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A Survey of Multi-view Gait Recognition

WANG Ke-Jun' DING Xin-Nan! XING Xiang-Lei LIU Mei-Chen'

Abstract
identification at a long distance, requiring no contact and hard to imitate. One of the most important factors that affect the

As one of biometric identification methods, gait recognition has many advantages. It is suitable for human

performance of gait recognition is that the change of view or the direction of the walk, which makes the human silhouette
have a large variation. We first introduce the existing multi-view gait database. Then according to the characteristics of
different extraction methods, the current approaches are divided into four kinds: three-dimensional model, view-invariant
features, subspace projection as well as deep neural network, and analyses are conducted on their principle, advantages

and disadvantages. Finally the limitations of current research and development trend are pointed out.
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Fig.1 Gait images from different views (CASIA-B)
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BZ MK HE ST AR etk 125 18], JE A Grassman Ji JE 414
Z M FE RS RE, JEL T2 R 451 Be % 1A
AR A AR PR B 2D RS RE

WA ¥ 2 3] (Coupled metric learning,
CML) #Zk TR MRE#RY, 5EETIERRE
B A5 B AR GE R A SRS — ] DACREF B 5
MBS P =10, 5RE R ERE AN, ek
R A 3 R N e M AR 4 R R AN (] A A A
3 IR 123 8], FEIEXAS 2 [ OR[N A B 2P
SEAEZ RN, Xu 257 5 — R A R
A I I, 5 AT I, TR UE R A
TR R B, P52 XA FRER R B G — 1 725
] . Ben 40 BLF A HE B R aE ) B, |
T SURHAEAE 3 R AS RO T 20 AR AR I &R
R, P T A W RE IR A, TR LA SR
B BUE T RAFRRCE. FE LA L, Ben &7
SIAT WA, Bl G E R~ (Kernel
coupled distance metric learning, KCDML) fifi’ Rk
[ SEREARZNET] 43, FFORFFE A SRy FR 45 14 £ 8 1 L
f4AE. Wang 2:079 HefLgs CML 5| A ] 4 Bk
HE, REPRZA5 S AL, B X R B a2 23S
FRE AN R A e 4k — SR A FRE 25 ). (HEET
WA R ¥ER CCA FEAMIFES,
FIH P A A BAME S

MPCA 22— o 2 &tk + = 05 2 ik,
SCELT K E R IR E AR ROR, K Pk x5
5 8 S sk, R BB AR O G AT
Al-Tayyan 77 2 7 —Fh BT B9 5
J7 ¥, TR B A SR RRU i PR 5 0 30 5 47 i3t P e
EUE PR b 8533807 =, R MPCA 5 LDA
ghifyimad K Pt T B4 28, AR RAL 28 AR
SR 55 2 Y RICH RE R Z TR) A BB, 4 v 0 21 1
PE.

TR W R EE T RERAE 2, PR
G A 1 ) e S AERICRS s BT 4, T EEARR.
WAk, FEAL A AR LB KT, X —2 0 bR N IR
.
224 ETREMEWL

TR TS Bt 2 R 2 2 R B 1 TR
P8 P 25 254, 38 I A ARZ R B I S )

17 )2 RN JE M B BURAIE, DA% BRI 19 o 1 X
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T2 A 25 AR 5 )@ A G A X 4 /D

