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Unsupervised framework for Amur tiger re-identification with
Cluster Contrast and ViT

ZHAO Yafeng', YU Jichao', SUN Qian?, KANG Jialu', WANG Zicheng'
(1. College of Computer and Control Engineering, Northeast Forestry University, Harbin 150040, China; 2. College of Information
And Communication Engineering, Harbin Engineering University, Harbin 150001, China)

Abstract: To address challenges like difficult annotation of wild data and sample imbalance in Amur tiger individual re-
identification, a collaborative framework based on the ATRW dataset was developed for unsupervised re-identification.
The ViT self-attention mechanism was used to capture global long-distance dependent features of stripes. Combined
with the coordinate attention mechanism, it enhanced spatial position analysis of stripes, making up for missing feature
correlations caused by the locality of traditional CNNs. The Cluster Contrast mechanism was introduced to build a
cluster-level memory dictionary. Momentum update balanced feature optimization rates of individuals with different
sample sizes, alleviating feature biases from sample imbalance in unsupervised learning. Experiments show the model
achieves an mAP 0f86.4% on the ATRW (r+i) dataset, outperforming the original feature extraction models (ViT and
Resnet50 ibn). It exhibits good generalization ability across different data distributions and data volumes, and is suit-
able for the demand of collaborative monitoring with visible light/infrared multi-devices in the wild. The method pro-
posed in this study provides a technical solution with both accuracy and robustness for Amur tiger individual identification.
Keywords: Amur tiger; re-identification; deep learning; unsupervised learning; ATRW dataset; Cluster Contrast mech-

anism; vision Transformer; coordinate attention
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Fig. 6 Relationship of the performance comparison of the
characteristics and ranking lists of CMC, mAP, and
INP
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Table 1 Division situation of the dataset

ATRWURE)

Images

ATRW (i) ATRW(Ill%5)
Ids Images Ids

o1

Images Ids

VIS 19 741 74 1336 93 2077
W AE 9 280 34 420 43 718
A 9 42 34 131 43 155
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Table 2 Indicator situation of the dataset %
HARLE mAP Rank-1 mINP
ATRW (i) 64.1 98.3 33.0
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Table 3 Performance comparison of different models on
the infrared dataset

R mAP/% Rank-1/% mINP/% Z4i/10°
ARSCAR T 96.3 98.3 86.7  21.9+1.688
ViT 95.3 98.3 85.3 21.9
Resnet50 ibn  94.9 98.3 84.6 25.6
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Table 4 Dataset indicator situations of different feature extraction networks
ATRW (3liz) ATRW(JI1%5) ATRW (r+i) .
o 2 SH /10
mAP/% R-1/% mINP/% mAP/% R-1/% mINP/% mAP/% R-1/% mINP/%
AR 66.2 98.3 343 84.9 98.5 63.7 86.4 97.1 69.8 21.9+1.688
ViT 64.1 98.3 33.0 83.5 98.5 61.0 85.2 96.2 67.0 21.9
Resnet50_ibn 71.0 98.3 36.4 81.6 96.2 57.6 84.4 95.7 67.2 25.6

FE flA T U6 5 20 ANEE B9 ATRW (r+1) 4L
P b, AR SCHIAL R B A, Hol it VIT @ /e
BT BB S A BURRAE B S M OCIR, S5 A
CA P 58 Ak 2 8] 415 ff AT, A 8508 Bl 2 B8R
fE 2% 5, #0485 65 mAP . mINP Y465 T VIiT 5
Resnet50_ibn, [F] 350 T 50— 2T FR 454 1 /0 AT g
SEA LA R, UE I A S RV B A L RE
A E T ¥ B A& RZALEE T, i BB AR T W/
21 H 22 15 45 Pp IR W 75 R o

3 #AKiE

AW T X AR AL A A U B A R bR
TEXE | FEAS O A I AL 58 CNN ey 81 e o 55 ) R
LI ATRW B8 M 3Ll ¥9%E T B4 Vision Trans-
former( ViT) . Ak Fr1H & 715 Cluster Contrast HL il 1Y
TeW B = S HESR, SR T AL PR MR TC B 1R

B 2 A AT I, B A i S R AR fig
FETE I 2 OQHK, [ HIAEA R S | A3 A 0 — 340
BG4, REHY BhA A T 4 i A PR AR AU R AR B &
Jry o3 A 5 SRy B AR AL LA, S T 4 U SR, il
GRAE IR AR 0 Ao AR RS, & TP B xf
B AR8URHERY 2 2], SEERE TR, X—458 0
B AN AR AL 1 I DA ) R AR T ARSI T 90k 2%
WA T 58 o A — St TR ALz A e ) ) S

