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Accurate and timely burned area mapping is crucial for post-fire management, planning, and 

mitigation strategies. Traditional approaches for burned area detection are often time-

consuming and challenging, highlighting the need for more efficient and automated 

methods. This study investigates the performance of several deep learning-based 

segmentation models, including DeepLab, ResNet50, ResNet101, ResNet152, and Attention 

U-Net, for burned area detection using Landsat-8 satellite imagery in Indonesia. The models 

were trained and evaluated on a publicly available burned area dataset derived from previous 

research. Experimental results indicate that all models exhibit limited segmentation 

performance on the dataset. Among the evaluated models, ResNet50 achieved the best 

results with a mean Intersection over Union (IoU) of 0.1939 and a Dice coefficient of 

0.2645. Deeper architectures such as ResNet101 and ResNet152 did not yield performance 

improvements, likely due to dataset limitations and model complexity. These findings 

highlight the challenges of burned area segmentation in satellite imagery and suggest the 

need for improved model design, data preprocessing, and feature representation to enhance 

segmentation accuracy.  
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I. INTRODUCTION 

Forest fires are one of the major environmental disasters that significantly impact ecosystems [1], air quality, and carbon 

emissions [2], [3]. In countries such as Indonesia, wildland fires occur frequently, especially during the dry season, causing large-scale 

deforestation and ecological degradation [4]. Therefore, accurate and timely mapping of burned areas is essential for post-fire 

management, environmental monitoring, and decision-making processes [5], [6]. Remote sensing technology [7] has become a widely 

used approach for burned area detection due to its ability to provide large-scale and repetitive observations [8]. Satellite imagery such 

as Landsat-8 [9] offers valuable information for identifying burned regions [10], [11]. However, traditional methods for burned area 

mapping, including threshold-based and spectral index approaches, often suffer from limitations in handling complex environmental 

conditions, noise, and variability in land cover [12]. Recently, deep learning (DL) techniques [13], particularly Convolutional Neural 

Networks (CNN) [14], have shown promising performance in image segmentation tasks [15]. Architectures such as U-Net, DeepLab, 

and CNN-based encoder-decoder [16] frameworks have been widely applied in remote sensing for burned area detection [17], [18]. 

These methods enable automatic feature extraction and pixel-level classification, improving the efficiency and scalability of burned 

area mapping [19]. Despite these advancements, most studies report high performance using large datasets, complex preprocessing, or 

additional spectral features [20], [21]. However, the performance of deep learning models on limited datasets and specific regional 

characteristics, such as Indonesian burned area datasets [4], remains underexplored.  
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This creates a research gap in understanding the robustness and generalization capability of deep learning models under 

constrained data conditions. Therefore, this study aims to evaluate the performance of several deep learning architectures, including 

DeepLab, ResNet50, ResNet101, ResNet152, and Attention U-Net, for burned area segmentation using Landsat-8 imagery. The models 

are trained and tested on a publicly available dataset of burned areas in Indonesia. The evaluation is conducted using standard metrics 

such as Intersection over Union (IoU) and Dice coefficient. The main contribution of this research is a comprehensive benchmarking 

and performance analysis of multiple deep learning models on a limited burned area dataset. Unlike previous studies that focus on 

achieving high accuracy, this study highlights the challenges and limitations of deep learning models in real-world scenarios with 

constrained data, providing insights for future improvements in burned area segmentation. 

II. RELATED WORK 

Burned area detection using remote sensing has been extensively studied using both traditional and machine learning approaches 

[22]. Early methods relied on spectral indices and threshold-based techniques derived from satellite imagery [23], [24]. Although 

effective in simple scenarios, these approaches are sensitive to noise, vegetation variability, and atmospheric conditions[25], [26]. With 

the advancement of artificial intelligence, machine learning methods such as Random Forest (RF), Support Vector Machine (SVM), 

and Artificial Neural Networks (ANN) have been applied for burned area detection and fire susceptibility mapping [21]. These methods 

improve classification performance but still require manual feature engineering and may struggle with complex spatial patterns. Deep 

learning approaches [27], particularly CNN-based models [4], [16], have recently become dominant in this field. U-Net is one of the 

most widely used architectures for burned area segmentation due to its encoder-decoder structure and skip connections that preserve 

spatial information. Several studies have reported high performance using U-Net variants, achieving high IoU and F1-scores in burned 

area mapping tasks. In addition to U-Net, advanced architectures such as DeepLab and Attention-based models have been proposed to 

improve segmentation accuracy. DeepLab utilizes atrous convolution to capture multi-scale contextual information, while Attention U-

