[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

L) . “0

Qe st i
»

\_/"U ta v a 1Eo P job qpgu ol s b Jiw
Vol.11, No.3, Autumn 2023

. e £y —ov
WA{/J} °

ol e T b sian b DeeplabV3+ LS oy 5185 joy aSls sl b3 !
(Hloss b (o lxo (guoy dxlad 60590 axlllan) ol

T 69900 b dnbld | ol )8 pe sz

) a5 Son 5 oKl oyl pee 0aSTalS (g0 patE pwdige 09,5 ()90 5l o ab ] wlil IS ggmiils - )
@) Sl 0 ey ol ¢yl yes 00SLalS (6 )0 palE cwiige 09,5 JLolisl Y

VEYYNY sallie Gpdy d,b VEYEIYY il il s gl

oduS>

wlagl S0o3 g laglaaslo ojlasl § 5, (JSi 50 gl .l (5 lgis HI5 i olime sla Shg a4 5ls o 0 lagyleisle (sasankad
San b i oul 3 djleiss spg, ooty Lol zads b sl o |, Ll pasts aplls 5 eSSl il (o)l nlo
oud gl Joo p (gt LaS 50 105 50, 295 5| Bres (hamm (sras A lene Gl 0l gady b gl I GleiSle gl Sl
Jlesl o Lol Jgilo b anslin ;o (5,55 slog 5 b ioes sloasY o 2ol Joe ol (g5 Jgsle 5 .ol oo solezsl DeeplabV3+
L Slzls (plee Janes u8 Hlow ganashd 4 olows Bas b 0o 5 oolaiwl o laslinl jiors gl 4 00,0l oy 3l g oo
03,5 L5, TINRIA g WHU ools dacgezma 9 5l oslaiwl b guios ol jo (golpaing Jow ol ! codil 08 5 Gixe )5 9 S5 o5l
59,y |, gomankad o Slae 4> BB jsbal ¥ 5 A F 4 Ll i 5 16 g 3T slag i 5l eolail a8 ols olis suel Coway @l
4 Coens WHU o0ls acgozs jo 1) Gl 3lal 9 10U ¢ Slgz 5k sla oz li couilys (golpiinn ool 2 ol Jow aicn g 00ls dcgezms
Cudlgs INRIA o0l dcgoze 10 0als #Mol iy, cogdle 4y didy dguge =Y 5 + ¥ oYYl & Cod b & ad i b Jow plo
SealS bl o plis golpiing Jow oot 0guge o ¥0 5 o YO N YY e 4 i 5 4 b Jaw pl 4 Cad 1) 558 slo ali
03ls acgaza ;0 AVOY L ol 10U Slaxsle (o)lse zl 5l jo cosilss ResNet-50 slaas¥ ,o ,oxi g VY g A F 4 ug il slag )3
ol 455 g VA OY F us 5T slog s b Lol DeeplabVa+ Jas Sl 5o il cews INRIA o3ls acgazs ,0 Y&#F 5 WHU
onsaskad s INRIA o3ls asgazs ,o I, YOAY b s IOU Jlaie s WHU ools asgazs ,3 1, AVAY L pl,y 10U laie ResNet-50

3,590 Caws 4 gyl

ugszw‘Lj)ﬁ)‘)bfﬁ) swwwﬁ&u‘@w 6.\..44.'-‘43[.@0)5..&*15

*

e e 5 San oSl (lng) (ol g 00 Al sniuy g
SYAYYAV- oYY coal
Email: fmahmoudi@sru.ac.ir


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

a3l JalS5 (DCNN) 5—os iy e
slalo )0 48 ais eyias ae slaaSed
L pgbai oline (samankd slo g, o iml) sl
il (b laaSes sl g ol (bl ol £os
Lo, 55! ol ol caye LYY oY 2 VA Y]
SSgale ) Vb o sla Shg asils oo a5 sl ()
Ll o Slas 094 4 e ol ol &5 08 gl 2ol
Sidy e opte |y (plime (gaaabd c85 g ond
9 3l (695,8 Cadl yo ataly zals8l gl [VA]
IS 1y i o plésl Sliles LaaSeds ol o Lol
slasTig am liws 4 e a1 Gl S e
Sl dsged w92y (il L 0900 Bres (line
Slsizr g wesoe a5 1) (Lol pgai olal (cials
Gogazhad a0 (0 S e BA> ) o S
L o Liiore 058 0 sbml S job sl o b conliols
adei g Gl Ol ols cews l rals Gus
) Las 50,7 05 50, (5 5lome glgil oolael LB gl
Lol el g SiS5 ol [V AVAL Wilools anugs
Gialidl 1y a6 ,eSoly Juls sla el )l lass

...\.Q:\)GA
1y e S8l yo Glose aislys o g T lo i
J=B bl slass Jl ce jo g wams (B8
Mols ases [ YV Ve o g, sl o 50l
5 LYY YV e ilaaSis g45 ool 5l slaiges  ciomn
Gloa¥ b Jars SLS slaayy doaSoss oyl Lsle
3l Sy slbatdi U wsd oo (0l (pBg5lS
e oline ganaakid 3 0l Sadge Sledb
Sl g Som—y oldes ), S5 L DCONN
sboasy 0 ol slaShy (2l )l paiges
S lyd ol sz (ol b ol go Cawoay aSl 5 Gae

'‘Deep Convolutional Neural Network
"Pooling

YAtrous Spatial Pyramid Pooling (ASPP)
"Fully Convolutional Network (FCN)

ke

S0 Slelbl (59ld | wdigo — pole oy pdis

1ol jaly @ pgaw o Lok @ P b Jlw

doddo —)

“Jls o e gloonizmin g e drgi 4 4z g L
23 gos L 9o 5l o pgbai 2l la
ol g panse s adea 5l Lao )5 5l (5 ke
sl s A o aw Gla o ol (sl B)lse
Syg—e 008 jo b dny plyon o poe 0 Sl bl
5 Lagleaslo [V) Y orfdS]wlas 5 )15 solil
Ll ololids 5 aiin 650 polie (et dlozr
oSy G 2 (e (S Sl 5 eslinul
Iyt Alead pa oSl o5 2l 5l b sows
oy el plisl sla Shy (S gl Sl
Jbs ol Lol 0l slaa o 5 (aaseie Sl
Oml gl Dbl 4wl oo had i sla s,
ay ojlasil a1y 5 canil anils s s bawgio
s JoB sla s VY o) Ve seses
5055 glinl Gla by, b S 5 anwss Gl
oot alomil YU b sla S 4 oliiws sl
33 i Lo by, slocusgasme ax 5T [V Y] eul
Ty oad Bl (s JB el a3 o, )
g 5l ael g G50 yob 4 laplessle gl 5ol
ool 250 G Glires by 9o L

