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Abstract
With more industries shifting over to an industry 4.0 setting, many product manu-
facturing processes and related tasks are becoming more and more automated. De-
tection of defects in aerospace components, which is extremely crucial for aviation
safety, is normally performed by trained operators. The operators apply techniques
of non-destructive testing to acquire inspection data, which they then evaluate. In
many of these inspection tasks, digital images are a fundamental part of the inspec-
tion process, as in X-ray inspection of welds. For these types, efforts have been
made over the last years to increase the level of automation, thus decreasing the
burden on the operators. Deep neural network models aiding or even completely
replacing operator judgement are a main subject of interest. Before these models
can be deployed into industry they need to be thoroughly tested and validated.

In this thesis, a U-Net model is used as an example for two frequently reoccur-
ring problems that appear in industrial smart manufacturing. First, we investigate
whether data from one inspection task can be used to predict the relationship be-
tween model performance and data set size for intra-domain data sets. In this sense,
one can use information from one data set to estimate the needed sample size re-
quired to train a model for novel inspection tasks. Thereby, more precise estimations
about the necessary amount of data for training models in development environments
that also perform well when confronted with industrial data streams once deployed
should be possible. The second problem considers methods for continuously improv-
ing deployed models as more data is made available. Here full retraining, online
learning and proactive training, a recent retraining method described in Prapas et
al, Datenbank-Spektrum 21, pp. 203-212 (2021) [1], are compared. The best strat-
egy for continuously improving and maintaining industrial deep learning models is
researched.

The obtained results suggest that the predictive capabilities from one data set do
not carry over well to other data sets, even though belonging to the same domain
of problems. The mean average F1 error between the two considered data sets
was measured to 0.11. Despite this, alternative estimation methods, solely using
curve fitting, showed promising results. The findings from the second task favoured
standard methods of scheduled retraining for the considered U-Net, although more
extensive simulations are needed before ruling out the alternative methods consid-
ered in the report. In conclusion, the acquired results in this thesis support the
progress of automation of industrial inspections tasks by providing methods and
guidelines for industrial deep learning models.
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1
Introduction

Industry 4.0, a new era of industry, has emerged from the recent technological ad-
vancements where improvements in machine learning (ML) has been a big enabler
for its adoption. Industry 4.0 is the digitization of the manufacturing sector mainly
driven by data, AI, sensors and robotics [2]. Smart manufacturing, a subset of
industry 4.0, refers to the digitization of industry where big data, analytics and
machine learning in combination with the Internet of Things are adopted in sev-
eral applications related to product manufacturing [3]. Machine learning models
have shown exceptional results in a broad set of smart manufacturing tasks such as
inspection [4][5][6], quality control [7][8], anomaly detection [9][10] and production
monitoring [11]. The benefits of moving manufacturing plants to an industry 4.0 set-
ting, have shown great improvements in cost, labour, product quality and consumer
customization [12] [13] . These benefits come with several problems and obstacles.
To introduce ML models into the manufacturing pipeline, requires extensive test-
ing for safety, performance and maintainability to be confident that its deployment
yields benefits. These aforementioned obstacles have shown to be hard to overcome
in practice since a majority of ML projects fail to deploy into industry in the first
place due to bias in data and developers lack of understanding of algorithms [14][15].

The manufacturing of aerospace components have in recent years switched to more
sustainable manufacturing methods. Instead of scrapping entire pieces and rebuild-
ing them from scratch, additive manufacturing (AM), a process where subsequential
layers of material are added to aerospace components using lasers and weld tools, has
seen more use. Additive manufacturing methods make it possible to repair partially
destroyed components. One of the leading companies in the field of AM is GKN
Aerospace Sweden which is an aerospace supplier located in Trollhättan focused on
sustainable and safe aviation [16]. A significant portion of the inspection process
for detecting defects in manufactured aerospace components produces image data
that is manually inspected by an operator. Defects in components can vary broadly
and can be categorized into groups such as pores in welds, scratches, cracks, dents
and buckling. Even detecting critical wear in the used tools is of interest, since this
can lead to defects. All these defects have different levels of severity where some
defects can immediately fail a component for production while other, less severe
defects, can be repaired. The inspection process for detecting defects is both time
consuming and prone to human error. Thus there is a great interest in implementing
models and tools that either assist the operator in finding defects or that completely
automate the defect detection task.
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1. Introduction

One of the most critical requirements for training robust and high-performing ma-
chine learning models is a large data set to capture information and statistical prop-
erties about the desired data set. Approximating how much data is needed a priori
to training an ML model on a novel task, to reach a specified level of performance,
is difficult. Areas in aerospace manufacturing are usually limited to small amounts
of data samples dictated by production rates. Usually, to create larger data sets,
data is joined together from different institutions, but this comes with its own set of
problems such as meta data friction, scanning methods and skews in variable ranges
[17]. Joining together data sets from different institutions is especially difficult for
aerospace manufacturers where most of the data are kept classified since these com-
panies potentially have ties to military applications and thus are subject to special
regulations, export laws, company secrets and customer privacy. This usually leads
to the data being collected entirely internal to the facilities. Another difficulty with
data availability in the manufacturing field, comes from the fact that manufacturing
is a continuously forward moving process of manufacturing and shipping compo-
nents. This makes it difficult to retroactively scan already shipped components to
gather image data for model training if no proper database infrastructure is set up.

