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ABSTRACT 

DEVELOPING A RESEARCH FRAMEWORK OF AUGMENTED REALITY-BASED 

LOCATION-BASED SOCIAL NETWORKS IN THE GISCIENCE CONTEXT 

Chengbi Liu, Ph.D. 

George Mason University, 2020 

Dissertation Director: Dr. Ruixin Yang 

 

Location-based social networks (LBSN) and augmented reality (AR) are closely 

interconnected concepts which both are important research areas to the GIScience 

community. Although they have drawn remarkable research attention individually over 

the years, there has been virtually no existing attempt that examines the newly emerging 

intersection of them, AR-based LBSN. The concept of AR-based LBSN is rooted in the 

notion of AR 2.0, which was proposed by Schmalstieg, Langlotz, and Billinghurst (2011) 

and has been developed into a number of popular applications over the last decade. In 

spite of the close relationship between AR-based LBSN and GIScience, there has not 

been adequate discussion on this concept from a GIScience perspective.  

To address the importance of AR-based LBSN among the GIScience community 

and to bring new research insights both theoretically or empirically, this dissertation 

proposes a novel research framework of AR-based LBSN in the GIScience context. The 



 

main objective of this framework is to help people better understand the dynamics of 

human-place interaction, especially how characteristics of physical space/place influence 

people’s online behavior, through AR-based LBSN. This goal is fulfilled by achieving 

three sub-objectives. Specifically, this dissertation: 1) discusses from theoretical and 

application-oriented perspectives how AR-integrated LBSN can enrich the GIScience 

research agenda; 2) proposes a methodological pipeline to collect, process, and analyze 

data quantitatively from a popular AR-based LBSN (Wallame) and demonstrates the 

pipeline via a global-scale case study; 3) assesses the influence of characteristics of 

physical space/place on people’s creation and interpretation of AR information via an 

empirical qualitative study. Suggestions of improvement and directions of future research 

are proposed in the end. 

 

Keywords: Augmented Reality, Location-based Social Networks, Place, Spatial 

Analysis, Mixed-Method Research 
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CHAPTER ONE: INTRODUCTION 

1.1 Background 

 

1.1.1 Location-based Social Networks (LBSN) in GIScience 

In the last decade, online social networks (OSN) have grown from niche 

curiosities to a global phenomenon that is responsible for a significant fraction of overall 

Internet pageviews and user engagement (Kumar, Novak, & Tomkins, 2010). Unlike the 

Internet which is largely organized around content, OSN are organized around users 

(Mislove, Marcon, Gummadi, Druschel, & Bhattacharjee, 2007). People use OSN for 

multiple purposes including expressing opinions, connecting with friends, sharing 

personal experiences, providing professional or educational assistance, marketing, and 

entertainment. Thanks to the wide coverage and popularity of OSN, a vast amount of 

user-generated data, which contains various formats such as text, audio, image, video, 

and even 3D objects, can be relatively easily acquired. As a result, OSN have become an 

important source of valuable data in the “big data” era today and have drawn attention of 

researchers from numerous fields (Ellison, Steinfield, & Lampe, 2007; Mika, 2007; 

Palen, 2008).  

Among the plethora of OSN, one subcategory that is of particular interest to 

GIScience researchers is location-based social networks (LBSN). Broadly speaking, 
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LBSN can be regarded as the convergence between location-based services (LBS) and 

OSN (Fusco, Michael, Michael, & Abbas, 2010) in the Web 2.0 era. Thanks to the 

prevalence of smartphones equipped with positioning modules, LBSN enable users to 

easily generate, view, and interact with spatial data ranging from quantitative coordinates 

(e.g., longitude and latitude) to qualitative description (e.g., descriptive address), which 

are tightly coupled with location information acquired from multiple sources including 

Global Positioning System (GPS) sensors embedded in smartphones, place information 

expressed by users’ posted messages or pictures, estimated distance to cell towers or Wi-

Fi hotspots, etc. Such location information adds a layer of spatial reality to people’s OSN. 

As a result, LBSN allow people to be more informed of their behavior in society and 

even predict spatiotemporal patterns of social events. This phenomenon is named by 

Goodchild as “Citizens as Sensors” in his famous 2007 paper, which marks the beginning 

of an era of Volunteered Geographic Information (VGI) (Goodchild, 2007). Since then, 

LBSN as an important data source has gained much attention from the GIScience 

community due to its wide coverage of population and convenience of data acquisition. 

In Stefanidis, Crooks, and Radzikowski (2013), the notion of ambient geographic 

information was raised to further differentiate active geographic data contributed by users 

in order to solve geographic problems (e.g., content generated on OpenStreetMap or 

Google Map Maker) from passive geographic footprints entailed in more generic contents 

(e.g., geocoded messages/photos on Twitter and Flickr). LBSN research extends beyond 

connecting a location to an existing social network. It considers not only sharing location-

embedded information, but assesses how individuals might be connected through the 
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interdependency derived from their physical locations and their location-tagged media 

content (i.e. videos, photos, or texts). While two users in the same LBSN might not be 

directly connected through social media linkages, their locations and common interests, 

behaviors and other activities may indicate similar patterns.  

The application of LBSN research is multitude in the GIScience community. As 

summarized in Steiger, De Albuquerque, and Zipf (2015) and Roick and Heuser (2013), 

LBSN are utilized as an important data source to facilitate various research on: 1) event 

detection (Cui, Zhang, Liu, Ma, & Zhang, 2012; Jackoway, Samet, & Sankaranarayanan, 

2011); 2) disaster/emergency management (Crooks, Croitoru, Stefanidis, & Radzikowski, 

2013; Murthy & Longwell, 2013); 3) disease/health management (Gomide et al., 2011; 

Sofean & Smith, 2012); 4) traffic management (Sakaki, Matsuo, Yanagihara, 

Chandrasiri, & Nawa, 2012; Wanichayapong, Pruthipunyaskul, Pattara-Atikom, & 

Chaovalit, 2011); 5) location inference (Kinsella, Murdock, & O'Hare, 2011; B. Lee & 

Hwang, 2012; Ribeiro Jr et al., 2012), 6) social network analysis (Popescu & 

Pennacchiotti, 2010; Takhteyev, Gruzd, & Wellman, 2012; Weng & Lee, 2011); 7) 

spatiotemporal analysis of human behavior (Bawa-Cavia, 2011; Cranshaw, Schwartz, 

Hong, & Sadeh, 2012; Noulas, Scellato, Mascolo, & Pontil, 2011), etc. Popular LBSN 

such as Facebook, Twitter, and Foursquare provide large geoinformation databases that 

scientists can use to analyze various mobility issues, societal perceptions or opinions, and 

online behavioral patterns. The spatial information in LBSN is acquired generally as 

textual expression of addresses or geographic coordinates. Researchers can then associate 
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such location information and user-generated content (UGC) to discover spatial patterns 

of user behavior at aggregated level. 

Aside from being a valuable data source, LBSN also serve as testing fields for 

new conceptual models and frameworks regarding the interaction between humans and 

space. For example, Farman (2013) analyzed LBSN platforms as “interfaces of 

remembering,” or means to create and disseminate embodied individual and community 

histories of place. He contends that, as people can access digital space anywhere using 

mobile devices, they then locate themselves in digital space and material space 

simultaneously, with each shaping perceptions of the other. Schwartz and Halegoua 

(2015) introduce the concept of the “spatial self,” encapsulating the process of online 

self-presentation based on the display of offline physical activities. They argue that 

instead of simply occupying and utilizing physical space, people actually build their 

online identity by associating themselves with the narratives of a place, particularly with 

LBSN.   

The notion of “spatial self,” which “is shaped by the character of a physical place 

and the ways users associate themselves with physical place” (Schwartz & Halegoua, 

2015), provides for me a valuable lens through which I can understand how physical 

places as an external factor has an impact on UGC in the digital space. There have been a 

number of empirical LBSN studies on this topic. Hannak et al. (2012) and Li, Wang, & 

Hovy (2014) have discovered that aggregate user sentiment on Twitter follows distinct 

weather patterns in different geographic locations. Mitchell, Frank, Harris, Dodds, and 

Danforth (2013) have generated a U.S. national map of happiness, suggesting that 
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characteristics of cities, including demographic factors and wealthy level, are highly 

correlated to people’s word usage and sentiment on Twitter. Similar studies have been 

conducted by Gallegos, Lerman, Huang, and Garcia (2016) and Gore, Diallo, and Padilla 

(2015). In addition, X. Chen and Yang (2014) have found that the local food environment 

can significantly affect people’s food-related activities such as dietary choices on Twitter. 

In Shelton (2017), the author has noticed the importance of more geographically-situated 

or place-aware analyses of LBSN data, arguing that geographic analysis of LBSN data 

using the single latitude/longitude coordinate pair attached to each individual data point 

often leads to kind of simplistic mappings and interpretations. For example, a Twitter 

user may post something like “This is life!” on Twitter while enjoying a vacation in 

Bahamas. The reason why he or she makes such expression may be multitude: having a 

beautiful view of the sea, feeling the warm breeze from the ocean, or smelling and tasting 

a large plate of fresh seafood in front of him or her, etc. These important elements of the 

surrounding environment cannot be holistically captured by most LBSN which merely 

denote the place with a string of address or a pair of geographic coordinates.  

 

1.1.2 Place in GIScience 

Among the many LBSN studies conducted within the GIScience community, one 

particular area of interest is the study of place, which has long been at the frontline of 

both GIScience and human geography research. As a fundamental concept in the 

discipline of geography, compared to space, the notion of place is more practical and 

intuitive to human understanding, yet less clear or computable to machines due to its 
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intrinsic vagueness. One prominent work concerning the notion of space and place is 

Agnew (2011), where the author succinctly analyzed the distinctions and 

interrelationships of these two crucial concepts in geography. Agnew suggested that the 

definition of place includes three aspects: (1) location – where “an activity or object is 

located and which relates to other sites or locations because of interaction, movement and 

diffusion between them;” (2) locale – the environment where “everyday-life activities 

take place. Here the location is not just the mere address but where of social life and 

environmental transformation;” and (3) sense of place – the experiences offered by a 

place or a community to a group of people and their shared perceptions and 

conceptualization of a place “as a unique community, landscape, and moral order.”  

An important mechanism through which spaces can become places, noted by 

Cresswell (2014), is through naming. The act of naming attaches meanings to places with 

varying geographical scale, and it is the meanings that make places different from 

“bounded entities.” In Massey (2013), the view of place as “bounded entities” with inside 

clearly distinguished from outside and with simplistic, essential entities is critiqued by 

the author. Massey argues that places “…can be imagined as articulated moments in 

networks of social relations and understandings, but where a large proportion of those 

relations, experiences and understandings are constructed on a far larger scale than what I 

happen to define for that moment as the place itself, whether that be a street, or a region 

or even a continent.” In Gao, Janowicz, McKenzie, and Li (2013), the typical spatial 

perspective in GIScience is defined to be mainly “based on geometric reference systems 

that include coordinates, distances, topologies, and directions,” while the alternative 
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platial perspective is usually characterized “by place names and textual descriptions as 

well as semantic relationships between places.”  

Due to its intrinsic vagueness, the formulation and transformation of place is often 

an informal and subtle process, hence had been difficult to study from an empirical 

perspective. However, in recent years, with the many VGI activities that citizens are 

engaging in via LBSN, the study of place has increased both in quantity and in variety 

(Hardy, Frew, & Goodchild, 2012). Specifically, a number of LBSN studies have been 

implemented to discover how spatial semantic characteristics from LBSN datasets help 

me delineate places or characterize point-of-interest (POI) or area-of-interest (AOI). For 

example, Wakamiya, Lee, Kawai, and Sumiya (2015) have attempted characterizing 

urban areas in Japan based on a Twitter dataset; Nguyen et al. (2016) have used a large 

Twitter dataset in U.S. and machine learning techniques to delineate a national 

neighborhood map of happiness, diet, and physical activity. In Quinn and Yapa (2016), 

researchers have helped communities in Philadelphia create greater food security by 

mapping the informal food resources in their communities (e.g., urban gardens, sources 

of compost or organic matter to support those gardens, farmer’s markets, food banks and 

soup kitchens). Zhou and Zhang (2016) extracted from Twitter and Foursquare the spatial 

distribution hotspots of six types of urban functions in Boston and Chicago. 

From a more methodological perspective, Adams and Janowicz (2012) presented 

a topic modeling methodology to estimate geographic regions from unstructured, non-

georeferenced text on Wikipedia and travel blogs by computing a density surface of geo-

indicative topics over the Earth’s surface. Adams and McKenzie (2013) proposed a 
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method to measure the degree to which certain thematic characteristics of places are local 

or global, as well as analyzing their changes over time. Jiang, Alves, Rodrigues, Ferreira 

Jr, and Pereira (2015) utilized the POI data from Yahoo along with publicly available 

aggregated employment data from census at the block group level to derive fine 

resolution of disaggregated land use estimates (i.e., employment by category) at the city 

block level. Then, they used machine learning algorithms to match and cluster point types 

into a labeled business establishment taxonomy, and then compared it with ground-truth 

data from commercial business data vendors. Their method is demonstrated to have a 

better fit for the estimated employment population across all city blocks comparing with 

the traditional uniform-distribution disaggregation approach. The ongoing trend in this 

research direction, as depicted by Gao, Janowicz, and Couclelis (2017), lies in data-

synthesis-driven approaches to study places and vague cognitive regions as well as the 

semantic generalizations of urban settings (Gao, Janowicz, Montello, et al., 2017; Hobel, 

Abdalla, Fogliaroni, & Frank, 2015; Hobel, Fogliaroni, & Frank, 2016).  

To derive and study the semantic meanings of place, the aforementioned 

researchers have heavily relied on textual or check-in/presence information mined from 

LBSN. However, as a holistic concept encompassing both environmental characteristics 

and human perceptions, place cannot be fully represented by mere texts, tags, or check-

ins generated by users in LBSN. In spite of all the efforts made on extracting semantic 

meanings from textual and check-in datasets, characteristics of place conveyed via non-

textual aspects are much less discussed upon, yet they are at least equally important. This 

is largely due to the scarcity of non-textual LBSN datasets and relevant extraction 
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techniques in the early years. As non-textual data, predominantly geotagged photos and 

videos, become more and more popular in LBSN recently, researchers have shown an 

increasing interest in them. For example, Hu, Gao, et al. (2015) have matched textual tags 

of a particular AOI with preferred photos generated from spectral clustering. In Kaneko 

and Yanai (2016), the authors proposed a similar system which makes use of “geo-photo 

tweets” which are tweets including both geotags and photos in order to visually and 

geographically cluster various events together. Both representative photos and geotags 

are selected to describe events at places. In Antoniou et al. (2016), researchers have 

extracted and classified geo-tagged photos and their metadata from Flickr, Panoramio and 

Geograph to delineate a land cover map. A similar study is conducted by Tracewski, 

Bastin, and Fonte (2017), where the authors used a deep learning network to filter and 

classify geo-tagged photos for land use characterization. Dunkel (2015) evaluated crowd-

sourced geo-data photos from Flickr for visualizing landscape perception within the 

context of environmental perception analysis. He used density of photos, spatial 

distribution of tags, and label priority ranking altogether to demonstrate that analyzing 

crowdsourced data may contribute to a more balanced assessment of the perceived 

landscape.   

Studies using geotagged photos have largely filled the gap of extracting and 

delineating non-textual characteristics of place. However, there still lacks adequate 

discussion on how non-textual or non-tagged information influences the semantic 

meanings and characteristics of places. In addition, one particular concern with these 

geotagged photo studies is the assumption of localness. Many of the geotagged photos on 
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LBSN are actually edited and submitted later, instead of being generated on site. 

According to Johnson, Sengupta, Schöning, and Hecht (2016), the localness assumption 

holds in only about 75% of cases in three large LBSN (twitter, Flickr, and Swarm), 

resulting in misrepresentative conclusions in VGI-based studies. Without the localness 

assumption, the validity and quality of hyper-local and non-textual information, such as 

brightness, colorfulness, or particular objects/events at a particular place, would be 

considerably undermined.  

 

1.1.3 Augmented Reality (AR) in GIScience 

Augmented Reality (AR) is a visualization technology which overlays real world 

views or scenes with virtual, computer-generated, objects that appear to visually coexist 

in the same space. Different from virtual reality (VR) which replaces the physical reality 

with an immersive, fully digital environment, AR modifies the perceived real world 

perceived by the individual by adding pieces of digital information onto it (Wellner, 

1991). Compared to the fully immersive VR, AR is situated near the end of “real 

environment” on the spectrum of Mixed Reality (Milgram & Kishino, 1994), which 

allows users to still perceive and interact with the real environment when viewing virtual 

information. As illustrated in his famous pioneering article, Azuma (1997) viewed AR as 

a variation of virtual environments which supplements reality rather than completely 

replacing it. Azuma contended that AR as a generic system should contain three essential 

characteristics:  

1) Combines real and virtual  
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2) Is interactive in real time  

3) Is registered in three dimensions (3D)  

Over the past two decades, AR has become a well-established technology in 

multiple domains and has achieved consumer market status in recent years, largely due to 

the prevalence of mobile devices equipped with high computational processors, high-

resolution displays, and multiple sensors. AR is integrated in everyday applications 

including but not limited to (Pardel, 2009): 

• geolocation using GPS and geographic information systems (GIS); 

• geonavigation, especially marine and air traffic; 

• car navigation, including autonomous car driving; 

• UAV (unmanned aerial vehicle) geonavigation; 

• geovisualizations of interactive maps, that is, displaying and interactive 

analysis of terrain, interactive 3D maps, and landscape visualizations; 

• building information modeling: visualization and modeling of buildings 

and/or urban fabric, also using mobile applications; 

• support for visitors: displaying tags and labels of observed objects; 

• simulations: flight and drive simulators; 

• virtualization of conferences; 

• entertainment and education (e.g., mobile treasure hunt games for outdoor 

learning); 
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• searching by images (the newest service supported by, for example, 

Google, is related to geolocation using images of terrain objects, that is, 

search places by images); 

• assembly process by leveraging augmented reality, cloud computing, and 

mobile devices which include mobile AR and digital maps (Gonzalez-

Sanchez, Conley, Chavez-Echeagaray, & Atkinson, 2012).  

