B39 % 511 it

o

2019 4 11 A Acta Optica Sinica

10 D 90 28 1169 N JJ o 08 e A A

MR, L2802, IRE, FRE!
'L RAENLE TR S B3k F R, LiE 200444 ;
P TTE Ae s AHLER AN E SRR, LI 200444

FEE X SRR AR R R S BT ey T R AE 28 B 22 R R R BE AN ) 3 R A T S AR s ) A A
JE AV 0 TR] R, 5 10T — P TR 0 2 R AT 6 A AL AT A A [l U A 5 9 N IR R A AR O 3, JR i T R B
B V0 U 0 2% T B 2 2 1ROk S0 L IRIHQURRAE 43 A 5 AR AE R8BI 8 T i T 1R D B kL 9 R i SR L
A BT 28 e ERBIR 4R O BT 4R J7 35 5 Ho A D7 3R AT SR 0T L . S5 SR AR BH L 3 A O vk T LLIE B B A AR AR L
B A3 3 4 00 17 FH R L A v, B R T 1R 22 R0 L NI T SRR A A T o A R e A

KR ML ANRHIER; HES Ve 4% RRIEZ S fk s FAE mIH
FESES TP301 MECFRIRAS A doi: 10.3788/A0S201939.1115003

New Method for Face Landmark Detection Based on
Stacked-Hourglass Network
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Abstract A method that combines facial dividing feature line and point heatmap regression is proposed to address
the problem of low accuracy of face landmark detection caused by different facial feature types and scales in the cases
of large posture changes and occlusion. A deep learning model based on two-stage stacked hourglass network is
designed to realize feature analysis and landmark location. Based on the proposed method, the detection algorithm is
developed, and the proposed method is compared with other methods by experiments based on several common
image datasets. The experimental results show that the proposed method can adapt to the applications of large
posture changes and face partial occlusion. Compared with other methods, the proposed method has less detection
error and higher accuracy in face landmark detection.
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Fig. 1 Structure of stacked-hourglass network
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Fig. 2 Overall framework of face landmark detection method
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Fig. 4 Comparative experiment of face landmark detection on images with large posture changes and face partial occlusion
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Table 3 Error of face landmark detection methods on face

images with large posture changes and face partial
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Condition Method Error /%
Method in Ref. [21] 13.89
Inter-ocular
Method in Ref. [ 6] 10.02
normalization
FDL-PHR 8.32

4 WoR T PriJr ik M ESR.CFSS,MDM 4§
JIETE 300W L FEH 4 B2 IR AG HE AR . b, BT
$E 7 0P E AR N o.0s R IS 3 300 Sy 43504,
0.5805%1 2.86 %4 .

4 PEBEPIAMIR AR B AR O 0 — Ak B T TR R A A T
JrEAE 300W HFERUNE 4 E ) N o os B 3R

Table 4 N, s and failure rate of facial landmark detection

methods on the 300W competition dataset by inter-

ocular normalization

Condition Method No.os Failure /%
Method in Ref. [30] 0.1955 38.83
Method in Ref. [20] 0.3235 17.00
Method in Ref. [31] 0.3281 13.00
Inter-ocular
. Method in Ref. [32] 0.3497 12.67
normalization
Method in Ref. [24] 0.3981 12.30
Method in Ref. [6] 0.4532 6.80
FDL-PHR 0.5805 2.86

5 R T 300W HLFRERE & 77 ik R
WR2E53T (CED) i 48, o . NRMSE K75 5 1 £ 07
M1 2% , Image proportion £ /R Bl i, ~F i
RIEBEPIAMIR M B B A I — k7. ATRLE 1,
JR4E T AE 300W L FREHE AR b L LAt 5 i AE 45
Tf] #B 2 A AT,

1.0

method in Ref. [30]
method in Ref. [20]
081l - method in Ref. [31]
: + method in Ref. [32]
+ method in Ref. [24]
® method in Ref. [6]

0.6 - +* proposed method

0.4}

Image proportion

0.2

1 1 1

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
NRMSE /%
Bl 5 ARIFT5 A 300W SE 38K 4 1) CED i £k &
CLAPI AR ff 28 5 — B 1)
Fig. 5 CED of different methods for 300W competition

dataset with inter-ocular normalization

Bl 6 N T 4R 7 A TE 300W e 3R A s 4 Lok AR 1)
A TR AR 2 25 A RT L mT DL B TG 3 0 A AR IR 4R 2%
A 1 T T 50 R i b 42 B TED P8 A IR L D e BT o]
VA HEBR R i 59 T 0, AR iE 28 B A RS ] O IR 5
AR R A ) PSR AR IEAS 4, DL R %
G AR RS AR A SRR, TR 7 g R A
SABBREE R IE BE— L UL T P 38 75 9% AT UG S5+
Aib T O S [ e

6 300W 3 FEH 4 4 () 4 I 5 A AiE 2k 2k B IR

Fig. 6 Face feature line heatmaps of 300W competition test set

TE Menpo %45 5 b xb A [6] O5 vk 3E 47 bE B
(& 8,4 5), Menpo % 561 5 M 141 . BEA %5 2
Fa P AR X R B0 R HR A BE S 2 AR S AR R

UNPUESE AR N N A (BSR4 S B A5
T ML FE Menpo Kdfa 4 b0 FH G A1 R
SR VA — A PR, (7Gx T 3 3 4 1) A2 A B AR 4k

1115003-7



B 7 #E 300W HLFEEHE & L ARG I 25

Fig. 7 Detection results on 300W competition dataset
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Table 5 Error analysis of face landmark detection methods

on the Menpo competition dataset by face diagonal

normalization
Mean Standard Max
Condition Method
error deviation error
Method in Ref. [33] 0.0205 0.0340  0.9467
Method in Ref. [34] 0.0182 0.0179 0.4661
Method in Ref. [35] 0.0165 0.0235 0.9612
Method in Ref. [36] 0.0159 0.0201 0.6717
Face .
Method in Ref. [37] 0.0200 0.0756  0.7290
diagonal
"~ Method in Ref. [38] 0.0135 0.0095  0.5098
normalization
Method in Ref. [29] 0.0138 0.0157 0.6312
Method in Ref. [39] 0.0139 0.0260 0.9624
Method in Ref. [9]  0.0120 0.0060 0.1453
FDL-PHR 0.0199 0.0071 0.07184
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