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Abstract 
 

Robotic process automation (RPA) is being adopted as the flagship technology for optimizing rule-based repetitive tasks in virtually all 

industries. On the other hand, conventional RPA may not be able to handle unforeseen errors due to changes in the software environment, 

data format, or user interface. A prospective solution to this challenge could be the integration of a self-healing feature powered by ma-

chine learning. Thus, focusing on ML-driven solutions for real-time failure detection and automated repair, this study undertakes a holis-

tic review of current advancements toward self-healing RPA systems. Beyond semantic matching, predictive maintenance, and anomaly 

detection, this study also explores the avenues through which supervised, unsupervised, and reinforcement learning can bolster resilience 

in RPA. Significant recent advances toward satisfying dynamic execution conditions using natural language processing, deep learning, 

and explainable artificial intelligence are looked at with a view toward frameworks that leverage these techniques. Current constraints 

like data shortage, interpretability, and model drift are noted as the study outlines future directions for use and study to take this study 

towards guiding practitioners and researchers in developing robust, intelligent, and adaptive RPA systems that can autonomously manage 

operational disruptions. 
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1. Introduction 

According to some technical discoveries in a typical corporate solution for automating repeated, rule-based procedures across many in-

dustries, robotic process automation (RPA) has evolved quickly.  RPA is being used progressively to imitate human interactions with 

digital systems by means of software bots simulating user activities like typing, clicking, pasting, and copying (van der Aalst, 2016). 

Reports from the “Institute of Robotic Process Automation and Artificial Intelligence”, Robotic Process Automation (RPA) denotes the 

utilization of technological systems that empower corporate employees to instruct computers or "robots" to comprehend and perform 

existing programs for tasks including transaction management, data manipulation, response activation, and digital system communication 

(Macha, K., 2018). Assisting businesses to automate labour-intensive and time-consuming tasks has tremendously improved operational 

cost efficiency, accuracy, and production.  Companies in data entry, invoice processing, compliance reporting, and customer service, as 

well as in banking, healthcare, logistics, and telecommunications, have embraced RPA (Aguirre, S., & Rodriguez, A., 2017).  By allow-

ing companies to mechanise monotonous operations, increase output, and save costs, robotic process automation (RPA) is revolutionis-

ing corporate process automation.   Unlike other automation systems, RPA runs at the user interface level, allowing companies to com-

municate with present corporate systems without requiring major changes (Kiran Babu Macha, 2019). 

While great in controlled settings, conventional RPA systems often fail with unanticipated changes in user interfaces (UIs), data formats, 

or system behaviors. Usually built on rigorous logic and defined guidelines, these systems are sensitive to even the slightest layout, API, 

or missing web elements (Syed, R., et al., 2020).  Many RPA systems still exhibit somewhat high failure rates, which restricts scalability 

and raises maintenance costs (Willcocks, 2015).  Combining artificial intelligence (AI) and machine learning (ML) approaches to pro-

duce intelligent bots capable of identifying, diagnosing, and autonomously correcting real-time failure (Moffitt, 2018), this brittleness has 

resulted in the development of a new RPA paradigm named self-healing RPA. 

ML included in RPA systems has completely changed everything. Inspired by biological self-healing systems whereby the automatic 

process may recover from faults without outside intervention (Madakam, S., 2019), these self-healing systems may continuously monitor 

their performance, detect anomalies, and react dynamically to environmental changes by using artificial intelligence capacities. From 

static rule-based automation to cognitive automation, where bots cannot only accomplish tasks but also learn from data, adapt to new 

situations, and maximize their actions depending on prior input (Asatiani, A., & Penttinen, E., 2016). 

 

http://creativecommons.org/licenses/by/3.0/


International Journal of Basic and Applied Sciences 353 

 

 
Fig. 1: A self-healing software system [Rajput PK, and Sikka G. 2019] 

 

Figure 1 shows the architecture of a self-healing software system that detects, diagnoses, and fixes software errors. The system cycles 

through Monitor, Analyze, Plan, and Execute. The Monitor phase continuously monitors the system for anomalies and problems. After 

identifying an issue, analyse it to find the reason. The Planning step creates a recovery plan after this analysis. The Execute phase com-

pletes the scheduled steps and tests the recovery. The closed-loop feedback method ensures operational continuity with minimal human 

intervention, improving reliability and robustness. 

