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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. 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.
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This study provides a foundation for advancing deep
learning applications in photogrammetry and computer
vision, showcasing its potential in modern 3D
reconstruction workflows.
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Fig. 6. RGB image and depth map generated by the MiDaS model
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Fig. 7. Point cloud obtained from the depth map
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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

Cosl Sae MIDAS Jao cds 500l puglai 15
asls S C)T 6;‘:;)'9.@1 sools g9 5 oS @
sl 5l egite (bigel sloosls b Jua ST .aly
pas .amd oo 4]l (6 v gl (il oays b3ge] alive
O3S B3y AilgT o jeel slmesls jo SIS g4
558y 53l as

e ale Ml p i Jole gl Sl
Gos pedS C85 Wl oo pgal (gl Jley g o3l
Jolhe ol 55 BBU L s job wlondass o35 15
e )0 9 Ges ALK o ekl 4 i Sl (Ses
D9 (Gamdus Joe 50

@lies o by, igaman glad o bls Sasly,
o @ G g B ol Goe a2d o sl
ails (g Joo <85 2 (s0by 55l ailgs oa (samans
5 by ambre slaem oSl 5l oolinul awaly
bli ol gleosls [Lsle 4 azg b zslw g5lajls

A

Joo Jsd LB cds 5l Sl IS sbas RMSE Jlais oyl

Cos olE jgbay wlg o Lol wienl (goman 55lejb 0 MiDaS
258 8 Jele iz 3G

oy sl MiDaS Jos :MiDaS Gee acii coasS @

Jo ol b sloss b g S5 5| Gar i

590 b oS C8L L (Hlgi ) ehsdr Bes (e B0

L >l9 5o oot by all conl (S j90

S smlinls (698 Ll ;0 by (qvid oy Sl pesS

10 g e ALd 0 (g i lolbhs 4 e col

Glogygesl g o) 4 5L 45 05 (gaaran oo 4t

Ozt Ol (o ls b WSe alizes baylld jo sasie

L e il ol o 425 CaisS il sl

Je (6 pdpreni Wlgi o glate Loyl 13 (gl pglas

s ialal


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://dor.isc.ac/dor/20.1001.1.2538449.1404.11.1.7.6
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2026-06-26 ]

[ DOR: 20.1001.1.2538449.1404.11.1.7.6 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

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

Ol 5 (San b

Geoe S50k p (e Goe (eSS slaie 5l oslitul 4z ST
|y s S5 sl 5l ar Sl gl il \Sel MiDaS wsils
Wlazlye ool b G jeba la by, cnl Lol sl 00,5 a2
blyl 5o e Cawyol s a4 G5 oo bl (et alez
awdin b oleil 5 (28l w36 b (e sk S925 bl (5558
Jodo 4 j97e (6 S0k sla o el 2 iz 5309,5 0)Lol ooy
OSon () g 9:iSmy iles aiile (5 slaailis 4 (Slg
s a1 8ol e Conl

5o e alB (53, 5l samae ileil wul nl n o
29 cobiie Bl pae aile glallas o b3 5l 5)le lesia
Oslgy wle gl (3lujl slaby, Cusgazme 5 sFas laosls ;o
9y 3lepdle Giod 0 Nigd (ol Jow S35 alS Ceels willy oo
el oals oslitul gaman Joo ogi sl sl gl 5Ll
D30 50 Lol el T8 gy slans ol gy gy onl iz o
el sl S 063955 Sodls b o Loy paast o U 342
098 oyl b lgeal Falaw adgs

aS ol laS 58 s pgal wiz 5yl Joe b anglie mlbs
LS cpl 0,0 3529 Joo 90 oo CBd jo Sl les
2lr 53 K pead) 6995 seodls g5 53 Dolis I LAL Wl oo
Gl bl el S8 )0 piion (pwais SIMb 5 (gl Wiz
5 gl bl dolie siloainge b oS was oo (LS mbs (>
Iy B cpl Glgi oo cBos (mosd Faid iy sla Jos 5l eolatul
8l s as gloo )5 sl Jod LB B0 4y 5 ol tals

SS9 4 barpe (Bes ress o (alol ol 5l (S
i ysSI slyy maiets LB sla S5s 45 ol b G8lh 5 g,
(Geos S350k p (e sladoe ;o S & alies (ol )l 352
odalive 3o oligS op gyl Sed wile @wly slagts, o &b
O 5 Sy G b glFal (b, 99 8 50 &5 |z edi e
ol gl ln soleiiny slo)Sal) alex el lpds (g
S oyl s aiile JaSo gloosls 5l oslisl 4y olg5 oo Uns

