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Visual Person Re-identification Based on Spatial and Temporal Co-occurrence Patterns

QIAN Jin-Hao' SONG Zhan-Ren' GUO Chun-Chao' LAI Jian-Huang"*? XIE Xiao-Hua"*?

Abstract Person re-identification technology plays important roles in video surveillance of security and customer
analysis of business, which is to associate the same person under the non-overlapping camera network. At present,
the technology of person re-identification has made great progress, however, it still faces many challenges, such as
the appearance changes and inaccurate matching of pedestrians caused by different camera viewpoints, occlusion,
and illumination changes. In this paper, a method combining the appearance features with the spatial and temporal
co-occurrence pattern is proposed. The proposed method strengthens the computation of the similarity between ped-
estrian images by using the association of surrounding pedestrians of the target pedestrian. The proposed method ef-
fectively utilizes spatiotemporal context information to enhance visual person re-identification. Experiments on two
public data sets, namely Market-1501 and DukeMTMC-RelD, verify the effectiveness of the proposed method.
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Fig.1 Illustration of spatiotemporal co-occurrence pat-
tern aided pedestrian matching (Each rounded rectangle
box represents a camera field. The dotted box specifies
the target pedestrian, and other pedestrians indicate the
target pedestrian’s neighborhood in the corresponding

view field)
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2) for ¢; in Q do

3) Si—max — 0

4) for g; in G do

5) if Sapp(qi,9j) > Si—max then
6) Si—maz = Sapp (i, gj)

7) end if

8) end for

9) if s;_maz > 60 then

10) S =5U Si—mas

end if



2 BRI A 2T S AL E AT A FE A 411

12)  end for

13) IR [EITUAC B GO ARV R & S

14)  end begin
2.3.1  {TABEBIFRE

A R B ARAT AN BB — AN E I A
A (B E FRAT LS (8] 9 i) Tl & T Rl A
A — 85k T A AT NS, AR IARAT A
AT AES A AR 3. AR S — AN N B AT N 2 TR Y
B REAE—MAT AL R IR ZORS. R
Sege b, AE I RS S e HART AN BIAT AN 4B
T I RS e I TR 22 BRE, R AT N S HARAT
N BB st 1) 22 48 /N T 1€ BB 1 B 47 AN
B, IR AT N BHR R B AR AT A B4R, &
SR, AR IX M7 AR AT N AR P R W R
HART A ZWEUR. N 7 L T X 4R E8AT A 855
BT, 5 E MR A 5 B A AT N BA A E &4 AT
NEUE, EOREE HAR & 0347 N1 2 R . 2 il
BT PR R — AN N s (5 8, A R T
PEERAR K N BN BRI 2 SCHR or #r . Rk, & %1t
HHEMT NS BN BTG 17 N BUR IR . R,
PIBRARIR N 5 B AR R AR AL 73 80K T 1€ BE
147 N

Sefp b, JAT AT DL A A AR AR KA 4 1 T
ERHAT N AR R [R5 4 (47 N kA7 MR 2 5, BT
XTI AN AT AT N (BFEH AT AN) REih
RN ) — Tk BUR AT IR B . A S5 TR R 1) S5
48 SO 2R B8 FH AR AR OB F ) 5 v 38R AN i T
BRI BT . BRI, AR SCHER E AT N2 B AR
B AR IEAT A AR R S AT NI 2 il B
2.3.2  ETWHAYIT ALE

AT D G ey B T AR R B PR ANT N (W g A
g) ZTARIAHRLEE. HQ ={q, - ,qn} KiRq BT
NG G = {91, , gm} TR g KIAT NARIR. &
SeIATF R AT T SRR Q 1 G TR ARABLEE . —Fh
H R B AR S i o PN AT N AR I3 31 AH 5] B 47y
FIAT N2, I P AT N AR 0Bk AH UL,

1T N BB UL I P AR AE B 1 TR gs . X
TQHME—1q5 GHME—"1g, HEET
FURFAE B HU I 22 4K HURE 5K AT N B IR MR
71N, TR FH AR ACLRE B B R B A B R AT TR PR R
MAFAEF AL Sapp(gir gi) - X TH—"Aq , ILHKG
5 q; VERARAT NS 8i—maw , A5 AHALEE
K T2 5 B ARALRE BB 0, J01 0 N U FC G0 (1) A
LSS .

gl FARRE, FTEAM Q A G 2 [A] B At [m]

AR S 1 BN AT RE I, R LA
RAREHILQ B A g 5 G PRI g: T RILHE,
AL 1T (R B T AR )M T A S MR T
LY. ELR R S 20 0 P
RAA, DA (OTURRAS R 447 X R
% UIURE. SO AP REA R & T, i Aef12
A BRI BARE R S = {1, s} S MBS =
P s DR BLEE AL G Q 2 A4
RERERR. A HIBMEYE S § R E S HIORH T
THTARF] 2347 A% D HE L
53 g Rl g MR BALN Supp(g,9) , W A
g {0 58 2 A LIS in(0,9) 1 Supp A1Seo WIS
7,
S5in(4:9) = Sapp(@,9) + A+ Senn(a:9) (1)