The life cycle of ML models does not necessarily end once it has finished training
and been deployed into use. In many of the assistive tools found in manufacturing,
the ML models are deployed with very limited amount of training data as there is
no substantial data set from the beginning. This leads to underwhelming models.
As more data becomes available through production, one needs to retrain the model
with more data to improve it. In many of the applications of smart manufactur-
ing, the assumption that the data maintains an approximately constant distribution
with time is inaccurate. Several factors in the manufacturing pipeline can be at-
tributed to changes in the model’s input data distribution. Changes in material
supplier, instrument calibrations and deterioration in measurement tools all give
rise to changes in the distribution. These changes are commonly called concept drift
and to maintain an ML model that performs well after its deployment, there is a
need to retrain it once the characteristics of the input data have sufficiently shifted
from the original training data. An extensive amount of research has been done in
detecting concept drift in data. Methods for monitoring input data, output data
and analyzing how changes in the ML pipeline affect the downstream processes are
mainly used for detecting concept drift. However, little research has been done on
the topic of continually updating machine learning models. Questions such as how
to continually improve ML models become relevant in settings where concept drift
is present and has been detected.

1.1 Aim of thesis
This thesis work is split up into two main parts. The first part investigates approxi-
mation methods for estimating a relationship between the size of training data and
model performance to see how these generalizations transfer to data sets for intra-
domain tasks. For the second part of the thesis, a framework for deployed models
is constructed to continuously improve the model in production. The framework
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1. Introduction

consists of a retraining system.

1.1.1 Task 1 - Domain validation

Task 1 can be summarized as a domain validation task. In this task we investigate
if it is possible to estimate how much data is required to gather to train a model
whose test performance will be representative of an industrial setting. In addition,
the results will be validated to a similar data set within the same problem domain.
It will always be true that more data will yield better results, however, for certain
inspection tasks where data is limited, a rough estimate of a representative data size
is valuable, since gathering data is costly and time consuming. From this, we derive
the following problem formulation:
Under which conditions is it possible to use the training statistics derived from a
data set A to predict the performance of a model trained on different data set B that
belongs to the same domain of problem (intra-domain)?

1.1.2 Task 2 - Continuous improvement

Task 2 can be summarized as a continuous improvement task. This part of the thesis
is centered around investigating how an ML model, that has been deployed in an
industrial setting, can be continuously improved using new data. The continuous
improvement protocol is implemented as a retraining algorithm that determines how
to update the model when enough new data has become available. The article by
Prapas et al. Ref. [1] proposes a new method for updating deployed models. Their
method will be used as a reference for the retraining algorithm and built upon with
modified sampling methods. Partial results are compared to the ones presented in
[1].

1.2 Scope and limitation

To achieve the aim of the thesis project within the set 20 work weeks, certain limita-
tions are introduced to keep the scope of the project focused on solving task 1 and
task 2.

1. The main architectural shape of the neural network will be kept constant and
no investigation will be made in experimenting how well different architectures
perform on this specific inspection task.

2. The data used for training the network is obtained from measurements done
in the production floor. The digital images are then pre-processed with propri-
etary image enhancement filters and then uploaded to an internal server. The
work will be limited to not handling anything related to gathering the data
and instead an already created data archive will be used.
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1. Introduction

1.3 Thesis outline
The remaining parts of the thesis is structured as follows. Chapter 2 introduces
the reader to a theoretical background that is sufficient to understand the problem
area. Furthermore, the chapter consists of a presentation of the fundamentals of
the smart manufacturing process. Chapter 3 describes the methodology for setting
up the experiments for solving task 1 and task 2. Chapter 4 presents the obtained
results from the experiments and numerical simulations. Finally, chapter 5 discusses
the results, potential improvements, future work and lastly concludes the thesis.
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2
Theory

This chapter introduces the reader to the relevant theory that is required to un-
derstand the contents of the thesis. A large portion of fundamental knowledge
of ML will be omitted as it is assumed that the reader has a baseline knowledge
of elementary statistics and basic ML concepts. Readers unfamiliar with machine
learning are advised to read up on machine learning fundamentals given in [18] and
[19]. Here, focus is instead directed towards introducing the reader to the industrial
manufacturing setting.

Machine learning can be categorized into supervised learning, unsupervised learning,
semi-supervised learning and reinforcement learning. This thesis is restricted to the
field of supervised learning only. Thus some concepts presented in this chapter are
not defined nor can be generalized to the other fields of ML.

