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Abstract

Generating synthetic datasets for training crack detection models remains a challenge due to the variability of crack appearances and the need for
pixel-level annotations. As a promising alternative to manual labeling, synthetic data generation using Perlin Noise has gained attention. However,
the relationship between Perlin Noise parameters and the physical characteristics of cracks is not well-established, leading to potential dataset
bias and suboptimal model performance. This paper presents a novel approach that maps Perlin Noise generated crack parameters to crack
characteristics such as width, length, curvature, and bifurcations, enabling the generation of diverse and realistic crack patterns. We employ a
broad domain randomization technique by projecting the generated cracks onto randomly selected background images from the ImageNet
database to reduce dataset bias and enhance model robustness. Using the Partitioning Around Medoids (PAM) algorithm, we create six distinct
datasets capturing a comprehensive range of crack parameter variations. We demonstrate the effectiveness of our approach by fine-tuning the
state-of-the-art SegFormer 5b model on our synthetic datasets and benchmarking its performance on the Crack500 dataset. Through linear
regression analysis, we can identify the key crack parameters that influence model performance. Our results show that synthetic cracks have to
be long, wide, straight, and should have few bifurcations to maximize evaluation metrics such as Intersection over Union (IoU), precision, recall,
and F1.
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1. Introduction

Ensuring the quality and longevity of goods and buildings is
a significant challenge for the manufacturing and maintenance
industries. One crucial aspect of this process is detecting and
assessing surface-level cracks in various materials, which can
lead to structural failures and safety hazards if left unaddressed.
Traditional crack detection methods rely heavily on manual
labor and visual inspection, which can be time-consuming,
costly, and prone to human error. Therefore, there is a growing
need for automated solutions that can efficiently and accurately
detect and analyze surface cracks in various environments.

2212-8271 © 2025 The Authors. Published by Elsevier B.V.

Recent advancements in computer vision and deep learning
have shown great promise in addressing this challenge.
However, the success of these techniques heavily depends on
the availability of large, diverse, and accurately labeled
datasets [1]. Obtaining such datasets for surface-level crack
inspection can be difficult due to the rarity of defective
samples, the variability of crack appearances, and the need for
pixel-level annotations. Moreover, manually labeling images
of cracks is a tedious and error-prone task, often resulting in
inaccurate and inconsistent annotations [2].

To overcome these limitations, synthetic data generation has
emerged as a promising solution [2]. By leveraging advanced
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computer graphics techniques and domain knowledge, it is
possible to generate realistic and diverse images of cracked
surfaces with accurate pixel-level annotations. This approach
offers several advantages over relying solely on real-world
data. First, it allows for the creation of large datasets with
minimal human effort and cost. Second, it enables the
generation of a wide range of crack patterns and backgrounds,
enhancing the robustness and generalization capabilities of the
trained models. Finally, it provides a controlled environment
for studying the impact of various factors, such as crack
modeling algorithms or the final appearance of synthetic
cracks, on the performance of crack detection algorithms.

In this paper, we focus on evaluating the influence of different
crack characteristics generated using Perlin Noise on the
performance of neural networks for crack detection. To achieve
this, we map the parameters of the Perlin Noise generated
cracks to the physical characteristics of real cracks, such as
length, width, number of bifurcations, and straightness. This
approach allows us to analyze the impact of various
parameterizations of the Perlin Noise algorithm on the quality
of the synthesized datasets and the performance of the trained
models. To address the domain gap problem and reduce dataset
bias, we adopt a generalist approach using broad domain
randomization. Instead of fitting the training data to a specific
domain, we project each generated crack onto randomly
selected background images from the ImageNet database. This
ensures that the model is trained in a diverse environment,
reducing the risk of overfitting to a particular domain and
enhancing the robustness of the trained crack detection system.

2. State of the Art

One of the biggest challenges in the application of Al
technologies lies in the availability of data [1]. Although
datasets of real cracks are available, they are often too small,
specialized in one domain, or have a strong bias. This can affect
the angle of view, the characteristics of cracks, the frequency
of crack types, or the material being analyzed.

In contrast to real data generation, synthetic data generation
using rendering software offers advantages, such as a high
degree of automation, simple scalability, reduction and analysis
of dataset bias, as well as the integration of various methods of
crack data synthesis.

One of the most prominent methods of crack data synthesis
is Perlin Noise [3-5]. Here, a depth map is generated using a
chaotic mathematical process, and partial areas are cut out of
this using thresholding and then rendered as a representation of
a crack. One issue with this approach is that users have access
to a wide range of parameters to adjust the appearance of
cracks, which may not be directly related to the physical
characteristics of the cracks. The selection of parameters is
heavily influenced by the user's perception of cracks, which can
introduce unwanted bias into the dataset.

