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ABSTRACT

Geomorphological maps are essential tools in analyzing
geomorphological, hydrological processes, and natural resource
management. Traditional methods for producing these maps, which
rely on field observations and visual interpretation of aerial images,
face limitations due to being time-consuming and costly. two
approaches—machine learning (Random Forest) and deep learning (U-
Net)—were used to prepare an accurate geomorphological map of
southeastern Garmsar. The input data included Sentinel-2A images
from 2024, a 10-meter Digital Elevation Model, and morphometric
indices such as Topographic Wetness Index, general curvature,
roughness, and normalized moisture index. The results exhibited that
the Random Forest algorithm had significant performance in
distinguishing landforms with pronounced morphometric features,
particularly young and old alluvial fans. In contrast, U-Net provided
higher accuracy in identifying landforms with complex textures and
irregular boundaries, such as hills, clay plains, wetlands, saline lands,
and active and inactive sandy plains. The U-Net algorithm also
reconstructed the boundaries between mountainous and plain units
with greater delineation. The overall accuracy and Kappa coefficient
of Random Forest were 89% and 0.86, respectively; whereas U-Net
indicated an overall accuracy of 94% and a Kappa coefficient of 0.92.
Overall, the results reveal that the integrated application of machine
learning and deep learning algorithms, combined with remote sensing
data and morphometric indices, has high capability in precise
extraction of landforms, especially in arid environments with spatial
heterogeneity and complex boundaries. This approach can serve as an
efficient and generalizable framework for geomorphological mapping,
environmental change monitoring, and supporting decision-making in
sustainable land management.
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Extended Abstract

Introduction

Geomorphological maps, providing spatially
classified landform and surface process
information, are fundamental tools for
environmental analysis and spatial planning
(Bishop et al., 2012; Paron & Claessens,
2011). Traditional map production is time-
consuming, costly, and heavily dependent on
expert interpretation, limiting reproducibility
and generalization (Lark et al., 2014; Randle
et al.,, 2018). Advances in high-resolution
remote sensing, digital elevation models, and
computational tools have enabled semi-
automated and automated approaches,
allowing detailed mapping of both natural and
anthropogenic landforms (Evans, 2012;
Giaccone et al.,, 2022). Machine learning
algorithms, particularly Random Forest, have
been widely applied for landform
classification due to their ability to integrate
diverse topographic and environmental
variables, even with limited training data
(Rodriguez-Galiano et al., 2012; Veronesi &
Hurni, 2014). Meanwhile, deep learning, -
especially convolutional networks like U-Net
- allows direct extraction of spatial and
textural patterns from imagery (Zhao et al.,
2025; Li et al., 2025). This study aims to map
arid landforms in southeastern Garmsar by
combining  Sentinel-2A  imagery  with
morphometric and spectral indices and
comparing the performance of Random Forest
and U-Net in detecting complex boundaries
and heterogeneous landforms in desert
environments.

Methodology

This study employed Sentinel-2A imagery
from 2024 (13 spectral bands at 10-60 m
resolution), combined with morphometric
indices including total curvature, the
Topographic Wetness Index (TWI), terrain
roughness (Gourabi, 2023), and the
Normalized Difference Moisture Index
(NDMI). Two classification approaches were
applied to generate the geomorphological
map: the Random Forest algorithm and the U-
Net deep learning architecture.

Random Forest, a supervised and non-
parametric ensemble model, constructs
multiple bootstrap-sampled decision trees
using both dependent variables
(geomorphological classes) and independent
variables such as slope and curvature. The
algorithm reduces tree-to-tree correlation
through random feature selection and

aggregates predictions through majority
voting.

U-Net, originally designed for biomedical
image segmentation, is a fully convolutional
neural network with symmetric
downsampling and upsampling paths. Its
encoder—decoder structure enables pixel-level
classification and the precise extraction of
complex landform boundaries, making it
highly suitable for heterogeneous desert
landscapes.

To build the training dataset, field surveys
were conducted and GPS-based samples were
cross-checked with existing
geomorphological information. After
integrating all datasets, both models were
trained and implemented in Python.

Finally, an independent set of field validation
samples was collected to evaluate model
performance utilizing Overall Accuracy and
the Kappa coefficient.

