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Abstract: This study presents a novel approach combining computer vision with topology optimization for 
additive manufacturing. Using specialized photogrammetry software, we capture high-resolution images of 
the design domain to create precise 3D models through detailed scanning. These models are converted into 
STL file format and remeshed using an adaptive algorithm within COMSOL 5.3 Multiphysics, managed by a 
custom MATLAB 2023. This integration allows optimal mesh resolution and accuracy in analyses. We applied 
this method to design a concrete pillar for 3D printing, aiming for a 75% volume reduction to enhance material 
efficiency and stability, crucial for extraterrestrial environments. The design, scanned with a 360-degree camera 
array, informed the MATLAB-based topology optimization process. Combining MATLAB’s optimization 
algorithms with COMSOL’s meshing and finite element solver solver, we explored material-efficient 
configurations. The results show significant volume reduction, particularly in the central design area, 
optimizing material use while maintaining structural stability. The optimization algorithm demonstrated 
rapid, stable convergence to near-optimal solutions within about 20 iterations, highlighting the method’s 
efficiency and robustness in complex design optimization. 

Keywords: 3D-printed structural design; Computer-aided design; Computer vision; Space 
missions; Topology optimization 
 

1. Introduction 

The trajectory of human progress and scientific advancement is profoundly intertwined with the 
exploration of space and the extraction of extraterrestrial resources. As Earth’s resources become 
increasingly scarce due to rapid population growth and escalating demands for energy and materials, 
the imperative to extend our resource acquisition efforts beyond terrestrial confines grows ever more 
urgent. The prospect of discovering and harnessing extraterrestrial resources offers substantial 
promise in addressing some of humanity’s most pressing challenges, such as ensuring long-term 
energy sustainability and enabling the colonization of distant celestial bodies[1,2]. 

Advancements in space exploration technologies have dramatically enhanced our 
understanding of the cosmos and expanded the range of accessible space resources. For instance, 
asteroids rich in precious metals and rare earth elements present untapped opportunities for material 
acquisition that could revolutionize terrestrial industries. Furthermore, the utilization of lunar 
regolith for in-situ construction and resource extraction exemplifies the potential for self-sustaining 
operations on other celestial bodies. These developments underscore the transformative potential of 
extraterrestrial resource exploitation in fostering sustainable development on Earth and laying the 
groundwork for human expansion into the broader solar system[3]. As we continue to advance in 
space exploration, the strategic integration of extraterrestrial resources into our economic and 
technological frameworks will be pivotal in shaping the future trajectory of human civilization [4–7]. 
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In space exploration, integrating autonomous structural design and construction is essential due 
to the vast distances and resulting communication delays. These time lags make Earth-based 
directives impractical for timely decision-making during missions. Autonomous processes allow 
spacecraft and habitats to adapt in real-time to changing environments and unforeseen challenges 
without relying on continuous Earth-based input. By using artificial intelligence and advanced 
robotics, these systems can autonomously generate and implement optimized designs, improving 
the efficiency and resilience of space missions while mitigating the impact of delayed 
communications [8–17]. 

In this research, we focus on advancing topology optimization as a key methodology within the 
realm of non-parametric structural design. Our objective is to develop an autonomous design tool 
grounded in rigorous mathematical optimization, specifically tailored for the simulation of structures 
using the finite element method (FEM). This approach seeks to enhance the structural design process 
by providing a robust framework that operates independently of predefined geometric parameters, 
thereby enabling the creation of optimized structural configurations driven purely by mathematical 
principles [18–20]. The advent of topology optimization, originated by Michell [21] based on solving 
Maxwell’s lemma [22], has propelled computer-aided design to unprecedented heights, facilitating 
the comprehensive development of designs rooted in mathematical optimization principles. 
Although the realization of fully computer-based evaluation and design remains an aspirational 
objective, it stands as a pivotal imperative for propelling the frontiers of future transportation 
endeavors, particularly within the domain of deep space missions [23–25]. 

