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ABSTRACT

Visual surface defect detection in complex scenarios remains a manual endeavor in industrial inspection. State-
of-the-art machine learning approaches promise to automate this task through machine vision; however, they
require substantial, suitable training data to be effectively trained. For industrial products, such data are
often unavailable for several reasons, including the rarity of certain defects or their manifestations. This paper
introduces a tool to generate synthetic data for training machine vision systems using rendering techniques. Our
tool allows for targeted manipulation of process parameters throughout the rendering chain, including scene
composition involving object, camera, and lighting, defect generation, placement, and material generation. This
enables an exploration of the impacts along the rendering pipeline and facilitates selecting an appropriate data
set for specific inspection tasks. We demonstrate our tool’s effectiveness by applying models trained on our
synthetic data to a real-world inspection task.

Keywords: Synthetic training data, machine learning, deep learning, visual inspection, industrial quality con-
trol, domain randomization, rendering, defect detection

1. INTRODUCTION

Deep learning—based computer vision has recently emerged as a promising approach for automating defect detec-
tion in complex industrial inspection tasks. In principle, training deep networks requires substantial quantities
of representative image data to capture the range of defect types, appearances, and locations encountered in
real-world settings. However, the scarcity of certain defects, especially rare anomalies or those that manifest
infrequently, often limits the collection of sufficiently diverse training data sets. This mismatch between the high
data demands of deep learning and the limited availability of real-world defect images remains a key bottleneck
in deploying machine vision for industrial inspection.

Synthetic image generation via 3D rendering has gained increasing attention to address this challenge. One
can systematically generate the training set by creating virtual scenes, placing virtual cameras and lights, and
embedding programmatically generated defects. This approach enables engineers to incorporate domain knowl-
edge about plausible defect shapes, sizes, or locations and to exercise complete control over the appearance of
surfaces, background, and lighting conditions. Synthetic data can thus complement or substitute real-world
images, potentially overcoming data scarcity.

Despite these advantages, the transition from synthetic data to real-world performance is far from trivial.
Differences in content and appearance between rendered and real-world images cause models trained purely on
synthetic images to perform poorly when applied to real-world applications. Efforts to mitigate this performance
gap include realistic rendering pipelines and the complementary domain randomization (DR) strategy, where
exaggerated or non-physical variations (e.g., in lighting, textures, or geometry) compel the model to learn
domain-invariant features. While feasibility of synthetic data has been demonstrated in numerous defect detection
scenarios' 3, a holistic blueprint how to balance realism and variation for optimal performance for a novel defect

detection use case is still lacking.
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For a given defect detection use case, it remains unclear which pipeline parameters should be systematically
varied to identify their contributions to the performance of the rendered data set. Therefore, it is necessary to
systematically investigate which parameter variations to introduce and to what extent to develop a sufficiently
representative data set.

This work first analyzes which specific rendering pipeline parameters may influence the final model’s perfor-
mance in a defect detection task. Next, we propose a controllable data generation pipeline that allows system-
atically tuning these parameters and to investigate which configurations matter most for a task. These pipeline
parameters include composition models of scene objects, defect generation characteristics like size, positioning,
and shape of a defect model, material parameters, camera parameters, and lighting parameters. Building on this
pipeline, one may explore pipeline parameters systematically to optimize model performance. Finally, we gener-
ated a synthetic data set with the pipeline for a real-world use case to demonstrate that the pipeline generates
a variation-rich data set. A model trained on this data generalizes effectively to real-world conditions, achieving
a mAPQO0.5IoU of 0.87 on the real-world validation set.

2. RELATED WORK

In this chapter, an overview of synthetic data generation approaches for visual defect tasks is presented. We refer
to synthetic images in general when images are computer-generated or significantly manipulated by computers.
Different methods for generating synthetic image data for application in computer vision are used, which can be
roughly grouped into generative learning methods, rule-based 2D image composition, and rule-based 3D rendering.

