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TR T FE 2 W 246 3 H a2 o 4R 5 T 0.3%
1.1% ,UEWA T PRSI scE . Rpas 2 3 £
AT BT MPA B B8 2l 1 7 =0, MPA #5
PAE R T AL & T X A A PSAB Al LR A5
e, fESR R RIS J7 AL A 1 MPA X5
RIRRTIHOR 2253 W35, 2R 1 b2tk BRIk 7 X
FEE R AL 2 25 K5 2N 88. 5% , A L T B #5481
LR A HR S BEFRAR T 0. 5% , #EI0 J5L A AT BE Jy 8
T2 ER I Oy SR T B 23 S P ASEH ) il Y
i, PSAB JCik 7840424 Ik 1 35 XS4/ i A X 45,
LR Al 2318 fin ik 22 656 R AR A B | AT 52 a5
RIS, TR A 0 Jr URR IS0 LR A
B R RRAE 23 e iy 0 =2 A R0 A PSAB 7E I 2R
T PR S 2 REAIE T Sl DG AR R AT 14 0 ) A £ 4545
RGNS TT 4 T 325 4 A TR0 T 7 11 S R ARRAE ()
I5F, PSAB REfE 5 | A5 A 3ok 8 45 0 OC 1Y Jmy AR AL, %
TEF 24 2D IR SCHERAAE . SCYGUE B R ik A
BN A R 90. 0% , PR A SCR ISR 2 Fhdl &
75 SAHE MPA i

x4 7A[E MPA &7 CUB-200-2011 #3E4E LI &R

R7S HERI R/ %
ResNet-50 84.1
ResNet-50 + PSAB 88.2
ResNet-50 + LR 89.0
ResNet-50 + MPA(PSAB + LR) 88.5
ResNet-50 + MPA (PSAB x LR) 90.0

FE Rbe 7 FOR 2 BRI, ¢ x " FROR 2 B TR S

2.4.3  ZULFTERE S B TR
AT 3 X BRI R e B A A
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DTk, E i LU A F AN TR A R A, LA
YIZRE AR 4L, 430 B 0E MPA 2P0 X Il 2R
ARNE TR AR 5 PR,

51 g i R HI R — A P
3 FERCR I T 2R BB 23 SJORE BE AR, Herh
R LA 1 RIZIA) NRCR 2%, o2t T
TR Z A2 Ry A B AL 1 i — 2 R AR 2y Bk
NS B2 G K DN e R R ) S WS € R e
BSTERHEZS [ R AR T, S B A U 2%

o5 2 AL ) R o A A — A R A AR
T3 SN JEE AP W R #f =2 0] Y B AR B 4 4% AL
1 IE TR RS RE A A S P R 2 OO
1 3(RIZHA) o 0BT I R A X AR ] 288 33 ) 56
SR AR RO /N R 2 2R A 1 S B
BRAS Tk S E B A (S, R LS ) B A
FUIPERIRAE . BEAh, B A 3 Bl B9 2R i AE
SRS TR B AR A AN [R] BT A3 22 18] B FL A SR R A A
BT OB AT, X TR e AR P R IR R 2

F£5 MPA HAEMBHERSKIESHT

M1 M 2 M3 HERH R/ %
VvV X X 87.7
X Vv X 87.9
x x vV 88. 1
X Vv vV 88.4
V vV x 89.0
vV x vV 89.5
VvV Vv V 90.0

2.4.4  BIHPEREIN A
1E F—T A SRS T PSAB X T ik =1 451
HEAE T ORK I i 52586 43005 MPA F PDWE

PR A AR P TS BB B2 TH IS I, SE 00 2%
B R,

>R ResNet-50 11 kB 1 W 4% ], 345 3% o 1 %
9 87.6% . I MPA J& , BEASHER 42 5 2 90. 0%
FE R 45 T 2.0% . MPA J& PMG SRBS i eici
R XF HERH] PMG 5B (R F MPA IR RHS 2
PR T 0.3% B0AE T MPA BUARLIE, 7E% %K PD-
WEF BT, E T 9 28 FE il [ 525, PD-
WF 5 T MER R 2 88. 0% , A b 3Lk M 4% 2
THT 0.1% , [RIF%H MPA F1 PDWF J& |, #5550 i 1
RIKF90.5% AT IREM LRI T 2.4% , K
P20, 4 MPA FIl PDWF 84l & e — b 1ok
& B BCRAIERE B TR E R AR AR R 42
PEfg.

