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Introduction
The rapid advancement of artificial 

intelligence (AI) and deep learning has opened 
new avenues for solving critical problems in 
agriculture and livestock health monitoring. 
Among these, poultry disease detection plays a 
pivotal role in ensuring food safety, economic 
stability, and the welfare of millions of small-
scale and industrial farmers. Conventional 
methods of disease identification often 
involve manual observation, which is time-
consuming, inconsistent, and error-prone. 
Recent research has shown that deep learning 
models, especially Convolutional Neural 
Networks (CNNs), offer a robust solution for 
early, accurate, and automated classification 
of poultry diseases based on image data such 
as fecal images or physical symptoms.

While these models provide impressive 
accuracy, their inner workings often remain 
a “black box” to users and stakeholders. This 
lack of interpretability becomes a significant 
challenge in critical applications like disease 
diagnosis. To address this, our project 
integrates Generative AI—specifically the use 
of Large Language Models (LLMs) such as 
ChatGPT and Claude—with diagrammatic 
software tools like PlantUML and TikZ, 
forming a powerful framework for "Diagrams 
as Code and Code as Diagrams."

By converting code and deep learning 
models into visual diagrams, and enabling 
reverse transformations from diagrams to 
executable code, we improve the transparency, 
maintainability, and documentation quality of 
AI-based poultry health systems. The addition 
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of Neo4j, a graph database, allows natural 
language querying of code, models, and their 
associated diagrams, making this solution 
not only accurate but also user-friendly and 
explainable.

In this hybrid framework, we propose a 
deep learning model for chicken disease 
detection and a complementary system for 
automatic visualization of code architecture, 
data pipelines, and model components using 
Generative AI. 

Related Work
Several prior works have explored automating 

software architecture documentation and 
improving traceability between code and visual 
artifacts. Tools like Structurizr and C4 Model 
promote "diagrams as code" using DSLs to 
generate architecture diagrams from text, 
ensuring version control and reproducibility, 
but they still require manual authoring and 
do not support automatic reverse-engineering 
from existing codebases. SourceMiner and 
Code2Diagram attempt to visualize code 
structure by parsing repositories into UML or 
call graphs, yet the generated visuals are often 
static and lack semantic linking back to source 
files. Research around Graph-based code 
representation, such as Code Property Graphs 
and projects using Neo4j for code analysis, 
has shown strong results in querying large 
codebases with Cypher, but lacks integration 
with intuitive diagram generation or natural 
language interfaces. Recent efforts like 
GitHub Copilot and Amazon CodeWhisperer 
leverage LLMs for code understanding and 
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generation, while tools like DiagramGPT and Eraser AI use 
LLMs to generate PlantUML/Mermaid diagrams from prompts; 
however, these operate in one direction only and do not maintain 
live bidirectional sync between code and diagrams. Enterprise 
platforms such as Confluence with draw.io or Lucidscale 
integrations enable collaborative diagramming and some Git 
linkage, but synchronization remains manual and they lack NL 
query support over architectural graphs. Thus, while existing 
approaches address isolated aspects like code-to-diagram 
generation, graph querying, or LLM-assisted documentation, 
there remains a gap for a unified framework that provides real-
time bidirectional transformation, NL-driven graph queries, 
and interactive visuals tightly coupled with GitHub and Neo4j, 
which the proposed system aims to fill.

Existing Methodology
Traditional software architecture documentation and 

visualization methods suffer from manual creation and 
maintenance of diagrams using tools like Visio or draw.io, a 
lack of synchronization between source code and diagrams, 
and outdated documentation due to rapid codebase evolution. 
They also face limited searchability and semantic understanding 
of diagrams, along with fragmented storage across teams and 
repositories. These approaches are time-consuming and error-
prone because of manual updates, leading to inconsistencies 
between code and architecture visuals. Reverse-engineering 
code from diagrams becomes difficult, and there is a lack of 
support for real-time collaboration or updates. The diagrams 
remain static without interactivity or data connectivity, making 
them hard to maintain and scale.