The basic engine producing this adaptive flexibility is machine learning. Models in supervised learning are trained using labeled datasets, 

including execution logs, error categories, and success events (Suri, P.K., & Singh, A., 2021), to identify trends connected to process 

failures. Once trained, these models might be able to forecast where and when failures are most likely to occur, therefore allowing 

preemptive prevention (Kumar, S., & Raj, P., 2021). Should an invoicing bot find a missing field, it might recognize this based on prior 

performance and use another method, such as dynamic selective recognition or default value substitution (Alfusail, Y., & Alturki, R., 

2021). In unsupervised learning settings, techniques such as clustering and anomaly detection are used to identify abnormalities in execu-

tion patterns, therefore allowing bots to expose heretofore undetectable problems (Sutton, R.S., & Barto, A.G., 2018) 

Reinforcement learning (RL) is also becoming somewhat widespread in self-healing RPA systems. Bots acquire optimal behaviors using 

contact with their environment and rewards or punishments based on the outcome of their evaluations (Littman, M. L., 2015). Many ap-

proaches may be used by a bot attempting to identify input fields and gather feedback based on the success of every attempt.  Among 

such methods is online form parsing. It selects over time the optimum approach to control user interface differences across many applica-

tions (Goodfellow, I., et al., 2016). This feedback-driven learning becomes very helpful in dynamic environments defined by frequent 

changes to software and system components.  

Deep learning has opened the field of RPA (Cambria, E., & White, B., 2014) by letting bots run with unstructured or semi-structured data 

sources, including photos, scanned papers, and natural language text.  Natural Language Processing (NLP) helps analyse and compre-

hend emails, support requests, and conversational interfaces; Convolutional Neural Networks (CNNs) and Optical Character Recognition 

(OCR) let bots extract crucial information from demanding visual layouts.  This helps RPA systems to interact successfully with complex 

content not reachable by rule-based bots and beyond structured forms. 

Among the most revolutionary aspects of self-healing RPA is computer vision.   Conventional RPA generally focuses on fixed element 

selectors, such as XPath or CSS IDs, which become outdated when the layout of a website or application changes.  Vision-based bots 

find components depending on visual traits instead of code-level IDs by means of screen parsing and picture recognition (Pahl, C., & 

Xiong, H., 2020).  When source code is not readily available, this facilitates the automation of applications, including older desktop pro-

grams or remote virtual desktops, and increases resilience against UI updates (Anagnoste, S., 2018). 

For self-healing RPA, orchestration and monitoring are also rather vital. Modern RPA systems include centralized orchestration layers 

handling system resource management, data collection, and bot execution. These orchestrators, coupled with machine learning, may au-

tomatically monitor process parameters in real time, identify abnormalities, and start remedial actions (Vukšić, V. B., & Bach, M. P., 

2021). By means of log analysis, predictive maintenance, and trend identification, this generates a feedback loop supporting not only 

self-healing but also the constant development of automated performance. 

From this perspective, processing mining is very important.  It entails the visualization, monitoring, and optimization of business pro-

cesses by means of the analysis of event logs created by corporate systems (van der Aalst, W. M. P., 2011). By use of ML techniques, 

mining data analysis may assist businesses in identifying latent relationships, inefficiencies, and process bottlenecks. This improves au-

tomated design and helps to create predictive models for root cause investigation and failure avoidance.  Together with business rules and 

historical backdrops, these disclosures help RPA systems to become more proactive and less reactive.  

Hyper automation—which combines self-healing RPA, artificial intelligence, low-code development platforms, and powerful analytics—

is a more generic method of automating end-to-end business operations (Dery, K., et al., 2021).  According to Gartner, the future of digi-

tal transformation is hyper automation—that is, intelligent automation driving every phase of the process life, from discovery and design 

to execution and optimization. This concept focuses on self-healing capabilities as they enable automation to flourish efficiently in de-

manding business contexts and, hence, reduce the need for human oversight. 

RPA with numerous self-healing benefits. First, it lowers operator intervention during mistakes, thus improving system dependability 

and lowering downtime. Second, it reduces maintenance expenses by letting bots independently adapt to the times. Third, by guarantee-

ing constant and unhindered process execution, it raises user pleasure. Moreover, it facilitates shorter deployment cycles as intelligent 

bots need fewer hard-coded rules and hand-made corrections (Lacity, M., & Willcocks, L., 2018). 

Self-healing RPA has some benefits, but its use is not without difficulty. Data availability and quality are one of the main obstacles. Ac-

curate ML model training calls for vast amounts of tagged, clean data, which may not always be easily available in business environ-

ments.  Inconsistent logging methods, data silos, and privacy issues may compromise generalizing (Chen, X., et al., 2021) model perfor-

mance. Explainability is another difficulty.  Many deep learning models operate as black boxes, which makes it difficult for interested 

parties to know why certain bot actions are made. In controlled sectors like banking and healthcare, where auditability and openness are 

vital, this is particularly troublesome (Salehie, M., & Tahvildari, L., 2009)  

The discipline of explainable artificial intelligence (XAI) is gathering steam to help with this.  XAI seeks to provide models with clear, 

understandable outputs in addition to performance.  RPA systems include methods such as SHAP (SHapley Additive exPlanations), 

LIME (Local Interpretable Model-agnostic Explanations), and decision tree visualizations to let people know why a bot chose a specific 

action (Calinescu, R., et al., 2011). This enhances government over systems of automated decision-making and builds confidence. 