Section 2.1 familiarizes the reader to the product manufacturing process and devel-
opment of new industrial technology. Section 2.2 describes how data is partitioned
into different sets used for the training and evaluation of ML models. Section 2.3
describes sources of error and how these relate to model complexity and data sizes.
Section 2.4 introduces methods of estimating data sizes for training ML models.
Section 2.5 provides a detailed description of the architecture of the U-Net model
used in this thesis. Section 2.6 defines standard performance metrics in ML and
how these are generalized to the domain of defect detection. Lastly, in section 2.7 a
recent retraining method, called proactive training, is summarized from the article
by Prapas et al. Ref. [1].

2.1 Product manufacturing and inspection
This section introduces the reader to important concepts in product manufacturing.
Here, the setting for industrial smart manufacturing is described to give the reader
a perspective from where the problems, such as those mentioned in Section 1.1, may
appear in industry.

Products that are manufactured can be subject to several inspections throughout
the manufacturing process. This inspection, can be to check material properties or
the success of an assembly method [20]. The shift in product manufacturing caused
by the movement to an industry 4.0 standard has made more tasks automated or
assisted by ML models. This transition has occurred during recent years with the
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2. Theory

rapid advancement of deep learning models. This has lead to a lot of industries
facing issues with data scarcity since no prior effort have been done into building
infrastructure for archiving historical data. The process of implementing and deploy-
ing an ML model into the manufacturing pipeline can be broken down into several
steps. Development timeline models can be used to guide development of technology.
In the early stage of the development timeline is where the initial idea is presented
to replace, add or modify a part to the current production pipeline. Already at
this stage, questions such as development time, development cost, maintenance cost,
return of investment and efficacy need to be considered before the development can
start. For ML models, it is also especially important to know if machine learning is
even suitable to solve that task to begin with. If an ML model is deemed as a rea-
sonable solution, a follow-up question becomes how big of a data sample is required
to train a model representative enough that it will not underperform once deployed
in an industry-setting. Prior to the deployment step, it is necessary to perform an
evaluation and validation of the model’s performance. For inspection tasks such as
defect detection, it is of higher priority to detect larger defects that can be fatal to
the component’s life-cycle. Therefore, in addition to standard performance metrics
such as accuracy, error-rate and F1-score, probability of detection (POD) curves
are necessary to establish a relation between the size of a defect and the model’s
probability to detect it.

2.2 Data splits and training
Machine learning models, whether it be classical statistical models such as support
vector machines or deep neural networks, are parameterized using weights that are
determined numerically during their training process. Here we describe different
methods of splitting data in supervised learning.

The available data D is usually split into three subsets; training Dtr, validation Dval

and test set Dte. This split method is usually referred to as holdout validation [21].
Some authors sometimes refer to the validation set as the development set but in this
thesis the term validation set is strictly used. The training subset is used to update
the model’s weights directly through a learning algorithm. For deep neural networks,
the learning algorithm is Backpropagation [22], while for less complex ML models
such as linear regression, matrix inversion is sufficient to obtain the model weights.
Using the training set to evaluate the performance of the network introduces a bias
since the model is optimized with respect to the data set. Thus an evaluation of
the training set will be a biased estimation of the model’s generalization strength
on unseen data samples.

The validation set is used to optimize the network’s hyperparameters. Hyperparam-
eters include choices such as the architecture of the network (number of layers and
size of each layer), batch size of the data, the parameters of the optimizer and any
parameter that is not part of the network’s weights. Similarly, evaluating the model
on the validation set introduces a bias since the entire network’s hyperparameters
have been optimized with respect to the validation data.
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2. Theory

The test set is set aside during the entire training process and is used to evaluate
the model’s final performance on an unbiased data set.

It is worth noting that the different data samples can move from the test set to
the validation set and similarly from the validation set to the training set without
introducing bias issues. For example, a model can predict on a data point to test
its performance and then use that data point to update the model’s weights. In
settings where data is continually generated, for example, deployed machine learning
models that predict on incoming data or domains where data is composed of a
continual stream, prequential evaluation can be used to continually evaluate the
model’s performance on more recent data. In prequential evaluation, every training
sample is first used to test the model and then train on it [23]. Using this evaluation
method, one can establish a cumulative or running average of the model performance
instead of just evaluating it on a held-out static test set from the training process.

2.3 Types of model error
The theory presented in this section is sourced from chapter 5 of Deep learning by
Goodfellow et al. [19].

The main goal of an ML task is to learn and generalize the relevant data for the
respective task. The data can be anything from digital images, numerical measure-
ments, time series, audio recordings to text documents. The underlying process
from where the data is generated from is called the data generating process, and its
distribution is normally represented by pdata.

