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Abstract

The aim of this thesis is to explore visual anomaly detection solutions for industrial
environments, with particular emphasis on quality control scenarios characterized by a
strong intrinsic 3D nature. Realistic systems are affected by challenges arising from the
unconstrained degrees of freedom in space, which demand robust and reliable methods
capable of handling complex 3D variability in real-world industrial settings.

The thesis is structured as follows: it first reviews key concepts in artificial intel-
ligence and computer vision, which provide the background for the proposed visual
quality control systems. Then, two complementary scenarios based on realistic indus-
trial settings are presented, describing the proposed architectures, providing qualitative
and quantitative results, and comparing them with other state-of-the-art methods.
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1
Introduction

1.1 General Context and Motivation

In recent years, the industrial world has been shaped by the concepts of Industry 4.0
and Industry 5.0.

Industry 4.0 builds on previous paradigms based on traditional automation and
focuses on creating automatic systems that integrate electro-mechanical automation
with digital technologies. The goal is to develop “smart” factories in which systems are
interconnected and the entire production process can be coordinated, monitored, and
optimized. This is achieved by collecting data through sensors and analyzing it in real
time using efficient digital solutions and advanced analytics.

While Industry 4.0 primarily aims at enhancing efficiency and productivity, Industry
5.0 emphasizes sustainability and the central role of human operators within industrial
ecosystems. Industry is called to invest in the human dimension by continuously devel-
oping workers’ skills and protecting their well-being; in this way, the synergy between
empowered operators and cutting-edge technologies can have a positive impact on pro-
duction performance and quality. Furthermore, technological progress should be aligned
with the responsible use of resources and the reduction of environmental impact, with
the broader goal of contributing to climate change mitigation and supporting long-term
social stability.

Both paradigms promote the adoption of advanced technologies, such as artificial
intelligence, which is intended to support rather than replace human decision-making,
robotics solutions such as collaborative robots (cobots) designed to share tasks and
workspaces with operators, and digital tools that contribute to monitoring and managing
workspaces, with the goal of increasing safety, productivity, and sustainability.

In quality control AI models are employed to analyze sensor and image data to
detect defects and reduce waste in materials, energy, and time, while cobots can take
over repetitive or hazardous inspection tasks in environments where machines in motion
and complex equipment expose operators to risk, and digital platforms can provide
real-time feedback on process conditions, enabling safer and more reliable inspection
procedures that remain centered on human supervision and expertise.
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In this context, artificial intelligence applied to computer vision plays a fundamental
role. In the last decade, a large amount of research has focused on designing intelli-
gent systems for visual tasks. These systems typically address core objectives such as
classification, object detection, segmentation, and key-point estimation.

Classification is the task of assigning a global label to an image or to a region of
interest, for example deciding whether a part is normal or defective; this label is then
used to trigger an appropriate response, such as keeping the part on the production
line or removing it. Object detection and segmentation extend this idea: in addition to
assigning a label, they also locate where objects or defects are in the image. Detection
does this by predicting bounding boxes around the instances of interest, while segmenta-
tion assigns a category to each pixel, trying to precisely match the shape of each object
or defect. Finally, key-point estimation focuses on finding specific characteristic points
on an object, which can then be used, for example, to estimate its pose and support
later inspection or manipulation steps.

The mentioned tasks are nowadays a mature technology and are already successfully
deployed in many real industrial scenarios. However, despite this considerable progress,
several challenges remain when these methods are applied to production lines. Indus-
trial environments are often complex and variable. Backgrounds, even when carefully
optimized during the initial setup, tend to degrade over time due to changing lighting
conditions, dust accumulation, or modifications in the production area. This variability
directly affects the robustness of vision-based systems, which may start to generate more
false alarms or miss subtle defects when the visual appearance of the scene drifts away
from the initial conditions.

There are also structural difficulties, since parts and materials are not always easy to
position or keep in a stable configuration. Components can move, tilt, overlap, or appear
with different orientations on conveyors, introducing an additional source of variability
that complicates automatic inspection which should remain effective even when the pose
of the objects is not perfectly controlled.

The problem of data availability adds further complexity. Defects are rare by nature,
and collecting extensive datasets of anomalous cases is difficult and often expensive. In
many applications, only a few examples are available for each type of defect, and in some
cases certain failure modes are not observed at all during development. This scarcity
limits the training of supervised methods and reduces the coverage of potential failure
modes.

In addition, building high-quality datasets requires manual labeling by experts, who
must carefully identify and classify defects on a large number of images. This process
is time-consuming and can introduce inconsistencies, especially when the distinction
between acceptable variation and real defect is subtle.

For these reasons, attention has been directed towards models that can be deployed
with minimal retraining or adapted quickly with limited supervision. Instead of col-
lecting large new datasets every time something changes in the production line, recent
approaches focus on techniques such as transfer learning and domain adaptation, where
a model trained in one setting is reused and adjusted to new conditions with only a
small amount of additional data.

In the same direction, few-shot and even zero-shot methods aim to recognize new
classes or defect types starting from very few examples or without any labeled images
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at all.
Another critical challenge is the speed of inspection. Anomaly detection must be

performed in line with production rates so that the system can provide immediate feed-
back and trigger either automatic correction by robotic mechanisms or timely manual
intervention by operators. Models must then be lightweight enough, yet still robust
to the variability of real environments, so that they can achieve both accuracy and
efficiency under such time constraints.

Finally, the geometric complexity of industrial components poses one of the most
demanding challenges. Many parts have complex three-dimensional shapes, with holes,
edges, curved areas, and very small details that can easily hide or cover defects. As
a result, these defects can be very subtle and hard to detect with standard imaging
techniques. In these cases, problems such as self-occlusion, shadows, reflections, and
changes in appearance when looking from different viewing angle become particularly
relevant and can compromise the visibility of critical areas.

Complex geometries therefore limit the effectiveness of conventional 2D vision sys-
tems and often require more advanced solutions, such as 3D sensing or multi-view setups
which must be carefully designed to ensure sufficient coverage of all relevant surfaces,
while keeping acquisition time and system complexity within acceptable limits.

For all the reasons stated above, quality control in modern industry remains an open
research problem.

This thesis, in particular, focuses on industrial visual anomaly detection, with a
particular emphasis on realistic scenarios where three-dimensionality plays a pivotal
role in the intrinsic complexity of the task.





2
Artificial Intelligence

Background

In the mid-20th century, scientists introduced the concept of artificial intelligence (AI),
defined as the simulation of human intelligence processes by computer systems. These
processes include learning, reasoning, problem-solving, and decision-making, as well as
the ability to interact with the environment and exchange information with it. AI
research has been mainly driven by two paradigms: symbolic AI and machine learning.
This chapter is based on the works [1, 2, 3, 4, 5, 6].

Figure 2.1: Schematic view of the AI field, highlighting Machine Learning (ML), Deep
Learning (DL), and Computer Vision (CV).
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2.1 Symbolic AI

The first one aims to develop algorithms that model human intelligence through explicit
representations of knowledge. It relies on high-level symbolic descriptions of problems,
using strict logical rules and formal patterns that are understandable by humans. In
practice, it tries to mimic the logical structure of human reasoning. The main advantage
of this approach is its transparency and explainability, since the correspondence with
human reasoning is direct. However, its main limitation lies in handling uncertainty,
variability, and large amounts of unstructured data.

2.2 Machine Learning

On the other hand, machine learning (ML) avoids explicit logical representations and
relies on mathematical models that learn from data and generalize to unseen cases,
performing tasks without being explicitly programmed. The advantages are evident:
these models can process complex inputs with high variability and are able to deal
with intrinsic uncertainty. A typical example is given by digital images, which can be
represented as an H × W matrix of pixels, repeated for three channels in the case of
RGB. The same scene can be captured by many different images; for instance, a slight
change in camera position produces significant differences at the pixel level, especially in
terms of pixel arrangement. Even with a fixed position, changes in environmental light
or the presence of dust can alter many pixels without being perceptible to the human
eye. Nevertheless, the global idea, concept, and information conveyed by these images
remain the same. However, these systems build their own internal representations of
knowledge with limited human control, which makes them difficult to interpret. For this
reason, machine learning models are often considered black boxes: the input and the
output are known, but the process that links them remains opaque. Another drawback
is that they usually require large amounts of data, which is often costly and difficult
to collect and manage. Finally, while these models can learn a dataset very effectively,
they often struggle to generalize beyond its scope.

2.3 Statistical Learning Theory

According to Vapnik, machine learning is rooted in statistical learning theory, which
provides a formal definition of the learning process. According to this framework, learn-
ing from examples can be described by three main elements. The first is a generator that
produces input vectors x ∈ Rn, sampled independently from an unknown probability
distribution P (x). The second is a supervisor who associates each input vector with
an output value y, following a conditional distribution P (y|x), also fixed but unknown.
The third element is a learning machine that can realize a family of functions f(x, θ),
where θ ∈ Λ represents the parameters of the model. The objective of learning is to
identify, within this family, the function that provides the best approximation of the
supervisor’s response. In practice, this selection is carried out using a training set of ℓ
independent and identically distributed observations

{(x1, y1), (x2, y2), . . . , (xℓ, yℓ)} ∼ P (x, y), (2.1)
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drawn from the joint distribution of inputs and outputs. To approximate the supervi-
sor’s response, the learning process requires a measure of the discrepancy between the
predicted value and the true outcome. This discrepancy is expressed through a loss
function L(y, f(x, θ)), which compares the output y provided by the supervisor with
the output f(x, θ) generated by the learning machine for the same input x. The overall
quality of a function can then be assessed by considering the expected value of this loss
with respect to the joint distribution of the data. This leads to the definition of the risk

R(θ) =

∫︂
L
(︁
y, f(x, θ)

)︁
dP (x, y). (2.2)

The learning task is therefore equivalent to finding, among the family of candidate
functions {f(x, θ), θ ∈ Λ}, the one that minimizes the risk R(θ). The difficulty of
this problem is that the distribution P (x, y) is unknown, so optimization cannot be
performed directly on it. The only source of information available to the learner is the
finite set of independent samples introduced above. Therefore, a common strategy is to
replace the unknown distribution with the empirical distribution induced by the training
data. In this case, the integral that defines the risk is approximated by the average of
the losses computed on the available samples. This quantity is called the empirical risk
and is defined as

R̂(θ) =
1

ℓ

ℓ∑︂
i=1

L
(︁
yi, f(xi, θ)

)︁
. (2.3)

The principle of empirical risk minimization (ERM) states that the learning machine
should select the function f(x, θ) that minimizes R̂(θ). In other words, the parameters
are adjusted in order to achieve the best performance on the training set. This provides
a practical way to approximate the optimal solution, since it relies only on observed
data rather than on the unknown probability distribution. The function f is also called
a hypothesis or a model, and these terms are used interchangeably. Within statistical
learning, two fundamental problems are usually considered: classification and regression.
For simplicity, the discussion here is limited to the binary classification case, where the
output variable, also called label, can take only two possible values, y ∈ {−1,+1}. The
objective is to teach a classifier to assign each input vector x to its proper class. During
train the loss function should penalizes incorrect predictions. A common choice is

L(y, f(x, θ)) = H
(︁
− y f(x, θ)

)︁
, (2.4)

where H(z) is equal to 1 if z ≥ 0 and 0 otherwise. This formulation enforces that the
loss is zero when the prediction f(x, θ) assigns the input to the correct class, and one
when the prediction is wrong. Learning in this setting therefore amounts to minimizing
the average number of classification errors over the available data. In regression, the
output variable is real-valued, y ∈ R, and the goal is to learn a function f(x, θ) that
predicts y from x with small error. A standard choice for measuring the discrepancy is
the squared loss

L(y, f(x, θ)) =
(︁
y − f(x, θ)

)︁2
. (2.5)

With this loss, the function that minimizes the expected risk is the regression function,



8 Chapter 2

defined as the conditional expectation

f⋆(x) = E[ y | x ] =

∫︂
y dP (y | x). (2.6)

The learning problem is therefore to approximate f⋆(x) by minimizing the empirical
risk,

R̂(θ) =
1

ℓ

ℓ∑︂
i=1

(︁
yi − f(xi, θ)

)︁2
. (2.7)

2.4 Learning Paradigms

In machine learning, there are several paradigms of learning, which differ according to
the type of training dataset available to the learner. In all these paradigms, the dataset
is split between the training set and the test set, which are used to train and evaluate
a model respectively. The two sets are disjoint in their inputs to ensure fairness in the
evaluation.

Supervised learning. In this setting, the dataset is composed of pairs of input and
output and the objective is to learn a function that maps each input to its corresponding
output.

Unsupervised learning. In this case, the learner observes only the inputs, without
any explicit output or label. The goal is to discover useful patterns or structures in the
data, such as grouping similar inputs into clusters.

Reinforcement learning. Here the learner interacts with an environment and re-
ceives feedback in the form of rewards or penalties. The task is to discover a strategy
for choosing actions that maximizes the cumulative reward over time.

Semi-supervised learning. In this paradigm the learner is provided with a small
set of labeled examples together with a much larger collection of unlabeled inputs. The
objective is to exploit the information contained in the unlabeled data, guided by the
few available labels, in order to improve the quality of the learned model. This approach
has become increasingly common, since in many real scenarios labeling is expensive or
time-consuming, while unlabeled data are abundant.

Self-supervised learning. In this setting, the supervision signal is automatically
derived from the data itself. The learner solves a pretext task, such as predicting
missing parts of the input, and in doing so acquires useful internal representations that
can later be used for downstream tasks.
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2.5 Anomaly Detection

Anomaly detection is the problem of finding patterns in the data that do not follow
the expected behavior. A dataset for anomaly detection is usually partitioned into
normal and anomalous data, with the latter class also referred to as outliers. Different
paradigms of anomaly detection resemble those commonly found in machine learning.

Supervised anomaly detection. This paradigm is characterized by the presence of
both anomalous and normal instances in the dataset, and it can be reduced to a binary
classification problem, where the labels correspond to the anomaly and normal classes.
In practice, however, this approach faces several challenges. As the word ”anomalous”
suggests, outliers are rare, otherwise they would be considered normal. This makes data
collection difficult, since the time required to gather a sufficient number of anomalies
can be large. Moreover, datasets are typically unbalanced toward the normal class,
making it difficult to learn the anomalous class, as the learning process rarely encounters
anomalies. Finally, anomalies themselves can be substantially different from each other,
which makes it infeasible to extract common patterns among them. One way to overcome
this hindrance is to augment the dataset with synthesized anomalies.

Semi-supervised anomaly detection. This is a common scenario in which the
training set is assumed to contain only normal instances, while the test set may include
both normal and anomalous values. The model is trained to capture the patterns of the
normal class, with the goal of constructing a boundary around its region in the feature
space. Any instance that falls outside this boundary is then considered anomalous.

Unsupervised anomaly detection. In this case, there is no distinction between
training and test data. The entire dataset is directly used during inference to identify
anomalous elements, under the assumption that anomalies occur much less frequently
than normal instances.

2.6 Bias and Variance

Learnable functions belong to a space, called the hypothesis space, which can be re-
stricted or enlarged with different consequences for the learning process. An hypothesis
with space too small can lead to the phenomenon called underfitting, which means
that the process has failed to capture the relevant patterns of the data. Opposite to
underfitting there is overfitting, which means that the process has learned a tight func-
tion around the training data, but fails to generalize when seeing new inputs from the
test set. Usually, underfitting occurs with simple and weak models, while overfitting
is more common with highly complex ones. Visual examples are shown in Figure 2.2.
To discuss these aspects more clearly, it is useful to introduce the concepts of bias and
variance.
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Figure 2.2: Visual examples of underfitting, good fitting and overfitting.

Bias Given a statistical model parametrized by θ, it gives rise to a distribution P (x |
θ), which generates a dataset {x1, . . . , xn}. An estimator is a function θ̂(x1, . . . , xn),
meaning that it provides an estimate of θ based on the observations {x1, . . . , xn}. The
bias is defined as

Bias(θ̂) = E[θ̂ − θ] = E[θ̂] − θ,

where the expectation is taken with respect to the distribution P (x | θ). An estimator
is said to be unbiased if the bias is equal to zero, which means that averaging the
estimator over multiple datasets drawn from P (x | θ) returns the true parameter θ. On
the contrary, if the bias is not zero, then the estimator is biased, and the interest lies
in quantifying how much it deviates from the true parameter θ. If the hypothesis space
is too restricted, this may introduce bias, since the true parameter θ could fall outside
the admissible space. Conversely, a sufficiently large space should allow the model to
capture the true parameter more accurately. Bias tries to capture the error that is
introduced when choosing the learning method.

Variance The variance is defined as

σθ̂n
=

√︂
E
[︁
(θ̂n − E[θ̂n])2

]︁
.

In this case, the interest is in measuring how much the estimator deviates from its mean
under the distribution P (x | θ). It reflects how much the estimation is influenced by the
particular dataset, since it quantifies the variability of the estimator when computed
on different train sets drawn from the same distribution. A larger hypothesis space
generally increases the variance, because with many degrees of freedom the model may
become too expressive, leading to multiple ways of fitting datasets generated by the
same underlying distribution. This results in the so called bias–variance tradeoff, which
means that usually, there is the necessity to choose between simple hypothesis spaces
with strong bias and complex spaces with high variance. Practically, to measure if
an hypothesis generalizes well enough, the model should be evaluated using a test set,
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independent from the training set.

2.7 Maximum a Posteriori and Maximum Likelihood

A common way to look at optimization problems in machine learning is through the
principles of maximum a posteriori and maximum likelihood estimation. Given a model
parametrized with θ and a dataset X, the goal of maximum a posteriori principle is to
find

arg max
θ

P (θ | X).

P (θ | X) is called posterior probability because it represent the probability of the esti-
mated model after observing the dataset. The posterior distribution is usually unknown
then, by Bayes’ rule, it is easier to rewrite the optimization problem as

arg max
θ

P (X | θ)P (θ)

P (X)
= arg max

θ
P (X | θ)P (θ),

where the denominator has been removed because it is independent from θ. P (θ) is the
prior and can be assumed to be independent from θ. In such a case, the problem can
be rewrite as

arg max
θ

P (X | θ),

leading to the formulation called maximum likelihood estimation. If it is assumed that
the xi ∈ X are i.i.d , which means independent and identical distributed, then the
likelihood can be expressed as

arg max
θ

P (X | θ) = arg max
θ

n∏︂
i=1

P (xi | θ).

By applying the logarithmic function, this expression can be reduced to

arg min
θ

(︂
−

n∑︂
i=1

logP (xi | θ)
)︂
,

which is easier to compute, since it is written as sums and not as products.

2.8 Model Selection

Usually, many different models can be formulated to solve the same learning problem.
These models can be intrinsically different because the solutions differ methodologically,
or they may belong to the same methodological class and differ only in a few structural
parameters. In the latter case, these parameters are called hyper-parameters; they differ
substantially from the other parameters because they do not belong to the learning
process, but are selected directly by the designer of the learning model. As already
mentioned, models are validated by testing them against the test dataset. In the case of
multiple models that differ only in their hyper-parameters, it would be unfair to select
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the one that performs best on the test set. Instead, a separate dataset is required,
called the validation set, whose purpose is to compare models with different hyper-
parameters and select the one that performs best on it. After selecting the best model,
it is then evaluated on the test set.

