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Abstract: This paper presents a bidirectional Sign Language Translator that enables two modes of communication: (1)
Sign- to-Text, which uses a Convolutional Neural Network (CNN) to recognize American Sign Language (ASL) hand
gestures captured from a webcam and convert them into readable text; and (2) Speech-to-Sign, which decodes spoken
English using a Hidden Markov Model (HMM), validates the decoded text using Natural Language Processing(NLP) against
a standard English dictionary, and maps it to corresponding ASL sign gestures. The CNN model is trained on the ASL
dataset containing letter and word gestures. The complete system is implemented in Python using deep learning libraries.
This academic project provides a practical, affordable, and real-time communication bridge for the hearing-impaired
community.

Keywords: Sign Language Recognition, Convolutional Neural Network, Hidden Markov Model, Natural Language
Processing, ASL Dataset, Python, Deep Learning, Accessibility.

I. INTRODUCTION

Sign language is the primary mode of communication for over 430 million hearing-impaired individuals worldwide [1]. The
inability of hearing people to understand sign language creates a persistent communication barrier in education, health
care, and daily life. This project addresses the problem through a two-path bidirectional translator. In Pathl (Sign-to-
Text),the system captures hand gestures from a webcam, detects 21 hand landmarks using MediaPipe, and classifies them
using a trained CNN model built on the ASL dataset. In Path 2 (Speech-to-Sign), spoken English is captured via
microphone, processed using MFCC feature extraction, decoded using an HMM, validated through NLP, and mapped to
ASL sign gestures. The entire system is implemented in Python using Tensor Flow/Keras for deep learning, hmm learn for
the HMM, and NLTK for NLP. This academic project demonstrate show multiple Al techniqgues CNN, HMM, and NLP
can be combined in a single, practical accessibility application.

Il. LITERATURE REVIEW

Vision-based sign language recognition using CNNs was popularized by Pigouetal.[2], who showed that convolutional
networks effectively learn spatial gesture features from image data. The ASL alphabet dataset has since become a standard
benchmark for academic SLR systems. For speech recognition, Hidden Markov Models have been the foundational
technique since Rabiner's seminal work [3]. HMMs model temporal sequences of MFCC features and remain
computationally efficient for discrete word recognition, making them suitable for academic implementations. NLP-based
grammar validation in assistive communication tools was demonstrated by Koul et al. [4], showing that dictionary-based
validation significantly improves translation accuracy. Our project integrates all three approaches into a unified Python
system.

I1l. SYSTEM OVERVIEW
A. Dual-Path Architecture
The system operates in two independent paths sharing a common Python backend. Figure 1 shows the complete system
architecture with both paths. The user selects the active mode through a simple interface.
B.Pathl: Sign toText(CNN)
The webcam captures continuous video frames. MediaPipe extracts 21 3D hand landmark coordinates per frame (63
features total). These are normalized, augmented during training, and input to a CNN classifier that recognizes ASL
letters (A—Z) or common words. The recognized text is displayed on screen in real time.
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C. Path 2: Speech to Sign (HMM+NLP)
A microphone records speech input. MFCC features are extracted using librosa. A pre-trained HMM decodes the MFCC
sequence into text. The decoded text is then passed through an NLTK-based NLP module that checks it against a

standard English dictionary. Validated words are mapped to their ASL gesture sequences from a pre-built library and
displayed as animated signs.

IV.DATAFLOW DIAGRAM
Figure2 shows the complete Level-1 DFD for both paths. Path 1 includes processes P1-P7 with data stores DS1-DS3

(ASL dataset, CNN model weights, English dictionary). Path 2 includes P8-P14 with DS4-DS6 (HMM model, word-to-sign
mapping, gesture library).

Data Flow Diagram (DFD — Level 1)

Fig.2. Data Flow Diagram(Level-1)—Both Paths

V. CNN MODEL—SIGN TO TEXT (PATH1)
A. ASL Dataset
The CNN model is trained on the ASL Dataset containing 87,000 images spread across 26 alphabet classes (A-Z) and 10
common word gestures. Data augmentation (rotation +15°, horizontal flip, brightness variation) quadruples the effective
training set.

TABLE | -ASL Dataset Summary

Layer Configuration Output Shape
Input Layer 63 features (21x3) (None, 63)
Conv2D Block 1 32filters, 3x3,ReLU (None, 64,64, 32)
BatchNorm + MaxPool Pool 2x2, Stride2 (None, 32,32, 32)
Conv2D Block 2 64 filters, 3x3,ReLU (None, 32,32, 64)
Conv2D Block 3 128 filters, 3x3,ReLU (None, 128)
Dense Layer 128units,ReLU (None, 128)
Dropout Rate=0.5 (None, 128)
Softmax Output 36 classes (None, 36)

B. CNN Architecture

Figure 3 shows the CNN architecture used for sign classification. The model uses three convolutional blocks with
increasing filter depth, followed by fully connected dense layers and a Softmax output over 36 classes.
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Fig.3. CNN Model Architecture Sign to Text
Table Il - CNN Layer Configuration

Category Classes Images
Alphabet Gestures (A-Z) 26 78,000
Common Word Gestures 10 9,000
Total (after augmentation) 36 87,000

VI.HMM+NLP—SPEECH TO SIGN(PATH?2)
A. HMM Speech Recognition
Speech input is recorded via microphone and MFCC features (13 coefficients) are extracted using librosa. A separate
Gaussian HMM (implemented with hmm learn) is trained for each word in the vocabulary. Recognition selects the HMM
with the highest log-like lihood for the observed MFCC sequence. Figure4 shows the full pipeline.

Fig.4. HMM+NLP Pipeline Speech to Sign

B. NLP—Standard English Validation

The HMM output text is checked against a standard English dictionary using NLTK's word corpus. Unrecognized words
are corrected using edit-distance matching to the nearest valid English word. Only validated words proceed to gesture
mapping, preventing incorrect signs from being displayed.

C. Word-to-Sign Mapping

Validated English words are looked up in a pre-built mapping table linking words to ASL gesture sequences stored in the
gesture library. Words not in the table fall back to finger spelling (letter-by-letter ASL).

VIl. PYTHON IMPLEMENTATION
TABLE Il - Python Libraries and Tools

Library Purpose Version
Tensor Flow/ Keras CNN Training & Inference 2.10
Open CV Webcam Video Capture 4.6
Media Pipe Hand Land mark Detection 0.9
Hmm learn HMM Speech Recognition 0.3
librosa MFCC Feature Extraction 0.10
NLTK NLP English Validation 3.8
NumPy/ Matplotlib Data Handling & Plots 1.24
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RESULTS AND DISCUSSION
Table IV System Performance Evaluation

Module Accuracy Latency
CNN—Signto Text 93.8% ~180ms
HMM— Speech Recognition 88.5% ~220ms
NLP—English Validation 96.2% ~30ms
Full System (Speech—Sign) 85.9% ~250ms

The CNN model achieves 93.8% accuracy on the test set. The NLP validation step improves overall text quality by
handling HMM misrecognitions. The complete pipeline runs in under 250ms, suitable for real-time use.

VIII. CONCLUSION

This paper presented a Python-based bidirectional sign language translator using CNN for sign-to-text recognition, HMM

for speech recognition, and NLP for standard English validation. The system provides a practical, low- cost accessibility

tool requiring only a webcam and microphone. Future work will expand vocabulary, improve gesture animation quality,

and develop a mobile application version.
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