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Abstract  Pedestrian Re-IDentification (Person Re-1D) aims to search for the same pedestrian
across multiple different camera views. Due to its importance in various practical applications
such as video surveillance and content-based image retrieval, it has garnered extensive attention in
recent years. However, the task still faces numerous challenges, including significant variations
in pedestrian poses, lighting, and backgrounds in different camera views. Additionally, the
similar appearance of clothing among different pedestrians and inaccurate pedestrian detection
bounding boxes further complicate its practical application. Personal belongings information
(e. g. » backpacks, handbags) is often overlooked by semantic models because these items are not
person body parts, but personal belongings information provide crucial contextual information for
re-identification. On the other hand, attribute descriptions, such as gender, type of upper body
clothes, color of upper body clothes, are also discriminative information in person re-identification
and can effectively enhance Person Re-ID task performance. Addressing the issues that current
semantic methods cannot effectively extract potential personal belongings information and clustering

methods are too coarse, failing to fully utilize the attribute information of local semantic features,
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this paper proposed a pedestrian re-identification algorithm based on fine-grained local semantics and
attribute learning. This algorithm extracts information about personal belongings and obtains attribute
descriptions from semantic regions. The proposed method involves several key modules. Firstly,
the Fine-grained Local Semantics (FLS) Module integrates the personal belonging regions generated
by the feature clustering method into the semantic parsing results generated by an additional
semantic model, addressing the problem of many additional semantic parsing models missing
personal belongings information and resulting in smooth and more comprehensive semantic
regions. Secondly, Attribute Learning Module (ALM) uses the generated semantic regions as
body labels, allowing the network to construct semantic feature mappings of these regions from
global features, and then predicts the associated attribute information from the semantic features
to capture detailed and contextually relevant information about the pedestrian. ILastly, considering
the strong correlations between certain pedestrian attributes, such as female and long hair,
Attribute Weighted Module (AWM) is constructed to improve the confidence scores of certain
attributes and optimize the prediction accuracy of attributes. Then the model combines the attribute
prediction results with the global features of the pedestrian to form robust feature representations.
In addition, the high confidence attribute information is used to filter out the irrelevant pedestrian
images from the image gallery to be retrieved to improve the speed of similarity sorting. To evaluate
the performance of the proposed model, experiments were conducted on two public datasets widely
used for pedestrian re-identification tasks (Market-1501 and DukeMTMC-relD) and their attribute
datasets Experiments on the Market-1501 and DukeMTMC-relD attribute datasets show that the
proposed algorithm achieves 3. 6% and 6. 4% mAP index gains, and 1. 1% and 5. 3% mAP index
gains compared with the baseline network respectively, indicating that the proposed model can
improve the performance of person re-identification task. Visual analyses of person attribute
prediction results and person similarity ranking were also performed to verify the effectiveness of
the proposed model in accurately predicting pedestrian attributes and utilizing them to improve
matching accuracy and efficiency.

Keywords semantic analysis; attribute prediction; correlation; person re-identification
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TR B PE 0 A2 R FEAE Fasopar - MM Bo T B 2R
P 2 F9 X 7+ AR SR A P AR AL 22 1) A AR 5 B
2 o i A 960 1 8 R o DN K TR R AR B R TR
TR SCRP AR A R [ 3 D 22 A Y o 7 R 2
JRy PR SCDK SRS AT Lo i LA R e BCRT UL A JR 9 1 S
FRAEBEAT RE B T HAAL

PR AR AL B 23 S P R i« [ SE A 7 B R AR
BB (42 R RRAE I SRR AE I 8 M 19 42 R RRAED
AR 1] AR 1) Jey v i SO ik 1

PLDCe s o) SR FORFHAE Z 0] A R 52 B8 . 2 )
REAE ISR A A 5 R P B9 42 )R R AR ) B RS
5k

dgtont =D Fipar s Fiiona) s
dﬁ)regmuml =D(F ,7?)regr«mnd »F ;”‘t’grumnl ),
d yiosararr =D CF goatar s Flstovatrannr ) (13)

EBR g B g g3 AR A A i) PR R A O R
1.

