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Abstract 

Background: The high rate of user interface (UI) and source code changes in contemporary software 

development resulted in automated testing failures that augmented maintenance expenses and 

decreased the usefulness of automated testing. The current tools need regular updating by manual 

means, which is ineffective and expensive. Purpose: To present the Adaptive Scriptless Behavior-

Driven Development (BDD) Automation Framework with Self-Healing Intelligence, which is an 

artificial intelligence (AI) and machine learning (ML)-driven framework of automatic test failure 

detection and resolution based on UI drift, broken locators, or timing. Approaches: The framework 

uses dynamic locator approaches, adaptive test generation, and reinforcement learning to allow 

updating test scripts in response to application changes. Such a self-healing feature will minimize 

human intervention and reduce maintenance expenses. An experimental case study was conducted 

in order to assess the performance of the framework in a practical context. Findings: The framework 

demonstrated significant advances in automated testing, such as a 30% drop in maintenance speed, 

reduced number of resources to update tests, a 25 % reduction in total cost of testing since less 

manual effort is needed, and a 40 % rise in stability of the test suites, which can execute its tests 

more reliably and with greater accuracy despite the presence of changes to the application. 

Conclusions: The Adaptive Scriptless BDD Automation Framework with Self-Healing Intelligence 

goes a long way to improving the flexibility, scalability, and efficiency of automated testing. It 

enhances the speed of testing, saves costs, and adds confidence in the quality of software, and is 

therefore valuable for ensuring high-quality standards in dynamic software landscapes. 

Keywords: Self-Healing Test Automation, Behavior-Driven Development (BDD), Adaptive 

Framework, Artificial Intelligence, Machine Learning, Test Automation, Dynamic Locator 

Identification, Reinforcement Learning. 
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1 Introduction 

1.1 Background 

Automated testing has ceased to be a luxury and has become essential to the software delivery engine to 

ensure a high level of quality is maintained, and the agile sprints and continuous CI/CD pipelines are 

kept up-to-date (Kumar et al., 2023). They can reduce the impact of unavoidable slowdowns from 

manual verification by providing a complete suite of embedded tests before each commit (Mosleh et al., 

2024). Faults that will be exhibited in real-time later in the cycle, and the integrity of the system will be 

checked with every commit. The rate of stresses generated by architectural mass, constant refactoring, 

and evolving user interfaces routinely portrays the fragility of the traditional test systems (White & 

Sanchez, 2023). That brittle nature in production implies that all other test cycles are deliberately slowed 

down, never to repeat blind spots again, swelling technical debt, effectively making most decisions 

generationally as to how to answer questions of failure, and each new failed test is retrofitted more costly 

than the previous one (Sharma & Kumar, 2023). 

1.2 Problems of Traditional Test Automation 

Although the traditional approach of test automation has certain advantages, that value is decreased very 

slowly as each time a team adds new UI elements or even a minor modification in the component-

oriented layered architecture (Kumar & Patel, 2019). Minor changes, like the person who wraps the 

component in which the DOM node, pie chart insertion, or calling a button relabeling make once-passive 

scripts as an old bicycle tire, and eventually it disintegrates. Testers experience the pleasure of having to 

reassemble the brittle artifact that has been disrupted by the cryptic locators, long waiting times, and 

deteriorated APIs, in which the real benefits of automation are covered by maintenance workload rather 

than the runtime benefits the savings were meant to provide (Srinivas & Goel, 2025). Even fully modular 

test suites in legacy models are no longer simple to do once they have been brought into the pattern 

expected of a well-coordinated brain of mapping, to dozens of newly-introduced microservices, the 

same-day migrations previously uncoordinated, which might have been incoherent a decade ago (Gupta 

& Iyer, 2023). The ever-present requirement of change creates a repair backlog, which times downfield 

minimal automation to minutes per test, as well as teams that become terrorists against weeks-long-

cadences and, until considerable coverage is established, define every weak suite as pre-maturely 

imploding on the sign of a banner-release, developers and QA adjust an agreement that clears up much 

mistaken time-spent -time, this time, post-action (Imhmed et al., 2023; Moravej et al., 2015). 

1.3 Usage of Behavior-Driven Development (BDD) 

The behavior-driven development (BDD) has become a multidisciplinary approach that streamlines 

automated testing due to its continuous collaboration (Nippatla & Palanisamy, 2020; Itkonen et al., 

2009). Such frameworks as Cucumber enable the teams to write executable specifications in everyday 

language, closing the gap between the code writers, quality engineers, and product advisors. With a 

single source of criteria visible to everyone, the room for misunderstanding shrinks, and the tests remain 

anchored to actual business objectives. Nevertheless, the job of continuously refreshing the 

specifications does not dissolve. As UI components are redesigned and the application undergoes 

architectural tightening between sprints, specific step definitions will fail, undermining the tight 

coupling BDD was meant to foster. 
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1.4 The Emergence of AI and ML in Test Automation 

Improvements in artificial intelligence (AI) and machine learning (ML), both of which are now breaking 

through the boundaries of traditional test automation and inventing a brand-new territory of value - the 

catalyst for this evolution is a self-healing automation practice that is emerging now (Alonso et al., 

