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Abstract

The main focus of this research is on the application of machine learning in solv-

ing problems that have not been solved by the advancement in process simulation and

automation tools in the process industry. These problems are the fault detection and

diagnosis, and soft sensing of variables that are difficult and/or expensive to measure.

A literature review was conducted in areas where the application of machine learning

was used to solve the problems related to fault detection and diagnosis, and soft sensing

of process variables. Two case studies from the literature review were further extended,

with the aim of improving the performance of the machine learning approaches to these

problems.

The first case study is on the detection of process faults for the Tennessee Eastman

chemical process. In this case study, unsupervised sequential data-driven models such as

the long short-term memory autoencoder (LSTM autoencoder), dynamic autoencoder

and the dynamic principal component analysis (PCA) are explored. The results show

that the LSTM and the dynamic autoencoder improved the detection of five faults that

were poorly detected in the original case study by at least 60%.

The second case study is the optimisation of a steam boiler control system using

machine learning. In this case study, the contribution made is the use of feature selection

in improving the performance of the machine learning models used in predicting the

temperature of six zones in the boiler (to minimise overheating of tubes) and the oxygen

content on both sides of the flue system (to maximise combustion efficiency).

The results show that feature selection decreased the mean squared error (MSE) and

mean absolute percentage error (MAPE) by 60% and 50% respectively.
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Chapter 1

Introduction

A process industry is a general term for manufacturing industries ranging from chemical

processes, petrochemical processes, crude oil and natural gas processes, metals manufac-

turing processes, pharmaceutical processes to mention a few. They are generally involved

in converting raw materials such as coal, crude oil and mineral ores to products such as

electricity, petrol, diesel, agricultural products, metal products, etc. The conversion of

raw materials follow a series of sequential steps where one step is completed before the

next step. The steps generally involve chemical reaction conversion, heating, cooling,

mixing and separation of components to mention a few important steps.

The tools that form the basis of the design and process control of the production

facilities in the process industry are also discussed. However, these tools have not been

successful in solving problems related to fault detection and diagnosis, and soft sensing

(a data driven method of measuring a primary variable using other secondary variables

as inputs [19]). Other tools that are data-driven and have the potential to solve such

problems are introduced. Research objectives and the structure of the thesis report are

finally outlined.

1.1 Problem statement

In the past few decades, the advances in the design, control and retrofitting of manu-

facturing processes has been aided by the advances in process modelling and automa-
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tion tools. Process modelling and automation tools involve the mathematical modelling

(static and dynamic) using the laws of thermodynamics and Newton’s laws. This type

of modelling solves a combination of differential and algebraic equations (DAE’s) and

is regarded as first principle modelling [36]. These tools form the basis of industrial

software packages for process simulation, control and design.

However, there are problems that could not be solved (and still cannot be solved)

by the advances in process simulation and automation tools (advances such as improved

computing power and improvements in thermodynamic packages). The modelling of fault

detection and diagnosis in the manufacturing process has not been adequately tackled

by the use of process simulation and automation tools [36]. The reason being that

process simulation and automation tools do not have expressions that can relate causes

to effects [36]. In general, process simulations are not built to predict the onset of faults

in processes and give warnings on the imminent failure of a piece of equipment. Expert

systems are other tools that were developed in an attempt to model fault detection

and diagnosis in the process industry. The disadvantage with these tools is that they

require immense process knowledge (also known as domain knowledge) for them to be

effective [36].

Modern process plants are complex facilities by their nature (complexity brought

about by the interaction between many variables of the process). This complexity has

been made worse by the availability and storage of large amounts data, brought about by

the introduction of the distributed control system (DCS) in the process industry [9]. The

huge amount of data also makes it difficult, using human intuition and/or knowledge only,

to analyse the interaction between process variables with the aim of detecting faults. The

question has always been: can information of a process, collected over time, be used to

determine the onset of faults so that mitigation actions can be taken to avoid catastrophic

failures? The emergence of machine learning, described as the study of extracting useful

information from data and making informed decisions from data [9], makes it possible

that such longstanding problems can be solved.

What happens when some process variable/property cannot be measured using the

well established instrument hardware (or the instrument hardware is expensive and prone

to failures), and the variable is critical in process control and quality monitoring? One
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of the traditional methods is to take samples from the process and have these samples

analysed in the laboratory for key properties. Decisions are then taken based on the

laboratory results. This procedure has significant time delays and decisions cannot be

implemented timeously. In this case, a machine learning model (using historical data)

can be used to compute key process variables. This application of machine learning is

known as soft sensing [14].

1.2 Research objectives

The two main objectives of this research are discussed in the subsections below.

1.2.1 Objective 1: Literature review

The first objective is to explore the use and benefits of machine learning in solving

problems that have proven difficult to solve in the process industry. This is achieved

by conducting a literature review. The literature review focuses on the use of machine

learning models in solving problems such as:

• Fault detection: this area can be divided into the detection of faults in mechanical

equipment and the detection of process faults (deviation of a process from the

normal operating envelope). The literature review includes examples from both

areas.

• Soft sensing: computation of key process variables that cannot be measured or

computed from laws of physics.

1.2.2 Objective 2: Improving the performance of machine learn-

ing models

Two case studies from the literature review are chosen for further review. The results

of the original case studies are replicated first. Then different ways of improving the

performance of machine learning models in these two case studies are explored and
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quantified using performance metrics. The improvement phase includes the use of differ-

ent machine learning models, feature selection and hyperparameter optimisation. The

performance metrics before and after the improvement phase are compared, discussed

and summarised.

1.3 Thesis outline

Following the introductory chapter, the theoretical background of machine learning mod-

els and their performance metrics discussed in the literature review chapter are described

in chapter 2. This is followed by chapter 3, which discusses in enough detail the appli-

cation of machine learning in the process industry so as to fulfil objectives described in

section 1.2.1. Seven case studies are presented. Two case studies from the literature

review are chosen for further review and analysis so as to fulfil objectives described in

section 1.2.2.

The first case study Fault detection for Tennessee Eastman chemical process is further

reviewed in chapter 4. The second case study Steam boiler control and optimisation in

real time with machine learning is also further reviewed in chapter 5. The findings from

the review of the two case studies are concluded in chapter 6.
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Chapter 2

Background

This chapter describes some of the theoretical concepts of machine learning and statistical

models relevant in this research.

2.1 Principal component analysis

Technology improvements have allowed the collection of data with many variables to be

the norm and it is often time consuming during data collection to sieve through data

to carefully select variables (or features) that are independent. In machine learning ap-

plications, it is ideal for enhanced performance and reduced complexity of the machine

learning model, that the features of the machine learning model are independent from

each other. Principal component analysis (PCA) is a statistical technique used for select-

ing features that are independent from each other and still contain as much information

as possible from the original dataset.

Let us first define the dataset X ∈ Rn×m, where X is a matrix with n observations

and m features. For the purpose of illustrating how the PCA works, let us assume

that we are dealing with a dataset of three features (three dimensional) that will be

compressed to a lower dimensional dataset. The first step of PCA is to search for

a line going through the dataset that will maximise the distance (from the origin) of

each perpendicularly projected observation onto this line [5]. This line is known as the

first principal component and the distance is known as the T score (or the Z score). The
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second principal component, going through the data points, is also searched for such that

the distance of each projected data point onto the second principal component (i.e. the

score) is maximised. The search for the second principal component has the additional

condition that the two principal components are orthogonal as shown in Figure 2.1 [5, 31].

Figure 2.1: Geometric interpretation of PCA. Source: Dunn [5]

The maximisation of the scores is equivalent to maximising the variance of the data

points along the principal components [5]. The directions of the two principal compo-

nents are unit vectors known as the loading vectors p1 and p2 respectively. The scores

of the principal components are t1 and t2 respectively.

The score of the observation/example xi on the first principal component, as shown

in Figure 2.2, is calculated by the following equation [5]:

ti,1 = xT
i p1, (2.1)

where xT
i is the transpose of xi ∈ Rm and p1 ∈ Rm. The score of the ith observation

along the second principal component (PC2) is calculated by:

ti,2 = xT
i p2. (2.2)
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Figure 2.2: T score for the first principal component. Source: Dunn [5]

The scores for the entire dataset X are calculated by:

T = XP, (2.3)

where X ∈ Rn×m, P ∈ Rm×m and T ∈ Rn×m.

P is a matrix of the eigenvectors of the covariance matrix of X [5, 31]. The corre-

sponding eigenvalues for the eigenvectors are the variances of the projected data points

along the principal components lines. The aim of PCA is to project X onto a space

with fewer dimensions whilst retaining as much original information as possible (i.e. ex-

tracting variables with the greatest variability). The following procedure is used for the

extraction of principal components [5, 31]:

• Calculate the eigenvectors (P ) and eigenvalues of the covariance matrix of X using

a singular decomposition method.

• Arrange the eigenvalues and the corresponding eigenvectors in descending order.

• Select eigenvectors whose fraction of the corresponding eigenvalues λi is greater

than or equal to a threshold of 0.9, i.e

l∑
i=1

λi

m∑
i=1

λi

≥ 0.9 for l < m. This method

is known as the cumulative percent variance (CPV). Other methods such as the

scree plot or cross validation can be used to extract principal components [31]. The

threshold can be a number other than 90% of the total variability of X.

The dimensions of the original matrix can now be reduced to:

T̂ = XP̂ , (2.4)
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where T̂ ∈ Rn×l and P̂ ∈ Rm×l.

The location of the projected observation onto the principal component line is the

best approximation of xi on the principal component space [5]. This is illustrated in

Figure 2.3.

Figure 2.3: Approximation of Xi. Source: Dunn [5]

The approximation of the ith observation using the first principal component is given

by:

x̂T
i = ti,1p1

T , (2.5)

where x̂i ∈ R1×m and p1 ∈ Rm. Using the second principal component up to the

extracted column of the loading matrix l, the approximation is given by:

x̂T
i = ti,1p1

T + ti,2p2
T + . . .+ ti,lpl

T . (2.6)

The approximation of the original matrix is then given by:

X̂ = T̂ P̂ T , (2.7)

where T̂ ∈ Rn×l and P̂ ∈ Rm×l. The error of the PCA model and its square prediction

error (SPE) are calculated as follows:

E = X − X̂, (2.8)

SPE = E · E, (2.9)

where E ∈ Rn×m, SPE ∈ Rn and the sign (·) is the dot product for two vectors.
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2.1.1 PCA in process monitoring

PCA is used to monitor a process and flag observations that are anomalous. Two forms

of statistics are frequently used in deciding whether an observation is anomalous. The

two statistics are the Hotelling T 2 and Q statistics. In combination with their associated

thresholds, the two statistics are used to detect an anomalous observation, that is an

anomaly is detected if one of the statistics is above its respective threshold. The T 2

statistic (for one observation/example) is given by [11]:

T 2 = xiP̂ Λ̂−1P̂ TxT
i , (2.10)

where Λ̂ is the diagonal matrix with extracted eigenvalues (λi) as the diagonal entries.

The Q statistic is given by:

Q = xiP̃ P̃ TxT
i , (2.11)

where P̃ ∈ R(m−l)×(m−l) is the vector of the remaining eigenvectors not extracted by

PCA. Alternatively, the Q statistics can be calculated using the SPE equation. The

threshold (upper control limits) for the Q statistics is given by:

Qα = gχ2
α(h)

g =
σ2
R

2µR

h =
2µ2

R

σ2
R

(2.12)

where χ2 is the chi-square distribution of the Q values from the training dataset, α is the

control limit, µR and σR are the mean and standard deviation of the squared prediction

error (SPE) obtained from the training dataset.

Alternatively the threshold of the Q values can be obtained from looking at the

actual distribution of the Q values, and setting the threshold to be a 99th percentile of

the distribution (as an example).

The following procedure is used in process monitoring:

1. Standardise dataX by mean centering (to remove bias) and normalising (to remove

units from X).

2. Split X into training and test datasets.
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3. Use the training dataset to build the PCA model, that is, the matrix of principal

components, loading vectors and eigenvalues that yield a high cumulative variance.

4. For each data point in the test dataset calculate tnew = xiP̂ .

5. Calculate T 2 and Q values for each observation in the test dataset.

6. Calculate the thresholds from the distribution of T 2 and Q values.

7. An observation with T 2 or Q value greater than the threshold is flagged as an

anomalous observation. The contribution plot (from either the T 2 or Q values) is

used to identify the features that contribute significantly to the anomalous data

point.

2.2 Artificial neural networks

The human brain is a complex organ that can perform many tasks such as pattern recog-

nition (better than a computer can), performing parallel tasks, learning, memorising, etc.

It is for these reasons that there was the development of a research area that simulates

the biological neural system in order to solve complex problems [7]. This area of research

is known as artificial neural networks (ANN).

The basic building blocks of a neuron are the dendrite, cell body, nucleus and the

axon as shown in Figure 2.4. The neuron receives signals from other neurons via the

dendrites, and the signal is transmitted via the axon to dendrites of other neurons. The

transmission of the signal (i.e. firing of the signal) depends of the strength of the input

signals to the cell body. If the input signals are strong enough, the neuron will fire an

output signal or inhibit an output signal (if the input signals are not strong enough).

The neuron is connected to a large network of other neurons and this network makes up

the neural system.

The basic building block of the artificial neural system that mimics the biological

neural system is known as the artificial neuron. It consists of input signals, an activation

node and an output signal as shown in Figure 2.5. The combined signal (z) is calculated
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Figure 2.4: Diagram of a neuron. Source: Amit [10]

as the weighted sum of all input signals and serves as an input to the activation function:

z = xΘT , (2.13)

where x =


x1

x2

...

xn

 and Θ =


Θ1

Θ2

...

Θn

 are the matrices of input signals and associated

weights respectively.

The node in the artificial neuron is responsible for firing of the signal and the output

signal (hΘ(x)) is calculated from the activation function:

hΘ(x) = g(z), (2.14)

where the activation function can either be a linear function, a sigmoid function (com-

monly denoted using σ(z), or just σ), a ramp function, a step function, a hyperbolic tan-

gent function or a Gaussian function to name a few. The artificial neuron is connected

to a network of other artificial neurons through a connection of layers of activation func-

tions (called nodes) as shown in Figure 2.6. This network has an input layer (this layer

does not perform any calculations; the signals from this layer are the same as the input

signals), hidden layers (layer 2 and layer 3) and the output layer (layer 4). The network

can perform regression or classification computations. The independent variables are
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Figure 2.5: Illustration of artificial neuron. Source: Alex [2]

represented by input signals to the input layer. The predicted variable is represented by

the output signal of the output layer for a single variable regression and binary classifica-

tion problem or, output signals from the output layer for a multi-classification problem.

There can be as many hidden layers and nodes in the hidden layers as possible, and

these are some of the parameters of the ANN model. The ANN takes input signals and

propagates the signals (using initialised weights for the entire network) to the next layer

and so on until the output signal is calculated. The propagation of signals to the next

layer uses equations (2.13) and (2.14). Once the output signal/s from the output layer

is determined, it is compared to the actual value/s corresponding to the input layer. If

a certain criterion is not met, the weights of the entire network are adjusted and the

process of forward propagation of signals continues. Is there an automated method of

adjusting weights of the network such that the set criteria is met? The answer is network

learning and is divided into:

1. Supervised learning: this applies to network learning of labelled dataset (an ob-

servation with a vector of input variables and an associated response variable). In

supervised learning weights of the network are adjusted until the difference be-

tween the predicted variable (hΘ(x)) of the output layer and the actual value is

minimised. Supervised learning is used for modelling regression type problems or

classification problems.

2. Unsupervised learning: this is used to find patterns in data without the help of a

12
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Figure 2.6: Illustration of a four-layer artificial neural network with three inputs and one

output

response variable to supervise the learning process. The error to be minimised in

this case is the squared difference of input signals and the projected input signals in

the output layer. Unsupervised learning can be used for clustering type problems.

