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Abstract

Explainable Artificial Intelligence (XAI) techniques are increasingly necessary for ensuring
trust and acceptance of complex machine learning models across various fields. One
widely used XAI method, Local Interpretable Model-agnostic Explanations (LIME), is
particularly popular for image-based explanations but faces challenges in terms of speed,
accuracy, and applicability in different contexts.

An improvement to LIME is proposed to optimize its performance, including faster train-
ing times and better prediction accuracy, with a focus on finding an alternative machine
learning algorithm that can outperform the current one used by LIME. Additionally, this
project defines and explores metrics derived from LIME explanations that can help evalu-
ate the quality of image classification models, even in concept drift scenarios where labeled
data may be scarce. These metrics are validated against human feedback, identifying four
key metrics that could prove useful for automated systems to assess model outputs.

Furthermore, in domains like manufacturing, LIME explanations must be adapted to
context-specific challenges. In the case of defect detection in the textile industry, the per-
mutation generation process used by LIME can mislead the underlying model, generating
poor explanations. A methodology is proposed to mitigate this issue, supporting more
accurate and contextually relevant explanations that can enhance decision-making and
human-centric approaches in industrial scenarios.

Keywords: LIME, Optimization, Machine Learning, Computer Vision, Explainability,
Defect Detection, Manufacturing
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Resumo

As técnicas de Inteligéncia Artificial Explicavel s@o cada vez mais necessarias para garantir

a confianca e a aceitagao de modelos complexos de machine learning em varios dominios.
Um método amplamente utilizado, Local Interpretable Model-agnostic Explanations (LIME),
é particularmente popular para explicacoes baseadas em imagens, mas enfrenta desafios
em termos de velocidade, precisao e aplicabilidade em diferentes contextos.

Neste trabalho propoe-se uma melhoria do LIME para otimizar o seu desempenho, in-
cluindo reducao nos tempos de treino e melhor precisao de previsao, com o objetivo de
encontrar um algoritmo alternativo de machine learning que possa superar o atual uti-
lizado pelo LIME. Adicionalmente, este projeto define e explora métricas derivadas das
explicacoes do LIME que podem ajudar a avaliar a qualidade dos modelos de classificagao
de imagens, mesmo em cenérios de concept drift onde os dados etiquetados podem ser
escassos. Estas métricas sao validadas com base no feedback humano, identificando-se
quatro métricas-chave que podem ser titeis para os sistemas automatizados avaliarem os
resultados dos modelos.

Além disso, particularmente no dominio industrial, as explicagoes devem ser adaptadas
aos desafios especificos do contexto. No caso da detecao de defeitos na industria téxtil, o
processo de geragao de permutagoes utilizado pelo LIME pode induzir em erro o modelo
subjacente, gerando explicagoes pobres. E proposta uma metodologia para mitigar este
problema, apoiando explicacoes mais exactas e contextualmente relevantes que podem
melhorar a tomada de decisoes e as abordagens centradas no ser humano em cenéarios
industriais.

Palavras-chaves: LIME, Otimizacao, Machine Learning, Visao de Computador, Expli-
cabilidade, Detecao de Defeitos, Fabrico
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Chapter 1

Introduction

1.1 Contextualization

Artificial Intelligence (AI) is becoming increasingly significant in industry, namely in
quality control. However occasionally, the commonly used Deep Learning (DL) models
are opaque, making it hard to assess their quality or comprehend the rationale behind
their predictions. There are currently many different explainability methods available,
but many of them have drawbacks that make it impossible to utilize them in industrial
scenarios on a real-time basis.

LIME is one of the explainability methods that is the focus of this project. Like other
explainability methods, LIME has drawbacks when it comes to real-time application in
industrial scenarios. Throughout this document, these drawbacks will be examined and
appropriate solutions will be provided.

The goal of this project is to optimize the process of explaining the detection of defects in
fabrics using a computer vision model to identify them along with the explanations of the
detections given by LIME. The industrial context for this project is the textile industry.

This project was developed in the context of PRODUTECH R3[[] The goal of the PRO-
DUTECH R3 project is to bring about a fundamental change in Fileira das Tecnologias
de Produgao (FTP), enabling it to exploit the significant investments that industry will
make with the green and digital transition, reducing external technological dependence,
increasing the added value generated in the country and contributing to a change in the
specialisation of the Portuguese economy.

Based on a partnership that brings together 108 companies and other entities, from FTP,
the main sectors of industry and the scientific and technological system, the project en-
visages the collaborative development of 85 new innovative products and services and
their demonstration in more than 52 pilots in companies from the user sectors and the
development of complementary actions in the areas of education and training, interna-
tionalisation, dissemination and capacity building in FTP, inducing structural change
and the creation of a truly dynamic and sustainable innovation eco-system in the area of
production technologies.

Thttps:/ /www.produtech.org/projetos/produtech-r3



1.2 Objectives

One of the drawbacks of the LIME method, which was highlighted in the previous sec-
tion, is that it takes a while to generate explanations for predictions in images. This
limits its utility in real-world scenarios, especially for real-time applications like defect
or anomaly detection in fabrics. This method also has the drawback of having randomly
generating permutations during its operation, which might occasionally lead to inaccurate
explanations. And to mitigate this, the following objectives were defined:

1. Improve LIME’s computing efficiency to make its use in real-time more realistic.

2. Making LIME more resilient to the challenges of image classification and explain-
ability in industrial environments.

3. Look for an approach that evaluates the quality of the explanations produced by
LIME.

4. Make the LIME-generated explanations more precise and clear.

1.3 Research Methodology

In this project it was followed the Design Science Research (DSR) Methodology [1], a
form of science knowledge production that involves the development of innovative con-
structions, intended to solve real world problems. The main outcome of this type of
research methodology is an artifact that solves a particular domain problem, also known
as solution concept, which must be assessed against criteria of value or utility.

In the context of this project, this means presenting an innovative solution to a problem
that covers several domains. This methodology has been pointed out as a suitable research
approach when researchers work in close collaboration with organizations (as is the case
in this project), as it allows new ideas to be tested in a real-life context. A DSR process
commonly includes six steps or activities:

1. Identification of the problem, defining the research problem and justifying the value
of a solution.

Definition of objectives for a solution.
Design and development of artefacts (constructs, models, methods, etc.).

Demonstration by using the artefact to solve the problem.

A

Evaluation of the solution, comparing the objectives and the actual observed results
from the artefact.

6. Communication of the problem, the artefact, its utility and effectiveness to other
researches.

Throughout this document, which represents the sixth and final step in this process, the
remaining steps will also be presented: The first and second steps have already been
described earlier in this section, while the third, fourth and fifth steps, which essentially
describe the implemented solution and its results, will be described in a later section.



1.4 Work Planning

This section will provide a detailed explanation of the steps taken during the project’s
development, along with a presentation of the Gantt chart, represented in Figure[I.1] and
the methodology’s phases.

Weekly meetings were used to discuss the results of the tasks that had been set forth in the
prior week’s meeting and, depending on the conclusions reached during that discussion,
to define the tasks for the upcoming week.

Figure shows the following phases of the project:
e Phase 1 - Proposal of a ML Regression Algorithm Superior to Ridge

The LIME method’s concepts were first studied in the first phase. Afterwards, informa-
tion on the method’s execution time was collected to determine where intervention was
necessary to maximize its effectiveness. After gathering all of the optimization proposal
findings, an article was written for the ESTG Masters event to finish this phase. Chapter
[6] contains the pertinent information about it.

e Phase 2 - Methodology for Defining Optimal LIME Background for Fab-
ric Defect Image Permutations

It was discovered over the course of this project that the YOLO model, an object detection
model whose functioning is described in Section was incorrectly identifying the
intended objects when used in conjunction with LIME. The primary goal at this point
was to develop an approach that will be covered in Chapter [4]in order to solve this issue.
This problem served as the focal focus of a collaborative effort to write a paper for the
ESAIM conference in order to finish up this phase.

e Phase 3 - Approach to Minimizing Permutation Matrix Size

During this phase, the main goal was to develop an approach that would minimize the
size of the permutation matrix produced by LIME while preserving the variety of each
permutation and, as a result, cutting down on execution time, the description of this
approach and its results are presented in Chapter [5

e Phase 4 - Definition of Metrics for Evaluating LIME Explanation Quality

Developing metrics to evaluate the quality of the explanations produced by LIME was the
focus of the fourth phase. Explanation metrics and their results can be found in Chapter
Bl The definition of these metrics served as motivation for collaboration while writing a
paper for the TAMOT conference, concluding this phase.

e Phase 5 - Dissertation writing

In this last phase, the dissertation was written at the same time as phases 2, 3 and 4.
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Figure 1.1: Gantt diagram of project timeline.

1.5 Outline of the document

This dissertation has seven chapters. The project’s concept is introduced in general and
concisely in Chapter The background is covered in Chapter [2, where the different
project concepts are provided for a better understanding of them throughout this docu-
ment.

Presented in Chapter 3| are a set of metrics that assess the LIME-generated explanations,
metrics validation via a questionnaire, and the corresponding results from it. In Chapter
Ml a methodology for getting around one of LIME’s limitations in terms of producing
explanations for fabric defects is described.

An approach to enhance LIME’s permutation generation process’ efficacy and efficiency
is provided in Chapter A regression ML algorithm will be proposed to replace the
algorithm used by LIME to extract feature importance on superpixels, Ridge, in Chapter
[6l At last, Chapter [7] will provide the relevant conclusions, as well as future work and
articles that were published throughout this project development.



Chapter 2

Background

2.1 Quality control in the textile industry

The industry has undergone significant changes over the years, with the development
of advanced technologies and modern methods for textile production. Despite these ad-
vancements, the textile production business still encounters challenges related to the fabric
quality. Fabric flaws such as neps, barres, stains, and other defects can significantly affect
the quality of the fabric, leading to reduced sales and decreased serviceability [2].

These flaws are often caused by bad yarns, broken equipment, or improper handling of
equipment and processes by human operators. The negative impact of fabric flaws on
the textile industry is significant, leading to increased wastage, higher expenditures, and
decreased profitability [2].

In the context of quality control, the traditional textile industry has long relied on man-
ual human inspection. Skilled workers use their eyes and experience to examine textile
products for patterns, defects, and imperfections. This manual inspection ensures that
the final products meet the desired quality standards. However, it is a labor-intensive and
subjective process prone to human error and fatigue, especially in long production runs.
When the patterns are not recognizable, operators will do a destruction test to find the
type or original color of the fabric [3].

Every step of the fabric manufacturing process needs quality control because it helps to
reduce waste, identify potential issues with a specific machine, and identify the source
of defects in the process. Ensuring the quality and efficiency of the whole process is
crucial for manufacturers to meet customer demands and maintain competitive advantage.
Otherwise, the presence of anomalies or abnormalities can lead to substandard products,
increased waste, longer production times and costs, and even potential equipment failures

[4]-

Nonetheless, and despite the importance of quality inspection, it is becoming increasingly
harder to hire and train people for such tedious and repetitive tasks [5]. Quality inspection
and defect detection techniques that can be used in practice, desirably in real-time, are
thus essential to identify and address such deviations promptly, avoiding increased costs
and other negative impacts.



2.1.1 Impact of Computer Vision on Industry Quality Control

Computer vision (CV) technology has emerged as a powerful tool for quality control in
various modern industries [3]. By harnessing algorithms and image processing techniques,
CV enables the swift and accurate identification of product defects, effectively overcoming
the limitations associated with manual inspection [6]. Notably, this technology has been
widely embraced for its efficiency and cost-effectiveness across electronics to automotive
manufacturing [7,8].