As indicated in the list above, AR is closely related to applications and 

technologies in GIS. In fact, the notion of AR has a long history in GIS research, 

especially in the field of geovisualization. In Feiner, MacIntyre, Höllerer, and Webster 

(1997), a prototype system that combines the overlaid 3D graphics of augmented reality 

with mobile computing was proposed. Then, in Höllerer, Feiner, Terauchi, Rashid, and 

Hallaway (1999), such system was improved to enable both outdoor and indoor users to 

access and manage information that is spatially registered with the real world, which is 

often seen as one of the first successful integration of AR and GIS. In King, Piekarski, 

and Thomas (2005), an AR platform called ARVino was built for visualizing 3D data 

outdoors using a movable tripod-based computer. Ghadirian and Bishop (2008) have 

developed a technique which makes a linkage between GIS-based modelling and realistic 

panoramic video frames to dynamically augment a landscape view with modelled 

temporal changes. As the computing capacity of mobile devices becomes more and more 

powerful, developments and research on mobile AR have become more popular. For 

example, Liarokapis et al. (2005) proposed a prototype of a mobile AR system for 

presenting geographical information as 3D digital models. In Hedley, Billinghurst, 
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Postner, May, and Kato (2002), the authors propose two possibilities to collaboratively 

explore geographical data. The first one is an interface which combines AR and the 

user’s hand tracking through image analysis. The second one offers different interaction 

techniques (zoom, move, notes, etc.) by using for example the zoom tool metaphor so 

users can explore data. Another example is Paelke and Sester (2010), where researchers 

explore the design space of augmented paper maps in which maps are augmented with 

additional functionality through a mobile device to achieve a meaningful integration 

between device and map that combines their respective strengths. Sun, Li, Zhang, Wang, 

and Wu (2007) brought forward the concept of ARGIS, a geographic information system, 

digitally describes, stores and controls the objective geographic world, meanwhile, 

integrates such descriptions into the real world, offers the space information of a 

designated object and supplies the outdoor mobile information interaction. In Zhang, 

Han, Hao, and Lv (2016), the authors designed an mobile AR based underground pipeline 

information system, which respectively realizes a computer vision based version (CV-

version) and a sensor based version (Sensor-version). 

One major gap in the existing ARGIS research is that the majority of studies 

regard the “S” in GIS as “system” instead of “science,” which is largely due to the lack of 

theoretical frameworks and empirical studies that investigate how AR applications and 

techniques relate to important concepts and practices in GIScience (e.g., place and LBSN 

studies). Instead of being simply a tool of 3D-geovisualization, AR has the potential to 

influence people’s perception and interaction with place and each other in a virtual 

network. Thankfully, with the increasing integration of AR into LBSN, it has become 
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feasible to capture mass geographic information in AR to help researchers understand its 

significance in the GIScience field. The concept of AR-based LBSN is rooted in the 

notion of AR 2.0, which is proposed by Schmalstieg et al. (2011). AR 2.0 envisions 

platforms which support the spontaneous authoring, storing, and sharing of AR content in 

place for a wide range of users. Similar to Web 2.0, the concept of AR 2.0 opens the door 

to crowdsourced AR information by shifting the authority over AR content creation and 

dissemination from enterprises and governments to the general public. As argued by 

Schmalstieg et al. (2011), the implementation of AR 2.0 is facilitated by several key 

components, including: 

a) smartphones as a low-cost platform that combine AR display, tracking and 

processing,  

b) mobility to realize AR in a world model, 

c) backend infrastructure for the distribution of AR content and applications,  

d) easy to use authoring tools for creating AR content,  

e) large-scale AR tracing solutions which work in real time. 

Over the last decade, several commercial and non-commercial LBSN (e.g., Sekai 

Camera, Layar, Wallame, and Libre Geo Social) have implemented the concept of AR 

2.0 by integrating AR in their LBSN user interface. Subsequently, a number of studies 

have been implemented to examine these framework and applications. In MacIntyre, Hill, 

Rouzati, Gandy, and Davidson (2011), researchers presented the design and 

implementation of the Argon AR Web Browser and combined it to the popular KML 

language (the spatial markup language for Google Earth and Maps), allowing users to 
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easily develop and share 2D and 3D content using existing web technologies. Liao and 

Humphreys (2015) have identified emerging uses of mobile AR-based LBSN thorough 

qualitative interviews with Layer users. Scholz and Smith (2016) presented a framework 

to apply AR-based LBSN in marketing places to engage consumers more effectively. 

Trojan, Chudáček, and Chrastina (2017) implemented a web-based platform to dynamize 

static data for popular AR-based LBSN such as Layer and Wikitude. However, most of 

these applications and analyses of AR-based LBSN are rooted in the disciplines of 

cognitive science, mass communication, or computer vision. There lacks adequate 

discussion from a GIScience or spatial perspective.  

 

1.2 Research objective 

As discussed in section 1.1, LBSN, Place, and AR are closely interconnected 

concepts which are important research areas to the GIScience community. Although they 

have drawn remarkable research attention individually over the years, there has been 

virtually no existing attempt that examines the intersection of these three concepts and 

brings new research insights whether theoretically or empirically. This is largely due to 

the lack of a well-developed AR-based LBSN with mature user base and rich UGC, 

compared to regular LBSN such as Twitter and Facebook. Fortunately, in recent years I 

have observed the rapid development of AR-based LBSN thanks to technical 

improvements of smartphone cameras and wearable devices. With powerful tech 

companies including Apple, Google, and Facebook investing more and more heavily in 

AR devices and platforms (e.g., ARCore and ARKit), I can be certain to see AR-based 
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LBSN grow faster and bigger in the near future. In this regard, this dissertation serves as 

a pioneering work in the GIScience realm which applies both quantitative and qualitative 

methods on data gathered from an existing AR-based LBSN to study topics of interest. 

Particularly, thanks to the intrinsic spatial nature of AR content generated by users, this 

dissertation aims at providing a new angle through AR-based LBSN to measure and 

analyze how human interact with place. In other words, the main objective of this 

dissertation is to develop a research framework of AR-based LBSN in the GIScience 

context so that people may better understand the dynamics of human-place interaction, 

especially how characteristics of physical space/place influence people’s online behavior. 

This goal is fulfilled by the achievement of three sub-objectives: 

Sub-objective 1: Evaluate characteristics of AR-based LBSN in the GIScience 

context 

How can researchers utilize AR-based LBSN to enrich the GIScience research 

agenda? Before implementing empirical studies, this important question needs to be 

answered to provide a theoretical foundation for following research. As AR-based LBSN 

is still a relatively new concept to GIScientists, it is necessary to first review its status 

quo and evaluate its characteristics from a GIScience perspective so that I can understand 

this new type of LBSN in a broad scope.  

Sub-objective 2: Develop a pipeline to effectively obtain and quantitatively 

analyze massive UGC of AR-based LBSN  

As a theoretical foundation of AR-based LBSN is laid, analytical methods need to 

be then developed. Similar to regular LBSN like Twitter, AR-based LBSN generates a 
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large volume of UGC. The nature of AR ensures such UGC to be embedded with visual 

information of the physical place where it is created. Therefore, to understand how such 

visual information correlates to people’s online behavior, a methodological pipeline to 

effectively obtain, process, and quantitatively analyze UGC from AR-based LBSN is 

prompted for development. As the pipeline is established, a case study is then needed to 

demonstrate the efficacy of proposed methods applied on a real dataset from AR-based 

LBSN.  

Sub-objective 3: Qualitatively assess how physical space/place affect people’s 

creation and interpretation of AR information 

Following the case study of the quantitative pipeline, a qualitative user study is 

needed in order to gather people’s subjective opinion on their usage of AR-based LBSN 

in relation to surrounding space/place. Does characteristics of the physical environment 

intrude people’s creation/interpretation of virtual information in AR? Do people learn 

new knowledge of places from AR information created by others? Compared to mass 

collection and analysis of raw UGC, answers to these questions are more accurate and 

contextualized in a small-scale qualitative user study. Complementing the correlational 

findings from the quantitative study, findings from this qualitative study may bring some 

idiographic insights on potential causal relationships between place characteristics and 

people’s behavior on AR-based LBSN. 

 

1.3 Structure of dissertation 

This dissertation contains five chapters:  
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Chapter 1 serves as the introduction which lays out research background, reviews 

key literature in related fields, and introduces research objectives.  

Chapter 2 aims to achieve sub-objective 1. It examines the development of AR-

based LBSN and outlines its impacts and benefits in GIScience research. Based on the 

status quo of AR-integrated LBSN, this chapter discusses from theoretical and 

application-oriented perspectives how AR-integrated LBSN could enrich the GIScience 

research agenda in three aspects: data conflation, platial GIS, and multimedia storytelling. 

The chapter concludes with guidelines in visualization, functionality, and ethics that aim 

to help users develop and evaluate existing AR-integrated LBSN.   

Chapter 3 aims to achieve sub-objective 2. Specific research questions are raised 

to discover if people’s sentiment on AR-based LBSN is influenced by the color 

information they perceive from the surrounding physical environment. A methodological 

pipeline is proposed to collect and analyze data quantitatively from a popular AR-based 

LBSN (Wallame) and is demonstrated via a global case study. The findings bolster 

existing psychological theories on color-mood relationship and display intriguing 

geographic patterns of the influence of local visual information on UGC in AR-based 

LBSN.  

Chapter 4 aims to achieve sub-objective 3. Utilizing Wallame as an urban probe, 

an empirical qualitative user study is implemented among students on the campus of 

George Mason University (GMU). User feedbacks are collected via two surveys to assess 

the influence of characteristics of physical space/place on people’s creation and 
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interpretation of AR information. In addition, user-perceived usefulness of AR-based 

LBSN in terms of place-specific knowledge generation is evaluated.  

Chapter 5 summarizes the dissertation and proposes future research directions.  
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CHAPTER TWO: ENRICHING THE GISCIENCE RESEARCH AGENDA: 

FUSING AUGMENTED REALITY AND LOCATION-BASED SOCIAL 

NETWORKS 

2.1 Introduction 

AR overlays real world views or scenes with virtual, computer-generated, objects 

that appear to visually coexist in the same space. It is well-established in multiple 

domains and has achieved consumer market status, mainly due to the prevalence of 

smartphones equipped with high computational processors, high-resolution displays, and 

multiple sensors. As a result, AR is integrated in everyday applications, including games, 

marketing strategies, navigation aids, home design software, personal assistance and 

general education applications. However, one important aspect has not been discussed 

sufficiently: the potential application of AR in LBSN. LBSN discussions started early 

2010 when developers tried to better understand how to connect user locations with user 

social networks. LBSN are tightly coupled with location information acquired from 

multiple sources including GPS sensors embedded in smartphones, place information 

expressed by users’ posted messages or pictures, estimated distance to cell towers, etc. 

Such location information adds a layer of spatial reality to people’s online social network. 

As a result, LBSN enable to be more informed of people’s behavior in the society and 

even predict spatiotemporal patterns of social events.  

Inspired by the increasing importance of AR and LBSN, the idea of combining 

both is not entirely new. Under the term “Augmented Reality 2.0” (Schmalstieg et al., 

2011), there have been theoretical and technical approaches of integrating mobile-based 
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AR and LBSN. Several commercial applications, e.g., Sekai Camera and Wallame have 

been successfully developed for the mass market. However, there have been few 

discussions on the potential impacts as well as evaluation methods of AR-integrated 

LBSN in the GIScience community. To bridge this gap, the chapter discusses the impacts 

of AR-integrated LBSN with a particular focus on how AR may benefit LBSN 

researchers in the GIScience field. 

 

2.2 LBSN in GIScience Research 

In recent years, LBSN as an important data source has gained much attention 

from the GIScience community due to its wide coverage of population and convenience 

of data acquisition. LBSN research goes beyond connecting a location to an existing 

social network. It considers not only sharing location-embedded information, but assesses 

how individuals might be connected through the interdependency derived from their 

physical locations and their location-tagged media content (i.e. videos, photos, or texts). 

While two social media users might not be directly connected through social media 

linkages, their locations and common interests, behaviors and other activities might 

indicate similar patterns. Smartphones provide several location tracking options, e.g. 

GPS, cell tower positioning, WiFi localization, etc. that enable mobile social media 

platforms. From Facebook, Google to Foursquare, recording physical locations has 

become crucial in social media usage. Thus, LBSN provide large geoinformation 

databases that scientists can use to analyze various mobility issues, societal perceptions 

or opinions, and online behavioral patterns.  
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Aside from being valuable a data sources, LBSN also serves as testing fields for 

new conceptual models and frameworks regarding to the interaction between human and 

space. For example, Farman (2013) analyzes LBSN platforms as “interfaces of 

remembering” or means to create and disseminate embodied individual and community 

histories of place. He contends that as people can access the digital space anywhere using 

mobile devices, they then locate themselves in digital space and material space 

simultaneously, with each shaping perceptions of the other. Schwartz and Halegoua 

(2015) introduce the concept of the “spatial self” that encapsulates the process of online 

self-presentation based on the display of offline physical activities. They argue that 

instead of simply occupying and utilizing the physical space, people actually build their 

online identity by associating themselves with the narratives of a place, particularly with 

LBSN. 

Significant LBSN contributions in the GIScience field are summarized by Roick 

and Heuser (2013). In their assessment, LBSN have played important research role in:  

a) analyzing and predicting of social ties (Crandall et al., 2010), 

b) assessing human behavior in space and time (Cheng, Caverlee, Lee, & Sui, 2011), 

c) locating generated content (Gelernter & Mushegian, 2011), 

d) locating users (Davis Jr, Pappa, de Oliveira, & de L Arcanjo, 2011),  

e) disaster response (Jessica Li & Rao, 2010), and  

f) monitoring diseases and health (Collier, Son, & Nguyen, 2011). 

In addition, other GIScience-based researchers state that LBSN have been used in 

data quality assessments (Hochmair & Zielstra, 2012) and privacy protection (Vicente, 
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Freni, Bettini, & Jensen, 2011). Both of these topics are major concerns, not only in 

LBSN. In spite of all the useful applications of LBSN, Roick and Heuser (2013) note that 

there is a lack of discussion on multiple critical LBSN issues, such as the 

representativeness and availability of LBSN data as well as debates on data ownership. 

For GIScience, I have observed LBSN being a valuable resource from which novel 

research questions are raised and massive amounts of data are collected.  

 

2.3 The Fusion of AR and LBSN 

2.3.1 AR 2.0 

AR-integrated LBSN are best described by the term “Augmented Reality 2.0” 

(Schmalstieg et al., 2011), which envisions platforms which support the spontaneous 

authoring, storing, and sharing of AR content in place for a wide range of users. The 

concept of AR 2.0 is borrowed from the common notion of Web 2.0 which shifts the 

authority of web content creation and dissemination from professionals to the lay people. 

As argued by Schmalstieg et al. (2011), the implementation of AR 2.0 is facilitated by 

several key components, including:  

a) smartphones as a low-cost platform that combine AR display, tracking and 

processing,  

b) mobility to realize AR in a world model, 

c) backend infrastructure for the distribution of AR content and applications,  

d) easy to use authoring tools for creating AR content, and  

e) large-scale AR tracing solutions which work in real time. 
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These components need to be integrated into architectures which design the ways 

to construct AR applications on mobile devices. One representative architecture is the 

“Gateway” architecture (Butchart, 2011a) that describes the design framework of popular 

mobile AR browsers (Figure 1).  

 
Figure 1. “Gateway” architecture for mobile AR browsers (based on Butchart (2011a)). 

 

 

 

In the “Gateway” architecture, the “Platform” is a vendor provided web server 

which mediates requests from the AR browser to the world model that is a digital 

representation of the environment, including points of interest (e.g., tourist attraction), 3D 

objects and metadata (Butchart, 2011a). This design is named “Gateway” architecture as 

the “Platform” functions as a gatekeeper to virtual models published on the World Wide 

Web (e.g, Layar, Sekai Camera and Wallame). For a more open AR browser architecture 

which enables the sharing of crowdsourced information, a “Web” architecture was 

proposed (Butchart, 2011a) (Figure 2). 
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Figure 2. “Web” architecture for mobile AR browsers (based on Butchart (2011a)). 

 

 

 

In the “Web” architecture the “Platform” component is eliminated and the AR 

application becomes a genuine web browser with unmediated access to the World Wide 

Web (e.g., LibreGeoSocial). AR 2.0 can be implemented via both the “Gateway” 

architecture and the “Web” architecture. The former one is more restrictive for users but 

offers vendors more control over content, which means a better control on the quality of 

AR content but less freedom of creation. The latter releases users from any dependency 

on a platform provider but requires them a good effort to make content discoverable and 

accessible through the world model (Butchart, 2011a). 

 

2.3.2 Existing applications 

The fast development of smartphones with their integrated sensors, i.e., GPS, 

camera, gyroscope, accelerometer, magnetometer, etc. resulted in several approaches to 
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integrate AR browsers. Butchart (2011b) highlights five AR browsers that were 

developed for mobile devices: Layar, Junaio, Wikitude World, Sekai Camera, and Libre 

Geo Social. Among these AR browsers Junaio, Sekai Camera, and Libre Geo Social 

supported social networking functionalities; however Sekai Camera was the only 

commercialized development (exclusively for the Japanese market), but discontinued in 

2013. Sekai Camera employed location based tracking and offered developers and 

content publishers an API. This mobile application allowed to create AR-based text 

messages, photos, and audio recordings (dubbed air tags) and “drop” them on the spot in 

the form of floating bubbles and icons. Other local App users were alerted about the posts 

and were able to interact with these geo-tagged virtual Post-It notes. Figure 3 shows the 

user interface of Sekai Camera.  
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Figure 3. User interface of Sekai Camera. 

 

 

 

For positioning purposes, only Junaio utilized computer vision (CV) for optical 

detection and recognition of markers and objects. The other AR browsers used GPS 

coordinates, the gyroscope, the magnetometer and Wi-Fi to position the smartphone. 

Therefore, it was difficult to accurately position user comments with particular objects in 

smaller spaces. In addition, the lack of CV techniques resulted in relatively static displays 

of information. For instance, a large music festival might draw the attendance of 

thousands of Sekai Camera users who would create thousands of AR-based “air tags.” 

These “air tags” would remain visible in the social networks even if the event was over, 

unless the initiator would remove them. Meaningless and outdated “air tags,” combined 

with an unstructured information overflow contributed to the termination of the Sekai 
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Camera in 2013. In addition, the development of other mobile-based AR browsers that 

support social media network functions gradually halted over time. 