2021). A self-healing toolkit can recognize, assess, and fix test failures due to visual and structural 

changes in an application (without human intervention or oversight) (Thummalapenta et al., 2012). Self-

healing automation draws upon AI and ML methodologies that test automation relies upon, including 

dynamic locator retrieval, deviation tracking and monitoring, and dynamic changes relying on 

reinforcement-learning strategies, which respectively provide automation the capacity to continue 

adapting on-the-fly as the application is updated (Shah & Patel, 2022). In practical terms, the testing will 

be resilient, agile, and require significantly less manual maintenance by human subject matter experts 
(Gadwal & Prasad, 2020). Additionally, faster self-healing allows for less time lag between the act of 

coding and confirmation of the code change, creating a trajectory of fewer cycles and release time, and 

confidence in quality (Matsuzaka & Yashiro, 2023). 

1.5 Research Gap 

Although research continues to enhance self-healing testing infrastructures powered by artificial 

intelligence, production constraints within large-scale and complex software are still limiting scalability 
(Pham et al., 2022; Gami & Balogun, 2025). Existing implementations demonstrate a core level of 

brittleness: they synthesize pre-mapped deviations, do not generate context-dependent recovery scripts, 

and cannot generate fixture logic as the production behavior changes (Padhye & Shrivastav, 2024). Thus, 

there is an untapped, but interesting research opportunity to develop a behavior-sensitive, script-free 

Behavior-Driven Development (BDD) environment with self-healing intelligence, integrated. The 

integration eliminates the limits caused by manual upgrades to the script, enhances elasticity due to 

heterogeneous modules, and offers constant resilience despite the continuous changes in features. A 

combination of such methods can only add nearly linear overhead in calibration, but still predictability 

in the time of the runtime predictability. 

1.6 Objectives and Contributions 

This study introduces the Self-Healing BDD Automation Framework, which is free of explicit scripts 

and was created in a context to remove habitual restrictions that can be observed in the present testing 

environment (Deng et al., 2025). Combined with the state-of-the-art paradigms in the field of artificial 

intelligence and machine learning, the framework detects faulty test sequences and has the ability of 

self-healing in case of variations in user-interface displays or even engineering logic, thus reducing the 

maintenance effort (which is traditionally perceived to be heavy on engineering staff). The significant 

findings of the study are:   

• The use of learning by reinforcement to learn and make decisions regarding executions on a test 

case in real time that produces an adaptive distribution of executions with contextual variances 
(Villacis et al., 2024). 

• Development of a self-healing architecture that preserves the syntactic and semantic integrity of 

Behaviour-Driven Development suites, despite the upstream changes.   

• Having gone through an intensive empirical review that justifies the capability of the framework to 

enhance the reliability of suites, reduce maintenance latency, and cut the cost of testing. 
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The paper is structured as follows: Section 1 describes the problems with automated testing, Section 

2 presented the Adaptive Scriptless BDD Automation Framework with Self-Healing Intelligence, 

Section 3 is the description of the methodology using AI and ML to adjust the automated tests, Section 

4 is a case study with several key findings the reduction of the maintenance velocity is by 30 percent, 

the cost of testing will be decreased by 25 percent, and test stability is improved by 40 percent, and the 

final Section is a conclusion about the effect of the framework on the efficiency of testing.  

2 Literature Review 

2.1 Test Automation in Software Development 

Automated testing is an essential part of modern software-delivery pipelines that reduces calendar time 

between development and production while still retaining the same consistency of quality (Kumar, 2023; 

Lopes de Souza et al., 2021). Automated testing is often accomplished using established tools like 

Selenium and Cucumber (Schäfer et al., 2023). Both tools are entrenched in the market because they are 

mature technologies with established architectures and extension possibilities. Selenium provides a 

complete set of utilities for browser orchestration out of the box, supports bindings to various 

programming languages, and targets a wide range of browsers. At the same time, some of the costs of 

Selenium having static locators and explicit, synchronizing waits are that many test cases can be 

challenging to maintain; just a slight change in the user interface can cause multiple scripts to break and 

lead to brittle results and broken environments.  

Cucumber realizes the ideas of Behavior Driven Development (BDD); stakeholders (product owners, 

quality engineers, and developers) can collaborate and write business scenarios in the Gherkin language, 

which also has a regular sentence structure to read by technical and non-technical stakeholders. Since 

Cucumber associates executable specifications with source code, Cucumber provides evidence that 

implemented behavior is meeting the business requirement specifications, which provides traceability. 

Nonetheless, with Cucumber and Gherkin, there is just some unnecessary overhead; there are so many 

steps associated with complicated browser actions that scenarios can become extremely long, and with 

test suites, they can become rigid, oligarchic artifacts that make it difficult for developers to realize 

domain-specific conventions (Jalil et al., 2023). 