It may happen that the entire dataset is not large enough to be split into training,
validation, and test sets. In such cases, the common procedure is to perform k-fold
cross-validation. This consists of dividing the entire dataset into k folds and running
an iterative process for k rounds. In each round, one fold is taken as the test set and the
remaining folds as the training set. The model is trained and evaluated in every round,
and finally the scores are averaged across the k results.

This procedure, however, does not take into account hyperparameter tuning. For
this reason, it is often preferable to perform nested cross-validation. This is a nested
procedure made of two loops, called the outer loop and the inner loop. First, the dataset
is split into folds as in standard cross-validation: in each outer round, one fold is retained
for testing and the remaining folds form the outer training set. The outer training set
is then further split into new inner folds. At each round of the inner loop, one inner
fold is used as the validation set, while the others are used for training. These inner
rounds are used to train and evaluate models with different hyper-parameters. After
completing the inner loop, the scores of the models with the same hyper-parameters
are averaged, and the hyper-parameters that achieve the best average performance are
selected. The model is then retrained on the entire outer training set with the selected
hyper-parameters and finally evaluated on the outer test fold. After completing all outer
rounds, the results are averaged to obtain the final performance estimate.

This procedure evaluates the overall performance of the model while properly ac-
counting for hyperparameter tuning. However, it does not directly provide the model
with the selected hyper-parameters for deployment in a real scenario. Indeed, to finally
choose the best hyper-parameters, a new simple k-fold cross-validation can be run on the
entire dataset. The models with different hyper-parameters are tested on the validation
folds, their results are averaged, and the model with the best average performance is
selected. Importantly, the reported performance should always be the one derived from
nested cross-validation, since it provides the most reliable estimate of generalization
ability.

The illustrated procedure, though exhaustive, lacks practicality, as it may take too
long to evaluate all the different hyperparameter configurations. If the number of hyper-
parameters is small, this can be done through grid search, which consists of testing all
possible combinations. Otherwise, it is common to perform manual tuning, which relies
on intuition and prior knowledge to guess the most promising hyperparameter values.

2.9 Evaluation Metrics

When dealing with classification, and consequentially with anomaly detection, the qual-
ity of the model is assessed considering its ability of correctly classifying the instances
within their class respect an external judgment taken as truthful which is called ground
truth. In binary classifications classes are called positive and negative class and every
decision of the model can be classified in four categories, based on the truthfulness of
the prediction. If the model predicts correctly for the positive class then the result is a
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true positive TP ; similarly if it predicts correctly the negative class then the results
is a true negative TN . If an element belonging to the negative class is classified as
positive then the results is a false positive FP ; finally, if a positive element is classified
as negative then the result is a false negative FN . These four categories allow the
definition of precision, recall and accuracy, which are metrics defined as

Precision =
TP

TP + FP
,

Recall =
TP

TP + FN
,

Accuracy =
TP + TN

TP + TN + FP + FN
.

Precision measures the ability of a classifier to avoid the wrong classification of negative
elements as positive. High precision is therefore obtained when the number of FP is
low. Recall, on the other hand, measures the ability to identify all positive elements
without leaving any out; high recall is achieved when the number of FN is low. These
metrics evaluate the performance of the system with respect to the positive class, which
is usually the one of primary interest. However, it is also possible to calculate precision
and recall with respect to the negative class by applying the same formulas and swapping
the roles of positive and negative. In this case, the resulting metrics are called negative
predictive value and true negative rate, respectively. Accuracy, on the other hand,
considers both classes simultaneously and measures the proportion of correct predictions
over the total number of predictions.

The F1 score is the harmonic mean of precision and recall, and it is used as a summary
metric that takes both into account simultaneously.

F1 =
2 · Precision · Recall

Precision + Recall
.

The metrics introduced so far require the model to make a hard prediction, meaning that
the output must be a specific class label. In this case, the model assigns each instance
directly to one class, for example positive or negative. However, many models naturally
produce soft predictions, that is, continuous scores or probabilities indicating the degree
of belonging to a class. Relying only on hard predictions prevents the evaluation of
models in this more general setting, since the richer information contained in soft outputs
is ignored. For this reason, the AUROC was introduced. It measures the performance
of a model without requiring hard decisions, as it operates directly on the soft scores
and does not depend on fixing a specific threshold to convert them into class labels.
Before introducing AUROC it is necessary to define the false positive rate

FPR =
FP

FP + TN
=

FP

N
.

The false positive rate (FPR) measures the proportion of false positives with respect
to the total number of elements belonging to the negative class. The true positive rate
(TPR), instead, coincides with the already defined recall, as it measures the proportion
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of true positives with respect to the total number of elements belonging to the positive
class. Figure 2.3 shows all the introduced concepts for binary classification.

Figure 2.3: Binary classification schema.

When dealing with soft scores, both TPR and FPR are functions of the threshold
chosen as the decision boundary for classification. The ROC curve is defined in the x-y
plane, where the FPR is plotted on the x-axis and the TPR on the y-axis. Choosing a
threshold value t, it is possible to compute the pair (FPR(t),TPR(t)), which corresponds
to a point on the ROC curve. By varying t, the entire ROC curve can be drawn. An
example is shown in Figure 2.4.

Finally, the AUROC is defined as the area under the ROC curve. Since TPR and
FPR vary between zero and one, the maximum value of AUROC is one, which corre-
sponds to the area of the unit square. The ROC curve is monotone: by increasing the
threshold for accepting an element as positive, fewer elements are classified as positive,
which reduces both FP and TP , leading to lower values of FPR and TPR. Conversely,
lowering the threshold makes it easier for elements to be classified as positive, which
increases both FP and TP , and decreases TN and FN , thereby increasing both FPR
and TPR.

So far, the discussion has focused on binary classification, but the introduced con-
cepts can be extended to multiclass classification as well. The idea is to reduce the
multiclass problem to multiple binary classification tasks. This can be done in two
ways, known as one-vs-rest and one-vs-one. In the first case, each class is considered
in turn as the positive class, while all the other classes are grouped together and treated
as the negative class. In the second strategy, every possible pair of classes is considered,
and one is treated as positive while the other is treated as negative.

In these settings, the metrics already introduced can be computed, but they need
to be summarized into a single value through averaging. Two common approaches are
macro averaging and micro averaging. In the case of macro averaging, the metric
is the arithmetic mean of the values computed for each class, thereby assigning equal
weight to all classes. In the case of micro averaging, the counts of TP , FP , TN , and
FN are aggregated across all classes before computing the metric, which gives equal
weight to the individual instances rather than to the classes.
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Figure 2.4: AUROC.

2.10 Deep Learning

Deep learning is a subset of machine learning that focuses on models based on specific
architectures called deep neural networks, and all the principles described earlier still
apply to deep learning. In this framework, the models are learnable functions defined
by inputs, outputs, and parameters that are adjusted during training which are also
called weights. This reflects the general principle of machine learning, where the goal is
to approximate an unknown function through learning from data. Compared to other
classical approaches, the power of neural networks lies in the fact that the number of
parameters is on the order of millions, and in many cases can be far greater. At first
sight, this aspect might seem to limit their practical applicability, since a larger num-
ber of parameters implies longer training and deploying times; moreover, as discussed
earlier, many degrees of freedom usually lead to poor generalization and models prone
to overfitting. The success of deep learning, however, resides in its ability to address
these issues, resulting in models that are both large and general, while still allowing
their application in realistic time frames. This is made possible by two key ingredients:
GPUs and big data. GPUs are specialized hardware capable of executing a large num-
ber of computations in parallel; algorithms must be designed to exploit parallelization,
and deep learning architectures are particularly well suited for this. On the other hand,
neural networks require large amounts of data for training in order to achieve suffi-
cient generalization and while big datasets were rare in the past, they are now widely
available.

2.10.1 Perceptron

Before introducing neural networks, it is necessary to discuss the fundamental building
block, the perceptron. It is a mathematical model of a biological neuron and can be
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described as a parametrized function. It is defined as

f(x) = h

(︄
n∑︂

i=1

wixi + b

)︄
(1)

where xi are the input features, wi are the learnable weights, b is the bias term, and
all of them are real numbers; h is the activation function. An example is shown in Figure
2.5. When it was first proposed, h was the sign function, which returns 1 if the input is
greater than or equal to zero and -1 otherwise. However, many variations of h have since
been introduced. Modern activation functions are typically differentiable, which allows
the use of gradient-based optimization methods for training neural networks. The most
common choices include:

• Sigmoid:

h(z) =
1

1 + e−z
,

which maps the input into the range (0, 1).

• Hyperbolic tangent (tanh):

h(z) = tanh(z),

which maps the input into the range (−1, 1) and is symmetric around the origin.

• Rectified Linear Unit (ReLU):

h(z) = max(0, z),

which is widely used due to its simplicity and effectiveness in deep networks.

Figure 2.5: Perceptron.

The perceptron was originally introduced as a stand-alone binary classification model.
Its training is performed through gradient descent, an optimization method that re-
lies on the computation of the gradient of a cost function f : Rn → R. This procedure
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makes it possible to iteratively approach a minimum of the function. Given a point
x0 ∈ Rn, the gradient

∇f(x0) =
∂f

∂x

⃓⃓⃓⃓
x0

indicates the direction of the steepest local increase of f in a neighborhood of x0. Taking
a step of length ϵ > 0 in the direction of the gradient produces the maximum increase
of the function achievable with a step of that length. On the other hand, moving in
the opposite direction it produces the maximum decrease of the function. Since this is
a local property, it does not guarantee reaching an optimum point (a maximum or a
minimum) within a single step. For this reason, the procedure is repeated iteratively:
starting from an initial point, the gradient is computed, a step toward the minimum is
taken, and a new point is reached. From this new point the procedure is repeated, and
so on, until convergence. The goal is to reach a global minimum, which is the point
of lowest possible cost; however, in practice the procedure often converges only to a
local minimum. Informally, a local minimum is a point that is optimal with respect to
its neighborhood, but from which better minima may exist elsewhere. The algorithm
terminates once convergence has been achieved, meaning that no further significant im-
provements in the cost function are observed, which is hopefully a sign that a minimum
has been reached. Training a perceptron in the classical supervised setting requires the
definition of a cost function, generally referred to as the Loss. Given an input vector
x and a target value y, the perceptron is expected to learn a mapping from x to y. In
practice, this means that

ŷ = h

(︄
n∑︂

i=1

wixi + b

)︄
should approximate y as closely as possible. The optimization is carried out with respect
to the perceptron weights w. Let the training dataset be defined as

D = {(x(j), y(j)) | j = 1, . . . ,m},

where each x(j) ∈ Rn is an input vector and y(j) is the corresponding target value. For
a given example (x(j), y(j)), the output of the perceptron is

ŷ(j) = h

(︄
n∑︂

i=1

wix
(j)
i + b(j)

)︄
.

Accordingly, the total error over the entire dataset is expressed as

L(w) =

m∑︂
j=1

Loss

(︄
h

(︄
n∑︂

i=1

wix
(j)
i + b(j)

)︄
, y(j)

)︄
.

Once a step size ϵ > 0 (the learning rate) has been chosen for gradient descent, the
update rule for the weights is

w(t+1) = w(t) − ϵ∇w L(w(t)),
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where the gradient is computed with respect to the total loss function, and t denotes
the iteration index.

As already stated, gradient descent is an iterative algorithm and requires an initial
state; the easiest way is to initialize randomly the weights. An improvement of gradient
descent is stochastic gradient descent which differs from the previous technique
because for every iteration it does not take the entire batch of examples to compute the
total loss, but at every step is selects just one element j, such that the loss is only

L(w) = Loss

(︄
h

(︄
n∑︂

i=1

wix
(j)
i + b(j)

)︄
, y(j)

)︄
.

The main advantages are that at each iteration the computation of the loss is fast, since
it only requires evaluating a single training example, and that the inherent stochasticity
can sometimes help to escape local minima, as the optimization is guided by different
gradients across the training examples.

2.10.2 Feedforward Networks

Figure 2.6: Feedforward neural network.

The original perceptron model is not powerful enough to solve complex tasks, as
it can only represent linear functions. A classical example is the computation of the
XOR operation between two boolean variables, which cannot be achieved with linear
models. This limitation led to the idea of stacking multiple perceptrons together. The
simplest architecture based on this idea is the feedforward network, also called multilayer
perceptron. As the name suggests, it is composed of several layers of neurons, where the
outputs of one layer are forwarded and used as inputs for the next. Each neuron can be
regarded as a perceptron and follows the mathematical model described in Equation (1),
with the activation function h selected among those introduced earlier. Every neuron
has its own learnable weights, which act as coefficients in the linear combination of the
outputs of the neurons from the previous layer, before the result is passed through the
activation function. All the intermediate layers between the input and the output are
referred to as hidden layers. In standard feedforward networks, the output of any
neuron in a given layer cannot be used as input for neurons in the same layer. This
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property makes the computation parallelizable across neurons within a layer, since each
neuron depends only on the outputs of the previous layer. The first layer takes as input
the data from the dataset, while the last layer, called the output layer, produces the
predictions. An example is shown in Figure 2.6. Its structure may vary depending on the
task for which the network is designed. In the case of binary classification, the output
consists of a single neuron with a sigmoid activation function. Since its values range
between 0 and 1, a threshold at 0.5 makes it straightforward to separate two classes. To
guide the learning process in binary classification, where class labels are represented by
the values {0, 1}, a common choice for the loss function is the binary cross entropy,
defined as

Loss(y, f(x)) = − (y log f(x) + (1 − y) log(1 − f(x))) .

The structure is fully differentiable, and it is easy to see that when the correct class
is 0, the model is encouraged to predict f(x) close to 0, since this value minimizes the
term − log(1 − f(x)). Conversely, when the correct class is 1, the prediction is pushed
toward f(x) close to 1, as this minimizes the term − log f(x). In the case of multiclass
classification, the output layer, also called the logits layer, contains a number of neurons
equal to the number c of classes. Each logit oi(x) is then transformed by applying the
softmax function:

fi(x) =
exp oi(x)∑︁c
j=1 exp oj(x)

.

The softmax function maps all logits to values greater than zero and normalizes
them so that their sum equals one. In practice, it represents the logits as a probability
distribution over the c classes. The prediction is then obtained by selecting the class
with the highest probability:

y∗ = arg max
i∈[1,c]

fi(x).

Training for multiclass classification is carried out using the cross-entropy loss. Given
the correct class y ∈ [1, c], the loss is defined as

Loss(y, f(x)) = − log fy(x),

where fy(x) denotes the probability assigned by the model to the correct class. In this
way, the training process encourages the model to maximize the score of the true class,
so that it is predicted with the highest probability. In the case of regression, the output
neuron directly produces the predicted real value. The error function commonly used
to train the model is the mean squared error (MSE):

Loss(y, f(x)) = (y − f(x))
2
,

where f(x) = o(x) denotes the output of the last neuron.

The universal approximation theorem states that a feedforward neural network
with a single hidden layer containing a finite but sufficiently large number of neurons, and
with a sigmoidal activation function (or, more generally, any non-constant, bounded,
and continuous activation function), is capable of approximating arbitrarily well any
continuous function defined on a compact subset of Rn. This result demonstrates the
expressive power of feedforward neural networks, but it does not provide a practical
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method for constructing the required model, since it is only an existence theorem.

Since neural networks are parametrized with millions of parameters, it would be im-
practical to repeat the entire optimization procedure for each weight without efficiently
sharing computations across neurons. The procedure that enables this parallelization is
called backpropagation, whose purpose is to propagate the learning signal backward
from the output layer to the input layer, in the opposite direction with respect to the
forward pass used for computing the loss. The idea behind backpropagation is that the
computations in each layer depend on inputs that are functions of the weights in the
previous layers. When differentiating with respect to the weights of earlier layers, the
general chain rule can be applied.

In the classical one-dimensional form it is written as

(f ◦ g)′(x) = f ′(g(x)) · g′(x),

where (f ◦ g)(x) = f(g(x)) with f, g : R → R.

In the general multivariate setting, let

f : Rm → R, g : Rn → Rm,

and consider the composition h(x) = f(g(x)). The chain rule then states that

∇h(x) = Jg(x)⊤ ∇f(g(x)),

where Jg(x) denotes the Jacobian of g at x, and ∇ the gradient. Equivalently, it can be
written as

∇f
(︁
g1(x), . . . , gm(x)

)︁
=

m∑︂
i=1

∂f

∂yi

(︁
g(x)

)︁
∇gi(x), (2)

where ∂f
∂yi

denotes the partial derivative of f with respect to its i-th argument, evaluated

at g(x).

The following derivation of backpropagation, shown in Figure 2.7, considers the sim-
plest setting, namely a feedforward neural network composed of N hidden layers plus
the output scalar layer. This choice does not reduce generality, since with appropriate
modifications the procedure can be adapted to any specific architecture. The proce-
dure starts with the differentiation at the output layer and proceeds backward toward
the input layer. To facilitate the formulation, it is useful to introduce the following
definitions:

aj =

n∑︂
i=1

w
(j)
i x

(j)
i + b(j), ϕj = h(aj),

where j is the index of a neuron, aj is its pre-activation value, and ϕj is its output after
applying the activation function h.

Backpropagation requires computing for every weight i belonging to the neuron j

∂ Loss(W )

∂w
(j)
i

,

where W denotes the set of all weights.
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Figure 2.7: Backpropagation.

The computation of the local derivative is straightforward:

∂aj

∂w
(j)
i

= x
(j)
i ,

since aj is a linear combination of the inputs.

The procedure starts from the output layer, where

δo =
∂ Loss(W )

∂ao
,

with o denoting the output neuron. Then,

∂ Loss(W )

∂w
(o)
i

= δo
∂ao

∂w
(o)
i

.

This computation depends only on the chosen loss function. Similarly to the principle
of mathematical induction, the next step consists in showing how to compute the gra-
dients with respect to the weights of neurons in layer m, under the assumption that the
corresponding computations are already available for layer m + 1.

Let p denote a neuron belonging to layer m, and let ch[p] be the set of neurons in
layer m+ 1 that receive ap as input (the children of p). The loss with respect to ap can
be regarded as a function

Loss(ap) : R → R,
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which can be expressed as the composition of two functions:

f : R|ch[p]| → R, g : R → R|ch[p]|,

where |ch[p]| denotes the cardinality of the set ch[p].
Specifically,

f(aq1 , . . . , aq|ch[p]|) = Loss(aq1 , . . . , aq|ch[p]|), qi ∈ ch[p],

and
g(ap) =

(︁
aq1(ap), . . . , aq|ch[p]|(ap)

)︁
.

By applying the chain rule in the form given in (2), it follows that

δp =
∂ Loss(W )

∂ap

=
∑︂

q∈ch[p]

∂ Loss(W )

∂aq

∂aq
∂ap

=
∑︂

q∈ch[p]

δq
∂aq
∂ϕp

∂ϕp

∂ap

=
∑︂

q∈ch[p]

δq wqp
∂ϕp

∂ap
,

where wqp denotes the weight associated with the connection from neuron p to neuron
q, that is, the weight multiplying the activation ap when computing the input of neuron
q. The obtained derivation shows that δp depends only on the δq values belonging to
the next layer, as well as on the computation of ϕp. The latter is straightforward to
evaluate, since it is a continuous function determined by the chosen activation. The
terms δq, instead, are obtained during the backward pass, once the gradients for layer
m + 1 have been computed.

