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Load losses negatively impact the reliability of power stations, leading to plant failures. 
To support the decision-making of improving plant reliability, we experimented 
with six machine learning classifiers to find the model combination that produces 
the best prediction performance, called the Explainable Multilayer Stack Ensemble. 
We applied a five-year dataset from six power stations. Since the dataset is highly 
imbalanced with the positive class dominant, class weights are calculated and 
assigned to reduce bias toward the majority class. The best parameters are 
determined through a randomized search with cross-validation and applied to 
train the models. The Explainable Multilayer Stack Ensemble performed better than 
the individual models, with a further improvement by excluding the Gaussian Naïve 
Bayes in the second layer since it produced high false negatives. We demonstrate 
that when handling a highly imbalanced dataset, balanced accuracy, Receiver 
Operating Characteristics, and Precision-Recall Area Under the Curve provide a 
more reliable evaluation of model performance than focusing solely on standard 
evaluation metrics, such as accuracy, precision, and recall. Moreover, by excluding 
a poor-performing classifier from ensemble, we optimized the prediction process, 
and further enhanced overall performance.
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1 Introduction

Digital transformation is changing the traditional ways in which organizations 
manage their operations. In particular, the electricity industry is experiencing a substantial 
shift influenced by advancements in digital technologies. For instance, the rapid growth 
of artificial intelligence (AI) has led to using digital technologies such as machine learning 
to optimize operations and maintenance (Ugboke et al., 2024). Through the combination 
of predictive analytics and advanced algorithms, utilities can make informed decisions to 
improve the reliability of their plants (Aghahadi et al., 2024) by taking advantage of the 
well of data they have at their disposal. While big data has become essential for decision-
making (Čačković and Popović, 2016), some organizations still struggle to harness its 
potential and gain a competitive edge. According to Shuvo and Yilmaz (2020), 
incorporating AI into operations improves system efficiency and reliability. One of the 
issues facing the electricity industry is how to enhance the stability of generating plants 
(Wenyu et al., 2021). Electricity companies such as Eskom are grappling with load losses, 
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which reduce the electricity output a power station can generate. 
To eradicate load losses, a robust maintenance regime is required. 
In many power companies, the maintenance procedures typically 
involve regular routines based on specific operational timeframes 
(Ukkelberg, 2018) recommended by the original equipment 
manufacturer (OEM). However, given the tight nature of the grid 
with more demand for electricity than available supply, in the 
recent past, it has become a challenge for power utilities like Eskom 
to perform planned outages, resulting in a backlog of maintenance 
in most power stations. This constraint has had an adverse impact 
on the reliability of the power stations, evident from the increase 
in unplanned capability loss factor (UCLF).1 There is growing 
research on the electricity industry. Nevertheless, a significant 
portion of this research primarily focuses on power distribution, 
power transmission, and renewable energy sources. As a result, 
there exists a noticeable gap in research addressing load losses in 
power stations, particularly in relation to the application of 
machine learning techniques. Given the challenge of declining EAF 
faced by power stations due to the increase in load losses caused 
by UCLF, traditional management of load losses, such as manual 
spreadsheets, falls short in identifying hidden patterns in the 
dataset. Furthermore, since machine learning is a black box, most 
machine learning models do not provide transparency or 
interpretability on how they arrive at their decisions. In this paper, 
we  present a novel model called Explainable Multilayer Stack 
Ensemble (EMSE), which utilizes machine learning ensemble 
models and Explainable Artificial Intelligence (XAI) using Shapley 
Additive Explanations (SHAP) to identify load losses in power 
stations. The primary goal of this study is to enhance the 
comprehension and interpretation of the classification process 
while identifying the critical elements that influence load loss 
prediction, to help power utilities reduce load losses, especially 
those that result in UCLF. By applying power station plant data 
from historical load loss events to a machine learning multilayer 
stack ensemble, our approach aims to empower power utility 
managers with actionable information, ultimately enhancing plant 
reliability and facilitating empirically informed decision-
making interventions.

The intelligent prediction of load losses will ensure that power 
stations become reliable by proactively focusing on plants that 
urgently require outages, thereby scheduling a planned outage in 
advance that leads to Planned Capability Loss Factor (PCLF) 
instead of UCLF. Therefore, in this study, load losses are classified 
as UCLF or PCLF. The priority focus of this study is on the load 
losses contributing to UCLF, which is our label of interest. By 
predicting load losses in advance, our contribution is to help the 
management of power utilities perform a quick evaluation of the 
plants needing attention before failure occurs and prioritize them 
for the planned outage schedule. This proactive approach, which is 
a significant step forward in power plant management, can 
significantly enhance decision-making, enabling power utilities to 
reduce the UCLF and improve overall plant reliability. Hence, the 
objective of this study is to explore several machine learning models 

1 https://www.eskom.co.za/wp-content/uploads/2023/10/Eskom_

integrated_report_2023.pdf

using a multilayer stack ensemble approach to find the best 
ensemble with improved classification performance to aid in the 
decision-making of prioritizing planned maintenance for the 
stations at risk of failing.

The main contributions of this paper are:

 • Development of a robust load loss prediction model (EMSE) 
for classification of load losses.

 • Integration of XAI using SHAP approaches for model 
interpretability and understanding of the underlying decisions 
for the model in predicting load losses.

 • Empirical validation through a secondary five-year dataset of 
historical load loss events from six power stations, 
demonstrating the model’s feasibility.

 • Superior performance of the EMSE compared to baseline 
models, achieving a prediction accuracy of 96%, a precision 
rate of 0.996801, and a balanced accuracy of 0.881929.

 • Improved early identification of UCLF load losses, supporting 
power station managers and plant personnel with actionable 
information that aids in decision-making for prioritizing 
plants that need planned outages.

The paper is structured in seven sections. In Section 2, 
we provide the theoretical foundation of this study, explaining the 
relevant key concepts. Section 3 briefly delves into related work to 
highlight the novelty of this research. Section 4 presents the 
approach used for the classification tasks employing machine 
learning techniques. In Section 5, we compare the results obtained 
from the different experiments, and in Section 6 discuss the results. 
Finally, Section 7 encapsulates the conclusion and puts forth 
recommendations for future research.

2 Theoretical basis

In this section, we briefly explore the fundamental concepts that 
form the backbone of this research. We start by explaining the key 
terms related to the concepts used to provide readers with an enhanced 
understanding of the basis of our research.