3. Reinforcement learning: where neurons of the network that degrade the perfor-

mance of the network are penalised and the others are rewarded.

The well known algorithm that adjusts weights of the network is the gradient descent

algorithm which minimises the error of the output signal/signals as a function of the

weights of the network. Gradient descent is a local minimum optimisation algorithm.

Other algorithms are the scaled conjugate gradient algorithm (local minimum optimi-

sation algorithm), particle swarm optimisation and evolutionary algorithms (all global

minimum optimisers).

2.2.1 Autoassociative neural networks

The aim of the linear PCA is to reduce the number of linearly correlated variables in

the dataset so that in the end, one is only left with independent variables that can

subsequently be used as input dataset for other models, or be used for visualisation.

What tool is used when we want to extract non-linear features from data? Kramer [16]
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proposed the use of autoassociative neural networks as a tool to remove non-linear cor-

related variables from the dataset. Kramer called this type of network a non-linear PCA

(NLPCA). This network is also commonly known as the autoencoder [25].

Supervised learning ANNs learn a function that can predict the response variable

(y) from the input vector of features (x). As previously discussed, the response variable

can be a continuous variable (as is the case for regression) or integer(s) that represent

classes of data. Autoassociative neural networks learn an identity mapping function that

replicates the input vector of features at the output layer, using only the input vector as a

guide (i.e. unsupervised by a response variable) [11]. The typical structure of an NLPCA

network consists of three hidden layers (although there can be more hidden layers), with

the third layer (or second hidden layer) consisting of a number of nodes less than the

number of nodes in the input layer. This middle layer is known as the bottle-neck layer.

In this layer, the input vector is mapped to a lower dimensional structure as shown in

Figure 2.7a.

(a) Mapping section. (b) Demapping section.

Figure 2.7: Auto-associative neural network. Source: Kramer [16].

The compressed variables (T1, T, . . . , Tn) are then demapped to a high dimensional

structure of the same size as the input vector as shown in Figure 2.7b.
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The extraction of non-linear independent variables is captured by the use of non-

linear activation functions. This structure follows the same procedure as the linear PCA,

where the input vector is first mapped to a lower linear dimensional space (the principal

component space with T-scores) and then followed by the reconstruction of the principal

component space to the residual space. The principal component space is represented by

the mapping function of the network and the reconstruction of the principal component

space is represented by the demapping function of the network. This network is trained

using the feedforward gradient descent algorithm using the reconstruction error as the

objective:

E =
n∑

i=1

m∑
j=1

(xij − x̂ij)
2

nm
, (2.15)

where x̂ij is the approximation of xij at the output layer of the network.

2.2.2 Statistical process monitoring using NLPCA

Similar to other machine learning applications, training is preceded by splitting the

dataset into a training dataset and testing dataset. The training dataset is used to train

the network. For any unseen example (xi) from the test dataset, the T statistic and/or

the Q-statistic and their associated upper control limits are used to detect faults asso-

ciated with the example. In the case of NLPCA using autoassociative neural networks,

the T 2 and Q-statistic are given by [11]:

T 2 =

f∑
i=1

t2k
σ2
k

, (2.16)

Q = (xi − x̂i) (xi − x̂i)
T , (2.17)

where f is the number of nodes in the bottleneck layer and tk is the output signal

from node k of the bottleneck layer (i.e. principal component node k). The standard

deviation σk for node k is obtained from the training of the network (i.e. calculated from

the training dataset). The principal components are reconstructed at the output layer

using the demapping function to obtain x̂i (the approximation of the input vector). The

upper control limits for T 2 and Q are respectively given by [11]:

T 2
α = χ2

α(l), (2.18)
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,

Qα = gχ2
α(h),

g =
σ2
R

2µR
,

h =
2µ2

R

σ2
R
,

(2.19)

where χ2 is the chi-square distribution, µR and σR are the mean and standard deviation

of the squared prediction error (SPE) obtained from the training dataset respectively.

An observation with T 2 or Q value greater than the upper control limit is flagged as an

anomalous observation.

2.3 Recurrent neural networks

Traditional neural networks do not know how to use information of previous events to

influence current events [26]. Such cases occur when we want to model events such

as temporal events (time series), text modelling or speech recognition, where previous

events have a bearing on the results of the current state. Recurrent neural networks

(RNN) are networks that have loops in them and allow information from previous steps

to be used in the current state as shown on the left side of Figure 2.8.

Figure 2.8: Recurrent neural network. Source: Colah [26]

The copying of information from the previous steps is simplified by unrolling the

network as depicted on the right side of Figure 2.8. This figure shows how the output

of the neural network layer at time t is dependent on the input data xt at time t and

the output of the neural network layer at time t− 1. The output of the neural network
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layer at t− 1 is in turn a function of the input data xt−1 and the output of the network

at time t − 2. This shows how data from past events/steps is passed on to the current

state.

The RNN is trained in the same way a typical vanilla neural network is trained by

forward propagation and back propagating the error of the network to the weights of

the network. The error resulting from the sum of the loss functions of each time step

is used for backpropagation and is known as backpropagation through time (BPPTT).

One main shortcoming of the RNN is that it fails to model long term dependencies, that

is as information from the past piles up, the network becomes ineffective in learning.

This problem was resolved by using a variant of the RNN known as the long short-term

memory (LSTM) network.

2.3.1 LSTM Autoencoders

The LSTM network usually consists of cells that are horizontally connected. A diagram

of a typical LSTM cell is shown in Figure 2.9. Each input vector xt and the output of

the previous cell ht−1 are processed through an LSTM cell that consists of three gates

(controlled by four simple one-layer neural networks). The gates are the forget gate (f),

the input gate (i) and the output gate (o) [26]. In the forget gate, the input vector xt

and output vector of the past cell ht−1 are passed through the neural network layer of

sigmoid activation functions. The output vector of this layer is element-wise multiplied

with memory vector ct−1 from a previous cell. The effect of this is that the layer of

sigmoid neurons can control the amount of information from the previous cell ct−1 that

can be used in the current cell (i.e. the sigmoid layer can control the extent to which

memory from the previous cell can be used in the current cell). For example, if certain

old memory needs to be forgotten, the output of some of the sigmoid neurons in the

forget gate will be assigned zero values (since a sigmoid function outputs values between

0 and 1), and the element-wise multiplication operation will ensure that some elements

of the ct−1 vector are assigned values of zero. The opposite will apply if some information

from the past is deemed important (i.e. the layer of sigmoid neurons will emit values
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Figure 2.9: A cell of the LSTM network. Source: Shi [39]

equal to one). The equation governing this operation is:

f = σ
(
xtU

f
t + ht−1V

f
t + bf

)
(2.20)

where U f and V f are weights (parameters) of the forget gate, and bf is the bias vector for

the forget gate. In order to control how much of the new information xt and the output

from the previous cell ht−1 should be stored, the two vectors are first passed through the

input gate with sigmoid neurons:

i = σ
(
xtU

i + ht−1V
i + bi

)
(2.21)

where U i and V i are weights of the input gate, and bi is the bias vector of the input

gate. A vector of new candidates for the new state is created by passing the two vectors

through the tanh layer (the layer could assume a different activation function without
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compromising the structure of the LSTM network):

C̃ = tanh (xtU
g + ht−1V

g + bg) (2.22)

where the superscript g denotes weights of the hyperbolic tangent function layer. Finally

the decision as to how much of the past memory and new information is included in the

new state ct to be passed on to the next cell is determined by the following equation:

ct = f ⊙ ct−1 + C̃ ⊙ i (2.23)

where ⊙ is an element-wise multiplication operation.

The last stage of the LSTM network is the output gate, which is a function of the

information of the current state ct. The information in the current state is filtered as an

output to the next cell using the sigmoid layer according to the following equations:

o = σ (xtU
o + ht−1V

o + bo) (2.24)

ht = tanh (ct)⊙ o (2.25)

where the superscript o denotes the weights and b the bias vector of the output gate. The

control of the extent to which the past and current information can be used to predict

the future state is clearly defined by the LSTM architecture. It is for this reason that

it is a popular modelling architecture for time series modelling, speech recognition, text

modelling, etc.

The LSTM autoencoder is created using a single or stacked layers of the LSTM

network such that there are layers that represent the encoder section and decoder section,

similar to the structure shown in Figure 2.10 [29].

2.4 Support vector machines

A support vector machine is a machine learning model that classifies an observation as

belonging to one class out of a set of classes (two classes for binary classification and

more than two classes for multi-classification). As illustration, let us consider a binary

classification problem with a two dimensional dataset (dataset with two features) where

the data is linearly separable. The support vector machine (SVM) in this case searches
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Figure 2.10: LSTM Autoencoder

for the best line that separates data into two classes as shown in Figure 2.11. For a binary

classification problem with a three dimensional dataset, SVM searches for a plane that

best separates the data. If the dataset is not linearly separable, a line or a plane will

not be able to separate the data. In that case, different shapes can be used to separate

the data (a circle as an example). To understand how the SVM model classifies data,

we focus on a linearly separable and two dimensional dataset.

The equation of a straight line is given by:

f(x) = ax+ b,

where a is the slope of the line and b is the bias (or the y-intercept). If we assign

f(x) = x2 and x = x1 , and rearranging terms, we obtain the following equation:

ax1 − x2 + b = 0.

Using the vector notations by Kowalczyk [15], w = (a,−1), x = (x1, x2) and the dot

product sign (·), the equation of the line that separates the dataset into two classes is

given by:

w · x+ b = 0. (2.26)

Equation 2.26 is the line that best separates the two dimensional data into their respec-

tive classes. Since equation 2.26 is in a vector form, it also applies to a high dimensional
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Figure 2.11: Data separated by a line. Source: Kowalczyk [15]

dataset. In that case, the SVM algorithm searches for a hyperplane. For a given vector

w = (w1, w2) and bias b, if the observation xi = (x1, x2) satisfies equation 2.26, then

that data point lies on the line. However, if w · xi + b > 0, the data point is on one side

of the line. Alternatively the data point is on the other side of the line. Given labels of

the dataset (i.e. y = +1 for positive class and y = −1 for negative class), the goal is to

search for values of w and b such that

w · xi + b > 0 for every yi = +1

w · xi + b < 0 for every yi = −1.

This is also known as the perceptron learning algorithm (PLA) [15]. According to Kowal-

czyk [15], the PLA algorithm has two main disadvantages:

1. There is an infinite number of values of vector w and b that the PLA searches for.

2. Even when we obtain values of w and b that classify training data correctly, there

is a chance that it will miss-classify the testing dataset. For example, if the PLA

finds a line that is too close to training data points of one class, there is a large

possibility that it will miss-classify the testing data set.
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Therefore the objective of the SVM algorithm is to find the best line (or hyperplane for

multidimensional dataset) that will separate the dataset into its respective classes.

2.4.1 Optimal line/hyperplane

The best line that separates data is obtained by solving the following optimisation prob-

lem [15]:

min
w,b

1
2
∥w∥2

subject to yi (w · xi + b) ≥ 1 for every i = 1, 2, . . . , n.
(2.27)

In essence the SVM algorithm solves the minimisation problem (2.27), which is a convex

quadratic optimisation problem. Equation 2.27 is known as the hard margin SVM clas-

sifier and its main characteristic is that a solution to the optimisation problem cannot be

found if the data has outliers. This means that if there is an observation that is closer to

another class than its own class, then the data cannot be separated by a straight line (in

the case of a linearly separable two dimensional dataset as an example). This is because

a solution for the vector w and the bias b, such that the constraint yi (w · xi + b) ≥ 1

for every i = 1, 2, . . . , n is adhered to cannot be found for an outlier.

To solve the problem, the constraint is relaxed by subtracting a positive real number

(so that the outlier can adhere to the constraint for a given w and b). To prevent

the positive number from being assigned any number (e.g. a large positive number is

assigned even if a small positive number would work), the objective function is penalised

by adding the positive number (zeta) to the objective function. This leads to the following

optimisation problem:

min
w,b,ζ

1
2
∥w∥2 +

n∑
i=1

ζi

subject to yi (w · xi + b) ≥ 1− ζi

ζi ≥ 0 for every i = 1, 2, . . . , n.

(2.28)

Equation 2.28 is known as the soft margin SVM. To control the extent of the soft margin

SVM, the term ζ in the objective function is multiplied with a positive real number C
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to yield the following SVM optimisation problem:

min
w,b,ζ

1
2
∥w∥2 + C

n∑
i=1

ζi

subject to yi (w · xi + b) ≥ 1− ζi

ζi ≥ 0 for every i = 1, 2, . . . , n.

(2.29)

The soft margin SVM (2.29) solves for the optimal hyperplane whilst allowing for the

misclassification of outliers. The soft margin optimisation problem is reformulated by

the Lagrangian multiplier method to yield the following dual problem:

max
α

n∑
i=1

αi − 1
2

n∑
i=1

n∑
j=1

yiyjαiαjxi · xj

subject to
n∑

i=1

yiαi = 0

0 < αi < C for any i = 1, 2, . . . , n,

(2.30)

where αi is the Lagrange multiplier for each example. The second constraint is known

as the box constraint. The above maximisation problem (2.30) is converted to a minimi-

sation problem and the Lagrange multipliers are solved for by employing the sequential

minimisation optimisation (SMO) algorithm. Once the Lagrange multipliers are solved

for, the vector w and b are solved by:

w =
n∑

i=1

yiαixi (2.31)

and

b = yi −w · xi (2.32)

2.4.2 Support vector regression

The support vector machine can also be used to solve regression problems. The op-

timisation problem for the support vector regression (SVR) is the same as the SVM

optimisation problem, with the exception that with SVR, a margin of error (epsilon) is

specified for which the classification line should not exceed as shown in Figure 2.12. The
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Figure 2.12: Illustrative example of simple SVR. Source: Sharp [30]

optimisation problem for SVR that needs to be solved is:

min
w,b

1
2
∥w∥2

subject to yi − (w · xi + b) ≤ ϵ

(w · xi + b)− yi ≤ ϵ for every i = 1, 2, . . . , n.

(2.33)

Data points that are outliers (data points outside the range specified by ϵ) are accom-

modated using the same approach for the classification problem by solving the following

optimisation problem:

min
w,b,ζ

1
2
∥w∥2 + C

n∑
i=1

ζi

subject to yi − (w · xi + b) ≤ ϵ+ ζi

(w · xi + b)− yi ≤ ϵ+ ζi

ζi ≥ 0 for every i = 1, 2, . . . , n.

(2.34)

Similarly to the classification problem, Equation 2.34 is reformulated to a maximisation

problem using the Lagrange multiplier method and solved using the SMO algorithm.
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2.5 K-means clustering

Clustering is an unsupervised machine learning method (i.e. data with input variables

and no associated response variable) that seeks to find hidden patterns in data. Clus-

tering is used in the following applications but not limited to:

1. Market segmentation,

2. Astronomical data analysis,

3. Organising computing clusters and

4. Social network analysis

One such algorithm used to find clusters is the K-means algorithm. Another algorithm

is the density based clustering algorithm. However, K-means algorithm is the most

popular algorithm. Now consider the steps followed in the implementation of the K-

means algorithm:

1. Initialisation of the centroids of the K number of clusters. One way of doing this is

to randomly select the K number of observations from the dataset by shuffling the

original dataset and selecting the first K observations. The centroids are labelled

(µ1, µ2, . . . , µK) where µ ∈ Rm, m being the number of features.

2. Assignment step. Assign each observation to the closest centroid:

for i = 1 : n

ci = index of the centroid (from 1 to K) closest to the ith observation.

3. Moving of the centroids. Determine the new centroids as the average of the obser-

vations assigned to each cluster in step 2:

for i = 1 : K

µi = mean of the data points assigned to cluster i.

