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Abstract: The rise of Al, especially in critical domains, has raised transparency and accountability concerns due to opaque black-box
algorithms. This article explores Explainable Al (XAl) and its application, focusing on Remote Sensing and Signal Processing. Al is
increasingly used in sectors like autonomous driving, healthcare, and finance, necessitating transparent decision-making. Opaque Al
models impact trust, bias, and accountability, driving the need for XAl. XAl provides insights into Al decision rationale, supported by
GDPR's right to explanations. In Reinforcement Learning (RL), XAl faces unique challenges due to RL's sequential nature and the lack of
human-labeled data. XAl methods include model interpretation, post-hoc explanations, interactive explanations, and hybrid approaches.
XAl categories include transparent models, opaque models, model-agnostic and model-specific approaches, explanation by simplification,
explanation by feature relevance, visual explanation, and local explanation. Applications span healthcare, criminal justice, natural language
processing, autonomous systems, agriculture, finance, computer vision, forecasting, remote sensing, social media, and transportation,
enhancing trust and fairness. Challenges in natural language generation involve evaluating, handling ambiguous language, constructing
narratives, and communicating data quality. This article highlights XAl's role in making Al transparent, addressing black-box algorithm

challenges, and fostering trust and accountability in Al decision-making.

Keywords: Artificial Intelligence, Natural Language Generation, Explainable Artificial Intelligence.

1. Introduction

Explainable Artificial Intelligence (XAIl) is emerging as a
pivotal domain within the broader field of Artificial
Intelligence (Al), addressing the inherent opacity and
complexity of Al systems. As Al technologies are
increasingly integrated into sensitive domains with
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significant societal and ethical implications, transparency,
trust, and accountability are paramount. Applications
ranging from autonomous driving to medical diagnosis and
business optimization underscore the urgency to decipher
the decision-making processes of Al systems [1]. While Al,
especially Machine Learning (ML), has showcased
remarkable capabilities, the inner workings of its black-box
algorithms remain elusive to both end-users and even some
data scientists.

The opacity of Al systems raises questions of trust, potential
bias, accountability, and comprehensibility. The challenge
arises because Al operates like a black box, especially
Machine Learning. Input data goes through a neural
network, yielding outputs without revealing the
intermediary step. The skepticism of transparency generates
skepticism when the Al produces unexpected outcomes.
Such mistrust can lead to rejecting Al's conclusions,
hampering its potential benefits.

Addressing this issue, Explainable Al (XAl) seeks to
illuminate the inner workings of Al algorithms, enabling
explanations for their decisions. XAl aims to foster trust,
debug biases, and enhance accountability by unveiling the
rationale behind Al's actions. Because the General Data
Protection Regulation of the European Union requires that
individuals have the right to explanations, the significance
of XAl is further highlighted [2].

XAl particularly gains significance in Reinforcement
Learning (RL), a branch of Al where agents learn optimal
actions through interactions with an environment. RL's
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dynamic nature and long sequences of actions intensify the
need for understandable explanations. Traditional Al
models often focus on text-style explanations or
visualizations, aiding human-understandable interpretation.
[3,4] Visualizations, such as "saliency maps," offer insights
into critical areas of input images influencing outcomes [5].
While previous reviews have explored XAl in broader ML
contexts, this work zooms in on RL due to its unique
challenges and potential advantages. RL's inherent
sequential nature necessitates explanations that encompass
sets of interrelated actions. The lack of human-labeled
training data in RL poses challenges in generating human-
readable explanations. Moreover, the corporate interests of
maintaining proprietary information and competitiveness
can hinder the development of transparent Al systems [6].

In the realm of providing eXplainable Artificial
Intelligence (XAIl) for Reinforcement Learning (RL),
notable challenges arise that stem from the nature of RL
itself. One prominent challenge pertains to the inherent
complexity of RL systems. Unlike conventional Machine
Learning (ML) techniques, where decisions are often
isolated or unrelated, RL involves a sequence of
interconnected choices made over time. This sequential
decision-making, often in real-time, demands explanations
encompassing a coherent set of actions connected by a
purposeful trajectory.

Another challenge emerges from the training paradigm of
RL agents. Typically, RL agents acquire knowledge through
interaction with their environment rather than being trained
on explicit datasets. This process relies on feedback loops
generated by environmental observations and actions.
Consequently, crafting human-readable explanations
becomes intricate. While the spaces of observations and
actions can be well-defined, the absence of human-labeled
training data that explicitly links actions and observations
complicates the task of generating meaningful and coherent
explanations [7]. Additionally, the pursuit of developing
transparent and explainable Al systems encounters further
complexities. The commercial interests of companies can
potentially clash with the goals of explainability. Striking a
balance between transparency and safeguarding proprietary
information becomes a delicate task. Companies may be
reluctant to expose intricate details that could reveal
strategic interests or sensitive information. Furthermore,
implementing XAl can entail additional costs in terms of
development efforts and potential trade-offs with
competitive advantage.

