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ABSTRACT

It is necessary for humans to have a way of communicating with one another. People who
are "specially abled," have speech or hearing impairments, are "mute," or are "deaf,"
always depend on visual communication. Individuals without visual or auditory

impairments could find it challenging to communicate with those who do.

The development of a system that can convert hand gestures into text is necessary to
enable two-way communication between the general public and individuals with

impairments.

Finding interpreters is extremely challenging because most individuals do not know sign
language, despite the fact that sign language is one of the most natural and ancient modes
of communication. Given this, we have created a neural network-based fingerspelling

method for American sign language that operates in real-time.

Deep learning techniques can help lower obstacles to communication. The primary phases
in system design are gesture acquisition, tracking, segmentation, feature extraction, and
gesture recognition. The dynamic dataset of common gestures that the author produced is
used to train the sign language recognition system. The gesture is accurately recognised by

the trained model, which then projects it as text onto the screen.

viii



CHAPTER 1 : INTRODUCTION

1.1 INTRODUCTION

The power to converse with technology using natural gestures in the constantly adapting
arena of human-computer interaction is a centerpiece for ingenuity. Computer vision sub-field
of hand gestures detection has become popular due to its role in eradicating boundaries
between humans and computers. The transformational nature intended to decode human hand
trajectories and configurations in a manner that is concurrent with them as a natural interface

supporting broad spectrum applications.

Hand gesture detection is centrally based on modern technologies such as depth-sensing
cameras and complex machine learning algorithms. This comprises various elements that
work jointly, making a comprehensible rendering into meaningful interaction with the
three-dimensional features of hand gestures. However, it is difficult to overcome challenges
like different gestures, hand shape and also high-speed performance. Every day, researchers
and designers are working on new approaches to machine learning models and CV techniques

to develop robust systems that can manage this complexity.

Hand gesture detection is significant because it has the power of transforming the way we
experience things within different sectors. Users are able to enter into an alternative reality
when gaming and manoeuvre events through natural hand gestures. Interactive virtual and
augmented reality apps work because they make people feel like they can interact with digital

elements intuitively.

In addition, it has great potential for use in healthcare rehabilitation and sign language

interpretation that improves communication access.

Going forward the trend will be to take such systems that combine wearable devices with
hand gesture recognition downward the size line in order to increase the portability of
personal computing.Hand gesture detection and recognition are moving towards edge

computing based processing data at the device edge for reduced latency and investigation of



multi-modal interaction combinations based gestures accompanied by voice and face

expression.

The central topic of this project report deals with the complexities associated with hand
gesture detection and recognition, which are considered an imminent phenomenon
contributing to modifying conventional paradigms governing people’s interrelations with

computers through technological innovations.

Hand Gesture Detection: A Comprehensive Examination Unveiling Implications for

Technology-Based Communication and Interaction.
1.2 Problem Statement:

e Gesture Recognition Accuracy Improvement : Use cutting-edge machine learning and

computer vision techniques to improve accuracy.

e Real-Time Performance Optimization : Enhance for immediate feedback and interactive

interfaces.

e Robustness in Varied Environments : Use noise reduction and adaptive techniques to

provide dependability in various conditions.

Hand gesture detection and recognition are moving towards edge computing based processing
data at the device edge for reduced latency and investigation of multi-modal interaction

combinations based gestures accompanied by voice and face expression.

The central topic of this project report deals with the complexities associated with hand
gesture detection and recognition, which are considered an imminent phenomenon
contributing to modifying conventional paradigms governing people’s interrelations with

computers through technological innovations.

Hand Gesture Detection: A Comprehensive Examination Unveiling Implications for

Technology-Based Communication and Interaction.



1.3 OBJECTIVES

1. Organic Human-Computer Communication:

Users can use common everyday gestures such as pointing using hands as the inputs that will

allow them to communicate naturally with computers and other electronic devices.
2. Immersive Virtual and Augmented Reality Experiences:

With that, users derive maximum utility from their virtual as well as augmented reality

applications through allowing hand movements for navigation and interaction.
3. Easily accessible:

Let disabled users handle a device or program via gesturing instead; they should have user
interface tailored specifically for them. They are particularly important for those suffering

mobility problems.
4. Interpretation of Sign Language:

Translate sign language into spoken or written language to facilitate interaction between those

using sign language and others.
5. Real-Time Gesture Analysis:

Real time processing of hand movements assures instant and accurate detection. It becomes
highly important in cases where quick response is vital, including in entertainment and

emergency situations.
6. Improving User Experience:

Offer an alternative and additional means of interaction distinct from traditional input devices

such as keyboard and mouse for enhancing end users’ enjoyment through an easy interface.
7.Adaptability to Diverse Users:

Ensure that the systems accommodate a variety of users with different hand sizes, shapes, and

motion patterns for inclusive purposes.



1.4 SIGNIFICANCE AND MOTIVATION OF THE PROJECT WORK:

Hand gesture detection and recognition are quite relevant in the area of human-computer
interaction as there exist multiple domains and applications where it holds importance. The

following salient features underscore the significance of this technology:
1. Natural Interaction:

The hands are a vital part of human communication, especially for language acquisition.
Through this, people can interact with computers and other devices in a manner similar to
face-to-face communication by simply using hand gestures. This organic interaction can
reduce the learning curve associated with traditional input techniques, and improve the user

experience.
2. Immersive Virtual and Augmented Reality:

The hand gesture detection gives ease of handling and interaction of digital objects in a
virtual/augmented environment setting. This gives consumers a more natural mode of

interaction/ navigation within the virtual environment thus making it even more immersive.
3. Interpreting Sign Language:

To understand sign language, one should have the capability to identify gestural signals. This
technology is inclusive and makes for a mutualistic interpretation of sign languages across
societies through accurate sensing and translation mechanisms which improve

communication between the deaf and the non-deaf populations of society.
4. Human-Robot Interaction:

Hand gestures in robotics allow for better communication between humans and robots. This is
of paramount importance during group engagements where precise communication is a vital

requirement for collaborative endeavours.
S.Innovative User Interfaces:

Hand gesture detection takes input beyond convention and provides for an inventive interface.
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The emergence of new services, apps and devices which entertain while at the same time

being helpful.