SRIG - R 1 ARAT A] L e R SCRFAL . AT DUAR 38
R AL S R SRS BRI P (e ) AT
FIWr. argmax P07 (e y) A% AT BTN I 1Y T8 L
PRAS R IT A R B A S5 T ks RS & AR R
TSR R AAFAE L, =0. BN 1, =1.

T B ER g MFr A ER ¢ BIER & AR ERITE
SURFUESAFAE ) £+ f =1 B O S 4 - 10 = 0.
A de = D(F pie s Flpupen) RARE I Z 18] B W12 T
JE B 8 1 JR TR SCRFAE BP9 AR DL 2

K—1
DAL A (g pregroina + dgtonatan)
d= k=1

DIl +3
o (14)
BEAL o A SCAR 5 Jag 350 0 7 2 A Al o D e —
Su 5 i) N 2 A TR 0 B AR, DT i R
A R FESEAT IR B 10RO R A A B e
A by 25 1) 0 BT TR 0 AT T ok L AR S N R 5 T
e T AN R R B A0 2 BT R AR SCAR i © 3R SR
TR AR A BRERE N 0. 7, BT
B B . 12 M R AT T M. SR S L R A A i R RN
P T2 L5 i T 5 i 2 %) T L. 5 A ) D) 2 45 )
S W BE BT AN [ JUDHE 322 P 1 A A 1 P A RS
Wi, 3 13 9 7 3 RE 05 A 2504 T AR (0L BE HE P 0 A
St N INTOE TN
3.5 HEKREH
AR SO AR R AR A AR I 35 S REAE 3 43 4 4
A8 T WSS, 3 o) 2 - A RE AR 4 2R TR SR
B 45 2% 1 e 00 43 2k
Xt F LA A FFAE AR % AR Bo T 328 I 45 1)
BNNeck 5 Hxf & A 47 iE 17 )5 2 ab 3, R A1
PR A EHE T3 T AR R ID 2R L =0T
LR LB AT LR
Lusvese =L+ Lo +8L ¢ (15)
A B AR ER Hh A R 6 T R 2 Y BT R AL
. 76 BoT HZE M % .8 B B H 0. 0005.
HTAXEEAE T 4 K510, B 2 )5 R AE
F o0~ BT 52 FEAE F fregroina ~ 73 B8 5 LHEAE F s =
{Fpuir s F i s o F o ) FNBE A T8 1 19 42 J) 7 AIE
F yiopatanr - T VABE SRR IR AR B 2 5K C15) S it 492 2
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W4 AR AL TE 2 0 MR TR A Lyt + L joreroina »
Lopard BV L ppopatiaunr - FEH s L AR I R0 1 SCRFAE
A SR HL A B A R R TR SCREE 3 IR
XML .

3O R T AR A A AR R SRR Hh (1 ]
A R HER I AT A OS2 1 A B 1) 52 S it
RIATLR. X T FLS #EE R IE P (2, )
1 AR RPN AT IR IF . AR (s y) ALY 1 XK ]
RN N(Posprapossssspiseeespio) s Hoip pi 3R
AL S B TE 28] § R SRS £ AR (. )
SRR A B SRR AR . Y =k
HE B g 1, &N 0, AR A8 K A5 (s ) 4 191G
PESE T E ]

K—1

Lypuring (2o 3)= > —q;log(p)

i=0

B T A 18 F SR B 8 SEAT AR, SRR AR X
T4 2%
Lpursing = D)L parsing (2230 + (243) € (k) (17)

TE T Ja8 P A% B BT AR e A S M 1Y S8 R 4%
Ha=(a, sas =+ sa,) . B IAN B F o, 2
it Softmax BREGE G M0 54 (pos prseers pei) s
cRZIBHERENE Y FET a0 EEH ¢ H 1. &
WA 0L B85 § A8 Xt Ry J0I0 1) 58 SO 4 2%

c—1

Low, =2 —qlog(p)

IRIE K e A 1) S8 SRR R E AT AR N 45
EDER SRR AP

c—1
Luur - E :Luur.J

j=0

B BA B AT N ID bR%E 515 rY BE Al RR A 45 2%
(42 Ry FRAE BTSSR AR L A0 2 BE B 0 1 JR 7 o SCE
TE IS 8 17 8 B 2 R R AR LA R il bR 2 51
TS U IR 5 R AR S 51 T 0 JE P T i
2 AE R 4 1 SR R L = (200

