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Abstract: There is potential to enhance surgical decision support, robotic accuracy, and clinical 

dependability through the use of XAI into medical robots. It is difficult to comprehend suggestions, 

oversee robotic activities, and guarantee patient safety using traditional AI systems due to their lack of 

transparency. Trustworthy medical robotic architectures, precision-oriented robotic control, AI-

enabled surgical intelligence, and XAI approaches are all included in this study. Surgical decision-

making and prediction interpretation using methods like Gradient-weighted Class Activation Mapping 

(Grad-CAM), attention processes, Shapley Additive explanations (SHAP), and Local Interpretable 

Model-Agnostic Explanations (LIME) are covered. In addition, the paper delves into topics such as AI-

based safety monitoring, microsurgical aid, adaptive trajectory planning, real-time imaging, deep 

learning, and reinforcement learning. The areas of risk prediction, human-robot interaction, 

automated mistake detection, and training based on simulations receive special emphasis. Lifecycle 

governance, interpretability, fairness, cybersecurity, privacy protection, layered architectures, and 

runtime safety assurance are all ways to check if something is trustworthy. The review concludes by 

stressing the significance of human oversight, open communication, and clinical validation for 

responsible implementation. This review organises the field of explainable medical robotics and 

highlights important factors to keep in mind while designing trustworthy, understandable, and 

clinically acceptable robots. 
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I. INTRODUCTION 

Health is an essential component of human well-being, and advances in healthcare technology have dramatically 

enhanced the quality, precision, and efficiency of medical treatments. Improvements in patient care, reductions in 

surgical risks, and funding for cutting-edge medical treatments have all resulted from healthcare's embrace of new 

technology [1]. The use of surgical robots and other medical procedures has been transformed by recent technical 

developments and advances in the field of medical robotics. Improvements in medical imaging systems, such as those 

with greater resolutions and magnetic imaging, as well as advances in actuators, sensors, control systems, and 

materials, have all contributed to tremendous success [2]. Medical treatments that have been effectively executed with 

the help of robotic systems have gained widespread recognition, and as a result, more and more people are prepared to 

endure procedures that are either partially or totally conducted by robots. as a result, medical robots is seeing 

tremendous growth [3]. 

The growing need for intelligent decision-making systems to be transparent has led to the rise of Explainable Artificial 

Intelligence (XAI) as a core area of AI research. Systems that are easy to understand and rely on are becoming more 
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important as artificial intelligence continues to permeate robotics [4]. Engineers bygone days programd every possible 

reaction into traditional robots, which relied heavily on rules. Deep learning (DL), machine learning (ML), and 

artificial intelligence (AI) have transformed robots into systems that can learn, adapt, and optimise themselves [5]. The 

so-called black-box dilemma arises when the internal workings of neural networks and probabilistic reasoning models 

are opaque due to their complexity, even if substantial advancements have been made. Where explainability is not only 

desirable but also ethically and legally required, such a lack of transparency poses a serious threat in areas of sensitive 

applications such as healthcare robots, autonomous cars, and industrial robotics. The goal of XAI in robotics is to create 

AI systems that can not only function autonomously but also explain their reasoning to a human user [6]. 

Human considerations like trust, safety, and responsibility are integral to explainability, which extends beyond 

algorithmic clarity. Cooperation between humans and robots, such as in co-robots and assistive medical devices, relies 

on mutual understanding for optimal performance and safety. With explainability, human operators can better 

anticipate and understand a robot's activities, making it easier to rescue or fix any mistakes that may occur [7]. Building 

psychological trust between people and robots through open communication is crucial for releasing autonomous 

technology into the wild. In addition, the need for algorithmic accountability is being emphasised more and more by 

regulatory frameworks and ethical norms. This means that developers of AI systems are obligated to ensure that their 

operations are conducted on interpretable and auditable algorithms. Robotics and XAI convergence is thus an 

interdisciplinary issue spanning domains such as AI, ethics, cognitive science, and machine learning [8]. Also, keep in 

mind that safety, ethics, and regulations are all important factors to consider while evaluating an explainable robot. 

