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ABSTRACT. Visual surface defect detection in complex industrial inspection scenarios remains
predominantly manual. Deep learning-based vision systems promise to automate
this task but require large quantities of representative, annotated defect images,
which are often unavailable due to the rarity and diversity of relevant defects.
We address this challenge with a modular synthetic data generation pipeline lever-
aging physically based 3D rendering, which enables systematic domain randomiza-
tion throughout the entire rendering chain. The pipeline comprises dedicated
modules for scene composition, geometry-based defect generation, procedural
material modeling, rendering, and automatic pixel-wise annotation, allowing users
to expose and tune key parameters such as defect size, position, and penetration
depth, object materials, camera poses, and lighting. We first provide a structured
analysis of all process steps that influence image appearance in defect synthesis
and then instantiate the pipeline for a case study on aircraft engine borescope
inspection, targeting missing-material defects on high-pressure compressor blades.
Using a two-stage experimental design, we employ a Plackett-Burman screening
over 22 candidate factors followed by a one-factor-at-a-time optimization of the most
influential parameters. Our results show that the material model, defect positioning,
defect size, and penetration depth randomization dominate detection performance.
Training an object detector solely on synthetic images generated with the optimized
configuration yields a maximum of 0.89 mAP @0.5loU on a real-world borescope
validation set, with performance saturating at ~500 rendered training images.
These findings demonstrate that carefully structured domain randomization in a
physically based rendering pipeline can provide practically useful synthetic training
data for industrial defect detection.
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1 Introduction

Deep learning—based computer vision has emerged as a promising approach for automating
defect detection 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 or those that manifest infrequently often limits the collection of sufficiently diverse train-
ing datasets. This mismatch between the high data demands of deep learning and the limited
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availability of real-world defect images remains a key bottleneck for deploying machine vision in
industrial quality inspection.

Synthetic image generation via 3D rendering has gained increasing attention as a way to
address this challenge. By constructing virtual scenes, placing virtual cameras and lights, and
embedding programmatically generated defects, one can systematically generate training images
tailored to a specific application. This approach allows engineers to incorporate domain knowl-
edge about plausible defect shapes, sizes, and locations while exercising precise control over
surface appearance, background, and illumination. Synthetic images can thus complement or
partially replace real-world data and, in some scenarios, enable training even when only a small
number of defect examples are available.

Despite these advantages, transferring models trained on synthetic images to real-world data
is far from trivial. Differences in content and appearance between rendered and real images,
which are often summarized as the sim-to-real or domain gap, can cause substantial performance
degradation when models are deployed. Existing work has explored two main strategies to mit-
igate this gap. One line of research focuses on highly realistic rendering pipelines that aim to
approximate sensor characteristics, material behavior, and lighting as closely as possible. A com-
plementary strategy is domain randomization (DR), in which a wide range of visual properties
(e.g., textures, lighting, geometry, background clutter) is deliberately varied, sometimes beyond
physically realistic bounds, to force the model to learn domain-invariant features. For defect
detection, several studies have reported that appropriately designed synthetic data can yield com-
petitive performance,' yet most of these works focus on specific use cases and provide limited
guidance on how to configure a new synthetic pipeline.

For a new defect detection application, practitioners are typically confronted with a large
number of design choices along the rendering pipeline: the level of geometric detail in the scene,
how to parameterize defect geometry, which material models to employ, how to place cameras
and lights, and how strongly to randomize each of these elements. In practice, these choices are
often made based on engineering intuition and ad hoc trial and error. Systematic investigations of
which pipeline parameters matter most for task performance, and over which ranges they should
be varied, are still relatively rare. As a result, it remains unclear how to best balance realism and
variation for a given industrial inspection task and how to prioritize modeling effort under limited
engineering resources.

In this work, we take a step toward addressing this gap for geometry-based defect generation
in industrial surface inspection. We develop a configurable 3D rendering pipeline that exposes
key stages of scene setup, defect modeling, material definition, camera and lighting configura-
tion, and automatic annotation. Building on this pipeline, we employ a simple yet structured
experimental design to study how selected rendering parameters influence the performance
of object detectors trained solely on synthetic images. Concretely, we make the following
contributions:

* We implement a modular Blender-based rendering pipeline for defect image generation
that enables explicit control and randomization of scene composition, geometry-based
defect creation, material properties, camera placement, and lighting.

e We apply a two-stage design-of-experiment approach (Plackett-Burman* screening fol-
lowed by one-factor-at-a-time (OFAT) refinement) to identify a subset of practically influ-
ential rendering parameters and to tune their ranges for a specific defect detection task.

* We instantiate the approach in a case study on borescope inspection of aircraft engine
compressor blades with missing-material defects, demonstrating that detectors trained
solely on appropriately configured synthetic datasets reach competitive performance on
a real-world validation set.

The remainder of the paper is organized as follows. Section 2 reviews related work on syn-
thetic data generation and domain randomization for defect detection. Section 3 analyzes the
main process steps in the defect image generation pipeline. Section 4 introduces the proposed
rendering pipeline, and Sec. 5 presents the experimental setup and results for the borescope
inspection case study. Section 6 discusses limitations and practical implications, and Sec. 7 con-
cludes with an outlook on future work.

Journal of Electronic Imaging 043008-2 Jul/Aug 2026 e Vol. 35(4)



Schmedemann et al.: Tuning domain randomization for 3D-rendered synthetic training. . .

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 sig-
nificantly 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.

2.1 Methods for Generating Synthetic Image Data

2.1.1 Generative learning methods
This family of approaches uses machine learning models, such as generative adversarial net-
works (GANSs), 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 datasets.’"'® Other works employ convolu-
tional 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 loca-
tion and thus cannot easily incorporate extensive domain knowledge. On the contrary, these mod-
els 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, ML-based
generation may be viewed as a form of advanced data augmentation rather than a general syn-
thetic data solution.'’

