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Abstract

Gesture recognition is an important and inevitable technology in modern times, its appearance and improvement greatly
improve the convenience of people's lives, but also enrich people's lives. It has a wide range of applications in various fields.
In daily life, it can carry out human-computer interaction and the use of smart home. In terms of medical treatment, it can
help patients to recover and assist doctors to carry out experiments. In terms of entertainment, it allows users to interact with
the game in an immersive manner. This paper chooses three technologies that deep learning plays a more prominent role in
gesture recognition, namely CNNs, LSTM and transfer learning based on deep learning. They each have their own

advantages and disadvantages. Because of the different principles of use, different techniques have different roles, such as
CNNs can carry out feature extraction, LSTM can deal with long time series, transfer learning can transfer what is learned
from another task to this task. Select different practical technologies according to different application scenarios and make
improvements in real time in practical applications. Gesture recognition based on deep learning has the advantages of good
accuracy, robustness, and real-time implementation, but it also bears the disadvantages of huge economic and time costs and
high hardware requirements. Despite some challenges, researchers continue to optimize and improve the technology, and
believe that in the future, gesture recognition technology will be more mature and valuable.
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1. Gesture Recognition

Gesture recognition is a process of converting human
hand or body movements into understandable commands or
interactive signals through computer vision and machine
learning techniques [1, 2]. Gestures include human hand and
body movements, and even facial movements. Gesture
recognition technology can be applied in many fields, such
as human-computer interaction, virtual reality, healthcare,
and smart homes.

1.1 Human-computer interaction

Gesture recognition can be used as a natural and
intuitive way of human-computer interaction [3-5], so that
people can control computers or other devices through
gestures [6, 7]. Gesture recognition can replace traditional
input devices such as mouse [8] and keyboard, providing a
more flexible and intuitive interactive experience, so that
people can interact with computers more freely. For example,
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through gestures, you can control the operation of the
computer, browse the web, play music [9] and so on.

1.2 Virtual reality

Gesture recognition can be used in the field of virtual
reality with important application value [10-12], enabling
users to operate the virtual environment or interact with
virtual objects through gestures [13, 14]. For example, in
virtual reality games [15, 16], users can control the actions of
game characters through gestures, improving the sense of
realism and interaction of the game, so that users are more
immersed in the game.

1.3 Health care

Gesture recognition is also widely used in the field of
health care, for rehabilitation training [17, 18], surgical
assistance and patient monitoring [19]. For example, gesture
recognition can be used in rehabilitation training to help
rehabilitated patients with physical recovery therapy of
movement. In addition, gesture recognition can also be used
in surgical navigation and medical operations such as
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assisting doctors in surgery, which can improve the accuracy
and safety of surgery.

1.4 Smart home

Gesture recognition can be used in smart home systems,
allowing users to control home devices [20] and systems
through gestures, such as adjusting lighting, temperature and
volume, etc., improving the intelligence and convenience of
furniture [21, 22].

In general, the purpose of gesture recognition is to
achieve a natural, intuitive and intelligent way of computer
interaction, providing better interactive experience and
application value in different fields. With the continuous
progress of computer hardware and algorithms, the real-time
performance of gesture recognition has been significantly
improved. Modern computer algorithms and hardware
acceleration technology enable gesture recognition to be
identified and tracked at high speed in real-time scenarios,
meeting the needs of practical applications. It is believed that
gesture recognition will also show its potential and
application value in more fields. Some application fields and
corresponding examples are collected in Table 1.