Generative learning methods This family of approaches uses machine learning models, such as Generative
Adversarial Networks (GANs), Variational Autoencoders, or diffusion models, to create synthetic images. In
the context of industrial inspection, GAN-based schemes are utilized to insert defects into nominal (defect-free)
images, effectively augmenting limited data sets.*® Other works employ convolutional autoencoders (CAEs) for
a similar purpose.'%!! Some recent studies explore text-to-image diffusion probabilistic models (DPMs)'?, such
as DALL-E'? or Imagen'#, to generate training images from textual prompts.!'®

Despite the often highly realistic visual quality these methods can achieve, they have several drawbacks
when used for defect detection. First, they rely on training data of the same domain, which does not solve the
fundamental problem of having few or no real-world defect images. Second, they limit user control over specific
defect parameters such as size, depth, or exact location and thus cannot easily incorporate extensive domain
knowledge. On the other hand, these models are prone to unwanted artifacts. Third, because the generation
mechanism is image-based, the method does not automatically produce pixel-level ground-truth annotations: one
must rely on manual or semi-automatic labeling to create large-scale training sets. Consequently, many authors
view ML-based generation instead as a form of advanced data augmentation rather than a general synthetic data
solution.!'6

Rule-based 2D image composition Image composition approaches manipulate two-dimensional image data
to create synthetic variations. For instance, cut-and-paste'” strategies superimpose new objects, background
regions, or defect patches onto existing images.'® 2° Other examples are procedurally generated images?!, ma-
nipulating real-world images, or combining real-world and procedurally generated images?? 3.

While these rule-based techniques are straightforward to implement, they can struggle to produce physically
accurate lighting, shadows, or material changes. A recurring challenge is the inability to simulate geometric
deformations. If a defect implies missing or protruding material, simple 2D overlays will not account for occlusions
or changes in shading. Moreover, when an object’s shape is significantly altered, 2D compositing cannot reveal
what lies behind newly created holes or cracks. As a result, rule-based 2D rendering often suffices for minor
surface anomalies but fails to capture more complex defects or detailed lighting interactions.



Rule-based 3D rendering Rule-based 3D rendering addresses these shortcomings by constructing a synthetic
scene comprising 3D geometry, camera, and lighting, and rendering it. This technique can yield high-fidelity
images and automatically produce pixel-accurate annotations. Although it requires more effort, 3D rendering
provides greater realism and better handles occlusions, highlights, and shadows.

3D rendered data sets have been produced for various applications, from object detection?* 2% to robotic
vision®”. General purpose toolboxes such as Kubric?®, BlenderProc*??, NDDS', CAD2Render®, Infinigen®' and
Perception® ease the process of generating annotated images. These frameworks typically assume that accurate
3D models are readily available. Although CAD models of the objects under investigation are often available for
industrial inspection tasks, these models represent only the defect-free state. Consequently, they cannot be used
directly to generate images of defective parts.

2.1 Minimizing the Domain Gap

Synthetic image data can differ significantly from real-world images, leading to reduced performance of models
trained with this data when applied to real-world data. This observation is commonly referred to as domain
gap3?, sim-to-real-gap, or reality gap. This is due to rendering engines only approximating real-world cameras,
and real-world light interactions with surfaces, and that 3D models are solely approximations of their real-world
counterparts (appearance gap). Furthermore, synthetic objects and scenes are often idealized or have reduced
detail compared to real scenes, and the probability of occurrence and placement of objects does not correspond
to the real world, sometimes referred to as the content gap. Two main strategies are used to mitigate this issue:

2.1.1 Realistic simulation

One approach is to push simulation fidelity as far as possible by using detailed 3D models, advanced material
shaders, complex lighting setups, and even sensor-specific artifacts. Ref. 33 shows that adding more realistic
materials can improve object recognition performance. In robotics, physically based simulators for self-driving
or manipulation tasks also adopt high-quality renders to reduce the sim-to-real gap.3*

However, realism alone can be costly and may risk overfitting to the specific synthetic environment. Minor
errors in reflectance models or missing micro-geometry might lead to biases that neural networks exploit in
synthetic data but fail on real-world test images.

2.1.2 Domain randomization

Domain randomization (DR) is a technique that generates synthetic image data with a wide array of randomized
visual properties to serve as training material for deep learning-based computer vision models. By systematically
varying elements such as textures, lighting conditions, object placements, and background details, this approach
compels models to focus on underlying, intrinsic features rather than superficial visual cues. In doing so, the
model learns to extract a domain-invariant representation that remains robust and effective even when confronted
with the variability and unpredictability of real-world data.?%3%3% An advantage of this approach is scalability:
because the focus is on coverage rather than perfect realism, generating large quantities of randomized images
is often faster and less resource-intensive than meticulously crafting photorealistic scenes. When randomness
is structured (i.e., physically plausible, context-aware), models can still reap the benefits of coverage while
preserving realism.37

Effective DR pipelines often blend physically accurate rendering (materials, shadows) with broad variation
(texture randomization, camera jitter, lighting changes). The consensus is that the ideal balance between sensor
realism and randomization is highly application-specific, requiring empirical tuning.?*

2.2 Synthetic Data for Defect Detection

A growing body of research focuses on specialized pipelines for defect image synthesis. One can differ between
the underlying defect introducing principle used: While geometry-based methods directly alter the 3D mesh,
texture-based methods® 3% ® modify surface appearance without significantly changing the mesh geometry.

