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CAD-to-XR is the workflow to generate interactive Photorealistic Virtual Prototypes (iPVPs) for Extended Reality
(XR) apps from Computer-Aided Design (CAD) models. This process entails modelling, texturing, and XR pro-
gramming. In the literature, no automatic CAD-to-XR frameworks simultaneously manage CAD simplification
and texturing. There are no examples of their adoption for User-Centered Design (UCD). Moreover, such CAD-to-
XR workflows do not seize the potentialities of generative algorithms to produce synthetic images (textures). The
paper presents a framework for implementing the CAD-to-XR workflow. The solution consists of a module for
texture generation based on Generative Adversarial Networks (GANs). The generated texture is then managed by
another module (based on Shrinkwrap modelling) to develop the iPVP by simplifying the 3D model and UV
mapping the generated texture. The geometric and material data is integrated into a graphic engine, which al-
lows for programming an interactive experience with the iPVP in XR. The CAD-to-XR framework was validated
on two components (rifle stock and forend) of a sporting rifle. The solution can automate the texturing process of
different product versions in shorter times (compared to a manual procedure). After each product revision, it
avoids tedious and manual activities required to generate a new iPVP. The image quality metrics highlight that
images are generated in a “realistic” manner (the perceived quality of generated textures is highly comparable to
real images). The quality of the iPVPs, generated through the proposed framework and visualised by users
through a mixed reality head-mounted display, is equivalent to traditionally designed prototypes.

1. Introduction The paper presents a framework to help companies implement User-
Centred Design (UCD). In this iterative design process, designers
consider users and related needs during the design process. Thus,

gathering information about users and their interactions with products

In the contemporary landscape of Industry 4.0 (14.0), it is becoming
imperative for enterprises to focus on incorporating the human factor

into the product design process. Accordingly, this shift towards priori-
tising human-centric approaches marks a significant transition from the
Industry 4.0 to the Industry 5.0 paradigm [1]. This emphasis is crucial
for addressing the user’s physical, social, and cultural requirements,
enhancing the final product’s perceived value [2]. Several aspects must
be considered when developing a novel product, including functionality
and operability. The preliminary examination of these factors, con-
ducted during the realisation of prototypes, can be facilitated through
novel digital manufacturing tools and virtual technologies (e.g., virtual,
augmented and mixed reality). These tools enable the objectification of
customer requirements and their translation into technical
specifications.
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is mandatory. Information can be collected through secure, comfortable,
efficient, and highly esteemed physical or virtual prototypes that must
be quickly generated. The interactive Photorealistic Virtual Prototype
(iPVP) derived from the proposed methodology overcomes the draw-
backs and limitations of traditional physical prototypes. The iPVP is
developed from a product’s Computer-Aided Design (CAD) model,
adding aesthetic (created through generative Artificial Intelligence — Al
— models) and functional parameters that can be modified and custom-
ised. Then, Extended Reality (XR) technologies allow users to interact
with virtual objects and react with the real world [3]. XR will enable
users to identify and define their preferred aesthetics for a new product
and then make it available to the designer to translate them into design
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specifications.

From the industry standpoint, the main challenges concern the high
number of iPVPs to generate and made available for XR quickly. First,
generating different material textures makes it possible to create many
products and anticipate users’ preferences. However, a system for
texture generation is requested. In the context of Al, generative models
can quickly make massive amounts of material textures according to the
users’ requirements. Second, iPVPs must be re-generated from the
original CAD model of a product soon after a new texture is created.
Nowadays, this is a manual, repetitive and labour-intensive process
carried out through 3D modelling and rendering software tools.
Generating an iPVP takes minutes to hours (depending on the
complexity of the product). This procedure needs to be speeded up as
much as possible by developing an automatic CAD-to-XR workflow to
guarantee an affordable product development process.

From the scientific point of view, this is the first research in the
literature that provides a method to create material textures for different
wood classes. Moreover, based on shrinkwrap modelling, the study de-
fines a CAD-to-XR workflow to texturing different 3D models automat-
ically. The generated iPVPs should be a tradeoff between lightness for a
real-time XR rendering and quality for good user interaction.

The paper aims to furnish a framework for implementing an auto-
matic CAD-to-XR process. It transforms virtual models generated by 3D
CAD systems into low-poly iPVPs suitable for real-time XR applications.
First, material textures are generated and updated by a hyper-realistic
texture model based on an evolution of Generative Adversarial Net-
works (GANs). This model can generate novel customised texture images
integrated into the parametric virtual model. In this way, many prefer-
ences can be gathered from users before realising physical prototypes.
Second, the texture is mapped on a low-poly simplified modelling cage
generated around the 3D CAD model. This cage is then projected onto
the high-poly CAD-imported model using a combination of Shrinkwrap,
Boolean, and Subdivision Surface modifiers, resulting in a low-poly
version of the identical external geometry. Through a texture baking
process, high-frequency details such as engravings can be added by
generating a normal map in which these details are imprinted. Blender
(by Blender Foundation, Netherlands), the software tool used in this
project, allows for swift, automatic updates to the virtual model in case
of local changes to the component by creating a UV-mapped cage which
encompasses it. The proposed method can adapt generated textures to
variable geometries that are not known a priori in a flexible and fast
manner.

After this introduction, the paper reviews the literature (section 2) on
generative models for generating material textures and virtual proto-
typing for XR. Section 3 presents the proposed CAD-to-XR framework
and its elements (polygon modelling, texture generation and integration
with a graphic engine). The framework was used for two components of
a sporting rifle (section 4) to present the texture generation, virtual
modelling, and related results.

