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Abstract: The traditional handcrafted features rely¢heavily on the appearance characteristics of pedestrians and the deep
convolution feature is a high-dimensional feature,(Se,\ it will consume a lot of time and memory when the feature is directly
used to match the image. Moreover, featuresfromh higher levels are easily affected by human pose or background clutter.
Aiming at these problems, a method based on deep multi-view feature distance learning was proposed. Firstly, a new feature
to improve and integrate the convolution feature of the deep region was proposed. The convolution feature was processed by the
sliding frame technique, and the integration feature of low-dimensional deep region with the dimension equal to the number of
convolution layer channels was obtained. Secondly, from the perspectives of the deep regional integration feature and the
handcrafted feature, a multi-view feature distance learning algorithm was proposed by utilizing the cross-view quadratic
discriminant analysis method. Finally, the weighted fusion strategy was used to accomplish the collaboration between
handcrafted features and deep convolution features. Experimental results show that the Rankl value of the proposed method
reaches 80.17% and 75.32% respectively on the Market- 1501 and VIPeR datasets; under the new classification rules of
CHUKO3 dataset, the Rankl value of the proposed method reaches 33.5% . The results show that the accuracy of pedestrian
re-identification after distance-weighted fusion is significantly higher than that of the separate feature distance metric, and the
effectiveness of the proposed deep region features and algorithm model are proved.

Key words: person re-identification; Convolutional Neural Network ( CNN) ; regional integration feature; weighted fusion

strategy; distance metric
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Fig. 1 Framework of the proposed algorithm
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Tab. 1 Details of datasets used in experiments

Bigse #1D #image #camera evaluation

Market- 1501 1501 32668 6 CMC/mAP

CUHKO3 1467 13164 2 CMC/mAP
VIPeR 632 1264 2 CMC

Market- 1501 J2 H B R 2T G AT A B ELIESE
B 32668 MARICHA AL , Ho A S A R WL A 2R )
1501 M E 4y, BT A BB E B RLZ 1 6 & EEIIAE.
WRIERGREBLE R E D AP  REA 751 A8
& 12936 KA G MiLER 750 A @75 19732 FKER, Kk
i, ISR P A 3B IR 750 A, 3EH 3368 1R BB & i)

£E M TENEPHENITAEE, FEENRE PRI
BHEAR—REATA BT IR EH U HEE 5 LIRS R

CUHKO3 1.3 1467 fif7 A 13164 igE 5. BMTA
#B 2 CUHK & MM &R G A8, i AE— 18
BT RIE 4.8 RER. ZAIEERM T labeled 1
detected B IR , A ST MR E 5 BT T ER,

VIPeR 247 AZE IR B 6 B i) 12 SR 4R, 1y 632
PN BT AT AR A P FIEE S, XESHELL A
[ R Nl B W TP i g o N 0 N v g I 2321 1
SRl R TR B A Al A b o i 45 G A TR AT A BE i B
FH itk VIPeR $imE BA ik

ASOB AT N E R AR A B AR R R R b B, (T
Rank1 BR &8 — ¥ fir v o) D G 7 7 2R 15 39 #E 5 % ( mean
Average Precision, mAP) PI-MEALFE 4R3I Market- 1501 #1
CUHKO3 ¥4 45 E B IHAN gk gk, mifl F Bt VT e il 28
( Cumulative Matching Characteristic, CMC) 3& 3 i ¥ 38 £
VIPeR Ik i tEaE
3.2 & Market-1501 ERYSRI&

AICH BTERAR I ET EG MR IF GBS LIPA RS
R EIAL, EEERE b, AR ResNet-50 | RS
JE—BSPURFLE , JF0 7 A S TSR ST IR B E TR &
AR M & , &0t 12 B—fbab3, 3 i nEEs 8
FIMRYE VR ERRAE , K10 B4E805% T4 EE R, sis 2 m
FTRE e E4EHC 2048 4k, #2E { F LOMO S:EFT
A ZeEEH 1 IR SR 1) BB N S o BINARLE ST
EWTE ALV EHRSE b A SO EEERE L = 4, IKSH
a = 0.5, iS4 o BRI 1548 LOMO RREFT X R G I
FEFRIEMIAHN BB M, 54 SCHR Y B A Fusion Model
HEAT LB B R L 4« 3T FRIR 3h 1) 5 SR 4 1iE X £ ( Symmetry-
Driven Accumulation of Local Features, SDALF)!®  {i] 4% f& 1t
( Bag-of-Words model, BOW) ™! LOMO™  CAN'™ 1D 313
# A (ID-discriminative Embedding, TDE) ™) (FHt IDE(C) 3%
/NPT BEAL Caffe, IDE(R) 3878 BT FIBEAL R Resnet-50) , 5
AR5 it A (Pose Tnvariant Embedding, PIE)"®" il Spindle
Net!!”] o 22 SR B A, & LK Fusion Model 5 PIE
(Res50) #HLL Rank 1 PEREEER 1. 52 N E Al &SRB T
TREE X B G4 1a) & ( DRIF) , AE MEASRAE 0] S 2L B4R
THEES R AR, BT LIS A SC ) Fusion Model 5 DRIF #H Lt
# ,Rank]l RMERE T 3.77 MES A, mAPHE S T 5.46
B A WA SR I B B R B AN