Still another area of worry is security. Both engage with sensitive information and important systems as they get increasingly sophisticat-

ed and self-directed. It is essential to make sure these bots follow approved limits and do not endanger the system. Maintaining the integ-
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rity of self-healing RPA solutions (Müller, H. A., et al., 2008) calls for secure development techniques, encryption, role-based access 

control, and ongoing monitoring. 

One cannot ignore the human aspect, either. Self-healing automation forces new skill sets among RPA engineers, data scientists, and 

business analysts even as it lessens the need for continuous human involvement.  Cross-disciplinary teams that grasp both business op-

erations and ML ideas are in more demand. To guarantee that their staff is ready to develop, monitor, and control intelligent automation 

systems, companies must make investments in training and upskill projects (Shevtsov, S., et al., 2017). The use of Robotic Process Au-

tomation (RPA) in governmental functions is enhancing the efficiency of the public sector, service provision, and policy execution 

(Kiran, M., 2022).  

Deeper integration with cognitive technologies, distributed computing, and edge intelligence will shape self-healing RPA going forward. 

To adapt in real time across worldwide systems, bots will progressively rely on cloud-native designs, event-driven microservices, and 

federated learning.  Working with chatbots, voice assistants, and virtual agents will also help to extend the range of automation from 

customer-facing operations in the front office to back-office tasks. Self-healing RPA will become a cornerstone of corporate agility and 

resilience as artificial intelligence develops and the lines separating intelligent agents from software bots continue to blur. 

One major change in the scene of automation is self-healing RPA driven by machine learning.  By allowing adaptive, intelligent, and 

autonomous mistake recovery, it solves the fragility of conventional bots. These systems provide improved dependability, scalability, and 

efficiency by means of the integration of supervised, unsupervised, and reinforcement learning approaches along with developments in 

computer vision, NLP, and orchestration. Even if issues such as data quality, explainability, and security still exist, constant research and 

development are progressively breaking through these obstacles. Self-healing RPA will be more important as digital transformation 

speeds across sectors help to provide smarter, quicker, and more robust corporate operations. 

  

 
Fig. 2: Steps involved in fault detection and fault recovery in Self-Healing network [Asghar Ahmad, et al., 2018] 

 

Four main processes comprise the process of building a self-healing network, which enables IT departments to proactively control and 

fix network performance problems before they affect corporate operations, explained in Fig. 2. Data collecting—the first step, compiling 

network performance and health statistics from all over the infrastructure. Artificial intelligence is then applied in data analysis to exam-

ine the gathered data in line with corporate goals, baselining app traffic helps to normalise network behaviour. Using the set baselines, 

the third phase, Continuous Monitoring, real-time network monitoring detects anomalies and important traffic patterns. At last, Automat-

ed Remediation guarantees that any network flaws are fixed automatically, so preserving ideal performance for operations is deemed 

vital for businesses. Using the concert, these steps build a robust, self-managing network infrastructure.  

As self-healing robotic process automation (RPA) systems evolve and develop machine learning capabilities to aid autonomous decision-

making and automatic correction of processes, serious ethical and multi-disciplinary questions are emerging. Of very high importance is 

the issue of responsibility.  In high-stakes settings such as banking, health care, and law, an RPA bot could independently identify a prob-

lem and take corrective action without human oversight. This creates ambiguity about who is responsible if a malfunction or hack occurs. 

The developer, the organization, or the algorithm itself—is it their responsibility? Hard to understand obscure machine learning models 

that direct these machines' decisions.  If users and auditors cannot grasp the decision of a bot, they start to mistrust the system.  These 

models can streamline decisions and offer human-readable justification, therefore encouraging trust, compliance, and openness.  

Another diverse field—human-computer interaction—determines the effectiveness of self-healing RPA systems.  Humans turn from 

hand operation to strategic control and exception management as bots get more independent. Badly crafted interfaces could cause disen-

gagement from uncertainty or automation bias.  RPA systems should thus provide interactive alarms, basic dashboards, and human con-

trol visualisations. Systems should let users of healing operations be informed, provide thorough logs, and permit manual override.  This 

design paradigm promotes human-machine cooperation to enhance human judgment rather than replace it and raises usability.  For self-

healing automation to function, then, machine learning and HCI design must cooperate.  

The autonomy of self-healing bots generates fresh attack surfaces; hence, cybersecurity is important.  To challenge machine learning 

models, hackers could use phony training data or self-healing logic faults.  Adversarial assaults might cause bots to attack either system 

or take detrimental corrective action.  Use access limits, encrypt data, guard model training pipelines, and instantly find anomalies.  Bots 

should balance safety and autonomy by warning and escalating dubious activity rather than acting alone.  Cybersecurity must change as 

RPA capacities and machine learning develop.  

Self-healing RPA systems must be developed through multidisciplinary collaboration if they are to surpass ethics, HCI, and cybersecuri-

ty.  Engineers and data experts cannot solve the effects of automation alone. Legal practitioners must negotiate GDPR and HIPAA com-

pliance, particularly in cases when automated decisions compromise rights or personal data.  Ethicists can help to direct the openness, 

responsibility, and justice of machine learning models.  Executives and organisational psychologists must evaluate how employment and 

business culture change with automation.  This method promises efficient, inclusive, safe, human-valuated self-healing automation.   