2. State of the art

This section explores the advancements in generative Al models,
mainly focusing on their application in creating bitmap textures for
physically based rendering (PBR) materials. This review analyses
various generative approaches and their conditional variants, high-
lighting their capabilities and limitations in image synthesis and texture
generation. Additionally, the section examines the evolving field of
virtual prototyping, discusses innovative methods for CAD model con-
version and texturing processes, and showcases how these technologies
are integrated into modern manufacturing and design workflows. This
comprehensive overview sets the stage for presenting the novel contri-
butions of this study in the context of existing research and technological
developments.
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2.1. Generative Al models for creating material textures

Applying Deep Learning (DL) based generative models has shown
promise in creating material textures that meet customer requirements.
Generative Adversarial Networks (GANs) [4] are widely utilised and
researched for their capabilities in image synthesis. The traditional GAN
framework has two adversarial networks: a generator and a discrimi-
nator. The generator creates data from noise, and the discriminator
distinguishes between generated and real data. They engage in a mini-
max game where the generator aims to fool the discriminator into
thinking its data is real. In contrast, the discriminator tries to identify
real and fake data correctly. Upon successful training, the generator can
synthesise images from a noise vector as a starting point. The Condi-
tional GAN (CGAN) [5] extends this concept by adding additional in-
formation, such as class labels or other auxiliary data, to the generator
and discriminator. This added information makes the data generation
process conditional and more directed.

Despite this advancement, GAN and CGAN suffer from issues like
mode collapse and unstable training, partially due to their reliance on
the Jensen-Shannon divergence, which limits them to generating
continuous data. The introduction of the Wasserstein GAN (WGAN) [6]
and its improved variant, WGAN with Gradient Penalty (WGAN-GP) [7],
marks a significant advancement. WGAN uses the Earth-Mover distance
instead of the Jensen-Shannon divergence. This distance metric is
defined as the minimum cost of transforming one distribution into
another and is more effective for comparing distributions. It addresses
the problems of vanishing gradients and mode collapse in GANs. WGAN-
GP further improves upon WGAN by addressing the issue of weight
clipping. It introduces a gradient penalty term in the loss function, which
helps stabilise the training across various GAN architectures.

As documented in the literature, GANs have several applications,
including generating material textures. One notable example is Textur-
eGAN [8], a pioneering DL method for image synthesis that enables
users to manipulate object textures within a fashion context. Users can
apply chosen textures to sketched objects, with the network realistically
implementing these textures and implicitly recognising object bound-
aries for practical texture synthesis.

In the manufacturing domain, a research study is related to classi-
fying road pavement textures [9]. This example involves generating new
samples using a WGAN-GP network architecture and assessing image
accuracy through various ML network architectures. The WGAN-GP
network is notable for producing high-quality images. However, it is
limited by the relatively small size of its samples (80x80 pixels). Simi-
larly, Lopes et al. [10] explored the creation of synthetic microscopic
cross-sections of hardwood species. Their algorithm, named StyleGAN,
can generate high-resolution microscope images of cross-sections that
are remarkably realistic and indistinguishable from actual images.
Unique to StyleGAN is its progressive resolution enhancement, which is
achieved by adding layers to the network, allowing it to handle high-
dimensional space images (512x512 pixels).

2.2. Virtual prototyping for XR development

XR refers to immersive technologies that merge the physical and
virtual worlds. By defining the concept of the virtuality continuum,
Milgram and Kishino [11] established the full spectrum of technologies
between the real world and the virtual environment. Virtual Reality
(VR) is an environment in which the participant is immersed.
Augmented Reality (AR) means augmenting the real environment with
virtual (computer graphic) objects. Mixed Reality (MR) covers the “grey
area” in the centre of the virtuality continuum.

In XR, the virtual prototypes used for product visualisation in
manufacturing are typically polygon-based, textured models derived
from CAD models. However, each alteration to the 3D model necessi-
tates a complex and manual process of remodelling and retexturing,
which is time-consuming. This traditional method becomes impractical
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for customised products that require frequent modifications. As user
inputs lead to changes in the CAD model, they also necessitate adjust-
ments to the iPVP. Consequently, this approach demands manual
reworking through all stages of virtual prototyping, making it inefficient
and labour-intensive, especially in scenarios where frequent updates are
needed. The three critical stages of virtual prototyping for XR apps are
modelling, texturing, and XR development [12]. Using 3D CAD model-
ling software, the virtual prototype’s 3D model is first created. Trans-
forming a CAD model into an XR-ready format is a nuanced process that
begins with converting the detailed CAD geometry into a more
manageable polygonal mesh. This step is essential for adapting the
model to the real-time rendering requirements of XR environments.
Once converted, the model is textured and UV mapped, adding realistic
surface details essential for immersive visualisation.

The textured model is then imported into a 3D rendering software or
a game engine, such as Unity or Unreal Engine. It undergoes further
enhancements with material properties and lighting adjustments to
achieve a realistic appearance. This stage is critical for rendering the
model visually appealing and accurate.

Finally, the model is integrated into an XR environment, becoming
part of a more extensive interactive system, combining elements like
user interfaces and spatial tracking. This integration also involves
optimisation to balance the model’s visual quality with the performance,
ensuring smooth operation in XR applications. This entire process is
critical to transforming static, high-detail CAD designs into dynamic,
interactive models for the immersive world of extended reality.

