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Abstract: Communication between hearing disabled and society remain challenging as both rely on different modes of
communication. Most of existing work in this field converts speech into text in offline mode. It makes them unsuitable for real-
time conversations. This paper presents a real-time speech-to-American Sign Language (ASL) translation. Django framework is
used to create front-end of the system. First, this system captures speech from a web application using browser microphone. Second,
it processes the speech to convert in waveform and remove the silence. Third, it recognized the speech using a pretrained speech
command recognition model. Then, it maps the recognized command to its corresponding American Sign Language video from the
WLASL dataset. Finally, it displayed the predicted command and sign video on the browser. The system was evaluated using real-
time speech input from five participants. Translation accuracy and average response time were evaluated using real-time speech.
The experimental results demonstrate that the system can accurately recognize predefined speech commands and display the
corresponding ASL videos interactively to users.

Keywords: American Sign Language, Speech command recognition, WLASL, Real-time translation, Assistive technology,
Django.

1. Introduction

Communication is an important part of everyday life. It helps people share ideas, ask questions, learn new
things and build relationships. However, communication between society and hearing disabled is often difficult
because they use different ways to communicate. American Sign Language (ASL) as their primary language, while
society communicate through speech. Both don’t know each other’s languages. This difference can make everyday
conversations slow and challenging. Many technologies have been developed to reduce this communication gap. A
system that directly converts speech into sign language can make communication more natural and easier.

Several speech-to-sign language systems have been proposed in recent years. These systems generate sign
language using virtual avatars and complex graphics. These systems may be difficult to develop, deploy or use in real-
world situations. A real-time speech-to-sign language translation system is presented in this work. The system listens
to speech through a web browser, recognizes predefined speech commands and immediately displays the
corresponding American Sign Language video. The complete application is developed using the Django framework.
This application can run through a standard web browser. The performance of the system was evaluated using
recognition accuracy and average response time.

The remainder of this paper is organized as follows. Section 2 reviews related studies on speech-to-sign
language translation. Section 3 identifies the research gap identified from the work. Section 4 presents the research
methodology of the system. Section 5 describes the implementation of the proposed system in open-source
programming language python. Section 6 explains the evaluation results. Section 7 discusses the performance of this
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system. Section 8 outlines the threats to validity and the limitations of the study. Finally, Section 9 concludes the paper
and highlights directions for future work.

2. Related Work

Recent advances in speech-to-sign language translation have focused on improving recognition accuracy and
real-time communication. Laaidi et al. [1] proposed an enhanced CNN-LSTM model with attention mechanisms and
data augmentation for speech recognition. The model achieved 97.17% accuracy on an Arabic speech command
dataset. Sardjono and Purwanto [2] compared 1D CNN, 2D CNN and 3D CNN architectures for voice command
recognition. Their results showed that the 3D CNN achieved the highest recognition accuracy. Mnuarbek et al. [3]
presented a speech-to-sign language translation system for Kazakh Sign Language. Their framework employed the
NVIDIA FastConformer model for automatic speech recognition. Then text segmentation was performed. A Weighted
Hybrid Similarity Score algorithm for sign retrieval was applied. A dataset containing 1,200 manually generated sign
samples, including 95% static images and 5% dynamic gesture videos. The automatic speech recognition module
achieved an average Word Error Rate (WER) of 10.55%, while the complete speech-to-sign translation system
achieved 85.8% word translation accuracy, 70.5% sentence translation accuracy and an average response latency of
310 ms. Bittner et al. [4] introduced the S-Edge architecture, which reduced computational cost through temporal
down-sampling while maintaining an accuracy between 90% and 95%. Liu et al. [5] proposed a dynamic convolution
framework for keyword spotting and achieved 97% recognition accuracy on the Speech Commands dataset. Sun et al.
[6] proposed a Swin-Transformer-based keyword spotting model that combined Temporal Convolutional Networks
with MFCC features. Their method achieved 98.01% accuracy on the Google Speech Commands dataset while using
fewer model parameters than conventional Transformer models. Gambhir et al. [7] developed a Conv2D-based
architecture for low-resource keyword spotting and achieved 91.60% accuracy on the Speech Commands dataset.