*https://github.com/DLR-RM/BlenderProc
Thttps://github.com /NVIDIA /Dataset_Synthesizer
*https://github.com/Unity-Technologies/com.unity.perception



2.2.1 Geometry-based defect generation

An example of a geometry-based defect generation is Ref. 49. They introduced a procedural crack model that
subtracts geometry along fracture lines. Early work by Ref. 50,51 used parametric shapes and physics simulations
to produce realistic glass shards, with cracks adapted from prior procedural models.??> Similarly, Ref. 53 advocates
a structured pipeline of 3D simulation and parametric modeling to recreate cracks on microchips.

Ref. 1,54,55 propose a pipeline that programmatically creates flaws in parts by Boolean operations in the
object’s mesh. These geometry modifications (e.g., dents, scratches) are rendered under physically based illumi-
nation, yielding photo-realistic images. In previous work, we introduced a similar approach to imprinting defect
negative objects in cast-iron parts and extensively randomizing lighting and camera parameters extensively.?®
Recent research by Ref. 57,58 explores multi-view setups, emphasizing the importance of capturing consistent
defect geometry across different viewpoints. Meanwhile, Ref. 2 systematically varies mesh changes to represent
flash defects on injection molded parts, highlighting that camera and lighting variation can profoundly affect the
final model performance even for a single defect type.

The main advantage of geometry-based approaches is physical plausibility: lighting, self-occlusion, and shad-
ows emerge naturally from the shape modifications. However, modeling complex material removal or cracks may
be computationally demanding.

2.2.2 Texture-based defect generation

Texture-based approaches either modify the material, thereby locally altering its reflectance properties and
creating deviations from the defect-free regions, or they adjust the geometry exclusively during rendering, for
example by employing textures for virtual displacement mapping®®. Previous work leverages 2D textures or
shader manipulations to represent defects like cracks, stains, or corrosion. For example, Ref. 38 generates
procedural defect textures (cracks, foreign inclusions) on a steel surface, applying local displacement maps to
mimic slight geometric disturbance. Ref. 39 overlay defect masks on a car door’s texture, randomly varying
roughness and normal maps. Similarly, Ref. 40 combines photogrammetry with photometric stereo to capture
real surface textures, then adds blowhole-like defects via local noise-based displacement.

Texture-based methods often suffice for small or shallow defects, such as scratches or corrosion, and can be
more efficient than large Boolean operations. However, they cannot accurately depict scenarios where significant
geometry changes reveal occluded areas (holes, breakages) unless combined with partial geometry editing. Several
authors thus advocate a hybrid pipeline, where texture-based shading changes handle subtle scratches, and mesh-
based operations handle bulk deformations.? 46

2.2.3 Open challenges

Despite these advancements, open questions remain. First, many works use synthetic data to show anecdotal
or case-specific success but do not systematically quantify how each pipeline parameter (e.g., lighting, mesh
detail) contributes to final accuracy. It was not examined holistically how to consider and analyze all potentially
influencing steps in generating a synthetic data set. Pipelines are often tailored to a single part geometry or defect
type. Generalizing to new surfaces, new lighting configurations, or new defect physics can require non-trivial
engineering.

2.3 Summary and Our Contribution

Efforts to minimize the domain gap center on realistic simulation and domain randomization. However, an
optimal combination is often application-specific and best found via empirical experimentation. For industrial
surface inspection, both geometry-based and texture-based defect creation strategies have demonstrated feasi-
bility, though most works address a narrow set of defect types or geometric settings.