Seoy s Laglexslu 518 5 S5, wojlasl ,o @glis
s La XSl daplls asile (o)l plo o o]
=30 ilwdame yo 1) (Wi 5 laally sy
L sloylgals pslas 5l ooliul L Loyl slo S5
!l 5o nlple S (oo dlml by 2905 L (2192
et b Gla Sy (05l Cews a4 oLzl
Ol g pleitle S Sleogas b s e (S
Dflewt sle o) ()0 slo S

Sl Lo)lpl 5l (Lol degame Goae 6550k (55l
ashad (ganai dlex s sla il ploxl
o g am s aiile Lo )5 plo 5 (oline (s
slaass V8 gVl crul [0 5l i gl


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

539020 b 6wbld g (ol (L8 yedoz0

e LMl L5 0 o oS 5 el ASPP Jgile
ol eSen 5 Silg [¥p] as ot plaslw
gy Boa L1, AFF-Unet ol L aSos oSy (Y- YY)
o=l asels slping glixe (gois ashad & Slae (g5l
Joibe S g ST b p YL ettt 4l
Gl polas il j5b & a5 Sl (Sis pléol
SRy oS 5 o pliws lp |y Shy sleasis

IVIss o 2 03 heeks
po—tie 3 oolaiwl Ly aldlas ol jo ool plol 580w
Lol 5l a8l oo asus s [DeeplabV3+ Jos
gl cds Gulidlay e 4 S aas s 4l
oo JIResNet-50 g Loxo 053 o Lozl

Tosyin ey ooy it asil s ]

5 Ghomis prslad 5l anee; SleMbl gl sl pslaieay
ResNet ¢ Lose el 00y oslicial Joo gl 59 (6,5
5 ool dlivs p ade gl sulandl oSl ;|
S P PO Rt PN PO PR AN K S B
oz sloa Y I ResNet-50 (g, oxs sl
Baa Lo lake vl oy slaasy gls 4 00,08
15 Lo 0)ny Colon s ooliciasl 4t gy a3l
b s reS slag 5 b (oo slaaY ASPP Jsile
Gaa 4 U5 05,5 Jlasl Lol Jsslo b avglin o
L Gladlo (B)lse Faed)nb olins unasks
oanlite j5Bie dy ol o jeiie 5 SipsS o3l
S Sles wglininy 0ol ol gzl a5
3 oleasle zlsel o DeeplabV3+ Lol Joe
ol Joo L5 g <o Sanles 18 b5l 9590
9 PSPNet . U-Net sla )l oo Lo auslin o
g o o) pDEEPLADV3+

Cand 5 g8 bl 550 50 Sl 598 9 )l5e 4y azgi
line gabankd 0 Gror (Sl (oae gladsd
o=l 03 grbe slagsslys 5 (ol Slaal daglexs Lo

"Dilated convolutional

Ed

Bydse me S Sl S 31 Suwsd e e
sba Sy plebo gl mls oo sl
S sl Sy L Goos oY o o8 gline
TGl Shes S0 Bk 5l e o5 slaaY o
e bl ol (T4t U Wb o oS 5
DY) U-Net slaaSies oS oo i (6 5ien
S IVl e o asiss  [YF] i cclos glaasiss
5l legame S o soliiul Lols ksl ol
zlsal slm U-Net slaass ulwlp olalllas
oas plasil ol oo L polas 5l Lalaisloos
Iry v ya A vy ovelea

o=29 Dyl 2,8 i b (V19) ol Sen 5 0
@l o pleel sloml 90 5l o pgloas ol
SlopiilSe b adge St G oline (gaisankd
o aabad aloxil sl (GAN-SCA) oL Ly SlSs
Gaca L [ve] asols sleiay Laplexs Lo by,
(s 4l s e SUSe £odg b o
oolaul L (Y YY) e 5 55 o loislo slins
T2y L pylai (oials g (Ll )l diges
U-Net aSess o 1, Slalllae ailase S& 5 Gikises
@l 2 1) Gl gy b 5 aisls 1,8 adllas 3,50
Lry] woges @l 0>

S50 55l ilises slal b plas] 2 el alSan
Slkes Gk 5l o 1S laglae 9,555 Jols
gl Gloe ay el a bz glag L (piglgils
5 [vv] DeepLabv3d+ slaas i asy lgs o
oL 5 > 0,5 o,Lsl ae) ol ,o [YFIPSPNet
5l ooliul Uy wlidie o pglie aSi S (Y+)A)
ssbas ) oot gl 5l sl ASPP sla s L
S (VYY) 5 [0l 6,5 slpray lojlsale 5 2lsn
9 NS ey S aS 0,8 slpidey |) (S5 095 18
S Joli a5 Deeplabvd asils olul 1, LaS 5,

‘Concatenation
"Ref-Net


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

2l banlie 5 plasle ol )z

3 ,8es 5l 5l Cgeone sonaskad slaJow
Solbn (9, -
Saa b 3aios cnl 5o okt 950, S LSl
2ok s b polas 5l Laglexslw gl 5l
le;’v_';_wl Al o wload ools ol (V) S
zlypeenl olgie 4 backbone (g less Jolis oylezsles
S )bene EsliS 50, g ASPP Jg3lo (oS5 00iiS
ooliiul aSs JJaS 50, Liosu o [YA] ResNet-50
2985 ) Gooe Gl S gl aily a5 350 0
Sy e 45T 2wl 510l oage ) 6995
ey (nl )l Jate WalS” slaarY 4 (g5ks o510
$3lail sl LS e, ity S g W (oo Sl
JoaS y2 4z p S elaiSl g 5099 pgad
Gns oaslagdl laaSi 0yt o LSl 4 4,
G P Egmdge d (10, 0 1y 095 (i ]
a9 sl Job o 5 ales, S el Lol S
S e (e |y Oasl)S ol 5l g el
LS 50 55038 50, (g0l (5lone 4 bogs o LS 5>

