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1. Introduction 

In an aircraft, the most expensive components are jet 
engines. Therefore, the maintenance has the most cost 
effectiveness by repairing parts from the jet engine instead of 
substituting them. In regular maintenance intervals the jet 
engines are disassembled, and subcomponents are inspected to 
locate defects in the submillimeter range [1]. For this task high-
resolution sensors are essential. One such sensor is the white 
light interferometer, an optical device capable of acquiring 3D 
data at the nanometer scale. This capability enables automated 
inspection of components for defects at this scale [2]. In 
addition, algorithms are required to effectively analyze the 
huge among of the acquired 3d data to ensure accurate 
assessment. 

Conventional algorithms, such as the one developed by Otto
[3], are available for defect detection. This algorithm, for 
instance, is specifically designed to detect cracks in rotationally 
symmetric combustion chambers scanned by a white light 
interferometer. However, this approach is highly specialized 

for crack detection and is not suitable for identifying general 
defects; similar structures are often misclassified as cracks. 
Recent advances in deep learning offer a promising alternative, 
providing solutions to overcome the limitations associated with 
conventional data evaluation algorithms.

A major challenge for deep learning algorithms is obtaining 
high-quality training data [4, 5]. This requires a balanced 
distribution of classes, comprehensive representation of each 
class's features, and a sufficiently large dataset. In defect 
detection, creating such a training set is particularly difficult 
due to the considerable variability in defect appearances, the 
uneven occurrence rates of certain defects, and the need for 
expert labeling. Additionally, labeling 3D data is notably time-
consuming, as it requires examination from multiple 
perspectives, which further increases the cost and complexity 
of generating a training set for 3D data.

An effective approach to increasing variability in training 
datasets for deep learning is data augmentation, which has 
shown promising results [6]. In this process, existing data are 
modified to generate new samples, enhancing the dataset 

Proceedings of the 58th CIRP Conference on Manufacturing Systems 2025

A data augmentation algorithm for surface inspection in point cloud data 
Daan Büchnera,b*, Ole Schmedemannb, Thorsten Schüppstuhlb

a3D.aero GmbH, Billhorner Deich 96, 20539 Hamburg, Germany
bHamburg University of Technology, TUHH, Institute of Aircraft Production Technology, Denickestr. 17, 21073 Hamburg, Germany

* Corresponding author. Tel.: +49-151-57166723. E-mail address: dbuechner@3d-aero.com 

Abstract

Due to the high standards in aircraft maintenance, high resolution sensors, such as white light interferometers, are needed. Those sensors scan 
surfaces in nanometer scale and generate point clouds. This data can be used to detect surface defects. Such anomalies should be identified during 
the inspection process to assess the current condition of the workpiece. Deep learning algorithms can be used to evaluate the data. However, in 
the domain of 3D data, the challenge of obtaining training data is amplified due to the time-consuming labeling process. Therefore, this work 
introduces an algorithm that combines surface features, like cracks, into surface data to generate new labeled training data. The resulting dataset 
is then used to train a deep learning algorithm to segment the cracks in the point cloud data. The results indicate that the augmented data enhances 
the training process.
© 2025 The Authors. Published by Elsevier B.V. 
This is an open access article under the CC BY-NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0)
Peer-review under responsibility of the scientific committee of the International Programme committee of the 58th CIRP Conference on 
Manufacturing Systems



438 Daan Büchner  et al. / Procedia CIRP 134 (2025) 437–442

without requiring additional data collection. Data augmentation 
can involve simple techniques, such as applying jitter to the 
data, or more advanced methods, like combining different data 
samples to create novel representations [7].

In this work, a data augmentation algorithm for point clouds 
is presented that inserts defects into surfaces to create new 
training samples. The training samples should be used to 
enhance the training process for deep leaning algorithms in the 
field of defect detection in point clouds of part surfaces. A 
training dataset with ground truth data representing surface 
cracks was created and compared to training with unaltered real 
data samples, enabling evaluation of the algorithm’s 
effectiveness in enhancing defect detection performance. 

2. Related work

2.1. Defect Detection in Point Clouds

Algorithms for point cloud analysis can be categorized into 
conventional and deep learning approaches. Conventional 
approaches are rule-based, applying predefined rules to classify 
structures within a point cloud, such as identifying defects [8, 
9, 10, 11].

In recent years, deep learning methods have gained 
significant attention and have been increasingly applied to 
defect detection [12]. For instance, Zhang et al. [13] employed 
a deep learning approach to detect cracks in pavement by first 
projecting point cloud data onto an image plane before 
processing it with a deep learning model. Similarly, Zhao et al.
[14] projected 3D data into a plane to detect surface defects in 
continuous casting products, and Lafiosca et al. [15] used an 
image plane projection to identify dents in aircraft parts. In 
contrast, Wang et al. [16] proposed a method that directly 
operates on point clouds, utilizing graph-based deep learning 
techniques for defect detection.