Typically, to utilise a CAD model in an XR system, the original model
is converted into a mesh and transferred to a rendering graphics system
[13]. However, a simple CAD-to-mesh conversion often proves ineffi-
cient for XR systems due to the generation of excessive triangles [14].
Meshes created through tessellation result in higher triangle density,
which significantly burdens performance, particularly in real-time
graphic applications within XR systems. Tang and Gu [13] proposed a
novel technique for CAD model translation and simplification for a
Virtual Reality system in response to these considerations. Harlan et al.
[14] recently created an XR-CAD platform to connect a game engine and
CAD software effectively. Massive aircraft CAD models can be rendered
using a GPU-based compression technique, according to Dunming et al.
[15]. Model complexity reduction, animation, and kinematic adoption
were used by Lorenz et al. to create an automated CAD-to-XR conversion
method [16]. Despite the advantages, the methods mentioned above
cannot handle textured models. Thus, they cannot be used in the context
of UCD, where textures are an essential element of the product’s
aesthetics.

Prada et al. [17] tried to overcome this limitation by providing an
intriguing method for transforming CAD models (taking textures into
account) for real-time rendering. The authors overcame the issue of UV
mapping intricate polygonal models exported in Standard Triangulation
Language (STL) format by using the DATASMITH plugin of Unreal En-
gine. Unfortunately, the cited paper does not describe how to use the
method to manage CAD model revisions quickly.

In virtual prototyping, CAD simplification and defeaturing can be
realised through Shrinkwrap-based modelling. This feature creates a
closed and simplified envelope around a more complex virtual model.
The memory usage of the obtained model can be reduced by up to 90 %
[18]. Several CAD systems offer this feature (e.g., Creo Parametric by
PTC, HyperMesh by Altair Engineering and Blender by Blender Founda-
tion). For example, the Shrinkwrap modifier in Blender [19] has been
pivotal in diverse applications, demonstrating its versatility across
different fields. It played a critical role in [20], which was employed for
morphing between different geometric shapes, refining a model’s scale
based on a more intricate one.

Similarly, in [21], the Shrinkwrap modifier was adeptly used to
project multiscaffold geometries onto a 3D-scanned print plane, dis-
torting the geometry to conform to the print surface. Moreover, [22]
utilised the Shrinkwrap modifier to project a flat array of elements onto
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a dome surface, ensuring the elements accurately adhered to the dome’s
curvature. The technique was also integral in [23], where it was applied
to NURBS path functions, allowing catheter tunnels to follow the con-
tours of a surface applicator closely. In this study, the Shrinkwrap
modifier has been innovatively used to rapidly achieve a simplified,
textured geometry from a CAD model, underscoring a novel application
of this tool that enhances the efficiency and effectiveness of virtual
prototyping.

In the state of the art of computer graphics, normal maps have
emerged as an essential tool for rendering intricate surface details
without the computational burden of high-polygon models. They have
been pivotal in simulating the microscopic structure of surfaces,
providing a way to add depth and complexity to textures. [24] and [25]
showcase the application of normal maps to render the fine structural
details of surfaces, which would otherwise require significantly more
geometric detail. This method enhances the visual richness of the ma-
terial while keeping the geometry lightweight and manageable. Mean-
while, [26] outlines a process that leverages detail normal maps
generated through texture baking techniques. To the author’s knowl-
edge, no previous studies combine Shrinkwrap-based modelling and
texture baking of detail normal maps.

2.3. Novelty of the study

The main novelty of this paper lies in two key areas. First, it in-
troduces new methods for texture generation and automatic texturing of
3D models. Second, it integrates these results into a framework that
supports the generation of iPVPs suitable for XR applications.

Concerning texture generation, to the best of our knowledge, this is
the first study in the literature that presents an approach for generating
synthetic images (textures) related to different (four) aesthetic quality
classes of wood used to manufacture sporting rifle parts, which is the
specific case study selected in this work. Using a GAN model in the
random generation of material textures offers several significant
manufacturing and computer graphics benefits. Firstly, GANs enable the
generation of unique texture samples that extend beyond the limitations
of the initially acquired dataset. This capacity for extrapolation allows
for creating novel, previously unseen textures, enhancing the diversity
and richness of available material representations. Secondly, GANs can
be tailored to generate texture samples that align with specific user
preferences or requirements, facilitating a more personalised and tar-
geted approach to texture generation. This aspect is particularly bene-
ficial in virtual reality and digital design applications, where user-
specific customisation is paramount. Lastly, applying GANs in material
texture generation contributes to data augmentation, effectively
increasing the volume and variety of samples within a dataset. This
augmentation is crucial for training more robust and effective DL
models, as it helps mitigate overfitting issues and enhances the models’
generalizability to a broader range of textures and scenarios.

The Shrinkwrap-based method is unique in the literature for auto-
matically texturing different 3D CAD models for XR. It allows the
automatic UV mapping of a texture on different variants of an original
3D model by avoiding tedious and manual activities every time. The
approach, furthermore, includes CAD simplification (conversion from
high to low poly), which is required when XR systems manage the iPVPs.

Integrating the above-mentioned specific methods results in a
comprehensive CAD-to-XR framework, bringing substantial benefits to
Engineering Informatics:

i. Combining distinct modules into a complementary system reduces
the time and effort required for transitioning from design to inter-
active virtual prototypes, enhancing the efficiency and efficacy of
product development cycles.

ii. Incorporating generative Al for material texture generation enriches
the visual realism and customisation capabilities within XR envi-
ronments, providing a more immersive and tailored user experience.
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These advancements support more rapid prototyping and iterative
design, aligning with the goals of Industry 5.0 by fostering innovation
and responsiveness in engineering and manufacturing domains.
Employing the proposed framework makes product development pro-
cesses for new and customised products faster and more effective. The
preliminary research of the product’s functionalities, design, and oper-
ability is conducted using these digital and virtual tools to understand
the user’s subjective needs in advance and transform them into technical
specifications. Users can customise and interact with the product during
the design process before the physical prototype is realised.

