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Abstract 

The rapid advancement of AI-driven robotic systems has introduced significant 

challenges related to transparency and trust, particularly in safety-critical applications. 

This review paper critically examines the current approaches to Explainable AI (xAI) 

in robotics, emphasizing the inherent trade-offs between performance and 

transparency. While high-performance AI models are essential for complex robotic 

tasks, their opacity often undermines trust and limits adoption. To address this, the 

paper proposes a comprehensive framework for implementing xAI in robotics, 

including strategies such as modular architecture, hybrid models, and human-centered 

design. The paper also discusses key design considerations and evaluation metrics that 

ensure a balance between interpretability and operational effectiveness. Finally, the 

paper reflects on the implications of these strategies for the future of robotics. It 

suggests avenues for further research to enhance the integration of xAI, aiming to 

create more trustworthy and reliable robotic systems. 
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1. Introduction 

The integration of Artificial Intelligence (AI) into robotic systems has revolutionized various industries, ranging from healthcare 

and manufacturing to autonomous vehicles and military applications (Rashid, Kausik, Al Hassan Sunny, & Bappy, 2023). AI-

driven robotics can perform complex tasks with high autonomy, efficiency, and precision. However, despite these advancements, 

one of the critical challenges hindering the widespread adoption of AI in robotics, particularly in safety-critical applications, is 

the lack of transparency in decision-making processes. The opaque nature of AI models, especially those based on deep learning, 

creates a "black box" effect, where even the developers and operators of these systems may not fully understand how decisions 

are made. This lack of transparency raises significant safety, reliability, and accountability concerns (Taj & Zaman, 2022). 

In safety-critical domains such as healthcare, autonomous driving, and military operations, erroneous decisions can be 

catastrophic, leading to loss of life, severe injury, or substantial financial and reputational damage. For instance, in the case of 

autonomous vehicles, an AI system's inability to explain its decision-making process can result in a loss of trust among users, 

regulators, and the general public (Avraham & Porat, 2023). Similarly, in healthcare, a robot-assisted surgery system that cannot 

provide a rationale for its actions may face resistance from medical professionals and patients alike. Therefore, transparency in 

AI-driven robotic systems is not merely a technical requirement but a fundamental prerequisite for building trust, ensuring safety, 

and facilitating broader adoption in critical applications (Alzubaidi et al, 2023). 

The primary objective of this paper is to critically review the current approaches to Explainable AI (xAI) in robotics and to 

propose implementation strategies that balance performance with transparency. Explainable AI refers to a set of methodologies 

and techniques that make the decision-making processes of AI models more understandable to humans. In robotics, xAI aims to  
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elucidate how and why a robotic system arrives at a particular 

decision or action, enhancing interpretability and 

trustworthiness. However, the pursuit of explain ability often 

comes at the cost of performance, as more interpretable 

models tend to be less complex and, consequently, less 

powerful than their opaque counterparts. 

This paper will explore the delicate trade-offs between 

performance and transparency in AI-driven robotic systems. 

It will examine whether achieving a balance that allows for 

high-performing yet interpretable models is possible or if 

compromises must be made in one area to enhance the other. 

By analyzing existing xAI techniques and their application in 

robotics, this paper seeks to identify gaps in current 

methodologies and offer practical strategies for improving 

both the transparency and effectiveness of AI in robotic 

systems. Ultimately, the paper aims to contribute to 

developing more interpretable and trustworthy robotic 

systems, which are essential for their safe deployment in 

critical real-world applications. 

 

2. Current approaches to explainable ai in robotics 

2.1 Overview of explainable AI 

Explainable AI (xAI) represents a critical frontier in the 

development of artificial intelligence, especially within 

robotics. xAI encompasses a range of techniques and 

methodologies designed to make AI systems more 

interpretable, allowing human users to understand and trust 

the decisions made by these systems (Tjoa & Guan, 2020). 

