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Abstract. In recent years, gestures have been widely used in many fields. For
example, human-computer interaction, virtual reality, gesture translation, etc. The
reason for its rapid development is due to the emergence of deep learning and
artificial intelligence under today’s society. Due to dynamic gestural interactions,
such large intelligent models are often characterized by many parameters, large
sample size, frequent parameter updates, and high communication volume. Based
on this feature, we propose a cloud-based edge design architecture approach for
gesture recognition based on an improved YOLOVS5 network model optimization
by changing different gestures, background interference, which uses a 21-layer
model for the neural network. With the use of edge intelligence, the computational
accuracy can be improved by 10.6% over the traditional YOLOvVS with a MAP
value of 93.3%. The final recall rate is also improved by 3.6%. The parameter
model is only 43.6% of the original one. This shows the practicality and operability
of using edge computing as a technique in gesture recognition, as well as the small
improvement cost and obvious effect.

Keywords: Edge Intelligence - Gesture Recognition - Neural Networks -
YOLOVS

1 Introduction

With the continuous development of the Internet, people’s living standard has been
improving. Gesture interaction [1-3] began to gradually enter our life. We began to
have higher requirements for smart devices [4], from operating machines with remote
controls; voice recognition [5]; playing games with gamepads. To now, through gestures
can command the device to complete the functions we need to complete, by posing a
variety of postures can make people have an immersive gaming experience.

At the same time, while the terminal device is greatly enhanced, it enables a large
number of services and response requests to be residual at the terminal. This is really
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difficult to load for server cloud servers [6] and the cost is very huge. To make these new
technologies a win-win in terms of cost and experience, we introduced the concept of
edge intelligence, on top of which edge computing is added to solve this problem.

For different response requests generated by terminals, we propose a method to
judge the direction of data processing, and propose a method to dynamically allocate and
process data based on an initial judgment of the complexity of current data processing
during a specific time period with a large number of users, many variables, complex
network conditions, and low resolution efficiency. The simple and easy data are processed
at the edge [7] and then returned directly to the terminal, which can save a lot of resources
and bandwidth consumption in data processing and can lead to a good experience. To
a certain extent, it can also ensure the user’s privacy and improve the stability of the
software without giving a bad experience or even unresponsive errors due to the high
latency of the network or server. As application software becomes richer and more
powerful, the amount of computing required is also increasing. If the traditional cloud
computing method is used, it will lead to the need to constantly upgrade the server
configuration, which is a considerable expense for enterprises. Therefore, it is crucial to
use edge intelligence in this aspect of gesture recognition.

This study focuses on improving YOLOVS by using this as the support model for
this edge computing.

YOLOVS [8-12], is a single-stage target detection algorithm that adds some new
improvement ideas to YOLOvV4 [13], which results in a great performance improvement
in both speed and accuracy. The purpose of improving this model is to maximize the edge
computing capability and provide applications with characteristic capabilities such as
ultra-low latency, high bandwidth, and real-time access [14]; distributed clouds [15-20]
mainly have the following capability features: distributed, low latency, high performance,
safe and reliable, green and energy efficient, and open capabilities. Able to manage
its cloud nodes independently, it can provide more business capabilities than a single
location cloud service.

Edge intelligence [21-23] is defined as an open platform that combines network,
compute, storage, and application core capabilities as a whole to provide services at
the end close to the object or data source, with the goal of providing services on the
side of the data input or endpoint. This is done so that the data is not affected by the
latency issues of the application. In this way, an efficient and cost-saving approach can
be achieved. As shown in Fig. 1, the basic data processing and analysis model for this
project.

Edge computing for gestural interaction systems [24] has the following advantages.
First, it reduces the cost of the server and reduces the bandwidth usage. The series of data
generated during the recognition process will be partially computed at the edge, which
will reduce the process of responding to server requests. Let most of its computation
produce results on the user end device. Second, it is fast and reliable. The process of
sending data waiting for the server response takes a long time and when the server is busy,
there may also be a problem of request failure, which may cause a series of problems
such as packet loss in a complex network environment. Finally, the stability of the system
is enhanced. Malicious accesses are reduced, and the inclusion of edge computing can
effectively reduce malicious attacks [25-29] and prevent most of the problems of wasted
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Fig. 1. Edge Intelligent Data Delivery Model

server resources. It also enhances confidentiality, and some confidential information can
be processed at the edge without server processing, which effectively [30] improves the
security of data.

