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Abstract: Cigarettes, as critical indicators of smoking behavior, often appear as small targets in video surveillance. Due to camera 

resolution limits and shooting distance, cigarettes may only appear as bars, increasing false detection possibilities. Additionally, complex 

environments or lighting can cause partial or complete occlusion of cigarette targets, complicating detection. To accurately and quickly 

identify smoking behavior in such conditions, an improved YOLOV8-based method is proposed to enhance real-time recognition 

performance. The improved YOLOV8 backbone network uses deformable convolution layers to replace some conventional layers, 

extracting the smoking behavior feature map. Deformable pooling layers are added to process and extract critical features. In the enhanced 

neck network, a residual attention module combines channel and spatial attention mechanisms to refine the critical feature map. The 

detection head network employs scale, spatial, and task awareness attention modules to fuse important features from different scales, 

locations, and tasks, respectively. This fusion determines the smoking behavior recognition frame and score, optimizing the recognition 

process. An improved loss function further refines the recognition box, boosting accuracy. Experiments demonstrate that this method 

effectively extracts critical features of smoking behavior, achieving better feature extraction and accurate identification across varying 

lighting conditions, resulting in high accuracy. 

Keywords: Improving YOLOV8, Smoking behavior recognition, Deformable colluvium, Attention mechanism, Residual attention, 

Nonmaximum suppression 

1. Introduction 

Smoking not only poses a serious threat to personal health, 

such as increasing the risk of lung cancer and cardiovascular 

disease but also adversely affects the surrounding 

environment and the health of others [1], such as the harm 

of secondhand smoke. Therefore, accurate and efficient 

identification of smoking behavior is crucial for promoting 

public health, disease prevention, and maintaining social 

order [2]. Traditional smoking behavior identification 

methods mainly rely on manual observation and judgment, 

which has many limitations. First, manual observation is 

inefficient and cannot cover all possible smoking scenarios. 

Secondly, subjective factors easily influence manual 

judgment, resulting in low recognition accuracy. In 

addition, smoking behavior in public places [3] is often 

difficult to monitor manually in real-time and effectively. 

Therefore, finding a method to automatically and accurately 

identify smoking behavior has become a hot and 

challenging point in current research. The study of smoking 

behavior recognition technology has crucial academic value 

and a wide range of application prospects. First, in public 

places such as shopping malls, stations, airports, etc., 

smoking detection systems can be set up to monitor and 

warn against smoking behavior in real time [4] to maintain 

public order and public health. Secondly, in education, 

smoking behavior recognition technology can be used in 

schools, training institutions, and other places to monitor 

whether students have smoking behavior and to provide 

timely intervention and correction of illegal behavior. In 

addition, in the medical field, smoking behavior recognition 

technology can also be used to assist doctors in diagnosis 

and treatment to help patients better control smoking 

behavior [5]. 

A series of technical challenges must be solved to achieve 

accurate and efficient smoking behavior recognition. First, 

smoking behavior is diverse and complex, and different 

smokers, different smoking environments, and different 

smoking attitudes will affect the recognition results. 

Therefore, how to design a deep learning model that can 

adapt to various situations is the key to smoking behavior 

recognition technology. Secondly, smoking behavior 

recognition must process many images and video data, 

which requires high computing resources. Optimizing the 

algorithm and model structure to improve calculation 

efficiency is also a problem that needs to be solved by 

smoking behavior recognition technology. Given the above 

challenges, scholars at home and abroad have conducted 

much research on smoking behavior recognition in recent 

years. For example, Tran, D. N, and others first introduced 

the advantages of IoT technology in data acquisition, 

including real-time capture of human motion data and 

environmental parameters through various sensors. Then, 

the human behavior recognition algorithms are elaborated in 

detail, including key technologies such as feature extraction 
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and classifier design. These algorithms can extract 

meaningful features from complex original data and conduct 

accurate behavior classification through machine learning 

models [6]. Human behavior recognition algorithms need to 

balance accuracy and speed. Increasing the computational 

complexity and feature dimensions may be necessary to 

improve the algorithm's accuracy. It is necessary to reduce 

the computational complexity and feature dimensions to 

improve the algorithm's speed. This trade-off makes the 

human behavior recognition algorithm perform poorly in 

complex scenes. Mahalakshmi, V, and others first collected 

video data containing a variety of human behaviors. Then, 

the deep learning model was used to extract the feature 

representation of human behavior from the video, including 

spatial features (such as human posture, shape, etc.) and 

temporal features (such as motion trajectory, speed, etc.). 