Proposed Methodolgy
The proposed system is a generative AI-powered framework 

that enables bidirectional transformation between code and 
diagrams using Large Language Models like ChatGPT and 
Claude. It leverages PlantUML, TikZ, Neo4j, and GitHub 
to automate documentation, visualization, and query-based 
interaction with architectural artifacts. The framework treats 
diagrams as code to allow code-based generation of version-
controlled diagrams, and code as diagrams to provide visual 
representation of code structure for reverse engineering. It 
supports natural language queries where Claude converts 
them into Cypher for Neo4j, and offers interactive visuals that 
let users navigate diagrams linked to live source code. For 
automation and accuracy, diagrams are automatically updated 
as code evolves, which reduces manual intervention and human 
error. In terms of interactivity and visualization, it produces 
interactive SVG diagrams with embedded navigation and 
clear modular representations using TikZ or PlantUML. With 
LLM-powered intelligence, prompts convert human queries 
into graph queries while Claude and ChatGPT generate or 
analyze diagram and code content. The system provides a real-
time and scalable architecture by integrating with GitHub and 
Neo4j for versioning and querying, making it suitable for large, 
evolving enterprise codebases. It also enhances collaboration 
and documentation by supporting real-time updates and sharing 
across teams.

Hardware And Software Requirements

Requirement analysis
The project involved analyzing the design of few applications 

so as to make the application more users friendly. To do so, it 
was really important to keep the navigations from one screen to 
the other well ordered and at the same time reducing the amount 

of typing the user needs to do. In order to make the application 
more accessible, the browser version had to be chosen so that it 
is compatible with most of the Browsers. 

Requirement specification
Functional Requirements

•	 Graphical User interface with the User.
Software Requirements

For developing the application the following are the Software 
Requirements:

1.	 Python
2.	 Django

Operating Systems supported
1.	 Windows 10 64 bit OS

Technologies and Languages used to Develop
1.	 Python

Debugger and Emulator
•	 Any Browser (Particularly Chrome)

Hardware Requirements
For developing the application the following are the Hardware 

Requirements:
•	 Processor: Intel i9
•	 RAM: 32 GB
•	 Space on Hard Disk: minimum 1 TB

Feasibility Study
The feasibility of the project is analyzed in this phase and 

business proposal is put forth with a very general plan for the 
project and some cost estimates. 

Economical Feasibility         
This study is carried out to check the economic impact that 

the system will have on the organization. 

Technical feasibility
This study is carried out to check the technical feasibility, that 

is, the technical requirements of the system. 
The aspect of study is to check the level of acceptance of the 

system by the user. 

Design
The design phase is an important stage in software development 

where the system’s structure, architecture, and workflow are 
planned. In this phase, the requirements gathered during analysis 
are converted into a clear blueprint for development. It defines 
how different components of the system are organized and how 
they interact to perform the required functions.

Use case diagram
A use case diagram in the Unified Modeling Language (UML) 

is a type of behavioral diagram defined by and created from a 
Use-case analysis. The main purpose of a use case diagram is 
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to show what system functions are performed for which actor. 
Roles of the actors in the system can be depicted.

Implementation
Implementation is the phase where the system design is 

converted into a working application. It involves planning, 
analyzing the existing system, and developing methods for 
smooth system transition. During this stage, the modules are 
developed, integrated, and tested using selected technologies.

Modules
1. Diagram Generation Module
2. Reverse Engineering Module (Code from Diagrams)
3. Diagram-Database Interface (Neo4j Module)
4. Prompt Interaction Module
5. GitHub Integration & Version Control Module
6. Visualization and Export Module
7. Evaluation & Analytics Module

DJANGO
Django is a high-level Python Web framework that encourages 

rapid development and clean, pragmatic design. Built by 
experienced developers, it takes care of much of the hassle of 
Web development, so you can focus on writing your app without 
needing to reinvent the wheel. It’s free and open source.