1.5 ORGANISATION OF THE PROJECT REPORT:

The rest of this report is organised as follows:

Chapter 2 gives an overview of literature study performed
— An overview of the body of research on sign gesture detection, examining different

approaches, technology, and datasets within the framework of deep learning.
Chapter 3 discuss the system development and overflow

— Thorough examination of the particular specifications needed to build an Detection system

for Sign Language Gestures, with a focus on the demand for an original dataset.
Chapter 4 shows the performance analysis

— An explanation of the testing methodology used to assess the precision and dependability

of our system.
Chapter 5 highlights the conclusion , future scope and application contribution

— The results of the system's performance are presented and interpreted, demonstrating how

accurately it can recognise sign language gestures.



CHAPTER 2: LITERATURE SURVEY

INTRODUCTION:

Researchers have in recent times focused on the creation of models that can predict sign

language gestures for the benefit of the deaf and hard of hearing individuals.

The programs implemented using modern technologies and artificial intelligence (Al)
demonstrate that every effort is made to deliver high-quality care to people with hearing
disabilities within society at large. Despite the many SLR studies, it remains necessary to
enhance communication channels and hearing-impaired accessibility while acknowledging

current restrictions.

This literature review examines the status of SLR currently, focusing on research articles
applying deep learning methods with sensing and vision techniques. In this context,
researchers have examined multiple ways to address the intricate issues of gesture recognition

in video by using different methods.

This diversification in these approaches showcases how hard the work is, also shows that the
different research communities collaborated together to give complete and efficient remedies.
The purpose of this review is to add to the current debate regarding the enhancement of SLRs

and the production of new technologies for the interest of people with hearing challenges.

2.2 DIFFERENT RECOGNITION APPROACHES

2.21. [1]A Comprehensive Study on Deep Learning-based Methods for Sign

Language Recognition
--INTRODUCTION
- A deep learning model for sign language detection and recognition in paper

- Recognizing signs of Indian Sign Language video frames using LSTM and GRU models.



- Data set used is dataset IISL2020 of eleven handwritten digits attaining 97% accuracy.

- Provides means for enabling speech or hearing-impaired people to express themselves.
--RESULTS

The presented model yields about 97 percent of success with respect to 11 types of characters.
- Among the various models, LSTM-GRU provides the highest accuracy.

- A super server was utilized for training the model using Keras-TensorFlow libraries.

- This can further help in improving the results by having a larger dataset.

- The suggested prototype has a high recognition percentage of real time signature recognition

and perception.

--LIMITATIONS

- High complexity makes standard dynamic sign language datasets difficult.

- Specifically, region-based languages such as Indian Sign Language take a lot of effort.

- The data used in previous research studies was collected under ideal environments. - The

proposed methodology got 97% accuracy of sign recognition on the IISL.2020 dataset.

- There are problems associated with non-stable as well as angular input data frames that

should be improved.

- Sign recognition poses challenges at different levels of brightness.

2.22. [2]Deepsign:Sign Language Detection and Recognition using Deep

learning

--INTRODUCTION

- A comparative study on computer vision based methods for sign language detection and

recognition.



- Recent developments in deep neural network methods.

- A complete analysis across several public data sets.

- Map the unsegmented video streams to glosses.

- Development of new sequence training guidelines and pre training plans.

- Proposing a new RGB+D dataset for sign language from Greece.

- Three-level annotations of sign language in the first sign language video database.
--RESULTS

- DNN-based SLR architectures comparative overview using publicly available datasets.
- A new large-scale RGBD dataset for Greek SL.

- Comparison of two CTC variations in CSLR evaluation. - Isolated SLR is more effective

using 3D CNN-based architectures.

- In CSLR, 2D CNN-based models with per gloss representation outperformed other models.
- The proposed pre-training scheme and EnStimCTC achieved state of the art results on CSLI.
- Future, incorporating depth information into it and attentional approaches.

- The role of the linking in the SLR-SL translation.

--CONTRIBUTION

- Systematic review of various SLR literature DNN approaches.

- Developing a new GSL dataset.

- Presentation of findings, conclusions and arguments.



2.23 [3]An Exploration into Human—Computer Interaction: Hand Gesture

Recognition Management in a Challenging Environment

--INTRODUCTION

- This paper is concerned with hand gesture-based HCI.

- It seeks to enhance communications for the deaf and disabled society.
- It utilizes image segmentation as well as a CNN-based model.

- With segmentation, the optimal model attained an accuracy rate of 58%, which constituted a

10% improvement compared to no segmentation.

- This paper aims at addressing the gaps associated with previous research concerning gesture

recognition.

--RESULTS

- This hand gesture recognition system comprises two elements.
- The best performing model attained an accuracy of 58%.

- Using image segmentation increased the accuracy rate by 10% as opposed to using it

without segmentation.
--LIMITATIONS
- Light and crowded scenes hinder vision-based recognition.

- Data used cannot be accessed publicly because of privacy.



2.24.[4|HAND GESTURE RECOGNITION FOR INDIAN SIGN
LANGUAGE

--INTRODUCTION
- A hand gesture recognition system for the Indian sign language is postulated in this paper.

- System consists of 4 modules: Hand Tracking, Segmentation, Feature Extraction, and

Gesture Recognition.

- Hand tracking and hand’s segmentation using a camshift method and HSV color model.

- Gesture recognition using a Genetic Algorithm.

- The system can distinguish between single-handed and double-handed gestures precisely.
- The purpose of the system is to aid deaf people in communicating efficiently with others.
---RESULTS

- The proposed system applies the CamShift method, HSV (Hue, Saturation, Value) color

model, and Genetic algorithm.

- The system is also able to cater for varying types of hand gestures.
- Suitable for single-handed as well as doubled hand gestures.

- It is cheap, but it can be used by deaf-mute people.

- Recognizes the Indian sign language alphabet effectively.

- Many deaf people will be able to communicate among themselves.
--CONTRIBUTION

- Development of an Indian gesture recognition system.

- Accurate recognition of single handed and double handed gestures.
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- Single normal webcam for gesture recognition.

- With maximum accuracy and as minimum time as possible when recognizing gestures.

2.25.[S|COMBINING HAND DETECTION AND GESTURE

RECOGNITION ALGORITHMS FOR MINIMISING
COMPUTATIONAL COST
-~-INTRODUCTION

- Neural networks for gesture reconstructing in paper

- Human computer interaction involves gesture recognitions.

- These systems are slow and very resource consuming.

- The proposed solution involves both hand detection and gestures recognition algorithms.
- It is easier compared to hand detection, which consumes minimal computing power.

- Proposed system is evaluated using public gesture bases and videos.

- The proposed system design is confirmed based on the experiment.

