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Abstract

This study presents work on identifying the location and options possible for functional pa-
rameters associated with each energy graph-based visualisation (EGBV) method. Each of
the EGBV methods were analysed to determine whether sensitivity to functional parameters
exists during FDI of fault conditions using the Tennessee Eastman process (TEP) model.
Additionally, validation of this sensitivity analysis was performed to confirm if initial results
held true under different model operation modes. Literature was studied on existing Het-
erogeneous Euclidean-Overlap Metric (HEOM) based distance functions as well as previous
implementations of the respective EGBV methods to identify possible alternative options for
each functional parameter. Following the identification and compiling a structure of functional
parameters for each EGBV method, the Tennessee Eastman process model was implemented
to acquire data which demonstrate a range of various fault conditions during system opera-
tion. The structure utilised to acquire multiple datasets at the default base case mode later
served useful in providing an opportunity to acquire datasets for validation purposes. Ini-
tial datasets that were acquired were utilised in transforming process measurements into the
attributed graphs utilised for fault detection and isolation (FDI) of operational conditions
observed. Each EGBV method was implemented as a range of functional parameter permu-
tations in delivering FDI results that were quantitatively measured and analysed to identify
possible sensitivity demonstrated.

The execution of the functional parameter permutations for each EGBV method delivered
gave a clear indication of the impact demonstrated by functional parameter selection on each
category of performance measured. A clear deviation in performance was observed when
comparing alternate functional parameter options to the default methodology for each EGBV
method. The sensitivity analysis further confirmed that sensitivity in performance was demon-
strated towards the functional parameter locations investigated. The validation of the initial
sensitivity analysis performed consisted in reconfiguring the TEP model to mode 5 operation,
in presenting new conditions for sensitivity to be observed. This validation delivered both
a confirmation of sensitivity and new information on how sensitivity demonstrated by the
EGBYV methods varied between model operation modes. This study presents evidence to the
deviation in FDI performance resulting from EGBV method functional parameters and sen-
sitivity in performance demonstrated towards each functional parameter. This sensitivity is
validated for a single model application, and presents an initial case to investigate functional
parameters at a larger scale in future research.

Keywords: Tennessee Eastman process, functional parameter, EGBV,
HEOM, cost-matrix utilisation, sensitivity analysis, ANOVA
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Chapter 1

Introduction

1.1 Background

Fault detection and isolation techniques aim to reliably detect and determine the fault type,
and location when isolating an abnormal condition status. Kurtoglu et al. defines fault defi-
nition as the binary classification, faulty or non-faulty, of the system state. The author also
defines isolation as “the determination of the fault mode and location in the system [1].” FDI
techniques have become a focal point for study with the goal of delivering actionable solutions
to model systems as representation to industry conditions. The requirement for FDI tech-
niques primarily stem from hardware redundancy. This can be model- or data-based systems
where hardware redundancy-based deployment on physical systems is financially expensive
to install and maintain, while it is also limiting the system to only identify known process
conditions. Model-based FDI techniques demonstrate more flexible implementation during
complex system applications where changes to process or structural changes could occur [2,3].

Model-based FDI further consists of sub-approaches where each utilise a different technique
to deliver the classification of fault conditions observed. Knowledge-based models perform
qualitative evaluation of observed values, founded on human knowledge-based rules when
performing condition classification. Analytical methods perform a quantitative analysis of
the presented model conditions whereas data-based approaches utilise recorded process data
from a system or model in detecting and isolating fault conditions. Such a model aims to
adapt to observed model conditions to best estimate output measurements affected by input
parameters, instead of considering the model function when classifying observed conditions [3].

Energy graph-based visualisation (EGBV) methods incorporate attributed graphs based on
structural analysis of the considered system, where directional graphs represent binary inter-
actions. These interactions are arranged in a matrix format filled with the attribute values
indicating quantitative interaction between respective system nodes [4]. Process measure-



ments delivered by both physical- and model-based systems consist of various measurements
(current, temperature, pressure, flow, density, etc.) at fixed locations which do not read-
ily contribute to node interactions, while both energy and exergy could be determined per
node when derived from these process measures. This allows for calculating the change in
exergy flow, using both incoming and outgoing exergy per node in tracking directional node
interactions. This could then be considered a signature when observing the operating condi-
tions of a respective process. The development in graph-based FDI techniques was presented
in [4], where a Qualitative approach was used to evaluate the change in exergy flow patterns
as signature during observed fault conditions for a heated two-tank system. Further inves-
tigation into the performance of EGBV methods was done by [5] and [6] where Qualitative
and Quantitative approaches were implemented to perform condition classification. The FDI
performance results presented by these authors point to possible sensitivity towards unknown
sources of variation. These sources of variation to FDI performance could result from the
functional components implemented within each of the FDI methods. These components are
considered functional parameters where multiple options exist for each item (or location) to
be implemented within the respective FDI methods. The selection of these functional param-
eters could deliver variation in FDI results when using the identical model data as input. This
variation in performance could further indicate sensitivity demonstrated towards functional
parameters implemented.

1.2 Problem statement

EGBYV methods have been previously applied, but have not yet been evaluated in response
to their sensitivity demonstrated to underlying functional parameters comprising these FDI
methods. These functional parameters include alternate options that exist for the individ-
ual steps taken in the methodology of an EGBV method. Sensitivity demonstrated towards
functional parameters would include an analysis of FDI performance as measured using clas-
sification accuracy, isolation and the Matthews Correlation Coefficient (MCC).

1.3 Research objectives

1.3.1 Identification of relevant EGBYV functional parameters

Identification of prominent graph-based FDI methods requires surveying literature available
to identify choices made by authors shaping their implementation of these methods. Such
choices should be inspected to identify potential functional parameters and options available
for these parameters that would influence the function of the respective FDI methods.



1.3.2 Data compilation

A structure is required where data acquisition would be executed to obtain multiple datasets
using the TEP model. This includes the methodology used in executing model simulation
and how process measurement data would be transformed to deliver attributed graphs to
be used during FDI. Data compilation includes discussion on how the functional parameter
combinations for each EGBV method would be implemented, accompanied by discussion of
performance measures to be used for this study.

1.3.3 Sensitivity analysis of EGBYV functional parameters

A sensitivity analysis of the identified EGBV methods and associated functional parameters
would serve to identify the underlying sensitivity demonstrated. This would require perform-
ing FDI using the EGBV methods followed by using FDI results to perform the sensitivity
analysis.

1.3.4 Validation of sensitivity analysis

Validation of the sensitivity analysis will be performed to establish whether the experiment’s
results meet the required level of accuracy in satisfying the problem statement identified
for this study. This includes testing the validity of the sensitivity analysis concept under a

different set of operating conditions or model mode as not yet experienced during this study.
This would establish if the study concept is valid for broad or model specific use case only.

1.4 Methodology

1.4.1 Identification of relevant EGBYV functional parameters
Existing literature would need to be surveyed to identify options available for selected func-
tional parameters. These options include author decisions or additional developments made
to similar methods that could further be implemented for the EGBV methods in this study.
1.4.2 Data compilation

The simulation model would be inspected to identify variables that could be used to control

operating conditions in generating multiple datasets. Following the acquisition of datasets, a
deliberation is presented on how this process data would be transformed into a usable format

4



by which FDI could be performed. Data compilation includes discussion of the performance
measures by which FDI results were evaluated for the respective EGBV methods.

1.4.3 Sensitivity analysis of EGBYV functional parameters

The EGBV functional parameter permutations were first executed using the datasets gener-
ated for this study. FDI results delivered by these EGBV permutations were used to perform
the sensitivity analysis to determine whether any of the considered EGBV methods demon-
strate sensitivity to the identified functional parameters.

1.4.4 Validation of sensitivity analysis

The TEP model would be configured to mode 5 operation to acquire new datasets, from which
validation would be performed. The FDI and sensitivity analysis of the EGBV methods would
be duplicated using these datasets to determine whether the observed results remain valid for
this operating mode.

1.5 Dissertation Outline

Chapter 2 contains background knowledge on topics associated with the content of this
study, followed by a critical review of literature which proved to be significantly important
to this study. Chapter 3 presents a discussion on the functional parameters identified and
their respective options for each EGBV method. These functional parameters are then pre-
sented as a summary of permutations available for each EGBV method. Chapter 4 provides
information on the TEP model and its operation in simulating datasets for this study. The
transformation of process measurement data into attributed graphs is discussed. In Chapter
5 FDI is performed using the EGBV method permutations, followed by discussion on the FDI
results observed. These FDI results are then used in performing sensitivity analysis of func-
tional parameters. Chapter 6 demonstrates the validation performed for FDI and sensitivity
analysis by implementing the EGBV methods under alternate operating conditions by the
TEP model. The results are then compared with the TEP operation modes implemented for
this study. Chapter 7 provides closure of this study by reflecting on the research objectives
stated, and whether these objectives were achieved /successful.



Chapter 2

Literature study

2.1 Introduction

With this study investigating the functional parameters of EGBV methods and how sensitivity
towards these functional parameters would be demonstrated, this chapter presents literature
studied on key concepts identified in executing this investigation. These concepts include
the Tennessee Eastman process, EGBV for fault detection & isolation, sensitivity analysis
methods, and verification & validation. These concepts are briefly discussed in providing the
initial background on how these concepts would tie into the steps followed for this study.

Literature sources providing critical knowledge on the respective EGBV methods to be used
for this study are further discussed in-depth, as well as how decisions made in the application
of these methods were demonstrated by the respective authors. Work presented by [5] and [6]
were identified as critical literature sources, presenting recent applications of these EGBV
methods where each of these authors elaborated on their choices made for the respective steps
within these methods.

2.2 Tennessee Eastman process

The Tennessee Eastman process model was initially introduced by [7], with the authors pre-
senting an accurate test problem demonstrating similar characteristics and restrictions associ-
ated with the physical industrial process, which it was based upon. The model seen in figure
2.1 was proposed in response to the growing interest for industrial models that could serve as
benchmark for testing and verification in the development of industrial control theories [7].
Table 2.1 demonstrates the various reactant materials introduced to the system, along with
the subsequent products delivered as output by the TEP. Gas B is an inert material that
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Figure 2.1: Tennessee Eastman test problem [7, Fig 1]

Table 2.1: System material components [7]

Component | Phase Type
A Gas Reactant
B Gas Inert
C Gas Reactant
D Gas Reactant
E Gas Reactant
F Liquid | Byproduct
G Liquid | Product
H Liquid | Product
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Three gas-based reactants (A, D and E) are provided as input to the reactor, whereby an
exothermic chemical reaction occurs aided by a non-volatile catalyst as liquid solution in the
reactor, in order to deliver the two liquid products G and H as part of the output stream.
Heat generated by the exothermic reaction is removed by means of an internal cooling bundle
to the reactor. The reactor output consists of both gas and liquid components, and is passed
through the condenser to reject the remaining heat from the mixed stream to allow further
condensation of material vapour to liquid as required for the final product. This cooled
material proceeds to the separator, where components in this stream are separated in a phase
where condensed material is passed to the product stripper for further processing. During this
process, non-condensed material is returned by the centrifugal compressor, looping back into
the initial reactor input feed. Materials removed by this separator include byproduct F and
the inert material created by the initial reaction process. Lastly, the condensed liquid mixture
proceeds through the product stripper, where it is introduced to reactant C in removing
the remaining initial reactant material still present in the mixture. At the same time, the
remaining reactant material is returned via the recirculating loop connected as reactor input.
The mixed product liquid consisting of products G and H are then delivered in the product
stream exiting the TEP system [7]. Compositions of process products delivered by the TEP
system are demonstrated in (1)-(4) [7].

Agas + Cgas + Dygas = Giig (1)
Agas + Cyas + Egos = Hyig (2)
Agas + Egas = Fliq (3)
3D 405 = 2Fi (4)

Six operational modes have been outlined for the TEP model, seen in Table 2.2 below, where
various ratios to product compositions would be delivered, depending on system constraints
applicable, to maintain the profitability of the process. The initial TEP model by [7] im-
plements an open-loop control system, which has since served as the platform for testing
additional system control schemes, as this model contains 12 manipulated variables (XMV),
accompanied by 41 measured variables (XMEAV) by which process conditions could be moni-
tored. Tables 2.3 and 2.4 below list the respective variable types mentioned, with their number
designations as published in [7].



Table 2.2: TEP system operation modes by Downs [7]

Mode Ratio Rate
1 (Base Case) | 50/50 | 7038 kg/h G and 7038 kg/h H
2 10/90 | 1408 kg/h G and 12,669 kg/h H
3 90/10 | 10,000 kg/h G and 1111 kg/h H
4 50/50 maximum production rate
5 10/90 maximum production rate
6 90/10 maximum production rate

Table 2.3: Process manipulated variables [7, Tab. 3]

Variable Name Low Limit | High Limit | Unit
XMV(1) D feed flow 0 5811 kg/h
XMV(2) E feed flow 0 8354 kg/h
XMV (3) A feed flow 0 1.017 kscm/h
XMV (4) A and C feed flow 0 15.25 kscm/h
XMV(5) | Compressor recycle valve (%) 0 100 -
XMV (6) Purge valve (%) 0 100 -
XMV(7) Separator pot liquid flow 0 65.71 m®/h
XMV(8) | Stripper liquid product flow 0 49.10 m?/h
XMV(9) Stripper steam valve (%) 0 100 -
XMV(10) | Reactor cooling water flow 0 227.1 m®/h
XMV(11) | Condenser cooling water flow 0 272.6 m®/h
XMV(12) Agitator speed 150 250 rpm




Process measurements defined in Table 2.4 comprise of multiple units of measure, in providing
an opportunity for detailed monitoring of the process operation while additionally increasing
the difficulty associated with the incorporation of all unit dimensions, depending on the re-
spective use case. The remaining process measurements solely consist of material compositions
per the following locations in the TEP model:

- Reactor feed analysis of materials A to F are XMEAS(23) to XMEAS(28) respectively.

- Purge gas analysis of materials A to H are XMEAS(29) to XMEAS(36) respectively.

- Product analysis of materials D, E, F, G and H are XMEAS(37) to XMEAS(41) respec-
tively.

Table 2.4: Continuous process variables [7, Tab. 4]

Variable Name Unit
XMEAS(1) A Feed kscm/h
XMEAS(2) D Feed kscm /h
XMEAS(3) E Feed m?/h
XMEAS(4) A and C Feed m?/h
XMEAS(5) Reactor flow kscm/h
XMEAS(6) Reactor feed rate kscm/h
XMEAS(7) Reactor pressure kPa
XMEAS(8) Reactor level (%) -
XMEAS(9) Reactor temperature °C
XMEAS(10) Purge rate kscm /h
XMEAS(11) Product separator temperature (%) -
XMEAS(12) Product separator level °C
XMEAS(13) Product separator pressure kPa
XMEAS(14) Product separator underflow m?/h
XMEAS(15) Stripper level (%) -
XMEAS(16) Stripper pressure kPa
XMEAS(17) Stripper underflow m?/h
XMEAS(18) Stripper temperature °C
XMEAS(19) Stripper steam flow m®/h
XMEAS(20) Compressor work kW
XMEAS(21) | Reactor cooling water outlet temperature °C
XMEAS(22) | Separator cooling water outlet temperature °C
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The TEP model includes 21 process faults that could be introduced during simulation of the
system and consist of 5 different types based on how these faults present during operation.
These faults are presented in Table 2.5 including details to the process variable which is affected
during each of these faults. Faults 1-7 occur as a step-change in the associated process variable
while faults 8-12 present as an increased variability of some process variables [7,8]. Fault 21
is associated with a sticking valve where the valve for process stream 4 is fixed at a steady
state position and was not implemented during this study.

Table 2.5: Process faults [8, Tab. 8.4]

Fault | Variable Process Variable Type
1 IDV(1) A/C feed ratio, B composition constant (stream 4) Step
2 IDV(2) B composition, A/C ratio constant (stream 4) Step
3 IDV(3) D feed temperature (stream 2) Step
4 IDV(4) Reactor cooling water inlet temperature Step
5 IDV(5) Condenser cooling water inlet temperature Step
6 IDV(6) A feed loss (stream 1) Step
7 IDV(7) C header pressure loss - reduced availability (stream 4) Step
8 IDV(8) A, B, C feed composition (stream 4) Random variation
9 IDV(9) D feed temperature (stream 2) Random variation
10 IDV(10) C feed temperature (stream 4) Random variation
11 IDV(11) Reactor cooling water inlet temperature Random variation
12 IDV(12) Condenser cooling water inlet temperature Random variation
13 IDV(13) Reaction kinetics Slow drift
14 IDV(14) Reactor cooling water valve Sticking
15 IDV(15) Condenser cooling water valve Sticking
16 IDV(16) Unknown Unknown
17 IDV(17) Unknown Unknown
18 IDV(18) Unknown Unknown
19 IDV(19) Unknown Unknown
20 IDV(20) Unknown Unknown
21 IDV(21) The valve for Stream 4 was fixed at the steady state position | Constant position

Since its release by Downs and Vogel [7], the TEP model has been used as a benchmark to
develop additional system control schemes, operating modes, or optimisation configurations as
expansion upon the original TEP presented. Notable literature sources were identified, where
authors present novel solutions in improving the system control and performance delivered as
further development of the initial model by Downs [7]. A brief summary of notable control
strategies developed shortly after publication of the initial TEP model is presented below:

Ricker

Ricker presents an optimised solution in satisfying operating constraints, while maintaining
optimal operation during the steady-state operation of the model, by monitoring multiple
inputs simultaneously. This includes addressing the minimum cost and maximum production
problem functions separately to find the best suited operation point during system operation.
Ricker concludes that this scheme lacks robustness in providing a solution for all operating
modes considered, and should be researched further before considered suitable for application

[9]-

11



McAvoy and Ye

McAvoy and Ye present their approach to developing a plant system controller for the TEP
model, based on a series of stages by which control is distributed. Their work consists of
closed controller feedback loops to form the first layer in a cascaded controller hierarchy, and
contributes in reducing the impact of disturbances on system operation. Their control scheme
additionally includes closing the analyser loops and perceiving process stream compositions
as measured variables. The authors then performed a relative gain analysis to determine loop
pairings and evaluate their stability when compared to the Niederlinski Index. Lastly, the
controllers arranged in cascaded hierarchy levels were tuned to deliver the best disturbance
response in order to deliver optimal system operation [10].

Lyman and Georgakis

These authors presented four control schemes for plant-wide control of the TEP model, uti-
lizing single-input single-output controllers in mitigating process disturbances experienced
during system operation. Their work presents an in-depth discussion on the controller layouts
as either standalone or cascaded, and how their functionality maintains a stable operation
of the closed loop system. What is noteworthy is that one of these control structures is ca-
pable in withstanding all process disturbances without reaching the shutdown point for the
system, and was recommended as a successful solution to the plant-wide control problem for
this process model [11].

12
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Figure 2.2: TEP Process - control structure 2 [11, Fig. 1]

The control schemes presented by these authors have since served as a foundation in litera-
ture, where the shift in focus has transitioned towards implementing the TEP model during
the development of fault detection, isolation and/or diagnosis methods. The TEP model has,
since its initial release, also been adapted towards educational purposes as a training tool
and case study in industrial control, as done by [8], where the TEP model was demonstrated
using one of the control schemes developed by [11]. Chiang et al. [8] then presents an in-depth
discussion on the simulation conditions, datasets obtained during operation, and performance
demonstrated by the respective fault detection method utilised [8]. A recent development
utilising the Tennessee Eastman process model by [12] includes recreating the TEP simula-
tion using a MATLAB software package in delivering a modernised version of the simulation
model. Vosloo’s [12] instance of the TEP model provides clear access to all main process sub-
systems at the component level, including the system controllers responsible for monitoring
and manipulating system parameters.
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2.3 Fault detection

A fault is defined in [13] as the unpermitted deviation of a system parameter or property
beyond boundaries defined for safe operational conditions. The occurrence of a fault condi-
tion can further be described according to an individual component, form, and how the fault
contributes to the system:

1. A component fault occurs during failure of one or more sub-components in the system
at either hardware or software level in a system. Such faults would result in incorrect
process measurements, impeding equipment function, false alarms, or process failure in
the system [13,14].

2. The form of a fault indicates to the rate of change and cumulative duration of the re-
spective deviation observed. Fault deviation may present continuously in process mea-
surements observed or in an abrupt manner, as seen with equipment malfunction when
transitioning into a system fault condition. The abrupt fault form presents as a step fault
condition, and is commonly the fastest deviation amidst the considered condition types.
The incipient fault form occurs as a gradual drift in process conditions, which would only
be discernible at a later time or would be omitted if the rate of change was faster than
the defined sampling rate. The intermittent fault form presents as repeated switching
between active and inactive states without remaining as an active fault state, and could
lead to the possibility in perceiving the fault as a self-correcting condition [13,14].

3. Lastly, the manner by which a fault contributes to the system state is of note, as the
fault condition could be:
- Additive as demonstrated by constant linear deviation or offset bias present in
process measurements.
- Multiplicative where variation to faults include surges or stuttering to be observed
in process conditions [13, 14].
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2.4 Fault isolation

Following fault detection, the fault would then need to be further evaluated to determine
associated properties [13]:

Location

- Kind

Time of detection

- Size

- Time-variant behaviour

One of the following functions could be implemented depending on the scope of fault properties
required:

Fault isolation: Determine fault kind, location and time of detection.

Fault identification: Follows fault isolation and includes fault size and time-variant
behaviour.

Fault diagnosis: Determine fault kind, size, location and time of detection [6, 13].

Focusing on fault isolation for this study, a fault can only be isolated if the fault is unique
to a specific case and distinction could be made from different faults that could occur for the
system [6]. This would include discerning the operational condition, as either normal or fault
condition, from the range of reference conditions implemented for this study.

2.5 Graph-based FDI

Graph-based fault detection and isolation is based on comparing attributed node graphs, rep-
resenting a process system [4], in order to correctly discern the observed operation condition
from the ground truth reference condition as either normal or fault condition. Jouili [15] per-
formed graph matching using object images, where matching according to similarity using the
Heterogeneous Euclidean Overlap Metric (HEOM) to determine node-to-node graph distances
as measure in similarity [15]. Each attributed graph, example seen in Figure 2.3, consists of
nodes interconnected by edges with each node containing an attribute. These attributes could
be numerical and/or symbolical in representing the node signatures used during the graph
matching process to determine similarity graphs.

15
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Figure 2.3: Two attributed graphs [15, Fig. 1]

Van Graan et al. [16] presents fault diagnosis of a counter-flow heat exchanger through energy-
based graph matching. Energy characteristics were calculated for the heat exchanger system
using data gathered during normal operation and three different fault conditions experienced
during system operation to allow creating attributed graphs for each of the conditions ob-
served. Each of the fault operation graphs used for the comparison where matched against
the normal operation graph to determine the distance between graphs. Distance between
corresponding nodes were calculated and arranged in a cost matrix were eigendecomposition
was performed to deliver eigenvalues as a means to uniquely identify each condition. Figure
2.4 presents the signatures, containing both real- and imaginary signatures, for each of the
conditions observed and the normal condition used as reference for case 2 in verifying if the
three faults were identifiable [16].
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Figure 2.4: Case 2: Reference signature and energy visualisations of faults [16, Fig. §]

Uren et al. [4] performed energy attributed graph-based FDI as applied to a two-tank system,
where focus was on implementing a node signature matrix consisting of both change in exergy
flow rate and energy flow rate. Following graph matching and calculating the cost matrix,
eigendecomposition was performed on the cost matrix where the resulting eigenvalues were
qualitatively assigned. These qualitative values were then arranged as identifier sets by which
graphs were evaluated during fault detection and isolation. This approach was able to discern
between normal- and fault conditions respectively when evaluating the qualitative difference
signature compared to the signature of the respective reference conditions. This graph-based
approach was then demonstrated as three different methods by [5] by performing FDI using a
steady-state system model while [6] performed FDI using historical operational data , seen in
figure 2.4 below, where each operation condition could be represented by a series of attributed
graphs when performing FDI.
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Figure 2.5: Illustration of the final time series data obtained for each of the simulated fault
states and the normal operating state [6, Fig. 5.10]

2.6 FDI performance measures

The analysis of any FDI approach requires the means by which performance could be deter-
mined in executing its detection and isolation functionality. Quantitative performance metrics
demonstrated in [17] and [1] include detection- and isolation metrics , sensitivity and stability
factor for fault conditions experienced by the respective systems. Such characteristics include
the following:

- The approach demonstrates the ability to quickly deliver a classification as whether a
normal or fault condition is being observed. Any sensitivity demonstrated to noise could
result in frequent misclassifications [18].

- The ability to correctly distinguish between known fault conditions is a trade-off in
choice, between high isolability and accommodating model or process operation uncer-
tainties [18].

- Robustness to noise and process uncertainties would prevent significant performance
degradation from occurring when presented with varying process conditions [18].

Quantitative performance metrics demonstrated in [17] and [1] include detection and isola-
tion metrics accompanied by the sensitivity and stability factor for fault conditions that are
experienced by the respective systems. These factors determine an algorithm’s sensitivity
towards fault size at which detection is possible, as well as its stability in maintaining the
correct detection classification during the occurrence of the fault condition [1]. The condition
classifications presented below reflect fault isolation per the context of this study, as adapted
from [17] and [19].
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Table 2.6: FDI condition classification.

Detection

False positive (FP)

Algorithm observes a fault condition in contrast to the
ground truth being a normal operating condition.

False negative (FN)

Algorithm observes normal operation while the ground
truth is a known fault condition.

True positive (TP)

Algorithm and ground truth are in alignment to the pres-
ence of a fault condition being observed.

True negative (TN)

Algorithm and ground truth are in alignment to the pres-
ence of a normal operating condition being observed.

Isolation

Correct isolation

Condition detected and individually identified, corre-
sponds with the ground truth condition.

Missed isolation

Condition detected and individually identified, does not
correspond with the ground truth condition.

These classifications could then be compiled as a set for the range of operation conditions

associated with a respective model to determine the quantitative rate for each classification [1].

Frank [20] presents a survey on metrics and methods available in assessing fault detection and
diagnosis performance, where the Matthews Correlation Coefficient (MCC) is illustrated as

an opportunity to include the true negative classification when calculating the detection rate

performance, as demonstrated in (5) below [20]. The utilisation of the MCC is ideal as an

additional measure to asses FDI methods, as it considers the TN rate in equal importance
to the TP rate. Omitting detection of the NOC when performing FDI would cast doubt on
the credibility of the true positive detection rate delivered by an FDI approach, when other

measures do not provision for the NOC to be uniquely discerned for a considered system [20].

MCC =

(TP x TN) — (FP x FN)

V(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

19
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2.7 Sensitivity analysis

Razavi et al. states “Sensitivity analysis (SA), in the most general sense, is the study of how
the ‘outputs’ of a ‘system’ are related to, and are influenced by, its ‘inputs’.” Razavi further
elaborates that “Inputs of interest, commonly referred to as ‘factors’ in SA, may include model
parameters, forcing variables, boundary and initial conditions, choices of model structural
configurations, assumptions and constraints.” [21] Kleijnen presents an initial methodology
in executing a sensitivity analysis, by considering the simulation model as a “black box” by
which internal functionality was considered unknown with only input-output factors available
for interaction [22]. A regression analysis could be performed to determine the main and
interaction effects presented by factors. Fasso [23] presents a discussion on how the nature

of the model utilised determines which sensitivity analysis method would be applicable for use.

Computer model

Computer models are used to represent complex systems, either linear or non-linear, imple-
menting large quantities of input parameters where significance of parameter influence on the
system output is not necessarily known. Sensitivity analysis of such systems would aid in re-
ducing model complexity by removing input parameters with low influence on model system
output. Analysis results could further be utilised towards model or concept problem valida-
tion [23].

Statistical model

The sensitivity analysis of statistical models is useful in discerning the level of dependence
demonstrated by model results in regard to the stated hypotheses. This sensitivity could
further be influenced by the nature of data or techniques implemented during model execu-
tion. Changes introduced to the input of statistical models could additionally indicate the
presence of influential subsets within the observed data, leading to the possible occurrence of
gross modelling errors resulting from deviations caused by these subsets. The identification
of influential observations would additionally indicate the suitability of the considered model
in addressing the respective study problems [21-23].

Regression model

An example of a regression model considered during sensitivity analysis would be an objec-
tive function, either linear or non-linear, where significant influence could occur in the event
of outlier parameter values being observed during the evaluation of the respective function.
This analysis would be applied in calculating the localised sensitivity demonstrated by the
surrounding area to the optimal solution area for the considered function [23,24].
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Time series

An analysis of time series data presents the case where, constant change to multiple input
factors could be experienced during the modelling of a system throughout the operation. An
example of this system is used during environmental statistics, where meteorological data
containing numerous factors is used for monitoring and forecasting purposes. Challenges are
associated with the analysis of time series data, where a model could present sensitivity to
outliers present within data, or the dataset considered is of low quality [23].

Sensitivity analysis approaches commonly used when considering the analysis of computer
model systems are local sensitivity analysis (LSA) and global sensitivity analysis (GSA).
LSA is performed by varying a single parameter at a time (one-at-a-time), while maintaining
all other considered inputs at their predetermined baseline values to determine significant
parameter influence on the model outcome. Alternatively, GSA consists of evaluating multiple
system operation parameters, where parameters are varied simultaneously to deliver parameter
combinations. This variation to output parameter values is then analysed per the respective
input parameter variation, to calculate the significance of multiple order factor sensitivity
indices with or without interactions, depending on the number of parameters utilised. The
computational cost in executing the respective model must be considered when deciding which
SA approach to implement, as high execution cost would become a limiting factor when
performing analysis of a high number of input parameters [21,23, 25].

2.8 Verification and validation

Verification and validation serve to establish the correctness of a proposed concept or model,
and whether the considered concept or model is fit for its intended use. By performing these
actions, the credibility in use of the concept or model could be established [26].

Different stages of validation are available for use, where conceptual validation consists of
evaluating whether the theories and assumptions associated with a concept or model are
correct and reasonable. This presents as the first phase, where factor screening should be
performed to establish its significance to the considered concept. This should be achieved
initially during the concept development, where operational validation would be performed
closer to the end of the development cycle. Operational validation would determine whether
the end result would be the observed outcome or the expected outcome. This will establish if
any errors or deficiencies exist in the development of the respective concept or model [22,26].
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2.9 Critical literature review

Literature surveyed on EGBV methods present definitive development in the methodology to
the concept where recent development by [5] and [6] presented the most significant contribu-
tion. Greyling presented a compelling discussion on steps followed in the EGBV methodology;,
which served as the starting point from which functional parameter location identification was
performed in this study. Smith performed FDI using a series of attributed graphs to represent
operational conditions observed. This delivered FDI classifications proportionate to the share
of total operational graphs, demonstrating the highest similarity to each respective reference
graph conditions. This methodology was identified to be of critical importance in performing
similar FDI using the TEP model for time series operational conditions [6].

Following the initial identification of function parameter locations, literature which proved to
be critical in the identification of possible alternatives suitable for use in the EGBV methods
was by [27], [28] and [29]. Wilson & Martinez [27] presented a comprehensive survey per-
formed on distance functions available, which were identified as a limitation in this study,
followed by a discussion on the role of normalisation during the execution of the Heteroge-
neous Euclidean Overlap Metric (HEOM). Spencer and Dalatu [28,29] then each presented
their development on the initial HEOM to deliver the SHEOM and IQR-HEOM respectively
as alternate normalisation options.

Sargent [26] presents an invaluable discussion on validation and verification of model or con-
cept. This includes concept validation, which was identified to be a necessary step to be
performed after identifying functional parameters for each EGBV method in this study. Sar-
gent additionally reinforces the thought on considering the concept being validated to be fit
for its intended purpose, and would serve as a guiding tool for the validation performed in this
study. Lastly, [30] proved to be a significant literature source for the methodology presented
in performing two-way ANOVA as would be applied in this study.
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Chapter 3

EGBYV functional parameter identification

3.1 Introduction

This chapter presents a discussion on identified energy graph-based visualisation (EGBV)
methods applied towards fault detection and isolation of fault conditions (FDI) observed
during the operation of a dynamic system model. The researcher investigated underlying
functional parameters identified from existing literature, focusing on locations where alterna-
tive options to underlying methodology could be implemented. Lastly, the implementation
of the respective functional parameter permutations per FDI method are presented to best
illustrate the difference between these permutations [31].