2. Literature Review 

2.1 Reinforcement Learning for Self-Healing in RPA Systems  

Agostinelli et al. (2021) examined how the self-healing properties of RL could be incorporated into RPA systems. They outlined a dy-

namic architecture in which bots could learn from past mistakes to make adaptations in their environment. This included taking input 

errors from humans, as well as the alteration of the interface that the bots were executing. Iterative learning cycles allowed the bots to 
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improve both their error handlers and recovery procedures, increasing operational continuity and reducing downtime. Moreover, bots 

trained with performance criteria could also provide feedback to human operators, and therefore reduce human involvement over time, 

even embedded human involvement (Rizk et al., 2020). Importantly, the results showed a clear reduction in human oversight, as well as 

improvements in scalability and efficiency, indicating a solid basis for recovering with AI within RPA systems. 

Gomes et al. (2022) studied cooperative robotic systems in pick-and-place applications, broadening the use of RL within automation. 

Deep Q-networks (DQN) learnt optimal task execution methods, which allowed for adaptation in dynamic environments. The authors 

highlighted how incentive-based action learning could improve the extent of adaptation and performance, especially in industrial envi-

ronments that are naturally prone to environmental disruption. Finally, Anitha et al. (2024) emphasized the potential of RL within RPA 

systems to allow autonomous error remediation, supporting a potential future of robust, self-healing, automated architectures. 

2.2 Enhancing RPA with Natural Language Processing and Machine Learning 

Despite Chakraborti et al. (2020) asserting that RPA performs well on routine rule-based tasks but does not possess the cognitive capabil-

ities of the Intelligent Process Automation (IPA), they acknowledged that using AI techniques - specifically, ML, NLP, and computer 

vision - allows IPA to understand unstructured data, make intelligent decisions, and facilitate continuous improvement. The IPA imposed 

a decision-making layer with logic and a knowledge layer for contextual awareness.  Increases in consumer experience, transaction 

throughput, and correctness in decision-making were established by Syed et al. (2020). Still, they also questioned data governance, ethi-

cal artificial intelligence, and the transparency of automated decisions.  Their findings show how crucial IPA is as a required first step 

towards cognitively aware, autonomous automation systems. 

The intersection of machine learning, reinforcement learning, and natural language processing is transforming RPA into ever-intelligent, 

flexible, and self-healing systems, according to a clear pattern shown across the studied literature.  Reinforcement learning-based bots 

may grow and learn from mistakes.  With NLP and ML to raise RPA's ease of use and contextual comprehension, IPA technologies can 

offer the basis for true automated decision-making. Collectively, these advances mark the transition from rule-based automation to a 

sophisticated, powerful system of automation capable of operating with significantly less human oversight. 

2.3 Evolution of Intelligent and Cognitive RPA  

Robotic process automation (RPA) has experienced a tremendous transition over the last decade from primarily rule-based automation to 

complex intelligent systems capable of self-healing, learning, and adaptive learning.  Early adopters of RPA were automating organized, 

repeatable tasks applying some pre-defined rules; however, RPA technology was unable to sustain itself in a dynamic environment, as 

well as on unstructured data.  To enhance the ability of bots to interpret and manage unstructured and semi-structured data, Syed et al. 

(2020) incorporated several artificial intelligence (AI) technologies into RPA systems to make cognitive RPA systems, including Natural 

Language Processing (NLP), optical character recognition (OCR), and image recognition. These cognitive bots can learn from experience, 

exhibit adaptable behaviours, and self-correct without human intervention. In addition to stressing the importance of the government to 

extend artificial intelligence in such systems, Lacity and Willcocks also described how feedback loops, exception management, and con-

sistent performance tracking play a role in their achievement. As companies look to automate increasingly complex business processes 

for not only cost containment but also to enhance operational agility, compliance, and improve customer satisfaction, their value will 

grow exponentially as businesses automate end-to-end processes. This development describes the strategic evolution by which bots are 

not simply agents who follow rules; they are now dynamic agents in digital ecosystems that can make decisions, learn, and autonomously 

adjust their actions to changing business circumstances. 

