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Abstract: Increasing global demand for travel has drawn public attention to the tourism industry. 
This industry needs the design of intelligent systems based on new concepts to facilitate better 
service delivery. To this end, this study proposes a ubiquitous tourist system based on con-
text-awareness, multicriteria decision making (MCDM), and augmented reality (AR) using a geo-
spatial information system (GIS). This system provides two services to the user. First, it recom-
mends a hotel in the vicinity of the user based on their preferences. Subsequently, it modifies the 
information property to augment the information concerning the visited object using AR technol-
ogy. This system offers the advantage of adapting its models based on the user and their envi-
ronment using context-awareness, thereby facilitating increased system automation during service 
delivery. Furthermore, this system enables personalization based on user needs. Our system was 
evaluated via a usability test using a Likert scale based on two system aspects, namely, system de-
sign, and user acceptance of the result. The output of this test yielded an average score of 4.112. The 
proximity of this score to the highest level of the Likert scale indicates the acceptance of the system 
by users. 

Keywords: ubiquitous system; smart tourism; geospatial information system (GIS); multicriteria 
decision making (MCDM); augmented reality (AR) 
 

1. Introduction 
Tourism is considered to be an influential industry in the global economy. In par-

ticular, the increasing demand for travel in different parts of the world has propelled this 
industry into the global sector [1]. Moreover, tourism is an important tool for sustaina-
bility, as per the concept of circular economy. A circular economy proposes a business- 
and solution-oriented approach to sustainability issues to limit the use of resources 
(non-renewable) and reduce waste generation. Additionally, tourism plays an important 
role in resource consumption, and poor management may cause irreversible damage to 
the achievement of a circular economy [2,3]. 

Smart tourism is a new idea to increase the capability of the tourist industry to 
achieve the mentioned advantages. This idea refers to the convergence of tourists and 
information and communications technology to create an advanced tourism industry 
wherein better experiences are provided to tourists. Here, information can be extracted 
from various sources and combined using advanced technologies to provide a more en-
riched and efficient service for tourists [4]. The establishment of smart tourism is based 
on the design of intelligent applications applying new concepts. Designing an applica-
tion applying multicriteria decision making (MCDM) [5] is one example for this purpose. 
This concept allows the entry of different items to better model user preferences, and 
combines these items to make decisions pertaining to delivering services to tourists. In 
this regard, different methods are used. For example, the analytical hierarchy process 
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(AHP) [5,6] involves the construction of a hierarchical structure of criteria and alterna-
tives, and the use of pairwise comparisons based on quantitative numbers ranging from 
one to nine to identify the best alternative. The Technique for Order of Preference by 
Similarity to Ideal Solution (TOPSIS) [5,7] method is based on ranking the alternatives 
using the distance between negative and positive ideal solutions. This method calculates 
the proximity to the ideal solution (closeness index) for identifying the superior alterna-
tives. This method is popular in decision making involving quantitative criteria, owing to 
its simplicity, comprehensibility, and simple formulation. Additionally, the Vise Kriteri-
jumsa Optimizacija I Kompromisno Resenje (VIKOR) [5,7] method allows the selection of 
appropriate alternatives under conflicting criteria in complex systems. This method pro-
vides a quantitative indicator for decision making by measuring the closeness to the ideal 
solution [5,7]. Employing geospatial information systems (GISs) is also useful for this 
aim; the GIS collects, stores, and modifies data, analyzes information and its object 
through spatial analysis, and presents the results as a map for the tourist [8]. Ubiquitous 
computing is another concept applicable in tourist applications. Systems designed based 
on this concept enable tourists to access the service at any time and location without the 
need for interpretation. This is achieved via the use of context, which includes user- and 
environment-related information, and enables the system to adapt accordingly [9,10]. 
Furthermore, in tourism applications, new methods such as augmented reality (AR) can 
be used to enhance the visualization and display of information to users. AR combines 
real-world experience with computer-generated content to overlay imagery information 
on live, direct, or indirect real-world environments. Furthermore, it allows tourists to 
interact with virtual content [11,12]. By combining the proposed concepts, an intelligent 
system can be implemented to provide services to tourists. For example, such a system 
can be used as a recommender system for selecting the location of a point of interest (POI) 
[13]. Alternatively, it can be used to visualize the digital form of an artifact related to the 
visited object [14]. 

Owing to the importance of such systems, this study aims to develop a ubiquitous 
system for tourism involving a combination of context-awareness, MCDM, GIS, and AR. 
This system operates in two stages: In the first, it acts as a recommendation system that 
selects the hotel. In the next stage, it augments the information concerning visited objects 
by applying AR technology. In the hotel recommender model of our system, first, the 
position of the user is determined based on the context and used in spatial filtering (SF) to 
generate the list of candidate hotels in the vicinity of the user. Subsequently, the candi-
date hotels are compared using the MCDM method for final hotel selection. These steps 
are performed based on criteria such as the distances to the nearest transportation links, 
restaurants, historical attractions, cost, and the number of hotel stars. Notably, the type of 
transportation, restaurant, and historical attraction are obtained from the user prefer-
ences stored within the context. Finally, the location of the selected hotel is displayed to 
the user via Google Maps. It must be noted that a modified methodology based on 
MCDM and clustering is proposed here, and is used when the number of candidate ho-
tels is large.  

In the AR component of our system, first, the users and environmental conditions 
(e.g., the time of day at which the system is operated) are extracted from the context. This 
information is applied in conjunction with spatial information, such as the distance of the 
user from the visited object, to define rules in the system. Subsequently, our system ap-
plies these rules to determine the text size as well as the level of detail (LOD) of the in-
formation. Finally, this configuration is provided as an input to the AR technology for 
augmenting information concerning the visited object. 

We developed a ubiquitous tourism system called UTS-mAR that operates in two 
phases: first, as a recommendation system, and subsequently as a functional engine. In 
the first phase, the system selects the hotel, and in the second, it adjusts the display fea-
tures of information concerning the visited object, such as the LOD and text size, and 
displays the information using AR technology. 
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The proposed system offers the following contributions: 
• We developed a dynamic model to build a ubiquitous tourism system based on a 

combination of MCDM, AR, and context-awareness of the environment. The pa-
rameters of this model are determined based on the user and their environment. For 
example, a suitable hotel is selected for the tourist (i.e., the user) based on their lo-
cation and preferences pertaining to hotel selection criteria such as the type of 
transportation, restaurant, and/or historical attraction. 

• Additionally, our system offers GIS capabilities, such as using geospatial vector data 
and analysis during the process of the system model. For example, the system visu-
alizes the location of the hotel on Google Maps, and uses spatial functions such as 
distance analysis for generating hotel criteria. 
The remainder of our study is organized as follows: Section 2 discusses existing re-

search relevant to this study, and Section 3 introduces the details of the proposed system. 
Section 4 describes the implementation of the proposed system. Sections 5 and 6 present 
an experiment for testing the system in the real world and discuss the corresponding 
results, respectively. Section 7 provides the conclusion, and discusses the scope for future 
research. Finally, the pseudocode for the algorithms used in the proposed system is at-
tached at the end. 

2. Related Works 
Intelligent tourist systems are widely used to recommend or select tourist locations 

and to display information concerning visited objects. The advancement of these systems 
using newer concepts and technologies is a fundamental goal. In this regard, we discuss 
existing research related to this study that is divided into the following categories: (1) 
MCDM-based systems, (2) GIS-based systems, (3) ubiquitous systems, and (4) AR-based 
systems.  