Although the initial attempts of commercializing AR-integrated LBSN did not 

succeed, the potential of mobile AR applications has been proven. In 2015, the Wallame 

App was launched on both iOS and android platforms. Wallame is very similar to Sekai 

Camera in that it enables users to post virtual messages or pictures in the physical world 

and share them with others. Depending on author preferences, messages can be shown to 

selected friends or any Wallame user (Figure 4). The adoption of CV techniques made 

positioning of messages in Wallame more accurate, compared to Sekai Camera. In 

addition, messages in Wallame can be viewed remotely in a built-in picture gallery so 

that users are not required to be physically present at the location where the message was 

created. Wallame has become a mature AR-integrated LBSN over the last five years and 

claimed over 100,000 downloads on Google Play Store. However, Wallame currently 

does not support sharing 3D models, nor does it give users the opportunity to collaborate 

with each other on the creation and modification of AR content.  
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Figure 4. Screenshot of Wallame. 

 

 

 

2.4 Enriching the GIScience research agenda 

Over the last few years, AR-integrated LBSN has demonstrated its potential as an 

innovative technology. In 2017, social network companies, e.g. Apple, Google, and 

Facebook decided to invest in AR by launching their own platforms, i.e., ARkit, ARcore, 

and AR Studio. For consumers, AR-integrated LBSN could provide new experiences in 

socializing and entertainment. As many of the functions and tasks relate to GIScience 
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theory, GIScientists should participate in the fusion of AR and LBSN. Thus, this process 

will enrich the GIScience research agenda. LBSN have been extensively explored and 

analyzed in various GIScience-related fields such as location inference, spatial dynamics 

of human behavior, event detection and prediction, spatial information extraction, etc. 

However, as highlighted by Sui and Goodchild (2011), the convergence of GIScience and 

LBSN brings key challenges to researchers in many aspects as well. Roick and Heuser 

(2013) summarized these challenges into three categories: new theories for GIScience, 

social aspects, and information extraction. They further address several open issues under 

these categories which need a more thorough discussion in the GIScience community: 

data conflation, platial GIS, and multimedia storytelling.  

 

2.4.1 Data conflation 

Data from LBSN will attain its full potential when various datasets complement 

each other (Roick & Heuser, 2013). Otherwise, there will be much noise and 

misalignment in the data which significantly mitigate its usability. Data conflation is 

necessary to process the massive amount of social-media data from various sources with 

various levels of uncertainty (Sui & Goodchild, 2011). The problem of spatial data 

matching and conflation has been studied extensively throughout the recent years. A 

number of methods have been developed, implemented and evaluated, yet very few of 

them are implemented in the context of LBSN data, which is often vague in expression 

and poor in accuracy (Ruiz, Ariza, Ureña, & Blázquez, 2011).  
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Janowicz, Raubal, and Kuhn (2011) contended that in order to fuse geographic 

data from social networks, matching methods are required that employ geometric 

proximity and semantic distances in a combined manner. In addition, AR-integrated 

LBSN can offer a third layer of ambient information to assist geographic data conflation 

at local scale using CV techniques. For instance, principal component analysis is one of 

the most widely adopted CV techniques to identify features in an image (Ke & 

Sukthankar, 2004; Rodarmel & Shan, 2002; Swiniarski & Skowron, 2003). As an 

example for GIScience applications, Kawaji, Hatada, Yamasaki, and Aizawa (2010) 

combined robust image matching by PCA-SIFT and a fast nearest neighbor search 

algorithm based on Locality Sensitive Hashing (LSH) for indoor positioning. Their 

system quickly estimates user positions with high accuracy. Illustrated by Wallame, AR-

integrated LBSN nowadays rely heavily on CV to capture and analyze the surrounding 

environment in order to spatially register users’ information in the 2D or 3D space. In a 

popular place, people may create several AR messages that share the same environment 

information, from which common patterns or features can be extracted as a unique 

representation of the place. Such information can be utilized as a useful and accurate 

complement to geometric proximity and semantic distances in terms of data synthesis. 

 

2.4.2 Platial GIS 

The concept of space has long been the primary way to associate information with 

a location on the Earth. Space emphasizes accurate positions and distances which can be 

measured and represented by using geographic coordinate systems. However, humans 
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tend to refer to specific locations by name, without knowing its exact position or extent 

(Elwood, Goodchild, & Sui, 2013). For example the terms, “Downtown Washington 

D.C.” or “the hipster neighborhood in the city” refer to places without specific spatial 

boundaries, yet most people quickly grasp the essential characteristics linked to these 

vaguely defined concepts. M. F. Goodchild (2015) states that platial GIS is particularly 

important to understand human perceptions and behaviors in the environment and within 

society. Due to the uncertain and qualitative nature of places, platial GIS has not been 

fully explored before the prevalence of LBSN. M. F. Goodchild and Hill (2008) 

described the gazetteer, an index of officially recognized place-names, as providing an 

essential link between the informal world of human discourse and the formal, spatial 

world of GIS. Nevertheless, a gazetteer provides only a limited link, being traditionally 

composed of a triple (name, type, location) where location provides a point coordinate 

even for a spatially extended object (Elwood et al., 2013).  

Platial GIS studies have been significantly advanced by user-generated content 

(UGC) acquired from LBSN through large user groups. Citizens are more engaged in the 

production of place-based information (Roche, 2016). Personal places are being self-

staged by using people’s words and perception. Hollenstein and Purves (2010) noticed 

that users seek to ascribe appropriate semantics to images. Therefore, they used 8 million 

Flickr images with georeferenced and tagged metadata not only to describe the use of the 

term “Downtown” across the United States of America, but also to explore the borders of 

city center neighborhoods. The study demonstrated the important notion of blurriness in 

platial GIS using UGC. As place boundaries were summarized from millions of 
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geotagged pictures, taken by users with different boundaries perceptions; region 

delineation was smoothed rather outlined using sharp boundaries (Hollenstein & Purves, 

2010). Cranshaw et al. (2012) developed a clustering algorithm for millions of users’ 

Foursquare check-in data to find “livehoods” in cities. According to the authors, these 

“livehoods” have somewhat replaced the traditional idea of neighborhoods or districts as 

they represent a more organic, accurate, and human-friendly city zoning. Studies like 

these demonstrate the importance and potential of UGC for the derivation of place 

representations. 

AR can help advancing my understanding of place formulated by crowdsourced 

LBSN data. Thus I propose a corresponding model between AR-based information and 

what is construed as place. Place is related to the qualitative description and the naming 

of a specific location, rather than to the geometric characterization of space (Roche, 

2016). In a broad sense, space can be considered as physical reality and place as a virtual, 

fluid, and vaguely-defined perception which overlays on the reality of space. This 

corresponding relationship is modelled in Figure 5. 
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Figure 5. Correspondence between reality/virtuality and space/place. 

 

 

 

In traditional LBSN, the virtual information which formulates places is separated 

from physical reality (space). For example, people may vaguely describe a “fun place” in 

a city based on people’s comments online without visualizing it spatially. In AR-

integrated LBSN, the virtual information formulating notions of place actually occupies 

space through the AR browser. In the example above, people can see each other’s 
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comments virtually overlaying the surrounding environment and get a direct sense of 

where and what a “fun place” is. Therefore, AR visualizes how places are formulated and 

described in space. Another issue with traditional LBSN is the uncertainty of localness. A 

study on three separate social media communities (Twitter, Flickr, Swarm) revealed that 

the localness assumption holds valid in only about 75% of geotagged records gathered 

from popular LBSN (Johnson et al., 2016). In addition, the act of location spoofing has 

proliferated in recent years and has more or less threatened the reliability of user-

generated geospatial contents (Zhao & Sui, 2017). With AR-integrated LBSN, the 

impacts would be mitigated as people are forced to create content in situ. 

AR-integrated LBSN instigate a valuable GIScience research agenda regarding 

space and place interaction. For instance, users may have various perceptions regarding 

the same space, or share the same perception of different spaces. Such subjective 

inconsistency would hinder the discussion of important GIScience topics such as 

geospatial ontologies. Overall AR-integrated LBSN can display how users understand 

places differently and thus provide a more open and informed platform for 

communication.  

 

2.4.3 Multimedia storytelling 

Geospatial technologies, open geodatabases, web-based multimedia expand the 

ability and audience for storytelling through various kinds of spatial representations. 

Anyone with a smartphone or computer can use spatial representations to tell a story 

(Kerski, 2015). In response to this decentralizing trend of storytelling via spatial 
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representations, Sui and Goodchild (2011) asked this now classic question, facing the 

convergence of GIScience and social media: Which methods and models can be used to 

link GIS with the “multimedia metaverse,” to tell stories about the surface of the Earth 

better, and to develop a more coherent narrative for the future?  

In recent years, several open platforms were developed to use GIS and 

multimedia to tell stories online, such as Esri’s Story Maps (http://storymaps.arcgis.com) 

and Map Story (http://mapstory.org). In these story maps, a user identifies a topic of 

interest, situates its spatiotemporal extent using timelines and maps, expresses his/her 

experiences or opinions regarding the topic, and enriches the story with supplementary 

media such as pictures, videos, and audio clips. Other users can interact with the story 

maps by exploring these places, viewing different timestamps and adding comments. 

Storytelling usually occurs in a two-dimensional web-based setting. AR-integrated LBSN 

can generally enhance storytelling experiences because users are situated in the real 

environment. Zünd (2016) demonstrated that AR is a promising technology for 

storytelling, because it can enhance the immersion and interactivity of a narrative and 

create a social experience for multiple users.  

With AR-based LBSN, stories are not merely to be told but to be experienced in a 

holistic environment that embeds users, locations, objects, events, and emotions 

altogether. The user experience is transformed from relating different pieces of 

information to one another to “living through” the narrative (Bimber & Raskar, 2005). 

AR has a history of being used in professional fields for research and educational 

purposes (Bimber, Encarnação, & Schmalstieg, 2003; Braun, 2003; Feiner et al., 1997; 

http://storymaps.arcgis.com/
http://mapstory.org/


37 

 

Höllerer et al., 1999). Recent efforts in the creation of “AR Portals” developed via ARkit, 

which allow users to physically cross a virtual portal in the AR browser and experience 

different spatiotemporal realities, have shown the potential for users to create, experience, 

and share content-rich stories in AR. A combination of AR, geoinformation and social 

networks will create a highly interactive and personalized storytelling experience (Figure 

6).  

 

 

 

 
 

Figure 6. Screenshots of an "AR Portal" prototype. 

 

 

 

2.5 Developing and Evaluating AR-integrated LBSN  

With more consumer market and advanced AR technologies and applications on 

the horizon, the advancement of AR-integrated LBSN is foreseeable. To better 
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understand the characteristics of different AR-integrated LBSN and to improve their 

usability and usefulness, it is necessary to adopt development and evaluation guidelines 

that are systematic, valid, and consistent. Papagiannakis, Singh, and Magnenat‐Thalmann 

(2008) compared 30 mobile AR browsers and developed five application criteria:  

a) application domain (What does the AR browser do?) 

b) location (Is the AR browser used indoor or outdoor?) 

c) type of display (Is the AR browser handheld or head-mounted?) 

d) content augmentation (Does the AR browser show 2D, static 3D or dynamic 3D 

information?) 

e) tracking and registration methods (How does the AR browser position itself in 

space?)  

Based on this initial work, Butchart (2011b) incorporated additional criteria 

including user actions and API availability, which weigh more on the social aspect of 

mobile AR browsers, to provide standards for evaluating mobile AR browsers.  

Given these initial efforts, there are currently no existing guidelines that could be 

used to systematically develop, consistently assess AR-integrated LBSN (Schmalstieg et 

al., 2011). Therefore, the following development and evaluation guidelines for AR-

integrated LBSN are proposed. It needs to be noted that, different from the previous 

frameworks of mobile AR browsers (Langlotz et al., 2012; Langlotz, Nguyen, 

Schmalstieg, & Grasset, 2014; Vico, Toro, & Rodríguez, 2011), these guidelines do not 

describe specific system architectures or designs of AR-integrated LBSN. Similarly to 

Vera and Sánchez (2016), this chapter highlights essential categories and components 
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that solely aim for successful AR-LBSN usage and development. These guidelines 

provide insights to the development and evaluation of AR-integrated LBSN and will set 

the basis for future GIScience-based application developments.  

These GIScience-oriented guidelines contain three major categories that should be 

considered when fusing AR and LBSN: Visualization, Functionality, and Ethics. These 

categories and associated core concepts are outlined and explained in the following 

sections (Figure 7). 
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Figure 7. Conceptual framework of AR-integrated LBSN. 

 

 

 

2.5.1 Visualization 

Visualization is one of the most prominent features of AR, i.e. it overlays virtual 

objects onto reality. Therefore, as AR and LBSN are integrated together, it is important to 

assess how existing and newly created information in LBSN may be visualized. Four 

components are identified for the visualization category: 
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● Dimensionality: Examines if information in LBSN is visualized in two or three-

dimensions. Two-dimensional information would include images, video and text 

that adhere to surfaces, i.e. walls, doors, windows, etc. Three-dimensional 

information would visualize three-dimensional objects and these objects would be 

created and positioned anywhere in a location, e.g. in a historic market place, 

tourist attraction, open air concert. 

● Clustering: Assesses if AR content in LBSN can be properly grouped for visual 

clarity. It is important to cluster multiple postings (photos, text, etc.) in one 

location when necessary in order to generate a visually balanced appearance and 

avoid filling up a user’s smartphone screen. Sekai Camera is an example where 

clustering was not applied and AR content crowed the visual display. Thus, the 

product failed in the mass market, even after having received rave reviews from 

technology experts. 

● Quality: Evaluates the overall visual quality and resolution of AR content in 

LBSN. Depending on the application purpose, AR content might be visualized at 

different resolutions and varying dimensionality, aggregated or generalized. 

Therefore, developers need to balance the computational cost, complexity and 

visual output properly. 

● Scalability: Outlines how AR information should be displayed at different 

geographic scales. Although AR is often embedded in a hyper-local context, users 

may want to apply the technology sometimes to larger areas. An individual user 

may use AR to add a memo on the fridge surface whereas a city government may 
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use AR to show boundaries of city districts. Developers need to work with 

different sensors and algorithms to ensure that AR information can be geo-

registered and displayed at different geographic scales smoothly. 

  

2.5.2 Functionality 

Being more than a visualization technique, AR provides a new way of interacting 

with the surrounding environment. Users already use various functions of LBSN such as 

publishing personal opinions, chatting with friends, organizing social events, etc. AR can 

bring new insights into the LBSN communication by incorporating more functionalities, 

three of which are listed here:  

  

● Tracing: Assesses if the virtual information in LBSN can follow the traces of 

objects or people in reality. LBSN is a virtual environment where information is 

separated from the physical content, and AR can provide the option of registering 

virtual information in reality, whether stationary or mobile. For example, a user 

may choose to leave a stationary message in a public space or to create a mobile 

virtual marker that follows himself/herself for others to see. Effective indoor and 

outdoor positioning techniques would be key to the successful implementation of 

this functionality. 

● Interacting: Evaluates how users can interact with AR-based information via 

different techniques in LBSN. For example, a simple interaction could be based 

on scanning QR codes, and a more complex function would be to recognize 
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predefined keywords or images. Ultimately, users can expect to directly extract or 

post virtual information to/from any object or human in reality. 

● Collaborating: Reviews how users can collaborate on projects, events, and games 

in an AR-integrated LBSN. LBSN allow people to work together and AR 

technologies greatly enhance people’s collaboration abilities. Relevant functions 

range from message sharing and event organizing to street art creation. LBSN 

users can expect to utilize AR to maximize creativity outcomes and increase 

efficiency for tasks in multiple fields. 

    

2.5.3 Ethics 

As a new technology is being gradually adopted by society, there are inevitable 

ethical concerns involved in this process. To provide some insights on this matter, the 

following ethical concerns for developers and researchers need to be considered:  

  

● Accessibility: Evaluates the accessibility and representativeness of data generated 

in AR-integrated LBSN. The integration of AR and LBSN could bring an influx 

of AR content which is useful for various data analytics approaches, such as 

behavioral studies, market analysis, etc. Developers should consider ways to store 

and maintain the AR data safely and provide mechanisms for data contribution, 

retrieval, query and classification. Several questions are unanswered: How can I 

make AR-integrated LBSN more accessible to the public? How to promote 

fairness in the creation and publication of AR content? To answer these questions, 
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user-friendly design and openly accessible data should be emphasized by both 

developers and users. 

● Privacy: Examines if there are any mechanisms of information filtering in LBSN. 

Can a user limit some AR content to a particular group? Can a user choose not to 

see what disturbs him/her? Every user may see the virtual landmarks created by 

the city government, while a user’s personal messages, pictures and videos may 

be visible only to his/her friends. Traditionally in LBSN, information can be 

filtered by users’ relationship (messages can only be viewed by friends) or content 

(a user can choose to see only topics of interest). Due to the hyper-locality nature 

of AR content, developers may add geographic proximity as another filter to 

protect users’ privacy. 

● Discernibility: Assesses if the virtual information can be recognized and 

distinguished from the reality. As AR technologies advance and popularize, 

people may confuse virtual objects with real objects. This can be a caveat as some 

AR information may be dangerous to careless users, for instance, virtual 

roadblocks or stairs. In addition, there may be safety concerns if a user is too 

absorbed (present) in the virtual world. Therefore, there need to be effective 

solutions to help users discern virtual objects in AR. 

 

2.6 Conclusion 

While AR-integrated LBSN have been developed and shown promise to become 

mass market products, there are still several barriers to gaining popularity in society. For 
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example, in-situ authoring and editing of 3D objects is still a challenge to many devices. 

In addition, the lack of light, wearable display devices means that users constantly need 

to hold their smartphones or tablets at particular angles to see and interact with virtual 

information. This handling issue is a major hindrance of AR browser usage and could be 

overcome by wearable devices and multimodal interaction modes. Although AR-

integrated LBSN are still at the innovation/early adoption stage, researchers in the 

GIScience community need to be aware of potential impacts and research and 

development opportunities. This chapter has reviewed the status quo of AR-integrated 

LBSN and outlined how the GIScience research agenda could be enriched in aspects of 

data conflation, platial GIS, and multimedia storytelling. Example questions that arise 

from here include: 

● Can ambient information in AR-integrated LBSN assist spatial data 

matching/clustering? 

● Can AR-integrated LBSN reveal different characteristics of places? 

● What is the fundamental difference between AR and other social media in terms 

of multimedia storytelling?  

