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Abstract

This document presents the development of a solution for analysis and detection of molten metal quality deviations. The
data is generated by an MV20/20, an ultrasound sensor that detects inclusions - molten metal defects that a�ect the
quality of the product. The data is then labelled by assessing the sample using metallography. The analysis provides the
sample outcome and dominant inclusion. The business objectives for the project include the real-time classi�cation of
anomalous events by means of a supervised classi�er for the metal quality outcome, and a classi�er for the inclusion type
responsible for low quality. The adopted methodology involves descriptive, diagnostic and predictive analytics. Once the
data is statistically pro�led, it is standardised and scaled to unit variance in order to compensate for di�erent units in the
descriptors. Principal components analysis is applied as a dimensionality reduction technique, and it is found that the
�rst three components account for 99.6% of the variance of the dataset.

In order for the system to have predictive ability, two modelling approaches are considered, namely Response Surface
Methodology and supervised machine learning. Supervised machine learning is preferred as it o�ers more �exibility
than a polynomial approximator, and it is more accurate. Four classi�ers are built, namely logistic regression, support
vector machine, multi-layer perceptron and a radial basis function network. The hyperparameters are tuned using 10-
fold repeated cross-validation. The multi-layer perceptron o�ers the best performance in all cases. For determining the
quality outcome of a cast (passed or failed), all the models perform according to business targets for accuracy, precision,
sensitivity and speci�city. For the inclusion type classi�cation, the multi-layer perceptron performs within 5% of the
target metrics. In order to optimise the model, a grid search is performed for optimal parameter tuning. The results o�er
negligible improvement, which indicates that the model has reached a global maximum in the parameter optimisation in
the hyperspace. It is noted that the source of variance in the inclusion type data respondent is attributed to operator
error during labelling of the dataset, among several other sources of variance. It is therefore recommended that a Gage
R&R be performed in order to identify sources of variation, among other improvement recommendations. From a research
perspective, a vision system is recommended for assessing metal colour, texture and other visual properties in order
to provide more insights. Another possible research extension recommended is the use of Fourier Transform Infrared
Spectroscopy in determining signatures of the clean metal and di�erent inclusions for detection. The project is regarded
as a success, as the business metrics are met by the solution.
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Acronyms

AUC Area under curve

CFF Ceramic Foam Filter

DDA Dynamic decay adjustment

RSM Response Surface Methodology

EM Electromagnetic

FeO Iron Oxide

GLM Generalised Linear Model

LPS Largest Particle Size

MgO Magnesium Oxide

MLP Multi-layer perceptron

NDT Non-destructive testing

PCA Principal Components Analysis

PoDFA Porous disk �ltration apparatus

RBF Radial basis function

ReLU Recti�ed linear unit

ROC Receiver operating characteristic

SPC Statistical process control

SVM Support vector machine
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Symbols

κ Cohen's kappa. This is a metric used to determine a classi�cation model's agreement with the categories when
the classes are imbalanced.

K Kernel function. This function is used in logistic regression, support vector machines and kernel-based neural
networks.

γ Gamma. This is the exponential kernel factor.

β Beta. This is the biasing factor for the kernel function.

α Alpha. This is the input weight for the kernel function.

φ Phi. This is the radial basis function.

σ Sigma. This is the standard deviation of a population.

θ Theta. This is the threshold for the radial basis function with dynamic delay adjustment.

ρ Rho. This is the gradient descent term for a neural network.

ε Epsilon. This is the selection randomness probability for the learning gradient of a neural network.
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Terminology

Multi-layer Perceptron a feedforward arti�cial neural network consisting of multiple layers of neurons. The neurons
are connected by weights and activation functions typically as an input layer, one or more hidden layers and an
output layer.

Inclusion the undesired particles present in molten Aluminium that are either introduced during casting as impurities,
or that form as �lms of oxides during settling.

FeO a solid particle that forms as a result of the oxidisation of Iron.

Casthouse an industrial facility where recycled metal is treated by melting, removing impurities and mixing with di�erent
elements to achieve the desired properties.

MgO a solid particle that forms as a result of the oxidisation of Magnesium.

PoDFA a technique used to extract a small (~1kg) sample from a metal cast, use a �lter to trap inclusions and analyse
the inclusions for classi�cation and quality purposes.

Support VectorMachine a machine learning algorithm used for regression and classi�cation. SVMs can perform non-
linear regression/classi�cation using a kernel function.

Principal Components Analysis a machine learning algorithm used for regression and classi�cation. SVMs can perform
non-linear regression/classi�cation using a kernel function.

Receiver Operating Characteristic the curve showing the speci�city as a function of sensitivity for a given decision
threshold in binomial classi�cation.

ConfusionMatrix a matrix used in classi�cation problems showing how the model predicted values against the actual
values.

Accuracy the number of true predictions as a ratio of all predictions made.

Precision the ratio of correctly predicted values to all predicted values.

Sensitivity the ratio of positively predicted values to true positives.

Speci�city the ratio of negatively predicted values to true negatives.
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Chapter 1

Introduction

The advent of real-time, objective measurement techniques has contributed largely to the improvement in e�ciency,
reliability and quality of many industrial processes and products [1]. In many of the processes, an operator/user has been
required to formulate non-empirical results based on observations and experience, which subjects the measurements to
errors and human bias. Lately, many of the measurements have been automated by means of sensing devices capable of
continuous, reliable measurements.

This document discusses the application of exploratory data analytics and supervised learning algorithms to data produced
by an autonomous measurement system within the context of quality control for Aluminium cleanliness in a casthouse.
This �eld of research has been made possible by the advent of non-destructive testing methods [2], which allow for the
collection of empirical datasets providing a more in-depth view of product quality.

The measurement system uses a pulsed ultrasound technique to transmit pressure waves and measure the return signal.
The attenuation and distortion of the signal are analysed by the system to detect unwanted particles. The system returns
metrics which have been classi�ed using metallographic analyses. These classi�cations are used to train the models based
on business targets for quality benchmarking and the reduction of quality related customer complaints.

1.1 Background

1.1.1 Aluminium Processing

Aluminium is one of the most widely used industrial products to date [3]. This is because it can be formed into multiple
alloys with di�erent properties, it is non-corrosive and most importantly it is 100% recyclable. Based on the wide range
of applications including food packaging, it is critical to ensure that the Aluminium produced meets stringent quality
standards in order to ensure that it is safe for use, does not have contaminants and it does not have leaks [4, 5]. To achieve
this, many organisations extract samples for testing at each processing stage of the Aluminium product.

A typical layout of an Aluminium casthouse is illustrated in Figure 1.1:
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Figure 1.1: Aluminium Casthouse [6]

The process of casting Aluminium is summarised in the following steps:

Collection of raw material (top left on Figure 1.1). Since Aluminium is 100% recyclable, all scrap generated in-house
is used as raw material. Recycled beverage cans are also used as input raw material. In addition, pig, which is the
term used for pure Aluminium, is used in the process of alloying together with small quantities of Magnesium, Iron
and Copper.

Melting. The raw material is poured into a melting furnace (component before producing stage 1 of metal on Figure
1.1), where it is heated up to ~7000C. Once molten, a chemical �ux is added in order to trap large inclusions
(>200µm) and elevate them to the top of the molten solution. The inclusions are then removed using a fork lift
with a specialised extraction tool.

Holding. This is part of the melting furnace and involves allowing the metal to settle for ~45 minutes. Once settled,
most of the inclusions still present in the metal will have risen to the surface, where they are extracted by operators.
The metal is held for ~15 minutes more before being poured onto a launder.

Degassing. This process involves the usage of rotary device to stir the metal and pass it through a chamber where gasses
are trapped (produces stage 2 of the metal on Figure 1.1). This improves the metallurgical properties of the metal
by reducing porosity. Porosity reduces the material strength of the metal, which could cause tearing in downstream
processing.

Filtering. The �ltration stage involves the use of specialised ceramic foam (CFF) �lters, which are designed to trap
inclusions ranging from 5µm (producing stage 3 of the metal on Figure 1.1).

Re�nery. This stage involves the addition of a metal rod to the melt, which improves the metallurgical properties of the
metal (produces stages 4 and 5 on Figure 1.1).

Casting. The metal is cast into solid billets by pouring it into �ve brick-shaped containers. As it is slowly poured into the
containers and solidi�es, water is sprayed onto the walls of the containers in order to control the casting temperature.

Once the metal is cast into billets, they are stored temporarily for cooling before being transported for downstream
processing.
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1.1.2 Quality Control

Quality control is a critical function of the casthouse. It involves the measurement of inclusions to assess whether the
metal is �t for use [7]. If deemed un�t, the metal is scrapped.

During the holding and casting stages, 1kg samples are extracted for quality analyses in the lab. The samples are analysed
using metallography. This involves analysis of the sample under a microscope, and usage of reference �gures to identify
the inclusions present in the metal and estimate their properties. Based on this analysis, a result of the sample is given
based on quality guidelines within the business. Typical metallographic analysis results are shown in Table 1.1:

Table 1.1: Metallographic analysis results

Sample_Number Inclusion_Abundance Inclusion_Type Magni�cation Sample_Result

1 High FeO 2x FAILED

2 Low SPINEL 2x PASSED

3 Critical FeO 2x FAILED

4 Moderate FeO 3x PASSED

5 Low MgO 2x PASSED

Table 1.1 shows an illustration of the sample results following a laboratory metallographic analysis. For each cast of the
metal, a sample is extracted and sent to the lab for processing. Processing involves preparing the sample and analysing
it under a microscope to estimate structure, abundance of inclusions and the types present.

The method used in determining the success or failure of a sample is based mainly on the experience and judgement of
the operator. A poster exists with visual depictions of the density formations of inclusions and their abundance from low
to critical. The determination of the abundance is made by the operator, and they refer to more senior technicians for
boundary cases.

The key respondents from Table 1.1 are inclusion type and sample result, which are the categorical respondents applied
to the dataset for supervised machine learning.

1.2 Important Terminology

ConfusionMatrix A table having the same row and column labels showing the performance of a classi�er. The columns
of the table are the actual classes, whereas the rows are the predicted classes. The diagonal of the table indicates
the space where the predicted and actual results are matched.

Hyperparameter Hyperparameters are parameters that determine the learning e�ciency of an algorithm. The hyper-
parameters a�ect the algorithm's learning ability, loss function and learning rate.

Inclusion A particle, usually a product of oxidisation with metals, that is found in an Aluminium cast. Inclusions are
harder than Aluminium and have higher melting temperatures. They manifest in solid form in a cast and cause
surface scratches, leaks and tears on the Aluminium metal during forming stages.

Metallography The visual analysis of physical properties of materials using a microscope. The analysis includes deter-
mining the grain structure, inter-metallics, shapes and types of particles present in the metal under evaluation.

Neural Network A machine learning algorithm used for regression and classi�cation problems. Neural networks are very
successful and have been shown to approximate many real-world problems. Neural networks are made of an input
layer, hidden layer/s and an output layer. The layers are each made up of neurons.

Supervised Learning The branch of machine learning that deals with predictive analytics. The predictive component
is enabled by retraining the model on labelled data. This allows the model to determine decision boundaries for the
classi�cation/regression predictions.

Waste In the context of a manufacturing plant, waste typically refers to the product that is not �t for consumption. This
includes the e�ort, time and energy put into processing the defective product from when the defect was introduced
to when the product was scrapped. The energy spent processing the defective products is deemed as wasted.
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1.3 Objectives

The casthouse expressed interest in improving the quality control aspect of the casthouse production process. The main
objectives are:

1. Reduce customer complaints and downstream quality issues caused by inclusions.

2. Improve time-to-reaction for anomalous situations, when the metal quality is substantially low.

3. Improve the capability for root cause analysis by identifying the inclusions responsible for low quality.

The positive outcomes for improved quality control include increased customer satisfaction, reduced downtime which
improves the likelihood of meeting and exceeding production targets, and a reduced carbon footprint as a result of waste
reduction.

1.4 Problem Statement

The availability of the MV20/20 system presents the opportunity to determine an optimal con�guration of algorithms to
achieve the quality objectives. The problem can therefore be described as the need to:

P1 Develop an algorithm to determine whether a cast is a pass or fail. This would reduce downstream processing
waste and possible customer complaints.

P2 Develop a per-cast algorithm to determine the responsible inclusion type. This would minimise the time to
determining the root cause, as the inclusion origins are well understood by the business.

1.5 Rationale

The Hulamin business has embarked on a plant-wide program to improve its impact to society and reduce its carbon
footprint. This program is aimed more speci�cally at reducing waste, consumed energy, runaway greenhouse gas production
and the rate of customer complaints (information obtained during a meeting conducted in October, 2019, by Mr. Rodney
Green-Thompson, Manufacturing Director, Hulamin Rolled Products). As a result, the business has made investments in
technologies that improve the measurement of critical plant variables.
The procurement of the MV20/20 system for real-time cleanliness measurement at the casthouse, which is the �rst process
of the production line, has allowed for the collection of data in an objective, consistent, reliable and repeatable manner.
The collection of data therefore presents the opportunity for the application of exploratory data analytics and supervised
learning. These techniques can therefore provide the business with the needed insights for the improvement of quality
control as a step towards achieving the business program.

1.6 Requirements and Functions

The requirements from the business have been elicited through verbal communication during formal and informal meetings
with stakeholders. The main requirements are based on the business objectives and are outlined below.

R1 Exploratory Data Analytics. This requirement is essential as a �rst step in understanding the nature of the
data. It is also critical in determining whether the behaviour of the plant is normal or if it is anomalous.

R2 Event predictions. This requirement is based on the prediction for whether a cast is a pass or a failure, and is
critical for ensuring that defective products do not get processed further, thus increasing waste. A two-stage
model is required and is to perform as follows:

R2a A supervised learning model is to be built in order to classify each cast as a pass or fail.

R2b For the failed casts, a supervised learning model is to be built in order to classify the inclusion
responsible.

The corresponding functions that need to be performed in order to achieve the given requirements are:
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F1 Descriptive analysis of dataset. This function involves ingesting the data, analysing it and producing the
statistical analyses of the dataset.

F2 Development of supervised learning models to perform predictions on:

F2a The condition of the cast metal.

F2b The responsible inclusion for the failed cast.

For acceptance testing, the following table summarises the test set based on the requirements and functions:

Table 1.2: Tests to be performed during acceptance testing. The solution is deemed a success if it can pass these test
cases

Test Description Requirement Function
T1 Descriptive statistics of the dataset are presented. The descriptive statistics

should contain basic statistical analyses, correlations and distributions of the
dataset descriptors.

R1 F1

T2 Classi�er performance is to be presented by means of a confusion matrix, and
a table showing the metric scores for each target metric.

R2 F2

1.7 Acceptance Test Procedure

The solution will be considered a success, according to a meeting held with Thirushan Govender, Process Engineering
Manager, Hulamin, Sakhile Kubeka, Process Specialist, Hulamin, and Mani Ramdeen, Remelt Manager, Hulamin, when
the following metrics are achieved. During the meeting, baseline performance metrics were determined by the business
based on the nature of the business, domain knowledge, and business performance targets that are set yearly. The business
targets can be summarised in the following table:

Table 1.3: Business targets for solution acceptance

Business metric Business target
Customer complaint rate 66% reduction
Inclusion detection rate ≥ 90%

False alarm rate ≤ 10%
Availability ≥ 95%
Reliability ≥ 95%
Error rate ≤ 5%

These targets constitute the minimum performance that is to be achieved by the solution, as it would ensure that he
business realises the projected bene�ts. In terms of supervised learning, the requirements translate to classi�cation
metrics that need to be met by a machine learning model. The key metrics of classi�cation models are discussed below.

1.7.1 Accuracy

The accuracy of a classi�cation model is the ratio of correct predictions to the total number of predictions:

Accuracy =
ncorrect predictions
ntotal predictions

(1.1)

Accuracy is a good measure of how well the model makes correct predictions, and does not account for the imbalance in
the class distribution. The accuracy is 1 minus the error rate, which is one the business metrics. The target accuracy is
therefore 95%.
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1.7.2 Precision

Precision accounts for imbalance in the sizes of classes, as opposed to accuracy, which only accounts for the number of
predictions regardless of classes. This ensures that all classes can be evaluated individually, as it represents the reliability
of the model per class. The precision is given by:

Precision =
ntrue positive

ntrue positive + nfalse positive
(1.2)

where each class's true positive and false positive rates can be used. Precision is equivalent to reliability in terms of the
business metrics, and is targeted at 95%.

1.7.3 Sensitivity/Recall

The sensitivity of a model is the ratio of correctly predicted positives from a class to the total samples from that class.

Sensitivity =
ntrue positive

ntrue positive + nfalse negative
(1.3)

The sensitivity, in terms of business metrics, is represented by inclusion detection rate. The sensitivity of the model ensures
that samples with low quality can be identi�ed and appropriate action taken, which could be re-work for severe cases and
concessions for mild cases. Sensitivity is important in ensuring that the model can detect low quality conditions of the
metal, thus preventing potential customer complaints or wasted e�ort of processing defective material. It is therefore set
at a target of 90%.