2.2 AI in Test Automation 

Integrating artificial intelligence and machine learning techniques into test automation tools is gradually 

mitigating persistent drawbacks offered by monolithic legacy architectures (Patel, 2024). Rather than 

relying on brittle, manually coded scripts, emerging frameworks automatically adapt to changes to the 

application under test, thereby teaching decision heuristics to stop relying so much on manual 

intervention from oversight teams (Battina, 2019).   

Various Related Features are Contained in the Innovation Portfolio 

• Dynamic Locator Discovery: The components of the ML-infused layer use libraries of UIs temporally 

indexed to find vectors of variance, meaning a continuous targeting of candidates whose structural 

properties have evolved during aggressive UI updates (Rajesh et al., 2024). This will improve the 

damage these test representations can take, as well as avoid the repetitive naming/renaming and 

rewiring that are frequently done by the automation authors of such situations (Subramanya et al., 

2022). 
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• Intelligent Waiting Machines: Valueless, traditionally brief, static hard-coded waits are replaced by a 

discrete observatory that points at the appropriate Telemetry streams; synthesized predictions of the 

necessary log latencies reduce the otherwise ubiquitous flapping wavelengths and alleviate the global 

throughput (Theunissen et al., 2022).   

• Anomaly Detection: This is an inexpensive AI receiver that lives and works within the live telemetry 

loop and conjugates unsupervised, feature-based metric signatures, which deliver a lightweight alerting 

channel that premedicates and classifies transient divergences, thereby providing the testing team with 

situational precognition of possible failure (Ng et al., 2021).   

These capabilities, as a whole, include support of a self-healing testing architecture. Searching and 

narrowly fixing repeatedly and automating remedial injections of test faults lead to single-test 

verifiability (Alshahwan et al., 2024). The maintenance costs are thus reduced, and the meaningful 

analyst time is again sent towards exploratory analysis and value engineering. In general, the consistency 

of the composite automation pipeline is enhanced to a considerable degree (Mughal, 2024). 

2.3 Current Gaps and Problems 

Although a positive step has been taken within the framework of AI-based Test Automation, the list of 

captivating boundaries is long:   

• Scalability: AI/ML applications to large, highly complex applications that have variable user interface 

layouts are also currently expensive and costly to process, which cannot be accomplished with current 

infrastructure (Pelluru, 2024).   

• Transferability: AI models used to test do not always have good performance in cross-application and 

cross-execution environment operations; models that are trained on a low-defined dataset tend to have 

a severe performance decrease when applied in out-of-sample settings (Chandrika, 2023).   

Reliability Self-healing capabilities will lower the maintenance cost in the long term, but a bad self-

healing architecture may lead to the spreading of new defects, concealment of old defects, and creation 

of misleading test results.   

To address these constraints, test automation architectures should be adaptive, elastic, and resilient, 

and take advantage of the ability of AI/ML capabilities to a much greater degree (Jalilian & Mahmudova, 

2022). 

3 Methodology 

3.1 Introduction to BDD Automation Framework and Self-healing Intelligence 

The Behavior-Driven Development (BDD) Automation Framework is able to express and transfer the 

specification to executable verification in a consistent manner due to its structuring of dialogue between 

developers, testers, and stakeholders. The verbal base is Gherkin, which, with its simple, natural syntax, 

allows everyone to speak the same language, thus largely avoiding semantic drift. Cucumber handles 

orchestration, where Gherkin scenarios in living documentation are tests that are executable, so that it 

can easily call the test infrastructure, whilst still having a meaningful abstraction that makes business 

sense. 

The Self-Healing Test Automation Framework proposed is based on this premise, but incorporates 

AI and machine learning into the mantle of test-maintenance. In case of an expectation failure in a 
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Gherkin step due to some rearrangement of items in a dropdown, renaming a button, or replacement of 

an anchor tag, the self-healing engine intervenes. The machine does not require a human re-recording 

stage or locator files; the machine checks rewrite candidates with each candidate being compared to 

historical and real-time evidence to create an accurate, long-lasting fix, therefore reducing the feedback 

times and hate-it-later work.   

The healing engine, working on proprietary AI and ML models, learns patterns on execution logs, 

prototype repair, and scores on confidence, which would require a seasoned tester to spend time and 

cognitive effort on such activities. The outcome is a self-regulating test suite that reacts to the 

evolutionary stresses of the codebase on a continuous basis so that resources are redirected to human 

ingenuity to seek new acceptance criteria instead of seeking broken wires. 

3.2 Framework Architecture 

 

Figure 1: Architecture framework 

Figure 1 is a conceptual design of a BDD Automation Framework that is enhanced with Self-Healing 

Intelligence. The BDD Automation Framework is located in its centre and uses standard BDD artifacts, 

with Gherkin Feature Files specifying what should be done, Step Definitions specifying how the 

specifications are implemented, and a Test Runner (e.g., Cucumber) coordinating the execution. The 
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characteristic of this design is the AI/ML Self-Healing Intelligence, which is an observatory overlay 

loosely coupled to the fundamental structure. Under this Module, two innovations can be identified as 

the main ones: Element Locator Strategy Optimizer, which automatically country-proofs changes to the 

application web elements, and the Automated Test Case Refactoring engine, which rewrites unstable 

steps of execution at the time of detecting domain drift. With these functions, the framework can be used 

to evolve in situ change in a particular application being tested, and it can also be used to ease the manual 

overhead of having a viable test suite. The entire architecture is a concrete demonstration of the effect 

of applying artificial intelligence to an otherwise effective BDD Automation Strategy in order to boost 

transactional resistance and ROI. 