In this work, we aim to analyze all relevant factors influencing the performance of models trained on synthetic
image data sets generated via 3D rendering for defect detection. We provide a holistic overview of the data
generation pipeline, from the rendering scene setup to subsequent post-processing steps. We highlight how each
step contributes to the final data set quality and model performance. Our proposed implementation draws on
the experience of these prior studies by combining physically based rendering with a modular structure that lets
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Figure 1. Schematic representation of the synthetic data set generation workflow, incorporating image synthesis steps
that ultimately influence the final model’s performance in defect detection.

the user tune or randomize factors like geometry, material properties, lighting, camera parameters, and defect
properties. This structured pipeline is intended so that a user can systematically vary the realism or degree of
variation of synthetic data sets, and it allows for comprehensive ablation experiments. In this work, we focus
on geometry-based defect generation. However, the proposed pipeline can be extended to include texture-based
defect generation.

3. ANALYSIS OF INFLUENCING PROCESS STEPS

The degree of realism and domain randomization required varies by application and must be determined case-
by-case. To generate a suitable synthetic data set, researchers and practitioners must understand which image
characteristics can potentially enhance model performance and employ a tool capable of producing data sets with
these features. Building on the clustering approach described by Paulin et al.'®, we adapt the categorization of
all potentially influencing steps along the image generation pipeline specifically to defect generation, see Fig. 1.
Each step influences the appearance of the images and thus may affect the quality and suitability of the final
data set.

For the rendering pipeline, these steps include origin and manipulation of scene objects, generating a defect,
additional scene elements like cameras and lighting, composing all objects to a 3D scene, setting shader properties
for all objects, and finally rendering an image. Additional post-rendering steps include 2D image post-processing,
which is sometimes used to mimic imaging errors like vignetting or distortions, image augmentations, which
include, among others, simple geometric transformations to introduce more variation, and domain adaptation,
where image-to-image machine learning models are used to increase realism of renders. In this chapter, we
present the influencing properties of the steps of the rendering pipeline (dark grey).

Objects In industrial production, CAD models of objects or entire environments are often readily available;
however, when they are missing due to incomplete product variants, lack of OEM-provided designs, or the absence
of detailed semi-finished product data, 3D scanning or photogrammetry can fill the gap by reconstructing an
object’s geometry from multiple photographs or through structured-light and laser-based measurements. Though
both methods can produce accurate models, they typically require controlled conditions, specialized equipment,
and post-processing. Photogrammetry may struggle with reflective or transparent surfaces, while structured-light
and laser scanners handle them better. When background details have minimal impact on defect appearance,
omitting detailed 3D models of additional objects and using random background environment maps (e.g., HDRI
images) can be a cost-effective way to vary the scene and reduce false positives outside the primary object of
interest.

Besides the presence of objects and the choice of background environment maps, the level of detail of objects
directly influences their appearance in rendered images. If details present on the real-world parts are not present



on the virtual object, the model may not learn to distinguish between them and the defect and may recognize
them as false positives.

Defect Generation Geometry-based methods directly modify the geometry of an object, resulting in more
realistic lighting and shadows when the viewpoint or illumination changes. For this approach, a defect model
is either subtracted or added to the main object’s geometry using Boolean operations to simulate the defect’s
geometric appearance. Typical examples include dents, nicks, cracks, missing geometry, or any other defect that
significantly alters the shape of an object. Object-based defect generation steps consist of the defect object’s
generation, positioning, manipulation, and imprinting. Defect objects may originate from manual modeling,
procedural modeling, physical modeling, or 3D-scanning of real-world samples. Both the generation steps and
the origin of objects significantly influence the appearance of the defect. Thus, it must be possible to examine
their impact.

Additional Scene Elements Modern rendering engines typically employ a pinhole camera model and ad-
vanced lighting simulation to replicate real-world optical conditions. These components can be configured and
randomized to enhance the fidelity and variability of synthetic data sets. Assumingly, for virtual cameras, the
most influential properties are image resolution and focal length. These parameters directly influence the size of
scene objects in terms of pixels.

Accurate lighting involves identifying real-world light sources and measuring or modeling their intensity,
color temperature, and light spread angle. Since light models only approximate the behavior of their real-world
counterparts, systematically introducing variation to generate slightly different lighting scenarios with each image
generation iteration is expected to be beneficial. Therefore, the rendering pipeline should allow for systematically
examining different intensities, color temperatures, and light spread angles.

Scene Composition Scene composition refers to the arrangement of cameras, lighting sources, and objects
within a virtual environment. It can be defined manually by replicating a known real-world setup, generated
procedurally using rule-based algorithms that systematically introduce variations, or created using a combination
of both approaches. Procedural methods are particularly advantageous for producing large, diverse data sets, as
they automate realistic fluctuations in object placement and camera and lighting viewpoints. Scene composition
highly influences a model’s performance because it determines which objects are visible in a render, at what
size, to what extent illuminated, and from which perspective they are viewed. Consequently, variation in scene
composition can be utilized to introduce various defect appearances within a data set.

