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2. CNN ZHAWHRRELICTRELR S SR
Fi&

BT D 75 2 BRI DL RSB LT, @Y
Bxy P REERRET S, 2T, FEAII AT D
BEOWIZIBU 2%y P 7 — 7 HEEIC DWW T, RICBI RIS
E2RZDE DGRy b7 — 7 FEEICOWTHAT
5. 7L, RFETIE, SERFRE L TR VX —
i (GEL: Gait energy image) [8] ZF\»%. GEI I 12
I oIER by vy FERGIZ VT 5 2 L THRERI N
570, Rl EOFN R EMCHOBE Lvo 28
72 R % PR R > T 5

2.1 —MRERE

KL THRET 5%y b7 — 7&K 1 DX HI2 38
DEBIABNE, 2 EBOIRUUE, 2O 7= v VB KU1
EoafiakE» oI s, EFME (norml, norm?2)
Tld Local response normalization (LRN) [20] Z$/JH L T
B0, 7=V (pooll, pool2) Tl max pooling %
BALTWwS, £/, BAHAARE (convl, conv2, conv3)
B LOEHAE (fed) T, TEMHALBEIEE L T ReLU B
B2 2HHALTwS, 51 fed O L T L2
SV (F703 L2 BilE) 25HHELTw3

FHIREEX, CNN OEZ T X —2 OE)fE% Xavier D
TIITYRL 22X DREL, N T AT A =8 DY)
WX 0 £95. F7, /87X —F OEHIIIHEERI AR
BT ¥ (SGD: stochastic gradient descent) %A L T
5, NI A=FICHTEE—A VT LDOfEIZ09 L L,
BRIFWIE 0.01 24 7L — a3 YEFUHEL T 10 TH
2 LWL UM EAFIICB W T4 EfT>oTw3, F7,
fed JED 52 D=y MK L, 0.9 DEIET Dropout [23]
ZHWHIL T %, GFiHIREE TRO 7 L2 /L sz A
NEROMEE E AL L, NYORIEEZIT .

2.2 HBEDAEY RV DEWVCHURFE
1BETELALLEBD, BREFFS A7 IIARNGGE & E
NN D 2 DIZKATE S, K AZICEY 5%y b7 —
7 REEIZOWT, AR LT ICR R S,
2.2.1 FAPRFECHEULFE

ANGEFEIHE L 72 F3: & LT, Siamese network [16,18,24]
ELTHALNS 2 DDiMiSl7: CNN THEI NS = v b
7—7 (2in, M1(a) ZHW) Z2RET2. ZOFy F7—
7T, fed BOWTI %S AT GEI OFHEIAR 7 b L & Az
L, EEEHE L TRATRT Contrastive loss ZH 2 5%



BRLEZSARERES
IPSJ SIG Technical Report

Contrastive loss

52 4 4 52
(#node) (#node)

Triplet ranking loss

256x7x7/1| conv3 ‘ l conv3 ‘ l conv3 ‘

norm2

norm2

conv2

conv2

norm1

norml

convl

convl

256x7x7/1 | conv3 conv3
2x2/2 2x2/2
norm2 norm2 norm2
64x7x7/1 | conv2 conv2 64x7x7/1 | conv2
2x2/2 2x2/2
norm1 norml norml1
16x7x7/1 convl convl 16x7x7/1 | convl
(filter/stride) j : (filter/stride; :
positive
(a) 2in

A

query

(b) 3in

A

negative

Vol.2017-CG-168 No.9
Vol.2017-DCC-17 No.9
Vol.2017-CVIM-209 No.9
2017/11/8

Contrastive loss Triplet ranking loss

52 4 52
(#node) (#node)

256x7x7/1 | conv3 256x7x7/1 | conv3 conv3

2%2/2 2x2/2

norm2 norm2

norm2

6ax7x7/1 | conv2 64x7x7/1 | conv2 conv2

2%2/2 2x2/2

norm1 norm1l

norml

16x7x7/1 convl convl

(filter/stride) |/"\ /’\l

positive  query  negative

16x7x7/1 convl

(filter/stride |/"\|

(c) diff

(d) 2diff

1 EFEO X v + 7 — 7l

Fig. 1 Network architectures of CNN-based proposed methods.
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Fig. 2 Examples of GEIs in the OU-ISIR MVLP and OU-ISIR
LP.
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RNFERE E AN D D DBERFEFEY R 7 2 E L, 2
FEOFMIREZ R 5. AARIEICB VT, fAZA
D HF (FAR: False Acceptance Rate) & AAIEEGFLD H
(FRR: False Rejection Rate) @ kL — N4 7fiTdh %%
filiZt b # (EER: Equal Error Rate) % FlifEEE L L,
NBANZBWTIE, 1 FRFER %2 PR & 3 5.
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Direct matching (DM) [28] :