In sharp contrast to Perlin Noise, cracks can be generated
using the finite element method (FEM) [6]. This forms a strong
basis for simulating physically correct crack propagation and

simulating a large number of parameters such as the influence
of force, material properties, and load cycles. Developing the
simulation requires a high level of expertise. A small change in
the initial conditions can have a considerable influence on the
result, furthermore, the size of the generated dataset is limited
by the high computational effort.

Another method of generating synthetic crack datasets is to
augment existing datasets. In addition to classic methods such
as rotation, scaling, and cropping, as used in the training of
neural networks, it is also possible to use cut-and-paste
methods [7] or generative approaches. The former approach
uses available data, cuts out existing cracks based on
segmentation masks, and inserts them into new image material.
The latter approach uses neural networks in the form of GANs
[8] to learn the appearance of cracks based on real crack data
and synthesize deceptively real data. Both approaches are only
applicable when real-world data is available. Although the
performance of neural networks improves when using these
techniques, the question arises as to the degree of novelty of the
generated data and the extent to which an existing dataset bias
is transferred to the newly generated data.

With each of the methods presented, it should be noted that
a domain or perception gap arises. This is primarily
characterized by the fact that each simulation or replication
only represents a reduced subset of reality and can therefore
lack important features. To counteract the problem of the
domain gap, it is possible, for example, to replicate the target
domain in detail or to use domain randomization to make the
training dataset as diverse as possible and to represent desired
features in a variety of manifestations so that neural networks
can learn them more generally [9].

Domain randomization can be divided into two different
paths. On the one hand, the structured domain randomization
method can be used, in which rules are developed under which
a scene is to be constructed and which logical relationships are
to be observed [10]. This approach is suitable for target
domains where causalities must be adhered to fulfill a task. In
complete contrast to this is the full or broad domain
randomization [11], in which a few features are to be presented
in as many permutations as possible and a logical connection is
of less importance. The goal is to maximize robustness against
interference sources and design a training domain as large as
possible to include the target domain in the training data.

Although machine learning is already used in crack
inspection and enables tasks such as semantic segmentation,
classification, the creation of bounding boxes, or the
calculation of a severity index for the degree of damage, one of
the main problems is the provision of training data in sufficient
quantity and quality [1].

There is currently no best practice method available and
approaches for synthetic data generation that have already been
tested prove to be insufficiently comparable with each other. In
addition, there is still a need for research into individual
methods, such as how to reduce user bias or to what extent
parameter fine-tuning influences the quality of synthesized
datasets.
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Figure 1: Example images of the generated cracked images including the segmentation mask to illustrate the different crack shapes generated during dataset

synthesis
3. Synthetic Crack Dataset Generation

The process of creating a synthetic crack dataset in the 3D
rendering suite Blender [12] begins with the creation of a
straight surface that serves as the base for the cracks. Once the
surface is ready, a texture-based approach, using shader nodes,
is employed to synthesize crack data. The shader node consists
of two essential elements: one for background generation,
where a random image from the ImageNet [13] database is
selected for each generated environment, and another for crack
generation, using the shader node to design the shape and
appearance of the cracks through Perlin Noise [14].

To ensure a diverse range of crack shapes and minimize
dataset bias, the range of crack parameters is defined and
randomized using a broad approach with an even distribution
of the defined space. The generated cracks are then transferred
to the background image so that the cracks are displayed as
darker pixels. This is intended to imitate the behavior of cracks
so that they reflect less incident light and consequently make
the material less visible.

To reduce the impact of varying lighting and camera
positions on later Al model training and to better observe the
effect of the crack parameters, both are placed in a fixed
position above the surface.

For optimal rendering quality, the Cycles rendering engine
is selected to produce photo-realistic results. Finally, a
rendered image is captured from a bird's eye view, which
includes the crack annotation.

4. Crack Mask Analyses

Since Perlin Noise is a mathematical method that is not
primarily related to physical crack propagation, it is of central
importance to analyze the generated crack data and transfer the
characteristics of generated crack shapes to parameters of real
cracks. The generated segmentation masks serve as the basis
for analyzing the bias of the dataset. Each Image in the dataset

undergoes the following algorithm and consists of the
following steps:

o Creating skeletal structures of the crack: Skeletal structures
are created to identify the course and centerline of cracks.
This simplifies the crack representation and enables further
analysis.

o Exclusion of small cracks: Cracks consisting of only three
pixels or less are excluded from the analysis, as they are
considered insignificant or noise

e Measuring crack width: The crack width is measured for
each pixel of the generated skeleton. The average crack
width and the resulting standard deviation are determined to
characterize the crack width distribution.

e Determining crack length: The crack length is determined
based on the number of pixels in the skeleton. This provides
an estimate of the extent of each crack.

o Identifying bifurcations: The skeleton is graphically
represented to identify bifurcations, which are points where
a crack splits into multiple branches.

e Calculating crack curvature: The degree of curvature of each
crack is determined. This parameter quantifies the deviation
of the crack path from a straight line.

