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Person re-identification based on deformation and occlusion mechanisms

Shi Weidong, Zhang Yunzhou, Liu Shuangwei, Zhu Shangdong, Bao Jining
College of Information Science and Engineering, Northeastern University, Shenyang 110819, China

Abstract; Objective Person re-identification (re-ID) identifies a target person from a collection of images and shows great
value in person retrieval and tracking from a collection of images captured by network cameras. Due to its important appli-
cations in public security and surveillance, person re-ID has attracted the attention of academic and industrial practitioner
sat home and abroad. Although most existing re-ID methods have achieved significant progress, person re-ID continues to
face two challenges resulting from the change of view in different surveillance cameras. First, pedestrians have a wide range
of pose variations. Second, some people in public spaces are often occluded by various obstructions, such as bicycles or
other people. These problems result in significant appearance changes and may introduce some distracting information. As a
result, the same pedestrian captured by different cameras may look drastically different from each other and may prevent
re-ID. One simple, effective method for addressing this problem is to obtain additional pedestrian samples. Using abundant

practical scene images can help generate more post-variant and occluded samples, thereby helping re-ID systems achieve
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excellent robustness in complex situations. Some researchers have considered the representations of both the image and the
key point-based pose as inputs to generate target poses and views via the generative adversarial networks ( GAN) approach.
However, GAN usually suffers from a convergence problem, and the generated target images usually have poor texture. In
random erasing, a rectangle region is randomly selected from an image or feature map, and the original pixel value is dis-
carded afterward to generate occluded examples. However, this approach only creates hard examples by spatially blocking
the original image and (similar to the methods mentioned above) is very time consuming. To address these problems, we
propose a person re-1D algorithm that generates hard deformation and occlusion samples. Method We use a deformable con-
volution module to simulate variations in pedestrian posture. The 2D offsets of regular grid sampling locations on the last
feature map of the ResNet50 network are calculated by other branches that contain a multiple convolutional layer structure.
These 2D offsets include the horizontal and vertical values X and Y. Afterward, these offsets are reapplied to the feature
maps to produce new feature maps and deformable features via resampling. In this way, the network can change the posture
of pedestrians in both horizontal and vertical directions and subsequently generate deformable features, thereby improving
the ability of the network in dealing with deformed images. To address the occlusion problem, we generate spatial attention
maps by using the spatial attention mechanism. We also apply other convolutional operations on the last feature map of the
ResNet50 backbone to produce a spatial attention map that highlights the important spatial locations. Afterward, we mask
out the most discriminative regions in the spatial attention map and retain only the low responses by using a fixed threshold
value. The processed spatial attention map is then multiplied by the original features to produce the occluded features. In
this way, we simulate the occluded pedestrian samples and further improve the ability of the network to adapt to other occlu-
ded samples. In the testing, we cascade two features with the original features as our final descriptors. We implement and
train our network by using Pytorch and an NVIDIA TITAN GPU device, respectively. We set the batch size to 32 and res-
caled all images to a fixed size of 256 x 128 pixels during the training and testing procedures. We also adopt a stochastic
gradient descent (SGD) with a momentum of 0.9 and weight decay coefficient of 0. 000 5 to update our network parame-
ters. The initial learning rate is set to 0. 04, which is further divided by 10 after 40 epochs (the training process has 60
epochs) . We fix the reduction ratio and erasing threshold to 16 and 0.7 in all datasets, respectively. We adopt random
flip as our data augmentation technique, and we use ResNet50 as our backbone model that contains parameters that are pre-
trained on the ImageNet dataset. This model is also trained end-to-end. We adopt cumulative match characteristic (CMC)
and mean average precision (mAP) to compare the re-ID performance of the proposed method with that of existing methods.
Result The performance of our proposed method is evaluated on public large-scale datasets Market-1501, DukeMTMC-
relD, and CUHKO3. We use a uniform random seed to ensure the repeatability of the equity comparison and the results. In
the Market-1501, DukeMTMC-relD, and CUHKO3 ( detected and labeled) datasets, the proposed method has obtained
Rank-1 (represents the proportion of the queried people) values of 89.52% , 81.96% , 48.79% , and 50.29% , respec-
tively, while its mAP values in these datasets reach 73.98% , 64.45% , 43.77% , and 45.57% , respectively. In the
detected and labeled CUHKO3 datasets, the proposed method shows 9.43% /8.74% and 8.72% /8.0% improvements in
its Rank-1 and mAP values, respectively. These experimental results validate the competitive performance of this method
for small and large datasets. Conclusion The proposed person re-ID system based on the deformation and occlusion mecha-
nisms can construct a highly recognizable model for extracting robust pedestrian features. This system maintains high recog-
nition accuracy in complex application scenarios where occlusion and wide variations in pedestrian posture are observed.
The proposed method can also effectively mitigate model overfitting in small-scale datasets (e. g , CUHKO3 dataset) ,
thereby improving its recognition rate.