Net enhances feature representation by focusing on relevant regions in the image. Furthermore, backbone networks such as ResNet and 

MobileNet are often integrated into segmentation frameworks to improve feature extraction capabilities. Hybrid approaches combining 

CNN with other techniques have also been explored. For example, CNN combined with Random Forest (CNN-RF) [5] and models 

incorporating spectral indices such as NDVI and NBR have demonstrated improved performance in burned area detection [17]. Some 

studies also utilize multi-source data, including Sentinel-1 and Sentinel-2 imagery, to enhance model robustness. Despite these 

advancements, most existing studies rely on large-scale datasets, extensive preprocessing, or multi-source data fusion to achieve high 

performance. Limited attention has been given to evaluating model performance on small datasets with minimal preprocessing. This 

limitation is particularly relevant for regions where annotated data is scarce, such as Indonesia. Therefore, this study focuses on 

evaluating multiple deep learning architectures under constrained data conditions. By comparing DeepLab, ResNet-based models, and 

Attention U-Net on a limited Landsat-8 dataset, this research provides a clearer understanding of the strengths and limitations of each 

model for burned area segmentation. 

III. MATERIALS AND METHODS 

The dataset used in this study is adopted from previous research [4], which provides Landsat-8 satellite imagery for burned area 

analysis. Each image has a spatial dimension of 512×512 pixels and is stored in GeoTIFF format. The dataset is accompanied by ground 

truth segmentation masks in grayscale format. In these masks, pixel values represent two classes: burned areas are labeled with white 

(value=1), while non-burned areas are represented by black (value=0). These annotations were generated through manual interpretation, 

ensuring reliable reference data for supervised learning. The dataset is organized into four main folders, consisting of input images and 

corresponding ground truth masks for both training and testing phases, as summarized in Table 1. This structure allows systematic 

model development and evaluation. 

Table 1: Research Data. 

Image Landsat-8 Training Testing Total 

 

180 47 227 

 

180 47 227 

Source: Authors, (2026). 
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The use of Landsat-8 imagery provides moderate spatial resolution data suitable for large-scale environmental monitoring. 

However, the variability in spectral characteristics and the relatively limited dataset size introduce challenges for accurate segmentation, 

making this dataset appropriate for evaluating the robustness of deep learning models. The overall research workflow of this study is 

illustrated in Figure 1. The process begins with the input of Landsat-8 satellite images, which are then divided into training and testing 

datasets. The training data are used to build and optimize the segmentation models, while the testing data are used to evaluate model 

performance. In the training phase, several deep learning architectures are implemented, including DeepLab, ResNet50, ResNet101, 

ResNet152, and Attention U-Net. These models are trained to learn the spatial patterns and characteristics of burned areas from the 

input images and corresponding ground truth masks. After the training process, the trained models are applied to the testing dataset to 

perform burned area segmentation. The output of this stage is a prediction map that classifies each pixel into burned or non-burned 

areas. Finally, the predicted segmentation results are evaluated using quantitative metrics to assess model performance. This evaluation 

step is crucial to compare the effectiveness of each model in detecting burned areas. The experiments in this study are conducted using 

a supervised learning approach for image segmentation. The dataset consists of 227 images, which are divided into 180 images for 

training and 47 images for testing. All models are trained using the same experimental configuration to ensure a fair comparison. The 

training process is performed for 30 epochs with a batch size of 2. The Adam optimizer is used with a learning rate of 0.0001 to update 

model weights during training. The relatively small batch size is chosen due to memory limitations and the high resolution of input 

images (512×512 pixels). Additionally, the limited number of training samples presents a challenge for model generalization, which is 

one of the key aspects analyzed in this study. During the evaluation phase, the trained models are tested on unseen data to measure their 

segmentation performance. The results are assessed using standard metrics such as Intersection over Union (IoU) and Dice coefficient, 

which are commonly used in image segmentation tasks. 

