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Abstract

Artificial Intelligence (AI) models are increasingly being deployed in various critical do-
mains, such as, healthcare, finance, law, and autonomous systems, resulting in remarkable
benefits for the society. Due to black-box (sub-symbolic) nature, these AI models do not
provide explanation of the predictive output. This lack of explanation results in lack
of transparency between human and machine. Such opacity of black-box AI models,
particularly deep learning architectures, is a significant concern. To address this con-
cern, Explainable Artificial Intelligence (XAI) has emerged as a vital research area. The
aim of XAI is to enhance transparency, trust, and accountability of AI models. Vari-
ous post-hoc XAI tools explain the outputs of black-box AI models based on training
datasets. However, the use of training datasets, rather than domain knowledge, makes
such explanations proxy. A biased training dataset may lead to a misleading post-hoc
explanation as well. In contrast, an explanation based on domain knowledge will be
more trustworthy to an end user. Motivated by this, we propose a novel XAI framework,
consisting of Belief Rule Based Expert System (BRBES), to predict output and explain
it with reference to domain knowledge. BRBES represents domain knowledge with its
rule base. It outperforms other knowledge-driven AI models to handle uncertainty due to
ignorance. To improve the accuracy of BRBES, we fine-tune its parameters and structure
through evolutionary learning. Moreover, to overcome the scarcity of labeled dataset in
this learning mechanism, we integrate semi-supervised and self-supervised learning with
BRBES. We explain the output of BRBES with respect to the most influential rule of
the rule base of BRBES. Thus, the output of our proposed XAI framework becomes not
only accurate, but also explainable.

This doctoral thesis delves into the challenges and opportunities surrounding XAI in
order to provide a comprehensive understanding of the AI output. It presents a novel
XAI framework to provide domain knowledge based energy consumption prediction with
improved accuracy, and explain this predictive output in non-technical human language.
Then it deals with multi-modal air quality data by integrating deep learning model with
BRBES. Moreover, to reduce dependence on labeled data for evolutionary learning, this
thesis integrates semi-supervised and self-supervised learning with BRBES.

This thesis presents six significant contributions. First, we conduct a Systematic
Literature Review (SLR) on XAI using the PRISMA guidelines, delving into the nu-
merous challenges and opportunities of XAI. Extensive research is conducted to explore
the definition, terminologies, taxonomy, and application domains of XAI. It highlights
various challenges of XAI, such as, no universal definition, trade-off between accuracy
and explainability, and lack of standardized evaluation metrics. To address this lack of
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standardized evaluation metrics, we also propose a unified framework to evaluate XAI.
Secondly, we present an innovative explainable BRBES (eBRBES) framework, which
offers accurate prediction of building energy consumption phenomenon, while provid-
ing insightful explanation and counterfactual based on domain knowledge. As part of
eBRBES framework, we also present a novel Belief Rule Based adaptive Balance Deter-
mination (BRBaBD) algorithm to assess the optimal balance of the proposed framework
between explainability and accuracy. Thirdly, we propose a mathematical model to inte-
grate BRBES with the Convolutional Neural Network (CNN). We leverage the domain
knowledge of BRBES, and image data patterns discovered by CNN with this integrated
approach. We predict air quality with this integrated model using outdoor ground images
and numerical sensor data. Fourth, we integrate two-layer BRBES with CNN to monitor
air quality using satellite images, and relevant environmental parameters, such as, cloud,
relative humidity, temperature, and wind speed. The two-layer BRBES showcases the
strength of BRBES in conducting reasoning across multiple layers. Fifth, we enhance the
learning mechanism of BRBES by utilizing the extensive unlabeled energy data, along
with limited labeled data. For this purpose, we synthetically generate unlabeled data
through weak and strong augmentation. We then pseudo-label these unlabeled data by
integrating semi-supervised self-training model with BRBES. By learning from both la-
beled and pseudo-labeled data, initial BRBES transitions to semi-supervised BRBES.
Sixth, to conduct the learning mechanism of BRBES without relying on any labeled
data, we integrate self-supervised learning with it. To this effect, we pseudo-label the
synthetically generated unlabeled energy data with BRBES in the pretext tasks of self-
supervised learning. Then, the initial BRBES learns deeper representation from these
pseudo-labeled data, and transitions to self-supervised BRBES. We then transfer this
BRBES, learned in a self-supervised approach, to the downstream task for performing
regression of energy consumption.

Based on the research findings of this thesis applied on two different phenomena, it can
be argued that the proposed XAI framework provides prediction with greater precision,
and explanation with higher interpretability.
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(Sweden's Innovation Agency) for supporting this study through the Digital Stadsutveck-
ling Campus Skellefte̊a project, under grant number 2022-01188. I am also grateful to
Patrik Sundberg of Skellefte̊a Kraft for providing me the hourly energy consumption
dataset of residential apartments of Skellefte̊a city, Sweden.

Finally, I would like to thank my parents, spouse, daughter, and other family members
for their sacrifices to make my research journey a success. Their presence in my life makes
me feel proud.

Skellefte̊a, Sweden, November 2025
Sami Kabir

ix



x



Part I: Thesis Introduction

1



2



Chapter 1

Introduction

1.1 Introduction

After mechanization, electrification, and digitalization, the fourth stage of industrializa-
tion has been termed as “Industry 4.0”. The concept of industry 4.0 puts emphasis on
the integration of information technology with industrial technology, resulting in more
efficient mass production. Internet of Things (IoT), big data analytics, and Artificial
Intelligence (AI) are vital components of industry 4.0 [1]. IoT is a global network of ob-
jects, which captures, stores, and processes sensor data through embedded systems [2].
Such embedded systems are constituted by Radio Frequency IDentification (RFID) and
Wireless Sensor Network (WSN) technologies [3]. Data coming from various IoT sensors,
and other sources constitute big data [4]. By applying AI based analytics on big data,
meaningful prediction can be computed by discovering hidden data pattern. Prediction
can be computed in two ways: data-driven approach, and knowledge-driven approach
[5]. Traditional AI models, such as, machine learning and deep learning fall under the
data-driven approach. Machine learning builds a statistical model of the training data
without being explicitly programmed to do so. It does not have feature extractor to con-
vert natural raw data into feature vector [6]. On the other hand, deep learning, based on
neural network architecture, discovers hidden features of raw data by applying represen-
tation learning method. These conventional AI models can predict accurately because of
their intricate mathematical operations. Such complex mathematical equations are not
explainable in human language to a human user. Hence, predictive outputs of machine
learning and deep learning models are non-transparent to a human user. This lack of
transparency hampers the relationship of trust between human and AI.

However, human trust is a prerequisite for widespread adoption of AI in society,
which has triggered the emergence of Explainable Artificial Intelligence (XAI) as a vital
research area [7] [8]. This trust is more significant for safety-critical application areas,
such as, healthcare, autonomous vehicles, and energy domain. Various post-hoc expla-
nation techniques, such as, feature relevance, text explanation, and visual explanation
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4 Introduction

are used to explain the output of a machine learning or deep learning model [9]. Such
post-hoc explanation is based on training dataset. It does not consider knowledge or
facts of the concerned domain or application area. Hence, post-hoc explanation is proxy.
Biased or erroneous training data will lead to misleading post-hoc explanation [10]. On
the contrary, knowledge-driven approach is constituted by expert system, which has two
parts: knowledge base and inference engine [11]. Knowledge base is constituted by if-
then rules, which represents knowledge or facts of the relevant domain. Inference engine
conducts reasoning over input data against this knowledge base to predict output. Expla-
nation made by a knowledge-driven approach with respect to its knowledge base is more
trustworthy to a user compared with post-hoc explanation of data-driven approach [10].
Fact based explanation, instead of training data based explanation, is the key reason of
this human trust in knowledge-driven approach. Hence, we argue that knowledge-driven
approach outperforms data-driven approach in terms of trustworthiness of explanation.
Belief Rule Based Expert System (BRBES) [11], fuzzy logic, MYCIN [12], and PERFEX
[13] are some of the examples of knowledge-driven approach. However, human error or
ignorance may cause input data to become wrong or blank. Such input data result in in-
accurate predictive output, leading to uncertainties [14]. These uncertainties are caused
by imprecise or incomplete human knowledge [15][16]. Low battery power, computational
and memory constraints, inadequate communication bandwidth, malicious attacks, and
harsh environments are also the factors which cause missing, duplicate, or inconsistent
sensor data, resulting in uncertainties [14] [17]. Such uncertainties due to ambiguity are
captured by the distributed belief structure of the rule base of BRBES [18]. Moreover, to
deal with uncertainty due to ignorance arising from missing input data, BRBES updates
the belief degrees of its rule base [11]. Thus, BRBES outperforms other knowledge-driven
approaches to deal with uncertainties, specially those caused by ignorance due to input
data unavailability [11]. BRBES, being a rule-based model, falls under ante-hoc (intrin-
sic) XAI method. Therefore, this thesis proposes a novel XAI framework, consisting of
BRBES, to predict and explain output based on domain knowledge, while handling data
uncertainties [10]. However, BRBES, being a knowledge-driven approach, has lower ac-
curacy compared with traditional AI models [7]. An explanation, despite being domain
knowledge based, will not be reliable to a user if it has lower accuracy. To improve the
predictive accuracy of BRBES, we fine-tune its parameters and structure with Joint Op-
timization of Parameter and Structure (JOPS) algorithm [19]. JOPS requires supervised
labeled data to optimize BRBES. However, in many cases, availability of such labeled data
becomes either expensive or difficult due to privacy protection. To overcome the scarcity
of balanced labeled data, this thesis integrates semi-supervised learning with BRBES [20].
To this effect, BRBES utilizes initial labeled data to optimize its parameters and struc-
ture through JOPS until its accuracy reaches the confidence threshold. Next, unlabeled
data are generated through weak and strong augmentation. As semi-supervised learning,
self-training model is employed to pseudo-label these unlabeled data with BRBES. These
labeled and pseudo-labeled data are then utilized to optimize BRBES, resulting in a semi-
supervised BRBES. This semi-supervised BRBES optimizes itself with limited labeled
data before pseudo-labeling the unlabeled data. Hence, to optimize BRBES without any
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labeled data, we integrate self-supervised learning with BRBES [21]. In the pretext tasks
of self-supervised learning, we employ BRBES to pseudo-label the synthetically gener-
ated unlabeled data. Then the initial BRBES optimizes itself with these pseudo-labeled
data to transition to the self-supervised BRBES. We then transfer this self-supervised
BRBES to the downstream task for performing regression. To make the predictive out-
put of BRBES trustworthy, we explain the rationale in support of this output to the end
user in natural human language. We also provide counterfactual to let the user under-
stand how an opposite output could have been achieved. To evaluate the balance of this
BRBES framework between explainability and accuracy, we propose Belief Rule-Based
adaptive Balance Determination (BRBaBD) algorithm [10]. As application area of this
novel XAI framework, this thesis predicts energy consumption of buildings.

Moreover, we make this framework more robust by dealing with multi-modal input
data. To this effect, this thesis proposes a mathematical model to integrate BRBES with
Convolutional Neural Network (CNN) for dealing with image data [22]. In this integrated
model, CNN predicts output from image data, which is then fed to BRBES as input.
Thus, this integrated model handles image data with CNN, and numerical data with
BRBES, leading to a more robust final output. This thesis takes air pollution prediction
as an application area of this integrated model, where outdoor images and numerical
sensor data are provided as input to CNN and BRBES respectively. As part of this inte-
gration with CNN, this thesis also proposes two-layer BRBES, which demonstrates the
strength of BRBES to conduct reasoning across multiple layers [23]. With this integrated
model of CNN and two-layer BRBES, we monitor air quality using satellite images, and
relevant environmental parameters, such as, cloud, relative humidity, temperature, and
wind speed. Thus, this thesis provides a novel XAI framework, consisting of BRBES,
to provide domain knowledge based accurate prediction and explanation with reduced
dependence on supervised labeled data. Motivation of this thesis is presented in the next
sub-section.

1.2 Motivation of Thesis

Industry 4.0 has been triggered by big data, high computing power, and predictive ana-
lytics of AI models. AI has proliferated in every sphere of our life in society, ranging from
product recommendation during online shopping to interaction with chatbots. Compu-
tationally complex AI models can predict phenomenon with high accuracy [24]. Deep
learning, a highly accurate AI model, adjusts the values of its weights by learning from
training data. However, it is extremely tough to link these numerical weights with phys-
ical context of the problem. This makes explanation of a deep learning outcome to a
human user in human language very complex. However, when a decision by an AI model
impacts human lives, such as, disease prediction, treatment recommendation, and self-
driven vehicles, knowing the rationale behind this decision becomes significant [7]. If
training dataset of a medical AI does not include certain population group, this AI will
provide erroneous prediction when applied on that unrepresented group. Hence, inclusive
and unbiased dataset is a major precondition to train AI models properly [25]. Artificial
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Intelligence Act, passed by the European Parliament, also puts emphasis on the expla-
nation of a decision made by an AI model [26]. Due to rising application of AI models in
the society, European Union (EU) has introduced “right to explanation” in General Data
Protection Regulation (GDPR) [27]. This regulation entitles any EU citizen to demand
explanation of a decision made by an AI model, which directly impacts his/her personal
life. In general, humans are unwilling to trust an opaque AI model’s uninterpretable
output [28].