8,5 dalgm )18 o 0,90 V-V 9 V=T la iz jo

S0 Slelbl (59lid | wdigo — pole oy pdis

1ol jaly @ pgaw o Lok @ P b Jlw

ol (b 7y 4 allis

LiS 50y )5 50, (g lame bl aall5 oS S5 00
onts ohb lolisle ol onasks gl
DeepLabV3+ u,s5l SLIS ol o a5 el
Jsile o Fomb sbagy 5l asb 4 eudpdlal
a5 085S iz 3 0T o 5 05 o ooliczl ASPP
s Guas b o oalizl o Jailil Loy l>
b sladle (5)lse Fuied ;08 olie (gonaskad o
205 Bize Sy 9 S8 ojlu]

50y idu o plesl g o Sldes 4z ST (Y
15 Gy ST LS o pal |, Lz SleSlll
s cnl 09 (5l Wlgs o0 S0 3550 Bblie 3,50
o331 i 5l s 0,50y 45 R e L
Blas 4y |y Gliae Sledol fols s 31 wilgy oo
il

Sl 4 00l Giomy leaY Sl eolaial L (Y
4 g ResNets0 31 slaay o ojlasbinl i
A 4 TV 5 o)l pdisns gy s o] JLio
Szl (B)lse Sye 0 $FGSs Sl
lee Cowdy 2S5

03ls dsgeme 93 (53, 2 olday aSd bl (F

R

il

Dilated
Residual
Network

sde=bsl ASPP

— 1 [—

w
w
2

=SS
\

U 5l ppigai

;/_/ﬁ'_'.::: »
_’[iﬁ

3%

skl

ol orgleiy b palal (olixe (gudyankad (gl p (golavdioy Joo Lozl VS

|4


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

539020 b 6wbld g (ol (L8 yedoz0

Sy 2l Sy 4l olul Cud 8390l (69959
S (89939 g o3l an Jl8 50, Ly oud
L ( Down Sampling Factor) _cals s,ls, diges
S 5l as by [¥a)ams o lis |y g5 a8
pslal slal a3 50 )0 e colaiwl Lol ouile 3L
28 Lt i 50 LH 1, a0 4 5335
(LI2*HI2) polio b pln Ssb o Gl Jol> (Shs

(L/32*L/32)(L/16*H/16)(L/8*H/8)(L/4*H/4)
o b Sy sleaid nlpla 9 aaly>

gl oo ddg VY (510 praiges

Gl G2

A0S 30, Joile wliz —)-Y
e Csla Sy (NS Jotue a0l IS 5e
3yShoc 5 ;58 Slnlone 4p3m 5 a5 lonn
o=l o ResNet (g ,Loss 5l oolawl Lol 03,500 (598
Sols S 5l AT e, (V) UK illae sl dndllas
A5 Conlonds LSt axilondly S3b ez 5 bolyls
A Wgd e ools oylas Conv(n, M) cudle b plas™ o
slasy au "M" jlage 5 «Sgls ojlod 4y "N oS S
Syl o,lil Sely y o y0 oaibe Bb riglgils slaasy
Wb 4 Sk o o piglgls A pai ool
sloools 5115 s 500 omy slassl b aas o ol

TP T,

.
ol

a3 G4 G5

‘ Conv (1-0) }>_____"__._.|Cnlw11—!|

""" n

§ ‘ Com (3-4) F___;'_",-l Conv (4-6) },__( -

Conv(5-3)

256 x 256 128 x 128

&l a2

64 % 64 32%32 16 % 16

TR

ol - ‘\

&3 o4 a5

------f‘__‘,.‘cqus—n]

256 x 256 128 x 12

512 x 512

£ | conv 1—n-|.|------f‘__‘__,|cmwu—z } "“" om.u—-u}-----f’ "'_:[cmuq-u—u

8

64 x 64 32x32 32 %32

(<)

15 519 pdiges cu g b (solonion Hls L A5 algd b () IV (10 paigns oy b 45 Lol Hls Lo S alg) bas () :¥ S

Jlosl a8 (oo ool 8 Sg0 D90 an ]y la Sy
L) 6555 8l,s (e 00,08 Hlgls slaay
L3 a5 a8 oo ol 8 o el )y slass (a8l g0
Rebas Sl (ites sl 6 oledlll o
oiglils Jael U aalllas ol 5 Lo gl co cansnty
igs iyt 8 il (B3l sl 4y 05,75
P L ol alS ] (25 oS plea b )l

1€V

Oli8l je baiedy cadlin ol jo eolpiinn Joe yo
olS (610 ,maiges Dldes ( Sy sloaidl zeog
salS 4 e a4l a5 el Bi> 31 slaSsl
Al gDy g 00 pdy Glae s JolsS (550,80
Sglate slor 5 L ooy S 1 bolails 3l S
C‘)M‘ ul_in‘ sz)_J ‘5[&&# ‘1,.«..5‘59 o\)La...w‘


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

oalatwl ogzs (V) S oS Wyl (gundalad slaacas

50 il i glS gl w00 ,5uS g glS 5l
S0 o olad ResNet g >

S0 Slelbl (59lid | wdigo — pole oy pdis

1ol jaly @ pgaw o Lok @ P b Jlw

OlsSs e ey e 2 OS =VF oo 4y colys
Sy JS29S (2)l5e 355 53§ GSS Sl
50 0l obml 355 S basa (plply .o)ﬂ

g jo 1) 85 it 0 tlgi e AT e, S

o d d=2 d~3 d -4
"
d-
d-
) HZ X \ J
= w T
=
*‘-;'.- [a:\l
: )
)
[4 [+ oo [

& &

{E}

Sluxi g (P58 £yl a4 C oW H iyl 55 .(B (ygiuw) 08 yiunS ResNet b (A ygiuw) ol ReSNEL duw Lo oY S

d polie ylw .Cowl 5 sl (piglgils S5 susps oLis d =

1 s g0 ol 1) oo (Fits 4d 53 sl JUlS

el (gl gilS 0 coliiwl 890 alizko SE y cvsdoLiS

ol e y SasS slaodad o ol b os
S Ele cul (S pgal IS L anslie o Glasle
3,55y olpbn 255 adsl (us T slagy sl
gomankad jslaied Sl sbog sl se e ) 095
Condy b Bas e o0 )l 3 Glexle slagSdl (553
Sl y 185 050 dilaie 51 SIS SIKe Sl o,4]
ASPP Jssla 55, p 4355 )90 oMol Lz
el 00 ooy s (F) JSo o adlie ol jo