L=L 00 7L foregrowna T L pare T Lgtopat aur 1

al yuring Tl (20)
Horp o AR TE A2 R 402Kk 5 TR 1 15000 458 2K 19 AL
B, SEER I 0. 01, AR B8, A% SC 0 2% 3 3ok 38 5 1 L
DX B0 1) 5 3 P R B v ) 8% 000 ) M R e ok SRR
7oA Y B B ) i DX SR R A A SO R 1 1 SR
BTt S T8 B T 5 HER 14T N 3R 7. (R B Bl B 4 i [X
Sl ) 180 Ay P 8 6 AT N B e M %) T A 1O
AR AE A L PR BT A SORS 20 A J) 788 1 SCASE e AH Xof
T38 8 SR BT RS A OB 55 A il ik B AN 8

(16)

’aj 7...

(18)

(19)

P B T 3 B HEAT AL AR 25 2R 5800 % 8 T R
JE A Z TR AR S B2 T AT A SC i A A Y
R 8 SR R Y 4 JR e A 500 1E 20 e kA T AT
N TR 55 1 0 2 ) HE R 1

4 WHRTH

AT E SN AT AR SO TR S g G
FEBCHE B IR0 DA 4 b R S 6 S Al T SRS
X4 3 SR H R AT I Rl S S A S R
A RNE. 2D 4 AR SO R R S A AT N
TN AT HEREXT L. B 5 R T AR SRR AR G
AT IR A 25 3 IR AT 20 A
4.1 ZHESE

Ry TR BT B T ik A R0 R ke AR SR
1F Lin 25 A" 32 ) Market-1501 1 DukeM TMC-
relD J& PEECHE 4R FIuEPERE. 3R 3 oR T & EE AR
ONEE YN

X3 ZRAERABUHUREENIFARGER

Ja T AR ID AN BEMREEC PSR MR
Market-1501 1501 32668 6 27
DukeMTMC-relD 1404 36441 8 23

7 Re-1D # WA H0% Bk Ml Rank-1 1
ZUFH UL g 45 /E CMC (Cumulative Matching Charac-
teristic) FI3F35 Y 2 mAP (mean Average Precision)
VAL PERE . X T 1 SORR 5 1 T BE L 4 X
18,32 3 It IoU (Intersection over Union) " 3 fif & .
TEVFAR 1 09 F5000 1 BE I LK Market-1501 £ 47 46
AP AR I 34 b HEBR. X T A 28 1 s
[ 0 2OKS B, 8 FH W 7 % (Precision) SRk i 5. 2R )5
N0 T A i e T ) T 49 o R O AR I S 2
T 8.

AR SCHEIEFHE T IFIRHESE PyTorch 1. 2. 0 hitA R
S 5 A g, 3l ] NVIDIA-Tesla-v100 1E 5 W
AN GRREAF RS, M8 I 2R 2805 BoT JEZ4 M
2R — B TE RS AL By I R A R R
PHRER 3 X256 X 128, 2 Jm AL & F o 1 K/ J2: il
AK/NI 1/4, 8B HCk 256, SR )5 . R TR K
0. 5 P Bl AL R 3 1 Bl AL 45 B 722 5 ok 0 A7 B4 4 5.
F T RIZ8 Al ] ResNet50 25 14 75 B A~ 9 45 w4 Bk
fiE s I I 7E TmageNet b Il 25 i) #8658 34 47 2 4L
WG A % 2] % R F Warmup B2 > (19 7 0 E 17
eI G, N 3.5 X107 F] 3.5 X 10 #iAT 1 10 A
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Epoch B FTEL. 7255 40 DAIZE 70 4> Epoch, 2 ] 3
FEAS T 0. 1. BERIAEYIZR T 120 4> Epoch Z J5 ik
2 T WS M%) 45 1 Batch-size % B R 64, 3-8 A
Adam J5 5 Xt BB E 17 45 K O k. T IR A
Batch-size % B 8 128, LA E 155 0 .
4.2 HELEI