2.1. MCDM-Based Systems 
Bueno et al. (2021) integrated multiple decision-making techniques to rank hotels 

based on past clients. In this method, the value of users was determined based on a “re-
cency, frequency, and helpfulness” model. User opinions on the social network were an-
alyzed via the fuzzy linguistic approach involving a multigranular two-tuples model. 
This methodology was evaluated using data from Tripadvisor [15]. Effendy et al. (2021) 
applied the MCDM technique to model user preferences in a tourist recommendation 
system [16]. This technique, which is based on the VIKOR method, was applied to a 
web-based system that enabled tourists to enter certain criteria, and subsequently com-
bined them to generate the highest-ranking advisor in a recommendation system. 
Forouzandeh et al. (2021) proposed a novel method for hotel recommendation based on a 
metaheuristic technique and MCDM [17]. This method was based on the artificial bee 
colony algorithm and the fuzzy Technique for Order of Preference by Similarity to Ideal 
Solution (TOPSIS) model to recommend a hotel based on user interests. Sezgin et al. 
(2016) employed a methodology based on MCDM methods such as the analytical hier-
archical process (AHP) and the TOPSIS method for hotel selection [18]. In this method, 
AHP was used to determine the weights for the hotel criteria; subsequently, TOPSIS was 
applied to select the best hotel from among the candidate hotels based on these weights. 
In tourist scenarios involving large amounts of data, conventional MCDM models need 
to be improved using techniques such as clustering. In this regard, a methodology based 
on hierarchical clustering and TOPSIS was proposed by Masnadjam et al. (2015) for se-
lecting suppliers under limited-supply conditions [19]. 

Although MCDM-based systems have demonstrated their significance in achieving 
objectives such as recommending or selecting hotels, the models constructed by these 
systems are static, and cannot adapt to the real-time conditions of the user. Therefore, in 
the field of tourism, MCDM-based systems that accept contextual information as inputs 
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need to be developed. Contextual data enable the system to model real-time user status. 
Based on the mentioned studies, there is a lack of consideration of MCDM-based systems 
that accept context. These capabilities enable the system to change the model based on 
user context—such as preference and position—for tourist applications. 

2.2. GIS-Based Systems 
Noguera et al. (2012) applied a GIS to develop a novel mobile recommendation 

system for tourism [20]. The system contained a recommendation engine and a 
three-dimensional (3D) mobile GIS architecture. These capabilities provided the user 
with location-based recommendations and access to a 3D-map-based interface. Ho-
narparvar et al. (2019) developed a location-aware recommender system using volun-
teered geographic information (VGI) [21]. This system consisted of two phases: VGI col-
lection and filtering, and location-based recommendation. In this system, the VGI is col-
lected and purified according to position accuracy and user contribution history. Sub-
sequently, the system applies filtered VGI and a content-based filtering strategy to rec-
ommend the best restaurant based on user preferences. Jing et al. (2020) proposed a novel 
spatiotemporal analysis based on Flickr data to construct a fine-grained pattern for tour-
ists [22]. First, a temporal variation analysis was performed. Second, the study employed 
kernel density estimation to analyze the seasonality of tourism. Third, the correlation 
between attraction grade and popularity was measured using both qualitative and 
quantitative methods. Finally, the space–time cube method was employed to visualize 
the identified pattern. Manoharan et al. (2020) employed a method to assess the emotions 
of visitors using social media messages about theme parks [23]. This was achieved using 
geospatial analysis and social media analytics. In addition, the place of emotion gather-
ing was visualized. Different statistics were used in this study. The circumplex model of 
affect proposed by Russell was used to analyze tweets with one or more emotional 
words. Furthermore, GIS exploratory analysis and text mining were used to assess the 
emotions in each quadrant of tweets. In addition, based on significant clustering of emo-
tions in quadrants, the areas of riding attraction in the theme park were determined. Kato 
et al. (2020) developed a recommendation system for sightseeing spots [24]. The system 
was based on recommended social networking services, a web-based GIS, and recom-
mendation systems. The recommendation component was developed using two methods 
for selecting the POIs for a tourist: knowledge-based recommendation, and collaborative 
recommendation. 

Notably, geospatial systems require personalization based on contextual infor-
mation. Such systems can be incorporate analytical methods such as MCDM to perform 
functions such as recommending or selecting tourist POIs. This enables the system to 
consider multiple factors, which may increase user satisfaction during POI selection. 

2.3. Ubiquitous Systems 
Chen et al. (2020) constructed a ubiquitous recommender system for hotels involv-

ing fuzzy ubiquitous traveler-clustering and hotel recommendations [25]. In this system, 
travelers were initially clustered according to the decision mechanism based on user 
choice. Moreover, the system applied a fuzzy mixed binary nonlinear programming 
model for the recommendation section. Abbasi-Moud et al. (2021) incorporated con-
text-awareness to create personalization in a recommender system based on sentiment 
analysis, sentiment clustering, and contextual data [26]. The system could filter inap-
propriate items to recommend the best result to the user. Barranco et al. (2012) imple-
mented a context-aware system to identify personalized POIs [27]. The system applied 
user context, such as speed and trajectory, to create recommendations along the user’s 
path based on the current position and driving speed of the user. 

Kanmani et al. (2020) proposed a context-based social media recommendation sys-
tem for travel. This system provided recommendations based on geotagged data to de-
termine the similarity of users and POIs along travel routes [28]. This was achieved using 
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collaborative filtering techniques and similarity computing, and by selecting neighbor-
hoods via the k-nearest neighbors algorithm. 

Owing to the unique capabilities of ubiquitous tourism systems, such as their ability 
to provide recommendations and their adaptability based on user conditions and envi-
ronments, they can be combined with GISs and incorporate MCDM analysis. This pro-
vides a comprehensive system in which users can modify hotel selection items through a 
user-friendly interface and, subsequently, different factors for item selection are com-
bined and displayed in the form of a map. This system can update results based on the 
user and their environment. 

2.4. AR-Based Systems 
Techasarntikul et al. (2019) used AR technology to develop a guidance system for 

AR museums [29]. This study applied embodied agents and allowed the user to observe a 
variety of information related to different pieces of art through interaction with an agent. 
Sasaki et al. (2019) combined location-based AR and object recognition to develop an in-
telligent system for tourism [30]. The system was used for navigation, and provided in-
formation about sightseeing spots. Blanco-Pons et al. (2019) proposed an immersive AR 
application for an outdoor environment [31]. This application merged simulated images 
with historical and current content. In addition, this study proposed a suitable frame-
work for multi-image tracking for this purpose. The output of this application offered the 
opportunity to enrich the information concerning the rehabilitation of the visited object. 
Demir et al. (2018) developed an application that suggested tourist spots such as tourist 
centers, hotels, restaurants, and attractions [32]. This study employed image processing 
and used positioning based on the haversine formula to implement AR. The haversine 
formula [32] applies the geographical position of user, object, and Earth radius, and then 
uses the spherical law of cosines to estimate the distance between user and object. This 
application integrates image detection and social media, and visualizes different visited 
object features such as intensity, ratings, comments, current social media data, and price 
information using AR. Čejka et al. (2020) developed an innovative AR system to improve 
diver experience while visiting underwater cultural heritage sites [33]. The system em-
ployed a hybrid localization method based on markers and inertial sensors. This method 
first searched for the images of cultural heritage markers stored in the system. Subse-
quently, the Kalman filter was applied to fuse the position obtained from these markers 
with the sensor information. Finally, the obtained position was used to position the vir-
tual object for viewing by the diver. Vert et al. (2016) conducted research-related data 
profiling of AR applications for tourism purposes. This study reviewed the literature to 
propose a methodology for integrating data, such as user-generated and governmental 
open datasets, for using mobile AR applications. This was achieved by assessing the 
structure and ontology of the data to manage the heterogeneous data structure [34]. Li et 
al. (2019) proposed research related to using situated visualization for AR based on con-
text data. In this study, a distance-driven interface was applied with collaborative exhibit 
viewing. In this interface, the distance of the user obtained from user position context 
determined the information level, and provided detailed information for users in prox-
imity using the AR technology. The system also allowed the user to come closer to ex-
plore more detailed information. Furthermore, interactions between users were modeled 
in the system, which enabled the users to observe other user comments related to a vis-
iting object [35]. Seo et al. (2020) applied context data for virtual content visualization 
with AR technology. A good example in this study was the ride-sharing accommodation 
service. In this case, when the tourist approached the pickup location, a virtual sign was 
displayed at the interface for the pickup location [36].  