--RESULTS

Four real test videos using hand detection and gesture recognition.

- Hands are detected on an average of ~75 frames per second.

- To this end, the proposed algorithm improved the average processing time of one video

frame such that it became 26.1.
- These results are in agreement with calculations within the margins of error.

- The combined usage of the gesture classifier and hand detector makes efficient use of

computing resources.

11



--LIMITATIONS

- Poor performance and too much consuming of computing resources not playing any part in

the picture.
- Complexity of decomposition of the neural network into separate steps.

- Optimization, fusion to other algorithms and so forth.

2.26.[6]REDUCTION OF GESTURE FEATURE DIMENSION FOR
IMPROVING THE HAND GESTURE RECOGNITION PERFORMANCE
OF NUMERICAL SIGN LANGUAGE

--INTRODUCTION

The hand gesture recognition is one of the important forms of non-touch human-computer

interaction.

- This research work introduces a competent hand gesture recognition system using hand

attributes selection.

- Discrete wavelet transformation and singular value decomposition are used for hand feature

extraction.

- Optimal features are chosen using a genetic algorithm.

- Hand gestures recognition is supported by a support vector machine.
- The model is better as compared to traditional hand recognition.
--RESULTS

- This new model exceeds conventional manual approaches of hand recognition.

12



- Discrete wavelet transformation and singular value decomposition for hand feature

extraction.

- Feature selection is implemented using genetic algorithms with effective fitness function.
- Hand gesture recognition using support vector machines.

- A constructed hand gesture dataset for validation of the proposed model.
--CONTRIBUTIONS

- User-oriented research and development, which include interfacing, are the vital area of

HCIL.
- A webcam based model that cuts down on cost and increases reliability is proposed.

- Discrete Wavelet Transformation (DWT) and Singular Value Decomposition (SVD) are used

to obtain hand features.
- Efficient feature selection using genetic algorithms with an appropriate fitness function.
- Hand gesture recognition using a support vector machine.

- A proposed model is more effective than traditional manual hand identification systems.

13



2.27 LITERATURE SURVEYS

S. Paper Title Journ Tools/ Results Limitations
No. [Cite] al/ Techniques/
Confe Dataset
rence
(Year)

l. An Exploration 2023  [image The optimal - Vision-based
into enhancement model achieved [recognition is
Human—Computer and a performance impacted by
Interaction: Hand segmentation of 58% light and
Gesture using colour accuracy. crowded
Recognition space surroundings. -

. . - Image
Management in a conversions - The data used
. ) segmentation . i
Challenging Machine in the study is
. ) improved .
Environment learning not publicly
) accuracy by )
algorithms, available due to
) 10% compared i
specifically privacy
to without
CNN, for hand concerns.
segmentation.
gesture
recognition
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S. Paper Title Journ Tools/ Results Limitations
No. [Cite] al/ Techniques/
Confe Dataset
rence
(Year)
Deepsign: Sign (2022 LSTM and (The proposed |- Standard
Language GRU, model has a |dynamic sign
Detection and high language
.. ) InceptionResN o
Recognition Using recognition rate  |datasets are

Deep Learning

etv2,Dropout

for real-time
sign detection
and

recognition.

-The
LSTM-GRU
model has the

highest
accuracy
among the
different
combinations. -

The model was
developed
using
KerasTensorFl
ow libraries

and trained on

a SuperServer.

challenging due

to high
intricacy. -
'Working on
specific

region-based
languages like
Indian Sign
Language is
challenging. -
Previous
datasets used in
research  were
designed in
ideal

environments.
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S. Paper Title Journ Tools/ Results Limitations
No. [Cite] al/ Techniques/
Confe Dataset
rence
(Year)
Hand Gesture 2020 SIFT,DPL successfully Computational
Recognition with algorithm recognized 36 [complexity
Color Descriptors classes of hand [efficiency  of
gestures with a |the  proposed
high architecture not
recognition discussed
accuracy of
97.18% for
isolated  hand
signs .
Combining Hand (2020 CNN and ViBe [|benefits in [low
Detection and algorithm terms of |performance
Gesture performance and excessive
Recognition increase  and |consumption
Algorithms for experimental computing
Minimising results ~ were [resource when
Computational consistent with [there is no hand
Cost theoretical the frame
estimates
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S. Paper Title Journ Tools/ Results Limitations
No. [Cite] al/ Techniques/
Confe Dataset
rence
(Year)
An Improved 2019 Two-Step Overall Computational
Hand Gesture based  CNN [accuracy  for |complexity
Recognition With approach hand  gesture [efficiency  of
Two-Stage recognition the  proposed
Convolutional was improved |architecture not
Neural Networks with discussed
Using a Hand pseudo-depth

Colour Image And
Its Pseudo-Depth

Image

images:
88.45% for
feature fusion

and 87.4% for
committee
fusion,

compared  to

80.71% for
colour image
only and
85.76% for
depth
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S. Paper Title Journ Tools/ Results Limitations
No. [Cite] al/ Techniques/
Confe Dataset
rence
(Year)
A Novel Dynamic |2019 [Kinect The proposed [Reliance on

Hand Gesture and

sensor,Skin

dynamic hand

Kinectsensor,S

Movement colour gesture and |mall sample
Trajectory segmentation movement size and Lack
Recognition model model,Machine |trajectory of detailed
for Non-Touch learning recognition information
HRI Interface techniques system
achieved  an
average
recognition
accuracy of
94.5% for
dynamic
motion
instruction
identification
Research on the |[2019 [AdaBoost,Cam |Achieved The specific
Hand Gesture -Shift 98.3% dataset used for
Recognition Based algorithm,CNN [accuracy in [training and
on Deep Learning recognizing 10 [testing the CNN
common digits. [is not
mentioned,
which  could
affect the
generalizability

of the results
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S. Paper Title Journ Tools/ Results Limitations
No. [|Cite] al/ Techniques/
Confe Dataset
rence
(Year)
[8]Dynamic hand |2018 [LIBSVM state-of-the-art  |The
gesture recognition performance unsegmented
based on 3D with  90.48% |gesture
pattern assembled accuracy for 14  [recognition has
trajectories gestures and |lower accuracy
80.48% due to the
accuracy for 28 [challenges in
gestures gesture
detection and
segmentation
[9]Reduction  of [2018 [SVM and |Average The paper does
Gesture  Feature Genetic accuracy not discuss the
Dimension for Algorithm improved from [computational
Improving the 61.15% complexity and
Hand Gesture without feature [time required
Recognition selection to |[for feature

Performance of

Numerical  Sign

Language

77.55%  with
feature

selection

selection using

GA.
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S. Paper Title Journ Tools/ Results Limitations
No. [Cite] al/ Techniques/

Confe Dataset

rence

(Year)

10. [10]Hand Gesture |2017  [Improved Recognition The method
Recognition Based Histograms of [rates of over [may not tolerate
on Improved Oriented 91% were |[translation,
Histograms of Gradients achieved  for [rotation, and
Oriented Gradients (HOQG), most hand |[scaling well

Cascaded SVM  |gestures, with [without

,Skin some confusion [sufficient

Similarity between training data for
similar variations.
gestures.