AT N RDE TR 404k TR iR AL FLS R
PR I ALM FLJm MRS B AWM X 9 25 74
REAYSZ MR, BE T BoT KL 2k W 4% , 32 i 15 Jin 25 > 1 2
Y25 S0 45 R gk 4 BT,

R4 BIMEBRERIBER A0
Market-1501 DukeMTMC-relD

Baseline FLS ALM AWM

mAP  Rank-1 mAP  Rank-1
Vv 85.9 94.5 76. 4 86. 4
Vv Vv 88.2 95.2 80.9 90. 6
Vv v Vv 89. 2 95.5 82.3 91.5
Vv Vv Vv Vv 89.5 95. 6 82.8 91.7
4.2.1 AFHALRFRTE CBLH FLS (3% +%

i FFVRS 40 Ak R 8 0 SRS H FLS fill 5 3R 2418
FIVE A1 8 SRS A 1) 1 S AT 45 R B A 3 RS 4
MR R R AT NS RER. 8T —
A TR A 0 T R T LR SRS R T LR
3 m FLS BEg 5 76 1 48046 4 1A [ Baseline
() mAP/Rank -1 1845 3 A4 & T 2.3%/0. 7%

4.5% /4. 2% X B 3E T FLS By &b, B8k 3%
FLS B . W 45 4 & 1 3B X 70 B 19 ) 90 4R Ak
MR 42 JR R AR AT T 40 58 38 58 T 47 N B9 R AE %
K. TR FLS B85 3 il 15 8 S0 8 ORI 2615
SCHYA RN 32 5 R 1 SO T 18 SO DL Y
45

K5 FLSHEREENMEVHBEMIBER CGAN. 0D
Market-1501 DukeMTMC-relD

L mAP Rank-1 mAP Rank-1
Baseline 85.9 94.5 76.4 86. 4
+EIBIE X 86. 8 94. 6 78.3 88. 4
+SCHP i X 87.6 95.0 79.4 89.7
+FLS 88.2 95.2 80.9 90. 6

B 5 45 AT DL B, 76 )5 46 1 Baseline [ 2%
B IE SAF B R R IEE AR TR AR 4
K A AT 2R 26 1 Sy 850 R B N B s i
SCHP i LI PEREL T R 205K 3 (1] FLS Bty
B A8 SCH BRI B8 SR A R A AR LT
DukeMTMC-relD ##E 42 | fif FH FLS #5714 $: g
PETEE 2. X PR O B 4R AT T A 1 B A
% ,SCHP ifi SUBHT 45 R R Z A4 5% 45 1 e DA
fil A a0 AR B — R T TR PERE. B S
WoR T FLS S8 Ab G 18 A 45 R 5 R 2KE
S .SCHP fi# 45 2R Y X L.

B 5 FLS KB 5B T SO BT 45 581 0 4 L

MNIEL S Af LU 2447 A5 T A 1 It B 9
B FLS B8 80U 2 B i 1. FLS BEHuAE X+ ISP

RARIE X7k B4 T SCHP BAME AR T Az B HY)
TE S DX ORI LA BE i DX
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HARAT AR (5 B 5 n 421 . 24 SCHP R X} 17
N F T 4 T B, FLS B e 7T DL AE 75 5% 25 Bl
b 7 SN TR SO A Y B B ) DX DT 5
TAT N8 AR BCR. L 45 RAE R T A SCRT R
FLS #HeAH b 5 25 18 SCRAR S SCI 3.
4.2.2  JEPEF B ALM k5

2 T8 FRE 4040 15 SCRRETE A R T 04T A
JRVESE B A SCHR W TR 2 o R A AT N
ZAN @M. AR SCGE 3 R B T8 SRR AE SR BN AT A
JEE B ALM BEER] DL FLS #EHeE pl i) 4%
AT SCDK I T A G A Ja ol TR R o
TS R R I 45 1 S 8. AR 4 I LG A5
ATLAE H S Hm ALM B8RS . mAP/Rank -1 ¥ RETE
P BE AR L Z w4 1 1. 020/0. 320 A 1. 4%/
0. 9%, 3X B iE 1 3 Jin J M A5 B X R0 45 v g G 4R
ThAEASTE B A2 . JRm LR B T M 48 /) PERESY 25 A
U4 SRy A FDE SCERAE L A iE SRR Ry 2.3%/0. 7%
4. 5% /4. 2%. 3k FEIEF N I8 T F A B Xt
T4 Jry AR B — b b 7T 4% T LA AR T (5 B
R A R RRAE . (R L B A B T A0 A e
FAT N o [ B Jo 32 ) 26 1 R 4L HE 7 3 e %k 1 42 7
P BB S A5 S 11 /)N 8 B i 5 A .