RSP R 7 T, AR SCRE R TE & R B 45 1)
ZEE RIIILT VIT, Resnet50 ibn &5 KL 2 f AU,
HARREWE TS A REH . VITHHEERT
MLEE UL A 03 $E 25 b B2 45 S0 5 B A Xl 1) 4 i s
R T IR GRS 1 15 1 B75 - SR (N Bl BU I N
P SR B I O R AW AR RRAE . ARARiE R T
BLHHE— 25 3 Ak T X 4 8023 (B Ao & (W f T, X
ANE A BT ARSI M 2: 5, Wil K
-5 3 57 W) B 0 0l G R R T S S SR R (R
B b I AR A S B mg iR Al . Cluster Con-
trast AL il DUJ 30 Ao ) A 7 2 PN A7 - L 5 3 i O OR
W, ST TR R AR 5 AR L R B RRAE O Ak R
i O o == Ss I o = SN = A1 1 R 7 N B S B ]
>) REAR D B AR R A A TR A 1) A, R R AR
RUXT A SEA R AIE 2 2T B3 . TCAe 2 AE 5 A
n]uLE g s BRI AN AN L b R WLt S

LLANEHE IR & MBS S o, IR R I RE R FF
A L S BRI PR BE, (A MY R d A B 05 0 1O 4
SEEN.

L5 L RTIR, ASCESL T — il 2R R T B
FHRE B9 77 AR AR L PR AR E U v R e
PR B I MBS o I HE SR, B 1T D B AR AR L R M
PRI TAE SR i B0 S, Sy HAb WG Y FhoC
M U B AR G E S SR A T A Y B g ——
4 Jr R B B — 23 ) 7 56 fh— G M R A 1T

% L

(1] EZML AR, Fl AT, 5 s R AR

W) (2021 4E 2 A 1 HIEID[I]. B 3243k,
2021, 42(2): 605—640.
National Forestry and Grassland Bureau, Ministry of Ag-
riculture and Rural Affairs. List of national key protected
wild animals (revised on February 1, 2021)[J]. Chinese
journal of wildlife, 2021, 42(2): 605—640.

[2] QI Jinzhe, HOLYOAK M, NING Yao, et al. Ecological
thresholds and large carnivores conservation: implica-
tions for the Amur tiger and leopard in China[J]. Global
ecology and conservation, 2020, 21: e00837.

(3] ERE, 2454, 2270 AR AL R A SR PR st el 1 ik

JE[T]. F19R TR b, 2024, 4(4): 38-52.
WANG Fengkun, LI Yan, JIANG Guangshun. Progress
in the construction of Sino-Russia Amur Tiger(Panthera
Tigris altaica) Protected Areas[J]. Natural protected areas,
2024, 4(4): 38-52.

(4] RUE, R, HEE, %5 RILEFIERAFEEY

DNA SERIEAS R FE[T]. UG K224 (H AR
“£hi), 2023, 59(4): 623-628.
WU Feng, WEN Peiying, TANG Zhizhen, et al. A DNA
mini-barcode reference library for environmental DNA
study in the Northeast Tiger and Leopard National Park
[J]. Journal of Beijing Normal University (natural science
edition), 2023, 59(4): 623—628.

(51 F54A, 220 PR3 B A B A Wb A i M D0 75 VAR
R[] A2 REME, 2022, 30(9): 129-146.

WEI Yi, JIANG Guangshun. Overview of monitoring
methods for tigers, leopards and ungulate prey[J]. Biod-
iversity science, 2022, 30(9): 129—146.

[6] HE Fengping, LIU Dan, ZHANG Le, et al. Metagenomic
analysis of captive Amur tiger faecal microbiome[J].
BMC veterinary research, 2018, 14(1): 379.

[7] KERLEY L L. Using dogs for tiger conservation and re-
search[J]. Integrative zoology, 2010, 5(4): 390—396.