LR 2 M 2% (Convolutional neural network,
ONN) ™) S AR % et 5 IR Z . Hok b
TN R A2 AR i B FAL ], W] DAL B AR A
B, T RARGAHE R AR HEAIEE®R
1 B 2> G AR LR LS I g T, REfE A
> AL R PR A AR D LA 20 AR B H) . Yan
25 180) 3R K S RERIF %A ONN SERBURSE S
FHIE, HF5IAZALS 2 A, 20 2R 5 0 [R] Bk
DARZS, BRA RSSO0 5% R BGHAT B A4, 3R
5 B AR B i v . WY 3R —Rhont
— By AT RE SR U Yk, AR S LA
. R SR ER AR IR AFH IR ) CNN 2, F15
X LR DASRASSE A B & R 7R, BB A B4 Hb Y %)
SR EEAS e, Zhang 262 KK GEI %A
FLA PR FH T 0 45 (A% FR 25 14 1) 22 A6 VR FE S A
Ze/ 4. Tan 250530 P14 GEL 3% A ] h AR
4 L3 T8 5 B 28 I 2% I ZR DL ECBE AL, AT DT i 25
AR B o, Wi BRI A 020 528 A R
ERENE. Wu 2B IR E CNN [ 45 T4 25
T, P25 53R B AIE DR BL RS 2 P 25 . RRAIE
VT FC AN 4 Jey R AE VEBC 9 b 2 I 2%, 7 5 40 #1022 4R
WA EA R IFEPL. Wolf 255 42 7 —Fh i
TR B 3D CNN Jrik, Mm% A B KE S
SEBROCRAR, RBEHEZ A A E N RBCESM
I 4AE. Li 2506 2 —Fh I TIRE2E S VGG W
2T R IR, SRR S ad JE AR
A VGG M AT RRERREL, f5c 5 F1 B DLty
AT .

H 3 %54 (AutoEncoder)!™ J2JE4F 5k 4T
P 0 25 A5 2R 2 AT DA SR BRI AR, Yu 25 058)
P ET GEL #T2 &8 H A 84w (Stacked
progressive auto-encoders, SPAE) 1152 i) f 5%
1k, 52540 18° WA, BIFIH A sham i 445 &
VTM #i8, S ffo s fh 20 AR 5 ) R

TR 5 2 AR T B IR B 1, 2K &AL
T NBIRTE £ BER 20355 B, B £ & AH X
B HMAW T ERZE T L AR E KRGS
LM LG Y. AR 20 A e B AR 8 B 51 9 ] 0 2
Ja e B RBHTAE . B G W 4548 5 Joyk B AL
PRI P 25 5, s = %P i8] 7 545 S i0ic 425
RE. 15T H Zh gm0 A i A TE R AL 25 5
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FEAR, Bk AR A R B3 DA A TP Mg (RP
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3 UL IR DA 90° Akl 4 (Probe) [1)1f
LR, AR5 BIFE 54 ~126° H S E AR
(Gallery) B3R BIERGZ.

S AR HUOR A IR FAT RS N IAT A SE
A (B ICHE A B AR AL AU RE AR ). i AE I 25
g r )4 B, A0 THERBAEE - 124 17 A
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I 2 A S TR 07 ¥R R 2R AR LA A

ARG ASRFAERT 40N B = A 2 AR R AL
HMERE AR % J, 27 3D 2 A 22 2735 R4y
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Table 3  Recognition accuracy of existing approaches on

CASIA-B datasets

PRI (%)

WIR7A
54°  72° 90° 108° 126°
3D BRI he R R 86.1 98.1 - 92.3 90.4
TS ERNT 74.4 72.6 86.5 69.2 67.4
%Y AGI +SRMLH8  68.3 92.7 - 93.4 70.3
$J EDI +IT2FKNNM0 722 94.8 - 95.3 74.9
GEI4+CCAB3] 52.0 94.6 - 93.8 78.3
C3AB3] 86.6 98.7 - 95.4 86.0
GEI4+TSVDI59! 53.7 81.8 - 86.3 45.7
it GEI4+SVDIel 42.5 86.2 - 88.3 49.8
JSL68l 71.4 91.7 - 90.5 73.6
KCDML!™! 76.7 94.3 - 88.1 88.4
GEI+SPAE!s8] 82.3 94.4 96.0 96.0 86.3
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Table 4 Existing approaches for multiview gait recognition
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ANTRIRE A AN [ R SARIA [] 495 75 1) 45 14 22 ol PR 3R 45
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