The BDD Automation Framework, which is powered by Self-Healing Intelligence, revolves around 

a contextually conscious, discipline-oriented framework that has been designed to be extensively 

developed on a continuous basis. The following are the main components of the structural model: 

• BDD Test Scenarios: A scenario in Gherkin syntax is a scenario of how the application is expected to 

behave in a nomenclature that domain experts can interpret. Cucumber engine links anticipated 

behavior specifications with the concurrent automation code and executes Gherkin specifications as 

single behaviors. 

• Test Executor: The Executor coordinates the running of BDD scenarios, which helps in connecting 

defined specifications and the application being tested, and the results are verified against the expected 

behavior gradient.   

• Monitoring Agent: The Agent will be continuously watching the execution of the tests, identifying and 

indicating the violation of the prescribed workflow. 

• Error conditions - the expired locator reference or the non-presence of a graphic control are examples 

of such situations that are intercepted, and at this point, the context of the failure is captured by the 

runtime before being forwarded to the Self-Healing Module to be remedied. 

• Scalability: This can be easily scaled to additional failures due to the advanced AI/ML used in the 

Module.  

It is based on the following core functionality: 

• Dynamic Locator Identification: In this strategy, changes in the characteristics of UI controls: ID, 

XPath, or complementary attribute will be identified and automatically adjusted to meet the new 

structural reality. 

• Adaptive Waiting Engine: machine-learning solutions consider real-time information and adjust the 

idle time at each phase of test runs, to minimize delays and ensure that all jobs remain on schedule 

with the rest of the schedule. 

• Reinforced Execution Engine: The reinforcement-learning models are used to optimize the run-order 

and prioritization strategies in replaying past cycles, wherein the system is toward incrementally 

increasing the suitability of each of the tests and also in favoring those trends over time that reduce the 

number of script failures. 

• Outcome Summary Builder: Outcome Summary Builder stores end-of-run traces, packages them into 

a formatted report, indicating all the tests that were changed, the exact patches applied, the resulting 

execution of the patches, and finally, the end result of the pass/fail status of the tests. 
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3.3 Mathematical Model for Dynamic Locator Identification 

An optimization problem whose goal is to reduce the variance between the anticipated and observed 

locators of the UI elements can be phrased as dynamic location identification. To formalize the problem, 

these definitions will be introduced: 

Expected: Set of expected element locators based on the initial test case. 

Eactual: Elements that are actually located during the test run. 

Δloc: Difference function that measures the change between the expected and actual locators. 

The dynamic locator identification can be modeled as the following optimization problem: 

𝒎𝒊𝒏 ∑ ∆𝒍𝒐𝒄(𝑬𝒆𝒙𝒑𝒆𝒄𝒕𝒆𝒅,𝒊, 𝑬𝒂𝒄𝒕𝒖𝒂𝒍,𝒊)
𝒏
𝒊=𝟏     (1) 

Where: 

• In Equation (1) Δloc can be defined as a distance metric, such as Levenstein distance, between the 

old and new locators, or a pattern recognition algorithm in the case of dynamic attributes. 

• n is the number of locators that need to be adjusted in the script. 

This difference should be reduced to ensure that the test scripts do not have to be updated manually 

in order to accommodate the changes in UI. 

3.3.1 Distance Metrics Formulae 

• Levenstein Distance 

The Levenstein distance is one of the classes of methods that are used to quantify the distance between 

two strings (e.g., locator strings), and is a calculation of the number of single-character edits (either 

insertions, deletions, or substitutions) that are necessary to transform one string into another. A difference 

between the expected locators and the actual locators can be measured by this distance. 

∆𝑙𝑜𝑐= 𝐿𝑒𝑣𝑒𝑛𝑠ℎ𝑡𝑒𝑖𝑛 (𝐸𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 ,  𝐸𝑎𝑐𝑡𝑢𝑎𝑙)  (2) 

Where: 

• In Equation (2), d is the number of dimensions (e.g., x and y coordinates for a location or other UI 

attributes). 

• Eexpected, and Eactual are the i-th dimensions of the expected and actual locators, respectively. 

∆𝑙𝑜𝑐= √∑ (𝐸𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑,𝑖 − 𝐸𝑎𝑐𝑡𝑢𝑎𝑙,𝑖)
2𝑑

𝑖=1    (3) 

Where: 

• In Equation (3), d is the number of dimensions (e.g., x and y coordinates for a location or other UI 

attributes). 

• Eexpected, i and Eactual, i are the i-th dimensions of the expected and actual locators, respectively. 