Moving forward, my research will develop a research pipeline which serves as an 

example of working with AR-based LBSN in order to assess the impacts of local visual 

information on user sentiment online. Future studies will also incorporate qualitative 

methods which allow me to discover the impacts, requirements, opportunities and values 

of AR-integrated LBSN in GIScience. 
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CHAPTER THREE: ANALYZING RELATIONSHIP BETWEEN USER-

GENERATED CONTENT AND LOCAL VISUAL INFORMATION WITH 

AUGMENTED REALITY-BASED LOCATION-BASED SOCIAL NETWORKS 

3.1 Introduction 

Online social networks have grown from niche curiosities to a global 

phenomenon that is responsible for a significant fraction of overall Internet usage (Kumar 

et al., 2010). People use online social networks for numerous purposes including 

expressing opinions, connecting with friends, sharing personal experiences, providing 

professional or educational assistance, marketing, or entertaining customers and clients. 

If shared publicly, UGC that can be based on various media such as text, audio, photos, 

video or 3D objects, could become easily accessible for data analysis. Online social 

networks have become an important source of valuable social media data for many 

domains in today's “big data” era. 

LBSN, a subcategory of online social networks, can be regarded as the 

convergence between location-based services and online social networks (Fusco et al., 

2010). Through the prevalence of smartphones equipped with positioning modules, 

LBSN enable users to easily generate, view, and interact with spatial information. All 

LBSN data is tightly coupled with location information acquired from multiple sources 

including GPS sensors embedded in smartphones, place information expressed by user-

generated messages or pictures, estimated distance to cell towers or Wi-Fi hotspots, etc. 

As a result, LBSN provide an important basis to analyze human behavior in society and 

even predict spatiotemporal patterns of social events. 



47 

 

Traditionally, LBSN acquire locational information as a string of addresses or a 

set of coordinates. Researchers can then associate such information with relevant UGC to 

implement further analyses, such as discovering people’s behavioral patterns and 

delineating place boundaries. A number of studies have used geotagged data from LBSN 

to investigate how user sentiment can be affected or correlated to the external 

environment. For instance, Hannak et al. (2012) noticed in a study that changes in 

humidity and temperature can have significant influence on user sentiment on Twitter. 

Similarly, Li et al. (2014) compared weather data from NOAA and tweets in same 

spatiotemporal settings and found out that people’s moods on Twitter correspond to a 

number of weather factors including temperature change, precipitation, and hail.  

In spite of works focusing on macro-level external factors like weather, local 

visual information at micro-level, such as brightness, colorfulness, or particular 

objects/events in the surrounding environment, is usually not captured and thus becomes 

a missing component in LBSN analysis. For example, a Twitter user may post a 

statement “Life is good!” while enjoying a cup of coffee in a café. There may be multiple 

factors at the scene which contribute to such positive statement: cozy lighting of the 

environment, a friendly and charming waitress serving him, or the aroma from a cup of 

coffee in front of him. These important elements, especially color, of the surrounding 

environment cannot be captured by a mere string of address, a pair of coordinates, or 

even the name of the café, which are most common types of spatial information in LBSN. 

Numerous studies in the field of cognitive psychology have shown various kinds of 

significant color-mood relations across cultures and people (Naz & Epps, 2004; Ou, Luo, 
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Woodcock, & Wright, 2004; Palmer & Schloss, 2010; Wilms & Oberfeld, 2018). While 

most LBSN allow users to capture and post visual content such as images and videos, 

such content often fails to reflect the immediate background environment when people 

post their message. This is largely because localness cannot always be assumed when 

users create content on LBSN. People may choose to create content in one spatiotemporal 

setting and publish it in another. According to Johnson et al. (2016), the localness 

assumption holds in about 75% of cases in three large LBSN (Twitter, Flickr, and 

Swarm), resulting in potentially misrepresentative conclusions in pertinent studies.  

In regard of the need to acquire and associate local visual information with UGC, 

I argue in this study that the integration of AR and LBSN proves to be a promising 

approach. AR overlays real world views or scenes with virtual objects or information 

generated by computers that appear to visually coexist in the same space. I discussed in 

the previous chapter how AR-based LBSN allow users to create, share, store, and modify 

AR content and highlighted the research potential it would bring to the GIScience 

community (Liu & Fuhrmann, 2018). Thanks to the spatial nature of AR, AR-based 

LBSN can provide me with UGC that is organically interwoven with surrounding visual 

environment.  

In this chapter, I first discuss the status quo of AR-based LBSN and briefly 

review relevant practices on geotagged photo analysis. After that, I raise specific research 

questions and propose a methodological framework to extract and analyze data from AR-

based LBSN. I demonstrate this framework via a case study of data from Wallame, which 

is currently the most popular AR-based LBSN on market. Findings from the case study 
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are then discussed to explain the link between UGC and local visual information. Being 

the first study using data from AR-based LBSN, I confirm in my findings the existence of 

color-mood correlations from an empirical standpoint and contribute to a broader 

discussion in LBSN analysis of the importance of local visual information. I conclude the 

chapter with discussion on limitation of my study and directions of future work. 

 

3.2 Related work on AR-based LBSN 

As a crucial technology in computer visualization and mixed reality, AR has been 

studied and applied in industry for quite a long time, including the field of GIScience, 

and especially in areas related to geovisualization. As early as of 1997, a prototype 

system that combines the overlaid 3D graphics of augmented reality with mobile 

computing was proposed (Feiner et al., 1997). Sun et al. (2007) brought forward the 

concept of ARGIS, which digitally describes, stores and controls the objective 

geographic world, meanwhile, integrates such descriptions into the real world, offers the 

space information of a designated object and supplies the outdoor mobile information 

interaction. In recent years, as the computing capacity of mobile devices becomes more 

and more powerful, developments and research on mobile AR have been rapidly 

emerging. In Paelke and Sester (2010), researchers explored the design space of 

augmented paper maps in which maps are augmented with additional functionality 

through a mobile device to achieve a meaningful integration between device and map that 

combines their respective strengths. In Zhang et al. (2016), the authors designed a mobile 
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AR based underground pipeline information system, which respectively realized a 

computer vision based version (CV-version) and a sensor based version (Sensor-version). 

Despite the fact that the notion of AR has a long-standing history in GIScience, 

AR-based LBSN are still at a nascent phase and has gained limited attention from 

academia. The concept of AR-based LBSN is rooted in the notion of AR 2.0, proposed by 

Schmalstieg et al. (2011). Thankfully, with an increasing exposure to various types of 

AR-based LBSN (e.g., Sekai Camera, Layar, Wikitude, and Libre Geo Social) on market 

over the last decade, researchers have started to realize its significance from the 

GIScience perspective. In MacIntyre et al. (2011), researchers presented the design and 

implementation of the Argon AR Web Browser and combined it to the popular KML 

language (the spatial markup language for Google Earth and Maps), allowing users to 

easily develop and share 2D and 3D content using existing web technologies and Liao 

and Humphreys (2015) have identified emerging uses of mobile AR-based LBSN 

through qualitative interviews with Layar users. Scholz and Smith (2016) presented a 

framework to apply AR-based LBSN in marketing places to engage consumers more 

effectively. Trojan et al. (2017) implemented a web-based platform to dynamize static 

data for popular AR-based LBSN such as Layar and Wikitude.  

As AR-based LBSN is still a novel concept to both the public and the GIScience 

community, I have found virtually no study that implement analysis over data extracted 

from existing AR-based LBSN. However, leaving the AR concept aside, there has been 

continuous efforts discovering the connection between characteristics of UGC and local 

visual information, especially through studies of geotagged photos and videos in LBSN. 
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For example, Hu, Gao, et al. (2015) have matched textual tags of a particular area of 

interest with preferred photos generated from spectral clustering. In Kaneko and Yanai 

(2016), the authors proposed a similar system which makes use of “geo-photo tweets” 

which are tweets including both geotags and photos in order to visually and 

geographically cluster various events together. Both representative photos and geotags 

were selected to describe events at places. In Antoniou et al. (2016), researchers extracted 

and classified geo-tagged photos and their metadata from Flickr, Panoramio and 

Geograph to delineate a land cover map. A similar study is conducted by Tracewski et al. 

(2017), where the authors used a deep learning network to filter and classify geo-tagged 

photos for land use characterization. Dunkel (2015) evaluated crowdsourced geo-data 

photos from Flickr for visualizing landscape perception within the context of 

environmental perception analysis. He used density of photos, spatial distribution of tags, 

and label priority ranking altogether to demonstrate that analyzing crowdsourced data 

may contribute to a more balanced assessment of the perceived landscape.  

In light of existing research on geotagged photos in LBSN, I present this study in 

purpose of proposing AR-based LBSN as a valuable avenue to harvest both UGC and 

local visual information simultaneously. In recent years, AR as a unique feature of 

visualization has been widely advertised and applied in video chatting or photo editing in 

common social media, including Facebook, Snapchat, and iMessage. Besides offering a 

tool that creates 3D virtual avatars for people, AR also provides a unique opportunity for 

people to leave virtual traces in the physical reality, which is the focus of my present 

study on AR-based LBSN. As people virtually interact with the physical reality through 
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AR, I may be able to closely observe how local visual information affect online content 

generated by social media users.  

 

3.3 Research questions 

The overall research question of this study seeks to find out whether people’s 

sentiment expressed on AR-based LBSN is influenced by the color information they 

perceive from the surrounding physical environment, or is a random outcome 

independent from the environment. This overall question is further divided into three 

research questions as stated below: 

Research question 1: Is people’s emotion polarity influenced by the color 

information they perceive from the surrounding physical environment? 

Research question 2: Is people’s emotion magnitude influenced by the color 

information they perceive from the surrounding physical environment? 

Research question 3: Is people’s message length influenced by the color 

information they perceive from the surrounding physical environment? 

 

3.4 Methodology 

Before implementing the study, I first propose here a methodological framework 

to describe my general workflow (Figure 8). The framework primarily derives from my 

work on Wallame, while it is certainly expandable and applicable to other AR-based 

LBSN.  
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Figure 8. Framework of AR-based LBSN analysis. 

 

 

 

Wallame is currently the most popular AR-based LBSN platform with over 

200,000 users worldwide (estimation based on the number of Google Play Store 

downloads). This smartphone application allows users to take a picture of the 

surrounding environment and overlay this picture with creative content (text, freehand 

drawing, and image), generating a so-called “wall.” Wallame then uses the device’s 

positioning function to geotag this “wall” and aligns it in 3D space with reference to 

visual patterns of the background image. Once processed, an icon of this “wall” will be 

indicated on an online map and its UGC will become visible in reality to other Wallame 

users who are visiting the same location (Figure 9). Specifically, people can hold their 

smartphone and use its camera to replicate this “wall” in Wallame, in order to read the 

virtual message created by its author at this particular location. Users can then perform 

generic actions on LBSN such as sharing, liking, commenting on each other’s “walls” on 

Wallame, and adjusting privacy settings so that only selected users or groups have access 

to the posted content. In summary, Wallame allows users to create, view and share virtual 

doodles in reality.  
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Figure 9. Screen capture of Wallame “walls” map and two “wall” examples 

 

 

 

As shown in the framework, my study on Wallame is divided into four parts: data 

extraction, UGC separation, visual information summary, and data analysis. Each part is 

elaborated below: 

 

3.4.1 Data extraction  

AR-based LBSN can host various types of data, including text, image, audio, 

video, and even 3D objects. To make such data available for further analysis, 

commercialized LBSN, such as Layar and Wikitude, provide publicly accessible 

application programming interface (API) to the public at a price, which is similar to most 

well-established LBSN (e.g., Twitter, Facebook, Flickr, and Foursquare). However, 

smaller AR-based LBSN, such as Wallame and World Brush, often do not provide APIs 

to the public. Therefore, web scraping approaches are sometimes needed to extract their 
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data, which is the case in the present study with Wallame. As data from Wallame 

(“walls”) are hosted on Google map and are freely accessible in JSON format by the 

general public, I was able to browse and scrape them in a Microsoft Edge web browser. It 

should be noted that to avoid legal disputes, I contacted Wallame in the beginning of my 

study and acquired their permission on my scraping activity.  

 

3.4.2 UGC separation 

An intrinsic nature of AR-based LBSN is that virtual and real elements are 

displayed to users in a mixed form, whether in 2D or 3D. As a result, it is necessary to 

recognize virtual information created by users and separate it from real information of the 

visual background in order to implement further analysis. Wallame allows users to 

generate “walls” by overlaying text, image, emoji and freehand drawing over a 

background photo. In my study, I focused on recognizing and extracting textual content 

from the scraped “walls.” I used Google’s optical character recognition (OCR) tool 

through its Cloud Vision API to complete this task, largely because Wallame is used all 

over the world in multiple languages (and English is not the dominant language) and 

Google’s OCR tool supports the recognition of most major languages in the world well 

(Walker, Fujii, & Popat, 2018). Google’s Cloud Vision service has been reliably utilized 

in numerous GIS-related fields including ecosystem services (Richards & Tunçer, 2017), 

indoor navigation (Serrão et al., 2015), location-based advertising (Vignesh Kandasamy, 

Madhu, Gupta, Niveditha, & Bordoloi, 2018), etc. Before I applied the OCR tool to all 
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collected records, I validated its performance using 585 manually labeled records to 

determine its accuracy rate. 

In addition to text recognition, Google’s OCR tool also provides the function to 

delineate box boundary of detected text. Using this information, I was able to crop out 

textual content from the scraped “walls” and fill missing pixels with surrounding pixels 

using inward interpolation, so that visual features of the background can be mostly 

preserved. This step was implemented in MATLAB 2019a. 

 

3.4.3 Visual information summary 

Once UGC was separated from the scraped “walls,” I computed various measures to 

summarize characteristics of visual information in the background. My first step was to 

convert RGB color scheme into HCL (Hue-Chroma-Luminance) color scheme for all 

images. HCL color space was originally proposed by Sarifuddin and Missaoui (2005) and 

has been widely adopted by researchers in various visualization scenarios and computer-

vision studies including meteorological research (Stauffer, Mayr, Dabernig, & Zeileis, 

2015), visual surveillance (Maddalena & Petrosino, 2008), and text extraction (Kim, Lee, 

& Kim, 2009). HCL is a polar transformation of the uniform CIELUV color space. 

Compared with common color spaces such as RGB, HSV, or HSL which are more 

suitable and understandable for machines, HCL is designed to be perceptually based and 

more human friendly (Zeileis, Hornik, & Murrell, 2009). With HCL color space, I can 

directly acquire measures on color (hue), saturation (chroma) and brightness (luminance) 
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as people visually perceive the local environment, and make reasonable implications of 

how these measures might influence people’s mood and expression.  

The transformation was first implemented in MATLAB 2019a to convert RGB 

into CIELab color space (color represented in three dimensions of L, a, and b). The 

lightness value, L, represents the darkest black at L = 0, and the brightest white at L = 

100. The color channels, a and b, represent true neutral gray values at a = 0 and b = 0. 

The a axis represents the green–red component, with green in the negative direction and 

red in the positive direction. The b axis represents the blue–yellow component, with blue 

in the negative direction and yellow in the positive direction. Then, while the lightness 

measure L remained unchanged, the conversion of a and b to c (chroma) and h (hue) was 

implemented using the following formulas (Zeileis et al., 2009): 

Equation 1 

c = √𝒂𝟐 + 𝒃𝟐 

h = atan2(b, a) (h = h + 2𝝅 if h < 0) 

 

As RGB values were transformed into HCL values for each pixel in a background 

image, I computed mean and standard deviation values of all pixels’ HCL values in the 

image to summarize visual characteristics of the background image. In addition, I 

adopted a useful, human-tested metric of colorfulness suggested by Hasler and 

Suesstrunk (2003). In their study, 20 non-expert participants were asked to rate 84 images 

on a 1-7 scale of colorfulness. Then, the authors derived a simple metric that correlated 

with the results of the participants via a series of experimental calculations. They found 

through these experiments that a simple opponent color space representation along with 
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the mean and standard deviations of these values correlates to 95.3% of the survey data. 

The colorfulness metric M was calculated as below (in RGB color space): 

Equation 2 
rg = r – g 

yb = 0.5 * (r + g) – b 

σrgyb =√𝜎𝑟𝑔
2 + 𝜎𝑦𝑏

2
 

μrgyb =√𝜇𝑟𝑔
2 + 𝜇𝑦𝑏

2  

M = σrgyb + 0.3 * μrgyb 

It should be noted that there exists more complicated and robust descriptors of 

image such as SIFT (Lowe, 2004), SURF (Bay, Tuytelaars, & Van Gool, 2006), and 

WLD (J. Chen et al., 2009). However, most of them emphasize on feature/pattern 

recognition in order to enhance machine learning performances in computer vision. In my 

study, I primarily focused on human perception of color in the local environment as my 

goal is to understand how local visual information that is immediately perceivable to 

human eyes relates to UGC on social media. In the future, I would like to incorporate and 

examine other dimensions of human visual perception such as texture (i.e., complexity 

and regularity of the background image) in my framework.  
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3.4.4 Data analysis 

To summarize characteristics of textual content created by Wallame users, I first 

employed sentiment analysis on the extracted text. Sentiment analysis is an important 

component of social media analysis in the geospatial domain and a number of relevant 

studies have been applied. Ballatore and Adams (2015) built a multi-dimensional model 

of place emotion based on the vocabulary in the WordNet-Affect lexicon and applied the 

model to about 100,000 travel blog posts in order to explore the emotional structure of 

places. Babac and Podobnik (2016) through their sentiment analysis on a harvested 

Facebook textual dataset found that men and women similarly express hard emotions 

such as anger or fear, while there is a significant difference in expressing soft emotions 

such as joy or sadness regarding to soccer games. Wang et al. (2016) performed text 

mining on geotagged tweets to detect people’s emotions in the response to a wildfire. 

Wang and Zhou (2016) performed sentiment analysis on citywide TripAdvisor hotel 

reviews and found that spatial dependence exists in customer satisfaction. Sentiment 

analysis can also be implemented beyond textual information. For example, Kang et al. 

(2019) found out the relationship between human emotions and environmental factors 

based on a happiness ranking list of places generated by human emotions calculated over 

2 million faces detected from over 6 million photos. Raja et al. (2018) presented a 

taxonomy on affect recognition from a variety of physical sensors including phone 

sensors, body sensors, vehicle sensors, etc.  

