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Abstract: Objective Person re-identification (RelD) is an important task in computer vision, and it aims to accurately
identify and associate the same person between multiple visual surveillance cameras by extracting and matching features of
pedestrian under different scenarios. Occluded person RelD is a challenging and specialized task in the existing person
RelD problems. In real-world settings, occlusion is a common issue, and it impacts the practical application of person
RelD technique to a certain extent. Recently, occluded person RelD has gradually attracted the attention of many research-
ers, and several methods have been proposed to address the issue of occlusion, which achieve impressive results. Cur-

rently, these methods primarily focus on the visible regions in images. Concretely, it first locates the visible regions in the
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image and then specially designs a model to extract discerning feature information from these regions, which achieves accu-
rate person matching. These methods typically remove features coming from the occluded areas and then exploit discrimina-
tive features from the non-occluded regions for matching. Although these methods achieve impressive results, the influence
of occluded regions and background interference in images are ignored, which results in the aforementioned solutions fail-
ing to effectively address the misclassification issue resulting from similar appearances in non-occluded regions. Conse-
quently, merely relying on visible regions for subsequent recognition task leads to a sharp performance drop of the model ,
and the interference coming from image backgrounds also affects the further improvement in recognition accuracy. Some
methods have been proposed to recover the occluded regions in images for overcoming the abovementioned issues. Specifi-
cally, these methods restore the occluded parts by utilizing the unobstructed image information at the image level. How-
ever, the restoration approaches may cause image distortion and introduce an excessive number of parameters. Method We
propose a person RelD method based on pose guidance and multi-scale feature fusion to alleviate the aforementioned
issues. This method can enhance the feature representation capability of the model and obtain more discriminative fea-
tures. First, a feature restoration module is constructed to restore the occluded image features at the feature level while
effectively reducing the parameters of the model. The module uses spatial contextual information from the non-occluded
regions to predict the features of adjacent occluded regions, which restores the semantic information of the occluded regions
in the feature space. The feature restoration module mainly consists of two subparts: the adaptive region division unit and
the feature restoration one. The adaptive region division unit divides the image into six regions adaptively according to the
predicted localization points to facilitate the clustering of similar feature information in different regions. The adaptive divi-
sion in the module could effectively alleviate the misalignment caused by fixed division methods, and it could achieve more
accurate position alignment. The feature restoration unit comprises of an encoder and a decoder. The encoder encodes the
feature information coming from the divided regions of the image with similar appearances or close positions into a cluster.
Meanwhile, the decoder assigns the cluster information to the occluded body parts in the image , which completes the fea-
ture restoration of missing body parts. Second, a pose estimation network is employed to extract pedestrian pose informa-
tion. The pose estimation network is responsible for guiding the generation of keypoint heatmaps for the restored complete
image features. Then, it implements the prediction of body keypoints with the heatmaps to obtain pose information. The
pretrained pose estimation guidance model performs fusion learning on the global non-occluded regions and the restored
regions to obtain more distinctive pedestrian feature information for more accurate pedestrian matching. Finally, a feature
enhancement module is proposed to extract salient features from the image for eliminating the interference coming from
background information while enhancing the learning capability for effective information. This module not only makes the
network pay close attention to the valid semantic information in the feature maps but also reduces the interference coming
from background noises, which could effectively alleviate the failure of feature learning caused by occlusion. Result We
conducted several comparative experiments and ablation experiments on three publicly available datasets to validate the
effectiveness of our method. We employed mean average precision (mAP) and Rank-1 accuracy as our evaluation metrics.
Experiment results demonstrate that our method achieves mAP and Rank-1 of 88. 8% and 95. 5% on the Market1501 data-
set, respectively. The mAP and Rank-1 are 79.2% and 89. 3%, respectively, on the Duke multi-tracking multi-camera
RelD (DukeMTMC-relD) dataset. On the occluded Duke multi-tracking multi-camera re-recognition (Occluded-
DukeMTMC) dataset, the mAP and Rank-1 can reach 51. 7% and 60. 3%, respectively. Moreover, our method outper-
forms the PGMA-Net by 0.4% in mAP on the Market1501 dataset, by 0.8% in mAP and 0.7% in Rank-1 on the
DukeMTMC-relD dataset, and by 1.2% in mAP on the Occluded-DukeMTMC dataset. At the same time, the ablation
experiments confirm the effectiveness of the three proposed modules. Conclusion Our proposed method, pose-guided and
multi-scale feature fusion (PGMF), could effectively recover the features of missing body parts, alleviate the issue of back-
ground interference, and achieve accurate pedestrian matching. Therefore, the proposed model effectively alleviates the
misidentification caused by occlusion, improves the accuracy of person RelD, and exhibits robustness.