2.4 Process Mining and Machine Learning for Self-Healing Capabilities 

Together, Process Mining and Machine Learning (ML) have now become a powerful duo that can create self-healing RPA systems, look-

ing for and repairing problems as they occur.  Process mining is the process of taking information from event logs, which are generated 

by digital processes, to gain insights into inefficiencies, bottlenecks, and anomalies that are happening in automated systems, as estab-

lished by Van Aalst and Moffitt (2018). Process mining and analysis can be done in a continual manner, allowing RPA systems to be 

trained to identify trends in failure and to self-initiate a form of repair action. As Aguirre and Rodriguez (2017) and Lacity and Willcocks 

(2016) pointed out, there are several types of machine learning, including deep learning frameworks, ensemble models, and supervised 

classifiers, which are typically used to analyse past failure data and to make future predictions regarding disruption in processes. Yu and 

Chen (2020) used deep autoencoders for recreating normal process behaviour, and they do this with high accuracy, but also for flagging 

deviations. Trivedi et al (2021) applied ensemble learning methods, such as Random Forest and Gradient Boosting, to improve anomaly 

detection. RPA systems can strategically mitigate risks by utilizing these predictive capabilities to ultimately ensure the least downtime 

and continue operating. Certainly, the combination of these technologies allows RPA bots to learn and adapt their operations over time 

from constant feedback and evolve into an effective and scalable self-healing framework that adapts to changing business conditions. 

(Schmitz and Bauer, 2021). 

2.5 Reinforcement Learning, Explainable AI, and Federated Learning  

The recent developments in the use of more advanced forms of artificial intelligence, such as reinforcement learning (RL), explainable 

artificial intelligence (XAI), and federated learning, support greater intelligence, transparency, and privacy for self-healing RPA systems.  

After researching reinforcement learning, the authors Zhang et al. (2021) define the RPA setting as a constantly changing situation with 

both utilising reinforcement learning in the environment, where they are learning effective recovery strategies through feedback about 

rewards and punishment from their actions.  Therefore, reinforcement learning is based on previous experiences and helps the bots auto-

matically determine the proper action after experiencing an error.  Federated learning, developed by Kumar and Jain (2022), introduced 

an additional layer around privacy and decentralisation because federated learning can build models across many devices or institutions 

without needing to share raw data, and is especially useful in industries that have sensitive data, such as healthcare and banking, while 

ensuring regulatory compliance.  Finally, additional efforts to include explanation methods to further progress the need for transparency 

seen in AI decisions are in response to the need for transparency. SHAP values (Shapley Additive exPlanations) contribute to explaining 

the output of complex ML models by providing relevance ratings for input features that can inform stakeholders about why a particular 

decision or unsolved outcome was reached. Schmitz and Bauer have investigated symbolic thinking and knowledge graphs, exploring 
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how best to understand cause-and-effect within organisational operations. In addition to confidence in automated decisions, these ap-

proaches enable developers and business users to further elaborate process logic and increase bot accountability. 

2.6 Emerging Architectures and Secure Self-Healing Automation 

Accompanying algorithm advances, new system architectures, and security procedures are in place to support secure and scalable self-

healing automation. Edge-cloud models established by Banerjee et al. (2022) allow for more intensive diagnostics and learning tasks to 

be offloaded to the cloud while latency-sensitive activities are managed at the edge. This distributed architecture significantly increases 

computational responsiveness and efficiency. Transfer learning has been shown by Nguyen and Le (2020) to support small and medium 

firms in adopting smart RPA through pre-trained models that can be refined through training with minimal data. This is especially signif-

icant in low-resource conditions when data must be compiled for a smart bot model in volume.  In addition, blockchain technology being 

studied provides a secure and verifiable record of bot operations. Romero et al. (2022) proposed a model where self-healing procedures 

were managed by smart contracts on a blockchain system providing immutable data and transparent recovery processes. Moreover, 

providing auditability and compliance in controlled environments is yet another challenge in this decentralised system. When taken as a 

whole, all these advancements are changing the RPA space from a deterministic automation tool to an intelligent, secure, and trusted 

system that can independently manage the obfuscation across today's complex digital organisations.  In summary, self-healing RPA is 

increasingly gaining significance to support operational resilience, digital transformation, and organisational agility (Ahmed et al., 2021).  

 
Table 1: Approach to Literature Reviews 

Author(s) and 

Year 
Techniques Used Research Gap Identified Outcomes 

Agostinelli et al. 

(2020) 
Systematic Review, Statistical Analysis 

Lack of automated failure detection in 

self-healing RPA systems 

Proposed integration of machine learning for 

real-time detection and correction 

Rizk et al. 
(2021) 

Machine Learning, Predictive Modeling 
Need for improved predictive accuracy 

in real-time monitoring 
Developed a predictive model for fault detec-

tion in RPA systems 

Gomes et al. 

(2022) 
Comparative Analysis, Case Studies 

Insufficient integration of AI for dy-

namic system correction 

Highlighted the importance of AI for self-

healing and adaptive systems 
Anitha et al. 

(2021) 

Literature Review, Experimental Vali-

dation 

Need for real-time detection tools to 

handle multi-failure scenarios 

Proposed a hybrid approach integrating ML 

and AI for complex failures 

Chakraborti et 
al. 

(2020) 

Statistical Modeling, Simulation 
Inadequate models for failure detection 

in self-healing systems 

Suggested a robust framework to optimize 

RPA systems' failure recovery 

Syed et al. 
(2020) 

Case Study, AI Algorithms, Simulation 
Lack of real-time failure correction 

methods 
Proposed real-time failure detection with neu-

ral networks 

Van der Aalst et 

al. 

