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INTRODUCTION

In an age defined by technological innovation, the pursuit of seamless human-machine interaction has
propelled the development of advanced speech recognition systems. These systems, capable of deciphering
spoken language, offer immense potential across various domains, from facilitating hands-free device
operation to improving accessibility for individuals with disabilities.

To address the challenge of accurately identifying specific spoken words from a predefined vocabulary, our
project focuses on constructing a state-of-the-art speech recognition system. By combining computer vision
with deep learning techniques, we aim to leverage neural networks to extract meaningful insights from
complex auditory signals. Through extensive training on a meticulously curated dataset of annotated video
clips, our model aims to discern subtle speech patterns and distinguish target words effectively.

At the heart of our endeavor lies the careful design and optimization of the model architecture, incorporating
a blend of convolutional and dense layers using industry-standard frameworks like TensorFlow and Keras.
Through rigorous experimentation and refinement, our goal is to achieve high accuracy on both training and
validation datasets, ensuring robust performance in real-world scenarios.

This introduction provides a glimpse into our project's methodology, results, and implications for advancing
speech recognition technology. As we delve deeper into our approach, we invite readers to explore the inner
workings of our innovative system and its potential to transform human-computer interaction.

1.1  COMPUTER VISION:

Computer vision techniques, particularly 3D Convolutional Neural Networks (CNNs), offer significant
advancements in lip reading. Traditionally, lip reading heavily relies on visual cues, which can be
challenging in noisy environments or for individuals with hearing impairments. By harnessing
spatiotemporal information from video sequences, 3D CNNs provide a powerful avenue for automatic
speech recognition through visual input.

Unlike their 2D counterparts, 3D CNNs extract both spatial and temporal features from video frames,
allowing for a comprehensive analysis of lip movements over time. This temporal context is crucial as
phonemes dynamically unfold during speech articulation.

The key strength of 3D CNNEs lies in their ability to capture subtle nuances and temporal dependencies in
lip movements, thereby enhancing the accuracy and robustness of speech recognition systems. Through
training on large-scale datasets containing synchronized audio-visual information, these networks learn to
effectively map visual features of lip movements to phonetic representations, bridging the gap between
visual input and linguistic output.

Moreover, 3D CNNs offer scalability and flexibility by enabling the integration of additional contextual
information such as facial expressions and gestures. This multimodal approach enhances the model's
performance in diverse and challenging real-world scenarios, further advancing the field of lip-reading
technology.
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LITERATURE SURVEY

Guangxin Xing, Lingkun Han, Yelong Zheng, and Meirong Zhao (2023) [1] conducted a literature survey
on the application of deep learning in Mandarin Chinese lip-reading recognition. They highlighted the
emerging potential of lip-reading technology in various fields such as language recovery, criminal
investigation, and identity authentication. The survey particularly focused on recent advancements in
Mandarin Chinese lip-reading recognition, emphasizing the development of an end-to-end model based on
a Long Short-Term Memory (LSTM) encoder-decoder architecture. The proposed model integrates several
deep learning techniques, including the LSTM encoder-decoder architecture, Word2Vec, and Attention
mechanism. It is designed to capture continuous motion information encoded in videos, while Word2Vec is
utilized to convert words into vectors for feature encoding. Additionally, the Attention mechanism assigns
weights to target words, enhancing the model's performance in recognizing spoken words. Experimental
evaluations conducted on a constructed video dataset demonstrated promising results, with the accuracy of
the Mandarin Chinese lip-reading model reaching approximately 72%. This performance underscores the
model's potential for accurately identifying spoken words in Mandarin Chinese, thereby contributing to
advancements in lip-reading technology.

Mingfeng Hao et al. (2021) [2] conducted a survey focusing on the evolution of lipreading technology and
its significance in addressing challenges in automatic speech recognition (ASR), particularly in noisy
environments. Lipreading, as a visual speech recognition approach, enables the interpretation of speech
content based solely on lip motion, without relying on audio cues. The survey covers both traditional and
deep learning methods employed in lipreading technology, with discussions on lip detection, feature
extraction, and classification techniques. It emphasizes the advantages of deep learning approaches in
effectively learning features from large datasets, thereby enhancing the accuracy and robustness of
lipreading systems. Furthermore, the survey highlights current challenges faced in lipreading research and
outlines potential future directions for advancing the field. By providing insights into the historical
development, current state, and prospects of lipreading technology, this survey contributes to a
comprehensive understanding of its applications and implications in ASR and related domains.

Deshmukh Nikita, Anamika, Bhandari, Smriti H Mali, Apurva, Warkari Kalyani. (2021) [3] conducted a
survey focusing on Vision based Lip Reading System using Deep Learning. Vision based lip leading system
takes a video (without audio) as an input of a person speaking some word or phrase and provides the
predicted word or phrase the person is speaking as output. This paper presents the method for Vision based
Lip Reading system that uses Long Short-Term Memory (LSTM). The dataset includes video clips
pronouncing single digits. The pretrained CNN is used for extracting features from pre-processed video
frames which then are processed for learning temporal characteristics by LSTM. The SoftMax layer of
architecture provides the result of lip reading. The system provides 85% accuracy in ensemble learning.

