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ABSTRACT

Abstract

The process of Metallic Additive Manufacturing (MAM) in particular and

welding in general needs to be monitored to improve the quality of the

product to be manufactured or assembled, and so saving time and cost.

To do so, and since the possible causes of manufacturing defects are

numerous, many sensors are required. For reliable decision-making, the

well-known Multi-Sensor Data Fusion (MSDF) seems to be the most ap-

propriate method in this current study.

During this master thesis, the goal is to perform a bibliographic study

of using MSDF in welding and then in MAM by summarizing the most

progressive approaches to develop its own MSDF based model or select the

most appropriate for the current topic. In this field, we will pay special

attention to the quantity of data needed for each approach.

Keywords: Multi-Sensor Data Fusion, Metallic Additive Manufacturing,

Laser Welding.
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Introduction

Chapter 1

Introduction

It is a disruptive time for new technologies. The use of machine learning

and deep learning can reinvent the way we were working in traditional

and well-known processes in the welding industry, such as Metallic Ad-

ditive Manufacturing or Laser Welding processes. In this chapter, we will

start explaining the project and the motivation behind it. Then, the prob-

lem formulation process is presented, followed by the purpose, methodol-

ogy to perform, limitations, and report organization.

1.1 Project Description & Motivation

Because of their versatility and performance, automated workplaces are

commonly regarded as essential for future factories. Owing to increased

global competition, shortened product life cycles, and diversified product

demand, machined parts with tighter surface finishes and higher machin-

ing precision have prompted the need for better and more precise control

of automated machining processes. Manufacturers are increasingly mov-

ing to mechanical processing systems to meet rising demand, minimizing

operators’ reliance during output. The reliability and robustness of moni-

toring systems used in the online and offline monitoring of vital machining

processes are critical to realizing automated processing systems.

1



Introduction

When we talk about sensing systems and how they work, we must first

think about what process we follow when crossing the street. We focus

our sight on both ways of the road, thanks to our visual sense. However,

imagine that we are on a complicated street and our vision is not enough.

We will use our hearing senses to recognize if a car is getting closer or

not.

In this second case, we perform a data fusion with our visual informa-

tion and our hearing information to generate new complete information

to cross the street with more guarantees. In modern monitoring systems,

we can find this whole process represented where several sensors act as

human senses. These sensors can get a physical event and generate an

electrical output. When we measure a certain number of parameters inde-

pendently, we use a specialized algorithm to gain an utter measurement

value. This type of system is called a multi-sensor system [19, 20, 21, 22].

Implementing a multi-sensor system can imply a significant reduction in

machining errors and improved surface finish, e.g., in the monitoring and

control of metal cutting operations and machine tools. Cheaper and more

powerful microprocessors are one of the increasing uses for this method.

Meanwhile, physical sensors make use of signal processing systems and

closed-loop digital control quite economical [23, 24, 25]. Therefore, a

multi-sensor system is an essential component to achieve higher machin-

ing accuracy and, indeed, economic savings in the future.

1.2 Purpose

As introduced before, this project aims to search, apply, validate, and ex-

plain Multi-Sensor Data Fusion (MSDF) based models to monitor Metallic

Additive Manufacturing (MAM) processes. For this reason, several aims

must be considered:

2
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1. Understand and analyze Group Institut de Soudure data related to

Metallic Additive Manufacturing (MAM) and Laser Welding processes.

What data is available? How can it be obtained? Does it have any

constraints or special permissions to be handled?

2. Consolidate a high-quality dataset. This involves all the most com-

mon preprocessing tasks such as signal processing, dealing with miss-

ing values, duplicates, outliers, different data types, and most impor-

tantly, performing feature engineering.

3. Label each search as healthy or not to train the model. How to

define healthiness? How can we classify the not healthy ones?

4. Research data fusion techniques that fit best this problem.

5. Apply, test, compare and explain different algorithms.

6. Consider error metrics. Lunching advertising to every search has a

cost; thus, the classification must perform high. What does it mean

a high-performing classification?

7. Interpret the results and propose next steps. Which type of sensors

is most likely to be significant to detect healthy welds? How can

we obtain better classification results? What is the impact on the

process? How can this solution go beyond Group Institut de Soudure

services?

3
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1.3 Research Methodology

This section explains the methodology framework used to structure this

study, followed by the tool selection.

1.3.1 CRISP-DM as Research Framework

Figure 1.1: Phases of the Current CRISP-DM Process Model for Data Min-
ing. Reprinted from [1], Copyright 2000. With permission of Springer.

CRISP-DM is an acronym that attains for Cross-Industry Standard Process

for Data Mining. It comprises explanations of the typical phases of a

project, the activities associated with each stage, and a basis of the tasks’

linkages. [1]

Figure 1.2: Overview of the CRISP-DM tasks and their outputs.. Reprinted
from [1], Copyright 2000. With permission of Springer.

4
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1. Business Understanding. This first phase focuses on understanding

the project objectives and needs from a business standpoint and then

translating that knowledge into a data mining problem definition and

a preliminary project plan tailored to meet the goals.

2. Data Understanding. The data understanding phase begins with data

collection and continues with actions to become acquainted with the

data, uncover data quality issues, discover first insights into the

data, or detect exciting subsets to create hypotheses for confidential

information. Business Understanding and Data Understanding are

inextricably linked. The design of the data mining challenge and the

project strategy needs at least a basic comprehension of the available

data.

3. Data Preparation. The data preparation phase includes all operations

performed to create the final dataset (data input into the modelling

tool(s)) from the initial raw data. Data preparation tasks are likely to

be repeated several times and in no particular order. Table, record

and attribute selection, data cleansing, attribute generation, and data

transformation for modelling tools are all tasks.

4. Modeling. Data Preparation and Modeling are inextricably linked.

Various modelling techniques are chosen and employed in this phase,

and their parameters are calibrated to ideal values. Typically, numer-

ous strategies exist for the same data mining problem type. Some

approaches necessitate the use of specific data formats. Often, dur-

ing modelling, one discovers data issues or gets ideas for creating

new data.

5. Evaluation. At this point in the project, you have created one or

more models that appear to be of high quality based on data anal-

5
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ysis. Before proceeding with the final deployment of the model, it is

critical to thoroughly examine the model and review the procedures

used to develop the model to ensure that it meets the business ob-

jectives. One crucial goal is to assess whether or not some critical

business issue has been overlooked. A decision on using the data

mining results should be made at the end of this step.

6. Deployment. In most cases, the creation of the model is not the

conclusion of the project. Typically, the knowledge gathered must be

arranged and presented so that the consumer can make use of it.

The deployment phase might be as easy as generating a report or as

sophisticated as implementing a repeatable data mining process, de-

pending on the requirements. In many circumstances, the user, not

the data analyst, will do the deployment processes. In any instance,

it is critical to understand what steps must be taken ahead of time

to use the models that have been built.

1.3.2 Tool Selection

Data Collection. Done manually. A physical sensor will be used to

extract all the information related to every weld.

Data Exploration, Preprocessing, Analysis. Python is used for all

data manipulation procedures. Python is an object-oriented, high-

level programming language with dynamic semantics that is inter-

preted. Modules and packages are supported, which facilitates pro-

gram modularity and code reuse. The Python interpreter and large

standard libraries are free and open-source and distributed across

all major platforms [26]. Pandas is used for data frame manipula-

tion, NumPy for numbers and arrays, and Matplotlib and Seaborn

for visualization.

6
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Modeling. TensorFlow is used for the modelling tasks [27]. Tensor-

Flow is a complete open-source machine learning platform. It fea-

tures a robust, flexible ecosystem of tools, libraries, and community

resources that enable researchers to push the boundaries of ML and

developers to construct and deploy ML-powered applications easily.

All the listed procedures are performed on the online platform Google Co-

lab using the Jupyter environment as the back-end. Before introducing

Google Colaboratory, we introduce Jupyter Notebooks, the technology on

which Colaboratory is based. Jupyter is an open-source and browser-

based tool that integrates interpreted languages, libraries, and tools for

visualization [28]. A Jupyter notebook can work either locally or on the

cloud. Each document comprises multiple cells, where each cell contains

script language or markdown code, and the output is embedded in the

paper. Typical results include text, tables, charts, and graphics.

Google Colaboratory is a project that has the objective of disseminating

machine learning education and research [29]. Colaboratory notebooks

are based on Jupyter and work as a Google Docs object: they can be

shared, and users can collaborate on the same notebook. Colaboratory

provides either Python 2 and 3 runtimes pre-configured with the essential

machine learning and artificial intelligence libraries, such as TensorFlow,

Matplotlib, and Keras. The virtual machine under the runtime (VM) is de-

activated after a while, which deletes all user’s data and configurations.

However, the notebook is preserved, and it is also possible to transfer files

from the VM hard disk to the user’s Google Drive account. Finally, this

Google service provides a GPU-accelerated runtime, also fully configured

with the software previously outlined. The Google Colaboratory infrastruc-

ture is hosted on the Google Cloud Platform.

7
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1.4 Report Organization

The report is organized as follows: Chapter 2 introduces the Data Fusion

principle and the theory and background of this technique, the litera-

ture review for this technique in the industry. Chapter 3 presents all the

project development; at the beginning, the specific welding process that

would be the centre of the project would be explained, and then the data

collection, understanding and preparation, the data fusion technique pro-

cess, and the modelling methods to be carried out for predicting the final

state of the weld are included. Chapter 4 consists of the data analy-

sis and class imbalance problems founded, followed by the results of the

different experiments implementing deep learning models and the feature

importance. Finally, Chapter 5 exposes the conclusion of the thesis and

gives insights into future work.

8
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Chapter 2

Bibliographic Synthesis and
Theoretical Background

This chapter includes the background and the comprehensive review of

the literature carried out on this study. First, the concept Multi-Sensor

Data Fusion (MSDF) is introduced by providing an overview of the differ-

ent classification methods and the most popular techniques. Then, we will

review the literature on existing Additive Manufacturing (AM) and Laser

Welding monitoring MSDF systems by explaining the method used and

the background of each project.

2.1 Principle of Multi-Sensor Data Fusion (MSDF)

2.1.1 What is Multi-Sensor Data Fusion (MSDF)?

Multi-Sensor Data Fusion can be defined as “the theory, techniques, and

tools used for combining data derived from sensory data or sensor data into

a common representational format” [30]. We can refer either to multiple

sensors produced by various sensors or to a single sensor when built at

different time instants with the first statement. When performing sensor

fusion, we aim to improve the quality of the information, taking as our

beginning point the information when data sources are used individually.

9
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As we will see during this point, Multi-Sensor Data Fusion’s main problem

is to decide the best procedure for combining several measurements. In

the book Multi-Sensor Data Fusion: An Introduction[21], the author adopted

the view that the best way to combine multiple data sources with a priori

information is within a statistical framework.

As the author says, “The main advantage of a statistical approach is that

explicit probabilistic models are employed to describe the various relation-

ships between sensors and sources of information, taking into account

the underlying uncertainties. In particular, we restrict ourselves to the

Bayesian methodology, which provides us with a useful way to formulate

the multi-sensor data fusion problem in mathematical terms and which

yields an assessment of the uncertainty in all unknowns in the problem.”

2.1.2 Why do we need it?

The main goal of multi-sensor data fusion is to increase the informa-

tion output’s efficiency through synergy. Synergy does not necessitate the

use of multiple sensors, strictly speaking. Since the synergistic effect can

be obtained on a temporal sequence of data produced by a single sen-

sor, this is the case. Nevertheless, using multiple sensors can improve

the synergistic effect in various ways, increased robustness to a sensor

and algorithmic failures, spatial and temporal coverage, improved noise

suppression, and increased estimation accuracy. Multi-sensor data fusion

may improve the performance of the system in four different ways[31]:

Representation. The data collected during or after the fusion process

has a higher abstract degree of granularity than the input data sets.

Each initial source of knowledge offers a richer semantic on the data

than the current abstract level or granularity.
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Certainty. If V is the sensor data before fusion and p(V ) is before

fusion the data’s a priori likelihood, then the increase in certainty is

the increase in p(V ) after fusion. If V F denotes data after fusion,

then p(V F ) > p(V ) is anticipated.

Accuracy. The data’s standard deviation after the fusion phase is

lower than the sources’ standard deviation directly. The fusion method

attempts to minimize or remove noise and errors if the data is noisy

or incorrect. The increase in precision and the increase in certainty

are generally associated.

Completeness. Adding new information to existing environmental

awareness allows for a comprehensive view of the world. In general,

if the data is redundant and concordant, we can see an accuracy

improvement.