2.10.3 Modern Networks

Convolutional Neural Networks In computer vision, inputs are typically images,
which can be represented as three-dimensional arrays of size C ×H ×W , where H and
W denote the height and width of the image, and C denotes the number of channels.
For RGB images, C = 3. Unlike punctual data, images are structured data: pixels that
are far apart usually carry independent information, while pixels in the neighborhood
of a given location jointly convey additional information beyond their individual values.
Convolutional networks are specifically designed to preserve the spatial structure of the
data. The discrete convolution between two two–dimensional inputs f and g is defined
as

(f ∗ g)(i, j) =
∑︂
a

∑︂
b

f(a, b) g(i− a, j − b),

where (i, j) denotes the spatial position in the output. In this formulation, the function
f acts as the kernel or filter, while g denotes the input signal like images. The indices
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a and b span the spatial support of the kernel, which is typically restricted to a small
neighborhood around the position (i, j). This locality enables the convolution to extract
features by combining information from pixels that are spatially close, while disregard-
ing distant ones. The previous two-dimensional definition can be naturally extended to
the general case of multi-channel inputs and outputs, as in the case of RGB images. For
the input, the convolution is applied channel-wise, and the resulting contributions are
summed across channels. Moreover, the input signal g can be convolved with multiple
filters, each producing a distinct feature map. By concatenating these feature maps, the
output acquires as many channels as the number of filters employed in the convolutional
layer. A neural network that includes convolution operations is called a convolutional
neural network (CNN). In this architecture, the learnable parameters correspond to
the weights of the convolutional filters. The convolution operation is used to manipulate
and extract local information, and it usually preserves the spatial dimensions of the in-
put. However, at certain stages it becomes necessary to aggregate local information and
produce a more abstract representation. This is achieved through pooling operations,
which apply a sliding window over the input and compute, for each position, either the
maximum or the average value within the window. Since pooling introduces no learnable
parameters, it is a fixed operation that reduces the spatial resolution of the input. In the
case of multi-channel inputs, pooling is applied independently to each channel, so that
the number of channels remains unchanged, while the height and width are reduced ac-
cording to the size and stride of the pooling window. Another important component of
modern deep neural networks is batch normalization. This operation can be applied
after any of the common layers in a network and requires training with mini-batches of
data. For each randomly selected mini-batch B, the forward pass is computed, the total
error is accumulated, and the backward pass is then performed. The normalization is
carried out by applying the following transformation to the activations:

BN(x) = γ ⊙ x− µ̂B

σ̂B
+ β,

where µ̂B and σ̂B denote the mean and standard deviation of the batch B. Each
activation is thus centered and scaled so that the batch has approximately zero mean
and unit variance. The parameters γ and β are learnable, and allow the network to
restore an appropriate scale and shift if needed, ensuring that the normalization does not
reduce the representational power of the model. Batch normalization improves training
stability by keeping activations within comparable ranges, thereby reducing the risk that
different layers operate on values with very different magnitudes. This standardization
often has also a regularizing effect that can reduce overfitting. When dealing with deep
neural networks, the learned weights can sometimes behave unpredictably and lead to
problematic situations. For instance, if the weights of a layer converge towards zero, the
output of that layer will also be close to zero, causing the propagated signal to vanish.
To mitigate this issue, residual connections are introduced, allowing the information
from previous layers to be directly incorporated into the current computation.

Given an activation function h and weight matrices W and V , a residual block can
be expressed as

y = h
(︁
x + V · h(W · x)

)︁
,
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where the term V · h(W · x) represents the residual. In this formulation, the input
x from the previous layer is directly forwarded to the output and combined with the
transformed signal produced by the block. The matrix V modulates the contribution of
the residual: if V = 0, the block reduces to the identity mapping. Since V is a learnable
parameter, the network can adaptively control how much the residual modifies the
propagated input.

Another technique used to reduce overfitting is dropout. It is applied during train-
ing and consists in deactivating, with a random probability p, some of the units of the
network. This is done independently at each forward–backward pass, with the set of
deactivated units changing every time. During backpropagation, no information flows
through the deactivated units. Dropout reduces overfitting by preventing the network
from relying too heavily on specific connections, effectively reducing the number of active
parameters at each pass and encouraging better generalization.

Transformers Although convolutional networks are particularly effective in computer
vision, where data is highly structured, other architectures have been shown to outper-
form them in various contexts. These architectures are called transformers and are
applied to many varieties of tasks. The building block of transformers is the so-called
self-attention.

Figure 2.8: Attention mechanism output. By Zhang, Aston; Lipton, Zachary C.; Li,
Mu; and Smola, Alexander J. (2023). Source: https://github.com/d2l-ai/d2l-en.
Licensed under CC BY-SA 4.0 (https://creativecommons.org/licenses/by-sa/4.
0/).

This mechanism works extremely well with complex and structured data, such as
text and images, where every part of the input can be semantically linked with any
other part regardless of its position. These parts are called tokens, which represent
the semantic entities of the input. Since every token can have strong semantic relations

https://github.com/d2l-ai/d2l-en
https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/
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with some tokens and weak relations with others, it is important to capture the context
of each token by emphasizing its strongest links. This is achieved through self-attention.
In abstract, the attention mechanism operates on three elements: queries Q, keys K,
and values V . The values represent the information associated with each token. Each
value is a vector of length l, and if the input sequence contains m tokens, then there
are m values in total, so that V ∈ Rm×l. The keys represent the information used to
retrieve the corresponding values. Each key is a vector of dimension d, and there is one
key for each value; therefore K ∈ Rm×d. Finally, the queries are the elements used to
interrogate the set of keys in order to retrieve the values. Each query is also a vector
of dimension d, and there can be n queries in total, so that Q ∈ Rn×d. Given a query
q ∈ Q, the attention mechanism computes a weight for each key ki ∈ K, which is then
used to combine the corresponding values vi ∈ V . The resulting output is a weighted
sum of all the values:

Attention(q) =

m∑︂
i=1

α(q, ki) vi,

where α is a function that computes a scalar weight from q and ki. The weights α(q, ki)
are required to form a probability distribution over the elements in V , meaning that they
must be non-negative and sum to one. This ensures that the values in V are combined
consistently, and that the overall scale of the output does not depend on the particular
query q. To enforce this property, the softmax operation is applied. Hence, for every
query q the attention weights are computed by applying the softmax function:

α(q, ki) =
exp

(︁
q⊤ki/

√
d
)︁∑︁m

j=1 exp
(︁
q⊤kj/

√
d
)︁ ,

where m is the number of keys and the factor
√
d is introduced to keep the variance

of the dot product under control. This operation is carried out independently for each
query q ∈ Q. In matrix form, the attention mechanism can be expressed compactly as

softmax

(︃
QK⊤
√
d

)︃
V ∈ Rn×l,

where the softmax is applied row-wise, that is, separately for each query. In self-
attention, the goal for each token is to capture its relationships with all the other tokens.
For this reason, the number of queries n and the number of values m equal the number
of tokens.

The general structure of a transformer consists of a trainable encoder and decoder.
The encoder is responsible for extracting a contextual representation of the input se-
quence through the self-attention mechanism. The resulting context is then passed to
the decoder in the form of keys and values. The decoder generates the output sequence
token by token. To model the dependencies among the tokens that have already been
produced, it also employs self-attention. However, in this case a masked self-attention
mechanism is applied: each token is allowed to attend only to itself and to previous to-
kens, but not to future ones, ensuring causality during generation. In addition, the
decoder makes use of encoder–decoder cross-attention. Here, the queries are de-
rived from the decoder states (corresponding to the partially generated output), while
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the keys and values come from the, already mentioned, encoder representations of the
input. This allows each generated token to depend not only on the previously generated
tokens, but also on the global context provided by the encoder. This architecture was
originally designed for text, as it naturally handles sequential data. However, it has also
been extended to the vision domain with the Vision Transformer (ViT). In this case,
images are divided into patches, and each patch is treated as a token. In the original
ViT, only the encoder is used: it captures the relationships between patches through
self-attention, and the resulting contextual representation is employed for classification.
Other vision transformers, instead, also make use of a decoder. This is typically the
case in tasks such as the reconstruction of partially masked images. Here, the image is
divided into patches and a subset of them is masked. The encoder processes the visible
patches to build a contextual representation, while the decoder takes this representation
and attempts to reconstruct the full image, including the masked patches.

2.10.4 Transfer Learning

Beyond architectural design, the strength of neural networks lies in their ability to
generalize when trained on large amounts of data. However, powerful models require
training on massive datasets, which comes with long training times, high energy con-
sumption, and significant human effort, especially in the case of annotated data. As
a result, retraining every model from scratch is often too costly, particularly when the
same model must be deployed across different scenarios. To address this issue, the con-
cept of transfer learning has been introduced. The idea is to exploit models that have
already been trained on large datasets and adapt them to the task at hand. A common
approach is fine-tuning, which consists of taking a pretrained model, freezing its initial
layers, and retraining only the final layers to match the requirements of the new task.
In this way, the pretrained model retains the general knowledge it has already acquired
across many domains, while fine-tuning serves as a specialization step that adapts this
knowledge to the specific task. This approach is commonly employed with models for
classification as well as for tasks such as localization and segmentation, which will be
described in the following chapters. Pretrained models are downloaded and fine-tuned
on smaller, task-specific datasets in order to adapt them to the number of classes re-
quired by the task. Another approach to transfer learning consists of retaining only the
backbone of a pretrained model, regardless of whether it was trained in a supervised
or self-supervised fashion. In this case, the final layers dedicated to the original training
task are discarded, and the backbone is used purely as a feature extractor. Typically,
the backbone is frozen and additional task-specific layers are trained on top of it, so
that the pretrained representations can be reused effectively in downstream tasks.

2.10.5 Augmentation

In real-world scenarios, unlike competition settings where data is often abundant, the
problem of data scarcity is common. In particular, the issue may not lie in the nu-
merical quantity of data, but rather in the fact that it is often collected under very
similar conditions. This is problematic because neural networks tend to generalize only
within the range of variations they have already seen, and are not able to invent new
ones from scratch. In practice, environments can be highly dynamic, with variations
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in illumination, perspective, and background. To address this issue without the need
to imagine and collect all possible scenarios, a common strategy is to apply data aug-
mentation. This consists of artificially perturbing the available data through various
transformations, with the goal of filling gaps in the distribution that are not covered by
the dataset itself. In the case of images, the most common augmentations include:
- Flipping: mirroring the image horizontally or vertically;
- Cropping: extracting a subregion of the image, simulating zoom or partial visibility;
- Shearing: applying a geometric transformation that slants the image along one axis;
- Color jittering: randomly altering brightness, contrast, or color balance to simulate
different lighting conditions.





3
Computer Vision

Computer vision is the field that deals with computer systems that extract and pro-
cess information from images and videos. Its two main tasks are reconstruction and
recognition. The goal of reconstruction is to model the physical world from a set of
images by creating a geometric representation that resembles it. The goal of recogni-
tion, instead, is to extract semantic meaning from images, where the notion of semantics
depends on the specific task being performed. This chapter is based on works [7, 8].

3.1 Recognition Tasks

Image Classification. The goal of classification is to assign a general semantic label
to the entire image. Traditional convolutional networks are well suited for this task:
they process the whole image and output a discrete probability distribution over the
available classes, typically using a softmax function.

Semantic Segmentation. This task goes beyond image classification, as it aims to
assign a semantic label to each pixel of the image. In this way, the extracted information
is more detailed, since it provides localized semantics that cover the entire image. The
output is generally a mask of the same size as the input image, where each pixel contains
an integer label indicating its class. The background is treated as a special class, usually
indexed as zero. Models are not explicitly designed to detect it, since there is generally
no real interest in identifying the background itself. Rather, its identification is a side
effect of recognizing the other classes, as the background is simply defined as everything
that does not belong to the target classes.

Object Detection. The goal of object detection is to locate in an image all the
instances belonging to the selected classes, with a bounding box that tightly encloses
the object. In most cases, bounding boxes are rectangles with sides parallel to the image
axes. A more precise variant of the task is to predict rotated bounding boxes, which
also requires estimating the orientation angle of the box in addition to the classical
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parameters: the coordinates of the center and the lengths of the sides. Each bounding
box must also be assigned to the correct semantic category.

Instance Segmentation. A limitation of semantic segmentation is that multiple ob-
jects of the same class within a single image are not distinguished from one another:
they are all assigned to the same semantic category. In many scenarios, however, it
is crucial to separate different instances of the same class. This is the objective of
instance segmentation, which combines semantic segmentation with object detection.
The output includes both semantic masks and instance masks. The latter are similar in
structure to semantic masks, but each pixel is assigned an integer label that identifies
the specific instance it belongs to. Instance segmentation can also be seen as a way to
perform object detection, since bounding boxes can be easily derived from the instance
masks by surrounding each mask with the corresponding box.

3.2 Metrics

Semantic segmentation can be regarded as pixel-level classification and, similarly to
image classification, it follows the standard metrics for classification introduced in the
previous chapters. Each pixel is assigned a predicted label, which can result in a TP ,
TN , FP , or FN . By considering all the classified pixels across the entire dataset, it is
possible to compute metrics such as accuracy, precision, and recall. In these computa-
tions, however, the background class is usually excluded, since it does not represent a
semantic category of interest. In segmentation, an important evaluation metric is the
Intersection over Union (IoU), which measures the accuracy of the localization. It
is defined as the ratio between the intersection and the union of the predicted region A
and the ground truth region B:

IoU =
|A ∩B|
|A ∪B|

.

In semantic segmentation tasks, the IoU is expressed in terms of pixel classification
counts, and it is written as

IoU =
TP

TP + FP + FN
,

where TP denotes the number of true positive pixels, FP the false positives, and FN the
false negatives. The IoU is computed separately for each class across all images, with the
background class typically excluded. In the multiclass case, the final score is obtained
by averaging the IoU values over all the considered classes, following the same procedure
described previously. In the case of detection, the IoU between a detected box A and
a ground truth box B is defined as the ratio between the area of their intersection and
the area of their union. When dealing with object detection and instance segmentation,
the Intersection over Union (IoU) is not used as a standalone metric; rather, it serves
as a criterion for defining evaluation measures that quantify the quality of instance
localization. One of the most widely used metrics is the Mean Average Precision
(mAP). The term mean indicates that, in multiclass settings, the average precision
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(AP) is first computed separately for each class and then macro-averaged across all
classes. For a given class, the AP is defined as the area under the precision–recall curve
(AUC-PR), which plots how precision varies as a function of recall. Since both precision
and recall take values in [0, 1], the maximum possible area is the unit square 1× 1, and
therefore AP ∈ [0, 1]. To compute the Average Precision (AP), a fixed IoU threshold
τ is used (commonly τ = 0.5 or τ = 0.75, in which case the metrics are referred to as
AP50 and AP75, respectively). This threshold determines whether a detection can be
considered correct: a detection is valid if its IoU with a ground-truth box exceeds τ .
The procedure for a given class is as follows:

1. Collect all ground-truth instances and predictions of the class.

2. Sort the predictions by confidence score in descending order.

3. For each prediction (in order):

(a) Find the ground-truth box with the highest IoU.

• If the IoU is > τ and the gt-box has not yet been assigned, the prediction
is counted as TP .

• Otherwise, the prediction is counted as FP .

(b) Compute the cumulative precision and cumulative recall up to this step:

Precision[i] =
TPc[i]

TPc[i] + FPc[i]
, Recall[i] =

TPc[i]

NGT
,

where TPc[i] and FPc[i] denote the cumulative number of true positives and
false positives up to step i, and NGT is the total number of ground-truth
instances of that class.

At each step, the cumulative recall is non-decreasing, while the precision may decreases
as false positives accumulate. The pairs (Recall[i],Precision[i]) for all steps define the
precision–recall curve. To obtain the Average Precision, this curve is summarized by
an interpolation method called 11-point interpolation. In this method, the precision
is sampled at 11 fixed recall levels:

r ∈ {0.0, 0.1, 0.2, . . . , 1.0}.

For each recall threshold r, the interpolated precision is defined as:

pinterp(r) = max
r̃≥r

Precision(r̃),

that is, the maximum precision achieved for any recall greater than or equal to r. Finally,
the Average Precision is computed as the arithmetic mean:

AP =
1

11

∑︂
r∈{0.0,0.1,...,1.0}

pinterp(r).

This produces a single number between 0 and 1 that summarizes the trade-off between
precision and recall for the class under the chosen IoU threshold. The methodology
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just explained, however, considers only a fixed IoU threshold τ . A more precise metric,
mAP@[:5:.95], computes the AP for each threshold in the range from 0.50 to 0.95 with a
step size of 0.05. The values of AP obtained for the same class at the different thresholds
are then averaged to produce the final AP for that class. Furthermore, this metric uses
a finer interpolation scheme based on 101 recall points instead of 11. The procedure
described above does not specifically refer to bounding boxes or instance masks; this
means that it can be applied both to object detection and to instance segmentation.
The only difference lies in how the IoU is computed, namely between bounding boxes
in the former case and between masks in the latter.

Usually, there can be multiple detections for the same instance. In such cases, it
is useful to reduce the number of redundant detections by applying Non-Maximum
Suppression (NMS). This technique works as follows: all predicted bounding boxes
are first sorted by their confidence score in descending order. Then, starting from the
highest-scoring detection, all other detections that have an IoU greater than a given
threshold with this box are suppressed, since they are considered duplicates of the
same object. The algorithm then proceeds iteratively with the next highest-scoring box
among the remaining ones, repeating the suppression step until no boxes remain to be
processed.

Pixel-level AUROC for segmentation is computed by treating all pixels as individual
binary classification instances and assigning each a continuous soft score; the AUROC
is then obtained as the area under the ROC curve by varying the decision threshold
over these scores.

Similarly, at the pixel level, the AUPRO metric is defined. Like AUROC, it is
the area under a curve, specifically the per-region overlap (PRO) curve. For a decision
threshold t, let Pt be the set of pixels predicted as anomalous and let {Ci}Ni=1 be the
connected components of the ground-truth anomaly mask. The PRO at threshold t is

PRO(t) =
1

N

N∑︂
i=1

|Pt ∩ Ci|
|Ci|

.

Plotting PRO(t) against the false positive rate FPR(t) as t varies yields the PRO curve,
with FPR on the x-axis and PRO on the y-axis. The AUPRO is the area under this
curve.

3.3 Camera model

The purpose of this section is to introduce the fundamentals of image formation and
3D reconstruction. Image formation is described using the pinhole camera model,
schematized in Figure 3.1. In this model, the actors are the 3D world, the camera and
the image. The world is a set of 3D points that should be projected in the 2D image,
which can be considered as a rectangular portion of plane characterized by a center whose
coordinates in the 3D world are known and by the parameters of height and width. The
camera act as the device that maps the 3D points in the 2D points and relies on the
usage of projective geometry. The idea behind the model is that light rays emitted or
reflected by points in the 3D scene pass through the pinhole, which in the limiting case
is represented as a single point. Each of these rays intersects the image plane, and the
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Figure 3.1: Pinhole model

intersection defines the projection of the corresponding 3D point, thereby forming the
image. In this setting, the object is located in front of the camera and the pinhole, while
the image plane is placed behind them. Points in the 3D world are denoted by capital
letters, in general P = (Px, Py, Pz), whereas their projections on the image plane are
represented by lowercase letters p = (px, py, pz). Although images are inherently two-
dimensional, the third coordinate pz is introduced to represent the position of the image
plane along the Z axis, and this representation is called homogeneous coordinates. The
projection is described in the camera coordinate system, whose origin is located at the
pinhole. The X and Y axes are aligned with the dimensions of the image plane, while
the axis passing through the pinhole and orthogonal to the image plane is called the
principal axis. The point where the principal axis intersects the image plane is referred
to as the principal point. The distance between the pinhole and the principal point is
called focal length indicated as f . The principal axis is aligned with the Z axis of
the camera coordinate system. The choice of coordinate system may vary depending
on the adopted convention. In the case illustrated in Figure 3.1, the Z axis is oriented
forward toward the 3D scene, the X axis points to the right, and the Y axis points
upward. However, an alternative but equally valid dextro-rotatory convention is often
adopted, in which the Z axis points inward toward the image plane, the Y axis points
upward, and the X axis points to the left. The principle of projection is simply to
preserve proportions. A 3D point P = (PX , PY , PZ) is mapped to an image point
p = (px, py, pz), where the depth coordinate pz corresponds to the focal length f . What
remains is to determine px and py using the proportionality rules. Considering, for
instance, the point of the rectangle in Figure 3.1, its projection is obtained by following
the corresponding dotted ray until it intersects the image plane. Along the vertical axis
Y , the proportion between world and image coordinates is expressed as

PY

PZ
=

py
f
,
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and similarly, along the horizontal axis X, the relation is

PX

PZ
=

px
f
.