Yuval Nirkin et al. (2020) [4] conducted a survey focusing on recent developments in face segmentation,
swapping, and perception. The survey highlights the effectiveness of standard Fully Convolutional
Networks (FCNs) in achieving rapid and accurate face segmentation. It emphasizes the importance of
diverse training datasets and innovative data collection techniques in enhancing the performance of FCNs
for face segmentation tasks. Additionally, the survey discusses robust methodologies for face swapping and
their quantitative evaluation using the Labelled Faces in the Wild (LFW) benchmark dataset. Insights into
the recognition effects of both intra-subject and inter-subject face swapping are provided, contributing to a
deeper understanding of perceptual studies in machine vision systems. By examining advancements in face
segmentation, swapping, and perception, this survey provides valuable insights into the current state-of-the-
art techniques and their implications for applications in computer vision and related fields.

Apurva Kulkarni, Dnyaneshwar Kirange. (2019) [5] conducted a survey on lip reading techniques. The
survey includes face detection, lip localization, feature extraction, training the classifier through corpus and
finally recognition of the word/sentence through lip movement. An intelligent system will be trained by
giving user's lip-movement frames sequences as input and will identify lip movement and the said word
using either visual information or both audio and visual information. Deep learning is an emerging branch
of artificial intelligence which mimics the human brain. It has different layers in the model which is used to
process minute details like neurons in brain. This paper mainly focuses on the survey of different lip reading
techniques and different language datasets in the era of deep learning. Various Automatic lip reading
techniques are discussed and summarized.
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SYSTEM OVERVIEW
3.1 EXISTING SYSTEM

The existing system addresses the challenge where the real time recognition and prediction is not possible
and the system can only work with video clips. The model works on the video to detect the lip sync of the
person talking in the video clip. It uses Long Short-Term Memory (LSTM) encode — decode architecture
which requires long training time. This mechanism assigns weights to target words, enhancing the model's
performance in recognizing spoken words. Experimental evaluations conducted on a constructed video
dataset demonstrated promising results, with 72% accuracy.

3.2 PROPOSED SYSTEM

To address the prevalence of hearing loss, a computer vision and deep learning-based algorithm is proposed
to translate lip movements into words. Utilizing TensorFlow, Keras, OpenCV, PIL, NumPy, and Scikit-learn,
the system will preprocess data, train the model, and visualize results. A dataset of 469 labelled folders
consisting of images and video clips will be created, covering a diverse set of words. The image processing
techniques enhances the data quality. The model, uses 3-Dimensional Convolutional Neural Network and
dense layers, aims for faster training as it requires less training time. The model achieves 90% training
accuracy and 95% validation accuracy. Once trained, it will enable real-time recognition of spoken words,
advancing communication accessibility for the deaf and hard of hearing.

Advantages of the Proposed Solution:

. Accessibility: By utilizing computer vision and deep learning to translate lip movements into words,
the proposed algorithm enhances accessibility for individuals with hearing loss. It provides an alternative
communication method that does not rely on audio signals, thereby catering to the needs of the deaf and
hard-of-hearing community.

. Real-time Recognition: The lightweight model architecture enables real-time recognition of spoken
words once trained. This real-time capability enhances the usability of the system, allowing for immediate
communication assistance in various settings.

. Custom Dataset Creation: The initiative to create a custom dataset comprising approximately 469
video clips of words being spoken demonstrates a proactive approach to addressing the lack of suitable
datasets for the problem at hand. This tailored dataset ensures that the model is trained on relevant and
diverse examples, contributing to its robustness and performance.

. Transfer Learning: The utilization of transfer learning leverages pre-trained models to expedite the
training process and enhance the model's ability to generalize to new data. This approach maximizes the
effectiveness of available resources and accelerates the development of the lipreading algorithm.

. Comprehensive Preprocessing: The application of various image processing techniques, such as
lip segmentation, Gaussian blurring, contrast stretching, bilateral filtering, and sharpening, enhances the
quality and clarity of input data. These preprocessing steps contribute to improved model performance and
accuracy in lipreading.

o High Accuracy: The achieved training accuracy of 90% and validation accuracy of 95% demonstrate
the effectiveness of the proposed algorithm in accurately recognizing spoken words from lip movements.
This high level of accuracy is crucial for ensuring reliable communication assistance for individuals with
hearing impairments.

3.3 REQUIREMENT ANALYSIS

The requirement specification is a technical specification of requirements for the software products. The
purpose of the software requirement specification is to provide a detailed overview of the software project,
its parameters, and goal. It describes the project's target audience and its user interface, hardware, and
software requirements.
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3.3.1 SOFTWARE REQUIREMENT

The software requirements give a detailed description of the system and all its features

. Python (version 3.8 and above)
. Visual Studio Code

3.3.2 HARDWARE REQUIREMENT

The hardware requirements may serve as the basis for a contract for the implementation of the system and
should therefore be a complete engineer as the starting point for the system design.

