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Abstract


In this paper, an improved MobileNetV3-Small algorithm model is proposed for the problem of poor real-time wildfire identification based on convolutional neural networks (CNNs). Firstly, a wildfire dataset is constructed and subsequently expanded through image enhancement techniques. Secondly, an efficient channel attention mechanism (ECA) is utilised instead of the Squeeze-and-Excitation (SE) module within the MobileNetV3-Small model to enhance the model’s identification speed. Lastly, a support vector machine (SVM) is employed to replace the classification layer of the MobileNetV3-Small model, with principal component analysis (PCA) applied before the SVM to reduce the dimensionality of the features, thereby enhancing the SVM’s identification efficiency. The experimental results demonstrate that the improved model achieves an accuracy of 98.75% and an average frame rate of 93. Compared to the initial model, the mean frame rate has been elevated by 7.23. The wildfire identification model designed in this paper improves the speed of identification while maintaining accuracy, thereby advancing the development and application of CNNs in the field of wildfire monitoring.
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1. Introduction


Forests serve as the Earth’s primary carbon, oxygen, and hydrological automatic regulation system, performing a multitude of functions including carbon sequestration, oxygen release, water conservation, soil stabilisation, and biodiversity conservation [1,2,3], as well as providing a suitable habitat and rich natural resources for humans [4]. Therefore, the conservation of forests is crucial for maintaining the global ecological balance and ensuring sustainable human development. Fire represents one of the most prevalent and destructive natural disasters in forest ecosystems [5]. In recent years, the frequency of wildfires has increased with global climate change [6,7,8]. The occurrence of frequent fires serves to exacerbate ecological degradation and threaten the safety of citizens’ lives and property [9,10,11]. Losses can be minimised if fires are detected at an early stage, contained to a manageable level, and extinguished as soon as possible. Therefore, it is of great importance to monitor forest fires in real time in order to protect forests.



Early wildfire monitoring relied on watchtowers, sensors, and satellite monitoring. Watchtowers are low cost but have a small coverage area [12]. Sensors are limited to geographic areas and are susceptible to surrounding environmental factors [13]. Satellite monitoring can achieve wide coverage, but is weak in fire identification of small areas and is susceptible to cloud cover [14]. In recent years, with the rapid development of computer vision and hardware computation power, image-based wildfire identification algorithms have gradually become mainstream [15]. The majority of these algorithms are deployed on embedded devices or unmanned aerial vehicles and are one of the cores of wildfire monitoring systems. Therefore, the performance of wildfire algorithms is crucial. The algorithm can be broadly divided into two categories: traditional image identification and CNN-based identification [16]. For ease of subsequent reading, abbreviations and terminology throughout the paper are shown in Table 1.



Traditional image identification methods rely on human-set features to identify wildfires. Wu et al. [17] conceptualised a multispectral irradiance sequence of fire as a dynamic texture and represented the sequence with the parameters of a linear dynamical system. Subsequently, the differences between the sequences were evaluated using the multispectral Martin distance, thus enhancing the reliability of fire detection in practical applications. Gong et al. [18] put forth a fire identification method based on the fusion of multiple features. The method initially identifies the candidate region through the analysis of motion and colour features characteristic of the flame. Subsequently, the centre of mass of the candidate region is calculated based on its spatio-temporal relationship, and the spatio-temporal features of the centre of mass are obtained. Ultimately, the extracted spatial, shape, and area features are input into an SVM for recognition, thereby enhancing the accuracy of the identification. Mock et al. [19] specified the fire region by background subtraction and adaptive colour space filtering based on the luminance distribution, thereby improving the accuracy. Baek et al. [20] proposed a wavelet-based fire identification algorithm that is capable of capturing the time dependency in the signals of the fire sensors by taking into account the multi-resolution nature of the wavelet transform, thus improving the algorithm’s performance. However, traditional image identification methods are only capable of identifying objects based on specified features, with poor robustness, and are thus unable to meet the dynamic and variable wildfire conditions.



CNN-based image identification methods can automatically extract deep features in a fire with higher accuracy and better generalisation compared to traditional methods [21]. Zhang et al. [22] proposed an improved wildfire identification model based on SqueezeNet. The model uses depthwise separable convolutional (DSC) instead of classical convolutional and an attention mechanism in the model, thus maintaining good accuracy while reducing the model parameters. Guo et al. [23] put forth a wildfire identification method based on an improved two-channel AlexNet. Firstly, the output features of the two channels were fused and enhanced. Secondly, the Lasso_SVM was employed to replace the fully connected layer in the model. Finally, the segmental training method was used to train the improved model. This method enhances the performance of the model. Zhang et al. [24] proposed a novel dual-channel AlexNet model for wildfire identification based on multiple features. Firstly, the residual structure was employed to fuse the deep and shallow features. Secondly, the CBAM attention mechanism was used to focus on the key details of the fused features. Finally, the improved AlexNet model was used to build the dual-channel model to obtain richer feature information and improve the model performance. Xu et al. [25] proposed a CBAM-based fire detection method for YOLOv5. This method involved the addition of three CBAM modules to the head network of YOLOv5 to enhance its feature extraction capability. Furthermore, the C2f module was employed in place of the original C2 module, with the purpose of capturing rich gradient flow information, thus enabling the differentiation between fire targets and fire-like targets. This approach has been demonstrated to exhibit high accuracy and good generalisation.



