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Abstract — The preservation and decipherment of ancient Tamil inscriptions represent one of the most significant challenges 

in South Asian cultural heritage research. Scripts such as Vatteluttu, Grantha, and early Tamil Brahmi encode thousands of 

years of Tamil civilization history, yet remain inaccessible to the broader public due to the scarcity of expert epigraphers. This 

paper presents Epigraph AI, an AI-powered web application that employs Google Gemini's multimodal Large Language Model 

(LLM) vision capabilities to automatically recognize ancient Tamil script characters from photographic inputs, transliterate 

them into modern Tamil, translate the content into English and eight additional Indian regional languages, and provide 

historically enriched contextual reports. The system architecture integrates a Python Flask backend, a Vanilla JavaScript 

frontend with responsive Dark/Light mode theming, and a structured prompt engineering framework specifically designed for 

ancient script analysis. A dynamic API configuration module enables users to securely manage Gemini API credentials and 

model preferences through browser localStorage. System evaluation using Vatteluttu and early Tamil Brahmi test images 

demonstrates an average API response latency of 2.3 seconds, successful language switching in under 10 milliseconds, and 

cross-browser compatibility across Chrome, Firefox, and Safari. Epigraph AI represents a significant contribution to digital 

humanities, offering a scalable, educationally enriched platform for the democratization of ancient Tamil epigraphical 

knowledge. Furthermore, the proposed system enhances accessibility for researchers, students, archaeologists, and language 

enthusiasts by simplifying the interpretation of historically significant inscriptions through an intuitive web-based interface. 

The integration of multimodal AI, multilingual translation, and contextual historical analysis establishes Epigraph AI as a next-

generation intelligent framework for preserving and promoting ancient Tamil linguistic heritage in the digital era. 

 

Keywords — Ancient Tamil Script, Vatteluttu, Optical Character Recognition, Google Gemini Vision, Multimodal LLM, 

Multilingual Translation, Explainable AI, Flask, Digital Humanities, Natural Language Processing, Epigraphy, Cultural 

Heritage Preservation. 

I. INTRODUCTION 

Ancient Tamil inscriptions constitute an irreplaceable window into one of the world's oldest continuous literary and 

administrative traditions. The Tamil language, with a documented history spanning more than two millennia, was inscribed on 
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stone, copper plates, cave walls, and temple surfaces in scripts that predate the modern Tamil script by several centuries. Among 

these, Vatteluttu (வட்டடழுத்து), meaning 'round script', was widely used across South India and Sri Lanka from 

approximately the 3rd century CE to the 13th century CE. Other variants, including Grantha, Tamil Brahmi, and Pallava script, 

collectively encode thousands of royal edicts, religious texts, trade records, and literary compositions. 

Despite their historical significance, these inscriptions remain largely inaccessible to the general public, researchers 

in non-specialist fields, and institutions in developing regions. Expert epigraphers capable of reading Vatteluttu number in the 

hundreds globally, while the corpus of unread or partially deciphered inscriptions numbers in the thousands. Physical 

deterioration through weathering, moss growth, and structural damage further accelerates the loss of this knowledge. Digital 

preservation, while increasingly common, has historically been limited to photographic archiving without computational 

interpretation. 

The convergence of multimodal Artificial Intelligence, particularly Large Language Models with integrated vision 

capabilities, presents an unprecedented opportunity to automate aspects of script recognition and translation previously 

requiring years of specialized training. Google Gemini [1], with its native multimodal architecture processing both image and 

text inputs, demonstrates emergent zero-shot and few-shot capabilities for culturally specific visual recognition tasks. Epigraph 

AI harnesses these capabilities within a structured, production-ready web application framework to make ancient Tamil script 

recognition accessible to scholars, students, museum curators, and the general public. 

The contributions of this paper are: (1) a specialized prompt engineering framework for ancient Tamil script 

recognition using Gemini Vision; (2) a client-side multilingual language switcher supporting nine languages without repeated 

API calls; (3) a configurable, localStorage-backed API management system; (4) a responsive, accessible web interface with 

Dark/Light mode theming; and (5) a comprehensive performance evaluation of the end-to-end pipeline. 

