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Abstract: Digital twin technology is revolutionizing traditional manufacturing paradigms. In modern
manufacturing systems, digital twin technology is fraught with challenges due to the scarcity of
labeled data. Specifically, existing supervised machine learning algorithms, with their reliance on
voluminous training data, find their applicability constrained in real-world production settings. This
paper introduces an unsupervised 3D reconstruction approach tailored for industrial applications,
aimed at bridging the data void in creating digital twin models. Our proposed model, by ingesting
high-resolution 2D images, autonomously reconstructs precise 3D digital twin models without
the need for manual annotations or prior knowledge. Through comparisons with multiple baseline
models, we demonstrate the superiority of our method in terms of accuracy, speed, and generalization
capabilities. This research not only offers an efficient approach to industrial 3D reconstruction but
also paves the way for the widespread adoption of digital twin technology in manufacturing.

Keywords: industrial digital twin, neural radiance fields, unsupervised learning, 3D reconstruction

1. Introduction

Digital twins in the industrial realm serve as a vital bridge linking the physical and digital worlds
within manufacturing systems. This innovative approach paves the way for real-time data exchange,
monitoring, and advanced analytics, which are crucial for Industry 4.0 practices [1]. Among these,
the three-dimensional (3D) digital twin models stand out for their significance in creating a holistic
representation of products and processes.

These 3D models play an instrumental role in various industrial applications, especially in the
areas of product design, simulation, testing, and production [2,3]. By providing a comprehensive
digital representation of a physical asset, these models enable businesses to make better-informed
decisions, reduce system downtime, and enhance product quality [4]. These models not only offer
engineers and designers an intuitive tool that facilitates observing and refining designs in a virtual
setting but also present the entire production team with a unified reference. Such references are
invaluable in ensuring precision and consistency throughout the actual production process, leading to
optimized workflows and improved product lifecycles [5,6].

Moreover, integrating digital twin models with other technologies like artificial intelligence
and machine learning can further enhance predictive maintenance, resource optimization, and
product customization [7,8]. In essence, 3D digital twin models herald immense opportunities for
next-generation manufacturing systems, steering the industry towards a future characterized by smart,
sustainable, and efficient practices [9,10].

However, the adoption of digital twin technology in current manufacturing systems encounters
numerous challenges. One of the primary impediments stems from the conservative nature of
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manufacturing enterprises, which results in a scarcity of labeled data. This limitation hinders the
application of state-of-the-art supervised machine learning algorithms known for their remarkable
performance [11]. Additionally, the strong dependency of deep learning models on training data
sets and their limited generalization pose significant problems. These models require the operational
scenario to align closely with the data distribution from which they were trained [12]. In manufacturing
systems, substantial data heterogeneity exists due to variations between different factories or even
equipment, leading to exorbitant costs for data recollection. Such costs significantly obstruct the
widespread adoption of deep learning models in real-world manufacturing applications [13].

Furthermore, with the advent of sophisticated technologies such as autonomous driving, robotics,
and advanced automation systems in the manufacturing domain [14], there is an escalating demand
for 3D digital twin models to achieve higher precision and real-time generation. Thus, there is an
urgent need to develop models capable of automatic data labeling or those that can operate through
unsupervised learning [15]. Enhancing the utility and generalization of models using unsupervised
learning and improving their accuracy and computational speed remain focal points for both the
academic and industrial communities.

2. Related Work

2.1. Digital Twins

Digital twins, at their core, represent a fusion of the physical and digital realms, enabling real-time
data analysis and system monitoring. The term "digital twin" was initially introduced by Grieves,
emphasizing its role as a virtual representation of a physical product or process, facilitating iterative
development, testing, and optimization in a digital environment before real-world implementation
[16].

In various industrial sectors, the adoption of digital twins has proved revolutionary. These
virtual models have found extensive applications in sectors ranging from aerospace to manufacturing,
assisting in tasks such as predictive maintenance, real-time monitoring, and fault detection. The
integration of digital twins with IoT technologies has amplified operational efficiency, reducing system
downtimes and refining product quality [3]. The real power of digital twins is realized when they
are used to simulate real-world scenarios, thereby enabling preemptive problem identification and
solution implementation.