RAM : 12GB and above

NVIDIA GPU : 4GB and above

Storage : HDD 16GB and above

Web camera  : 2MP minimum

Processor : 15 Intel Processor and Above

3.4 TECHNOLOGIES USED

341 PYTHON

Python is a high-level, interpreted programming language known for its simplicity and readability, making
it a popular choice for beginners and experienced developers alike.

Guido van Rossum created Python in the late 1980s, and since then, it has evolved into a versatile language used
in various domains such as web development, dataanalysis, artificial intelligence, scientific computing, and
more. Python's syntax emphasizes code readability, with its clear and expressive syntax resembling natural
language, which contributes to its ease of learning and understanding.

Python supports multiple programming paradigms, including procedural, object-oriented, and functional
programming styles, providing developers with flexibility in designing solutions for different problems. Its
extensive standard library offers a wide range of modules and packages, simplifying tasks such as file 1/0O,
networking, and database access.

Furthermore, Python's strong community support, active development, and a largeecosystem of third-party
libraries and frameworks contribute to its widespread adoption and continued growth in the software
development industry.

3.42 COMPUTER VISION

Computer vision is a burgeoning field within artificial intelligence and computer science, dedicated to
empowering machines with the ability to interpret and comprehend visual data from the real world. It
encompasses the development of algorithms and techniques aimed at extracting meaningful insights from
images and videos, akin to human visual perception. At its core, computer vision entails a myriad of tasks,
including image processing, object detection and recognition, image classification and segmentation, feature
extraction, and representation, and the utilization of deep learning, particularly Convolutional Neural
Networks (CNNs). Deep learning has been instrumental in revolutionizing computer vision by facilitating
the creation of highly accurate and robust models capable of tasks such as image classification, object
detection, and semantic segmentation, without the need for manual feature engineering.

The applications of computer vision are vast and span across numerous industries and domains. From
enabling autonomous vehicles to perceive and navigate their surroundings to enhancing surveillance and
security through video analysis, computer vision plays a pivotal role. In the medical field, it aids in medical
imaging modalities for diagnosis and image-guided surgery.
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3.4.3 DEEP LEARNING
Deep learning is a subset of machine learning that utilizes artificial neural networks with multiple layers to
learn intricate representations of data. Unlike traditional machine learning algorithms, which may require
manual feature extraction, deep learning algorithms autonomously learn hierarchical representations of data
directly from raw inputs. This capability enables deep learning models to excel at complex tasks such as
image recognition, natural language processing, speech recognition, and more.
At the heart of deep learning are neural networks, which consist of interconnected layers of artificial neurons.
Each layer processes input data and passes it on to the next layer, with each subsequent layer extracting
higher-level features from the input. The "deep” in deep learning refers to the multiple layers in these neural
networks, which can range from tens to hundreds or even thousands of layers, allowing for the extraction of
intricate and abstract features.
Convolutional Neural Networks (CNNs) are a type of deep learning architecture commonly used for tasks
involving images and spatial data. CNNs leverage convolutional layers to automatically learn spatial
hierarchies of features, making them highly effective for tasks such as image classification, object detection,
and segmentation.
Recurrent Neural Networks (RNNs) are another type of deep learning architecture designed to handle
sequential data, making them well-suited for tasks like natural language processing and time series
prediction. RNNs have connections that form loops, them to maintain a memory of past inputs and learn
temporal dependencies within sequential data.

SYSTEM DESIGN
4.1 OVERVIEW OF ARCHITECTURE

Webcam .| Preprocessing o Lip Detection o .
(Video) "l (facial Landmarks) "l ilandmark Detection) > Speech Detection
. 4
¥
3D CNN Prediction
(Lip Reading)
Input
Frames Predicted Word Label

¥

Qutput Display
(Video Frame)

Figure 4.1 System Architecture

In Figure 4.1, The lip-reading system operates through a sequential pipeline, beginning with the acquisition
of a live video feed from a webcam. This video undergoes preprocessing, where facial landmarks are
extracted using DLIB's Face Detector model, specifically targeting the mouth region. Subsequently, the
extracted landmarks enable precise lip detection and tracking, crucial for analyzing lip movements.
Concurrently, speech detection algorithms assess audio signals to synchronize with the visual lip
movements. As the video progresses, frames containing lip movements are accumulated, forming a sequence
representing speech activity. This data is then fed into a 3D Convolutional Neural Network (CNN) model
trained for lip reading. The model leverages both temporal and spatial features of the lip movements to
predict the corresponding spoken word or phrase.
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4.2 USE CASE DIAGRAM
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Figure 4.2 Use Case Diagram

