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Prediction Techniques for Power Plant Failure
and Availability: A Concise Systematic Review

Bathandekile M. Boshoma

Abstract— Electricity demand continues to exceed supply in
many sub-Saharan countries like South Africa, and frequent plant
failures further reduce energy availability. To address this issue, it
is essential to proactively predict plant failures and inform
decisions on when to plan for outages. Given a myriad of
prediction techniques, this study systematically analyzed various
literature to provide a collective view of prediction approaches,
their use cases, and context. Following the PRISMA guideline,
relevant literature was searched using the Scopus database, and
retrieved from the corresponding publisher sites. The selected
studies focused on predicting the unplanned capability loss factor
or the availability of power plants within the electricity industry
domain. A thematic analysis was performed to identify emerging
patterns related to current knowledge. Results revealed that
prediction studies focus more on predicting availability than
failure in coal-fired plants. The prediction horizon is mainly short-
term, mostly in renewable plant. Artificial neural network,
Bayesian analysis, and fuzzy rules are the prevalent technique
found in most studies. Scholars and researchers can benefit from
this study as it provided a simplified summary of power plant
prediction techniques in a consolidated view.

Index Terms— Artificial Intelligence, Availability, Outages, Plant
Failures, Power Plant, Predictions, Systematic Literature Review

Open License: CC-BY

[. INTRODUCTION

HE world is facing a global energy crisis caused by

population growth, increased energy demand, and
dependence on fossil fuels. The term “global energy crisis” is a
subject of several recent publications [1], [2], [3], [4], [5], [6],
and [7]. In South Africa, the country is faced with permacrisis
regarding electricity, and that has also become a subject of
recent research [8], [9], [10], [11], and [12]. Plant failures result
in unplanned outages, which reduce the Energy Availability
Factor (EAF), subsequently leading to a power shortage. This
is a concern, especially in a capacity-constrained electricity
industry, where the demand for electricity easily exceeds
supply. Hence, it is crucial to predict plant failures before they
occur in order to improve the availability of power stations.
However, with a myriad of approaches, models, algorithms,
features, and methods, it remains a challenge to select the best
ones to effectively solve the complex problem of prediction.
Various systematic literature reviews have been conducted on
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prediction topics. However, there does not seem to be a
collective or consolidated view of the current prediction
techniques used in power plants. For instance, some studies
have focused solely on machine learning approaches [13], [14],
[15], [16], and [17], while others have focused on deep learning
[18], [19], [20], [21], and [22]. On the other hand, some studies
have only focused on photovoltaic (PV) [23], [24], and [25],
while others have focused on wind prediction [26] and [27]. As
Kuster et al. [28] pointed out, choosing the best prediction
technique can be a difficult task with many options available.
To address this gap, this study systematically reviews the
literature following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) [29]
guideline to provide an overview of the prediction approaches
that exist, their use cases, and context. The key objectives are
to:
1. explore how widespread the prediction approaches have been
used,
2. establish the extent to which the existing literature explains
the application of prediction approaches in power plants, and
3. gain an understanding of the most suitable approaches for
prediction in power plants.

Through a systematic review, we sought to answer the
following Research Questions (RQ):

RQ1: What is the historical trend of predictive application in
power plants?

RQ2: In which context are prediction studies of power plant
conducted?

RQ3: What are the prevalent prediction techniques used in
power plants?
Our contribution is to present a uniform picture that clarifies the
prediction approaches used by power plants in the electricity
industry. In addition, we seek to identify the gaps in prediction
approaches and recommend direction for future research to
address these gaps.
The remainder of this paper is organized as follows: in section
2, we outline the methodology used to conduct the Systematic
Literature Review (SLR). The results of this study are presented
in section 3. Section 4 discusses the synthesis of the literature
using thematic analysis. Finally, in section 5, a conclusion is
drawn, gaps are identified, and directions for future research are
highlighted.
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II. Methodology

A. Procedure

As mentioned in the introduction, a PRISMA [29] guideline
was used to identify, select, appraise, and synthesize literature
for review as indicated in Fig. 1. The point of departure for
developing the scope of the search was guided by the Problem,
Interest, Context, Outcome (PICO) [30] framework in terms of
determining the problem, interest, context, and outcome to be
addressed in this study.

