Computer Science and Application HEHLAIF 5 M, 2021, 11(5), 1301-1314 Hans Y
Published Online May 2021 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.115132

4R SE LT
T AEIRS)

RITT, BWE, ERX, B 4§

FRE T RA T HHLEE BB, =i AL
Email: m17185380928@163.com

Weks H . 20214F4H17H: FHHEM: 202145 H11H; KATHM: 2021455 18H

=

T AERFIEI B B AR5 BHR 5 BUE BT BT HeE, T 7E BIG 2 R B s ¢
BN REHFIT ANERHNEETRE S DNIERERNEEE LTI B, BEERIX 4T
FIRARE B E L R R BBREHINEH T RRSHTHUAA R M FBERMET. EHit, FLERRA
R EREAT, BEHERETIIS. FEARE T — NS EFER SIS A E ML RS
EIANTRBITANE R T BASEERINEST ABGRERHEW 4G ST EAR A,

FRAE A RE N VAR F 5, B 5 R — R 5 IBR REOR S| S5 0 P 452 3] R e BdE
£ FREEARE. fEMarket-15011DukeMTMC-relDF N3RS F ISR 25 BT, A CIRBRIFE

ARIFRE T BEHFR
XA

ITAERG, BEERNIME, EHEREMNZ

Unsupervised Person
Re-Identification Based on
Multi-Dimensional Attention
and Part Focus Network

Keke Ma, Lixia Xue, Ronggui Wang, Juan Yang

School of Computer and Information, Hefei University of Technology, Hefei Anhui
Email: m17185380928@163.com

Received: Apr. 17", 2021; accepted: May 11", 2021; published: May 18", 2021

SCEG| M BRI, EEENEE, ESRSE, MR, 2AEERO S RO TR B AT AEIRAID). THEAURRE SR, 2021,
11(5): 1301-1314. DOI: 10.12677/csa.2021.115132


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2021.115132
https://doi.org/10.12677/csa.2021.115132
http://www.hanspub.org

JRATA] 45

Abstract

Person re-identification (Re-ID) aims at finding a person of interest in the image gallery by com-
paring the probe image of this person with all the gallery images. Most of the Re-ID algorithms
conduct supervised training in some small labeled datasets, so directly deploying these trained
models to the real-world large camera networks may lead to a poor performance due to underfit-
ting. Therefore, it is necessary to train models without explicit supervision in an autonomous
manner, and propose an unsupervised Re-ID method based on Multi-dimensional Attention Net-
work (MDAN) and Part Focus Network (PFN). MDAN can model and utilize the complex high-
er-order statistics information in attention mechanism, so as to capture the subtle differences
among pedestrians and to produce the discriminative attention proposals. Then there is a PFN,
which is deployed into an improved spatial transform network (STN) so that each branch can fo-
cus on different parts of the pedestrian. We evaluate the proposed method on two public datasets,
including Market-1501 and DukeMTMC-relD. Extensive experimental results show that the pro-
posed method is effective and achieves impressive results.

Keywords

Person Re-Identification, Multi-Dimensional Attention Network, Part Focus Network

Copyright © 2021 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

17 NE iH il (person re-identification, Re-ID)HH T-fEALM R 1% . AN B S 2N, T4k
BT R O . R, B T ARNL PR A IR A B S, I8 TR B S R A
BB A, BEBT AR IRGAI[L] [2] [319%K. AT NERBIF R T — AN e BEMBEREA, B 2l
—ANEBERN TS, SR ADIEG, 17 NEIR0 B AR 23R B RS E— LA H
(] 478 42 21 1 5] — A At 5

B UAE, BRI 70 & 22 50T N IR 0 5 SR E 2% 21 [4] [5] [6145 /e —ie, JREUS
TR . DU AT N B R B TAE R R T W B 21 [7]-[14], EAMBAE o] Lo BE— XS AH ML
ML B R & T shhric (UG EC AT, K2 ST iZ A UAR AR Ak B4 AE 3R 7R sk DT I B B bR 2. SR T, S Aot
B F B AR A AE IS F S S Sk Ao R, 1 BLAEVF 21600 T & AT . Blan el REA 2%
BRIV ZR N SATE R A AU B A BB R . 3 BRI T e E B S N 3 5 R i S v A T A

ok b v, — ol R R R T e T T I B R [15]-[26] . ELAR — SR W B AT N E R AL
CAIRH, HESRESY I EMW, B RMARES. —ANFEEAERE, wREEERE
FbRIC B, U JC B 7 VR AR AL A T SORT R T B = 5 A0 P R A [ B 40 A0 D R AiE 2R 4K T 7
L ERR . ik, TARE T — A2 4EER BRI IAT NE R A . RSN, %
PR DA B i EL T T R 1S e S, TSR U B S PR I HRON AL o