Furthermore, the pharmaceutical industry has adopted CV for ensuring the quality and
safety of drug production [9], and the food and beverage industry employs it to enhance
the inspection of food products, guaranteeing adherence to stringent quality standards
[6]. Aerospace manufacturing also benefit from CV’s ability to detect imperfections in
components and ensure the reliability of critical systems [10].

The textile industry has similarly embraced CV by integrating systems equipped with
cameras and sensors into production lines. These systems capture detailed product im-
ages, facilitating real-time analysis and the effective identification of defects [11].

ML algorithms have been employed to enhance accuracy, enabling the recognition of
complex patterns and defects. The data generated through CV inspections contributes to
defect identification and can potentially optimize production processes, reduce downtime,
and enhance overall operational efficiency [3].

2.2 Artificial Intelligence

Al is commonly defined as “a system’s ability to interpret external data correctly, to learn
from such data, and to use those learnings to achieve specific goals and tasks through
flexible adaptation” [12] and is also a major factor in many fields these days.

For instance, by analyzing vast amounts of medical data and offering individualized ther-
apy, Al has the potential to help interpret diagnoses and support medical decision-making
in the treatment of lung cancer.. As a result, significant strides have been made in the
detection of lung cancer [13].

Another example is in the area of Industry 4.0, where Al is increasingly seen as the main
component of industrial transformation, enabling intelligent machines to perform tasks
autonomously, such as self-monitoring, interpretation, diagnosis and analysis, especially
using ML and DL models that support manufacturers and industries in predicting their
maintenance needs and reducing downtime [14].

2.2.1 Deep Learning

Machine learning is a subfield of the AI domain that procures mechanisms to acquire
self-learning skills or knowledge from the experience and focuses on the development of
computational systems accessing and using data to find hidden patterns to make predic-
tions or decisions [15-H17].

However, conventional ML techniques are limited in their ability to process natural data
in their raw form. Building a ML system has required substantial domain expertise skills



that can take raw data to design a representation form and classify them into their relevant
target for three decades [18].

Instead of strictly following static program instructions, ML algorithms can be used by
constructing a model to make data-based decisions and predictions. In other words, a
ML system uses a single layer and tries to extract significant results using representation
form (features). However, conventional ML techniques are not enough to represent all
significant features hidden in an input. The shortcomings in these techniques contributed
to researchers developing new solutions, mainly based on DL. [19].

The term ‘deep learning’ was first introduced by Aizenberg et al. in the context of an
artificial neural network in 2000 [20]. Hinton demonstrated how a multilayer feed-forward
neural network can effectively train a layer at each iteration in an article published in
2006 (each layer was trained with an unsupervised restricted Boltzmann machine), and
then fine-tuned with a supervised back-propagation method [21]. Hinton et al. designed
similar architectures in 2012. In their GPU-supported studies, the normalization method
called ‘dropout’ was used to reduce overfitting [22]. The effectiveness of the dropout
method has been proved when it gave remarkable results in the ILSVRC-2012 ImageNet
competition [23].

DL allows computational models that are composed of multiple processing layers to learn
a representation of data with multiple levels of abstraction. Until Hinton introduced the
DL model, DL algorithms were not preferred because they increased the number of hidden
layers in conventional artificial networks and depth in a network causes computational
complexity [24,25].

The emergence of DL is an important progression for the Al field. Many practical problems
and challenges can be simplified and solved in a more rectified form. The accessibility and
extendibility of DL methods are correct for users to apply, not only for data practitioners
but also for ordinary developers. Researchers have built several DL architectures for
various tasks [19]. Hereby, six common network architectures are illustrated in Figure
and Convolutional Neural Networks (CNN) are the most important architecture in CV
and will be described in subsection 2.2.4]

Deep Learming

Architectures
—
[ T = T T 1
Convolutional e P Long Short Term Gencralive Festricted Deep Belicf
Neural Networks(RNN Memo Models Bolztmann Nehvorks(DBN)
Networks(CNN) Networks(RNN) Metworks(LSTM) i i Machines Networks(DB!
. e *Autoencoders e
*Generative
adversarial

Metworks (GANs)

Figure 2.1: Common Deep Learning architectures [19)].

2.2.2 Deep Learning Applications

Natural Language Processing

In natural language, DL is applied in many areas such as voice translation, machine
translation, computer semantic understanding, and so on. However, the success of DL is

7



more notable in two fields, i.e., image processing and the natural language processing [26].

In 2012, Schwenk et al. [27] proposed a phrase-based statistical machine translation sys-
tem based on Deep Neural Network (DNN). It was able to learn meaningful translation
probabilities for unseen phrases which were not presented in the training set. In 2014,
Dong et al. [28] proposed a novel Adaptive Multi-Compositionality (AdaMC) layer in the
recursive neural network. This model introduced more than one composition function,
which was adaptively selected based on the input features. In 2014, Tang et al. |29]
presented a DNN on Twitter data for sentiment analysis.

In 2015, Google introduced Word Lens recognition technology based on DL, which used
word lenses in real-time call translation and video translation. This technology not only
could read the words in real-time, but also those words could be translated into the desired
target language. Also, the translation work could be done through the phone without net-
working. The current technology could be applied in more than a visual translation of 20
languages. In addition, Google proposed an automatic mail reply function in Gmail, which
used a DL model for extracting the e-mail content and analyzing it semantically. Finally,
a reply is generated based on the semantic analysis. This technique is fundamentally
different from the traditional e-mail auto-respond functionality [26].

Speech recognition

In order to realize the Human—-Computer Interaction, researchers made great efforts. In
1952, Bell Institute’s Davis and others successfully developed the world’s first experimen-
tal system that could identify 10 English digital pronunciations. The research on speech
recognition technology has few decades of history, and voice recognition was the dictator
used in certain areas as it was mentioned by the United States press as one of the top ten
events in computer development [26].

In the last two decades, speech recognition technology has made significant progress. With
the continuous improvement of DL models, a large number of speech recognition devices
or applications have begun to move from the laboratory to the market. In 2014, Baidu
launched Deep Speech, a voice recognition system with DL technology, which can achieve
8% accuracy in noisy. Maas et al. [30] analyzed different architectures and parameters
of the DNN for training a very large speech data. They found simple architecture and
simple optimization methods that gave stronger performance than the other more complex
models.

Medical applications

The forecast function of DL and its automatic feature identification makes it a popular
technique in disease diagnosis also [26].

In 2014, Li et al. [31] proposed customized CNN to classify lung image patches. This model
used the dropout method and single-volume structure to avoid overfitting. In 2015, Li et
al. [32] proposed a DNN-based framework to differentiate the identity stages of Alzheimer’s
Disease (AD) from the Magnetic Resonance Imaging (MRI) and Positron Emission To-
mography (PET) scan data. In 2016, Srinukunwattana et al. [33] proposed a Spatially
Constrained Convolutional Neural Network (SC-CNN) to analyze the histopathology im-
ages and identify the nucleus of the cancerous cells. Their SC-CNN method had better
performance than the classical feature classification method.



In 2016, Google developed a vision system for identifying early-stage ocular diseases. They
worked with the Moorfields Eye Hospital, such as diabetic retinopathy and age-related
macular degeneration to provide early prevention methods. A month later, Google used
DL techniques to design a head and neck cancer radio-therapy method which had an
effective control of the patient’s radiotherapy time and it could minimize the radiotherapy
of the patient’s injury. With the continuous development of DL technology in the field of
precision medical care, it lead to more prominent contributions [26].

2.2.3 Overview of a Convolutional Neural Network

CNN [34] was first proposed in the 1980s. It is inspired by the cat’s cortex. [35] The
LeNet-5 system was a classical model of a convolutional neural network. Its error rate
was only 0.9% on the MNIST dataset, a dataset of handwritten digits. It had been widely
used to identify handwritten checks on banks, but it did not recognize large images [26].

With the development of Graphics Processing Unit (GPU) technology, Krizhevsky et
al. [36] used an efficient GPU supported program to solve the ImageNet problem in 2012,
which made the convolutional neural network again popular. In fact, one of the bottle-
necks of deep neural nets was that it took a long time for training because of the many
hidden nodes in its network. But as the GPUs became faster in parallel computing, this
bottleneck was overcome [20].

At present, the convolutional neural network is a hot topic in the field of voice data analysis
and image recognition. The convolutional neural network has a network structure with
shared permission, which makes it closer to the biological neural network. This network
structure in the convolutional neural network can effectively reduce the complexity of the
network model and also reduce the number of the weights [26].

Mainly, it is more efficient to deal with high-dimensional images, which can directly
consider the image as the input of the entire network and effectively avoid the complex
feature extraction and reconstruction of the traditional algorithm. In the process of image
recognition, the convolutional neural network has a high degree of invariance in scaling,
tilting, translating, and other forms of image deformation [26].

The use of CNNs in fabric detection is proven. In fabric classification, recent studies have
highlighted the effectiveness of CNNs in capturing intricate patterns and textures [3].

2.2.4 Structure of a Convolutional Neural Network

As a multilayer neural network, each layer in the convolutional neural network structure is
composed of a number of two-dimensional planes and each plane has independent neurons.
The sparse connections are used between the layers [26].

This means that the neuron in each feature map only connects the neurons in a small area
in the upper feature map, rather than the traditional neural network. A typical model
of the convolutional neural network is shown in Figure 2.2 The convolutional neural
network structure mainly depends on the shared weight, the local experience field, and
the sub-collector to ensure the invariance of the input data [26].

These factors can be explained as follows: Local experience field: The first hidden layer
contains six feature maps (see Fig. . Each feature map corresponding to a small box
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Figure 2.2: Convolutional Neural Network model [26].

in the input layer is a local experience field, or it is called the sliding window [26].

Convolution: The activation value a’ of the j** feature map in the convolution layer 1,
which is expressed in the following equation:

di = f(bh+ ) alm s« k) (2.1)

iEMjl

where f is a non-linear function, * is a two-dimensional convolution operator, bé is the
jth offset in the Ith layer, and kﬁj is the weight, which is a cumulative input in the feature
map ¢ of [ - 1th layer. The index vector of i is M;l in the feature map of [ - 1th layer. The
feature map needs to be accumulated in the lth layer. Weight share: Each convolution
layer is usually composed of several feature maps and the weight of the same features in
Figure is the same, which can reduce the number of its own parameters [26].

Sub-sampling: The translation of the convolution layer will also translate its output at
the same time. However, its characteristics remain unchanged, and as long as a feature is
detected, its exact position will no longer be considered, as only the relative position of the
other features can be preserved. So, each convolution layer has a sub-sampled layer that
performs local averaging to reduce the sensitivity associated with the deformation and

the translation of the output. The feature mapping of the subsampling layer is denoted
by Equation [2.2] as follows: [20]

l -1 a7l
ai = down(a;", N') (2.2)
where N' is the boundary size of the subsurface required for the [ sub-sampling layer
and down is the down sampling function in the factor. The above formula is the
mean operation of the localized non-overlapping parts of size. If the neuron output layer
is C-dimensional, then the C class can be identified, and the output layer which is the

output characterization for front connection feature mapping is expressed in Equation
as follows [26]:

output = f(b°, W°f,) (2.3)
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where 00 is the partial value vector, W is the weight matrix, f, is the eigenvector, and
kﬁj, b{ , b9, WO are the model parameters. As the convolutional neural network structure
is mainly alternately composed of convoluted layer and sub-sampling layer. With the
reduction of the spatial resolution, the number of the feature maps is also increasing. The
training process of the convolutional neural network starts with a forward training phase

and it consists of the following three steps: [26]
e Select the samples according to the given sample set randomly.
e Put the samples as initial data into the network.
e (Calculate the corresponding output data.