Despite their immense potential, the deployment of digital twins in large-scale industrial systems
is not without challenges. One major hurdle is the significant initial investment required in terms
of infrastructure and expertise [5,17]. Furthermore, achieving synchronization between the physical
and digital entities in real-time environments remains a technical challenge. Addressing data security
concerns and ensuring seamless integration with existing systems are other challenges faced by
industries. However, ongoing research and technological advancements promise solutions to these
limitations, ensuring the wider adoption of digital twins in the future [18].

2.2. Unsupervised Learning

Unsupervised learning stands as one of the fundamental paradigms in machine learning, primarily
focusing on deriving patterns and structures from data without labeled responses [19]. Contrasting
with supervised learning, which relies on labeled datasets to make predictions or classifications,
unsupervised learning delves into data’s intrinsic structures, offering the advantage of working with
vast amounts of unlabelled data, making it particularly suitable for exploratory data analysis and
feature discovery [20]. Figure 1 shows the process of unsupervised learning
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Figure 1. Unsupervised learning process.

Unsupervised learning has found myriad applications across industries, especially in scenarios
with vast unlabelled datasets. In the manufacturing realm, it’s utilized for tasks like anomaly detection
in machinery, where normal operations create a pattern and deviations from this pattern signal
potential issues [21,22]. Additionally, it aids in segmenting market data for targeted product releases,
allowing companies to better understand customer behaviors and preferences. Clustering methods,
a subset of unsupervised learning, can be instrumental in grouping similar products or processes in
manufacturing, optimizing resource allocation and production strategies [23].

While unsupervised learning presents novel opportunities, its deployment isn’t without
challenges. A predominant concern is the interpretability of results, especially when complex
algorithms like deep neural networks are employed [24]. The absence of labeled data can sometimes
lead to spurious patterns or associations that may not have practical relevance. Ensuring data quality,
handling high-dimensional data, and choosing the appropriate algorithm for specific tasks are further
hurdles in the practical application of unsupervised learning. Researchers and practitioners are
exploring ways to integrate domain knowledge to enhance the reliability and relevance of unsupervised
models.

Recent advances in unsupervised learning have been driven by deep learning, with techniques
like autoencoders and generative adversarial networks (GANSs) leading the charge [25]. Variational
autoencoders (VAEs) and transformers[26,27], especially in the context of natural language processing,
have showcased the potential of unsupervised techniques in handling complex datasets and tasks.
These state-of-the-art methods are continually being refined, promising even more potent applications
in the future.

2.3. Neural Radiance Fields (NeRF)

Neural Radiance Fields, commonly referred to as NeRF, represent a novel approach in the realm
of 3D reconstruction, employing deep neural networks to model volumetric scenes using sparse sets of
2D images [28]. This method capitalizes on the capability of neural networks to encode complex data
relationships, thereby allowing for the generation of intricate 3D scenes. One of the main attractions of
NeRF is its ability to produce high-fidelity and continuously viewable scenes without the necessity for
mesh-based representations, setting it apart from conventional 3D modeling techniques.

NeRF has heralded significant advancements in the domain of 3D modeling and reconstruction
[29]. By leveraging a scene’s sparse radiance samples and optimizing over-viewing angles and
light directions, NeRF synthesizes novel views with impressive accuracy. Its applications span
a diverse range, from virtual reality and augmented reality to film production and architectural
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visualization. Within an industrial context, NeRF can be especially advantageous for product modeling
and prototyping, offering a more detailed and adjustable representation compared to traditional
methods [30].