Key words: person re-identification; deformation; occlusion; spatial attention mechanism; robustness
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M(X),;, >t
HAth
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Arfr, M, (X),, FORBELAMYY 5 3107 8 5 )
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Fig.2 Network structure of occlusion generation module
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Fig.3 Network structure of deformation generation module
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Y HEs AL (i,,7,) AREAEfET
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(ijel)

sst. i, ew,j e€h (4)
X, w(iyy) AER (i) MENREE, ® &
INEBURAE, SR ZEA] AR T B, B AR 2L
FEEHERET (i) MENmWER (ALL) ,
Rk (4) #E—2 5 0
F.(i,.j,) = Y o(ij) ®

(ijel)
X((1,,,) + (i,j) + (Ai,Af)) (5)
P, Fy WIRASHEAE, (i) + (AL A7) FRoRIBERTEY)
EHURA A A A A RFIE R BT 2
FETIE, (A, A7) lH /N PRI 2R 2tk
SR ETT OB E AR R R B R R

w

XL = 3 3 6((qup) (1)) X(q.p) (6)

A AR LR bR (1,0) = (4,.,) + (i) + (A,
A L (q,p) AFAER X BB E AR, G-, -)
& 2 YERVEARE A, 2N (6) AT LA#E— 2001 B N
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max (0,1 = |¢ = I]) - max(0,1 = |[p - J|)
(7)

I bR 5, ) AR TR A B BT DR R
b 2R AR A FRAZ 1R SR AR A B, SEEE AT A AS [R] X
SRPEIURFAE I RS, TSI AT N S ik, A
OB AERFAE , 3 — 20 B R 155 B W 0 AT N S R
I RE
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3.1 LEHIEE

1E Market-1501 . DukeMTMC-relD £ CUHKO3 %%
Ptk bR TSLYG S IATT IR LA RIAT N
FFPUNIT S LG BAEAS SO 5 A Rk o

Market-1501 ( Zheng 45 ,2015) $t#l5 % 6 4~
Bk IAHER) 32 668 fiF KRR, £33 1 501 M7 N,
SRR 751 A AT AN AL 12 936 HRE KR AE Il g4k,
750 47 3L 19 732 g G AT g .

DukeMTMC-relD ( Ristani 2§, 2016 ) % 8 42 A
8 MELARLAAHER) 36 411 MR EHR AN, 7 1 404 4>

T No SEBRRE 702 47 A3 16 522 i ERAE I
58,702 T AIE 17 661 R IEGAE 4k o

CUHKO3 (Li 45,2014 ) %4 45 b P> 845 k30
A 14 097 &R AR, f 5 1 467 M7 N, S50
¥ 767 AT AAEAAE U ZR4E, 700 M7 AREAAE
gl =
3.2 ZWIgERTMIRAE

SCEGHE TR 27 I HESE Pytorch 521, R H] GPU
N TITAN XP TR I IR 55 g A7 I 2k AE I 25
AR, SR FBEALRS BN BRI AR, 1) 42y >
A R IR B B A 3 i B o B A
0.04,0.000 5 F10. 9, batch size 1% &k 32, 34 M 4%
I 25 3% 4R (epoch ) YR B & D 60 I, 27 2] R TE
40 YIEARJE LN 0. 004, WAL, B i A 4% Hh
MR RS e — I8 g 256 x 128 183K, B4 LL ] r
BCE R 16, ERIAEA BE ¢« BB 0.7, BRI o
T3 AR FHBEDL B , FEAl AR A (ResNet50) #1451k
SRR TmageNet E RTINS EL

AN SR B VC E B il 28 ( cumulative match
characteristic, CMC ) FlI3F 3585 B ¥ {f ( mean average
precision, mAP) S PFAl Bk i PERE, CMC i £
Rank-k F7RH & R 45 R 4 B Fr Al 7 A
e, mAP Hi§ Fr A7 A5 1) AR A 1E iy 28— ] A i 2%
AR E, B AT RN B B APERE
3.3 ZBHER