1.7.4 Speci�city

The speci�city is the ratio of correctly predicted negatives from a class to the total number of negatives from the class:

Specificity =
ntrue negative

ntrue negative + nfalse positive
(1.4)

The speci�city of a model determined how well the model can reject disturbances. In terms of business metrics, it is 1
minus the false alarm rate. The target is therefore 90%.

1.7.5 F1-Score

The F1-score is the harmonic mean of the precision and sensitivity:

F1− Score = 2
Precision×Recall
Precision+Recall

(1.5)

The F1-score is not necessary as an independent metric as it is used when the precision and sensitivity are equally
important. Since the precision is a more important metric in this case, it will gain higher preference than the sensitivity.
The F1-score metric is therefore not used.

1.7.6 Kappa

Cohen's kappa is a metric for estimating the agreement of the classi�er with the classes based on their respective propor-
tions:

κ = 1− 1− p0
1− pe

(1.6)

, where p0 is the observed agreement and pe is the expected agreement. According to Landis and Koch , values greater
than 0.4 indicate moderately increasing agreements with a perfect agreement at a value of κ = 1 [8]. For this work, a
value of > 0.5 is regarded as su�cient for indicating agreement in the presence of imbalance.
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1.7.7 Summary of Target Metrics

A summary of the target metrics for the primary classi�er is given in the following table:

Table 1.4: Target metrics for sample result target respondent

Performance Metric Target 95% CI
Accuracy 0.95 0.9 - 1
Precision 0.95 0.86 - 0.95
Sensitivity 0.9 0.86 - 0.95
Speci�city 0.9 0.86 - 0.95
Kappa > 0.5 N/A

For the secondary classi�er, which classi�es the responsible inclusion type in the event of a failed sample, the following
metrics are to be met:

Table 1.5: Target metrics for inclusion type target respondent

Performance Metric Target 95% CI
Accuracy 0.95 0.9 - 1
Precision 0.95 0.9 - 1
Sensitivity 0.8 0.76 - 0.84
Speci�city 0.8 0.76 - 0.84
Kappa > 0.5 N/A

The sensitivity and speci�city are lower than for the primary classi�er. This is because it would be more di�cult to identify
a single inclusion type in cases where there is more than one inclusion type present in the metal. Also, the classi�cation
of inclusions provides a bene�t of faster root cause analysis, and is not directly linked to client-facing metrics.

1.8 Hypotheses

The following hypotheses are aimed at addressing each of the requirements and functions in the previous subsection:

H1 The calculation and plotting of the mean, standard deviation, min, max and variance will provide basic
statistical analysis. The plotting of univariate distributions and a multivariate correlation plot will provide a
comprehensive understanding on the nature of the dataset.

H2 The development of a machine learning model like a logistic regressor, support vector machine, or neural
network with optimised hyperparameter tuning using 10-fold repeated cross-validation can achieve the business
target metrics for a classi�er.

1.9 Scope and Limitations

The work is subject to the following limitations:

1. MV20/20 ultrasonic sensor was used on a batch of samples representing an Aluminium alloy called 5182, which is
among the lowest in quality regarding the presence of inclusions.

2. The datasets are collected from one furnace and localised to the end of the launder where quality measurement is of
paramount importance.

3. The critical numerical features are:

(a) Cleanliness,

(b) MV Grade and
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(c) Inclusion count.

4. The critical categorical features are:

(a) Inclusion type, and

(b) Result (passed or failed),

5. The inclusion types are limited to MgO, FeO and Spinel.

6. The development of all the algorithms, generation of images and chart and all source code is done using open source
technologies including R and Python.

1.10 Dissemination Plan

1.10.1 Research Findings

This research is based on operations at Hulamin Rolled Products. As such, the technical sta� at Hulamin Rolled Products
are allowed to disseminate the �ndings, tables, graphs and data contained in this report as they see �t.

1.10.2 Intended Audience

This document is primarily intended for the stakeholders at Hulamin Rolled Products. The stakeholders particularly
include engineering management, engineers and directors who have interest, power and in�uence in the realisation of the
deployment of this project.

1.10.2.1 Research Application

In the event that Hulamin Rolled Products decides to implement a part or all of the �ndings of the research, they are
free to do so without the involvement of the author. In the event that the author is required, the author undertakes to
take reasonable steps to avail themselves. This is because the outcomes of a successful deployment of this research have
a positive impact on the environment, and have economic bene�ts to the business and its employees.

1.11 Document Outline

The rest of the document is presented as follows:

Chapter 2 contains the background of the work.

Chapter 3 details the design and modelling of the system.

Chapter 4 discusses the results and presents analyses.

Chapter 5 concludes the research with major �ndings.
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Chapter 2

Background

2.1 Literature Review

2.1.1 Review of the Technologies Used in Measuring Metal Quality

2.1.1.1 Metallography

Figure 2.1: PoDFA system [10]

PoDFA (porous disk �ltration apparatus) is a technique for collecting inclusions inside a �ne porosity �lter disk. The
molten Aluminium is extracted from the cast and poured into a heated crucible (in �gure 2.1 on the left). The crucible is
then placed inside the PoDFA device (in �gure 2.1 on the right), where the metal is passed through the �lter disc, which
traps the inclusions. Typically, about 1kg of metal is used. Once ready, the crucible is removed from the device and the
now solid metal is extracted from the crucible. The bottom part of the metal, which is connected to the �lter, is sawn
o� and taken for metallographic analysis for the identi�cation and quanti�cation of inclusions [10]. A user analyses the
inclusions to determine the types and estimate the concentration.

An illustration of the metallographic observation is shown in the Figure 2.2:
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Figure 2.2: Metallographic image showing a PoDFA sample [11]

The PoDFA technique has its strength in its ability to identify the inclusions. Popular inclusions are Magnesium Oxides,
Spinel and salts as can be seen from �gure 2.2 [12]. It falls short as an empirical quality analysis tool, as it depends on
user experience and a carefully followed process of analysis to correctly derive the quality of the metal. It is also not
capable of real-time analysis as the metal needs to be extracted, allowed to cool and �nally processed in the lab in order
to get results.

Figure 2.3: K-Mold system [13]

The K-Mold technique is a visual technique and provides a macro analysis of inclusion types and concentration [13]. It
has proven to be relatively easy and quick to implement and receive results as it uses a fracture test [12, 13]. The method
involves pouring about 400g of molten metal into a preheated notched bar mold (shown in �gure 2.3). Once the metal is
cast into solid cubes, the cubes are emptied onto the �oor or a solid platform. They are then broken into several pieces.
The fractured pieces are then analysed for macroscopic inclusions, either visually or with a magnifying glass. Based on
the visual results, the cleanliness of the metal is estimated using a K value s follows:

K =
S

n
(2.1)

, where

K is the number of inclusions found in one piece of a fractured sample,

S is the total number of inclusions found in all the samples, and

13



n is the total number of samples examined.

While K-Mold is a quick and easy method for assessing metal cleanliness on the shop �oor, it is limited by the fact that
only inclusions that can be resolved by the eye can be observed. Also, the counting of the inclusions is a subjective process.
The fracture samples are generally not the same size, so an accurate estimation of the number of inclusions on the surface
is di�cult to achieve. Also, similarly to the PoDFA technique, it is not real-time due to the cooling process.

2.1.1.2 Electrical

Figure 2.4: Pre�l system [14]

The Pre�l (pressure �ltration) technique o�ers a higher sample rate as it trends the weight of the metal as it �ows through
a �lter. A scoop of molten metal is collected and poured into a reusable crucible which then �ows the metal through a
�lter. The �lter traps inclusions, and the �ow rate drops as the inclusions build up on the �lter. The slope and overall
shape of the weight is used to estimate the cleanliness of the metal [14]. If the drop is too steep, it indicates the presence
of more inclusions than if it is not.

In addition to trending the cleanliness, the Pre�l technique provides the �lter sample for metallographic analysis. Hence
the inclusion types and concentrations can be determined together with the trend.

An illustration of the Pre�l trend is shown in Figure 2.5:
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Figure 2.5: Pre�l trend [14]

Pre�l is a more quantitative approach to measuring metal cleanliness. The data is also digitally retained for o�ine analysis.
However, the slope is subject to interpretation and is subject to a large variance. The system is also manual and requires
that scoops of metal be taken at intervals in order to have continuous measurement. The system is therefore more suited to
indicating when there is a signi�cant volume of inclusions, as the curve might trace outside the tolerance region (indicated
in Figure 2.5 by the green shading). It is, however, still a manual process as metal needs to be continuously fed into the
crucible, and �lters changed regularly to ensure good performance.

Figure 2.6: LiMCA system [15]
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The LiMCA (Liquid Metal Cleanliness Analyzer) method is another method that uses an electrical signal in the mea-
surement of metal cleanliness. The rods at the end of the arm (�gure 2.6) are lowered into the launder where the metal is
�owing. Every minute, about 40g of metal is sucked into an electrically insulated tube with an ori�ce. There are four rods
dipped into the metal, which have a constant current applied to them as well as to the ori�ce inside the tube. The current
�ows through the conductive metal both outside and inside the tube, and if there is an inclusion, it causes a spike in the
resistivity of the metal inside the tube. This resistivity is detected as a di�erential voltage between the metal inside the
tube and the metal outside. Therefore, the size of the spikes and the number of spikes is used to determine the inclusion
size and concentration [16].

LiMCA has been by far the industry standard for real-time measurement of metal cleanliness. It provides fully objec-
tive, real-time measurements of the metal cleanliness, which means decisions can be made faster. A screenshot of the
measurements done by a LiMCA system is shown in the Figure 2.7:

Figure 2.7: LiMCA operator display of measurement data [16]

The screenshot shown in �gure 2.7 illustrates measurements taken from a cast which ran for about 40 minutes. The
system took measurements once every one and half minutes on average, and plotted the trend in real-time. It provides a
huge advantage as the measurements are not susceptible to human bias, and the relative e�ort applied to obtaining the
measurements is less than that for the previously mentioned methods. This is what makes the LiMCA system one of the
leading industry solutions. The system, however, falls short in terms of reliability. The glass tube has been reported to
be fragile and prone to breaking during operation, thus causing delays in production (during a meeting held in February,
2020 with Mr. Nelson Dlamini, Process Technician, Remelt, Hulamin Rolled Products). This has a substantial impact on
the availability of the solution.
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Figure 2.8: MV20/20 system

The MV20/20 system uses pulsed ultrasound waveforms in the detection of inclusions. A pair of piezoelectric rods are
suspended into the molten metal as it �ows through the launder. There is also a re�ective steel plate placed at the bottom
of the launder, directly underneath the rods. Pulses of ultrasonic waveforms are transmitted by one rod into the metal and
re�ected o� the steel plate into the other rod [17]. The return signal is attenuated by the Aluminium and the inclusions.
As the system is calibrated to account for the attenuation by Aluminium, the additional attenuation is attributed to
inclusions. This technique allows the system to measure the cleanliness index as a fraction of the baseline cleanliness for
pure Aluminium, and the count and size distribution of the inclusions [18].
A screenshot of the MV20/20 system is shown in the Figure 2.9:

Figure 2.9: MV20/20 operator console [17]

The system is capable of sampling a large amount of the cast as the re�ective plate is placed at the bottom of the launder,
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thus making the entire height of metal visible to the system. This is a considerable advantage over other systems; the
MV20/20 is capable of sampling well over 10% of any cast [17, 18]. This makes the sample size statistically representative
of the cast. In addition, the system needs virtually no human intervention during operation. The trace of data shown in
2.9 shows the data collected during operation without human intervention. This level of autonomy is another substantial
advantage as data collection happens autonomously.

2.1.1.3 Summary

Based on the di�erent manual methods presented, the PoDFA solution is preferred over the K-Mold method. This
is because the PoDFA method involves the classi�cation, count and distribution of inclusions through metallographic
analyses, whereas the K-Mold technique only provides a visual analysis of macro inclusions though results are available
in a shorter period of time.

The electrical methods o�er real-time analysis, but it can be seen that the MV20/20 system provides the most information
relating to the quality of the metal. It also samples much more metal due to its ultrasonic sensor.

2.1.2 Review of the MV20/20 System Used in Non-Destructive Testing

Sound waves propagate through a medium and are thus dependent on the elastic modulus and density of the medium.
As a consequence, sound waves are absorbed and scattered di�erently according to the changes in air pressure in the
presence of wind [19]. In non-destructive testing, frequencies of ~2MHz have been commonly used to characterise the
quality of di�erent media using ultrasound [20]. These applications form part of nondestructive testing and have become
an increasingly popular method of testing structures for integrity and liquids for foreign particles. EM waves do not
possess these advantages as they are used for long range transmissions at these frequencies. This is because this frequency
range is considered low in the EM spectrum.

An illustration of a basic ultrasound system used in �aw detection is shown in the Figure 2.10:

Figure 2.10: Basic operating principle of ultrasound

Shown in 2.10 is a pulsed ultrasound system. An ultrasonic waveform pulse is generated and transmitted into the
homogeneous medium. Prior knowledge of the medium's elastic modulus and density allow for the determination of the
speed of the waveform. Using this speed, the unambiguous range of the transmitted waveforms can be determined from
the Pulse Repetition Frequency (PRF) of the ultrasound system:

Range <
v

2× PRF
(2.2)

, where
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v is the velocity of sound in the medium, and

PRF is the pulse repetition frequency of the ultrasound waveform.

Echoes from the crack are received within the pulse repetitive period, and are therefore resolved in order to determine the
presence of either foreign material or defects in the medium. The summation of the returns gives the number of unwanted
deformities/particles in the medium. In addition, a homogeneous medium can be used to calibrate the system to give a
clarity of 100%, where the presence of foreign particles and cracks will cause absorption and destructive interference that
will result in an attenuation factor. This reduced clarity can therefore be used as an indicator of the homogeneity of the
medium [18, 20].

2.1.2.1 Front-End

The MV20/20, developed through some years of research at the University of Toronto, is a specialised application of
non-destructive testing (NDT) of liquid Aluminium. It uses an oscillator to generate electric pulses that are sent to a
piezoelectric transducer. The pulses are generated at 2.25MHz, which has been selected as the optimal frequency for the
resolution of particles ranging from 20 to 200µm [18]. A second transducer is used to convert return signals to electric
form, so that they can be sampled and processed by the digital signal processor for detection. A diagram illustrating the
transceiver is shown below:

Figure 2.11: MV20/20 transceiver diagram [18]

2.1.2.2 Signal Processing

The return signal is passed through an attenuator, low-noise ampli�er and �lter stage before being converted to digital
format.

The architecture of a typical ultrasound system is shown below:
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Figure 2.12: Ultrasonic system architecture. The source signal originates from the oscillator

The signal is typically made coherent in order to improve the signal-to-noise ratio. This also ensures that the phase, which
is important for �nding range, is kept constant. Once the signal is available in memory, it is processed with a comparator
to perform particle detection, sizing and counting. The summation of the return signal within a full period, aggregated
over 10 periods is used to measure the cleanliness of the metal. This is because any present inclusions will have absorbed
and scattered the transmitted pulse, even if they are outside the detection range of the system.

2.1.3 Review of Data Analysis Best Practices

2.1.3.1 Response Surface Methodology

The response surface methodology technique aims to �nd an approximation of the response function to multivariate inputs
using Ordinary Least Squares [21]. It approximates a statistical function as a response/s to the multiple input variables.
While it has proven successful over the years, it has the main shortcoming that is still an approximation, so may not
necessarily be optimal. The error margin could imply lost potential in large manufacturing industries. For this reason, a
machine learning approximation solution is pursued for the potential bene�ts of quality optimisation.

2.1.3.2 Business Analytics

A proven process for analysing data in order to gain insights and inference capabilities is business analytics [23, 24]. Busi-
ness analytics is a set of processes that involve extracting useful insights from data so as to optimise business performance
using an empirical approach [25, 26]. The business analytics process is divided into four components:

1. Descriptive analytics. This entails analysis of historical data to understand the nature of the business process [27].
Typical outputs are statistical explanations of the data, trend analyses and other descriptive plots.

2. Diagnostic analytics. This entails analysis of historical data to understand the relationships between events (cause
and e�ect) [28]. Typical outputs include correlation plots.

3. Predictive analytics. This includes the use of historical data to predict future events [29]. Typical outputs include
future points with associated mean squared errors for regression, and a confusion matrix for classi�cation .

4. Prescriptive analytics. This is the determination of the best future scenario based on historical and current trends
[30]. Typical outputs include prescriptions of the best con�guration of the business process, or speci�c actions in
order to improve current performance or prevent predicted losses.

20

Low-pass 
~-----~ , Fi lter 

Digita l 
Front -end 

0 Low-pass 
Fi lter 

Bandpass 
Fi lter 

Bandpass 
Fi lter 

Low-noise 
Ampl ifier 

Low-noise 
Amplifi er 

Variable 
Attenuator 



For this work, the applicable components used are descriptive, diagnostic and predictive analytics, as the data is available
for exploration and predictive modelling. The prescriptive component requires domain expertise and reinforcement learning
to maximise the value of the prescriptions. It therefore falls outside the scope of this work.