2.2 Data Fusion Technology

Data fusion integrates redundant or complementary information from mul-

tiple information sources in space or time. This integration is done ac-

cording to particular standards to achieve a coherent representation or

definition of the tested entity, allowing the information system to outper-

form the system composed of each subset it contains [32]. The data fu-

sion process combines several data sources using statistical methods and

technological techniques to produce high-quality, usable data. Data fu-

sion has many advantages over independent processing of a single source,

including improved detectability and reliability, expanded range of spa-

tiotemporal perception, reduced degree of inference ambiguity, improved

detection accuracy, increased dimension of target features, the improved

resolution of spatial questions, and enhanced fault-tolerant ability [33].

11
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2.2.1 Data Fusion Hierarchy

Information fusion is classified into data layer fusion, feature layer fusion,

and decision layer fusion based on the processing information source-level

[34]. Data is the measurement data collected by sensors in each section.

Characteristics are the outcomes of data analysis and transformation. The

conclusion reached after observing the target is referred to as decision

making. [35]

Data Layer Fusion, known as the direct fusion of original data. Its

input is a variety of raw data from multiple sensors, and its output

results from feature extraction or local decision-making. Data layer

fusion benefits include the ability to extract more details from the

original data that are not available in other fusion layers [36]. The

drawbacks include a high computing burden, poor real-time perfor-

mance, and the requirement for an excellent fault-tolerant ability to

deal with sensor data instability and uncertainty, which is only appli-

cable to the original data fusion of similar sensors. The weighted av-

erage method, election decision method, mathematical statistics method,

Kalman filter method, and so on are among the most common [37].

Feature Layer Fusion. It extracts feature information from data sources

for analysis and processing while retaining enough critical informa-

tion to support subsequent decision analysis [38]. The benefits of

feature layer fusion are that the amount of data to be processed is

reduced after extracting the original data information features, and

real-time performance is improved. Kalman filter, neural network,

fuzzy inference, and production rule are the most common methods.

Decision Level Integration.. As a type of high-level fusion, it has

high flexibility, strong anti-interference, good fault tolerance, and low

communication bandwidth requirements [39]. First, the sensor’s mea-
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surement data are preprocessed to make an initial decision on the

research object. The final joint decision results are obtained by com-

bining all local decision results according to specific rules. As a re-

sult, decision layer fusion necessitates compressing sensor measure-

ments, resulting in high processing costs and a loss of a great deal

of detail. The Bayesian probabilistic inference method and the Demp-

ster–Shafer (DS) evidence inference method are two of the most com-

mon decision-level fusion methods.

According to the preceding analysis, each of the three levels of informa-

tion fusion has its own set of advantages, disadvantages, and application

scope. In most cases, features are obtained by fusing the original data,

and decisions are made by combining various fusions. Whatever the fu-

sion strategy, the pertinent data must be registered and correlated [40].

In a different order, the data is linked and matched. In theory, data layer

fusion is beneficial because a large amount of original data retained can

provide as much detail to the target as possible while achieving the most

accurate fusion effect possible. The fusion of the decision layer is not

sensor-based. Choosing which level of integration to use for a specific

purpose is a system engineering problem. The overall impact of the en-

vironment, computing resources, information source characteristics, and

other factors should be considered [41]. The following section will ana-

lyze the different approaches and classification in previous works on data

fusion algorithms.

2.2.2 Data Fusion Techniques

Data fusion is a multidisciplinary environment that includes many areas,

and it isn’t easy to define a strict and straightforward classification [21,

35, 2].
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The employed methods and techniques can be classified based on the

relationships between the input data sources [42], the input/output data

types and their existence [43], the abstraction level of the employed data,

the different data fusion levels identified by the JDL, or the architecture

type.

2.2.2.1 Fusion Type

Boudjemaa and Forbes [44] classify a multi-sensor data fusion system

according to what aspect of the system is fused:

Fusion across sensors. Several sensors nominally calculate the same

property in this case, such as some temperature sensors measuring

an object’s temperature.

Fusion across attributes. Various sensors are used to calculate mul-

tiple quantities correlated with the same experimental situation, such

as air temperature, pressure, and humidity, to determine the air re-

fractive index.

Fusion across domains. Several sensors calculate the same attribute

over various ranges or domains in this case, e.g., in the concept of

a temperature scale.

Fusion across time. In this case, current measurements are com-

bined with historical data, such as those from a previous calibration.

To accurately determine the system, current knowledge is often in-

sufficient, and historical data integration is needed.

2.2.2.2 Sensor Configuration

Durrant-Whyte [42] classifies a multi-sensor data fusion system according

to its sensor configuration. There are three basic configurations:

14



Bibliographic Synthesis and Theoretical Background

Complementary. If the sensors do not explicitly rely on each other

but can be combined to provide a complete picture of the phenomenon

under observation, the sensor configuration is complementary. The

complementary sensors aid in the resolution of the incompleteness

problem.

Competitive. If the sensor provides an independent measurement of

the same property, a sensor configuration is competitive. Competitive

fusion aims to reduce the impact of inaccurate and unpredictable

measurements.

Cooperative. A cooperative sensor configuration network combines

the data from two or more independent sensors to extract information

that would otherwise be unavailable from a single sensor.

Figure 2.1: Whyte’s classification based on the relations between the data
sources. Reprinted from [2], Copyright 2013. With permission from Hin-
dawi.
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2.2.2.3 Input/Output Characteristics

Dasarathy [43] classifies a multi-sensor data fusion system according to

its common input/output characteristics, being one of the most well-known.

Dasarathy’s classification makes the most significant contribution by spec-

ifying the abstraction level as an input or output, thus providing a basis

for classifying various methods or techniques. It is composed of the fol-

lowing next categories:

DAta In-DAta Out (DAI-DAO). It is the most elementary or straight-

forward data fusion approach used in classification. This data fusion

method uses raw data as input and output; the results are usually

more consistent or accurate. At this step, data fusion occurs im-

mediately after the data is collected from the sensors. At this step,

the algorithms used are based on signal and image processing algo-

rithms.

DAta-In-Feature-Out (DAI-FEO). The data fusion method uses raw

data from sources to extract features or characteristics that charac-

terize an object’s environment.

FEature In-FEature Out (FEI-FEO). Data Fusion processes input and

output are considered features at this stage. As a result, the data

fusion process approaches a collection of features intending to im-

prove, refining, or obtain new characteristics. This method is also

referred to as feature fusion, symbolic fusion, knowledge fusion, or

intermediate-level fusion.

FEature In-DEcision Out (FEI-DEO). This stage receives a collection

of features as input and outputs a set of decisions. This group in-

cludes the majority of classification systems that make a decision

based on sensor inputs.
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DEcision In-DEcision Out (DEI-DEO). This classification method is

also known as decision fusion. It combines input decisions to pro-

duce better or new choices.

2.2.2.4 Abstractions Levels

Luo et al. [45] classify a multi-sensor data fusion system according to

four abstractions levels:

1. Signal Level. Straight addresses the signals that are acquired from

the sensors.

2. Pixel Level. Performs at the image level and could be used to en-

hance image processing tasks.

3. Characteristic Level. Operates features that are obtained from the

images or signals, i.e., shape or velocity.

4. Symbol Level or Decision Level. Information is represented as sym-

bols.

As we saw in the previous section 2.2.1 about the Data Fusion Hierarchy,

information fusion typically addresses three levels of abstraction: data,

feature, and decisions. Taking this perspective, we can also classify data

fusion based on the following abstractions levels:

1. Low-Level Fusion. The raw data are fed directly into the data fusion

process, producing more reliable data than the individual sources.

When we talk about reliable data, we define data with a lower signal-

to-noise ratio.
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2. Medium Level Fusion. Features or characteristics, such as form,

texture, and position, are combined to create features for other pur-

poses. This level is frequently associated with the function level or

the characteristic level.

3. High-Level Fusion. This stage, also known as decision fusion, takes

symbolic representations as sources and combines them to produce a

more precise decision. At this stage, Bayesian methods are commonly

used.

4. Multiple Level Fusion. This level addresses data generated at various

levels of abstraction, such as when a calculation is coupled with a

function to produce a decision.

2.2.2.5 JDL Data Fusion Classification

JDL Data Fusion Classification is the most widely used conceptual model

in the data fusion culture, suggested first by JDL and then by the US

Department of Defense [46]. These organizations divided the data fusion

phase into five processing stages, a database and an information bus that

linked the five components. The five levels can be separated into two cat-

egories: low-level fusion and high-level fusion, with the following compo-

nents:

Sources. They are in charge of supplying the input data. Sensors,

a priori information, databases, and human inputs are all possible

sources.

Human-Computer Interaction (HCI). It is an interface that allows

operators to input data to the machine and output data to the op-

erators. HCI provides requests, commands, details on performance,

and alarms.
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Database Management System. It saves the given data as well as

the merged results. Because of the vast amount of highly diverse

information stored, this device is a critical component.

The five stages of data processing, on the other hand, are as follows:

Level 0: Source Preprocessing. The lowest stage of the data fusion

process is source preprocessing, which involves signal and pixel fu-

sion. This stage consists of the knowledge extraction method in the

case of text sources. This level decreases data while retaining valu-

able information for higher-level processes.

Level 1: Object Refinement. The stored data from the previous stage

is used in Object Refinement. Standard procedures of this stage in-

clude Spatio-temporal alignment, association, correlation, clustering

or grouping techniques, state estimation, the elimination of false pos-

itives, identity fusion, and the combining of features extracted from

images. Object classification and identification, as well as object

tracking, are the outputs of this stage. This stage converts the input

information into coherent data structures.

Level 2: Situation Assessment. This level emphasizes higher-level

inference than level 1. A situation assessment aims to determine

the most likely scenarios based on the observed events and data.

It creates connections between the elements. Relationships, such as

proximity and contact, are valued to assess the importance of in-

dividuals or artefacts in a given context. This level’s goals include

making high-level inferences and recognizing essential activities and

events. The result is a set of high-level abstractions.
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Level 3: Impact Assessment. This stage measures the effect of the

observed activities in level 2. The current situation is assessed to

identify potential threats, vulnerabilities, and operational opportuni-

ties, and a future forecast is performed. This degree requires an

assessment of the danger and a prediction of the logical outcome.

Level 4: Process Refinement. This level advances the process from

level 0 to level 3 and manages resources and sensors. The aim is to

achieve effective resource management while considering task goals,

scheduling, and resource control.

Figure 2.2: The JDL data fusion framework. Reprinted from [2], Copyright
2013. With permission from Hindawi.

The JDL model is the first attempt to include a detailed model and stan-

dard terminology for the data fusion domain. However, since their origins

are in the military context, the language used is oriented to the frequently

encountered threats in these scenarios. The Dasarathy model [43] that we

analyzed before differs from the JDL model in terms of terminology and

methodology used. The former is concerned with the variations between

the input and output results, regardless of the fusion process used. To

summarize, the Dasarathy model provides a method for understanding the

relationships between the fusion tasks and the data used, while the JDL

model provides a fusion perspective for designing data fusion systems.
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2.2.2.6 Architecture Type

When developing a data fusion device, one of the most important issues

is where the data fusion process will occur. Based on this criterion, we

can identify these architectures:

Centralized Architecture. In a centralized architecture, the fusion

node is housed in the central processor, collecting data from all in-

put sources. As a result, all of the fusion processes are carried out

in a central processor, which uses the raw measurements given by

the authorities. In this schema, the sources collect only the observa-

tions as measurements and send them to a central processor, which

performs the data fusion process. Assuming that data alignment and

data association are done correctly and that the time taken to move

the data is not relevant, the centralized scheme is technically opti-

mal. However, in most cases, the above conclusions do not hold for

real-world systems.

Decentralized Architecture. A decentralized architecture comprises

nodes, each with its processing capabilities and no single data fu-

sion point. As a result, each node combines its local information

with information obtained from its peers. Data fusion occurs au-

tonomously, with each node paying for its local knowledge and in-

formation obtained from peers. Decentralized data fusion algorithms

usually transmit information using the Fisher and Shannon measure-

ments instead of the object’s state [47].

Distributed Architecture. In a distributed architecture, estimations

from each source node are processed separately until the informa-

tion is sent to the fusion node; the fusion node accounts for the

information obtained from the other nodes. In other words, before

the information is communicated to the fusion node, the data asso-
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ciation and state estimation are performed in the root node. As a

result, each node estimates the object state based solely on their lo-

cal views, and this information is fed into the fusion process, which

produces a fused global perspective.

Hierarchical Architecture. Other architectures are made up of a

mix of centralized and distributed nodes, resulting in hierarchical

schemes in which the data fusion process occurs at different hier-

archy levels.