Results and Discussion

Landform classification was conducted using
Sentinel-2A  reflectance data, normalized
moisture index, and morphometric indices
from the digital elevation model. Both U-Net
and Random Forest successfully identified
five major units: mountains, hills, alluvial
plains, playas, and anthropogenic areas. U-
Net recognized 16 primary landforms, while
Random Forest identified 17, including
slopes, erosion-affected hills, gypsum and salt
outcrops, hogbacks, old and young alluvial
fans, active and inactive sand flats, riverine
deposits, clay plains, wetlands, saline lands,
and agricultural areas.

Random Forest delineated old (126 km?,
36%) and new (54.8 km?, 2.7%) alluvial fans
more accurately, whereas U-Net combined
them into a single class (274.4 km?, 13.7%).
Conversely, U-Net provided finer boundaries
for erosion-affected hills and alluvial fans
(349.6 km? 17.5%) and better spatial
continuity between agricultural and saline
lands, likely due to its deep network structure.
Random Forest misclassified some areas as
wetlands. Both algorithms detected active and
inactive sand flats, but Random Forest
produced contiguous patches, while U-Net
captured scattered patterns that matched field
observations.

Floodplains, clay plains, and riverine deposits
were better delineated by U-Net, particularly
for the Ab Dolati River course. The
differences reflect algorithmic approaches:
Random Forest is pixel-based, while U-Net



integrates spatial, textural, and neighborhood
patterns. Validation with 100 ground control
points showed higher overall accuracy for U-
Net (90%, Kappa 0.87) than Random Forest
(88%, Kappa 0.85), with class-specific
accuracies highlighting variations in landform
recognition.

The study’s outputs, in order to assess the
capability of modern methods in landform
mapping, were compared with the classical
1:500,000 geomorphological map of Iran,
which provides only general units due to its
small scale. Using 10 m resolution Sentinel-
2A imagery combined with morphometric
indices  (curvature, terrain  roughness,
topographic wetness), both Random Forest
and U-Net enabled more detailed landform
delineation. Random Forest performed well
for landforms with distinct morphometric
differences, while U-Net better captured

complex boundaries and spatial
heterogeneity. The results highlight that
integrating remote sensing with

morphometric indices and machine learning
or deep learning allows higher-resolution,
more precise geomorphological mapping than
traditional methods.

Conclusion

Producing geomorphological maps is a
complex process that depends on the type of
input data and the classification methods
employed. The present study aimed to
evaluate the combined application of machine
learning and deep learning approaches for
landform identification using Sentinel-2A
imagery, morphometric indices (including
topographic wetness index, general curvature,
and terrain roughness), and normalized
moisture in arid environments. Since the input
data were identical for both algorithms,
differences in the resulting maps can be
mainly attributed to the nature of the
algorithms and their classification
mechanisms. The results should not be
interpreted as evidence of the absolute or
generalizable superiority of one algorithm
over the other. Algorithm performance
depends on landform type, spectral overlap,
boundary complexity, and the spatial scale of
patterns. Although overall accuracy and
Kappa indices provide a general assessment,
class-level accuracy metrics demonstrate that
the comparative advantage of each method
differs among geomorphological units,
precluding the assumption of consistent
performance across classes. Random Forest

exhibited weaker performance in detecting
linear human-made features such as roads,
requiring manual correction and pixel
adjustments, which may introduce human
bias. In contrast, U-Net extracted these
features with higher accuracy without
extensive intervention. Despite resampling all
datasets to a 10 m resolution, intrinsic
mismatches between spectral and
morphometric data remain, as each pixel
represents different information, and small
landforms or complex boundaries may be
smoothed or homogenized. This limitation
reduces the generalizability of the results to
other regions and scales. Overall, the findings
indicate that the targeted application of
machine learning and deep learning
algorithms - tailored to landform type and
study scale - can serve as an effective tool for
producing accurate geomorphological maps
for land-use planning, water resource
management, erosion control, and
environmental hazard assessment in arid
areas. Developing hybrid, multi-scale
approaches leveraging the strengths of each
algorithm represents a promising direction for
forthcoming studies.
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3. decoder
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2. Producer’s Accuracy (PA)



V€00 5l ) Bylond OA B)93 b (Sl (s igj dlowe g

s alaie 3 bl (slap i it > U Net 5 iolas JSin 2080 sl ) Jgoia

U-Net Random Forest P

2oy (ppepashS) colue 2o (gyeriagh) colus px) )
sIY WEY f/5 av/f oaline il

\IY YY/Y VY ¥o ool b asals Oiuass
5 WY FIV WY/0 iy

Wio YFa/s YWY YYY/5 Sl Hlal s )

