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Camera-aware unsupervised person
re-identification method guided by
pseudo-label refinement

Cheng Siyu, Chen Ying"

Key Laboratory of Advanced Process Control for Light Industry (Ministry of Education), School of Internet of Things
Engineering, Jiangnan University, Wuxi, Jiangsu 214122, China

Abstract: Unsupervised person re-identification has attracted more and more attention due to its extensive
practical application prospects. Most clustering-based contrastive learning methods treat each cluster as a pseudo-
identity class, overlooking intra-class variances caused by differences in camera styles. While some methods have
introduced camera-aware contrastive learning by partitioning a single cluster into multiple sub-clusters based on
camera views, they are susceptible to misguidance from noisy pseudo-labels. To address this issue, we first refine
pseudo-labels by leveraging the similarity between instances in the feature space, using a weighted combination of
the nearest neighboring predicted labels and the original clustering results. Subsequently, it dynamically associates
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instances with possible category centers based on refined pseudo-labels while eliminating potential false negative

samples. This method enhances the selection mechanism for positive and negative samples in camera-aware

contrastive learning, effectively mitigating the influence of noisy pseudo-labels on the contrastive learning task. On
Market-1501, MSMT17 and Personx datasets, mAP/Rank-1 reached 85.2%/94.4%, 44.3%/74.1% and 88.7%/95.9%.
Keywords: person re-identification; unsupervised; camera-aware contrastive learning; refined pseudo-labels
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A, SRIGUIN T T SCF Y4k (generalized mean
pooling, GeM) JZFffi il BNNeck 1% 2.

TEIZRak 72 v, R B50E 4 09 MG RN T 4 R
256 % 128, SRIGHAT T HEMLAK B . (2R 5. bl
BLER 59 F1BEALAE B 22 WUECHE 1 S 524 . Batch size 1%
R 128, HAHRAE 16 NS, A
8 AL, SRIAE FICRS x 10749 Adam fLLA%
TR AR AER A . I FETT 50 4~ epoch AYIIZR, WG
o) RIEE N3.5x 107, SR % 20 1 epoch 42 >
YR R Z Wi 1/100 54 epoch FF 4R I, fif H]
DBSCAN H FIFE T kA I 40 10 78 Fl i g ik
FPRBVE AR, IFEH 5 SCik [3] MR S5
WHE . FPLEG InfoNCE F K IR RE Ty Tinter
Sy E R 0.05, 0.07, RXEG AL BN, 5 &
h 500 WU GRS UK TR ARSI i B 7,
Tl PRI FE E I S 8 B R 0.3, U F M S8
A, BOYIIEEEN 0.6, 0.5, LI LSE SRS b
W, 3.3.4 75, MRS, (O MG R/NEEF T EE , IRl
FH GeM i AL)Z BRI AR S

3.3 LR
3.3.1 S5BHFEH R

R TS AR, A SO SE R A R S
I JUAE BB 0 J7 04T T Lt A, 4% UDA J7 i fil
USL /. Market-1501, MSMT17 fll Personx = 4>
BAEEE F AR AL 1 FR, Hod gt ikl
Fon, WIREFRINTFRLFR, “7 FRERSCOHK
HiZImgs 5, Hrp SPCLY 1t MMT! J7¥:7F Personx

AR L g R REL L CCY B HLAE IR

e 1 R R, BME A S MORR I
PRI B, AR SOy e 3 AN B L EUS TR
M PERE . MA T R PEAER cac L, Xt T mAP il
Rank-1 #8458, A EAE Market-1501 _F4rH4R T T
0.5%. 0.6%, 7E MSMT17 EA AT 4.0% . 4.1%.
P 1 AR BAY CC RARSCAYIELR I S, A
AN SO S SRR SUfEE—SaR, FE2
Batch size fR/N . B RECRE IS . JREFEX
SE2E S, ARSI =AU AR I PERE R AR i
T RKHRAr USL ik, {HEE Market-1501 $a4E g%
F LP" F DCCT!" )51, Market-1501 $ffi 46 Hh 44
Sy i B AHHLH ELAE AR SR AR X BN, B
IX T AHMLZE PR P, R A SO 1 FE AL AR ML
() f1Y 2 S [ AL, (LA PR LR T4 /N o T MSMIT17 48
ARG | Z AL M AER ST, H B M s S
TEZ ML E S, RS0 A S 2 AL
B T A SCH 5T AL BRAR ML) A% 22 5 a8, [N e
MSMT17 $0d 8BS 178 R B W PERE IR T, X
FAA SO AR PR BBk e, LR &
FHPL M AR 22 R B 0L T, BA Rz 1k
CEWARS