Sample Screens
Home page:

Class diagram
In software engineering, a class diagram in the Unified 

Modeling Language (UML) is a type of static structure diagram 
that describes the structure of a system by showing the system's 
classes, their attributes, operations (or methods), and the 
relationships among the classes. It explains which class contains 
information.

Sequence diagram
A sequence diagram in Unified Modeling Language (UML) is 

a kind of interaction diagram that shows how processes operate 
with one another and in what order. It is a construct of a Message 
Sequence Chart. 

Activity diagram
Activity diagrams are graphical representations of workflows 

of stepwise activities and actions with support for choice, 
iteration and concurrency. In the Unified Modeling Language, 
activity diagrams can be used to describe the business and 
operational step-by-step workflows of components in a system. 
An activity diagram shows the overall flow of control.
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Testing And Validation
The purpose of testing in this project is to ensure that the 

wind power forecasting system accurately processes historical 
and real-time turbine data, predicts power output correctly, 
and responds appropriately to user inputs. Testing ensures that 
the machine learning models are integrated correctly, the web 
interface works seamlessly, and all functionalities meet user and 
system requirements.

Testing helps validate both the backend logic (data 
preprocessing, model training, prediction) and frontend 
operations (form inputs, result visualizations, file uploads). 
The system is tested across all phases to identify and resolve 
potential errors.

The system underwent comprehensive testing to ensure 
reliability and accuracy across all modules. Unit testing 
validated individual components like data preprocessing, 
model training, and prediction logic using unittest and pytest. 
Integration testing confirmed smooth interaction between data 
input, preprocessing, model workflows, APIs, and visualization 
components, ensuring seamless frontend-to-backend data flow. 
Functional testing verified correct handling of valid and invalid 
inputs, accurate power predictions, and proper CSV parsing. 
System testing on a simulated environment validated the 
complete workflow from input to prediction, model consistency, 
and responsive page linking. White box testing examined 
internal logic including PCA, MICE imputation, and feature 
selection to ensure correct implementation, while black box 
testing confirmed usability, form inputs, dataset uploads, graph 
accuracy, and error-free navigation from the user perspective. 
The test strategy included manual field testing with invalid and 
boundary inputs against documented use cases, with objectives 
to validate inputs, ensure prediction activation under correct 
conditions, and prevent crashes. Key features tested were 
CSV upload, manual prediction forms, result accuracy, graph 
rendering, and module navigation. Integration testing validated 
all component interactions with no interface errors, and user 
acceptance testing with sample analysts confirmed interface 
usability, result clarity, and graph interpretability. All test cases 
passed successfully with no defects, meeting functional and 
performance benchmarks.

Conclusion
This project introduces a powerful fusion of deep learning-

based poultry disease detection and Generative AI-driven 
visualization, delivering both predictive accuracy and 
explainability. By leveraging CNNs for disease classification 
and integrating tools like ChatGPT, Claude, PlantUML, Neo4j, 
and TikZ, the system offers a comprehensive diagnostic platform 
that is transparent, interactive, and maintainable.

The inclusion of Diagrams as Code and Code as Diagrams 
provides a novel dimension to the usability of AI systems, 
especially in domains like agriculture where interpretability is 
critical for trust and adoption. Additionally, the use of graph 

Admin login:

Admin Home Page:

View Register User:

User Login Page:

User Home Page:

Generate page :

Output Page
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databases and prompt-based semantic querying makes this 
platform not only technologically robust but also user-centric 
and scalable for deployment in real-world settings.

Future extensions such as mobile app deployment, edge-
based inferencing, and voice-assisted interaction further 
enhance its value, making it a transformative solution for early 
poultry disease diagnosis and model understanding. This unified 
approach represents a significant step forward in explainable AI 
for agriculture, fostering improved decision-making and disease 
management in livestock industries.
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