/A Va0 Ay VAG/D S 7 s
-Jex -I¥ VY vslo i S d5ia
iy s A s oS 4SSl Lg 5
YIY OF/A Ll diSSl by e

Al Y¥Y/o a/o VA /0 s i »

¥ vI¥ Yy 551\ Ji Sy, b =
Iy W5 v/ OAIY by Koy cuds
-y SIV ) YA/ R
W YYEIV SIV WY oy

-I¥ Ald Iy ols PR st

¥ 5 V¥ YI¥ (30083) oS cloayy T
a/y VAY/Y Va/y YAY/Y by o)

iy \OY/¥ /A D p9liS oal)) K95

UNet 5 sl S (slanis s b (Se5glshisns’s 2215 o sl (PA) ssiSalys 5 5 (UA) 8 2. Jgoa
U-Net Random Forest

PA UA  PA UA | Suidsirs =l
A ay a\ O S
M » A M eleas
LM A A e
a¥ Ay AY Ad L
A AY M NS Sei5295]

a. M LS e

<IN - 1A L

Slallas 0dga0 y3 (oMo cud> Y JSWS Sl o3game y3 Jleb (S, cusy Yo KW



%0 e G 3 il 3 o 5531 9 il (653l St ks byl | ol 5 opllls

Slllas 03930 13 L anils Lgbye ol Y JSWS oo o3gue y3 Jb e (Koy cudd Y JSWG

SWllas 03910 4 A;S:él bgye ;\ 0 I Sllas 039150 )3 yo oolyl I E JSWS
(\i~£/~o/\1’ fY ) Olf.ﬁ)lfé }l ﬁ,bﬁj)ﬂ%

- .
ol loaids dapdud (Lol > (Bres 6350k 9 oo 350L) (o slaibe) Uy (2bi)l Holateas
o Se par pd bl 5 Bias Sl 03game SIS 4 dnd o lis Sllllao o3games )3 Sg390
loasly his WM 4tk (Lb) Soss obie U 4wl sddaws wlidime; clodh 5 olen
5 IS Sygots ) ajljeysd 5 ojsaloas daaiSellog s ¢l (slocudd liwnsS Al odes (Si3glsh)ses3
oS5 b laSlby pee ] leie b oS 4l 5 bassl by wiged (gl ol 03 sl il
Colus (eSS b baylio g a8 Jlspd closds o0l Livles (1 S o 9 (oMo Cubd 5 (pgunS sl JUK
o Ve S o b sbodly iy ol iagh il Jobs sleads s gluls K asly &)go
bl (Sidedigegs slassly slajye o lopydad 5385 SSE 5 ololid 4 B &Sgyobay sl ondans
o9l ioniue glaesly yids 50 w3l ol o (daxie Oldllas sl lapydad Slull ) S jiegd) g0
sl ola tmgn wlail ST lappad cauaib dgm0 0 SO yieghyoe slayasls ¢ i) g8, sla s
Cugly izl dlox 5l (ptegdygn slagadls wloaly plis (Vo o7) VasiMl g s g (Weo) S 5 (b
rol Ghagh )3 )l slodsg Coonl lap B (gaiaiilo (sly (0 5lgenl 5 SIS 555 Cunbse (Sl Sgys
S T Y= ittas sl b olyan 1S 005 Cagb, g (o) 5 lgoal didl Jold S 00850 (slapaslis Sl 3