Rendering Based on the composed scene, rendering is the final step in the rendering pipeline, producing a
2D image from a virtual 3D scene. Modern rendering algorithms commonly solve the rendering equation, which
describes light transport through a scene. Material properties are represented using a Bidirectional Scattering
Distribution Function (BSDF), while ray-tracing or path-tracing methods simulate how light rays interact with
surfaces. A simplified pinhole camera model then captures these interactions from a specified viewpoint.

Shading computes a surface’s color or intensity based on lighting, material properties, and viewing direc-
tion. Modern pipelines often use physically based rendering (PBR), which employs accurate BSDF's, microfacet
distributions, Fresnel effects, and energy conservation to achieve realistic reflections and scattering. Rendering
engines like Blender Cycles, Unreal Engine, or Pixar RenderMan can efficiently produce high-resolution PBR-
shaded images on consumer hardware, making PBR the favored choice for realistic synthetic data generation.

In physically based rendering (PBR), a material specifies realistic surface behavior through a few key parame-
ters: base color (albedo), metallicity, roughness, and normal maps. These parameters ensure that surfaces exhibit
believable reflectance and scattering under varying lighting and viewpoints. PBR materials remain consistent
across various lighting conditions and viewing angles.

Textures refine the material’s appearance by mapping values (e.g., color or roughness) across an object’s
surface. They may be traditional image-based textures applied using UV coordinates, prone to seams or visible
tiling, or procedural textures generated algorithmically and can cover surfaces seamlessly.
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Figure 2. Schematic overview illustrating the training data generation process.

To what extent realistic reflection behavior contributes to a final model’s performance remains an open
question. Procedural approaches offer systematic parameter variation, which may be valuable for creating highly
diverse defect appearances in a synthetic data set. Therefore, a rendering pipeline should incorporate selecting
different object materials or adjusting material properties within given boundaries to systematically introduce
variation in appearance and address the appearance gap by forcing the model to learn material-invariant defect
features.

Output and Annotation A central advantage of synthetic image generation is producing pixel-accurate
annotations for training and evaluating machine learning models. In object detection tasks, for example, standard
annotation formats are YOLO, COCO%Y, or Pascal VOCS!. The essential requirement is to assign each pixel in
the render to either the background or one of the defect classes, so that bounding boxes or segmentation labels
can be extracted automatically. Annotations must mark what is to be detected in the image, for example, if
something is broken off due to a defect, the aim can either be to detect the break-off edge or the missing geometry.
Depending on the task, the tool must provide a suitable annotation method.

4. AUTOMATED RENDERING PIPELINE FOR DEFECT IMAGE DATA
GENERATION

Building on the analysis introduced in Sec. 3, we have implemented a modular, automated rendering pipeline in
Blender? that systematically generates annotated defect image data. This pipeline encompasses geometry-based
defect generation methods and supports parametric scene composition, material randomization, and automated
annotation. In contrast to our prior work introduced in Ref. 56, the current pipeline incorporates additional
modules for procedural scene composition and parametrized material randomization.

Fig. 2 provides an overview of the overall workflow. In a preparatory step, the user models a task-specific 3D
scene, including all relevant objects (e.g., the inspected part and background items), material models, virtual
cameras, and illumination sources. Once this setup is complete, the pipeline automatically generates a series of
unique scenes and renders corresponding images, along with pixel-accurate ground-truth annotations indicating a

Shttps://www.blender.org/
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defect’s location. Each module is controlled through user-defined configuration files, and a guiding script orches-
trates their execution in sequence. Repeating this sequence yields the desired data set size. The configuration
files define how each module in the pipeline behaves, specifying parameters such as camera placement strategies,
material properties, and defect characteristics. To systematically investigate how substeps affect the model’s
performance, the user modifies the configuration files. When working with a fixed random seed, the rest of the
pipeline repeats its behaviour, only reflecting the changes in the configuration.

4.1 Scene Composer

The Scene Composer module begins with a manually prepared 3D scene. In this scene, users place or model
all relevant objects (including the object under inspection, all pertinent background geometry, cameras, and
lights) at approximate or canonical locations. This step ensures that the digital environment broadly reflects the
real-world setup, including camera resolution, focal length, and lighting configuration.

