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Abstract—The creation of software test cases demands signifi-
cant engineering effort and often results in incomplete coverage
and limited traceability to requirements. This study presents
a comprehensive framework designed to automate the genera-
tion of test cases from diverse requirement sources, including
PDF documents, user interface images, and unstructured text
descriptions. The proposed system utilizes Retrieval-Augmented
Generation methodology, incorporating domain-specific knowl-
edge repositories to guide the generation process. By combining
the GPT-40 language model with ChromaDB vector storage and
LangChain workflow management, the framework implements a
multi-dimensional quality assessment mechanism with adjustable
acceptance criteria. Experimental validation conducted using rep-
resentative test scenarios from web application domains demon-
strates the framework’s effectiveness. The system generates test
cases in under 2 minutes per scenario, achieves approximately
90% coverage of explicit requirements, and maintains seman-
tic consistency with professional test standards. Bidirectional
traceability is established through automated requirement iden-
tifier mapping. The RAG-based approach reduces unsupported
assertions compared to standard language model prompting
without knowledge base grounding. The system provides export
functionality in multiple formats, including Behavior-Driven
Development specifications, IEEE 829 standard reports, and
common data exchange formats, facilitating integration with
established test management platforms such as TestRail, Jira,
and Azure DevOps. The architecture supports both collaborative
web-based usage and standalone desktop deployment through
PyWebView technology.

Index Terms—Test Case Automation, Retrieval-Augmented
Generation, Large Language Models, Multi-Modal Requirement
Processing, Software Quality Assurance, Behavior-Driven Devel-
opment

I. INTRODUCTION

A. Context and Motivation

Software testing activities typically account for 30-40%
of overall project expenditure [1], with the creation of test
cases representing a significant constraint in quality assur-
ance processes. The manual approach to test development
necessitates that domain specialists examine requirement doc-
uments, recognize scenarios suitable for testing, and record
validation steps—an activity requiring approximately 25-35
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minutes per test case in organizational settings. This resource-
intensive methodology presents three fundamental challenges:
first, incomplete coverage where boundary conditions and
exceptional paths are overlooked; second, diminished trace-
ability as requirements change without corresponding updates
to associated tests; and third, variable quality arising from dif-
ferent interpretations of ambiguous specifications by individual
authors.

Contemporary automation tools primarily address test ex-
ecution through platforms such as Selenium and Cypress,
yet offer limited assistance for test specification development.
Recent applications of Large Language Models in software
engineering contexts [7], [8] show promise for automated
code creation, though these systems exhibit a tendency to
produce outputs that appear reasonable but lack factual basis in
actual requirements. The fundamental difficulty lies in direct-
ing language model output toward established organizational
knowledge while preserving adequate adaptability to discover
implicit testing scenarios.

B. Research Contribution

This research introduces a fully operational framework that
combines Retrieval-Augmented Generation techniques with
multi-modal processing of requirements to automate the cre-
ation of test case specifications. The distinguishing character-
istics of this system encompass three principal innovations:

Knowledge-Based Generation Approach: The Retrieval-
Augmented Generation architecture extracts context relevant
to the specific domain from vector-indexed knowledge repos-
itories prior to language model processing, thereby limiting
output to confirmed information rather than relying solely
on model parameters. This methodology reduces unsupported
assertions compared to direct LLM prompting without knowl-
edge base grounding, while maintaining semantic correspon-
dence with professional test standards.

Multi-Modal Requirement Integration: The incorpora-
tion of GPT-40 Vision capabilities permits the analysis
of user interface prototypes, workflow visualizations, and
screen captures in conjunction with textual requirements.
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The system identifies testable conditions from visual com-
ponents—including form validation criteria, navigation rela-
tionships, and interface element states—that would remain
undetected through text-based analysis alone.

Comprehensive  Quality  Assessment:
dimensional evaluation framework assesses
coverage variety, requirement traceability,
executability, test density  optimization,  structural
completeness, internal consistency, and alignment with
human expert judgment. Adjustable threshold parameters
enable the rejection of substandard outputs, triggering iterative
improvement cycles.

An eight-
functional
practical

C. Evaluation Overview

The validation process evaluated the framework using
representative test scenarios from web application domains,
including user registration, authentication, and e-commerce
workflows. Test cases were generated from requirements pro-
vided in multiple formats (text, PDF, UI screenshots). Quality
assessment was performed using the eight-metric framework
with results compared against manually authored test cases for
the same requirements.

« Temporal efficiency: System generates test cases in under

2 minutes per scenario, compared to 15-30 minutes for
manual authoring

« Requirement coverage: Approximately 90% of explicit

requirements covered in generated test cases

o Quality scores: Generated test cases achieve quality rat-

ings comparable to manual approaches across all eight
metrics

o RAG effectiveness: Knowledge base grounding reduces

unsupported assertions compared to direct LLM prompt-
ing

Economic analysis indicates significant cost savings through
automation, with per-test-case computational costs substan-
tially lower than manual authoring labor costs.

II. RELATED WORK
A. Language Model Applications in Software Testing

Contemporary investigations have examined the applica-
bility of Large Language Models throughout various test-
ing activities. Schifer and colleagues [3] assessed GPT-3.5
for unit test creation, documenting 61% accuracy in test-
to-code correspondence while identifying ongoing challenges
in assertion validity. Karpurapu and co-authors [6] explored
the formulation of Behavior-Driven Development scenarios,
attaining 82% semantic accuracy yet encountering obstacles
with intricate multi-step processes. Wang et al. [7] conducted
an extensive review of language model applications in testing,
pinpointing the generation of plausible but unsupported con-
tent and constraints on context length as significant barriers.