2.1.3.3 Machine Learning

Machine learning is a specialised �eld of data science where an algorithm is taught to learn on data [31]. This is done in
contrast to traditional learning methods, where logic is manually programmed. A machine learning algorithm is trained
on historical data, and it recognises trends and patterns in the data, either for exploration, diagnostics or autonomous
predictions. One of the biggest advantages of machine learning is its ability to automate work�ows.

Some of the most popular classi�cation algorithms include logistic regression, naive Bayes, decision trees, support vector
machines and neural networks including deep learning networks. For small datasets (< 1000 observations), relatively
high complexity algorithms tend to over�t and hence produce large scaled errors [32]. It therefore makes sense to consider
relatively low complexity models. Naive Bayes algorithms assume independent inputs, which can be a disadvantage within
industrial processes as faults symptoms tend to be related to each other [33]. Decision trees are robust against outliers
and handle missing observations well. Their main disadvantage, however, is that they are prone to over�tting on small
datasets [34].

In this study, four algorithms are selected and compared in order to achieve target classi�cation metrics:

1. Logistic regression. The logistic regression model is considered as it is one of the most popular and simplest to
implement. The computational complexity of the algorithm is also low .

2. Support vector machines SVM). SVMs are also popular and are known to generalise over many di�erent types of
datasets. One of the advantages of SVMs is the kernel function, of which there are several variations. This makes
them adaptable to a wide range of datasets.

3. Multi-layer perceptron (MLP). MLPs are neural networks in their basal form. They are highly �exible and have the
ability to extract patterns and trends that are not obvious to humans or other computer algorithms.

4. Radial basis function network (RBF). This is a specialised neural network with radial basis functions as activation
functions. These radial basis functions give the RBF network the ability to generalise over many complex, nonlinear
datasets.

2.1.3.4 Machine Learning in Aluminium Casting

Based on existing literature, most applications of machine learning in the context of Aluminium casting pertain to the
solidi�cation process [35, 36, 37].

M. Torabi Rad, A. Viardin, G. J. Schmitz, and M. Apel presented the modelling of the alloy solidi�cation process using
a theory-trained deep neural network [36]. The solidi�cation process is important in ensuring that that as the metal
solidi�es, it does not form cracks that negatively a�ect quality. The model is trained on simulated data points generated
by simulated points based on theoretical mathematical models. Trained models can then predict solidi�cation temperature,
for example, based on input points. The novelty of the solution is in it being the �rst of its kind. While the solution can
identify quality defects during casting, it is limited to only considering the macro-scale quality problem, and not defects
trapped deep in the alloy.

In [37], a non-destructive testing method using X-ray is used to collect training data. Ellipsoidal synthetic defects are
modelled and added into the training data, and a deep convolutional neural network is trained to detect and classify them.
The solution works well, but would require substantial capital investment in industrial X-ray systems.

Within the context of metal cleanliness/alloy purity, the author was not aware of any existing machine learning work
during the writing of this report. This forms part of the novelty of the work. The cleanliness of the metal as a quality
metric is critical based on the following:

� Filter degradation can be quickly identi�ed as a sharp decrease in cleanliness as more inclusions pass through the
�lter. This means that the process can be halted and the �lter replaced before the entire cast is wasted. This is a
potential bene�t for root cause analysis.

� Melting and holding practices can be optimised by varying the settling times for more inclusions to settle to the
bottom of the launder (stage 1 in Figure 1.1).
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2.2 Methodology

2.2.1 Plan of Action

As the problem is a design problem, the solution is pursued using the traditional engineering design process [38]. From
a systems engineering point of view, the approach follows a waterfall model as the requirements are �xed during the life
of the project, and the main tasks are connected in sequence. The work�ow used in realising this project is illustrated in
the following �owchart:

Figure 2.13: Methodology work�ow.
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An important thing to note from the �owchart is the re�nement loop, which is critical for reviewing the algorithms used,
and reviewing the parameters used in the algorithms as a function of target performance metrics.

2.2.2 Metrics Used

The performance metrics used, which are discussed under the acceptance test procedure subsection, are based on classi�-
cation modelling results. These include accuracy, precision, sensitivity and speci�city. In order to achieve these metrics, a
confusion matrix is needed for each of the classi�ers. A confusion matrix is a table that compares the predicted outcomes
to actual results. It is an n×n matrix, where n is the number of classi�cation categories. The rows represent the predicted
classes while the columns represent the actual classes. In an ideal case, where the model obtained a perfect score, the
confusion matrix would only have values in the diagonal, while all the other cells are zero [39].

2.2.3 Experiment Design

The experiment design in this project considers two approaches to determining the causality of the respondent variable.

2.2.3.1 Response Surface Methodology

The response surface methodology (RSM) approach uses the boundary values of the most in�uential independent variables
to determine coe�cients of a polynomial function [40]. The polynomial function represents the relationship between the
respondent variable and all the descriptors. In an ideal case, the independent variable are varied one at a time, while the
others are held constant and incremented in repeated experiments. For multivariate independent variables, the experiment
design becomes more intensive to perform.

2.2.3.2 Machine Learning

Machine learning within a supervised context is an approach to establishing the relationship between the respondent and
descriptors. This is done by projecting the multivariate input vector onto a hyperspace, and determining a point on
the hyperspace that minimises the cost function. In order to achieve this, di�erent algorithmic techniques are available,
including regressors, decision trees, support vector machines and neural networks.

2.2.3.3 Summary

The following observations are made when comparing the RSM and machine learning approaches to experiment design:

1. The RSM approach has been e�ective in de�ning systems, but has the limitation of having to independently vary
multiple variables in the case of a multivariate dataset. This can be the source of error. The machine learning
approach overcomes this by creating a hyperspace of the entire input dataset, and therefore can account for all
variables for increased accuracy.

2. The RSM approach produces a polynomial relationship between the dependent and independent variables. Machine
learning algorithms provide better accuracy as they can use the kernel trick (support vector machines) for improved
approximation. Neural networks have also been termed as universal approximators.

Based on this analysis, it is therefore decided that a machine learning approach to the design be used in order to o�er
more �exibility in approaches, and more accuracy for the multivariate dataset.

2.2.4 Data Collection Method

The dataset has been obtained from the Hulamin Rolled Products casthouse after a trial was conducted using the MV20/20
system. The MV20/20 system produces spreadsheets for the measurements. The data was saved in Excel (.xlsx) format,
and contained in multiple �les. In order to ingest the data into any meaningful platform, the widely supported format is
.csv as it is more lightweight and relatively easier to interpret when applied to structured data.

In order to bulk convert the �les, the ssconvert utility command from the Gnumeric project was used:
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Algorithm 2.1 Bulk conversion using Bash scripting

1 f o r f in * . x l sx ;
2 do s s conve r t " $ f " "${ f%. x l sx } . csv " ;
3 done

In order to tag the data with the respondents, the sample results from the metallurgy laboratory were obtained and
analysed

2.3 System Requirements

2.3.1 User Requirements Analysis

This section makes considerations for the systems engineering approach to requirements analysis. This ensures that
the solution complies with the di�erent aspects of the business, legislature and sustainability. The following functional
requirements are based on a meeting held with Mr. Jeremy Chetty, technical manager, Hulamin Rolled Products in
February 2020.

2.3.1.1 Functional Requirements

The solution is composed of the following functionality:

FR1

Requirement Name Descriptive Analytics of Dataset
Objectives

1. To understand the history, patterns and relationships of the
process.

2. To serve as a foundation for diagnostic, prognostic and
predictive analytics.

Rationale Descriptive analytics provides an understanding of the nature of
the data so that appropriate statistical techniques can be applied
to achieve subsequent analytics.

Steps
1. Data ingestion. This involves producing a table showing the

head of the dataset and basic statistics.

2. Trends. A plot showing the trends of the descriptors is to
be developed.

3. Distributions. The distributions of the dataset are to be
shown by means of boxplots.
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FR2

Requirement Name Development of Supervised Learning Classi�er
Objectives

1. To predict whether the quality of a cast is acceptable or not.

2. For casts which failed, to predict the inclusion type
responsible.

Rationale Predictive analytics allows for an objective and autonomous
approach to determining events as a function of the descriptors.
This means the business can reduce the downtime due to
investigations, and prevent defective metal from being processed
downstream. It also provides autonomous determination of the
problem source, which further improves the downtime due to
investigation.

Steps
1. Identify classi�ers based on descriptive analytics results.

2. Tune classi�er hyperparameters using repeated
cross-validation.

3. Assess model performance and recommend best model.

2.3.1.2 Performance Requirements

The following performance requirement was elicited from the business during a meeting with Mr. Thirushan Govender,
Manager, Process Engineering, and Mr. Jeremy Chetty, Technical Manager, casthouse, held in February 2020.

PR1 Real-time classi�cation. The classi�ers shall take no more than 30s to perform classi�cations on input data.

2.3.1.3 Usability Requirements

It was agreed with the business that the implementation of a user interface should not form part of the requirements, and
may be developed based on the outcome of this research. A user interface is therefore not considered as part of the scope
of the project.

2.3.1.4 Environmental Considerations

From the initial meeting with Mr. Rodney Green-Thompson, Director, Hulamin Rolled products, held in October 2019,
the need for the business to improve its carbon footprint was outlined. The business outlined the following types of waste
that are associated with inclusions:

Table 2.1: Types of waste and their associated sources

Waste type Description
Process - Cast During production, inclusions detected in metal can cause the

entire cast (~80 tons) to be scrapped for quality.
Process - Billet During production, inclusions can cause a single billet to be

scrapped for quality.
Process - Downstream During production, undetected inclusions can cause surface

cracks, scratches and tears on the metal in downstream
processes.

Process - Logistics Processed metal can fail formability tests while en-route to
customers.

Customer Complaints During processing at customer facilities, inclusions can cause
metal to tear, fail formability tests, or they can cause leaks in

the material.
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The real-time analysis and prescription of metal quality conditions provides an opportunity to minimise the di�erent types
of waste listed in the table. This is because once defective material is detected, the rest of the cast can potentially be cured,
and the loss will therefore be reduced to a single billet. In extreme cases where the cast cannot be cured, downstream
waste, logistics waste and customer complaints can be prevented. The following environmental requirements are therefore
presented by the business:

ER1 Reduction of cast waste by 80%. This implies the �agging of defective metal with an availability of ≥ 95% (15%
availability tolerance). An 80% reduction in cast waste will reduce energy and gas consumption in downstream
production for defective metal by ~30% and ~20%, respectively.

ER2 Reduction of customer complaints by 66%. This reduction will ensure the business meets its continued im-
provement targets regarding customer satisfaction. This requirement is linked to the functional requirement
FR2, which involves the implementation of a two-stage classi�er. The classi�cation of sample results is the
direct requirement linked to this requirement.

These environmental requirements are outside the direct scope of this project. However, a successful realisation of the
project would provide a basis for a study into the positive environmental impact of the solution. The outcomes of the
study can then be used to assess whether the business has realised the environmental requirements listed. It is therefore
a recommendation that an environmental impact study be performed once the solution is in deployment.
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Chapter 3

System Model and Design

3.1 Suggested Approach

Business Analytics (BA) has become an increasingly important tool for data-based insights into business processes. It
allows for deeper insights that might otherwise not be apparent at a super�cial level. This allows for faster reaction
times, more proactive approaches to business problems and business process optimisation. Based on the business analytics
process, the following steps are suggested:

1. Data ingestion and descriptive analytics - data is ingested and optionally reshaped and pre-processed to ensure
readiness for visualisation and modelling. Hypotheses can be developed based on the initial statistical analyses,
including tests for normality, determination of distributions. In cases where the data has speci�c target setpoints,
capability and stability can be determined using statistical process control techniques.

2. Diagnostic Analytics - correlation plots are generated in order to establish the relationships between descriptors.

3. Predictive Analytics - data is transformed and modelled in order to assess if predictions can be successfully made.
This typically involves the use of machine learning models for regression or classi�cation.

4. Once model training results are above set targets, experiments are designed in order to determine the best model
and the best model parameters. The optimal model is then tested, integrated and deployed for bene�t realisation.

The suggested approach for this project involves the application of BA as listed above. This approach is deemed as a
su�cient approach for achieving the requirements of the project.

3.2 System Design

3.2.1 System Architecture

The following diagram depicts the architecture of the supervised learning classi�er:
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Figure 3.1: Supervised learning system architecture

The diagram shows the system �ow from the measurement to the prediction of the inclusion type.

3.2.2 State Machine Diagram

The following state machine diagram shows the di�erent states of the system:

Figure 3.2: System state machine diagram

The states of the system are:

1. Ingest. This state involves ingesting an observation of data from the MV20/20 system.

2. Preprocess. This state involves standardising and centering the data. This ensures that the di�erent ranges do not

3. Classify Sample Result. The sample result is classi�ed by the �rst stage classi�er.

4. Report. If an anomaly is detected, the system sends an email to a list of addresses provided by the business. The
email is sent through a simple SNMP service.

5. Classify inclusion. If the outcome of the �rst stage classi�cation is failed, the inclusion is classi�ed.

3.3 Data Ingestion & Statistical Analysis

Data ingestion is the �rst stage to analytics. The dataset is parsed into a data frame from a �le. The following algorithm
shows how the data is ingested into program memory. The R programming language is used in this case.
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Algorithm 3.1 Data ingestion

1 rm( l i s t = l s ( ) )
2
3 d <−
4 read . csv ( f i l e = " . . / Data /5182 . csv " ,
5 header = TRUE,
6 s t r ing sAsFac to r s = TRUE)
7 data length <− l ength (d)
8 xdata = d [ , 1 : ( data length − 2 ) ]
9
10 ydata_incl_type = d [ , ( data length − 1 ) ]
11 ydata_samp_res = d [ , data length ]
12
13 test_data <−
14 read . csv ( f i l e = " . . / Data/ t e s t . csv " ,
15 header = TRUE,
16 s t r ing sAsFac to r s = TRUE)
17 x t e s t <− test_data [ , 1 : ( data length − 2 ) ]
18 ytest_inc l_type <− test_data [ , ( data length − 1 ) ]
19 ytest_samp_res <− test_data [ , data length ]

A summary of the ingested data is shown in the following table:

Table 3.1: Input data summary. Trimmed represents the trimmed mean and mad is the median absolute deviation. se is
the standard error

vars mean sd median trimmed mad min max range skew kurtosis se
Cleanliness 55.17 2.13 55.00 55.20 2.97 50 62.00 12.00 -0.04 -0.22 0.11

LPS.120_140.__m 1.45 1.74 1.00 1.15 1.48 0 8.00 8.00 1.24 1.02 0.09
LPS.140_160.__m 0.47 0.70 0.00 0.33 0.00 0 3.00 3.00 1.34 1.03 0.04
LPS.20_30.__m 8.71 3.17 9.00 8.73 2.97 0 17.00 17.00 -0.06 -0.18 0.16
LPS.30_40.__m 17.34 10.21 17.00 16.77 10.38 0 50.00 50.00 0.47 -0.17 0.53
LPS.40_50.__m 9.16 4.03 8.00 8.80 2.97 0 22.00 22.00 0.75 0.53 0.21
LPS.50_60.__m 4.81 2.56 5.00 4.66 2.97 0 16.00 16.00 0.79 1.51 0.13
LPS.60_90.__m 4.19 2.07 4.00 3.98 1.48 1 13.00 12.00 0.91 0.70 0.11
LPS.90_120.__m 4.88 3.37 4.00 4.47 2.97 1 18.00 17.00 1.18 1.65 0.17

MV_Grade 59.75 4.31 60.00 59.63 4.45 49 72.00 23.00 0.23 -0.12 0.22
No.Signal 66.75 21.99 67.00 67.09 20.76 1 135.00 134.00 -0.17 0.35 1.13
PSP1000M 31.65 18.89 30.00 30.80 22.24 0 86.00 86.00 0.34 -0.58 0.97

INCLUSION_COUNT 24.69 19.63 20.50 22.42 20.02 1 73.00 72.00 0.78 -0.32 1.01
FILTERED_MASS 1.15 0.09 1.15 1.15 0.10 1 1.31 0.31 -0.03 -1.10 0.00
INCLUSION_TYPE* 1.99 0.82 2.00 1.99 1.48 1 3.00 2.00 0.01 -1.50 0.04
SAMPLE_RESULT* 1.62 0.49 2.00 1.65 0.00 1 2.00 1.00 -0.50 -1.75 0.02

The dataset has 16 features. Of the features, 14 are numeric and 2 are categorical (inclusion type and sample result).
They are represented statistically by replacing the categories with 1, 2, and 3 for the inclusion type and 1 and 2 for the
sample result. The variables LPS* represent the largest particle size. the sizes of the particles are indicated by the su�xes
in microns. About half of the variables have a moderate to high level of skewness, indicating the asymmetry that exists
in the distributions.

3.3.1 Numerical Features

Some of the important measurements from the MV2020 are:
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� Cleanliness. This feature represents how close the metal is to pure Aluminium as a percentage. As all the products
from Hulamin are Aluminium alloys, the cleanliness percentage cannot achieve 100%, and realistic targets can be
set based on dedicated studies beyond the scope of this project.