 
Figure 1: Research workflow for burned area segmentation. 

Source: Authors, (2026). 

The DeepLabV3+ architecture (Figure 2) used in this study is based on a ResNet50 backbone as the encoder for feature 

extraction. The network consists of two main components: an encoder with Atrous Spatial Pyramid Pooling (ASPP) and a decoder for 

precise segmentation. In the encoder stage, feature maps are extracted at different levels. The low-level features are obtained from the 

early layers of the backbone network, preserving spatial details, while high-level features are extracted from deeper layers, capturing 

semantic information. The ASPP module is applied to the high-level features to capture multi-scale contextual information. This module 

utilizes parallel atrous convolutions with different dilation rates (6, 12, and 18), along with a 1×1 convolution. These features are then 

concatenated and refined through additional convolutional layers. In the decoder stage, the high-level features are upsampled and 

combined with low-level features through skip connections. This fusion enhances spatial resolution and improves boundary 

segmentation. Finally, the output is upsampled to the original image size and passed through a sigmoid activation function to produce 

a binary segmentation map. 

 
Figure 2: DeepLabV3+ architecture backbone diagram. 

Source: Authors, (2026). 
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The ResNet50-UNet model used in this study combines the strength of the ResNet50 as an encoder and the U-Net decoder 

structure for semantic segmentation (Figure 3). In the encoder stage, a pre-trained ResNet50 model (trained on ImageNet) is utilized to 

extract hierarchical features from the input image. Several intermediate feature maps are selected as skip connections to preserve spatial 

information at different resolutions. Specifically, feature maps are extracted from multiple stages of the network, including early, middle, 

and deeper layers. The decoder stage is designed to progressively reconstruct the spatial resolution of the feature maps. The high-level 

features from the encoder are upsampled step by step using UpSampling layers. At each stage, the upsampled features are concatenated 

with the corresponding skip connections from the encoder. This fusion allows the model to combine semantic information from deeper 

layers with fine-grained spatial details from earlier layers. Each decoding block consists of two convolutional layers with ReLU 

activation to refine the feature representation. Finally, the output is upsampled to the original image size and passed through a sigmoid 

activation function to produce a binary segmentation map, where each pixel represents either burned or non-burned area. The 

segmentation model evaluation process is calculated using Jaccard and Dice similarity coefficients. Equations 1 and 2 are ways to 

calculate the Jaccard or Intersection over Union and Dice similarity coefficients. 

||
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
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                                                                                 (1) 
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


                                                                                (2) 

 

Description: A is the ground truth image and B is the segmentation image. The ground truth image and segmentation results have 

a value of 0 and 1, then the intersection value is calculated  , and union  . 

 
Figure 3: Architecture of the ResNet50-UNet model used for burned area segmentation. 

Source: Authors, (2026). 

IV. RESULTS AND DISCUSSIONS 

Table 2 presents the performance comparison of the evaluated models in terms of mean Intersection over Union (IoU) and Dice 

coefficient for burned area segmentation. Among all tested models, the ResNet50-based U-Net achieved the best performance, with a 

mean IoU of 0.1939 and a Dice coefficient of 0.2645. This indicates that the model is relatively more capable of capturing burned area 

patterns compared to other architectures. In contrast, the DeepLab model obtained a slightly lower performance, with a mean IoU of 

0.1489 and a Dice score of 0.2181. 
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Table 2: Model Evaluation Results. 

Model Mean IoU Mean Dice 

DeepLab 0.1489 0.2181 

ResNet50 0.1939 0.2645 

ResNet101 0.0878 0.1363 

ResNet152 0.1257 0.1857 

Unet-Attention 0.0774 0.1232 

Source: Authors, (2026). 