While CNN has shown good performance in wildfire identification, its complex network architecture also results in higher latency. Reducing latency by simplifying the model structure may, in turn, impact model performance. To address these issues, this paper proposes an ECA_PCA_SVM (EPS)-based MobileNetV3-Small wildfire identification model to achieve an improvement in identification speed while maintaining the identification accuracy.




2. Construction of the Experimental Dataset


The dataset presented in this paper was obtained through the collection and collation of data from several sources, including the Google search engine, the Kaggle platform, the Mendeley Data repository and the Northern Arizona University repository. This dataset consists of three parts. The first part is the wildfire images, which include forest fires occurring in various environments and at different times, as illustrated in Figure 1. This part can provide the model with wildfire features in a variety of colours, shapes, and dynamic textures, thereby enabling the model to identify wildfires in different geographic areas, seasons, and weather conditions. The second part is conventional forest images, encompassing a range of forest scenes devoid of wildfire, as illustrated in Figure 2. This part provides background data that facilitates the model’s ability to discern between fire and non-fire scenarios. The third part is images of disturbances, including sunsets and sunrises, fog, and other phenomena that may be perceived as disruptive, as illustrated in Figure 3. This part is intended to improve the robustness of the model. Scenes such as the sun, white clouds, and mist have some similar features to wildfire scenes. These similarities can lead the model to identify the absence of fire as the presence of fire. The incorporation of these images into the dataset can effectively reduce the false alarm rate.



The dataset serves as the input item for CNN training. The CNN achieves image identification by learning rich feature information from the dataset, which has a direct and important impact on the performance and generalisation ability of the model. The use of smaller or single datasets may result in overfitting of the model. Therefore, in this paper, we employ adaptive histogram equalisation, bilateral filtering, and flipping to pre-process the dataset to expand it.



Adaptive histogram equalisation is an improved image enhancement technique based on histogram equalisation. It is capable of independently performing adaptive contrast enhancement on local areas of an image and can artificially limit the contrast [26], thus avoiding the noise amplification problem caused by histogram equalisation. The mathematical formula is shown in Equation (1).


     P N  ( k ) =     n k   n   ( k = 0 , 1 , 2 , ⋯ , L − 1 )     C D  F N  ( i ) =   ∑  j = 0  i    P N  ( j )        S N  ( i ) = r o u n d ( ( L − 1 ) × C D  F N  ( i ) )    



(1)




where PN(k) represents the probability distribution of the occurrence of grey level k in the N region block of the image. nk denotes the number of pixels with grey level k in the region block, while n signifies the total number of pixels in the region block. CDFN(i) is the cumulative distribution function of the region block, which is employed to compute the cumulative histogram. SN(i) denotes the mapping function, which maps the value of CDFN(i) into new pixel values. The resulting graph of the adaptive histogram equalisation process is illustrated in Figure 4. It can be seen that the contrast has been augmented and the local detail information has been preserved.



The images in the dataset are subjected to adaptive histogram equalisation, followed by bilateral filtering and flipping. The resulting graph is presented in Figure 5. Ultimately, the dataset constructed in this paper comprises 20,000 images, with a ratio of 4:1 between the training set and the test set. Furthermore, the ratio of fire and non-fire images is 1:1 in both the training and test sets, thereby ensuring a balanced distribution of samples.




3. Establishment of the Wildfire Identification Model


3.1. Modelling of the MobileNetV3-Small Network


MobileNetV3 is a lightweight CNN model proposed by the Google team. It is available in two versions, Small and Large [27]. In terms of comparison, the Small version is fast with low accuracy, while the Large version is slow with high accuracy. To meet the real-time nature of wildfire identification, this paper uses the MobileNetV3-Small model as the base model.



The overall structure of MobileNetV3-Small is illustrated in Figure 6. The network consists of three components. The first part is a convolutional layer, which accepts an input feature matrix of size 224 × 224 and the number of channels is 3. Subsequent to a convolutional kernel of 3 × 3 convolutional operation, a feature matrix of 112 × 112 and 16 channels is obtained.



The second part is the bottleneck module, which constitutes the core module of MobileNetV3-Small. The structural configuration is illustrated in Figure 7. The Bottleneck module is constituted by dimensionality expansion convolution, DSC, SE module, and inverted residual structure. The dimensionality expansion convolution increases the dimensionality of the input feature matrix through the application of a 1 × 1 convolution layer. The remaining components will be described in detail.



