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Person Re-identification Method Based on Progressive Attention Pyramid

ZHANG Shuaiyu' ,PENG Li' and DAI Feifei®
1 Engineering Research Center of Internet of Things Technology Applications, School of IoT Engineering, Jiangnan University, Wuxi, Jiangsu
214122 ,China
2 Taizhou Institute of Product Quality and Safety Testing, Taizhou,Zhejiang 318000, China
Abstract Aiming at the problem that the existing person re-identification algorithms do not fully extract person features,resul-
ting in low accuracy of the algorithm in scenes such as person occlusion and posture change,a person re-identification method
based on progressive attention pyramid is proposed. This method designs a progressive feature pyramid structure based on the at-
tention mechanism,embeds the channel and spatial attention modules into the feature pyramid structure,and applies them to the
channel and spatial dimensions of the feature. Channel attention pyramid aggregates the noteworthy features in different channel
dimensions at each level of the backbone network,and the spatial attention pyramid extracts the noteworthy features in different
spatial dimensions. Each level of the pyramid follows the principle of “split-attend-concat”, and continuously learns the person
feature map under different segmentation levels from the bottom up. Attention allows the network to fully mine key features from
different channel dimensions and different spatial dimensions. At the same time, the multi-level feature alignment is realized
through the cascade structure and deformable convolution, which further improves the re-identification accuracy of the model. In
this paper,the method is tested on two mainstream datasets, Market-1501 and DukeMTMC-relD, respectively. Experimental re-
sults show that this method can allow the model to focus on richer person features. Compared with the baseline network, the
Rank-1 index of the model increases by 3.2% and 5. 8% ,and the mAP index increases by 6. 8% and 6. 6 % ,respectively.

Keywords Person re-identification, Attention mechanism,Feature pyramid,Feature alignment,Pooling, Metric learning
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Fig. 1 Structure of the proposed model
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4.2 ZRBBSHILERIFMIER

XA ALHEAT I ), B A 94T N BRI/ 384 X 128,
of 11 5 504 {7 ST T 6 R AL 9 R T 0 AT 48 5 L N R IR
KANEE g 64(16 NMT N BTN 4 REMSRD . = ndl ik m
Y {H S50 o BEE N 0. 3, R BEHLES BEF B 1 (SGD) Xt 4 U
WPEAT AL . 3 BB BN 0. 9, A BE W N T E R 0. 0005,
R LI 2R 120 4 A Cepoch) Bl 10 4~ JE ] 2% 2 K 3. 5%
10 LR MR M B 3.5 X 10 - EE2 S %k 3.5 X 104, Y4k
50 MR LSRG TE epoch =40, epoch = 80 B} il 2% 2 K4y i 5
WA 3.5 X107 Al 3. 5 X107, A SO 1 A Ay ' 3 (Rank-
1) FSF 24085 B 29 {H (mean Average Precision, mAP) /E ik
fEbR BT VEO AT NS R SRS BE Y 8 148 A5 Rank-1 R
BWRERMNE 1 KB E 45 RS, T mAP W5 5
5 PR M T Ay AR 5],

4.3 HHRFENESFELRER

A SCHE Market-1501 B 4 43 5 %7 CAPM #il SAPM
Wi R R HAT T80, Hh i KRN 0 R A5 AEE
JIHLEL L SEE BT R B A MFAM, £ J2 90 1 R 2L 45 A0 I 19
FRBTMA . WA A TRIEH ST Z & FIEENN

AR AR SCFE AT IR K AF G S 90 i 4G 1 T AR 4 S A H
X BRAL, AE 4 5 05 25 0 oK SRR AE 18 64T 2 A5 9 4y, I B0 4y
J5 B REAE AT A T 2 AL B A R H PAPNet B4 %
TERRE RS, Y B R 0 1 I, 4 S 45 4 R 4 7 K 4%
AR R AT P10 BV AH (] BRT O A B — 3L

