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High-Resolution Remote Sensing Scene Classification Based on
Salient Features and DCNN
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Abstract Scene classification of high-resolution remote sensing image is one of the important tasks in interpreting
remote sensing image information. In order to extract the target information accurately, we propose a high-
resolution remote sensing image scene classification method based on salient features combined with deep
convolutional neural network (DCNN) to solve the problems of complex background, diverse targets, and difficult
to distinguish between target information and background information in the classification of high-scoring remote
sensing image scenes. First, K-means clustering algorithm and super-pixel segmentation algorithm are used to
generate the color spatial distribution map and color contrast map of the image, and the different contrast maps are
fused to get the saliency map. Then, the features in the saliency map are enhanced through logarithmic
transformation, and the adaptive threshold segmentation method is used to improve the discrimination of the target
and divide the target area and the background area, and extract the area of interest. Finally, a DCNN model is
constructed to extract deep semantic features and classification, and the obtained features are input into the network
model for training and classification. Experimental results show that the method can effectively distinguish the main
target information from the background information and reduce the interference of irrelevant information. The
classification accuracy of the method on the UC-Merced data set and WHU-RS data set are 96.10% and 95.84%,
respectively.

Key words atmospheric optics; high-resolution remote sensing image; scene classification; saliency detection;
convolutional neural network; deep semantic feature

OCIS codes 010.0280; 100.4996; 070.5010; 100.2960

Wi B H: 2020-11-25; f€E BHY. 2020-12-24; FABHE: 2021-01-11
HETH: BX ARSI S (11871379, 61540056) 3L T4 A KRB 448 S 118 (20180550450)
EIE1EE . "1Ivhh2010@126. com; 85578981 (@qq. com

2001002-1



$£58% £ 20 H1/2021 £ 10 A/EtE5EBEFFEHE

i

1 5

MHIEBER, S BB BT TEENS
V) 4015 155 S8, 2 T b A 0 U0 00 1) o 2 5 0 o U L BBV
Bb 2 3% 1P B A 1) 2 T) 45 0 RS0 38R AIE BT 47 b
e b ) E A 0 RS AR S AR 4B 56 & L X b ) E b
FROKG ff il PR LR T RE, E 8T 2 N T R A L+
Hb 7 26 AR ICE R I 3 T R L e B s ) H
PRI 40, (AR S PR B AR L R A R
SLAR S B 1t 0 R 8 I LA B e A A vk R B A
ZREVE B AN T 1Y 5 45 03 AT S5 ok — e IR KE. ik
A o 18 SR S BT SO H bR R TS 8] 2 A R B
1 BAT TR 208 SUME B B 24 58 A5 X 38 A kA7 3 5
G T RAE B S 5 AR X BURVE , 38U Kk
FEREAG . DR, do o] A 5058 B /& 40 38 IR AR 1) H B
5 IR )2 18 SCRRAE . DTN 52 337 509 1 3 IR0 F
SREXF R AR N B A REEE X,

T 0 5oy 20y vk BB T 9B B A RRE
SR 2 T SRR AE AN TP 2 0E SURFAESY L A Lowe™
IR AN AR R AE A8 4 (STFT) 5 A0E X e 5% | 5% JE A8
AT RUBE 48 TR0 AR A8 1 ok ey 3 e i 2R AT A L 2
T — R R X BRI . Oliva %55 $EH T —
Foft 3 T 4 JR) AR 2 U AR AIE (Gist) 19 07 36 05 W 3 5
HEAT HARYIE], B3 A SR X R T
AR BT N (ER (- SN S < O R 1 P S (T £
JERIRH Y T A G R, T2
FEAE 9 7 1538 38 % JR) 38 AR AIE AT 4 0 L AL e 3R TR
IR SAR M 2 RRAE o e B R A R 1] 4
B (BoVW) , 41 Yang %" Fil Fi W0 5t i1 it i) 3 51
454 BoVW B, B8 T —Fhak 2 1 25 W] 4 - 35 T
it 4% (SPCK++) J5 i 4 L BoVW 18, 3% J7 1 1
O IRE BE R H R A A . Zhao VUK HER
PRV 7 2k A 58 7R 0 L (LDA) W H T3 5, A
LDA 1R 532548 1) —# 70 (P-LDA BAD Jf F§ LDA
My 32 B E 32 B (F-LDA #2548 & 7 LDA
(53 28K B . bk i W B2 2k S SRR T R £ R
(R 185 4 5 A5 B ] g 25 R R R AR AIE R 3o JOR B R
1. AR SR ST UR BE 2% 2 (9 5 1 Wi AE R 4 25
AR AR E T T N Y L 0 Bk AR AN B
T — b EL T 1 W 4% AR 1 A B A 2 I 45 (D-
ECNN) B 43 28 5 i X R BE W) 45 4540 5 S 5017
SR A Y/ A (RO Y S R T Rt
95% . A /N RN R B R BRI R
e, F P B 22 9 4% (CCNIND 412 BUEs 2 WO E 3 1)