In this study, because of Google Cloud’s wide coverage of languages and 

relatively reliable performance, I again adopted its sentiment analysis service provided 
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via the Cloud Natural Language API which has been used extensively in commercial 

applications as well as in academia (Tran, Nguyen, Nguyen, & Golen, 2018). Google’s 

sentiment analysis generates two measures: score and magnitude. The score of a 

document's sentiment ranges from -1 to 1 and indicates the overall emotion of a 

document (-1 being most negative and 1 being most positive). The magnitude of a 

document's sentiment ranges from 1 to infinity and indicates how much emotional 

content is present within the document, which is often proportional to the length of the 

document. The analysis was implemented in Python 3.4. In addition to these two 

measures, I computed text length (i.e., number of characters) of each Wallame record and 

normalized the magnitude measure with it. I used sentiment score, normalized sentiment 

magnitude, and text length as dependent variables of UGC in my study. In terms of 

independent variables, I used all six calculated visual measures (mean and standard 

deviation values of hue, chroma, and luminance respectively) plus a colorfulness measure 

computed according to Hasler and Suesstrunk (2003). Each Wallame “wall” contains a 

pair of latitude/longitude coordinates which enables me to perform spatial analysis.  

As all variables are collected, I first employed a multiple linear regression (MLR) 

model using ordinary least squares (OLS) on each dependent variable and all independent 

variables to examine the general association between them. Each OLS model was carried 

out with a spatial weights matrix, which applied a method of adaptive bandwidth 

optimized by AICc (corrected Akaike Information Criterion) values on a Gaussian kernel, 

to diagnose the model’s spatial dependence. Such parameters were chosen due to the 

study’s exploratory nature, as I lack prior knowledge on data from AR-based LBSN. 
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With the spatial weights matrix, I applied Moran’s I analysis, which measures how 

autocorrelated features are spatially, on each model’s residuals and found significant 

signs of spatial autocorrelation. This suggested that a spatial model, such as 

geographically weighted regression model (GWR), was needed to better describe my data 

than OLS. GWR is a variation of the OLS model by adding a level of modeling 

sophistication that allows the relationships between the independent and dependent 

variables to vary by locality (Fotheringham, Brunsdon, & Charlton, 2003). It is widely 

used as an exploratory technique to analyze features that are spatially heterogeneous. 

Briefly speaking, GWR constructs an OLS equation for every feature in the dataset, 

which incorporates the dependent and independent variables of features falling within the 

aforementioned bandwidth of each target feature. The OLS and GWR models were 

implemented in GeoDa (Anselin, Ibnu, & Youngihn, 2006) and ArcGIS Pro respectively. 

 

3.5 Findings 

3.5.1 Dataset 

We scraped data directly from the Google map embedded in Wallame for a week 

in January 2019. Each Wallame record (“wall”) is consisted of a picture with UGC 

overlaid on the background, anonymous user ID, as well as associated spatiotemporal 

information (i.e., geographic coordinates and time stamp). As shown in Table 1, in total I 

acquired 46,591 unique “walls” globally, generated by 15,434 unique Wallame users. I 

detected 31,911 “walls” containing textual information, of which 28,801 “walls” had 

valid sentiment score and magnitude information, and 16,228 of them were non-zero 
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(meaning that the sentiment is not neutral). From “walls” containing text, I randomly 

chose 585 and manually labeled them to examine the accuracy of Google’s OCR tool. I 

acquired a correct rate of 95.8% which was considered to be sufficient to proceed with 

further analysis.  

 

 

Table 1. Summary of scraped Wallame data. 

 

Total number of walls 46,591 

Number of walls containing text 31,911 

Number of walls with sentiment 28,801 

Number of walls with non-neutral sentiment 16,228 

OCR correct rate (based on N=585 sample) 95.8% 

Number of unique users 15,434 

 

 

Figure 10-12 displays heat maps of all collected “walls” across the world as well 

as in different regions, from which I can observe that Wallame is mostly used in central 

Europe, metropolitan areas in North America, and parts of Latin America. Countries with 

high Wallame usage include Poland, Israel, USA, Spain, Hungary, Mexico, and 

Denmark. 
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Figure 10. Global heat map of public “walls” on Wallame. 

 

 

 

 
Figure 11. Heat map of public “walls” on Wallame in North and Central America. 
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Figure 12. Heat map of public “walls” on Wallame in Europe. 

 

 

 

3.5.2 Model results 

Table 2 displays statistically significant (p<0.05) coefficients in all three OLS 

models. We can see that the colorfulness metric as computed in Hasler and Suesstrunk 

(2003) is the only factor that is significantly correlated to sentiment score, indicating a 

positive correlation between a colorful environment as perceived by human eyes and 

people’s mood expressed online. In addition, standardized deviation of hue and mean of 

chroma values are two factors positively associated with all three dependent variables, 

indicating a positive relationship between people’s sentiment expressed and the general 

color liveliness in the environment. On the other hand, luminance factors display a 

negative correlation with the dependent factors. 
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Table 2. MLR standardized coefficients of three dependent variables in the OLS model (significant level=0.05 

(bolded)). 

  
Sentiment Score Normalized Sentiment Magnitude Text Length 

Hue mean -1.59607E-05 -0.00026717 -3.58615E-

08 

Hue std.dev 0.000157924 0.00264353 3.54834E-

07 

Chroma mean 0.00013407 0.002244222 3.01236E-

07 

Chroma std.dev -0.001776146 -0.029731281 -3.99075E-

06 

Luminance 

mean 

-7.14631E-05 -0.001196235 -1.60567E-

07 

Luminance 

std.dev 

-0.001561981 -0.026146326 -3.50955E-

06 

Colorfulness 0.001457228 0.024392849 3.27419E-

06 

 

  

Significantly large results from Moran’s I analysis on the standard residuals of all 

three OLS models indicate that a spatial model was needed to better fit my data. 

Therefore, I employed GWR models on the dependent variables to observe how local 

visual information correlates to UGC at local scales. Table 3 shows a comparison of 
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model diagnostics between my OLS and GWR models, including adjusted R2, AICc, and 

Moran’s I on standard residuals. We can notice that for all three dependent variables, the 

GWR model outperforms the OLS model by obtaining larger adjusted R2, smaller AICc 

(except for normalized sentiment magnitude), and Moran’s I of standard residuals that are 

remarkably closer to 0 (or insignificant in the case of normalized sentiment magnitude).  

 

 

 

Table 3. Comparison of model diagnostics between OLS and GWR models. 

 

  

Sentiment 

Score 

Normalized Sentiment 

Magnitude 

Text 

Length 

OLS 

Adjusted R2 0.0003 0.0102 0.0321 

AIC 2787.5100 -159807 353127 

Moran's I 

(std.res) 0.1351 0.1163 0.2631 

     

GWR 

Adjusted R2 0.098 0.0154 0.0704 

AIC -51811.9267 -159729.6736 352193 

Moran's I 

(std.res) 0.0016 0.0002 (p>0.05) 0.0051 

 

 

The GWR coefficient maps display some intriguing trends. Evident spatial 

patterns exist across all independent variables for nearly all coefficients, and three 

instances are presented here. Figure 13 shows that for sentiment score, the effect of local 
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colorfulness is evidently larger in magnitude (absolute value of coefficient) in Italy than 

in Spain. Similar patterns can be observed in Figure 14, which shows that average 

chroma has a generally higher, negative correlation to normalized sentiment magnitude in 

New York area, but displays a lower, positive correlation around Washington D.C. Figure 

15 shows that for the text length variable, Italy and Hungary are two noticeable local 

clusters, high and low respectively, of the coefficient of luminance standard deviation. 

Such spatially clustering phenomenon, though varying in extent, can be observed for all 

significant coefficients in my GWR models. 

 

 
Figure 13. Map of regression coefficient of colorfulness (dependent variable: sentiment score). 
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Figure 14. Map of regression coefficient of average chroma (dependent variable: normalized sentiment 

magnitude). 
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Figure 15. Map of regression coefficient of luminance standard deviation (dependent variable: text length). 

 

  

3.6 Discussion 

Is what I see related to what I say on social media? My study affirms this. OLS 

results from my study suggest that the polarity and extent of people’s emotion are 

significantly correlated to visual environmental factors including colorfulness, brightness, 

and visual intensity. In addition, these visual factors also associate with the length of text 

people post online.  

The effect of visual information, color in specific, on people’s mood is a long-

standing research topic and a number of theories have been established in the field of 

psychology. In Ou et al. (2004), four color-emotion models (warm–cool, heavy–light, 
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active–passive, and hard–soft) were developed and people had a uniform response to 

them regardless of their culture. In Naz and Epps (2004), a survey among 98 college 

students revealed that principle hues comprised the highest number of positive emotional 

responses, followed by the intermediate hues and the achromatic colors. Palmer and 

Schloss (2010) in their research advanced my understanding on color-mood relationship 

by articulating an ecological valence theory in which color preferences arise from 

people’s average affective responses to color-associated objects. More recently, Wilms 

and Oberfeld (2018) controlled all three perceptual color dimensions (hue, saturation, and 

brightness) in their study and found out that effects on human emotion are not only 

determined by the hue of a color, as is often assumed, but by all the three color 

dimensions as well as their interactions. As most of these psychological studies use 

surveys or psychophysical experiments among a small group of observers, my study on 

AR-based LBSN bolsters their conclusion by offering a novel approach to collect first-

hand data online at large scale.  

Some researchers have probed image-sharing social media such as Instagram to 

see if visual information contained in images can help detect people’s emotional status. In 

Reece and Danforth (2017), the authors extracted statistical features from Instagram 

photos to diagnose depression of users. Their models outperformed general practitioners’ 

average unassisted diagnostic success rate. Manikonda and De Choudhury (2017) also 

extracted visual attributes in Instagram photos, compared them with linguistic attributes 

in accompanying texts, and found that images with a variety of distinct visual cues serve 

as a vehicle of expression of distress, helplessness and social isolation to certain 
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individuals. My present study complements these studies by analyzing visual information 

as an external contributing factor, instead of being an internal expression, of people’s 

emotions. It should be noted that different from both Instagram-based and 

survey/experiment-based psychological studies, my study on AR-based LBSN collected 

local visual information as ambient data, that is, information neither purposefully 

presented to observers nor deliberately generated by social media users. Therefore, I hope 

that my work would be meaningful to future studies on how people’s emotions are 

associated with surrounding visual information. 

Because residuals from the OLS models display some spatial autocorrelation, it is 

reasonable that the GWR models outperform them as the geographic factor is accounted 

for. However, it is somewhat surprising to me that clear geographical patterns exist for 

nearly all coefficients in all three models. Considering the wide usage of Wallame 

globally, it is plausible that people living in different environments, speaking different 

languages, and originating from different cultures hold different sensitivity levels towards 

local visual information. For example, in the sentiment score model, high clusters of the 

coefficient of colorfulness can be generally found at high-population areas, which may 

suggest that urban-living people’s mood are more sensitive to the variety and vibrancy of 

colors in their daily life. Although it is difficult to give a satisfactory explanation to all 

geographical patterns, this study definitely discovered new possibilities and research 

directions on the topic of color-mood relationship. 

Currently, AR-based LBSN is still a niche curiosity to limited population. 

However, with recent development in both AR-supporting hardware (e.g., high-resolution 
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screen and light, wearable device) and AR applications (e.g., gaming, advertising, 

education, etc.), a future of AR-based social media is prospective. In this regard, the 

present research accentuates the value of AR-based LBSN and provides a novel 

framework towards analyzing UGC and local visual information through it. I believe that 

appropriate analytical methods of AR information, such as the one introduced in this 

chapter, will prepare researchers in the GIScience domain to better understand micro-

level human-place interactions.   

 

3.7 Limitation and future works 

Being the first empirical study on AR-based LBSN, my present work has a 

number of limitations. First, I only worked with Wallame and only extracted textual 

information from its records as UGC, while a large portion of AR content is comprised of 

emojis, images, videos, or virtual 3D models. In the future, I would like to expand my 

work to analyze non-textual information from AR-based LBSN. Second, as mentioned in 

section 3.3, the local visual environment is a complex subject that can only be partially 

represented by colors. For future studies, I would like to incorporate other dimensions of 

human visual perception, such as shape, texture, or even specific objects/events/people in 

the visual background, into my model to better describe the relationship between local 

visual environment and characteristics of UGC. Third, because currently Wallame does 

not provide an API to access its AR content, I had to use a scraping method and separate 

UGC from its visual background using Google’s OCR tool. While the OCR tool has been 

tested and proven effective by several previous studies as well as my own validation 
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dataset, there inevitably remains some inaccuracies and loss of data which can propagate 

into the analysis result. In the future, as Wallame (or other AR-based LBSN) becomes 

more popular and provides API to the public, I look forward to working with its data in 

better quality. 
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CHAPTER FOUR: DOES REALITY INTRUDE VIRTUALITY? A 

QUALITATIVE USER STUDY OF AR-BASED SOCIAL MEDIA AMONG 

COLLEGE STUDENTS 

4.1 Introduction 

Avid users of social media can notice a recent surge of AR-based LBSN which 

allow place-based overlays of user-generated information. Defined as technology that 

overlays real-time, interactive, digital artifacts on the real world (Azuma, 1997), the 

ability to visually overlay AR information onto physical space adds new visual and 

spatial dimensions to human-place interaction. Whether delivered through a mobile 

handheld or head-worn device (Liao, 2018), AR can visually overlay two-dimensional 

images, video, audio and three-dimensional animated models onto the surrounding 

physical environment. Spatially, AR experiences are activated by location. Users need to 

be physically present in a particular space/place to call up relevant AR content, creating 

an embodied experience of mobile media. 

Given these capabilities, AR-based LBSN provides a unique opportunity for users 

to directly interact with physical place with virtual information. This complicates many 

previous user studies on human-place interaction which took a more macro-level 

perspective, rather than an individual and in situ perspective (Deutsch & Goulias, 2010; 

Hu, McKenzie, Janowicz, & Gao, 2015; D. Lee & Oh, 2013). This chapter attempts to 

address this gap in understanding situational and spatial communication processes by 

reporting on empirical data from users engaging with AR as an urban probe. Defined as a 

“series of lightweight provocative urban proto-tasks to inspire direct discussion from 
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people about their current and emerging public urban landscape,” urban probes are 

especially useful for asking questions about mobile media, understanding how people 

interact with and perceive urban artifacts, and gathering real-time field observations of 

how people engage with daily urban place (Paulos & Jenkins, 2005). This study modeled 

its urban probe on Wallame, which allows users to post and view virtual messages in the 

physical space. By asking people to freely use Wallame for ten days on a university 

campus, this study uses urban probes as an intervention to understand how people 

perceive, process, and experience AR in relation to space/place. The implications of these 

findings are then discussed. 

 

4.2 Related Work on AR and space 

Since the first prototype of mobile AR system (Höllerer et al., 1999), the 

development of and studies on mobile AR systems and applications has been carried out 

by researchers in various fields for over two decades. However, attention has mostly been 

paid to the technical aspects of mobile AR systems and there is in general a lack of 

consensus in the mobile AR literature with regard to predictions about how people 

process emerging visual media in relation to physical space. The interaction order by 

which people process on-screen mobile information and physical/social information was 

one of the first questions that mobile media scholars raised (Licoppe, 2013). As discussed 

in Farman (2013), mobile media not only adds to the experience of place, but also 

juxtaposes new information which could potentially change the presentation of place and 

alter the order in which cues about the place are perceived. A number of studies on 
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mobile locative applications examined how people constructed mixed understandings of 

place, or used mobile information to establish a sense of territory and familiarity with 

physical environment (De Souza e Silva, 2013; Humphreys & Liao, 2013). 

Recent studies of AR and space/place have employed mainly large-scale field 

surveys (Colley et al., 2017) or experimental methods (Dey, Billinghurst, Lindeman, & 

Swan, 2018; Oleksy & Wnuk, 2017). While these studies demonstrate that there are 

certain relationships between AR information and physical space/place, less is known 

about how participants generate and process AR information in relation to visual 

information or objects existing in the physical environment. Most of the existing AR 

research on psychological processing has focused on user attention in AR (Dey et al., 

2018), using eye-tracking studies to assess salience and visual attention (Veas, Mendez, 

Feiner, & Schmalstieg, 2011), subtle gaze direction (Bailey, McNamara, Sudarsanam, & 

Grimm, 2009), or cueing and visual search (Lu, Duh, & Feiner, 2012). These studies 

inform me about what people look at and the potential for AR to interfere with spatial 

experience, but their focus is primarily on design outcomes for AR interfaces (Vaittinen 

& McGookin, 2018), rather than on evaluating the connection between AR attention and 

physical space/place. 

In this regard, this study offers an important bridge between mobile theory and 

AR-based LBSN applications. First, it builds on an empirical user study of AR-based 

LBSN where the vast majority of recent research on user perception has been conducted 

in a lab compared to the field. The disparity led scholars to conclude that “indoor visual 

perception is well studied whereas more work is needed to investigate outdoor visual 



77 

 

perception” (Dey et al., 2018). One difficulty with understanding AR information in 

everyday use is that people’s perception of place is subjective and dynamic, which means 

that people approach place differently based on individual characteristics (Liao, Yang, 

Lee, Xu, & Bennett, 2020). By examining how people explain their real-time experience 

of AR urban probes in relation to surrounding space/place, this study specifically tries to 

understand precisely how characteristics of the surrounding environment affects people’s 

behaviors on an AR-based LBSN.  

In addition, most of the dependent measures in the majority of AR research were 

quantitative ratings of AR, error/accuracy measures for tasks, and completion time (Dey 

et al., 2018). Many studies have focused on the effects of AR, whether it is increasing 

engagement (Aitamurto, Boin, Chen, Cherif, & Shridhar, 2018), learning in educational 

settings (Dunleavy, Dede, & Mitchell, 2009), or situational awareness (Vaittinen & 

McGookin, 2018), as opposed to the process of AR interpretation in space and in relation 

to space. While these outcomes and task-based measures are undoubtedly important, they 

tend to highlight the quantifiable measures of attention as opposed to people’s 

interpretive and subjective experience of processing and meaning-making around AR in 

space. Given that mobile media scholars have used approaches to find important and 

subtle uses of mobile media, whether it is people’s inattention to their physical 

surroundings (Licoppe, 2013) or mobile media intruding on physical space (Ling, 2010), 

it is important that I extend such approaches to understand how people perceive visual 

AR information in relation to place-based cues in urban space. Similar to the experiment 

implemented by Liao et al. (2020), by focusing less explicitly on a task or on eye tracking 
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and more on people’s reported explanation of what they notice and think about when 

viewing AR content in a physical location, this study helps us understand the human-

place interaction via AR experiences and how people use AR to make sense of 

space/place from a different angle. Through this study, I hope to gain insights on users’ 

first-hand perception of an AR-based LBSN and how they make sense of space/place 

through it.  

