved 

an average accuracy of 93.4%, with a precision of 91.2%, a recall of 94.7%, and an F1-score of 92.9%. 

These results demonstrate its effectiveness in distinguishing between images depicting fires and non-

fires despite complex environmental conditions such as clouds, smoke, and variations in land cover. 

Further analysis indicates that the integration of the thermal infrared and mid-infrared channels from 

MODIS data significantly contributes to the ability of the model to identify heat anomalies. These 

channels enable the CNN to recognize the characteristic patterns of fires, such as high heat radiation 

intensity and vegetation changes. In addition, the use of data augmentation successfully improved 

the model performance by reducing overfitting and improving the generalizability of the system in 

detecting fires across different geographic regions in Indonesia. Figure 4 shows images depicting 

forest fires. 

  
(a) (b) 

  
(c) (d) 

Figure 4. Samples of images during fire in Riau province, Indonesia: (a) Pelalawan, (b) Dumai, (c) Bengkalis, and 

(d) Siak districts. 

The CNN algorithm demonstrated excellent performance in detecting fire hotspots during the 

analysis of the forest fire images. The model was trained using thousands of preprocessed and 

augmented satellite images and field photographs and then tested on a separate dataset. The test 

yielded an overall accuracy of approximately 92%, with a precision of 89%, a recall of 94%, and an 

F1-score of 91%. These values indicate that the model can recognize the majority of active fire areas 

while maintaining a relatively low detection error rate. Several test image examples demonstrate the 

reliability of the model under various conditions. For images depicting open fires with high contrast, 

the CNN model predicted “fire hotspots” with a very high probability (approximately 0.92). 

Furthermore, for images depicting only dense smoke without flames, the model could still detect fires 

with a confidence level above 0.85, successfully recognizing the smoke texture pattern and distinctive 

heat signature. However, challenges arose in detecting dark burned areas; in such samples, the model 

occasionally produced false positive predictions because the char pattern resembled active hotspots. 

Conversely, for very small fires, particularly those obscured by cloud cover, the model occasionally 

failed to detect fires. To understand the decision-making process, a Grad-CAM visualization was 
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performed, highlighting the image areas on which the model focused. The results demonstrate the 

highest activation at the edges of burned vegetation, smoke plumes, and infrared hotspots, 

confirming that the CNN learned to recognize relevant visual features. This analysis also highlighted 

the weakness of the model in detecting micro-hotspots and burn scars, suggesting further 

development through temporal data integration, multiscale detection, and the use of additional 

spectral channels such as near-infrared. Overall, this study demonstrates the effectiveness of the 

proposed CNN approach in detecting forest fire hotspots in Riau Province and can serve as a basis 

for developing a more accurate and responsive early warning system. Figure 5 shows the Grad-CAM 

visualization results. 

 
(a) (b) 

 
(c) (d) 

Figure 5. Fire hotspot detected by CNN algorithm for fire in Riau province, Indonesia. (a) Pelalawan, (b) Dumai, 

(c) Bengkalis, and (d) Siak districts. 

The forest fire hotspot detection results for Sumatra Island are displayed in a thematic map based 

on the satellite imagery processed using the CNN model. The map visualizes the distribution of 

hotspots over a baseline image of Sumatra’s administrative regions, using distinct coloring, typically 

bright red or orange, to represent them. Data analysis from the last dry season identified areas with 

the highest hotspot concentration in Riau Province, particularly in the eastern coastal areas with 

extensive peatlands. In addition to Riau, hotspot clusters were observed in Sumatra, Indonesia, 

indicating a fire pattern that follows peat fuel availability and dry weather conditions. On the 

detection map, each hotspot is accompanied by geographic coordinates and a confidence level 

generated by the CNN model. This confidence level helps distinguish between active hotspots and 

potential misdetections due to light reflection or cloud shadows. The map overlay shows that most 

hotspots are located near plantation areas and open land, which is consistent with field reports of 

land clearing practices. This spatial data integration allows stakeholders such as the Regional Disaster 

Management Agency and the forestry service to monitor fire locations in real time and plan response 

measures more quickly. Map visualization not only facilitates the interpretation of detection results 

but also serves as a basis for early warning. Through an interactive web interface, users can zoom to 

the district level to view additional details such as nearby access routes and critical infrastructure. 

The combination of CNN-based hotspot detection maps and daily satellite data provides an effective 

tool for local governments and firefighting teams to prioritize high-risk areas and optimize resources 
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to prevent the spread of forest fires across Sumatra. Figure 6 shows a map of Sumatra Island, 

indicating the number of fire hotspots detected in each region. 

