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Multi-Pose Face Recognition Based on Facial Landmarks
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Abstract Owing to complex changes in face pose and the obvious influence on face recognition performance, a new
approach is proposed for multi-pose face recognition based on the fusion of the LSTM (long short term memory
network) and convolutional neural network-based cascade deep network (LLCCDN) and incremental clustering.
First, a LCCDN is designed to locate facial landmarks, and the memory function of the LSTM in LCCDN is used to
explore the spatial contextual information between facial landmarks; then, facial landmarks are initialized. A CNN
network model is used to fine facial landmarks by employing a coarse-to-fine strategy. Next, we consider the facial
landmarks as face orientation descriptors. Simultaneously, to adapt to the dynamic updating of the face pose, an
entropy-induced metric-based incremental clustering method is used to construct a face-pose pool by dynamically
clustering head poses. In this manner, multi-pose face recognition is realized by establishing various face
classification models with different poses. The recognition accuracies using the CAS-PEAL-R1, CFP, and Multi-
PIE datasets are 96.75%, 96.50%, and 97.82%, respectively. In addition, comparisons with existing multi-pose
face recognition methods highlight the superior performance of the proposed method.

Key words image processing; face recognition; facial landmarks; incremental clustering; multi-pose

OCIS codes 100.4996; 150.1135

Wi HER. 2018-12-29; 1E[E HEA: 2019-01-16; A BHI. 2019-02-17
HEEWMB.: HEARF¥E4A (11176016,60872117)

" E-mail: ypguan(@shu.edu.cn

141002-1



Wt 5ot T o R

1 5l El

LA AF ok s B TR 31— B TS AL 6
2 REMW G E 2 — . TR 2 b H
HATE R0 7, a8 W 45 4t 38 M 4% L N i
B, EE T2 B6 IR A PR R A
SR MY R AR U B AR AT AR AE B R Bk
Horbrs F28 00 B AR A 52 i R 1R 1 RE T B
HEZ—,

SRy i e NG 1 2 A AR R TR B4 5 i) L B T
LRI NG Ty A Ak AR L A

ISP R N R T i A X I S A
Ho S 4 W T R 5 /K W 5% B AL 3 A & 4% 45
Bk A R L 4 (2D) IE B B {% . Ding %50 2
T Rl 2 = 4E (3D B A LA AR R OE T 2
B AR X B 7 R RN 2D B S 3D IF 2 gl A
W7 R HE LB ST ME A 3D BN, fE 3k T — sk
N o A A5 31 0 IF B P AR s NS O AR 3
TOREEMEME T, A Su DR 4R B RE A CERT)
BRVE AL 68 AN M G B I X I 47 % 5%,
FH O 5978 45 30 0 K B . 8 B AR AR TE 5 3 B
FIBAL CAAMD HEAT NG X 57, I 36 F 4 [l A
T3k TR E N Z ) 06 R AT B AERIE, X
Fi 1) FHL(SVMVD X IE J5 19 I 40 2. (A2 g
T3 ik ¥k F A RE AR B 7 08 B0 56 A T A R
S B G LA WE A, B SR TN G B
TEBSKRESSFHARLIE.

53— LIS NI Oy 0 B ARG v 42
R BB ARB N N RE . o PR 2 2
14 7 2 B R N I B L A FH A2 % 1) T 45 4
AR 2 14 T 45 2 550, A sl Ak BN G TR S 25 AR AR 5
AL A, AR R T B E MRS, W
Taigman 252 H ) DeepFace R [ 3D Xt 5%, 2T
9 J2 W 2 S5 K0 I FHAARLEE SR U 25 A IS o 25 . e 2%
ATV R B B 2 M 4 (CNIND L R A B
P A 2 R B3, o 2% D B B R /N Ak, 2 TR) B S O R
1k, Parkhi 27 # ) VGGFace X ] 37 B Y
CNN %5 #4 K Softmax 7E [ & 1 A K % 45 %
VggDataSet #4745l . X 2675 3 78 28 FF 4L
o 45 T LA R R 0 o o L (PR 7R A e B A
BRI E BLF (45°~90°) LA K 52 R 37 54 00 ob L A
AR P RE I B R R

25 LTk, BT 2 A AR B A A S T
TE LA UER LB IE SN I LS A

BRAE BT R PERE I W N RE SR, Ry T i e LA
L), AR SR — AP LCCDN (LSTM and
CNN based Cascade Deep Network) 5 1 5 B2 1Y
Z NIRRT 2. R E L BDRS 9 LCCDN A%
BRI BB 2 A2 W 2% (LSTMD 19 ie 12 Ty g 5 4%
NI £ DG B S TR 25 (8] A 4 Jmy b SO G & X
NI G B AT 90 G 4k, Jl T CNIN L B X Jm) 48 56
S UK E L R IO B S REAS S SO T BAEE T
il DRl B S AN AN ST A 0] A5 DN I G B AR S A
I 5[] 5 348 1 T B Ay 3 I NI 28 25 A W 3 2 BRI
K 3 T4 185 3 B i LA 00 1 B R 2R 07 vk X Sk
BT B A 8 RS M i N %285 D sk e %
GRS IE 5k R 0 N AR B ) R, 7E I 5 il
I BT VGGFace £, 3 2o € 37 AN 7] 228 19 A B
U 3 AR, ST 22 2 AR U