To ensure safe adoption of AI models in human lives, various post-hoc tools, such
as, Local Interpretable Model-Agnostic Explanations (LIME) [29], SHapley Additive
exPlanation (SHAP) [30], text explanation, and visualization are employed to explain
black-box AI models. However, such post-hoc tools provide explanation based on train-
ing dataset. Wrong, biased, or non-inclusive training dataset will result in erroneous
explanation [10]. Fact or knowledge of the concerned application area is not taken into
account by these post-hoc tools. Hence, post-hoc explanations are proxy [10]. Contextual
Importance and Utility (CIU) is a model-agnostic XAI method, which produces instance-
specific explanations of black-box AI models [31]. CIU provides explanations without any
intermediate interpretable model [32]. Here, feature importance expresses the impact of
changing the value of a feature on the model outcome compared to other features. Util-
ity provides instance-level assessment of how favorable a feature value is to the outcome.
However, CIU explanation does not consider knowledge of the relevant application area.
To overcome the limitation of such proxy explanation of data-driven AI models, this
thesis proposes a knowledge-driven AI model [10]. Explanation of a knowledge-driven AI
model reflects relevant domain knowledge, instead of training dataset. Thus, knowledge-
driven AI makes factual explanation, rather than proxy explanation of data-driven AI.
Such factual explanation gains more trust of a human user than proxy explanation [10].

Uncertainties associated with input data is a severe factor which hampers the predic-
tion accuracy of any AI model. Such uncertainties are triggered by wrong or blank input
data, which occurs due to imprecise or incomplete human knowledge [22]. Technical
glitch of a device may also cause such uncertainties [22]. Addressing such uncertainties
due to ambiguity and ignorance is of paramount importance to improve the prediction
accuracy of an AI model. BRBES, a knowledge-driven AI model, outperforms other
knowledge-driven approaches to deal with uncertainties, specially due to ignorance [18].
BRBES handles such uncertainties with belief rule base, and belief degree update mecha-
nism. To enhance the predictive accuracy of BRBES further, we optimize its parameters
and structure with JOPS algorithm. However, JOPS requires historical labeled data
to perform this optimization. Access to such labeled data may become challenging due
to privacy concern or costly due to subscription fee. To overcome this shortage of la-
beled data, this thesis integrates semi-supervised [20] and self-supervised [21] learning
with BRBES. To make BRBES more robust by handling multi-modal input data, we
integrate it with deep learning model [22]. We also employ two-layer BRBES for more
in-depth reasoning over a higher number of input data [23]. Thus, BRBES provides not
only factual explanation, but also accurate prediction.

To gain human trust, an AI model has to predict with accuracy, and explain with
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domain knowledge. A balance between explainability and accuracy is critical for safe
application of an AI model. An AI model with high explainability but low accuracy or
vice versa will not be reliable. Hence, this thesis proposes BRBaBD algorithm to evaluate
the balance of an AI model between explainability and accuracy [10]. Motivated by all
of the aforementioned factors, this thesis proposes a novel XAI framework, consisting of
BRBES, to provide domain knowledge based accurate prediction and explanation, while
addressing data uncertainties and shortage of labeled data. To act on this motivation,
this thesis identifies three research questions. We present these questions in the next
sub-section.

1.3 Research Questions

This sub-section presents the research questions based on state-of-the-practice and state-
of-the-art review. Three main thesis contributions are: 1) a novel XAI framework to
provide domain knowledge based explanation of predictive output under uncertainty [10],
2) a mathematical model to integrate knowledge-driven approach (BRBES) with data-
driven approach (deep learning) for improved accuracy and robustness [22] [23], and
3) an improved learning mechanism of BRBES to overcome the scarcity of labeled data
[20] [21]. In the following, we describe three research questions, which this thesis answers:

RQ1: What opportunities exist to explain predictive output with domain
knowledge while addressing explainability versus accuracy balance?

An explanation based on knowledge of the concerned domain, instead of post-hoc
training dataset, is of paramount importance to gain trust of human users. Hence, this
thesis proposes a novel XAI framework, incorporating BRBES, to provide domain knowl-
edge based explanation [10]. BRBES represents domain knowledge with its rule base,
while handling data uncertainties. Domain knowledge based explanation and counterfac-
tual are communicated to the user in human language through an interface. To address
the explainability versus accuracy balance of this framework, this thesis proposes a novel
BRBaBD algorithm [10]. Thus, RQ1 is answered by this thesis.

RQ2: How to improve accuracy and robustness of BRBES while handling
data uncertainties?

Accuracy of predictive output is very significant to enhance safety and reliability of
an AI model. BRBES has lower accuracy than complex black-box AI models. Hence,
this thesis improves accuracy of BRBES through a learning mechanism. This mechanism
optimizes the parameters and structure of BRBES through an evolutionary algorithm
JOPS. Moreover, this thesis makes BRBES more robust by dealing with multi-modal
input data. For this purpose, it proposes a mathematical model to integrate CNN with
BRBES [22]. This integrated model processes image data with CNN, and numerical data
with BRBES. As part of this integration, this model also employs two-layer BRBES to
perform reasoning over a higher number of input features [23]. BRBES deals with uncer-
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Figure 1.1: Research process

tainties due to ambiguity and ignorance with its belief rule base and belief degree update
mechanism respectively. Thus, this thesis answers RQ2.

RQ3: What are the methods overcoming the shortage of labeled data in
the learning mechanism of BRBES?

Learning mechanism improves accuracy of BRBES by optimizing its parameters and
structure with JOPS algorithm. JOPS learns representation from supervised labeled
data to perform this optimization. However, such labeled data become scarce due to cost
and privacy issues. Hence, shortage of such labeled data has to be overcome to uphold
the learning mechanism of BRBES. To this effect, this thesis integrates semi-supervised
[20] and self-supervised learning [21] methods with BRBES in its XAI framework. Semi-
supervised BRBES learns from limited labeled data before optimizing itself with pseudo-
labeled data. On the other hand, self-supervised BRBES does not rely on any labeled
data. It pseudo-labels the unlabeled data in the pretext tasks, learns representation from
such pseudo-labeled data, and transfers this learning to downstream task to provide
prediction. Thus, this thesis answers RQ3.

To answer the aforementioned three research questions, this thesis performs system-
atic investigation through research methodology. This research methodology is outlined
in the next sub-section.

1.4 Research Methodology

This sub-section presents the research methodology followed in this thesis work. The
research methodology is defined as a process to systematically address a research prob-
lem [33]. The methodology consists of interviews, surveys and other data collection
techniques, and covers both present and historical information. This thesis work follows
theoretical research. As novel theoretical contribution, this thesis makes an AI model
explainable and accurate, while overcoming the scarcity of labeled data in the learning
mechanism. To conduct this study, the following steps have been followed: 1) Identi-
fication of the research problem; 2) Investigation of the related theories, and previous
research works; 3) Formulation of hypothesis to address research gap; 4) Development
of a prototype software; 5) Data collection and testing with the research prototype; 6)
Analysis of the research results; and 7) Interpretation and reporting of research results
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in a research article. This research process is shown in Figure 1.1. We repeat steps 4 to
6 until the accuracy and explainability of our framework reaches an acceptable level.

As an example, the research process for answering the third research question is de-
scribed below.

Step 1 The research problem is the lack of labeled data to conduct the learning
mechanism of BRBES, which is described in sub-section 1.3.

Step 2 Related theories and previous research on addressing the shortage of labeled
data have been reviewed. Important related works on semi-supervised learning have been
mentioned in sub-section 2.2.4.

Step 3 Based on the findings from Step 2, a hypothesis to integrate semi-supervised
learning with BRBES was developed, which is described in Paper E. A novel semi-
supervised explainable BRBES framework was proposed to pseudo-label the augmented
unlabeled data, and learn from both labeled and pseudo-labeled data.

Step 4 A prototype software was developed using python and C++ based on the
hypothesis, which is presented in Paper E.

Step 5 To evaluate the semi-supervised explainable BRBES framework, hourly en-
ergy consumption data of 62 residential apartments of Skellefte̊a, Sweden were collected
from Skellefte̊a Kraft of Sweden. In addition to this labeled dataset, this framework syn-
thetically generated unlabeled data through augmentation. These unlabeled data were
then pseudo-labeled by BRBES. These pseudo-labeled data were utilized to overcome
the shortage of labeled data in the learning mechanism of BRBES.

Step 6 The results were analyzed and the performance of the framework was eval-
uated using two accuracy metrics, five explainability metrics, and two counterfactual
metrics against four state-of-the-art AI models.

Step 7 After validation of the hypothesis, the results and findings were documented
and published in a peer reviewed journal.

For this third research question, as part of evolutionary algorithm, steps 4 to 6 were
repeated multiple times to achieve better results. The above research process was followed
to address the first and second research questions throughout this thesis as well. Next
sub-section highlights the contributions of this thesis with respect to each of the three
research questions.
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1.5 Thesis Contributions

In this sub-section, we present the research contributions of this thesis. A mapping
between the thesis contributions and research questions are shown in Table 1.1. This il-
lustrates a high-level overview of the way our research findings address the stated research
questions from sub-section 1.3. The main contributions include:

1. performing a literature review of XAI from the perspectives of challenges, and
opportunities (RQ1),

2. proposing an advanced explainable belief rule-based framework to accurately pre-
dict the energy consumption of buildings, and explain it with domain knowledge
(RQ1,2),

3. proposing an integrated approach of belief rule base and deep learning to predict
air pollution from ground images and sensor data (RQ2),

4. proposing an integrated approach of two-layer belief rule base, and CNN to monitor
air quality from satellite images, and environmental data (RQ2),

5. proposing a semi-supervised explainable BRBES framework to improve learning
mechanism of BRBES by learning from limited labeled data, and utilizing extensive
unlabeled data (RQ1,2,3), and

6. proposing a self-supervised explainable BRBES framework, where learning mecha-
nism improves accuracy of BRBES without requiring any labeled data (RQ1,2,3).

In the following, we list the produced research results, and discuss the individual
contributions in detail.

• Paper A. A Review of Explainable Artificial Intelligence from the Perspectives of
Challenges and Opportunities. Sami Kabir, Mohammad Shahadat Hossain, and
Karl Andersson. MDPI Algorithms. Published on September 3, 2025.

– The increasing use of Artificial Intelligence (AI) models across various critical do-
mains, such as, healthcare, finance, law, and autonomous systems has delivered
remarkable societal benefits. However, due to the black-box (sub-symbolic) nature,
these AI models provide prediction without explaining the underlying reasons to
the end user. This lack of explanation causes lack of transparency between humans
and machines. Such opacity of complex AI models, specially deep learning models,
is a concern for safe application of AI models. To address this concern, Explainable
Artificial Intelligence (XAI) has emerged as a pivotal area of research. Enhancing
transparency, trustworthiness, and accountability of AI models is the aim of XAI.
This review article presents a comprehensive overview of XAI by covering its foun-
dational concepts, definitions, terminologies, taxonomy, and application domains.
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Table 1.1: Mapping between paper contributions and research questions

Paper Title RQ1 RQ2 RQ3
A A Review of Explainable Artificial Intelligence from the

Perspectives of Challenges and Opportunities [7]
X

B An Advanced Explainable Belief Rule-Based Framework
to Predict the Energy Consumption of Buildings [10]

X X

C An Integrated Approach of Belief Rule Base and Deep
Learning to Predict Air Pollution [22]

X

D An integrated approach of Belief Rule Base and Convo-
lutional Neural Network to monitor air quality in Shang-
hai [23]

X

E A Semi-Supervised-Learning-Aided Explainable Belief
Rule-Based Approach to Predict the Energy Consump-
tion of Buildings [20]

X X X

F A Self-Supervised Belief Rule-Based Approach to Pre-
dict and Explain the Energy Consumption of Buildings
[21]

X X X

This article also highlights various challenges of XAI, such as, no universal defi-
nition, trade off between accuracy and interpretability, and lack of standardized
evaluation metrics. To direct future XAI research, this paper puts emphasis on
human-centric design, interactive explanation, and standardized evaluation frame-
works. This review paper serves as a resource for researchers, practitioners, and
policymakers to explore the explainability of AI models.

– I was the main contributor of this XAI review paper, which provides a compre-
hensive review with respect to the first research question. I employed Systematic
Literature Review (SLR) [34] approach using the PRISMA guidelines [35] to iden-
tify reliable XAI studies published during 2022 to 2025. Based on the findings of
this literature review, I wrote the complete review paper focusing on the state-of-art
XAI, along with its challenges, and opportunities. During the process, my super-
visors supervised my work through sprint meetings. Their constructive comments
helped me to improve the content, and structure of the review article.

• Paper B. An Advanced Explainable Belief Rule-Based Framework to Predict the
Energy Consumption of Buildings. Sami Kabir, Mohammad Shahadat Hossain,
and Karl Andersson. MDPI Energies. Published on April 9, 2024.

– Providing predictive energy consumption of buildings to utility companies, users,
and facility managers can contribute to reduce energy waste. However, application
of such prediction in this domain is limited due to various drawbacks of prediction
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algorithms, such as, non-transparent output, ad hoc explanation by post hoc tools,
low accuracy, and the inability to deal with data uncertainties. Hence, accurate pre-
diction with domain knowledge-based explainability is of paramount importance to
make energy prediction trustworthy. Motivated by this, we propose an advanced ex-
plainable Belief Rule-Based Expert System (eBRBES) framework to predict energy
consumption accurately, and explain it with domain knowledge. We improve pre-
diction accuracy of BRBES by optimizing its parameters and structure, while han-
dling data uncertainties using its inference engine. To predict energy consumption,
we consider floor area, daylight, indoor occupancy, and building heating method
as influential parameters. In addition to explanation, we also communicate how
a counterfactual output on energy consumption could have been achieved. Both
explanation and counterfactual are communicated through an user interface. Fur-
thermore, we propose a novel Belief Rule-Based adaptive Balance Determination
(BRBaBD) algorithm to evaluate the balance of our model between explainabil-
ity and accuracy. To validate the proposed eBRBES framework, we use building
energy consumption dataset of Skellefte̊a, Sweden. BRBaBD results show that
our proposed eBRBES framework is 85.08% more balanced than state-of-the-art
machine learning algorithms.