2D GEI % Z N Z Ui EL & A U Kot % R DR
7 PIVERZL, 29 GEI o L2 i FEo0w T,
NV DA 21T ) T

View transformation model (VTM) [6] :

AT E U TREMN AR R EHE T L2 e T
2 (7,29-32) D9 b, mOEARNL, KrEAED I
DT FiE,

Linear discriminant analysis (LDA) [33]

CNN Z 722 WA T & L COREZ, ST
SFTCHED T 2L, 2T, BIBHBISHT
ZAT 9 BN TR IHTIC & O R ITO NI Z 1T 5 .
GEINet [15] (X 3(a) ZI/) :

CNN ZH il FEo b, kb H#iR 1 AT
Dy b7 — 7GR RO T, BEE (fdH) 0%
2=y PRFEFRT - ORPHE L NIGLTED, &
2=y FPOMEICZY 7 ey 7 ABEEREN L 7 fEI,
AJTHHR & 3R T 2 B D3 A — A\ T b 2R % K
Ry 5.

Wu 5 DFiE (TPAMI, 2016) [14] (W) :
BRFO A7 % AT E LT 8 HiJED CNN D
Remal, ANWREES 2 Tk 8 H4ToD CONN
ICDWTIEEICERET 2 DN TH > 7270, K
XTI, 8FHDO CNN DI L, TFTDO2ic2nT
FHEL, FHlFEEREZTS. 727 L, OU-ISIR LP D
WTIE, SCHik [14] © OU-ISIR LP % v 72 3l 52 5k
DTHI T 570, SR [14] IS LT 2558
LMK ETT.

— LocalBottom (LB) ([ 3(b) &) :

2in B LN diff £ EFEIC 2D CNN 2223, convl
JFcEB VT, 2MOEBROHAZITI . HHROMED
Bz, 774 0% 2T, ANEBOEAN FH
LD, fABIZ oDy bEEL, V7 hey
7 AR R B L 7AED, 20N, AJIERDFE—
NITH HHEHR, B N\WTHIMEREZERT 5.
Mid-LevelTop (MT) (¥ 3(c) &) :

LB LIZIFAMOME 2 KO0, 2 OBz HiET
BHLED convl JETIE % K conv3 B TH 5.

3.4 EERER

OU-ISIR MVLP & & ' OU-ISIR LP D DD HRT —
FR—= 2% O R Z 7o iR 2 2 nZFhk 1,
RK2WRT, 2L, RPoftld, 45mO281H77 <
7 (&16 R7) o TZNFNERZT O, B HO
EDOREZIIWZOVTOYEHE LD THS, £7, M
DOREFEE LIV ZNS ZHE L FIEITOVT, F%R
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Fig. 3 Network architectures of CNN-based benchmarks. N,

in (a) indicates the number of training subjects.

DEEZRITO, RICKRRETIE LICRTIL L DK %21T ) .

3.4.1 KRB UERY M7 —UEEDE

(1) SBREEY RV DEWIC KT S5
#1, £2 X0, 1FZFEHRIE 2i0 LD B 3in DI,
dif X9 b 2dif DFTHBRL L->TED, —7J7, EER
X 3in &K DD 2in DFD, 2dif K Db dif DFDRE S
o TWwW3, £o7T, 2inE L diff \FARNGEICHE
LTED, 3inE X 2diff IZEAFRINICE L 72 FET
LS5,