SHEREHLSVMD B AT 42, XI55 % 3 T Bk
KA H(DCT)YEH CNN $##H# T —# DCT-CNN Jy
6] i i g S b AR R 3 H AR AR B R B R AR
PEAT AR UG TR A K5 . 2d AR 460
FI1ER 2% 2 J7T T Inception-v3 T YI| 2k 45 5l v 32 B
FRAE T 4 (FO J2 BT K i, — 2 B E b
P TR R AL RE S, AT AR B T — b
FF =4 (3D) CNN 1 i = BRI AR 4 25 05 2,
BRI 6 2 3D CNN 4 UK 2 19 4% 184519 1w K
SERHE DA AR S5 A5 S B 1 X A0 s 4R 1Y o3

25 bR Y AT CNN X 12 B AR 19 37 54y 2%
C A W)L B I AE I 3 JORS BE T A T i — 2D 4R T 4y
SR Y 5 2 4 BN BLAS B R R, 2 R
SARITRE, AT AR T B B AR =
O3 0 B I 78 40 M SE AR B 35 M AR AE AR 2 08 L
FRAE A SCHRE T —Fp 3 1 2 3 MR R AE AR CNN
(DCNN) Wy 5 318 ISR W 5 o 8 k. Al
FHSZAG Y 0 2 P R AF 4 BRURR %8R X 3k (ROD) , 38 2
P DCNN R 2 BURE AR (19 TR 2 38 SRR fiF 5 52 8L

2 FEARFH

2.1 HEEZHERREEGZSE
WL B AR K 4y BB VA Graph-based Bk
MR R (Superpixel) 595 | 73 7K e 55 2% 1] B0 2
IEAURIE (SLIO) k% . X Lo 2 Fhl 18 3% 20 51 3
T 132 B R RS54 & B, SLIC Bk AT AR R 41
R N ] 285 A A A RO T Al o 1 ik, H A
A R TR AE L REAS BIR R PR3 BR R
ARG EISE R, SLIC 5kt AR 8 [ pr g i &
512 (CIE) A 4i B9 CIELab ( Luminosity.a.b) B {4
2% ) RN 2 A bR 4 o8 114 4 ) % AR v B R AR
P8R A R B T U A R AR R B, oA
KNS [a] 88 A5 2% Bl ELAT AR [R]85 AT 0008 20
TEGNIIRER. 2K EE D N MRE &
F K A AR R D, W A4S B RN N/K
FHAR AN F o5 m o BURIERIE RS S=/N/K . W 4E B
0,00 1 5 2% ) B B 78 B 7 s B SR BN R BB
R R ACRPR RV HIY 2S X 2S 3 Ik m]
RN
do= /U, — 1)+, —a) +, =06, (1
d.=/(x, —x))"+ (y,, —v.)", 2)

2001002-2



$£58% £ 20 H1/2021 £ 10 A/EtE5EBEFFEHE

D'=./(d./NO"+(d,/N)", (3)
Krpod. HBOEEE L NSERE  a b D A B0 3
HEE ., MEBRIEE. (2, v, (2, sy, HFT
S AR BR . D' Ol BE B B R, N 28 DY R K (4 B
B — BN 10, N, =S Al KA REE, —KIE
BT (DX~ XEMR AL 10 W5, whae T 5]
PO AR Y 23 B BOR
2.2 K-means B
K -means 5B E 7L & B T FE 25 A B Y 2R 26
Bk PR E T 2 iz 5 H T IR 48 AR 4
SIS IER K H 38 o AWt 5 m kAR 2 i
Wi B 7 T FEAR P RN G BN A0 . 38 X L
FEA Z 18] B AR ABLE B AR U A< 0] 4324 ] — 28, DA
X EMR AT S U B, 7E— D K A3 R %L
PR BENLERCES £ 2 e, WREP O p, . LY HET
R rbon #0720 B B R Wi
RO RE DL EAS S RE PO EE A
RKmH
ECco)= > |x, —pl, 4)