– I was the main contributor of this paper, which covers both first and second research
questions by providing domain knowledge based accurate prediction and explana-
tion. My supervisors provided me with insightful guidance to develop the proposed
eBRBES framework, and identify the relevant metrics to evaluate explainability
and counterfactual. This paper assessed the balance of AI models between explain-
ability and accuracy with BRBaBD algorithm. We validated the proposed eBRBES
framework with the hourly energy consumption dataset of 62 residential apartments
of Skellefte̊a, Sweden. This dataset was provided by Skellefte̊a Kraft of Sweden un-
der the VINNOVA (Sweden’s Innovation Agency) funded Digital Stadsutveckling
Campus Skellefte̊a project.

• Paper C. An Integrated Approach of Belief Rule Base and Deep Learning to Predict
Air Pollution. Sami Kabir, Raihan Ul Islam, Mohammad Shahadat Hossain, and
Karl Andersson. MDPI Sensors. Published on March 31, 2020.

– Internet of Things (IoT) has triggered widespread availability of sensor data. Such
sensor data are used by predictive algorithms to predict phenomena by applying
reasoning. Issuing public health warning based on air pollution prediction, and re-
ducing building energy waste based on energy consumption prediction are some of
the use cases of sensor data stream where accurate prediction is critical to protect
people and assets. However, prediction accuracy is severely hampered by uncertain-
ties of sensor data. Such uncertainties are handled by knowledge base and inference
engine of Belief Rule Based Expert System (BRBES). This is a knowledge-driven
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approach, which can handle uncertainties better than other knowledge-driven tech-
niques, such as, fuzzy logic and Bayesian probability theory. On the other hand,
deep learning, a data-driven technique, learns hidden representation of data by ap-
plying analytics. Thus, deep learning infers prediction by reasoning over available
data stream. Combined application of BRBES and Deep Learning can result in
more accurate prediction by addressing sensor data uncertainties while discovering
hidden data pattern. Hence, this paper proposes a novel mathematical model to
integrate BRBES with deep learning to capture the nonlinear dependencies among
relevant variables. We improved the accuracy of BRBES further by fine-tuning
its parameters and structure. We take air pollution prediction as application area
of our proposed combined approach. This model has been evaluated against both
synthetic and real-world dataset, consisting of outdoor images and PM2.5 concen-
trations. Our proposed model also distinguished a hazy image between polluted
air and fog by calculating the difference between temperature and dew point. Ac-
cording to the experimental results, the proposed integrated model demonstrated
higher prediction accuracy than only BRBES and only Deep Learning.

– I was the main contributor to the paper, which covers the second research question.
For this research, at first, we employed CNN on outdoor ground images to evaluate
the level of air pollution in terms of PM2.5. Then we employed BRBES, which takes
CNN prediction and PM2.5 sensor data as its two input values. Finally, BRBES
predicted the air pollution in terms of Air Quality Index (AQI). Thus, the pro-
posed integrated approach of this paper dealt with multi-modal input data (both
image data and numerical sensor data), contributing to the robustness of BRBES.
We applied our proposed predictive algorithm on two different datasets. One is a
labeled dataset of synthetic images with corresponding PM2.5 label. The other one
consists of hourly real images of China’s Shanghai city. These images were paired
with PM2.5 concentrations, temperature, dew point, and relative humidity data of
the same place and same time. My supervisors took part in the complete process
of developing the proposed model, and provided effective feedback. Also, they per-
formed an iterative proofreading process to improve the content and structure of
the paper.

• Paper D. An integrated approach of Belief Rule Base and Convolutional Neural
Network to monitor air quality in Shanghai. Sami Kabir, Raihan Ul Islam, Mo-
hammad Shahadat Hossain, and Karl Andersson. Elsevier Expert Systems With
Applications. Published on June 20, 2022.

– Accurate monitoring of air quality can contribute to protect public health. Fine
particulate matter (PM2.5) concentrations and ground images can be obtained from
ground-level sensors. But, such sensors’ spatial coverage is limited, and necessitate
extra deployment cost. We can estimate PM2.5 from satellite-retrieved Aerosol Op-
tical Depth (AOD) too. However, AOD suffers from uncertainties associated with
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its retrieval algorithms and has limited spatial resolution of estimated PM2.5. More-
over, AOD cannot be retrieved in case the weather is cloudy. On the other hand,
satellite images have continuous spatial coverage without any deployment cost. Ac-
curacy of monitoring from such satellite images is hindered due to uncertainties of
sensor data of relevant environmental parameters, such as, relative humidity, tem-
perature, wind speed and wind direction. Such uncertainties are well addressed
by Belief Rule Based Expert System (BRBES). Image data are well analysed by
Convolutional Neural Network (CNN). Hence, we propose to integrate CNN with
BRBES to monitor air quality from satellite images more accurately while handling
uncertainties. We employed two-layer BRBES in our proposed model to perform
deeper reasoning over CNN output across two layers. We customized CNN and
fine-tuned BRBES to increase monitoring accuracy further. We also differentiated
an obscure image between polluted air and cloud in our model. Valid environmental
data (temperature, wind speed, and wind direction) have been included to make
the monitoring performance of our proposed model stronger. Three-year observa-
tion data (satellite images, and environmental parameters) from 2014 to 2016 of
Shanghai have been employed to design and validate our proposed model. The re-
sults conclude that the monitoring accuracy of our model is higher than only CNN
and other conventional Machine Learning models.

– This paper addresses the second research question of this thesis by improving ac-
curacy and robustness of BRBES while handling data uncertainties. Two-layer
BRBES of this paper contributes to the reasoning of input values by two succes-
sive layers of BRBES, resulting in more in-depth rectification. To conduct this
research, we obtained 3-year satellite images of Oriental Pearl Tower, Shanghai,
China from January-2014 till December-2016. These 3150 images were captured
by PlanetScope, which is a constellation composed by approximately 120 optical
satellites operated by Planet [36]. I was the main contributor to this research study.
However, my supervisors provided me with important feedback and suggestions to
improve writing as well as the overall quality of the paper.

• Paper E. A Semi-Supervised-Learning-Aided Explainable Belief Rule-Based Ap-
proach to Predict the Energy Consumption of Buildings. Sami Kabir, Mohammad
Shahadat Hossain, and Karl Andersson. MDPI Algorithms. Published on May 23,
2025.

– Accurately predicting the energy consumption of buildings is essential for utility
providers, users, and facility managers to reduce energy waste and enhance oper-
ational efficiency. However, providing such prediction with Artificial Intelligence
(AI) models becomes difficult due to shortage of supervised labeled data. The
acquisition of such labeled data is either costly or constrained by privacy protec-
tion. To address this scarcity of balanced labeled data, semi-supervised learning
leverages unlabeled data. Motivated by this, a semi-supervised learning framework
is proposed by this paper to train AI model. As AI model, this paper employs



Introduction 15

Belief Rule-Based Expert System (BRBES) because of its prediction with domain
knowledge while handling data uncertainties. BRBES’ parameters and structure
are optimized with initial labeled data through evolutionary learning, until its accu-
racy reaches a predefined confidence threshold. Within the semi-supervised learning
paradigm, a self-training model is adopted, where this optimized BRBES pseudo-
labels the unlabeled data. These unlabeled data are generated through weak and
strong augmentation techniques. Then the BRBES is re-optimized with both la-
beled and pseudo-labeled data, leading to a semi-supervised BRBES. Finally, the
proposed framework explains its predictive output in non-technical human language
to the end user, resulting in user trust. This semi-supervised explainable BRBES
framework is validated with a case study of Skellefte̊a, Sweden. Experimental re-
sults demonstrate that the proposed framework achieves 20± 0.71% improvement
in prediction accuracy and 29± 0.67% enhancement in explainability compared to
the state-of-the-art semi-supervised machine learning models.

– I was the main contributor of this paper, which addresses all the three research
questions of this thesis. My supervisors supervised me in the right way to address
the shortage of balanced labeled data in the learning mechanism of BRBES. While
generating unlabeled data through augmentation, both diversity and density of
the data distribution were taken into account. Upon learning from limited labeled
data and pseudo-labeled data, initial BRBES transitioned to the semi-supervised
BRBES. Thus, this framework, comprising semi-supervised BRBES and explana-
tion interface, addresses all the three research questions concerning explainability,
accuracy, and labeled data shortage. As limited labeled data, we used the hourly
energy consumption dataset of 62 residential apartments of Skellefte̊a, obtained
from Skellefte̊a Kraft of Sweden.

• Paper F. A Self-Supervised Belief Rule-Based Approach to Predict and Explain the
Energy Consumption of Buildings. Sami Kabir, Mohammad Shahadat Hossain,
and Karl Andersson. Submitted for review.

– Predictive insight of energy consumption can enable utility providers and facil-
ity managers to reduce energy waste of buildings. However, offering such predic-
tion with Artificial Intelligence (AI) models is impeded by the scarcity of human-
annotated labeled data. This scarcity is exacerbated by the cost and privacy
constraints associated with data collection. This data scarcity is addressed by
self-supervised learning method. This learning adopts self-defined pseudo-labels
as supervision in the pretext task, and uses this learned representation for down-
stream prediction. Motivated by this learning paradigm, this paper proposes a
self-supervised framework to train AI model without relying on manually labeled
data. As AI model, this paper employs Belief Rule-Based Expert System (BRBES)
for its capacity to predict with domain knowledge and deal with data uncertainties.
Initially, the proposed framework synthetically generates unlabeled data through
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weak and strong augmentation. Then, in the pretext task of self-supervised learn-
ing, these unlabeled data are pseudo-labeled by the BRBES. These pseudo-labeled
data are utilized to optimize the parameters and structure of BRBES through
evolutionary learning. This optimization yields a self-supervised BRBES with fine-
tuned representation. This representation, fine-tuned with pseudo-labeled data, is
transferred to the downstream task to provide prediction. Moreover, to promote
human-AI trust, this framework communicates the explanation of its predictive
output in non-technical human language. The proposed self-supervised explainable
BRBES framework is validated with a case study from Skellefte̊a, Sweden. Ac-
cording to the experimental results, the proposed framework attains 23 ± 0.87%
more accuracy and 29 ± 0.71% more explainability relative to the state-of-the-art
self-supervised machine learning models.

– This paper also addresses all the three research questions of this thesis. I, with
active supervision from my supervisors, proposed a novel theoretical framework in
this paper to conduct learning mechanism of BRBES without any labeled data.
For this purpose, this paper integrates self-supervised learning with BRBES. After
pseudo-labeling the unlabeled data in the pretext tasks, BRBES learns represen-
tation from such pseudo-labeled data. Then, we transfer this BRBES, learned in
a self-supervised approach, to downstream task for prediction. Thus, this novel
framework, consisting of self-supervised BRBES and explanation interface, ad-
dresses all the three research questions concerning explainability, accuracy, and
labeled data shortage. To evaluate the downstream accuracy of this self-supervised
framework, we used the hourly energy consumption dataset of 62 residential apart-
ments of Skellefte̊a as test dataset.

We now show how the aforementioned six papers collectively contribute to the overall
research objective of this thesis in a flowchart in Figure 1.2. Unique contribution of each
paper is demonstrated in this flowchart. Summary of this chapter is presented in the
next sub-section.

1.6 Chapter Summary

This chapter introduced the main topic of the thesis, and a detailed discussion of the
research motivation. We discussed the main research challenges identified from the state-
of-the-art in XAI. We defined and described three research questions answered by this
thesis, focused on domain knowledge based explanation, and overcoming the shortage
of labeled data to improve accuracy of BRBES. Then, we described the 7-step research
methodology used in this thesis. Finally, we listed the main thesis contributions of our
research, with related papers discussing how each thesis contribution answers the research
questions. Next chapter highlights the background and related work pertinent to this
thesis.
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Figure 1.2: Flowchart of six papers
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Chapter 2

Background and Related Work

This chapter discusses the background information and terminologies related to this
thesis. Related studies to the thesis are also presented in this chapter.

2.1 Background

The following sub-section describes the background information and terminologies related
to the topics covered in this thesis.

2.1.1 Explainable Artificial Intelligence

AI models are increasingly being deployed in various fields, such as, healthcare, finance,
and autonomous systems. However, rising complexity of these models has triggered the
demand for transparency and interpretability. Specifically, explainability of AI models
is required by safety-critical application areas. AI models, particularly deep learning
models, offer high predictive accuracy. However, due to opacity of the internal reasoning
process, such models often function as ”black-box”. This opacity has led to the emer-
gence of Explainable Artificial Intelligence (XAI) as a critical research area [7] [8]. A set
of methods which provide human-understandable explanation to make the prediction of
AI models transparent is called XAI [7]. Defense Advanced Research Projects Agency
(DARPA) [37] defines XAI as ”more explainable models, while maintaining a high level
of learning performance (prediction accuracy); and enable human users to understand,
appropriately trust, and effectively manage the emerging generation of artificially intel-
ligent partners”. According to Fairness, Accountability and Transparency (FAT) [38],
explainability in the context of AI means ”to ensure that algorithmic decisions as well as
any data driving those decisions can be explained to end-users and other stakeholders in
non-technical terms”. In Figure 2.1, we show the role of XAI to make the decision of an
AI model transparent and trustworthy to the human user. Such transparency is critical
to ensure regulatory compliance in sectors directly affecting individuals, such as, finance,

19
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Figure 2.1: AI model predicts output for a human user: (a) without explanation, resulting in
lack of trust; and (b) with explanation from an XAI method, resulting in trustworthy output.

healthcare, law, autonomous systems, and criminal justice.

