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Foreground segmentation-relevant multi-feature fusion

person re-identification
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Abstract: Objective Person re-identification (RelD) is a computer vision-based cross camera recognition technology to
target a pedestrian-specific in an image or video sequence. To obtain more discriminative features and achieve high accu-
racy, the deep learning based method of RelD is focused on processing personal features in recent years. The whole pedes-
trian image is often as the sample for the RelD model and each pixel feature is as the basis for recognition in the image.
However, RelD, as a cross-camera recognition task, is required to deploy a wide range and number of camera locations,

which will inevitably lead to background variations in pedestrian images. In other words, the heterogeneity of images-

&5 B #7:2022-07-07; 1& [E] A #1:2022-09-28 ; i EN A< A #7:2022-10-05

# BISVEE IKLTH  carole_zhang0716@163.com

E®WE : BEEE AR RIBEI (2018YFB1601200) 5 1 [ R 2= W58 AEBHIAF G117 55 B30 H (2021Y]5026)

Supported by : National Key R&D Program of China (2018 YFB1601200) ; Graduate Research Innovation Grant Program of Civil Aviation Univer-
sity of China (2021YJS026)



$28% /58] /2023 £5 A

KA, EfRik, TRE/EEGNSS

B ZHHER ST AEIRS

I

captured is challenged for the interrelations between background similarity and its identity for both of single and multiple
cameras. Therefore, it is necessary to rich background information to the pedestrian similarity metric in the RelD model.
To resolve this problem, we develop a foreground segmentation-based multi-branch joint person re-identification method in
terms of the residual network 50 (ResNet50). Method An integration of foreground segmentation and RelD method are
employed. First, as the input for feature extraction, the foreground area of the pedestrian images is extracted by the fore-
ground segmentation module. Then, to achieve mutual benefits between different features, the global features in the image
are combined with local features and high-dimensional features with low-dimensional features using a multi-grain feature-
guided branch and multi-scale feature fusion branch. For the foreground segmentation module, an attention mechanism is
used to improve mask region-based convolutional neural network (Mask R-CNN). And, the foreground segmentation loss
function is adopted to optimize the feature information loss derived of rough segmentation of the foreground. For multi-grain
feature branch, the convolutional block attention module (CBAM) is improved initially in terms of a three-branch attention
structure. The information-interacted between two dimensions is based on adding new branches between the spatial and
channel dimensions. Furthermore, an attention-sharing strategy is implemented. To improve the effectiveness of feature
extraction and avoid feature chunking-derived missing information, the attention information is shared in coarse-grained
branches with fine-grained branches, which can yield global features to guide the extraction of local features simply. For
multi-scale feature fusion branch, the features at different stages backbone network feature extraction are used as the input
of multi-scale fusion straightforward. Additionally, the pyramid attention structure is used as well to get the feature informa-
tion before fusion. Next, for the fusion module, to synthesize the global information and alleviate the loss of feature informa-
tion, a non-local algorithm is illustrated in multiscale for feature fusion. Finally, as a joint loss function, the loss-
incorporated is in relevance with foreground segmentation, TriHard, and Softmax. And, it is used to train the network for
optimization further. Result The comparative analysis is based on 3 publicly available datasets (Market-1501, Duke multi-
tracking multi-camera re-identification (DukeMTMC-relD) and multi-scene multi-time person RelD dataset (MSMT17) ).
The metrics-related evaluations consist of rank-n accuracy (Rank-n) and mean average precision (mAP). For the Market-
1501 dataset, the Rank-1 and mAP can be reached 96. 8% and 91. 5% of each, which is a 0. 6% improvement in Rank-1 and
a 1% improvement in mAP compared to attention pyramid network (APNet-C); For the DukeMTMC-relD dataset, the Rank-1
and mAP can be reached to 91. 5% and 82. 3% of each, as well as an improvement of 1. 1% in Rank-1 and an improvement of
0. 8% in mAP compared to the model APNet-C; For the MSMT17 dataset, the Rank-1 and mAP can be reached to 83. 9%
and 63. 8% of each, which is increased by 0. 2% in Rank-1 and 0. 3% in mAP compared to APNet-C; Conclusion We facili-
tate a foreground segmentation based multi-branch joint model. It can be focused on foreground extraction-based in accor-
dance with an integration of multiple scales and grains image features. At the same time, the foreground segmentation module
can wipe out ineffective background and alleviate the background-differentiated false recognition more.