(2021) 

Process Mining, Data Analysis 
Inadequate real-time correction tech-

niques 

Presented advanced techniques for failure 

detection in RPAs using process mining 

Moffitt et al. 

(2019) 
Survey, Data Mining 

Limited research on fault tolerance in 

RPA systems 

Reviewed fault-tolerant RPA systems and their 

limitations 
Aguirre and 

Rodriguez 

(2021) 

Data Analytics, Real-time Feedback 
Insufficient automation in real-time 

correction 
Proposed advanced real-time self-healing 

architecture for RPAs 

Lacity and Will-

cocks 

(2020) 

Systematic Literature Review, Bench-
marking 

Need for greater scalability in self-
healing RPA systems 

Identified barriers to scaling and suggested 
improvements in architecture 

Trivedi et al. 

(2021) 
Algorithm Development, Simulation 

Gaps in understanding failure propaga-

tion and fault isolation 

Developed a machine learning framework for 

fault isolation in RPAs 

Yu and Chen 
(2020) 

Comparative Study, Case Study 
Lack of adaptive self-healing models 

for unpredictable failures 
Introduced an adaptive machine learning mod-

el to address unpredictable faults 

Kumar and Jain 
(2022) 

Machine Learning, Predictive Analytics, 
Experimental Validation 

Lack of seamless integration between 
failure detection and correction 

Proposed a seamless integration framework for 
predictive fault correction in RPAs 

Schmitz and 

Bauer 
(2021) 

Knowledge Graphs, Domain 

Knowledge Integration, Logic Reason-
ing 

Lack of self-healing and root cause 

investigation in RPA systems 

Developed AutoGraph for dynamic failure 

detection and remediation in supply chains 

Zhang et al. 

(2021) 

Reinforcement Learning, Q-learning, 

Markov Decision Process 

Insufficient adaptability and real-time 

recovery strategies 

Demonstrated a 60% faster recovery time 

using RL in customer service RPA bots 
Banerjee et al. 

(2022) 

Cloud-based Architecture, Edge Com-

puting, Decision Trees 

Lack of real-time failure detection and 

predictive analytics 

Developed a hybrid system achieving 95% 

uptime with reduced interventions 

Nguyen and Le 
(2020) 

Transfer Learning, BERT, Text Classi-
fication 

Need for intelligent self-healing with 
limited data 

Achieved over 88% accuracy in failure predic-
tion with less data input 

Romero et al. 

(2022) 
Blockchain, Smart Contracts 

Lack of transparency and audibility in 

self-healing systems 

Integrated blockchain for enhanced auditability 

and tamper-proof recovery 
Ahmed et al. 

(2021) 
SHAP, XGBoost, Operational Logs 

Lack of explainability and transparency 

in failure prediction 

Developed an interpretable ML framework for 

failure prediction in RPA systems 

 

It is essential to review the ethical consequences and transdisciplinary dimensions of developments such as self-healing robotic process 

automation (RPA) systems that evolve to incorporate more machine learning (ML) mechanisms for automated operations. The ethical 

dilemmas of deploying autonomous bots in domains that are highly regulated, such as healthcare, financial services, and law, raise the 

most critical ethical issues based on accidental consequences in relation to erroneous or opaque decisions that can cause egregious harm 

or potentially liability (Mittelstadt et al., 2016). Self-healing bots, for example, may unintentionally react according to distorted input or 

unexpected edge cases, hence creating errors or failures that are difficult to identify and audit. Therefore, ensuring responsibility and 

trustworthiness can be achieved by employing foundational concepts of Explainable AI (XAI), openness, and explainable ML models 

(Doshi-Velez & Kim, 2017). 

Furthermore, multidisciplinary approaches are essential for advancing the design and implementation of safe and ethically responsible 

RPA systems.  From a Human-Computer Interaction (HCI) perspective, a more human-in-the-loop design entails allowing human opera-

tors to monitor, interface, suggest, or reject automated choices, potentially allowing for safer and confident use of RPA (Amershi et al., 
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2019). Cybersecurity is equally important in supporting the robustness of RPA systems, as cyber defenses must be in place to counter the 

increased attack surface and exploitability. Previous studies on safe data pipelines, defensive architecture, and anomaly detection for 

secure ML deployment (Papernot et al., 2018) highlight the realization that each of these elements must be in place to be able to respond 

to hostile interventions.  While RPA moves toward a more autonomous paradigm, there is a need to include the ethics and proactive pro-

tections from disciplinary constructs that do not simply put efficiency as the primary objective, but at the same time are transparent, safe, 

and socially responsible.  

3. Research Questions 

RQ1: Ethnic Conflicts and Security Strategies: What effects do ethnic variations have on national defence systems? 

RQ2: What are the key technical and organizational challenges in adopting ML-based self-healing RPA systems, and how can these be 

addressed? 

RQ3: How can machine learning techniques be integrated into RPA to enable autonomous detection, diagnosis, and correction of fail-

ures in real time? 