The second stage is the backward propagation phase and it consists of the following two
steps [26]:

e Calculate the difference between the ideal data information and the output data
information.

e Adjust the weight matrix according to the minimization of the error method for the
reverse transmission.

2.3 Computer Vision

Computer vision (CV) is an application of artificial intelligence and its techniques have
played an important role in promoting the informatization, digitalization, and intelligence
of industrial manufacturing systems [37]. Computer vision is an interdisciplinary field
that deals with how computers can gain high-level understanding from digital images or
videos. It can use computers and cameras to replace the human eye for the target object
recognition, tracking, measurement, and for other visual problems. And then deal with
the graphics so that the computer can achieve image processing capabilities even beyond
the eye [26].

CV techniques have been applied to different manufacturing industries since the early
1970s, such as food, pharmaceutical, automotive, aerospace, railway, semiconductor, elec-
tronic component, plastic, rubber, paper, and forestry-related fields [38].

In the early days, only a few CV methods were practically used in commercial manufac-
turing because of limited computing capabilities, until the 1990s [39]. Opportunities for
CV in manufacturing can be grouped into three broad categories: 1) image-based metrol-
ogy; 2) manufacturing process interpretability; and 3) material structure analysis [40].
From the perspective of application scenarios, industrial applications of CV technologies
can be classified into: visual inspection, part identification, process control, and robotic
guidance mechanism [41].

2.3.1 Computer Vision Techniques

The purpose of a CV system is to generate a symbolic description of what is being por-
trayed in a scene [42]. This description includes understanding of the scene and then be
applied to guide the next operations of the robot system. There are multiple kinds of
tasks and algorithms in the CV field, such as detection, recognition, segmentation, and
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3-D reconstruction [37]. This subsection presents the state of the art of several important
CV techniques.

Feature Detection

Visual feature detection (e.g., point, edge, and line detection) is the basis of many other
CV algorithms. In some cases, we are more interested in a specific region of the image,
such as human eyes, license plates, and corner shapes, which are called keypoint features.

In some other cases, we care more about the edge features of objects in an image. A
few CV algorithms can be applied to identify and match both keypoint features and edge
features among different images [37]:

e Keypoint Detection: There are mainly two types of keypoint detection methods:
1) local search detection and 2) global search detection. Common local search
detection methods include correlation methods, least squares methods, and learning-
based methods [43]. Local search detection methods are more suitable for scenes
where images are taken continuously in a high frequency, such as video sequences.
Different from local search methods, global search detection methods search the
entire image and then match features based on feature appearance. Therefore, global
search methods are more suitable for scenes where there are a lot of movements or
appearance changes [44].

e Edge Detection: Edges in images often appear at boundaries between different
objects, resulting in sudden changes in color and intensity. One method of edge
detection is based on the gradient through the image [45], even though the gradient
is easily affected by noise. Hence, a low-pass filter (e.g., Gaussian filter) is needed
to filter the image before gradient calculation. Horizontal and vertical convolution
operations can be used for edge recognition. The zero-crossing method can also be
used for edge detection in which zero points of a second-order derivative expression
are searched to find edges [46]. Recently, deep-learning methods, especially CNNs,
have been widely applied to edge detection [47,48].

Commonly used evaluation metrics for feature detection include Mean Absolute Error
(MAE), Mean Squared Error (MSE), Peak Signal-to-Noise Ratio (PSNR), and Structural
Similarity Index Measure (SSIM) [37].

Throughout the development history of CV, the rise of CNNs has been one of the most
important breakthroughs for the recent rapid development of CV technologies [37]. In
recent years, numerous CNNs have been proposed and applied in classification problems,
and their models are getting deeper and deeper. Sorted from earlier to recent works,
popular CNNs include LeNet-5 [49], AlexNet [36], VGG-16 [50], R-CNN [51], Fast R~
CNN [52], inception networks [53], ResNet-50 [54], Xception [55], and ResNeXt-50 [56].
Before ResNet-50, most of the proposed CNNs only innovated by adding an increased
number of layers in the network, alongside any other engineering changes needed for good
performance [37].

The “bottleneck” of this trend was that the model’s accuracy gets saturated and then
rapidly decreases as the network becomes deeper and deeper [37]. The seminal residual
network first inserted shortcut connections in its deep model to deal with this problem [54].
The object detection neural network Fast R-CNN trained the deep VGG16 network 9x
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faster than R-CNN and 213x faster at test time. Ren et al. proposed the Faster R-
CNN [57] in which a region proposal network was used to share full-image convolutional
features with the detection network. For the very deep VGG-16 model, Faster R-CNN
had a frame rate of 5fps with 0.732 mAP accuracy on PASCAL VOC 2007 and 0.704
mAP accuracy on PASCAL VOC 2012 [37].

Recognition

Recognition is another important task for CV techniques. From the perspective of target
objects, recognition problems can be grouped into three categories: 1) instance recogni-
tion; 2) class recognition; and 3) general category recognition, as follows:

e Instance Recognition: In instance recognition, the goal is to identify a specific
known object. Feature matching strategies can be used for this recognition problem
[58]. Other instance recognition methods include viewpoint-invariant feature-based
strategies [59], and sparse feature matching [60]. A popular application of instance
recognition is face recognition [61]. Some learning-based approaches have also been
widely applied to this problem, such as Support Vector Machines (SVMs) [62],
boosting [63], and neural networks [64].

e Class Recognition: Different from instance recognition, class recognition does
not have a specific object as the target. In class recognition problems, the goal is
usually to recognize the presence of an instance of a specific category of objects,
such as cars or pedestrians. Class recognition problems can be considered as a
specific classification problem in which the input is an image and the output is the
classification of that image. [37]

e General Category Recognition: General category recognition is the most chal-
lenging recognition problem because we need to identify not only the locations of
different objects in the image but also what category each object belongs to. In
this task, all different kinds of objects in the image need to be recognized. Com-
mon approaches of general category recognition include bag-of-words models and
part-based models. In bag-of-words models, the distribution of visual words in the
target image is compared to the training data [65]. In the part-based models, dif-
ferent parts of an image are considered separately so as to determine whether and
where an object of interest exists [66]. Recent advances in this task have taken
advantage of deep residual learning [54] and deep neural networks [67].

e Action Recognition: The current challenging problem for the recognition task
is action recognition. It is not difficult for humans to recognize actions in videos,
but it is challenging for machines. Accurately recognizing the actions and behaviors
in videos is of great significance for different scenarios, such as pedestrian motion
monitoring in autonomous driving [68], and elderly fall detection [69]. In the man-
ufacturing industry, identifying the behaviors of workers in the workshop has also
been shown to be a very valuable approach to ensure production safety [70].

Segmentation

As one of the most classic tasks in the CV field, image segmentation aims to label pixels
into different groups according to the objects that each pixel belongs to. Image seg-
mentation can essentially be considered as a clustering problem. FEarly segmentation
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techniques usually used region division and merging methods [70]. Later segmentation
algorithms applied indicators of consistency, such as intraregional consistency and in-
terregional dissimilarity |71]. Other segmentation approaches include mean shift [72],
graph-based merging |73], graph cut-based Markov [74], and level sets [75].

In the learning-based segmentation algorithms, one commonly used loss function is dice
loss which is based on the dice coefficient. A dice coefficient can be defined as twice
the true positive divided by the sum of twice the true positive, false positive, and false
negative. Another commonly used loss function for deep-learning segmentation algorithms
is the Intersection Over Union (IOU) [37].

The latest segmentation algorithms based on ML in recent years include Mask RCNN [76]
and dual attention network [77]. Recently, U-Net has shown good performance in the
segmentation tasks of medical images [78]. There are some variants of U-Net, such as
Attention U Net [79], U-Net++ [80], ResUNet++ [81], and TransUNet [82]. The perfor-
mance of these algorithms not only depends on the algorithm design but also depends on
the datasets.

Current challenges and trends in segmentation include 3-D segmentation and 4-D seg-
mentation problems. The goal of 3-D segmentation is to segment 3-D images in three
spatial directions, while 4-D segmentation is to segment 4-D data which also includes the
time dimension in addition to spatial dimensions. The 3-D U-Net has been applied to
3-D segmentation problems in medical imaging [83] and additive manufacturing defects
in X-ray Computed Tomography (CT) images [84].

3-D Modeling

3-D modeling in CV can be categorized into two problems: 1) stereo correspondence and 2)
3-D reconstruction. Stereo correspondence is the process of generating a 3-D model of an
object from two or more images of the same object or scene, while the 3-D reconstruction
is to generate a 3-D model of an object from only one image [85]. It is a challenge to
design a good loss function to evaluate the predicted 3-D point cloud and ground truth.
One option is evaluating how well the projections of predicted 3-D point clouds cover the
ground-truth object’s silhouette [86].

A common stereo correspondence method is to find matching pixels in multiple images and
map their position in the 2-D images to 3-D positions in the 3-D model. Popular methods
for stereo correspondence include epipolar geometry [87], sparse correspondence [88], and
dense correspondence [89].

The earliest approach for 3-D reconstruction is to predict object shape from visual shading,
which was first proposed by Horn in 1970 [90]. Later, other “shape from X” methods were
proposed, such as shape from texture [91] and shape from focus [92]. Other 3-D recon-
struction methods include active rangefinding [93], and model-based reconstruction which
has been widely applied to architectural 3-D modeling [94]. Recently, deep-learning-based
algorithms promoted significant improvement in system performance of 3-D reconstruc-
tion [95],96].
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2.3.2 YOLO

Humans glance at an image and instantly know what objects are in the image, where they
are, and how they interact. The human visual system is fast and accurate, allowing us
to perform complex tasks like driving with little conscious thought [97]. You Only Look
Once (YOLO) is a Deep Learning model that aims to emulate this behavior.

Before YOLO was created, detection systems repurposed classifiers to perform detection.
To detect an object, these systems take a classifier for that object and evaluate it at
various locations and scales in a test image. Models like Deformable Parts Model (DPM)
use a sliding window approach where the classifier is run at evenly spaced locations over
the entire image [66], and approaches like R-CNN use region proposal methods to first
generate potential bounding boxes in an image and then run a classifier on these proposed
boxes. After classification, post-processing is used to refine the bounding boxes, eliminate
duplicate detections, and rescore the boxes based on other objects in the scene [98].

These complex pipelines are slow and hard to optimize because each individual compo-
nent must be trained separately. To overcome this issue, Redmon et al [97] reframed
object detection as a single regression problem straight from image pixels to bounding
box coordinates and class probabilities, by creating an object detection system called You
Only Look Once (YOLO) where given an image it predicts what objets are present and
where they are.

In Figure [2.3] a single convolutional network simultaneously predicts multiple bounding
boxes and class probabilities for those boxes. Then, YOLO trains on full images and
directly optimizes detection performance. This unified model has several benefits over
traditional methods of object detection [97]:

1. YOLO is extremely fast, since detection is framed as a regression problem, there is
no need for a complex pipeline and and is simply executed a neural network on a
new image at test time to predict detections. The base network runs at 45 frames
per second with no batch processing on a Titan X GPU and a fast version runs at
more than 150 fps. This means that a streaming video can be processed in real-time
with less than 25 milliseconds of latency. In addition, YOLO achieves more than
twice the mean average precision of other real-time systems

2. YOLO reasons globally about the image when making predictions. Unlike sliding
window and region proposal-based techniques, YOLO sees the entire image during
training and test time so it implicitly encodes contextual information about classes
as well as their appearance. Fast R-CNN, a top detection method [52], mistakes
background patches in an image for objects because it can’t see the larger context.
YOLO makes less than half the number of background errors compared to Fast
R-CNN.