The need for explainability becomes particularly acute in 

robotics, where AI-driven systems are often deployed in 

complex, dynamic environments. Robots are increasingly 

tasked with making autonomous decisions that can have 

significant consequences—whether in healthcare, 

autonomous driving, manufacturing, or military operations. 

As such, the ability to explain how and why a robot arrived 

at a specific decision is crucial for ensuring safety, 

accountability, and user trust (Saeed & Omlin, 2023). 

The principles of xAI are grounded in the idea that AI 

systems should not be "black boxes." However, they should 

instead provide insights into their decision-making processes. 

The goals of xAI in robotics include enhancing transparency, 

improving user trust, and enabling better oversight of AI-

driven decisions (Chamola et al, 2023). This is particularly 

important in applications where errors could lead to harmful 

outcomes, as an explainable system can provide justifications 

for its actions, making it easier to identify and correct 

potential flaws. Additionally, explainability facilitates 

compliance with regulatory requirements and ethical 

standards, which are becoming increasingly stringent as AI 

systems become more pervasive (Díaz-Rodríguez et al, 

2023). 

 

2.2 Techniques and methods 

Several techniques and methods have been developed to 

achieve explainability in AI systems, and many of these have 

been adapted for use in robotics. One of the most common 

approaches is model interpretability, which involves 

designing AI models to make their internal workings 

understandable to humans (Hong, Hullman, & Bertini, 2020). 

For example, decision trees and rule-based systems are 

inherently interpretable because they allow users to trace the 

decision-making path from inputs to outputs. However, these 

models are often too simplistic to handle the complexities of 

real-world robotic tasks, leading researchers to explore more 

sophisticated techniques. 

Feature importance is another widely used technique in xAI. 

This method identifies which features (or inputs) are most 

influential in determining the output of an AI model. In 

robotics, this could involve determining which sensor 

readings or environmental cues are most critical in guiding a 

robot's actions. Tools like SHAP (SHapley Additive 

exPlanations) and LIME (Local Interpretable Model-agnostic 

Explanations) have been developed to assess feature 

importance in complex models, including those used in 

robotics (Brdnik, Podgorelec, & Šumak, 2023; Dwivedi et al, 

2023). 

Saliency maps are another popular technique integral to many 

robotic systems, particularly in computer vision. A saliency 

map highlights areas of an image that are most influential in 

the decision-making process of a model. For instance, in a 

robot designed for object detection and manipulation, a 

saliency map can reveal which parts of the visual input the 

model focuses on when identifying objects. This can help 

operators understand and trust the robot's decisions, as they 

can see what it "sees" and why it makes certain choices 

(Gupta, Seal, Prasad, & Khanna, 2020). 

Post-hoc explanations are also crucial in xAI, particularly for 

inherently opaque models, such as deep neural networks. 

Post-hoc techniques provide explanations after a decision has 

been made rather than embedding interpretability directly 

into the model. For example, one might use a simpler, 

interpretable model to approximate the behavior of a complex 

neural network, thereby providing insights into how the 

original model functions. In robotics, this approach can be 

useful for understanding decisions made by autonomous 

systems operating in real-time and unpredictable 

environments (Kenny & Keane, 2021). Additionally, 

explainability frameworks have been proposed to incorporate 

xAI techniques into robotic systems systematically. These 

frameworks provide a structured approach to building, 

testing, and deploying explainable robotic systems, ensuring 

transparency throughout the development lifecycle. For 

instance, the XRL (eXplainable Reinforcement Learning) 

framework integrates explainability into the reinforcement 

learning process. It is commonly used in robotics to enable 

robots to learn from their environment and improve their 

performance over time. By incorporating xAI techniques at 

each stage of learning, such frameworks help ensure that the 

resulting models are both effective and interpretable 

(Dazeley, Vamplew, & Cruz, 2023). 

