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FaceYoLo algorithm for face detection on mobile platform

REN Haipei, LI Teng’
(School of Electrical Engineering and Automation, Anhui University, Hefei Anhui 230601, China)

Abstract: Concerning the problem of low real-time performance of face detection on mobile platform, a FaceYoLo real-
time face detection algorithm based on deep learning was proposed. Firstly, based on the YoLov3 detection algorithm, the
Rapidly Digested Convolutional Layers (RDCL) were added to reduce the input space size, then Multiple Scale
Convolutional Layers (MSCL) were added to enrich the receptive fields of different detection scales, and finally the central
loss and densification strategy were added to strengthen the generalization ability and robustness of the model. The
experimental results show that, when tested on the GPU, the proposed algorithm improves the speed by nearly 8 times
compared with the YoLov3 algorithm, has the processing time of each image reached 0. 002 8 s, and increases the accuracy
by 2. 1 percentage points; when tested on the Android platform, the proposed algorithm has the detection rate increased from
5 frame/s to 10 frame/s compared with the best MobileNet model, demonstrating that the algorithm can effectively improve

the real-time performance of face detection on mobile platform.
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Fig. 1 Schematic diagram for face detection
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Fig. 6 Simulation of densification process
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Tab. 3 Comparison of experimental results of different burning modules
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Tab. 4 Experimental results of face detection evaluation indexes

Ei=2 7 RIS  ERRIAKGE. AR Be AR A% EEIR % BRER %
EHERAYNIG2EITES 200 192 8 2 4.00 96. 00 0.99
FDDB 454 5171 4788 383 21 4. 80 92. 60 0. 40

4 ?}']_‘I: —L_g. cascade of simple features [C ]/ Proceedings of the 2001 IEEE

Computer Society Conference on Computer Vision and Pattern

ZIKjC]EiiXTJ‘ YoLov3 ;%"‘% ) Bt 58 ’ WAS2] T Yolo ’% 51 Recognition. Piscataway: IEEE, 2001: 1-9.

P25 1Y 43 42 S S5 A R 5 Darknet A EEAR o [l L R A [2] LIAOS, JAIN A K, LISZ. A fast and accurate unconstrained face

AT T A T DO £ 85 KXo ASE TR 57 A= 1 s ) 481 4 SR R A ) R detector [J]. TEEE Transactions on Pattern Analysis and Machine

~FH /NG FUZ T LLSE 2, Inception 4544 A DI RERIER ; HLAL Intelligence, 2016, 38(2): 211-223.

BN 254 5 Dropout““%*@ﬁ%fﬂi@%ﬁ%ﬁEP*%EW%?ET%E\ fry [3] SCHMIDHUBER J. Deep learning in neural networks: an overview

5 A 0 s ResNet 25 I BRBR 1 25 0 11 A 45 7T B 1L [1]. Neural Networks, 2015, 61 85-117.

H 5 DL N RDCL G544 b A5 K e g o) jits [4] YOU Q, LUO J, JIN H, et al. Building a large scale dataset for
1B R BFSE TAE A —E 1R BRI , F tn s rhoml izt image emotion recognition: the fine print and the benchmark [C ]/

(R T B 450k 11 & P N BRI RS BT & L B RS A 3 Proceedings of the 30th AAAT Conference on Artificial Intelligence.

FLAAR FIRE A ) Android 1 4 b2 75U i f SEIHE TR L 7Bk Palo Alto, CA: AAAT Press, 2016: 308-314.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards real-

time object detection with region proposal networks [J]. IEEE

ZELHR SR . HRIK T Android FHL R T 1)
FTAL Y9 APK SO, #6000 ARG Y 3 B 1T L35 31 40 frame/s , FeAS
T LA A2 SR . 53 A Tt 1 g A
U2 , 1 FaceBoxes ™ Fl MTCNN S 3, 4% S5 3 SR — 52 Y

Transactions on Pattern Analysis and Machine Intelligence, 2017,
39(6): 1137-1149.
[6] WANG P, LIN L, SHEN C, et al. Multi-attention network for one

Wﬁ ‘%Hﬁ%%ﬁ:?%fﬂTiﬁgﬁ‘Egﬁrg{tﬁ#’{Eﬁl‘:ﬁigﬁk shot learning [cly Proceeding of the 2017 IEEE Conference on
IS RS DS FE 1 SR VB AR T B v, i R e ol A PP X Computer Vision and Pattern Recognition. Piscataway: IEEE,
SR 5 5 TR R A (R R 2017: 6212-6220.

%%j{ﬁk (References) [71 LINTY, GOYAL P, GIRSHICK R, et al. Focal loss for dense

[1] VIOLA P, JONES M. Rapid object detection using a boosted object detection [J]. TEEE Transactions on Pattern Analysis and



1008

P EHUR A % 40 %

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

Machine Intelligence, 2020, 42(2): 318-327.
HOWARD A G, ZHU M, CHEN B, et al. MobileNets: efficient
convolutional neural networks for mobile vision applications [ EB/
OL]. [2018-09-20]. hitps://arxiv. org/pdf/1704. 04861. pdf.
KINGMA D P, DHARIWAL P. Glow: Generative flow with invertible
1x1 convolutions[EB/OL]. [2019-02-10]. http://papers. nips. cc/paper/
8224-glow-generative-flow-with-invertible-1x1-convolutions. pdf.
SIMONVAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ EB/OL]. [2018-05-
10]. https://arxiv. org/pdf/1409. 1556. pdf.

WANG F, LIU W, LIU W, et al. Additive margin Softmax for
face verification [J]. IEEE Signal Processing Letters, 2018, 25
(7): 926-930.

