55 244 5 84 LGRS Vol. 24 No. 8
20254F 8 H Software Guide Aug. 2025

SRAKEXEINEELYOLOVT ARSI
Hix

kA E X R
(M ImiE R F SR, ) & b 538200)

W OE: AR AT ERG ERMRI, T 2 m A THREGE RS RSN F AR, &
T, K5 7% 3K & Ao %5 AR R AR Sk 095 R, BAR A LIRS HE 09 3R I 43 & hm AR 3, ik & a9 it F AL DA TR, sk F B Bk |
B AT ik A 3R E — AR R A A B 2B AL YOLOVT A i) ik, B 48 S ILA 69 & b m)
VAGE S N A TR A S A N KR & R B Sk A FEAE B % 49 GhostNet V2 22 30485 % 4% YOLOVT 49
ELAN 23 4 857 K40 F T 5 63.9%; H ok, H B it G 89 PFLD A % 4 S 46 - % 48 2% 2] YOLOV7 %9 Head 3 %~
ERABHERLEES S BRRER— HBEHARAS T RYHF P, R — A AA RN ﬁi\/\ﬂéza‘:éééﬁvm'
HEEH SAT S AR M4 . £ WIDER FACE 4035 48 b o 52 3625 R R A, BT 42 3L 75 & Fasy \Medium #= Hard 3 A~ 4
b5 3% 5] 95.99% .93.5% A7 83.5% 4 T 3445 B, AR %5 YOLOVT A2 5 3132 A+ T 3.89%.2.9% F2 4.1% , B B AL A A %
TR T 41%, % —Fb ik | F e A ik,

FEER . AN ;22340 3 YOLOVT ; GhostNet V23 A %42 &,

DOI; 10. 11907/rjdk. 241602 FHAZ(FFERS)FRIRE(0SID) :
HE 52 S TP391 XERARIRED : A X E 4S5 :1672-7800(2025)008-0059-06
Lightweight YOLOv7 Face Detection Algorithm Integrated with Facial
Keypoints

CAO Yibo, HU Yifei, LIU Shun
(School of Software , South China Normal University , Foshan 538200, China)

Abstract: Facial detection, as an important component of computer vision technology, has been widely applied in fields such as fraud preven-
tion, sentiment analysis, and age prediction. However, with the popularity of mobile devices and smart cameras, the acquisition of image and
video data has become more convenient, but the computing power of devices is limited, and there is an urgent need for faster and more effi-
cient face detection algorithms. To this end, a lightweight YOLOv7 face detection algorithm integrating facial keypoints is proposed, aiming to
achieve efficient face detection and adapt to mobile and embedded devices with limited computing power. The algorithm first uses the GhostNet
V2 lightweight module with higher computational efficiency to replace the ELAN module of YOLOv7, reducing the model parameter count by
63.9%; Secondly, the improved PFLD facial keypoint detection algorithm will be integrated into the Head section of YOLOv7 to address is-
sues such as diverse facial sample poses, inconsistent image quality, and uneven sample distribution in the dataset, forming a multi task fa-
cial detection network with facial detection as the main focus and facial keypoint detection as a secondary approach. The experimental results
on the WIDER FACE dataset show that the proposed algorithm achieves average accuracy of 95.9%, 93.5%, and 83.5% on the Easy, Medi-
um, and Hard subsets, respectively. Compared with the original YOLOv7 model, it improves by 3.8%, 2.9%, and 4.1%, respectively, while
reducing the model parameter count by 41%. It is a fast and efficient face detection algorithm.
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Fig. 1 Opverall structure of the algorithm
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Fig. 2 Expressions of vectors in Euler angles
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Table 2 Comparison of performance indicators of various algorithms
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B
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Fig. 3 Comparison of detection performance between the original
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