1. Dragut & Blaschke



V€00 )ler ) B)lowd OA Bygd ¢ amb (Sl i (sl idg3 aloeo A1

o a3l Coenl el oximdolis 4 wed bl Vb ds b s dibis slappa) b Slordas S
Sz o)ssll 3 )Sles o5 dmd o LS @l Lo sl (Jae Jlod g lap 8 gaidil )5 (6 ptagh )90
5 Ol laisSilbog 5o Als) sitn KBTS ytagh 90 slacglis (gl &S lop as) S )3 05194 Bolas
gl 0ol (U3 4573yl Slgsan (VoAF) (5)9m 5 (auigyg sloaidl b ggdge cnl scunl 039 J58 BB of co028
S Joyd )l (g pclio 3 Slee pasule (SESns 5 otin ples b glassly plulis ) Holas S
o pel Glagh 3 e drlpe Gl b da Shy Sligen b (om)b glajye b alasly SSE
Sor ge «ighiS (S g oy CBd cogboye () e e S (S e (Sjelshige 5 b Sligren
2 0354 (Beas (Hlome pl a5 amd o L U-Net Jas jl Jobs zols . cul sads Jao cpl o saindals slallas
el 039y 5550 (Bl 5 S sbgSl glal 4 B Vb S (Seal g oaomy clajye S (Sl
S35 UL i 8 s oo 5353k Jio oo (s sline @ og3l i 3,8kee () (Jlacall
SN S g SIS sloasily ] Lop 5] phitels (glnjpo 5 dtusgsy solh (oS b idglgflS (g lans
oy 2)lss 9 383 iy elid ) (ABIPl (as laaSid &5 wmd e (U j (VHVY) ollSes
il (oo liiel 0956 g bjgel lmodly cudS (ialol (b 4 o] Cubge e Lol iy polio 3, Slas
5 Seregdype slogasld b jodjl yionin sbhodh (oS 5 &5 dad e LS Gimgf (il @l cggecne 5D
i b (9850855 sl glisinl (Sl (Bras (6550 g mdle (63650k Cglite (glany )5l 5 6350 e
5 923l gloedly S 5 il Simghy Lol (syglg S e walf 1) SedlS (loddl & Cos iy
2 P9y o Sacudgie g (le IS sl e 650k 5 dle 6153k L)l )3 S regdyge slapal

ol dtigg Gllo slalaze )3 lap pud Lol

8 35 o
Ohg%y Bin Cul (ganaib sla by, g lmedl g5 4 Ay 5 oy (saRl B (S5lodyges8 slaadd Ay
V it pgbai jloslitel b bap ad (glulid )3 Bras (6253 5 cudle 653k 3,509, 93 (5 5 (2bjyl Sl
2 oxd Jloy Cugby g (o5 Silseal 5 IS liosl S8l S g5 gy (adls Jold) (sytesd 50 slapasls
Olgicee ) 29 Sloadi 5> Calis widg (luSy 02055l 93 52 )3 (539)5 slredls &Sl g Sy slalae
G ) e Hleisdy orslcanddy gl Cds ) o Cowd bl (gandib 095 ¢ i)l Cunle 4 bies
Olie 3 g9 4 oiysll 93 o 3 Slos gl el pdl (6)503 4 Cund )Nl S e b llas
L g IS e8> sl adls 4 ST izmen ol dtnly (28 slagSl ulidie 5 bnjpe (St b (SlLigeon
P s S 45 am3 o0 (LIS Heoe NS S gy 3> By Loty oSl cages 3 Shes 5l (g gt
lop 2l plos (sl 319 3 )Sdas (6580 4 lgicn g ol Sgliste CiliSie (S5oIs8)90955 slainly 3 (b
g Aty (ghond 3 Slos sl Goman (Jad calugludl (o)l (ololid 3 (Bolad JSi og2gcnll 25 128
Ao il ) Gl (55 g Jloin] & (ol 1l 0391 oSy (bl 5 o> ol ol ] (295
Job Himgh jd .l 03,8 plyseinl (i cBI L) (o)lee pl oS M lae 4 5L 90 U-Net ¢ Jilis jo

1. Clark et al



av e G0 B0 Sl 4D Gros (5Bl g coaile (6 SO (G 1! Aubad bl e g cpr)idles

g b godld D wldepal wind Kalen (gyi0 Vo zadsd (pSdiseiil b odly oled a5
b Sos8 slappad Slije g e e plales | (Folite CleMbl JuSy po 15 )l 2529 (liomen S yiogd)90
A oll presd > Codgame (pl WWigd Red b py gas B (o) pdiged b 51 0 canl (Sew odomy (sl ye
ol bl 10l 1555 slalagms )3 ol 5] psitans 03lil 5 am3 o LtnlS |, ool 5 sbli ylo
cBros (6350 g piile (6350L (slapis oSl 5l Miadin (6550 0 &S D o LS idgh (ol ulS cfaezme
sl 38> Sioigeds Slaadd as  She )lpl Gy Mg @dlae b g pyhud £y b culite
S gl e bl i) 5 Geled S5 el alie Cope 3l S sl
2 blie 5l niadin edlitnl 5 wlidodin 5 S5 (0 )Sg) drwgl 45T M2 o L aaidly 0,5 )8 eolawls yge

ol 0] Olalllas (gly wlio yumo wizyo3]

o o>
ol 42315 Jlo ol 1 ]

