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The incidents of forest fires are escalating in frequency and intensity because of climate change and 
land use pressures, thus posing serious risks to ecosystems, biodiversity, and human safety. Detecting 
and segmenting forest fire regions accurately from aerial imagery remains a major challenge due to 
variations in fire size, smoke density, terrain complexity, and illumination. Traditional convolutional 
models often struggle with these heterogeneous conditions, leading to inaccurate or delayed 
responses. This study introduces DeepFire S3GA-Net, a novel deep learning-based segmentation 
framework designed for forest fire segmentation using unmanned aerial vehicle imagery. The 
architecture is built on a fully convolutional encoder-decoder network, enhanced with atrous spatial 
pyramid pooling in the encoder for capturing multiscale contextual features and group convolution 
modules in the decoder to improve spatial refinement and feature diversity. These components allow 
the model to distinguish both fine-grained fire edges and broad burned regions effectively. Extensive 
evaluation using standard metrics of mean intersection over union, accuracy, precision, recall, and Dice 
coefficient show that DeepFire S3GA-Net consistently outperforms existing models. Its robustness 
across complex visual environments highlights its potential as a scalable and reliable tool for real-time 
forest fire monitoring and ecological risk management.
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Forests play a critical role in maintaining ecological balance by supporting biodiversity, regulating climate, and 
delivering essential ecosystem services such as carbon sequestration and water regulation1,2. However, these 
ecosystems face escalating threats due to the increasing frequency and intensity of wildfire, which have become 
one of the most destructive natural disturbances globally3. Forest fire causes immediate destruction of vegetation 
and wildlife and leads to long-term ecological degradation, including soil erosion, altered hydrological cycles, 
and disrupted forest regeneration dynamics4,5. Climate change manifested through rising temperatures, 
extended droughts, and shifting weather patterns has been closely linked to the proliferation of wildfire events6. 
In addition, anthropogenic factors such as deforestation, land use changes, and poor management practices 
have further heightened fire susceptibility, even in ecosystems previously considered low risk. These trends 
underscore the urgent need for proactive and adaptive fire monitoring strategies6,7.

 Conventional forest fire monitoring often relies on satellite remote sensing due to its wide spatial coverage 
and temporal reach. However, its limitations in spatial resolution, revisit time, and sensitivity to smoke and 
cloud cover often hinder accurate real-time detection8,9. Unmanned aerial vehicles (UAVs) or drones have 
emerged as valuable complements, offering high-resolution imagery and flexibility for localized fire surveillance, 
yet they remain constrained by short flight durations, limited area coverage, and regulatory challenges10,11.In 
this context, deep learning networks, especially convolutional neural networks (CNNs), have shown remarkable 
promise for automated forest fire segmentation. CNNs can extract hierarchical features from UAV and satellite 
images, enabling accurate detection under challenging conditions, such as dense smoke, uneven illumination, 
and complex landscapes12,13. Architectures such as U-Net, SegNet, and FCDenseNet have shown strong 
performance in segmenting fire-affected regions. However, existing CNN-based methods often struggle to 
preserve fine-grained boundary details, especially under occlusion caused by smoke or shadows, and may suffer 
from over-smoothing in large-scale fire regions. Moreover, many prior works lack mechanisms to fully capture 
multiscale context or to encourage sufficient diversity in learned features. Recent innovations further enhance 
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CNN segmentation performance. Multiscale feature extraction allows models to identify small fire edges and 
large burned areas, while group shuffle mechanisms improve feature diversity with low computational cost14–16. 
These strategies are crucial for developing scalable and accurate forest fire detection systems. Figure 1 illustrates 
the segmentation challenge using UAV imagery, highlighting the need for robust models capable of coping with 
occlusion, terrain variation, and smoke interference.

To address these challenges, this study introduces a novel segmentation framework that enhances 
conventional CNN architecture for forest fire detection. The new model enhances conventional CNN structures 
by using multiscale atrous spatial pyramid pooling (ASPP) to collect information at various scales and adding a 
group convolution (GC) module to increase feature diversity. The ASPP component allows the model to capture 
spatial information at multiple receptive fields, thereby enhancing segmentation performance across various fire 
geometries and scales. Meanwhile, the GC module promotes richer feature learning by enabling more effective 
cross-group information exchange, helping the model to build more robust and discriminative representations 
from UAV imagery, which often exhibits diverse landscape textures and is affected by occlusions such as smoke 
and shadows. The major contributions of this study are as follows:

	1.	 Novel architecture design. This study proposes a CNN-based segmentation model that integrates multiscale 
ASPP and GC modules for forest fire detection using UAV imagery. ASPP enhances the model’s ability to 
capture fire features at different spatial scales, while GC improves feature diversity and computational effi-
ciency.

	2.	 Benchmark experimental evaluation. Controlled experiments on UAV datasets are conducted to assess the 
effects of ASPP and GC. ASPP improves segmentation accuracy through improved multiscale context ex-
traction, while GC enhances generalization and model compactness. Combined, both modules considerably 
outperform the baseline.

	3.	 Comparative performance analysis. A comparative evaluation is conducted between the proposed model 
and several established deep learning architectures, demonstrating the model’s effectiveness in accurately 
segmenting forest fire-affected areas.