� MV Grade. This is a MetalVision feature indicating the how potentially clean the metal could be if the signal
attenuation due to inclusions was not present. Is it also strongly correlated to the cleanliness, although it is always
higher.

� No signal. This feature maintains a count of the number of times a signal was not returned during a measurement
sprint.

� Inclusion count. The inclusion count gives the number of inclusions detected during a measurement sprint.

� LPS_50_60 __m. This represents the number of particles ranging from 50− 60µm in size. These are of particular
interest as they tend to cluster and form bigger particles that a�ect metal quality.

Figure 3.3 shows a correlation plot of the numeric features of the dataset:

Figure 3.3: Correlation plot of the numeric features of the dataset

The dataset indicates many strong correlations, particularly among the LPS features. It is also noted that the Cleanliness
feature has a strong negative correlation with the LPS features. This is an indication that the cleanliness of the metal
is inversely proportional to the presence of inclusions, as expected. The inclusion count has very little correlation with
any of the features. This indicates that the inclusion count cannot be used in isolation as an indicator for any quality
condition of the metal.
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3.3.2 Categorical Respondents

3.3.2.1 Inclusion Type

The inclusion type feature describes the inclusions mainly responsible for contaminating the metal. These inclusions have
been found to originate from di�erent upstream sources, including:

� Alloying - when creating the desired alloy, Magnesium is added as a constituent of the alloy. As the Magnesium
oxidises when exposed to oxygen during processing, thin layers of MgO form on the surface and get mixed into the
cast. The same is true for Iron.

� Refractory degradation - the refractory walls are subject to natural degradation due to wear and tear. During this
wear, Spinel particles can mix with the metal.

The relative inclusion quantities for the inclusions are shown in Figure 3.4:

Figure 3.4: Inclusion type ratios

It is essential to keep the inclusion counts as low as possible so as to maximise the quality of the product. A scatterplot
is shown in Figure 3.5, with the colouring based on the inclusion type:
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Figure 3.5: Scatterplot of numerical features coloured by inclusion type

The separability among the inclusion types is not as separable as the sample result.

3.3.2.2 Sample Result

The sample result represents the metal that failed either based on a downstream process or as a result of an inclusion-
related customer complaint. This feature is critical in training the model as a target parameter, as the model is to predict
whether the metal will pass or fail. The ratios of the results are shown in Figure 3.6:

Figure 3.6: Sample result ratios

It is evident that the data for this category is unbalanced due to most of the samples passing. Ideally, the samples that
failed must be kept as low as possible.
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The scatterplot in Figure 3.7 shows the correlations between the features, coloured by the sample result categorical
respondent:

Figure 3.7: Scatterplot of numerical features coloured by sample result

The scatterplots show linear relationships between the cleanliness, MV grade and the LPS 50 - 60µm features. This is
consistent with the fact that the MV grade is an estimate of the cleanliness without attenuation, and that the number of
particles in the metal is inversely proportional to the cleanliness of the metal. The inclusion count and no signal features
show no strong correlations to the other features. The �passed� category of the sample result shows a linear separation
with all the features, except for some overlaps with the �failed� result around the centers. This is an indication that the
cleanliness of the metal might have a strong in�uence on the result of the sample.

Another important note is the visually linear relationship between the sample result (passed or failed) and the features
Cleanliness, LPS 50-60um, and MV Grade. Based on this, a solution based on the response surface methodology could
potentially provide the required output prediction while keeping the solution relatively simple and computationally inex-
pensive. This, however, would only account for the features that are linearly correlated. The rest of the features as shown
in Figure 3.3 are more sparsely correlated. In the interest of optimising the response of the solution, machine learning is
the preferred solution.

3.3.3 Distribution

The distribution of the dataset is shown by the following boxplot diagrams:

33

::i • ..,; FAILED Q) 60- n:: • 
.5 ::u • PASSED 
] 55- :J, ft.I:'-.,,, "" Q) 

~': c3 50- ... ,,., 
E 15 · i 'lo • ::, 
0 ~ '\. "' 10· f;-6 
"' 5- ..... 

...,, • 
(/) .,, ... ~ ..... 
a. 0 - ~ 
..J 

Q) 70- d'_. CJ " ~ ta 
(!) 60· ••• ~. 1:· ~lJ, > 9.t • ::. 50- tJ • 

•J'l,, ~--~ 
150-

• 
• 

0 z 
E 80 ::, 
0 60 u 
C: 40 
0 
'iii 20 ::, 
u 
E 

50 55 60 0 5 10 15 50 60 70 0 50 100 150 0 20 40 60 80 

Cleanliness LPS 50-60um MVGrade No Signal Inclusion Count 



Figure 3.8: Boxplots showing the distributions of the dataset. The return axis indicates the relative ratios of the normalised
variables as percentages.

The boxplots indicate that most of the variables have a normal distribution, although some appear to have skewness.
There are also points outside of the whiskers for most of the LPS variables, indicating the presence of outliers.

3.3.4 Shapiro-Wilk Normality Test

The Shapiro-Wilk normality test is one of the popular methods for testing for normality on a given dataset [41]. The
test makes a null hypothesis that the data is normally distributed, and the p-value provides the outcome. For a p-value
> 0.05, which is a 5% error, the null hypothesis has passed and the data can be considered normally distributed. For
values below 0.05, the null hypothesis fails. The test statistic, W ∈ {0, 1}, also indicates how well the data �ts in a normal
distribution. Therefore, higher values of W indicate a close �t to a normal distribution. The following table shows the
normality test for all the numeric features:
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Table 3.2: Shapiro-Wilk normality test on numeric features

variable statistic p-value
Cleanliness 0.98 1.589e-05

LPS.120_140.__m 0.81 6.22e-21
LPS.140_160.__m 0.68 4.104e-26
LPS.20_30.__m 0.99 0.007
LPS.30_40.__m 0.98 7.291e-06
LPS.40_50.__m 0.98 1.452e-12
LPS.50_60.__m 0.94 1.146e-10
LPS.60_90.__m 0.92 3.461e-13
LPS.90_120.__m 0.9 3.137e-15

MV_Grade 0.99 0.005
No.Signal 0.99 0.132
PSP1000M 0.97 1.789e-06

INCLUSION_COUNT 0.91 4.44e-14
FILTERED_MASS 0.96 8.189e-09

The normality test reveals that three out of the 14 variables have a normal distribution, namely LPS 20 30, MV Grade
and No Signal. The rest of the variables failed the normality test. This, however, does not indicate that the variables
cannot be processed using normal statistical methods, as the test statistic is high for most of them, indicating that a
lot of the data still �ts within a normal distribution. In order to ascertain whether the normal statistical methods can
be applied (e.g. PCA), the results for those techniques will be assessed. It should also be noted that the nature of the
casthouse from a cleanliness point of view provides a natural bias. This is because there are processes that actively try
to improve the cleanliness of the metal, for example the ceramic foam �lter. These processes create a bias in the dataset,
causing it to be skewed.

3.3.5 Standardisation

Standardisation is a common method of ensuring the data contains some uniformity. This is particularly important when
there exist di�erent units in the input data. From the input dataset, most of the features are percentages, as they are
features derived from the calibrated machine. There is also a �count� feature, which represents the number of inclusions
detected. The only feature with units is the �ltered mass, which is in grams. It is therefore necessary to standardise so
as to ensure that the di�erence in units does not introduce any bias to the data. The input dataset is standardised by
applying two common methods, namely scaling and centering. The data is scaled to unit variance, and the variables are
centered about the mean.

3.3.6 Feature Extraction

For most of the machine learning algorithms available, the input data is best represented as a transformed dataset from
the multivariate space to a space with several dimensions. The transformations aim to minimise information loss by
identifying and extracting features from the input dataset and mapping them onto a latent space with fewer components
than the original number of features of the input data. This also makes it e�cient for post-processing.

3.3.6.1 Principal Component Analysis

Principal components analysis (PCA) is a leading technique for dimensionality reduction in multivariate data analysis
problems [42]. It casts data from n dimensions to 2 or 3 dimensions which can be visualised and more easily processed.
The main advantage of PCA is in the fact that it can reduce multi-dimensional data into 2 or several components while
preserving most of the variance of the data. The PCA method derives its components from eigenvectors of the covariance
matrix of the data matrix. In many cases, the data is scaled to unity and centered at the origin.
For a data matrix X, the weight vector w(1) for the �rst component is given as:

w(1) = arg max

{
wTXTXw

wTw

}
(3.1)
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in order to maximise variance. To get the next components,

X̂k =X−
k−1∑
s=1

Xw(s)w
T
(s) (3.2)

and the corresponding weight vector which maximises the variance of the data matrix is:

wk = arg max

{
wT X̂

T
X̂w

wTw

}
(3.3)

In order to ensure that the number of principal components considered provides a balance between complexity (number
of components) and the cumulative variance explained, a plot of the variance as a function of the number of components
is shown:

Figure 3.9: Explained variance as a function of the number of principal components

From the �gure, it can be seen that 99.6% of the variance of the input dataset is explained by the �rst three principal
components. This means that using the �rst three components, a su�cient variance of the dataset is explained.

Figure 3.10 shows the PCA plot of the three principal components. The points are coloured by sample result.
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Figure 3.10: PCA plot showing the three principal components, coloured by sample result

This plot indicates that a separation exists between the two classes in the latent space, although there might be non-linear
separation.

The following plot shows the principal components coloured by inclusion type:
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Figure 3.11: PCA plot showing the three principal components, coloured by inclusion type

The plot shows that there might be some separation between the classes in the latent space, although there appears to be
overlap.

3.3.6.2 Kernel Principal Components Analysis

In order to account for non-linearities in the latent space, a kernel function can be used. The kernel function quanti�es
the similarity of the observations by mapping the data to a higher dimension where the classes may be more spatially
separable [44]. There are three popular kernels in use, which are:

The linear kernel applies a linear function based on linearly separable data and is of the form:

K(xi, xi′) =

p∑
j=1

xijxi′j (3.4)

, where K is the kernel function of two observations xi, xi′ . Since we are trying to account for non-linearities, this kernel
will not be considered.

The polynomial kernel can have degrees d > 1 and can help separate clusters in data that is not linearly separable. The
polynomial kernel function has the form:

K(xi, xi′) =

1+

p∑
j=1

xijxi′j

d

(3.5)

This kernel o�ers a more �exible decision boundary than the linear kernel.

The radial kernel uses a radial basis function (RBF). The RBF can approximate for more non-linearities and map the
data to a more linearly separable space. The RBF kernel has the form:
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K(xi, xi′) = exp

−γ p∑
j=1

(xij − xi′j)2
 (3.6)

, where γ is a positive constant. The RBF kernel is a popular preprocessing method for using support vector machines.
According to Scikit-Learn, a good value for γ is 1

number of features [45]. Since the dataset has 14 numerical features, a
starting point for the selection of γ is 1

14 = 0.0625. The kernel PCA explained variance plot is shown in Figure 3.12:

Figure 3.12: Kernel PCA explained variance plot

The kernel PCA requires too many components to explain a su�cient amount of the variance of the dataset. It is therefore
deemed un�t for use within this context.

3.3.7 Summary

The data ingestion component of the study has revealed that most of the dataset does not have a normal distribution
due to bias from the process. For feature extraction, the linear principal components analysis technique has proven to be
an e�ective dimensionality reduction method. Using the linear PCA, it has been demonstrated the use of two principal
components accounts for ~80% of the total variance, while using 3 principal components accounts for 99.6% of the total
variance within the dataset. The data is therefore linearly separable within the PCA latent space.

3.4 Supervised Learning Classi�cation

Supervised learning is the branch of machine learning that uses labelled datasets to develop statistical models for predicting
future data. The model can be classi�ed as a regression model or a classi�cation model. Regression models aim to predict
numerical response variables, while classi�cation models aim to predict categorical response variables. For categorical
inputs, there exist methods to perform one-hot encoding so that they are represented as numerical values for the model
to ingest. They are mostly disregarded, however, in model building as they may contain biases from being user inputs. In
this case, the categorical inputs are also ignored for modelling, and only the numeric features are used.

The data is split 75/25 between training and validation as this is within the widely accepted range of 70/30 to 80/20.

Classi�cation metrics are the metrics by which the performance of trained models can be scored [39]. The assessment
of success, however, is largely dependent on domain knowledge, and on speci�c business needs for the problem being
addressed. The dataset must also satisfy the one-in-ten predictor rule, which states that you need at least one predictor
for every ten observations in order to prevent over�tting [43].
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It is generally a di�cult task to train a machine learning model. This is because the model has hyperparameters that
determine how optimally it generalises over the training data. To overcome this, the cross-validation method is used. In
particular, the k-fold cross-validation method iterates through di�erent values of the hyperparameters to determine the
best combination for the speci�c dataset. This is achieved by holding out a validation sample each time from a di�erent
slice of the input dataset. Once validation is done, the data is shu�ed and another holdout sample is drawn for validation
while the model is �tted on the rest of the dataset. As the model is repeatedly resampled, the variant with the best
hyperparameter performance is returned. Usually, a target metric is used to assess model performance. The value of
k = 10 is used so as to ensure granularity in the cross-validation. The cross validation is also repeated 5 times to ensure
that it is not biased.

3.4.1 Logistic Regression

The logistic regression model is an extension of the linear regression model, which is a numerical regressor, into the
probability space. A logistic regression model calculates the probability that an outcome belongs to a certain category,
and makes a prediction based on the highest probability [43]. It extends the linear regression model by introducing a logit
function, which uses probabilities to estimate the categorical parameter from the input, instead of mapping a numerical
output to the input. The logistic regression model is represented as:

log

(
p(X)

1− p(X)

)
= β + αX (3.7)

, where p(X) is the default probability of X, β is the initial biasing factor and α is the weight applied to the input X.
The logistic function ensures that for all X, the probability p(X) is between 0 and 1.
The hyperparameters to optimise for the logistic regression model are shown in the following table:

Table 3.3: Logistic regression model hyperparameters

Parameter Value
model_id generalised Linear Model (Logistic Regression)

regularisation distribution 0 - 1
lambda regularisation 0.0625 (1 / number of observations)

The logistic regression model is part of the family of generalised linear models (GLM). For this model, the regularisation
distribution is the hyperparameter to be optimised. The second parameter, lambda, is the regularisation factor and has
been proven to be optimal at the inverse values of the number of features in the dataset [46].

3.4.2 Support Vector Machine

Support vector machines (SVMs) are among the most widely used and successful classi�ers in use today [47]. This is
because they have been known to perform satisfactorily in di�erent applications. The support vector machine transforms
the feature space into enlarged higher dimensions using kernel functions. The purpose for enlarging the feature space is
to accommodate for non-linear boundaries between target classes. Considering a linear support vector classi�er:

f(x) = β0+
n∑
i=1

αi 〈x, xi〉 , (3.8)

where the parameters α1, α2, ...αn and β0 can be determined using the inner products 〈xi, xi′〉 between all pairs of training
observations. It is therefore evident that all that is needed are the inner products in order to solve for a linear support
vector classi�er. The support vector machine introduces a generalisation to the inner product:

K (xi, xi′) , (3.9)

where K is the kernel function that performs the generalisation. The kernel computes the similarity between two obser-
vations. There are three widely used kernel functions [47], namely:

� Linear: K (xi, xi′) =
p∑
j=1

xijxi′j ,
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� Polynomial: K (xi, xi′) =

(
1 + γ

p∑
j=1

xijxi′j

)d
, and

� Radial basis function (RBF): K (xi, xi′) = e

(
−γ

p∑
j=1

(xij−xi′j)
2

)
.

Here, γ > 0 is a kernel weighting parameter that needs to be selected for the model (using a polynomial, RBF or sigmoid
kernel function). The degree of the polynomial d > 1 determines the degree of �exibility of the decision boundary. The
choice of a kernel function for non-linearly separable classes is not intuitive, but it is regarded as a good starting point
to select the RBF kernel [47]. In order to ensure due diligence, however, the di�erent kernel functions will be compared
side-by-side to determine the optimal one for training on the dataset.

3.4.2.1 Model Parameters

The hyperparameters to optimise for the logistic regression model are shown in the following table:

Table 3.4: SVM model hyperparameters

Parameter Value
model_id Support Vector Machine (SVM)

cost 0 - 1
kernel linear, polynomial, rbf
degree 1 - 5 (polynomial)
gamma 0 - 1 (polynomial, rbf)

loss function categorical crossentropy

3.4.2.1.1 Sample Result Target Respondent The �rst parameter to optimise is the cost function, which is common
among all the variants of the SVM model. In order to �nd the optimum cost coe�cient, a linear variant of the activation
function is used, and the cost function is incremented. The following plot shows the model training performance as a
function of the cost function:

Figure 3.13: Sample result target respondent SVM cost function performance
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The optimal cost function is determined to be 0.1 as the loss of the model is minimal at that value. This value is therefore
used for all the variants of the SVM.