2 Gesture Interaction Design

2.1 Holistic Approach

According to the requirements, the method design of the gesture recognition system
based on edge computing is proposed, based on the architecture designed according to
three layers: cloud - edge computing node - user terminal.

The server side is mainly responsible for user information management, big data
analysis of recognition results and visual data display, model building, and response
requests for special complex scenarios. The edge side is mainly responsible for collecting
and analyzing the terminal data, and the preliminary analysis performed by the edge side
can lead to the result or need to request the cloud side for further analysis and processing.
And each time the recognition result log is transmitted back to the cloud. The cloud can
analyze the data sent back by the edge layer so as to carry out the analysis of the
recognition model, with the purpose that the recognition data provided to the edge layer
next time can be more accurate, enhance the efficiency of recognition, and realize the
process of continuous optimization of recognition.

2.2 Gesture Interaction Processing

Gesture interaction [31] requires large processor power [32] and storage space for images
and videos, as well as high requirements for network stability. In gesture control, gesture-
operated games, real-time machine translation, and in the interaction process, most
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human communication is not only delivered through language, voice, intonation, facial
expressions, gestures, etc. This time delay often causes many problems, and if in for
a simple gesture, it takes a lot of time to respond, then these applications will lose the
value he originally should have. Resulting in a very poor user experience, or even the
inability to use properly.

In this regard, it seems that interaction is often accompanied by complex computation
as well as reasoning [33-36], and he is different from the previous recognition, which
may be just a picture, and the picture is not like interaction, the picture needs to be
collected and changed in real time. And once the lag occurs, then it will cause a lot
of important information loss, incoherence and a series of problems. To solve these
problems, it needs to have strong hardware and good algorithms as support.

In this problem, a set of cloud-based edge-end model is designed. First, the infor-
mation collected in the terminal is first handed over to the edge end for judgment and
processing, and when the edge end thinks that the task is within the processing capability
of the edge equipment, then the request from the terminal is processed immediately and
the processed information is transmitted back to the terminal in time. When the edge
device checks that this recognition may require more computation or cannot be com-
pleted on the edge device, it forwards the request to the cloud for request response. This
design makes it possible to make the valuable computing resources of the server, fully
utilized.

Based on this design, more user requests will be completed at the edge for response,
greatly improving efficiency. It also saves valuable bandwidth resources and reduces
latency. There is also an improvement in security. These interactive devices, often collect
a large amount of user information, and edge intelligence is deployed and trained on this
side closer to the user, which can effectively reduce data hijacking [37, 38], tampering,
and other problems caused by data during network transmission. The specific design is
shown in Fig. 2.

e -_—

- | Edge
A T R N ?
[} extracts Mathii Get the
1 —pl ng _pl \
pr | features | model | result : )
4 I__points _, ISR 1 o ___1 y
[
\ et L 4
N | Image pre- <

YOLOVS sign
Language
Database

< | segmentati :

on
"\ |_processing |
A

N

Cloud

o e response
{ —_———t ey terminal
Image input i 1 Edge 1
| Intelligenc |
258 | e | = a2
b | 1_judgment _ _show_ _ : =
Can be processed at the edge f 1
| ;— s ;— ————— a3 ;— ] 1
[ Image | e ! ! )
[ 1 ti b »l —pl Getthe 1
1 1 1
! 1

Fig. 2. Gesture recognition framework
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The image is first input from the end device, uploaded to the edge device, and pre-
analyzed on the edge device. If the initial analysis is relatively simple, it can be sent to
the server at the edge for processing and response to execute the trained and optimized
YOLOVS, and uploaded to the server when the analysis of that image may require a
larger amount of operations or when the resources of the edge device cannot be satisfied.
This is because the server [39] has a richer database and analysis model. Ultimately it
is the edge server that responds to the data directly to the user. This design makes more
rational use of valuable server resources, speeds up the response [40] time and requests
of the whole system, and reduces to some extent the resource overhead of the server and
the risk of server downtime caused by illegally conducted malicious attacks.