3. YOLO learns generalizable representations of objects. When trained on natural
images and tested on artwork, YOLO outperforms top detection methods like DPM
and R-CNN by a wide margin. Since YOLO is highly generalizable it is less likely
to break down when applied to new domains or unexpected inputs.
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Figure 2.3: The YOLO Detection System. Processing images with YOLO is simple and
straightforward. YOLO system (1) resizes the input image to 448 x 448, (2) runs a single
convolutional network on the image, and (3) thresholds the resulting detections by the

model’s confidence .

YOLO Components

YOLO network uses features from the entire image to predict each bounding box. It also
predicts all bounding boxes across all classes for an image simultaneously. This means
YOLO network reasons globally about the full image and all the objects in the image .

The YOLO design enables end-to-end training and real-time speeds while maintaining
high average precision. YOLO divides the input image into an S x S grid. If the center of
an object falls into a grid cell, that grid cell is responsible for detecting that object .

Each grid cell predicts B bounding boxes and confidence scores for those boxes. These
confidence scores reflect how confident the model is that the box contains an object and
also how accurate it thinks the box is that it predicts. Formally, confidence is defined as
Pr(Object) x IOUL#" . If no object exists in that cell, the confidence scores should be
zero. Otherwise confidence must be scored to equal the IOU between the predicted box

and the ground truth [97].

Each bounding box consists of 5 predictions: z,y,w, h and confidence. The (z,y) coor-
dinates represent the center of the box relative to the bounds of the grid cell. The width
and height are predicted relative to the whole image. Finally the confidence prediction
represents the IOU between the predicted box and any ground truth box [97].

Each grid cell also predicts C conditional class probabilities, Pr(Class;|Object). These
probabilities are conditioned on the grid cell containing an object. Its only predicted one
set of class probabilities per grid cell, regardless of the number of boxes B.

Conditional class probabilities are multiplied and the individual box confidence predictions
are given by:

Pr(Class;|Object) x Pr(Object) * IOU " = Pr(Class;) * IOU " (2.4)

P pred

which gives a class-specific confidence scores for each box. These scores encode both the
probability of that class appearing in the box and how well the predicted box fits the
object.
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YOLO Network Design

YOLO model, represented in Figure was implemented as a convolutional neural net-
work and it was evaluated on the PASCAL VOC detection dataset [99]. The initial con-
volutional layers of the network extract features from the image while the fully connected
layers predict the output probabilities and coordinates. YOLO network architecture is
inspired by the Googl.eNet model for image classification and it has 24 convolutional
layers followed by 2 fully connected layers [97].

Instead of the inception modules used by GoogleNet, its simply used 1 x 1 reduction
layers followed by 3 x 3 convolutional layers, similar to Lin et al . The YOLO original
architecture is shown in Figure 2.5l The final output of YOLO network is the 7 x 7 x 30
tensor of predictions.

S x S grid on input

Class probability map

Figure 2.4: The Model. YOLO models detection as a regression problem. It divides the
image into an S x S grid and for each grid cell predicts B bounding boxes, confidence for
those boxes, and C class probabilities. These predictions are encoded as an S x S x (B

5+ C) tensor [97].

YOLOv3

YOLO-v3 proposes a hybrid architecture factoring in aspects of YOLO-v2, Darknet-53,
and the ResNet concept of residual networks. This enable the preservation of fine-grained
features by allowing for the gradient flow from shallow layers to deeper layers [102].

On top of the existing 53 layers of Darknet-53 for feature extraction, a stack of 53 ad-
ditional layers was added for the detection head, totaling 106 convolutional layers for
the YOLO-v3. Additionally, YOLO-v3 facilitated multi scale detection, namely, the ar-
chitecture made predictions at three different scales of granularity for outputting better
performance, increasing the probability of small object detection |102].

YOLOvV3 uses multi-label classification, binary cross-entropy loss for each label instead of
using mean square error in calculating the classification loss. YOLOvV3 predicts objects
in three different scales (similar to Feature Pyramid Network (FPN) 24 ) as shown in
Figure [2.6| and the score for each bounding box using logistic regression. DarkNet-53
(YOLOV3 backbone) is used to replace the DarkNet-19 as a new feature extractor. The
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Figure 2.5: The Architecture. YOLO detection network has 24 convolutional layers fol-
lowed by 2 fully connected layers. Alternating 1 x 1 convolutional layers reduce the
features space from preceding layers. Convolutional layers are pretrained on the Ima-
geNet classification task at half the resolution (224 x 224 input image) and then double
the resolution for detection [97].

whole DarkNet-53 network is a chain of multiple blocks with some strides 2 convolution
layers in between to reduce dimension [103].

Each block contains a bottleneck structure of 1 x 1, followed by 3 x 3 filters with skip
connections similar to ResNet. DarkNet-53 possesses less billion floating point operations
(Billion of Floating Point Operations (BFLOP)) compared to ResNet-152, but is two times
faster with the same classification accuracy. YOLOv3 shows significant improvement for
small objects detection and performs very well in real-time inference [103].

YOLOv7

YOLOVT’s architecture, represented on Figure 2.7, has three main high-level components,
described by the authors as the backbone, the neck and the head. The backbone is a
convolutional neural network that aggregates picture pixels to generate characteristics at
various levels of detail. The main framework is generally pre-trained on a classification
dataset, such as ImageNet E

In the backbone of YOLOv7, which was based on YOLOv3, the Darknet53 backbone
was substituted with the Resnet50-vd-den ConvNet. Resnet is a widely favored archi-
tecture, with more frameworks fine tuned for its implementation, and it possesses fewer
parameters compared to Darknetb3. Using a better pretrained model has shown to im-
prove transfer learning to other domains, resulting in better performance, which led to
an enhancement in the mAP, a commonly used performance metric in the field of object

detection and information retrieval [104] used in evaluating architectures such as Faster
R-CNN, MobileNet SSD, and YOLO [5].

The neck consists of a FPN, which combines and mixes the ConvNet layer representations,
and then passes them to the prediction head. Another improvement in YOLOvV7 was to

Thttps://www.image-net.org/
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Figure 2.6: YOLO-v3 architecture ||

move regularization from the backbone to the neck. Moreover, DropBlock regularization is
used, which removes entire random blocks of features rather than individual ones, thereby
improving generalization |105].

Finally, the head is responsible for defining the bounding box and providing a class
prediction for each object found in the image. Additional information on the architecture
of the model can be found in |106].

2.4 Explainable Al

Although Al is revolutionizing almost every field of work, complex models often act like
black boxes, making their decisions difficult to understand and trust. This lack of trans-
parency can be a hurdle to implement AI in real case scenarios. The manufacturing
industry is no exception. To address this, Explainable AT (XAI) has emerged as a key
area of research, aiming to make Al models more interpretable and trustworthy .

Doshi-Velez and Kim define interpretability as the capacity to provide a human-
understandable explanation for a result. In the context of medicine, an automated system
needs to be highly explainable due to two main reasons: 1) the decisions made by the
system would most likely affect users directly; and 2) the task itself could not be simple
and could be subject to human judgement. Furthermore, the explanation techniques
employed should aim to address multiple user-related issues. For instance, in the medical
field, they have to meet the standards set by doctors and earn their trust, improve system
transparency, evaluate the quality of the results, and enable the discussion of ethical
issues, accountability, and fairness of the outcomes .

In some cases, it is possible to build a transparent and interpretable model for a decision-
making process. Algorithms like decision trees have been applied successful in many
domains, e.g. in predicting and explaining absenteeism risk in hospital patients [110],
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Figure 2.7: YOLO-v7 architecture [107].

explaining Smart Human Mobility [111], to name a few.

However, as the complexity grows, which is the case of Natural Language and Object
Detection, there is a need to build a more robust model, sacrificing the interpretable
nature of the inner workings of the model. Thus, this is the case where XAI assumes
its greatest importance to give insights on how the predictions are made and why, hence
giving more trust in the decision-making process.

The XAI techniques can be comprised into three key axes:

i Data explainability: This axis emphasizes the importance of understanding the data
employed to train the model. It delves into aspects like potential biases within the
data, feature selection processes, and overall data quality.

ii Model explainability: This axis concentrates on making the inner workings of the
models interpretable. Techniques under this category aim to shed light on the model’s
decision-making process, fostering trust and transparency.

iii Post-hoc explanations: This axis encompasses techniques that provide explanations
for specific predictions generated by the model. These techniques are particularly
valuable for gaining a deeper understanding of individual model outputs and can be
crucial for debugging or identifying potential issues.

In the literature, (ii) Model explainability is also refered as global explanations, in the
sense that the explanations explain the model as a whole, while (iii) Post-hoc explanations
are also mentioned as local explanations, since they explain a single prediction |112].

On the other hand, it is also necessary to perform an assessment of explanations. This
is, evaluating the quality and effectiveness of the explanations produced by the XAI
techniques. This step ensures that the explanations are not only comprehensible to users
but also reliable and informative. By evaluating explanations, researchers can determine
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their usefulness in building trust in Al systems [113].

The lack of explainability hinders trust and limits the potential benefits of Al in man-
ufacturing settings. The good news is that the XAI techniques can also be applied in
manufacturing environments [14].

Machine Learning Operations (MLOps) aims to automate the lifecycle of ML models,
including deployment and monitoring. XAI methods can be integrated into MLOps
pipelines to automatically assess the quality and explainability of models as they are
deployed. This can help to ensure that robust and trustworthy AI systems are used
throughout the industrial process.

By applying explainable Al techniques specific to manufacturing needs, we can unlock the
full potential of Al for manufacturing, leading to increased efficiency, safety, and trust.

2.4.1 The need for explainable Al

The need for XAI can be discussed from various perspectives as shown in Fig. 2.8 The
perspective groups below are to some extent based on the work in [114]:

e Regulatory perspective: Black-box Al systems are being utilized in many areas
of our daily lives, which could be resulting in unacceptable decisions, especially those
that may lead to legal effects. Thus, it poses a new challenge for the legislation.
The European Union’s General Data Protection Regulation (GDPR)EI is an example
of why XAI is needed from a regulatory perspective [115]. These regulations create
what is called the "right to explanation”, by which a user is entitled to request an
explanation about the decision made by the algorithm that considerably influences
them [116]. For example, if an Al system rejects one’s application for a loan, the
applicant is entitled to request justifications behind that decision to guarantee it is
in agreement with other laws and regulations [117]. However, the implementation
of such regulations is not straightforward, challenging, and without an enabling
technology that can provide explanations, the "right to explanation” is nothing
more than a "dead letter” [117-119).

e Scientific perspective: When building black-box Al models, we aim to develop an
approximate function to address the given problem. Therefore, after creating the
black-box AI model, the created model represents the basis of knowledge, rather
than the data [120]. Based on that, XAI can be helpful to reveal the scientific
knowledge extracted by the black-box AI models, which could lead to discovering
novel concepts in various branches of science [115].

e Industrial perspective: Regulations and user distrust in black-box Al systems
represent challenges to the industry in applying complex and accurate black-box Al
systems [121]. Less accurate models that are more interpretable may be preferred in
the industry because of regulation reasons |121]. A major advantage of XAl is that
it can help in mitigating the common trade-off between model interpretability and
performance [122], thus meeting these common challenges. However, it can increase
development and deployment costs [115].

