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Person Re-identification Based on Attribute Hierarchy Recognition
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Abstract: In order to improve the accuracy rate of person re-identification, a pedestrian attribute hierarchy
recognition neural network is proposed based on attention model. Compared with the existing algorithms, the
model has the following three advantages. Firstly, the attention model is used in this paper to identify the
pedestrian attributes, and to extract of pedestrian attribute information and degree of significance. Secondly,
the attention model in used in this paper to classify the attributes according to the significance of the
pedestrian attributes and the amount of information contained. Thirdly, this paper analyzes the correlation
between attributes, and adjusts the next level identification strategy according to the recognition results of the
upper level. It can improve the recognition accuracy of small target attributes, and the accuracy of pedestrian
recognition is improved. The experimental results show that the proposed model can effectively improve the

first accuracy rate (rank-1) of person re-identification compared with the existing methods. On the Market1501
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dataset, the first accuracy rate is 93.1%, and the first accuracy rate is 81.7% on the DukeMTMC dataset.
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PDCI 84.1 63.4
JLML!M 85.1 65.5
HA-CNNB 91.2 75.7
FHEAil 9 2% 82.4 61.2
FERf M 24-R1 85.7 66.7
FERH 45-R2 88.4 70.3
FEAl M 45-C1 86.9 68.5
ASLEE 93.1 76.2

# 5 DukeMTMCHIEEIT AFIRALER (%)

i Rank-1 mAP
BoW+KISSME!! 25.1 12.2
LOMO+XQDAM 30.8 17.0

ResNet50!") 65.2 45.0
ResNet50+LSRO) 67.7 47.1
JLMLM 73.3 56.4
HA-CNN¥ 80.5 63.8
BRI 73.6 55.7

FEA M 24-R1 75.3 57.4
FEAl M 45-R2 77.8 60.8
SRl M 2%-C1 78.3 61.2

S TR 81.7 65.9

3.4.1 Market1501$(#E &

oG, IWERATT AT CLIE B, A TS A 4%
FEREAT W — S IS (25N T 20 2% SR e A e MR A
KNE VU SEmE ), 4% 180 1 AL VA R A e T T
6.0%, 4.5%, IXPHPP NG 78 154 T R M TR )
WAEBC R B, 5 TR R . AN H,
SEYUERT R BT T 9.1%, 7.3%. SA 588
SEAHEE, B SO VR S SR S 7 38 1) o ME R R AT
R == N T B A 7 o = W i
AT 30 B 4 (1 S50 R0
3.4.2 DukeMTMCH#iEE

e, MRSHRRTDURIL, AR SERE R 2%,
BN N 43 G RS RN AT DR S i, Y
LRI ERTHERRR > HRT T T 4.2%, 4.7%, KN, Py
HER R A T 75.1%, 5.5%. LT Market1501
PR S gE 0L, s — P SRS VA B A ]
RN Rar. LR, X DukeMTMCH 4L,
HA-CNN M & 7 Z 5 4 Lk 2] 17 80.5% 1 1 v vk
2 F163.8% 1 V-3 UERN % o A SCHEILAT 71210 2
fih FRE— D3 m s R, e kB T
S1. 7% T N LR R FN65.9% R 3 HER R
4 HERIE

W 55 VRS 2 ) AE AT N T R S AT 1) e 5 18 T
I AT P A A 28 o 29 BB AE (R 7 AL L ekt
23], AT N TR VRN RS St 2 ok Ry o AN SCAETR
A TAERIEAE L, SRR BT T ool $E
TIEM AR RN, BE— D8 E TAT NI
BEAHERR o ASCANELS L IR T 0 0 ) 5
WS GHE, RIS A TFER AR E I SEge 45 A uE
HH T AR SCHEMS A R o R AORE 25 1 I 285 B A TP i
T S A B AR TR .
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