From these relations, the projection equations can be written as

px = f
PX

PZ
, py = f

PY

PZ
, pz = f.

The relevant coordinates on the image plane are the first two, (px, py). These values,
however, are expressed in the reference frame of the camera. In practice, an image has
its own 2D coordinate system, typically defined with the origin at one corner of the
rectangular image. Let (pw, ph) denote the coordinates of the principal point in the
image coordinate system. The final pixel coordinates are then obtained by applying a
translation:

u = f
PX

PZ
+ pw, v = f

PY

PZ
+ ph.

This translation shifts the coordinates from the camera reference frame into the image
coordinate system, aligning them with the convention used to represent pixels in the
image. All this computation can be summarized using the intrinsic calibration matrix
K, defined as

K =

⎡⎣f 0 pw
0 f ph
0 0 1

⎤⎦ ;

then, given P = (PX , PY , PZ)⊤, the homogeneous image point is obtained as

p̂ = KP =

⎡⎢⎣p̂xp̂y
pz

⎤⎥⎦ ,

and the Euclidean pixel coordinates follow by normalization:

u =
p̂x
pz

, v =
p̂y
pz

.

Thus, the mapping from a 3D point in camera coordinates to a 2D point in the image
plane is expressed as p = (u, v)⊤. The intrinsic matrix K can be generalized to ac-
count for different focal length parameters along the X and Y directions in the case of
anisotropy, leading to the use of fx and fy instead of a single focal length f . Further-
more, a skew parameter s may appear in the second column of the first row, although
this effect is not considered in this work. As already mentioned, the projection is de-
fined for 3D points expressed in the camera coordinate system, whose origin is located
at the pinhole. In practice, however, objects and their points are usually represented in
the world coordinate system, in which cameras are also defined. Each camera is then
associated with a pose, which specifies the position of the camera origin in the world
system as well as its orientation with respect to the world axes. This means that, before
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projection, points must be transformed from world coordinates to the camera coordi-
nate system through a rigid body transformation, composed of a rotation followed by
a translation. Let C ∈ R3 be a column vector representing the camera center in world
coordinates, and let R ∈ SO(3) be the rotation matrix describing the orientation of
the world axes with respect to the camera coordinate system; in particular R = R⊤

c

where R⊤
c is the rotation matrix that describes the orientation of the camera coordinate

system respect the world coordinate system. The extrinsic transformation can then be
written as

Pc = R⊤
c (Pw − C),

which is equivalent to

Pc = R⊤
c Pw + t, with t = −R⊤

c C.

In homogeneous coordinates this becomes

P̃c =

[︃
R⊤

c −R⊤
c C

0 1

]︃
P̃w,

where the matrix is the extrinsic matrix and the homogeneous vector P̃w is obtained
from the 3D world point Pw = (Xw, Yw, Zw)⊤ by appending a 1 at the end,

P̃w =

⎡⎢⎢⎣
Xw

Yw

Zw

1

⎤⎥⎥⎦ .

Analogously, the homogeneous camera point P̃c has the form

P̃c =

⎡⎢⎢⎣
Xc

Yc

Zc

1

⎤⎥⎥⎦ ,

and the Euclidean camera coordinates are recovered by discarding the last component.
The extrinsic matrix is also called world-to-camera matrix, and its inverse is called
camera-to-world matrix. The combination of the intrinsic and extrinsic parameters
defines the projection matrix, which maps 3D points into the image. Its standard form
is given by P = K[R | t].

3.4 3D reconstruction

In this section, Structure from Motion (SfM) is introduced. SfM is a technique
for recovering three-dimensional structures (3D points) from a set of two-dimensional
images. The presented workflow provides a general overview of SfM, while more sophis-
ticated approaches and variations are also available. The idea behind SfM is that each
image contains only a partial representation of the scene, while multiple images often
share overlapping regions. By combining the common information between two images,
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it becomes possible to recover 3D structure and reconstruct parts of the scene. The first
step is to establish feature correspondences between pairs of images. This is typically
achieved by extracting local features from both images and then matching them by
comparing the similarity of their feature descriptors. These correspondences link points
in one image to points in another, and each pair can be interpreted as the projection
of the same 3D point. They form the basis for reconstructing the underlying structure,
by performing triangulation. Triangulation is the process of estimating the position
of a 3D point by intersecting the viewing rays that pass through its projections in two
images. In other words, when the same feature is observed from different viewpoints,
the intersection of the corresponding lines of sight yields its location in 3D space. The
triangulation technique belongs to the field of epipolar geometry.

Figure 3.2: Epipolar geometry

Formally, given two images characterized by their projection matrices P and P ′, two
image points x and x′ define a correspondence if there exists a 3D point X such that
x = PX and x′ = P ′X. Figure 3.2 illustrates the fundamental elements of epipolar
geometry: the image points x and x′ are the projections of the same 3D point X; the
epipoles e and e′ are the projections of the opposite camera centers; and the lines l and
l′ are the corresponding epipolar lines. The line connecting the two camera centers is
referred to as the baseline.

Fundamental Matrix When the cameras are uncalibrated, all geometric constraints
between correspondences are encoded in the fundamental matrix F . This is a 3 × 3
matrix of rank two with 7 degrees of freedom that enforces the epipolar constraint for
any correspondence through the relation x′TFx = 0. If the two projection matrices P
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and P ′ are given, the fundamental matrix F can be obtained as

F = [e′]×P
′P+,

where P+ denotes the pseudo-inverse of P , e′ is the epipole in the second image. The
notation [e′]× indicates the 3 × 3 matrix such that allows computing the cross product
between e′ and any vector v ∈ R3, i.e. [e′]×v = e′ × v. Explicitly,

[e′]× =

⎡⎣ 0 −e′z e′y
e′z 0 −e′x
−e′y e′x 0

⎤⎦ ,

where e′ = (e′x, e
′
y, e

′
z)T . Conversely, estimating the fundamental matrix in an uncal-

ibrated scenario is a crucial step for performing triangulation and for recovering the
projection matrices P and P ′. In particular, the canonical form of the camera matrices
corresponding to a given fundamental matrix F can be chosen as

P =
[︁
I|0
]︁
, P ′ =

[︁
[e′]×F |e′

]︁
,

where I is the 3 × 3 identity matrix, e′ is the epipole in the second image, and [e′]× is
the skew-symmetric matrix associated with e′. However, there is no unique derivation
of P and P ′ from F ; in fact, if (P, P ′) is a valid pair of projection matrices associated
with F , then for any projective transformation H : P3 → P3 the pair

P̃ = PH, P̃ ′ = P ′H

defines the same fundamental matrix. Hence, F determines the projection matrices only
up to a 3D projective transformation. To recover the full metric reconstruction more
information about the scene is needed.

Essential Matrix Sometimes, more knowledge about the cameras is available. In
the case of calibrated cameras, instead of considering the fundamental matrix, it is
convenient to work with the essential matrix E. Assuming that the camera matrix
can be decomposed as P = K[R | t] and x = PX is a point in the image, then the
effect of calibration can be removed by applying the inverse of K, so that the point in
normalized coordinates is

x̂ = K−1x.

Similarly to F , the essential matrix can be expressed algebraically assuming two canon-
ical normalized camera configuration given by

P =
[︁
I 0

]︁
, P ′ =

[︁
R t

]︁
.

In particular, the corresponding essential matrix has the form

E = [t]×R.
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The defining constraint of the essential matrix is expressed in normalized coordinates
as

x̂′TEx̂ = 0,

for corresponding points x̂ ↔ x̂′. Given an essential matrix E, it can be factorized
through SVD as

E = U diag(1, 1, 0)V T ,

where U and V are orthogonal matrices. Then, let

W =

⎡⎣0 −1 0
1 0 0
0 0 1

⎤⎦ .

Taking the canonical first camera matrix as

P =
[︁
I 0

]︁
,

the second camera matrix P ′ admits four possible solutions:

P ′ ∈
{︁

[UWT | +u3], [UWT | −u3], [UWTV T | +u3], [UWTV T | −u3]
}︁
,

where u3 is the third column of U . Among these four candidates, only one corresponds
to the physically valid reconstruction, since the reconstructed 3D points must lie in front
of both cameras. This cheirality condition is used to disambiguate the correct metric
reconstruction from the essential matrix. Finally, the relation between the essential
matrix and the fundamental matrix is obtained by substituting x̂ = K−1x and x̂′ =
K ′−1x′ in the epipolar constraint. This leads to

E = K ′TFK,

which shows that E and F are equivalent representations of epipolar geometry in the
calibrated and uncalibrated cases, respectively.

Estimation of the Fundamental Matrix In principle, at least 7 point correspon-
dences are required to estimate it, because F has 7 degrees of freedom and it can be
done through direct linear transformation (DLT). The starting point is the epipolar
constraint x′TFx = 0; indeed writing x = (x, y, 1)T and x′ = (x′, y′, 1)T , the equation
expands as

x′xf00 + x′yf01 + x′f02 + y′xf10 + y′yf00 + y′f12 + xf20 + yf21 + f22 = 0,

which is linear in the nine unknown entries of F . Collecting these coefficients for n
correspondences leads to a homogeneous linear system of the form

Af = 0,

where f is the 9-vector containing the entries of F in row-major order, and A is an n×9
matrix constructed from the image coordinates. In practice, image points are noisy and
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n > 8 correspondences are typically available. In this case, the system is overdetermined
and the fundamental matrix can be estimated through least-squares estimation. The
solution is obtained by singular value decomposition: if A = UDV T , then f is equal
to the smallest singular value of A, which corresponds to the last column of V and the
resulting vector is reshaped into the 3×3 matrix F . The fundamental matrix must have
rank 2, but the linear estimate obtained from noisy correspondences generally does not
satisfy this constraint. The standard fix is to replace F with a matrix F̃ of rank 2 that
is closest to F in the Frobenius norm, i.e.,

F̃ = arg min
G: rank(G)=2

∥F −G∥F ,

by imposing that det(F̃ ) = 0. Then F̃ is obtained by considering F = UDV ⊤ as the
singular value decomposition, with

D = diag(r, s, t), r ≥ s ≥ t ≥ 0.

Then the optimal approximated solution is obtained by zeroing the smallest singular
value:

F̃ = U diag(r, s, 0)V ⊤.

This procedure is known as the 8-point algorithm, which requires at least eight cor-
respondences to find a unique solution.

Perspective n Point The Perspective-n-Point (PnP) problem is a general framework
in which, starting from a set of correspondences between 3D points Xi in the scene and
their 2D projections xi in the image, it is possible to recover the pose of the camera that
acquired the image. The formulation is valid also in the uncalibrated case, although
a calibrated camera model is typically assumed for accurate pose estimation. A basic
approach to solve the PnP problem is to employ the DLT method with at least 6 corre-
spondences of non coplanar points. The projection of a 3D point Xi = (Xi, Yi, Zi, 1)⊤

onto xi = (xi, yi, 1)⊤ through the 3 × 4 camera matrix P = {pjk} can be written as:

xi =
p00Xi + p01Yi + p02Zi + p03
p20Xi + p21Yi + p22Zi + p23

, yi =
p10Xi + p11Yi + p12Zi + p13
p20Xi + p21Yi + p22Zi + p23

.

Multiplying by the denominators and rearranging gives two linear equations in the 12
unknown entries of P :

p00Xi + p01Yi + p02Zi + p03 − xi(p20Xi + p21Yi + p22Zi + p23) = 0,

p10Xi + p11Yi + p12Zi + p13 − yi(p20Xi + p21Yi + p22Zi + p23) = 0.

Stacking the 12 parameters into

p =
[︁
p00, p01, p02, p03, p10, p11, p12, p13, p20, p21, p22, p23

]︁⊤
,
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each correspondence contributes the two rows[︁
Xi Yi Zi 1 0 0 0 0 − xiXi − xiYi − xiZi − xi

]︁⏞ ⏟⏟ ⏞
row (2i−1)

,

[︁
0 0 0 0 Xi Yi Zi 1 − yiXi − yiYi − yiZi − yi

]︁⏞ ⏟⏟ ⏞
row (2i)

.

Collecting n≥6 (non-coplanar) correspondences yields the homogeneous system

Ap = 0, A ∈ R2n×12.

The estimate is obtained by finding p as described in the 8-point algorithm.

Triangulation The goal of triangulation is to recover the 3D point corresponding to
a pair of matching image points assuming that the camera matrices P and P ′ and the
image correspondences x = (x, y, 1)⊤ and x′ = (x′, y′, 1)⊤ are known. Then the 3D
point to recover is denoted as T = (X,Y, Z, 1)⊤. Since the projection is independent of
the scale, it is possible to write

x× (PT ) = 0,

which can be written by developing the cross product and taking the first two equations
as

x (p⊤2 T ) − (p⊤0 T ) = 0,

y (p⊤2 T ) − (p⊤1 T ) = 0,

where Pi are the rows of P . Taking two independent equations per image, the system
can be written in homogeneous form AT = 0 with

A =

⎡⎢⎢⎣
x p⊤2 − p⊤0
y p⊤2 − p⊤1
x′ p′⊤2 − p′⊤0
y′ p′⊤2 − p′⊤1

⎤⎥⎥⎦ ∈ R4×4, T ∈ P3.

Finally, T is recovered as usual through SVD.

Bundle Adjustment After initializing cameras and 3D points, the reconstruction is
refined by bundle adjustment, which jointly optimizes camera and structure parameters
by minimizing the total re-projection error:

E =

n∑︂
i=1

m∑︂
j=1

d(π(Pi, Tj), xij)
2
.

Here, n is the number of cameras and m the number of 3D points; Pi collects the
parameters of camera i, Tj is the 3D point j; xij is the measured image location of
point j in camera i; π is the camera projection model and d(·, ·) denotes the metric
distance. The objective is a nonlinear least-squares problem, solved iteratively with
optimizers such as Levenberg-Marquardt.
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Structure for Motion With the elements introduced above, a standard SfM pipeline
from uncalibrated images proceeds as follows. Two images with overlapping content are
selected; local features are extracted and matched. From the resulting correspondences,
the fundamental matrix F is estimated. Given F , a canonical pair of projection matrices
(P, P ′) is recovered, and the inlier correspondences are triangulated to obtain an initial
set of 3D points. The procedure then continues incrementally by adding images one at
a time: for each new image, its pose is estimated via PnP with respect to the current
3D points; newly observed points are triangulated and tracks referring to the same 3D
point are merged. After each registration, bundle adjustment jointly refines camera
parameters and 3D structure. When the pipeline is initialized from the fundamental
matrix, the reconstruction is projective and is determined only up to a projective trans-
formation. If instead the process relies on the essential matrix E, the reconstruction is
metric, determined up to an overall scale.

The preceding overview of machine learning, deep learning, computer vision, and 3D
reconstruction is not intended to be comprehensive; it only introduces the theoretical
tools and ideas that will be used to set up the problems addressed in the following
chapters.

Figure 3.3: Structure from Motion illustration. Adapted from Wikipedia (2016).
Author: Wikipedia contributors. Licensed under CC BY-SA 4.0 (https://
creativecommons.org/licenses/by-sa/4.0/).

https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/




4
Problem Definition

This work focuses on visual anomaly detection for industrial quality control, addressing
both structural anomalies, meaning defects directly observable on the object’s morphol-
ogy or surface such as scratches, cracks, deformations, missing material, or contami-
nation, and logical anomalies, meaning violations of expected functional or assembly
constraints such as misplaced parts, or inconsistent configurations, which, although not
limited to surface imperfections, can still be identified visually because they appear as
perceptible deviations from the expected spatial or relational structure.

In real deployments, inspection takes place in an unconstrained three-dimensional
workspace where multiple agents interact and must be coordinated. The agents include
the items to be inspected, the background actuators and carriers that move or hold
the items such as robotic arms, grippers, and conveyors, and the sensors that capture
visual data such as RGB cameras and depth sensors. Since these agents share the same
physical space and operate at the same time, their actions and data streams must be
synchronized, which means the inspection algorithms need to be fast and responsive.
The scene itself adds further difficulties, including noise and visual distractors, so the
background is not negligible. Consequently, robust background removal and reliable
foreground segmentation are often required before anomaly detection, ensuring that
the inspection focuses on the target object. Beyond these scene-level effects, geometric
complexity is a primary challenge. Objects are volumetric and must be examined over
their entire surface to detect localized anomalies; indeed, they can be bulky, introducing
clutter and self-occlusions. In addition, since objects exist in 3D space, they can move
and take many different and unpredictable poses. This requires adapting the viewpoints
during inspection, which makes both pose estimation and subsequent handling more dif-
ficult. For these reasons, effective inspection needs representations and algorithms that
can handle occlusions, noise, and clutter while maintaining sufficient surface coverage.

Furthermore, anomalies are rare events by definition; this poses a challenge because
it is difficult to obtain in advance a complete taxonomy, as anomalies may occur in new
forms that have never been seen before. Collecting a sufficient sample of anomalous
cases is often unfeasible, since it may take a long time before they appear or, as men-
tioned, they are simply unpredictable. As a direct consequence, conventional supervised
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training suffers from severe class imbalance, and models often fail to generalize beyond
the patterns seen during training, making them unable to handle previously unseen
anomalies. As a result, methods that learn primarily from non-anomalous data be-
come essential, since normal samples are easy to acquire at scale, and practical systems
therefore favor one-class, semi-supervised, or self-supervised approaches.

The main objective of this thesis is to address inspection scenarios with a strong in-
trinsic 3D nature characterized by viewpoint changes, occlusions and clutter,that make
industrial anomaly detection challenging. This objective is pursued through two com-
plementary studies, which are described in detail in the next chapter.

Figure 4.1: Overlapping screws highlighted by the red bounding box.

The first study tackles an anomaly detection problem on a real industrial production
line. The target is to identify overlapping screws while they travel on a conveyor. This
defect is a logical anomaly: the screws may look intact at the surface level, but their
spatial arrangement is wrong from a functional and handling perspective, because two or
more pieces partially cover each other. Figure 4.1 highlights a representative anomalous
case where the screw heads overlap in the image, revealing an invalid configuration even
though no single screw is physically damaged.

The study begins by identifying sensing options for conveyor inspection and selects
depth imaging as the primary data source. On the algorithmic side, the pipeline adopts
supervised machine vision with modern neural networks for object detection. Training
is designed to reflect real industrial conditions, with many normal samples and few
overlaps, and the deployed system runs in real time.

