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H E ARXEISENEAABRRNGELLRT, — AL AN TR ARRE, ATHALHHBEZTROAR LS
B E R BT — A KT B YOLOv4-tiny 69 A X 48 Stk m F ik, A MAKA 608 %608 3 w9H & B{%E. 127
CSPDarknet53-tiny M % st #ir N AL #E 4T £ F A /R, SRR B| 09 B 47 L R FedF IE 3k &, ER ERASZ WA MIEE D
M) R AT Z A o 6 E L Bl BE AT YOLOvA-tiny M & 94 k BT R E . R m AR X LM AT T, RNEAR B AR 8
Rl oy 2t K4k S ATARE B4, BAK B OIEABRKRREFABRSAXEE, ZTHER AN . A0 LM %69 A L4 540
Tk, T RAL A ERIERA R EG AR L, A SRR BARG B E 2R, T L ik Eaben e F K, L E G
FEDGEEIFHHRE L,
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Facial Landmark Fast Detection Based on Improved YOLOv4-tiny

FU Bo-wen', LI Chuang-chuang' and LIANG Ai-hua®
1 School of Robotics, Beijing Union University,Beijing 100101, China

2 Frontier Intelligent Technology Research Institute, Beijing Union University,Beijing 100101, China

Abstract Facial landmark detection is an important part of face recognition,which has been a hot issue in the field of computer
vision. In order to meet the needs of efficient and lightweight face recognition, this paper proposes a facial landmark detection al-
gorithm based on improved YOLOv4-tiny. 608 * 608 * 3 color image is used for model input. The CSPDarknet53-tiny network is
adopted to extract the main features of the input image. Then the extracted features are up-sampled and fused. Attention mecha-
nism is added before feature fusion to improve the detection accuracy. The loss function of YOLOv4-tiny target detection is recon-
structed,and the loss function of facial landmark is added to realize the location of facial landmark while detecting. The model
output includes face marker frame and five key points. Compared with other facial landmark detection algorithms, the proposed al-
gorithm has higher recognition efficiency and lower configuration requirements while ensuring recognition accuracy. Therefore,it
can be better deployed on edge devices or mobile devices.

Keywords Facial landmark detection, YOLOv4-tiny, Attention mechanism,Real-time detection,Deep learning
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Fig. 1 Architecture of CSPnet network
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Fig. 3 Architecture of improved YOLOv4-Tiny network

3.2 $HiEET

1€ RetinaFace 1 4 2HEAEJZ X N 4 Bl A AE K/, B )2 X
R —FEEHE R /N, T FE YOLOv4 4 X B A% A 7 9 B bk #n
KNG ZFPAEHE, 3 E4FAEZ X R 9 FhAAE KN, &5 6 4
M 2% 1 W R B B B0 L {3 T YOLOVA4-tiny 85, i 1
Jg 2 RHEMEZ L A % TR E R 4 19 % 19 Fi 38 x 38,45 K
G HE B 22 L F AR Sl XA RRAE SR T T R A AE R T
mFE 14,

1 AR RLAHE R/

Table 1 Anchor frame size
BB LS #AE
(33,39
P4(n,38,38) 16
(99,102)
175,22
P6(1.19.19) 5p (179220
(488,466)

3.3 MNERERT

XPRHIE )22 3#F — 25 & B, 43 51 38 7 BboxHead, ClassHead
1 LandmarkHead 3 Ff 15 45 2% . 7 BboxHead HJ2& A B Tl
TN AE 138 TR0 45 5L , 45 5 3R 7 1A~ B v X L A HE 1) 9 4 S 8
TR SEOENTE oy M LIRSS BE & (2, ory)  FIVRR A 11 9
B, (¢, 52,) . BboxHeadd 1 K/N K (n,7220,4) ,FH 7220
FR 19 % 19 (Rl AR 38 % 38 (1 i A 43 31 Xk L (¥ 1 A Al AEE

4 ARRBHE TR 1Y 4 S8 BTHE TR D XN 4 PR .

P

:
n )
ARG
"l TN )
Pt Ay

P4 i R T
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Table 2 Frame rate comparison
#E GPU FPS
New YOLO v4-tiny GTX1650 70. 1FPS
Retinaface-resnet50 GTX1650 4. 7FPS
Retinaface-mobilenet GTX1650 38. 2FPS
MTCNN Nvidia Titans Black 99FPS
Faceness Nvidia Titans Black 20FPS
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Table 3 Accuracy of different testsets
Model Easy Medium Hard
New YOLO vd-tiny 0. 854 0.762 0.463
MTCNN 0.851 0.820 0. 608
Faceboxes 0. 840 0.766 0.395
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R X A A FU 1) o 0 AR A B T 7 TR S8R 4R AR 8
T JRHHE B 0 RO B B TR IRBETE R

F4 TR TG R X R R e
Table 4 Impact of ECA
AEHEMH Easy Medium Hard
ECA-Net 0.824 0.717 0. 409
- 0. 801 0.689 0.315
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(a) New YOLO v4-tiny

(b) YOLOv4-tiny

K8 Hg YOLO K% L
Fig. 8 Comparison before and after improvement
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