2.1 Digital transformation

Digital transformation is a catalyst for change across various 
spheres, particularly within the business context, and it impacts 
all facets of human existence through the utilization of 
technologies (Kraus et al., 2021). Digital transformation is leading 
to substantial changes in businesses (Schwertner, 2017) as 
organizations are adopting technologies to improve the efficiency 
of their business operations (Hustoft and Weber, 2019) and take 
advantage of the value creation benefits (Morakanyane et  al., 
2017). Consequently, integrating digital technologies as part of the 
transformation can introduce new processes or alter existing ones 
(Hagberg et  al., 2016). This study examines the potential of 
adopting digital transformation through the application of 
machine learning to enhance the reliability of power stations, 
particularly in facilitating strategic decision-making regarding the 
scheduling of planned outages.
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2.2 Load losses

A load loss refers to the inability of a power plant to generate 
electricity at its designated maximum continuous rating (MCR) 
(Powertech, 2008) for several reasons, including but not limited 
to equipment faults (Marx et al., 2021), technical malfunctions of 
power plant components (Gils et al., 2018), and plant failures due 
to conditions that arise as a result of poor plant maintenance or 
defects. Irrespective of their causes, load losses fall into the broad 
categories of either planned or unplanned and they are 
categorized as partial or full load losses (Marx et  al., 2021). 
Planned load losses are incurred while the plant is down for 
planned maintenance. Unplanned load losses, as the name 
implies, are unplanned. Partial load losses are energy losses that 
result in the power station being unable to operate at full capacity. 
Conversely, full load losses are major plant incidents that result 
in a full plant breakdown or reduction of a significant amount of 
load. Examples of full load losses include unit trips, outage slips, 
and boiler tube failures. The amount of time incurred and the 
amount of electricity that cannot be produced as a result of a load 
loss are known as hours loss and Megawatt loss (MW Loss), 
respectively. The plant downtime to address the load loss or fix 
the cause of the load loss is called an outage, and it may 
be planned or unplanned (Ogieva et al., 2015). For a power utility 
like Eskom, an outage is considered a planned outage if it is 
scheduled at least 4 weeks in advance1. If the outage occurs 
reactively or is scheduled in less than 4 weeks before it happens, 
it is classified as an unplanned outage. Thus, plant failures and 
other equipment malfunctions are undesirable as they result in 
load losses that reduce the amount of electricity in a power 
system, requiring repairs or fixing that result in outages. 
Therefore, this study explores the various machine learning 
models that can enhance the proactive management of load loss 
by enabling advance predictions, thus allowing power stations to 
take timely measures for planned outages.

2.3 Big data

A vast quantity of data is being produced by many 
organizations. This substantial amount of data, also known as ‘big 
data’, lacks significance until relevant information is extracted 
from it (Neeraj and Maurya, 2020). Big data can be defined as the 
collection of large volumes of data from diverse sources, which is 
then analyzed to generate fresh insights and gain competitive 
business advantages (Čačković and Popović, 2016). Due to its 
large scale, complexity, and multidimensionality, big data cannot 
be effectively analyzed using basic computational techniques. As 
a result, machine learning methods for data mining are necessary 
(Neeraj and Maurya, 2020). Data mining involves uncovering 
hidden information such as patterns, interactions, correlations, 
groups, features, outliers, and more from the data (Neeraj and 
Maurya, 2020; Jackson, 2002). This study is unique in that it 
utilizes a real-life dataset derived from historical load loss 
incidents of power stations recorded over the past 5 years, thereby 
providing a robust foundation for analysis and enhancing the 
validity of its findings in the context of load loss prediction and 
management in power generation.

2.4 Machine learning

One commonly utilized approach in data analysis is machine 
learning (Tareq and Davud, 2024). Machine learning is a field of data 
science and a subset of AI that focuses on the development of 
algorithms (Nist, 2015) to enable computers to learn from data in 
order to improve (Mitchell and Mitchell, 1997). Machine learning 
encompasses a variety of methods that can recognize data patterns 
and leverage these patterns to predict future results (Jolly, 2018). 
Through the learning process, machine learning gains experience 
without requiring specific programming for each new task (Brossa 
Dachs, 2018; Samuel, 2000). The three types of learning used by 
machine learning include supervised, unsupervised, and 
reinforcement learning (Jolly, 2018). In supervised learning, the data 
comes with a set of labels or a numerical target variable, typically 
associated with a single feature or attribute, commonly referred to as 
the target variable (Jolly, 2018). In supervised learning, the machine 
learning model is trained on a labeled dataset called training data for 
a prediction task and then assessed on an unfamiliar dataset known 
as a testing set or validation dataset (Nti et al., 2021).

In contrast to supervised learning, unsupervised learning does not 
use predetermined labels, instead it employs algorithms to identify 
patterns in data without an outcome or target variable, allowing for 
the clustering of unlabeled data into discernible groups to which labels 
can be subsequently applied (Jolly, 2018). The primary distinction lies 
in the fact that supervised learning is used to train models for 
predicting future events, whereas unsupervised learning is utilized for 
pattern discovery (Brossa Dachs, 2018). Hence, supervised learning 
requires labeled datasets for training, whereas unsupervised learning 
does not need labeled data (Sharifzadeh et al., 2021).

Conversely, reinforcement learning involves the agent engaging 
with the environment to acquire knowledge and formulate decisions, 
with the environment providing rewards or transitioning to a new 
state in response to the agent’s actions (Chakole et al., 2021; Li, 2017; 
Li et al., 2022; Meng and Khushi, 2019; Pendharkar and Cusatis, 2018; 
Sahu et al., 2023; Xu et al., 2022; Zhang et al., 2022).

Since machine learning algorithms enable computers to make 
intelligent predictions, which can be  used for decision-making 
(Management and Brown, 2021; Nazari-Heris et al., 2021; Vaish et al., 
2021), data is the critical component used as a basis for learning and 
making predictions (Management and Brown, 2021; Marsland, 2011; 
Sharifzadeh et al., 2021).

Machine learning serves three functions: descriptive to explain 
what happened, predictive to predict what will happen, and 
prescriptive to make recommendations about actions to take 
(Management and Brown, 2021). Since the primary objective of a 
machine learning model is to ensure that its predicted outcomes 
correspond closely with actual results; thus, the evaluation of the 
model’s performance is crucial (Plevris et al., 2022). Consequently, the 
integration of machine learning into current operational frameworks 
has the potential to enhance efficiency. However, this integration 
requires the availability of high-quality data (Ukkelberg, 2018).

3 Literature review

In this section, we consider existing literature that used machine 
learning to predict load losses in the electricity industry. In the 
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discussion of the existing literature, we highlight the differences in the 
machine learning tasks, domains of application, and the specific focus 
of each study in order to demonstrate the distinctive contributions 
and approaches of our own research.

Studies on predicting load loss in the electricity industry are 
becoming more common (Abaas et  al., 2022; Bush et  al., 2021; 
Chadaga, 2023; Dalal et al., 2021; Grando et al., 2019; Han-Min and 
Chae-Joo, 2022; Hou et  al., 2023; Li et  al., 2021; Mahgoub, 2021; 
Mahgoub et  al., 2020; Majzoobi et  al., 2017; Nakas et  al., 2023; 
O’donnell and Su, 2023; Omogoye et al., 2023; Shuvro et al., 2019; 
Uwamahoro and Eftekharnejad, 2023; Wang et al., 2023). Many of 
these studies focus on power distribution (Dalal et al., 2021; Grando 
et al., 2019; Han-Min and Chae-Joo, 2022; O’donnell and Su, 2023; 
Omogoye et al., 2023), while others concentrate on power transmission 
(Bush et al., 2021; Omogoye et al., 2023; Shuvro et al., 2019) and some 
on renewable power sources (Hou et al., 2023; Nakas et al., 2023; 
Wang et al., 2023). Most of these studies are concerned with prediction 
of cascading failures (Chadaga, 2023; Li et al., 2021; Mahgoub, 2021; 
Mahgoub et  al., 2020; Nakas et  al., 2023; Shuvro et  al., 2019; 
Uwamahoro and Eftekharnejad, 2023).