Key words: person re-identification (RelD) ; occlusion; pose guidance; feature fusion; feature restoration
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Fig. 1 The structure of pose guidance and multi-scale features fusion network
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AR 22 1] 9 RRCEG I 25 5 P RN K 43 391 R A L A 5 1
15 NEONEEAAT AR 1 EHRES 5 o Ry 18] B 10 1B 2
AR, a=0.5,

ST 43 B0 HP 1R 2 57 053 A7 S B Ak R 4
FAT 55 AdE 28 S %, B

1 T 4 . )
L= 57 > > Lee (p 1) (15)
4TL:li:l

S, p! 2R T 64 72 o7 i AL 5 1 3RS 2 A T
H 7= A 1 one-hot [i] 5 5 T 32 77 A5 1F EIWRK s Lo, R
SRR o
) 2 AL S 2R S
Luw = Ly + Lygg + AL+ A, (L, + L) (16)
SR, L, S AUURE RS TE SO 5 1, Ay 37 8 AR 08 13U 33
A A SRS SH, PSR BAS [R5 25 R B 2

2 ZWERSHH

2.1 HIREMITMIEIR

Market1501 %045 4 (Zheng 55, 2015) i 6 AN 7]
FAMLHFE RN 1 501 A7 AR PERLL, 6275 15014
1 NHY 32 668 AN 15 . Herb i ZkgE th 751 D AFIAT
N3 14 12 936 i PR 4 180 sl AR A2 3% 750 M7
NEHr AL 19 732 IR R

DukeMTMC-reID (Duke multi-tracking multi-
cam era re-identification) Z(#5 £ (Ristani 45,2016 )
8 13 R 2 BEAAH LAY 1 812 4T A H 36 411 I
BRI Horb  JIZRBE MR T 7020647 A1 16 5221
PG 1, AR A1 5 17 661 16 702 47 A R

Occluded-DukeMTMC (occluded Duke multi-tra-
cking multi-camera re-identification ) J&— > % 7 T
P43 5 B 5 (Miao 55, 2019) o B S8 i 1
Duke-MTMC-relD 45 45 v 8 T B 24 KGR AR A if
o P I v B AR ) B R U 5, R A
4k Occluded-DukeMTMC 4% 15 618 i Il 25 4% |
17 661 i ] 2 FEI5R 2 210 A5 0 Pl 5%, 2 I e
A7 NP ) 5 e e R L e HAR R A P AR A £

ARSI R FF YRS B2 478 (mean average preci-
sion, mAP) Fll & WK Ay 1 # (rank-1 accuracy, Rank-1 )
VERPEHTHR bR X5 AR SCHY 0 28 BB HEA T 1PAG
2.2 XWIRE

SIS AR & 48 M Ubuntul8. 04, CPU 2 %t Ky
Intel®Xeon (R) Silver 4112 CPU@2. 6 GHz, W17 N
64 GB, fifi FH M 5k NVIDIA GeForce RTX 2080Ti &
AT 1z B . 528 BF B8 SR ] Python3. 8 Al
Pytorchl. 7. 0 R FE 5% I HESE . >R H] Adam AL ARAL
AR, W6 27 > A BLE N 0. 000 15, 285 20 4>
epoch TYH 10 F% , A= 71 5 )11 2% 160 4~ epoch, H 2 7
2R
2.3 FEEsRE

T UEAS SCAE S B B A RO 7E Mar-
ket1501 . DukeMTMC-reID 1 Occluded-DukeMT MC
3K L AT X LS E X T A AL AR T
DAk T B9 77 7% PGFA (pose-guided feature alignment )
(Miao %5 , 2019) . PVPM (pose-guided visible part
matching) (Gao % ,2020) . Miao % A (2022) .PGMA-
Net (pose—guided multi-attention network ) (Chen ¢ ,
2022) \VGTri( Yang %5 ,2021) ; 5 T4 L& 5 i 07 1
HORelD (high-order re-identification ) (Wang %5 ,2020) .
MFEN (multi-branch feature enhancement network )
(Liu 55 ,2023) 5 5 T & L 9 75 % CASN (con-
sistent attentive siamese networks) (Zheng &2 2019b) .
DCNN (deep convolutional neural network) (Li 4§ ,
2020) . MHSA (multihead self-attention network ) (Tian
45,2023) . TIERUNE 1—R3I PR