The remainder of this paper is structured as follows: The next section presents the literature review, followed by 
the methodology detailing the proposed segmentation model. The subsequent section outlines the experimental 
results and provides a discussion of the findings. The paper concludes with a summary of the key outcomes 
derived from the study.

Literature review
Forest fire segmentation has become a critical area of research, driven by the increasing availability of remote 
sensing data and advances in computer vision. In recent years, deep learning, particularly CNNs, has shown 
strong potential in improving the accuracy and responsiveness of fire monitoring systems. Numerous studies 
have utilized CNNs for fire detection and segmentation using satellite and UAV imagery. The integration of UAVs 
has further enhanced capabilities by offering high-resolution, real-time views of fire affected areas. For instance, 
Qin et al. (2021)17 developed a lightweight fire detection system that combines depthwise separable CNN with 
YOLOv3, achieving a mean average precision (mAP) of 89.65% and 24.32 FPS. Its efficiency and compactness 
make it suitable for real-time UAV-based deployment. Similarly, Zhang et al. (2023)18 introduced MS-FRCNN, 
a multiscale Faster R-CNN model for detecting small-scale fires, which achieved a detection accuracy of 91.3% 
and an mAP of 87.6%. Meanwhile, Huot et al. (2020)19 proposed a deep learning model for wildfire prediction 
using a decade of remote sensing data, achieving an AUC of 83%, confirming its effectiveness for large-scale risk 
assessment. However, while these detection-oriented models have demonstrated high accuracy, they typically 
lack fine-grained segmentation capabilities necessary for delineating fire boundaries in UAV imagery.

Fig. 1.  Example of UAV forest fire image with corresponding ground truth segmentation.
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Building on earlier work in wildfire prediction, several recent studies have advanced the application of deep 
learning for active fire detection and segmentation. De Almeida et al. (2021)20 introduced a large-scale dataset for 
fire detection using Landsat-8 imagery, achieving a precision of 87.2% and recall of 92.4% on annotated datasets. 
Dewangan et al. (2022)21 developed the Fire Ignition Library (FIgLib), comprising approximately 25,000 labeled 
wildfire smoke images, and proposed SmokeyNet, a deep learning model that utilizes spatiotemporal features 
from static camera imagery. SmokeyNet achieved 92.1% accuracy, outperforming ConvLSTM and 3D-CNN 
baselines and demonstrating performance comparable to human annotators. Kang et al. (2022)22 presented Fire-
Net, a multiscale CNN that integrates spectral, spatial, and temporal features from Himawari-8 satellite imagery. 
Fire-Net achieved high detection accuracy and reduced average detection time by 12 min compared with 
conventional satellite methods. However, most of these models emphasize detection rather than fine-grained 
segmentation, limiting their use in detailed fire mapping. Recently, Muksimova et al. (2024)23 proposed a 
modified Miti-DETR architecture for UAV-based wildfire detection, integrating a redesigned AlexNet backbone 
with residual depthwise separable convolution and a residual self-attention mechanism. The model demonstrated 
enhanced detection accuracy and inference efficiency on the FLAME dataset, achieving a precision of 0.86 and 
recall of 0.84, particularly under complex aerial and low-visibility conditions, making it well suited for real-
time wildfire monitoring using UAV imagery. However, the model cannot effectively delineate fine-grained fire 
boundaries, which are crucial for precise fire mapping and emergency response.

This growing body of research underscores how the integration of UAV platforms with advanced deep 
learning frameworks is reshaping fire detection systems, enabling more accurate, real-time analysis across 
diverse environmental conditions. In line with this progress, Zhan et al. (2021)24 proposed PDAM–STPNNet, 
a deep learning framework for detecting wildland fire smoke using remote sensing data from fixed wing and 
multirotor UAVs. The model incorporates spatiotemporal feature learning and attention mechanisms, enhancing 
its ability to recognize smoke patterns in complex visual environments. PDAM–STPNNet achieved a detection 
accuracy of 94.3% and reduced the false alarm rate by 21% compared with baseline models, demonstrating 
the value of combining UAV flexibility with intelligent image analysis for real-time monitoring. Building 
on these developments, Gong et al. (2023)25 introduced a lightweight model for detecting forest fire smoke 
(LMDFS) based on the YOLOv7 architecture and optimized it for UAV deployment. LMDFS attained an mAP 
of 91.7% while maintaining a lightweight design suitable for edge computing. Compared with YOLOv5 and 
YOLOv4, LMDFS improved inference speed by 32.6%, offering a practical solution for fast, accurate smoke 
detection in constrained environments. Further advancing the field, Niu et al. (2023)26 developed YOLOv5s-
Seg, a segmentation model designed for UAV-based infrared imagery. The model integrates object detection 
with semantic segmentation to address challenges such as smoke occlusion and low illumination. Achieving a 
precision of 92.4%, recall of 90.8%, and intersection over union (IoU) of 88.1%, YOLOv5s-Seg outperformed 
conventional infrared detection methods. These findings emphasize the growing importance of deep learning-
enhanced UAV systems for precise, responsive wildfire detection and segmentation. Nonetheless, many of 
these models focus primarily on detection tasks and provide limited segmentation granularity for precise fire 
boundary mapping.