Xax, N R KBRS s DRSO E, p I
RARERL . AL IR S R L B
WY 25 1) R DL R B
2.3 ERNWMEMYS

CNN 2 —Hfu & & BT B B A W% ) 25
AT B T A Ao 28 X 45 3 o X AR AR AT 4 BRSO
FEHN R A1 {5 BT BR R A . AR AT
WOl FEAT 46 98 > 280 By 1 S g LA A
BEA G AL AT, CNN 2452
AL JZ BEAT YNGR, Lo o) A2 Ry e ik I AR 30 52 PR
T E AL )R 12 B S RO A i 1R oy R AR
HRI

D B BUZ H A BRUZ 24T AR Sk 42 B,
AT A S R — = A JR S I A B AT O 4
PAER IR AR AE . A RS 5 18 AR 59 158 T &
IRHA

x) :f(zvrilekfj—Q—bj), 5

Aobal N L ERIE ) ADRRAEIEL N O T4k )
MY SEIE ks AR LRI ) D BB R E N .
GEIER 505 A LR FRAE WS A O 0, £ O S

2) WAL )R - X 25 FRAR B 5 Ak AT R AR B
PARAE T8 H 0 N e R M A A Bt Ak . R T ek

A 2 I IX 8 8 B R T R AR AR A 24 32 gl e it
USSR N AL I

= (D xl Xk, +b) 6
iEN.
LRk R RoR R
= f [0 X pn (2t 057 (7

X o WAL RREL 0] I I RFE R AL

3) AERE)E A RN G TR AR 4R U FRE
BG R ko — A AR B3 S AR
S VT PR A R A S B, B )2 Y A o
VERT LAFEAL N B R 1 X1 B 3 B A L X Rl 2 Y
GREER RN BERE R i X e REHRG M
JONHT— R T R A A R R A Y
PERER S EC G 2 # )2 M B2 B (K ED VA2
4 ) P 2 OB CBE D NS PR,

4) Dropout Jz : Dropout J2 /2 & B 5 > b i
A IE AL 7 12 R R S ] 2 T SR A R D
YR R RL A 5y 7= A ik UG 4, BLR R By
RITEIN SR B b 0% 451 2% oR BRI, 19000 HE 32 05, i
e 3 R P b B At R ek BB, N ME R AR R
T 1) A 48 1 A I Rt Ok b i e 22— R R
UE G 00 #88% CffE — f F9 BB 5 s (B 0O B EJEAS $ih
28 TC Y WONG (B LA — 5 M A8 45 1k AR DA i g 2D A
U K8 26 5y R AR 7Y 3 S O L BT b LA
ML,

5) Softmax 43 #%: FE W E 2= 2, % M
Softmax PRELIEAT 732 1% pR EO0T o — S8 Ky Y B R
Zeouk I B (0, 1) Z Al i KM R MY 1,
Softmax PRELR] TR N

exp(V,)

Zexp(V,,)

ALV, MR —E e . g AL C N3k
WSS, TR R HEECS B A T R S8 B
FUAEL 12 R BCRT K8 22 1 28 03 0 i s % A O AR R 2
TR HEAS

3 RIFEH

ENy R OB RN R U I P N o R )
TR B E AR ROT S EUAIEE T DCNN fY
s = A0, HIEPR. DIETBEBESH
5 K-means BIFEWOGY AR MY 35 HRRAE O A6 B 5
E VAP E A Ei e L RN E B VA R (I
B 2 E A A A EE JF 5 BUROT; 3) A gt —Fh

, €))

fI:

2001002-3



| saliency map 1 gray image

image % T"
segment ¢ .

