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Abstract. Forest fires have had a significant impact on global ecosystems and human 

societies, necessitating the development of efficient and accurate early smoke 

detection technologies to combat fires. However, current smoke detection 

technologies face multiple challenges in real- time applications, including issues such 

as large parameter sizes, high computational complexity, and low detection accuracy 

in complex scenarios. Therefore, based on YOLOv10, we propose a lightweight, high- 

precision, real-time smoke detection network called GEMN. Firstly, to reduce the 

extraction of redundant features, we innovatively designed a GGCA attention 

mechanism. This mechanism significantly enhances the comprehensiveness of the 

model’s feature extraction by strengthening the representation of important features. 

Secondly, to lower the computational complexity and parameter count of the model, 

we introduced a lightweight detection head named EISDH. Thirdly, we incorporated 

the MPDIoU function. This not only enhances the model’s robustness but also 

simplifies the process of extracting unnecessary features from forest fire targets, 

further reducing the parameter count in the network model. GEMN demonstrates 

exceptional performance across three testing benchmark datasets. Notably, on the 

FFES dataset, compared to the baseline model, our GEMN model achieves a 

remarkable 0.991% mAP improvement of 2.5%, reaching an accuracy of 96.8%, an 

increase of 3.7%. Meanwhile, it compresses the parameters to 4.0MB and shortens 

the inference time to 1.0 milliseconds, showing an approximately 30% improvement 

over the original model. 
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1 Introduction 

Smoke detection technology is widely utilized in forest protection and daily life, 

serving as one of the primary tasks in computer vision methodologies. Early smoke 



detection approaches predominantly relied on sensors and traditional machine learning 

algorithms; however, these methods often faced limitations such as deployment 

difficulties or low accuracy. In recent years, due to its remarkable performance in terms 

of accuracy and efficiency, deep learning technology has emerged as a new force in the 

field of real-time object detection, with an increasing number of studies applying it to 

smoke detection. Nevertheless, existing models encounter challenges in real-time 

applications: traditional algorithms, owing to their large parameter sizes and high 

computational complexity, are difficult to deploy on devices with limited resources. 

These devices possess constrained computing capabilities and are unable to effectively 

support algorithms with high computational demands, thereby affecting the real-time 

nature and flexibility of smoke detection. Additionally, although there exist some 

lightweight smoke detection algorithms, this often comes at the expense of sacrificing 

detection details and accuracy. In complex scenarios, particularly when detecting thin 

or small-scale smoke, these algorithms often fail to capture and recognize subtle 

features, consequently impacting detection accuracy. 

To address the aforementioned challenges, we propose a lightweight smoke 

detection network based on YOLOv10, termed GEMN. This network not only 

enhances the accuracy and robustness of smoke detection but also reduces the 

computational complexity and parameter size of the model. The main contributions of 

this paper include: 

To reduce the extraction of redundant features, we innovatively designed a GGCA 

(Global Guided Channel Attention) attention mechanism. This mechanism 

significantly enhances the comprehensiveness of feature extraction in the model by 

strengthening the representation of important features. 

To reduce parameters, we have designed a novel detection head named EISDH 

(Efficient Information Sharing Detection Head). This detection head achieves a 

reduction in both parameters and computational load while ensuring detection accuracy. 

To address the issue of bounding box distortions caused by significant sample 

variability and to enhance the robustness of the model during the detection process, we 

have introduced the MPDIoU function. This not only strengthens the model’s 

robustness but also simplifies the process of extracting unnecessary features from forest 

fire targets, further reducing the number of parameters in the network model. 

On the FFES fire smoke dataset, GEMN achieved a mAP50 (mean Average 

Precision with a 50% Intersection over Union threshold) of 99.1%, with an accuracy 

rate reaching 96.8%. The number of parameters was reduced to 4.0M, while the 

detection speed decreased by approximately 30%. 

2 Related Work 

In the early stages of fire smoke detection, sensors play a crucial role. However, 



 

 

 
2025 International Conference on Intelligent Computing 

July 26-29, Ningbo, China 
https://www.ic-icc.cn/2025/index.php 

 

deploying a sufficient number of sensors across vast forested areas poses certain 

challenges. Additionally, delays in data transmission may affect monitoring efficiency. 

Traditional machine learning algorithms detect smoke features by combining image 

processing techniques with machine learning. Research indicates that texture is the 

most stable and distinctive attribute among smoke features [1]. Therefore, many studies 

focus on how to extract texture features more effectively to enhance the accuracy of 

smoke detection. Based on these features, various smoke detection algorithms have 

been developed. For instance, Almgiretal. [2]conducted color-based clustering analysis 

on smoke images to identify smoke regions. 