ML models achieve high levels of generalization by seeking to maximize the accuracy
of the model or correspondingly minimize its error. Here we analyze the concepts
using error but the corresponding interpretation exists for accuracy or general perfor-
mance metrics. The error can be categorized and broken down into different terms
that can be related to the properties of the data and the model. As mentioned in
the previous section, three important data sets (train, validation and test) are used
in holdout validation from where one can define train error etr, validation error eval

and test error ete as the model’s error on the respective data set. For a trained
network these errors are typically related as

ete ≥ eval ≥ etr. (2.1)

Since the model weights are optimized with respect to the train set, etr will greatly
underestimate the model’s true error. Similarly, the hyperparameters are optimized
with respect to the validation set so eval will slightly underestimate the true error.
For this reason, the model’s generalization error is approximated by the error on the
test set ete to avoid any bias.

The train and test error will vary depending on the model complexity. Model com-
plexity is a vaguely defined metric that measures the size of the hypothesis space,
which is the vector space of all the possible solutions that the ML algorithm can
converge to. For example, the Vapnik-Chervonenkis dimension (VC-dimension) is a
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2. Theory

complexity measure used for binary classification tasks [24]. However, this metric is
not usually used to quantify the complexity of neural networks despite there existing
bounds for very specific network configurations [25]. For deep neural networks, the
more common complexity measure, and the one prominently found in literature, is
the total number of trainable parameters in the network. One considerable downside
of this complexity metric is that the parameter count fails to include the activation
functions and the size of the network’s individual layers. In general, models with
too low of a complexity than what is required to fully capture the properties of the
data tend to showcase high training errors etr. This is because the hypothesis space
is too simple for the model to learn any complicated representation of the data.
This concept is called underfitting and an example is trying to fit a first degree
polynomial to data generated by a second first-degree polynomial. Correspondingly,
models trained with a very large complexity tend to instead have very low train
error etr since the large hypothesis space enables the model to learn overly complex
representations of the training data. However, this often leads to the unwanted
effect of overfitting where the difference between train and test error

egap = ete − etr ≥ 0 (2.2)

becomes very large. Thus one of the many challenges with training an ML model
is finding the optimal model complexity for the given task to not showcase any
underfitting or overfitting. The optimal model complexity will also depend on the
size of the available training data. In the extreme case of small sizes of training
data, the optimal complexity will be relatively small since it is hard to learn complex
representations from a low number of data points due to data uncertainty and high
noise. As the size of the training set approaches infinity the optimal complexity will
plateau and stabilize around a value that is sufficient for the model to learn the
representations from the data distribution pdata.

Finding upper bounds for the error difference egap is of interest. Generally one can
define an upper bound M to the error gap egap such that

egap ≤M, (2.3)

where M increases with higher model complexity and shrinks with an increasing
number of training instances [26]–[28]. However, these bounds are rarely used in
practice due to the fact that it is hard to define model complexity for deep neural
networks and the bounds are not generalizable to many deep learning tasks. This
makes it difficult to make theoretical estimates of model error on novel tasks and
one instead has to resort to numerical simulations and data estimation methods.

2.4 Data estimation methods
Since the field of machine learning is very diverse and covers many different problems,
topics and domains, the task of estimating how much data is needed prior to training
a model, to achieve sufficiently good performance, is difficult. The usual method
for getting precise estimates of samples sizes, is to look at prior research that has
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2. Theory

already performed a similar train-test pipeline and use their recorded values as a
starting point. However, for a novel tasks this is not possible and one needs to resort
to alternative estimation methods. Methods that estimate the size of the required
data are called sample size determination methods (SSDMs) and are categorized into
model-based and curve-fitting based approaches [29].

Model-based approaches estimate the sample size based on the characteristics of
the model, the features of the data and minimum allowed classification error. For
example, these estimation methods can range from rule of thumbs, such as one
needs ’X’ number of samples for each feature in a regression problem (these rules are
normally derived empirically) to derive conditions for the magnitude of the sample
size for shallow feed-forward neural networks [30], [31]. However, these methods are
restricted to special network architectures, which are typically shallow and do not
generalize well to different problem domains making them unsuitable for estimating
data sizes for large-scale industrial models.

Curve fitting SSDMs instead simulate the training and testing process for increas-
ing sizes of samples and fit a so-called learning curve (LC) from the recorded test
accuracies. These methods are based on the assumption that the performance of a
network increases monotonically with increasing training data and the relation has
been shown to follow an inverse power law [32].

Figueroa et al. used a curve-fitting approach to predict the required sample size to
achieve a classification performance f [33]. The study investigated model accuracy
as a function of sample size given by:

f(x; a, b, c) = (1− a)− b · xc (2.4)

where x is sample size, and the parameters a, b, c are minimum error, learning rate
and decay rate, respectively. Due to higher training variance when training mod-
els on smaller data sizes, the curve fit is weighted, where points corresponding to
larger sample sizes receive a larger weight (priority). Fitting a curve according to
Equation 2.4 from empirical data can then be done by using weighted least square
optimization.