Figure 4.2: RGB (left) and depth (right) views of the same scene.
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Once trained, the detector is integrated into a robotic subsystem that manages and
resolves the detected anomalies.

In addition, the study examines an alternative sensing option based on RGB images,
implementing an RGB-only pipeline to compare against the deployed setup that is based
on depth. To enable a fair comparison, a controlled synthetic evaluation environment
is built that reproduces the same screw arrangements and poses, while the scene is
rendered through different sensor models so each modality yields its own representation
of the identical configuration. An example is shown in Figure 4.2.

Finally, comparative experiments are conducted under these matched conditions to
evaluate each solution in terms of accuracy, latency, and operational cost, providing a
balanced view of overall performance and deployability.

The second work addresses a more cutting-edge setting: pose-agnostic anomaly de-
tection. The underlying motivation is that objects on a production line are free to
move in 3D space, so their pose is not known a priori and must be estimated during
detection. Anomalies may occur anywhere on the surface and remain hard to localize
due to self-occlusions. In this setting, the detector cannot rely on fixed viewpoints or
pre-aligned inputs; instead, it must remain robust across rotations and translations and
operate under partial visibility.

Figure 4.3: Left: non-anomalous item. Right: anomalous item (small red brick).

The problem is addressed in an unsupervised setting that reflects the scarcity of
anomalous samples, assuming only normal data are available beforehand. The strategy
learns a representation of normality and identifies deviations at test time by measuring
discrepancies between feature-similarity maps; to cope with unknown pose, the pipeline
includes an explicit pose estimation step.

Although pose-agnostic anomaly detection has been explored in the literature, most
available datasets contain objects captured against clean and uniform backgrounds, lim-
iting understanding of how to mitigate false detections caused by realistic scene clutter.
To investigate this aspect under more representative conditions, a simulation environ-
ment is developed in which target objects appear within complex backgrounds, preserve
strong three-dimensionality, and are observed under variable viewpoints reflective of
industrial inspection scenarios. An example of the proposed scenario is shown in Fig-
ure 4.3, which depicts two items of the same category in different, unpredictable poses,
with and without an anomaly.

Finally, a dedicated pipeline is introduced for this setting. It builds on pose-agnostic,
unsupervised pipelines and adds components to handle realistic background clutter.

Comparisons are carried out on two identical test scenarios that differ only in the
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background. An example is shown in Figure 4.4. Prior methods are evaluated on the
clean version, consistent with their original setup, while the proposed pipeline is tested
on the cluttered version with the same poses and viewpoints.

Figure 4.4: Left: item shown without background. Right: item shown with background.
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Proposed Systems

5.1 Overlapping Screws Detection in 3D and Color
Images

This section introduces the first major contribution [9] of this thesis, regarding bin
picking for quality-control inspection, applied to a real case study targeting the detection
of overlapping screws in a screw manufacturing line. As items move along a conveyor belt
during production, instances of “crossing” or “overlapping” screws occasionally occur.
The aim of the real system is to detect and locate these overlaps and remove them with a
robotic system. A basic solution to this problem involves the usage of a 3D laser profiler
to capture a point cloud that describes the 3D geometry of the objects. From this
point cloud, the screws’ shapes can be reconstructed, retaining depth information that
indicates the distance of points from the profiler. By applying a depth threshold, it is
possible to identify blobs that are closer to the profiler, typically corresponding to parts
of screws overlapping with others. While this method is simple and effective, it is prone
to errors, especially in cluttered or noisy industrial environments, which can interfere
with the profiler’s accuracy. Additionally, this approach requires the development of
a machine vision algorithm capable of precisely determining the pose of the target
screw to enable effective robotic picking. The aim of this work is twofold: first, to
investigate software approaches based on neural networks; and second, to explore the
usage of different sensors in conjunction with these. To achieve the first goal, the
capability of a neural model to accurately recognize and locate overlapping screws in
depth images obtained from a laser profiler is verified. The second objective is pursued
by training a model on RGB images and comparing its performance with a model
trained on depth images, both captured from the same perspective. The RGB approach
inherently provides less information since it lacks the depth data, which is useful for
detecting overlaps. Indeed, reduced depth indicates an overlap. However, this method
is pursued because RGB cameras are generally more affordable than 3D profilers. To
conduct experiments for the second step, two synthetic datasets were created using
BlenderProc [10]. The first dataset consists of depth and RGB images, where the objects
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have identical shapes and sizes. This setup allows a direct comparison between the two
modalities under highly controlled conditions. The second dataset, also containing both
depth and RGB images, was designed to be more general. It includes images with two
different types of screws mixed within the same scene and introduces random variations
in lighting positions while maintaining a consistent perspective. This more diverse
dataset evaluates the robustness of the approaches when faced with greater variability
in object types and illumination. In all synthetic datasets, depth and RGB images are
captured from identical perspectives to ensure consistency. The results emphasize the
effectiveness of using RGB images despite their lack of depth information. While depth
images provide a clear advantage in detecting overlaps due to their ability to capture
3D structure, the RGB-based approach demonstrates competitive performance. This
highlights the viability of RGB cameras as a cost-effective alternative to 3D profilers.

Based on available information, no existing studies treat the concept of overlapping
or occluding object as a distinct class instance that can be identified by a neural net-
work, as proposed in this work. Instead, most research in this area focuses on related
challenges such as handling overlap or occlusion through indirect means. Two key ap-
proaches that could potentially address the problem explored in this paper are amodal
instance segmentation and relationship reasoning between objects. Amodal instance
segmentation, introduced in [11, 12], performs segmentation by identifying visible in-
stances of objects and simultaneously attempting to reconstruct the amodal mask for
occluded objects. This mask represents a prediction of the object’s complete shape,
including the portions hidden behind occluders. As suggested in [13, 14, 15], this tech-
nique could be applied to the task considered in this article; indeed, by detecting the
amodal mask for each instance, it is possible to infer areas of overlap and, once the
overlap is identified, the relative order of the objects can be reconstructed, determining
which object is in front and which is behind. Various datasets have been developed for
amodal segmentation, along with solutions for identifying amodal masks. However, these
datasets generally consist of collections of common objects with high interclass varia-
tion [11], [16, 17, 18, 19, 20]. In contrast, the scenario proposed in this paper involves
multiple occurrences of identical objects within the same scene, and it is closer to the
work presented in [21]. Many frameworks, including variational autoencoders (VAEs),
transformers, Bayesian models, and graph neural networks, have been applied to amodal
segmentation [12], [22, 23, 24, 25, 26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36]. Some of these
methods specifically focus on learning a priori the shape of the objects, which can then
be used to reconstruct their full shape, even when parts are occluded. Other works,
such as [37, 38, 39], focus on recovering the relative order of objects before performing
segmentation, a task extensively discussed in [40, 41, 42, 43, 44, 45, 46, 47, 48]. Specif-
ically, this task involves observing a scene and constructing a graph where each node
represents an object, and the edges represent relationships between the objects. For
instance, a ”parent-child” relationship is established when one object occludes another
(‘occluder’ and ‘occludee’), while no connection is drawn between objects that do not
overlap. A pioneering work in this area is [42], which introduced an RGB-D dataset
along with a solution to address the problem. However, like previous datasets, this one
also features high inter-class variation, rather than multiple instances of the same ob-
ject. Several other works propose different approaches to identify relationships between
objects. For example, [40] uses both RGB and depth information to order objects by
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analyzing their 3D positional data. On the other hand, methods like [41, 42] rely solely
on RGB images. In these approaches, objects are first identified, and their features
are compared through a classification module to establish relationships. Works such as
[43, 44, 45, 46] employ a similar approach but utilize graph neural networks (GNNs) to
model the relationships between objects. In contrast, [47] uses a conditional random
field (CRF) to capture the relationships. Finally, [48] leverages both RGB and depth
information to segment objects and, based on the area of the detected masks, attempts
to infer whether an object is occluded.

Figure 5.1: Diagram of the proposed solution, illustrated with a running example using
both RGB and depth inputs. A colormap has been applied to the depth images for
better visualization.
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5.1.1 The Plant

The manufacturing plant is equipped with a 3D profiler, a Ruler3000 by Sick, which can
sequentially scan surfaces to reconstruct their 3D shapes. The device emits laser beams
in response to an external trigger from an encoder mounted on the conveyor, ensuring
consistent resolution throughout the process. Each beam is reflected to the profiler
by the portion of the surface it strikes. A laser beam spreads along one dimension
which means that for every beam the profiler reconstructs a portion of surface arranged
along one dimension, and this portion is known as “profile”. To reconstruct the entire
surface, it is necessary to move the profiler in the orthogonal direction with respect to
the direction of the profiles. Then, by aligning the acquired profiles side by side, the
whole surface emerges. Every profile contains a list of values. The number of values
is determined by setting the resolution of the profiler, which is the number of points
(or pixels) into which the laser beam is divided. In the remainder of the article, this
resolution is referred to as the resolution along the X axis. Every value represents
the distance between the profiler and the target point of the surface identified by the
corresponding pixel. The sequence of profiles is used to reconstruct a bidimensional
image of the surface; in particular, every profile is employed to produce a single row
of pixel; then a 2D image is built by placing the rows corresponding to the sequence
of the profiles one after the other. Throughout the rest of the article, the sequence of
profiles is arranged along the Y axis, in particular, the resolution of the 2D image along
Y is determined by the time-rate the profiler uses to schedule the emission of the laser
beams. The resulting 2D image is a single-channel image, where the value of the pixel,
called range, encodes the distance from the profiler to the points in the surface, and it
is arranged along the Z axis. The profiler can be configured to provide range values at
different resolutions, depending on the required precision. Given that the values of the
range can be many orders of magnitude higher than the admitted interval of the value
of pixels in standard images (0-255), it is necessary to extrapolate and then rescale a
portion of the range to fit it into 0-255. The convention chosen for this work is that
points that are closer to the profiler are whiter (higher value of the corresponding pixel)
than the points that are more distant.

Figure 5.2: (a)Reconstructed depth image of a scene generated using the profiles ob-
tained from the profilometer. (b)The red bounding box highlights a screw in the depth
image, which is slightly overlapped by another screw.
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Figure 5.3: Identification of overlaps by thresholding: brighter areas suggest the presence
of overlaps. A colormap has been applied to the image for better visualization. The
Y-axis represents the direction in which the screws move, corresponding to the conveyor
belt’s motion, while the X-axis indicates the perpendicular direction across the belt.

Summing up, the resolution of the image corresponds to the resolution along the X
and the Y axis; instead, the value contained in every pixel depends on the resolution of
the range along Z and on the operations of extrapolation and rescaling executed on it.
The process just described is a crucial element of the system architecture, as it enables
the encoding of 3D spatial information into a two-dimensional image. The image in
Figure 5.2(a) not only captures the surface shape but also retains depth information,
as conveyed by pixel intensity values. The manufacturing plant can produce screws of
varying sizes and calibers, but for each production batch, these parameters are fixed.
This ensures that screws of different dimensions do not appear on the production line
simultaneously. During the manufacturing process, screws are transported via a con-
veyor to an oven. For this process, the screws must be arranged without overlapping.
Currently, a machine vision quality control system is employed to meet this require-
ment. It uses simple thresholding of depth information: if a white blob is detected in
the depth image, it is identified as a potential overlap because lighter pixels indicate
that those parts are closer to the profiler as in Figure 5.3, where a colormap has been
applied for better visualization. An overlap, indeed, suggests that a part of a screw
is elevated compared to others. The position of this blob is then communicated to
a robotic system, which is responsible for removing the improperly positioned screw.
This system works effectively when all screws are of the same size. However, if screws
of different sizes are present on the conveyor, setting an appropriate threshold becomes
challenging. The overlap of two smaller screws could have the same height as a single
larger screw, complicating the identification process. Additionally, this approach can
be compromised by spurious values that may appear in images captured in real-world
environments, where varying lighting conditions can mislead the sensors during the ac-
quisition process, potentially creating false overlapping blobs. Finally, this approach has
another significant drawback: identifying blobs that indicate the parts of screws closest
to the profiler does not necessarily provide information about the orientation of the
overlapping screw. This makes it difficult to grasp the upper screw without disturbing
the properly positioned screws around it. [49] offers a robust solution for identifying
optimal grasping points in general environments. However, given that the target screws
are positioned higher relative to other items and have a simple, almost convex shape, it
is sufficient to identify the complete pose and shape of the overlapping screw. To acquire
this information, the approach in this study involves finding the instance segmentation
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Figure 5.4: Plant diagram.

mask of the overlapping screw. In fact, segmentation has been widely used in related
works [50, 51, 52, 53, 54], demonstrating its effectiveness in addressing tasks involving
identification in complex scenarios. Furthermore, the segmentation mask allows for easy
calculation of the centroid and orientation. The positional information is then passed
to the robotic system for precise picking. The robotic system comprises three motor-
ized axes and a rotating electromagnetic end effector. When an electric current flows
through it, the end effector becomes a magnet capable of attracting the target screws.
For a more precise pick-and-place process, the end effector should be aligned with the
orientation of the selected screw. The conveyor has a maximum speed of 6 mm per sec-
ond and a width of 1200 mm. For clarity, a Cartesian coordinate system is established
as follows: the Y axis aligns with the length of the conveyor, extending towards the
oven. The X-axis aligns with the width of the conveyor, extending to the right when
viewed from the positive Y direction. The Z-axis is orthogonal to the X-Y plane and
points upwards. The laser beam creates an isosceles triangle with the vertex at the
laser’s emission point. The triangle’s height is 1445 mm, and the base extends 1680 mm
along the X-axis. The profiler is positioned so that the laser vertex is 1200mm above
the conveyor, covering a maximum length of approximately 1395 mm when hitting the
conveyor. Positioned equidistantly at 600 mm from each side of the conveyor, the laser
covers the entire belt width. Along the Z-axis, the pixel values indicate proximity to the
laser’s emission point. The system removes only one overlapping screw at a time, even
if multiple overlaps are detected in a single image. After the robot removes a selected
overlap, the system verifies whether the removal has been completed correctly. To do
this, since the conveyor moves during the picking process, the profiler is repositioned for-
ward respect the original overlap location along the Y-axis using an electro-mechanical
actuator. It then scans the area backward to capture an image which is analyzed by
the system, continuing this process until it returns to the original position to confirm
whether the overlap has been successfully removed as shown in Figure 5.4.
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5.1.2 Datasets

The real dataset was acquired directly from the plant and consists of depth images with
a fixed resolution of 4096 x 800 pixels. This equates to an X-axis resolution of 4096
pixels per 1200mm. To ensure that the resolution is consistent along both the X and Y
axes, the trigger rate is calculated by accounting for the speed of the conveyor, which
is monitored using an encoder. This setup ensures precise synchronization and uniform
resolution in the depth images. Each depth image is composed of 800 profiles. The
choice of this relatively small number is intentional: it allows the system to quickly scan
each image for anomalies and limits the number of anomalies per image. By minimizing
the area covered, the system can efficiently handle and process any irregularities as
soon as they are detected. For the depth images, the Z resolution is set to 0.018mm
per unit. Due to this high precision, the depth values exceed the standard 0-255 range
used for 8-bit image representation. To manage this, a normalization process is applied.
Initially, depth values corresponding to the conveyor belt are adjusted to zero. Any
outliers—such as excessively high values which indicate proximity to the profiler or
negative values—are also set to zero. The remaining depth values are then rescaled
to fit within the 0-255 range. Since the neural network input requires 1024 x 1024
dimensions, the images were scaled to 1024 x 200 pixels. The initial dataset consisted
of 250 unique real images; due to the limited number of samples, data augmentation
was applied to increase the dataset to a total of 400 images. Specifically, the 1024
x 200 images were cropped, and the obtained sections were then recomposed while
applying a 50% random vertical flip. The composition process ensured no overflow
beyond 1024 pixels in width, and if the width was less than 1024, zero-padding was
added. Finally, zero-padding was also applied to the top and bottom of the figure
to achieve the required 1024 x 1024 size. After obtaining the cropped sections, they
were divided into three groups to ensure distinct and non-overlapping data instances for
training, validation, and testing phases. The screw instances were distributed as 75%
for training, 15% for validation, and 10% for testing. Subsequently, recomposed images
for each phase were constructed exclusively using the crops belonging to their respective
phases. This approach avoids having identical elements shared across different phases,
ensuring a clear separation of data for robust evaluation. The real dataset consists
exclusively of depth images. Two synthetic datasets, named Single-Screw Synthetic
Dataset and Mixed-Screws Synthetic Dataset, were generated; both comprise 600 RGB
images and 600 depth images. Specifically, for every RGB image, there is a corresponding
depth image representing the same scene, captured from the same perspective and with
identical dimensions and resolution. To construct the experimental configurations, 3D
models of screws were used. A single 3D screw model was employed for the Single-
Screw Synthetic Dataset, while two different 3D screw models were utilized for the
Mixed-Screws Synthetic Dataset to introduce variability. The setup began with the
preparation of a plane to serve as the base. This plane was textured to resemble a
metallic grid, simulating the appearance of a conveyor belt. A camera was positioned
perpendicularly above the centre of this plane to ensure a uniform viewpoint. Lighting
was implemented using a point light source that radiates in all directions. For the Single-
Screw Synthetic Dataset, the light source was fixed at the centre above the plane. In
contrast, for the Mixed-Screws Synthetic Dataset, the point light source was placed
randomly within a defined region around the centre of the plane, allowing variations
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in position along the x, y, and z axes to increase the generality of the dataset. One
kind of screw was given a black opaque texture, while the other received a grey opaque
texture to mimic the appearance of real screws. The dataset generation process utilized
BlenderProc and its physics simulation capabilities. Screws were randomly positioned
above the plane, and the physics simulation allowed them to fall naturally, potentially
stacking on top of each other. A boundary or enclosure was introduced to ensure
that screws remained within the defined area during the simulation. This enclosure was
removed before capturing snapshots, ensuring a clean scene without visual artifacts. For
each simulation, up to 30 screws were placed randomly above the plane, and the physics
simulation ensured realistic positioning without any intersection between screws. After
every simulation, a snapshot was captured from the camera’s viewpoint, generating a
pair of RGB and depth images. Then the process was repeated by resetting the setup,
running the simulation, and capturing a new snapshot. BlenderProc does not directly
return a depth image; instead, it provides depth information that is used to reconstruct
the depth map. Specifically, for each pixel in the RGB image, BlenderProc provides the
distance from the profiler to the plane that passes through that pixel and is parallel to
the base plane. This means that pixels representing points on the same plane parallel to
the base plane will have the same distance value. This setup ensures that the distance
provided is not the straight-line distance connecting the profiler directly to the pixel.
Instead, it accurately represents the perpendicular distance from the profiler to the
plane passing through each pixel, ensuring that pixels on the same plane, despite their
spatial position, receive the same depth value. After rendering, depth images undergo
post-processing. Pixels corresponding to the background (base plane) are uniformly set
to a depth value of 0. Conversely, pixels corresponding to objects like screws are rescaled
uniformly, up to 255, prioritizing a lighter shade for pixels closer to the camera, as for
the real dataset. This adjustment enhances the distinction between foreground objects
and the background in the final depth representation. The RGB and depth images in
the synthetic datasets are standardized to a resolution of 1024 x 1024 pixels; an example
is shown in Figure 5.5.