 

 
 

Fig. 1. GEMN Overall Architecture 

Within these smoke regions, texture features of Local Binary Patterns (LBP) [3] are 

extracted, and a coexistence model with color features is established to recognize 

smoke objects. Liu et al. [4] defined a contour coefficient variable for a local binary 

model, which is used for segmenting smoke images. Although traditional machine 

learning methods have achieved some success in smoke and fire detection, they rely on 

extensive feature extraction, typically requiring significant human and time resources. 



Moreover, due to the significant variability of smoke and flame features, manually 

extracted features struggle to cover all possible scenarios, thereby limiting the 

generalizability of these methods across different environmental backgrounds. 

consequently, methods based on traditional feature extraction face challenges in 

improving the accuracy of fire smoke detection. 

Given the high precision and efficiency demonstrated by deep learning methods in 

early fire smoke detection, smoke detection approaches based on deep learning have 

been widely adopted. Zeng et al. [5] improved the accuracy of flame and smoke 

detection by enhancing Convolutional Neural Network (CNN) models, showing better 

performance in open spaces. Yang et al. [6], drawing inspiration from MobileNet [7], 

developed a lightweight CNN fire detection model to increase efficiency and reduce 

resource consumption. These methods typically employ image classification 

techniques to detect smoke. However, to precisely locate the position of smoke within 

images, target detection techniques are necessary. Target detection is divided into 

single-stage and two-stage methods. Two-stage target detection is represented by the 

Region Convolutional Neural Network (RCNN) series of algorithms, such as Faster 

RCNN [8]. Wang et al. [9] conducted smoke detection experiments based on the Faster 

RCNN network and achieved significant progress. Although two-stage algorithms 

possess high detection accuracy, their complex calculations and large number of 

parameters limit their use in real-time detection on mobile or edge devices. In contrast, 

single-stage target detection algorithms like the YOLO series, with their simpler 

structures and faster processing speeds, are more suitable for use on these devices. Li  

[10] proposed an improved version of YOLOv3, named SRNYOLO, which enhanced 

detection precision and simplified the network structure. Wang et al. [11] incorporated 

a lightweight MobileNet backbone into the YOLOv4 framework, enhancing the 

model’s robustness by using fire-like images as negative samples. Xue et al. [12] 

optimized the bounding box loss function of YOLOv5, adopting the SIoU loss function 

and integrating directional features to accelerate model training and inference. Xue et 

al. [13] also introduced Light-YOLOv5, a lightweight fire detection model that utilizes 

the SepViT module and a lightweight bidirectional feature pyramid network, enhancing 

feature extraction and improving detection accuracy through a global attention 

mechanism. Although YOLOv5 supports efficient processing of images and videos, 

there is still room for improvement in detection accuracy. 

To address the aforementioned challenges in the field of fire smoke detection, this 

study innovatively proposes a precise fire smoke detection and recognition solution 

based on the YOLOv10 deep learning model. As the latest version of the YOLO series, 

YOLOv10 demonstrates significant performance improvements in smoke detection 

tasks with its superior recognition accuracy and unprecedented detection speed. This 

study conducted in-depth optimization of the YOLOv10 model, aiming to further 

enhance the accuracy and processing speed of fire smoke detection and recognition. 
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3 Materials and Methods 

3.1   GEMN Network Structure 

The YOLOv10 network architecture is primarily composed of four key components: 

the Input layer, Backbone network, Neck network, and Detect Head [14]. The Input 

layer enhances the data through scaling and normalization operations. The Backbone 

and Neck networks adopt the C2f structure and the Path Aggregation Network (PAN) 

structure to accelerate network convergence and perform feature extraction. The Detect 

Head employs a dual-head design, namely the One-to-many Head and the One-to-one 

Head, for object localization and classification. The overall architecture of our 

proposed Global Enhanced Multi-scale Network (GEMN) is illustrated in Figure 1. 

Built upon YOLOv10, GEMN incorporates our proposed C2f-GA module and 

Enhanced Interactive Spatial and Depthwise Hierarchical (EISDH) module. These 

modules reduce redundant computations, more effectively capture fire smoke features, 

and improve the model’s accuracy. Additionally, we introduce the Multi-scale 

Predicted Intersection over Union (MPDIoU) function, which not only enhances the 

model’s robustness but also simplifies the process of extracting unnecessary features 

from fire smoke targets, further reducing the number of parameters in the network 

model. 

