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Abstract

:

Situational detection in the traffic system is of great significance to traffic management and even urban management. Traditional detection methods are generally based on roadside equipment monitoring roads, and it is difficult to support large-scale and fine-grained traffic incident detection. In this study, we propose a detection method applied to the mobile edge, which detects traffic incidents based on the video captured by vehicle cameras, so as to overcome the limitations of roadside terminal perception. For swarm intelligence detection, we propose an improved YOLOv5s object detection network, adding an atrous pyramid pooling layer to the network and introducing a fusion attention mechanism to improve the model accuracy. Compared with the raw YOLOv5s, the mAP metrics of our improved model are increased by 3.3% to 84.2%, enabling it to detect vehicles, pedestrians, traffic accidents, and fire traffic incidents on the road with high precision in real time. This provides information for city managers to help them grasp the abnormal operation status of roads and cities in a timely and effective manner.
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1. Introduction


As the economy continues to develop, both in urban and rural areas, the number of traffic participants increases significantly, resulting in traffic congestion. Therefore, traffic control and management strategies need to be developed to alleviate frequent and unusual traffic congestion [1]. Frequent congestion refers to predictable situations where demand exceeds the capacity of the transportation system, such as during a daily rush hour. Extreme traffic congestion is often caused by unpredictable accidents such as traffic accidents, crowd gatherings, fires, and weather-related problems. It is very important to provide drivers and traffic managers with traffic situation information in real time and efficiently for severe congestion [2]. Then, for city managers, it is of great significance to sense and deal with abnormal traffic incidents in the city in time to prevent the launch of serious incidents, and this can also improve the timely feedback and rescue efficiency of relevant departments for abnormal incidents [3]. On the other hand, urban traffic anomaly detection is also important for improving people’s quality of life. For example, traffic congestion is now the biggest headache in most big cities [4]. Serious traffic jams will bring a lot of economic losses and destroy people’s moods. If most traffic jams in a city can be detected at an early stage, by informing people of traffic conditions in advance, people can further avoid traffic jams from becoming serious by changing their travel plans or travel patterns [5].



For a long time in the past, manual detection was the main method of urban road traffic incident detection to a certain extent, such as the use of surveillance video manual inspection, highway patrol cars, and telephone alarm methods to monitor traffic incidents. The manual inspection method is time-consuming and labor-intensive, the detection efficiency is low, the accuracy rate is not high, and road inspections generally take place on long roads, so the interval between patrols at the same location is long, and traffic incidents cannot be detected in time. With the development of automatic monitoring technology, many areas have deployed automatic detection technology for roadside surveillance equipment, and such technology has effectively improved the efficiency of event detection. However, the detection task is still limited by the installation density of roadside devices; it is impossible to install roadside devices in every place. Therefore, roadside surveillance devices always have blind spots, and it is difficult to detect and deal with traffic events occurring in the blind spots at the first instance.



In summary, existing traffic event detectors are difficult to use in all directions because the equipment cannot be moved. In addition, nowadays, more and more cameras of smart vehicles, as well as the driving recorders installed in traditional cars, can be our potential traffic event detectors. In this study, we propose to use the incoming image data from cameras installed on smart vehicles for edge-side event detection, an approach that can effectively increase the range and improve the granularity of urban traffic event sensing. This solves the problem of traditional traffic event detection devices often being installed on roadside devices, which are limited by the installation density of the devices and make it difficult to detect road events in all directions.



The rest of the paper is structured as follows. Section 2 presents the related work; Section 3 describes and explains the proposed method; Section 4 will reveal and discuss the proposed model and results; Section 5 analyzes and discusses the results; finally, Section 6 summarizes the work of this paper.




2. Related Work


The existing automatic detection technology collects data through toroidal coils or ultrasonic detectors and then processes the data. The existing traffic incident detection methods are mainly divided into the following categories:




	1.

	
Detection algorithm based on statistical theory.