 

2.3 Challenges and limitations 

Despite the progress in xAI, several challenges and 

limitations persist, particularly in robotics. One of the 

primary challenges is the trade-off between model 

complexity and explainability. More complex models, such 

as deep neural networks, tend to be more accurate and 

capable of handling the intricate tasks required in robotics. 

However, these models are often less interpretable, making 

understanding how they arrive at their decisions difficult. 

Simplifying the model to enhance interpretability can lead to 

a loss of performance, which is problematic in applications 

where precision and reliability are critical. 

Another significant challenge is the dynamic and 

unpredictable nature of robotic environments. Robots often 

operate in real-world settings where conditions can change 

rapidly and unexpectedly. Ensuring that AI models can 

explain their decisions in such environments is difficult, as 
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the explanations must account for a wide range of variables 

and potential scenarios. This complexity can make it 

challenging to generate accurate and comprehensible 

explanations to human users. The real-time requirements of 

many robotic systems also pose a limitation for xAI. Robots 

often must make decisions in milliseconds, leaving little time 

to generate detailed explanations. This necessitates the 

development of xAI techniques that can operate efficiently 

within strict time constraints without compromising the 

quality of the explanations provided (Kumar, Rajesh, 

Ramachandran, & Gupta, 2022). 

Moreover, there is a lack of standardized evaluation metrics 

for xAI in robotics. While various techniques have been 

proposed, there is no consensus on how to measure the 

effectiveness of these techniques in improving transparency 

and trust. This lack of standardization makes it difficult to 

compare different approaches and to determine which 

methods are most suitable for specific robotic applications 

(Abhilashi, Singh, & Patil, 2023). Finally, the context-

specific nature of explanations adds another layer of 

complexity. What constitutes a satisfactory explanation can 

vary significantly depending on the user's expertise, the 

specific application, and the level of risk involved. For 

example, a detailed technical explanation may be necessary 

for engineers but too complex for end-users or non-

specialists. Developing xAI techniques that can tailor 

explanations to different audiences without losing accuracy 

is an ongoing challenge (Saeed & Omlin, 2023). 

 

3. Trade-offs between performance and transparency 

3.1 Performance vs. explainability 

The trade-off between performance and explainability is a 

central challenge in designing and deploying AI-driven 

robotic systems. High-performing AI models, particularly 

those based on deep learning and other complex algorithms, 

are often characterized by their ability to process vast 

amounts of data and make decisions with remarkable 

accuracy. However, the complexity that enables these models 

to achieve such high performance makes them less 

interpretable, turning them into "black boxes" whose 

decision-making processes are difficult to understand, even 

for experts. On the other hand, models that prioritize 

explainability, such as simpler rule-based systems or decision 

trees, tend to be more transparent but may sacrifice accuracy 

and robustness, particularly in complex or unpredictable 

environments (Linardatos, Papastefanopoulos, & Kotsiantis, 

2020). 

In robotics, this trade-off is particularly significant due to the 

nature of the tasks these systems are expected to perform. For 

instance, in autonomous vehicles, AI systems must process 

real-time data from multiple sensors, make split-second 

decisions, and navigate through dynamic environments with 

high levels of uncertainty. Deep learning models are well-

suited to this task because of their ability to learn from large 

datasets and make precise decisions in complex situations. 

However, the lack of transparency in these models poses a 

risk. Suppose the system makes an unexpected or incorrect 

decision. In that case, it can be challenging to understand why 

this happened, making it difficult to prevent similar errors in 

the future (Tofangchi, Hanelt, Marz, & Kolbe, 2021; 

Williams & Yampolskiy, 2021). 

Conversely, suppose a robotic system is designed with 

simpler, more interpretable models. In that case, its decisions 

can be easily traced and understood. However, these models 

might not be able to handle the same level of complexity or 

make decisions with the same speed and accuracy as more 

sophisticated models. This can lead to suboptimal 

performance, particularly in scenarios where the robot must 

operate autonomously and handle a wide range of tasks 

without human intervention. Thus, designers and engineers 

must carefully consider the specific requirements of the 

application when deciding how to balance performance and 

explainability in their systems (Arnold, Kasenberg, & 

Scheutz, 2021). 