	(1)

	
Depthwise Separable Convolution







DSC is a structure proposed by the Google team in the MobilenetV1 model [28], which greatly reduces the number of parameters compared to ordinary convolution. Assuming that the number of input channels is 3 and the number of output channels is 4, a comparison between the two is presented in Figure 8.



Given that the number of channels in the convolution kernel of ordinary convolution is identical to that of the input feature matrix, each convolution kernel is composed of three channels, which is tantamount to performing 12 convolution operations. DSC is divided into depth convolution and point-by-point convolution. In depth convolution, the number of channels in the convolution kernel is all 1, and the number of input feature channels, the number of convolution kernels, and the number of output feature channels are the same. Thus, only three convolution operations need to be performed, which reduces the amount of computation. However, deep convolution is unable to modify the number of output channels, and the diminished convolution operation also impacts feature extraction to a certain extent. Consequently, point-by-point convolution with a convolution kernel of 1 × 1 is also necessary to augment the number of output channels of deep convolution to the requisite dimension. Furthermore, the features extracted by deep convolution are enhanced through cross-channel fusion. The distinction between ordinary convolution and DSC can be derived from Equation (2).


     P 1  =  D F  ⋅  D F  ⋅  C 1  ⋅  C 2  ⋅  D K  ⋅  D K       P 2  =  D F  ⋅  D F  ⋅  C 1  ⋅  D K  ⋅  D K  +  C 1  ⋅  C 2  ⋅  D F  ⋅  D F      T =     P 2     P 1     =   1   C 2     +   1    D K  2        



(2)




where DF represents the size of the input feature, C1 denotes the number of input channels, C2 signifies the number of output channels, DK is the size of the convolution kernel, P1 is the number of ordinary convolutional parameters, P2 is the number of DSC parameters, and T is the parameter ratio of the two convolutions. It can be observed that the number of parameters associated with the ordinary convolution is approximately DK2 times that of the DSC.



	(2)

	
SE Attention Mechanism







SE is a commonly used channel attention mechanism in the context of deep learning [29], which can significantly improve the model’s performance. The structure of SE is depicted in Figure 9. Initially, the K × K × C feature matrix is subjected to a global average pooling operation, resulting in the generation of a 1 × 1 × C feature matrix. Subsequently, the channel weight values are obtained through a first fully connected layer and a ReLU activation function, resulting in a dimensionality reduction of the channels. Afterwards, the feature matrix is expanded in dimensionality to the initial number of channels through a second fully connected layer, with the weights being mapped in the range of [0,1] through the utilisation of the sigmoid activation function. Ultimately, the learned weights are multiplied with the corresponding channels of the input feature matrix, which serves to enhance the important channels while suppressing those that are unimportant.



	(3)

	
Inverted Residual Structure







The inverted residual structure is a concept put forth by the Google team in the MobilenetV2 model [30], drawing inspiration from the residual structure. The residual and inverted residual structures are illustrated in Figure 10. The function of the residual structure is to perform dimensionality reduction of the feature matrix in order to reduce the computational burden, followed by dimensionality expansion to restore the initial dimensionality and add it to the input features, thus improving the feature expression. In contrast, the inverse residual structure exploits the benefits of DSC. It begins with dimensionality expansion, enabling the learning of additional features with minimal computational cost. Subsequently, it undergoes dimensionality reduction to the initial dimension and splicing with the input channels, as opposed to the direct addition observed in the residual structure.



The third part is the classification layer, which comprises a convolutional layer, an average pooling layer, and two fully connected layers. The detailed overall structure of MobileNetV3-Small is illustrated in Table 2.




3.2. MobileNetV3-Small Model Based on ECA


ECA is an improved version of SE. The dimensionality reduction in SE has been demonstrated to have a detrimental effect on obtaining relationship weights between channels [31]. Additionally, the two fully connected operations in SE increase the computational burden. Consequently, ECA does not incorporate any dimensionality reduction or fully connected operations. The structural configuration of ECA is illustrated in Figure 11. The initial step of ECA is identical to that of SE. Subsequently, instead of utilising a fully connected layer for the reduction of the feature matrix dimensionality, as is the case in SE, a convolutional layer is employed directly to learn the weight relationships between the channels. Ultimately, the weights learned by the convolutional layer are directly scaled to the range of [0,1] by the sigmoid activation function and the weights are multiplied with the original input features to achieve the same result as SE. ECA achieves the same function as SE but with significantly reduced computation. Accordingly, this paper uses ECA to replace the SE module in the original model.




3.3. MobileNetV3-Small Model Based on EPS


To further enhance the performance of the model, this paper proposes an EPS-based MobileNetV3-Small wildfire identification model. The model employs SVM in place of the classification layer in the MobileNetV3-Small model, and PCA is utilised to increase the recognition efficiency of SVM.