To apply the XAI methods across different domains in an organized manner, a sys-
tematic taxonomy is essential. Several taxonomic frameworks have been proposed in
the literature, which are generally categorized by explanation timing, explanation scope,
model dependency, explanation type, audience, and interaction modality [39] [40]. Based
on explanation timing, XAI techniques are classified into intrinsic (ante hoc) and post
hoc methods [41]. Intrinsic (ante hoc) methods are inherently interpretable models, such
as, decision trees, rule-based models, and linear regression. On the other hand, post hoc
methods apply interpretability techniques after a ”black-box” model’s predictive output.
Examples of post hoc methods include Local Interpretable Model-agnostic Explanations
(LIME) [29], SHapley Additive exPlanations (SHAP) [42], Partial Dependence Plots
(PDPs) [43], and counterfactual explanation. Based on the scope of explanation, XAI
techniques are classified into global and local explanation [44]. Global explanation de-
scribes the overall behavior of a model across the entire input space, allowing insights
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Figure 2.2: Taxonomy of XAI methods

into feature importance and model structure [40]. For example, SHAP produces global
explanations by aggregating local (per-instance) shapley values of each input feature
across several predictions. On the other hand, local explanation focuses on the reasoning
behind individual prediction. For example, LIME explains the individual predictions
of a complex model by creating a local surrogate model (e.g., linear regression or deci-
sion tree), which mimics the behavior of the complex model near the input space [29]
[42]. Based on model dependency, XAI techniques are classified into model-specific and
model-agnostic approaches [45]. Model-specific approaches are tailored to specific types
of models. For instance, attention maps are suitable for deep learning in computer vision
[46]. Model-agnostic approaches are applied universally to any AI model to extract ex-
planations. Examples of such approaches include LIME [29], SHAP [42], and PDP [43].
Based on explanation type, XAI methods are classified into three types: feature-based,
example-based, and visual explanation [47]. Feature-based explanation highlights the
contribution of each input feature to the prediction [48]. Example-based explanation
uses training instances to explain a prediction by highlighting its decision boundaries.
Moreover, counterfactuals are generated to inform the user of preconditions to obtain an
alternative outcome [49]. Visual explanation produces heat-maps over images to highlight
the regions the model used to provide a prediction [50]. Based on the target audience,
XAI methods are either expert-oriented or layperson-oriented [51]. Expert-oriented ex-
planation provides detailed technical insights tailored to the developers, data scientists,
or domain experts [10] [20]. On the other hand, layperson-oriented explanation is pro-
vided in non-technical language using analogies, narratives, or visuals to enhance public
understanding and trust [52]. Based on interaction modality, XAI methods provide ei-
ther static or interactive explanation [53]. Static explanation provides fixed reports or
visualizations without user input [54]. Interactive explanation allows a user to interact
with the model by changing inputs and exploring ”what-if” scenarios, resulting in deeper
comprehension of the model’s decision-making process [55]. We show the taxonomy of
XAI methods in Figure 2.2.
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Despite making significant progress, the development of XAI techniques navigates
through several challenges. One major challenge is the trade-off between model accuracy
and explainability [56]. Highly accurate deep learning models are difficult to explain
due to their complexity and opacity [57]. In contrast, simpler models, such as, decision
trees or rule-based model, are easier to interpret [7]. However, such simple models may
not provide as high predictive accuracy as a deep learning model on complex tasks [58].
This trade-off between accuracy and explainability is a central dilemma in XAI, which
causes users to accept reduced performance in exchange for more explainable models [59].
Moreover, a good explanation depends on the context in which the AI model is deployed
and on the audience receiving the explanation. For example, a financial regulator’s need
for explanation may be different than that of a healthcare service provider [29]. Another
significant challenge is the evaluation of the explanation [60]. Unlike conventional ma-
chine learning models’ metrics, such as, accuracy and F1-score, evaluating the quality
of an explanation is inherently subjective and context-dependent. Various metrics have
been proposed, including fidelity (how well an explanation reflects the actual decision-
making process of the model) and sufficiency (whether the explanation provides enough
information for a user to make an informed decision) [61]. Human factor also plays a
crucial role in the intelligibility of explanations [62]. However, no universally accepted
framework exists for evaluating explanations of an AI model [63]. XAI can also promote
ethical AI by addressing fairness, accountability, and transparency issues. For example,
by making an AI model interpretable, XAI can facilitate the identification and mitigation
of discrimination and biases present in AI decisions [64]. Finally, due to regulatory re-
quirements, there is an increasing demand for AI systems to comply with emerging laws
and guidelines. For instance, the European Union (EU)’s General Data Protection Regu-
lation (GDPR) grants ”right to explanation” to an individual for an automated decision
which affects the person significantly [65]. Such a legal framework creates an oppor-
tunity for XAI researchers to collaborate with policymakers and stakeholders to ensure
legal compliance of AI models. To realize the objective of XAI in its precise meaning,
future research has to be directed to human-centric design, interactive explanation, and
standardized evaluation frameworks [7].

As XAI method, this thesis employs BRBES (Paper B, E, and F). Being a rule
based model, BRBES falls under XAI method with intrinsic (ante hoc) explainability
[10]. We describe this BRBES in the next sub-section.

2.1.2 Belief Rule Based Expert System (BRBES)

Prediction by an AI model is provided in two different approaches: data-driven ap-
proach, and knowledge-driven approach [66]. Data-driven approach includes machine
learning and deep learning models, which discover actionable pattern from training data
[67]. On the other hand, a knowledge-driven approach obtains a predictive output based
on knowledge, which is represented by rules [68]. This approach is constituted by an
expert system consisting of two components: a knowledge base and an inference engine.
The knowledge base represents knowledge of the relevant domain or application area,
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Figure 2.3: BRBES Inference Framework

and the inference engine performs reasoning over this knowledge base to infer predic-
tive output. One prominent example of knowledge-driven approach is Belief Rule Based
Expert System (BRBES) [69], which represents knowledge of the relevant domain with
its rule base. It addresses various types of uncertainties, such as, incompleteness, igno-
rance, vagueness, imprecision, and ambiguity. It performs reasoning over the rule base
with Evidential Reasoning (ER) as the inference mechanism [18]. Figure 2.3 shows a
simple BRBES inference framework. This framework consists of four steps: input trans-
formation, rule activation weight calculation, belief degree update, and rule aggregation
by using ER. We now illustrate how BRBES formalizes domain knowledge with its rule
base.

Rule base of BRBES extends traditional IF-THEN rule by incorporating belief struc-
ture into it. It has two parts: antecedent and consequent. The antecedent part consists
of the antecedent attributes with referential values. Consequent part also has consequent
attribute with belief degrees. BRBES handles various types of uncertainties with its rule
weight, attribute weight, and belief degrees, as shown in Eq. (2.1).

Rk :

{
IF (A1 is V k

1 ) ∧ (A2 is V k
2 ) ∧ . . . ∧(ATk

is V k
Tk
)

THEN (C1, β1k), (C2, β2k), . . . , (CN , βNk)
(2.1)

where βjk ≥ 0,
N∑

j=1

βjk ≤ 1 with rule weight θk,

and attribute weights δk1, δk2, . . . δkTk, k ∈ 1, . . . , L

Here, A1, A2, ... , ATk
are the antecedent attributes of the kth rule. V k

i (i = 1,...,Tk, k
= 1,...,L) is the referential value of the ith antecedent attribute. Cj is the jth referential
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value of the consequent attribute. βjk (j = 1, ..., N, k = 1, ..., L) is the degree of belief

to which the consequent referential value Cj is believed to be true. If
∑N

j=1 βjk = 1

the kth rule is said to be complete; otherwise, it is incomplete. Tk is the total number
of antecedent attributes used in the kth rule. L is the number of all belief rules in the
BRBES. The total number of rules, L, in the rule base of BRBES can be calculated using
the Eq. (2.2).

L =
T∏

i=1

Ji (2.2)

where:

• T is the total number of antecedent attributes,

• Ji is the total number of referential (linguistic) values of the i-th antecedent at-
tribute.

An example of a belief rule of BRBES from the energy prediction domain is given below:

IF Floor Area is Medium AND Daylight is Low AND Indoor Occupancy is High,
THEN Energy Consumption is {(High, 0.80), (Medium, 0.20), (Low, 0.0)}.

In the aforementioned rule, floor area, daylight, and indoor occupancy are the antecedent
attributes, while medium, low, and high are the referential values. Energy consumption
is the consequent attribute with referential values high, medium, and low. This rule is
complete because the sum of degree of belief associated with each referential value of the
consequent attribute is one. If the sum is less than one, then the rule will be incomplete,
which may be due to incomplete information or ignorance. We now explain the four steps
of the BRBES inference framework below.

In input transformation step, input data are distributed over the referential values of
the antecedent attributes of a rule, which is called matching degree. Once the matching
degrees are assigned, the rules become active. The combined matching degree αk, to
which the input matches the antecedent part of the kth rule can be calculated by using
the following equation.

αk =

Tk∏

i=1

(αk
i )

δ̄ki (2.3)

where δ̄ki =
δki

max
i=1,...,T

{δki}
k

so that 0 ≤ δ̄ki ≤ 1

Here, Tk refers to the total number of antecedent attributes in the kth rule. The activation
weight, wk of the kth rule is calculated with the following equation:
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wk =
θkαk

L�

i=1

(θiαi)

(2.4)

Here, θk is the rule weight and αk is the combined matching degree of the kth rule.
Based on the matching degree of the antecedent part with input values, different

rules have different activation weights. In case the matching degree is 0 (zero), the
activation weight will be zero as well. If input data of any of the antecedent attributes
are unavailable because of uncertainty due to ignorance, the belief degrees of each rule in
the rule base will be updated. In the belief degree update step, the initial belief degree
of each rule is updated using the following equation.

βjk = β̄jk

Tk�

t=1

(λ(t, k)
It�

i=1

(αti))

Tk�

t=1

λ(t, k)

(2.5)

where λ(t, k) =





1 if the tth attribute is used in

defining rule Rk(k = 1, ..., Tk)

0 otherwise

Here, β̄ik is the original belief degree, while the updated belief degree is βik in the kth

rule. αti represents the matching degree of input value with an antecedent attribute.
To calculate the final aggregated belief degree of each referential value of the conse-

quent attribute, all the rules of the rule base are aggregated by using either analytical or
recursive ER algorithm [70]. Analytical ER is computationally more efficient than the
recursive ER [71]. Hence, we apply analytical ER in this thesis, which is calculated using
the following equation [72].

βj =
µ× [X −�L

k=1(1− ωk

�N
j=1 βjk)]

1− µ× [
�L

k=1 1− ωk]
(2.6)

where µ =

� N�

j=1

L�

k=1

(ωkβjk + 1− ωk

N�

j=1

βjk)− (N − 1)×
L�

k=1

(1− ωk

N�

j=1

βjk)

�−1

X =
�L

k=1(ωkβjk + 1− ωk

�N
j=1 βjk)

Here, ωk is the activation weight of kth rule, and βj is the belief degree of each of the
referential values of the consequent attribute. The belief degrees of all the referential
values of the consequent attribute can be converted into one single numerical crisp value,
as shown below.
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zi =
N∑

j=1

u(Oj)βj (2.7)

where zi is the numerical crisp value, and u(Oj) is the utility score of the jth referential
value. We now show how BRBES can be made computationally effective by reducing the
size of its rule base.

The rule base of BRBES, as shown in Eq. (2.1), is of conjunctive type. Such con-
junctive rule base takes every possible combination of referential values of the antecedent
attributes [73]. Thus, high number of referential values and/or antecedent attributes
creates a large rule base under conjunctive assumption, resulting in high memory and
computational requirement. To address this shortcoming, disjunctive BRBES has been
proposed [74]. Disjunctive BRBES has equal number of referential values for all an-
tecedent attributes [75]. Number of rules in the disjunctive BRBES is same as the
number of referential values of its antecedent attributes. Thus, disjunctive BRBES offers
small-sized rule base with lower memory capacity and computational cost. Disjunctive
BRBES calculates the activation weight of its kth rule, wk, with the following equation.

wk =
θk

∑M
i=1 α

k
i

L∑

l=1

θl

M∑

i=1

αl
i

(2.8)

where θk is the initial weight of the kth rule, αk
i is the input matching degree with

kth rule, and L and M are the total number of rules and inputs, respectively. Disjunctive
BRBES activates a rule, even if one of the input matching degrees is non-zero. On the
other hand, a rule is not activated by conjunctive BRBES even if one input matching
degree is zero. We now illustrate how accuracy of BRBES can be improved through
learning mechanism.