Several researchers have also explored hybrid deep learning models for automatic speech recognition. Dhakal
et al. [8] combined CNN, ResNet and Bidirectional LSTM for Nepali speech recognition and reported a Character
Error Rate (CER) of 17.06%. Oruh et al. [9] compared ResNet, DenseNet, VGG-16 and LSTM-RNN models and
found that LSTM-RNN achieved the highest recognition accuracy of 99.36%. Dhanjal and Singh [10] developed a
multilingual speech-to-sign language translation system using MFCC, Hidden Markov Models (HMM) and 3D avatar
generation, achieving 91% accuracy for English speech translation. Peguda et al. [11] proposed a multilingual speech-
to-sign framework for six Indian languages using Wavelet-based MFCC, Gaussian Mixture Models (GMM) and
LSTM for speech recognition and translation. Tang et al. [12] developed the Howl wake-word detection system using
SpecAugment, noise augmentation and a Res-8 model. Their system achieved 97.8% accuracy on the Speech
Commands dataset. Jayalakshmi et al. [13] presented an Indian Sign Language translation system that combined
speech recognition, natural language processing and HamNoSys animation, reporting a Word Error Rate (WER) of
10.10%. Patel et al. [14] proposed the ES2ISL framework using Google Speech API, natural language processing and
3D avatar animation, achieving an average translation accuracy of 77%. Filippidou and Moussiades [15] compared
IBM, Google and Wit speech recognition services. It was found that Google Speech Recognition produced the lowest
recognition error. Georgila et al. [16] also compared several commercial speech recognition systems across multiple
dialogue datasets. It also highlighted performance differences under different application domains.

Earlier studies established the foundation for speech recognition and sign language translation. Shahriar et al.
[17] developed a smartphone-based communication system for Bangla speech and sign language translation. It
achieved an average accuracy of 84.71%. Képuska [18] compared Microsoft Speech API, Google API and CMU
Sphinx for automatic speech recognition using Word Error Rate. El-Gayyar et al. [19] proposed a cloud-based
framework for translating Arabic speech into Arabic Sign Language using Google Speech API and natural language
processing. Gaida et al. [20] compared open-source speech recognition using Kaldi and CMU Sphinx toolkits. Lopez-
Ludefia et al. [21] presented a rule-based speech-to-sign language translation system that combined example-based
and Interlingua translation methods for Arabic Sign Language. Overall, these studies highlight the growing potential
of artificial intelligence to improve communication between society and hearing disabled.

3. Research Gap

Previous studies have shown that speech recognition models can achieve high accuracy. However, most existing
systems either generate animated avatars, translate speech into text before sign generation or are evaluated only in
offline environments. Only a few studies have developed a lightweight web-based application that directly converts
live speech into real American Sign Language (ASL) videos.

914



There is also lack of real-time system evaluation. Most studies mainly report recognition accuracy or word error
rate of the speech recognition model. Evaluation metrics such as response time and translation accuracy during live
user interaction are often not reported.

To address these limitations, this work integrates a pretrained CResD-Net speech recognition model with the
WLASL [22] dataset. A Django-based web application is deployed to achieve the task. The system converts spoken
commands directly into corresponding ASL videos in real time using a browser interface. The proposed system was
evaluated using live speech input using predefined words. The evaluation was done using translation accuracy and
response time of conversion.

4. Research Methodology of Proposed System

The proposed system was designed to translate spoken commands into their corresponding American Sign
Language (ASL) videos in real time. The Research methodology can be divided into five phases. Phase 1 captured the
user's speech through a microphone and recorded the audio signal. Phase 2 preprocessed the recorded audio by
removing silence and converting it into a spectrogram. Phase 3 recognized the spoken command using the pretrained
CResD-Net speech recognition model. Phase 4 translated the recognized command by matching it with the
corresponding American Sign Language video from the WLASL dataset. Finally, Phase 5 displayed the retrieved sign
video in the web browser. The system also displayed the recognized command before presenting the corresponding
ASL video. The complete methodology is illustrated in Figure 1.
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Figure 1. Methodology of the Proposed Real-Time Speech-to-ASL Translation System
A. Phase 1: Speech Acquisition