Ak, AT NE ARG rp— 3T B A B 7R [12] [1ATH 3R H SR SRRt 1 3 T 4 SR R 1 7 v
i, Rahul & A\[12]#& H 73 TG 7%, ¥ EBURHAZ P 2] —A LSTM Mg, &5 T

DOI: 10.12677/cs5a.2021.115132 1302 H LR 15


https://doi.org/10.12677/csa.2021.115132
http://creativecommons.org/licenses/by/4.0/

JRAT A 45

FHIERLA . Wei 58 N[14J3EH T —F 2/ - Jalixd 55 R 1, SRR AT MRS . EAR
BT AR E AR T R T AR 7R, AR R R I T S UC EC AR AR 1 . AR e SR A
T AT ARG xS 55, AT T 2808 . e, FRATHE T 3B A S BEHR AR pe S AR 0] S5 1 I R . 1%
R AT USSR e 05 AR AP M b AT VT AC, AT B E S FL A 6 1 1) SR AR A

BT UL W, AT T —> 2 4 =B 7 W4 R E O N 468 A 2% 2 G I BT N E AR
o B — A2 YRR I BHCR R AT N R S R T SRS R — AN A S N 4%
W BB B — NSk STN G, AN 4 30T RLOGTE NSRRGSR e . o SRR AiE
HUF 2 B RFAE

A3 AAE RS O AT AT N E U I B0 48 BRSO 7 iR AT T PR, B FE Market-151 Al
DukeMTMC-relD. 5 SRF A SCHE H )77 B IS T R 1 R0k .

2. HXI1E

FEAAT R, il ERUAAT NE R 2 BT B CAF, BRI AT N B IR0, BB AT AN SR AT
N ARG A B = 1AL

2.1 BEBITAEIRS

MBS 2 5 J5 VR R AT N R 0] R B P 7, B RE I T RAE R 2 31 [7] [8] 2T &2 21 [9]
[10] [11] 2T JEEBHpfiE 22 31 [12] [13] [L41/04T N B AR A, EATF A 55 T A4 W 4% RS R & .

RAE ST R — PR 5 WIAT NE R 5, B EER S T HERMAE MK PGE K E.
T2 W 25 7T LA B 2 M 46 BUSBE AR IR AT 55 75 3K B SR BGRIAERHIE,  fr DA — S8Rl L35 4247 A
A 1) A AR 43 KB IGE ) . 140, Zheng &5 N[714& H A H P AR AL R 2% S0 AT AR T, 43 il
I FBRYFIGUF AR o b 23 AR N R EAT PO, AR 3000 ) 1D Skeat B KR =k . BRiE
BRI & P kR (ARRAE,  FIT 5K I v R S A E — S 4. Lin S5 AN[8]3& H T 5 T @ ME A0 & 4 2% 21 1)
Jiik, PR BRI 22 ST BI4T N 1D REE, 8] DL2E 3 347 N R PERRAE, 1% R KB 5 7 BAY )
ZAkRE

JE B2 o) B AR IE T X 4 2 ) R Ak BER IOARAURE o« 7EAT N EE IR W L, BARRIUA R — A A
AR P AR R F AR FE B AR . B2, Rahul 28 A[9132 H T — N 3ET Siamese 4% 1) 75 1%,
K —%F B N B0 2R A R 2 e, e A8 SO I K B R AR LA RS, 84S TERE AR 2 [ ) R R
WAL /N, FAREAGT 2 (A BE BSIZ# AL K. Cheng 58 N[10]82 H T 5T = JuHBR M 4%, 75 ZH AN =5k
BUR (— X IEREARSS s — St SRREARST), (8 = e 45 R Bl IE AR A S (5 3, HETF SR AR i B B
Alexander 5 A[1113&H T —AHEREACKAE = 0k, F BRI = 02000 SR AR Sl HE R i) #1502
1 5. 5 X 43 K A 50 1) ] 8