In parallel with these segmentation-focused developments, other researchers have concentrated on improving 
the speed, efficiency, and scalability of real-time fire detection using lightweight deep learning models. Wang 
et al. (2021)27 developed a real-time detection system using a MobileNetV3-YOLOv4 framework, achieving 
94.6% accuracy while reducing inference time to 37.2 ms per image and memory usage by 42%, making it 
ideal for resource-constrained UAV platforms. Building on this, Yun et al. (2025)28 proposed an enhanced 
YOLOv8-SPDConv model optimized for detecting small-scale and blurred fire targets in UAV imagery. Their 
architecture achieved an mAP of 89.5% and improved small fire detection by 12.6% over baseline YOLOv8, 
showing strength in early-stage wildfire conditions with low visibility. Complementing these efforts, Marques 
et al. (2024)29 introduced a modular CNN-based system that integrates UAV imagery with multisensor data, 
including visual and thermal inputs for forest fire detection and monitoring. Their model achieved an F1-score 
of 0.93, precision of 0.91, and recall of 0.94 on a diverse, multienvironment dataset. This sensor fusion approach 
enabled distributed and reliable fire monitoring across broad ecological landscapes, underscoring the value of 
combining deep learning with multisource UAV data for improved situational awareness and fire response.

While multisensor integration enhances detection reliability, recent advancements in CNN architecture 
have also focused on improving segmentation accuracy from UAV imagery. Feng et al. (2025)30 introduced 
U3UNet, a nested U-shaped network designed for precise wildfire segmentation using UAV imagery. Published 
in neurocomputing, the model achieved excellent performance with a Dice coefficient of 0.923, IoU of 0.887, 
and pixel accuracy of 98.6% on the UAV-FF dataset. Its strength lies in retaining fine spatial features through 
enhanced multilevel feature fusion, making it suitable for generating detailed fire maps vital for situational 
awareness. Fralenko (2024)31 conducted an analytical review of neural network approaches for early forest fire 
detection using UAV imagery and video. The study highlighted CNN modifications that improved F1-scores by 
up to 20%, particularly in scenarios requiring fast response and adaptability in forest environments. Collectively, 
these studies highlight how well CNN-based segmentation and detection models, especially when integrated 
with UAV platforms, help advance the precision, speed, and operational scalability of forest fire monitoring 
systems. Building responsive early warning systems in areas prone for wildfires depends on these developments.

Methodology

Methodology
This study proposes a deep learning-based segmentation framework designed to enhance forest fire detection 
using UAV imagery. The model adopts a fully convolutional encoder–decoder architecture with targeted 
enhancements to improve feature extraction and reconstruction of the feature maps. ASPP modules are integrated 
at key stages of the encoder to support contextual understanding, enabling multiscale feature extracttion without 
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adding considerable computational complexity. These modules help the model identify fine fire contours and 
broad burned areas across diverse environments. In the decoder, a GC module is employed to enrich feature 
diversity and spatial consistency by efficiently redistributing grouped feature maps across channels. This design 
maintains lightweight performance while enhancing representation quality. Combined, these components 
establish a cohesive architectural strategy for delivering accurate and adaptive fire segmentation in complex 
scenes. The next subsection presents the detailed design of the proposed framework.

Architectural design of the proposed framework
The proposed framework builds its foundational architecture on a conventional CNN-based image segmentation 
approach, utilizing a symmetrical encoder–decoder structure. This design allows for progressive feature 
extraction in the encoder and structured spatial reconstruction in the decoder, forming a robust backbone for 
forest fire segmentation. The encoder has three parts, each made up of several convolutional blocks, and each 
part reduces the size of the image while capturing more complex features. Specifically, the first block uses two 
convolutional layers with 64 filters each, the second with 128 filters, and the third comprises three convolutional 
layers with 256 filters each. All layers are followed by ReLU activations, enabling the model to learn intricate 
patterns such as the texture and edge contours commonly associated with forest fire imagery32.

 The decoder is carefully designed to reconstruct spatial resolution while preserving critical feature information 
and thus complement the encoding process. It mirrors the encoder’s structure but utilizes 2D transposed 
convolutions for upsampling. These layers progressively reconstruct image dimensions while refining features 
critical for accurate segmentation. Skip connections are integrated between corresponding encoder and decoder 
layers to preserve spatial information lost during down sampling, enhancing the model’s ability to capture fine 
fire boundaries and subtle spread variations33,34.

 Although effective, this baseline architecture has limits in complex scenes with high variability in fire intensity 
and background texture. These obstacles emphasize the necessity of a more diverse feature learning approach 
and improved multiscale feature representation. To overcome these challenges, this study introduces DeepFire 
S3GA-Net, a novel fully convolutional encoder–decoder model designed to enhance forest fire segmentation 
performance. The architecture is augmented with ASPP and GC modules. These enhancements augment the 
model’s capacity to discern coarse and fine characteristics, hence improving its robustness in practical forest fire 
monitoring contexts, as illustrated in Fig. 2.

 One of the key innovations in this architecture is the integration of ASPP modules within the encoder to 
enable more effective multiscale feature extraction. Specifically, two ASPP modules are strategically embedded 
into the encoder: one at the end of the convolutional block with 64 filters and another at the end of the 128-filter 
block, both positioned immediately before their respective max pooling layers. These modules are designed to 
enhance the model’s ability to extract multiscale contextual features without degrading spatial resolution. By 
applying parallel atrous convolutions with varying dilation rates, the ASPP modules allow the model to capture 
fine and coarse fire-related patterns early in the encoding process.