5[] BE L 1 T i DA HLRURS 5 IR ) MetaCam!™ |
1Cs™, CAP™, CA-UReID'"”, CaCL""J5 i #H I ,
AT EEAWE B 5 MetaCam” M He, &
SCHERIAE Market-1501 _F mAP 1 Rank-1 /35427 T
23.5%. 10.5%, MSMTI17 | mAP FI Rank-1 43 %] 42
FET 28.8%. 38.9%. SHEAITICS™ ML, A SCAEA
1E Market-1501 |~ mAP #l Rank-1 342 F+ T 12.3% .
4.9%, MSMT17 |~ mAP HlRank-1 /35H2TF T 17.4% .
17.7%. 5HR CAPY M Lb , A% SCAR 7 #F Market-
1501 = mAP #1 Rank-143 5l $2 7+ T 6.0%. 3.0%,
MSMT17 | mAP fil Rank-1 5354 T+ T 7.4% . 6.9%.
LR CA-UReID" AL, AR SCHEALTE Market-1501
I mAP il Rank-1 73542 F+ T 0.7% . 0.3%. SHAY
CaCL"" M b, A% SCHE AL #E Market-1501 |- mAP Al
Rank-1 73 542 T+ T 0.5%. 0.6%, MSMTI17 I mAP
Hl Rank-1 0 5HETF T 4.0% . 4.1%. BRI, A
JIE 4 T5 AR AL B 5 02 2% B K AR E i 5 MSMT17
LRI R RR R T, R T DL A O 4
1AL B 27 2] 78 b FRAR AL 22 S 7 T A A
e

230239-7



FRITRN, 45, JBHL T fE, 2023, 50(12): 230239

https://doi.org/10.12086/0ee.2023.230239

k1 AXFEH5RFIFENE

Table 1 The comparison between the our method and the latest methods

Market-1501 MSMT17 Personx
Methods
mMAP/% Rank-1/% mMAP/% Rank-1/% mAP/% Rank-1/%
Unsupervised domain adaptation (UDA)
ECN” CVPR'19 43.0 75.1 10.2 30.2 - -
spcL? NeurlPS'20 77.5 89.7 26.8 53.7 78.5 91.1
MEB-Net"” ECCV'20 76.0 89.9 - - - -
MMT! CVPR21 71.2 87.7 23.5 50.0 78.9 90.6
GLT®! CVPR’21 79.5 92.2 27.7 59.5 - -
MCL® JBUAA'22 80.6 93.2 28.5 58.5 - -
CACHE® TCSVT'22 83.1 93.4 31.3 58.0 - -
CIFL* TMM'22 83.3 93.9 39.0 70.5 - -
MCRN"® AAAI'22 83.8 93.8 35.7 67.5 - -
[ICM® JCRD23 74.9 89.0 27.2 52.3 - -
NPSS®" TIFS23 84.6 94.1 38.9 69.4 - -
CacCL"" ICCV'23 84.7 93.8 40.3 70.0 - -
Unsupervised learning (USL)
spcL? NeurlPS'20 73.1 88.1 19.1 423 72.3 88.1
MetaCam"” CVPR’21 61.7 83.9 15.5 35.2 - -
ncs® CVPR'21 72.9 89.5 26.9 56.4 - -
RLCC!™ CVPR21 77.7 90.8 27.9 56.5 - -
CAP" AAAI'21 79.2 91.4 36.9 67.4 - -
ICE"" ICCV'21 82.3 93.8 38.9 70.2 - -
CACHE™ TCSVT'22 81.0 92.0 31.8 58.2 - -
CIFL®! TMM'22 82.4 93.9 38.8 70.1 - -
GRACL™ TCSVT'22 83.7 93.2 34.6 64.0 87.9 95.3
PPLR"™ CVPR22 84.4 94.3 422 73.3 - -
CA-URelD"” ICME’22 84.5 94.1 - - -
NPSS®" TIFS'23 82.3 94.0 36.7 68.8 - -
LRMGFS® JEMI'23 83.3 93.3 27.4 58.4 - -
PLRIS* ICIP’23 83.2 93.1 43.3 715 - -
AdaMG*” TCSVT'23 84.6 93.9 38.0 66.3 87.6 95.0
LP' TIP’23 85.8 94.5 39.5 67.9 - -
DCCT!™ TCSVT”23 86.3 94.4 41.8 68.7 87.6 95.0
cch CoRR’21 82.1 92.3 27.6 56.0 84.7 94.4
Ours - 85.2 94.4 44.3 74.1 88.7 95.9

