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Lightweight frequency and spatial feature fused multi—scale

remote sensing scene classification network
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Abstract: To address the issues of diverse land cover sizes and spatial combinations, as well as significant
interclass similarity and intraclass variability in remote sensing image classification tasks, a lightweight
frequency and spatial feature fused multi-scale remote sensing scene classification network (FS-—
LMFFNet) is proposed, based on the purpose of effective feature extraction and full integration of multi—

scale features. Firstly, to combine the advantages of CNN and Transformer, and achieve an adequate
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extraction of local and global features, a Frequency and Spatial MLLP module (FS-MLP) is proposed,
which complements traditional spatial operations in extracting global high—frequency texture features by
introducing frequency domain analysis. Secondly, to resolve the multi-scale characteristics of remote
sensing scene images, a Lightweight Multi-layer Feature Fusion (LMFF) module is proposed, in which
lightweight convolutional blocks are employed to efficiently fuse the multi—scale features in the first three
stages. Finally, FS-LMFFNet has been extensively experimented on three publicly available datasets
UC _Merced, RSSCN7 and AID datasets and yielded remarkable accuracies of 99.10%, 96.60% and
95.48% , respectively. Experimental results demonstrate the superior multi-scale feature extraction and
fusion capability of FS-LMFFNet, which achieves better performance than other state-of-the—art models.

Key words: remote sensing images; deep learning; convolutional neural network (CNN) ; fast Fourier

transform(FFT) ; multi-scale feature fusion
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Table 2 Ablation experiments with FSTM
Ry 3 25 ] 43 3¢ JE R 43 WE 5 4 /M /G e %/ %
X Kernel size=7 N N 1.99 1.09 98.360.26
N X N N 2.31 1.07 98.620.20
N Kernel size=3 N/ N 2.41 1.11 98.72+0.11
NG Kernel size=7 X NG 2.34 1.09 98.8640.26
N/ Kernel size=7 N/ X 2.36 1.12 98.5040.35
N/ Kernel size=7 N/ N/ 2.43 1.12 99.10+0.22
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PEREFEAR 1 0.94% o XAEH] 17X 2 ] Rk
RGN E .,
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Table 3 Ablation experiments for LMFF’s

downsample operations

ORI S /M TTER/G R/ %
(—, =, FRHI 2.67 1.14  98.16+0.30
(MaxP?, MaxP5, MaxPi) 2.44 1.12  98.70+0.26
(MaxP§, MaxP, MaxP?) 2.43 112 99.10+0.22
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Table 4 Ablation experiments for LMFF’s

feature fusion method

T SHE/M ITRE/G R/ %
FS-MLP 4.32 1.12 97.4240.42
Sandglass Block 2.42 1.12 98.98+0.20
Sandglass_CA Block 2.43 1.12 99.104+0.22
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Table 5 Overall ACC and computation complexity of different methods on three datasets
FE A Z ¥ /M R /G ek
UC _Merced RSSCN7 AID
ResNet18" 11.15 1.82 98.2840.25 94.9674-0.42 94.504-0.19
FcaNet18™ 11.23 1.82 97.96+0.47 94.964-0,52 94.344-0.34
MobileNeXt'*” 2.86 0.29 97.1440.46 94.64+0.73 95.08+0.16
MobileNeXt_CA"# 3.26 0.29 97.36+0.37 95.104-0.39 95.2640.11
SwinTransformer_Tiny " 26.96 4.2 95.4840.45 93.404-0.52 90.204-0.20
VAN _b0'! 3.91 0.88 97.62+0.18 94.28+0.41 93.884-0.23
GFNet_Pyramid Ti"*"! 12.18 1.90 95.18+0.68 91.5440.44 90.90+0.57
WaveMLP_T"? 16.40 2.48 96.86+0.72 92.48+0.41 92.544-0.40
ConvMLP_S"¥ 8.60 2.30 95.2440.86 94.624-0.28 93.384-0.22
Strip-MLP-T*" 18.24 2.54 98.7240.16 95.32+0.51 95.1240.23
SAFF! 14.76 15.38 95.58+0.39 93.784-0.63 94.184-0.17
RaNet'*! 21.47 3.85 98.3840.39 95.244-0.15 95.384-0.22
EMTCAL™ 27.30 4.23 98.78+0.27 95.324+0.37 94.964+0.19
FS-LMFFNet 2.43 1.12 99.10+0.22 96.60+0.24 95.48+0.13