3 Intelligent Processing Solutions at the Edge

3.1 YOLOVS Algorithm

In June 2020, the first version of the algorithm YOLOVS was officially released, and
its release has caused extensive research, discussion, and use in the field of computer
vision. Unlike previous versions of the YOLO model, YOLOVS is actually a model family
containing four models (YOLOv5s, YOLOvS5m, YOLOVS5I, and YOLOV5x), including
three main components, as shown in Fig. 3

|| cBs

Fig. 3. Original YOLOVS network structure
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Backbone
The convolutional neural network that aggregates and extracts image features on different
subcategories of images, including the Focus structure and the CSP structure.

Neck
Using the FPN 4 PAN structure, the network layer of blended image features is used to
pass the feature images of relevant targets to the prediction layer.

Head

Has multiple prediction scales to perform target prediction on images, generate target
bounding boxes and predict relevant classes. Among them, YOLOVS5s is the smallest
model in the YOLOVS series, but it is still resource-consuming in some cases where the
environment is complex and has more elements. For edge devices, the model size and
computation are overwhelming, and in addition to that, memory reads and writes and
loading large scale models will incur a huge additional overhead. This algorithm can be
run on the server side with high performance. For edge-side devices with limited comput-
ing [41] power. Based on this algorithm, this paper proposes a faster detection algorithm
based on a more lightweight approach to reduce resource overhead and improve effi-
ciency [42] without sacrificing accuracy as much as possible. The efficiency of the model
is better balanced with the availability.

3.2 Improved YOLOVS Algorithm

In order to improve the accuracy as well as the performance of the gesture image detection
algorithm for this situation. In this paper, the following improvements are made to
YOLOVS.

Introduce a cooperative attention mechanism in the network. The reason for intro-
ducing this mechanism is to, divide the recognized images into different weight layers
so that more useful features can be extracted and other distracting factors, such as extra-
neous factors of the environment, can reduce the interference with the originally main
recognized objects.

A layer of complex target detection is added to the original three detection layers
of different scales. It is dedicated to the corresponding recognition [43] of those images
that are not recognized accurately.

At the output side, a boundary loss function is introduced to improve the problem of
loss function in the original network [44].

3.3 Coordinate Attention

A Coordinate Attention block can all be considered as a computational unit with the
purpose of enhancing feature representation in Mobile Network. He can take any
intermediate feature tensor:

X =[x1,x3...,x.] € ROH>xw (1)
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As input and by transforming the output with the same size as the tensor and with
enhanced representation:

Y =[y.y2... 5] 2

In order to describe CA attention more clearly, the SE block is discussed here first.
Structurally, it is possible to divide the SE block into 2 steps Squeeze and Excitation,
which are used for the input of global information and the adaptive Re-weight of the
channel relationship, respectively. Conditional on the input X, the squeeze step of the
cth channel can be expressed as:

1 H w
YT Hew > ijl Xe(i j) 3)

where z. is the output associated with the cth channel.

The input X comes from a convolutional layer with a fixed kernel size. The purpose
of Excitation is to completely capture the dependencies between channels, which can
be expressed as:

X=X-0() )

Coordinate Attention encodes channel relationships and long-term dependencies by
precise location information, which is divided into two steps: Coordinate information
embedding and Coordinate Attention generation, as shown in Fig. 4.
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Fig. 4. Structure of the Coordinate Attention mechanism

Coordinate information embedding [6, 45], the global pooling approach is commonly
used for global encoding of spatial information for channel attention encoding, but it
makes it difficult to preserve location information because it compresses global spatial
information into channel descriptors. To motivate the attention module to capture remote
spatial interactions with precise location information, this paper decomposes the global
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pooling into a pair of one-dimensional feature encoding operations according to the
following equation:

1 H w
oW it Dy i ©)

Specifically, given the input X, each channel is first encoded along the horizontal
and vertical coordinates using a pooling kernel of size (H, 1) or (1, W), respectively.
Thus, the output of the cth channel with height h can be expressed as:

Ze =

1
h _ .
ZOES"DINEACN) (6)
Similarly, it can be shown that the output of channel ¢ with width w can be written
as:
Z'(w) = L E xe(j, w) (N
T H f0sj<w Y

The last is Coordinate Attention generation, after the transformations in the
information embedding, this part performs the concatenate operation on the above
transformations and then uses the convolutional transform function to transform them.

