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Abstract: Recently, low-latency services for large-capacity data have been studied given the develop-
ment of edge servers and wireless mesh networks. The 3D data provided for augmented reality (AR)
services have a larger capacity than general 2D data. In the conventional WebAR method, a variety
of data such as HTML, JavaScript, and service data are downloaded when they are first connected.
The method employed to fetch all AR data when the client connects for the first time causes initial
latency. In this study, we proposed a prefetching method for low-latency AR services. Markov
model-based prediction via the partial matching (PPM) algorithm was applied for the proposed
method. Prefetched AR data were predicted during AR services. An experiment was conducted at the
Nowon Career Center for Youth and Future in Seoul, Republic of Korea from 1 June 2022 to 31 August
2022, and a total of 350 access data points were collected over three months; the prefetching method
reduced the average total latency of the client by 81.5% compared to the conventional method.

Keywords: wireless mesh network; edge server; augmented reality; prefetching

1. Introduction

Studies have been conducted on augmented reality (AR) services in web browsers
such as the WebXR Device API (Web eXtended Reality Device Application Programming
Interface) [1], AR.js [2], and Three.js [3]. Users can access AR services through the web
browser on their smartphone without installing a separate application; this helps improve
user accessibility [4]. However, there are limitations in that users must always be connected
to the services [5], and fetching causes delays when using an AR service [6].

The Institute of Electrical and Electronics Engineers (IEEE) has defined a standard
called 802.11s, which is related to the mesh for a wireless mesh network (WMN). 802.11s
conducts traffic forwarding via 802.11ac [7–10]. Internet wireless fidelity (Wi-Fi) can be
provided without a shadow area throughout the service area that provides the AR service.
Web data are saved on an edge server with a short physical distance hop. The client fetches
the saved web data, which helps reduce latency. When downloading AR data, the edge
server communicates with the client without a wide area network (WAN), and therefore, it
is not affected by WAN latency [11,12]. Further, it reduces the latency required to access
the server and operates at a stable and constant speed. The AR data can be downloaded
relatively quickly [13]; however, if there is a considerable amount of high-capacity AR data,
latency can still occur [14].

This study attempted to reduce user latency in AR services. To this end, we proposed a
prefetching method that uses the Markov model. The Markov model enables predictions via
the partial matching algorithm used for prefetching [15]. The proposed method considers
the priority of each AR dataset to reduce latency, and it allows the prediction of the AR data
that the user will request next. According to the proposed method, AR data are sequentially
downloaded [16]. In this study, the following experiments were conducted: (1) The latency
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was measured according to the use of an edge server; (2) a comparative analysis of network
traffic was performed; (3) the hit ratio and latency for each request, user, and data in the
time order were measured; and (4) the waste ratio results for each user were calculated.

The remainder of this paper is organized as follows: Section 2 explains the background
theory. Section 3 describes the proposed methods. Section 4 presents the experimental
environment, evaluation method, and results. Finally, Section 5 presents the conclusions,
limitations, and future research directions.

2. Background Theory
2.1. WebAR Service

AR allows the seamless integration of virtual data with the real world to provide
users with sensory experiences that transcend reality [14,17]. AR is built and provided as a
mobile application; AR data are pre-stored inside a client terminal and serviced [18–20].
The WebAR service starts downloading AR data when a webpage is accessed; therefore,
this service does not require separate application installations compared to those required
by native AR applications. Currently, the representative technologies include WebXR
Device API, AR.js, and Three.js [21]. Several studies have focused on WebAR. For example,
Qiao [14] conducted a study on a mechanism for the implementation of WebAR on mobile
devices and presented various approaches to implement Web AR. Rodrigues [22] conducted
a study using WebAR to use several types of media as AR objects.

2.2. Wireless Mesh Network

A WMN is a communication network that comprises a mesh router and mesh client;
it provides broadband internet access, wireless local area network (LAN) coverage, and
network connectivity to both mobile and stationary nodes. The WMN is the most efficient
wireless technology compared to general networks such as ad hoc sensor networks [23].
Further, wireless 802.11 mesh networks have the advantages of low cost, easy and incre-
mental deployment, and fault tolerance [24,25]. A WMN can be reconfigured dynamically.
The nodes can automatically establish and maintain mesh connections internally, and it has
advantages such as improved stability [26]. Thus far, various studies have been conducted
on WMNs. For example, Benyamina [27] conducted a study to improve the performance of
a WMN network design, and Akyildiz et al. [28] studied the protocol for a WMN. Figure 1
shows the wireless mesh network topology.
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Figure 1. Wireless mesh network topology.