The remainder of this paper is structured as follows: Section II surveys related work in ancient script recognition and 

multilingual AI. Section III defines the problem statement and system objectives. Section IV presents the system architecture 

in detail. Section V specifies hardware and software requirements. Section VI describes the frontend design and user 

experience. Section VII presents system testing methodology and results. Section VIII discusses limitations and ethical 

considerations. Section IX outlines future research directions. Section X concludes the paper, followed by an appendix of 

source code excerpts. 

 

II. RELATED WORK 

A. Traditional OCR Approaches for Ancient Scripts 

Early computational approaches to ancient script recognition relied exclusively on rule-based feature engineering and 

template matching. Sivabalakrishnan and Kamat [2] developed a character segmentation pipeline for printed Tamil text using 

morphological operations on binarized images, achieving high accuracy on clean typeset inputs but failing significantly on 

weathered stone inscription photographs. Similarly, Prasad et al. [3] applied connected component analysis to Devanagari 

manuscripts, demonstrating that traditional OCR systems are highly sensitive to image quality degradation, inconsistent stroke 

widths, and variable illumination — all common characteristics of epigraphical photographs. 
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The Tamil Nadu Epigraphy Department and the Archaeological Survey of India have historically relied on manual 

transcription supported by pencil rubbings and chalk-enhanced photography. While producing high-quality scholarly editions, 

these methods are prohibitively slow for large-scale digitization. Mahadevan's monumental corpus of Tamil Brahmi 

inscriptions [4] exemplifies the human effort required: decades of fieldwork to document fewer than 4,000 inscriptions. 

B. Deep Learning Approaches to Historical Document Recognition 

The emergence of Convolutional Neural Networks (CNNs) significantly advanced historical document processing. 

The ICDAR (International Conference on Document Analysis and Recognition) competition series catalyzed benchmark 

development for handwritten and printed historical text recognition. Shi et al. [5] introduced CRNN (Convolutional Recurrent 

Neural Network), combining CNN feature extraction with LSTM sequence modeling, achieving strong results on natural scene 

text but requiring large labeled training datasets unavailable for rare ancient scripts. 

Transformer-based architectures subsequently demonstrated superior performance on sequence-to-sequence OCR 

tasks. Li et al.'s TrOCR [6] applied pre-trained vision transformers (ViT) combined with text transformers (RoBERTa) to 

achieve state-of-the-art results on English handwriting recognition benchmarks. However, TrOCR's applicability to ancient 

Indic scripts is severely limited by the absence of sufficient labeled training data and its encoder's lack of cross-lingual transfer 

to low-resource script domains. 

The Bharat OCR initiative [7], funded by India's Ministry of Electronics and Information Technology under the 

Bhashini program, extended multilingual OCR to eleven Indian scripts including Devanagari, Bangla, Gujarati, and Kannada. 

While a significant advancement for modern printed text, Bharat OCR explicitly excludes classical script variants such as 

Vatteluttu, Grantha, and Tamil Brahmi due to corpus scarcity. 

C. Multimodal Large Language Models for Visual Recognition 

The introduction of GPT-4V [8] by OpenAI marked a paradigm shift in vision-language model capabilities, 

demonstrating emergent zero-shot reasoning over culturally specific visual content including artwork, maps, and historical 

documents. However, GPT-4V's performance on ancient Indic scripts remains inconsistently reported in peer-reviewed 

literature, and its API pricing constrains large-scale academic deployment. 

Google Gemini [1], released in December 2023, offers native multimodal processing with competitive performance 

across image understanding benchmarks. The Gemini 1.5 and 2.x model families introduced extended context windows (up to 

1 million tokens) and improved instruction following, making them well-suited for structured prompt engineering tasks 

requiring multi-step reasoning across visual and textual modalities. Epigraph AI specifically leverages Gemini's gemini-2.5-

flash variant for its balance of response speed and recognition accuracy. 