The research by Majzoobi et al. (2017) employed an Adaptive 
Network-Based Fuzzy Inference System (ANFIS) to forecast the 
lifespan of transformers, which is part of the realm of predictive 
maintenance for electrical infrastructure. ANFIS is a blend of Artificial 
Neural Networks (ANN) and fuzzy inference systems, and the 
researchers used numerical simulations in MATLAB to predict the 
hourly remaining life of transformers. This task falls within the scope 
of regression in machine learning since it entails forecasting a 
continuous value, specifically the remaining lifespan of a transformer. 
Conversely, our research focuses on predicting losses in power 
stations, encompassing multiple pieces of equipment, as opposed to 
being limited to the prediction of losses for only one equipment, 
namely a transformer. Additionally, while Majzoobi et  al. (2017) 
implemented their model in MATLAB, we develop and train our 
models using Python.

A study by Grando et al. (2019) presents a classification of short-
circuit faults in electrical distribution networks using machine 
learning. They utilized data from Phasor Measurement Units (PMUs) 
installed along the network to simulate instances of faults. They 
applied Linear Discriminant Analysis (LDA), k-nearest Neighbors 
(KNN), Support Vector Machines (SVM), Artificial Neural Networks 
(ANN), and Decision Trees (DTs). The uniqueness of our study 
compared to that of Grando et al. (2019) is that while they conducted 
a study on classifying faults, we not only classify faults but all load loss 
types. Additionally, our classification task is for power stations, 
whereas theirs is in a distribution network.

A similar study by Shuvro et al. (2019) employed various machine 
learning algorithms to predict and classify cascading failures into 
three categories, namely, no cascade, small cascade, and large cascade. 
Additionally, they used linear regression to predict the number of 
failed transmission lines and the amount of load shedding during a 
cascade. In their study Shuvro et  al. (2019) utilized operating 
parameters such as loading levels, capacity of failed lines, and 
topological parameters as features for the machine learning models. 
While their study applies to a power transmission grid, we  use 
different features from a power station environment, and our 
classification task is based on load losses of UCLF, Other Capability 
Loss Factor (OCLF), which contribute toward the unplanned outages, 

and Planned Capability Loss Factor (PCLF), which contributes toward 
planned outages.

A paper by Bush et al. (2021) created a novel topology-based 
system for rapid synthetic regulation and contingency reserve 
services for the power grid. Their machine learning task involved 
classifying and predicting impact metrics in power systems using a 
neural network architecture and local topological measures to 
evaluate the impact of different power contingencies and predict 
unserved load. However, they used only one machine learning 
model, namely the neural network, while in our study, 
we  experimented and compared multiple classifier models. An 
additional uniqueness of our study in relation to theirs is that their 
prediction application is in a transmission network, while ours is in 
power stations.

A comprehensive study by Dalal et  al. (2021) conducted a 
day-ahead forecasting of grid loss in a distribution network using a 
machine learning system with 24 different models to generate forecasts 
for three sub-grids. The focus of their task was regression, and the 
domain of application is the energy distribution network. In contrast, 
our study involves a dataset encompassing 5 years of data, whereas 
Dalal et al. (2021) worked with a smaller dataset containing less than 
2 years of data. Additionally, the application of Dalal et al. (2021) was 
set in a distribution network, whereas our application is in a generation 
domain. Furthermore, their prediction task revolved around 
regression, while ours is a classification problem.

Another study conducted by Hou et  al. (2023) focused on 
developing a multi-stage hybrid energy management strategy utilizing 
machine learning algorithms for a regression task to predict energy 
abandonment and load loss during the scheduling of renewable 
energy. A study by Hou et  al. (2023) employed various machine 
learning models, including Extreme Learning Machine, BP Neural 
Network, Linear Regression, Support Vector Regression, K-Nearest 
Neighbor, Random Forest, AdaBoost, Gradient Boosting Decision 
Tree, Bootstrap Aggregating, and Extra Tree. The difference between 
their study and ours is that their prediction application is for energy 
management for microgrids in a peak-load energy landscape, while 
ours is in a base-load energy domain.

An interesting study by Wang et al. (2023) deals with an online 
load-loss risk assessment method for power systems using stacking 
ensemble learning. They first used a traditional load-loss risk 
assessment method based on power flow analysis to create risk 
samples. Then, they trained the stacking ensemble on four different 
machine learning models, namely Support Vector Regression (SVR), 
Extremely Randomized Trees (ET), Extreme Gradient Boosting 
(XGBoost), and Elastic Network. Additionally, they utilized Particle 
Swarm Optimization algorithms to optimize the model parameters. 
The machine learning task involves regression in a stochastic 
environment involving wind energy, while our prediction involves 
classification in a base-load application.

Research by Yeardley et al. (2022) has employed machine learning 
for the prediction of maintenance task scheduling. However, a 
significant limitation of their approach lies in the reliance on synthetic 
data generated through computer simulations, rather than utilizing 
actual operational data. Although the authors contend that access to 
empirical data is constrained, the primary concern remains that 
synthetic datasets may not accurately reflect the conditions present in 
real production environments. This gap warrants to be addressed, as 
the dynamics observed in a simulated context may differ markedly 
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from those in real world scenarios, thereby limiting the generalizability 
of the findings.

The studies mentioned above have established a solid groundwork 
using AI more especially machine learning. However, these existing 
studies highlight the need for more research on predicting load losses 
within power generation in comparison to the extensive research in 
power distribution, transmission, and peak-load domains. In addition, 
the need for real world data remains a gap and is critical in ensuring 
that predictive models accurately reflect actual operational conditions, 
thereby enhancing their reliability and effectiveness in informing 
maintenance strategies and decision-making processes. These gaps 
underscore the need for further research and development, specifically 
in the classification of load losses in power stations. Additionally, our 
study differs from existing literature in several ways. Firstly, our data 
source comprises secondary data from power stations. Secondly, our 
study utilizes real-world load loss events data from multiple plant 
areas and equipment. Thirdly, the focus of our study is on 
power generation.

In the next section, we will discuss the materials and methods 
employed to achieve the objectives of this study.

4 Methods and materials

We introduce a new model (EMSE) for predicting load losses in 
power stations. This section conveys the techniques, tools, and 
methodologies employed to accomplish the objective of the study. 
Figure  1 illustrates the main steps of the proposed EMSE model, 
which depicts the various stages involved in developing the proposed 
model for load loss classification. It highlights exploratory data 
analysis, data pre-processing, split for the training and testing data, the 
base models used in creating the EMSE, the evaluation in achieving 
accurate and reliable predictions, and interpretation using SHAP.

4.1 Dataset

We obtained a real-life dataset from Eskom, the largest power 
utility in South  Africa. The dataset contained secondary data on 
historical load losses from six power stations: Arnot, Camden, Duvha, 
Kendal, Lethabo, and Medupi. The load loss records span over 5 years, 
from the 2018 financial year (FY), which starts in April 2017, to the 
2022 financial year, which ends in March 2022, providing a large and 
rich set of observations. The dataset contained 97,986 rows of data, 
and 37 columns, with mixed categorical and continuous variables. 
According to Wu and Hargreaves (2021), mixed data with both 
numeric and categorical attributes is common in real-world 
applications, but many algorithms cannot handle this and can only 
process singular types of data, either numeric or categorical.

