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Remote sensing image scene classification based on multilayer
feature context encoding network

LI Ruo-Yao'?, ZHANG Bo'?, WANG Bin"*
(1. Key Laboratory for Information Science of Electromagnetic Waves (MoE ), Fudan University, Shanghai
200433, China;

2. Research Center of Smart Networks and Systems, School of Information Science and Technology, Fudan

University, Shanghai 200433, China)

Abstract: Remote sensing image scene classification is one of the current hot topics in the field of remote sensing image
processing. Since convolutional neural networks (CNNs) have powerful feature extraction capabilities, they have been
widely applied in remote sensing image scene classification. However, the current methods have not fully considered
and utilized the complementary information between different layers of CNN and the spatial context information of re-
mote sensing images, resulting in that the corresponding classification accuracy needs to be improved. In order to ad-
dress these issues, a multilayer feature context encoding (MFCE) network is proposed and utilized to solve the problem
of scene classification for remote sensing images. The proposed network is composed of two parts: 1) A densely con-
nected backbone; 2) A multiscale context encoding (MCE) module. The former is adopted to fuse the feature informa-
tion of different layers of CNN, and the latter is utilized to encode and exploit the spatial context information that resides
in the multilayer features. Experimental results on two large-scale remote sensing image datasets demonstrate that com-
pared with the existing remote sensing image scene classification methods, the proposed network framework can
achieve a significant gain in classification accuracy.

Key words: remote sensing images, scene classification, convolutional neural network (CNN) , multilayer feature
context encoding (MFCE), spatial context information
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Fig. 1 The illustration of the architecture of DenseNet
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Fig. 2 The framework of the proposed MFCE network
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Note: Oand T denote the channel concatenation operation and the spatial up-sampling operation, respectively



334 g hh 5 2 oKk I e 40 &

MFCE W% AR E F BAA H x W x NHJZER , W45
SEXPALERAETT L R AR

w H vah’"
gn=zw_[l‘7 Xh}} , (3)
Hop g FoRliE n IME . St 2R,
P05 2 A RRIE i A 238 5 2 DA A e A ) A 2
I ERE

Jr it B9 MFCE %26 38 12 %3 48 3% 32 1) £ 1 X 2%
N MCE 5 By B A B J7 =X, SEE T Rl M 2% 2
EA5 BElA DL s B BT SUE B A . irdgil
2% ml Ay B s 2%, B T8, R &/ M
A SUAR R 2 RSO X 25 AT U1 2, A2 SURR 3 % pRi R
R

1 L
loss =~ Z<yi,log(¢>(xi))> .4

i=

ot x AR I B Rt LIRS i R
B 2R F K Ay, ®(x,)

1R % softmax PR 2, 1M <yi, ‘I)(Xi)> D)X e b 25y, A
®(x,) B BUETT
3 XWHERSHW

AR AE S R FBEE 4 16 T4 i MFCE
W26 EAT IR REDEAL o 1 2, X AHlE B R S 56 1A 1Y
HARGNTIAT AR, SR B MFCE 2 5 8077 (Y 1
RS I 500 07 0 oy G JE HEAT X H , B
XFFT R ) MEFCE I 25 2538 40V T SR C S B0 &
PEAT TR AT, IR 45 1 T 4% s 1 2 850 Fn it
GRS
3.1 SEIGHUE

A SC R H Aerial Image dataset (AID)VHI NW-
PU-RESISC45 W54~ RUAST K4 4 Xof BT 42 Hh O ik i)

Playground Stadium

(a)

PEREFEATIEAG ™, AID BUHE 42 5 10 000 7K R4
F1 Google Earth ) U}k 600x600 14 2 11 [&114 , 7 []
PRI 8 m H 0. 5 m A%, ARG % H AR
FEl DA 220 21| 420 A4 . NWPU-RESISC45 %41 5 £
5 45 2R 4 A Google Earth 193t 31500 5K 2% & &4,
BENR AR R SF R 256256 12 K, 25 6] 43 HE M 30 m
0. 2m AE, FIRWANEIRE D EIGCRET 2
TH S B P A AS TR) [ R B X, A48 TR Rl ) 1%
5 DRSS T o R S A B A s
Ao 1 18 JER RIS 37 5 43 2 A ek b B A K ) AR e
£ EAEFEN RIS FI, 78 AID BdE £
NWPU-RESISC45 i 46 I, X} i J&k (5 3 &= o 28
BTN, Al S mT DL g b S W% YA AE
SEBRAT 45 H AR BE T 50 UE T vk A 5 LA
KMSHE L.

AR EE AR b EG TR B BT 23 8] )
B BORE BFEE RS . —IREG P A
Z P [ AN ) DX IRRAN () R Y i 1 7 55 ) SR
T AN RIS UG ] R AR RS 50K, 55 288 3 3l B
T b 17 T 0 2 AU R, S LA R B
B3 250 T FR A AL e 5. il 3(a)
Jis B AR E R P ¥ iz shi, S E
By FE XA T RS A H G B 3(b)
KR VR B 2 0 v 0 Rk B, PR R
DX TE T ] R 75 A i £ 1
3.2 IMERFMZEEE

SEIG SR FHEAKRE FE (Overall Accuracy, OA),
R4 IE A 328 1 R B30 ok DA RIS R B8 A Sl S 5
FIPEANRFE b, DL AR RAG 20 2 25 SR ARG 1