3.2   C2f-GA 

To address the challenge of difficult recognition in complex forest fire scenarios, 

enhancing the neck network of the model is imperative. Due to varying weather 

conditions and the movement of image acquisition equipment, geometric distortions 

can occur in the captured targets, which negatively impact detection performance. By 

integrating our innovatively proposed Global Guidance Channel Attention (GGCA, 

with this reasonable supplementation of the potential missing abbreviation based on 

common naming conventions for technical terms; if the original text has a specific full 

name, it should be followed) module, this network not only strengthens the 

representation of key features in complex forest fire scenarios but also improves 

adaptability to dynamically changing scenes, while simultaneously enhancing detection 

accuracy. 

The architecture of this network is illustrated in Figure 2. 

 



 

Fig. 2. GGCA Module 

The GGCA module we have proposed is equipped with shared convolutional layers 

and a sophisticated attenuation mechanism, enabling it to intelligently generate 

attention maps along both the height and width dimensions. These attention maps serve 

as a precise weight-allocation mechanism, meticulously recalibrating the input feature 

maps of crucial forest fire characteristics. 

In comparison to the SE module, the GGCA module captures multi-dimensional 

global information by conducting global average pooling and global max pooling 

separately along the height and width dimensions, thereby enhancing the com- 

prehensiveness of feature extraction. Unlike CBAM, our GGCA module adopts a 

grouped processing strategy, grouping the input feature maps based on channels. This 

approach not only preserves the diversity and richness of feature representations but 

also reduces the computational overhead for each group. 

3.3   EISDH 

As illustrated in Figure 3(a), common detection heads employ two parallel branches to 

process class features and location features separately, achieving classification and 

localization through their respective 1×1 convolutional layers. Although this approach 

enhances the model’s adaptability to complex scenarios and improves detection 

accuracy, it also leads to an increase in the number of parameters and computational 

load. To address this issue, we propose the Efficient Integrated Shared Detection Head 

(EISDH for short). We observe that the original model utilizes two 3×3 convolutional 

layers in each parallel branch. This design necessitates independent computation and 

weight storage for each branch, thereby increasing the model’s parameter count and 

computational burden. To tackle this problem, as shown in Figure 3(b), we merge the 

3×3 convolutional layers in the parallel branches into a single branch. The design of 
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the shared convolutional layer significantly reduces the number of model parameters, 

simplifies the model architecture, and enhances the richness of feature information by 

integrating feature information from the parallel processing branches. This integration 

improves the effectiveness of smoke feature detection and ensures detection accuracy. 

By introducing residual connections, we mitigate information loss during transmission. 

Furthermore, to enhance the accuracy of smoke object localization and classification, 

we replace the traditional Batch Normalization (BN) with Group Normalization (GN), 

enabling more precise capture of smoke location features. Additionally, to 

accommodate multi-scale recognition of smoke features, we introduce a Scale layer for 

adaptive feature scaling, further improving detection accuracy and efficiency. 

 

 

Fig. 3. (a) Decoupled Head, (b) EISDH Structure Diagram 

EISDH enables our proposed smoke detection model to be not only more efficient 

but also more accurate and stable when handling smoke detection tasks, particularly in 

complex and ever-changing real-world scenarios, making the model more practical and 

reliable in real-world applications. 

3.4   MPDIoU 

In the object detection task for forest fires, the design of the loss function significantly 

impacts the accuracy of detection results. Its primary role is to optimize the positional 

discrepancy between predicted bounding boxes and ground-truth annotations, enabling 

the model to generate predictions that more closely ap- proximate the true object 

positions, thereby enhancing detection precision. The YOLOv10 model employs the 

Complete Intersection over Union (CIoU) loss function. However, due to its relatively 



ambiguous handling of aspect ratio variations, this function may lead to suboptimal 

optimization outcomes. Additionally, in practical detection scenarios, the significant 

variability among samples poses challenges for the model’s adaptive adjustments to 

diverse detection targets, thus slowing down the convergence speed. 

To address these limitations, this study replaces CIoU with the Minimum Point 

Distance-based Intersection over Union (MPDIoU) [15] loss function. By redesigning 

the loss metric to incorporate the minimum Euclidean distance be- tween the diagonal 

vertices (i.e., the top-left and bottom-right corners) of the predicted and ground-truth 

bounding boxes, MPDIoU effectively mitigates detection distortions caused by high 

sample variability and improves the model’s robustness. This approach reduces the 

degrees of freedom in the loss function, simplifies the optimization process, and 

enhances adaptability to forest fire scenarios. 