R T B UEAR SCAE A B Y ALM B B i 2o 1 X
A T S 1 P A B AR T R AT T i A SR AR T
0 g P T L S 6. LA ke U T S 5 1 R A R
SE4AOR H T BT M4 4 B 4 R RRAE. 28 )5 X

SRR RS e R AT, il 1D 73 28R
PEAT 28 I G5, AE R I A 55 7 38 SCRRIE A9 1 BT - 15
B R PR B T M2 PERE A S THSCR Ik 6 R,

K6 £RFES ALM EREEMEELER

CHAL: 20D
5 25 Market-1501 DukeMTMC-relD
mAP Rank-1 mAP Rank-1
Baseline 88.2 95.2 80.9 90. 6
+ 4 JR R AE 88. 8 95.3 81.7 90. 9
+ALM 89.2 95.5 82.3 91.5

M 6 25 AT LAAR B 4598, 4 T 42 R R AE R 1
N Jeg P2 AT DL — o B B LR R S MR Y L (HAS
L0 Jmy P R AR SR J 1 OR B R T 2. 5B AT S
S TP A Ry AR TN Y T A B A b i Y AR
fili Baseline [ 2% , R H {0 FT 4 Jay 457 AiE 1) 35 458 1iE 48
ID 4325 .mAP/Rank-1 PERE/ MR T 0.6%/0.1%
F0.8%/0. 3%, XL PEREHR T A 4 ALM B Heay ok
9 1.0%/0. 3% 1. 4%/0. 9 Yo PERESE 35 2. A 7E
TaRRFETEE TRZ5EABELTXWELR,
XEAE B ST RM A R 7T R TR
KT B PETUI 0 vERR k. B2 XA R R TR T
Jry P B SCAF B HEAT T8 R T L BR AT R b4 JRy R AE
BT R R RE A Tt

BT H R 4 0 R PEFR 2 . 7E Market-1501 %04
R EVARSCGE R T 4 R AR AR S T ALM
B 12 A Ja Pk ) 0000 i 58 L B =3 Z B i AR Ak
w1k 7 R,

&= 7 Market-1501 H{EEEF ALM F1 AWM i 12 DB HRI T AR (BT . %0)

D PR R J;?x: %ﬁlf T%Hﬁ%& T%H&ﬁé ERH RAA Hex® %E BRIk ?Lﬂj
K KA K KA T TR 1) £ R+ i, i, T

SRRRIE 90.7  87.5  83.6  93.4 93.2 92.2 87.0 89. 3 76.7 95.7 73.1 73.7 86. 3
fim ALM  92.4 88.4 86.2  95.7 95. 2 94. 4 91.3 93.0 81. 4 97. 2 84.5 81.9 90. 1
A fh i 1 1.7 0.9 2.6 2.3 2.0 2.2 4.3 3.7 4.7 1.5 11.4 8.2 3.8
m AWM 94.2  89.1 87.5  96.4 95.7 95. 4 92.2 94.5 82.6 98.9 85. 6 82.5 91.2
ARk i 2 1.8 0.7 1.3 0.7 0.5 1.0 0.9 1.5 1.2 1.7 1.1 0.6 1.1

AL B 3G ALM A B S s e S 2
BB R T 3. 800 K UEH] T ALM B X} T 42 )
a1 T O A A A A L 55 Ah B JE v R R
PR LA M G R BT SO AR Ok B e 1
BHERT SR A B A KR Pk Y B o 6 5 1)
TR _EE B IR B AT 15 B A At 0 il
T LA R TR M S O 30 A0 1] %R X AT A DL S Y B A
B BT ROR BEAT B AIE. 52560 2 W L A8 B AT N A 17
LU L I R A NVDIA TITAN Xp & K £ if]
191 s, 75 s i 45 5K & 5 B9 3l L5 22 0. 27 s.