Clinical decision making, robot accuracy, and clinical trustworthiness should be the focus of explainable AI in medical 

robotics [9]. 

Structure of the paper 

The following is the paper's structure: Explainable AI and surgical decision assistance are covered in Section II. 

Robotic accuracy and command are covered in Section III, whereas clinical reliability, validation, and implementation 

are covered in Section IV. The literature is reviewed and research needs are identified in Section V. Section VI 

concludes by summarising the results and outlining areas for future study. 

 

I. EXPLAINABLE AI AND SURGICAL DECISION SUPPORT 

XAI improves surgical decision assistance by providing an explanation and interpretation for the AI's 

recommendations. XAI is useful for surgeons in several ways, including pre-operative planning, post-operative risk 

assessment, and decision-making. Key feature identification methods include SHAP, LIME, and Grad-CAM. 

 

A. Surgical Robotics and High-Fidelity Simulation Training 

Surgical robots, such as the extensively used Da Vinci system, play a crucial role in minimally invasive treatments by 

providing surgeons with improved dexterity, precision, and high-definition 3D vision [10]. Comprehensive training on 

these systems is necessary due to the complexity and high risks of these procedures; simulation has developed as a 

critical component of surgical education.  

Skill Acquisition and Mastery 

Training using a simulation platform allows students to perfect essential skills in a risk-free setting before interacting 

with real patients. This includes both general knowledge of robotic surgery and detailed instructions for performing the 

procedure, paving the way for further study and improvement.  

Early Exposure 

Introducing medical students to robotic surgical settings during their preclinical and early clinical years can greatly 

increase their interest in the profession, demystify the technology, and provide the groundwork for more advanced 

training later in their careers [11]. West Virginia University School of Medicine and the University of California, San 

Francisco (UCSF) both have programs that show how this kind of early exposure makes students more comfortable 

with robotic technique and encourages them to be more involved in the operating room. 
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Reduced Learning Curve 

The learning curve for robotic surgery procedures is notoriously high, but with the help of robotic surgery simulators—

and especially VR ones—this may be significantly reduced [12]. Virtual reality (VR) instruction, as opposed to no extra 

training, considerably improved performance for junior trainees having laparoscopic cholecystectomy, as assessed by 

Objective Structured Assessment of Technical Skill (OSATS) scores and time to completion.  

Transferability of Skills 

There is proof that technical surgical skills learned in robotic virtual reality simulators can be successfully applied 

in the real operating theatre, and performance on these simulators can even forecast intraoperative performance in the 

real world. This demonstrates the value of simulation as a tool for clinical practice preparation. 

 

B. AI technologies in robotics  

Artificial intelligence (AI) is a great asset to medical robotics since it allows for smart observation, surgical decision-

making, and instrument control and manipulation. For jobs requiring task autonomy, trajectory planning, or image 

processing, machine learning, deep learning, or reinforcement learning can be quite useful. A surgeon can better 

comprehend the robot's judgements with the help of explainable AI. 

Machine Learning and Deep Learning  

Robots can now learn from data to perform better, thanks to machine learning and deep learning [13]. Robots' 

perception and decision-making skills are enhanced by Convolutional Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs), which enable them to interpret visual and sequential input.  

Reinforcement Lerning 

Robots can develop optimum behaviour by interacting with their environment in a trial-and-error fashion, according to 

reinforcement learning (RL) [14]. RL algorithms like Proximal Policy Optimisation (PPO) and Deep Q-Networks 

(DQNs) have found extensive application in autonomous systems. Updates to model-based RL have made policy 

learning and sample efficiency even better. 

AI-Powered Edge Computing 

Robots can now make better decisions in real time because to edge computing, which allows them to perform AI 

algorithms locally. AI models deployed on edge devices are useful in mission-critical applications that require 

instantaneous responses, such as autonomous cars and industrial automation [15]. Edge computing and AI work 

together to make robotic applications more secure and private while decreasing their need on cloud-based services. 