The polynomial degree is also applied as an independent variable, and the training performance is plotted as its function.
The training performance is shown in Figure 3.14:

Figure 3.14: Sample result target respondent SVM polynomial degree performance

The log-loss curves show that the degree of 3 is the optimal degree for the polynomial variant of the SVM model. This is
because it has the lowest loss at a corresponding gamma value of 0.3. These are therefore the selected hyperparameters
for the polynomial variant.

The following plot shows the training performance of the model for di�erent values of the gamma function:
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Figure 3.15: Sample results target respondent SVM RBF gamma performance

The best performance for gamma is at 0.01, where the lowest log-loss is achieved. This is therefore used to train the �nal
model.
In order to compare the kernel functions, the optimal hyperparameters are set for each kernel function respectively, and
the training performances of the kernel functions are compared. The training performances are shown in Figure 3.16:

Figure 3.16: Sample result target respondent SVM kernel function comparison

The loss functions for the di�erent kernels show little di�erence in performance. The polynomial kernel appears to provide
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the best loss, followed by the RBF kernel. The di�erences are negligent, which indicates training convergence. This
therefore means that the polynomial and RBF kernel functions can be used with negligible di�erence in performance. The
RBF kernel, however, is more computationally expensive, and therefore the polynomial kernel is used in the �nal model.

3.4.2.1.2 Inclusion Type Target Respondent The following plot shows the model training performance as a
function of the cost function:

Figure 3.17: Sample result target respondent SVM cost function performance

The log-loss function sharply decreases down to a minimum of 0.395, where the cost function is 0.9. This is therefore the
value used for training the SVM.

The polynomial degree is also applied as an independent variable, and the training performance is plotted as its function.
The training performance is shown in Figure 3.18:
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Figure 3.18: Sample result target respondent SVM polynomial degree performance

The curves show that for higher degrees of the polynomial, the loss increases after a sharp drop at γ = 0.1. The �rst
degree is the only order to maintain a decrease in the loss function for increasing values of gamma. The lowest loss is
achieved at a value of γ = 1, where the loss is 0.4.
Figure 3.19 shows the training performance of the model for di�erent values of the gamma function:

Figure 3.19: Sample results target respondent SVM RBF gamma performance

From the curve, it can be seen that the loss function takes a sharp drop before slowly increasing. the optimal value of
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gamma is therefore where the loss makes a turning point, which is 0.27.

In order to compare the kernel functions, the optimal hyperparameters are set for each kernel function respectively, and
the training performances of the kernel functions are compared. The training performances are shown in Figure 3.20:

Figure 3.20: Sample result target respondent SVM kernel function comparison

The RBF has proven to be the optimal kernel function for �tting the data, as it o�ers the best overall performance in
relation to the loss function. The linear and polynomial functions have comparable performance. The RBF is therefore
the preferred kernel for building the �nal model.

3.4.3 Multi-Layer Perceptron

The use of arti�cial neural networks as brought the ability to approximate many problems that could not be well ap-
proximated using traditional methods [31]. To date, numerous networks have been developed that have been targeted
at solving traditionally di�cult problems, including machine vision, natural language processing, sentiment analysis and
various regression and classi�cation problems across many �elds. They have also been extensively used in medical appli-
cations. They are named after the biological neural network, as they also contain neurons and synapses that interconnect
them [48].

The multi-layer perceptron (MLP) is the most basic form of a neural network. An illustration of an MLP is shown in
Figure 3.21:

46

r... 
0 

~ 
0 

en I.[) 

en 0 
0 

...J 
C) 

_Q 'St" 
d 

(1) 

0 

C\! 
0 

0 10 20 30 

Resampled fold 

40 

Li near 
Polynomial 
RBF 

50 



Figure 3.21: Neural network architecture

The network, as shown in the �gure, consists of connected layers of neurons, including the input, hidden and output layers.
The components are discussed in the following subsection.

3.4.3.1 Neurons

The neurons, which are also called nodes, are the main elements that are interconnected to form the neural network.
Each neuron is represented by an activation function, which is activated when the input exceeds a given threshold [48].
The threshold and activation function form the core of the neuron. A neuron can have many inputs, but it has only one
output. The activation function of a neuron is shown below:

f(x,w, b) =

{
w × x+ b w × x+ b ≥ θ
0 otherwise

(3.10)

, where

f(x,w, b) is the activation function,

w is the weight vector,

x is the input signal,

b is the bias, and

θ is the activation threshold.

The neuron uses the threshold to �lter out weighted signals, and the activation function transforms the signals that have
exceeded the threshold according to the selected activation function. It is important to �nd an activation function that
will not suppress the input (diminishing gradient) or boost noise (exploding gradient). As a result, there exists a body
of knowledge which prescribes the best practices for selecting an activation function [9, 31, 48]. Some of the most widely
used activation functions are presented in the following subsection.

3.4.3.2 Activation Functions

The ReLU (recti�ed linear unit) is the most popular activation function in neural networks. This is because the function
is linear above the origin point and zero elsewhere:

f(x) =

{
x x ≥ 0

0 x < 0
(3.11)

The ReLU function is the preferred starting point as it retains x for all positive values of x. This gives a safe performance
regarding diminishing gradients and exploding gradients as it is non-saturating and it o�ers an accelerated gradient descent
towards a minimum value of the loss function [49]. The drawback with the ReLU function, however, is that for negative
inputs the model will be poorly trained as they are turned to zero. This may result in accuracy implications on models.
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There exist several versions of the ReLU function to overcome this. A popular variant is the leaky ReLU, where the
function is given a small gradient in the negative space. This makes it better for negative inputs, but the predictions may
not be consistent for negative inputs due to the di�erent gradients. Another popular variant is the exponential linear
units (ELU), where the negative inputs are mapped onto an exponential function. This gives better sensitivity to negative
inputs, but introduces the challenge of exploding gradients.

The maxout activation function is a generalisation of the ReLU and leaky ReLU activation functions [50]. It selects the
maximum feature from the inputs. The maxout function is given as:

f(x) = max(wT1 x+ b1, w
T
2 x+ b2, ..., w

T
nx+ bn) (3.12)

for n inputs. The main advantage of maxout functions is that with at least two maxout units, they can approximate any
function. They have also been proven to perform well for most applications.

The linear activation function maps the output to the input for all values of the input:

f(x) = x (3.13)

While for positive values of x the linear function shares the advantages of the ReLU function, its major drawback is that
it does not support backpropagation. This is because the derivative of the function is a constant value (1) which has no
relationship to the input. In addition, the linear activation function decomposes multiple hidden layers to the equivalent
of one, as the last hidden layer is a linear function of the input. This defeats the purpose of having hidden layers.

The sigmoid function is an inverse of the exponential decay function:

f(x) =
1

1 + e−x
(3.14)

The sigmoid function casts any input to a value between 0 and 1. This makes it ideal for cases where inputs might be
unevenly weighted, as the input contributions will not di�er by much. This also means that the sigmoid can be used to
predict probabilities, as probabilities only exist between 0 and 1. The function is also di�erentiable, but the di�erential
function ceases to learn as the gradient approaches 0. Also, the function outputs positive values for all x, meaning that
the learning f the model might be unstable [49].

The hyperbolic tangent (tanh) activation function has an S-shaped curve which bears similarity to the sigmoid function
in the �rst quadrant. The tanh function, however, converges towards -1 for increasingly negative values of x. The function
is given by:

f(x) =
ex − e−x

ex + e−x
(3.15)

The tanh function gives better performance than the sigmoid function for multi-layered neural networks [51]. Also, the
function is zero-centered, so the output values can be categorised as strongly negative, neutral, or strongly positive.
The tanh activation function also has the diminishing gradient drawback as the derivative converges towards 0 in either
direction. It is better than the sigmoid in that the gradients are not con�ned to a particular direction. Hence its non-
linearity is preferable to that of the sigmoid function, especially for deeper networks.

The softmax activation function is a combination of multiple sigmoid functions. It is most commonly used as an
activation function for the output layer of the neural network in multi-class problems [49]. It returns multiple probabilities
for each class, and the class with the highest probability is the predicted class. The softmax function is given as:

f(xi) =
exi∑
j

exj
(3.16)

The softmax function is ideal for multi-class classi�cation networks, and is among the most widely used in these applica-
tions, particularly in the output layer. As a result, the output layer for deep classi�ers is often called the softmax layer.
The softmax function is used in this project for all output layers [48].
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3.4.3.3 Layers

The connections between neurons are simply weights. These weights act on the signal to either amplify or compress it.
The weights together with the bias are part of the learned features of the model to ensure that signals are weighted in
terms of relative importance, and noise is suppressed. The weights are determined iteratively by the model during the
learning stage.

The input layer is a column vector of nodes. These nodes represent the interface to the features of the input data and
the rest of the model. For a multivariate dataset, the input layer will contain n neurons, which are the total number of
features to be learned by the model. Each model has only one input layer.

The hidden layers of the neural network form the intermediate layers of the network where the learning takes place. The
depth of a neural network is based on the number of hidden layers. Each layer is a vector of unconnected neurons, with
each neuron being connected to all neurons from the preceding layer and all neurons of the subsequent layer. The neurons
from di�erent layers are connected by weights and biases. Consequently, most of the computational intensity comes from
the hidden layers. The last hidden layer is connected to the output, and the �rst hidden layer is connected to the input.

The output layer consists of a vector of unconnected neurons that represent the output. Classi�cation neural networks
have the same number of neurons on the output layer as the number of target classes. As most neural networks use
probabilities, the output layer usually contains probability outputs, with the target output having the highest probability.

The loss function characterises the error of the model. It provides feedback to the model by updating the gradients used
to adjust the weights. The model therefore aims to minimise the loss function as it learns [31]. Some of the most widely
loss functions include:

1. Mean Squared Error. This function is used in most regression problems.

2. Binary Crossentropy. This function is used in most binary classi�cation problems.

3. Categorical Crossentropy. This function is used in most multi-class classi�cation problems.

For this problem, categorical crossentropy is used. Based on the components listed above, the hyperparameters of the
multi-layer perceptron are given in the following table:

Table 3.5: Multi-layer perceptron model hyperparameters

Parameter Value
model_id multi-layer perceptron

number of hidden layers 1 - 2
number of neurons 5 - 10; 1 - 10

loss function categorical crossentropy
activation function (hidden layer) relu, linear, sigmoid, tanh
activation function (output layer) softmax

3.4.4 Radial Basis Function Network

Radial Basis Function (RBF) networks are a special case of the multi-layered perceptron, with all the activation functions
of the hidden layers being radial basis functions [52]. Typically, an RBF network consists of an input layer, a hidden layer
with radial basis activation functions, and a linear combination of the radial basis functions into the output layer. The
network is a fully connected feed-forward network given as:

yi (x) =

Jm∑
k=1

wkiφ
(n
x− ck

n)
, i = 1, ..., J

m′ (3.17)

, where

yi (x) is the ith output,

wki is the connection weight from the kth hidden unit to the ith output unit,

φ is the RBF,

x is the input,
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ck is the center of the kthnode, andf
.
f
is the Euclidean norm.

It is common occurrence to have the same radial basis function across all the nodes in the hidden layer of the network, so
that the same non-linearity is applied to all the inputs [52].

An advantage of the RBF network is that is possesses interpolation capabilities that give it the ability to universally
approximate functions [53, 54]. It has also been found that the Gaussian RBF can universally approximate any function,
given that it has a su�cient number of centers (nodes) [52, 55]. The Gaussian representation of the RBF is given as:

φ(r) = e
−r2/2σ2 (3.18)

, where

r > 0 is the distance from a data point x to a center c, and

σ is the standard deviation and is used as a smoothness factor for the interpolation function.

As can be seen from the equation, the RBF is monotonically non-increasing. This implies that for r →∞, φ(r)→ 0, i.e.
for greater distances to the center, the RBF contribution decays towards zero.

From [52, 53, 54], it has been shown that the application of a special form of the RBF, namely the Dynamic Decay
Adjustment (RBF-DDA) algorithm is faster, constructive and has better generalisation capabilities for classi�cation tasks.
The learning process involves:

1. The algorithm is designed for the automatic selection of the parameters r and σ.

(a) The distance r is computed as the mean of all the distances used during the training stage where the model
performed correct classi�cations. This ensures that variable importance is also factored into the model. It
should also be noted that this makes the model speci�c to an application, as the change in input statistics
(mean, standard deviation) will render the model ine�cient.

(b) The smoothness factor σ is used for interpolation so as to create a continuous probability space.

2. Once the model has determined r and σ, thresholds need to be selected in order to optimise the learning process.

The DDA algorithm introduces two thresholds, namely θ− and θ+. These thresholds, when applied in the probability
space, de�ne an area of con�ict, where no other prototype of a con�icting class is allowed to exist [53]. Once a correct
classi�cation has been made, the algorithm does not allow any other prototype of the model to be built (whether correct
or incorrect) within the boundaries set by the threshold. This gives the DDA algorithm a few advantageous properties:

� Constructive. The number of neurons needed by the model is determined dynamically during the training stage.
This ensures that the model will have an optimal number of nodes in the hidden layer for the speci�c problem.

� Consequently, the model is faster than a multi-layer perceptron. This is due to its constructive nature.

� The model is guaranteed to converge.

� The model is simpli�ed to a problem of selecting the threshold parameters θ− and θ+.

� For θ+ > θ−, all wrong classi�cations lie below θ− and all correct classi�cations lie above θ+ [56].

A simplifying assumption of symmetry about the Gaussian center is made for the model, so that θ− = −θ+ [57]. This
hyperparameter is therefore optimised by increments from 0 to 1 of 0.01, and the training model loss functions are presented
in the following subsection.

3.4.4.1 Sample Result Target Respondent

The negative threshold tuning by means of repeated cross-validation is shown in Figure 3.22:
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Figure 3.22: Sample result target respondent RBF training performance

The loss curve shows a dip at 0.8 and a sharp incline. The optimal threshold is therefore 0.8.

3.4.4.2 Inclusion Type Target Respondent

The negative threshold tuning by means of repeated cross-validation is shown in Figure 3.23:
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Figure 3.23: Inclusion type target respondent RBF training performance

The log-loss function has its minimum at a threshold of 0.2, before it steadily increases. The optimal threshold used is
therefore 0.2.

3.5 Integration and Commissioning Considerations

3.5.1 Interface Control

The business has expressed interest in a system that can run autonomously, and require minimal input from users. This
signi�cantly simpli�es the interactions that the system needs.

The input to the system is obtained from the MV20/20 system, which is speci�ed in the following table:

Table 3.6: MV20/20 interface speci�cation. The system also contains a con�guration module that allows for the update
rate, transport and port numbers to be con�gured.

System MV20/20
Protocol OPC-UA
Transport TCP/IP
Interface localhost:4840
Tags 13

Update Rate 1 second
Format ASCII
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By implementing a simple OPC-UA client, the data can be extracted from the source into a local dataframe.

3.5.2 System Requirements

The deployment of the system requires meeting of hardware dependencies in order to ensure the system runs smoothly.
All development work has been performed on the following system speci�cations:

Table 3.7: System speci�cations for PC used in the development work for this research

Software Speci�cations
Operating System Ubuntu 20.04.3 LTS

Operating System Type 64-bit
GNOME Version 3.36.8
Windowing System X11

Hardware Speci�cations
Memory 11.7GiB
Processor Intel® Xeon(R) CPU X5650 @ 2.67GHz Ö 12
Graphics Quadro 2000D/PCIe/SSE2

These system speci�cations do not indicate minimum requirements, but rather demonstrate a speci�c use case. For most
applications, the prescribed minimum speci�cations include a 64-bit architecture, 8GB RAM and a quad-core processor.

3.6 Experimentation

3.6.1 Logistic Regression

3.6.1.1 Model Training Loss

The optimal value for α is determined using cross-validation. The values of α are incremented from 0 to 1 by steps of 0.01
to ensure granularity.

3.6.1.1.1 Sample Result Target Respondent The repeated cross-validation loss curve for the model is given in
Figure 3.24:

53



Figure 3.24: Sample Result target respondent cross-validation model training for di�erent values of α

The curve shows a steady increase in log-loss as alpha increases, peaking around α = 0.9. The optimal value of alpha is
therefore 0, where the training loss is at its lowest.

3.6.1.1.2 Inclusion Type Target Respondent The repeated cross-validation loss curve for the model is given in
Figure 3.25:

Figure 3.25: Inclusion type target respondent accuracy model training for di�erent values of α
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The curve shows that the training loss is at its minimum when α = 0. This is therefore the optimal hyperparameter used
to build the �nal model.

3.6.2 Support Vector Machine

3.6.2.1 Sample Result Target Respondent

3.6.2.1.1 Linear Cost Function The �rst parameter to optimise is the cost function, which is common among all
the variants of the SVM model. In order to �nd the optimum cost coe�cient, a linear variant of the activation function
is used, and the cost function is incremented. The following plot shows the model training performance as a function of
the cost function:

Figure 3.26: Sample result target respondent SVM cost function performance

The optimal cost function is determined to be 0.1 as the loss of the model is minimal at that value. This value is therefore
used for all the variants of the SVM.

