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Fig. 1 Examples of scale effect in remote sensing scene image
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AR 2 T TR, SRR SR G R
t = z(max(0,z(y))) (3)
b, y R ARG ERHE, 2(-) Fom b2k
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Table 1 Detailed structure of Scale Generation Module (SGM ) (The values in brackets denote sizes of input or output)
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R2 HEEMEXER

Table 2 Dataset information

etk R el BEXN O UIZELB%

RSSCN7 7 2800 400x400 20.50
AID 30 10000 600x600 20.50

NWPU 45 31500 256x256 10.20

3.1.3 iEMERAE
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A AR HE B O A RS A R A
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Table 3 Ablation experiments of different modules
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Table 4 Comparison of overall accuracy for different methods on the RSSCN7 dataset

A FEIVIZRER LB T B9 S AR BE /%

Jrik
20 50

CaffeNet(Xia%5,2017) 85.57+0.95 88.25+0.62
VGG-VD-16(Xia%,2017) 83.98+0.87 87.18+0.94
Googl.eNet(Xia%5,2017) 82.55+1.11 85.84+0.92
Attention GANs(Yu%§,2020) 83.47+0.63 87.32+0.54

Deep Filter Banks(Wu %, 2016) — 90.4+0.6
Two-stage deep feature fusion (Liu%:,2018) — 92.37+0.72
Dual Attention—Aware Network (Gao % ,2020) 91.07+0.65 93.25+0.28
WSADAN-VGG16 (A3CHE) 91.65+0.62 94.07+0.49
WSADAN-ResNet50 (430 k) 92.69+0.48 94.82+0.45
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Fig. 7 WSADAN vs. Baseline confusion matrix on the RSSCN7 dataset
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Table 5 Comparison of overall accuracy for different methods on the AID dataset

A FYNZRAE LB (B A 1%

Tk
20 50
CaffeNet(Xia%%,2017) 86.8620.47 89.53+0.31
VGG-VD-16(Xia%:,2017) 86.59+0.29 89.64+0.36
GoogleNet(Xia%5,2017) 83.44+0.40 86.39+0.55
ResNet—50(£&I5 5% 45 ,2018) 88.23+0.70 91.3120.58
DTDCNN (i 25 2 4¢,2021) — 89.26
LCPP(Sun%,2021) 90.96+0.33 93.12+0.28
MICP(Qi%,2021) 92.45+0.46 94.94+0.34
SAFF(Cao %,2021) 90.25+0.29 93.83+0.28
MDFR(Zhang % ,2019) 90.62+0.27 93.37+0.29
WSADAN-VGG16 (A3C)5#:) 92.78+0.16 95.18+0.37
WSADAN-ResNet50 (A3 )7#k) 93.73+0.23 95.88+0.24

Kl 8 J'é7R T AID 4 4E 20% YN 25 t R T AN ]
BRI BTG R MR, HpEl 8 (a) A8 (b)
43 9 7R Baseline—=VGG16 Fil WSADAN-VGG16 13
B B IR VB 5 M . WSADAN-VGG16 XF T K432
T ARE BEAR IR B T 90% LA I, HA R TR E o IE
B S AR T ot L 2ERR) 2k b
FURE IR A BT R, TR A SO ik &

A R R O A X L3 A B P 4R ) R i s ]
BESIATE S, SFEOREEA I M. iR
oy IR B IR AE AR, A F 1R e 5y 1R 1928501
EREY . KRR T Lk LI 5 IR VE 25 1
BRI E, UDEMERH . (KT HARE A
BARF AL, RS B ICE 5 THE R T X J LAl
PR B o



2824

National Remote Sensing Bulletin i & 548 2023, 27(12)

Wiz 3.0l
it p.
PRERY)
e
#
RE
Bk po1
FRAEX [T 1]
V| 003 001 |
4 H 0.01
FiXiN |

|
0.
\
\

| \

kX 0.010.010.02

0.
|
\
|
|
i
\

0.010.01 \ 01 i ool | 002 0.01

008 0.02 ] 1] |

001 0010.01 | 001
0.01 i 17 [ |

001001001 1 0.0]
001 | 001 | 007009008
002 0010010.02 003

001 0.03

001 0.01

i
T
] [
.01 .02 0.010.01

0.020.01 0.02
Hidh
AR X
1
Al
[EX B ||

l(3c877
JbE | 001002
piam| 0.01
KA P02 0.010.01 ‘0.01 001 0.05
Wik | 001 0.010.010.020.02 .02 0.08 ( A01‘p.03
ba P 001 | ’ 0.020.01 0.010.01 0.02