4.2 Exploratory data analysis

To gain insights into our dataset, we conducted exploratory data 
analysis (EDA) utilizing a univariate graphical approach to identify 
the distribution of each category across the entire dataset. The original 
dataset consists of 64,300 data records comprising four categorical 
features including Station Name, Unit, Plant Description 1, and a 

target variable called Classification that contains three variables, 
namely: UCLF, OCLF, and PCLF. In addition, there are two numeric 
features known as MWH Loss and MW Loss.

According to Figure 2, load losses are more prevalent at Arnot, 
Camden, and Duvha. Figure 3 shows the composition of load losses 
and displays the distribution of UCLF, OCLF, and PCLF within the 
load loss events. The composition comprises 92% UCLF, 6.2% OCLF, 
and 1.5% PCLF, with UCLF being a predominant class.

4.3 Data pre-processing

The quality of data is essential for the performance of learning 
algorithms (Ruiz-Chavez et al., 2018). Therefore, pre-processing the 
data to prepare it for data mining was a necessary step. Given the 
imperfect nature of real-world data (García et al., 2016), we undertook 
a comprehensive data-cleaning process. By running the imported 
dataset in Pandas in a Python environment, we identified the unique 
properties in the dataset.

4.3.1 Overlapping and redundant features
The data contained overlapping features and redundancy present 

in the form of duplicated data in more than one column presented as 
different labels. An example is the MW hours loss, which is a 
mathematical outcome of MW loss and Hours loss. We dropped the 
Hours loss column since it was already catered for in the MW hours 
loss column. We  also dropped the Truncated start date and the 
Truncated end date, which are similar to the Actual start date, and the 
Actual end date, respectively.

Removing unnecessary information that did not contribute to 
solving the problem of this study was a crucial step we undertook. This 
step was essential in maintaining the focus and purpose of our 
research. Features such as the Allocation ID, Station Event ID, 
Shutdown Code, Energy Code, and Outage Schedule ID were removed 
since they served no purpose for the study. In addition, some 
information from the target features, such as events like ramping up, 
cold reserve, spinning reserve, and outage slip events, were also 
removed. Although these events are recorded as load losses, they do 
not form part of the scope of this study as they do not occur as a result 
of plant defects, equipment faults, and plant breakdowns. Therefore, 
we removed them as they were irrelevant to fulfilling the research 
objectives for this study.

4.3.2 Ambiguous data
We identified ambiguous data, which occurred as a result of 

plant operators from different stations recording the same load loss 
reason differently using free text. Examples of ambiguous data in the 
load loss file include the inconsistent spelling of the same word, 
such as primary air, which in some instances is recorded as PA, in 
others P.A. Another example is feeder, which some plant operators 
write as feeder, others fdr, and in other cases misspelled as feeeder. 
Another observed ambiguity was the use of ‘vanes@ max open,’ 
‘vanes maximum open,’ and ‘vanes open maximum.’ In addition, 
we found instances where GM/, G/M, gen motor, and generator 
motor were recorded interchangeably. Another classic case noted 
was the term ‘out of commission,’ which appears in the data as o/c, 
o.c, not available, unavailable, out of service, and o/s. Such ambiguity 
can result in the loss of meaning, misinterpretation, lack of clarity, 
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and analysis errors. We  then decided on a standard naming 
convention by grouping similar reasons into themes to resolve the 
ambiguity of the non-standard recording. For example, a theme 
called ‘Coal conveyor belt damaged, faulty, maintenance’ was 
allocated to reasons relating to conveyors that were out of 
commission, failed, being spliced, or repaired. Another example was 
allocating the theme ‘PA fan vanes maximum open’ to denote any 
PA fan-related reasons, which were recorded as vanes@ max open,’ 

‘vanes maximum open’, ‘vanes open maximum’, or ‘PA fan vanes 
100% open’. ‘Bearing temps high’, ‘brg temperature high’, and 
‘bearing temp spiking’ were given a theme called ‘bearing 
temperature high.’

In addition, we identified and corrected spelling errors for words 
such as condenser, which on several occasions was misspelled as 
condensor; mill trunnion, which was misspelled as mill trinoin; and 
flue gas, which was misspelled as flu gas. Errors in the spelling of text 

FIGURE 1

Conceptual framework.
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data can cause machine learning algorithms to be unable to process 
the structure of the text and thus lose the correct meaning.

4.3.3 Missing values
Some of the records in the dataset contained missing values. 

We observed 35 missing values found in FY 2018, 68 in FY 2019, and 
15 in FY 2021. Most of the missing entries were for the second-level 
plant description. These missing values were manually treated using 
the load loss reason in the corresponding year to find the text that 
signifies the plant area. Where the reason text did not provide explicit 
guidance, we inferred the value from the previous years by searching 
for the same term within all the reason columns. Examples of missing 
values identified are presented in Table  1, together with the 
corresponding imputed values.

4.3.4 Duplicates
Next, we cleaned and removed any duplicates that were present in 

the plant description feature. Most of these duplicates were as a result 
of irregular spaces such as Draught Group reported as Draught-Group 
and C&I recorded as C & I. After removing the duplicates and 
checking for any missing values that could not be  treated, 64,279 
observations remained.

4.4 Explainable multilayer stack ensemble 
implementation

The implementation of models was done using the Explainable 
multilayer stack ensemble (EMSE). The base models for the EMSE was 
developed with six well known machine learning classification models 
listed in Table  2. With the logistic regression being the first layer 
model. The EMSE was applied to improve the performance of 
prediction. The classifier models were imported from scikit-learn [21]. 
First, the data was imported using the Pandas Python package.

4.4.1 Data splitting
Next, we created the feature and target and split the data into 

training and test sets. Of the 64,279 observations that remained after 
pre-processing of the data, 75% was allocated to the training set 
comprising 48,209 observations and 25% to the test set comprising 
16,070 observations. There were four variables, namely: X_train and 
X_test that represent the feature sets for the training and test data, 
while y_train and y_test represent the target variable sets for the 
training and test data. The classification load losses for this study 
consists of two classes, class zero being PCLF and class one being 
UCLF. The counts for the binary class on the training set was 732 for 
the negative or zero class (PCLF) and 47,477 for the positive or class 
one (UCLF). On the other hand, for test set there were 244 counts of 

FIGURE 2

Prevalence of load losses in power stations.

FIGURE 3

Composition of UCLF, OCLF, and PCLF within load losses.

TABLE 1 Missing values with corresponding imputed values.

Missing value Imputed value

Unit shutdown due to unavailability of 

ash conveying

Ash conveying

Unit trip Unit control system

ID fans not coping ID fans

Dust emission high Gas cleaning

Mill tripped on PA flow PA fans

Mill feeder cleaning Mills and feeders

Boiler metal temperature high Boiler and boiler tubes

EFP seal water differential pressure low Feed water and feed pumps

SSC not running Ash plant and SSC

IP stress or HP stress Turbine and casing

HP turbine exhaust temperature high Turbine and steam circuit

Turbine hydraulic oil pump pressure 

low

Turbine and oil system

Reverse power Electrical and auxiliaries

Reheater outlet temperature high Boiler and reheater

Load rejection test Generator and gen breaker
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the negative or zero class and 15,826 counts of the positive class or 
class one.