Additionally, AR-based systems need customization based on contextual data. This 
enables the system to act as a rule-based engine to define information properties during 
visualization based on the user and their environment. Based on these studies, there is a 
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great need for creating situated visualization for AR for tourism, which changes the 
property of visualization based on the application of contextual data. 

3. Ubiquitous Tourist System Based on MCDM and AR 
We developed a ubiquitous tourist system based on MCDM and AR using GIS data 

and analysis, which we called UTS-mAR. This system a hybrid system for tourism; it 
consists of two components: a hotel recommender, and AR visualization. The hotel 
recommender selects a hotel in the vicinity of the user based on their preferences. The AR 
visualization applies AR technology to visualize information related to visited objects. 
UTS-mAR offers significant capabilities, as follows: First, the system uses context data, 
which include information related to the user and their environment. This information is 
used to enable the system to manage different types of users and changes in the test en-
vironment. Second, the system operates based on the intelligent models at its core. These 
models facilitate adequate analysis of the context to deliver services.  

The hotel recommender model applies SF and MCDM; it filters hotels in the vicinity 
of the user and recommends the final hotel based on user preferences. In addition, an 
improved version of this model with added clustering is available in the system. This 
version is useful when the amount of input data is large. The AR visualization model 
defines the information properties during visualization using the necessary rules, dis-
tance calculations, fuzzy functions, and AR technology. Furthermore, this system is a 
spatial system, which allows the use of geospatial data and spatial functions in intelligent 
models. In this regard, geospatial databases that contain hotels, hotel items, and spatial 
functions—such as the closest distance during SF—can be used.  

3.1. UTS-mAR Framework 
The proposed framework (UTS-mAR) comprises three main components: the con-

text, intelligent model, and service. Figure 1 depicts these components in detail. The 
context component is defined in two categories that model the user and their environ-
ment. These categories contain various types of information. In the hotel recommender 
part, the user context stores the user position and preferences. The user preferences refer 
to the user’s selection of restaurant, transportation, and attraction types. The environ-
mental context is obtained from the geospatial data stored in the system. Geospatial data 
include spatial and non-spatial information. Spatial information includes the locations of 
hotels as well as hotel selection items, such as attractions, restaurants, and transportation. 
Non-spatial information refers to the cost and the number of hotel stars. In the AR visu-
alization part, the user context includes general information on the user (such as their 
age), user health status (such as vision problems), and user position. The environmental 
context also contains information related to the test environment and the visited object. In 
our test system conditions, the environment was defined by the daytime parameter. In 
addition, the visited object information includes images, position, and general textual 
information related to the objects. The system process for preparing context information 
is explained in Section 4.1. 

The intelligent model is a system-analysis model, and is used to analyze the context 
for service delivery. In our system, the hotel recommender model is based on SF and 
MCDM to select the final hotel. The AR visualization model in our system uses context 
and AR technology to display the properties of information such as LOD and text size. 
The detail of the models is discussed in Section 3.2. 

The service component delivers the output of the system to the user. Thus, the 
proposed system provides services in the form of displaying the location of the selected 
hotel on Google Maps via the hotel recommender model and displaying the outputted 
textual information via AR using the AR visualization model. 
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Figure 1. UTS-mAR components. 

3.2. UTS-mAR Methodology 
As shown in Figure 2, our system contains the following models:  
The hotel recommender model of the proposed system is based on MCDM using 

context data. This algorithm applies SF to generate a list of candidate hotels near the user. 
Then, these candidate hotels are compared using the MCDM technique, based on dif-
ferent items, such as distance to transportation, restaurant, historical attraction, cost, and 
the number of hotel stars. This step selects the final hotel, and its position is displayed in 
Google Maps. To solve the problem of managing a large amount of data pertaining to 
candidate hotels, we propose an extended version of this algorithm, which simultane-
ously uses MCDM and clustering to select the final hotel. Additional detail about the 
proposed algorithm is provided in Appendix A. 

The AR visualization model enables the system to visualize the information con-
cerning the visited object using AR technology. This model applies context and, subse-
quently, adjusts the information properties for visualization using AR technology. This 
model involves three models: text-size setting, LOD setting, and the construction of the 
visualization model. These models apply various statistical methods, such as rule crea-
tion, distance calculation, and fuzzy functions, to adjust the information properties. 
Subsequently, these properties are used by the AR technology to augment information 
concerning the visited place. The details of the proposed model are described in Algo-
rithm A2, and in the following subsections. 
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Figure 2. UTS-mAR methodology. 

3.2.1. Hotel Recommender Model Based on SF and MCDM 
In our system, the hotel recommender model is based on SF and MCDM. This model 

uses context information and performs SF to generate a list of candidate hotels in the vi-
cinity of the user. Subsequently, the model compares the generated candidate hotels us-
ing the MCDM method with TOPSIS. This comparison is based on various criteria, such 
as cost, number of hotel stars, and distances from candidate hotels to transportation, at-
tractions, and restaurants. The preferred types of transportation, attractions, and restau-
rants are previously selected by the user and stored in the context. The result of this 
process is the selection of the final hotel, which is displayed via Google Maps to facilitate 
easy navigation for the user. An extended version of the proposed model was considered 
for cases when the number of candidate hotels was too large to be processed via the 
MCDM method. To solve this problem, the extended model applies both clustering and 
MCDM after performing SF. The hotel recommender model is shown in Figure 3. This 
model involves various steps, as follows: (1) Context preparation, which provides data 
for the system model. This data model is related to the environment and users. (2) Ap-
plication of SF for candidate hotel generation. In this step, a list of candidate hotels in the 
vicinity of the user is created. (3) Use of the hotel selection model to select the final hotel 
from the list of candidates. This step uses one of the following models: 

(3-1) MCDM for final hotel selection in the case of a small number of candidate ho-
tels. The candidate hotels are compared via the MCDM method based on TOPSIS, and 
the final hotel is selected based on the TOPSIS index. 

(3-2) MCDM and clustering for final hotel selection in the case of large numbers of 
candidate hotels. Here, the candidate hotels are analyzed based on a combination of 
clustering and MCDM to determine the final hotel to be selected. 

(4) Visualization model. This step displays the output of the selected model to the 
user. Here, the location of the selected hotel is displayed on the Google Maps interface to 
enable easy navigation for the user. These four steps are described in detail below. 
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Figure 3. Hotel recommender model. 