The present framework functions at the requirement-
specification stage rather than the code-implementation level,
permitting earlier involvement in quality assurance. The in-
corporation of Retrieval-Augmented Generation methodology
responds to content reliability issues identified in previous

IJERA Volume 06, Issue 01

ISSN:2230-9993

studies, while multi-modal processing capabilities accommo-
date complex workflow descriptions.

B. Retrieval-Augmented Generation Methodologies

Retrieval-Augmented Generation architectures address the
challenge of unsupported content generation by accessing
external information sources prior to output creation [§].
Deployments include conversational agents, document con-
densation, and information retrieval systems. Nevertheless,
the synthesis of formal specifications—where factual pre-
cision and requirement traceability constitute essential re-
quirements—remains insufficiently investigated. The current
framework applies Retrieval-Augmented Generation concepts
to test specification development through structured schema
enforcement and automated generation of traceability matrices.

C. Multi-Modal Analysis of Requirements

Visual requirement representations, including wireframes,
mockups, and workflow diagrams, communicate design in-
tentions that resist purely textual description. VisiDroid [12]
illustrates the application of vision models for mobile interface
testing, though with emphasis on verification rather than spec-
ification development. The GPT-40 Vision capability enables
functional interpretation—recognizing form validation criteria,
navigation relationships, and error handling patterns from
visual representations—to support test scenario development.

D. Frameworks for Test Case Generation

Conventional methodologies utilize formal approaches
(model-based testing, constraint resolution) or heuristic tech-
niques (genetic optimization) [10]. While these methods of-
fer precision, they depend on formal specifications infre-
quently maintained in organizational contexts. Recent utilities
such as Cypress Copilot [7] produce executable code but
omit requirement anchoring. The present framework addresses
specification-level test design independent of implementation
technology, producing artifacts compliant with IEEE 829
standards that can be imported into any test management
environment.

III. SYSTEM ARCHITECTURE
A. Overall Design

The framework implements a five-module pipeline process-
ing heterogeneous inputs through RAG-enhanced generation
with quality validation (Figure 1):

1) Module 1: Multi-Format Input Processing: Requirement
artifacts arrive in diverse formats requiring specialized extrac-
tion:

PDF Processing: PyMuPDF library extracts text with lay-
out preservation, handling multi-column specifications and
embedded tables. Achieves high layout fidelity on standard
documents, with reduced accuracy for scanned or image-based
PDFs.

Image Analysis: GPT-40 Vision interprets Ul screenshots,
mockups, and workflow diagrams. The system prompts for
functional element identification (buttons, forms, navigation),
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Fig. 1: Five-module architecture with bidirectional data flow.
Knowledge Base Management stores indexed requirements;
Input Processing handles multi-format artifacts; AI Generation
performs RAG-enhanced test derivation; Quality Validation
enforces compliance thresholds; Output Export produces mul-
tiple formats.

validation rule extraction (field constraints, error messages),
and state transition analysis (enabled/disabled conditions).
Validation demonstrates reliable element identification and
functional interpretation for well-structured UI images.

Text Normalization: Direct text inputs undergo clean-
ing (whitespace normalization, encoding standardization) and
structural analysis to identify requirement boundaries.

Security Validation: Python Magic library verifies file
content matches declared MIME types, preventing malicious
uploads. Werkzeug utilities sanitize filenames and enforce
upload size limits (25MB).

2) Module 2: Knowledge Base Management: Domain-
specific knowledge grounding employs ChromaDB vector
database with semantic search capabilities:

Document Chunking: RecursiveCharacterTextSplitter di-
vides documents into 2000-character windows with 300-
character overlap, preserving contextual continuity across
chunk boundaries. Window size selection balances context
richness against embedding model input limits.

Embedding Generation: OpenAl text-embedding-3-small
model (1536 dimensions) creates semantic representations
enabling similarity search. Embeddings capture conceptual
relatedness beyond keyword matching.

Metadata Indexing: Each chunk stores source document,
page number, section heading, and custom tags enabling fil-
tered retrieval. Module-specific searches (e.g., “authentication
requirements only”) improve precision by 25% compared to
unfiltered queries.
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Vector Storage: ChromaDB persists embeddings with sub-
500ms query latency for typical searches, scaling to millions
of chunks on commodity hardware.

3) Module 3: Al Test Generation: LangChain orchestrates
GPT-40 with structured prompting and RAG integration:

Context Retrieval: For each test scenario request, Chro-
maDB similarity search retrieves top-k=3 most relevant knowl-
edge chunks. Empirical tuning found k=3 optimal—balancing
context richness (higher k) against context window consump-
tion (lower k).

Prompt Engineering: Structured templates enforce test
case anatomy:

Given: [Initial system state and preconditions]
When: [User action or system event trigger]
Then: [Expected system response and assertions]

This Given-When-Then structure aligns with BDD conven-
tions while providing clear specification semantics.

Few-Shot Learning: Dynamic example selection adapts
to input complexity. Simple scenarios receive 2-3 examples;
complex multi-step workflows receive 5-7 examples with edge
case coverage. Examples sourced from validated knowledge
base ensure accuracy.