3.6.2.1.2 Polynomial Degree The polynomial degree is also applied as an independent variable, and the training
performance is plotted as its function. The training performance is shown in Figure 3.27:
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Figure 3.27: Sample result target respondent SVM polynomial degree performance

The log-loss curves show that the degree of 3 is the optimal degree for the polynomial variant of the SVM model. This is
because it has the lowest loss at a corresponding gamma value of 0.3. These are therefore the selected hyperparameters
for the polynomial variant.

3.6.2.1.3 RBF Gamma The following plot shows the training performance of the model for di�erent values of the
gamma function:
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Figure 3.28: Sample results target respondent SVM RBF gamma performance

The best performance for gamma is at 0.01, where the lowest log-loss is achieved. This is therefore used to train the �nal
model.

3.6.2.1.4 Kernel Function In order to compare the kernel functions, the optimal hyperparameters are set for each
kernel function respectively, and the training performances of the kernel functions are compared. The training performances
are shown in Figure 3.29:
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Figure 3.29: Sample result target respondent SVM kernel function comparison

The loss functions for the di�erent kernels show little di�erence in performance. The polynomial kernel appears to provide
the best loss, followed by the RBF kernel. The di�erences are negligent, which indicates training convergence. This implies
that the polynomial and RBF kernel functions can be used with negligible di�erence in performance. The RBF kernel,
however, is more computationally expensive, and therefore the polynomial kernel is used in the �nal model.

3.6.2.2 Inclusion Type Target Respondent

3.6.2.2.1 Linear Cost Function The following plot shows the model training performance as a function of the cost
function:
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Figure 3.30: Sample result target respondent SVM cost function performance

The log-loss function sharply decreases down to a minimum of 0.395, where the cost function is 0.9. This is therefore the
value used for training the SVM.

3.6.2.2.2 Polynomial Degree The polynomial degree is also applied as an independent variable, and the training
performance is plotted as its function. The training performance is shown in Figure 3.31:

Figure 3.31: Sample result target respondent SVM polynomial degree performance
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The curves show that for higher degrees of the polynomial, the loss increases after a sharp drop at γ = 0.1. The �rst
degree is the only order to maintain a decrease in the loss function for increasing values of gamma. The lowest loss is
achieved at a value of γ = 1, where the loss is 0.4.

3.6.2.2.3 RBF Gamma The following plot shows the training performance of the model for di�erent values of the
gamma function:

Figure 3.32: Sample results target respondent SVM RBF gamma performance

From the curve, it can be seen that the loss function takes a sharp drop before slowly increasing. The optimal value of
gamma is therefore where the loss makes a turning point, which is 0.27.

3.6.2.2.4 Kernel Function In order to compare the kernel functions, the optimal hyperparameters are set for each
kernel function respectively, and the training performances of the kernel functions are compared. The training performances
are shown in Figure 3.33:
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Figure 3.33: Sample result target respondent SVM kernel function comparison

The RBF has proven to be the optimal kernel function for �tting the data, as it o�ers the best overall performance in
relation to the loss function. The linear and polynomial functions have comparable performance. The RBF is therefore
the preferred kernel for building the �nal model.

3.6.3 Multi-Layer Perceptron

3.6.3.1 Sample Result Target Respondent

As a start, the model is trained with one hidden layer. The number of neurons and the activation function are optimised
using cross-validation, and the model loss functions are presented in Figure 3.34:
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Figure 3.34: Sample result target respondent multi-layer perceptron training performance for one hidden layer. The
activation function and number of neurons are the optimised parameters

It is di�cult to tell from the model which of the combinations yields the best training performance. The maxout function
with 8 neurons, however, appears to have the lowest training loss towards the last epoch. The table below summarises the
respective model con�gurations in order of increasing log-loss. As there are 4× 6 = 24 models built from cross-validation,
only the top 5 are presented.

Table 3.8: Sample result target respondent multi-layer perceptron training performance for one hidden layer

Model Hidden layers Neurons Activation function Log-loss
Multi-layer perceptron 1 8 Maxout 0.2293
Multi-layer perceptron 1 9 Maxout 0.2425
Multi-layer perceptron 1 9 ReLU 0.259
Multi-layer perceptron 1 10 ReLU 0.2617
Multi-layer perceptron 1 7 Maxout 0.2667

It is evident that the maxout activation function is dominating the performance, followed by the ReLU function. The
optimal number of neurons for the �rst hidden layer is 8, as it presents the lowest training loss. The model might be
over�tting in cases where n > 8.

The addition of a second hidden layer, while keeping the units of the �rst hidden layer at the optimal value of 8, is
presented in the following table:

Table 3.9: Sample result target respondent multi-layer perceptron training performance for two hidden layers

Model Hidden layers Neurons Activation function Log-loss
Multi-layer perceptron 2 [8, 6] Maxout 0.1356
Multi-layer perceptron 2 [8, 8] Maxout 0.1622
Multi-layer perceptron 2 [8, 9] Maxout 0.1973
Multi-layer perceptron 2 [8, 5] Maxout 0.2038
Multi-layer perceptron 2 [8, 3] Maxout 0.2203
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The table indicates that an additional hidden layer improves training performance. The best con�guration involves the
second hidden layer with 6 neurons. Since this is a signi�cant improvement from the training performance of the model
with one hidden layer, this con�guration is the preferred one for building the �nal model.

3.6.3.2 Inclusion Type Target Respondent

The model training performance for one hidden unit is shown in Figure 3.35. The activation functions are compared:

Figure 3.35: Inclusion type target respondent multi-layer perceptron training performance for one hidden layer. The
activation function and number of neurons are the optimised parameters

The model con�gurations indicate comparable training loss performances, also indicating a convergence condition. The
following table shows the model con�gurations ordered by increasing log-loss:

Table 3.10: Sample result target respondent multi-layer perceptron training performance for one hidden layer

Model Hidden layers Neurons Activation function Log-loss
Multi-layer perceptron 1 7 Maxout 0.16
Multi-layer perceptron 1 9 Tanh 0.1707
Multi-layer perceptron 1 9 Maxout 0.1809
Multi-layer perceptron 1 8 Maxout 0.1818
Multi-layer perceptron 1 10 Tanh 0.1898

The maxout activation function dominates the performance for the single hidden layer con�guration of the model, followed
by the tanh function. It is therefore the optimal activation function used in building the �nal model.

The second hidden layer is added to the con�guration, and the training results are shown in the following table:
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Table 3.11: Inclusion type target respondent multi-layer perceptron training performance for two hidden layers

Model Hidden layers Neurons Activation function Log-loss
Multi-layer perceptron 2 [8, 3] Maxout 0.1236
Multi-layer perceptron 2 [8, 8] Maxout 0.1666
Multi-layer perceptron 2 [8, 9] Maxout 0.1872
Multi-layer perceptron 2 [8, 5] Maxout 0.1894
Multi-layer perceptron 2 [8, 10] Maxout 0.2

The performance for the con�guration with the second hidden layer shows only a slight improvement from the con�guration
with a single hidden layer. This means that the con�guration with a single hidden layer can be used without compromising
too much training loss.

3.6.4 Radial Basis Function Network

3.6.4.1 Sample Result Target Respondent

The negative threshold tuning by means of repeated cross-validation is shown in Figure 3.36:

Figure 3.36: Sample result target respondent RBF training performance

The loss curve shows a dip at 0.8 and a sharp incline. The optimal threshold is therefore 0.8.

3.6.4.2 Inclusion Type Target Respondent

The negative threshold tuning by means of repeated cross-validation is shown in Figure 3.37:
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Figure 3.37: Inclusion type target respondent RBF training performance

The log-loss function has its minimum at a threshold of 0.2, before it steadily increases. The optimal threshold used is
therefore 0.2.
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Chapter 4

Results and Analysis

The previous sections presented the optimal training of two classical models and two neural networks using their respective
hyperparameters and 10-fold repeated cross-validation. These hyperparameters serve as a basis for comparing the models
in order to determine the best model for the dataset. In this section, the models are tested on the test data split from the
training data. The test data consists of 126 observations and constitutes 25% of the total data.

The test results are presented in the form of a confusion matrix, which quanti�es how well the model performs on unknown
data.

4.1 Results

4.1.1 Sample Result Target Respondent

4.1.1.1 Logistic Regression

The performance of the logistic regression model is given in the following table:

Table 4.1: Logistic regression model performance for the sample result target respondent

(a) Confusion matrix

Predicted\Actual Failed Passed
Failed 36 7
Passed 4 79

(b) Metric scores

Metric Target 95% CI Score
Accuracy 0.95 0.9 - 1 0.91
Precision 0.95 0.86 - 0.95 0.95
Sensitivity 0.9 0.86 - 0.95 0.92
Speci�city 0.9 0.86 - 0.95 0.9

ROC 0.9 0.86 - 0.95 0.91
Kappa 0.7 0.67 - 0.74 0.8

Th logistic regression model has performed satisfactorily as it satis�ed the metrics except for accuracy, where it achieved
0.4% below the target. This is within the 95% con�dence interval, so it is considered a success.

4.1.1.2 Support Vector Machine

The performance of the SVM model is given in the following table:
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Table 4.2: SVM model performance for the sample result target respondent

(a) Confusion matrix

Predicted\Actual Failed Passed
Failed 34 0
Passed 6 86

(b) Metric scores

Metric Target 95% CI Score
Accuracy 0.9 0.9 - 1 0.95
Precision 0.9 0.86 - 0.95 0.93
Sensitivity 0.8 0.86 - 0.95 1
Speci�city 0.8 0.86 - 0.95 0.85

ROC 0.8 0.86 - 0.95 0.88
Kappa 0.7 0.67 - 0.74 0.89

The SVM model gave a better overall performance than the logistic regression model. It achieved a higher score for each
of the performance metrics, with a perfect score for sensitivity. It is therefore regarded a success.

4.1.1.3 Multi-layer Perceptron

The performance of the MLP model is given in the following table:

Table 4.3: MLP model performance for the sample result target respondent

(a) Confusion matrix

Predicted\Actual Failed Passed
Failed 36 2
Passed 4 84

(b) Metric scores

Metric Target 95% CI Score
Accuracy 0.9 0.9 - 1 0.95
Precision 0.9 0.86 - 0.95 0.96
Sensitivity 0.8 0.86 - 0.95 0.98
Speci�city 0.8 0.86 - 0.95 0.9

ROC 0.8 0.86 - 0.95 0.91
Kappa 0.7 0.67 - 0.74 0.89

The MLP model has so far shown the best performance as it has exceeded all the target scores.

4.1.1.4 Radial Basis Function Network

The performance of the RBF network model is given in the following table:

Table 4.4: RBF network model performance for the sample result target respondent

(a) Confusion matrix

Predicted\Actual Failed Passed
Failed 36 6
Passed 4 80

(b) Metric scores

Metric Target 95% CI Score
Accuracy 0.95 0.9 - 1 0.92
Precision 0.9 0.86 - 0.95 0.95
Sensitivity 0.8 0.86 - 0.95 0.93
Speci�city 0.8 0.86 - 0.95 0.9

ROC 0.8 0.86 - 0.95 0.91
Kappa 0.7 0.67 - 0.74 0.82

The RBF network model has also exceeded all target scores, although its performance is slightly below that of the MLP.

4.1.1.5 Results Summary

The following table shows a side-by-side comparison of the models:
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Table 4.5: Model performance comparisons for sample result target respondent

Metric Logistic Regression Support Vector Machine Multi-layer Perceptron Radial Basis Function Network
Accuracy 0.91 0.95 0.95 0.92
Precision 0.95 0.93 0.96 0.95
Sensitivity 0.92 1 0.98 0.93
Speci�city 0.9 0.85 0.9 0.9

ROC 0.91 0.88 0.91 0.91
Kappa 0.8 0.89 0.89 0.82

Figure 4.1 shows the comparison between the models:

Figure 4.1: Model performance comparisons for the sample result target respondent

The models have all shown the capability to generalise well over the training data. This can be seen in the fact that the
confusion matrices have shown good scores in testing performance over data that the models have not seen before. The
logistic regression model, while the worst performing from the four, is still within the 95% tolerance of the target metrics.
The MLP, SVM and RBF network models all performed well. The MLP gave the best performance, and is therefore
recommended as the model to use. This is because the costs associated with each false alarm or miss are high within the
context of an Aluminium manufacturing factory. Each loss can potentially cost the business hundreds of thousands of
Rands.

4.1.2 Inclusion Type Target Respondent

For the multiclass problem, the metric scores are presented per class, so as to assess the performance of the model over
individual classes in addition to the overall performance.

4.1.2.1 Logistic Regression

The performance of the logistic regression model is shown in the following table:
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Table 4.6: Logistic regression model performance for the inclusion type target respondent

(a) Confusion matrix

Prd\Act FeO MgO SPINEL
FeO 39 9 0
MgO 6 1 3

SPINEL 5 27 36

(b) Metric scores

Metric Target 95% CI FeO MgO SPINEL Overall
Accuracy 0.95 0.9 - 1 0.83 0.46 0.78 0.69
Precision 0.9 0.86 - 0.95 0.82 0.1 0.53 0.48
Sensitivity 0.8 0.76 - 0.84 0.78 0.02 0.92 0.57
Speci�city 0.8 0.76 - 0.84 0.88 0.9 0.63 0.8
Kappa 0.7 0.67 - 0.74 0.4

The results show that the logistic regression model has scored below the target overall, except for speci�city. Even for
speci�city, the per-class scores show that it achieved 0.63 for the SPINEL inclusion type, which is below target by 0.13.
The best scores achieved are for FeO, which are also below target. This makes sense as the value of α = 0 reduces the
model to a constant logit function which is insensitive to the input.

4.1.2.2 Support Vector Machine

The performance of the SVM model is shown in the following table:

Table 4.7: SVM model performance for the inclusion type target respondent

(a) Confusion matrix

Prd\Act FeO MgO SPINEL
FeO 32 7 0
MgO 15 24 1

SPINEL 3 6 38

(b) Metric scores

Metric Target 95% CI FeO MgO SPINEL Overall
Accuracy 0.95 0.9 - 1 0.77 0.73 0.94 0.82
Precision 0.9 0.86 - 0.95 0.82 0.6 0.81 0.75
Sensitivity 0.8 0.76 - 0.84 0.64 0.65 0.97 0.75
Speci�city 0.8 0.76 - 0.84 0.91 0.82 0.9 0.88
Kappa 0.7 0.67 - 0.74 0.62

The SVM performance is better than the performance of the logistic regression model, with all the overall scores higher
for the SVM than the logistic regression model. The model, however, did not meet all targets. The model scored above
target only for the speci�city class. The scores for accuracy, precision and sensitivity are not as far below target as for the
logistic regression model. The value of kappa also indicates that there is substantial value in the model agreement with
the dataset, as opposed to a completely random guess of the data [8]. The model, however, is considered inadequate as it
does not satisfy the target metrics.

4.1.2.3 Multi-Layer Perceptron

The performance of the logistic regression model is shown in the following table:

Table 4.8: MLP model performance for the inclusion type target respondent

(a) Confusion matrix

Prd\Act FeO MgO SPINEL
FeO 45 7 0
MgO 5 29 0

SPINEL 0 1 39

(b) Metric scores

Metric Target 95% CI FeO MgO SPINEL Overall
Accuracy 0.95 0.9 - 1 0.9 0.86 0.99 0.92
Precision 0.9 0.86 - 0.95 0.87 0.85 0.98 0.9
Sensitivity 0.8 0.76 - 0.84 0.9 0.78 1 0.89
Speci�city 0.8 0.76 - 0.84 0.91 0.94 0.99 0.95
Kappa 0.7 0.67 - 0.74 0.84

The MLP is once again showing the best performance so far, with targets for precision, sensitivity and speci�city met. The
accuracy is slightly below target, but is still within the tolerance. The sensitivity and speci�city have been well exceeded,
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as the model especially gave few erroneous predictions for the SPINEL class. The MLP model is therefore considered a
success.

4.1.2.4 Radial Basis Function Network

The performance of the logistic regression model is shown in the following table:

Table 4.9: RBF network model performance for the inclusion type target respondent

(a) Confusion matrix

Prd\Act FeO MgO SPINEL
FeO 30 6 0
MgO 16 17 0

SPINEL 4 14 39

(b) Metric scores

Metric Target 95% CI FeO MgO SPINEL Overall
Accuracy 0.9 0.9 - 1 0.76 0.64 0.9 0.77
Precision 0.9 0.86 - 0.95 0.83 0.52 0.68 0.68
Sensitivity 0.8 0.76 - 0.84 0.6 0.46 1 0.69
Speci�city 0.8 0.76 - 0.84 0.92 0.82 0.79 0.84
Kappa 0.7 0.67 - 0.74 0.53

The RBF network model performance is worse than that of the MLP model for all the metrics. This implies that the
application of radial basis functions as activation functions for the classi�cation of inclusions gives a worse performance
than applying maxout functions, which are used in the MLP.