Federated Learning in Robotics 

Federated learning ensures privacy and security by allowing several robots to learn together without exchanging raw 

data. Healthcare, logistics, and smart cities are just a few examples of how this decentralised AI strategy enhances 

efficiency [16]. Additionally, distributed robotic systems can improve their learning and jointly adapt to new obstacles 

through federated learning. 

AI in Soft Robotics 

Flexible robotic devices that imitate biological motions are controlled by artificial intelligence in soft robotics. 

Medicinal applications, fragile material handling, and human-robot interactions are some of the many uses for soft 

robots powered by artificial intelligence. Soft robotics and artificial intelligence work together to make robots more 

versatile and safer to work with people.  

AI in Bio-Inspired Robotics 

to improve efficiency and flexibility by imitating the behaviour of biological creatures. Among the many potential uses 

are underwater exploration robots inspired by insects, drones driven by artificial intelligence, and robotic fish. All 

thanks to AI algorithms, these robots are able to successfully traverse and engage with even the most complicated 

environments. 

Quantum Computing for AI in Robotics 

The ability to speed up optimisation and machine learning processes, which may completely transform artificial 
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intelligence in robotics [17]. Autonomous systems can benefit from quantum-enhanced AI in several ways, including 

better route planning, simulation, and decision-making in real-time. 

C. XAI Techniques for Surgical Intelligence  

Artificial intelligence (AI) has been increasingly used in surgical intelligence as a result of advancements in medical 

imaging and deep learning [18]. However, doctors and surgeons may find it more difficult to understand AI-generated 

predictions if the algorithms are designed with hidden complexity. By highlighting key areas and characteristics, XAI 

approaches like SHAP, LIME, and Grad-CAM simplify algorithm explanations. 

Local Interpretable Model-Agnostic Explanations (LIME) 

The explainable AI method known as LIME (Explanation by Local Interpretability of Model’s Explanations) 

approximates a complex machine learning model with a simpler model, such as linear regression, and then offers local 

explanations for the model’s predictions. By identifying pertinent input variables, medical robotics may use LIME to 

clarify AI-based suggestions and risk forecasts for specific individuals. 

Shapley Additive explanations (SHAP) 

The SHAP technique clarifies the AI-generated forecast by calculating the influence of input characteristics on the 

model's output. When it comes to medical robotics, the SHAP technique is useful for finding clinical characteristics 

that impact post-operative risk assessment, complication prediction, and decision tool support [19]. To make deep 

learning models more transparent and to assist healthcare clinicians in validating judgements produced by AI models, 

SHAP is comparable to Grad-CAM and LIME. 

Attention mechanisms 

The ML algorithm may learn to prioritise and take into account the most significant information using the Attention 

Mechanism. In order for the attention mechanism algorithms to reveal which data was utilised for decision-making, it is 

necessary to be able to assign varying degrees of priority to various parts of pictures, sequences, or sensor data. 

Gradient-weighted Class Activation Mapping (Grad-CAM) 

The Grad-CAM is a method for explaining images that draws attention to the regions of the input picture that have an 

impact on the CNN model's predictions. Instead of depending on structural properties of feature maps, as is the case 

with Class Activation Mapping—a classic method for visualising deep learning models—Grad-CAM generates 

localisation maps using the input image's gradients in the final convolutional layer [20][21]. Surgeons using AI-assisted 

medical robots can benefit from explanations while analysing pictures. 

 

III. EXPLAINABLE AI FOR ROBOTIC PRECISION AND CONTROL 

The use of explainable feedback in artificial intelligence (AI) improves surgical precision by allowing for a better 

understanding of how the AI processes imaging data, formulates motion plans, and controls the robot's movements. The 

feedback provides surgeons with valuable insights into their control systems, allowing them to identify potential errors 

and maintain appropriate monitoring. 

A. AI-Enhanced Surgical Precision  

Maintaining healthy tissue, reducing collateral harm, and guaranteeing the best possible treatment results all depend on 

surgical precision [22]. Artificial intelligence helps with surgical accuracy in several ways. 