3.2 Energy-graph based FDI

This section proceeds with inspecting the components comprising the configuration of the
EGBV methods (see Figure 3.1 below), where the process starts with obtaining operational
data delivered by a system. This system data is first transformed by calculating the respective
exergy values during system operation as a means of adding value to the observed data.
The following step consists of transforming the TEP model data into an attributed graph
arrangement according to the node signature matrix, which is then filled with system exergy
data per operational data sample. The proposed node signature matrix is used for constructing
the operation- and reference graphs when performing the Heterogeneous Euclidean Overlap
Metric (HEOM) in calculating the graph distance between two graphs [15,27].
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Figure 3.1: Graph-based FDI overview

3.2.1 Node signature matrix

The TEP model utilised during this study allows for exergy to be measured per individual
system node where notation during this study follows on the model presented by [12], as illus-
trated in Figure 3.2. The system is divided into 15 nodes, including the external environment
as 15th node in the system model. Both energy and exergy values were computed using cal-
culations provided as extension to the TEP model developed in MATLAB by [12]. Previous
work by [12] includes developing the necessary energy- and exergy calculations for the TEP
system model and utilising these calculations to successfully perform exergy-based FDI using
this system. These calculations require in-depth understanding of thermodynamic processes
associated with chemical material processing in order to be verified. This falls beyond the
scope of this study and would not contribute new information when attempted. Therefore
these energy- and exergy calculations are assumed to be correct based on the successful results
demonstrated by [12].
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Figure 3.2: TEP system with graph notations provided by [12]

3.2.2 Attributed graph

A complex system with multiple sub-components can be defined as an attributed graph de-
noted G = (N, L, A), with a defined set of non-empty system nodes N with links L, synonymous
with edges, defining interconnections between respective nodes. Definition of the attribute set
A = ay,,ay,; in [12], with a,, defining the attribute of node a,, and a;,; demonstrating the link
attribute as from n; to n; with directional notation [4]:

— Edges from nodes were denoted as positive.
— Edges towards nodes were denoted as negative.

Following the node convention by [12] as illustrated in Figure 3.2 displaying the TEP model,
the node notation representation in Figure 3.3 displays the edge interactions between sys-
tem nodes as graph attributes. Note that node 15 represents the reference environment with
which exergy calculations were performed. These graph attributes are then packaged using a
similar node signature matrix defined by [4], where the node signature matrix was expanded
to include two additional node attribute columns as first entries of the matrix to include the
two exergy types, physical and chemical, which are present in the TEP system. The node
signature matrix with (row, column) expanded from (nxn) to (n x (n+2)), with (6) depicting
the general node signature matrix with size (15 x 17) [4,15].
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ABppi ABept Qi Qi Qi Qg Qs Qi Qir - Quis
ABpp2  ABeray Q21 Q22 Q23 Q2a Q25 Qo6 Qo7 - Qo215
ABpps  ABes Q31 Q32 Q33 @sa @35 Qa6 @37 - Qs1s
ABppa  ABeps Qa1 Qup Quz Qua Qus CQug CQur - Quis
Ng= | ABps ABas @51 @s2 @53 @sa Qs @se Qsg -0 Wsis (6)
ABpe  ABeg Qo1 Qo2 Qss Qsa Qos Qos Qo7 - Qois
AByr ABer Qra Qre Qrs Qra Qrs Qre Qrr -+ Qris
|ABpnis ABenis Qusn Quse Quss Qs Quss Quse Qisr -+ Qisis)

Substituting existing node edges from Figure 3.3 [12] into the matrix from (6) results in en-
tries with zero values during (7) for non-existing edge connections between nodes, including
the off-centre matrix diagonal (n,n + 2) which indicates self-referencing node edges. This
node signature matrix is implemented when performing graph distance calculations during
the graph-matching methods discussed in the next section.
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[AByy ABagy 0 0 0 0 +Qi5 0 0 0
ABpy ABgy 0 0 0 0 +Qo5 0 0 0
ABys ABgs 0 0 0 0 +Qs5 0 0 0
ABpps ABgy 0 0 0 0 0 0 0 0
Ng= | ABps  ABaps —Qs1 —Qs2 —Qs3 0 0 +Qs.6 0 0 (7)
AByrg  ABeng 0 0 0 0 —Qsp 0 —Qs7 0
ABp;  ABepr 0 0 0 0 0 Q76 0 +Q7.15
|AByus ABais 0 0 0 0 0 0 +Qus7 -+ 0

3.2.3 Operational graph

The operational graph represents the system operational data as an unknown condition prior
to implementation of the FDI EGBV method. This will be compared with the set of known
condition reference graphs during each FDI method in classifying the condition observed. A
series of operational graphs would constitute the period of system operation observed for a
respective operation condition of a system or model. Considering the position s of a graph in
the overall series S of graphs, notation Gop(condition)(s) is utilised to represent the operation
graph in position s for a respective condition. Using this series of operational graphs S during
graph matching presents an opportunity in performing FDI with the ability to discern graph
similarity over a complete operation period [5,6].

3.2.4 Reference graph

Each known operation condition associated with the TEP model used during this study will
require a point of reference serving as known truth, to which graph similarity will be mea-
sured when performing graph-based fault detection and isolation. Each operation’s condition
reference graph will consist of first calculating the average node value for each entry in the
defined attribute graph matrix from (6), using a separate set of operational data than data
used during the operational graphs above, in establishing expected values associated with a
known condition instance. This reference graph per operation condition would then serve as
the known truth to which similarity will be measured during graph comparison. Equation (8)
demonstrates how the mean value per node position is calculated using the sum of values of
each attributed graph instance s in series S.

Avg(i, ) = 2= 40D ©)

27



NORTH-WEST UNIVERSITY.
NOORDWES-UNIVERSITEIT
'YUNIBESITI YA BOKONE-BOPHIRIMA

dy WU

Following this notation, an example of the compiled reference graph for an operational condi-
tion is demonstrated below in (9), with G rep(condition) as notation of the respective condition,
followed by the attributed matrix from (6), populated with the average node value using (8).

_AU91,1 AUQLQ AU91,3 AU91,4 Avgl,s Avgl,s AU!JM ce AU91,17
AU92,1 AU92,2 A7192,3 Avgm A7192,5 AUQ2.,6 AU92,7 tee Ang,l?
AU93,1 A1193,2 AU!}3,3 AU93,4 AU.C]3,5 AU93,6 Avgs,7 s Avg3¢17
AUg4’1 AUg4‘2 A’Ug473 A’l}g474 Avg475 Al)g4’6 Ai)g4,7 e A’l}g4$17
GREF(condition) = | AV951  Avgsp  Avgss  Avgsy  Avgss  Avgse  Avgsr -+ Avgsar (9)
Avge AU!J@',Q Avgb’,S AUQGA Avgﬁ,s Avge s AU!}@',? s Avg(s,w
A'U97,1 Avgm AUQ7,3 AU97,4 Avg775 AUQ7,6 Avgm s AU97,17
_A0915,1 Avgise Avgisz Avgisa Avgiss Avgise Avgisy - AUgls,l?_

The list of reference graphs compiled for all TEP model operation conditions considered during
this study, as NOC and 20 fault conditions mentioned during Chapter 2, will constitute the
reference graph database as illustrated in Figure 3.4. It will use the above-mentioned notation
to indicate the respective operation condition observed.

Reference Graph Database
{Only 1 graph per condition)

GREF (NOC)

GREF (F1)

GREF (F2)

GREF (F3)

GREF (F4)

GREF (F5)

GREF (F20)

Figure 3.4: Reference graph databases per dataset
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3.2.5 Distance approach

When performing graph-based FDI, the Distance approach centres on comparing the total
distance difference between two graphs using the attributed values from each graph’s respective
node signature matrix [15]. The initial matching algorithm presented in [15] was applied
in matching object images according to distance similarity between their respective node
signatures arranged into graphs. This method was then applied towards a different goal in [4],
where this algorithm was implemented to perform fault detection and isolation on an industrial
process model. Applying the Distance approach to the graph-matching FDI method has been
further utilised in literature, with notable application on detecting fault conditions presented
by the gas-to-liquid model by [5] under steady-state conditions, and by [6] on an industrial
steam turbine system. While results of this FDI method varied between these studies, taking
into account their application towards two different systems, the FDI method still presented
notable performance measured in regard to its ability for detecting and isolating conditions,
both NOC and fault, as observed from presented datasets [5, 6].

The Distance approach consists of comparing each operational graph series for a respective
operation condition to each reference graph in the database of known conditions observed
during system operation (NOC and 20 faults). This is to determine which reference graph
presents the highest similarity, as per the lowest distance between the graphs compared.
This is calculated over the span of the operational graph series S, as the true operating
condition represented by the operational graph series is unknown prior to executing the FDI
classification by the FDI method. Figure 3.5 demonstrates a high-level overview in comparing
the operational graphs of fault 1, with graph series length S, towards each of the respective
reference graphs in the database to deliver the distance as the difference between these two
graph types over the range S graphs. The resulting distance value for operational graph
entry s in S is denoted as Dop.rer)(s) in respect to both conditions associated with the
graph comparison performed. The utilisation of these distance values (thus Dop.rer)(S)
per reference graph considered) when performing graph comparison for the purpose of fault
detection and isolation will be discussed during a following sub-section regarding this FDI
method.
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Gop (F1) (1:8)

LY

¥

Reference Graph Database

Distances calculated

Gop (F1) (8)

GopF1) (1)

(Only 1 graph per condition) per Gop (F1)
GREF (NOC) D(F1:Noc) (1:8)

GREF (F1) D(F1:F1) (1:8)

GREF (F2) D(F1:F2) (1:8)

CREF (F3) DiF1:F3) (1:5)

GREF (F4) D(F1:F4) (1:5)

GREF (F5) D(F1:Fs) (1:8)

GREF (F20) D(r1:F20) (1:8)

»—bI Graph Matching Procedure

Figure 3.5: Distance approach: Flow of Operational- and Reference graphs

Node distance cost

The distance between two multi-vector data sources, such as operational and reference graphs

respectively, can be determined using the Heterogeneous Euclidean Overlap Metric (HEOM),

where calculated distance values between attributed nodes would indicate the measure of

overlap between the considered sources [27]. The unitless distance delivered by this method
provides an indication to the similarity between the considered sources (graphs), where com-

plete similarity would consist of a zero value as distance, and dissimilarity being alternatively

represented by an increasing distance value (non-zero). This application of the distance-based
approach for graph matching using HEOM follows the methodology presented in [15], where
(10) defines the HEOM function with a being an attribute of the number input variables

m [27].

HEOM(i, j) =

30

(10)




d(ia, ju) defines the distance variable per attribute type considered during calculation [15]:

1 if 7, or j, is missing or unknown
d(ia, Ja) = § overlap(iq, jo) if a is symbolic (qualitative) (11)

"diff, (la, Jo)  if @ is numeric (quantitative)

Equation (11) then reduces to only use rngfy,, since the exergy values delivered by the TEP
model are quantitative in nature:

5(%7 ja) = TNdif fq (ia? ja)

The distance term mng;ff, (ia, ja) [27] is further expanded in (12), with range, responsible for
normalising the result to between [0,1].

|ia _ja|

12
range, (12)

Tgiffo (s Ja) =

By substituting (12) to the associated term in (10), the HEOM implemented during this study
can be seen in (13) and (14) respectively.

HEOM(i,j) = f: (MY (13)

“— \ rangeq

Calculating similarity between two (15 x 17) graphs requires determining the cost of each
node entry within the node signature matrix when calculating the cost value between the
operational graph node and the respective reference graph node considered [5]:

COST(i,j) = HEOM(i, j) = % ('G‘”’(i’ w) = GresJ: w)|)2 (14)

— rangeye(w)
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The range in (15) includes w as attribute of W, defined as the width of the considered node
signature matrix for the system. The range was calculated using the per column values of
the considered reference graph to deliver fixed normalisation values when comparing it to the
series of operation graphs [5].

rangerer(w) = [maz(Grep(w)) — min(Gres(w))] (15)

Cost matrix

Continuing the process of calculating the distance as cost value between an operational graph
node and respective reference graph node, calculating the cost value delivered by (14) must
then be repeated for each node entry in the signature matrix to deliver the complete cost
matrix with dimension size n X n, as determined by the considered graphs. The cost matrix
contains the entire set of calculated distances observed between the two respective graphs [5,6].

L 1) = \/(|Nop(1,1) N,qef(l,1)|)2+ (|Nop(172> J\r,ﬂejc(1,2)|>2+._dr (|N0p(17n) Nmf(l,n)|)2

range ranges range,,

C(1.2) = \/(INop(m) — Noes (2, 1)|)2+ (|Nop(1,2) —Nmf(z,z)\>2+m+ <|Nop(1,n) _Nmf(27n)|>2

7 range ranges range,,

1) = \/ <|Nop<2, 1) = Ny (1, 1>|>2 . (|Nop<2,2> - Nref<1,2>|>2 o <|Nop<2,n> - Nrefu,n”)z

7 range ranges range,,
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Demonstrated in (16) is the full cost matrix delivered when comparing two graphs, with
operational graph nodes n and reference graph nodes m defining cost matrix size, and notation
Ciop:rer) defining the distance from respective operation graph to current reference graph
used.

_01,1 Cip Ciz Cia Cis Cig Cig Cl,m_
Co1 Coo Cos Coy Cos Che Cax Com
C31 Cs39 C33 (O34 Cs35 C36 Ciy Csm
Ci1 Cug Chsz Cua Cys Cug Cug Cam
C(op.REF) = Cs1 Cs2 Css Csy Css Cs Cs7 oo Cspy (16)
Csq Cos2 Css Cea Coss Coe Cor -+ Com
Crp Cro Crz Crg Crs Crg Cry Crm
_Cn,l Cn,Q On,?) Cn,4 Cn,5 Cn,(i Cn,7 Cn,m_

Simplification of the cost matrix instance during [15] includes using the Hungarian method
to determine the optimal minimal cost value using all matrix entries. Since the respective
graph types implemented during this study present the same system containing identical
geometric arrangement of nodes (n = m) and their respective interactions, circumstances
allow for simplification of the cost matrix using only entries located on the matrix diagonal,
as seen in Figure 3.6 where diagonals represent the cost per corresponding node in both graphs
considered. These diagonal matrix entries are then arranged as a simplified cost matrix for
ease of reference going forward [5].

Cost Distance Matrix Cost Distance Matrix
(Per graph matching operation) (Per graph matching operation)
Cn | Coar | Coa [ Cos | Ciosr | G | Coumn | == [Coamn]| Ciam Cyl o |0 |0 |0 |0 |0 |---|0]0O
Gy [ Caz | Cas | Cy | Czs | Crg | Can | =+ + Cama| Camy 0 |Cey| 0 |0 |0 |0 |0 ]|---]0 |0
Cin [ Coz | Ces | Cuy | Cs | Cog | Can| v [Comn| Com 0|0 |Cy|lOfO|O]|O]|:-|0O |0
Cian [ Ciazy | Crasy | Crawy | Crasy | Crasy | Cuam | =+ + [Cramn| Ciamy o 0 0 |Cuy| O 0 o |---| 0 o COST DISTANCE MATRIX
(Per graph matching operation)
Cisn) [ Gz | G | Cis | Cissr | Gy | Cism | =+ + |Cismn| Cismy 0 [0 |0 |0 |CylO0|O]|---]0 |0
Cien [ Cez | Ces | Cey | Cies | Ciesy | Cen | * 7+ [Ciemn| Ciem 0 [0 |0 | 0|0 |CyfoO || 0|0
Corn | Can | Cra | Cra | Cos | Cra [ Con |+ [Camn|Com 0 0 0 ] 0 0 [Copl---] 0 0
Cor1y|Crnrz|Crois|Cina)[Cinrg) | Cinrgy [Cinamy| *+* [Crrvms[Cratm) ofo |0 o |0 |0 |0 |--[C.. |0
Ciny | Cinar | Crnar | Consr | Cinsr | Cinsr | Conm | === [Conmen| Cinmy ofo |0 o |0 |0 |0 || 0 |Cuy

Figure 3.6: Cost matrix simplification
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Following the simplification seen during Figure 3.6, the mean value calculated from this
simplified cost matrix will represent the single distance value between the two respective
graphs compared. The resulting distance, as similarity indicator, from this operation de-
notes Dop.rer)(s) as defining the distance from respective operational graph entry s to the
reference graph used.

> ey Clii)

n

Dop:.rer) = (17)

In n is the height of the square cost matrix in Figure 3.6 and ¢ indicates the diagonal entry
position. These calculated distance values would then be used to perform detection and
isolation of operation conditions observed, as demonstrated in the subsection that follows.

Distance utilisation for FDI

The graph matching procedure presented thus far only forms part of the FDI process where
further utilisation of the calculated graph distances would determine the operation condition
detected and isolated if unique. The methodology implemented by [6] for this respective
approach considers a series of operational graphs compared to each reference graph in the
database individually. Comparing the series S of operational graphs with a reference graph
will deliver a series of distance values Dop.rpr(S) for each reference graph compared: in this
case 21 sets of distance value series for this study. These distances will then be compared
in a row-wise manner per position s for the minimum value, with Figure 3.7 illustrating an
example to this layout during comparison. The column position, indicating the respective
reference graph, and demonstrating the smallest distance value per row would thus indicate
the condition to which the operational graph demonstrates the highest similarity.

NOC FAULT1 FAULT 2 FAULT 3 FAULT4 |  oeeeeeee FAULT 20
DiF1:nOC) (1) D(F1:F1) (1) D(F1:F2) (1) D(F1:F3) (1) DiFt:rgy (1) | eeeeeees D(F1:F20) (1)
D(F1:nOC) (2) D(F1:F1) (2) D(F1:F2) (2) D(F1:F3) (2) DF1:Fg (20 | s D(F1:F20) (2)
D(F1:nOC) (3) D(F1:F1) (3) D(F1:F2) (3) D(F1:F3) (3) DF1:Fy () | - D(F1:F20) (3)
DiF1:nOC) (4) D(F1:F1) (4) D(F1:F2) (4) D(F1:F3) (4) DiFt:Frgy(4) | e D(F1:F20) (4)
D(F1:NOC) (5) D(F1:F1) (5) D(F1:F2) (5) D(F1:F3) (8) DiF1:Fg(8) | - D(F1:F20) (5)
D(F1:nOC) (S) D(F1:F1) (8) DiF1:F2) (3) D(F1:F3) (8) DiF1:F4)(8) | oo D(F1:F20) (S)

Figure 3.7: Example distance entries per G gy
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These row-wise minimum values are then recorded as to their column position, indicating
likeliest reference graph match, and summed per column over the length of operational graphs
in the series S to deliver the total graphs matched to each reference graph. The sum total per
column could then be expressed as a percentage by dividing by S to illustrate the share of
operational graphs found demonstrating the similarity of each respective reference graph; i.e.,
demonstrating similarity to the respective operation conditions associated with this system.
The reference graph demonstrating the largest share of similar operational graphs would then
become identifiable as the condition observed by the respective FDI method.

Fault classification is performed as discussed in Chapter 2 where outcomes are based on
boolean logic when comparing the resulting column values in Figure 3.7. Figure 3.8 demon-
strates the fault detection classification for the normal operating condition, accompanied by
Figure 3.9, which additionally demonstrates the respective classification for the fault con-
ditions when using the same array of similarity allocations per reference graph. The fault
classification presented in Figure 3.9 is valid for all fault conditions, where individual isolation
would further be determined by the position of the largest similarity allocation present in this
array.

\ % (Diornoc) \ % (Dyor ry) ‘ % (Dorra) \ % (Dionra) \ % (Dyor ra) ‘ ---------- \ % (Diop rz0) \
H
IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST % : IF LARGEST %
H
' v
TRUE NEGATIVE FALSE POSITIVE | FALSE POSITIVE FALSE POSITIVE ‘ FALSE POSITIVE ‘ ---------- ‘ FALSE POSITIVE ‘
T
"

Figure 3.8: Confusion matrix classification of NOC operational graph: Distance approach

‘ % (Djora00) ‘ % Dioers) ‘ % (Dop.rz) ‘ % (Diprs) ‘ % (Dioers) ‘ —————————— \ % (Diorurza) ‘

IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST %

1
1
1
1
:
: v

[}
FALSE NEGATIVE | TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE | - TRUE POSITIVE

Figure 3.9: Confusion matrix classification of fault operational graphs: Distance approach
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Following the condition classifications presented in Figures 3.8 and 3.9 for the respective
operation graphs per condition type, the array of graph similarity values for each respec-
tive operational graph series S would then be arranged in a table format, starting with the
NOC and followed by each successive respective fault condition. The operational graph or-
der then matches the reference graph database order, with diagonal entries representing the
corresponding operating condition.

Figure 3.10 demonstrates the subsequent graph comparison results delivered when comparing
all 21 operation conditions with the reference graph database (also 21 conditions), where each
row demonstrates the share of similarity established by the operational graph series towards
the respective reference graph entries. A correct isolation of an operating condition then
requires the detected condition classification to be located on the respective diagonal entry,
in a corresponding reference graph database of the results table. An operating condition is
unisolable, should more than one condition be classified as a true condition per row.

GREF(NOC) GREF(F1) GREF(F2) GREF(F3) GREF(F4) Seeeeees GREF(F20)
GoP(NOC) TRUE NEGATIVE FALSE POSITIVE FALSE POSITIVE FALSE POSITIVE FALSE POSITIVE | ----eeeeee FALSE POSITIVE
Gor(F1) FALSE NEGATIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE = --oeeeeee TRUE POSITIVE
Gor(F2) FALSE NEGATIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE =~ - TRUE POSITIVE
CGor(F3) FALSE NEGATIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE =~ - TRUE POSITIVE
CGoP(F4) FALSE NEGATIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE =~ - TRUE POSITIVE
CGoP(F5) FALSE NEGATIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE =~ - TRUE POSITIVE
GoP(Fe) FALSE NEGATIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE =~ - TRUE POSITIVE
CGor(F7) FALSE NEGATIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE =~ - TRUE POSITIVE
GoP(F20) FALSE NEGATIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE

Figure 3.10: Confusion matrix classification of operation graphs per dataset

3.2.6 Eigenvalue decomposition - Qualitative approach

The Eigendecomposition approach performs graph matching, by comparing deviation in scalar
eigenvalues of the calculated self-cost matrix of a reference graph and the cost matrix deter-
mined between each operational graph, with the respective reference graph matching cal-
culated. Evaluation of these deviations for fault detection purposes could either be done
qualitatively or quantitatively, where this section will focus on the Qualitative approach. The
Eigendecomposition-Quantitative approach is discussed in the section to follow.
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Self-cost matrix

This approach demonstrates methodology common with the Distance approach where calcu-
lation of the distance cost matrix between two considered graphs in (14) delivers only the
initial component as part of the comparison process performed during this approach. Eigen-
decomposition of an n x n matrix A with non-zero eigenvector x such that (18) holds for
the scalar A. This X is the eigenvalue of corresponding eigenvector x. These components to
the transformation in (18), respectively demonstrate the associated transform magnitude and
orientation of the vectors with negative vector values indicating opposing direction [32,33].

Ax = \x (18)

To perform an eigenvalue comparison during this approach, each respective reference graph is
first compared with itself to deliver a self-imposed cost matrix, where eigendecomposition of
this matrix delivers the respective eigenvalues and eigenvectors as a fixed reference point from
which graph similarity could be observed [4,5]. Sole use of the eigenvalues was considered
for this study based on the previous application observed in [5] and [6], rather than to the
comparison performed by [33] where eigenvectors where included as part of the fault signature
by which matching was performed. The resulting self-cost matrix delivered when comparing
a reference graph with itself is presented in Figure 3.11 (left). Eigendecomposition is then
performed using this matrix to deliver its respective eigenvalues and eigenvectors. Only the
eigenvalues are used during this FDI method where values are arranged in a row matrix A\ggp
in Figure 3.11 (right).

Self Cost Matrix
(Per Reference Graph)

Cu 1) C(‘! 1] C(1 3 Cu 4 C(‘! 5 C(1 8 Cu L R Cu m-1)) C[m,

Cc:.u c(: =] C(J.SJ Cc:.s) c(: 5 C(J.IJ Ccu) e Cﬂ.m-i) c[zm

Ccs.u c(x 2 c(s.s) Ccs.q c(x 5) c(s.s) Ccs.]) e Ccs.m—\) c[:m

Ccn; C(a 2 C(a 3 Ccu & C(a 5) C(a 8 Ccu N B Cgu m-1) c((m Eigenvalues

(Per Reference Graph)
C [+ C C [+ C C e |G C,
) | Pisy | “sa [ Yee | Y | “ea [ Sen t5.m-1y| Sism EIGEN DECOMBOSITION - ‘ - - ‘ - i -
ALY [ AC2) | A3) | A(4) | ACBY | ALB) | A(T) | -+ fin— 1| Afm)

Cce.u c(e 2 c(e.s) Cce.q c(e 5) c(e.s) Cce.]) e Cce.m—\) c[:m

Ccr 1) C(T 2 C(? 3 Ccr & C(T 5) C(? 8 Ccr N B Cgr m-1) c(?m

Crin|Cinrzy| Cinst|Cinr [Cinrsy | Cinae |Gy | o0 | [Cinamy

C[m] C[nj] c(n,s] C[r\,d] C[n‘s] c[n,E] C[r\,?] e Ccn,n-t] cln"r}

Figure 3.11: Self-cost matrix during a qualitative approach
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The graph matching procedure progresses using the same initial methodology as the Distance
approach, by implementing the HEOM method to first compare the reference graph with
itself to deliver a self-cost matrix. Eigendecomposition of this matrix then delivers the set of
eigenvalues used as a fixed reference point from which graph similarity would be determined
below. Next, the distance between the operational graph and the respective reference graph
is calculated as done during the Distance approach. The resulting cost matrix is further
decomposed to deliver n eigenvalues arranged as row matrix with each column entry denoted
Aop.rer(n) with OP operational graph and REF reference graph used during comparison.
This procedure is repeated for each operational graph in the considered series to deliver a
series of eigenvalue sets matching series entries as demonstrated in Figure 3.12 for operational
graph entries Gop(1 : S)

Gop(S)  —> .~ [Morrsm (1) | Morxen(2) | \orrer(3) | Moraern ()| - - Aoraza(n - 1) | MoprEF) ()
Gor(2) —> Mor.rery(1) | Mor.rer) (2) | Mor.rer)(3) | AopRER)(4) | rereees Aoppery(n 1) )\{OP:.HEF)_{""ij
Gor(1) —» |Morrer (1) |Mor.rer(2) | Morrrr (3) | Mor.rER)(4) | < -- - Mopren( - 1) | Aop.rER (1)

Figure 3.12: Graph comparison eigenvalues from operational graph series

Qualitative eigenvalue utilisation for FDI

The methodology of performing graph comparison for the Qualitative approach consists of
evaluating the delivered eigenvalue cost matrices, Aggr and Aop.rgr, to determine whether
the calculated similarity per eigenvalue entry is within a defined threshold value. Previous
implementation of this method includes the utilisation of the three standard deviation rule
(30) as threshold, from which outliers would be determined. Implementation of the threshold
for qualitative assignment follows [5] in using 3 standard deviation values as threshold, from
which a classification in the qualitative assignment was performed. Equation (19) presents
the condition from which the assignment was performed when evaluating for possible outliers
from the calculated eigenvalue cost difference per graph comparison case. Figure 3.13 is an
illustration of how (19) would be considered during each entry of the eigenvalue matrix used

during graph comparison [5].

0 if|Aver () = Aoprregy ()| < 30

1 otherwise

Topires(n) = { (19)
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[Arrry (1) — Aorrem (1)| || ArER) (2) — MorrEm (2)] || NRER) (3} — AoPRER(3) | --eee- Airery(n) — Aop.rem (1)

Figure 3.13: Qualitative assignment of eigenvalue difference

The standard deviation (SD) values per respective position for the eigenvalue cost matrix
were calculated using the equation demonstrated during [5], whereas the standard deviation
was calculated using the self cost-matrix entries for each reference graph. This delivered an
individual threshold for each of the reference graphs considered. Details of how this procedure
was implemented for this study is further demonstrated in Appendix A of this document. The
resulting set of qualitative values assigned are then summed as the total similarity demon-
strated by the considered operational graph, as entry of a series, to a reference graph in
respect of the condition represented. A lower difference value demonstrated by this sum of
qualitative assigned positions would indicate a higher degree of similarity, while the maximum
value, represented by the number of graph nodes in the system considered, indicates the least
similarity per comparison case.

Interpretation of Qualitative approach results

After performing this qualitative assessment which resulted in a single value indicator of sim-
ilarity between an operational graph and a reference graph, the results need to be interpreted
when each entry of an operational graph series is compared with such a series associated with
each operating condition. This is then compared sequentially through each reference graph
database entry. The sum of qualitative assignments when comparing Gop(n) and Grgr(m)
remain as a series of values and is stored in the position (n,m) of a matrix, noting the en-
compassing space when comparing 21 operational graph series with 21 reference graphs in the
constructed database, as illustrated in Figure 3.14.

Qualitative values for operational graphs, demonstrated as the rows in Figure 3.14, used in
reference graphs in the database are compared simultaneously when flitting through entries
in the respective series N of qualitative results. In considering an operational graph row
from Figure 3.14, the qualitative values contained in columns for position n, as entry of
series N, will be compared side by side to determine the lowest value per n. The column
position demonstrating this lowest value in position n of the series is allocated a point which
is indicative of demonstrating the highest similarity (likeliest condition). This is repeated
for each entry in series N for the respective operation graph, where the total points per
column is then demonstrated as a percentage of entries in N. This indicates the share at
which each reference graph condition was matched as the likeliest match to the condition
demonstrated by the operational graph observed. Figure 3.15 demonstrates an example of the
above process, as considered for the fault 8 operational graph series across reference graphs
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in the constructed database.

OPERATIONAL GRAPH

REFERENCE GRAPH (GREF)

(Gop) | GNoc GF1 GF2 GF3 GF4 Grz20
(N graphs per ition)
GNoc — QLT(noc:Nnoc) (1:N) QLT(Noc:F1) (1:N) QLTiNoc:F2) (1:N) QLTiNoC:F3) (1:N) QLT(NOC:Fa) (1:N) QLTNoc:Fzo) (1:N)
Gr1 — QLT(r1:nOC) (1:N) QLT(E1:p1) (1:N) QLT(E1:p2) (1:N) QLT(E1:3) (1:N) QLT(E1:F4) (1:N) QLT(F1:F20) (1:N)
Gr2 — QLT(rz:NoOC) (1:N) QLT(E:F1) (1:N) QLT(e2:F2) (1:N) QLT(Ez2:3) (1:N) QLT(E2:Fg) (1:N) QLT(r2:F20) (1:N)
Gr3 — QLT(r3:nOC) (1:N) QLT(E3:F1) (1:N) QLT(E3:r2) (1:N) QLT(E3:£3) (1:N) QLT(E3:F4) (1:N) QLT(r3:F20) (1:N)
Gra — QLT(F4:nOC) (1:N) QLT(Fa:F1) (1:N) QLT(F4:F2) (1:N) QLT(F4:£3) (1:N) QLT(F4:Fg) (1:N) QLT(F4:F20) (1:N)
Grs — QLT(r5:nOC) (1:N) QLT(E5:F1) (1:N) QLT(es:F2) (1:N) QLT(es:£3) (1:N) QLT(es:F4) (1:N) QLT(rs5:F20) (1:N)
Grs — QLT(re:NOC) (1:N) QLT(Fg:F1) (1:N) QLT(r6:F2) (1:N) QLT(6:£3) (1:N) QLT(6:Fg) (1:N) QLT(r6:F20) (1:N)
Gr7 - QLT(F7:NOC) (1:N) QLT(E7:F1) (1:N) QLT(e7:F2) (1:N) QLT(E7:£3) (1:N) QLT(E7:F4) (1:N) QLT (F7:F20) (1:N)
Grg — QLT(rg:NOC) (1:N) QLT(Fg:F1) (1:N) QLT(es:F2) (1:N) QLT(es:3) (1:N) QLT(s:Fg) (1:N) QLT(rg:F20) (1:N)
Grg — QLT(re:nOC) (1:N) QLT(Fg:F1) (1:N) QLT(rg:F2) (1:N) QLT(rg:f3) (1:N) QLT(rg:Fg) (1:N) QLT(ra:F20) (1:N)
Gr10 — QLT(F10:NoC) (1:N) QLT(F10:F1) (1:N) QLT(F10:F2) (:N) QLT(F10:F3) (:N) QLT(F10:Fa) (1:N) QLT(F10:F20) (1:N)
GF11 - QLTiF11:n0C) (1:N) QLT(F11:F1) (1:N) QLT(F11:F2) (1:N) QLT(F11:F3) (1:N) QLT(F11:F4) (1:N) QLT(F11:r20) (1:N)
Gr12 — QLT(F1z2:noC) (1:N) QALT(F12:F1) (1:N) QLT(F12:F2) (1:N) QLT(F12:F3) (1:N) QLT(F12:Fa) (1:N) QLT(F12:r20) (1:N)
Gr1a — QLT(F13:n0C) (1:N) QLT(F13:F1) (:N) QLT(F13:Fz) (:N) QLT(F13:F3) (:N) QLT(F13:Fa) (1:N) QLT(F13:r20) (1:N)
—>
Gr20 — QLT(rz0:NoC) (1:N) QLT(F20:F1) (1:N) QLT(F20:Fz) (:N) QLT(F20:F3) (:N) QLT(r20:Fa) (1:N) QLT(F20:F20) (1:N)

Figure 3.14: Qualitative comparison tracking between operational and reference graphs

REFERENCE GRAPH (GRgF)

GNoc

GF1

G2

Cr3

Gr20

QLTrg:NOC) (1)

QLT(Fg:F1) (1)

QlT(rg:Fz) (1)

QLT(Fg:F3) (1)

QLT(Fg:F4) (1)

QLT(Fg:F20) (1:N)

QLT(ra:NOC) (2)

QLT(Fs:F1) (2)

QLTirg:F2) (2)

QLT(rs:F3) (2)

QLT(Fg:ra) (2)

QLT(Fg:r20) (1:N)

QLT(Fg:NoOC) (1:N)

QLT(Fg:F1) (3)

QLT(Fa:F2) 13)

QLT(Fa:F3) (3)

QLT(Fg:F4) (3)

QLT(rg:F20) (1:N)

QLT(rg:NOC) (N)

QLT(rg:F1) (N)

QLT(rs:F2) (N)

QLT(r3:F3) (N)

QLT(Fg:F4) (N)

QLT(Fg:r20) (1:N)
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Figure 3.15:

Ratio of qualitative assignments of an operational graph series: Fault 8
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dy WU

Lastly, the table of results obtained from the above process would then be evaluated in a
similar manner to the confusion matrix demonstrated for the Distance approach. The normal
operating condition is evaluated similarly to the Distance approach, as demonstrated in Figure
3.16, which is followed by Figure 3.17 illustrating the case for evaluating all fault conditions
considered. The summary illustration for the fault detection confusion matrix, as seen in
Figure 3.10 above, remains as applicable as with this approach, where the same case is made
to isolating fault conditions. The row entry demonstrating the largest ratio allocated after
the comparison process would then be classified as the isolated condition by the FDI method
used.

