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Multi-granularity occlusion feature enhancement algorithm for
person search

MIAO Chunling'?, ZHANG Hongyun'?, WU Zhuojia'?, ZHANG Qixian'?, MIAO Duogian'?

(1. College of Electronic and Information Engineering, Tongji University, Shanghai 201804, China; 2. Key Laboratory of Embedded
System and Service Computing Ministry of Education, Tongji University, Shanghai 201804, China)

Abstract: Existing person search methods focus on efficiently learning pedestrian representations from limited labeled
scene images. Although these methods have achieved good results, learning more identity-discriminative pedestrian rep-
resentations usually relies on large-scale labeled images, while obtaining large-scale labeled data is a resource and labor
intensive process. Therefore, we propose a novel multi-granularity occlusion feature enhancement algorithm for person
search, which first performs multi-granularity random occlusion on original scene images to expand the training data,
and then generates virtual features with diverse information from the occluded scene images. Finally, the generated vir-
tual features are used to enhance the pedestrian representation in the real features. Furthermore, based on generative ad-
versarial learning, a multi-granularity feature alignment module is designed to align the occluded image features and the
original image features, and thereby maintain their semantic consistency. Experiments on CUHK-SYSU and PRW data-

sets show that the proposed algorithm can significantly improve the search accuracy of person search.
Keywords: deep learning; computer vision; person search; object detection; granular computing; data processing; fea-

ture extraction; generative adversarial networks; alignment
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JEFUARFAIE rh 4 B 47 AN SRAE, MGFFE 38 o 1158 B
OB AT NRAE 5 B AT ARAEZ 8 By Rl
B, ShARG BEAT NRAE i S5 B, ff
FLALAT N FRAE AT DA [RDRE BE R #UA T N SRAE
(4 B 0315 B HEA T AR 1Y 5
& 2 B, BAAOR 3, MGFFE 8 if 2 £ 3t
TR Res5 [0 26 1 — 20 4 B L S Rp AR FIAS (W] KL 2
JE AR AR AT N RAE, I 38 i 42 )R fe Kt Ak i
h—HdEskRr . ROk, A B R U R AL,
SR E R IR AL G, DAY R AT A RAE, H
Hr, BT N RAE & 0 4 3% 45 2 W 4 3145 3
Query, il N Q, MEUAT NRAE 53 283k P 4> A (]
1Y 4 1% 12 )2 W W, Ak B 45 3] Key FT Value, 537
N KV, SRR N
0 =pW,
K =pW¢
V=pW,
Kb pRURE AT NRAE, p AURELAT AL
fiE, Wo Wiew Wy R TR] 2i% 1: 2 B AL
QR K ] T 155 L 52 R AE 0T A L J3E 1 400 36
fEZ [ A . HARTT S, QFKGE o A5
RS B T 2 0 40 88, o 17 3 B i BRUA B 4 2

P

d, B I T B WA, SR F 46 A 51/ Vd 3t QKT
PEATAR T . BB, FIH softmax ok EICKE 46 5 1)
(EVA—AL g B, 19 31 22005 Rl i T T
KEW., WitE Ay

QKT)

W= softmax( N3
AP dMRERKALERE . B E S VISR, 153 £
KL g s 15 2 g, Hat A0
g_WV_ [81 &2 gm]
A g ARERA[RDRL BE Y 915 R o
B g 5 HSAT NRAE p RIMEL&, #5255
FIAT NFRAE p, T p Al DA SO [R)REBE R 44T A
FAE AR B3 A0 IR L, 52 30 2000 B2 il R AR 1
9, HEORAT ARIE MR AR

p= p+Z(g,

K JR%%KIEJE’JJEWQE,pﬁ%%l?!z&%mléﬂ
P 5 AT N AR, FL S B [RR B JE AT N 3=
IR A5 B
26 ITAERRKEY

MGOFE H 5 I 451 2% & it RPN LR 5 A4~ 3k &6
W 28 1) 370 5 HE 43 2408 2 AR 1] IS 483 2 R A A i 207,
HFEREAN

Ldet - Z (/l Lcls + ’ymL;Zg

meM

K 1 M = (RPN,RCNN1,RCNN2}; 4, Flly,, A4t 2K (1)
E
@Uﬂ?ﬁ%ﬁﬁ/é\fﬁ

L= meA>

le

Kb N IEREARR B, roh 8 i D IEREA T
1 B AE, AR %8 Y L SE 18] U B, L. A Smooth-
L,-Loss,