 

3.2 Impact on safety and trust 

The trade-offs between performance and explainability have 

profound implications for safety and trust in robotic systems, 

particularly in safety-critical applications where the 

consequences of failure can be severe. In such contexts, 

understanding and trusting the decisions made by AI-driven 

robots is paramount. For example, robotic systems are 

increasingly used in surgeries, diagnostics, and patient care 

in healthcare. Suppose a robot makes a decision that affects a 

patient's treatment. In that case, medical professionals must 

understand the reasoning behind that decision. A lack of 

transparency can lead to mistrust and reluctance to adopt 

robotic systems, even if they offer superior performance in 

terms of speed and accuracy (Vorm & Combs, 2022). 

Similarly, the trade-off between performance and 

explainability in autonomous vehicles directly impacts public 

safety and trust. Autonomous vehicles rely on AI to interpret 

sensor data, predict the behavior of other road users, and 

make real-time driving decisions. While high-performance 

AI models can significantly reduce the likelihood of 

accidents, the opacity of these models means that when 

accidents occur, it can be difficult to determine the cause. 

This not only complicates the process of assigning liability 

but also undermines public trust in autonomous driving 

technology. Users and regulators are more likely to accept 

and trust autonomous vehicles if they understand how they 

make decisions, particularly in critical situations. 

Moreover, the lack of explainability in high-performance 

models can hinder the development of safety regulations and 

standards. Regulators must understand how AI-driven 

robotic systems function to establish guidelines ensuring their 

safe deployment. If these systems' decision-making processes 

are opaque, assessing their safety and efficacy becomes 

challenging. This can lead to delays in the approval and 

adoption of new technologies, limiting the potential benefits 

of AI in robotics. The impact on trust is not limited to end-

users and regulators but also extends to developers and 

operators of robotic systems. Engineers need to be able to 

diagnose and fix issues when they arise, and this is far more 

difficult when the AI models in use are not interpretable. 

Identifying and rectifying errors becomes time-consuming 

and complex without explaining a robot's actions. This can 

lead to operational inefficiencies and increase the risk of 

errors, eroding trust in the technology (Fisher et al, 2021). 

 

3.3 Examples and analysis 

Various approaches have been developed to address the 

trade-offs between performance and transparency, each with 

strengths and weaknesses. One common strategy is to use 

hybrid models that combine interpretable components with 

high-performance machine learning techniques. For instance, 

a robot might use a rule-based system to handle routine tasks 

where transparency is crucial while relying on a deep learning 
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model for more complex tasks that require higher 

performance. This approach allows developers to balance the 

need for explainability in certain contexts with the need for 

high performance in others. However, integrating different 

types of models can be challenging, and ensuring smooth 

transitions between them can add complexity to the system 

(Masís, 2021). 

Another approach involves using post-hoc explanation 

techniques, which explain the decisions made by complex 

models after the fact. Techniques such as Local Interpretable 

Model-agnostic Explanations (LIME) and SHapley Additive 

exPlanations (SHAP) are commonly used to generate human-

readable explanations for the outputs of deep learning 

models. These methods allow developers and users to 

understand how the model arrived at a particular decision, 

even if it is not inherently interpretable. While post-hoc 

explanations can enhance transparency, they do not 

fundamentally alter the opacity of the underlying model, and 

there is always the risk that the explanations provided may 

not fully capture the model's decision-making process 

(Dwivedi et al, 2023; Zafar & Khan, 2021). 