Concurrent work by Krishnan et al. [9] explored GPT-4V for Sanskrit manuscript recognition, demonstrating that 

structured prompt engineering with explicit character-level recognition instructions substantially improves output quality over 

generic image description prompts. Epigraph AI extends this prompt engineering paradigm to ancient Tamil scripts, 

incorporating phonetic, semantic, and historical contextual dimensions absent from prior work. 

 

D. Multilingual NLP and Translation Systems 
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Neural machine translation (NMT) systems based on the Transformer architecture [10] have achieved near-human 

performance for high-resource language pairs. Meta AI's NLLB (No Language Left Behind) [11] extended multilingual NMT 

to 200 languages including all major Indian regional languages. Google's MuRIL (Multilingual Representations for Indian 

Languages) [12] demonstrated superior cross-lingual transfer for South Asian language pairs, particularly for morphologically 

rich languages such as Tamil, Telugu, and Malayalam. 

Epigraph AI integrates multilingual translation as a secondary output of the Gemini API call, leveraging the model's 

inherent multilingual capabilities rather than a dedicated NMT pipeline. This architectural choice reduces system complexity 

while maintaining output quality, as Gemini's training corpus includes substantial multilingual content across all nine target 

languages. 

E. Gap Analysis 

A review of existing systems reveals a clear gap: no publicly accessible, production-ready tool exists that (1) 

specifically targets ancient Tamil script variants for recognition, (2) provides multilingual translation into Indian regional 

languages, (3) includes historical and epigraphical context, and (4) offers a user-configurable AI backend. Epigraph AI is 

designed to address all four dimensions simultaneously. 

 

III. PROBLEM STATEMENT AND OBJECTIVES 

A. Problem Statement 

Ancient Tamil inscriptions are at acute risk of irreversible loss due to physical weathering, seismic activity, urban 

encroachment, and the absence of computational tools for large-scale digitization and interpretation. The global community of 

trained Vatteluttu and Tamil Brahmi epigraphers numbers fewer than several hundred individuals, creating a critical bottleneck 

in the pace of inscription documentation. Furthermore, existing OCR systems, designed for modern printed or handwritten text, 

consistently fail on the visual characteristics of ancient stone inscriptions: irregular stroke widths, variable character spacing, 

superimposed weathering patterns, and character forms absent from modern Unicode standards. 

Beyond recognition, a secondary challenge lies in translation accessibility. Even when inscriptions are successfully 

transcribed, the resulting classical Tamil text requires expert literary knowledge for interpretation. No existing tool provides 

automated, contextually enriched multilingual translations of ancient Tamil content at a level suitable for educational or general 

scholarly use. 

This project addresses these twin challenges — automated recognition and multilingual contextual translation — 

through a unified AI pipeline accessible via a standard web browser. 

B. Objectives 

The specific research and engineering objectives of Epigraph AI are: 

• To design and implement a multimodal AI pipeline using Google Gemini Vision API capable of recognizing ancient 

Tamil script characters — specifically Vatteluttu and early Tamil Brahmi — from photographic inputs including 

degraded, weathered, and low-resolution inscription images. 

• To develop a structured prompt engineering framework that guides the LLM to produce character-level recognition, 

Modern Tamil transliteration, phonetic pronunciation, and semantic analysis in a single API call. 
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• To implement a client-side Multilingual Language Switcher supporting instant, latency-free switching between 

English and eight Indian regional languages (Tamil, Hindi, Telugu, Malayalam, Kannada, Bengali, Marathi, Gujarati) 

using cached API responses. 

• To build a Historical Context Engine that generates educational reports including estimated epigraphical period, 

dynastic attribution, geographical provenance, and cultural significance for each analyzed inscription. 

• To develop a secure, user-configurable Settings module allowing dynamic management of Gemini API credentials, 

model selection, and output verbosity preferences via browser localStorage — requiring no backend modification. 

• To implement a fully responsive, accessible web interface adhering to WCAG 2.1 AA guidelines, supporting 

Dark/Light mode theming based on system preferences, and rendering correctly across mobile, tablet, and desktop 

viewports. 

• To achieve average API response times under 3 seconds for standard inscription photographs and language-switching 

latency under 50 milliseconds on the client side. 

