Vol. 11, No. 1, Spring and Summer 2025, pp. 152-174 ISSN (Print): 2538-449X  ISSN (Online): 2981-1619

Research Article
OPEN (=) ACCESS

e Kharazmi Journal of Earth Sciences
“oor ¥ Journal homepage https:/gnf.khu.ac.ir

Depth estimation and 3D reconstruction from a single image based on the MiDaS deep learning model

Mahdi Farhangi!, Asghar Milan2*, Gholamreza Fallahi?, Ehsan Khankeshi-Zadeh®

1, 2. Faculty of Civil Environmental and Water Engineering, Shahid Beheshti University, Tehran, Iran.
3. Faculty of Geomatics Engineering, K. N. Toosi University of Technology, Tehran, Iran.

Avrticle info Abstract
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Keywords: However, conventional methods in this field typically require multi-view images along with positional
gepth Estimation, 3D and angular data of the camera, which can pose limitations in certain practical applications. This study
econstruction, Single Image, ] R
Deep Learning, introduces a novel approach based on the MiDaS deep learning model, one of the most accurate
f’/*i‘;té’l?famme”y' Machine architectures for monocular depth estimation, which is capable of generating a relative depth map from
' a single 2D image. The final 3D model is then extracted using the Poisson Surface Reconstruction
algorithm, without the need for spatial information or camera orientation data. To evaluate the
performance of the proposed method, the resulting 3D model was compared against a reference model
produced by the conventional photogrammetry method. The results showed a Root Mean Square Error
(RMSE) of 0.775 centimeters, confirming the appropriate accuracy and reliability of the proposed
approach under multi-view data limitations. This study demonstrates the high potential of deep learning
models like MiDaS in 3D reconstruction and surveying applications, and highlights that using more
advanced versions such as DPT could further improve accuracy in future research and applications.
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Introduction

Three-dimensional (3D) reconstruction and depth
estimation from two-dimensional (2D) images are
fundamental topics in fields such as surveying,
photogrammetry, computer vision, and augmented
reality (Transfer et al., 2020). These processes aim to
extract precise geometric information from objects and
environments, enabling applications in modeling,
structural analysis, and design. Traditional 3D
reconstruction methods, such as stereo vision and
Structure from Motion (SfM), rely heavily on multiple
images captured from different angles and precise
positional data from imaging stations. This dependency
poses significant operational challenges, particularly in
scenarios where acquiring multi-view images is
impractical or impossible, requiring complex equipment,
time-consuming processes, and sensitivity to varying
lighting conditions. In contrast, recent advances in deep

learning have introduced innovative solutions for depth
estimation and 3D reconstruction from a single image,
mitigating these limitations. This study aims to develop
and evaluate a novel deep learning-based approach for
3D reconstruction from a single 2D image. The proposed
method utilizes the MiDaS (Multiple Depth Estimation
Accuracy with Single Network) model for depth
estimation, followed by Poisson surface reconstruction to
generate the final 3D model (Wang et al., 2004). The
primary objective is to assess the efficacy of this
approach compared to multi-image photogrammetry,
offering an efficient solution for constrained conditions.

Materials and Methods

The study utilized a dataset from the PhotoModeler
software training collection, consisting of images
captured with a FinePix F10 camera wit h a focal length
of 8.1755 mm. For the photogrammetry method, four
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complementary images of the target object were used to
create a high-precision reference 3D model. In contrast,
the proposed deep learning method employed only a
single frontal-view image. This image was captured at an
oblique angle under optimized conditions, including
uniform lighting (using LED panels), appropriate depth
of field, and an optimal distance from the object to ensure
sufficient geometric information. The MiDaS model,
based on convolutional neural networks (CNNs) and
trained on diverse datasets such as KITTI, NYU Depth
V2, and Make3D, was applied to generate a depth map.
The model configuration included the MiDaS_small
version with four main layers (featuring components like
Conv2dSameExport and InvertedResidual) and image
preprocessing steps  (resizing to 384  pixels,
normalization, and tensor conversion).