4. Research Objectives:  

I. Identify and analyze the common failure points in traditional RPA systems that hinder automation continuity and performance. 

II. To classify and evaluate different ML approaches, such as supervised learning, unsupervised learning, and reinforcement learning, 

based on their effectiveness in enabling self-healing capabilities. 

III. To explore the integration of machine learning techniques for real-time failure detection, diagnosis, and correction in RPA work-

flows. 

5. Review Layout  

Digital processes are being transformed by the inclusion of machine learning (ML) into Robotic Process Automation (RPA), hence ena-

bling self-healing capabilities. Table and graph accompaniments help to provide a greater understanding of the thorough study of current 

approaches, difficulties, and trends below. 

 

 
Fig. 3: Comparison of ML-Based Failure Detection Accuracy in RPA Systems 

 

Figure 3 shows the comparison of earlier research studies and several artificial intelligence-based systems' failure detection accuracy. 

Strong performance was shown by Ali et al. (2023) and Mehta et al. (2023), with respective accuracy rates of 92% and 91%. These re-

sults imply that their approaches were both contemporary and successful. Zhao et al. (2021) recorded the lowest accuracy at 86%, which 

would represent the restrictions of previous approaches or models. These more conventional methods seemed to be limited by strict logic 

structures, which would have prevented their capacity to generate accurate results. With an accuracy of 89%, Singh (2022) displayed a 

medium ground and highlighted two rather clear performance shortcomings. The graph's data shows generally that technological devel-

opments have helped to improve accuracy in failure detection systems, therefore progressively increasing their dependability in spotting 

faults. 

Table 2 arranges many machines learning (ML) approaches in line with their functions in improving the RPA system's self-healing ca-

pacity. For example, unsupervised learning helps identify hitherto undetectable abnormalities; supervised learning may be used to cate-

gorize known failure types using past data. Learning from real-time interaction and feedback, which is perfect for contexts needing con-

stant adaptation, reinforcement learning enhances bots. Handling challenges, dynamic UI features and cross-domain scalability calls both 

deep learning and transfer learning rather respectively. This illustrates that a strong, intelligent RPA system requires many ML paradigms. 
 

Table 2: Machine Learning Techniques for Self-Healing in RPA 

ML Technique Function Application in RPA Advantages 
Ref. 

No. 

Supervised Learning Learns from labeled failure data Classifying known failure types 
High accuracy for known scenari-

os 

[37] 

Unsupervised Learn-
ing 

Identifies unknown patterns without 
labeled data 

Detecting novel anomalies in work-
flows 

Can adapt to unknown situations 
[38] 

Reinforcement Learn-

ing 
Learning from feedback and rewards 

Dynamic decision-making in failure 

recovery 

Improves overtime through trial 

and error 

[40] 

 

Deep Learning Processes high-dimensional data 
Visual UI change detection, semantic 

matching 

High accuracy for complex pat-

terns 

[41] 

Transfer Learning 
Applies knowledge from one domain to 

another 
Scaling RPA solutions across process-

es 
Reduce training time 

[43] 
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Table 3 closes the gap between the ML solutions meant to solve typical RPA failure types and their causes.  For instance, conventional 

bots fail when a UI element changes because of a website redesign; yet ML methods such as deep learning and natural language pro-

cessing (NLP) may spot the new components based on visual or semantic similarities.  By using categorization and anomaly detection 

algorithms, API failures or data format problems may be minimized.  The requirement of tailored, context-aware learning models in RPA 

systems is highlighted by the alignment of failure kinds with certain ML techniques. 

 
Table 3: Categories of RPA Failures and ML-Based Solutions 

Failure Category Cause ML Solution Technique Used 
Ref. 

No. 

UI Element Change DOM structure or label modification Visual recognition and semantic mapping Deep Learning, NLP [31] 
API Response Failure Unexpected API schema or timeout Error classification and retry logic Supervised Learning [32] 

Data Format Change Change in input/output data structures Anomaly detection and transformation logic Unsupervised Learning [33] 

System Downtime Service unavailability Predictive failure alert Time Series Forecasting [34] 
Business Rule Violation The logical condition is no longer valid Rule retraining using contextual cues Reinforcement Learning [35] 

 

Comparative Table 4 shows how different top RPA systems embrace ML integration and self-healing capabilities. Native artificial intel-

ligence/machine learning technologies included in UiPath and Automation Anywhere enable real-time bot correction. While Blue Prism 

offers quite limited out-of-the-box ML capabilities, Microsoft Power Automate shines in ML pipeline integration via Azure. This chart 

shows the state of tool capability right now and guides companies in selecting platforms depending on their self-healing needs. 

 
Table 4: Comparison of Commercial RPA Platforms with Self-Healing Capabilities 

Platform Self-Healing Feature ML Integration Explainability Support 
Ref. 

No. 