Sometimes, efforts are made to simplify complex models 

without significantly compromising performance. For 

example, techniques such as model pruning, which removes 

unnecessary parameters from a deep learning model, can 

make the model more interpretable while maintaining high 

accuracy. Similarly, distillation methods involve training a 

simpler model to mimic the behavior of a more complex 

model. The simpler model, which is easier to interpret, can 

then be used to generate explanations for the decisions made 

by the more complex model. These approaches can be 

effective, but they often involve a trade-off between the 

degree of simplification and the retention of the model's 

original performance (Yeom et al, 2021). 

Explainability frameworks also play a crucial role in 

balancing performance and transparency. For instance, using 

reinforcement learning in robotics often involves complex 

decision-making processes that are difficult to explain. 

However, developers can create models that offer a better 

balance between performance and transparency by 

incorporating explainability into the reinforcement learning 

framework itself—such as through interpretable reward 

structures or the integration of human-in-the-loop systems. 

These frameworks help ensure that robots can learn from 

their environment in a way that is both effective and 

understandable to humans (Sado, Loo, Liew, Kerzel, & 

Wermter, 2023; Zelvelder, Westberg, & Främling, 2021). 

 

4. Implementation strategies for balancing performance 

and transparency 

4.1 Framework for implementation 

Implementing Explainable AI (xAI) in robotics necessitates 

a well-structured framework that balances the need for high 

performance with the demand for transparency. The 

complexity of robotic systems, combined with the often-

critical nature of their applications, makes it essential to 

design AI models that are both effective and interpretable. 

Therefore, a robust implementation framework should 

include several key components: an iterative development 

process, modular architecture, and human-centered design 

(Liao & Varshney, 2021). 

The iterative development process involves continuously 

refining AI models through development, testing, and 

feedback cycles. This approach ensures that performance and 

transparency are incrementally improved with each iteration. 

The process begins with developing a baseline model that 

prioritizes either performance or transparency, depending on 

the specific application. As the model is tested in real-world 

conditions, feedback is gathered from various stakeholders, 

including developers, end-users, and regulators. This 

feedback is then used to adjust the model, improving 

transparency without significantly compromising 

performance. Over time, this iterative approach helps balance 

these two often competing objectives (Haakman, Cruz, 

Huijgens, & Van Deursen, 2021). 

A modular architecture is also critical to this framework. By 

designing robotic systems with modular AI components, 

developers can isolate different functionalities—perception, 

decision-making, and action execution—and apply xAI 

techniques where they are most needed. For instance, a 

robot's perception module might use deep learning models for 

high performance. In contrast, its decision-making module 

could incorporate rule-based systems or other interpretable 

models to enhance transparency. This modular approach 

allows for flexibility in balancing performance and 

transparency across different parts of the system, ensuring 

that critical decisions are understandable without 

compromising the overall effectiveness of the robot (Sado et 

al, 2023; Vice & Khan, 2022). 

Human-centered design is the third key component of the 

implementation framework. This approach emphasizes the 

importance of considering the needs and expectations of end-

users throughout the design process. By involving users in the 

development of xAI systems, developers can ensure that the 

explanations provided by the AI are meaningful and relevant 

to those who interact with the robot. This might involve 

tailoring explanations to the user's level of expertise and 

providing more detailed information to technical users while 

offering simpler, more intuitive explanations to non-experts. 

Human-centered design improves the usability of robotic 

systems and fosters trust by ensuring that users feel confident 

in the robot's decisions (Göttgens & Oertelt-Prigione, 2021; 

Sanneman & Shah, 2022). 

 

4.2 Design Considerations 

When integrating xAI techniques into robotic systems, 

several design considerations and best practices must be 

considered to maintain high performance. One of the most 

important considerations is the selection of appropriate xAI 

techniques based on the specific application and the nature of 

the tasks the robot will perform. For instance, in applications 

where real-time decision-making is critical, such as 

autonomous driving or emergency response, it may be 

necessary to prioritize performance while using lightweight 

xAI techniques that provide quick, albeit less detailed, 

explanations. On the other hand, in contexts where 

understanding the decision-making process is more important 

than speed—such as in medical diagnostics—more 

comprehensive xAI techniques, such as model 

interpretability methods or post-hoc explanations, might be 

preferred (Islam, Ahmed, Barua, & Begum, 2022). 