4. Repeat steps 2 and 3 until the centroids do not change.
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How is the number of clusters chosen? Sometimes we know the number segments of data

we want analysed. In that case, we know the value for K. In cases where we do not

know what the value of K should be, we run the K-means algorithm for cluster K = 2.

Compute the J (the sum of the distances between each observation in a cluster and the

centroid of the cluster). Run K-means for K=3 and calculate the total distance for the

three clusters and so on. Plot J versus the number of clusters (i.e K = 2, 3, . . .). This

will produce a curve whose total distance decreases as the number of clusters increase.

The elbow of the curve is chosen as the best point for setting the number of clusters.

2.6 Performance metrics

The performance metrics used to analyse the performance of the machine learning models

in chapter 4 are the fault detection rate (FDR) and the false alarm rate (FAR), given

by the equations [8]:

FDR =
TP

TP + FN
× 100%, (2.35)

FAR =
FP

FP + TN
× 100% (2.36)

where TP, FN, FP and TN are the true positive, false negative, false positive and true

negative values respectively, predicted by the machine learning model using the unseen

test dataset.

Chapter 5 uses the mean squared error (MSE) and the mean absolute percentage

error (MAPE) and are defined by:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 , (2.37)

MAPE =
1

n

n∑
i=1

| yi − ŷi |
yi

× 100%, (2.38)

where n=number of examples, yi=actual value and ŷi=predicted value.
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Chapter 3

Literature review

This chapter explores literature on the use of machine learning models in the process in-

dustry, specifically the use of machine learning models in fault diagnosis and soft sensing

applications as described in Section 1.2. Seven case studies from different industries are

discussed on the application of machine learning models in these two areas. Each case

study is discussed in terms of the problem statement, the proposed solution and results.

Two case studies from the literature review are further analysed in Chapter 4 and 5,

with the aim of improving the performance of the machine learning models.

3.1 Steam boiler control and optimisation in real

time with machine learning

3.1.1 Problem statement

A steam boiler in the power generation process is a unit that produces superheated

steam by heating water using a fuel such as coal. The steam is directed to a turbine

that produces electricity. Maintaining a high uniform temperature distribution and low

oxygen content of the flue gas are key in improving the stability and energy efficiency

of the boiler [3]. In addition, the non uniform temperature distribution inside the boiler

is one of the main reasons boilers experience pipe leaks (due to thermal stresses caused

by uneven temperature distribution). As a result, the boiler becomes unstable as time
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progresses [3]. Maintaining balanced, low oxygen levels of the flue gas also implies

high levels of efficiency as this is a sign of combustion reactions going to completion.

Understanding the nature of temperature distribution inside the boiler is a difficult task

and the traditional approach has been the use of computational fluid dynamics (CFD).

The combustion process is dynamic in nature and CFD analysis is applied on steady

state processes and cannot be used for real time process control as it is computationally

expensive.

3.1.2 Proposed solution

The research by Ding et al. [3] focused on the integration of machine learning methods

and optimisation techniques in an attempt to achieve uniform and high temperature

distribution inside the boiler and, uniform and low oxygen concentration of the flue

section.

Ding et al. [3] approached the problem in the following manner:

1. Historical data of controlled variables and uncontrolled variables was collected

using the distributed control system (DCS). A separate process was undertaken

to collect data (using specialised instruments) on the temperatures of six different

zones of the boiler and the oxygen content at both sides of the flue.

2. A machine learning model was built for the prediction of temperatures at six dif-

ferent zones and oxygen content at two sides of the flue using historical data.

3. A minimisation optimisation model was built with objective function having the

following terms: the squared difference of the temperature of each zone and the

average temperature, the squared difference of the oxygen content of each side of

the flue gas duct system and the average oxygen content, the average temperature

(with a minus sign) and the average oxygen content (with a positive sign).

The constraints were: equality constraints of the temperatures of the six zones

predicted from the machine learning model, the oxygen content of the two sides

of the flue predicted from the machine learning model and the lower and upper

bounds of each controlled variable. The output of the optimisation model would
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be the optimised values of the controlled variables that will be used as inputs to

the steam boiler process control scheme.

3.1.3 Results

Ding et al. [3] tested five machine learning models, namely the support vector regression

(SVR) with linear kernel, SVR with radial basis function (RBF) kernel, classic three

layer feed forward neural network (ANN), recurrent neural network (RNN) and long

short-term memory (LSTM) model. The linear SVR model yielded good results for

temperature prediction with lower mean squared error (MSE) compared to the other

three models. For oxygen prediction, the ANN model yielded better results than linear

SVR. However, the linear SVR model was chosen over the ANN because the ANN model

would result in a highly non-linear optimisation model which would be difficult to solve

in real time. Five different optimisation algorithms were tested: interior point method

(IP), genetic algorithm (GA), particle swam optimisation (PSO), sequential quadratic

programming (SQP) and differential evolution (DE). The IP algorithm produced better

results in the reported run time, lower mean for the objective function (since the op-

timisation model is executed at every time step) and lower standard deviation for the

objective function.

The overall result of the use of the optimisation model using IP algorithm and SVR

model yielded a reduction of temperature standard deviation by 42%, and a reduction

of the difference of oxygen content from two sides of the flue by 61% when compared

to original data without the optimisation model. The average temperature increased by

32% and the average oxygen content decreased by 38.6%.
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3.2 Statistical process monitoring of the Tennessee

Eastman process using parallel autoassociative

neural networks and a large dataset

3.2.1 Problem statement

Data generated from a simulation of 20 faults of the Tennessee Eastman process has been

used as a benchmark for research in process control for many years [4]. It has recently

gained traction for research in process monitoring. Process monitoring can be divided

into two parts, 1) fault detection and 2) diagnosis of the fault and identifying elements

leading to the fault. The focus of various studies on process monitoring has been on the

use of supervised machine learning models in classifying faults. However, data retrieved

from industrial processes is largely unlabelled. In addition, these days huge datasets can

easily be collected by the distributed control system of a process. As a result, labelling of

industrial dataset can be time consuming and expensive at times. It is for these reasons

that Heo & Lee [11] explored the use of unsupervised methods for the detection of faults

for the Tennessee Eastman chemical process.

3.2.2 Proposed solution

In their study, Heo & Lee [11] explored the use of unsupervised machine learning and

statistical techniques for process monitoring. They first started by exploring the use of

PCA for the detection of faults for the chemical process. They then proposed the use

of auto-associative neural network (autoencoder) as a non-linear PCA model for process

monitoring. Auto-associative neural network was originally proposed by Kramer as a

non-linear dimensionality reduction technique [16]. The study by Heo & Lee [11] is

summarised as follows:

1. A linear PCA model was trained on a fault free dataset and a threshold was

computed from the distribution of the reconstruction error. Using the trained

model, 20 test datasets, with each dataset representing an introduction of a fault

type after a normal run, were used to compute the fault detection rate (FDR) and
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the false alarm rate (FAR) for each test dataset. A fault was detected if the T 2 or

the Q statistic was above the threshold. The FDR and the FAR computed using

the two statistics were compared.

2. Similar to the PCA model, the autoencoder was also trained and the threshold

was determined. Using the trained autoencoder, the FDR and FAR for each test

dataset were computed.

3. A second type of a neural network was introduced. It decoupled the training of

non-linear principal components (bottleneck nodes) in the autoassociative neural

network so that the computed non-linear principal components were not aligned

and independent during training of the network. This type of the network was

referred to as the parallel autoassociative neural network (or p-NLPCA). The p-

NLPCA network was also trained and the FDR and FAR (for each test dataset)

were computed.

4. Sensitivity analyses on the autoencoder and p-NLPCA networks were carried out

by varying the following hyperparameters: the number of bottleneck nodes/non-

linear principal components, the number of hidden layers, the number of mapping

and demapping nodes and the objective function. In addition, the impact of reg-

ularisation was analysed.

3.2.3 Results

The results of the study by Heo & Lee [11] led to the following conclusion:

1. The FDRs computed using the Q statistic were higher than the values computed

using T 2 statistic. This was applicable to all the three models and was in agreement

with the conclusions from other studies that the Q statistic is a reliable metric to

use for process monitoring.

2. When comparing the autoencoder (with bottleneck nodes=15, no regularisation,

reconstruction error as objective function) to linear PCA (with the same number of

principal components), the autoencoder slightly improved the average FDR score
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over all faults from 71.96% for linear PCA to 72.88%. The p-NLPCA showed a

moderate improvement to 77.39%.

3. For most networks, the FDR slightly improved as the number of bottleneck nodes

(non-linear principal components) increased. This applied to both the autoencoder

and the p-NLPCA network.

4. The FAR was generally low for most networks (around 1%) but it increased as

the size of the network increased (i.e. it increased as the number of hidden layers,

mapping and demapping layers increased). This was more pronounced with the

autoencoder.

5. Regularisation reduced the FDRs for most networks computed using the T 2 statis-

tic. The was no significant improvement in the process monitoring performance in

the residual space.

Heo & Lee [11] concluded that in general there was no systematic approach in de-

signing optimal autoassociative neural networks (autoencoders) for fault detection and

diagnosis. This is one area that needs further development.

3.3 Biomass steam boiler root cause analysis

3.3.1 Problem statement

Laubscher et al. [18] compared the performance of different machine algorithms in finding

the root cause of excessive final steam temperature for a biomass steam boiler. The case

study is based on a sugar-producing plant in South Africa that uses biomass by-product

from its operations (sugar cane bagasse and furfural residue), as fuel in a steam boiler

to generate power for internal use. The operation of this boiler was experiencing final

steam temperatures up to 35% above the design limit of 100 ◦C. The high final steam

temperature can cause metallurgical failure of the superheater, leading to the shutdown

of the boiler and can also lead to failure of downstream equipment such as the turbine.

The aim of the study was to develop a predictive model to explain causes of high final

steam temperature.
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3.3.2 Proposed solution

In building the predictive model, 28 process variables were considered as independent

variables and the target variable was the final steam temperature. The independent

variables were compressed to 15 variables through the use of data compression technique

and further compressed to eight variables by averaging the seven fuel feeder speed vari-

ables into one fuel feeder speed variable. The two fuel chute densities were also averaged.

Three models, artificial neural networks (ANN), support vector regression (SVR) and

random forest (RF) were trained and tested.

3.3.3 Results

In determining the variables that have significant impact on steam temperature, sensitiv-

ity analyses using the machine learning models were performed. The sensitivity analyses

revealed the following:

• High steam temperatures occurred at low fuel moisture content. Low fuel moisture

content corresponded to high fuel energy content and high flue gas temperature

(and this eventually led to an increased heat transfer over the steam superheater).

• High steam temperatures were more pronounced at high fuel densities (i.e. low

fuel particle size). Low particle size caused the burner flame to be positioned high

up the furnace and close to the superheater. This resulted in high heat transfer

rate over the superheater above the design rate.

• An increase in the forced draught fan damper position (which controls flow of air)

caused an increase in the final steam temperature. This was more pronounced at

high feed chute densities (i.e. low fuel particle size).

All the three models showed the same behavioural pattern when sensitivity analysis was

performed. The next phase of the study was to use the machine learning model as part

of the control logic that would lower the fan damper position at high chute densities,

and increase the fan damper position at low chute densities.
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3.4 Crude oil fingerprinting and analytics

3.4.1 Problem statement

Crude oil is refined to produce liquid fuels such as petrol (95 octane or 93 octane petrol),

diesel, jet fuel, paraffin, refinery fuel oil and liquid petroleum gas (LPG). The process to

refine crude oil is complex and generally expensive to run and the capital cost involved

in setting it up is not cheap either. Most refinery companies process crude oils from

various regions with different crude oil characteristics. For example a refinery company

may process crude oils from Saudi Arabia (which have a high content of heavy com-

ponents), crude oils from West Africa (with high content of components that produce

diesel and petrol), Iranian crude oils or American crude oils to name a few. The reason

for processing a basket of varying crude oils is that no single crude oil can be processed

to meet the demand of varying types of fuels for any market. As a result, at any time

the storage tanks are a mixture of different crude oils.

General Electric Water and Process Technologies (GEW&PT) group [34], has proven

by way of physical examination of the samples that samples of crude oils in any day are

vastly different in character. This means that the processing of crude oil from a storage

tank is non uniform throughout the day. Refinery companies are faced with the following

operational challenges of processing issues driven by variable behavioural characteristics:

• Instability/compatibility of the fluid: defined as the tendency of the heavy com-

ponents of the crude oil to remain undissolved in the rest of the fluid.

• Fouling: the tendency of the crude oil to foul heat exchanger units.

• Emulsification: tendency of the fluid to emulsify.

These three processing issues lead to equipment failure, downtime and the reduction

in the rate of the crude processed. All these eventually lead to revenue losses and an

increase in maintenance costs.
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3.4.2 Proposed solution

As the GEW&PT group [34] points out in their study, the determination of the be-

havioural characteristics and the design of effective mitigation solutions is dependent

on laboratory and analytical simulations which have become the backbone of GE’s ma-

chine learning predictive modelling tool. The behavioural characteristics are generally

predicted by employing laboratory tests and simulation tools to predict fouling index,

instability index and emulsification index.

However, these laboratory tests take a long time to be analysed and quick response

time for analysis of crude processing issues is critical to apply mitigation solutions in

time. To circumvent this obstacle, GE employed the use of field infrared spectroscopy in

conjunction with laboratory tests to extract features for each laboratory test. Labels of

processing issues for thousands of data points were obtained from laboratory simulations

(using laboratory tests as predictors). Extracted features and labelled data were used

to train a support vector regression model to predict fouling index, stability index and

emulsification index. The advantage of using field infrared spectroscopy is that the

dataset could be generated in a space of 5 minutes.

3.4.3 Results

Once the crude behavioural indices are predicted, the plant personnel were equipped

with knowledge that was used as a decision tool in designing the appropriate chemical

programme, and quantifying anti-fouling reagents and emulsifiers required to mitigate

fouling, precipitation and emulsification. In addition, this predictive tool was used in

determining sections of the refinery that were prone to fouling. Three case studies were

implemented using this predictive tool (commercially known as GPlus). The first case

study reported savings of $10 million/yr in processing costs. The second case study

reported savings of $12 million/yr in processing costs.
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3.5 Steam boiler pipe leak detection system

3.5.1 Problem statement

Steam boilers in thermal power plants are prone to pipe leaks, mainly due to fatigue and

thermal stresses. Pipe leak failures are incipient in nature and gradually become enlarged

with time. Once the leak is evident, it leads to loss of productivity, secondary failure

of other equipment and unplanned shutdowns. Hence it is ideal to have techniques for

predicting pipe leak failure in advance to avoid unnecessary plant shutdowns and most

importantly avoid catastrophic safety incidents. Commonly used industrial techniques

for predicting pipe leaks are [33]:

1. Sensor-based acoustic methods which measure acoustic waves from the leaking

steam,

2. Mass balance of the water/steam system,

3. Measuring of humidity of the flue gas, and

4. Methods based on monitoring of other process variables supported by process mod-

els.

Acoustic techniques require the use of specialised and expensive sensors and generally do

not detect leaks less than 10 000 kg/hr. Acoustic methods will not detect early stages

(incipient) of a pipe leak. The mass balance technique is insensitive to small leaks.

Monitoring of humidity of the flue gas is often negatively affected by blowing of soot

inside the boiler. The use of a process model requires very high levels of accuracy in

order to detect pipe leaks for boilers and is difficult to attain.