2.1.2 Rule-based 2D image composition
Image composition approaches manipulate two-dimensional image data to create synthetic var-
iations. For instance, cut-and-paste'® strategies superimpose new objects, background regions, or
defect patches onto existing images.'”' Other examples are procedurally generated images,”
manipulating real-world images, or combining real-world and procedurally generated
images.>*>

Although 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.

2.1.3 Rule-based 3D rendering
Rule-based 3D rendering addresses these shortcomings by constructing a synthetic scene com-
prising 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 datasets have been produced for various applications, from object detection
to robotic vision.”” General-purpose toolboxes such as Kubric,® BlenderProc (https://github
.com/DLR-RM/BlenderProc),31 NDDS  (https://github.com/NVIDIA/Dataset_Synthesizer),
CAD2Render,* Infinigen, and Perception (https:/github.com/Unity-Technologies/com.unity.
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 inves-
tigation 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.

26-28
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2.2 Minimizing the Domain Gap

Synthetic image data can differ significantly from real-world images, leading to reduced perfor-
mance of models trained with this data when applied to real-world data. This observation is
commonly referred to as the domain gap,** sim-to-real-gap, or reality gap. This is due to ren-
dering 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 (appear-
ance gap). Furthermore, synthetic objects and scenes are often idealized or have reduced detail
compared with 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.

2.2.1 Sensor-realistic rendering
One approach is to push rendering fidelity as far as possible by using detailed 3D models,
advanced material shaders, complex lighting setups, and even sensor-specific artifacts.
Reference 35 shows that adding more realistic materials can improve object recognition perfor-
mance. In robotics, physically based simulators for self-driving or manipulation tasks also adopt
high-quality renders to reduce the sim-to-real gap.*

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

2.2.2 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.”®*”* An advantage of this approach is
scalability: because the focus is on coverage rather than perfect realism, generating large quan-
tities 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.*

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.*®

2.3 Synthetic Data for Defect Detection

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

2.3.1 Geometry-based defect generation

An example of a geometry-based defect generation is Ref. 51. They introduced a procedural
crack model that subtracts geometry along fracture lines. Early work by Refs. 52 and 53 used
parametric shapes and physics simulations to produce realistic glass shards, with cracks adapted
from prior procedural models.’* Similarly, Ref. 55 advocates a structured pipeline of 3D sim-
ulation and parametric modeling to recreate cracks on microchips.

References 1, 56, and 57 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 illumination, yielding photorealistic 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.’® Recent research by Refs. 59 and
60 explores multiview setups, emphasizing the importance of capturing consistent defect
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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 shadows emerge naturally from the shape modifications. However, modeling
complex material removal or cracks may be computationally demanding.

2.3.2 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 exclu-
sively during rendering, for example by employing textures for virtual displacement mapping.®!
Previous work leverages 2D textures or shader manipulations to represent defects such as cracks,
stains, or corrosion. For example, Ref. 40 generates procedural defect textures (cracks, foreign
inclusions) on a steel surface, applying local displacement maps to mimic slight geometric dis-
turbance. Reference 41 overlays defect masks on a car door’s texture, randomly varying rough-
ness and normal maps. Similarly, Ref. 42 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 cor-
rosion, 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.>**

2.3.3 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 dataset. 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 nontrivial engineering.

2.4 Summary and Our Contribution

Efforts to minimize the domain gap between synthetic and real images in defect detection largely
fall into two categories: highly realistic rendering and domain randomization. Realistic rendering
aims to approximate sensor behavior, material response, and illumination as closely as possible,
whereas domain randomization deliberately varies visual properties such as textures, lighting,
geometry, and background content to encourage robustness. For industrial surface inspection,
both geometry-based and texture-based defect creation strategies have been shown to be feasible,
but most existing pipelines are tailored to specific parts, defect types, or inspection setups and
provide limited guidance on how to configure a new application. Most existing pipelines do not
systematically vary the rendering pipeline to optimize defect recognition.

In this work, we address this gap for geometry-based defect generation in industrial surface
inspection. Building on the process steps outlined above, we first analyze which stages of a ren-
dering pipeline are likely to influence the performance of deep learning—based defect detectors,
with a focus on parameters that can be explicitly controlled or randomized. Based on this analysis,
we implement a modular, Blender-based rendering pipeline that exposes key configuration options
for scene composition, geometry-based defect modeling, material definition, camera placement,
and lighting, and automatically produces pixel-accurate annotations. This structure enables practi-
tioners to systematically adjust the realism and variation of generated datasets by editing compact
configuration files rather than modifying the underlying implementation.

Finally, we instantiate the proposed pipeline in a representative case study on borescope
inspection of aircraft engine compressor blades with missing-material defects. Using a
Plackett—Burman* screening followed by an OFAT refinement, we empirically identify a subset
of influential rendering parameters and tune their ranges to improve object detection performance
on real borescope images, using only synthetic training data. Although the present work focuses
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on geometry-based defects, the pipeline is designed to be extendable with texture-based defect
generation methods in future studies.

3 Analysis of Influencing Process Steps

The degree of realism and domain randomization required varies by application and must be deter-
mined 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, gen-
erating a defect, additional scene elements such as cameras and lighting, composing all objects into
a 3D scene, setting shader properties for all objects, and finally rendering an image. In addition,
postrendering steps include 2D image postprocessing, which is sometimes used to mimic imaging
errors such as 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 gray).

3.1 Objects

In industrial production, CAD models of objects or entire environments are often readily avail-
able; however, when they are missing due to incomplete product variants, lack of OEM-provided
designs, or the absence of detailed semifinished 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. Although both methods can produce accurate
models, they typically require controlled conditions, specialized equipment, and postprocessing.
Photogrammetry may struggle with reflective or transparent surfaces, whereas 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.