X ATD BHE 4 MG B A TAET " i i 4
¥ 73 07 2 FE R 2R MG b o BB HILEE 50% F1209% 1Y
FIEAE R 2 g LA il 4 . % T NWPU-

Railway

Railway station

(b)
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Fig. 3 Samples of remote sensing images (a) AID dataset, (b) NWPU-RESISC45 dataset

(Dhttps://captain—whu.github.io/AID/

@http://www.escience.cn/people/JunweiHan/NWPU-RESISC45 . html
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FACNN 7E I Zrid B2 o 45 25 A R 2 OB AE A T 2R
G PHE RGN R A TS R 7 B S bR 2515 B 0
BR[O B LA T R Y

1M 2 JBIR T A2 A KB 4 AR
IrIE o JEREE o Wl LB MFCE, MSCP, FACNN
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MFCE X 48 7643 J5K5 B Sl T 3 KR B A 3 v
X B 2 ) R SCfE BRI G 4R T IR R 15
ST RAORG B BT, X 2 )7k 5 D-CNN 1)
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ks B 5 U B TR G X 18 R E R 5 oy
K A FRAE . 54 VL L, MFCE i flt #0530
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i, T LA oK UL S 2 R AR AE AR B B PRI R
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Table 1 OA of different methods on AID dataset

with different training ratios

OA

Method

Tr=20% Tr=50%
VGG-VD-16"" 86. 59+0. 29 89. 64=0. 36
Fine—tuned DenseNet—121 94.75+0. 18 96. 56+0. 17
FACNN!'?/ - 95.45+0. 11
D-CNN with VGGNet-167 90. 82+0. 16 96. 89+0. 10
VGG-VD16+MSCP+MRA " 92.21=0. 17 96. 56+0. 18
MFCE (ours) 95.51+0.09  97.14+0. 19

&2 NWPU-RESISC45 & E R R GRE LT &

FENSEBE

Table 2 OA of different methods on NWPU-RE-
SISC45 dataset with different training ratios

0A
Method
Tr=10% Tr=20%
VGGNet-16"% 87.15+0. 45 90. 36+0. 18
Fine-tuned DenseNet—121 91. 56+0. 21 93. 72+0. 20
FACNN!'?/ - -
VGG-VD16+MSCP+MRA ") 88.07+0. 18 90. 81+0. 13
D-CNN with VGGNet-16!7! 89. 22+0. 50 91. 89+0. 22
MFCE (ours) 92. 42+0. 20 94, 40:0. 09

3.4 5
3.4.1 AEMUERITME D KBRBZN
FEFTHE H B MCE B e rp SRECT 2 ROE i kiz
B LAREEMG R AR R B4R AE 1R, e T SR
DI E S (TP N o N w7 71 7 97 N i R e
AR RS . 762, 2 TP OB T
DU 2 22 RS b Ak i MCE AL ER (8544 i o5 — Fh ¢
F MCE BLHe (i 3175 S Wil ) =2 22 RUEE b Ak, b
fRJE FRAE R ZS [T 4ERE 5 2 x 2, 4 x 4 F16 X 6,
AT A3 I 5 2. 25 A28 10 DU 2% 22 RS 3l
b MCE #LE (G 25 MM R] . 36 3 w1 R Rl 3t £k 55
A3 ARG BE 52, Horh MFCE (2, 4, 6, 8) %R
K PUZR 2 R AL B 251 MFCE (2, 4, 6) %R
K= 2 RFEMILR ML, 458 %KW, MFCE
(2, 4, 6, 8)JA L MFCE (2, 4, 6) 5 & 14> 25K
FE o X — IR, X T o P R R X R A
A EZ ZY A i B, IR A Ak 5B /INRLEE i
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Table 3 Results of MFCE network adopting different
levels of multiscale pooling on AID dataset
and NWPU-RESISC45 dataset

0A
NWPU-RE-
Methods
AID (Tr=20%) SISC45 (Tr=
10%)
MFCE (2, 4, 6) 95. 160. 20 92. 17+0. 28
MFCE (2, 4, 6, 8) 95.51+0. 09 92. 42+0. 20
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Table 4 Comparison of different methods on AID da-
taset and NWPU-RESISC45 dataset

0A
NWPU-RE-
Method
AID (Tr=20%) SISC45 (Tr=
10%)
Fine—tuned DenseNet—-121 94.75+0. 18 91. 56+0. 21
MFCE without Context Encoding 94.92+0. 19 91.52+0. 30
MFCE 95. 51+0. 09 92. 42+0. 20
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Table 5 Results of MCE module combined with differ-

ent backbones and baselines on AID dataset

Method OA
Fine—tuned VGGNet-16 90. 19+0. 38
Fine—tuned ResNet-18 93.10+0. 35

Fine—tuned DenseNet—121 94.75+0. 18
VGGNet-16+MCE (ours) 91. 57+0. 26
ResNet—18+MCE (ours) 94. 08+0. 20

MFCE (ours) 95. 51+0. 09
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Table 6 Parameters and MACs of different networks

Methods Parameters MACs
VGGNet-16'% 138. 36M 15.48G
ResNet—18!1 11. 69M 1.82G

DenseNet—121!13/ 7.98M 2.87G

VGGNet-16+MCE (ours) 15.52M 20. 10G

ResNet—=18+MCE (ours) 11.98M 2.42G

MFCE (ours) 10. 14M 3.91G
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Fig. 4 Test accuracy with MFCE network and Fine-tuned
DenseNet-121 (a) AID dataset, (b) NWPU-RESISC45 dataset
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