2.2.3 Data Fusion Algorithms

As we mentioned in section 2.2, data fusion entails various theories and

technologies, and there is no single algorithm that can adapt to all con-

ditions. As a result, corresponding algorithms should be chosen based

on the various application backgrounds in the application. The algorithm

concept is classified into three categories: Physical Model Algorithm or Es-

timation Methods, Parameter-Based Algorithm or Classification Methods,

and Cognition-Model-Based Algorithm or Inference Methods. During this

section, we will introduce these categories and we will explain algorithms

of those categories.

2.2.3.1 Models based on Physical Model

This type of algorithm directly computes entity properties based on the

physical model. The physical model used to forecast the physical char-

acteristics of an entity must be found on the physical properties of the

thing to be recognized. Even though this strategy is rarely employed in

practice, it is required in basic research. A typical physical model algo-

rithm includes the syntactic analysis approach and the estimate theory

approach.
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Between these algorithms, we can find:

1. Kalman Filter. Predict-update type estimator that is widely used in

various engineering applications. Traditional KFs require an accurate

linear model of both the system dynamics and the observation pro-

cess to be ideal in terms of least-mean-squared-error [48].

2. Extended Kalman Filter. The Extended Kalman Filter implements a

Kalman Filter for a system whose dynamics derive from the lineariza-

tion of the initial nonlinear filter dynamics around the previous state

estimate. It addresses the Kalman Filter’s problem since it is based

on the limiting assumptions that the system dynamics are linear and

the starting uncertainty is Gaussian. The Extended Kalman Filter

uses Taylor series expansions to linearize the system model around

a stable operational point [49].

3. Covariance Intersection. It solves the fusion problem for which the

Kalman Filter is ineffective when sensory data from various sensors

are not independent. In the information space, Covariance Intersec-

tion is a convex combination of the means and covariance. The main

advantage of Covariance Intersection is that it allows for filtering and

data fusion on probabilistically determined estimates without knowing

the degree of correlation between those estimates [50].

4. Covariance Union. Unlike Covariance Intersection, the Covariance

Union algorithm solves the problem of information corruption. Co-

variance Union substitutes inconsistent estimates with a single cal-

culation that is statistically consistent with all of the given estimates

rather than reducing them. The assessment is guaranteed to be con-

sistent if at least one estimate is constant, regardless of which esti-

mate is false [51].
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2.2.3.2 Models based on Parameters

This type of algorithm is the most commonly used and extensively re-

searched algorithm. Also known as Classification Algorithms, they refer

to the processes of multisource grouping data into classified data sets.

A multidimensional feature space is first partitioned into distinct classes.

Then, the location of a new coming feature vector is compared with pre-

classified areas in the feature space, such that one can identify which

data class the unique feature attributes. The classification techniques can

be grouped into parametric approaches, and non-parametric ones [52].

Parametric templates and clustering algorithms are examples of metric

classification methods [53]. For example, the clustering technique at-

tempts to segment a given data set into groups based on defined at-

tributes using a training procedure so that the data in each subset have

common characteristics.

It’s been used successfully in data mining, machine learning, pattern

recognition, and bioinformatics [54]. Non-parametric classification algo-

rithms, unlike parametric approaches, are not restricted by preexisting

assumptions about the distribution of input data. In this category we can

also include Self-learning Decision Trees, Artificial Neural Networks (ANN)

[55] and Support Vector Machines (SVM). For example, Vapnik et al. [56]

proposed Support Vector Machines for the first time in 1995.

2.2.3.2.1 Convolutional Neural Networks (CNNs) Inside Machine Learn-

ing, Artificial Neural networks are a subset. Furthermore, they are at

the heart of deep learning algorithms. They hold node layers that always

contain an input layer and an output layer and usually hidden layers be-

tween them. Each node unites to another and has an associated thresh-

old and weight. If the output of any single node is beyond the stipulated

threshold value, that node is activated and sends data to the following

layer of the network.
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Otherwise, no data is transferred along to the next layer of the network.

Besides the various types of neural nets, they are used for different use

cases and data types. Recurrent neural networks, for example, are of-

ten used for Natural Language Processing and speech recognition, but

Convolutional Neural Networks (CNNs) are more commonly employed for

classification and computer vision applications.

Figure 2.3: Overview of a Convolutional Neural Network. Reprinted from
[3]. Copyright 2016. With permission of KDnuggets.

Before CNNs, feature extraction approaches that were laborious and time-

consuming were employed to detect objects in images. However, they can

be computationally demanding, necessitating the use of graphics process-

ing units to train models. On the other hand, convolutional neural net-

works now give a more scalable solution to image classification and object

recognition tasks or to find patterns inside an image.

Convolutional neural networks differ from other neural networks because

they function better with the picture, speech, or audio signal inputs. They

have three significant layers: the convolutional layer, pooling layer, and

fully connected layer. A convolutional network’s first layer is the convolu-

tional layer. Earlier layers concentrate on superficial elements like colours

and borders. While other convolutional or pooling layers can follow con-

volutional layers, the last layer is the fully connected layer.
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Convolutional Layer The convolutional layer is the fundamental building

block of a CNN and is where most processing occurs late. It necessitates a

few components, including input data, a filter, and a feature map. Assume

that the input is a colour image composed of a 3D pixel matrix, i.e. the

input data will have three dimensions: height, width, and depth, which

match the RGB colour space of an image. We also have a feature detector,

sometimes known as a kernel or a filter, which will traverse through the

image’s receptive fields, checking for the feature’s presence, referred to as

a convolution.

Figure 2.4: Overview of a Convolutional Layer. Reprinted from [4]. Copy-
right 2018. With permission of ACM.

The feature detector is a two-dimensional (2-D) weighted array that rep-

resents a portion of the image. While the size of the filter might vary, it

is commonly a 3x3 matrix; this also affects the size of the receptive field.

The filter is then applied to a portion of the image. Then, the dot product

between the input pixels and the filter is computed. This dot product is

then crammed into an array of outputs. The filter then shifts by a stride

and repeats the operation until the kernel has swept across the entire

image. A feature map, activation map, or convolved feature is the ulti-

mate output of a sequence of dot products from the input and filter. As

shown in Figure 2.4, each output value in the feature map does not have

to correspond to each pixel value in the input image.
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It simply has to connect to the receptive field where the filter is being

applied. Convolutional (and pooling) layers are typically referred to as

“partially connected” layers because the output array does not require to

map directly to each input value. This property, however, can also be

referred to as a local connection. A CNN adds a Rectified Linear Unit

(ReLU) adjustment to the feature map after each convolution operation,

introducing nonlinearity to the model.

Pooling Layer Pooling layers, also known as downsampling, reduce the

input parameters by performing dimensionality reduction. Like the convo-

lutional layer, the pooling process sweeps a filter across the entire input,

but this filter does not have any weights. Instead, the kernel applies an

aggregation function on the receptive field values, creating the output ar-

ray. Pooling layers can be classified into two types:

Max pooling. The filter selects the pixel with the highest value to

transmit to the output array as it advances over the input. As an

aside, this method is more commonly employed than average pooling.

Average pooling. The filter determines the average value inside the

receptive field to send to the output array as it advances across the

input.

While the pooling layer loses a lot of information, it also has several ad-

vantages for CNN. They aid in the reduction of complexity, the enhance-

ment of efficiency, and the reduction of the risk of overfitting.

Fully Connected Layer The Fully Connected (FC) layer’s name accurately

depicts its function. As previously stated, in partially linked layers, the

pixel values of the input image are not directly connected to the output

layer.
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On the other hand, in the fully connected layer, each node in the output

layer connects straight to a node in the previous layer. This layer per-

forms categorisation based on the features retrieved by the earlier layers

and their various filters. While convolutional and pooling layers typically

utilise ReLu functions to classify inputs, FC layers typically use a softmax

activation function to return a probability ranging from 0 to 1.

2.2.3.2.2 Support Vector Machine (SVMs) The goal of the support vec-

tor machine technique is to find a hyperplane in N-dimensional space (N

— the number of characteristics) that categorises the data points. Many

other hyperplanes could be used to split the two groups of data points.

Our goal is to identify a plane with the most significant margin, i.e. the

greatest distance between data points from both classes. Maximising the

margin distance gives some reinforcement, allowing future data points to

be classified with greater certainty.

Figure 2.5: Overview of possible hyperplanes. Reprinted from [5]. Copy-
right 2019. With permission of Medium.

Hyperplanes and Support Vectors Hyperplanes are decision boundaries

that aid in the classification of data items. Diverse classes can be as-

signed to data points that lie on either side of the hyperplane.
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Furthermore, the size of the hyperplane is determined by the number of

features. When the number of input features is two, the hyperplane is

simply a line. When the number of input features gets three, the hy-

perplane transforms into a two-dimensional plane. When the number of

elements exceeds three, it becomes impossible to imagine.

Support vectors are data points more adjacent to the hyperplane and in-

fluence the hyperplane’s position and direction. Using these support vec-

tors, we maximise the classifier’s margin. The part of the hyperplane will

change if the support vectors are removed. These are the points that will

support us in developing our SVM.

Large Margin Intuition In logistic regression, we use the sigmoid func-

tion to squash the output of the linear function inside the range of [0,1].

In SVM, we use the result of the linear process and identify it with one

class if it is more significant than one and another category if it is less

than 1. If the squashed value is more critical than a threshold value (0.5),

it is labelled 1, and else it is labelled 0. Because the threshold values in

SVM are modified to 1 and -1, we get this reinforcing range of values

([-1,1]) that works as a margin.

Cost Function and Gradient Updates In the SVM algorithm, we want to

maximise the margin between the data points and the hyperplane. Hinge

Loss, shown in Equation 2.1, is a loss function that aids in margin max-

imisation.

c(x, y, f(x))) =

⎧⎪⎨
⎪⎩
0 if y · f(x) ≥ 1

1− y · f(x) else
(2.1)
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If the projected and actual values have the same sign, the cost is zero.

If they aren’t, we compute the loss value. In addition, we add a regulari-

sation parameter to the cost function. The regularisation parameter’s goal

is to balance margin maximisation and loss. The cost functions look like

this after adding the regularisation option.

minwλ ‖w‖2 +
i=1∑
n

(1− yi 〈xi, w〉)+ (2.2)

Now that we know the loss function, we can find the gradients by taking

partial derivatives. We can update our weights using the gradients.

δ

δwk

λ ‖w‖2 = 2λwk (2.3)

δ

δwk

(1− yi 〈xi, w〉)+ =

⎧⎪⎨
⎪⎩
0 if yi 〈xi, w〉 ≥ 1

−yixik else
(2.4)

When there is no misclassification, when our model correctly predicts the

class of our data point, we merely need to update the gradient from the

regularisation parameter.

w = w − α · (2λw) (2.5)

When there is a misclassification, i.e our model make a mistake on the

prediction of the class of our data point, we include the loss along with

the regularization parameter to perform gradient update.

w = w + α · (yi · xi − 2λw) (2.6)
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2.2.3.3 Models based on Cognition Model

Bayesian inference and Dempster–Shafer Evidence Theory are two com-

mon cognition-model-based or inference methods, each with its own set

of benefits and drawbacks.

When complete probabilistic information is available, Bayesian-based ap-

proaches may produce the best outcomes. Most fusion difficulties can be

addressed quickly by Bayesian inference, but Dempster–Shafer reasoning

makes the absence of knowledge about a proposition’s probability promi-

nent and can also address other problems that probability theory cannot

[57].

1. Bayesian Inference. Bayesian filters use a recursive predict-update

process to give probabilistic estimate methods. With the premise that

the system state xk has Markov qualities, the current state xk is only

dependent on the initial state xk−1, and the sensory measurement is

only reliant on the system’s current state. The likelihood of the sys-

tem state is expressed as p(xk|u0:k−1, y1:k), where u0:k−1 is the system

command and y1:k is the sensory measurement and is a conditional

posterior probability distribution function based on a set of received

sensory data. The system model is utilized to forecast future condi-

tions. The received measurements are then processed to update the

state using Bayes’ rule [58].

2. Particle Filter. Particle Filters are a modern sequential Monte Carlo

Bayesian approach that uses point masses to describe the poste-

rior probability density. Particle Filters are more efficient than grid-

based approaches because they focus resources on regions of the

state space with a high likelihood. The capacity to express various

probability densities even in non-Gaussian and nonlinear dynamic

systems is the main advantage of Particle Filters. The Sequential Im-
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portance Sampling algorithm is a Monte Carlo approach that serves

as the foundation for the majority of particle filters, including sam-

pling importance and resampling (SIR), auxiliary SIR (ASIR), regular-

ized particle filter (RPF), and likelihood particle filters [59]. The basic

idea behind PF is to represent the expected posterior density func-

tion by a set of random samples with associated weights and later

compute estimates using these samples and weights. The two vital

operational stages in PF are importance sampling and resampling.