5.1.3 Experimental Settings

The approach in this work relies on fully neural methods. Figure 5.1 shows the system
architecture with a running example. In the real plant, only a laser profiler is avail-
able, not an RGB camera; therefore, the deployed system corresponds to the left side
of Figure 5.1. The right side illustrates a possible implementation using an RGB cam-
era. Specifically, YOLOv8n-seg by Ultralytics [55] and Mask R-CNN by Torchvision
[56], which are models that perform both object detection and instance segmentation
simultaneously, were utilized. Both models are described in section 3.4. The decision to
compare different neural architectures stems from the need to demonstrate the system’s
independence from any single model. These models were used as-is, with adjustments
limited to hyperparameter tuning and setting the appropriate number of classes. A
challenge present in the real dataset, but absent in the synthetic datasets, is the oc-
currence of partially visible screws. In some cases, indeed, photos may only capture a
portion of a screw in the upper or lower part, continuing into the previous or subsequent
image. To address this, a practical solution is to ensure that consecutive images overlap
in a common area rather than being strictly sequential. This approach ensures that
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Figure 5.5: Top row:(a) Single-screw synthetic depth image. (b) Single-screw synthetic
RGB image. Bottom row: (c) Mixed-screws synthetic depth image. (d) Mixed-screws
synthetic RGB image.

a screw appearing truncated in one image should appear complete in the overlapping
area of the next image. However, due to the absence of strictly consecutive common
areas, achieving this was not possible. Therefore, truncated screws cannot be entirely
discarded. Consequently, in the real case, the models were trained to detect incomplete
overlapping parts as well. Another challenge involves scenarios where screws that over-
lap others are themselves overlapped, creating a complex hierarchy of interactions. To
address this, screws are categorized as ’topmost screws’, which overlap others without
being overlapped, and ’intermediate screws’, which both overlap and are overlapped.
Screws that are either fully overlapped without overlapping others or completely free
(neither overlapping nor overlapped) are treated as background and are not explicitly
detected. The difficulty with intermediate screws lies in picking them without interfering
with the screw above. A potential solution, as suggested in [49], involves identifying op-
timal grasping points. However, considering the practical objective of this work, which
involves using a magnet aligned with the screw’s pose, the focus shifts to detecting and
distinguishing topmost screws from intermediate screws, prioritizing the removal of the
former before addressing the latter.

For simplicity, this distinction was not implemented, like the real plant, which re-
moves both without distinction. Regarding the synthetic datasets, both neural models
were applied to the depth and RGB synthetic images, resulting in a total of eight
experimental combinations. Unlike the experiments on the real dataset, this setting dis-
tinguishes between topmost and intermediate screws by introducing two distinct classes.
The first class is the most critical; high precision and recall are essential for this class
because the real system removes one screw at a time. By accurately identifying the
position of these screws, an intermediate screw may no longer be overlapped after the
screw above it is removed. For the second class, precision is the most important metric,
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as it is crucial to ensure that these screws are not mistakenly identified as topmost.
This prevents the system from attempting to remove them, allowing it to prioritize the
removal of topmost screws. Following this solution, another important issue emerged:
it was sometimes difficult to determine intermediate screws. This confusion arose par-
ticularly when a screw overlapped another screw by a very small margin Figure5.2(b).
In such cases, although the bottom screw is technically overlapped, it is almost not
occluded. From a practical standpoint, it is not significant whether these screws are
categorized within the first or second category. If classified in the first category, they
are easy to pick because they are almost not overlapped. Conversely, if classified in the
second category, they should not be considered for picking. Eventually, after the over-
lapping screw is removed, the bottom screw will be identified as a truly non-overlapped
screw and can then be correctly removed. However, for the sake of fairness, these screws
were assigned to one of the two classes and included in the statistical calculations, even
though practically it does not matter if they are assigned to the wrong class. One mo-
tivation for using a segmentation network instead of a detection network is particularly
evident in cluttered scenarios where conveying accurate information about the target
can be challenging. In such cases, it is common for multiple targets to appear nearly
completely within a single bounding box.

5.1.4 Neural Network Models

The chosen model for YOLO is the YOLOv8n-seg (Nano), using the implementation
provided by Ultralytics for Python, accessible via their CLI. A general overview of the
network can be found in the paper [57]. Training was conducted for 500 epochs with
a patience of 100 epochs. During both training and test, to enhance mask quality, the
retina masks parameter was set to True, the image size was maintained at 1024 (imgsz
= 1024), corresponding to the original image resolution and mask ration was set to 1.
The model was not pretrained (pretrained = False), and a batch size of 32 was used
during training. All other parameters were kept at their default values as defined in
the standard Ultralytics implementation [55]. The Mask R-CNN architecture utilized
in this study is based on the implementation provided by Torchvision and described
in [56]. It features a backbone network (ResNet-50) with a Feature Pyramid Network
(FPN)[58] constructed from four intermediate layers of the backbone (C2 to C5). The
FPN produces five levels of output (P2 to P6) that feed into five Region Proposal
Network (RPN) heads. These RPN heads extract features and predict both the presence
or absence of objects and the adjustments to the anchor box coordinates (bounding box
refinement). The region proposals generated by the RPN are subsequently processed
through the MultiScale RoIAlign layer, which extracts fixed-size feature maps from the
appropriate level of the FPN. These feature maps are then passed to three distinct heads
within the ROI heads module: a classification head that predicts the class label for each
proposal, a bounding box regression head that refines the coordinates of the bounding
boxes and a mask prediction head which outputs binary masks for each object class.
The model was trained for 500 epochs without using pretrained weights. Dropout (0.5)
was added to the fully connected layers of the classification and bounding box regression
heads within the ROI heads module to improve generalization. The image mean and
image std values, specific to each dataset, were computed and used to normalize the
input images. The optimizer used was AdamW, with a learning rate of 0.001 applied to
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the RPN and ROI heads and 0.0001 applied to the backbone. The batch size was set to 4.
Additionally, a degree of randomness was introduced during training via the application
of a RandomHorizontalFlip augmentation, which was applied with a probability of 0.5.
The best epoch for the model was selected based on validation set performance.

5.2 Unsupervised pose-agnostic visual anomaly de-
tection in realistic industrial scenes

The work exposed in this section refers to the work [59] and is situated within a broader
body of research [60, 61, 62, 63, 64, 65, 66, 67, 68] that integrates modern machine learn-
ing and advanced computational methods into real-world engineering systems, enabling
effective and scalable solutions for practical applications. Specifically, recent research
efforts increasingly focus on developing innovative approaches for visual anomaly de-
tection, aiming to identify structural defects through deep learning and machine vision
techniques. Within this context, the second major contribution of this thesis is intro-
duced, focusing on pose-agnostic anomaly detection.

Recent years have witnessed a growing interest in unsupervised 3D anomaly de-
tection, driving the creation of increasingly challenging benchmarks. The first widely
adopted dataset, MVTech 3D-AD [69], consists of single-view RGB-D images, where the
depth maps can be uniquely converted into point clouds. This was followed by Eyecan-
dies [70], a synthetic dataset providing both single-view RGB-D images and complemen-
tary 3D information in the form of object normals, and PD-Real [71], designed to better
approximate the complexity of real-world scenarios. Early benchmarks generally offered
only partial object views. Real3D-AD [72] marked a major step forward by providing
point cloud data capturing the complete object geometry without blind spots. However,
it contains only structural information, while 3D-ADAM [73] augments point clouds with
RGB data, enabling more realistic industrial scenarios. Similarly, Anomaly-ShapeNet
[74] includes complete point clouds reconstructed from original ShapeNet models. Other
dataset like MAD [75], Real-IAD [76], and RAD [77] achieve full object coverage through
multi-view RGB images, with the latter two addressing more challenging real-world con-
ditions. Notably, MAD was designed for pose-agnostic anomaly detection (PAD), where
the object pose is unknown at test time and must be estimated before anomaly detec-
tion. PIAD [78] further extends this setup by introducing illumination changes alongside
unknown poses, significantly increasing task difficulty. Furthermore, the PCAD dataset
[79] bridges the gap between synthetic and real-world benchmarks by combining real
multi-view RGB images with corresponding CAD models, enabling more realistic sce-
narios.

In parallel, numerous unsupervised approaches have been proposed. Since anomalies
are absent from the training set, these methods learn a model of normality solely from
normal samples, classifying any deviation at inference time as anomalous. A prevalent
strategy is reconstruction-based detection, where models are trained to reconstruct nor-
mal inputs but fail to accurately reproduce anomalies. Among these, student-teacher
architectures are widely used: students learn to match the teacher’s outputs for nor-
mal data, and deviations between the two emerge naturally when processing anomalies,
and this scheme is adopted in works such as [80, 81, 82]. Other methods, including
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[74, 83, 84], also employ reconstruction but differ in their design: [74] uses a trans-
former to reconstruct patches extracted from point clouds; [83] applies an encoder-
decoder network tailored for point clouds to the same task; [84] reconstructs the entire
point cloud directly, but here anomalies are inter-class rather than intra-class. Like [81],
works such as [85, 86, 87, 88] also attempt to leverage RGB information by fusing it
with depth data. In [89, 90, 91, 92, 93], the architecture generates simulated anoma-
lies on normal images for training purposes; it then learns to reconstruct the normal
appearance from the anomalous image, and at inference time employs the extracted
features to drive the anomaly detection process using the reconstructed normal object
as a guide. Similarly, [94] generates anomalies during training by locally deforming the
point cloud and learning to detect deviations from the object’s normal shape. Works
such as [74, 95, 96, 97, 98, 99, 100] adopt a different approach based on the paradigm
introduced by PatchCore, in which features from normal images are extracted during
training and stored in a feature dictionary, referred to as a memory bank. At test time,
features extracted from the query item are compared against the memory bank, and an
anomaly score is assigned based on their distance from the stored features.

With the paper [101], the authors introduced a powerful technique for 3D scene
modeling called Gaussian splatting. This method leverages RGB images with known
camera poses and, through optimization, learns a point cloud–based representation com-
posed of primitives called splats. Using the learned model, it becomes possible to render
images from arbitrary viewpoints by exploiting the information provided by the most
relevant splats for that pose. Each splat represents the local 3D geometry of the scene,
and the combination of neighboring splats enables precise reconstruction of the overall
scene. Since its introduction, Gaussian splatting has been applied to the PAD problem.
The first approaches, SplatPose [102] and IGSPAD [103], leverage the differentiability
of Gaussian splatting to design a pose estimation module that solves an optimization
problem with respect to the pose. In contrast, SplatPose+ [104] departs from this idea
and estimates object poses at test time via PnP-based optimization.

This section outlines the second major contribution of this thesis, building on the
aforementioned literature. In the proposed work, the experimental setting was syntheti-
cally constructed to simulate an industrial inline inspection scenario, with objects mov-
ing along a conveyor and exhibiting varied, unpredictable poses, resulting in images with
realistic backgrounds that closely resemble an actual production environment. Regard-
ing illumination, a uniform lighting condition was assumed, as illumination-invariant de-
tection lies outside the scope of this work. Nevertheless, the proposed synthetic dataset
remains sufficiently challenging, as it includes substantial background clutter. The aim
is to identify surface anomalies that can occur at arbitrary locations on the objects. The
training set is assumed to contain only non-defective samples, while anomalies are artifi-
cially introduced as small and subtle defects, to evaluate the robustness of the proposed
methodology under realistic and complex conditions. Furthermore, defect detection is
performed over the whole potentially visible surface of each object, excluding the bottom
area that remains in contact with the conveyor.

The proposed anomaly-detection pipeline builds upon the SplatPose+ framework
and leverages the Gaussian splatting technique [101], which is formalized in the next
paragraph. The subsequent paragraphs briefly summarize SplatPose+ and then describe
in detail the proposed system and the introduced dataset.
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5.2.1 Gaussian Splatting

Gaussian splatting is a 3D scene representation technique that reconstructs a model from
2D images with known camera poses, enabling the synthesis of new views from arbitrary
viewpoints. Its main advantages are fast rendering and full differentiability, which make
it suitable for efficient optimization and novel-view generation. The following description
is based on the work [105].

Splats are the basic primitives, stored as a sparse point cloud. Each splat is defined
by a 3D spatial extent, color, and opacity. The spatial extent is modeled as a 3D
Gaussian density distribution in space. Its mean µ corresponds to the 3D position of
the splat, stored as 3D coordinates in the point cloud, while its shape and orientation
are encoded in the covariance matrix. The covariance matrix is parametrized as

Σ = RSSTRT ,

where R is a 3 × 3 real rotation matrix and S is a real 3 × 3 scaling matrix. This
parametrization derives from the singular value decomposition (SVD) of a real square
matrix, which decomposes a matrix into the product of a rotation, a scaling (SST ),
and another rotation. In this setting, S = diag(s), where s2 is a vector that contains
the three singular values. These singular values correspond to the square roots of the
eigenvalues of Σ × ΣT .

Geometrically, this can be interpreted as a 3D ellipsoid. The matrix R defines
the orientation of the ellipsoid in 3D space, while the singular values represent the
magnitudes of its semi-axes. Therefore, the singular values determine the anisotropic
spread of each splat along its principal directions.

Since R is a rotation matrix, it can be represented through a quaternion parame-
terization. Given a normalized quaternion q = (u, x, y, z), the corresponding rotation
matrix R can be expressed as

R =

⎡⎣1 − 2(y2 + z2) 2(xy − uz) 2(xz + uy)
2(xy + uz) 1 − 2(x2 + z2) 2(yz − ux)
2(xz − uy) 2(yz + ux) 1 − 2(x2 + y2)

⎤⎦ .

From this description, the parameters of the model that represent the position and
extent of each splat are: the splat location µ, the scaling vector s and the rotation
quaternion q.

The remaining parameters of each Gaussian splat are the opacity o, which ranges
from 0 (completely opaque) to 1 (fully transparent), and the color.

To represent color, spherical harmonics (SH) are employed which are a differentiable
basis for approximating functions of the form f : S2 → R where S2 is the unit sphere.
This choice enables the modeling of view-dependent appearance rather than assigning a
single constant color to each splat. Indeed, since the appearance of a point on a surface
may vary with the viewing direction, representing color as a function on S2 allows a splat
to change its color depending on the viewpoint. Thus, each RGB channel is modeled as
a function c : S2 → R.

In particular, given a viewing direction d ∈ S2, the corresponding color value is
obtained by evaluating the spherical harmonic expansion at d:
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c(d;k) = S

⎛⎝degmax∑︂
ℓ=0

ℓ∑︂
m=−ℓ

km
ℓ Y m

ℓ (d)

⎞⎠ ,

where degmax is the maximum SH degree employed, Y m
ℓ (·) are the real spherical

harmonic basis functions and k =
(︁
km
ℓ

)︁−ℓ≤m≤ℓ

0≤ℓ≤degmax
are the learnable SH coefficients.

The function S : R→ [0, 1] denotes the sigmoid, which is applied to constrain each RGB
channel to the valid range [0, 1].

The optimal values of µ, s, q, o and k are estimated during the optimization process
used to construct the 3D Gaussian splatting model.

In Gaussian splatting, each pixel pi is obtained by front-to-back alpha compositing
of the splats’ colors {cij}j weighted by their opacity parameters {αi

j}j ∈ [0, 1] and the

residual transmittance {Trij}j ∈ [0, 1]:

pi =

Ni∑︂
j=1

Trijα
i
j c

i
j , (5.1)

where N i is the number of splats involved in pixel i and

Trij =
∏︂
k<j

(1 − αi
k). (5.2)

Intuitively, Trij measures the residual mass of the pixel i available to be filled after
the accumulation of the first j − 1 contributions.

In the previous formulas, the opacity parameters {αi
j}j are obtained multiplying the

learnable opacities {oij}j by the Gaussian weights {wi
j}j associated with the ith pixel so

as to account for the spatial weighting of each splat. To compute these weights, for each
splat the associated 3D gaussian distribution is projected onto the image plane as a 2D
gaussian distribution. During the 2D projection stage, splats are filtered in clip space
to discard those that are too far or too close to the camera plane. The overall process
is described by the following equations.

Tcw is the extrinsic matrix that operates from world space to camera space, and
P is the projection matrix that operates from camera space to normalized clip space.
The parameters fx, fy, cx, cy are the focal lengths and the coordinates of the principal
points respectively; w, h, are the output image width and height and n, f are the near
and far clipping planes depths. These parameters are used to build:

Tcw =

[︃
Rcw tcw

0 1

]︃
∈ SE(3), P =

⎡⎢⎢⎣
2fx
w 0 0 0

0
2fy
h 0 0

0 0 f+n
f−n − 2fn

f−n

0 0 1 0

⎤⎥⎥⎦ .

Then, these transformations are applied to yield µ′, which is the mean of the 2D
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projected Gaussian distribution:

t = Tcw

[︃
µ

1

]︃
, t′ = Pt, µ′ =

⎡⎣
(︂
w · t′x

t′w
+ 1
)︂
/2 + cx(︂

h · t′y
t′w

+ 1
)︂
/2 + cy

⎤⎦ .

Instead, the covariance matrix of the 2D distribution Σ′ is obtained as:

Σ′ = JRcw ΣR⊤
cwJ

⊤,

where,

J =

⎡⎢⎢⎣
fx
tz

0 −fx tx
t2z

0
fy
tz

−fy ty
t2z

⎤⎥⎥⎦ .

Then, every weight w is obtained as

w = exp(−σ), σ =
1

2
∆⊤Σ′−1∆,

where ∆ is the offset between the pixel and µ′.

The procedure above describes the computation for a single pixel. In practice, the
entire rendering is parallelized using CUDA. The image is partitioned into 16× 16 tiles,
which are processed independently and in parallel.

Before rendering, each splat is checked for whether it can contribute to the tiles.
The projected 2D Gaussian of the splat is used, taking its 3σ contour as an effective
radius, covering about 99.7% of the mass). A bounding rectangle that encloses this 3σ
area is then computed on the image plane, and the splat is assigned to a tile whenever
this rectangle overlaps the tile. All splats assigned to a tile are instantiated for that tile
and sorted in parallel by depth (front to back). The per-pixel accumulation of Gaussian
contributions is then performed within each tile to produce the final image.

5.2.2 Pose Estimation and Anomaly Detection

In SplatPose+, the 3D representation of non-anomalous models is learned through Gaus-
sian splatting.

To initialize the Gaussian splatting model, a preliminary 3D reconstruction is ob-
tained using Structure-from-Motion (SfM). SfM produces a sparse point cloud represen-
tation of the object by exploiting feature correspondences across multiple RGB images
captured from different viewpoints. Specifically, distinctive features are first extracted
from the images, matched across views, and then triangulated to recover their 3D po-
sitions. Since the intrinsic parameters and camera poses are known, the reconstruction
is metric and scale-consistent. The generated SfM point cloud thus provides an ap-
proximate yet reliable representation of the object’s geometry. This point cloud, which
contains only 3D positional information, is then used to initialize the Gaussian splat-
ting model by assigning each 3D point as the initial position of a splat. Subsequent
optimization refines these splats, enriching them with the additional attributes such as
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color, opacity, and spatial extent.
In addition, SplatPose+ leverages the SfM reconstruction also for estimating the

poses of the test images. Specifically, during inference, correspondences are established
between 2D feature points extracted from the test image and their associated 3D points
in the SfM model. Given these 2D–3D matches, the camera pose is estimated by solving
a Perspective-n-Point (PnP) optimization problem.