11. [11]Real time hand |2016 |webcam,conve |The system can |Focused on
gesture movements X hull |operate well, [basic hand
tracking and algorithm, allowing users [gestures and
recognizing system lucas kanade |[to interact with [didn't explore a

algorithm the computer [wide range of
using hand |gestures.
gestures

instead of a

mouse
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CHAPTER 3 : SYSTEM DEVELOPMENT

3.1 REQUIREMENT AND ANALYSIS

In order to achieve all these preparations and high levels of accuracy, the system must be able
to identify different gestures and movements, acquire enough high-quality images and videos.
The system has to have the flexibility to operate at real time, capable of proper identification
on the data generated from different sources and under different lighting conditions for the
best version. Afterward, the resultant version should be able to generate a reliable output

without losing its fidelity to the true classification.

1. Hand detection and segmentation: The system should specifically pinpoint and separate
out the hand part in a picture of the input image or in an input video frame. In a nutshell, any

part of the hand ought to have a different color to that of the scenery and its accessories.

2. Feature extraction: Secondly, some significant parameters critical for taking the outline of
the hand, position and movements must be incorporated. Typical HGR includes contour

points, edge features, as well as key points.

3. Gesture Classification: The system has to organize these features within their predefined
groups that constitute this gesture representing the intended activity. There are various forms
of machine learning methodologies that might be included in this categorisation problem,

including SVMs, KNN or Neural Network.

4. Real-Time Performance: This should be a live working system so as to provide users with
a consistent, responsive environment. Therefore, it needs suitable algorithms together with

optimization strategies as ways of minimizing the processing span.

5. Robust Against Environmental Variations: For example, this system should remain
constant to any changes in light, noise or shadows. It is, therefore, imperative for adaptive
algorithms to be developed to readjust these components but should not affect discrimination

ability.
One of the most important requirements for this project is a library known as MediaPipe.
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What is MediaPipe?

An open-source hybrid architecture known as MediaPipe has to be developed in order for
pipelines to be able to process such perceptual data as images, video or audio. An algorithm
that uses machine learning for real-time gesture recognition as well as hand tracking has been
proposed. Its accuracy in identifying signs also means more hand and finger-tracking features

are available.

# STEP 1: Import the necessary modules.
import mediapipe as mp

from mediapipe.tasks import python

from mediapipe.tasks.python import vision

# STEP 2: Create an GestureRecognizer object.

base_options = python.BaseOptions({model_asset_path="pgesture_recognizer.task')
options = vision.GestureRecognizerOptions(base_options=base options)
recognizer = vision.GestureRecognizer.create from _options(options)

images = []
results = []
for image file_name in IMAGE_FILENAMES:
# STEP 3: Load the input image.
image = mp.Image.create_from_file(image file_ name)

# STEP 4: Recognize gestures in the input image.
recognition_result = recognizer.recognize(image)

# STEP 5: Process the result. In this case, visuvalize it.
images.append(image)

top_gesture = recognition_result.gestures[a][e]

hand_landmarks = recognition_result.hand_landmarks
results.append( (top_gesture, hand_landmarks))

display batch_of images with_gestures_and_hand_landmarks(images, results)

Fig 1 Mediapipe Import (It Tells us the code required to import and use mediapipe library)

By merging the components of the pose, face, and the hand landmarks in the MediaPipe
Holistic Landmarker project, we could come up with a full set marker for the human body.
Actions, stances and full body motions can be evaluated using this assignment. An ML model
will take in a constant stream image that it can learn from in this assignment. This process
performs live output of 543 landmarks overall (33 position landmarks, 468 faces landmarks,

twenty one hands landmarks per hand).

22



3.2 PROJECT DESIGN AND ARCHITECTURE

The approach is based on vision. The use of hands means that there is no need for any
artificial devices to be used to facilitate interaction as all the indications are shown by the

hands.

During the search for ready-to-use datasets suitable for this project, we could not find any
relevant one. Hence, we decided to develop our own data set. For the generation of a dataset

we used Open Computer Vision (OpenCV).

Hand Image
Hand Deteclion
Pre-processing

Feature Extraction

Recognition

e

d

Gesture Dictionary

Fig2 Basic flow of the project using simple keras model(It is the process taken into account

for making the basic model )
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Fig3 Detailed flow of the project using LSTM(It is the step by step process which is followed

for making the LSTM model)
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Fig4 (Flow chart of the process implementation when using the CNN model)
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Algorithm Layer 1:

1. To obtain the processed image following feature extraction, apply the Gaussian Blur filter

and threshold to the frame captured using openCV.

2. After this image has been processed, it is fed into the CNN model for prediction. If a letter

is identified in more than 50 frames, it is printed and used to build the word.

3. The blank symbol is used to represent the space between the words.

Algorithm Layer 2:

1. We identify other sets of symbols that, when identified, yield comparable outcomes.

2. Next, we use classifiers designed specifically for those sets to classify between those sets.
Collection of Hand Gesture Images:

The first step entails getting the video frames and the images in this case with regard to the

hand gestures. This can be accomplished in a number of ways, such as:

Webcam: Such real-time photographs of hand gestures can be taken by a web-enabled

computer.

Hand-held devices: The use of smartphones or tablets could be used in recording hand

gestures or specifically designed hand gesture recognizers.

Gesture databases: For education about hand gestures, there are gesture databases available to

the public with a collection of photographs that can be used to train and test.
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Fig S Data Collection(Personal Data Collected)

Hand Recognition

Hand detection involves localizing and differentiating the hand region from the input image
or frame. This crucial step ensures extraction of relevant features that are necessary for

gesture recognition. Typical methods for detecting hands include:

backdrop subtraction: It involves determining the background of the image where the hand

serves as a foreground object and eliminating it.