While NeRF presents remarkable capabilities, its implementation, particularly in large-scale
industrial scenarios, presents challenges. The computational intensity of NeRF algorithms, given their
reliance on deep neural networks, can lead to longer rendering times, which might be infeasible in
real-time applications [31]. Additionally, the quality of the reconstruction can sometimes be contingent
on the diversity and number of 2D input images. Researchers are actively exploring methods to
enhance the efficiency of NeRF implementations and ensure consistent quality across diverse input
conditions. Recent research has aimed at improving the computational efficiency of NeRF, leading to
variants like FastNeRF and MicroNeRF that target real-time and embedded applications [32]. There’s
also an ongoing exploration into combining NeRF with other 3D reconstruction techniques, aiming to
harness the strengths of multiple methods. Given the rapid advancements in the field, NeRF and its
derivatives are poised to redefine the landscape of 3D modeling and visualization in the forthcoming
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Figure 2. The rendering pipeline of our model.
3.1. Initialization of Point Cloud and Color Discrimination Using NeRF

Given the input view-camera pose pairs (I, P), and resolution hyperparameter r, an initial square
point set X = S(r) of point count r° is generated, which facilitates axis-based indexing. Subsequently,
based on the camera pose P, the initial point set X is transformed from the world coordinate system to
the corresponding camera coordinate system of the view.

The points in the camera coordinate system undergo position encoding as per the formula
referenced in [33] given by:

PosE(p;) = Concat(p}, p!, p) 1
where:

p¥[2] = sin(ax; + pC) @)

and y
pi12j + 1] = cos(ax; + ﬁfj) (3)


https://doi.org/10.20944/preprints202405.0879.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2024 doi:10.20944/preprints202405.0879.v1

50f12

Here, C represents the output dimension of position encoding, which is a multiple of 6, and
jelo€).

CNN features from the view are extracted into a feature map denoted as F = E(I). Each point
from the point set in the camera coordinate system is then projected onto this feature map, and the
feature channels of the corresponding pixel, 77(F,P,X), serve as the view-associated feature of the
point.

Finally, these image-associated features combined with position encoding features are input to
the NeRF network, obtaining voxel density and color values:

(7,1gb) = N(7(F,P,X), PosE(P)) (4)

3.2. 3D Coarse-to-Fine Sampling

The initial point set, once voxel densities are discerned, can be perceived as a 3D probability
distribution, ¢ = PDF(x,y, z). Inverse Transform Sampling (ITS) can be applied over this distribution.
Given the ease of axis-based indexing of the initial point cloud, the distribution can be formulated as:

i

PDF(x,y,z) = To ®)
where p; = (x,y,z), and:
PDF(x,y) = ) _PDF(x,y,z) (6)
PDF(x) =Y _PDF(x,y) 7)
y

PDF(x,

PDF(y|x) = PDIEJ(ng) 8)
PDF(x,y,

PDF(z|x,y) = PDIEZij) )

Using the ITS process, refined point cloud densities and colors are obtained.

3.3. 2D Neural Radiance Rendering

Points from subsections 3.1 and 3.2 with ¢ > 0 are termed cloud points. Using the target camera
pose P; neural radiance points R = R(P) are sampled, and the cloud points are transformed into the
target camera coordinate system. For each neural radiance point, the k-Nearest Neighbor algorithm
captures a maximum of k points within its radius r. These points are then aggregated through inverse
distance weighting to obtain the voxel density-color pairs. Using the neural rendering formula cited in
[28], all neural points on the neural radiance line are aggregated to retrieve the target pixel color.

3.4. Point Cloud Confidence Based on Rerendering

For direct generation of a 3D point cloud instead of 2D images, the algorithm mentioned in 3.3 is
typically not used. Our methodology facilitates the inclusion of multiple source views to generate a
more precise point cloud, necessitating the introduction and aggregation of confidences.

By leveraging the principle of the algorithm from 3.3 for introducing and aggregating confidence
across multiple views, our work possesses two unique characteristics:

® The precision of the point cloud augments with an increase in the number of input views.
¢ Different input views contribute varying confidences to the same point in the point cloud, and
these contributions are interpretable.


https://doi.org/10.20944/preprints202405.0879.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2024 doi:10.20944/preprints202405.0879.v1

6 of 12

This implies that our point cloud can achieve high precision given sufficient input and
computational resources.