2 FHF LCCDN B g A A 5% 8 5,

2.1 LCCDN ZEX R FE W 48 HE 38

HTFABREES x=C(a1:01,samsbu M H
N S B A B30 ) A8 8018 TR AR 1) 0 BB 8 A 4850
I 500 1) RS A DR O A ey A o 6 N IS G B A3
Ko, $EH—Fh B ED 9 LCCDN AEZ8 T A
OB R D 4 ) LA 1) 9 ] 451 4 ISR A G
LSTM F-#& A 45 5G4 5 A 25 18] 1 i bR SCAR
K FR IR R A2 A7, 45 JRy 38 X Sl i CNIN 52 76
2 ST P A1 2 BRSO R N DG B R A TR A 7 L
SISV

e N G 7 e 2 2 8] v 0 A 1 S AR 48
JE B I . LCCDN 43 51l 76 P B B {1 AS [R] B 1) 2% 45
PSR AT A 4 1 R 2 36 3 TR [0 A e 55 . R 2 o7 B
B RS LSTM 44 4 Ja) B 45, JF XF A G 4
ST AL, LSTM 38 2 ic 42 41 il 5. 5¢ 77 it B[R]
FE A BT SCRORE AR L, T G A a3 R s ) 1 Y
R ) ol 2 e 3 1 s TR L 4 S I 4% g — 2 BRI
JEH 4 A LSTM 4, 4350 DA 1] F0 9N 1] 795 o 4]
G T Aok py g B E) 51, DL SRR Z ) L
TSR B

B AEBER N m, Ef,m E RO w
FOR BB TE R, b FRoR e FE L ¢ FoR EE %L U
w, Xh, P A% m A5 B Hb 4y 3] pl R AR B Di.j R
J& 43 N ZE B4 A 30 20 A ) 4 A A TR AR B A B
2N H. K2 A gl A 2 4 LSTM,
LSTM HA~10 12 4 M (4 >4 Firbk 25 4R 40 4 5 i A ¥
B HE— AN 1012 4B i A G R i C A2 A Y

141002-2



WOt 5 ot ¥ o o R
0 0
I coarse location :
I
! l
} wpxhy wpxhy wyxhy Wty |

|

| I
| LSTM LSTM LST™M LSTM :
} initial landmarks :
} LSTM LSTM LSTM LSTM I
} fully-connected :
| oy oy wprhy Worhy fully-cl?r;nected fe2 :

. C
} hidden layer hidden layer :
[ R I
It st 1
fine location
R o e it PO

X6 X |
maxpooling
maxpooling
| = = = maxpooling fully-connected
L L= i =TI
; 40 .40 60 6o unshared
convolution convolution convolution

Bl 1 3T LCCDN 5 7 fy A\ B O 5 o5 7 Ao HE 42
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Table 1  Structure of shallow CNN

Network layer Type Filter Output sizes Others
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Max-pooling  2X2 18X18X20 —
Convolution 3X3X40 16 X16X40 —
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Maxpooling 1

Convolution 2

Maxpooling 2 Max-pooling  2X2 8 X 8X40 —
Convolution 3 Convolution 3X3X60 6X6X60 —
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Fig. 3 Descent curves of CNN loss functions

in different face regions
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Table 2 Experimental comparison of different facial

landmark location methods

Method Mean error /10 * Failure rate /%
ERTH 7.96 13.06
AAMMH 7.58 12.56
CFCNNH 6.31 10.20
TCDCNE®! 4.60 6.59
LCCDN 4.06 5.26
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Fig. 5 Examples of some clips in surveillance video dataset
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Fig. 6 Qualitative results of facial landmark location based on LCCDN with various poses
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Table 3 Experimental comparison of multi-pose face
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recognition based on different face orientation descriptors
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Table 4 Experimental comparison of multi-pose face

recognition based on different clustering methods

Clustering Accuracy /%
method CASPEAL-R1Y#  CFP'*! Multi-PIEM
BARTHH 93.85 94.13 95.28
FCMM®] 90.47 91.28. 90.86
K-meanst'"” 91.39 92.05 93.90
CBART 96.75 96.50 97.82

descriptor CASPEAL-R1Y*  CFPM*! Multi-PIEM
D-LGBPH" 91.75 91.25 92.63
ASIFTH 91.53 90.77 91.03
CFCNNH 93.54 92.28 94,16
TCDCNM?! 93.89 94.24 94.82
LCCDN 96.75 96.50 97.82
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Table 5 Experimental comparison of different face

recognition methods

Accuracy /%

Method S r
CASPEAL-R1Y*  CFPM*! Multi-PIEM
HPN 90.15 89.17 89.39
VGGFace™ 93.20 92.89 92.78
TPCNNE 90.89 90.53 91.39
DFLptH 92.56 91.25 92.16
Proposed 96.75 96.50 97.82
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