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Feature-enhanced based pedestrian re-identification algorithm

Ji Xiaofei Sun Yingchao Song Jinghao
(School of Automation,Shenyang Aerospace University,Shenyang 110136, China)

Abstract: Existing pedestrian re-identification algorithms heavily rely on convolutional neural networks as the
backbone, which often leads to an overemphasis on regions with prominent features while neglecting broader
foreground features. This results in insufficiently rich global feature representations and inadequate attention to subtle
discriminative features. To address these issues, we propose a feature-enhanced pedestrian RelD algorithm. The global
branch utilizes position encoding and a multi-layer, multi-head attention structure to better leverage spatial context
information, enhance the understanding of relative spatial positions, and effectively capture spatial structural
information. thereby improving feature representation and global feature extraction capability. The local branch
optimizes spatial attention using feature matrices associated with spatial vectors, enabling the capture of more compact
general appearance features. Furthermore, by modeling the relationships between different channels, it strengthens
feature expression in the channel dimension, highlighting distinctive features and improving the attention to
discriminative characteristics. Finally, the model is trained using softmax loss. triplet loss. and center loss on the
Market-1501 and DukeMTMC-RelD datasets. Experimental results demonstrate the effectiveness and superior
performance of the proposed algorithm.
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Fig. 1 Overall architecture diagram of the network model
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Table 1 OSNet network architecture

stage output OSNet
128 X 64,64 7 X7 conv,stride=2
Convl )
64 X32,64 3 X3 max pool,stride=2
Conv2 64X32,256 Bottleneck X 2
o 64 X32,256 1X1 conv
transition
32X16,256  2X2 average pool,stride=2
Conv3 32X16,384 Bottleneck X 2
o 32X16,384 1X1 conv
Transition )
16 X8,384 2 X2 average pool,stride=2
Conv4 16 X8,512 Bottleneck X 2
Convb 16 X8,512 1X1 conv
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Fig. 3 Enhanced generalized feature spatial attention

HY

W i o o i N A S UL R 1 BB A AR A 1] 26 A i
R A 38 T R 3 R R B 4 4 T 3 G Y R
T R g o LY AR AR R B T AN (R O 1) B A D Y 4
FROEIE 5 JFURFIE PR 2% CAM v, 27 o BTy g 35 10 5 1
1 i H A 8 A S {5 B B S A L 5 O 8 A R AE
R A S A i A R A ) R )RR R A T 4
iR

d

l

P CAM
—— +Convv— x3 " EEA "T il

PRl 4 195 SRR 08 E O A

Fig. 4 Enhanced salient feature channel attention

T SEAGAT KR AR 0 TR A R AE A5 B K LR AR
538 8 &R 43, M43 3 2 A4 JR B 43 3 1Y 1] i R G R
He AR .

g:[gl7g2v ’vg:{]T (3)

5 PCB™ B4 A [A] , 43 32 AR 1 B 322 17 42 31 6 — 350
S F A id O e, How AR .

] i exp((W, ) 7g}, +b,)
~ 2. log :
N, < D3 exp(W),) g, +b))

LY = — 4

« 201 -



948 & 2 F o

T # K

Hr, W W W, o B AT M W (g B4y
FOME v Iy, 5. TR g & T ARG
52 B G A B id TOMR 2 T LSR8l g ) B R Y
FIHER .