2https:/ /www.privacy-regulation.eu/en/r71.htm
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e Model’s developmental perspective: Several reasons could contribute to inap-
propriate results for black-box Al systems, such as limited training data, biased
training data, outliers, adversarial data, and model overfitting. Therefore, what
black-box Al systems have learned and why they make decisions need to be under-
stood, primarily when they affect humans’ lives [115]. For that, the aim will be to
use XAI to understand, debug, and improve the black-box Al system to enhance its
robustness, increase safety and user trust, and minimize or prevent faulty behavior,
bias, unfairness, and discrimination [123]. Furthermore, when comparing models
with similar performance, XAl can help in the selection by revealing the features
that the models used to produce their decisions [124,/125]. In addition, XAI can
serve as a proxy function for the ultimate goal because the algorithm may be opti-
mized for an incomplete objective [109]. For instance, optimizing an Al system for
cholesterol control while ignoring the likelihood of adherence [109].

e End-user and social perspectives: In the literature of deep learning [119,/126],
127], it has been shown that altering an image such that humans cannot observe
the change can lead the model in producing a wrong class label. On the contrary,
completely unrecognizable images to humans can be recognizable with high confi-
dence using DL models |127]. Such findings could raise doubts about trusting such
black-box Al models [119]. The possibility to produce unfair decisions is another
concern about black-box AI systems. This could happen in case black-box Al sys-
tems are developed using data that may exhibit human biases and prejudices |119].
Therefore, producing explanations and enhancing the interpretability of the black-
box Al systems will help in increasing trust because it will be possible to understand
the rationale behind the model’s decisions, and we can know if the system serves
what it is designed for instead of what it was trained for |[119}/128]. Furthermore,
the demand for the fairness of black-box Al systems’ decisions, which cannot be
ensured by error measures, often leads to the need for interpretable models [129].
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Figure 2.8: The five main perspectives for the need for XAI [115].
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2.4.2 LIME

There are various methods for generating explanations for image classification models,
which fall into 2 categories: global and local. Global explanations refer to explanations
of how the model works, while local explanations refer to a single sample/prediction [130)]
and LIME [131] uses local explanations. Within this category, there are different types of
approaches, such as feature importance, concept-based methods, example-based methods
and uncertainty-based [130].

Two central concepts in LIME are those of superpixel and permutation matrix. In LIME,
an image is first segmented, using a segmentation algorithm that will be explained on the
subsection ” Quickshift Segmentation Algorithm” of this section, into superpixels with each
one representing a set of pixels that share similar color and location [131]. Their purpose is
to simplify the problem by avoiding considering each pixel individually. The permutation
matrix has one column for each superpixel. Each row of this matrix represents a variation
of the original image, in which some super-pixels have been randomly ”turned off” (filled

black).

For each row of the matrix, LIME will generate the corresponding image and request the
model being explained to classify it. In some cases, the model will detect the object being
explained (usually when it is mostly visible in the image), while in others it will not, or
it will detect other objects in the image. For each prediction, LIME records the class
detected by the model and adds this information to the table.

In the end, a regression model is trained based on this table, whose purpose is to under-
stand the importance (feature relevance) of each super-pixel for classifying the object to
be detected. And it is based on this importance that heatmaps are ultimately created
showing the importance of each super-pixel in the image.

The explanation of the prediction of an image classification model, in the case of LIME,
is thus a heatmap superimposed on the image, which shows the importance of each region
of the image for the model that classifies it. In this heatmap, the greener a super-pixel
is, the more relevant it is for the predicted class. Red superpixels, on the other hand,
highlight regions of the image that were relevant for detecting an object of a different
class.

Figure illustrates some of the pertinent LIME concepts. From left to right, the follow-
ing are shown: a) the outcome of the super-pixel definition; b) the top left visualization
of a permutation matrix including five random versions of the original image; and c) the
explanation of the cat in the LIME-generated image.

Quickshift Segmentation Algorithm

Quickshift [132] is one of the most popular superpixel segmentation algorithms. Its prin-
ciple is based on an iterative mode-seeking that identifies modes in a set of data points.

In detail, Quickshift is a density-based clustering algorithm used for finding patterns in
data. It is similar to MeanShift in that it calculates the direction of a point z; to move
next. It moves to the area with large density and forms a cluster with its surrounding
points until all the points in the data are read [133].

However, unlike MeanShift, which iteratively moves each point toward the local mean,
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Figure 2.9: Key LIME concepts illustrated visually: super-pixels, permutations, and
explanation (heatmap).

QuickShift simply moves point x; to the nearest sampled point with increasing density
P(z), and restricts the steps to moving over the sampled points without iteration, eval-
uating the density function only O(n) times. This makes Quickshift faster, and its time
complexity is dominated by spatial neighborhood queries that can be executed quickly
with the help of KD-trees. Figure [2.10| shows the clustering process using the QuickShift

algorithm [133].

Figure 2.10: QuickShift Clustering Process ||

To illustrate QuickShift, suppose we are clustering a set of points in 2D space. First, we
calculate the point density of all points using the K-Nearest Neighbors (KNN) density
estimation method, fix the number k of samples around a sample point x, and then search
according to the distance from near to far, until we find k neighboring points. We then
take the distance from the K (farthest) sample y to z as the unit length of the volume
V. We calculate the point density using Equation [2.6

k k

P(z) ~ =
@)= v =Ny RD(z)

(2.5)

where k is the number of neighbors to look for, ¢p is the volume per unit range, N is the
total number of data points, Ry(x) is the distance from point x to its k* neighbor, D is
the sample dimension, and V is the volume of the region |133].
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Once the calculation is done to start moving, we start with a point centered at x; (ran-
domly chosen) and move the point z; to a region of higher density by moving the center
point z; to the nearest neighbor whose density function P(z) increases. The core of the
algorithm is the rules of how to move the y(z7) point trajectory [133]. The formula is as
follows:

P _ P
(1) = arg max -2 .
Y ( ) & Jud(zj,4) Dij

(2.6)
Here, D;; is the distance between point ¢ and point j, and the KD-tree search radius for
the neighborhood search is also called the neighborhood distance threshold 7. Numerical
approximation of the gradients of P; — P;/D;; and p along the x; — x; direction. When
the point stops moving, its density value is locally maximal, and it forms a cluster with
its surrounding points. The distance between this cluster and the historical cluster is
calculated. If the distance is less than the threshold D, it is merged into the same cluster,
and if it is not satisfied, it forms a cluster by itself until all data points are selected [133].
Figure 2.11] shows the final result of the quickshift segmentation.

(a) Raw image of a cat (b) Quickshift superpixels

Figure 2.11: Superpixel segmentations by Quickshift

LIME: Identified Problems

In order to get a better understanding of how long LIME took to execute, the average time,
expressed in seconds, was measured for each of the primary steps of LIME method (Table
. It is evident that the process of generating the dataset containing the permutations
and the subsequent classification by the model requires more time than the other stages.
In other words, the LIME algorithm takes longer to execute when utilizing an image
classification or detection model to classify each generated permutation.

Another drawback of the LIME approach in the industrial context is that ”turned off”
superpixels are mistaken for defects by the YOLO model. This ultimately has a nega-
tive impact on the final explanations produced by LIME because it results in a poorly
constructed dataset of permutations with false confidence values, identified by YOLO,
and the Ridge model gives each superpixel the incorrect weight because of these wrong
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. Permu.tatlons Dataset Model Regression | Feature Total
Phase Segmentation | Creation and Model . . .
. . Fit Selection Duration
Classification
Mean Duration (seconds) 6.922890s 352.536149s ~ 6 min 0.001505s 0.001379s | 359.461s ~ 6 min

Table 2.1: Mean duration of each LIME phase in 10 different images with 1000
permutations each

confidence values, which in turn causes LIME to produce weak explanations. In Chapter
[, this issue will be covered in further detail along with respective results and YOLO
model detections (Figure [4.1)).

Related work

Abdullah et al. [134] presented B-LIME, an enhancement of the LIME, aimed at improving
the interpretability of DL models for classifying cardiac arrhythmias from ECG signals. B-
LIME addresses the limitations of LIME by incorporating temporal dependencies inherent
in ECG data, thereby generating more meaningful and credible explanations.

The authors introduce a novel data generation technique and an explanation method that
ensure local fidelity, allowing for accurate insights into model predictions. They apply B-
LIME within a hybrid CNN-GRU model, demonstrating its effectiveness in highlighting
critical areas of the ECG signal, such as the QRS complex, which are vital for clinical diag-
nosis. The results indicate that B-LIME provides clearer and more relevant explanations
compared to LIME, enhancing the trustworthiness of Al in healthcare applications.

Visani et al. [135] addressed the challenges of interpretability in ML, particularly in the
medical field where decision-making is critical. They focus on a LIME’s instability due to
randomness in its sampling process, which can undermine trust in its explanations. To
tackle this LIME’s issue, the authors propose a new framework called OptiLIME, which
aims to optimize the trade-off between explanation stability and adherence to the original
ML model. This framework allows practitioners to select the desired level of stability
while ensuring that the explanations remain relevant and mathematically sound.

Particularly, a proposal of a small optimization for this issue of LIME randomness on
generating permutation will be addressed on Chapter [5]
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Chapter 3

Measuring the quality of
explanations in computer vision

3.1 Problem Statement

In ML, models are generally evaluated during their training stage. Moreover, all evaluation
metrics (e.g. Mean Absolute Error, Root Mean Square Error) are averages of the model’s
performance across the test set. So there might be significant variations in performance
that are hidden by their average. That is, the model might be very good at predicting in
a region of the solution space, and very bad in another. On the other hand, it also often
happens that a model that has shown good performance during training, later exhibits
a degrading performance. This happens especially in scenarios in which there may be
concept drift [136], such as when weather or environmental conditions change, or when a
machine wears out with use.

It is also frequent that when models are in production, it is no longer possible to evaluate
them on up-to-date labeled data. This happens because labelled data is costly to acquire
and this is done only for training purposes. Then, either one keeps evaluating the model
during production on outdated labeled data, or one simply trusts the model when it is in
production. This is frequent in industrial contexts, in which human resources are scarce
and expensive, and data acquisition costly.

In this chapter, we propose to use artifacts from XAI to monitor the quality of a model,
mimicking what a human would do. Specifically, we propose and evaluate seven new
metrics that might be used to assess the quality of a CV model. These metrics are
calculated based on two main elements: 1) the bounding box of the defect detected
by the object detection model (a state-of-the-art YOLO v7 model which we specifically
trained for this task); and 2) the heatmap produced by LIME.

The proposed metrics, in which G and R denote the set of pixels marked as green and red,
respectively, and B denotes the pixels inside the bounding box predicted by the model,
are as follows:
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in which:

— M, - Measures the percentage of overlap between the bounding box predicted by
the model and the region of green pixels, dividing the intersection of both areas by
its union

— M, - Measures the percentage of green pixels that are outside the predicted bounding
box

— M;3 - Quantifies the amount of red pixels that are inside the predicted bounding box
in face of the amount of relevant pixels

— M, - Measures the relation between the number of green and red pixels

— Mj5 - Measures the average distance between the green pixels and the center of the
bounding box predicted by the model, where N is the number of green pixels, (z;, ;)
are the coordinates of each green pixel, and (Zcenter; Yeenter) are the coordinates of
the center of the bounding box

— Mg - Measures the percentage of the image marked as green

— M, - Measures the relation between the number of green pixels and the size of the
bounding box

3.2 Methodology

In order to validate the proposed metrics, a randomly selected group of researchers at IN-
ESC TEC and related institutions were invited to provide quantitative feedback. Twenty
seven participants took part in the study. The following methodology was implemented.
We started by selecting 24 images with random but familiar images (e.g. car, cat, dog,
bike, person). We chose to use familiar images instead of images of defects on fabric, so
that the specificities of the domain do not constitute an issue for the participants in the
study.