Finally, a specific few-shot learning algorithm is used to 

learn and train the extracted features to recognize new 

category behavior [7]. In an environment with poor lighting 

conditions (such as too bright, too dark, shadow, etc.), the 

quality of video images will significantly decline, affecting 

the feature representation of human behavior extracted by 

the depth learning model, resulting in the model being 

unable to accurately capture the spatial features such as 

human posture and shape, as well as the temporal features 

such as motion trajectory and speed, reducing the 

recognition accuracy. Chen, X and Dinavahi, V map human 

skeleton points to nodes in the graph structure through the 

spatiotemporal graph convolution network and define the 

connection relationship between nodes to build the 

spatiotemporal graph. The spatial features of human 

skeleton points are extracted through graph convolution 

operation, and the changes of these features over time are 

captured through temporal convolution structure to realize 

accurate recognition of human behavior patterns [8]. Under 

complex lighting conditions, the recognition of bone points 

will be affected, especially when the light is too strong or 

weak; the extraction of bone points will become inaccurate, 

resulting in subsequent image convolution operations based 

on wrong data, thus affecting the accuracy of behavior 

recognition. Farooq, M. U and others first used motion 

shape descriptors to capture the dynamic changes of the 

human body between consecutive frames. This motion-

shape information contains the spatiotemporal information 

of behavior and can effectively represent the subtle 

differences in human posture and motion. The convolutional 

neural network (CNN) model is trained to extract deep-level 

behavior characteristics by taking this motion shape 

information as input. Secondly, we introduce the Long Short 

Memory Network (LSTM) model to process the features 

extracted by CNN and further learn the temporal dynamics 

of behavior. Finally, CNN and LSTM models are integrated 

to build an end-to-end behavior recognition framework, 

automatically learn the motion shape information extracted 

from the original video, and generate accurate behavior 

classification [9]. Baek, K, and others first obtained real-

time human behavior and environmental status data through 

multimodal sensors (such as cameras, infrared sensors, 

accelerometers, etc.). Then, the deep learning model is used 

to extract and fuse the features of these data to capture the 

temporal and spatial characteristics of human behavior and 

the dynamic changes in the environmental state. Finally, a 

behavior recognition algorithm based on environmental 

response requirements is designed to automatically adjust 

the parameters and thresholds of behavior recognition 

according to the current environmental status and user 

characteristics to achieve effective recognition and response 

to different behaviors [10]. In a complex environment, if 

there are other moving objects or background noise, these 

interference factors will be confused with the human motion 

shape descriptor, resulting in the CNN model being unable 

to distinguish human behavior accurately. In this case, the 

robustness of the model will be challenged. The deep 

learning model needs a lot of labeled data for training to 

ensure its generalization ability under various environments 

and lighting conditions. However, in real-world 

applications, collecting data sets covering all possible 

scenes and lighting conditions is difficult, resulting in a 

decline in the model's performance in certain specific 

environments. 

The improved YOLOV8 inherits the advantages of YOLO 

series algorithms [11] and has a fast detection speed. This 

real-time feature is essential for smoking behavior 

recognition because smoking behavior may occur at any 

time, and the algorithm needs to respond quickly [12]. 

Unlike simple object detection, smoking behavior 

recognition must consider spatial and temporal 

characteristics. This means that in addition to detecting the 

presence of cigarettes, it is also necessary to analyze the 

movement patterns of smokers to determine whether they 

are smoking accurately. The complexity of this behavior is 

beyond the processing scope of a simple object detection 

algorithm. Therefore, the research is based on the improved 

YOLOV8 smoking behavior recognition method. By 

improving YOLOV8 to deal with objects of different sizes 

and distances, the algorithm has good adaptability to various 

sizes and positions of cigarettes in smoking behavior. Even 

in complex environments or lighting conditions, the 

algorithm can accurately identify smoking behavior, 

significantly improving public health and maintaining social 

order. 

2. The general framework of the smoking behavior 

identification method 

The YOLOV8 model mainly includes three parts, namely 

the backbone network, neck network, and detection head 

network. In the feature extraction of the ordinary 

convolution layer in the backbone network, due to the 

significant changes in the smoker's posture, movement, and 
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the size and shape of smoking tools (such as cigarettes), the 

conventional convolution layer uses convolution cores of 

fixed size and shape [13], which will reduce the recognition 

performance. The deformable convolution layer adds a 

learnable offset to each sampling point of the convolution 

kernel so that the shape of the convolution kernel can be 

adaptively adjusted according to the target object's shape, 

thus improving the model's ability to simulate the object's 

deformation. Therefore, the deformable convolution layer is 

used to replace some conventional convolution layers in the 

C2f module of the backbone network. The deformable 

pooling layer is introduced to improve the backbone 

network so that the YOLOV8 model can better adapt to 

target objects with different scales and shapes, better 

distinguish smoking behavior from similar behaviors, and 

enhance the robustness of the YOLOV8 model. 