In the scene configuration file, a parametric model for all scene objects, cameras, and light sources, whose
placement in the scene shall be varied, may be chosen to define a set of allowable poses. The Scene Composer
module samples a translation pose from the model in each iteration to mimic sufficient coverage of real-world
pose variation.

Parametric models implemented are a spherical shell model, where allowable positions are defined by the
min and max limits for the spherical coordinates radius, elevation angle, and azimuth angle, and a cylindrical
shell model with min and max limits for cylindrical coordinates. The module can be easily extended to support
additional parametric models. Orientation of the objects can either be centered to a fixed pose or again sampled
from a set of poses in the world coordinate system. Alternatively or additionally, for each object, constraints for
allowable rotation around its local axes can be set for the module to sample from.

After the Scene Composer applies all specified parametric translation and orientation to the scene objects,
further scene objects’ parameters may be sampled within user-specified intervals. By default, this includes
lighting intensities, lighting colors, camera resolutions, and camera focal lengths that can be randomly sampled
within physically plausible ranges. For background variation, environment maps can be sampled with each
iteration for a given set of environment maps.

The plausibility of the scene composer configuration should be visually validated in advance. With the tool,
users can test and visualize positional and parameter sampling before data set generation to tune a reasonable
configuration.

4.2 Materializer

In the preparation phase, a material model must be defined or developed for each object in the scene. Our
Materializer module utilizes user-defined procedural material models, which must incorporate a BSDF model and
detailed geometric topology through displacement mapping. To enable variation in the material’s appearance,
the model must be parametrized at a high level so that users can specify parameter intervals for the module to
sample from during each image generation iteration. Examples of these high-level parameters include scaling,
translating, and rotating the material mapping on an object and adjusting input parameters for noise functions
(e.g., Perlin noise) used to modulate color, roughness, and other material properties.

Once the scene layout is finalized, the Materializer module assigns and, if desired, samples parameters for the
material models of each object in the scene. This approach facilitates systematic variation in surface finishes,
reflectivities, and colors across images.

4.3 Defect Generator

For geometry-based defects, the Defect Generator begins by selecting an appropriate location on the surface of
the inspected part. The user specifies a set of candidate areas, each representing a plausible defect location.
Algorithm 1 details how a point is uniformly chosen from these candidate areas while ensuring it remains within
the camera’s field of view and is not occluded by other geometry. Similar to the orientation constraints in the
Scene Composer module, the defect object’s orientation relative to the surface normal at the selected location
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Figure 3. Example renderings of a turbine blade designated for inspection, illustrating user-defined defect object
positioning areas (top row), the effects of varying defect object sizes, and different penetration depths for a constant-size
defect object displaced along the surface normal. Defect objects are shown as red spheres, while candidate surface areas
are highlighted in red.

may be restricted by enforcing user-defined rotation limits along the normal axis. Figures 3a-c illustrate defect
positions on an object as red spheres, corresponding to the predefined candidate areas.

After selecting the location, the pipeline places a defect object at that point. During the preparation phase,
the user must model the defect object, which can be manually created, procedurally generated, or derived from
physical simulations or real-world measurements. Figures 4b-c provide examples of such defect objects. To
introduce variation along the break-off edge, the defect object may be subjected to user-defined displacement
mapping that adds fine details.

Next, the module samples scaling factors and translation distances along the surface normal from user-
defined randomization intervals (see Figures 3d-i). Then, a Boolean operation merges the defect object with
the main part mesh, simulating a protrusion, a shallow cavity, or significant geometry removal (see Figures 4a-
¢). Following the Boolean operation, the module automatically creates an annotation object corresponding to
the defect. For protrusions, this annotation object is the added geometry itself (see Figure 4d). For shallow
cavities or moderate geometry removal, a thin-walled shell object is embedded to delineate the defect region (see
Figure 4e). For significant geometry removal, the removed portion of the mesh is preserved as an annotation
object (see Figure 4f). In every case, the annotation object remains hidden in the final image but is used to
generate an accurate, pixel-wise semantic mask indicating the defect’s location.

In summary, the module enables systematic investigation of how defect object shape, size, penetration depth,
position, orientation, and topology changes affect the outcome.
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Figure 4. Demonstration of different automatic annotation strategies. (Left) Added geometry is treated as a separate
object. (Middle) A thin-walled shell object is positioned within the cavity following minor geometry removal. (Right)
Removed geometry is employed as a separate object but is only rendered to generate the semantic mask (bottom row).