‘ % (QLTmn00) \ % (QLT g0, ‘ % (QLT op.r2) ‘ % (QLT gp.r5) \ % (QLT 00rs) ‘ ---------- ‘ % (QLT gp 1) \
'
IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST % : IF LARGEST %
'
[}
' v
TRUE NEGATIVE FALSE POSITIVE | FALSE POSITIVE FALSE POSITIVE ‘ FALSE POSITIVE ‘ ********** ‘ FALSE POSITIVE ‘
1
1

Figure 3.16: Confusion matrix classification of NOC operational graph: Quantitative approach

| @) | %@Ten) | %@Ten) | %@Ten) | %@Tew) | e | %@ |

IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST % IF LARGEST %

T T T T

FALSE NEGATIVE ! TRUE POSITIVE TRUE POSITIVE TRUE POSITIVE TRUEPOSITIVE | --------- TRUE POSITIVE

I

Figure 3.17: Confusion matrix classification of fault operational graphs: Quantitative ap-
proach
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3.2.7 Eigenvalue decomposition - Quantitative approach

Following the methodology presented above, the Quantitative approach follows the same
methodology as that of the Eigenvalue-Qualitative approach, from the initial process to cal-
culating an eigenvalue-based graph difference. A summary of these steps shared with the
above-mentioned Qualitative approach are summarised below:

- Calculate the self-cost matrix of the respective reference graph.

- Perform eigendecomposition of this resulting self-cost matrix, obtaining the eigenvalues
from this transform.

- Determine the distance between operational and reference graphs for each operational
graph in the series.

- Perform eigendecomposition of this operational & reference graph cost matrix per oper-
ational graph in the series.

- Calculate the difference per eigenvalue position between eigenvalues resulting from the
self-cost matrix obtained above and the eigenvalues from the operational & reference
graph cost matrix. This is repeated for each operational graph in the considered series.

This last step then corresponds with that demonstrated in Figure 3.13 seen above for the
Qualitative approach. The deviation between the two eigendecomposition-based approaches
now presents itself where, instead of storing a single similarity value (through qualitative
assignments) as during the Qualitative approach, the Quantitative approach stores the sum
of all difference values per the respective operational graph entries in the considered series.

Interpretation of Quantitative approach results

Following the above steps, the scope of operations performed when comparing each opera-
tional graph series accordingly with each reference graph in the constructed reference graph
database will follow the same structure as previously seen in Figure 3.14. Each matrix posi-
tion consists of N entries as per operational graph series length, one per operational-reference
graph comparison performed, with the quantity of difference values matching the number of
system nodes. Evaluation of these matrix entries towards fault detection, and further fault
isolation, is done by comparing entries in the operational graph series concurrently across the
reference graph columns. Figure 3.18 demonstrates how one operational graph in position s is
illustrated to the respective quantitative difference values, with total system nodes n, where
the row-wise minimum (as per eigenvalue position) is evaluated. The position of each row-wise
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minimum is allocated a point, with the sum representing the total similarity demonstrated
by the considered operational graph up to the reference graph per column. Lastly, the sum
of classifications per reference graph column is considered per the operational graph series S
length, as demonstrated during both the Distance and Qualitative approaches above.

OPERATIONAL GRAPH

REFERENCE GRAPH (GREgF)

GNoc

GFq

Gr2

Grzg

Gop

QNTgp:noC) (8)

QNTgp:F1) (s)

QNTgp:Fz) (s)

QNTop:F20) (s)

¥

¥

¥

¥

[ ArEr) (1) — Ajorrer) (1)

[ ArEr) (1) — Ajorrer) (1)

[ ArEr) (1) — Ajorrer) (1)

[ ArEr) (1) — Ajorrer) (1)

[ ArEF)(2) — AjorrEr) (2)]

[ ArEF)(2) — AjorrEr) (2)]

[ ArEF)(2) — AjorrEr) (2)]

[ ArEF)(2) — AjorrEr) (2)]

[ ArEF) (3) — AjorrER) (3)]

[ ArEF) (3) — AjorrER) (3)]

[ ArEF) (3) — AjorrER) (3)]

[ ArEF) (3) — AjorrER) (3)]

|A{Klﬂ1~'](n) - /\fm*;m-_'-w{ﬂﬂ

|A{Klﬂ1~'](n) - /\fm*;m-_'-w{ﬂﬂ

|A{Klﬂ1~'](n) - /\fm*;m-_'-w{ﬂﬂ

|A{Klﬂ1~'](n) - /\fm*;m-_'-w{ﬂﬂ

Figure 3.18: Eigenvalue difference matrix per reference graph comparison

Condition classification would be performed using the established confusion matrix, as previ-
ously presented during the above approaches in Figures 3.8, 3.9 and 3.10 respectively, where
detection results would be contained in the square matrix with the length corresponding to
the number of system nodes. Isolation of conditions observed would correspond per diagonal
entry to the matrix which is illustrated for valid classification, while any off-diagonal allocation
would result in an unisolable classification.
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3.3 EGBYV method functional parameters

3.3.1 Functional parameter locations

Literature surveyed on the implementation of the above EGBV methods in performing FDI
allowed the researcher to identify key locations where functional parameter selection could
occur. Locations were identified to be commonly shared between the three identified EGBV
methods, with selectable options varying between the respective EGBV methods during each
functional parameter location.

Distance function

The distance function as discussed during the above EGBV methods is the means by which
discernible difference is calculated when comparing attributes, as would be used when com-
paring points between graphs, to deliver a single value as operation result [27,28].

Normalisation

Normalisation serves the function of scaling the input attributes proportionately to reduce
the effect of outliers observed during operation, while allowing values to be scaled into a
manageable/fixed range [27,28].

Cost-matrix utilisation

Cost-matrix utilisation, as identified from the literature surveyed, reflects how the diagonal
cost matrix entries, when performing the HEOM, are included during calculation of the graph
comparison as a final similarity indicator between considered graphs.

A summary of the functional parameter locations, illustrated in Figure 3.19 below, demon-
strates how the respective functional parameter options identified in each location will be im-
plemented when exploring the various functional parameter permutations later in this study.
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EGBV - FUNCTIONAL PARAMETERS

> DISTANCE FUNCTION | LEGEND

EUCLIDEAN | \ FP LOCATION |

‘ APPLICABLE APPROACH
FP VALUE

| NORMALISATION

HEOM
SHEOM
IQR-HEOM

L COSTMATRIX UTILISATION ]
DISTANCE APPROACH EIGEN - QUALITATIVE EIGEN - QUANTITATIVE
1-MAD 14» DEFAULT
2-MAD
1-8D
2-8D
3-8D

Mean

Ly
—> RC: Smallest 1
— RC: Smallest &
—> RC: Smallest 10
- Threshold: 2-SD Min
— Threshold: 3-SD Min

PO

Figure 3.19: EGBV Functional Parameters

Methodology constraint - Distance function

The distance function was identified as a functional parameter location for the role it serves
during execution of the EGBV methods during FDI application. Literature by [27] presents the
availability of multiple alternate functions that could serve as functional parameter options in
this functional parameter location. A crucial difference between the default Euclidean distance
function and other distance function exists per the following:

- The Euclidean distance function allows for calculating either single or multi-axis dis-
tances. The single axis distance calculation is a simpler form, where distance is calcu-
lated as a direct line between two considered points or attributes. This serves to be the
most applicable option in the context of this study, where the node-signature matrix is
populated with only single values per matrix cell [27,28].

- Alternate distance functions, such as the Minkowski or Manhattan distance function,
can solely function through the use of two or more axes in calculating distance between
two points or attributes [27].

The cell entries present in the node-signature matrix used during FDI only contain a single
value representing solely one dimension by which distance could be evaluated in this study. In
the case of using the Manhattan distance, the function simplifies to a single axis calculation
as with the Euclidean distance and would not suitable for this study. Due to the limitation
imposed by the current node-signature matrix structure only implementing single values per
cell, a constraint is placed on this functional parameter location to only accommodate the Eu-
clidean distance function as a suitable option. In the case where cost matrix entries contain 2
or more values per cell then alternate distance functions would be applicable. The exploration
of alternate options in arranging the node-signature matrix to include multiple values per cell
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entry is beyond the scope of this study. This leads to the distance function being identified as
a functional parameter location, while simultaneously acknowledging that this location will
not be investigated due to the constraint placed on the current node-signature matrix only
containing single value cell entries. The Euclidean distance function will be kept as default
functional parameter value during all three EGBV methods implemented during this study.

3.3.2 Functional parameters - Distance approach

The functional parameter locations identified in the preceding sub-section are now discussed
per context of the Distance approach, with the applicable functional parameter options per
location as seen in Figure 3.20 below.

EGBV - FUNCTIONAL PARAMETERS

[ DISTANCE FUNCTION | LEGEND
=Ll N FP LOCATION
[ NORMALISATION | e —
HEOM
SHEOM
IQR-HEOM

L/ COST MATRIX UTILISATION |

Mean
RC: Smallest 1
RC: Smallest 5
RC: Smallest 10
Threshold: 2-SD Min
Threshold: 3-SD Min

Figure 3.20: Functional parameters - Distance approach
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Functional parameter options - Normalisation

Advancements have been presented on the HEOM in [28], where an alternate method to
normalisation during the HEOM was implemented using standard deviation of the attributes
considered [27]. An additional alternative to this normalisation was demonstrated by [29],
where the interquartile range was used instead to reduce the impact of outlier input values
considered. Variations between these 3 instances are presented below:

1. HEOM (Default)

The default normalisation value implemented in the HEOM uses the range of considered at-
tribute values as presented in (15) earlier in this chapter.

rangese (w) = [maz(Grey(w)) —min(Gres(w))|

2. SHEOM

The Scaled Heterogeneous Euclidean Overlap Metric (SHEOM) [28] differs by instead using the
standard deviation in normalising attribute values when calculating the distance, as displayed
in (15) with the Manhattan distance being implemented by [28],

R
SHEOM (z;, ;) :ZM (20)
ST
r=1

Where adaptation in the context of this study was made using the Euclidean distance, with
the column-wise standard deviation of the operational graph in (21), and (22) respectively
delivering the SHEOM with notation substituted [28]:

st = G0~ G) -

SHEOM(i,j) = |3 ('Gmf(i’ ZJ) f—(wciop(j, w)|) (22)

w=1
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3. IQR-HEOM

The IQR-HEOM by [29] is a similar statistical approach to normalisation as the SHEOM, by
using collective attribute values considered during the operation. Equation (23) presents how
the statistical interquartile range positions would serve as the normalisation values in (24),
with the full substitution to respective graph types [29].

iqrres(w) = Q3(w) — Q1(w) (23)
IQR — HEOM(Z,]) _ Z (|Gref(z;:;;) ;(i;p(jvwﬂ) (24)

Functional parameter options - Cost-matrix utilisation

The utilisation of the cost matrix was identified as functional parameter location, where
the opportunity exists to selectively implement entries in providing an alternate solution
when interpreting cost values from the considered range of graph nodes. This creates an
opportunity to observe any sensitivity demonstrated towards outliers, while also exploring
whether a dampening effect could be achieved to any outliers observed in the simplified cost
matrix.

1. Mean (default)

The default method in reducing the cost matrix is done by calculating the mean value by
using all entries of the simplified cost matrix, illustrated earlier in Figure 3.6, to establish a
single value indicator for graph similarity [27].

2. Reduced capacity (RC): Smallest 1

This functional parameter option serves to demonstrate the outcome by basing the graph
similarity outcome solely on a reduced capacity of the simplified cost matrix. This case
only considers one node in the respective simplified cost matrix, demonstrating the highest
similarity resulting from the graph comparison performed. This serves in establishing the
possibility of identifying an operating condition by the single closest node match.
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3. Reduced capacity (RC): Smallest 5

This option expands on the case stated during the above entry, where the reduced capacity
of node values used from the simplified confusion matrix is expanded to include an increased
portion of the total entries. A more sizeable quantity of nodes was selected as reduced capacity,
in order to further explore any changes to FDI capability and/or dampening of outlier values
that this may have. As the TEP system used during this study consists of 15 nodes, a
reduced capacity value of 5 (from 15) was selected for this interval, representing 33% total
node capacity of the simplified cost-matrix. This would additionally reinforce how much FDI
performance, in comparison to the default method, remains consistent when using such a
reduced capacity of the simplified cost-matrix.

4. Reduced capacity (RC): Smallest 10

This option, as an extension of the previous, further explores the above argument using the
minor reduction in capacity of the simplified cost-matrix entries, using 10 (from 15) node
entries towards representing 66% of the nominal quantity.

5. Threshold: 2 Standard deviation from minimum (2-SD Min)

This functional parameter option follows a different route, with only utilising matrix entries
within a determined threshold in an attempt to eliminate outlier values that could otherwise
influence the calculated final similarity indicator. The standard deviation (o) is calculated
from the simplified cost matrix, followed by identifying the minimum value entry. Each
simplified cost matrix entry is evaluated to determine whether it’s value falls within 2 stan-
dard deviations from the minimum matrix entry; all matrix entries within this threshold are
summed towards a total value which is to be used as the final similarity indicator. This option
serves to remove outliers observed while reducing the likelihood of a masking effect caused by
using a mean-value-based similarity indicator.

6. Threshold: 3 Standard deviation from minimum (3-SD Min)

This functional parameter option further extends the observable threshold as to implement a
more stringent criteria towards the classification of outliers in confusion matrix entries.
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3.3.3 Functional parameters - Qualitative approach

The functional parameter locations identified for the Eigendecomposition - Qualitative ap-
proach are discussed below, with applicable functional parameter options for each location
defined in Figure 3.21.

EGBV - FUNCTIONAL PARAMETERS

>/  DISTANCE FUNCTION | LEGEND
ELE L Dl FP LOCATION
| NORMALISATION | EP VALUE
HEOM
SHEOM
IQR-HEOM
L] COST MATRIX UTILISATION

Threshold: 1-MAD
Threshold: 2-MAD
Threshold: 1-SD
Threshold: 2-8D
Threshold: 3-SD

Figure 3.21: Functional parameters - Qualitative approach

Functional parameter options - Normalisation

Implementation of the HEOM, SHEOM and IQR-HEOM functional parameter options will
follow the same methodology as presented during the discussion of the Distance approach in
the previous section.

Functional parameter options - Cost-Matrix Utilisation

The cost-matrix utilisation considered for this approach differs from the previously demon-
strated approaches, by rather considering how a threshold value is used in selecting entries
applicable to indicating graph similarity. The use of this threshold selection seen during [5]
and [6] are based on the statistical probability of outlier occurrence increasing with each ad-
dition of the standard deviation from the mean. The following functional parameter options
were implemented as variation towards exploring the impact demonstrated when varying the
selection threshold, as well as the outcome this presents on method results:
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1. 30 (3-SD)
2. 20 (2-SD)
3. 1o (1-SD)

An alternate statistical measure in classifying outliers is through the use of the Mean Absolute
Deviation (MAD), which aims to be more robust to outlier values during calculation. The
MAD is composed of the absolute sum difference between each value in the considered series
and the series mean. The following increments were implemented as options:

4. 2-MAD
5. 1-MAD

3.3.4 Functional parameters - Quantitative approach

The functional parameter locations, as identified for the Eigendecomposition—Quantitative
approach, are discussed below, with applicable functional parameter options for each location
defined in Figure 3.22.

EGBV - FUNCTIONAL PARAMETERS

| >[  DISTANCE FUNCTION | LEGEND
S R D FP LOCATION
> NORMALISATION | -
HEOM
SHEOM
IQR-HEOM
L] COST MATRIX UTILISATION
DEFAULT

Figure 3.22: Functional parameters - Quantitative approach

Due to the Quantitative approach’s utilisation of the eigenvalue cost-difference values as in-
dividual measures, the opportunity for alternate functional parameter options was restricted.
Deviation from this approach’s methodology would result in the approach transitioning into
either one of the previously demonstrated approaches. If the Quantitative approach was to
evaluate the eigenvalue cost difference matrix as a collection of values, then the cost-matrix
utilisation options demonstrated for the Distance approach would become applicable. Such
a result in this respective approach would become a hypothetical “Eigenvalue-Distance” ap-
proach, which would not serve to add value to the scope of EGBV methods considered during
this study.
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Functional parameter options - Normalisation

The default methodology of the Quantitative approach during initial cost value calculation
provides the opportunity to implement the same normalisation options as previously presented
during both Distance and Qualitative approaches:

- HEOM (Default)
- SHEOM
- IQR-HEOM

3.4 Functional parameter permutations

The functional parameter options described above are illustrated in Figure 3.23 where the
quantity of permutations is listed for each of the respective FDI approaches considered. A
limitation is imposed on the distance function as functional parameter option for this study
due to the attributed graph for the TEP model only containing single values per entry. This
presents the distance in a single dimension whereas the alternate distance functions identified
all rely on distance being measured in 2- or 3 dimensions in order to calculate distance.

DISTANCE APPROACH

EIGENDECOMFOSITION
- QUALITATIVE

EIGENDECOMFPOSITION
- QUANTITATIVE

DISTANCE FUNCTION

1

1

1

NORMALISATION

3

3

3

COSTMATRIX
UTILISATION

6

1

TOTAL

18

15

3

Figure 3.23: Functional parameter Summary

The Distance approach presents 18 permutations by using the 3 functional parameter loca-
tions, as seen in Figure 3.24 which demonstrates the options solely applicable to this approach
as illustration of how these permutations expand from functional parameter locations. A sim-
ilar breakdown of permutations existing for the Qualitative approach is provided in Figure
3.25 with 15 permutations, and further accompanied by Figure 3.26 which illustrates the 3
permutations that will be utilised for the Quantitative approach.
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HEOM SHEOM IQR-HEOM
MEAN MEAN MEAN
HEOM SHEOM IQR-HEOM
RC: SMALLEST1 RC: SMALLEST1 RC: SMALLEST1
HEOM SHEOM IQR-HEOM
RC: SMALLESTS RC: SMALLESTS RC: SMALLESTS
HEOM SHEOM IQR-HEOM
RC: SMALLEST 10 RC: SMALLEST 10 RC: SMALLEST 10
HEOM SHEOM IQR-HEOM
Threshold: 2-SD MIN | Threshold: 2-SD MIN | Threshold: 2-SD MIN
HEOM SHEOM IQR-HEOM

Threshold: 3-SD MIN

Threshold: 3-SD MIN

Threshold: 3-SD MIN

Figure 3.24: Functional parameter permutations - Distance approach

HEOM SHEOM IQR-HEOM
3-5D 3-5D 3-5D
HEOM SHEOM IQR-HEOM
2-5D 2-5D 2-5D
HEOM SHEOM IQR-HEOM
1-8D 1-8D 1-8D
HEOM SHEOM IQR-HEOM
2-MAD 2-MAD 2-MAD
HEOM SHEOM IQR-HEOM
1-MAD 1-MAD 1-MAD

HEOM

SHEOM

IQR-HEOM

93

Figure 3.25: Functional parameter permutations - Qualitative approach

Figure 3.26: Functional parameter permutations - Quantitative approach



3.5 Concept validation

Validating the designed concept towards addressing the identified problem serves as an early
intervention point towards establishing whether the concept will be sufficient for this study or if
the proposed concept requires re-evaluation. This includes the validation that any assumptions
and theories underlying the concept are correct and reasonable for the intended purpose [26].

From the problem statement identified during this study, the question proposed in validating
the performance of a sensitivity analysis on the EGBV methods is as follows:

Do EGBV methods present sensitivity towards functional parameters?

Inspecting the proposed concept of sensitivity analysis of EGBV methods and the use of
functional parameters during this sensitivity analysis presents the following motivation:

Investigating functional parameters towards both location and options available for use dur-
ing each approach would present an opportunity to further understand the nature of influence
attributed to this concept in an effort to answering the identified problem statement. Evaluat-
ing how sensitivity is demonstrated would assist towards considering the state of development
of these FDI approaches. Furthermore, any notable sensitivity demonstrated would provide
grounds for further method refinement, while a lack of sensitivity of the functional parameter
changes can give an indication to which default methodology was used. This can in turn
demonstrate which advanced development requires minimal refinement (if applicable).

3.6 Conclusion

This chapter presented a discussion on executing each of the 3 FDI approaches, coupled with
how each respectively utilised the graph similarity which was calculated using both operational
and reference graph types. A further introduction to the concept of functional parameters
is presented, followed by further details on where these could occur, as well as the options
available in each location as applicable to each of the considered FDI approaches. Lastly,
a summary of the permutations for each of the FDI approaches is demonstrated in using
combinations of each identified functional parameter. The chapter to follow will then discuss
the experimental design and utilises the TEP simulation model in obtaining the required
datasets that would be used in Chapter 5 of this study. The MATLAB code developed for
the respective EGBV method permutations can be found in Appendix D where a hyperlink
to the files is provided.
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Chapter 4

Data Compilation

4.1 Introduction

Chapter 3 presented the identification of the relevant EGBV functional parameters in ad-
dressing the first research objective for this study. This chapter will serve to answer the next
research objective of “Data compilation” presented in Chapter 1.

This chapter will initially inspect data delivered by executing the Tennessee Eastman process
simulation model, followed by the identification of experimental variables, as either indepen-
dent or dependent, which are associated with the model data. Control and execution of the
simulation model is then presented, accompanied by a discussion on the structure implemented
when executing the model as the datasets are acquired for FDI, by using the EGBV methods
presented later in this study. Lastly, this utilisation of the transformed data towards perform-
ing FDI using the respective EGBV methods is presented to clarify how the data are used in
the next chapter.

4.2 'Tennessee Eastman process data

The TEP simulation model implemented in this study was developed by [12] using MATLAB
software, with Simulink as extension of this software package, allowing for the modernisation
of the original FORTRAN model by [7]. Implementation of the TEP model within the MAT-
LAB and Simulink environment provides users the opportunity for improved interaction with
model properties. This includes providing open access to the hierarchy of process components,
variables, and underlying sub-systems of the TEP model.

Process data from the TEP simulation model is captured as time series within the MAT-
LAB workspace for the duration of model operation. The TEP process data of individually
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measured variables in their initial form present information on the current state observed for
the various sub-processes, associated with the five main sub-components or material streams
throughout the TEP model. These individual measurements do not immediately contribute
information on the energy and exergy-flow required in performing FDI using the respective
EGBYV methods for this study.

This section will inspect the execution of the TEP simulation model to identify experimental
variables that impact simulation model operating conditions, followed by a further discussion
on the structure by which the simulation model would be executed in dataset acquisition.

4.2.1 Variable identification

While the execution of the TEP simulation model does not serve as focus point of this study,
it does serve a supportive role by being the source of data to be used for FDI and sensitivity
analysis of the functional parameters. The nature of datasets delivered by the simulation
model would thus also need to be inspected to identify the experimental variables in order to
gain perspective on how dataset quality would contribute to enabling successful execution of
the subsequent FDI and sensitivity analysis.

Independent variables

Independent variables in the context of the TEP simulation model for this study would serve
to direct the nature of operational conditions experienced during simulation. This would in
turn serve to generate multiple datasets that are consistent in representing each respective
fault condition, while demonstrating sufficient variation in the data to be used for FDI and
subsequent sensitivity analysis. The following independent variables, to influence operational
conditions, were identified that would suit this purpose:

- Duration of simulated operational conditions (NOC & 20 Faults)

- Duration of simulated reference conditions (NOC & 20 Faults)

- Duration of normal operation before introducing fault (Operational data)
- Duration of normal operation before introducing fault (Reference data)

- Size of disturbance leading to fault condition (Per fault condition)

- Control scheme selection

- Mode selection (Modes 1 - 6)

- Randomness seeds implemented
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Dependent variables

Following the identification of independent variables of the TEP simulation model in the
context of this study, the dependent variables indicate the resulting changes observed in
the operational condition datasets. Variation in the following variables, as properties of the
operational condition data, would prove to be beneficial towards the FDI and sensitivity
analysis of functional parameters to be performed for this study:

- Ratio of NOC to fault condition data samples (per simulation).
Variability of individual faults between datasets.

- Quantity of fault condition samples in operation and reference data.
- Variation in each fault condition’s initial disturbance.

Change to the above dependent variables will not be measured individually, as this would
require analysis of process data acquired to verify possible changes and would exceed the scope
of this study. Instead, the change to the above dependent variables would be initially assumed
as correct towards motivation in acquiring multiple simulated datasets containing sufficient
variation. Change to the above variables would instead be observed through deviations in
performance measures from the FDI results obtained.

4.2.2 Simulation model

Process measurements are freely accessible within the MATLAB workspace, allowing inter-
action at the user’s discretion, and are easily exported to external applications. Figure 4.1
illustrates the high level model hierarchy of the Simulink model by [12], where properties of
individual feed streams and process controllers can be accessed to change operating conditions
of the model. This includes the opportunity to set initial and setpoint values to replicate the
6 predefined operating modes presented in [7]. Selecting any of the sub-system blocks would
present further in-depth detail. Figure 4.2 presents the Condenser sub-system block and the
underlying processes, with respective process input and output variables associated with its
operation. These respective process blocks could be used for further navigation to lower-level
components or processes within the system.
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Management of system parameters in the TEP model is accessible for user preference to
influence the system operating conditions as required. The process parameters made available
for influencing the TEP model’s operation are material stream properties, process setpoints,
and controller setpoints implemented towards maintaining process operations within system
constraints. The initial TEP model was based on an existing production facility connected
to other upstream- and downstream process facilities where production could change based
on product demand. Depending on the product selected, initial starting conditions would
change according to the initial composition of reactants in the four feed streams supplied from
other processes within the plant facility. Similar to industry conditions [7] notes “the plant
production rate is set by market demand or capacity limitations” where these production rates
are set by the mode selected [7]. Altering system operation is available through selection of
the control scheme per user preference and by the manipulated variable setpoints to influence
system operation conditions. These changes directly alter the constraints by which sub-process
components are required to maintain acceptable operating conditions. The control strategy
to be implemented can be selected from one of the following:

- The initial open loop scheme presented by [7]

- Closed loop control based on one of the structures presented in [11] as implemented
by [8].

- Control scheme demonstrated by [9] implementing decentralised control by means of
multiple independent controllers.

Initial process measurement data obtained by executing the TEP simulation model for dataset
5, fault are presented in Figure 4.3, where a section of initial process values for process
measurements (XMEAS) 6, 7, 8, 9 and 21, which are associated with the reactor sub-system
in the TEP model, are illustrated. Figure 4.4 similarly presents dataset 5, fault 6 process
values for XMEAS 37, 38, 39, 40 and 41 which are associated with the stripper responsible
for removing any reactant material present in the product material stream.
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4.2.3 Data acquisition

The TEP simulation model is configured to perform 21 simulation executions, representing
the NOC and each of the 20 fault conditions, and compiles this data as a single dataset.
This dataset would then contain data sampled at the various rates of the individual process
instrumentation recreated in the model, and would need to be reduced to a single sample rate
similar to [8]. This will be further discussed in the following section.

Multiple datasets which are to be generated in this study using the above-mentioned inde-
pendent variables would only include single variable variation of those previously identified.
Alteration of too many variables would introduce uncertainty and require verification of the
data to be performed before it is considered valid for use. The intended variation of the
randomness seeds implemented, as independent variable, would allow variation of operational
conditions while not altering system operation setpoints or the initial disturbance leading up
to fault conditions experienced. The variables responsible for simulation duration and size of
disturbance were kept constant to ensure sufficient data samples and disturbances remained
consistent per fault condition across all datasets simulated. A quantity of 10 datasets were
selected in providing a sufficient quantity of datapoints towards the sensitivity analysis, com-
pared to the cost in time required to execute these simulations. Variation to the randomness
seed would differ between each of the 21 operational conditions per operation and reference
data simulated. Further variation of this would also be controlled between datasets to prevent
duplication of operational condition data when using identical values. Information on these
random variation seeds can be found under Appendix B, where the range of values available
for use and order implemented per dataset can be viewed.

The duration of simulated operational conditions, i.e. both operation and reference data, will
be kept constant to the values used by [12] and [8] as these have previously been proven suc-
cessful while serving as known reference for expected fault conditions. This would contribute
towards establishing whether the FDI methods performed their intended purpose successfully
when presented with a large quantity of operation data to discern the respective reference
conditions. The following duration values would be implemented for each of the datasets
simulated for this study:

Duration of simulated reference condition: 25 Hours

Duration of simulated operation condition: 48 Hours

Duration of normal operation prior to reference condition start: 1 Hour
Duration of normal operation prior to operation condition start: 8 Hours
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The size of disturbances as cause to fault conditions experienced will be kept constant at the
default value (100%), as changing this variable would not constitute a valid assumption to
this change resulting in direct change to fault conditions observed, without first performing
verification prior to use in this study. Exploring FDI and the subsequent sensitivity analysis
across an operational envelope is not included as part of the scope for this study.

The control mode will be kept constant with the “closed-loop control system” selected for all
simulations performed. Mode selection will be utilised towards providing separate operational
conditions of the TEP model to allow validation, using data from the same system. Initial
datasets would be generated with the TEP model operating in the “Base case mode” or “Mode
17 (depending on literature viewed), while datasets for validation would be simulated at an
alternate mode. Doing so would allow validation based on like-for-like comparison between
FDI and sensitivity analysis results.

4.3 FDI data utilisation

4.3.1 Transformation of process measurement data

All simulated data generated, as operation and reference data separately, would first be trans-
formed to implement a consistent sampling rate amongst process measurement data. Sampling
intervals differ amongst the process measurements ranging from 3 seconds, 360 seconds and
900 seconds whereas many of the time constants of the TEP under closed loop control are
close to 2 hours [8]. This study did not implement a low pass filter for data sampled and
instead sampled at half the interval of the slowest feed stream process measurements. The
reactant material feed leading to the reactor has a slow sampling interval of 360 seconds where
best practice is to sample at half this rate to prevent aliasing of the signal observed. This
consisted of sampling at 180 seconds and was used as the base rate to which all other pro-
cess measurement data was transformed to [8]. This reduced sample rate is demonstrated
in Figure 4.5 below, where the number of samples in both operation and reference data is
reduced by a factor of 180, leading to a significant reduction in the process sample count in
each group. Russel et al. presents a discussion on considering using moving average filter to
reduce process variability at the increased computational cost and delaying fault detection.
Russel et al. further reaffirms this method of using every 180th sample is suitable for fault
detection purposes [8].
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Figure 4.5: Conversion of TEP model sampling rate

The transformation of raw process measurements into data fit for use, containing energy and
exergy flow attributes, follows the same method demonstrated by [12] where exergy-based FDI
was performed using the TEP model. This includes using the same notation for TEP model
components and calculations compiled in MATLAB [12]. A demonstration of this notation
can be found in Figure 4.6, where the TEP model is represented by nodes with interconnected
lines indicating interaction between respective nodes. This notation would then be used to
compile attributed graphs, where nodes will determine matrix position and be filled with the
corresponding energy- and exergy-flow data between nodes.

