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Abstract: Objective Pedestrians’ re-identification (Re-ID) can be as one of key techniques for multi-camera pedestri-
ans’ retrieval in the video surveillance system. To achieve good performance, current Re-ID model is often trained on a
scene based on a large number of annotations (source domain) , but the performance will be dropped significantly when a

new scene (target domain) is applied straightforward. However, re-labeling is time-consuming and labor-intensive for the
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new scene, which is beneficial for Re-ID-related optimization. The unsupervised domain adaptive pedestrians’
re-identification (UDA Re-ID) method is focused on a model training, which can be generalized on the target domain well
using the existing source domain data-labeled and target domain data-unlabeled. But, these methods are still challenged for
the instability of instance features and image heterogeneity of the intra-class distance-wider and the inter-class distance-
narrowed. Furthermore, current cluster unlabeled target domain data can be melted into multiple clusters, and the encoded
pseudo labels can be assigned for each cluster. However, due to the limited representation ability of the model, the cluster-
ing results are incredible, especially in the early stage of training. One pedestrian-related image is grouped into different
clusters while some images of different pedestrian are merged into a cluster, called pseudo label noises. However, it is still
challenged for the problem of pseudo label noises-over-fitted and the performance of the model-suppressed although pseudo
labels are recognized as a supervision signal for the feature learning process (e. g. , contrastive learning). To resolve these
problems, we develop a multi-centroid representation network with consistency constraints method (MCRNCC) in terms of
the popular multi-centroid representation network method (MCRN). Method The MCRNCC is designed on the basis of
three MCRN-related modules to improve the stability of instance features and the robustness of pedestrian features, and the
overfitting risk of the pseudo-label noise can be reduced. First, to optimize the instance feature stability and semantic infor-
mation, an instance-consistent is demonstrated to suppress the feature distance of the same instance under different aug-
mentation. The exponential moving average model is illustrated to output additional features based on recent self-
supervised learning works. For each image of the training batch, it can be augmented twice in random, the features can be
extracted in relevance to original model and exponential moving average model, and cosine distance is used to constrain the
feature pairs. Second, to improve robustness of multiple variations-captured, its homogeneity is concerned for suppressing
the distance between feature pairs of positive instances. Specifically, two instances are opted to construct a positive pair in
the context of same labels-without identity label, and two instances is opted as well to construct a negative pair in related to
same label-within multiple identity labels, and a triplet is built up to optimize the network as well. Finally, the label-
ensemble-based optimization is carried out to convert one-hot encoded pseudo labels into more reliable soft labels, which
improves the robustness of supervision signals. In detail, we add a target domain classifier to generate additional label
predictions, followed by linearly weighting the predictions and one-hot encoded pseudo labels into refined soft labels.
Result To verify the effectiveness of our method, adequate experiments are carried out on 4 popular UDA Re-ID tasks like
1) Duke—Market, 2) Market—Duke, 3) Duke—=MSMT, and 4) Market—=MSMT tasks. At the beginning, the ablation
studies are carried out about the modules in MCRNCC. The four tasks-derived instance consistency constraints can be
reached to 0. 6%, 0.2%, 0.7% and 0. 8% of each mean average precision (mAP), which demonstrates the effectiveness
of the instance consistency constraint. The camera consistency constraint yields a general improvement for all of 4 tasks.
For example, mAP/Rank-1 is increased by 3. 5%/3. 2% and 5. 3%/4. 7% on Duke>MSMT and Market—MSMT. In addi-
tion, we visualize the feature space of adding camera consistency constraint before and after. Furthermore, we compare the
feature space of some pedestrian-focused close to the camera consistency constraint, and the visualization results show that
the camera consistency can make the feature space more compactible. The label-ensemble-optimized can be improved to
0.6%, 0.6%, 1.4% and 0. 4% of the mAP for each 4 tasks. Second, our proposed MCRNCC is compared to the existing
methods. The comparative analysis shows that the MCRNCC can be reached to 85. 0%/94. 0%, 73. 5%/85. 6%, 41.3%/
71. 6% and 39. 3%/69. 5% for the optimization of mAP/Rank-1 performance, and the MCRN is surpassed by 1. 2%/0. 2%,
2.0%/1. 1%, 5.6%/4. 1%, and 6.5%/5. 1% as well. Conclusion we develop a method MCRNCC to resolve the UDA
Re-ID problem further. The instance consistency constraint and camera consistency constraint proposed in MCRNCC can
enable the model to learn more robust pedestrian-related feature representations, while the proposed label ensemble-based
optimization can reduce the overfitting risks of pseudo label noises. Experiments show that the effectiveness of three-
module based MCRNCC has its potentials for future works.

