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Abstract

Surface defects on aircraft landing gear components represent a deviation from a normal state. Visual inspection is a safety-critical, but recurring
task with automation aspiration through machine vision. Various rare occurring faults make acquisition of appropriate training data cuambersome,
which represents a major challenge for artificial intelligence-based optical inspection. In this paper, we apply an anomaly detection approach
based on a convolutional autoencoder for defect detection during inspection to encounter the challenge of lacking and biased training data. Results
indicated the potential of this approach to assist the inspector, but improvements are required for a deployment.
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1. Introduction

Visual inspection is a repetitive task in product lifecycles.
During maintenance of aircraft landing gears, the complete sur-
face of components must be inspected reliably for surface de-
fects to ensure flight safety. Small and hard to identify defects
like pitting corrosion require skilled and experienced workers,
which are prone to error and human factors such as monotony or
unsteady concentration [9, 16]. Additional drawbacks of visual
inspection such as hardly accessible component areas motivate
the use of imaging sensors and automatic evaluation (machine
vision) using artificial intelligence (Al), which is successfully
deployed in a variety of applications.

Al-bases machine vision relies on sufficient training data
that encompasses all possible types, shapes and locations of
defects. Rarely occurring defect types and variations as well
as missing or incomplete documentation make the creation of
comprehensive datasets tedious, time-consuming and costly,
representing a major challenge for machine vision deployment.
Approaches to generate synthetic training data yield potential to
deal with this challenge [4, 10, 17], but require expert knowl-
edge and have a risk of unintentional domain gap. However,
defect-free samples are easy to acquire in large quantities. This
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motivates to train Al-based approaches only on one class, the
normal/defect-free samples. Ideally, the Al-models learn the
structure of the normal class and subsequently identify anoma-
lous samples when they sufficiently deviate from the learned
normal state.

The goal of this work is to develop and implement an Al-
based approach for detecting corrosion surface defects on land-
ing gear components in image data based on one-class classifi-
cation. After a review of related work and relevant aspects, an
anomaly detection approach is selected and applied. Later on,
results are discussed and the achieved performance is evaluated
regarding deployment on the given use case.

Nomenclature

A image A (input)

a threshold parameter

B image B (reconstruction)
i pixel coordinate

j pixel coordinate

nr number of filters

T threshold

u mean value

o standard deviation
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2. Related work
2.1. Automated optical inspection

Application of automated optical inspection is often moti-
vated by the demand for increased productivity and reduction
of errors and costs. A broad field of application is the detec-
tion of defects, which aims to identify the specific class and
location of a defect [11]. Most applications use an imaging sys-
tem (image sensor and lighting) to capture the surface of the
object with adjacent software for image evaluation. The soft-
ware consist of an inspection algorithm to extract features of
the image and classify it into non-defect or defect [9]. In re-
cent years, inspection algorithms are more and more based on
artificial intelligence, which has improved the performance of
various computer vision tasks. Automated optical inspection in
order to detect surface defects is applied in manufacturing qual-
ity control, such as of metal [11, 15], ceramics or textiles [8],
optical elements [16] or electronics [9].

Another wide field is inspection during maintenance (as
in our use case) with many researches been conducted up to
now. For instance, Al-based inspection is more and more enter-
ing in aircraft maintenance. Inspecting the fuselage for corro-
sion is a vital task, where Brandoli et al. [5] applied a image-
based deep learning method for corrosion identification and
achieved promising results and high performance. The authors
encountered shortage of defective images by employing trans-
fer learning, but stated their method is expected to improve
with more data. Taheritanjani et al. [19] applied supervised and
unsupervised Al-methods on real image data of aircraft en-
gines fasteners and achieved an accuracy and recall of 0.99
using a Resnetl01-based supervised method, while unsuper-
vised methods like support vector machines or autoencoders
achieved significantly lower performance. The authors stated
the main drawbacks of supervised methods are tedious data col-
lection as well as the lacking generalizability when introducing
unknown defects. Other researches used Al-based approaches
on endoscopic images for defect detection in of aircraft en-
gines [18, 21]. Shen et al. [18] for instance successfully im-
plemented supervised learning for detecting cracks and burns,
but the amount of available training data remains a bottleneck.