Reference graph

Each operational condition, either normal or fault condition, will be represented by a single
reference graph serving as known truth, by which operational conditions would be compared
to when performing FDI. Each reference graph was constructed from the average value of the
500 operational data samples, with a simulation duration of 24 hours for each position in the
node signature matrix.

Operation graph

The operation data delivered by the TEP model demonstrates either normal conditions or
one of the respective fault conditions experienced during model operation. These represent
the operational conditions to be detected and isolated when performing FDI using the respec-
tive EGBV methods. Similar to the reference graph, operational data will be packaged per
attributed graph notation in (7) to create the operation graphs to be used when performing
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FDI. These operation graphs then represent the operational condition to be identified by the
respective EGBV methods when performing FDI. The database of operation graphs would
consist of 21 series of graphs, for the 21 operational conditions simulated per dataset, with
graphs being kept in their respective order per operational condition [6].

4.3.2 FDI using functional parameter permutations

Following identification of functional parameters in Chapter 3, FDI will be performed using
combinations of these functional parameters for the respective EGBV methods. Each combi-
nation per EGBV method, previously displayed in Figure 3.23, would be executed using the
same series of datasets to ensure a valid comparison of FDI results.

The functional parameter combinations, referred to as permutations going forward, would
be executed independently with FDI results being compared side-by-side once completed.
Side-by-side comparison of FDI results by these permutations would serve to illustrate the
performance of the default permutation, as well as provide more discernible indications to
deviation by the other permutations. Figure 4.7 demonstrates an example of the table format
to be used when comparing FDI results by permutations for the Distance approach. A similar
format is implemented when discussing FDI results per the individual performance metrics
for the other EGBV methods in the following chapter.

HEOM HEOM HEOM HEOM
MEAN RC: SMALLEST 1 RC: SMALLESTS RC: SMALLEST 10 Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY
ISOLATION
Mcc
SHEOM SHEOM SHEOM SHEOM SHEOM SHEOM
MEAN RC: SMALLEST 1 RC: SMALLESTS RC: SMALLEST 10 Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY
ISOLATION
McC
IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM
MEAN RC: SMALLEST 1 RC: SMALLESTS RC: SMALLEST 10 Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY
ISOLATION
Mcc

Figure 4.6: Example of FDI result table: Distance approach
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4.3.3 Performance metrics

The performance measurements to be used when evaluating FDI results delivered by the
EGBV methods in this study are listed below, and are accompanied by a brief description
explaining their purpose in the context of this study. FDI results delivered by the permuta-
tions are then inspected side-by-side, presented in the previous section, to illustrate possible
deviation when compared to the default permutation per EGBV method [19].

Accuracy Rate of correct detection classifications compared to the
total range of classifications [26].
Isolation Determine the location and kind of fault (after fault de-

tection) and measure these classifications per the range
of faults considered [34].

MCC Geometric mean of the four confusion matrix compo-
nents [35].

The implementation of MCC assigns equal weight to both true negative and true positive clas-
sifications, as opposed to other measures only considering true positive classifications during
their calculation. A conservative approach was taken to assume that any change in functional
parameter for an FDI method immediately alters its ability to clearly identify normal condi-
tions. This approach served to identify cases where an FDI method permutation would classify
all conditions observed as a fault. Such cases could present a relatively good accuracy as false
indicator to the detection capability by the respective FDI method permutation. Implemen-
tation of the MCC as performance meaure does not directly affect the FDI method’s ability to
discern between fault and normal conditions. Instead, it is an indicator on whether changes
to functional parameters altered the FDI method’s ability to correctly discern the normal
condition from all fault conditions presented. Conventional use of accuracy and isolation as
performance measures do not take discerning valid normal operation conditions into account
for their calculation. The incorrect classification of true negative conditions could create the
potential for uncertainty in whether the presented true positive classifications are valid, or
if the FDI method simply detected all conditions as fault conditions. Therefore, awarding
equal weight to a single true negative versus the multiple true positive classifications makes
the MCC well suited as metric for evaluating FDI performance [35]. Table 4.1 provides clarifi-
cation on the range, unit, and interpretation of values expected for each of these performance
measures.

Table 4.1: Performance measure clarification

Measure | Range Unit Interpretation
Accuracy | [0, 100] % Worst (0), Best(100)
Isolation | [0, 100] % Worst (0), Best(100)
MCC [-1, 1] | Unitless | Worst(-1), Bad(< 0), Good(> 0), Best(1)
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Based on the confusion matrix on detection classifications for fault conditions observed by an
FDI method [5, 6], Table 4.2 presents the key to both accuracy and isolation classifications
of fault conditions observed by the FDI methods. In the event of both a true and negative
detection classification being detected during evaluation of an operational condition, prefer-
ence would be given to the negative classification. Such a case in performing isolation would
instead be classified as unisolated for the observed operation condition.

Table 4.2: FDI classifications

Result ‘ Context
Detection
TrueNeg True negative
FalsePos False positive
FalseNeg False negative
TruePos True positive
Isolation
Missed Missed isolation
Correct Correct isolation
Unisolated | Unable to isolate condition

4.4 Conclusion

The initial form of process data delivered as model output through the use of the TEP sim-
ulation model was discussed, followed by a discussion on how this data would be further
transformed into representing energy and exergy-flow present within the system during oper-
ation conditions experienced.

Following this data transformation, the structure by which energy and exergy-flow data would
be packaged as attributed graphs was discussed, where initial operation and reference data
generated would then be utilised as operation- and reference graphs when performing FDI. FDI
using the EGBV methods, as permutations of functional parameters, will then be performed in
the following chapter, where the initial discussion is presented on how the FDI results would
contribute towards the sensitivity analysis of functional parameters. FDI and sensitivity
analysis of functional parameters is then performed per EGBV method, where the results
delivered by the respective permutations are compared.
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Chapter 5

Sensitivity analysis of EGBV functional parameters

5.1 Introduction

Following data compilation for datasets acquired, FDI is then performed using the compiled
attributed graphs containing energy and exergy-flow data during operational conditions expe-
rienced by the TEP model. Comparing FDI results delivered by EGBV method permutations
would present an opportunity to observe the initial deviation from a respective method’s de-
fault permutation. Performance by these EGBV method permutations would then serve as
input to the sensitivity analysis of functional parameters performed in this chapter, to address
the third research objective identified for this study.

Execution of the FDI will be structured in performing all permutations per EGBV method
where FDI results could be inspected concurrently. This comparison includes inspection of
the accuracy, isolation and MCC performance measured. The sensitivity analysis would then
utilise these FDI results delivered by EGBV method permutations, to identify potential sen-
sitivity demonstrated through variation of the functional parameters implemented.

5.2 FDI results for ANOVA

Analysis of variance (ANOVA) as sensitivity analysis method is suited for the application
in this study, as the functional parameters are qualitative. Variation to their value is based
on a property instead of a numerical value, discrete or continuous, that could be analysed
within a range of possible values. The FDI results delivered through the use of multiple
datasets only containing variation to the randomness seeds, present an opportunity to perform
two-way ANOVA with replication. This form of ANOVA would analyse variation of two
variables in the input data to determine sensitivity towards each based on the variation in the
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repeated measures. These repeated measures are based on performing multiple experiments
or observations without system variation to establish variance amongst consistent/constant
system conditions.

Purpose of performing ANOVA

The implementation of two-way ANOVA with repeated measures aims to identify possible
sensitivity demonstrated by the EGBV methods towards the respective functional parame-
ters. The proposed sensitivity analysis serves to confirm the presence of sensitivity or lack
thereof towards individual functional parameters identified through an analysis of the accu-
racy, isolation and MCC values delivered by the EGBV method permutations. Sensitivity
is then evaluated individually by each performance measure towards each of the functional
parameters implemented.

ANOVA and functional parameter sensitivity

Method: Performing a two-way analysis of variance (ANOVA) on two independent variables
to determine the significance of their influence on the considered output variable by means of
statistical inspection of overlapping indices. This method is beneficial in allowing the analysis
of categorical variables, such as fault type, and quantitative variables simultaneously when
given the correct number of intervals to ensure sufficient resolution of table entries. Consider
the following methodology used in performing two-way ANOVA with replication [30]:

Define the null and alternative hypotheses for each of the considered independent variables.
The null hypothesis states that there is no main effect of an independent variable on the
response observed. The alternative hypothesis stands as an opposing hypothesis, where a
main effect is demonstrated by the independent variable on the response observed [36]. An
example is demonstrated below:

Hy : There is no significant difference in group means.
H, : There is significant difference in group means.

Select a significance threshold level o by which interaction levels would be measured. Inter-
action levels above the « disproves the null hypothesis and rather validate the alternative. A
threshold value of @ = 0.05 is commonly used.

Calculate the total sum of squares for all observations with the correction for the mean (CM).
Equation (25) demonstrates the total sums of squares for an ANOVA table, with r rows and ¢
columns based on the size of options (i, j) per independent variable. C'M indicates the mean
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correction of total observations B by number of samples n as demonstrated in (26) [30].

SSTotal = i i(xij)2 - CM (25>

i=1 j=1
2
CM = —(B) (26)
CXT XN

Next, the sum of squares is calculated for each group representing the respective independent
parameters to be analysed. The column-wise group is presented in (27) as comprised of the
square sum of column totals B; minus the mean correction for all samples [30].

c 2
Zj:l Bj
cCXn

SSCOlumn = -CM (27)

The sum of squares is calculated similarly for the row-wise group seen in (28), for the square
sum of row totals B; [30].

T '2
SSRow = i By CM (28)

rXn

Interaction between row and column groups is calculated using the above sum of squares.
Equation (29) demonstrates that this interaction consists of the sum of squared totals for
each table index, row-wise and column-wise totals B;;, divided by the number of repetitions
n. This total is then reduced with both the row and column sum of squares, and the mean
correction to deliver interaction observed between the two independent variables analysed [30].

SSInte'raction -

2in 25:1 Bij2 _ Z;=1 BJ2 _ D i1 B’ +CM (29)
n cXn rXn

The error within sample squares in (30) is calculated as the difference between the total
SSTotar and the sum of row, column and interaction squares. This demonstrates the variation
observed amongst samples that could not be attributed to the respective independent variables
analysed [30].
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SSWithin - SSTotal - SSRow - SSWithin - SSInteraction (30)

The degree of freedom for each of these sum of squares is calculated based on the groups
involved, as demonstrated in Table 5.1 [30] below. The Mean Square and resulting F-counted
values are then calculated for each of the respective sources of variation identified.

Table 5.1: Example of two-way ANOVA

Source of Variation df Mean Square F-Value
58 Row _ MSgoy
Row dpow =17 — 1 M Sgow = df;,w Frow = M SEIT«TDT
SSColum _ MSco
Column dColumn =c—1 MSColumn - dfcizoinm: Fotumn = Mg;";gn
. o __ SSgrc _ _MSgco
Interaction dre = (7“ - 1)(6 - 1) MSpc = dfrc Fro = MSError
E d . _ 1 MS J— SSE’I‘TOT‘
rror Error = (T X C) (n ) Error = dfpror
Total Afrotar = (r x e xn) —1

The sums of squares are utilised for calculating the F-values in order to compare it to the
Fisher distribution tables (F-critical values) to determine the statistical significance of the

variation observed. Comparison of the F-values to such a table would deliver the following
classifications:

- If F-value is less than F-critical value, the null hypothesis can be accepted as no signifi-

cant cause to variance is observed.

- If F-value is equal or greater than F-critical value, the null hypothesis can be rejected

and the alternate hypothesis could instead be accepted as significant cause to variance
was observed.
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Following ANOVA performed, the sensitivity demonstrated towards each of the respective
sources of variation is calculated as the share of the total sums of squares observed for the
analysis. Equation (31) in calculating sensitivity is accompanied by examples of how sensi-
tivity towards the normalisation (row), cost-matrix utilisation (column), interaction between
parameters, and variation within sample groups will be calculated in this chapter [37].

o SSs
Sensitivity = ———— (31)
SSTotal
g e o SSNormalisation
enSZtZUZty(Normalisation) -
SSTotal
g e . . SSCost—Matrim Utilisation
enSZtlvlty(Costhatrix Utilisation) — IS
Total
g e - SSInteraction
enSZtZUZty(Interacti(m) - T
Total
g e o SSWithin
ensttivity(within) = So.
Total
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5.3 Distance approach

The Distance approach presented in Chapter 3 to identify applicable functional parameters
for this method was further expanded in performing FDI, by utilising the operation graph as a
series to represent the operational condition to identify. This includes observing the distance
calculated between operation- and reference graphs as the sum of classifications allocated with
each respective reference condition. Classifications allocated to each reference condition would
then be represented as a percentage of total classifications delivered. From the simulation
configuration previously discussed in the previous chapter, the operation graphs per dataset
would consist of the following:

- The NOC consists of 960 operation graphs (160 for initial 8 hours, 800 for remaining 40
hours simulated).

- Each fault condition consists of 800 graphs per the 40 hours simulated after initial normal
operation.

The Distance approach was executed as per the range of functional parameter permutations
by using the acquired datasets in the attributed graph format, as previously demonstrated
in Chapter 4 above. This section discusses the FDI results obtained for these functional
parameter permutations according to the identified performance measures, and followed by
performing ANOVA using these values in order to determine whether significant sensitivity is
demonstrated.

5.3.1 FDI: Distance approach

All permutations for the Distance approach were applied concurrently to each of the respec-
tive datasets to establish their respective performances in detecting and isolating operational
conditions observed. Each permutation attempts to detect and isolate conditions observed
according to the reference graphs presented in each dataset. Table 5.2 demonstrates the FDI
results by the HEOM-Mean (default permutation), where the series of operation graphs per
condition (Left) is compared to the respective reference graph database (Top) from dataset 2.
The detection and isolation classifications delivered by this permutation seen on the right-hand
side of the figure present a fair sense of the capability in delivering FDI classifications. The
values demonstrated indicate the percentage of classifications assigned to the reference graph
(column), to which the operation graphs (row) demonstrated the highest similarity as viewed
by the default permutation. The main diagonal of the table indicates where reference and op-
eration conditions correspond, and where correct isolation classification for a condition would
be located in the table. From the results seen in Table 5.2, each condition observed a degree
of similarity with the NOC, where cases of false negative classifications further demonstrated
the majority share of operation graph similarity that has been assigned to the NOC.
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Similar FDI performance was demonstrated by the SHEOM RC: SMALLEST 10 permuta-
tion where a reduced capacity of the confusion matrix was utilised. Results seen in Table
5.3 demonstrate that this permutation is able to correctly detect conditions that were missed
in comparison to the default permutation in Table 5.2, while also demonstrating false neg-
ative classifications that were previously correctly detected by the default permutation. A
corresponding degree of similarity between operation graphs and the NOC reference graph is
observed in this case.

Notable in these results is the case to the step fault type, demonstrating reduced quanti-
ty/share of incorrect classifications when comparing similarity between operation and refer-
ence graphs. In contrast, locations to incorrect classifications are more spread across the
remaining fault types.

Table 5.2: FDI Results: HEOM-MEAN - Dataset 2

REFERENCE GRAPH DATABASE FDI OUTCOME
@ Jo o fe o o N o o & 5 & @ |3 8 8 |5 & @ |R
5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
SR R IR 2 R B IZBIZ B IBIZIZIRIBIZIZ IR B |2 [B |oercnonfsomanon

4 L L L L L L L L L ™ L ™ L ™ L ™ L ™ L L
I [NocC 95.42] 0 0 0 0 0 0 0 0 0 |031)021(021 0 (010 O [0.21]0.10f2.71] O | 0.73] TrueNeg Correct
FAULT1 |16.67|83.02| 0.21| O 0 0 0 0 |010| O 0 0 0 0 0 0 0 0 0 0 0 TruePos Correct
FAULT2 |16.67| O |83.02| O 0 0 0 0 0 0 0 |010| O |0.10]010| O 0 0 0 0 0 TruePos Correct
1750 0O 0 |8135 O 0 0 0 0 |073] O 0 0 0 0 0 0 0 |021| O | 021} TruePos Correct
89.90] 0 0 0 [010] O 0 0 [021]010(042] O [021)469| O |094] O |0.21]|250| O | 0.73] FalseNeg Missed
16.67| 0 0 0 0 |80.00f O 0 0 0 0 0 |333] 0 0 0 0 0 0 0 0 TruePos Correct
16.67|77.29] 0.73| O 0 0 0 0 0 521 0 0 0 0 0 0 |010| O 0 0 0 TruePos Missed
@ 1667 0 | 0.73| O 0 0 0 0 |021| O 0 0 0 0 |8188] 0 [010[ O 0 |042] O TruePos Missed
% 16.67| 0 |6.04| O 0 0 0 0 |010| O |O010| O 0 |76.98 O 0 0 0 0 0 | 0.10| TruePos Missed
5 92.08] 0 0 |010| O 0 0 0 0 |052| 0 |010] O 0 |042|594|042| 0 |042] O 0 FalseNeg Missed
g 1667 0 | 0.10| O 0 0 0 0 0 510|042 O 0 0 | 0.63]66.04| 0.10| O 0 |1094f O TruePos Missed
E 16.67| O 0 0 |010| O 0 0 0 |031| 0 |60.21] O 0 |21.77 O 0 0 0 0 | 094 TruePos Correct
E 8396 0 |750| O 0 0 0 0 |021| O |042| O 0 0 |031|458]|010| O 188| O 1.04 | FalseNeg Missed
o 16.67| O 0 0 0 0 0 0 |010]958]|052| 0 0 0 |0.73]61.15] 0 0 0 1125 O TruePos Missed
16.67| O 0 0 0 0 0 0 0 0 |010| O 0 0 |850f 0 |010| O 0 |063| O TruePos Correct
93.23] 0 0 0 0 0 0 0 0 0 |010| O 0 1251 0 177 0 [0.10]323| 0 | 0.31] FalseNeg Missed
48851 0 |[46.67] O 0 0 0 0 |010| O JO031| O 0 [031]|010| 0 |042| O |260| O | 0.63] FalseNeg Missed
35.000 O 0 0 0 0 0 0 |010)042|021(094( 0 0 |5823/052]|010| 0 |094| 0 | 3.54] TruePos Missed
16.67| O 0 0 0 0 0 0 |042]010|021| 0O (010 O [6.25]0.21( O |0.10}75.73]0.21| O TruePos Correct
16.67| O 0 0 0 0 0 0 |010| O |042| O 0 0 |031]021] O 0 0 82.2§I 0 TruePos Correct
42811 0 0 0 0 0 0 0 0 0 |010| O 0 0 135]042] 0 0 1.46 | 0.94 | 52.92] TruePos Correct
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Table 5.3: FDI Results: SHEOM RC: SMALLEST 10 - Dataset 6

REFERENCE GRAPH DATABASE FDI OUTCOME
- e |« w o I~ [0 o |2 3 | T B a8 R a2 IR
] ar} ] ar} ] ] ] ] ] ] ] ] ] ] ] ] ] ] ] ]
SRR ERRIEERIRERIEIRIRERIEIRBIERIEBIE IR IZ |oerecionsoamon
2 w w w Py W w w w w Py w Py w w w Py w w w w
95.10] 0 | 0 ] 0 ] 0 |010] 0 | 0 |o21]o10| 0 ] 0 ] 0 Jo021] 0 |o021]021]281]052] 0 |o052] TrueNeg | Correct
T6.6/[6438| 00| 0 | 0 | 0 | 0 | 0 |1854] 0 | 0 |02t 0 | 0 | 0 oo 0 | 0 ] 0 | 0 | 0 | Truepos | Correct
T760| 0 [8156] 0 | 0 | 0 | 0 | 0 |o31| 0 [o2i| 0 | 0 ] 0 | 0 | 0] o 0 |02t 0 [010] Truepos | Correct
7475 0 | 0 |7146] 0 | 0 | 0 | 0 | 0 [135| 0 | 0 [010] 0 | 0 |052] 0 |156]021] 0 | O [ Truepos | Correct
T667] 0 | 0] 0 [250] 0 ] 0 | 0] 0 0] 0o 0] o o] o o [73] o 0 [a38] trueros | Missed
Te67| 0 | 0] 0| 0833 00 ] 0|00 oo o] o]0 o] o] o] o [oi] frueos | Correct
T6.67] 094 031] 0 | 0 | 0 [021| 0 8135 0 | 0 | 0 | 0 |02t| 0 | 0 | 0 | 0 | 0 |02i]010| Truepos | Wissed
2 T667] 0 | 0 ] 0 | 0 | 0 [031]6385] 0 | 0 |04z 0 |o010] 0 | 0 | 0 [010] 0 [17.29] O | 125 Truepos | Correct
g 354] 0 [3042] 0 | 0 | 0 ] 0| 0 | 0 [031[031]010] 0 |031] 0 |198]010(208]021[0.10] 052 FalseNeg | Missed
& 2719 0 | 0 | 0 ] 0 | 0 ] 0 | 0 |010|1063| 0 |04z| O |146]021[57.29] 031|208] 0 | 0 [031| Truepos | Missed
z 383|010 0 | 0 ] 0| 0] 0| 0 0 [375[979] 0 [02L]365] 0 |44.06] 042|146 021 0 |052[ Truepos | Missed
E 5292 0 | 0 | 0] 0] 0] 0| 0 0 |042[010]021[010]052]02L]167]031|250]052[031[021] ralseNeg | Missed
g 844 0 | 0] 0 0] 0] 0 0] 0 [10001a17] 0 | 0 |063|031[5260] 031 202[010| 0 |04z Truepos | Missed
5 7135 0 | 0 | 0 ] 0 | 0] 0| 0 0] 0 02| 0 | 0 |396[010[2281] 0 |083]04z| 0 |031[ FalseNeg | Missed
T677] 0 | 0] 0 0 0] o] o] oo o] o o] o [0z o om0 o] 0 |oi0] frueros | Correct
7437 0 | 0 | 0] 0] 0] 0| 0 0 |094a] 0 |00 0 |031]021[2042] 0 |281] 0 | 0 |094[ FalseNeg | Missed
8031 0 [010] 0 | 0 | 0 | 0 | 0 |010]|04z[010]010] 0 [04z] 0 |073 1500 272] 0 | 0 | 0 [ FalseNeg | Missed
T667] 0 | 0 [427]021] 0 | 0 | 0 ] 0 03] 0 | 0 | 0 [594]010] 0 | 0 [865] 0 [6385] 0 | Truepos | Wissed
Te6] 0 | 0] 0 0] 0] 0] 0] oo 0o o8] 0 [00]oi0]ozi| 0 [8031]167]010] Truepos | Correct
8198 0 | 0 | 0 | 0 | 0| 0| 0| 0 |063] 0 | 0 [010]031] 0 [12.60[ 042|344|031| 0 |021| FalseNeg | Missed
1844] 0 | 0 [645] 0 | 0 | 0 | 0 |010]250] 0 | 0 | 0 |1.35|12.29|55.15] 0.31| 0.83| 0.00| 0 | 6.77| TruePos | Missed

Table 5.4: FDI Results: IQR-HEOM Threshold: 2-SD MIN - Dataset 9

REFERENCE GRAPH DATABASE FDI OUTCOME
a Jo o fe 0 Jo s o o & 2 & @ & 2 8 5 & 2 IR
5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5 5
8 3: 3 3: ?t 3: ?t <:t 2 <:t 2 ?t 2 ?t <3t ?t <3t ?t <3t ?t <3t DETECTION| ISOLATION
z _|& py by oy by oy by oy by oy by oy by oy by oy by by by by
89.58] 0 0 0 0 0 0 0 0.10 | 0.10 | 0.10 0 0 0.52 0 6.35 0 0.52| 1.46 0 1.25 | TrueNeg Correct
16.77| 62.40| 0.10 0 0 0 0 0 |[20.000 O 0 0 0 0.21 0 0.42 0 0 0.10 0 0 TruePos Correct
16.77| 0 |82.60] O 0 0 0 0 0 0 0 0 0.10] 0.21} 0.31 0 0 0 0 0 TruePos Correct
2083 0 0 |7219] o 0 0 0 0 0.63 0 0 0.21] 0.21 0 2.81 0 0 2.08 0 1.04 | TruePos Correct
16.77|72.50| 0 0 0.10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0.31]10.31) TruePos Missed
16.67 0 0 0.10 0 |68.02] 0 0 0 0 0 0 |[15.21] O 0 0 0 0 0 0 0 TruePos Correct
16.67| 0.31 | 0.63 0 0 0 0 0 |[20.21] O 0 0 0 0.10 | 0.63 0 0.10 | 0.21] 0.10 |57.92| 3.13 | TruePos Missed
2 16.67| 5.21 0 0 0 0 0 0 0.52 0 2.19 0 0 0 |7031 O 0 0 0.31] 0.21 ] 4.58 | TruePos Missed
% 4802 0 |[1281] O 0 0 0 0 [29.48[ 0.31[0.10] 0.10 0 0.83 0 5.63 0 0.63| 1.25 0 0.83 | FalseNeg Missed
5 16.67 0 0 |8260f O 0 0 0 0 0.63 0 0 0.10 0 0 0 0 0 0 0 0 TruePos Missed
g 73.44] 0 0.10 0 0 0 0 0 0 0.63 ] 0.10 0 0.10 | 0.52 | 0.10 | 22.19( 0.10 | 0.10 | 1.35| 0.10 | 1.15 | FalseNeg Missed
E 16.67| 0 0 0 |[8333] 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 TruePos Missed
g 30.73] O 0.31 0 0 0 0 0 ]23.65[7.19| 0.21 0 0.10| 3.02 | 0.6333.02| O 0 0.42 ]| 0.10| 0.63] TruePos Missed
o 3354 0 |61.15 O 0 0 0 0 0 0 |021| O 0 [042|010)313] 0 |[o0.10f052] 0 | 0.83] TruePos Missed
3167 O 0 0 0 0 0 0 |o10| 0 (o010 O 0 |0.10] 0.10 [10.10[ 0.10| O | 0.42 [56.88| 0.42 | TruePos Missed
87.1§| 0 0 0 0 0 0 0 0 0 |010| O 0 |o63| 0 |885| 0O 0 |177| 0 | 1.46] FalseNeg Missed
67.29] 0 0 0 0 0 0 0 |11.150 0 [031] O 0 |[698| 0 |854]010| 0 |125] 0 | 4.38] FalseNeg Missed
16.77| 3.54 | 0.10| © 0 0 0 0 |o052| 0 [o010] O 0 |[o10f[010| O 0 0 0 | 1.56|77.19] TruePos Missed
16.67| 0 0 [073] O |0.10] O 0 |344| 0 [021] 0 |[34.79(2.60]354]|219( 0 |0.10]3552] 0 |0.10| TruePos Correct
16.67| 0 0 0 0 0 0 0 |010| O 0 0 0 |o021| 0 Jo63| O |0.31]0.10 81.8§| 0.10 | TruePos Correct
16.67| 0 0 0 0 0 0 0 |o10| 0 [o021] O 0 |010[0.10]12.92] © 0 |o0.10 17.19| 52.60] TruePos Correct

The IQR-HEOM Threshold: 2-SD MIN demonstrated a moderately high rate to correct fault
detection, with the added benefit of correctly delivering a true negative classification when
observing the NOC operation for dataset 9. The same observation to reduced quantity of
incorrect assignments by the Distance approach can be seen in Table 5.4, which contains
the previously mentioned results. Results illustrated in these figures only represent a brief
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indication of the complete FDI performed by utilising the 18 Distance approach permutations
applied across 10 datasets.

FDI results delivered by the Distance approach permutations when applied to the 10 datasets
were compiled to deliver a mean value for accuracy, isolation, and MCC respectively. Table
5.5 demonstrates these mean values for each of the 18 permutations executed. The HEOM-
MEAN as default permutation demonstrated fair accuracy in correctly detecting operational
conditions experienced, while the majority of alternate permutations demonstrated a similar
performance. An outlier to this is the “RC: Smallest 1”-based permutations, which performed
significantly poorer in comparison to the default Distance approach permutation. Apart from
this case, deviation to accuracy presents a stable behaviour between both normalisation and
cost-matrix utilisation when considered at first glance of these mean values. This could result
in a misleading assumption being made, as the standard deviation of underlying FDI result
values could demonstrate high variation between individual results by each permutation.

The isolation capability demonstrated by this range of functional parameter permutations
demonstrates similar behaviour as observed for accuracy values. The default permutation for
the Distance approach delivered an average rate of 36.67%, in correctly isolating operational
conditions detected in the corresponding reference graphs. In addition to the case of the “RC:
Smallest 1”-based permutations presenting significant deviation in their isolation values, three
other permutations demonstrated notable increased performance in comparison to the default.
These permutations include use of the “RC: Smallest 10” as cost-matrix utilisation, where
isolation performance was increased by 6.6%, 5.7% and 10.9% in comparison to the default
permutation. The MCC values in Table 5.5 indicate towards the NOC being consistently
correctly detected, coupled with only moderate correct detection rates delivered by these
Distance approach permutations. The standard deviation of individual samples for these
performance measure values are further presented in Table 5.6, as supplemental information
to illustrate the standard deviation of performance results delivered by each of the Distance
approach permutations.

Table 5.5: Performance measures: Distance approach

HEOM HEOM RC: HEOM RC: HEOM RC: HEOM Threshold: | HEOM Threshold:
MEAN SMALLEST 1 SMALLEST5 SMALLEST 10 2-SD MIN 3-SD MIN
ACCURACY (%) 76.667 39.524 75.714 78.571 77.143 76.190
ISOLATION (%) 36.667 6.190 30.952 43.333 35.238 35.238
Mcc 0.377 0.164 0.366 0.384 0.394 0.371
SHEOM SHEOM RC: SHEOM RC: SHEOM RC: SHEOM Threshold: | SHEOM Threshold:
MEAN SMALLEST 1 SMALLEST5 SMALLEST 10 2-SD MIN 3-SD MIN
ACCURACY (%) 78.571 40.000 76.190 78.571 82.381 77.619
ISOLATION (%) 36.190 6.667 30.952 42.381 37.619 37.143
Mcc 0.394 0.166 0.371 0.385 0.433 0.379
IQR-HEOM IQR-HEOM RC: IQR-HEOM RC: IQR-HEOMRC:  [IQR-HEOM Threshold:[IQR-HEOM Threshold:
MEAN SMALLEST 1 SMALLEST5 SMALLEST 10 2-SD MIN 3-SD MIN
ACCURACY (%) 84.762 37.619 71.905 78.095 77.143 52.381
ISOLATION (%) 38.095 7.143 31.905 47.619 38.095 36.667
Mcc 0.455 0.108 0.338 0.381 0.367 0.424

5



NORTH-WEST UNIVERSITY.
NOORDWES-UNIVERSITEIT
'YUNIBESITI YA BOKONE-BOPHIRIMA

dy WU

Table 5.6: Standard deviation of performance measures: Distance approach

HEOM HEOM HEOM HEOM HEOM HEOM
MEAN RC: SMALLEST 1 RC: SMALLESTS RC: SMALLEST10 | Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY (%) 9.392 7.693 8.896 6.117 10.817 8.781
ISOLATION (%) 7.982 2.182 6.818 6.884 6.801 6.801
MCC 0.090 0.028 0.084 0.060 0.124 0.087
SHEOM SHEOM SHEOM SHEOM SHEOM SHEOM
MEAN RC: SMALLEST 1 RC: SMALLEST 5 RC: SMALLEST10 | Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY (%) 8.039 7.127 9.035 6.477 6.406 7.693
ISOLATION (%) 8.025 2.333 6.477 6.547 6.190 5.553
MCC 0.091 0.026 0.084 0.062 0.084 0.070
IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM
MEAN RC: SMALLEST 1 RC: SMALLEST 5 RC: SMALLEST10 | Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY (%) 4.151 8.371 9.863 6.459 4.666 4.286
ISOLATION (%) 5.634 3.194 6.406 6.023 3.689 5.238
MCC 0.058 0.171 0.092 0.062 0.045 0.056

In summary, the cost-matrix utilisation as functional parameter presented both positive and
negative deviation in comparison to the default functional permutation of the Distance ap-
proach. Deviation in performance between normalisation entries were observed to be minor
in comparison to the deviation observed for the cost-matrix utilisation. It is noteworthy that
the largest improvements to accuracy and isolation respectively were delivered by separate
permutations instead of a single functional parameter permutation. While the IQR-HEOM
MEAN delivered the highest accuracy, the highest isolation was demonstrated by the IQR-
HEOM RC: SMALLEST 10. The standard deviation associated with each of these values
were also smaller (better) than those observed for the default HEOM-MEAN permutation.