AN I 5 B ] T332 24k B A 2 (1) 5 24 B SR A
SR HIE  TF 8 5 AL (floating point operations
per second , FLOPs ) I S 4§ &t ( Param ) 3K J& &, £
K Speed Fem BERL (35 170 B, 15 FL 2R A AL X
Lb, SR ] MPA B BRI S 1 0 14, 8 M, 35
B 40. 6 G; R PDWE AR B i 2 Kkt 14
3.9 M, IR 7.6 G, BAVEIASECR 44.3 M,
AR 64.7 G R 2,78 F - s~ AR TIELRAR
R SEEHIN 18,7 M, THR T 48.2 G, s EERE
f1.34fF-s7",

WURTH 7, MPA KR B b3 1 AR 1 1
B, XOZ T MPA S8 i PR A A RS2 B
FIBLH A5y R $ i A R[] RUBE R AE 1) &
B R R R S B RS IS B,
B2 K B T o B rh i H R R, SRR
T BTN T A BB SR AL R R A
TRIZO0A B, R BRI A T A g R A

R6 [ERMNEEBEMESSERABRL

PMG™'  MPA  PDWF H§E/%  WmgE SHE/M g HEE/G Mg A BRIEE
x x x 87.6 - 25.6 16.5 - 4.12
vV x x 89.6 +2.0 45.1 19.5 40.4 23.9 2.91 1.21
x vV x 90.0 +2.4 40.4 14.8 57.1 40.6 2.84 1.28
x x vV 88.3 +0.7 29.5 3.9 24.1 7.6 3.47 0.65
x vV vV 90.5 +2.9 44.3 18.7 64.7 48.2 2.78 1.34
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PRI, 7% SCR A M1 7 T H 2
BRI P — S T 40050 5 7 B S
1%0
2.5 SWMENRRTHE

AN S AR P S B o

MBS I BT A, 3R 7 HIH T 3 A A 4
B PRI EE R IR T — L8 S HT Y
LA ResNet-50 8 T M 2% 1 02074k 45 R BRI, A
S D7 E B TR T AL R 3207

RT ANEEEWXERFTENSLEBEILL

; . sk CUB-200- Stanford FGVC-
ARG ik ER YIGARZE  2011/% Cars/% Aircraft/ %
DICTA 2018 PC-CNN VGG vV 85.1 — —
PR 2018 Mask-CNN'> vee vV 8.7 B -
ResNet-50 87.3 — —
ICCV 2017 MA-CNN'"! VGG — 86.5 92.8 89.9
AAAT 2020 AENet'? DenseNet-161 — 90.0 94.5 94.0
IJCNN 2021 FBSD'*! DenseNet-161 — 89.8 - 93.2
CVPR 2018 FT ResNet ™’ ResNet-50 — 84.1 91.7 88.5
CVPR 2019 Stacked LSTM"’ ResNet-50 — 90. 4 — —
CVPR 2019 DCL™ ResNet-50 — 87.8 94.5 93.0
AAAT 2020 API-Net'®! ResNet-50 — 87.7 94.8 93.0
ECCV 2020 PMG" ResNet-50 — 89.6 95.1 93.4
AAAI 2021 DP-Net®! ResNet-50 — 89.3 94.8 93.9
IEEE TIP 2021 AP-CNNP2 ResNet-50 — 88.4 95.4 94.1
PR 2022 SDNs ResNet-50 — 88.4 94.4 92.8
PR 2023 GDSMP-Net"*" ResNet-50 — 89.9 95.3 94. 4
Neural Netw 2023 FRe-Net'** ResNet-50 — 89. 4 95.2 93.9
ICASSP 2024 HLS + PMG™®! ResNet-50 — 89.9 — 93.5
2024 AR SCHE ResNet-50 — 90.5 95.5 94.2