T2 Market-1501 HIFEE FRAEEHIWERILE %

Tab. 2 Experimental result comparison of

different algorithms on Market- 1501 dataset %
yidis Rank1 mAP
SDALF!S] 20.53 8.20
BOw!!2] 34.40 14.09
LOMO +XQDA 43.79 22.22
CAN[14] 48.24 24.43
IDE(R) +XQDA!®! 71.41 48.89
PIE( Res50) [6] 78.65 53.87
Spindle Net!!7] 76. 90 —
DRIF 76. 40 56.04
Fusion Model 80.17 61.50

T DL S I 4548 2T X B S AR 1 Y
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£k ¥ XQDA BB A T35 10 IX 3R 4 1) -5 55 41 LA
O HHRFE 4% Bow!™ (LoMo™ [IDE(C) ™*) \IDE(R)
PEATHLEE, B5 53k 3 TR, 4 SC4R Y 9 DRIF 454 5 IDE
(R)FREAH Lt Rank] {H3R & T 4.99 E 408, mAP B S T
T 15 ANES Ao

F3 Market- 1501 B3 F FABTHIRERSE %

Tab. 3 Experimental result comparison of

different features on Market- 1501 dataset %
ik Rankl mAP
Bow!12] 41.39 19.72
LoMo!! 43.56 22.44
IDE(C) ! 57.72 35.95
IDE(R) %] 71.41 48.89
DRIF 76.40 56.04

Bl 2 B =AT B R AR X — R E b,
A NSE—ATAEE A1 5 B2 # ] IDE 1 DRIF 4RAE4S 2] 9 HE
ZEER EFRTANE R R SEWNERETR—MT A |
Bl 2 ATRAE %4 T DRIF 4$4E, £ HE 4 51 R TR AL 518 2
ZIEMVEECEIAT A, T IE A% VL A2 5947 A B J3 7 IDE fy$E 4% 31
b, 2 — U 4 SCHR Y DRIF RRAE 2 BA 5]
eiv]
i

IDE

DRIF

(a) il

IDE

(b) 7RPI2

IDE

(© b3
B2 7 Market-1501 b =W i 18 B9 L B ORI
Fig. 2 Experimental results of three probes on Market- 1501 dataset

3.3 ¥ CUHKO3 FRysZie

1 CUHKO3 ¥4 b, A 3l B 252l F Market- 1501
N R MR TS PERE . B B BOR R 48 20 4 DIl
SREEFIINRAR , 203 B 767 T A 700 T ALH R, 7ET
B, W R BRI BEILL R G B GREA
W, I P AR B A EEI B B b B0HE a8 42 24 59 st Rl 4
FNGRE AP AR, AR TRAEZINSMM K, W TF
CUHKO3 $iEEHIHm - KIT B AR 4 FiR

AUBERERE L = 4 IS8 = 0.5, RS B55R
R, A SC4E 9 Fusion Model H LOMO 4%4E1! (IDE( C) !

I IDE(R) " 331 M REEEAT . A SCHR H1 9 Fusion Model 55
DRIF #H . : ZE I 2545 “ Labeled” | A Rankl (HE S 2.3 ™A
Ay, mAP HE R 2. 8 N E 4 TE MR 4 “ Detected” | 1)
Rankl A% %5 2.5 M E R, mAP HE R 2.0 MM, X
Ui B A SCHE R B AT -5 45 28 ( Fusion Model ) 27H R(H) -

4 3f CUHKO3 $0iB s gasRa 4 3
Tab. 4 New classification of CUHKO3 dataset

ARSI Y124 Labeled MR 4E Detected
Train 7368 7365
Gallery 5328 5332
Query 1400 1400

#S CUHKO3 HiEEHIEANTREEENTHRERMLE %

Tab. 5 Experimental result comparison of different algorithms on

CHUKO3 dataset with new classification rules %o
s I|4-£E Labeled Wi £ Detected

itk Rankl mAP Rankl mAP
LOMO + XQDA[! 14.8 13.6 12.8 11.5
IDE(C) 15! 21.9 20.0 21.1 19.0
IDE(R) [%5] 32.0 29.6 31.1 28.2
DRIF 31.2 28.4 30.3 28.5
Fusion Model 33.5 31.2 32.8 30.5