After the analysis, the individual images can be
differentiated based on their crack characteristics, revealing
information that enables a deeper understanding of the data.
The analysis provides insights into several key characteristics.
These include average crack width, curvature, and resulting
standard deviation. It also examines crack length, number of
individual cracks, bifurcations, and the ratio of background to
crack pixels. By quantifying these properties and matching
them with real crack parameters, the analysis forms the
foundation for comparing images within a dataset and drawing
meaningful conclusions about the effect of crack parameters on
the overall training results.
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Boxplots of Normalized Crack-Parameters for Each Cluster

1.0 Dataset
H -] - 2 - 3 - 4 -] ]
1
; !
i
: i
i
0.8 : J J
] i |
E | _
g 0.6 i : ; )
kel ; i : i
7 : i 1 H
N .
s i o
Eoal | SR |
15 0.4 L ; l f
= H . .
: T i | l
0.2 ‘ : |
0.0
L e\S e'e ey e ot
urd pure (ack pure! g cano® Lo PR a0 \’;:L\
\t al \t
Bac_\lg parel 29 S‘a“dg\.\w A

Figure 2: Boxplot representation of the six datasets created by Partitioning Around Medoids (PAM), based on the crack parameters determined in chapter 4

5. Dataset Partitioning

To thoroughly examine the algorithm's performance under
diverse conditions, we used the Partitioning Around Medoids
(PAM) algorithm to generate test datasets that capture a wide
range of crack parameter variations. PAM creates clusters
based on the extreme values of the dataset's parameters,
maximizing the diversity of crack characteristics in each
subset.

We started with an initial dataset of 40,000 images,
generated with broad randomization overall crack parameters.
We then normalized the analyzed crack mask parameters and
strategically distributed the images into six distinct datasets,
each containing 5,000 images. To optimize the clustering
process and achieve a balanced distribution of crack parameters
across the subsets, we used evaluation metrics such as the sum
of the squared Euclidean distance (SSE) and Silhouette Score
(Figure 3). The SSE measures the compactness of clusters, with
lower values indicating better clustering, while the Silhouette
Score assesses both the compactness and separation of clusters,
with higher values suggesting better-defined clusters. By
considering these metrics, we ensure that the resulting datasets
are well-structured and representative of the diverse crack
characteristics present in the original dataset.

Figure 4 illustrates the differences between the individual
datasets using a boxplot with normalized crack parameters,
allowing clear visualization of the relative differences between

the datasets and the distribution of the range of crack
parameters within a dataset.
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Figure 3: Analysis of the optimal cluster distribution for the creation of the
most differentiated datasets, Sum of Squared Error (left) and Silhouette Score

(right)
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Figure 4: Inference results on real world crack 500 dataset. Best performing network, trained on dataset 6

6. Training & Evaluation

Table 1: Segformer5b inference results on the Crack 500 Dataset, based on
different synthetic training datasets used during finetuning

Parameter Set 1 Set 2 Set 3 Set 4 Set 5 Set 6
ToU 0.09 0.1 0.16 0.03 0.17 0.29
Pixel Accuracy  0.95 0.92 0.96 0.97 0.97 0.96
Precision 0.17 0.15 0.28 0.02 0.34 0.37
Recall 0.19 0.27 0.29 0.04 0.288  0.64
F1-Score 0.17 0.17 0.26 0.07 0.27 0.43

For testing the SegFormer 5b [ 15] model was deployed, a state-
of-the-art neural network architecture to perform pixel-
accurate semantic segmentation on images. The pre-trained
version NVIDIASb was fine-tuned using our synthetic crack
datasets to adapt it to the specific task of crack segmentation.
The training process was conducted using 5,000 images for a
single epoch, and this procedure was repeated for each of the
six datasets. To optimize computational resources and maintain
consistency, the image material was reduced to a resolution of
512x512 pixels. The segmentation mask was designed to have
two classes: background and crack, enabling the network to
distinguish between these two.

After the training phase, the performance of the fine-tuned
SegFormer 5b model was tested on the crack500 [15] dataset
(pavement cracks) to evaluate its effectiveness in a real-world
scenario. For this purpose, the metrics shown in Table 1 were
calculated. The Intersection over Union (IoU) [16] describes
the overlap of the calculated segmentation mask for the crack
class with the manually created segmentation mask. Precision
and recall [17] are important metrics that evaluate the accuracy
and completeness of the crack class. Precision indicates how
many of the pixels classified as cracks are cracks, while Recall
indicates how many of the actual crack pixels were recognized
by the model. The F1 [17] score is the harmonic mean of
Precision and Recall and provides a balanced assessment of
model performance for the crack class. Pixel Accuracy [17], on
the other hand, refers to both the "Crack" class and the
"Background" class. It indicates how many pixels were

correctly classified in total, to measure the overall performance
of the model in classifying the image pixel by pixel. Due to
unknown label noise in the validation data, it should be noted
that the trend of the results is significantly more important than
the absolute results.

