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Lightweight Hourglass Dense Network for Remote Sensing Image Scene Classification

LIU Xiangju, WU Wenyan, JIANG Shexiang

School of Computer Science and Engineering, Anhui University of Science and Technology, Anhui Huainan 232001,
China

Abstract: Objective In the task of remote sensing image scene classification with complex spatial structures and
geographical layouts, although deep convolutional neural networks (CNNs) have better classification performance, they
often have high complexity and are not suitable for mobile or embedded devices. Therefore, a new lightweight hourglass
dense network (LHD-NET) was proposed to achieve a good balance between classification accuracy and model complexity.
Methods Firstly, shallow information was extracted through a shallow mixed downsampling structure with a feature
compensation mechanism. This structure can reduce the number of parameters in subsequent layers while ensuring
sufficient information extraction, thus improving performance while keeping the model lightweight. Then, dense
connections were used between hourglass structures to improve feature reuse and to some extent avoid gradient
disappearance, which promoted information transfer. Finally, a convolutional layer feature with high semantic information
was used to guide multi-layer feature aggregation, so as to improve the performance of the classifier. Meanwhile, during

the training process, the cross-entropy loss function based on label smoothing was employed to smooth the true labels,
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which could effectively improve robustness and alleviate overfitting compared with ordinary cross-entropy loss functions.
Results Experimental results showed that the model achieved significant classification performance with only 5.4 M
parameters, obtaining average classification accuracies of 99.19%, 97.75%, and 92.38% on three publicly available

UC Merced Land-Use, SIRI-WHU, and NWPU-RESISC45,

Conclusion Experimental results demonstrate that the proposed model can achieve good classification performance with a

remote sensing datasets, namely respectively.
small number of parameters. Compared with deep neural networks, the proposed model significantly reduces the number of

model parameters while maintaining high classification accuracy, providing certain reference values for remote sensing

image scene classification tasks and model lightweighting.

Keywords: remote sensing image; scene classification; lightweight; convolutional neural network
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Fig. 2 Shallow hybrid downsampling module
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B AERA R B ARTE 10% B YN SR 5005 T FEAS SC 7 Ba K 5
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1/24 M ECT 5, A SCIERIAE B /NI 33 SR R T AE T,
TEPERE TS VGG16-DCNN 2 A, PR I T LA 55 4
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%3 AEFHEENWPU HiEE FHxTLE

Table 3 Comparison of different methods

on the NWPU dataset

P R/ % x &3
10% M4 FE 20%MNEE /M
Siamese VGG16! — 90. 06 130
Siamese RestNet'®"’ — 92. 11 26
VGG16-DCNN'*'  89.22+0.50  91.89+0.22 130

Alexnet—-DCNN! 85.56+0.20  87.24x0.12 60
ADFF! 86.01+0.15  88.79+0.17 —
LASC-CNN'! 81.37 84.30 —
Alexnet-SCCOV'?)  84.33+0.26  87.30x0. 23 6
ECNNE! 87.21 89.93 —
LHD-NET 88.46+0.23  92.38x0. 12 5.4

3.5  JRIEHPERT AL BT

TRWEFERE 32 N T U Ay 2k, B a4 78
A I SR 2 B RN T 2 0 o L R IR RN T 4
AR XH RSB 73 R, S PEA o A AL B
WHTH, TEARSCIRIEERM (B 7) R AT
THMARAE , BHRR A TARSE XA E0EUE 4y
FAEH B A 43 L, IF B2 T BRI, 4 25
iR, KT NWPU™ BE 42 25 it &2, AR SO
UCM "™ 1 SIRI-WHU"" B A~ JF 8 4 A7 IR
R AT AL S5

Kl 7 J& LHD-NET f8I7E UCM ™ $edii 48 AR5y
TRIEHRE, WEIT AT LUE L BR T A2 6 (B 4EHEE)
R 4R ) 18 (Fgi A2 ) FEd 12 (Al
) HEIRVEIN, LT A B0 o 2k B2 4 RE A 51
100% , TE—LE5 1 s RAR T Re A LA R PSR .
— TR 2 A A TR B 3 R BT 2H R, B2k
PR 22 S A e (5 IR T e DAl K TE Aff R 5 —
Gy SR B AN R 10 2 (R A JR R AT, 30 R T AR A 43 2
FIXERE . RS INIL, 728500 6 (AR M2 4 (3
) TR B35 MR B R 30 19 43 23008 (90%

Db o MR EARE IR, &4 B IRE N —10
IR (REAE—EN Mt E—hAEE) .,
SR 8 A3 2 158 AR A W] 0 8 4 A 2 MR SR AE
23 [0 Jey b ARARL, i it A 2 A ep BT S e M ) 2R 8 I
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FRENIE JBGAG 1 SRR AE | T BE %38 1 28 N 25 5 A
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Fig.7 Confusion matrix for the UCM dataset
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Fig. 8 Misclassified sample cases
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Fig.9 Confusion matrix of SIRI-WHU dataset
with different training ratios
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B (MFFG ) Lh B 35 F 5 2557 W 19 538 SUI 488 2% R 85 h
- PR A BE X R AR B A 52