Key words: computer vision; pedestrians’ re-identification (Re-ID) ; unsupervised domain adaption(UDA) ; consistency

constraint; label refinery
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Fig. 1  The framework of MCRN in optimization stage
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Fig. 4 An example of triplet in camera consistency
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X B3 2R A A 25 i 1) A9 42 0 4 (fully
connected , FC) |2 SE 3, FAEE 7] DL 0= — 41 mT 2%
T ZE

HY T3 S A0 7 [ 1 20 K, T I AR s 28
ER R RS U 2R R T B SR 2R 25 SRk, LA AN [
AN R AR A —HE . O T A DX A )@, 7 4
AU Sl J91 3R 2 58 1 TR Ak il — 3 e Al (O3 26
BON R ) SR 5 HI RS B BRI 4R 1k 53 26 4%
AR .

X FUNAL 2 A H R A R AL ¢;,
AR ZE S ', B R

Fc(qi)) (10)
T

p = softmax(
b e WRERE FC(q)) o dedntmillc WES
XF B ) AR EE R A — B T Tl e AR RIAL R
AE B 190 28 I 2 i A2 AL, 2326 A s i i — 4> 22 U
(cross entropy , CE) it R I 45, Hoor K W BHE 5
REMGRIM bR, BN

Lcﬁz—é;ﬁ"-log(FC(qf)) (11)

A, p RS A AR R ¢ 0D %E . T
orRAR R T VR AT O B R, P DL LA
S D bR 2 M P TR {ELE: 3k BLAY H A RS 21—
ABE I 25 AR S S AU, LU T S A o
PrgE IF B B E 1T il 22 3 R 45 (n
P2 7 ), JIT A Ch b 252 e 7 ) 52 g o 468 TR0 P RE 1) 52
WA/ N AL, O T SR AR AR AR, ik HLAd

gho TR L — A TR pr L
Pl = ftm(FC<q>) )

2.3.2 bRZ&ARfE
FEAS EPEE AL T A A ARSI, SRAFEATH)
X, PS5 A HREAS £ one-hot i B ANARZE 5 ARG |
RO B A AR . BLARH
P P 5

N2
p= 7 (13)

e A 19 Db 25 p 1 S X o >0 10 M B A
, FARBA ik (X(2)) 5

1 &
LLR,D, = B 22]’” logp” (14)
==

i F AR T AR R MR AR A A TT v L 15 3
TERERARAE DD T DR A M R A A XU
TEJR LSRG TR IR 1205 A R
2.4 L BHR

P 2 e A AL B AR

Ly = Loscn *+ Ligp, + Licp, + Licy, +
Loy + Lecy, + Loy (15)
ST, Ly, J TR B % HAR , Ly, WAREER
A3t 1Y H BRI o B X LA 2% L Ly, ALy, R IR
T BRI 19 53 0] — B L., M L, , 53500 081
SN H AR A AP — B K Lo i BRI 2 2%
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Bk
3 XRERSHM

3.1 LBHIRESIFMRE

S TR A9 BG4 R Market-1501(Zheng 55,
2015) . DukeMTMC-relD (Duke multi-tracking multi-
camera relDentification ) ( Ristani 5%, 2016 ) 1 MSMT17
(multi-scene multi-time) (Wei %5, 2018) , 3 PA—~44
it 4 R R (4N Market) , 55— R AR VR0 H bRk
(41 Duke) , ¥ BGE N7 A 55 (U0 Market—Duke) o 7
H Fr 38003 ~F- 348 B2 227 {E (mean average preci-
sion, mAP) Fll CMC (cumulative match characteristic)
2k 19 R1 (rank-1)$5 b5 HIEPEA JC e B Bl 1 A5 A4
ITERE S
3.2 XWiEE