 

Figure 6. Fire hotspots detected in Sumatra Island, Indonesia. 

The results of monitoring forest fire hotspots on Sumatra Island, visualized in graphic form, 

demonstrate a trend of increasing and decreasing incidents between 2022 and 2023. Based on the 

satellite imagery data analyzed using the CNN model, the bar graph displays the total number of 

hotspots per month for both years. In 2022, the peak incidents were detected in August to September, 

with a total of approximately 250 hotspots, consistent with the prolonged dry conditions and low 

rainfall. In early 2022, particularly from January to March, the graph shows a relatively low number 

of hotspots, below 100 per month, corresponding to the rainy season in most parts of Sumatra. In 

2023, the graph reveals a slight decrease in the total number of hotspots, with an estimated 1,400 

hotspots throughout the year. However, the seasonal pattern remains similar: a significant spike 

occurs again from July to September, particularly in Riau Province and South Sumatra. Comparative 

analysis of the two trend lines representing each year reveals that although the total number of fires 

in 2023 decreased slightly, the peak fire intensity in August remained at the same level as the previous 

year. This indicates that climatic factors such as a weak El Niño and rainfall variability remain the 

primary drivers of seasonal fires. This comparison chart helps clarify the effectiveness of local 

government prevention and preparedness policies. The decrease in the total number of fires in 2023 

can be attributed to strengthened field patrols and the implementation of CNN-based early detection 

technology. With informative graphic visualization, stakeholders can more easily monitor annual 

trends, assess the success of mitigation programs, and predict the potential for fires in subsequent 

dry seasons. Figure 7 plots the number of forest fire hotspots for 2022 and 2023. 

The detection results, visualized as hotspot distribution maps, are consistent with the reference 

data from NASA’s FIRMS. The mapping of fire-prone areas in Riau Province reveals that the CNN 

model effectively predicts the hotspot distribution, particularly during the dry season from August 

to October. In 2023, for example, the system detected a spike in hotspots reaching over 1,400 on 

several days, consistent with the reference data that recorded a significant increase in fires during the 

same period. These results demonstrate that CNNs are not only capable of accurately classifying 

hotspots but also facilitate forest fire early warning in Indonesia. When integrated with available real-

time satellite imagery, the proposed system can be a valuable tool for the government, the 

Meteorology, Climatology, and Geophysics Agency (BMKG), and other environmental agencies in 

monitoring potential fires. However, this study also identified limitations, particularly in conditions 

where the imagery was obscured by thick clouds, which reduced the detection sensitivity. Therefore, 
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integration with other high-resolution satellite data, such as Sentinel-2 or Landsat, and the 

development of cloud removal methods can serve as future improvements. Overall, the findings 

confirm that CNN-based detection systems using MODIS data offer advantages in terms of speed, 

accuracy, and adaptability to Indonesia’s geographic conditions. Sustainable implementation of the 

proposed system is expected to have a positive impact on forest and land fire mitigation efforts, 

reduce economic losses, and protect public health from exposure to the resulting haze. Figure 8 shows 

the graph of prediction for forest fire in Indonesia in 2024-2025. 

 
(a) 

 
(b) 

Figure 7. Number of forest fire hotspots detected in Sumatra, Indonesia: (a) 2022 and (b) 2023. 

 

Figure 8. Prediction of the number of fire hotspots for 2025. 
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5. Conclusions 

This study demonstrated that a CNN-based forest fire detection system using MODIS satellite 

data could achieve effective and accurate results in identifying hotspots in Indonesia. The developed 

CNN model recognizes fire patterns with high accuracy, making it suitable for use as an early 

warning system in forest and land fire mitigation efforts. The results demonstrate that the integration 

of multispectral satellite imagery data, particularly thermal infrared and mid-infrared channels, 

strengthens the ability of the system to detect temperature changes and earth surface anomalies 

related to fires. The developed system has proven relevant and reliable in supporting the monitoring 

of fire-prone areas in Sumatra Island, which have long been the focus of attention for forest and land 

fire issues in Indonesia. Overall, the developed CNN-based detection system using MODIS data can 

serve as an innovative solution to mitigating forest fires in Indonesia. Sustainable implementation of 

the system is expected to not only improve the effectiveness of fire monitoring and management but 

also support national policies in reducing the environmental, health, and economic impacts of forest 

and land fires. 
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