SVM is a classification method based on the principle of interval maximisation, which is used to find the most suitable hyperplane in the data set in order to separate the two categories of data [32]. This method has been demonstrated to perform better than the fully connected layer in the context of binary classification problems. Consequently, the paper uses SVM to replace the classification layer in the MobileNetV3-Small model. For this analysis, we assume that the dataset under consideration consists of the pairs (x1, y1), (x2, y2), …, (xn, yn), as illustrated in Equation (3).


     y i  ( w ⋅  x i  + b ) ≥ 1 −  β i       β i  ≥ 0  min  w , b   (   1 2   ∥ w  ∥ 2  + C   ∑  i = 1  n    ξ i    )    



(3)




where the w represents the normal vector of the hyperplane, b denotes a bias term,     β   i     is a slack variable indicating the degree of tolerance to misclassification, and C serves as a penalty factor to control the interval size and the degree of interval violation.



Given the complexity and non-linearity of the dataset presented in this paper, a Gaussian radial basis kernel function is also introduced. This function enhances the recognition performance of SVM, and its formula is shown in Equation (4).


  K (  x i  ,  x j  ) = exp ( −    ∥  x i  −  x j   ∥ 2    2  σ 2     )  



(4)




where   σ   is an adjustable parameter to control the degree of smoothing.



Although SVM demonstrates efficacy in performance on binary classification problems, it is relatively slow in classifying features with high dimensionality. It is thus necessary to reduce the dimensionality of the input feature before applying SVM. The commonly used feature dimensionality reduction algorithms are LDA, t-SNE, and PCA. LDA is a supervised dimensionality reduction method for labelled data, but it is not suitable for dealing with high-dimensional features [33]. t-SNE is a feature dimensionality reduction algorithm for non-linear data, but the computational speed is slower [34]. PCA is an unsupervised dimensionality reduction method that is simple in principle and fast in computation, but its performance is slightly worse [35]. To avoid undue delays in this phase, PCA is chosen for feature dimensionality reduction in this paper, assuming the dataset X is an n × m matrix, where n is the number of samples and m is the number of features. The calculation process is provided in Equation (5). Firstly, the features are standardised. Secondly, the standardised data are used to calculate the covariance matrix, from which the eigenvalues and eigenvectors can be calculated. Finally, the eigenvectors of the first few larger eigenvalues are selected for dimensionality reduction of the data.


     X N  = X −  1 n    m ¯  T      C =   1  n − 1     X N T   X N      C ν = λ ν     Y =  X N   V k     



(5)




where XN represents the normalised eigenvector, C denotes the covariance matrix,   λ   signifies the eigenvalue, v stands for the eigenvector, and       m  ¯    T     is the transpose of the mean value of each eigenvalue. Additionally, Y denotes the result of dimensionality reduction, and Vk is the eigenvector of the first k eigenvalues.



In this paper, the ECA is employed to supplant the SE module in MobileNetV3-Small, and the PCA_SVM to replace the classification layer of the model. Ultimately, an EPS-based MobileNetV3-Small wildfire identification model is constructed, and its structural sketch is illustrated in Figure 12.





4. Experimental Results


The CPU model utilised in this experimental training is the 12th Gen Intel(R) Core(TM) i7-12700K 3.61 GHz, with 124 GB of RAM. The GPU model is the NVIDIA GeForce RTX 3090, with 24GB of RAM. The software environment is Windows 10 Professional, Pycharm 2024.1 and PyTorch 2.1.0.



4.1. Experimental Analysis of Image Enhancement


In this experiment, all models employ the batch training method, with a batch size of 64. The loss function utilises the cross-entropy loss function, and the optimiser is AdamW. Before the commencement of the experiment, it was necessary to select an appropriate initial learning rate for AdamW. The learning rate influences both the speed of parameter update and the final result. If it is set too low, the model may fall into a local optimum. Conversely, if it is set too high, convergence may be impeded. In order to identify the optimal learning rate for the model, a grid search was conducted using learning rates of 0.01, 0.001, 0.0001, and 0.00001. The resulting accuracy curve is presented in Figure 13. When the learning rate is set to 0.01, the curve exhibits pronounced oscillations. At a learning rate of 0.001, the curve displays enhanced smoothness, accompanied by the highest accuracy. Conversely, when the learning rate is set to 0.0001 or 0.00001, the accuracy declines progressively. The final training results for all learning rates are presented in Table 3. The highest accuracy was observed when the learning rate was 0.001, and thus this value was selected as the initial learning rate for the experiment.



The dataset in this paper has been expanded through the utilisation of an image enhancement technique, which has resulted in an improvement in the model’s performance to a certain extent. In order to validate the viability of image enhancement, the dataset was subjected to a comparative analysis, employing the loss value as the metric. The results are illustrated in Figure 14. The loss value subsequent to image enhancement exhibits a more rapid decline than that observed prior to enhancement. The ultimate training outcomes for both instances are presented in Table 4. Before image enhancement, the accuracy rate was 98.45%, with a precision rate of 98.60%. Following image enhancement, the accuracy rate was 98.48%, with a precision rate of 99.29%. This represents an improvement of 0.03% and 0.7% in the accuracy and precision rates, respectively.