I SCRFAE 55 5 3 R A0F I A 2 B0 JR 8 43 S HL AR st
i 3 = v D25 B e ol G - R NI < B B e o) P2 20 =0
PRI, T AR BUR ST 16 X8 X 512 AL WS BRAE . Bl 5 384
SR 4 JR) 45 F I 23 ) R ) R, R B B a3 (R 4 B AE
174, AR 128 X 512 BYRAAE &, X T 512 4~ 38 18 , 8% H
FE R 128 AT AL o 128 X 128 A RAFIEE ., 8
1 23 A B 7 2 20 R AT Y 23 A AH G M B T AR e
FEAE B R 15 B 5 A ZE B AR R A9 0 B 4 R DG I Y
FRAEIE . P H i A Z XA W B A Y 1 T T, A
FH 1K1 35 Bkt T8 4k B $E AT F 46 O 5 0 FL AR AE I 5l 5t
T T8 R R T NS A 20 O 1K M T a8 0% 3 A L S o T eR A
Ji B A S AR o, I e S 3 A 4 JR) O TR PR A R AE 1L A5
B FEE MRS B R B WREAE . BEJE 8RR AR &3 R 55
N8 ARSE R 22X 8 X 512 B T4 AF & L 3l i 4 Ja o 2 3tb
L AE DU 32 38 £ 3 M 405 15 B, IR0 X 28 7 KR AF & %
PRl A BTG R — A 4 096 4 0y FRAF 17 &, 118 H i 4R
2.4 WK EHIZIT

BTk B 4R TR 4 32 9 R AIE 7] 2 B AR VE A IR
T S 2 I L R T g 1 4 SRR 1) G A AR R 43
FAERE AR SCR A softmax H2 VB = 45 2k L Kb 2%
YRR AT 205 H AT R R B A LR I 2 B RN A L 4R
R = eI R AT .

Ly = 2200 + Ilx? —x@ 01, — lx@ —

i=1 a=1

7 e )
Horr, x0T A B A AR AR AT 1) &L 2R EREA
TR FRAE ) 5 x 0 AUFR A SUREAS 3 3R A0 FRAE 1 o 5 TR
A, x ) ARFE SREAR 8 T W — B 1Y 5 AR R 1 RRAE 1)
i o HNGESEGL » ] o4 Hinge Loss BREL, R
MRS NN AR R, BB R BT

1 & )
Lo = = i T Cy
2N2f ¢ (6)

Hofr, N ODUIgRHEAR B B s £ FOoREH | DHEARE R
e g s o, ARy, BB M RHUR Y =& 2
Ao HAMEIEAN .

mez = L.\—,d + 71L/ipm + 7<Lmuw VP
H, vy, oy, ARERF,

3 SNIRHER

3.1 #HiE&E

AT UE BT R A R R L AR SR B RelD 28 FF #0854
Market-1501" . DukeMTMC" 3£ 47 52 5 53 4iF

« 202 -

1) Market-1501 #(¥i 45 . Market-1501 B8 42 217 A
YU S SRR A B R E T 6
MSE AR SRS AR 1 501 247 AR, Bt 32 668 T,
BRI BP0 R 53 3 A EEI A IR & A K&
A, YIZREILER T 751 £47 A8 12 936 WiAMR, 5 1E
SRR 2 ST b e MK AR S T 750 A AT AR
19 732 WG, FH LU 360 85 80 3z fb 58 J1 s i 4R B 750
ZAT AN 3 368 WTEMGAL b, T TR L PR i 37 ¢, £
FHT VP4l U B R TEAG RAE S5 PR BL. Market-1501

AR 5 PR .
[

£
Y

¥

l '
™
([

Market-1501 ¥ 45 £ & 1%

Fig. 5 Market-1501 dataset images

& 5

2) DukeMTMC $#5 %, DukeMTMC ¥ 9% £ & — 4
KIAE L HAr 2 8RSk 047 N R0 8 48 . i 5o die
B8 MRS EGAEARARMBAE T RE . BHFTERAAR
AL A AT N B S dls, 35 T 1 812 A2k 52 AW,
DukeMTMC $45 42 09 BB+ 43 T8 K, S 45 36 411 7K 1A
5. B RRR IR IR BT b 49 120 i I — ok, B R T
BAER 2R S . HI g 702 S 16 522
B A AR 2 228 KR A . BUEERM TR
HFAERREE , R R &7 AR EE R i 2R T
LR AT NERGIME SR EE T F | M RRAE . Fr R
meE 6 fras .