4.1.3 Results Summary

The following table shows a side-by-side comparison of the models:

Table 4.10: Model performance comparisons for sample result target respondent

Metric Logistic Regression Support Vector Machine Multi-layer Perceptron Radial Basis Function Network
Accuracy 0.69 0.82 0.92 0.77
Precision 0.48 0.75 0.9 0.68
Sensitivity 0.57 0.75 0.89 0.69
Speci�city 0.8 0.88 0.95 0.84
Kappa 0.4 0.62 0.84 0.53

Figure 4.2 shows the comparison between the models:
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Figure 4.2: Model performance comparisons for the sample result target respondent

The problem of generalising over the inclusion types has proven to be much more di�cult to solve than predicting the
outcome of the metal quality. This might be attributed to the following:

� The attenuation caused by the di�erent inclusions is similar from an ultrasonic point of view.

� The inclusion sizes and counts for the di�erent classes are similar and not easily separable. This could be due to the
�lter that the metal passes through just before the casting stage.

� The results of the metallographic analysis used to classify the inclusions are not entirely reliable due to operator
error.

The MLP can therefore be considered as it provides the best results, and subsequent tuning of the model can improve
performance.

4.2 Performance Optimisation

The previous subsection has shown that all the models are capable of providing good predictions over the sample result
target respondent. This is largely because the results of the failed class were based on samples that actually failed, and
therefore the separability between the samples that passed and those that failed have enabled the models to generalise
well over the dataset. The same cannot be said for the inclusion classi�cation problem, as the prediction scores for the
models were largely below target.

4.2.1 Hyperparameter Tuning

The best performing model, namely the MLP, is tuned further in this section with the intention of assessing whether an
improvement in performance can be achieved. In order to achieve this, more specialised tuning parameters can be iterated
over using repeated cross-validation. The parameters are given in the following table:
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Table 4.11: Multi-layer perceptron model hyperparameters

Parameter Value
model_id multi-layer perceptron

number of hidden layers 1 (universal approximation)
number of neurons 8 - 10 (8 optimal, change for reference)

loss function categorical crossentropy
activation function (hidden layer) maxout
activation function (output layer) softmax

epsilon 0 - 1 (selection randomness probability)
l1 0 - 0.2 (Lasso regularisation)
l2 0 - 0.2 (Ridge regularisation)
rho 0.9 - 1 (gradient descent term)

The additional parameters from the table include:

� epsilon, which changes the selection randomness probability for the learning gradient. A large value of ε would mean
that the learning diverges, while a small value would mean the the learning converges too slowly.

� L1, which is the Lasso regularisation parameter. It ensures that the model is penalised for learning loss so as to
minimise the e�ect of some weights. A high value of L1 would see more weights being set to zero.

� L2, which is the Ridge regularisation parameter. It also penalises the cost function, but never sets the weights to
zero.

� rho, which is the learning rate decay factor. It is responsible for ensuring that the gradient descent is smooth. Higher
values of ρ tend to give better smoothing results.

4.2.2 Grid Search Results

The following multivariate plot shows the training performance of the models for the given hyperparameter grid search:
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Figure 4.3: Model grid search training performance

The grid search produced 187 500 models based on the given hyperparameters. This is because a grid search runs all
possible combinations as opposed to a random search, which randomly selects a combination of hyperparameters. A
random search is given a stopping metric, whereas a grid search guarantees the best possible performance based on the
given hyperparameter ranges. It is slower and more computationally expensive.

The grid search results revealed the following points:

� The number of hidden layers does not signi�cantly improve the performance of the model beyond neurons. It is
therefore con�rmed that keeping the number of neurons at 8 and applying the law of universal approximation (one
hidden layer) is su�cient for achieving an optimal model.

� The regularisation parameters l1 and l2 do not have a signi�cant e�ect on the training performance of the model.
This can be seen in the grid search plot, where their values are closely related with respect to the loss function of
the model.

� The gradient descent term ρ has an inversely proportional relationship with the training loss of the model. It can
therefore be set at its highest value in order to achieve the lowest training loss.

� The selection randomness probability ε has an inversely proportional relationship with the training loss of the model.
It can therefore be set at its highest value in order to achieve the lowest training loss.

The following table shows a summary for the parameters for the top 5 models based on the lowest training log-loss:
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Table 4.12: Grid search model log-loss performance

ε hidden l1 l2 ρ logloss
1e-8 8 0 0.05 0.99 0.15622
1e-8 10 0 0.1 0.98 0.15838
3e-9 8 0.05 0 0.99 0.16224
4e-9 8 0 0.05 0.99 0.16750
8e-9 10 0.15 0 0.99 0.17360

Based on the table, it can be seen that the training performance of the model does not improve much as the hyperparameters
are changed. It should also be noted that the training performance of the model is comparable to that of the multi-layer
perceptron prior to the employment of a grid search.

4.3 Final Model Results

The model is built based on the best parameters, and tested on the test data. The following confusion matrix shows the
performance of the model:

Table 4.13: MLP model performance after grid search

(a) Confusion matrix

Prd\Act FeO MgO SPINEL
FeO 45 2 0
MgO 5 24 0

SPINEL 0 11 39

(b) Metric scores

Metric Target 95% CI FeO MgO SPINEL Overall
Accuracy 0.95 0.9 - 1 0.94 0.86 0.91 0.86
Precision 0.9 0.86 - 0.95 0.96 0.83 0.78 0.86
Sensitivity 0.8 0.76 - 0.84 0.9 0.65 1 0.85
Speci�city 0.8 0.76 - 0.84 0.97 0.94 0.87 0.93
Kappa 0.7 0.67 - 0.74 0.78

Based on the confusion matrix and metric scores shown in the table, the following observations are made:

1. The model after grid search is not much better than the model before grid search. This is most likely an implication
of the model having reached its learning potential.

2. The MgO inclusion has the worst performance. The metrics are below target except for speci�city. This implies
that the model is not able to generalise well over this inclusion type.

3. The SPINEL inclusion type is within the target limits except for the precision metric. For the other metrics, it has
exceeded targets.

4. The FeO inclusion type has the best performance and has exceeded the targets for all metrics.

The model does not therefore generalise well over the inclusion types. A plot of the model's decision boundaries is shown
in Figure 4.4:
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Figure 4.4: Model decision analysis grouped by inclusion type. The axes represent the principal components used to
reduce data dimensionality.

As can be seen from the �gure, there is substantial overlap between the SPINEL and MgO inclusion types. It is therefore
unlikely that the model can separate the three classes su�ciently for it to reach all the performance metrics.
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Chapter 5

Conclusions

5.1 Summary of Work Done

An opportunity has been identi�ed in an Aluminium manufacturing plant to improve quality control by means of a pulsed
ultrasound system. This system is capable of performing real-time measurements on molten metal, which reveal the
cleanliness of the metal. In order to automate the process of accepting the metal as clean, supervised learning is applied.

The supervised learning component involves the development of a two-stage classi�er. The �rst stage determines whether
the metal quality is adequate for production. The second stage determines the dominant inclusion responsible for the
quality deterioration. Four models are trained, namely logistic regression, support vector machine, multi-layer perceptron
and a radial basis function network. For the passed/failed classi�cation problem, all the models score within the metrics.
The multi-layer perceptron o�ers the best performance and is therefore considered for production. For the inclusion
classi�cation problem, the models do not generalise as well over the training data, and the performance is borderline.
The multi-layer perceptron proves to be the best performing model as it meets target for two out of three classes. In
order to optimise the model to better generalise over the training data, a grid search involving several hyperparameters is
performed. The hyperparameters are swept from zero to one with granular increments, resulting in the building of 187 500
models. The combination with the lowest training loss is selected and a �nal model is built. The results of the �nal model
reveal that the performance is not signi�cantly improved. This is an indication of the fact that the model has reached its
learning potential and cannot generalise better than it already has over the training data. The possible reasons for this
include operator error/bias during measurements and multiple sources of variance from the measurement technique.

A summary of the problem, method and results is shown in the following table:

Table 5.1: Summary of work done

Problem Requirement Hypothesis Method Results

P1 Cast quality
manually
determined

R2a Implement
autonomous
classi�er

H2 Supervised learn-
ing classi�er suf-
�cient

MLP

Metric Score
Acc 0.95
Prec 0.96
Sens 0.98
Spec 0.9

P2 Inclusions
classi�ed
manually

R2b Implement
autonomous
classi�er

H2 Supervised learn-
ing classi�er suf-
�cient

MLP

Metric Score
Acc 0.92
Prec 0.9
Sens 0.89
Spec 0.95

While the inclusion type classi�er gave a boundary performance on accuracy and precision, the values are within the 95%
tolerance range. The project is therefore considered a success.
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5.2 Limitations of Current Work

The main cause for the model not generalising well over all the inclusion types can be attributed to operator errors,
according to the domain experts in the plant. This is attributed to the fact that operators use a visual method, namely
metallographic to identify the inclusions. The following are contributing factors to the error in measurements:

1. A de�cit of adequately trained personnel. As a result, the identi�cation of inclusions is delegated to students and
in-service trainees.

2. The measurement technique itself. As PoDFA is the method used to extract and �lter samples, there are several
sources of variance including:

(a) the ceramic foam �lter used,

(b) the settling time of the metal,

(c) the amount of metal poured in the �ltration system,

(d) the time at which the metal was extracted from the furnace relative to the settling duration, and

(e) the visual inspection of the metal by the operator.

3. The decision-making process. It is possible for an operator to identify more than one inclusion type in the metal,
and in such cases the operator makes the call on the dominant inclusion. This is usually supported by the types of
defects detected on the metal as well.

5.3 Recommendations for Future Work

Recommendations for future work are three-fold. Firstly, unsupervised learning is recommended. Secondly, research-based
recommendations are made. The last part is based on process-related considerations.

5.3.1 Unsupervised Learning for Anomaly Detection

Unsupervised learning has not been implemented as it did not form part of the scope for this work. It is, however,
recommended as an additional method for real-time condition monitoring for individual variables and the multivariable
process. Techniques like the Hotelling's T 2 statistic can be computed with control limits determined by the business, so
as to ensure that the process is monitored for being in control.

5.3.2 Research-Based Recommendations

The research potential for industrial processes is virtually limitless with regards to the fourth industrial revolution. This
research focused on data produced by a single sensor. In order for a more holistic solution to be realised, more sensors
can be integrated into the measurements. The following potential opportunities have been identi�ed while conducting this
research.

5.3.2.1 Vision System

During casting, the metal forms a thin oxidisation layer on the surface, which is an indication of the presence of some
inclusions at the top of the metal. A vision system can be employed to analyse the texture, colour and other visual
properties of the metal in order to provide more insights relating to the nature of inclusions, the intensity of the inclusions
and the e�ects of di�erent casting parameters on the texture of the metal.

5.3.2.2 Fourier Transform Infrared Spectroscopy

The attenuation levels of inclusions compared to pure Aluminium could produce di�erent infrared signatures, which could
be measured and analysed using Fourier Transforms. this is because di�erent elements possess di�erent re�ectance and
attenuation properties at di�erent wavelengths. Classi�ers can then be built to determine the types and intensities of
inclusions based on the spectral properties of the measurements.
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5.3.3 Process-Based Recommendations

At �rst, the recommendations are process-based and pertain to the improvement of current processes for better collection
of data. These recommendations include:

1. The usage of a K-Mold system for more objective inclusion classi�cations.

2. Operator training for better equipment use.

3. Employment of dedicated resources to performing measurements.

4. Regular Gage R&R analysis for maintaining measurement integrity. This analysis helps quantify process variations
and the responsible components by measuring repeatability and reproducibility of results in the speci�c process [58].

5. The deployment of more MV20/20 systems at di�erent points along the cast.

More reliable data can then be collected in order to assess whether the models can generalise better and meet the target
thresholds for performance.
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Appendix A

Source Code

This section contains the source code developed during the execution of this research. Most of the source code is developed
in the R programming language.

A.1 Exploratory Data Analytics

Algorithm A.1 Data exploration

rm( l i s t = l s ( ) )

l i b r a r y ( DataExplorer )

d <−
read . csv ( f i l e = " . . / Data /5182 . csv " ,

header = TRUE,
s t r i ng sAsFac to r s = TRUE)

data length <− l ength (d)
xdata = d [ , 1 : ( data length − 2 ) ]
ydata = d [ , data length − 1 ]

c reate_report ( data = d ,
output_f i l e = " data_explorat ion . html " ,
y = "SAMPLE_RESULT" ,
r e p o r t_ t i t l e = "Data Explorat ion " ,
c on f i g = con f i gure_repor t ( add_introduce = TRUE,

add_plot_intro = TRUE,
add_plot_str = TRUE,
add_plot_histogram = TRUE,
add_plot_qq = TRUE,
add_plot_bar = TRUE,
add_plot_corre lat ion = TRUE,
add_plot_prcomp = TRUE,
add_plot_boxplot = TRUE,
plot_prcomp_args = TRUE

)
)

The output of this source code is an html report showing a summary of the data. The report contains:

� An introduction which shows the numerical and categorical features as well as missing values,
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� The structure of the data,

� A histogram of the continuous variables,

� A quantile-quantile plot of the continuous variables,

� A bar plot of the categorical variables,

� A correlation plot of the continuous variables,

� Boxplots of the continuous variables, and

� Principal components.

A.2 Normality Test

The source code used for the determination of normal variables is given in the following listing:

Algorithm A.2 Normality test

rm( l i s t = l s ( ) )

l i b r a r y ( q i cha r t s 2 )

d <−
read . csv ( f i l e = " . . / Data /5182 . csv " ,

header = TRUE,
s t r i ng sAsFac to r s = TRUE)

data length <− l ength (d)
xdata = d [ , 1 : ( data length − 2 ) ]

df = l i s t ( )
f o r ( i in 1 : l ength ( xdata ) ) {

s <− shap i ro . t e s t ( xdata [ , i ] )
d f [ [ i ] ] <− c ( colnames ( xdata ) [ i ] , as . numeric ( s $ s t a t i s t i c [ [ 1 ] ] ) , as . numeric ( s$p . va lue ) )

}
df <− do . c a l l ( rbind , df )
colnames ( df ) <− c (" va r i ab l e " , "W s t a t i s t i c " , "p−value ")

The dataframe, df, contains three columns, namely the variable name, the test (W) statistic and the p-value.

A.3 Principal Components Analysis

A.3.1 Linear PCA

Principal components analysis is used for decomposing the data into several principal components as a feature extraction
technique. Algorithms like k-means then use the principal components to perform the clustering.

The source code developed for computing and plotting the principal components is given in the following listing:
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Algorithm A.3 Principal components analysis

rm( l i s t = l s ( ) )

l i b r a r y ( p l o t l y )
l i b r a r y ( s t a t s )
l i b r a r y ( data . t ab l e )

d <− read . csv ( f i l e = " . . / Data/ t e s t . csv " , header = TRUE, s t r ing sAsFac to r s = TRUE)
d <− d [d$SAMPLE_RESULT == 'PASSED' , ]
data length <− l ength (d)
xdata = d [ , 1 : ( data length − 2 ) ]
prin_comp <− prcomp ( xdata , rank . = 3
expla ined_var iance_rat io <− summary( prin_comp ) [ [ " importance " ] ] [ ' Proport ion o f Variance ' , ]
exp la ined_var iance_rat io <− 100 * exp la ined_var iance_rat io
components <− prin_comp [ [ " x " ] ]
components <− data . frame ( components )
components <− cbind ( components , d$SAMPLE_RESULT)
components$PC3 <− −components$PC3
components$PC2 <− −components$PC2

ax i s = l i s t ( showl ine=FALSE,
z e r o l i n e=FALSE,
g r i d c o l o r='# f f f f ' ,
t i c k l e n =4,
t i t l e f o n t=l i s t ( s i z e =13))

# Plot PCA gr id
f i g <− components %>%

plot_ly ( ) %>%
add_trace ( type = ' splom ' , dimensions = l i s t (
l i s t ( l a b e l=paste ( 'PC 1 ( ' , t oS t r i ng ( round ( expla ined_var iance_rat io [ 1 ] , 1 ) ) , '% ) ' , sep = ' ' ) ,

va lue s=~PC1) ,
l i s t ( l a b e l=paste ( 'PC 2 ( ' , t oS t r i ng ( round ( expla ined_var iance_rat io [ 2 ] , 1 ) ) , '% ) ' , sep = ' ' ) ,

va lue s=~PC2)
l i s t ( l a b e l=paste ( 'PC 3 ( ' , t oS t r i ng ( round ( expla ined_var iance_rat io [ 3 ] , 1 ) ) , '% ) ' , sep = ' ' ) ,

va lue s=~PC3)
) ,
c o l o r = ~d$SAMPLE_RESULT, c o l o r s = c ( '#636EFA' , '#EF553B' , '#00CC96 ' )

) %>%
s t y l e ( d iagona l = l i s t ( v i s i b l e = FALSE) ) %>%
layout ( legend=l i s t ( t i t l e=l i s t ( t ex t=' co lo r ' ) ) , hovermode=' c l o s e s t ' , dragmode= ' s e l e c t ' ,

p lot_bgco lor=' rgba (240 ,240 ,240 , 0 . 9 5 ) ' ,
xax i s=l i s t ( domain=NULL, showl ine=F, z e r o l i n e=F, g r i d c o l o r='# f f f f ' , t i c k l e n =4) ,
yax i s=l i s t ( domain=NULL, showl ine=F, z e r o l i n e=F, g r i d c o l o r='# f f f f ' , t i c k l e n =4) ,
xax i s2=axis , xax i s3=axis , xax i s4=axis , yax i s2=axis , yax i s3=axis , yax i s4=ax i s )

f i g
# Plot 3D PCA
t i t = '3D PCA'
f i g <− plot_ly ( components , x = ~PC1, y = ~PC2, z = ~PC3, c o l o r = ~d$INCLUSION_TYPE,
c o l o r s = c ( '#636EFA' , '#EF553B' , '#00CC96 ' ) ) %>% add_markers ( s i z e = 12)
f i g <− f i g %>% layout ( t i t l e = t i t , scene = l i s t ( bgco lo r = "#e5ec f 6 " ) )
f i g
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A.3.2 Kernel PCA

The source code developed for computing the principal components using the kernel trick is shown in the following listing:

Algorithm A.4 Kernel principal components analysis

rm( l i s t = l s ( ) )

l i b r a r y ( kern lab )
l i b r a r y ( p l o t l y )
l i b r a r y ( s t a t s )

d <−
read . csv ( f i l e = " . . / Data /5182 . csv " ,

header = TRUE,
s t r i ng sAsFac to r s = TRUE)

data length <− l ength (d)
xdata = d [ , 1 : ( data length − 2 ) ]

prin_comp <− kpca (~ . , data = xdata , k e rne l = ' rbfdot ' ,
kpar = l i s t ( sigma = 1 / length ( xdata ) ) , f e a t u r e s = 0)

p l o t (cumsum( e i g ( prin_comp ) * 100) , type = ' l ' ,
x lab = ' P r i n c i pa l Components ' , y lab = ' Explained Variance (%) ')

g r id ( )

A.4 Supervised Learning

for the supervised learning algorithms, the source code shown is speci�cally for the sample result target feature. This
is done in order to avoid duplication, as the source code is the same except for the target parameter chosen and the
classi�cation family (binomial vs. multinomial).