3.4 1£ VIRER W-Hy3LE8
VIReR $4E 42 A0 5 FAT A MR R A SR A, BRI TG T
AR B LA A b 28 SR i I 4% , 7 LA A SCR I 47548
JEfHF Market- 1501 SR A A9 & BRI 1L Y Resnet- 50 AL,
LRAEFRY] LRI — ZE T, FHAR R SRR T
DRI SR IR 26T, {8 PR R ek R 280 Lo o i A
BUCRZLYT , BB A AT A TE TR H30a 28 o I 2% ek 6 0 o
TR 5 G 8957 AR A A
AICRAT T HRIRY CMC Jr k3R T & B Al
Xt T VIPeR, BEHLIERCRA—F A (316 N) #ATIIS, HAA
BT, fERBYOTAG Tk, -5 VIPeR MR 224
SEHEMPIALE, 7£ VIPeR i b WERERE L = 4,
WS H o = 0.8, X L B 15 W £ WL B AL ( Deep
Multi-View Feature, DMVFL)!! Deep Feature Learning' .
LOMO 45 4EM! CNNU®! | 2 o = 0. 8 B, Rankl & fH %
75.32% , HEZ HT 1.5.10,20 ( B Rankl, Rank5 ., Rank10 7l
Rank20) i R W3 60 H13K 6 T, A SCHE HH RIS R & 5K
R FE SRR AR 145 B ik R Bl T HL 5 53 AP R BUE &
Market- 1501 1 CHUKO3 ALt , B B RIZE VIPeR B4 b
BENRBCR R BB E T
6 VIPR HIEEETREEZNIWLERIIL (P =316) %

Tab. 6 Experimental result comparison of

different algorithms on VIPeR dataset %
yiki Rank1 Rank5 Rankl0 Rank20
DMVFL! 46.41  74.92  86.14  95.03
Deep Feature Learning!®>!  40.50  60.80  70.40  84.40
LOMO + XQDA!! 40.00 67.40  80.51  91.08
CNN8 22.50  49.50  63.20  79.80
DRIF 32.71  55.63 74.45  86.78
Fusion Model 75.32 94.62  98.42  99.37
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R T R SOP T IR R A R AE VIPeR HiE & b
WA, FEMET R — R ik XQDA WIFTHR T, RS
FE I LOMO 4%4F . Resnet- 50 P B FN8 V8 () Resnet- 50 #8145
FIMPEREAIR T Fim, R T PRIGRFAR SR A
HORBE, BT LOMO RE3R T HSV 1 SILTP B 7 A, itk
BTERE PR T RIUBCRTEAE, AR R
VIPeR $UE A A AL, R 7 T iS5 SRR A SCAR | i A
BRERET 5 B S S5 07 A KR AR AL i BE 48 A
RV, B ERET AT RBIMERR, ACRE MR
BRI B PERRIL T LOMO RRIE, 55 80 8 A LOMO %#1iE
PLK AT F-Resnet- 50 BIAY 12 U FRFFE X R AE HEA T HHAE
BB R X RS RIEHEA T R RS B A LG, Bl LOMO 4
AEFNTRBE X IR A FRAE ( DRTF ) 53 9 - REAE JE 85 R 4875 2 3¢
e YU T B TR I RRAIE R B Y Bl B SR B B A ) B
1,9 — R A SR Y X R A R AE R LOMO RRE 1Y
FAMRFIE

7 VIPeR BRE L ARAEBWLIERIILE (P = 316) %

Tab. 7 Experimental result comparison of

different models on VIPeR dataset (P = 316) %
I Rankl Rank5 Rank10 Rank20
LOMO + XQDA! 40. 00 67.40 80.51 91.08
F-Resnet-50 42.70 69.78 81.14 91.99

Fusion Model 75.32 94.62 98.42 99.37

3.5 WARESH

{# F] MatConvNet ( Convolutional neural Networks\for
Matlab) T E., #I| F§ ImageNet 4% %)l Zx Market-1501 $ed £,
T 2% Resnet-50 {ifi B BRIA S 8035% &, T M\ IniageNet Fi 56
ISR BIRL b FEAT R0 . B R TE I8 A R 46 2 R4 1 2
224 x 224 KN WG X AR E R 0. 001, FETE B RER G
Az F—kE 1710, Y1 ZREA 36 WZ 58 . A T IEW i
VAR IR B, 7E VIPeR U4 4R b I 0H iy AR B kAT 52
%, 433 FH Resnet- 50 4% LA & #0853 /5 # Resnet- 50 R 4%
(Fine-tuning Resnet-50, F-Resnet-50) {2 &SR Z4R1E , Fx4
P MR RLR I [F]— 2 = 254 FBRRFE A XCBR G R IE T i
BN 2048 LEARHIE A B P HEATIE R R, R 8 PSR R
1, R AT AR VU R SR o ol J5 B W R B R T IX A3