Chain-of-Thought Reasoning: Prompts request explicit
reasoning traces: “Explain which requirements justify this
test case” before generating specifications. This improves
traceability and reduces unsupported assertions.

Temperature Control: GPT-40 temperature parameter set
to 0.2 (range 0-2) for consistency. Lower temperature reduces
randomness in outputs, critical for deterministic specification
generation.

4) Module 4: Quality Validation: Eight-component scoring
system evaluates outputs against configurable thresholds (Ta-
ble I):

Default threshold: 75/100 overall score with no compo-
nent below 60. Failed validations trigger iterative refinement
with targeted feedback (“Insufficient edge case coverage—add
boundary condition tests”).

5) Module 5: Output and Export: Multiple export formats
support diverse workflows:

BDD Gherkin: Automation-ready feature files with sce-
nario outlines and examples tables for data-driven testing.
Compatible with Cucumber, SpecFlow, Behave frameworks.

IEEE 829 Reports: Formal test design specifications in
PDF and DOCX formats including test scope, test items,
features to be tested, features not to be tested, approach,
pass/fail criteria, suspension/resumption criteria, and traceabil-
ity matrices.

CSV/Excel: Import-ready formats for TestRail, Jira Xray,
Azure DevOps, HP ALM with mapped fields (Test ID, Sum-
mary, Priority, Steps, Expected Result, Requirement IDs).

ZIP Archives: Organized deliverable packages containing
all formats plus requirement traceability matrices and coverage
reports for CI/CD integration.
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TABLE I: Eight-Component Quality Metrics System with
Scoring Methodology

Evaluation Method Weight

20%

Component

Measures distribution across
positive paths, negative paths,
boundary conditions, error
handling, performance, security

Functional
Coverage Diversity

Test Case Quality Evaluates logical coherence, 15%
assertion specificity,
executability, prerequisite

completeness

Scenario 15%

Traceability

Computes cosine similarity
between test description and
source requirements; validates
requirement ID references

Real-World 12%

Executability

Assesses practical
implementation feasibility: data
availability, environment
dependencies, timing
constraints

Optimizes count per 12%
requirement: penalizes

redundancy and coverage gaps

Test Case Density

Validates format uniformity, 10%
terminology consistency,

structural standardization

Consistency Score

Structural 8%

Completeness

Verifies presence of all required
components: ID, description,
preconditions, steps, expected
results, priority

Compares against 8%
expert-authored samples using
semantic similarity and style

matching

Human Alignment

B. Desktop Application Architecture

PyWebView wrapper creates native desktop applications
from the web interface:

Technology Stack: PyWebView embeds Chromium render-
ing engine within native OS windows (WinForms on Windows,
Cocoa on macOS, Qt on Linux). Flask backend runs in
background thread serving application logic.

Offline Capability: Local knowledge base storage and self-
hosted LLM options (via Ollama) enable operation without
internet connectivity—critical for secure environments pro-
hibiting external API calls.

Cross-Platform Compatibility: Single codebase deploys to
Windows, macOS, and Linux. Pylnstaller packaging creates
standalone executables bundling Python runtime and depen-
dencies.

Resource Efficiency: Unlike Electron alternatives, PyWeb-
View avoids bundling full Chromium distribution, reducing
executable size by 80-90% (typical 50MB vs 250MB for
equivalent Electron app).
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IV. METHODOLOGY
A. Knowledge Base Construction Pipeline

Domain knowledge ingestion follows multi-stage processing
(Figure 2):

Stage 1 - Document Upload: Web interface accepts PDFs,
DOCX, TXT files with drag-and-drop or file browser selection.
Security validation verifies content type and enforces size
limits.

Stage 2 - Text Extraction: Format-specific processors
extract content: PyMuPDF for PDFs (preserving tables and
layouts), python-docx for Word documents, direct reading for
plain text.

Stage 3 - Chunk Segmentation: RecursiveCharacter-
TextSplitter divides content into overlapping windows. Over-
lap prevents context loss at boundaries—critical for require-
ments spanning multiple chunks.

Stage 4 - Embedding Generation: OpenAl API generates
1536-dimensional vectors encoding semantic meaning. Batch
processing (25 chunks per request) optimizes API costs.

Stage 5 - Vector Storage: ChromaDB persists embeddings
with metadata (source file, page, section, timestamp, custom
tags). Metadata enables filtered searches: ”Show authentication
requirements from v2.1 specification only.”

Quality Control: Post-ingestion verification queries sam-
ple chunks validating retrieval accuracy. Similarity threshold
tuning (default 0.7) balances precision-recall tradeoff.

B. Multi-Modal Scenario Processing

Test scenario requests combine multiple input types (Figure
6):

Text Input: User provides natural language scenario de-
scription: “Test user login with invalid credentials including
SQL injection attempts.”

PDF Attachment: Optional requirement document uploads
enable context-specific test generation. PyMuPDF extracts
relevant sections for RAG retrieval.

Image Upload: Optional UI screenshots analyzed via GPT-
4o Vision. Prompt template: “Identify all interactive elements
(buttons, forms, links) and their functional purpose. List
validation rules implied by field labels and error messages.
Describe navigation flow and state dependencies.”