3.5.2 Proposed solution

Swiercz [33] used a data driven approach in the form of principal component analysis

(PCA) to detect failures due to pipe leaks. In the study, 25 cases of shutdowns caused

by pipe leaks were analysed for a coal-fired power plant in Poland. Twelve variables,

with inputs from the operators and technical personnel, were selected to prepare a PCA
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model for a ‘healthy’ system. These variables were shown to be very sensitive to tube

leaks. Using the PCA model, the 25 variables were narrowed down to three principal

components. Two statistics values, T 2 and squared prediction error (Q) were used to de-

termine data points outside the confidence ellipsoid and those data points were regarded

as data points that point to a tube leak.

3.5.3 Results

The PCA model revealed the following:

1. 60% of the 25 cases of shutdowns caused by pipe leaks could be detected 3-5 days

before the emergency shutdown.

2. Only 6% of the cases could be detected in less than a day before emergency shut-

down.

3. Data points that were 8-10 days before shutdown were proven to be within the

confidence ellipsoid.

The benefits of early detection are the avoidance of extra repairs of equipment, short

period of production outage and planning for planned shutdown. All these benefits have

a direct link to improvement of revenues for the electricity generation plants.

3.6 Steam boiler combustion efficiency optimisation

and virtual testing

3.6.1 Problem statement

The efficiency of steam boilers in the power generation process is one of the key pa-

rameters that is closely monitored, because high boiler efficiency translates to efficient

use of fuel (either coal, natural gas, fuel oil, etc.) and low nitrogen oxide (NOx) gas

emissions [17]. Fuel is one of the biggest components of the operating costs of the boiler

and efficient use of fuel translates to reduced operating costs of the power plant. The

aim of this study was to build a model that would search for control settings (controlled
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parameters such as coal feeder speed, flow of air into the boiler, etc.) that would yield

an improved boiler efficiency.

3.6.2 Proposed solution

Kusiak and Song [17] used a data-driven approach in the form of a clustering method

to search for control settings. In their paper, an industrial power plant historic dataset

of controllable and non controllable parameters (such as temperature of inlet boiler feed

water) was collected over a certain period of time with the corresponding efficiency

levels. A K-means algorithm was used to create clusters of data points (with a discrete

range of efficiency corresponding to each cluster) and these clusters were stored in a

knowledge database. For a future data point, the knowledge database was used to

search for controllable parameters of a cluster with an efficiency value greater than the

current efficiency value of the data point (using minimum Euclidean distance between

the data point and the centroids of the clusters). The parameters of the cluster with

minimum Euclidean distance would then be proposed as the control settings that will

improve the efficiency of the boiler.

3.6.3 Results

The proposed control settings from the clustering algorithm were tested on a simulation

of the boiler (virtual boiler) designed using a machine learning model. The inputs to the

machine learning model were historic data points of controllable and non controllable

parameters and the output was the boiler efficiency level. The proposed control settings

from the K-means model were used as inputs to a virtual boiler to test whether there

was an improvement in the efficiency of the boiler. Several data points demonstrated

that this approach yielded improved efficiency levels. Two machine learning models for

the virtual boiler were compared and the ANN model showed better prediction results

than the decision tree model.
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3.7 Distillation column malfunctions identification

3.7.1 Problem statement

A distillation column in the process industry is an equipment designed to separate chem-

ical components and achieve the required component purity. Malfunctioning of the dis-

tillation column results in products being off-spec, requiring shutting down the plant or

re-working the product. These actions have economic ramifications. The following are

described as typical distillation column malfunctions: flooding, column damage, column

weeping, column foaming and tray collapse [6].

The most popular method of detecting and diagnosing faults in distillation columns is

the gamma rays technique because it is non-invasive and can be implemented online [6].

This technique involves the use of a sealed gamma rays isotope and gamma rays detector

on both sides of the column. The isotope and the detector are moved concurrently in

small steps down the column and the detector records the intensity of radiation from the

isotope. The intensity level will differ depending on the density of the medium between

the isotope source and the detector. Each distillation column malfunction has a unique

density profile across the column and as a result, the intensity level measured by the

detector is also unique to the type of malfunction. It is this unique, detected intensity

level that is used for identifying a column malfunction.

However, the use of gamma rays technique alone for identifying a distillation column

malfunction is not automated. The objective of the study by Hammad et al. [6] was

to develop an automated method of detecting and identifying distillation malfunction

without going through another step of analysing trends of gamma ray signal plots.

3.7.2 Proposed solution

Hammad et al. [6] proposed a machine learning model, in combination with high or-

der statistics methods to determine the type of distillation column malfunction. Data

on intensity levels, measured by gamma ray isotopes, for all types of distillation column

malfunction and normal column behaviour was gathered. The 105 radiation signals (rep-

resenting the five types of column malfunction and normal behaviour) were subjected to
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three high order statistics (HOS) techniques (bispectrum using indirect method, bispec-

trum using ARMA modelling method and trispectrum using ARMA modelling method)

to generate features. The dataset was further subjected to feature extraction method

(Mel frequency ceptral coefficients – MFCC) to create 39 features for each fault. The

ANN model was then trained and tested on this dataset to predict the type of mal-

function and the tray position of the malfunction in the column given the gamma ray

intensity signal.

3.7.3 Results

The features estimated by the bi-spectrum indirect method produced the machine learn-

ing model with lowest miss-classification rate for each fault type. Also, the average fault

detection rate for this method was higher than the other two HOS methods.

Given the gamma ray signals along the length of the column, the type and tray

position of the column malfunction can be quickly determined using the trained ANN

model. As a result, maintenance strategy in this regard is no longer a guess work exercise.

3.8 Summary

This chapter reviewed the application of machine learning and statistical models in seven

industrial manufacturing processes. The case studies reviewed showed how machine

learning was used to solve problems of fault detection and diagnosis, and soft sensing. In

addition, the use of machine learning showed benefits in improved maintenance strategies

and efficient operations.
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Chapter 4

Fault detection for the Tennessee

Eastman chemical process

The benefits of process automation in the process industry are well documented and

include the following: increased production rates, process safety and producing products

within required specifications consistently, to mention a few important ones. However,

there is still a task that has not been successfully automated, that task is fault detection

and diagnosis [37]. Even with technology advancements in the automation of process

safety equipments, catastrophic process related accidents still occur (the point in case is

the BP oil rig explosion in 2010 [1]). Minor accidents still occur and lead to occupational

health hazards. One of the causes of accidents, amongst other causes such as human

factors and mechanical failure of equipments, is process deviations from normal operating

regions [1]. Considering the fact that modern process plants have thousands of variables

[37], human intelligence alone cannot reliably and accurately analyse the interactions

between variables that can lead to process deviations and faults. It is for these reasons

that we look to machine learning in the modelling of fault detection and diagnosis.

This chapter entails the use of unsupervised multivariate statistics and machine learn-

ing models in detecting process faults for the Tennessee Eastman chemical process. Since

the introduction of the distributed control system (DCS) in the manufacturing process

industries, most manufacturing processes are drowning in data [13]. In general, data

collected by the DCS is unlabelled. Labelling a huge dataset can be time consuming and
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sometimes expensive. It is for this reason that unsupervised methods to fault detection

and diagnosis are pursued.

This chapter is the extension of the case study in section 3.2. It describes the chemical

process and the data used, followed by the description of the methodology used in the

case study. The preparation of data for use in statistical and machine learning models is

explained, followed by the description of how these models are implemented in Python.

Results are then discussed and summarised.

4.1 Process description

A dynamic process simulation was built to study plant wide process control and process

monitoring of a real industrial chemical plant [4], known as the Tennessee Eastman

plant. The kinetics, the naming of products and the operating conditions were modified

for confidentiality. The chemical process is shown in Figure 4.1.

Figure 4.1: Tennessee Eastman Process. Source: Cheng et al. [13].
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The chemical process is fed with four fresh gas streams, stream A, E, D and C.

Streams A, E and D are directed to the reactor where gas-liquid exothermic reactions

occur to produce components H and G, and byproducts B and F. The reactor is cooled

by cooling water passed through the heat exchanger jacket. The unreacted components,

main products and byproducts exit the reactor as a gas stream, and are condensed to

separate the main products from the unreacted components and byproducts.

The vapour liquid stream leaving the condenser is separated in the vap/liq separa-

tor, where the liquid stream (with heavier components G and H, and some condensed

unreacted components) is separated from the light gas stream of byproducts and unre-

acted components. A fraction of the light gas stream of byproducts is purged and the

remaining fraction is compressed and recycled to the reactor.

The liquid stream is stripped off of unreacted components in the stripper using steam

and light component stream C as a carrier stream. The stripped gas is also recycled back

to the reactor. The product stream is pumped from the bottom of the stripper for further

processing.

4.2 Data description

Downs and Vogel [4] presented a computational dynamic simulation of an industrial

plant that has been used for test studies in process control and fault detection and

diagnosis technologies. It was was used to simulate 20 faults (as described in Table 4.1)

and a normal operating (fault-free) condition of the process. Four separate datasets were

created from this simulation: faulty training, faulty testing, fault free training and fault

free testing datasets.

Each dataset consists of 55 columns. Columns 1 to 3 are the faultNumber, simu-

lationRun and a sample number respectively. Columns 4 to 55 are the measured and

manipulated variables of the process (i.e. 52 features in total). The values of the 52

features of the process are recorded every three minutes from the dynamic simulation.

The faultNumber column, identifies the type of fault and consists of 20 values for

the faulty datasets (i.e. faultNumber = 1, . . ., 20). For the fault free datasets, the

faultNumber column is assigned values of zero to denote normal operating conditions.
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The simulationRun column, represents the random state generated for each fault (i.e.

random starting values for the dynamic simulation of each fault). This column has a

total of 500 values (i.e. simulationRun = 1, simulationRun = 2,. . ., simulationRun =

500). There are 500 simulation runs per fault (including the fault free type) for both the

training dataset and test dataset.

A simulation run in the faulty training dataset takes 25 hours, equivalent to 500

3-minute examples
(
i.e. 25×60

3
= 500

)
. The first hour of each simulation run is fault free

and a fault is introduced 1 hour into the run
(
i.e. after 60

3
= 20 examples

)
. This means

the first 20 examples/data points are fault free and the next 480 examples are faulty.

Each fault type in the faulty training dataset consist of 250 000 examples:

500
examples

simulationRun
× 500

simulationRuns

fault
= 250000.

The simulation of each fault type in the faulty testing dataset takes 48 hours to

run, with a fault introduced 8 hours into the run. This means that each simulation run

consists of 960 examples
(
i.e. 48×60

3

)
, with a fault introduced after 160 examples into the

run. Each fault type has 480 000 examples:

960
examples

simulationRun
× 500

simulationRuns

fault
= 480000.

The fault free training and fault free testing datasets have 250 000 and 480 000

examples respectively. They are calculated in the same way the number of examples per

fault, for the faulty training and faulty testing datasets are calculated respectively.

The description of faults 16 to 20 are left for researchers to describe as part of research

on fault diagnosis. The dataset for this case study was obtained from Rieth [28].

4.3 Methodology

The main contribution by Heo and Lee [11] was the testing of different architectures

(and parameters) of the unsupervised autoencoder in the fault detection study of the

Tennessee Eastman chemical process. In addition, a new approach, parallel autoassocia-

tive neural networks, was used with the aim of improving the results of the autoencoder.

Their results showed that parallel autoassociative neural networks performed better than

the autoencoder and PCA as measured by the average FDR over all faults.
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Table 4.1: Faults for the Tennessee Eastman process

Fault ID Description Type

1 A/C feed ratio, B composition constant (Stream 4) Step

2 B composition, A/C feed ratio constant (Stream 4) Step

3 D feed temperature (Stream 2) Step

4 Reactor cooling water inlet temperature Step

5 Condenser cooling water inlet temperature Step

6 A feed loss (Stream1) Step

7 C header pressure loss-reduced availability Step

8 A, B, C feed composition (Stream1) Random variation

9 D feed temperature (Stream2) Random variation

10 C feed temperature (Stream 4) Random variation

11 Reactor cooling water inlet temperature Random variation

12 Condenser cooling water inlet temperature Random variation

13 Reaction kinetics Slow drift

14 Reactor cooling water valve Sticking

15 Condenser cooling water valve Sticking

16 Unknown

17 Unknown

18 Unknown

19 Unknown

20 Unknown

Even with the implementation of the parallel autoassociative neural networks, some

faults were still poorly detected. The following approach was used to improve the detec-

tion of faults that were poorly detected in the Heo and Lee study:

1. The detection of the different fault types using the PCA and the autoassociative

neural network (autoencoder) models were replicated. Published metrics (the fault

detection rate and the false alarm rate) by Heo and Lee were used for comparison.

2. The PCA and the autoencoder models assume that input data is time indepen-
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dent (i.e. there is no correlation between data points) [35]. However, the nature

of the datasets is such that there is time dependency between data points. As

such, models that are sequence based, such as the LSTM autoencoder, dynamic

autoencoder and the dynamic PCA were explored. The aim was to determine if

the use of sequence based models can improve the fault detection rates of faults

that were poorly detected by the conventional PCA and autoencoder models.

4.4 Data preparation

To ensure that each feature in the dataset is equally important for the machine learning

algorithm, the first step is to make sure that each data point is centred and scaled using:

x =
xraw − µ

σ
(4.1)

where xraw ∈ Rm is the original vector (data point) with m features, µ ∈ Rm and

σ ∈ Rm are vectors of the mean and standard deviation of the training dataset features

respectively. The division sign is an element-wise division operator. This transformed

dataset is used as is in static data based models.

In cases where the creation of the dataset is temporal in nature, as is the case with

the datasets for this case study, the use of sequence based models such as the LSTM

network may improve the results. When using TensorFlow (package in Python) to model

an LSTM network and its variants such as the gated recurrent neural network (GRU),

the dataset has to be transformed to an n-dimensional array of the shape (number of

samples, time steps, number of features). This is achieved by splitting the dataset into

batches of data (samples) of equal length (or time steps). The first batch of data with

time steps equal to three (as an example), will have the following representation:

X1 =


xT
1

xT
2

xT
3

 , (4.2)

where xT
1 . . .xT

3 are transposed feature vectors of the first, second and the third data
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points. The second batch of data is given by:

X2 =


xT
2

xT
3

xT
4

 , (4.3)

and so on. In supervised learning applications, X1 will be used as a batch of features for

the prediction of ŷ3 (the predicted variable). Similarly X2 will be used for the prediction

of ŷ4. In unsupervised learning applications (such as the LSTM autoencoder), the batches

of data; X1,X2, . . . ,Xn are reconstructed at the output layer of the network. Each layer

of the LSTM architecture will have three LSTM cells (the number of LSTM cells per

layer is equal to the time steps number).

To model sequential datasets using models that traditionally employ static datasets,

such as the neural networks, support vector machines etc., the dataset is transformed

to:

X =


xT
3 xT

2 xT
1

xT
4 xT

3 xT
2

...
...

...

xT
n xT

n−1 xT
n−2

 (4.4)

4.5 Implementation in Python

The following sections describe the implementation of the PCA model, autoencoder,

LSTM autoencoder and hyperparameter optimisation for the dynamic autoencoder in

Python.

4.5.1 PCA

As described in Section 2.1, PCA is a multivariate statistical method that is used for

dimensionality reduction. In fault detection, PCA is used in reconstructing the input

dataset by compressing the input features and decompressing the learned features. This

architecture is trained using the fault free dataset. It is this trained architecture that is
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used as the basis for detection of faulty datasets. The PCA model was implemented in

Python as follows:

1. Given the standardised training input matrix (X input), the eigenvectors (for all

components/features) and their corresponding eigenvalues were computed using

the eigenvalue decomposition method.

2. The number of principal components were chosen such that the the cumulative

variance ratio (i.e. cumulative sum of eigenvalues divided by the sum of all eigen-

values) was at least 0.9. The number of principal components sets the size of the

corresponding matrix of eigenvectors.

3. The T score matrix was computed using the input matrix and the selected matrix

of eigenvectors.