1) Problem

Although there are several studies on the prediction topic,
there is no consolidated view of the current prediction
techniques used in power plants, their application, and used
cases.

2) Interest
In order to address the problem, the basis of this study is to:

e understand what approaches are available to conduct
prediction.

e discover the extent of the prediction approaches used
worldwide.

e determine the trend across the countries, how the
approaches have evolved over the years, the most
common techniques used, and in which applications
are they being used, and for which functions.

3) Context
This study is mainly concerned with prediction approaches
relevant for power plant in the electricity industry.

4) Outcome

In this paper, a uniform picture is presented to clarify, which
approaches are suitable for power plant. Gaps are identified
with recommendations for future research.

B. Literature Identification

Scopus was used to identify and extract relevant literature,
since it is a well-known, largest, and trusted literature search
engine for studies from peer-reviewed sources. To eliminate
bias, we searched for papers regardless of their publication
status. The literature search was conducted from March 10 to
08 April 2023 using specific search strings applied to the
Scopus search engine as shown in Fig. 2.

The search string was constructed as follows:

String 1 AND String 2 AND String 3, where String 1 to 3 are
defined as.

String 1: "unplanned capability loss factor" OR availability

String 2: "machine learning" OR "deep learning" OR
"artificial intelligence" OR forecast®™ OR predict*

String 3: power OR electricity

For searching string 1 in the title, we used the search terms
"unplanned capability loss factor" OR availability.

Because the study is interested in the literature concerned
with forecasting or predicting using Machine Learning (ML) or
Deep Learning (DL), or Artificial Intelligence (AI), these
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search terms were included in string 2 in the title using the OR
logic.

The domain of application of this study is the power plant
and electricity industry. For this reason, using OR logic, the
researchers used the search terms power or electricity in the
title, abstract, and keywords for search string 3.

Since the historical trends and types of documents were part
of the research questions, we considered all types of papers,
irrespective of the year they were published. Using the above-
mentioned method, the search yielded 102 records.

Following the suggestion of [32], four inclusion (I) and four
exclusion (E) criteria were established, which helped to screen
the literature and to identify the most relevant papers for this
study.

The following inclusion criteria was used to select studies,
irrespective of their publication status:

I1: Studies with a title of unplanned losses and availability of
the electrical plant.

12: Studies focused on prediction or forecasting plant failures
or availability.

13: Studies that have an English version.

Similarly, we developed the following exclusion criteria to
guide the elimination of literature that did not meet the scope of
this study. However, none of the papers were excluded on the
basis of their publication status.

E1: Studies unrelated to electricity or power plant.

E2: Studies not focused on prediction or forecasting plant
failures or availability.

E3: Studies that do not have an English version.

C. Literature Screening

The first iteration of screening was performed by applying
the Scopus filter to the 102 identified records to include only
those papers that were in the subject area of energy,
engineering, mathematics, and computer science as per
inclusion criteria 3. This inclusion was applied because, by its
nature, the power plant and electricity industry are within the
energy, and engineering domains, whereas the prediction and
forecasting focus is within mathematics and computer science.
The filter resulted in the rejection of 19 and the inclusion of 83
records.

In the next step of screening, three more records that did not
have abstracts were rejected as they could not be verified to
ascertain their eligibility based on the mentioned criteria. An
attempt was made to elicit the full text of these records from
ScienceDirect, Google Scholar, and other publication sites;
however, none was available. This stage of screening resulted
in 80 records.

