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Abstract

Smoking is harmful to health, in order to optimize the office environment and ensure the physical
and mental health of office staff. With the development of Convolutional Neural Network (CNN) in
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the field of target detection, the methods of Convolutional Neural Network detection include
one-stage detection (Yolo, SSD, RetinaNet, etc.) and two-stage detection (Fast RCNN, Faster RCNN,
Cascade RCNN, etc.). Compared with the traditional hand-designed feature algorithm, the method
based on deep learning can learn and extract feature by learning a lot of labeled data, and predict
or recognize the result, the object detection method based on deep neural network has better fea-
ture extraction ability and classification recognition effect. In this paper, Yolo deep learning algo-
rithm is used to detect office smoking behavior. The smoking data set collected through the
web-based open data set was integrated and adjusted to form the smoking behavior detection da-
ta set for the final experiment. Four models, Yolov5, YOLOV6, Yolov7 and Yolox, were trained with
smoking behavior detection data set. The best training model of office smoking behavior detection
was obtained by comparing the results of training. The results showed that YOLOV5 was the best
model in the detection of office smoking behavior. The mean accuracy (mAP) was 76.6% and the
mean reasoning time was 17.1 ms.
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Figure 1. Detection flowchart
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Figure 2. Structure diagram of YOLOVS5
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Figure 3. The structure of the YOLOX decoupled head
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Epoch B4 100; L7 K/ Batch size &8I R — IR NG IR A3 H , 58 R KN KNG
7%, Lk, ¥ YOLOvVS, YOLOv6, YOLOv7 =MBiALf] Batch size X E v 4, ¥ YOLOx #5244 [¥] Batchsize
WEN 2 BN HER LK AR FUA YA 640, VUSRI B 77 TN GA #4701 25

Table 1. Experiment environment configuration

* 1. LHIMERE

AES fic B
AT 2% AMD Ryzen 5 5600H with Radeon Graphics
g CUDA 11.8
MIEES Python 3.9
GPU NVIDIA GeForce RTX 3050

Table 2. Training parameter setting
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epoch 100
Batchsize 4(YOLOVS5,YOLOvV6,YOLOvV7),2(YOLOx)
Img-size 640
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Figure 4. Model comparison
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Table 3. Performance comparison of different models
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RE:ssut TRk IR Fl/ms  KETFIE(mMAP) % H /%
YOLOVS 300 17.1 76.6 80.1
YOLOV6 300 27.53 76 64.4
YOLOx 300 35.16 73.1 85.8
YOLOv7 300 324 59.7 57.6
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Figure 5. Loss and accuracy of YOLOVS network
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