Speech was captured through the microphone available on the user's device using the SoundDevice library. The
system automatically detected the available audio input device. If no microphone was found, the default system input
device was used. The system recorded a 3-second audio clip at a sampling rate of 16 kHz. During recording, the Root
Mean Square (RMS) energy of the signal was calculated to verify that speech had been captured. If the RMS value
was below a predefined threshold, the recording was considered background noise. The user was asked to record
again. The Direct Current offset was removed from the waveform to center the signal around zero. The system then
identified the highest energy one-second speech segment by analyzing the audio in 50 ms windows. This approach
removed the silence at the beginning and end of the recording while preserving the spoken command. Finally, the
selected speech segment was normalized. It was saved as a WAV file for further processing.
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Figure 2. Five-tier architecture of the speech-to-ASL system.
B. Phase 2: Audio Preprocessing

The recorded WAV file was preprocessed before being passed to the speech recognition model. The audio signal
was decoded using TensorFlow. It was adjusted to a fixed length of 16,000 samples by trimming longer recordings or
padding shorter ones with zeros. A Short-Time Fourier Transform (STFT) was then applied to convert the waveform
into a spectrogram. The logarithm of the spectrogram magnitude was computed to improve feature representation and
reduce variations in signal amplitude. Finally, batch and channel dimensions were added to match the input format.

C. 3: Speech Recognition

Speech recognition was performed using the previously trained CResD-Net (Convolutional-Residual-Dense
Network) model. The model was trained on the Google Speech Commands V2 dataset containing 35 command classes.
The CResD-Net architecture consists of an initial 2D Convolutional Neural Network (CNN) layer, followed by four
ResNet residual blocks and a Deep Neural Network (DNN) classifier. The 2D CNN with a 7x7 kernel and stride of 2
extracts low-level temporal and spectral features from the input spectrograms, such as formants and phoneme patterns.
These features are then passed through the four ResNet blocks with progressively increasing filters 64, 128, 256 and
512. Residual skip connections enable efficient gradient propagation and facilitate the learning of complex hierarchical
acoustic representations. The extracted high-level features are flattened and fed into a DNN comprising four fully
connected Dense layers with 64, 128, 256 and 512 neurons, followed by a Softmax output layer that computes class
probabilities and predicts the target speech or keyword class. This combination of CNN-based feature extraction,
ResNet-based deep representation learning and DNN-based classification provides robust and accurate speech
recognition performance. The trained TensorFlow model was loaded once when the application started and remained
in memory throughout execution. It resulted in reducing prediction time. The generated spectrogram was passed
through the model, which predicted the probability for each command class. The command with the highest probability
was selected as the recognized speech command. The recognized command was displayed on the web interface before
the corresponding ASL video was presented to the user. The offline performance of CResD-Net on the Google Speech
Commands dataset served as the baseline performance. The real-time evaluation reported in this work measured the
performance of the complete deployed system.

D. Phase 4: ASL Translation

After speech recognition, the predicted command was translated into American Sign Language using a
predefined lookup table. Each of the 35 recognized commands was mapped directly to its corresponding video in the
Word-Level American Sign Language (WLASL) dataset. Since the proposed system operated on isolated command
words. No natural language processing or grammatical restructuring was required. The translation process therefore
consisted of identifying the corresponding WLASL video associated with the recognized command and retrieving its
file path.

E. Phase 5: Sign Video Presentation

The retrieved WLASL video was transmitted through the Django server and displayed using the browser's
HTMLS video player. The browser automatically played the returned sign video after successful recognition, allowing
users to immediately observe the translated ASL sign. Since pre-recorded human sign videos were used instead of
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avatar animation, the translation process required minimal computational resources while preserving the natural
appearance of sign language.

5. Implementation

The proposed speech-to-American Sign Language (ASL) translation system was implemented using the Django
web framework, with TensorFlow serving as the deep learning inference engine. The user interface was developed
using HTML, CSS and JavaScript. It enabled users to access the system through a standard web browser. The interface
allowed users to record speech, view the recognized command and play the corresponding Sign.

