¥39% 53 HL T 5 AR 2 4R Vol.39 No.3
- 208 JOURNAL OF ELECTRONIC MEASUREMENT AND INSTRUMENTATION 2025 43 J

DOLI: 10. 13382/j. jemi. B2407706

ETREREFINEEETAERL"

PFL B F
QLT RAFERES TR R 110870)

o ERMEAT AT ARG TR IS LU, 8 A AR B ORI R 2 B 0 0 AT A T B AR DE B A S SR 58 5
P B YR TE M B AT AN E N R AR P ARIE SR IBOR 2  TRIORAERN T3 2% 8 R DA RS R e = e A ) L, 42 1
T —F TR I MM BIAE RN IR, B8, 158 T 458 GeM stk 7 ik i SE Btk &2 15 — L X 45 (TBN-Net ) fE 4
FRIESREU 4 | AR A4 T ARRAETE B 504 s LR X SR AR X 8 S 50 0 SRR [ T, 3 st o e f U 3R 2k
2514 (OPTICS ) i B 5674 i i) SR 255501 ( DBSCAN) SEBUEE 240, i — A BEAIR T DBSCAN X8 S 40 A BURREE s L A0, i T T 58
Sy FIFHYINGREE 04 T 508 , K B BEE ALy Sl 9 SR 282 5 B0 F I W0 4 b 5 T B B b s R, A S g 2 U i
AR R AR B )8, 32 0 T RGN IO I F I TR T RSB RA—ZUW N, SRR 45 R IE TR T
YR SO, 32 I B A T M B AT N S RUIE 55 P (RS 5 5 v 4 354 B R i 48 T

KSR AT AT UUN T 2 X bt o s IR 2R ) R

HE LS TP391; TN91L. 7 XHFRIREE: A EXRREFRSERD: 510.40

Unsupervised person re-identification based on deep clustering learning

Deng Ziwen Duan Yong

(School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: Unsupervised person re-identification is a computer vision method that identifies and matches pedestrians without any labeled
data, utilizing feature extraction and clustering algorithms. To address common issues in current unsupervised person re-identification
methods, such as insufficient feature extraction, inaccurate clustering, high computational complexity and lack of model robustness, this
paper proposes a deep clustering learning-based approach for unsupervised person re-identification. First, we investigate the use of IBN-
Net combined with generalized mean pooling as the feature extraction network, which enhances the discriminative power of the extracted
features. Second, to mitigate the sensitivity of clustering algorithms to hyperparameters, we introduce the OPTICS algorithm to assist
DBSCAN in selecting hyperparameters, thus reducing DBSCAN’ s dependency on those hyperparameters. Additionally, to fully utilize all
the data in the training set, outliers are treated as separate clusters and included in the initialization and updating process of the memory
dictionary. Finally, to address the inconsistency in update rates among clusters in the memory dictionary, we propose a cluster-level
memory dictionary that eliminates this issue. Experimental results validate the effectiveness of our approach, demonstrating significant
improvements in both precision and accuracy in unsupervised person re-identification tasks.
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Fig. 1

Overall structure of deep clustering-based unsupervised

person re-identification method
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FRIA 8 b Ty, BRI, 16 43 5 K AT SA R 3 4 4 DBSCAN
HABIREAR  REAS S B H SO BT Sl vk 5 A B
WL, XT DBSCAN R %L, H eps ZEHH T
i OPTICS 2255 T 45 2 19 45 L, min-samples 244
WE N 4, 0L FE B S 50 (metric ) A SE 09 iR B
S precomputed” , BV F T 305 58 4 i 32 F R 1% B HE
JF 0 B

iy AR B 7 KN E Sl 256 x 128, X F i)l 2 4
FIAT N RICT BEMLAK ST BRI | BEALER 55 LA K BE L2
o A5 UL ) B5CH 1 5 i BRI R Bk AR A
AR A R BBk 256, Hid s T REALE LAY 16 4>
FTFNEG D, XHEENMT A D BENLEEBCE ) 16 5K4T A
%, shis ZECRINRE R 0.2, B & B IR &
RN BN 0.05, A8 SCR AT AL E 3 s R
5%107* 1 AdamW AL IEATHIRLIN L5, Y 1) )
FRIREE R 0. 000 35, FFTE 50 #1320 24 b A5FE 20
R A S 0. 115,
2.3 3fLbLEg

FEASSCHE 9 1k 5 3 A ke LR ) TG B AT N R
5 DA B A% 58 0 TG W B AT N IR B D T FE Market-
1501 B e T OSSRk 1 R,

#& 1 Market-1501 XJ b SEIG 25 R

Table 1 Comparative experimental results on Market-1501

(%)
LAY mAP Rank-1 Rank-5 Rank-10
MMCL® 45.5 80.3 89.4 92.3
Jvre+ 47.5 79.5 89.2 91.9
JNL[? 61.7 83.9 92.3 -
ACT!! 66.7 83.9 91.4 93. 4
RLCCH! 71.7 90. 8 96.3 97.5
ICE[% 79.5 92.0 97.0 98. 1
' 81.9 9.6 96.9 98.0