Fm 1.28% . AID Bl 4 1 KRR R o H R A8
g K, Z R EERE e o R/ JEuE 5 K,
FS-LMFFNet Xf {if 3 4~ B Bt $2& B A AS [\ 45 4iE R
JE TN SCE W LR SCHR R AT T AR A .
2453 3 1k RaNet (9 M % &5 0. 126 19 L5 45 51
il RaNet i 2 $ & J& FS-LMFFNet i 6 {5 . £
TR, FS-LMFF Net # H Ath J7 i B A 5 & 1981

17%

1.7%

&
£
¥

b 32%

H.4%

H
S
=

38%
L 1.6%

2.4%

#
B
o

1.4%

1.4%

1.9% 1.2%

1.4%

1.3%

1.4%
2.1%1.4%
1.7%
5.8%

AN AF A 4 S WA 5, T T A AR )N |
Z REFRMU BN .
2.5 "k

N T i — 2 BTN [6] 37 5 200 14 43 SR ROCR
250 T ATD KO 46 vb o B R B i 09— IR S B 4
SAIRIE H B, aniEl 5 PR o 7E AID 2085 £ 1% 30
ASEHIPA 1A A RN o SRR R R (=

100
1.9%

1.3%

17%
3.0% 1.4%
1.5% 1.7%
3.0%

1.7%
1.4% 3.3%
1.9% 1.7%

1.4%

1.3%1.9% 3.3% 1.4%

1.5%
1.5%
3.0%
3.4%

1.7% 1.7%

L 40

1.2%
1.4%

1.4%
57%
2.9%
2.9%

1.5%

1.2%
+20

4.3% 1.7% 1.7%

2.7%

5 FS-LMFFNet7 AID # 1B & F MR B ER
Fig. 5 Confusion matrix of the FS—MLP method on AID datase



% 10 #1

I B,F HERTASERSNZERIRAEZBRBAE T LWL - 3369 -

9850 ), X T WE BRI AR B M L bR ]
TS B W 0 R AE A9 25 B, FS-LMFF Net
(5> 2 ERR R IR H] 100%0 . X T — L2 1) 22 R 4%
NI, e R (94%) CThEAET
(97%) B AE 7 (100% ) , = H 7 35 Wy +H L.
BN TR] 15 35 T MR [ B A 85 R o B
FS-LMFFNet A] LAt @t 509 B0 2 647 43 17
AT AR 3558 Ay o i 0 T o B TR R R A A
CONTE R AR O BR R S 28 ) - b B 5
Chan i SR B Ak s ) F 2 AR W] L 45 8] 43 A3 AH AL,
W R M B = 7 oM . A ik, FS-LMFF-
Net KAFEA TEF TR .

_a

RMABRR

ReaNel

B 6 FS-LMFFNet7E RSSCN7 ##&5% F#)
Grad-CAM AT {L 4 R
Fig.6 Grad-CAM visualization results on
RSSCN7 dataset

I Ah L AR SCIE 3 Grad CAM 22 il 44 g [&] ik
A7 AT R Ak T 286 At S0 BT T O 1 7 X8R, An 18T 6 T
N, DB BITR 43 ) R T TG RS [ ) 28 1 44
K. nl LA, 5T CNN B ResNet fifi 1] F 5% 7
FrE X4, % T Transformer B SwinTransform-
er M F 42 J5) D8 Ik #5819 GF Net B 56 1 4 Jmy e k.
M ZF ,FS-LMFFNet f] D) 5 7 i 58 £ T 1
E A ) B ORE 4 R RN RE 1 o RN R AE
55—, FS-LMFF Net i 4 J3 [&] % ] 3 i o v
B %) S A7 i At D A 1 SO g T 3 1 Ry 3
AR REREAA B bR, X — LR T M
2 FS-LMFFNet 7€ 3 848 42 v 41 fig ik 3] & 4
ISR ON

3 4EIRE

Bt 18 R S S Y RS s A & 2
il Z2FE SRR RUE e 2SN 22 S Mk K R A, AR
SCMFRAIE A AT 8508 HORN 22 RUBE R AR 1 78 43 Al 5
KT R R S ] RR AR A ) 2 R 1R R
5 M 4% (FS-LMFFNet) . A< 3C il i 51 A #
BT, 454 CNN H Transformer B &, M @t T
N 5 R 22 R RO S o [RIEE, Ohy T i e i@
B R RGN RER S T —MREER2
JZFRE R AL, AR 3 AN FE I L S 25 AR
ZEH A ST A FS-LMFF Net G 2 1% 2% & 4%
Yo oy 2000 ok i 2 e PR RE G i HL B TR Y
TR R EE . SR, 2 3 S KR+ b A 5 ) b 26
AHTR) oA AHAL R AR MESR A R . T — 2 T
VW 2 — 20 8 2 LAt Ay A1 Sl R A 42 O 3 /s
W A e A, E — 20 P R T g FRAE BB ), DA 4
R R 5 0 0K B o

S E WK

(1] %, BIER, SRAGNS , 45 3 XUH 13 & ) Ll

138 MR 5 R R R OR Tk 1), BT 5 E A
240, 2021, 43(3): 683-691.
Xu Cong-an, Lyu Ya-fei, Zhang Xiao—han, et al. A
discriminative feature representation method based on
dual attention mechanism for remote sensing image
scene classification[J]. Journal of Electronics &. Infor-
mation Technology, 2021, 43(3): 683-691.