(2) BAAREICK 2 RZDEWCHT S
1, £2&0, ANEBROBHGTADZEI/NS W E
Ex, dif B X 2diff DFERVPE 0, BT RO
ERRKEVWE EIZ, 2in BLY 3in DFERPREL &3S
ERPR SN, 7771, 2in B IO diff D 16783
K, 3in B L 2diff D EER IZOWTIESTLHID
fRIAZ S TIEE > TR WL, 2L, 2in B LV diff
EARNGBAEERE SR 2 % k9 ICEEF S, 3in B &
O 2diff \ZAENGERAIERE DS € 72 % X ) ICEEF I LT
W5dTHS, 7z, OU-ISIR LP OSSR TIL, diff
BXU2diff 23 2in BX U 3in £ Y bEICRL 2o T
3%, Z#E, OU-ISIR LP D KD AN 30° &
OU-ISIR MVLP D& X D /NI wicoTh 5. M
&b, dif B X O 2difF B TIDZEI NS W E &
AR T, 2in B X O 3in FENHEOZEIIKR
EVEEFICHELTFIELESA S,

(3) 2 2D CNN Zfi& LIIBSICDOWTOFHT
Eido L9z, 2in B IO dif IZARNGRIEIC, 3inB X
O 2diff IFEAGEANEL TE Y, £, EiET2 A
HDOEEZITS 2in B X O 3in & @ CLEIE %179
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Table 1 Recognition accuracy comparing our method with the benchmarks using OU-

Vol.2017-CG-168 No.9
Vol.2017-DCC-17 No.9
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ISIR MVLP.
Rank-1 (%) EER (%)
Angular difference Angular difference
Method mean mean
0 30 60 90 0 30 60 90
DM 77.4 2.4 0.2 0.0 20.3 6.5 25.2 41.4 46.2 27.2
LDA 81.6 10.1 0.8 0.1 24.4 6.2 22.7 35.7 40.1 24.0
VTM 77.4 2.7 0.6 0.2 20.5 6.5 26.8 34.2 38.5 25.0
GEINet 85.7 40.3 13.8 5.4 40.7 2.4 5.9 12.7 17.2 8.1
LB (Wu) 89.9 42.2 15.2 4.5 42.6 1.0 3.3 6.7 9.3 4.3
MT (Wu) 89.3 49.0 20.9 8.2 46.9 0.9 2.5 5.2 7.0 3.3
2in 75.5 37.9 24.9 14.9 41.2 1.3 2.4 3.5 4.4 2.6
3in 85.7 47.8 26.3 15.9 47.9 1.3 2.3 3.7 4.7 2.7
diff 73.6 32.1 11.8 5.2 34.0 1.1 3.0 5.7 7.2 3.7
2diff 89.1 40.8 17.6 7.8 42.9 1.8 4.0 6.6 8.5 4.7
2in+diff 80.0 41.5 26.1 15.6 44.1 1.0 2.0 3.4 4.2 2.4
3in+2diff 89.5 55.0 30.0 17.3 52.7 1.1 2.2 3.6 4.6 2.6

¢ 2: OU-ISIR LP % H\» 72 2REFHAE o Lhii

Table 2 Recognition accuracy comparing our methods with the benchmarks using OU-

ISIR LP.
Rank-1 (%) EER (%)

Angular difference Angular difference

Method mean mean
0 10 20 30 0 10 20 30

DM 91.5 49.5 11.2 2.8 44.6 4.3 8.4 20.2 31.3 13.2
LDA 97.8 97.1 93.4 82.9 94.6 2.1 2.5 3.7 5.7 3.1
VTM 91.5 64.0 37.2 20.5 58.7 4.3 10.5 14.8 18.9 11.1
GEINet 96.5 95.8 92.5 84.9 93.8 1.9 2.1 3.0 4.9 2.6
Wu [14] 98.9 95.5 92.4 85.3 94.3 - - - - -
2in 97.9 97.6 95.6 92.0 96.5 0.3 0.3 0.5 0.7 0.4
3in 98.5 98.2 96.4 92.3 97.1 0.7 0.8 1.0 1.4 0.9
diff 98.7 98.5 97.2 94.7 97.7 0.3 0.3 0.4 0.7 0.4
2diff 99.1 99.0 98.0 95.1 98.3 1.8 2.0 2.7 3.9 2.4
2in+diff 99.3 99.2 98.6  96.9 98.8 0.2 0.2 0.2 0.4 0.2
3in+2diff | 99.2  99.2 98.6 97.0 | 98.8 1.0 1.1 1.4 1.9 1.3

diff 8 X O 2diff £ TlE, WAMNWIZZ OWEPEL S,
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