3) MSMTI17 ¥ ¥4, MSMT17 J2 i i) 47 A 55 1
TR 5T 4 RS 26 1 540 4 pR W VL K 22 T BA T 2018 4FE 44
R, BHIEAE T Y R Z RS RERS AL
AR X E 15 MR A (E 12 A RS
SAENA DL FE 4 TR B (B R VB VF R
BORZM RN T REMBNEL 15 R,
AHE G 4 Market-1501 F Duke M TMC , 1% %4 415 4 76 M A
52 el W T, NG EAE 1 o4l MTA
B0y 32 621 A G, MR WAL 3 060 A By 1
93 820 BKIEIME , it ik 126 441 AR HEREA, B HF
B BAE 2~3 N ISLERARSL LA R, 1 S0 0k T 5 A
VERE A A b, MSMT17 B S5 3023 L n & 7 T s .



ERR F A THERBROTATRINE X 5 22 1]
>AP,
mAP = — C (8)

B 6 DukeMTMC $i 4 K%
Fig. 6 DukeMTMC dataset images

K 7 MSMT17 $ 4 £ K%

Fig. 7 MSMT17 dataset images

3.2 BHEESTENER

D SHECE . EARSCIR T BT A B R 3 4 0 4%
256 pixel X128 pixel, LU ALI 64 FRIEMR . YLk # b
SR T R ER % 0 BE BILAE B A R I 25 R I S 3 150 6.
KA Adam FRASEIED I HR S I RN 3.5 X107, 1E
YIGRAIHA , BIAT 20 42, R FH 20 PEFA B SR MK & 20 0 2 o R 4%
FE 3.5X10 ", BEJE.FEER 60 )G, % I RKESR
3.5X10 ", IFAE 90 RJG#— IR E 3.5X10 °, WL
K BE . G TR RE Bl 00—k I 98 4% = 256 pixel X 128 pixel.

2) W TR . ASWFFE3E - 250K 2 4 H m AP F i
firf 3 Rank-1 1E PR REPE A 9 pm . b, Rank-1 /2 Bt
THEAT NER ST S B, mAP £ if) B bR (09 1E 86 5 15 76 46
RER PG — M, WS — 25BN TEN FE 4R,
BB T BT OE B VT G B R AR HE T A5 R i o B0
AR AT .

HopFRRESEDNTEHEE AP MEME, M C R
OB,
3.3 HBLSIE

Sk T RIS T 4R L S5 S I 44 v ) BBl G S T T I 246 A
R ARV BEAY R 0, K SCHE Market-1501 $dE 4 E b5 T
TH A, ST 50 7E [ A R SF & FaE A7 5 K, U 25 R R AT
— R BRAE R R 25 . A RN SR 2 iR L E
Market-1501 £ 4E |, Toig & &8 43 3k J2 Jmy &6 4> M
BFETHENABE. RS54 L H8E T N 8, Rank-1
BT 0.9% . mAPRE T 4% . FEHILR il A4
A R A 3 AR N HE B 4G B T il — 2P R, LI
JEER WY AR SCHR A B3 S MR A HE R R R0 AN AU
R TAT N E G B SR UE B CH, 088 TH A
S 0 AR BE R AR AE , TR IR R R ST LA
SCRTE T W4 BRI PERE

R2 BOZMREML

Table 2 Comparison of the performance of each branch

DukeMTMC
ik Rank-1/% mAP/%
FTaX 94. 8 84.9
T B 38 HL R ) 42 )R 43 52 95. 0 86.7
J7 SRR S B AR I A B LY o5 7 6. 0
JR A X
A3 96. 3 89.5

3.4 EHMEHFEILL

W& 3 Az A SCEE O 5 H R A S i O e
AECHEAE AR RS, o BoT M4 SR T8 26 30
FEIA TSR, OSNet™™ J&:— A HE B % B 20 2 B e 14
INBEF R4 . Cheng % BiF $5 H # SCR 19 45 15 3R FH 2 4%
eSS RN G AR, HAT RS54 7 & M &
P 2% (CNN) 5 Transformer #5519 &5 B M 2%