2. RELATED WORK

Reference

Relevant
Content

Literature Survey

Glass, A. et
al.

Explores trust in
adaptive agents
for XAIL

Trust is crucial in
the context of
adaptive agents.
Transparency and a
clear understanding
of agent behavior
contribute to
establishing trust in
Explainable Al

Anjomshoae,
S. etal.

Systematic
review on XAl
in autonomous
agents.

The purpose of this
comprehensive
literature review is
to shed light on the
ever-changing
environment of
explainable artificial
intelligence, with
particular focus on
its applications in
multiagent systems
and autonomous
agents.

Adadi, A. &
Berrada, M.

Survey on XAlI,
peeking inside
black-box
models.

Adadi and
Berrada's survey
delves into the
intricacies of
Explainable Al,
providing insights
into methods for
unveiling the black-
box nature of
machine learning
models.

Gilpin, L. H.
et al.

Overview of
machine learning
interpretability.

The paper
emphasizes the
significance of
interpretability,
shedding light on
the 'why' behind
machine learning
model decisions.

Rudin, C.

Advocates for
interpretable
models.

Rudin's work
underscores the
urgency of adopting
interpretable
models, particularly
in contexts where
high-stakes
decisions are made,
challenging the use
of black-box
models.
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Ali, S. et al.

XALI for
achieving
Trustworthy Al

The paper
navigates the
landscape of
Trustworthy Al,
highlighting the role
of Explainable Al in
building and
maintaining trust in
artificial
intelligence
systems.

Amann, J. et
al.

Multidisciplinary
perspective on
XAlin
healthcare.

Amann et al.'s work
delves into the
intricacies of
explainability in
healthcare Al,
addressing the
multidisciplinary
challenges and
emphasizing the
need for trust in
medical decision-
making.

Adebayo, J.
et al.

Sanity checks
for saliency
maps.

Adebayo et al.'s
work focuses on
sanity checks for
saliency maps,
ensuring their
robustness and
reliability in
interpreting deep
learning models.

Mohanty, S.
& Vyas, S.

Strategies for
businesses in the
age of AL

Mohanty and Vyas
provide strategic
insights for
businesses,
advocating the
adoption of
collaborative
human-machine
strategies to thrive
in the age of
artificial
intelligence.

Baker, B. et
al.

Emergent tool
use from multi-
agent auto
curricula.

Baker et al. delve
into the fascinating
realm of emergent
tool use,
highlighting the
autonomous
development of
tools in multi-agent
systems.

Pasquale's work
sheds light on the
secretive nature of
algorithms,
unraveling the
control they exert
over money and
information in

Exploration of
secretive
algorithms.

Pasquale, F.

society.

Carey explores the
legal dimensions of
data protection,
offering a practical
guide to the
complex landscape
of UK and EU laws
governing data
handling.

Legal aspects of

Carey, P. .
Y data protection.

3. Natural Language Generation

When writing explanations in natural language, it is
important to consider clarity, utilitarianism, and
accessibility. To ensure high-quality explanations, they
should be customized for specific objectives and audiences,
have a narrative structure, and address uncertainty and data
reliability [56]. According to, there are four major obstacles
to overcome to develop high-quality explanations:

1. Evaluation Challenge: There is a need for reliable and
cost-effective techniques to assess the quality of
explanations at different levels of rigor, such as scrutability
and trust. Automated evaluation measures for natural
language creation have been classified and revised to
address this challenge [57].

2.Challenge of Ambiguous Language: Although
qualitative, Ambiguous language can improve human
comprehension. However, ensuring that users understand
ambiguous  language  correctly and  preventing
misconceptions can be difficult. Ranking messages based on
user comfort with features and concepts can help address
this challenge. Additionally, using natural language and
appropriate terminology is essential [58].

3. Narrative Challenge: Teaching symbolic reasoning using
stories instead of statistics and probabilities is more
understandable. Developing algorithms for constructing
narrative justifications is crucial in addressing this challenge
[59].

4. Challenge of Communicating Data Quality: Techniques
are needed to alert consumers when data problems affect the
results. The dataset used in the Al system's development
will determine the justifications offered for its output and
findings. Data quality issues can be harmful, including bias,
incompleteness, and inaccuracy. The use of poor data during
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the training of Al systems can be seen in the outcomes. For
example, given the differences in their polluted
surroundings, an Al system created for forecasting lung
cancer risks based on American data might not produce an
accurate risk estimate for a resident of a South Asian country
[60].