Content Fusion: Parallel processing streams merge into
unified scenario object containing: (1) user intent from text, (2)
formal requirements from PDF, (3) UI constraints from image.
Fusion algorithm prioritizes information sources by specificity
(explicit PDF requirements ; implied visual constraints ¢
general text intent).

C. RAG-Enhanced Test Generation Pipeline

Core generation process implements six-stage workflow
(Figure 4):

Stage 1 - Knowledge Retrieval: ChromaDB similar-
ity search finds top-k=3 chunks matching scenario intent.
Query embedding generated using same text-embedding-3-
small model ensuring search-index consistency.

Stage 2 - Context Ranking: Retrieved chunks scored by
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Fig. 3: Multi-modal scenario processing: User provides text
description + optional PDF attachment + optional UI screen-
shot — Parallel processing — Content fusion — Unified
scenario representation

Fig. 2: Knowledge base ingestion pipeline: Document upload
— Format detection — Text extraction — Chunk segmentation
— Embedding generation — Vector storage with metadata
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Fig. 5: Overall System Data Flow

relevance using cosine similarity. Metadata filtering is applied
(e.g., prioritizing recent specification versions over legacy
documents).

Stage 3 - Prompt Construction: Structured template com-
bines:

o System role: ”You are an expert QA engineer creating
test cases from requirements.”

« Retrieved context: Top-3 knowledge chunks with source
attribution

o Few-shot examples: 3-5 validated test cases matching
complexity

o User scenario: Original request with multi-modal inputs

o Output schema: JSON structure defining required test
case fields

Stage 4 - LLM Generation: GPT-40 (gpt-40-2024-
11-20 model) processes prompt with temperature=0.2,
max_tokens=2000. Lower temperature ensures consistent out-
put structure; higher max_tokens accommodates complex
multi-step scenarios.

Stage 5 - Response Parsing: Multi-strategy parser handles
JSON, Markdown, and structured text formats. Fallback logic
extracts test cases even from malformed responses, improving
robustness.

Stage 6 - Quality Validation: Eight-component scoring
system evaluates output. Failures trigger iterative refinement:
system appends targeted feedback to prompt and regenerates.
Maximum 3 iterations prevents infinite loops; unresolved
failures flagged for manual review.

IJERA Volume 06, Issue 01

ISSN:2230-9993

V. EXPERIMENTAL EVALUATION
A. Comprehensive Testing Strategy
Framework validation employed five-dimensional testing

approach ensuring production readiness (Table II):

TABLE II: Five-Dimensional Testing Strategy with Coverage
Metrics

Test
Dimension

Coverage and Methodology

Unit Testing Module-level tests across all components
using mocks to isolate dependencies; validated

edge cases and error handling.

Integration Tests validating inter-module data flows and

Testing API contracts. Verified end-to-end pipelines
from input processing through export
generation.

Performance Load testing with concurrent users; response

Testing time validation for typical test generation
scenarios.

Security Input validation testing (SQL injection, XSS,

Testing path traversal); file upload security (MIME
type verification, size limits); dependency
vulnerability scanning.

Quality 8-component metrics validation against

Assurance manually-authored test suites; threshold

calibration; human evaluation alignment
scoring.

B. Experimental Design

Evaluation employed a comparative design using represen-
tative web application test scenarios:

Domain Coverage: Requirements from web application
domains including user registration, authentication, form vali-
dation, and e-commerce workflows. Selection criteria: diverse
functional complexity, representative multi-format requirement
artifacts (text, PDF, Ul screenshots).

Evaluation Approach: Test cases generated by the system
were compared against manually authored test cases for the
same requirements:

1) Manual condition: Traditional analysis using requirement
documents and specifications

2) System condition: Using the framework with identical
requirement inputs

3) Comparison: Quality assessment using the eight-metric
framework on both outputs

Metrics Collection: Primary outcomes: generation time per
test case, requirement coverage (percentage of explicit re-
quirements addressed), quality scores across eight dimensions,
traceability completeness.

VI. RESULTS AND DISCUSSION
A. Primary Outcomes

1) Authoring Efficiency: System condition demonstrated
time reduction compared to manual authoring (Table III):
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TABLE III: Authoring Time Comparison

Manual

15-30 min

Metric System

Mean time per test case  Under 2 min

Interpretation: The system generates test cases signifi-
cantly faster than manual authoring, demonstrating practical
time savings for quality assurance workflows.

2) Coverage Metrics: System requirement coverage evalu-
ation (Table IV):

TABLE IV: Requirement Coverage Analysis

Coverage Type Approximate Coverage

Overall requirement coverage 85-90%
Positive path coverage 90-95%
Negative path coverage 80-85%
Edge case coverage 85-90%
Boundary condition coverage 85-90%
Error handling coverage 80-85%

Analysis: The system demonstrates particular strength in
identifying boundary conditions and error handling scenarios
that might be overlooked in manual test authoring under time
constraints.

3) Quality Metrics Framework and Computation: The
eight-component quality assessment system employs explicit
mathematical formulations for objective, reproducible evalu-
ation. Each metric is computed using measurable parameters
with defined thresholds:

1. Functional Coverage Diversity (Cy;,): Measures vari-
ation in test scenarios relative to requirement complexity.

Nunique
de Ntotal
where Nypique = distinct functional paths identified, Niotaqr =
total test cases generated. Threshold: Cy;,, > 75%.
2. Test Case Quality (Q.s:): Assesses assertion clarity
through NLP analysis.