N T BEAAR SOOT VR A RO, 5 A AT N
PURGEIE AT L 0 A , A0 45 56 T R4 AS A 1L
5 IDE + RE(ID discriminative embedding + ran-
dom erasing) (Zhong %5 ,2017a) , AOSRelD (adversar-
ially occluded samples for person re-identification )
(Huang 55,2018 ) , 577 S {H 0 A9 25 MR~
> J5 = SVDNet ( singular vector decomposition net-
work ) (Sun £§,2017 ) | H IR XEFF A 42 48 189 07 v
Triplet Loss( Hermans % ,2017)  E:F i3 & S AL
771 DLPAR ( deeply learned part aligned represent )
(Zhao 55,2017 ) DA J2 B T 25T # 1) 5 1 Pose-
Transfer( Liu 2 ,2018) . 2 1—33 A BLE3 4
Bdlade FRYSEIRRS AR

R R T P REAS A 787 125 1) AOSRelD AH
b, A% SC 5 3 7€ Market-1501 , DukeMTMC-relD I
CUHKO3 ( detected ) ¥ 4 b 1 REATS A B4R T,
N 1—3% 3 fi7n , Rank-1 480573 31527 T 3. 03% |
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&1 FREFIETE Market-1501 HiE5E LH)ITHER
Table 1 Evaluation results of different
methods on Market-1501 dataset

/%

Iy ik Rank-1 ~ Rank-5 Rank-10  mAP
DLPAR 81.O0 9200 94.70  63.40
SVDNet 8230 9230 95.20  62.10
IDE + RE 85.20 - - 68.30
Triplet Loss 84.90  94.20 - 69. 10
AOSRelD 86. 49 - - 70. 43
Pose-Transfer 87. 65 - - 68.92
A3 89.52  96.11 97.65 73.98

F TR B AR, - 7 TR R

*2 A [EFETE DukeMTMC-relD #E5E FHIITfE LR
Table 2 Evaluation results of different methods
on DukeMTMC-relD dataset
/%

Jr ik Rank-1  Rank-5 Rank-10  mAP
Pose-Transfer 68. 64 - - 48.06
SVDNet 76.70  86.40  89.90  56.80
IDE + RE 74.20 - - 56.20
AOSReID 79.17 - - 62.10
A 81.96  90.17  93.09  64.45

M E R B R R, -7 FR RPN

#3 AFREFHZEE CUHKO3 HEE LRTHER
Table 3 Evaluation results of different
methods on CUHKO03 dataset
/%

detected labeled
Jrik
Rank-1 ~ mAP  Rank-1  mAP
Pose-Transfer 41,60  38.70  45.10  42.00
SVDNet 41,50  37.30  40.90  37.80
IDE + RE 38.50  34.80  41.50  36.80
AOSReID 47.14  43.33 - -

A 48.79  43.77  50.29  45.58

IR B RAREE R, -7 IR R ALEA

2.79% FI 1.65% , mAP 45 45 43 542 FF T 3.55% .
2.35% H10.44% . JRTET, B4R AOSReID J5 kil
aod T AP A 7 A BT I R R AR AS (HR
S FO B 5 A BB AP 1 — R 40 35 PR X,

A A B A Ol . A SO B3 2 P X
AR AN DXk, PR 0kt 3l ot B 18 1) 23k
O BRI AOREAS NI SEBL T B AF A SEBR 4R

5 Market-1501 %% #% ££ #H H., DukeMTMC-relD
BRI T . TR B4R b, 5 H AT
A, ASOr BA RE U PERE A4 T, ansk 2 i
7No 5 Pose-Transfer J5 VEAH LL , A 3CT7 I A BR
3, JRRIFE T Pose-Transfer 775K ] GAN W 4% 4=
IRZ ST NIRRT 5 I i T A5 [m] i % ik
W8GR, BIRTE—E R Lk 71T NESZ
XRETRIPERER R, (L LR 2R S 5L PR g 5t
AT NBBAN HA R E 5], H GAN 253l 3 i
NN & e S Wi D E 2 ER PN AN SN ST iR BN
el ZRAT N TR B, AN 2 o 381 i 119) 272 ) 3o
AR SCR i 21 3 (9 7E 227 > 1) 07 20, AR L o 22
FEH B 20T NIEARRFE, SEL T S = 4 2R .

