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ABSTRACT

EEL GG RET R S AEEH With the expansion of radar remote sensing data and increased
Received: 29 April 2025 access to high-resolution imagery through sensors such as Sentinel-1, change detection using
Reviewed: 05 June 2025 deep learning has emerged as a strategic and innovative field in geospatial sciences. Radar
Revised: 22 July 2025 imagery, with its capabilities for day-and-night imaging, cloud penetration, and sensitivity to

Accepted: 05 September 2025 structural characteristics of the Earth’s surface, provides rich but complex data requiring
advanced machine learning architectures for effective analysis. Accordingly, this study aims to
systematically review deep learning-based methods for change detection in radar images, with

KEYWORDS: a focus on comparative analysis of architectures, their strengths and limitations, and future
Change Detection research directions.

Remote Sensing m This systematic review covers literature published between 2014 and 2025 and
Radar Image includes 44 selected studies from reputable databases such as IEEE, Elsevier, and MDPI.
Deep Learning Inclusion criteria involved the use of SAR data, application of deep learning algorithms,

availability of quantitative performance metrics (e.g., accuracy and Fl-score), and operational
relevance in domains such as urban monitoring, natural resource assessment, and disaster

* Corresponding author management. The studies were classified based on the type of learning approach (supervised,
Sremotesensing@ihu.ac.ir unsupervised, self-supervised, multi-source) and architecture used (MLP, CNN, U-Net,
@ (+9821) 77105385 Autoencoder, LSTM, GAN, MSCDUNet), and were analyzed using comparative tables.

The results indicate that supervised architectures such as U-Net performed best in

urban and disaster-related applications, achieving up to 95% accuracy and F1l-scores between
0.85 and 0.93. In unsupervised approaches, combining CNN with fuzzy clustering (FCM) reached
accuracy levels up to 99.6%. Autoencoder-based models were successful in denoising and
feature compression, while GAN architectures improved network performance through data
augmentation. Multi-source models like MSCDUNet, integrating radar and optical data,
reported F1-scores of up to 0.93. However, challenges persist, including inconsistent reporting
of standard metrics such as F1, limited generalizability of models, and the computational
complexity of processing heterogeneous datasets.
Despite significant advancements in the use of deep learning for change detection,
ongoing challenges include the scarcity of labeled data, lack of publicly available benchmark
multi-source datasets, and the limited availability of lightweight algorithms for real-time
applications. Future research should prioritize self-supervised methods such as contrastive
learning, the development of noise-resistant and lightweight architectures for UAV and edge
deployments, and the creation of standardized open-access datasets with comprehensive
metrics. This study, by offering a structured classification and comparative evaluation of
algorithms, aims to inform intelligent decision-making in the design of change detection
systems for researchers and developers alike.
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Fig. 1: Chart of number of change detection articles in radar images obtained from the search in the Scholar database



A. Aghabalaei et al.

(Yf+)

hylKas 5 VLT ol

G Ol Lulid 33 Gaas (52500 S Ghey
Deop learning methods In radar change detection

1
r 1
PRI TyUaRs g3 g sl oy liad sl SyUas
M) SOUrce Supervised

Unsupervized & Soif supervised

((mscounet ) Csnd-u{s-snd) (Gan +Fcm) (autoencoder + FCM) (cwm:* FCM) (RNN(L{.STM)) Cunet ) C e ) ( n}m D

by palar @l s Slulid )8 Gres 5050k o yig, (gumaiws Jisle Y IS
Fig. 2: Classification structure of deep learning methods for change detection in radar imagery

S oo gl Al ) i la Sy bt ol a4 b laaskad (]
ras GaSeD 3l baosls Sy cda ad gl b culed o
sloosls (55, wdlys (1l Sen 5 oL s oo oays Sajsel
aile laaipadel Koo 4 Connd g S 1) 00,0 77 LIS 095 s
231 ey (6 e @l 148 5 KNN (65 sl