Frh O IR S
3 KBRS

BATEAT NFF R B8 B i 45 Market-1501"
1 DukeMTMC-ReID _F % Fir $& 5 2= () 14 g 3k 47
PEA, BL4E 5 HoAth 32 8 77 vk B 6k Eb 9 ks 56 DL &
T SRR 73 HT

3.1 SEIHEIREMIFMNERR

Market-1501% ##E 465 1501 M7 ATE 6 4
BN TN 32668 5Kk47 ARG, H, gk
A5 751 MAFEE 4T AR 12936 5K EMG; Mk
F AT N2 AR AT N 2 8 4 4 A, 75 750
AARFEAT NFE 19732 5k B, 5§ 750 M7 A, 1E
RN FAZHL N BEALIE R 1 5K BG4 R AT N .
— I 3368 AT NG, LA MIAE A BAR .
AT N MR H AT A2 TR A 8 (Deformable parts
model, DPM)™ #5175 24T NFETEAE.

DukeMTMC-ReID" (454 i 8 MRAZHLiC 5%
1M, HA S LR 2 A LA EFREAL 1404 A
FAT N, PLRAURAE 1 AL H LR 408 MTA
(FH#) it 36411 KEE. IZGELT 702 M7
A3t 16522 kKGR, WAL HE T 702 MTAH
B AT N AR AR H R ANT NTE RN
GHLT IR 1 5k G A R, it 2228 sk i K4
MAREE R AR AT NER LA K 408 ASTHAT AR
& 3L R H Bl R R AT N, 3£ 17661 k1T N
#%. Market-1501 F1 DukeMTMC-ReID %44t
R EUE AR S T H S50 5 B FEHL ID
FRA 7 41 2 5 1] B A

AN SLE A H ZARVLELH £8 (Cumulative



412 =l 3

S 48 %

match characteristic, CMC) FI~F 3 H fE 3 1E
(mean average precision, mAP) X} A H W &)
17 NP AT ) PR BEBEAT BT, ek CMC
SR ZAEFE, mAP it A Bl AP rank-1
373 RARFE CMC 2k, Horb rank-1 2R 4R
R AL R . mAP 2T Bl
IERAME, Hrh NP RS B (Average pre-
cision, AP) s AR H A BE A [l th 26 1155

3.2 SRRE

ARSI He T Tz A8 BT B0 S Open-
RelD', X H SphereRelID® {E g3 MAFRFE $2 U5
2, fHFHAE ImageNet" - ¥iii)lIZ5 /) ResNet50 574
VENFERE 2% I 4 32 2 I 4 5 SO B s 45
AT NSy B TEVIZRBY B, AN SRR A
64 5kAT NENR, Hp M 4 5k B, 3 16
MTFN. BT NEUE G — BTN 256 x 128 14 7%
I LL 0.5 BERIK PR BEATRE ARG .

FEMEM LI Rt AR T ok BIMG & 1k
ARG B HER N 16x8 B2 /e, f£2
TR - o e Sy S R T B e e M LR AT I E N
BB SRR ) B 3R . AR AL I &2 i = o 40
Oy TS RHREAE ) = AT E — A b BT S A
k. BEBAE ) B & S AE A TE (Adaptive mo-
ment estimation, ADAM) fLft28 AT M, —3E
HEAT 100 FEARRAL. TRALBRIME % I R E A
0.00035, 7E55 40, 70 # IS PR A 7 21 &
1 0.1 £i5. BLAk, N 7 IIEAR ST EEA R RAERE
(R JEE AR X 2 192 AP B, FRATTIE ISR AN [R] 1 1 25
TR S 7 A T P 2 o Y g b AT S, B st SR A AT
NF TR ) A8 St 140 )11 22 SR S >R 39 i R o X 245 (1) %
IERE 7. 3 LI 5 TR I 04 Bl A LA B B0 14 5 B b
ZEI L B bR i e — B TR RAE B X4 SR R AR
ITHEE— 4.

SKIEER

S5FRIT ARRAEERE

ARATREA SR V7155 A0 F AT AR
JNERAT R LIS L. S 5 X ik T F
TLAHRFAEAIE SRR, FB4 R 24T NSk ih AT
NHEAE 53 B VR R IHLAI AR x40 9 24 55 s S ik
FOAR . oA T TRFAE 0 SRR B A A ] A A Y )
(Bags of words and keep-it-simple-and-straight-
forward metric, BoW+kissme)- #% & i 3% 45 7K 2 51
73525 (Kernel local Fisher discriminant classi-
U R E: https://github.com/Cysu/open-reid