[8] TUIA D, KELLENBERGER B, BEERY S, et al. Per-
spectives in machine learning for wildlife conservation[J].


https://doi.org/10.3969/j.issn.1672-7789.2022.01.010
https://doi.org/10.3969/j.issn.1672-7789.2022.01.010
https://doi.org/10.3969/j.issn.1672-7789.2022.01.010
https://doi.org/10.1016/j.gecco.2019.e00837
https://doi.org/10.1016/j.gecco.2019.e00837
https://doi.org/10.12335/2096-8981.2023022802
https://doi.org/10.12335/2096-8981.2023022802
https://doi.org/10.12202/j.0476-0301.2023123
https://doi.org/10.12202/j.0476-0301.2023123
https://doi.org/10.12202/j.0476-0301.2023123
https://doi.org/10.12202/j.0476-0301.2023123
https://doi.org/10.12202/j.0476-0301.2023123
https://doi.org/10.12202/j.0476-0301.2023123
https://doi.org/10.12202/j.0476-0301.2023123
https://doi.org/10.12202/j.0476-0301.2023123
https://doi.org/10.17520/biods.2021551
https://doi.org/10.17520/biods.2021551
https://doi.org/10.17520/biods.2021551
https://doi.org/10.1186/s12917-018-1696-5
https://doi.org/10.1111/j.1749-4877.2010.00217.x

i

2

b:13 BV XL, 45 FE T Cluster Contrast F1 VAT ) 25 b 58 AN 51 PR 51 TG W B 2 ST HE 200 5%

<443+

(9]

(10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Nature communications, 2022, 13: 792.

YE Mang, CHEN Shuoyi, LI Chenyue, et al. Trans-
former for object re-identification: a survey[J]. Interna-
tional journal of computer vision, 2025, 133(5): 2410—2440.
YE Mang, SHEN lJianbing, LIN Gaojie, et al. Deep learn-
ing for person re-identification: a survey and outlook[J].
IEEE transactions on pattern analysis and machine intelli-
gence, 2022, 44(6): 2872-2893.

SRIEED, EALTE, Sk, PUERI T A2 H bR
[1]. B RE R BEF 4R, 2024, 19(5): 1248—1256.

ZHANG Guoyin, WANG Chuanbo, GAO Wei. Pedestri-
an multiobject tracking algorithm with anti-occlusion[J].
CAALI transactions on intelligent systems, 2024, 19(5):
1248-1256.

T, TR, =1, 5. 456 2 REFHE 5TRE ¥
s B ST NEIR B[], B RE R G4, 2024, 19(4):
898-908.

WANG Luyao, WANG Fengsui, YAN Tao, et al. Cross-
modal person re-identification combining multi-scale fea-
tures and confusion learning[J]. CAAI transactions on in-
telligent systems, 2024, 19(4): 898—908.

R, FIRELL, AR A BT A R T 25 515 B 5
AR BIBFFE[T]. WAl K424, 2024, 47(2):
112-118.

ZHAO Ling, ZHOU Guihong, REN Lisheng. Individual
identification of dairy cows based on comprehensive face
and trunk information[J]. Journal of Agricultural Uni-
versity of Hebei, 2024, 47(2): 112—-118.

FREYTAG A, RODNER E, SIMON M, et al. Chimpan-
zee faces in the wild: log-euclidean CNNs for predicting
identities and attributes of Primates[C]//Pattern Recogni-
tion. Cham: Springer, 2016: 51-63.

JIER, XURE, 22700, ARILFE (Panthera tigris altaica) >
PRI H AR 5T R [T]. B 3h ), 2013, 34(4):
229237, 248.

GU lJiayin, LIU Hui, JIANG Guangshun. A review of po-
tential techniques for indentifying individual Amur tigers
(Panthera tigris altaica)[J]. Chinese wildlife, 2013, 34(4):
229237, 248.

GLOVER J D, SUDDERICK Z R, SHIH B B, et al. The
developmental basis of fingerprint pattern formation and
variation[J]. Cell, 2023, 186(5): 940-956. ¢20.

SHI Chunmei, LIU Dan, CUI Yonglu, et al. Amur tiger
stripes: individual identification based on deep convolu-
tional neural network[J]. Integrative zoology, 2020, 15(6):
461-470.

OB, sk, BOCE, 5. BT Transformer MARILIE
RN 2 A RN BT, BF 2L sh 224k, 2024, 45(4):
734-743.

MA Guangkai, ZHANG Jing, DAI Wenrui, et al. Body
stripes individual identification of Amur tigers based on
Transformer[J]. Chinese journal of wildlife, 2024, 45(4):
734-743.