Being a knowledge-driven approach, BRBES generally demonstrates lower predictive
accuracy compared to machine learning and deep learning models [76]. To improve its
accuracy, this study conducts learning for BRBES with supervised labeled data. As illus-
trated in Figure 2.4, this learning mechanism involves parallel optimization of both the
parameters and the structure of BRBES. The learning parameters of BRBES comprise
rule weights, antecedent attribute’s weights, and consequent attribute’s belief degrees
[77]. These parameters are conventionally initialized by a human expert, a practice
which may produce suboptimal settings for large datasets [78]. Consequently, a range of
optimization techniques, such as, Particle Swarm Optimization (PSO), Differential Evo-
lution (DE), and Sequential Quadratic Programming (SQP) have been employed to refine
BRBES parameters, resulting in improved accuracy [19] [79] [80]. Although SQP-based
methods can be effective for parameter tuning, these methods tend to become trapped
in local optima and may therefore fail to identify the global optima within the search
space [78]. By contrast, evolutionary algorithms, such as PSO, DE, Genetic Algorithms
(GA), and BAT perform random searches from arbitrary locations in the search domain,
which mitigates this limitation of entrapment in local optima. Owing to the optimization
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Figure 2.4: Optimization process of BRBES

strategy, DE outperforms other evolutionary algorithms to refine parameters of BRBES
[81]. Two main components of DE are: exploitation, which generates new candidate so-
lutions from the current search focus, and exploration, which expands the search domain
to avoid premature convergence [82]. DE’s capacity to find global optima is dependent
on its two control parameters: crossover (CR) and mutation (F) [83]. Most of the DE re-
search works have adapted the values of CR and F in response to the objective function’s
fitness values [84] [85]. However, these works did not consider various kinds of uncertain-
ties inherent in the DE algorithm. To address these uncertainties of the DE algorithm,
Islam et al. [78] proposed an enhanced Belief Rule-Based adaptive Differential Evolu-
tion (eBRBaDE) algorithm. The eBRBaDE algorithm leverages the BRBES’ inherent
uncertainty handling capacity to address the uncertainties of DE, and thereby optimize
the BRBES’ learning parameters. eBRBaDE contains two different BRBES components:
BRBES F and BRBES CR, to calculate the values of F and CR respectively. In each
iteration, these two BRBES components compute F and CR values based on population
dynamics and objective function’s values. This computation guides the search space to-
ward an ideal balance between exploration and exploitation. eBRBaDE then generates
a new population through DE mutation, crossover, and selection using the updated F
and CR values. Upon completion of this process, the individual of the new population
with the highest fitness value is chosen as the best option. Thus, by achieving a balance
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between exploitation and exploration through uncertainty handling mechanism, eBR-
BaDE provides greater accuracy than DE to find ideal values of the learning parameters
of BRBES [78]. Once the parameters of BRBES is optimized with these ideal values,
stop criterion of the flowchart in Figure 2.4 is examined. As this criterion is false dur-
ing the first iteration, the procedure advances to the structure optimization stage. This
stage finds the optimum number of referential values for each antecedent attribute of
BRBES. To determine this optimum number, Structure Optimization based on Heuristic
Strategy (SOHS) algorithm is employed [19]. The learning parameters associated with
the SOHS-optimized structure are subsequently optimized with ideal values. Until the
structure does not change further, this parameter-structure optimization loop continues.
In this way, the parameters and structure of BRBES are jointly optimized by the JOPS
algorithm [19]. Flowchart of this joint optimization is presented in Figure 2.4.

To identify the most optimum parameter-structure combination of BRBES, JOPS
uses generalization error, rather than training error [19]. A BRBES with low training
error on training dataset may perform poorly on testing dataset due to overfitting [19]. On
the contrary, generalization error quantifies a predictive model’s generalization capability
to deliver stable results on data not encountered during training [86] [87] [88]. Moreover,
according to the Hoeffding inequality theorem of probability theory [89], generalization
error is a more useful criterion than training error for identifying the ideal parameters
and structure of BRBES [19]. This Hoeffding inequality theorem provides an upper
bound on the likelihood that the sum of random variables will differ from its expected
value. Consequently, BRBES, with the minimum generalization error, is selected as the
most optimal BRBES by JOPS. The generalization error, ge, is shown in the following
equation.

ge =

∑T
i=1

∣∣f(xi)− yi
∣∣

T
+

√
(d ln 2− ln r)(u(DN)− u(D1))2

2T
(2.9)

Here, the predictive output of the BRBES for the ith input data is represented by f(xi),
ith input data’s actual output is yi, the total number of independent input–output data
pairs (xi, yi) is quantified by T, the total number of referential values of all antecedent
attributes is symbolized by T, r is the probability value within the interval (0, 1], and
the interval of the predictive output f(x) is within [u(D1), u(DN)]. We utilize labeled
training dataset to optimize BRBES with JOPS. With this optimization, the initial
BRBES transitions to a supervised BRBES with imrpoved accuracy, as shown in the
following equation.

BRBESsupervised = JOPS(BRBESinitial(il)) (2.10)

Here, il defines the initial labeled training data. We now illustrate how this evolutionary
learning of BRBES is more explainable than the training of deep learning model.

In a traditional deep learning model, neural networks are trained with backpropa-
gation, which calculates the gradient of a loss function with respect to the network’s
weights [90]. It determines the contribution of each weight to the loss. Backpropagation
is used with an optimization algorithm, such as, Stochastic Gradient Descent (SGD) or
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a variant of SGD to minimize the error. On the other hand, BRBES is trained with
evolutionary algorithm. Main difference between the training of deep learning and evo-
lutionary algorithm is that the evolutionary algorithm does not need backpropagation to
calculate the gradient. Instead, it uses the principles of natural selection, reproduction,
and genetic mutation to solve a given task [91]. In evolutionary algorithm, environment
produces data. These data are used by population to make predictions. These predictive
values are compared with actual output values to calculate the rewards, which are stored
for each member of the population. Then, the environment ranks each member of the
population according to the rewards to perform selection. Members which receive higher
rewards have higher fitness. Such members are more likely to have reproductive success
as well. Members, selected to reproduce, create children to form the next generation of
estimators. Lastly, each child undergoes random mutation. Once mutated, each child
makes prediction against the data generated by the environment. This whole process is
repeated for a specific number of generations. The environment allows only the mem-
bers with high fitness values to reproduce. Thus, random mutation of the new children
eventually converges into an optimal solution. The fitness function of evolutionary algo-
rithm is similar to the loss function in traditional deep learning. Evolutionary algorithm
optimizes through maximization of the value of fitness function. On the other hand,
traditional deep learning optimizes through minimization of the value of loss function.
Hence, fitness function is a negated version of the loss function. Evolutionary approach
makes the training process of BRBES more transparent compared with the training of
deep learning model. Therefore, it can be argued that BRBES trains itself in a more
explainable way than deep learning. Such explainable training process makes BRBES a
suitable XAI method as well. We now explain the multi-layer BRBES below.

A multi-layer BRBES consists of multiple BRBESs organized hierarchically. As an
example, we show a multi-layer BRBES framework to predict phenomena in Figure 2.5.
This figure presents a collection of BRBESs across three different layers, which are orga-
nized hierarchically in a tree based structure. In Figure 2.5, the parent node X1 with its
child nodes X2, X3, and X4 constitute BRBES X1. These child nodes are the antecedent
attributes and X1 is the consequent attribute of the BRBES X1. This is the top layer
or “Layer 0” of the multi-layer BRBES. BRBES X2, BRBES X3, and BRBES X4 in
Figure 2.5 create the “Layer 1” of this multi-layer BRBES framework. The outputs of
the BRBESs at “Layer 1” are the inputs for the BRBES X1. Similarly, the child nodes of
the BRBESs at “Layer 1” get input from BRBESs of “Layer 2”. Generally, the BRBESs
are grouped based on relevance, and data flow in a multi-layer framework.

To provide domain knowledge based accurate prediction under uncertainty, this thesis
employs BRBES (Paper B to Paper F). To perform reasoning across multiple layers,
this thesis employs two-layer BRBES (Paper D). Moreover, to make BRBES more robust
by dealing with multi-modal input data, this thesis integrates deep learning model with
BRBES (Paper C, and D). A brief description of this deep learning is presented in the
next sub-section.
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Figure 2.5: A multi-layer BRBES framework to predict phenomena

2.1.3 Deep Learning

AI exhibits machine intelligence by imitating human learning and reasoning. Alan Turing
explained how a machine could imitate a human brain with “The Turing Test” in 1950
[92]. AI consists of several specific research sub-fields. Machine learning is a subset of AI,
which applies statistical model to learn hidden representation of data. Deep learning is a
subset of machine learning, which is based on neural network architecture with multiple
hidden layers. The concept of deep learning first came to light in 2006 [93]. Initially, it
was known as hierarchical learning [94].

Deep learning is mainly inspired by the interconnection among the neurons of the
brain, which has two key parameters: nonlinear processing in multiple layers, and learning
in supervised or unsupervised way [95]. It is a neural network, where each layer consists
of several neurons. Each neuron takes input and produces output through an activation
function. This activation function deals with the non-linear relationship between input
and output. Neural network has an input layer, output layer, and multiple hidden layers
in between. Each hidden layer learns a new feature from input data, such as, curves/edges
in image recognition. Nonlinear processing across multiple layers continues with one layer
taking output of the previous layer as input. This multiple layering signifies the term
“deep” of deep learning. Multiple hidden layers, as opposed to a single layer, create
this depth of deep learning. Deep learning models learn features of input data more
deeply through these hidden layers, as shown in Figure 2.6. Weight of the connection
between every two layers determines the hierarchy among these layers. This connection
weight depends on the importance of the concerned input feature. Moreover, a deep
learning model learns in a supervised way on labeled dataset, and unsupervised way on
unlabeled dataset. Supervised learning is of two types: classification, and regression [96].
Unsupervised learning has also two types: clustering, and association [97].

Two major challenges of deep learning are overfitting and high computation time.



Background and Related Work 31

Figure 2.6: Deep Learning neural network with multiple hidden layers

A deep learning dataset is split into two parts: 80% training data, and 20% testing
data [98]. Extra hidden layers of deep learning may cause overfitting with training
data. To address this overfitting, various regularization methods, such as, Ivakhnenko’s
unit pruning, weight decay, and sparsity are applied. Moreover, some of the hidden
layers are randomly removed during training phase by dropout regularization. On the
other hand, number of hidden layers, number of neurons per layer, activation function
calculation, and learning rate require high computation cost and time. This computation
time can be reduced by various techniques, such as, batching, parallel processing, multi-
core architectures, cloud computing, and high-bandwidth communication network. We
now focus on the integration of deep learning with BRBES to handle multi-modal input
data.

In this thesis, by dealing with multi-modal input data, BRBES has been made more
robust. For handing this multi-modality, BRBES has been integrated with deep learning
model [22] [23]. As deep learning model, 2-Dimensional CNN has been employed to
perform analytics on visual images. Convolutional network structure is similar to the
structure of animal visual cortex [99]. Individual cortical neuron receives stimuli in its
own receptive field, and responds accordingly. Partially overlapped receptive fields of
various neurons constitute the entire visual field.

CNN consists of multiple hidden layers between input and output layer. Convolu-
tional layers, pooling layers, fully connected layers and normalization layers are the CNN
hidden layers [100]. As activation function, CNN uses convolution and pooling functions.
Convolution function takes two inputs - input image matrix, and kernel/filter matrix.
This kernel matrix is employed on input image to produce an output image. Multiplica-
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tion of kernel matrix with input matrix creates a modified signal. A convolution function,
as a dot product of input function, f and kernel function, g, is defined as

(f ∗ g)(i) =
m∑

j=1

g(j).f(i− j +m/2) (2.11)

where m is the total number of cells, i is the current cell and j refers to all the m cells
successively. Multiplication is performed between each cell of the kernel matrix with
a certain cell of the input image matrix. This multiplication result is the output of
convolution function, which is called convolved feature map. Size of this feature map is
same as size of the kernel matrix. As activation function, Rectified Linear Unit (ReLU)
is applied to this feature map. ReLU sets negative pixels to zero, and performs element-
wise operation for non-linearity. Convolution and ReLU layers are applied multiple times
on original image to identify hidden features of the image in a matrix form. This matrix
identifies key features of an image, such as, a curve or circle of an image, while ignoring
irrelevant parts of that image. This matrix is called rectified feature map [101].

Rectified feature map is given as input to the pooling function, which reduces dimen-
sionality of this feature map with sample-based discretization. Output of the pooling
function is called pooled feature map. Pooling is of two types- max pooling and min
pooling. Max pooling selects the maximum pixel value of the selected sub-area of an
image, as shown below.

hi,j = max{xi+k−1,j+1−l} (2.12)

1 ≤ k ≤ m and 1 ≤ l ≤ m

where (i, j) is the position of each cell in the matrix, and m represents all the cells of
concerned sub-area of the image. Max pooling is useful to focus on lighter pixels of an
input image with dark background. This is particularly applicable to separate sparse
features [102]. Min pooling opts for the minimum value of the concerned sub-area. This
pooling focuses on dark pixels of an image with light background. After the last pooling
layer, CNN has a fully connected layer. This layer takes output of the last pooling layer
as input. Neurons of this fully connected layer have full connections with all neurons
of the previous layer. Fully connected layer learns non-linear relationship of features
extracted by previous layers to perform classification/regression. We illustrate the CNN
architecture in Figure 2.7.

CNN learns image features from labeled training dataset in a supervised manner.
Then CNN tests its prediction accuracy against the images of testing dataset. However,
CNN cannot handle uncertainties, such as, hardware defect, ignorance, camera malfunc-
tioning, blurred images, and camera glasses full of scratch [103]. Images captured by a
camera sensor can become blurred due to turbulent weather. Snow-covered or water-
marked glasses of camera will cause an image to be hazy [22]. Hence, dealing with such
uncertainties of image data is of paramount importance. Here, BRBES comes into play
to uphold prediction accuracy by addressing such uncertainties. CNN processes image
features. BRBES processes uncertainties associated with the image features. Moreover,
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Figure 2.7: Convolutional Neural Network (CNN)

BRBES takes numerical sensor data as its another input. Thus, image data handling
with CNN leads to improved accuracy and robustness of BRBES. This is the rationale
of this thesis to integrate CNN with BRBES (Paper C, and D).

In addition to multi-modal input data handling, this thesis enhances the learning
mechanism of BRBES by overcoming the shortage of labeled data. For this purpose,
BRBES is integrated with semi-supervised learning (Paper E). We present a brief de-
scription of this semi-supervised learning method in the next sub-section.