7. Effect of Crack Parameters on Performance Results

The central contribution of this work lies in the determination
of correlations between crack parameters within the training
data and the subsequent performance of neural networks in
crack detection. Linear regression was employed to identify
which crack parameters have a positive or negative influence

Table 2: linear regression results of mapping crack parameters to evaluation
metrics. Each element consists of the r/p values for correlation and

probability.
Parameter ToU F1 Pixel Precision Recall
score accuracy
Crack width  0.96¢/ 0.95/ 0.26/ 0.74/ 0.84/
H 0.01 0.01 0.68 0.15 0.07
Crack width  0.97/ 0.97/ 0.17/ 0.73/ 0.89/
o 0.01 0.01 0.79 0.16 0.04
Crack length  0.78/ 0.78/ 0.15/ 0.49/ 0.72/
0.12 0.12 0.80 0.40 0.17
Background  0.51/ 0.50/ 0.53/ 0.53/ 0.26/
pixel 0.38 0.39 0.35 036 0.68
Crack pixel -0.51/ -0.50/ -0.53/ -0.53/ -0.26/
0.38 0.39 0.35 0.36 0.68
Bifurcations  -0.56/ -0.55/ -0.76/ -0.74/ -0.25/
0.32 0.34 0.14 0.15 0.69
Curvatures  -0.81/ -0.81/ 0.11/ -0.49/ -0.77/
0.09 0.09 0.86 0.40 0.12
Curvature . -0.88/ -0.87/ -0.15/ -0.58/ -0.82/
0.05 0.05 0.81 0.31 0.09
Number of -0.97/ -0.98/ 0.04/ -0.49/ -0.95/
cracks 0.01 0.00 0.95 0.40 0.01
Dropped -0.96/ -0.97/ 0.06/ -0.47/ -0.95/
cracks

0.01 0.01 0.93 0.43 0.01
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on the model's performance as shown in Table 2. The analysis
revealed several key findings:

Firstly, crack width (both mean and standard deviation)
exhibited very strong positive correlations with average loU
(r=0.96 and r=0.97, respectively) and average F1 score (r=0.95
and 1=0.97), suggesting that as crack width increases, the
model's performance in detecting and segmenting cracks
improves as well.

Conversely, the number of cracks and dropped cracks
showed very strong negative correlations with average loU (r=-
0.97 and r=-0.96), average F1 score (r=-0.98 and r=-0.97), and
average recall (r=-0.95 for both), indicating that a higher
number of cracks and dropped cracks can negatively impact the
model's performance.

Additionally, crack length demonstrated strong positive
correlations with average IoU (r=0.78) and average F1 score
(r=0.78), while curvature (both mean and standard deviation)
showed strong to very strong negative correlations with most
performance metrics, implying that shorter and more curved
cracks may pose challenges for accurate detection.

Background pixels and crack pixels exhibited moderate
correlations with average IoU, average F1 score, and average
precision, suggesting some influence on the model's
performance. Lastly, the number of bifurcations had strong
negative correlations with average pixel accuracy (r=-0.76) and
average precision (r=-0.74), indicating that more bifurcations
may negatively impact these specific metrics.

In summary, the linear regression analysis revealed that
crack width and length have a very strong positive influence on
the model's performance, while the number of cracks, dropped
cracks, and curvature negatively impacts its accuracy. While
background/crack pixels exhibited moderate correlations with
the performance metrics

8. Summary

In this paper, we have investigated the potential of using
Perlin Noise as a basis for modeling surface cracks in synthetic
datasets to train crack detection models. By mapping the
parameters of Perlin Noise generated cracks to the physical
properties of cracks, such as width, length, curvature, and
bifurcations, we have established a relationship between the
process of generating synthetic data and the performance of
trained neural networks.

The SegFormer 5b model was fine-tuned using different
parameterized synthetic crack datasets and benchmarked
against the Crack500 dataset to evaluate its performance in a
real-world scenario. The results show that the design of the
training datasets has a significant impact on the model's ability
to segment cracks.

Linear regression analysis was used to identify the key crack
parameters that influence the performance of the model. Crack
width and length showed strong positive correlations with the
performance metrics used. Conversely, a higher number of
individual cracks and strong curvature showed strong negative
correlations. Future work could explore the integration of

additional crack modeling techniques such as finite element
methods to further improve the realism and diversity of
synthetic datasets. Furthermore, investigating the impact of
domain adaptation techniques to bridge the gap between
synthetic and real data could contribute to more effective crack
detection models in different industries.
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