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I. INTRODUCTION 

  Artificial Intelligence and Deep Learning have transformed the field of image recognition and pattern classification. 

Character recognition systems are now widely used in modern applications such as Optical Character Recognition (OCR), 

handwriting analysis, digital archives, and language preservation systems. However, most existing systems primarily focus on 

globally dominant languages, while ancient and low-resource languages remain underrepresented. This computational divide 

highlights a critical gap in digital inclusivity, as underrepresented scripts often lack the foundational digital corpora and standard 

typographic representations necessary to leverage standard deep neural architectures directly [11]. 

  The Ahom language is an ancient Tai language historically used in Assam, India. Ahom manuscripts and inscriptions hold 

immense historical and cultural significance. However, due to limited computational resources, lack of datasets, and absence of 

automated recognition systems, preserving and digitizing Ahom script has become increasingly difficult. Landmark digital 

humanities initiatives, such as the British Library’s Endangered Archives Programme (EAP373), have established foundational 

image repositories by cataloging thousands of Sanchi pat manuscript folios across Assam [6]. Yet, translating these raw, noise-

heavy image archives into machine-readable digital streams remains an active bottleneck. Recent parallel implementations in 

regional computational linguistics, such as the translation-backed framework developed for the modern Assamese language in the 

AABEG project [1], demonstrate how bridging pipelines can successfully bring localized text into computational environments. 

  Traditional manual recognition of Ahom characters requires expertise and is time-consuming. Therefore, there is a growing 

need for an intelligent automated system capable of recognizing Ahom alphabets accurately. Deep Learning techniques, especially 

Convolutional Neural Networks (CNN), have shown remarkable success in image classification and handwritten character 

recognition tasks. 

  This research proposes a CNN-based Ahom Alphabet Recognition System capable of identifying Ahom alphabets from 

both uploaded images and user-drawn inputs. The system provides real-time prediction through a Flask-based web application 

integrated with an interactive drawing canvas. 

 

The major contributions of this research include: 

1. Development of a CNN-based Ahom alphabet recognition model. 

2. Creation of a real-time prediction web application. 

3. Integration of drawing-pad based handwritten prediction. 

4. Deployment of the system using Flask and huggingface. 

5. Contribution toward digital preservation of Ahom heritage. 

Abstract: The preservation of ancient and low-resource languages has become an important area of research in Artificial Intelligence and 

Natural Language Processing. Ahom, an ancient Tai language historically used in Assam, India, possesses significant cultural and historical 

importance. However, due to limited digital resources and the absence of automated recognition systems, the preservation and computational 

processing of Ahom script remain challenging. This paper presents a Deep Learning based Ahom Alphabet Recognition System capable of 

recognizing handwritten Ahom characters using Convolutional Neural Networks (CNN). 

The proposed system accepts both uploaded images and real-time drawing input through an interactive web interface. The input image 

undergoes preprocessing techniques including grayscale conversion, resizing, and normalization before being passed into the CNN model 

for classification. The system is implemented using Python, TensorFlow, Flask, HTML, CSS, and JavaScript. Hugging face is utilized for 

public deployment and remote accessibility. 

Experimental results demonstrate that the CNN-based model effectively recognizes Ahom alphabets with promising accuracy. The system 

contributes toward digital preservation of the Ahom script and provides a foundation for future research in low-resource script recognition, 

Optical Character Recognition (OCR), and AI-driven heritage preservation. 

 

Keywords: Ahom Script, Deep Learning, CNN, Character Recognition, OCR, Flask, TensorFlow, Image Processing, Ancient Language 

Preservation. 
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  II.LITERATURE REVEIW 

  Character recognition has evolved significantly from heuristic-based structural analysis to modern deep representation 

learning. Early frameworks in Optical Character Recognition (OCR) heavily relied on Support Vector Machines (SVM) paired with 

manual feature descriptors like Histogram of Oriented Gradients (HOG) or Scale- 

  Invariant Feature Transform (SIFT) [2].While SVMs are computationally efficient for small datasets and guarantee global 

optimality due to their convex optimization nature, they scale poorly with structural variations, handwriting distortions, and spatial 

translations. Conversely, Convolutional Neural Networks (CNN) automatically learn hierarchical spatial feature maps directly from 

raw pixel intensities, bypassing the errors introduced by manual feature engineering. 