Algorithm 1 Uniform Point Selection on Surfaces

Require: S: set of surfaces
Require: §: density criterion
Ensure: P: list of selected points
P+ > Initialize an empty list of points
while P does not satisfy the point density criterion § do
F < select a surface from S (based on weighted probability)
p < sample a point uniformly on F'
P« PU{p}
end while
for all p € P do
Check the surface normal orientation at p
Check if p lies within the camera’s field of view
Check for occlusion of p via raycasting
: end for
: Select one final point pana € P

—_

: return P > (Optionally, also return pgnai)




4.4 Renderer and Annotator

Finally, the Renderer and Annotator modules render the parametric scene with Blender’s Cycles engine. During
this process, based on the annotation object, a semantic mask is rendered (Fig. 4 bottom row). This mask is
saved, encoding each pixel whether it shows the background or a defect class. Optionally, the pipeline converts
the semantic mask into a user-specified annotation format, such as COCO or YOLO.

5. CASE STUDY AIRCRAFT ENGINE INSPECTION

In this section, the data generation pipeline is implemented demonstratively for a use case from the inspection of
aircraft engines. Aircraft engines are routinely subjected to visual inspections to enable early detection of faults.
Borescopes inspect internal machine components such as blades and vanes without requiring complete engine
disassembly. The borescope is manually inserted into dedicated borescope ports. Once it is in place, the engine
shaft is rotated so that the blades sweep past the borescope’s field of view, permitting a thorough inspection of
each engine stage. Human inspectors then visually detect and classify any defects.

However, automated defect detection and classification present significant challenges. Because the borescope
is manually guided, the viewpoint changes slightly with each inspection, resulting in varying perspectives. Fur-
thermore, the borescope is positioned close to the object, so slight rotations or shifts can cause substantial
changes in the captured images. Illumination provided by the borescope itself often leads to glare and insuf-
ficient lighting. In addition, the miniaturized sensor and optics can introduce limited resolution and imaging
artifacts. Shadows cast by objects in the scene further complicate image interpretation, and material variations
add another layer of complexity (see Fig. 5).

These challenges have historically rendered conventional image processing unsuitable for this application.
Although deep learning—based image processing is well suited to cope with the extensive variations seen during
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Figure 5. Samples from the real-world data set®? of borescope inspection of aircraft engines. The illustrated defect
category, missing material, depicts a blade section that has been removed. Green boxes indicate the ground truth
bounding box annotations.
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Figure 6. (a) Virtual scene as viewed through a borescope port. (b) Cube-shaped defect object. (c) Sphere-shaped
defect object.

borescope inspections, there is a lack of sufficient training data for certain defect classes and their manifesta-
tions.%3 This shortage hampers the development of comprehensive and robust models.

One relevant defect class is missing material, where a blade has fractured into two or more large segments.
For this defect class, Ref. 62 provided a data set of 111 images that were pre-annotated by domain experts (see
Fig. 5) and show the missing material defect in the high pressure compressor (HPC) section of an engine. We
partially refined the bounding boxes to reflect the actual defect manifestations more accurately and used the
data set as validation data.

5.1 Synthetic Data Generation

Based on our synthetic data generation procedure introduced in Sec. 4, the 3D scene is modeled in the first
step. CAD models of a CFM56 engine, including shafts, blades, vanes, and the housing, were available. These
elements were arranged such that all objects visible from the borescope ports of the (HPC) could be observed,
as illustrated in Fig. 6a.

For scene composition, the only movable component, apart from the camera and lighting, is the engine shaft,
which we allowed to rotate around its central axis. This rotation emulates the actual inspection procedure, where
blades on the shaft pass through the borescope’s field of view. For the camera’s translational parameters, we
adopted cylindrical coordinate sampling, as it best captures the real-world movement of the borescope inside the
port. To constrain the camera orientation, we specified fixed intervals for rotation around three axes: rotation
along the borescope axis and roll and pitch along the camera axis. The lighting’s 6D pose was fixed relative
to the camera, reflecting the configuration of real borescopes. An area light model with constant intensity and
color was used.

We then created a procedural metallic material (see Fig. 7) that allowed parameterization of various base
colors and a localized dirt color and shape, simulating real-world samples with corrosion or debris. The material’s
roughness and geometric topology were governed by Perlin noise textures, with input parameters that produce a
wide range of appearances. We defined intervals in the material configuration file for all parameters, which the
Materializer module used to generate unique material instances for each iteration.