Ry Y B i B A A L AR 4R TR TG
B Sl AT N CEE U5 (UDA Re-ID) 4 55, BI
Duke—Market , Market—Duke . Duke—MSMT FI Mar-
ket—>MSMT F3EAT S50, 045 52 1) — EPE 293 AR L
— B 2 RIS TR A U 2 D0 A R R DG T il
S BR MCRNCC H 8 H R A | S0 1) 1) 45 285
i R A it 2 5 MCRN P45 —2K .
3.2.1  [MZ84it

F WM 2% A 7E ImageNet ( Deng 55, 2009) | Fitil|
25 34 ) ResNet-50 (residual neural network) (He 55 ,
2016) , 3 f# J§ DSBN (domain-specific batch normal-
ization) (Chang %5 ,2019) 45 /N Z [ () 22 5% . £ F
I 28K di i — J2 i )R PR Y a4 Ry o 413
e AT — A L2 13— AL 5 15 2 /Y 2 048 4EFFAEAE
AT NHRHIE
3.2.2 kit re

FE RS UINGR A U 7 55 B B, >R H DBSCAN 5
R AARBCTE bR MR R 2L IR T A
(Ge5,2020b) M J KT e

T AN 25 i 3 1) D Ak B B, 454> IRt
64 M B AR (16 D IEIEAT A BT A 4 1R R
1 64 i H br 3 &5 (16 4> HARBGE , 5115 4 157 14
BOM . A RIZRER 258 28 256 x 1284 %,
I 23 2ok 22 P B 1 5 SR e xR RGHE AT T, A A
Wil AL 2 5 I HIL B % 1 B AL 3 BR (Zhong 5, 2020) .
SINZRJE ] (epoch) BAE B Sy 50, B~ 2R R 0 9 1%

AR IR EAE B AR 388 Market 1 Duke B} % B -~ 400, 11
1E H AR 8 MSMT B i% & 8 800, >R H Adam i1k
AL 45 A IR 0. 000 5. FI R 2% 2 R
BEE A 0.000 35, 4 b 20 4 U125 ) 10 5 0k JEOK 1
110, CACARTE B i sl R A m &R 0. 2, % L
P IR R R 0. 05, A I E R 0. 003 5
H AR5 093 A, MCRNCC Y EMA A5 (1442 )
SRR HBSE @ E R 0. 99, FIHL—BUPEL R
BB E y BB M 0.3 254 FH Pytorch SE 81, I H
4/~ NVIDIA RTX-2080TI GPU Jf-473I144:.
3.2.3 Il A

FEIC B B, (U Z5R G719 EMA BERU7E H AR
A L, SR I PEFIBR E S mAP FTR1. 7F
YN FE b, BERE 5 AN RSN — UK, Ph mAP 5
e SRR F 45 SRAE SRR 1 e 2 2
3.3 HBERIE

ARSI T 6T L) — Btk 2 o) ARBL— 2tk
LY LN R BT HR 2B U R A AL 7 v A S Y
22 2H I Rl S B, rh A (W) 9 Rl S 55 ik b SR A
[Fi] 4 43 2K pR BRI L DR 57— 3, SR BR 45 RNk 1
N M TATLIE W, 1) 76 S — B0k 29 3 A7 3%
PEJT I, 76 2 J0 W B HGE AT N E R AT 55 B4R
T T AT NS0 — B0k (10) 0 s i A3 3tk o 76
MCRN P& - A S — Bk A 5 PEREA T
wWAEF . TE4MMESF b, LB — B 2 ) A mAP P
e 4R TH T 0. 6%, 0. 2%, 0. 7%, 0. 8%, X & H T
SR — B0 24 ARGE 2o P70 [ — SE B R TR TR Y
FRAE , WSS BB 248 1 3 =5 r0iE U5 B, Ak
REM 2] THETE. 2) TEAHAL— B L R A ahE oy
T, 85T T AL — 20t (CC) A &t . ZE A S0
—HME SR 25 AL — SO 2y g ) S
ES AR BL Y TEAEAS 0 B B/ T [RIAH ALY SR A R B
WM& AE AN S5 BYERE A T — 271, Hof 78
Duke—MSMT F Market—MSMT [, mAPPERES> 5142
Tt 3.5% F15. 3%, R1 5354 TE T 3. 2% F14. 7%,
B A MSMT B 464 15 AN AHAL, FHFLEL H Heg
Z FEPLAOEE AY FEGR ) 22 S A K 3l S AL — Bk 2y
R, AT AR G- b 24 5 AN R A AL I B, DA T 27 )
B —ADHEINREZE RPN ] o 3) TR TR
PRZ AR AR AT R0 7 T, 3R T 5 T AR i A
AT R RNE . TE— B E AR A St bt —