3. Dempster–Shafer Evidence Theory. The work of Dempster in 1968

[60] and Shafer in 1976 [61] is credited with giving rise to the Dempster-

Shafer evidence theory. The Dempster–Shafer Evidence Theory is founded

on two ideas. The first one is deriving degrees of belief for one is-

sue from subjective probability for a related topic, and the second

one applying Dempster’s rule to combine such degrees of confidence

when they are based on independent pieces of evidence. The evidence

theory is based on a discerning frame Θ, which contains a finite

number of mutually exclusive propositions known as focal elements.

The power set of Θ, 2Θ, is the set of all subsets of Θ, including the

null set and Θ. Usually, this technique is used, besides with other

algorithms, to increase the accuracy of the decision.

2.3 Multi-sensor Monitoring Technology

2.3.1 Additive Manufacturing (AM) Monitoring System

Additive manufacturing (AM) is a revolutionary approach to industrial man-

ufacturing that produces lighter, more substantial parts and systems. AM

technologies, including 3D printing, have advanced significantly in the last

decade.
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The most recent trend has been the rapid spread of AM technologies’ ap-

plication from specific industrial tasks and research laboratories to broad

aspects of our daily lives. In comparison to subtractive manufacturing,

AM is a highly competitive, low-cost, high-manufacturing-freedom technol-

ogy [62, 63, 64]. AM technology has numerous benefits, including reduc-

ing production time, creating complex, customizable components, repairing

various mechanical parts, and fabricating free-form components [65, 66].

Despite the advantages described above, AM technology remains an outlier

for two reasons: quality and repeatability. AM’s defect rate remains high

when compared to traditional manufacturing systems. AM processes are

classified into seven categories according to ASTM standard F2792-12a:

binder jetting, material jetting, material extrusion, sheet lamination, vat

photopolymerization, directed energy deposition (DED), and powder bed

fusion (PBF) [67].

The in situ data measuring equipment and mainstream sensors in AM

process monitoring systems are classified as noncontact temperature mea-

surements, visible imaging, and low-coherence interferometric imaging. Be-

sides, sensor installation methods can be classified as off-axial, when sen-

sors are installed with a deflection angle relative to the monitored region

outside the optical path, and coaxial, when sensors can conveniently mon-

itor the power source’s optical path.

Figure 2.6: Schematic of the multi-sensor monitoring system. Reprinted
from [6], Copyright 2010. With permission from Elsevier.
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In Figure 2.6, we have an example of an experimental setup of the multi-

sensor monitoring system by Craeghs et al. 2010 [6]. The laser source (B)

is deflected towards a Galvano scanner with a focusing lens (A) by a semi-

reflective mirror (C). The radiation from the melt pool is directed towards

a beamsplitter (E), which separates the radiation and runs it towards a

planar photodiode (F) and a high-speed CMOS camera (G). Furthermore,

every exiting radiation from the semi-reflective mirror (C) and beamsplitter

(E) is directed towards an optical filter (D).

The high-speed CMOS camera is not a proper thermal camera, and it only

produces an 8-bit grey value image. Nonetheless, the camera’s grey values

can be related to temperature and deduced to the correlation between the

melt temperature of the used material and a so-called melt grey value.

Images of the melt pool were captured while scanning a single scan track

on a base plate with a single powder layer. The photodiode signal rep-

resents the melt pool area. During the authors’ research, they built a

controller based on the photodiode signal to give the laser power feed-

back. Furthermore, they demonstrate that the photodiode signal is almost

insensitive to temperature fluctuations in the melt but very sensitive to

changes in the melt pool size by deriving Planck’s law to temperature

wavelengths in the considered bandwidth.

One interesting AM process category related to our work is the directed

energy deposition (DED), metal-based. This process melts materials dur-

ing deposition to create 3D components. DED processes are classified into

wire feeding and powder feeding based on the material delivery mecha-

nism. The DED process is designed to produce functional metal parts.

The DED AM system’s energy input can be provided by an electric arc or

a high-powered laser, and its deposition material can be powder or wire.
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Because the DED process is run in an open-loop environment, it has

drawbacks in production losses and reproducibility. As a result, to im-

prove the DED system’s performance, the process optical monitoring sys-

tem is being investigated and used to control manufacturing promptly,

ensuring high-quality final components [35].

Figure 2.7: Experimental setup for thermal monitoring applied to LMD.
Reprinted from [7], Copyright 2019. With permission of Springer.

Chabot et al. 2019 [7] proposed a new multi-sensor methodology for mon-

itoring at least two DED processes. As shown in figures 2.7 and 2.8, the

investigation was primarily focused on the closed loops of thermal and

geometrical control, respectively. Chabot et al. 2019 installed an infrared

camera in the laser metal deposition (LMD) manufacturing and the wire

arc additive manufacturing (WAAM) units for global thermal imaging dur-

ing the manufacturing process. For the LMD and WAAM setups, the dis-

tance between the deposition area and the infrared camera was 500 mm

and 1300 mm, respectively. The distance between the deposition area

and the infrared camera helped to protect the camera from damage in the

complex processing environment and, in the end, to obtain a wide enough

imaging area of the manufactured parts.
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Figure 2.8: Experimental setup for thermal monitoring applied to WAAM.
Reprinted from [7], Copyright 2019. With permission of Springer.

The authors calibrate the thermal imaging camera used for thermography

measurements. In terms of converting red, green, and blue (RGB) to tem-

perature and based on the emissivity value, the camera provided a value

proportional to the objects’ temperature. In the experimental proposed

setup, we found an infrared camera to collect in-situ thermal data, as

shown in Figure 2.9(a). The high-temperature zone (HTZ) is highlighted in

black in Figure 2.9(b). Because the liquid phase transition caused a local

drop-in emissivity, the melt pool location’s temperature was significantly

lower than expected. The HTZ is shown in figure 7(b) to be following the

torch path.

Figure 2.9: In situ thermal acquisitions during LMD manufacturing of wall
B. a Thermal field. b Illustration of the HTZ. Reprinted from [7], Copyright
2019. With permission of Springer.
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Most experimental monitoring systems in the literature use optical filters

and an infrared, near-infrared or forward-looking infrared camera. More-

over, the main goal is to observe the molten pool, as seen in previous

experimental setups. Vandone et al. 2018 [68] monitor the melting pool

with a forward-looking infrared (FLIR) camera, and also they make use

of a 3D scanner to obtain offline measurements like 3D mesh that rep-

resents the surface of the part being constructed. Thanks to the Prima

Power LASERDYNE® 430 3-axis machine [69] can also obtain online en-

gine tracing measurements, such as laser location, laser power, and mov-

ing velocity. This type of measurement includes the thermal measure-

ments and features of the molten pool extracted from the infrared images.

In the robotic gas tungsten-arc (GTA) based AM processes, we found that

the camera sensor monitors the current layer and tungsten tip, as Xiong

et al. 2019 propose in two different monitoring systems. The first one [8]

observes the current layer and tungsten tip, distinguishing after several

filters the molten pool, as we can see in Figure 2.10. In the second one

[70], they calculate the edge of the layer for measuring the tungsten to

top layer distance (TTLD) extracted from the captured image.

Hossain et al. 2018 [71] propose a part-positioning technology based on

infrared images successfully developed for the EBM manufacturing system

to minimize position error for stop-and-go fabrication. In this monitoring

system, the infrared images are binarized to calculate the centroid location

and displacement. Finally, they use the analysis algorithms to detect the

part edge and calculate the angular displacement.
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Figure 2.10: Captured image in the robotic GTA-based AM system.
Reprinted from [8], Copyright 2019. With permission from Elsevier.

2.3.2 Laser Welding System

Laser welding forms a weld with a laser beam to join metals or thermo-

plastics. Because laser welding produces such a concentrated heat source,

it can be performed at high welding speeds of metres per minute in thin

materials and narrow, deep welds between square-edged parts in thicker

materials. Laser welding can be divided into two types: conduction lim-

ited welding and keyhole welding. The beam’s power density determines

how the laser beam interacts with the welded material as it strikes the

workpiece. From these interactions, various process characteristic signals

are produced, such as airborne and structure-borne acoustic emissions,

laser beam back reflection from the interaction zone, and process emis-

sions emitted by the metal vapour in and above the keyhole, the molten

pool, and the base metal.

De Bono et al. [9] investigated optical-based signals associated with these

process emissions in the first monitoring approach. Photodiodes, sensing

visible and near-infrared (NIR) emissions, helped monitor laser-induced

radiative emissions from the laser interaction zone.

38



Bibliographic Synthesis and Theoretical Background

Figure 2.11: Image of the equipment setup, comprising the welding head,
the IDM and the four photodiodes. Reprinted from [9]. CreativeCommons
by 4.0.

Photodiodes have the advantage of being inexpensive, detecting process

emissions across a wide wavelength range from ultraviolet (UV) to infrared

(IR), and are suitable for industrial manufacturing environments. Besides,

keyhole depth is measured with a new investigated commercially available

process monitoring approach based on laser interferometry. The multi-

sensor monitoring system proposed, in Figure 2.11, integrated four dif-

ferent photodiodes with a different narrow bandpass filter, a water-cooled

Ophir power meter to measure before welding the laser power at the work-

piece in-process depth meter (IDM) system to acquire keyhole depth data.

Correlations between these signals and various types of weld disconti-

nuities, such as incomplete penetration and porosity, were investigated.

When a joint gap between two adjacent workpieces occurred, the average

photodiode signal value decreased, while the noise increased due to the

beam’s interaction with the welding jig underneath the joint. Again, this

type of signal change could infer unacceptably significant common gaps.
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Installing process monitoring equipment in the laser welding system is

critical for increasing productivity and ensuring stability. Light emission,

stress waves, and optical imaging can all be seen during the welding pro-

cess. Several sensors are integrated as an entire system in the process

monitoring system to measure more processing features [72]. As an ex-

ample, Zhang et al. [73] used the contact probe to measure the voltage

of plasma, measuring the charge intensity and analyze the plasma’s be-

haviour. Also, Olsson et al. [74] use reflected light (R), thermal radiation

(T) and plasma radiation (P) sensors to monitor the electromagnetic ra-

diation from the laser welding process and measure the weld pool, the

backscattered laser, and the light of the plasma. Besides, Park et al.

[75, 76] measured the experimental parameters with photodiodes and in-

vestigated the relationships between plasma signals and welding quality.

Furthermore, Sibillano et al. [77] analyzed the plasma’s spectra under

aluminium laser welding. Finally, to control the weld penetration, Jau-

regui et al. [78] utilized four photodiodes for detection during the laser

welding processes.

Yu et al. [10] developed a multi-sensor monitoring system for measuring

the plasma signals to monitor laser welding processes. Spectral data ana-

lyzed the plasma emission properties of the aluminium alloy and the laser.

Furthermore, using experiments, the relationship between the monitoring

signals and the process parameters was established, and prediction algo-

rithms were trained with the monitoring signals to predict welding quality.

Finally, with the pattern recognition algorithm within a neural network

model, tensile strength is expected.

Figure 2.12 depicts the experimental laser welding devices that use the

filler wire provided in front of the laser’s axis direction of travel. It is reg-

ularly necessary to track and control weld penetration during the welding

process to enhance the quality of welded parts.
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Tracking the weld penetration is problematic because it cannot be dis-

cerned directly from the connectable, movable frontside sensors. As a

result, since frontside sensors can now calculate signals that inherently

correspond to weld penetration, several researchers have found this to be

an appealing project.

Figure 2.12: Photo of the experimental setup for the laser welding and
monitoring system. Reprinted from [10]. Copyright 2016. With permission
of Springer.

Zhang et al. [79] designed the 3D vision sensing system and demon-

strated it in the gas tungsten arc welding (GTAW) system to measure the

3D specular welding pool spectrally. This type of system can measure the

welding pool surface with weld penetration. This approach is considered

promising since professional welders can effectively estimate and monitor

weld penetration based on welding pool observations, mainly 3D charac-

ters. Some frontside signals were included as features, e.g. the welding

pool’s length or width, to enhance the prediction of the bead width.
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As a result, it shows that the critical problem is how to create an effective

model from a small amount of training data, given the relatively high

cost of producing training data. Furthermore, the aim of improving the

accuracy of the bead width prediction is also overwhelmed by Liang et al.

[80] in their work. They proposed more nonlinear modelling methodologies

to overcome the limitation of the large amounts of training data required

for experiments. Therefore, a support vector model was proposed, using

kernel functions and effectively reducing the experimental results.