4. The reconstructed standardised training dataset was computed using the T scores

matrix and the matrix of eigenvectors.

5. The standardised training dataset and the reconstructed training dataset were used

to compute the squared prediction error (SPE) vector. A threshold was computed

as a percentile of the SPE distribution.

6. Using the matrix of selected eigenvectors (computed in the training phase) and the

standardised testing dataset, the testing T score matrix was computed.

7. The standardised testing dataset was reconstructed using the testing T score ma-

trix and the matrix of eigenvectors. The testing SPE vector was computed and a

test datapoint with a value above the threshold was flagged as a fault.

8. The true positive (TP), true negative (TN), false positive (FP) and false negative

(FN) were computed as described in Section 4.5.5. The fault detection rate (FDR)

and the false alarm rate (FAR) were computed as described in Section 2.6. The

percentile figure used in setting the threshold was manipulated such that the FAR

value equal to or below 1% was maintained at all times.
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4.5.2 Autoencoder

As described in Section 2.2.1, an autoencoder is a neural network that reconstructs the

unlabelled input dataset by dividing the network into an encoder section (compressed

section) and the decoder section (decompressed section). In fault detection, this network

is trained using the fault free dataset and is used as the basis for recognising faulty

datasets from normal datasets. The architecture of autoencoders for static and temporal

datasets was implemented in Python as follows:

1. The first hidden layer of the network, with specified number of neurons and the

activation function, was densely connected to the input layer. The input layer has

the same number of neurons as the number of features of the training dataset.

2. The second hidden layer (with the specified number of neurons and the activation

function) was densely connected to the first layer.

3. The third hidden layer (with the specified number of neurons and the activation

function) was also densely connected to the second layer.

4. The output layer was densely connected to the third hidden layer. The number of

neurons in the output layer was set to be the same as the number of features of

the training dataset (or the input layer). This ensured the reconstruction of the

training dataset.

5. The network was finally trained by specifying the following: the standardised train-

ing dataset as a substitute for both the x and y values, the ADAM algorithm as

the optimiser, a learning rate of 0.001, the mean squared error as the loss function,

the batch size and the number epochs for convergence.

6. The trained network (prediction model) was used to reconstruct the standardised

training dataset by passing the standardised training dataset as an input to the

prediction model.

7. Using the standardised training dataset and the reconstructed training dataset,

the SPE vector was computed. A threshold was computed as a percentile of the

SPE distribution.
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8. The standardised testing dataset was reconstructed by passing the standardised

testing dataset as an input to the prediction model. Using the reconstructed testing

dataset and the standardised testing dataset, the SPE vector for the testing dataset

was computed. A test datapoint with a value above the threshold was flagged as

a fault. A procedure similar to point 8 of of Section 4.5.1 was followed to compute

the FDR and FAR values for the testing dataset.

4.5.3 LSTM autoencoder

The LSTM autoencoder, as described in Section 2.3.1, is another form of a neural network

that reconstructs the temporal input dataset by dividing the network into an encoder

section and the decoder section. The fault free dataset is used for training of the network

for reconstruction and it is this trained network that is used as the basis for detecting

faulty datasets. The resource provided by Chitta [27] was adapted for this case study in

designing the network and is described as follows:

1. The first hidden layer consists of three LSTM cells (corresponding to three time

steps of the input data). The output of each cell is a vector of 140 features (return

sequences = True ensures that each cell emits signals for the next layer).

2. The second layer has three cells and receives corresponding inputs from the first

layer with 140 features from each cell. The last cell is the only cell that emits

signals and the output from this cell is a vector of 120 features. This output is also

known as the encoded feature vector. The first two layers represent the encoder

section of the network.

3. Since the aim was to reconstruct the input dataset from the encoded feature vector,

a repeat vector layer was added to duplicate the encoded feature vector three times

(same number of time steps in the input data).

4. The third LSTM layer receives input from the repeat vector layer and each cell

emits signals of 120 features.

5. Each cell of the fourth LSTM layer receives a vector of 120 features from the third

layer and the output of each cell is a vector of 140 features.
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6. The last layer, time distributed layer with a dense layer of 52 features, processes

the 140 features from each cell of the fourth LSTM layer independently to produce

a two dimensional matrix of shape 3 × 52. This is the same two dimensional matrix

in the input layer (three time steps, with each time step having 52 features).

7. This network was trained by specifying: the standardised training dataset as a

substitute for the x and y values, ADAM algorithm for optimisation, a learning

rate of 0.001, mean squared error as the loss function, the number of epochs and

the batch size.

8. Similar to Section 4.5.2, points 6, 7 and 8 were followed to compute the FDR and

FAR values for the testing dataset.

4.5.4 Hyperparameter optimisation

Hyperparameter optimisation was used to find the the “best” combination of the number

of neurons and activation functions for the dynamic autoencoder. The random search

method as described in the keras documentation [12] was adapted for implementation in

Python as follows:

• The number of hidden layers was set to three (i.e. the number of layers was not

optimised). The number of neurons in the three hidden layers were randomly

searched from a minimum value of 20 to a maximum value of 200, using a step size

of 20.

• The activation functions for the three hidden layers and the output layer were

sampled from a list of the following activation functions: hyperbolic tangent (tanh),

linear, rectified linear unit (ReLU), exponential linear unit (elu) and the sigmoid

activation function.

• The maximum number of combinations to search for was set to 50.

• The ADAM optimiser, with a learning rate of 0.001, was used as the objective

function that seeks to minimize the reconstruction error. The learning rate was a

constant and was not optimised.
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4.5.5 Computation of TP, TN, FP and FN values

As described in Section 4.2, the test dataset is fault free for the first 160 data points, and

a fault is introduced from the 161st data point until the end of the simulation run (960th

data point). A vector is created, in which the first 160 data points (denoting fault free

data points) are assigned zero values. The remaining 800 data points (denoting faulty

data points) are assigned values equal to one. The machine learning model will predict

a fault if the predicted Q statistic of the test data (SPE value of the test dataset) is

greater than the threshold determined from the training dataset. A vector of predicted

values (for the test dataset) is also created, with values of one and zero denoting a fault

and no fault respectively. The two vectors are then used to calculate the TP, FN, FP,

and TN values for the prediction model.

4.6 Results

In this section, the results of the replication of the case study, LSTM autoencoder,

dynamic autoencoder and the dynamic PCA are presented and discussed. Note that Heo

and Lee [11] omitted faults 3, 9, and 15 in their study, because these faults presented

no observable change in the data statistics. The results for these faults have therefore

also not been considered in this study for comparative purposes. To justify the omission,

the reasons why these faults could not be detected are further analysed and discussed in

Section 4.6.5. The Python code used in generating the results is available on the github

repository: https://github.com/mazibutc/masters_thesis.

4.6.1 Replication of the case study

The first step of the research was to replicate some of the results from Heo and Lee’s

paper [11]. As described in sections 2.1.1 and 2.2.1, the fault detection and false alarm

rates were calculated using the Q statistic as a criteria in setting the threshold. This

is because Heo and Lee [11] showed that the Q statistic yielded more accurate fault

detection rates than the Hotelling’s T 2 statistic. Table 4.2 compares the PCA and the

autoencoder results obtained by Heo and Lee, and the PCA results that were replicated
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as part of the research. The PCA results replicated in this research can be seen to closely

Table 4.2: Fault detection rates (%): PCA and autoencoder

FaultID
PCA Autoencoder

Heo and Lee Replicated Heo and Lee Replicated 1

1 99.65 99.67 99.63 99.42

2 98.64 98.59 98.63 97.60

4 99.39 99.41 98.30 52.22

5 11.92 11.89 20.28 24.41

6 100 100 100 100

7 99.98 99.96 100 55.39

8 95.41 94.66 96.51 96.68

10 15.86 16.88 18.96 32.02

11 69.01 69.11 66.70 53.99

12 95.63 95.81 97.69 97.78

13 94.25 94.18 94.36 94.15

14 99.95 99.97 99.95 95.50

16 9.74 9.63 11.31 15.26

17 88.16 88.36 87.79 86.83

18 93.37 93.30 93.45 93.40

19 8.45 7.30 11.14 7.60

20 43.95 43.91 44.20 45.60

Average 71.96 71.92 72.88 67.52

1 Mean values of 30 independent runs (see Table 4.3) are reported

for each fault.

match the results from the Heo and Lee study.

When it comes to comparing results of the autoencoders, a different approach was em-

ployed in this research. Since the weights of the neural network are randomly initialised

during training, 30 independent runs for the training phase followed by the testing phase

were carried out for the autoencoders (and the LSTM autoencoder network discussed
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in 4.6.2). This was done to assess the statistical significance of the results if we are to

compare the performance of the autoencoders to PCA. With PCA, there was no need

to run the model multiple times because it is deterministic.

Table 4.3 shows the results of the autoencoder for the replicated case study using the

same architecture as described in Heo and Lee [11]. Heo and Lee’s architecture (five layers

overall, with three hidden layers) is: 52-100-15-100-52, Xavier’s weights initialization,

Adam optimiser and no dropout/regularization.

As outlined by Heo and Lee, a low false alarm rate (FAR) equal to or below 1% was

maintained at all times. In contrast to Heo and Lee’s results, Table 4.3 shows that fault

7 and fault 4, with FDR values of 100% and 90.22% respectively, are outliers when the

autoencoder is run repeatedly. This shows that one cannot run the autoencoder once and

confidently use the results to arrive at a decision on the performance of the autoencoder.

4.6.2 LSTM autoencoder results

As discussed in section 4.4, the autoencoder and the PCA do not take the temporal

nature (time dependency) of the dataset into account. The dataset in this case study is

dynamic in the manner it was created. The LSTM autoencoder (LSTMAE) takes time

dependency between data points into account, it is for this reason that it was investigated.

A time step of three (or window size of three) was chosen for data preparation since we

want immediate detection of faults. A large window size would have made the LSTM

autoencoder network more computationally expensive.

The following architecture was chosen after testing different architectures by trial

and error: five layers (with three hidden layers) consisting of 52, 140, 120, 140 and 52

neurons in succession, exponential linear unit (elu) activation function for all layers,

mean squared error as the loss function, and the Adam optimiser as the optimisation

function.

One hundred and fifty one (151) simulation runs from the raw dataset (equivalent

to 75 500 examples) were used to train the LSTM autoencoder network. The use of

four time steps was computationally expensive even with the use of a high performance

computing cluster (the network required just over an hour to train one run with four time

steps). The fault detection rates for the LSTM autoencoder are presented in Table 4.4.
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Table 4.3: Replicated fault detection rates (%) for the autoencoder

Fault ID

Run 1 2 4 5 6 7 8 10 11 12 13 14 16 17 18 19 20

1 99.47 97.94 47.00 23.32 100 42.90 96.51 29.95 50.77 97.56 94.04 96.37 14.32 86.92 93.38 7.29 45.32

2 99.36 98.35 58.30 23.08 100 45.01 96.79 29.94 55.64 97.60 94.13 97.43 14.08 86.74 93.38 7.28 45.45

3 99.50 96.86 49.56 25.81 100 53.88 96.68 35.46 53.53 97.88 94.47 96.90 15.32 86.97 93.41 7.65 45.46

4 99.30 97.85 36.34 23.79 100 39.72 96.62 30.05 46.98 98.13 94.07 85.70 14.16 86.53 93.42 7.35 45.78

5 99.47 97.63 36.76 26.29 100 48.71 96.94 36.33 47.79 97.83 94.14 95.63 18.50 86.88 93.45 8.26 46.59

6 99.52 98.23 50.08 24.08 100 44.90 96.79 31.52 53.30 97.79 94.30 98.77 15.18 87.02 93.40 7.80 45.85

7 99.48 97.62 56.22 22.96 100 49.83 96.49 29.21 55.36 97.54 94.04 96.96 13.58 86.68 93.37 6.89 44.87

8 99.41 97.51 47.75 22.94 100 42.15 96.46 29.12 52.68 97.54 94.03 97.75 13.68 86.55 93.36 6.71 45.00

9 99.47 98.40 56.48 25.02 100 100 96.72 33.63 55.43 97.68 94.18 96.88 16.09 86.65 93.38 7.04 45.09

10 99.39 96.67 90.22 23.99 100 42.47 96.58 31.02 57.93 97.70 94.07 96.15 15.03 87.12 93.42 8.12 46.08

11 99.46 98.33 53.11 25.13 100 42.52 96.99 33.10 60.62 97.89 94.20 96.58 16.05 87.09 93.44 8.49 45.61

12 99.48 98.35 47.71 24.16 100 41.26 96.82 31.85 53.46 97.65 94.15 99.90 15.67 86.73 93.47 8.62 46.50

13 99.49 98.10 38.49 26.79 100 100 96.89 32.12 47.30 97.89 94.15 84.72 15.74 87.11 93.44 8.18 45.64

14 99.42 96.26 89.69 22.93 100 44.57 96.43 29.80 61.15 97.77 94.09 95.84 13.89 86.85 93.36 7.19 45.24

15 99.49 98.37 50.91 27.29 100 60.01 96.91 37.58 53.72 98.23 94.28 96.40 19.05 86.94 93.46 8.36 46.58

16 99.55 97.90 58.11 28.02 100 45.14 97.14 43.87 62.85 98.26 94.69 96.84 22.94 87.71 93.55 10.47 48.06

17 99.50 96.60 39.29 23.66 100 44.17 96.64 31.63 48.53 97.80 94.1 91.69 15.19 86.95 93.41 8.13 45.34

18 99.48 96.49 61.20 26.25 100 53.46 96.70 38.65 57.08 97.82 94.28 97.26 18.64 86.97 93.43 8.01 46.24

19 99.51 98.09 43.89 24.68 100 100 96.95 31.57 48.69 98.20 94.09 91.74 14.97 86.89 93.37 7.61 46.58

20 99.50 98.24 47.08 23.36 100 52.02 96.67 29.98 59.22 97.69 94.07 96.87 13.80 86.80 93.38 7.25 45.10

21 99.28 97.62 50.29 22.77 100 41.71 96.48 29.00 59.14 97.59 94.01 95.84 13.44 86.54 93.35 7.10 44.92

22 99.48 96.65 58.29 29.90 100 45.21 96.70 35.50 56.30 97.96 94.22 95.08 15.21 86.86 93.39 7.38 45.54

23 99.46 98.19 52.58 22.91 100 89.81 96.64 28.88 54.01 97.51 94.06 96.35 13.36 86.65 93.38 6.89 44.95

24 98.46 98.32 40.32 27.16 100 91.86 96.75 32.34 49.44 97.95 94.09 95.07 16.23 87.07 93.48 8.60 46.73

25 99.47 96.09 46.21 22.64 100 42.66 96.42 29.07 51.54 97.55 94.02 96.38 13.32 86.49 93.34 6.62 44.80

26 99.22 96.46 56.33 22.74 100 41.91 96.33 28.79 54.97 97.48 93.96 98.47 13.31 86.64 93.37 6.90 44.86

27 99.43 97.28 56.77 25.43 100 56.14 96.65 33.46 54.98 97.71 94.27 95.88 16.68 86.82 93.37 7.23 44.50

28 99.49 97.78 54.79 22.50 100 48.24 96.49 28.62 54.66 97.63 94.05 96.68 13.18 86.62 93.37 6.65 44.68

29 99.46 98.37 56.54 23.43 100 65.10 96.81 29.77 55.18 97.62 94.09 95.96 13.85 86.71 93.38 7.05 45.17

30 99.50 97.40 36.33 23.24 100 46.29 96.49 28.85 47.67 98.09 94.06 92.77 13.34 86.41 93.33 6.99 45.32

min 98.46 96.09 36.33 22.50 100 39.72 96.33 28.62 46.98 97.48 93.96 84.72 13.18 86.41 93.33 6.62 44.50

max 99.55 98.40 90.22 28.02 100 100 97.14 43.87 62.58 98.26 94.69 99.90 22.94 87.71 93.55 10.47 48.06

25% 99.42 96.97 46.41 22.99 100 42.72 96.50 29.35 50.96 97.61 94.06 95.68 13.71 86.65 93.37 7.04 45.02

50% 99.47 97.82 50.60 23.89 100 45.75 96.68 31.27 54.34 97.74 94.09 96.38 15.00 86.84 93.38 7.32 45.40

75% 99.49 98.24 56.53 25.72 100 55.58 96.81 33.37 56.14 97.89 94.22 96.90 15.97 86.97 93.43 8.13 46.02

mean 99.42 97.60 52.22 24.41 100 55.39 96.68 32.02 53.99 97.78 94.15 95.50 15.26 86.83 93.40 7.60 45.60

The impact of the LSTM autoencoder is as follows:

• Improved the static autoencoder FDR for fault 4 from a median of 50.60% to a

median of 95.08%.