ANTR) RUEE 1 1 A A 3 RRAE - Th] 2 B P54 CUHKO3 b g 47 55
5 SRR 9 BN, TGRS, ML = 4 8F BN H N X
BRARHE I B T B R R BT

BT MRAEGARHE AR R & B B IG , S8 o n
FUPPAG TR I3 X IBURAALE [ B FAE 45 LOMO RAE i A X B
Hb0<sas<1,HE3 FIH, Y a = 0.5 i, 7€ Labeled FI
Detected P P32 1) Rankl F1 mAP HH &S, B 7
CUHKO3 $iRERB 2 MR R -

®9 RATAREHELIENEE

Tab. 9 Performance with different scales of sliding windows

I Il 4542 Labeled Ml AE Detected
Rank1/% mAP/% Rank1/% mAP/%
2 27.7 25.7 21.1 19.0
3 27.5 26.0 28.8 26.3
4 31.2 28.4 30.3 28.5
5 29.5 26.0 28.1 26.3
32 T 34 =
30 - )’/m Sgreas] 32 e A8
i 28 [y i G IR T) | S S o
326 = 28}-g-
Ay
524 I.' gzs ,7'
22y/ [~ Tabeled || ™24/ ~a-Tabeled
20{ —0—detected 2 —0—detected
18 20 '
01 03\ %5 07 09 “0.1 03 05 07 09
a a
() o B m A PAE B9 205 (b) afXRank BTN

3%/CHUKO3 3£ FARWIY o {EX mAP #1 Rank1 {E )50
Fig. 3 Impact of parameter o on mAP and
Rankl on CHUKO3 dataset

3.7 BITHESH

N3k 10 Fs 2 VIPeR $iE 4 b BA R T R 52
BRIl FTRAF Y, A SCHR S 00 3% BE X SRR AIE SR B s b —
S P TARMESRIBUT BB T, B 40 T AR W) 3 R RRIE B9 B 7 22
#18 4% ( Covariance descriptor based on Bio-inspired features,
gBiCov) 1! ; 5 LOMO = T4¥4E ,CNN 4$4E \FFN S04 L, A
SCHE I ¥ DRIF RRAE 48 & & 2 048 4k, BAG B4 %, OF
BHAEFSTHER 2B, EEE B RE g 2t (A
BV , A SCH Y 0 IXSBUARPAIE Ta) B2 B R B3k T A SR 0T o

F 10 HiEEGRDUHERN TR E

Tab. 10 Average time of extracting features of a single image

s N Y o i eV
HET R T RS TR B, FHR R T IR, Jrik BRI IEL s HEAEARE
BiCov! ™! 13.62 5940
8 {8 Resnet-50 AEBIXT BEIABIMELE ORI (P = 316) % &
® wﬂ;]abes;e 1 ﬁiﬁil ! Eﬁff’“’ ﬁéo b LOMO!!) 0.27 26960
. mpact of tine-tuning of hesnet- (18] 0.18 4096
model on re-identification performance (P = 316) % CNN :
FFN(2] 0.76 4096
Bk iR Rankl Rank5 Rank10  Rank20 DRIF 0.42 2048
Resnet-50 29.30 59.68 74. 46 86.93
F-Resnet-50 42.70 69.78 81.14 91.99 4 élﬂﬁ: iﬁ‘
3.6 B AT — BT ARSI R AL,

W 1 XIR A R BT AR A S AR A BRAF T —
RE WY B X I, T F5 26 S FH g B2 1) A0 07 23 S 0 ) DX ey
il o) B G NARRRAE , P ARSI T LA B4
T UBRRILE . Uk, 37 R R AE T T 20 45 B 40 R 4
FEARICH  HEZ R B & R 40% o TELH, 0 L 7

P15 Resnet-50 PRI = 4EBBURRAE , HHEA R E KT HE
TERTERBEHBLS B2 T IRME A X IR AR 1) 8 5 IR
JE DXCRIR S RHMEFIE SEF TARE LOMO WM L &, S
BOMBAIEA 2% B AR X E M, 350 A R AR & 7
KEFIRA T E MBS, HRAEEE TN &
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Market-1501 ,CHUKO3 1 VIPeR =¥dade b ATk, 26

FNEP L REILT , R B 5L 5 R WA A SCHR i i B L R AL 7

615 Rankl fil mAP ¥ EAEI BRI, R T ATiRE

BERA R T — P BB 2277 1) 2 42 B S R 1

i, [ BB B BT, (SR AR AR AL & 7 ik BB S B

RAT AE R PR
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