A.4.1 Logistic Regression

The source code developed to implement the logistic regression algorithm is shown in the following listing:
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Algorithm A.5 Logistic regression

rm( l i s t = l s ( ) )

l i b r a r y ( dplyr )
l i b r a r y ( ca r e t )
l i b r a r y (RSNNS)

s e t . seed (49237)

d <− read . csv ( f i l e = " . . / Data /5182 . csv " , header = TRUE, s t r ing sAsFac to r s = TRUE)

data length <− l ength (d)
xdata = d [ , 1 : ( data length − 2 ) ]
ydata = d [ , data length ]

td <− read . csv ( f i l e = " . . / Data/ t e s t . csv " , header = TRUE, s t r ing sAsFac to r s = TRUE)
x t e s t <− td [ , 1 : ( data length − 2 ) ]
y t e s t <− td [ , data length ]

# Cross−va l i d a t i o n v a r i a b l e s
k = 10 # 10− f o l d cros s−va l i d a t i o n
num_repeats = 5 # Repeats the cros s−va l i d a t i o n 5 t imes

completeSummary <− f unc t i on ( data , l e v = NULL, model = NULL) {
a1 <− defaultSummary ( data , lev , model )
a1

}

# Setup f o r c r o s s v a l i d a t i o n
t rC t r l <− t r a inCont ro l (method = " repeatedcv " ,

number = k , r epea t s = num_repeats ,
summaryFunction = completeSummary ,
c l a s sProbs = TRUE, savePred = TRUE,
returnResamp = " f i n a l ")

alpha <− seq ( from = 0 , to = 1 , by = 0 . 01 )
lambda <− 1 / l ength (d)

# Log i s t i c r e g r e s s i o n model
model_logreg <− ca r e t : : t r a i n ( xdata , ydata , method = "glmnet " ,

tuneGrid = expand . g r id ( . alpha = alpha ,
. lambda = lambda ) , t rCont ro l = trCtr l ,
preProc = c (" cente r " , " s c a l e " ) , # Center and s c a l e data
fami ly = "binomial " , metr ic = " logLoss "

)

pred_logreg <− p r ed i c t ( model_logreg , newdata = xt e s t )
logreg_cm <− ca r e t : : confus ionMatr ix ( data = pred_logreg ,

r e f e r e n c e = ytes t , p o s i t i v e = "PASSED")
logreg_cm

p lo t ( model_logreg , xlab = 'Alpha ' )
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A.4.2 Support Vector Machine

The source code developed to implement the support vector machine algorithm is shown in the following listing:

Algorithm A.6 Support vector machine

rm( l i s t = l s ( ) )

l i b r a r y ( ca r e t )
l i b r a r y (RSNNS)
l i b r a r y (pROC)
l i b r a r y (MLeval )

s e t . seed (49237)

d <− read . csv ( f i l e = " . . / Data /5182 . csv " , header = TRUE, s t r ing sAsFac to r s = TRUE)
data length <− l ength (d)
xdata = d [ , 1 : ( data length − 2 ) ]
ydata = d [ , data length ]

td <−
read . csv ( f i l e = " . . / Data/ t e s t . csv " ,

header = TRUE,
s t r i ng sAsFac to r s = TRUE)

x t e s t <− td [ , 1 : ( data length − 2 ) ]
y t e s t <− td [ , data length ]

# Cross−va l i d a t i o n v a r i a b l e s
k = 10 # 10− f o l d cros s−va l i d a t i o n
num_repeats = 5 # Repeats the cros s−va l i d a t i o n 5 t imes

completeSummary <− f unc t i on ( data , l e v = NULL, model = NULL) {
a1 <− defaultSummary ( data , lev , model )
a1

}

# Setup f o r c r o s s v a l i d a t i o n
t rC t r l <− t r a inCont ro l (method = " repeatedcv " , number = k , r epea t s = num_repeats ,

summaryFunction = completeSummary , c l a s sProbs = TRUE,
savePred = TRUE, returnResamp = " f i n a l ")

C <− seq ( from = 0 , to = 1 , by = 0 . 1 )
degree_pol <− c (1 , 2 , 3 , 4 , 5)
sca l e_po l <− seq ( from = 0 , to = 1 , by = 0 . 1 )

svm_poly <− ca r e t : : t r a i n (x = xdata , y = ydata , method = "svmPoly " ,
tuneGrid = expand . g r id ( .C = C, . degree = degree_pol , . s c a l e = sca le_po l ) , prox = TRUE,

a l l owPa r a l l e l = TRUE, preProc = c (" cente r " , " s c a l e " ) , metr ic = " logLoss " ,
t rContro l = trCtr l , f ami ly = ' binomial ' )

p l o t ( svm_poly$resample$logLoss , d e c r ea s ing = TRUE) , type = ' l ' , c o l = ' black ' ,
x lab = 'Resampled fo ld ' , y lab = ' logLoss ' )

A.4.3 Multi-Layer Perceptron

The source code developed to implement the multi-layer perceptron algorithm is shown in the following listing:
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Algorithm A.7 Multi-layer perceptron

rm( l i s t = l s ( ) )

l i b r a r y ( dplyr )
l i b r a r y ( ca r e t )
l i b r a r y ( h2o )
l i b r a r y ( hyperSpec )

d <− read . csv ( f i l e = "/home/ kgothatso /Documents/mv2020data /5182 . csv " , header = TRUE,
s t r i ng sAsFac to r s = TRUE)

xdata = d [ , 1 : 1 8 ]
y_sample_res <− d [ , 18 ]
y_sample_res <− as . f a c t o r ( y_sample_res )

h2o . i n i t ( )
input_data_sample_res <− as . h2o (x = xdata [ c ( 1 : 1 6 , 1 8 ) ] , dest inat ion_frame = " input_data ")
n = sequence ( from = 8 , to = 20 , by = 1)
f o r ( act in c (" R e c t i f i e r " , "Tanh" , "Maxout ") ) {
nn_sample_res <− h2o . deep l ea rn ing (x = colnames ( xdata [ c ( 1 : 1 6 ) ] ) , y = colnames ( xdata ) [ 1 8 ] ,

model_id = paste0 ("nn_model_sample_res_" , act ) ,
tra in ing_frame = input_data_sample_res , seed = 4778 , n f o l d s = 10 ,

overwrite_with_best_model = TRUE, use_a l l_ fac to r_ l eve l s = TRUE,
s tanda rd i s e = TRUE, a c t i v a t i o n = act , hidden = c (n ) , epochs = 1000 ,

adapt ive_rate = FALSE, rho = 0 .99 , e p s i l o n = 1e−08, r a t e = 0 .001 ,
rate_anneal ing = 1e−06, l o s s = "CrossEntropy " , d i a gno s t i c s = TRUE,

fast_mode = TRUE, var iab le_importances = TRUE, auc_type = "AUTO" ,
verbose = TRUE)

h2o . saveModel ( nn_sample_res , path = " . " , f o r c e = TRUE)
}

model_rect <− h2o . loadModel ("~/ nn_model_sample_res_Rectifier ")
model_tanh <− h2o . loadModel ("~/nn_model_sample_res_Tanh")
model_maxout <− h2o . loadModel ("~/nn_model_sample_res_Maxout ")

p l o t (
model_rect@model$training_metrics@metrics$thresholds_and_metric_scores$fpr ,
model_rect@model$training_metrics@metrics$thresholds_and_metric_scores$tpr ,
type = ' l ' ,
c o l ='blue ' ,
main = paste0 ("ROC Curves f o r D i f f e r e n t Act ivat ion Functions ") ,
x lab = "Fal se Po s i t i v e Rate " ,
ylab = "True Po s i t i v e Rate " ,
panel . f i r s t = gr id (
nx = 10

)
)
ab l i n e ( c o e f = c ( 0 , 1 ) )
l i n e s (
model_tanh@model$training_metrics@metrics$thresholds_and_metric_scores$fpr ,
model_tanh@model$training_metrics@metrics$thresholds_and_metric_scores$tpr ,
type = ' l ' , c o l ='red ' )

l i n e s (
model_maxout@model$training_metrics@metrics$thresholds_and_metric_scores$fpr ,
model_maxout@model$training_metrics@metrics$thresholds_and_metric_scores$tpr ,
type = ' l ' , c o l ='green ' )

l egend ( 0 . 6 , 0 . 4 , l egend = c ("ReLU" , "Tanh" , "Maxout ") , c o l = c (" blue " , " red " ," green ") ,
l t y = c (1 , 1 , 1 ) , nco l = 1)
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A.4.4 Radial Basis Function Network

The source code developed to implement the radial basis function network algorithm is shown in the following listing:

Algorithm A.8 Radial basis function network

rm( l i s t = l s ( ) )

l i b r a r y ( ca r e t )
l i b r a r y (RSNNS)

s e t . seed (49237)

d <−read . csv ( f i l e = " . . / Data /5182 . csv " , header = TRUE, s t r ing sAsFac to r s = TRUE)
data length <− l ength (d)
xdata = d [ , 1 : ( data length − 2 ) ]
ydata = d [ , data length ]

td <−read . csv ( f i l e = " . . / Data/ t e s t . csv " , header = TRUE, s t r ing sAsFac to r s = TRUE)
x t e s t <− td [ , 1 : ( data length − 2 ) ]
y t e s t <− td [ , data length ]

# Cross−va l i d a t i o n v a r i a b l e s
k = 10 # 10− f o l d cros s−va l i d a t i o n
num_repeats = 5 # Repeats the cros s−va l i d a t i o n 5 t imes

completeSummary <− f unc t i on ( data , l e v = NULL, model = NULL) {
a1 <− defaultSummary ( data , lev , model )
a1

}

# Setup f o r c r o s s v a l i d a t i o n
t rC t r l <− t r a inCont ro l (method = " repeatedcv " , number = k , r epea t s = num_repeats ,

summaryFunction = defaultSummary , c l a s sProbs = TRUE,
savePred = TRUE, returnResamp = " f i n a l ")

negat iveThresho ld <− seq ( from = 0 , to = 1 , by = 0 . 01 )
rb f <− ca r e t : : t r a i n (x = xdata , y = ydata , method = "rbfDDA" , tuneGrid = expand . g r id (

. negat iveThresho ld = negat iveThresho ld ) ,
prox = TRUE, a l l owPa r a l l e l = TRUE,
preProc = c (" cente r " , " s c a l e " ) ,
metr ic = " logLoss " ,
t rContro l = trCtr l ,
f ami ly = ' binomial ' )

p l o t ( rb f )

A.5 Grid Search Optimisation

The source code shown in the following listing implements a grid search:
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Algorithm A.9 Grid search using a multi-layer perceptron

rm( l i s t = l s ( ) )

l i b r a r y ( h2o )

s e t . seed (49237)

d <−
read . csv ( f i l e = " . . / Data /5182 . csv " ,

header = TRUE,
s t r i ng sAsFac to r s = TRUE)

data length <− l ength (d)
xdata = d [ , 1 : ( data length − 2 ) ]
ydata = d [ , ( data length − 1 ) ]

td <−
read . csv ( f i l e = " . . / Data/ t e s t . csv " ,

header = TRUE,
s t r i ng sAsFac to r s = TRUE)

x t e s t <− td [ , 1 : ( data length − 2 ) ]
y t e s t <− td [ , ( data length − 1 ) ]

hyper_params <− l i s t (
a c t i v a t i o n = "Maxout" ,
hidden = seq ( from = 8 , to = 10 , by = 1) ,
ba lance_c la s s e s = TRUE,
ep s i l o n = seq ( from = 1e−9, by = 1e−9, to = 1e−4) ,
l 1 = seq ( from = 0 , to = 0 . 2 , by = 0 . 01 ) ,
l 2 = seq ( from = 0 , to = 0 . 2 , by = 0 . 01 ) ,
rho = seq ( from = 0 .9 , to = 0 .99 , by = 0 . 0 1 ) ,
ba lance_c la s s e s = TRUE,
s tanda rd i s e = TRUE,
var iab le_importances = TRUE,
fast_mode = TRUE

)

h2o . i n i t ( )
input_data <−

as . h2o (x = d [ , c ( 1 : ( l ength (d) − 2) , l ength (d) − 1 ) ] , dest inat ion_frame = " input_data ")

model_grid <− h2o . g r id (
a lgor i thm = " deep l ea rn ing " ,
x = colnames ( xdata ) ,
y = colnames (d ) [ l ength (d) − 1 ] ,
t ra in ing_frame = input_data ,
hyper_params = hyper_params

)
model_grid
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Appendix B

Benchmark Tests

B.1 Data Exploration Algorithms

The following table shows the benchmark test results for the data exploration component of the project:

Table B.1: Benchmark results for exploration algorithms

expression min lq mean median uq max neval
source("normality_test.R") 15.04504 15.59895 17.06221924 15.8122505 16.290536 102.964836 100

source("pca.R") 6.043272 6.3039375 21.54007741 6.5629395 6.910908 1472.821494 100
source("kpca.R") 66.95008 75.4342695 134.86497656 79.092618 96.7484755 835.871011 100

The number of evaluations is set at 100 so as to achieve a convergence in the metrics. The data is therefore presented
as statistical values from the 100 samples per expression generated. The kernel PCA algorithm has the highest time
complexity as compared to the linear PCA algorithm. This is an indication of the additional overhead from the kernel
trick.

B.2 Supervised Learning Algorithms

The following table shows the benchmark results for the supervised learning algorithms implemented in this research. The
times are in minutes.

Table B.2: Benchmark results for supervised learning models

expression min lq mean median uq max neval
source("logreg_sample_res.R") 1.896759 1.907826 1.960281 1.913904 1.965818 2.634149 100
source("logreg_incl_type.R") 3.357058 3.365332 3.395522 3.375876 3.401593 3.677278 100
source("svm_sample_res.R") 5.180742 5.314039 5.538302 5.447466 5.635973 7.260541 100
source("svm_incl_type.R") 6.577784 6.757567 7.031634 6.876002 7.154056 9.012589 100
source("mlp_sample_res.R") 2.776238 2.82304 2.896857 2.876329 2.952716 3.709405 100
source("mlp_incl_type.R") 2.635283 2.689308 2.754709 2.740065 2.794966 2.982061 100
source("rbf_sample_res.R") 8.890423 8.981384 9.052325 9.015393 9.078025 10.30787 100
source("rbf_incl_type.R") 8.710007 8.801853 8.879227 8.830452 8.89132 9.539425 100

The radial basis function network algorithm has the highest computational load as it takes the longest to compile and
return results. The support vector machine has the second highest computational complexity, while the logistic regression
model is the fastest.
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Appendix C

Project Management

The project management aspect of this project was accomplished using Clickup. The Clickup platform allows for brain-
storming and building mind-maps, it integrates with mail clients for reminders, it has a built-in chat feature and it allows
for sharing of �les. The most important feature is the creation and tracking of tasks using Kanban boards and Gantt
Charts, among other interfaces.

C.1 Mind-Map

The mind-map developed during the brainstorming sessions with the supervisor is shown in Figure C.1:
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Figure C.1: Brainstorming mind-map
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C.2 Time Management

The time management for the activities of the project was managed using a Gantt Chart. The Gantt Chart is shown in
Figure C.2:

Figure C.2: Project Gantt Chart
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