Once the pose of the test image has been estimated with respect to the Gaussian
splatting model, anomaly detection can be carried out directly in the image domain.
A synthetic view of the object is rendered from the same viewpoint using the learned
Gaussian splatting model, which represents the normal, defect-free appearance. This
rendered image serves as a reference and is compared with the corresponding real test
image. Both images are processed through a feature extraction backbone, and the result-
ing feature maps are analyzed to measure their discrepancy. Regions showing significant
differences between the two sets of features indicate deviations from normality, allowing
the detection and localization of surface anomalies.

5.2.3 Methodology

Figure 5.6: Proposed architecture.

In this work, particular attention is devoted to addressing the pose-agnostic anomaly
detection problem under conditions that more closely resemble real industrial environ-
ments. The main challenge arises from background elements in the test images. Because
objects have no fixed pose, neither their pose is known a-priori nor is their arrangement
with respect to the background consistent across different objects. As a result, training
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Figure 5.7: Left: (a) Removed part (mirror) visible against the background (red box).
Right: (b) Added defect visible against the background (red box).

a Gaussian splatting normal model that includes background content and comparing it
to a test image with background is unreliable: even when the object view matches, the
background pose does not, and vice versa. To mitigate this, the processing pipeline aims
to remove the influence of the background. Accordingly, the Gaussian splatting model
is trained on images with a null background, represented by a uniform white surface, as
in previous published works. To ensure a consistent comparison between rendered and
test images, the test background must be suppressed. This requires an accurate object
segmentation and restricting the comparison to the object mask, thereby eliminating
background influence.

As will be explained in the dataset section, anomalies can involve missing, modified,
or added parts. In the case of missing parts, detection must focus on the region where
the part should be. The object mask from the test image is therefore insufficient, because
it can exclude the removed part, as would happen in the example shown in Figure 5.7(a)
where the removed part is above the background. Then, it is necessary to also use the
object mask from the synthesized normal image, which delineates the expected extent
of the part, so that the corresponding area can be analyzed.

On the contrary, for added parts, relying only on the synthesized normal mask would
miss the anomalous region, since anomalies can lie outside the expected support, like
in the example shown in Figure 5.7(b); the test-image object mask must therefore be
used to include those extra areas. In practice, the union of the two masks is analyzed:
regions present only in the normal mask indicate missing parts, regions present only in
the test mask indicate added parts, and discrepancies within the overlap correspond to
modified parts.

Formally, let Ms
i denote the object mask in the synthesized view Si and M t

i the
object mask in the test image Ti. In the proposed example Figure 5.8(a) corresponds to
Ti, while Figure 5.8(b) corresponds to Si. The mask Ms

i is obtained by thresholding the
final residual transmittance Tri of the synthesized image. In particular, for background
pixels the residual transmittance map satisfies Tri ≈ 1, as rendering yields negligible
splat contribution; in contrast, for pixels depicting the object, Tri ≪ 1, because these
pixels are saturated by the accumulated contributions of the splats. Therefore, a clean
foreground–background separation for the synthesized image is obtained by thresholding
Tri.
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Figure 5.8: From left to right: (a) test image with the anomaly highlighted (box);
(b) synthetic normal image; (c) foreground mask; (d) inpainted normal object on the
reconstructed background; (e) anomaly detection image.

To obtain M t
i , a BiRefNet[106] architecture is used. BiRefNet is a zero-shot model

for dichotomous image segmentation, designed to separate foreground from background.
Then Ms

i and M t
i are fused by a pixel-wise logical OR to obtain the final mask Mi =

Ms
i ∨M t

i , which specifies the region over which anomaly detection is performed when
comparing the test and synthesized images. In the proposed example, Figure 5.8(c)
corresponds to Mi.

This is still not sufficient, as residual errors depend on mask accuracy. In particular,
if the mask spills beyond the foreground object, the comparison will include background
regions, which may be detected as false anomalies. To mitigate this issue, an inpaint-
ing strategy is applied to suppress background content within the comparison region.
Specifically, the test image Ti is processed using the LaMa model [107], which removes
the object and reconstructs the underlying background. The inpainting region is defined
by the mask M t

i . Once background reconstruction is complete, the anomaly-free object
from the synthesized image Si is extracted using Ms

i and composited onto the recon-
structed background, yielding Saug

i . In the proposed example Figure 5.8(d) corresponds
to Saug

i .
Finally, the anomaly detection is performed between Ti and Saug

i restricted to the re-
gion defined by Mi. Figure 5.8(e) shows the detected anomaly in the proposed example.
The whole pipeline is shown in Figure 5.6.

5.2.4 Implementation

Following the SplatPose+ pipeline, an SfM model is built both to initialize Gaussian
splatting training and to localize test images. For each training image, image retrieval
is performed using NetVLAD[108] to select the K closest images within the training set
to form overlapping pairs. On these pairs, SuperPoint[109] extracts local features and
LightGlue[110] performs feature matching. The matched training pairs are triangulated
with hloc[111] to obtain a sparse SfM model of the scene. At test time, for each image,
NetVLAD retrieves the top-K most similar reference images from the training set. Then,
SuperPoint and LightGlue are applied between the query and the retrieved references to
obtain 2D correspondences. The correspondences are then lifted to 2D–3D by associating
keypoints in the test image with 3D points from the SfM model. Finally, hloc solves a
PnP problem from these 2D–3D matches to recover the camera pose of the test images.

The Gaussian splatting model is trained for 15000 iterations with a densification
interval of 1000 iterations and the spherical harmonics degree is set to 3.
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Anomaly detection is performed following the same general paradigm as Omni-
poseAD [75], where features are extracted from both the synthesized reference and the
test image using a pre-trained EfficientNet backbone [112]. Let xref and xtest denote
the reference and test images, respectively. Both images are first resized to a spatial
resolution of 224 × 224 and normalized, and this input level is denoted as

F ref
0 , F test

0 ∈ R3×224×224,

which corresponds to the RGB image representation itself. Subsequently, the Efficient-
Net backbone produces four additional feature maps at progressively coarser resolutions:

F ref
1 , F test

1 ∈ R24×112×112,

F ref
2 , F test

2 ∈ R32×56×56,

F ref
3 , F test

3 ∈ R56×28×28,

F ref
4 , F test

4 ∈ R160×14×14.

Here, the first dimension corresponds to the number of feature channels, while the last
two dimensions represent the spatial resolution (height and width) of the feature maps.

For each level ℓ, a pixel-wise discrepancy map between the test and reference features
is computed using an L1 distance, which is less sensitive to noise than the L2 metric
adopted in OmniposeAD. Specifically, for each spatial location (i, j), the discrepancy is
defined as

Aℓ(i, j) =

Cℓ∑︂
c=1

⃓⃓
F test
ℓ (c, i, j) − F ref

ℓ (c, i, j)
⃓⃓
,

where Cℓ denotes the number of feature channels at level ℓ. This yields a single-channel
anomaly map

Aℓ ∈ RHℓ×Wℓ .

Each map Aℓ for ℓ = 1, . . . , 4 is then upsampled to the input resolution 224× 224 to
match the resolution of A0. These upsampled maps are denoted by Ãℓ ∈ R224×224. The
multi-scale information is aggregated by a pixel-wise sum across all levels:

A(i, j) =

4∑︂
ℓ=0

Ãℓ(i, j),

yielding a single-channel anomaly map A ∈ R224×224 in the image domain. This map
is further processed by Gaussian smoothing and min–max normalization to obtain the
final pixel-wise anomaly map. The image-level anomaly score is finally defined as the
maximum value of this map:

s = max
i,j

A(i, j),

which quantifies the most anomalous region within the image.

For background reconstruction with LaMa, the inpainting region is obtained by
dilating the mask M t

i by 5 pixel. Indeed, dilating the mask avoids operating exactly on
the object boundary, where recovering the underlying background is more difficult. After
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Figure 5.9: Left: (a) Small added defect (box). Right: (b) Added defect visible against
the background (box).

reconstruction, anomaly detection compares Ti with Saug
i . In principle, this comparison

could be performed over the entire image, since the anomaly-free object is composited
onto the reconstructed background. However, because the inpainted region is dilated
and the reconstruction, while generally accurate, may still contain local imperfections,
evaluating everywhere could introduce false anomalies due to inpainting artifacts. To
minimize such effects, the comparison is restricted to the minimal necessary region,
namely the mask Mi.

5.2.5 Dataset

The dataset used in this work was developed in Blender [113], which enables the creation
of consistent industrial scenarios.

Following the approach introduced in the MAD dataset, the proposed dataset was
built using LEGO-based models specifically designed by expert modelers, who provided
the original, defect-free base structures. Nine distinct vehicle models were employed
which are police car, coupe car, amphibious car, off-road car, tank, desert car, truck,
loader and racing car; these models were chosen to represent objects with increasing
structural complexity. While simpler models such as the coupe exhibits compact and
mostly closed shapes, the amphibious car, the tank, the truck, the loader, the off-road
car, the racing car, the desert car introduce more intricate geometries, and the police
car model features a high number of detailed parts and open regions. This progres-
sion from simple to complex shapes not only increases the number of components but
also introduces concave and perforated structures, where background visibility through
small openings may occur, potentially leading to false positives in anomaly detection.
Although LEGO bricks offer a clear advantage in terms of ease of constructing a wide
variety of models, their main drawback is that the bricks have fixed shapes and colors,
which limits their ability to represent the true complexity of the real world. Nevertheless,
complex models can still be built, helping to support good generalization.

For each class, corresponding to one vehicle model, 100 defect-free training images
were rendered with known intrinsic and extrinsic camera parameters defining the pose P .
The camera viewpoints were distributed over the visible upper hemisphere of the object
which is the part not in contact with the conveyor. Additionally, 13 further objects per
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class were generated for testing and each of them was placed in a random pose distinct
from the pose of the training object. Seven of them were modified by adding small, subtle
surface defects to simulate realistic flaws. The considered defects fall into the categories
of additions, removals, and color alterations, which are implemented by respectively
adding, deleting, or replacing LEGO components. Specifically, for each class, two of
the modified objects exhibit color changes, two present removed components, and three
include added components. The remaining six objects were left intact, representing non-
defective items with unseen orientations; this setup was intended to simulate a realistic
production scenario in which normal items are also inspected and should not be classified
as anomalous. For each test object, 9 RGB images at 800×800 resolution were captured
with unknown poses, and therefore a total of 117 test images were obtained for each
class.

The modifications were intentionally kept minimal with respect to the overall object
volume, so that the proposed method can be evaluated under challenging conditions.
An example is shown in Figure 5.9(a). Moreover, some anomalies were made larger,
especially in the case of added parts. This choice was made to account for perspective
effects: depending on the viewpoint, anomalies may appear either over the object or
over the background as in Figure 5.9(b). By introducing sufficiently large anomalies, it
becomes more likely to include cases where the added parts appear on the background
rather than always overlapping the object itself. Indeed, if anomalies overlap just the
object and not the background, their detection is simplified, as background clutter is
eliminated.

During rendering, the test images included a realistic background, whereas the final
training images were rendered on a white background. This choice allowed the con-
struction of reference normal models representing only the object of interest, without
the background, which would be unnecessary and possibly misleading for the anomaly
detection stage. However, to maintain consistent illumination between the training and
test data, all renders were produced within the same scene and lighting setup; the train-
ing objects were subsequently cropped and placed on a white background, which is a
reasonable assumption since training data can be pre-processed offline. The background
scene consisted of a conveyor model and a textured floor, designed to avoid monochro-
matic regions while keeping the setup minimal. The conveyor was modeled as a series of
metallic plates, providing a moderately complex yet regular texture. Moreover, for each
test object, the conveyor position was kept fixed across its rendered views but slightly
shifted between different objects, ensuring that the background pattern remained consis-
tent within the same object while varying across samples. This promotes generalization
and reduces background bias.
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Results

6.1 Overlapping Screws Detection in 3D and Color
Images

The experiments on overlapping screw detection were conducted using distinct datasets,
each comprising 2500 instances of overlapping screws. Each dataset was divided into
training, validation, and test sets with proportions of 75%, 15%, and 10%, respectively.
The synthetic datasets exhibit a class distinction between intermediate and topmost
screws, with 14% classified as intermediate and 86% as topmost. In contrast, the real
dataset does not include such a distinction between screw classes. This configuration,
with fewer intermediate screws, is common in scenarios where screws are primarily laid
out without overlaps, as observed in the real-world setup. It is important to note that
for each intermediate screw, there must be a topmost screw covering it and, given that
scenes featuring more than three screws stacked on top of each other are rare, the dataset
naturally tends to have fewer intermediate screws. All the experiments were run on a
NVIDIA Tesla P40. The metric chosen to evaluate and compare the performance of the
models is the mean average precision (mAP) with Intersection over Union (IoU) thresh-
olds ranging from 0.5 to 0.95 in increments of 0.05, denoted as mAP@[.5:.95]. Average
Precision (AP) is macro-averaged across the two classes (topmost and intermediate
screws). In the case of the real experiments, there is no need for macro-averaging since
the dataset contains only one class. This metric is automatically provided by MaskR-
CNN through Torchvision and by YOLO through Ultralytics. Aside from mAP@[.5:.95],
mAP50 is employed to assess model performance in the case of the real dataset. Fi-
nally, in the case of synthetic datasets, to provide a clearer understanding of the results,
the following subsection ”Performance on Test Data with Optimized Hyperparameters”
presents the performance of the models on their test sets after having identified the
optimal hyperparameters on the validation set, which maximized the F1 score. The hy-
perparameters considered include the model confidence threshold and the IoU threshold
used for non-maximum suppression to select the final predictions. To calculate the F1
score, precision and recall were first computed. This required determining true pos-



70 Chapter 6

Figure 6.1: Four comparisons of YOLO (blue) and MaskRCNN (red) on the real dataset.

itives, false positives, and false negatives. Following the guidelines in [114], in cases
where multiple bounding boxes are present, a match is established between a ground
truth bounding box and the predicted bounding box with the highest IoU. The IoU
threshold used to match the predicted bounding boxes with the ground truth is set to
0.5, meaning that a predicted bounding box is considered a match if its IoU with a
ground truth bounding box is greater than 0.5.

6.1.1 Performance on Real Dataset

Table 6.1 and Table 6.2 report the models’ performance in terms of mAP@[.5:.95] and in-
ference time on the real dataset. At IoU= 0.5, YOLO achieves a mAP50 of 0.97, while
Mask R-CNN attains 0.95. These results indicate that the system effectively detects
overlaps, even under a relatively loose yet sufficient IoU threshold of 0.5. The method
is also computationally efficient, enabling timely detection within the case study. Fig-
ure 6.1 illustrates examples from the real dataset, showing both models with a confidence
threshold of 0.5.

6.1.2 Performance on Synthetic Datasets

In the case of the synthetic datasets, the distinction between topmost and interme-
diate screws was taken in consideration. From Table 6.1 and Table 6.2, it is evident
that both models perform reasonably well in both depth and RGB settings for the
Single-Screw Synthetic Dataset and the Mixed-Screws Synthetic Dataset. Mask R-
CNN demonstrates greater stability, showing higher mAP@[.5:.95] values compared to
YOLO. However, YOLO excels in terms of speed, operating near twice as fast as Mask
R-CNN. Despite Mask R-CNN being slower, it still processes each image in less than
one-tenth of a second, making it viable for real-world applications. The expectation
was that the models would perform significantly better on the depth dataset, given that
depth information should theoretically provide more clarity in identifying overlaps. Sur-
prisingly, both models perform well in the RGB setting too, which is a notable finding.
This implies that the models can effectively recognize overlaps even in RGB images. In
depth images, the models might identify overlapping screws by detecting particularly
bright areas. Nevertheless, the models have demonstrated their ability to infer overlaps
in RGB images, even in challenging scenarios where the confluence of two screws makes
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Table 6.1: mAP@[.5:.95] for YOLOv8n-seg and Mask R-CNN across datasets.
Setting YOLOv8n-seg Mask R-CNN

Depth – Real dataset 0.82 0.71
RGB – Real dataset N/A N/A
Depth – Single-Screw Synthetic 0.84 0.90
RGB – Single-Screw Synthetic 0.81 0.91
Depth – Mixed-Screws Synthetic 0.85 0.90
RGB – Mixed-Screws Synthetic 0.78 0.87

Table 6.2: Per-image inference time (milliseconds) for YOLOv8n-seg and Mask R-CNN.
Setting YOLOv8n-seg Mask R-CNN

Depth – Real dataset 31 ms 80 ms
RGB – Real dataset N/A N/A
Depth – Single-Screw Synthetic 31 ms 73 ms
RGB – Single-Screw Synthetic 44 ms 83 ms
Depth – Mixed-Screws Synthetic 31 ms 86 ms
RGB – Mixed-Screws Synthetic 46 ms 88 ms

it difficult to distinguish where one ends and the other begins, as exemplified in Fig-
ure 5.2(b). Furthermore, the models show good performance even in the Mixed-Screws
Synthetic Dataset. This dataset is more complex because it includes different types of
screws within the same images and incorporates random variations in lighting positions.
Although industrial environments often feature production lines with identical objects
and stable lighting conditions, this result is promising as it suggests that the models
can adapt to more variable and challenging scenarios.

6.1.3 Performance on Test Data with Optimized Hyperparam-
eters

Table 6.3, Table 6.4, and Table 6.5 present the F1-score, precision, and recall for both
classes combined (macro-averaged), the topmost screws class, and the intermediate over-
lapping screws class, respectively. The most critical statistics are precision and recall
for the topmost screws, and precision for the intermediate screws. From a technical
standpoint, identifying and removing topmost screws is crucial as they can be easily
extracted. Intermediate screws, although not readily removable, will eventually become
topmost and thus easier to remove once the screws blocking them are removed. From
the tables, it is evident that for the topmost class, both precision and recall are high
for every model across both RGB and depth datasets. For the intermediate class, the
worst-case scenario is observed when precision is notably low at 0.76. The remaining
scenarios are relatively comparable and perform well, particularly in terms of precision.
The intermediate class poses the most significant challenges; indeed, in the RGB setting
it achieves the worst performance, with F1 scores of 0.69 and 0.64. Given the practical
relevance of this class, improving its performance is important and warrants further
investigation. Figure 6.2 shows the performance of the optimized models on RGB and
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depth images of the synthetic datasets.