4.3.1 CAPM %% 3%

CAPM e KL as Rz 1 pig), /@ 7 4 TR
21 BRI BORS BE N£R L SR B YA B A SAPM., B B 35
AR ERARE G. MR RSN o mL BR A H i
AN R G A 7 2 AL Y E PRI B IR A s R 2 R AR AE A
TE R FTHLH IS AR A2 RS /N IR 4R T M RS R 2
H 3 B, 38 2o 32 G O T Y T 23 A 42 0 G HE T, B (A
AT RIGHETE AR A 2 4 @A 0 7 2 mAP 43 51 32
2% K1 2.4% ,Rank-1 73 5455 T 0. 826 F1 0. 9% 5 5 e KAF
N4 B AL A mAP Fl Rank-1 £3 F F B, I N AE Level = 4
B R AT 7 308 3 4 R s BT 343 i 8 1 JE PR AT AT
i 22 B Y 4RI B S DA R X — S 56 A T A S8 L AT S
FRIAVE BEBRAK . D340, A SCHR M 0 4 IR S5 M TE I RS R
g 2,34 B RER A E RIS BE X OE T AR & IS A, e KA
Kk 3B E B mAP M2 1. 7% . Rank-1 M 25 1%, 5L 2%
FAFU TR 4 SRR O 1 R X B st . CAPM
T8 3k A B 1 4R SRR B A R T A ST 0 3ol A5 A RS
FEHUS T BT,

# 1 CAPM %5 R

Table 1 CAPM experiment results
CHRAE 20
Maximum Non-pyramid Structure Pyramid Structure
level Rank-1 mAP Rank-1 mAP
0 93.7 84.0 93.7 84.0
1 93.8 84.6 93.8 84.6
2 93.8 85.0 94.5 86.0
3 93.6 84.7 94. 6 86. 4
4 93.4 84.4 94.2 85.5
% ~— Pyramid 815 ~— Pyramid
—— Non-pyramid —— Non-pyramid
948 - 865 :
e % e
944 / ~ i
§ v § 855 //
S 940 -8 —
g ///‘/ e ¥ a5 /// = TS
£ ws = T L
932 835
928 825
0 1 2 3 4 0 1 2 3 4

Maximun level Maximun level

(a)Rank-1 (b)mAP

8 7 CAPM [ 52 56 45 5
Fig.7 CAPM experiment results

4.3.2 SAPM %4 R

£ CAPM fe KSR 3 WS Al B X SAPM e K % 4% ifE
TTSC8e  SCER 25 RN 2 fral, /@ 8 4 T HR4E % 2 Bds 4 il
HORE BEh 28 . ME RGN 0 BF ., i AT 4 R AE E A7 4T A
e, B RS BE AR 1 h CAPM e RAE SN 3 I A0 1
AL e KRR 1B, BT 2R E R 5] A AR X
TR AU —  BRAIR T A 1 5 L DT 3 BBORE BUORS BE F I A2
IR FHAR R Z 2 A 3 B, i 5 xR 3R AR BE R AE 119 2% 3 L A
RUKS B B R R ME AR T mAP M L L — S SR KR T+ T 2% AN
1% . Rank-1 KR TF T 1. 3% M 0. 4% B REHEEE
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A AR RN B AT BT KL DR S 7 2 Ji) 2 8 X R A 18] AT 5 £

HIU1 43 s 23 TR AR AR 1BT 1 o SCAR S, 0 EL V) 43 2 452 ARG 8 gt
A 5 S BVAT AR RS SE R A g2, 53 4h g 5 AR 4
SR IEAT X L SAPM 7E23 8] 4 B X A7 N 04T B RO
19 77 2[R R el AR AU A T B g 1) TR BN B PR RIRE T
AR SCHE I i 2k ST R B I S A A O
% 2 SAPM L5545
Table 2 SAPM experiment results
CHAL: 26)
Maximum Non-pyramid Structure Pyramid Structure
level Rank-1 mAP Rank-1 mAP
0 94. 6 86. 4 94.6 86.4
1 93.9 86.0 93.9 86.0
2 94. 8 87.2 95.2 88.0
3 95.1 88.1 95.6 89.0
4 94.7 87.6 95.3 88.5
965 ~—— Pyramid 900 —— Pyramid
960 —— N};n-pymmid Z;ﬁ — N};rpymmid
< %5 ///\\\,\ - 250
E 950 \//\ Esﬁs \/\
2 o5 870
N N3 865 7
< 940 < 860 /
. 85
850
930 845
0 1 2 3 4 0 1 2 3 4
Maximun level Maximun level
(a)Rank-1 (b)mAP