The depth map produced by MiDaS was converted
into a 3D point cloud using the pinhole camera model,
where 2D pixel coordinates (x, y) and their
corresponding depth values (v) were transformed into 3D
coordinates (X, Y, Z) based on geometric equations
involving the focal length and principal point. Surface
normals were then computed using the K-D Tree
algorithm to determine surface orientations, enhancing
reconstruction accuracy. These normals, along with the
point cloud, were fed into the Poisson surface
reconstruction method, which solved the Poisson
differential equation to produce a continuous and smooth
3D mesh. For comparison, the reference 3D model was
generated using PhotoModeler from multi-view images.
Both models (MiDaS and photogrammetry) were loaded
into CloudCompare, where point-to-point distance
measurements were conducted. The root mean square
error (RMSE) was used to evaluate accuracy. All depth
map processing and point cloud generation steps were
implemented in Python within the Google Colab
environment.

Results and Discussion

The results demonstrated that MiDaS successfully
generated a relative depth map from the single 2D image,
with brighter colors indicating closer objects and darker
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shades representing farther ones. This depth map was
effectively transformed into a 3D point cloud, accurately
reflecting the object’s overall geometry. The Poisson
surface reconstruction produced a smooth and
continuous 3D mesh that preserved the object’s details
and boundaries. However, areas with low texture or
edges exhibited reduced detail, influenced by the initial
depth map quality and point cloud density. Comparison
with the photogrammetry model revealed an RMSE of
0.775 cm (approximately 8 mm) for the MiDaS model,
compared to 0.037 cm for the photogrammetry model.
This minor difference underscores the acceptable
accuracy of the proposed method, especially considering
its reliance on a single image.

Discussion of the findings suggests that MiDaS’s
depth estimation performance depends on factors such as
input image quality, training data diversity, and
preprocessing settings. In regions with complex
geometry or suboptimal lighting, depth accuracy may
decline, impacting the 3D model. Conversely,
photogrammetry benefits from multi-view data, enabling
precise reconstruction of hidden areas and varied angles,
albeit with greater complexity and cost. The key
advantage of MiDaS lies in its simplicity, rapid
processing, and independence from additional data,
making it suitable for real-time applications or resource-

limited scenarios. Nonetheless, the observed
discrepancies indicate that for highly precise
applications, such as industrial analysis, model

optimization or advanced MiDaS versions may be
necessary. Enhancing the Poisson reconstruction
algorithm or training MiDaS with more diverse datasets
could further narrow this gap, improving overall
accuracy and detail retention.

Conclusions

This study confirmed that the MiDaS model, using a
single image without camera positional data, can produce
3D models with acceptable accuracy (RMSE of 0.775
cm). Compared to the photogrammetry model (RMSE of
0.037 cm), the proposed method demonstrates efficacy in
constrained  conditions.  The  Poisson  surface
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reconstruction effectively generated smooth and precise
meshes from the point cloud, though minor differences
persist due to the inherent limitations of single-image
depth estimation versus multi-view photogrammetry.
The research highlights MiDaS as a viable option for
applications prioritizing speed and simplicity, yet for
scenarios demanding high precision, traditional methods
or enhanced MiDaS versions are preferable. Future
research should explore advanced MiDaS variants,
hybrid single- and multi-view approaches, and improved
reconstruction algorithms to boost accuracy and detail.
This study provides a foundation for advancing deep
learning applications in photogrammetry and computer
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vision, showcasing its potential in modern 3D

reconstruction workflows.

References
Howells, S., Abuomar, O. 2022. Depth Maps Comparisons
from Monocular Images by MiDaS Convolutional Neural

Networks and Dense Prediction Transformers. In
International Conference on Electrical, Computer,
Communications and  Mechatronics  Engineering,

ICECCME 2022 (pp. 1-6). IEEE. Retrieved from
https://doi.org/10.1109/ICECCME55909.2022.9987767
Wang, Z., Bovik, A. C., Sheikh, H. R., Simoncelli, E. P. 2004.
Image quality assessment: from error visibility to structural
similarity. IEEE Transactions on Image Processing 13(4),

600-612.