In the recognition of smoking behavior, it is often necessary 

to focus on specific parts of smokers (such as mouth, hand, 

etc.). In the neck network, introducing a residual attention 

module, combined with channel attention and spatial 

attention mechanism, can help the YOLOV8 model pay 

more attention to this crucial information in the feature 

extraction process and improve recognition accuracy. At the 

same time, smoking behavior may vary significantly in 

different scenes, such as lighting conditions, angle changes, 

occlusion, etc. After introducing the residual attention 

module to improve the neck network, the YOLOV8 model 

can also better adapt to these changes and improve the 

recognition performance in different scenarios. 

In the detection head network, the scale-aware attention 

module, spatial-aware attention module, and task-aware 

module are introduced to process the smoking behavior 

feature map, and the improved non-maximum inhibition 

algorithm is used to determine the smoking behavior 

recognition frame and the recognition frame score. 

Improving the detection head network can improve the 

recognition accuracy and accelerate the recognition speed. 

Elements involved in smoking behavior (such as cigarettes, 

mouth, etc.) may have significant changes in scale in 

different scenes. The introduction of an aware attention 

module can adaptively adjust the weight according to the 

scale of the input features so that the model has excellent 

response-ability to the features of different scales and 

ensures that smoking behavior can be accurately identified 

at various scales. The spatial position of the image's critical 

elements of smoking behavior is not fixed. Introducing the 

spatial awareness and attention module can teach and 

emphasize the spatial position information of the essential 

elements of the input features, which makes the model pay 

more attention to these critical positions and improves the 

accuracy of smoking behavior recognition. The recognition 

of smoking behavior usually involves multiple tasks, such 

as classification (whether it is a smoking behavior), 

positioning (the position of cigarettes or mouth), etc. 

Introducing a task awareness module can help the model 

allocate attention between different tasks, ensure that each 

task can be handled appropriately, and thus improve the 

overall performance. 

The overall framework of smoking behavior recognition 

using improved YOLOV8 is shown in Figure 1. 
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Fig. 1.  Overall framework of smoking behavior 

identification 

The specific steps for using improved YOLOV8 to identify 

smoking behavior are as follows: 

Step 1: Input smoking behavior images within the backbone 

network. 

Step 2: Process the input smoking behavior image through 

the convolutional layer to produce a feature map. 

Step 3: Create a deformable convolutional layer, adjust the 

size and shape of the convolutional kernel according to the 

need, and adaptively extract the feature maps related to 

smoking behavior. 

Step 4: Use a deformable pooling layer further to optimize 

the spatial distribution of the feature map. 

Step 5: The feature maps processed as described above are 

passed to the neck network, which is responsible for further 

processing and integrating the feature maps. 
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Step 6: In the neck network, the residual attention module 

combines the channel and spatial attention mechanisms to 

process the smoking behavior feature maps delivered by the 

backbone network. This helps the neck network focus on the 

critical areas in the feature maps, such as the parts where the 

smoking action occurs, to extract high-quality smoking 

behavior feature maps. 

Step 7: The spatial pyramid pooling module captures the 

global context information of high-quality smoking 

behavior feature maps at different scales and converts them 

into fixed-size outputs. 

Step 8: Use the up-sampling module to increase the feature 

map's fixed size and enhance its resolution. 

Step 9: Fuse the enhanced feature maps using the vector 

stitching module. 

Step 10: Use the downsampling module to reduce the size 

of the fusion feature map, remove redundant information, 

improve computational efficiency, and help the neck 

network focus on the higher level of smoking behavior 

characteristics. 

Step 11: The detection head network uses the scale-aware 

attention module, the spatial-aware attention module, and 

the task-aware module, respectively, to process the reduced 

fusion feature map, determine the recognition frame of the 

smoking behavior as well as the score of the recognition 

frame, and complete the recognition of the smoking 

behavior. 

Step 12: Optimize the smoking behavior recognition frame 

by improving the loss function to improve the accuracy of 

smoking behavior recognition. 

3. Smoking Behavior Recognition Methods 

3.1. Improve smoking behavior feature extraction of 

backbone network in YOLOV8 

In the overall framework shown in Figure 1, the improved 

YOLOV8's improved backbone network uses the 

deformable convolutional layer to extract the feature map 

related to smoking behavior adaptively. 

Make  𝑋 as a map of smoking behavioral features extracted 

from the convolutional layer, 𝐺0 Is a position within, the 

standard convolution operation is: 

𝑋′(𝐺0) = ∑ 𝑤(𝐺𝑛) ⋅ 𝑋(𝐺0 + 𝐺𝑛)𝐺𝑛  (1) 

Among them, 𝑤  is the convolution kernel; 𝐺𝑛  is the 

convolution kernel position. 