ELGUER) ®)
¢" = o (Fy(f™) 9)
g =a(Fu(f™) (10)

Finally, the output Y of the Coordinate Attention Block can be written as:

el j) = xc(, ) x g7G) x g2 () (11)

3.4 Improved Overall Network Model

An improved overall network modelSeveral additional corresponding feature extraction
layers are also added, that is, after the 17th layer of the network, continue to use the C3
model block and CONV module for feature extraction, and feature sampling in the 20th
layer to further expand it. In the 21st layer, the sampled feature map of size 640%640 is
fused with the feature map obtained from the second layer in the extraction network to
obtain the detection of complex gestures.

4 Experimental Environment and Experimental Data

4.1 Training of Models

All experiments in this paper are executed under Windows 10 operating system, with
AMD Ryzen 5 4600H processor; 16G memory and NVIDA GeForce GTX 1650 graphics
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card. This paper is based on the deep learning framework PyTorch1.10, and the built
environment includes Anaconda3.0, python3.7, and CUDA11.1.1.

In this paper, precision, recall, and mean average precision metrics are used to syn-
thesize the effect of improving the model, and the specific calculation methods of each
metric are as follows.

TP
Pre = ——— 12)
TP + FP
TP
Re= —— (13)
TP + FN
k
_1AP;
MAP = % (14)

In the above equation, Pre denotes the precision of recognition [44], Re denotes the
recall rate, and MAP denotes the mean average precision. In this experimental design, the
average precision with a threshold of 0.5 is used as a measure, APi denotes the average
precision of the ith category, TP denotes the number of positive samples predicted by
positive samples, FP denotes the number of positive samples predicted by negative
samples, FN denotes the number of positive samples predicted by negative samples, and
k denotes the number of categories in the experiment. Comparing with the training data
of the original YOLOVS algorithm, we can see that the improved YOLOVS algorithm
has improved the MAP, precision, and recall in comparison with the original one. The
MAP value is 93.3%, and the final recall rate is 87.3%, up from 83.7%, an improvement
of 3.6%. The memory occupied by the model decreased from 7.8 MB to 3.4 MB. The
experiment shows that all the metrics have improved and are better than the original
YOLOVS’s algorithm. And after 60 rounds, these metrics are basically converged, which
proves the effectiveness of this algorithm. As shown in Figs. 5, 6 and 7.
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4.2 Comparison of Different Algorithms

In order to be able to show that the algorithm in this paper outperforms other algorithms,
we use the same data set, on the same configuration of computers, with the same setup.
They were trained with as few extraneous variables as possible to influence the envi-
ronment, and the final results are shown in Fig. The control algorithm is YOLOv4 and
SSD, which are commonly used for detection and target recognition. 4.8% accuracy
improvement compared to the original YOLOvV4, 83% of the original computation time,
and only 5.1% of the original model size can be seen that the improved algorithm is still
better than other [46] algorithms in general and has a better prospect for edge devices.
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Table 1. Comparison of detection performance of each model

Algorithm MAP Recall/% Times/s Params/MB
SSD 86.3 77.9 0.0617 26.15
YOLOv4 88.2 81.6 0.01 61.58
Refine YOLOVS 92.5 87.9 0.00083 3.14

5 Conclusion

In this paper, we propose an improved YOLOvVS gesture recognition method for edge
computing, which targets the problem of complex neural networks running on edge
terminal devices with insufficient computing power. Improvements to YOLOvVS are made
from the introduction of Coordinate Attention and the introduction of a feature detection
layer. The feasibility is experimentally verified and the accuracy as well as efficiency is
balanced to reduce the performance requirements, as well as the resource consumption.

In future practical engineering applications. The gesture recognition model should be
dynamically adjusted to the actual scenario. When the gesture is not particularly complex
and there is not much interference from external factors, the number of detection layers
should be appropriately reduced to reduce the size of the model; or the number of
detection layers can be appropriately increased to make the gesture recognition more
accurate if the performance of the edge-end device is detected to be high.

This study is an experimental use case for gesture recognition, and the accuracy and
effectiveness of the improved algorithm are verified. It also proposes a feasible research
solution for the study of computer vision tasks under edge computing.
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