4.2. Experimental Analysis of the ECA-Based MobileNetV3-Small Model


In this paper, the ECA is employed as a replacement for the SE module in the original model. Two sets of experiments were conducted to validate this approach, one utilising the SE module and the other employing the ECA module. The individual performance curves for both are illustrated in Figure 15. The comparison waveforms of accuracy, precision, recall, and F1 score are presented, demonstrating that the ECA performs slightly better than the SE in terms of accuracy, precision, and F1 score, while recall is slightly worse than SE. The specific results are shown in Table 5. Following the replacement of the SE module with the ECA, an increase of 0.16% in accuracy, a decrease of 0.15% in precision, an increase of 0.45% in recall, an increase of 0.0016 in F1 score, and an increase of 5.07 in the average frame rate were observed. In light of these findings, it can be concluded that the MobileNetV3-Small model based on the ECA is a more suitable option for real-time fire monitoring.




4.3. Experimental Analysis of the EPS-Based MobileNetV3-Small Model


SVM exhibits excellent performance in binary classification problems. Therefore, this paper employs SVM to supplant the classification layer in the ECA-based MobileNetV3-Small model. Given that the performance of SVM is significantly influenced by the penalty factor C and the kernel function parameter   σ  , it is essential to identify the optimal parameters of SVM prior to conducting a comparison test. In this study, the penalty factor C was set to 0.1, 1, 2, 3, 4, 5, 6, 7, and 8, while the kernel function parameter   σ   was set to 0.00001, 0.0001, 0.001, 0.01, 0.1, 1, 10, and 100. The grid search was performed for these values, and the resulting accuracy is shown in Table 6. The highest accuracy achieved was 98.65%. In this paper, the SVM parameters were set to C = 4 and   σ   = 0.0001.



Once the SVM parameters have been determined, this paper proposes adding a PCA method to the dimensionality reduction of the feature matrix prior to SVM, aiming to further improve the recognition efficiency of SVM. The following is a comparison of the above models based on ECA, ECA_SVM, and EPS, and the resulting ROC curves are presented in Figure 16. It can be observed that the ROC curves based on EPS and those based on ECA_SVM are essentially similar, with both being closer to the upper-left corner than the curves based on ECA. The specific results are provided in Table 7. The EPS-based model exhibits the highest accuracy, average frame rate, and F1 score among the three improved models. The ECA-based model demonstrates the highest precision rate, while the ECA_SVM-based model exhibits the highest recall rate. Taking the average frame rate as the first index and considering the rest of the indexes, the EPS-based MobileNetV3-Small model was selected as the final wildfire identification model in this paper.



In order to further validate the performance of the model proposed in this paper, its performance was compared with other classical CNN models, and the results are shown in Table 8. The improved model in this paper is observed to outperform the VGG16 [36], GoogleNet [37], ResNet34 [38], and ShuffleNetV2 [39] models in all aspects. Although the EfficientNetV2 [40] model outperforms the improved model in all other metrics except for the average frame rate, its average frame rate is insufficient for the task of real-time fire identification. In comparison with the MobileNetV3-Small model, the improved model demonstrated an improvement in accuracy by 0.28%, a decline in precision by 0.73%, an increase in recall by 1.33%, an increase in the F1 score by 0.0029, and an increase in the average frame rate by 7.23 FPS. The model demonstrates enhanced accuracy, recall, and average frame rate, albeit with a slight reduction in precision. In conclusion, the improved model is more appropriate for real-time wildfire monitoring.





5. Discussion


In order to address the issue of ineffective real-time wildfire identification, this paper employs the lightweight and efficient MobileNetV3-Small as the fundamental model. Given that ECA is more lightweight and efficient than SE, it is employed to supplant the SE module in the base model. Experimental evidence indicates that this does enhance the recognition speed and comprehensive performance, though it does result in a degree of precision reduction. As the fully connected layer of the base model is the most computationally intensive part of the model, SVM, which is highly effective in binary classification problems, is employed to replace the fully connected layer of the model. This results in a slight improvement in performance but a significant decrease in frame rate due to the unsuitability of SVM for handling high-dimensional data. Therefore, PCA is utilised for the dimensionality reduction of the model output prior to SVM recognition. The final result is an EPS-based MobileNetV3-Small wildfire identification model, which combines high accuracy and low latency to meet the real-time identification of forest fires. Nevertheless, the model exhibits certain limitations. On the one hand, the limited number of interfering images in the dataset results in the occurrence of false positives during the recognition process. On the other hand, although the increase in model speed verifies the feasibility and validity of the research direction, further research is needed in the practical application of wildfire monitoring.



