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Abstract Video-based person re-identification problems are caused by perspective changes, lighting variations,
background clutter, occlusion, appearance similarity, motion similarity, and mismatch resulting from the distance
difference of same person with different modal features. This study proposes a video-based person re-identification
method that combines multi-level deep feature representation and ordered weighted distance fusion. During the stage
of person feature representation, the multi-level deep feature representation network proposed herein not only learns
the space-time features of the persons in video sequences but also acquires the persons’ global and local appearance
features. In the stage of the ordered weighted distance fusion, the feature representations of persons are firstly input
into distance metric learning, and the independent distances of persons under three types of features are calculated.
The fusion algorithm then sorts the distances to optimize distance weights according to distance ranking. Finally, to
accurately match a person, the algorithm fuses the three types of distances to obtain the final distance. Experimental
results compared with the results of related methods in public datasets show that the proposed method not only
improves the recognition rate of video-based person re-identification but also possesses abundant and integral ability
for person feature representation.
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Fig. 1 Challenges and difficulties in video-based person re-identification
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Fig. 2 Architecture of video-based person re-identification algorithm combining multi-level depth feature representation and

ordered weighted distance fusion
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Table 1 Structure parameters of global and local appearance
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Network layer/Parameter
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Conv2/Filters(256,5X5),Stride 1,pad 2
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Conv3/Filters(384,3X3),Stride 1,pad 1
Conv4/Filters(384,3X3),Stride 1,pad 1
Conv5/Filters(256,3X3),Stride 1,pad 1

Max pooling5/Filters(3X3) , Stride 2

Slice layer
Fc6 layer
Fc6_Lh layer Fe6_LI layer
Fc7 layer Concat layer
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Algorithm: distance metric learning

Input: Global appearance feature vector f,

: (s) , local appearance feature vector f] (s) and space-time feature vector

O(s).
Output: Compute the independent distances dg( f ) , dl( f ) and d (0) between persons under three types of
features.

Step 1: The initial processing of three types of feature vectors fg

(s) , fl(s) and O(S) are expressed as Vv

gm 2

and v

1m om *

v
Step 2: Compute distance between any pair of persons as d (va ,va), K e { g, l,o,R} by Eq. (7) and Eq. (8).
Step 3: Represent the set of inter-class distances D, and the intra-class distance D, between all persons by Eq. (9).

Step 4: Find the smallest inter-class distance min D,

o » construct the relationship model between the minimum

inter-class distance and the intra-class distance: max {DKV +¢—minD,, 0} by Eq. (10).
Step 5: Achieve reduced intra-class distance: min D, .
Step 6: Construct the objective function of distance learning:
F(Dy)=pmin Dy, +(1-p)max Y { Dy +¢ —min Dy, 0} .
. vz
Step 7: Initial transformatioz of objective ﬁJnction:y Vi = (v om =V KW)T (v iom =V Kw)—)DK = tr(MV )
——F(M)=p minY tr(MV,,)+(1-f )max ¥ {tr(MV,, ) +¢ ~mintr(MV,,),0}
Step 8: Optimizing the objective function by stochastic gradient descent:
8-1 Initialization parameter: the metric matrix M, =1, the gradient G, =f ZV , the counterqg =0 .
8-2 While (not converged) do
8-2-1 Find the smallest intra-class distance: min D, .
8-2-2 Compute the distance between persons by Eq. (8), and construct the set of distance.
8-2-3 Compute gradient G, by Eq. (12).
8-2-4 Compute M, =M —AG, .
8-2-5 g=q+1.
End
8-3 Return matrix M .
Step 9: Compute the independent distances d, ( f ) , d ( f ) andd (0) between persons under three types of features by

Eq. (8) and matrix M .