In this kind of method, the sensor counts the number of passing vehicles per unit of time and indirectly calculates the algorithm of the traffic state [6,7,8]. It has the advantages of low cost, all-weather, etc. The current road traffic congestion level can be identified by simply analyzing the collected data. For example, by applying mathematical algorithms to these measurements, unexpected traffic flow characteristics up and down suspicious locations can be identified and flagged as traffic incidents.




	2.

	
Predict the state of traffic incidents through a time series model.



This type of approach uses time-series analysis to detect traffic anomalies using features such as real-time traffic, predicted normal traffic, and the difference between the two. Chaos, Solitons and Fractals [9] use nonlinear time-series models to predict traffic states. Jiang S, Wang S, and Li Z [10] analyzed traffic flow time series by clustering traffic time series with similar fluctuation patterns. Wang J and Li X [11] proposed a technique that combines time series analysis and machine learning to improve the accuracy and efficiency of traffic incidents.




	3.

	
Through social network algorithms.



With the rise of social networking tools, social networking species contain rich traffic condition information. Some scholars [12,13] have extracted information entries and positioning of traffic accidents, traffic congestion, and other information shared by twitter residents, and detected traffic conditions and traffic incidents.




	4.

	
Video monitoring through the bayonet.



With the development of the road intelligent transportation system, many roadside monitoring devices have been built on urban roads and highways for traffic monitoring. Some scholars [14,15] have detected and tracked road traffic incidents through the video monitoring of roadside devices.The advantage of this method is that the roadside equipment has strong computing power and fast detection speed. The disadvantage is that the roadside equipment may be blocked by tree branches, and the detection accuracy is easily affected in bad weather conditions. In addition, limited by roadside equipment, it is impossible to realize accurate perception and intelligent control of traffic operation situations, and it cannot provide large-scale, real-time feedback on traffic accident conditions and temporary traffic emergencies.









In recent years, there has been continuous improvement of road infrastructure and the large-scale erection of urban monitoring systems. Many scholars use machine vision technology to detect road traffic incidents based on video information collected by roadside monitoring equipment [16,17,18,19,20,21]. However, machine vision methods have low performance and speed in real-time disease detection due to complex image preprocessing and feature extraction steps. Furthermore, an important disadvantage of such methods is that they are not suitable for real detection scenarios with complex backgrounds. With the increasing application of models represented by deep convolutional neural networks in the direction of computer vision, such as autonomous driving, face recognition, and object detection in industrial scenarios, traffic incident detection methods based on deep learning were also quickly applied. At present, the object detection methods based on deep learning are mainly divided into two categories according to the network structure. One is a one-stage detection method represented by YOLO [22,23,24,25,26], and the other is represented by R-CNN [27,28,29], a two-stage method. The single-stage method directly uses the network to extract recognition features to generate prediction boxes, and the advantage is that the detection speed is fast. The two-stage method first generates quasi-candidate boxes, and then further generates prediction boxes according to feature extraction. Liang, Haoxiang et al. [30] proposed a fast detection algorithm for traffic accidents based on the spatiotemporal map of vehicle trajectories.



However, real-time early detection of traffic incidents is still challenging due to different vehicle types, large differences in vehicle color and size, complex urban scene backgrounds, different illumination in all-weather detection, and blocking of dense vehicles and pedestrians in the lane. Furthermore, weather changes in the real environment, as well as several other factors, make it difficult to detect with high accuracy [31]. In addition, existing traffic incident detection models have a trade-off between accuracy and efficiency detection. Last but not least, the existing detection is based on fixed roadside monitoring equipment, and there is a blind spot in the detection of traffic incidents. When traffic anomalies are detected, the traffic incident has often occurred for a period, which is not conducive to rescue and traffic flow induction. Therefore, there is a large gap between existing models and real-time incident detection in field traffic based on mobile computing devices.