Amidst such missions, characterized by extensive distances from the central control center and 
potential communication disruptions stemming from orbital dynamics (excluding quantum 
communication and informatics), spacecraft may encounter hazardous events necessitating on-site 
repairs, such as damage induced by asteroid impacts or mechanical fatigue. In scenarios involving 
manned missions, where crew members are theoretically in a state of deep hibernation, the execution 
of repairs by human personnel becomes unviable. Moreover, future deep space missions, 
encompassing endeavors such as mining, may prioritize unmanned operations for economic reasons, 
mandating the incorporation of artificial intelligence to orchestrate the design process and execute 
repairs autonomously. 

Topology optimization, a discipline that encompasses both layout optimization and generalized 
shape optimization, involves the discretization of a design domain into finite components with 
defined spatial relationships—such as finite differences, boxes, elements, and volumes. Originating 
as a layout problem, topology optimization is primarily concerned with the strategic design of 
specific regions within a given space, where the locations of traction and support points are 
predetermined. This method enables the systematic exploration of optimal structural configurations 
by adjusting material distribution within the design domain to achieve desired performance criteria 
[26–29]. Topology optimization has advanced significantly, driven by various methodologies. A key 
development was the use of numerical discretization by Dorn et al. [30], enabling precise structural 
representation and enhancing optimization accuracy. Bartel [31] minimized structure weight using 
sequential unconstrained minimization and Constrained Steepest Descent techniques. Charrett and 
Rozvany [32] applied the Prager–Shield method for optimal design in rigid-perfectly plastic systems 
under varied loads, while Rozvany and Prager [33] optimized grillage-like continua. Rossow and 
Taylor [34] employed FEM to optimize variable thickness sheets, introducing shape optimization 
with holes in plates. Cheng and Olhoff [35] refined FEM for optimizing annular plates, incorporating 
homogenization. Bendsoe’s discretized continuous optimality criterion (DCOC) led to the Solid 
Isotropic Material with Penalization (SIMP) method, crucial for reducing stress concentrations and 
utilizing image processing in design transformations [36–38]. Other notable methods include 
Evolutionary Structural Optimization (ESO) and the Metaheuristic Structure Binary-Distribution 
(MSB) method[39,40]. Additionally, shape optimization methods, particularly the level-set [41,42] 

and H1 gradient methods[43], are showing promising results by focusing on structural 
boundaries. These approaches collectively represent significant progress in topology optimization, 
enhancing both structural efficiency and design precision. 
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The present study delves into the innovative integration of camera technology within 
spacefaring vehicles to facilitate the comprehensive design and construction of habitable structures 
through advanced 3D printing methodologies [44–47]. Leveraging the concept of camera vision, the 
computational system discerns the parameters of the design domain, subsequently employing 
topology optimization techniques for streamlined design execution. The impetus driving this 
investigation stems from four primary considerations. Firstly, the inherent payload sensitivity of 
space missions necessitates stringent weight management, thereby advocating for the minimization 
of additional measurement devices, such as laser scanners, to mitigate associated costs. Secondly, 
mindful of energy consumption, the adoption of computationally intensive methodologies like 
machine learning, while efficacious in expert system emulation, imposes significant computational 
burdens, contrasting with more resource-efficient optimization approaches such as the Method of 
Moving Asymptotes or the optimality criteria [48]. Thirdly, the logistical challenges posed by vast 
astronomical distances mandate expeditious communication between Earth and extraterrestrial 
habitats, underscoring the need for locally executable design processes. Finally, topology 
optimization emerges as a matured technique for 3D printing applications, further affirming its 
suitability for the envisaged spaceborne construction endeavors. The paper unfolds in a structured 
manner: elucidating computer vision in Section 2, expounding on topology optimization in Section 
3, detailing the numerical investigation in Section 4, and concluding with Section 5. 