Today, laser welding is a significant source of multi-sensor technology.

For the observation of welding processes and analysis of soldering speed

and the laser density effect on welding formation, Wang et al.[81] used x-

ray transmission imaging equipment and high-speed camera sensors. Fur-

thermore, Gao et al. [82] studied with an optical filter and photodiode the

effects of welding velocity on high-frequency signals and the relationship

with the high frequency. With these sensors, laser reflection and visible

light radiation were acquired during the welding process.

You et al. [11] used various sensing methods in the laser welding proce-

dures, quantifying different physical and optical properties to analyze laser

welding defects systematically. They predicted the welding condition in the

timely monitoring of high-power laser welding by extracting and analyzing

the features from six imaging sensors. The plume images are captured

by a high-speed camera sensor in the visible and ultraviolet wavelength

bands during the laser welding. Also, the molten photos were captured

using an x-ray imaging device and a NIR wavelength band. A visible light

photodiode and laser sensing photodiode measure the laser-reflected in-

tensity and visible light intensity. Furthermore, by collecting optical sig-

nals from various laser welding settings, the associations between welding

conditions and welding features were investigated. The recognition model

developed is depicted in Figure 2.13.
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We can observe a multi-sensor device that comprises an x-ray visual imag-

ing sensor, an ultraviolet/visible (UVV) visual sensor, a visible light pho-

toelectric sensor, a spectral graph, a laser reflective photoelectric sensor,

and an auxiliary illumination visual sensor for timely detection and anal-

ysis during laser welding. While the trigger sensor mounted beneath the

table and linked to the signal box will synchronize the multi-sensing and

welding systems by supplying a trigger signal to the sensing and laser

machining systems.

Figure 2.13: The schematic of a six-sensor monitoring system for laser
welding. Reprinted from [11]. Copyright 2015. With permission from El-
sevier.

Furthermore, photographs of metal spatter and plumes can be acquired

using a high-speed camera sensor and a visual induction filter, allowing

the characteristics of metal spatter and plumes to be analyzed. By con-

necting two fibres to the laser head, the welding areas’ light intensity can

be transmitted to the optical splitter; and the two photoelectric sensors

can obtain the laser reflection intensity and light intensity.
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In Gao et al. [83] work, the six sensors produced 42 features. Also,

the penetration with weld width was obtained as welding parameters. An

association analysis was used to select the 16 main features most closely

related to the welding situation parameters. A quantitative review of the

rules governing the relationship between the welding parameters and the

main features was carried out.

The relationship between the welding features, condition, and state was

revealed through several experiments with different laser welding condi-

tions. The welds formed were produced in different shapes, such as

blowout, hump, dimple, and stabilization. Finally, they identified the

welding stat using a tree-augmented naïve (TAN) Bayesian network model

based on the key features.

In Deng et al. [84], they propose a novel multi-sensor data fusion system

for in-process defect detection in laser welding applications. The proposed

approach can collect the time series of plasma intensity, light intensity

and temperature data for feature analysis. Afterwards, they based the

multi-sensor data fusion network on a convolution neural network. Their

work demonstrated that IDDNet could achieve better multi-classification

results than the support vector machine.

2.3.3 Summary of Sensors in the Bibliographic Results

During the literature review about the several Multi-Sensor Data Fusion

Monitoring Systems, we have found three specific sensors that have been

used for different proposes due to their versatility at the moment of mea-

suring other parameters. To summarize them, we have extracted the data

obtained from them, and their advantages and disadvantages showed dur-

ing the different works by the previous researchers.
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Sensor Data Obtained Advantages Disadvantages

High-Speed CMOS Camera

• Camera’s grey values related
to temperature and deduced to
the correlation between the melt
temperature of the used material
and a so-called melt grey value.

• Plume images.
• Melt Pool images.

• High-Quality images can be obtained
for image processing.

• Not a proper thermal camera.
• Only produces an 8-bit grey

value image.

Photodiode

• Signal represents the Melt Pool Area.
• Laser reflection.
• Visible light radiation.

• Inexpensive
• Capable of detecting process emissions

across a wide wavelength range from
ultraviolet (UV) to infrared (IR).

• Suitable for industrial manufacturing
environments

• Optical Filters are needed to
obtain specific data.

Infrared, Near-Infrared or
Forward-Looking Infrared camera

• Value proportional to the objects’
temperature.

• Edge of the layer for measuring the
tungsten to top layer distance (TTLD).

• Distinguish the Molten Pool.

• It gives an imaging area of the melting
pool.

• Distance is needed to protect
the camera from damage.

• Optical Filters are needed to
obtain specific data.

Table 2.1: Data Obtained, Advantages and Disadvantages of the Sensors
in the Bibliographic Results
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Chapter 3

Study Development

This chapter first explains the joining process Refill Friction Stir Spot

Welding (RFSSW) from where we collected the data. During this expla-

nation, we will introduce the process by explaining the previous conven-

tional method. Furthermore, we will explain the stage of this process, the

microstructure properties and, finally, the potential applications. Next, we

will define each dataset parameter with the collected data from several

spots where this process has been applied. Afterwards, we will propose

models to distinguish between healthy and damaged spot welds, and we

will compare the results of those models. Based on this comparison, we

will decide which data fusion technique is the most suitable for our study,

explaining the method, the decision reasons and the implementation. Fi-

nally, we will develop multi-sensor Data Fusion (MSDF) based models,

describing the model choice, why it has been chosen, and its implemen-

tation.
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3.1 Joining Procedure

3.1.1 Introduction

Friction stir spot welding (FSSW) is a solid-state joining procedure derived

from friction stir welding (FSW); however, no linear movement of the tool

occurs during FSSW. As a result, a localised ‘spot’ weld is produced. Al-

though FSSW is a continuous process, it happens in three stages: plung-

ing, stirring, and extraction, as shown in Figure 3.1.

Figure 3.1: Schematics of conventional FSSW process: (a) rotating, (b)
plunging, (c) stirring (dwell), (d) drawing out. Reprinted from [12]. Copy-
right 2008. With permission of Taylor & Francis.

The primary industrial drivers for this technology are replacing mass-

adding fastening procedures like riveting and joining a variety of differ-

ent materials that are currently difficult to combine utilising fusion weld-

ing procedures. Despite widespread interest in the technology, industrial

adoption has been limited, owing to concerns about the small weld area

and exit hole produced. To address these difficulties, a novel method vari-

ant - Refill Friction Stir Spot Welding (RFSSW) - was patented in 1999.

[85]. RFSSW has mainly been used to join heat treatable aluminium

alloys, both with and without surface protection, such as anodised or

coated. Distinctive combinations of aluminium and other technical mate-

rials, such as magnesium, steel, titanium, copper, and carbon fibre com-

posites, have been investigated and proven successful.
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Welding of polymers and polymer composites has also been shown. RF-

SSW is a single-spot welding procedure that can replace mass-adding fas-

tening methods such as rivets and solve intricate material combinations

for fusion spot welding techniques.

Figure 3.2: Skin stiffened panel joined using Refill Friction Stir Spot Weld-
ing (RFSSW) technology. Reprinted from [13]. Copyright 2021. With per-
mission of TWI Global.

Although this technology is currently only being used for research and

development purposes, potential industrial applications for this technology

include:

Figure 3.3: Potential industrial applications for Refill Friction Stir Spot
Welding (RFSSW).
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3.1.2 Refill Friction Stir Spot Welding (RFSSW)

In 1999, researchers at Helmholtz-Zentrum Geesthacht in Germany cre-

ated and patented the RFSSW to attach two or more lightweight materials

sheets such as Aluminium (Al) alloys and Magnesium (Mg) alloys in the

lap configuration [86]. The joint is formed by plasticising and displacing

the material in a back extrusion-like process. The primary benefit of refill

FSSW is that no keyhole is left behind, and the weld is nominally flush

with the original surface.

The tool utilised in the RFSSW method, as shown in Figure 3.4, consists

of an outer stationary clamp ring, a sleeve, and an inner pin. The clamp-

ing ring’s function is to keep the workpieces firmly in contact during the

welding process and keep the sheets from lifting and separating as the

plasticised material is displaced by the pin and sleeve [87]. By employing

the same motor, the sleeve and pin can rotate in the same direction and

speed, and these components can be moved up and down independently

by utilising separate actuators.

Figure 3.4: Schematic illustration of RFSSW processes (sleeve plunge vari-
ant). Reprinted from [14]. Copyright 2011. With permission of Elsevier.

The procedure for RFSSW is more complicated than for traditional FSSW

and can be divided into two types, pin plunge version and sleeve plunge

variant, depending on which section of the tool is plunging element.
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The sleeve plunge variation is depicted schematically in Figure 3.4. The

weld cycle begins in Stage 1. The three components migrate to the top

sheet’s surface and loiter for a predetermined period to provide initial fric-

tional pre-heating. In stage 2, the sleeve is the plunging component to a

predetermined depth into the foundation material for the sleeve-plunge

variation. At the same time, the pin retracts, forming a chamber into

which the displaced material can flow. The friction on the sleeve causes

the material to heat and soften during the plunge stage. The idea is sim-

ilar in the pin plunge form, except the pin is the plunging component.

The spinning elements then return to the top sheet’s surface while spin-

ning, and the previously retracted piece consolidates the weld material by

offsetting the locations from step 2. Finally, in stage 4, the weld cycle is

completed by withdrawing the tool from the material’s surface.

3.1.3 Microstructure Properties

Figure 3.5 depicts the three primary microstructural zones found in Refill

Friction Stir spot welds. The stirred zone (SZ) is the volume of material

actively recrystallised at the weld’s centre. Two distinct zones may be

observed in this area, corresponding to the amount of material displaced

by the sleeve (SZS) and the pin (SZP ).

Figure 3.5: Cross section macrograph of Refill FSSW aluminium alloy.
Reprinted from [13]. Copyright 2021. With permission of TWI Global.

Dynamic recrystallisation does not occur because the thermo-mechanically

affected zone (TMAZ) receives minor deformation than the SZ.
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The heat-affected zone (HAZ) is distinguished by increasing grain size due

to local temperature increases. The material and processing conditions

influence the extent and microstructural nature of these zones.

3.1.4 Defects

Several defects are identified during an RFSSW joining process on the spot

welds by applying a Non-Destructive Testing (NDT). NDT is an umbrella

term for various inspection procedures that enable inspectors to analyse

and collect data about welding without permanently affecting it. After the

analysis, we can found these possible damaged types in the spot weld:

1. Lack of Mixing (LM). It is a defect where the filler material is not well

bonded to the base metal on both sides and to welds underneath

during multiple passes. If there are voids, gaps, or poor adhesion,

the joint will be structurally impaired.

2. Lack of Mixing with Flash (LMF). It is a type of defect that com-

monly occurred by extreme heat input, or high plunge depth, where

soften weld material under the tool sleeve region ejects and extrudes

in huge volumes fraction on the surface sides of the weld line in the

form of weld flash [88].
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3. Contamination (C). It is a defect where porosity and other cavities

such as wormholes and blowholes are caused by the entrapment of

gases in the weldment.

4. Incomplete Refill (IR). It is a type of defect located on the surface

of the upper sheet and is attributed to insufficient flow of the stirred

material at the refilling stage.

3.2 Data Collection

The data used during this study is a database of welds performed with

the Refill Friction Stir Spot Welding (RFSSW) joining process. The process

to obtain this data was focused on getting for every spot a specific class.

During two days, the data was collected, assigning with every spot weld a

predicted class of the above mentioned, as we can see in the Table 3.1.

As this prediction was not accurate as we needed, Nondestructive Testing

(NDT) was conducted over the weld spots. NDT and the different damage

types were explained during the Subsection 3.1.4.
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Day 1: October 13rd
Spot Number Expected Defects Classification Based on NDT

Spot 1-12 Healthy Spots 1-4: LM
Spot 13-23 Incomplete Refill (0.1mm up - pin & sleeve) OK
Spot 24-27 Lack of Mixing (0.05mm up - pin & sleeve) OK

Day 2: October 14th
Spot Number Expected Defects Classification Based on NDT
Spot 28-34 Flash + Lack of Mixing OK
Spot 34-37 Lack of Mixing and Flash (0.05mm up) OK
Spot 38-48 Healthy Spots 38-42: LM
Spot 49-58 Contamination Spot 54: H

Spot 59-70 Healthy with Sealant
Spot 60-65: C+LM

Spot 66: H
Spot 59 & 67-70: LM

Spot 71-74 Incomplete Refill with Sealant (0.1mm up) OK
Spot 75-78 Lack of Mixing (0.05mm up - pin & sleeve) OK

Table 3.1: Data Collection Process Results.