3.3

3.3.1

fier, KLFDA). Null space!® UL AL 7 755
Hri (Weighted approximate rank component
analysis, WARCA); F TR 1T EEQEL2R
J&y 0 55 IR F 4% (Global-local-alignment
descriptor, GLAD)\ Z#AAA A ] & (Pose-in-
variant embedding, PIE) 1% S MUK [7] =17
(Pose-sensetive embedding, PSE); & T A5 (1) 57
EAE SUENTAT NIRRT (Semantic parsing
person re-identification, SPRelD) F1J& T #5117
NFR A (MaskReID); T & #4422 S 1
G AlignedReIDP I 4547 [ 2561 (Spatial-
channel parallelism network, SCPNet). #4733
LRIF LB (Part-based convolutional
baseline, PCB). Pyramid® F1 Batch dropblock®;
BT R IR R EEA 250 B LG R
FEMI 251 (Multi-task attentional network with
curriculum sampling, MANCS). X3 & /I #LHI] VT
B 2557 (Dual attention matching network, Du-
ATM) MANEE & N 48P (Harmonious at-
tention network, HA-CNN); &4 gnt 1 4 4%
(Generative adversarial network, GAN) [
Camstyle! FIZAFRAEL L BT HT 2455 (Pose-
normalized generative adversarial network, PN-
GAN); BT 2R%F AR ERAREZ Bir 21
BEHLEEE S AP (Multi-target multi-camera
tracking and re-identification, MTMCRelID), %[
T R8T (SVDNet), ML ANZAT AR 5]
(Viewpoint invariant pedestrian recognition,
IDE) FIX} HiE & A HL#I M 461 (Comparative at-
tention networks, CAN).

* 1 R T AR SETE Market-1501 Fl Duke-
MTMC-RelID #4548 I (#5256 45 R . 76 84k 4=
Market-1501 1, AL /LS T 96.2 % [ rank-1
HERI R LA 89.2 % ) mAP; fE¥#E4 DukeMT-
MC-RelD H, AR 89.2 % 1 rank-1 #fE
% % 80.1 % 1) mAP. A 3CH Ik B £
W AT N R A SR B BOR I Re 52 T, R IWIAT
N 2 SIS ) i 78 o 4248 T AT A R SRy
ik, AR TAT NP R M. thah, AT
UG T A S R A T A A R AR AR, A
THAIHE B SEAAME B, (HA SCT7 ¥ I HE R 22 1 g
IR Tk, AT N 2 I TR 2 B T
R WAFAE LA 5 A ) B S B TV
3.3.2 (T AR HIRNHRESLIE

JERUEAT NI 23 AR AT AL R AEAEAT
N R A B E FH , FRATTR 0 i o X 5% s


https://github.com/Cysu/open-reid

2 B A BT IR L AT AR 413
F 1 AKWTESERBIEE Market-1501. DukeMTMC-RelD ¥i¥i4E E5ein sl B HER (%)
Table 1  Comparison with state-of-the-arts on Market-1501 and DukeMTMC-RelD data sets (%)
Market-1501 DukeMTMC-RelD
=it} Bk

rank-1 mAP rank-1 mAP

BoW+kissmel® 44.4 20.8 25.1 12.2

KLFDAP 46.5 — — —

BT FLRHE )

Null space™ 55.4 29.9 — —

WARCAM 45.2 — — —

GLADWY! 89.9 73.9 — —

HT AT PIE! 87.7 69 79.8 62
PSE! 78.7 56 — —

SPRelID™ 92.5 81.3 84.4 71

FET A -

MaskReID!™ 90 75.3 78.8 61.9

AlignedReID" 90.6 7.7 81.2 67.4

SCPNet!" 91.2 75.2 80.3 62.6

BT R AL PCBH 93.8 81.6 83.3 69.2
Pyramid® 95.7 88.2 89 79

Batch dropblock™ 94.5 85 88.7 75.8

MANCS?! 93.1 82.3 84.9 71.8

FeF = SILH| DuATM? 91.4 76.6 81.2 62.3
HA-CNNP 91.2 75.7 80.5 63.8

HFGAN Camstylel” 88.1 68.7 75.3 53.5
PN-GANP 89.4 72.6 73.6 53.2

IDE®! 79.5 59.9 — —

SVDNet/® 82.3 62.1 76.7 56.8

T4 ST CANUE 84.9 69.1 — —
MTMCReID? 89.5 75.7 79.8 63.4

RT3 96.2 89.2 89.2 80.1

2 FRFEEEUEM 4R S 4 Market-1501 1 DukeMTMC-ReID a5 (%)
Table 2 Ablation experiment for proposed method on Market-1501 and DukeMTMC-ReID
data set on different baseline network models (%)
Market-1501 DukeMTMC-RelD

SHERE rank-1 mAP rank-1 mAP

Y o 4 R Y 86.7 7.7 76.4 60.9

B PO 2 A Y - I 22 SR B 91.3 76.1 79.4 64.2
FEAE R L5 Y (%) 94.4 85.4 86.6 75.5

SR AR (%) i S SR BT v 96.2 89.2 89.2 80.1

AT T IH R SRIG . P A I 2R R AR A R A T
W2, (E R I R BT AR 38 2 45 TV
IR LR AL, o IRUEM AR (%) FORIEIZRM
2% (R A8 1 AR AT AR R I S
SRS, B A Bl B B B 1 57 bR 2T L M
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