• Improved the FDR for fault 5 from 11.89% and a median of 23.89% for the static
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Table 4.4: Statistics of the fault detection rates (%) for the LSTM autoencoder
Fault ID

Run 1 2 4 5 6 7 8 10 11 12 13 14 16 17 18 19 20

1 99.80 98.54 98.33 99.91 100 100 96.94 77.91 70.74 98.88 94.90 99.96 83.38 93.11 94.18 80.70 65.58

2 99.83 98.64 97.38 99.95 100 100 97.16 79.39 71.49 98.90 94.91 99.95 84.86 93.91 94.09 83.91 66.41

3 99.81 98.38 98.53 99.91 100 100 97.03 80.24 70.89 98.82 94.85 99.93 85.71 92.09 93.66 82.65 64.44

4 99.82 98.71 96.39 99.92 100 100 97.05 78.51 69.94 98.88 94.88 99.96 83.43 91.64 94.21 78.26 66.11

5 99.82 98.55 95.02 99.94 100 100 97.09 79.62 68.46 98.84 94.83 99.94 84.94 90.52 93.77 80.96 63.29

6 99.86 98.54 99.73 99.94 100 100 97.23 80.31 69.37 98.82 95.01 99.94 85.98 94.22 94.36 85.66 67.81

7 99.79 98.51 94.72 99.94 100 100 96.86 78.19 66.98 98.74 94.76 99.96 84.12 91.57 93.74 76.49 62.25

8 99.83 98.37 92.87 99.91 100 100 96.96 80.41 66.77 98.74 94.72 99.96 85.90 90.36 93.61 81.43 63.94

9 99.88 98.79 98.46 99.93 100 100 97.18 79.89 67.79 98.76 94.91 99.97 85.16 92.51 94.42 85.17 70.10

10 99.81 98.52 93.85 99.94 100 100 97.08 79.44 67.56 98.76 94.74 99.95 85.52 92.31 93.84 84.05 63.26

11 99.86 98.68 98.68 99.90 100 100 97.18 80.09 73.08 98.79 94.86 99.96 85.62 92.87 94.33 84.99 67.65

12 99.86 98.64 82.34 99.95 100 100 97.13 79.8 69.57 98.78 94.88 99.96 85.69 91.91 94.02 83.79 66.32

13 99.82 98.62 87.34 99.92 100 100 97.15 79.39 64.71 98.81 94.72 99.95 84.95 90.90 93.89 83.32 63.62

14 99.82 98.64 99.10 99.95 100 100 97.17 79.19 70.69 98.84 94.72 99.96 85.16 91.46 94.07 84.13 65.89

15 99.82 98.57 97.91 99.93 100 100 97.01 79.13 68.27 98.77 94.53 99.96 84.64 90.20 93.71 80.13 62.22

16 99.82 98.57 87.23 99.97 100 100 97.08 78.97 69.05 98.82 94.82 99.96 84.74 92.50 94.16 84.58 66.51

17 99.83 98.69 96.62 99.95 100 100 97.26 81.43 70.08 98.81 94.98 99.95 87.14 89.75 93.80 82.83 66.15

18 99.83 98.55 92.72 99.95 100 100 97.11 78.08 68.86 98.76 94.78 99.93 84.24 90.61 93.84 79.51 64.34

19 99.82 98.58 95.14 99.96 100 100 97.07 78.11 65.46 98.76 94.84 99.94 84.18 93.41 94.17 82.26 66.69

20 99.76 98.31 91.05 99.92 100 100 96.82 77.64 67.33 98.75 94.63 99.94 83.24 92.42 93.59 77.69 61.65

21 99.81 98.61 96.97 99.96 100 100 97.22 80.89 71.00 98.88 95.04 99.96 86.52 92.99 94.11 85.46 66.46

22 99.81 98.57 96.13 99.95 100 100 96.82 76.35 68.26 98.81 94.82 99.94 85.52 92.65 94.11 78.37 65.49

23 99.85 98.56 99.34 99.94 100 100 97.11 79.14 70.71 98.79 94.79 99.96 84.81 92.11 94.32 85.03 68.11

24 99.77 98.41 86.72 99.94 100 100 96.91 79.21 68.74 98.78 94.86 99.94 84.98 92.94 93.83 80.26 64.21

25 99.81 98.52 92.51 99.92 100 100 96.99 78.68 67.03 98.80 94.76 99.94 84.50 92.34 93.99 81.64 65.17

26 99.76 98.45 98.96 99.92 100 100 96.90 78.62 67.89 98.75 94.71 99.94 84.67 91.46 93.91 80.54 63.47

27 99.84 98.56 94.86 99.92 100 100 96.99 78.69 66.46 98.71 94.84 99.96 84.48 93.37 94.24 82.82 65.48

28 99.86 98.73 94.21 99.94 100 100 97.11 79.00 67.64 98.76 94.91 99.96 84.69 93.52 94.33 83.57 67.63

29 99.81 98.58 97.44 99.93 100 100 97.06 78.23 68.62 98.82 94.66 99.96 84.23 90.65 93.84 82.30 64.26

30 99.80 98.51 94.16 99.92 100 100 97.12 79.47 64.94 98.84 94.86 99.96 84.59 90.56 93.45 78.53 61.83

min 99.76 98.31 82.34 99.90 100 100 96.82 76.35 64.71 98.71 94.53 99.93 82.52 89.75 93.45 76.49 61.65

max 99.88 99.79 99.73 99.97 100 100 97.26 81.43 73.08 98.90 95.04 99.97 87.14 94.22 94.42 85.66 70.10

25% 99.81 98.52 93.12 99.92 100 100 96.99 78.54 67.39 98.76 94.75 99.94 84.30 91.04 93.81 80.33 63.70

50% 99.82 98.57 95.08 99.94 100 100 97.08 79.17 68.54 98.80 94.84 99.96 84.78 92.21 94.01 82.48 65.49

75% 99.83 98.64 97.79 99.95 100 100 97.15 79.76 70.05 98.82 94.88 99.96 85.43 92.92 94.18 84.02 66.45

mean 99.82 98.56 94.68 99.93 100 100 97.06 79.13 68.61 98.80 94.82 99.95 84.82 92.03 93.98 82.03 65.21

PCA and autoencoder respectively, to a median of 99.92%.

• Improved the FDR for fault 7 from 45.75% for the static autoencoder to a median

of 100%.

• Improved the FDR for fault 10 from 16.88% and a median of 31.27% for the static

PCA and autoencoder respectively, to a median of 79.17%.
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• Improved the FDR for fault 16 from 9.63% and a median of 15.00% for the static

PCA and autoencoder respectively, to a median of 84.78%.

• Improved the FDR for fault 19 from 7.30% and a median of 7.32% for the static

PCA and autoencoder respectively, to a median of 82.48%.

• Improved the FDR for fault 20 from 43.91% and a median of 45.40% for the static

PCA and autoencoder respectively, to a median of 65.49%.

The increase in the FDR for other faults is not significant. The FAR’s for all faults

are well below 1% over all faults as shown by the distribution in Table 4.5.

Table 4.5: False alarm rate (%) distribution of the LSTM autoencoder over all faults

min max 25% median 75% mean

FAR 0.22 0.82 0.32 0.46 0.63 0.50

Selected plots of the loss function for the training and validation datasets versus the

number of iterations are shown in Figure 4.2. The validation dataset was set to 10% of

the overall training dataset.

These plots show that the trained networks converge and that there is no evidence of

overfitting (if overfitting were to occur, the curve of the loss function for the validation

dataset would increase with the increasing number of iterations). This shows that there

is no need for regularisation. The plots of other independent runs exhibit the same trend

as the three presented plots.

4.6.3 Dynamic autoencoder results

The input data to the autoencoder was configured to take the temporal nature of the

dataset into account by transforming the input dataset (fault free dataset) as described

in Section 4.4. Random hyper-parameter optimisation (network tuning), as described in

Section 4.5.4, was then implemented so as to determine the combination of the number

of neurons (in each of the three hidden layers) and the activation functions for the

four layers (three hidden layers and the output layer) that will result in the least mean
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Figure 4.2: LSTM loss plot for three independent runs

reconstruction error. One hundred and fifty one (151) simulation runs were also used to

train the network. The number of time steps was also set to three.

Since neural networks are randomly initialised, hyperparameter optimisation was

repeatedly carried out until an architecture that yielded good results was attained. The

results of the hyperparameter optimisation exercise are as follows: 156-120-180-120-156

architecture, hyperbolic tangent (tanh), linear, tanh and linear activation functions in

the second, third, fourth and the output layer respectively.

The FDRs of the tuned dynamic autoencoder (DAE) are presented in Table 4.6.

The impact of the dynamic autoencoder is as follows:

• Improved the static autoencoder FDR for fault 4 from a median of 50.60% to a

median of 98.75%.

• Improved the FDR for fault 5 from 11.89% and a median of 23.89% for the static

PCA and autoencoder respectively, to a median of 99.89%.

• Improved the FDR for fault 7 from 45.75% for the static autoencoder to a median

of 100%.
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Table 4.6: Statistics of the fault detection rates (%) for the dynamic autoencoder
Fault ID

Run 1 2 4 5 6 7 8 10 11 12 13 14 16 17 18 19 20

1 99.80 98.57 97.74 99.88 100 100 97.34 84.48 72.22 98.98 95.19 99.89 88.34 93.50 94.10 96.19 69.21

2 99.84 98.61 98.76 99.90 100 100 97.49 86.36 74.54 99.03 95.22 99.92 90.04 93.75 94.06 97.25 70.38

3 99.83 98.59 99.42 99.89 100 100 97.38 85.05 74.32 99.01 95.21 99.91 89.07 93.82 94.09 96.83 68.92

4 99.82 98.62 98.74 9991 100 100 97.34 86.49 75.22 99.06 95.28 99.92 90.26 94.25 94.09 97.49 70.76

5 99.82 98.59 98.20 99.90 100 100 97.39 85.36 72.78 98.96 95.25 99.91 89.12 93.98 94.11 96.76 69.19

6 99.83 98.60 98.15 99.88 100 100 97.42 86.21 73.43 99.00 95.24 99.92 89.62 94.36 94.18 97.13 70.50

7 99.82 98.62 99.89 99.89 100 100 97.35 85.72 76.79 98.98 95.26 99.90 89.44 93.88 94.16 96.87 70.66

8 99.84 98.67 98.38 99.89 100 100 97.35 85.77 72.94 99.02 95.17 99.89 89.17 93.74 94.02 96.64 68.86

9 99.84 98.59 99.75 99.89 100 100 97.38 85.60 74.12 99.00 95.26 99.91 89.32 94.29 94.19 96.86 69.56

10 99.83 98.63 99.34 99.89 100 100 97.44 85.56 73.81 99.02 95.20 99.91 89.56 93.79 94.09 97.34 69.46

11 99.81 98.52 93.64 99.87 100 100 97.12 82.36 69.34 98.94 95.11 99.88 86.47 92.91 93.94 93.83 66.05

12 99.78 98.54 97.49 99.88 100 100 97.21 84.14 70.51 98.96 95.07 99.89 87.64 92.90 93.88 94.62 66.60

13 99.85 98.71 99.58 99.91 100 100 97.52 86.81 75.99 98.99 95.31 99.92 90.52 94.39 94.21 97.69 71.46

14 99.81 98.54 97.54 99.89 100 100 97.31 84.54 71.27 98.99 95.22 99.89 88.42 93.45 94.11 96.01 68.08

15 99.84 98.64 98.67 99.89 100 100 97.49 86.65 74.66 99.00 95.26 99.91 90.44 94.29 94.12 97.42 70.92

16 99.82 98.64 99.22 99.88 100 100 97.38 85.46 74.56 98.99 95.22 99.90 89.09 94.32 94.17 96.95 70.32

17 99.81 98.67 98.18 99.88 100 100 97.42 85.59 73.19 98.99 95.19 99.91 89.24 93.81 94.00 96.56 69.34

18 99.83 98.63 99.51 99.91 100 100 97.41 86.11 74.89 98.99 95.19 99.91 90.01 94.10 94.09 97.39 70.7

19 99.82 98.56 98.68 99.89 100 100 97.41 85.38 73.99 98.99 95.18 99.88 89.24 94.16 94.07 96.66 69.69

20 99.82 98.58 97.04 99.90 100 100 97.31 84.86 71.64 98.98 95.14 99.90 88.46 93.49 93.98 96.02 67.87

21 99.85 98.66 99.60 99.91 100 100 97.64 88.11 77.15 99.09 95.34 99.92 91.28 94.48 94.21 98.06 72.62

22 99.84 98.66 99.60 99.91 100 100 97.44 86.51 78.84 98.99 95.20 99.92 90.32 93.88 94.02 97.48 70.70

23 99.79 98.56 98.91 99.88 100 100 97.21 84.97 72.11 98.98 95.11 99.88 88.63 92.87 93.82 95.35 67.47

24 99.81 98.66 99.91 99.89 100 100 97.41 86.21 76.23 99.02 95.18 99.91 89.98 93.16 93.90 96.48 69.29

25 99.84 98.74 99.72 99.89 100 100 97.55 87.42 76.64 99.08 95.32 99.89 91.16 94.21 94.09 97.88 71.98

26 99.80 98.62 97.39 99.91 100 100 97.30 84.62 72.32 98.98 95.14 99.89 88.25 93.39 94.03 95.72 68.01

27 99.82 98.68 98.99 99.89 100 100 97.43 86.59 75.32 99.02 95.26 99.92 90.21 94.11 94.12 97.42 70.82

28 99.81 98.53 97.36 99.86 100 100 97.19 82.75 69.64 98.91 95.11 99.88 87.09 93.31 94.03 94.44 66.75

29 99.82 98.63 98.56 99.89 100 100 97.30 85.95 74.17 99.02 95.27 99.89 89.39 93.77 94.08 96.74 69.54

30 99.81 98.60 99.58 99.90 100 100 97.44 85.89 74.99 99.06 95.21 99.92 89.88 93.59 93.88 96.73 69.30

min 99.78 98.52 93.64 99.86 100 100 97.12 82.36 69.34 98.91 95.07 99.88 86.47 92.87 93.82 93.83 66.05

max 99.85 98.76 99.91 99.91 100 100 97.64 88.11 77.15 99.09 95.34 99.92 91.28 94.48 94.21 98.06 72.62

25% 99.81 98.58 98.16 99.88 100 100 97.32 84.99 72.44 98.98 95.18 99.89 88.74 93.49 94.02 96.26 68.88

50% 99.82 98.62 98.75 99.89 100 100 97.40 85.66 74.15 98.99 95.21 99.91 89.36 93.82 94.09 96.80 69.50

75% 99.84 98.66 99.56 99.90 100 100 97.44 86.32 74.97 99.02 95.26 99.92 90.03 94.20 94.12 97.38 70.69

mean 99.82 98.62 98.59 99.89 100 100 97.38 85.58 73.79 99.00 95.21 99.90 89.32 93.80 94.06 96.63 69.50

• Improved the FDR for fault 10 from 16.88% and a median of 31.27% for the static

PCA and autoencoder respectively, to a median of 85.66%.