S g Gy jobate ¢ 55 [A] JalSen 5 5 (Jlo oo o
odliinl &l pss (loled sl Y iz (g (sras slaased
Szl oS jgel 00l Bl b wilgs e 4 a5 glas (sl b ss S
285 055 5, pgal 5o 4 azgi bl gl wss (b ) Sl
o I gl g, b eogs o i ailate oSy 5l cilizes slayle;
ool (e 64 wials JUA s 5 dmslona | Sglis 5o
GaSed by s A8l s Al ok Sla Sy 4 pigal ol
o3 slagmile 5l alules @8ly ) bap)] bawgs oo (b (eas
A 53 6099 Ol |y D9l pgal sla Sy oS Wog Sgae
Syzge (S S by, ;S 2 Sl A el (g, Gl a8 S e
Dol Al

o5 9 las Ll

98 3l e prgbas ;0 Ol pis (3L 58T jslaieds (g onl )
433 ,5 o 54 (Artificial Neural Network) cgias guas 4S5 S
Gl 90 om holi peal al p ol o5y &5 el oud
Syge cnl a5 anlp (1 JS) cwl sad (b (618 pga
Slal b (dloee o2ty o (Lol pigad | JuSiy S0 ln &S ol
S olie Jals a5 55 o e (0% Ly Yx¥ aiile) ools
Caond ¥ JS5) ool (635 10 Sy o] (Solesr 42l @ by
sy b aVas uac aSl LSLe a4 ools () G ¢ (]
2 Pl (gras 450D (o Cwnd ¥ JSD) 0gdioe Jiie ol
4Y S g (Hidden Layers) oles 4 oz «699,5 Y S5 slyls
Sy 5l (S b Bl (9,55 2 (5395 Y 5 el (29>
(il Sgli) (5 S s b il o i 5 el (53959 0,
sy Gub ol polie bl Lol pgal o JuSy ples
ool by g oud Jiie oy sloas¥ )0 35290 slagys,s 4 JLail
b wsdice B3l RelU b oy9aSo 1) (gilu]led wly
9 Y ol po s lgl by S sla Sy
02y 535y JuSiy aipains )] oy a5 Cesl (5,50 S5 Julis

Gl Sl gl o 50l Lo loro glgil
S

@lolids o35> (Beos 6550k lagslens 5 b )5l 5 S L
bl (920 (hesinns 55 658l 590 Sl o pglad )0 Sl
ool Sla Ty sy Sl 2 (e (s slaoe ol 0
ailosls glows p 5ol sl Joe as |y 593 sl g 54 (6 18l
9 > slodls 5l (ot g oz slagSdl gl el (Sl o5
Wyl 1y geiie

Oy OR35S eddpen 5 gla¥ LSl ulal i onl o
5529, 99 B o iggbge Shaol jo oolinal 5550 slats, glgil
C grodiz? g € g,laaes g Ol a0 Kouls &)l Lol
(Bros G5k 2 slagsslene 0,50, 0 )0 isdige Julod
Oygod mly o5 5 igsgase blye dwosls il ogou
sladl,bele g pgai b od salys cw)p (Adal g sddiganaivs
20,5 &l o35 cpl $935 slaileis

ol "")LE"L;[QQ‘”}) e}
WJ bk S 0 58 s cpl )0 05250 sla by, yiden ax S
SNSio g cygal Gloodld 9.aS o s 0jem (l 4o (yubiize (ST
3loolaiwl b b wsyls (g beus hled wo)ls 0424 L:z»QT RTWEIIPLY
ooy s [Pl cms oats ol b g [0] ous &l acs sla g,

il s JBlas a4 u;.i;)'j.oT sloools 4y 1) 595 oolaiul 50

MLP) Y iz (50 (e (54505

ula/o)g)ij JJZQML;@)M

oolawl I asciw (5310 i Jol e 50 caslis sla Sy BT
3 Geos (6 ,50L slo g, 3l oolaul adgl sl Jlu ol g, ol 5
;).40;(50).' u.)‘,u..xs ‘:LAL,..A 0)9>

5 bS5 ola Baa b [V il 5es 5 SLs Y18 Jlo o
Ay il SglB e slacdlad ojly,0 a5 Slos JKe @De olulis
Wz gy smas 4 Sl el @le sz g S 2
o dxkad g, 5l eolanl b ol lagyT adly jo 03,5 oolaiwl 4Y
SS9y 19 ‘_gdu.ld.!.]aﬁ ‘) Ds.’.> G)LD‘) J"Bl‘a" (SUC) 6}‘)S”5 6]4? wolw



J. RS. GEOINF. RES. 3(2): 235-256, Summer & Autumn 2025

(YfY)