Then, we used a YOLOv3 model [97], pre-trained on the ImageNet 1000-class competition
dataset [137] to predict on the 24 images. Next, we used LIME to generate explanations
for each of these predictions, and overlaid the original images with both the bounding
box of the object, so that the participants could know the object being explained, and
the heatmap generated by LIME.

These images, three of which are depicted in Fig. [3.1] were then made available through
an online questionnaire. The questionnaire started with a brief introduction, in which
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the concept of explainability was introduced, and two sample images with explanations.
Thus, in this introduction, the participants also learned how to interpret the explanations
generated by LIME.

Figure 3.1: Three of the twenty-four images used in the questionnaire, with predictions
(bounding box) and explanations for bear, cat and bicycle, respectively.

Participants were presented with the 24 images, and were requested to rate the quality
of each prediction/explanation on a 5-point Likert scale in which 1 denotes a very poor
prediction/explanation and 5 a very good one. Finally, the proposed metrics were cal-
culated for each of the 24 images, and their value analyzed against the feedback of the
participants. Section details the results of this analysis.

3.3 Results

Concerning the data collected through the questionnaire, in which participants rated the
quality of each prediction/explanation, the results are visually depicted in Fig. . It
can be observed that there are cases in which the participants generally agreed that
the prediction/explanation was either good (e.g. toilet, bird) or bad (e.g. horse, bike).
However, there are also cases in which the ratings are disperse across the 5-point scale
(e.g. elephant, fire hydrant, goat). This shows that: 1) the images used cover generally
all the cases (i.e. good, average and bad examples); and 2) the problem is complex and
even humans might not fully agree on what a good prediction/explanation is.

J i

Rating

vvvvvvvvvvvvvvvvvvvvvvvv

o e e o e K3 m QY c o
EEgE oo s R5888NE82F48E8
2285 §B5po735gawEEsa’
& g & a
[

Figure 3.2: Distribution of ratings for the pictures among the 24 participants.
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Fig. visually depicts the correlation between each of the proposed metrics and the
average participants’ ratings. Each dot represents one of the 24 pictures, for which the
participants’ ratings have been averaged. It can be seen that the in two of the metrics
(M, and M), the correlation is particularly strong.
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Figure 3.3: Plot and correlation of the average rating of each picture against each metric.

The values of the Pearson Correlation Coefficient between each metric and the partic-
ipants’ ratings is provided in Table Specifically, we grouped the ratings of each
prediction/explanation and calculated its mean and median values. Then, we computed
the Pearson Correlation Coefficient (PCC) between these and the values of the metrics. It
can be seen that significant correlations were found between the average value of the rat-
ings and two metrics: M; and Mg (0.756 and 0.554, respectively). There are also two cases
of weaker negative correlations, for metrics My and M, (-0.288 and -0.31, respectively).

The strong positive correlation observed for M; (0.756) suggests that the respondents
associate the quality of a prediction/explanation with and increased intersection between
the area of the object being explained and the explanation itself. The moderate correlation
of Mg (0.554) indicates that people tend to interpret an explanation as better if larger
areas of it are marked as green.
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Table 3.1: Pearson Correlation Coefficient between the proposed metrics and the mean
and median of the ratings.

Metric | p Mean | p Median || Metric | p Mean | p Median
M, 0.756 0.588 M, -0.288 -0.112
Ms -0.047 -0.061 My -0.31 -0.239
M; -0.192 -0.244 Mg 0.554 0.492
M 0.046 0.189

The moderate negative correlation observed for M, (-0.288) points out that the more the
explanation spreads outside the bounding box of the object being explained, the worse the
prediction/explanation is evaluated. A similar correlation was observed for M, (-0.31),
which indicates that whenever there are more red pixels, the prediction/explanation is
perceived as worse.

A thorough evaluation of image classification techniques such as YOLO is made easier by
the MVTEC E| Anomaly Detection Dataset , which comprises 5354 high-resolution
color images of various object and texture categories. Figure [3.4] reveals images of fabric
with defects and the corresponding detection (top row), carried out by our model. The
most pertinent superpixels are emphasized in the bottom row of the image, which shows
the explanations produced by LIME on a selection of the Carpet texture category images
from the MVTEC dataset.
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Figure 3.4: Examples of defect detected in three samples of fabric (top row) and corre-
sponding explanations (bottom row).

Thttps://www.mvtec.com/company /research/datasets/mvtec-ad
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Chapter 4

Addressing the Limitations of LIME
for Explainable Al in Manufacturing

4.1 Problem Statement

LIME is a technique designed to explain predictions of ML models, including those used
in CV tasks. The core idea behind LIME is to provide explanations that are both inter-
pretable and locally faithful to the model’s behavior around the specific prediction being
explained, which entails several steps.

First, for any given image to be explained, LIME generates several perturbed versions.
For object detection tasks, as is the case, this often involves modifying random regions of
the image. These regions are called super-pixels, which are obtained using a segmentation
algorithm, previously explained in Section The vanilla version of LIME paints the
perturbed superpixels black. This process produces a collection of modified images that
differ more or less from the original, depending on the number of superpixels that were
perturbed [139)].

Next, the modified images are passed through the underlying object detection model being
explained, to obtain predictions for each one. This helps understand how different parts
of the image influence the model’s detection results: if the prediction for two perturbed
versions of the image changes significantly when one superpixel was changed, that region
is most likely important for the prediction.

A local surrogate interpretable model is then trained, such as a linear regression, to ap-
proximate the behavior of the complex model in the local region defined by the perturbed
images. The simple model aims to capture the relationships between features (the per-
turbed super-pixels) and the prediction output. One can then look at the relevance of
each feature in the surrogate model, to identify the super-pixels that are relevant in the
original image to classify the object.

One key aspect in this process is on how to fill in the perturbed sections of the images that
are generated. The vanilla version of LIME fills them in black. However, while this tends
to work generally well in generic tasks, there are cases in which this black artifact that is
created in the image might be confused by the underlying model with an actual object.
This is exemplified in Figure [£.1} The top row shows three detections of the defect color,

32



which may be caused by oil or paint stains in the fabric. The bottom row shows three
examples of perturbations generated during the use of LIME to explain the predictions,
using different backgrounds, and the output of the underlying model for each one.

In d), the actual defect is not detected (false negative), and the model detects three
color defects in the super-pixels that were painted black by LIME in this perturbation
(false positives). Using other colors or even more complex patterns might have similar
results. In e) and f) a complex background and the color pink were respectively used
instead of black. In the case of e) the actual defect, while visible, is not detected (as in
d)), while two of the superpixels are mistakenly classified by the model as cut and metal
contamination, which are another two defects that the model has been trained on. In f)
the model wrongfully detects three color defects on super-pixels that were painted pink
in the perturbation, when actually no defect should have been detected since the actual
defect is hidden by the perturbation.

Thus, when using LIME, it is fundamental that an appropriate color or background is
selected for filling in the perturbed superpixels, so that these are not mistaken by actual
objects by the underlying model. While this may be laborious to achieve on a case-by-case
basis, in Section we propose a methodology to do this automatically for any use-case.

eut

(d) Detection after perturbation  (e) Detection after perturbation  (f) Detection after perturbation
(FN + 3xFP) (FN + 2xFP) (3xFP)

Figure 4.1: Top row shows textile defect detections by the underlying YOLOvVT7 model.
Bottom row shows cases in which the perturbations are mistaken by actual defects (FP:
False Positive) and/or in which the actual defect is no longer detected (FN: False Nega-
tive).

33



4.2 Methodology

This section describes the methodology followed to address one of the key limitations
of LIME, described in the previous section and made evident in Figure [{.1] We aim
to automate the process of selecting a suitable color or pattern for LIME to generate
perturbations for each specific use-case, ensuring that the underlying model, whatever
it is, does not mistake perturbed super-pixels with the objects/defects being detected.
Doing this by hand may be time-consuming and not exhaustive, so automating the whole
process is advantageous for the manufacturing domain.

The proposed methodology has two stages. In the first stage we propose an automated
methodology to select suitable colors or patterns for LIME perturbations in various use
cases. This ensures the underlying model doesn’t misinterpret perturbed superpixels as
actual objects. Manual selection is time-consuming and potentially incomplete, making
automation valuable for manufacturing applications.

The presented methodology begins by taking a set of images showcasing defects along with
their respective bounding boxes, which provide the coordinates and class information for
each defect. To ensure comprehensive analysis, these images should include representative
examples of every defect class being targeted. Additionally, the methodology requires a
collection of colors and /or background patterns that the user aims to evaluate as potential
options for filling in the perturbed superpixels.

For each input image and each background being tested, we generate a predetermined
number of copies with random perturbations. The underlying model being analyzed is
then used to make predictions on each of these perturbed images, which are subsequently
compared with the model’s predictions on the original image. The general intuition is
that if the model’s predictions for images with visible defects remain consistent with its
predictions on the original image, the background color or pattern being tested does not
significantly influence the model. Conversely, when the defect is not visible, the model
should ideally not detect any defects. If it does, this indicates that the model is likely
mistaking the perturbed superpixels for non-existent objects in the image, resulting in
false positives.

The model is then tasked with making predictions on each perturbed image, and the per-
formance of each background color or pattern is evaluated for each defect class. Specifi-
cally, we consider four scenarios: True Positive (TP) where the model correctly detects a
defect in the perturbed image that matches the defect in the original image; False Posi-
tive (FP) where the model incorrectly detects a defect in the perturbed image that either
does not exist in the original image or belongs to a different class; and False Negative
(FN) where the model fails to detect a defect in the perturbed image despite it being
visible. True Negatives (TN) are not counted in object detection as they encompass all
the bounding boxes that are not predicted.

It’s important to note that multiple cases can occur within the same image. For instance,
Figures and illustrate examples of multiple False Positives and a False Negative
in a single image, where the original defect is not detected in the perturbed version,
but non-existent defects are detected. The results of applying this methodology to the
specific use case are detailed in the next subsection, with the performance for each tested
background reported by defect type.
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In the second stage of the methodology, the focus is on training a defect detection model
leveraging a specific dataset. This dataset will be comprised of permutations generated
using the background that yielded the most successful results in the previous analysis. By
training the model on this data, the goal is to familiarize it with the "background” data.

This approach serves a crucial purpose. When the model encounters a new explanation
and needs to predict the generated permutations, it will be less likely to confuse the
background with existing defects.

Upon completion of model training, the evaluation phase begins. The mAP metric is used
to analyse the model’s performance. This metric provides a quantitative measure of the
model’s effectiveness.

Following mAP evaluation, the results are compared with those obtained from the subse-
quent analysis stage. This comparison allows for gauging the efficacy of the model training
approach. By analyzing the strengths and weaknesses identified in the comparison, a de-
termination can be made regarding the model’s success in identifying defects in images
with the background without confusing the background with defects and generating ex-
planations.

This second stage had two approaches. First, a defect detection model was trained using
only the images of the permutations obtained by LIME, using the background where the
best results were obtained for generating them. After analyzing the performance of the
model created, it can be concluded that there is a limitation because as the training
was only carried out on images with that specific background, the model ends up having
greater difficulty in detecting defects when faced with images without the background.

Given the analysis, we decided to create a new model using the dataset created to train
the initial model, adding to it a second dataset made up of the images generated in the
permutations with the specific background so that the model would not lose quality when
faced with images without the background. After analysis, it can be concluded that this
second approach works and the model obtains better results.

4.3 Results

This section presents the results of evaluating the proposed methodology. In this use case,
in the domain of textiles defect detection, we considered 9 different colors and patterns
to create the perturbations in LIME, and use the proposed methodology to find the most
suitable background for this specific domain. The colors and backgrounds were defined
arbitrarily since, due to the nature of DL models, it is virtually impossible to estimate
which will not be confused by the model with the defects being detected.