SRIRAIEAS SCHE I 22 SR R AR LG A A RO L
BT LUFRERLS ik B LHD- BS (GRS ) \LHD-
DA( H4%RN A ) L% LHD-NET (JnAEE &) . EAksk
Ui, LHD= BS R HI L — I RHIE 2 IR G 2 2
RRAE, DA A LS 2 R R a5 R Z [ 22 55
LHD-DA FRZ MR 2 A 1E—if, B A R AT
FAIREER I AN SR AL & 7 e 24 6 BURR IR L i B 2R
A LHD-NET A SCHE H 1) 22 2 R AE ALl A 5 72
X433 B B BURRE AT AR &, & 4 ATl
T LHD- BS #il LHD-DA FiffJ7 4, LHD-NET 7¢
3B M HERR R A Pt g, Jrf E UCM 3K
PE b AH LU RT W6 R 7 1k VR 20 R TE T 0. 34% I
0. 17% ;7€ SIRI-WHU #4f % L4354 7+ T 0. 19% 1
0. 14% ;NWPU Bl 45 L4 ml4E 17 0. 17%F1 0. 25% .,
A S A e BH L A SCHE 1) 2 2 R AE AR O
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Table 4 Comparison of different feature fusion methods /%

e
Sh AL 5o
R ik UCM SIRI-WHU WNPU
LHD-BS  98.85+0.17 97.56=0.29  92.21+0. 16
LHD-DA  99.02+0.12  97.61+0.21  92.130. 17
LHD-NET  99.19+0.11 97.75+0.31  92.38=0.12

AR SCHE S5 3 A P R B R T AR 2T U 1 28 S i
IR, Fo S R R SR PSR
WUE G Bl — e 0~ 1 Z08], BN 0 S 8007 U4 55
TR B T o A6 5, (H At T RE S A AL 8L AR Y
SV S HT LA R AR AR 11 o 00 XU, (L AT RE 2 T3
BRI TRINE A R K, P S50 0 B, AN kT
FRAET 1, I s 453 2% bR B5GR A6 ok 1% 5 14 38 ORI 351 2% bR
B 2P S ECN 1, & 580 T 7 i, i
TIZE R FRSF o FEAS R (14 550808 5 R A 25 () 246 45 A
S BUE A TR TR, B AR SO S8
MIEREEAT 1 o Sc e, HIBUE 5397 0.,0. 001 ,0. 01
0.1.0.2.0.3, 917 3 AT EIRE LT EBE L,
N3 5 R Y SECER G R, A 3 N EEE
HEREA LRI NS LA R RS SES B
FFEZS400. 001 1/, FEB AR, B LUA L5
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Table 5 Accuracy analysis with different values of

smoothing parameters /%
) F 7 A SRR
HEL
0.001 0.01 0.1 0.2 0.3
ucM 98.81 98.80 98.32 99.19 98.60 98.57
SIRI-WHU 97.46 97.20 97.29 97.75 97.71 97.29
WNPU 91.97 91.89 92.33 92.38 91.90 91.41

3.7 L pErENLL

Sl LHD - NET A5 78 [ 8 4 4, A< SCHE AID
RSSCN7 .RSC11 Fl WHU-RS19 3% 4 AT 19 3 B 1%
st R Bk T T s, Hh Il R A
MEASER LY 5 0 5 i A SEge 4 AL T 5 Uk, B
SEYEFBRIE SV e g 5, S5k 6 IR,

* o6 WEIZEREBHEE TR ERE
Table 6 Model performance tested with

different datasets

HAEE BRHF SFENKE PFHEHE/ D
AID 10 000 30 95.97+0. 14
RSSCN7 2 800 7 93.56+0. 32
RSCI11 1232 11 93.33+0. 37
WHU-RS19 1 005 19 92.81+0. 44

Wt 6 Al LHD-NET #8878 ik 4 N TFEL
Pt FARIH B O0 7 19 4 2 PR AR, Ud I A SO RS 3
AU BB R BEAEIE NN R0 18 B e BT 55
4 & w

A — MR ER D IE % E R A ML (LHD -
NET) % i 837 5t BUR i 175025 EFr & i LHD -
NET #8353 TIR)Z IR A T R H L BGE FH Y
FRIEAR B, 356 R % 1 00 T % 48 26 AR Ui R 5
K20 AL 200RE B AR, 5 il 1 48 5 2 B AHIER A, 5L
M2, M TE 3 MR R TR IS A ) 51
Y 2B SR R AR AR R ] L DL /D Y 2 R0 3RS
B IRG R . AH e 2 4 | T35 BURAE

RO /B X (5, LAk B b 2 R s B
Mo, 78 R R TAE b, 250 5 B M & W 2% i
Transfomer #£1745 &, MRy 3 — 4 Jay ok $E R 15 B
Ak, BT Transformer 588 H A7 8 5 () 2 40 AL
i S AR N, S CNN —Transformer 15 %4 [ 43+
FEMERE RN A% B A AR 1 TAEE 2 —,
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