[ 4 A SO SR B B R DU RE R TR AT N Z IR R B I R
Fig. 4 Flowchart of distance metric learning algorithm used for computing distance between persons
d e A = 2SR B ISR S R A S d d, (f)d (fOFd, O ERF TF AL 2 fl A 5k
BB U 8 B — A7 N SRR T A0k ST BE B R A K AR B N B R HEF RN MRS
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Fig. 5 Algorithm of ordered weighted distance fusion
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718 JI XoF I B R HE 44 s B /N ER B XS we =1, H
J5 s KR A HE A2 A Rl A R BT I R R R R
d=ad,(f) +ad (f)+a,d,(O),
HMK T Uk
ag =K €& {gvlsoyR}f
2lux
Koy VR RZE—BREWRREAE: d RN
T NZ Bl A 1 i 4B

4 LEAA

4.1 ZHHIBENA

A1 NI 2 b Y S 56 B0diE S n 3k 2
N FHGEEENMAARARF R LB RHEMW -
LIDS™ 04 45 A1 PRID-20117% ¥4k

i-LIDS BHE 5 5017 119 (AT A9 476 5K
B CREDZ AT NSF 34 4 5k B R 2 % FH I 000 (£
i) 57 50 10 47 N PR 52 50 o dls 4 . -LIDS £%
i 4 v (0 AT A PR SR LA A 1 R 2 AR,
HAP g% 300 fif7 AL 600 BERUS T 51 B2 A7 A9
) ) K R AE 23 frame 3] 192 frame E{R 2
V6] o 2 B A AN A AT AN AL A 425 RN B8 T 1

13

QEY)

Y T AF AR ™ TR AT R A

PRID % #45 4 6 & W A 80408 P2 L 43 5l & PRID-
2011 Fl PRID-4508, H:, PRID-2011 %k 4% 4 iy %5
AR A B A, b A WL T A
385 PifF N LB LA T ALEE 749 fiAT N BT AM
BT ) K BEAE 5 frame F] 675 frame IR Z ],
Byl B Ry, PRID-2011 b A B A T
FEAE 200 AT A2 AH R B, 3 26 10450 91 A7 76 40
ORI By 2 5
4.2 ZIFITRIEMEN

ST K PRID-2011 1 i-LIDS # A4 %8s 4
SRy 1 B A S 0 w2/ R e S | BT R - S ¢
i-LIDS Fo 4 v, U 5 4 A 4R v i 47 A 4 il
150, 7£ PRID-2011 di 4 v . Y Zh A Al i 4 b iy
FFNAT 50K 89, S 56 v % s WA 7 B I B L o
8. AL P UMY A4 BE /N T 8 B, DK 5 T %
M FFINAT N . g Ak E R~ GTX
1070, NAE 16G BYTHEAL . 5256 R JH A9 HE 22 Fn 4k 1
JEVREE S S HEHE Caffel® 1 Matlab ¥ . 7E4T A
2 B R AE R M4 g B B 1k B = A
Softmax R EE i 2Kk bR B & LI 24T N 2 HIRK
JERFIE R IR W 4%, JF AR AT FR AR AY I 25 I 4% B 2
PO E AT HE Rl 2% 2 %R 0.0001 , 2% 2] KT B R g

R AT NHIR SR AT IR 4

Table 2 Public datasets for person re-identification

Experimental dataset

Characteristic

Object

PRID-2011
-LIDS
VIPeR

CAVIAR4REID
GRID

Viewpoint, lighting, and background changes
Viewpoint and lighting changes, occlusions
Viewpoint, lighting, and background changes
Lighting changes and occlusions

Viewpoint and lighting changes, low resolution

QOutdoor person
Airport person
School person

Shopping person

Subway person
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SRS PEA AT NN SR A 45 1 o U BRI
43 1F il 28 CCMC) 1 HE F#-n (Rank-n) P 3] %,
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WA YR . Rank-n R 3R (A7 N %) 4876 Rank-n
3 e b, B AR T 51 55 00050 T 51 46 v DT G 1 7
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43 S5ETFHILEGWHEXFTENITL LR