• Preparing context 
As shown in Algorithm A1 (Appendix A), context preparation is the first step in the 

hotel recommender model. Table 1 lists the contexts necessary for achieving this aim. The 
context is obtained from different sources. The environmental context is obtained from 
geospatial data. These data are stored in the SpatiaLite database in the user’s mobile 
phone, and include two types of information: spatial and non-spatial. Spatial information 
includes the location of the hotel and the hotel items, such as attractions, restaurants, and 
transportation. Non-spatial information also includes information related to hotels, such 
as the number of hotel stars and cost. The user context includes the user location and 
preferences. The user location was determined via fused tracking, which estimates the 
user position by combining information from different sources, such as Wi-Fi, telecom-
munication towers, and global positioning systems (GPSs). The user location is provided 
as an input to the spatial transformation method, which returns an estimation of the user 
position in metric units using the universal transverse Mercator projection system. This 
position is stored in the system. Defining user preferences involves the selection of hotel 
attributes through the system interface. The user selects the type of transportation system 
(e.g., bus, subway), type of restaurant (e.g., restaurant, fast food), and type of historical 
attraction (usual (here, parks), museum, or historical (here, castles)). Section 4.1 provides 
more details concerning the steps for context preparation. In the Table 1, some explana-
tion detail related table items are shown with “*”. 
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Table 1. Hotel recommender model context. 

Parameters Descriptions 

User context 

User position Estimated by the system via user tracking 

User preference 

Selection of hotel items, such as: 
Transportation type (bus, subway), 

Restaurant type (restaurant, fast food), 
Attraction type (usual (park), museum, his-

torical (castle)) 
* These items are selected via the system 

interface 

Environmental 
context 

Spatial item 

Access to transportation, attractions, and 
restaurants 

* Type of spatial items is entered by user. 
* Access to a spatial item is estimated by the 

system via spatial function (closest: mini-
mum distance). 

Non-spatial item 

Hotel cost and the number of stars (star 
rating) 

* Star number contains the number of stars 
in the star ratings of hotels. 

* Hotel cost is classified as follows: 
Class1: Cheap hotel: Defined with score 

equal to 1. 
Class2: Usual hotel: Defined with score 

equal to 2. 
Class3: Expensive hotel: Defined with score 

equal to 3. 

• SF method for candidate hotel generation 
Running SF is the next step in the hotel recommender model. This function creates a 

list of candidate hotels in the vicinity of the user based on the search radius. In this study, 
the search radius was set to 2000 m. SF estimates the minimum distance (closest distance) 
between the user and the candidate hotels using user and hotel locations, which are ob-
tained from the user context and environment. The generated candidate hotels are pro-
vided as inputs to the MCDM method. 
• MCDM for final selection among candidate hotels 

In this step, the MCDM method applies the non-spatial and spatial criteria for can-
didate hotels. The spatial criteria include the calculation of the distance of the candidate 
hotels to the nearest transportation systems, historical attractions, and restaurants. This is 
achieved using the minimum distance function with the positions of candidate hotels and 
the facilities retrieved from the environmental context. The specific types of transporta-
tion, attractions, and restaurants are obtained from user context. While, the non-spatial 
criteria are retrieved from the environmental context. Spatial and non-spatial criteria 
create candidate hotel data, which are provided as inputs to the TOPSIS method with 
their weights. Different methods, such as the AHP [37], can be used to calculate the 
weights of these items. In this study, we consider 0.20 as the equal weight for all (five) 
items. Of course, our system is not sensitive to this value, and it can easily change for the 
optional user. To determine the final hotel, the TOPSIS [38] method calculates a closeness 
index (CI) for each candidate, and the hotel with the highest CI is selected. 

The reason for choosing the TOPSIS method in this section is its popularity and ef-
ficiency in similar research involving hotel selection based on the evaluation criteria. This 
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method offers several advantages, as follows: The performance of this method is mini-
mally dependent on the number of criteria. It can be used easily in positive and negative 
criteria. The application of the TOPSIS is practical for both quantitative and qualitative 
data. This method provides a quantitative index for ranking alternatives and choosing 
the better one. The simplicity of this method, as well as the possibility of a simple for-
mulation offered by it, has made this a popular method for evaluating options [7,18,39]. 
• MCDM and Clustering for final hotel selection from among candidate hotels 

In addition to the method proposed in Appendix A (3.1), a modified method was 
developed for use in more complex situations, such as when the number of candidate 
hotels is large. One of the applications of this modified model is in a scenario where the 
user selects a search radius too large to use all of the candidate hotels. Section 3.2 shows 
the different stages of creating such a model. The model is based on a combination of 
hierarchical clustering and TOPSIS [19,40]. Here, the candidate hotel data are normal-
ized, and the results of this operation are provided as inputs to the next step, wherein the 
candidate hotels are clustered using hierarchical clustering. Considering that in this 
method, the analysis is performed on all candidate hotels, and the number of candidate 
hotels in our experiment was 30, four clusters were used to perform the clustering oper-
ations. This cluster number is determined by checking dendrogram data and normal 
distribution of data for achieving a small number of candidates for comparison with 
TOPSIS. Subsequently, the agents of the clusters are determined using the clustering re-
sults. The agent of each cluster has a value for each criterion equal to the average of all 
members of that cluster for that criterion. In the next step, criteria values of the cluster 
agent are provided as inputs to the TOPSIS method to select the best cluster with the 
highest closeness index (CI). Finally, the candidate hotels within the best cluster are 
compared using the TOPSIS method to select the final hotel. 
• Visualization 

After this step, the location of the selected hotel is obtained from the environmental 
context and used for visualization. This method expresses the location of the hotel as 
geographic coordinates (longitude and latitude), which are subsequently displayed in 
Google Maps.  

3.2.2. AR Visualization Model 
The AR visualization model uses context and AR technology to display the proper-

ties of information for visualization, and involves three models: text-size setting, LOD 
setting, and visualization. These models employ various statistical techniques, such as 
rule definition, distance calculation, and the use of fuzzy functions. These statistical 
techniques result in the determination of the features of the displayed information, such 
as its text size and LOD, and these features are subsequently used in AR visualization. As 
shown in Figure 4, the AR visualization model contains several stages, as follows: First, 
the context that represents the user and environmental data is prepared. Next, a 
text-size-setting model is used to adjust the text size of the information based on the rules 
defined in the user context of the system. Subsequently, the LOD-setting model is used, 
which sets the LOD for the information based on distance, fuzzy function, or user pref-
erence. Because this model requires an estimation of the distance between the user and 
the visited object using the haversine formula, the corresponding distance is estimated. 
Finally, a visualization model is employed. At this stage, the LOD and text size, which 
are defined in the previous stage, are used for augmenting information on the visited 
object via AR technology. As discussed, our real-time system links the modules of the 
LOD-setting model and visualization with AR technology. 
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Figure 4. AR visualization model. 

• Preparing context 
As shown in Algorithm A2 (Appendix A), context preparation is the first step in 

creating the AR visualization model. The user context comprises a variety of information, 
including user position, general user information—such as age—and user health infor-
mation (including vision problems). The positional information of the user is obtained 
using the fused tracking function in the system. Other user information, such as age and 
health status (e.g., presence of vision problems), is entered by the user through the sys-
tem interface. Moreover, the environmental context includes two categories of infor-
mation: the time of day during system execution, and visited-object information, such as 
images, location, and textual information. In this regard, time of day information is en-
tered via the system interface, and the visited-object information for Sejong University as 
the test area is stored. Table 2 provides a description of the context. In the Table 2, some 
explanation detail related table items are shown with “*”. 

Table 2. AR visualization model context. 

Parameters Descriptions 

User context 

User position 
Estimated by user tracking in the sys-

tem. 

User characteristics 
Age 

* This item is entered through the sys-
tem interface. 

User health condition Vision problems 

Environmental context Time of day(daytime) 
* This item is entered through the sys-

tem interface. 
Vision problems are classified into the 
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following classes: 
Class 1: User with vision problems. 