To address the aforementioned issues, we intend to incorporate a substantial number of interference images into the dataset, thereby enhancing the model’s capacity to resist interference. On the other hand, we still need to continuously optimise and improve the model structure in order to ensure its stable and mature application in the field of wildfire monitoring in the near future. Furthermore, high frame rate can more effectively capture the dynamic changes of fire, which can be employed to predict the speed and direction of fire spread. This will constitute the focus of our subsequent research.




6. Conclusions


This paper proposes an EPS-based MobileNetV3-Small wildfire identification model to enhance the average frame rate of the model while maintaining the accuracy of the results. The following section outlines the research content of this paper.



	(1)

	
Construction of a wildfire dataset. The dataset was expanded by histogram equalisation and bilateral filtering and flipping operations, and the expanded accuracy and precision were improved by 0.03% and 0.7%, respectively.




	(2)

	
Construction of a wildfire identification model. The EPS-based MobileNetV3-Small wildfire identification model was constructed by replacing the SE module and classification layer in the MobileNetV3-Small model with the ECA and PCA_SVM, respectively, to enhance the model’s comprehensive performance.




	(3)

	
Experimental analysis. A comprehensive experimental analysis of the improved model was conducted using several metrics, including accuracy, precision, recall, F1 score, and average frame rate. Additionally, comparisons were made with numerous classical models to further verify the reliability of the improved model. The final improved model has an accuracy of 98.75% and an average frame rate of 93.







This research endeavours to deploy more practical and efficient models in embedded devices, thereby providing robust software algorithmic support for wildfire monitoring systems and promoting the application and development of wildfire monitoring.
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Figure 1. Images of wildfire. 
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Figure 2. Images of routine forest. 
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Figure 3. Images of interference forest. 
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Figure 4. Resultant diagram of adaptive histogram equalisation. 
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Figure 5. Comparison of before and after treatment. 






Figure 5. Comparison of before and after treatment.



[image: Forests 15 01975 g005]







[image: Forests 15 01975 g006] 





Figure 6. Simplified architecture diagram of MobileNetV3-Small. 
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Figure 7. Structure diagram of bottleneck. 
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Figure 8. Schematic diagram of ordinary convolution and DSC. 
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Figure 9. Structure diagram of SE attention mechanism. 
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Figure 10. Sketch of residual and inverted residual structure. 
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Figure 11. Structure diagram of ECA attention mechanism. 
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Figure 12. Sketch of improved MobileNetV3-Small structure. 






Figure 12. Sketch of improved MobileNetV3-Small structure.



[image: Forests 15 01975 g012]







[image: Forests 15 01975 g013] 





Figure 13. Accuracy curves for different learning rates. 
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Figure 14. Comparison diagram of the loss values before and after image enhancement. 
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Figure 15. Comparison diagram of accuracy (a), precision (b), recall (c), and F1 score (d). 
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Figure 16. ROC curves based on ECA, ECA_SVM and EPS models. 
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Table 1. Brief description of acronyms and terminology.
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	Acronyms
	Descriptions





	CNN
	Deep learning model primarily for image processing



	ECA
	Efficient Channel Attention Mechanism, an improved version of SE



	SE
	A classical adaptive channel attention mechanism



	SVM
	A supervised learning algorithm for binary classification



	PCA
	An unsupervised feature dimensionality reduction algorithm



	DSC
	A convolutional approach to reduce model computation



	CBAM
	An attentional mechanism that combines channels and space



	Alexnet
	A classical CNN model for image classification



	YOLO
	A classical CNN model for target detection



	EPS
	Improved MobilenetV3 model based on ECA_PCA_SVM



	MobileNet
	A lightweight CNN model for embedded devices



	ReLu6
	A linear activation function, a variant of ReLu



	Sigmoid
	An S-type activation function



	H-Swish
	A non-linear activation function, a variant of Swish



	LDA
	A supervised feature dimensionality reduction algorithm



	t-SNE
	A non-linear algorithm for feature dimensionality reduction



	VGG16
	A classical deep CNN model



	GoogleNet
	Classical CNN models applying the ‘Inception’ module



	ResNet34
	Classical CNN models applying residual structure



	ShuffleNetV2
	Classical CNN models applying channel shuffling



	EfficientNetV2
	Classical CNN model applying Fused-MBConv and NAS










 





Table 2. Network structure of MobileNetV3-Small.
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	Input Size
	Operation
	Elevated