W T R AR 5 T Ak PR R DA T TR
D7 AE -LIDS Al PRID-2011 W5 4> 54 4 fh 47 1
LA 3.3 4 FToR, JIT kB 10 A 6 1L i
() 56 T & 1k R AT B0 0 r G LA R 4 Fh
GRDL & #%:U7  DVDL & 0% | SRID & b,
Salience 535, 3% v (1 i R 8% 96 2 7R O B 1Y)
Rank-n WHIR, 78 -LIDS $ 4k £ . & K FH .
FEPIE M Rank-n (R 3 E0 & F HA 4 FhAE R
JR; BAKSkR A, BT 2 B 3% A9 Rank-1 5 R |
GRDL # ¥l 30%, i DVDL 51k 29.8%,
TE PRID-2011 %4 45 b, BT 255035 19 Rank-1 i85
F 5 DVDL & i 31.2% . b GRDL &% & i
30.2% 15 H A LA L L A7 $2 5 725 1 U500 3 30 1
FHRWIET D WA TS A AR e 5 1k
U R A e 1 D DR R AT N B 22 GOUR BE REAE AR L
& 58 F TARAE BLAT 058 1 HE UM, NI 55 v AT A
FIRAERE A3 2058, & 6 A T ik 5 Ay 4
KE D CMC H B 25 S n & B, 2B i 48 1
FoR BT R IEAE -LIDS Al PRID-2011 5256 % 4% 4
H CMC,

ZHE R 33K 4 hIEEEAE 6 thiy CMC,
CE SR AINGEAOY Sy Rrps N A Wik K- R7R

IR HE T AR A5 N B0 T 125 v I R R I

E—E R B sR T AT AR TR AT A 2 4R

FRIERIRBETT . F 8 AT N 2 PR EAR B R 5 & 17

U Y HEB 2R

# 3 HETH#IEERMA T 7R - LIDS ¥ 48 L e 45
Table 3 Results of comparison with still-image-based

person re-identification methods on i-LIDS dataset

Matching rate of i-LLIDS dataset

Method (image-based methods) /%
Rank-1 Rank-5 Rank-10  Rank-20
Proposed 55.7 84.7 95.3 96.7
GRDL 25.7 49.9 63.2 77.6
DVDL 25.9 48.2 57.3 68.9
SRID 24.9 44.5 55.6 66.2
Salience 10.2 24.8 35.5 52.9
4 HEETE BRI AR T TR PRID-2011 4 4
M 4 R

Table 4 Results of comparison with still-image-based

person re-identification methods on PRID 2011 dataset

Matching rate of PRID-2011 dataset

Method (image-based methods) /%
Rank-1 Rank-5 Rank-10  Rank-20
Proposed 71.8 90.4 94.1 97.5
GRDL 41.6 76.4 84.9 89.9
DVDL 40.6 69.7 77.8 85.6
SRID 35.1 59.4 69.8 79.7
Salience 25.8 43.6 52.6 62.0

4.4 SETHMMEXHEIEZE

R T VRN BT R B 5 R DG Y BE AT O TR
S B A R L S B0 R B 6 Rl RE G B A AT T
P 7 . 20 B R . TDLEY | DGM + IDE™Y
(IDE 2 7x B B0 B2 55 7%) . VRYY | PAMMM!Y
UNKISS" [ISRM™ , 3k 5,38 6 B, % ik
BE R B = 1Y Rank-n R 505, A & B4R ok
B -LIDS Fdi 4 b, prig 5 1 Rank-1 150 %
e F K 5k, (UK T TDL Bk 0.6%. 1F
PRID-2011 %4 £ v, Fr #2550 75 19 Rank-1 11 1] e 4§
f TARXS L BT A 35, Of i T TDL Bk 15.1%.
B 745 prif @y 6 Fflbxd b B 3L 7E -LIDS A
PRID-2011 P56 4E ) CMC. 2 =R T2 58
B SHPIA N TR ST A B 6 FRALIAA T N U
1% G0 B8 1% 52 IR A 4 R ) D DR 3 A AR AIE 3R
IR RE R IE R R B OR T RUE M S & Wk,
5 VROTEITH S R UE T T 48 5k R M A
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K6 453k T8 1k R AT A TR BT 34 - LIDS $UE 48 71 PRID-2011 3% 48 46 L& 9 CMC,
(a) -LIDS ¥ 458 (b) PRID-2011 #¥m 445 %
Fig. 6 CMCs of comparison with still-image-based person re-identification methods on i-LLIDS and PRID-2011 datasets.
(a) -LIDS dataset; (b) PRID-2011 dataset
55T AT R B9 AR G TT EE AR - LIDS i 4k # 6 AT HRAT N HR B A 5 T7 278 PRID-2011
BRI EE A LR A R