Class 2: User without vision problems 
* Users enter the value Yes for Class 1 

and No for Class 2. 

Visited-object 
data 

* This item is entered through the sys-
tem interface. 

Users enter day or night regarding the 
time of day during system test 

* Image dataset containing 46 images 
concerning the visited object. 

* Spatial data, such as the position of the 
visited object. 

* Non-spatial data, such as visited ob-
ject information. 

These items are stored in the system for 
the test object, which is Sejong Univer-

sity 

Context data are used by the system for defining information properties, which is 
achieved using the following three components of the AR visualization model: the 
text-size-setting model, which adjusts the text size of the information; the LOD-setting 
model, which adjusts the level of information detail; and the visualization model, which 
uses AR technology.  
• Text-size-setting model 

The text-size-setting model considers two general modes for adjusting the text size. 
The first is an automatic setting, which determines the text size based on the information 
provided by the system. The second is a manual setting, which determines the size based 
on the settings entered by the user. The automatic setting applies predefined rules to the 
system employing context information, such as age, status of vision problems, and time 
of day. This setting renders text in a small size for young users without vision problems, 
in a medium size for middle-aged users without vision problems, and in a large size for 
older users, users with vision problems, or when system execution occurs during 
nighttime. 
• LOD-setting model 

The LOD-setting model determines the LOD of the information. First, the distance 
between the user and the visited object is calculated using the haversine formula [41,42] 
on the corresponding locations.  

The next step is the selection of the LOD-setting model by the user. The “LOD Model 
1” setting determines the LOD of the information very sharply; if the distance between 
the user and the object is less than the search radius (here, 15 m), the LOD is set to 
“complete information”; otherwise, it includes general information, such as the name and 
ID. The “LOD Model 2” setting determines the LOD based on a fuzzy function using a 
descending linear fuzzy membership [43]; if the distance between the user and the object 
visited is less than the fuzzy lower band (here, 15 m), the LOD provided includes com-
plete information. In addition, if the distance is between those of the lower and upper 
bands (here, 20 m), the LOD is determined based on the degree of membership of the 
fuzzy function. Furthermore, if the distance exceeds that of the upper band, the LOD is 
zero. Finally, the “LOD Model 3” setting allows the user to enter the LOD information 
through the system interface. 
• Visualization model 
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The visualization model visualizes information based on the properties set by pre-
ceding models. This model applies the text size and LOD determined in the preceding 
steps. Subsequently, the visited object is recognized via the images stored in the system. 
Finally, the model augments the information related to this visited object.  

4. UTS-mAR Implementation 
UTS-mAR implementation refers to all of the necessary steps to create and develop 

the system. The preparation of context information and the development of the proposed 
system based on a standard programming language are introduced in this section. 

4.1. UTS-mAR Context Preparation 
The first stage of UTS-mAR is the preparation of the context data. The context re-

lated to the hotel recommendation service is obtained from different sources. The envi-
ronmental context is obtained from geospatial data. This information contains both spa-
tial and non-spatial information. Spatial information includes the position of candidate 
hotels, transportation, restaurants, and attractions. Non-spatial data also contain hotel 
information, such as the number of hotel stars and cost. Geospatial vector data were ob-
tained from the free data available on the website [44], in shape file format. Subsequently, 
a portion of the data concerning Seoul was selected for the simulation. This information 
contained locations of candidate hotels, transportation (e.g., bus, subway), restaurants 
(e.g., restaurants, fast food), and historical attractions (usual (park), museum, historical 
(castle)). This information was inputted into the GIS software (ArcGIS 10.2) for comple-
tion. Several features in the layers of candidate hotels and historical attractions were 
added from the data obtained via Google Earth software. In addition, the candidate hotel 
information, such as the cost and the number of hotel stars, was determined using in-
formation available in Google Maps. Notably, hotel cost information varies at different 
times, and the data used herein were at the time of extracting this information. Finally, 
the geospatial data were entered into the SpatiaLite database for use in the system. Figure 
5 shows geospatial vector data created with ArcGIS software. The user context is entered 
via the system interface developed in the Android Studio environment. This interface 
contains different textboxes to enter the transportation type (e.g., bus and subway), res-
taurant type (e.g., restaurant, fast food), and historical attraction type (usual (park), mu-
seum, historical (castle)). This interface also allows the user to track location data by 
pressing the tracking button to create user context. 
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Figure 5. Seoul data created with ArcGIS software. 

In addition, the context data related to the AR visualization section were extracted in 
different ways. Images related to the target object for visit were captured. In this study, 
the main gate of Sejong University was selected as the target object for visit. In addition, 
Wikipedia was used to prepare information related to Sejong University. The position of 
the Sejong main gate was defined in the system using a tracking method. The time of day 
for system testing, along with data such as age and the presence of vision problems, was 
entered via the system interface. These data were entered by the user using the list box. 
This interface also allows the storage of user position data based on the tracking model. 
These data were stored in the system and added to the context. The exact locations of the 
user and main gate are defined using GPS during the experiment. 

4.2. UTS-mAR Development 
The implementation of the analytical models used in UTS-mAR is based on a 

standard programming language, Java. In this study, the Android Studio environment 
was selected for developing the system because of its open-source nature and the possi-
bility of creating a mobile service for tourists. In this regard, the hotel recommender 
model was developed in Android Studio using the Java programming language. In ad-
dition, supplementary application programming interfaces (APIs) were added to this 
environment to introduce different functions in the model. Google API (fused location 
provider) was used to track the user. SpatiaLite for Android was used to create the dis-
tance and transformation functions. The Google Maps API allowed the system to display 
the results on Google Maps for the user. In addition, the TOPSIS and MCDM functions 
were implemented using Native coding in Android Studio, which facilitates the creation 
of an interface to simplify user interaction. In addition, R was used to implement the 
improved version of the model proposed for large amounts of data using clustering 
(Section 3.2). Spatial libraries such as sp, rgeos, rgdal, and maptools were used to analyze 
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geospatial data via R. Additionally, the hierarchical clustering library hclust was used for 
agglomerative hierarchical clustering analysis. 

The AR visualization model was also developed in the Android Studio environment 
by adding two important APIs: Google API (fused location provider) was used to track 
the user, while Google Sceneform and an (YOLO; (version 5s) object-detection software 
development kit (SDK) were used to introduce the AR capability. These AR SDKs han-
dles image based and markerless AR respectively. The output of our system is shown in 
term of markerless AR. In addition, Native coding in the Android Studio was used to 
develop the different functions used in the text-size-setting, LOD-setting, and visualiza-
tion models. The interface designed in this section was flexible, allowing the user to enter 
the context data and select the type of model for defining the AR property.  

5. Experiment and Results 
The proposed system was developed in Android Studio and R, and was tested and 

evaluated by optional users. This test was performed at two levels: hotel recommenda-
tion service test, and AR visualization service test. The details of these tests are provided 
in the following sections. 

5.1. Hotel Recommendation Service Test 
The system test at this level was performed by a default user in the Gwangjin-gue 

area of Seoul. In this test, the user was asked to operate the system at their location by 
performing the following steps: (1) entering user position by pressing the TRACKING 
button, (2) entering hotel items using the list box defined in the system, (3) storage of 
information from steps 1 and 2 as context by pressing the SET button, and (4) executing 
The system result by pressing the show map button. Figure 6 depicts the system proce-
dure for this test. 

 
Figure 6. General procedure of the hotel recommendation service. 