2.3. Edge Server

An edge server is a server on the edges of the network [29]; it is located where the
corresponding function is required and distributed processing is performed [30]. The edge
server performs compute offloading, data storage, caching, and processing. Further, it
distributes request and delivery services from the cloud to the user [31].
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Figure 2a shows the network distance between the client and cloud server, and
Figure 2b shows the network distance between the client and edge server. The physi-
cal distance between the edge server and client is shorter than that between the cloud
server and client. The edge server simplifies the network structure, and the time required
to send and receive data is short [32]. The edge servers in the LAN layer can communicate
data with clients in a stable manner. In the case of a cloud server, the data are transmitted
from the client to the destination server via a metropolitan area network (MAN) and WAN.
Latency such as bottlenecks and intermediate node systems can occur depending on the
amount of data transmission [33]. Sukhman [34] conducted research on 5G, edge caching,
and computing. Edge caching has been studied in the existing literature to minimize latency
and load.
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2.4. Prefetching

Caching and prefetching methods have been proposed for the prediction of data usage
patterns and to fetch data from a location close to the user in advance. The caching method
sends cached data through a proxy server; this saves frequently requested data closer to the
user, and it aims to reduce bandwidth consumption, network congestion, and traffic [15].
This caching method causes a bottleneck in the origin server with an increase in the number
of users. This method becomes less efficient because of the limited system resources of the
cache server. Prefetching was proposed to solve this caching problem [35]. The prefetching
method solves bottlenecks and traffic jams, and it allows the faster transmission of data.
A proxy can effectively handle more user requests than caching, and it can help reduce
the load on the origin server. However, one disadvantage of the prefetching method is
that prefetched data may not be requested by the user. To solve this problem, a high-
accuracy prediction model needs to be used [36]. Domènech et al. [35] conducted a study
on indices-related prediction, resource usage, and latency evaluation related to prefetching.

3. Proposed Method
3.1. AR Prefetching

We proposed a prefetching method which partitions data. Excessive traffic occurs
during the first connection if a user downloads all the AR data simultaneously. Excessive
traffic increases network traffic, and latency increases owing to limited network band-
width [37]. The latency of other users increases because of the increase in traffic. Figure 3
shows the differences between prefetching and conventional methods. Figure 3a shows
the conventional method in which a load event occurs once, and the entire AR content is
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prefetched simultaneously. Figure 3b shows the proposed method in which a load event
occurs several times, and the predicted AR content is prefetched.
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3.2. Client Server Architecture

Figure 4 shows the client and server architecture. This system consists of a client, web
server, and database. The web server and database are located on edge servers.
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3.2.1. Client

Figure 5 shows a flowchart of the client. The web browser sends a service access
request to the web service provider and receives HTML, CSS, and JS to access AR services.
When the AR is loaded, the client sends a request to the content predictor and initially
receives the content information to be prefetched in JSON format. A list of content received
from the content predictor is requested to the content provider and is prefetched. When the
marker is recognized, a content output request is generated. If the content is prefetched,
the content is provided immediately. However, if the content is not prefetched, the content
is provided after prefetching the content. After providing the content, the list of content to
be prefetched from the content predictor is received. If the list includes content that has not
been prefetched, a request is sent to the content provider, and the content is prefetched.
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3.2.2. Edge Server

The edge server consists of a web server and database. The web server serves to
transmit data to the client and consists of a service provider, content predictor, and content
provider. The database stores request records.

The service provider provides a user interface to the client when the client accesses
the AR service through a web browser. The information that the service provider provides
to the client is in the form of HTML, CSS, and JS files, which compose the user interface.

The content predictor responds with a list of content to be prefetched in JSON format
when a request for content prediction occurs in a web browser. Prefetching [34] based on
the Markov model is used. The Markov model defines the transition probabilities between
several states. The discrete-time Markov chain formula that predicts data is expressed as

Pr(Xn+1 = x|X1, X2 = x2, . . . , Xn = xn) = Pr(Xn+1 = x|Xn = xn), (1)

where n represents the order, and the state at n is defined as x1, x2, · · · , xn. Further,
X1, X2, · · · , Xn represents the content. The formula for the calculation of statistical proba-
bility is

P̌(X(t + 1) = xc|X(n) = xb) =
nbc

∑0
α=a nαc

, (2)

where X(t) denotes a random variable predicting AR content in time zone t; xa, xb, · · · , xo
means a · · · o content; and nαc represents the number of shifts from xα to xc content.

The content provider provides the corresponding 3D content as a glb file when a
content prefetching request occurs in a web browser.

4. Experiments
4.1. Experimental Environment

For the experiment, an AR service was implemented in the “Nowon Career Center
for Youth and Future” in Seoul, Republic of Korea, and the AR service data of users were
collected. Figure 6 shows the mesh network access point (AP)/edge installation location
and the AR image anchor location. In the experiment, 15 AR objects, each with a capacity
of 10 MB to 10.5 MB, were used. The data were collected for three months from 1 June 2022
to 31 August 2022.
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We placed mesh network AP, edge server, and anchor on building basement 1, floor 2,
and floor 3. Figure 6 illustrates the test area drawings.