Vot s 5 ol oF o ylos o b o Ko CHeMb] 5 190 1 iminw slaing s ale 4 piii

Lo ol 45008 &8 5o as )l 4l Ceows 4y MILP 5l ool b
ool ay 5L asii b (6508 (sla g, 5l eolasul b sl oy oxw a5
&l i slaosls (055 lrosls (bl L 5 asl andls yeS
[a] Ll e g SULE jo Jlo (sl igd ools Lamseis s 5ok
acd gy SO D) o] e g S g Ghnd oot ol g, SO
Slgaiion &Y Wi gy cmas saSld 5l eslaul b oads ol
slaie, g L8055 sle)liS 5, 5l oyl 90 o Lu,dr .assb
(FCM) (536 (ke € gomadss o258l (97 531 gonade>
sebieds magh cpl 4o .000,S colatul 0g slacols Cogd (ol
2 e @57l 5l 5l e plal o Sl sl Sl
FUSs o o] WJ5 sle a8 el ons soliul ees (5,050
sl Shy 5l Glacgame (s aloye ;o el 00l ools yioled
Sl g 5l Connd D9l (oo )8 g Jald sl (6 900
9 sl MBI b 098 o0 gl il aile 93 ol Sl Ggmlsy (63295
Sygods B Shs ol 0sd Cush Slped el adyl bl

igder Jae 8l (ohi5el (sladised plyieds ygal il gloymy

o ok el i sl i S 55 s
Sl s opdioe 2l O b 2) (29990 cuzpy SO Ojpon
Shoslitul b oSl cnl aBlice 635 0 oSy S0 et S
iy ,651 L 5 (Labelled Samples) oz o sl)ls o350l (sbrosls
Wy B 09 oo 0015 33901 (Backpropagation) Uas Ll .l

oot pgal sl ioy plo 4y 90,50 ok Swjoa | s (slaoSl

DO

bz
~b Sledlbl (285 5 b ieee 6553k 2 (S 09 00
63 IS8T SIS sl g, s s o il LML LS s SIS

J.Squ )0 @YL’ @U}) 9 oésg )L))P); Lg)a‘)!l.\ 8o )‘ CA‘):.:AJ
B, 5oy el Sglate byl 51 AL sogigl 1 (Blg Ol s

Ol yaets bl slo g, ;S0 o cely B 590l 0015 550eS

Output: changed or
unchanged class of

central |'|ix|:|

|a—";'".....$......"“."~a|

(i of the
samples

g=

|!|F|LI| of the
network

The difference image

(a)

!&."’ {:ﬂl Input: gray levels

of neighborhood
pixels

(b)

[A] sgumme oozl slacmiile (55 )54 53 oSan 5 9d (goleioy oy SIS Sl ¥ JS0

Fig. 3: The overall architecture of the method proposed by Liu et al. for employing Restricted Boltzmann Machines [8]

=

Mean ratio

B

Log ratio

Training Samples.

Feature Extraction

[T11T]

[T

Encoded Feature ~ Change Map

Feature Visualization

Dl ol o5l sl sl o) Ses o Sis awgs oadadl )| 5 Uasars soloiduy (bs, 5 IS slos :F JS3
Fig. 4: Overall framework of the semi-supervised change detection method proposed by Ning et al [10].



A. Aghabalaei et al.

hylKas 5 VLT ol

5 Sy 500 lasdllas jo .cd, IS4 g,bl) gleesls b3l s
G ws,s >hb [Vol PCA-Net ab , lasis [VF] il ISen
Sy ol 5l g gl sl SAR pslas 5l Losiiies 1) g0 (sla S5
L DA olSKan g 65 ¢ pimman S solitul @olis asis odos
WLl 298I AF) (ghedas ples! Jgile 5 (saloms (5 lors 51 (550 0
a5k g ool e iy baisls &l ol s g5l ST 4l p
L ONN 55 (slone s DIV] 03l)8em 5 (o e iy leio
Sip slogslde 0 Slss ile)Kal 6lp 1) plne Julos

&5s,S b

oo ol

FSZS polaing 4 6399 neal e Jols FFDNet )lisle
o)ly aVaiz iglgls aSih 4 g5 Dad aldi b ol jen a5 Col
siledles 5 RelU silu]led @l (2gdgls laa¥ digh o
5 283 se plonil 335 5 (Jore g0 ], gt (S T8 slans
(0 JS) VY] s o o5kl oo 3LSh pguds pannn
zlyinl 5 61aSU g5 2alS Bam (PCA-Net e [V F] aslllas o
Ot (o gl Lol 592 Loy 59 (6 50k g o sl Sis
(e ol @5 Sln sy ale 5 lpto b Shy Gl zshu
) RelslS aw aw b el silone [1F] o Sen 5 315
Gl ol s s S b el alesl Jgsle 5 L ¢ b
FVD) Vb mhw Sy slalop ©jgon jlae a3l 95 (29>
Fully Connected ¥ 4 L, calils [Las 53,k 5l g 2,5l (Fv2,
(7 JS8) 09h o0 0y ol et 4l g o0l L)