3.2 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,

Rendering pipeline
3D scene modeling
3. Additional 4. Scene
VoY . 2. Defect 1 5. Render-
S]] 1. Objects = generation | L scene ] % compo- P = ing
elements sition
. 7.1
Zgj 10. Model | | > 9. Domain || 8. Aug- e % Osrtr_1age el ol 6-Output
training adaptation mentation &a grocessing CYand annotation

Fig. 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.
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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.

3.3 Additional Scene Elements

Modern rendering engines typically employ a pinhole camera model and advanced lighting sim-
ulation to replicate real-world optical conditions. These components can be configured and ran-
domized to enhance the fidelity and variability of synthetic data sets. Virtual cameras have image
resolution and focal length as the most influential properties. These parameters directly impact
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. Because 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 ben-
eficial. Therefore, the rendering pipeline should allow for systematic examination of various
intensities, color temperatures, and light spread angles.

3.4 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, gen-
erated procedurally using rule-based algorithms that systematically introduce variations, or cre-
ated 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 perfor-
mance 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 com-
position can be utilized to introduce various defect appearances within a data set.

3.5 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), whereas 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 direction. Modern pipelines often use physically based rendering (PBR), which employs
accurate BSDFs, microfacet distributions, Fresnel effects, and energy conservation to achieve
realistic reflections and scattering. Rendering engines such as 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 parameters: base color (albedo), metallicity, roughness, and normal maps. These parameters
ensure that surfaces exhibit believable reflectance and scattering under varying lighting and view-
points. 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 coor-
dinates, prone to seams or visible tiling, or procedural textures generated algorithmically and can
cover surfaces seamlessly.

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 valu-
able 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
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within given boundaries to systematically introduce variation in appearance and address the appear-
ance gap by forcing the model to learn material-invariant defect features.

3.6 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,®? or Pascal VOC.* 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 render-
ing pipeline in Blender® that systematically generates annotated defect image data. This pipeline
encompasses geometry-based defect generation methods and supports parametric scene compo-
sition, material randomization, and automated annotation. In contrast to our prior work introduced
in Ref. 58, the current pipeline is capable of automatically generating optimized defect image data
sets based on a parametrized CAD model and a configuration file. This is realized with the addi-
tional modules for procedural scene composition and parametrized material randomization.

Figure 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 defect’s location. Each module is controlled
through user-defined configuration files, and a guiding script orchestrates their execution in sequence.
Repeating this sequence yields the desired dataset size. The configuration files define how each mod-
ule in the pipeline behaves, specifying parameters such as camera placement strategies, material prop-
erties, 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 back-
ground geometry, cameras, and lights) at approximate or canonical locations. This step ensures

& Manual Preparation 3 Automated Data Generation
3D scene modeling Configuration files Modules Output
Objects Scene Scene Composer
Cameras * Parametric model for
. . * 6D pose of object, camera, .

Lighting and lighting Materializer
Material model * Randomization settings
Defect model Camera and lighting Defect Generator

« Parameter intervals

Material Renderer Image and semantic

Defect

mask
Annotator Annotation file

Fig. 2 Schematic overview illustrating the training data generation process.
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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 minimum and maximum limits for the spherical coordinates radius, elevation
angle, and azimuth angle, and a cylindrical shell model with minimum and maximum 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, con-
straints 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 varia-
tion, 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
dataset 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 system-
atic 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 can-
didate 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 may be restricted by
enforcing user-defined rotation limits along the normal axis. Figures 3(a)-3(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, pro-
cedurally generated, or derived from physical simulations or real-world measurements. To intro-
duce 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 Figs. 3(d)-3(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 Figs. 4(a)—4(c)]. Following the Boolean operation, the module automati-
cally creates an annotation object corresponding to the defect. For protrusions, this annotation
object is the added geometry itself [see Fig. 4(d)]. For shallow cavities or moderate geometry
removal, a thin-walled shell object is embedded to delineate the defect region [see Fig. 4(e)].
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Algorithm 1 Uniform Point Selection on Surfaces.

Require: S: set of surfaces
Require: 5: density criterion
Ensure: P: list of selected points

1:P<g >Initialize an empty list of points

N

: while P does not satisfy the point density criterion § do

3: F < select a surface from S (based on weighted probability)
4 p <« sample a point uniformly on F

5: P—Pu{p}

6: end while

7:for all pe P do

8: Check the surface normal orientation at p

9: if normal not valid at p then

10: continue

11: end if

12: Check if p lies within the camera’s field of view
13: if p not in FOV then

14: continue

15: end if

16: Check for occlusion of p via raycasting

17: if p is occluded then

18: continue

19: end if

20: break >All checks passed
21: end for

22: return p

For significant geometry removal, the removed portion of the mesh is preserved as an annotation
object [see Fig. 4(f)]. 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.

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

Beyond the substantial impact of manual 3D scene modeling, the choice of parameters and ran-
domization intervals in the configuration file of the data generator critically influences the
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Fig. 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, whereas candidate surface areas are highlighted in red.
(a) Entire object. (b) Object edge. (c) Custom-defined area. (d) Small defect size. (e) Moderate
defect size. (f) Large defect size. (g) Large penetration depth. (h) Moderate penetration depth.
(i) Small penetration depth.

appearance and variability of the synthetic image data. Because both physically based rendering
and subsequent training and evaluation of an object detection model are computationally expen-
sive, it is necessary to devise a strategy that yields a sufficiently performant dataset for a given
application at reasonable computational cost. To this end, we propose a two-stage procedure. After
manual construction of the 3D scene based on an analysis of the inspection use case, we first
conduct a prescreening experiment to identify the most influential parameters and thereby reduce
the number of factors to be investigated. Subsequently, the most influential parameters are tuned
using a naive OFAT optimization. For each parameter, a set of candidate support points is evaluated,
the best-performing value is fixed, and the procedure is repeated for the next parameter.