 The rationale for positioning the ASPP modules in early encoder stages lies in the need to capture multiscale 
contextual features before significant spatial down-sampling occurs. This placement enables the model to retain 
fine-grained boundary details while simultaneously encoding broader contextual information, a key factor in 
distinguishing flame regions from surrounding vegetation or smoke. Preliminary ablation results showed that 
inserting ASPP after the first and second convolutional block improved mean IoU compared with placement in 
deeper encoder layers.

 Simultaneously, the decoder incorporates GC modules at the final stages of the 256-filter and 128-filter 
decoder blocks. These modules promote efficient feature recombination by distributing grouped feature 
maps across channels, thereby enhancing spatial diversity and minimizing redundancy within the learned 
representations. This addition plays a critical role in strengthening feature refinement during upsampling 
processes, especially in spatially complex fire scenes. The GC module was specifically selected for its ability to 
perform lightweight channel reorganization with minimal parameter overhead, effectively balancing accuracy 
and computational efficiency.

Fig. 2.  Proposed model: DeepFire S3GA-Net architecture.
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 Skip connections are applied between the ASPP outputs in the encoder and their corresponding decoder 
stages after upsampling operations to support further the integration of contextual and spatial information. These 
concatenated connections help merge multiscale contextual features with decoder representations, allowing the 
network to better retain subtle fire boundaries throughout reconstruction. This design harmonizes local spatial 
precision from the encoder with global contextual cues derived from the ASPP–GC fusion, ensuring balanced 
segmentation performance across varying fire intensities. By harmoniously integrating ASPP, GC modules, and 
targeted skip connections, DeepFire S3GA-Net achieves a balanced design capable of accurately segmenting 
fire-affected regions in visually diverse and challenging environments. The next section presents the detailed 
architectural configuration of these components.

Atrous spatial pyramid pooling (ASPP)
ASPP is a widely adopted semantic segmentation technique that remarkably enhances a model’s ability to 
capture contextual information at multiple spatial scales. By applying parallel convolutions with varying dilation 
rates, ASPP expands the receptive field without increasing computational cost, making it particularly suitable for 
detecting objects of varying shapes and sizes such as smoke and flames in complex aerial or satellite imagery35. 
In the proposed framework, ASPP is strategically embedded within the encoder to address the scale variability 
commonly observed in forest fire imagery. Given that fire regions often appear in different intensities, contours, 
and sizes, fixed receptive fields of traditional convolution layers are insufficient. Hence, two ASPP modules are 
integrated after the 64-filter and 128-filter encoder blocks, just before their respective max pooling operations. 
These placements ensure that multiscale features are captured early in the encoding process, improving the 
model’s ability to adapt to heterogeneous fire patterns36.

Each ASPP module is composed of specialized convolutional branches designed to extract local and global 
features. Specifically, the modules include parallel convolutions with kernel sizes of 1 × 1, 2 × 2, and 3 × 3, 
combined with dilation rates of 2, 4, and 6. This configuration enables the model to gather spatial features from 
various receptive fields while preserving resolution, as shown in Fig. 3. A global average pooling branch is also 
included to capture long-range dependencies, allowing the model to differentiate true fire zones from visually 
similar artifacts such as sunlit terrain or haze.

Although the ASPP modules remarkably improve multiscale feature extraction and contextual awareness, 
additional refinement is required to enhance spatial detail preservation and increase feature diversity during 
reconstruction. The ASPP outputs, processed at different stages of the network, help retain fine-grained fire 

Fig. 3.  Multiscale ASPP module.
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characteristics and broad spatial context, enabling more accurate segmentation in complex environments. 
However, segmentation performance in visually challenging scenarios can still be limited without proper feature 
reorganization in the decoding process. To address this, the following subsection introduces the GC module, 
designed to enrich the representational capacity of the decoder by improving channel-wise diversity and spatial 
consistency while maintaining computational efficiency suitable for real-time forest fire monitoring applications.

Group convolution module
GC is a computationally efficient variant of standard convolutional operations in CNNs, designed to reduce 
the number of parameters and computational cost while potentially enhancing feature diversity. In standard 
convolution, each filter connects to all input channels. By contrast, GC divides the input channels into g 
distinct groups. Convolution filters are also divided into the same number of groups, and each filter group 
is only convolved with its corresponding input channel group37,38. Mathematically, for an input feature map ​
X ∈ RH× W × Cin  and output feature map Y ∈ RH′ × W ′ × Cout , where Cin​ is divided into g groups of 
size Cin/g, and similarly for Cout​ into Cout/g filters per group, the convolution operation for the ith group 
can be represented as Yi = Xi ∗ Ki, where ​Xi is the ith group of input channels, ​Ki is the ith group of 
filters, and ∗ denotes the convolution operation. The final output Y  is then a concatenation of all group outputs 
Y = [Y 1, Y 2, ..., Y g]. This approach effectively reduces the parameter count by a factor of g compared with 
standard convolution with the same number of filters39.