5 elime Judow il U VY] oLes g o (oYY Lo o
2 Slslxe b pals Gy o bsle o iow omae slaaSs
“5)‘9.40 Slewlos )| oslazl L 9 Qsls 4\3‘) > ool 6‘)“> Lng.]a.om
5,00 slod )5 jo 1) cdomn crae slaaSid 5l solitul cubls

02y Lol

Ly
30 et Shomn erac a4 Wleols lis sawie Slallae
noba b s G Gla SRy laYar 5 ) See glFel
DY g 18] s s MLP asile st slaJas 51 e 0, 5kee s)lo,
DIYT Gojlo i d9m0 g g LalS 0 FFDNet pbss ol lisLo
@V 2305 D] o sy 380 anlin )0 ol sl il
oolaiwl b8 pizman losls ylis S 5 6,08 oo )5 o
s 5 s lone b Gl Uy 5 (eXimosls slalaze )
Slass 51 oolaiwl b Jaw (s S5y, ol 5o cnla )] spe sblye 00
sty SMB 1 (6550 00 5 03,55z p Aiged (3995 Sl
L gamaid asle by j0 (6, S preal 5 (5,500 4 018 o>

DAL el ol s g5k 55T

sty Lolail 13850 005 S (5 ey Jold o al> e
aYaiz glexe L a5 ol (Stacked Contractive Autoencoder)
ol B 1) osls 51 (oo g 03,08 Slaialed glyseiul (Sl 9>
@ Sl Cobes Gails) Blas ay Gk el cal il o
slaioles doosls oo Lol lad> 5 (609,540 Jiz wlilize]
(2 (nl (795 S oo gl ) S Sla Shg il (oSt
b 55 (Shs slad o a5 Canla T 5l sloaiis 138 5 Siales

2, @Y RSS9 3l ya
3y 2 Kmeans anads o )81 5l 655000 b (oleg al> 5o o
g €Al yom> S 99 4 adiged 0l5 I 50y Sy bl
205 (o0 Jolo (led s Al g Wgd oo STSE (AL iy

St 5 5 Slellbo

LYY Jlo o I asl)5es g lool sl sla )55 5 (o 5o
Werge At slaty; Gl sl 5 6y sbeesls oS 5
wole @l a5 a8 5 e |y aVaizr 9w (oras sloass
wras seaSls sl caws Olpes gile, ST a0
Lls) @rSob cobl 5 osle JLSle Llsar a¥ wix (gt
St dnwgi 5 2l K Lol asile adsl slao )57 5o ¢ oz 8
o gige V] a5 551 sadllae ;5 5 WIactls (s 5o 5 Shas
oo 787 LIS o o S

Ol Sy (s glel @ (Sawls s 4 s o)
el 1) paatie by ead b sla SRy 5l xSene
laosls 4 IS 5 Jitae (35100 iy @55 (b cnl b sijlo o
L aolio o ol oad byl oS 2alS cogo «uisSh (oo)9a]
w2 g w8300 Bl (605 83 o8 MLP (5 loss « iomy slaaSed
@ loly ez sloosls b agrlse 50 o5t )l (6 5V (bj9al oo
51 oolitul il sl Sl 45 45 oud o rgdgaze e LAl
GialS s 3l ST 0o 50 A wiz (g o 4SS

b

iy geae slodd 0

Ao 3l 5 o lono ol
4, ¢ Convolutional Neural Networks)  iore uac sloaSs
3 B G50k Glecsz )l i) 5 (So (ONN jLacs]
e (B 525 90 5l homins (G097 ;0 45 At pgal 3l
- e o Sy Sl o oUly Jdody deaSl oyl sl
32 o0S jsbay oilalids glasle b Gl Ak
(Jle (5l ailoads oolaiwl SAR (gl pglal jo Ol yss (gl
s pg pals Baa L YY) Lo o VY] ol Ken 5 aSKign
5 a5 w6s,S eolawl [V\Y] FFDNet &, 2 3l (Speckle Noise)

> 5o plyieds (5 S50 Dot g 092 00l (b gl B> (sl Jol



J. RS. GEOINF. RES. 3(2): 235-256, Summer & Autumn 2025

(YFY)

Vot s 5 ol oF o ylos o b o Ko CHeMb] 5 190 1 iminw slaing s ale 4 piii

>
®
% &
3 +*
Tz
- «©
(= +
o
S| |2
o
(]

Conv + BN + ReLU |7

DY) pgas g5 j2alS sl FFDNet aSss IS sl 0 S
Fig. 5: Overall architecture of the FFDNet for image denoising [13]