3. Material and methods
3.1. Overview

The framework developed in the study aims to rapidly obtain pho-
torealistic models encompassing geometric and material attributes by
integrating distinct techniques. The process combines two independent
workflows: one for geometry modelling and another for material char-
acterisation, exploiting a generative Al model trained on a dataset of real
images (Fig. 1). The geometry of the model is reproduced by projecting
an external UV-mapped cage, denoted as Shrinkwrap Cage [19], onto the
imported model. This solution facilitates the transference of external
geometric attributes to a UV-mapped polygonal object to which a PBR
material, developed in the graphics engine utilising albedo textures
generated via GAN, can be applied. An albedo texture is an image
texture without any shadows or highlights. The material characterisa-
tion of the object requires training the GAN model and subsequent

CAD environment

CAD mode| of
the component
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testing with validation metrics. Then, the GAN can generate unlimited
images of albedo textures used in the graphics engine to configure ma-
terials for various components. To better exemplify the framework to
simplify comprehension, the figures in the chapter will be related to the
specific case study (i.e., the wooden stock of the rifle, described in §4.1).

3.2. Polygon modelling workflow

The fast geometry modelling method was developed in Blender by
leveraging modifiers [27], which are computational operations that
dynamically alter an object’s geometry or other attributes. Modifiers
allow for non-destructive changes, providing a more flexible and effi-
cient workflow in the 3D design process. To implement this method, it is
necessary to obtain the Shrinkwrap Cage for the specific component that
requires to be modelled, as well as other 3D cutting tools, which will be
discussed further in the subsequent chapter. The seams for UV mapping
must be marked on the cage to unwrap the mesh onto the UV texture
plane, allowing bitmap textures to be mapped onto its surface. The
manual modeling of the cage and the cutting tools, and the UV mapping
of the elements are performed only once for each component. After this
initial step, they can be integrated into an automatic cycle to obtain a 3D
low-poly textured model from CAD geometry quickly. Special attention
must be given to how modifiers affect the Shrinkwrap Cage during the
modelling phase to ensure their correct behaviour on the mesh.

The principal actor in this method is the Shrinkwrap modifier, which
allows a polygonal geometry to deform so that it adheres to the external
surface of a specified 3D object (Fig. 2). When applied to the Shrinkwrap
Cage, the mesh can deform and conform to the external geometry of the
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Manually ! Cage
modelled y _{' | -
objects for the i k.
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Fig. 1. CAD-to-XR Data Flow Diagram in Yourdon and Coad DFD notation. Solid lines represent a continuous update cycle flow, while dashed-lined flows and

elements are one-time setup operations.
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C

Fig. 2. Effect of the Shrinkwrap modifier acting on the UV-mapped cage, with the high-poly model selected as the target object. (a) shows the geometry and relative
position of high poly, displayed as a solid white object, and the textured cage which encloses it, displayed in wireframe view. (b) shows the same scene, but the cage is
displayed with a shaded rendering, illustrating the cage’s texture. (c) shows how the external cage deforms, thanks to the Shrinkwrap modifier, obtaining the UV-

mapped low-poly geometry.
high-poly model imported from CAD software.

3.2.1. Integration with auxiliary modifiers

Fig. 2 shows that the Shrinkwrap modifier is adequate for capturing
the global, low-frequency geometric attributes of the imported 3D
model. However, it fails in shapes such as sharp edges, holes, or grooves,
as shown in Fig. 3 (b). To remedy this, a combination of other modifiers
is necessary. Specifically:

e Subdivision surface modifier: this improves the mesh resolution,
ensuring that the Shrinkwrap process is more precise.

e Boolean modifier: this helps capture intermediate-level features by
removing specific geometric shapes from the model.

e Solidify modifier: this modifier is needed when the wrapped mesh
does not constitute a closed volume but has openings, as in the case
of Fig. 2. In this instance, it ensures that the exported polygonal
object has a thickness.

The Boolean modifier is used by cutting the Shrinkwrap Cage with
3D objects that locally refine the texture, enabling it to wrap around the
mid-frequency features properly. As is done for the Shrinkwrap Cage,
these cutting tools need to be created through manual modelling, paying
attention to the impact of their subtracted geometry on the behaviour of
the Shrinkwrap modifier acting on the cage. These cutting tools need to
replicate the negative form of the feature that needs to be wrapped by
the cage to increase the local resolution of the mesh so that it can wrap
around the feature, avoiding geometry defects. This modifier ensures
that the Shrinkwrap modifier can more accurately conform to complex,
high-poly structures, even in areas with medium-frequency details, as
shown in Fig. 3 (c).

The output of this process is a lightweight low-poly model devoid of
the high-frequency details of the original 3D model. This low-poly model
will be used with a normal map exported as a 16-bit raster image. This
normal map must be applied to the material to simulate the high-
frequency details on the model’s external surface. The normal map is
generated through a process known as texture baking.

3.2.2. Texture baking process for detail normal map

Texture baking is a process in 3D graphics that involves pre-
computing and transferring various surface details—such as lighting,
shadows, and color information—from a high-fidelity model or scene
onto a texture map. This technique significantly enhances rendering
efficiency in real-time applications by reducing the need for dynamic
calculations during runtime. In [28], various aspects related to texture
baking are thoroughly explored, highlighting how Blender employs the
raycasting technique for this task. In Blender’s baking approach, ray-
casting involves casting rays from the surface faces of a low-resolution
model along their normal direction, intersecting and capturing attri-
butes from a high-resolution model. One of the most common uses of this
baking process is the reproduction of bump maps, also known as normal
maps, where the texture details, such as bumps and grooves, are simu-
lated on a lower-resolution model to give the illusion of a more complex
surface without the computational load of a high-poly model. In
Blender, the texture baking of the normal map involves three key
elements:

e High-poly model: this is the source for the fine surface details captured
in the normal map.

e Low-poly model: this is the base model for generating the normal map.

e Baking cage: this sets the volume boundaries for the baking operation
(optional).