Table 5 Results of comparison with video-based person Table 6 Results of comparison with video-based person

#=5

re-identification methods on i-LIDS dataset re-identification methods on PRID 2011 dataset

Matching rate of i-LLIDS dataset Matching rate of PRID-2011 dataset

Method (video-based methods) /% Method (video-based methods) /%
Rank-1 Rank-5 Rank-10  Rank-20 Rank-1 Rank-5 Rank-10  Rank-20
Proposed 55.7 84.7 95.3 96.7 Proposed 71.8 90.4 94.1 97.5
TDL 56.3 87.6 95.6 98.3 TDL 56.7 80.0 87.6 93.6
DGM+IDE 37.2 62.6 73.4 80.8 DGM+IDE 61.6 89.0 94.8 98.2
VR 23.3 42.4 55.3 68.4 VR 28.9 55.3 65.5 82.8
PAMM 30.3 56.3 70.3 82.7 PAMM 45.0 72.0 85.0 92.5
UNKISS 35.9 63.3 74.9 83.4 UNKISS 58.1 81.9 89.6 96.0
ISR 11.6 22.1 27.4 36.7 ISR 17.6 35.8 43.0 54.4
1007 () 1007 (b) N
80 80
ES ES
2 ] o
S 60 < 6
@ ISR » L
k= k| -4~ UNKISS
= -4~ UNKISS =
5 40, _._EQMM § 40 iSﬁMM
- -+ DGM+IDE
20 ~+ DGM-IDE 20, TDL
‘ — proposed — proposed
0l 0
51 10 15 20 5 10 15 20
Rank-n Rank-n

Bl 7 5T RURAT AR B 5 AE - LIDS H0dii 45 Fl PRID-2011 046 4 AR HL S CMC,
() FLIDS 44k s (b) PRID-2011 %4 4
Fig. 7 CMCs of comparison with video-based person re-identification methods on i-LIDS and PRID-2011 datasets.
(a) i-LIDS dataset; (b) PRID-2011 dataset

fE i-LIDS Al PRID-2011 Wi fi e b HoA —E 89 A7 AFHRBID S ST lU RS, B 892 W0 Br 42 R K &

AR 2 TR R 27 FA Fe IR B Rk 5 (9 AT N
45 S5ETREFIMEXTEXLEE FERBITNERPERER L . W3R 7,58 8 P, sk

UET SRR I IR A SO T IRE 22 IRk R 6 Fh 2k T IR A2 ) A7 RN A9 T v
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Table 7 Results of comparison with deep-learning-based

person re-identification methods on i-LLIDS dataset

Matching rate of i-LIDS dataset

Method (deep learning methods) /%
Rank-1 Rank-5 Rank-10  Rank-20
Proposed 55.7 84.7 95.3 96.7
RFA 49.3 76.8 85.3 90.0
Deep-RCN 42.6 70.2 86.4 92.3
CNN-KISS 48.8 75.6 — 92.6
BRNN 55.3 85.0 91.7 95.1
SRM-TAM 55.2 86.5 - 97.0
TRL 57.7 81.7 - 94.1
# 8 ST Y% T ANFH YU A T 578 PRID-2011
R B LA

Table 8 Results of comparison with deep-learning-based

person re-identification methods on PRID 2011 dataset

Matching rate of PRID-2011 dataset

Method (deep learning methods) /%
Rank-1 Rank-5 Rank-10  Rank-20
Proposed 71.8 90.4 94.1 97.5
RFA 58.2 85.8 93.4 97.9
Deep-RCN 49.8 77.4 90.7 94.6
CNN-KISS 69.9 90.6 - 98.2
BRNN 72.8 92.0 95.1 97.6
SRM-TAM 79.4 94.4 — 99.3
TRL 87.8 97.4 99.3
TF: RFAM™!, Deep-RCNEY | CNN-KISSHH |

BRNNF!  SRM-TAMM") TRLBY , Fip M ik 5=
NI E PIRAR . N 7R 8 AT LA L fE i-LIDS

100
@
90
£
< 80
2 70 4~ SRM-TAM
= —+-BRNN
£ 60 -4 CNN-KISS
= S e Deep-RCN
RFA
504 = -proposed
‘l‘ TRL
40
5 10 15 20