As a performance metric for the object detection task, we use the mean average precision
(mAP) as implemented in the Ultralytics YOLO (https://github.com/ultralytics/ultralytics) frame-
work. For a given intersection over union (IoU) threshold, precision and recall are computed
from the numbers of true positives, false positives, and false negatives. A predicted bounding
box is considered a true positive if its loU with an as yet unmatched ground-truth bounding box
of the same class is greater than or equal to the IoU threshold; otherwise, it is counted as a false
positive, whereas remaining ground-truth boxes are counted as false negatives. Varying the detec-
tion confidence threshold yields a precision—recall curve, and the average precision (AP) is
obtained by integrating the envelope of this curve using the 101-point interpolation procedure
adopted in the COCO evaluation toolkit.> We report mAP@0.5IoU, which averages AP over all
classes (VOC-style metric). However, because we use a single defect class in this work, mAP is
equal to AP.

In the following, we instantiate the proposed data generation pipeline for a representative use
case from aircraft engine inspection. Aircraft engines are routinely subjected to borescope
inspections to enable early detection of faults in safety-critical components. During such inspec-
tions, a borescope is manually inserted into dedicated inspection ports. Once the borescope is in
place, the engine shaft is rotated so that the blades sweep past the borescope’s field of view,
allowing a stage-by-stage inspection of the engine. Human inspectors then visually detect and
classify any defects observed in the recorded images.
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Fig. 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 fol-
lowing minor geometry removal. (Right) Removed geometry is employed as a separate object but
is only rendered to generate the semantic mask (bottom row). (a) Protrusion. (b) Minor geometry
removal. (c) Significant geometry removal. (d) Added geometry. (e) Shell object. (f) Removed
geometry. (g)—(i) Annotation mask.

Automating defect detection and classification in this setting is challenging for several rea-
sons. Because the borescope is manually guided, the viewpoint varies slightly between inspec-
tions, resulting in changes in perspective. The borescope is operated in proximity to the inspected
surfaces, such that small translations or rotations lead to substantial differences in the captured
images. [llumination provided by the integrated borescope light often causes glare and nonuni-
form lighting. The miniaturized sensor and optics introduce limited spatial resolution and addi-
tional imaging artefacts. Shadows cast by scene geometry further complicate image
interpretation, and variations in surface finish and material appearance add another layer of com-
plexity (see Fig. 5).

These factors have historically rendered conventional, rule-based image processing unsuit-
able for this application. Although deep learning—based image analysis is well-suited to handle
the large intraclass and interclass variability encountered in borescope inspections, the availabil-
ity of annotated training data is limited, particularly for specific defect classes and their diverse
manifestations.®® This scarcity of labeled examples hampers the development of comprehensive
and robust defect detection models.

One defect class of particular relevance is missing material, where a blade has fractured and
a macroscopic section of material is absent. For this defect class, Ref. 65 provides a dataset of
111 borescope images from the high-pressure compressor (HPC) section of an engine that were
pre-annotated by domain experts (see Fig. 5). The images contain examples of missing material
defects with corresponding ground-truth bounding boxes. We partially refined these bounding
boxes to more accurately delineate the visible defect regions and use the resulting dataset as a
real-image validation set.

Journal of Electronic Imaging 043008-12 Jul/Aug 2026 e Vol. 35(4)



Schmedemann et al.: Tuning domain randomization for 3D-rendered synthetic training. ..

Fig.5 Samples from the real-world dataset® of borescope inspection of aircraft engines. The illus-
trated defect category, missing material, depicts a blade section that has been removed. Green
boxes indicate the ground truth bounding box annotations.

5.1 Synthetic Data Generation—Manual Preparation
In the first step of the synthetic data generation procedure introduced in Sec. 4, we manually con-
struct the 3D inspection scene. CAD models of a CFM56 engine, including shafts, blades, vanes,
and the housing, were provided by a local aircraft maintenance organization based on high-res-
olution 3D scans. These components were arranged such that all parts visible from the borescope
ports of the high-pressure compressor (HPC) section are within the field of view, as illustrated in
Fig. 6(a). For scene composition, the only movable component apart from the camera and illumi-
nation is the engine shaft, which is allowed to rotate about its central axis to emulate the real
inspection procedure in which blades pass through the borescope’s field of view. The camera trans-
lation is sampled in cylindrical coordinates to reflect the actual movement of the borescope within
the port. To constrain the camera orientation, we define fixed intervals for rotation about three axes:
rotation about the borescope axis and roll and pitch about the camera axis. The six-degree-of-free-
dom pose of the light source is fixed relative to the camera to mimic the configuration of real
borescopes, and illumination is modeled using an area light with constant intensity and color.
We then introduce the defect geometry. Because this defect class is characterized by sub-
stantial material loss, we model it as a geometry-based defect and reuse the removed material as
an explicit annotation object [see Fig. 4(f)]. The break-off edge is approximated using two simple
geometric primitives, a sphere and a cube [Figs. 6(b) and 6(c)].

5.2 Prescreening

To efficiently identify the most influential parameters of the rendering pipeline on the perfor-
mance of the industrial defect detection model, we employ a two-level Plackett—Burman screen-
ing design.* PB designs are fractional factorial designs tailored for high-dimensional factor
spaces: they estimate the main effects of many factors with a minimal number of runs using
an orthogonal (or near-orthogonal) layout that balances factor levels across experiments.
This makes them particularly suitable for our computationally expensive synthetic data gener-
ation and model training pipeline, in which the goal is to rapidly narrow down the parameter set.
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Fig. 6 (a) Virtual scene as viewed through a borescope port. (b) Cube-shaped defect object.
(c) Sphere-shaped defect object.

For the present use case, we first identified a set of potentially influential rendering param-
eters and specified a high (+) and low (-) level for each, as listed in Table 1. Following the
geometry-based defect generation scheme introduced in Sec. 4.3, we considered the following
defect-related factors: the positioning area of the defect object (1), the object shape (2), the object
size (3), the size randomization interval (4), the penetration depth randomization interval (5), and
the displacement-mapping strength (6). As an example, the high level of the object shape cor-
responds to a pure sphere, whereas the low level corresponds to a randomly chosen sphere or
cube. In an analogous fashion, we defined candidate levels for light, camera, optics, scene com-
position, and material parameters.