Obtain the deformable convolution operation based on 

formula (1) as: 

𝑋′(𝐺0) = ∑ 𝑤(𝐺𝑛) ⋅ 𝑋(𝐺0 + 𝐺𝑛 + 𝛥𝐺𝑛)𝑃𝑛
 (2) 

Among them, 𝛥𝐺𝑛  is the offset; 𝑋′  is a map of features 

related to smoking behavior extracted by the deformable 

convolutional layer. 

The formula for 𝛥𝐺𝑛 is as follows: 

𝛥𝐺𝑛 = ∑ 𝜓(𝑞𝑥 , 𝑝𝑥) ⋅ 𝜓
2(𝑞𝑦 , 𝑝𝑦)𝑞  (3) 

Among them, 𝑝𝑥  and 𝑝𝑦  is a random position on the 

horizontal and vertical coordinates; 𝑞𝑥 and 𝑞𝑦 is the integral 

space position; the comparison function is that  𝜓(⋅). 

The feature map related to smoking behavior is extracted 

based on formula (2), which can improve the feature 

extraction effect [14]. 

𝑋′ is processed with the deformable pooling layer to extract 

key feature maps of smoking behavior. 𝑋′ is divided into 

𝑘 × 𝑘  histograms, and 𝑘 × 𝑘  key features of smoking 

behavior were simultaneously output. Order 𝑏(𝑖, 𝑗) as the 

(𝑖, 𝑗)-th histogram, 0 ≤ 𝑖, 𝑗 ≤ 𝑘, then the corresponding key 

feature maps for smoking behavior are extracted as: 

𝑋″(𝑖, 𝑗) = ∑
𝑋′(𝑎0+𝑎)

𝑛𝑖𝑗
𝑎∈𝑏(𝑖,𝑗)   

 (4) 

Among them, 𝑎0 are the coordinates of the upper left corner 

of the region of interest (the region associated with smoking 

behavior); 𝑎 is the pixel point in 𝑏(𝑖, 𝑗);  𝑛𝑖𝑗 is the number 

of pixel points of the pixel 𝑏(𝑖, 𝑗). 

Similar to the process of the deformable convolution 

operation, an offset Δ𝑎𝑖𝑗  is introduced into formula (4), a 

new pixel location is formed, and at this time, the critical 

feature map of smoking behavior is extracted as follows: 

𝑋″(𝑖, 𝑗) = ∑
𝑋′(𝑎0+𝑎+Δ𝑎𝑖𝑗)

𝑛𝑖𝑗
𝑎∈𝑏(𝑖,𝑗)   (5) 

After the deformable pooling layer processing, the feature 

extraction effect can be further improved [15], improving 

the recognition accuracy of smoking behavior. 

3.2. Improve the treatment of smoking behavior 

characteristics of the YOLOV8 internal neck 

network 

In the overall framework shown in Figure 1, YOLOV8 is 

improved. By improving the key feature map of smoking 

behavior output from the neck network processing backbone 

network, a higher level of smoking behavior feature map is 

obtained [16], and the accuracy of smoking behavior 

recognition is improved. 

The residual attention module is introduced into the neck 

network to improve the neck network and improve the 

accuracy of smoking behavior recognition. In the residual 

attention module, there are two attention mechanisms, 

namely spatial and channel attention mechanisms, which 

enable the neck network in the improved YOLOV8 to focus 

on essential regions in the map 𝑋″  of the critical 

characteristics of smoking behavior to improve the accuracy 
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of smoking behavior recognition. The neck network in the 

improved YOLOV8 will focus on the characteristic channel 

most related to smoking behavior [17], further improving 

the accuracy of smoking behavior recognition. By 

combining these two attention mechanisms, we can more 

accurately extract and use the feature information related to 

smoking behavior [18] and improve the accuracy and 

efficiency of smoking behavior recognition. 

The spatial attention mechanism belongs to the process of 

encoding two one-dimensional maps of critical features of 

smoking behavior, sequentially following two spatial 

directions, aggregating 𝑋″, which not only can extract the 

spatial relationship between cigarettes and smokers' hands 

and mouths [19] but also can retain precise information 

about the location of critical elements such as cigarettes, 

smokers' hands and mouths, to more accurately identify 

smoking behavior [20]. In the horizontal and vertical 

directions, through the size of (𝐻, 1)  and (1,𝑊)  of the 

pooling kernel, coded to handle each channel, order 𝑄𝑐
ℎ(ℎ) 

and 𝑄𝑐
𝜛(𝜛) as the encoding output of the 𝑐 -th channel in 

position ℎ and 𝜛 and is calculated as follows: 

𝑄𝑐
ℎ(ℎ) =

∑ 𝑋𝑐
″(ℎ,𝑖̂)𝑊

𝑖̂=1

𝑊
   (6) 

𝑄𝑐
𝜛(𝜛) =

∑ 𝑋𝑐
″(𝑗̂,𝜛)𝐻

𝑗̂=1

𝐻
   (7) 

Among them, 𝑖̂ and 𝜑 respectively are the channel index at 

the position of ℎ and 𝜛. 