3. Data and Methods


3.1. Dataset Production


There is no applicable dataset for traffic event target detection, and the current open-source image samples are generally vehicle and pedestrian data sets such as KITTI data sets, which make it difficult to meet the needs of traffic incident detection. Therefore, the data set is established by acquiring pictures by supplementing the network picture crawler, road shooting, KITTI data set [32,33], and KMU Fire & Smoke Database [34,35,36,37,38] data set. The KITTI dataset provides real-world picture data taken in urban, rural, and highway environments, with up to 15 cars and 30 pedestrians in each image with varying degrees of occlusion and truncation. The KMU Fire & Smoke Database dataset contains four categories of data such as indoor and outdoor (short-range) flames, indoor and outdoor (short-range smoke), wildfire smoke, and smoke or flaming moving objects. In addition, we use search engines in different countries to crawl traffic accident pictures and select some pictures from the above datasets to form our dataset. Sorting and screening invalid pictures and pictures that are difficult to label, a total of 8890 valid pictures were screened. After labeling with the labeling software, it counts the labeled image labels. The following Figure 1 shows an example of different categories of objects in the dataset.



In order to achieve better practical detection of convolutional neural networks, a data augmentation method is used to make the network label categories more balanced. Based on the distribution of the different types of existing labels, we target categories with a low number of labels (e.g., trucks, traffic accidents) and add images containing such labels. In the process of adding samples, we selectively added images in rain and fog scenes, as shown in Figure 2. The statistics of each type of label after enhancement are shown in Figure 3.




3.2. Neural Networks


In the current work, Since our application scenario is at the edge of the vehicle with limited computing power, we need to choose a more lightweight model. YOLOv5s model has the advantages of high detection accuracy, small number of parameters and fast detection speed among the lightweight models. We utilize an improved model based on the initialized YOLOv5s algorithm for traffic incident detection. Using the Pytorch framework, Glenn Jocher has suggested the high-precision, single-stage YOLOv5 object identification model. It transforms the object identification job into a regression problem by generating the bounding box coordinates and associated probabilities for each class. The images are fed into the network and the samples are enhanced using a mosaic technique to make the model training better. Then, the focus operation is performed to slice the image to reduce the loss of information. A CSPNet [39] structure is added to the backbone network to connect convolution layers at different stages to reduce information loss. Downsampling is carried out using the GhostNet [40] module, reducing the number of parameters. The network’s ability to extract effective features is enhanced by adding a fused attention mechanism module at the end of the neck. In the feature detection stage, multiple feature maps are extracted, and the path aggregation network is utilized to shorten the information path by utilizing the shallow layer’s localization information to facilitate the extraction of feature information at different scales and enhance the detection efficiency.



Realistic scenarios often include dense arrangements of vehicles and pedestrians, multi-scale targets, irregular geometry of traffic accidents, and complex backgrounds, among others. This greatly hinders the accuracy of detection, leading to missed reports and false target predictions. The goal of this study is to address the above challenges by proposing an improved and optimized YOLOv5s algorithm based on the characteristics and complexity of the traffic event dataset to improve the efficiency and accuracy of traffic event detection in complex situations and to achieve real-time detection speed. As shown in the Figure 4, the model network design is divided into three parts: the backbone for feature extraction, the neck for extracting the semantic representation of the features, and the head for prediction.



3.2.1. Atrous Convolutional Pyramid Pooling


Atrous convolution is evolved from ordinary convolution, and the essence is to add blank blocks to the convolution part, also known as dilated convolution. The use of this network not only expands the feature receptive field but also preserves the invariance of the image content [41]. The atrous convolutional network adds an important hyperparameter, that is, the hole rate. This parameter indicates the number of intervals between the corresponding pixel gray values on the feature map when the convolution kernel performs the convolution operation. When different hole rates are taken, The receptive field changes to capture multi-scale information [42]. Initially, atrous convolution was presented as a solution to the problem of picture segmentation. The pooling process is utilized in the FCN network to increase the receptive field of the feature and continually compress the image’s feature information. Finally, the upsampling operation is used to restore the image content. However, this will lead to a large loss of feature information. If the information loss is reduced only by removing the pooling layer, the receptive field’s size will be lowered as well, so the atrous convolutional network emerges as the time requires. This provides a larger receptive field with the same amount of calculation [43].