For the material factor, we restrict the study to procedural textures for two reasons. First,
procedural textures retain a high effective resolution even when the virtual camera is positioned
very close to the surface, as in the borescope inspection scenario considered here. Second, they
expose a compact set of high-level parameters that can be systematically randomized. We man-
ually designed two distinct procedural materials and used them as the low and high levels of this
factor. The plain gray material is a homogeneous gray, matte texture without additional surface
structure, see Fig. 8(b). The random procedural material, in contrast, combines several Perlin-
noise fields to modulate the base color, roughness, metallicity, normal map, and displacement of
the part and superimposes an additional procedural layer that mimics corrosion or surface debris.

Table 1 High (+) and low () factor settings used in the two-level Plackett-Burman screening
design.

# Factor High level (+) Low level (-)
Defect

1 Positioning area Leading edge Corner

2 Defect object Sphere Sphere, cube
3 Defect object size 0.0015 m 0.004 m

4 Defect object size rand. interval +0.004 m +0m

5 Penetration depth rand. interval OtoOm 0 to 0.0001 m
6 Displacement mapping strength 0-0 0.05-0.15
Light

7 Spot angle 150° 100°

8 Spot angle rand. interval +0° +30°

9 Light distance rand. interval +0m +0.01m
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Table 1 (Continued).

# Factor High level (+) Low level (=)

Defect

10 Light angle; rand. interval 0°; +0° 0° +10°

11 Light intensity 0.005 0.0

12 Intensity rand. interval +0 +0.004

13 Color rand. interval He[0.1,0.1]; H e [0,1]; S 0,0.5];
§$€[0.35,0.35]; Ve[1,1] Velll]

Camera

14 Resolution x = 1024 px; y = 768 px X =512 px; y = 384 px

15 Resolution rand. interval x =40 px; y = £0 px X = 50 px; y = +£50 px

Optics

16 FOV 110° 85°

17 FOV rand. interval +0° +20°

Scene composition

18 Spool angle rand. interval 0 rad 0.02 rad

19 Camera translation rand. intervals d €1[0,0] m; r € [0,0] m; d € [-0.005, 0.000] m;
¢ €10,0] rad r € [0,0.001] m;

¢ €10,6.28] rad

20 Camera orientation ¢ €[-0.0,0.0] rad; ¢ €[(-0.1) —0.1] rad;
0 € [-0.0,0.0] rad; 0 € [(-0.1) — 0.1] rad;
w € [-0.0,0.0] rad v € [(-0.2) — 0.2] rad

21 Scene Port9-LE Por9-LE, Port7-LE,

Port6-LE, Port4-LE, Port3-LE
Material
22 Proc. Material plain grey random

This material is configurable via high-level parameters controlling the base colors, Perlin-noise
settings, amount and type of dirt, and the strengths of the normal and displacement maps. For the
random material, we specified broad randomization intervals for all of these parameters to obtain
the pronounced appearance variation visible in Fig. 8(a). These intervals are defined in the
material configuration file and are sampled by the Materializer module to generate a unique
material instance for each rendering iteration.

With k = 22 candidate factor, the smallest admissible PB design requires 24 experimental
runs, which allows us to assign the 22 factors plus one dummy column. The estimated effect of
the dummy was used to approximate experimental noise. In each run, all factors are fixed to their
predefined high (+) or low (-) level according to the PB design matrix, see Table 5. The run order
is fully randomized to mitigate temporal or hardware-related drift, and all other random seeds in
the rendering pipeline are kept constant. For every design point, we instantiate the corresponding
configuration of the rendering pipeline and generate a synthetic training dataset of 500 images,
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which is then used to fine-tune the object detector. The response variable is the mAP on the fixed
real-image validation set introduced in Sec. 5, Fig. 5.

We employ a lightweight object detection model to keep the training time per synthetic
dataset low. Specifically, we use the Real-Time Detection Transformer (RT-DETR)®’ as a com-
promise between model capacity and training duration, with the hyperparameter configuration
given in Table 2. Online data augmentation is applied during training and includes HSV jitter
(hue £0.1, saturation £0.7, value +0.4), random translation (up to 20%), isotropic scaling (fac-
tor [0.5, 1.5]), mild perspective distortion (0.001), random horizontal and vertical flips (p = 0.5
each), and compositional Mosaic (p = 1.0), MixUp (p = 0.2), and Copy-Paste (p = 0.1) aug-
mentations, with rotation, shear, CutMix, and channel-order perturbations disabled.

Table 5 summarizes the experimental design and the resulting mAP values. Based on these
results, we estimate the main effects via ordinary least squares on the coded (£1) design matrix
and assess their significance using Lenth’s pseudostandard error (PSE) method, with the dummy
factor serving as an internal noise benchmark. For each factor A, the unreplicated main effect
is computed as the difference between the mean response at the high and low level,
e(A) = V(a4 1) — Y(a—-1); larger absolute effect values indicate stronger influence on the detec-
tion performance. Lenth’s method is then used to derive a simultaneous margin of error (SME)
from the distribution of effects, and factors with |e(A)| > SME are classified as active.

so = 1.5 median(]e;|)
I={ie{l,....p}|e| £2.550}, m = |1|
PSE = 1.5median,/(|e;[),  SME = k,(m. a) - PSE

Among the 22 factors (plus one dummy), four exceed the SME and are therefore identified
as strongly active: the material model, the positioning area of the defect object, the defect object
size, and the penetration depth randomization interval. All other factors fall below the SME
threshold, and the dummy factor is nonsignificant, supporting the validity of the error estimate.
The ranking and relative magnitude of the effects are visualized using a Pareto plot in Fig. 7.

