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Face Detection Algorithm Based on Lightweight Convolutional Neural Network
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[ Abstract] When deployed to mobile terminals, face detection applications are‘usually limited by the computing power
and storage resources of the devices.To address the problem, an improved face detection algorithm called Lightweight-
SSH using lightweight convolutional neural network is proposed. This face detection algorithm is designed based on the
Single Stage Headless Face Detector (SSH) algorithm, and employs MobileNet-based lightweight convolutional neural
network to extract the features of sample data, reducing the number of parameters and the amount of computation. A
deformable convolution layer is introduced into the detection-module of the SSH network to improve the ability of the
convolutional neural network to model human face deformation. Experimental results on the Wider Face dataset show
that, compared with commonly used face detection algorithms, the Lightweight-SSH algorithm significantly reduces
model complexity and improves model detection speed while ensuring detection accuracy.

[ Key words] face detection ; deformable convolution;MobileNet; Single Stage Headless Face Detector( SSH) ; Lightweight-
SSH algorithm
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Fig.1 System structure of face detection algorithm
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Fig.3’ Structure of deformable convolutional network
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Fig.9 Test results of the Wider Face verification set
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Table 1 Performance comparison of different algorithms on Wider Face datasets
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Fig.10 Comparison of different algorithms detection results



280 12N A R

T2 20214E7H 15 H

4 HFRIE

B X Bl i 53 R 1 MAE A 9 R A7 R A ) A,
ASCHR R — B TR B S B 2 I 4% 1 el A
5 I 55 7% Lightweight-SSH, ¥ M 2 4> Jy T X LA (1)
NS DU A vk SSH kA7 el it o fif H] MobileNet 4%
9 3 T 25 N 5 AR R VGG-161F Al 19 2% X K A
B AT R AR SR I, B AR T AR B S B R
W T NAE AT PR BE . AT 7E SSH R 4% (14 Ao ) 45E B
gl AN AR T R B AT X AS G TR IR 0 4 R R
AN E LA AR SR AT R AE  $2 T T 46 FLURR 28 X 25 (1)
T A% AR HE 7, DA T 2 /55 JE 29 SRR BE T A9 G A
PERE . SCU0 25 S 2 B, AR SCOR TR AE LR UE U 0 1 1Y A
PEF, AE 0 B i 455 A0 A R B R AICAR AU AT 4 R
BRARTHIE TR Shum ) ARG R Bk ERe. T —2
A B X5 2 2l st (8 NS A 0 2441 T PC i B9 1) AL, 7 £
T ASE ARG I B4 B 8] E S Ak L 0T Tk 0 4% 25 44, D
G b AT N A

S % ik

[ 1] ZHANG K P,ZHANG Z P, LI Z F, et al. Joint face
detection and alignment wSing multi-task cascaded
convolutional networks[ J]. IEEE Signal Processing Letters,
2016,23(10):1499-1503.

REN S, HE K, GIRSHICK R, et al. Faster r-CNN:
towards real-time object detection with region proposal
networks[ EB/OL]. [2019-12-10]. https;//arxiv. org/pdf/
1506. 01497. pdf.

LIU W, ANGUELOV.D,ERHAN D, et al. SSD:single shot

MultiBox detecto[/C ]//Proceedings of European Conference

[2]

on Computer Vision. Berlin , Germany ; Springer, 2016 ; 21-37.
KRIZHEVSKY A, SUTSKEVER I, HINTON G E.
ImageNet classification with deep convolutional neural
networks| C |//Proceedings of IEEE NIPS’12. Washington D. C. ,
USA . IEEE Press,2012.:1097-1105.

SZEGEDY C, LIU W ,JIA Y, et al. Going deeper with
convolutions [ C]//Proceedings of IEEE Conference on

[5]

Computer Vision and Pattern Recognition. Washington D. C. ,
USA . IEEE Press,2015:1-9.

SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition| EB/OL ]. [ 2019-
12-10]. https : //arxiv. org/pdf/1409. 1556.

HE K,ZHANG X ,REN S ;et al. Deep residual learning for
image recognition[ C ]//Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition. Washington D. C. ,
USA:IEEE Press,2016:770-778.

SZEGEDY C, VANHOUCKE V, IOFFE S, et al.
Rethinking the inception architecture for computer vision
[ C]//Proceedings of IEEE Conference on Computer Vision
and Pattern Recognition. Washington D. C. ,USAIEEE
Press,2016.2818-2826.

IANDOLA F N, HAN S, MOSKEWICZ M W, et al.

SqueezeNet: AlexNet-level accuracy with 50x fewer

[9]

[10]

[11]

[12]

[16]

[17]

[18]

parameters and <0.5 MB model size [ EB/OL]. [2019-
12-10]. https://arxiv. org/pdf/1602. 07360.

HOWARD A G,ZHU M L,CHEN B, et al. MobileNets:
efficient convolutional neural networks for mobile vision
applications [ EB/OL]. [2019-12-10]. https://arxiv. org/
pdf/1704. 04861.

DAIJ,QI H,XIONG Y ,et al. Deformable convolutional
networks| C ]//Proceedings of IEEE International Conference
on Computer Vision. Washington D. C. ,USA . IEEE Press,
2017.764-773.

NAIJIBIM,SAMANGOUEI P,CHELLAPPA R, et al. SSH:
single stage headless face detector [ C]//Proceedings of
IEEE International Conference on Computer Vision.
Washington D. C. ,USA . IEEE Press,2017.:4875-4884.
LIN T Y;DOLLAR P, GIRSHICK R, et al. Feature
pyramid networks for object detection EB/OL]. [2019-
12-10]. https: //arxiv. org/pdf/1612. 03144.
FELZENSZWALB P F,GIRSHICK R B, MCALLESTER D,
et al. Object detection with discriminatively trained part-
based models[ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence,2010,32(9) {1627-1645.

KB VFIE =, BKW . 8 2 a2 M 2%
WFoE[T]. AL T, 2017,43(6):145-149 ,157.
SONG C, XU D Y, QIN Y B. Research on detached
multiple convolutional neural network [J]. Computer
Engineering,2017,43(6):145-149,157. (in Chinese)
R, BRI , SR ML, &5 S TR i s B 4 ) 2%
BN R ik [0 W ol R 24z, 2019,32(2)
43-47.

HUANG L H,KANG Z C,ZHANG C F,et al. Research on
face recognition technology based on lightweight convolutional
neural networks [J]. Journal of Hunan University of
Technology,2019,32(2):43-47. (in Chinese)

SRULH] BE R TR, SF L DR TR g B B B
WA 2% B A o 5 U ik [0 . e el Rl 27,2019,
47(11):244-246,252.

CATI H M, SUL Y T, ZHANG Z, et al. Crop disease
recognition based on depthwise separable convolutional
neural network[ J]. Journal of Anhui Agricultural Sciences
2019,47(11).:244-246,252. (in Chinese)

IhELAE  BRIOR . — B ik Y RefineDet 2 RUEE A G 46
WJr (1], W 8RN ,2019,45(8) :34-39.

SUN G H,CHEN S R. An improved RefineDet multi-scale
face detection method [J]. Application of electronic
technology,2019,45(8):34-39. (in Chinese)

YANG S,LUO P,LOY C C, et al. Wider Face: a face
detection benchmark [ C ]//Proceedings of IEEE Conference on
Computer Vision and Pattern Recognition. Washington D. C. ,
USA:IEEE Press,2016:5525-5533.

CAI Z W,FAN Q F,FERIS R S, et al. A unified multi-
scale deep convolutional neural network for fast object
detection [ C ]//Proceedings of European Conference on
Computer Vision. Berlin, Germany: Springer, 2016.
354-370.

i FAE



