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Abstract. In the current energy scenario, enhancing energy efficiency is crucial for sustainable
development. Organic Rankine Cycle (ORC) systems play a significant role by recovering waste
heat and converting it into useful energy. However, the efficiency and robustness of ORC systems
are often compromised by various types of faults, leading to increased maintenance costs. This
study focuses on fault detection and diagnosis (FDD) to improve system reliability and reduce
maintenance expenses in ORC systems. The proposed methodology utilizes machine learning,
specifically support vector machines (SVM), to detect and classify faults such as evaporator fouling
and operational deficiencies in the expander and pump. A critical aspect of this approach is the
careful choice of features for classification, which can either significantly enhance SVM's
effectiveness or lead to misclassification of certain faults. Simulation results explore various
feature sets to illustrate their impact on the FDD methodology's efficacy. These scenarios are
evaluated in terms of prediction accuracy, demonstrating that proper feature selection improves the
long-term efficiency and reliability of ORC systems.
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Nomenclature (if relevant)

P Pressure (Pa)

T Temperature (°C)

h Specific enthalpy (J/kg)
0 Heat transfer rate (J/s)
m Mass flow rate (kg/s)

Special characters

n Efficiency (-)

N Isentropic efficiency
Subscripts

su supply

ex exhaust

hf Hot fluid

cf Cold fluid

ev Evaporator

cd Condenser

exp Expander

1 Introduction

The increasing global demand for energy efficiency
and sustainability has intensified interest in
technologies such as Organic Rankine Cycles
(ORCs) for waste-heat recovery and renewable
energy generation [1]. The fluctuating nature of the
waste heat source make the ORC system to operate
frequently at off-design conditions [2], therefore
during long-term operation it becomes particularly
difficult to identify from the sensor data available, if
there exists a fault in a component or sensor, or if it
is due to the specific operating conditions. Thus,
given these vulnerabilities developing fault detection
and diagnosis (FDD) techniques to maintain optimal
performance and reliability for these complex energy
systems is currently of high interest [3]. Note that
effective FDD in ORCs not only reduces downtime
and operational costs but also contributes to
extending the lifecycle of these systems, enhancing
their overall economic viability.

FDD in energy systems has evolved significantly,
with various approaches. Model-based approaches,
for instance, leverage the physical dynamics of an
industrial heat exchanger to predict normal behaviour
and detect deviations that may indicate faults [4]. In
the context of ORC systems for geothermal
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applications, dynamic modelling has proven useful
for detecting performance anomalies, helping to
support control system design and robust fault
diagnosis using residual analysis [5].

Data-driven methods, including machine learning,
have been increasingly applied to FDD tasks across
complex systems, where they offer adaptability to
system variations and the potential for high accuracy.
Most scientific contributions of FDD are in the field
of refrigeration systems and for heating, ventilation
and air conditioning HVAC, as for example [6],
where predictive frameworks are explored to
automatically assess the system’s state of degradation
from unlabelled data. Whilst in [7] it is highlighted
for the case of Air Conditioning how soft faults
decrease the system performance (i.e., increases
energy consumption) and are more difficult to detect,
thus requiring more sensors.

Hybrid approaches that combine model-base-driven
techniques are particularly promising for complex
applications, as they can accommodate both the
complex dynamics and diverse fault types present in
these systems. Methods such as digital twin
frameworks and advanced filtering algorithms,
including extended Kalman filters and one-class
Support Vector Machine (SVM), have been explored
for real-time FDD applications in energy systems,
including air handling and chiller units [8,9]. Where
these frameworks not only enhance fault detection
but support decision-making by providing actionable
insights into system health and performance.

At the best author knowledge literature on FDD for
ORC systems is scarce. For instance, [10]
demonstrated the application of machine learning in
fault detection for ORC systems dedicated to waste-
heat recovery, illustrating the power of supervised
learning models to detect four different faults using
six sensor data.

This study aims to identify the strengths and
limitations of Support Vector Machine for FDD and
propose a methodology to optimally define the
number and type of features (i.e., sensors or
variables) used to train the machine learning
algorithm. The findings will contribute to a deeper
understanding of fault management strategies in
ORC systems, promoting the development of more
resilient and efficient energy recovery solutions.

2 Methodology

In this section the description of the organic Rankine
cycle architecture is presented, as well as a general

analysis of the faults considered in this study and the
simulation approach.