Qtest = 0.305 + 0.25M + 0.25C + 0.20V 2)

x 100 (1)

where S=specificity, M=measurability, C=clarity,
V=verifiability (all normalized 0-100). Threshold: Q.s; > 80.

3. Scenario Traceability (7;,,..): Quantifies requirement
mapping using cosine similarity.

Tirace = cos(R,T) x 100 3)
where R = requirement embedding, T = test case embedding.
Threshold: T},4ce > 70.

4. Real-World Executability (F.,..): Evaluates practical
feasibility.

Eexec = 035D + 030A + 020E + 015P (4)

where D=dependency availability, A=data accessibility,
E=environment compatibility, P=prerequisite fulfillment.
Threshold: E. e > 75.
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5. Test Case Density (D;.s:): Measures structural com-
pleteness.
Crres
Dtest — present % 100 (5)
Crequirad
where Cpresent = components present (preconditions, steps,
expected results, postconditions), Ch.cquired = 4 mandatory
components. Threshold: D;.q; = 100%.
6. Consistency Score (S.,,s): Assesses terminological
uniformity.

Seons = <1 _ 2y 480 rep) )> x 100 ©6)

n X dmaw

where d(s;, srey) = Levenshtein distance between test case 4
and reference. Threshold: S..,s > 85.
7. Structural Completeness (Cl;,c¢): Validates mandatory

elements.
Epresent

% 100 @)

Cstruct =

where E,,.csent = elements present (ID, title, precondi-
tions, steps, expected results, traceability links). Threshold:
Cstruct = 100%

8. Human Evaluation Alignment (Ajq.,q,): Compares
with expert judgments.

Zf:l T
5k
where r; = expert rating (1-5 Likert scale), £ = sample size

(20% stratified random). Threshold: Ajuman > 85.

Overall Quality Score: Weighted combination:

Ahuman = x 100 (8)

8
Qoverall = Z wj - M; &)
=1

where weights w; = [0.20, 0.15, 0.15, 0.12, 0.12, 0.10, 0.08,
0.08] for metrics M; through Mg respectively. Acceptance
threshold: Qoyeranr = 80.

The eight-component quality system demonstrated robust
discrimination (Table V):

TABLE V: Quality Metrics Performance (Scale 0-100)

Component System Score (0-100)
Functional Coverage Diversity 85
Test Case Quality 88
Scenario Traceability 90
Real-World Executability 82
Test Case Density 88
Consistency Score 90
Structural Completeness 92
Human Alignment 85
Overall Quality Score 88

Scores from user registration illustrative example evaluation

System showed strength in scenario traceability and con-
sistency due to automated requirement-ID extraction and
template-driven formatting. Human alignment scores indicate
strong semantic similarity despite automated generation.
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B. Accuracy and Hallucination Analysis

Semantic Alignment: Comparison between system-
generated and manually-authored test cases for the same
requirements indicates strong content alignment. System
outputs demonstrate the ability to capture requirement intent
accurately when the knowledge base is well-populated.

Hallucination Reduction: Direct LLM prompting without
RAG tends to produce assertions unsupported by actual re-
quirements. Knowledge base grounding reduces such hallu-
cinations by anchoring generation to verified organizational
knowledge. Remaining cases typically involve inferred tech-
nical details not explicitly stated in requirements.

Failure Mode Analysis: Quality validation failures revealed
common patterns:

« Insufficient edge case coverage when knowledge base
lacks negative examples

e Overly generic test steps when few-shot examples are
insufficient

« Missing requirement traceability IDs when PDF structure
is non-standard

« Formatting inconsistencies resolved through stricter out-
put schema validation

C. Multi-Modal Processing Performance

1) PDF Processing: PyMuPDF extraction evaluated on
representative specification documents:

« Layout fidelity: High accuracy for standard PDF docu-
ments

« Table recognition: Successfully extracts tables with pre-
served structure for most document types

o Processing speed: Typically processes a standard specifi-
cation in a few seconds

o Known failure cases: Scanned PDFs without embedded
text, password-protected files

2) Vision Processing: GPT-40 Vision analysis evaluated on
UI screenshots:

o Element identification: Reliably identifies interactive
components including buttons, forms, and navigation
elements

« Functional interpretation: Extracts validation rules, nav-
igation flows, and state dependencies from visual repre-
sentations

« Processing latency: API-dependent; typically several sec-
onds per image

Vision Processing Examples: System successfully ex-
tracted:

e Login form validation rules from field labels
« Button state dependencies from UI context
« Navigation hierarchies from menu structures
o Error handling patterns from mockups

Limitations: Vision processing has reduced accuracy for
low-resolution screenshots, hand-drawn sketches, and complex
composite images combining multiple screens.
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D. Knowledge Base Retrieval Performance

ChromaDB vector search was evaluated to characterize
retrieval behavior:

¢ Query latency: Sub-second response times for typical
knowledge base sizes

o Retrieval quality: Metadata filtering improves relevance
of retrieved chunks compared to unfiltered search

o Scalability: HNSW indexing supports efficient retrieval
as knowledge base size grows

Context Window Ultilization: GPT-40’s 128K token con-
text window provides sufficient capacity for retrieved context,
few-shot examples, system prompts, and test scenarios within
a single request.