LasSI U5 35 s ooliiul ASPP Jgsle 51 caslsl )
oS aslsl g |y slaie ) OleMbl o cwldodis
& Josle ol o 5hos S gl3etl ol (Slolmo
SleMbl GlaS 50, Shg add 5l aS Conl & g0 )]
Sl 50 5 Wb Spslaer Sobie 2z 5l o9z se
S S JSase Jgsle cnl gl o0 oS5 R0Su L
Pooling 4.Y & 5 wglae slag 5 b dglgls ol
3 A oo olpainn ol DeeplabV3+ g lesxe .ol
03wl ASPP Jgsle 13 YA g \Y & Lug sl slag

comvi-1x1  hlemes @ibedbadh fRelU gL i}

l /,--'.. e = A = B = 4
{RelU JL*J'-*-"}Q":{ -
“ d = 12 e a=d=8
, CONVA-3=13

d=18emd =12

convz-3x3  fglaer @ibedlapd  (RelU sl s}

O @

w
A

A

. e s Ll
convi-axa sl wiledladt o gpg sldi - ,@ {s b

{iglasan g3l dlayit {RELU _;l.,ULné} K).

ASPP 0w ol Jgjlo gubs Wz la :F St

€A


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

539020 b 6wbld g (ol (L8 yedoz0

2P Erz Sl B 50 @ye jegkS FO- Coli
WHU o0ls dcgammae 3l (glacgomme ) .l il jeu
30 a8 al bl solpin oS oIS oL, sl
St Sgliie jale b g olul gl by olaaslo o]
Ghls dcgome p ) ol Slasine (D) JS)
AVY 0OV el mojlail g i o ¥ olad zasg
FYYE olaxs Jolis ools 4 cgamme .l JuSs
Sl 2gas YEVF slaai (35900 (6l pagal S50

ol (g liel gl pgal Vo YE sl 5 o
SIS (i) o T P90 00ld d_cgazo
degorme DB oo b |) (Cng 9 Jo ool
3 325l e glacsezo INRIA slo ezl ools
T2 bl pslas (ol ol 2y pga Y7
Sy B ee o0 Hloglal g e o) LSS
JECI P INPPIU R S W
i g pSoolw oyl sl oolaiwl B 09,5 s
ol ooyl JuSo OVY # 0VY peal o i
&l s GleiSle Jolis a5 poal sl Siljse
AVYD slawd cdomil )0 Kigd oo Bd> dal,l5 (o3g0]
gl Sl e S 4 G ppal Glailiee VAY
pobar (0) IS gl oo oolainl uiw Jlael g
A2 oo Gl |y ool A cgemme )l a by e

()

LS 50y Jojlo bz -V-¥

Il ASPP Jsile sla Shg «soleiinn sLiS e 5o
g o (5,0 matsaiidaz gy Byso 4 T oo b
Lo Sy L oad (5,10 maiges slo Ty o
gl Lo Sy wigh e Jate o 4 (b gl
Sae shigal anlp S jsliieds Gl 51 LS by
S S e yy—ee N x ) (glglS 4V
L 28 G Sledbl shilo by gl o S5s
-0t |y ganashd el B YU mhu o S
9 355 Jloel V¥ (o6l gilS j1d o iy
ot ghedr Tw o b )lop aiged coles o
oals sl (V) UK j0 a5 jshilen ol (goiaskad
Do oo Jlasl il ons

el -Y

s oolaiwl oy50 slaosls (Byxe 5l o ism (pl o
5 =l olekis (o)l slejlas (iagim ol
So 2 9, 2 ol Uy Jlesl 5l Jolo il
23,5 oo &l 00ls acgazo g3

oolisiwl 0,90 sRooIS —)-¥

Sloolaiul b1y goasdad aSis o5 (udos ol 5o
w0, 2oyl plaein Sleslw ools acgazma g0
o3> d_cgammas g [f-] WHU e ools d_cgazo
A ey Jolid 00ls dcgazmo sl L£V] INRIA

(=)

INRIA 6015 acgozxo () WHU (219 00ls dc gozxo (&) :0 JS&

k9


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

O Jolaite nuSile ooimsLis Bk sl Lo @

oSilse Glyie a4 S cul Jlgs L g oy

(Dataly 5ol 1 g 050 e ale Sigo)la
39 o0 dlone

2x(Precision*Recall)
Fscore = (Falal,

Precision + Recall

ey Slogliss Y-
GPU S (55, = ol smmsd aelipy as
Sl gl wlislesl sles o GeForce RTX 3090
JeSy proliie o ool sl (golpiin (6331
ol ogame 5l Sel (sl oolinl 51 18 slas
3 o 50 Ngboe Joy [V o] oagams b [Y00 o]
L s BVYXOVY 1) 635,5 slail ool 4 cgomme
U-Net ol 5 5 135,235 sl s lass ps S o0
Joweloa_nlae gl DeepLabv3+ 4 PSPNet
co il el o] case il ol g ooleiie
0315 dcgore 93 53; 2 Joe Lz o wlie Llys
Adam ;L 4 5l Le igd oo ooyl SWUI 368
aSets 39l slp vy e o Vel 6ol 5 L [FY]
GAD Jocie Ly eyl O, 5l ey 4 30,8 ooli
Sy Sl 00 Jols (ajsal wlp o Bl el
5 s = diile Lavosls sl (sl g, c0gM
Srizpeess Gl Bua b ol (Bolai (Sig)ly
Pl 5l L o ke L ablie 5 Joo
Dy s