AR5 )3 OB g e
Byl whe il Pl i g Jolpe pleS p3 N

&8l slas
2505 e gl il g Stiasgi b larly ) sadlio SLiT gt 45 S5l o pMel B sy

PG g
9 5l iy pbl 1) @Yl cunS (bl JI8 &S Slus oiads ciluy (o)L Lo 4y (iagh copl pbl 3 & SluSacs jl Bag s

&be
Slasle slaas  cli)) § Jldawe sbuls 3)91).3 (IYRQ) L odre 0l o5 g el cslas ol p)S < e «eoblaesl

W=y (PN oS (ofaledp0si) (sl jingis ab slajedls 5 )by o 30551 eolatal b sl ) K,
doi: 10.22034/gmpj.2020.106407

Sodlisl b g (s ptegdyoe slopadlis ol o) gaw (03 o Sy (popn (M) wenw LSS g o> (L
doi: 20.1001.1.27172996.1400.19.1.7.9 Y+ Y=V VY (SANA (Les/pis . Wad o] adgs 163,90 adllae GIS

Sloily ol o))y dxtae 3blio (caiaips ((VF-V) .o ,iSen; g Al e o Slgid ¢ e (ooblaes! by ) ol5ST
W iame irloss osla singly (oulS il oS5 405 053,90 aalla) cysilo (5,53l (sl oSl 5l o3lizal |
YAV ()

sbilis sloging s ladol sl (63h Sl jlad (ganding ) sl Sty oSl 3,8 (V4T aasl (bl
doi: 10.22059/jphgr.2024.382042.1007839. .DA-YD (V)AF  <ubo

Oidgy syl jledlatel b ol50ble Bay obs)l (VFF) capdl o S yin8 byalsy g msede ¢ g yam (Lo 0l g ST
sloagty olpl o sz >t il ase is350 adlle Y YYYere Sloj 0)gy 53 gl i g alS
doi: 10.22059/jphgr.2025.391710.1007876 .OY=YF (Y)AY ¢ xub (oLl iis


https://www.geomorphologyjournal.ir/article_106407.html
https://dor.isc.ac/dor/20.1001.1.27172996.1400.19.1.7.9
https://jphgr.ut.ac.ir/article_100344.html
https://jphgr.ut.ac.ir/article_104061.html

V€00 )ler ) B)lowd OA Bygd ¢ amb (Sl i (sl idg3 aloeo AA

IR S Ve ee oo ) lnl 5958090955 4 (ITAY) e (slog 5 (2ldlyi (lejls
o] 5 coipytolis (Sl ye dilais 16350 adlls) S 3blio (slap B (suinalibs )3 395 (Bg) 4 K ytogd 90553
.\Y’_\ 'a c(\) ’; ;LA'J;

2 Sreghyge Sl sl pyp (WYR0) Sl (I35 5 dgaome (BN (oo fote cgdae fodpms (I
NE-SV o o oMbl 5 o) yetis otz GIS §) o3lisal b pliadS il sls Loz 5150 adse

Ll i) 05 - 5j5pS108 Slodid sy ks (SIS 5 Loy (VWAY) ull gy it 5 Al s S8
ol anly el sles

ol oISl il s 05 oSS 5 gy cloorh (e33lS 4 riopdyp0557 (VE+Y) muslilly] ¢ oS

e s g ool slaan]yd iy iy (oM Koy sl S jtegdyge055 slan Shg (VFF) emldllgl ()65
(YNE (oS ol o5 cslosiagty

b pydud 8068 das olwlid (VFe+) grus ¢ o)y 9 Ll s o) ¢ sdpo ((gdaus fhen] dnw o s £ ]0uS 00l jhemo
e bl MBSl o adi 63,90 adllae = (sl ojlgale polas (glSe b 656 il I edlal L
doi: 20.1001.1.25883860.1400.30.118.5.4 AV =YY ((}YA)¥'+

45 J) Jobo e (slaplSy (steghyge o (ITAY) b (688 2w (658L 9 b (S fol e 29l
A=Y (V)P iblo sblio  lslais (slo b9l (Slaaes 5ys) o) cuds oyé ,» (Alhagl maurorum) ,us )

s oty wllissl il w5 pylee Slo oKl 5 Loy, (5islshi90pT) (sloduidd (VWAP) oriome ¢ Slo