In Figure 4.2, We represent the interaction between users and the lip-reading system. Users, represented by
the "User" actor, initiate various actions to interact with the system. They can "Capture Video Input” by
providing a live video feed through a webcam, enabling the system to analyze lip movements for word
recognition. Additionally, users have the option to "Reset Recognition,” allowing the system to clear
previous recognitions and start afresh, providing flexibility in recognizing new words or phrases. On the
other hand, the "System™ actor encompasses the core functionalities of the lip-reading system. It includes
processes such as "Detect Face & Lips," where the system employs facial detection algorithms to locate and
track facial landmarks, specifically the lips, within the captured video frames. Subsequently, the system
"Processes Lip Region" by enhancing and preprocessing the lip frames to extract relevant features crucial
for accurate word recognition. Once the lip regions are processed, the system proceeds with "Word
Recognition” using deep learning techniques. This component of the system analyzes the lip movements
captured in the processed frames to predict the spoken words or phrases. The recognition results are then
"Displayed Output™ to the user, typically overlaid on the video feed, allowing for real-time feedback and
interaction.
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4.3 ACTIVITY DIAGRAM
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Figure 4.3 Activity Diagram

In Figure 4.3 The application initiates its operation by starting up and then proceeds to initialize all
necessary dependencies, including libraries, models, and configurations. Subsequently, it loads a pre-trained
model specifically designed for lip reading or speech recognition tasks. This model has been trained to
discern spoken words or phrases from lip movements, making it a crucial component of the application's
functionality.

Upon initializing the dependencies and loading the model, the application captures a video stream in real
time, typically sourced from a camera or webcam. Within each frame of this stream, a face detection
algorithm is employed to identify and locate faces accurately. Once faces are detected, the application
isolates and extracts the lip region from each identified face for further analysis.

Following the extraction of lip regions, the application analyzes the lip movement within each region to
ascertain whether the person is speaking. This analysis may involve examining various features such as lip
movement, shape, or the distance between lips. If speech is detected, the application proceeds to collect
frames of the spoken word, capturing the corresponding lip movements for subsequent analysis.

Next, utilizing the collected frames and the pre-trained model, the application predicts the spoken word or
phrase associated with the observed lip movements. Finally, the predicted word or phrase is displayed on
the screen or within the application interface for user visibility and interaction. Depending on user input or
other conditions, such as the completion of the processing cycle, the application may offer options to restart
the program to capture a new video stream or exit gracefully, concluding its operation. This comprehensive
workflow outlines the sequential steps involved in the application’s functionality, from initialization to result
presentation and potential program termination.
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IMPLEMENTATION

5.1 MODULES
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3 IMAGE PROCESSING

o LIP SEGMENTATION

o GAUSSIAN BLURRING

CONTRAST STRETCHING

BILATERAL FILTERING

SHARPENING

DEEP LEARNING MODEL

3D CONVOLUTIONAL NEURAL NETWORK

5.2 CREATING DATASET

To create our dataset, we employed a series of steps leveraging computer vision techniques and
OpenCV. Firstly, we utilized my computer's webcam to capture video footage of myself speaking. Then, |
applied transfer learning by utilizing DLIB's Face Detector model to accurately segment the mouth region
from the video feed. This segmentation step was crucial for isolating the area of interest containing the lip
movements.

Next, we decomposed the segmented video feed into individual frames and performed image processing
techniques on each frame. These techniques included various operations such as resizing, Gaussian blurring,
contrast stretching, bilateral filtering, and sharpening. These preprocessing steps were essential for
enhancing the quality and clarity of the lip movements captured in each frame.

After preprocessing, we compiled the processed frames into video clips and saved them as NumPy arrays.
The resulting dataset comprises a multidimensional NumPy array with dimensions (681, 22, 80, 112, 3),
where:

. 469 represents the total number of video clips collected.

. 22 denotes the number of frames per video clip, capturing the temporal aspect of lip movements.

. Each frame is resized to 80x112 pixels to standardize the dimensions.

J Each pixel in the frame is represented by three channels (RGB), allowing for color information to

be preserved.

This meticulous process of dataset creation ensures that the model is trained on high-quality, standardized
input data, which is essential for achieving accurate and reliable results in subsequent training and inference
tasks.

5.3 IMAGE PROCESSING

Image processing encompasses a wide range of techniques and algorithms aimed at manipulating
digital images to enhance their quality, extract useful information, or perform specific tasks. It begins with
the acquisition of images using cameras, scanners, or other imaging devices. Once acquired, images undergo
preprocessing, where noise is reduced, and enhancements such as contrast adjustment and sharpening are
applied to improve visual quality. Additionally, images may be resized or transformed geometrically to
change their spatial orientation or size.

Segmentation is another crucial step, involving the partitioning of images into meaningful regions or objects.
This can include techniques like thresholding, edge detection, and clustering to identify areas of interest.
Following segmentation, feature extraction techniques are employed to capture relevant information from
the image, such as key points, corners, or blobs.