After completing the decomposition, an intermediate feature 

tensor 𝜑 that encodes spatial information can be obtained, 

with the following formula: 

𝑓 = 𝜑[𝑍(𝑄ℎ , 𝑄𝜛)]   (8) 

Among them, 𝑍 is a two-dimensional convolution; 𝜑 is a 

nonlinear activation function; [⋅,⋅] is a splicing operation. 

Splitting 𝜑  by convolutional transformation, can obtain 

attention weights 𝜔ℎ and 𝜔𝜛,. The map of essential features 

of smoking behavior output by the spatial attention 

mechanism is as follows: 

𝑋̂1 = 𝑋𝑐
″(𝑖,̂ 𝑗̂) × 𝜔𝑐

ℎ(𝑖̂) × 𝜔𝑐
𝜛(𝑗̂)  (9) 

In the channel attention mechanism, the global pooling layer 

is utilized for compression processing 𝑋″  to get 𝑌𝑐×1×1×1, 

then the spatial characteristic map of smoking behavior for 

each channel of compression is as: 

𝑌𝑙 =
∑ ∑ 𝑋𝑙

″(𝑖̂,𝑗̂)𝑊
𝑖̂=1

𝐻
𝑗̂=1

𝐻×𝑊
   (10) 

Where, 𝑋𝑙
″(𝑖̂, 𝑗̂) is the 𝑙 -th element within 𝑋″. 

Using two full connection layers and the ReLU activation 

function 𝜙, processing 𝑌𝑐×1×1×1, we get: 

𝑌∗ = 𝜑 (𝜔1 (𝜙(𝜔2(𝑌))))   (11) 

Among them, 𝜔1  and 𝜔2  are the weights of the 2 fully 

connected layers. 

Treat in a multiplicative manner for 𝑌∗ and 𝑋″, the essential 

features of smoking behavior that can be accessed by the 

channel attention mechanism are mapped as follows: 

𝑋̂2 = 𝑌
∗𝑋″   (12) 

The map of essential features of smoking behavior extracted 

by the residual attention module is as follows: 

𝑋̂ = 𝑋″ + 𝑋̂1⊗ (𝑋″ + 𝑋̂2)  

 (13) 

3.3. Improve smoking behavior recognition of detection 

head network in YOLOV8 

In the overall framework shown in Figure 1, YOLOV8 is 

improved by introducing a scale-aware attention module, a 

spatial-aware attention module, a task-aware module, and an 

improved non-maximum inhibition algorithm to enhance 

the detection head network, accurately determine the 

smoking behavior recognition box and its score, complete 

the smoking behavior recognition, and improve the 

accuracy of smoking behavior recognition. 

The map 𝑋̂  of essential features of smoking behavior at 

different scales through the scale-aware attention module, 

fusing different scales with the semantic importance of the 

𝑋̂, which helps to improve the detection head network in 

YOLOV8 to better adapt to varying scales of input smoking 

behavior important feature maps, capture critical details, 

and improve the accuracy of smoking behavior recognition. 

This module integrates different scales 𝑋̂ with the formula 

as follows: 

𝑋̃𝐿(𝑋̂) = 𝛿(𝜌(
𝑋̂

𝑆
)) ⋅ 𝑋̂   (14) 

Among them, 𝜌  is a linear function; 𝜌(𝑥) =

𝑚𝑎𝑥 (0,𝑚𝑖𝑛 (1,
𝑥+1

2
)) ; 𝑥  represents 𝜌 (

∑ 𝑋̂𝑆

𝑆
) ; 𝑆  is the 

scaling factor, which is used to adjust the map 𝑋̂  of 

important characteristics of smoking behavior importance at 

different scales. The larger the scale 𝑆, the more significant 

the scale's weight. 