However, different from Liao et al. (2020) which displayed pre-defined AR labels 

to participants at particular locations, I asked participants to be both viewers and creators 

of AR content in my study so that I might observe how people process AR information in 

relation to the surrounding physical environment in both active and passive senses. This 

study complements my quantitative study on AR-based LBSN from a qualitative 

perspective. In the last chapter, I designed a framework of data extraction and analyses 

with AR-based LBSN and discovered that people’s emotion expressed on AR-based 

LBSN displays a significant correlation with the visual information of surrounding 

physical environment, and the strength of such correlation varies geographically (Liu & 

Fuhrmann, 2020). In this qualitative study, by asking participants the following key 

questions, I aim to discover people’s primary response to the creation and interpretation 

of AR information in relation to the surrounding physical environment, as well as 

whether AR information provides people with additional knowledge of the surrounding 

environment: 

 

KQ1: Why do you decide to create a “wall” at a particular place? 
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KQ2: Do you think being physically present at places is important to read and 

understand the “walls” fully (Rate from 1 to 5, 1 being not important and 5 being very 

important)? 

 

KQ3: Have you learned anything new about the campus through the “walls” (Rate from 

1 to 5, 1 being not at all and 5 being quite a lot)? Give an example if you learned 

anything new.  

 

4.3 Methodology 

To understand how people create and respond to AR information embedded in 

LBSN, I utilized an urban probe that exposed participants to AR stimuli in a university 

campus setting. Urban probe is a commonly used qualitative methodology in social 

science research for “conducting rapid urban application discovery and evaluation 

metrics” (Paulos & Jenkins, 2005). According to Paulos and Jenkins (2005), urban probe 

exploits methods of deep observation coupled with experimentation and concrete 

interventions in urbanism. Contrary to traditional methodologies surrounding large scale 

research projects, each urban probe is designed to bypass many classical design 

approaches while using rapid and lightweight proto-tasks instead. Liao et al. (2020) have 

suggested that one of the key advantages of urban probes as a method is that they are 

particularly well suited to address questions about “what cues . . . I use to interpret place 

and how will urban computing re-inform and alter my perception of various places.” In 
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this particular study, while collecting some ordinal ranking data from participants, special 

attention is paid to the qualitative, open-ended responses provided by participants about 

how they process AR information in relation to the surrounding physical environment.  

In this study, the urban probe was implemented through the mobile application 

Wallame. This application allows users to take a picture of the surrounding environment 

and overlay this picture with creative content (text, freehand drawing, images), 

generating a so-called “wall.” Wallame uses the device’s positioning function to geotag 

this “wall” and aligns it in 3D space with reference to visual patterns of the background 

image. Once processed, an icon of this “wall” will be indicated on an online map and its 

content will become visible in reality to other Wallame users who are visiting the same 

location. People can hold their smartphone and use its camera to replicate this “wall” in 

Wallame, in order to read the virtual message created by its author at this particular 

location. Users can share, like, or comment on each other’s “walls” on Wallame and 

adjust privacy settings so that only selected users or groups have access to the posted 

content. In short, Wallame provides a social media platform for users to create, view, and 

share virtual doodles in reality. 

The study was carried out in two phases. The first phase was implemented at the 

beginning of the Fall semester of 2019 at a George Mason University (GMU) in the east 

coast of the United States. I initially recruited only undergraduate students living on-

campus via mass email invitation. However, the response rate was far lower than 

expected (20 out of 1600). As a result, I extended my sample of study to undergraduate 

students enrolled in courses in the Department of Geography and Geoinformation 
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Science and I recruited participants in person. As participants were recruited, I taught 

them how to use Wallame with a pre-recorded video tutorial and asked them to use it 

freely for ten days on campus, creating at least five AR postings. Considering that 

participants’ perception of AR-based LBSN and their normal spatial trajectories may be 

influenced by their participation in the study (i.e., be more motivated and spatially mobile 

in order to find nearby “walls”), I designed a pre-study survey to gather information on 

their general usage of social media and places they regularly visit on campus. As 

participants finish their 10-day experiment with Wallame, I sent them a post-study survey 

to gather information on their usage and opinions of this AR-based LBSN. Both surveys 

were created with Google Forms and sent to participants via email. In the second phase, 

the procedure was repeated at the same university in the Spring semester of 2020 while 

recruiting only participants from GGS courses in person.  

To promote people’s participation in the study, participants in Fall 2019 were 

entered into a raffle of an 32GB iPad as a participation incentive, which was later 

replaced by a $10 gift card for every participant in Spring 2020. It should be noted that 

because Wallame does not have the function to notify users in the background when they 

are proximate to a “wall” (i.e., users need to manually pull out their smartphone and open 

Wallame to find nearby “walls”), I first created five “walls,” each at a different venue on 

campus, for participants to find in order to encourage them to actively use Wallame and 

look for other people’s AR message during the study. An additional $10 gift card was 

given to each participant who successfully discovered all my five “walls.” The study was 

approved by the university’s Institutional Review Board.   
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This study started in Fall 2019 and concluded in Spring 2020. I eventually 

recruited a total of 45 participants who completed the entire study procedure and 

provided feedbacks on their usage of Wallame. Participants are given a demographic 

questionnaire in the pre-study survey to fill out. The age of the participants ranged from 

18 to 33 (Mean = 20.5, Standard Deviation = 2.74), of which 71% were female and 29% 

were male. The ethnic composition of the sample was: 44% Caucasian, 16% Asian or 

Pacific Islander, 18% African American, 4% Hispanic or Latino, 9% Middle 

Eastern/Arabic, and 9% multiracial (Figure 16). 

 

 

 

 
 

Figure 16. Ethnicity composition of participants. 

 

 

 

In addition to these key questions, to obtain a visual map of participants’ activity 

spatially, participants are asked in my surveys to point out places/buildings on a campus 

map where they have: 1) visited regularly (at least once a week); 2) created at least five 
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“walls”; 3) found at least one “wall.” I then calculated spatial hot spots (Getis-Ord Gi*) 

of participant activities based on the reported frequencies and mapped out these hot spots 

in ArcGIS Pro using a choropleth map. Getis-Ord Gi* is a spatial statistic brought up by 

Getis and Ord (1992) in purpose of examining spatial heterogeneity of local features. It 

inspects each feature within the context of neighboring features and calculates features 

with either high or low values cluster spatially. In this study, Getis-Ord Gi* is used to 

identify statistically significant hot spots (buildings) on campus where participants visit 

regularly, compose AR information themselves, and access AR information created by 

others. 

 

4.4 Findings 

4.4.1 Spatial hot spots of participant activities  

Participants were asked in the pre-study survey to list buildings on campus where 

they visit at least once a week. For each building, the number of participant visits was 

counted and a local Getis-Ord Gi* statistic was calculated to indicate whether the 

building is a statistically significant hot spot of participant visits. As displayed in Figure 

17, most buildings in the core campus area are identified as hot spots, which is reasonable 

as these buildings play key functions as academic buildings, libraries, dining halls, 

parking facilities, gyms, and student centers. These buildings are expected to be vital 

hubs of foot traffic on campus which many students visit frequently. It should be noted 

that student dormitories are not shown as significant hot spots in the map, which echoes 

with facts I learned from the pre-study survey: 1) more than half of the participants do not 
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live on campus (64%); 2) instead of living concentratedly, residential participants live in 

multiple dormitories on campus.  

 

 
Figure 17. Hot spots of participant visits. 

 

 

 

Figure 18 shows the result of hot spot analysis implemented over the number of 

participants who reported themselves to have created “walls” at various places on 

campus. Participants were asked to report the venues where they have created “walls” 

during the study. I can observe from the map that compared to participants’ physical 

visits to campus buildings, their creation of AR information is confined to much fewer 
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spatially significant hot spots except for some peripheral buildings on campus with heavy 

foot traffic. This can be partially explained by the participants’ curiosity of Wallame as 

they tend to explore more areas on campus with this application and leave their AR trace 

wherever they were, even at places beyond their normal spatial trajectories. As a result, 

people have created “walls” at numerous places on campus while only a few significant 

spatial hot spots can be identified.  

 

 

 
 
Figure 18. Hot spots of Wallame "wall" creation. 

 

 

 

Figure 19 shows the result of hot spot analysis implemented over the number of 

participants who reported themselves to have discovered “walls” at various places on 

campus. Participants were asked to report the venues where they have found “walls” 
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during the study. I can notice that compared to “wall” creation, participants’ discovery of 

“walls” is more concentrated at the core campus area. However, the statistical 

significance is generally weaker than the case for participants physical visits.  

 

 

Figure 19. Hot spots of Wallame “wall” discovery. 
 

 

4.4.2 Participant feedback 

KQ1: Why do you decide to create a “wall” at a particular place? 

To create an AR “wall” in Wallame, participants are required to be physically 

present at a particular place so that they can take a picture of the place as a visual 

background. Therefore, KQ1 probes whether characteristics of the place constitutes 

participants’ decision of creating a “wall” and if so, how. When being asked “Why do 
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you decide to create a ‘wall’ at a particular place?”, participants’ answers generally fall 

into three categories: convenience (to compose or to access), public exposure, and 

association with the place. 

31 out of 45 participants mentioned that they chose to create their AR content 

simply because of the convenience either to compose or to access. Common responses 

were: “Because I was just there at the time.” or “Just got bored.” More elaborated 

responses include “Accessibility and convenience. When I was walking to class or to get 

food, I would take a photo,” “Because I was already in the area for class, studying, and 

homework so I decided it was convenient to take the wall pic there,” and “If the wall is 

blank and there aren't many people surrounding it.” These participants, which represents 

the majority of Wallame users, generally use Wallame as a regular social media like 

Twitter and do not intentionally (though often subconsciously) associate what they create 

to the location they are at.  

8 out of 45 participants mentioned that they picked places with a high level of 

public exposure to create their AR content so that more people can potentially see their 

“walls.” Responses from this category include “I tried to pick recognizable places that 

were where people would walk by” and “A lot of other messages in the same area.” 

These participants are specific about the location of their “walls” because of general 

human activity, not because that they have strong and unique ties with the physical 

environment. 

11 out of 45 participants suggested that they chose their “wall” location because 

of their particular association with characteristics of the place. Representative responses 
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are “I created walls in places that meant something to me” or “Something that 

immediately catches my attention and a quiet place that has beautiful surrounding 

nature.” Two participants explicitly mentioned about the content of their AR creation: “I 

create a wall at a particular place based on the feelings I associate with that specific area. 

For example, I created a wall while waiting in front of Ike's with a sunshine drawing 

because I was in a good mood eating and enjoying time with friends.” and “I created 

jokes because I wanted my roommates and hall mates to laugh and have a good time.” 

These intentionally generated human-place associations are often unique for each 

individual and place. 

KQ2: Do you think being physically present at places is important to read and 

understand the “walls” fully? (1 being not important and 5 being very important) 

Wallame allows its users to view “walls” created by others both physically in situ 

and remotely as geo-tagged photos on its built-in map. As the latter option omits the 

physical context of “walls,” KQ2 asks participants if they consider that the physical 

context matters to their understanding and interpretation of AR “walls” and why. When 

being asked to rate from 1 to 5 on the question “Do you think being physically present at 

places is important to read and understand the ‘walls’ fully?” (1 being not important and 

5 being very important), the majority of participants gave a positive rating to the 

importance of physical presence with an average rating of 3.9 (Figure 20).  
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Figure 20. Participants' rating of importance to be physically present at places when using Wallame. 

 

 

When being further asked to elaborate on the rationale of their rating, the majority 

of participants emphasized on the importance of context for them to understand the 

meaning of specific AR messages. For example, “Without the full context of the 

surroundings it is hard to understand what the message means.” or “Because some 

Wallame art interacts with the place where it is written or has more meaning, such as a 

message about meals of the day in the dining hall, or department-related art in an 

academic building.” One participant said: “It allows you to familiarize yourself with the 

location and how it is constructed,” which was accompanied by similar responses: “The 

‘walls’ could be attempting to interact with something on the physical wall itself,” and “I 

think that by being physically present at a place, you are able to memorize location better 

and associate more with the ‘walls.’” 
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Interestingly, some participants pointed out the particular connection they formed 

with surrounding environment when viewing other people’s “walls” in situ. For example, 

one participant responded: “Because sometimes we are constantly in a rush and 

sometimes miss some beautiful architecture around us.” Another response stated: 

“Because finding the words is cool but knowing where you [are] is always better. It's 

good to know your surroundings.” A participant even said he/she was able to find the 

location of a restroom thanks to a Wallame marker provided by others. These responses 

suggest that being physically present not only helps participants understand meanings of 

the “walls” better, but it also enables them to physically and emotionally associate with 

the surrounding environment through other people’s “walls.”  

It should be noted that aside from these two types of responses, there are also a 

number of participants who just enjoyed the fact that they needed to be physically active 

and adventurous to find “walls” during the study. Here is a typical response: “Yes. Only 

because I thought it was cool to go and find the places and kind of made into my own 

personal scavenger hunt if that makes sense.” For them, being physically present is 

important simply because they enjoy the opportunity to discover hidden items on 

Wallame, not because they can interact with the environment and other people via the 

“walls.” 

KQ3: Have you learned anything new about the campus through the “walls”? (1 being 

not at all and 5 being quite a lot) 

When being asked to rate from 1 to 5 on the question “Have you learned anything 

new about the campus through the ‘walls’?” (1 being not at all and 5 being quite a lot), 
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participants gave a negative-neutral rating in general with an average score of 2.6 (Figure 

21). 27 out of 45 participants simply said “no” while the rest of them gave more positive 

answers. Most of positive responses mentioned that the AR “walls” encouraged them to 

be more spatially sensitive and to explore new places on campus. For instance, one 

participant said: “The walls helped me to become more familiar with the locations of 

certain things around campus, like places to eat and multiple entrances to buildings.” 

Here are two responses with place-specific details: “The only thing it helped me 

remember was that the Exploratory Building has all those fossils and made me notice 

places/ things I never really did before,” and “I definitely made more of an effort to look 

around different buildings. For example, I had not visited the Hub before.” The discovery 

of new objects/places is a general theme of positive responses. However, many of these 

answers do not explicitly indicate whether it is the actual content or the mere existence of 

the “walls” that encouraged participants to explore new places on campus. As noted in 

the previous section, some people simply enjoy scavenger hunting AR “walls” at 

different venues regardless of their content and association with the surrounding 

environment. 
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Figure 21. Participants' rating of Wallame usefulness in place-specific knowledge generation. 

 

 

 

 Despite the general vagueness of the usefulness of “walls,” a number of 

participants clearly pointed out that particular AR content helped them learn place-

specific knowledge. For example, a participant said: “I did learn of some graffiti in 

bathroom stalls, and some specific art hanging in the art building.” Similarly, another 

participant stated: “I learned that events are advertised, because there tends to be 

advertisers on almost all indoor walls.” Not too surprisingly, much of these knowledge 

appeared to be relevant to human activity. Examples include “I learned about events 

coming up on campus- like when people will be tabling” and “I've learned about where 

other Wallame users spend time (based on the locations of the walls) and seen that most 

students use Wallame to create positive messages/images, such as writing ‘hello’ or other 

greetings, drawing a heart or a sunset.” One participant explicitly stated that he/she 

learned new things about people around through the “walls”: “I feel like I learned 
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something about the person whose wall I found- their personality, what might be 

important to them especially when they are at work.” 

4.5 Discussion 

This study is one of the first that empirically examines human-place interaction 

through user study of an AR-based LBSN. Compared to previous studies that have 

predominantly focused on the effects of AR in lab settings (Veas et al., 2011) or in 

regulated unilateral field study (Liao et al., 2020), this study allowed participants to be 

both creators and viewers of AR content in a free setting to interact with the environment 

and each other. A range of in situ qualitative responses were gathered to extend my 

understanding of how space/place can potentially affect people’s creation and 

interpretation of AR information.  

Existing AR studies largely exist in the field of mass media and communication, 

which primarily regard AR as a specific type of mobile media that obscures boundaries 

between virtuality and reality. For example, Farman (2013) contends that “our cultural 

understanding of what ‘co-present’ means has been so vastly overhauled to the point that 

even the categories themselves become problematic.” In that regard, findings of this 

study contribute to the existing literature by providing empirical evidence of the impact 

of physical space/place on people’s creation and interpretation of AR content. When 

creating AR content themselves, the majority of study participants post their content 

regardless of the location and characteristics of physical surroundings. When interpreting 

AR content created by others, information of the surrounding environment is perceived to 

be an important factor as it provides contexts for understanding and helps create human-
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place association. By approaching participants separately as both creators and interpreters 

of AR content, this study complements findings of Liao et al. (2020) which only treated 

participants as interpreters and noticed that physical information was used to read and 

contextualize AR information as an important revelation for the directionality and scope 

of how people make sense of AR and physical information. 

Answers to KQ3 indicate that in the current study people in general do not 

necessarily learn new knowledge of the surrounding environment from AR content 

generated by other people. This is likely due to two reasons. First, the scale of this study 

is limited. Only 45 participants completed the entire study which was carried out on a 

single university campus. Most participants were already familiar with the school 

environment through daily activities or orientations, and it can be expected that their 

daily spatial trajectories largely overlap with each other. Therefore, it is understandable 

that the majority of participants did not learn new knowledge of the campus. Second, the 

general exploratory and recreational nature of Wallame or any other AR-based LBSN has 

generated an informal and casual atmosphere among the users and there currently lacks a 

filtering mechanism to selectively view the created AR content. As participants were 

asked to freely create AR content and that most information they viewed was informal 

and unimportant, participants were likely to be influenced and create informal and 

random content as well which was not place-sensitive (e.g., jokes or meaningless 

doodles). Therefore, it makes sense that other people do not learn new knowledge about 

places from such information. Future studies should consider expanding the study scale 
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both geographically and population wise to include a more diverse sample of participants 

and heterogenous characteristics of places.  

With that said, AR as a locative technology does possess the ability to alter or 

complicate people’s construction of place which is situational, contextual, and subjective 

(Manzo, 2005), yet  findings from this study seem to indicate that the influence is 

stronger reversely. As argued by Liao et al. (2020), designers and policymakers tend to 

be fearful regarding AR-based applications in regards of games like Pokémon Go which 

would distract or diminish people’s perception of physical place (Ayers et al., 2016). 