The results of the system test at this stage are shown in Figures 7 and 8. As shown in 
Figure 7, the user selected fast food, subways, and parks for the analysis. This infor-
mation was stored in the system. Then, the system selected seven candidate hotels in the 
vicinity of the user using a 2000 m search radius. These candidate hotels were used by the 
TOPSIS model for the final hotel selection. The result of the system test at this stage is the 
selection of the hotel with the highest CI (in this case, 0.92) among all candidate hotels. 
The details of this comparison are presented in Table 3 and Figure 9. 
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Table 3 lists the following information concerning each candidate hotel: distances to 
the closest fast food restaurant, subway, and park as C1, C2, and C3, respectively; cost 
and number of hotel stars as C4 and C5, respectively, and the CI. Figure 9 depicts the CI 
for each candidate hotel (referred to as candidates in the figure). 

In the continuation of the system test in this step, the same step was repeated for all 
candidate hotels. Therefore, the system used clustering and TOPSIS models. Four clusters 
were created in this process, and the cluster agents were compared based on the five 
criteria C1, C2, C3, C4, and C5, as mentioned previously before using the TOPSIS method 
to select the best cluster. It must be noted that the five criteria for cluster agents are ob-
tained by the average value of C1, C2, C3, C4, and C5 for each cluster’s member, which 
are called C1average, C2average, C3average, C4average, and C5average. Subsequently, 
the candidate hotels within the best cluster were compared using the TOPSIS method to 
select the final hotel. The comparison results are shown in Tables 4 and 5.  

Table 4 lists the average values of the C1, C2, C3, C4, and C5 criteria (defined in Ta-
ble 3) of the candidate hotels within each cluster agent as C1average, C2average, 
C3average, C4average, and C5average, respectively; it also lists the corresponding CIs. 
Cluster 2 has the highest CI. As a result, the selection of the final hotel will be done based 
on a comparison of candidate hotels belonging to cluster2. Table 5 lists the C1, C2, C3, C4, 
C5, and CI values for the candidate hotels within Cluster 2. As discussed before, the 
closeness of CI to l (the higher value of CI) shows a greater chance for selection of can-
didate hotels. The hotel with the highest value of CI is selected as the final hotel. The 
mentioned result shows that the result of Figure 9 is the result of the system for a search 
radius (here, 2000 m) that generates a small number of candidate hotels but the results of 
Tables 4 and 5 are for managing the largedata set, which here is using all candidate ho-
tels for the analysis. 

  
(a) (b) 

Figure 7. User item setting: (a) user position tracking and (b) hotel item selection. 
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(a) (b) 

Figure 8. Selected hotel visualization: (a) position visualization and (b) detail of the selected hotel. 

Table 3. Candidate hotel criteria matrix: C1, C2, and C3 represent distances to the closest fast food 
restaurant, subway, and park, respectively; C4 and C5 represent the cost and the number of hotel 
stars, respectively, while CI is the closeness index. 

Candidate Hotel C1 C2 C3 C4 C5 CI 
H Avenue Hotel Kondae 

Seongsoo 
4230.588 2221.525 1290.617 1 2 0.7501 

Hotel The Designers Konkuk 
University 

3154.782 2445.536 1214.613 1 3 0.909 

Hotel The Designers Premier 
Kondae 

4086.088 2201.338 1227.685 2 2 0.6207 

Plein Hotel 3679.193 2257.693 1105.75 1 0 0.5249 
W Hotel 4876.355 4247.521 1073.118 1 0 0.4429 

The Classic 500 5153.299 3011.659 1008.67 3 3 0.5121 
Hotel Cullinan2 3753.529 2284.855 1069.903 1 3 0.9278 

 
Figure 9. TOPSIS score results. 

Table 4. Cluster agent comparison using TOPSIS: C1average, C2average, and C3average represent 
the average distances of hotels from the closest fast food restaurant, subway, and park in the metric 

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

1

CI Score

CI Score



Appl. Sci. 2022, 12, 5241 19 of 29 
 

units for the cluster agents, respectively; C4average and C5average represent the average cost and 
number of stars for the cluster agents, respectively, while CI is the closeness index. 

Cluster 
C1 C2 C3 C4 C5 

CI 
Average Average Average Average Average 

Cluster 1 4263.399 2660.783 1193.158 1.125 1.875 0.449633 
Cluster 2 727.4722 963.8861 1344.764 2 3.3 0.767236 
Cluster 3 1119.911 1038.127 2221.861 1 1.4 0.625212 
Cluster 4 4384.46 2299.778 3088.15 3 4 0.326147 

Table 5. Comparison of the candidate hotels of the best cluster (Cluster 2) using TOPSIS: C1, C2, 
and C3 represent the distances to the closest fast food restaurant, subway, and park respectively; 
C4 and C5 represent the cost and number of hotel stars, respectively, and CI represents the close-
ness index of the candidate hotels in Cluster 2. 

Candidate Hotels in 
Cluster 2 

C1 C2 C3 C4 C5 CI 

LOTTE City Hotel 
Myeongdong 

199.8618 501.4997 470.4098 2 4 0.968301 

Hotel Prince Seoul 285.5777 1060.923 1148.291 2 3 0.76584 
Best Western Arirang Hill 

Dongdaemun 
988.36 2838.882 1640.39 2 4 0.38273 

GRID INN 359.6967 657.8149 308.1377 2 2 0.827459 
Hanok 24 Guesthouse 

Gyeongbokgung 1529.143 1149.351 1799.023 2 2 0.476285 

Hotel Gracery Seoul 663.8276 966.0803 1509.317 2 4 0.697971 
Hotel Skypark Kingstown 

Dongdaemun 1337.307 482.365 1324.931 2 4 0.631902 

Hotel The Designers 
Cheongnyangni  1122.58 466.6121 3547.513 2 3 0.475993 

Ibis Ambassador Seoul 
Myeong Dong 438.0678 631.4463 912.0501 2 3 0.831646 

Nine Tree Premier Hotel 
Myeongdong II 

350.2999 883.8861 787.5742 2 4 0.850426 

5.2. AR Visualization Service Test 
The main gate of Sejong University was selected as the target for testing the second 

service of the system. At this stage, the user was asked to operate the default system by 
performing the following steps: (1) entering user context such as age, presence of vision 
problems, and time of day in the first form of the system shown in Figure 10a; (2) opening 
the AR settings form by pressing the “AR service 1” button; (3) entering the AR setting 
parameters, such as type of text-size- and LOD-setting models (Figure 10b,c); (4) pointing 
the mobile camera toward the AR object—in this case, the main gate of Sejong Universi-
ty—and (5) pressing the AR service button (SET) to execute the AR scenario. The system 
procedure for this test is shown in Figure 11. 
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(a) (b) (c) 

Figure 10. AR visualization using a mobile device: (a) user item setting, (b) AR parameter settings 
page, and (c) AR parameter settings. 

 
Figure 11. General system procedure for the AR visualization service. 

The system test results of this step are shown for three different modes of the LOD 
model in Figure 12. Figure 12a shows the real object selected for the experiment herein. 
Figure 12b shows the output on running the LOD Model 1 setting, which displays all 
information (9 information fields) for the user located near the visited object. Notably, 
proximity (being near the visited object) is defined by the system via a threshold of 15 m. 
This implies that if the distance between the user and the visited object does not exceed 
this threshold, all of the information concerning the visited object is displayed. At this 
location, the “LOD Model 2” setting yields the same result. The result of this model is 
based on the membership function degree. In this test, the degree of membership was 1, 
which led to a display of 100% of the information. Notably, the font size of the experi-
mental results is determined based on the user context shown in Table 6, which is entered 
via the system interface. 