We applied Ultrasonic Non-Destructive Testing (UT) to deliver high-frequency

sound waves into a material to detect changes in its properties among the

different NDT techniques. UT, in general, employs sound waves to dis-

cover flaws or irregularities on the surface of a material. The pulse-echo

technique is one of the most prevalent Ultrasonic Testing procedures.

NDT Class
Healthy LM/LMF IR C/C+LM

Healthy 15 14 0 6
LM/LMF 0 14 0 4

IR 0 0 15 0
Predicted Class

C/C+LM 1 1 0 8

NDT Class
Healthy LM/LMF IR C/C+LM

Healthy 43% 40% 0% 17%
LM/LMF 0% 78% 0% 22%

IR 0% 0% 100% 0%
Predicted Class

C/C+LM 10% 10% 0% 80%

Table 3.2: Data Collection Confusion Matrix between Predicted Class and
NDT Class.
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As we can see in Table 3.2, we perceive the difficulties in predicting and

obtaining healthy classes for this joining process, where from 35 Healthy

expected classes, we finally get 16 healthy spot welds. On the other hand,

we successfully predict more than 75% of the spot welds for the defects

classes. From 18 initial Lack of Mixing and Lack of Mixing with Flash

predicted spot welds, we finally obtained 29 spot welds. From 15 Incom-

plete Refill predicted spot welds, we get precisely 15 spot welds. And from

10 Contamination and Contamination with Lack of Mixing expected spot

welds, we obtain finally 18 spot welds.

3.3 Data Understanding

For every weld data in the database, we will find different signals rep-

resenting physical information related to each of the components of the

RFSSW mechanism (pin, sleeve and clamp) that we saw during the previ-

ous section in Figure 3.4 and the spindle, one rotating axis of the joining

machine. Thus, we will have the speed, the current, the stroke, and the

offset for each component.

Relevant Process Data Unit
Factor On Delivery

(M-Scope) Parameter Name

Spindle Motor Speed [1/min] 1 RPS100:1:RPS100/.QVW_650_AKT_SPEED
Spindle active current 100%
Servo controller rate current = In
AC 24 A (at 3x400 V grid)

[1000=100%] 1 RPS100:1:RPS100/.QVW_650_AKT_CURRENT

Sleeve Motor Speed [1/min] 1 RPS100:1:RPS100/.QVW_670_AKT_SPEED
Sleeve active current 100%
Servo controller rate current = In
AC 4 A (at 3x400 V grid)

[1000=100%] 1 RPS100:1:RPS100/.QVW_670_AKT_CURRENT

Sleeve Stroke [mm] 1000 RPS100:1:RPS100/.QVR_670_ISTPOS_mm
Sleeve Offset [mm] 1000 RPS100:1:HWHCAN02/.GR_670_Sleve_F_Offset
Pin Motor Speed [1/min] 1 RPS100:1:RPS100/.QVW_660_AKT_SPEED
Pin active current 100%
Servo controller rate current = In
AC 4 A (at 3x400 V grid)

[1000=100%] 1 RPS100:1:RPS100/.QVW_660_AKT_CURRENT

Pin Stroke [mm] 1000 RPS100:1:RPS100/.QVR_660_ISTPOS_mm
Pin Offset [mm] 1000 RPS100:1:HWHCAN02/.GR_660_Pin_F_Offset
Clamp Offset [mm] 1000 RPS100:1:HWHCAN02/.GR_630_Clamp_F_Offset

Table 3.3: Correspondence between Sensors and what each sensor mea-
sures during the Refill Friction Stir Spot Welding (RFSSW).
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Specifically, we will only have the speed and current for the spindle as it

is a rotating axis, and we will only have the offset for the clamp. As we

can see in Table 3.3, we have all these parameters explained. As we said

before, we found that the information related to the speed, current and

stroke for each spot represented by a signal, but not all the information

is a signal. In the case of the Offsets, we found a static value during all

the data collection processes, while for the other values, we can recognise

when the process is taken place. Furthermore, the offsets values are the

same above all the spot welds, so this data would not be helpful for our

study. Besides, with every spot weld, we have assigned a class of the spot

weld above the different states mentioned in the previous section.

3.4 Data Preparation

As the data acquisition was manual, the data length for each weld is

different, as is the time when the joining process occurs. That’s why we

can find two dissimilar welds with different distances and different joining

process start times in the data. Therefore, a data correction process is

performed to crop all the information to the same size extracting the exact

joining process moment.

After analysing all the parameters, the stroke is the best parameter to de-

tect the beginning of the RFSSW process from the different physical data,

as it represents the millimetres that the component has been plunged. As

the pin is the component that is plunged the last one, we will take the

pin stroke as our referral information. We decided to select a threshold of

0.98. When this threshold is reached, the position of this point is taken as

the reference. We choose the 1024 prior measures and the 1023 posterior

measures. This range will give us a length power of two, which would be

helpful for the various approaches that can be taken during the study. In

Appendix A, there is a visual example of this process.
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The variables measured at different scales do not contribute equally to the

model fitting and model learned function and might create a bias. Thus,

feature-wise normalisation such as MinMax Scaling is usually used before

model fit to deal with this potential problem. By doing so, all features are

transformed into the range [0, 1], i.e. the minimum and maximum value

of a feature/variable will be 0 and 1, respectively.

When training the SVM, we cannot use the raw matrices generated during

this process. Instead, we need to dimensionality reduct the data to a 1-

dimensional vector. Looking into the numpy Python package, we found the

function reshape. This function gives a new shape to an array without

changing its data. So, for our case, we will convert the matrices into a

one-dimensional array of 16384 length, the matrices shape product.

3.5 Multi-Sensor Data Fusion Technique

In the first section of Chapter 2, data fusion techniques aim to combine

data from different sources, in our case sensors, to obtain information

with better quality and information that can help us get profound knowl-

edge. Considering our data, we want to detect the damaged spot welds

with the same sensor’s data. In our study, model-based methods are not

suitable due to the complexity of the data, as our input data is compound

by several source sensors represented as signals, so that a data fusion

method would be more appropriate. Also, as our main study goal is to

detect damaged spot welds, inference or an estimation method is unsuit-

able. For that reason, a based on classification algorithms will be more

appropriate. The literature review found that one of the most used data

fusion techniques to achieve this goal was the Support Vector Machine

(SVM) model [11, 80]. This model generally relies largely on heuristic

hand-crafted data fusion and feature extraction that requires substantial

subject knowledge.
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These approaches can only extract low-level features from raw data with-

out hand-crafted data fusion and feature extraction, resulting in poor de-

fect identification and classification accuracy. Convolution neural network

(CNN) as a deep learning method, unlike classic ML methods, does not re-

quire extensive domain knowledge for data fusion and feature extraction.

Instead, using a massive quantity of training data and the stochastic gra-

dient descent algorithm, CNN can automatically learn how to execute data

fusion and high-level feature extraction. As a result, CNN is chosen for

the suggested multi-sensor data fusion and high-level feature extraction to

detect damaged spot welds.

Furthermore, in Deng et al. [84] work, they prove that the CNN performs

better than an SVM in matters of Multiclass Classification. Taking their

work as our beginning point, we will compare a traditional model, such as

SVM, and a novel model, such as CNN, to prove that the novel solution

performs better in a binary classification task for this type of data than a

traditional model. The selection of these two models is made based on the

work by Deng et al. [84] and the renown of both models in the Artificial

Intelligence literature.

In CNNs, the data fusion technique is in the convolution layer compu-

tation. During the convolution, the input data is dimensionality reduced

to create new features. For example, if we have as entry input a 2048x8

matrix, in the next convolution layer, the matrix is reduced in 1024x4 size.

Our input data is based on eight sensors data streams of 2048 length.

We have four combined data streams creating a joint representation in

the successive convolution. In SVMs, the data fusion technique is the

reduction to an N-dimensional space before the hyperplane search. So,

the model will transform our input sensors data to an N-dimension vec-

tor to enhance the learning process and reduce the memory requirements,

which combines all the sensors data to obtain a common representation.
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This section will first classify the data fusion technology that will be used

by using the theoretical background. Finally, we explain and detail the

designed monitoring method for this problem and the model integrated.

3.5.1 Multi-Sensor Data Fusion Technology

In Section 2.2, we explained the hierarchy and the different techniques

classification over the Data Fusion Technologies. Focusing on the data

fusion hierarchy, the information fusion level represented would be the

Feature Layer Fusion. In the study, we are extracting from the spot welds

sensors signals the feature information. This feature information is used

afterwards to perform our study main classification task. In the CNNs,

the feature information extraction is performed in the convolutional lay-

ers. Meanwhile, in the SVMs, it is done before the hyperplane search to

enhance the performance. Focusing on the data fusion technique, we will

classify the employed method in this study based on fusion type, sensor

configuration, input/output characteristics, abstractions levels, JDL Data

Fusion Classification and architecture type.

Fusion Type. Based on the fused aspect of the system, we can clas-

sify the used technique as a fusion across attributes. The informa-

tion extracted from the sensors is correlated to the same experimen-

tal situation. In our study, the experimental situation is the RFSSW

joining process, and the attributes measured by the different sensors

are the speed, current and stroke of the three various components

in this joining process (pin, sleeve and spindle).

Sensor Configuration. Based on the sensor configuration, we can

classify the used technique as a complementary configuration. The

source sensors help us extract the big picture of the RFSSW joining

process to classify the spot weld better.

58



Study Development

Input/Output Characteristics. Based on its common input/output

characteristics, we can classify the used technique as a FEature In-

DEcision Out (FEI-DEO). As we explained in the definition of this

category, the system receives a collection of features as input and

outputs a set of decisions. Our study extracts information from sev-

eral sensors, and we use it to classify the RFSSW joining process

measured by those sensors.

Abstractions Levels. Based on abstraction levels, we can classify the

used technique as a signal level, as we are using the signals directly

from the sensors. Furthermore, we can classify it as a characteris-

tic level, as in the models, we extract features from those signals.

Besides, we can classify our used technique based on another ab-

straction level. In this case, our system is classified as a low-level

fusion and medium level fusion. Again, as the input are signals and

we operate with features extracted from the signals to categorise, we

can distinguish our technique as these two.

JDL Data Fusion Classification. Our technique can be classified as

high-level fusion as our output is a high-level abstraction of the data,

i.e. if the RFSSW joining process measured is damaged or not. This

classification is more like a framework to identify two categories, low-

level fusion and high-level fusion. Over this framework, our study

covers from level 0 to level 3, where we do not apply level 4 related

to the process refinement.

Architecture Type. Based on architecture, we can classify the used

technique as a decentralised architecture. As we will see in the mon-

itoring system, our input is directly the sensors signals from the RF-

SSW joining process. So, the node in charge of the source sensors

information extraction is out of our monitoring system.
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3.5.2 Multi-Sensor Data Fusion Monitoring System

In Figure 3.6, we can found the proposed Monitoring System for this prob-

lem. We will define two steps or stages for our monitoring system. The

first stage is called the learning step, where we will train the multi-sensor

data fusion based models, i.e. the SVM and the CNN both explained dur-

ing the Subsection 2.2.3. In this part, we can observe different remarked

steps by numbers.

In step 1, we decide which model we are going to train. During the

data collection part, we cannot selectively obtain healthy and damaged

spot welds as we want, e.g. we can face situations where we only get

healthy spot welds. As the Convolutional Neural Network needs from both

examples of spots, healthy and damaged ones, we cannot train the model

without the damaged ones. In OCC-SVM, we only need healthy spots

for the training. This OCC-SVM characteristic would be explained during

the Chapter 4. Furthermore, depending on which model is trained, we

can find an intermediate step. Before OCC-SVM training, we perform the

dimensionality reduction explained during Section 3.4. And before CNN

training, we divide the dataset into two subsets. This split process is

defined during Section 4.1 as it is a specific procedure to solve a problem

related to Artificial Neural Networks.

This study is focused on the first step of the monitoring system, where we

train the models and explain and give a solution to the problems that can

appear during this process. The second stage is called the follow-up step,

where we will use the trained models to classify the new weld spots. In

both steps, we will find the same actions or tasks. These tasks have been

explained during this chapter, the data correction and feature extraction

are described in Section 3.4 and the MSDF Based-Models are presented

in Subsection 2.2.3 as we said before. In step 4, we will classify the spot

weld with the trained model on the previous stage.
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Figure 3.6: Flowchart of the monitoring method developed in this study.
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3.6 Model’s Implementation

As we explained in previous sections, our study goal is damage detection

over the spot welds data. As we explained in previous sections, we will

apply data fusion techniques by using a CNN model and an SVM model

for this task. Our initial study framework would be the work made by

Deng et al. [84]. In their work, they conclude that CNNs can achieve

better multi-classification results than the SVMs. In our study, as we do

not have a multi-classification problem, we will demonstrate that also in

binary classification, CNNs can achieve better results than the SVMs.

