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Multi-granularity feature fusion for person re-identification
ZHANG Liang"?, CHE Jin"?*", Yang Qi'"’

(1. School of Physics and Electronic-Electrical Engineering ,
Ningxia University, Yinchuan 750021, China ;
2. Key Laboratory of Intelligent Sensing for Desert Information ,
Ningxia University, Yinchuan 750021, China)

Abstract: Combining global features and local features is one way to improve person re-identification
accuracy. Existing algorithms usually extract features from specific semantic regions of the human
body. Since the human body structure is not taken into account, the learning difficulty is increased,
and the efficiency and robustness are poor in the scenes with large differences. In order to solve the
above problems, this paper proposes a person re-identification algorithm based on multi granularity
feature fusion, which combines global feature, local feature and human structure feature. The algo-
rithm does not introduce any prior knowledge of human body structure. In terms of feature extraction,
the average pooling and maximum pooling are used to weight the feature map to obtain strong global
features. Local features are obtained by slicing the feature map. Based on the original local features,

local relative features are introduced as human structural features. In terms of metrics, a multi-level
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supervision mechanism with triple loss and ID loss at different scales is used. Experiments on Mar-
ket1501 and DukeMTMC-relD show that the Rank-1 index of the algorithm is 1.3% and 3.9% higher
than Part-based Convolutional Baseline (PCB) method, and the mean Average Precision (mAP) is

5.1% and 9.8% higher than PCB method.

Key words: global feature; local feature; human structural feature; feature fusion; deep learning;

convolutional neural network; person re-identification
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Tab.1 Details of the dataset
BIEE 1D Train ID Test ID Bbox Bbox/ID Cam
Market1501 1501 751 750 32 668 21.8 6
DukeMTMC-RelD 1404 702 702 36 441 25.9 8
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Tab.2 Effect of global features on different models under

different pooling strategies

Model R1/% R5/%  R10/% mAP/%

Avg 90.2 95.3 97.2 78.8

Max 90.3 94.7 97.4 79.0
Avg+Max  91.0 95.7 97.8 79.2
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Tab.4 Effect of local features and human structural fea-

tures on the model

Model R1/% R5/%  R10/% mAP/%
Local 91.1 95.8 97.5 78.9
Local +str 92.2 97.1 98.1 79.6

Tab.3  Effect of global features and anatomical features
SERRHE
on the model )
o % K% R0/% mAR% A SCEE AT N TR S A R T IR B
ode 5 m Pt w —
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Global 9L o989 4.5 o R HOHR P 45 2RI R AE 4 e —
Global +str  92.7 97.3 98.3 80.8 4% B RE .
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Tab.5 Effect of global features, local features and anatomical features on the model
Market1501 DukeMTMC-RelD
Model
R1/% R5/% R10/%  mAP/% R1/% R5/% R10/%  mAP/%
Global+ Local 92.4 96.4 97.9 80.7 84.5 92.5 93.8 73.7
Global+ Local+ str 93.7 97.6 98.3 82.4 85.8 93.3 95.1 75.1
AT B E L SIA BRI T g %
6 Jran, v LU T 4 0 0 Bk PR RE A L AE Market1501  DukeMTMC-RelD
Market1501 [ ) Rank-1 {¢{Z . PCB+ RPP Model KL% mAP/% RU% mAP/%
£ b B BE B _
i, {8 mAP A9 PEE S T PCB+RPP, 7E Duke PAN[15] 82.8 634 7159 5151
MTMC-ReID £ Rank-1 4 3% 3 85 AR 4, mAP
! . e " . APR[7] 84.3 647  70.69  51.88
XK T PSE+ECN, Hy 52 50 £l ol 45, B 42 4 9
DPFL[22] 88.9  73.1 79.2 60.0
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K mAP Bm FHAENRKREZEA L, WM T
Jr R R A g
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Tab.6 Comparison of the algorithm in this paper with

existing algorithms

DukeMTMC-RelD
R1/% mAP/%

Market1501
R1/%

20.76

Model

mAP/ %

BoW -+ Kissme[ 33] 44.42 25.13 12.17

IDE[ 6] 72.5 46.0 67.7 47.1
LOMO-+XQDA[1] 72.58  51.96
Part-Aligned[17]  81.0 63.4 84.4 69.3

SVDNet[ 34 ] 82.3 62.1 76.7 56.8

HA-CNN[21] 91.2 75.7 80.5 63.8
DaRe[ 20] 89.0 76.0 80.2 64.5
PSE+ECN[16] 90.3 84.0 85.2 79.8
GP-reid[ 24 ] 92.2 81.2 85.2 72.8
PCB[12] 92.4 77.3 81.9 65.3
PCB+RPP[12] 93.8 81.6 83.3 69.2
Ours 93.7 82.4 85.8 75.1

Ours rerank 94.8 92.0 87.7 84.9

4 %
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