5.3.2 Sensitivity analysis: Distance approach

Following the execution of the above-mentioned FDI using the range of Distance approach
permutations, individual FDI performance measure values were used as samples in performing
the sensitivity analysis of the functional parameters selected. From the 10 datasets utilised,
each section of the two-way ANOVA table contains 10 samples for each functional parameter
combination, as seen in Table 5.7, populated with accuracy values for the respective Distance
approach permutations.
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Table 5.7: Accuracy values - Distance approach

COST MATRIX UTILISATION
ACCURACY MEAN RC: RC: RC: Threshold: | Threshold:
SMALLEST 1 | SMALLEST 5 | SMALLEST 10| 2-5D MIN 3-5D MIN

61.505 A7.619 90.476 66.667 57.143 66.667

76.190 42,857 85.714 80.952 76.190 76.190

61.505 42857 76.1590 76.1590 66.667 66.667

85.714 33.333 66.667 85.714 85.714 85.714

71.429 33.333 76.1590 71.429 66.667 76.1590

HEOM 90.476 52.381 76.190 76.190 85.714 76.190
80.952 33.333 57.143 80.952 76.1590 61.505

71.429 47.619 76.190 76.190 76.190 76.190

80.952 33.333 80.952 85.714 85.714 90.476

85.714 28.571 71.429 85.714 95.238 85.714

66.667 A7.619 90.476 66.667 71.429 66.667

76.190 42,857 85.714 80.952 80.952 76.190

g 71.429 42,857 80.952 80.952 76.190 66.667
='=t 90.476 33.333 66.667 85.714 90.476 85.714
el 71.429 33.333 76.190 71.429 76.190 80.952
g SHEOM 90.476 52.381 76.190 71.429 85.714 85.714
5 80.952 33.333 57.143 80.952 80.952 66.667
= 71.429 47.619 76.190 76.190 80.952 80.952
85.714 33.333 80.952 85.714 90.476 85.714

80.952 33.333 71.429 85.714 90.476 80.952

85.714 47.619 71.429 66.667 71.429 80.952

85.714 38.095 85.714 85.714 76.190 85.714

80.952 47.619 66.667 71.429 71.429 80.952

85.714 38.095 66.667 80.952 76.190 80.952

76.190 42,857 61.505 76.190 76.190 76.190

IQR-HEOM

85.714 33.333 90.476 76.190 85.714 85.714

90.476 28.571 66.667 71.429 80.952 85.714

80.952 38.095 57.143 85.714 80.952 76.190

85.714 19.048 76.190 80.952 80.952 80.952

90.476 42,857 76.190 85.714 71.429 90.476

From the MCC values delivered by the range of Distance approach permutations, the ANOVA
executed for this performance measure seen in Table 5.8 illustrates the layout of the table from
which the various sums of squares values are calculated. These sums of squares calculated
for the respective functional parameters, as the independent variables during analysis, have
resulted in the following outcomes when comparing the respective F-values:

- The F-value for normalisation (Row) is less than the F-critical value, and indicates no
significant difference in group means. The null hypothesis can be accepted for this source
of variation.

- The F-value for cost-matrix utilisation (Column) is larger than the F-critical value,
which is an indication of significant cause to variation being observed amongst groups.
The null hypothesis for the cost-matrix utilisation is to be rejected, while the alternate
hypothesis — that of significant difference in group means — is to be accepted.

- The F-value, when compared to the associated F-critical value, indicates to the null
hypothesis being accepted to no significant difference being observed between group
means.
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Table 5.8: ANOVA MCC - Distance approach

Anova: Two-Factor With Replication Distance Approach - MCC

SUMMARY | MEAN | snAffésn | smtfésrs | SMA:LCE.ST 10 | TH;;S)H;;Q | m;?)"rz;o' | Total

HEOM
Sum 3.77 1.64 3.66 3.84 3.94 371 20.57
Average 0.38 0.16 0.37 0.38 0.39 0.37 0.34
Variance 0.01 8.89E-04 0.01 3.94E-03 0.02 0.01 0.01
SHEOM

Sum 3.94 1.66 371 3.85 4.33 3.79 21.28
Average 0.39 0.17 0.37 0.39 0.43 0.38 0.35
Variance 0.01 7.73E-04 0.01 4.27€E-03 0.01 0.01 0.01

IQR-HEOM
Sum 4.55 1.08 3.38 3.81 3.67 4.24 20.73
Average 0.46 0.11 0.34 0.38 0.37 0.42 0.35
Variance 3.75E-03 0.03 0.01 4.34E-03 2.26E-03 3.52E-03 0.02

Columns
Count 30 30 30 30 30 30
Sum 12.27 4.38 10.74 11.51 11.94 11.74
Average 0.41 0.15 0.36 0.38 0.40 0.39
Variance 0.01 0.01 0.01 3.90E-03 0.01 0.01

ANOVA

Source of Variation SS df MS F P-value Fcrit Null Hyphothesis
Row 4.66E-03 2 2.33E-03 0.30 0.74 3.05 TRUE
Column 1.51 5 0.30 39.27 2.73E-26 2.27 FALSE
Interaction 0.10 10 0.01 1.24 0.27 1.89 TRUE
Within 1.24 162 0.01
Total 2.85 179

Analysis of the accuracy values delivered by the range of Distance approach permutations
presents a similar outcome as observed for the ANOVA of MCC values. The F-values calcu-
lated in analysing the accuracy values delivered the following outcomes:

- The F-value for normalisation (Row) is less than the F-critical value, and the null hy-
pothesis can be accepted.

- The F-value for cost-matrix utilisation (Column) is larger than the F-critical value, and
the alternate hypothesis — a significant difference exists in group means — should be
accepted.

- The F-value, when compared to the associated F-critical value, indicates to the null
hypothesis being accepted, with no significant difference being observed between group
means.
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Anova: Two-Factor With Replication

Table 5.9: ANOVA Accuracy - Distance approach

Distance Approach - Accuracy

SUMMARY | MEAN | smt&:sr 1 | smﬁ;ésrs | SMA:LCE.ST 10 | TH;;S)H;;D- | m;z;":l;o‘ | Total
HEOM
Sum 766.67 395.24 757.14 785.71 771.43 761.90 4238.10
Average 76.67 39.52 75.71 78.57 77.14 76.19 70.63
Variance 98.01 65.76 87.93 41.57 130.01 85.66 275.31
SHEOM
Sum 785.71 400 761.90 785.71 823.81 776.19 4333.33
Average 78.57 40 76.19 78.57 82.38 77.62 72.22
Variance 71.81 56.44 90.70 46.61 45.60 65.76 272.24
IQR-HEOM
Sum 847.62 376.19 719.05 780.95 771.43 823.81 4319.05
Average 84.76 37.62 71.90 78.10 77.14 82.38 71.98
Variance 19.15 77.85 108.09 46.36 24.19 20.41 302.16
Columns
Count 30 30 30 30 30 30
Sum 2400 1171.43 2238.10 2352.38 2366.67 2361.90
Average 80 39.05 74.60 78.41 78.89 78.73
Variance 71 63.18 92.79 41.81 68.31 60.57
ANOVA
Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 87.93 2 43.97 0.67 0.51 3.05 TRUE
Column 38688.46 5 7737.69 117.84 4.24€-52 2.27 FALSE
Interaction 807 10 80.70 1.23 0.28 1.89 TRUE
Within 10637.19 162 65.66
Total 50220.58 179
Table 5.10: ANOVA Isolation - Distance approach
Anova: Two-Factor With Replication Distance Approach - Isolation
SUMMARY | MEAN | SMA?I‘.;E.ST 1 | SMAtfés'ls I SMA:LCE.SI 10 | m;isn“rz:p' | Tu:giu':;o. | Total
HEOM
Sum 366.67 61.90 309.52 433.33 352.38 352.38 1876.19
Average 36.67 6.19 30.95 43.33 35.24 35.24 31.27
Variance 70.80 5.29 51.65 52.66 51.40 51.40 184.76
SHEOM
Sum 361.90 66.67 309.52 423.81 376.19 371.43 1909.52
Average 36.19 6.67 30.95 42.38 37.62 37.14 31.83
Variance 71.55 6.05 46.61 47.62 42.58 34.27 177.94
IQR-HEOM
Sum 380.95 71.43 319.05 476.19 380.95 366.67 1995.24
Average 38.10 7.14 31.90 47.62 38.10 36.67 33.25
Variance 35.27 11.34 45.60 40.31 15.12 30.49 187.93
Columns
Count 30 30 30 30 30 30
Sum 1109.52 200 938.10 1333.33 1109.52 1090.48
Average 36.98 6.67 31.27 44.44 36.98 36.35
Variance 55.80 7.19 44.86 49.00 35.47 36.72
ANOVA
Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 125.72 2 62.86 1.59 0.21 3.05 TRUE
Column 25970.77 5 5194.15 131.68 3.48E-55 227 FALSE
Interaction 126.73 10 12.67 0.32 0.97 1.89 TRUE
Within 6390.02 162 39.44
Total 32613.25 179
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The analysis of isolation values in Table 5.10 delivered by the Distance approach permutations
present an identical case to what was previously observed for both MCC and accuracy. Only
the cost-matrix utilisation (Column) demonstrated significant variation amongst group means,
resulting in the acceptance of the alternate hypothesis for this source of variation.

The sensitivity demonstrated towards each of the respective sources of variation during analy-
sis of each performance measure was consistent for the Distance approach. In calculating the
sensitivity value towards each source of variation using (31), the sensitivity is demonstrated
proportionately to the total sum of variation in Table 5.11 for MCC, accuracy, and isolation
respectively. Figure 5.1 provides a visual demonstration to compare the scale of sensitivity
towards each source of variation considered in the ANOVA performed. This sensitivity is cal-
culated independently for each performance measure, and does not serve any influence towards
sensitivity exhibited for the other performance measures.

From the sensitivity demonstrated in Table 5.11 below, sensitivity towards the normalisation
functional parameter as source of variation is minimal for each of the performance measures
considered. Thus, the Distance approach does present significant sensitivity towards normal-
isation as a functional parameter. Significantly higher sensitivity is demonstrated towards
cost-matrix utilisation for each of the respective performance measures than any other source
of variation in the ANOVA performed. This observation returns to the performance val-
ues seen in the previous section, where a clear difference was observed amongst column-wise
cost-matrix utilisation selections. While minimal sensitivity was observed to the interaction
between normalisation and cost-matrix utilisation, notable sensitivity was observed for the
variation within ANOVA sample groups, as is indicative to minor performance variation in
the FDI results for the datasets used in this study.

Table 5.11: Sensitivity values - Distance approach

Source of Variation | MCC | Accuracy | Isolation
Normalisation 0.002 0.002 0.004
Cost-Matrix Utilisation | 0.529 0.770 0.796
Interaction 0.033 0.016 0.004
Within 0.436 0.212 0.196
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Figure 5.1: Performance measure sensitivity - Distance approach

5.4 Eigendecomposition - Qualitative approach

Execution of the Eigendecomposition — A Qualitative approach for FDI is presented in this
section, as per the structure of functional parameter permutations demonstrated in Chapter
3, while utilising the same datasets as initially acquired for this study. This section will
discuss the FDI results obtained for these functional parameter permutations according to the
identified performance measures, and is accompanied by the ANOVA performed to determine
whether significant sensitivity is demonstrated towards the functional parameters utilised.

5.4.1 FDI: Qualitative approach

Permutations of the Qualitative approach demonstrated variable capability in correctly detect-
ing fault conditions observed, where Table 5.12 demonstrates results delivered by the default
permutation HEOM 3-SD for dataset 1. While the NOC was correctly detected and isolated,
only one fault condition was correctly isolated amongst those observed. Further inspection
of the results indicates that the majority share of classifications were incorrectly assigned to
the NOC instead of an alternate fault condition, which caused the low correct detection rate
delivered for this dataset.
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Table 5.12: FDI Results: HEOM 3-SD - Dataset 1

REFERENCE GRAPH DATABASE FDI OUTCOME

- ~ n <« n © ~ © e S b=} S 3 3 9 3 ] 3 a 8

s s 5 s 5 5 5 |Is |5l |5 |5 5 5|5 |5 |5 |5 |5 |5
SR B R B B B B R EEB REIERRIEBEIERBEB B [ |2 |oemionfsoaion

Z Py s [y [y [y [y Py e e [y [y [y [y U e s [y [y [y Py
NOC 6521 500 | 969 [1563] 0 | 0 | 0 | 0 Jomo|o31[ozi] 0 | 0 ] 0 | 0 |302]031[052] 0 | 0 | 0 | TrueNez | Correct
FAUTT | 1960[7729] 031] 0 | 0 | 0 | © | o | o | o | o | o] o o [z208]0oe3] o | o | o o TruePos | Correct
FAULTZ [6063| 0 | 104 [2827] 0 | 0 | 0 | 0 | 0 [094| 0 | 0 | 0 [021| 031 [1125] 0.0 104 O | O | 021 | FalseNeg | Missed
FAULTS [ 4781] 0 | 259[4646] 0 | 0 | 0 | 0 | 0 | 25| 0 | 0 | 0 |o04z| 042|063 0 |073] 0] © FalseNeg | Missed
FAULTA | 2344|000 0 | 0 | 0 | 0 | 0 | 0 | 0 | 0 |042] 625 | 063 [6427| 021 © | 0 | 448 | 010 0 | 0.0 | TruePos | Missed
FAULTS [7427] 0 | 0 | 2080102198 0 | 0 | 0 [oz2i| o | 0 [ 0 |5 o | 0 [ 0 [ozi| o | © FalseNeg | Missed
FAULTG |1708] 0 [ T3] 0 | 0 | 0 | 0 | 0 o[ o [ozx] o | 0o o o] o o o] o [8146 TruePos | Miissed
o [AUT7 [2010[ 010 0 [ 0 | 0 [ 0 | 0 | 0 [3395] 0 [2604] 0 |1594] 031|040 052 0 | 0 | 0 | 177 | L35 TruePos | Wissed
& [FAUTs [6760] 0 |33 [1625] © | 0 | 0 | 0 | 0 [833] 125] 0 | 0 | 0 [063] 188|004 0 | 0 | 0 | 0 | FelseNeg | Missed
& [FAume [7990] 0 | 771 0 | 0 | 0 | 0 | 0 | 0 Jo31| 0 | 0 | 0 | 0210101125 021031 0 | © FalseNeg | Missed
2 [FAumTw0| 1947 0 | o | © | © [ © [ © [040] 0 | 0 [3281] 0 [021[010] 0 | 0 [4698 0.21] 021 0.10 | 0.10 | TruePos | Missed
E[AUmTi|T677] 0 [ 0 | 0 [®23] 0 [ 0 [ 0 | © [ 0| 0 [ 0] 0 [ 0 [ 0 [0 [0 0 [ 0 0 [ 0 | Trueros | Mised
% [FAULTT2 | 1688] 0 [8073 031[010| 0 [ 0 | 0 | 0 [125] 0 | 0 | 0 [010] 0 | 0 | 0 [031[031| 0 | 0 | Trueros | Wissed
SlAunBB|79] 0 | 0 | 0 [431] 0 ] 0 | 0| 0] 0 0 o] 0] 0 0 0 0373 0 0 0 fruePos | Wissed
FAUT14[7625| 00| 0 | 0 | 0 | 0 | 0 | 0 | 250|990 0 | 0 | 0 | 28| 0 |698] 0 | 0 |010| 135| 0 | FalseNeg | Missed
FAULT15[ 2885| 010 | O [3438] 0 | 0 | 0 | 0 | 0 [625] 0 [010| 0 [ 010 063 | 771 ] 0.10 | 0.94 | 0.10 [ 20.31| 042 | TruePos | Missed
FAUCTI6[4907] 0 | 0 | 0 ] 0 | 0 | 0] 0] 0| 0 [w00] 0] 0 0 0] 048] 0 0] 0] 0 [FabseNeg | Mssed
FAULT17[36.98| 010 | 0 [1020] 0 | 0 | O | 0 [1031[1292] 0 | 031 073[021| O | 25| 0 [2625] O | 0.10 | 0.73 | FalseNeg | Missed
FAUT18| 16.67] 021 | 021 | 625 0 | 052 0 | 0 | 0 |031| 0 [283] 0 [4948| 02| 0 | 0 |03L| © O | TruePos | Missed
FAUT 19| 6521| 0 | O |2281] 0 | 0 | 0 | 0 | 0 |052[021| 0 | 0 | 010 021 |1063] 000 021 0 | © | 0 | FalseNeg | Missed
FAULT20[6354] 0 | 0 [354] 0 [ 0 | o [ o [ 0 [ o | 0 [073] 0 [ 0| o o] 0 [08 0 | 0 [3L35] FalseNeg | Missed

From results illustrated in Tables 5.13 and 5.14, the SHEOM 1-SD and IQR-HEOM 2-MAD
respectively demonstrate a similar to higher capability in delivering correct detection classi-
fications, while instead delivering a notable improvement to isolation classifications per the
datasets observed. A similar case is observed in the majority of incorrect classifications being
allocated to the NOC, with the IQR-HEOM 2-MAD presenting a minor improvement towards
discerning between normal and fault condition when inspecting values for faults 11-13, and
faults 16-20 in Table 5.14 below.

Table 5.13: FDI Results: SHEOM 1-SD - Dataset 5

REFERENCE GRAPH DATABASE FDI OUTCOME
- ~ o0 < n © ~ o ) 2 = o a M a 3 S 1 2 :
5 5 5 5 5 5 5 5 5 =] 5 5 5 5 5 5 5 5 5 5
s 3 2 B 2 B 2 B B 2 B 12 B B B B [2 B [2 I3 |2 [oerecron|isotanon

2 [y [y [y [y o u . [y [y [y [y o u u [y [y [y [y o u
NOC 51.35] 0 43.85 0 0 0 0 0 0 1.46 | 031 0 0 0.10 | 0.10 | 1.77 | 0.21 | 0.73 | 0.10 0 0 TrueNeg Correct
FAULT1 | 50.31]49.17| 0.10 0 0 0 0 0 0 0 0 0 0 0 0 0 0.10 [ 0.10 | 0.10 | 0.10 | FalseNeg Missed
FAULT 2 | 27.92 0 62.60 0 0 0 0 0 0 2.40 | 031 0 0 0.10 | 1.35| 5.00 | 0.10 | 0.21 0 0 0 TruePos Correct
FAULT 3 | 20.21 0 0 69.27 0 0 0 0 0 6.15 | 0.63 0 0 0 0 292 | 0.10 | 0.10 0 0.63 0 TruePos Correct
FAULT4 | 19.79| 1.15 0 0 18.96( O 0 0 0 0.21 0 59.90| O 0 0 0 0 0 0 0 0 TruePos Missed
FAULTS | 17.19] O 0 0 0 82.50| O 0 0.10 | 0.10 0 0.10 0 0 0 0 0 0 0 0 0 TruePos Correct
FAULT6 | 21.77| 0.21 0 0 2.81 0 0.10 0 60.73| 1.98 | 8.54 0 198 | 0.73 | 0.21 | 0.73 | 0.10 0 0 0 0.10 | TruePos Missed
[ FAULT7 | 16.67| O 80.10 0 0.73 0 0.10 | 0.10 | 0.94 0 0.42 0 0 0 0.52 0 0.10 0 0 0 0.31 | TruePos Missed
% [FAULT8 | 60.42] © 0 14.69 0 0 0 0 0.10 | 7.92 0 0.83 | 3.02 | 7.81 | 1.25| 2.40 0 1.15 0 0 0.42 | FalseNeg Missed
('5‘ FAULT9 | 6490| O 0 0.52 0 0 0 0 0 3.85| 0.63 0 0 0.42 | 021 | 2.81 | 0.21 | 0.52 | 0.21 | 25.73 0 FalseNeg Missed
g FAULT 10 | 60.31| 0.10 | 36.04 0 0 0 0 0 0.10 | 0.31 | 0.52 0 0.73 0 0 0.73 0 0 0 1.15 0 FalseNeg Missed
E FAULT 11 | 28.75 | 64.58 0 0 0 0 0.10 | 0.10 0 0 6.04 | 0.42 0 0 0 0 0 0 0 0 TruePos Missed
§ FAULT 12 | 25.42 0 0 0 0 0 0 0 0.10 | 1.25 | 0.42 0 0.21 | 0.10 0 7.19 | 18.85| 0.21 0 46.25 0 TruePos Missed
O |FAULT13 | 85.42| 0 3.23 0 0 0 0 0 031 1.88 | 0.63 0 0 0.10 | 0.94 | 7.08 0 0.10 [ 0.31 0 0 FalseNeg Missed
FAULT 14 | 50.42 0 0.10 0 0 0 0 0 0 0.52 | 38.02 0 0 0.21 | 0.42 0 1.46 0 8.65 [ 0.21 0 FalseNeg Missed
FAULT 15| 52.60| O 44.06 0 0 0 0 0 0.10 | 1.15| 0.42 | 0.10 0 0.21 | 0.10 | 0.21 | 0.10 | 0.52 | 0.10 | 0.10 | 0.21 | FalseNeg Missed
FAULT 16 | 99.58| O 0 0 0 0 0 0 0 0 0.42 0 0 0 0 0 0 0 0 0 0 FalseNeg Missed
FAULT 17| 95.73| O 0 0.21 0 0 0 0 0 0.10 0 0.10 | 0.94 0 0 1.56 | 0.42 0 0 0 0.94 | FalseNeg Missed
FAULT 18 | 56.15| O 37.50 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 6.35 | FalseNeg Missed
FAULT 19| 17.29| 0.31 | 1.04 0 0 0 0 0 0.10 | 1.25| 0.21 | 0.10 | 0.10 | 0.21 | 0.10 | 1.98 | 0.10 | 0.10 0 77.08| 0 TruePos Correct
FAULT 20| 52.81| O 6.15 | 0.42 0 0 0 0 0.52 | 6.25| 0.31 | 11.04| 0.31 | 0.52 | 0.10 0 20.31 0 0 0 1.25 | FalseNeg Missed
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Table 5.14: FDI Results: IQR-HEOM 2-MAD - Dataset 8

REFERENCE GRAPH DATABASE FDI OUTCOME

- ~ n <« n © ~ o e S b=} S 3 3 9 3 ] 3 a 8

s s 5 s 5 5 5 |Is |5l |5 |5 5 5|5 |5 |5 |5 |5 |5
SR B R B B B B R EEB REIERRIEBEIERBEB B [ |2 |oemionfsoaion

Z Py s [y [y [y [y Py e e [y [y [y [y U e s [y [y [y Py
Noc  [9271] 0 | 0 [073] 0 Jow| 0 | 0 Jo2i| 0 | 0] 0 ] 0 |o031| 0 |417] 0 | 031 031] 042 073 | TrueNeg | Correct
FAUCTT | 1760|8218 010 0 | 0 | 0 | 0o [ 0 ] 0 | 0o 0] 0] 0 o] o o] 0] 0 0] 0] 0| Trueros | Correct
FAULTZ [3250] 0 |6542] 0 | 0 | 0 | 0 | 0 | 0 [o021[010] 0 | 0 [042| 0 |010[ 010 031 | 031| 0 | 052 | TruePos | Correct
FAULTS [1823] 0 | 0 [8021] 0 | 0 | 0 | 0 ] 0 [256] 0 ] 0 ] 0 0] o] 0] 0] 0 0] 0] 0| trueros | Correct
FAULTA [1667] 0 | 0 | 948 0 00| 0 | 0 | 0 | 0 | 0 [3156] 0 | 0 | 0 | 0 | 0 [4215] 0 | 0 | 0 | TruePos | Missed
FAULTS [8656] 0 [1260] 0 | 0 [ 0 | o | o [ o [ o | 0 | o | o [ot0| o[04 0 | 0 [021] 0 | 0 | FalseNeg | Missed
FAULTG | 26.67| 1354] 0 [ 990] 0 | 0 | O [010] 3442907 0 |02 021 0 | 0 [02i] 0 | 0 |1054] 490 073 | Truepos | Missed
o [FAUT7 5098 0 [0 [0 | 0 [ 0 | 0 [ 0 [365] 0 [ 0 | 0 |010[02[ 0 [510] 0 | 0 | 0 [ 0 | 0 | FakeNeg | Wissed
& [FAUDTs [8646] 0 | 0 | 0 | © | 0 | 0 | 0 [354] 0 | 0 | © | 0] 0 [ 0] 0 [ 0 0 0] 0 0 |FkeNeg | Missed
% [FAUCT9 |2083] 0 |o063[7656] 0 | 0 | 0 | 0 | 0 | 177 0 | 0 | 0 |02t 0 | 0 | 0 | 0 | 0 | 0 | 0 [ TruePos | Wissed
2 [FAUTI0| 5281 0 | o | 0 | 0 [010] 0 | 0 [031]040] 040 0 | 010 010 063 | 250 | 0.10 | 052 | 1.77 | 0.21 | 063 | FalseNeg | Missed
E [AUm T 1740|2073 0 [0a0| 0 | 0 |02i| 0 | 0 | 0 | 0 [2281[1417] 040| 0 | 063 [1725] 0 |[040] 0 | 646 | Trueros | Correct
& [FAULTT2 | 1667] 094 [ 010 0 | 0 [010] 0 | 0 [2604] 0 | 0 | 0 [3104] 0 [7500] 0 [040] 0 | 0 | 0 | 0 | iruepos | Correct
S [FAUm I3[ 2625] 0 | 0 |20 010] 0 | 0 | 0 |042] 698 0 |010| 0 | 031 0 | 292 010] 042 0 |6000] 02| TruePos | Wiissed
FAULT14[8625| 0 |010| 0 | 0 | 0 | 0 | 0 | 021|073 010|010 0 | 031|031 | 354] 0 | 0 | 021 | 7.50 | 0:63 | FalseNeg | Missed
FAUCT15[97.9] 0 | 0 | 0 [0t o | o | o | 0 [o052] 0 | 0 | 0 | 0 [oto| 77| 0 |02 0 |010] 0 | FalseNeg | Missed
FAUCT16] 16.77| 000 | 021 0 | 0 [5063| 010 0 | 0 [073| 0 o100 0 | 0 | 0 [35] 0 | 0 | 0 | 0 [ Trueros | Missed
FAULT17[2577] © 021 0 | 0 | 0 | 0 | 0 | 0 [1698] 0 [896| 0 [052| 0 | 0 [010[5135] 0 | 0 | 00| TruePos | Correct
FAULT18[ 4885 0 | D531[1729] 0 | 0 | O | 0 | 0 [1646] 0 | 0 | 0 [ 10d| 0 052 0 | 0 [052] 0 | 0 | FalseNeg | Missed
FAULT19| 41.46| O |5552| 0 | 0 | 0 | O | 0 |o021|021| 0 |010| 0 |042| O | L04| 0 | 052 0.10 | 0.21 | 021 | TruePos | Missed
FAUCT20[ 16.77] 0 | 0.21 010 146 [ 010 0 | 0 | 0 [2042] 594 0312188 0 | 0 [ 0 | © | 0 | 0 [3281] TruePos | Correct

Performance results delivered by the respective permutations of the Qualitative approach
present a significant change in conditions in comparison to results observed for the Distance
approach above. The default HEOM 3-SD permutation demonstrated only moderate accuracy
to correctly classify conditions observed, and a considerably lower isolation rate as extension
of the accuracy observed. The default permutation presented both the lowest accuracy and
isolation rate amongst the range of Qualitative approach permutations, with only a single case
presenting 1% difference for each of these measures. The HEOM 2-MAD demonstrated similar
accuracy to the default permutation, while demonstrating a 5% improvement to isolation
over the default permutation. The IQR-HEOM 3-SD presents a contrast, where a 13.8%
improvement to accuracy is delivered in comparison to the default permutation, while only
yielding 0.5% difference from the default permutation’s isolation rate.

The utilisation of the MCC as performance measure now presents a clear case to the impor-
tance in monitoring an FDI method’s capability to correctly classify the normal condition
when evaluating performance. MCC values observed in Table 5.15 for the Qualitative ap-
proach permutations illustrate four cases where moderate accuracy is coupled with a negative
MCC value delivered by a permutation. These negative MCC values are indicative of the re-
spective permutations failing to correctly discern the normal condition from the range of fault
conditions observed, while still presenting moderate accuracy results. The highest accuracy
value was delivered by the IQR-HEOM 2-SD permutation, while the highest isolation value
was delivered by the IQR-HEOM 1-SD, with an increase of 11% when compared to the default
HEOM 3-SD.
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Table 5.16 presents the standard deviation values associated with the performance results
delivered by the respective Qualitative approach permutations. This provides additional con-
text when comparing deviation in performance between the respective permutations and the
default HEOM-3SD. This can be observed for the HEOM 1-MAD, where improvement to
performance delivered is associated with a larger standard deviation of the overall results
delivered by this permutation.

Table 5.15: Performance measures - Qualitative approach

HEOM HEOM HEOM HEOM HEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 50.952 57.143 58.571 51.905 55.238
ISOLATION (%) 14.286 19.524 20.476 19.524 20.476
MCC 0.210 0.237 0.246 0.215 0.236

SHEOM SHEOM SHEOM SHEOM SHEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 62.381 58.571 60.476 57.143 63.810
ISOLATION (%) 19.524 24.286 20.476 24.286 23.810
MCC -0.158 -0.002 0.173 0.158 0.232

IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 64.762 65.238 55.714 56.667 55.238
ISOLATION (%) 14.762 18.571 25.714 24.286 17.143
MCC -0.149 0.154 0.232 0.238 0.230

Table 5.16: Standard deviation of performance measures - Qualitative approach

HEOM HEOM HEOM HEOM HEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 9.536 6.389 8.262 10.313 13.669
ISOLATION (%) 6.734 5.408 5.654 5.813 6.042
MCC 0.039 0.030 0.045 0.044 0.071

SHEOM SHEOM SHEOM SHEOM SHEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD
ACCURACY (%) 9.147 7.392 9.048 8.518 6.801
ISOLATION (%) 4.972 3.956 6.406 6.547 6.023
MCC 0.033 0.226 0.177 0.181 0.141

IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD
ACCURACY (%) 8.571 6.406 8.262 10.090 9.571
ISOLATION (%) 6.190 5.408 6.098 6.884 4.364
MCC 0.031 0.204 0.041 0.049 0.044
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5.4.2 Sensitivity analysis: Qualitative approach

Analysis of the MCC values delivered by Qualitative approach permutations presented in Table
5.17 illustrates an interesting case to where multiple sources were identified as significant cause
to variation amongst group means. Both normalisation and cost-matrix utilisation presented
significant variation between their respective sample groups, while additionally presenting
significant interaction between these independent variables. This interaction is a result of
clear difference in performance values, as these are more widely distributed per their respective
ranges as opposed to the consistent results observed for the Distance approach. Note the size
of the F-values calculated in comparison to their respective F-critical values, as this gives an
indication of the significance to variation observed. Additional observation is made to the sums
of squares to variation within samples observed. This constitutes a significant share of the
total sums of squares indicating widespread variation amongst samples per respective sample
group, and results in inconsistent or widely distributed results delivered by the respective
Qualitative approach permutations.

Table 5.17: ANOVA MCC - Qualitative approach

Anova: Two-Factor With Replication Qualitative Approach - MCC
summAry | 35D | 2-5D | 1-5D | 2-MAD | 1-MAD | Total |
HEOM

Sum 2.10 2.37 2.46 2.15 2.36 11.44
Average 0.21 0.24 0.25 0.22 0.24 0.23
Variance 1.70E-03 1.00E-03 2.22E-03 2.14E-03 5.62E-03 2.52E-03

SHEOM
Sum -1.58 -0.02 1.73 1.58 2.32 4.03
Average -0.16 -1.85E-03 0.17 0.16 0.23 0.08
Variance 1.23E-03 0.06 0.03 0.04 0.02 0.05

IQR-HEOM

Sum -1.49 1.54 2.32 2.38 2.30 7.04
Average -0.15 0.15 0.23 0.24 0.23 0.14
Variance 1.04E-03 0.05 1.85E-03 2.64E-03 2.18E-03 0.03

Columns
Count 30 30 30 30 30
Sum -0.96 3.88 6.50 6.10 6.98
Average -0.03 0.13 0.22 0.20 0.23
Variance 0.03 0.04 0.01 0.01 0.01

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 0.55 2 0.28 19.11 4.94E-08 3.06 FALSE
Column 1.43 4 0.36 24.62 2.59E-15 2.44 FALSE
Interaction 0.68 8 0.09 5.87 1.94E-06 2.01 FALSE
Within 1.96 135 0.01
Total 4.63 149
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Analysis of the accuracy results in Table 5.18 delivered by the range of method permutations
indicates only the normalisation (Row) presenting significant variation to sample group means.
The null hypothesis associated with this functional parameter as a source of variation not
being significant should be rejected, where the alternate hypothesis should be accepted as this
functional parameter is a significant cause to variation observed for the group means. The
within group additionally presented the majority share to the total sums of squares observed,
and is again indicative of samples being widely distributed within the respective sample groups
as a result of inconsistent behaviour by the respective permutations.