• Improved the FDR for fault 16 from 9.63% and a median of 15.00% for the static

PCA and autoencoder respectively, to a median of 89.36%.

• Improved the FDR for fault 19 from 7.30% and a median of 7.32% for the static
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PCA and autoencoder respectively, to a median of 96.80%.

• Improved the FDR for fault 20 from 43.91% and a median of 45.40% for the static

PCA and autoencoder respectively, to a median of 69.50%.

The FARs for all faults are well below 1% as shown by the distribution in Table 4.7:

Table 4.7: False alarm rate (%) distribution for the dynamic autoencoder

min max 25% median 75% mean

FAR 0.03 0.32 0.12 0.19 0.22 0.18

Similar to the LSTM autoencoder network, the dynamic autoencoder network, as

demonstrated in Figure 4.3, also converges during training. It also shows no sign of

overfitting.
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Figure 4.3: Dynamic autoencoder loss plot for three independent runs
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4.6.4 Dynamic PCA results

In the implementation of the dynamic PCA (DPCA), the number of principal compo-

nents were chosen, as explained in Section 2.1, such that the cumulative variance is above

90%. This is in contrast to the 15 principal components chosen by Heo and Lee, with the

cumulative variance of 63%. The time steps were set to four because this improved the

FDR for fault 7 as compared to time steps of 3 (the FDR fell well below 40% with time

steps of three). The number of principal components yielding at least 90% cumulative

variance was determined to be 100. The FDR values are shown in Table 4.8. The FDR

values for the LSTM autoencoder, dynamic autoencoder, replicated PCA (RPCA) and

the replicated autoencoder (RAE) are shown for comparison.

The impact of the dynamic PCA is:

• Improved the static PCA FDR for fault 10 from 16.88% to 26.04%.

• Improved the FDR for fault 11 from 69.11% and a median of 54.34% for the static

PCA and autoencoder respectively to 93.05%.

• Improved the FDR for fault 16 from 9.63% and a median of 15.00% for the static

PCA and autoencoder respectively to 27.64%.

• Improved the FDR for fault 20 from 43.91% and a median of 45.40% for the static

PCA and autoencoder respectively to 56.24%.

Compared to the dynamic autoencoder and the LSTM autoencoder, the dynamic

PCA outperformed the two models on detecting fault 11. The dynamic PCA FDR

was 93.05%, compared to a median of 74.15% and 79.17% for the dynamic autoencoder

and the LSTM autoencoder respectively. For all other faults, the dynamic PCA was

outperformed by the LSTM autoencoder and the dynamic autoencoder. The FAR was

maintained below 1% at 0.8%.

4.6.5 Difficult faults to detect

Fault 3, 9 and 15 are very difficult to detect [11] and were not included in the results

presented. In this research, all the different models we have used could only produce FDR
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Table 4.8: Fault detection rates (%) for the dynamic PCA, LSTM autoencoder, dynamic

autoencoder, replicated PCA and the replicated autoencoder

Fault ID DPCA LSTMAE1 DAE1 RPCA RAE1

1 99.67 99.82 99.82 99.67 99.42

2 97.70 98.56 98.62 98.59 97.60

4 100 94.68 98.59 99.41 52.22

5 11.34 99.93 99.89 11.89 24.41

6 100 100 100 100 100

7 100 100 100 99.96 55.39

8 89.33 97.06 97.38 94.66 96.68

10 26.04 79.13 85.58 16.88 32.02

11 93.05 68.61 73.79 69.11 53.99

12 94.65 98.80 99.00 95.81 97.78

13 92.67 94.82 95.21 94.18 94.15

14 99.91 99.95 99.90 99.97 95.50

16 27.64 84.82 89.32 9.63 15.26

17 94.61 92.03 93.80 88.36 86.83

18 93.83 93.98 94.06 93.30 93.40

19 11.02 82.03 96.63 7.30 7.60

20 56.24 65.21 69.50 49.91 45.60

Average 75.75 91.14 93.59 71.92 67.52

1 Mean values over 30 independent runs are reported for each

fault.

values below 2% on these three faults. The reason for this difficulty can be explained by

analysing the behaviour (trend) of selected features from the test datasets as shown in

Figure 4.4a, 4.4b and 4.4c.

The plot on the left side of Figure 4.4a is a plot of the fault free dataset (the machine

learning model is trained on this dataset). The middle plot of Figure 4.4a shows the

reactor pressure (for fault 4) operating within the normal operating envelope for the first

160 data points (equivalent to the first 8 hours of operation), then followed by the plot on
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(a) Fault 4 reactor pressure deviation.

(b) Fault 4 reactor cooling water flow valve position

deviation.

(c) Fault 3 reactor cooling water flow valve position

deviation.

Figure 4.4: Selected fault propagation trends.

the right side of Figure 4.4a with the remaining 800 data points (equivalent to 40 hours

of operation) showing a deviation from the normal operating envelope. This deviation

takes place when fault 4, an increase in the condenser cooling water inlet temperature,

is introduced. The machine learning models are tested on the datasets shown in the
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middle and the right sides of Figure 4.4a. Each fault causes such a deviation for at least

one feature except for fault 3, fault 9 and fault 15.

It is this deviation that causes the distribution of the squared prediction error (SPE)

of the test dataset to be different from that of the fault free dataset, and as a result

classifying some test data points as faults.

Another example of a deviation from normal operating envelope is shown in Figure

4.4b. This plot shows a significant deviation of the reactor cooling water flow valve

position from the normal operating envelope after fault 4 is introduced.

For fault 3, fault 9 and fault 15, there was no single feature out of all the 52 features

that deviated from the normal operating envelope. As an illustration, in the case of

fault 3 (which is a step change in the temperature of stream D), the trend for the reactor

cooling water flow valve position is shown Figure 4.4c. In this plot, the reactor cooling

water flow valve position does not deviate from the normal operating range after fault 3

is introduced. The same can be observed for all other features. As such, the distribution

of the SPE for the test dataset will not be different from that of the fault free dataset.

As a result, no fault will be detected. Fault 9 and 15 show the same behaviour as fault

3.

4.7 Summary

The summary of the improvements discussed above are as follows:

• The LSTM autoencoder and dynamic autoencoder outperformed the static models

of PCA and autoencoder (i.e. yielded much higher FDRs).

• The dynamic autoencoder yielded slightly higher FDRs than the LSTM autoen-

coder for most faults and can be summarised as follows:

– the dynamic autoencoder FDR inter-quartile range for fault 4 [98.16, 99.56] is

shifted slightly to right of the LSTM autoencoder [93.12, 97.79] as shown in

Figure 4.5,

– the dynamic autoencoder FDR inter-quartile range for fault 10 [84.99, 86.13]

is shifted slightly to right of the LSTM autoencoder [78.54, 79.76] as shown
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in Figure 4.5,

– the dynamic autoencoder FDR inter-quartile range for fault 11 [72.44, 74.97]

is shifted slightly to right of the LSTM autoencoder [67.39, 70.05] as shown

in Figure 4.5,

– the dynamic autoencoder FDR interquartile range for fault 16 [88.74, 90.03]

is shifted slightly to right of the LSTM autoencoder [84.30, 85.43] as shown

in Figure 4.5,

– the dynamic autoencoder FDR interquartile range for fault 19 [96.26, 97.38] is

significantly shifted to right of the LSTM autoencoder [80.33, 84.02] as shown

in Figure 4.5, and

– the dynamic autoencoder FDR interquartile range for fault 20 [68.88, 70.69]

is shifted slightly to right of the LSTM autoencoder [63.70, 66.45] as shown

in Figure 4.5.

• The dynamic PCA only outperformed both the LSTM autoencoder and the dy-

namic autoencoder in the detection of fault 11 (dynamic PCA yielded FDR of

93.08 % compared to the interquartile range of [67.39, 70.05] and [72.44, 74.97] for

the LSTM autoencoder and the dynamic autoencoder respectively).
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Figure 4.5: Distribution of the FDRs for the selected faults.

66



Chapter 5

Steam boiler control and

optimisation in real time with

machine learning

Note that a version of this chapter was published as a paper in the Proceedings of the

First Southern African Conference for Artificial Intelligence Research, SACAIR 2020 [23].

Most power plants in the world use steam as a medium that is used to turn a turbine

for electricity generation. A reason for using steam is that water is one of the cheapest

and the most abundant sources we can use. Steam for power plants (and other chemical

plants that use steam as a utility for heating) is generated by boilers. Steam boilers are

prone to failure, which can result in power outages.

The reported availability of power plants in South Africa, accounting for planned and

unplanned shutdowns, was 67% in 2019 [38]. The economic cost to the gross domestic

production (GDP) as a result of this unavailability (load shedding in South African

context) was estimated by the Centre for Scientific and Industrial Research (CSIR) to

be between R59 and R120 billion in 2019 [38]. Unplanned shutdowns contribute to

a larger proportion of the causes of unavailability as compared to planned shutdowns.

The failure mechanisms that lead to unplanned shutdowns vary. According to a study

conducted in South Africa by McIntyre [24] on the failure mechanism of steam boilers

fuelled by biomass and other sources such as coal and heavy fuel oil, five mechanisms
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were identified as the causes of unplanned shutdowns:

1. Corrosion: deposit of solid material inside tubes,

2. Erosion: deposition of suspended ash particulates on the outside tubes causing

thinning of the tube material, leading to cracks or tube leaks when the pipe is

exposed to high temperatures,

3. Fatigue (thermal, mechanical and corrosion): largely caused by cyclic operations

(cyclic load requirements) and a combination of corrosive environment, mechanical

stress on tubes,

4. Stress corrosion cracking: Corrosive environment and sustained tensile stress, and

5. Overheating: caused by pipes exposed to very high temperatures or non uniform

temperature distribution. This often leads to tube leaks or rupture.

Overheating accounted for 44% and 53% of the failure modes in water tube boilers

for non biomass power plants (e.g coal fired) and biomass power plants respectively. It is

followed by erosion/corrosion accounting for 23% and 22% of the failure modes in water

tube boilers for non biomass power plants and biomass power plants respectively [24].

This chapter is the extension of the case study discussed in Section 3.1, in which ma-

chine learning models for temperature prediction and oxygen prediction, in combination

with an optimisation model implemented in real time, were used to minimise overheating

and maximise combustion efficiency.

In this research, we show how feature selection significantly improves the performance

of selected machine learning models. The other benefit that comes with a dataset with

reduced features as a result of feature selection is that machine learning models are

less complex and computationally less expensive during training. As a result, there is

confidence in their use especially when applied in real time.

5.1 Steam boiler system overview

A steam boiler in a thermal power plant is one of the most important unit operation

(equipment). Essentially this unit operation is responsible for converting water to steam
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at supercritical conditions. The steam is used to turn a turbine that eventually produces

electricity. The boiler unit operates by combusting fuel (e.g coal) with air in a combustion

chamber to a hot flue gas, and the energy of the hot flue gas is transferred by radiation

and convection to water wall tubes wherein water is converted to saturated steam (see

Figure 5.1).

Figure 5.1: Diagram of a coal fired steam boiler. Source: [32].

The saturated steam is directed to a steam/water drum and the steam from the

steam/water drum is directed to a superheater, where the flue gas temperature is further

reduced by exchanging energy with saturated steam to produce superheated steam. The

superheated steam is sent to the turbine for electricity generation. The flue gas temper-

ature is further reduced by exchanging energy with feed water through the economiser.

The hot water is directed to the steam/water drum and the flue gas from the economiser

firstly passes through the fabric filters (to remove solid particles) and is finally sent to

the stack.
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Steam boilers are fitted with instrumentation linked to a distributed control system

to maintain safety and achieve optimum performance. Four important variables are

normally controlled for boilers:

1. Water/steam drum level: this is important for preventing the carry over of water

into the steam lines, which can increase the risk of downstream equipment damage.

2. Fuel flow: this is important for combustion control and the quality of the steam

produced.

3. Air flow: this controls the pressure in the furnace.

4. Flue gas duct system oxygen content: this controls the emission of nitrogen oxide

gases and the thermal efficiency of the boiler.

5.2 Data description

The publicly available industrial boiler dataset1 consists of 11301 observations and 49

variables collected over a period of more than two months. The variables are described

in Table 5.1.

Columns 1 to 6 (temperatures of each zone of the boiler), column 17 (left side oxygen

content) and column 18 (right side oxygen content of the flue gas duct system) are

variables to be predicted by the machine learning models. Column 13 is the average

temperature of the six zones. Columns 7 to 12 are the temperature differences between

each zone and the average temperature. Columns 7 to 13 were excluded from the set of

features used in the training phase because they are functions of the predicted variables

(column 1 to 6).

The features used for the predictions of the six temperature zones and the oxygen

content on the two sides of the flue gas duct system are shown in Table 5.2.

Variable 34 is a variable for which the description is unknown, but has been added

in the study by Ding et al. [3]. The left and the right side NOx gases content are the

1https://github.com/yding5/BoilerOptimization
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Table 5.1: Steam boiler dataset

Variables Description

Column 1 Zone 1 temperature

Column 2 Zone 2 temperature

Column 3 Zone 3 temperature

Column 4 Zone 4 temperature

Column 5 Zone 6 temperature

Column 6 Zone 6 temperature

Column 7 Zone 1 temperature difference

Column 8 Zone 2 temperature difference

Column 9 Zone 3 temperature difference

Column 10 Zone 4 temperature difference

Column 11 Zone 5 temperature difference

Column 12 Zone 6 temperature difference

Column 13 Average temperature

Column 14 Boiler generation load

Column 15 Hot wind

Column 16 Cold wind

Column 17 Left side oxygen content of the flue gas duct system

Column 18 Right side oxygen content of the flue gas duct system

Column 19 Left NOx gases content of the flue gas duct system

Column 20 Right NOx gases content of the flue gas duct system

Column 21-32 Coal feed rate

Column 33-48 Throttle opening of air valves (%)

Column 49 Variable 34

percent content of the nitrous oxide gases (NOx) on the two opposite sides of the flue

gas duct system.
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Table 5.2: Description of features

Feature Description

Column 1 Boiler generation load

Column 2 Hot wind

Column 3 Cold wind

Column 4 Left NOx gases content

Column 5 Right NOx gases content

Column 6-17 Coal feed rate

Column 18-33 Throttle opening of air valves (%)

Column 34 Variable 34

5.3 Methodology

In the Ding et al. study [3], the contribution was in demonstrating how digital twin

models, machine learning and optimisation models, can be used in improving the com-

bustion efficiency of the steam boiler and reducing uneven temperature distribution in

the boiler. As discussed in the introductory section of Chapter 5, uneven temperature

distribution (or overheating) account for almost 60% of failure modes in water tube boil-

ers. The accuracy of a machine learning model is important as it has a direct impact

on the performance of the optimisation model. The optimisation model has a direct

impact on the control system that aims to minimise overheating of pipes/tubes and im-

prove combustion efficiency. The objective of this research was the improvement of the

performance of the machine learning models (used as soft sensors for the prediction of

six temperature zones and oxygen content on the two sides of the flue gas duct system).

The following methodology was used to achieve the objective:

1. Ding et al. compared the performance of five machine learning models for modelling

static (non temporal) and temporal datasets. The machine learning models were:

linear support vector regression (SVR), SVR with radial basis function (SVR RBF),

arificial neural network (ANN), recurrent neural network (RNN) and the long term

short memory (LSTM) model. In this study the SVR RBF model with static

dataset was replicated.
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2. The dataset has 34 features and it is known that removing redundant features can

improve the performance of a machine learning model. Feature selection was inves-

tigated to determine if it could improve the performance of the selected machine

learning model.