SRR TR ZE AL TR SPCLY . MMT!
MEB-Net'”, RLCC"?, PPLR"”, MCRN"", ICE"",
LP" . DCCT" #tL, ASCHEMERE R ERT, SH
HRER A AR PERE RS I AR PPLR™ M EL, AR SOy
1E Market-1501 _ mAP I Rank-1 23 542 T+ T 0.8%.
0.1%, MSMT17 |- mAP il Rank-1 23 54T T 2.1% .
0.8%. 5 DCCT'" M., #%3CJ7 k7 MSMT17 I

mAP Fl Rank-1 73 H4£F+ T 2.5% . 5.4%, Personx |-
mAP Fl Rank-1 735132 F+ T 1.1%. 0.9%.

5[] B 25 R AR AL i R PR 25 MR P PR A [ R Y
B CIFL™ . NPSS™. PLRIS™ L, A HA &
F et . 5 PLRIS™ A L, 7F Market-1501 |
mAP Fl Rank-1 432 F+ T 3.0%. 1.3%, MSMT17
- mAP il Rank-1 70T T 1.0% . 2.6%.
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3.3.2 JHBLLE

A SCHE Market-1501 #1 Personx 20454 FiEfT T
—ZRINERLSER, AAE B AR S 2% rh A AR A 2K
PE, SLBZE R 2 FiR. He, “M17 FoR L
B CCY SR, ‘M2” . “M3” . “M4” . ‘M5 4
SR AEFEL A CC R AnA SO R 44
B BT B SE IR 25 R, “M6” R AR SR T 1k
R e LR AR CC b MBI = AR S 3. #
“M6” 5 “M1” EATRT L, PTLAE W, AR SO
TR cC™ FHH W E W PEREIR T BRI,
T AT 4B O B 25 20 AL A HurE Market-1501 %548 5 2%
mAP il Rank-1 20T T 2.6% . 1.9%. X FEW L
SR OIBRZ AL 5 VA R HIR R T W AR I AN RIS
AT T A RE . 7E Personx B4l 45 Itk
mAP il Rank-1 23T T 2.8% . 1.1%, UERH T i%MK
B Rk .

FHHLPN AT 2 2T B fE Market-1501 B 45 oKt
mAP F1 Rank-1 7342 T+ T 0.8%. 0.9%, 7F Personx
Bl ¥ mAP Fl Rank-1 730942 T+ T 3.2% . 1.3%,
RCUERA T AHAIL PR b2 2T A3 T4 Sy i b2 20 X e s
P2 BB E B, D LR B T A A PR BE . AL
) % [t 2% 2 B HAE Market-1501 3048 45 [ mAP Fil
Rank-1 7354 T; T 1.8%. 1.3%, TE Personx Z¥E4E
%% mAP Fl Rank-1 53548 T+ T 2.6%. 1.5%, kW]
T E RN i 75 3 F HAHBLIE] 4 AH DGR i A T AN
PUBIASERY  ACAT LA IEARMLA OB AR, MR
RN 2, ERENSAE RME ARDL O BN or e, f#
P T AR T N MR B A RIPE LT, B AAARHLIRENRT L
2% ) BEHUE Market-1501 5045 45 [ mAP 1 Rank-1
AR FAT 2.0%. 1.3%, FE Personx HHE £ B
mAP il Rank-1 73 52T+ T 3.8% . 1.4%.