Another key design consideration is the complexity of the AI 

model. While more complex models offer better 

performance, they are also more challenging to explain. 

Developers should, therefore, aim to simplify models where 

possible without sacrificing the necessary level of 

performance. Techniques such as pruning, where 

unnecessary parameters are removed from a model, or 
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distillation, where a simpler model is trained to replicate the 

behavior of a more complex one, can help achieve this 

balance. Additionally, combining different models—such as 

using an interpretable model for high-stakes decisions and a 

more complex model for routine tasks—can allow for high 

performance and transparency within the same system 

(Hoefler, Alistarh, Ben-Nun, Dryden, & Peste, 2021). 

The integration of user feedback is another critical 

consideration. Throughout the design process, developers 

should actively seek input from users to understand their 

needs and preferences regarding transparency. This feedback 

can guide the selection and refinement of xAI techniques, 

ensuring that the explanations provided by the system are 

aligned with user expectations. Moreover, incorporating user 

feedback into the iterative development process can help 

identify areas where the model's transparency might be 

improved without detracting from its performance (Springer 

& Whittaker, 2020). 

Finally, developers should consider the context in which the 

robotic system will be deployed. Different environments and 

use cases may require different approaches to balancing 

performance and transparency. For example, a robot 

operating in a controlled industrial setting might prioritize 

performance with minimal need for transparency, as its 

actions are closely monitored and predictable. Conversely, a 

robot in a public space, interacting with a diverse range of 

people, may need to prioritize transparency to gain trust and 

ensure safe interactions. By carefully considering the 

deployment context, developers can make informed 

decisions about integrating xAI techniques into their systems 

(Asatiani et al, 2021). 

 

4.3 Evaluation Metrics 

To effectively balance performance and transparency in xAI 

implementations, it is essential to establish clear metrics for 

evaluating the success of these efforts. These metrics should 

assess both the interpretability of the AI model and its 

operational performance, providing a comprehensive view of 

the system's overall effectiveness. One of the primary metrics 

for evaluating interpretability is explanation fidelity. This 

metric assesses how accurately the explanations of the xAI 

techniques reflect the AI model's underlying decision-making 

process. High explanation fidelity ensures that the 

explanations are understandable and truthful representations 

of the model's operations. This metric can be measured by 

comparing the outcomes of the original model with those of 

a simplified, interpretable model designed to mimic its 

behavior. The closer the two models' outputs, the higher the 

fidelity of the explanation (Stevens & De Smedt, 2024). 

User satisfaction is another crucial metric for assessing 

interpretability. This involves gathering feedback from end-

users regarding the clarity and usefulness of the explanations 

provided by the robot. Surveys, interviews, and usability 

testing can all be used to gauge how well users understand 

the robot's decisions and whether they trust the system as a 

result. High user satisfaction indicates that the xAI techniques 

have been successfully implemented and the system is 

transparent and trustworthy (Brdnik et al, 2023). 

In terms of operational performance, accuracy and efficiency 

remain the primary metrics. Accuracy measures how well the 

AI model performs its intended tasks. At the same time, 

efficiency assesses the speed and resource usage of the 

model. It is essential to monitor these metrics to ensure that 

efforts to improve transparency do not significantly degrade 

the robot's performance. In applications where real-time 

decision-making is critical, efficiency may take on added 

importance, with developers needing to balance providing 

explanations and maintaining quick response times (Baccour 

et al, 2022). 