Next, we introduced the defect. Because this defect class involves significant material removal, we represented
it as a geometry-based defect, reusing the removed material as an annotation object (see Sec. 4). We assume
that the shape of the break-off edge can be approximated by two geometric primitives: a sphere and a cube
(Fig. 6¢ and b). Since the defect predominantly occurs along the leading edge of a blade, that surface region was
designated for defect positioning. Finally, we specified intervals for the defect object size and penetration depth
along the normal of the surface.

5.2 Model Training and Results

We rendered 500 images (Fig. 7) using the procedure described in the previous section. To evaluate the suitability
of this synthetic data set, we trained a Faster R-CNN® (pretrained on COCO) and applied augmentations such



Figure 7. Representative samples from the synthetically generated data set using the developed rendering pipeline.
These examples illustrate variations in viewpoint, defect position and shape, material appearance, and image resolution.
The automatically generated bounding box annotations are shown in green.

as D4 transformations, rotations, bounding box—safe random cropping, downscaling, defocus, blur, illumination
changes, salt-and-pepper noise, brightness/contrast adjustments, and hue/saturation shifts. With an SGD op-
timizer and a batch size of 8, we conducted a 20-iteration Bayesian hyperparameter search for learning rates
between 0.0001 and 0.01. The best-performing model achieved a mAP@Q0.510U of 0.87 on the validation set.
Fig. 8 shows example results of inference that indicate that the model can transfer to a real-world inspection
task.

6. DISCUSSION

Comparing Figs. 7 and 8 qualitatively shows that the proposed pipeline can reproduce variations in real-world
image features, including changes in camera viewpoint and perspective, object positioning, and defect shape,
size, and position. Quantitatively, a model trained exclusively on the synthesized images achieves performance
on par with models trained on real-world samples: for the same data set, Ref. 62 reports an mAP@0.5IoU of 0.93,
whereas our approach attains 0.87, indicating that synthetic defect images can effectively substitute real-world
data.

The specific choice of pipeline parameters in this case study (e.g., the range of random rotations or permitted
defect sizes) was guided by engineering intuition. For future work, the controllable nature of the pipeline enables
systematic parameter exploration, allowing more profound insights into which rendering choices most strongly
affect model performance. An ablation study, for example, might alter only the camera orientation (while fixing
translation) or adjust the lighting angle in small increments. In addition, it remains important to investigate
which training strategies confer the most significant advantage, such as mixing synthetic and real-world data
sets or fine-tuning models initially trained on synthetic data with real-world data.
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Figure 8. Representative inference outcomes from the model trained exclusively on synthetic data. Ground truth
bounding boxes are green, while red boxes indicate the model’s predictions.

7. CONCLUSION AND OUTLOOK

We have presented a modular, automated pipeline for generating synthetic images of industrial surface defects and
demonstrated its effectiveness on a challenging aircraft engine inspection task. Our approach enables fine-grained
control over geometry-based defect creation, material properties, scene composition, and lighting configurations.
The pipeline can thus systematically explore each stage of the rendering process to identify the settings that
matter most for training defect detection models.

Using a data set of synthetic borescope images, we trained an object detection model to detect missing
material defects in real-world aircraft engine inspection images, achieving an mAP@0.5IoU of 0.87 without any
real-world training samples. These results show that carefully configured synthetic data alone can suffice to train
models for industrial defect detection.

In future work, we plan to deploy the pipeline to conduct comprehensive ablation studies to reveal which
randomization parameters are most critical for boosting model performance for the presented use case. Ad-
ditionally, we plan to refine material realism by combining physically based rendering with inverse procedural
modeling techniques (e.g., Ref. 65) that derive procedural textures from measured real-world data. Although
these methods still require semi-manual inputs and remain susceptible to errors, they offer a promising route to
replicating surface appearance more accurately while preserving the ability to introduce tailored variations.

Furthermore, our pipeline’s modular architecture extends defect modeling to hybrid texture-based and
geometry-based approaches, enabling the efficient representation of minor surface anomalies and large-scale
material removal. A key challenge ahead is systematically validating the impact of different pipeline parameters
across diverse inspection tasks. Progress in this direction would help establish clear, a priori guidelines for
synthetic data generation—significantly reducing the engineering overhead and further broadening the industrial
adoption of synthetic training data for inspection tasks.
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