The process of defining edges that help identify the hand area from the image is known as

edge detection.
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Right

Fig6 Hand Detected Fig7 Hand Cropped

Image Preparation

Once the hand is detected, its segmented image is pre-processed to enhance its quality and

make it ready for feature extraction. Preprocessing actions could consist of:

Noise reduction refers to removing unwanted noise in an image that can use filters or various

smoothing techniques.

Normalisation: The brightness, contrast, and color balance of an image is adjusted to enhance

feature extraction.

Image resizing: Resize the image to a common size for easier feature extraction and gesture

classification.
Feature Deletion

The relevance of features extracted for removal of irrelevant features which correctly
describes the shape, positioning and movement of hand taken input pre-processed hand

image. The characteristics form part of the gesture classification model. Typical methods for
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extracting features are as follows:
Contour points: Obtaining perimeter points for the hand area.

For example, one of the edge features includes assessing where the hand lies, as well as

orientation and strength of the edges within the hand region.
Important points: Detection of separate landmarks in hand like knuckles or finger tips.
Recognition of Gestures

The features obtained are then passed to a gesture classification algorithm that places them in
one of the reserved classes. Several machine learning algorithms are frequently employed for

the classification of gestures, such as:

Using neural networks: Given that neural networks are capable of learning complex patterns

from data, they should be suitable for classification gestures.

Dataset

Pre-processing

Training
HyperParameter LSTM
-
O Processing Trained Model Output Display

Camera

Fig8 Architecture of the Hand Gesture Recognition System
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3.3 DATA PREPARATION

The first step for the HGR project is to collect a quality dataset for effectively training and
validating the hand gestures which comprises a wide variety of quality photos. The dataset
should contain a versatile, appropriate labelling, and different types of hand postures,
different angles under varied lighting conditions. To ensure the variety in the dataset it should
contain images of hands of different skin tones with different hand sizes, different symbols
and in different lighting conditions which bring stability in the system’s decision making for

hand detection.

Image_17010
=

0 100 200 300 400 500 600

Fig10 Image for showing different landmarks using mediapipe
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To create this self-developed dataset, we make use of the inbuilt system camera to record the
hand gesture images under different conditions of lights and background. The dataset includes
images of individuals performing the hand gestures and making sure that the symbol they are
making is accurate. Images were taken with consistent focus, resolution, and framing in order
to preserve the quality of the data. Furthermore, proper hand gesture labels will be provided
in-depth annotations for every photograph.

3.4 IMPLEMENTATION

3.4.1 Mediapipe

For computer vision inference, pipelines handling any kind of sensory data, such as audio and
video, can be designed using the open-source MediaPipe framework. MediaPipe may

construct such a perception pipeline into a graph made up of interchangeable parts.

The primary use case for the MediaPipe framework is the quick construction of perception
pipelines using Al inferencing models and reusable components. Furthermore, it makes the
integration of machine vision technology easier across a range of applications and demo
versions of the majority of hardware platforms. Over time, teams will be able to enhance

computer vision pipelines with the aid of configuration languages and assessment tools.

3.4.2 Holistic Model of Mediapipe

Any kind of sensory data, including audio and video, can be processed using pipelines
constructed with the open-source MediaPipe framework to carry out computer vision
inference. A perception pipeline of this kind may be constructed as a graph of modular

components using MediaPipe.

The MediaPipe framework's primary application is the quick creation of perceptual pipelines
using Al models for other reusable parts like inferencing. Additionally, it makes it easier to
incorporate computer vision technologies into applications and demos on a variety of
hardware platforms. Teams may gradually enhance machine vision pipelines by utilising the

evaluation tools and configuration language.
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3.4.3 Hand Detection using Mediapipe Holistic model

Pose, Hand, and Face are the three components of the mediapipe holistic pipeline. All in all,
Mediapipe provides a wide range of choices. 543 unique landmarks are recovered using the

holistic model (468-face, 33-pose, and 21-hand).

It makes use of the Mediapipe holistic model, which is included in the Mediapipe Python

package. We created a function called mediapipe detection with two arguments.
1. Image: The image that serves as its detecting source.

2. Model: The model used for detection is the mediapipe ("Holistic model") model. The
function first converts the image from BGR to RGB format, which is then used to feed the
output into the model and store it in the process() method. The function then returns the

image and the saved result after it has been transformed.

The output from the functions that came before it is passed as an argument to another function
we construct, called draw styled landmarks. We utilise this feature to help visualise real-time
hand detection by drawing landmarks. Extract the main ideas: The X, Y, and Z coordinates of
the important points are extracted from the detection results (the stored result provided by the
mediapipe detection function previously explained) once real-time hand detection has been

achieved.

We create an additional method called extract key points that takes the detection results as an
input and uses them to extract the coordinates. The concatenated array of all the arrays
containing the key point coordinates for the holistic model is the result of this function. This

function is called during the data collection process.
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Fig11 Hand landmarks
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3.4.3.1 Hand Detection using CNN model

The neurons of CNN layers are arranged in three dimensions: width, height, and depth, in

contrast to ordinary neural networks. Only one neuron per layer will be coupled to a small

area (window size) of the layer prior to it, as opposed to every neuron in a fully linked

fashion. Because we will have reduced the entire image to a single vector of class scores at

the end of the CNN architecture, the final output layer would also contain dimensions

(number of classes).

1.

Convolutional Layer: We use a modest window size in the convolution layer that
extends to the input matrix's depth, usually measuring 5 by 5. Learnable window-sized
filters make up the layer. Every time, we compute the dot product of the filter entries
and input values at a particular place after sliding the window by a stride size, which is
usually 1. A 2-Dimensional activation matrix that displays the response of the matrix
at each spatial position will be created as we go with this process. That is, the network
will pick up filters that become active upon detecting a certain kind of visual feature,
such a coloured patch or an edge with a specific orientation.

Pooling Layer: In order to lower the size of the activation matrix and, eventually, the

learnable parameters, we employ a pooling layer. Two categories of pooling exist:

a. Max Pooling: This technique uses a window size, such as a 2*2 window, and only
takes the highest four values. We'll close this window and carry on until we eventually

get an activation matrix that is half the size it was originally.

b. Average Pooling: This method makes use of every Value within a window.

max pooling
20|30
11237
121201 30| O
8 12| 2] 0
34 70| 37| 4 average pooling
112100} 25| 12 \ 13 8

[79] 20

Fig12 Pooling Matrix 32



3. Fully Connected Layer: In a fully connected region, all inputs will be connected to

neurons, however in a convolution layer, neurons are only connected to a small region.