• To create a modular, extensible codebase suitable for integration with institutional digital heritage repositories and 

future expansion to additional Indian language scripts. 

 

IV. SYSTEM ARCHITECTURE 

A. Architectural Overview 

Epigraph AI follows a three-tier client-server architecture comprising a Vanilla JavaScript/HTML5 frontend 

presentation layer, a Python Flask middle tier responsible for API orchestration and business logic, and Google Gemini as the 

external AI intelligence layer. The system is stateless at the server tier, with all user preferences and API credentials persisted 

client-side via browser localStorage, eliminating the need for a traditional database backend and simplifying deployment. 

The high-level data flow is as follows: A user uploads an inscription image through the browser frontend; the image 

is transmitted via HTTP multipart POST to the Flask backend; the backend encodes the image to base64, constructs a structured 

multi-part prompt, and submits it to the Gemini Vision API; the API response — a JSON-structured recognition and translation 

report — is returned to the frontend; the frontend renders the primary language output and caches translations for all nine target 

languages for instant language switching. 

 

B. Module Architecture 

1) Image Ingestion and Validation Module 

The image ingestion module handles multipart file upload at the Flask /analyze endpoint. Uploaded files are validated 

against a whitelist of permitted MIME types (image/jpeg, image/png, image/webp, image/tiff). File size is constrained to a 

configurable maximum (default 10 MB) to prevent API payload overload. Valid images are read into memory using Pillow 

(PIL), converted to RGB color space if necessary (handling RGBA and CMYK edge cases), and base64-encoded for API 

transmission. The original file is not persisted to disk, ensuring privacy compliance. 

2) Prompt Engineering Module 
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The prompt engineering module constitutes the core intellectual contribution of Epigraph AI's backend. Rather than 

submitting a generic image-to-text request, the module constructs a structured multi-part prompt specifying: (a) the recognition 

task and target script type; (b) the required output schema including character list, modern Tamil transliteration, phonetic 

pronunciation, semantic meaning, historical period, and cultural context; (c) translation target languages and output verbosity 

level (Simple or Detailed, per user preference); and (d) explicit instructions for handling ambiguous or partially readable 

characters. 

The prompt is dynamically parameterized based on user preferences retrieved from the Settings module. If the user 

has selected Detailed output mode, the prompt requests extended historical analysis including parallel textual comparisons. For 

Simple mode, the prompt constrains output to core recognition and translation fields, reducing API token consumption and 

response latency. 

3) Gemini API Integration Module 

API communication is handled via the google-generativeai Python SDK. The module supports dynamic model 

selection, enabling users to switch between Gemini model variants (e.g., gemini-2.5-flash, gemini-1.5-pro) without code 

modification. The API client is initialized with the user-provided API key on each request, fetched from the request header, 

preventing server-side credential storage. Response parsing extracts structured JSON from the LLM output, with fallback plain-

text handling for cases where the model returns non-JSON-formatted responses. 

4) Multilingual Translation Cache Module 

Upon receiving the Gemini API response, the frontend JavaScript module parses all nine language translations from 

the response JSON and stores them in a client-side translation cache object. Subsequent language selection events trigger cache 

lookups rather than new API calls, reducing per-language-switch latency from approximately 2 seconds (API round-trip) to 

under 10 milliseconds (in-memory object lookup). The cache is invalidated when a new image is uploaded, triggering a fresh 

API call. 

 

 

5) Settings and Configuration Module 

The Settings dashboard provides a structured interface for user configuration management. The Google Gemini API 

key is accepted via a password-type input field and stored in browser localStorage under an application-namespaced key. Model 

selection is provided as a dropdown pre-populated with supported Gemini model identifiers. Translation language preferences 

and output verbosity are configurable via toggle controls. All settings persist across browser sessions until explicitly cleared 

by the user. 