2.1 ORC process architecture

The ORC power unit considered corresponds to a
50kWe expander, using refrigerant R1234yf as
working fluid and with architecture as depicted in
Figure 1.
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Figure 1: Process architecture.

The refrigerant in liquid state is pumped up,
increasing its pressure at the moment of reaching the
evaporator inlet, then heat is exchanged between the
refrigerant and the secondary fluid which is in this
case water at an average temperature Ty s ,, = 90°C
and mass flow rate myfg, =12.5 kg/s. The
refrigerant boils and is heated up until a superheating
state at the expander inlet. The vapour passes through
the expander, making it rotate thus producing
electrical power when connected to a generator,
leading to a drop in temperature and pressure in the
refrigerant at condenser input. The condenser ensures
that the refrigerant will be back in a liquid state thus
closing the loop. Water is used as secondary fluid in
the condenser, at an average temperature T,f s, =
10°C and mass flow rate my g, = 22.5 Kg/s.

The simulator is built considering refrigerant
R1234yf as a working fluid, while its properties are
computed using CoolProp [11] in Python. Braze Plate
Heat exchanger for both, condenser and evaporator
are selected due to their high efficiency for liquid
applications. The methodology followed for these
heat exchangers corresponds to a discretization
according to the different refrigerant zones [12]. The
condenser and evaporator are discretized in three
zones (zi); superheating (sh), two-phase (tp) and
subcooled (sc) zone. Those models are based on
physical principles, and the solving process is carried
out based on iteration of the saturation pressure at
vapour quality. The problem is considered solved
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when the difference between the real area and the
area computed is lower than a tolerance value of 1 x
10 -6 [12].

The energy balance of the condenser is presented in
Equation 1 for the refrigerant side. Additionally, the
heat transfer equation presented in Equation 2 is
considered to represent any change in the heat
exchanger performance by a change in the
operational conditions or geometry. For this equation
a counter arrangement is considered between the
refrigerant and the water loops.

sh,tp,sc (1)
Qea = Z 1y (Mysuzica = Prex,zica)
7
e @
Qca = Z &icd * Cminzicd " (Trsuzica
70

- Tw,su,zi,cd)

The effectiveness of the heat transfer process can be
computed by Equation 3 and 4, for the single phase
and the two-phase zone, respectively.

Ezi,cd (3)
1 e(—NTUZ,-,cd(l—Cr,zi,cd))

1-— CT gicd e(_NTUzi,cd'(l_Cr,zi,cd))

Etped = 1-— e(_NTUtp,cd) (4)

The overall heat transfer coefficient in each zone
(UA_(zi,cd)) considers the possibility of fouling in
the heat exchanger which basically represent the
thermal resistance of the fouling thickness in the heat
transfer. The UA (zi,cd)is computed as the sum of
the thermal resistance of the water and refrigerant,
beside is necessary to consider the thermal resistance
of the plates (R_(zi,cd)). To relates the overall heat
transfer within the effectiveness of the process
Equation 5 is employed, which allows to compute the
area, which will the comparison value for the
iteration problem.

NTUzi,cd = Uzi,cd : Azi,cd/Cmin,zi,cd (5)

The BPHXs are \validated against SWEP
manufacturer data for the design condition. The
model considered in the validation corresponds to:

* Model B633MH, within 278, 250 and 160 plates.
» Model B439H, within 220, 140 and 120 plates.

The developed model presents an error below 5% for
the heat power capacity, 4 K for the exhaust
refrigerant temperature and below 10% for the
pressure drops.

A centrifugal pump is employed in this configuration
due to its high efficiency, where the isentropic
efficiency is extracted from the manufacturer curves
for the operational range. The pump Movitec V
F010/11 from KSB is chosen.

The expander is modelled by thermodynamic
equations, assuming that the expansion is an
isentropic process. For that an isentropic efficiency
of 0.7 [21] is considered, and a volumetric efficiency
of 0.95. The Equation 6 is employed to compute the
expander power.

VVexp = My Eexp * (hr,e,ex,exp - hr,su,exp) (6)

The nominal conditions of the ORC system are
presented in Table 1, where the secondary fluid
temperatures and mass flow rates can be analysed.
Moreover, the parameters for the expander and pump
are also presented, with their respective operational
speed.

Table 1: Nominal simulation conditions.