3.3.2. Optimization Objective 

The goal of the optimization problem is to minimize the difference between the expected and actual 

locators. The objective function becomes: 
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𝑚𝑖𝑛 ∑ ∆𝑙𝑜𝑐(𝐸𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑,𝑖, 𝐸𝑎𝑐𝑡𝑢𝑎𝑙,𝑖)𝑛
𝑖=1  (4) 

As shown in Equation (4), the tests will be able to run even in situations where the framework alters 

locators during runtime because the UI has already been changed. 

3.4 Formulae for Metrics 

To quantify the performance of the self-healing framework in a quantitative manner, we focus on two 

key values: Script Maintenance Time and Defect Detection Rate. By the following formulas, these 

metrics can be measured: 

3.4.1. Script Maintenance Time 

Script Maintenance Time (SMT) refers to the time during which the test scripts must be maintained and 

updated because of changes in UI. Using Equation (5), it is possible to calculate the average 

maintenance time using the formula below:   

𝑆𝑀𝑇 =
∑ 𝑇𝑖𝑚𝑒 𝑡𝑜 𝑈𝑝𝑑𝑎𝑡𝑒 𝑇𝑒𝑠𝑡 𝑆𝑐𝑟𝑖𝑝𝑡𝑖

𝑛
𝑖=1

𝑛
g  (5) 

Where: 

Time to Update Test Script𝑖 is the time taken to update each test case script due to UI changes. 

n is the number of test scripts that need updating. 

3.4.2. Defect Detection Rate 

The Defect Detection Rate (DDR) is a measure of the rate of malfunctions (missed timing or broken 

locators) that the framework detects during the testing process. It is provided by: 

𝐷𝐷𝑅 = (
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐷𝑒𝑓𝑒𝑐𝑡𝑠 𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐷𝑒𝑓𝑒𝑐𝑡𝑠
) × 100                        (6) 

Where: 

Equation (6) shows the number of defects found by the framework when the test is being executed. 

The number of defects is the number of defects in the application under test. 

The higher DDR, the more sufficient is the fact that the framework is more effective at recognizing 

the problems, which is one of the most critical outcomes of applying the self-healing processes relying 

on AI and ML. 

3.4.3 A Self-Healing Algorithm in the Mathematics Model 

The self-healing algorithm consists of two key processes, namely Failure Detection and Test Script 

Repair. 

Failures, Identification and Management 

It is possible to determine what has gone wrong (loose locators, timing issues, and so on) by using the 

Failure Detection feature. This may be represented by the use of a decision function that verifies 

particular types of failures: 
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𝐹𝑎𝑖𝑙𝑢𝑟𝑒 𝑇𝑦𝑝𝑒 = {

𝐿𝑜𝑐𝑎𝑡𝑜𝑟 𝐼𝑠𝑠𝑢𝑒    𝑖𝑓 𝑙𝑜𝑐𝑎𝑡𝑜𝑟 𝑛𝑜𝑡 𝑓𝑜𝑢𝑛𝑑
, 𝑇𝑖𝑚𝑖𝑛𝑔 𝐼𝑠𝑠𝑢𝑒    𝑖𝑓 𝑡𝑖𝑚𝑒𝑜𝑢𝑡 𝑜𝑐𝑐𝑢𝑟𝑠

, 𝑂𝑡ℎ𝑒𝑟 𝐼𝑠𝑠𝑢𝑒𝑠     𝑖𝑓 𝑢𝑛𝑘𝑛𝑜𝑤𝑛 𝑓𝑎𝑖𝑙𝑢𝑟𝑒 𝑜𝑐𝑐𝑢𝑟𝑠
  (7) 

This judgment feature classifies the failures based on the cause as shown in Equation (7). 

Maintenance and Modification 

The framework applies the most appropriate repair plan after determining the type of failure that 

occurred: 

▪ Fixing location Issues: The system corrects the test script with the identification of the correct 

element of the UI by pattern recognition, courtesy of the dynamic location identification method. 

▪ Fixing Timing Problems: The system employs intelligent waiting methods in order to dynamically 

update the wait times to ensure that the execution of the test is synchronized with the AUT. 

An illustration of the repair process may resemble the following:   

Updated Test Script=Repair Function (Failure Type, Test Script)    (8) 

Where: 

• The Repair Function identifies what type of failure there was and then applies the appropriate repair 

method. 

• Subsequently, the framework rewrites the test script and reroutes the test as shown in Equation (8). 

3.5 Algorithm for Self-Healing 

The self-healing process identifies and analyzes test scripts and corrects them through a two-step algorithm: 

The team must identify and address failures to prevent recurrence of similar mistakes and oversights by 

thoroughly assessing the open-source system's security requirements. 

3.5.1 Identifying and Treating Failures 

The team will need to identify and address any failures to avoid repeating those types of errors and 

omissions by making a comprehensive evaluation of the security requirements of the open-source system. 

An XPath that has changed because of the user interface changes or an operation that has stalled are 

possible failures that the Monitoring Agent can detect and call self-healing processes on. The basic 

approach would be to identify the nature of the failure, e.g., the locator is broken, or there is a problem 

in the synchronization, or any other deviation, as shown in Algorithm 1. 