Aggregating maps 𝑋̂  of essential features of smoking 

behavior at the exact spatial location using spatial 

perceptual attention module, focused attention spatial layout 

,and contextual relationships of 𝑋̂ , capturing the 

interdependence between regions in 𝑋̂ which helps improve 

the detection head network in YOLOV8  to understand and 

locate regions of interest more accurately The formula for 

the module consolidating the same space position 𝑋̂ is as 

follows: 

𝑋̃𝐶(𝑋̂) =
∑ ∑ 𝜔𝑚,𝑢⋅𝑋̂(𝑚;𝑝𝑢+𝛥𝑝𝑢;𝑐)⋅𝛥𝛽𝑢

𝑈
𝑢=1

𝑀
𝑚=1

𝑀
  (15) 

Among them, 𝑝𝑢 + Δ𝑝𝑢 is the location of the movement in 
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the region of interest where the self-learning spatial offsets 

are centered 𝑀 is the number of layers in the spatially aware 

attention module; 𝑈  is the number of sparse sampling 

locations; 𝜔𝑚,𝑢 is the weight of the 𝑢 -th sampling bit 𝑚 set 

of the first layer. 𝑐  is the channel index. Δ𝛽𝑢  is the self-

learning fundamental scalar in position 𝑝𝑢. 

The task-aware attention module is responsible for 

dynamically adjusting the attention distribution according to 

the current task goal, making the model more focused on the 

critical feature map of smoking behavior related to the task, 

thus improving the generalization ability of the detector 

network in YOLOV8. The formula for this module handles 

𝑋̂ is as follows: 

𝑋̃𝜆(𝑋̂) = 𝑚𝑎𝑥 (𝛾
1(𝑋̂) ⋅ 𝑋̂ + 𝜀1(𝑋̂), 𝛾2(𝑋̂) ⋅ 𝑋̂ + 𝜀2(𝑋̂))  

(16) 

Among them, 𝛾1 , 𝛾2 , 𝜀1  and 𝜀2  are hyperfunction that 

controls the activation threshold. 

𝑋̃𝐿(𝑋̂) , 𝑋̃𝐶(𝑋̂)  and 𝑋̃𝜆(𝑋̂)  are processed through 2 fully 

connected layers with a normalization layer, generate a 

smoking behavior recognition box, output the score of the 

smoking behavior recognition box through the Sigmoid 

function, and complete the smoking behavior recognition. 

The score of each smoking behavior identification box 

reflects the confidence in smoking behavior. The higher the 

score, the more likely the box contains smoking behavior. 

3.4. Improve the optimization of YOLOV8 smoking 

behavior recognition 

By improving the loss function, optimizing and enhancing 

the smoking behavior recognition box output by YOLOV8, 

and improving the accuracy of smoking behavior 

recognition. Order 𝑍 = [𝑥, 𝑦, 𝑤, ℎ] as the smoking behavior 

identification box output from the previous subsection; 𝑥 is 

the horizontal coordinate of the center of the smoking 

behavior identification box. 𝑦 is the vertical coordinate of 

the center of the smoking behavior identification frame. 𝑤 

is the width of the smoking behavior recognition box. ℎ is 

the height of the smoking behavior identification box. 

YOLOV8 takes CIoU Loss as the loss function, and CIoU 

Loss mainly focuses on the IoU (cross merge ratio) between 

the recognition frame and the actual frame. Still, the IoU 

cannot fully capture the relative position and size 

differences between the targets, leading to the model's 

inability to identify smoking behavior accurately. WIoU 

Loss considers targets' position and size information by 

introducing weight coefficients to more accurately measure 

the performance of smoking behavior recognition and 

enable the model to more comprehensively assess the 

relative position and size differences between targets during 

training. Therefore, WIoU Loss is taken as the loss function, 

and the calculation formula is as follows: 

𝐿𝑊𝐼𝑜𝑈 =
𝜉𝑒

(𝑥−𝑥′)
2
+(𝑦−𝑦′)

2

𝑤′2+ℎ′2 𝐿𝐼𝑜𝑈

𝜏𝑟𝜉−𝑟
  

 (17) 

Among them, 𝑍′ = [𝑥′, 𝑦′, 𝑤′, ℎ′] is the real box. 𝜉  is the 

extent of the anomaly for 𝑍. 𝑟 is the equilibrium parameter. 

𝜏 is the learning parameter; 𝐿𝐼𝑜𝑈 is the normal mass anchor 

frame loss function. 

To further improve the optimization effect of the smoking 

behavior recognition frame, the normalized Wasserstein 

distance position regression loss function is introduced into 

the loss function, and the formula is as follows: 

𝐿𝐷 = 𝑒𝑥𝑝

(

 
 
−

√‖(𝑥,𝑦,
𝑤

2
,
ℎ

2
),(𝑥′,𝑦′,

𝑤′

2
,
ℎ′

2
)‖
2

2

2

)

 
 

  (18) 

The final loss function optimized for the smoking behavior 

recognition box is: 

𝐿 = 𝜅 ⋅ 𝐿𝑊𝐼𝑜𝑈 + (1 − 𝜅) ⋅ 𝐿𝐷  

 (19) 

Among them, 𝜅 is the balancing factor. 