Real-Time Imaging and Navigation 

Anatomical landmarks may be identified in real time and 3D reconstructions can be generated using intraoperative data 

like video, CT, or MRI using imaging systems that include AI [23][24]. Neurosurgery and orthopaedic procedures, in 

particular, benefit from these devices' enhanced orienting capabilities. With DL models trained on annotated datasets, 

robots may operate within very limited anatomical boundaries, accurately segmenting organs or tumours to within a 

millimetre. 

Adaptive Motion and Trajectory Planning 

Artificial intelligence (AI) may modify the trajectory of robotic arms in response to changes in tissue resistance or 

unforeseen anatomical variances by utilising haptics and force feedback as sensor inputs. Robots may gradually 
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become better over time without any help from humans thanks to algorithms that teach them new patterns of movement 

via trial and error. Case in point: cardiac ablation. 

Microsurgical Assistance 

Microsurgical techniques in neurology, ENT, and ophthalmology need extraordinary accuracy. The Preceyes Surgical 

device is one example of an AI-enhanced robotic device that may reduce surgeon jitters and carry out precise motions. 

Furthermore, AI aids in instrument control with submillimeter accuracy, which is more than human dexterity can 

manage for such sensitive tasks. 

 

B. Safety Improvements through AI Integration 

The use of artificial intelligence (AI) is essential in surgical robots for the purpose of patient safety [25]. The ability to 

continuously learn and monitor allows robots to identify any issues or changes from typical surgical patterns. 

Intraoperative Monitoring and Risk Prediction 

Artificial intelligence systems use information gathered during surgery, including blood loss, vital signs, and tool 

trajectories, to foresee potential problems before they have a chance to do serious harm. Surgeons can be alerted to 

possible complications like as bleeding, organ perforation, or anaesthesia concerns by using predictive algorithms 

trained on huge datasets [26]. For example, AI may identify unusual tool movements that may indicate dangerous 

handling or procedural problems in robotic-assisted laparoscopy.  

Automated Error Detection and Correction 

Artificial intelligence (AI) may identify irregularities such tool misalignment, excessive force application, or unusual 

trajectories through real-time video analysis and sensor input. Automatic or haptic feedback-guided corrections can be 

carried out once discovered. These features are particularly helpful in telesurgery because of the potential for 

inadvertent injury due to delay or visual misalignment. 

Simulation and Training 

AI is also revolutionising surgical education by creating lifelike simulations that monitor performance indicators and 

provide customised feedback. Intelligent simulators like this evaluate skills including tool handling, procedural 

correctness, and hand-eye coordination using machine learning. This makes them great resources for training purposes, 

since they shorten the learning curve and make students more prepared to perform robotic procedures in the actual 

world. 

 

IV. CLINICAL TRUSTWORTHINESS, VALIDATION, AND DEPLOYMENT OF EXPLAINABLE 

MEDICAL ROBOTICS 

Reliability, openness, safe patient care, and enough human oversight are the bedrocks of explainable medical robots' 

credibility in the clinic. The robustness, accuracy, clarity, and equity of the clinical explanations are evaluated 

throughout the validation procedure. Concerns like monitoring, data protection, ethical governance, and regulatory 

compliance all contribute to responsible integration.  

 

A. Trustworthy Medical Robotics  

The advent of data-centric robotic ecosystems powered by artificial intelligence and enhanced by new digital 

technologies has the potential to revolutionise healthcare by facilitating human-centered, efficient, adaptable, and 

seamless clinical processes [27]. Significant improvements in diagnostics, individualised therapies, and operational 

efficiency are on the horizon thanks to these breakthroughs. 
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Fig. 1.

The TAS paradigm emphasises the critical role of AI 

system health, and human-robot interaction, as shown in Fig. 1 (modified from) 

and ethical decision-making are exacerbated by edge AI deployment, especially in robotic systems that engage directly 

with patients. 