The isolation results ANOVA delivered by the range of permutations in Table 5.19 indicates
both normalisation and cost-matrix utilisation, presenting significant variation to group means
respectively. The null hypothesis for both parameters can be rejected and their alternate hy-
potheses are to be accepted based on their F-values exceeding the respective F-critical values.
No significant variation was observed for the interaction between independent variables, while
a significant variation within sample groups maintains its presence as observed for the previous
performance measures.

Table 5.18: ANOVA Accuracy - Qualitative approach

Anova: Two-Factor With Replication Qualitative Approach - Accuracy
SUMMARY | 3-sD | 2-5D | 1-5D | 2-MAD | 1-MAD | Total |
HEOM

Sum 509.52 571.43 585.71 519.05 552.38 2738.10
Average 50.95 57.14 58.57 51.90 55.24 54.76
Variance 101.03 45.35 75.84 118.17 207.61 109.45

SHEOM
Sum 623.81 585.71 604.76 571.43 638.10 3023.81
Average 62.38 58.57 60.48 57.14 63.81 60.48
Variance 92.97 60.72 90.95 80.62 51.40 75.20

IQR-HEOM

Sum 647.62 652.38 557.14 566.67 552.38 2976.19
Average 64.76 65.24 55.71 56.67 55.24 59.52
Variance 81.63 45.60 75.84 113.13 101.79 97.41

Columns
Count 30 30 30 30 30
Sum 1780.95 1809.52 1747.62 1657.14 1742.86
Average 59.37 60.32 58.25 55.24 58.10
Variance 123.13 59.95 79.26 102.59 128.86

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 937.26 2 468.63 5.24 0.01 3.06 FALSE
Column 438.40 4 109.60 1.22 0.30 2.44 TRUE
Interaction 1298.56 8 162.32 1.81 0.08 2.01 TRUE
Within 12083.90 135 89.51
Total 14758.13 149
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Table 5.19: ANOVA Isolation - Qualitative approach

Anova: Two-Factor With Replication Qualitative Approach - Isolation
SUMMARY 3-sD [ 2-5D | 1-5D | 2-MAD 1-MAD | Total |

HEOM
Sum 142.86 195.24 204.76 195.24 204.76 942.86
Average 14.29 19.52 20.48 19.52 20.48 18.86
Variance 50.39 32.50 35.53 37.54 40.56 41.61

SHEOM
Sum 195.24 242.86 204.76 242.86 238.10 1123.81
Average 19.52 24.29 20.48 24.29 23.81 22.48
Variance 27.46 17.38 45.60 47.62 40.31 37.06

IQR-HEOM
Sum 147.62 185.71 257.14 242.86 171.43 1004.76
Average 14.76 18.57 25.71 24.29 17.14 20.10
Variance 42.58 32.50 41.32 52.66 21.16 53.02
Columns

Count 30 30 30 30 30
Sum 485.71 623.81 666.67 680.95 614.29
Average 16.19 20.79 2222 22.70 20.48
Variance 43.16 32.03 44.31 47.98 39.33

ANOVA
Source of Variation SS df MS F P-value Fcrit Null Hyphothesis
Row 338.32 2 169.16 4.49 0.01 3.06 FALSE
Column 793.65 4 198.41 5.27 5.68E-04 2.44 FALSE
Interaction 573.24 8 71.66 1.90 0.06 2.01 TRUE
Within 5086.17 135 37.68
Total 6791.38 149

A summary of the sensitivity calculated for the respective performance measures is presented
in Table 5.20 for each of the respective sources of variation considered in the ANOVA. Fig-
ure 5.2 presents a visual comparison to these sensitivity values, where a clear consistency is
demonstrated in the sensitivity to variation within samples. This reinforces the observation
that the performance by the Qualitative approach permutation is inconsistent and varies in its
ability to classify conditions observed. Due to the size of the within sum of squares calculated
for each of the ANOVASs performed, sensitivity to the within variation then forms the majority
share of overall sensitivity observed in Figure 5.2, while individual significant sources to varia-
tion determined in the ANOVA are not clear in this figure. Thus, individual sensitivity should
be solely based on the ANOVA hypotheses accepted, as the variation within sample groups
delivered by the Qualitative approach’s permutations are significantly distributed, resulting
in inconclusive results if only based on the sensitivity values in Table 5.20.
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Table 5.20: Sensitivity values - Qualitative approach

Source of Variation | MCC | Accuracy | Isolation
Normalisation 0.120 0.064 0.050
Cost-Matrix Utilisation | 0.309 0.030 0.117
Interaction 0.147 0.088 0.084
Within 0.424 0.819 0.749

100

8 8

Sensitivity (%)
B &8 & 8 8 3
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=]
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Figure 5.2: Performance measure sensitivity - Qualitative approach
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5.5 Eigendecomposition - Quantitative approach

The execution of the Eigendecomposition - Quantitative approach for FDI — is presented
in this section as per the three functional parameter permutations identified in Chapter 3
in utilising the datasets acquired for this study. This section will discuss the FDI results
obtained for the respective permutations according to the identified performance measures,
and is accompanied by the ANOVA performed to determine whether significant sensitivity is
demonstrated towards normalisation as a functional parameter for this FDI method.

5.5.1 FDI: Quantitative approach

Results for the default HEOM permutation is presented in Table 5.21, where a large quantity
of conditions were correctly detected, including the NOC, where only few conditions were
correctly isolated. The detection and isolation delivered by the SHEOM permutation seen
in Table 5.22 demonstrate a fair detection capability, with only a minor quantity of correct
isolation classifications for the range of conditions observed.

Table 5.21: FDI Results: HEOM MEAN - Dataset 2

REFERENCE GRAPH DATABASE FDI OUTCOME
- ~ o < n © ~ © L) 2 = o a M a 3 S 3 2 R
5 5 =] 5 5 5 5 5 =] 5 5 5 5 5 5 5 =] 5 5 5
s 3 2 B 2 B B B B 2B B 12 B B B B [2 B [2 I3 [ |[oerecron|isotanon

2 s [y ™y ™y o o u s [y ™y [y o o u u [y ™y [y o o
NOC 9427 O 0.83 0 0 0 0 0 0.10 0 0.31 | 0.21 0 0.31 | 0.21 0 0.10 | 0.10 | 3.02 0 0.52 | TrueNeg Correct
FAULT1 | 16.67| 0.42 | 4.90 0 0 0 0 0.10 0 0 0 0 77.92 0 0 0 0 0 0 0 TruePos Missed
FAULT 2 | 25.31 0 26.25 0 0 0 0 0 0.10 0 0.10 | 0.10 0 46.25 0 0.21 | 0.31| 0.10 | 0.63 0 0.63 | TruePos Missed
FAULT3 | 19.06|] O 0 75.73 0 0 0 0 0 0.73 0 0 0 0.10 0 2.29 | 0.63 0 1.35 0 0.10 | TruePos Correct
FAULT4 | 1760 O 0.10 0 0.10 0 0 0 5.63 | 6.35 0 4438 5.10 | 11.56| O 531 0 0 0 0.21 | 3.65 | TruePos Missed
FAULTS5 | 71.15] O 0 0 0 0.10 0 0 0 0.63 0 0 19.48 | 0.52 0 458 | 0.21 | 0.31 | 3.02 0 0 FalseNeg Missed
FAULT6 | 16.67| 77.81| 0.21 0 0 0 0 0 0 5211 0.10 0 0 0 0 0 0 0 0 0 0 TruePos Missed
[ FAULT7 | 16.67| O 0.63 0 0 0 0 0 0.21 0 0 0 0 0 8198| O 0 0 0 0.52 0 TruePos Missed
E FAULT8 | 16.67| O 27.50 0 0 0 0 0 0.21 0 0.10 0 0 55.42 0 0 0 0 0 0 0.10 | TruePos Missed
© |FAULT9 | 18.13 0 76.35 0 0 0 0 0 0 1.15] 031 0 0 1.15] 0.10 | 1.35 | 0.10 0 0.21 | 0.94 | 0.21 | TruePos Missed
g FAULT 10| 16.67| O 0 0 0 0 0 0 0.10 | 6.15 | 0.31 0 0 0 0.73 | 64.17| 0.10 0 0 11.77 0 TruePos Missed
E FAULT 11| 16.67| O 0 0 0.10 0 0 0 0.10 | 0.10 | 0.10 | 24.58 0 0 57.50| 0 0 0 0 0 0.83 | TruePos Missed
g FAULT 12| 90.63| O 0 0 0 0 0 0 0.21 | 0.94 | 0.21 0 156 | 094 | 0.10 | 1.77 | 0.10 | 0.21 | 2.71 0 0.63 | FalseNeg Missed
O |FAULT13| 16.67| O 0.21 0 0 0 0 0 0 1.67 | 031 0 0 0 44.38| 4.06 0 0 0 32.71 0 TruePos Missed
FAULT 14 | 24.48| O 0 0 0 0 0 0 0.21 0 0.21 0 0 0 70.00| 3.96 | 0.10 0 0.10 [ 0.63 | 0.31 | TruePos Correct
FAULT 15| 61.15] O 0 0 0 0 0 0 0 0.10 0 0 0 29.38| 0 5.83 | 0.94 | 0.10 | 2.08 0 0.42 | FalseNeg Missed
FAULT16 | 32.92| O 64.48 0 0 0 0 0 0 0 0.31 | 0.10 0 0.10 | 0.10 0 0.21 | 0.10 | 1.15 0 0.52 | TruePos Missed
FAULT 17 | 33.65 0 0 0 0 0 0 0 0.10 | 0.42 | 0.10 | 0.83 0 0 60.83| 0.42 0 0 0.73 0 2.92 | TruePos Missed
FAULT 18 | 16.67| O 0 0 0 0 0 0 0.42 | 0.10 | 0.31 0 0.10 0 594 | 0.73 0 0.10 | 75.42] 0.21 0 TruePos Correct
FAULT 19| 18.44| O 0 0 0 0 0 0 0.10 | 0.21 | 0.42 0 0 0 26.25| 3.96 0 0 0.21 | 50.42 0 TruePos Correct
FAULT 20 | 57.50| O 0 0 0 0 0 0 0 0.94 0 0 0 0.63 0 3.85| 1.04 | 0.10 [ 2.08 | 0.31 | 33.54] FalseNeg Missed
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The IQR-HEOM MEAN permutation demonstrated in Table 5.23 presents an interesting case
to FDI results observed. While the initial observation of the detection classifications indicates
a moderately high rate of correct detection classifications, caution should be taken, as the
incorrect detection classification of the normal condition should be noted carefully. This “False
Positive” classification is indicative of this permutation being unable to realistically discern
between normal and possible fault conditions observed. The IQR-HEOM MEAN additionally
presents a case of multiple isolation classifications, in order to select fault conditions indicative
of this permutation perceiving these conditions as highly similar to the respective reference
conditions.

Table 5.22: FDI Results: SHEOM MEAN - Dataset 5

REFERENCE GRAPH DATABASE FDI OUTCOME
- ~ o < n © ~ © L) 2 = o a M a 3 S 3 2 :
5 5 5 5 5 5 5 5 5 =] 5 5 5 5 5 5 =] 5 5 5
s 3 2 B 2 B B B B 2 B 2 B B B B [2 B [2 |18 [ [oerecron|isotanon

2 s [y ™y [y o o u u [y ™y [y o o u u [y ™y [y o o
NOC 49.48| 0 47.50 0 0 0 0 0 0.21 | 0.31| 0.10 0 0 0.21 0 0.63 | 0.10 | 1.15 | 0.21 | 0.10 0 TrueNeg Correct
FAULT1 | 16.67 | 82.40| 0.10 0 0 0 0 0 0.63 0 0 0 0.10 0 0.10 0 0 0 0 0 0 TruePos Correct
FAULT2 | 1969 O 79.48 0 0 0 0 0 0.10 | 0.10 0 0 0 0 0.10 | 0.42 0 0.10 0 0 0 TruePos Correct
FAULT3 | 21.04] O 0 41.67 0 0 0 0 0 3.44 0 0 0 0.10 0 031 0.10 | 0.21 | 0.52 [ 32.50| 0.10 | TruePos Correct
FAULT4 | 16.67| O 0 0 83.33 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 TruePos Correct
FAULTS5 | 16.77| O 0 0 0 82.81 0 0 0 0 0 0 0.10 0 0.21 0 0 0.10 0 0 0 TruePos Correct
FAULT6 | 16.67 | 14.27| 1.25 0 0 0 0.10 0 37.40| 0.10 0 0 021 | 1.77 | 2469| O 0.21 0 0.10 0 3.23 | TruePos Missed
[ FAULT7 | 16.67| O 2.71 0 0 0 0 0 0 0 0 0 0.10 0 7865| O 0.52 0 0.31 0 1.04 | TruePos Missed
E FAULT8 | 16.67| O 79.27 0 0 0 0 0 0 0.21 0 0 0 3.13 0 0.42 0 0 0 0.31 0 TruePos Missed
@ |FAULT9 |58.13| O 0 0 0 0 0 0 0.10 | 1.77 | 0.10 | 0.10 0 0.42 0 1.35] 0.21 | 0.94 | 0.63 | 36.25 0 FalseNeg Missed
g FAULT 10| 16.67| O 0 0 0 0 0 0 0.52 | 0.73 0 0 1.04 | 0.21 | 69.79| 9.38 | 1.04 0 0.10 [ 0.31 | 0.21 | TruePos Missed
E FAULT 11| 22.40| O 0 0 0 0 0 0 031 ] 0.21 0 0 0 031 ] 031} 0.21 0 0 0 75.73| 0.52 | TruePos Missed
g FAULT 12| 51.15| O 0 0 0 0 0 0 0.21 | 1.04 0 0 323 | 021 | 0.42 | 6.88 | 0.21 0 0.21 | 35.94| 0.52 | FalseNeg Missed
O |FAULT13] 73.13] © 21.46 0 0 0 0 0 0.10 | 0.10 0 0.10 0 0 0.10 | 3.23 | 0.10 | 1.56 [ 0.10 0 0 FalseNeg Missed
FAULT 14| 8135| O 13.33 0 0 0 0 0 0.21 0 0 0 0 021 | 115 1.46 | 0.21 | 0.10 | 1.04 | 0.10 | 0.83 | FalseNeg Missed
FAULT 15| 52.50| O 45.31 0 0 0 0 0 0 0.10 | 0.10 0 0 0.42 0 0.42 | 0.10 | 0.73 [ 0.10 | 0.10 | 0.10 | FalseNeg Missed
FAULT 16 | 89.90| O 7.60 0 0 0 0 0 0.10 | 0.31 | 0.10 0 0 0.21 | 0.31 0 0.42 | 0.73 | 0.10 0 0.21 | FalseNeg Missed
FAULT 17| 16.67| O 0 0 0 0 0 0 0.42 0 0.94 0 8.13 [ 0.31 | 9.58 | 43.75| 0.83 0 0.21 0 19.17] TruePos Missed
FAULT 18| 71.56|] O 0 0 0 0 0 0 0.21 | 0.10 | 0.10 0 0 031 020 | 1.25 | 0.63 | 0.10 | 1.35 | 23.33| 0.94 | FalseNeg Missed
FAULT 19 | 18.54| 0.21 | 72.29| 0.10 0 0 0 0 0.10 | 0.21 0 0 0 0.31 0 0.83 | 0.10 0 0 7.19 | 0.10 | TruePos Missed
FAULT 20| 16.67| O 0 0 0 0 0 0 0.31 0 0 0 0 0.21 | 0.21 | 0.10 0 0 0.21 [ 79.69| 2.60 | TruePos Missed
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Table 5.23: FDI Results: IQR-HEOM MEAN - Dataset 7

REFERENCE GRAPH DATABASE FDI OUTCOME

- ~ n <« n © ~ o e S b=} S 3 3 9 3 ] 3 a 8

s s 5 s 5 5 5 |Is |5l |5 |5 5 5|5 |5 |5 |5 |5 |5
SR B R B B B B R EEB REIERRIEBEIERBEB B [ |2 |oemionfsoaion

Z Py e [y [y [y [y Py e e [y [y [y [y U Py s [y [y [y Py
NOC 2740| 0 6698 0 | 0 ] 0 | 0 | 0 | O | 4] 0 |073| 0 |02 04z 198 031] 031 021 O | O | Falsepos | Missed
FAULTL | 1667|8281] 00| 0 | 0 | 0 | 0o | o | o | o | 0] 0 [ow[o3t] 0] 0o o o 0] 0 0] fruePos | Correct
FAULTZ [3260] 0 [5906] 0 | 0 | 0 | 0 | 0 | 0 [031[ 031021 0 | 0 | 042|396 021 031 | 1.35 | 0.73 | 052 | TruePos | Correct
FAUCTS [1667] 0 | 0 [7385] 0 | 0 | 0 | 0 | 0 [3335[042] 0 | 0 | 0 |042]z27i] 0 | 0 | 0 | 260] 0 | Truepos | Correct
FAULTA [1667] 0 | 0 | 563] 0 | 0 | 0 [o1o] 0 [108|208] 0 | 0 | 0 | 0 | © | 0 | 0 [7384] 0 | 0 | Truepos | Missed
FAULTS [1844] 0 | 0 | 0 | 0 | 0 | 0 | 0 | 0 [010[ 042|010 938 0 | 083|063 000 0 | 0.52 [69.27] 031 | TruePos | Missed
FAULT6 | 1667] 0 | 0 | 0 | 0 [7792] 0 | 0 | 0 [om0| 0 | 0 |53t 0 | 0 | 0] 0| o 0] 0] 0 | frueros | Missed
o [AUT7 [1667] 0 [ 0 [ 0 | 0 [552[ 021|010 0 | 0 | 0 | 0 | 240 0 [ 0 | 0 [ 0 | 0 [7323] 0 | 188 Truepos | Wissed
& [FAUDTs [5990] 0 | 0 | © | © | 0 | 0 | 0 | 0 [021| 031|010 0 | 010 021 |1156] 0 | 052 | 1.56 | 25.42] 0.10 | FalseNeg | Missed
E [fAUmS |1667] 0 | 0 | 0 | 0 | 0 | 0 | 0 |031] 0 | 0 | 0 |031[8040] 010| 229| © | 0 | 010 020 O | TruePos | Missed
2 [FAUT10| 1688 0 [ 385 0 | © | © [ © | 0 | 0 [260] 146 0 | 0 | 0 | 146|854 25| 0 | 031 [6365] 0 | TruePos | Missed
E[AUmTTi|T667] 0 [ 0 | 0 [®323] 0 | 0 [ 0 | 0 [010] 0 [ 0 | 0 [ 0 [ 0 [ 0 [ 0| 0 [ 0| 0 [ 0 | Trueros | Missed
@ [FAULTT2[1667] 0 | 0 | 0 | 0 [ 0 [ 0 | 0 [010[ 040 0 | 0 | 052[7865[ 040 365] 0 [010[ 010 0 | 0 | Truepos | Wissed
S AU 3| 1667] 167 [ 00| O | 0 | 0 | 0 | O |375] 760|052 0 | 02| 0 [6531] 385| 0 | 010] 010 O | 0.00| TruePos | Wissed
FAUT 14| 1667] 0 |010| 0 | 0 | 0 | O | 0 |2448| 1146 0 | 0 | 031 [4344| 010|333 0 | 010 0 | © | 0 | TruePos | Missed
FAUCT15[1667] 0 |00 0 | 0 | 0 | 0 | 0 [o31[ 02| 0 | 0 |042[7906] 0 [302] 0 | 0 [021] 0 | 0 | Truepos | Missed
FAULT16| 1667| 0 |13.75[6063] 0 | 0 | © | 0 | 0 063|323 0 | 0 | 0 | 188313 0 |00 0 | 0 | 0 | Truepos | Miissed
FAUT17[1667] 0 | 0 | 0 [823] o | o [ 0o [ 0o [ o [ o | o | o[ o o] o o[ 0| 0 0] 0 [ frueros | Missed
FAUCTI8[ 1667] 0 | 0 [750] 0 | 0 | 0 | 0 | 0 [25[365] 0 | 0 | 0 |o031] 177 O [6885] 0 | O | TruePos | Correct
FAUT19| 1667] 0 |2635] 0 | 0 | 0 | 0 | 0 | 0 |083|042] 0 | 0 | 0 | 67| 125|063 0 | 0 [5208] 0.10| TruePos | Correct
FAULT20[ 1667] 0 | 0 | 0 [3490] o0 [0t o | 0 [owo| o | o [ o [ o | o] o o 0 0] o [4823] Trueos | Correct

The mean performance results observed for the 3 Quantitative approach permutations present
a similar behaviour for accuracy, where both alternative permutations delivered higher results
than the default permutation. Alternatively, the default permutation presents a middle-
ground for isolation, as the SHEOM MEAN demonstrated minor improvement over the de-
fault, while the IQR-HEOM MEAN delivered a reduced isolation capability in comparison to
the default permutation. MCC results by both HEOM-MEAN and SHEOM-MEAN are fair,
where a contrast is seen for the IQR-HEOM MEAN permutation. The mean MCC value for
this permutation is indicative of the false positive classification observed in Table 5.23, which
is not the only instance experienced for the range of datasets utilised.

The standard deviation for these respective performance measures is included per Table 5.25,
where additional complexity is introduced when discerning which permutation demonstrated
the best performance. The IQR-HEOM MEAN permutation demonstrated the smallest stan-
dard deviation for each of the respective performance measures, yet the negative MCC value
delivered by this permutation still casts doubt to its capability in correctly discerning between
normal and fault conditions.
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Table 5.24: Performance measures - Quantitative approach

HEOM HEOM HEOM
MEAN MEAN MEAN
ACCURACY (%) 71.429 79.524 84.762
ISOLATION (%) 25.238 29.048 23.810
MCC 0.327 0.313 -0.075

SHEOM SHEOM SHEOM
MEAN MEAN MEAN
ACCURACY (%) 8.781 7.982 4.666
ISOLATION (%) 6.042 6.547 3.689
MCC 0.066 0.233 0.020

Table 5.25: Standard deviation of performance measures - Quantitative approach

5.5.2 Sensitivity analysis: Quantitative approach

The sensitivity analysis performed for the Quantitative approach presented the use of a single
factor ANOVA to determine the significance of a single independent variable as cause to the
variation observed. This variation is observed as between groups for the range of functional
parameter permutations. Table 5.26 illustrates the first ANOVA performed to determine
whether normalisation presented significant cause to the variation observed. With the F-
value calculated exceeding the F-critical value, the null hypothesis stating that no significant
variation exists between group means should be rejected, and the alternate hypothesis stating
the existence to such significant variation exists between group means should be accepted. Ad-
ditionally, the sum of squares within group variation is observed to be fairly less than between
groups, indicating fair consistency between MCC values by the respective permutations.

ANOVA illustrated in Table 5.27 for the accuracy values delivered by the respective permu-
tations delivers a similar case with the calculated F-value exceeding the F-critical values, and
is indicative of the normalisation being a significant cause to variation observed between sam-
ples groups. Therefore, this null hypothesis should be rejected and the alternate hypothesis
should be accepted. Note the size of the sum of squares calculated for within groups, as this
comprises the majority share of the total sum of squares for this analysis.

Analysis of the isolation values presented by Table 5.28 indicates the opposite result as ob-
served for the other performance measures, where the calculated F-value did not exceed the
F-critical value. Thus, no significant cause to variation between sample groups was observed
and the null hypothesis should be accepted.
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Table 5.26: ANOVA MCC - Quantitative approach

Anova: Single Factor Quantitative Approach - MCC

SUMMARY
Groups Count Sum Average Variance
HEOM 10 3.27 0.33 4.88E-03
SHEOM 10 3.13 0.31 0.06
IQR-HEOM 10 -0.75 -0.07 4.23E-04

ANOVA

Source of Variation SS df MS F P-value Fcrit Null Hyphothesis
Between Groups 1.04 2 0.52 23.82 1.09€-06 3.35 FALSE
Within Groups 0.59 27 0.02
Total 1.63 29

Table 5.27: ANOVA Accuracy - Quantitative approach

Anova: Single Factor Quantitative Approach - Accuracy

SUMMARY
Groups Count Sum Average Variance
HEOM 10 714.29 71.43 85.66
SHEOM 10 795.24 79.52 70.80
IQR-HEOM 10 847.62 84.76 24.19

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Between Groups 902.49 2 451.25 7.49 0.00 3.35 FALSE
Within Groups 1625.85 27 60.22
Total 2528.34 29

The sensitivity values calculated in Table 5.29 align with the hypothesis accepted for each
of the respective ANOVAs performed. The selection of the normalisation value presented
significant cause to variation of the MCC and the accuracy delivered by the permutations.
Sensitivity of the isolation towards normalisation was determined to be small, and is consistent
with the acceptance of the null hypothesis observed in Table 5.28. The remainder of sensitivity,
seen in Figure 5.3, demonstrated towards within the sample groups is indicative of a moderate
difference in samples delivered by the Quantitative approach permutations.

Table 5.28: ANOVA Isolation - Quantitative approach

Anova: Single Factor Quantitative Approach - Isolation

SUMMARY
Groups Count Sum Average Variance
HEOM 10 252.38 25.24 40.56
SHEOM 10 290.48 29.05 47.62
IQR-HEOM 10 238.10 23.81 15.12

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Between Groups 146.64 2 73.32 2.13 0.14 3.35 TRUE
Within Groups 929.71 27 34.43
Total 1076.34 29
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Table 5.29: Sensitivity values - Quantitative approach

Source of Variation | MCC | Accuracy | Isolation

Normalisation 0.638 0.357 0.136

Within 0.362 0.643 0.864

70
60
40
30
0
10
MCC

Accuracy Isolation
Figure 5.3: Performance measure sensitivity - Quantitative approach

Sensitivity (%)
w
=

m Normalisation Within

5.6 Conclusion

Following the execution of both FDI and subsequent sensitivity analysis, a discernible differ-
ence could be observed in the performance results delivered by the default, as well as alternate
permutations for each of the respective FDI approaches.

The Distance approach demonstrated a moderate-to-high accuracy, coupled with a fair isola-
tion capability for the respective operation conditions observed in this study. Clear sensitivity
is demonstrated towards the cost-matrix utilisation functional parameter, where a difference in
performance could be observed between the functional parameter’s values when implemented
individually. An additional finding resulting from the implementation of multiple functional
parameters is that separate permutations demonstrated the highest values for accuracy and
isolation respectively. An 8% and 10% improvement was observed to the default permuta-
tion’s accuracy and isolation values respectively, while standard deviation of results by these
two permutations were lower than those observed for the default permutation.
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The Qualitative approach demonstrated a lower performance overall in comparison to the
Distance approach, where varied significance was observed towards the functional parame-
ters analysed for the respective performance measures. Accuracy was moderate, with values
ranging between 50-65%, while only being capable in correctly isolating 14-25% of conditions
observed. Additionally, multiple negative MCC-values were recorded for select permutations,
indicating that these are inconsistent in their ability to discern between normal and fault con-
ditions. Sensitivity towards the functional parameters varied amongst performance measures,
where both normalisation and cost-matrix utilisation was identified as significant sources to
variation with high interaction noted between these parameters in the MCC values. Analysis
of the accuracy values only indicated the cost-matrix utilisation in presenting a significant
source of variation, while analysis of isolation values identified both functional parameters
as significant. For each of the ANOVA’s performed for Qualitative approach permutations,
significant variation within samples was observed for the performance results delivered by
these permutations. This indicates an inconsistency of their capability in discerning between
conditions observed in performing FDI.

The Quantitative approach demonstrated improved accuracy compared to the Qualitative
approach, while presenting isolation rates slightly below those observed for the Distance ap-
proach. While the IQR-HEOM MEAN permutation delivered a higher accuracy, it also pre-
sented negative MCC values as an indication of this permutation having incorrectly classified
multiple normal conditions amongst the datasets utilised. This draws attention to being cau-
tious in assuming performance without considering a permutation’s ability to consistently
discern between normal- and fault conditions. Lastly, the normalisation functional parameter
proved significant to variation observed for both MCC and accuracy values, while not present-
ing significant to isolation performance by the respective Quantitative approach permutations.
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Chapter 6

Validation of sensitivity analysis

6.1 Introduction

Following FDI and sensitivity analysis performed of the various EGBV methods in Chapter
5, the results observed required validation to determine whether the proposed concept of
functional parameter sensitivity holds true under different operational conditions. Validation
for this study would consist of setting the operation of the Tennessee Eastman process to
Mode 5 [9]. This will alter the production output ratio (G/H) delivered by the TEP model
from 50/50 to 10/90, where fault conditions could present different node signatures within the
model. This chapter will follow the model setup for Mode 5, followed by performing both FDI
and sensitivity analysis using a similar structure implemented in Chapter 5. This includes
executing 18 Distance approach permutations, 15 Qualitative approach permutations, and 3
Quantitative approach permutations for the 10 datasets simulated for the 10/90 product ratio.

The FDI procedure was implemented identically to what was done in Chapter 5, without any
deviation in methodology, to allow an accurate comparison of performance results and iden-
tifying consistent behaviour in the EGBV methods. FDI was first performed using the range
of functional parameter permutations for each respective EGBV method, and accompanied
by the sensitivity analysis performed similar to Chapter 5. The FDI and sensitivity analysis
results for Mode 5 datasets were first discussed separately on notable behaviour demonstrated
by the EGBV methods for this TEP operation mode. This discussion is presented on the com-
parison of results by the EGBV methods for the Base case mode and Mode 5 operating modes
respectively. This comparison of results would allow the EGBV methods to be inspected with
the aim of identifying whether behaviour in performance and functional parameter sensitivity
held constant, or if deviation could be observed between TEP operation modes.

96



6.2 Purpose of validation

Validation is the substantiation that the concept possesses a satisfactory range of accuracy
consistent with the intended application domain [26]. The validity of the proposed functional
parameter sensitivity concept needs to be determined in respect to stated research question as
to its correctness. Evaluating this “correctness” would serve to determine whether the concept
would be valid for one set of experimental conditions and invalid for another [26]. The scope
by which concept validity could be considered when applied under different conditions can be
expanded into two separate cases:

- Performing concept validation through only using a single model under separate op-
erating conditions would result in the validation only being proven for a specific use
case. Validation of the proposed concept would then only be considered to hold true for
application to the specific model implemented.

- Performing concept validation through the use of an additional /external model than used
for initial experiment results would provide a broader environment in observing how the
proposed concept holds true for operation conditions that are presented differently to
those observed for the initial experiment. Validation of the proposed concept could then
be considered true for a wider range of use, with less restrictions imposed to model
conditions.

The validation of the functional parameter sensitivity concept in this study would be per-
formed as per this first case, where the TEP would be configured to operate at a different
operation mode to deliver known operating conditions differently, as previously observed for
the initial experiment. Doing so would serve to establish initial confidence in the proposed
concept of functional parameter sensitivity [26]. The purpose in performing this validation
could then be stated as two qualitative questions by which confidence in the concept could be
evaluated:

- Do EGBV method functional parameters demonstrate consistent performance behaviour
between TEP operation modes?

- Do EGBV methods demonstrate consistent sensitivity towards the respective functional
parameters between TEP operation modes?

Evaluating whether a model or concept is valid for use is commonly based on the accuracy
required by its intended use, where an acceptable range for any deviation would be speci-
fied. When performing validation testing, results observed within this acceptable range would
confirm the model or concept to be valid for its intended purpose. An alternative exists,
where accuracy is instead evaluated qualitatively as when exploring a concept/model, to-
wards gaining insight into its behaviour or performance for specific conditions observed. The
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qualitative-based evaluation is suitable for this study as both performance and sensitivity be-
haviour would be evaluated for consistent behaviour, as opposed to a fixed acceptable range
defined. Thus the concept validation would be based on whether the consistency in behaviour
by functional parameters for EGBV methods is reasonable [26].

6.3 TEP Model: Mode 5 Operation

From the range of operation modes available for the TEP model, Mode 5 in [9] was selected
as a suitable option for generating additional datasets to be used for the concept validation.
Mode 5 consists of altering production constraints to deliver output products G/H at mass
ratios 10/90 under maximum capacity for the system. Table 6.1 presents the setpoint values
for both Mode 5 and the base case mode, as implemented for the initial sensitivity analysis of
the EGBV functional parameters.