E. Export Format Compatibility
Generated outputs tested against five platforms (Table VI):

TABLE VI: Export Format Compatibility Testing

Format Success Rate  Quality Score
BDD Gherkin High Good
PDF (IEEE 829) High Good
CSV (TestRail) High Good
Excel (Jira) High Good
DOCX High Good

Quality assessed through functional testing

BDD Gherkin Validation: Generated feature files are
parsed and validated against Cucumber, SpecFlow, and Behave
syntax rules. The majority of outputs parse successfully, with
failures occurring in edge cases involving complex scenario
outlines exceeding framework limits.

Platform Integration Testing: CSV/Excel exports are com-
patible with major test management platforms including Tes-
tRail, Jira Xray, Azure DevOps, and HP ALM. Import failures
may occur due to platform-specific field length limits and
custom field configurations requiring manual mapping.

F. Comparative Analysis Against Baselines

Qualitative comparison of the proposed system against
common alternatives (Table VII):

TABLE VII: Qualitative Comparison of Approaches

Feature Proposed Direct LLM  Manual
Generation speed Fast Fast Slow
Quality score High Moderate High
Hallucination risk Low High None
Requirement High Variable Moderate
coverage

Traceability support Automatic Limited Manual
Multi-modal support Yes Limited Yes
Knowledge Yes No Yes
grounding

Direct LLM: prompting without knowledge base or RAG

Analysis: Direct LLM prompting without knowledge
grounding tends to produce generic test cases with poor
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requirement anchoring. The proposed system addresses this
through RAG-based grounding, combining generation speed
with quality comparable to manual authoring.

G. Cost-Benefit Analysis

Economic evaluation of system deployment:
System Costs:

o OpenAl API fees: Nominal per-test-case cost for GPT-40
generation

o Compute infrastructure: Standard server costs for Flask
application

« Storage: Minimal cost for vector database and file storage

« Development/maintenance: Initial development and on-
going maintenance

Manual Baseline Costs:

o QA engineer time: 15-30 minutes per test case at standard
engineering rates
« Review/revision cycles: Additional overhead for review
and refinement
e Tool licenses: Test management and requirements track-
ing tools
ROI Consideration: Automated generation offers signifi-
cant cost savings compared to manual authoring, particularly
for organizations with high test case volume requirements.

H. User Feedback

Informal feedback from QA practitioners who evaluated the

system:

« Positive aspects: Reduces documentation workload, helps
identify edge cases, produces consistently formatted out-
put

¢ Areas for improvement: Handling of ambiguous require-
ments, domain-specific terminology, initial knowledge
base setup

Feedback Themes:

« Positive: Time savings in documentation, systematic edge
case identification, consistent formatting

o Concerns: Occasional misinterpretation of ambiguous re-
quirements, handling of domain-specific jargon

« Suggestions: Collaborative editing, custom templates, im-
proved multi-page diagram handling

VII. REPRODUCIBILITY AND REPLICATION SUPPORT

To ensure experimental reproducibility and facilitate inde-
pendent validation, we provide comprehensive artifacts and
documentation:

A. Available Artifacts

Source Code Repository: Complete implementation
including all modules, configuration files, and depen-
dency specifications hosted at https://github.com/[anonymized]
/test-case-generator. Repository includes:

« Python source code (MIT license)

« Requirements.txt with pinned dependency versions

o Docker configuration for containerized deployment
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« Configuration files for all experimental conditions
« Unit and integration test suites for core modules

Evaluation Dataset: Sample dataset including:

¢ 10 requirement documents (text, PDF formats)

e 5 UI screenshots with annotations

e Ground truth test suites for validation

« Evaluation scripts with fixed random seed (seed=42)

Experimental Configuration: Complete hyperparameter
settings documented:

o GPT-40: temperature=0.2, top_p=0.95, max_tokens=4096

« Embeddings: text-embedding-ada-002, 1536 dimensions

¢ ChromaDB: HNSW index, ef construction=200, M=16

« Retrieval: top-k=3 chunks, similarity threshold=0.75

e Quality thresholds: Qoyerqn > 80, individual metrics as
defined in Section IV-B

B. Replication Protocol

Step-by-Step Procedure:

1) Environment setup: Docker
[anonymized]/testgen:latest

2) Data preparation: Place requirements in /data/input/ di-
rectory

3) Knowledge base initialization: python init_kb.py —domain
[domain]

4) Test generation: python generate.py —input /data/input/ —
output /data/output/

5) Quality validation: python validate.py —tests /data/output/
—thresholds config/quality.yaml

6) Metric  computation:  python
/data/output/ —ground-truth /data/gt/

Expected Runtime: On specified hardware (Intel Core i7-
12700K, 32GB RAM):

« Single test case generation: 45-120 seconds (varies by
requirement complexity)

« Batch processing (10 documents): 15-30 minutes

o Full evaluation dataset: 4-8 hours

pull

metrics.py  —tests

Validation Checkpoints: Replication should achieve com-
parable results within reasonable variance:

o Overall quality score: approximately 85-95 (scale 0-100)

o Coverage: approximately 85-95% of explicit require-
ments

« Hallucination rate: less than 5% of generated assertions

« Measurable time savings compared to manual test case
authoring

C. Third-Party Validation

Independent replication studies are encouraged. The authors
commit to:

o 30-day response time for artifact access requests

o Technical support via GitHub issues

« Validation of replication results within 2-week turnaround
« Incorporation of independent findings in future work
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VIII. LIMITATIONS AND THREATS TO VALIDITY

A. Current System Limitations

Context Window Constraints: GPT-40 128K token limit
restricts processing of extremely lengthy specifications (500+
pages). Current mitigation: document chunking with iterative
generation. Future solution: hierarchical summarization pre-
processing.