Algorithm 1: All the failures are detected  

 

def detect_failure (test_step, AUT_state): 

    if test_step not found in AUT_state: 

        failure_type = 'Locator Issue' 

    Elif test_step failed due to timeout: 

        failure_type = 'Timing Issue' 

    return failure_type 
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• The Self-Healing Module activates the appropriate repair script upon identifying a type of failure: 

•  Dynamic Locator Identification: The unit smoothly modifies the test script to refer to the new locators 

by using pattern recognition to visually scan the current user interface for elements that suit the 

anticipated structure. 

• Reinforcement Learning: The RL agent is able to minimize the execution time and increase its 

reliability through the re-ordering of the actions it executes by monitoring the execution traces, since 

it can exploit more shortcuts and higher success rates that it has observed in the previous executions. 

An example of such a repair process can be shown in Algorithm 2. 

Algorithm 2: Repair test script 

 

3.5.2 Test Automation Flow 

• Test Execution: The Test Executor will start with the execution of the BDD test scenarios on the AUT. 

The Monitoring Agent is active to observe the process, collect information, and find potential failures. 

• Failure Detection: When a failure occurs, e.g., a broken locator or an accidental state of application, 

the Monitoring Agent logs the failure and sends it to the Self-Healing Module to be processed. 

• Self-Healing Inspection: under the paradigm, fault analysis is performed through the AI/ML 

component, with the Dynamic Locator Identification paradigm or a policy based on Reinforcement 

Learning being utilized to re-tune the operational validation strategy. 

• Rectification and Re-execution Testing: When a remedial action is laid down, the orchestrator 

introduces some modifications to the test item, after which the Test Executor runs the process using 

the modified item or asset. 

• Report Development: After the testing iteration, the Test Report Generator writes a cleanup log 

containing the record of corrective steps made, as well as the general report of the execution cycle. 

4 Result  

The authors introduce a novel behavior-driven development (BDD) testing architecture that can be used 

to provide a proposed definition of quality, through automated validation with recursive self-repair, using 

the principles of BDD, with the use of artificial intelligence and machine learning, where quality 

violations are self-detected, self-classified, and self-repaired based on the rules of AU(T) structural or 

semantic change. The other parts describe validation processes applied, compare measures to BDD 

Blueprints, and acquire evidence of the decision by ANOVA statistics to show the increased performance 

def repair_test_script (failure_type, current_test_script): 

    if failure_type == 'Locator Issue': 

        updated_script = update_locator(current_test_script) 

    elif failure_type == 'Timing Issue': 

        updated_script = adjust_wait_times(current_test_script) 

    return updated_script 
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efficiency of the architecture and its structure and consistency in the constantly changing software 

environment. 

4.1 Dataset and Methodology 

To assess the performance of the suggested framework, the Bugzilla Bug Reports Data were used as a 

primary benchmark of the experiment. This table has been assembled directly in the Bugzilla 

environment, and it contains the following essential attributes: a primary unique bug identifier, the 

assigned severity level, the current resolution status, a particular priority rating, and chronological time 

stamps. The data were summarized during the preprocessing phase, which involved the removal of 

duplicated data, imputation or removal of data that was not complete, and also categorization of the bug 

records into severity-labeled groups. The experimental architecture uses reinforcement learning 

techniques in order to prioritize and order test cases and is supplemented by a co-located anomaly 

detection component that tries to predict probable test failures and to minimize the time arrangement of 

the whole test execution sequence. 

4.2 Software Details 

The Self-Healing Intelligence Adaptive Scriptless Behavior-Driven Development (BDD) Automation 

Framework, based on Cucumber and Gherkin, facilitates the concept of Behavior-Driven Development 

(BDD), where the natural language specifications can be interpreted by both the technical and non-

technical stakeholders. The framework utilizes AI and ML to have dynamic locator strategies, automated 

test case generation, and a reinforcement learning engine to automatically adjust to the changes in the 

UI and optimize test execution. It is incorporated into CI/CD pipelines and provides real-time feedback 

and testing continuously. The self-healing intelligence of the framework will enable the automatic 

updating of the test scripts in case of UI drift or additional failures, which will decrease the maintenance 

expenses and manual labor. To be improved in the future, one can apply Natural Language Processing 

(NLP) to convert test scripts into automated ones and predictive learning to forecast a change in UI and 

logic. ANOVA is employed to statistically prove the workability of the framework with the 

benchmarking of the key measurements, such as defect detection rate, execution time, maintenance cost, 

and test coverage, with conventional models and AI-enhanced models. The ANOVA results (p-values 

less than 0.05) help to support the argument that the given framework is much more efficient in detecting 

the defects and reducing the costs compared to the current methods, proving that this framework could 

be used in real-life software settings and remains strong enough to work in a dynamic environment. 

4.3 Performance Evaluation 

The framework suggested was compared to previously known paradigms of automation, which included 

inflexible scripted systems and generative-AI-enhanced systems. The measurement was based on four 

main performance metrics, namely, defect detection rate, execution time, maintenance cost, and test suite 

coverage.   