4. Final Output Layer: We will connect the information from the completely
connected layer to the last layer of neurons, whose count equals the total number of
classes, so that it can forecast the likelihood that each image will belong to a different

class.
Layer 1:
CNN Model:

1. First Convolution Layer: The input image has a resolution of 128 x 128 pixels. It is
processed in the first convolutional layer using 32 filter weights (3 x 3 pixels each). This will

produce an image of 126 x 126 pixels, one for each filter-weight.

2. First Pooling Layer: The images are down sampled using max pooling of 2 x 2, meaning we
retain the highest value in the 2 x 2 square of array. Consequently, our image is down sampled to

63 x 63 pixels.

3. Second Convolution Layer: The 63 x 63 from the first pooling layer's output are now used
as an input to the second convolutional layer. They are processed in the second convolutional

layer using 32 filter weights (3 x 3 pixels each). This will produce a 60 x 60 pixel image.

4. Second Pooling Layer: Using a maximum 2 x 2 pool, the final images are down sampled

once more and are lowered to a resolution of 30 x 30.

5. First Densely Connected Layer: The output of the second convolutional layer is reshaped
into an array of 30x30x32 = 28800 values. These images are now fed into a fully connected layer
with 128 neurons. This layer receives an array of 28800 values as input. The second densely
connected layer receives the output from these layers. To prevent overfitting, we use a dropout

layer with a value of 0.5.
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6. Second Densely Connected Layer: A completely connected layer with 96 neurons now

receives its input from the output of the first densely connected layer.

7. Final layer: The number of neurons in the final layer (alphabets plus a blank sign)
corresponds to the number of classes we are classifying. This layer receives its input from the

output of the second densely connected layer.

The Activation Function: Rectified Linear Units, or ReLUs, have been incorporated into every
layer (including fully linked and convolutional neurons). Max(x,0) is determined for every input
pixel by ReLU. This enhances the formula's nonlinearity and facilitates the learning of
increasingly complex features. It assists in solving the vanishing gradient issue and shortens the

computation time, which speeds up training.

Pooling Layer: Using ReLU activation function and a pool size of (2, 2), we apply Max pooling
to the input image. This lowers the number of parameters, which lowers the cost of computing

and lessens overfitting.

Layers of Dropout: The issue of overfitting occurs when, following training, the weights of the
network become so adapted to the training instances that it becomes unresponsive to fresh
examples. By setting them to zero, this layer "drops out" a randomly selected subset of

activations in that layer.

Optimizer: In order to update the model in response to the loss function's output, we used the
Adam optimizer.The adaptive gradient algorithm (ADA GRAD) and root mean square
propagation (RMSProp), two extensions of stochastic gradient descent methods, are combined to

create the Adam optimizer, which combines their benefits.
Layer 2:

In order to get as near to detecting the displayed symbol as possible, we are employing two
layers of algorithms to validate and forecast symbols that are more similar to one another.
During testing, we discovered that the following symbols were not displaying correctly and were

also displaying additional symbols:
1.Rand U for D

2.DandR for U 34



3.T,D, K, and I
4. M and N for S

We therefore created three distinct classifiers for these sets in order to address the

aforementioned cases:

1. {D,R, U}

2.{T,K,D, I}

3. {S, M, N}

Implementing Finger Spelling Sentence Formation:

1. We print the detected letter and append it to the current string whenever the count of that letter

surpasses a given number (in our code, we kept the value at 50 and the difference threshold at

20).

2. If not, we eliminate the current dictionary that contains the number of times the current
symbol has been detected in order to reduce the possibility that the wrong letter would be

predicted.

3. No spaces are recognized if the current buffer is empty or if the count of blank (plain

backdrop) observed exceeds a certain value.

4. In the alternative, a space is printed to indicate that the word is about to end, and the current is

appended to the sentence below.

3.4.4 Code for Simple Model :

Data Collection Code:
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Fig13 Collection Code

The project's required libraries are imported in these lines. HandDetector is a hand tracking
module from the cvzone library, where cv2 is OpenCV. For numerical operations, numpy is
imported as np, and for mathematical functions, math is imported. In this instance, video from
the default camera (index 0) is captured by creating a video capture object (cap). Additionally,
an item called the Hand Detector is created, with a maximum hand count of 1. These lines
create two constants: imgSize, the size of the square image used for hand sign recognition,

and offset, which adds extra space around the hand bounding box.These lines initialise a

counter (counter) to track the number of collected photographs and set up a folder path

(folder) where they will be saved.

pythonProject1

Fig14 Collection Code
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pythonProject1

Figl15 Collection Code

This loop uses cap.read() to take frames from the video feed. It then uses the HandDetector's
findHands function to find hands in the current frame. The hands variable contains the

detected hands.

The function retrieves the bounding box (x, y, w, h) of the first hand detected if any are found.
NumPy is used to build a white image (imgWhite) of size imgSize. This image will serve as
the canvas for painting the resized hand region. The original frame's area of interest
(imgCrop) is taken out using the hand bounding box plus the offset. For visualisation, the

white canvas and the clipped hand region are shown in different windows.

Fig16 Collection Code

There is an additional window displaying the original frame. The number increases and the
white canvas (imgWhite) is saved as a picture in the designated folder with a filename that

contains the current timestamp if the 's' key is pressed.
TEST Code:
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pythonProject1

Figl7 Test Code

The project's required libraries are imported in these lines. OpenCV is represented by cv2,
and the cvzone library contains the HandDetector and Classifier modules for hand tracking
and classification, respectively. For numerical operations, numpy is imported as np, and for

mathematical functions, math is imported.

In this instance, video from the default camera (index 0) is captured by creating a video
capture object (cap). The maximum number of hands that can be constructed for the
HandDetector object (detector) is 1. An already-trained model (keras_model.h5) and the label

file that goes with it (labels.txt) are used to generate the Classifier object (classifier).

These lines define a folder path (folder) where the taken photographs will be saved, a counter
(counter) to tally the number of images captured, and constants (offset, imgSize). The class

labels that are used for classification are listed in the labels list.

Fig18 Test Code
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This loop uses cap.read() to take frames from the video feed. It then uses the HandDetector's
findHands function to find hands in the current frame. The hands variable contains the

detected hands.