I FHERY 53 240 ﬁiiJrﬁé}ftﬁ

cm——zm%@>

e N oA YRR, pdﬂ%z’l\i‘izlilé@i‘ﬁ?ﬂlﬂﬁ
RMER, ¢ WESARIC

HeAb, A SR A OIM 45 2 1 i B A7 A iR
i, PRI A A

Lia = logp,

K p e T ARAL R T B 50y « (R, AR
MEARRLRE o Ak s B RE A Ak Sh A7 A SRAE 1) i
FI AR AE ] AHARL, (] I 7 028 15 At B 53 SR AE [
HIHE,

2, SRR N R KRB R



5520 % B OB A

S 1 © 236+

L= det + chid
RG24 R 1] 4 2 B S

3 LBERE AN

HiEE
CUHK-SYSU™ & —A> R AT A48 R B s
£, U FREGIE B PR 18 184
ik KA, 3L 96 143 M7 N FHAE, BAT 8 432 M7
N ID. %5 2 F U 24 T 4, Hodh i 4
A5 11 206 5K FG A 5 532 AR E AT A ID,
M A AL 45 6 978 5K EIR A1 2 900 42 if) A Bt .
75 VR B, 2548 Fn i 48 AE BHR AT A
ID FEHES, T IERERE, BEE N
AN R TR R AR A R 9 B (50,
40001, WARAAEE, BIFEBIAK/INA 100,

PRWU E 4 4 th i e K 2= b 6 5 A 20 M 45
FAZHLFAFE A OAT T2 B . 2B R AL 11 816
it A%, 3643 110 T N FAE . IR
5704 WK%, W55 482 47 N ID, IR 5 AL B
6 112 i EHL AN 2 057 AN B o 26 i) &1 S 2
AR, RIEERAR R 6 112,
32 XWiIEESFMEIER

S 7E NVIDIA Tesla VOO GPU | #E47, i [
ConvNeXtPIVE B T W 4%, 78 1 W 2% 2 B
FRAE ] b, A SCMAE NPSMET H At Al 15 8 by 2t
X 32 L 2% (RPN), #E RPN H, AR SCH 5 5K
FHE ) ToU=0.5 PBEIEHE RAE R IEFEAS, K ToU
HTE [0.1, 0.5) M EAE B & TAFEAS

TEYN R R, i K/NEE N 6, R A I
R AT (adaptive moment estimation, Adam) X 5
RIS BT . 7E A EE 4 1, BALS4 1)1 2k
30 AUk, TR E X BR R HEAT T AE BY, K H AR
il 4 10, FIhR 2> R E R 0.000 1, 7625 15 Al
5525 DRI /N S R FNH TN 100 7
B R AR, A SO eI Sk 2 R B 4 A X6 5 A
e, R H S, 1R A2 B A0 & o 2 kR FULRR TR
5 ESRHE L R T AR S5 o

225 SE T 5T 0 1 U353 AR S T A [l R
(recall) 1 0.5I0U T B~V 245 £ (average precision,
AP) PEAR AT NG I 4 BE , i 35 (6 35 K
(mean average precision, mAP) Fil top-1 PF-A 1T A\ H
PRI PERE
33 EESHT
3.3.1 MAEaT Ik

AT ¥ E MGOFE 8.3k B9 A &k, A5k
MGOFE FI¥LA e #k i 1T AN R B LTI
B SRR LR . Hob, BB B H R R

3.1

A MGTSU8 | CLSA (cross-level semantic alignm-
ent)*”) IGPN!"?, RDLR (Re-ID driven localization ref-
inement)!*!) 1 TCTS (task-consistent two-stage frame-
work)“2, BB B %] LBk AL 5 FE T Faster R-CNN
1 OIM!'| TAN (individual aggregation network)!**!|
NAE+P! AGWF (adaptive gradient weighting func-
tion)**!| SeqNet*”’ . MHGAM (multi-head global at-
tention module)™*!, SeqNeXt"® (enhanced SeqNet with
a ConvNeXt base); % F FCOS f AlignPS; &+
Transformer ) COATP! PSTR[?¥ | SOLIDER (se-
mantic controllable self-supervised learning)!'*!,

% 1 CUHK-SYSU #1 PRW ##E&E F RS 45 R3dtt
Table 1 Experimental results comparison on CUHK-SYSU

and PRW datasets %
[£240 HK-SY PR

;E:JI\J MHESHE fn[iP S;ops-llJ mAP :)]p-l
MGTS!"! (ECCV2018) 83.0 83.7 32.6 72.1
— CLSAHT(ECCV2020) 872 88.5 38.7 65.0
K IGPN" (CVPR2020) 903 914 472 87.0
RDLRM!(ICCV2019)  93.0 942 429 70.2
TCTS¥ (CVPR2020) 939 951 468 87.5
OIM!"' (CVPR2017) 755 787 213 494