2.1.4 Semi-Supervised Learning

To improve accuracy of BRBES, we showed its learning mechanism in sub-section 2.1.2.
This evolutionary learning of BRBES requires supervised labeled data. However, in
many application areas, obtaining such labeled data is challenging due to high cost, data
privacy concerns [104], and manual annotation burdens [105]. A labeled dataset can be
imbalanced or biased as well [10]. Such scarcity, inaccessibility, and imbalance issues
hamper the proper learning of BRBES. To overcome these issues, this thesis utilizes
extensive unlabeled data for learning of BRBES.

Training an AI model with a small number of labeled data points and a substantially
large number of unlabeled data is called Semi-Supervised Learning (SSL) [106] [107] [108]
[109]. SSL extracts knowledge from labeled data, and utilizes this extracted knowledge to
assign meaningful labels to the unlabeled data. Thus, SSL utilizes the abundance of unla-
beled data to improve performance of an AI model [105]. As illustrated in Figure 2.8, SSL
methods are divided into five groups [110]: (a) deep generative methods, (b) consistency
regularization methods, (c) graph-based methods, (d) pseudo-labeling methods, and e)
hybrid methods. Examples of deep generative methods include semi-supervised Varia-
tional Autoencoders (VAEs), and Generative Adversarial Networks (GANs). Although
these methods are capable of generating new training examples, attaining optimal per-
formance simultaneously for both the generative task and downstream task is challeng-
ing. An example of consistency regularization method is Virtual Adversarial Training
(VAT) [109]. As a consistency-based SSL method, a novel Semi-supervised Universal
Graph Representation Learning (SUGRL) framework was proposed by reference [111].
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Figure 2.8: Taxonomy of semi-supervised learning methods

This framework performs semi-supervised graph classification for datasets composed of
graphs from multiple, structurally heterogeneous domains. It learns domain-invariant
representations by combining contrastive self-supervised learning with adversarial do-
main alignment. Empirical evaluation shows that this method substantially improves
cross-domain generalization while relying on only a small amount of labeled data and
leveraging a large amount of unlabeled graphs. Another consistency-based SSL method,
Rationale-Informed Graph Neural Network (RIGNN), was proposed by the reference
[112]. This method leverages task-relevant subgraphs (rationales) to enhance robustness
of classification. RIGNN also improves generalization under open-world and label-sparse
settings by separating discriminative information from noisy or out-of-distribution data.
This study highlights the critical role of interpretability and selective representation
in advancing semi-supervised graph learning. Despite the construction of consistency
constraints with clear assumptions by this method, data augmentation and perturba-
tion strategies may not always yield reliable outcome [110]. Examples of graph-based
methods include Graph Neural Network (GNN), and autoencoder-based models. Nev-
ertheless, conventional graph structures are inherently constrained to modeling pairwise
relationships, which often fail to capture the higher-order dependencies of complex real-
world data. To overcome this limitation, the Hypergraph-enhanced Dual Semi-supervised
Graph Classification (HDSGC) framework has been proposed as an effective alternative
[113]. By integrating both graph and hypergraph representations, HDSGC enables a
more comprehensive modeling of intricate and high-order relationships among data in-
stances [113]. HDSGC utilizes hyperedges to represent multi-node interactions. Such
interaction enriches the contextual information available for learning. It employs a dual
semi-supervised learning strategy by optimizing node classification on both graph and
hypergraph views, leveraging the complementary strength of each structure. With this
multi-relational representation learning using limited labeled data, this method performs
graph classification with improved performance. Despite learning more information with
graphs, such methods may not always build accurate relationship between training sam-
ples [110]. Examples of pseudo-labeling methods include disagreement-based models and
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self-training models. As an iterative self-training strategy, SemiEvol, a semi-supervised
fine-tuning approach [113], leverages both labeled and high-confidence pseudo-labeled
data to progressively fine-tune Large Language Models (LLMs). SemiEvol integrates
teacher-student paradigms with dynamic data selection, leading to its robust adaptation
across diverse tasks under semi-supervised conditions. However, as pseudo-labels are
derived from limited labeled supervision, such pseudo-labels may become noisy and po-
tentially degrade performance [110]. Examples of hybrid methods include Interpolation
Consistency Training (ICT) [114], MixMatch [115], ReMixMatch [116], and FixMatch
[117]. A hybrid SSL framework was introduced through Semi-supervised Active Learn-
ing for Graph-level Classification [118], which integrates semi-supervised learning with
active learning to efficiently label graph-structured data. By strategically selecting the
most informative graph instances for annotation, this framework maximizes the model
performance while minimizing annotation cost. By leveraging both labeled and unla-
beled graphs during training, this method balances the exploration-exploitation trade-
off. This balanced tradeoff results in improved graph-level classification. Moreover, this
approach integrates uncertainty estimation with structure-aware sampling strategies to
attain state-of-the-art performance. Another hybrid SSL method was proposed by the
reference [119], which integrates curriculum learning with pseudo-labeling in graph-based
SSL to classify nodes with improved accuracy. This method iteratively pseudo-labels the
unlabeled nodes based on both confidence and the complexity of the node’s features.
Joint consideration of confidence and complexity formulates the hybrid curriculum of
this method. By employing this curriculum-guided strategy, the model gradually learns
from easier to harder instances. Such gradual learning leads the model to better general-
ization and faster convergence. This structured learning process adapts to the evolving
uncertainty of the model. Thus, this model outperforms the traditional pseudo-labeling
methods [119]. Despite offering more robustness and efficiency, such hybrid SSL meth-
ods incur greater model complexity and computational overhead due to the integra-
tion of multiple learning components. Moreover, based on output, SSL is of four types
[120]: semi-supervised classification, semi-supervised clustering, semi-supervised dimen-
sion reduction, and semi-supervised regression. Among these four categories, research on
semi-supervised regression, aimed at predicting continuous value of a variable, remains
relatively limited [121]. We now highlight the integration of SSL with BRBES below.

To overcome the shortage of labeled data in the learning mechanism, this thesis in-
tegrates SSL with BRBES [20]. As SSL, self-training method under the pseudo-labeling
approach is employed. This self-training is an iterative semi-supervised learning ap-
proach, in which a supervised classifier is trained with both labeled data and data which
have been pseudo-labeled in the prior iterations. The self-training procedure begins by
training the supervised classifier only with the labeled data. This trained classifier is
then used to predict labels for the unlabeled data. The predictive labels with the highest
confidence are then appended to the training dataset. This extended training dataset,
consisting of both labeled and pseudo-labeled data, are utilized to retrain the supervised
classifier. This iteration typically continues until all unlabeled data are pseudo-labeled
[122]. In line with this self-training method, this thesis conducts learning mechanism
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Figure 2.9: Flowchart of transition from initial to semi-supervised BRBES

of BRBES with initial labeled data until its accuracy reaches the confidence thresh-
old. Once the threshold is reached, BRBES assigns pseudo-labels to the unlabeled data.
These unlabeled data are synthetically generated through two types of augmentation:
weak and strong. Weak augmentation generates integer values for relevant antecedent
attributes of BRBES, which are pseudo-labeled by the BRBES (reaching the confidence
threshold). To reduce class noise and attribute noise of these weakly augmented pseudo-
labeled data, this thesis applies strong augmentation. As strong augmentation, this thesis
generates float values for the relevant antecedent attributes of BRBES, which are then
pseudo-labeled by the BRBES. These labeled as well as weakly and strongly augmented
pseudo-labeled data are utilized by this thesis to conduct the learning mechanism of
BRBES. Thus, by learning representation from both labeled and pseudo-labeled data,
initial BRBES transitions to the semi-supervised BRBES. We show this transition pro-
cess as flowchart in Figure 2.9. As application area, this thesis performs semi-supervised
regression to predict continuous value of energy consumption.

This semi-supervised BRBES framework (Paper E), proposed by this thesis, is still
dependent on limited labeled data to conduct the learning mechanism of BRBES. Hence,
to perform learning of BRBES without any labeled data, this thesis integrates self-
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supervised learning with BRBES (Paper F). This self-supervised learning method is
briefly described in the next sub-section.

2.1.5 Self-Supervised Learning

Semi-supervised BRBES, as described in sub-section 2.1.4, requires limited labeled data
in its learning mechanism. SSL is not completely free of labeled data [106]. Learn-
ing mechanism without any labeled data can be conducted by self-supervised learning
and unsupervised learning [123] [124]. Self-supervised learning automatically generates
pseudo-labels for the unlabeled data through a pre-defined pretext task [123]. These
pseudo-labeled data are then utilized by the model to learn representation. Upon com-
pletion of this pre-training in the pretext task, the acquired model is transferred to the
downstream task to provide prediction [123]. On the other hand, unsupervised learn-
ing discovers patterns or structure from unlabeled data through various techniques, such
as, clustering, probability density, and rule discovery [124]. This learning neither uses
any prior knowledge nor generates any pseudo-label [124]. Hence, to conduct learning
mechanism of BRBES without any labeled data, this thesis integrates self-supervised
learning with BRBES. Learning mechanism of this self-supervised BRBES is conducted
with pseudo-labeled data.

A paradigm of representation learning, where a model derives supervisory signals di-
rectly from raw, unlabeled data is called self-supervised learning [125]. This learning
does not need human-provided labeled data, thereby eliminating the manual annotation
cost. This learning paradigm provides the supervisory signals from the raw data to the
model through pretext task [126]. This pretext task is of two types: auxiliary pretext
task, and contrastive learning [127]. Auxiliary pretext task learns representations from
pseudo-labels, or labels created automatically based on the inherent attributes of the
dataset. Examples of auxiliary pretext task include masked reconstruction (predicting
masked tokens or image patches), predicting the rotation degree [128], and colorizing a
grayscale image [129]. For instance, reference [130] employed auxiliary pretext task to
pseudo-label the unlabeled sensor data of water distribution system in a self-supervised
learning approach. Labels of the sensor devices were assigned as pseudo-labels by this
study. On the other hand, contrastive learning is a discriminative model, which pulls
augmented views of the same instance together, while pushing others apart [131]. This
learning uses data augmentation [132], contrastive losses [133], momentum encoders [134],
memory banks [135], and negative samples [135] [126]. An example of contrastive learn-
ing is a Simple Framework for Contrastive Learning of Visual Representations (SimCLR)
[136], which applies strong random augmentations on the same image to create positive
pairs of the image. It then utilizes these positive pairs and other negative samples to
train an encoder. To perform this encoder training, SimCLR uses a contrastive loss (NT-
Xent) and a projection head. Another example of contrastive learning is Momentum
Contrast (MoCo) [137], which formulates contrastive learning as a dynamic dictionary
lookup. It maintains a queue of encoded keys and a momentum-updated key encoder.
This queue provides a large, consistent set of negative examples, thereby eliminating
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Figure 2.10: Taxonomy of pretext task of self-supervised learning

the requirement of huge synchronous batches. Pretext task enables a model to capture
semantic and structural relationship from data during pretraining [125]. Therefore, the
careful design of pretext task is fundamental to effective self-supervised learning. We
show the taxonomy of pretext task in Figure 2.10. Once a model is pretrained on one or
more pretext tasks, the learned representations are transferred to the downstream task.
These representations are then evaluated or adapted for various downstream tasks, such
as, classification, detection, segmentation, and regression. Thus, self-supervised learning
learns generalizable, fine-tunable representations by synthesizing supervision from the
unlabeled data itself. Such self-supervision has made this learning paradigm a foun-
dational strategy to reduce manual annotation costs across many application domains
[125].

As pretext task of self-supervised learning, this thesis employs auxiliary pretext task
[21]. In this task, initial BRBES predicts pseudo-labels for the unlabeled data. These
numerical unlabeled data are generated through weak and strong augmentation, as men-
tioned in sub-section 2.1.4. Then these pseudo-labeled data are utilized to conduct the
learning mechanism of BRBES. Thus, by learning representation from these pseudo-
labeled data, initial BRBES transitions to self-supervised BRBES. This BRBES, learned
in a self-supervised approach, is then transferred to the downstream task to predict label
against the input data. Downstream accuracy of this self-supervised BRBES framework,
proposed by this thesis (Paper F), is evaluated with a labeled test dataset. We show
this transition from initial BRBES to self-supervised BRBES as a flowchart in Figure
2.11. As application area of this self-supervised learning framework, this thesis performs
regression in the downstream task to predict continuous value of energy consumption.

We now present the work related to this thesis, carried out by other researchers, in
the next sub-section.

2.2 Related Work

This sub-section presents the related research in the field of eXplainable Artificial Intel-
ligence (XAI), prediction with Artificial Intelligence (AI), prediction from images, semi-
supervised learning, and self-supervised learning.
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Figure 2.11: Flowchart of transition from initial to self-supervised BRBES

2.2.1 Related Work on eXplainable Artificial Intelligence (XAI)

Zhang et al. [138] proposed explanation modules to explain a Random Forest (RF)-based
model. They explained feature importance with Partial Dependence Plot. They used
decision tree surrogates to interpret local space, which do not take into account domain
knowledge. Moreover, RF is a data-driven approach, which does not deal with data
uncertainties. Tsoka et al. [139] identified the most influential input features of Artificial
Neural Network (ANN) classification model with XAI tools Local Interpretable Model-
agnostic Explanations (LIMEs) and Shapley Additive Explanations (SHAP). However,
ANN has no domain knowledge, and does not address data uncertainties. LIMEs’ local
explanation and SHAP’s feature importance are ad-hoc. Fan et al. [140] proposed a
new LIME-based methodology to explain five different supervised models with a novel
evaluation metric, trust. This metric quantitatively evaluates each prediction based on
evidence type. However, a LIME-based local explanation is ad-hoc, which is dependent
on training dataset, rather than domain knowledge.