The function retrieves the bounding box (x, y, w, h) of the first hand detected if any are found.
After that, it makes a white canvas (imgWhite) and uses the hand bounding box with the

offset added to extract a region of interest (imgCrop) from the original frame.

pythonProject1

Fig19 Test Code

Fig20 Test Code

The code for adjusting aspect ratio and resizing is comparable to that of the previous iteration.
The prediction for the hand sign is obtained by using the getPrediction method from the
Classifier object once the hand region has been resized. The expected label and index are
printed together with the result. The code then uses the hand region and the classification
result to create labels and rectangles on the output image (imgOutput). The photos that have

been processed are shown for visualisation in several windows.
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Code for LSTM Model:

1. Import and Install Dependencies

In [1]: !pip install tensorflow==2.5.@ tensorflow-gpu==2.5.@ opencv-python mediapipe sklearn matplotlib

Requirement already satisfied: tensorflow==2.5.@ in c:\users\dell\anaconda3ilib\site-packages (2.5.8)

Requirement already satisfied: tensorflow-gpu==2.5.9 in c:\users\dell\anaconda3\lib\site-packages (2.5.8)

Requirement already satisfied: opencv-python in c:\users\dell\anaconda3\lib\site-packages (4.8.1.78)

Requirement already satisfied: mediapipe in c:\users\dell\anaconda3\lib\site-packages (©.8.11)

Requirement already satisfied: sklearn in c:\users\dell\anaconda3\lib\site-packages (@.0.post11)

Requirement already satisfied: matplotlib in c:\users\dell\anaconda3\lib\site-packages (3.5.1)

Requirement already satisfied: wheel~=8.35 in c:\users\dell\anaconda3\lib\site-packages (from tensorflow==2.5.8) (©.37.1)
Requirement already satisfied: tensorflow-estimator<2.6.@,»=2.5.8rce in c:\usersidell\anaconda3\lib\site-packages (from tensorf
low==2.5.0) (2.5.0)

Requirement already satisfied: keras-preprocessing~=1.1.2 in c:i\wsersi\dell\anaconda3\lib\site-packages (from tensorflow==2.5.8)
(1.1.2)

Requirement already satisfied: keras-nightly~=2.5.@.dev in c:\users\dell\anaconda3\lib\site-packages (from tensorflow==2.5.8)
(2.5.0.dev2021032900)

Requirement already satisfied: typing-extensions~=3.7.4 in c:\users\dell\anaconda3\lib\site-packages (from tensorflow==2.5.@)
(3.7.4.3)

Requirement already satisfied: flatbuffers~=1.12.8 in c:\users\dell\anaconda3\lib\site-packages (from tensorflow==2.5.0) (1.12)
Requirement already satisfied: termcolor~=1.1.@ in c:\usersidell\anaconda3\lib\site-packages (from tensorflow==2.5.8) (1.1.0)
Requirement already satisfied: astunparse~=1.6.3 in c:\users\dell\anaconda3\lib\site-packages (from tensorflow==2.5.8) (1.6.3)
Requirement already satisfied: gast==0.4.@ in c:\users\dell\anaconda3\lib\site-packages (from tensorflow==2.5.2) (9.4.9)
Requirement already satisfied: grpcio~=1.34.@ in c:\users\dell\anaconda3\lib\site-packages (from tensorflow==2.5.8) (1.34.1)
Requirement already satisfied: numpy~=1.19.2 in c¢:\users\dell\anaconda3ylib\site-packages (from tensorflow==2.5.0) (1.19.5)
Reauirement alreadv satisfied: wraot~=1.12.1 in c:\usersidell\anaconda3\lib\site-packaees (from tensorflow==2.5.8) (1.12.1)

Fig21 LSTM Code

Using Python's pip package management, the programme installs certain versions of
TensorFlow, TensorFlow-GPU, OpenCV-Python, MediaPipe, Scikit-learn, and Matplotlib,
supplying the necessary dependencies for activities including machine learning, computer

vision, and data visualisation

import cv2

import numpy as np

import os

from matplotlib import pyplot as plt
import time

import mediapipe as mp

2. Keypoints using MP Holistic

mp_holistic = mp.solutions.holistic # Holistic model
mp_drawing = mp.solutions.drawing_utils # Drawing utilities

def mediapipe_detection(image, model):
image = cv2.cvtColor(image, cv2.COLOR_BGR2RGB) # COLOR CONVERSION BGR 2 RGB

image.flags.writeable = False # Image is no Llonger writeable
results = model.process(image) # Make prediction
image.flags.writeable = True # Image is now writeable

image = cvi.cvtColor(image, cv2.COLOR_RGB2BGR) # COLOR COVERSION RGB 2 BGR
return image, results

def draw_landmarks(image, results):
mp_drawing.draw_landmarks(image, results.face_landmarks, mp_holistic.FACEMESH_TESSELATION) # Draw face connections
mp_drawing.draw_landmarks(image, results.pose_landmarks, mp_holistic.POSE_CONMECTIONS) # Draw pose connections
mp_drawing.draw_landmarks(image, results.left_hand_landmarks, mp_holistic.HAND CONNECTIONS) # Draw Left hand connections
mp_drawing.draw_landmarks(image, results.right_hand_landmarks, mp_holistic.HAND_CONNECTIONS) # Draw right hand connections

Fig22 LSTM Code
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These lines import the MediaPipe library's holistic model and drawing tools. The holistic
model is represented by the mp holistic object, and mp drawing offers tools for creating

connections and markers.

Using an input image and the holistic model, this function first converts the image to RGB
format (as required by MediaPipe), then uses the model to predict the outcome before
returning the resultant image to its original BGR format. Both the processed image and the

prediction's outcomes are returned by the function.