The next iteration of screening encompassed reading the
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—
Records removed before
screening:
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I
—
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) (n =83) abstract
g (n=3)
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(n =80) Exclusion 1 (n =42)
Exclusion 2 (n =4)

v

Studies included in review
(n =34)
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Fig. 1. PRISMA flow chart (adapted from: PRISMA 2020)
Applying the inclusion and exclusion criteria resulted in 34 relevant papers.

abstracts of the remaining 80 papers. This step resulted in the
rejection of additional 42 records based on Exclusion 1 (E1).

The remaining 38 papers were further subjected to a quality
assessment by reading the full text, which resulted in the
rejection of four more papers based on Exclusion 2 (E2).

The screening iteration resulted in a final selection of 34
papers as shown in Fig. 1, Fig. 2, and Table 1.

To prevent the risk of bias, upon completion of the screening,
we assessed the quality of the selected and excluded papers
using the Scottish Intercollegiate Guidelines Network (SIGN)
[31] checklist. We analyzed the data using thematic synthesis
from ATLAS.ti software.
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Fig. 2. Scopus search strings and filters based on inclusion
and exclusion criteria.

TABLE I
Search query records SUMMARY
Number
of Records
Quantity of studies found through 102
Scopus search
Quantity of studies after applying 83
Scopus filter
Quantity of studies selected after 34

manual quality check of abstract and
full article review

III. RESULTS
In this section, the selected literature is analyzed from
various perspectives to answer the research questions. The
study used figures, tables, and graphs to support the discussion
and visually present the analysis.

A. What is the historical trend of predictive application in
power plants?

To uncover the historical trend of predictive studies, we used
various graphical displays such as the document type
distribution per year, publisher common indexed words,
distribution by document type, distribution by subject area, and
distribution by country.

Document Type Distribution Per Year
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Fig. 3. Distribution by Year

Fig. 3 shows that prediction studies have been conducted and
published since 1970. More studies have been published in
1985. No studies were published from 1994 to 1998, after
which the studies were published every second year. Since 2018
at least one study was published annually.
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B Articles
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® Book Chapters

Fig. 4. Distribution by Document Type

The pie chart in Fig. 4 reveals that articles and conference
papers have contributed to a wide variety of literature in this
domain. The book chapters and reports were insignificant.

W Engineering
M Energy
m Computer Science
| Mathematics
W Materials Science
B Business Management and

Accounting
W Physics and Astronomy

Fig. 5. Distribution by Subject Area

Fig. 5 shows that the top subject areas in which prediction
studies have been published are engineering, energy, and
computer science.

Spain
Greece
Denmark
South Africa
India

Czech Republic

United States
Number of studies per country

Fig. 6. Distribution of Studies by Country

Fig. 6 shows the countries in which the literature is mainly
published and the number of studies in each country. Most
prediction studies have been published in the United States,
followed by China and the Czech Republic.

B. In which context are prediction studies of power plant
conducted?

The contextual application of predictive studies is dominant
for the availability prediction or forecasting of power as shown
in Fig. 7, as well as for short-term prediction of renewable
power as indicated in Fig. 8.
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Fig. 7. Word Cloud

Fig. 7 shows that in most studies the availability, forecasting
of power are the most referenced key words.

Fig. 8. Sankey Diagram

Based on Fig. 8, most studies applied short-term horizon
prediction for the prediction of wind power and photovoltaic
power.

C. What are the prevalent prediction techniques used in
power plants?

Table 2 shows that the prevalent techniques based on the
studies conducted are Artificial Neural Network (ANN),
Bayesian analysis, and fuzzy rules.

IV. DISCUSSION
According to Fig. 3, there has been a noticeable increase in
interest regarding predicting power plant outcomes. This trend
suggests that there is still scope for extensive research in this
area, and there is no indication that the research has reached a
saturation point. This gap presents an exciting opportunity to
delve deeper into this field and to explore new avenues.
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Regarding study distribution by country, the prevalence of
studies is mainly in the US, China, and the Czech Republic, as
indicated in Fig. 6. This clearly shows the paucity of studies in
African countries, including South Africa. There is a significant
gap in the literature on countries like South Africa, with only
two studies identified. Considering the dominance of power
stations in the electricity industry of South Africa and the
frequent power failures encountered, this presents a unique
opportunity for further research to fill these gaps.