K8 SAPM LH4h
Fig. 8 SAPM experiment results

4.4 MFAM L4 R

A AE Market-1501 5 DukeMTMC-relD iX P 4> %4 45 45
bk b 3 A BRI il R AR I A BRI R G DA M ] AR T
B RGIR G G PR AT R AR R B (MFAM) 4 fi 2 2 9%
FRAE Al 25 40, S 50 A A 19 CAPM A SAPM 1 fie K %5 %
R 3, A I A RN EE 3 gl . SEREW R MFAM
S HEAT Z2 B R LA B R R AR S BHE AR U T A
1 1 B TRUHDRG B ] AR IR 4 BRI Ik 45 4 T L R AR R X AT
N BN R 05 5 72 4 11 45 e

%3 MFAM S804
Table 3 MFAM experiment results

CHA 20

Market-1501 DukeMTMC-relD
Model

Rank-1 mAP Rank-1 mAP
Conv-+ Add 95.6 89.0 89.2 78.5
Dconv+ Add 95.7 89.3 89.6 79.1
Dconv+ Concat 95.7 89.4 89.8 79.4
Dconv+ Concat+ Dconv 95.9 89.7 90.1 79.8

4.5 AIMALTWER

&l 9 ZAIAIAE Market-1501 048 48 B IR o) )5, i H
Grad-CAMP 7 AR A5 51 1) 25 B 0s #4181 18 b 30 2 1 35
Sy e I Gk B B AL YOG T L 4 A B 2 g IR
Ji FEME I 45 (Baseline) #4 7 B in A CAPM J& By #4 77 B i #5:
WA SAPM J5 ) PAPNet #4 J7 &l 0 i )5 HE 31 . Baseline 3%
HARBIA CAPM Fil SAPM (R RY, 8 ik % bb 4 20 $4 07 [ wf
LL& B, Baseline X347 A B SGHE X BH /N A CAPM J5 #E R
TR XS 2 T R B R AR TR R AT A B2 B
A SAPM J A5 BRI 1] F X5 47 AR 4 B BE AT 56 L 55 40 45 2R

e W AR SCT7 0 0 42 4 22 TR G A 4 A
5B IR R AT A BA5 T HE 45

23 [ 4k i 1Y 2 2
B AT A AL

9  Grad-CAM # 1 /&l

Fig. 9 Grad-CAM heat map

Kl 10 25 1 T Baseline #1 PAPNet £fF Market-1501 % {42
b TR A G A 2R g (B HE R PN TE W L 20 (U HE SRR U B
W, X ILH R A LR B, PAPNet fE47 AN BB K A8
Ak 19 3 56T UMY IE 8 26 5 T Baseline, 7655 — 41K 5 H
FRAT ANBE B AT 4 HY , Baseline H BT 5 5K 55 15 4G 00 2% S i
PAPNet 45 {5457 45 8 5 (1 1E 4 %, 13 W] PAPNet 78 3 $437 5t
TRAR SN EEE, AR A IR 45 R R U, Baseline
XA R 2 B O A 2, R BORBI SRt T K b
e AR AL 45 1R B A, 1 PAPNet 193 3 25 92 430 1E 1
SR 38 o8 A6 38 T8 A2 (8] P AN 4R B LSS A S AT A AR A L
RERLXE AT N ARAT T 38 4 T A4 S A

Query
Baseline
\

Baseline

PAPNet

Basellnenlllllnlll

{10 7E Market-1501 ¥ 4 1 i 48 73 245 23R (7 WOCR # /D
Fig. 10 Part of test results on Market-1501 dataset
4.6 HEMIBL
jﬂﬁﬁi%’l\ffﬁﬁ%ﬂﬁ TR BE #Y 5% M, A SCHE Market-
1501 A1 DukeMTMC-relD vﬁ/l\é&ﬁ;%im‘*%i:_ FRRGL
SCH L IR 4 BT, AR Y Baseline 52 LLE T
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9] 4 15 S — )2 il 1 0 4 Ry R AE A R AE 1) FH T 2 vt Ak X 4
HE AT A b 3L R G ME AT A 2 4 = J0 20 1 25 Al Softmax #ii
S AT YN0 P 2%, 76 Market-1501 BUHE 42 I B 9206 45 5 3%
] WTH loss #H tt TriHard loss iE# A 1) Rank-1 Fil mAP 43
BIEFET 0.5% 1 0. 7% , GeM Pooling il: # % f) Rank-1 I
mAP IR T T 0. 7% R 1 2%, MA R KREL N 3 W
CAPM J5 . 8¢ B B Rank-1 Al mAP X 4» ST+ T 0. 7% A
1.6%  MABR KL 3 69 SAPM J5 B B Rank-1 £ T+ =
95.9% .mAP £ 7+ & 89. 0%, it A MFAM J& , 15 UK J¥F £
1 e AR Rank-1 58] T 95. 9% .mAP iK% T 89. 7%,
7E DukeMTMC-relD #0445 [ 09 W Al 52 56 45 R R 8], &4
AR I A LA RS YRS B B TR [ RR B AR
4RI