T Jdi 9 4y 322 9 dunn il —F

4 ools dcgazmo ;2 (59, o dwolie mLil dalol jo
0315 A gax (59 yt dmnyliio gy i -)-F
WHU lep oyloss Lo

loslins 5l oaliussdy gooe slodunlio (V) Jgor

alio (pl )0 olpidn (hgy s oo lis 1y S5

'F Score
"PyTorch

Do

S0 Slelbl (59lid | wdigo — pole oy pdis

1ol jaly @ pgaw o Lok @ P b Jlw

<Ll sylre -Y-Y
L ooleining 0,509, (—idu fl calidee gloa o
s )8 e 350 25 i)l e Sl Sl eolail
.5

ailate 90 abli e b 1) (gine 5 00l S ey

TP

I0U= & sl

Slodises Cad a o((Vakal, b gllas : C8s Lo

Slacss L awslis JEEEW ‘S»LwLMu S0 A Do

YU cods ojlo o)l et slay o i 5

olis aS el ol QI e F 5 saims LS

o glodiges 380 glwlil o Jow ano o
Ll 545y

TP
FP + TP Mk,
3,18 o)Ll (69,150 4y (TP)  s8ly o oY) alal, jo

WS oo gl 1) Gleitle SO gwye 4 Jow aS

Precision =

e Jos a5 el (6050 42 Lgaye (TN) (o8ly (oo
WS oo globid ) Slele pd adlane S (s
Slg cnl $95 2 50 (Hly cdid> b Joo S
a5 aed o 7,y Sloy (FP) Q35 cuie o)l ciyllas
olye au ]y Gletlw pd ddlaio Sy ol bl 4 Jas
Sl (FN) ils aie S Lol olazsle S,
1y ool alate oy oldl 4y Jows a5 05 oo oloy
90 ;2 3 WS gopadb Jlatl e Glyie 4o
el SLaS )0 (ABly i b Joe sty «CaaBye
3l gee @lolid 4 L It S35k Jlae @
Bly Cte 3)lge JS Slawi 4y S (a8ly Sue
polie ((F)ata)) o,ls o,Lal ciolej] acgazme 4o
Omly L3S (ke 5 st lis Jlxe (0l

TP
FN + TP

Recall = (V)alasl,

‘Recall


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

539020 b owbld g ol (b jed0z0

5 st Lol | ezl calise JISS! a5 o
ails o9y Ll diei ey o (Foliie la STz
Lowg saslecwsas s a s () JS—s ok
s Jleislo ools asgozme (55, p Blide sla e
A5 A e L 5y gl Ao s Lt |, WHU
Ol ysd Jlosl Ly (658 (o ankad Joo G 5L

Lol glws BB asis jo el

“ileel 5 10U (sla i yie 5o 500 (hg; de dy S
s AVOY polae i 3 a9 0,00 (g, o, Slee
sloag = 3leslewl ,3Us .0)9154 Cawod w1, 4,20
48 5= Deeplabv3+ Joo b awslio ,8 1S g5l
et dbgye Joaz o)l slaslre (55l oS
Ol 00 eoleiiiy Joe 90, Shos (o) 2 S o Sa]
A sla Jas 25 Ly ol et allis
cLail g polai it )ltel Gl oS alic

WHU o0ls ac gozxo 50 (golpslion Juo o Slos (o085 205511 Jgus

a5 Joko cés S5k Sl 3Ll 10U
PSPNet AR af e YA A Y
DeepLabV3+ a¥,YA aY,AY ¥, 0 ANAY
U-Net 1f,A4 ay,yyv afNy ANY
gSOLer-w—u Joe a¥,yv afov f,20 AQ,00

WHU o0ls acgozxo o b Jow plw g golpclion Joo gl (g ey dons lio :f ST

ol


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

.»))91541 C«wéda_l) /\V/\f
slaJas Lawgi sasliamdds & pa mls (V) JS&

.J.QJ‘SA L)L“"'“" ‘) INRIA ool ACgox0 (59, s

S0 Slelbl (59lid | wdigo — pole oy pdis

1ol jaly @ pgaw o Lok @ P b Jlw

inria o315 4c goxo (59 y o lio i -Y-¥
sla las 5l odslcwmsds goae slaanslis (V) Jgo
.J_CDQLFA QL"“"" INRIA os0ls ACgox0 (59 y |) LS'lJ))|

o=l solpian by, i 0ols acgame (nl Sb3)l 50
—3beel 5 10U (slacSG e 5o 500 (bg, 4w 5l allis

INRIA 058 dcgozxo yo (golpadon Juo o Slos (o5 b))l ¥ Jgu

Al Juo s S>3t Sl 3l 10U
PSPNet AEVO AV SY AFNA Na
DeepLabV3+ ADN Y AV A$ AS S5 YOAY
U-Net AEA0 AAYY AF VA veYa
ol Jow A0 AQAE IAY; a

Y. P Crta) Cellafioe PSPMet

DeeplabV3+ U-Met T PR

INRIA 0015 acgozxo p b Joo plw g golpaciion Joo gl (g e oo o 1Y K&

or


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

539020 b 6wbld g (ol (L8 yedoz0

5 05Slat il iy Sl g s sl Joo
@lie oyl o ol sa S ol yoF Wi e YU o
WS o, Shes 23] 55 10U 5 Sl slol (slalns
Srar sloasl ad)5 )18 eolatals)ge (gunaslad
ol Lo asls lore 99 0l 45 ars oo Lt

A (6 Soleel
ool aloxil glpy ganaskss slags Lons 51 & ks
9 SR it 8y Sles S Sua Lo LS
Syt i slin Sl iU
039 S Joe S Gl o0 eI o (55lwosly
(e Sl S5 50 53 cnlie 5)lene L
S8y p Losiiine L3850, 40 solawl 5,50 slo izl
3 Blsl ol s 05 B8 e 5L (soaslad
sl lS il sl ealal o3l asile e el
7 sl dsle )0 )l diged capd 5 sl £
Sote ) sanaslad o ) Shoe wilgh oo 10550, 32
ol L gz ol )0 solppinn Jomo iy
sions Jlecl g ResNet-50 ¢ ,Loxe , 51 sloasy
aS Laany ol jo o laikinl o gl 4 00,08
YY 5l oo o5 ploa b (50 paigas o o s
Gl it LSl Eilys 1o ol pen &y 1, 18 4,
L onlm ogdle 0,51 sy pslas Sl (oo i
LMLl ASPP Jgile s iT slag 5 2ol 5 25l
Joe 0580 6 5laez olehoniz Sl syt S
LA DY & g, slag, b Lol DeeplabVa+
asgazme ;5 |, AMAY Ly i, 10U luie ResNet-50
dcgazma 0 1, YOIAY L ol 10U jlade g WHU ools
Cews do Lo laas bl (gauaslad ol 5 INRIA ools
sl 3285 (nly soleidiy Jae aS Il o 051
2 5 g WY 5 ALY 4 g T glag s rals
s gl clles o ResNet-50 sLaayy
ARBY L pl 10U 15 5,5 Joe 5 S50 Sloasl
odld d_cgazme ;0 YFFF g WHU ools 4_cgamme yo
Ly gols dslin oS5 ool 2 odle .2l e INRIA
odaliio (sl o 48 pdn (gaipankd slady, nlo

o

TS Julod g 4 5 Y -F
3 eolaiwl Lo ¢ gz ) o golpiiy Jue jo
sl hlalS el 03,55 IS slaasy
o yo i o1 JLss 4 g ResNet50 21 slaasy s
Sy5 30 (6,5 580 Sledbsl AV 4 YV 5l g )ls paiaas
aS Hebyled el Canss jiS>gS Slisle o)lse