4. Experimental analysis 

4.1. Experimental setup 

The experimental shooting environment is an indoor room 

with an area of about 120m2. Digital cameras are installed 

in each room corner to collect images of real-time smoking 

behavior. The distance between each digital camera and the 

ground is 3m. Different backgrounds and lighting 

conditions are set artificially during the shooting to analyze 

different environments and lighting conditions. The 

recognition effect of smoking behavior of this method. 

Table 1 shows the relevant introduction of the collected 

smoking behavior image data set. 

In addition to data set preparation, the parameters of the 

proposed improved YOLOV8 are set as shown in Table 2, 

and the training process is shown in Figure 2. 

 

Table 1 Parameters of smoking behavior image dataset 
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Table 2 Improved YOLOV8 algorithm parameters 

 

An image is randomly selected from the smoking behavior 

image dataset, and the key features of this image's smoking 

behavior are extracted using the method of this paper. The 

results of the feature extraction are shown in Fig. 3. 

 

(a) The original image 

 

(b) Feature extraction results 

Fig 3 Key characteristics of smoking behavior 

Analysis of Figure 3 (a) and Figure 3 (b) shows that the 

method in this paper successfully extracts critical features 

related to smoking behavior in the original image. The 

feature extraction process preserves the visual information 

closely related to smoking actions, such as gestures. 

Moreover, the features extracted by the method in this paper 

have a clear visual representation, providing a more abstract 

but recognizable contour and shape. The features obtained 

by this method can provide reliable data support for 

subsequent smoking behavior recognition. The reason is 

that these features not only contain direct evidence of 

smoking behavior but also consider indirect clues such as 

hand posture and cigarette position, which is conducive to 

improving the accuracy and robustness of recognition. 

 

Fig. 2.  Improve the YOLOV8 training process 

Environmental 

condition 
Light condition 

Number of 

pictures/piece 
Resolution 

Indoor daytime Natural light 300 1920×1080 

Indoor night Indoor lighting 200 1280×720 

Indoor overcast Less natural light 150 1600×900 

Indoor dusk Oblique sunlight 100 1024×768 

Interior closed doors 

and Windows 

Low room light 50 800×600 

The name of the parameter 
Value

s 

Learning rates 0.001 

Batch size 32 

Number of training rounds/rounds 100 

Input image size/pixel 
416×

416 

Momentum 0.9 

Weight decay 
0.000

5 

Deformable convolution kernel size/pixel 3×3 

Number of residual attention modules 4 

Scale-aware attention to the number of module 

layers that 
3 

Spatially aware attention to the number of 

module layers 
2 

Number of layers of the task-aware module 1 

The non-maximal inhibition threshold, the 0.5 

The loss function equilibrium factor 0.75 
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4.2. Analysis of results 

In visualization, we analyze the smoking behavior feature 

extraction effect of this paper's method, using shape 

features, texture features, and color features as examples. 

The analysis results are shown in Fig. 4. 
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(a) Feature extraction effect of deformable convolution 

layer 
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(b) Feature extraction effect of deformable pooling 

layer 
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(c) Feature extraction effect of residual attention 

module 

Fig 4 Visual analysis results of the feature extraction effect 

of the proposed method 

From the analysis of  Figure 4 (a), it can be seen that the 

deformable convolution layer can effectively extract the 

characteristics of smoking behavior. Still, the boundary 

between shape features, texture features, and colour features 

is not obvious, and there is serious confusion. This is 

because of the complexity of smoking behavior and the 

limitations of the deformable convolution layer in 

processing these features. Smoking behavior includes 

various shapes, textures, and colour changes; however, 

deformable colluvium cannot effectively deal with these 

other characteristics at the same time. Analysis of Figure 4 

(b) shows that after the deformable pooling layer 

processing, the boundary between shape features, texture 

features and colour features is not obvious. Still, the 

confusion is alleviated compared with Figure 4 (a). The 

overlapping area is significantly reduced, which indicates 

that the feature extraction effect is better than that of the 

deformable convolution layer at this time, which suggests 

that the deformable pooling layer can improve the feature 

extraction effect to a certain extent, Especially when dealing 

with smoking behavior with significant shape changes. 

Analysis of Figure 4 (c) shows that after the residual 

attention module processing, the boundary between shape 

features, texture features and colour features is obvious, 

without any confusion, indicating that the residual attention 

module can effectively extract the characteristics of 

smoking behavior and clearly distinguish different feature 

categories, which is mainly due to the role of attention 

mechanism, It can make the model pay more attention to the 

key features related to smoking behavior, and ignore those 

features unrelated to the task. 