5.3 Optimization

Having identified the most influential factors in the screening experiment, we proceed to the
optimization stage. The optimization goal is to find the optimal input parameter for the most
influential factors to maximize the mAP@0.5IoU. As a starting point, we configure the training
data generator by setting each factor to the level (high or low) that yielded better performance in
the Plackett—Burman screening. We then carry out a simple OFAT optimization of the strongest
main effects, varying one active factor at a time while keeping all others fixed at their current best
level. In this step, we deliberately neglect potential second-order interaction effects between fac-
tors, because the number of available runs is limited and our primary objective is to obtain a

Table 2 Hyperparameter used for prescreening and optimization
with the RT-DETR model.

Hyperparameter Value
Optimizer Adamw®e
Initial LR 5x 10~
LR-Schedule Cosine decay,

final LR = 0.1 x initialLR
Batch size 16
Epochs 300
Patience 15
Training dataset samples 500
Validation dataset samples 111
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Fig. 7 Pareto chart of absolute main effects for the screening factors. Dotted line indicates the
simultaneous margin of error (SME).

practically improved configuration rather than a fully characterized response surface. The best-
performing dataset configuration obtained from this procedure is used as the baseline for the
subsequent optimization stage. For each configuration, we train and evaluate the same object
detection model as described in the previous section.

Because the material model was identified as the most active factor, we first refined this
aspect in the optimization. In addition to the two procedural materials used in the prescreening
(plain gray and fully randomized), we introduced two more realistic material models: a pro-
cedural metal and a procedurally randomized metal, see Figs. 8(c) and 8(d). Both models are
implemented within the same procedural framework and expose high-level parameters that allow
us to generate controlled appearance variation.

Next, we investigated the spatial distribution of defect objects on the blade surface, see
Figs. 3(a)-3(c) for an illustration. We considered four placement options: restricting defects
to the leading edge, restricting them to the tip corner, allowing placement on both the leading
edge and the tip corner, and allowing placement on the entire object. We then optimized the
defect object size. Because the absolute defect size is coupled to the randomization interval
of the object size, we treated both quantities jointly and combined four levels of nominal defect
size with three levels of size-randomization interval, see Table 3. Finally, we evaluated three
different randomization intervals for the defect penetration depth.

As a last step, we revisited a factor that had not been identified as active in the prescreening
and was set to zero in the baseline configuration for the optimization: displacement mapping.
Because displacement mapping substantially increased the perceived realism of the synthetic
defect images, we included it as an additional factor in the optimization.

Table 3 summarizes the results of the optimization. Among the material models, the fully
randomized procedural material yields the highest detection performance. Restricting defect
placement to both the leading edge and the tip corner of the blade consistently outperforms plac-
ing defects only on a single region or across the entire surface. Larger nominal defect sizes com-
bined with a 25% size-randomization interval outperform smaller defects. Furthermore,
extending the randomization interval for the penetration depth offers additional advantages.
As expected from the qualitative assessment of image realism, enabling displacement mapping
further improves the effectiveness of the synthetic dataset for training. Representative samples
from the best-performing configuration are shown in Fig. 9.

To determine the appropriate size of the synthetic training dataset, we switch to the Faster R-
CNN detector® with a ResNet-50"" backbone pretrained on ImageNet.”' This aligns with a
widely used benchmark architecture. Furthermore, the larger model promises to leverage the
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Fig. 8 Samples of synthetic defects with different material models used in the optimization study.
(a) Fully randomized. (b) Plain gray. (c) Metal. (d) Randomized metal.

Table 3 Results of optimizing the most active pipeline parameter, one factor at a time, are pre-
sented. The best-performing dataset (bold) serves as the baseline for the next parameter

optimization.

Parameter Value mAPO0.5loU
Material Fully randomized 0.611
Material Plain gray 0.259
Material Metal 0.422
Material Randomized metal 0.526
Defect object positioning area Entire object 0.401
Defect object positioning area Tip corner 0.539
Defect object positioning area Leading edge 0.611
Defect object positioning area Leading edge and tip corner 0.655
Defect object size [m]; rand. interval s=0.001; A=5%0.0 0.076
Defect object size [m]; rand. interval s=0.001; A=s5%0.25 0.099
Defect object size [m]; rand. interval s=0.001; A=5%0.5 0.174
Defect object size [m]; rand. interval s=0.0015; A=s5%0.0 0.563
Defect object size [m]; rand. interval s =0.0015; A =s%0.25 0.474
Defect object size [m]; rand. interval s=0.0015; A=s5%0.5 0.593
Defect object size [m]; rand. interval s =0.0035; A =5%0.0 0.682
Defect object size [m]; rand. interval s =0.0035; A =sx0.25 0.671
Defect object size [m]; rand. interval s=10.0035; A=s%0.5 0.682
Defect object size [m]; rand. interval s =0.0045; A =s%0.0 0.639
Defect object size [m]; rand. interval s =0.0045; A =s%0.25 0.695
Journal of Electronic Imaging 043008-18 Jul/Aug 2026 e Vol. 35(4)
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Table 3 (Continued).

Parameter Value mAPO.5loU
Defect object size [m]; rand. interval s =0.0045; A =s%0.5 0.616
Penetration depth rand. interval [m] 0-0.0001 0.695
Penetration depth rand. interval [m] 0-0.0002 0.654
Penetration depth rand. interval [m] 0-0.0005 0.678
Penetration depth rand. interval [m] 0-0.001 0.712
Penetration depth rand. interval [m] 0-0.002 0.612
Displacement mapping strength 0.05-0.15 0.799

theoretically unlimited amount of available training data and potentially yield better detection
performance.

