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Abstract 

Technological advances have had profound impacts upon tourists’ mobility. However, 

until recently, there has been a gap between technological advances and their 

integration into tourism research methods. This paper addresses this gap by presenting 

a research method that utilised an application (app) equipped with a synthesised 

demographic survey and Global Navigation Satellite System (GNSS) technology. This 

enabled automated tracking of tourists’ behaviour for their entire stay within the island 

state of Tasmania, Australia. This paper focuses on tourists’ movement within the well-

known Freycinet National Park. The highly detailed granular data was assessed in three 

phases, revealing segments of tourists more likely to use the walking tracks, those more 

and less likely to visit during peak crowding times and finally, the development of an 

automated spatio-temporal dependence model via a machine-based learning 

environment, designed to operate in real time. The paper details the implications that 

innovative methodologies such as this may offer natural resource managers and tourism 

authorities, particularly in terms of locating, assessing and ultimately alleviating 

crowding and overtourism.  

Keywords: visitor mobility, GNSS technology, national parks, tourist movement, 

visitor tracking, crowding 

 

Introduction 

Currently, the issue of tourist mobility and particularly that which is perceived to create 

crowding and overtourism is taking centre stage in media outlets across the world. Stories of 

crowding on Mount Everest, and overtourism in Venice and Barcelona have dominated 

tourism related media in 2019. A strong desire to mitigate these impacts appears to be taking 

momentum.  Yet, while, the nature of travel has changed dramatically due to the ubiquitous 

use of smart phones, both in our daily lives and while travelling (Wang et al. 2012, 2014) and 

while this  profound change has been reported as impactingd tourists’ planning, decision-



making and behaviour (Gretzel et al. 2015; Wang and Fesenmaier 2013), innovations in 

tourismresearch methods have not  capitalised on smart phone use, in order to assess and 

ultimately alleviate the impacts of tourist mobility. This gap is gradually being addressed; 

recent research has considered the potential (Wang et al. 2013; Heerschap et al. 2014; 

Lenormand, et al. 2014; Barbosa et al. 2018; Lenormand and Ramasco 2016) and pitfalls of 

the use of Big Data that may be generated from smart phone usage (Buhalis and 

Amaranggnana 2014) when tracking the mobility of travellers. However what still remains is 

the ability to ‘fine-tune’ this data to granular levels, so that the mobility of different segments 

of tourists may be explored with optimal granularity of data and with minimal time delays 

between the collections and analysis of data. In the context of national parks, insights from 

new technology are paramount for natural resource managers, as they offer the potential to 

undertake evidenced-based decision making that can ultimately avoid crowding. 

Within tourism and recreation research, tourists’ mobility within national parks has 

been explored via Global Navigation Satellite System (GNSS) technology (see Hallo et al 

2012; Beeco and Hallo, 2014). This has resulted in an understanding of tourist flow through 

parks, but so far, the vast majority of these studies have been conducted via manual 

integration of surveys with GNSS technology, which often require tourists to undertake two 

tasks: complete a survey and carry a device (e.g. Sugimoto et. al 2019). Consequently, there 

is a long delay between data collation and data analysis and visualisation. This research 

tackles this dearth, as it involved the design and use of a research application (hereafter 

referred to as ‘app’) that included integrated social survey questionnaire and GNSS 

technology. The app tracked the movements of over 450 tourists through the island state of 

Tasmania, Australia, for their entire stay, with their consent. It was then visualised in close to 

real time, as soon as tourists left the island (see www.tourismtracer.com). More importantly, 



this research resulted in the development of an automated, machine-based learning model that 

was capable of assessing tourists’ mobility in real time.  

The focus of this research is on Freycinet National Park, the most highly visited 

protected area on the island, located on the east coast of the state. At the time of the data 

collection, the national park was under significant pressure, receiving 300,000 visitors each 

year, with the majority arriving in summer. The infrastructure within the park was suffering; 

the major car park, which serves as the hiking hub for tourists, was overcrowded and 

managers sought solutions to this issue. Added to this, there was uncertainty as to how 

different cohorts of tourists were using the tracks within the park. These dilemmas provided 

the impetus for this research. The outcome of this research is a significant methodological 

contribution in the form of an app, plus a  machine-based learning model that when used 

together,  can automatically collate and analyse data in close to real time. Moreover, we 

highlight how novel digital research methodologies may be used to progress the study of 

sustainable tourism through a detailed understanding of tourists’ mobility.  