 However, GC can limit information flow between different channel groups, potentially hindering 
representational power. Thus, channel shuffle is introduced as a complementary operation, particularly in 
efficient CNN architectures such as ShuffleNet. Channel shuffle aims to enable cross group information 
exchange, enhancing feature integration across all input channels. Following GC, channel shuffle rearranges 
the feature channels. If we consider the output of GC with dimensions (N, H ′ , W ′ , G × C′ ), where G is 
the number of groups and C′  is the number of channels per group, channel shuffle first reshapes the output to 
(N, H′ , W ′ , G, C′ ), then transposes the last two dimensions to (N, H′ , W ′ , C′ , G), and finally flattens it 

back to (N, H′ , W ′ , G × C′ ). This sequence of operations effectively shuffles the channel order, allowing 
features learned within different channel groups in the GC to be mixed and combined in subsequent layers, thus 
improving overall network performance40,41.

 The combined use of GC and channel shuffle provides a powerful strategy for designing efficient and effective 
CNN architectures, especially for resource-constrained environments. GC reduces computational cost, while 
channel shuffle mitigates the information isolation problem. These techniques are pivotal in models aimed at 
deployment on mobile and embedded devices, where computational resources are limited42. As shown in Fig. 
4, the combination of GC and channel shuffle in DeepFire S3GA-Net enhances segmentation by improving 
spatial awareness and channel-wise feature interaction, ultimately leading to superior fire region detection and 
classification performance.

Fig. 4.  Group convolution module.
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Results
This section presents the simulation results obtained from the evaluation of DeepFire S3GA-Net for forest 
fire segmentation. The performance of the proposed model is analyzed using standard segmentation metrics, 
including IoU, accuracy, precision, recall, and Dice coefficient, to assess its effectiveness in distinguishing fire-
affected regions from the background. Comparative evaluations are conducted against state-of-the-art deep 
learning architectures to highlight the improvements achieved by DeepFire S3GA-Net.

Dataset
The dataset used in this work comes from the work of Shamsoshoara et al. (2021)43, which provides a complete 
set of forest fire photos specifically meant for segmentation needs. Given its vast coverage of a wide range of 
fire situations, including differences in weather conditions, fire intensity, and backdrop complexity, this dataset 
is fit for evaluating the effectiveness of deep learning models in practical applications. The dataset has 2,000 
images split into 1,600 images for training and 400 images for testing. Every image is available in two forms: 
ground truth masks, which offer pixel wise annotations of fire areas, and original images, including raw forest 
fire sequences. For supervised learning, these annotations are essential because they let the model efficiently 
distinguish between fire and nonfire zones. The dataset ensures the model’s generalizability and robustness by 
including photos taken in a range of environments, such as those with different lighting, smoke levels, and 
background complexity.

Performance metrics
Several standard performance metrics are utilized to evaluate comprehensively the performance of DeepFire 
S3GA-Net in forest fire segmentation, including IoU and accuracy. These metrics provide a detailed assessment 
of the model’s accuracy, robustness, and ability to distinguish fire regions from nonfire areas. IoU, also known as 
the Jaccard index, measures the ratio of correctly predicted fire pixels to the total number of pixels in the union 
of the predicted and ground-truth regions44. It can be calculated using the following equation:

	
IoU (A, B) = |A ∩ B|

|A ∪ B| � (1)
 

where A is the predicted segmentation mask, and B is the ground-truth mask. A higher IoU value indicates 
better segmentation accuracy.

Accuracy in segmentation tasks is a more general metric that measures the proportion of correctly classified 
pixels over the entire image. It can be calculated using the following equation:

	
Acc = T P + T N

T P + T N + F P + F N
� (2)

In forest fire segmentation tasks, model evaluation commonly relies on the classification of pixels into four 
categories: true positive (TP), true negative (TN), false positive (FP), and false negative (FN). TP refers to fire 
pixels correctly identified as fire, indicating the model’s success in detecting affected regions. TN represents 
nonfire pixels accurately labeled as nonfire, reflecting the model’s ability to distinguish background or unaffected 
areas. Misclassifications occur when FP labels nonfire pixels as fire, potentially triggering false alarms, or when 
FN classifies actual fire pixels as nonfire, leading to missed detections45–47. These components serve as the 
foundation for several standard performance metrics in deep learning-based segmentation.

Key metrics include precision, recall, and Dice coefficient, all of which provide insight into model effectiveness. 
Precision measures how many predicted fire pixels are truly fire, with higher values indicating fewer false alarms. 
It can be calculated using the following equation:

	
P rec = T P

T P + F P
� (3)

Recall assesses the model’s ability to detect all actual fire regions, where higher scores signify fewer missed 
detections, and it can be mathematically expressed as follows:

	
Rcl = T P

T P + F N
� (4)

The Dice coefficient measures the degree of overlap between the predicted and ground-truth masks, making it 
particularly useful for imbalanced datasets where fire pixels are sparse. The corresponding equation is expressed 
as follows:

	
Dice = 2T P

2T P + F P + F N
� (5)

Together, these metrics guide performance tuning and help assess the practical reliability of segmentation 
models in real-world wildfire scenarios48,49.

Scientific Reports |         (2026) 16:2039 7| https://doi.org/10.1038/s41598-025-31707-6

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Benchmarking performance evaluation
The effectiveness of DeepFire S3GA-Net in forest fire segmentation is validated through rigorous performance 
evaluation and comparative analysis against several benchmarking deep learning models. This evaluation is 
designed to assess the model’s ability to identify fire regions across diverse environmental conditions accurately, 
including varying smoke densities, fire intensities, and complex background textures. Standard segmentation 
metrics such as mean IoU, pixel accuracy, precision, Dice coefficient, and recall are employed to provide a 
comprehensive performance assessment.