[ 2] Morell-Monzo S, Sebastia-Frasquet M T, Estornell
J. Land use classification of VHR images for mapping
small-sized abandoned citrus plots by using spectral
and textural information[J]. Remote Sensing, 2021,
13(4): No. 681.

[3] Liang S, Cheng J, Zhang J. Maximum likelihood
classification of soil remote sensing image based on
deep learning[J]. Earth Sciences Research Journal,
2020, 24(3): 357-365.

[ 4] Fatemighomi H S, Golalizadeh M, Amani M.
Object—based hyperspectral image classification using
a new latent block model based on hidden Markov ran-
dom fields[J]. Pattern Anal Applic, 2022, 25: 467~
481.

[ 5] Krizhevsky A, Sutskever I, Hinton G E. ImageNet
classification with deep convolutional neural net-
works[J]. Communications of the ACM, 2017, 60
(6): 84-90.



3370 THRXRFFROD FR) % 55 %
[6] Dai J, Qi H, Xiong Y, et al. Deformable convolu- (17] E R, s, £8r, & mm R RS 500

tional networks[C]//Proceedings of the IEEE Interna- GLFFNet £ &I [J]. I 22224 , 2023, 52(10): 1693—

tional Conference on Computer Vision(ICCV), Ven- 1702.

ice, Italy, 2017: 764-773. Wang Wei, Deng Ji-wei, Wang Xin, et al. GLFF-

[ 7] Ding X, Zhang X, Han J, et al. Scaling up your ker- Net model for remote sensing image scene classifica-
nels to 31X31: revisiting large kernel design in tion[J]. Acta Geodaetica ET Cartographica Sinica,
CNNs[C]//Proceedings of the IEEE Computer Soci- 2023, 52(10): 1693-1702.
ety Conference on Computer Vision and Pattern Rec- [18] Hendrycks D, Gimpel K. Gaussian error linear units
ognition(CVPR), New Orleans, Louisiana, USA, (GELUs) [EB/OL]. [2024-01-10]. https: //arxiv.
2022: 11953-11965. org/pdf/1606. 08415.

[8] GuoM H, LuC Z, Liu Z N, et al. Visual attention [19] Sandler M, Howard A, Zhu M L, et al. Mobile-
network[J]. Computational Visual Media, 2022, 9(4): NetV2: inverted residuals and linear bottlenecks[C]//
733-752. IEEE/CVF Conference on Computer Vision and Pat-

[9] Vaswani A, Shazeer N, Parmar N, et al. Attention tern Recognition, Salt Lake City, USA ,2018:4510—
is all you need[C]//Proceedings of 31st Conference on 4520.

Neural Information Processing Systems, Long [20] Zhou D, Hou Q, Chen Y, et al. Rethinking bottle-
Beach, USA, 2017: 6000-6010. neck structure for efficient mobile network design[J].

[10] Dosovitskiy A, Beyer L, Kolesnikov A, et al. An In Computer Vision—-ECCV 2020, Lecture Notes in
image is worth 16X 16 words: transformers for image Computer Science, 2020, 12348: 680-697.
recognition at scale[EB/OL]. [2022-10-18]. https:// [21] Sergey I, Christian S. Batch normalization: accelerat-
arxiv. org/abs/2010. 11929. ing deep network training by reducing internal covari-

[11] Bazi Y, Bashmal 1., Rahhal M M A, et al. Vision ate shift[C] //Proceedings of the 32nd International
transformers for remote sensing image classification[J]. Conference on Machine Learning, Lille, France,
Remote Sensing, 2021, 13(3): No. 516. 2015:448-456.

[12] Yu W H, Luo M, Zhou P, et al. Meta former is actu- [22] Hou Q, Zhou D, Feng J. Coordinate attention for
ally what you need for vision[C] //Proceedings of efficient mobile network design[C] //Proceedings of
IEEE/CVF Conference on Computer Vision and Pat- the IEEE/CVF Conference on Computer Vision and
tern Recognition, New Orleans, USA, 2022: 10809- Pattern Recognition(CVPR), Montreal, Canada,
10819. 2021: 13713-13722.