binary graph I |

$£58% £ 20 H1/2021 £ 10 A/EtE5EBEFFEHE

harbor building airplane---

T I
saliency ROI
detection extraction

T
image recognition and classification
based on DCNN

1 AT LR AR

Fig. 1 Flow chart of our method

DCNN A8 X0 B 2 18 SCRRAE SE AT 52 U 43 28, 0T 4%
YIZRFEAS fiy A 0 26 A5 20 vh A7 Y1 25, 4K 5 78 I B
BRI AEAHEAT 432
3.1 EEUHUTENRESRE

1) B X} b ] i g

BT LT LIRS R S BB 225, N
TR &SRO G AR R 0BG R RS
AR PR, 3 F 6 1) SR 3R HGRE S AR R A 22 TA] B K
QR B g Al ok R R e 5 AL 1y A )
R XA R DS WA S S O =1 S e 3 L S E il
Bl B KA 15 B 2 545 5, s xR AR &R R
FNEEME B L B AR AR AN T A5 m o FTAE X 38R B
CIELab B4 25 (8] 22 5, m BT AE X 38k i 30 €6 % He (8
C, AlEmN

N

C,”:ZHV,”—V,, Ww,, ,w,), 9

n=1

H Vi = Va H:

{a,—1)" 4+, —a,)” +b, —b,)" ,(10)

Ww, w,)=1/./(x, —x,)" +(y, —y,", (1D
2Ly, Flv, MR m Ffia ) Lab B, 0] RN
Usasb)sw,  w, HXB m.n B0 AR, B

N
Dlw,aw,) =1,
n=1

NGRS S0 QNI e 5 RSN
TAFE T A0 o B, ) SLIC B892k X bl ML 32 B
(19 1000 5K 48 4R EG AT R 28 AR R A0 518
50,100, 200, 300,500, 800 B % ¥ 19 i1 4 4 [a] K
(ER) FI R 43 1% (CUR) tn |8 2 s, Al LA &k BE,
SLIC 53 1 43 1 2050 S Bl 8 15 2% 5010 18 o 3 e A2 4
Ry ENRBEBEAC D B MR R s . 4G
FHCh 50~200 B, 4> BIROCR$E T s B AR 5K

10 10
9t a5 08
8l _dos
7} - 0.7
6F 0.6

§ 5 055

! 0.4
3} 0.3
2l 0.2
1t 0.1
0100 200 300 500 800

Number of superpixels

K 2 IR ABAR 3R Hor) o %1 45 2R
Fig. 2 Segmentation results with different number

of superpixels
2 200~500 W, 4r B 5 TH 28 AR R AR
T 500 B, 20 BRI 48 TR A 2 48 . Ik Ah, SLIC 57
125 B A ) T) ol R 3R R B 2 R v R K R
LR T IR 5 B R0 R AR R B 500,
2) B =S () 43 A 1] 0 A
PG 4 25 ] 43 A AT LA 280 DK ) i 3 1 X 3 5
XL I, R A K-means 286 B A H [F B (4
FROE R G o — 25l i T R A 2R RN B
23 6] Jy 22 5 2 A1 0,25 [A] O 2% . 45 330 19 %5 (8] 43
TR RV KR T B T S N T - G R AR
N SRR s Bz W B H AR A 3 M DXk
MR K., 6 ABESENEEX LE YV, 7]
FoRH

. ) 1 —exp(—D;)
Vr = [exp(— D;“) X exp(— D;m ) +#j| ’
o
(12)
Z Hzt — K, HZ
. z, €Em,
pn_tm (13)

n,

2001002-4



$£58% £ 20 H1/2021 £ 10 A/EtE5EBEFFEHE

2
M V M z;, Hzr _H'rH
DM=>Dr=> """ D)
t=1 t=1 n,
le, —ei
z, Em
Df=—"———, (15)
n,

XD WAy 22, BNE B A RS E
(1B FNZE OB RS DY e A 6] 5 2%
BV Py 200 o7 A A 6 P 07 L ) i RS R 5 D
NFERLENBOHUPER SN BT 2.0, R
bz, WER AW AER m, JiZB 6B R W
Hehe, WBE AW Loa b Iy &, c; N BUE 7 B X