During training, we applied online data augmentation using Albumentations (https://github
.com/albumentations-team/albumentations), including D4 dihedral transforms (all 90 deg rota-
tions and flips, p = 1.0), bounding-box—safe random cropping (p = 0.5), random blur (motion/
Gaussian/median, p = 0.3), additive image noise (Gaussian or ISO noise, p = 0.4), photometric
jitter (RandomBrightnessContrast, RandomGamma, or CLAHE, p = 0.9), HSV jitter (hue +£5,
saturation/value 10, p = 0.4), lossy JPEG recompression (quality 40-100, p = 0.5), and mild
perspective distortion (scale 0.02-0.05, p = 0.3). We trained with a batch size of 8 and a fixed
learning rate of 0.00882, using stochastic gradient descent’? with momentum 0.9 and weight
decay 0.0001. The resulting performance as a function of training set size is reported in
Fig. 10. Starting from ~500 training images, the validation average precision reaches a clear
plateau. The best-performing model in this study achieves an mAP@0.5 IoU of 0.89 on the
validation set.

The reported real-data results are intended to assess the practical utility of the optimized
synthetic training data generated with the proposed pipeline. They should not be interpreted
as an attempt to establish a new state of the art on the benchmark, because detector architecture,

Fig.9 Representative samples from the best-performing synthetically generated dataset using the
developed rendering pipeline. These examples illustrate variations in viewpoint, defect position
and shape, and material appearance.
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Fig. 10 Comparison of dataset size and mean average precision of the trained model.

training protocol, and the use of real versus synthetic training data differ substantially across
studies. Although the preceding experiments identify a high-performing synthetic dataset con-
figuration with respect to the available real-world benchmark, this benchmark also guides the
optimization process. We therefore perform an additional independent evaluation to examine
whether the resulting gains transfer to previously unseen data.

5.4 Independent Generalization Test

To assess whether the proposed optimization procedure improves transfer beyond the real-image
validation set used during screening and OFAT tuning, we conducted an additional evaluation on
a third, independent dataset. This experiment aims to reduce the risk that the synthetic data gen-
eration pipeline was inadvertently over-specialized to the specific real-world benchmark
employed during parameter selection.

Because no alternative dataset of this defect class was available to the authors, an additional
benchmark was physically reproduced. For this purpose, a high-pressure compressor (HPC)
spool and real compressor blades were used. Missing material defects were manually introduced
on 20 blades using files of different geometries, yielding round, oval, and angular material-
removal patterns intended to approximate the defect morphology observed in the real-world
borescope images shown in Fig. 5.

Subsequently, a dataset of 120 images was recorded with an endoscope from varying view-
points, and all visible defects were manually annotated with bounding boxes by the authors
(Fig. 11). Although this reproduced dataset does not constitute a replica of in-service borescope
imagery, it provides an additional out-of-sample evaluation set with independently generated
defect instances and slightly different acquisition characteristics.

For the generalization assessment, two Faster R-CNN detectors were trained using the same
training protocol as in the preceding dataset-size study. The first model was trained on dataset 1
from the initial prescreening experiment (Table 5), representing an early, nonoptimized synthetic
dataset configuration. The second model was trained on the best-performing optimized synthetic
dataset comprising 10,000 images (Fig. 10). Both models were then evaluated on the original
real-world validation set and on the reproduced dataset. The results are summarized in Table 4.

The optimized synthetic dataset improves performance not only on the original real-world
benchmark, where the mAP@0.5IoU increases from 0.55 to 0.89, but also on the independently
reproduced dataset, where it rises from 0.30 to 0.76. This consistent improvement across both
evaluation sets suggests that the proposed screening-and-optimization procedure does not merely
adapt the synthetic pipeline to the idiosyncrasies of the validation set used during development.
Instead, it improves the ability of the generated training data to support detectors that transfer to
previously unseen images acquired under related, but not identical, conditions.
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Fig. 11 Representative samples from the independently reproduced endoscopic dataset used for
the generalization assessment. Missing material defects were manually introduced on real HPC
blades by controlled filing and imaged from varying viewpoints.

At the same time, the reproduced dataset should be interpreted as an additional stress test of
transferability rather than as a fully unbiased estimate of deployment performance. The defects
were manually created to resemble the target defect class, and the acquisition setup differs from
the original borescope benchmark. Nevertheless, the observed performance gain on this inde-
pendent dataset provides further evidence that the proposed synthetic data optimization strategy
improves generalization in a practically relevant manner.

6 Discussion

Comparing Figs. 9 and 5 qualitatively indicates that the proposed pipeline can reproduce key
sources of variability observed in real inspection data, including changes in camera viewpoint
and perspective, object pose, and defect shape, size, and location. The synthetic images also
reflect a range of material appearances and nuisance factors that are characteristic of the bore-
scope inspection setting.

In the quantitative study in Sec. 5, we demonstrated how the pipeline can be used to sys-
tematically improve the suitability of a synthetic dataset by first identifying influential factors and

Table 4 Comparison of detector performance on the original real-world benchmark and the inde-
pendently reproduced dataset.

val dataset
Real-world dataset Independent generalization
Train dataset [mMAP@0.5lo0U] dataset [MAP @0.5loU]
Prescreening dataset 1 0.55 0.3
Optimized dataset 0.89 0.76
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then refining them in a targeted optimization. Using only synthetic images generated with the
best-performing configuration, the resulting detector reaches an mAP@0.5IoU of 0.89 on the
available real-world validation set. This suggests that, for the considered use case, purely syn-
thetic data can provide practically useful supervision for training an object detector. At the
same time, the small size of the real-world benchmark limits the strength of the conclusions
that can be drawn regarding expected performance in an operational inspection process. More
generally, the requirement for sufficiently large real-world datasets for evaluation remains a
bottleneck when synthetic data are deployed for object detection tasks: even when synthetic
data reduce the need for real training images, substantial real data are still required to validate
the resulting models.

The interpretability of the main optimization results is further constrained by the fact that
the original real-world validation set influenced both the tuning of the synthetic data generation
pipeline and the development of the detector training procedure. However, the additional repro-
duced dataset introduced in Sec. 5.4 provides a first independent check against over-
specialization to that benchmark. The consistent performance gain observed on both evaluation
sets supports the conclusion that the optimized synthetic pipeline captures transferable variation
rather than merely matching the peculiarities of the original validation data. Nevertheless, the
reproduced dataset is not a fully independent field test: it was manually constructed to resemble
the same defect class, differs from the original benchmark in acquisition characteristics, and
remains limited in size. Consequently, the reported scores should be interpreted as encouraging
evidence of transferability rather than as definitive estimates of deployment performance across
all engines, sensors, and inspection conditions.