W 3 iR, AR SO eV B B T OSNet™™
1E Market-1501, DukeMTMC LA Bz MSMT17 %t# 4 |- 44
U T B ERT. BRI E, E Market-1501 $#E4E |,
Rank-1 #8452 F+ 7 1.5%. mAP & F+ T 4.6%; 7&
DukeMTMC %t# 4 F.Rank-1 28 H T 2. 6% . mAP $#F}
T 8.5%.,

H5RM L5 X MBS I ZRA SCR AL HIN AT He L A
T ¥ETE Market-1501 BB 4E - R E Jy 28 i1, Rank-1 42
F+T 0.6%,mAP 4RI T 0.5%, £ DukeMTMC %4 4
B AR R RIRE RIS Rank-1 $27F T 0. 1%, mAP 42
T+ 0.6% BT M BE Y 4 TR .

+ 203 -



5 48 % v F oM F @ R
*3 EHEHMEHFTEEEGBIEESERTLL
Table 3 Comparison of results on image datasets with other state-of-the-art methods
. Market-1501 DukeMTMC MSMT17
2 Rank-1/% mAP/ % Rank-1/% mAP/ % Rank-1/% mAP/ %
BoT™" 94. 5 85. 9 86. 4 76. 4 — —
OSNet™” 94. 8 84.9 88.6 73.5 — —
SCRM 95.7 89.0 91.1 81. 4 — —
HAT™Y 95. 6 89.5 91. 4 80. 4 86. 3 61.2
AL 96. 3 89.5 91.2 82 86. 3 61.7

XTEE T AR R B B Z 4 5 Transformer Bt
AW % HATYY, & x Lk Rank-1 $2 55 0. 7% 19 /K F £
Market-1501 % #5 % SC 3 7 8B 8. 728 H P sy
MSMT17 £ b mAP 4275 1 0. 5% {4 Rank-1 $#2 1
0.2%. 1£ DukeMTMC %t ¥ # mAP 5 T 1.6%, {2
Rank-1 [E(% T 0.2% ., {5 HAT™ W% .2 Transformer
H5HEME A, 3k 4 FiR, A XNE S 5T
SRR BT, BRSO E B T B T M4 1 OSNet
P2 2 o (H JOORG o 2 48 T A0 R, L UL 7Y A AE Bk
PR35 G 7, DR G AS SO 78 75 1 5 0 B 5 1 R B R I 3 5
BABEITHE,

R4 S5HEHMEFESER

Table 4 Comparison of parameters with other methods

ik S /M W LR E] / (s/batch)
OSNet"?” 2.17 19. 92
HAT™ 49. 45 28.56

A3 13. 32 21. 32

3.5 4FERTAK ST

ST A AT R I B L AR SCFEAT A EE R R SR
£ Market-1501 347 T AT AALERAE  AHOCES SLANIE 8 PR .

B85 1 3 iR T R IR MR 55 2 F1 3 343 Bl JR /R T
280k 4 JR A 3 A B S ) R AE BT R A AR R HG A IR AL
PRI EHR B 4520 . 2R 43 SRR B AL P AEAT A
)R R0 IO R DX 3L 3R I 40 SRR R U $R AT N A )R
52 A A T SR AR AT N R B R AR A . X P4 RS
B HEAUIG 38 TR AR Z 8] SC I L 10 SR IS 2L 1 R
FREAFSR PR AL T B2 BT 3R, A M5 SRR T R
HB 43 3B RFAIT 1 AT A Ak 25 SR B B T i A 3 TR PR
g5, RS A3 SOR) 2 1) i 7 00 G G vE R T PLE  fig
AT AN R 30 SRR IEE 2, WSk L &8 . F-7F 45
NATHFAE . AR i a] LLE HY S SR 43 3¢ /YRR AE B 3 R
FETAT AW OCHEER A, JUH S 70 3K T A0 3= 340 IX 3 20 1 A
1R Y ST BE . I R AR AE 1 AR HE R ) fi 45 45 7 BB B R
i iR AT N B AR A R AR T 398 5 T TR X AT N SR ke
HBAL AU BE 7, AR A T B AL AE & R {7 B Y kAl bl —
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Fig. 8 Visualization heatmap
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