2.2. Deep Learning Algorithms for Point Clouds

While deep learning has been extensively explored for 2D 
data, there is growing interest in developing algorithms for 3D 
data, specifically for semantic segmentation in point clouds. 
One of the pioneering algorithms for point cloud semantic 
segmentation was PointNet by Qi et al. [17]. This approach was 
later enhanced by Qi et al. [18] with PointNet++, which 
introduced a hierarchical spatial structure to improve 
performance on local features. Qian et al. [19] further refined 
this approach with novel training and scaling strategies, 
enhancing segmentation accuracy. Xiong et al. [20] introduced 
a graph-based structure in their deep learning model for point 
clouds, while algorithms such as KPConv [21] and PointConv 
[22] employed weighted convolutions for more effective point 
cloud processing. 

In recent years, transformer models have significantly 
impacted natural language processing and 2D data 
classification, sparking interest in their application to point 
clouds. This led to the development of PointTransformer by 
Zhao et al. [23]. Another model, PointMLP by Ma et al [24] , 
introduced a residual MLP network that, unlike other models, 
does not rely on a complex local geometry extractor. Many 

algorithms, however, struggle with scalability as point cloud 
size increases. To address this, Hu et al. [25] proposed 
RandLA-Net, which incorporates random sampling between 
layers to maintain efficiency with larger point clouds.

2.3. Data Augmentation for Point Clouds

Data augmentation for point clouds can employ simple 
techniques such as affine transformations, where data is 
shifted, rotated, flipped, or scaled. Additional techniques 
include adding jitter to introduce slight noise or randomly 
dropping points to increase model robustness.

In the last years, more advanced techniques for data 
augmentation have been investigated in recent years.
Sheshappanavar et al. [26] applied simple augmentation 
techniques with varying parameters on specific patches of point 
cloud data, while Choi et al. [27] implemented a part-aware 
approach applicable only to outdoor datasets to prevent object 
overlap. Kim et al. [28] introduced locally weighted 
transformations for data augmentation. Rather than local 
augmentations, Wang et al. [29] developed a patch-mixing 
method, using a scoring module to generate contextually 
relevant targets, and Shi et al. [30] placed ground-truth samples 
into scenes with multimodal context guidance. Zhang et al. [31]
proposed a general approach, combining point clouds by 
optimally aligning and replacing points in one sample based on 
another’s optimal assignment. Leng et al. [32] extended 
training data by using pseudo- labeled objects placed in scenes. 
Leveraging generative models, Reichardt et al. [33] created 3D 
models with a text-to-3D generator for integration into point 
cloud scenes. Inspired by image interpolation, Chen et al. [34]. 
interpolated between two point clouds to generate new 
samples. Global augmentation techniques include Vu et al.
[35], who used upsampling and reconstruction methods, and 
Zhang et al. [36], who employed principal component analysis 
to align point clouds and enhance rotation-invariant feature 
learning.

For data augmentation, it is advantageous to take the data 
domain into account. Xiao et al. [37] developed a data 
augmentation algorithm that leverages the data structure of 
Lidar by merging point clouds using polar coordinates. 
Similarly, Qiu et al. [38] proposed an augmentation approach 
for Lidar data involving smooth deformations. Furthermore, 
Hasecke et al. [39] focused on maintaining context information 
within the autonomous driving domain when combining point 
clouds.

Native sensor data from the 3D domain is still frequently 
projected into 2D space to facilitate the application of deep 
learning algorithms. While some methods can process native 
3D data directly, the challenge of obtaining sufficient training 
data remains a significant limitation. Data augmentation is a 
widely adopted strategy to enhance available datasets in such 
cases. In this work, we introduce a novel data augmentation 
algorithm for point clouds to enable deep learning algorithms 
for the surface inspection task with a white light interferometry 
sensor. To leverage contextual information, the algorithm is 
specifically designed consideration of the sensor’s 
characteristics, ensuring the preservation of its native data 
structure.
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3. Method

This section discusses the data augmentation algorithm 
implemented for point clouds. First, the conceptual framework 
of the algorithm is introduced, followed by a detailed 
explanation of its implementation.

3.1. Concept for the data augmentation algorithm

The data augmentation algorithm is tailored for the surface 
inspection of point clouds. Fig. 1 presents a sample dataset 
featuring a defect on a surface; in this example, the defect is 
specifically identified as a crack.

Fig. 1. Example of a point cloud of a surface with a crack acquired by a white 
light interferometer. Blue: surface; red: crack: black: background.