Dimension
	Output Channel
	SE
	Activation

Function
	Padding





	224 × 224 × 3
	Conv2d, 3 × 3
	-
	16
	-
	H-Swish
	2



	112 × 112 × 16
	Bottleneck, 3 × 3
	16
	16
	√
	Relu6
	2



	56 × 56 × 16
	Bottleneck, 3 × 3
	72
	24
	-
	Relu6
	2



	28 × 28 × 24
	Bottleneck, 3 × 3
	88
	24
	-
	Relu6
	1



	28 × 28 × 24
	Bottleneck, 5 × 5
	96
	40
	√
	H-Swish
	2



	14 × 14 × 40
	Bottleneck, 5 × 5
	240
	40
	√
	H-Swish
	1



	14 × 14 × 40
	Bottleneck, 5 × 5
	240
	40
	√
	H-Swish
	1



	14 × 14 × 40
	Bottleneck, 5 × 5
	120
	48
	√
	H-Swish
	1



	14 × 14 × 48
	Bottleneck, 5 × 5
	144
	48
	√
	H-Swish
	1



	14 × 14 × 48
	Bottleneck, 5 × 5
	288
	96
	√
	H-Swish
	2



	7 × 7 × 96
	Bottleneck, 5 × 5
	576
	96
	√
	H-Swish
	1



	7 × 7 × 96
	Bottleneck, 5 × 5
	576
	96
	√
	H-Swish
	1



	7 × 7 × 96
	Conv2d, 1 × 1
	-
	576
	√
	H-Swish
	1



	7 × 7 × 576
	Pool, 7 × 7
	-
	-
	-
	-
	1



	1 × 1 × 576
	Fc, 1 × 1
	-
	1024
	-
	H-Swish
	1



	1 × 1 × 1024
	Fc, 1 × 1
	-
	k
	-
	-
	1










 





Table 3. Table of accuracy results for different learning rates.
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	Initial Learning Rate
	Training Set Accuracy (%)
	Testing Set Accuracy (%)





	0.01
	93.39
	97.08



	0.001
	98.40
	98.48



	0.0001
	97.67
	97.35



	0.00001
	94.54
	95.88










 





Table 4. Accuracy and precision before and after image enhancement.
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	Models
	Accuracy (%)
	Precision (%)





	Pre-enhancement
	98.45
	98.60



	Post-enhancement
	98.48
	99.29










 





Table 5. Performance metrics based on SE and ECA models.
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	Models
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1
	Average Frame Rate





	SE
	98.47
	99.29
	97.65
	0.9846
	85.77



	ECA
	98.63
	99.14
	98.10
	0.9862
	90.84










 





Table 6. Results of SVM parametric grid search.
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	   σ   /C
	0.1
	1
	2
	3
	4
	5
	6
	7
	8





	0.00001
	50.00%
	98.50%
	98.53%
	98.53%
	98.53%
	98.53%
	98.53%
	98.60%
	98.60%



	0.0001
	98.50%
	98.60%
	98.60%
	98.63%
	98.65%
	98.63%
	98.65%
	98.63%
	98.65%



	0.001
	98.63%
	98.65%
	98.63%
	98.58%
	98.58%
	98.58%
	98.63%
	98.63%
	98.60%



	0.01
	98.65%
	98.53%
	98.53%
	98.53%
	98.53%
	98.53%
	98.53%
	98.50%
	98.50%



	0.1
	98.55%
	98.48%
	98.48%
	98.48%
	98.48%
	98.50%
	98.50%
	98.50%
	98.50%



	1
	98.48%
	98.50%
	98.45%
	98.38%
	98.40%
	98.40%
	98.43%
	98.43%
	98.45%



	10
	98.53%
	98.53%
	98.43%
	98.38%
	98.43%
	98.40%
	98.40%
	98.40%
	98.40%



	100
	97.98%
	98.38%
	98.48%
	98.50%
	98.50%
	98.48%
	98.50%
	98.48%
	98.48%










 





Table 7. Performance metrics based on ECA, ECA_SVM, and EPS models.
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	Models
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1
	Average Frame Rate





	ECA
	98.63
	99.14
	98.10
	0.9862
	90.84



	ECA_SVM
	98.65
	98.31
	99.00
	0.9865
	61.21



	EPS
	98.75
	98.56
	98.98
	0.9875
	93.00










 





Table 8. Performance comparison of different models.
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	Models
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1
	Average Frame Rate





	Improved model
	98.75
	98.56
	98.98
	0.9875
	93.00



	Original model
	98.47
	99.29
	97.65
	0.9846
	85.77



	VGG16
	97.53
	96.98
	98.05
	0.9753
	20.15



	GoogleNet
	92.93
	94.05
	91.65
	0.9283
	73.00



	ResNet34
	94.85
	93.84
	96.00
	0.9491
	31.86



	ShuffleNetV2
	96.33
	95.62
	97.10
	0.9635
	73.70



	EfficientNetV2
	99.20
	99.23
	99.15
	0.9920
	27.92
















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).



























media/file13.jpg
e Rl





media/file4.png





media/file30.png
Accuracy

0.9 -
0.8 -
0.7 1
0.6 1
0.5 1 ——SE
——ECA
0.4 1 ) ] L] L] ] 1 L L]
0 10 20 30 40 50 60 70 80 90
Epoch
(a)
1
0.9 -
0.8 1
0.7 1
0.6 1
0.5 -1 ——SE
——ECA
0.4 1 1 ] 1 I ] 1 ] 1
0 10 20 30 40 50 60 70 80 90
Epoch
(c)