Layer-based Approach for MR Ecosystems 

A layered architectural approach is suggested for the purpose of building trustworthy MR ecosystems, which will 

systematically handle regulatory compliance, explainability, safety, and dependability acros

five interconnected levels of the suggested design are as follows, and they all work together to 

healthcare solutions that are human-centered and ethically aligned:

 Hardware Layer: Actuators, sensors, embedded systems, and flexible mechanical structures make up the 

hardware layer, which is the physical basis of the MR system 

 Perception and Cognition Layer:

cybersecurity, and cognitive reasoning are all responsibilities of this AI

 Control Layer: The control system of a robot operates within guaranteed limits in terms of stability, accuracy, 

responsiveness, and robustness, even under uncerta

responsiveness, coordination, and low

also in place to maintain system stability under all conditions.

 Human–Machine Interaction (HMI) L

transparent thanks to this shield. Collaboration is enhanced through the use of shared autonomy frameworks and 

multimodal interface support [32]. 

 Data and Communication Layer:

layer. Through encryption, access management, and conformity with GDPR and HIPAA regulations, it enables 

secure real-time communication between cloud services and edge devices 

Five Pillars of Trustworthy MR Ecosystems

A reliable medical robot goes beyond being an intelligent machine; it is a healthcare

carries out its tasks in accordance with the utmost standards of security, honesty, ethics, and human

These five principles are these: 

 Safety and Runtime Assurance: One of the biggest obstacles in medical robots is 

patients in high-stakes situations [34]

dynamic and unpredictable clinical circumstances in which these systems mu

 Security and privacy: Reliable medical robots that handle private patient information in intricate healthcare 

settings must adhere to stringent cybersecurity and privacy standards 

assaults that alter perception or decision

important obstacles. 

 Accuracy, Bias, and Interpretability:

powered healthcare robots. Unfortunately, under

treatment due to biases in algorithm design or training data 
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Fig. 1. Trustworthy Medical Robotics 

The TAS paradigm emphasises the critical role of AI in improving cognitive processes associated with security, safety, 

robot interaction, as shown in Fig. 1 (modified from) [28]. Problems with system complexity 

making are exacerbated by edge AI deployment, especially in robotic systems that engage directly 

based Approach for MR Ecosystems  

A layered architectural approach is suggested for the purpose of building trustworthy MR ecosystems, which will 

systematically handle regulatory compliance, explainability, safety, and dependability across all subsystems 

five interconnected levels of the suggested design are as follows, and they all work together to 

centered and ethically aligned: 

Actuators, sensors, embedded systems, and flexible mechanical structures make up the 

hardware layer, which is the physical basis of the MR system [30]. 

Perception and Cognition Layer: Environmental awareness, monitoring of system health, cognitive 

ty, and cognitive reasoning are all responsibilities of this AI-driven layer [31]. 

The control system of a robot operates within guaranteed limits in terms of stability, accuracy, 

responsiveness, and robustness, even under uncertainties or disturbances. It also manages real

responsiveness, coordination, and low-level motion control with bounded performance. Recovery protocols are 

also in place to maintain system stability under all conditions. 

Machine Interaction (HMI) Layer: Interactions between patients and doctors may be secure, easy, and 

transparent thanks to this shield. Collaboration is enhanced through the use of shared autonomy frameworks and 

Data and Communication Layer: The interoperable, safe, and efficient transfer of data is guaranteed by this 

ryption, access management, and conformity with GDPR and HIPAA regulations, it enables 

time communication between cloud services and edge devices [33].  

Five Pillars of Trustworthy MR Ecosystems 

A reliable medical robot goes beyond being an intelligent machine; it is a healthcare-specific system that reliably 

carries out its tasks in accordance with the utmost standards of security, honesty, ethics, and human-

One of the biggest obstacles in medical robots is making sure it can rely on 

[34]. Sensor drift, hardware failures, and patient mobility are some of the 

dynamic and unpredictable clinical circumstances in which these systems must function. 