Deeper architectures, such as ResNet101 and ResNet152, did not show improved performance. ResNet101 achieved a mean IoU 

of 0.0878 and Dice of 0.1363, while ResNet152 reached a mean IoU of 0.1257 and Dice of 0.1857. Similarly, the Attention U-Net 

model produced the lowest performance among all models, with a mean IoU of 0.0774 and Dice of 0.1232. These results suggest that 

increasing model depth and complexity does not necessarily lead to better segmentation performance, especially when the dataset is 

limited. The superior performance of ResNet50 compared to deeper variants indicates that a moderate-depth architecture is more suitable 

for this task under constrained data conditions. Several factors may contribute to the observed performance. First, the limited size of the 

dataset restricts the ability of deep learning models to learn generalized features effectively. Second, the variability in burned area 

characteristics in Landsat-8 imagery, including differences in vegetation, burn severity, and background noise, increases the difficulty 

of accurate segmentation. Third, the use of only RGB channels without additional spectral indices may reduce the model’s ability to 

distinguish burned areas from similar background patterns. Despite the relatively low performance values, this study highlights 

important insights regarding the applicability of deep learning models for burned area segmentation in real-world scenarios. The results 

emphasize that model performance is not solely determined by architectural complexity but is strongly influenced by data quality, 

quantity, and feature representation. Tabel 3 hasil segmentasi dari setiap model. The experimental results reveal that all evaluated 

models exhibit significant difficulty in accurately segmenting small burned areas. When the spatial extent of the burned region is limited, 

the models tend to either completely miss the burned pixels (false negatives) or produce fragmented and incomplete predictions. This 

behavior is primarily attributed to the strong class imbalance between burned and non-burned areas, where the background class 

dominates the image. In addition, deep convolutional neural networks, particularly those employing encoder-decoder architectures, 

inherently perform spatial downsampling during feature extraction. As a result, fine-grained details corresponding to small burned 

regions are often lost in deeper layers and cannot be fully recovered during the upsampling process. This leads to under-segmentation, 

especially along object boundaries and small isolated regions. 

Table 3: Model Segmentation Results. 

DeepLab 

 

 

 

ResNet50 
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UNet-

Attention 

 

 

 

Source: Authors, (2026). 

The error map further illustrates this limitation, where blue regions indicate false negatives (missed burned areas), and red regions 

indicate false positives (over-segmentation). The dominance of blue regions suggests that the models are more prone to missing burned 

areas than falsely detecting them, confirming that the models are biased toward the majority (background) class. These findings are 

consistent across all tested architectures, indicating that the limitation is not solely model-dependent, but also strongly influenced by 

dataset characteristics, particularly the small size and spatial distribution of burned regions. 

V. CONCLUSIONS 

This study presents a comparative evaluation of several deep learning models, namely DeepLab, ResNet50, ResNet101, 

ResNet152, and Attention U-Net, for burned area segmentation using Landsat-8 satellite imagery. The experimental results indicate that 

all models exhibit limited performance in accurately segmenting burned areas, with the highest performance achieved by the ResNet50-

based model, reaching a mean IoU of 0.1939 and a Dice coefficient of 0.2645. The qualitative and quantitative analyses reveal that the 

models struggle particularly with small and fragmented burned areas. Most models tend to produce under-segmentation, as indicated 

by the dominance of false negatives, while also generating some false positives due to background confusion. This limitation is primarily 

attributed to class imbalance, where non-burned areas dominate the dataset, as well as the loss of fine spatial information during the 

downsampling process in deep neural networks. Furthermore, increasing model depth, as observed in ResNet101 and ResNet152, does 

not necessarily improve segmentation performance, suggesting that deeper architectures are not always suitable for datasets with limited 

size and high spatial complexity. Overall, this study highlights that the main challenge in burned area segmentation lies not only in 

model selection but also in dataset characteristics, particularly the small size and distribution of burned regions. Future work should 

focus on improving segmentation performance for small objects through advanced techniques such as multi-scale feature extraction, 

attention mechanisms, and loss functions that address class imbalance. 
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