\VY

Gt Sladoe CobeS 5o (Fleesd Sl Wl e
YW
o )l5 (59, » Wl o mlS jo culonnlin slaldds|
W5y Vb s a4 3ls a5 Sles )5 sl 0l 5t 388 e
o redT 53 Yl S8 Ceal (o slaJolod g 4525 wiile
2 e sladoe ol IS LB e gaman sl oe bl
a5l Cal S Wy ad iy slelld sg>9 L MiDaS
ooled yo aileny b asly ansly (g iy sla g luaige 3 olbdlal
iy ogllae S w4 Ll
lesal, wilgi o by Jow anslio oo lCandds AZ o yuimad
P oo )5 50 aman 55kl by, pcmlie STl
O3l 50 053 lace s s 4, MiDaS Jaw (IS jsba; il
Sl Wl o cBoe HeedS Slp pgal S 5l eslital 5 @
Cds 4 3ls aS (69150, Jg il S50 e )5 6l sl
Cosl Sas MIDS Jow joousms sbaasens wesl YU Lo

sl asls placs je

=

Goe 4l 3l ol samdn o Jow Cdo (saams ol o

sl o 3 MIDaS Gos 5,p50b Jow 5l solaul b oododgs
A duglio (6 pgal Wiz keS8 g, 5l ensliso; ganan
Ol ylade a5 RMSE Lo 5l oolaiwl b b)) 5l el iawsds zls
SMIDAS Jue saiails saimaslis g el VYO L il
b9y bin 3,8hes 5 o8 BB 2o b gaman sladoe ol
3 s S g5 5 o3zl b Jie ol el (el s 53l
Sdgi 4y 1ol (g1 gl Sloollins] Condg 5 Comdae 4 LS o
|, MiDaS « 555 ! ol w95 bond <85 b (goman slaJos
sy oS alyl g S50 slas )5 (sl canlie glan S 4


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://dor.isc.ac/dor/20.1001.1.2538449.1404.11.1.7.6
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2026-06-26 ]

[ DOR: 20.1001.1.2538449.1404.11.1.7.6 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

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

Ol 5 (San b

30 45 0gd oo Slpiinn )10 092 peal STl ealiadsl s
8o MIDaS Jow jsasd pin slaasens j ooliiwl b oo | colibios

S5 sla by oS 5l eolitul sl Gl iy gaman by Jae

sloJae Sliy> g S8 dgupn 4 wilg oo (5 lae iz g (5 pgal
9y 90y Dg8 bli Gl Wilgt e oSl Al SS (g
lopi ;551 5l ool .o ,gT pal 3 1) (g i <8 g aiS (5,10 po 00

Slopi ;55 5 (oS 5 sla g, aile imlaw (g5l sl Sasd i,

S SeS (g sla Juw S8 g aaS ioli8l 4 Wlg e ey

References

Cazals, F., Giesen, J., 2004. Delaunay Triangulation Based
Surface Reconstruction. Ideas and Algorithms. Institut
national de recherche en informatique et en automatique
1-45.

Choe, J., Im, S., Rameau, F., Kang, M., Kweon, 1.S., 2021.
VolumeFusion: Deep Depth Fusion for 3D Scene
Reconstruction. Proceedings of the IEEE International
Conference on Computer Vision 16066-16075.

Chu, P.M.,, Sung, Y., Cho, K., 2019. Generative Adversarial
Network-Based Method for Transforming Single RGB
Image into 3D Point Cloud. IEEE Access 7, 1021-1029.

Eigen, D., Puhrsch, C., Fergus, R., 2014. Depth map prediction
from a single image using a multi-scale deep network.
Advances in Neural Information Processing Systems 3,
2366-2374.

Eldesokey, A., Felsberg, M., Khan, F.S., 2020. Confidence
Propagation through CNNs for Guided Sparse Depth
Regression. IEEE Transactions on Pattern Analysis and
Machine Intelligence 42, 2423-2436.

Fusiello, A., 2024. Computer Vision: Three-dimensional
Reconstruction Techniques. Springer International
Publishing Cham.

Hermann, M., Ruf, B., Weinmann, M., Hinz, S., 2020. Self-
Supervised Learning for Monocular Depth Estimation
from Aerial Imagery. ISPRS Annals of the
Photogrammetry, Remote Sensing and Spatial
Information Sciences 5, 357-364.

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/ICECCMES55909.2022.9987767

Hristova, H., Abegg, M., Fischer, C., Rehush, N., 2022.
Monocular Depth Estimation in Forest Environments.

YYY

0yl (610 gy gual al> pa po aBbiclo g5 5l olitul b 508 yg0le

Sloosls (55, yodd igel Sy slaaSed jloslitul (uizren 0,8
o SBUby, Sl sxSese b SeS, mak Juld 5 et
Gy b 55l loypld b S pegsy (g5l lsen aiile (35l 5
9 nl 50 s Seme 4 ilgs o « (dge-aware filters) 5, gas
oS g 50 Joe 85 55, p )l pl ST ) 0 SWS
9% zolas (ST liiod gl (ogb9e Dlyrea Wlgioe Sy
o35 Gros S50k ladoe )0 3l slacd iy 4 g L
sl Jos s dgpe oI MIDAS  Jow Sedums sleaseus

International Archives of the Photogrammetry, Remote
Sensing and Spatial Information Sciences 43, 1017-
1023.

Kazhdan, M., Hoppe, H., 2023. Distributed Poisson Surface
Reconstruction. Computer Graphics Forum 42.

Khan, F., Salahuddin, S., Javidnia, H., 2020. Deep learning-
based monocular depth estimation methods—a state-of-
the-art review. Sensors (Switzerland) 20, 1-16.