Table 1. Applications of gesture recognition

Application field Example(s)
Control the operation of the

computer, browse the web,

Human-computer

interaction play music through
gestures
. . trol the acti f
Virtual reality Control the actions of game

characters through gestures
(i) Help rehabilitated

patients with physical
recovery therapy
(il)) Assist doctors in

surgery
Control home devices and
systems through gestures

Health care

Smart home

This paper starts with the introduction of basic gesture
recognition, and then expounds the deep learning techniques
for gesture recognition, including CNNs, LSTM and transfer
learning. Then this paper focuses on the general working
steps of gesture recognition, from data collection to model
optimization, but different problems require different
solutions, and specific working steps should be selected
according to the actual situation. Finally, this paper studies
the advantages and disadvantages of gesture recognition
based on deep learning and looks forward to its broad future
development prospects. It is believed that with the
continuous progress and improvement of technology, gesture
recognition will be applied to more fields.

2. Deep Learning for Gesture
Recognition

Gesture recognition based on deep learning has made
remarkable progress in recent years. The emergence of deep
learning models [23-25] has greatly improved the accuracy
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and robustness of gesture recognition. At present, gesture
recognition based on deep learning mainly uses
convolutional neural networks (CNNs) [26] and long short-
term memory network (LSTM) for feature extraction and
classification. These models can automatically learn the
features of gesture images and action sequences, and train
and optimize the model through training data.

In general, gesture recognition based on deep learning
continues to evolve in algorithms and techniques, making
significant progress. With the improvement of hardware
devices and computing power, as well as the increasing
demand for gesture recognition applications, deep learning
gesture recognition technology is expected to play a greater
role in practical applications.

2.2 Convolutional Neural Networks
(CNNs)

CNNs are deep learning models that are particularly
suitable for image processing and play an important role in
gesture recognition [27-29]. CNNs can be used to extract
features from gesture images. Through multi-layer
convolution and pooling operation, CNNs can automatically
learn the spatial structure and local features of gesture images,
to realize gesture classification and recognition. CNNs have
the following characteristics.

1. Feature extraction: CNNs can automatically
extract features [30] from images through convolution layer
and pooling layer, which are of great significance for gesture
recognition [31]. These features can be the edge, texture,
shape and other features of gesture images, which can
effectively represent the key information of gestures. By
learning these features, CNNs can transform gesture images
into high-dimensional feature vectors, to realize effective
representation and recognition of gestures, and provide a
basis for subsequent classification and recognition tasks [32].

2. Hierarchical representation: CNNs can gradually
build hierarchical representation of images through multi-
layer convolution and pooling operations. This hierarchical
representation can help CNNs capture features of different
levels in the image, from low-level edges and textures to
high-level shapes and structures, to better represent the
structure and content of gesture images and improve the
accuracy of gesture recognition [33-35].

3. Weight sharing: The convolutional layer in CNNs
uses a weight sharing mechanism [36], which means that the
same set of weights are used when the convolutional kernel
slides across the entire image [37]. This kind of weight
sharing can greatly reduce the number of model parameters
and improve the training efficiency of the model. For gesture
recognition tasks, weight sharing can better capture local
features in the image and is very useful for local shape and
texture extraction in gesture recognition.

4. Translation invariance: CNNs have certain
translation invariance [38], which means that even if the
gesture is translated in the image, CNNs can still recognize
the same gesture. This nature makes CNNs more robust in
handling gesture recognition tasks and able to cope with
changes in the position of gestures in the image. The
characteristics and advantages of CNNs are summarized
below in Figure 1.
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Realize effective representation and recognition of gestures

Feature extraction
Provide a basis for subsequent classification and
recognition tasks

Improve the accuracy
Hierarchical
representation

o Better represent the structure and content of gestures
s

Reduce the number of model parameters and improve the
training efficiency of the model

‘Weight sharing
Be very useful for local shape and texture extraction
Translation Be more robust and able to cope with changes in the
invariance position of gestures

Figure 1. The characteristics and advantages of
CNNs

To sum up, CNNs play an important role in gesture
recognition, providing powerful modeling capabilities and
recognition performance for gesture recognition tasks
through features extraction, hierarchical representation,
weight sharing, translation invariance and other features.
Gesture recognition based on CNNs is a very promising
technology, which can be widely used in many fields.