Simulation condition value
Heat source temperature (Ty, s 5,) 90 °C
Heat source mass flow rate (11, sy,) 12.5 kg/s
Heat sink temperature (T¢f sy,) 10 °C
Heat sink mass flow rate (1) 22.5 kg/s
Expander isentropic efficiency 0.7
Pump isentropic efficiency 0.7
Expander speed (Neyp) 3000 rpm
Pump speed (N,,) 2400 rpm

2.2 Faults description

In the present study 4 conditions are considered: the
healthy state, heat exchanger fault, expander fault
and pump fault. First an attempt for physical
interpretation is provided and then the form how the
simulator emulates the fault is described.

2.2.1 Heat exchanger fault: some of the most
common faults in heat exchangers include fouling,
leaking and blocking. Over extended operating
periods, fouling faults arise due to crystallization,
sedimentation, coking, corrosion, and similar
processes. This results in a layer of fouling that
gradually builds up on the surface of the heat
exchanger. Because the heat conductivity of this
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fouling layer is very low, it directly reduces the heat
exchanger's efficiency, leading to significant
economic losses [15]. For instance, when the
evaporator operates at low efficiency, the input
temperature to the expander drops, reducing the
ORC's work capacity. In this study fouling is
emulated by proportionally decreasing the number of
plates as fouling occurs. Other types of faults are not
considered at the moment.

2.2.2 Expander fault: The expander generates
mechanical work by expanding high-temperature,
high-pressure organic fluid, directly influencing the
system's power output. Expanders are classified as
either speed or volume type, with faults typically
categorized into thermal performance and
mechanical functional faults. Thermal performance
faults often show as irregular discharge volume,
abnormal pressure differences, and elevated exhaust
temperatures, usually due to issues with parts like the
air valve, piston ring, or cooling channels.
Mechanical functional faults, on the other hand,
manifest as unusual vibration, noise, or overheating,
stemming from loosened components, wear-induced
gaps, or structural cracks. These faults significantly
decrease expander efficiency and, if left unaddressed,
may lead to severe system failures. Due to the critical
impact of mechanical faults, this paper focuses on
diagnosing a specific type of mechanical fault, which
is emulated as a decrease in the expander isentropic
efficiency.

2.2.3 Pump fault: The pump functions to transport
and pressurize the working fluid, with types generally
classified as positive displacement, dynamic, or
electromagnetic, based on how pressure is applied.
Pumps are prone to various faults, including reduced
speed, blockage, and leakage. When such issues
arise, the pump cannot achieve the required pressure,
resulting in a reduced mass flow rate of the working
fluid. In this work a centrifugal pump is considered
with fault emulated by a drop in the isentropic
efficiency.

Finally, 4 sets of training data are collected from the
ORC thermodynamic model, including a no-fault
data set and three data sets with different typical
faults, to detect whether a fault occurs in the system
as summarized in Table 2.

Table 2: Summary of simulation fault conditions.

Data set Simulation condition Class
label

No fault  Healthy state 0

Fault1  Heat exchanger fouling 1

Fault 2
Fault 3

Mechanical fault in expander 2
Mechanical fault in pump 3

2.3 Data generation

In order to stablish during the simulation study
conditions similar as the ones encountered on a real
application, closed loop control for superheating and
subcooling are employed with setpoint in AT, o5 =

7 Kand AT er = 2 K.

Additionally, for each simulation condition from
Table 2, a random Gaussian distribution is employed
for Ty r 5 and T,f 5., With standard deviation 6 and 2,
respectively.

3 FDD through Support Vector Machine

In this section the mathematical description of the
machine  learning  classification  algorithm
implemented as FDD solution is presented, as well as
the features selection and the tuning methodology.

3.1 Support Vector Machine (SVM)

The support vector machine, developed in [16], is a
highly powerful and flexible model rooted in
statistical learning theory. It is effective for both
linear and nonlinear classification, regression, and
outlier detection, especially with small sample sizes
and high-dimensional data [17].

Support vector machines are supervised learning
algorithms used for classification that work by
finding an optimal hyperplane that maximizes the
margin between two classes. In mathematical terms,
for a set of training points (x;, y;) where x; € R™ and
y; € {—1,1}, the objective of SVM is to maximize the

. 2
margin — between the classes.

llwll
® B Ssupport vectors
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Figure 2: Principle of Support Vector Machine.