CHMIELA S, SAUCEDA H E, MULLER K, et al. Ad-
dressing the elephant in the room: uncertainties in physic-
al predictions from machine-learned force fields[J]. Bul-
letin of the American physical society, 2020.

LI Shuyuan, LI Jianguo, TANG Hanlin, et al. ATRW: a
benchmark for Amur tiger re-identification in the wild[C]//

[21]

[22]

(23]

[24]

[25]

[26]

Proceedings of the 28th ACM International Conference
on Multimedia. Seattle: ACM, 2020: 2590-2598.
PARIKH A, TACKSTROM O, DAS D, et al. A decom-
posable attention model for natural language inference
[C]//Proceedings of the 2016 Conference on Empirical
Methods in Natural Language Processing. Stroudsburg:
ACL, 2016: 2249-2255.

DOSOVITSKIY A, BEYER L, KOLESNIKOV A, et al.
An image is worth 16x16 words: transformers for image
recognition at scale[EB/OL]. (2020—10-22)[2025—08—-03].
https://arxiv.org/abs/2010.11929.

HOU Qibin, ZHOU Daquan, FENG Jiashi. Coordinate at-
tention for efficient mobile network design[C]//2021
IEEE/CVF Conference on Computer Vision and Pattern
Recognition. Nashville: IEEE, 2021: 13708-13717.

DAI Zuozhuo, WANG Guangyuan, YUAN Weihao, et al.
Cluster contrast forUnsupervised person re-identification
[C]//Computer Vision—ACCV 2022. Cham: Springer,
2023: 319-337.

WANG Xiaogang, DORETTO G, SEBASTIAN T, et al.
Shape and appearance context modeling[C]//2007 IEEE
11th International Conference on Computer Vision. Rio
de Janeiro: IEEE, 2007: 1-8.

ZHENG Liang, SHEN Liyue, TIAN Lu, et al. Scalable
person re-identification: a benchmark[C]//2015 IEEE In-
ternational Conference on Computer Vision. Santiago:
IEEE, 2016: 1116-1124.

fEEREIT:

B, @27, A, EEAE
75 A B SRR AT
R SR BE TR L LR AL A M 4
FRHMBH5ER AR ES B
TIA8 AARPLA R4 G H 10 X0, 38
55 WA L ) Je S i B 6 R 2 A 10 4%
T, KRR 20 408, AF 0 9

TR g% MCEAE 2 38, E-mail: zyf@nefu.edu.cn,

Tak#E, R A, FER
WA EHRSE . E-mail: jichaoyu@

nefu.edu.cn,

ERR, Bl 5. RIEIT
#olteEsA e 2 0, PRI (Photon-
ics) FEhgiiE, (ML)
o FEWITT 0] AR O
SR B RECEF LR R G R T
ZYEGME TR . EHESS
BRI T H 10 A0, 3R BRI

BARHEEHOAR R AR, 18 AR AR E R Y B R TE R

T2 .,

AR IR SN ZAEAL 12 T, 3 5 AR5 —1F

HABEVES K FL 03 13 5. E-mail: wangzicheng1992@
163.com,

[ FEAE4 4 ) ok % ]


https://doi.org/10.1038/s41467-022-27980-y
https://doi.org/10.1007/s11263-024-02284-4
https://doi.org/10.1007/s11263-024-02284-4
https://doi.org/10.1109/TPAMI.2021.3054775
https://doi.org/10.1109/TPAMI.2021.3054775
https://doi.org/10.1109/TPAMI.2021.3054775
https://doi.org/10.11992/tis.202307002
https://doi.org/10.11992/tis.202307002
https://doi.org/10.13320/j.cnki.jauh.2024.0030
https://doi.org/10.13320/j.cnki.jauh.2024.0030
https://doi.org/10.13320/j.cnki.jauh.2024.0030
https://doi.org/10.13320/j.cnki.jauh.2024.0030
https://doi.org/10.3969/j.issn.1000-0127.2013.04.012
https://doi.org/10.3969/j.issn.1000-0127.2013.04.012
https://doi.org/10.1111/1749-4877.12453
https://doi.org/10.12375/ysdwxb.20240406
https://doi.org/10.12375/ysdwxb.20240406
https://arxiv.org/abs/2010.11929
mailto:
mailto:jichaoyu@nefu.edu.cn
mailto:jichaoyu@nefu.edu.cn
mailto:wangzicheng1992@163.com
mailto:wangzicheng1992@163.com