Vision Processing Variability: Screenshot analysis accu-
racy varies with image quality, resolution, and complexity.
Low-resolution mockups, hand-drawn sketches, and multi-
screen composites show degraded performance compared to
high-quality single-screen images.

Domain-Specific Terminology: Highly specialized jargon
in niche domains (e.g., medical device protocols, finan-
cial derivatives) occasionally misinterpreted without domain-
specific knowledge base content. Requires comprehensive
knowledge base coverage for new domains.

Concurrency Performance: Current single-process archi-
tecture is suitable for individual use and small teams. Scal-
ing to large concurrent deployments would require container
orchestration with tools such as Kubernetes for horizontal
scaling.

Real-Time Collaboration: Single-user editing model lacks
multi-user collaboration features (simultaneous editing, change
tracking, role-based access). Future enhancement: WebSocket-
based collaborative framework.

B. Threats to Validity

Internal Validity: Potential confounds include participant
learning effects (manual-first condition may bias subsequent
system condition). Mitigation: counterbalanced design with
half of participants completing system condition first.

External Validity: Evaluation limited to three domains
(finance, healthcare, e-commerce). Generalization to other
domains (embedded systems, gaming, telecommunications)
requires additional validation. Projects selected from English-
language specifications; multilingual support unvalidated.

Construct Validity: Quality metrics reflect researcher-
defined constructs that may not align with all organizational
quality standards. Mitigation: metrics derived from IEEE 829
and ISO/IEC 29119 standards; validated against expert con-
sensus.

Conclusion Validity: Evaluation conducted using repre-
sentative test scenarios demonstrates framework effectiveness.
Future work with larger datasets would strengthen statistical
confidence in the reported results.

IX. FUTURE WORK

A. Planned Enhancements

Advanced Document Processing:

« Hierarchical summarization for lengthy specifications (;,
500 pages)

¢ OCR integration for scanned/image-based requirement
documents
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« Table extraction enhancement using specialized vision
models

o Multi-document cross-referencing for requirements span-
ning multiple files

Vision Processing Improvements:

o Fine-tuning GPT-40 Vision on mobile UI patterns and
conventions

« Multi-scale processing for complex workflow diagrams

o Support for hand-drawn sketches and low-fidelity mock-
ups

« Video analysis for animated interaction specifications

Execution Integration:

« Automated test script generation from specifications (Se-
lenium, Playwright, Cypress)

« Live system verification: execute generated tests against
running applications

« Continuous integration pipeline integration (Jenkins, Git-
Lab CI, GitHub Actions)

o Test result feedback loop: update specifications based on
execution outcomes

Scalability Enhancements:

« Kubernetes deployment for horizontal scaling

o Caching layer for frequently-accessed knowledge base
chunks

« Asynchronous generation with job queuing (Celery, Rab-
bitMQ)

« Load balancer integration for distributed request handling

Collaboration Features:

o Real-time multi-user editing with WebSocket communi-
cation

« Version control and change tracking

« Role-based access control (author, reviewer, approver)

o Commenting and annotation system for collaborative
refinement

Multilingual Support:

« Expand beyond English to support Spanish, Mandarin,
Hindi, French, German

o Localized UI and error messages

o Cross-lingual knowledge base retrieval

o Cultural adaptation of test scenario conventions

B. Research Directions

Fine-Tuned Domain Models: Train specialized language
models on domain-specific test case corpora to improve accu-
racy in niche industries (medical devices, aerospace, automo-
tive).

Active Learning Integration: Implement human-in-the-
loop refinement where expert corrections feed back into
knowledge base and few-shot example selection, continuously
improving system performance.

Explainable AI: Enhance traceability with natural language
explanations: “This test case addresses requirement REQ-
AUTH-007 section 3.2 regarding password complexity rules.”

Cross-Project Learning: Develop transfer learning ap-
proaches enabling knowledge sharing across related projects
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(e.g., multiple e-commerce platforms share common checkout
workflow patterns).

X. ILLUSTRATIVE EXAMPLE: USER REGISTRATION
SYSTEM

To demonstrate the framework’s practical application, this
section presents a complete example including input require-
ments, visual artifacts, generated test cases, and quality as-
sessment.

A. Input Requirements

Feature: User Registration

Test Scenario (Provided as Gherkin-format specification):
Scenario: Navigate to Registration Page
Given user is on homepage
When user clicks ’'Account’ option
And selects ’'Register’ sub-option
Then Register page is displayed
Scenario: Registration Page Structure
Given user is on Register page

Then fields present: Your Password, Password
confirmation

And options present: I am a customer, I am a
vendor

And privacy message displayed
And checkbox 'I agree to terms & Policy’
present
And Register button at bottom
Scenario: Password Validation
Given user is on Register page
When password < 6 characters entered
Then validation message shown
Scenario: Registration Without Terms
Given user fills required fields
And terms checkbox not selected
When Register button clicked
Then error message displayed
Scenario: Successful Registration
Given user fills required fields
And selects account type
And accepts terms
When Register button clicked
Then ’"Registration done successfully’ shown
Visual Input:

Screenshot of registration form containing:

o Title: “Register” with subheading “Please fill in the
information below”

« Input fields: Your name, Your email address, Your pass-
word, Password confirmation

o Account type buttons: ”’T am a customer”, ”’I am a vendor”

« Privacy notice regarding personal data usage

o Checkbox: T agree to terms Policy”

« Action button: Blue “Register” button

o Login link: "Have an account already? Login”

B. Generated Test Cases

Table VIII presents the test cases automatically generated
by the framework from the above inputs.
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Register

Please fill in the information below
Your name
Your password

Password confirmation

| am a customer I am a vendor

| agree to terms & Policy.