A huge downside with curve fit based SSDM methods is that one needs to gather
a sufficiently large size of data to be able to run the simulation and achieve a high
resolution in the curve fit, which to some degree defeats the purpose of estimating
a sample size to begin with. To overcome this problem, one could instead use the
LC extrapolated from one type of data to get a sample size estimate of how much
data you need from a less available data set. This method assumes that the LC
is approximately identical for the two types of data, which is generally not true.
However, it is reasonable to expect that the LC for intra-domain data would be
similar if all other factors are kept constant (model architecture, variable ranges
etc.). Unfortunately, there has been a very limited amount of research studying the
validity of this assumption. This lack of research is most likely attributed to the
popularity in transfer learning, a method where pre-trained networks are fine-tuned
to case-specific domains, which enables ML models to easily adapt to other problem
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2. Theory

domains with substantially smaller data sets compared to training a model from
scratch [34].

2.5 U-Net

The U-Net is a deep convolutional neural network (CNN) architecture developed
and published by Ronneberger et al. [35]. More standard CNN architectures, such
as AlexNet [36], that are structured using a convolutional and classifier block, se-
quentially increase the number of feature maps from the input image through a
series of convolutional layers. These convolutional layers are often combined with
nonlinear activation functions, pooling layers and batch normalization layers to sta-
bilize the gradients of the network and to extract the most important features. After
the convolutional block, typical CNN structures have a classifier block where the ex-
tracted feature maps from the image are passed through a series of linear layers that
map to some output representation. For typical classification tasks, the output is a
probability vector p representing the network’s prediction for class i with prediction
probability pi, i = 1, . . . , |C|.

The U-Net model, in comparison, as described in its name, has a U-shaped archi-
tecture where the input image is first downscaled in downsampling blocks and then
upscaled in upscaling blocks, see Figure 2.1 for a schematic of the the U-Net archi-
tecture. The left section of the U-Net is often referred to as the contracting path
and the right section is similarly referred to as the expanding path. The respec-
tive outputs of the downsampling block in the contracting path are concatenated,
through a residual connection, with the outputs of the upscaling block with the same
corresponding shape in the expansive path. The U-Net takes as input an image I
with shape (C, H, W ) and outputs a probability map P with shape (C ′, H ′, W ′),
where C, H, W is the input image’s color channel, height and width respectively and
C ′, H ′, W ′ is the output probability map’s class probabilities, height and width re-
spectively. Depending on padding and kernel size for the convolutional layers and or
if center cropping is used in the residual connections, the shape of the feature map
in the network’s output will be either the same as the input (H = H ′, W = W ′) or
smaller (H > H ′, W > W ′). In the former case each pixel in the input image has a
1:1 relation to the output pixel, i.e the model’s classification of pixel Ii,j is given by
class ci,j = argmax(Pi,j). In the later case, the pixels in the output P correspond to
the central pixels in the input image I, meaning for the border pixels, there doesn’t
exist any relation to the output map and therefore these pixels are not classified.

For multi-class segmentation, the input image’s pixels are segmented and classified
into C ′ > 1 different classes. The U-Net structure has been shown to perform very
well in segmentation tasks where the network will label a class c to each pixel in
the input image. The original article showed this by segmenting biomedical images
into different cell structures [35]. U-Net models have also shown promising results
for detecting defects in binary segmentation tasks where the model classifies pixels
as either defects (c = 1) or background (c = 0) [37]. In the specific case of binary
segmentation, the output dimension C ′ is set to 1 and the classification of a pixel is
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Conv

Residual

Max pool

Transposed Conv.

Concatenation

I

Contracting Expanding
Input Output

Figure 2.1: U-Net architecture. The input image I passes through several con-
volutional and max pooling layers (contracting path). The downsampled input is
then upscaled through a series of transposed convolutional layers (expanding path).
Residual connections take the inputs in the contracting path and concatenate it with
the corresponding feature map size in the expanding path. Figure is replicated with
partial inspiration from the original U-Net found in Ref. [35].

defined as

ci,j =

0, pi,j ≤ θt

1, pi,j > θt

where pi,j ∈ P is the pixel probability in row i, column j in P and θt ∈ (0, 1) is a
defined threshold.

2.6 Performance metrics

Performance metrics are essential to validate an ML model’s generalization perfor-
mance. The most prominently used performance metrics for classification tasks are
precision P , recall R, F1-score F1 and accuracy A. These metrics are applicable for
multi-class classification but are usually applied in binary classification tasks where
the classes are either positive or negative. For binary classification, there are 4 pos-
sible combinations of prediction and target class, termed as true positive (TP), false
negative (FN), false positive (FP) and true negative (TN). These different combina-
tions can be summarized in a confusion matrix, see Figure 2.2. From the confusion
matrix precision P , recall R, F1-score F1 and accuracy A can be defined as
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Figure 2.2: Binary confusion matrix with the 4 different binary classification combi-
nations

P = True positive
True positive + False positive

= TP

TP + FP
(2.5)

R = True positive
True positive + False negative

= TP

TP + FN
(2.6)

F1 = 2 PR

P + R
(2.7)

A = TP + TN

TP + TN + FP + FN
(2.8)

In the domain of defect detection, the positive class (c = 1) is usually labeled as
defects and the negative class (c = 0) is considered the background or non-defects.
Using these conventions the model’s predictions can be visualized as a binary image.
These performance metrics can be viewed from the perspective of individual defects
(groups of defect pixels) or on a pixel-by-pixel basis. In the pixel case, each pixel
is assigned a class c and is compared pixel-wise to the target mask. When instead
considering a connected group of pixels, which we will refer to as defect contours, the
comparison is based on if the prediction contour and the target contour overlap or
not (one singular pixel overlap would classify as a TP). However, one might observe
that the notion of true negatives does not make sense in this regard since the black
background does not make up contours. The difference in the different perspectives
is demonstrated in Figure 2.3.