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2025-11-17 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

YA SISNA S s LLs YOYA FFAX ol LLs

VW LAY amio VF-F (sl g ls ) ojlass o)) ol

&

$2j1gq s\

g R dlie
ST (7] (o yiuwd

033197 Ouo ) P gl Ao

Journal homepage https://gnf.khu.ac.ir

MiIDaS Guos 553l Juo p (Fio pguad ST 31 (gohrsdu g5kl 9 Goe ot

Yooy oS5 oyl F M8 Lo pode ARV PR d Sy (o

Oyl el a5 e i Qe oS (s ama 5 O (ol e cmdige 00Siils Y o)

Ol s (ool il el axlgs olKiils «(,l0 il wdige caSliils ¥

ouuS> Ao Sl

Sl e 5 Ll 5| i Sledbl 330 gl 5l 4 5 oS o Ll olisS o1 (6720l S58 5 (650 il )0 ot G2 (G (5Ll

2,25 (B 5 45 0510 55 6l 5 gl 5 Connye slmodls 5 glaiiz slad 4 Yoxa 03> nl po e sl g, led go SaS
Gos oS 385 slags leans 51 (Ko MIDRS Gooe 50k Joe 2 (e (ns (B9 1005 (nl )3 Sl olen placydgume b o
b 3lojl 020l 5 S0 b s O35 35 (ol oo 8B (Samgd gl Ko L L Sl 0B oS Sl oud (Brme Lai ST
bl sl g o gl uyes agly b (S Sledbl 4 5L5 (g oled soman Jawe (Poisson Surface Reconstruction) gl
s a5 ols las gl ol awlie 2l T98 gly (g, bawss ol gl @z e oo b ol gaman Joo wsolering by, 3,Skee
slaools Cosgame bulyd o 1) soloiin (b, olexel bl 5 conlio cds &5 caul jia Bl < VYO Ll (RMSE) Slasye nSibo
5 G Jlopasds oo )lS 5 saman silojl o |, MIDES sile Gras 5,50k slaie Vb by aalllas nlasS o 00l plesair

oan] (slos )5 g laimgs ,o 1, o &8 Wy oo DPT yazan Said piny (gladses 5l oolaiwl a5 auS’ o 0,Lil g a0 oo Lis (g el g8

Alio dzses ,b
VE /N0 sl o
VECFL OO b

oS slejly

&3losl cGos (S
gl ST gdmdw

(Geos s S0k
b o5l g

sras sbaSed n (e sladae japb b oS osliiul g
o2l8 Gamgs paal Ul eolaiusl b LS 1) gaman g3lasl
O3t gyl wile cgaman giluil (s slagng, 5o sl
Jdos sl my90 diz b g0 5l eolawl Jeli «(Stereo Vision)
Howells and Abuomar, ) ceul sals ool pglas o s OS]
Structure from Motion ) 5 > I JLsle iy, Gwizen (2022

ke aesazme o 5 saman 5L 3ol a8 & (STM)

S Ol (gangs pglal jl Gas (raedt g amdw silusl

b alox 5l alidee slaase; )3 e 5 2SIl Slegdgs
Augmented ) osg38l Coadly g (5,0 paid (g el S e uiile
c3os Sledlbl pilas s 4 pgal ST 09, o0 e 4 (Reality
G 3l Jaw gl (B sboosls &Ll a4y o8 595 (s34 4
SIS I antls o1 1y oSty (St ol it 3259

S5 ) Gos SleMb! C‘)M‘ Sl Baeos 6rSob wile EVEJR

DOI http://doi.org/10.22034/KJES.2025.11.1.107622

a_milan@sbu.ac.ir e ol :Jgiume 0uums gis

ale MIDES soe 5,50l oo p (His pgai 5 5l (gmd 55losl g Goe e ((VFeF) d ool iS5 )¢ o oMl ecdlin cp o Sim b 1l ¢y 4y Sl

[oNoEl

http://doi.org/10.22034/KJES.2025.11.1.107622 1 V¥ b 18T amiw o oyl ) alz . oojlss (o) psle