Speech acquisition was performed using the SoundDevice library. The available audio input devices
microphone was detected automatically. A three second audio clip was recorded at a sampling rate of 16 kHz to ensure
that the complete spoken command was captured. The recorded signal was then validated using the Root Mean Square
(RMS) energy to determine whether sufficient speech had been recorded. Recording was saved as a standard WAV
file. The recorded audio was preprocessed using TensorFlow before being passed to the recognition model. The
waveform was padded or truncated to 16,000 samples. A Short-Time Fourier Transform (STFT) was applied to
generate a log spectrogram. The logarithmic transformation improved the representation of speech features and
reduced the effect of amplitude variations. The resulting log spectrogram was reshaped to match the input dimensions
required by the trained CResD-Net model.

The pretrained CResD-Net model was loaded once during Django application startup. It remained in memory
throughout execution. It eliminated repeated model loading for each prediction request. Speech recognition was
performed through a single forward pass of the network and the command with the highest prediction probability was
selected as the recognized output together with its confidence score. The predicted command was matched against a
predefined lookup table that maps each of the 35 Google Speech Commands to its corresponding WLASL video. For
2 words fingerspelling were also generated as same were not there in WLASL dataset. The system translated isolated
speech commands. The translation process consisted of a direct lookup without requiring additional natural language
processing or grammatical transformation. The Django server returned the recognized command and the
corresponding video path. The browser then displayed the recognized command and automatically played the
associated ASL video using the HTMLS video player.

To achieve better performance, the implementation combined in-memory model loading, efficient STFT-based
preprocessing. The lookup-based sign retrieval and browser-based video playback was done for lightweight system.
The total response time was affected by speech recording, processing, command prediction, network communication
and sign video loading. The web application for real-time speech to Sign language conversion is illustrated in Figure

3.
") Welcome to EqualWe - Speech to Sign Language App

Sign Languages
Click on Start Conversion, provide Real-time Speech when microphone on
American Sign Language

Start Conversion Sample Text Conversion Add New Word to Dictionary

Predicted Command: left

Figure 3. Real-time Web Application for Speech to Sign Language.

6. Evaluation Results
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The proposed system was evaluated using live speech collected through the developed web application. The
evaluation was designed to verify whether the deployed system could accurately recognize spoken commands and
translate them into the corresponding American Sign Language (ASL) videos in real time. Five users including two
male and three female speakers, participated in the evaluation. Each participant spoke the 35 commands supported by
the Google Speech Commands dataset using their natural speaking style. Participants had different speaking accents
and pronunciation styles to examine whether the system could reliably recognize commands under normal real-world
usage. The recognized command was then translated into the corresponding ASL video using the WLASL dataset.

Since the speech recognition model had already achieved 99.02% offline recognition accuracy on the Google
Speech Commands V2 dataset in the previous study. The objective of this evaluation was not to retrain or revalidate
the recognition model. It was to assess the performance of the complete real-time system. Therefore, the evaluation
focused on real-time recognition accuracy and system response time while processing live microphone input. All
experiments were conducted under normal indoor conditions using the browser-based application and a standard
microphone. Table 1 shows the parameters used in the evaluations.

Table 1. Parameters of Evaluation.

Parameter Value

Participants 5 (2 Male, 3 Female)

Supported speech commands 35

Speech dataset Google Speech Commands V2

Sign language dataset WLASL

Recording device Browser microphone

Recording environment Indoor environment

Evaluation metrics Real-time recognition accuracy, Response time

The performance of the proposed system was evaluated using two evaluation metrics.

Real-time recognition accuracy measured the percentage of spoken commands that were correctly recognized
by the system. As each recognized command is directly mapped to its corresponding WLASL video, successful
recognition also results in correct ASL translation.

. Number of Correctly Recognized Commands
Recognition Accuracy (%) = Total Spoken Commands x 100

Response time measures the total time required for speech o Sign language conversion. The measured time
includes speech processing, feature extraction, model prediction, command lookup and video retrieval.