  The application of CNNs has yielded high success across various global and regional scripts. For instance, in Indic and 

Brahmi-derived scripts—which share structural lineage with low-resource regional variants—deep architectures have consistently 

outperformed shallow learning algorithms. Landmark implementations in Devanagari handwritten character recognition utilizing 

deep CNNs have achieved accuracies exceeding 95%, successfully isolating complex joint characters (conjuncts). This shift is 

mirrored across global paleography research, where multi-layer CNN blocks paired with adaptive binarization encoders are widely 

deployed to recover structural text paths from faded or structurally degraded historical surfaces [7]. Similarly, research in the 

Bengali and 

  Assamese scripts has leveraged multi-layer CNN architectures to handle high structural similarity among alphabets. The 

transition toward automatic feature mapping is further highlighted by cross-linguistic studies in South Asian handwriting 

recognition, which demonstrate how deep convolutional backbones successfully replace highly tedious handcrafted descriptors like 

contour mapping and zoning [4]. 

   Despite these advancements, ancient and historical scripts remain heavily underrepresented in Natural Language Processing 

(NLP) and computer vision literature due to severe data scarcity. The Ahom script, an ancient Tai script historically preserved in 

Assam, presents unique geometric challenges including intricate curves and loops that suffer from structural degradation in 

historical manuscripts. Existing public OCR engines lack training weights for Ahom character typography. Consequently, building 

dedicated convolutional neural pipelines is essential to bridge the digital gap for this heritage script. 

 

Feature / Metric Support Vector Machine (SVM) Convolutional Neural Networks (CNN) 

Feature Extract in Requires manual feature engineering (e.g., 

HOG, SIFT). 

Automatic end-to-end spatial feature learning. 

Spatial Invariance Low; sensitive to character rotations, shifts, 

and scaling. 

High; managed via convolutional layers and 

max-pooling operations. 

Data Dependability Performs well on smaller, highly 

constrained datasets. 

Requires larger datasets but scales 

exceptionally with data complexity. 

Computational Cost Low training time; high inference 

complexity with large support vectors. 

High training computation; highly optimized, 

lightweight real-time inference. 

 

While SVMs offer lower training computation, their sensitivity to handwriting variations limits their efficacy on the full 24-

character Ahom script compared to end-to-end deep learning architectures, as empirically demonstrated in Section X of this study. 

This performance discrepancy aligns with broader multi-language online character tracking benchmarks, which prove that standard 

structural pixel mapping yields lower confidence margins when subjected to high cursive variations and shifting human hand 

movements [5]. Furthermore, contemporary comparative evaluations between classical Support Vector Machines and deep 

convolutional classifiers explicitly confirm that deep features continuously outperform rigid hyperplanes when resolving high intra-

class variance and non-linear glyph strokes found in ancient heritage writing blocks [8]. 

 

III.DESIGN METHODOLOGY AND PROBLEM FORMULATION 

The primary impediment to digitizing ancient Ahom manuscripts is the complete absence of automated, open-source 

interpretation pipelines, forcing researchers to rely on time-consuming manual transcription. To mitigate this, this study establishes 

an integrated framework designed to acquire, preprocess, and classify the complete alphabet profile of the Ahom language using 

an optimized deep convolutional pipeline mapped to an interactive web backend. 

The system architecture cleanly decouples client-side canvas interactions from server-side deep learning inference. The 

methodology progresses systemically through: 

 

1. Comprehensive Script Dataset Collection: Compiling handwriting variations across all native characters of the Ahom 

alphabet. 

2. Deterministic Preprocessing: Applying grayscale transformation, uniform mathematical downsampling to $28 \times 28$ 

pixels, and intensity scaling to minimize contrast variance. 

3. Stochastic Model Optimization: Training an multi-layer CNN using categorical cross-entropy loss to optimize weight 

boundaries across the expanded script classes. 

4. Production Integration: Encapsulating the computational model within a lightweight Flask application for remote API 

execution. 
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IV.SYSTEM ARCHITECTURE 

The architecture of the proposed system consists of the following modules: 

1. User Interface Module 

2. Image Acquisition Module 

3. Preprocessing Module 

4. CNN Classification Module 

5. Prediction Output Module 

6. Deployment Module 

The frontend is developed using HTML, CSS, and JavaScript, while the backend is implemented using Flask and TensorFlow. 

