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Analysis Method of Personnel Behavior in the Technology Project Review
Process Based on Improved YOLOVS

LU Xingjian YANG Danni JIAO Zeyu

(Institute of Intelligent Manufacturing, Guangdong Academy of Sciences/
Guangdong Key Laboratory of Modern Control Technology, Guangzhou 510070, China)

Abstract: To enhance the quality of organizing and implementing technology project review meetings and to regulate
participants' behavior during the review process, a behavior analysis method based on an improved YOLOVS is proposed. This method
enables real-time analysis of surveillance video data from review meetings to identify participants' violations. First, an improved
YOLOvS5-based small-object detection network is constructed for monitoring video data. By integrating the TCANet attention
mechanism into the YOLOvVS backbone network, the model focuses on key target areas within the surveillance footage of review
meetings. Additionally, the head network incorporates an upsampling process, where the upsampled feature maps are fused with
shallow feature maps from the backbone network to achieve detection of small objects such as mobile phones and business cards in
the meeting environment. Next, a participant behavior analysis algorithm is proposed. Using a human target tracking network model,
the system tracks participants' movement trajectories in real time. A spatiotemporal correlation model is established by combining

regional attributes with the spatial domain of expert locations, enabling the detection of participant behaviors, such as interactions and
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conversations with experts, which may constitute violations. Experimental results demonstrate that the method achieves a detection

accuracy of 0.657 for small objects like mobile phones and business cards, with a m4P improvement of 0.196 compared to YOLOv5m.

The participant tracking accuracy reaches 0.938, with an image processing frame rate of 21 frames per second (F/s). This approach

effectively identifies participant behaviors such as contact and conversation, making significant contributions to the intelligent

management of participant behavior during review meetings.

Keywords: technology project review; artificial intelligence; behavioral analysis; object detection; target tracking
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I, PP UA AT TR RS, ek
BUR AR . Bt A TR e ARCR S m AR
IZRER, FONEHEIH P E RN AT A5 e
BERORTT

B FFENHEN AT N T U T R E M)
WFFt. SCHR[2)5I N=4EBREOR, RIS P15
ST A5 AT NN G4, (H = ZE AR
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R EA IR e o SCRR[8THE HH 2 T UL A 2% FR AL AT
HARRI L, I HPIMARIFRDGR N Z, rmilfdhit
LRSI RIS A% 50328 1) 24 i i 5 0 I8 it ] PR Y I
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MEZ8 ik JEFAL BE 5, N B0 A0 35 S #t ik 3 — 1k
(instance batch normalization, IBN) M2l Non-
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54: 64 137 Ubuntul8.04 #4F 245, OpenCV4.7. Tensor-
Flow2.3. PyTorchl.7 2T H, JFRi&EF Python3.7.

SEIGBAERIE T 1080P Wa #2 H5 A4 LA 45 AL
PR SV IR, AN A AR S 2 AR,
TR Ei B TSR 22 ARREFRIRK
2R BREAFI S ANREEFIEMEATN.
3.1 NEFRE T LE M BE TG LI
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size) 9 16 >, W E]EA 0.001, IR 2IFEN
0.1, BMEHEEN 640640 185, TN N
YOLOvSm. PEREVHNEFR A8 mAP@O.5+ loss.
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3.1 JHRRECES
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o .531 3y .01 .
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HEINEE, mAP@O.5. P35 T 0.048, loss I
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JZJ5, P losss mAP@0.5 HL At L 2 554 2,
BAR FR AT NF%, {2 FR N 33.33 Fis, FEAHAT DA
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YOLOv4 0.345 0.176 14
YOLOvV5m 0.335 0.186 55
RefineDet 0.288 0.149 14
g;f;’gmble 0.543 0.311 15
TPH-YOLOV5 0.524 0.293 20
AL 2% 0.531 0.305 33
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B, BRI SRR . BRltk, X SEEGHIE
BT AT 1A BRI R, B2 T L 4
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32 AFB#FRIRERSELL
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PR EECN 5%107% . YIZREdE Ry Market-15011%),
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