2.6.1 Probability of detection
Probability of detection (POD) is a widely used measurement metric in non-destructive
testing to assess the detection capabilities of inspection methods. In inspection tasks,
such as defect detection for aerospace components, there is a much higher impor-
tance to detect larger defects compared to smaller defects as the larger ones can

12



2. Theory

Binary prediction

(a) Prediction

Binary target

(b) Target

Figure 2.3: The binary prediction of a U-Net model (left) after a threshold has been
applied to its output P and its respective target mask (right) . White pixels are
classified as defects (c = 1) and black pixels are classified as background (c = 0).
On a pixel basis there are 3 TP, 4 FN, 5 FP and 13 TN predictions. But if instead
once considers defect contours, there are 2 TP, 1 FP and 1 FN.

potentially cause catastrophic failures once installed in vehicles. The POD curve
describes the probability that an inspection will detect a defect characterized by a
size a given by the relation

POD(a) = g(a; θ) (2.9)

where POD(a) is the probability of detecting a defect of size a and g(a; θ) is a
link function parameterized by θ. From prior research, the probit and logit link
functions are preferred to describe the POD relation for real-world non-destructive
testing inspection data [38]. For the logit link function, the POD can be described
as

POD(a) = exp (α + β ln a)
1 + exp (α + β ln a)

(2.10)

where θ = [α, β]> are the curve parameters. POD methods can be branched into
two main types, ’â versus a’ and ’hit/miss’. The â versus a method, where the
inspection process generates a continuous output signal, is mostly used in, but not
limited to, Eddy current inspections [39], [40]. In comparison hit/miss methods are
more concrete, each defect size a has a binary measure, either being a hit (1) or
a miss (0). The method for constructing POD curves is standardized in the MIL-
HDBK-1823A handbook Ref. [20]. A link function g is chosen for the data and
its respective parameters θ are estimated through maximum likelihood estimation
(MLE) [41], [42], [43]. When using the logit link function as shown in Equation 2.10,
this problem reduces to a standard binary logistic regression task. Furthermore,
confidence levels can be achieved through log likelihood ratios [44], however one is
mostly interested in the lower bound for the POD estimations when the number of
inspection samples is very small. The most interesting points on POD curves that
appear in industrial settings are a90 and a90/95 which are the sizes a for which the
defect is detected with 90% probability for the regular and 95% confidence level
POD curves respectively, see Figure 2.4 for an example of a POD curve.
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Figure 2.4: POD curve with its respective 95% estimation lower confidence level.
The 90% defect detection sizes are highlighted at a90 and a90/95 for the respective
curves. The data is gathered from an operator manually inspecting images of crack
defects and recording the sizes for which that are detected (hit) and which that are
not (miss).

2.7 Improvement methods for deployed machine
learning models

The research done on retraining methods for ML models once they have been de-
ployed is very limited and the most common method is to completely retrain the
model once more data has become available. The biggest downside to complete re-
training from scratch is that for larger models, the computational cost and training
time introduces a big problem for applications where the the input data is continu-
ally changing and deployed models can become stale. An alternative method to full
retraining (FR) is online learning (OL) where the weights of a deployed ML model
are updated whenever enough new data has been gathered to construct a new train-
ing batch. Prapas et al. [1], [45] propose a new method that lies somewhere in
between full retraining and online learning called proactive training (PT). Proac-
tive training is a continuous training method for ML models. Training data that the
model has already been trained on is part of a historical data set while newly arrived
data that is unseen to the network is kept in a separate set. Proactive training is
similar to OL where the model’s weights are updated in continuous batches instead
of full retrains. The only difference between OL and proactive training is that the
new batches in OL is made out of only new data while for proactive training, the
constructed batches are made from a mix of the historical data and the new unseen
data. Training batches in PT are characterized by a batch size B and trigger size
t. The formation of a new batch is triggered when t new data points have been
sampled or observed, where (B − t) data points are sampled randomly from the
historical set and combined with the B new data points to form a batch b. After
the constructed batch has been used for a training iteration, the t new data points
are moved to the historical set. For t = B proactive training becomes identical
to OL. By controlling the trigger size t, proactive training iterations are triggered
batch size
trigger size = B

t
more times compared to OL.
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Prapas et al. do not specify how historical data is sampled to form new batches.
Investigating different sampling methods could be of interest since there still exists a
temporal order in the historical data points that can affect the training performance.
Examples of ways to weight the historical data points is uniformly, exponentially
decreasing with time, frequency of times the data point has been used in the training
or taking the last (B − t) data points.
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Method

This chapter outlines the methodology for solving the tasks established in Section
1.1. First, in Section 3.1 the different data sets are introduced. Then in Section 3.2
the architecture of the U-Net used in this thesis is presented followed up by how the
model is trained in Section 3.3. The methodology and set of hyperparameters used
to solve task 1 and task 2 are described in Sections 3.4 and 3.5 respectively.