[13] T, Z=HA, TH . ADC-CPANet: —Fl & -4 [23] Yang Y, Shawn N. Bag-of-visual-words and spatial
Jey R AIE @l A B G R AR Ay 28 0 ik (U], 3 R A extensions for land-use classification[C]//Proceedings
2024, 28(10): 2661-2672. of the 18th SIGSPATIAL International Conference
Wang Wei, Li Xi-jie, Wang Xin. ADC-CPANet:a on Advances in Geographic Information Systems,
remote sensing image classification method based on San Jose California, USA, 2010: 270-279.
local-global feature fusion[J]. National Remote Sens- [24] Zou Q, Ni L H, Zhang T, et al. Deep learning based
ing Bulletin, 2024, 28(10): 2661-2672. feature selection for remote sensing scene classifica-

[14] Wang W, Hu T, Wang X, et al. BFRNet: bidimen- tion[J]. IEEE Geoscience and Remote Sensing Let-
sional feature representation network for remote sens- ters, 2015, 12(11): 2321-2325.
ing images classification[J]. IEEE Transactions on [25] Xia G S, HuJ, Hu F, et al. AID: a benchmark data
Geoscience and Remote Sensing, 2023, 61: 1-13. set for performance evaluation of aerial scene classifi-

[15] Huang Z, Zhang Z, Lan C, et al. Adaptive fre- cation[J]. IEEE Transactions on Geoscience and Re-
quency filters as efficient global token mixers[EB/ mote Sensing, 2017, 55(7): 3965-3981.

OL].  [2023-03-22]. https://arxiv.  org/abs/ [26] LiuZ, LinY, Cao Y, et al. Swin transformer: hierar-
2307.14008. chical vision transformer using shifted windows[C]//

[16] Cao R, Fang L., Lu T, et al. Self-attention ~based IEEE/CVF International Conference on Computer
deep feature fusion for remote sensing scene classifica- Vision(ICCV), Montreal, Canada, 2021: 10012-
tion[J]. TEEE Geoscience and Remote Sensing Let 10022.
ters, 2021, 18(1): 43-47. [27] Cao G, Luo S, Huang W, et al. Strip-MLP: effi-



% 10 #1

I R, FARPEAHERSGOEETRAIREERBED TS LN

3371

(28]

[29]

[30]

[31]

[32]

cient token interaction for vision MLP[C]//Proceed-
ings of the IEEE/CVF International Conference on
Computer Vision (ICCV), Paris, France , 2023:
1494-1504.

Simonyan K, Zisserman A. Very deep convolutional
networks for large-scale image recognition[EB/OL].
[2023-03-18]. https://arxiv. org/abs/1409. 1556.

He KM, Zhang X Y, Ren S Q, et al. Deep residual
learning for image recognition[C] //Proceedings of
IEEE Conference on Computer Vision and Pattern
Recognition, Las Vegas, USA, 2016: 770-778.

Qin Z, Zhang P, Wu F, et al. FcaNet: frequency
channel attention networks[C] //Proceedings of the
IEEE International Conference on Computer Vision,
Xi'an, China, 2020: 763-772.

Rao Y, Zhao W, Zhu Z, et al. Global filter networks
for image classification[J]. Advances in Neural Infor-
mation Processing Systems, 2021, 2: 980-993.

Tang Y, Han K, Guo J, et al. An image patch is a
wave: phase-aware vision MLP[EB/OL]. [2023-03~

18]. https://arxiv. org/abs/2111. 12294.

Li1J, Hassani A, Walton S, etal. ConvMLP: Hierar-
chical Convolutional MLPs for Vision[C] /TEEE
Computer Society Conference on Computer Vision
and Pattern Recognition Workshops, Vancouver |,
Canada, 2023: 6307-6316.

Wang X, Duan L., Ning C, et al. Relation—attention
networks for remote sensing scene classification[J].
IEEE Journal of Selected Topics in Applied Earth Ob-
servations and Remote Sensing, 2022, 15: 422-439.
Tang X, Li M, Ma J, et al. EMTCAL: efficient
multiscale transformer and cross—level attention learn-
ing for remote sensing scene classification[J]. TEEE
Transactions on Geoscience and Remote Sensing,
2022, 60: 1-15.

Selvaraju R R, Cogswell M, Das A, et al. Grad—
CAM: visual explanations from deep networks via
gradient-based localization[C] //Proceedings of 2017
IEEE International Conference on Computer Vision,
Venice, Italy, 2017: 618-626.