4.2.3  JE M AURL B 1 1k B

AR SCE AR R M 0 AR Bk 3E 43 A JE
Z VB R 6 P G g R 2 T M 1 v A DG M Ok 42
B YE A SR WO EE 8 R 4 SR 2
A LATR N5 B AWM B8 78 9 A B0 4
) mAP/Rank-1 $8 b5 P RESR TFA 0. 3%6/0. 1%
F0.5% /0. 2% X F Bt W £ 1 31 00 M e A a#E —
AR IR E T AWM BB 1 A R bk, X 5 Y
MR — 30, A T B MRS B R 1 1..026/0.3%
M 14%/0. 9% 52T AWM B 1 B 1 25 2
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AU . 38 3ok 32— SR DG e 0 s P Y A A
BB O A0 12 3 2 1) 00000 o 0 38 L DT 48 T 9 4% 11 K
g,

TR A EE A AWM BB JE M
U A At 2 S E AR R AR 2 PS4

MZE 7 ALK I, B AWM S, [T AR
A5 1. 100 0 - 349 o 4 25 11 M RE 1 A% IR Bkt
SISk R K TR 2R R A e R S
I 2 2 €5 1 1 e 4 PH AR e o S 5 5 R I E T 3 i A
O il 3 T N oA R A AR

HaE AR XS S5, B E T ALM Fl AWM i)
ot 2 P RE 2 T, SEBR B AWM BEHGR 3 T R
L 1) il B VR D 8 o J 1k =2 TR A AR e A B R T
o P TR £ A AT AT R AL T TR AN L TR

AR EYSET U
4.3 HzsmE%k3tk

J T IRIASCRE RS O A TR X, A
T REHCT 3 T IE AFAE R GPS R ISPY Rk LU
oA F & M4 8 1 AANetd ™ Fi AABPY B3k, ik
R K A2 PR RE e k) AOPS™ | MHSA-Net™ |
BPBReID™ /41, R 536 1 32 F I 45 K643 A
ResNet-50, 52 55§45 B B SCHR g PERE 45 2R A S
RS R PEREXS sk 8 PR,

iR BR A SCRIRTEI AN B A IS T
AL P BE. AH LT BoT L4k 4 vk, A S ik
W mAP/Rank-1 $8Fr18 350 3.6 % /1. 1% F1 6. 4%/
5.3%. XF T FHE SCRRAE Y 33k GPS A ISP, AL

x8 AXEXSRHMEZERMEMER (P00

. Market-1501 DukeMTMC-relD

Sk mAP Rank-1 mAP Rank-1
AANet!?! (CVPR 19) 83.4 93.3 74.3 87.7
ISPLBI(ECCV 20) 88.6 95.3 80. 0 89. 6
AABZI(TIP 20) 88.6 96. 1 80. 4 89. 9
GPSHI(CVPR 21) 87.8 95. 2 78.7 88.2
TransReIDI1(ICCV 21)  88.9 95. 2 82. 2 90. 6
AOPSI#1(TCSVT 22) 85.3 94. 6 76.3 87.5
AGWE (TPAMI 22) 87.8 95.1 79.6 89. 0
MHSA-Net™26J (TNNLS 23)  88. 8 95. 2 82.3 90. 5
BPBReIDM?71(WACV 23)  87.0 95. 1 78.3 89. 6
BoTMI (CVPR 19) 85.9 94.5 76. 4 86. 4
AXHEE 89.5 95. 6 82.8 91.7

FIEI mAP/Rank-1 $84r Z /0425 17 0.9%/0.3%
H2.8%/2. 1% J5 P AE F A% SCHE 3 68 A BORS 40 1
T SCDRA AN AR SC DK i B RO R A TR B
TP NBEMBE S Y a5 BB E R 5 & 717
ANFR. S FHEA TR AR B i AAB #fil AANet 55
P AR SCRTE YA T E AR R RE. R ERFE T A
SCE TR JE A L A R AN O SRR AE f
(4 o T 2 AORSA 0, 55 Ie 75 8 1) 4 JR) R A1F R ) 30
fIE. R0 5 v BE S 25 B = JE 1 T A R R IS .
ARSCRE DA T AR T 8 M 2 18] 19 56 2200 S B 1 o
a1 U P o A P L (AR M BE AR £E RO B L AL
B O A AE SCRFAE 7 ik R0 g M 5 3k b Uk
REHA —E e ).