Figure 5 shows the recognition results of this paper's method 

for recognising the smoking behavior of this image. 

Present smoking behavior

 

Fig 5 Results of smoking behavior identification 

Figure 5 shows that the method of this paper can effectively 

determine the identification frame of smoking behavior and 

complete the identification of smoking behavior. 

Using the number of detected frames per second (FPS) as 

the evaluation index of this method, the efficiency of this 

method's recognition of smoking behavior is analysed 

through FPS. The larger the value, the higher the recognition 

efficiency of this method. Based on YOLOV8, the 

application effect of this method is investigated through an 

ablation experiment. The analysis results are shown in Table 

3. 

Table 3 Ablation experiments of the method presented in this paper 

Methods and indicators Improve or not 

YOLOV8 × × × × × × × × × × 
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Improved 

backbone 

network 

 

Deformable 

convolution layer 
√ √ √ √ √ √ √ √ √ √ 

Deformable pooling 

layer 
× √ √ √ √ √ √ √ √ √ 

Improved 

neck 

network 

 

Channel attention 

mechanism 
× × √ √ √ √ √ √ √ √ 

Spatial attention 

mechanism 
× × × √ √ √ √ √ √ √ 

Residual attention 

module 
× × × × √ √ √ √ √ √ 

Improve 

the 

detection 

head 

network 

 

Scale-aware attention 

module 
× × × × × √ √ √ √ √ 

Spatial awareness 

attention module 
× × × × × × √ √ √ √ 

Task awareness module × × × × × × × √ √ √ 

Improved 

loss 

function 

WIoU Loss × × × × × × × × √ √ 

Normalised Wasserstein 

distance position 

regression loss function 

× × × × × × × × × √ 

FPS  101 108 11

1 

11

4 

116 125 13

3 

136 14

0 

15

4 

Analysis of Table 3 shows that before improvement, 

YOLOV8 had the lowest FPS value when it conducted 

smoking behavior recognition, indicating that YOLOV8 had 

the slowest efficiency in smoking behavior recognition. 

After the deformable convolution layer and deformable 

pooling layer are added to the backbone network, the FPS 

value increases significantly, indicating that the efficiency 

of smoking behavior recognition can be accelerated at this 

time. In the neck network, after adding the channel and 

spatial attention mechanism, as well as the residual attention 

module, the FPS value is further improved, indicating that 

the efficiency of smoking behavior recognition can be 

further accelerated at this time. In the enhanced detection 

head network, after adding an aware attention module, 

spatial-aware attention module and task-aware module, the 

FPS value has also been improved, further accelerating the 

efficiency of smoking behavior recognition. After 

enhancing the loss function, the FPS value of the method in 

this paper reaches the maximum, indicating that the 

efficiency of smoking behavior recognition is the fastest. 

Comprehensive analysis shows that applying improved 

YOLOV8 in this method can significantly improve the 

efficiency of smoking behavior recognition. 

The AUC area measures the recognition effect of this 

method's smoking behavior under different lighting 

conditions. The closer the AUC area is to 1, the higher the 

recognition accuracy of this method's smoking behavior. 

The analysis results are shown in Figure 6. 
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Fig 6 Smoking behavior recognition effect under different 

lighting conditions 

It can be seen from the analysis of Figure 6 that under 

different lighting conditions, the method in this paper can 

effectively complete the recognition of smoking behavior. 

Among them, under natural light conditions, the AUC value 

of smoking behavior recognition is the largest, which is the 

closest to 1, indicating that the recognition accuracy of 

smoking behavior is the highest at this time. Under weak 

indoor light conditions, the AUC value is the smallest, 

which is also close to 1, indicating that the recognition 

accuracy of smoking behavior is also high at this time. 

Experiments show that under different lighting conditions, 

the AUC value of the method in this paper is high; that is, 

the recognition accuracy is high. 

5. Conclusion 

With artificial intelligence technology's continuous 
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development and application, target detection and 

recognition technology based on deep learning has shown 

great potential and value in many fields. Aiming at the 

specific task of smoking behavior recognition, this paper 

proposes a method based on improved YOLOV8. By 

enhancing the backbone network, neck network and 

detection head network, we can more accurately capture the 

critical features of smoking behavior, improve the accuracy 

of smoking behavior recognition, and accelerate the 

efficiency of smoking behavior recognition. The research of 

this paper can not only provide a new technical means for 

smoking behavior recognition but also bring possible 

solutions for practical application scenarios such as 

intelligent monitoring and public health management. In 

addition, the work of this paper also provides some valuable 

references and enlightenment for researchers in related 

fields, especially in model optimisation, feature extraction, 

and real-time monitoring. 
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