4.4.2 Hyperparameter optimization
Through the Randomized Search with cross-validation 

we conducted a hyperparameter tuning to identify the optimal values 
for the specified models. Table 3 presents the optimal hyperparameter 
values used for each classifier, as identified by the Randomized Search.

4.4.3 Training
We fitted the optimized classifiers to the training dataset. After 

that we used the resulting models to predict the test data and thereafter 
evaluated the performance of each model on the training set.

Since one limitation of scikit-learn is its inability to directly apply 
machine learning algorithms to categorical columns (Jolly, 2018), it 
was necessary to encode our target variables into numerical values for 
scikit-learn to process them effectively. Thus, for this reason, to make 
the dataset to be  compatible with machine learning algorithms, 
we first consolidated UCLF and OCLF into a single class labeled as 
UCLF, as both contribute to unplanned outages1. Next, we converted 
the categorical variables from the target to numeric binary values. Our 
label of interest is UCLF, therefore, it is our positive case, and 
we recoded it as 1. Since PCLF is our normal class, we recoded it as 0. 
Therefore, we ended with one target variable called Classification, 
containing only two labels: 1 if the load loss is a UCLF or unplanned 
outage, and 0 if the load loss is a PCLF or planned outage. The features 
are the remaining variables.

We utilized the LabelEncoder to initialize an integer encoding 
object and employed the fit_transform method to adapt each 
categorical variable into a numerical representation.

Given the significant class imbalance, with UCLF having a larger 
sample size than PCLF, we found it crucial to implement the class 
weight method in order to prevent the models from being biased 
toward the majority class and enhances its capability to accurately 
predict instances from the underrepresented class.

A significant class imbalance between the majority and minority 
classes can introduce bias in the predictive performance of Machine 
Learning algorithms, favoring the majority class (Hasanin et al., 2019). 
Thus, to ensure that the sample population is a true representation of 
the entire population of load loss classes under investigation and that 
the target labels are sufficiently represented in both the training and 
test sets, we employed a stratified random sampling. Stratified random 
sampling involves dividing the population into groups based on 
similar characteristics (Cochran, 1946). Subsequently, one element is 

selected from each group in proportion to its representation in the 
population to ensure an unbiased estimation. In our research, the two 
stratified groups are UCLF and PCLF.

With UCLF and PCLF as the target variables, we  utilized the 
supervised machine learning algorithm to train the models for 
predicting whether the load loss would be  a planned outage or 
unplanned outage. Next, we proceeded to predict the class for the 
testing set. Following the predictions, we calculated the classification 
accuracy, representing the percentage of correct predictions. 
Nonetheless, as accuracy fails to provide insights into the distribution 
of response values and the specific types of errors made by the 
classifier, we also employed the confusion matrix for further analysis.

4.4.4 Evaluation
We employed the k-fold validation method, specifically 5-fold 

cross validation as our model evaluation procedure to estimate how 
well the models will generalize when exposed to out of sample data in 
order to choose the best model. Among the various cross-validation 
techniques, k-fold is widely preferred (Fushiki, 2011; Geisser, 1975) 
due to its ease of use and effectiveness in assessing the performance of 
classification models (Marcot and Hanea, 2021; Jung et  al., 2020; 
Tamilarasi and Rani, 2020). In each iteration, a single fold is utilized 
as testing data while the remaining folds serve as training data 
(Wayahdi et al., 2020), and this process is repeated until the entire 
dataset is evaluated (Vanwinckelen and Blockeel, 2012).

In addition to the k-fold method, to quantify the model 
performance we utilized the accuracy, precision, recall also known as 
true positive rate or sensitivity, and F1-score. According to 
Mohammed et  al. (2020) accuracy gives more importance to the 

TABLE 2 Machine learning classification models used in the experiment.

Abbreviation Model

GNB Gaussian Naive Bayes

LR Logistic Regression

RFC Random Forest Classifier

DTC Decision Tree Classifier

KNN K-Nearest Neighbors Classifier

XGBoost X Gradient Booster Classifier

EMSE Explainable Multilayer Stack 

Ensemble

TABLE 3 Hyper-parameters from the randomized search.

Classifiers Hyper-parameters

Gaussian Naive Bayes Var smoothing = 6.579332246575682e-07

Logistic Regression C = 3.3333333333333335

Penalty = l2

Random Forest Classifier Criterion = entropy

Max depth = 10

Min samples leaf = 1

Min samples split = 6

N estimators = 245

Decision Tree Classifier Criterion = gini

Max depth = 1

Min samples leaf = 3

Min samples split = 6

Splitter = random

K-Nearest Neighbors 

Classifier

Weights = uniform

N neighbors = 10

Leaf size = 30

Algorithm = ball tree

X Gradient Booster Classifier Learning rate = 0.5555555555555556

Loss = exponential

N estimators = 305
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majority target than the minority target, hence it becomes challenging 
for a classifier to perform well on the minority target. To address this 
challenge, we incorporated the F-measure, a combination of precision 
and recall (Bradley, 1997). The F-measure is widely used as an 
evaluation metric (Estabrooks and Japkowicz, 2001). Due to the 
imbalanced nature of our dataset, we utilized the F1 score. The F1 
score is a variant of the F-measure, which equally considers precision 
and recall (He and Ma, 2013). Recall focuses on the model’s ability to 
identify all relevant positive instances, specifically measuring the 
proportion of actual positives that were correctly identified, whereas 
precision underscores the reliability of the model’s positive predictions, 
focusing on the ratio of predicted positives that are indeed true 
positives (Bishnoi et al., 2022). In addition, we used the balanced 
accuracy, Receiver Operating Characteristics (ROC) and Precision-
Recall Area Under the Curve (PR-AUC) given that our dataset is 
highly imbalanced.

To understand the performance of our models, we mapped the 
actual load losses and predicted load losses in a confusion matrix, 
which is defined as “a tabular representation commonly employed to 
describe the performance of classification models or classifiers using 
a known set of test data.” Given that our dataset comprises two distinct 
classes: PCLF (0) and UCLF (1), the resulting matrix is a two-by-two. 
We designated PCLF as a negative class and UCLF as the positive class 
because the objective is to proactively take measures to reduce UCLF 
in order to combat plant failures.

We also conducted a feature importance analysis for the best 
selected model to determine the most relevant features that 
contributed to the performance of the model. The significance of the 
features highlights the statistical relevance of each attribute within the 
dataset in relation to its impact on the model (Belete and 
Huchaiah, 2022).

4.4.5 Explainability and interpretability
To facilitate meaningful interpretations of the predictive 

outcomes, we  employed the SHAP methodology, which is the 
approach for XAI focused on ensuring the interpretability of the 
model’s predictions post-training. SHAP provides the explanations for 
the decision-making process of the model and highlights the factors 
influencing its predictions. This approach allows us not only to 
identify instances of load losses but also to gain insights into how the 
model formulates its predictions. Such interpretability aids in 
enhancing our understanding of the model’s performance, fosters 
trust in the results it produces, and improves the efficacy of decision-
making regarding the reduction of UCLF. We performed a sensitivity 
analysis using the SHAP dependence plot to identify any sources of 
uncertainty in prediction and to understand the interaction 
between parameters.