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2025-11-17 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

v 6ol Jae p cie gl SOl aman (s3lesl 5 Bes eSS

Ol 5 (San b

b oot S5 pglad 5l goman os (meS wodimy (nl 5l 6,500
Joe il alowl cada Ui ile (6,50l by, Sl eolaal
aS Gl gwlide dix GBS\l Bolal o p e golginn
S 4 0B g 00 S S ) peal Gl 9 (Jove Sla S
Oeed ] @Bl Lol 8 sladimo gl 5.8 Bes sloaiss
Gos (e S0 eg il 9 S5 pglal oS5 Lol 1S Bk
(Eigenetal., ., Ko 4 55! (Saxenaetal., 2008) =él sg.pe
aS Wols &)l pgal G Bas e Slp o bg, 2014)

oalau! g}"“’ ) Ls).u:‘)..u SR 6‘);. Geos c\i,.....‘ 99 )’l
New York) NYU Depth slecsls acgame jl oyl oS

S glas 5l slbass Juli a5 (University Depth Dataset
olBiily Jlawgy ooiags u‘é‘ﬁ o sloass b ool o YU zoe9 b
acgeza | uizes o (Silberman et al., 2012) coul )90
Karlsruhe Institute of Technology and ) KITTI slesls
&y9b8 dwwge lawgs a5 (Toyota Technological Institute
sy (Max Planck Institute(MPI))  avwge o 1)l
550 glad pglai Joli g oud 4y Gledl jo aiadsn lapiu
ol JBogr  Sauly Glepiew L hise Gee sloools
oy 995 Joe b3yl 9 byee! sl (Eldesokey et al., 2020)
Cowd & Gl 1y zls 0ols dcgazms 93 ;2 )0 g, (pl W8S
el a4y 5l (90 Ges o) p0 385 et 4 3B 5 5]
—o5% g, {Hermann et al., 2020) o, Ken 5 oy 30,5
pobal 5l Ges cresu sl (Self-Supervised Method) U
5 00 ez b (Bj5el (sloodls 4y (3L a5 W S (B yee s
Beos S0l p e sloybs, » (555, (Khan et al., 2020)
xols 431, (Red-Green-Blue(RGB)) ,slas 5l o (puods sy
QSN 5 059> (nl 50 AT pley (Bg) VT g lai pe laosls (o) g
logigy (1) Jgaz 5o sl H8 Eomy 050 1) oanyT sla il

el ooal asdllae ol 55 5650

\OF

5 Gee b aus s 0L doo SO 5l Ll pais aiejls o lo o) Lal
o ai e (Fusiello, 2024)s45 08) cpeds gomdw LSl
Ll cslansl, caws obbcaiioe 4 opls S0 0 b o,
2 ST 1380 peal (pix 45l wile (6l slacadgaes
O Slewbre glabilon 5 )l ppsal sboollinl las
23k 45 o & s ppal wiz slagby, cnl 2 ogdle 5 )18 92
axlye Mo b e 5595 Larl 1 b sz slalazs )3 woanie
00,5 o yoia byl SIS g 8o palS 4 aS Wgh e
o (eSS g imaw 55kl datlle cnl g adde bl 5o
O 3] S ot e (g SISal, Sy plyieas e 5 3,
GraSel el Gros x50k lapi Nl Sl eolinal e ISl
(Sng3 pglai lodzmy o Sy gl il Sl L oo (oras
Sl 335 G Gilajl 5 Ges e 8 W el
opl o a5 sl o 51 S (Piccinelli et al., 2024) aias o
Multiple Depth Estimation Accuracy with ) MiDaS a._;
aSs 5 (s 5o 0 LMIDAS o 53! .ol (Single Network
S oo @2l B 1) pgal SOl (585 Fes (e UGl Bres (oras
wile (gloo S (glacols asserme (55, gl b ey
5,Slas caul asuily Make3D 5 NYU Depth KITTI
hulrd )3 ot Jao (ol iaws wil] alie Llyd 5o 4295 S
2ol by 5l oolasw! b okincs 34290 (5 pgead diz glaosls a5
285 JE arg 050 w5 el S plsie 4 e
Sowaw s5lwib yo 3l slacs i (Ranftl et al., 2020) el
55 ol 2 ) s BB sl sly el STl Gas (e
Laogs g0 ol 53 oG (el 1 (oS <l AZ51S ol o 4 055
s VooV sla Lo o (Saxena et al., 2007) ., Ken g LewSLs
S5l e e gl o Oyl (69,509, Lol plmil Y oA
Markov Random ) csS Lo bolas lase 5l a5 asols &l s guas
355 3kwsb 4 o8 5 uiS o eoliiul awlie wix (Field (MRF)