References

Ahmadabadi,A., Karam,A., Saffari,A. & yazdan panah, M. (2020). Estimate of Flatness
movement and Elevation movement of aeolians in Ardestan erg by Radar Interferometry and
Spectral Indicators. Quantitative Geomorphological —Research,8 (4), 1-17. doi
10.22034/gmp;.2020.106407. [In Persian]

Baboli, hamid. & Negahban, Saeid. (2021). Investigation of Shape Properties of earth's surface
Based on Morphometric indices Using GIS (Case Study: Fahliyan Basisn). GEOGRAPHY,
19 (68), 102-117. doi: 20.1001.1.27172996.1400.19.1.7.9 [In Persian]

Breiman, L. & Cutler, A. (2011). Manual—setting up, using, and understanding random forests
V4. 0.2003. URL. https://www.stat.berkeley.edu/%7Ebreiman/Using_random_forests_v4.0.pdf

Breiman, L., Friedman, J., Olshen, R.A., & Stone C.J. (1984). Classification and Regression
Trees. New Y ork. https://doi.org/10.1201/9781315139470

Clark, A., Moorman, B., Whalen, D. & Vieira, G. (2022). Multiscale Object-Based

Classification and Feature Extraction along Arctic Coasts. Remote Sensing, 14 (13), 2982.
https://doi.org/10.3390/rs14132982.

Cohen, J. (1960). A coefficient of agreement for nominal scales. Educational and Psychological
Measurement, 20 (1), 37—46. ntips://doi.org/10.1177/001316446002000104

De Matos-Machado, R., Toumazet, J.-P., Berges, J.-C., Amat, J.-P., Arnaud-Fassetta, G.,
Bétard, F., Bilodeau, C., P. Hupy, J. & Jacquemot, S. (2019). War landform mapping and
classification on the Verdun battlefield (France) using airborne LiDAR and multivariate
analysis. Earth Surface Processes and Landforms, 44(7), 1430—1448. hups:/doi.org/10.1002/esp.4586.

Dragut, L., & Blaschke, T. (2006). Automated classification of landform elements using object-
based image analysis. Geomorphology, 81 (3—4), 330-344.

Evans, I. S. (2012). Geomorphometry and landform mapping: What is a landform?
Geomorphology, 137 (1), 94—106. https://doi.org/10.1016/j.geomorph.2010.09.029.

Fisher P, Wood J, Cheng T. 2004, Where is Helvellyn? Fuzziness of Multiscal Landscape
Morphometry. Transactions of the Institute of British Geograhper, 29, 106-128.


https://dor.isc.ac/dor/20.1001.1.25883860.1400.30.118.5.4
https://dor.isc.ac/dor/20.1001.1.25883860.1400.30.118.5.4
https://www.geomorphologyjournal.ir/article_106407.html?lang=en
https://www.geomorphologyjournal.ir/article_106407.html?lang=en
https://dor.isc.ac/dor/20.1001.1.27172996.1400.19.1.7.9
https://www.stat.berkeley.edu/~breiman/Using_random_forests_v4.0.pdf
https://doi.org/10.1201/9781315139470
https://doi.org/10.3390/rs14132982
https://doi.org/10.1177/001316446002000104
https://doi.org/10.1002/esp.4586
https://doi.org/10.1016/j.geomorph.2010.09.029

a4 e G0 B0 Sl 4D Gros (5Bl g coaile (6 SO (G 1! Aubad bl e g cpr)idles

Fraser, S., Soto-Berelov, M., Holden, L., Webb, J. & Jones, S. (2025). Mapping Young Lava
Rises (Stony Rises) Across an Entire Basalt Flow Using Remote Sensing and Machine
Learning. Remote Sensing, 17 (12), 2004. nttps://doi.org/10.3390/rs17122004

Geographical Organization of the Armed Forces. (2018). Geomorphological Map of Iran,
1:500,000, Tehran Sheet. [In Persian]

Giaccone, E., Oriani, F., Tonini, M., Lambiel, C. & Mariéthoz, G. (2022). Using data-driven
algorithms for semi-automated geomorphological mapping. Stochastic Environmental
Research and Risk Assessmen-t, 36, 2115-2131. https://doi.org/10.1007/500477-021-02062-5