Az, o ) " |
2gs .02 0.02 | 001012005 04 002 002 |

01 0.01 0.04  0.010.010.01

0.01 0.050.010.03 001 001

001 003
0.01

.01
0.01

0.010.0]]
0.01

\
Wit | L] | oo |
. .060.010.01 01 0. .01 0. .01

02 0.060.010.0 001 002 001 006 001

et L e \ | oos
fisuh i po3 ‘ | ‘o,m 0.01001

T ‘

0.010.010.02

(a) Baseline—=VGG16 7E 20% Yl B4 1) ATD B4l 45 L TR 1 B

(a) Confusion matrix of Baseline=VGG16 on the AID dataset with the training ratio of 20%

Wz \ ‘ 001 0.01 0.02
i | 0.02
Rk ] 1 7 001 [ | 002001 0.01
T 0.01
| 03 | | | 0.020.01]
T ol po2 0.01F0.030.01 0.04 0.01 .050.010.01
Hoa .01108310.040.01 .01 0.010.010.01  0.01
B i ] 01 001 | 17 004 | o003 | | |
FEAEX | ool [ 002 001 001 0.02 ]
Y| pos ool |
RH .01 0.01
TAkIX po1 .01 0.010.01 .04 0.01
g | 0.02 T [ I
hAE R RE (52 X 01 | 0.1 0.01
i .01 |
AR | 001 0.040.010.03  0.01
155
HE : 0.01
i 0.01 | 0.01 0.01 001 001

e 01 | ' [ | L).oz [ [
KZESE POl 0.02 0.01 ‘
W H 001 003001002 001 o1 012 001003 0.020.030.01
TV .01 0.010.01

ks P02 .02 0.01‘0.0 0.01 .03 0.02 .010.03

ks || | o1 |
1% po2 02002 0.06 001 0.020.01 0.010.02
e 0.01 02001 0.01 \ 0.03 0.02
fit o e 001 001 0.1
(S ‘

001 | 02
| 0.01

(b) WSADAN-VGG16 1£ 20% I ZREH (¥ ATD Bl 5 b1 v i
(b) Confusion matrix of WSADAN-VGG16 on the AID dataset with the training ratio of 20%

| | |
0 0.2 0.4 0.6 0.8

P18 AID $fiidE b WSADAN 15 Baseline {i ¥ i Xt LU IA]
Fig. 8 WSADAN vs. Baseline confusion matrix on the AID dataset




TR G SR ERIEAE

JOE SR ) i R R IR T S 2 2825

K19 AID %tttk IR IHEA
Fig.9 The misclassified samples of the AID dataset

343 NWPUHIB&ESH

ARCHE NWPU SR 4 EabAT TIEAG 250, %6
SRR Ay ARG BE X L A5 SR ztijcﬁw VGG16 Fil
T ResNet50 A 751 WSADAN-VGG16, WSADAN-
ResNet50 75 NWPU %402 4 10% Il 255005155 0 F 1Y
SRS EE 23500 R 87.01% F190.71% , 1F 20% YN 254K
P 0 EAORS FE 23931 R 90.44% F192.63% . 5
FEGE I M 25458 CaffeNet . VGG-VD-16. GoogleNet
ResNet—=50 #H Lt , 4% 3C 77 1 9 4% 4 6 & AL -

DTDCNN (Jifi &5 45, 2021) FIMICP (Qi%F, 2021)
K22 RBE ALY )7 SORBGEAR 2 NEERHIE, SAFF
(Cao%%, 2021) FIMDFR (Zheng%%, 2019) RHZ%
FROBERHIE Al G 1 5 AR BGE AR 2 ROBEFR-IE . A
ITEREST DTDCNN, SAFFHIMDFR AR B =,
AR e B 4, 5 MICP A [b A SCAY WSADAN-
VGG16 J7iE SAKE BEAE Y, X AT RESE H o MICP J
Bl G TREAE B AR R