Finally, Figure 12c shows the output of executing the “LOD Model 3” setting. This 
model visualizes information based on the LOD specified by the user. In this test, the user 
selected an LOD of 3, which led to the visualization of three information fields in the 
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display stage. In addition, in this experiment, the user selected a text size of 10 sp units 
for visualization. It should be noted that the maximum LOD differs between objects. The 
LOD defined for the test object of the experiment, which was the main gate of Sejong 
University, included nine information fields. These fields were Name, ID (identification), 
Type, Establish (date of establishment), History (explanation concerning the name or 
history of the place), Location (geographic coordinates), Urban (land use), Time (time of 
opening), and President (name of the president of the institution). 

As the implementation shows, this study created an interface that is personalized 
based on the environment and context of the user. This interface adjusts the information 
properties (primarily, LOD and text size) using context data, and this is a significant in-
novation compared to other studies. 

Table 6. User context for system test. 

User Context Value 
Age 29 

Time of day (daytime) Day 
Vision problem No 

 

 
(a) 
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(b) (c) 

Figure 12. Visualization via LOD Model: (a) real object, (b) information concerning the object dis-
played by the “LOD Model 1: Distance-based model” and “LOD Model 2: Fuzzy model” settings, 
and (c) information concerning the object displayed by the “LOD Model 3: user preference” setting. 

5.3. System Evaluation 
The proposed system was evaluated by users to obtain feedback on the system from 

their perspective. To this end, the following points were considered: 
• Selection of users: Fifty-two random volunteer users participated in the evaluation. 

These users were selected from different age groups, such as young (63.46%), mid-
dle-aged, (26.92%), and old (9.62%), to obtain feedback on the system from a broad 
range of user categories. About 15.38% of these users had visual problems. Fur-
thermore, a test was carried out on the location of the users in different parts of the 
city of Seoul. 

• The evaluation was performed based on two aspects, namely, system design, and 
acceptance of the output based on user ideas. To achieve this, the design of the sys-
tem interface was evaluated in terms of effectiveness, efficiency, and user satisfac-
tion. In this regard, the usability was determined based on user responses to the 
questionnaire outlined in Table 7 [45,46]; users selected the desired score for each 
item (i.e., question) on a 5-point Likert scale. In this scale, 1 represents the worst 
case—i.e., complete user dissatisfaction—and 5 indicates complete user satisfaction. 
Notably, when a usability component consists of several items, the average of these 
item-scores is considered the output score. 
Table 8 and Figure 13 show the averages of the usability item-scores entered by all 

users for each usability component. This evaluation revealed that efficiency was the most 
accepted component, with a score of 4.159 reported in the evaluation report. Addition-
ally, the average overall score among the users, which indicates the overall user satisfac-
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tion with the system, was 4.112. Notably, the overall score was estimated by averaging 
the efficiency, effectiveness, and user satisfaction components of the usability test. 

Table 7. Questionnaire for usability testing. 

Usability  
Component Question 

Efficiency 

Is the processing time adequately fast? (slow–fast) 
How many steps does the system require to achieve the result? 

(many–few) 
How quickly does the system provide the result? (slow–fast) 

Effectiveness 

Is data entry for tourists complex or easy? (complex–easy) 
Is the size of the screen reasonable, or is it difficult to interpret? 

(difficult–easy) 
How much interpretability does the presented information offer? 

(poor–high) 

User satisfaction 

What level of alignment with your expectations concerning the 
hotel recommendation and AR visualization services do the results 

of our application provide? (poor–high) 
How likely are you to use this application as a tourist? (poor–high) 

Table 8. Usability testing results. 

Usability Item Average of All User Scores 
Efficiency 4.159 

Effectiveness 4.146 
User satisfaction 4.028 

Overall average score 4.112 

 
Figure 13. Usability testing results. 

6. Discussion 
The experimental implementation of the system demonstrates the several innova-

tions offered by the system at the application level, which distinguish it from existing 
systems [18,30]. These innovations are as follows: 

In the hotel recommendation service: 
 The proposed system applies a combination of MCDM and context-awareness, 

which enables adaptiveness or dynamism of the models in the system. Based on this 
combination, the MCDM models configure their parameters based on context. As a 
result, in the MCDM model, the alternatives (i.e., candidate hotels) are generated 
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based on the position of the user determined via the context using SF. Additionally, 
the MCDM model compares the generated candidate hotels based on predetermined 
criteria whose values are selected via user preferences. These criteria include the 
distances to the nearest transportation systems, historical attractions, and restau-
rants; notably, the types of transportation systems, historical attractions, and res-
taurants are selected by the user and stored in the context.  

 Furthermore, the hotel selection model applies clustering to manage datasets in-
volving a considerably large number of candidate hotels. This capability overcomes 
the limitation of MCDM-based models for handling many alternatives, such as can-
didate hotels for applications such as hotel selection. This also increases the per-
formance of the system. 
In the AR visualization service: 

 The AR model incorporates context-awareness to define the rules necessary for ad-
justing the properties of the information to be displayed concerning the visited ob-
ject, such as the text size and LOD. This analytical engine supports information from 
different context types, such as user and environmental contexts.  

 This engine is a functional engine that offers two different modes, namely, automatic 
and manual. If the user selects the automatic mode, the information is configured 
based on the rules defined by the system; in the manual mode, the user enters their 
preferred text size and LOD.  

 Furthermore, this engine employs spatial analysis methods, such as distance analy-
sis. Such analysis is employed to adjust the LOD of information based on the dis-
tance between the user and the visited object. The ability of users closer to a point of 
interest (POI) to obtain more information is always a basic need that causes better 
management of the access level and reduces unnecessary information for the user 
and the system. Therefore, using the proposed engine and management of LOD 
based on distance leads to achievement of this aim. 
Despite the importance of UTS-mAR and the advantages offered by it, there are 

some limitations that can be improved upon in future attempts to develop the system. 
First, UTS-mAR is designed for utilization by a single user, implying that the system 
displays the output based on the interactions of a single user with the hotel selection and 
visualization services. Therefore, for subsequent development, the system can be de-
signed such that it can accommodate multiple users and match output results across sets 
of similar users. Second, the design and implementation of the models in the information 
visualization section focus on outdoor locations; consequently, most context information 
is related to outdoor spaces. Therefore, there is scope to include more contexts or define 
more rules that can improve the quality of the system models for indoor spaces. 

7. Conclusions 
This study presents a ubiquitous system for tourism that uses a combination of 

MCDM, AR, and context-awareness, called UTS-mAR, which can be adapted based on 
user and environmental contexts. The hotel recommendation component of this system 
generates several candidate hotels based on the user’s location, compares these candi-
dates via MCDM using the TOPSIS method based on several criteria, and selects a final 
hotel. Subsequently, the selected hotel is displayed on Google Maps to facilitate naviga-
tion to the hotel for users. Additionally, an extended version of the hotel recommenda-
tion model, employing a combination of clustering and the TOPSIS method, was devel-
oped to manage the analysis of large datasets, such as those that include all candidate 
hotels. In the AR visualization component, UTS-mAR applies contextual information 
such as tourist age, presence of vision problems, and time of day during system operation 
to set the text size of outputted information. Next, this component uses the distance be-
tween the user and the visited object to adjust the LOD of information using the models 
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available in the system. Finally, the AR model uses this text size and LOD of the infor-
mation to augment information concerning the visited object. Additionally, the proposed 
system was evaluated via a usability test in terms of system design and user acceptance 
of output based on a five-point Likert scale. This evaluation yielded an overall average 
user score of 4.112, which indicates the acceptance of the system by users, owing to its 
proximity to the highest level of the Likert scale. However, the proposed system offers 
scope for future development. The criteria for hotel selection could be expanded to ac-
commodate criteria based on temporal events, such as the distance of the hotels from 
COVID-19 hotspots, or the air pollution quality of the region where the hotels are located. 
Furthermore, the user’s view of assessment-related hotels could be entered as criteria to 
the system. Moreover, criteria could be generated using smart methods; for example, 
machine learning could be used to select the attraction type for a user based on the user’s 
characteristics and the type of tourists. In the visualization service, the accuracy of the 
tracking and object recognition methods could be increased by using novel tracking 
methods and deep learning models, respectively. Additionally, the visualization model 
based on AR technology could be completed by adding three-dimensional data, such as 
the three-dimensional model during application of the LOD setting. Finally, this model 
could be improved by adding more parameters for better flexibility of the model, such as 
adding screen size in the text-size-setting model. The results of the visualization model 
will be assessed using performance analysis during the evaluation analysis. 
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Appendix A. Algorithm Pseudocode 
Algorithm A1. Hotel recommender model based on spatial filtering (SF) and mul-
ticriteria decision making (MCDM) 
1. Preparing context  
 Preparing environmental context 