As already mentioned, countries such as South Africa still
produce most of their electricity from power stations. The
paucity of medium-term horizon predictions of plant failures in
power stations is yet another promising avenue for future
research.

Regarding failure prediction, the word ‘cloud’ in Fig. 8
indicates that the term ‘failure’ is not frequently indexed,
suggesting room for further research in this area. Despite this
revelation, we noted that some authors interchangeably use the
terms ‘failure’ and ‘UCLF’ (Unplanned Capability Loss
Factor), where UCLF denotes the quantification of unexpected
disruption in plant operations [33].

A. Context of Prediction for Power Plant

Most of the studies are concerned with prediction or
forecasting of availability, mainly in coal-fired plant [34], [35],
[36], [37], [38], [39], [40], and [41]. Other used cases are for
availability of Gasified-Combined Cycles [42], Peaking
Stations [43], Distribution plant [44], renewables [45] and [46],
as well as for other plant equipment [47], [48], [49], and [50].
Only two of the papers mentioned the used case of failure
prediction [33] and [51].

In terms of prediction horizon, there is no evidence of a
medium-term prediction, instead the studies used short and
long-term prediction. For example, [33] and [52] applied a
long-term prediction, while most papers in the renewable space
used short-term prediction as shown in Fig. 8. The renewable
energy predictions are mainly for wind [53], [45], [54], [55],
[56], [57], [58] and PV [59], [46], [60], [56], [58]. Renewable
power is susceptible to uncertainty, which can disrupt the power
grid dispatching plans, hence the short-term interval
predictions. Singh et al. [56] concurs to this argument and
added that accurate energy availability predictions are essential
for effective demand-side management. By the same notion,
[59] argued that precise photovoltaic power forecasts are
crucial for the seamless integration into the grid.

B. Prediction Approach

Our analysis found a range of techniques available for
prediction, including AI and non-Al. Notwithstanding the
aforementioned, ANN, Bayesian analysis, and fuzzy rules were
noted to be the most prevalent. To better understand these
approaches, we will briefly discuss them.

a) ANN

ANN is an Al computational model that mimics the brain's
interconnected network, learning to associate input data with
corresponding outputs through weighted connections between
processing units, and it achieves success when it accurately

predicts outputs for both training and non-training data [41].
The ability of the ANN to discover hidden patterns in data, even
without human knowledge combined with their ease of
construction, training, and quick response time, has led to their
widespread use [61].

b) Bayesian Analysis

Bayesian analysis is a statistical technique used to update
probabilities based on new evidence, which in the context of
power plants [36], [37], and [38] used it to anticipate forced
outage hours for a power station. This approach is a valuable
tool for identifying which generating units require attention to
improve overall availability.

c) Fuzzy Rules

A fuzzy rule is an expression that can be depicted as a tree-
like structure containing nodes and leaves, with information
retrieval that uses expanded Boolean queries, which include
search terms, operators, weights, and assesses them against an
internal representation of a document collection [46].

d) Other Approaches

As we have pointed out, a range of approaches were
highlighted in literature, other than the prevalent ones discussed
above. A summary of these approaches is provided in Table 2.
Some of these approaches are non-Al. For instance, a study by
[49] presented a program for a fossil plant by applying multiple
techniques such as Failure Modes, Effects, Criticality Analysis
(FMECA), Availability Block Diagrams (ABD), Fault Tree
Analysis (FTA), and Unified Reliability, Availability, and
Maintainability (UNIRAM) to predict and quantify system and
unit availability.