Goorabi, A. (2025). Geomorphometric Characterization of Dunes in the Rig-e-Yalan, Dasht-e-
Lut: Aeolian Processes and Spatial Analysis. (€224007). Quantitative Geomorphological
Research, 14 (2), €224007 doi: 10.22034/gmp;j.2025.510974.1551. [In Persian]

Grabs, T., Seibert, J., Bishop, K., & Laudon, H. (2009). Modeling spatial patterns of saturated
areas: A comparison of the topographic wetness index and a dynamic distributed model.
Hydrology, 373 (1-2), 15-23. nttps://doi.org/10.1016/j jhydrol.2009.03.031

Hajarian, A. (2024). The use of classification algorithms in wind erosion risk zoning in Isfahan
province. Physical Geography Research, 56 (3), 59-75. doi: 10.22059/phgr.2024.382042.1007839. [In
Persian]

Harris, J. & Grunsky, E.C. (2015). Predictive lithological mapping of Canada's North using
Random Forest classification applied to geophysical and geochemical data. Computer &
Geosciences, 80, 9-25. nttps:/doi.org/10.1016/j.cage0.2015.03.013.

Jalali, S., Samadi, M., Samadi Gheshlaghchaee, M. & Aiding Kornejadi, (2016). Investigation
of Morphometric Indexes with GIS in Chel-Chay Watershed, Golestan Province, Geospatial
Engineering Journal, 7(4), 67. [In Persian]

Lark, R.M., Thorpe, S., Kessler, H. & Mathers, S.J. (2014) Interpretative modelling of a
geological cross section from boreholes: Sources of uncertainty and their quantification.
Solid Earth, 5(2), 1189—1203. ntips://doi.org/10.5194/sc-5-1189-2014

Li, Yifan., Tian, Fuyou., Zhang, Niao., Zeng,Hongwei., Ahmed, Shukri., Qin, Xinli., Liu,
Yanxu., Wang, Lizhe., Fan, Runyu. & Wu, Bingfang. (2025). A 10-meter global terrace
mapping using sentinel-2 imagery and topographic features with deep learning methods and

cloud computing platform support. Applied Earth Observation and Geoinformation, 139.
https://doi.org/10.1016/j.jag.2025.104528

Maghsoudi, M., Negahban, S. & Bagheri Seyed Shokri, S. (2014). Analysis of the
morphometric characteristics of arrow sand dunes of Alhaji Maurorum in the west of Lut
desert. Geographical Research on Desert Areas, 2 (3), 1-20. [In Persian]

Mohammadzdeh, K., Hosseini, S. A., Samadi, M., Laaliniyat, I. & Rahimi, M. (2021). Semi-
automated identification of landforms using fuzzy object-based satellite image analysis -
Case study: Maku County. SEPEHR, 30 (118), 77-91. doi: 10.22131/sepehr.2021.246108 [In Persian]

Moore, 1.D., Grayson, R.B., Ladson, A.R. (1991). Digital terrain modeling: a review of
hydrological, geomorphological, and biological applications. Hydrological Processes 5 (1),
3-30. https://doi.org/10.1002/hyp.3360050103

Paknejad, F., Ahmadabadi, A., Qanavati, E. & zahmatkesh, H. (2023). Zoning of Susceptible
Areas with Debris Flows Using Machine Learning Algorithms (Case study of Tangarah
Basin -Golestan Province). Environmental Erosion Research, 13 (1), 1-28. [In Persian]

Randle, C.H., Bond, C.E., Lark, R.M. & Monaghan, A.A. (2018) Can uncertainty in geological

cross-section interpretations be quantified and predicted?. Geosphere, 14(3), 1087—-1100.
https://doi.org/10.1130/GES01510.1

Regmi, N.R., Webb, N.D.S., Walter, J.I., Heo, J., & Hayman, N.W. (2024). Mapping landforms
of a hilly landscape using machine learning and high-resolution LiDAR topographic data.
Applied Computing and Geoscience, 24, 100203. https://doi.org/10.1016/j.acags.2024.100203

Riley, S. J., S. D. DeGloria, and R. Elliot. 1999. A terrain ruggedness index that quantifies
topographic heterogeneity. Sciences, 5, 1-4.