Furthermore, in the specific context of Al systems
producing lengthy textual reports in medical fields, ensuring
that the generated reports resemble doctors' behavior and are
coherent is difficult. Transformer networks, such as
language model decoders, can be used to maintain word
relationships in longer sentences. Evaluating these
generated reports requires comparisons with reports
produced by humans. Still, removing unnecessary
information from human-generated reports before contrast
is important, as they are often free-text and not bound by
templates [61].

4. Taxonomy of eXplainable Artificial Intelligence
(XAI)

Within the literature, a range of terms exist to address the
challenge posed by the "black box" nature of certain Al,
ML, and DL models. The following distinctions are
notable:

» Transparency: Transparency signifies a model's inherent
potential for comprehensibility. In essence, it directly
contrasts the concept of a "black box" [8].

« Interpretability: This pertains to the ability to provide
human-readable explanations. The aim is to make complex
model decisions understandable for humans [9].

» Explainability: This involves creating a bridge between
humans and Al systems through explanations. It
encompasses Al systems that are accurate and easily
grasped by humans [9]. Explainability is a heavily debated
topic with far-reaching implications that extend beyond the
technical properties of Al. Even though research indicates
that Al algorithms can outperform humans in certain
analytical tasks (e.g., pattern recognition in imaging), the
lack of explainability has been criticized in the medical
domain [12].

To contribute to the discourse on explainable Al in
medicine, this paper draws attention to the interdisciplinary
nature of explainability and its implications for the future of
healthcare.

There are several methods for achieving XAl, including [11]

1. Model interpretation involves analyzing the internal
workings of an Al model to understand how it makes
decisions.

2. Post-hoc explanation: Explaining how the Al model has
decided.

3. Interactive explanation: This involves allowing humans

to interact with the Al model to understand how it makes
decisions.

4. Hybrid explanation: This involves combining multiple
methods to achieve XAl.

While these terms share semantic similarities, they delineate
different levels of Al's acceptability to humans. A more
detailed ontology and taxonomy of eXplainable Al (XAl) at
a broader level can be outlined as follows:

» Transparent Model: Typical transparent models include
k-nearest neighbors (kNN), decision trees, rule-based
learning, Bayesian networks, and similar models. The
decisions from these models are usually transparent, but
transparency alone doesn't guarantee ready explainability
[13].

* Opaque Model: Opagque models encompass random
forests, neural networks, SVMs, etc. Despite high accuracy,
these models lack transparency [14].

* Model Agnostic: Model-agnostic XAl approaches are
designed for broad applicability. They remain adaptable
without depending on a model's inherent architecture,
functioning by relating input to output [15].

» Model-Specific: Model-specific XAl approaches target
specific models to bring transparency to particular types.

» Explanation by Simplification: This approach simplifies
a model via approximation, creating alternative models to
elucidate predictions. For instance, a linear model or
decision tree could be built around complex predictions for
explanation [17].

Explanation by Feature Relevance: This approach evaluates
a feature based on its contribution to a model's decision,
considering all possible combinations [18] [37].

* Visual Explanation: This type of XAl leverages
visualization for interpreting predictions or decisions from
input data [19].

» Local Explanation: Local explanations approximate a
model within a specific area, offering insight into its
operation for similar inputs [20].

The ML literature predominantly employs "interpretability"”
over "explainability." However, assert that interpretability
does not address all issues with understanding "black-box"
models. Explainability is crucial to garnering user trust and
meaningful insights into such approaches' causes,
rationales, and decisions. While explainable models are
inherently interpretable, the reverse is not universally true
[21]. The existing literature categorizes XAl taxonomy
based on:
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1. Scope (local and global)- XAl can be categorized based
on the scope of explanation, which can be local or global.

Local Explanations: Local explanations focus on providing
insights into specific model predictions. They answer
questions like, "Why did the Al classify this image as a cat?"
Local explanations are valuable for understanding
individual model decisions.

Global Explanations: Global explanations, on the other
hand, aim to provide a holistic view of how an Al model
operates. They answer questions like, "What are the key
features that influence this model's overall behavior?"
Global explanations help comprehend the model's
functioning as a whole [22, 62, 63, 64].

2. Usage (post hoc and intrinsic to model architecture) -
Another way to categorize XAl is based on when and how
explanations are generated, which can be post hoc or
intrinsic to model architecture.

Post Hoc Explanations: Post hoc explanations are
generated after the Al model has been decided. They are like
retroactive insights into why a specific outcome occurred.
Techniques like LIME (Local Interpretable Model-Agnostic
Explanations) fall into this category. Post hoc explanations
are valuable for understanding the "black box" after the
fact.

Intrinsic Explanations: Intrinsic explanations are integrated
into the model's architecture and are generated
simultaneously with predictions. Intrinsic XAl methods aim
to build models that inherently provide explanations as they
operate. While these methods are relatively newer and more
challenging to develop, they promise real-time
interpretability. [65, 66, 67]

3. Methodology (focused on features or model parameters)
- Lastly, XAl can be categorized based on the methodology
employed, which can focus on features or model
parameters.