Key words: foreground segmentation; semantic segmentation; person re-identification (RelD) ; feature fusion; attention
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YIGREEFIMHASE IS 53 . Market1501 43 R I 2k {5
12 936 i K E 15 19 73208 , M4 5 6 AR kAN
FEHY 1501 M7 AR . DukeMTMC-relD 734 3|
A 16 52208 KA 17 661 I8 F query 5 2 228 I,
ST AT 1 404 T ATE 8 R T 9 36 411 1§ AT
NG . MSMT17 Bda 8253 R Il 25 4R 32 621 i, Pl
14K 93 820 M, AL & 15 DGR RE Y 4 101 4>
1T 126 441 IR E1Z

[l B, A SCff A Rank-1 F1F- 2408 B Y {E (mean
average precision, mAP) W7 N HEPUINAE 55 Hh i H]
AIPEH HE bR 0 FE R . e, Rank-1 248 8¢
AR P AT NS VUG P 1 A R h AT A2
] — 47 ANBIAEAR . mAP BB 2 — SR FIP- 2%,
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R T AR PN ACE TR
iAPk

mAP=k:°C (13)

S S AP, F A A TR R A

CFmms BN
2.2 ZTHRMERSHIEE

S HE T — 4 Ubuntul8. 04 18R T4E 8, 1
CPUZ%4 M Intel®Xeon (R)Silverd112CPU@2. 6 GHz,
WAE K 64 GB, Il FHAL GeForce RTX 2080Ti il
WIEE . EEd ] Pytorchl. 7. 1R SIHESR .
2SI AT S AT NE R BIER Ar. mT R
| HR 43 K FH PN 255 19 Mask R-CNN #4747 A8 st
PRI AT NN 09E T 26 R H ImageNet 1
Y25 1) ResNetS0 A Ay At A5 78, HoAth 38 43 (1) AL
(4979 b5 A 32 23 o Kaiming ¥ 0I5 B, B0 2 4t
Y125 160 1> epoch, K FH Adam 115 Ak 25 X5 455 754 fig 1] 25
AT, W1 bR 2% > B E R 0. 000 4, I fE R 280
401> epoch J5 4 /IN A FOR 1 1710, B2 25 U8
2.3 HRLLIE

AR SCHE H A MFSNet 1 5 1) i 40 A B 7
AT NG B wT S (7 ) 848, 4R ) 38 A4
oG BUR T R S 2 R B m e S IR
5 5 RIS B ik AT NFRIE R IR . BRIL, T4 il
S TR B IE A S FIRL R R AR 5 R 4
S RERFE RS 43 A R S g e an gk 1
JiR . i Baseline #6/8 HAL 5 & 1 45 4544 HR i

ResNet50 3 [ 28 Fl 42 Joy 7 52, 438 5 % 22 1) 2%
[ ¢ AIE & B 45 2R i 47 47 A 8 3R 5 Baseline+
MFGB . Baseline + MFFB 41 Baseline + FSM 43 5| J& 7£
Baseline B FEAH [ FRAINA 32544, FH LLIE B Fr 2
H ) 25 25 R A R . Baseline + MFGB + MFFB Fll
Baseline + MFGB + MFFB + FSM J& 7 22 7 & 4 fiF 5 |
Y A A TS R 2% 25 A, AT LAGIE R 3 R
Z A R BRSO

AT LA 78 3 Sl 4R v AR SO 4R
(1) MFGB il MFFB 2544 32 GE X Baseline & ¥ — & 1)
PRTHRCR . JEFAE T 7E MFGB FI MFFB 1, A 30
TSR] T A AP R RRAE N 28 AR S R E
P T Ty s R e AN 2 RO R JRy i B U7 vk, %
AN TR P B R SR B T B X 1 5 =X DR AE
o, SRR Z [RIAH FLANFE

[F]EF, ZE I A FSM BBEE 5, I 2% 94 B A 4R A5
—EfE Tt BETE T R BT RIS L fE
B AR ] — 47 ATEA [ B8 K08 1 R Z 18] 1
F2E S, G Baseline P [A] — 17 N R 22 7 S HMW
FRAIEARRUE TR, JF H , BEE S E bR, W —
TGRSR N AT N Z )5 SR L B T 55k, AR
ARARLEE R B , xR SCR i S R 2 T e 1
2.4 FLESE