To generate augmented data, 3D point cloud defect 
segments are inserted into defect-free surface samples, both 
sourced from real-world objects. This approach supports 
various defect types and is therefore divided into two 
components. The first component is the defect preprocessor, 
which normalizes each defect sample by positioning it at the 
origin, aligning it, and projecting it onto a plane. This 
standardization enables the defect surface combiner to process 
defects in a uniform format. As the defect preprocessor is 
dependent on defect type, it requires tailored implementation; 
here, we present the implementation for cracks. Conversely, the 
defect surface combiner operates independently of defect type. 
The full conceptual workflow is illustrated in Fig. 2.

Fig. 2. Concept of the data augmentation for the defect detection task in point 
clouds

3.2. Defect Preprocessor

The goal of the preprocessor is to standardize each defect by 
shifting it to the origin, aligning it, and projecting it onto a 
plane. This process produces a generalized output that serves 
as a consistent input for the subsequent data augmentation 
algorithm, regardless of defect type. However, the preprocessor 
itself remains dependent on the specific defect type and must 
be individually implemented for each one.

Fig. 3. Unprocessed crack sample

Fig. 4. Processed crack sample

The following section presents the implementation for the 
crack defect type, one of the most common defects in surface 
inspection tasks using white light interferometers [3]. Fig. 3
illustrates an unprocessed crack, while Fig. 4 shows the crack 
after processing by the defect preprocessor.

The first step shifts the crack data to the world origin, using 
the mean of the point cloud to center it. This simplification 
facilitates subsequent steps. Next, the point cloud is aligned 
with the global axes by applying eigenvector analysis. The 
eigenvector with the largest eigenvalue indicates the primary 
direction of the crack, and the points are rotated to align this 
eigenvector with the x-axis. Following this, the orientation of 
the crack normal, which matches the surface normal, is 
determined. Points with z-values exceeding the mean z-value 
by a specified threshold are selected as surface or near-surface 
points. A plane fit is then applied to these points, and the 
resulting normal vector is calculated. Finally, the crack points 
are rotated to align the z-axis with the computed surface 
normal.

Some cracks occur in curved regions, resulting in a curved 
crack profile that complicates seamless insertion into a flat 
surface. To correct this, a polynomial surface fit is applied to 
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align the crack to the x-y plane. All crack points are used to 
generate this polynomial fit, and ea h point’s  -coordinate is 
then adjusted by subtracting the corresponding z-value of the 
polynomial surface at that position. 

The next step is estimating the crack origin, defined as the 
point where crack growth likely initiated. This position 
typically corresponds to the widest part of the crack. Points 
near the maximum and minimum x-values are selected, and the 
mean y-value of each set is calculated. Since the crack width is 
measured along the y-axis, the y-values of each set are 
compared to the mean y-value. The set with the greater y-axis 
deviation indi ates the  ra k’s starting point. Thus, the  ra k 
origin is defined by the largest or smallest x-value of the set 
with the greater y-axis deviation, the mean y-value of the 
corresponding set, and the average z-value of the initial points 
in the set. 

The final step in the preprocessor is extracting the crack 
boundary, an important input for the subsequent data 
augmentation algorithm. To achieve this, the crack is sampled 
along the x-axis. At each sampling step, the points with the 
minimum and maximum value on the y-axis are identified, 
generating two arrays: one containing the points with the 
minimum y-values and the other with the maximum y-values. 
The boundary is defined by starting with the array of maximum 
y-values, ordered from the smallest to the largest x-value, and 
then continuing with the array of minimum y-values, ordered 
from the largest to the smallest x-value.

The output is a point cloud where the crack origin is 
positioned at the world origin, aligned with the global axes. The 
surface curvature has been corrected so that the crack lies 

within the x-y plane, and the boundary points have been 
identified. This processed data serves as one of the inputs for 
the defect surface combiner in the next stage.

3.3. Defect surface combiner

The data augmentation algorithm is detailed in this section, 
with the primary objective of seamlessly integrating a surface 
defect, such as a crack, into a given surface. The input consists 
of a point cloud representing the surface, along with the point 
cloud of the defect feature, which is aligned and transformed to 
a defined defect origin, including its boundary points. 

Initially, surface normals are computed for the point cloud 
of the surface. This computation is performed only once for a 
given surface point cloud. If the same surface is later used in 
conjunction with a different defect feature, the normal 
computation step is not repeated. 