As shown in Table 1, DeepFire S3GA-Net achieves the highest performance across all evaluated metrics. It 
records a mean IoU of 0.8723, which reflects a strong agreement between the predicted segmentation masks 
and the ground-truth fire regions. This value considerably surpasses that of the next best model, SegNet, which 
achieves an IoU of 0.7942, indicating a more accurate boundary delineation of fire-affected regions. In terms 
of pixel classification accuracy, DeepFire S3GA-Net achieves 99.84%, the highest among all models tested, 
demonstrating its precision in distinguishing fire from non-fire pixels.

Moreover, the model yields a precision score of 0.9347, surpassing DABNet’s 0.8569, the next best-
performing model in this metric. This high precision indicates DeepFire S3GA-Net’s effectiveness in minimizing 
false positives, a crucial requirement in real-time monitoring scenarios. The Dice coefficient of 0.9269 further 
underscores the model’s robustness in capturing spatial overlap between predicted and actual fire regions, 
exceeding SegNet’s Dice score of 0.8808. Additionally, DeepFire S3GA-Net attains a recall score of 0.9194, which 
demonstrates its superior sensitivity in detecting true fire regions, outperforming FCDenseNet (0.8987) and 
U-Net (0.8873).

In terms of computational performance, DeepFire S3GA-Net achieves an inference time of 13.01 ± 0.05 ms 
per image, translating to a frame rate of 76.88 FPS, which confirms its ability to deliver real-time segmentation 
without compromising accuracy. This performance is comparable to SegNet (12.86 ms, 77.78 FPS) and U-Net 
(12.75 ms, 78.41 FPS), but with significantly better accuracy across all metrics, demonstrating a well-balanced 
trade-off between speed and precision.

This quantitative superiority is further supported by the qualitative results illustrated in Fig. 5. Compared 
with other models, the output image generated by DeepFire S3GA-Net more closely matches the ground truth, 
demonstrating clearer segmentation boundaries and better localization of fire regions. Models such as FCN8 
and U-Net show evident undersegmentation or fragmented detection, failing to capture certain fire-affected 
areas. SegNet and DABNet perform moderately well but still exhibit inconsistencies in identifying small or 
dispersed fire regions. Meanwhile, DeepFire S3GA-Net produces a segmentation map that preserves the shape 
and spatial extent of the fire zones with minimal noise or false detections. This visual evidence reinforces the 
numerical results, confirming the model’s ability to combine high precision, recall, and Dice similarity into 
more accurate and consistent segmentation outputs. These findings highlight DeepFire S3GA-Net’s capability to 
deliver statistically and visually reliable results in complex forest fire detection scenarios.

Collectively, these results illustrate that DeepFire S3GA-Net not only achieves strong performance in general 
classification and segmentation but also maintains high accuracy and consistency across all critical evaluation 
metrics. Its outstanding performance highlights its potential for reliable deployment in real world forest fire 
detection and ecological monitoring systems.

Ablation study
An ablation study was conducted to quantify the impact of the proposed ASPP and GC modules and thus 
further validate the contributions of the individual architectural components within DeepFire S3GA-Net. 
This analysis isolates and evaluates the effect of each enhancement by incrementally integrating them into a 
common baseline encoder decoder architecture. The objective is to assess how each component contributes to 
segmentation accuracy, spatial coherence, and feature representation fidelity. As shown in Table 2, the baseline 
model (BL) achieves a strong starting performance with a mean IoU of 0.8562, accuracy of 99.82%, and recall 
of 0.9217, reflecting a well-optimized conventional CNN segmentation framework. Adding one ASPP module 
(BL + ASPP) results in a slight improvement, with mean IoU increasing to 0.8590, Dice to 0.9181, and recall to 
0.9239, suggesting a modest enhancement from a single multiscale context module. However, adding a second 
ASPP module (BL + 2 ASPP) leads to a minor drop in mean IoU to 0.8533, while Dice remains relatively high 
at 0.9142, indicating that increasing encoder context alone may saturate gains without parallel improvements in 
the decoder.

Model

Performance metrics

Mean IoU Accuracy (%) Precision Dice Recall Flop (G) Inferences time (ms/image) FPS (image/s)