FUIAT N E R A 78R K R A R, o R 7k B 19 31— ANREE ) 23T BUR A &
ERAAAE FH 4 R AR A AN BB AB AR, BT DA — S8 HF 8 3 P46 %35 SR BB . 9120, Rahul 25 A [12]
feth 7 ET EUR OISR T, RE R EEDVIEDAE T, ZIFIE S A LSTM Mg, ek THE
fERLG . A TR DIBTCIEN S5 M8, Zheng 25 A [13142E H T T LAt 115 9677 s 1 1 7%,
T Sl LA AT AL T AT AN 14 A OCHE R, SRS 15 F 07 SR AR 4 A A A [ AR OB RN 5, X ek
B 0T UK AR ST AR ERAL . Wei 28 N[14148 HH T —Fh 45 - R B0 55 AR IE R R 7, SR AT A
BRI i

DOI: 10.12677/cs5a.2021.115132 1303 MR 5 R


https://doi.org/10.12677/csa.2021.115132

JRATA] 45

22. THEITAERS

AR — LU R FUE B T B T TR A AR M 5k [15] [16] [17] [18] [19]. #ATH, B0
HAREE, e IR AR ZE . B, Zheng £5 A[15]52 HH 7 —Fh G i B ) BOW $iliik 7F, 2 ER
RAEAGNIB R, BT NE R Rm BRI E T B, H R RPUEITEC . Liao 58 A[17]#8 H —14
FHESREUT V2 LOMO, EEHEHR T IAIPL A vl @, 52T HSV Zith B 7 AT XQDA JE& %> . Tetsu
N[O T — Pl TR R AFAE R E IR ARG IR T, 38 73 J2 o 0 20 A 463 PEAE v 1 ) 3 X 3

BT R 2 ) 2% 7 e B AT N B R ) s b BAS 7 mT EE AR It e, DR — SS I SE  AE TE B AT
NE G PAEH CIREE I OE, PR T RO . BT TR B ST I TE B U R Sy
BT IR T MR B AT N FE AR IR T B sk ) T B AT N E R

Ao HT[20] [21] [22]2 — PR IAAFAE R E I BHR BE 52 ) ik, LA, BT RBM B BT NE
WA . B, Fan 2 A[20]82 H T 9 T R SSAMOR i 6 W B 22 31 U3, KM K-means R 3E(ThR
AT, B PR EUAT S BRI L AR X IR A e I 2 B AT AR, 2 SRR . Yu 25 A [21]
PR T T B AR X BRI B R R ) (U7, BT AERTRR Y K-means 528K S IR BB  Lin 48 A [22]
Peth 7 —Fh BRI B EREAELE, M LR Tl e SRR R IRy RGBT AN R R A
/INEE B HE AN — AN SRR /N IE NG T . SR, SRRAG B BRI O AR 25 n] Be & A e S 1Y), DR E AT R
S AH [F] AR 2S5 WL 25 B AN [F) B O RO ARACL L s A5 X4 AL PR N B R A

R, SRR E R T SIS A ST I JE AT N EIR (23] [24] [25] [26]f0 05, FER A
A PR BE SR P R A LE B ARELIE 4R L RE. B, Peng 28 N[23]38H T M B s S &£ 10 3T
B2 2], 8 2 STALHKE N A AR B AN AR 3R 7R M A b 25 PR 50 S 7 6 1 0 b 28 1) H A 580
rf, R T HEIFRIYERE . Zhong &8 A [24]51 N T BGHIARE = 4 5 9k b 22 22 S A0 I Hh ) RGO 2
Bk, FHEES T A REHALHIA T 20 . Wang 55 A [25] & Je R RSk E i@ il ge, 5
5 2] By R M RS RFIER R

Gao Z5E A [26] 1 Jetth 7 “HIMUE N @ L, LAk J5I80RT H bRid 2 (R i 2 5, SRJE R H bRl
H AN SEARATL IR IR 1] 3 2 1 e ) i A X 3 45 B o

2.3 ITAERFPHERHNS

BRI LA, JERE PRI T SENALSE 27190 S T BRI, B B peail[28]. B2 F1[29]
AL TH[30] *TAT NER[31]-[39], WAFIERVF 25 T = ML 7% .