Low-level

Mid-level

High-level CondCony

Activation Function

Image I}

measure

i | Y y
=

L, for similarity

’ Correlation
=

Fully-
connected

ﬁ |
AF 0000

Low-level Mid-level

L, for classification

High-level

Image I,

Change map

V] ol 5 lome 1 e (el pléo] aSes Ky po (2 Som 5 5 (golyiiy 3y, LS sl & JSa

Fig. 6: The general structure of the method proposed by Gao et. al. in an adaptive fusion network based on Siamese architecture [16]

st YoYY Jlo o [Ve] (58 5 sSl wises lgica
S 90 e H9iS slaailsog, g el oS s olss olulis
L U-Net s lone Sotaiols )13 Giolejl 050 |, (sdomn audil
Lyt Jow 9o 2 DeeplabV3 5,55 g ResNet50 <l 88 g
ui;)‘yJ Cityscapes g ImageNet o lasbiwl slaoslodac gosxa 5l onlazu!
Ao cpl o U-Net (g lans 5555 51 Sl ol mls .siog oass

.\)93

o slas)sld b s lone damsi

L sz slasyslys eleol wals wilyslé glacd g b ljes
590 VoVF Jlo jo igad (ylgicdy s a5 3390 sl s lose
2 e sladgile 5l U-Nett+ asd o ksl o [TV il IKen
ool (gyloly pslar ilo, sl (Transformer) oouS oo
L ailojSG SAR jiolas 5l (Shg slvaids laul g, cpl jo .ais,S
)'.’.5“4‘ LsLb:\.Laj B KW C‘)_‘)b.‘.u‘ ‘5\,..2.\4 6Lbd.iw )‘ oolaiwl
Ja.m53 3 oa.J)o (Tokenized) ,S¢5 &,904; (Image Patches)
Syl yoo gl )0 (glaie ) Sledlbol b wuss (6,l350S boaisS o
e sbalel sbrl 4 e (b nl 0ed siledae
olioniz Gla Shy (aliShe, al>pe 0wl S sla Sy
G50l Jlgte SYLAST L 5 0ud (5,15 pigas Toase ouis 138 e,
23,5 (8o Syl g (e (ol S Sy S

Lo il 5 lacysgumo
oo 53 @l Al b (piomg (ovas slaasid sleslitul I cnl b
03,93z Shigel slaosls 4 Vb LS ol alex I el
0o robes Bree laslare ;3 og 3k (Slewle (S
pae Sygo 50 4 g 4 Cunlas g bl g Geel anl
Slods g Jelge cnl 117 5 VY ] cnlis 33l i plox!
L 5,00 sladasme ;o (ciomn (orae saSed j 5o onlinul
Al aslraiz slagsjludinge 5 538 (b wieils sy gl

U-NET ¢ ,loes-

‘_5[‘4/‘)):1)5} (_g‘)Lo.to o&g[?

ras baSl lew o U-Net (g less 5l azgs LB 5 S oolaiul
ad)‘é‘) )..\.9[..43 )‘ oolazul L> u‘ru.au LSJLAAJLMAJ o 6‘]3 st?v.;.a
&S slagSay sl 039> ol jo (gHlese ol Coenl saumo;lis
5 b oo shhaie (Jyg,0 LaSs jleslgils ol 4 AlBlas oS ls
Sl S5V gl e DAl jal ) Kes § canygils il o
A3 5 0 0 blenzle jo Ol s olulis jglaieay U-Net (goolw
Ogr S hetiwd sLdl 380 gananb ‘Laodi kol Gua
asd)S i o oladlay lad sleonsay 5l LOU Dlyess a5 ysboay
3530 355 dmy sla Lo 15 (385 sl 2 s 85505, (ol g
R APV IRCH K S e W 1



A. Aghabalaei et al.

(YFF) olylKan 5 YOG ol

&lie 5 00,95 ez 5y (sosls 5 YL poe> wiejls U-Net++ oo
B9 pae Ojg0 ) opizmad Sal (Bigel (sl a2 BB Slislow
@ Comd S pdupmens alS o Jow (hjgel slaesls o SIS
] sgs, o o clasols