I E5 R 0] LU Y R SCE R 3 55 i A
N E YU J7 ¥, it S 7 J0 3 4 19 Eodls 28 (Mar-
ket1501, DukeMTMC-relD) £ & i £ % 4 4
(Occluded-DukeMTMC) I, &8 3¢ BL T 1R 45 1 250 R
MR R LU A SCOT R AE Market-1501 2454 |
Ft PGMA-Net (Chen 45, 2022) 7 mAP /5 T 0. 4%; 7£
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&1 7EMarket-1501 ¥ 5% L 5HX T AN LR
Table 1 Comparison with mainstream related method on
the Market-1501 dataset

/%

%3 7£Occluded-DukeMTMC ##E 5 F 5% RMLLE
Table 3 Comparison with related method on the
Occluded-DukeMTMC dataset

1%

WIReS mAP Rank-1 WIReS mAP Rank-1
PGFA(Miao%,2019) 76.8 91.2 PGFA (Miao%,2019) 37.3 51.4
DCNN(Li %,2020) 82.7 90.2 HOReID(Wang % ,2020) 43.8 55.1
CASN(Zheng %% ,2019b) 82.3 94.4 MHSA (Tian %% ,2023) 44.8 59.7
PVPM(Gao%,2020) 82.3 93.1 VGTri( Yang %5 ,2021) 46.3 61.2
Miao % A (2022) 81.3 92.7 SORN(Zhang%,2021) 46.3 57.6
HOReID(Wang %5 ,2020) 84.9 94.2 Miao % A (2022) 32.0 423
HG (Kiran %5 ,2023) 86.1 95.6 OCNet(Kim %% ,2022) 49.7 59.9
OCNet(Kim 4§ ,2022) 87.2 94.9 HG(Kiran %5 ,2023) 50.5 61.4
PGMA-Net(Chen %,2022) 88.4 95.0 MFEN (Liu % ,2023) 47.6 60.8
MFEN(Liu%,2023) 85.7 95.3 AR 51.7 60.3
A 88.8 95.5 PRI R A IR 45 R .

T L PR R 2 B B A4

%2 7EDukeMTMC-relD ##E& F 5% XM LR
Table 2 Comparison with related method on the
DukeMTMC-reID dataset

1%

i mAP Rank-1
PGFA(Miao%,2019) 65.5 82.6
DCNN(Li%,2020) 78.0 81.0
CASN(Zheng%%,2019b) 73.7 87.7
PVPM(Gao%,2020) 71.8 84.9
HOReID(Wang%,2020) 75.6 86.9
Miao ¢ A (2022) 74.3 86.2
HG (Kiran %,2023) 72.6 86.2
OCNet(Kim%:,2022) 77.2 87.8
PGMA-Net (Chen%%,2022) 78.4 88.6
MFEN (Liu %,2023) 713 88.3
AL 79.2 89.3

TE IR RS IR & 9 B AL A 2R

DukeMTMC-relD £ #f £4£ I+ [t PGMA-Net (Chen 5%,
2022) 7£ mAP fil Rank-1 435185 T 0. 8% £10. 7%:;
TE P EHE £E Occluded-DukeMTMC | A HERE H HG
(Kiran %5,2023)fE mAP B#ER T 1. 2%, fHELZ T,
Rank-1 F { 55 21 Js U AR 108 2 B e 7 R 28 it
T PP A AE O S MR 7 R S e BB, 2 T B ARAE

AR B R, 75X MR SR 2K 5 R & AR Y v
SR — AT NS B o (H 2 AR SO AL TE
3BAELE Y mAP FEARER A B 1 AL, LB AT XS
P TR N 48 R ARG Iz A RE D), R
W BAT RUF A&, IR RE A 7 52 2 1Y S Bn g
s RSO AT

UL L5 25 0] LUE A SOk & 1%
G T 0 48 FIARFAE SR IAB AP R0 285 B0 A5, L8284k T
o 265 7 PRG3R 78 70 BAT R4 AU RE g, i
B X JHE PP B AP A A o 24 7 P 45 4 ) DX I e
RABRFFAEAS AN B DL, FRAE 1 s A5 B 1y 1o T AT LA fel
PR v S5 Ve 0 PR A 3 5870 1 T (] It e 22 fi
T MR R A T
2.4 HEAEW