T 1 BEISE Y, 7F Market1501 B03R4E | WAy
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P 5 HAL A JC W BT N EE UM S A mAP LUK rankl |
rank5 1 rank10 PR FRIE LT T HLER . AR SO BUS
T mAP =81.9% UL & rank-1=92. 6% . rank-5 = 96. 9% Fl
rank-10=98. 0% M HERf R . AHEE T IE AR 3 1 (8 Ry S itk
BTE W B AT AR R I 5 1 ICE ™ T 5, A SO 7 vk AR
E rank-5 55 rank-10 F 8PS 4 L 0. 1% B9 22 R B AL T
ICE 836, HIEAR ST B4 mAP 435 rank-1, rank-5
PLJ% rank-10 WA AREE T HAAE B X H i e B AT
NG 2000 5 0 5 B AR T, FE e T A& 3
Ik AR,

R T i B UE AR S R A RO 4 BIAE TS A
AEGIRAR L HEAT T X g, X PRI AR 43 i 2 A
FUBLEE R H S 2 A Bk AP ) MSMT17 %04 48 DL )
PersonX $#4E . SCHGE5 AR 2 i, T LI B A
AR AR MSMT 48 4 F U T mAP = 35.2%,
rank-1=62. 4% MR FETERE . AT HETE M Se#E 1 ICE
D5 48 BITE mAP 5 rank-1 BN PEM 4845 FEETH T
5.4%%5 3. 4%,

F2 MSMT17 XfLb R R
Table 2 Comparative experimental results on MSMT17

(%)

R mAP Rank-1 Rank-5 Rank-10
MMCL!®! 11.2 35.4 44. 8 49.8
Jvre+t7 17.3 43.1 53.8 59. 4
spcLt! 19.1 42.3 55.6 61.2
RLCCH 27.9 56.5 68. 4 73. 1
ICE ] 29.8 59.0 71.7 77.0
AL 35.2 62. 4 73.5 77.8

X F7E PersonX #H4E AT BYXT HE 5256, A SC
R T I 56 4 T0 W B AT NS U O vk A T 0 IR SR il
FH T 25 40 A 35 0 AT NF TR A XTIRZE . A
2 3 FRENSE 3], PRI (source ) A7 None &M H XTI 1
S Ry 5 A 0 W B R AT N EE UM Bk an SR IR Bk
Market W ZZBR 2 FE XTI 19 77 75 J2& AN Market-1501 %540 4
] PersonX 8 8 #7104 27 ~J (19 40 I8 5 1y A7 A\ E R
R, SEEAS A ANER 3 PR BENE & I, AR SC T I AH K
TXF RRZH P CR St A T T 4R A Y 5 VA Y SPCL
BT E mAP 5 rank-1 PRANITANFEFR B4 82 7 T
8.6%'5 3. 1%,

R 3 PersonX XfLb IR

Table 3 Comparative experimental results on PersonX
(%)
(e Source mAP Rank-1 Rank-5 Rank-10
spcLb! None 72.3 88.1 96. 6 98.3
SPCLY) Market  78.5 91.1 97.8 99.0
AL None 87.1 94.2 98.4 99.2

L ARTEA RIS AL b5 AN Tk X L S 5 4
HKF AR 3 MRS E A B IL T Pk
AEREL,

2.4 HERICIE

ASCAE Market-1501 Ficds 42 b 647 11 fil 52 56 R 4815
B BEHRT A SCT7 15 10 52 0, DT E — 25 5k 5 v 1 &
PR

1) FRAE F T 265 70 S 56

ASCAH FH IBN-Net 456 GeM AL HEA THFIFEHEHR

5 UE 3 B 45 A 7 R A R, A SOR il A
ResNet50 4 IBN-Net /2% I F§ IBN-Net 45 GF- 31t
FBAE R XT LU SEEG 2 R, AN 4 B, AR T Hofth ik
ASCTTEANERAE mAP TEAN R I8 2 AE rank-1 rank-
5 DA rank-10 K B2 I 33 BUAS B 18 20 B, X2 R
IBN-Net [% £ GE 4% [7] i 76 IN A1 BN 2 [8] B A5 7 165, 1
GeM AL 5 i e AT R Es & S K LA 5 7 24t Ak 5 25 1)
Peghe, T HE TR IR B A o £

T4 FHAREUMEEE R soIe

Table 4 Ablation study on feature extraction network

(%)
S mAP Rank-1 Rank-5 Rank-10
ResNet50 + avg 76.0 88.6 94.7 96.0
ResNet50 + gem 79.8 91.1 95.9 97.4
IBN-Net + avg 78.6 90. 8 96. 1 97.2
IBN-Net + gem 81.9 92.6 96.9 98.0