Reliable medical robots that handle private patient information in intricate healthcare 

settings must adhere to stringent cybersecurity and privacy standards [35]. Protecting information against hostile 

assaults that alter perception or decision-making, as well as safeguarding data across cloud and edge systems, are 

Accuracy, Bias, and Interpretability: Transparency, objectivity, and accuracy are ongoing concerns with AI

hcare robots. Unfortunately, under-represented groups may suffer disproportionately from unequal 

treatment due to biases in algorithm design or training data [36]. 
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 Human-Robotics Interaction and Ethical Alignment: The most reliable human-robot interactions in healthcare 

will be those that are intuitive, welcoming, and morally congruent. Adapting to crises and impaired cognition is a 

constant challenge for systems that must accommodate a wide range of physical and cognitive capacities [37]. 

 Lifecycle Governance: The ability to have faith in medical robotic systems is an ongoing process, not an 

endpoint, and it must be nurtured as the system evolves [38]. 

 

B. Professional Brain 

Clinical HRC's cognitive layer is symbolised by the professional brain. Using its interpretation capabilities, it is able to 

transform intricate medical data into actionable instructions for robotic systems [39]. This capability is backed by three 

fundamental technologies: clinical reasoning, context modelling, and multimodal perception. Being able to function in 

healthcare environments that are both dynamic and unpredictable. 

 Multimodal Perception: The ability to see through several channels rather than just one enables professionals to 

combine disparate pieces of clinical data [40]. Annotation, curation, and data acquisition of the highest quality are 

crucial to its progress. 

 Context Modeling: In order to comprehend the patient's situation thoroughly, it is necessary to examine their 

medical history, current clinical status, and previous medical knowledge [41]. 

 Clinical Reasoning: The trained mind to function in hostile and unpredictable healthcare settings [42]. Outputs 

should be visible, context-aware, and acceptable for human confirmation, resulting from a combination of data-

driven inference and explicit clinical limitations. 

 

V. LITERATURE REVIEW 

Enhancing transparency, dependability, and confidence in medical robots is the goal of explainable artificial 

intelligence. Current research delves into topics such as interpretable machine learning, brain-computer interfaces, 

artificial intelligence-assisted surgery, and robotic healthcare applications. Supporting therapeutic decision-making, 

surgical accuracy, and human-robot collaboration are these techniques.  

B. Brahma et al. (2026) investigated the practicality and dependability of applying interpretable artificial intelligence 

(IAI) techniques to medical robots in order to increase the pace of adoption of these technologies in situations when 

resources are scarce. Automated medical treatments can be more open and trustworthy with the use of XML and IAI 

approaches, which detail how ML and AI systems make decisions. The results may then be confirmed by medical 

professionals and doctors because of this. Medical robots empower healthcare providers to make better judgements by 

bridging the gap between technology and human intelligence through the use of XML and IAI [43].A. Abdullah et al. 

(2026) examined MI-BCIs (Brain Computer Interfaces based on Motor Imagery) for its dependability, robustness, and 

explainability. MI-BCIs show great promise in the fields of neurorehabilitation, assistive robotics, and smart 

environments because to their ability to control external devices through imagined motions. Signal reliability, 

evaluation variables, and the absence of established assessment frameworks all work against their practical use. We 

combed through 43 papers published in scholarly journals and found that they fell into six categories: AI that can be 

explained, healthcare, neurorehabilitation, smart settings, trustworthy and secure MI-BCIs, and learning frameworks 

[44]. 

M. Shaikh et al. (2025) Multi-phase optimisation is the suggested strategy, which includes preoperative planning, 

intraoperative support, and postoperative monitoring. A crucial component is adaptive learning using federated and 

XAI models, but the gathering of data from different biological sensors with AI-driven diagnostic inference is also 

important. In addition, the approach optimises surgical precision while decreasing human error by using state-of-the-art 

imaging and haptics and integrating with the IoMT. The suggested method for conducting performance benchmarking 

under clinical restrictions is to use real-time validation and simulation-based testing [45].A. Nazar (2025) discusses in 

depth the theoretical underpinnings and consequences of XAI for robots in relation to the transparency-performance 

trade-off. It delves further into the topic by investigating the latest methods of explainability in deep learning-based 
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robots, which place an emphasis on the significance of user interpretability, ethical assurance, and immediate feedback. 

