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Pedestrian Re-identification Methods Based on Limited Target Data and Deep Learning
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Abstract Person re-identification(RelD) has significant application value in cross-camera retrieval scenarios,but deep models of-
ten face a significant domain shift problem in real-world deployments. This means that a model trained well on the source domain
dataset experiences a sharp performance drop when transferred to a new target camera network. Existing unsupervised domain
adaptation methods typically rely on large amounts of unlabeled target domain data for offline clustering and self-training. How-
ever, this prerequisite is often difficult to meet in situations involving temporary deployments, privacy constraints,or difficulty in
collecting target data in advance. To address this issue,this paper proposes a deep person re-identification adaptation framework
based on a small amount of target data. Starting with a pre-trained model in the source domain,it freezes the backbone parameters
and introduces only a lightweight, efficient adaptation module for target domain calibration. Simultaneously, it employs a proto-
type-based stable few-sample decision-making approach,aggregating a small number of labeled target samples into class centers to
reduce few-sample noise. Furthermore.it combines prototype classification loss,ranking constraints,and distillation regularization
for optimization, balancing target domain adaptability and feature stability. In cross-dataset migration experiments on Market-
1501 and DukeMTMC-relD, the proposed method achieves significant improvements in both migration directions:79. 68% mAP
and 93.10% Rank-1 on Market—~>Duke,and 76. 07 % mAP and 93. 79% Rank-1 on Duke—>Market, with a continuous improve-
ment trend in incremental adaptation rounds. This method can achieve effective and iterative cross-domain adaptation without rel-

ying on large-scale target data.
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Fig. 1 Basic structure of this paper’s method
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Fig. 2 Query and ranking diagram of person re-identification based

on prototype similarity
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Fig. 3 Dataset example image
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Table 1 Results of the cross-dataset experiments (source —> target)
[€79)
ok Market—Duke Duke—>Market
mAP Rank-1 Rank-5 Rank-10 Rank-20 mAP Rank-1 Rank-5 Rank-10 Rank-20
FAEA 29.20 49.50 61.53 66.10 77.11 29.15 58.31 72.00 79.10 81.71
ECN 46. 80 66. 10 77.93 81.70 83.97 39.19 63.99 80. 30 86.00 91.09
ATRPF 39.79 72.33 79.67 83.79 82.69 39.72 70.33 72.20 73.63 75.73
MMT 46.72 68.97 75.31 76.93 79.50 49.11 72.60 78.10 82.20 84. 30
SDPL 61.90 76.60 86. 30 88. 10 91.73 70.14 88.01 95.01 94.10 94.17
LoRA(PEFT) 76.48 89. 90 88.31 89.12 88.16 73.01 90. 12 92.01 92.09 92.03
KX & 79.68 93.10 93.01 93.01 93.50 76.07 93.79 93.79 93.31 93.39
T e e 4 5 DO b i
F 2 ¥ — 2P RIR T BT AR O ik A B O A 0 3 Y 5 A 4R 5. 39 ANE 4N B R BT % SR g X AS IR GE B8 T 1l 34 HL A R 1Y
JH#a# . Lh Market—=Duke Jy il ,mAP % 1 4 1Y 60. 73 % TR . MEREM BRI KE T BWE . R R FEE R
BT RE 2 Y 69. 76 %, IETELE 3 ik E] 79. 68%; FH AR AR Sk XUAR LG R 43 B R 5 9 5 2 55 Ok I A AR 43 AT D
Rank-1 [F#EH 82. 10% #&k L F-%E 93.10% . 7 Duke—> % RERLTE H BRI LY R A B R BB s S S AR TR
Market 75 [a] 3 5 3t — Z #H : mAP M 56. 75 % 42 It £ LMD R ARG IUHA B TR I AEREA Cn
68.64% , FF 3 76.07% ;Rank-1 M 88.40 MRFFF] 93.79% . YRR R I s 5 T py kAL B
AR UL, B A Dt B AR R TR AR BN R B 8 mAP 5 Rank-1 #JfgRI 2 #7).
A ERUAE H AR5 B A 25 18] BB 0% Bl 4 SL A M, DT A 8 B ERTERR S 3 AR 2 ROMFEY I 4, R Y
LRRHITF A, F 22 %I R A R D A E L T E gk R T R AE Dt ik A T AR TSR AT AT MR B9 H
By HARME B8 50 R EUG 250 RO — RO . iR Rl B irgiikfs . X — M RIUE T I 38 70 42 /4 1 3 e
FH i B >k B Market—Duke ) mAP £ 3 %3l B b R it 4 7 HLH Y A RO  AE A RO R UL H AR E I B R i B A 32 1
18.95 A~ H 43 £, Rank-1 HRiH42 7 11. 00 4~ H 43 #1; Duke— T 0 B 4% 30 5k /D o 2 A SRR A A B A T R S
Market #9 mAP Zil#Ft 19. 32 2~ F 434 . Rank-1 T4 7+ 5 e — S .
*2 3 REEBIR SR
Table 2 3 rounds of cross-data experiments results
%
o Market—Duke Duke—Market
mAP Rank-1 Rank-5 Rank-10 Rank-20 mAP Rank-1 Rank-5 Rank-10 Rank-20
1 60.73 82.10 83. 30 83.97 84.23 56.75 88. 40 88.73 89.70 91.50
2 69.76 86. 69 88.10 89. 30 90.93 68. 64 91.73 92.63 92.53 92.07
3 79. 68 93.10 93.01 93.01 93.50 76.07 93.79 93.79 93.31 93.39
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Fig.4 Detection results of re

-identification of pedestrians
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Table 3 Ablation experiment results

%)

HA mAP Rank-1 Rank-5

w/o X B A F 51. 80 60. 4 64. 35
w/o R A 60. 10 73.6 73.12
G =8 74. 30 88.5 89. 20
L E =32 76. 80 90. 2 91.10
w/0 Lpm 65.70 79.1 81.51

w/0 Ldist 72.10 84.2 86. 40

X Stage3 #f N & B # 75.50 89.3 90. 00
X Staged #f N & B # 76. 50 90. 1 90. 80
# (K (Stage 3+ Stage 4) 79.68 93.1 93.01
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Fig.5 Visualization results of ablation experiments
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