S =55 2,lge 5l IS 0ols dcgazms 9o 2 pgo
l_g A_WLM ) Lo 6»)[‘/\(' s JM PRECCOW L':”LWLM’

o9y Giudslad a5 NS jebay iles, S
DA S 9 L i Lo golpi iy
Sl

INRIA s WHU (sl ool 4_cgozmo a5 @Lzﬂ 3
sloojlosl b olal Jolis 5 Lol on o
Foml ooail sty 3l e Y JBs 5 alise
slor o Jlosl 030, 5 colatul (ST bl sl
s A Wl is g ASPP Jgsle ;o 5omly (s
9o 50 |y sangit o Sles (g BB Hsboan Y
B L Sy = PR VL TR IV S N O )
Ly Jsile L 45 o5, slaplozsl
oz 4S5 > 01y (6 0 Slos o wliionis
Sledbl el o a ;e wlide Wi sl S
R

G5 4l g S -0

S50 698 glixe ganashd dayleisle C‘)Z""“" 5o
Lojp oo plolid 5 lagleizbe (59092590 S
ddo 4o b less e (gandalad aiS o iy oSGl
éof 9 LQQLQ.A}l_u o)"\.\_s‘ 9 s_ia') ‘Ji*-“ B UBLD.»
Lo Llsg Lo oS b ol o)lye plo o lagy]
A5 oo leo 0l oy b sl o |y Ll i
2 35 o5 e G g8 )0 Jolad pas 4 a9 b
S 8o s9nr (23l sln b)lre (2 i cenlie L]


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

PSS g g

J.o.e‘_w )...u) u.u).‘ cli....u‘é ‘-;lLo WLA? la U’“&j)" U”‘
FAFY o, S ol b S,
o o..\,,‘o)f rabu‘ \f‘Y/’V/‘?C)ya

[1] Lin, J., Jing, W., Song, H., Chen, G.

[2]

[3]

[4]

[5]

[6]

"ESFNet: Efficient Network for Building
Extraction From High-Resolution Aerial
Images," in IEEE Access, vol. 7, pp. 54285-
54294, 2019, doi:
10.1109/ACCESS.2019.2912822.

Musse, M.A., Barona, D.A., Rodriguez,
L.M.S. "Urban environmental quality
assessment using remote sensing and
census data,” International Journal of
Applied Earth Observation and
Geoinformation, vol. 71, PP. 95-108, 2018,
https://doi.org/10.1016/j.jag.2018.05.010.

Agarwal, L., Rajan, K. S. 2015. Fast ICA
based algorithm for building detection from
VHR imagery. 2015 IEEE International
Geoscience  and Remote  Sensing
Symposium (IGARSS).
10.1109/IGARSS.2015.7326162.

Feng, W., Sui, H., Hua, L., Xu, C., Ma, G.,
Huang, W. 2020. Building extraction from
VHR remote sensing imagery by combining
an improved deep convolutional encoder-
decoder architecture and historical land
use vector map. International Journal of
Remote  Sensing, 41(17), 6595-6617.
https://doi.org/10.1080/01431161.2020.174
2944,

Huang, J., Xia, G.S., Hu, F., Zhang, L.
2018. Accurate building detection in VHR
remote sensing images using geometric

saliency. IGRASS’18 conference paper.
https://doi.org/10.48550/arXiv.1806.00908.

Wang, X., Li, P. Extraction of urban
building damage using spectral, height and
corner information from VHR satellite
images and airborne LiDAR data, ISPRS

or

S0 Slelbl (59lid | wdigo — pole oy pdis

Eol jub @ pgw ojlod @ pasjb Jlw

oo ol 650 45 0l plndl (golgiieg Joo pi il
e sleosz )by (S Heban ol gl )
222 oo 1) (658 (sunankal mlS Fres x50k
Cont] 3l b oo 55T 50 s yzel )y ol olass Lol
ol 8 ol Jae 5 Lol Caogame S
DeepLabV3+ ;o La zal,l ol olass 35 §dod

[7]

(8]

[9]

&l
Journal of Photogrammetry and Remote
Sensing, vol.159, 2020, pp. 322-336,
https://doi.org/10.1016/j.isprsjprs.2019.11.
028.

You, Y., Wang, S., Ma, Y., Chen, G., Wang,
B., Shen, M., Liu, W. 2018. Building
Detection from VHR Remote Sensing
Imagery Based on the Morphological
Building Index. Journal of remote sensing,
10, 1287, https://d0i:10.3390/rs10081287.

Li, J., Huang, X., Tu, L., Zhang, T. and
Wang, L. 2022. A review of building
detection from very high resolution optical
remote sensing images. Journal of
GISCIENCE & REMOTE SENSING, 59(1),
1199-1225.
https://doi.org/10.1080/15481603.2022.210
1727,

Wang, S., Hou, X., Zhao, X. "Automatic
Building Extraction From High-Resolution
Aerial Imagery via Fully Convolutional
Encoder-Decoder Network With Non-Local
Block," in IEEE Access, vol. 8, pp. 7313-
7322, 2020, doi:
10.1109/ACCESS.2020.2964043.

[10] Liu, Y., Zhou, J., QI, W., Li, X. et al. "ARC-

Net: An Efficient Network for Building
Extraction From High-Resolution Aerial
Images,” in IEEE Access, vol. 8, pp.
154997-155010, 2020, doi:
10.1109/ACCESS.2020.3015701.

[11] Bittner, K., Adam, F., Cui, S., Korner, M.,

Reinartz, P. 2018. Building Footprint
Extraction From VHR Remote Sensing
Images Combined With Normalized DSMs
Using Fused Fully  Convolutional
Networks. IEEE Journal of Selected Topics


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

539020 b owbld g ol (b jed0z0

in Applied Earth Observation and Remote
Sensing, 11(8), 2615-2629,
https://doi.org/10.1109/JSTARS.2018.2849
363.