PR RS

i (sloaSii -

Jéa/djg)[fj 6)[4-“ a[@_b

Sl SlaaSed 55 dEree 5oL slaojs> ple S
ol ;o RNN jLais| 4 L Recurrent Neural Networks)
2 eiie 6l 51 YN L o [F] )Ken 5 oSLs anlllas o
Gananb gl (ISTM) SoweligS- g¥eb abadl> a¥ poie
dsdads b auslie ;o Joe oplas ols LWGL».)M ookl Ol puss
w‘ij‘o ‘5).4‘4 o)iLo.c (SVM)U |b).v L}’WL“LS""“
WS ol Sl s L,;[L»L;a BRRTF N RGR

o o Slas Lol

Sloj Lalgy 6,500 0 oblg JJoay LSTM o554 RNN (slo Joe
3 S gl Sl Ll sl o8ls 5 sl oSy 50 5
oy ()5 Gk o 5 wtes clie )b, Slej slags
@b ety (Gl B L (65)9laS (armacon s Dl i wiile
L by 6w srosls 4y 5L ¢ gl Sauzs (b bl
Slacasgams o 5l Gijgal (Vsb ooy 5 Vb cohS 5 229
s lore b awslio )0 (pizmen Wghos Comne L] o
3 Sk gleasis S5 g IS cds WU-Net wle cdoy

1] sl pomly Ysone S5 slogliia

(64,H/2,W/2)

/

\l’

(512, H/8W/8)

x°3\

(1024,H/16 w/15)

(320 H/4,W/4)

\ N (768,H/8W/8
(256, H/4W/4)\ X(“ 1,1 -

Glslo cpl jo sl o ools Gislas V S jo Joe opl (S L5l
5 i sl eww Jolss (branch2 g branchl) (gjlae asLs g0
3 om el (pl pulidonizr slagzg > )l )8 Gliss molans
6,185 50, Ollos g (Downsampling) (g 5lw by al> o iz 5l jguc
Sldae 5l oolazwl L (Upsampling) (sdge0 e 4o «(Encoder)
asd o5l lp w4 9 oal oS 5 (Concatenation) sl
Tob 5o Dbl loslitul gl go (510 paigedil s (25,5
ghl QBal G be nl o o Fhg 5lued 23 5 (culiiie alidis
P EBS Sgny zge g 008 palp ) Sed ol slawle

OW PRV U P W L

oAb 5l R Gleea plisres U-Net 5 lose o3 sla Lo o
e o)l pslai jleslainl b ol sy Slulid 059> 4o b, lisLo
Ly olome cnl 50 [YE] g [YYT VY] s Sla s ol oo
097 @5 yo g eols HI8 a3 goleiiny LSl Cojeme o
Sisle Wl S B blasle 5 oole Olpuss o5l K501
350l o ey SIS ledlbl Laas | U-Net (glis 5o - 105 50
Solose (nl oS oo @l B 1) 580 ot laadds adgs (el g,V
G Dl s il 10780 050 U placds calizee lddlas o
[v¥] iz gosls yo /AT L +/AQ o3l ,o Fl-score 4 [va]
ol 4 Glg co o] 3350 slad )5 dloz 5l sl 00 5] oy
PSR A T WES Ry I JCE M e
] 5,5 oLl saysawl (g (san iy

lo il 5 locyoguzs

GFa i Gleass ) ofgar U-Net (g lose dblse (ol 0529 L

(2560,H/16,W/16)
Concatenate
Convolution
== Down samplin
xl’a'\ pling
il == Up sampling

Sl pslas o &l s gle IS8T gl (VY] Ol,&w 5 95 oy TransUNet++SAR (solgiion (bs, S bl ¥ JS&
Fig. 7: Overall architecture of the TransUNet++SAR method proposed by Do et al. [21] for SAR image change detection



J. RS. GEOINF. RES. 3(2): 235-256, Summer & Autumn 2025 (YFO)

Vot s 5 ol oF o ylos o b o Ko CHeMb] 5 190 1 iminw slaing s ale 4 piii

ST 63955 52905 53 (a2 (508 S B2 5 O (&5 550
G oogi go ool S0 0850, SO a4 Joly psas ol 0gd o0
055y IS o g g ool gl baosls 5l slos ;28 sla S5g
g

el (Fhy sbabil @il a5 S5, (oS e
Gz o b b Sy 5l lacgoomo b 0gd oo 00ls FCM asyaig>
oW dw j0 bz 0 (pl 098 g8 (Pseudo Labels) i ,Uasas
ooliinl )50 (gam Al o (gl (3901 00l lsieds g Wigdh g0 iy 5
lrools ol sloolainl b iory  cmac 4l cablol )0 .05 .5 o0 1,8
Gk 3l ngal Sla Ty ol 5l o g o (ajsel 03,55z
S5 (ol et AlE g oad (A3l (Sl (oae a5t slaaY
D9 s