2. Computer Vision 3D Simulation Using Computer Vision 

This study introduces the integration of photogrammetry into design engineering, utilizing 
camera-based techniques to enable 3D modeling of the design domain [49–55]. The laying 
foundational concepts of photogrammetry can be traced to the 1480s with the works of Leonardo da 
Vinci and his early research on perspective [56]. The first one to recognizes the potential of using 
camera for mapping was Aimé Laussedat who is often credited as the “father of photogrammetry” 
[56]. Photogrammetry as a numerical technique began to be developed in the 1990s, through the 
works of the computer community vision [57]. The development of algorithms to realize the 
automatics matching between feature also represent the beginning of actual photogrammetry. The 
different elements of the process involved in photogrammetry can be divided into two key steps: 
image processing and mathematical calculations. The beginning of the process of image processing 
consists of image alignment (also known as image registration). This step involves creating a coherent 
dataset by matching corresponding points in overlapping images. This is achieved using algorithms 
to detect common features, such as edges and corners, and align the images accordingly. An image 
rectification corrector is applied to reduce the distortion caused by the camera lens, ensuring that the 
images accurately represent the geometry of the captured scene. Rectified images are essential for 
precise measurements and modeling. Image stitching involves combining multiple overlapping 
images into a single mosaic. This is a particularly important procedure for large-scale projects where 
multiple images are required to cover the entire area of interest. The resulting mosaic facilitates 
detailed analysis and measurements. The other key step in photogrammetry involves using 
mathematical calculations to derive accurate measurements and create detailed models from the 
processed images. The fundamental principle behind photogrammetry is triangulation. This involves 
determining the position of a point in 3D space by measuring the distances and angles from two or 
more known positions. By using images of the same object or detail from different perspectives, 
photogrammetry software can precisely calculate the coordinates of each point,. The basic formula 
for triangulation can be expressed as follows: 

1 2

1 2 0

.( )

2

b x x
X

x x x




   (1) 

1 2

1 2 0

.( )

2

b y y
Y

y y y




   (2) 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 August 2024                   doi:10.20944/preprints202408.0893.v1

https://doi.org/10.20944/preprints202408.0893.v1


 4 

 

1 2 0

.

2

b f
Z

x x x


   (3) 
Where: 
- 𝑋, 𝑌, 𝑍 are the coordinates of the point in 3D space. 
- 𝑏 is the baseline distance between the two camera positions. 
- 𝑥ଵ, 𝑥ଶ, 𝑦ଵ, 𝑦ଶ are the coordinates of the point in the images. 
- 𝑥଴, 𝑦଴ are the principal points of the images. 
- 𝑓 is the focal length of the camera. 

A mathematical optimization technique used to refine the accuracy of the derived measurements 
is the bundle adjustment. This involves adjusting the positions and orientations of the cameras, as 
well as the coordinates of the measured points, to minimize errors and ensure the consistency of the 
dataset. Bundle adjustment is crucial for achieving high precision results in photogrammetry. 

The objective function for bundle adjustment can be expressed as: 
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Where: 
- 𝐗 are the 3D coordinates of the points. 
- 𝐏 are the parameters of the camera poses. 
- 𝐲𝒊𝒋 are the observed image coordinates. 
- 𝑓 is the projection function mapping 3D points to 2D image coordinates. 

Finally, using the dataset and algorithms, high-resolution 3D models can be generated for 
visualization, analysis, and further processing. 

3. Topology and Shape Optimization 

Topology optimization began as a deterministic discipline focused on physical models, evolving 
with advancements in mathematical methodologies. Initially, parametric optimization used heuristic 
methods to adjust parameters within structural designs, like cross-sectional dimensions or material 
properties, to meet specific objectives such as minimizing stress. However, optimizing material 
distribution within a structural domain proved complex, as it couldn’t be easily defined by 
conventional quantities like mass or load. This led to the development of non-parametric methods, 
particularly topology optimization, which optimizes structural layout and shape based on 
mathematical logic and objective criteria. Topology optimization represents a new design frontier, 
delivering the most efficient solutions within predefined constraints, driven purely by the 
requirements of the optimization process. 

Non-parametric optimization methodologies, such as topology optimization, employ a series of 
cascade approximations that originate from the design variables. These methodologies, exemplified 
by techniques like the SIMP method, progress through successive stages of refinement, encompassing 
discretization methods, objective criteria formulation, and concluding with iterative updates to the 
design variables [18,41,58]. 

Topology optimization, guided by predefined objective criteria, typically revolves around 
compliance-based optimization objectives as presented in Equation 1. These criteria serve as 
fundamental pillars guiding the optimization process, ensuring that the resultant designs meet 
specified performance standards while adhering to structural integrity requirements. 