In order to achieve trust, legal compliance, and responsible innovation in next-generation autonomous robots, the 

article emphasises that explainability is an essential component, not only a technological one [46]. 

C. Zhang et al. (2024) provide fresh approaches that utilise AI to merge preoperative imaging with surgery in order to 

circumvent these constraints and progress robotic procedures even further. Machine learning is known for its speed and 

its ability to handle massive volumes of messy, unstructured data. Throughout the perioperative phase, its widespread 

usage will significantly impact practice. By gaining access to pathology data that has historically only been accessible 

postoperatively, evaluation of preoperative imaging can enhance preoperative surgeon expertise [47].Y. Liu et al (2024) 

provided a background on the evolution of AI-supported SRS, reviewed the fundamental architecture of SRS, and 

examined the ways in which AI may enhance SRS functionality. Case studies of AI-assisted SRS, its effects in 

therapeutic contexts, and related legal and ethical issues are examined. Lastly, the difficulties with AI-assisted SRS are 

examined, including algorithm creation, surgical data science, human-robot collaboration, and fostering human-robot 

trust [48]. 

N. Deo et al. (2023) AI integration with healthcare robots has been on an upward trajectory for some time now. Using 

AI, hospitals in both urban and rural areas might greatly improve the efficiency of many functions, such as assisting 

with surgeries, improving hospital logistics, and performing routine examinations. One area where AI might be useful 

in healthcare is in guaranteeing individualised attention for patients, creating a risk-free workplace for medical 

professionals, and streamlining administrative processes [49].  

A number of knowledge gaps persist despite the fact that explainable AI and medical robotics have made great strides 

in recent years. Research on explainability, AI-assisted surgical systems, brain-computer interfaces, and robotic 

healthcare applications is sparse, and there has been no effort to integrate these topics into a coherent, clinically verified 

framework. Additional research is needed to identify the trade-offs between transparency and performance, as well as 

the practical dependability of explanations and their interpretability in real-time. Concerning the feasibility, scalability, 

and uptake of explainable robotic systems, there is little data for healthcare settings with minimal resources. There is 

also a lack of well-established standard measures for evaluating explanation quality, robustness, safety, and human-

robot collaboration. Additionally, there is a lack of trust when it comes to adopting these technologies in different 

medical settings due to the limited clinical validation. The necessity for reliable, understandable, and therapeutically 

useful medical robots is emphasised in Table I, which summarises the comparative research gaps and future directions 

TABLE I: SUMMARY OF KEY STUDIES ON  EXPLAINABLE ARTIFICIAL INTELLIGENCE IN MEDICAL ROBOTICS  

Author & 

Year 

Objective / 

Approach 

Method / 

Technology 

Key Findings Advantages Limitations 

B. Brahma 

et al. 

(2026) 

Examined the 

viability of 

explainable AI in 

medical robotics, 

particularly in 

resource-limited 

settings. 

Explainable 

Machine Learning 

(XML) and 

Interpretable AI 

(IAI). 

Explainability 

improves 

transparency and 

helps healthcare 

professionals 

understand and 

verify robotic 

decisions. 

Supports trust, 

interpretability, 

and informed 

clinical decisions. 

Practical 

validation and 

adoption in 

resource-limited 

healthcare 

settings require 

further 

investigation. 

A. 

Abdullah 

et al. 

(2026)  

Investigated 

reliability, 

robustness, and 

explainability in 

motor imagery-

based brain–

computer 

Systematic analysis 

of 43 studies 

covering MI-BCIs, 

robotics, 

neurorehabilitation, 

XAI, and learning 

frameworks. 

Identified 

challenges in 

signal reliability, 

evaluation 

consistency, and 

standardized 

assessment. 

Supports 

trustworthy 

brain-controlled 

assistive and 

rehabilitation 

systems. 

Standardized 

evaluation 

frameworks and 

robust real-world 

validation remain 

challenging. 
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interfaces. 

M. Shaikh 

et al. 

(2025)  

Proposed a multi-

phase AI-driven 

framework for 

improving surgical 

precision and 

monitoring. 