Given the exponential decrease of light intensity when a ray passes through a 3D object’s surface,
this intensity is represented as:

i—1
T; = exp(— ), 0}9)) (10)
j=1
should be lower for parts of the 3D point cloud reconstruction that are obscured from view and
higher for visible portions.
The voxel confidence for the point cloud point at the neural radiance point T; is given by:

j W]
T =Ti—— 11
! "max(W;) (1)
where WZJ denotes the inverse distance weight.
By performing 2D neural radiance rendering on the point cloud using the camera poses from
the source views, voxel confidences for these viewpoints are derived, alongside the neural rendered
images from the source views. The color confidence is calculated as:

|I; — O |
[E—Gll o) 12)

The aggregated point cloud confidence, combining voxel and color confidences, is given by:

S; = max(1 —

w/
: (13)

J_ o
i = S’Tlmax(Wi)

In the case of multi-view aggregation, the confidence for each point is aggregated using the
maximum value.
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4. Experiment
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Figure 3. Experiment results.
4.1. Dataset Description

The primary dataset used in our experiments is a custom-assembled collection of industrial
3D models, which we shall refer to as the "Industrial 3D Twin Dataset". This dataset comprises
approximately 100 distinct 3D models. Unlike conventional datasets available in the public domain,
our collection has been meticulously curated and sourced through various online platforms. A
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significant preprocessing step involved in the preparation of this dataset was denoising, ensuring that
our 3D models maintained a high level of fidelity and were devoid of any artifacts or anomalies often
seen in publicly sourced data.

To facilitate the training process without the direct need for the 3D models, high-resolution images
were captured from various angles of each 3D model. These images are of 512 x 512 resolution, serving
as the primary input modality for our network, thereby simulating a real-world scenario where 3D
models might not be readily available, but images can be easily sourced.

4.2. Experimental Environment and Model Implementation

All experiments were conducted on a workstation equipped with an NVIDIA RTX 3090 GPU.
This high-performance GPU ensured swift training times and efficient resource utilization.

Our network architecture was designed and implemented using PyTorch. PyTorch was chosen
because of its extensive library of pre-built modules and its capability to handle complex neural
network designs. Subsequent sections will discuss a list of the hyperparameters and other pertinent
training details.

4.3. Evaluation Metric: Earth Mover’s Distance (EMD)

The Earth Mover’s Distance (EMD), also known as the Wasserstein distance, is an effective
measure for comparing two probability distributions. In our study, where we aim to evaluate the
similarity between the reconstructed 3D point cloud and the ground truth, EMD provides a nuanced
understanding of the differences in terms of geometry and density.

The primary reason behind selecting EMD as our evaluation metric is its ability to provide a more
holistic view of the discrepancies between distributions, as opposed to simpler metrics that might only
measure point-wise differences. EMD measures the minimum cost to transform one distribution into
the other, which resonates well with the geometric nature of our task.

Mathematically, for two discrete distributions P and Q, the EMD is defined as:

EMD(P,Q) = M (14)
Y. Wi
where w; ; represents the flow between points p; from P and g; from Q, and d(p;, ;) is the Euclidean
distance between these points.

4.4. Baseline Models

4.5. Baseline Models

To ensure a comprehensive evaluation of our proposed methodology, we compare our results with
three widely recognized supervised 3D reconstruction algorithms that serve as our baseline models:

1. 3D-R2N2: A deep residual network that uses convolutional layers to predict the 3D structure of
an object from one or more 2D images. Developed by researchers at Stanford and Adobe, this
model has become a benchmark in 3D reconstructions from 2D images.

2. AtlasNet: Proposed by Facebook Al, this model utilizes a collection of 2D patches, or atlases,
to reconstruct the 3D geometry of objects. It leverages a PointNet encoder, demonstrating high
proficiency in generating detailed 3D shapes.