For the SVM model, we will use the One-Class SVM model provided by

the python package Scikit Learn. This model is specific for unsupervised

outlier detection. It estimates the support of a high-dimensional distribu-

tion. The model’s implementation is based on libsvm. In the next chapter,

we explain why we use this specific version of the SVM model and its

benefits for our study.

Figure 3.7: The architecture of Fully Convolutional Network.
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For the CNN, we started using the IDDNet by Deng et al. [84] as our

initial network. In the IDDNet, we found three convolutional layers, a

fully connected layer and a softmax function. In their work, they do not

add any Pooling layer to the convolutional layers. In our case, without the

Pooling layer, we will not apply an accurate data fusion technique. So, our

first change would be the addition of Pooling layers to each convolutional

layer. This model would be our first version. In Figure 3.7, we found a

representation of this version.

After several validations with the dataset, the results on the classifica-

tion task over the spot welds are not as good as we expected. There

is a dimensionality reduction in the convolution, and the output data is

more accessible to process than the input one. The layers after the fully

connected one are the critical part of the data classification in these net-

works. At the end of the architecture, the fully connected layers would

have a crucial factor, as we said in classifying the data. For this reason,

we decided to increment the number of fully connected layers by adding

new two layers, being the final version of the Fully Convolutional Network

that we will use during our study, shown in Figure 3.8.

Figure 3.8: The architecture of Fully Convolutional Network.
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Chapter 4

Results and Discussions

This chapter starts analyzing the data, explaining the features and expos-

ing the problems we encountered during the training process. Then, we

present the methods used for the model’s calibration and validation, and

we justify the chosen version for the Convolutional Neural Network thanks

to the validation method proposed. Finally, we explain the best perform-

ing models showing the metrics and describing the assumptions above the

models.

4.1 Data Analysis

As we outlined in the previous chapter, the data collection was manual,

and it was done trying to obtain healthy spot welds and damaged ones.

From these damaged spot welds, we distinguish between 5 types of dam-

age: Lack of Mixing, Lack of Mixing with Flash, Incomplete Refill, Con-

tamination and Contamination with Lack of Mixing. For this project, we

will only classify between two classes: healthy and damaged. Besides,

the input data used is formed by eight sensors data, cropped into 2048

length. This data is represented by matrices of shape (2048, 8).
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The dataset is split into two subsets in the traditional machine and deep

learning training process, one for training and validation/testing. The

main difference between the validation subset and the test subset is when

these two subsets are used. On the one hand, the validation subset re-

ceives its name because it is used during the training to fine-tune the

model hyperparameters by the callbacks functions assigned to the model.

For example, during the training, we can create a callback function that

reduces the learning rate depending on the loss value of the validation

set on each epoch.

On the other hand, the test subset is used to evaluate the model at the

end of the training process without interfering in the training process. In

our project, we will use the validation subset to obtain better results on

our classification model. Furthermore, for this task, we use the defined

function train_test_split by scikit-learn[18] to split the input matrices into

random train and test subsets.

At the beginning of this section, we discussed the different types of dam-

age that we detect over the spot welds performed. Furthermore, if we

remember, the main task of our project was not to classify the various

damage types but to distinguish between healthy and damaged spot welds.

Once we trained several times the model, we found an inconsistency in

the results obtained. Focusing specifically on the data used for training,

we performed a re-analysis of the data. When the stratified training and

validation set were split, we joined the different damage types into the

same class, making no differentiation between the damage types. Looking

into the training and validation sets, we found some damage types not

represented in the training set. So for the neural network, trying to clas-

sify something that has not been seen before is a more complicated task,

decreasing the model’s accuracy.
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To solve this problem, we have to split the dataset by taking into account

first the damage types. So, we will first separate the healthy and the

damaged spot welds into different sets. We will perform a stratified split

with the damaged subset, balancing the number of damage types in the

subsets. Then, we perform the same stratified division over the healthy

subset. Finally, we join both output subsets creating real stratified train-

ing and validation sets. Thanks to this solution, we could continue our

work and focus on the class imbalance problem.

4.2 Feature Importance

To better understand the dataset and how far we can go with the data,

some algorithms help us describe a data set in terms of new variables.

Principal Component Analysis or PCA is a well-known traditional algorithm

for this task. PCA is mainly used in exploratory data analysis and to build

predictive models. But for our project, it is not suitable due to the high

dimensionality of the data. In these cases, the most used algorithm is the

t-Distributed Stochastic Neighbor Embedding or t-SNE.

T-SNE is an algorithm designed for the visualization of high dimension-

ality datasets. This algorithm is run in two steps: first, it constructs a

probability distribution over pairs of samples in the original space, such

that similar examples receive a high probability of being chosen, while

very different samples receive a low likelihood of being selected. The con-

cept of “similarity” is based on the distance between points and density

in the vicinity of an issue. Second, t-SNE takes the points from the high-

dimensional space to the low-dimensional space, defines a probability dis-

tribution similar to the one seen in the target space (the low-dimensional

space), and minimizes the so-called Kullback-Leibler divergence between

the two distributions concerning the positions of the points on the map.
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The Kullback-Leibler divergence measures the similarity or difference be-

tween two probability distribution functions. In other words, t-SNE tries

to reproduce the distribution in the original space in the final space. For

the analysis, we will use the version implemented by scikit-learn[18].

Figure 4.1: Two-dimensional T-SNE visualization for the raw dataset.

As we can see in Figure 4.1, we cannot recognize independent clusters be-

tween both classes distributions which proves the complexity of the data.

Thanks to the visualization colours, we can observe that in some way,

the distributions from the same classes are near each other, but there is

no such absolute separation between these. We observe the same on the

right visualization. Due to these results, we cannot extract more informa-

tion from the visualizations. As we explain in Section 2.2, the Convolu-

tional Neural Network and its high-level feature extraction can be helpful

to preprocess the data before the t-SNE algorithm. This preprocessing of

the input data can enhance the visualization obtaining better differentia-

tion between distributions.
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4.3 Class Imbalance

As we said in the previous section, and it was clear since we explained

the data obtained during the last chapter, we would have a class imbal-

ance problem during our model training. But first, we will explain class

imbalance and what it means for the model’s training.

When we are talking that our dataset has a class imbalance problem, we

are saying that our dataset has not the same number of examples for all

the classes that we want to classify. The dataset has 16 healthy spot

welds and 62 damaged ones, which means our project has this prob-

lem. When having a class imbalance problem, the model’s training will

advantage the prediction to the more represented one, i.e. the model is

more accurate to detect damage spot welds, but it is less accurate on the

healthy ones. To solve the class imbalance problem, we propose two so-

lutions for the two selected models, Convolutional Neural Network (CNN)

and Support Vector Machine (SVM). For CNN, we will apply a method

known as Random Oversample. For the SVM, we will use a variant of

this model based on the concept of One-Class Classification.

4.3.1 Random Oversampling

The process of randomly duplicating instances from the minority class

and adding them to the training dataset is known as random oversam-

pling. With replacement, examples from the training dataset are chosen

at random, i.e. the samples from the minority class can be selected and

added to the new “more balanced” training dataset multiple times. They

are chosen from the original training dataset, added to the latest training

dataset, and then returned or “replaced” in the original dataset, allowing

them to be chosen again.
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This strategy can be helpful for deep and machine learning techniques

that are affected by skewed distributions and where several duplicate

samples for a particular class can influence model fit, including algo-

rithms that learn coefficients iteratively, such as artificial neural networks

that use stochastic gradient descent. It can also impact models that seek

good data splits, such as support vector machines and decision trees.

It may be beneficial to fine-tune the desired class distribution. Seeking

a balanced distribution for a substantially imbalanced dataset can force

impacted algorithms to overfit the minority class, leading to more signif-

icant generalization error in some circumstances. The effect can be im-

proved performance on the training dataset yet degraded performance on

the holdout or test dataset.

Figure 4.2: Overview of a Random Oversampling method. Reprinted from
[15], Copyright 2021. With permission of Medium.

For our project, we will use the Python package imbalanced-learn [89].

The benefit of this package is that the bootstrap can be generated more

smoothly. As our dataset is split, taking the 40%, we have 37 damaged

and ten healthy examples. After the random oversampling, we have 37

damaged and 37 healthy examples. To prevent the CNN’s training from

overfitting, the validation subset is not a random oversample, and it is

used for the callback functions of the model that we will explain after-

wards.
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4.3.2 One Class Classification

Rarity implies that they infrequently occur in comparison to non-outlier

data (so-called inliers). They are unusual because they do not fit neatly

into the data distribution.

Outlier detection, also known as anomaly detection, is a complex problem

that requires various strategies. The presence of outliers might lead to

issues. For example, a single variable may have an outlier far from most

samples, skewing summary statistics such as the variance and mean.

As a data preparation strategy, identifying and removing outliers may re-

quire fitting a machine learning model. Discovering outliers is known as

anomaly identification, where outliers are referred to as “anomalies”, and

the remainder of data is referred to as “normal.” One-class classification

is a machine learning strategy to dealing with the problem of anomaly

detection.

Fitting a model on average data and predicting whether new data is stan-

dard or an outlier/anomaly is what One-Class classification, or OCC, is all

about. A one-class classifier is trained using only instances from the regu-

lar class in its training dataset. Once prepared, the model categorizes new

cases as normal or abnormal, i.e. outliers or anomalies. One-class clas-

sification approaches can be used to solve binary (two-class) imbalanced

classification issues in which the negative case (healthy) is assumed to

be “normal”, and the positive case (damaged) is considered to be an out-

lier or abnormality. Given the approach’s nature, one-class classifications

are best suited for problems where the positive instances lack a uniform

pattern or structure in the feature space, making it difficult for other

classification algorithms to learn a class boundary. Instead, by character-

izing positive cases as outliers, one-class classifiers can neglect the task

of discrimination and instead focus on deviations from typical or expected

behaviour.
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This classification algorithm type may also be helpful when the number

of positive cases in the training set is so tiny that they are insignificant

to include in the model like our project.

Adapting one-class classification algorithms for imbalanced classification

is unusual, although it can be helpful in some cases. This strategy dis-

advantage is that any examples of outliers (positive cases) encountered

during training are ignored by the one-class classifier and discarded, sug-

gesting that inverse modelling of the problem (e.g., modelling the posi-

tive case as usual) may be attempted concurrently. It also implies that

the one-class classifier might input a group of algorithms that handle the

training dataset differently.

Figure 4.3: Overview of the difference between Binary Classification (left)
and One Class Classification (right). Reprinted from [16], Copyright 2021.
With permission of Springer.

In our project we will use the implementation of one-class SVM in the

OneClassSVM class provided by the scikit-learn[18] library. The SVM al-

gorithm, initially designed for binary classification, may now be utilized

for one-class classification. This SVM modification is known as One-Class

SVM [90, 91]. When modelling a single class, the technique captures the

density of the majority class and classifies cases at the density function’s

extremes as outliers. It is a great idea to test the conventional SVM and

weighted SVM on your dataset before evaluating the one-class variant if

used for imbalanced classification.
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4.4 Model’s Calibration & Validation

As we explained in previous sections, we are handling several types of

difficulties during the training process, class imbalance and class mis-

alignment. To solve the class imbalance problem, we propose the Random

Oversampling method. But it does not solve all the issues because overfit-

ting can occur during the model training due to oversampling the minority

class. If we remember the Random Oversampling explanation, the minor-

ity class is increased by replicating the examples to attain the number of

samples in the majority class.

Due to this performance, the model can derive overfitting over the ran-

dom oversampled class because we use repeated examples. Our model’s

best result can be unreal, and if we train from zero, the model generates

the training again, and the validation subsets can bring worse accuracy.

Then, we have two tasks to perform: one related to avoiding overfitting

thanks to the validation subset and the Tensorflow Callbacks functions

during the training and the other related to the model validation where

we apply the k-Fold Cross Validation method. During this section, we

first explain the proposed tasks theoretically, and, in the end, we validate

the convolutional neural network model by describing and explaining the

k-Fold Cross Validation results.