3.1 Data set
The data used in this thesis is image data from two different inspection tasks that
are acquisitioned internally in GKN’s facilities. The two data sets are called X-ray
and automated visual inspection (AVI). The original images from both data sets
are several thousand pixels in both height and width. These large images are then
cropped into smaller 512×512 squared images suitable for the U-Net model.

The X-ray data consists of scanned laser welds where imperfect welds give rise to
air bubbles and pores (defects), see Figure 3.1 for a full X-ray image and Figure 3.2
for smaller crops with their respective target mask. The X-ray data set consists of a
total of 37309 cropped images that are collected over the span of several years, from
2017 to 2022, see Table 3.1 for a year by year split. The X-ray images are encoded
in an unsigned 16-bit grey scale. Higher values (brighter pixels) correspond to low-
density regions, i.e air pockets and pores where the X-ray light does not penetrate as
much material while lower values (darker pixels) correspond to high-density regions
indicative of nominal welds.

Table 3.1: Year by year split of the X-ray image crops.

Year Images
2017 8884
2018 16946
2019 2597
2020 524
2021 5220
2022 3138
Total 37309
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Figure 3.1: Full 5861×6840 X-ray image taken of a weld segment. A 512×512
sliding window traverses the full images and extracts image crops that are fed to the
U-Net model. The weld regions are highlighted in the red bounding boxes. Small
white speckles along the welds correspond to pores, indicative of defects that can
potentially fail a component.

The AVI data are acquired from a camera sweeping over and scanning the surface
of metal components. There are multiple types of defects that can appear on the
surface such as scratches, dents, fingerprints, discolorations and cracks. Here we only
consider images of dents as their labeled target masks are the most similar in shape
to the ones in the X-ray data, see Figure 3.3 for smaller crops with their respective
target mask. The AVI images are encoded in unsigned 8-bit RGB. The AVI images
have no year attribute as they are generated through a proprietary augmentation
process. The AVI dataset consists of 27000 cropped images.

The cropped images, from both data sets, are preprocessed by converting their data
type to float32 and normalizing the pixel values in the range [0, 1], whereas for
the AVI images, each color channel is normalized individually. The corresponding
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(a) Image 1 (b) Image 2 (c) Image 3

(d) Mask 1 (e) Mask 2 (f) Mask 3

Figure 3.2: 512×512 X-ray crops and their respective binary target mask. Defective
pores are appear as white circular bright spots along the black weld.

binary masks to the cropped images are encoded in unsigned 8-bit to save memory.
However, during training, each batch is converted to float32 just before calculating
the loss.

3.2 U-Net architecture

The deep learning model used for this thesis is a U-Net model. The specific U-Net
architecture is inspired by GKN’s previously implemented models. The main differ-
ences are in the deep learning framework used (this model is implemented in Pytorch
while GKN’s is implemented in Tensorflow) and that 2D batch normalization layers
are added to this model. The batch normalization layers are added after each of
the convolutional blocks to maintain the magnitude of the input as it propagates
through the network, see Appendix A.1 for a detailed description of the U-Net’s
complete layer architecture. The complexity of the model is controlled through a
parameter v ∈ {1, 2, 3} ⊂ N that linearly scales the number of all the feature maps
with the factor v. The number of trainable model parameters as a function of v is
shown in Table 3.2.
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(a) Image 1 (b) Image 2 (c) Image 3

(d) Mask 1 (e) Mask 2 (f) Mask 3

Figure 3.3: 512x512 AVI crops and their respective binary target mask.

Table 3.2: Number of trainable model weights as a function of complexity parameter
v.