Guiod 50 bl o 4Bl LSl e lodime o Ges slaalds


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2025-11-17 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

v 6ol Jae p cie gl SOl aman (s3lesl 5 Bes eSS

e 5 (Sin

Gros 650k sl Jow p (S Bee (wedS la by, ) oo

Table 1 - Depth Estimation Methods Based on Deep Learning Models

o il

3,5 05>

Slodinge

03l dcgazxa Soless

Gl B3]
Cudgdome g MLM.}
Olde3 slag e ) Adam KITTI FC oads llas EMDEOM
*8ly slaosls
a . i ) 0 e T NYU-v2, Encoder- . e
Sl eomile glin obj ool & 5hs YU 35eel oo SGD KITTI Decoder oty &l ACAN
L;Lala,,m L g pueds pAs -
03938 Cndly (SL, ) ? ) f Adam NYU-v2 EDnco%er oo s DenseDepth
o ygel ecoder
. . . - NYU-v2, P
o..\LJ) S8 A.‘;L“r""""":"*’ Yb ‘svtwlz.o S S Adam KITTI CNN (W u)Um DORN
. N . NYU-v2, Encoder- .
Coably (o a5kl . NYU-v2, Encoder- N
6)l’m L&sdu.] ‘sgLou)lA L wwl»«? Adam KITTI Decoder oy u)Ua; BTS
app @wlfaiz pslad 45l NYU-v2
Sl sl ’ o &l
Lol (o dw (55ksb e Adam KITTI CNN RWRCI DeepV2D
S Sy, & Cad jloS 8 Encoder-
03458 Cuxdly gloo IS 5 U ses
5933l Consly slas ) s Adam KITTI Decoder &l os> LISM
bge (s s pacss Cxd (5,9 Ll il 10 Cusgase Adam KITTI CNN sl 095> monoResMatch
CS o Ot oo Ay S
St e P aAdam KITTI CNN e PackNet-SfM
=90
Oloe3 slag e G rdpeass gl il Adam KITTI CNN ool 095 monodepth2
oty g oo, ools - oles
el Sl T " o d Adam KITTI CNN ol s GASDA
<)
Ly Gos e ool Ly slaaine 5 (sl Adam KITTI o s VOMonodepth

QS dguge |y (Sum i &8s Green-Blue-Depth(RGB-D)
Root Mean Square Error) olu,e .XSbe glas
OHer g Jsdg ol als e YV a4 1) Jae ((RMSE)
smas a8l s lexe b, 4 (Welponer et al., 2022)

R |.)).' )—'9-*4-’ S5 )‘ GoE (e (5‘)" ol u)UaJ 5.......7Lu
Somdw ,3le g5ll ,0 by, onl Glacasgase 4 Loyl
&y 1, ArchDepth ob 4 Gz Jlxe G g 00,5 o)Ll 580

30,5 (Syme o g, () 0, See oL

VOV

&lp Baos omae laaSis 5l oolaiul « Jasas Olaaxs o

3 3 larwg j90e 4 (Ming et al, 2021) K
ap 4 9 By Bras 650l eolaiul b Ges (resd
S92z g0 Gl il g b g,y (gaidius (Baas 5550k sloJoe
e (Hristova et al., 2022) |, San 5 g 2 ol
Gl Ko slolhow (0 paal S5l Ges g i ¢l
Red- 5 glas 5l auz ool degosme 5l oolixwl b lag, T Jow .aisls


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2025-11-17 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

v 6ol Jae p cie gl SOl aman (s3lesl 5 Bes eSS

Ol 5 (San b

ez nead So L Gl sbml Lo 55 5y e sla s,

(Non-Rigid Structure- _lo ¢ &S > 5l ,sle sla o,
sy Jeb ,o bla 0,5 JLss L as from-Motion (NRSfM))
S e g5lsl | anslisl S