In the context of the present study, MATLAB with COMSOL was employed to develop 
customized algorithms tailored to facilitate the topology optimization process. 
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Where ( )f ρ  is objective function, of the design variables ρ . Here E  represents the elemental 
penalized elastic tensor in terms of penalized design variable to power q. When the design variable 

is near zero, the elastic tensor of the discretization unit become voidE , while the design variable when 

it reaches one, the elastic tensor become matE . Moreover, v  is the volume reduction condition, 

withing the design domain d . 
The significant strides made in advancing topology optimization also bring to light critical 

challenges that require careful consideration. Foremost among these challenges is the derivation of 
sensitivities in gradient-based optimization, particularly when dealing with complex, multi-layered 
functions. While numerical sensitivity analysis presents a viable approach, it is often accompanied 
by substantial costs in terms of time and computational resources. Achieving the desired outcomes 
typically necessitates high-resolution models, which, in turn, escalate the computational burden. 

Moreover, the trade-offs inherent in discretization and simplification—although necessary and 
widely accepted—inevitably obscure certain physical phenomena, potentially compromising the 
accuracy of the solutions. The mathematical complexities present in intricate models further 
exacerbate these challenges, introducing a significant risk of computational instability and failure. 

These challenges underscore the mathematical intricacies intrinsic to topology optimization. The 
design of the objective function stands out as a particularly critical aspect within the realm of 
mathematical optimization, necessitating meticulous attention and innovative strategies to 
effectively navigate these complexities. 

A well-crafted objective function can sometimes yield optimal solutions that diverge from the 
expectations set by the original mathematical model. A notable example is the topology optimization 
of heat conduction, which often results in tree-like structures. Contrary to the intuitive expectation of 
uniform heat distribution through a solid medium, the optimized tree structure exhibits an uneven 
mass distribution, challenging conventional assumptions. Yan et al. further substantiates these 
findings with alternative models that question the validity of traditional approaches. Additionally, 
the discretization process itself presents significant challenges, occasionally leading to non-feasible 
design regions, especially when higher-order degrees of freedom are involved. To address these 
issues, designers often employ additional filtering techniques, relying on their expertise and 
judgment to refine and enhance the optimization process. 

4. Topology and Shape Optimization 

This section presents a numerical study that investigates the integration of computer vision with 
topology optimization for designing structures tailored for additive manufacturing. We developed 
custom software for photogrammetry, employing camera systems to capture high-resolution, 
dynamic images within the designated design domain. These images enable the creation of detailed 
3D models through comprehensive scanning protocols, ensuring the meticulous capture of intricate 
domain features. Upon completing the 3D modeling, the model is converted into a Stereolithography 
(STL) file, the standard format for additive manufacturing. This conversion, performed using an 
automated, precision-driven approach, ensures the accurate preservation of details captured during 
the scanning phase. The STL file then undergoes remeshing using an adaptive meshing algorithm 
within the COMSOL Multiphysics environment, controlled by a MATLAB application. This 
integrated framework leverages MATLAB’s computational strengths and COMSOL’s versatile 
simulation capabilities, optimizing the mesh structure for subsequent computational analyses. The 
adaptive meshing dynamically responds to geometric complexity, enhancing the fidelity and 
accuracy of simulations. Given the resource constraints in extraterrestrial environments like the 
Moon or Mars, the study focuses on optimizing printing time and minimizing material use. By 
implementing a volumetric reduction strategy, we aim to reduce the original solid block 
configuration by 50% while preserving structural integrity and functionality. The design domain is 
imported into MATLAB for topology optimization, with COMSOL providing high-quality finite 
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element meshes and simulations to explore material-efficient design configurations for advanced 
additive manufacturing. 

The integration of MATLAB’s optimization capabilities with COMSOL’s simulation tools creates 
a synergistic framework that enhances the fidelity and efficiency of the optimization process. This 
combined approach allows for a thorough exploration of design alternatives, leading to the 
identification of optimal structural configurations that balance material efficiency with structural 
performance. 

 

Figure 1. The design domain for a pillar. 

