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Abstract Existing projection-based person re-identification methods usually suffer from long time
training, high dimension of projection matrix, and low matching rate. In addition, the intra-class
samples may be much less than the inter-class samples when a training data set is built. To solve these
problems, this paper proposes a distance-centralization based algorithm for similarity metric learning.
When a training data set is to be built, the feature values of a same target person are centralized and
the inter-class distances are built by these centralized values, while the intra-class distances are still
directly built from original samples. As a result, the number of intra-class samples and the number of
inter-class samples can be much closer, which reduces the risk of overfitting because of class
imbalance. In addition, during learning projection matrix, the resulted projection vectors can be
approximately orthogonal by using a strategy of updating training data sets. In this way, the proposed
method can significantly reduce both the computational complexity and the storage space. Finally, the
conjugate gradient method is used in the projection vector learning. The advantage of this method is
its quadratic convergence, which can promote the convergence. Experimental results show that the
proposed algorithm has higher efficiency. The matching rate can be significantly improved, and the

time of training is much shorter than most of existing algorithms of person re-identification.
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Fig. 2 Pedestrian image lists of public datasets
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Fig. 3 Feature extraction of pedestrian images
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Table 1 Performance Comparison Among Different Methods on Dataset VIPeR (P=432)
R1 BWMAEERIEE VIPR LR R LB G EME A 432)
Methods Rank 1 Rank 5 Rank 10 Rank 20 Training Time/s Testing Time/s
Ours 0.2622 0.5662 0.7180 0.8232 475 3
CVDCA 0.1668 0.4100 0.5411 0.6773 1378 16
RMLLC 0.1522 0.3580 0.4737 0.5952 2113 15
LFDA 0.1145 0.2972 0.4098 0.5603 2214 20
PRDC 0.1036 0.2829 0.3762 0.5414 1205 12
KISSME 0.0721 0.2116 0.3068 0.4446 3002 18
ITML 0.0255 0.1052 0.1618 0.2390 8978 43
LMNN 0.0100 0.0367 0.0713 0.1291 3658 26
Table 2 Performance Comparison Among Different Methods on Dataset i-LIDs (P=60)
R2 BMAEEHEE -LIDs LSRR ENE R 60)
Methods Rank 1 Rank 5 Rank 10 Rank 20 Training Time/s Testing Time/s
Ours 0.4084 0.7735 0.8519 0.9056 177 2
CVDCA 0.3498 0.5943 0.7158 0.7910 1082 8
RMLLC 0.2622 0.5262 0.6480 0.7532 1503 10
LFDA 0.1036 0.2829 0.446 2 0.6414 1789 11
PRDC 0.2183 0.3937 0.5112 0.6543 910 7
KISSME 0.1458 0.3414 0.4637 0.5996 2579 18
ITML 0.0721 0.1816 0.2968 0.4795 4688 20
LMNN 0.0445 0.1597 0.2280 0.3849 3236 25
Table 3 Performance Comparison Among Different Methods on Dataset 3DPeS (P=70)
R3I BEWMAEELHIESE 3DPeS LWL R GREMESA 70)
Methods Rank 1 Rank 5 Rank 10 Rank 20 Training Time/s Testing Time/s
Ours 0.3980 0. 8660 0.9440 0.9920 419 4
CVDCA 0.3077 0.7000 0.8838 0.9640 1189 10
RMLLC 0.3020 0.6220 0.8180 0.9200 1602 12
LEFDA 0.1731 0.4385 0.6615 0.8442 1836 16
PRDC 0.2945 0.5119 0.7121 0.8748 1371 13
KISSME 0.0800 0.3040 0.5376 0.8264 2836 19
ITML 0.0790 0.2700 0.4355 0.7674 5422 24
LMNN 0.0931 0.2236 0.3591 0.5381 3105 22
X FEUESE VIPeR, 57 N HA 2 517 A TR oA Ry SR B R T s R T HL

BB 2 Ca) AT LA Y 2 808 46 45 47 N U
ol PR R PR PR 28 R A 5 R 4 ] A T L AT N
PG o TR A7 N R0 5 vk A8 1 8008 4R B Y
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TE 2780 A LA 2 B L A B9 A5 N EE RO 7 vk
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T AL P B vk B A PR il S R R ROR A T
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Table 4 Performance Comparison Between Local and
Global Distance Centralization (3DPeS)
x4 BISEBEEEFOUERBREI L (3DPeS)

Methods

Rank 1 Rank 5 Rank 10 Rank 20

Local Distance Centralized 0.3980 0.8660 0.9440 0.9920

Global Distance Centralized 0.3565 0.7863 0.8605 0.9396
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Fig. 4 Performance comparison between feature

distance centralization and non-centralization
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