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Abstract

Person re-identification (RelD) technology aims to identify and track specific individuals through
cross-camera images or video sequences. In order to solve the challenge of the different proportions
of persons in different images, this paper proposes a RelD method based on a Dual-Branch Super-
vised Channel Attention Model (DSAM). DSAM embeds a parameter-free supervised attention mod-
ule into the bottleneck blocks of ResNet-50 and leverages the classification-layer weight matrix as
a supervisory signal. Channel-wise weights are dynamically adjusted via channel mean and vari-
ance, effectively suppressing background noise and focusing on salient person regions. Built on Res-
Net-50, DSAM adopts a dual-branch architecture that feeds both original and randomly resized im-
ages to enhance foreground distinctiveness. CBAM (Convolutional Block Attention Modules) are in-
serted after conv3 and conv4, and their augmented features are cross-scale fused with high-level se-
mantic features from conv5 through a Feature Fusion Module (FFM). This complementary integration
of low-level details and high-level semantics improves robustness against scale variations, viewpoint
changes, and illumination fluctuations. Experiments on MSMT17, Market-1501 and DukeMTMC-ReID
datasets show that the proposed method is superior to the existing methods in mAP and Rank-1
metrics.
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Figure 1. The DSAM model
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Figure 2. Bottleneck parameter-free supervised attention module
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Figure 3. Supervised channel attention module
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Figure 4. The CBAM structure
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Figure 5. Channel attention
5. BIEEBNRIR

(2 =EEN

AR FEEER S, SEESS EME” WMEGEE, S0 Eh. 2R R @ R
TEE M, 5 R IR N RHE R F AR S RAE NN, anlEl 6 Fias. B AT oA A b Ak 1) i i
EERAE, R 2 MR L x Hx W RHER B2 ML, . FIF 7 x 7 BRZERE . BRREIXE, 7
HEE Z R AEE T E M, S FEHRARHE B F AR R & S o, « 2 IEE i
N

M, (F')= o( £ ™7 ([ AvgPool (F"); MaxPool (F ’)])) = 0'( fr7 ([Faf,g P })) @)
A fPTRIERA KN T x T RIS E.

[MaxPool;AvgPool]

/]
> )i P@ >

conv

input feature F’ Spatial Attention Mg

Figure 6. Spatial attention module
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Figure 7. Feature fusion module
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FRATR A S B WU, AR AL 1 o 1 vt s X 35 A0 B T 0 S B DS ORBF — B AR5
WS, THEANE SRR EZ MBS mERK, —BUESRE LT

l C
Fa=F OE Fb,c,h,w (15)
c=1
__ 1 (v @Y
LZ - H xW é;(Mheat - Fatt ) (16)
__ 1 (@ oY
LS_ H xW é;(Mheat_Fatt ) (17)

Focnw ZANINRHIE B 55 b AMEEA, 55 ¢ AN ilIE, 25 (8 A7 & (h, w) AERIHFAE L, 755 O %R Hadamard
BIZTCHEMA, F o NERAREINRAER . EEBEIMAKRIBURR LT, BAISIATEYSE L, %S5
TP 5k R B AN RS 23 OACER 5 E . RelD B R R :

Lo = L + L + A (Li+ L+ L) (18)

3. LI HR
3.1. BURERITNIER

REGAE BT B (A R, AT IR I8 4530 = AN 4E, 45 MSMT17 [9]. Market-1501 [10]41
DukeMTMC-RelD [11], LRI FHEANE R WL 1. BATENE RelD FIFHETFAL ML, I Rank-1 #ERER
IV RE A 1) 21 2745 B 148 (mean Average Precision, mAP)YE AP 847 o

Table 1. The details of datasets
=1 BEEIFE

Datesets Cameras TrainlDs Train TestlDs Query Gallery
MSMT17 15 1041 30,602 1041 10,516 18,184
Market-1501 6 751 12,396 750 3368 19,732
DukeMTMC-RelD 8 702 16,522 702 2228 17,661