A random point on the surface is selected as the seed for the 
defect, which is then randomly rotated about the z-axis. The 
defect's origin is shifted to the selected surface point. A region 
of interest (ROI) is defined around the defect, and points within 
this ROI are used to fit a polynomial surface. The defect points 
are subsequently shifted to align with the fitted surface. A k-
nearest neighbors (k-NN) search is performed to identify points 
within or near the defect. The defect boundaries, estimated in a
prior step, are converted into a polygon, and the inclusion of 
each surface point within this polygon is determined using the 
Jordan curve theorem. Surface points inside the polygon are 
transformed based on the neighboring defect points, with 
transformations weighted by the distance between the surface 

Fig. 5. Comparison of samples from the validation dataset for the different model. (a) Ground truth sample. (b) Sample from (a) evaluated by the model 
trained on the ground truth dataset. (c) Sample from (a) evaluated by the model trained on the augmented dataset. (d) Ground truth sample of a defect at an 
imprinted area. (e) Sample from (d) evaluated by the model trained on the ground truth dataset. (f) Sample from (d) evaluated by the model trained on the 
augmented dataset.
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point and the defect point, such that closer points exert a greater 
influence. Surface points within the defect that lack 
neighboring defect points are removed. This approach 
maintains the original data structure of the white light 
interferometer, ensuring that the defect is seamlessly integrated 
into the surface data. Finally, the labels of the surface points 
are updated to reflect their inclusion within the defect region. 
A representative result of this process is illustrated in Fig. 6.

Fig. 6. Example of a point cloud of a surface with a crack acquired by a white 
light interferometer

4. Tests & Results

For testing purposes, a ground truth dataset comprising 54 
samples of white light interferometer scans of real surface 
cracks is utilized. This dataset contains approximately 57 
million points labeled as surface and 65,900 points labeled as 
cracks. From this dataset, 10 samples are reserved for the 
validation set.

The training data includes 36 labeled cracks from the ground 
truth dataset. For surface data, 100 defect-free surface samples 
are sourced from a separate dataset, also acquired using a white 
light interferometer. Each scan in this dataset contains 
approximately 80,000 points, with two to four scans being 
stitched together to create point clouds ranging from 119,000 
to 329,000 points. The total number of points per sample varies 
due to structural features such as holes or edges.

Using the 100 surface samples and 36 cracks, a data 
augmentation process generates a total of 589 training samples. 
This augmented dataset ensures a diverse and representative 
sample set for training the model.

4.1. Training

To evaluate the proposed approach, the RandLa-Net model 
was employed due to its suitability for semantic segmentation 
of large point clouds. The model processes inputs of 80,000 
points through five hidden layers, making it well-suited for this 
application. As no publicly available point cloud datasets 
closely aligned with surface inspection exist, the model was 
trained from scratch. A batch size of 2 was utilized to 
accommodate the high memory requirements inherent in 
processing point clouds. Hyperparameter tuning was conducted 
to optimize the learning rate, with values of 1e-1, 1e-2, and 1e-
3 tested to identify the best configuration.

Two separate models were trained: one using the ground 
truth dataset and another using only the augmented dataset. The 
models were evaluated on the validation set after achieving 
their respective peak performances. The model trained on the 
ground truth dataset reached optimal performance after 120 
epochs with a learning rate of 1e-3, achieving an overall 
validation accuracy of 82.1%, with a precision of 58.8% and 
recall of 77.14%. In comparison, the model trained on the 
augmented dataset achieved its best performance after 150 
epochs with a learning rate of 1e-2, reaching a validation 
accuracy of 86.2%, with a precision of 52.8% and recall of 
79.2%. These results demonstrate that the data augmentation 
approach enhances the model's performance. 

Qualitative results, shown in Fig. 5, highlight the 
improvements provided by the augmented dataset. In 
particular, the edge case (Fig. 5 (d) – (f)) demonstrates that the 
model trained on the augmented dataset better learns the 
general characteristics of a crack, enabling improved 
segmentation of previously unseen defects compared to the 
model trained on the ground truth dataset alone.

5. Conclusion and outlook

A data augmentation algorithm was developed and 
implemented to enhance surface inspection capabilities using a 
white light interferometer. The method involves embedding a 
normalized point cloud representing a defect into a defect-free 
surface point cloud while preserving the sensor-specific data 
structure.

The algorithm was evaluated in the context of crack 
detection on metal surfaces, demonstrating that data 
augmentation introduces greater variation to the training data, 
thereby improving model performance. Future work will focus 
on extending this approach to other defect types, general 
surface features and integrating it into a training data generation 
pipeline to address issues like the domain gap or unavailable 
data for certain defect variation. A key limitation of the method 
is the dependency on sufficient variability in defect data, as 
some defect types are rare in practical scenarios. To overcome 
this limitation, the integration of synthetic data generation will 
be investigated to supplement the dataset with additional defect 
variations, thereby ensuring robust model training.
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