Table 6.3: Performance on all synthetic datasets (Macro F1, Precision, Recall).
Single-Screw Synthetic Mixed-Screws Synthetic

YOLOv8n-seg Mask R-CNN YOLOv8n-seg Mask R-CNN

Depth
0.93 (F1)
0.96 (P)
0.90 (R)

0.87 (F1)
0.92 (P)
0.83 (R)

0.87 (F1)
0.87 (P)
0.88 (R)

0.80 (F1)
0.90 (P)
0.77 (R)

RGB
0.83 (F1)
0.87 (P)
0.80 (R)

0.89 (F1)
0.91 (P)
0.84 (R)

0.77 (F1)
0.83 (P)
0.73 (R)

0.81 (F1)
0.87 (P)
0.76 (R)

Table 6.4: Performance on the topmost screws class (F1, Precision, Recall).
Single-Screw Synthetic Mixed-Screws Synthetic

YOLOv8n-seg Mask R-CNN YOLOv8n-seg Mask R-CNN

Depth
0.98 (F1)
0.97 (P)
0.99 (R)

0.98 (F1)
0.97 (P)
1.00 (R)

0.95 (F1)
0.94 (P)
0.96 (R)

0.92 (F1)
0.91 (P)
0.93 (R)

RGB
0.97 (F1)
0.96 (P)
0.98 (R)

0.98 (F1)
0.97 (P)
0.98 (R)

0.89 (F1)
0.85 (P)
0.95 (R)

0.90 (F1)
0.89 (P)
0.91 (R)

Table 6.5: Performance on the intermediate screws class (F1, Precision, Recall).
Single-Screw Synthetic Mixed-Screws Synthetic

YOLOv8n-seg Mask R-CNN YOLOv8n-seg Mask R-CNN

Depth
0.88 (F1)
0.96 (P)
0.81 (R)

0.75 (F1)
0.85 (P)
0.67 (R)

0.80 (F1)
0.80 (P)
0.80 (R)

0.68 (F1)
0.76 (P)
0.62 (R)

RGB
0.69 (F1)
0.77 (P)
0.63 (R)

0.81 (F1)
0.95 (P)
0.70 (R)

0.64 (F1)
0.76 (P)
0.56 (R)

0.71 (F1)
0.85 (P)
0.62 (R)
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Figure 6.2: First row: YOLO model, depth images. Second row: MaskRCNN model,
depth images. Third row: YOLO model, RGB images. Fourth row: MaskRCNN model,
RGB images. First and second columns: Single-Screw-Synthetic Dataset. Third and
fourth columns: Mixed-Screws-Synthetic Dataset. Red box: correctly identified topmost
screw. Blue box: correctly identified intermediate screw. Yellow box: wrongly classified
as topmost screw. Green box: wrongly classified as intermediate screw. Pink box:
topmost screw not identified. Sky-blue box: intermediate screw not identified. Orange
box: prediction of intermediate screw not associable with a ground truth.
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6.2 Unsupervised pose-agnostic visual anomaly de-
tection in realistic industrial scenes

The following sections report quantitative and qualitative evaluations of the proposed
pose-agnostic anomaly-detection pipeline, in comparison with SplatPose+, the current
state of the art, and with SplatPose.

6.2.1 Metrics

In accordance with prior works [75, 102, 104], the evaluation metrics includes pixel-
level AUROC, AUPRO[69], and image-level AUROC, where image-level anomaly score
is defined as the maximum of the pixel-wise anomaly map. Higher values of pixel-level
AUROC and AUPRO indicate better localization of true anomalies, as explicitly assess
the spatial accuracy of the pixel-wise map.

While the previous metrics are threshold-free, qualitative visualization and practical
anomaly detection require setting a decision threshold, which in turn enables the compu-
tation of the F1-score to measure the quality of anomaly detection at localization level.
The proposed pipeline produces a soft anomaly mask at the pixel level and aggregates it
into a single image-level score by taking the maximum value across pixels. Then, a deci-
sion threshold is selected by maximizing the image-level F1-score. Therefore, an image is
considered anomalous if its aggregated score exceeds this threshold; the same threshold
is then applied at pixel level, classifying pixels with scores above it as anomalous. With
this in mind it is possible to compute the F1-score at the anomaly-localization level
as follows. After thresholding the pixel-wise anomaly map, connected components are
extracted and the same procedure is applied to the ground-truth mask. A true positive
area is counted when a predicted connected component overlaps with any ground-truth
one. A false positive area is a predicted connected component that does not overlap
with any ground-truth one. A false negative area is a ground-truth connected compo-
nent that does not overlap with any predicted one. F1-score is then computed using the
number of true positives, false positives and false negatives. The F1-score also measures
how accurate the image-level classification is; specifically, whether an image labeled as
anomalous reflects the detection of a genuine anomaly or merely spurious, noise-induced
false positives.

6.2.2 Quantitative Evaluation

Table 6.6 reports the performance of the proposed pipeline and the per-image inference
time for all nine classes, based on experiments run on an NVIDIA RTX-A4500 GPU.
The results are reported up to the third decimal digit and this level of precision is
required especially for pixel-level AUROC and AUPRO because the anomalous pixel
class is unbalanced relative to the non-anomalous class. High numerical precision is
therefore required to capture small variations in the detection of fine anomalies.

To the best of the authors’ knowledge, all existing methods addressing the PAD
problem assume that backgrounds are removed from test images. A direct comparison
with such approaches would therefore be misleading, as their performance is expected
to degrade substantially under the proposed setting, which includes background clutter.
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Then, to obtain a meaningful point of reference to the state-of-the-art SplatPose+, the
comparison is conducted by evaluating SplatPose+ on a simplified dataset with same
objects and poses, but with backgrounds removed, whereas the proposed method is
evaluated on the original dataset that retains background clutter. The results show that
the proposed pipeline attains comparable performance to SplatPose+ in this setting,
indicating that any remaining gap is not due to the background-handling challenge
addressed by the pipeline, but reflects difficulty intrinsic to the task even under simplified
conditions. The resulting scores, are written in Table 6.7. Table 6.9 shows, instead, the
per-class F1-scores for both the proposed method and SplatPose+. Results are reported
to two decimal places, which is, in this case, sufficiently informative.

All evaluations are averaged over 50 runs of the same pipeline using the same data
split, and the results are reported as mean and standard deviation. The variability is
intrinsic to the Gaussian splatting technique. During model optimization, new splats
may be introduced with a small degree of randomness, which can lead to slight differences
across runs even when training on the same data.

Overall, the performances between methods are comparable even though the pro-
posed method is evaluated on original images with background clutter, unlike Splat-
Pose+, which is tested on background-removed images.

The easiest class, coupe car, achieves the best results, as expected, since it is rela-
tively compact and lacks small holes or irregularities in its shape that could degrade the
anomaly detection performance.

Conversely, complex objects, such as the police car present fine structural details
like small open regions that make accurate detection more challenging, lowering the
scores. More specifically, concave regions and small holes may be incorrectly detected
by BiRefNet as part of the object rather than as background. In such cases, LaMa is
employed to mitigate this issue; however, when holes are located within the object and
are very small, the inpainting technique may still be insufficient to accurately reconstruct
the background in these regions, as shown in Figure 6.5. These aspects represent the
main limitations of the proposed pipeline. However, SplatPose+ also exhibits limitations
when dealing with small holes or concavities, as illustrated in Figure 6.5. In particular,
the Gaussian splatting technique may fail to accurately reconstruct small holes and
cavities during training; as a consequence, during anomaly detection, these regions can
be incorrectly identified as anomalous, leading to false positives.

The results may appear sometimes slightly inconsistent, since for some classes a
higher image-level AUROC does not necessarily correspond to a higher F1-score. This
is due to the fact that image-level AUROC disregards anomaly localization and can be
affected by noise.

In addition, a comparison with SplatPose is reported, even though it is no longer
state-of-the-art because SplatPose+ outperforms it in both prediction quality and infer-
ence time. This comparison is included for completeness. The tests are conducted under
the same setting as for SplatPose+, with the background removed, since SplatPose is
not designed to handle it. The resulting performance is substantially lower than that of
both the proposed method and SplatPose+, in terms of both overall performance and
inference time. The results are reported in 6.8 and 6.9.
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6.2.3 Qualitative Evaluation

The masked regions in the third colum of Figure 6.3 and Figure 6.4 indicate anomalous
pixels obtained by applying the previously defined decision threshold, while the first and
second columns show the test images and the synthesized normal images, respectively.
Figure 6.5 highlights, within boxes, examples of false positives and false negatives for
the proposed method in the first column and for SplatPose+ in the second column; the
third column displays the ground-truth masks. The images show that both approaches
can produce spurious or missing detections. Figure 6.6 and 6.7 show the results of
SplatPose. The green anomalous area is clearly incorrect because the pose estimation
is not accurate. This mismatch can be observed by comparing the first and second
columns and using the red line as a visual reference to inspect the pose estimation error.

6.2.4 Ablation Study

Finally, two ablation studies are conducted. The first analyzes the impact of the LaMa
inpainting and BiRefNet segmentation modules. The second reports the results obtained
by running the proposed pipeline on background-free images, following the SplatPose+
setting.

Table 6.10 reports results obtained when comparing test and reference images only
within the object mask of the synthesized normal image, which is the mask derived from
residual transmittance. Performance remains strong because, in many views, anomalies
are small and lie well inside the object rather than near its boundaries, making this
mask sufficient in numerous cases. However, this cannot always be assumed: in worst-
case scenarios where anomalies occur on the border, restricting the comparison to the
synthesized mask misses relevant regions. In such cases, the full proposed pipeline is
required to recover the complete comparison area. Consistently, Table 6.6 shows im-
proved results, as it also addresses the border cases discussed above. Table 6.11 reports
the F1-score performance and should be compared with the first column of Table 6.9.
For classes such as amphibious car and coupe car, the results are essentially comparable
across methods. For the remaining classes, however, the proposed method attains higher
F1-scores, highlighting the improvements delivered by the proposed approach.

Table 6.12 reports the usual performance metrics of the proposed pipeline when
applied to background-free images. The results are comparable to those obtained on
images with background and to the performance achieved by SplatPose+ on background-
free images.
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Table 6.6: Proposed method evaluation results and inference times. Anomaly detection
metrics: pixel-wise AUROC (p-AUROC), AUPRO, image-wise AUROC (i-AUROC) and
image inference time (i-time) in seconds.

p-AUROC AUPRO i-AUROC i-time (s)

Amphibious car 0.999± 0.000 0.994± 0.000 0.985± 0.002 1.7± 0.0
Coupe car 0.999± 0.000 0.993± 0.000 0.986± 0.001 1.7± 0.0
Police car 0.992± 0.000 0.985± 0.000 0.921± 0.006 1.7± 0.1
Tank car 0.999± 0.000 0.990± 0.000 0.987± 0.001 1.7± 0.0
Off-road car 0.999± 0.000 0.994± 0.000 0.981± 0.002 1.7± 0.0
Desert car 0.999± 0.000 0.995± 0.000 0.940± 0.003 1.7± 0.0
Loader car 0.999± 0.000 0.997± 0.000 0.993± 0.003 1.7± 0.0
Racing car 0.996± 0.000 0.977± 0.000 0.947± 0.005 1.7± 0.0
Truck car 0.999± 0.000 0.993± 0.000 0.972± 0.003 1.7± 0.0

Table 6.7: SplatPose+ results. Anomaly detection metrics: pixel-wise AUROC (p-
AUROC), AUPRO, and image-wise AUROC (i-AUROC).

p-AUROC AUPRO i-AUROC i-time (s)

Amphibious car 0.999± 0.000 0.994± 0.000 0.989± 0.002 0.9± 0.0
Coupe car 0.999± 0.000 0.991± 0.000 0.992± 0.001 0.9± 0.0
Police car 0.999± 0.000 0.993± 0.000 0.921± 0.011 0.9± 0.0
Tank car 0.998± 0.000 0.984± 0.000 0.977± 0.002 0.9± 0.0
Off-road car 0.999± 0.000 0.993± 0.000 0.986± 0.001 0.9± 0.0
Desert car 0.999± 0.000 0.994± 0.000 0.961± 0.001 0.9± 0.0
Loader car 0.999± 0.000 0.996± 0.000 0.993± 0.004 0.9± 0.0
Racing car 0.998± 0.000 0.989± 0.000 0.956± 0.003 0.9± 0.0
Truck car 0.999± 0.000 0.994± 0.000 0.981± 0.002 0.9± 0.0

Table 6.8: SplatPose results. Anomaly detection metrics: pixel-wise AUROC (p-
AUROC), AUPRO, and image-wise AUROC (i-AUROC).

p-AUROC AUPRO i-AUROC i-time (s)

Amphibious car 0.983± 0.000 0.902± 0.001 0.727± 0.005 9.6± 0.0
Coupe car 0.990± 0.000 0.929± 0.000 0.803± 0.002 9.6± 0.0
Police car 0.960± 0.000 0.819± 0.001 0.613± 0.009 9.6± 0.0
Tank car 0.986± 0.000 0.882± 0.001 0.614± 0.001 9.6± 0.0
Off-road car 0.967± 0.000 0.862± 0.003 0.766± 0.003 9.6± 0.0
Desert car 0.954± 0.000 0.826± 0.000 0.655± 0.002 9.6± 0.0
Loader car 0.969± 0.000 0.847± 0.000 0.631± 0.002 9.6± 0.0
Racing car 0.947± 0.001 0.812± 0.005 0.648± 0.012 9.6± 0.0
Truck car 0.967± 0.000 0.864± 0.002 0.690± 0.014 9.6± 0.0
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Table 6.9: Per-class F1-scores for the proposed method and SplatPose+.

Proposed method SplatPose+ SplatPose

Amphibious car 0.92± 0.01 0.95± 0.01 0.31± 0.00
Coupe car 0.94± 0.00 0.98± 0.00 0.42± 0.01
Police car 0.79± 0.02 0.78± 0.04 0.27± 0.03
Tank car 0.92± 0.01 0.93± 0.01 0.39± 0.04
Off-road car 0.92± 0.01 0.90± 0.02 0.34± 0.01
Desert car 0.83± 0.02 0.83± 0.02 0.34± 0.02
Loader car 0.95± 0.02 0.93± 0.02 0.25± 0.01
Racing car 0.88± 0.02 0.89± 0.01 0.26± 0.01
Truck car 0.88± 0.02 0.94± 0.01 0.26± 0.03

Figure 6.3: Examples for each class. First column: testing images. Second column:
synthetic normal images. Third column: image with detected anomaly.
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Figure 6.4: Examples for each class. First column: testing images. Second column:
synthetic normal images. Third column: image with detected anomaly.
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Figure 6.5: Qualitative comparison of detection errors. Examples of false positives and
false negatives are highlighted with boxes. First column: proposed method; second
column: SplatPose+; third column: ground-truth masks.
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Figure 6.6: Examples of SplatPose results for each class. First column: test images.
Second column: SplatPose outputs. Third column: ground-truth annotations. The red
line provides a visual reference to inspect pose estimation errors.
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Figure 6.7: Examples of SplatPose results for each class. First column: test images.
Second column: SplatPose outputs. Third column: ground-truth annotations. The red
line provides a visual reference to inspect pose estimation errors..
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Table 6.10: Results and inference times obtained without employing BiRefNet and
LaMa modules. Anomaly detection metrics: pixel-wise AUROC (p-AUROC), AUPRO,
image-wise AUROC (i-AUROC) and image inference time (i-time) in seconds.

p-AUROC AUPRO i-AUROC i-time (s)

Amphibious car 0.993± 0.000 0.983± 0.001 0.975± 0.004 0.9± 0.0
Coupe car 0.983± 0.000 0.980± 0.000 0.988± 0.001 0.9± 0.0
Police car 0.977± 0.000 0.940± 0.002 0.873± 0.009 0.9± 0.0
Tank car 0.956± 0.000 0.956± 0.000 0.974± 0.002 0.9± 0.0
Off-road car 0.971± 0.000 0.916± 0.001 0.911± 0.006 0.9± 0.0
Desert car 0.989± 0.001 0.961± 0.002 0.907± 0.005 0.9± 0.0
Loader car 0.979± 0.001 0.938± 0.002 0.939± 0.007 0.9± 0.0
Racing car 0.980± 0.000 0.927± 0.001 0.899± 0.008 0.9± 0.0
Truck car 0.977± 0.001 0.957± 0.002 0.930± 0.007 0.9± 0.0

Table 6.11: Per-class F1-scores obtained without employing BiRefNet and LaMa mod-
ules.

F1

Amphibious car 0.91± 0.01
Coupe car 0.94± 0.00
Police car 0.70± 0.04
Tank car 0.89± 0.01
Off-road car 0.85± 0.01
Desert car 0.81± 0.01
Loader car 0.87± 0.02
Racing car 0.79± 0.05
Truck car 0.84± 0.02

Table 6.12: Evaluation results of the proposed method on background-free images.
Anomaly detection metrics: pixel-wise AUROC (p-AUROC), AUPRO, image-wise AU-
ROC (i-AUROC) and F1-score.

p-AUROC AUPRO i-AUROC F1

Amphibious car 0.999± 0.000 0.993± 0.000 0.983± 0.002 0.91± 0.02
Coupe car 0.999± 0.000 0.991± 0.000 0.991± 0.001 0.92± 0.01
Police car 0.999± 0.000 0.992± 0.000 0.920± 0.008 0.79± 0.04
Tank car 0.999± 0.000 0.984± 0.000 0.980± 0.002 0.92± 0.02
Off-road car 0.999± 0.000 0.992± 0.000 0.987± 0.001 0.90± 0.02
Desert car 0.999± 0.000 0.993± 0.000 0.958± 0.002 0.86± 0.00
Loader car 0.999± 0.000 0.996± 0.000 0.993± 0.003 0.96± 0.01
Racing car 0.999± 0.000 0.990± 0.000 0.961± 0.005 0.88± 0.01
Truck car 0.999± 0.000 0.993± 0.000 0.979± 0.004 0.93± 0.02
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7
Conclusions

In this thesis, two scenarios of visual anomaly detection for industrial applications with
a strong intrinsic 3D nature were presented.

In the first case, object detection neural networks were employed. The results demon-
strate their ability to ”learn” in a supervised fashion the logical notion of overlapping
screws, namely those screws that, due to their 3D freedom of movement, are positioned
one on top of the other. Crucially, this detection can be achieved without relying on
depth information, as shown by the results in the RGB setting compared with the depth
configuration. This is particularly advantageous for the industrial context. Indeed, re-
lying on depth sensing hardware, such as profilers, is significantly more expensive than
utilizing RGB cameras. Furthermore, devices like profilers are often inherently linear
and thus less flexible in terms of scene coverage compared to the fast and effective
analysis achievable with matrix RGB cameras.

Some limitations were observed in managing borderline cases where screws are only
slightly overlapped. These cases pose a challenge because such screws can be treated
interchangeably as either topmost or intermediate. Moreover, while the masks generated
are accurate enough to estimate the centroid and pose, they are not perfectly fitted to
the screws, especially with the YOLO model.

Finally, the results obtained with mixed screws and varying lighting conditions are
very close to those achieved with a single type of screw. This reinforces the idea that
the network can understand the concept of overlap effectively, even in more complex
and variable settings.

In the second proposed scenario, a dataset for pose-agnostic anomaly detection was
introduced to reflect realistic industrial inspection conditions, together with a pipeline
designed to handle the practical constraints present in the data.

Beyond the main task, some practical issues were encountered, primarily with the
image-level decision rule. Indeed, small amounts of random noise can produce false
positives, because nothing prevents the noise’s features from exhibiting large differences
in magnitude relative to normality. Then, since the aggregation uses the maximum
across pixel scores, a single spurious peak can cause a normal image to be classified
as anomalous. Similar failures arise in small surface holes. These regions are difficult
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to separate from the object, often lie within the object silhouette, and are compared
against non-anomalous exemplars that exhibit blank white backgrounds in those holes.
This mismatch can introduce false positives. The proposed pipeline limits many of these
cases, but performance is not yet perfect. Further investigation is required to refine these
borderline scenarios and to improve robustness. Moreover, the computational time could
be improved, and further research is needed to reduce it.

This work has some limitations, most notably the fact that the proposed approach
is evaluated in a controlled synthetic environment. As a result, there is room for future
work aimed at developing a pipeline that is closer to real industrial scenarios, where
noise is more pronounced. Furthermore, illumination conditions, which were assumed
to be uniform in this study, should be addressed in future work to reduce sensitivity
to lighting changes, possibly building on PIAD [78], and to variability arising from the
temporal degradation of equipment and environmental conditions.
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