[12] Zeng, Y., Guo, Y., Li, J. 2022. Recognition
and extraction of high-resolution satellite
remote sensing image buildings based on
deep learning. Journal of Neural
Computing and Applications, 34, 2691-
2706. https://doi.org/10.1007/s00521-021-
06027-1.

[13] Zhu, Q., Liao, C., Hu, H., Mei, X., Li, H.
"MAP-Net: Multiple Attending Path Neural
Network for Building Footprint Extraction
From Remote Sensed Imagery,” in IEEE
Transactions on Geoscience and Remote
Sensing, vol. 59, no. 7, pp. 6169-6181, July
2021, doi: 10.1109/TGRS.2020.3026051.

[14] Liao, C.m Hu, H., Li, H., Ge, X., Chen, M.,
Li, C., Zhu, Q. "Joint Learning of Contour
and Structure for Boundary-Preserved
Building Extraction,"” Remote Sens. 2021,
13, 1049. https://doi.org/10.3390/
rs13061049.

[15] Lecun, Y., Bottou, L., Bengio, Y., Haffner,
P. "Gradient-based learning applied to
document recognition,” in Proceedings of
the IEEE, vol. 86, no. 11, pp. 2278-2324,
Nov. 1998, doi: 10.1109/5.726791.

[16] Ma, L., Liu, Y., Zhang, X., Ye, Y., Yin, G.,
Johnson, B.A. " Deep learning in remote
sensing applications: A meta-analysis and
review," ISPRS Journal of Photogrammetry
and Remote Sensing 152, pp. 166-177,
20109.
DOI:10.1016/j.isprsjprs.2019.04.015.

[17] Yoo, H.J. "Deep Convolution Neural
Networks in Computer Vision: a Review,"
IEIE Transactions on Smart Processing
and Computing, vol. 4, no. 1, 2015, pp. 35-
43.
http://dx.doi.org/10.5573/IEIESPC.2015.4.
1.035.

[18] Garcia-Garcia, A., Orts-Escolano, S.,
Oprea, S., Villena-Martinez, V., Garcia-
Rodriguez, J. "A Review on Deep Learning
Techniques Applied to Semantic

[AYA)

Segmentation ," Computer vision and
Pattern recognition, 2017.
https://doi.org/10.48550/arXiv.1704.06857.

[19] Ronneberger, O., Fischer, P., Brox, T. " U-
Net: Convolutional Networks  for
Biomedical Image Segmentation," Springer
International Publishing Switzerland 2015
N. Navab et al. (Eds.): MICCAI 2015, Part
111, LNCS 9351, pp. 234-241, 2015. DOI:
10.1007/978-3-319-24574-4 2.

[20] Hamaguchi, R., Fujita, A., Nemoto, K.,
Imaizumi, T., Hikosaka, S. " Effective Use
of Dilated Convolutions for Segmenting
Small Object Instances in Remote Sensing
Imagery,"” Computer vision and Pattern
recognition, 2017.
HTTPS://DOI.ORG/10.48550/ARXIV.17009.
00179.

[21] Chen, L.C., Papandreou, G., Kokkinos, I.,
Murphy, K., Yuille, A.L. "DeepLab:
Semantic Image Segmentation with Deep
Convolutional Nets, Atrous Convolution,
and Fully Connected CRFs,” IEEE
Transactions on Pattern Analysis and
Machine Intelligence  PP(99), 2016.
DOI:10.1109/TPAMI.2017.2699184.

[22] Shao, Z., Tang, P., Wang, Z., Saleem, N.,
Yam, S., Sommai, C. "BRRNet: A Fully
Convolutional ~ Neural  Network  for
Automatic Building Extraction From High-
Resolution Remote Sensing Images,"
Remote  Sensing  12(6):1050,  2020.
DOI:10.3390/rs12061050.

[23] Shelhamer, E., Long, J., Darrell, T. "Fully
Convolutional Networks for Semantic
Segmentation,” [EEE Transactions on
Pattern Analysis and Machine Intelligence,
2015,
https://doi.org/10.48550/arXiv.1411.4038.

[24] Liu, Y., Minh Nguyen, D., Deligiannis, N.,
Ding, W., Munteanu, A. "Hourglass-shape
network based semantic segmentation for
high resolution aerial imagery,” Remote
Sens. 2017, 9, 522.

[25] Lin, G., Milan, A., Shen, C., Reid, I.
"RefineNet: Multi-Path Refinement
Networks for High-Resolution Semantic


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

Segmentation,” 2017 IEEE Conference on
Computer Vision and Pattern Recognition,
pp. 5168-5177. DOl
10.1109/CVPR.2017.549.

[26] Pan, X., Yang, F., Gao, L., Chen, Z,
Zhang, B., Fan, H., Ren, J. " Building
Extraction from High-Resolution Aerial
Imagery Using a Generative Adversarial
Network with Spatial and Channel
Attention Mechanisms," Remote Sens.
2019, 11, 917; doi:10.3390/rs11080917.

[27] Xu, Y., Wu, L., Xie, Z., Chen, Z. "Building
Extraction in Very High Resolution Remote
Sensing Imagery Using Deep Learning and
Guided Filters,"” Remote Sens. 2018, 10,
144; doi:10.3390/rs10010144.

[28] Wang, S., Hou, X., Zhao, X. "Automatic
Building Extraction From High-Resolution
Aerial Imagery via Fully Convolutional
Encoder-Decoder Network With Non-Local
Block," in IEEE Access, vol. 8, pp. 7313-
7322, 2020, doi:
10.1109/ACCESS.2020.2964043.

[29] Wei, S., Ji, S., Lu, M. "Toward Automatic
Building Footprint Delineation From
Aerial  Images Using CNN and
Regularization," in IEEE Transactions on
Geoscience and Remote Sensing, vol. 58,
no. 3, pp. 2178-2189, March 2020, doi:
10.1109/TGRS.2019.2954461.

[30] Vi, Y., Zhang, Z., Zhang, W., Zhang, C., Li,
W., and Zhao, Z. " Semantic Segmentation
of Urban Buildings from VHR Remote
Sensing Imagery Using a Deep
Convolutional Neural Network,"” Remote
Sens. 2019, 11, 1774;
doi:10.3390/rs11151774.