K3 B SR IS

Fig. 3 Extraction result of saliency map. (a) Original image; (b) K-means clustering; (c) superpixel segmentation;
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Fig. 4 Extraction result of the ROI. (a) Saliency map;(b) gray enhancement map; (c¢) binarization map; (d) ROI
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Fig. 8 Images in different data sets. (a) UC-Merced data set; (b) WHU-RS data set
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Fig. 9 Experimental results of the UC-Merced data set. (a) Original image; (b) saliency map; (c) gray enhancement

map; (d) binarization map; (e) ROI

#F 1 UC-Merced U4 4E 1 50 2K 1

Table 1 Classification accuracy of the UC-Merced data set unit: %
No. Scene Accuracy No. Scene Accuracy No. Scene Accuracy
1 agricultural 96 8 forest 95 15 overpass 100
2 airplane 93 9 freeway 100 16 parking lot 100
3 baseball diamond 100 10 golf course 100 17 river 100
4 beach 100 11 harbor 100 18 runway 96
5 buildings 84 12 intersection 100 19 sparse residential 100
6 chaparral 100 13 medium residential 84 20 storage tanks 88
7 dense residential 92 14 mobile home park 100 21 tennis court 90
Average accuracy 96. 10
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Fig. 10 Confusion matrix of our method on the UC-Merced data set
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Table 2 Classification accuracies of different methods on

the UC-Merced data set

Method Accuracy /% Time /s
Saliency + Multi-CNN 92. 86 2.27
MS-DCNN 91. 34 5.90
JMCNN 88. 30 0. 81
Our method 96. 10 1. 95
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Bk FAR BN 1. 95 s, 33 6 B 7R J7 325 RE 42 B
HAR I SRR A L 30 0 X 3 5 IR H AR X
(53 B R S A 3 S X AR RE L R B A
A S5 Bk TR 28 SCRRAE B AR 1 b i A7 AN RS
i) 2 2 A8 1 55
4.5 WHU-RSHIEEHNIHLER

AT X WHU-RS $4i 4 v It i s 43 18 85
B L ER Y, Tl XA 2045 ) 1Y 2 26 45 SR
B11 s, Al LR I AR 7 IR e St 2 2 3 5
BE 42 U T BT 10 B AR DX R 18 DA T 58 300 15 4550 17 b
Y B ARG 502

AT XS WHU-RS $4f 5 45 2800 019 73 05
RS B 3 BT n . xF R Y TR V8 BE N
B 12 fia. o] L& B0, 78 WHU-RS $# 4 b, A
Ti X 10 2637 5 09 43 B0 B2 3K #1000, U0 e A
s 115 UC-Merced £ 5 09 70 2585 B — 2L,
1o 100 %6, 31X 6 B AR 7 ik xh ik JL 2 o G AT
Mz ACRE T o Rl V55 55 20 B 22 S M /N Y 3 5 03
FRGHE Ry 100 00, X 52 % JBE 45 /o 1) 3 S5 A B8 4 415 A
B4R 28K o R Rl XL Tl ORI 2 X
3 P DX SR R 8 14 3 S AR T 3k 1 ST B8 B AT

2001002-10



% 58% 20 H1/2021 F£ 10 A/H A EXBEFFHRE

11 WHU-RS 84 PSB85 R . () JER MR 5 () B35 18T (o KB IR I 5 (D (AL & () ROT
Fig. 11 Experimental results in the WHU-RS data set. (a) Original image; (b) saliency map; (c¢) gray enhancement map;

(d) binarization map; (e) ROI
# 3 WHU-RS 984 00 50 I8 1

Table 3 Classification accuracy of the WHU-RS data set unit: %
No. Scene Accuracy No. Scene Accuracy No. Scene Accuracy
1 airport 100 8 football field 100 15 pond 100
2 beach 100 9 forest 92 16 port 100
3 bridge 100 10 industrial 93 17 rail way station 93
4 commercial 91 11 meadow 86 18 residential 91
5 desert 100 12 mountain 100 19 river 92
6 farmland 91 13 park 100
7 viaduct 92 14 parking 100
Average accuracy 95. 84
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Fig. 12 Confusion matrix of our method on the WHU-RS data set
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Table 4 Classification accuracies of different methods on

the WHU-RS data set

Method Accuracy /% Time /s
Saliency + Multi-CNN 91. 80 3.13
MS-DCNN 90. 05 7.33
JMCNN 87.63 0.98
Our method 95. 84 2.32
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