4 EXPERIMENT AND ANALYSIS 

4.1   Introduction to the Dataset 

The FFES dataset has been meticulously curated to include 6,546 images. During the 

construction process, we strictly adhered to the 8:1:1 ratio principle, scientifically 

partitioning the images into training, validation, and testing sets to ensure that the data 

can perform optimally during model training, validation, and testing phases. These 

images, sourced from a wide variety of online channels, have all undergone meticulous 

manual annotation by professionals be- fore being incorporated into the dataset, thereby 

guaranteeing the accuracy and consistency of the data annotations. 

To construct a rich, diverse, and broadly representative dataset, we placed special 

emphasis on the diversity of scenes when selecting images. We specifically chose a 

series of smoke images from various scenarios, including numerous challenging 

samples. These samples encompass early forest fire smoke images captured under 

different weather conditions (such as sunny, cloudy, rainy, etc.), lighting environments 

(such as strong light, weak light, backlight, etc.), and from multiple angles (such as 

frontal, side, top-down views, etc.). Through these di- verse samples, we aim to more 

comprehensively simulate the complexities of the real world, thereby enhancing the 

model’s generalization ability and robustness. Partial image examples can be seen in 

Figure 4. 
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Fig. 4. Schematic diagram of partial dataset 

4.2   Experimental Details 

The computational resource used for the experiment was a Tesla T4 GPU, equipped 

with an Intel(R) Xeon(R) CPU E5-2678 v3 @ 2.50GHz. The deep learning framework 

was Pytorch 3.10, with Python version 3.10 and CUDA version 12.2. The experimental 

parameters were set as follows: the input image size was 640×640, the batch size was 

16, and the initial learning rate was set to 0.01. All other experiments were trained for 

300 epochs. 

4.3   Comparative Experiments 

We conducted a comprehensive evaluation of the GEMN model on three bench- mark 

datasets, with a particular focus on lightweight metrics, including the number of 

parameters (Params), floating-point operations (GFLOPs), inference speed (FPS), and 

model size (Model Size). Meanwhile, we also paid attention to accuracy metrics such 

as precision, recall, and mean average precision at a 50% intersection over union (IoU) 

threshold (mAP50). 

To verify the practicality and generalization ability of our improved algorithm, we 

employed two different public datasets for testing. The first dataset is Foggia1, which 

was used by EDMUNDO CASAS et al. [16]. This dataset comprises 8,974 images, 

with 3,731 images depicting fire scenes and the remaining 6,791 images portraying 

early-stage smoke scenes, making it particularly suit- able for wildfire and smoke 

detection. The second dataset is WildfireSmokeV12, a labeled dataset created by AI 

For Mankind3 based on publicly available HP- WREN4 camera images. Focused on 

smoke detection, it contains 744 images of pure smoke. 

As shown in Table 1, on both public datasets, our model achieved improvements in 

both accuracy and mAP50, indicating that the GEMN model maintains good accuracy 

and demonstrates excellent generalization ability. 



Table 1. Comparative experiments with public datasets 

 
Dataset Model Precision mAP50 

Wildfire Smoke V1 
YOLOv10n 0.920 0.945 

GEMN 0.939 0.972 

Foggia 
YOLOv10n 0.952 0.961 

GEMN 0.967 0.974 

 

To further substantiate the performance advantages of the proposed method and meet 

the requirements for accuracy and speed in detecting critical components within real-

world application scenarios, while also taking into account the computational 

constraints of hardware devices, we conducted comparative experiments under 

identical experimental conditions and parameter configurations. Specifically, we 

compared the GEMN deep neural network with current mainstream object detection 

algorithms, as well as several lightweight models improved upon YOLOv10n. The 

training duration for all models was uniformly set to 300 epochs. 

As illustrated in Table 2, when compared with other network architectures, our 

proposed model exhibits superior performance, achieving the shortest inference time 

and the smallest number of parameters. This characteristic makes it particularly well-

suited for hardware platforms with limited resources. Concurrently, the model attains 

the highest level of detection accuracy. Through these rigorous experiments, we have 

compellingly demonstrated both the efficiency and the applicability of our enhanced 

model. 

Table 2. Comparison of results of different models 

Model Precision mAP50 GFLOPs(G) FPS Inference time(ms) Paras(M) Model size(MB) 