3. Occupancy Networks: Occupancy Networks represent a novel approach to 3D

The rationale behind selecting these specific models as baselines is their prevalence in the domain
of 3D reconstruction and their known efficacy in various scenarios. By juxtaposing our results with
these established models, we aim to provide a clear benchmark for the capabilities of our proposed
approach.
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4.6. Experimental Results and Analysis

4.6.1. Model Performance Comparison

One of the primary metrics chosen for evaluating the performance of the proposed method against
baseline models is the Earth Mover’s Distance (EMD). This section provides a comparative analysis
based on the EMD metric for all the models.

Table 1. Comparison of EMD scores among various models. Lower EMD values indicate better

performance.
Model EMD Score
Ours 0.0121665
3D-R2N2 0.0482132
AtlasNet 0.0759724

Occupancy Networks ~ 0.0618715

Table 2. Comparison of EMD scores among various models. Lower EMD values indicate better
performance.

Loss Score
Point Cloud (EMD) 0.0121665
RGB 2D (MSE) 0.0986291
Depth 2D (MSE) 0.0117503

The results, as presented in Table 1, indicate that the proposed model outperforms the baseline
models in terms of the EMD score. Notably, the EMD score for the proposed model is lower than that
of the 3D-R2N2, AtlasNet, and Occupancy Networks, suggesting a more accurate 3D reconstruction
from the 2D images.

It is essential to understand that while the EMD score offers valuable insights into the performance
of the models, the specific application context, and other qualitative factors also play a crucial role in
determining the effectiveness of the 3D reconstruction.

4.6.2. Qualitative Analysis

Further to the quantitative results, visual inspections of the reconstructed 3D models also revealed
the superiority of our proposed model. The baseline models, especially in the context of complex
industrial objects, occasionally showed artifacts or lacked some minor details. In contrast, our proposed
model maintained a consistent quality across diverse object categories. A part of the visual results of
our method are presented in Figure 3. The loss scores of the visual results are shown in Table 2

4.6.3. Discussion

The proposed model’s improved performance can be attributed to its unique architecture and the
robustness introduced by training on high-resolution industrial images. The model efficiently learns
intricate details, enabling a more faithful reconstruction. However, it’s also important to consider
computational efficiency and adaptability to real-world scenarios when deploying such models.

5. Conclusion

This study introduced a novel approach to 3D reconstruction using high-resolution industrial
images. Through extensive experimentation, the proposed model demonstrated superior performance
against notable baseline models like 3D-R2N2, AtlasNet, and Occupancy Networks, as measured by
the Earth Mover’s Distance (EMD) metric. The results emphasize the potential of the proposed method
in transforming 2D images into detailed 3D reconstructions, especially in the domain of complex
industrial models.
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5.1. Limitations and Future Work

While our model has shown promising results, it is essential to recognize its limitations:

¢ Computational Efficiency: Although our model exhibits high accuracy, the computational
demand, especially in terms of memory usage, might not be feasible for real-time applications or
systems with limited resources.

¢ Generalizability: The model was primarily trained and tested on industrial datasets. Its
performance on diverse and more generic datasets remains to be explored.

¢ Scalability: Handling larger or more intricate 3D models might require further optimizations, as
the current architecture might not scale linearly with increasing complexity.

* Noise Sensitivity: The model, though trained with denoised data, might be sensitive to noisy
or imperfect input images. Robustness against such imperfections is crucial for real-world
deployments.

5.2. Future Directions

Given the aforementioned limitations, future work can focus on:

1. Enhancing the computational efficiency, potentially through model pruning or adopting more
lightweight architectures.

2. Broadening the dataset scope to ensure the model’s adaptability across various scenarios and
objects.

3. Introducing noise augmentation during training to enhance robustness against imperfect input
images.

4. Investigating multimodal input fusion techniques to leverage diverse data types for more detailed
3D reconstructions.

In conclusion, the journey of transforming 2D images into 3D models, especially in the industrial
domain, is filled with challenges and opportunities. This study has paved one path, shedding
light on potential methodologies and directions. As technology progresses, it is anticipated that
3D reconstruction will play an even more pivotal role in numerous applications, driving researchers
and practitioners to innovate continuously. pt.
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