LTI IE IR HEE R WL B S BR R, DU AT A SR AR R A A AN 5 i
Li %5 A\ [34142 H 7 —Fh b 2 778588 (harmonious attention, HA), %A% 8 M 4> & B Hh i i 5 R AL
[l 2% 5] 22 ROEHRFAER]. Song %5 A [31]32HH T MGCAM B2 IR 5t ML AURIE A S5 BRI 30 AT NI RE I,
i 0 2 B S T X B R . Wang S5 A [32]3 Y 7 — Mk TR e S 8 MR R, R IE IR B
I A A ) 2k R G A BB . Cheng <5 A [35]#2H 1 ABD-Net, iZA5 LK = 5 AN 22 4 1T
RN ML, S bl & TIEEM G R, BRSO EE L A s, Lk
AT DL 5 PRGOS ML ) 2 . Zhao S5 AN[37]9 M 1 — bk - B0 SR s M0 23 1) AT 0 53R T
2 T RS TUE S SRR o ST 55 N [39198 H 17— Fofr ik T 8 ) M1 K PAY 3o Je A R ) X0 o S DL S Y 2%
FF R A7 51 ) BT 305 R

3. &
FEARTTH, VEAA 21 T SO 0 M BAT N U 2 SIHESE, ZAEZR AN B 1 R, ‘B2 2T ResNet-50

DOI: 10.12677/csa.2021.115132 1304 TR 5 R H


https://doi.org/10.12677/csa.2021.115132

JRAT A 45

R R 2 X 45

W, R— 2R IR, K ResNet-50 7 A B A4, B PL (from convl to layer2)t5 P2
(from layer3 to GAP). P1 H 4445 € i) MG IR 4R 8 3= 3 (M) 2w i g Hh ERFAE S 8], P2 HI TR SE R
ity i SRR A (8], AT DA R g AT 23K, £E P15 P2 ZIH?EKEKIEQEF”EI’JE R, AR
WHIFE R JJRHE, SBALBT SRR+ 8 . 7E Sec.3.1 HH ¥4l

Hk, AH— Bk STN TR =AM 3, RN SR IMA— AN R B, I A 45
25 (R HHE SR TN ZR BB A ST E A, A4S 20 3R] URVE AR A R A, G4 S iR, 2 5
FRAEAR B RHE. FEATH ) Sec.3.2 T4/ 40

BRJE AR RS, B T A AR ORAF AR R SRR, SRS A — RV 2K R AL
KT G O N 48 2 2] R bR EHE SR E AR AR . TEASTT Y Sec.3.3 HTELHN A

Supervised Learni

Sigrotd al
—|—> 1x1 conv)—— Sigmoid —-I

_____________________ st o] s
Ly _ZZ( Qa*ea®)

. |
- _ ResNet-50 ) \ I o - 1
i ) = layer3~GAP _,»{ PEN =P GAP —{Softmax '—'me\
— ) . (e

.~ — e — e — e —

—_—_— e e e e ——

ResNet-50
convl~layer2

arning

S S ——

Figure 1. The framework of the proposed approach

B 1. WgEHE

31 BYEEFBHER

VE R IHURIAEAT N AR P A g, BUONE RS AT I BEIE 2 o4 N5 5 Hh s B e
=y, RN BATA AR BE R R — BE L. BARMU, X T4 e =4EkE X, FATATLL
B —MNEREER L I X e RO™Y, 0 H WMIZROREIER, A . AT E bR K
T B Y BEAT EUBTINAL, R R R IR

y:F(X)OX (1)

oty e RO R R A B BIAR Y, © FORPI MM RIT R TR, F(X) R MRET, A
JCEMELEIK 1 [0,1] 2 fi].