 

V.COMPLETE CHARACTER DATASET AND PREPROCESSING PIPELINE 

Unlike exploratory studies limited to localized character sets, this research compiles a comprehensive dataset encompassing 

the complete 24 alphabet corpus of the Ahom script. The training matrix includes multiple handwriting styles, ink-width variants, 

and structural anomalies across all 24 classees to ensure robust generalization across diverse user inputs. To overcome the inherent 

long-tailed data distribution and data scarcity characterizing ancient scripts, modern frameworks increasingly look toward flexible 

graphic enhancement strategies and data rotation arrays to artificially expand the invariant boundary definitions within neural 

weights [9]. 

To ensure computational uniformity and minimize resource consumption during training loop iterations, raw inputs are 

passed through a structured mathematical preprocessing pipeline: 

• Luminance Reduction (Grayscale): Color channels are collapsed from three-dimensional RGB space into a singular intensity 

channel Y using the standard psychometric conversion matrix to simplify downstream feature extraction: 

Y = 0.299R + 0.587G + 0.114B 

• Spatial Quantization (Resizing): Pixel structures are downsampled to a uniform 28 \times 28 tensor matrix using bilinear 

interpolation. This provides an optimal balance between preserving structural topography and minimizing hidden layer node 

density. 

• Min-Max Normalization: Pixel intensity integers ranging from [0, 255] are rescaled to a localized floating-point distribution 

between [0.0, 1.0] via element-wise matrix division to eliminate radical gradient swings during backpropagation cycles: 

 
• Tensor Reshaping: The resulting processed matrix is reshaped into a standard format compatible with the input layer 

constraints of the convolutional neural network model. 

 

VI.CONVOLUTIONAL NEURAL NETWORK (CNN) 

 Neural Networks are specialized deep learning architectures designed for image recognition tasks. By exploiting spatial 

local correlation through a combination of local receptive fields, shared weights, and spatial downsampling, CNN configurations 

automatically preserve the underlying structural topology of structural images while remaining highly invariant to minor global 

distortions [12]. 

 

The CNN architecture used in this research includes: 

1. Convolution Layer 

2. Max Pooling Layer 

3. Flatten Layer 

4. Dense Layer 

5. Output Layer 

 

CNN Workflow 

Input Image → Convolution → Pooling → Flatten → Dense → Output Prediction 
 

Convolution Layer 

Extracts important visual features such as edges and patterns. 
 

Pooling Layer 

Reduces spatial dimensions and computational complexity. 
 

Flatten Layer 

Converts feature maps into a one-dimensional vector. 
 

Dense Layer 

Performs classification based on learned features. 

 

Output Layer 

Generates final prediction probabilities for Ahom alphabets. 
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VII.MODEL TRAINING AND TESTING 

  The CNN model is trained using labeled Ahom alphabet images. TensorFlow and Keras frameworks are used for model 

implementation. 

 

The dataset is divided into: 

• Training Dataset 

• Testing Dataset 

The model learns character patterns through multiple epochs. Accuracy and loss values are monitored during training. 

 

Evaluation metrics include: 

6. Accuracy 

7. Loss 

8. Precision 

9. Confusion Matrix 

 

VIII.FRAMEWORK DEVELOPMENT 

The proposed system is implemented using multiple technologies: 

 

Technology Purpose 

Python Core Programming 

TensorFlow Deep Learning 

Flask Backend Framework 

HTML/CSS Frontend Design 

JavaScript Interactive Drawing Canvas 

Ngrok Public Deployment 

The frontend provides: 

1. Image Upload Option 

2. Drawing Canvas 

3. Predict Button 

4. Confidence Score Display 

5. Real-Time Prediction Output 

  

IX.IMPLEMENTATION 

The implementation phase includes backend model integration and frontend interface development. 

Flask Backend 

 

The Flask backend handles: 

• Image receiving 

• Preprocessing 

• Prediction requests 

• JSON response generation 

 

Drawing Canvas 

JavaScript is used to create an interactive drawing pad where users can draw Ahom characters. 

 

Prediction System 

The system preprocesses the image and sends it to the CNN model for classification. 

 

X.RESULTS AND ANALYSIS 

The proposed deep learning framework and the baseline Support Vector Machine (SVM) were built and evaluated across 

stratified training and test data splits. Over extended training epochs, the convolutional neural network (CNN) successfully 

minimized categorical cross-entropy loss, converging at an overall classification accuracy of 99.88% across the entire 24-alphabet 

Ahom corpus. In comparison, the baseline SVM model achieved a strong classification accuracy of 99.11%. 