4.5 Models

4.5.1 Gaussian Naive Bayes
The Naive Bayes algorithm functions as a probabilistic model 

employing the principle of the Bayes theorem to predict classes and 
categories (Jolly, 2018; Bishnoi et al., 2022). It utilizes a classification 
approach which relies on the assumption of independence among all 
predictors (Bishnoi et al., 2022) by employing a probability table that 
is updated through training data, which facilitates the retrieval of class 

probabilities based on feature values to predict a new observation 
(Ray, 2019).

4.5.2 Logistic regression
Logistic regression is a model employed in nonlinear relationships 

when multiple predictors are present (Neeraj and Maurya, 2020) by 
defining the boundary between distinct classes (Kashmoola 
et al., 2022).

4.5.3 Random forest
A random forest classifier is made up of an ensemble of decision 

trees (Neeraj and Maurya, 2020; Kumar et  al., 2022), which it 
repeatedly generate by drawing random samples from the training 
dataset, and ultimately derives a final decision through a process of 
majority voting (Bishnoi et al., 2022).

4.5.4 Decision tree
A decision tree is a hierarchical machine learning classifier that 

resembles an inverted tree, with nodes representing predictor 
variables, connections illustrating decision paths, and leaf nodes 
indicating response variables, aiming to predict the target variable’s 
value through simple decision rules derived from the features (Bishnoi 
et al., 2022).

4.5.5 KNN
KNN utilizes non-parametric learning methods that do not 

require assumptions about data distribution; it trains on both 
positive and negative attributes and classifies new instances by 
measuring the distance to the nearest training case, or neighbor, with 
classification determined by the sign of that point (Neeraj and 
Maurya, 2020).

4.5.6 XGBoost
XGBoost is a boosting-based machine learning classifier primarily 

employed to minimize bias errors, wherein a sequence of decision 
trees, referred to as weak learners, is interconnected such that the 
errors produced by the initial base learners serve as input for 
subsequent trees, enabling them to learn and correct the identified 
error patterns (Kumar et al., 2022).

4.5.7 Multilayer stack ensemble
Stacking is a machine learning approach that involves using 

predictions from models at one level as input features for models at 
the next level in order to improve the performance of the prediction 
(Pavlyshenko, 2018). When utilized in isolation, individual models 
often exhibit certain performance limitations. To address the 
instability and shortcomings associated with a single model, the 
ensemble learning approach combines multiple foundational models, 
thereby producing a more robust predictor (Wang et al., 2024).

5 Results

In this section, we present the outcome of the multilayer stack 
ensemble model implementation, detailing the performance of each 
model according to the defined performance metrics. Furthermore, 
we incorporate the findings obtained from the confusion matrix and 
provide a comparative analysis of each model on the testing dataset. 
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Moreover, we highlight the most relevant features that contributed to 
the performance of the models.

Figure 4 shows the confusion matrix of the various models. The 
confusion matrix of the Naive Bayes classifier shows that out of the 
16,070 load loss cases, the Gaussian Naive Bayes classifier predicted 
that 1,185 of load losses will be PCLF and 14,885 will be UCLF. Among 
the actual load losses, 244 were PCLF, and 15,826 were UCLF. There 
were 14,791 true positive cases in which the UCLF load losses were 
correctly predicted as UCLF and 150 true negative cases in which the 
PCLF load losses were correctly predicted as PCLF. Conversely, there 
were 94 false positive cases or a type 1 error where PCLF was 
incorrectly predicted as UCLF, and 1,035 false negative cases or a type 
2 error where UCLF was falsely predicted as PCLF.

The confusion matrix of the Random Forest classifier indicates 
that out of the 16,070 load loss predictions, the Random Forest 
classifier predicted six load loss instances as PCLF and 16,064 as 
UCLF. There were 15,823 true positive cases in which the UCLF load 
losses were correctly predicted as UCLF and three true negative cases 
in which the PCLF load losses were correctly predicted as 
PCLF. Conversely, there were 241 load loss cases, which were falsely 
predicted as UCLF, while, in actual fact, they were PCLF. Furthermore, 
there were three false negative cases where load losses were incorrectly 
predicted as PCLF instead of UCLF.

The confusion matrix of the Logistic Regression classifier points 
that out of the 16,070 load losses, the Logistic Regression classifier 
predicted 80 load loss instances as PCLF and 15,990 as UCLF. There 
were 15,777 true positive cases in which the UCLF load losses were 
correctly predicted as UCLF and 31 true negative cases in which the 
PCLF load losses were correctly predicted as PCLF. On the contrary, 
there were 213 load loss cases, which were falsely predicted as UCLF, 
while, in fact, they were PCLF. Moreover, there were 49 false negative 

cases of load losses that were incorrectly predicted as PCLF when, in 
fact, they were UCLF load losses.

The confusion matrix of the Decision Tree classifiers reveals that 
of the 16,070 load loss predictions, the Decision Tree classifier 
predicted zero load loss instances as PCLF and 16,070 as UCLF. In 
actual fact, there were 244 PCLF load loss cases that were falsely 
predicted as UCLF while on the other hand 15,826 of the UCLF cases 
were correctly predicted as UCLF.

The confusion matrix of the KNN classifier demonstrates that out 
of the 16,070 load loss predictions, the KNN classifier predicted 59 
load loss instances as PCLF and 16,011 as UCLF. There were 15,799 
true positive load loss cases with the correct prediction of UCLF and 
32 true negative cases where PCLF load losses were predicted 
correctly. To the contrary, there were 212 PCLF load losses, which 
were falsely predicted as UCLF, and 27 false negative cases of UCLF 
load losses that were incorrectly predicted as PCLF.

The confusion matrix of the XGBoost classifier depicts that out of 
the 16,070 load loss predictions, the XGBoost classifier predicted 145 
load loss instances as PCLF and 15,925 as UCLF. There were 15,759 
true positive load loss cases with the correct prediction of UCLF and 
78 true negative load loss cases where PCLF load was predicted 
correctly. On the contrary, there were 166 PCLF load losses, which 
were falsely predicted as UCLF, and 67 false negative cases of UCLF 
load losses that were incorrectly predicted as PCLF.

The confusion matrix of the multilayer stack ensemble model 
highlights that out of the 16,070 load loss predictions, the multilayer 
stack ensemble classifier predicted 811 load loss instances as PCLF 
and 15,259 as UCLF. The multilayer stack ensemble classifier correctly 
predicted 15,210 true positive load loss cases as UCLF and 195 true 
negative load loss cases as PCLF. On the other hand, there were 49 
PCLF load losses, which were incorrectly predicted as UCLF, and 616 

FIGURE 4

Collective view of matrix for the models.
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false negative cases of UCLF load losses that were incorrectly predicted 
as PCLF (Figure 5).

In the multilayer stack ensemble without Gaussian Naïve Bayes, 
out of the 16,070 load loss predictions, the classifier predicted 754 load 
loss instances as PCLF and 15,316 as UCLF. The classifier correctly 
predicted 15,267 true positive load loss cases as UCLF and 195 true 
negative load loss cases as PCLF. On the other hand, there were 49 
PCLF load losses, which were falsely predicted as UCLF, and 559 false 
negative cases of UCLF load losses that were incorrectly predicted as 
PCLF. With reference to the collective view of the confusion matrix in 
Figure 4, as well as the individual confusion matrix in Table 4, the 
Gaussian Bayesian model has the highest number of false negative 
load loss predictions compared to other models in the stack.