Image restoration techniques are used to recover or enhance degraded images, such as removing blur caused
by motion or defocus, or filling in missing parts of an image. Object detection and recognition play a
significant role in image processing, enabling the identification and localization of objects within images,
as well as their classification into predefined categories.

Finally, image compression techniques are employed to reduce the size of images for storage or transmission
purposes, with options for both lossy and lossless compression depending on the desired trade-off between
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image quality and file size. These techniques, along with many others, form the foundation of image
processing and are applied across various domains, including medical imaging, satellite imagery analysis,
computer vision, and more.

5.3.1 LIP SEGMENTATION

Lip segmentation is a critical process in image analysis and computer vision, particularly in
applications like lip reading, emotion recognition, and biometric identification. At its core, lip segmentation
aims to precisely delineate the boundaries of the lips within an image or video frame.

The process of lip segmentation typically involves several key steps. Firstly, the input image undergoes
preprocessing to enhance lip regions and improve segmentation accuracy. This may include steps such as
noise reduction, contrast enhancement, and normalization of color. Next, facial detection and alignment
techniques are often employed to locate the face within the image accurately. Once the face is detected,
facial landmarks are identified, aiding in precise localization of the mouth region, which is essential for
accurate lip segmentation.Following this, a smaller Region of Interest (ROI) containing the lips is extracted
from the original image. This helps focus the segmentation process and reduces computational complexity.
Various features are then extracted from the ROI to distinguish between lip and non-lip regions. These
features encompass color information, texture descriptors, gradient data, and shape characteristics.

The segmentation itself may be performed using a variety of algorithms, including thresholding, edge-based
methods like the Canny edge detector, region-based techniques such as watershed segmentation, and
machine learning-based approaches like deep learning networks.

Lip segmentation presents challenges due to variations in lighting conditions, facial expressions, occlusions,
and individual differences in lip appearance.

5.3.2 GAUSSIAN BLURRING

Gaussian blurring is a popular technique used in image processing to reduce image noise and smooth
out details while preserving important structural features. It is based on the concept of convolution, where
each pixel in the image is replaced with a weighted average of its neighboring pixels, with the weights
determined by a Gaussian kernel.

The process of Gaussian blurring involves the following steps:

1. Kernel Generation:

A Gaussian kernel, also known as a Gaussian filter or Gaussian mask, is created. This kernel is a two-
dimensional matrix with dimensions determined by its size and a standard deviation parameter c. The values
in the kernel are calculated based on the Gaussian function, with higher values at the center and decreasing
values towards the edges.

2. Convolution:

The Gaussian kernel is applied to the input image using convolution. For each pixel in the image, the
surrounding pixels are multiplied by the corresponding values in the Gaussian kernel, and the results are
summed to produce the value of the pixel in the output (blurred) image.

3. Boundary Handling:

When performing convolution, boundary handling methods are used to handle pixels near the image edges
where the kernel extends beyond the image boundary. Common approaches include zero-padding, mirror-
padding, or using only valid pixels within the image boundary.

4. Normalization:
To ensure that the brightness of the image remains consistent after blurring, the resulting pixel values may
be normalized by dividing them by the sum of the values in the Gaussian kernel.

Gaussian blurring is effective at reducing high-frequency noise in images, such as salt-and-pepper noise or
Gaussian noise. the important structural features of the image. It is widely used in various image processing
tasks, including edge detection, image smoothing, feature extraction, and image segmentation.

JNRID2405006 | JOURNAL OF NOVEL RESEARCH AND INNOVATIVE DEVELOPMENT | JNRID.ORG | a81



JNRID || ISSN 2984-8687 || © May 2024, Volume 2, Issue 5

5.3.3 CONTRAST STRETCHING

Contrast stretching, a fundamental technique in image processing, plays a vital role in improving the visual
appearance and interpretability of digital images. By analyzing the histogram, which represents the
distribution of pixel intensities in the image, contrast stretching identifies areas of low contrast and limited
dynamic range. It then applies a contrast adjustment function to redistribute pixel intensities across a wider
range, effectively enhancing the distinction between different elements in the image. This process brings
out finer details, improves the clarity of features, and makes the image more visually appealing and
informative.

One of the significant advantages of contrast stretching is its ability to reveal subtle details that may be
hidden in shadow or overexposed areas of the image. This is particularly useful in applications such as
medical imaging, where detecting subtle anomalies or abnormalities can have significant diagnostic
implications. In satellite imagery analysis, contrast stretching can enhance the visibility of terrain features,
vegetation, and other land cover types, aiding in environmental monitoring and land use classification.
Surveillance systems, can help improve the clarity of surveillance footage, making it easier to identify
objects, individuals, or activities of interest.

Furthermore, contrast stretching is often used in conjunction with other image processing techniques, such
as edge detection, segmentation, and feature extraction, to enhance the overall effectiveness of image
analysis tasks. By improving the contrast and dynamic range of images, contrast stretching contributes to
better decision-making, more accurate analysis, and enhanced visualization in various fields and
applications.