We evaluate the suitability of each background through the ability of the baseline model
to identify defects in the perturbed images, using the metrics of the PASCAL VOC
object detection challenge, which are based on the Precision x Recall curve and Average
Precision |140]. In the computation of the metrics we used an IoU = 0.5.

In order to compute these metrics, it is also necessary to define the threshold at which
a defect is considered visible in the perturbed images. Indeed, when LIME creates the
perturbed images, three different cases can occur: the defect is completely visible, the
defect is partially hidden by one or more perturbations, or the defect is completely hidden.

35



Images that are partially hidden must still be labeled as containing the defect or not, so
that the model can then be accurately evaluated. For the results reported herein, we
assumed that a defect is only considered visible if 10% or less of the area of its bounding
box is covered by the perturbation.

Table shows the counts of the visible defects in the 2000 perturbations generated for
each background (18.000 in total) in the Ground Truth column, and the detections by
the underlying model in the Detections column. It is clearly visible that the model tends
to mistake certain backgrounds with actual defects, as happens with the color defect in
the first two colors and in patterns 1 and 3, or in the cut defect in pattern 4.

Background Ground Truth Detections
color | cut hole | metal|| color | cut hole | metal
(0,0,0) 146 52 53 134 9136 127 22 53
(255,15,192) 116 33 71 142 10449 0 9 10
(255,255,255) 123 37 52 139 73 3672 | 1041 383
(0,177,64) 125 43 55 152 155 29 180 173
Pattern 1 108 39 49 171 8193 50 27 54
Pattern 2 108 44 58 142 232 127 249 227
Pattern 3 139 41 57 143 6387 0 14 20
Pattern 4 101 39 64 148 86 6083 259 0
Pattern 5 118 33 59 147 11 4031 415 5137

Table 4.1: Number of defects of each type visible in the 2000 images with perturbations
(ground truth) vs. the number of defects detected by the model (detections), by back-
ground.

Table summarizes the results for the different backgrounds compared. Specifically,
it shows the average precision by class, and the mAP. It allows to compare the different
backgrounds in terms of how they confound the model, and also how the same background
is more or less confused with each of the defects.

For this specific use case, the best background is Pattern 2, with an mAP = 0.62, followed
by color R=0, G=177, B=64, with an mAP = 0.43. All the remaining backgrounds have
very poor average results, despite some acceptable results for some specific classes.

The mAP of every baseline was evaluated in both the YOLOvVT7 model’s initial training
version and its additional trained versions. The baseline only considered the original
images of the defects, whereas the lines of each background used images of the defects
with the disabled superpixels filled with the color of each background.

As can be seen in Table [£.2] the original YOLOvV7 model, in the baseline line, achieved
maximum AP values for the color, cut and hole defects, only achieving a slightly lower
value for the metal contamination defect, demonstrating that the original YOLOv7 model
does not detect this type of defect with better precision, however this model ended up
performing very well as it achieved a mAP close to 1.

The 2nd version of the model, represented by baseline v2, obtained very poor AP values
in comparison to the baseline original version of the YOLO model in the following row.
It only achieved a minimally acceptable AP value for the color defect and low AP values
in the remaining defects, even reaching a minimum AP value for the cut defect. This
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suggests that this version of the model performs poorly in detecting this kind of defect in
the original images, as evidenced by the poor mAP value.

Lastly, the third version of the original YOLOvV7 model, baseline v3, achieved maximum
AP values for all defect types and, as a result, a maximum mAP value. This indicates
that the model is capable of effectively detecting all defect types in the original images.

AP per class

Background color cut . hole metal mAP
(0,0,0) 0.0 0.08 0.15 0.33 0.14
(255,15,192) 0.0 0.0 0.11 0.07 0.05
(255,255,255) 0.44 0.0 0.03 0.14 0.15
(0,177,64) 0.50 0.15 0.41 0.64 0.43
Pattern 1 0.0 0.01 0.10 0.14 0.06
Pattern 2 0.63 0.51 0.64 0.70 0.62
Pattern 3 0.0 0.0 0.11 0.14 0.06
Pattern 4 0.38 0.0 0.04 0.30 0.18
Pattern 5 0.09 0.0 0.04 0.06 0.05
Baseline 1.0 1.0 1.0 0.8 0.95
Baseline v2 0.60 0.0 0.25 0.20 0.26
Baseline v3 1.0 1.0 1.0 1.0 1.0

Table 4.2: Performance of the model when predicting on images with permutations gen-
erated using different colored/patterned backgrounds. The last 3 rows shows the perfor-
mance of each YOLOvV7 model trained versions when predicting on the original images.

Figure shows the same image, with a color defect, and one randomly selected pertur-
bation for each background. The ground truth is shown in green (when visible) and the
detections of the underlying model are shown in red. Pattern 2, depicted in was the
background that achieved the best results for this specific use-case, out of the 9 tested.

(0,0,0)

(255,15,192) (255,255,255) (0,177,64)

ﬂl

) Pattern 2 ) Pattern 3

(e ) Pattern 1

(h) Pattern 4 ) Pattern 5

Figure 4.2: Sample (out of 18.()00) of one randomly selected perturbation generated by

LIME for each background, ground truth (green), and detections by the underlying model
(red).
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Chapter 5

Improving the efficiency and efficacy
of LIME in industrial scenarios

5.1 Improving computational efficiency through data
minimization

When it comes to generating explanations, LIME is a slow method that is not practical for
use in the industrial sector, specifically when developing explanations that are desirably
in real-time, so that the loom can be stoped when the deffect first occur, in order to
minimize waste.

The average duration in each LIME phase is shown in Table 2.1, presented in Section
2.4.2| The average duration was calculated from a set of 10 distinct images, with 1000
random permutations produced for each image.

As detailed in the Table 2.1], the ”Permutations Dataset Creation and Model Classifica-
tion” phase is the one that lasts the longest. During this stage, LIME uses the randomly
generated permutations from the image dataset to train the YOLOv7 model.

Since more permutations will be produced and the YOLOv7 model will need more time to
train, the higher the size of the permutation dataset, the better the explanation supplied,
but the longer it will take. Stated differently, if the objective was to accelerate the
explanation-generating process, then only decreasing the permutation dataset’s size would
be enough. However, this would have the unintended consequence of producing worse
explanations due to the smaller permutation dataset.

In order to address this problem, the subsequent subsection offers a method that guar-
antees a higher diversity of permutations in the reduction’s final output while decreasing
the size of the permutation dataset without affecting the explanation in the end.

To minimize the amount of random permutations produced by LIME, while maximiz-
ing variety and covering the majority of possible combinations between them, a dataset
was divided into a predetermined number of clusters using the well-known unsupervised
marchine learning technique K-Means.

K-means algorithm is the most commonly used simple clustering method. For a large
number of high dimensional numerical data, it provides an efficient method for classifying
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similar data into the same cluster [141].

Subsequently, the defined number of permutations is processed by K-Means to decrease it
to 50% of its initial size. In this case, 1000 permutations were defined, and after reducing
to 50%, a total of 500 permutations were obtained.

The K-Means approach, which would produce 500 clusters, was applied for this reduction
process. The Fuclidean distance was used to determine the permutation that was closest
to each cluster’s centroid.

The reduction from 1000 to 500 permutations are resulted in Figure [5.1] that was gen-
erated using Principal Component Analysis (PCA). Adbdi et al. define PCA as a
multivariate technique that analyzes a data table in which observations are described by
several inter correlated quantitative dependent variables. Its goal is to extract the impor-
tant information from the table, to represent it as a set of new orthogonal variables called
principal components, and to display the pattern of similarity of the observations and of
the variables as points in maps.

Stated differently, PCA is a method that plots an array of arrays, each with a large size, in
two dimensions (x,y). In this particular case, representing each permutation coordinate
(with 50 dimensions) in a 2-D plot would be unfeasible due to the approximately 50
superpixels that each permutation comprises. However, PCA plots can be used to achieve
this.

As demonstrated, the permutations have become somewhat more dispersed (and not as
concentrated as shown in sub-figure . This indicates that, following the implemen-
tation of the permutation reduction strategy in sub-Figure [5.1D] there is a diversity of
permutations and a decrease in permutations that are similar to one another.

PCA Plot Original Permutations Dataset PCA Plot Chosen nearest points of each cluster
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Figure 5.1: PCA Plots with reduction from 1000 to 500 permutations.
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5.2 Results

The presented results were obtained using a laptop with CPU AMD Ryzen 5 5600H and
GPU NVIDIA GeForce GPU RTX 3060.

For a total of 20 images, 5 of each of the 4 types of defects (color, cut, hole, and metal
contamination) were taken, and each of the metrics (described in Section were calcu-
lated for each image in order to better understand the effects of the permutation reduction
strategy that was presented.

The final number of permutations that have been derived from the original 1000 permu-
tations is indicated by each row in Table [5.1] and Table [5.2]

Table shows the results of the metrics that obtained interesting results (M1, M2, M3
and M4) in an online questionnaire described in Section [3.2, when reduced from 1000
permutations to each permutation number (100, 250, 500 and 750 permutations).

It immediately becomes clear that the greater the number of permutations, the longer it
will take to generate the explanation.

There is a direct proportional relation between the M1 metric and the number of permu-
tations; as the number of permutations reduces, so does the M1 metric’s value.

In contrast, the M2 metric exhibits a positive correlation with fewer permutations. This
implies that a reduced proportion of green pixels outside the bounding box produced by
the YOLOvVT prediction will result in a more precise explanation of the defect’s location,
although at the expense of increased execution time.

The M3 metric showed extremely low values; its value increased with the number of
created permutations, suggesting that the greater the number of permutations, the greater
the percentage of red pixels that can occur inside the YOLOv7 bounding box in the
explanation.

Finally, the M4 and M2 metrics have the same correlation with the total number of
permutations. The explanation will be more solid and assertive if the M4 metric value is
higher since fewer red pixels will show up in it.

Number of Global Global Global Global Global Global Global Global Execttion
Permutations Mean Standard Mean Standard Mean Standard Mean Standard Time (mins)
M1 Deviation M1 M2 Deviation M2 M3 Deviation M3 M4 | Deviation M4
100 22.06 7.68 76.06 10.42 0.26 0.89 27.34 7.52 5.44
250 27.04 6.21 70.84 8.5 0.2 0.58 19.17 12.04 8.49
500 28.72 5.86 69.0 8.49 2.84 7.96 13.69 12.53 15.33
750 29.44 5.13 68.07 7.64 2.74 7.95 4.53 6.95 21.61
\ 1000 | 30.77 ] 5.7 | 66.68 | 8.4 | 32 ] 7.74 | 338 ] 5.48 | 2427 ]

Table 5.1: Global mean of metrics M1, M2, M3 and M4 on every permutations reduced
number with superpixels that have a weight greater than 0.05

Table can be analyzed to determine the percentage differences between each number
of permutations shown in Table [5.1] and the overall base value of the 1000 permutations
row. Negative values indicate that a particular number of permutations had a metric
value that was higher than the 1000 permutations’ metric value, and positive values the
opposite.
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Number of Global Global Global Global Global Global Global Global Reduction

Permutations Mean Standard Mean Standard Mean Standard Mean Standard Time
M1 | Deviation M1 | M2 | Deviation M2 M3 Deviation M3 M4 Deviation M4 (%)

100 28.31% 34.74% 14.07% 24.05% -91.88% -88.50% 710.65% 37.23% -77.59

250 12.12% 8.95% 6.24% 1.19% -93.75% -92.51% 467.16% 119.711% -65.02

500 6.66% 2.81% 3.48% 1.07% -11.25% 2.84% 305.03% 128.65% -36.84

750 4.32% -10.00% 2.08% -9.05% -14.37% 2.71% 34.02% 26.82% -10.96
1000 [ 30.77 ] 5.7 | 66.68 8.4 3.2 774 3.38 5.48 0.0

Table 5.2: Percentage difference

of metrics M1, M2, M3 and M4 on every permutation
number with superpixels that have a weight greater than 0.05
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Chapter 6

Proposal of light optimization on
LIME explanations creation speed

6.1 Problem Statement and Methodology

Since LIME is a widely used method today, particularly in the context of image classifi-
cation explanation, it can take an average of 6 minutes to generate an explanation for an
image, as shown in Table 2.1] in Section [2.4.2] due to the fact that it often interacts with
the model being explained. This means that its applicability in a real context is limited,
particularly for real-time applications such as defect or anomaly detection.

