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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
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