Another important performance-related metric is robustness, 

which evaluates the AI model's ability to perform reliably 

under varying conditions. A robust model should maintain 

accuracy and efficiency even when faced with unexpected 

inputs or environmental changes. Ensuring that xAI 

techniques do not compromise the robustness of the model is 

crucial, especially in safety-critical applications where 

consistent performance is vital (Chander, John, Warrier, & 

Gopalakrishnan, 2024). Finally, compliance with regulatory 

standards can serve as an indirect metric for evaluating 

performance and transparency. Many industries, particularly 

those involving safety-critical applications like healthcare or 

autonomous driving, have specific regulations that dictate the 

level of transparency required for AI systems. Ensuring that 

the robotic system meets these regulatory requirements 

enhances trust and safety and demonstrates that the system 

has successfully balanced performance with transparency 

(Liu, 2023; Topcu et al, 2020). 

 

5. Conclusion and future directions 

5.1 Conclusion  

This paper has critically examined the intersection of 

Explainable AI (xAI) and robotics, highlighting the ongoing 

challenges and trade-offs between performance and 

transparency in AI-driven robotic systems. The review of 

current xAI approaches revealed that while significant 

progress has been made in developing techniques that 

enhance the interpretability of AI models, achieving a 

balance between high performance and transparency remains 

a complex task. Strategies such as modular architecture, 

hybrid models, and post-hoc explanation techniques were 

identified as effective methods for integrating xAI into 

robotic systems. Furthermore, the importance of an iterative 

development process, human-centered design, and robust 

evaluation metrics was emphasized to ensure that AI-driven 

robots are effective and understandable. 

The findings of this paper have significant implications for 

the field of robotics, especially in safety-critical applications 

such as healthcare, autonomous driving, and industrial 

automation. The balance between performance and 

transparency is not just a technical challenge but also a 

critical factor in end-users and regulators' adoption and trust 

of robotic systems. As robots increasingly perform complex 

and autonomous tasks, the need for transparency becomes 

more pressing. Users must be able to trust these systems, 

particularly when their safety is at stake. By implementing 

xAI techniques, developers can create robotic systems that 

are capable of high performance and provide clear and 

understandable explanations for their actions, thus enhancing 

user trust and facilitating wider adoption in critical 

applications. 

Moreover, the emphasis on human-centered design within the 

proposed implementation strategies reflects a shift towards 

more user-friendly robotic systems. By tailoring explanations 

to the needs and expertise of different users, robotic systems 

can become more accessible and less intimidating, 

encouraging broader acceptance across various sectors. 

Additionally, the integration of xAI will likely influence the 

development of industry standards and regulations, which 
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increasingly require AI systems to be transparent and 

accountable. Therefore, the strategies proposed in this paper 

address the current technical challenges and align with the 

broader trend toward responsible and ethical AI in robotics. 

 

5.2 Future research directions 

While the proposed strategies offer a roadmap for integrating 

xAI into robotic systems, there are still several areas where 

further research is needed to address existing limitations and 

explore new approaches. One important area for future 

research is the development of more sophisticated hybrid 

models that seamlessly integrate high-performance and 

interpretable components. These models could leverage 

advancements in machine learning, such as reinforcement 

learning combined with interpretable decision trees, to create 

powerful and transparent systems. 

Another promising avenue for research is the exploration of 

real-time xAI techniques that can provide explanations as the 

robot operates rather than after decisions have been made. 

This would be particularly useful in dynamic environments 

where real-time decision-making is crucial, such as 

autonomous vehicles or emergency response robots. 

Developing such techniques would require advancements in 

computational efficiency to ensure that explanations do not 

slow down the robot's operations. 

Finally, research should also focus on the user experience of 

xAI in robotics. Understanding how users perceive and 

interact with AI-driven robots and what types of explanations 

are most effective in building trust will be crucial for refining 

xAI techniques. This could involve interdisciplinary studies 

that combine insights from psychology, human-computer 

interaction, and AI, aiming to develop more intuitive and 

user-friendly interfaces for robotic systems. 
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