Biomedical sensors, 

federated learning, 

XAI, medical 

imaging, haptics, 

and IoMT. 

Integrated 

diagnostic 

inference and 

adaptive learning 

across 

preoperative, 

intraoperative, and 

postoperative 

stages. 

May reduce 

human error and 

support robotic-

assisted 

orthopedic and 

microsurgical 

procedures. 

Clinical 

performance 

requires 

simulation-based 

testing and real-

time validation. 

A. Nazar 

(2025)  

Examined 

explainability in 

robotics and the 

trade-off between 

transparency and 

performance. 

Deep learning 

explainability, user-

centered 

interpretation, and 

real-time feedback. 

Highlighted 

explainability as a 

factor in trust, 

ethical confidence, 

and responsible 

robotic autonomy. 

Encourages 

transparent 

decisions and 

human–robot 

trust. 

Balancing 

interpretability, 

computational 

performance, and 

real-time 

operation remains 

difficult. 

C. Zhang 

et al. 

(2024)  

Investigated AI 

integration into 

preoperative 

imaging and 

surgical 

workflows. 

AI-based imaging 

analysis and 

perioperative 

decision support. 

AI can extract 

clinically useful 

information from 

preoperative 

images and 

improve surgical 

planning. 

Enhances 

preoperative 

assessment and 

supports 

informed surgical 

decisions. 

Explainability-

specific 

evaluation and 

generalization 

across clinical 

settings need 

further study. 

Y. Liu et 

al. (2024) 

Reviewed the 

development, 

architecture, 

applications, and 

challenges of AI-

assisted surgical 

robotic systems. 

AI-assisted surgical 

robotics, surgical 

data science, and 

human–robot 

coordination. 

Identified 

algorithm 

development, 

clinical evidence, 

ethics, legal 

concerns, and trust 

as key 

considerations. 

Provides an 

overview of 

system design 

and clinical 

integration 

challenges. 

Human–robot 

coordination and 

trust building 

remain 

unresolved 

challenges. 

N. Deo et 

al. (2023) 

Reviewed the 

growing use of AI 

and robotics in 

healthcare 

services. 

AI-enabled surgical 

assistance, hospital 

logistics, and 

routine patient 

checkups. 

Highlighted 

potential benefits 

for patient care, 

healthcare-worker 

safety, and hospital 

operations. 

Supports efficient 

healthcare 

delivery in urban 

and rural 

hospitals. 

Limited focus on 

XAI techniques 

and the 

interpretability of 

robotic decisions. 

 

VI. CONCLUSION AND FUTURE WORK 

Medical robotics is rapidly evolving to incorporate explainable AI, which enhances robotic precision, clinical 

trustworthiness, and surgical decision support. Surgery suggestions can be better understood with the use of techniques 

like Grad-CAM, attention processes, SHAP, and LIME, which help comprehend predictions provided by AI. Robotic 

manipulation, intraoperative monitoring, adaptive trajectory planning, and anatomical identification are all made 

possible with the combination of ML, DL, and RL. Improvements in surgical competence and patient safety can be 

achieved via the use of simulation-based training and automated mistake detection systems. Integrating explainability, 
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cybersecurity, data privacy, justice, ethical alignment, and human-robot interaction are crucial components of 

trustworthy medical robotic systems. Reliability of explanations, efficiency of calculation in real time, clinical 

validation, and compliance with regulations are still areas that need work despite these advancements. To guarantee the 

safe and transparent operation of AI-driven robotic systems in complicated healthcare settings, it is crucial to address 

these restrictions. Supporting informed surgical decisions and promoting responsible adoption in contemporary 

healthcare may be achieved by integrating explainable intelligence with dependable robotic control.Research in the 

future should focus on improving surgical robots using XAI approaches that are both practical and reliable in real-time, 

and then testing these methods across a variety of procedures and patient populations. Robust robotic control, human-

centered interfaces, and uncertainty estimates should all be part of future research. For reliable implementation, 

multicenter clinical validation, standardised assessment measures, and ongoing lifecycle monitoring are crucial. 
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