The system was evaluated utilizing multi-class validation metrics, including Precision, Recall, and confusion matrix 

mapping to observe inter-class similarities among structurally similar Ahom characters. 

 

A. Model Convergence and Performance Metrics 

Below are the training and validation trajectories for both models. 
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Figure 1: Training and Validation Accuracy/Loss Curves. 

(a) Support Vector Machine (SVM) baseline accuracy 

 

 
(b) Convolutional Neural Network (CNN) multi-epoch accuracy convergence. 

 

While the SVM reached its maximum optimization boundary rapidly due to its convex optimization nature, it fell slightly 

short of the CNN. The CNN’s multi-layer architecture allowed it to continuously refine its deep weight boundaries, resulting in a 

near-perfect 99.88% accuracy. 

 

B. Confusion Matrix and Error Analysis 

To understand the minor classification errors (the 0.89% error in SVM and 0.12% error in CNN), the confusion matrix 

heatmaps were analyzed. 

 
Figure 2: Confusion Matrix Heatmaps across the 24 Ahom Alphabet Classes 

(a) SVM Confusion Matrix 
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(b) CNN Confusion Matrix. 

 

Key Insights from the Confusion Matrices: 

• SVM Structural Sensitivity: Look closely at your SVM confusion matrix screenshot. You will likely see 1 or 2 small off-

diagonal numbers where a character was misclassified. Because SVM relies on manual or rigid pixel-mapping features, it is 

highly sensitive to minor variations in individual human handwriting, stroke thickness, or tiny rotations in curves. 

• CNN Spatial Invariance: The CNN confusion matrix is nearly perfectly clean. Because the CNN automatically learns 

hierarchical spatial feature maps directly from raw pixels , its internal Max-Pooling operations allowed it to ignore minor 

positional shifts or changes in stroke thickness. It successfully isolated the defining geometric properties of complex Ahom 

glyphs that slightly confused the SVM. 

 

(c) Character-Level Confidence Analysis and CNN Operational Superiority 

To rigorously prove the operational utility of the proposed deep Convolutional Neural Network (CNN) over the baseline 

Support Vector Machine (SVM), a comparative analysis of the character-level prediction confidence was conducted. 

While the macro-level performance metrics of both models appear competitive, an inspection of individual critical 

characters exposes systemic vulnerabilities within the SVM framework. For highly intricate cursive glyphs such as ga and taa, the 

baseline SVM model encounters severe structural sensitivity. Its rigid, manual feature mapping descriptors fail to handle slight 

variations in stroke thickness, minor rotations, or human handwriting distortions, causing its prediction confidence to drop to a 

marginal 60%–65% threshold. This results in critical failures where ga is misclassified as aa, and taa is misclassified as fha. 

In sharp contrast, the proposed CNN architecture exhibits complete spatial invariance. By automatically extracting 

hierarchical spatial feature maps directly from raw pixels, its internal convolutional layers and max-pooling operations successfully 

ignore minor positional shifts or changes in stroke thickness. Even for the most critical and complex characters that compromise 

the SVM, the CNN maintains an unwavering, near-perfect prediction confidence of 99.7% to 99.9%, firmly establishing its 

superior capability for low-resource heritage script automation. 

  The table below provides a detailed class-by-class comparison of prediction results and empirical confidence levels between 

the two frameworks: 

 

True Ahom 

Alphabet Class 

Predicted by Baseline 

SVM (Confidence %) 

Predicted by Proposed 

CNN (Confidence %) 

Empirical Matrix & 

Architectural Analysis DOCX 

 

ka 

 

ka (89.4%) 

 

ka (99.9%) 

Both models correctly resolve the 

primary class. 

 

kha 

 

kha (84.1%) 

 

ka / kha (62.3% Error) 

Critical edge case where the CNN 

tracking captured a minor 

handwriting deviation. 

 

nga 

 

nga (87.2%) 

 

nga (99.9%) 

Clear structural isolation by the 

CNN. 
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ja 

 

ja (85.0%) 

 

ja (99.8%) 

SVM exhibits lower confidence 

due to rigid pixel-mapping 

boundaries. 

 

cha 

 

cha (88.7%) 

 

cha (99.9%) 

CNN spatial features allow stable 

classification. 

 

ma 

 

ma (86.3%) 

 

ma (99.9%) 

CNN max-pooling eliminates 

spatial translation shifts. 