2.2. Anomaly detection

Classification between a defect-free and defective while
training only on defect-free/normal data instances is often re-
ferred as one-class classification or anomaly detection problem
[6, 7]. Various semi-/unsupervised approaches have been de-
veloped to encounter the data shortage issue. In recent years,
approaches mostly based on a Generative Adversarial Network
(GAN) or Convolutional Autoencoder (CAE) have been devel-
oped to detect defects in image data. However, compared to
traditional classification approaches, the specific type of de-
fect cannot be determined. An et al. [3] proposed a Varia-
tional Autoencoder (VAE), which differs from conventional au-
toencoders that it delivers a reconstruction probability instead
of a reconstruction error, which does not require a specific

threshold for classification. According to their study, the pro-
posed method outperformed autoencoder or principal compo-
nent analysis. Tsai et al. [20] developed a convolutional au-
toencoder (CAE) approach for defect detection and applied it
successfully on a variety of material surfaces. Their introduced
CAE with regularizations outperformed conventional CAE as
well as VAE. Lehr et al. [14] compared a CAE with pre-
trained and fine-tuned convolutional neural networks (ResNet-
18 based) on their own data as well as on MVTec dataset.
They observed the CAE performed better detecting defective
images than defect-free on their own created dataset. However,
compared to supervised methods, the CAE achieved lower ac-
curacy than supervised methods. GAN-based approaches have
received increasing attention from researchers in recent years
[1, 2, 12]. For instance, Lai et al. [12] used a pretrained GAN to
generate defect-free images based on their training data. As the
proposed GAN failed to generate defective samples, they were
able to identify defects in textured images effectively.

3. Use case analysis

According to [6, 7], different aspects of anomaly detection
(see fig. 1) have to be discussed to select appropriate anomaly
detection methods. Regarding input data, it can be distinguished
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between sequential data (e.g. video, speech, text) and non-
sequential data (e.g. images). This work focuses on imaging
sensors to capture surface defects, so non-sequential image
data is used. Due to lacking defect data, only one class data
of defect-free images is available for training. Therefore, only
semi-supervised methods are considered, which only train on
one class (one-class classification). Next, anomalies can be cat-
egorized into three types:

e Point anomalies, where a data instance significantly de-
viates from the other instances

e Contextual anomalies, where a data instance is consid-
ered anomalous in a specific context

o Collective anomalies, where single data instances appear
to be normal, but anomalous in a group

Pitting corrosion defects on landing gears can be considered
point anomalies since they do not have a specific context be-
tween each other as their occurrence is random. They are indi-
vidually considered anomalous. Output of deep anomaly detec-
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tion methods can either be an anomaly score or a class label.
An anomaly score quantifies the outlierness of a data instance.
The score can be ranked and a domain-specific threshold (deci-
sion score) determined by an expert can be applied to identify
anomalies [6]. As our goal is to detect surface defects, we aim
for a label output. Anomaly scores, however, may yield useful
information about the defectiveness.

4. Approach

After reviewing aspects of anomaly detection in section 3, a
Convolutional Autoencoder (CAE) approach has been selected.
An autoencoder consists of an encoder and decoder. The en-
coder compresses the input to a lower-dimensional space. This
compressed representation is passed to the decoder, which re-
constructs it back to the input dimension. For CAE, the encoder
consists of a sequence of convolution and downsampling layers
to compress an image, while the decoder involves a series of
deconvolution and upsampling layers for reconstruction [20].
Compared to VAE- or GAN-based approaches, CAE are con-
sidered relatively straightforward to train.

As a generative method, the CAE delivers an image output
which can be compared with the input. The similarity or recon-
struction error between input and output characterizes the au-
toencoder’s performance and is considered as anomaly score.
Since the CAE will be trained only on reconstructing defect-
free images, a high similarity between input and reconstructed
output and therefore a low reconstruction error is expected. For
defective images, a higher reconstruction error is estimated,
which deviates significantly from normal instances. We pro-
pose a threshold method based on the reconstruction error to
identify normal and anomalous instances. Different metrics for
calculating the similarity of input and reconstruction, namely
mean squared error (MSE), structural similarity index (SSIM)
and signal-to-reconstruction-error-ratio (SRE) [13], are consid-
ered.

5. Implementation
5.1. Data acquisition

Real images of a landing gear component surface have been
acquired for training and testing. Figure 2 depicts the acquisi-
tion setup which consists of a grayscale camera focusing per-
pendicular on the component surface. The component itself
can be rotated while the camera is slideable parallel along the
component rotation axis. Due to the varying outer component
contour, the camera was manually focused. A LED ring light
ensured adequate lighting conditions. In total, 600 non-defect
and 300 defect images were taken. The images were resized to
144x144 pixels and normalized. Dataset samples' are shown in
fig 3. Corrosion is visible as dark areas, which clearly separates
from the (rather noisy) metal texture.