IAN™! (PR2019) 763 80.1 23.0 61.9

NAE+5 (CVPR2020)  92.1 929 44.0 81.1
AGWF™ (ICCV2021) 933 942 533 87.7
AlignPS®! (CVPR2021) 94.0 945 46.1 82.1
SeaNetCBOM™L o o 957 476 876

g (AAAI2021)

s COATPI(CVPR2022) 942 947 533 874
MHGAM™ 949 959 479 88.0
(IMAVIS2021)

PSTR®!(CVPR2022) 952 962 56.5 89.7
SeqNeXt® (WACV2023) 96.1 96.5 57.6 89.5
SOLIDER™ 955 961 59.8 86.7
(CVPR2023)
MGOFE (A3X5) 965 969 59.0 90.0

T IR R LA R

1t CUHK-SYSU %45 4€ I, MGOFE KL 4L
SHERE, TEMASH 848 mAP fil top-1 I, #%R
K BEOL T BT A % LA . BRI &, AH LT Se-
qNeXt 7%, MGOFE £ mAP #ll top-1 #§ 45 - #14#
F+T 0.4 H 43 55 #H LT SOLIDER 3%, mAP Fil
top-1 FEFR4FHIHRETE 1.0 A1 0.8 4345 . PEAE LK
W ERTFFEAUE T MGOFE i i3 2287 Fifi HL i
PAY FEEE B, E— 25 R R G 55 0 30 Y SRR AE
0 J R AR AR IE X T 48 20KG B2 42 TH AT 30k

£ PRW %48 4 I, B4k MGOFE 515 7F mAP
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LIl

$&#r W% T SOLIDER, {HJ& MGOFE & % 1E
top-1 F5 b5 _F#8# T SOLIDER 1% 3.3 H4r i, iX
J& 1 F SOLIDER {8 F 1485 1 4 3 F $ BN 2538
FHARAE, B AEAT ARG, 17 AR IE S = &
X, top-1 K5 BE S RAI . 772 B 1Y J&, SOLIDER
L T B R TR AT N B 4 Lk 7 sk
TN 2, 380 1 AR R 6 T A0 CHE AR R
AR A
332 HekEi

R T W UE 22k FE R AE X SR AR B (MGFA) fl1 £

KL Rl RRAE 1Y R AL (MGFFE) YA R, A 5L
#£ CUHK-SYSU Fl PRW $H54E it A7 T HE40 10
THRSCE . BARM &, A 30K MGOFE 5 LU R 48
RIEAT R 1) FEMER L L ConvNeXt i T
P25 1) SeqNet £ BP9, 2) w MGRO R 7R JL A
R, REmEE Y5, 3) w/o MGFFE 4,
F7E MGOFE W1 5% T MGFFE, 4) w/o MGFA 1t
F7E MGOFE "' H 2k MGFA, % 2 45 T iH fl
SO0 N LR R N ) R L = R
(floating-point operations, FLOPs ) ffif

R2 HMXENILAR

Table 2 Ablation experiment comparison results %
Ak GPU BHE/10°0 /100 mACPUHK SYStgp_l — PRW op i
TR V100(14.1) 119.0 522.4 95.8 96.2 57.9 88.5
w MGRO V100(14.1) 119.0 522.4 96.0 96.2 58.2 88.8
w/o MGFFE V100(14.1) 120.1 527.5 96.2 96.4 58.5 89.3
w/o MGFA V100(14.1) 119.2 522.6 96.3 96.6 58.6 89.5
MGOFE V100(14.1) 120.3 527.7 96.5 96.9 59.0 90.0

T LR T FR s

M2 2 AT, VAR b, AR SCHE S B9 MGOFE 5
Jr A A RA L, BT bR RE, UE T AT
B A S B AME . BRI, R MGRO
P AdEAE, WOk MPERERTHA B, X & H T MGRO
K BE T4 12 I G 5 e T 95 ) . 5 MGOFE #
I, B2k MGFFE B2 S8k ae TR &, 75
PRW %4445 |- mAP il top-1 $8¥5 435 F K& 0.5 Fi
0.7 [ 43 &, 76 CUHK-SYSU %t #2 4 I mAP # top-
1 F5FR43 9 R I 0.3 F10.5 1943 A5, X R BH A2
I HE PA T N FAE X B 54T N SRAE A7 4 5 2 3
S, B AR T 2R A B A 2] By
F R E AT NRAE,