R T 2 BRI AR SC I 4 B A5 R AR B
& 4 Market1501, DukeMTMC-relD F1 Occluded
DukeMTMC _F#F47 T{H AL SE5: . Hr1 Baseline 75
H AL ResNet50 5 1 M (1947 A HE P50 9 45 ; Base-
line + PEM J] 58 TE 23 254k 11 000 £ T 0 A AR S A
A9 %01 5 Baseline + SFPM FH T 36 11E 25 [A] 4 AiE A& £
P Xl 308 4 DX I 5 55 1 A7 AL ; Baseline + PEM +
FEB ] T B ik 22 25 Al ST FIARFAE 1 58 A LBk & fift
FHAR I .28 1 28 355 B A %, Baseline + SFPM
+ FEB JH T 0 UEAFAEAE S AT HR AR AE 3 S B LB
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{45 FH #4946 %41k 5 Baseline + PEM + SFPM + FEB i T
G UE R AR I 4% (AT R0k

MFE 4R DUE AR SCHR T A9 SFPM L, PEM #1
FEB #5 5t X Baseline X 2% (1 V5 56 #5A BA 5 (19 $2 7 .
£ Market1501 2045 4 I, A PEM BE8 J5 4 4% 1)
Rank-1 FlmAP 435425 T 1. 3% Fl 7. 8%, %A Heim
i A AR S S AT [ 5] AR 2 5] AR
BAEE, BEME S TR AR, 7E Occluded-
DukeMTMC %% 45 £ | fff H] SFPM B3 J5 , M 2% 1Y
Rank-1 FlmAP 43542 55 T 4. 1% F1 5. 2%, Phi I 145

L BE A 250 b 4 G P 1) DX BRARRAIE | 35 Bl ) %
RRERL 2% ] N & (AR AE AR B . 7EIEIEAE BRI
FEB 5% He i [ 45 ) Rank-1 Fl mAP #3255 1 0. 7%,
Ui Z AR R B ) 4% 4 R 0 2 VR )RR AE , 4R T
M2 PERE . 25 L nT LAE H, SEFPM ASEH AT LI 814
RO RFAE AT A A HAE 2, PEM Al & & 5 11
REAE YR N AR SC B i, DT S 390 MRS A 1) DG B
BEAR AN FEB ASEEL v LA 3 0 PR )RR
8 DR 2 A AR 2 > W T ELA ) AR B i D)
L5 AP B R

#&4 71 Market1501.DukeMTMC-reID.Occluded-DukeMTMC #1#E & FRYHRESEIR 45 R
Table 4 Results of ablation experiments on Market-1501, DukeMTMC-reID and Occluded-DukeMTMC datasets

/%

Market-1501

DukeMTMC-relD Occluded-DukeMTMC

Tk

Rank-1 mAP Rank-1 mAP Rank-1 mAP
Baseline 92.0 78.1 81.5 65.9 54.7 45.2
Baseline+PEM 93.9 85.9 87.3 76.4 57.0 47.0
Baseline+SFPM 94.4 87.5 88.2 772 58.8 50.4
Baseline+PEM+FEB 94.2 86.4 87.8 77.1 59.7 50.7
Baseline+SFPM+FEB 94.6 88.3 88.7 78.7 59.5 51.1
Baseline+PEM+SFPM+FEB 95.5 88.8 89.3 79.2 60.3 51.7

T IO SRR % 8 B A2 2R

2.5 EFMESH

H TS PR AR AT A 2R M A B AR SO T
155 7 2 K0 i (parameter) | 77 538 5B K #X (floating-
point operations , FLOPs ) I B DAL B T8 (frames per
second, FPS) 3 /> 48 Fi X 45 AU gF 47 PF Al o Horr,
parameter%j’g*ﬁﬂﬁ”éﬁqjéﬁ%gwléﬁ%%%ﬁ(%\% s ﬁH
A BRI B R/ B D M FLOPs 37 5 1Y
VIR [F) 52 2% B2, RO /N o e 1 A A8 i 8 e s 22
FR) P 1), 5 A, ) ) I ) 8k 22, B Dy
MFLOPs. FPSZ/REEH0 A ] AL B PR 0EL, 2 5
A FPS A48 (1/FPS) 227 b 33— I FEHG T 7
P ) She Ak 0 SR o ] e, o R e . U]
(1) %5 i 4 2 Market-1501, &5 Ry 256 x 128 14
50 I LR AR R 2 e PG ) 245 A5 A4 1Y)
FLOPs fA .