The present study is also not intended to establish state-of-the-art benchmark performance
through detector-specific tuning or broad comparison across model families. Instead, our
objective is to examine how effectively a controllable rendering pipeline can be configured
such that synthetic data alone becomes useful for training detectors that transfer to real inspec-
tion images. For the same reason, direct comparison with literature results on the same bench-
mark is of limited interpretability when detector architectures, training protocols, data splits,
and the use of real versus synthetic training data differ substantially. Accordingly, the reported
results should be understood primarily as evidence for the practical utility of optimized syn-
thetic training data, rather than as an attempt to claim superior benchmark performance relative
to prior work.

The prescreening and optimization stages introduce further methodological limitations.
The Plackett—-Burman design used in the prescreening covers only a subset of all potentially
relevant parameters and evaluates them at two discrete levels. As such, it primarily captures
main effects and cannot reliably detect higher-order interactions or nonlinear effects across the
parameter space. This limitation is exemplified by the displacement mapping strength: it was
not identified as strongly active in the prescreening, yet enabling displacement mapping in the
later optimization had a noticeable impact on detector performance. Likewise, the subsequent
OFAT refinement deliberately neglects interaction effects between factors. In the present
work, this was accepted as a pragmatic compromise, because the aim was not to identify
a globally optimal response surface but to obtain a sufficiently effective synthetic dataset
under realistic computational and engineering constraints. In general, however, the aliasing
and confounding inherent to two-level screening designs, together with the restricted scope of
OFAT refinement, can lead to both false positives and false negatives in the set of active
factors.

A related limitation is that the study remains primarily empirical. Although the experi-
ments reveal which randomization parameters are most influential for the considered task, they
do not yet provide a deeper theoretical explanation of why these factors dominate the sim-to-
real transfer. For example, the current results do not disentangle whether certain parameters are
beneficial because they improve geometric realism, enlarge appearance coverage, suppress
shortcut learning, or better align the synthetic image statistics with those of the real benchmark.
Accordingly, the findings should be interpreted as empirical evidence on the practical utility of
structured domain-randomization studies for rendering-based synthetic data generation, rather
than as a complete theoretical account of transfer mechanisms in synthetic-to-real defect
detection.
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From a practical perspective, the current strategy of generating a new synthetic dataset for
every configuration is computationally and operationally demanding. An alternative design
would be to first generate a large pool of synthetic images with systematically varied and explic-
itly recorded generative parameters (e.g., material model, defect size, position, and penetration
depth) and then construct datasets by sampling from this pool according to the desired exper-
imental design. Such a decoupling of image generation and dataset assembly could substantially
reduce the computational cost of exploring additional configurations, introducing repeated runs,
or carrying out more elaborate statistical analyses.

Finally, several design choices in our pipeline are guided by engineering intuition rather than
formal optimization. The manual 3D scene setup, the selection of factors and their high/low
levels in the prescreening, and the ranges chosen for the subsequent optimization are not unique;
other practitioners might arrive at different settings. In particular, the material model, which was
identified as one of the most influential factors, can be realized in many different ways and at
varying levels of modeling effort. We argue, however, that pursuing the simplest possible models
and iteratively refining only those factors that demonstrably improve task performance is a rea-
sonable strategy to limit manual modeling effort. The principle of domain randomization is ben-
eficial in this regard: the synthetic images do not need to be perfectly photorealistic, but must
provide sufficient and task-relevant variation. As our case study suggests, variation-rich, and in
part even unrealistic, synthetic datasets can be generated with comparatively simple methods,
without resorting to labor-intensive procedures such as measuring the physical reflectance prop-
erties of real components.

7 Conclusion and Outlook

In this work, we presented a configurable rendering pipeline for generating synthetic training
data for visual defect detection. The pipeline exposes key stages of scene setup, defect modeling,
material definition, and annotation, enabling systematic variation of these factors. In combination
with a structured experimental design, this allowed us to quantify how specific rendering choices
affect the performance of detectors trained solely on synthetic images. For the investigated miss-
ing-material defect scenario, detectors trained on appropriately configured synthetic datasets
reached competitive performance without using real defect examples in training. Moreover, the
observed improvement was not limited to the real-world benchmark used during development,
but was also confirmed on an independently reproduced dataset, providing additional evidence
that the optimized synthetic data improve transfer under related acquisition conditions.

The study also indicates that only a subset of rendering parameters needs to be tuned with
high precision to obtain effective synthetic data, whereas others have comparatively minor
impact. This is encouraging for practical deployment, as it suggests that a limited number of
well-chosen configuration studies can substantially reduce the sim-to-real gap. At the same time,
our evaluation is restricted to a single component type, inspection setup, and defect class and
relies on a comparatively small real-world dataset. As a result, quantitative conclusions about
robustness under distribution shifts and across broader application domains remain unclear.

Future work will therefore concentrate on extending both the scope and automation of the
approach. On the one hand, we plan to validate the pipeline for additional defect types, geom-
etries, and sensor configurations and to incorporate larger and more diverse real datasets with
dedicated test splits. On the other hand, we aim to decouple image generation from dataset
assembly, enabling more flexible experimental designs on a shared pool of parameter-annotated
synthetic images. In the longer term, such studies may support task-level guidelines for config-
uring synthetic data pipelines and contribute to reducing the effort required to deploy learning-
based defect detection in industrial practice.

8 Appendix

Table 5 presents the complete two-level Plackett—Burman screening design used to evaluate the
influence of the synthetic dataset generation parameters. The table lists all experimental runs, the
corresponding factor settings, and the resulting mAP values used to identify the most influential
factors.
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