H T BAEAR ST B A R 7E Market-1501 71
DukeMTMC-relD $46 5 b BEATXF LU S2 56, X LE 7 ik
AL 2 T8 USRS 23 1Y RelD J5 4 SSP-RelD
(saliency-semantic parsing ReID) (Quispe FI Pedrini,

%1 7£Market-1501,DukeMTMC-reID F1 MSMT17 | # Bh 3006 45 R
Table 1 Results of ablation experiments on Market-1501, DukeMTMC-reID and MSMT17 dataset

1%

Market-1501 DukeMTMC-relD MSMT17
Tk
mAP Rank-1 mAP Rank-1 mAP Rank-1
Baseline 78.1 92 65.9 81.5 52.1 76.9
Baseline + MFGB 83.4 93.6 74.4 85.1 56.5 77.6
Baseline + MFFB 86.2 95.1 78.2 88.5 574 80.1
Baseline + FSM 85.8 94.2 76.3 86.1 55.6 78.2
Baseline + MFGB + MFFB 89.6 96.1 80.7 90.2 61.8 82.6
Baseline + MFGB + MFFB + FSM (MFSNet) 91.2 96.8 82.3 91.5 63.8 83.9

T L P SRR % 8 B A2 2R
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2018) Fl1 FS-MENet (foreground fegmentation and
multi-loss ensemble network ) (F£f 75 ,2020) ; 5 T2
FRAE @A 19 RelD J7 7% CAL (counterfactual attention
learning method) (Rao %% , 2021) | FPB (feature pyra-
mid branch) (Zhang % , 2021) . MGN (multiple granu-
larity network ) (Wang %5 , 2018 ) fll PyrNet (aggregating
deep pyramidal representations) (Martinel %5 , 2019) ;
BT 7 1 AL Y RelD J5 ¥ APNet-C (attention
pyramid network) (Chen % ,2021) . L5625 F 4 5% 2
MFE 3R

%2 7EMarket-1501 F 5HXFTEA LR
Table 2 Comparison with mainstream related method on
Market-1501 dataset
1%

ik mAP
FS-MENet (22675 ,2020) 88.6 93.2

Rank-1

SSP-ReID(RR) (Quispe Fl Pedrini, 2018) ~ 90.8 93.7

APNet-C(Chen %,2021) 90.5 96.2
FPB(Zhang % ,2021) 90.6  96.1
PyrNet(multi-shot) (Martinel 45 ,2019) 940  96.1
MGN(Wang%,2018) 869 957
CAL(Rao%,2021) 89.5 955
AR (MFSNet) 91.2 96.8

E IR R 2 5 e A4 2R

%3 7EDukeMTMC-relD 518X 75 %ML
Table 3 Comparison with related method on
DukeMTMC-relD dataset
1%

Tk mAP Rank-1

FS-MENet (2251 75 ,2020) 80.1 86.7
SSP-ReID(RR) (Quispe fll Pedrini,2018)  83.7 86.4
APNet-C(Chen %,2021) 81.5 90.4
FPB(Zhang % ,2021) 82.9 91.2

PyrNet(multi-shot) (Martinel % ,2019) 74.0 87.1

MGN(Wang%%,2018) 78.4 88.7
CAL(Rao%,2021) 80.5 90.0
A (MFSNet) 82.3 91.5

T L P SRR 5 S R AL 4

[FIE, Ry 1 3 — 2D B T SR A5 U X 3 57 A2 Ak ]
R RACR  AE MSMIT 17 i dl 4 b 538003 F2 00 7 ik it
e, 7EXT L7 vk i 1T MPN (multi-task part-
aware network) (Ding % , 2022) . ABD-Net (attentive
but diverse network) (Chen %5 ,2019) | Deep Miner (a
deep and multi-branch network which mines rich and
diverse features) (Benzine 2%, 2021) 45 3 fl 5 7K S 45
PR TT i o SERRAS AR 4 TR

K4 FEMSMT17 E5HEEFEHLLE

Table 4 Comparison with related methods on

MSMT17 dataset
1%
Trik mAP  Rank-1
MPN (w/o RK) (Ding %,2022) 62.7 83.5
APNet-C(Chen%§,2021) 63.5 83.7
ABD-Net(Chen %,2019) 60.8 82.3