2.2 Long Short-Term Memory Network
(LSTM™)

Recurrent neural network (RNN) is a deep learning
model suitable for sequential data processing [39]. In gesture
recognition, RNN can be used to process gesture sequence
data, such as the time series of gestures. Through the
structure of the loop, RNN can capture the timing
information in the gesture sequence, to realize the continuous
recognition and tracking of gestures. LSTM is a special type
of RNN, which can deal with long sequence data effectively
[40] and can solve the problem of gradient disappearance and
gradient explosion in traditional RNN. In gesture recognition,
LSTM can be used to process long gesture sequences and
improve the modeling ability of time sequence information
[41].

By introducing a gating mechanism to control the flow
of information, LSTM can effectively process long sequence
data [42]. It contains a memory cell [43] that can store and
read information and control the flow of information through
a gate unit [44]. Gating units include input gates, forget gates,
and output gates, which learn parameters to decide whether
to allow information to flow in, out, or remain unchanged.
The composition of LSTM is shown in Figure 2.
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Memory cells

LSTM Input gates

Gate units Output gates

Forget gates

Figure 2. The composition of LSTM

The main functions in gesture recognition are as follows:

1. Process time series data: Gesture recognition
involves time series data, that is, the changes of gestures at
different points in time. LSTM can process time sequence
data effectively [45] and can capture the change rule of
gesture in time dimension through its internal memory unit
and gating mechanism. This enables LSTM to better model
and understand the timing features of gestures in gesture
recognition tasks.

2. Long-term dependence on modeling: In gesture
recognition, some gesture features may be observed over a
longer time. Traditional RNN are prone to gradient
disappearance or gradient explosion when faced with long-
term dependence problems. However, LSTM can effectively
deal with the long-term dependency problem through its
gating mechanism, especially the forgetting gate and the
input gate, so that the model can better capture the long-term
dependency in the gesture sequence [46].

3. Model context information: Gestures in gesture
recognition are often interrelated, and the action of the
previous gesture may affect the action of the subsequent
gesture. Through its memory unit and gating mechanism,
LSTM can effectively model the context information and
pass the information of the previous gesture to the subsequent
gesture. This enables LSTM to better understand the context
in gesture sequences and improve the accuracy of gesture
recognition. Some advantages and their functions are shown
in Table 2.

Table 2. The description of LSTM

Advantage Function(s)
Better model and

understand the timing

Process time series data

features
Long-term dependence on  Better capture the long-term
modeling dependency

(1) Better understand the
context in gesture
sequences
(ii)) Improve the accuracy

Model context
information

In gesture recognition, LSTM can receive gesture
sequence as input and establish the mapping relationship
between gesture and corresponding action through learning.
LSTM can effectively capture the timing information in
gesture sequences, and store important information through
memory units for processing longer gesture sequences and
improve the modeling ability of the model for timing

EAI Endorsed Transactions on
e-Learning
| Volume 10 | 2024 |



M. Wu

information. In conclusion, LSTM plays an important role in
gesture recognition.

2.3 Transfer Learning for Deep Learning
Models

Transfer learning for deep learning models [47] is the
technique of transferring knowledge learned on one task to
another related task [48, 49]. In gesture recognition, transfer
learning can improve the accuracy and generalization of the
model by pre-training the model on a large-scale data set and
then fine-tuning it on a smaller one [50]. Specifically, the first
several layers of the existing image recognition model can be
used as feature extractors, and the gesture recognition data
set can be input into these layers to obtain the corresponding
feature representation. Some additional layers can then be
added for training on gesture recognition tasks. Since the
existing model has learned some general feature
representations in other tasks, these feature representations
are also helpful for gesture recognition tasks, which can
speed up the convergence rate and improve the accuracy of
the model [51]. The working steps of transfer learning is
shown in Figure 3.