3.2. SLRRE

A5 A SEIR PRSI E R . %A NVIDIARTX3090 &4, #:4F £45 Ubuntu20.04 Firf iy 1 3k
T Python3.8 4w #2155 15 PyTorchl.9 IR SJHESE S . AEYIZRM BL, BME B a4k BT 48 384 x 128 4%
KN, R BRI om0 . B S 25 50 %6, IIZRR BRI B /N BN 64, BRI SEI6 45 B il &2
P, SLIGBEBENLAN Ty 42, JEESHHT 5 . KR B E /N 128,

3.3. SRR ERIXILE
NISEFTIRINERIA RN, BA TS RelD U AR EBEAT XS FLscs, 0 il %5 HiAt %
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Foet LT VR I REREAT T VP, A0 2 R

AR ITIEAE = RelD #dE 4 FIHUS 107 PERE: /£ MSMT17 %4l £E |, Rank-1 % 86.5%,
MAP % 70.6%; 7£ Market-1501 ##5 45 I, Rank-1 1 mAP 73 5ilik #] 96.5%7#1 92.8%; #£ DukeMTMC-RelD
4L I, Rank-1 #ll mAP Iy 92.4%71 88.1%. 7£K FH ResNet-50 1 Jy & M 4% (1) 773, L4 NFormer
£ Market-1501 #(#54E (1) mAP IA %] 93.0%, (HIRA M 7 iE7E HADTA e bs LI SLBL 7 .

5 2 2% W 4% (1 OSNet. CDNet) PA %4 RelD £ 55 % 1T HIM 2% (W1 DPFL)AHLE, FRATI T EAE TS
PEAhfabr LI BB B3

55 Transformer #HEL, i1 PASS £ MSMT17 #4411 Rank-1 S53ATHI 7 VEA0 24, AT 7T ELE
=ANEERE EERE R AL T ALK

SR E, S5HAREMIEME, A SCRHEITEEZ AN RS ER T R — e, R
SER] T HAE RelD 145 H A ik «

Table 2. Comparison with the representative methods on three datasets

F 2 EENHBIEE ESREFMSERIXTEE

MSMT17 Market-1501 DukeMTMC-RelD
backbone
mAP Rank-1 mAP Rank-1 mAP Rank-1
DPFL [12] DPFL - - 72.6 88.6 60.6 79.2
OSNet [13] OSNet 52.9 78.7 84.9 94.8 73.5 88.6
CDNet [14] CDNet 54.7 78.9 86.0 95.1 76.8 88.6
PASS [15] Transformer 69.1 86.5 92.2 96.3 - -
TransCL [16] Transformer 413 68.6 82.9 93.0 - -
Dip [17] Transformer 67.5 84.6 90.3 95.7 82.8 91.2
IIDCL [18] Transformer 55.0 80.4 89.9 954 - -
TMGF [19] Transformer 58.2 83.3 89.5 955 - -
MLFN [20] ResNet-50 - - 74.3 90.0 62.8 81.0
PCB [21] ResNet-50 40.4 68.2 7.4 92.3 78.4 88.7
AANet [22] ResNet-50 - - 825 93.9 72.6 86.4
CAL [23] ResNet-50 56.2 79.5 87.0 945 76.4 87.2
APNet-S [24] ResNet-50 59.0 80.8 89.0 96.1 78.8 89.3
NFormer [25] ResNet-50 62.2 80.8 93.0 95.7 85.7 90.6
DCCT [26] ResNet-50 418 68.7 86.3 94.4 - -
LESL [27] ResNet-50 42.6 68.2 83.4 92.9 2.7 83.4
MDL [28] ResNet-50 40.9 69.1 89.1 95.1 - -
ours DSAM 70.6 86.5 92.8 96.5 88.1 924
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3.4. jHRESELE

SR TR 775+ dual-branch. BSAM #it. CBAM HiBAl FEM Hiex) &kt ge i, FRA17E
MSMT17. Market-1501 1 DukeMTMC-RelD =A% F 3t 7 Il sz .

3.4.1. Dual-Branch B9 B34 I8E

U1%% 3 Index1 f7, baseline 7 MSMT17 ] mAP 1N 48.4%.Rank-1 A 77.2%; 5] AX{4) 32 Index3
W, MSMT17 ] mAP #&7+ % 64.8%. Rank-1 $#2£7+% 83.1%, Market-1501 f] mAP M 82.8%F+ % 91.4%.
Rank-1 M 94.3%7} % 95.7%.