As shown in the Figure 5, it is a schematic diagram of the comparison between standard convolution and atrous convolution. The left picture is a 3 × 3 standard convolution, and the right picture has a hole rate of 2 and 3 atrous convolutions. The following is the definition of the conventional two-dimensional convolution operation:


  y  [ m , n ]  =  ∑  i = 1  M   ∑  j = 1  N  x  [ M + i , N + j ]  · ω  [ i , j ]   



(1)




where y[m, n] is the convolution layer’s output,  ω  is the filter, M and N are the dimensions of the image. The two-dimensional atrous convolution operation is defined as follows:


  y  [ m , n ]  =  ∑  i = 1  M   ∑  j = 1  N  x  [ M + r · i , N + r · j ]  · ω  [ i , j ]   



(2)







In the formula, r represents the void ratio.



Atrous spatial pyramid pooling is an important feature extraction method in the field of image segmentation. This method sets four different hole rates and uses atrous convolution to extract features from different receptive fields [44]. It is ASPP, as illustrated in the Figure 6. This is a schematic diagram of the concept, where r is the atrous convolution’s hole rate, which is 6, 12, 18, and 24, sequentially, and the feature maps created by the four branches are eventually fused. This method can obtain different features of each area of the image according to the scale view. As a result, the atrous spatial pyramid pooling approach is used in this work, and the atrous space pyramid is incorporated into the feature extraction stage to obtain richer feature information in the original picture, thereby avoiding the impact of unequal object distribution on image processing.




3.2.2. Mechanism for Fusing Attention


The Mechanism of Attention [45,46,47] is a deep learning data processing approach that is widely employed in a variety of deep learning tasks, including natural language processing, picture recognition, and audio recognition. The principle of the attention mechanism comes from the mechanism of the human brain processing information through the visual function. When the human brain receives information, it does not process all of it, but only processes the information that the brain considers important, and filters the information that the brain considers unnecessary. This can improve the efficiency of information processing. Similarly, when processing information, the attention mechanism will selectively focus on a part of the information and ignore other unimportant information. The attention mechanism can not only judge and decide which part of the information needs to be paid attention to, but also can allocate limited information processing resources to the part to be paid attention to. Convolutional Block Attention Module (CBAM) is a pluggable module that enhances the performance of the network model and generates relevant features in the two dimensions of space and channel by weighing the features in the spatial and channel directions. Its structure is shown in Figure 7. It applies channel and spatial attention modules consecutively to learn characteristics in the channel and spatial dimensions, respectively. In addition, information through emphasis or suppression also contributes to the flow of information within the network.



The CBAM attention mechanism is introduced into the neck of the YOLOv5s model in this work. For feedforward convolutional neural networks, this is a simple but effective attention module. Given an intermediate feature map, our module successively infers the attention map along two independent dimensions (channel and space), and then multiplies the attention map by the input feature map for adaptive feature decoration.



The CBAM attention mechanism module is illustrated in the diagram above. The two aspects of CBAM’s attention mechanism are spatial attention and channel attention. As can be seen from the above figure, the channel attention is in the front, and the spatial attention is in the back. After the feature map is input, it first enters the channel attention. In the spatial dimension, the channel attention module compresses the feature map. Then it acts on a one-dimensional vector. Not only mean pooling but also max-pooling are taken into account when compressing in the spatial dimension. To collect the spatial information of feature maps, feed them to a shared network, compress the spatial dimension of the input feature maps, and sum and merge element-wise to produce channel attention maps, average pooling and max pooling can be utilized. As far as a picture is concerned, channel attention focuses on what content within the picture is important. When performing gradient back propagation computations, average pooling has feedback for every pixel on the feature map, whereas max-pooling only receives gradient feedback at the most responsive area of the feature map. The following is a description of the channel attention mechanism:


      M c   ( F )      = σ ( M L P ( A v g P o o l ( F ) ) + M L P ( M a x P o o l ( F ) ) )     



(3)






        = σ (  W 1   (  W 0   (  F  a v g  c  )  )  +  W 1   (  w 0   (  F  m a x  c  )  )  )     



(4)




where  σ  is denotes the sigmoid function,    W 0  ∈  R  c × C ÷ r    ,    W 1  ∈  R  c × C ÷ r       W 0   and   W 1   both inputs share the weights of the MLP network.