LIN T Y, MAIRE M, BELONGIE S, et al. Microsoft COCO:
common objects in context [ C ]/ Proceedings of the 2014 European
Conference on Computer Vision, LNCS 8693. Cham: Springer,
2014: 740-755.

KARPATHY A, LI F. Deep visual-semantic alignments for
generating image descriptions [ C ]/ Proceedings of the 2015 IEEE
Conference on Computer Vision and Pattern Recognition.
Piscataway: IEEE, 2015: 3128-3137.

HE K, ZHANG X, REN S, et al. Deep residual learning for
image recognition [ C]// Proceeding of the 2016 IEEE Conference
on Computer Vision and Pattern Recognition. Piscataway: IEEE,
2016: 770-778.

GONG C, TAO D, LIU W, et al. Label propagation via teaching-
to-learn and learning-to-teach [J]. IEEE Transactions on Neural
Networks and Learning Systems, 2017, 28(6): 1452-1465.
ZHANG K, ZHANG Z, LI Z, et al. Joint face detection and
alignment using multitask cascaded convolutional networks [J].
IEEE Signal Processing Letters, 2016, 23(10): 1499-1503.
FARFADE S S, SABERIAN M J, LI L J. Multi-view face
detection using deep convolutional neural networks [C1//
Proceedings of the 5th ACM on International Conference on
Multimedia Retrieval. New York: ACM, 2015: 643-650.
IV, 0 FLTE . TR L i 28 00 245 P R T ALl £ A 1 531)
Jrik [0, FEAL A, 2016, 36(2) : 437-443. (SUN J G,
MENG F Y. Face recognition based on deep neural network and
weighted fusion of face features [J]. Journal of Computer
Applications, 2016, 36(2): 437-443. )

LIENHART R, MAYDT J. An extended set of Haar-like features
for rapid object detection [EB/OL]. [2019-02-10]. http : //www.
staroceans. org/documents/ICIP2002. pdf.

MISHKIN D, SERGIEVSKIY N, MATAS J. Systematic
evaluation of convolution neural network advances on the ImageNet
[J]. Computer Vision and Image Understanding, 2017, 161:
11-19.

SHELHAMER E, LONG J, DARRELL T. Fully convolutional
networks for semantic segmentation [J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2017, 39 (4) :
640-651.

TR, BRIGZ RIS 55 . RIS L TR 4 I 40 R g 7
SPEREs AT L] DR B Tk R4l , 2016, 38(6) @ 662-666.
(NIU L Q, CHEN X Z, ZHANG S N, et al. Modeling and

performance analysis of deep continuous convolutional neural

network [J]. Journal of Shenyang University of Technology,
2016, 38(6): 662-666. )

[23] REN S, HE K, GIRSHICK R, et al. Object detection networks on
convolutional feature maps [J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2017, 39(7): 1476-1481.

[24] FRBKCE, T HE AREME, % BT HREYIME R AR KT IE
B ORI (). SRS HLAL A, 2018, 38(12) : 3631-3637.
(XIONG Y P, DING S, DENG C H, et al. Ship detection under
complex sea and weather conditions based on deep learning [J].
Journal of Computer Applications, 2018, 38(12): 3631-3637.)

[25] SHANG W, SOHN K, ALMEIDA D, et al. Understanding and
improving convolutional neural networks via concatenated rectified
linear units [EB/OL]. [2019-02-10]. https: //arxiv. org/pdf/
1603. 05201. pdf.

[26] UIJLINGS ] R R, VAN DE SANDE K E A, GEVERS T, et al.
Selective search for object recognition [J]. International Journal of
Computer Vision, 2013, 104(2): 154-171.

[27] QU Y, LIN L, SHEN F, et al. Joint hierarchical category
structure learning and large-scale image classification [J]. IEEE
Transactions on Image Processing, 2017, 26(9) : 4331-4346.

[28] WEN Y, ZHANG K, LI Z, et al. A discriminative feature
learning approach for deep face recognition [ C 1/ Proceedings of
the 2016 European Conference on Computer Vision. Cham:
Springer, 2016: 499-515.

[29] LI J, MEI X, PROKHOROV D, et al. Deep neural network for
structural prediction and lane detection in traffic scene[J]. IEEE
Transactions on Neural Networks and Learning Systems, 2017, 28
(3): 690-703.

[30] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
you need [ C ]/ Proceedings of the 31st International Conference on
Neural Information Processing Systems. New York: Curran
Associates, 2017: 6000-6010.

[31] GUO Y, ZHANG L, HU Y, et al. MS-Celeb-1M: a dataset and
benchmark for large-scale face recognition [CJ/ Proceedings of
the 2016 European Conference on Computer Vision, LNCS 9907.
Cham: Springer, 2016: 87-102.

[32] ZHANG S, ZHU X, LEI Z, et al. FaceBoxes: a CPU real-time
face detector with high accuracy [Cl// Proceedings of the 2017
IEEE International Joint Conference on Biometrics. Piscataway:
IEEE, 2017: 1-9.

[33] XU K, BA J L, KIROS R, et al. Show, attend and tell: neural
image caption generation with visual attention [ C ]/ Proceedings of
the 32nd International Conference on International Conference on
Machine Learning. New York: Journal of Machine Learning

Research, 2015: 2048-2057.

This work is partially supported by the National Key Research and
Development Program of China (2018YFB1305804) , the Anhui
Provincial Outstanding Youth Foundation (1908085J25).

REN Haipei, born in 1994, M. S. candidate. His research interests
include pattern recognition, deep learning.
LI Teng, born in 1980, Ph. D., professor. His research interests

include pattern recognition, deep learning.