The baking cage is unnecessary, but its adoption results in compu-
tational and qualitative outcome optimisation. This tool must be created
by duplicating the low-poly model and then upscaling it along the face
normal direction. By shifting all the faces in the direction of their outer
normal directions, a uniform gap between all the faces between the
original and up-scaled mesh is obtained. This results in a larger cage
encompassing both the high and low-poly models. The baking process
uses the UV mapping of the low-poly model (as seen in Fig. 4) to produce
a detail normal map that, when correctly combined with the object’s
material, allows for visualising the desired fine surface details.

After generating the geometry and the corresponding normal map,

Fig. 3. Elements relative to the employment of the Boolean modifier. Figure (a) shows the 3D-modelled cutting tool used for the sling hole on the rifle stock. Without
this cutter, the Shrinkwap modifier produces artefacts (b). Figure (c) shows the Shrinkwrap modifier action corrected thanks to the cutting tool showed in (a).
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Fig. 4. UV mapping of the rifle stock low-poly exported model (a) and its relative detail normal map (b) obtained by the baking process.

these two data must be exported from the modelling software to be in-
tegrated into the graphics engine, with the textures related to the ma-
terial for which the GAN image generation system is exploited.

3.3. Gan-based texture creation process

3.3.1. Conditional Wasserstein GAN model

The employed generative model is a Conditional Wasserstein GAN
with Gradient Penalty (CWGAN-GP) [29]. This generative model is a
variant of traditional GAN architecture that addresses stability and
convergence issues in the conventional GAN training process. In our

Table 1

context, the CWGAN-GP is suitable because it combines the conditional
aspect of CGANs with the stable training features of WGAN-GP, as
described in §2.1. It conditions the generator and discriminator on
auxiliary information, i.e. class labels. This integration enables the
CWGAN-GP to generate high-quality data closely aligned with the
specified conditions, allowing it to create specific required textures. The
objective function of CWGAN-GP is a minimax equation that in-
corporates both the conditional information and the gradient penalty.
The discriminator and generator’s loss functions are structured to
minimise their respective objectives while considering the conditional
information and the gradient norm. In our case, the condition is related

Dataset description. Aggregated classes were used for the generative task. It is worth noting the class imbalance, which represents an additional challenge in the

CWGAN-GP training process.

Quality Classes # Images Aggregated Classes # Images Examples
1 165 1 165

2 148 2 537

2 212

2+ 177

3 179 3 829

3 306

3+ 344

4 208 4 589

4 275

4+ 106
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to the quality class of the wood the user wants to implement, as illus-
trated below.

3.3.2. Dataset

The CWGAN-GP network was trained using a dataset comprising
2120 images, each measuring 470x270 pixels. These images were
captured through a specially designed quality control bench with mul-
tiple cameras, a lighting system, and a handling/hooking system [30].
The description and preprocessing of the dataset are reported in [31].
This setup facilitated the quick collection of images focusing primarily
on the wooden parts of rifles. The dataset used and the related use case
have been widely explored in the literature [31-33]. It presents ten
different wood aesthetic quality classes, ranging from class 1 to class 4.
For simplicity in training the generative model and considering the small
number of images available for each class, in this case, only four classes
were considered, aggregating the minority classes, as shown in Table 1.
Nevertheless, this rationale met the company’s demands, primarily
because the choice had no significant economic or productive impact,
given the substantial similarity between the aggregated classes.

3.3.3. Experimental procedure

The training involved experimenting with various hyperparameters,
including batch sizes, dimensions of the latent space, and the number of
training epochs, along with betal values, beta2 values, and learning
rates. The optimisation algorithms tested were Adam, SGD, and
RMSprop. They were selected after determining the most effective
hyperparameter configuration while monitoring the Fréchet Inception
Distance (FID) and Inception Score (IS) metrics (detailed in §4.3). It was
noted that excessively increasing the latent space size beyond 100 did
not significantly improve these metrics, suggesting that further size in-
creases did not enhance image quality. Ultimately, training was con-
ducted with a validated batch size of 64 images. This decision was made
because while testing larger batch sizes (i.e. 128 samples), we observed
marginal improvements in FID (1.03 on average) and IS (0.07 on
average). Still, a significant increase in training time offsets these due to
the higher computational load (42 % longer training time). The best
hyperparameter settings used for the training and the explored ranges
are reported in Table 2.

3.3.4. Post-processing stage

Following the generation of the wood colour texture, it must be
correctly mapped onto the low-poly geometry derived via the Shrink-
wrap technique. To ensure the virtual model exhibits a high fidelity to
realism, the resolution of the textures must be judiciously fine-tuned
following the physical dimensions of the model. This calibration is
critical to prevent the appearance of pixelation or granularity when the
texture is rendered on the model. The chosen texture resolution should
correspond to the desired scale and level of detail on the model surface.
For close-up visualisations or models with elaborate details, high-
resolution textures are recommended. A pragmatic strategy involves
selecting a texture resolution commensurate with the simulated mate-
rial’s intrinsic granularity, in this instance, the wood grain. This ensures
that the texture faithfully reproduces the authentic visual effect, accu-
rately reflecting the inherent material characteristics of various wood
types. Notably, the pixel density must be carefully considered to opti-
mise the 3D model visualisation with an XR Head-Mounted Display
(HMD), such as the Varjo XR-3, which boasts a maximum resolution of
70 pixels per degree (PPD). At the minimum distance where the XR-3
headset preserves maximum focus, specifically at 30 cm, this density

Table 2
Hyperparameters for training CWGAN-GP generative model.
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corresponds to 339.3 pixels per inch (PPI).

