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Abstract

Remote sensing images as a valuable data source in Earth observation can help in measuring and
observing detailed structures on the Earth's surface. Scene detection in remote sensing images has many
applications in various fields such as urban planning, natural hazard detection, environmental
monitoring, vegetation mapping, and geographic object detection. One of the key problems in the
interpretation of remote sensing images is the scene classification of remote sensing images. Feature
extraction is very important in scene detection and classification. Convolutional neural networks are one
of the deep learning methods that have significantly increased the performance of tasks such as object
recognition and scene classification, but their performance is highly dependent on the number of labeled
images available, which are not available enough especially in the field of remote sensing. Recently,
transfer learning, especially for the fine-tuning of pre-trained convolutional neural networks, has
attracted more attention from researchers as a practical strategy for scene classification in remote
sensing. However, the lack of use of local features and global deep model that is trained on the target
data set is one of the limitations of current methods. Also, if these networks are not deep enough and the
images do not pass through multiple filters, they cannot extract more semantic information, and the
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extracted features do not have high discrimination power, and as a result, scene recognition is not
performed well. On the other hand, the features extracted through local features are very large, and not
using feature selector methods reduces the accuracy of the model. In this research, to solve the
mentioned limitations, a hybrid approach of feature extraction has been proposed in which three types
of features including two types of deep local and global features and one type of manual local feature are
combined with each other. To extract deep features, pre-trained convolutional networks have been used.
The pre-trained networks used are: ResNet, InceptionNet, GoogleNet and EfficientNet_b0. In order to
extract as much information as possible from the images, a convolutional network with 20 fully
connected layers is proposed. Also, a combined feature selection stage consisting of two categories of
filtering and packing algorithms is included in this model. Finally, scene detection is performed using
several different classification algorithms. The different structure of pre-trained convolutional networks
and their appropriate depth can be effective in improving the extraction of deep features. In addition,
the combination of three categories of different features can provide a more comprehensive knowledge
of images. The evaluation of the proposed solution on the UCM, AID, RSSCN7 and NWPU-RESISC45
datasets has obtained the accuracy of 99.27%, 97.91%, 99.09% and 93.09% respectively in identifying
and classifying images. As a result, this solution has shown a better performance compared to the
models that used the manual extraction of features, as well as the methods that use normal convolutional
models.

Keywords: Remote Sensing, Deep Learning, Deep Feature, Hybrid Learning, Pre-Trained.
Sl 5l eolamwl ((blio,s xyls ol slacosgae dodio—)

Ly ool anly Olyicas (aimo Jle ;
Slp bl sy Glgeds (e Jlo 1) pgas Lo 8l g Ko st g3 ) imie sl

DS oo il gage Sl A (o) Sy 50 el
5 boytsle cdoa b wileee 06 1) Lo opglas ol
G4y bootS 5ol (ouyn |y (e) slasSl
s pglal x> dinny (nl 5o (555L8 (5938059, A,
ol say Ihyleclasl il casay e

plel &) ln glsiome DL 5l Wl oo pgal el
S olacosgame I (o [AS (5550 soliinl s
args S50 Guiey Oldllae )3 5 0dgizlae (i cnl o
Alel glsiul LB slaShy 0 e95 @iz Sl
£5 oy 35 yote Laid 89290 lalllae ooles & leay o[ -
g Moy e o Sg b g Groe sla Sy Jho (S
2 DV slos s oy 99,2 zlmeid sblie 5 Glosen

9 el Sl e oo Sog, 9 by, 4 5L (il
Dgd oo wlel oo 5l Gl polal (5500 e 0

gl oz oS5 S, S s ol gl
59 3 Gl polal ed (gl eaipopled sla S
&8 90 ol ( Sy &5 A I Lo 0 Sug) Gl 50 s
S e o s 5l £95 o Grized (sl (Shis
Ll)bQT ‘hwm@])wo%)@@5oox 0 02
oS o S § o2

g i Cawlodds (g isu i dlas pl dalol
oo (nl o eolitul 5y5e mealie 5 ool i
Oy BBpll oIS 51 golaay ca in 3le s e
Oz e S ee e 1y e 5l e Ay o
Tl 4 9038 Trhae ) ae) cnl )3 (s3lidn B,
@il & an e ol pelaisl ol s o1
LBl pl dslin oo 05l 5 oo calsdsl)l STl
ol 5o g plaml il A5 5o bl e rdey slaghs,
Che Ao o eanl G5 sliin 5 S ams
Cewloads 7 las