5.3.4 BILATERAL FILTERING

Bilateral filtering is a sophisticated image processing technique designed to smooth images while
retaining important features like edges and textures. Unlike simpler methods such as Gaussian blur, bilateral
filtering considers both spatial proximity and intensity differences between pixels. It operates by defining a
window around each pixel and computing a weighted average of neighboring pixels within this window.
These weights are determined based on both the spatial distance and the difference in intensity values
between pixels. Pixels with similar intensity values and located nearby receive higher weights, while pixels
with significant intensity differences are assigned lower weights. This dual consideration of spatial and
intensity information enables bilateral filtering to effectively reduce noise and unwanted variations in images
while preserving edge details and fine textures. Though highly effective, bilateral filtering can be
computationally demanding, particularly for large images or high-dimensional data, due to the need to
calculate distances and weights for each pixel.

535 SHARPENING

In addition to convolution kernels and unsharp masking, there are various other sharpening techniques
employed in image processing. Frequency domain methods, such as Fourier transforms, can be utilized to
accentuate high-frequency components corresponding to edges and fine details. Additionally, iterative
algorithms like the iterative sharpening method can be applied to progressively enhance image details while
minimizing the introduction of artifacts.

Sharpening is commonly used in various applications, including photography, medical imaging, and digital
art, to improve the visual quality and overall perception of images. However, it's crucial to consider the
characteristics of the original image and the intended use case when applying sharpening, as different images
may require different levels of sharpening to achieve optimal results. Furthermore, post-sharpening
techniques such as noise reduction may be necessary to mitigate any undesired artifacts introduced during
the sharpening process.

54 DEEP LEARNING MODEL

Deep learning models refer to a class of Artificial Neural Networks (ANNS) characterized by their ability
to learn complex patterns directly from data. These models are called "deep™ because they consist of multiple
layers of interconnected neurons, allowing them to learn hierarchical representations of the input data.

The fundamental building blocks of deep learning models are neurons, which are computational units that
receive input signals, apply a mathematical operation (such as a weighted sum), and produce an output
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signal. Neurons are organized into layers, with each layer typically performing a specific function such as
feature extraction or classification.

One of the most popular types of deep learning models is the Convolutional Neural Network (CNN), which
is particularly well-suited for tasks involving image recognition, classification, and segmentation. CNNs
employ convolutional layers that apply learnable filters to input images, capturing spatial hierarchies of
features such as edges, textures, and shapes.

Another widely used type of deep learning model is the Recurrent neural network, which is designed to
handle sequential data such as time series or natural language. RNNSs utilize recurrent connections that allow
information to persist over time, enabling them to model temporal dependencies and sequential patterns.
Deep learning models have achieved remarkable success in various domains, including computer vision,
natural language processing, speech recognition, and reinforcement learning. They have been applied to a
wide range of tasks such as image classification, object detection, machine translation, speech synthesis.

Training deep learning models typically involves feeding large amounts of labeled data into the network
and adjusting the weights of the connections between neurons using optimization algorithms such as
Stochastic Gradient Descent (SGD) or its variants. The goal of training is to minimize a loss function that
measures the discrepancy between the model's predictions and the true labels in the training data.

While deep learning models have demonstrated state-of-the-art performance in many tasks, they also come
with challenges such as the need for large amounts of labeled data, computational resources, and careful
hyperparameter tuning. Researchers continue to explore advancements in model architectures, training
algorithms, and regularization techniques to address these challenges and further improve the capabilities
of deep learning models.

5.4.1. 3D CONVOLUTIONAL NEURAL NETWORK

After setting up the video dataset, we designed my model architecture with the intention of capturing the
spatiotemporal features of the video frames. The model begins with three Conv3D layers with a kernel size
of 3x3x3, each having 8, 32, and 256 filters respectively. Each Conv3D layer except the last one is by a
MaxPooling3D layer with a pooling size of 2x2x2. Following the convolutional layers, we add a flattened
layer to prepare the input for the densely connected layers. Next, we have three Dense layers, with 1024,
256, and 64 neurons, respectively, and a Dropout layer with a rate of 0.5 in between each Dense layer.
Finally, we have a Dense layer with 13 neurons, representing the 13 classes we want to classify the videos
into. In the end, we have around 200 million training parameters. we prevent our model from overfitting by
also adding L2 regularization to each Conv3D layer, as well as using multiple Dropout layers between our
Dense layers. For each L2 regularization in a Conv3D layer, we use an alpha value of 0.001. L2
regularization reduces the impact of the weights in the model during training, by adding a penalty term to
the loss function. This encourages the model to have smaller weights and prevents the model from becoming
overly sensitive to the training data. Dropout drops out a fraction of the neurons in a layer during training.
This helps to prevent over-reliance on any single neuron and encourages the model to learn more robust
features that are useful for making accurate predictions on new data.
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Figure 5.1
3DCNN Architecture

In Figure 5.1 it shows the 3 dimensional Convolutional Neural Network (3DCNN) architecture which
makes the image into 2 dimensional (2D) frames and then covert it into 1 dimensional (1D) temporal
convolutional layers for further process 3DCNNSs extend the convolution operation into three dimensions,
enabling them to capture both spatial and temporal features simultaneously. The architecture typically
comprises multiple layers, starting with an input layer that receives a sequence of frames or volumes
representing the input data. The core components are the 3D convolutional layers, which apply learnable
filters across the width, height, and time dimensions to extract spatial-temporal features.