4.4.1 Tensorflow Callbacks

Simply put, callbacks are custom utilities or functions executed during

training at specific phases of the training process. Callbacks can assist

you in preventing overfitting, visualizing training progress, debugging your

code, saving checkpoints, generating logs, creating a TensorBoard, and so

on. TensorFlow has a plethora of callbacks at your disposal, and you may

combine them.
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Callbacks are invoked when a specific event occurs. Several types of

events can cause a callback to be called during training, such as on_epoch

_begin, which is triggered when a new epoch begins. During our model’s

training, we use these three Callbacks Functions:

EarlyStopping. This callback is frequently used. It enables us to

monitor our metrics and halt model training when it no longer im-

proves. Assume you want to end training if the accuracy does not

improve by 0.05; you can do it with this callback. To some extent,

this is useful in preventing model overfitting. It is triggered when an

epoch ends, in the on_epoch_end event.

ModelCheckpoint. This callback enables us to save the model reg-

ularly throughout training. It is very beneficial when training deep

learning models, which can take a long time. Based on the mea-

surements, this callback checks the training and saves model check-

points at regular intervals. It is triggered when an epoch ends, in

the on_epoch_end event.

ReduceLROnPlateau. This callback is used when the measurements

have stopped improving, and you wish to adjust the learning rate.

Unlike LearningRateScheduler, it will reduce learning based on the

statistic (not epoch). It is triggered when an epoch ends, in the

on_epoch_end event.

4.4.2 k-Fold Cross Validation

k-Fold Cross-validation is a resampling method used to evaluate machine

and deep learning models on a small sample of data. The technique has

a single parameter called k, which corresponds to the number of groups

formed from a given data sample. As a result, the method is frequently

referred to as k-fold Cross-Validation.
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Cross-Validation is mainly used in applied machine learning to estimate

a machine learning model’s skill on unseen data. Small sample size is

used to assess how the model is predicted to work in general when used

to make predictions on data that was not included during the model’s

training.

It is a popular strategy because it is easy to grasp and produces a less

biased or optimistic assessment of model competence than other methods,

such as a simple train/test split. The following is the general procedure:

1. Randomly shuffles the dataset.

2. Divide the data into k groups.

3. For each distinct group:

(a) Consider the group to be a holdout or test data set.

(b) Consider the remaining groups to be a training data set.

(c) Fit a model to the training data and then test it on the test data.

(d) Keep the evaluation score but throw away the model.

4. Using the sample of model evaluation scores, summarise the model’s

skill.

Importantly, each observation is assigned to a specific group and remains

in that group for the remainder of the procedure. In other words, each

sample may be utilized in the holdout set once and trained the model k

times.
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Figure 4.4: Overview of the k-Fold Cross Validation method. Reprinted
from [17], Copyright 2021. With permission of scikit-learn[18]

It is also critical that all data preparation before fitting the model occur

within the loop on the CV-assigned training dataset rather than on the

larger data set. It also applies to any hyperparameter adjustment. Failure

to carry out these activities within the loop may result in data leakage and

overestimate the model’s skill. The mean of the model skill scores is used

to describe the outcomes of a k-fold cross-validation run and decide if the

model is valid or not for the task. For our project, we use the Stratified k-

Fold version by scikit-learn[18] [17]. As we explained in previous sections,

this specific version considers the classes to make the splits balanced.

Figure 4.5: Overview of the k-Fold Cross Validation split procedure.
Reprinted from [17], Copyright 2021. With permission of scikit-learn[18]
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4.4.3 Convolutional Neural Network (CNN) Model Validation

The model to be validated is the one explained and showed in Figure 3.8.

This model is the second version where we added two fully connected

layers between the old fully connected layer and the last convolutional

layer.

During the model training, we are using the described Tensorflow Call-

backs functions. The hyperparameters used for the Cross-Validation method

are the same ones as the traditional training. Furthermore, the Random

Oversampling is also applied to the training subset used in the Cross-

Validation method. As we are working with a small dataset, the num-

ber of folds selected are four, i.e. we will apply a 4-fold Cross-Validation

method over our model to validate it.

Samples TP TN FP FN MCC Accuracy Loss
K-Fold 1 27 11 15 1 0 93% 96.30% 0.052
K-Fold 2 27 11 14 2 0 86% 92.59% 0.113
K-Fold 3 26 11 15 0 0 100% 100.0% 0.006
K-Fold 4 26 11 14 1 0 92% 96.15% 0.082

Average K-Fold 92.75% 96.26% 0.063

Table 4.1: K-Fold Cross Validation Results of the Proposed Model Archi-
tecture. The confusion matrix are shown on the Appendix A.

As we see in Table 4.1 above, we can validate the model due to the

good results. During the several traditional pieces of training performed,

the model did not decrease from an accuracy of 90%, which looking at

the Cross-Validation results it seems to be the average accuracy with this

dataset. The number of epochs for each fold is approximately 200-400,

except for the first fold, where we had around 800 epochs. Finally, we

can validate this CNN model version and compare it with the One-Class

SVM thanks to these results.
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4.5 Best performing models

As we explained during this Chapter, the main goal of this project is

to prove that a deep learning model has better results than a machine

learning model inside a Multi-Sensor Data Fusion System over a Binary

Classification problem.

In the literature review, we took as our framework the solution by Deng et

al. [84] where they prove that for a Multiclass Classification, a deep learn-

ing model performs better than a traditional machine learning method

used over almost all the literature review works, the Support Vector Ma-

chine (SVM). Furthermore, the SVM model version used is for One-Class

Classification (OCC-SVM). Our novel architecture, a Convolutional Neural

Network (CNN) model, to be compared with the SVM is similar to the one

proposed by Deng et al. [84] but with a few changes due to the dataset

specifications. For this comparison, as we have deep and machine learn-

ing models, we will use the Matthew Correlation Coefficient (MCC).

In machine learning, the Matthews correlation coefficient (MCC) or phi co-

efficient is used to assess the validity of binary (two-class) classifications.

The coefficient accounts for genuine and false positives and negatives and

is often recognized as a balanced measure that may be applied even when

the classes are of different sizes. The MCC is a correlation coefficient be-

tween observed and predicted binary classifications, returning a number

between 0 and +1. A coefficient of +1 implies a perfect forecast, a coeffi-

cient of 0 shows no better than the random prediction, and a coefficient

of 1 indicates absolute disagreement between prediction and observation.

However, because MCC relies on the dataset, it is not a reliable estimate

of how similar a predictor is to random guessing if it equals either 1, 0,

or +1.
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While there is no perfect way to describe the confusion matrix of genuine

and false positives and negatives with a single number, the Matthews cor-

relation coefficient is often recognized as one of the finest. When the two

groups are very diverse, other measurements, such as the proportion of

correct predictions (also known as accuracy), are ineffective. Assigning ev-

ery object to the more extensive set, for example, results in a high num-

ber of correct predictions but is not a helpful categorization in general.

The MCC can be calculated directly from the confusion matrix with the

following formula:

MCC =
TP · TN − FP · FN√

(TP + FP ) · (TP + FN) · (TN + FP ) · (TN + FN)
(4.1)

Now, we will compare the models explaining the metrics of both models.

As we have few examples on the validation sets, the complete dataset

will be evaluated instead of only the validation set. All the information

mention during the comparison can be seen in Table 4.2. The confusion

matrices for both models can be found in Appendix A at the end of this

work.

Method OCC-SVM (CPU) CNN (GPU)
Class Healthy Damaged Healthy Damaged

Accuracy 56.25 96,77% 93,75% 96,77%

Method OCC-SVM (CPU) CNN (GPU)
Training Time 0.0049s 2s 186ms/epoch

Accuracy 88,46% 96,15%
MCC 61,52% 88,54%

Table 4.2: Metrics of Convolutional Neural Network (CNN) and One Class
Support Vector Machine (OCC-SVM) models.
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Starting with the OCC-SVM model, it performs accurately for the Damaged

Class data, where we obtain the same accuracy as the CNN model, but

it is not accurate when the spot weld is healthy. The training time for

this model is faster than the CNN due to the not-need of computational

requirements. If we remember the One-Class Classification explanation,

these models are prepared for anomaly detection.

That is why, as it has been trained with the healthy spot welds, the

damaged examples are accurately classified, but the healthy ones are not.

If we want to discard the damaged ones from a bench of spot welds,

this model would be accurate on the damaged ones, but it can give us

false positives over healthy spot welds. So, that is why we only have

an 88,46% when we evaluate the model with both healthy and damaged

samples, which is not as high as we pursue.

Besides, the CNN model performs accurately for both classes. We obtain

an average accuracy of 96,15%, which is higher than the obtained by the

OCC-SVM. The training time is higher than the OCC-SVM, where we have

almost 2s per epoch, and the EarlyStopping Tensorflow Callback function

stopped this model at the 433 epoch, i.e. it lasts nearly 14 minutes

in total. Also, we executed this model over the GPU-accelerated runtime

provided by the Google services in the Google Colaboratory infrastructure.

So, running this model will incur extra costs due to the computational

requirements.
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Figure 4.6: Two-dimensional T-SNE visualization for the feature map of
the last convolutional layer.

As we did during Section 4.2, we rerun the t-SNE algorithm but this time

using the feature map extracted from the last convolutional layer, shown

in Figure 4.6. Now we can observe different clusters. Focusing on the left

visualization, we see the two healthy groups almost overlapping with the

damaged class. Then, we keep two outliers which distributions are similar

to the damage class ones. Next, focusing on the right visualization, we

can see how the different types of damage are overlapped or isolated in

some cases. For Lack of Mixing with Flash damage, we observe clear

differentiation having only one outlier from the Lack of Mixing damage.

For Lack of Mixing, we can assure that its distribution is the most similar

to the healthy class distributions. We can observe clear clusters for the

other damage types, but we also follow overlapped distributions, including

the healthy class.
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Chapter 5

Conclusions and Future
Developments

5.1 Conclusion

With the model’s results, we have two different points of view: the re-

search one and the industrial one. From the research point of view, we

select the CNN model as our best performing model due to the better re-

sults and the novelty of this solution. Furthermore, this solution can be

scalable to get better results. But from the industry point of view, the

CNN solution is not suitable due to the computational requirements and

the unavailability of damaged class data. Hence, the OCC-SVM would be

the selected one as its accuracy value is not lower and to detect dam-

age spot welds is as good as the CNN, forgetting about the false positives

that can appear with the healthy spot welds. Furthermore, as we briefly

explained during Subsection 3.5.2, we cannot selectively obtain as many

healthy or damaged spot welds as we want. The process to specifically

get a damage type or a healthy spot is a hard-working job, as we see in

Section 3.2. In the end, focusing on the same point of view as our refer-

ring work by Deng et al. [84], we can conclude that a novel model, as it

is the CNN, performs better than an OCC-SVM in a Binary Classification

task in Metal Additive Manufacturing process as RFSSW is.
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5.2 Future Developments

Above the next steps of this study, we have the same diversion as in the

conclusions. First, we will need to select which approach we would like to

follow: the research one of the industrial one. In the case of following the

research one, as we conclude that an Artificial Neural Network (ANN), in

our study a Convolutional Neural Network, performs better than the Sup-

port Vector Machine model, we will continue proposing models the Deep

Learning field. For example, a path to follow would be to work with a

different type of ANN such as Long short-term memory (LSTM) or try with

a novel model architecture such as a Siamese neural network. The last

proposal is based on the main problem of our monitoring system related

to the availability of spot welds examples where a Siamese neural net-

work based on its performance will only need one example to classify the

unknown spot weld. In the case of following an industrial approach, our

goal would be to obtain more labelled samples to enhance the OCC-SVM

results. Furthermore, other machine learning models based on One-Class

Classification can get better results, such as Isolation Forest, Minimum

Covariance Determinant or Local Outlier Factor.
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APPENDIX A

Appendix A

This Appendix contains related data not necessary to the immediate un-

derstanding of the discussion in the report. This may contain materials

such as: tables, graphs, illustrations, description of equipment, samples

of forms, data sheets, questionnaires, equations, and any material that

must be included for record purposes.
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Data Correction Example

Figure 5.1: Welding Measurements of the Pin current and speed physical
information before the data correction process.
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Figure 5.2: Welding Measurements of the Pin current and speed physical
information after the data correction process.
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Confusion Matrix of the k-Fold Cross Validation

Figure 5.3: Confusion Matrix of the Fold 1 of the Cross-Validation.

Figure 5.4: Confusion Matrix of the Fold 2 of the Cross-Validation.
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Figure 5.5: Confusion Matrix of the Fold 3 of the Cross-Validation.

Figure 5.6: Confusion Matrix of the Fold 4 of the Cross-Validation.

98



REFERENCES

Confusion Matrix of the Best Performing Models

Figure 5.7: Confusion Matrix of Convolutional Neural Network model.

Figure 5.8: Confusion Matrix of One Class Support Vector Machine model.
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