Table 4 displays the performance results for each model used in 
the multilayer stack ensemble. The decision tree achieved the highest 
recall of one (1) and the lowest false negative of 0 % (0%). The 
XGBoost has the highest correct prediction, f1-score, and PR-AUC of 
98.550093, 0.992662, and 0.999387, respectively. The Gaussian Naïve 
Bayes has the lowest performance in correct prediction, f1-score, 
recall, and false negative of 92.974487, 0.963238, 0.934601, and 6.44%, 
respectively. The stacking showed good performance in precision, 
balanced accuracy, ROC, and false positives of 0.996789, 0.880129, 
0.880129, and 0.30%. On the other hand, the stacking without the 
Gaussian Naïve Bayes achieved overall improved results of 0.996801 in 
precision, 0.881929  in balance accuracy, 0.881929  in ROC, and a 
similar performance of 0.30% in false positives, with a better 
performance of 3.48% in false negatives compared to the stacking that 
includes the Gaussian Naïve Bayes.

MW Loss and Hours Loss are displayed as prominent features in 
the SHAP plots for the random forest, GNB, KNN, XGBoost, EMSE, 
and EMSE without GNB in Figures 6–12. In addition, Lethabo power 
station contributes significantly to the feature importance compared 
to other power stations. The EMSE plot (b) Figure 12 shows MW Loss, 

Hours Loss, and Lethabo power station as major contributors to the 
prediction of load losses. Plot (d) Figure 12 indicates Hours Loss, MW 
Loss as contributing 0.02 each to the log odds of load losses, and boiler 
plant and Lethabo power station contributing 0.01 each. In plot (c) of 
Figure 12, high feature values for Lethabo and Camden power stations 
show a negative contribution toward load losses observed by the red 
dots on the left side of the plot, and more so in the gas cleaning plant. 
On the other hand, high feature values are observed to have a positive 
impact at Duvha, Kendal, and Medupi power stations indicated by the 
red dots toward the right side of plot (c) in Figure 12. In Figure 13, 
we observed that when MW Loss is greater than 150, the impact on 
the model load loss prediction becomes negative, hence it increases 
the load loss. Another observation is that when MW Loss is about 650, 
the SHAP values range between −0.005 and −0.18. Additionally, the 
impact of the Hours Loss on load loss prediction in relation to MW 
Loss reveals that the most significant improvement in UCLF occurs 
when MW Loss is less than 150 and the Hours Loss is below 30.

6 Discussion

The results reveal that all the models individually achieved a 
prediction accuracy exceeding 90%, indicating strong predictive 
capabilities. However, when comparing standard accuracy with 
balanced accuracy, we observe a lack of convergence in results. This 
discrepancy arises from the highly imbalanced nature of our dataset 
characterized by 244 instances of load losses in the PCLF versus 
15,826  in the UCLF cases, which can render accuracy figures 
somewhat misleading. Therefore, we  reviewed the results in 
conjunction with the balanced accuracy, ROC, and PR-AUC for a 
more reliable evaluation of model performance. The balanced 
accuracy metric, in particular, plays a crucial role in providing a more 
accurate assessment of our models’ performance. Moreover, upon 

FIGURE 5

SHAP plots for logistic regression. (a) Logistic regression feature importance, (b) Logistic regression mean SHAP plot, (c) Logistic regression beeswarm 
plot, (d) Logistic regression waterfall plot.
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examining the individual models, it was evident that the decision tree 
exhibits a recall of one (1) and a false negative rate of 0%. At first 
glance, these results may lead one to conclude that the decision tree 
model outperforms the other models. However, the balanced accuracy 
of 0.5 presents a contrasting perspective. These findings suggest that 
the decision tree model accurately identifies all instances of load losses 
categorized as UCLF, thus achieving perfect recall, while it erroneously 
classified all negative cases of load losses as positive. Given that the 
positive class is considerably more than the negative class, the recall 
result for the decision tree indicates that the model misclassifies the 
minority class. Consequently, the balanced accuracy remains low at 
0.5 due to the profound imbalance in its predictive capabilities across 
the respective classes.

In power generation both true positives and true negatives are 
vital for enhancing plant reliability. Therefore, misclassifying load 
losses as UCLF, when they are actually PCLF, can result in scheduling 
unnecessary plant shutdowns, which could be  problematic in 

scenarios of a tight grid where the power supply is insufficient to meet 
demand. By the same notion, it remains pertinent to address false 
negatives, where the model incorrectly classifies UCLF load losses as 
planned load losses as it is the case with the Gaussian Naive Bayes, 
which produced a high rate of false negatives. High false negative rates 
could lead to no intervention under the wrong impression that the 
load losses are PCLF while, in actual fact, they are UCLF losses. Thus, 
misclassifying a load loss as PCLF when it is UCLF can lead to missed 
opportunities for essential maintenance, potentially resulting in plant 
failures and undermining the plant’s reliability. Hence, the further 
experimentation with the ensemble led to the exclusion of the 
Gaussian Naïve Bayes model from the multilayer stack ensemble since 
it produced a high rate of false negatives to avoid its distorted influence 
on the overall performance of the multilayer stack ensemble model.

In addition, the analysis indicates that the EMSE without the 
Gaussian Naïve Bayes model offers notable advantages, as evidenced 
by improved performance of 0.996801 precision, 0.881929 balanced 

TABLE 4 Overall performance of models.

Model Correct 
prediction 

(%)

F1 score Precision Recall Balanced 
accuracy

ROC 
score

PR-AUC False 
positive

False 
negative

Random forest 98.481643 0.992349 0.984998 0.99981 0.506053 0.506053 0.999277 1.50% 0.02%

Logistic regression 98.369633 0.991765 0.986679 0.996904 0.561977 0.561977 0.998399 1.33% 0.30%

Decision tree 98.481643 0.99235 0.984816 1 0.5 0.5 0.994364 1.52% 0%

XGBoost 98.550093 0.992662 0.989576 0.995766 0.657719 0.657719 0.999387 1.03% 0.42

KNN 98.512757 0.992493 0.986759 0.998294 0.564721 0.564721 0.997165 1.32% 0.17%

Gaussian Naïve Bayes 92.974487 0.963238 0.993685 0.934601 0.774678 0.774678 0.99633 0.58% 6.44%

EMSE 95.861854 0.978607 0.996789 0.961077 0.880129 0.880129 0.999201 0.30% 3.83%

EMSE without GNB 96.216553 0.980477 0.996801 0.964678 0.881929 0.881929 0.998997 0.30% 3.48%

FIGURE 6

SHAP plots for random regression. (a) Random forest feature importance, (b) Random forest mean SHAP plot, (c) Random forest beeswarm plot, (d) 
Random forest waterfall plot.
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FIGURE 7

SHAP plots for decision tree. (a) Decision tree feature importance, (b) Decision tree mean SHAP plot, (c) Decision tree beeswarm plot, (d) Decision tree 
waterfall plot.

FIGURE 8

SHAP plots for Gaussian Naive Bayes. (a) GNB feature importance, (b) GNB mean SHAP plot, (c) GNB beeswarm plot, (d) GNB waterfall plot.
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accuracy, and 0.881929 ROC. These improvements surpass the 
performance of both the individual models and the multilayer stack 
ensemble model with the Gaussian Naive Bayes. Additionally, 

although the false negative rates remained consistent with those of the 
multilayer stack ensemble model, there was a slight improvement in 
recall, highlighting the efficacy of this modified multilayer stack 

FIGURE 9

SHAP plots for KNN. (a) KNN feature importance, (b) KNN mean SHAP plot, (c) KNN beeswarm plot, (d) KNN waterfall plot.