During the inference phase, the images generated by the trained
CWGAN-GP model maintain the same size as the training images
(470x270). However, this resolution is insufficient for seamless inte-
gration of the generated textures into virtual models, as the aesthetic
quality would be compromised—corresponding to 72.9 PPI, equivalent
to 15.0 PPD at a distance of 30 cm. Consequently, a Super-Resolution
(SR) GAN model, specifically the Enhanced Super-Resolution Genera-
tive Adversarial Networks (ESRGAN) architecture [34], was employed
in a post-processing stage to enhance the resolution of the generated
images (i.e., 1880x1080) [35]. With SR, a resolution of 291.6 PPI is
achieved, corresponding to just over 60 PPD, thus meeting the minimum
requirement for achieving photorealistic resolution in VR, as per [36].

Given that the texture produced by the CWGAN-GP represents a
finite region relative to the model’s total surface area, a tiling process
becomes essential even after applying the SR algorithm to maintain the
correct scale of the wood surface pattern. This process involves the
spatial repetition of a texture section across the entire model’s surface.
Achieving seamless tiling involves symmetrically mirroring a segment of
the image to construct a motif that can be replicated without discernible
discontinuities. This technique ensures the lifelike portrayal of the
texture over extensive areas, preserving the material’s uniformity and
integrity. Incorporating variations such as stochastic offsets, rotation, or
scaling of the tiled segments can further enhance surface heterogeneity
and authenticity. This described procedure is fully automated within the
framework.

3.4. Graphics engine integration

After generating the geometry and corresponding texture for the
material, all files can be imported into the graphics engine used for XR
development. Depending on the XR visualisation software, the integra-
tion process advances with material management and model positioning
within the larger product assembly.

This step initiates importing the low-poly model into a graphic en-
gine like Unity or Unreal Engine. The software automatically creates a
new material that incorporates the previously generated maps. Applying
the normal maps to the low-poly model enables the simulation of
complex surface details without needing a high-density polygonal ge-
ometry, thus maintaining the model’s efficiency. Concurrently, using
the colour map ensures that the textures and colours of the component
are displayed faithfully, in combination with other default textures such
as normal and roughness textures. This integration in the material
accurately represents the surface characteristics, contributing to a
realistic and cohesive visual representation of the model.

At this stage, the iPVP is ready for use in the XR environment.
Assuming the use of the developed framework to recreate the individual
components of a product that make up the assembly, by repeating this
framework procedure for each product element, it is possible to
assemble the entire set, managing the configuration of each component
independently. This procedure enables the creation of an XR product
configurator, where the materials of individual components can be
modified. In doing so, the user can view the product in various variants,
experimenting with different combinations and configurations in an
interactive and immersive manner.

Hyps Optimizer Batch size Latent space Epochs Betal Beta2 Learning rate
Range  Adam, SGD, RMSprop {32, 64, 128} {50, 80, 100, 200, 500} {200, 500, 1000, 2000, 2500, 3500, 4000} {0.4, 0.5} {0.9, 0.999} {10, 10%, 10}
Best Adam 64 100 3500 0.5 0.9 107*
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4, Validation, results and discussions
4.1. Case study

The iPVP generation framework was employed in a case study in
collaboration with Benelli Armi Spa, a manufacturer of firearms for
hunting and sporting use interested in exploring the new frontiers of
Industry 4.0 technologies. The company established a tracking area
dedicated to immersive XR to visualise their products, aimed at rapid
prototyping and collaborative design. An MR application has been
implemented through the Unreal Engine environment (by Epic Games,
North Carolina — US). The app permits the user to hold a mono-material
blank 3D-printed prototype and view through the Varjo XR-3 (by Varjo,
Finland) HMD, a photorealistic virtual prototype projected over the
physical one. The headset gives the possibility to experience the app
from aesthetic and haptic standpoints. One of their products, the Lupo
rifle [37], was the subject of the study, specifically focusing on the stock
and forend components, which are often made of wood or highly cus-
tomised materials (e.g., camouflage).

The case study involved simulating the entire CAD-to-XR workflow
for both components, assessing the quality of the final virtual prototypes
and comparing the satisfaction index between GAN-generated textures
and the original ones used for training the GAN. A total of 30 individuals
tested the XR experience.

The case study validated the CAD-to-XR methodology from a quali-
tative standpoint. An indicator was established to evaluate the perceived
quality of iPVP in the XR experience, considering the geometry and
material.

4.2. Geometric modelling workflow

A prior study [34] validated the approach for rapid geometry
acquisition using Shrinkwrap-based modelling. This method, imple-
mented in a case study, involved simulating a geometric update of a
component, with slight alterations in external features in terms of shape
and size. The study illustrated that once the modelling cage for the
element was established, the methodology facilitated the quick creation
of updated virtual prototype versions, each fully textured using the
Shrinkwrap technique, reducing the time for obtaining the textured
model with updated geometry by more than half (around —50 %
compared to an entirely manual process).

The method for obtaining the updated geometry has proven effective
for the components selected in this study. The automatic Shrinkwrap-
based modelling method has made it possible to rapidly obtain models
of stock and forend with some qualitative imperfections. The quality of
the process is significantly affected by some critical issues:
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e Quality of the Shrinkwrap effect at the site of elements subjected to
Boolean operations.

e The presence of thin and deep features (e.g., finely engraved char-
acters), which are not adequately captured in the normal process.