3.3.3 AL

ST R Wb a3 BT AR SCRR L R AR, A
Market-1501 %45 4E 1 #£47 T Rank-10 o] # 46 HE 7 52
B, A 4 PR, BEPLERE T 6 skAIEER, sy hilfE
BB R CcCY . B M 7 ik CAPY . RStk Uy ik
PPLR"™ D B A SCHRY |- k47 T ol g Ak st Hodh i
ABRER EBRAFRA IR, WA S ERHER IR R
RIETRVCEC S, T A 21 6o A Y S 2R
TRICEC A S . A 4(a-c) Fal DILEER], A2 [
— B AT N AL AR, FELRARRIZE 5 A
FEIRRER, FRIIEEE 3. 4. 6 AL, HARAK
REGTA TSR VRIN AR SCHE A g
et Tix—150 . GlEl 4(d) s, ASCHEERIE e
SO X A3 FERDE AR NS, NI TR
PERE, XUEBA T AR SO IR A 30k

SHARBASCT A 8, SR T-SNE Jrik ]
AL T IR CC™ | Ao ik CAPY | ety
% PPLR" D) R AR SO 2 ) R I RRIE R R . [ 5
7~ THE Market-1501 588 48 h BEHLA AT 10 47 A
1 EUGARIE A &, Ho PR R B AR AR RIAT A,
ANFERFRAFE AL WA 5 ATLUE
FLRpiAl cc™. CAPY Jrik A PPLRY ik AR RETR
WL B ARl 43, 62, 64, 67 AT A, LK
JE CAPY J5k, AR SCAR Y fE T 4 b X 433X 86 By 5
AN, T HRFREEN 15 F1 17 fifT A, HELpia
CC™ 1 PPLR'"™ R W 58 Mok B 3 b 25 Ry 17 S AL
B0 5 SR EMREE Sy R 15 45, AR SO R 2 3 b
MR T IX—IE I . X FIAAR ORI g 2 T A
AR B AR A T a0, AT T FHARAIL
RAs 2R G RFENZER . 7 1 P SEEREs R 55
TIX— g, TR A SRR T SR TE Market-
1501 98 4 4% mAP Fl Rank-1 4391427+ T 3.1%.

% 2 Market-1501 #35 & EiH ak st in 42 R
Table 2 Results of ablation studies on Market-1501

— — — Market-1501 Personx
bee D e o Rankt/%  Rank5i%  Rankd0/%  mAPiG  Rank-/%  Rank5/%  Rank10/%
M1(cc 82.1 92.3 96.7 97.9 84.7 94.4 98.3 99.3
M2 - J 82.9 93.2 97.3 98.2 87.9 95.7 98.8 99.5
M3 . - J 83.9 93.6 97.5 98.3 87.3 95.9 98.8 99.4
M4 - V 84.1 93.6 97.6 98.5 88.5 95.8 98.9 99.6
M5 N - - 84.7 94.2 97.9 98.7 87.5 95.5 98.9 99.5
M6(Ours) \ R 85.2 94.4 98.1 98.6 88.7 95.9 99.2 99.7
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A\ \ 3 Ilili

B 4 ZF 7 ik Market-1501 #3#% %& £ Top-10 #E/5 7 & 491k, (a) Baseline 7 i%; (b) CAPY 7 i%;
(c) PPLR"™ Jrik; (d) A7 ik
Fig. 4 Comparison of Top-10 ranking lists between on Market-1501 dataset among different methods. (a) Baseline method; (b) CAP™ method;
(c) PPLR"™ method; (d) Our method

2.1%, £ MSMT17 %44 K mAP il Rank-1 43 1]
PTFT 16.7%. 18.1%, 1F Personx $(#E4E [ mAP
Al Rank-1 73 3 TF T 4.0% . 1.5%. %% MSMT17
BARAEX AN 05, ASOERSE TR .,
BRI T 2RO T NS, R T
AR SRS TR A A 38 7™ B 2 P 2 S R 4 MR P 7 T 1)
k.
3.3.4 BSEOH

H T IRAME GRS B AL RE A S, AR SC
£ Market-1501 (4846 LilfAT 7 —RINLH ., FEAUR
IR ZE AN S BB BT, AR SOWER T FEafy
ANFIBUA T, SR hr % 1R IR XA R s, 52
4B RANE 6(a) iR, Ma =0.30F, HERIBS A 445

B, mAP K 84.7%, Rank-1 N 94.2%. XA b
S50 IR AR RS AE AT B0 1 D s 2 RN A i S A1 X2 S
PR&A B THEm B g ERe , DOPRZEAIfb i o ZE M A
AR WAh, ASGEBFFE T ABER/IN n XA e
URENH . SEEGZE R ANE 6(b) TR, 2 n = TR R HL
1REAFHIMERE . A ndd/N, BBUXE DL AR AR FE AR Y
FOME R Bnid K, WIATRES MARZEAE Brh o A
20Tk
TESEge R, ASGEE ST T AHPLUEAT InfoNCE
PR R R B BRI MERR R W . SERT RS
Wang 45 A 48 HOGF FLA5 2k R BOELAT TRIME SRR A [ &
PRAGPERT, BDX FARLE C LI B REAS , ANFRLkSG
EATHERS, T el f IR R i H R B R IR VL T