I4h, MGOFE By REIL T w/o MGFA, MGFA
FEER X PRW (45 4E /Y mAP il top-1 8 #5435
Wk T 0.4 F10.5 A 4 s 4T, X CUHK-SYSU
e L) mAP Fl top-1 F8 4540 3 K T 0.2 Fll
0.3 H 4r MM ERT; o 31X 3% B 3 UG RRAE 1 i
BGARAE 1) 53 A0 6 55 )5, BSEAT N RAEBEAE K2 U1
AT NEAE AR B N =F & 15 B

2 3.4 9 B R R R N S R F i
Fitg . RIS, AT IS, MGOFE
BRI T 29 1.3x10° i S50 (B 298 1.1%)
F15.3x10° 1Y) FLOPs (4 HR 2970 1.0%) . SR, &
AR 2 8 B AT T, MGOFE
BERERA T A RSB, 5EER
AL, £ PRW A4 4E I, mAP Al top-1 43l 2
JH T 1.1 #1015 A 40 & 75 CUHK-SY SU 4 4R

I, mAP il top-1 AT 0.7 B 40, W, 5
S PE— A I UE T MGOFE 54 378 & Y F AT
NRAESE O B3
333 Ak

T B MGRO HBUHE 5 78 189 S5 AR 2 4K
i, AR IFER RO 1,2, 3 R O R kAT X
szgs, Blm=1, 2, 3. NWE3IHHTLUEFEH, m
2 Bf, MGOFE UG B i e, 3% 2 WKL B2 450H
2 I, AR AR B 22 A PR R PE R 22 1) BRSO A
BT 22 R U AR BE S I — 2B B I B diE 2 R
P, (AT RE FBONGR AR R ZWE B IR, R
I A5 A B IO ELBE 51 ) AT N RAE

Table 3 Quantitative experiment with the parameter m %

CUHK-SYSU PRW
" mAP top-1 mAP top-1
1 96.2 96.5 58.6 89.7
2 96.5 96.9 59.0 90.0
3 96.4 96.7 58.7 89.8

T LR 2R LA A

B X I 2R BB /N, RSB T B
SCHe, WS 4 R . SEEREIRARW], B R/
35 T, T B I ok T B R & BT S SR
M, iR/ 6 I, X —EA B 22, M
Sh, W TR OR/INVBOR AT T2, 285 58
FEAEVERE RN AT THAE, AR SCEFRAL R KN N 6.
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Table 4 Batch size parameter experiment %

St CUHK-SYSU PRW

mAP top-1 mAP top-1
3 96.3 96.5 58.8 89.7
4 96.4 96.7 58.7 89.9
5 96.5 96.8 58.9 89.8
6 96.5 96.9 59.0 90.0
7 96.5 96.8 58.9 90.1
8 96.6 96.8 59.0 90.0

TE: IRLEC P o i s

£ X Rol-Align Ak R SF, AR SC T T A#HC
SRR . IR S TRl LA Hh, B A R Y
S, R R KRB % [HR R
AR, BER B Tt A RO 2 35 088 T e A7 T A€, TN
AR SCBRINAE Y 14 14 it A6 RO, DLTE 8 20K
JE 5 INAF I FE 2 T A £

£ 5 Rol-Align it {k R~+ S #5316

Table 5 Rol-Align pooling size parameter experiment %

Rol-Align CUHK-SYSU PRW
R f AN mAP top-1 mAP top-1
Tx7 96.3 96.8 58.8 89.8
14x 14 96.5 96.9 59.0 90.0
18x 18 96.6 96.9 59.1 90.0

TE: IRLEC P o i s

HAN, A T HEARSCHIIGRE IR, F# 6 /T
BEARVZE Y Sk 24, 26, 28, 30 Fll 32 NECIK G I A
L SRR, MARIIZE 30 N E gk
S, FEEAT U GRIT AT R AG BE 427

®o NERRSHYIE
Table 6 Training epochs parameter experiment %
e CUHK-SYSU PRW

mAP top-1 mAP top-1
24 96.2 96.5 58.6 89.7
26 96.4 96.7 58.8 89.8
28 96.5 96.8 58.8 90.0
30 96.5 96.9 59.0 90.0
32 96.4 96.7 59.0 89.9

T MR 2R L4 2R

334 ST EE

T B UF MGOFE 42 B 17 A SR AE 7 38 14 A1
I R A5 A2 2 DR B 0k, AR S 06 ik 6
Y AT AT N RIS o> B A 4T AR T I,
AR TET CUHK-SYSU %04 4 (i £ , Occlu-
sion THEMAE 187 MHIEP A HTT A, Resolu-
tion 44 5 290 MK/ HER A WAT A, 4558 W