4.3.1 Defect Detection Rate   

The new model reached a defect detection rate of 98, which is larger than the scripted base of 58 and the 

current AI-enhanced version of 70 by a minimum of six percentage points. The benefits are the result of 

the self-healing mechanism of AI that is passive and, therefore, detects deviations of behavior from the 
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baseline and modifies locators with every change in the UI, limiting defect leakage to the initial test 

cycles.   

4.3.2 Execution Duration   

The time of execution dropped down to 97 seconds, which was 30 per cent lower than the scripted 

benchmark time of 160 seconds, as well as the augmented 120-second average. There was efficiency on 

the basis that the system enabled prioritization and staging of high-risk test cases and the lightweight in-

flight localization fixes, so that the rapid advancement of the system would not reduce the test depth.   

4.3.3 Maintenance Expense   

The structure achieved a 40 percent cut in the upkeep cost over the non-flexible one, wherein any slight 

modification of the UI usually leads to a physical rewrite. The new framework significantly reduces the 

cost of human adjustment, which the routine of human adjustment would otherwise have, by mercilessly 

eating deviations and rewriting scripts to reform, redirecting energy into more valuable tasks.    

4.3.4 Coverage of the Test Suite    

The coverage level measured was 100 and comfortably higher than the 90 percent and 93 percent 

reported by the augmented and the static frameworks, respectively. The adaptive changes in the 

framework provided some substantial headroom since every functional change is then represented by an 

increment in coverage and not omission. 

This was possible due to the ability of the system to automatically construct and optimize tests by 

examining the history of bugs and the intensity of those defects, such that it spanned all pertinent states 

of the application with minimal supervision of the analyst. 

4.4 ANOVA Test Results 

In     order to decide if the differences in defect detection rates, execution length, maintenance expense, 

and test coverage between the groups are statistically significant, an ANOVA analysis has been carried 

out. The p-values resulting from this analysis for the various metrics considered are given     below: 

Table 1: ANOVA test results 

Metric p-value 

Defect Detection Rate < 0.01 

Execution Time < 0.05 

Maintenance Cost < 0.05 

Test Coverage < 0.05 

To     experiment on the difference in defect detection rates, execution time, maintenance cost, and test 

coverage, being statistically significant, an ANOVA analysis was conducted. The p-values resulting from 

this analysis for the different metrics considered are summarized below: Table 1 exposes p-values that 

indicate the differences between the new framework and both the traditional and AI-augmented prior 

models are statistically significant at the 0.05 level. It confirms the claim that the proposed method has 

a significant impact on test automation effectiveness. 
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4.5 Comparison with Existing Models 

To justify the self-healing framework as the best one, a set of benchmarks was run, comparing it against 

classical automation suites and AI-enhanced models. The results summarized in Table 1 refer to four 

main metrics: defect detection capability, total runtime, maintenance costs, and the extent of test 

coverage     achieved. 

Table 2: Comparison table 

Metric Proposed 

Framework 

Traditional 

Frameworks 

AI-Augmented 

Frameworks 

Defect Detection Rate 98% 58% 70% 

Execution Time (seconds) 97 160 120 

Maintenance Cost Reduction 97% 26% 30% 

Test Coverage 100% 90% 93% 

Table 2 clearly illustrates that the proposed system outperforms both the traditional models and the 

AI-enhanced models in all essential performance metrics. The self-healing feature, working together 

with the adaptive AI optimization, is very effective in reducing the time for testing, saving maintenance 

costs, and at the same time increasing defect identification and total coverage. 

4.6 Graphical Representation of Results 

The performance metrics can be visually compared by means of the following     graphs: 

 

Figure 2: Test execution time 

Reduced     test execution times are a result of the automation framework becoming mature, as shown 

in Figure 2. Modern software testing heavily relies on well-planned architectures that are taken as an 

example by the adaptive scriptless BDD automation framework, which, due to the use of sophisticated 

automation patterns and the inclusion of self-healing, is able to provide dramatic reductions in run     time. 

Within the framework's integration of new patterns, the smoothing of uncertainties, and the iteration 

towards optimal efficiency, test cycles exhibit progressively diminishing lengths over time. 



An Adaptive Scriptless Behavior-Driven Development 

Automation Framework with Self-Healing Intelligence 

for Evolving Software Applications 

S. Senthil Murugan et al. 

 

305 

 

Figure 3: Defect detection rate  

Defect discovery rates have continuously improved, as depicted in Figure 3. The integration of AI-

enabled self-healing functionality equips the framework to identify and address anomalies with 

improved speed and accuracy. Year after year, the rate climbs as the platform learns to seize potential 

bugs early, thereby driving software quality ever upward. 

 

Figure 4: Maintenance cost over time 

Figure 4 shows how maintenance costs decrease as the test framework evolves into a more self-

healing system. Each small UI or back-end change in a traditional environment makes the teams 

overburdened, as it takes hours to update flaky test scripts. Contrarily, the augmented framework 

introduced builds on the embedded AI and machine learning to acquire and use contextual updates in 

real-time. Rather than designers piecing together brittle locator updates or refactoring code, the 

framework registers the change and transparently produces an equivalent test. The knock-on effect is a 

steady flattening of maintenance procurement: script upkeep plummets, enabling teams to conserve 

budget and focus on higher-order test design. 