FIGURE 10

SHAP plots for XGBoost. (a) XGBoost feature importance, (b) XGBoost mean SHAP plot, (c) XGBoost beeswarm plot, (d) XGBoost waterfall plot.
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ensemble model. Overall, the results suggest a promising direction for 
optimizing model performance using the multilayer stack ensemble 
model by selectively excluding a model that negatively influences the 
performance of the multilayer stack ensemble model, thus providing 
a better-performing multilayer machine learning ensemble.

In light of the above, the overall performance evaluation of our 
models demonstrates that the EMSE without the Gaussian Naïve 
Bayes produces improved results, thus making it the ideal model to 
utilize to support load loss management in power stations. Therefore, 
based on the evidence of this study, we propose the use of the EMSE 
without the Gaussian Naïve Bayes for the prediction classification of 
load losses in power stations, as it produced improved classification 
performance in line with the objective of this study. In addition, 
balanced accuracy, ROC, and PR-AUC provide a more reliable 
evaluation of model performance compared to the standard evaluation 
metrics such as the accuracy, precision, and recall, when handling a 
highly imbalanced dataset. Therefore, with the excellent performance 
of the EMSE presented in this study, we contribute to the management 
of load losses by offering practical implications as a proactive plant 
reliability triage for prioritizing which plants to include in the planned 
outage schedule, enabling a proactive approach that can significantly 
enhance decision-making and empower the electricity utilities to take 
timely action to reduce the UCLF and improve overall plant reliability.

From the SHAP plots, higher values of ‘MW Loss and Hours Loss’ 
features correlate with increased load losses. We conclude that the power 
utility should focus on reducing these values to mitigate the risk of 
unplanned outages. Moreover, the high feature values at Lethabo power 
station and Camden power station, which negatively impact load losses, 
imply that they contribute significantly toward UCLF. From this analysis, 
we can conclude that if the power utility wants to curb load losses and 

reduce unplanned outages, it should prioritize Lethabo power station for 
planned outages, followed by Camden power station. The area to focus 
on is the gas cleaning plant, as it is seen as a high-value feature on the left 
side of the plot, indicating a negative impact. On the other hand, the high 
feature values with a positive impact at Duvha, Kendal, and Medupi 
power stations demonstrate PCLF load losses, proving that these stations 
undertook planned maintenance. Moreover, the dependence plot 
showing the interaction effect between the MW Loss and Hours Loss 
reveals that to reduce UCLF, the power stations should maintain MW 
Loss below 150, schedule planned outages fast to lessen the duration of 
downtime. Overall, the dependence plots shows that our model is not 
sensitive to changes in MW Loss or Hours Loss, consistent with all the 
SHAP plots, the blue dots indicates that low values of MW Loss or Hours 
Loss, have a positive impact on the load losses, meaning that the lower 
these values are, the lesser the UCLF will be.

From the above analysis, we have demonstrated how an EMSE 
without GNB has produced improved results. From the SHAP plots 
we were able to identify where these load losses are most prominent, 
thereby, contributing to supporting the power utility in making 
informed decisions about planned outages for plant areas that require 
the most urgent attention to reduce UCLF load losses, which have a 
negative impact to the reliability of electricity generation, backed by 
empirical research.

7 Conclusion

This study addresses the pressing plant reliability problem of 
reduced plant availability due to load losses, especially those classified 
as UCLF, faced by many power stations.

FIGURE 11

SHAP plots for EMSE. (a) EMSE feature importance, (b) EMSE mean SHAP plot, (c) EMSE beeswarm plot, (d) EMSE waterfall plot.
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FIGURE 12

SHAP plots for EMSE without Gaussian Naive Bayes. (a) EMSE without GNB feature importance, (b) EMSE without GNB mean SHAP plot, (c) EMSE 
without GNB beeswarm plot, (d) EMSE without GNB waterfall plot.

FIGURE 13

Dependence plot.
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Identification of load losses prior to their occurrence is crucial for 
timely intervention to reduce unplanned outages, thereby enhancing 
plant reliability and increasing the EAF. Consequently, in our study, 
we applied machine learning methods to predict load losses in power 
stations. The study introduced the EMSE model which produced 
excellent performance.

First, the EMSE consisting of Logistic Regression, Gaussian Naïve 
Bayes, Decision Tree, Random Forest, KNN, and XGBoost was applied 
to classify load losses dataset from power stations.

Second, experimentation with the models on the first and second 
layers of the EMSE, along with evaluation, facilitated a comparative 
analysis and ultimately led to the identification of the Gaussian Naïve 
Bayes model as producing skewed results. After excluding it from the 
stack, the performance of the resulting EMSE improved. The EMSE 
without the Gaussian Naïve Bayes model achieved improved 
performance with a prediction accuracy of 96%, a precision rate of 
0.996801, and a balanced accuracy of 0.881929.

Third, XAI was integrated into the models to provide transparency 
and explanations for the model’s decision-making process using a 
well-known XAI technique called SHAP, pointing toward Lethabo 
power station as significantly contributing to UCLF, suggesting that in 
order to reduce load losses, it should be  prioritized for a 
planned outage.

Fourth, class weights are employed to address the issue of a highly 
imbalanced dataset. Furthermore, the study advocates for the use of 
balanced accuracy, ROC, and PR-AUC as evaluation metrics to 
diminish the disproportionate influence of the majority class on 
predictive outcomes. The findings of our research provide empirical 
evidence that underscores the validity and applicability of machine 
learning methodologies. In addition, the study contributes to the 
management of load losses by offering practical implications as a 
proactive plant reliability triage. This practical approach can be useful 
in prioritizing which plants to include in the planned outage schedule, 
enabling a proactive approach that can significantly enhance decision-
making and empower the electricity utilities to take timely action to 
reduce the UCLF and improve overall plant reliability.

The study has three limitations. First, our models were trained and 
tested with data from fossil power stations. However, this opens exciting 
possibilities for future work to expand the study to other power 
generation regimes. Given the unique characteristics of plant mix, and 
the operational differences, we recommend future research to explore 
the prediction classification of load losses to other power stations such 
as nuclear, which have load loss features that may require distinct model 
feature engineering strategies due to its complex plant systems such as 
the nuclear reactors. Second, since our EMSE is based on Gaussian 
Naïve Bayes, Logistic Regression, Decision Tree, Random Forest, KNN, 
and XGBoost, future research could explore the development of 
ensembles that include other classification models such as LSTM or 
transformers and Neural Networks, to address long sequence data and 
non-linear relationships. Third, our study concentrated solely on a 
classification task, therefore, since the load loss events occurs within 

time stamps, future research can explore a regression task by using 
techniques such as timeseries. The research implications presented in 
this study transcend academic boundaries, extending into practical 
applications that hold relevance for industry. Therefore, the findings of 
our study can be deployed to electricity utilities and leveraged to devise 
a digital framework for the decision-making process in outage planning, 
ultimately optimizing the reliability of power stations.
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