The function uses the drawing utilities to overlay landmarks and connections on the processed
image for the face, pose, left hand, and right hand; the specific connections to be drawn for
each part are defined by the constants mp holistic. FACEMESH TESSELATION,
mp_holistic. POSE_ CONNECTIONS, and mp_holistic.t HAND CONNECTIONS.

|: def draw_styled landmarks(image, results):

# Draw face connections

mp_drawing.draw_landmarks(image, results.face_landmarks, mp_holistic.FACEMESH_TESSELATION,
mp_drawing.DrawingSpec(color=(80,118,18), thickness=1, circle_radius=1),
mp_drawing.DrawingsSpec(color=(88,256,121), thickness=1, circle_radius=1)
)

# Draw pose connections

mp_drawing.draw_landmarks(image, results.pose_landmarks, mp_holistic.POSE_CONNECTIONS,
mp_drawing.DrawingsSpec(color=(8a,22,18), thickness=2, circle_radius=4),
mp_drawing.DrawingSpec(color=(80,44,121), thickness=2, circle_radius=2)
)

# Draw Left hand connections

mp_drawing.draw_landmarks(image, results.left_hand_landmarks, mp_holistic.HAND_CONNECTIONS,
mp_drawing.DrawingSpec(color=(121,22,76), thickness=2, circle_radius=4),
mp_drawing.DrawingSpec(color=(121,44,250), thickness=2, circle_radius=2)
)

# Draw right hand connections

mp_drawing.draw_landmarks(image, results.right_hand_landmarks, mp_holistic.HAND_COMNECTIONS,
mp_drawing.DrawingSpec(color=(245,117,66), thickness=2, circle_radius=4),
mp_drawing.Drawingspec(color=(245,66,238), thickness=2, circle_radius=2)

)

Fig23 LSTM Code

This function takes the image that has been processed (image) and the predictions made by
the holistic model (results). It overlays stylized landmarks and connections for various body
sections on the image using the mp drawing.draw landmarks function. mp drawing is used
to specify the styling.DrawingSpec instances that let you adjust the circle radius, colour, and

thickness for every kind of connection.

Camera input Code:
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cap = cv2.VideoCapture(@)

# Set mediapipe model

with mp_holistic.Holistic(min_detection_confidence=0.5, min_tracking_confidence=0.5) as holistic:
while cap.isOpened():

# Read feed
ret, frame = cap.read()

# Make detections
image, results = mediapipe_detection(frame, holistic)
print{results)

# Draw Landmarks
draw_styled_landmarks(image, results)

# Show to screen
cv2.imshow( 'OpencV Feed', image)

# Break gracefully
if cv2.waitKey(10) & oxFF == ord('q'):
break
cap.release()
cv2.destroyallWindows ()
LCIass e PP Py CNoON S0 TUT ION_ Das e SOTOTIONOUTpotS=>
<class "medianine.nvthon.solution base.SolutionOutnuts's

Fig24 LSTM Code

In order to record video frames from the default camera (index 0), the line initialises a video
capture object (cap). Here, a holistic model (mp holistic.Holistic) is created using a with
statement. The lowest levels of confidence needed for initial detection and subsequent
tracking are indicated by the min detection confidence and min tracking confidence
parameters, which are both set to 0.5. The video capture (cap) is kept open as long as this
starts a while loop. Using cap.read(), it reads a frame from the video capture inside the loop.
The captured image is contained in the frame, and the return value ret indicates if the frame

was properly read.

In order to process the collected frame using the holistic model (holistic), the
mediapipe_detection function is invoked. It gives back the processed image (image) and the
predictions made by the holistic model (results). landmarks and linkages for the face, posture,
left hand, and right hand are included in the results. For the purpose of analysis or
troubleshooting, the findings are printed. Based on the outcomes of the holistic model, the
draw_styled landmarks function is invoked to overlay styled landmarks and connections on
the image. Use of cv2.imshow displays the processed image in a window called 'OpenCV
Feed'. This looks for a significant news story. The loop ends, the video capture is released,

and OpenCV windows are destroyed if the key hit is 'q".
Once the loop is exited, the video capture is released, and all OpenCV windows are closed.
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In [8]: draw_landmarks(frame, results)

In [9]: plt.imshow(cv2.cvtColor(frame, cv2.COLOR_BGR2RGB))

Out[9]: <matplotlib.image.AxesImage at @x267eab51a3e>

Fig25 LSTM Code

The draw_landmarks function, which is likely a bespoke function that overlays connections
and landmarks on the input frame depending on the output of a pose estimate model, is called
by this line. This line shows the processed frame using Matplotlib. The OpenCV frame's BGR
format is converted to RGB using cv2.cvtColor(frame, ¢cv2.COLOR BGR2RGB), since
Matplotlib requires RGB-formatted images. After that, plt.imshow() receives the RGB frame

that was produced.

Using the CNN Model(Code):

Fig26 (It is used to create a folder for data storage.)
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.path.
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dir

Fig27(a)

interrc

Fig27(b) (It is used to store the images as training and testing data)
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frame

Fig28 (It is used to pre process the image that is taken as input)

string

tkinter tk
PIL Image, ImageTk

hunspell Hunspell

model_frarn

Fig29 (This code helps in providing the interface which takes input from the camera , detects

the signs and provides the suggested words which can come after a particular word.)

3.4.4.1 Tools Used:
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Camera: The main visual input source for hand gesture detection systems is cameras. They
record hand movements in real time, allowing the system to identify and categorise the

movements based on pertinent data extracted.

Keras: Strong technologies for hand gesture recognition projects are TensorFlow and Keras.
Building neural networks is made easier with Keras' high-level API, which makes it easier to
create and train gesture detection models. The underlying computational backend,

TensorFlow, provides scalable and effective performance for processing hand gesture data.

Matplotlib: A Python package for data visualisation is called Matplotlib. It can be used to
visualise the extracted features, such as contour points, edge features, and key points, in hand
gesture recognition applications. This can assist in figuring out possible trends and

comprehending the distribution of the data.

Scikit-learn: For hand gesture detection applications, the scikit-learn library offers an
extensive collection of machine learning techniques. These methods, which are excellent for
classification tasks like gesture recognition, include support vector machines (SVMs), and

neural networks.

Tkinter: Tkinter is a common Python GUI (Graphical User Interface) toolkit that may be
used to create intuitive user interfaces for data visualisation, model interaction, and result

presentation in a variety of machine learning applications.

[27]Hunspell_suggest: It's used to provide appropriate substitutes for each (incorrect) word
entered, and it shows a list of terms that match the current word so the user can choose one to
add to the statement. Both spelling errors are decreased and complicated word prediction is

aided by this.

OpenCV: Projects involving hand gesture detection heavily rely on OpenCV, an open-source
computer vision library. Its extensive feature set makes it an invaluable tool for creating
reliable hand gesture recognition systems by facilitating effective image processing, hand

detection, feature extraction, and gesture categorization.

LSTM: Recurrent neural networks (RNNs) with long short-term memory (LSTM) networks

are especially well-suited for hand gesture identification tasks because of their capacity to
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capture temporal information in sequential data and long-range relationships. The sequences
of hand postures, orientations, and movements that make up hand gestures are intrinsically
dynamic. Becaus