An Adaptive Scriptless Behavior-Driven Development 

Automation Framework with Self-Healing Intelligence 

for Evolving Software Applications 

S. Senthil Murugan et al. 

 

306 

 

Figure 5: Improvement in defect detection rate over time 

Figure 5 is a summary of the total increase in defect detection by the system in sequential versions. 

The self-healing and continuous-learning elements of it allow the framework to change its testing 

mechanisms, sharpening the accuracy a bit at a time. The figure shows the trend of a set baseline 

detection rate, and it is evident that the system is gradually improving in defect detection as the software 

is developed. 

5 Discussion 

5.1 Discussion 

Self-Healing Test Automation Framework is a breakthrough to the shortcomings of traditional 

automation in the constantly dynamic, fast-paced applications. AI and machine learning algorithms can 

be integrated into the platform so that the failures to achieve a test can be recognized and corrected 

automatically due to constant alteration of the user interface. This self-repairing capability saves vast 

amounts of upkeep work that was previously borne by the testers and allows them to focus on more 

valuable projects, moving the project objectives. 

5.2 Maintenance of the Scripts and Defect Detection 

The solution reduces the maintenance time of automation scripts by combining the centralized self-repair 

logic into the framework. Standard test suites require regular restructuring whenever the UI changes, but 

the architecture of self-healing replaces pre-written paths with locator context-sensitive and wait 

strategies. Consequently, the framework is able to divert inspection processes as well as lengthen or 

shorten wait periods without notifying testers, which results in a 45 percent reduction in maintenance 

hours compared to the old systems in a pilot group.   

The introduction of AI layers of observability became an extension of defect visibility and speed. 

Anomaly detection is a process that monitors the patterns of runtime, whereas a reinforcement-learning 

feedback mechanism makes the locator engine focus on refining features that attribute a failure. By 

identifying the drift earlier, the accuracy of reported defects can be increased by 14 percent, and overall, 
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the impact of reducing the number of noise notifications and reducing the time to re-run pipelines 

recovers CI/CD pipelines on shorter feedback loops. 

5.3. Scalability and Adaptability 

The framework is trained by embedding reinforcement learning, and it improves its strategies for 

running the tests with each completed run. The historical run feedback is executed; the order of execution 

is re-weighted, and the heuristics of discovering defects refine the current test surface and intelligently 

allocate resources, making sure it is tighter and brighter. This continuous carving is essential in the agile 

landscape that is fast-paced and requires UIs to change within the same sprint cycle.   

The framework is doing well, although it has some obstacles. Its neural optimization sometimes 

magnifies on any deeply nested dynamic JavaScript selectors that are not reconstructible by using a 

mouse and keyboard. The error is large enough to restart the execution, but several dozen unruly nodes 

can survive, which will appear like false negatives. The blips have a high success rate of running using 

some short target heuristics written by hand, using the test language; hence, the resource overhead 

remains minimal, and test schedules are not lost. 

6 Conclusion 

In Conclusion, the Adaptive Scriptless Behavior-Driven Development (BDD) Automation Framework 

with Self-Healing Intelligence is an essential innovation in test automation, especially with dynamic and 

continuously changing software environments. The framework can identify and rectify problems, 

including UI drift, broken locators, and timing problems, automatically with the help of AI and ML 

technologies without manual intervention. The main statistical results of the ANOVA analysis prove that 

the framework is better than traditional and AI-enhanced models in some important indicators. The 

framework attains a 98% Defect Detection Rate, which is a significant increase compared to the 

conventional framework (58%) and AI-enhanced models (70%). The model also minimizes the 

Execution Time, which cuts the former 160 seconds in traditional models to 97 seconds. Moreover, it 

has a 40% lower Maintenance Cost than the non-flexible structures, which demonstrates efficiency in 

lowering maintenance. Furthermore, the framework has a 100% test coverage, which is greater than both 

traditional (90%) and AI-enhanced (93%) models. All these findings are essential in the context of 

showing the framework to be highly efficient, accurate, and scalable to automated testing as well as 

highly reducing maintenance costs and human intervention, which makes it very applicable in real-time 

and large-scale applications. 

Although the Self-Healing Test Automation Framework has already generated encouraging 

telemetry, the following areas need a strong focus in future work. The architecture should be refined to 

enterprise-scale platforms, with a focus on adaptive user interfaces that introduce sudden layout changes 

and more and more nested hierarchies. Future iterations should be based on broader machine intelligence 

strategies, namely Natural Language Processing, to allow synthetic test-script generation and temporal 

modeling to offer predictive information on defect life cycles. End-to-end empirical experimentation on 

large-scale workloads, such as large amounts of JavaScript and similar front-end complexity, is still 

needed in order to push the limits of capability and ensure operational maturity. 
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