 

Methodological approaches to exploring mobility  

Within the broader sustainable tourism literature, efforts to understand the mobility of visitors 

is gaining momentum. It has been argued that the tradition approaches of assessing 

sustainable tourism from local and environmental issues is too limited and overlooks the 

issues of tourist mobility, which has been largely been treated as an entirely different research 

theme (Høyer 2000). Placing tourism mobility at the heart of tourism research has been 

posited as a means to ensure that the totality of tourism impacts in both time and space may 

be examined (Hall 2005). It has been argued that three streams of sustainable tourism 

mobility research existed (Verbeek and Mommaas 2008).  One was concerned with the 

technological issues of tourism mobility, resulting in a large body of work that assesses the 



sustainability- or otherwise- of differing mobility options (Høyer 2000; Böhler et al 2006: 

Peeters et al 2004; Gossling  et al. 2005 . Boon et al. (2007 and Peeters et al. (2007), w).  The 

second stream focusses on the attitudes and behaviours of tourists to sustainable mobility 

(Becken (2004 Friedl et al., 2005), Bohler ¨ et al., 2006; Gotz ¨ et al., 2003; Schubert, 2004 

Friedl et al. (2005)). A third body of work in mobility assesses the characteristics that explain 

or predict travel mode and the factors that influence changes in travel mode (Guiver et al. 

(2007; Anable, 2005; Dickinson & Dickinson, 2006; Robbins & Dickinson, 2007; Steg & 

Vlek, 1996). The focus of this research is on this third domain and the methods that facilitate 

research in this space.  

Prior to this research a number of different methods have been used to undertake 

research in this mode 

The most traditional method for understanding the mobility of visitors has been via 

direct observation. This method involves a researcher physically following, observing and 

recording the movement of visitors. It offers the added benefit of being able to record and 

collate insights into decision-making and group dynamics (McKercher and Lau 2009). 

However, this method has been critiqued as being potentially invasive, ethically questionable 

if consent is not gained (Valance 1995; Thimm and Seepold 2016), time consuming, 

expensive and consequently resource-intensive (McKercher and Lau 2009; Edwards et al. 

2010). These restrictions may be overcome via an alternative non-technological approach, 

whereby tourists self-record their mobility via trip diaries or maps (e.g. McKercher and Lau 

2009; Thornton, Williams and Shaw 1997; Janelle and Goodchild 1988). The technique 

requires participants to record their route and stops, plus activities, via a daily travel diary or 

on a map within a survey. As well as being unobtrusive, this technique can elicit fine-grained 

insights into tourists’ movement (Lew and McKercher 2006; Shoval et al. 2011; Connell and 

Page, 2008). Following tourists’ recording of their movements, these data can be stored, 



cleaned and visualised using Geographical Information System (GIS) software. During the 

spatial analysis process GIS software can be used to explore trends in behaviour and 

differences between and within tourist segments. This method was used by Shoval, Isaacson, 

Chhetri (2014). However, the accuracy of the data collected by this method largely depends 

on tourists’ recall and commitment to the research program (Thimm and Seepold 2016; 

Shoval and Isaacson 2006; Modsching et al. 2008; Beeco, Huang et al. 2012).  

In the past 60 years, since the launch of Global Positioning Satellites (GPS) by the 

United States Department of Defence in 1973, its development and application in 

multidisciplinary areas has been expanded. GNSS trackers were initially designed as hand 

held devices that participants would be required to carry. Researchers have used these to track 

tourists in Virginia (Beeco et al 2013), understand different types of recreational use of 

protected areas in South Carolina (Hallo et al 2012; Beeco and Hallo, 2014), track tourists’ 

movement in Melbourne and Sydney (Edwards and Griffin, 2013), Hong Kong (Shoval et a; 

2011), assess cross country ski racers’ locations in Victoria, Australia (O’Connor, Zerger and 

Itami 2005) and to track cruise ship passengers’ movement when onshore in Palermo (De 

Cantis et al 2016). However, what has been noted is that GNSS has rarely been used to do 

more than visually depict movement and that a dearth in research exists that assesses mobility 

patterns and, significantly, the factors that are associated with differences in movement 

(Beeco and Hall, 2014). One reason for this gap is that the labour and precision required to 

synchronise GNSS tracking data manually with survey data means that the methods are 

labour-intensive and consequently expensive to conduct with a high precision. 