Precision

Fl

0.9

0.8

0.7

0.6

0.5

0.4

0.9

0.8

0.7

0.6

0.5

0.4

- —SE
——ECA
0 10 20 30 40 50 60 70 80 90
Epoch
(b)
. —SE
——ECA
0 10 20 30 40 50 60 70 80 90

Epoch

(d)






media/file18.png
KXKXC I X1XC/4

I X1XC






media/file21.jpg
KXKXC






media/file26.png
Accuracy

O
\O
1
A"

0.8 -

0.7

06 —1r=0.01
—I1r=0.001

0> ——I1r=0.0001
—I1r=0.00001

04 1 T T T T T T T T

0O 10 20 30 40 50 60 70 80 90
Epoch





media/file27.jpg
0.5

04

0.3

Loss

0.2

0.1

—— Non-enhancement

Enhancement

0

10 20 30 40 50 60 70 80 90
Epoch






media/file3.jpg





media/file22.png
Conv
Sigmoid

I X1XC

KXKXC






media/file19.jpg
Residual
Structure

output

Inverted
Residual
Structure

output





media/file7.jpg
2500

21000

g
s

500

Original grayscale histogram

2500

Resulting grayscale histogram

2000

er

1500

1000

Greyscale numbx

500

50

100 150 200
Greyscale value

250

0

50

100 150 200 250
Greyscale value






media/file28.png
Loss

0.5

Non-enhancement

Enhancement

10 20 30 40 50 60 70 80 90
Epoch






media/file10.png





media/file32.png
TPR

0.99

0.98

0.97

0.96

0.95

ROC Curve

——ECA
——ECA SVM
——EPS

0.2 0.4 0.6 0.8
FPR






media/file14.png
~

- o o o O O O S S D —

-

o . e e e S e e -

I
I
I
I
I
I
I
I
I
I
1
I
I

”
~
~






media/file11.jpg





media/file6.png





media/file15.jpg
Depthwise
Separable
Convolution

Deep Convolution Point Convolution





nav.xhtml


  forests-15-01975


  
    		
      forests-15-01975
    


  




  





media/file16.png
Ordinary
Convolution

Depthwise
Separable
Convolution

| I

Deep Convolution Point Convolution





media/file2.png
g

oy






media/file20.png
mput , 256-d

| 1x1,64 |

Residual

Structure I 3%3,64 I

| 1x1,256 \
A

\

output

/

\ 1x1,256 |
Inverted *
Residual | 3x3,256 |
Structure +
| 1x1,64 |
c
y output






media/file23.jpg
2x24x3

con,
g

Haxix 16

7x7%96

Ixix2

v





media/file5.jpg





media/file24.png
Fire

— o, l — RGN — I _LCA, S— SVM p—

Fire

224 X224 X3 112X112X16 TX7TX96 16 L2K-2





media/file33.png





media/file29.jpg
"
. N
il :
i i
] 2
M "
. .
-
e "
TR RRE R YN
) 2
(@) (b)
. .
. W
o
iy
B
M . a it
=] -
w "
e T E TP
) EX
[C] (@





media/file1.jpg





media/file31.jpg
TPR

0.99

0.98

0.97

0.96

0.95

ROC Curve

——ECA
——ECA_SVM
——EPS

0.2

0.4 0.6 0.8
FPR






media/file25.jpg
r=0.001

~——1r=0.0001
——1r=0.00001

—i]

09
8
.7
0.6
0.5

Koemooy

0.4

10 20 30 40 50 60 70 80 90

0

Epoch





media/file12.png
224X224X3

\_

—— o o o o o e

-

Conv
3X3

\ 112X 112X16 !
N ’

]
I
I
I
I
1
I
I
I
I
I
I
I
I
I
I
I
I
1
\

— oy,

Part Two

Bottleneck

————————— -

3 'ar't_TﬁrEE"""""""""“\
’ \‘
' |
! 1
: :
! 1
|
! Conv Pool Fc Fc i
1 1X1 7» &) "
: No :
: Fire :
! 1
! 1
\

% 7TX7TX96 TXTX576 1 X1X576 1 X1X1024 /’

S e e e e S W WS W M WER SN SN M M M M REe MR SEM MM m R R R MR GEe G G e e e R M S G R e e e e e e e

Conv: Convolution operation

Pool: Global average pooling
Fc: Full connectivity






media/file9.jpg





media/file8.png
Original grayscale histogram Resulting grayscale histogram

2500 2500

52000 - 52000 -

O O

= z

51500 - 51500 -

o o

: :

21000 - 21000 -

5 5

© 500 - © 500 -

O | ] ] ] | ] | O | ] 1 | | 1 1
0 50 100 150 200 250 0 50 100 150 200 250

Greyscale value Greyscale value






media/file17.jpg
KXKXC

x1xc

IX1xC