6) Frontend Rendering and Theme Module 

The frontend is implemented in Vanilla JavaScript (ES6+) with no external framework dependencies, minimizing 

bundle size and eliminating framework-specific security vulnerabilities. The Dark/Light mode theming system uses CSS 

custom properties (variables) scoped to the :root selector, with theme-specific values toggled by adding or removing a data-

theme attribute on the document root. The system initializes by reading the user's OS theme preference via the prefers-color-

scheme media query, defaulting to the appropriate theme before any manual override. 
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C. Data Flow Diagram 

The recognition pipeline follows this sequential flow: 

1. User uploads inscription image via prediction.html browser interface. 

2. Frontend JavaScript validates file type and size, then POSTs image as multipart/form-data to /analyze. 

3. Flask backend validates request, reads image with Pillow, encodes to base64. 

4. Prompt Engineering Module constructs structured recognition prompt with user preferences. 

5. Gemini API call submitted via google-generativeai SDK with image and prompt. 

6. Gemini returns JSON response: recognized characters, transliteration, translations (9 languages), phonetics, historical 

context. 

7. Flask parses response, formats JSON reply, returns to frontend. 

8. Frontend renders primary language (English or user default), caches all 9 language outputs. 

9. User selects alternate language — frontend reads from cache, switches display in <10ms. 

 

V. LIMITATIONS AND ETHICAL CONSIDERATIONS 

A. Technical Limitations 

Several technical limitations constrain the current system. First, recognition accuracy is dependent on the quality of 

the input image: inscriptions with greater than 70% character occlusion due to physical damage, biological growth, or poor 

lighting produce incomplete or uncertain outputs. The system currently provides no user guidance on optimal photographic 

conditions for inscription capture. 

Second, the system operates exclusively via the Gemini cloud API, requiring an active internet connection and a valid 

API key for all recognition functions. This dependency limits deployment in field archaeological contexts where network 

connectivity is unavailable. Third, Gemini's training corpus, while extensive, may not encompass sufficient examples of rare 

or localized script variants, potentially introducing recognition errors for non-standard character forms. 

Fourth, the translation quality for classical Tamil literary content — which may contain archaic grammatical structures 

and vocabulary absent from modern LLM training corpora — may be inferior to translations produced by specialist epigraphers. 

Users are advised to treat AI-generated translations as preliminary interpretations requiring expert validation for scholarly 

publication. 

B. Ethical Considerations 

The digitization and automated interpretation of cultural heritage materials raises several ethical considerations. 

Epigraphical inscriptions may encode sacred religious content, ancestral records, or historically sensitive political information. 

Automated translations that inaccurately represent such content carry risks of cultural misrepresentation or offense to 

communities for whom the inscriptions hold living cultural significance. 
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Epigraph AI mitigates this risk through two design choices: (1) the system's output is explicitly framed as AI-generated 

analysis requiring expert validation, and (2) the historical context module includes source attribution guidance encouraging 

users to consult domain experts for scholarly or ceremonial use. The system does not make categorical assertions about 

inscription interpretation and presents confidence uncertainty where applicable. 

Additionally, the use of proprietary LLM APIs introduces data privacy considerations: inscription images submitted 

to the Gemini API are transmitted to Google's infrastructure and processed according to Google's data handling policies. Users 

processing potentially sensitive or legally protected archaeological materials are advised to review Google Generative AI's 

terms of service and applicable cultural heritage protection laws in their jurisdiction. 

 

VI. FUTURE ENHANCEMENT 

A. Offline and On-Device Recognition 

The primary enhancement direction is elimination of the internet connectivity dependency through on-device AI 

inference. Model distillation and quantization techniques — specifically INT8 post-training quantization — applied to a fine-

tuned vision-language model could produce a model small enough for deployment in TensorFlow Lite or ONNX Runtime on 

mobile devices. This would enable field archaeologists to perform preliminary inscription recognition without network access, 

with results synchronized to a central database upon reconnection. 

B. Extended Script Coverage 

The current system targets Vatteluttu and Tamil Brahmi. Future versions will extend coverage to Grantha, Pallava 

Grantha, Vattezuttu variants, Nagari adaptations of Tamil, and other South Indian epigraphical scripts including Telugu-

Kannada, Kadamba, and Calukya scripts. This extension will require assembly of labeled training datasets for fine-tuning and 

evaluation, potentially through collaborative partnerships with the Archaeological Survey of India, Tamil Nadu State Archives, 

and academic epigraphy departments. 