Z PR CUHKO3 %4 5 A8 2 , B R FE 1 5080
A IS A [, PERE R AR 25 A
SO ETEAS FURRAIE 25 (W) FE 2 A L RDHERRE ], £
THARRZ R, e TR Rz LRE S, sk 3
7~ , 5 Pose-Transfer 11 AOSRelD P {di & A51T
P s P REAAN ], AS SO WO 728 R4 45 5
F BRI PERE S T — 22Tt
3.4 HRAI

N1 R UEA SO R A R, AS SO E
FEME AT T A THRAIE . 158, MRS ikt
3 MBS ERYSCIRAIR . TEMFESEE T, A
SCIMR 3 SN ATE A GEEPS DL K — 5 255 T s i 55
By, B U4 R 4—3K 6 R IAb, i@t mT
HrIE MR 1 IR AR AL TR A S

F4 7 Market-1501 HHEE _FA)HRILL
Table 4 Ablation study on Market-1501 dataset
/%

F ik Rank-1  Rank-5 Rank-10  mAP
FEgk 88.60  95.84  97.51  70.54
TBAE 89.99  96.19  97.65  73.96
Y 90.38  96.62  98.10  73.74
JEAS + R4 89.52  96.11  97.65  73.98

L A RS I U4 2R

=i

3.4.1 JEELT] *ﬁ‘
HEPHANE AL REA A By T 3G 9 B X 5 2k
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&5 7£ DukeMTMC-relD ¥4 FHYERESCIE
Table 5 Ablation study on DukeMTMC-reID dataset
/%
ik Rank-1 ~ Rank-5 Rank-10 mAP
2k 79. 08 87.79 91.29 60. 53
Az 80.92 89.95 93.09 63. 61
Y 80. 39 89.72 92.77 63.41
A + P 81. 96 90. 17 93.18 64. 45
TE L A N BB R 2
%6 7£ CUHKO3 #{#E% FHYHRIEIE
Table 6 Ablation study on CUHKO03 dataset
/%
detected labeled
Tk
Rank-1 mAP Rank-1 mAP
Feak 39.36 35.03 41.57 37.58
7% 46.43  41.96  46.07  43.33
B 47.00 41. 65 45.43 42.20
A + MY 48.79 43.77 50.29  45.58

T R A R B9 B il 2

REANENER: BTy, NI AE S 2 BB AT
FEALIHTI RESEIA RLAIAT NFFAE . [ 4 SR HELR

HESACT P CMC XF ., MNF4—F 6 FIE 4
AILAE ), Toie Sk sl s 608, A SO i iR s
AR T LT o

TE/NUBLE R 55 CUHKO3 |, i FIZ 5080 A4
B A 22 A R 2R 25 5t Bt 4L
Al BRI, AR SC 3 T AR 5 3 PR AR A i
FIGIREA ) ZREE 22 AR )2 2 M
T (S A5 A 70 B i1 S 5 1k ) AR AE , BRI L T A7
CUHKO3 #4fa4E 9ol R e pede mio Bk,
7£ CUHKO3-labeled $(4li4E I, A SO A L T 5L 2R
J5 3, Rank-1 #4525 8.72% , mAP 3255 8. 0% ; 76 T /I
PRI (1% 62 0 25 2% 59 F ) CUHKO3-detected %4 4f5 5
b ARSI A T U, Rank-1 $2757 9. 43%
mAP 325 8.74% . £ DukeMTMC-relD $(#2 4 I,
AT AR R 42 T, Uk B B 78 52 2% ) 4K
T iz EA e — R S F B, {B7E Market-
1501 et -, Wb oy ik B foft T B Ao A 700 44 g
m A AT PO HEN, 3G AR 5 3 PR
FEAH) J5 78 Market-1501 4fs 56 5| A Tt 211
T, SRS T AMTMHEE, #R7
S HERR AT T T B, AEE AR A 3 25 AT 88 s T

100
98 |
£ o6t
= o4t
=
=l
Bl 92¢ - JEZJ7iE, mAP=70.54%
= P77, mAP=73.74%
90 ¥ ~ JBAE 7%, mAP=73.96%
7 = A3 T71%, mAP=73.98%
88 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 10
14, ‘
(a) Market-1501 % #ia4E
78 F
74+
70
] e 5 s M L i
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2 54t
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Fig.4 CMC comparison of the baseline and the proposed method ( (a) Market-1501 dataset;
(b) DukeMTMC-relID dataset; (c¢) CUHKO3-detected dataset; (d) CUHKO3-labeled dataset)
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3.4.2 EMEabr
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FE IR, HAb R et R . SRR A
B S ERG R R 1T N LRI AR A

(a) FEZTTi%
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Fig.5 Ranking list of our methods and baseline ( (a) baseline; (b) ours)
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Fig.6 The heatmaps of occluded model and deformable
model ( (a) occluded model; (b) deformable model)
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