Feature extractors

The first several
layers of the The corresponding
existing image feature representation
recognition model

The gesture recognition data set

Some additional
layers

Figure 3. The working steps of transfer learning

Transfer learning can also solve the problem of
small gesture recognition datasets. Due to the high
acquisition cost of gesture recognition datasets, there is
often only a limited amount of data available for
training. In this case, the use of transfer learning can
leverage large-scale data sets of existing tasks to extract
common features, so that training can still be effective
in the case of small samples [52, 53].

In short, transfer learning can speed up model
training and improve accuracy in gesture recognition,
especially in the case of small data sets. So that gesture
recognition models can better adapt to the
characteristics of different gesture data sets.

These deep learning techniques play an important
role in gesture recognition, improving the accuracy and
robustness of gesture recognition [54]. With the
continuous development of deep learning technology,
we can also expect more innovative deep learning
models to be applied to gesture recognition.

3. Gesture Recognition Steps via Deep
Learning

Deep learning-based gesture recognition is a technology
that uses deep learning algorithms to recognize human
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gestures, which can automatically recognize and understand
the role and intent of human gestures by capturing ethical
images or video data through cameras or other sensors [55].
Gesture recognition based on deep learning typically
involves the following steps:

1.  Data collection: Use cameras [56] or other sensors
to collect gesture data sets [57, 58], including images or
videos of different gestures. The dataset should contain
enough samples to represent a variety of gesture gestures and
different environmental conditions.

2. Data preprocessing: The collected gesture data is
pre-processed to improve the performance of the model.
Common pre-processing steps include image or video scaling,
cropping, grayscale, normalization, etc.

3. Build a deep learning model: Select an appropriate
deep learning model architecture, such as CNNs or RNN, and
design and adjust the model according to the characteristics
of the data set. Using the model to extract the features of
gesture data [59], for example, CNNs can extract the texture
and shape features of the image.

4. Model training: Use marked gesture data sets to
train deep learning models. In the training process, the weight
and parameters of the model are adjusted by backpropagation
algorithm and optimization algorithm, so that the model can
accurately recognize gestures. After the result of the gesture
is obtained, the result is identified and classified.

5. Model optimization: According to the training
results, the model is optimized, such as adjusting the
hyperparameters of the model, adding training data, using
data enhancement technology, etc., to further improve the
performance of the model [60, 61]. These steps are shown in
Figure 4.

Data Data Build aldcep — _—
llecti . — learning — e > Lt
il = model training optimization

Figure 4. Steps of gesture recognition

It should be noted that the above steps are only the
general process of gesture recognition, and the specific
implementation methods and technical details may vary
depending on project requirements and data set
characteristics.

4. The Advantages of Gesture
Recognition via Deep Learning

Compared with traditional gesture recognition methods,
gesture recognition based on deep learning has the following
advantages:

a) High accuracy: Deep learning models can be
trained with a large amount of training data to improve the
accuracy of gesture recognition. Deep learning models can
learn more complex features and patterns to better
distinguish between different gestures.

b) Robustness: Deep learning models have strong
robustness to factors such as light changes and background
interference. Deep learning models can learn abstract feature
representations to reduce their dependence on concrete

environments.
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c¢) Scalability: Deep learning models can improve
gesture recognition performance by adding training data and
adjusting network structure. At the same time, deep learning
models can be combined with other deep learning techniques,
such as object detection, pose estimation, etc., to improve the
ability of gesture recognition. With the introduction of more
data and more complex network structures, the performance
of gesture recognition can continue to improve [62, 63].

d) Real-time [64]: The deep learning model can
recognize gestures in a short period of time through high-
performance hardware acceleration and optimization
algorithms to realize real-time gesture recognition
applications. This is very important for some application
scenarios that require fast response, such as virtual reality,
smart homes, and so on.

e) End-to-end learning [65]: Traditional gesture
recognition methods often require manual design of feature
extractors and classifiers. Gesture recognition based on deep
learning can learn features and classifiers directly from the
original image data through end-to-end training, avoiding the
tedious process of manually designing features.

f)  Portability: Deep learning models can be applied
to different gesture recognition tasks through transfer
learning. By training a good model on one task, it can be fine-
tuned on another related task, thus speeding up model
training and improving model performance. Table 3 shows
the collected advantages of gesture recognition.