Figure 2 illustrates the computer modeling for topology optimization, featuring a pillar 
subjected to vertical loading and securely anchored to the ground, thereby establishing fixed 
boundary conditions. The objective of the topology optimization is to minimize the design volume 
while simultaneously enhancing stiffness through the reduction of mechanical compliance. This 
method aligns with Tikhonov’s reciprocity principle, which addresses the non-convex nature of both 
stiffness and compliance optimization problems. In this study, the Young’s modulus of elasticity is 
normalized to unity, and the Poisson ratio is set at 0.3 to ensure consistency across all analyses. The 
results of this optimization process are presented in Figure 3. 
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Figure 2. The computer vision-based design domain of the pillar. 

 

Figure 3. Topology optimization designs. 

Our study demonstrates a substantial reduction in the design domain’s volume, a primary goal 
of the optimization framework. This volume reduction follows a distinct spatial pattern, with the 
most significant reductions occurring centrally and tapering towards the peripheral areas near 
structural constraints. This strategic material distribution enhances structural stability while 
optimizing material usage, analogous to civil engineering techniques where weight reduction is 
achieved by incorporating hollow structures within solid frameworks. Such design strategies aim to 
maximize structural efficiency and performance while minimizing material consumption. 

Figure 4 illustrates the convergence behavior of the optimization algorithm over successive 
iterations. The x-axis represents the number of iterations, while the y-axis depicts the normalized 
objective function value. Initially, the objective function value is near 1, indicating suboptimal 
conditions. However, as iterations advance, the objective function value significantly decreases, 
demonstrating the algorithm’s rapid convergence towards an optimal solution. By the 20th iteration, 
the curve begins to plateau near zero, indicating that the algorithm has effectively minimized the 
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objective function and is approaching optimality. The initial steep decline followed by an asymptotic 
plateau highlights the algorithm’s efficiency and stability in the optimization process. This rapid 
reduction in the objective function value suggests that the method swiftly identifies a near-optimal 
solution, with subsequent iterations offering diminishing returns. The convergence graph 
underscores the algorithm’s ability to balance rapid convergence with stable minimization, ensuring 
the efficient achievement of an optimal or near-optimal solution. 

 
Figure 4. Objective function history of the piller design domain study case. 

5. Conclusions 

In conclusion, this numerical study presents an innovative approach that combines computer 
vision with topology optimization to advance designs for additive manufacturing. By employing 
specialized photogrammetry software developed for camera systems, we capture dynamic, high-
resolution images of the design domain, enabling the creation of precise 3D models through detailed 
scanning protocols. These models are then converted into STL file format, preserving the intricate 
details from the initial scans. This conversion is followed by remeshing using an adaptive meshing 
algorithm within the COMSOL Multiphysics environment, managed via a custom MATLAB 
application. This integrated framework facilitates seamless interaction between MATLAB’s 
computational capabilities and COMSOL’s simulation tools, ensuring optimal mesh resolution and 
accuracy in subsequent analyses. 

The preliminary phase of our investigation involved designing a concrete pillar for 3D printing, 
aiming for a 75% reduction in volume to enhance material efficiency and structural stability, which 
is particularly critical for extraterrestrial environments with limited resources. The design was 
scanned using a comprehensive 360-degree camera array, capturing detailed spatial data that 
informed the MATLAB-based topology optimization process. Utilizing MATLAB’s optimization 
algorithms alongside COMSOL’s meshing and FEM solver, we explored various material-efficient 
design configurations. 

The results of the optimization, notably the significant volume reduction concentrated in the 
central region of the design domain, reflect a strategic approach to maximizing material efficiency 
while ensuring structural stability. This design strategy, which mirrors principles in civil engineering, 
focuses on achieving optimal performance with minimal material usage. Furthermore, the 
convergence behavior of the optimization algorithm demonstrates rapid and stable convergence, 
reaching near-optimal solutions within approximately 20 iterations. This performance underscores 
the method’s computational efficiency and robustness in optimizing complex designs. 

Author Contributions: Conceptualization, M.A.; methodology, M.A., M.S.; numerical simulations, M.A. M.S., 
M.N.; writing—original draft preparation, M.A., M.S., and M.N.; All authors have read and agreed to the 
published version of the manuscript. 
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