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Remote Sensing Image Scene Classification Using a Lightweight Network
with Multi—scale Feature Fusion
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Abstract: A multi-scale feature fusion lightweight network MSA ResNet is proposed to address the increasing complexity and redundant fea-
ture extraction of existing remote sensing image scene classification models. Firstly, by combining the classic ResNet model with Swin Trans-
former technology, the sliding window multi head self attention mechanism, multi-level feature stacking, and cross layer connection strategy
are utilized to enhance the model’s understanding of spatial relationships and its ability to fuse multi-scale features ; Secondly, simplifying the
convolution module within the residual blocks of the network and introducing label smoothing strategies significantly reduce the number of mod-
el parameters, maintain feature extraction efficiency, and improve overall classification performance. Experiments on the AID dataset show
that the overall classification accuracy of the proposed model is 92.97%, which is 7.39%, 1.14%, 0.82%, and 0.65% higher than networks
such as MSCP, SAFF, APDC, and PSGAN, respectively. This confirms that the multi-scale fusion method can improve the model’s feature
extraction ability, feature performance, and classification accuracy when the backbone feature extraction network has limited capabilities.
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Fig.1 MSA-ResNet network overall structure
BEl1 MSA-ResNet £ Bk 451

1.1 EF4HFERBUED

ResNet [0 £ A5 5 1) 5% 22 3% 42 A A RE b O Il 2 id 7 v
VA A6l JBE T 2 TR AR 2 A5 [ R, 3 i 07 o) 246 R i i 84 L 38
SRAFAE R IR BE 1 . B R B N 4% 1 s AL 5 R AE B U A
BE AR SCHE T ResNet 0 26 4508 o i 45 21 = T N 2%, DL 47
AR IR R 1 22 RUBERRAIE

TERZ W2 IR ZFREE H A5 2 R E R, &
JZRFE AT B R A 4 R s U B . X TFsisr
BALS G BT e A T EE A4/ fE B e H B
W4 FEATHERM 325 o DR, AR SO B 5 AT R AFRE J1 1)
S5 3R HRIE T LA ZRAT 55, DU i b 28 25 R 2 i 550K

[l , ResNet JA4 Hy 224> 5% 25 BR AL , 3k £E5% 22 B i 1)
EEPUZ A — A2 A0S R . BRI R E
e S SRAME LA BB A 70 JEROR A S 32 ) 298 42
WAL B ResNet Ji 35 25 BEBRAR B 4R IEAE S 22
ROERHESEAT ]
12 ZREFHEREGEIR

TEREESE B 5 RAT 55 h B — PR A 7 B R fiE
TABR, Toik se Al R B0 i = Al OSSR B L H
Z REEFFIERR S P A A RS R AR AEAS L i e 2 1%
HAS R R A SOMZE R (5 8, SR TSR X 75 57 14 B i
JIRVE PR



%6

MR A 3, SR T 2 RO RRAE il & e A 190 2% B 18 I 15 5 2 -+ 201 -

22 FUBE R i R 5 28 M) B8 )22 32 4 77 AR UK g i 4%
JERHAE , 7 f i B9 8 A 5 B WA 2 RO AT S8 B AR AIE , LA
BN F A RS FRIE Y R . SR, T S 22 R AR AR 28
oy BRI A A RUE T R IR E A HAF IR RHIE . 2R
JEEARRE Rl 5 L e B A5 8 AN AT 2 IS

»

1x1
Cony

| SW-MSA |

Fig. 2 Multi-scale feature fusion module structure
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Fig.3 Image samples in AID dataset
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Table 2 Classification effect of different scheduling strategies
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Table 3 Classification effectiveness of different attention mechanisms

£3 AREBANHB S LR

e AID Edli e By NWPU45 B4 11y
25 " .
Or % SrRHEEI%
x 89.07 85.21
SE 91.22 86.78
CBAM 91.97 87.12
SW-MSA 92.97 88.01

T LT AR R ] — B4R R AR 2855

FH 28 3 ] AT, AR SCRE AR 14 7 B A Ay B
FHAH T8 7E 75 7 1 SE A E R AR ANl AT AT 3 2 77 sl 4
TF2.15%. ERBEHNGERREILT , 4 &) Bef KR 1
T RVERAE S LR T, P2 T FENE . CBAM B HUAR AL T
SE REHHEAT T IR A M4 ALk TR A T B 18O
FANAH FH—FP i 5 1, 78 AID (NWPU4S Bt 4 L1445
NG 43 LT 0.75% .0.34% .

Wit 5 3 2 0 ML ) 3 AN AR AT B Ak A5 AR i RS A4
Hi A S REAE B B A, N ACRE TR ) H B X A3 M R
WRELE ) R LR SCh A RO A R Rl RS B
243 FRERN%ARER

TR 8 A LA ) 328 AR S S N 8 AR A 55 AR SO ki
AT L8, SE N R 4 Fr s o FE P BUdE 46 1, MSA—ResNet
A A58 T L vE R Y VGG_VD16 1Y 7 B BE 43 9 4% F+ 3.33% .
8.22%; 4 T F H 2 R FRAiF HE & 19 MSCP 5% £ 42 Tt
0.61%.2.93%. SAFF ¥ 7E ATD $04 46 v S T 38 1 3%
e B SW-MSA 19223k [ 7 7 1 M H A T 6 08 42 24 i B
AE I B AR A3 S BORA T SAFF. DTDCNN #5854 2 i ] 1 A
QRSP S L R Y U R R (SR CS N By S N E



%6

B KA S TSE T 2 RS RHIE A5 12 (0 R 2% (T I 180 5 2 £ 203 -

Table 4 Classification performance of different network models
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Fig.4 Confusion matrix of MSA—ResNet network model on AID dataset
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Table 5 Parameter quantities of different network models
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VGG_VDI16 138.0
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DCCNN 0.6
APDC—Net 0.6
SAFF 60.0
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PSGAN 25.6
LiT 39.9
MSA-ResNet 3.7
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Table 6 Result of ablation experiment of MSA—ResNet

network model
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