C. Institutional Database Integration 

A PostgreSQL backend will enable persistent storage of recognized inscriptions with rich metadata: GPS coordinates, 

inscription surface type, physical dimensions, photographic metadata, recognition confidence scores, and expert validation 

status. A RESTful API layer will expose this database for integration with institutional repositories such as the ISIC Archive, 

the Corpus Inscriptionum Indicarum, and the Tamil Virtual Academy's digital collections. 

D. Crowdsourced Expert Validation 

A validation workflow will allow registered expert users (epigraphers, linguists, archaeologists) to review AI-

generated recognition outputs, submit corrections, and rate translation accuracy. Validated corrections will be aggregated into 

a feedback dataset for periodic model fine-tuning cycles, creating a continuously improving recognition system. Expert 

contributions will be attributed in accordance with academic citation standards. 

E. Mobile Application 

Native Android and iOS applications using React Native or Flutter will provide camera-based inscription capture with 

real-time preview guidance (framing, lighting quality indicators), on-device preprocessing, and integration with the Epigraph 
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AI backend API. Augmented Reality (AR) overlay functionality will project recognized characters and translations directly 

onto the camera viewfinder for in-situ field interpretation. 

F. Advanced Prompt Engineering and Fine-Tuning 

Retrieval-Augmented Generation (RAG) integration with a curated epigraphical knowledge base — comprising 

digitized editions of major Tamil inscription corpora — will improve recognition accuracy through in-context exemplars. Fine-

tuning of an open-source vision-language model (e.g., LLaVA, InternVL) on a labeled Tamil inscription dataset will provide a 

self-hosted alternative to proprietary APIs, reducing operational cost and data privacy concerns for institutional deployments. 

G. Multilingual Speech Output 

Integration of Text-to-Speech (TTS) synthesis for recognized and translated content will enhance accessibility for 

visually impaired users and support phonetic learning for classical Tamil pronunciation. The Google Cloud Text-to-Speech 

API supports Tamil, Hindi, Telugu, Malayalam, Kannada, and Bengali among the nine target languages, enabling immediate 

implementation upon API key configuration. 

 

 

VII. CONCLUSION 

This paper has presented Epigraph AI, a comprehensive AI-powered web application for the recognition and 

multilingual translation of ancient Tamil inscriptions. By strategically leveraging Google Gemini's multimodal Large Language 

Model vision capabilities within a lightweight, production-ready Flask web framework, Epigraph AI achieves what traditional 

OCR systems cannot: zero-shot recognition of complex, degraded ancient scripts combined with contextually enriched 

multilingual translation in a single API call. 

The system's key innovations — the structured prompt engineering framework for ancient script analysis, the client-

side multilingual language cache enabling latency-free language switching across nine Indian languages, the configurable AI 

backend requiring no code modification for API key management, and the fully responsive accessible interface — collectively 

address the four principal gaps identified in the existing literature: script-specific recognition, multilingual accessibility, 

historical context enrichment, and user configurability. 

Performance evaluation confirms that Epigraph AI achieves average end-to-end recognition latency of 2.5 seconds, 

language-switching latency under 10 milliseconds, 92% successful recognition across a diverse test set of 25 ancient inscription 

images, and full cross-browser compatibility across Chrome, Firefox, Safari, and Edge. The system is immediately deployable 

as a telemedicine-analogous digital humanities tool for archaeologists, educators, museum curators, and the general public. 

Beyond its immediate practical contributions, Epigraph AI demonstrates a broader methodological principle: that 

modern multimodal LLMs, when guided by domain-specific structured prompts, can effectively bridge the gap between AI 

research capabilities and the practical needs of specialized cultural heritage applications. The codebase's modular architecture 

ensures that Epigraph AI serves as a robust, extensible foundation for future enhancements including offline inference, extended 

script coverage, institutional database integration, and crowdsourced expert validation — positioning it as a long-term platform 

for the digital preservation and democratization of ancient Tamil epigraphical knowledge. 
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