&6 NWPUHIREARREFTER B EXTLL

Table 6 Comparison of overall accuracy for different methods on the NWPU dataset

AN RIINZRER LT B S A HE /%

Tk
10 20

CaffeNet(Xia%,2017) 78.01£0.27 81.08+0.21
VGG-VD-16(Xia%5,2017) 76.47+0.18 79.79+0.15
GoogLeNet(Xia%,2017) 76.19+0.38 78.48+0.26
ResNet-50(£kIbe5 45,2018) — 84.39+0.29

DTDCNN (it 25 2 % ,2021) — 84.12
MICP(Qi%5,2021) 87.54+0.31 90.49+0.28
SAFF(Cao%,2021) 84.38+0.19 87.8620.14
MDFR(Zhang % ,2019) 83.37+0.26 86.89+0.17
WSADAN-VGG16 (A3 k) 87.01=0.26 90.44+0.40
WSADAN-ResNet50 (A3 ) 90.71+0.23 92.63+0.19
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Abstract: Scene classification of remote sensing images aims to assign a meaningful label to a given image. In recent years, Convolutional
Neural Networks (CNNs)-based methods make a breakthrough and substantially outperform traditional methods in scene classification tasks
of remote sensing images. However, obtaining features under different scales in remote sensing images is difficult due to the fixed receptive
field of CNNs. This complexity seriously affects the performance of CNNs in scene classification of remote sensing images. This study
proposes a method to learn the optimal scales for different scene image instances in a weakly supervised manner.

A Weakly Supervised Scale Adaptive Data Augmentation Network (WSADAN) is proposed to capture feature information at different
scales of remote sensing scenes, and a scale generation module and a scale fusion module are designed to improve the robustness. The scale
generation module learns the optimal scale parameters based on the CNN features of the original image. The scale fusion module filters the

CNN features of images with original and optimal scales to remove the noise and then deeply fuses them to exploit the correlation between
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features at different scales. The deeply fused multi-scale features are input into a fully connected layer to predict categories of scene images.

The effectiveness of the scale generation and scale fusion modules is verified by ablation experiments. The accuracy of WSADANSGM
compared with the baseline improves by 0.94% and 0.89% for the 20% and 50% training data ratios of RSSCN7 dataset, 1.27% and 0.87%
for the 20% and 50% training data ratios of AID dataset, and 1.09% and 0.71% for the 10% and 20% training data ratios of NWPU dataset,
respectively. Compared with WSADANSGM, WSADANSGM+SFM improves by 1.65% and 1.32% for the RSSCN7 dataset at 20% and
50% training data ratios, 1.65% and 1.26% for the AID dataset at 20% and 50% training data ratios, and 1.75% and 1.42% for the NWPU
dataset at 10% and 20% training data ratios, respectively. In the experiment for scene scale change analysis, the classification accuracy of
our method is higher than the baseline at any scale of image, which proves that our method can learn certain image scale information and has
strong scale adaptation ability. We use three datasets for remote sensing scene classification, namely, RSSCN7, AID, and NWPU, for the
experiments. On the RSSCN7 dataset, the overall accuracies are 91.65% and 94.07% with the training ratios of 20% and 50% for WSADAN-
VGG16. For WSADAN-ResNet50, the corresponding accuracies are 92.69% and 94.82%. On the AID dataset, the overall accuracies are
92.78% and 95.18% with the training ratios of 20% and 50% for WSADAN-VGG16. For WSADAN-ResNet50, the corresponding
accuracies are 93.73% and 95.88%. On the NWPU dataset, the overall accuracies are 87.01% and 90.44% with the training ratios of 10%
and 20% for WSADAN-VGG16. For WSADAN-ResNet50, the corresponding accuracies are 90.71% and 92.63%.

The proposed method can learn CNN features at a wider range of scales without manual multi-scale selection for different datasets. The
performance of the proposed method is better than that of traditional CNNss, especially for the scene categories containing objects with large-
scale variations.
key word: remote sensing, scene classification, deep learning, convolutional neural networks, weakly supervision, multi-scale, data
augmentation
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