Zhang et al. [141] integrated SHAP with Light Gradient Boosting Machine (Light-
GBM) to explain the model output with feature importance. However, LightGBM does
not consider domain knowledge and data uncertainties. As a post hoc tool, SHAP gives
a proxy explanation. Li et al. [142] proposed a Prediction-Explanation Network (PEN)
to predict with better explainability. They employed a shared representation learning
module to identify the correlation between input and output with a vector of salience.
However, this PEN framework uses recurrent neural network, which does not consider
domain knowledge and data uncertainties. Yu et al. [143] employed rule induction tech-
niques to provide succinct formal explanations with background knowledge. However,
this background knowledge is represented by traditional if-then rules and a boosted tree,
which cannot deal with uncertainties. Chung et al. [144] applied XAI technique SHAP on
a deep learning model to identify influential input parameters. However, deep learning,
being a data-driven approach, does not consider relevant domain knowledge and data
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uncertainties. SHAP’s feature importance is also a proxy explanation.

Biessmann et al. [145] employed an Automated Machine Learning (AutoML) ap-
proach to predict the energy demand of large public buildings. Various building features
and climate features were provided as input to this AutoML model. Their proposed
approach showed higher prediction accuracy than the adapted and optimized Bundesin-
stitut fur Bau-, Stadt- und Raumforschung (BBSR) approach. However, this AutoML
approach does not explain the rationale in support of the prediction, resulting in lack
of trust between human and AI. Dinmohammadi et al. [146] proposed a causal infer-
ence graph, in addition to SHAP, to explain the outcome of machine learning algorithms.
However, machine learning models do not incorporate domain knowledge. Hence, the fea-
ture importance, explained by the causal inference graph, is proxy. Spinnato et al. [147]
proposed LASTS (Local Agnostic Subsequence-based Time Series explainer) to explain
the reasons of an opaque model which classifies time series data. This explanation was
made through three different representations: saliency-based explanation, instance-based
explanation, and rule-based explanation. Saliency-based and instance-based explanations
do not consider domain knowledge. Rules of rule-based explanation were inferred from a
decision-tree surrogate, which cannot deal with data uncertainties. Guidotti et al. [148]
employed stable and actionable Local Rule-based Explanation (LOREsa) method to ex-
plain the output of a black-box model with decision tree. This decision tree made local
explanation against the instance to explain. This decision tree, based on bagging-like
approach, had both stability and fidelity. Ensemble decision trees were merged into a
single one. Neighbor instances of the ensemble of decision trees were synthetically gen-
erated by a genetic algorithm. But, unlike BRBES, a decision tree cannot address data
uncertainties.

To address the shortcomings of the aforementioned related works, this thesis sheds
light on an explainable BRBES framework to provide accurate prediction and explanation
based on domain knowledge, while handling data uncertainties (Paper B). Thus, RQ1
is answered by this thesis. We now present the related work on prediction with various
AI models in the next sub-section.

2.2.2 Related Work on Prediction with Artificial Intelligence
(AI)

Theang et al. [149] proposed Dynamically pre-trained Deep Recurrent Neural Network
(DRNN) to predict time-series level. Network weights of this method were continuously
updated to learn representation of input data coming over time more accurately. In
addition to time, they considered the position of the physical sensors to improve the pre-
diction accuracy of DRNN. They screened out distant sensors by the elastic net method.
DRNN’s prediction accuracy has turned out to be higher than the autoencoder training
method. However, DRNN does not handle uncertainties associated with sensor data. Li
et al. [150] proposed Spatiotemporal deep learning (STDL) to predict air pollution. It
extracted the spatiotemporal features of sensor data by deploying Stacked Auto Encoder
(SAE). Their regression model is based on this learned representation. Their STDL model
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showed higher accuracy than the Spatio-Temporal Artificial Neural Network (STANN),
Auto Regression Moving Average (ARMA), and Support Vector Regression (SVR) mod-
els. However, this model also has not taken into account uncertainty regarding the sensor
data. Kurt et al. [151] employed Geographic Forecasting Models using the Neural Net-
works (GFM NN) method to predict the level of sulfur dioxide (SO2), carbon monoxide
(CO), and particulate matter (PM10) of a Turkish district. They came up with three
geographic models for prediction purpose. The first model used selected neighboring
district’s sensor data. The second model considered two adjoining districts. The third
model calculated the distance between the triangulating districts and the target district.
Their proposed geographic models showed higher accuracy than the non-geographic plain
models. Among their three geographic models, third one showed better performance than
the other two. However, GFM NN has also left sensor data uncertainties unaddressed.
Li, Shen, Yuan, Zhang, & Zhang [152] presented Geo-intelligent Deep Belief Network
(Geoi-DBN) to predict ground-level PM2.5 by fusing satellite and station observations.
They considered geographical distance and spatiotemporal correlation in their model.
PM2.5 data of neighboring stations, nearby days of the same station, satellite retrieved
Aerosol Optical Depth (AOD), Relative Humidity (RH), temperature, wind speed, sur-
face pressure, and Normalized Difference Vegetation Index (NDVI) were taken as input
features to estimate PM2.5. However, this model does not handle sensor data uncertain-
ties. Moreover, AOD may become erroneous due to retrieval error and cloudy weather.

To address the data uncertainties, not dealt with by the aforementioned related works,
this thesis employs BRBES (Paper B to Paper F). Thus, RQ2 is answered by this
thesis. Related work on image based prediction is presented in the next sub-section.

2.2.3 Related Work on Prediction from Images

Li et al. [153] predicted the haze level of images with a computer vision technique. They
estimated input image’s transmission matrix with Dark Channel Prior (DCP) algorithm.
Simultaneously, they estimated the depth map from pixels with Deep Convolutional
Neural Fields (DCNF). They integrated the transmission matrix and depth map with
transformation functions. Subsequently, they piled up the matrix to a single figure with
pooling function and predicted haze level of the image. A combined application of trans-
mission and depth has resulted in more accurate haze level estimation than their separate
application. The accuracy of their proposed method on PM2.5 dataset turned out to be
89.05% against 70.14% and 84.32% accuracy of only depth map and only transmission
matrix, respectively. However, this method has not dealt with the uncertainties asso-
ciated with captured images. Liu et al. [154] proposed an image-based approach to
predict PM2.5 of the air. They considered several image features, such as transmission,
sky smoothness, image color, entropy, contrast, time, geographical location, sun, and
weather condition for prediction. They developed a regression model based on these
features to predict PM2.5 level from images of Beijing, Shanghai, and Phoenix over a
one-year period. Simplicity and smart phone readiness of this method can make people
more aware of air pollution. However, this model also has not addressed uncertainties
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associated with image data. Zhan et al. proposed a standard haze image dataset [155]
containing haze images of all levels, paired with associated air quality data. Every im-
age had Mean Opinion Score (MOS) as haze level’s subjective evaluation. They also
assessed the haze quality of images with a novel no-reference Image Quality Assessment
(IQA) method by analyzing degradation-causing factors. IQA showed promising results
on haze database, which are consistent with subjective evaluation. IQA showed better
performance than Spatial and Spectral Entropies (SSEQ) and Blind/Referenceless Image
Spatial Quality Evaluator (BRISQUE). However, IQA has not taken into account image
data uncertainties.

Zheng et al. [156] estimated ground-level PM2.5 of Beijing, China from micro-satellite
images by employing a combined approach of CNN and Random Forest. They extracted
128 useful features from satellite images with CNN. These 128 features, along with 4 me-
teorological features: temperature, RH, wind speed and sea-level pressure were given as
input values to Random Forest regressor. Based on these 132 input features, this regres-
sor predicted PM2.5. However, Random Forest does not address uncertainties associated
with sensor data of meteorological features. Albu, Precup, & Teban [157] employed Arti-
ficial Neural Network (ANN) to predict skin diseases, hepatitis B, and stroke risk. They
extracted various clinical and general features of these diseases to train and test ANN.
They applied ANN on Computed Tomography (CT) images to detect hepatic diseases.
They also employed ANN to model finger dynamics of an amputated hand and control
of a prosthetic hand. However, ANN does not deal with uncertainties associated with
input features. Moreover, this method is completely data-driven, which does not take
into account knowledge base from domain experts.

To address the uncertainties of image data, not handled by the aforementioned related
works, this thesis integrates BRBES with CNN (Paper C and Paper D). With this
integration, this thesis makes BRBES more robust by handling multi-modal input data.
Thus, RQ2 is answered by this thesis. We now highlight the work related to semi-
supervised learning in the next sub-section.

2.2.4 Related Work on Semi-Supervised Learning

Sahoo et al. [104] employed a SSL approach, COVIDCon, to predict COVID-19 cases
accurately from digital chest X-rays and Computed Tomography (CT) scans. Their
proposed COVIDCon algorithm consisted of data augmentation (weak and strong), con-
sistency regularization, and multi-contrastive learning. As weak and strong augmenta-
tion, they employed flip-shift strategy and RandAugment-based strategy respectively.
However, COVIDCon algorithm’s classification is based on multi-contrastive learning,
with no consideration of knowledge related to COVID-19 domain. Moreover, this algo-
rithm performs classification of images instead of regression over numerical input val-
ues. No explanation is provided by COVIDCon in support of the predictive diagnosis
of COVID-19. Sahoo et al. [105] proposed a new multi-contrastive semi-supervised
learning algorithm ”MultiCon” to classify drug function into 12 categories by analyzing
the features of two-dimensional images of drug chemical structure. This algorithm used
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multi-contrastive loss with consistency regularization to predict drug function. They uti-
lized weakly augmented versions of drug chemical structure images to pseudo-label the
corresponding strongly augmented versions of the same images. However, this algorithm’s
multi-contrastive learning approach distinguishes image features through clustering. It
does not take into account domain knowledge of drug function. Moreover, this algorithm
is restricted to image classification only, rather than numerical data regression. ”Mul-
tiCon” also does not explain the rationale in support of its predictive output on drug
function. Li et al. [158] proposed a new semi-supervised learning methodology Mixup
Contrastive Mixup (MCoM) to address the imbalanced data problem in tabular cyber se-
curity datasets. To tackle this imbalance, their proposed MCoM employed triplet mixup
data augmentation on the minority (vulnerable) class to generate synthetic examples.
Then they used contrastive and feature reconstruction loss to train the encoder and the
decoder. They used a label propagation technique to pseudo-label the subset of the
unlabeled data. For the predictor, they used Multi-Layer Perceptron (MLP). However,
MLP is a data-driven approach, with no consideration of knowledge of cyber security
domain. MCoM performs classification of security data, instead of regression. Moreover,
security classification output is not explained by MCoM. Silva et al. [159] employed
an evolutionary multi-objective algorithm, the SPEA2, for semi-supervised training of
Least Squares Support Vector Machine (LSSVM) with both labeled and unlabeled data.
However, LSSVM is a data driven approach, with no consideration of domain knowledge.
This paper performs binary classification with LSSVM, instead of regression. Moreover,
classification output is not explained by LSSVM, resulting in a lack of trust of the out-
put to the end user. Donyavi et al. [160] proposed a model to perform classification
with K-nearest neighbor (KNN). For semi-supervised learning of KNN, they proposed a
synthetic, labeled data generation method called Diverse Training Dataset Generation
based on a Multi-objective Optimization for Semi-Supervised Classification (DTGMO-
SSC). Positions of the data, generated with DTGMO-SSC, were improved through a
multi-objective evolutionary algorithm called Non-dominated Sorting Genetic Algorithm
II (NSGA-II). This algorithm had two objectives: accuracy and density. The accuracy
function eliminated outlier data, and the density function ensured appropriate distribu-
tion and diversity in feature space. Simultaneous consideration of accuracy and diversity
was the advantage of the proposed method over the existing ones. However, KNN is a
data-driven approach, which does not consider knowledge of the relevant domain. More-
over, classification output is not explained by this method. Jin et al. [161] proposed
Evolutionary Optimization-based Pseudo Labeling (EOPL) for semi-supervised soft sen-
sor development of industrial processes. They employed Gaussian Process Regression
(GPR) as the base learner. Pseudo-labeling the unlabeled data was taken as an opti-
mization problem, where pseudo-labels served as the decision variables of the Genetic
Algorithm. They enlarged the labeled training dataset by combining the high-confidence
pseudo-labeled data with initial labeled data. Then, the GPR model was rebuilt with
this enlarged dataset. They also extended EOPL to ensemble EOPL (EnEOPL) for en-
hanced prediction performance. However, knowledge of industrial process domain is not
taken into account by GPR. Moreover, EOPL and EnEOPL do not explain the predictive
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output. The diversity of the unlabeled data in feature space is also not emphasized in
this research. Gao et al. [162] proposed the Evolutionary Multi-Tasking Semi-Supervised
Classification (EMT-SSC) method by combining Support Vector Machine (SVM) with a
modified Z-score. This method labeled the unlabeled data with fuzzy logic and cluster
assumption. However, SVM does not take into account knowledge of the relevant do-
main. Fuzzy logic is also outperformed by BRBES to deal with uncertainties, especially
those caused by ignorance [11]. The Z-score, used by this method, may not be reliable
if the training dataset does not cover all possible data instances. The proposed method
performs classification, rather than regression for continuous estimation of target vari-
able. Moreover, this method offers no explanation in support of its classification output.
Cococcioni et al. [163] presented a semi-supervised-learning-aided evolutionary approach
to enhance safety of workplace. They carried out a semi-supervised learning approach
to formulate population for NSGA-II. Each chromosome of the population consisted of
two classifiers: one classified risk perception of a worker and the other classified level of
caution of the same worker. Each classifier was implemented with Multi-Layer Percep-
tron (MLP). This study’s semi-supervised learning consisted of two stages. In the first
stage, each classifier was trained independently with its own supervised training data. In
the second stage, training was continued for both classifiers with an unlabeled dataset.
The output of one classifier was utilized as a supervised labeled example for the other
classifier. However, MLP is a data-driven approach, which does not consider the knowl-
edge related to workplace safety. Moreover, this approach neither performs regression
nor explains the classification output to the end user.