ST R WA A B AR S A A R R TR
Dy RN R B T 7 A i R A B T T TR Ak an & 3
Jin, B3 i Ak bR g R B AU R B, DA bR 2R
BK TP AR MAEL ., Ground Truth B4 22 SCBRARZE 19
ANEL, L 3 BERE & H A SCRT 4 H 19 D7 vk B 426 30T S B
AN TEIE T IBN-Net 54 GeM 25U A HERIE
A, BUR R TR R SRR I

0000600006060 0606060060600000000
700F
5
Z 600F .
g S 8% et S SR EREE S s
S 500 A Wy, Px.A,A‘AAA‘A.AAAA.
5 ;"l Ak 4 * &
S | A
Y + Ground Truth
g 490 ‘/ IBN-Net + GeM
“ ¢ = ResNet50 + Avg
300 + ResNet50 + GeM
R + IBN-Net + Avg
0 10 20 30 40 50
Epoch

K3 ARDrEUI R i R A et 2k
Fig.3  Cluster number variation curves during

training with different methods

2) TR RS
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HURAR B, A SCffi B OPTICS % B DBSCAN H 2 & B
ZHNTTE T B R S i A 5 A R, A
SCHEAUE A DBSCAN B33k 19 77 XA E o X B S5 T
OPTICS %54 DBSCAN 77 XA 7t Eb angk 5 s
RS M SCs 45 1T LU, T OPTICS i )
DBSCAN 21 17 A i A 2 A e i B AT AE BUN N
SRR P MERE . X2 DBSCAN B3k AP R A T
N T3 B S AR R EE A N 25 5 A ER
FERIRISZER T OPTICS 53k 3 i 2% & ] sA ME kA7 HE
J¥, fef 19 38 N AN [) 2 BE 19 558 43 A, AT By DBSCAN
H e FE S W T N T, A 8T TR
FkRE,
F5 BRAXHERBZIE
Table 5 Ablation study on clustering methods ( %)

WA Tk mAP Rank-1 Rank-5 Rank-10
DBSCAN 80. 4 91.9 96. 8 97.9
DBSCAN+OPTICS 81.9 92.6 96.9 98.0

3) AL i B 7 A i S

N TR RAE RS EOR R R rp X TR [
AT NFRIE R SR R AR IR — 2, A S T
—MTER R b XA 7 Mg W R Ak S B i T
o ASCHT TAESBI GO EX AR S TR A
TR Y 7 AR Ry LR B AT R S g, SE g A R
6 iR ARSCHICIC F B W) hh A 5 S 7 AT B
THETH T BAT N BRI A ARV RE . 33 K AR
BT  i BOR 7 3 AR RGO b AT BB fE
A DRAN [v) RS 14 552 PN A8 AT AR O 178 B 57 3 4 O 4 —
BT R AR R INAS [R) T 5 OIS /N 4 7 1 3 o
BT, R ASE A PR A BRI AN e 1) [ A

xo6 LIZFAEHANNHMEE
Table 6 Ablation study on memory

dictionary update methods (%)
L iEN mAP Rank-1 Rank-5 Rank-10
Instance level 70.7 86.7 94.3 96.2
Cluster level 81.9 92.6 96.9 98. 0

4)icie 7 i in 1 75 20H R

ARSCAERCAL T I I AL B i R P R 1 5 B R I
O IR BEREEC AL D B A SR I AR T ICL L Y
i AR, ARSI F SR 1 S TEr A TN 2R
HR B AT RS T P 78 7 A B A K 2 3 )
FEARBEARAR B, DI e 45 5 28 14 T W A5 N U1 A Y
HHAAENE,

K SR R 2 O ok AT IC AL 7 ML) i A 0 7 AR
ks BEZH 55 [R) R P SRS o0 5 B B A T A2 5 i)
BRAL R O TR EA T LB, B RN 7 B, AT LUR AR

B L RV RE LA B ) SR G R SR L — IR A B
I LA IR A i P A DT IR TG AT N IR R
ZRER R AT S] T —E R, R PN B RE A
TEARR A A B AEAE A B dlg | 1 S0 A A3 5 1 4 i 23 1] o
OIATESIE  ME VLB TR ) SR T A AR F R E AL N
B AR, REAE A B T TRUN AR B4 2 ) G 4 ufE
FEAKE R HFAE

x7 BIZFAVBRLATEREE
Table 7 Ablation study on memory dictionary
initialization methods (%)
ECH W mAP  Rank-1  Rank-5 Rank-10

Cluster centroids 80. 8 91.3 95.3 96.7
Cluster centroids+Outliers 81.9 92.6 96.9 98.0

3 & i
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RERS T 0 A . [, AL OPTICS 4 B) DBSCAN
FTBRZE il HA PR BEAR T N Tk B 28, A307
EAEZ T NEPUNEE S L Y¥IUAR T RA4F 9 45
FUER TASO R AE T B AT NE R BIME 55 T A AL
P ARSI AR F 58— LE R B 5 5L, anAipL
PR AR IS R, B — 20 5 [F) — BR 25 1047 N i A
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