5.4 Feature selection

In most cases, using data for machine learning with many predictor variables (features)

is computationally expensive and memory intensive [20]. This makes the use of machine

learning models impractical because of their complexity. They are also not easy to

understand. In such cases there are methods that can be used to reduce the number of

features so that the machine learning algorithm will only use features that are relevant.

One of these methods is the sequential forward selection (SFS) and the aim is to find

optimal set of features for the machine learning model [20], while also improving the

performance of the machine learning model in terms of speed and accuracy. The main

steps of the SFS method are as follows [22]:

1. The SFS algorithm starts with an empty set of features and searches for a feature

(out of all features) that yields the lowest value for a criterion function. In the

case of regression models, the mean squared error is used as the criterion function.

The MSE is calculated using the predicted results of the machine learning model

(after being trained) and the actual data.

2. Add/search for another feature to the data that will further reduce the MSE value.

3. Continuously add features such that the MSE of the combined features is reduced

until there are no more features that will decrease the MSE value. At this point

the algorithm stops.

Other feature selection methods include sequential backward selection, filter methods and

genetic algorithms. Sequential backward selection works in the same way as SFS except

that it starts with the full set of features and sequentially removes features that do not

improve the MSE. Filter methods use the characteristics of features and their relevance to
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the response variable as a selection methods (e.g. variance, F-tests, correlations amongst

features, correlations between features and a response variable, etc). Filter methods are

not correlated to a machine learning model [21]. Evolutionary algorithms such as genetic

algorithm and particle swarm optimisation are also other feature selection algorithms.

These algorithms are computationally expensive.

5.5 Implementation in MATLAB

Eight machine learning models were separately trained and tested to predict six tem-

perature zones in the steam boiler, and oxygen content on the right side and left side of

the flue duct system. The implementation in MATLAB of the methodology discussed in

Section 5.3 was as follows:

1. Ding et al. [3] made two datasets available, one for training (denoted First Part)

and the other for testing (denoted Second Part). Using the training dataset,

Bayesian hyperparameter optimisation was used for tuning the machine learning

model hyperparameters. The parameters were tuned for each of the eight mod-

els (six separate models for the six temperature zones and two models for oxygen

prediction on each side of the flue gas duct system).

2. Using the tuned parameters and the training dataset, the eight models were trained.

3. The testing dataset was then used to compute the MSE and MAPE values for

the eight trained models. The MSE and MAPE values were compared to results

reported by Ding et al. [3].

4. For feature selection, the First Part and Second Part datasets were combined, and

split into training (70%), validation (15%) and testing (15%) datasets.

5. Using the tuned parameters, training and the validation datasets, sequential for-

ward feature selection was implemented to remove redundant features. This was

implemented for each of the eight models.

6. The eight models were trained using the corresponding selected features, tuned

parameters and the training dataset.

74



7. Using the testing dataset, the eight trained models were used to produce results

and compute the MSE and MAPE values. These values were compared to the

values replicated in point 3.

The parameters that were tuned for the SVR RBF model were the box constraint

(C), epsilon and the kernel scale (gamma).

5.6 Results

This section presents and discusses the results from the replication of the original case

study and the results of the feature selection. The MATLAB code used in generating

these results is available on the github repository: https://github.com/mazibutc/

masters_thesis.

5.6.1 Parameter optimisation and case study replication

Ding et al. [3] experimented with different machine learning algorithms and approaches

to organising the input data for predicting the temperature of the six zones. Our study

replicated the radial basis function SVR model approach based on steady state input

data with predictor variables only. The parameters for the model included the box

constraint (C), epsilon and the kernel scale (gamma). Bayesian optimisation was used

to find the optimal parameters for the SVR model for each temperature zone, and the

oxygen content prediction on the left and right side of the flue gas duct system. The

results of the parameter optimisation are shown in Table 5.3 with the associated MSE

and MAPE values produced by the models.

With the optimised SVM parameters as shown in Table 5.3, the model produced an

average MSE over the six temperature zones of 1411 (corresponding to a mean absolute

percentage error MAPE of 2.50%). The corresponding MSE reported in the Ding et al.

[3] study was 1860 with a MAPE of 2.88%. The difference can be attributed to the fact

that hyper-parameter optimisation uses 10-fold cross validation with randomised training

and validation sets, and random initialisation in these two cases may be different. A

comparison for the oxygen content prediction could not be made because Ding et al. did

not publish results for the oxygen content prediction.
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Table 5.3: Optimised parameters and performance metrics for the SVR model

Temperature prediction Oxygen prediction

Zone 1 Zone 2 Zone3 Zone4 Zone5 Zone6 Left side Right side

Box constraint 417 296.84 689.72 99.86 952.40 25.78 153 10.5

Kernel Scale 6.46 6.44 6.81 6.02 7.96 37.16 14.54 7.61

Epsilon 4.64 0.33 9.65 0.16 1.95 21.36 0.014 0.002

MSE 1333 1381 1629 1450 1677 997 0.90 1.27

MAPE (%) 2.15 2.78 2.54 2.73 2.49 2.55 15.87 16.89

5.6.2 Feature selection

The first step before the implementation of feature selection was data exploration. The

aim was to gain an understanding of the dataset and identify missing values. The

distribution of each feature was analysed. Two features whose median values are zero

were identified. These features are the coal feed rates on columns 8 and 9 of Table 5.2.

The distributions of these features are shown Table 5.4.

Table 5.4: Statistical distribution (percentiles) of coal feed rates (kg/hr) in column 8 and 9

Column 8 Column 9

min 0 0

max 53.93 46.35

25% 0 0

50% 0 0

75% 17.60 17.39

Table 5.4 indicates that half of the time the coal feeders corresponding to columns 8

and 9 were not operational. As a result, these two features were excluded in the training

of the machine learning models as there is not enough data for any machine learning

model to map a reliable function. The other features did not show such a behaviour and

only 32 features (from 34) were considered for feature selection. Also, no missing values

were identified.

Feature selection using the SFS algorithm was then carried out to find the most

relevant features for temperature prediction using the SVR model. The selected features
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Table 5.5: Features selected for each of the temperature zone prediction models (see Table

5.1 for the description of features/column numbers).
Temperature Oxygen

Column Zone 1 Zone 2 Zone 3 Zone 4 Zone 5 Zone 6 Left side Right side

1 1 1 1 1 1 1 1 1

2 1 - 1 1 - 1 1 1

3 1 1 1 1 - - 1 1

4 1 1 1 1 1 1 1 1

5 1 - 1 1 - - 1 1

6 - - - 1 - - - 1

7 - - 1 - - - 1 1

8 - - - - - - - -

9 - - - - - - - -

10 - - 1 1 - - 1 1

11 - - 1 1 - - 1 1

12 - - - - - - 1 1

13 - - 1 - - - 1 1

14 - - 1 1 - - 1 1

15 - - - 1 - - 1 1

16 1 1 1 1 - 1 1 1

17 1 - 1 1 - - 1 1

18 1 1 1 1 - 1 1 1

19 1 - 1 1 1 1 1 1

20 1 1 1 1 1 - 1 1

21 - - 1 1 1 1 1 1

22 1 1 1 1 1 1 1 1

23 - 1 1 1 - 1 1 1

24 1 1 1 1 1 1 1 1

25 - - 1 1 - 1 1 1

26 - - 1 1 1 - 1 1

27 1 1 1 1 1 1 1 1

28 1 1 1 1 1 1 1 1

29 1 - 1 1 1 1 1 1

30 1 1 1 1 1 - 1 1

31 1 1 1 1 1 1 1 1

32 1 1 1 1 1 1 1 1

33 1 1 1 1 1 1 1 1

34 - - 1 1 - - 1 1

Total 19 15 29 29 15 19 31 32

for each zone are presented in Table 5.5.

The SFS algorithm consistently selects column 1 (boiler generation load) of the data-

set in the prediction of the temperatures of the six zones. This is consistent with the

energy balance equation that relates the heat load to temperature.

The SFS algorithm consistently selected throttle openings of valve 4, 22, 24, 27, 28,
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31, 32 and 33 for the temperature prediction. This may indicate the importance of these

controlled variables on temperature control. The SFS algorithm consistently did not

select the coal feed rate in column 12 for the temperature prediction.

The SFS algorithm was also applied for oxygen prediction on both sides of the flue

gas duct system. For the oxygen prediction on the left side of the flue gas duct system,

only column 6 was excluded out of 32 features. For the right side of the flue gas duct

system, all the 32 features were selected.

5.6.3 Performance before and after feature selection

The MSE and MAPE for each temperature zone and the oxygen content for both sides

of the flue gas duct system were computed using the selected features shown in Table

5.5. The results are presented in Table 5.6.

Table 5.6: Results after feature selection
Temperature prediction Oxygen prediction

Zone 1 Zone 2 Zone3 Zone4 Zone5 Zone6 Left side Right side

MSE 334 405 371 314 374 325 0.15 0.34

MAPE (%) 1.13 1.26 1.18 1.10 1.23 1.16 7.19 8.61

The average MSE and the MAPE values before and after the implementation of

feature selection are compared in Table 5.7.

Table 5.7: Comparison of the average MSE and MAPE values

Temperature prediction Oxygen prediction

MSE MAPE (%) MSE MAPE(%)

Before SFS 1411 2.50 1.08 16.38

After SFS 354 1.17 0.25 7.90

The implementation of feature selection has improved the accuracy score (MSE) of the

temperature and oxygen prediction SVR RBF models from an average of 1411 and 1.08

respectively, to a score of 354 and 0.25 respectively. Similarly, MAPE for temperature
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and oxygen prediction decreased from an average of 2.50% and 16.38% respectively, to

an average of 1.17% and 7.90% respectively.

Since feature selection for oxygen prediction did not remove features (except for one

feature on left side of the flue), the exclusion of the two redundant features (column 8

and 9) significantly improved the accuracy of the oxygen prediction model.

Actual and predicted temperature profiles of selected zones after the implementation

of feature selection are shown in Figure 5.2. The data points in each plot of Figure 5.2

are scattered closely along the red 45◦ line. This shows that machine learning models

are approximating the actual temperatures of zone 1, zone 2 and zone 3 satisfactorily

well.

Figure 5.2: Actual vs predicted temperatures.

The trends for zone 4, zone 5 and zone 6 are similar to the trends in Figure 5.2.

The plots for the oxygen concentrations on the left side and the right side of the flue

gas duct system are shown in Figure 5.3.

5.7 Summary

The results of the case study are summarised as follows:

• Some results of the original case study by Ding et al. were successfully replicated.
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Figure 5.3: Oxygen content (mass %) of the flue gas duct system.

• Sequential forward feature selection significantly improved the performance of the

temperature and oxygen prediction models by:

– improving the average MSE and MAPE values for temperature prediction

from 1411 and 2.5% to 354 and 1.17% respectively,

– improving the average MSE and MAPE values for oxygen prediction from

1.08 and 16.38% to 0.25 and 7.90% respectively.
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Chapter 6

Conclusions

A literature review was undertaken with the aim of showing the application and impact

of machine learning in the areas of soft sensing and fault detection. The review has

highlighted the impact machine learning has made in solving problems that ordinarily

could not or have proven difficult to solve using traditional process and automation tools.

Two case studies from this body of literature were chosen with the aim of improving the

performance of machine learning models.

6.1 Fault detection for the Tennessee Eastman pro-

cess

The following are the main conclusions for the first case study of fault detection for the

Tennessee Eastman chemical process:

• Results from the Heo and Lee study [11] were replicated successfully using unsu-

pervised learning approaches with PCA and autoencoder models.

• The LSTM autoencoder and the dynamic autoencoder (with a time step of three)

outperformed static models in the form of PCA and autoencoder.

• The architecture of both the LSTM autoencoder and the dynamic autoencoder

played an important role in improving the performance of the machine learning
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models. The architecture of the LSTM autoencoder was obtained through trial

and error. The architecture of the dynamic autoencoder was obtained by a tuning

exercise known as the hyperparameter optimisation using the TensorFlow package.

• The FDR for faults 5, 10, 16 and 19 were below 32% with the use of static PCA

and autoencoder. The LSTM autoencoder improved the FDR for these faults to a

median of 99.94%, 79.17%, 84.78% and 82.48 % respectively.

• The LSTM autoencoder improved the FDR for fault 4 from a median of 50.60% for

the static autoencoder to a median of 95.08%. It also improved the FDR for fault

20 from 43.91% and 45.40% for the static PCA and static autoencoder respectively,

to a median of 65.49%.

• The dynamic autoencoder improved the FDR for faults 5, 10, 16 and 19 to a median

of 99.89%, 85.66%, 89.36% and 96.80% respectively.

• The dynamic autoencoder improved the FDR for fault 4 from a median of 50.60%

to a median of 98.75%. It improved the FDR for fault 20 to 69.50% from 43.91%

and 45.40% for the static PCA and static autoencoder respectively.

• The dynamic PCA only outperformed LSTM autoencoder and the dynamic au-

toencoder in detecting fault 11, with the FDR of 93.08% compared to a median

of 68.54% and 74.15% for the LSTM autoencoder and the dynamic autoencoder

respectively.

• The dynamic autoencoder marginally outperformed the LSTM autoencoder for

most faults except for fault 19, with the dynamic autoencoder FDR interquartile

range of [96.26, 97.38] significantly shifted to the right of the LSTM autoencoder

FDR interquartile range of [80.33, 84.02].

• The false alarm rates for the LSTM autoencoder, dynamic autoencoder and dy-

namic PCA were below 1%.
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6.2 Machine learning in the optimisation of a steam

boiler control system

Sequential forward feature selection and the exclusion of redundant features by data

wrangling improved the performance of the machine learning model. The improvements

were:

• The average of the mean squared error (MSE) for temperature prediction of the

six zones was improved from 1447 to 321. The mean absolute percentage error

(MAPE) was also improved from 2.5% to 1.21%.

• The average of the MSE for the prediction of oxygen content on the left side of the

flue was improved from 0.879 to 0.154. The MAPE was improved from 14.75% to

7.54%.

• The average of the MSE for the prediction of oxygen content on the right side of

the flue was improved from 1.28 to 0.254. The MAPE was improved from 15.75%

to 8.54%.

The number of features used in predicting temperature was reduced from 34 to an

average of 18 features for the six zones. For the prediction of oxygen content on both

sides of the flue, excluding two redundant features improved the performance of the SVR

models significantly, as feature selection managed to remove only one feature for the left

side of the flue (with the right side using all 32 features).

The reduction of the number of features implies that training of the machine learn-

ing models will be less computationally expensive. This is important when deploying

machine learning models for real time optimisation as envisaged by Ding et al. [3]. In

addition, the improved performance of machine learning models will also improve the

optimisation model and the control system of the steam boiler. This will inadvertently

lead to minimising events of uneven temperature distribution in the steam boiler, and in-

crease steam boiler combustion efficiency. Uniform temperature distribution will reduce

tube leaks and increase availability and revenues. An increased combustion efficiency

will reduce raw material costs.
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6.3 Future Work

As discussed in Section 4.6.2, the architecture of the LSTM auotoencoder network was

determined through a trial and error approach. However, it was also shown in Section

4.6.3 that the optimal architecture can be determined by hyperparameter tuning. Future

work could be to further improve the performance of the LSTM autoencoder through

hyperparameter tuning. In addition, this will result in designing a standard approach to

fault detection using the LSTM autoencoder.

As an illustration, it was shown that feature selection improved the performance of

a machine learning model in Chapter 5. Instead of employing a separate step for feature

selection, a random forest model can also be used as an intrinsic feature selection method

as it automatically selects best features during the training phase. Future work could

therefore involve testing whether the random forest model can be better than other

models that require the additional feature selection step in the pipeline.
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