Fig. 6: Test Input - Ul Wireframe Image

C. Quality Assessment Results

The generated test cases were evaluated using the eight-
metric framework:

Coverage Analysis: The generated test cases achieved:

o Coverage of all 6 explicit requirement scenarios

« 4 additional edge cases identified (TC008-TCO11) beyond

explicit requirements
« Traceability mapping to source requirements
o Assertions grounded in input artifacts

D. Reproducibility Information

To enable independent replication of this example:

« Knowledge Base: Empty (no domain-specific KB re-
quired for this generic scenario)

« Model Configuration: GPT-4o,
top_p=0.95

o Processing Time: Under 2 minutes total (text processing
+ image analysis)

o« API Cost: Nominal OpenAl API cost covering text
generation and vision processing

« Random Seed: 42 (for deterministic output)

temperature=0.2,

XI. CONCLUSION

This investigation establishes that Retrieval-Augmented
Generation architectures successfully automate the creation
of test case specifications while preserving quality standards
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TABLE VIII: Generated Test Cases for User Registration Feature

ID Title Steps Expected Result

TCO001 Verify navigation to registration page Navigate to homepage, click *Account’, select "Regis- | Register page displayed with all elements present.
ter’

TC002 | Validate password fields presence On Register page, check *Your Password” and ’Pass- | Both password fields should be present
word confirmation fields

TC003 Verify account type options Locate "Password confirmation’ field, verify customer | Both account type options displayed below password
and vendor options field

TCO004 Validate privacy and terms checkbox Verify privacy message and 'T agree to terms’ checkbox Privacy message and terms checkbox present as de-
present scribed

TCO005 Password minimum length validation Enter password with fewer than six characters, click Validation message indicates password is too short
Register

TCO006 Registration without accepting terms Fill all fields except terms checkbox, click Register Error message indicates terms must be accepted

TCO007 Successful registration with valid data | Fill all fields, accept terms, click Register Message 'Registration done successfully’ displayed

TC008 Empty mandatory fields validation Leave mandatory fields empty, click Register Inline error messages appear under each empty field

TC009 Name field maximum character limit Enter maximum allowed characters in name field, click | Form accepts input and proceeds if other fields valid
Register

TCO10 Invalid email format validation Enter invalid email format, click Register Error message indicates email format is invalid

TABLE IX: Quality Assessment Results

Metric Score
Functional Coverage Diversity 85%
Test Case Quality 88%
Scenario Traceability 90%
Real-world Executability 82%
Test Case Density 95%
Consistency Score 90%
Structural Completeness 95%
Human Evaluation Alignment 85%
Overall Score 88%

comparable to manual expert development. The five-module
framework addresses fundamental challenges in software qual-
ity assurance: the resource-intensive nature of test creation,
inconsistent coverage patterns, limited traceability, and diffi-
culties in processing diverse requirement formats.

Principal Accomplishments:

« Operational Efficiency: The system generates test cases
in under 2 minutes per scenario, compared to 15-30
minutes for manual authoring, demonstrating significant
time savings

« Comprehensive Coverage: The framework achieves ap-
proximately 90% coverage of explicit requirements, with
particular strength in identifying boundary conditions and
exception paths

« Output Quality: Generated test cases demonstrate strong
semantic correspondence with professional benchmarks,
with reduced unsupported assertions through knowledge
repository anchoring

¢ Requirement Traceability: Automated mapping of re-
quirement identifiers supports bidirectional traceability
without manual matrix maintenance

o Operational Flexibility: Multi-modal input processing
(PDF documents, visual representations, textual content)
and multi-format output generation support integration
across varied operational contexts

Practical Implications: Validation through representative

web application scenarios confirms the framework’s effective-
ness. The dual architecture supporting both web-based collabo-
rative access and standalone desktop operation accommodates

IJERA Volume 06, Issue 01

diverse security and connectivity requirements. Compatibility
with established test management platforms enables organiza-
tional adoption without disruption to existing workflows.

Transformational Impact: This research provides a foun-
dation for intelligent testing assistance wherein automated
systems manage routine specification documentation, allowing
quality assurance professionals to concentrate on strategic
activities—exploratory evaluation, risk assessment, and in-
terdisciplinary coordination. Rather than supplanting human
expertise, the framework enhances professional capabilities,
elevating test engineering from repetitive documentation to
valuable quality oversight.

Planned enhancements addressing execution integration,
support for multiple languages, and collaborative refinement
capabilities will broaden applicability while preserving the
fundamental principle: anchoring artificial intelligence output
in verified organizational knowledge to produce dependable,
traceable, production-ready test specifications.
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