XA SCH I JE R T R AR SCREIL T
AANet Fl ARNUY 33 i 45 51 5 r #2940 1k 00 47 L
5, Market-1501 BB EE R UK 9 k.

%9 Market-1501 $#R 4 12 MR MTAEHE CLfir s 20)
e mem mw SE O OMT TR FHRE Rs R® 0w RAE L& FH | Ry
Yok KE KW B AR AFRE ENE WIRT  RERE IR |
APRM® 88.9 88.6 84.4 93.6 93.7 92.8 84.9 90. 4 76. 4 97.1 74.0 73.8 86.6
AANetl?3) 92,3 88.2 86.6 94.5 94. 2 94. 8 87.8 90. 0 79.7 98.0 77.1 70. 8 87.8
ARN 28] 91.5 87.7 89.1 93.8 94.7 93.6 90. 2 90.5 81.9 97.5 76. 4 68. 6 88.0
AXHEE 942 89.1 87.5 96.4 95.7 95.4 92.2 94.5 82.6 98.9 85.6 82.5 91.2
M9 B AT AT RIS 1E A SRk 1Y R 1 B i Bascline

MPERE SRS T 5. 8 M 09 V- 34 i % A0 e AANet
FARN B3 E T 3. 4% F1 3. 2%. AANet Fl
ARN B3 YRR o 40 5 8 507 L PEREAS Ak 3¢
K A A AR 2R s SCRRE P AR SCRL Sl T
B 1) s P T AR
4.4 ZTHRYRET

TE I3 B B o AR SCOKE 45 10 R AE PR A7 BB B i H 5
SR 5 AR A T R A DL HE T 45 1. B 6 JBOR T
A SCRE AN BoT HE4 5 1k i AR 0L EE HE 7 45 R A

) Wy (e EL5Y

Bl 6 ARSI R S SR 0 A DL T 45 R X
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Background
In recent years, many advanced image analysis technologies the field.

have been introduced into video surveillance systems, including
facial recognition, license plate recognition, pedestrian detection,
and action recognition. However, facial recognition technology
fails when the distance is too great or when faces are obscured.
To address these shortcomings, person re-identification (Re-1D)
technology has emerged. Person re-identification involves
recognizing specific individuals across multiple non-overlapping
camera views. With the gradual deepening of research, the
performance of person re-identification methods has improved
annually. Essentially, person re-identification involves designing
a robust feature representation and determining whether
individuals are the same by calculating the similarity between
the feature vectors of images.

Different camera positions result in varying appearances
of individuals in different camera views, complicating the
identification process. Additionally, factors affecting person
re-identification performance include low resolution, lighting
variations, unconstrained pose changes, occlusion, complex
camera environments, background clutter, unreliable detection
boxes, similar appearances, and changes in attire. These
challenges hinder the generalization performance of many
re-identification methods in actual scenes, though average
accuracy rates on certain datasets reach around 80%. This
study primarily focuses on improving the performance of
person re-identification methods in various complex environ-

ments, which holds significant potential for advancement in

Personal belongings information and attribute description
are effective ways to improve the performance of person
re-identification tasks. A person re-identification network
based on fine-grained local semantics and attribute learning is
proposed to extract the information of personal belongings
and, at the same time, obtain attribute descriptions of the
person from the semantic region. First, the belongings area
generated by the feature clustering method is fused into the
semantic analysis results generated by an additional semantic
model. Second, using the generated semantic regions as body
labels, the network constructs semantic feature maps of these
regions from global features, and then predicts attribute infor-
mation related to them from the semantic features. Finally,
considering that some attributes of a person contain strong
correlations, a reweighting model is constructed to improve
the confidence of some attributes and optimize the prediction
accuracy of attributes. Concatenating the attribute prediction
results and the global features of a person forms a robust
feature representation. Experiments on the Market-1501 and
DukeMTMC-relD attribute datasets show that the proposed
algorithm can improve the performance of person re-identification
tasks.
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