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Multi-resolution feature attention fusion method

for person re-identification

Shen Qing, Tian Chang, Wang Jiabao, Jiao Shanshan, Du Lin
Army Engineering University of PLA, Nanjing 210007, China

Abstract: Objective Person re-identification ( ReID) is a computer vision task of re-identifying a queried person across
non-overlapping surveillance camera views developed at different locations by matching images of the person. Given the fun-
damental problem of intelligent surveillance analysis, person RelD has attracted increasing interest in recent years among
computer vision and pattern recognition research communities. Although great progress has been made in person RelD, it
still has challenges, such as occlusion, illumination, pose variance, and background clutter. The key to solving these diffi-
culties is to efficiently design a convolutional neural network ( CNN) architecture that can extract discriminative feature rep-
resentations. Specifically, the architecture should be capable of compacting the “intraclass” variation (obtained from the
same individual) and separating the “interclass” variation (obtained from different individuals) . The algorithm process of
person RelD mainly includes two stages, namely, feature extraction and distance measurement. Most contemporary studies
have focused on feature extraction because a good feature can effectively distinguish different persons. Thus, the designed
CNN network needs to have good representation for the global and local features of different individuals. To fully mine the

information contained in the image, we fuse the features of the same image at different resolutions to obtain a stronger fea-
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ture representation and develop a multi-resolution feature attention fusion method for person RelD. Method At present,
mainstream person RelD methods are based on classical networks such as ResNet and VGG ( visual geometry group) -Net.
The main characteristic of these networks is that the resolution of the feature maps becomes increasingly smaller as the net-
work continuously deepens. Moreover, their high-level features contain sufficient semantic information but lack spatial infor-
mation. However, for tasks involving person RelD, the spatial information of an individual is necessary. The high-resolu-
tion network ( HRNet) is a multi-branch network that can maintain high-resolution representations throughout the whole
process. HRNet is constructed by interleaving convolutions, which are helpful for obtaining different granularity features. It
also helps in the information exchange among different branches. HRNet can output four different resolution feature repre-
sentations. In this study, we first evaluate the performance of different resolution feature representations. Results show that
the performance of these feature representations is not consistent on different datasets. Therefore, we propose an attention
module to fuse the different resolution feature representations. The attention module can generate four weights, which add
up to 1. The different resolution feature representations can be updated according to different weights. The final feature rep-
resentation is the accumulation of the four different updated features. Result Experiments are conducted on three RelD
datasets; Market1501, CUHKO3, and DukeMTMC-RelD. Results indicate that our method pushes the performance to an
exceptional level compared with most existing methods. Rank-1 accuracy is achieved with the following percentages:
95.6% , 72.8% , and 90.5% . Moreover, mAP (mean average precision) scores of 89.2% , 70.4% , and 81.5% are
obtained on Market1501, CUHKO3, and DukeMTMC-RelD datasets, respectively. Our method achieves state-of-the-art
results on the DukeMTMC-RelD dataset and yields competitive performance with the state-of-the-art methods on Market1501
and CUHKO3 datasets. The mAP score of our method is also the highest on the Market1501 dataset. In the ablation study,
we evaluate the influence of three situations on the performance of our model, namely, the attention module at different
locations, the images with different resolutions, and the weights of different normalization methods. Results show that the
behind attention mechanism is better than the front attention mechanism. In addition, the image resolution has little influ-
ence on the performance, and the Sigmoid normalization method outperforms the softmax normalization method. Conclusion
In this study, we proposed a multi-resolution attention fused method for person RelD. HRNet is an original network used to
extract coarse-grain and fine-grain features, which are helpful for person RelD. Through ablation study, we found that the
performance of different resolution feature representations is not consistent on different datasets. Thus, we proposed an
attention module to fuse the different resolution features. The attention module outputs four weights to represent the impor-
tance of the different resolution features. The fused feature was obtained by accumulating the updated features. The experi-
ments were conducted on Market1501, CUHKO3, and DukeMTMC-RelD datasets. Results showed that our method outper-
forms several state-of-the-art person RelD approaches and that the attention fused method improves the performance.