7 BN, RIS IE T, MGOFE /) mAP 45 1r
BEMEREIRTET 0.9 50, FEAR 0 BRI
JEF , MGOFE 4% T R M aE#E T 0.6 T 4>
Mo XRY, AR 2255 T, MGOFE {2
WU B S A B D1 04T NRAE

R7T FHHRBERTAANEE mAP IEHR3TEE
Table 7 Comparison of mAP metrics between two algori-
thms in special scenarios %
ER7S Occlusion Resolution
SRk 91.3 91.5
MGOFE 92.2 92.1

H T PRW B4 45 5k U5 F Wi 4 A% S B 1
KI5, T AS SCie T SE 50, AR 315 Sk 5 T 1
HEREIEAG B R BRIk R EER
EIL 815 3k 1D 5 & 17 A& 4L ID A —
o BHAR MAT UG 5 Rl G2 Y A A
WA A5 Ak, T B VG O 75 40 EL A B B 3 i 47
NFRIE, & 8 W] LA H, MGOFE A 7E b &
Hh R B SO A I, BE A B AT L O oA R
BT NGRAE, (4347 N RAE A 5 K1 X 7 RE

# 8 PRWHIEEEFEGLZ=NK
Table 8 Cross-camera test on the PRW dataset %

(=R mAP top-1
FEERE 54.8 76.9
MGOFE 55.3 77.5

1 T 3 — 5 55 9F MGOFE &5t () & e, A
SCHEAT T BB A B R R . ELR T T, ARSL
5 >k HI7E PRW i 42 rh il 2R py A A, ) i A
CUHK-SYSU %484 I 098K B2 5 {fi i ¥ CUHK-
SYSU udi e rh Y ZR A L, PPAS FEAE PRW 08l
£ EMRM, AR HH MGOFE H.ik | JE R
%L S OIM BE AT LRAL, 45 RN 9 frn . A
FONLLE M, RE AR ENNE T AR
2 WA FE A BT T B, AR AR AT AR R s 1 P
e, R R Ar e,

*x 9 BHEEMEENIK
Table 9 Performance evaluation in a cross-dataset
scenario %
ok CUHK-SYSU—PRW PRW—CUHK-SYSU
A mAP top-1 mAP top-1
OIM 20.4 422 49.2 54.8
SR 275 76.6 524 57.4
MGOFE 27.7 76.8 52.6 57.7

T PR F R IS
335 KRR ER &
A SCHEAS ) 1] RIASE T X6 3 v 58 15l MGOFE
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AIPEREIEAT 1 LA, Anl&l 3 Fivzs, BEAE 1] P AL
R 8 T, s R B 3k B PR BE Y S BRLR T [
X 2 WA e R A48 2R L N -4k H AR AT N RO e JEE
B, SR, fEAF TR 2, MGOFE SIATE A [H]
Pl FEHLAR T, H mAP 1 top-1 5 b i M BE L T
FER . XKW MGOFE RERS# B & 37 B
R AT ANTRAE, DA 1 X AN [ RS fy P 4 s
TREFF R RE AR R RE

100

—— mAPEERE)

98 —e— top-1(3EHER 1)
.. - mAP(MGOFE)
PR - top-1(MGOFE)

TERE/%

88
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L) NANE S
3 EEEEF MGOFE 77 [ B B AR T #9 HE BE X tb
Fig.3 Performance comparison of baseline algorithm and
MGOFE under different gallery sizes

34 TEEESH

T B AR 22k R R IE X SRR (MGFA)
(A7 3501, AS S B (d ] t-SNE ] # A4k 5 16 37 5 1K
R AIE A 30 14 37 S5 TR R AE AR X5 55 i S 1 90 A 22 5
RN 4 iR . Horp, B 5 R R AR B Ay
fiE, 78 €0 05 R I P4 UL R AIE o 1] 4(a) s R X
F5 1 T 4y PG AR I RT3 24 LR RR AR 1 43 A A%
RO fHLf7, BEAEE BIPIA A AEAE B 25 5% . 1] 4(b)
FETR N 55 5 T RS R 0 4 PR 43 AE 40 A7 1
i, RENE A 2 P AR AE 7E 0 A L B AEAE D 25
t-SNE 1] AL X} b B W 2 7R T MGFA BE WS 3L
X 55 1Y R AR AR AR UG R AR T, A1 B T2k
JEE Rl R I 1 5 A R 3 A R D 2 4 AR LR
fIE 1 58 5 4y BHR 94T N RAE
80 RHFE EPHAFIE 100 0 JRAAKHIE P
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Fig. 4 t-SNE visualization of original and occluded fea-
tures on the PRW dataset
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Fig. 5 Visualization of feature maps
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