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Improved Face Detection Algorithm Based on YOLOv3

HU Yifan, QIN Ling, YANG Xiaojian
(College of Computer Science and Technology, Nanjing TECH University, Nanjing 211816, China)

Abstract: Aiming at the low accuracy of face detection caused by the high similarity between background
and face and the small scale of face target, an improved face detection algorithm based on YOLOv3 is
proposed. Firstly, the K-means clustering algorithm based on genetic algorithm is used to improve the
influence of random initialization in the original algorithm and generate a prediction frame more in line with
the target size. Secondly, the lightweight network is used to improve the original feature extraction network
and improve the face detection speed. Finally, the frame regression loss is used to replace the YOLOv3
coordinate loss function and the confidence loss function is improved to improve the training convergence
speed and result accuracy. The accuracy and speed of the designed face algorithm are improved on Wider
Face dataset.

Key words: face detection; clustering algorithm; YOLOv3; lightweight network; loss function
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Table 1 Improved network structure
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5 AR IR AR U
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Table 2 Experimental parameter setting table

4.3 RN IELR e SR ZHUH
e e e . Width 416
NS 6 0 285 2R = 5 5 K 4 %% (Precision) . .
Ml 2 (Recall) | 5 #0 4k 28 ] 4 50 (Frames per sec- ‘I:elghtl 46
ond, FPS) . ¥ 1% #f £ (mean average precision, (/Bann;: : 136
. atc
mAP AR \ \ Decay 0.000 5
R A 3 2 T G T 45 S e A U0 T A 1 AR R L R Angle -
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KRR R TG S AR B NS £ Hue 01
Z Learning rate 0.001
Precision = _ TP (19) Max _batchs 500 200
FP+ TP Scales 0.1,0.1
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T EN TP
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Table 3 Effect comparison for mAP value

mAP
LRIFS S A :
Easy Medium Hard
1) YOLOV3 0.886 0.880 0.857
(2) 4 # Anchor 0.910 0.899 0.891
(3) B R AIE 9 26 0.890 0.882 0.858
4) PR % oR B 0.898 0.886 0.878
(5) et Anchor -+ BRAE N 4% 0.927 0.913 0.907
(6) Bt Anchor-+ H7HRAE X 45 4 Bt 1 2K bR AR 0.938 0.923 0.920
T4 SHIENEERNBRITLE
Table 4 Effect comparison for detection speed
Speed
ST S i A
FPS ms
1) YOLOv3 22.2 45
(2) ik Anchor 20.9 44
(5) Bt Anchor -+ 5 BRAE N 4% 39.0 26
(6) BCE Anchor -+ 37 HERAF N 45 -+ Bt 48 2% R 8 40.2 25
4.5 HEXLEXW
R TR AR SR R AR 5 At A A R A x5 AREEmAPEMELZBRER
B K I B TR SR e E T L Rk k4 Tables Comparison of experimental results of mAP
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Fig.5 YOLOV4 detection effect diagram
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Fig.6 Detection effect diagram of the proposed model
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Fig.7 Partial detail comparison diagram
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