FCN8 0.5290 99.44 0.6734 0.5584 0.5356 30.713 4.77 ± 0.07 ms 209.71

PSPNet 0.7022 99.62 0.8642 0.7889 0.7397 53.358 17.26 ± 0.20 ms 57.94

U-Net 0.7178 99.48 0.7514 0.8047 0.8873 83.768 12.75 ± 0.07 ms 78.41

DABNet 0.7313 99.64 0.8569 0.8170 0.7852 3.611 11.72 ± 1.04 ms 85.34

FCDenseNet 0.7686 99.64 0.8121 0.8500 0.8987 58.046 41.03 ± 0.21 ms 24.37

SegNet 0.7942 99.70 0.8602 0.8808 0.8702 49.611 12.86 ± 0.25 ms 77.78

DeepFire S3GA-Net 0.8723 99.84 0.9347 0.9269 0.9194 40.510 13.01 ± 0.05 ms 76.88

Table 1.  Comparative performance of deepfire S3GA-Net and benchmark segmentation Models.
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In contrast, when a GC module is added without ASPP (BL + GC or BL + 2 GC), segmentation performance 
declines sharply mean IoU falls to 0.5442 and 0.5083, respectively, despite relatively high precision values (0.8278 
and 0.9857). This suggests that decoder-level transformation without supporting contextual cues from the 
encoder can impair spatial learning and cause overfitting or poor generalization. A more balanced configuration 
(BL + ASPP + GC) yields moderate performance (mean IoU: 0.6280, Dice: 0.7055), but still falls short due to 
underutilization of decoder refinement. However, when two GC modules are integrated alongside one ASPP 
(BL + ASPP + 2 GC), performance increases significantly, achieving a mean IoU of 0.8180 and Dice of 0.8890, 
confirming that deeper decoder grouping improves reconstruction consistency and feature refinement.

The configuration combining two ASPP modules and only one GC (BL + 2 ASPP + GC) shows suboptimal 
results (mean IoU: 0.5899, Dice: 0.6545), suggesting that a single GC is insufficient to process the denser 
multiscale features generated in the encoder. Finally, the complete DeepFire S3GA-Net configuration (BL + 2 
ASPP + 2 GC) delivers the best overall performance, with mean IoU of 0.8723, accuracy of 99.84%, precision of 
0.9347, Dice of 0.9269, and recall of 0.9194. These results affirm that synergistic integration of encoder multiscale 
context (ASPP) and decoder grouping (GC) is crucial for achieving superior segmentation fidelity, especially in 
complex fire environments.

The qualitative output results further support these quantitative findings, as visualized in Fig. 6. Compared 
with other configurations, the final model (BL + 2 ASPP + 2 GC) produces the most accurate segmentation maps, 
closely aligning with the ground truth in both shape and spatial extent. Simpler variants such as BL + ASPP 
or BL + 2 ASPP provide moderate improvement but struggle to delineate finer fire boundaries. Meanwhile, 
configurations using only one GC module, such as BL + ASPP + GC, suffer from blurry and incomplete 
segmentations. In contrast, DeepFire S3GA-Net demonstrates sharp, well-preserved fire zones, effectively 
capturing small and dispersed fire patterns that are commonly missed. This validates that multiscale encoder 

Model

Performance metrics

Mean IoU Accuracy (%) Precision Dice Recall

BL 0.8562 99.82 0.9108 0.9162 0.9217

BL + ASPP 0.8590 99.82 0.9124 0.9181 09239

BL + 2 ASPP 0.8533 99.81 0.9113 0.9142 0.9172

BL + GC 0.5442 99.49 0.8278 0.5842 0.5490

BL + 2 GC 0.5083 99.48 0.9857 0.5199 0.5109

BL + ASPP + GC 0.6280 99.56 0.8602 0.7055 0.6442

BL + ASPP + 2GC 0.8180 99.77 0.9005 0.8890 0.8782

BL + 2 ASPP + GC 0.5899 99.54 0.8957 0.6545 0.5966

DeepFire S3GA-Net
(BL + 2 ASPP + 2 GC) 0.8723 99.84 0.9347 0.9269 0.9194

Table 2.  Impact of ASPP and group convolution modules on baseline performances.

 

Fig. 5.  Output Image DeepFire S3GA-Net with other deep learning networks.
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context combined with grouped decoder refinement substantially enhances the model’s ability to handle variable 
fire shapes, densities, and textures in real-world forest fire scenarios.

Discussion
The evaluation of DeepFire S3GA-Net against several state-of-the-art segmentation models clearly demonstrates 
its superior performance in forest fire segmentation tasks. As reported in Table 1, DeepFire S3GA-Net achieves 
the highest scores across all key performance metrics, including mean IoU (0.8723), accuracy (99.84%), precision 
(0.9347), Dice coefficient (0.9269), and recall (0.9194). These results reflect the model’s ability to distinguish 
between fire and nonfire regions effectively with a high degree of spatial and semantic precision, which is critical 
in ecological monitoring where oversegmentation and undersegmentation carry operational risks.

Compared with classic models such as SegNet (IoU = 0.7942) and U-Net (IoU = 0.7178), DeepFire S3GA-
Net shows considerable improvement, particularly in detecting fine-grained fire boundaries. Although these 
architectures provide a strong foundation through encoder–decoder designs, they lack explicit multiscale 
context integration and advanced spatial refinement mechanisms. Similarly, more recent models such as 
FCDenseNet and DABNet exhibit competitive Dice and recall scores, but they still fall short in overall IoU and 
precision compared with DeepFire S3GA-Net. This result indicates that while dense connectivity and attention 
mechanisms contribute to feature richness, they are not sufficient without enhanced spatial decoding strategies.