Lunscher, N., Zelek, J., 2018. Deep learning whole body point
cloud scans from a single depth map. IEEE Computer
Society Conference on Computer Vision and Pattern
Recognition Workshops 1208-1215.

Madhuanand, L., Nex, F., Yang, M. Y., 2021. Self-supervised
monocular depth estimation from oblique UAV
videos. ISPRS journal of photogrammetry and remote
sensing 176, 1-14.

Ming, Y., Meng, X., Fan, C., Yu, H., 2021. Deep learning for
monocular depth estimation: A review. Neurocomputing
438, 14-33

Najaf, M., Arefi, H., Amirkolaee, H.A., Farajelahi, B., 2023.
Monocular Depth Estimation of Google Earth Images
Using Convolutional Neural Networks. ISPRS Annals of
the Photogrammetry, Remote Sensing and Spatial
Information Sciences 10, 589-594.

Nolasco, C., Jacome, N.J., Hurtado-Lugo, N.A., 2020.
Applications of the Poisson and diffusion equations to
materials science. Journal of Physics: Conference Series
1587.

Owen, T., 1994. Three-Dimensional Computer Vision: A
Geometric Viewpoint by Olivier Faugeras The MIT
Press, London, UK, ISBN 0-262-06158-9, 1993, 663
pages incl index (£58-50). Robotica 12, 475-475.

Ozden, K.E., Schindler, K., van Gool, L., 2007. Simultaneous
Segmentation and 3D Reconstruction of Monocular
Image Sequences, in: 2007 IEEE 11th International
Conference on Computer Vision. IEEE, 1-8.

Piccinelli, L., Yang, Y.H., Sakaridis, C., Segu, M., Li, S., Gool,


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://dor.isc.ac/dor/20.1001.1.2538449.1404.11.1.7.6
https://gnf.khu.ac.ir/article-1-2934-en.html

[ Downloaded from gnf.khu.ac.ir on 2026-06-26 ]

[ DOR: 20.1001.1.2538449.1404.11.1.7.6 ]

[ DOI: 10.22034/KJES.2025.11.1.107622 ]

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

Ol 5 (San b

L. Van, Yu, F., 2024. UniDepth: Universal Monocular
Metric Depth Estimation, in: Proceedings of the IEEE
Computer Society Conference on Computer Vision and
Pattern Recognition 10106-10116.

Puscas, M.M., Xu, D., Pilzer, A., Sebe, N., 2019. Structured
Coupled Generative  Adversarial Networks for
Unsupervised Monocular Depth Estimation.
Proceedings of the 2019 International Conference on 3D
Vision (3DV) 18-26.

Rajapaksha, U., Sohel, F., Laga, H., Diepeveen, D.,
Bennamoun, M., 2024. Deep Learning-based Depth
Estimation Methods from Monocular Image and Videos:
A Comprehensive Survey. ACM Computing Surveys 56,
1-51.

Ranftl, R., Lasinger, K., Hafner, D., Schindler, K., Koltun, V.,
2020. Towards Robust Monocular Depth Estimation:
Mixing Datasets for Zero-shot Cross-dataset Transfer
XX, 1-14.

Salzmann, M., Fua, P., 2010. Deformable Surface 3D
Reconstruction from Monocular Images. Synthesis
Lectures on Computer Vision 2, 1-113.

Saxena, A., Chung, S.H., Ng, A.Y., 2008. 3-D depth
reconstruction from a single still image. International
Journal of Computer Vision 76, 53-69.

Saxena, A., Sun, M., Ng, A.Y., 2007. 3-D reconstruction from

\YY

sparse views using monocular vision. Proceedings of the
IEEE International Conference on Computer Vision.

Silberman, N., Hoiem, D., Kohli, P., Fergus, R., 2012. Indoor
segmentation and support inference from RGBD images.
Lecture Notes in Computer Science (including subseries
Lecture Notes in Artificial Intelligence and Lecture
Notes in Bioinformatics). 7576 LNCS, 746-760.

Wandt, B., Ackermann, H., Rosenhahn, B., 2016. 3D
Reconstruction of human motion from monocular image
sequences. IEEE Transactions on Pattern Analysis and
Machine Intelligence 38, 1505-1516.

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, 600-612.

Welponer, M., Stathopoulou, E.K., Remondino, F., 2022.
Monocular Depth Prediction in Photogrammetric
Applications.  International ~ Archives of  the
Photogrammetry, Remote Sensing and Spatial
Information Sciences 43, 469-476.

Ran, L., Wanggen, W., Yiyuan, Z., Libing, L., Ximin, Z., 2013.
Normal estimation algorithm for point cloud using KD-
Tree. InIET International Conference on Smart and
Sustainable City 2013 (ICSSC 2013), 286-289.
Stevenage UK: IET.


http://dx.doi.org/10.22034/KJES.2025.11.1.107622
https://dor.isc.ac/dor/20.1001.1.2538449.1404.11.1.7.6
https://gnf.khu.ac.ir/article-1-2934-en.html
http://www.tcpdf.org