oy wlusl-Y
5 oolaiwl 5y50 LL eedlie oy, ol iou ol
Gl ol g

bazs goanaib jshied j50 5l Giniw pslal jends
s Gl g e 00llld aagh B3 S0 a
o4 aS Cul o Lol Bas wjex pl jo suslonds
slodil b cuwlie oz p 90 5l Gt el
LEQ)))L{ U“‘ rb.dbd uol..a.&‘ on)Ju L)AA-AJ )l ‘S)L.M
U] et el aloz 5l ogite (slaaiee) o
e 5l Cond plaS a4 5 5 65 a0l lgi 4l (6l
ol ploxil (53,40 9 Cu e g ool LSS gz |,
do oS b @b 5o ] ol @l ble asis
4> Cwnd o 0 el aSul gl JF] e b
5 BLS Lide (gl paid (el oo, J 0SBl
W8 e 3l [V] SLdlss slisl Janiess
98 3l SR ) ppeal 093259, dxwes S92 L
do il (ol ot 51 o5 905 3573 5 (sl il
9° )I wM )JBLQJ S 0 6me ‘_g..\...:d.o...‘a
onlply bl asly Jalaie la s s o5 SO L g
Lal JeSe ghe o ik sl

Y 2l ¥ oLl iFeY Jl


http://dx.doi.org/10.61186/jsdp.21.3.69
https://jsdp.rcisp.ac.ir/article-1-1398-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-12-14 ]

[ DOI: 10.61186/jsdp.21.3.69]

G 329 )5 ozl 9 (Groe (545 b Sl oslaiwl b y9 S0l HI yiaian S Ao Yousuiss Sgu

~

i

coasis 5 eslinel Lol bl DY]w,5
S le oy bel Gy 5l Bee
Sl S S a5 slaayY oS Ll iy yos 33907 )
Glp wb oz sbay hais wilad 3 ol 1) goute
Ohigel ke onl g ools (bjsal (ol il
D9 g0 bl 31 A 390l & Cunmd iy sl
So ol endaidgel la Sy e oSdes ¥
Gipelobe snld Jsb 0 Sn sslasgers
g Vgdoe JEe Koo alie wlby 4 o554
P90l b daglin ;0 (gt o Slas 094 4o
slroslsacgoms 3l aS Sy ogasar wi)ls lawl
5o ooliil 55 ulaiS (sl eSasS
A 4 0390390l i 3l Sla Sy keSS0l 4y LY
Jsb o 5aS (gladiges 5 ool b gy pwass S
A o 1y ol I8 gl 3.8 wulais
ol oo bigel iy laaSil i gens
a5 s Inception 3 ResNet VGGNet (AlexNet
Siloass  bygel ImageNet sslsacgome (59, g
Gl 2 b pslas Sl ensas gl o Sy
sl e 1 JLagdgls (e glaass
3 $FelS plin alls lp pglad sanail
Dyels 5 ool
oY S b omsbisel Ll slaass
hid 5w oe Al ) (sogee sla Thy &5 S
okl 0,50 Wiz @by gl g sy s
S plsiea (LB gl gla Shy w8 )8
o5 45 WS o Jos gages (Fing bS]
oy sy aS Jb o 0,5 o)l 3 colaiul 40
P9y (nl b oo Gerad 380 oulal Job ;o g 04
Oley g oolo @y 5bs il 5l el Bgel 4 o
sl lore ganails I (g gm0 )lo (55505 (bjgel
(V) IS j0 iz dwocan ;o dgleilS Gaes

Cewloads oo)ﬂ

xo (S g ousS zl puwl-Y-Y

S st olaeh )il e (S leeanSzl sl
3 g ools jauseid |y dne o gblie g o bl pyglai jo
gl ) bSGwes 5 e gl Shy lag]
obie Olpess ) ohgt o Sy opl Dolass
U Camd pgal (0 0pf g olidy, Dl (A5
S el e Gl gla o
2 A Ul el (e Sy slaoaiiSe s
Wlby plxil 5 pglal G Ll jasis
09 o0 (gaaib