Table 6.1: Setpoint values for TEP operation modes [9]

Number Measure Unit | Base Case (50/50) | Mode 5 (10/90)
XMEAS(1) A Feed kscmh 0.251 0.325
XMEAS(2) D Feed ke /h 3664 761
XMEAS(3) E Feed kg/h 4509 8354
XMEAS(4) A +C Feed kscmh 9.35 8.87
XMEAS(5) Recycle flow kscmh 26.90 31.27
XMEAS(6) Reactor feed kscmh 42.34 46.24
XMEAS(7) Reactor pressure kPa 2705 2800
XMEAS(8) Reactor level % 75 65.0
XMEAS(9) Reactor temperature °C 120.4 124.6
XMEAS(10) Purge rate kscmh 0.337 0.384
XMEAS(11) Sep temperature °C 80.1 88.9
XMEAS(12) Sep level % 50 50.0
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Sep pressure kPa 2634 2705

XMEAS(14 Sep underflow m®/h 25.16 27.45
XMEAS(15 Stripper level % 50 50.0
XMEAS(16 Stripper pressure kPa 3102 3330
XMEAS(17 Stripper underfow m?/h 22.95 23.55
XMEAS(18 Stripper temperature °C 65.73 63.9
XMEAS(19 Steam flow kg/h 230 5.11
XMEAS(20 Compressor work kW 341 271.7
XMEAS(21) | React. cool temperature °C 94.6 108.5
XMEAS(22) | Condo. cool temperature °C 77.3 89.8
XMEAS(23 Feed - A mol% 32.19 34.78
Feed - B mol% 8.89 7.85

XMEAS(25 Feed - C mol% 26.38 19.54
XMEAS(26 Feed - D mol% 6.88 1.24
XMEAS(27 Feed - E mol% 18.78 26.03
XMEAS(28 Feed - F mol% 1.66 5.60
XMEAS(29 Purge - A mol% 32.96 36.71
XMEAS(30 Purge - B mol% 13.82 11.47
XMEAS(31 Purge - C mol% 23.98 14.57
XMEAS(32 Purge - D mol% 1.26 0.13
XMEAS(33 Purge - E mol% 18.58 22.92
XMEAS(34 Purge - F mol% 2.26 7.44
Purge - G mol% 4.84 1.26
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XMEAS(36) Purge - H mol% 2.30 5.51
XMEAS(37) Product - D mol% 0.02 0.00
XMEAS(38) Product - E mol% 0.84 1.01
XMEAS(39) Product - F mol% 0.10 0.32
XMEAS(40) Product - G mol% 53.72 11.65
XMEAS(41) Product - H mol% 43.83 85.53

With changes to the above-mentioned measurement setpoints, a near-identical structure to
generating datasets was followed as implemented for the initial datasets acquired for this
study. This includes using identical random seed values for datasets 1 to 10, and performing
a simulation of operation conditions at the same duration as done previously. This includes
25 hours simulated for reference conditions, and 48 hours for operation conditions. Deviation
from the previously implemented structure occurs with the duration of simulated time, after
which fault conditions may occur. This is due to the initial startup of the model occurring at
50/50, and requires additional time for the system to transition towards the 10/90 setpoint
at normal operating conditions. This initial normal operating period was extended from 1
hour, as implemented for datasets previously acquired for this study, to 8 hours to ensure
the system has reached the 10/90 production ratio setpoint at normal operation, prior to
introducing fault conditions to the system.

Figure 6.1 illustrates the ratio of products G/H produced during normal operating conditions
for both base case mode and Mode 5 operation of the TEP model. Data demonstrated in this
figure is for XMEAS(40) and XMEAS(41), simulated for both initial and validation dataset
2 (random seed 2). Mode 5 operation did not reach the G/H setpoint values as XMV1 was
constrained to 20% while XMV2 was saturated at 200% during operation. This resulted in
the reactant D Feed being in excess of the required SP with this material reducing capacity
available for other reactant material in the reactor. This imbalance of reactant material would
then have prevented optimal reactor operation and limit the output of products to reach the
required amount for this operation mode. While Mode 5 was not able to reach the G/H
production setpoints, it is still accepted for this study in providing significant variation to the
previously observed base case mode operating conditions.
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Figure 6.1: TEP model product ratios

6.4 Validation - Distance approach

In performing validation of the FDI results previously observed for the Distance approach,
each of the 18 permutations were repeated using the Mode 5 datasets acquired for this chapter.
The default HEOM-MEAN permutation demonstrated a moderately high average accuracy
of 85% as average for the Mode 5 datasets, where accuracy by the other permutations illus-
trated in Table 6.2 ranged between 83.3-93.3% in close proximity to the default permutation.
Permutations implementing the RC: SMALLEST 1 option, demonstrated a clear deviation
by delivering the highest values, in comparison to the base case mode results where these
permutations previously delivered the lowest accuracy values. The remainder of permutations
demonstrate consistent behaviour to accuracy between the two respective operation modes.
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Table 6.2: Mode 5 performance measures: Distance approach

HEOM HEOM RC: HEOM RC: HEOMRC: HEOM Threshold: HEOM Threshold:
MEAN SMALLEST 1 SMALLEST 5 SMALLEST 10 2-SD MIN 3-SD MIN
ACCURACY (%) 85.238 93.333 87.619 85.238 87.143 83.333
ISOLATION (%) 35.714 2.857 9.048 15.238 23.333 27.143
MCC -0.017 -0.017 -0.060 -0.014 0.055 0.077
SHEOM SHEOMRC: SHEOMRC: SHEOMRC: SHEOM Threshold: | SHEOM Threshold:
MEAN SMALLEST 1 SMALLEST § SMALLEST 10 2-SD MIN 3-SD MIN
ACCURACY (%) 86.190 93.333 88.095 85.238 87.143 83.333
ISOLATION (%) 37.619 2.857 9.524 17.619 26.667 30
MCC -0.013 -0.017 -0.059 -0.017 0.055 0.072
IQR-HEOM IQR-HEOM RC: IQR-HEOM RC: IQR-HEOM RC: IQR-HEOM Threshold: [IQR-HEOM Threshold:
MEAN SMALLEST 1 SMALLEST 5 SMALLEST 10 2-SD MIN 3-SD MIN
ACCURACY (%) 89.524 92.857 87.619 84.762 89.048 92.857
ISOLATION (%) 44.286 5.714 9.524 20.476 36.667 42.381
MCC 0.172 0.047 -0.013 0.034 0.294 0.450

Isolation performance delivered for Mode 5 operation presents a more varied case in compari-
son to the base case mode in Chapter 5. The default HEOM-MEAN permutation demonstrates
consistent behaviour by delivering 35.7% isolation, compared to the 36.6% isolation delivered
for the base case mode. Significant variation is amongst the range of functional parameter per-
mutations with isolation values ranging between 2.8-44.2%, as the majority of permutations
demonstrated a lower isolation performance than the default permutation. Additionally, the
individual permutations presenting the highest isolation performance for Mode 5 operation
differ to those previously demonstrating highest isolation performance for the base case mode.
This presents a case to isolation performance being inconsistent for the alternate permutations
of the Distance approach between the respective operation modes for the TEP model.

MCC values delivered for mode 5 operation present an interesting observation, where 9 of
the permutations implemented, including the default HEOM-MEAN permutation, delivered
a negative mean MCC value for the Mode 5 operation datasets. This indicates that these per-
mutations could not consistently discern the NOC from the fault conditions experienced. More
consistent MCC values are observed for permutations implementing IQR-HEOM normalisa-
tion or either of the two threshold-based options to cost-matrix utilisation. The IQR-HEOM
Threshold: 3-SD Min permutation delivered the highest average MCC value for Mode 5 oper-
ation, and is consistent with its MCC value of 0.424% previously observed for base case mode
operation.
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Table 6.3: Standard deviation of performance measures: Distance approach (Mode 5)

HEOM HEOM HEOM HEOM HEOM HEOM
MEAN RC: SMALLEST 1 RC: SMALLESTS RC: SMALLEST10 | Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY (%) 5.813 3.159 3.810 8.896 4.786 5.734
ISOLATION (%) 5.324 3.159 4.972 5.553 3.956 4.786
MCC 0.162 0.027 0.024 0.145 0.247 0.245
SHEOM SHEOM SHEOM SHEOM SHEOM SHEOM
MEAN RC: SMALLEST 1 RC: SMALLEST 5 RC: SMALLEST10 | Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY (%) 4.972 3.159 3.194 8.371 4.786 5.324
ISOLATION (%) 6.547 3.159 5.216 4.786 4.364 3.719
MCC 0.160 0.027 0.022 0.131 0.247 0.235
IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM
MEAN RC: SMALLEST 1 RC: SMALLEST 5 RC: SMALLEST10 | Threshold: 2-SD MIN | Threshold: 3-SD MIN
ACCURACY (%) 6.317 3.194 5.303 5.553 7.392 6.818
ISOLATION (%) 4.286 2.857 6.023 5.238 5.654 6.190
MCC 0.365 0.216 0.124 0.214 0.385 0.439

Standard deviation (SD) values for the respective performance measures are illustrated in
Table 6.3, where the majority of permutations delivered lower SD values for both accuracy
and isolation when compared to their respective values delivered for the base case mode. SD of
MCC values presented higher across all permutations for Mode 5 operation than demonstrated
in the base case mode previously observed in Chapter 5.

From the FDI results delivered by the Distance approach permutations, the Two-way ANOVA
with replication was performed to establish the presence of functional parameter sensitivity for
each of the performance measures. Table 6.4 demonstrates the ANOVA performed in analysing
the variance observed amongst MCC values delivered by the respective permutations. Fol-
lowing the same notation for normalisation (row) and cost-matrix utilisation (column) in the
ANOVA table, the following observations to the null hypotheses are made:

- The F-value calculated for normalisation (Row) is significantly higher than the associated
F-critical value, indicating a significant variance that is observed between the respective
normalisation options. The null hypothesis shall be rejected and the alternate hypothe-
sis of significant difference existing between normalisation group means can be accepted.

- The F-value for cost-matrix utilisation (Column) is larger than the F-critical value and
the alternate hypothesis, therefore the hypothesis that a significant difference in group
means exists should be accepted.

- The F-value for interaction between functional parameters, when compared to the associ-

ated F-critical value, indicates that the null hypothesis can be accepted, as no significant
difference was observed between group means.
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An analysis of accuracy values was delivered by the Distance approach permutations for Mode
5 operation, as illustrated in Table 6.5, where an identical case was observed for the MCC
values:

- The F-value for normalisation (Row) is larger than the F-critical value, and the null hy-
pothesis should be rejected. The alternate hypothesis can be accepted, as a significant
difference in group was observed.

- The F-value for cost-matrix utilisation (Column) is larger than the F-critical value, and
the alternate hypothesis that significant difference in group means exists can be accepted.

- The F-value for interaction between functional parameters, when compared to the associ-
ated F-critical value, indicates that the null hypothesis can be accepted, as no significant
difference was observed between group means.

Table 6.4: ANOVA MCC - Distance approach (Mode 5)

Anova: Two-Factor With Replication Distance Approach - MCC
SUMMARY | MEAN | SMA':(L;éST 1 | SMA?EE‘ST 5 | SMA:‘LCE-ST 10 | m:imhu | m;z;“r:’l :JD. | Total
HEOM
Sum -0.17 -0.17 -0.60 -0.14 0.55 0.77 0.24
Average -0.02 -0.02 -0.06 -0.01 0.06 0.08 3.93E-03
Variance 0.03 8.10E-04 6.29E-04 0.02 0.07 0.07 0.03
SHEOM
Sum -0.13 -0.17 -0.59 -0.17 0.55 0.72 0.22
Average -0.01 -0.02 -0.06 -0.02 0.06 0.07 3.63E-03
Variance 0.03 8.10E-04 5.36E-04 0.02 0.07 0.06 0.03
IQR-HEOM
Sum 1.72 0.47 -0.13 0.34 2.94 4.50 9.83
Average 0.17 0.05 -0.01 0.03 0.29 0.45 0.16
Variance 0.15 0.05 0.02 0.05 0.16 0.21 0.13
Columns
Count 30 30 30 30 30 30
Sum 1.42 0.12 -1.32 0.04 4.04 5.98
Average 0.05 4.05€-03 -0.04 1.28E-03 0.13 0.20
Variance 0.07 0.02 0.01 0.03 0.11 0.14
ANOVA
Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 1.03 2 0.51 9.10 1.79€-04 3.05 FALSE
Column 1.28 5 0.26 4.53 6.80E-04 2.27 FALSE
Interaction 0.59 10 0.06 1.04 0.41 1.89 TRUE
Within 9.12 162 0.06
Total 12.01 179
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Table 6.5: ANOVA Accuracy - Distance approach (Mode 5)

Anova: Two-Factor With Replication Distance Approach - Accuracy

SUMMARY | MEAN | SMAt‘L:éST 1 | SMA:fésr 5 | SMA:‘LCE-ST 10 | m;;s)ur:;u | m:EZH:l’l ;D. | Total

HEOM
Sum 852.38 933.33 876.19 852.38 871.43 833.33 5219.05
Average 85.24 93.33 87.62 85.24 87.14 83.33 86.98
Variance 37.54 11.09 16.12 87.93 25.45 36.53 42.94
SHEOM

Sum 861.90 933 880.95 852.38 871.43 833.33 5233.33
Average 86.19 93 88.10 85.24 87.14 83.33 87.22
Variance 27.46 11.09 11.34 77.85 25.45 31.49 38.04

IQR-HEOM
Sum 895.24 928.57 876.19 847.62 890.48 928.57 5366.67
Average 89.52 92.86 87.62 84.76 89.05 92.86 89.44
Variance 44.34 11.34 31.24 34.27 60.72 51.65 43.88

Columns
Count 30 30 30 30 30 30
Sum 2610 2795.24 2633.33 2552.38 2633.33 2595.24
Average 87 93.17 87.78 85.08 87.78 86.51
Variance 37 10.45 18.27 62.14 35.47 57.99

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 220.96 2 110.48 3.14 0.05 3.05 FALSE
Column 1157.47 5 231.49 6.58 1.32E-05 2.27 FALSE
Interaction 514 10 51.37 1.46 0.16 1.89 TRUE
Within 5696.15 162 35.16
Total 7588.31 179

The ANOVA performed for isolation values by the Distance approach present a similar case as
both MCC and accuracy analysis, while demonstrating significant variance between functional
parameters, as observed in Table 6.6. The ANOVA of isolation values delivered by the range
of permutations indicates to both normalisation and cost-matrix utilisation, which presents a
significant variance to group means respectively. The null hypothesis for both parameters can
be rejected and their alternate hypothesis is to be accepted based on their F-values exceeding
the respective F-critical values. Additionally, significant variance was observed in the interac-
tion between independent variables, and is indicative of inconsistency within samples by the
respective permutations. The null hypothesis for interaction between independent variables
(functional parameters) should be rejected, and the alternate hypothesis can be accepted.
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Table 6.6: ANOVA Isolation - Distance approach (Mode 5)

Anova: Two-Factor With Replication Distance Approach - Isolation
SUMMARY | MEAN | SMAt‘L:éST 1 | SMA:fésr 5 | SMA:‘LCE-ST 10 | m;;s)ur:;u | m:EZH:l’l ;D. | Total
HEOM
Sum 357.14 28.57 90.48 152.38 233.33 271.43 1133.33
Average 35.71 2.86 9.05 15.24 23.33 27.14 18.89
Variance 31.49 11.09 27.46 34.27 17.38 25.45 147.56
SHEOM
Sum 376.19 28.57 95.24 176.19 266.67 300.00 1242.86
Average 37.62 2.86 9.52 17.62 26.67 30.00 20.71
Variance 47.62 11.09 30.23 25.45 21.16 15.37 168.97
IQR-HEOM
Sum 442.86 57.14 95.24 204.76 366.67 423.81 1590.48
Average 44.29 5.71 9.52 20.48 36.67 42.38 26.51
Variance 20.41 9.07 40.31 30.49 35.53 42.58 269.32
Columns
Count 30 30 30 30 30 30
Sum 1176.19 114.29 280.95 533.33 866.67 995.24
Average 39.21 3.81 9.37 17.78 28.89 33.17
Variance 44.86 11.57 30.47 32.74 56.19 71.13
ANOVA
Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 1898.97 2 949.48 35.87 0.00 3.05 FALSE
Column 29302.22 5 5860.44 22141 0.00 2.27 FALSE
Interaction 974.80 10 97.48 3.68 0.00 1.89 FALSE
Within 4287.98 162 26.47
Total 36463.97 179

Following the ANOVA performed for each of the performance measures, the sensitivity demon-
strated towards each source of variation was calculated, and is included per Table 6.7 below.
The Distance approach demonstrates significant sensitivity towards within sample groups, to
indicate significant difference in MCC results between individual permutations. While the
alternate hypothesis for normalisation and cost-matrix utilisation were accepted, the scale of
sensitivity demonstrated in each of these sources of variation is minimal in comparison to
the sensitivity associated within sample groups. Sensitivity values calculated for accuracy
present a similar case, where within presents the most significant cause to variation in com-
parison to the individual functional parameters. Notable is the normalisation sensitivity value
being minimal in comparison to the cost-matrix utilisation functional parameter. Lastly, ex-
treme sensitivity is demonstrated towards the cost-matrix utilisation functional parameter,
as influence on isolation values was observed for the Distance approach, and none of the null
hypotheses were accepted for this ANOVA.
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Table 6.7: Validation sensitivity values - Distance approach

Source of Variation | MCC | Accuracy | Isolation
Normalisation 0.085 0.029 0.052
Cost-Matrix Utilisation | 0.106 0.153 0.804
Interaction 0.049 0.068 0.027
Within 0.760 0.751 0.118

Sensitivity (36)
=

20
- i

MCC Accuracy Isolation
® Normalisation  ® Cost Matrix Utilisation  m Interaction Within

y

Figure 6.2: Performance sensitivity - Distance approach (Mode 5)

6.5 Validation - Qualitative approach

The Qualitative approach presented a significant overall improvement to its accuracy values
delivered for Mode 5 operation, as compared to the base case mode. In Table 6.8, the default
HEOM-MEAN permutation presents a 25% increase for this operation mode while maintaining
a similar isolation value, as previously demonstrated for the base case mode datasets. This
observation holds true for the majority of permutations, where only the HEOM 3-SD and
HEOM 2-SD permutations delivered notably lower isolation values, as compared to their
respective base case mode isolation values.
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The default permutation for the Qualitative approach presents a similar case to its average
MCC value delivered for Mode 5 operation, as was observed for the Distance approach de-
fault permutation in the previous section. Overall, the Qualitative approach demonstrated
low MCC values, with only a select few permutations delivering an MCC value above 0.1.
This indicates a poor consistency in discerning the NOC from fault conditions observed by
this EGBV method at this operation mode. SD values illustrated in Table 6.9 indicate there
is a consistency in accuracy and isolation values delivered by the Qualitative approach per-
mutations when comparing their respective SD values between operation modes. For Mode 5
operation, the Qualitative approach permutations demonstrated larger deviation to their re-
spective MCC values delivered in comparison to base case mode operation. With the majority
of MCC SD values in Table 6.9 being larger than their respective MCC values in Table 6.8, it
is indicative of the Qualitative approach permutations experiencing consistency in not being
able to discern NOC from faulty conditions for Mode 5 operation.

Table 6.8: Performance measures: Qualitative approach (Mode 5)

HEOM HEOM HEOM HEOM HEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 75.714 79.048 77.619 75.238 80.000
ISOLATION (%) 13.333 15.238 20.476 24.762 22.857
MCC -0.056 -0.094 -0.007 0.127 0.162

SHEOM SHEOM SHEOM SHEOM SHEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 79.048 82.857 79.524 79.048 76.667
ISOLATION (%) 21.905 24.762 25.714 28.095 25.714
MCC -0.043 0.034 0.130 0.063 0.028

IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 84.286 83.810 81.905 81.905 73.333
ISOLATION (%) 4.286 6.667 19.524 24,762 25.714
MCC -0.023 -0.018 0.013 0.022 0.060

ANOVA of MCC values in Table 6.10 delivered by Qualitative approach permutations present
a clear case to the absence of significant difference amongst MCC results. The F-values for
normalisation (Row), cost-matrix utilisation (Column), and interaction between the functional
parameters (independent variables) were all less than their respective F-critical value. This
confirms that no significant variance was observed between sample means, and the null hy-
pothesis can be accepted for each of these potential causes to variance amongst sample means.
This indicates that the MCC values by Qualitative approach permutations were consistent be-
tween sample groups for Mode 5 operation of the TEP model.
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Table 6.9: Standard deviation

of performance measures: Qualitative approach (Mode 5)

HEOM HEOM HEOM HEOM HEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 9.630 8.571 8.793 13.093 9.234
ISOLATION (%) 5.948 4.666 6.406 6.999 7.619
MCC 0.175 0.039 0.181 0.232 0.260

SHEOM SHEOM SHEOM SHEOM SHEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD

ACCURACY (%) 8.025 6.459 10.444 9.085 8.371
ISOLATION (%) 5.714 6.317 7.737 8.637 4.364
MCC 0.171 0.238 0.296 0.261 0.191

IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM IQR-HEOM

3-SD 2-SD 1-SD 2-MAD 1-MAD
ACCURACY (%) 6.751 6.459 6.667 9.476 9.571
ISOLATION (%) 1.429 3.159 7.206 8.465 3.810
MCC 0.163 0.190 0.200 0.215 0.212

The ANOVA of accuracy values performed in Table 6.11 demonstrates a similarity to the
ANOVA of MCC values. No significant variance in mean values is observed between sam-
ples groups, and the respective null hypotheses can be accepted for the analysis of accuracy
values delivered by Qualitative approach permutations. An analysis of isolation values in
Table 6.12 presents a contrasting case to the previous performance measures, where none of
the null hypotheses can be accepted. Significant variation was observed in the sample group
means associated with the normalisation, cost-matrix utilisation, interaction between func-
tional parameters (independent variables), and variance observed within samples per group.
By only accepting alternate hypotheses for analysis of isolation values, this is indicative of the
Quantitative approach permutations exhibiting an inconsistent ability in isolating operation
conditions at Mode 5 operation of the TEP model.
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Table 6.10: ANOVA MCC - Qualitative approach (Mode 5)

Anova: Two-Factor With Replication

Qualitative Approach - MCC

SUMMARY | 3-sD | 2-5D | 1-SD | 2-MAD | 1-MAD | Total
HEOM
Sum -0.56 -0.94 -0.07 1.27 1.62 1.33
Average -0.06 -0.09 -0.01 0.13 0.16 0.03
Variance 3.42E-02 1.72E-03 3.62E-02 6.00E-02 7.54E-02 4.85E-02
SHEOM
Sum -0.43 0.34 1.30 0.63 0.28 211
Average -0.04 3.38E-02 0.13 0.06 0.03 0.04
Variance 3.23E-02 0.06 0.10 0.08 0.04 0.06
IQR-HEOM
Sum -0.23 -0.18 0.13 0.22 0.60 0.55
Average -0.02 -0.02 0.01 0.02 0.06 0.01
Variance 2.97E-02 0.04 4.44E-02 5.13E-02 4.99E-02 0.04
Columns
Count 30 30 30 30 30
Sum -1.22 -0.78 1.36 212 2.50
Average -0.04 -0.03 0.05 0.07 0.08
Variance 0.03 0.04 0.06 0.06 0.05
ANOVA
Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 0.02 2 0.01 0.25 7.79e-01 3.06 TRUE
Column 0.38 4 0.10 1.97 1.02€-01 2.44 TRUE
Interaction 0.33 8 0.04 0.84 5.72E-01 2.01 TRUE
Within 6.59 135 0.05
Total 7.32 149
Table 6.11: ANOVA Accuracy - Qualitative approach (Mode 5)
Anova: Two-Factor With Replication Qualitative Approach - Accuracy
SUMMARY | 3-sD | 2-5D | 1-5D | 2-MAD | 1-MAD | Total |
HEOM
Sum 757.14 790.48 776.19 752.38 800.00 3876.19
Average 75.71 79.05 77.62 75.24 80.00 77.52
Variance 103.05 81.63 85.92 190.48 94.73 105.55
SHEOM
Sum 790.48 828.57 795.24 790.48 766.67 3971.43
Average 79.05 82.86 79.52 79.05 76.67 79.43
Variance 71.55 46.36 121.19 91.71 77.85 79.08
IQR-HEOM
Sum 842.86 838.10 819.05 819.05 733.33 4052.38
Average 84.29 83.81 81.90 81.90 73.33 81.05
Variance 50.64 46.36 49.38 99.77 101.79 80.05
Columns
Count 30 30 30 30 30
Sum 2390.48 2457.14 2390.48 2361.90 2300.00
Average 79.68 81.90 79.68 78.73 76.67
Variance 82.78 58.49 82.78 126.25 92.81
ANOVA
Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 311.11 2 155.56 1.78 0.17 3.06 TRUE
Column 429.93 4 107.48 1.23 0.30 244 TRUE
Interaction 727.44 8 90.93 1.04 0.41 2.01 TRUE
Within 11811.79 135 87.49
Total 13280.27 149
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Table 6.12:

Anova: Two-Factor With Replication

ANOVA Isolation - Qualitative approach (Mode 5)

Qualitative Approach - Isolation

SUMMARY | 3-sD | 2-5D | 1-5D | 2-MAD | 1-MAD | Total
HEOM
Sum 133.33 152.38 204.76 247.62 228.57 966.67
Average 13.33 15.24 20.48 24.76 22.86 19.33
Variance 39.30 24.19 45.60 54.42 64.50 61.47
SHEOM

Sum 219.05 247.62 257.14 280.95 257.14 1261.90
Average 21.90 24.76 25.71 28.10 25.71 25.24
Variance 36.28 44.34 66.52 82.89 21.16 50.21

IQR-HEOM
Sum 42.86 66.67 195.24 247.62 257.14 809.52
Average 4.29 6.67 19.52 24.76 25.71 16.19
Variance 2.27 11.09 57.70 79.62 16.12 113.84

Columns
Count 30 30 30 30 30
Sum 395.24 466.67 657.14 776.19 742.86
Average 13.17 15.56 21.90 25.87 24.76
Variance 77.70 81.22 60.36 69.88 33.47

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Row 2110.05 2 1055.03 24.50 8.38E-10 3.06 FALSE
Column 3804.38 4 951.10 22.08 4.84E-14 2.44 FALSE
Interaction 1431.90 8 178.99 4.16 1.82E-04 2.01 FALSE
Within 5814.06 135 43.07
Total 13160.39 149

Table 6.13 presents the sensitivity values calculated for each of the ANOVAs performed for the
Qualitative approach in this chapter. For both MCC and accuracy, only significant sensitiv-
ity is observed within sample groups as indicator to inconsistent values between datasets, as
opposed to a significant difference in performance between individual permutations for these
measures. Figure 6.3 presents a visual illustration to the scale of sensitivity demonstrated for
each of the respective performance measures. The distribution of sensitivity was more widely
spread across the sources of variation for isolation values, with notable sensitivity demon-
strated to both normalisation and cost-matrix utilisation. The majority share of sensitivity
was still demonstrated in favour of within sample groups, for isolation values delivered by the
Qualitative approach permutations.
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Table 6.13: Validation sensitivity values - Qualitative approach

Source of Variation | MCC | Accuracy | Isolation
Normalisation 0.003 0.023 0.160
Cost-Matrix Utilisation | 0.053 0.032 0.289
Interaction 0.045 0.055 0.109
Within 0.900 0.889 0.442

MCC

m Normalisation  ® Cost Matrix Utilisation  m Interaction

Accuracy

Figure 6.3: Performance sensitivity -
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6.6 Validation - Quantitative approach

The Quantitative approach permutations delivered FDI results for the Mode 5 datasets that
are consistent with those previously observed for the base case mode in Chapter 5. The accu-
racy values observed in Table 6.14 follow a similar trend of increasing with each permutation
from left to right, as previously noted in Table 5.24 above. These accuracy values are mod-
erately high, with the accuracy delivered by the IQR-HEOM MEAN permutation being the
highest amongst all EGBV method permutations executed using the Mode 5 datasets in this
chapter. Isolation values delivered are consistent with results for the base case mode datasets
previously observed in Chapter 5, and present an average 2% deviation for each permutation
between these operation modes. Notable deviation in MCC values could be observed between
the Mode 5 and base case mode results, where MCC values in Table 6.14 were significantly
lower for each permutation. The SD values illustrated in Table 6.15 present varied results
when compared to the associated SD values in Chapter 5:

- HEOM-MEAN presents higher SD for accuracy, isolation and MCC for Mode 5 opera-
tion.

- SHEOM-MEAN presents higher SD for isolation while demonstrating lower SD values
for both accuracy and MCC for Mode 5 operation.

- IQR-HEOM MEAN presented higher SD for isolation and MMC while having lower SD
for accuracy at Mode 5 operation.

Table 6.14: Performance measures - Quantitative approach (Mode 5)

HEOM HEOM HEOM
MEAN MEAN MEAN
ACCURACY (%) 86.190 87.619 94.762
ISOLATION (%) 23.333 27.619 21.905
MCC 0.106 -0.056 0.064

Table 6.15: Standard deviation of performance measures - Quantitative approach (Mode 5)

SHEOM SHEOM SHEOM
MEAN MEAN MEAN
ACCURACY (%) 9.147 6.459 1.429
ISOLATION (%) 7.206 6.667 4.364
MCC 0.377 0.035 0.209
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The ANOVAs performed on results delivered by the Quantitative approach permutations at
Mode 5 operation, demonstrated only a minor deviation to the associated analysis in Chapter
5. Analysis of MCC values demonstrate that no significant variation was observed between
group means, and the null hypothesis can be accepted for MCC performance. Table 6.17
which illustrates the analysis of accuracy values, presents a similar outcome as observed in
Chapter 5, with the calculated F-value being larger than the F-critical value for this size
table. Therefore, the null hypothesis should be rejected and the alternate hypothesis should
be accepted, as significant variation was observed between sample group means. ANOVA
of the isolation values in Table 6.18 also present a similar case to the associated analysis
in Chapter 5, where no significant variation to sample means was observed, and the null
hypothesis can be accepted.

Table 6.16: ANOVA MCC - Quantitative approach (Mode 5)

Anova: Single Factor Quantitative Approach - MCC

SUMMARY
Groups Count Sum Average Variance
HEOM 10 1.06 0.11 1.58E-01
SHEOM 10 -0.56 -0.06 0.00
IQR-HEOM 10 0.64 0.06 4.85E-02

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Between Groups 0.14 2 0.07 1.02 3.74E-01 3.35 TRUE
Within Groups 1.87 27 0.07
Total 2.01 29

Table 6.17: ANOVA Accuracy - Quantitative approach (Mode 5)

Anova: Single Factor Quantitative Approach - Accuracy

SUMMARY
Groups Count Sum Average Variance
HEOM 10 861.90 86.19 92.97
SHEOM 10 876.19 87.62 46.36
IQR-HEOM 10 947.62 94.76 2.27

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Between Groups 421.77 2 210.88 4.47 0.02 3.35 FALSE
Within Groups 1274.38 27 47.20
Total 1696.15 29

Sensitivity values calculated from each of these ANOVAs indicate that the majority share
of sensitivity was presented towards within sample groups instead of the normalisation func-
tional parameter. This high sensitivity to within samples, presented in Table 6.19, could be
attributed to variation observed across rows and columns in the ANOVA tables, where clear
a difference exists between respective permutations, and the sample values per column span
a significant range, indicating inconsistent behaviour to FDI performance for Mode 5 oper-
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ation. Figure 6.4 presents a visual comparison of sensitivity towards within samples, with
normalisation as sole functional parameter implemented.

Table 6.18: ANOVA Isolation - Quantitative approach (Mode 5)

Anova: Single Factor Quantitative Approach - Isolation

SUMMARY
Groups Count Sum Average Variance
HEOM 10 233.33 23.33 57.70
SHEOM 10 276.19 27.62 49.38
IQR-HEOM 10 219.05 21.90 21.16

ANOVA

Source of Variation SS df MS F P-value F crit Null Hyphothesis
Between Groups 176.87 2 88.44 2.07 0.15 3.35 TRUE
Within Groups 1154.20 27 42.75
Total 1331.07 29

Table 6.19: Validation sensitivity values - Quantitative approach

Source of Variation | MCC | Accuracy | Isolation

Normalisation 0.070 0.249 0.133
Within 0.930 0.751 0.867
’ McC Accuracy Isolation

W Normalisation Within

Figure 6.4: Performance sensitivity - Quantitative approach (Mode 5)
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6.7 Results comparison

The FDI and sensitivity analysis performed for Mode 5 operation of the TEP model present
a notable consistency to accuracy for permutations of each EGBV method, while a more
significant variation is observed for isolation and MCC values delivered. This section provides
a direct comparison of results between the base case mode results in Chapter 5 and results
from Mode 5 that were calculated in the previous sections of this chapter.

6.7.1 Distance approach results

A comparison of the FDI and sensitivity analysis results for the Distance approach permu-
tations presents key information to establishing consistency in performance and sensitivity
demonstrated towards functional parameters. A comparison of MCC values delivered by the
Distance approach permutations is presented in Figure 6.5, where results vary for nearly all
of the respective permutations, with only the two IQR-HEOM threshold-based permutations
proving an exception. Only the IQR-HEOM Threshold: 2-SD MIN and IQR-HEOM Thresh-
old: 3-SD MIN presented a consistent ability to correctly discern the NOC while delivering a
high accuracy for both operation modes.