+FCM) g a8ty slogyloro 5 (o508 (cdudlps dewgi -
CWNN

5 S gy b alie olosySy) 15 w3l sladle yo (ot
2 V] s § 565 ciges 6l el st JLis [Yol o Ken
U laebl b 590l (slaaiges 5055 puni jalaieds ¥V Lo
DT oS p (Fae bS5 (o095 (Tl S
S ol gadlier slrdiges «,S0g, ol ;0 .00 ,S colaiwlFCM

u_ejf )|)5 oolawl 3,90 OM‘5>‘).19 T S SO u*’)?"T
e 658 sanasgs 5 YY) il Kes g Sie YeYe Jlo o
)| By ob; oolazw! LQM)JC\M C‘)MI L.S‘)" (Local FCM)
D85 oy ganaib glp (CWNN) oy Soge a8l S
ool 8 ot Judos Jloel Gaa L [YA] sl 5o S35 )] JLooa
5 W35S g adsl gonaskd 4 aladl SLIC oo, 51 6 S0 0 b
Sl YAl s Lo o 065 g, 5l slaidlanmgs ddus 48 e
sleosls o g slp JuSy slad o FCMglal> jego (gamsaig>

.A.).)).s a).e). MQLU.QJQ‘ ‘5..»)94;‘

u_v”)l!a';aj}j Q)ZEJO}J.; S0l slos, g, 0
Gloools 4y cwyiws (61580 5 0gu0S il o )Ll i iy a5 a3sS lan
s )0l sleosls ofagas )90 Sl Gramiw piglal ;s 0393z
50 ol a5 (6 50l sla g,y druwgs 1o wlul la il
5 (Unsupervised) oaisc s sla g, «odgame (pl 4 Fwly
yo xlad 3138 g38l50, ax gl 000 (Self-supervised) i Uaisgs
S L L ooyt slaosls a5l ey Jae das Sa, ol
5 9w e plowil 1) 6,050k anT ) tbllogg )0 &0t oz
Awd ol dalol jo a0l s alS Sws sladiges 4 u’i‘;....)lj FE

gl oo (o Jraiias b b, |

ONN) &) B 50 (500,05, 40 (oimn loafCad j b ool -
sls)lere 5l S0 Gav A sras slaased 5l eolitul
L by ol slajls aulys Slllae 5l gl )0 558 21>
gl &S ol sl el b ool eoygT 5 1) Ol (o5, 1S001
dnge el (sl 03l (e (60l wn T el BIS Laasis
55 o5 e Sigel 5l Gy (oB390] sloesls angd waien oy
Wosls (nl ogboe b (55900 Aoy S )], gl 059>
b g oo gl oyiggns 653k slagig, o)k 5l L Ygane

D9 oo 4185 0,40 ol higel i 5l slaJue

Sl l3] o (6 cupadss 5 5055 (slo)liShe, oS -

Autoencoder + FCM) &/, os5
ol YV Jlo o [Yol julKes 3 S diwly e o
9 €l g5 90 4 Slpdl (anatnd 5 (53ley 58T sl (oS
M350y S5l oS o] ol (g, waisls &)« aror
S 5 o emac 4SS (Sparse Autoencoder) oaiSTy [Sae>
g (Fuzzy C-Means) FCM g, (sisomw Oylaicygdy aidadss
Ao b onl)3 el ool ools Jiules A IS5 40 aS 4555 Lo

Pseudo Labels

SAE for Feature Learning

Feature Maps CNN

g 85 g 631 anades Sag I8 50, S 5l ealinal b sl polai jo Ol gjle KT sl [YO] () Ken § S5 soleitnn by, S Lo A JSi
Fig. 8: Overall structure of the change detection method proposed by Gang et al. [25], combining a sparse autoencoder, fuzzy C-means clustering, and a convolutional
neural network (CNN).



A. Aghabalaei et al.

(YF9) olylKan 5 YOG ol

mas a5eh Sl gl hcaz i adsi sl 51 onads
w2ly8 1, adl ‘5“;‘,)’5‘1 Slrools U 04 o oolaiul o3 yb3g0] L
@ (Sily (2ol 5 anlyd gilwesls By, (nl S Cape S
Sbbasbl Jas ol o amoie ol @l ool xils Joe
G P M cie slaghs) & Cod e 0 See atulys
S0 lis 03 5l e Lo