1379



1380

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 5,May 2023

I A BR BT AL T, A5 B AR SCHR Y AY 5 K I 4%
MCRNCC, HAE 4 MES F,mAP /54T T 0. 6%,
0. 6%, 1. 4%,0. 4%, X & [F Ayl a5 22 241 b 25 4 S

B Hchp 2 2 AR Grad 72 vh S A R A 22 4G, LU DR
RAE A I 25 JE 9 o [ 7 AN 22 11 one-hot 4 5 D s
RS A, ] LA/ DR R I e LA

%1 MCRNCC HHJH BRI
Table 1 Ablation study on MCRNCC

1%

) Duke—Market Market—Duke Duke—MSMT Market—MSMT

ik mAP R1 mAP R1 mAP R1 mAP R1
MCRN 83.8 93.8 71.5 84.5 35.7 67.5 32.8 64.4
MCRN +IC 84.4 93.6 71.7 84.6 36.4 67.2 33.6 64.5
MCRN +IC+CC 84.4 93.9 72.9 85.7 39.9 70.4 38.9 69.2
MCRN +IC+CC+LR 85.0 94.0 73.5 85.6 41.3 71.6 39.3 69.5

E R TR R S e LA R

AR SOl HT A AL — Bk 29 AT IS B9 B A A5 A
P A R AR 25 TR AT 1 R R, AR I8 5 R T
ZA AT B AL AT AL HE 7 ], v 2
REREI D, AFRBEACEAF L. hES5)
(b) AT IR | AR AL — Bk 20 AR A4 1] 47 A A
ANTRIARBL T B BEES AZ 3T, 1 f 1] 5 (e ) m LR 21, A
HL— B A ARG A R A7 A AEAH R AR AL #9458 Ak
FEES AR . LA B SR ] T A AL — ErE 29 AT LA
{19 265 14 e ik 2 [A) 26 P9 5 K0, S Ta] B L AT
ok

R 2 AP (LE) br 2 A 77 X 5L 500

“513& P —EhE 2R

(a) FTA133

W LB
L >
iuﬁ: -
(b) T A241

R —E LR
By -
W= e
416 ﬂ%&
e
() 7T N299 547 A416
K5 AIBL—Zk A4 2k Y nl B4 R 4]
Fig. 5 Visual examples of the effectiveness of camera

consistency ((a)pedestrian ID 133; (b)pedestrian ID 241 ;
(¢) pedestrian ID 299 and 1D 416)

P2 Ak (label smooth , LS) BIARZE M b J7 35 1Y L 4%
g5 . Horb LR (LE) Q3R 5 T 5 28 8 nl iy bn 25 10
b, LROLS)RREE TR AL b S b T . i
HAYAREE AL IR N 4E A one-hot bR %5 TP N 1 /Y
Y B D BB S R 0. 8, K LAt v — 1 4 1 £ (E 1K
HHRO.8/(N - 1), HFIZER AT UL, 5 & i A
AT ORI OLA  PERE S I8 22 , 7F Duke—
Market fil Market—Duke | # mAP 23 5] R T 0. 6%
1. 7%, R151 R BT 0.3% Fl 1. 6%, #F— Ui
P2 B LA AR 2 Ak 7 A A R

FR2 AERERLFTXBIITLE
Table 2 The comparisons between different
label refinery methods
1%

Duke—Market Market—Duke

mAP R1 mAP R1
wo/LR 84.4 93.9 72.9 85.7
w/LR(LE) 85.0 94.0 73.5 85.6
w/LR(LS) 83.8 93.6 71.2 84.1