Sladzely 5 sy |y iy, ool G18 Dbl eizeen Lag)]
55 1) b ene candllas ol il S @l ) Slolgad ol &8, (6l os
(Lunscher ), Kee g y2eady om0 o slpiion san | Olibss ol
Sl G )5y 4 093 imgh o and Zelek, 2018)
5ok 5l eoliiwl L as wisls oylis oyl ooy oy (gomdn
aidi S 4 L a5 0,5 Ak lesle la Sl Gl oo «eee
la Sl Gl wayls 5L s ples bLE pl adgs sl 699)9 Goe
Ceodw yr ojllas g Slivgy o wiile galizs gloaio) ;o ailes 0
siocske O s b bl ol ades a0l Loy T Joe g oslil
Ol Glapinaw 3l oolaul jo beagje als 4 Wil o g ol
&lp Ubg, o (Chuetal., 2019) )\ Ken g g oS SaS yo
adgs Jels a5 wols 6LIRGB g5 G 5l (gamans blas ol odgs
Generative )  ools age aSil 5l eolatwl b Ges  pgeas
pyas 5l bl ol dcwle s g (Adversarial Network (GAN)
a5 o Vb S L bl ol adss sao )i Ui, ol ol gas
St 5 lors £ Ko 60 Wgo aSh el oS Slewlbre mlie
slrosls adgi gl els jeba a5 casl Groe 5, S0L [0 oas
(Choeetal., ;) SKon g5 .ol 0oy >1,b ¢ pglai aisle g
Sl g, w0, B ,me 1, VOlUume Fusion sgs allis j» 2021)
Sonde laaimo ilal 9 Gree T3k 5 Goe (eSS plel
97 g0 Brof (65O § (s GRS & S (g it 0 Shas oS
S oo slad

Madhuanand et al., ) ,5Kea 5 wbloowe cglasllas o

Slegang 5l Ges (pesd lp Slaimog3 6 50b 512021

YOA

GBS mest oy p 4 (Najafetal., 2023) ol Ko § 2o

mas ey jleslaiul L Google Earth slolsals 5 glas ;)
Mg Gl ) bl (rae as S lag T ol 5 (o
@ls g 20,5 (B0 RGB pglai 51 VL o9 b Goe 4t
International ) ,Lae polas L a5 wols &l)) Jo8 LB

Society for Photogrammetry and Remote Sensing
olSes 5 LisSLll, awlie LB ((ISPRS)

U
s by, o)l xal> sldlis (Rajapaksha et al., 2024)
sy 9 ngal SO 5l Gres 650k wlol 2 Boe (eSS
5 by, anates ald iy ey a5 Wb L)
QB 9290 gla >
o0l plil (3aste Slo)5 s (uman 53lusl a5
sl il 4 (Ozden et al., 2007) ol Kon 5 o303 .o
CS o s ololild g Ao gowdw Sl g5lusl
Wlos,S ail,l ez oSl la T laisls s jsbas JIgi 51 Cymryeo
e eldl zo)3 b 39y wile cizmo ;5 Sl wlgi o0 o
S > o s pleol b S i bl (IS, e 00
sebar iy sSl (ol asS Co i g plelil 1) el <Ll
log,S a1y o] wa,S Jlis |y psai slaShy plojpe
Oygods |y Lo isu (aled g 035 (oo (Gapeadl o 9 S e
S ST B> soleiiin gy S (o0 Sk saman
&y 5 05,5 Joe Onling) Loz, & jg0as glazws (ojlo
A5l disejin 50 Sy 9SS sl (lusl
59> ol o (Salzmann and Fua, 2010) Tgs g yLe Il .l
gobe 58 gilosl Bl a5 Wiles ST cmy 2 1y (lobs,
L)l wisS o ol (g 0Lz Sl pad e Somans