Unlike channel attention, the spatial attention network module generates the spatial attention map primarily based on the spatial relationship between picture feature elements. The spatial attention focuses on “where” is the feature information part, and the features of which positions are more meaningful or important. This is a good complement to focusing attention. To extract and aggregate the feature space information, the spatial attention calculation first performs average pooling and maximum pooling operations on the output feature map of the previous module, resulting in the average pooling feature map and the maximum pooling feature map having the same dimensions. Then, the new feature map formed by the serial splicing of the two feature maps is subjected to convolution operation. Finally, the Sigmoid function is used to obtain the feature map of the spatial attention mechanism, as seen in the formula below:


      M s   ( F )      = σ (  f  7 × 7    [ A v g P o o l  ( F )  ; M a x P o o l  ( F )  ]  )     



(5)






        = σ (  f  7 × 7    [  F  a v g  c  ;  F  m a x  c  ]  )     



(6)







The formula:  σ  is the Sigmoid function. The convolution procedure is represented by   f  7 × 7   , and the filter’s convolution kernel size is 7 × 7.



The convolutional attention mechanism model is a new method to improve the representation ability of CNN networks. To obtain a tiny overhead while preserving the overhead, this module combines attention-focused feature optimization with two distinct modules, channel and space. There is a considerable performance improvement. The SE (Squeeze-and-Excitation) compression excitation model delivers better channel attention when both max-pooled features and average-pooled features are used. At the same time, spatial attention is used to further improve performance, learn where to emphasize features or suppress unnecessary features, and effectively refine intermediate features. Furthermore, CBAM is applicable to a wide range of jobs and may be simply integrated into any CNN architecture, allowing the network to learn to focus on key information and enhance network performance. If it is introduced into the image compression model, it will effectively emphasize or compress the intermediate features, improve the overall performance of the model, and save computing power.




3.2.3. Improved PANet


The improved PAN module is used in the neck, as shown in the Figure 8. PAN (path aggregation network) [48] uses a path that starts at the bottom and works its way up the enhancement method to enhance the full hierarchy of features with precise localization information at lower levels, reducing the distance between low-level and high-level features. This module outputs the features of different layers and aggregates the outputs in the bottom-up detection process. Through the bottom-up path, the underlying feature information is more easily propagated upward, and the feature fusion capability of the network is enhanced.



In traffic incident detection, there is a small difference in the characteristics of different vehicles and pedestrians. In order to obtain better detection accuracy, compared with the original PAN structure, we improved to add a detection scale, which requires detection of feature details. Feature extraction is performed from 1/2, 1/4, 1/8, and 1/16 scales, respectively, so that the network can obtain different receptive fields and can capture information to obtain higher-level abstract features. The PAN structure is used for concatenation, and the feature fusion of path aggregation is performed on the multi-scale features.






4. Experiment and Result Analysis


4.1. Experimental Environment


At present, there are many open-source deep learning frameworks for deep learning technology research, and TensorFlow, Caffe, PyTorch, and other learning frameworks for object detection network research. By comparison, it is found that when training large-scale CNNs, the PyTorch learning framework is not only easy to operate in parallel, but can also be combined with different hardware to accelerate training. At the same time, it provides many different application program interfaces which are convenient for users to directly call, which not only improves the work efficiency of coding but also retains the flexibility of the code. In addition, the entire process and results of model training can be visually monitored through the web application TensorBoard. Therefore, this paper adopts the learning framework to build the network structure of the model and chooses the Python language to implement program coding. In addition, in terms of the hardware environment. The model is mostly trained and tested on a 1060 GPU server. The detailed experimental platform configuration is shown in Table 1.




4.2. Evaluation Indicators


Some essential statistical indicators of the matrix are commonly utilized in the object identification model based on deep learning, such as the intersection ratio (IoU), precision (P), recall (R), F-1 score, precision (AP), and mean accuracy (mAP).