To address the shortcomings of the aforementioned related works, this thesis sheds
light on a semi-supervised explainable BRBES framework (Paper E). This framework’s
BRBES component learns representation from initial labeled data. Then the framework
synthetically generates unlabeled data through augmentation with proper diversity and
density. Such unlabled data are then pseudo-labeled by the BRBES and utilized in its
learning mechanism. Thus, by overcoming the shortage of labeled data in the learn-
ing mechanism of semi-supervised BRBES, this thesis answers RQ3. Moreover, other
limitations of these related works, such as, domain knowledge based regression and ex-
planation (RQ1), and uncertainty handling issue (RQ2) have been addressed by this
semi-supervised explainable BRBES framework. Other researchers’ work related to self-
supervised learning is presented in the next sub-section.

2.2.5 Related Work on Self-Supervised Learning

Mahmoud et al. [130] proposed a two-stage detection system, consisting of both self-
supervised and unsupervised algorithms, to detect Cyber-Physical (CP) attacks in water
distribution systems. In the first stage, they used heuristic adaptive self-supervised algo-
rithms using the pseudo-labeling approach to achieve near real-time decision-making. For
this purpose, they used Support Vector Machine (SVM), KNN, Random Forest (RFor-
est), Extreme Gradient Boosting (XGBoost), and Bag-of-SFA-Symbols (BOSS) on un-
labeled sensor data streams. These data were collected from relevant water distribution
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devices, such as, tank pressure, pump flow, pipeline flow, and pipeline status. Based
on the learned pattern of water distribution and labels of these devices, they pseudo-
labeled the unlabeled sensor data streams in the pretext task of self-supervised learning.
Second stage validated the detected attacks using an unsupervised algorithm Isolation
Forest. However, while assigning self- supervised pseudo-labels in the first stage, this
work did not consider the knowledge of water distribution domain. Their proposed
attack detection system performed binary classification, instead of regression over nu-
merical input values. Moreover, no explanation is provided in support of the detected
CP attack. Zhang et al. [164] proposed a novel self-supervised learning based method
to detect multiple types of cyber attacks in the real-time energy market. Specifically,
they employed an autoencoder-enhanced Generative Adversarial Network (GAN)-based
method to examine the spatial-temporal correlations of Real-Time Locational Marginal
Prices (RTLMPs) data. They employed a reconstructor to learn the spatial-temporal
correlations of the normal historical RTLMP data, and reconstruct the normal RTLMPs.
Through this reconstruction, they generated new labeled RTLMP data. They enhanced
the reconstructor through adversarial training by discriminator. Then they constructed
a detector to identify whether the RTLMPs are normal or compromised by the attackers.
However, they trained reconstructor with historical RTLMPs data, instead of knowledge
of the energy domain. Their proposed method classified RTLMPs data, instead of re-
gression. Rationale in support of the classification decision is also not explained to the
end-user. Almaraz-Rivera et al. [165] proposed an Intrusion Detection System (IDS)
to protect Internet of Things (IoT) networks from Distributed Denial-of-Service (DDoS)
attacks. Their proposed methodology generated synthetic images from flow-level IoT
traffic data. Then they conducted both supervised and self-supervised learning using
these images for three downstream tasks: attack detection, protocol classification, and
Open Systems Interconnection (OSI) layer identification. Using supervised learning, they
trained ResNet-34 architecture with images. As self-supervised learning, they employed
MoCo to learn from a large quantity of negative samples. They generated unlabeled
images through data augmentation incorporating random cropping, gaussian blur, and
horizontal flipping. Then they labeled these unlabeled images using contrastive learning
for visual representation. However, they used labeled IoT dataset to generate synthetic
images, and fine-tune the model. Knowledge of the DDoS attack domain was not utilized
to train their proposed model. Moreover, this study neither performs any regression nor
explains the classification output. Su et al. [166] proposed a novel malware detection
system by leveraging the advanced capabilities of Graph Neural Networks (GNNs) and
self-supervised learning. They employed GNNs to capture malicious activity of binary
files represented as graphs. To leverage unlabeled data, they adopted self-supervised
learning phase, consisting of data augmentation and contrastive loss. They implemented
the contrastive learning approach to learn detailed representations of benign and ma-
licious software. With this learned representation, their proposed system labeled the
unlabeled data of executable files as either malware or benign samples. However, GNN
does not consider the knowledge of malware domain. The proposed system also does not
explain the detection output. Huang et al. [167] proposed a new Self-Supervised Indoor
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Occupancy Estimation (SSIOE) algorithm to regress the continuous value of indoor oc-
cupancy ratio (0.0-1.0) based on real-time data of four different sensors. Based on the
physical interaction between the values of carbon dioxide (CO2) concentration sensor, and
power consumption sensor, they generated pseudo-labels as either high or low occupancy
state. Then they trained a neural network with these sparse labels to infer the continu-
ous occupancy ratio. They also integrated Model-Agnostic Meta-Learning (MAML) for
dynamic model updating. Finally, based on the estimated indoor occupancy ratio, they
built a dynamic control schedule to save energy. However, no knowledge of occupants’
behavioral pattern or energy domain is considered in this research. The model’s depen-
dence on hourly sensor data requires deployment and maintenance costs of sensor devices.
Moreover, rationale in support of the estimated indoor occupancy is not explained in this
research. Hsu et al. [168] proposed a new deep learning model Self-supervised APPliance
usage LEarning (SAPPLE) to learn when a user turns an appliance on, and location of
the appliance at home. SAPPLE took input from two home sensors: a smart energy
meter, and a motion sensor. They assigned labels to the unlabeled data of energy meter
and motion sensor by analyzing the relationship between energy signal and location data.
By learning the distribution of the residents’ locations from motion sensor, the model
detected the location of the appliance. They conducted the whole learning process in a
self-supervised manner, without any labeled data. However, SAPPLE does not consider
the knowledge of energy consumption pattern of appliance, and the residents’ behavioral
pattern. Moreover, no explanation is provided by SAPPLE in support of its output. Liu
et al. [169] proposed a novel Transformer-based Graph Patch Informer (GPI) model to
forecast renewable energy. This model has segment-wise self-attention, and graph at-
tention networks to capture the inter-temporal dependencies of continuous signals. As
training strategy, they employed self-supervised learning to enhance the representation
learning. Their proposed model learned representation from the look-back window of
historical data of renewable energy. With this representation, they labeled the unlabeled
data of renewable energy sources. Adverse impact of missing values was also addressed
by GPI. As input, time-series data of weather and meteorological variables were provided
to this model. As output, the model provided wind speed forecasting, wind power fore-
casting, solar radiation forecasting, and photovoltaic power forecasting. However, GPI
is trained with historical data, consisting of long look-back window size. Knowledge of
renewable energy domain is not considered by GPI to provide forecasting. Moreover,
GPI does not explain the reason behind its forecast.

To address the limitations of the aforementioned related works, this thesis proposes a
self-supervised explainable BRBES framework (Paper F). This framework conducts the
learning mechanism of BRBES without relying on any labeled data. Instead of labeled
data, this framework synthetically generates unlabeled data through augmentation with
proper diversity and density. It then assigns pseudo-labels to these unlabeled data with
BRBES in the pretext tasks. These pseudo-labeled data are then utilized by BRBES to
learn representation. Finally, this representation, fine-tuned with pseudo-labeled data,
is transferred to the downstream task to perform regression. Thus, by employing self-
supervised BRBES framework, this thesis eliminates the necessity of labeled data in the
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learning mechanism of BRBES. With this framework, RQ3 is answered by this thesis.
Downstream accuracy of this self-supervised framework is evaluated with a labeled test
dataset. Moreover, this framework addresses other shortcomings of the related works by
providing domain knowledge based regression and explanation (RQ1), while handling
data uncertainties (RQ2). We now summarize this chapter in the next sub-section.

2.3 Chapter Summary

In this chapter, different technologies related to the thesis topic were introduced. A
brief description of XAI was presented. In addition to it, BRBES, deep learning model,
semi-supervised learning, and self-supervised learning methods were introduced. Vari-
ous related research studies on XAI, prediction with AI, prediction from images, semi-
supervised learning, and self-supervised learning methods were presented in the later part
of the chapter. Conclusions and future work will be presented next.
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Chapter 3

Conclusions and Future Work

This chapter concludes the thesis and also indicates future research direction. The
conclusion is presented in light of the research questions mentioned in sub-section 1.3.

3.1 Conclusions

This thesis proposed a novel Explainable Artificial Intelligence (XAI) framework with
improved learning mechanisms. In light of the first research question mentioned in sub-
section 1.3, an explainable Belief Rule Based Expert System (eBRBES) framework was
proposed in this thesis to explain predictive output with domain knowledge. This frame-
work represented domain knowledge with rule base of Belief Rule Based Expert System
(BRBES). Thus, instead of post-hoc training dataset, this thesis explained predictive
output with domain knowledge. In addition to explanation, counterfactual was provided
in non-technical human language through an user interface. This counterfactual, pre-
pared from domain knowledge, enabled an user to understand how an opposite output
could have been achieved. Such explanation and counterfactual combinedly made the
predictive output trustworthy to a human user. To evaluate the balance between ex-
plainability and accuracy of an Artificial Intelligence (AI) model, this thesis proposed
Belief Rule Based adaptive Balance Determination (BRBaBD) algorithm. Results of
BRBaBD demonstrated higher optimal balance of BRBES between explainablity and
accuracy than state-of-the-art machine learning models.

The second research question concerned accuracy and robustness of BRBES, as well
as data uncertainty issues. An inaccurate output of an AI model will not be trustworthy
to a user, regardless of the quality of explanation. BRBES, being a knowledge-driven
approach, has lower accuracy than conventional data-driven machine learning models.
To improve the accuracy of BRBES, this thesis optimized both parameters and structure
of BRBES through evolutionary learning. As evolutionary learning, Joint Optimization
of Parameter and Structure (JOPS) algorithm was employed. To enhance robustness
of BRBES, this thesis dealt with multi-modal input data. For this purpose, Convolu-
tional Neural Network (CNN) was integrated with BRBES. This integrated model dealt
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with image data and numerical data with CNN and BRBES respectively. Moreover,
to perform deeper reasoning over higher number of antecedent attributes, a two-layer
BRBES was proposed. Data uncertainties issue is a severe factor which hampers the
prediction accuracy of any AI model. To handle such uncertainties, this thesis utilized
the distributed belief structure of the rule base and belief degree update mechanism of
BRBES.

The third research question was focused on addressing the shortage of labeled data
in the evolutionary learning of BRBES. Labeled data are required by JOPS algorithm to
conduct the learning mechanism of BRBES. However, such labeled data become scarce
due to cost and privacy issues. To overcome this scarcity of labeled data, this thesis pro-
posed semi-supervised explainable BRBES framework. As semi-supervised learning, self-
training model was employed. This framework synthetically generated unlabeled data
through augmentation and pseudo-labeled these unlabeled data with BRBES. These
pseudo-labeled data, along with limited labeled data, were utilized by this framework
to conduct the learning mechanism of BRBES. However, this framework learned repre-
sentation from limited labeled data before pseudo-labeling the unlabeled data. Hence,
to conduct this learning mechanism without any labeled data at all, this thesis pro-
posed self-supervised explainable BRBES framework. This framework pseudo-labeled
the augmented unlabeled data in the pretext task of self-supervised learning. Then the
BRBES component of this framework learned representation from these pseudo-labeled
data. This self-supervised BRBES, with fine-tuned representation, was transferred to the
downstream task to perform regression. With these semi-supervised and self-supervised
frameworks, this thesis improved the learning mechanism of BRBES.

Thus, in this thesis, a novel XAI framework with improved learning mechanisms was
proposed. A limitation of our research is the lack of a large scale real-time deployment
of an end-to-end system, consisting of BRBES and explanation interface, to predict
phenomena and explain the rationale. Future research direction of this thesis is presented
in the next sub-section.

3.2 Future Work

There are several directions for future research in order to advance the work presented
in this thesis. The following can be considered as the future of this research.

We plan to make BRBES more autonomous by eliminating the dependence on hu-
man expert to develop its initial rule base. For this purpose, we plan to incorporate
continuous and iterative learning from experience and feedback in BRBES. Such learn-
ing will enable BRBES to develop its initial rule base autonomously without any human
involvement. Moreover, in the conversational interface of XAI, two-way communication
between human and AI is of paramount importance. Hence, making the explanation
interface of eBRBES framework bidirectional will be an interesting piece of future work.
Such bidirectional interface will enable a human user to ask eBRBES framework sup-
plementary questions and seek advice. The usability of this explanation interface also
needs to be assessed by conducting a user survey. In addition to textual explanation,
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visual explanation can also be incorporated to enhance the intelligibility of explanation.
We plan to develop a novel metric to evaluate any XAI method. Such metric will con-
sider explanation, counterfactual, and accuracy level of the concerned XAI method. The
number of antecedent attributes, and the size of the rule base in BRBES are chosen
heuristically, which may not be the global best choice [170]. The same accuracy could
have been achieved even with a lower number of antecedent attributes or rules. In future,
an investigation needs to be carried out to reduce the size of the rule base to make our
model computationally more cost-effective, without sacrificing accuracy. Checking bias,
under-representation, fairness, and privacy in the rule base is also a point which merits
further investigation. Summary of this chapter is presented in the next sub-section.

3.3 Chapter Summary

This chapter concluded the thesis by highlighting the research carried out to answer the
research questions. Moreover, limitations and possible future work were discussed.
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