2.6 TS

R DU AT AR, AR /N 43 0 % AR SOk
H1 ResNet-50 & T P48 1y a3 AW Btk A7 v #LAk
S, WS R BIZEMN IR T A SRR R
HZ IR IZE 3 AL A 0 Rk t0 R ALAR i 1 A )
X F LR A ResNet-50 H50J5 3 4B B 1 HRAE S
AT, WA 1 X R E AR B B, AT LA SR F
T B AR 2 B G T — SO B A /N R AE X I
PUEEAESTIEYTSNEA T P SRR R S D EE S a @ L
1 3 PO R R A AT LR BB BER TR T
S 5 By DA R A A I Fl A 0 31 1 R DX, ]
B, SE A R I, 76 3 AN B B AR SCRL AN Y S
TCORHRFE B O I 5 BRAIG AR AL T B iy | BT
SR H A PERTER P, X R PSS R AT LUE AR

SCRE Y o 22 A0 B T B I o BT At B
e TR TGO RE AR R, A2 O R AR R
ATRRAL A SRR W], AR SCH K RE RS A5 AN [7] B B vty
TN [FRLE /N RFAIE | A5 7 5 8 20 e i
A PRIEA J1 528

Aspect 1 Aspect 2 Aspect 3

5 AXRBMELKEE CUB LHFHERERERE
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REVERAE T BEIOTC T SARIE . A St T 240
PR IR Ay B A O 1 R A e e T
SRR R B OCHA B IT Bfil TC CA B Y [
NS ¢ e €S (TS B s 1% DR A e
S BIRPRL AR B A SCT LT 3 i 23 A A
*ﬁi}% B PR A AN B B AN IR ROBEREAE , LA

IR BAME UF R

1 CUB-200-2011 . Stanford Cars #1 FGVC-Air-
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Multi-perspective decoupling enhancement and integration

for fine-grained classification

MENG Yuebo, WANG Bo, LIU Guanghui
(College of Information and Control Engineering, Xi’ an University of Architecture and Technology, Xi’an 710055)
(Xi’ an Key Labratory of Building Manufactaring Intelligent & Automation Technology, Xi’ an 710055)
Abstract
To address the significant intra-class variation caused by external factors such as background environment,
lighting conditions, sample posture, and shooting angle in fine-grained image classification, this paper proposes a
fine-grained classification algorithm based on multi-perspective decoupling enhancement integration. Firstly, to re-
duce the interference of external factors in images, a multi-perspective attention (MPA) module is designed. This
module decomposes the model into several perspectives, forcing each perspective to focus on different scales, thus
decoupling the interference factors. By modeling features with self-attention, each perspective is guided to further
mine key features. Secondly, a progressive dynamic weighted fusion (PDWF) strategy is proposed to effectively in-
tegrate the decoupled multi-perspective information. This strategy dynamically adjusts the fusion coefficient by ac-
quiring channel and spatial relationships from different perspectives, achieving high-order fusion of multi-scale in-
formation. Lastly, a progressive training method is adopted to facilitate perspective interaction, further capturing
and integrating complementary semantic information from multi-scale features. Experiments are conducted on three
public datasets, CUB-200-2011, Stanford-Cars, and FGVC-Aircraft, and the results show that the proposed method
achieves classification accuracy rates of 90. 5% , 95.5% , and 94. 2% , respectively, which outperforms current
mainstream methods for fine-grained image classification tasks.
Key words: fine-grained, multi-perspective attention ( MPA), progressive dynamic weighted fusion ( PD-

WF) , image classification
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