The primary goal of this chapter is to suggest a way to optimize the LIME approach to
make it faster and more useful in practical settings.

Figure illustrates the methodology that was followed. Firstly, the regression ML algo-
rithm that was being used to generate the relevance of the super-pixels in the explanations
was identified, which in this case was the Ridge algorithm. Next, in order to better under-
stand the algorithm’s performance, LIME was run on 10 different images, with 50, 100,
500 and 1000 permutations of each image, and the execution times were noted.

Three criteria were used to choose the regression algorithms that would be compared to the
Ridge method. Because of their simplicity, the first three algorithms (Linear Regression,
Lasso Regression, and Elastic Net) from the scikit-learn tool were used. The next step
was using two popular Auto ML tools, AutoSklearn from scikit-learn [143] and AutoML
from H20 [144-{146], to find ML models.

For each, four models with comparatively good performance were identified. Five-fold
cross-validation [147] was used to evaluate all of the examined methods, including the
original Ridge algorithm. Section discusses the results of this approach, which in-
volved selecting an algorithm to replace Ridge based on analysis of predictive performance
(RMSE and MAE) and computational performance (training time).

6.2 Results

This section only addresses the steps of training the regression model and features se-
lection, as explained in Section [6.1] The goal is to identify a regression algorithm that
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Figure 6.1: Methodology fluxogram.

would outperform the current algorithm, Ridge, in terms of training time and results

(with better MAE and RMSE).

The outcomes of this approach are summarized in Table [6.1] where the tested algorithms
are compared with the original Ridge algorithm and grouped together. The three manually
chosen algorithms—Linear Regression, Lasso Regression and Elastic Net—are in the first
group. The algorithms that AutoSklearn selected are in the second group. The algorithms
that were chosen using H20 are finally included in the third group.

To produce these results, 10 permutation matrices were used (with 1000 permutations
each), each for a different image classification problem. Thus, all the results presented are
the average value of the algorithm over 10 different instances. Specifically, the average
training time for each algorithm was calculated, as well as the average and standard
deviation of the MAE and RMSE metrics.

Mean train Mean Mean
Model duration Mean MAE Standard Deviation Mean RMSE Standard Deviation

(in seconds) MAE RMSE
Ridge 0.0151 0.220115 0.008463 0.276704 0.012521
Linear Regression 0.0247 0.220075 0.008486 0.276763 0.012555
Lasso Regression 0.0217 0.322233 0.008038 0.362009 0.012348
Elastic Net 0.0207 0.322233 0.008038 0.362009 0.012348
Ada Boost Regressor 9.3639 0.142195 0.013924 0.269508 0.019667
Extra Tree Regressor 5.8252 0.193794 0.007768 0.253452 0.011877
Gaussian Process Regressor 288.2741 0.174664 0.008200 0.247288 0.012360
Hist Gradient Boosting Regressor 1.2101 0.203012 0.008296 0.260145 0.012309
Gradient Boosting Machine 0.0940 0.182037 0.065697 0.244895 0.057050
Deep Learning 4.8299 0.197212 0.067869 0.259106 0.058557
Generalized Linear Model 0.0137 0.220722 0.068445 0.276757 0.057748
Distributed Random Forest 0.2274 0.2083 0.073352 0.261336 0.061389

Table 6.1: Comparison of the metrics MAE, RMSE and training time between Ridge
and the selected algorithms: 1st group scikit-learn, 2nd group AutoSklearn, 3rd group
AutoML. A value in bold indicates the algorithm’s superior performance compared to

Ridge.

Considering the first group of algorithms compared to Ridge, it can be seen that Ridge
is the algorithm with the shortest training time and also has the lowest MAE and RMSE
values compared to the other regression algorithms, making it the best algorithm in this
small sample of regression algorithms.
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The Ada Boost Regressor, Extra Tree Regressor, Gaussian Process Regressor, and Hist
Gradient Boosting Regressor were the top algorithms identified by AutoSklearn. It is
evident by comparing their results to Ridge’s that all of the algorithms outperformed Ridge
in terms of RMSE and MAE measures, which is encouraging. Nonetheless, their average
training times were comparatively greater than Ridge’s. The steps ”"Fit the regression
model” and ”Select the features” shown in Table [2.1]in Section [2.4.2] are included in this,
as previously mentioned. As it happens, the new average times displayed are far longer
than the typical Ridge time.

Therefore, even though the Gaussian Process Regressor algorithm produces more accurate
predictions than Ridge, it was excluded because to its average duration of roughly 4
minutes, which barely makes a difference to the average training time. In a similar
vein, we eliminated the Hist Gradient Boosting Regressor method, which took only a few
seconds to complete but produced the worst results among the new regression algorithms
in terms of the MAE metric and the third worst overall in terms of the RMSE metric.
The Ada Boost Regressor and Extra Tree Regressor algorithms are the last ones. These
outperformed Ridge in the MAE and RMSE metrics, although they took 900x and 500x
longer, respectively.In this sense, these algorithms are not considered to be in line with
the proposal of this chapter and have also been discarded.

The algorithms discovered by H20 are in the final group. As observed, despite a little
longer training period, the Gradient Boosting Machine outperformed Ridge in this group
in terms of the MAE and RMSE parameters. By closely examining the mean training
duration, one algorithm was identified on this set that executed faster than Ridge: the
Generalized Linear Model. In terms of average MAE and average RMSE, the algorithm
is not as good as Ridge, but both values are rather close.

Because it offers a lower execution time and comparable predictive performance to Ridge,
the Generalized Linear Model method was chosen as Ridge’s replacement based on the
results.
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Chapter 7

Conclusion

7.1 Conclusions and Future Work

The work described in Chapter |3/ had as main goal to propose and validate a set of metrics
derived from the field of XAI, to be used as a complement in estimating the quality of
each output of a CV model. This specifically addresses the problem of monitoring model
quality once it is in production, in the absence of up-to-date labeled data.

The metrics validated so far resulted in the identification of 2 strong correlations, and
2 weaker ones, a finding which supports the longer-term goal of being able to estimate
the quality of each prediction of a CV model automatically, based on its explanation. In
essence, we aim to emulate the analysis that a human does when looking at an explanation,
and trying to determine whether the model can be trusted or not.

Work depicted in Chapter [4| covers two aspects. On the one hand, we developed objective
metrics for evaluating the quality of explanations. This will allow to assess two different
aspects separately: the quality of the model and the quality of the generated explanations.
On the other hand, we included permuted images together with the original training data
when training models, so that they naturally learn to ignore the permuted superpixels.

The methodology proposed in that chapter is used to decide which background to use
in each problem prior to the training, minimizing the necessary training data. The ap-
proach described is thus one step forward towards the inclusion of more human-centric
and transparent approaches in industrial Al applications, in which human oversight for
end-users and developers is seen as fundamental.

A strategy to reduce by 50% the number of permutations required for LIME to generate
a good explanation was presented in Chapter [5l The permutation reduction effects were
assessed using metrics specified in Chapter 3] By using this approach, we can ensure that
we obtain a more varied collection of permutations while also slightly speeding up the
LIME process of producing permutations.

In respect to Chapter [3] as a future work, we aim to automate and validate this process
in a labelled dataset. To do so, we will implement a feature engineering and selection
process in an attempt to find meaningful features, possibly through linear combinations
of them, to train a model that is able to distinguish between good and bad predictions.
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This model will then be used as a layer of validation, that will request human intervention
when the output of the CV model is not trusted by the explanation. This keeps the human-
in-the-loop, but only when necessary. Moreover, the input of the user will be added to the
labelled dataset, allowing for its incorporation in future versions of the model, ensuring
that it is kept up-to-date with minimal human effort.

An additional future work will involve the development of a ML model that predicts the
quality of the LIME explanation, thereby simplifying the evaluation process and providing
more effective support for decision-making. This ML model will be based on the evaluation
metrics described in chapter

It was discovered an algorithm with predictive performance comparable to the Ridge
method utilized by LIME, but requiring less training time, as described in Chapter [0} As
one of the future works, Ridge will be replaced with the suggested Generalized Linear
Model as one of the future works since, albeit being negligible, the difference will help
LIME perform slightly better.

7.2 Scientific Publications

The following articles were published or submitted during the work on this project:

1. Joao Pereira, Filipe Oliveira and Davide Carneiro (2024) Addressing the Limita-
tions of LIME for Explainable Al in Manufacturing: A Case Study in Textile Defect
Detection. 2nd ESAIM (European Symposium on Artificial Intelligence in Manu-
facturing) 2024 Conference, Athens, Greece.

2. Joao Pereira, Filipe Oliveira, Miguel Guimaraes, Davide Carneiro, Miguel Ribeiro
and Gilberto Loureiro (2024) Using explanations to estimate the quality of com-
puter vision models. 33rd IAMOT (International Association for Management of
Technology) 2024 Conference, Porto, Portugal.

3. Joao Pereira, Filipe Oliveira, Davide Carneiro, Miguel Ribeiro and Gilberto Loureiro
Making explainable Al work for the manufacturing domain. International Journal
of Computer Vision (submitted).

Article no. 1 has been published for the 2nd edition of the ESAIM Conference [l and its
contents were outlined in Chapter [4] The specific use-case for this article’s methodology
is defect identification in the textile manufacturing industry. It addresses a limitation
in LIME where some superpixels are confused by defects instead of being ignored by
the YOLO Model. This article’s main contribution is demonstrating that explainability
techniques based on picture permutations might not be suitable for the manufacturing
sector since the underlying model frequently misinterprets the black superpixels added to
the images and detects them as defects.

The scope of the ESAIM’24 symposium is around recent developments of Al in man-
ufacturing so as to develop an understanding of key concepts and technologies, as well
as understanding the benefits and barriers when applying such technologies in industrial
practice.

Thttps://aim-net.eu esaim2024/
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The content of article no. 2 was covered in Chapter [3 it included a questionnaire with
24 participants’ ratings on each explanation, along with a proposal of a set of metrics to
assess the quality of the LIME-generated explanations. This article was also presented in
the 33rd IAMOT Conference, as seen in Figure

The IAMOT event took place in Portugal for the first time (hosted in Alfandega do Porto,
in Porto), with close to 250 participants from 30 countries. The 33rd edition of the IAMOT
El (International Association for Management of Technology) Conference set out to discuss
the role of technology in implementing sustainable, people-centred practices to address
social, environmental, and economic challenges. The event also strengthened international
cooperation, ensured advances in technological knowledge and gave the country a global
projection.

Figure 7.1: 33rd IAMOT 2024 Conference Presentation in Alfandega do Porto, Portugal.

Zhttps:/ /www.iamot2024.com/
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