! The dataset can be requested from the corresponding author.

Fig. 2. Setup for image acquisition.

defect-free defective

Fig. 3. Dataset samples.

5.2. Autoencoder architecture

The CAE was implemented using python and keras tensor-
flow. The encoder consists of the input and a convolution layer
to compress the input image. The decoder applies a transposed
convolution and a convolution layer to reconstruct the input
from the compressed representation. The width of the autoen-
coder is varied by modifying the number of filters (ny) of the
convolution/convolution transpose layers between 16, 32 and
64. Adam (short for Adaptive Moment Estimation) optimizer
was applied. Details of the architecture can be found in table 1.

Table 1. Detailed parameters of the CAE.

Layer Filters Padding  Activation
Encoder  Input

Convolution npx(3,3) same relu
Decoder  Convolution transpose  nrgx(3,3)  same relu

Convolution 1x(3,3) same sigmoid
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5.3. Training

The CAE models were trained from ground up using the data
elaborated in section 5.1. 500 random defect-free samples were
picked for training and the remaining 100 defect-free and all
300 defective samples were used for subsequent testing. During
training, a 85/15 training/validation split was applied. The train-
ing data is shuffled after each epoch. Training parameters were
chosen on best practices among literature. A constant batch size
of 16 and a learning rate of 0.001 were chosen. All models were
trained for 25 epochs and saved after each epoch for evaluation.

6. Results
6.1. Selection of autoencoder architecture and metric

The CAE models have been trained and the performance
(balanced accuracy, precision and recall) on the test samples
was calculated. The similarity measures were compared to de-
termine the best metric for normal/defective classification. As
the majority of defect-free training samples would be classified
correctly using the mean reconstruction loss, it is used as initial
threshold T for classification of test samples, as a significantly
differing loss is expected for defective samples. Hereby, for
MSE losses greater than the threshold are considered anoma-
lous (less error equals greater similarity), while for SSIM and
SRE losses lower than the threshold are considered anomalous
(higher ratio equals greater similarity).

Figure 4 shows the performance of each training configura-
tion over the number of epochs. Despite the shallow CAE ar-
chitecture, promising, but not yet sufficient results are achieved
at this stage. Best performance is achieved for np = 64 after
one epoch and nyp = 16 after 3 epochs using SRE metric. For
MSE, individual performance values reached similar levels. It
can be noticed SSIM lacks behind and is not considered further
in this work. Table 2 shows the respective confusion matrices
for np = 64 and ny = 16.

Table 2. Confusion matrix for ng = 64 after 1 epoch (top) and ng = 16 after 3
epochs (bottom).

Predicted label
ng =64 defective | defect-free | Total
defective 261 39 300
True label - e | 41 59 100
Total 302 98 400

Predicted label
ng =16 defective | defect-free | Total
defective 261 39 300
True label - e | 45 55 100
Total 306 94 400

Roughly 50% of defect-free samples were falsely classified,

indicating the initial threshold is not suitable for evaluating
defect-free samples. In contrast, defective samples were clas-
sified significantly better. Since all defects must be reliably de-
tected when inspecting safety-critical components, a high recall
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Fig. 4. Performance of MSE, SSIM and SRE metric with varying number of
filters.

is desired and as small number of false positive detections may
be accepted as a trade-off. Due to overall highest recall rates,
SRE metric and np = 64 is selected for further investigations
and optimizations such as threshold adjustment.

6.2. Threshold adjustment

The decision threshold is important for the model perfor-
mance. In section 6.1, the mean training reconstruction error
was used as initial threshold to determine a suitable similarity
metric. However, tuning the threshold may reinforce the desired
behavior for the specific use case. We define the threshold as
T = u+ a- o, where the initial mean reconstruction error u
is adjusted by the product of parameter a and the standard de-
viation o of the training reconstruction errors. The wide CAE-
model (np = 64) after one epoch is used for further evaluation.
Parameter a is varied between -2 and 2 and the performance is
evaluated. As depicted in figure 5, decent tradeoffs of all three
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performances are achieved in range 0 < a < 0.5. One can also
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Fig. 5. Threshold adjustment.

notice the contrary behavior of precision and recall as a high
recall leads to more defect classifications, but also to more in-
correct defect classifications, decreasing the overall precision.
As the slopes of precision and recall indicate, a high increase
of recall can be achieved while sparsely decreasing precision.
Since inspection is a safety-critical task, all defects must be
detected, so a high recall rate is desired. When adjusting the
threshold to ¢ = 1.21, a maximum recall rate of 1 is achieved,
but balanced accuracy and precision decrease to 0.56 and 0.77
respectively, according to the corresponding confusion matrix
in table 3. The performance decreased drastically, with only 12

Table 3. Confusion matrix. (np = 64, epoch =1, a = 1.21).