M 5T LI i, SFPM # FEB M5 H /e 244
AP B O T LA A5 v T 2 U0 Y AR 3,
JIEASE P A T 58 5 L 5 2 T s ) 2 A 760 4 4L s i)

W . ESE I — A B RS 2% 3
QLRGN T — A% , U IR R YNGR A S i, A
7RISR L 2 ) s . AR B AR A K Y
B PEM, X A S 80 e 22, I 2 T
HRNet (high-resolution network ) (Wang %5 , 2021) [
245, I 2853 o AR RS LS AN T R TP Y R o
TR R A SR A AL B R A BT
P S AT RORG A L, W) T i 22 RUBE Rl 5 i 7
i v R AL B ) MR P R S R B (EL S Ry
L2 RECRA MBS BN, I 2R
IR RAFATINGRAHER . EEXP iz, T —2 0
AR il 22 2 A S Y S I A, LA o 4 A5
R E IR
2.6 FHUEER

T Ml R R AR SO i B CR | 7E Mar-
ket1501 il Occluded-DukeMTMC %045 4 I B L 1% 4%
HE R BEAT O, T AR A SR AN 6 i

MIET6 T LA HY 26 12 AE B 1R S B A4 15 1
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AR IE A VT IC 5 27 2 27 AT H Al AT NG R A 17 2
TR TRIE S, R VB TR A 4
[FIREAT RGP HOOCR 3 45 3 AT N T 2B B R 4R,
TEA IR A AL TP B0 A5 O i 45 ] i
e, AR iR R IET , YEWIREAAE 2 P A T4
RSO0 T IR O T R AP ROTERE s S 4 AT AT

PR AT AL T B AS REE R AR I
UEW] 7RI E R I OO B B . A EZR AT
PAFE H AR SCHR H 1 R 5 58 0 BEAT A5 o 3, I 1
Db fe O HAT RV BT NRRAE , SEBE T HERR Y
DCRC, Rl B R & R, n] AP SEBR IS H
X4 T A IR I S S AR

R5 £ Marketl1501 #{iE&E FMER S 2T LI0 R

Table 5 The experimental results for model complexity assessment on the Market1501 dataset

FLOPs/M SHEM (1/FPS)/s
WIReS mAP/%

ILAIEEER 2 iR EE ILFIEEER 1 4
Baseline 4087.98 8 175.96 25.05 0.13 78.1
Baseline+PEM 14 619.01 29 138.02 88.65 0.26 85.9
Baseline+SFPM 4368.40 8 736.79 25.61 0.14 87.5
Baseline+PEM+FEB 14 621.14 29 240.28 88.92 0.28 86.4
Baseline+SFPM+FEB 437125 874131 25.83 0.23 88.3
Baseline+PEM+SFPM+FEB 19 660.93 39590.81 92.08 0.40 88.8

H¥M T A SRR

6  1F Market1501 il Occluded-DukeMTMC 5 55 1 Fnf ¥ k.25
Fig. 6 Visualization results on the Market1501 and Occluded-DukeMTMC datasets
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3 5% it

TIPS v, 25 G b ] DL (1 S0 UL B
o JEEARABL P IR, AT AR Ak 412 JBC AT E 2 i Ji i TR 7]
A XM ARSCHR I T — MRS B S SME RE
FAAE AT NERGI T o A5 TR P YRR A A2 A2 A
AR AN [ X 2 18] HAT 5 S WUAH AL By A AR
P, A5 DX ) 45 BE 08 Ayt A 0L R 1) &, DA T
SERURT P XU AR A A 4. 2SR5 R HIE i A
AT NEE A5 B 2GR ST , 2 10 A= il 28
AFFAE i, SRR S AT R 1) B AT R, 3R
FERA XOMERAT NSRS S o IR sl
A DXL T vk 1 6 19 268 4 BBURFIE B BE ), B
1 RS A R E 2 T I BE ST . 2T 4R
SR ZE SRR A SO AR 1 O T 94T AR
WHIMES PRI 0 R A PERE . AT, W R
I8, AR SCEHI BV 255 T R 28 BARSE T T R 45 A 77
APERE , (ELL I 1 190 4 F9 2 Bk RN 4 ], BT
SR F) RelD AT 55 IR o FEAK B TAEH  FHR
FRAEIH AT S 00 1) [R] IR 4 T 19 28455 8 ) 1R
PE— A R 25 45 4 il L REAE A% A 7 5t
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