HEOM MEAN

L
HEOM RC: SMALLEST 1 q
H

HEOM RC: SMALLEST 5

HEOM RC: SMALLEST 10

HEQOM Threshold: 2-5DMIN

HEOM Threshold: 3-5DMIN

SHEOM MEAN
SHEOM RC: SVIALLEST 1 b
SHEOM RC: SVIALLEST 5 —

SHEOM RC: SMALLEST 10

SHEOM Threshold: 2-5D MIN

SHEOM Threshold: 3-5D MIN

IQR-HEOM MEAN

IQR-HEOM RC: SMALLEST 1

IOR-HEOM RC: SMIALLEST 5
IQR-HEOM RC: SMALLEST10
IQR-HEOM Threshold: 2-5D MIN
IQR-HEOM Threshold: 3-SD MIN
0.10 0.00 0.10 020 030 0.40 0.50

mBzeCase Mode = Mode

Figure 6.5: Comparison of MCC results - Distance approach
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In comparing the sensitivity in MCC values demonstrated towards the respective functional
parameters and their interaction, Table 6.20 presents an illustration to individual sensitivity
values and the absolute delta between operation modes. Evaluating the respective ANOVA
hypotheses accepted for each of the operation modes provided a basis for the following obser-
vations to be made:

- Sensitivity is demonstrated towards normalisation, as the type of hypothesis accepted
differs between the operation modes investigated.

- Significant sensitivity is demonstrated towards cost-matrix utilisation, as the alternate
hypothesis was accepted for both of the operation modes investigated.

- No sensitivity is demonstrated towards the interaction between normalisation and cost-

matrix utilisation, as the null hypothesis was accepted for both operation modes inves-
tigated.

Table 6.20: MCC sensitivity values - Distance approach

Source Base Case Mode | Mode 5 A
Normalisation 0.002 0.085 0.084
Cost-Matrix Utilisation 0.529 0.106 0.423
Interaction 0.033 0.049 | 0.015
Within 0.436 0.760 | 0.323

Distance approach permutations demonstrated consistent behaviour to their accuracy perfor-
mance, with a majority of the results spanning between 70-95%, where a clear outlier can
be observed. Permutations implementing the RC: SMALLEST 1 cost-matrix utilisation op-
tion delivered consistent lower values for the base case mode, while also some of the highest
accuracy values for Mode 5 operation. While high accuracy is desirable of an FDI method,
its ability to remain consistent under different operation conditions is a crucial aspect that
should not be overlooked.
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HEOM MEAN

HEQOM RC: SMALLEST 1

HEQOM RC: SMALLEST 5
HEOM RC: SMALLEST 10
HEQOM Threshold: 2-5D MIN
HEOM Threshold: 3-5D MIN
SHEOM MEAN

SHEOM RC: SMALLEST 1
SHEOM RC: SMALLEST 5
SHEOM RC: SMIALLEST 10
SHEOM Threshold: 2-5D MIN
SHEOM Threshold: 3-5D MIN
IQR-HEOM MEAN

IQR-HEQOM RC: SMALLEST 1

IQR-HEOM RC: SMALLESTS

IQR-HEOM RC: SMALLEST 10

IQR-HEQM Threshold: 2-5D MIN

IQR-HEQOM Threshold: 3-5D MIN
0.00 10.00 20.00 30.00 40.00 50.00 60.00 70.00 80.00 90.00 100.00

mBase Case Mode (%) W Mode 5 (%)

Figure 6.6: Comparison of accuracy results - Distance approach

Table 6.21 presents an illustration to individual sensitivity values and the absolute delta be-
tween operation modes, in comparing the sensitivity in accuracy values demonstrated towards
the respective functional parameters and their interaction. Evaluating the respective ANOVA
hypotheses accepted for each of the operation modes provide a basis for the following obser-
vations to be made:

- Sensitivity is demonstrated towards normalisation, as the type of hypothesis accepted
differs between the operation modes investigated.

- Significant sensitivity is demonstrated towards cost-matrix utilisation, as the alternate
hypothesis was accepted for both of the operation modes investigated.

- No sensitivity demonstrated towards interaction between normalisation and cost-matrix
utilisation, as the null hypothesis was accepted for both operation modes investigated.

118



Table 6.21: Accuracy sensitivity values - Distance approach

Source Base Case Mode | Mode 5 A
Normalisation 0.002 0.029 0.027
Cost-Matrix Utilisation 0.770 0.153 0.618
Interaction 0.016 0.068 0.052
Within 0.212 0.751 0.539

The isolation results delivered by the Distance approach permutations present a more distinct
case, to which permutations were able to maintain consistent performance between base case
mode operation and Mode 5 operation. Figure 6.7 presents the comparison of isolation val-
ues, where a noticeable trend is observed to the majority of permutations, demonstrating a
clear difference in their ability to correctly isolate conditions between the respective opera-
tion modes. Permutations demonstrating clear consistency in their isolation capability include:

HEOM-MEAN (Default)
SHEOM-MEAN

IQR-HEOM MEAN

IQR-HEOM Threshold: 2-SD MIN
IQR-HEOM Threshold: 3-SD MIN

Evaluating the respective hypotheses accepted during analysis of the isolation values for each
of the operation modes provides a case for the following observations to be made:

- Sensitivity is demonstrated towards normalisation, as the type of hypothesis accepted
differs between the operation modes investigated.

- Significant sensitivity is demonstrated towards cost-matrix utilisation, as the alternate
hypothesis was accepted for both of the operation modes investigated.

- Sensitivity is demonstrated towards interaction between normalisation and cost-matrix

utilisation, as the alternate hypothesis was accepted in the analysis of Mode 5 operation
results, while the null hypothesis was accepted for the base case mode.
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SHEOM MEAN
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SHEOM RC: SMALLEST 5

SHEOM RC: SMALLEST 10
SHEOM Threshold: 2-5D MIN
SHEOM Threshold: 3-5D MIN

IQR-HEOM MEAN
IQR-HEOM RC: SMALLEST 1
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IQR-HEQOM Threshold: 2-5D MIN
IQR-HEQOM Threshold: 3-5D MIN

0.00 5.00 10.00 15.00 20.00 25.00 30.00 35.00 40.00 45.00 50.00

m Base Case Mode (%2) = Mode 5 (%)

Figure 6.7: Comparison of isolation results - Distance approach

Table 6.22: Isolation sensitivity values - Distance approach

Source Base Case Mode | Mode 5 A
Normalisation 0.004 0.052 0.048
Cost-Matrix Utilisation 0.796 0.804 0.007
Interaction 0.004 0.027 0.023
Within 0.196 0.118 0.078

6.7.2 Qualitative approach results

FDI results delivered by the Qualitative approach presents a clear difference in performance
for the range permutations considered. MCC performance illustrated in Figure 6.8 presents
the values delivered for the base case mode and Mode 5, with a clear indication to the con-
sistency delivered by each permutation. Three permutations demonstrated fair consistency
in their MCC values delivered for both operation modes, in comparison to the other per-
mutations which demonstrated a high variation to MCC values between operation modes.
Comparing sensitivity values in Table 6.23 and evaluating the hypotheses accepted for each
of the operation modes present a case for the following observations:
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- Sensitivity is demonstrated towards normalisation, as the type of hypothesis accepted
differs between the operation modes investigated.

- Sensitivity is demonstrated towards cost-matrix utilisation, as the type of hypothesis
accepted differs between the operation modes investigated.

- Sensitivity is demonstrated by interaction between normalisation and cost-matrix utilisa-
tion, as the type of hypothesis accepted differs between the operation modes investigated.

HEOM 3-5D

HEOM 2-5D

HEOM 1-5D

HEOM 2-MAD
HEOM 1-MAD
SHEOM 3-SD
SHEOM 2-5D
SHEOM 1-5D
SHEOM 2-MAD
SHEOM 1-MAD
IQR-HEOM 3-5D
IQR-HEOM 25D
IQR-HEOM 1-SD
IQR-HEOM 2-MAD
IQR-HEOM 1-MAD

-0.20 -0.15 -0.10 -0.05 0.00 0.05 0.10 0.15 0.20 025 0.30

m Base Case Mode = Mode 5

Figure 6.8: Comparison of MCC results - Qualitative approach

Table 6.23: MCC sensitivity values - Qualitative approach

Source Base Case Mode | Mode 5 A
Normalisation 0.120 0.003 0.117
Cost-Matrix Utilisation 0.309 0.053 0.256
Interaction 0.147 0.045 0.103
Within 0.424 0.900 0.476
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The accuracy performance by the Quantitative approach permutations confirms a notable
consistency demonstrated for each individual operation mode, where a clear improvement to
overall accuracy is demonstrated in the results for Mode 5 operation. All permutations per-
formed demonstrated a similar level of consistency to accuracy delivered, where only minor
improvement is observed between select permutations depending on the operation mode con-
sidered. Sensitivity values calculated from the ANOVA performed on the accuracy values for
each of the operation modes are presented in Table 6.24, accompanied by the absolute delta
in sensitivity observed for these operation modes.

A comparison is made in Table 6.24 of the sensitivity associated with the accuracy values
delivered by the respective functional parameters and their interaction, to illustrate the in-
dividual sensitivity values and the absolute delta between operation modes. Evaluating the
respective ANOVA hypotheses accepted for each of the operation modes provides a basis for
the following observations:

- Sensitivity is demonstrated towards normalisation, as the type of hypothesis accepted
differs between the operation modes investigated.

- No sensitivity is demonstrated towards cost-matrix utilisation, as the null hypothesis
was accepted for both of the operation modes investigated.

- No sensitivity is demonstrated towards the interaction between normalisation and cost-

matrix utilisation, as the null hypothesis was accepted for both operation modes inves-
tigated.
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Figure 6.9: Comparison of accuracy results - Qualitative approach

Table 6.24: Accuracy sensitivity values - Qualitative approach

Source Base Case Mode | Mode 5 A
Normalisation 0.064 0.023 0.040
Cost-Matrix Utilisation 0.030 0.032 0.003
Interaction 0.088 0.055 0.033
Within 0.819 0.889 | 0.071
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The isolation performance demonstrated by the Qualitative approach permutations presents
a high consistency, while the respective isolation values are low for the range defined. The
default HEOM 3-SD permutation presents a consistent isolation rate of 13%, where other
permutations present similar consistency at a higher isolation rate. This includes isolation
results observed in Figure 6.10 for the following permutations, where near similar isolation
values were delivered for both operation modes:

- HEOM 1-SD
- SHEOM 2-SD
- IQR-HEOM 2-MAD

A comparison of the sensitivity in isolation values demonstrated towards the respective func-
tional parameters and their interaction in Table 6.25, presents an illustration of individual
sensitivity values and the absolute delta in sensitivity between operation modes. Evaluat-
ing the respective ANOVA hypotheses accepted for each of the operation modes provides
substantiation for the following observations made:

- Sensitivity is demonstrated towards normalisation, as the alternate hypothesis was ac-
cepted for both operation modes investigated.

- Sensitivity is demonstrated towards cost-matrix utilisation, as the alternate hypothesis
was accepted for both operation modes investigated.

- Sensitivity is observed towards the interaction between normalisation and cost-matrix

utilisation, as the null hypothesis was accepted for the base case mode while the alter-
nate hypothesis was accepted for Mode 5 operation.
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Figure 6.10: Comparison of isolation results - Qualitative approach

Table 6.25: Isolation sensitivity values - Qualitative approach

Source Base Case Mode | Mode 5 A
Normalisation 0.050 0.160 0.111
Cost-Matrix Utilisation 0.117 0.289 0.172
Interaction 0.084 0.109 0.024
Within 0.749 0.442 0.307
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6.7.3 Quantitative approach results

The following are FDI results observed for the Quantitative approach in the case where con-
sistency was demonstrated in the accuracy and isolation values produced by each of the
implemented permutations. The MCC values presented in Figure 6.11 demonstrate that only
the default HEOM-MEAN permutation was able to consistently discern the NOC from fault
conditions, observed in both operation modes investigated. The accuracy values in Figure
6.12 demonstrates a moderate consistency from the permutations, as delivered for operation
at both base case mode and Mode 5. Isolation results from the Quantitative approach per-
mutations in Figure 6.13 concur to consistent performance from the respective permutations
for both operation modes investigated.

HEOM MEAN
SHEOM MEAN

IQR-HEOM MEAN

-0.10 -0.05 0.00 0.05 0.10 0.15 0.20 0.25 0.30 035

o Base CaseMode m Mode5

Figure 6.11: Comparison of MCC results - Quantitative approach

HEQM MEAN
SHEOM MEAN

IQR-HEOM MEAN

0.00 10.00 20.00 30.00 40.00 50.00 60.00 70.00 80.00 90.00 100.00

mBase Case Mode (%) W Mode 5 (%)

Figure 6.12: Comparison of accuracy results - Quantitative approach
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Figure 6.13: Comparison of isolation results - Quantitative approach

From the hypothesis accepted for the ANOVA performed for each respective performance
measures, the following observations can be made to the sensitivity demonstrated by the
Quantitative approach:

- The Quantitative approach demonstrates sensitivity to the normalisation functional pa-
rameter, as significant variation was observed for the MCC values becuase two different
hypotheses were accepted for the operation modes investigated. The alternate hypoth-
esis was accepted for the base case mode, whereas the null hypothesis was accepted for
Mode 5 operation. Thus, the presence of sensitivity is accepted to be true as a result to
variation still being observed for one of the operation modes investigated.

- The accuracy of the Quantitative approach does present sensitivity to the normalisa-
tion functional parameter, as the alternate hypothesis was accepted for both operation
modes investigated.

- Isolation delivered by the Quantitative approach does not present sensitivity towards

the normalisation functional parameter, as the null hypothesis was accepted for both
operation modes investigated.
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6.8 Conclusion

The validation performed in this chapter to confirm whether the proposed concept of functional
parameter sensitivity holds true under different operations of the same model, delivered cred-
ible results. By executing the FDI and sensitivity analysis using operation Mode 5 datasets,
the functional parameter permutations for each of the EGBV methods were tested under
different operational conditions, to establish whether previously observed FDI performance
and sensitivity results were consistent to those observed in Chapter 5. Comparing these FDI
results between operation modes demonstrated a similarity in overall performance amongst
permutations for each of the EGBV methods, while the best performing permutation for each
EGBV method differed between the operation modes. This is an indication that care must
be taken in selecting functional parameter options for each of the EGBV methods, as only
a select few permutations demonstrated consistent performance for each of the performance
measures. From the sensitivity analysis performed in this chapter, previous sources of sensi-
tivity were either substantiated or demonstrated to the initial hypothesis not holding true for
a different system operation mode. These cases were accepted to demonstrate sensitivity to
the respective source of variation to sample values, as this proves to some case of sensitivity
being subject to operation conditions observed by an EGBV method.
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Chapter 7

Conclusion

7.1 Introduction

Functional parameters were identified for select EGBV methods and investigated to determine
if these present significance to FDI performance and sensitivity in the results observed. From
the FDI results delivered by the range of functional parameter permutations for each EGBV
method, a clear comparison could be drawn between the default method permutation and
the newly identified permutations to any deviation observed. Such deviation demonstrated as
either improvement or reduced performance in each of the respective performance measures
when compared to the default permutation of an EGBV method. The sensitivity analysis re-
sults observed for the initial base case mode of operation for the TEP model indicated initial
significant sources of sensitivity present in each EGBV method. The validation performed in
duplicating the sensitivity analysis at Mode 5 operation for the TEP model provided confirma-
tion on some of the analysis hypotheses initially accepted, while delivering alternate findings
to sensitivity demonstrated by select sources at this operation mode. Overall, the investiga-
tion to functional parameter sensitivity was successful, as new information was gained to the
performance, consistency in results delivered, and sensitivity demonstrated to the functional
parameters considered for this study.
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7.2 Reflect on research objectives

7.2.1 Identification of relevant EGBYV functional parameters

Functional parameter locations were identified for the Distance, Qualitative and Quantitative
approaches, as each of these present unique steps within their respective methodology. Initial
functional parameter locations identified for these EGBV methods included distance func-
tion, normalisation and cost-matrix utilisation. However, these proved to cause limitations in
investigating the distance function for this study. The normalisation and cost-matrix utilisa-
tion options identified for each of these EGBV methods resulted in the following number of
permutations:

- Distance approach: 18 (3x normalisation, 6x cost-matrix utilisation)
- Qualitative approach: 15 (3x normalisation, 5x cost-matrix utilisation)

- Quantitative approach: 3 (Only normalisation applicable)

The functional parameter permutations identified for each of these EGBV methods proved
successful in providing depth to the concept of functional parameter sensitivity explored in
this study.

7.2.2 Data compilation

The structure defined for the data compilation presented in Chapter 4 proved successful in
providing an opportunity for repeated execution of the TEP model, which aided in the ac-
quisition of multiple datasets to be used for the sensitivity analysis. The datasets acquired
for the base case mode were only varied by the random seeds implemented for each condi-
tion simulated, and demonstrated sufficient variation to individual fault conditions simulated.
Further preparation of the datasets acquired includes the transformation of process measure-
ment data to attributed graphs containing the change in exergy and energy flow rates during
system operation. The structure defined for data compilation additionally provided successful
in presenting an opportunity to acquire datasets with the TEP model operation at Mode 5
to deliver near 30/70 product ratios. These were used in performing the validation of func-
tional parameter sensitivity in Chapter 6. These datasets presented ample variation to fault
conditions experienced, where a significant difference to respective operation conditions was
observed by the EGBV methods.
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7.2.3 Sensitivity analysis of EGBV functional parameters

The FDI executed to measure performance obtained from the EGBV method permutations
delivered useful information, as the function parameter options demonstrated a significant
deviation in the respective default permutations for these EGBV methods. It is worth noting
the difference in MCC values delivered by the IQR-HEOM Threshold-based permutations for
the Distance approach in comparison this method’s default permutation. Additionally, vari-
ous permutations delivered an improvement to their performance by their respective EGBV
method’s default permutation. The opposite was also observed, where some EGBV method
permutations delivered considerably lower performance than their respective EGBV method’s
default permutation.

The sensitivity analysis performed using the FDI results for the base case mode operation of
the model was able to identify significant sensitivity demonstrated towards the implemented
functional parameters. The Distance approach also demonstrated significant sensitivity to-
wards cost-matrix utilisation, while not being sensitive to normalisation implemented for each
of the performance measures implemented. The Qualitative approach presents a varied case
to sensitivity, where normalisation was identified as a significant source to variation for each
of the performance measures, while sensitivity to cost-matrix utilisation was demonstrated
in MCC and isolation values by this EGBV method. Lastly, the Quantitative approach only
demonstrated sensitivity to normalisation in its MCC and accuracy results delivered.

7.2.4 Validation of sensitivity analysis

The validation performed through the use of an alternate operation mode for the TEP model
delivered a significant contribution to both FDI results and sensitivity presented by each of
the EGBV methods. The FDI performed using the Mode 5 datasets presented an opportunity
to assess whether the performance demonstrated by permutations of the respective EGBV
methods was consistent between operation modes, or if significant deviation could be ob-
served. These observations were clear in the result comparisons for each performance measure
individually for each of the EGBV methods, as discussed in Chapter 6.

The sensitivity analysis performed for validation purposes delivered useful results, where some
sources of sensitivity demonstrated by the EGBV methods for the base case mode were vali-
dated as correct, and significant sensitivity was demonstrated to select sources by the EGBV
methods that did not occur at base case mode operation. The sensitivity analysis performed
as concept validation provided an additional layer of information to sensitivity demonstrated
towards functional parameters, which would not have been available if only the base case
mode had been implemented in this study.
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7.3 Future research

With the validation performed in this study implementing the same model at an alternate
operation mode, the concept of functional parameter sensitivity should be further explored
by implementing a different system model, which would present a more complex attributed
graph structure or a large quantity of fault conditions similar to the TEP model.

One permutation identified for the Distance approach demonstrated a significant improvement
to this method’s ability to consistently deliver a high MCC value, compared to the default
permutation. It is recommended that the IQR-HEOM Threshold: 3-SD MIN permutation
for the Distance approach is utilised in future research to determine whether this improved
performance is valid when applied to a different system model.

7.4 Closure

The concept of functional parameter sensitivity demonstrated by EGBV methods was inves-
tigated in this study, and delivered valid results to conditions observed. FDI results delivered
by the EGBV method permutations were analysed in respect to the functional parameters
to establish whether significant sensitivity was demonstrated towards each. FDI performed
by implementing the range of permutations for each of the EGBV methods demonstrated a
deviation to performance delivered by the respective EGBV method’s default permutations.
The sensitivity identified towards functional parameters presented an indication on where fo-
cus should be placed in reducing the variation in performance delivered by EGBV methods
in the future.
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Appendix A

Eigendecomposition - Standard
deviation

Chapter 3 presents discussion on utilising the standard deviation of the cost-matrix as func-
tional parameter for the Qualitative approach. The threshold by which qualitative evaluation
would be performed in the Qualitative approach consists of calculating the standard deviation
of the self-cost-matrix entries based for each respective reference graph. Similar to (Fig.2, [5]),
(A.1) illustrates how the SD for each reference graph’s self-cost matrix was calculated in this
study.

g =

\/E()\(REF) (v) — pn)? (A1)

m

where A(rpr)(v) is each of the self-cost matrix values with v = 1,..., 15 eigenvalues, and sy the
calculated eigenvalue average for the respective reference graph. The quantity of eigenvalues
n is used as denominator before calculating the square root of the sum.

This delivers a standard deviation value ¢ individually for each of the reference graphs in an
attempt to allow for a more discernible threshold between operation conditions.
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Appendix B

Random variation seeds

This section presents the random variation seeds used during TEP model execution to acquire
datasets for this study. From the dataset preparation discussed in chapter 4, 10 datasets were
acquired for both base case mode- and mode 5 operation of the TEP model. These base case
mode datasets were then utilised in chapter 5 in performing FDI and sensitivity analysis of the
EGBYV methods. Mode 5 datasets were then used in performing the validation seen in chapter
6 to confirm the initial results observed in chapter 5. These random variation seeds correspond
between dataset numbers for both operation modes to ensure similarity of individual faults
introduced during model operation.
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Table B.1: Random seed values - Dataset 1

Condition | Operation seed | Reference seed

NOC 9902234324 8322308324
Fault 1 7984782901 7327843434
Fault 2 5784921734 5658678765
Fault 3 1723234455 4342232344
Fault 4 4346024432 4598956239
Fault 5 3433249064 5454589923
Fault 6 9445382439 9090909232
Fault 7 6788343442 6284545932
Fault 8 7654534567 9338398429
Fault 9 2589274931 2232323236
Fault 10 4356565463 6923255678
Fault 11 1940284333 1134345551
Fault 12 5683213434 5849489384
Fault 13 8934302332 8943242344
Fault 14 9873223412 9343430004
Fault 15 8943243993 5635346588
Fault 16 4243534565 1254545354
Fault 17 3485834345 3454354353
Fault 18 8998485332 8493323434
Fault 19 6678322168 6598593453
Fault 20 5457789234 1997072199
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Table B.2: Random seed values - Dataset 2

Condition | Operation seed | Reference seed

NOC 4346024432 4598956239
Fault 1 5457789234 1997072199
Fault 2 8934302332 8943242344
Fault 3 8943243993 5635346588
Fault 4 7984782901 7327843434
Fault 5 2144342545 2132432423
Fault 6 5784921734 5658678765
Fault 7 1723234455 4342232344
Fault 8 2589274931 2232323236
Fault 9 4243534565 1254545354
Fault 10 4593493842 4545445883
Fault 11 6678322168 6598593453
Fault 12 1089278833 1039839281
Fault 13 4356565463 6923255678
Fault 14 1731738903 3420494299
Fault 15 3433249064 5454589923
Fault 16 7854912354 2994833239
Fault 17 3456432354 2891123453
Fault 18 6788343442 6284545932
Fault 19 7654534567 9338398429
Fault 20 3485834345 3454354353
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Table B.3: Random seed values - Dataset 3

Condition | Operation seed | Reference seed

NOC 2144342545 2132432423
Fault 1 3485834345 3454354353
Fault 2 4593493842 4545445883
Fault 3 5683213434 5849489384
Fault 4 9902234324 8322308324
Fault 5 5784921734 5658678765
Fault 6 8943243993 5635346588
Fault 7 6678322168 6598593453
Fault 8 1940284333 1134345551
Fault 9 7984782901 7327843434
Fault 10 9445382439 9090909232
Fault 11 1723234455 4342232344
Fault 12 3456432354 2891123453
Fault 13 2589274931 2232323236
Fault 14 4356565463 6923255678
Fault 15 5457789234 1997072199
Fault 16 4346024432 4598956239
Fault 17 6788343442 6284545932
Fault 18 7654534567 9338398429
Fault 19 8934302332 8943242344
Fault 20 1089278833 1039839281
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Table B.4: Random seed values - Dataset 4

Condition | Operation seed | Reference seed

NOC 1731738903 3420494299
Fault 1 9445382439 9090909232
Fault 2 1089278833 1039839281
Fault 3 1723234455 4342232344
Fault 4 8934302332 8943242344
Fault 5 1940284333 1134345551
Fault 6 7984782901 7327843434
Fault 7 3485834345 3454354353
Fault 8 5457789234 1997072199
Fault 9 6788343442 6284545932
Fault 10 5784921734 5658678765
Fault 11 9902234324 8322308324
Fault 12 2144342545 2132432423
Fault 13 8943243993 5635346588
Fault 14 3433249064 5454589923
Fault 15 5683213434 5849489384
Fault 16 7654534567 9338398429
Fault 17 9873223412 9343430004
Fault 18 4243534565 1254545354
Fault 19 4593493842 4545445883
Fault 20 4346024432 4598956239
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Table B.5: Random seed values - Dataset 5

Condition | Operation seed | Reference seed

NOC 3456432354 2891123453
Fault 1 1089278833 1039839281
Fault 2 9902234324 8322308324
Fault 3 3485834345 3454354353
Fault 4 1731738903 3420494299
Fault 5 6788343442 6284545932
Fault 6 8943243993 5635346588
Fault 7 9445382439 9090909232
Fault 8 5683213434 5849489384
Fault 9 1723234455 4342232344
Fault 10 7984782901 7327843434
Fault 11 3433249064 5454589923
Fault 12 2589274931 2232323236
Fault 13 5784921734 5658678765
Fault 14 4593493842 4545445883
Fault 15 7654534567 9338398429
Fault 16 5457789234 1997072199
Fault 17 4356565463 6923255678
Fault 18 8934302332 8943242344
Fault 19 7854912354 2994833239
Fault 20 1940284333 1134345551
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Table B.6: Random seed values - Dataset 6

Condition | Operation seed | Reference seed

NOC 8943243993 5635346588
Fault 1 3433249064 5454589923
Fault 2 2589274931 2232323236
Fault 3 3485834345 3454354353
Fault 4 7854912354 2994833239
Fault 5 4593493842 4545445883
Fault 6 5683213434 5849489384
Fault 7 1089278833 1039839281
Fault 8 6678322168 6598593453
Fault 9 5784921734 5658678765
Fault 10 9873223412 9343430004
Fault 11 4243534565 1254545354
Fault 12 3456432354 2891123453
Fault 13 7984782901 7327843434
Fault 14 1723234455 4342232344
Fault 15 6788343442 6284545932
Fault 16 8934302332 8943242344
Fault 17 9902234324 8322308324
Fault 18 2144342545 2132432423
Fault 19 1731738903 3420494299
Fault 20 5457789234 1997072199
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Table B.7: Random seed values - Dataset 7

Condition | Operation seed | Reference seed

NOC 2589274931 2232323236
Fault 1 5784921734 5658678765
Fault 2 8943243993 5635346588
Fault 3 4356565463 6923255678
Fault 4 4346024432 4598956239
Fault 5 9445382439 9090909232
Fault 6 3456432354 2891123453
Fault 7 8934302332 8943242344
Fault 8 7984782901 7327843434
Fault 9 2144342545 2132432423
Fault 10 9873223412 9343430004
Fault 11 6788343442 6284545932
Fault 12 1731738903 3420494299
Fault 13 1723234455 4342232344
Fault 14 1089278833 1039839281
Fault 15 7854912354 2994833239
Fault 16 7654534567 9338398429
Fault 17 4593493842 4545445883
Fault 18 1940284333 1134345551
Fault 19 9902234324 8322308324
Fault 20 5457789234 1997072199
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Table B.8&: Random seed values - Dataset 8

Condition | Operation seed | Reference seed

NOC 9873223412 9343430004
Fault 1 6678322168 6598593453
Fault 2 8943243993 5635346588
Fault 3 7654534567 9338398429
Fault 4 2589274931 2232323236
Fault 5 7984782901 7327843434
Fault 6 3433249064 5454589923
Fault 7 3485834345 3454354353
Fault 8 5457789234 1997072199
Fault 9 7854912354 2994833239
Fault 10 8998485332 8493323434
Fault 11 1940284333 1134345551
Fault 12 8934302332 8943242344
Fault 13 3456432354 2891123453
Fault 14 1731738903 3420494299
Fault 15 6788343442 6284545932
Fault 16 1089278833 1039839281
Fault 17 2144342545 2132432423
Fault 18 4356565463 6923255678
Fault 19 5683213434 5849489384
Fault 20 9902234324 8322308324
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Table B.9: Random seed values - Dataset 9

Condition | Operation seed | Reference seed

NOC 5784921734 5658678765
Fault 1 1723234455 4342232344
Fault 2 1731738903 3420494299
Fault 3 5683213434 5849489384
Fault 4 7854912354 2994833239
Fault 5 3433249064 5454589923
Fault 6 2144342545 2132432423
Fault 7 8934302332 8943242344
Fault 8 1940284333 1134345551
Fault 9 5457789234 1997072199
Fault 10 7984782901 7327843434
Fault 11 3456432354 2891123453
Fault 12 4593493842 4545445883
Fault 13 6788343442 6284545932
Fault 14 9873223412 9343430004
Fault 15 3485834345 3454354353
Fault 16 4346024432 4598956239
Fault 17 1089278833 1039839281
Fault 18 8943243993 5635346588
Fault 19 7654534567 9338398429
Fault 20 9902234324 8322308324
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Table B.10: Random seed values - Dataset 10

Condition | Operation seed | Reference seed

NOC 4346024432 4598956239
Fault 1 5784921734 5658678765
Fault 2 6788343442 6284545932
Fault 3 2144342545 2132432423
Fault 4 3433249064 5454589923
Fault 5 2589274931 2232323236
Fault 6 3456432354 2891123453
Fault 7 8943243993 5635346588
Fault 8 7854912354 2994833239
Fault 9 5683213434 5849489384
Fault 10 8998485332 8493323434
Fault 11 8934302332 8943242344
Fault 12 4356565463 6923255678
Fault 13 4593493842 4545445883
Fault 14 7984782901 7327843434
Fault 15 9445382439 9090909232
Fault 16 6678322168 6598593453
Fault 17 3485834345 3454354353
Fault 18 1089278833 1039839281
Fault 19 9873223412 9343430004
Fault 20 9902234324 8322308324
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Appendix C

TEP model datasets

The TEP model datasets acquired in this study include 10 datasets simulated at base case
mode operation, and 10 datasets simulated at mode 5 operation of the model. Chapters 4
and 6 include discussion on the structure of these datasets where the duration values utilised
during simulation of each mode is included below:

Datasets - Base case mode

Duration of simulated reference condition. - 25 Hours

Duration of simulated operation condition. - 48 Hours

Duration of normal operation prior to reference condition start. - 1 Hour
Duration of normal operation prior to operation condition start. - 8 Hours

Datasets - Mode 5

Duration of simulated reference condition. - 25 Hours
Duration of simulated operation condition. - 48 Hours
Duration of normal operation prior to reference condition start. - 8 Hours
Duration of normal operation prior to operation condition start. - 8 Hours

All TEP model datasets generated in this study are freely accessible at the links below:

- Base case mode: https://figshare.com/s/de29bc671da201ce8e30
- Mode 5: https://figshare.com/s/493088a37a1c07291f1d
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Appendix D

MATLAB code - EGBV methods

The MATLAB code developed for this study consist of multiple files for the respective EGBV
methods and their associated permutations. Each EGBV method was separated into 3 files
based on their normalisation values where each of these files include execution of the associ-
ated cost-matrix utilisation functional parameter values discussed in chapter 3. The results
demonstrated in chapters 5 and 6 were obtained from the calculations executed in these files.

All MATLAB code files developed in this study are freely accessible at the link below:
- MATLAB Code: https://figshare.com/s/fd09de01727afe94d921
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