[31] Yang, H. L., Yuan, J. Lunga, D.,
Laverdiere, M., Rose, A., Bhaduri, B.
"Building Extraction at Scale Using
Convolutional Neural Network: Mapping of
the United States,” in IEEE Journal of
Selected  Topics in  Applied Earth
Observations and Remote Sensing, vol. 11,
no. 8, pp. 2600-2614, Aug. 2018, doi:
10.1109/JSTARS.2018.2835377.

[32] GUO, Z., SHI, X., ZHANG, H., HUANG,

of

S0 Olelbl (5,98 uwdago — ole oy puis

1Eob jusly @ poaw o jlait @ s il Jlw

D., SONG, X., YAN, J., SHIBASAKI, R.
"Enhancing Building Semantic
Segmentation  Accuracy  with  Super
Resolution and Deep Learning:
Investigating the Impact of Spatial
Resolution on Various Datasets," Computer
Vision and Pattern Recognition, 2023.
HTTPS://DOI.ORG/10.48550/ARXIV.2307.
04101

[33] Chen, L.C., Papandreou, G., Schroff, F.,
Adam, H. "Rethinking Atrous Convolution
for ~Semantic Image  Segmentation,”
Computer Vision and Pattern Recognition,
2017.
https://doi.org/10.48550/arXiv.1706.05587.

[34] Zhao, H., Shi, J., Qi, X., Wang, X., Jia, J.
"Pyramid  Scene Parsing  Network,"
Computer Vision and Pattern Recognition,
2016.
https://doi.org/10.48550/arXiv.1612.01105.

[35] Ji,Sh., Wei, Sh., Lu, M. "A scale robust
convolutional neural network for automatic
building extraction from aerial and satellite
imagery," International Journal of Remote
Sensing, 2018, DOl:
10.1080/01431161.2018.1528024.

[36] Zeyu, X., Zhanfeng, Sh., Yang, L., Lifang,
Z., Yingming, K., Lingling, L., Qi, W.
"Classification of high-resolution remote
sensing images based on Enhanced
DeepLab algorithm and adaptive loss
function,” Journal of Remote Sensing,
2021, DOI: 10.11834/jrs.20209200.

[37] Wang, X., Hu, Z., Shi, S. et al. "A deep
learning method for optimizing semantic
segmentation accuracy of remote sensing
images based on improved UNet," Sci Rep
13, 7600 (2023).
https://doi.org/10.1038/s41598-023-34379-
2.

[38] He, K., Zhang, X. Ren, S., Sun, J. "Deep
Residual Learning for Image Recognition,"
2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), Las
Vegas, NV, USA, 2016, pp. 770-778, doi:
10.1109/CVPR.2016.90.

[39] Chen, LC., Zhu, Y., Papandreou, G.,


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

539020 b owbld g ol (b jed0z0

Schroff, F., Adam, H. "Encoder-Decoder
with Atrous Separable Convolution for
Semantic  Image  Segmentation,” In:
Ferrari, V., Hebert, M., Sminchisescu, C.,
Weiss, Y. (eds) Computer Vision — ECCV
2018. ECCV 2018. Lecture Notes in
Computer Science, vol 11211. Springer,
Cham. https://doi.org/10.1007/978-3-030-
01234-2_49.

[40] Ji, S., Wei, S., Lu, M. "Fully Convolutional

Networks for  Multisource  Building
Extraction From an Open Aerial and
Satellite Imagery Data Set," in IEEE
Transactions on Geoscience and Remote
Sensing, vol. 57, no. 1, pp. 574-586, Jan.
2019, doi: 10.1109/TGRS.2018.2858817.

[41] Maggiori, E., Tarabalka,Y.,Charpiat, G.,

Alliez, P. "Can Semantic Labeling Methods
Generalize to Any City? The Inria Aerial
Image Labeling Benchmark," IEEE
International Symposium on Geoscience
and Remote Sensing (IGARSS), Jul 2017,
Fort Worth, United States. ffhal-01468452.

[42] Kingma, D., Ba, J. "Adam: A Method for

Stochastic ~ Optimization,” International
Conference on Learning Representations.
2014.

ov


http://dx.doi.org/10.61186/jgit.11.3.43
https://jgit.kntu.ac.ir/article-1-926-fa.html

[ Downloaded from jgit.kntu.ac.ir on 2025-07-12 ]

[ DOI: 10.61186/git.11.3.43]

Journal of Geospatial Information Technology

Vol.11, No.3, Autumn 2023

K. N. TOOSI UNIVERSITY OF TECHNOLOGY
FACULTY OF GEODESY AND GEOMATICS ENGINEERING Research Paper

Evaluating the Capabilities of DEEPLABV3+ Encoder-Decoder
Network with Modified Atrous Convolutions (Case Study: Deep
Semantic Building Segmentation)

Mohammad Erfan Omati !, Fatemeh Tabib Mahmoudi 2*

1- Ms.c student of remote sensing in Department of Geomatics, Faculty of Civil, Shahid Rajaee Teacher Training University
2- Assisstant professor in Department of Geomatics, Faculty of Civil, Shahid Rajaee Teacher Training University

Abstract

Building segmentation is a difficult task due to the need for rich semantic features. Differences in the shape,
color and size of buildings and their proximity to the other features such as parking lots and streets make it
challenging to recognize them in high resolution images. In this research, with the aim of extracting buildings
from high-resolution images, the deep convolutional neural network architecture of the encoder-decoder type
which is based on the modified DeepLabV3+ model, has been used. In the Atrous module of this modified
model, in order to achieve the goal of performing a more powerful semantic segmentation of small and large
building objects, the convolution layers are applied with lower rates compared to the original module. The
performance of the proposed model in this research was evaluated using two data sets, WHU and INRIA, and
the results showed that using lower Atrous rates and changing them to 4, 8, and 12 improved the segmentation
performance in both data sets significantly. Compared to the other advanced models in the WHU data set, the
proposed modified model was able to improve the IOU and F-Score indices by 0.39 and 0.53 respectively. In
addition, the modified method in the INRIA dataset improved both of the above indices by 0.35. The proposed
model in this research, that was based on the reduction of Atros rates to 4, 8 and 12 and the change in ResNet-
50 layers, was able to achieve an 10U equal to 89.51 in the WHU dataset and 76.64 in the INRIA one in the
extraction of construction charges whereas the original DeepLabV3+ model with the Atros rates of 6, 12 and
18 and the original ResNet-50 achieved an IOU of 88.87 in the WHU dataset and 75.82 in the INRIA one for

building segmentation.
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