FMECA can identify potential failure modes, their effects,
and their criticality, hence it is used to predict and quantify
system and unit availability in power plants [49]. In the same
study by [49], a graphical technique that represents the flow of
availability in a system by using blocks to represent
components or subsystems and arrows to represent the flow of
availability between them, known as ABD is discussed. Linares
[49] also analyzed FTA to break down system failures into
lower-level events and logical gates to predict probabilities and
identify combinations of events that can lead to failures. Linares
[49] further used UNIRAM to combine reliability, availability,
and maintainability analysis to predict and quantify system
performance, considering factors such as failure rates, repair
times, and maintenance policies, and using mathematical
models and simulation to identify areas for improvement.

While these techniques are indeed effective in identifying
potential failure modes, it's crucial to acknowledge their
limitations. They do not account for combined failures and can
be prone to inaccuracy due to their reliance on human
intervention and the availability of sufficient data.

Addressing the challenge of limited previous data for
predictions, [62] proposed the use of expert opinions to derive
the EAF of new power stations. While this approach may be
convenient, it might not be suitable for highly complex
scenarios where quick decisions are necessary. However, the
key takeaway is the importance of leveraging past data and
gaining a comprehensive understanding of parameters such as
future designs, operation, and maintenance policies, as
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advocated by [34]. Norman [39] and [40] underscored that
meeting these requirements can significantly enhance future
availability through the process of learning from experience.
An interesting discovery by [33] is the use of ensemble of
method by combining multiple prediction models, including the
Long Short-Term Memory Recurrent Neural Network (LSTM-
RNN), Optimally Pruned Extreme Learning Machines (OP-
ELM), and Deep Belief Network (DBN). Motepe et al. [33]
argue that the ensemble models can potentially enhance the
UCLF forecasting performance compared to a single technique.
Although their approach indicates high accuracies, it has the
limitation of not focusing on the model training performance, a
gap that can be explored by future research. Another gap in their
study is that the forecast period is one year and thus does not
research the performance of the models in medium-term
forecast windows, such as monthly.
Although various techniques have been presented in the
existing literature, no evidence of literature deals with
techniques such as Temporal Convolutional Networks (TCN),
Gated Recurrent Units (GRU), and Quasi-Recurrent Neural
Networks (QRNN).

TABLEII
SUMMARY OF SELECTED STUDIES

35

AUTHOR
[63]
[34]
[35]
[64]
[36]
[37]
[38]

[65]

[42]

[39]
[40]
[43]

[49]

[51]
[41]

[61]

FUNCTION
Estimate the time it would take to replace electronic
equipment to get back into service
Predict reliability and availability performance
Predict the reliability, availability, and
maintainability of a plant
Detection of equipment conditions to improve
efficiency and minimize downtime
Availability Prediction
Availability prediction
Availability prediction

Workstation environment to reduce inadvertent
reactor trips

Predict availabilities for future power plants

Reliability or availability forecasts
Reliability or availability forecasts
Availability predictions

Quantify and predict system/unit availability

Failure prediction to meet availability requirements
Predicting unit availability
Predict short term system mean block frequency

hour ahead and day ahead to determine available
capacity

AREA
Electronic equipment
Fossil power units
Coal-fired electric power generation
units
Steam turbine generator
Thermal power plant
Thermal power plant

Thermal power plant

Power plant

Combustion turbines (CTs), combined
cycles (CCs), and gasified-combined
cycles (GCCs)

Coal-fired, nuclear power

Coal-fired, nuclear power
Combustion turbines in peaking

applications
400 MW repowered unit

Accelerator power supply systems
Fossil steam units

Gas turbine stations

TECHNIQUE
Failure rates of the electronic equipment,
outage durations
Multivariate regression analysis
UNIRAM, the computer program
Artificial intelligence based expert system
Bayesian analysis
Bayesian analysis
Bayesian analysis
Reactor Trip Simulation Environment
(RTSE) and the Key Component Generation

Environment (KCGE)
Undefined

Statistical extrapolations

Statistical extrapolations

Undefined

Failure Modes, Effects, Criticality Analysis
(FMECA), Availability Block Diagrams
(ABD), Fault Tree Analysis (FTA),
UNIRAM