7F Index2 1, {5 N\ BSAM I}, MEREFETFF I AFR: Market-1501 ] mAP % 90.0%, DukeMTMC-
RelD ) Rank-1 1% 87.2%. iX & BB 53 35, B — RSN, Toi8 w347 NI 5 el 5
MREZES, SFERHMEN REBWR SRR, S&WRG T B pRIe 28], Kk 5 2 3RATER
Iy AR P IAT I RS

Table 3. The ablation studies of our proposed method on three datasets
= 3. A EE=NMRIBE LRERIE

MSMT17 Market-1501 DukeMTMC-RelD
Sz Dual-Branch BSAM  CBAM FFM

mAP Rank-1 mAP Rank-1 mAP Rank-1

1 x x x x 48.4 77.2 82.8 94.3 728 86.5
2 x # x x 55.9 79.2 90.0 94.9 79.0 87.2
3 \ x x x 64.8 83.1 91.4 95.7 84.6 90.3
4 \ x \ x 67.2 84.8 92.0 96.2 86.3 91.4
5 S x S \ 68.9 85.8 92.4 96.4 87.5 91.9
6 S \ J x 69.3 85.2 925 96.0 87.0 92.0
7 v Y v y 70.6 86.5 92.8 96.5 88.1 92.4

3.4.2. FRIERNEHMELIE

I o R AR AR I R ST BT R I T R TR B I HLEI R E AL RE T o Index2 HrPERERS F
T+ Market-1501 () mAP 5 Rank-1 #2£7} 0.3%#1 0.2%, DukeMTMC-RelD %W #2 T} 0.2%F1 0.2%, X
T BSAM L& B EERIE, nTHRATMHITE SUURE SR RAT N R EERIFHEE 5. Index4 SL56
PERE SEIL L BRI MSMTL7 ¥ mAP 55 Rank-1 $2 71 31| 67.29%7/1 84.8%, Market-1501 [¥] mAP X 92.0%,
XAy CBAM @l lE & ) 5 2 MV E R I S AT AL, RS AL SRR AR T R e N, A BRI TRy
TERIFIAGE 7. 1E Index6 H1#L Indexd, £ AEHEAE MSMTL7 L1 mAP M 67.2%FE 7+ % 69.3%, iF—
SULEH BSAM [1HT E FEME 1L CBAM JEFG fETURMFAE FIHFETHE TR, ] 58 SRR TAT A I DX o h
HELAL .
3.4.3. ¥HER SR BHMHIEIE

X Index4 5 Index5 fPERE: MSMTL7 ] mAP M 69.3%%2F+ 1.3%, Market-1501 ] mAP M 92.5%
F+2% 92.8%, DukeMTMC-RelD ] mAP 5 Rank-1 73 Jill$2 7t 1.1%F1 0.4%. XK N FFM B4 7 M
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R JZ AN 5 5 208 SURFAE, 5RAN 78— E IR R4S B, JTUILAE MSMT17 XK 28 R 8di 4k 1,
5 J2 HAME R B 58 1 5 10X ' FR AL A AR A 1R S
3.4.4. B I HNEMERE

N E MR R ) A DTERAE,  FATIAR T AN RO B AL M BE e, & 8 foR, K A =
0.01 MBS XS5 RV B R ST CH R 5 H AR AR T2 (A1 S A HE T, BERE A RO R
BRAUG NSOGB I i, RRIRFF RN RHIE— S, 24 4=05 B, BIRIMERR LR B, K2R N
HORMMEBR T3 R 3 P, 5 S0 DU ISR AR 22 SRR, SRR A T ISR B AR, X
—ILRENE T : (EIREME M2, JSHOR PN & L SRR R % ) A B E N EH

08 DukeMTMC-ReID MSMT17
w * -*
'Y 924 —_
96 ' b . . ) Il ) 84l o » .
L4 L ]
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§ 944 § §80-
Y " * ' - " » Iy . Z
g 92 g 88 L [l .y = s g 764 — P
S St s | 8 #Rank-1
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= mAP » mAP it » L !
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Figure 8. The results A of on three datasets
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