&

! Local Feature Extractor

£ 2le ¥ oLl 1Py Jle

J9° )“ JM—‘—Y
A gd s0 00l 1 e duoy a5 (RS) g0 3l iowiw
ey e 5o 3l b Ll 050 50 Sledlbl (5)5laez
D)l o)lal adhie b e b opediee wled o
S sr b ey haw Baslie sl (o5) 90 5l SR
Splen slalanlen b g ojlanle 5l oolarwl b Lad 5l 7l
b 5l sy e LSS 00l Gl ]
csnlolinog xSl (6550 9 00,5 ool pwdolineg Sl
e &S o S |y ey grlan S oaliabolu b ool uSaie
st Ol 4 G g Sy lices el So ) b
S 1 Ll cpl 3ol lish (o 93 595 laad! itz sl
oS |y B0l Olnid g S Glay oK) b jre g
blog g bajlnl 5 alide gloil jo0 5 (om0 a5 o0
BT B g E W S CEPSACL | W E S P
O9obe ooty Ll pi (gl yiegil aatan U v by
5 Sl 08 0tk (Sl o8 gole «Suoy a8

Gobopaia o ool oS e 3l o pglas
‘LS)inz.’ Sl G)bﬁc\.&.ﬁ.} gdmL:;S ‘uw...»y 9 6}.3)15
Slaslie (olidoliol sl togh (s spyaelin
ey O Ol ( Sidsiisesi win 9 ol
2y 5 ol CekS olsy (LS Gibs obs (2SS
DYl )ls s

asloads ool las (V) JS& 0 a0 5l romiw a8
23 B Sl olgale 9 Wb o o) haw 4 90t j0> o5
b gliss Sopoin 5 WS Sloppgal 1) LAl
Sl pll ) g0l )3l i ¢ palad ol (gaiaals

(8] 590 31 Liomiaw wiglyd :(1- JSi)

(Figure-1): Remote sensing process [5]
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(Table-1): The structure of 20-layer network
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(Table-6): Percentage of accuracy for remote sensing
images for UCM database (training ratio 80%)

o9) cds
BoVW(LBP) [28] Yvay
BoVW(SIFT) [28] YEAY
VGG19+WSPM-CRC [29] s f
Resnet+Hybrid-KCRC [30] av.ra
GoogleNet [32] A AR
VGG-VD-16 [29] 0.7\
VGG-M+IFK [28] arAa
MLDS [26] qY.YA
DFAGCN [14] AASA
Proposed Approach .Yy
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(Table-7): Percentage of accuracy for remote sensing
images for NWPU database (training ratio 20%)

o0 s
BoVW(LBP) [28] ffAay
BoVW(SIFT) [28] YY.as
AlexNet+SAFF [33] A¥.-
VGG-VD16+SAFF [33] AY.AF
AlexNet [12] Ya.AD
VGGNET [12] va.va
GoogleNET [32] YAFA
MIDV-Net_CS [33] Av.AQ
RADC-Net [34] AY.£Y
DFAGCN [14] AdYQ
Proposed Approach av-q

29901531 y9lad i (5l p CB3 w8 (A= Jgu)
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(Table-8): Percentage of accuracy for remote sensing images
for AID database (training ratio 50%)

9y s
BoVW(LBP) [28] £EY0
BoVW(SIFT) [28] Y20
VGG19+WSPM-CRC [29] av.av
Resnet+Hybrid-KCRC [30] aY.AY
CaffeNet [31] ALDY
VGG-VD-16 [31] AdSY
GoogleNET [31] INARN
VGG-VD16+SAFF [33] aY.AY
MF2NET [35] QF AT
VGG-16-CapsNet [36] af.vy
DFAGCN [14] af.AA
Proposed Approach avay
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(Table-5): Percentage of accuracy for remote sensing
images for RSSNC7 database (training ratio 50%)

>¥9) s
BoVW(LBP) [28] INFL)
BoVW(SIFT) [28] M XS
VGG19+WSPM-CRC [29] .Y
Resnet+Hybrid-KCRC [30] av.ry
Two-stage-deep-feature [31] ar.yy
DFAGCN [14] 9f.\f
Proposed Approach 14.-4
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(Table-9): Comparison between different models
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