Predicted label
defective | defect-free | Total
defective 300 0 300
True label = free 88 2 100
Total 388 12 400

of 100 defect-free samples classified correctly, resulting only
in a 12 % reduction of images to be evaluated manually. The
false alarm rate would be extremely high in real deployment,
as defect-free samples are more frequent than defective. In this
state, it is evident a threshold adjustment does not lead to satis-
factory results and the approach does not yield sufficient benefit
for the inspector yet.

6.3. Failure investigation

In order to identify causes for the low performance, we
investigated the reconstructions of the CAE. Figure 6 shows
data samples from the test set, both normal and defective. As
the images indicate, the CAE successfully reconstructs input
from both normal and defective samples and visual differences
are not as evident expected. The reconstructions appear blurry
probably causing a distorted similarity measurement. Bright-
ness differences can be noticed between input and reconstruc-
tion for both normal and defective samples. We conclude the
CAE (with the elaborated architecture) has not learned prop-
erly on the given data. The training data was analyzed for sus-

Ground original reconstruction
truth
1
D
@
&
o<
@
&
2
=
2
3
L
2
=
@
&
D
=]
4

Fig. 6. Image reconstructions.

pected issues and bias. Some blurry and probably misleading
samples were noticed. For instance, original image 1 in figure 6
shows ambiguous dark spots, which were not considered defec-
tive during data acquisition. We investigated falsely classified
defect-free images (fig. 7), which reinforced this suspicion. As
the images were normalized during data preparation, dark spots
(see red boxes in fig. 7) become more present. These spots have
similarities with the actual corrosion defects and might mislead
the CAE preventing it from learning relevant class features, re-
sulting in a hazy demarcation line between normal and defec-
tive.

Fig. 7. Falsely classified defect-free samples.

6.4. Discussion

As previously elaborated, the CAE reconstructs defect-free
as well as defective images successfully, which influences the
performance negatively. On one hand, threshold adjustment ac-
cording to section 6.2 can increase the desired behavior of the
CAE to detect all defects, but on the other hand will drasti-
cally increase the false positive classifications and, in contrast
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to previous works elaborated in section 2.2, does not lead to a
satisfactory performance for autonomous deployment. The ap-
proach can be considered as starting point for machine-vision
based inspection and yield potential to reduce the number of
images to be evaluated manually and the time spent for visual
inspection when the false alarm rate is on an acceptable low
level. To achieve this, the training data could be enhanced and
expanded. This is on one hand accomplished by careful data
acquisition to describe the normal, defect-free state as precisely
and unambiguously as possible to separate anomalies clearly.
Deeper information content such as colored images may sup-
port this separation. On the other hand, during deployment the
data itself can could be expanded by new data annotated by
the still-needed inspector in aircraft landing gear maintenance.
This enables an further algorithm training and improvements,
such as inclusion of new or variable over time normal states.

7. Conclusion

This work investigates a method to detect surface defects
in image data of an aircraft landing gear component. To en-
counter the shortage of defective samples, we pursued an
one class anomaly detection approach based on a convolu-
tional autoencoder (CAE). The CAE is expected to success-
fully reconstruct normal/defect-free images, but fail on anoma-
lous/defective samples. The similarity between input and re-
constructed output is calculated and compared with a threshold
to identify defective samples. Results showed the implemented
CAE reconstructs normal as well as defective inputs success-
fully, which affects the performance negatively. Several metrics
for evaluating the similarity and reconstruction error have been
investigated, with signal-to-reconstruction-error (SRE) proving
to be the most effective metric to differentiate between nor-
mal/defective. However, due to successful reconstruction of de-
fective samples, a clear threshold could not be determined and a
satisfactory performance is not achieved. The approach can be
considered as starting point for machine vision based surface in-
spection. An adjusted CAE architecture, higher quality training
data as well as gathered data during deployment and probably
additional information such as color might increase the perfor-
mance and yield potential to reduce the number images to be
evaluated manually.
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