  I o U =   A ∩ B   A ∪ B    



(7)






  P r e c i s i o n =   T P   T P + F P   ;  R e c a l l =   T P   T P + F N    



(8)







The higher the precision value, the stronger the model’s ability to identify negative data sets, and the higher the recall value, the stronger the model’s ability to detect positive data sets. To obtain the precise degree of test accuracy, define the F   1   score as:


   F 1  =   2 P R   P + R    



(9)







The F   1   score is a comprehensive evaluation indicator that incorporates the average of accuracy and recall to ensure consistency in the model’s accuracy and memory. The model is more robust if the F   1   score is higher. AP is defined as the area under the pr curve, which can be written as:


  A P =  ∫  0  1  P R d R  



(10)







The bigger the area under the PR curve, the more accurate the object class prediction is, and mAP is the average of all APs, which may be written as:


  m A P =  1 N   ∑  i = 1  N  A  P i   



(11)








4.3. Structure and Analysis


So as to appraise the capability of the neural network, randomly split the dataset into an 8:2 ratio; the former part is used as training data, and the latter part is used as test data. The test data are separate to the training data and do not participate in the training procedure, so the results of training can be detected objectively. In our experiments, the number of training iterations is set to 200, the initial learning rate is set to 0.01, and four images are fed to the network at a time using the Adam (adaptive moment estimation) optimizer with an input image size of 512 × 512. Compare our improved model with the original model. The performance of our method and baseline model (YOLOv5s) on our produced traffic incident dataset is shown in the table below. The results show that our model has been shown to perform better than the original model, and the final model improves the mAP value by about 3.3% over YOLOv5s on this dataset. Compared with YOLOv3, the mAP value is increased by about 8.2%. The Figure 9 shows the test set scores displayed according to mAP values.



As can be seen from Table 2, our model has the highest F1 score as well as mAP score, which means that our model has the highest detection accuracy among the models participating in the comparison; in addition, although the number of parameters of the improved model has increased, it still retains a fast detection speed, which is the fastest among the models participating in the comparison. We selected images from actual complex scenes in daylight conditions and a night environment to test our improved model, YOLOv5s model, and YOLOv3 model, respectively. The testing results are shown in Figure 10 and Figure 11. It can be found in Figure 10 that all three models perform well under daylight conditions, and our improved model completes detection without any missed or false detections, while YOLOv5s has one false detection and YOLOv3 has three false detections. In Figure 11, it can be found that our improved model detects all traffic accidents and pedestrians; YOLOv5s model is less effective in detecting small targets, and more pedestrians in the corners are not detected; YOLOv3 has some false detection cases, and incorrectly identifies signs as people.



In Figure 12, we tried to detect fires on the roadside with our model, and it can be seen from the figure that our model can detect and precisely locate all of them; YOLOv5s does not detect the person on the right side of the picture, and YOLOv3 detects the frame positioning too broadly.



The real-time detection of traffic incidents based on the mobile edge requires not only a high accuracy of the model but also a model that is lightweight enough to be deployed on the edge. The model we propose adds some modules and computational costs to YOLOv5, but based on this, we propose an improved YOLOv5s model. The detection results reveal that the detection model can detect multi-scale traffic incidents with good classification accuracy. Overall, it has higher object detection accuracy than previous models and can successfully avoid the problems of false detection and missed detection. The model can be used for traffic incident detection in complex real-life environments.





5. Discussion


Our experiments show that our improved model has good classification and localization accuracy. In the lightweight network model, the model has better performance in detecting small targets and targets in complex scenes, compared to YOLOv5s and YOLOv3 models. We believe that by replacing the SPP layer in YOLOv5 with the ASPP layer, the method can obtain richer feature information in the original image and enhance the network’s ability to acquire multi-scale context. Furthermore, the module of the fusion space and inter-layer attention mechanism is introduced at the neck end of the neural network. Its addition enables the neural network to focus more on key information and makes feature extraction more focused on finding effective features among image features that are significantly correlated with the current output, thus improving the accuracy of model detection. Finally, we added a small-scale detection layer to the neck of the network for higher-level abstract features. The addition of this detection head effectively improves the detection of small targets. Although our improvements to the model add more than 20,000 parameters to our model, its computation is reduced due to the nature of pyramidal pooling in the null space; the addition of the fused attention mechanism module instead of the original CSP module also partially reduces the computation and allows our improved model to have shorter detection times. We believe that this research can be widely applied to smart vehicles in the future, which can complement the existing roadside devices to perceive insufficient road traffic conditions. It should be noted that the future deployment of this research needs to take into account the occupancy of the network by real-time uploads from the same location, and further work is needed in terms of information data protection.