In the experiment, Samsung SM-T860 was used as the client device. The AP and edge
server used VEEA’s VHE10; it can communicate up to 300 Mbps using Wi-Fi-5-enabled
devices. The AWS EC2 cloud server was used for an experimental comparison. AWS is
the one of top cloud solution providers (CSPs), a pioneer, and the oldest cloud-service-
providing company [38]. Table 1 lists the client information and Table 2 lists the server
information used in this experiment.

Table 1. Client information used in the experiment.

Client (Samsung Tab S6 SM-T860)

CPU Qualcomm Snapdragon 855 SM8150 Platform

RAM 8 GB LPDDR4X SDRAM

OS Android 11

Wi-Fi Wi-Fi 1/2/3/4/5

Chrome 97.0.4692.98

Table 2. Server information used in the experiment.

Edge Server (VEEA VHE10) Cloud Server (Amazon EC2)

Type - t2.large

CPU ARMv8 Quad Core processer, 1.5 GHz 2vCPU

RAM 8 GB DRAM 8 GB

Wi-Fi Tri-band Wi-Fi5 -

NETWORK 1 Gbps 500 Mbps

In this experiment, we proposed a WMN edge server method for stably providing
clients with low latency. The service area was expanded by installing an AP constituting
each mesh with the IEEE 802.11 protocol. The WMN covered the entire AR service area
using Wi-Fi. All APs were connected to each other in a mesh structure. The AP constituting
the mesh amplified the WLAN signal and expanded the area; the edge server was config-
ured in the same LAN layer as the client accessing the WMN. Further, it accessed the server
only through communication with an internal network.

In the case of an edge server, network communication was performed using the
internal network (LAN) without using the WAN and MAN; this reduced the effect of
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reducing network-related variables. Figure 7 shows the network configuration of the WMN
and edge server.
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4.2. Evaluation Method
4.2.1. Hit Ratio

The hit ratio represents the ratio of the prefetch hits to the total number of objects
requested by users. The formula for the hit ratio [39] of AR prefetching is expressed in
Equation (3).

hit ratio (%) =

∣∣∣∣ True
True + False

∣∣∣∣× 100 (3)

where True represents the number of times a request occurs in the prefetching state, and
False indicates the number of times the request has not been prefetched.

4.2.2. Waste Ratio

The waste ratio [40] refers to the ratio that has been prefetched; however, it is not used
in the service. Equation (4) shows the waste ratio calculation formula.

waste ratio (%) =

∣∣∣∣1− Prefetch Hits
Prefetchs

∣∣∣∣× 100, (4)

where prefetch represents the number of data points prefetched by the client. The prefetch
hits represent the number of prefetches used.

4.2.3. Latency

Latency [39] is an index that measures the delay that occurs in a client. It is used to
measure the initial latency when connecting and the latency of the display output when
requesting specific content. Equation (5) shows the latency calculation formula.

latency(ms) = |T1 − T2|, (5)

where T1 represents completed times, and T2 represents start times.
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4.2.4. Moving Average

The moving average [41] is an indicator of the hit ratio, waste ratio, and latency trends.
Equation (6) shows the moving average calculation formula.

xk =
xk−n+1 + xk−n+2 + · · ·+ xk

n
=

1
n
(xk−n+1 + xk−n+2 + · · ·+ xk), (6)

where x1, x2,x3 · · · xk represents the 1st, 2nd, 3rd · · · k data, and k represents the total amount
of data. Further, n represents the average number of data points.

4.3. Experimental Results

In this study, the average of next content usage intermediate time was divided by the
average prefetching time to obtain the number of prefetching AR objects. The average of
next content usage intermediate time of the collected data was 1592.23 ms, and the average
prefetching time was 385.91 ms.

4.3.1. Comparison between the Edge and Cloud Servers

The first experiment compared a cloud server and an edge server with a traditional
AR service. The AWS cloud servers located in Singapore, Virginia, and Seoul were used
in this experiment. The experiment measured the AR content loading times of the cloud
and edge servers. The experiment was performed ten times, and the mean and standard
deviation were calculated.

Figure 8 shows the load time of the AR service for each server. The number of attempts
denotes the number times each experiment was performed. Table 3 lists the average latency
and standard deviation of the data in Figure 8. The AR content load time was 4329.50 ms
when the edge server was used; it exhibited faster load times than that of cloud servers.
Further, the standard deviation was stable at 170.31 ms. The edge server reduced delays and
was 14.49% faster than the cloud server. Further, stability increased by 4.54% when using
the edge server, and this showed that latency and stability were excellent because of the
reduction in nodes when the physical distance between the server and client was reduced.
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Table 3. Average and standard deviation of the AR content load on cloud servers.