Fuzzy logic, decision trees,

Artificial Neural Network

Artificial Neural Network
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[59]
[53]

[33]

Auvailability prediction and maintenance cost
optimization

Predict the Availability of the Generating Units of
New large Coal Fired Stations

Availability prediction for nodes in distribution
networks

Estimation of wind farm technical availability
Prediction of solar energy availability

Energy Availability Forecasting

Forecasting photovoltaic power generation
Estimation of availability and reliability
performance

Harvested energy predictions

Long term power system load forecasting
Wind power forecasting

Wind power prediction

Prediction of electrical energy from solar and wind

sources for demand side management

Weather forecasting to support operations and
maintenance activities

Demand forecasting

Photovoltaic power forecasting

Wind power generation forecasting integrated with
preventive maintenance strategy

UCLF forecasting

Steam turbines of coal-fired power
plants

Coal Fired Stations
Distribution networks
Wind power

Solar power
Environmental monitoring sensor
networks

Photovoltaic power

Super capacitors
Transmission power plant
Transmission power plant
Wind power

Wind power

Solar, Wind power
Offshore wind power

Wind turbine, photovoltaic plant,

diesel generator, microturbine, Battery

Energy Storage System
Photovoltaic power

Wind farm

Coal-fired power station

Weibull distribution, data clustering,
approximation of failures frequency
histogram

Expert opinion elicitation process

N-gram, bagging algorithm

Proxy prediction model, Time series

Fuzzy rules

Fuzzy rules

Support vector regression

Wiener process

Low-complex and distributed transmit power
control algorithm

Freshness availability index

Availability index

Probability distribution parameter estimation
Extreme Value Distribution

Long short-term memory network (LSTM),
Markov chain

Autoregressive moving average (ARMA)

model

Physical model chain

Artificial Neural Network, integrated
availability maximization algorithm

Long Short-Term Memory Recurrent Neural
Network (LSTM-RNN), Deep Belief
Network (DBN), Optimally Pruned Extreme
Learning Machines (OP-ELM)
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V. CONCLUSION

A review of literature on prediction techniques used in
power plant was conducted asa SLRto explore how
widespread the prediction approaches have been used,
establish the extent to which the existing literature explains
the application of prediction approaches in power plants,
and to gain an understanding of the most suitable
approaches for predicting power plant failures. The study
found that despite the prevalence of techniques such as
ANN, Bayesian analysis, and fuzzy rules, limited literature
explored prediction techniques in South Africa as most of
these studies are conducted mainly in the USA. Thus, there
is still significant room for research in this area as the
existing research has not reached saturation. Hence, this gap
presents an opportunity for further research, particularly
considering the importance of power stations in South
Africa's electricity industry and the frequent power failures
experienced. The study also revealed a need for medium-
term horizon predictions of plant failures, as evidenced by
the scarcity of indexing of the term 'failure' in relation to
power plant prediction, suggesting a need for further
research in this area.

The findings of this SLR can serve as a compass for
future research in predicting power plant failures. The
focus can be on Al techniques, particularly TCN, GRU, and
QRNN, which were not extensively explored in the
reviewed studies. Researchers can also delve into model
training performance to enhance prediction accuracy and
develop and evaluate models with a medium-term forecast
window. These efforts can deepen our understanding of
plant failure prediction, aiding power stations in reducing
unplanned outages and improving plant availability.

To realize the benefits of this research, a structured
framework is proposed to guide power plants in ensuring the
accuracy and reliability of their models. The academic
implication is for future researchers to explore frameworks
that can assist power plants in implementing and evaluating
Al-based prediction techniques. For the electricity industry,
such a framework can facilitate the integration of Al
technologies into existing plant operations, enhancing
decision-making and plant reliability.

This study offered an overview of the prediction
techniques employed in power plants. Such contribution
can serve as a dependable reference for scholars and
researchers who wish to avoid the arduous task of sifting
through many individual research papers and enhance the
electricity industry.
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