RT3 0V 2 7 B A RN, R — 400, W 2 D =1FR, (U T4
S S TR R 12 o Dy SEBRA R 1 T s ek B /7B, Wi 2 o, WLD =301, B =A%,
XETH ¢ A, RAER ¢ AVBREHRN 1 x 1 0B (V]| AERIBIE D, 44 E

{Z;}S:lmr o BRAFWIR:

DOI: 10.12677/csa.2021.115132 1305 TR 5 R H


https://doi.org/10.12677/csa.2021.115132

JRATA] 45

ZI =W, X O]
H W) e RO G BBULIIAE, X NN —A =ik
X AR L S A — TS5 ¢ D ST IE RN :

Zr=Z:@”'Oer (3)
ARG —H 1 x 1 (BRI o KRABBIESCN C FIFHER, w2
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3 [0,1] MIBKIAL, 35 F (X ) AR SR(L) 3t 7T B35 4 B8 0 ORI
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Figure 2. lllustration of Multi-Dimensional Attention Network (MDAN)
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Figure 3. lllustration of Part Focus Network (PFN)
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Figure 4. lllustration of the cyclic ranking
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F ResNet-50 [44]1F AL A CNN KR, JH-7E ImageNet B £ [45] L HEAT FIZE, & 4% ResNet-50 [44]
OYERRES S PL A P2, 7E PL ORI P2 Z[AJBUE AN R4 M S, AR RI4E B i s i, A
TR TR R R IE 4 HCR 256 o SR 5 K A [R] PR3 75 RS HUARR A A R A8 FH — 1 S0k 1 2 1) A
W25 (STN)JE L =9 3, TEREAN 4 SR N — AR Gy M 4%, A8 i A AR 25 R B 58 MSMT17
(4315 0 PF O I 2 AT T S5, A 2 VR NARIOAS RIS, BIAE R 3 A 256 4EFIEAFREAE (L, -
B, FEE) X TARMEEA A, R e R AT SR AEAP A SE BT, SRR E N 0.1,
[E] i DukeMTMC-relD [41]%0d5 % LRI E B R %0 s B v 10, Market-1501 [40] LR E K 30, 7EXT
AR R BT VIR, BEAURFEEIME, JRR RNy 384 x 128. 4> mini-batch H1 8 &
KRR, FANER 8 MRELIEFEA T =ik, [ SGD [32)1E NRAFEL, WUk 2
SIREE N 0.0001, £ 20 DA E(epoch) K 0.1. 7EARFRICHIEIE S EXHRAIIAT T 60 NS RI%L
(epoch) I ZR. DUTRCE , R 5] — M BRI ER AF RRAE P AE — kS, TP B IR S

4.3, jERhSCIE

N T XA SR U T BE HEAT BRAIE,  7E Market-1501 [40]F1 DukeMTMC-relD [41]%#E 4 F k4T
TREMIERISEE, SR BN A 0 . SEER2E RUR PR

RGBTSR . R LT LUE H, 40N 4 TR0 RUR Bl .

AN BT SEER B . N 2 ATRUE W, SN O SIS A — e RIS . 2RSS A5 R,
AN 3, R RLT

AN FRE e SEIG e . e 3 T LAE . “MDAN” HI45 R “RAM L ” (45 BELT, “PFN”
IZE R “HRARMGR” (45 RELE, “MDAN” 5 “PEN” B4 2 ] HBCR i it

Table 1. The influence of the number of attention dimensions on the experiment (%)
= 1 EBRNEE ARSI

A Market-1501 DukeMTMC-relD
Rank-1 mAP Rank-1 mAP
2 70.9 40.7 70.2 50.1
3 72.1 415 71.8 52.0
4 73.2 42.3 73.5 53.8
5 71.5 40.9 71.1 51.8

Table 2. The influence of different parts number on experiment (%)

2. FRIARFANEx S HI AT

N y Market-1501 DukeMTMC-relD
A%
Rank-1 mAP Rank-1 mAP
2 70.3 39.7 69.2 49.3
721 41.9 72.6 52.1
4 71.4 40.3 711 50.6

DOI: 10.12677/cs5a.2021.115132 1310 MR 5 R


https://doi.org/10.12677/csa.2021.115132

JRAT A 45

Table 3. The influence of different modules (%)
2 3. FEEREAN RS EXTLiaa

DukeMTMC-relD

[EEER
Rank-1 mAP Rank-1 mAP
HAR M 2% 64.3 36.5 66.9 45.7
MDAN 73.2 42.3 735 53.8
PFN 72.1 41.9 72.6 52.1
MDAN + PFN 76.2 451 75.6 55.9

4.4, FFELSCIE

AR SCHE AR 5 A S B T BT N BRI B 34T T L, B dl: 1) B TF LHE R B
4 LOMO [17]. BOW [40]F1 UDML [24]; 2) T Ehhr%55 > BELAL PUL [20]. DBC [21]#1 BUC [22];
3) F: T MBI 1 i N AR A TJ-AIDL [25]. HHL [26]. UCDA-CCE [46]. SSL-CCE [47]#1 ECN [48].