However, as explained in §4.4, these defects were not noticed by the
users, who rated the geometric quality of the models as adequate.

Fig. 5 shows microscopic defects occasionally arising from using the
combined Shrinkwrap and Boolean modifiers. Fig. 6 also illustrates the
suboptimal aesthetic quality of fine engravings on the forend compo-
nent. In both instances, these details, which can be pretty prominent
when viewing the model on screen and zooming into the specific area in
the 3D modelling software, become less noticeable in XR due to the
viewer’s inability to focus closely.

4.3. Generative texture creation

Diverse qualitative and quantitative metrics have been implemented
to test the CWGAN-GP architecture’s generative effectiveness and obtain
a reference value for comparison. The latter is useful for benchmarking
and providing a basis for comparing future improvements or even new
architectures. Specifically, the approach involved comparing two
different random sets of real images to obtain a reference value for
comparison with the results of generated images. Subsequently, the
experiment was repeated by comparing a set of generated images with a
set of real images. This approach allows the authors to assess how much
the generated images deviate from real ones regarding quality and di-
versity. For each set of generated images, the following metrics were
tested:

o Image quality metrics

a. Fréchet Inception Distance (FID): this is a performance metric for
evaluating the similarity (in terms of quality) between two sets of
images. The literature has demonstrated that FID correlates well with
human image quality evaluation and can detect model collapse
within the class [38]. A lower FID value corresponds to higher
quality.

b. Inception Score (IS): this is a previous version of the FID metric,
which, differently, evaluates only the distribution of generated im-
ages. A higher IS value corresponds to higher quality.

e Image diversity metrics

a. Structural Similarity (SSIM): this index provides a similarity measure
by comparing two images based on luminance, contrast, and struc-
tural similarity features. A lower value indicates higher diversity
among the generated images.

b. Learned Perceptual Image Patch Similarity (LPIPS): essentially, it
calculates the similarity between activations of two image patches

Fig. 5. Microscopic shading defects in Boolean and Shrinkwrap modifier combination effect.
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Fig. 6. Aesthetic rendering of an engraved inscription reproduced through the detail normal map.

for some predefined networks. A low LPIPS score indicates that
image patches are perceptually similar.

The results in Table 3 demonstrate that the metrics are very similar,
highlighting that the images are generated in a “realistic” manner. Re-
sults in the LPIPS metric underline that the perceived quality is highly
comparable to that of real images. In addition, when observing the
column of the SSIM metric, obtaining such small values ensures the di-
versity of the generated images concerning the original ones. However,
since SSIM is based on pixel differences, this can also be due to the
potentially lower quality of the generated images. This observation is
confirmed by the FID and IS metrics results, where the images demon-
strate a slightly lower quality than real ones. Also, looking at the visual
goodness of the generated images (Fig. 7), it is pretty noticeable that
pixels are more discontinuous. As mentioned earlier, this naturally leads
to greater diversity in metrics.

Continuing with the qualitative analysis of the generated images, it
has been observed that the best performance comes from high-quality
classes, as images exhibit more details (i.e., a richer and more varied
pattern of wood grain), resulting in a better pixelated and less noisy
generation. Indeed, GANs commonly perform better with this kind of
image. This result is because detailed images provide more information
for the model to learn from, which helps generate more realistic and
diverse outputs. On the other hand, when dealing with less detailed
data, GANs might struggle to learn sufficient variability, leading to
outputs that are too similar. This similarity can reduce the generalisation
efficiency of the model, as it becomes less effective in handling a wide
range of different inputs. Essentially, the richness and variety in the
training data play a critical role in these architecture’s effectiveness and
generalisation capabilities in image generation.

4.3.1. Ablation study

We conducted an ablation study comparing the performance of the
CWGAN-GP model with several other GAN variants, including the

Table 3

traditional GAN, Conditional GAN (CGAN), and Wasserstein GAN
(WGAN). The results from this ablation study demonstrated that the
CWGAN-GP model outperformed the other models in generating high-
quality textures with superior realism and diversity (see Table 4).
Specifically:

e Traditional GAN: the traditional GAN model showed instability
during training, resulting in higher FID and lower IS values, indi-
cating lower image quality. The SSIM values were also higher,
reflecting less diversity among the generated images.

Conditional GAN (CGAN): CGAN improved over the traditional
GAN by incorporating conditional information, but it under-
performed compared to CWGAN-GP. The FID and IS metrics were
better than those of the conventional GAN. Yet, they fell short of the
performance achieved by CWGAN-GP, especially in handling com-
plex texture patterns.

Wasserstein GAN (WGAN): although WGAN was more stable than
the traditional GAN, it still did not match the texture quality of
CWGAN-GP. The FID values were closer to those of CWGAN-GP. Still,
the IS and SSIM metrics indicated that WGAN struggled to capture
intricate details, resulting in less convincing textures.

4.4. CAD-to-XR workflow

The framework for implementing the CAD-to-XR workflow has been
validated through an MR application and the involvement of testers. The
validation aims to verify, through an HMD, the quality of the iPVPs
generated via the Shrinkwrap method using textures generated via GAN
algorithms (Fig. 8).

The MR application enables users to choose the texture material for
two parts of the virtual prototype (forend and stock). The choice made
by the tester involves loading a virtual model ready for the viewer. For
each configurable part, the tester can choose between two materials
(woods belonging to the same category), one real and one generated via

Quantitative results regarding the quality of images created by the CWGAN-GP model for all wood classes in terms of FID, IS, SSIM, and LPIPS by comparing two sets of

original images (ref) and sets of original and generated images.