This is achieved by solving the optimization
problem:
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N
1 @)
min - lwll” + c;fi
subjectto: y,(w- X;+b)=1-§; (8)

fori=12,..,N and § =0

Where w is the weight vector, and b is the bias term.
Note that in order to prevent overfitting and
achieving a proper trade-off between achieving a low
error on the training data and minimizing the model
complexity the regularization parameter C is used,
with ¢; the slack variables representing the degree of
misclassification of each data point.

A small value of C allows the optimizer to increase
the margin, even if it means misclassifying more
points. It makes the decision surface smoother (high
bias, low variance). A large value of C tries to
classify all training examples correctly by giving the
model the freedom to select more complex decision
boundaries (low bias, high variance).

Additionally, when the data is not linearly separable,
SVM introduces a kernel function K(x;,y;) to
transform the data into a higher-dimensional space,
enabling linear separation. In this study the Radial
Basis Function (RBF) kernel is wused as
transformation function:

K(x;, y) = exp(—y||x; - xj”Z) ©)

The parameter y determines the spread of the kernel,
a larger value makes the kernel narrower, meaning
each training point has a more localized influence.
This can lead to a model that fits the training data
closely (risking overfitting). Whilst a smaller value
makes the kernel function broader, causing each
point to have a more significant influence on the
decision boundary, which can help the model
generalize better.

In conclusion the optimization problem from
Equation 7, Equation 8 and Equation 9, together
generate a solution called in machine learning a soft-
margin SVM algorithm. Where C controls the
regularization and margin, allowing for a trade-off
between margin size and classification error, while y
adjusts the influence range of each data point in
nonlinear SVMs with kernels.

3.2 Optimal trade-off tuning

A first step before tuning the algorithm consists in
normalising the data set between {-1,1}. This can be
achieved by applying the following relation

x = XH (10)

with u the media and o the standard deviation of each
data set. Subsequently, in order to find the optimal C
and y parameters defined in previous section, one
can perform an exhaustive search over a specified
parameter grid, e.g., C: [0.01, ..., 1000] and y:
[0.001, 0.01, 0.1, 100], by evaluating each
combination of C and Gamma values using cross-
validation.

3.3 Feature selection

In the context of support vector machines and
machine learning in general, a feature is an individual
measurable property or characteristic of the data
being analysed. Features are the input variables used
by the SVM model to distinguish between different
classes in classification tasks. In the case of FDD for
ORC systems using SVM, it is necessary to select
between the different sensors available the ones more
relevant to correctly detect the different faults.

Due to the limited amount of literature on FDD for
ORC systems, there is no clear reference on which
sensors or sensor combinations should be used for
different fault types. However, considering similar
systems, one can use industrial refrigeration systems
as a reference. For example, in [6], nine features are
selected, namely  evaporating  temperature,
condensing temperature, temperature differences at
various cycle components, and superheat. An
additional interesting study applied for chillers is
encountered in [18], where thirteen different features
are employed among them the instantaneous input
power, temperature and pressures at different
components inputs and outputs, subcooling level,
chiller efficiency, and superheat.

In SVM for classification, there is a key trade-off
between the number of features (dimensions of the
data) and the number of classes (distinct categories
being classified). This trade-off affects both the
computational complexity of the model and its
generalization to new data. In a simple approach one
can employ all sensor data available to train a SVM
classifier, or use knowledge from the system to
interpret from the physics of the system the more
suitable features, additionally, one can use algorithms
such as the Relief method to optimally select the most
important features [19] and [20].

The Relief algorithm is a feature selection method
that identifies important features by evaluating their
ability to distinguish between classes. For each
randomly chosen instance in the dataset, Relief finds
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the nearest neighbour from the same class (near-hit)
and from a different class (near-miss). It then adjusts
the weight of each feature based on how similar its
value is in the target instance compared to the near-
hit and near-miss instances. If a feature’s values are
similar within the same class and different across
classes, it receives a higher weight, indicating its
importance for classification. After multiple
iterations, features with the highest weights are
selected as the most relevant.

SVM is inherently a binary classifier, therefore, to
extend Support Vector Machines (SVM) for multi-
class classification (e.g., with 4 classes for the
defined healthy and faults to be studied), one can use
the One-vs-One (OvO) approach, in which a separate
SVM classifier it is trained for every possible pair of
classes. For a problem with k classes, this results in
k(k — 1)271 classifiers. In the case of 4 classes, it
would create 6 binary classifiers (one for each pair of
classes). During classification, each classifier makes
a vote, and the class that receives the majority of
votes across all classifiers is chosen as the predicted
class. This method although can be computationally
intensive it is effective, especially with smaller
numbers of classes as in the present study.