UiPath Auto-retry, UI element fallback Built-in AI Center Moderate [31] 

Automation Anywhere Bot Insight, IQ Bot ML/NLP integration High [36] 
Blue Prism Decentralized digital workers Third-party ML support Low [34] 

Microsoft Power Automate Integration with Azure ML Seamless ML pipeline High [37] 

Kryon Process Discovery with auto-repair AI-based process mining Moderate [38] 

 

Table 5 relates real-world constraints identified in RPA that prohibit perfect self-healing from suitable ML solutions. Active learning, for 

example, allows the model to search the user for the most instructive examples, therefore addressing a shortage of labeled training data.  

Transfer learning may adapt models to new processes to manage generalization problems.  Using lightweight ML models and explaina-

ble artificial intelligence solves issues like real-time responsiveness and poor faith in automation correspondingly. The table offers a road 

map for conquering important obstacles by using focused ML techniques.  

 
Table 5: Challenges in Self-Healing RPA and Potential ML Solutions 

Challenge Impact on RPA Potential ML Solution Technique 
Ref. 

No. 

Lack of labeled training data Inaccurate predictions 
Active learning, semi-supervised 

models 

Supervised + Active Learn-

ing 

[31] 

Workflow generalization Poor transfer across use cases Transfer learning, meta-learning Transfer Learning [32] 
Real-time responsiveness Latency in error correction Lightweight models, edge inference Reinforcement Learning [35] 

Low user trust in automation Resistance to bot autonomy Explainable AI (XAI) 
Model-agnostic explana-

tions 

[33] 

Integration with legacy sys-

tems 

Slow deployment and performance 

issues 

Middleware and hybrid learning 

layers 
Federated Learning 

[43] 

 

Table 6 lists the numerical criteria required to evaluate the self-healing RPA systems' performance.  Directly assessing how successfully 

the system detects and fixes problems is are metrics that include Recovery Success Rate and Failure Detection Accuracy. Downtime 

Reduction evaluates operational efficiency, whereas Time-to-Recovery (TTR) does. User Intervention Frequency lastly gauges the de-

gree of human interaction still needed; lower numbers indicate more autonomy. Benchmarking and justification of expenditures in self-

healing RPA systems depend on these measures.  

 
Table 6: Performance Metrics in Self-Healing RPA Systems 

Metric Description Relevance Ref. No. 

Failure Detection Accuracy Correctly identifies failures based on real-time data Measure’s reliability [31]  

Time-to-Recovery (TTR) Time taken to autonomously fix a detected failure Indicates efficiency [32]  

Recovery Success Rate Percentage of successfully corrected failures Reflects system robustness [33]  
Downtime Reduction (%) Decrease in bot/process downtime due to automated recovery Demonstrates business value [41]  

User Intervention Frequency Number of manual interventions required per 100 bot runs Indicates level of autonomy [37]  

 

 
Fig. 4: Trend of ML Approaches in RPA Self-Healing (2015–2025) 



International Journal of Basic and Applied Sciences 359 

 
Figure 4 shows the trend of the implementation of machine learning techniques for self-healing in RPA between 2015 and 2025. The 

graph shows a clear rising trend that emphasizes the previous decade's growing dependence on ML technology. Beginning with only a 

few methods in 2015, the estimated 60 ML techniques used in RPA systems by 2025 will come from. Driven by the need for intelligent 

automation adept at real-time failure detection and autonomous repair, this rise indicates increasing research interest and practical ac-

ceptance. The trend emphasizes how transforming machine learning is in enabling RPA systems to be stronger, flexible, and capable of 

running with less human interaction. Figure 4 generally shows not only the quantitative increase in ML applications but also qualitatively 

emphasises the changing function of machine learning—from auxiliary support tools to fundamental components in building autonomous, 

self-healing RPA ecosystems. Reiterating the need for multidisciplinary cooperation for sustainable development, the acceleration trend 

points to further deeper integration of artificial intelligence, including ethical AI governance, model explainability, and cross-domain 

adaptation, suggesting the next frontier. 

6. Conclusion 

The integration of machine learning into Robotic Process Automation has marked a significant step toward the development of intelligent, 

self-healing systems capable of addressing runtime failures autonomously. This review has examined the current landscape of self-

healing RPA solutions, highlighting a wide range of machine learning approaches, ranging from anomaly detection and predictive analyt-

ics to deep learning and reinforcement learning, that enable real-time failure detection and correction. While these advancements have 

shown promising results in enhancing the robustness and adaptability of RPA workflows, several challenges remain, including limited 

training data, model interpretability, and the need for domain-specific tuning. Despite these challenges, the trajectory of research and 

innovation in this field points toward increasingly autonomous and context-aware RPA systems. Future work should focus on hybrid 

models that combine symbolic reasoning with data-driven learning, improved human-in-the-loop mechanisms, and scalable architectures 

capable of handling dynamic enterprise environments. By addressing these gaps, self-healing RPA systems can become a cornerstone of 

resilient digital transformation strategies, ensuring business continuity even in the face of uncertainty and change.  
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