 Spatial data include locations of hotels, transportation, restaurants, and 
features of tourist attractions, while non-spatial data include hotel features,  
namely, their cost and star ratings. 

 Preparing user context  
 Prepare user position using fused tracking and transformation, and accept 

user preferences, including selection of transportation type, restaurant type, 
and attraction type through the system interface. 

2. SF method for candidate hotel generation 
 Use user position and hotel feature position from the user and environmental 

contexts. 
 For each hotel: 
 Estimate distance between the user and hotel based on user and hotel lo-
cations. 
 If distance (hotel, user) ≤ search radius: 2000 m. 
 Save hotel location in the list as a candidate hotel location. 

3. Hotel selection model  
 Run Model 3.1 for final hotel selection from normal data and Model 3.2 for final 



Appl. Sci. 2022, 12, 5241 26 of 29 
 

hotel selection from large data, where large data means the number of candidate 
hotels exceeds the threshold of 30. 

3.1. MCDM for selection of final hotel from among candidate hotels  
 Preparing candidate hotel data  

 Use transportation, attraction, and restaurant feature locations, and candi-
date hotel locations obtained from the environmental context. 

 For each candidate hotel: 
 Estimate distance to the closest transportation, attraction, and restaurant features. 
 Use candidate hotel cost and star rating from context.  
 Save the above distance, cost, and star rating as candidate hotel data. 
 Run TOPSIS using candidate hotel data. 
 Estimate closeness coefficients for each candidate hotel (CI୧) using the formula 

below: 𝐂𝐈𝐢 = 𝐝𝐢𝐝𝐢ା + 𝐝𝐢 ,𝐰𝐡𝐞𝐫𝐞: 𝐝𝐢ା 𝐢𝐬 𝐭𝐡𝐞 𝐝𝐢𝐬𝐭𝐚𝐧𝐜𝐞 𝐟𝐫𝐨𝐦 𝐭𝐡𝐞 𝐩𝐨𝐬𝐢𝐭𝐢𝐯𝐞 𝐢𝐝𝐞𝐚𝐥 𝐬𝐨𝐥𝐮𝐭𝐢𝐨𝐧;  𝐝𝐢  𝐢𝐬 𝐭𝐡𝐞 𝐝𝐢𝐬𝐭𝐚𝐧𝐜𝐞 𝐟𝐫𝐨𝐦 𝐭𝐡𝐞 𝐧𝐞𝐠𝐚𝐭𝐢𝐯𝐞 𝐢𝐝𝐞𝐚𝐥 𝐬𝐨𝐥𝐮𝐭𝐢𝐨𝐧; 
Obtain the location of the hotel with the highest CI from environmental context. 
Note: see [38] for details related to the TOPSIS formula. 

3.2. MCDM and clustering for final hotel selection from among candidate hotels  
 Preparing candidate hotel data  

 Use transportation, attraction, and restaurant feature locations, and candi-
date hotel location obtained from environmental context. 

 For each candidate hotel: 
 Estimate distance to the closest transportation, attraction, and restaurant features. 
 Use candidate hotel costs and number of hotel stars from context.  
 Save the above distance, cost, and number of hotel stars as candidate hotel data. 
 Run normalization on candidate hotel data. 
 For criteria values belonging to jth column (C୧), perform the following normali-

zation: C୧ = C୧ − minሺC୧)MaxሺC୧) − MinሺC୧) ,where:i = 1: … , n; i = row number; n = number of hotels. 
 Run hierarchical clustering using normalized candidate hotel data. 
 Identify cluster numbers for candidate hotels. 
 Generate cluster agents using the average of cluster-member criteria values. 
 Use cluster agent data in TOPSIS to find the best cluster. 
 Compare candidate hotels within the best cluster using the TOPSIS method. 
 Select the hotel with the highest CI. 
 Obtain the location of the selected hotel from environmental context. 
 Note: see [19,40] for more details related to hierarchical clustering. 
4. Visualization 
 Use the location of the selected hotel. 
 Transform this hotel location into geographic coordinates (longitude and lati-

tude). 
 Visualize the geographic coordinates in Google Maps 

 
Algorithm A2: AR visualization model based on augmented reality. 
1. Preparing context  
 Preparing user context 

 Obtain user position using fused tracking, user age, and presence of vision
problems entered via the system interface. 
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 Prepare the environmental context 
 Enter time of day through the system interface, and store visited object data

comprising the location and information in the system. 
2. Text-size-setting model 
 Select automatic or manual setting options from the system interface 

 In the automatic setting, text size is set using the following rules: 
If age ≤ 30, daytime = day, and vision problem = no,  
text size is set to small (8sp). 

Else if age ≤ 50, daytime = day, and vision problem = no, 
text size is set to medium (10sp). 
Else: #This means age > 50, daytime = night, or vision problem = yes, 
text size is set to large (14sp). 
End if. 

 In the manual setting, the text size is entered into the system interface by
 the user. 

3. LOD-setting model 
 Use user and object locations and the radius of the Earth as per the following

notations: 
lat1 and lon1→The object’s latitude and longitude. 
lat2 and lon2→ The user’s latitude and longitude. 
R →The Earth’s radius, which is set to 6,371,000 m. 

3.1. Estimate distance between the user and the visited object using the haversine
formula [41,42], as follows: 

phi1 = (lat1 * PI)/180; // φ, λ in radians 
phi2 = (lat2 * PI)/180; 
dphi = (lat2-lat1)* PI/180; 
dlanda = (lon2-lon1)* PI/180; 
a = sin(dphi/2)*sin(dphi/2) +cos(phi1)*cos(phi2) *sin(dlanda/2)* sin(dlanda/2)  
c = 2* atan2(sqrt(a),sqrt(1-a))  
dist (user, object) = R*c; // in meters. 

3.2. LOD-setting model  
 Select the LOD-setting Model 1, 2, or 3 via the system interface. 

 Use Model 1 for sharp output determination using the following rule: 
If the distance (user, object) ≥ search radius: 15 m. 
LOD is general, and contains the ID and name of the visited object. 
Else#: This means distance (user, object) ≤ search radius: 15 m. 
LOD is complete. 
End if. 

 Use Model 2, which is based on fuzzy theory, to set LOD using the following
rule: 
LOD = % (Fuzzy membership grade) *Information. 

 In Model 3, the LOD is entered into the system interface by the user. 
4. Visualization model 

 Use the text size and LOD determined in the previous steps. 
 Identify the visited object using the image dataset.  
 Augment the visited object information using text size and LOD.  
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