Table 3. The description of advantages of gesture

recognition
Advantage Specific description
High accuracy Train a large amount of data
R
Robustness educe depepdence on
concrete environments.
Scalability Add training data and adjust
network structure
Use high-performance
Real-time hardware acceleration and

optimize algorithms
Learn features and
classifiers directly from the
original image data
Use transfer learning

End-to-end learning

Portability

5.The Disadvantages of Gesture
Recognition via Deep Learning

Although gesture recognition based on deep learning
has advantages that are not comparable to other methods, it
also has some disadvantages:

a) Large and demanding data: Deep learning models
require a large amount of labeled data for training, especially
for complex gesture recognition tasks, requiring more data to
be able to accurately recognize gestures. Collecting and
labeling large amounts of gesture data is a time-consuming
and expensive task. Meanwhile, deep learning models have

high requirements for the quality and accuracy of input data.
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If the input data is noisy or distorted, the recognition
performance may be degraded.

b) Long training time: The training of deep learning
models usually requires a lot of computing resources and
time. Training an accurate gesture recognition model can
take hours or even days, which increases the time cost of
developing and deploying a gesture recognition system.

c¢) High hardware requirements: The training and
inference of deep learning models usually require high-
performance hardware, such as GPU. For real-time gesture
recognition applications, high-performance hardware
devices are required to meet the computing requirements,
which limits the ability to perform real-time gesture
recognition on low-end devices.

d) Difficult to explain: Deep learning models are
often considered black box models [66], and it is difficult to
explain how the model makes recognition decisions. This
makes it difficult to understand errors in the model and
improve recognition accuracy. Disadvantages of gesture

recognition are shown in Figure 5.

Disadvantages

Be difficult 1o

Be time-consuming High understand errors
and expensive and el e bardware  Difficult to in the model and
degrade recognition cooenibiy el og uireme  explain improve
i data time £ R o
performance nts recognition

aceuracy

[~

Increase the time o] .
S Limit the ability to

perform real-time
gesture recognition
on low-end devices

cost of developing
and deploy a
gesture recognition
system

Figure 5. The disadvantages of gesture recognition

To address these issues, the researchers have proposed
approaches such as data enhancement, transfer learning, and
semi-supervised learning to reduce the need for labeled data.
In addition, gesture recognition based on deep learning faces
some challenges [67]. For example, the diversity and
complexity of gestures make the model need to have strong
generalization ability. The real-time requirement makes the
model need to recognize and track efficiently in a short time.
For the recognition of continuous action, the model needs to
have a certain time series modeling ability. To address these
challenges, the researchers propose many improved
approaches. For example, the introduction of attention
mechanisms to focus on important areas in gesture images,
combine sensor data such as inertial measurement unit and
image data for multi-modal gesture recognition. Then,
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reinforcement learning method is used to optimize the

performance of gesture recognition.

6. Conclusion

Gesture recognition based on deep learning has made
remarkable progress in recent years. Gesture recognition is a
technology that identifies human intentions by analyzing and
understanding human actions represented by gestures. It has
broad prospects and is widely used in many fields such as
virtual reality and human-computer interaction. There are
many deep learning techniques, in the field of gesture
recognition, the typical ones are CNNs and LSTM and
transfer learning. As one of the most important technologies
in modern times, CNNs have broad application prospects in
various fields, including gesture recognition. It uses
convolution layer, pooling layer and full connection layer to
extract and classify image features and completes the task of
gesture recognition well. Gesture recognition requires the use
of cameras or sensors to collect data, so attention to these
external devices is also indispensable. Each technology has
its own advantages, but also has its own shortcomings, we
believe that with the continuous progress and development
of technology, deep learning technology in gesture
recognition application will be more, the performance will be
better.
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