Rodriguez-Galiano, V. F., Ghimire, B., Rogan, J., Chica-Olmo, M. & Rigol-Sanchez, J. P.
(2012). An Assessment of the Effectiveness of a Random Forest Classifier for Land-cover
Classification. ISPRS Journal of Photogrammetry and Remote Sensing, 67, 93-104.


https://doi.org/10.3390/rs17122004
https://doi.org/10.1007/s00477-021-02062-5
https://www.geomorphologyjournal.ir/article_224007.html?lang=en
https://doi.org/10.1016/j.jhydrol.2009.03.031
https://jphgr.ut.ac.ir/article_100344.html
https://doi.org/10.1016/j.cageo.2015.03.013
https://doi.org/10.5194/se-5-1189-2014
https://doi.org/10.1016/j.jag.2025.104528
https://doi.org/10.22131/sepehr.2021.246108
https://doi.org/10.1002/hyp.3360050103
https://doi.org/10.1130/GES01510.1
https://doi.org/10.1016/j.acags.2024.100203

V€00 )ler ) B)lond OA By9d ¢ oamb (Sl paa (o a3 alono Voo

https://doi.org/10.1016/j.isprsjprs.2011.11.002

Ronneberger, O., Fischer, P., & Brox, T. (2015). U-net: Convolutional networks for biomedical
image segmentation. International Conference on Medical image computing and computer-
assisted intervention, 234-241.

Schmidt, J., Evans, I. S. & Brinkmann, J, 2003. Comparison of Polynomial models for land
surface curvature calculation. Geographical Information Science, 17 (8), 797-814.

Shayan, S., Ahmadabadi, A., Yamani, M. Farajzadeh Asl, M., & Kabir, A.A. (2012). Efficiency
assessment of Wood's method indices in classification of dry landforms (Case study:
Maranjab region). Spatial Planning and Geomatics, 16 (1), 105-120. [In Persian]

Shruthi, R.B., Kerle, N., Jetten, V., & Stein, A. (2014). Object-based gully system prediction

from medium resolution imagery using Random Forests. Geomorphology, 216, 283-294.
https://doi.org/10.1016/j.geomorph.2014.04.006.

Taalab, K., Cheng, T., & Zhang, Y. (2018). Mapping landslide susceptibility and types using
Random Forest. Big Earth Data, 2(2), 159-178. https://doi.org/10.1080/20964471.2018.1472392

Veronesi, F. & Hurni L. (2014). Random Forest with semantic tie points for classifying
landforms and creating rigorous shaded relief representations, Geomorphology, 224, 152-
160, hitps:/doi.org/10.1016/j.gecomorph.2014.07.020.

Youssef, A.M., Pourghasemi, H.R., Pourtaghi, Z.S., & Al-Katheeri, M.M. (2016). Landslide
susceptibility mapping using random forest, boosted regression tree, classification and
regression tree, and general linear models and comparison of their performance at Wadi

Tayyah Basin, Asir Region, Saudi Arabia. Landslides, 13, 839—856. https://doi.org/10.1007/510346-
015-0614-1.

Zakerinejad, R., Jafari, G. H. & Rezapourian Ghahfarokhi, E. (2025). Analysis of
Desertification Trends using Vegetation Idices and Albedo Coefficient over 2000-2023: A
case study of Mond Basin in Southwest of Iran. Physical Geography Research, 57 (2), 57-
76. doi: 10.22059/jphgr.2025.391710.1007876. [In Persian]

Zhao, P., An, J., Zheng, J., Han, W., Tuerxun, N., Cui, B. & Zhao, X. (2025). Segmentation
Performance and Mapping of Dunes in Multi-Source Remote Sensing Images Using Deep
Learning. Land, 14 (4), 713. https://doi.org/10.3390/1land 14040713

Zhao, Wf., Xiong, Ly., Ding, H., & Tang, G.-a. (2017). Automatic recognition of loess

landforms using Random Forest method. Mountain  Science, 14, 885-897.
https://doi.org/10.1007/s11629-016-4320-9.


https://doi.org/10.1016/j.isprsjprs.2011.11.002
https://doi.org/10.1016/j.geomorph.2014.04.006
https://doi.org/10.1080/20964471.2018.1472392
https://doi.org/10.1016/j.geomorph.2014.07.020
https://doi.org/10.1007/s10346-015-0614-1
https://doi.org/10.1007/s10346-015-0614-1
https://jphgr.ut.ac.ir/article_104061.html?lang=en
https://doi.org/10.3390/land14040713
https://doi.org/10.1007/s11629-016-4320-9