4 Results and analysis

Datasets are generated using the simulation model
based on the descriptions in Table 2, with additional
severity levels for each fault set at 10%, 30%, and
50%. The algorithms are trained using known data
and subsequently tested on unknown data across
different scenarios, each representing faults with
varying degrees of severity.

The testing procedure is as follows: the algorithm is
trained based on the healthy scenario and for each
fault type at 10% of severity level. Afterwards, the
classification algorithm is tested for the other severity
cases i.e., 30% and 50%.

4.1 Scenario 1: All sensor data

In the first scenario, all available sensor data is used
as features to evaluate the algorithm's performance.
This scenario assumes that the user believes having
more information available can enhance the machine
learning (ML) predictions. The sensor values to be
used as features are listed in Table 3. Note that in this
case, raw measured data (RMD) is used to create the
features. However, in other cases, calculated data
(CD) or secondary variables, which are derived from
algorithms or combinations of primary variables,
may be used.

Table 3: Variables used as features in scenario 1.

Feature Type Feature Type
Thfsu RMD Peyex RMD
Mef su RMD Teasu RMD
Mhf su RMD Peasu RMD
Tey su RMD Teaex RMD
Peysu RMD Pegex RMD
Teyp,ex RMD - -

The next step is to perform a grid search to tune the
C and y parameters, where the result of each
combination is a mean score that reflects how well
the SVM model performs on unseen data, as
determined by cross-validation. This procedure is
then applied to the training datasets (healthy and fault
datasets with 10% severity). The results are presented
as reference for the nonlinear region encountered, as
depicted in Figure 3, leadingto € = 10 and y = 0.1.

S O o o
N & o o o
Mean Test Score

Figure 3: Optimal SVM tuning by cross-validation.

The prediction capabilities of the tuned SVM
classifier are then tested on unseen datasets,
specifically for severity cases of 30% and 50%. As an
example of its performance, the prediction results of
the SVM for fault detection and diagnosis (FDD)
using features from scenario 1 are presented in Figure
4. In this case, the algorithm fails to predict 8 out of
56 data samples. Notably, it mainly struggles to
distinguish between the healthy (class 0) and
evaporating fouling (class 1), as outlined in the
classification presented in Table 2, whilst for faults
in the expander and the pump are correctly detected.
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Figure 4: Scenario 1: Prediction performance of
FDD with 30% fault severity (error: 8/56).

4.2  Scenario 2: All sensor data + combinations

In the second scenario, all sensor data is used during
the training phase, along with additional variables
derived from combinations of sensor data. In scenario
1, the main errors occurred because the classifier
struggled to distinguish between healthy data points
and evaporator fouling. To address this issue,
additional information related to system performance
should be included. Examples of such variables
include the rate of heat transfer Q, cycle efficiency 7,
and the power consumed W by the pump or produced
by the expander. These additional variables could
provide valuable insights, potentially enabling the
SVM algorithm to achieve greater accuracy. Table 4
lists the variables used as features, indicating whether
each is a raw measured data (RMD) variable or a
calculated data (CD) variable. The heat transfer and
cycle efficiency are defined as follows:

Qev = mwf (hev,su - hev,ex) (11)

Wosp — W, 12

none = Weww = Wow) 59 (12)
Qev

Table 4: Variables used as features in scenario 2.

Feature Type Feature Type
T su RMD Teqex RMD
Mef su RMD Pegex RMD
Mhf su RMD Wexp RMD
Tey su RMD Wop RMD
Pey,su RMD Norc CD
Tep ex RMD 0ca CD
Pey,ex RMD Qo CD
Tea su RMD My r RMD

Prasu RMD | - -

After defining the features, a grid search is performed
totune the C and y parameters, resultingin ¢ = 1and
y = 0.1. The training procedure is then applied to
70% of the samples from the healthy and fault
datasets with 10% severity, while the remaining 30%
is reserved for testing.

The prediction performance for the dataset with 30%
severity is shown in Figure 5. It is observed that the
FDD algorithm successfully distinguishes between
the different faults without any errors. Particularly, it
accurately differentiates between healthy data and the
evaporator fouling condition without issues. The
algorithm is able to classify both datasets i.e., 30%
and 50% severity with no error.

\\\\\\\\\\\\

\\\\\\

//////

\\\\\\\
//////////////

Figure 5: Scenario 2: Prediction performance of
FDD with 30% fault severity.