Average (ms) Standard Deviation (ms) Distance (km)

Singapore 12,070.50 2542.15 4688.87
Virginia 17,181.00 2506.36 11,137.60

Seoul 5062.90 178.41 11.34
Edge 4329.50 170.31 -

4.3.2. Comparative Analysis of the Network Traffic

Figure 9 shows the results of measuring traffic when users use AR content.
Figures 9a and 8b show the traffic results of the conventional method and the traffic mea-
surement results of the proposed method, respectively. In the conventional method, a
relatively large amount of traffic was generated in the initial stage of accessing a web page.
Compared with the conventional method, the proposed method was distributed and gener-
ated less initial traffic. In the proposed method, additional network traffic was generated
by prefetching additional content during service use. The probability of content prefetching
increased because of the increase in the number of requests. Therefore, additional traffic
showed that the bytes per second decreased gradually with an increase in the request order.
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Table 4 shows Mean and standard deviation of the AR content loading of the proposed
method. The proposed method showed superior results in terms of initial latency and
total latency compared with the conventional method. False prefetching indicates that
the corresponding content is not prefetched when a content request occurs. High latency
occurs because the content is provided after fetching. True prefetching indicates that the
corresponding content is prefetched when the content is requested. The prefetched content
is provided immediately.

Table 4. Mean and standard deviation of the AR content loading of the proposed method.

Average (ms) Standard Deviation (ms)

Initial time 295.60 34.99
Prefetching false 385.91 60.08
Prefetching true 17.98 8.68

4.3.3. Results per Request of the Proposed Method

Figure 10 shows the results of content requests over time. Figure 10a shows the hit
ratio; the points represent real data, and in the case of a linear graph, the trend of the
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data is shown as a moving average, where the number of data points to be averaged is
set to 30. The moving average of the hit ratio starts at 0% and increases as the user data
collection progresses, which maintains it between 70% and 100%. Figure 10b shows the
latency, which is inversely proportional to the hit ratio and shows a high delay time initially,
which decreases to less than 100 ms.
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4.3.4. Average Result per User of the Proposed Method

Figure 11 shows the hit ratio and latency for each increase in user access. Figure 11a
shows the average hit ratio for each user, and Figure 11b shows the total latency for each
user. The total latency of a user was approximately 2000 ms. The total latency of a user also
decreased to less than 400 ms with an increase in the hit ratio.
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As user data accumulated, the hit ratio increased.

4.3.5. Results Based on Content Request Order of the Proposed Method

Figure 12 shows the hit ratio and latency for each content request order. Figure 12a
shows the hit ratio. The first request per user had a low hit ratio of 50% because the experi-
ment was conducted in an environment where the starting location was not determined.
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From the second request onward, the hit ratio increased to more than 80%. Subsequently, it
gradually increased and reached a hit ratio of 100% from the eighth request. Figure 12b
shows the latency. In the case of content requested for the first time by each user, it took
more than 180 ms, and this was relatively time-consuming. After the eigth request, when
the hit ratio became 100%, the output time was 20 ms or less. The AR content for which
prefetching was completed also increased because the number of requests per user in-
creased. Even if the prediction failed, there was a high probability that the prefetching was
completed. Therefore, the hit ratio converged to 100%.
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4.3.6. Waste Ratio Results of the Proposed and Conventional Methods

Figure 13 shows the waste ratio that was prefetched but not used by the client.
Figure 13a,b show the results of the conventional and proposed methods, respectively.
The proposed method had an average waste ratio of 50.25%, and it was lower than that of
the conventional method (66.28%). The proposed method initially exhibited a low waste
ratio. Prefetching did not proceed because of the lack of user data and unpredictability. The
amount of prefetching content increased as the user data accumulated, and this resulted in
a waste ratio that increased to approximately 50% and was maintained.
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5. Conclusions

This study provides a method for faster and more efficient WebAR services. Large
amounts of 3D data require latency from the users. A method was proposed that reduces
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latency in WebAR services by 81.5%. In the experiments, edge servers could physically
reduce delays and were 14.49% faster than cloud servers. Further, the stability increased by
4.54%. The waste ratio related to unnecessary content prefetching was 16% lower than that
of the conventional method. The Markov model was used to prefetch the predicted content
rather than random prefetching to increase the hit ratio. The proposed method is more
advantageous as it provides a large amount of AR content. Further, it is suitable for the
realization of high-quality data in Web AR services. The results of this study have potential
applications in areas such as AR games and AR docent services. A limitation of this study
is that latency increased when prediction failed. Future research should increase the hit
ratio by considering multiple parameters and advanced prediction algorithms. To this end,
it is necessary to secure user data and apply machine learning.
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