However, existing studies mostly view AR content as independent information that just 

happen to be overlaid onto a place, as opposed to content that is directly relevant to it. As 

demonstrated by this study, when AR content is created with place-specific information, 

people tend to interpret the visuals with contextual meaning alongside the physical space 

itself, rather than overriding it.  

Currently, AR-based LBSN still largely functions as a social media platform for 

small-scale recreational purposes. However, with its rapidly growing prevalence and 

accessibility thanks to technological developments in both hardware and software, it is 

foreseeable that AR content in a social network will soon be used for formal and official 

purposes such as public communication and large-scale artwork display. Therefore, when 

communicating important messages to the public, it is important for content creators to 

remember that people’s subjective responses may be space/place-sensitive and their 

interpretation of the conveyed messages may be different than intended. 
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CHAPTER FIVE: CONCLUSION AND FUTURE WORK 

This dissertation proposes a research framework of AR-based LBSN, which is a 

newly emerging integration of augmented reality and social media, in the GIScience 

context. The main objective of this framework is to help people better understand the 

dynamics of human-place interaction, especially how characteristics of physical 

space/place influence people’s online behavior, through AR-based LBSN. This goal is 

fulfilled by achieving the following three sub-objectives, each in a single chapter, that 

make different theoretical and methodological contributions respectively: 

Sub-objective 1: Evaluate characteristics of AR-based LBSN in the GIScience 

context 

This sub-objective is fulfilled in chapter 2. This chapter first reviews the 

importance of LBSN to the GIScience community and examines the status quo of AR-

integrated LBSN. Then, the chapter discusses from theoretical and application-oriented 

perspectives how AR-integrated LBSN can enrich the GIScience research agenda in three 

aspects: data conflation, platial GIS, and multimedia storytelling. Finally, the chapter 

concludes with practical guidelines in visualization, functionality, and ethics that aim to 

help users develop and evaluate AR-integrated LBSN. 

Sub-objective 2: Develop a pipeline to effectively obtain and quantitatively 

analyze massive UGC of AR-based LBSN  

This sub-objective is fulfilled in chapter 3. As a theoretical foundation of AR-

based LBSN is laid in chapter 2, chapter 3 proposes a methodological pipeline to collect, 
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process, and analyze data quantitatively from a popular AR-based LBSN (Wallame) and 

demonstrates the pipeline via a global-scale case study. Findings of the case study bolster 

existing psychological theories on color-mood relationship and display intriguing 

geographic patterns of the influence of local visual information on UGC in AR-based 

LBSN.  

Sub-objective 3: Qualitatively assess how physical space/place affect people’s 

creation and interpretation of AR information 

This sub-objective is fulfilled in chapter 4. Utilizing Wallame as an urban probe, 

chapter 4 implements an empirical qualitative user study among students on the campus 

of GMU. User feedbacks are collected via two surveys to assess the influence of 

characteristics of physical space/place on people’s creation and interpretation of AR 

information. Results suggest that as directly perceived by participants, the physical 

environment has a larger impact on peoples’ interpretation of AR information, rather than 

the creation of it. In addition, at the current study scale, Wallame does not in general 

generate new place-specific knowledge for its users. 

To improve the proposed framework, several directions for future research are 

proposed here. First, a comparative study between AR-based LBSN and other types of 

social media can be carried out to empirically evaluate the advantages and disadvantages 

of data collected from AR-based LBSN for the purpose of GIScience research. Spatial 

data generated from AR-based LBSN can also be used to validate spatial data generated 

from other social media or other sources, and vice versa. Second, for quantitative studies 

as discussed in chapter 3, more accurate and holistic extraction and analytic approaches 
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which incorporates complicated data types and multiple dimensions of human visual 

perception (e.g., shape and texture) should be developed and utilized in the future. Third, 

for qualitative studies as discussed in chapter 4, future studies should consider expanding 

the study scale both geographically and population wise to include a more diverse sample 

of participants and heterogenous characteristics of places. Lastly, because of the 

interdisciplinary nature of GIScience research, LBSN datasets have been widely used in 

multiple research areas such as transportation or public health. However, as AR-based 

LBSN is still at nascent phase currently, the quality and quantity of AR-based LBSN data 

do not support in-depth research in these fields. As the user base of AR-based LBSN 

expands and the quality and quantity of its data increases in the future, researchers should 

consider implementing in-depth studies with AR-based LBSN on particular domain-

specific research questions. 

 



99 

 

REFERENCES 

Adams, B., & Janowicz, K. (2012). On the geo-indicativeness of non-georeferenced text. 

Paper presented at the Sixth International AAAI Conference on Weblogs and 

Social Media. 

Adams, B., & McKenzie, G. (2013). Inferring thematic places from spatially referenced 

natural language descriptions. In Crowdsourcing geographic knowledge (pp. 201-

221): Springer. 

Agnew, J. (2011). Space and place. Handbook of geographical knowledge, 2011, 316-

331.  

Aitamurto, T., Boin, J.-B., Chen, K., Cherif, A., & Shridhar, S. (2018). The impact of 

augmented reality on art engagement: Liking, impression of learning, and 

distraction. Paper presented at the International Conference on Virtual, 

Augmented and Mixed Reality. 

Antoniou, V., Fonte, C., See, L., Estima, J., Arsanjani, J., Lupia, F., . . . Fritz, S. (2016). 

Investigating the feasibility of geo-tagged photographs as sources of land cover 

input data. ISPRS International Journal of Geo-Information, 5(5), 64.  

Ayers, J. W., Leas, E. C., Dredze, M., Allem, J.-P., Grabowski, J. G., & Hill, L. (2016). 

Pokémon GO—a new distraction for drivers and pedestrians. JAMA internal 

medicine, 176(12), 1865-1866.  

Azuma, R. T. (1997). A survey of augmented reality. Presence: Teleoperators & Virtual 

Environments, 6(4), 355-385.  

Babac, M. B., & Podobnik, V. (2016). A sentiment analysis of who participates, how and 

why, at social media sport websites. Online Information Review.  

Bailey, R., McNamara, A., Sudarsanam, N., & Grimm, C. (2009). Subtle gaze direction. 

ACM Transactions on Graphics (TOG), 28(4), 1-14.  

Ballatore, A., & Adams, B. (2015). Extracting place emotions from travel blogs. Paper 

presented at the Proceedings of AGILE. 

Bawa-Cavia, A. (2011). Sensing the urban: using location-based social network data in 

urban analysis. Paper presented at the Pervasive PURBA Workshop. 

Bay, H., Tuytelaars, T., & Van Gool, L. (2006). Surf: Speeded up robust features. Paper 

presented at the European conference on computer vision. 

Bimber, O., Encarnação, L. M., & Schmalstieg, D. (2003). The virtual showcase as a new 

platform for augmented reality digital storytelling. Paper presented at the 

Proceedings of the workshop on Virtual environments 2003. 

Bimber, O., & Raskar, R. (2005). Spatial augmented reality: merging real and virtual 

worlds: CRC press. 

Braun, N. (2003). Storytelling in collaborative augmented reality environments. Paper 

presented at the Proceedings WSCG 2003. 

Butchart, B. (2011a). Architectural styles for augmented reality in smartphones. Paper 

presented at the Third International AR Standards Meeting. 



100 

 

Butchart, B. (2011b). Augmented reality for smartphones. Technical Report of JISC 

Observatory.  

Chen, J., Shan, S., He, C., Zhao, G., Pietikainen, M., Chen, X., & Gao, W. (2009). WLD: 

A robust local image descriptor. IEEE transactions on pattern analysis and 

machine intelligence, 32(9), 1705-1720.  

Chen, X., & Yang, X. (2014). Does food environment influence food choices? A 

geographical analysis through “tweets”. Applied Geography, 51, 82-89.  

Cheng, Z., Caverlee, J., Lee, K., & Sui, D. Z. (2011). Exploring millions of footprints in 

location sharing services. ICWSM, 2011, 81-88.  

Colley, A., Thebault-Spieker, J., Lin, A. Y., Degraen, D., Fischman, B., Häkkilä, J., . . . 

Wenig, N. (2017). The geography of Pokémon GO: beneficial and problematic 

effects on places and movement. Paper presented at the Proceedings of the 2017 

CHI Conference on Human Factors in Computing Systems. 

Collier, N., Son, N. T., & Nguyen, N. M. (2011). OMG U got flu? Analysis of shared 

health messages for bio-surveillance. Journal of biomedical semantics, 2(5), S9.  

Crandall, D. J., Backstrom, L., Cosley, D., Suri, S., Huttenlocher, D., & Kleinberg, J. 

(2010). Inferring social ties from geographic coincidences. Proceedings of the 

National Academy of Sciences, 107(52), 22436-22441.  

Cranshaw, J., Schwartz, R., Hong, J. I., & Sadeh, N. (2012). The livehoods project: 

Utilizing social media to understand the dynamics of a city. Paper presented at the 

International AAAI Conference on Weblogs and Social Media. 

Cresswell, T. (2014). Place: an introduction: John Wiley & Sons. 

Crooks, A., Croitoru, A., Stefanidis, A., & Radzikowski, J. (2013). # Earthquake: Twitter 

as a distributed sensor system. Transactions in GIS, 17(1), 124-147.  

Cui, A., Zhang, M., Liu, Y., Ma, S., & Zhang, K. (2012). Discover breaking events with 

popular hashtags in twitter. Paper presented at the Proceedings of the 21st ACM 

international conference on Information and knowledge management. 

Davis Jr, C. A., Pappa, G. L., de Oliveira, D. R. R., & de L Arcanjo, F. (2011). Inferring 

the location of twitter messages based on user relationships. Transactions in GIS, 

15(6), 735-751.  

De Souza e Silva, A. (2013). Location-aware mobile technologies: Historical, social and 

spatial approaches. Mobile Media & Communication, 1(1), 116-121.  

Deutsch, K., & Goulias, K. (2010). Exploring sense-of-place attitudes as indicators of 

travel behavior. Transportation research record, 2157(1), 95-102.  

Dey, A., Billinghurst, M., Lindeman, R. W., & Swan, J. (2018). A systematic review of 

10 years of augmented reality usability studies: 2005 to 2014. Frontiers in 

Robotics and AI, 5, 37.  

Dunkel, A. (2015). Visualizing the perceived environment using crowdsourced photo 

geodata. Landscape Urban Planning, 142, 173-186.  

Dunleavy, M., Dede, C., & Mitchell, R. (2009). Affordances and limitations of 

immersive participatory augmented reality simulations for teaching and learning. 

Journal of science Education and Technology, 18(1), 7-22.  



101 

 

Ellison, N. B., Steinfield, C., & Lampe, C. (2007). The benefits of Facebook “friends:” 

Social capital and college students’ use of online social network sites. Journal of 

Computer Mediated Communication, 12(4), 1143-1168.  

Elwood, S., Goodchild, M. F., & Sui, D. (2013). Prospects for VGI research and the 

emerging fourth paradigm. In Crowdsourcing geographic knowledge (pp. 361-

375): Springer. 

Farman, J. (2013). Mobile interface theory: Embodied space and locative media: 

Routledge. 

Feiner, S., MacIntyre, B., Höllerer, T., & Webster, A. (1997). A touring machine: 

Prototyping 3D mobile augmented reality systems for exploring the urban 

environment. Personal Technologies, 1(4), 208-217.  

Fotheringham, A. S., Brunsdon, C., & Charlton, M. (2003). Geographically weighted 

regression: the analysis of spatially varying relationships: John Wiley & Sons. 

Fusco, S. J., Michael, K., Michael, M., & Abbas, R. (2010). Exploring the social 

implications of location based social networking: an inquiry into the perceived 

positive and negative impacts of using LBSN between friends. Paper presented at 

the Mobile Business and 2010 Ninth Global Mobility Roundtable (ICMB-GMR), 

2010 Ninth International Conference on. 

Gallegos, L., Lerman, K., Huang, A., & Garcia, D. (2016). Geography of Emotion: 

Where in a City are People Happier? Paper presented at the Proceedings of the 

25th International Conference Companion on World Wide Web. 

Gao, S., Janowicz, K., & Couclelis, H. (2017). Extracting urban functional regions from 

points of interest and human activities on location‐based social networks. 

Transactions in GIS, 21(3), 446-467.  

Gao, S., Janowicz, K., McKenzie, G., & Li, L. (2013). Towards Platial Joins and Buffers 

in Place-Based GIS. Paper presented at the Comp@ Sigspatial. 

Gao, S., Janowicz, K., Montello, D. R., Hu, Y., Yang, J.-A., McKenzie, G., . . . Yan, B. 

(2017). A data-synthesis-driven method for detecting and extracting vague 

cognitive regions. International Journal of Geographical Information Science, 

31(6), 1245-1271.  

Gelernter, J., & Mushegian, N. (2011). Geo‐parsing messages from microtext. 

Transactions in GIS, 15(6), 753-773.  

Getis, A., & Ord, J. (1992). The Analysis of Spatial Association by Use of Distance 

Statistics. Geographical Analysis, 24(3), 189-206.  

Ghadirian, P., & Bishop, I. D. (2008). Integration of augmented reality and GIS: A new 

approach to realistic landscape visualisation. Landscape Urban Planning, 86(3-4), 

226-232.  

Gomide, J., Veloso, A., Meira Jr, W., Almeida, V., Benevenuto, F., Ferraz, F., & 

Teixeira, M. (2011). Dengue surveillance based on a computational model of 

spatio-temporal locality of Twitter. Paper presented at the Proceedings of the 3rd 

international web science conference. 

Gonzalez-Sanchez, J., Conley, Q., Chavez-Echeagaray, M.-E., & Atkinson, R. K. (2012). 

Supporting the assembly process by leveraging augmented reality, cloud 



102 

 

computing, and mobile devices. International Journal of Cyber Behavior, 

Psychology 

Learning, 2(3), 86-102.  

Goodchild, M. (2007). Citizens as sensors: the world of volunteered geography. 

GeoJournal, 69(4), 211-221.  

Goodchild, M. F. (2015). Space, place and health. Annals of GIS, 21(2), 97-100.  

Goodchild, M. F., & Hill, L. L. (2008). Introduction to digital gazetteer research. 

International Journal of Geographical Information Science, 22(10), 1039-1044.  

Gore, R. J., Diallo, S., & Padilla, J. (2015). You are what you tweet: connecting the 

geographic variation in america’s obesity rate to Twitter content. PloS One, 10(9), 

e0133505.  

Hannak, A., Anderson, E., Barrett, L. F., Lehmann, S., Mislove, A., & Riedewald, M. 

(2012). Tweetin'in the rain: Exploring societal-scale effects of weather on mood. 

Paper presented at the Sixth International AAAI Conference on Weblogs and 

Social Media. 

Hardy, D., Frew, J., & Goodchild, M. (2012). Volunteered geographic information 

production as a spatial process. International Journal of Geographical 

Information Science, 26(7), 1191-1212.  

Hasler, D., & Suesstrunk, S. E. (2003). Measuring colorfulness in natural images. Paper 

presented at the Human vision and electronic imaging VIII. 

Hedley, N. R., Billinghurst, M., Postner, L., May, R., & Kato, H. (2002). Explorations in 

the use of augmented reality for geographic visualization. Presence: 

Teleoperators & Virtual Environments, 11(2), 119-133.  

Hobel, H., Abdalla, A., Fogliaroni, P., & Frank, A. U. (2015). A semantic region growing 

algorithm: Extraction of urban settings. In AGILE 2015 (pp. 19-33): Springer. 

Hobel, H., Fogliaroni, P., & Frank, A. U. (2016). Deriving the geographic footprint of 

cognitive regions. In Geospatial Data in a Changing World (pp. 67-84): Springer. 

Hochmair, H. H., & Zielstra, D. (2012). Positional accuracy of Flickr and Panoramio 

images in Europe. Paper presented at the Proceedings of the Geoinformatics 

Forum, Salzburg, Austria. 

Hollenstein, L., & Purves, R. (2010). Exploring place through user-generated content: 

Using Flickr tags to describe city cores. Journal of Spatial Information Science, 

2010(1), 21-48.  

Höllerer, T., Feiner, S., Terauchi, T., Rashid, G., & Hallaway, D. (1999). Exploring 

MARS: developing indoor and outdoor user interfaces to a mobile augmented 

reality system. Computers & Graphics, 23(6), 779-785.  

Hu, Y., Gao, S., Janowicz, K., Yu, B., Li, W., & Prasad, S. (2015). Extracting and 

understanding urban areas of interest using geotagged photos. Computers, 

Environment and Urban Systems, 54, 240-254.  

Hu, Y., McKenzie, G., Janowicz, K., & Gao, S. (2015). Mining human-place interaction 

patterns from location-based social networks to enrich place categorization 

systems. Paper presented at the Proceedings of the workshop on cognitive 

engineering for spatial information processes at COSIT. 



103 

 

Humphreys, L., & Liao, T. (2013). Foursquare and the parochialization of public space. 

First Monday, 18(11). Retrieved from 

https://journals.uic.edu/ojs/index.php/fm/article/view/4966 

Jackoway, A., Samet, H., & Sankaranarayanan, J. (2011). Identification of live news 

events using Twitter. Paper presented at the Proceedings of the 3rd ACM 

SIGSPATIAL International Workshop on Location-Based Social Networks. 

Janowicz, K., Raubal, M., & Kuhn, W. (2011). The semantics of similarity in geographic 

information retrieval. Journal of Spatial Information Science, 2011(2), 29-57.  

Jiang, S., Alves, A., Rodrigues, F., Ferreira Jr, J., & Pereira, F. C. (2015). Mining point-

of-interest data from social networks for urban land use classification and 

disaggregation. Computers, Environment Urban Systems, 53, 36-46.  

Johnson, I. L., Sengupta, S., Schöning, J., & Hecht, B. (2016). The geography and 

importance of localness in geotagged social media. Paper presented at the 

Proceedings of the 2016 CHI Conference on Human Factors in Computing 

Systems. 

Kaneko, T., & Yanai, K. (2016). Event photo mining from twitter using keyword bursts 

and image clustering. Neurocomputing, 172, 143-158.  

Kang, Y., Jia, Q., Gao, S., Zeng, X., Wang, Y., Angsuesser, S., . . . Fei, T. (2019). 

Extracting human emotions at different places based on facial expressions and 

spatial clustering analysis. Transactions in GIS, 23(3), 450-480.  

Kawaji, H., Hatada, K., Yamasaki, T., & Aizawa, K. (2010). Image-based indoor 

positioning system: fast image matching using omnidirectional panoramic 

images. Paper presented at the Proceedings of the 1st ACM international 

workshop on Multimodal pervasive video analysis. 