In addition to the quantitative performance metrics, the visual comparison of segmentation outputs further 
validates the effectiveness of the proposed model. As shown in Fig. 6, DeepFire S3GA-Net demonstrates 
superior capability in accurately delineating fire regions with minimal misclassification, even in visually complex 
environments. In contrast to models such as FCN8, which exhibits oversimplified segmentations, or U-Net, 
which tends to miss fragmented fire zones, DeepFire S3GA-Net produces output that closely aligns with the 
ground truth in terms of shape and spatial coverage. This consistency reflects the model’s enhanced multiscale 
contextual understanding and robust spatial decoding, driven by the integration of ASPP and GC modules. 
The visual clarity and completeness of DeepFire S3GA-Net’s output also suggest improved generalization in 
handling noise, background heterogeneity, and subtle fire boundaries, which are common challenges in UAV-
based forest fire imagery. Overall, these visual results reinforce the reliability of DeepFire S3GA-Net for practical 
implementation in real-time wildfire monitoring systems.

The results from Table 2 further highlight the incremental impact of the architectural components embedded 
within DeepFire S3GA-Net. Starting from the baseline model, which achieves a strong mean IoU of 0.8562, the 
addition of a single ASPP module (BL + ASPP) yields a slight improvement in IoU (0.8590) and Dice (0.9181). 
However, adding a second ASPP (BL + 2 ASPP) slightly reduces the IoU to 0.8533, indicating that increasing 
contextual paths in the encoder without appropriate decoder support may lead to diminishing returns. This is 
likely due to oversmoothing and feature redundancy caused by excessive context aggregation without adequate 
spatial differentiation, leading to blurred boundaries and reduced segmentation sharpness.

The role of the GC module is particularly notable. When a single GC is added to the baseline (BL + GC), 
performance significantly drops to IoU = 0.5442 and Dice = 0.5842, suggesting that decoder refinement without 
adequate encoder support disrupts spatial consistency. Adding two GC modules (BL + 2 GC) further reduces the 
IoU to 0.5083, albeit with a very high precision (0.9857), but at the cost of poor Dice and recall.

Interestingly, a model configuration that includes two ASPP modules but only one GC module (BL + 2 
ASPP + GC) performs even worse (IoU = 0.5899), reinforcing the importance of architectural balance. In this 
case, the rich multiscale features generated by ASPP in the encoder are not effectively utilized because of 
inadequate spatial refinement in the decoder. This outcome indicates that without proper decoding support, the 

Fig. 6.  Output image for impact ASPP and group convolution module on baseline.
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encoder’s representational gains are not translated into improved segmentation output. It highlights the need for 
well-paired enhancements in the encoder and decoder to maximize performance.

The segmentation results underscore the critical role of the GC module, particularly the embedded shuffle 
unit, in enhancing decoder performance. In the DeepFire S3GA-Net configuration (BL + 2 ASPP + 2 GC), fire 
boundaries are not only more complete but also spatially coherent compared with other variants. The shuffle 
mechanism enhances intergroup feature interaction by redistributing channel-wise information, reducing 
redundancy and increasing feature diversity. This results in richer representations that better capture small, 
scattered, or partially occluded fire areas an essential capability for real-world forest fire monitoring. By contrast, 
configurations such as BL + 2 ASPP + GC, which incorporate only a single GC, show limited decoder refinement, 
leading to visibly degraded segmentation despite sufficient contextual encoding from the ASPP modules. These 
observations suggest that the decoder’s ability to integrate features spatially and maintain detail relies heavily on 
the presence and completeness of group-based refinement.

Figure 6 further supports these findings through a qualitative comparison of segmentation outputs across 
different architectural variants. While the baseline model detects primary fire regions, it fails to capture fine 
edges and smaller fire patches. The inclusion of one or two ASPP modules improves contour accuracy modestly, 
aligning with their slight metric gains in Table 2. However, performance drops noticeably when decoder 
refinement is incomplete, as demonstrated in outputs with only one GC module. Notably, DeepFire S3GA-Net, 
with two ASPP and two GC modules, delivers segmentation maps that most closely resemble the ground truth, 
accurately capturing dominant and subtle fire patterns. These results confirm the synergistic effect of combining 
multiscale context extraction in the encoder with enhanced spatial refinement in the decoder. In summary, the 
integrated ASPP and GC modules enable DeepFire S3GA-Net to deliver high precision, recall, and boundary 
delineation consistently, making it well suited for robust, real-time forest fire segmentation using UAV imagery 
under complex environmental conditions.

Conclusion
This study introduced DeepFire S3GA-Net, a fully convolutional encoder–decoder architecture designed for 
precise forest fire segmentation using UAV imagery. By integrating ASPP modules in the encoder and GC modules 
in the decoder, the model effectively captures multiscale contextual features and fine spatial details. Experimental 
results across multiple performance metrics demonstrate that DeepFire S3GA-Net consistently outperforms 
several state-of-the-art segmentation models in terms of accuracy, precision, and boundary delineation. The 
inclusion of multiscale processing and feature reorganization mechanisms allows the model to generalize well 
across varying fire intensities and environmental complexities. Visual assessments further confirm its ability to 
segment fire-affected areas with great clarity and structural consistency. Overall, the proposed framework offers 
a robust and efficient solution for UAV-based forest fire monitoring and segmentation in complex and dynamic 
wildfire scenarios.

Future work
Future work will explore model compression for real-time deployment, integration of temporal cues from video 
data, and the use of multimodal inputs, such as thermal and infrared imagery, to improve robustness, accuracy, 
and adaptability in diverse fire scenarios.

Data availability
The data that support the findings of this study are available on request from the corresponding author.
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