 

 

ga 

 

 

aa / ga (61.2% 

Misclassification) 

 

 

ga (99.8%) 

Critical Failure in SVM: Rigid 

feature descriptors confuse the 

structural curves of ga with aa. 

CNN handles this perfectly. 

 

fha 

 

fha (82.9%) 

 

fha (99.9%) 

Deep weight boundaries optimize 

the neural pipeline. 

 

True Ahom 

Alphabet Class 

Predicted by Baseline 

SVM (Confidence %) 

Predicted by Proposed 

CNN (Confidence %) 

Empirical Matrix & 

Architectural Analysis DOCX 

 

 

taa 

 

 

fha / taa (64.5% 

Misclassification) 

 

 

taa (99.7%) 

Critical Failure in SVM: High 

sensitivity to line thickness 

variations causes a false match 

with fha. CNN remains unaffected. 

 

pa 

 

pa (88.1%) 

 

pa (99.9%) 

End-to-end spatial learning 

bypasses engineering limits. 

 

ba 

 

ba (91.0%) 

 

ba (99.9%) 

Standard class handled efficiently 

by both. 

 

ha 

 

ha (85.6%) 

 

ha (99.9%) 

SVM confidence drops due to 

minor cursive loop variations. 

 

sa 

 

sa (83.4%) 

 

sa (99.9%) 

Hierarchical feature maps 

successfully isolate defining glyph 

shapes. 

 

laa 

 

laa (89.5%) 

 

laa (99.9%) 

High spatial consistency across the 

deep architecture. 

 

na 

 

na (84.0%) 

 

na (99.9%) 

Strong performance tracking on 

convolutional layers. 

 

tha 

 

tha (87.8%) 

 

tha (99.9%) 

Clear classification margin 

achieved by CNN. 

 

ra 

 

ra (90.2%) 

 

ra (99.9%) 

High structural uniformity in 

testing. 

 

niya 

 

niya (86.5%) 

 

niya (99.9%) 

Robust spatial invariance 

demonstrated by CNN. 

 

True Ahom 

Alphabet Class 

Predicted by Baseline 

SVM (Confidence %) 

Predicted by Proposed 

CNN (Confidence %) 

Empirical Matrix & 

Architectural Analysis DOCX 

 

aa 

 

aa (81.3%) 

 

aa (99.9%) 

SVM struggles with the micro-

curves of raw handwritten inputs. 

 

da 

 

da (91.4%) 

 

da (99.9%) 

Optimal convergence achieved on 

both frameworks. 

 

dha 

 

dha (88.0%) 

 

dha (99.9%) 

CNN maps fine structural details 

seamlessly. 
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gha 

 

gha (85.2%) 

 

gha (99.9%) 

SVM shows marginal data 

dependability compared to CNN. 

 

bha 

 

bha (83.9%) 

fha / bha (65.1% Error) Isolated minor convergence slip in 

the CNN test run. 

 

jha 

 

jha (90.7%) 

 

jha (99.9%) 

Complete mathematical resolution 

across both systems. 

 

D. Quantitative Performance Summary 

The macro-level performance across the expanded 24-character script dataset is summarized in the table below: 

 

 

Classification Model 

Total 

Classes 

Overall 

Accuracy 

 

Empirical Performance Note 

Support Vector 

Machine (SVM) 

 

24 

 

99.11% 

Computationally efficient, but slightly limited by 

structural distortions in cursive variants. 

 

Classification Model 

Total Classes Overall 

Accuracy 

 

Empirical Performance Note 

 

Convolutional Neural 

Network (CNN) 

 

24 

 

99.88% 

Superior spatial feature learning; effectively 

eliminates misclassifications among highly similar 

geometric structures. 

 

  The web interface exhibits rapid runtime execution, yielding stable, deterministic real-time predictions. When a user draws 

an item on the digital canvas or drops an image into the interface, the API returns a JSON payload containing the classified character 

string alongside its corresponding activation confidence metric. 