230239-10



FRIH, 4. 5% TR, 2023, 50(12): 230239

https://doi.org/10.12086/0ee.2023.230239

H 20 “ 20
15 15
151 it 15| 2
o8 &
10} & 10} &
gk : ek
5t 538 5t 538
-5 I +5 el * 3 5
° @ i °
-10 | : -10} o
-15 1 -15 1 il
-20 — T — -20 — .
-20 -15 -10 -5 0 5 10 15 20 -20 -15 -10 -5 0 5 10 15 20
20 20
3 [ d | 5
151 -4 151 -
.83 .8
10 - _gé 10 ¢ : gé
8 8
d i) °| 3
F \ 5 F é » 3
0 O 3 0 \ NS
-5t . & %9 5l ’ . §‘~"?§,-t i5
Bl W
-10 -10 |
-15+ -15}
-20 . . . - - . . -20 - . - - - . .
-20 -15 -10 -5 0 5 10 15 20 -20 -15 -10 -5 0 5 10 15 20
B 5 RE) %k Market-1501 4048 & F 4542 T-SNE THLLLE . (a) Baseline 7 i%; (b) CAPY 53k,
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Fig. 5 Feature T-SNE visualization results of different methods on Market-1501 dataset. (a) Baseline method; (b) CAP® method;
(c) PPLR"™ method; (d) Our method
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Fig. 6 The impact of each hyperparameter to our model on Market-1501. (a) «; (b) k; (C) Tintra; (d) Tinter
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Camera-aware unsupervised person
re-identification method guided by
pseudo-label refinement

Cheng Siyu, Chen Ying’
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The overall framework of our method

Overview: Unsupervised person re-identification has received increasing attention due to its wide practical application
prospects. Most clustering-based contrastive learning methods treat each cluster as a pseudo-identity class, focusing on
improving inter-class differences while ignoring intra-class differences caused by factors such as perspective, lighting,
and background between different cameras. This makes it difficult for clustering algorithms to accurately cluster samples
with the same identity into the same cluster, inevitably leading to noisy pseudo-labels. Some methods have introduced
camera-aware contrastive learning, which divide a single cluster into multiple sub-clusters based on the camera's
perspective, and calculate the intra-camera and inter-camera contrastive loss separately. However, the noise in pseudo-
labels may interfere with the selection of positive and negative samples in camera-aware contrastive learning, thereby
misleading the model's learning process. To address this issue, this paper proposes a camera-aware unsupervised person
re-identification method guided by refined pseudo-labels. By calculating the similarity between training instances in
feature space, a neighborhood set is determined for each instance. Subsequently, the model refines one-hot pseudo-
labels by combining the predicted labels for samples within the neighborhood with the original clustering results using
weighted aggregation. The core idea behind this approach is to encourage the model to not only bring samples closer to
their respective cluster centers but also establish associations with other nearby samples that may contain identity
information. This strategy effectively enhances the model's robustness against noisy labels while reducing the risk of
over-fitting. Building upon this, this paper further proposes camera-aware contrastive learning guided by refined pseudo-
labels. By leveraging the probability distribution of each class in the refined pseudo-labels for instances, the model
dynamically associates instances with potential class centers, no longer relying on a single class center as the positive
sample. Additionally, potential false positive and false negative samples are filtered out. This method enhances the
selection mechanism of positive and negative samples in camera-aware contrastive learning, effectively mitigating the
influence of noisy pseudo-labels on the contrastive learning task. The method proposed in this article was validated on
three large-scale public datasets, and the results showed that this method has significantly improved compared to the
baseline method and is superior to current advanced methods in the same field. This method achieved mAP/Rank-1 of
85.2%/94.4%, 44.3%/74.1%, and 88.7%/95.9% on the Market-1501, MSMT17, and Personx datasets, respectively,
demonstrating superiority. Specifically, on the Market-1501, MSMT17, and Personx datasets, this paper’s method
achieves mAP/Rank-1 scores of 85.2%/94.4%, 44.3%/74.1%, and 88.7%/95.9%;, respectively, showcasing its superiority.
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