Class FID (ref) | FID | IS (ref) 1 IS 1 SSIM (ref) | SSIM | LPIPS (ref) 1 LPIPS 1
1 121.647 139.467 2.177 1.689 0.228 0.143 0.539 0.535
2 109.327 125.737 2.112 1.795 0.212 0.121 0.552 0.601
3 100.923 132.654 2.304 1.759 0.220 0.118 0.680 0.692
4 109.540 115.856 1.932 1.796 0.188 0.122 0.654 0.692
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Class 1 real images

Class 4 real images
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Class 1 generated images

Class 4 generated images

Fig. 7. Textures generated for two wood quality classes (1 and 4, the lowest and the highest), with a reference of real images for visual comparison. a) Examples of
real dataset images (left) and generated images (right) for class 1; b) examples of real dataset images (left) and generated images (right) for class 4.

Table 4

Ablation study results (averaged on all classes). CWGAN-GP achieves the best
overall performance, with the lowest FID and SSIM values and the highest IS and
LPIPS scores. This results indicates that it produces more realistic and diverse
textures than the other models tested.

Model FID | ISt SSIM | LPIPS 1t
CWGAN-GP 128.428 1.759 0.126 0.630
Traditional GAN 175.457 1.303 0.250 0.507
CGAN 158.322 1.466 0.195 0.556
WGAN 135.671 1.601 0.150 0.612

10

GAN. Each tester was offered different pairs of woods to cover the four
available categories. The materials can be selected using a number (1
and 2) and are shown randomly. The natural wood corresponds to a
virtual prototype generated with a traditional approach. Conversely, the
GAN wood corresponds to a virtual model obtained via the Shrinkwrap
method with a GAN-generated texture. The two choices allow testers to
compare, within an MR viewer, iPVPs made traditionally with those
obtained through the method proposed in the paper.

Each tester was asked, for each component, to select the two avail-
able materials and evaluate the quality of the iPVP. The evaluation took
place by handling the 3D-printed blank prototype as it is commonly
used. At the end of each session, the tester was instructed to indicate the
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Fig. 8. MR application developed for a sporting rifle. The application presents several rifle stock (a) and forend (b) materials. For these components, only real wood

and GAN wood are selectable through numbers on the screen.

best material (i.e., iPVP) in terms of photorealistic representation. No
maximum time was imposed for the choice.

The results were analysed to evaluate user preferences in choosing
the models generated according to the traditional approach and the one
proposed in the paper. The more significant the difference in the choice,
the more distant the photorealism of the iPVP generated with the pro-
posed method will be.

The validation involved 30 participants, namely employees and
selected customers of Benelli Armi S.p.A. (Italy). The average age is 39.2
years. Testers are familiar with sporting rifles but do not have a back-
ground concerning MR devices. They are also familiar with virtual
prototypes. Still, no one has used XR devices before this validation.

Table 5 presents the percentage of preferences for two different types
of materials visualised by the tester for each model. In the pairwise
comparison between the iPVPs (real vs GAN woods) for the stock and
forend, 50 % is the target value. This value means that users cannot
differentiate between the two iPVPs. Thus, the iPVPs generated using
the proposed framework are equivalent to those created employing the
traditional approach.

Results from Table 5 show that the iPVPs obtained following the
traditional approach received more preferences from the testers than the
proposed framework. However, the deviation in preference from the
target of 50 % is 7 % for the rifle and 3 % for the forend. This outcome
means that the quality of the iPVPs generated through the two methods
is comparable overall. Thus, the benefits achievable with the proposed
framework are not negatively influenced by the quality of the results.

5. Conclusions

This study proposed a framework for rapidly generating interactive
photorealistic virtual prototypes used in XR applications (CAD-to-XR
workflow). First, a Generative Adversarial Network, specifically a
CWGAN-GP model, creates high-quality textures. Second, such textures
are UV mapped onto a simplified 3D model through Shrinkwrap-based
modelling. The latter, being larger than the model, can automatically
UV mapping textures on 3D CAD models that are different from the
original version. The resulting photorealistic virtual prototype is then
transferred to an MR HMD for the user experience.

The framework was used to design a sporting rifle. The case study
demonstrated that the image metrics for generated and real textures are
very similar, highlighting that the images are generated in a “realistic”
manner. The virtual prototyping process based on the Shrinkwrap
approach is faster than the traditional one (around —50 %), where vir-
tual prototypes are entirely manually generated (geometry and texture)
after every revision of the original CAD model. Moreover, the photo-
realistic virtual prototype obtained through the proposed framework
and visualised in the HMD looks like a prototype generated with a
traditional approach (real texture and manual virtual prototyping pro-
cess). Testers were not able to significantly appreciate differences.

The framework is still a methodological concept that deserves a more
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Table 5
Results for the CAD-to-XR workflow validation.

GAN wood
Proposed framework

Real wood
Traditional approach

Stock
Forend

57 % (17 testers)
53 % (16 testers)

43 % (13 testers)
47 % (14 testers)

robust implementation into commercial software tools. For example, the
virtual prototyping process still implies manually running Blender’s
commands (e.g., import of the geometries and textures, duplication, and
application of Blender’s modifiers). By employing Blender’s application
programming interface (API) it will be possible to automate the process.
Additionally, it is expected to use generative algorithms to create normal
and roughness material texture maps in the future. This solution will
increase the quality of the iPVPs without losing the lightness of the
models.

Concerning texture generation, the primary limitation includes the
potential for overfitting due to the relatively small dataset and the
manual nature of some processes within the framework, such as texture
application. Additionally, while the CWGAN-GP model performed well,
it has limitations in handling very detailed textures, as indicated by the
slightly higher SSIM and FID values. Future research opportunities
include expanding the dataset, automating more of the workflow, and
exploring other generative models to enhance texture quality further.
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