Feature-Based Explanations: Feature-based XAl methods
explain the role and importance of input features. They aim
to identify which input features influenced a particular
prediction. Feature attribution methods like SHAP (Shapley
Additive exPlanations) fall into this category. These
methods are widely used to understand image classification,
natural language processing, and more.

Model Parameter-Based Explanations: Model parameter-
based explanations delve into the inner workings of the Al
model itself. They focus on how the model's parameters and
internal structures contribute to its decisions. Understanding
these aspects can be crucial for experts fine-tuning models
or diagnosing issues [22, 68].

Acknowledging the escalating significance of this topic,
NIST published Four Principles of XAl in August 2020.
These principles define the fundamental characteristics that

an Al system must uphold to qualify as XAl: [23]

1. Explanation: The Al system must furnish evidence,
support, or reasoning for each decision.

2. Meaningful: The explanation must be intelligible and
pertinent to users, catering to user groups' diverse
characteristics and requirements.

3. Accuracy: The explanation must precisely reflect the
system'’s processes.

4. Knowledge Limits: The Al system must identify cases
beyond its design scope, whose answers may be unreliable.

NIST's publication of the Four Principles of XAl has
profoundly impacted the Al community. It has been a
guideline for researchers, developers, and policymakers
working to make Al systems more transparent and
accountable.

Table 1: Methods for eXplainable Artificial Intelligence
(XAl

Name of the References

method

Description

Features-Oriented Methods

Shapley A game-theoretic [24]
Additive approach representing
exPlanation features as players in a
(SHAP) coalition game.
Computes Shapley
values to measure
feature contributions.
Allows consistent
local and global
interpretations.
Class Applied to CNNS. [25]
Activation Represents the per-

Maps (CAMs) class weighted linear
sum of visual patterns.
Highlights influential
areas in images
through heatmap
representation.
Generalizes CAM to
arbitrary CNN
architectures without
retraining. Computes

Gradient-
weighted Class
Activation
Mapping
(Grad-CAM)

[26] [27]

importance score
based on gradients.
Produces coarse-
grained
visualizations.
Global Methods
Explains neural [28]
network predictions

Global
Attribution

across subpopulations.
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Mappings Utilizes rank distance
(GAMs) matrix and clustering
algorithm to group
local feature
importances into
clusters.
Gradient- Visualizes absolute [29]
based Saliency | gradient values of the
Maps majority predicted
class. Highlights
influential areas in
images.
Deep Attribute Multiplies output [30]
Maps gradient with
respective input for
heatmap explanation.
Indicates positive and
negative contributions
to output decisions.
Sensitive to noisy
gradients and input
variations.
Concept Models
Concept Maps human [31]
Activation understandable
Vectors features to neural
(CAVs) network's latent
features. Represents
the degree of abstract
features pointing
towards chosen
concepts.
Automatic Extracts CAVs [32]
Concept-based | automatically without
Explanations human bias.
Surrogate Models
Local Trains interpretable [33]
Interpretable surrogate model to
Model- explain global "black
Agnostic box" model
Explanations predictions. Divides
(LIME) input image into
patches for local
model training.
Local, Pixel-based Methods
Layer-wise Uses predefined rules [34]
Relevance to explain multilayered
Propagation neural network's
(LRP) output with heatmap.
Highlights pixels
contributing to the
model's prediction.
DeconvNet Utilizes semantic [35]

segmentation to learn

deconvolution network
and provide pixel
contribution insights
during classification.
Human-Centric Methods

Human- Considers [36]
Centric explainability as a
Approach human-centric

phenomenon. Focuses
on human reasoning,
associations, and
analogies, unlike
statistical methods.

These methods span various categories and approaches to
enhance the explainability of Al models. They offer insights
into feature contributions, pixel influence, and global
attributions. However, they differ in their effectiveness and
ability to provide human-understandable explanations. A
human-centric approach bridges the gap between Al and
human reasoning, emphasizing similarity and associations.

5. Conclusion

In conclusion, the evolution of Explainable Artificial
Intelligence (XAIl) emerges as a critical response to the
inherent opacity of Al systems, particularly in domains with
significant societal impact. Despite the hurdles presented by
RL's complex nature and companies' intrinsic reluctance to
disclose proprietary information, the article highlights the
importance of balancing transparency and competitive
interests. Additionally, the discussion extends to the
challenges and considerations in natural language
generation for Al explanations, emphasizing the importance
of clarity, utility, and accessibility. Overall, the integration
of XAl addresses the challenges of black-box algorithms
and lays the foundation for responsible and trustworthy Al
systems in an increasingly interconnected world.
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