Deep Miner(w/o RK) (Benzine % ,2021) 67.3 85.6

MGN(Wang4%,2018) 52.1 76.9
CAL(Rao%%,2021) 64.0 84.2
A3 (MFSNet) 63.8 83.9

TE : wlo 71 without, ITHLF RN & S B 2 2R

MFE2—FRAnTLIFEH - Market1501 . DukeMTMC-
relD Fll MSMT17 ¥4 45 b, A SOk T Hir
B —F5E . AT A SCHRERA ik
AL LI T R ) RS TR B R AE A 15 8, 384
TN TRRIEAS Bt TR, 3l e AR 25 A A T, 4
TAT NFAEAS BRI 0l T HRIE 2K IFAE I
BERl LAY S 4 B Ay R EOT S R A T
(5 BT RelD AR TEIRE BE A 510
2.5 AMULER
2.5. 1 HisorE AL R

R T G b R s AR SC O AR AR IO S L K
R, 7E Market1501 £ 48 45 [ BEMLIE#EAT N BIG3ET
Ao &L JE AT AT AL . B9 BR T B 1D K
0041 F1 0001 [ {57 47 NI 5 42 BOSCR K, o,
55 LT R B A P IR AR B4, 56 2 47 )2 Mask R-
CNN W28 H: B 1 AT NG, 56 3 47 S Bt 5
Je S .

AT LA B, AR SO TS5 o3 IR B AR A 4 4
HbSEIRT SR BRI, R, BERS LR BT A
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(a) ID 0001

1O Market-1501 SO 1 ¥4 7 A PR (i UL AR
Fig. 9 Result of partial pedestrian image foreground extraction on the Market-1501 dataset ((a) ID 0041; (b) ID 0001)

R S 0 EHRAR D DR FE T HT R R

PG 11 52 B M AT 0 1 o

2.5.2  HiEHissr BN ZRHE R G AT N E RSO
UM 25 SR P4k
ﬁTEﬁm%ﬁﬁiﬁ&m\ﬂﬂ%YWM-

ket1501 4l 42 [ BEALIEREAT N EAT IR0 45 5 T 4

16, AR 10 7R o Bk i s o3 B R i A B AR AT

FEEUM 4 2 Fr i, BT LA R B 45 R S AR S 5

TS

3 & it
TENEPUIE ] — RS B0 AR 55 , 1Rk 0 8

2 A BRI, [/ — 47 AR R AR LT 5 E
MG B 2 AF BRI S22 5, A Al —47 A4

query

query 7 10

PR

K110 7 Market-1501 Hdi 4 E#l 24 1 ol d Ak
Fig. 10 The visualization of partial query results on the
Market-1501 dataset
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AERURE R RaE o R, AR SCER Y T — R4 5 T 5 2y
VB2 SR = X FWNG Al DR = s i Fuk AN T
BB R R AL A I 8 58 R R S AT
HUNAT 55 AR B 8CR, 76 38 ORI 5% (7] IR 15 i 5
P A - 20 1R R 5 B e 5 SR e i 227 B R i 5 |
o3 S 22 JOBE R il 7 S AR BB AT 28 500 P A o
A 5 i i 8 Ao 1K 450 2K R AR A2 IR 28 B DI R AR A o
TE 34 i B A LA SCIR A R R AR SO Ik A
—E R 2R T AL S BRI B ], B
B TIRBIRCR . 5 H A RelD Jr ik A b, A SOy 3
i B 7 SO R T AT ARG 25 SR Y
S AR R TR AT R AR AP s HE RS AT
NG 2 R 2R BEAREAS 2) 1 5 BA 5 )
AT NFFIE R 1K o (HUE AR SO v BRI RS 0 )
P £ AR SRR T 31 RelD AF: 55 v BB I 17 #8570
Y 2 K A 2RI [, 23520 RelD AT 55 # F280HE
I H, st B 547 NFE GRS PIAME 55, ey
g e — B RS, T PERT HEN
S5, — 77 T E I P s A5 A AL AL , 7 DR ) 28 A5
e AL B[R] I ORASF B B RO SCR 5 55 — T Tl i
X455 PRI 55 A5 LA BE A RS 5 R
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