T w A with, 2R, wo {{3% without, F /R AT 5 AL
FARFE RGN Fe Al 45

3.4 5;BFHEXTL

3 HET MCRN gl i) MCRNCC 5 A 1 3
by I W B S 1 AT N EE R O IR AE 4TSS
e S R . LB T ik A5 MMT (mutual mean-
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teaching) (Ge %5 , 2020a) . MEB-Net (multiple expert
brainstorming) (Zhai %,2020) . SpCL(Ge &5 2020b) |
UNRN (uncertainty-guided noise resilient network )
(Zheng 45 2021a) . GCL (generative and contrastive
learning) (Chen %% , 2021) . GLT (group-aware label
transfer) (Zheng £ 2021b) . OPLG (online pseudo
label generation) (Zheng 45 2021¢) . IDM (intermediate
domain module) (Dai%%,2021) .TDRL(Isobe %5 ,2021)
FIMCRN(Wu4§,2022) . ] LA i, MCRNCC 7 44>
155 BERIAS T A nPERE , B 0 T HAB I v

mAP 7354 85. 0%, 73. 5%, 41. 3%, 39. 3%; R1 435
5 94. 0%, 85. 6%, 71.6%,69. 5%, 4+ 5 H1, 7F Duke
—MSMT F1 Market—=MSMT 1T: 45 I, 5 MCRN #{ It ,
MCRNCC [ mAP 735l i 1 5. 6% F16. 5%, R1 735l
B T 4. 1% F15. 1%, h T fii 2% > of 78 o 6 4
MMT T 4428 A ThR 25040 , MEB-Net i T
6 LA THE B AF >, T MCRNCC R T 24
2% I AL FEAT TSI 24 ) 2% B REAE A T S ] — Bk
LR AL — BRI 3E F AR L bR Ak,
s T AR

%3 5% UDA Re-ID 75 HI LB
Table 3 Comparison with state-of-the-art UDA Re-ID methods

/%

Duke—Market Market—Duke Duke—MSMT Market—MSMT
g S

mAP R1 mAP R1 mAP R1 mAP R1
MMT ICLR20 712 87.7 65.1 78.0 23.3 50.1 229 49.2
MEB-Net  ECCV20 76.0 89.9 66.1 79.6 - - - -
SPCL NIPS20 76.7 90.3 68.8 82.9 26.5 53.1 26.8 53.7
UNRN AAAI2] 78.1 91.9 69.1 82.0 26.2 54.9 25.3 52.4
GCL CVPR21 75.4 90.5 67.6 81.9 29.7 54.4 27.0 51.1
GLT CVPR21 79.5 922 69.2 82.0 27.7 59.5 26.5 56.6
OPLG 1CCV21 80.0 91.5 70.1 82.2 29.3 56.1 28.4 25.3
IDM 1ceval 82.8 932 70.5 83.6 35.4 61.3 33.5 61.3
TDRL 1CCV21 83.4 94.2 70.8 83.5 36.3 66.6 35.8 65.8
MCRN AAAI22 83.8 93.8 715 84.5 35.7 67.5 32.8 64.4
MCRNCC AL 85.0 94.0 73.5 85.6 41.3 71.6 39.3 69.5

TE IR TR R 2 S e LA R, = 3R TOAR I A S 30 580

4 & i

B0 G M e O A A TR (R, AR SC P
— M BA — B )72 MCRNCC, Ho it
TS — AR AL — B 2 R T AR A AR
IBIARZEAL AL T 1 25 3 AR, L3 i i e BUA 5
VLR AEE AT N SS )  HE AN AR (AR AT AR AR X
FABLAE AN B R DR L B DA 25 e 7 g aod 405 )
R L) — B 2 R o 2 SRR — S A [ 3
N ERFEAR AT , SIS P9 AR A2 4 o 1015 8L, 2 > 2
B R R AR 20 5 AL — SR 2 RO B AHBILAY 1E
FEA XS FR] AR AL A A AS X A8 X9 = ST 2H L $2 T

TAT ANAEASFEFABL T B R AE AR E 1 5 3 T AR & 5 Al
MIARZEPEALT I T BN AR B AT, 3 DR AR 2
i35 5 ok B2 4 Y one-hot 2 5 O A5 2 82 i, Ui
T PR NGEFE a 0L RURS: o AR S A K i
SCHGHHIE T MCRNCC & BT A2t . 5
HoAh B J5 15 19 A R W MCRNCC BUAS T Je ik i
PERE .

AR STk 32 B T A 2 B YR el ()
X F 22 A PRI 08 7 [R) R R RS . L T
VRS2 (R AR IR 22 5, 2 TR 7 ol — 2 )1 2
JERREA AR THERE . MAESLBRN P, EHIRE
P A 1 T B 4 | 3 b T R AR O Al
TRE NI T, Gnfal 5855 R X S5 48 B 45
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