Rank-n

AR, BT 4R 505 9 Rank-1 3 5] #4545 BRNN
BEAL 0.4%, 5 SRM-TAM 5 &M L K T
0.5% .5 TRL BIEA /N T 2.0% , 1M 5 H 4 = F
FLAR L, BT R B R A 35 . 7E PRID-2011 %%
PR, BT R 19 Rank-n R 9% 5 BRNN 214 |
SRM-TAM 53k  TRL BIEM L B — 2 ry 2200,
AR T Ay = 2Bk . Al o T R 530 i 1R )
% 5 BRNN % 3k, SRM-TAM % vk, TRL % 1 7
PRID-2011 %§ #i& 45 v A b A7 6 22 BE 19 mT B8 it 1A J&
BRNN %3 . SRM-TAM 5% 5 TRL 553 7€ W XF
AR 784 (PRID-2011 #5048 4R ARy 20D I B L 7
14 22 B BB L 1T T 2 B3 06 4 b T R X o TR O
P4 G-LIDS $48 42 3 AR SO M ) 8, [ B, 3% = 28
SR S i 3] 0 14 2 20 B RY  AE YN 5 A Ak s R L A
TR B A R, B 8 il iR A 6
i 35 R B 2% S A7 N FRIR0 7 ik 1) CMC 45 3%,
R 6 i 2k R OR AT R TR CMC. &G
KA MR LU T2 1 45 L, A 58 AT N 2 R
JERHIE R R 48 R A5 T 2% 2 BEBUREAE I L34, B A
— 7 WA R AR e
4.6 XERZHHRIEXEK
P A 1 S ) AR R SE IS T SR TEAT R
R P 8 Rl R0 RE 28 M A [T N AE A TR AR AE T R
325 52 S B0 R R DT IC ) R, O BB A R i A A
AT NFR RS SR . DR, o B 4 B0k 4 il 5 0k S Y
SR BN AEAE (LAF-1) | B 23 $5 4F (ST-1) Al 42 J&y Ak
WAEIE (GAF-1 7E i-LIDS F1 PRID-2011 7 4™ %k 4%
PP SCE . R 9.3 10 A 1 ~4 TR
IR o LA B0 4 1 S 56 R0 T LA L T AR
FEIY Rank-n (U138 10 25 w1 6 4l ST KR AE 43 31 2
7 BB 2% 2 5 i U % axX SR W SR F A AL i B
100 ®) -

—

90
0 / "‘."
% 8047 o
07 ~4=SRM-TAM
= —+-BRNN
f.é 60 -4 CNN-KISS
s ey e Deep-RCN
RFA
50 = -proposed
TRL
40
5 10 15 20
Rank-n

B8 5 IR A 47 A TN 5 SR 7E - LIDS 8 4 A PRID-2011 £ 824 H 3 19 CMC,
(a) -LIDS 44 ; (b) PRID-2011 %44k
Fig. 8 CMCs of comparison with deep-learning-based person re-identification methods on i-LIDS and PRID-2011 dataset.
(a) i-LIDS dataset; (b) PRID-2011 dataset
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Table 9 Results of comparison with key factors on

-LIDS dataset

Matching rate of i-LIDS dataset /%

Method
Rank-1 Rank-5 Rank-10  Rank-20

Proposed 55.7 84.7 95.3 96.7
LAF-1 5.3 14.0 21.3 32.7
ST-1 38.7 71.3 82.3 88.0
GAF-1 46.0 74.0 79.3 89.3
LAF+ST 24.1 52.0 70.6 83.4
GAF+ST 31.5 61.4 71.3 84.0

10 XEEHELE PRID-2011 $04E 4 1Y 8 45

Table 10 Results of comparison with key factors on

PRID 2011 dataset

Matching rate of PRID-2011 dataset /%

Method
Rank-1 Rank-5 Rank-10  Rank-20

Proposed 71.8 90.4 94.1 97.5
LAF-1 12.4 30.3 41.6 61.8
SF-1 33.7 65.2 75.3 87.6
GAF-1 40.4 64.0 79.8 91.0
LAF+ST 28.1 53.9 68.5 80.9
GAF+ST 42.7 67.4 81.8 89.9
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