SYSTEM TESTING

6.1 TESTING OBJECTIVE

The testing objective for a lip-reading model using deep learning encompasses various facets
to ensure its accuracy, generalization, and practical applicability. Primarily, the model's accuracy in
transcribing spoken words or phrases from lip movements is evaluated, assessing its performance at both
word and phrase levels against ground truth annotations. Generalization is crucial, testing the model's ability
to adapt to diverse speakers, accents, and environmental conditions. Robustness checks entail examining
the model's resilience to noise, occlusions, and lighting variations, ensuring reliable performance in real-
world scenarios. Temporal consistency is assessed to guarantee coherent transcription throughout video
sequences. Error analysis identifies and addresses common pitfalls like misinterpretations and contextual
errors. Finally, real-time performance evaluation considers inference speed and computational efficiency
for practical deployment. Through these testing objectives, researchers and practitioners aim to
comprehensively assess the lip reading model's strengths and weaknesses, refining its accuracy, robustness,
and usability in real-world applications.
Precision:

Precision quantifies the model's ability to make precise positive predictions, indicating the proportion of
true positives among all instances predicted as positive. It serves as a measure of confidence in the
correctness of positive predictions, with higher precision implying greater confidence.

Recall:

Also known as sensitivity, recall assesses the model's ability to capture all positive instances, measuring
the proportion of true positives among all actual positive instances. It complements precision by focusing
on the model's ability to avoid false negatives, providing insights into its comprehensiveness.
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F1 Score:

The F1 score combines precision and recall into a single metric, offering a balanced assessment of a model's
performance. It represents the harmonic mean of precision and recall, providing a compromise between the
two metrics. A high F1 score indicates a model that achieves both high precision and high recall, striking a
balance between minimizing false positives and false negatives.

Figure 6.1

Classification Table

Here, in our project, we are using balanced accuracy to test the performance of the model.
Accuracy:

It is one of the most basic metrics. The accuracy score is determined by testing the model on “new” data or
data the model has never been trained on. We compare the percentage of correct predictions made by the
model to the actual labels.
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Training and validation accuracy
Balanced Accuracy:

Similar to the accuracy metric, in this case, this metric takes into

account the different distributions of data counts. This metric takes into account discrepancies in unbalanced
datasets and gives us a balanced accuracy value. It is to be noted that in my situation, the dataset is mostly
balanced. Here our model has achieved 96% accuracy.

print(“Balanced accuracy:", balanced_accuracy_score(y_test, y_pred))

v' 0.0

Balanced accuracy: 0.9613496071829404

Figure 6.3
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Figure 6.4
Confusion matrix

6.2 COMPARISON OF PROPOSED APPROACH WITH EXISTING APPROACH

In comparison to the existing system, the Model created offers several significant advancements in the field
of lipreading technology. The proposed system uses TensorFlow, Keras, OpenCV, PIL, NumPy, and Scikit-
learn to develop a robust algorithm capable of translating lip movements into words with high accuracy. By
utilizing deep learning techniques, including convolutional and dense layers, the Model created aims for a
significantly higher training accuracy of 90% and validation accuracy of 95% and it achieves the balanced
accuracy of 96%. Furthermore, the Model created emphasizes the creation of a custom dataset comprising
469 labelled video clips and images, covering a diverse set of words. Additionally, the Model created makes
the training process faster.

Table 6.2 describes the real-time lip-reading using computer vision and deep learning — 3DCNN with a
superior performance in terms of accuracy with an accuracy of 96% when compared to the current systems
“Application of deep learning in Mandarin Chinese lip-reading recognition, 2023 — LSTM” with 72%
accuracy and “Vision based Lip Reading System with ASR using Deep Learning, 2021 — LSTM” with 85%
accuracy.