6. Conclusions


In summary, this study develops a real-time traffic event detector based on the improved YOLOv5 algorithm, and we propose to deploy the improved lightweight model on the vehicle side to compensate for the detection blindness of roadside detection devices due to pavement density. This research not only brings convenience to city managers, but also brings safety and travel convenience to citizens. Experiments show that our method is able to detect crowd gathering, vehicle gathering, traffic accidents, fires and other events in real time. Our improved YOLOv5s model has the highest F-1 and mAP scores compared with other classic models, reaching 84% and 84.2%, and the parameter amount is also in a lower range. Therefore, our proposed detection model has better traffic incident detection ability and higher adaptability in various environments.
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Figure 1. The figure shows examples of data sets of cars, pedestrians, traffic accidents and fires. 
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Figure 2. Example of a rainy weather image added by sample enhancement. 
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Figure 3. After directional data enhancement, the number of labels of different categories. 
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Figure 4. The structure diagram of the improved YOLOv5s model with ASPP (Atrous Convolutional pyramidal pooling) added to the backbone network, CBAM (fused attention mechanism) introduced at the neck end, and a detection scale added at the prediction end. 






Figure 4. The structure diagram of the improved YOLOv5s model with ASPP (Atrous Convolutional pyramidal pooling) added to the backbone network, CBAM (fused attention mechanism) introduced at the neck end, and a detection scale added at the prediction end.



[image: Futureinternet 14 00227 g004]







[image: Futureinternet 14 00227 g005 550] 





Figure 5. Atrous convolution structure. 






Figure 5. Atrous convolution structure.



[image: Futureinternet 14 00227 g005]







[image: Futureinternet 14 00227 g006 550] 





Figure 6. Atrous spatial pyramid structure. 






Figure 6. Atrous spatial pyramid structure.



[image: Futureinternet 14 00227 g006]







[image: Futureinternet 14 00227 g007 550] 





Figure 7. Fusion attention mechanism structure. 
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Figure 8. Improved PANet network structure. 
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Figure 9. Relationship between mAP curve and period of different models. 
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Figure 10. The effect of complex environment detection under daylight. Where (a) shows the original figure; (b) shows our proposed improved YOLOv5s network detection effect; (c) shows YOLOv5s detection effect; (d) shows YOLOv3 detection effect. 
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Figure 11. The detection effect of complex environment at night. Where (a) shows the original figure; (b) shows our proposed improved YOLOv5s network detection effect; (c) shows YOLOv5s detection effect; (d) shows YOLOv3 detection effect. 
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Figure 12. Example of fire detection effect. Among them, (a) shows the original figure; (b) shows the effect of our proposed improved YOLOv5s network detection; (c) shows the detection effect of YOLOv5s; (d) shows the detection effect of YOLOv3. 
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Table 1. Local computing resources and CNN environments.
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	Testing Environment
	Configuration Parameter





	OS
	Ubuntu18.04



	CPU
	i7-7700



	GPU
	GTX1060



	RAM
	8 GB DDR4



	GPU acceleration env
	CUDA 11.6



	Comp. Vision lib
	OpenCV 4.5.1



	Framework
	PyTorch 1.9.0
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Table 2. Comparison of mAP, F1 score, detection speed and parameter quantity of different models.
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	Detection Model
	F1-Score
	mAP
	Detection Time (ms)
	Parameters





	YOLOv3
	0.75
	0.760
	32.6
	61,545,274



	YOLOV5s
	0.76
	0.809
	24.2
	7,042,336



	Ours
	0.84
	0.842
	19.6
	7,064,698
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