Horp % 4 & Market-1501 HdE 4 (1 LU 45 5, 7% 5 /& DukeMTMC-relD $lE 4 1 LL 45 R . T LUE
B, ASCHRTTEAERA B AR AR T ATV 5T LHIE 03 T RAE R R AR Y LU
PEREZE IR RO B3 . H B R R X R R 2 5 T8 R ueih,  BRI Tk 2% 21 B s il 03
REIE; 5T DN PR SR LU, AR SORE RS B R AR T2 T D bR 28 27 =) (1) T i BT N B U AR
— AN 1 5 R i T D A 2 1 T 15 T RE 2 K AN [ B A IR AE AL L 40 SR R DA A 2, FE A S A, BJY
AR B A S — SRR, R G A 3T *h 78 55T e B sk & B AT N E R
FIBLRAHLG, Frig s R B B R AR E, — AN ook I R DR R VR BB S E AR G 2 TR ) 22 FEOK
THEMBE > 2 2200, BT AR T EUR B RHAIE 5 ) B AR M 36 % 31 H AR s

Table 4. Comparison to the state-of-art unsupervised results in the Market-1501 dataset

F 4. FRIEEE Market-1501 & FRIMEREELER

Tiik Rank-1 Rank-5 Rank-10 mAP
LOMO [17] 27.2 41.6 49.1 8.0
BOW [40] 35.8 52.4 60.3 14.8
UMDL [24] 345 52.6 59.6 12.4
PUL [20] 45.5 60.7 66.7 20.5
BUC [22] 66.2 79.6 84.5 38.3
DBC [21] 69.2 83.0 87.8 41.3
HHL [26] 62.2 78.8 84.0 314
TJ-AIDL [25] 58.2 74.8 81.1 26.5
UCDA-CCE [46] 64.3 345
SSL-CCE [47] 717 83.8 87.4 37.8
ECN [48] 75.1 87.6 91.6 43.0
Ours 76.2 89.1 934 45.1
Table 5. Comparison to the state-of-art unsupervised results in the DukeMTMC-relD dataset
% 5. NEEEAE DukeMTMC-relD $i#E5E A9 RELL S
ik Rank-1 Rank-5 Rank-10 mAP
LOMO [17] 12.3 21.3 26.6 48
BOW [40] 171 28.8 34.9 8.3
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Continued
UMDL [24] 18.5 314 37.6 7.3
PUL [20] 455 60.7 66.7 20.5
BUC [22] 474 62.6 68.4 275
DBC [21] 51.5 64.6 70.1 30.0
HHL [26] 46.9 61.0 66.7 27.2
TJ-AIDL [25] 44.3 59.6 65.0 23.0
UCDA-CCE [46] 55.4 - - 36.7
SSL-CCE [47] 52.5 63.5 68.9 28.6
ECN [48] 63.3 75.8 80.4 40.4
Ours 75.6 84.4 90.7 55.9

5. &ig

FEARTCH, BRRM T 24EER M, SHEBHLE BRI P g E BT AR, N

M PAT N A iz 5, 72 AA KON ER . HR, S —ANSoEm STN B =3, 1
BN SR IMAN— BRI IS, I T A AR B AR TN R iR SGE M 2%, A4 A 7 ST
PLOGIENARAF BRI o e R BURBREL (] T — INME A 8 RAF A S0 00 SRR AR, JF i — &5
R BRBOR 5| 3 A SRVE P 45 27 SR ARG B £ BRI AE . KRB R SRIRINIE 12 VE A R .
ST H AT AT N R B S A B YRR LK LTS 1D B9 B, SRR BEAS 1 3% T IR 2
AT NERRB BT Bk, £~ PRI, AT EUE AT GAN SRIE i Kot & (1 MR A T 328 ey A4 7
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