:J.I‘o.b; 63)” ‘))Jg.a ij) Alwd g


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2025-11-17 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

v 6ol Jae p cie gl SOl aman (s3lesl 5 Bes eSS

Ol 5 (San b

2988 S 4 L Gl o 45 a3 0 (LA (qugana joboas g,
plonil (i85 L (gamans s3luil ol 8o @ 5Ls e s
shls Glalaowe 0 cage oo p,l5 Wilgh o fadge (pl ko
@ Wilg g addllas cpl mls sl atils ools b mlbe cosgume
slrosls Covgame b aS sloo S 50 ghg, (1 Fenlio olulls
drng 4 Wlgi oo 3,809, (pl LS S s g (aled iz
Gloje> nlo g Gedle aliw sl S5 50 (oot slao )8
5® odi] Sliniod (sl waz sl S olie 4 9 09d yoxie ba e

23,5 7 ke a0l

gy 9 dlgo

2 s by dmmlie 5 samdn (glel Baa b gdow ol 5o
MiDaS srae 6550k Joo b (gl wiz 6,655 a)s el 558
sas a18,5 0,00 PhotoModeler ,133le 5 o590l 0ols dcgoma
opl ok ags FiINEPIX F10 o990 L s pgas slocsls .ol
gl U 51 ey a5 o Lo ANNVOD 335 S5 alolB by s j90
Sl sl YU 7505 b (6,10 5 pgead el conal Csday (yay90
3l s0 2l sanans

GlisSa  sHloppgal anl wols acgaze (ol agi Gl
et 4 Sad JoSe gly ke 5l pslal ol cl a2k
S i sblsy g olal 5385 ilesl 4 ol (ol 0S50
oy ols Lis (V) UK 50 coold dcgosne (0 09290 pglal .S oo
9 Gyl ppeal 8o las luilisl @ azgi b polas cpl Lol
Sly e 8o a5 wloads Cod GlaisS 4y ()90 culin Sladass

S mal B 1) g5kl

104

Glps,d 5l osliiul L 1) 05 Jow 5 wis S eslizulUAV
23l Goisel (Gan A g 50 (sl (sras SraSLS 5 a5
S5z g0 S gy 4 Sl (55 9 Khos oo Lt o] s
(Wandt et al., 2016) ,Ken 5 Saly .l Gas pasd ;o
S5 g Sl gaman &S o5 KD (eSS g2 @
polde sloslaiwl b aS Wi ,S° (Bae |y Jow g aiSloy pgas
S8 (gamd Gl el atiilyy gloyge lus 3 g 4l
aas &l
5 i e SalS 59> 53 G (55lusl 5 Gas was
s 395 (ol G SISS g gty Juld laeje> ol 5l SG
gl aile ala by 5l (Fes (eSS Sl S &S johailes
odlitl Broe oras a5 (STM) 5> 5l JLslo (s
Sl ek plab; Gaman ilail sl a5 b )0 s oo
ol (Poisson Surface Reconstruction) jgwls; mlaw
Sy G pyal i sl g, 9 (Delaunay Triangulation) sls
5 pl a>4 (Cazals and Giesen, 2004)45,.5 o I8 ool
e Gros $y5oh Joe So Sl eslenl o i cnl s )slys
rea Ko kil 388 saman sileil ol (MIDaS) Gee
iz gosld by 90 Coxdae Sledbl 4y 5o gy ] (gamgo
B>y dd (5900 S TP (S Gty 0 &S (ales
S8 5 e 4l gl Sl 4 o o5 (i o g 5l (65l
0,5 oBas b gados ol jo cailos S onin peile oliw 039> 4o
Joe oy Glp Jol Ges 4l 5l (gl patd pwaige )3
& Coped RMSE o 3l eolitial b (a5 o3, plosl 5 suinpa

Ol ] o oolaswl (6 gl diz (6 5l S 908 5l Jol> 580 Jow


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2025-11-17 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

s 8Sob Jae g (S paal SOl gaman (g5lesl g Bas (eSS

e 5 (Sin

Fig. 1. Images captured with the FinePix F10 camera
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Fig. 2. Angles of image capture
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Fig. 3. Stages of the research process
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Table 2 - Configuration settings of the MiDaS deep learning model
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Fig. 4. Architecture of the MiDaS deep learning model
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Fig. 8. 3D mesh resulting from the Poisson surface reconstruction method
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Fig. 11. Comparison of baseline lengths measured on the MiDaS model and the photogrammetry model
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