4.3 Scenario 3: Optimizing features

Following the improved results from scenario 1
achieved in scenario 2 by including additional
information, an investigation is conducted to
determine whether all features used are truly
necessary. The Relief algorithm, as described in
Section 3.3, is applied to the healthy and 10%
severity datasets during training to identify whether
fewer features can be used without compromising
accuracy in fault detection and diagnosis. Scenario 3
initially considers the same features as in scenario 2,
where the weights assigned by the Relief algorithm
to each feature represent its relevance or importance
in contributing to the classification task. These
weights are particularly useful for determining
whether a feature can be eliminated, as they
specifically indicate how well a feature helps
distinguish between classes while considering
similarities between samples. The results of this
analysis are illustrated in Figure 6.
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Figure 6: Scenario 2: Prediction performance of
FDD with 30% fault severity.

The results shown in Figure 6 suggest that not all
features are relevant for accurately classifying fault
conditions. Various methods for reducing the number
of features can be considered, such as applying a
threshold value, selecting a specific percentage, or
defining a minimum number of features. In this
study, the features with the highest numerical weight
values were selected, as shown in Table 5.

Table 5: Variables used as features in scenario 3.

Feature Type
Wop RMD
Qev CD

Prediction performance

20] X Veredictad o o W W W [N
it G S P A x

/////

//////////

//////////

Figure 7: Scenario 3: Prediction performance of
FDD with 30% fault severity.

Table 6: Accuracy score of the diagnosis using the
proposed SVM-FDD for different fault severities.

S . Number . Total
cenario ¢+ res Severity Accurac Score
Y
1 11 10% 43.75%  7/16
11 30% 85.71% 48/56
11 50% 85.71% 48/56
2 17 10% 100%  16/16
17 30% 100%  56/56
17 50% 100%  56/56
3 3 10% 100%  16/16
3 30% 100%  56/56
3 50% 100%  56/56

After considering the three selected features, the grid
search is performed to tune the C and y parameters,
resulting in C=0.1 and y=1. The training procedure is
then applied to 70% of the samples from the healthy
and fault datasets with 10% severity, while once
more the remaining 30% is reserved for testing. The
trained FDD SVM algorithm is assessed in terms of
prediction performance on the 30% and 50% severity
fault datasets. The FDD successfully classifies the
faults with no errors, achieving the same performance
as in scenario 2. However, in scenario 2, 17 features
were required, but in this case, only 3 features were
necessary. The prediction capabilities for the case of
the scenario 3 are depicted in Figure 7.

A final summary of the results obtained for the
different proposed scenarios is presented in Table 6,
which lists the total accuracy as well as the scores
based on fault severity.

5 Conclusions

This paper presents a fault detection and diagnosis
(FDD) algorithm for organic Rankine cycle (ORC)
power systems, which utilizes a support vector
machine (SVM) to classify various operational
conditions. Four conditions are considered in this
study: the healthy state, evaporator fouling fault, and
mechanical faults in the expander or pump.
Additionally, the severity of faults is explored at
three levels: 10%, 30%, and 50%.

The SVM algorithm is trained using the healthy state
and 10% severity fault data, and tested on datasets
with 30% and 50% fault severity. The results
demonstrate strong predictive performance, with the
model effectively generalizing to unseen data.

Regarding model tuning, a grid search approach is
employed to identify the optimal tuning parameters
for the SVM. Furthermore, the study emphasizes the
importance of proper feature selection across three
scenarios, ranging from raw sensor data to more
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complex variables derived from the measurements.
These additional features provide valuable insights to
improve the algorithm’s performance.

Using the Relief algorithm for feature selection, the
number of features is reduced from 17 to just 3, while
maintaining excellent predictive performance with
no errors.

A limitation of the present study is the reliance on
labelled data during the training process.
Consequently, future work will focus on the
development of self-learning algorithms capable of
working with datasets where only a small portion of
the data is labelled, and the rest remains unlabelled.
This is particularly important for fault detection and
diagnosis (FDD), as it can be challenging to obtain
sufficient data representing various fault conditions,
or to simulate such conditions effectively. For
example, emulating the presence of non-condensable
gases in Organic Rankine Cycles (ORCs) can be
difficult. Self-learning algorithms can address this by
using the labelled data to train an initial model, then
iteratively improving the model by predicting labels
for the unlabelled data and incorporating those
predictions into the training process
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