Key words: high-resolution network ( HRNet) ; interleaving convolution; attention mechanism; multi-resolution feature

representation ; feature fusion; person re-identification
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HRNet ( high-resolution network ) ( Sun %¢,2019) , i§
WA POMT YRR 2070 PR RO RHAE , (45 AN [F)
03 3CZ A AR AE AT DU RO T A5 B Y 58 B R,
T B A T A AR AL, 7R Ak T rh U TR B 1Y

(a) HRNet 43454

ROR . HRNet X285 18 % 25 1) 58 B2, 6] — 43 39 43
BERABETR AL T A AL 1A% 298 19 265 B 3 TR 1Y
I, 53 B R AN T AR, — & I 45 44 X HL A& 1
PR o

o=

ERRME

(b) LR 4514

1 HRNet 548 [ 2% (925 F % b

Fig. 1 The structure of the HRNet and traditional networks ( (a) HRNet structure; (b) traditional network )
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#1 HRNet 4 MU SIMBEHS S HEE
Table 1 The channels and resolution of the
four branches of the HRNet

i3 i TR A TP/ R R
1 32 64 x32
2 64 32 x16
3 128 16 x 8
4 256 8 x4

L1 AR[E S #REHSFETEN

HRNet 596 T &84, RS,
TR ARG B 4 PR I i HRNet HAEAT T
BAR RPN 1 53, Hoflny 43 S A il
o A TP HRNet 1) 4 A4~ 53 3k 4 R Ak Z 18] 1Y
ZE5E ARSCRAT T — VI 9 45 FH F 370 45 43 SR
FEAEAT ARG 2230, n &l 2 B

B2, PRI K R P AT, BTN K
P 1% 41 B, — A batchsize ¥ A P A% o X T 43 32 (1) #i

PxK images

] ST HLOBR
Va X
onv gmp FHES BN layer i £, PUETPS
—H_Ij > ) — J— 4
W
Tl

B2 3T HRNet (5470 34T NFR R 2%
Fig.2  Single branch of HRNet for person re-identification
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Grad-CAM ( gradient-based class activation mapping)
(Selvaraju 5, 2017 ) o] YLALFFAE 19 4 ST 18] Grad-
CAM REE XS I — JZ 14 i 4 ik m] AL LA it P 5
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%2 I¥ill HRNet &4 % ME4E
Table 2 Evaluate the persormance of all
branches of the HRNet
/%

Market1501 CUHKO3 DukeMTMC-RelD

g3

rank1 mAP rankl mAP rankl mAP

1 94.6 87.17 67.9 65.5 89.4 80. 4
2 948 87.9 67.6 65.7 89.7 80.8
3 94.9 88.1 67.6 66. 1 89.9 80. 4
4 94.3 87.5 70.1 67.0 88.6 79.5
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(a) JitalEl & (b) 51532

(d) B33 3%

(e) 5544332

I3 HRNet fy 4 A>3 3 i iR 1
Fig.3 Heatmap of the four branch of HRNet
((a) original image; (b) the first branch; (c¢) the second branch; (d) the third branch; (e) the fourth branch)
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Fig.4 Proposed multi-resolution attention fused network
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Fig.5 Structure of the proposed attention module
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Table 3 The influence of different feature dimension
/%
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rank1 mAP rank] mAP
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Table 4 Result of the attention module

/%
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Table 5 Comparison between other methods and ours

/0(]

Market1501 CUHKO03 DukeMTMC-ReID
ik RS AR

rank1 mAP rank1 mAP rank1 mAP
PCB( Sun %:,2018) 6 93.8 81.6 - - 83.3 69.2
Pyramid ( Zheng %5 ,2018) 21 95.7 88.2 78. 9 74. 8 89.0 79.0
BEF ( (batch feature ereasing) Dai %%,2018) 2 94.5 85.0 74.4 70. 8 88.7 75.8
MGN ( Wang ¢, 2018) 8 95.7 86.9 68.0 66.0 88.7 78.4
Baseline ( Luo %%,2019) 1 94.5 85.9 - - 86.4 76.4
A 1 95.3 89. 2 72.8 70. 4 90. 5 81.5
AL+ re-ranking 1 96. 0 94. 8 80. 1 82.5 91.5 91.5
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Table 6 Results of different position of attention modules
/%

Market1501 DukeMTMC-RelD
&
rank1 mAP rank1 mAP
R & (SF1) 95.1 88.6 89.7 80.5
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Table 7 Influence of the image resolution

/%
5 Market1501 DukeMTMC-RelD
SRR/

rank] mAP rank1 mAP

256 x 128 95.3 89.2 90.5 81.5
224 x 224 95.1 88.4 90.0 80.7
384 x 128 95.1 89.1 90. 3 81.4
384 x 192 95.1 89.2 90.4 82.0
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Table 8 Results of weight normalization
by Sigmoid and Softmax
/%
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