2 e Bax ol [YY] e 5 Sils pne ol aslsl o
Sl WL o] Jle a5 Wi S @l saniS Lo sleasis
oo,y 45 adiogaone sloasy Jlacl 5 (Jowe sloalog 4 ji9a8
Sl g (b ol el ead (Sl SaS Seabns
Sl b b g 3l 4 o) g Slslme Sz jfetr
VU g pliee (sla s glied Sl Jlo s 5 5 00 s
ol 05,5 ol 3 1)

Sl sloly) sl 5 bl (doky ol -

e Oy g slaghy, plisren waaz laby, o 992 L
Lis ) 053 ol 1 gonalss 5 ion oras 4D
Wge aSie g FOM 3,8l L [YA] ) § S35 ¢ Jlo (51, ilos S
FAE L (85 g Wad jtne oz pacd oddsi 4 (3890 rolicte
sleosls gl slagy )l (sl ofaga by, cul 0,8 (158
ey b oolidl g sblie ol aiile wgase 08 )6z
CoisS 4 ataly gl Sl o Skee Jb opl b VO] wicwlis
oS e sl pglas 3 SaS) g5 3l (e 5 4l sanatss
oo )35 Lol Cusgame lgreas 16 [ V2] sl Slallas 550 50
b anslie ;o laghg) ool (Slolns Gloj a2 )5 %00 (s 5l el
RERJC U NV T O S VS S WV X S E
g Slwbre (Sazmn dlgioe 995 FCIM layiall (gjludinge
s il 1 adsl Sleas 4 colos

L scale space

/
1 e x :
— | R — ,\J

l L? scale space

i et —— 1
Pre-processing
| L——» |
and Log-ratio | — “ — 8
(ieescianiie ! P\rlH(lclust(lmu

Using TCCFCM

L scale space

l _’ u

MSRDI

5 o S ge A (551 (saade> 5l ool b g ol palas ;o Ol ojle KT 51, Yo YY Jlo e [Ya] ¢

polie Woe laaSed jlwols SgaS 5 adde sln by, Gl 5o
5 ob oolitn] egian yis slaalog aly g (DCGAN) b,
W8S e 2l sunaib Glp Giam Soge 8D @bl s
Wl cans AP LRt G0 4 Cdly fgezme [0 a5 Al
lses @)l b [Ye] GuilSen 5 (398 YYY Jlo )0 copmiman
OR8)S Hh o b Ll alie g)sle FCM 2,650 5l gme S
2 ey ol BSOSl s ST (gslwenly by Sy S (Sl
ol adgl 5315 min b by o2l sl 0 o0l Ligles & S
s Jlosl b G 5 95500 5B (cep)8) Cond s
wilize oolie slalad 5l eslinul 5 (MSRDI) lenis
Gauabs Bkl la g > Wisd e gl il ol S Sy
bz pasd Sl glaidi g (55ls p TCCFEM 2,680l 1 (e (535
5 e iBls posd ool sladiges Joli s ol 00,8 co 0
aSd hieel gl alBlam jsbas plaS o a8 sl a8l 5 sl
3l dmosls ool jolaieds (opizan Wigd oo ooliinl (piomy Soge
W85 opp (Syvae yiS sbaalog oy (515 DCGAN wge asit

S e S aaiab g5 0 Slas Sgugs 4 4 Cansl oy

(End-to-End) bbbl slos,lazo-
Mg slp ganadss I as Jslate oS5 Gles Sug, LS 0
O 2ogty; 2l sladle )3 Wi o sl oz
Sygots |y Olss glolis anls J5 a5 wilas b o)l
Jleel b Slis poai & L5 (e 5 (Endrto-End) oblacbl
OHen g SinS iges (gl a0 plol 5ls i sl il8
23,5 &l)| o (aras 4SS p e oo, YoV Jlo yo (W]
L w ga\.Jj‘ (R um r:l;ul 3l
D9l pgal g 4 ks G | ol samail 5 03,5 0)ly Joe
SrSope Glaa )9, ol jo aes oo bl dauly ganaie> L

ol bl polas a5

Change Map
Pseudo Label Map

AL
simple Changed Pseudo Label
Pixels 2 Changed Patches

A Noise

S 5 S35 5ol sy IS Slslo A U5

DCGAN L l58losls

Fig. 9: Overall architecture of the change detection method proposed by Zheng et al [29]. (2021), combining fuzzy clustering, complex wavelet neural networks (CWNN),
and data augmentation via DCGAN.
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Urban development monitoring, deforestation detection,
natural disaster management [7, 8, 19, 21]
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Accuracy up to 95% with U-Net; F1-scores in the range of 0.85
to 0.93 on SAR data [19, 34]; Kappa of 66% with MLP in forest
monitoring [7]
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