Model complexity v # weights (million)
1 2
2 8
3 17

3.3 Training U-Net model

Since this thesis requires training a U-Net model a repeated number of times, a brief
summary of the training process will be explained in this section. The training pro-
cess is given in Algorithm 1. First, a U-Net model M is instantiated with complexity
given by the v parameter. This is followed by loading in the data D and sectioning
it into train Dtr, validation Dval and test Dte subsets. The model’s weights w are
updated incrementally by passing batches b of the training data through the net-
work and then updating the weights according to the gradients g. The gradients are
calculated by applying the model output P and target mask T to the loss function
L and then calculating the gradient with respect to the model weight ∂L

∂w
. The loss
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function used, is a weighted binary cross entropy (WBCE) loss defined as

L(w) = 1
N

∑
pi,j∈P

w+ti,j log(pi,j) + (1− ti,j) log(1− pi,j)

where w+ is the penalty factor for the positive class, pi,j is the pixel probability of
pixel (i, j) and ti,j is its respective target. The positive penalty factor w+ is chosen as
the ratio of white pixels to black pixels in the entire train set. One epoch is defined
as one complete pass of the entire training data. After each epoch, a validation score
is measured using the validation set. Because of the large network, one epoch can
take several minutes of computational time. To prevent wasteful compute, an early
stoppage criteria is triggered whenever Np consecutive epochs yield worse validation
performance compared to the validation performance from the current best epoch.
The value Np is usually called the patience. Once the model has finished training, it
is evaluated on the test set to measure its generalization performance.

Algorithm 1: Batched training of U-Net model
1 Instantiate U-Net model M with complexity v
2 Load in all data D
3 Partition the dataset D according a random generated 80/10/10 split to define

a train set Dtr, validation set Dval and test set Dte

4 Section Dtr into batches b of batch size B
5 for epoch e ∈ {1, 2, . . . , Etrain} do
6 for batch b in Dtr do
7 P ←M(b): Pass batched input images through model M(b) to obtain

batched output probability map P
8 L← L(P , T ): Calculate the loss L by comparing output P with target

mask T
9 g ← ∂L

∂w
: Calculate batch gradients g by applying Backpropagation to

the loss function L
10 w ← optimizer(w, g): Update the model’s weights w according to the

optimizer function
11 Calculate validation metrics using Dval

12 if early stoppage criteria met then
13 stop training
14 else
15 continue

16 Evaluate the trained model’s generalization performance using the test set Dte

3.4 Task 1 - Domain validation
Prior to running the longer numerical simulations, some of the model’s hyperparam-
eters need to be manually tweaked. Since the model outputs a probability map P
for each image, one needs to determine a suitable threshold value θt to differentiate
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between black pixels (c = 0) and white pixels (c = 1). Normally for balanced bi-
nary data, a threshold value of θt = 0.5 will, in general yield the best performance.
However, for heavily imbalanced data sets, as in this case, performing threshold
tuning is essential for achieving optimal performance. As mentioned in Section 2.6
it is possible to define performance metrics based on pixels and contours. In defect
detection tasks, one is more interested in actually finding the defect compared to
predicting the exact shape of it. Therefore, the most truthful and representative
metric that one would want to maximize in an industrial setting, is given by the
contour F1-score denoted as F1C . The standard method for tuning a threshold θt

for binary classification tasks, requires one to simulate a receiver operating charac-
teristic (ROC) curve [46]. However, as mentioned in Section 2.6 one cannot define
true negatives for contours, and instead needs to resort to a precision-recall curve
(PRC). The optimal threshold θt in a PRC is given by the point corresponding to
the highest F1C score.

To establish a PRC curve, a U-Net model with complexity parameter v = 1 is
trained using X-ray images from the years 2017 to 2021 as described in Section 3.3.
Since, at this stage no suitable threshold θt had been tuned, one could not optimize
against contour metrics. Instead, validation loss was used as a optimization metric
for the early stopping criteria. The trained model is then evaluated using a subset
consisting of 300 random samples from the year 2022, measuring contour precision
PC and contour recall RC . The test evaluation is repeated several times while varying
the threshold in the interval θt ∈ (0, 1). In addition to varying the threshold, a
minimum allowable contour size sc was imposed where contours made up of fewer
pixels than sc were discarded and replaced with black pixels. The main idea with
introducing a minimum limit sc is to rule out any potential one-off pixels that are
too small to physically translate to a defect, as the model tends in some cases to
assign singular pixels a very high prediction probability pi,j. These singular pixels
can thus skew the performance metrics since a single pixel technically is a contour.
This evaluation process was repeated for a model with complexity parameter v = 2
as well to investigate whether its respective PRC would look any different and if it
would result in a different optimal threshold θt.

For task 1, the main goal is to validate and estimate the learning curves for a
U-Net model trained on two intra-domain data sets, in our case, the X-ray and
AVI data sets. In addition, comparisons between evaluations on varying sizes of
test sets will be done, from which one can establish a estimate of representative
test sizes. The main algorithm for task 1 is presented in Algorithm 2 and the
hyperparameters used in Table 3.3. From the entire data set, a static industrial set
Di of size |D|/k (k = 11) is set aside right after loading in the data D, while the
rest of the data Dr is used for the remaining process. Here the industrial set is used
to approximate a large enough data set to represent what one can expect once the
model is deployed in industry. The industrial set remains fixed throughout the entire
simulation. The main loop of the code, incrementally trains a U-Net model with
larger sizes of available training data by increasing the split s ∈ S = {s1, s2, . . . , sM}.
The available data Ds for each split s is randomly sampled from the rest data Dr.
The split data Ds is then partitioned into a standard train set Dtr, validation set
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