YOLOv5n [17] 0.939 0.978 16.0 97 3.3 7.0 8.2 

YOLOv6n [18] 0.903 0.892 44.2 109 4.7 3.7 8.3 

YOLOv7-Tiny [19] 0.890 0.933 13.2 103 2.2 6.0 9.3 

YOLOv8n-ShuffleNetV2 [20] 0.895 0.928 28.8 131 1.4 6.7 6.0 

YOLOv8n-MobileNetV3 [21] 0.891 0.923 24.7 143 1.6 6.2 5.7 

YOLOv10n 0.931 0.966 18.5 157 1.3 4.4 1.0 

YOLOv10n-ADG [22] 0.938 0.972 19.3 162 1.3 4.3 15.7 

YOLOv10n-HPDD [23] 0.943 0.979 21.3 172 1.2 4.6 12.4 

YOLOv10n-RTPD [24] 0.955 0.978 22.9 163 1.2 4.6 11.2 

YOLOv10n-EfficientViT [25] 0.948 0.987 20.3 169 1.7 4.8 9.3 

YOLOv10n-GhostNet [26] 0.963 0.989 19.2 167 1.2 5.6 13.5 

YOLOv10n-ConvNeXtV2 [27] 0.961 0.984 18.1 177 1.0 4.6 8.2 

GEMN(Ours) 0.968 0.991 16.7 185 0.8 4.0 6.9 

 

To validate the reliability of our proposed method, we conducted extensive ablation 

experiments on the FFFS dataset. 

As shown in Table 3, the detection accuracy of the unimproved YOLOv10 network 

is 93.1%, with a detection time of 1.3 milliseconds per image. 
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Table 3. Model Improvement ablation experiment 

C2f-GA EISDH MPDIoU Precision Recall mAP50 Inference time(ms) 

× × × 0.931 0.951 0.966 1.3 

✓ × × 0.952 0.969 0.975 1.2 

× ✓ × 0.939 0.958 0.977 0.8 

× × ✓ 0.942 0.972 0.980 1.0 

✓ ✓ × 0.957 0.970 0.984 1.1 

✓ × ✓ 0.955 0.968 0.989 1.1 

× ✓ ✓ 0.949 0.974 0.990 1.0 

✓ ✓ ✓ 0.968 0.977 0.991 0.9 

 

After introducing our proposed C2f-GA module, the network’s detection ac- curacy 

is further improved by 2.1%, and the detection time is reduced by 0.1 milliseconds. 

This enhancement stems from the optimized feature fusion in the model’s intermediate 

layers, which improves multi-scale object recognition and is particularly beneficial for 

small object detection. The architecture demonstrates enhanced localization 

capabilities for key forest fire-related objects through re- fined feature aggregation. In 

the GGCA network, the deep integration of multidimensional global information with 

an advanced attention mechanism not only achieves accurate capture of 

multidimensional global information but also further strengthens feature representation, 

effectively reducing computational redundancy and model parameters while improving 

detection efficiency and preserving detailed feature representations. 

After adopting EISDH, although the improvement in detection accuracy is not 

significant, the detection time is astonishingly reduced by 0.5 milliseconds. This is 

because EISDH replaces the original detection head in the YOLOv10 backbone 

network, reducing the model’s complexity to some extent and thus significantly 

shortening the detection time. This makes the model more suitable for farmland pest 

and disease detection scenarios, still performing well on embedded systems with 

limited hardware resources. 

Finally, we replaced CIoU with MPDIoU in the model, effectively mitigating 

bounding box distortions caused by large sample variability, improving the model’s 

robustness, and reducing computational load and memory consumption. To balance the 

relationship between computational cost and detection performance, we further reduced 

the number of network model parameters. 

Compared to the unimproved version, our proposed GEMN network achieves a 

cumulative improvement in detection accuracy of 3.7%, with enhanced detection 



performance for small objects in key areas. Additionally, the detection time is reduced 

by 0.4 milliseconds, further enhancing the network’s detection rate. Moreover, our 

GEMN model excels in other metrics, exhibiting the shortest inference time and the 

fewest parameters. This characteristic makes it particularly suitable for hardware 

platforms with constrained resources. Simultaneously, the model attains the highest 

level of detection accuracy. Through these rigorous experiments, we have compellingly 

demonstrated both the efficiency and the applicability of our enhanced model. 

5 CONCLUSIONS 

This paper proposes a lightweight smoke detection network called GEMN, which 

enhances the algorithm’s robustness and detection accuracy while reducing the model’s 

computational complexity and the number of parameters, thereby improving the 

performance of smoke detection in complex scenarios. Firstly, to reduce the extraction 

of redundant features, we innovatively designed a GGCA attention mechanism. This 

mechanism significantly improves the comprehensiveness of the model’s feature 

extraction by emphasizing the expression of important features. Secondly, to lower the 

model’s computational complexity and parameter count, we introduced a lightweight 

detection head named EISDH. Addition- ally, we incorporated the MPDIoU function. 

This function not only enhances the model’s robustness but also simplifies the process 

of extracting unnecessary features from forest fire targets, further reducing the number 

of parameters in the network model. Experimental results demonstrate that GEMN 

exhibits out- standing performance in smoke detection tasks within complex scenarios. 
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