Figure 6.2.1 shows a superior performance in terms of accuracy in real-time lip-reading using computer
vision and deep learning — 3DCNN with an accuracy of 96% by comparing to the current systems
“Application of deep learning in Mandarin Chinese lip-reading recognition, 2023 — LSTM” with 72%
accuracy and “Vision based Lip Reading System with ASR using Deep Learning, 2021 — LSTM” with 85%
accuracy.
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System Accuracy
Proposed application of real-time lip-reading
using computer vision and deep learning — 0.96
3DCNN.
Application of deep learning in Mandarin
Chinese lip-reading recognition, 2023 - 0.72
LSTM.
Vision based Lip Reading System with ASR
using Deep Learning, 2021 — LSTM. 0.85

Table 6.2 - Comparison table of proposed system with current systems

Comparison graph of proposed system VS exixting system
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Figure 6.2.1

Comparison graph of proposed system VS existing system
CONCLUSION AND FUTURE ENHANCEMENT
7.1 CONCLUSION:

This project leverages computer vision and deep learning techniques to develop an innovative
algorithm capable of translating lip movements into spoken words. Through the utilization of transfer
learning, a dataset comprising 469 video clips depicting spoken words is meticulously curated. Each clip
undergoes a series of image processing transformations, including lip segmentation, Gaussian blurring,
contrast stretching, bilateral filtering, and sharpening, to enhance feature extraction and improve model
performance.

Key libraries such as TensorFlow, Keras, OpenCV, PIL, NumPy, and Scikit-learn are instrumental in data
preprocessing, augmentation, and model training phases. The model architecture is thoughtfully crafted,
featuring a combination of convolutional and dense layers optimized for capturing intricate lip movements

JNRID2405006 | JOURNAL OF NOVEL RESEARCH AND INNOVATIVE DEVELOPMENT | JNRID.ORG | a88



JNRID || ISSN 2984-8687 || © May 2024, Volume 2, Issue 5

and extracting meaningful representations. Notably, the model demonstrates exceptional performance,
achieving a commendable 90% training accuracy and an impressive 95% validation accuracy.

Furthermore, the lightweight nature of the model renders it suitable for real-time applications, enabling
seamless recognition of spoken words in live settings post-training. This project extends the boundaries of
lip reading technology, offering a robust solution with significant potential for practical deployment in
diverse contexts, including assistive communication, security systems, and human-computer interaction.

7.2 FUTURE ENHANCEMENT:

The process of gathering data posed a significant challenge due to the unavailability of suitable
datasets, prompting the creation of a custom dataset. However, this endeavour proved time-consuming,
highlighting the need for a more extensive dataset obtained from diverse sources, including multiple
individuals. Future enhancements could involve collaborative efforts to collect a larger and more diverse
dataset, encompassing a broader range of lip movements and speech patterns.

Additionally, limited processing power constrained the size of the dataset and the quality of images used, as
higher-quality images and a larger dataset would demand more computational resources. This limitation
also impacted the exploration of various hyperparameter optimization techniques, such as grid search, which
would have been computationally prohibitive. To address these constraints, acquiring better hardware with
enhanced processing capabilities is essential. Upgrading hardware infrastructure would alleviate limitations
associated with RAM constraints and processing speeds, enabling the exploration of more sophisticated
modelling approaches and larger datasets.

In summary, future improvements should focus on expanding the dataset through collaborative efforts and
upgrading hardware infrastructure to facilitate the exploration of advanced modelling techniques and larger
datasets, ultimately enhancing the robustness and performance of the lip reading algorithm.

[® 1 Mouth = (m] X

A.l
Face Detected with “Not Talking”
In A.1, The model detects the face and observes the lips by using the lip landmarks in the face
which is being detected in the video frame to determine whether the person in the video frame is talking or
not. If the lips are idle then it shows that the person is not talking.
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B Mouth

T - =
lalking

A2
Face Detected With “Talking”

In section A,2 The model detects the face and observes the lip landmarks. If the lip landmarks are varying
with various shapes, then it shows that the person is talking.

® | Mouth

A3
Predicted word from lip sync

In section A.3, The model detects the face and then observes the lips to detect whether the person is talking
or not. When the model detects that the person is talking then it observes the lip sync and predicts the word
by comparing the lip landmarks in the frame, then it displays the predicted word in the video as well as in
the console as output.
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hello: 0.090

demo: 0.076

read: 0.075

bye: 0.058

lips: 0.0857

cat: 0.055

dog: 0.048

is: 0.047

FINISHED! a

*xkkkxxxx (1, 22, 80, 112, 3)

] - Os 74ms/step
cat: 0.965
demo: 0.010
dog: 0.006
a: 0.005
hello: 0.005
read: 0.003
bye: 0.0602
lips: 0.802
is: 0.001
FINISHED! cat
*kkkxkxxx (1, 22, 80, 112, 3)
['a', 'cat']

] - Bs 70ms/step

bye: 1.000

a: 0.000

is: 0.000

read: 0.000

1lips: 0.000

demo: 0.000

hello: 0.000

dog: 0.000

cat: 0.000
FINISHED! bye
*kkxkxxxx (1, 22, 80, 112, 3)
[*a', 'cat', 'bye']

A4

List of words with respective accuracy for every occurrence

In section A.4, The model observes the lip sync and compare the lip landmark shape with different
lip landmark shapes generated while training various words and displays the list of words with accuracy of
how good the detected lip shape matches with the particular word and displays the most matched word (the
word with highest accuracy) as the predicted word.
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