T
N

where T; represents the response time for ith spoken command and Nis the total number of evaluated
commands. Table 2 presents the evaluation results achieved by the system in real-time environment.

Average Response Time =

Table 2. Real-Time System Performance.

Parameter Value

Real-time recognition accuracy 90.67

(%)

Average response time (ms) 0.93 (3 seconds recording + 0.93 seconds for prediction and sign
generation)
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The results presented in Table 2 demonstrate the effectiveness of the proposed browser-based speech-to-ASL
translation system when used with live speech from speakers having different accents and pronunciation styles. Real-
time accuracy was 90.67%, which was lower than the 99.02% offline accuracy previously reported for CResD-Net on
clean speech. The average audio recording duration was approximately 3 seconds. The mean model prediction and
sign-video retrieval time was 0.93 seconds per command. The evaluation confirmed that the system could accurately
recognize supported speech commands with a low response time. This ensures that system is fit for real time
translation.

7. Discussion

The experimental results demonstrated that the proposed system can successfully translate spoken commands
in real time. The evaluation was conducted using live speech from two male and three female participants with
different speaking accents and pronunciation styles. The system was able to recognize the supported speech commands
accurately. It indicated that the pretrained CResD-Net model generalises well to real-time microphone input.

Unlike the previous study, which evaluated the CResD-Net model using the Google Speech Commands V2
dataset under controlled offline conditions. This work evaluated the performance of the complete deployed application.
The reported recognition accuracy therefore reflects the behaviour of the entire speech-to-sign translation pipeline,
including live speech recording, audio preprocessing, speech recognition, command mapping and ASL video retrieval.

The measured response time shows that the proposed system is suitable for real-time communication. The
trained model is loaded into memory only once during application startup and the ASL translation is performed using
a lightweight lookup table. The computational overhead remains low/ It allows users to receive the translated sign
shortly after speaking. The proposed system is the use of real WLASL sign videos that make it realistic than animated
systems. Displaying human-performed signs provides a more natural visual representation of American Sign
Language. It avoids the additional computational cost required for avatar rendering.

The system performs well for the supported commands. But It is currently limited to the 35 speech commands
included in the Google Speech Commands dataset. Commands outside this vocabulary cannot be recognized or
translated. In addition, recognition performance may be affected by excessive background noise or recording
conditions that differ significantly from those used during model training. Expanding the vocabulary and supporting
continuous speech translation remain important directions for future work.

8. Threats to Validity

Several factors may influence the generalizability of the reported results. The evaluation was performed under
normal indoor conditions using standard microphones. Variations in microphone quality, speaker distance,
pronunciation, speaking speed and background noise may influence recognition accuracy. Although the system
automatically validates the recorded speech using RMS energy, extracts the highest energy speech segment and
normalizes the audio before prediction, different recording environments may still affect performance.

The system was evaluated using five limited participants with different accents and pronunciation styles. A
larger and more diverse group of participants would provide stronger evidence of its performance across wider
populations. The evaluation was limited to the 35 predefined speech commands available in the Google Speech
Commands dataset. Therefore, the reported results cannot be directly generalized to larger vocabularies or continuous
speech.

The evaluation focused on real-time recognition accuracy and response time. Other evaluations using noisy
environments, different recording devices and speakers from different regions would provide a more comprehensive
understanding of system robustness. The system supports only word level translation and cannot translate complete
sentences. Future work will focus on expanding vocabulary, supporting continuous speech.

9. Conclusions

This paper presented a real time speech-to-American Sign Language (ASL) translation system. It was developed
using Django, TensorFlow and the WLASL dataset. The system recognized spoken commands from a browser
microphone using a pre-trained CResD-Net speech recognition model. It further retrieves the corresponding ASL
video from the WLASL dataset. The system provides fast response within 3.93 seconds including 3 seconds of
recording time. The browser-based implementation also makes the system easy to access. The evaluation focused on
real-time recognition accuracy, translation accuracy and response time.
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In future work, the system will be extended to support a larger vocabulary. Evaluation on continuous speech

translation will be performed. Evaluation will be performed with a greater number of users.
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