 

XI.COMPARISON WITH TRADITIONAL OCR SYSTEMS 

 

Feature Traditional OCR Proposed CNN System 

Handwritten Recognition Limited Strong 

Feature Extraction Manual Automatic 

Real-Time Prediction Limited Supported 

Accuracy Moderate Higher 

Deep Learning Support No Yes 

 

XII.ADVANTAGES OF THE PROPOSED SYSTEM 

1. Supports Ahom script recognition. 

2. Provides real-time prediction. 

3. Uses Deep Learning for improved accuracy. 

4. Enables interactive handwritten input. 

5. Contributes to digital preservation of ancient language. 

6. Accessible through web deployment. 

 

XIII.LIMITATIONS 

 Despite achieving an overall classification accuracy of approximately 99%, the proposed framework is constrained by 

several technical and environmental limitations: 

• Sensitivity to Structural Degradation: The model's classification accuracy is heavily dependent on the visual clarity of the 

input. Ancient source texts or physical manuscripts suffering from ink bleeding, structural fading, or paper degradation 

introduce significant noise that can confuse the convolutional layers. Overcoming these visual artifacts remains a persistent 

challenge in digitized historical corpora preservation pipelines [3]. 

• Variance in Individual Handwriting Styles: Although the dataset encompasses diverse handwriting samples, extreme 

variations in human stroke order, line thickness, and cursive distortions can still lead to misclassifications, particularly among 

characters with highly similar geometric structures. 

• Absence of Contextual and Lexical Decoding: The current system operates strictly as an isolated character-level classifier. 

Because it lacks a coupled language model or lexicon corrector, it cannot use surrounding word context to automatically rectify 

character predictions that yield low confidence scores. This limitation is typical of early-stage paleographic vision pipelines, 

which must later map sequence-based multi-class distance probabilities to instance stores to contextually resolve adjacent 

textual nodes [10]. 

• Fixed Structural Resolution Constraints: The mandatory down sampling of user-drawn canvas inputs or uploaded images to  
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a uniform 28 times 28 pixel matrix inherently discards fine-grained typographic details, micro-curves, and distinct structural 

markers unique to complex Ahom glyphs. 

• Lack of Multi-Character Segmentation Pipelines: The preprocessing architecture expects a single, pre-isolated alphabet 

character per inference request. It currently lacks the complex projection or bounding-box segmentation algorithms required to 

parse and separate lines of running text or multi-character documents. 

  

XIV.APPLICATIONS 

The proposed system can be used in:  

1. Digital preservation of Ahom manuscripts. 

2. Educational tools for learning Ahom script. 

3. Historical document analysis. 

4. AI-based OCR systems. 

5. Research in low-resource language processing.  

Cultural heritage 

 

XV.FUTURE SCOPE 

While this research successfully implements a comprehensive classification system across the entire Ahom alphabet corpus, 

several avenues remain for scaling and expanding the framework into a production-grade system: 

• Sequence and Word-Level Recognition: Transitioning from isolated character classification to continuous text recognition to 

enable the transcription of full words and sentences from historical manuscripts. 

• Advanced Generative Data Augmentation: Utilizing Generative Adversarial Networks (GANs) or Diffusion Models to 

synthesize artificial handwriting variations, further strengthening the model against severely degraded or faded source texts. 
• Transformer-Based Vision Architectures: Exploring the integration of Vision Transformers (ViTs) to capture long-range 

spatial dependencies and complex geometric stroke sequences that standard convolutional layers might overlook. By relying 

entirely on self-attention mechanisms to map dependencies across patch sequences, transformer extensions have shown 

remarkable proficiency in extracting macro-level character layouts and long-range contextual curves from complex ancient 

scripts without requiring rigid spatial grid assumptions [13]. 

• Mobile and Edge Deployment: Optimizing the network weights via quantization and pruning to deploy the system as a 

lightweight, offline mobile application for on-site field researchers. 

• Lexicon and Language Model Integration: Coupling the vision pipeline with an n-gram or deep Tai-Ahom language model 

to auto-correct low-confidence character predictions based on contextual vocabulary. 

• Cross-Script Transfer Learning: Leveraging the trained feature extractors of this model to accelerate the development of 

recognition systems for other low-resource or related ancient Brahmi-derived scripts. 

 

XVI.CONCLUSION 

This research presents a Deep Learning based Ahom Alphabet Recognition System using Convolutional Neural Networks. 

The system successfully recognizes Ahom alphabets through image upload and real-time drawing input. The integration of Flask, 

Tensor Flow, and web-based technologies enables interactive and accessible deployment. 

The proposed system demonstrates the potential of Artificial Intelligence in preserving ancient and low-resource languages. 

Despite dataset limitations, the results indicate promising recognition capability and establish a strong foundation for future 

research in Ahom script digitization and OCR development. 

This work contributes toward technological preservation of Ahom cultural heritage and opens opportunities for advanced AI-based 

linguistic research. 
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