Ke, Y., & Sukthankar, R. (2004). PCA-SIFT: A more distinctive representation for local 

image descriptors. Paper presented at the Computer Vision and Pattern 

Recognition, 2004. CVPR 2004. Proceedings of the 2004 IEEE Computer Society 

Conference on. 

Kerski, J. J. (2015). Geo‐awareness, Geo‐enablement, Geotechnologies, Citizen 

Science, and Storytelling: Geography on the World Stage. Geography Compass, 

9(1), 14-26.  

Kim, E., Lee, S., & Kim, J. (2009). Scene text extraction using focus of mobile camera. 

Paper presented at the 2009 10th International Conference on Document Analysis 

and Recognition. 

King, G. R., Piekarski, W., & Thomas, B. H. (2005). ARVino-outdoor augmented reality 

visualisation of viticulture GIS data. Paper presented at the Proceedings of the 

fourth IEEE and ACM International Symposium on Mixed and Augmented 

Reality (ISMAR'05). 

Kinsella, S., Murdock, V., & O'Hare, N. (2011). I'm eating a sandwich in Glasgow: 

modeling locations with tweets. Paper presented at the Proceedings of the 3rd 

international workshop on Search and mining user-generated contents. 

Kumar, R., Novak, J., & Tomkins, A. (2010). Structure and evolution of online social 

networks. In Link mining: models, algorithms, and applications (pp. 337-357): 

Springer. 

https://journals.uic.edu/ojs/index.php/fm/article/view/4966


104 

 

Langlotz, T., Mooslechner, S., Zollmann, S., Degendorfer, C., Reitmayr, G., & 

Schmalstieg, D. (2012). Sketching up the world: in situ authoring for mobile 

Augmented Reality. Personal and Ubiquitous Computing, 16(6), 623-630. 

doi:10.1007/s00779-011-0430-0 

Langlotz, T., Nguyen, T., Schmalstieg, D., & Grasset, R. (2014). Next-generation 

augmented reality browsers: rich, seamless, and adaptive. Proceedings of the 

IEEE, 102(2), 155-169.  

Lee, B., & Hwang, B.-Y. (2012). A Study of the Correlation between the Spatial 

Attributes on Twitter. Paper presented at the 2012 IEEE 28th International 

Conference on Data Engineering Workshops. 

Lee, D., & Oh, S. (2013). Understanding human-place interaction from tracking and 

identification of many users. Paper presented at the 2013 IEEE 1st International 

Conference on Cyber-Physical Systems, Networks, and Applications (CPSNA). 

Li, J., & Rao, H. R. (2010). Twitter as a rapid response news service: An exploration in 

the context of the 2008 China earthquake. The Electronic Journal of Information 

Systems in Developing Countries, 42(1), 1-22.  

Li, J., Wang, X., & Hovy, E. (2014). What a nasty day: Exploring mood-weather 

relationship from twitter. Paper presented at the proceedings of the 23rd ACM 

International Conference on Conference on Information and Knowledge 

Management. 

Liao, T. (2018). Mobile versus headworn augmented reality: How visions of the future 

shape, contest, and stabilize an emerging technology. New Media & Society, 

20(2), 796-814.  

Liao, T., & Humphreys, L. (2015). Layar-ed places: Using mobile augmented reality to 

tactically reengage, reproduce, and reappropriate public space. New Media & 

Society, 17(9), 1418-1435.  

Liao, T., Yang, H., Lee, S., Xu, K., & Bennett, S. M. (2020). Augmented criminality: 

How people process in situ augmented reality crime information in relation to 

space/place. Mobile Media & Communication, 1-19.  

Liarokapis, F., Greatbatch, I., Mountain, D., Gunesh, A., Brujic-Okretic, V., & Raper, J. 

(2005). Mobile augmented reality techniques for geovisualisation. Paper 

presented at the Ninth International Conference on Information Visualisation 

(IV'05). 

Licoppe, C. (2013). Merging mobile communication studies and urban research: Mobile 

locative media,“onscreen encounters” and the reshaping of the interaction order in 

public places. Mobile Media & Communication, 1(1), 122-128.  

Ling, R. (2010). New tech, new ties: How mobile communication is reshaping social 

cohesion: MIT press. 

Liu, C., & Fuhrmann, S. (2018). Enriching the GIScience research agenda: Fusing 

augmented reality and location‐based social networks. Transactions in GIS, 

22(3), 775-788.  



105 

 

Liu, C., & Fuhrmann, S. (2020). Analyzing relationship between user‐generated content 

and local visual information with augmented reality‐based location‐based 

social networks. Transactions in GIS, 24(3), 1-15.  

Lowe, D. G. (2004). Distinctive image features from scale-invariant keypoints. 

International journal of computer vision, 60(2), 91-110.  

Lu, W., Duh, B.-L. H., & Feiner, S. (2012). Subtle cueing for visual search in augmented 

reality. Paper presented at the 2012 IEEE International Symposium on Mixed and 

Augmented Reality (ISMAR). 

MacIntyre, B., Hill, A., Rouzati, H., Gandy, M., & Davidson, B. (2011). The Argon AR 

Web Browser and standards-based AR application environment. Paper presented 

at the 2011 10th IEEE International Symposium on Mixed and Augmented 

Reality. 

Maddalena, L., & Petrosino, A. (2008). A self-organizing approach to background 

subtraction for visual surveillance applications. IEEE Transactions on Image 

Processing, 17(7), 1168-1177.  

Manikonda, L., & De Choudhury, M. (2017). Modeling and understanding visual 

attributes of mental health disclosures in social media. Paper presented at the 

Proceedings of the 2017 CHI Conference on Human Factors in Computing 

Systems. 

Manzo, L. C. (2005). For better or worse: Exploring multiple dimensions of place 

meaning. Journal of environmental psychology, 25(1), 67-86.  

Massey, D. (2013). Space, place and gender: John Wiley & Sons. 

Mika, P. (2007). Ontologies are us: A unified model of social networks and semantics. 

Web semantics: science, services agents on the World Wide Web, 5(1), 5-15.  

Milgram, P., & Kishino, F. (1994). A taxonomy of mixed reality visual displays. IEICE 

TRANSACTIONS on Information and Systems, 77(12), 1321-1329.  

Mislove, A., Marcon, M., Gummadi, K. P., Druschel, P., & Bhattacharjee, B. (2007). 

Measurement and analysis of online social networks. Paper presented at the 

Proceedings of the 7th ACM SIGCOMM conference on Internet measurement. 

Mitchell, L., Frank, M. R., Harris, K. D., Dodds, P. S., & Danforth, C. M. (2013). The 

geography of happiness: Connecting twitter sentiment and expression, 

demographics, and objective characteristics of place. PloS One, 8(5), e64417.  

Murthy, D., & Longwell, S. (2013). Twitter and disasters: The uses of Twitter during the 

2010 Pakistan floods. Information, communication & society, 16(6), 837-855.  

Naz, K., & Epps, H. (2004). Relationship between color and emotion: A study of college 

students. College Student J, 38(3), 396.  

Nguyen, Q. C., Li, D., Meng, H.-W., Kath, S., Nsoesie, E., Li, F., . . . surveillance. 

(2016). Building a national neighborhood dataset from geotagged Twitter data for 

indicators of happiness, diet, and physical activity. 2(2).  

Noulas, A., Scellato, S., Mascolo, C., & Pontil, M. (2011). An empirical study of 

geographic user activity patterns in foursquare. Paper presented at the Fifth 

international AAAI conference on weblogs and social media. 



106 

 

Oleksy, T., & Wnuk, A. (2017). Catch them all and increase your place attachment! The 

role of location-based augmented reality games in changing people-place 

relations. Computers in Human Behavior.  

Ou, L. C., Luo, M. R., Woodcock, A., & Wright, A. (2004). A study of colour emotion 

and colour preference. Part I: Colour emotions for single colours. Color Research 

Application, 29(3), 232-240.  

Paelke, V., & Sester, M. (2010). Augmented paper maps: Exploring the design space of a 

mixed reality system. ISPRS Journal of Photogrammetry Remote Sensing, 65(3), 

256-265.  

Palen, L. (2008). Online social media in crisis events. Educause Quarterly, 31(3), 76-78.  

Palmer, S. E., & Schloss, K. B. (2010). An ecological valence theory of human color 

preference. Proceedings of the National Academy of Sciences, 200906172.  

Papagiannakis, G., Singh, G., & Magnenat‐Thalmann, N. (2008). A survey of mobile 

and wireless technologies for augmented reality systems. Computer Animation 

and Virtual Worlds, 19(1), 3-22.  

Pardel, P. (2009). Przegląd ważniejszych zagadnień rozszerzonej rzeczywistości. Studia 

Informatica, 30(1), 82.  

Paulos, E., & Jenkins, T. (2005). Urban probes: encountering our emerging urban 

atmospheres. Paper presented at the Proceedings of the SIGCHI conference on 

Human factors in computing systems. 

Popescu, A.-M., & Pennacchiotti, M. (2010). Detecting controversial events from twitter. 

Paper presented at the Proceedings of the 19th ACM international conference on 

Information and knowledge management. 

Quinn, S., & Yapa, L. (2016). OpenStreetMap and food security: A case study in the city 

of Philadelphia. The Professional Geographer, 68(2), 271-280.  

Raja, M., Exler, A., Hemminki, S., Konomi, S. i., Sigg, S., & Inoue, S. (2018). Towards 

pervasive geospatial affect perception. GeoInformatica, 22(1), 143-169.  

Reece, A. G., & Danforth, C. M. (2017). Instagram photos reveal predictive markers of 

depression. EPJ Data Science, 6(1), 15.  

Ribeiro Jr, S. S., Davis Jr, C. A., Oliveira, D. R. R., Meira Jr, W., Gonçalves, T. S., & 

Pappa, G. L. (2012). Traffic observatory: a system to detect and locate traffic 

events and conditions using Twitter. Paper presented at the Proceedings of the 5th 

ACM SIGSPATIAL International Workshop on Location-Based Social Networks. 

Richards, D. R., & Tunçer, B. (2017). Using image recognition to automate assessment of 

cultural ecosystem services from social media photographs. Ecosystem Services.  

Roche, S. (2016). Geographic information science II: Less space, more places in smart 

cities. Progress in Human Geography, 40(4), 565-573.  

Rodarmel, C., & Shan, J. (2002). Principal component analysis for hyperspectral image 

classification. Surveying and Land Information Science, 62(2), 115.  

Roick, O., & Heuser, S. (2013). Location Based Social Networks – Definition, Current 

State of the Art and Research Agenda. Transactions in GIS, 17(5), 763-784. 

doi:10.1111/tgis.12032 



107 

 

Ruiz, J. J., Ariza, F. J., Ureña, M. A., & Blázquez, E. B. (2011). Digital map conflation: a 

review of the process and a proposal for classification. International Journal of 

Geographical Information Science, 25(9), 1439-1466.  

Sakaki, T., Matsuo, Y., Yanagihara, T., Chandrasiri, N. P., & Nawa, K. (2012). Real-time 

event extraction for driving information from social sensors. Paper presented at 

the 2012 IEEE International Conference on Cyber Technology in Automation, 

Control, and Intelligent Systems (CYBER). 

Sarifuddin, M., & Missaoui, R. (2005). A new perceptually uniform color space with 

associated color similarity measure for content-based image and video retrieval. 

Paper presented at the Proc. of ACM SIGIR 2005 workshop on multimedia 

information retrieval (MMIR 2005). 

Schmalstieg, D., Langlotz, T., & Billinghurst, M. (2011). Augmented Reality 2.0. In 

Virtual realities (pp. 13-37): Springer. 

Scholz, J., & Smith, A. N. (2016). Augmented reality: Designing immersive experiences 

that maximize consumer engagement. Business Horizons, 59(2), 149-161.  

Schwartz, R., & Halegoua, G. R. (2015). The spatial self: Location-based identity 

performance on social media. New Media & Society, 17(10), 1643-1660.  

Serrão, M., Shahrabadi, S., Moreno, M., José, J., Rodrigues, J. I., Rodrigues, J. M., & du 

Buf, J. H. (2015). Computer vision and GIS for the navigation of blind persons in 

buildings. Universal Access in the Information Society, 14(1), 67-80.  

Shelton, T. (2017). Spatialities of data: mapping social media ‘beyond the geotag’. 

GeoJournal, 82(4), 721-734.  

Sofean, M., & Smith, M. (2012). A real-time architecture for detection of diseases using 

social networks: design, implementation and evaluation. Paper presented at the 

Proceedings of the 23rd ACM conference on Hypertext and social media. 

Stauffer, R., Mayr, G. J., Dabernig, M., & Zeileis, A. (2015). Somewhere over the 

rainbow: How to make effective use of colors in meteorological visualizations. 

Bulletin of the American Meteorological Society, 96(2), 203-216.  

Stefanidis, A., Crooks, A., & Radzikowski, J. (2013). Harvesting ambient geospatial 

information from social media feeds. GeoJournal, 78(2), 319-338.  

Steiger, E., De Albuquerque, J. P., & Zipf, A. (2015). An Advanced Systematic 

Literature Review on Spatiotemporal Analyses of T witter Data. Transactions in 

GIS, 19(6), 809-834.  

Sui, D., & Goodchild, M. (2011). The convergence of GIS and social media: challenges 

for GIScience. International Journal of Geographical Information Science, 

25(11), 1737-1748.  

Sun, M., Li, M., Zhang, F., Wang, Z., & Wu, D. (2007). Hybrid tracking for augmented 

reality GIS registration. Paper presented at the 2007 Japan-China Joint Workshop 

on Frontier of Computer Science and Technology (FCST 2007). 

Swiniarski, R. W., & Skowron, A. (2003). Rough set methods in feature selection and 

recognition. Pattern recognition letters, 24(6), 833-849.  

Takhteyev, Y., Gruzd, A., & Wellman, B. (2012). Geography of Twitter networks. Social 

networks, 34(1), 73-81.  



108 

 

Tracewski, L., Bastin, L., & Fonte, C. C. (2017). Repurposing a deep learning network to 

filter and classify volunteered photographs for land cover and land use 

characterization. Geo-spatial information science, 20(3), 252-268.  

Tran, T., Nguyen, D., Nguyen, A., & Golen, E. (2018). Sentiment analysis of marijuana 

content via facebook emoji-based reactions. Paper presented at the 2018 IEEE 

International Conference on Communications (ICC). 

Trojan, J., Chudáček, S., & Chrastina, P. (2017). Augmented Reality As A New Way Of 

Exploring The City: Unified Platform For Data Providers. WIT Transactions on 

Ecology and the Environment, 210, 161-169.  

Vaittinen, T., & McGookin, D. (2018). Uncover: supporting city exploration with 

egocentric visualizations of location-based content. Personal and Ubiquitous 

Computing, 22(4), 807-824.  

Veas, E. E., Mendez, E., Feiner, S. K., & Schmalstieg, D. (2011). Directing attention and 

influencing memory with visual saliency modulation. Paper presented at the 

Proceedings of the SIGCHI conference on human factors in computing systems. 

Vera, F., & Sánchez, J. A. (2016). SITUAR: A platform for in-situ augmented reality 

content creation. Avances en Interacción Humano-Computadora, 1(1), 90-92.  

Vicente, C. R., Freni, D., Bettini, C., & Jensen, C. S. (2011). Location-related privacy in 

geo-social networks. IEEE Internet Computing, 15(3), 20-27.  

Vico, D. G., Toro, I. M., & Rodríguez, J. S. (2011). Collaborative content generation 

architectures for the mobile augmented reality environment. In Recent trends of 

mobile collaborative augmented reality systems (pp. 83-97): Springer. 

Vignesh Kandasamy, S., Madhu, A., Gupta, P. K., Niveditha, A., & Bordoloi, K. (2018). 

Location based Advertising for Mass Marketing. International Archives of the 

Photogrammetry, Remote Sensing and Spatial Information Sciences, 42, 5.  

Wakamiya, S., Lee, R., Kawai, Y., & Sumiya, K. (2015). Twitter-based urban area 

characterization by non-negative matrix factorization. Paper presented at the 

Proceedings of the 2015 international conference on big data applications and 

services. 

Walker, J., Fujii, Y., & Popat, A. C. (2018). A web-based ocr service for documents. 

Paper presented at the Proceedings of the 13th IAPR International Workshop on 

Document Analysis Systems (DAS), Vienna, Austria. 

Wanichayapong, N., Pruthipunyaskul, W., Pattara-Atikom, W., & Chaovalit, P. (2011). 

Social-based traffic information extraction and classification. Paper presented at 

the 2011 11th International Conference on ITS Telecommunications. 

Wellner, P. (1991). The DigitalDesk calculator: tangible manipulation on a desk top 

display. Paper presented at the Proceedings of the 4th annual ACM symposium on 

User interface software and technology. 

Weng, J., & Lee, B.-S. (2011). Event detection in twitter. Paper presented at the Fifth 

international AAAI conference on weblogs and social media. 

Wilms, L., & Oberfeld, D. (2018). Color and emotion: effects of hue, saturation, and 

brightness. Psychological research, 82(5), 896-914.  

Zeileis, A., Hornik, K., & Murrell, P. (2009). Escaping RGBland: Selecting colors for 

statistical graphics. Computational Statistics & Data Analysis, 53(9), 3259-3270.  



109 

 

Zhang, X., Han, Y., Hao, D., & Lv, Z. (2016). ARGIS-based outdoor underground 

pipeline information system. Journal of Visual Communication and Image 

Representation, 40, 779-790.  

Zhao, B., & Sui, D. Z. (2017). True lies in geospatial big data: detecting location 

spoofing in social media. Annals of GIS, 23(1), 1-14.  

Zhou, X., & Zhang, L. (2016). Crowdsourcing functions of the living city from Twitter 

and Foursquare data. Cartography & Geographic Information Science, 43(5), 

393-404.  

Zünd, F. (2016). Augmented Reality Storytelling. (Doctoral Dissertation). ETH Zurich,  

 



110 

 

BIOGRAPHY 

Chengbi Liu graduated from Calvin College, Grand Rapids, Michigan with a Bachelor of 

Arts majoring in Sociology and Geography in 2014. Then he went to the Ohio State 

University and received Master of Arts in Geography in 2016. He then came to George 

Mason University to pursue Doctor of Philosophy in Earth Systems and Geoinformation 

Sciences in 2016. 

 