Table 4 Ablation experiment results

CHAA 20
Model Market-1501 DukeMTMC-relD
Rank-1 mAP Rank-1 mAP
Bseline 92.7 82.9 84.3 73.2
+ Weighted TriHard loss 93.2 83.6 84.9 73.7
+GeM Pooling 93.9 84.8 85.7 74.6
+CAPM 94. 6 86. 4 86.9 75.7
+SAPM 95.6 89.0 89.2 78.5
+MFAM 95.9 89.7 90.1 79.8

4.7 5HMAEILL

A AE Market-1501 5 DukeMTMC-relD X #5448 42
¥ AR SCHR 9 PAPNet 535 JLAF 48 W 8947 A FE IR O 3k F
FE0F b A EE S SR AN 5 BT A . I W AR SCBIT B G i ok X
TR T 4 B G A R X EE Ok R B i 250 4 B
S B BUAT AR TR R AE 1 PCB+ RPP fll MSMGNL? Y 288 vk
DI R T AL H B HACNN, TANe? , MHOAM il
AMFC 5, H+ MSMGN I FPN # il & £ )2 ks
A JG HEAT 2200 3 He , AMFC #1125 1 WL X 22 )2 2% 4 4F
HATRA .5 APANet 380 B — 2. 746, AR SCGE X H
TR AR 8 M A5 B0 B 45 2047 D0 2R AANet ™, DL K3
T FRAE 25 350 Ak ) 465 X6 JR) 4R AE 2% I ) BDB™ SR R
PRIUE 2SS B, AR SC S8 56 B A7 7 1k ¥ %A R A HE IR (Re-
ranking"**!) , Je 28 1) S 56 45 SR 2R B AR SC O IR AR TR 5 1 AR
SR R R ) A o N A A S8 RN 2 (R] TS 4 B L X AT
FRAESEAT 38 042 4 L AR R EUAS TR e I SR BIORG E

*5 o OXTHSLER L

Table 5 Results of comparative experiments

AT %)
Market-1501 DukeMTMC-relD
Model
Rank-1 mAP Rank-1 mAP
PCB-+ RPP 93.8 81.6 83.3 69. 2
. MGN 95.7 86.9 88.7 78.4
Local Features MSMGN 95.1 86.3 86.9 76.4
RCMGNL27] 95.9 88.7 89.5 78.9
HACNN 91.2 75.7 80.5 63.9
Attention TANet 94. 4 83.1 87.1 73.4
Mechanism MHOA 95.1 85.0 89.1 77.2
AMFC 93.8 84.1 86. 2 73.9
AANet 93.9 82.5 86. 4 72.6
BDB 94. 2 84.3 86.8 72.1
Others BagTricks 94.5 85.9 86. 4 76.4
MItB[28) 94. 7 84.5 85.8 72.9
CtFL29] 93.7 85. 4 87.7 75.7
Ours APANet 95.9 89.7 90.1 79.6

BRIE AR TRTHEAEZ S TFHENTAE
PRI BE 8 T 4 T B 2 S R T AR T R R B A
HURLE TE 27 (9 2% o AR R AT A HE AT MR 38 21 88 4 1 12
O LUARIRAT N T = 6 0% AfUARL B2 R AE 5 A 7T A8 T 45 B
PR GE R Rl £ 2 GRRAE B 50 T IO 2% A 6 B s XD UERE AR =
JCL R AE HEAT AL BRAL AR AL T W46 XS ARAE 2 ) SEEGHIE
B, A SC 5 1 T DAL AR AN O 34 B 0 = 5 947 N ARAE A7 AR
TR BE 5 AT J5 1 AR HAT B AR T o AR SO A AL
i 58 g BT B TR — 28R X T T AL AT ST LA B AT
ARIAT NI B

2 % X M
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