To overcome this, tracking via mobile phone data has recently been explored to 

understand mobility. While several options exist including tracking via unique identifiers 

(Shoval and Isaccson 2010) or when phones pass by WiFi or Bluetooth receivers (Versichele 

et al 2014), these techniques are limited in the ability to decipher tourists’ behaviour and 



socio-demographic characteristics. More recently, GNSS technology embedded within 

applications has been developed. This method offers an alternative that has the potential to 

elicit far more accurate data on the mobility of tourists (Wang, Park and Fesenmaier 2012; 

2014; Dickinson et al 2013; Hardy et al 2017). Indeed, it has been suggested that this method 

has the potential to revolutionise tourist tracking research by lowering the cost of data 

collection, increasing accuracy of participants’ location and mobility data and minimising the 

inconvenience to study participants (Yun and Park 2015). Further, when automated, GNSS 

embedded technology can be visualised via data dashboards in real time. Its ability to track 

continuously sets it apart from Internet Protocol addresses (IP addresses), which are 

numerical identifiers attached to mobile phones that provide course location data or data 

sourced via transceivers, particularly when combined with surveys, as it can produce highly 

detailed data on differences in tourists’ movement patterns according to their psychographic 

characteristics (Hardy et al 2017; Dickinson et al 2013; Asakura and Iryo 2007; O’Connor, 

Zerger and Itami 2005). However, while apps equipped with tracking capabilities are a 

natural fit for tracking studies (Hardy et al 2017), they require consumers to consent to 

sharing information on their movement (Dou, Eklund and Gretzel 2016). For many 

businesses, consent is sought via user agreements that offer services in return (Hardy et al 

2017; Dou, Eklund and Gretzel 2016). Not surprisingly, the use of app-based tracking for 

research purposes is ethically problematic as it requires informed consent and in some cases, 

consumers are not even aware of their potential privacy losses (Anuar and Gretzel 2011; 

Versichele et al. 2014). The 2018 Cambridge Analytica scandal was a pivotal moment in 

highlighting this issue, when Facebook users’ data was used illegally by Cambridge 

Analytica to influence election results in several countries (Hardy et al, 2019). There are also 

concerns that informed consent of tracking may result in participants changing their 

behaviour (Winters et al. 2008) and its expense is described as a significant limitation 



(Shoval et al. 2014). Attempts to recruit tourists via research apps has been mixed: a 2007 

research project in Lake Constance, Germany, failed, largely due to participants’ 

unwillingness to participate (Thimm and Seepold, 2016). Yet, in Korea, a research app 

successfully tracked festival goers for 5 days (Yun and Park, 2015). It appears that the 

success of this method largely depends on participants’ willingness to be tracked, along with 

the equipment and incentives used by researchers to encourage participants to share their 

movement data.  

In summary, while a plethora of options existed to undertake tracking via new 

technology, at the time of project design, there was no ideal method to explore tourist 

mobility in an outdoor context such as a national park. The challenge for the research team 

was to design an innovative solution that would determine with great precision, how national 

park infrastructure was used, when it was used and who used it, in order to assist park 

managers while at the same time ensuring that tourists would engage with it. Given the 

limitations of existing technology, it became apparent that an innovative methodological 

solution was required. 

 

Case study srea: Freycinet National Park 

Freycinet National Park is situated on the east coast of the island state of Tasmania, located to 

the south east of the mainland of Australia. The area that now comprises the national park 

was first protected in 1906 as a game preserve. In 1916, Freycinet Peninsula and Schouten 

Island were declared a Scenic Reserve, making Freycinet National Park one of the oldest 

national parks in Tasmania. Since then, additions to the park have been made, including the 

Friendly Beaches and the Wye River region to the north. Freycinet National Park now 

comprises a total area of approximately 16,803 hectares. The national park is renowned for its 

pink coloured granite mountains, white sand covered beaches and azure coloured water and 



receives much media attention. The park is experiencing rapid growth in visitation, from 

146,000 in 1998 to 310,000 in 2017-2018 (Tasmania Parks and Wildlife Service, 2018). Of 

particular concern is the infrastructure in the park; each year it has been anecdotally reported 

that the majority of visitors to the park make the one and a half hour return walk to the 

Wineglass Bay Lookout resulting in the tracks, toilets and car parks becoming overcrowded. 

These concerns were exacerbated by a lack of knowledge into how frequently the tracks 

within the park were being used and by whom and whether it would be possible to alter 

visitor behaviour through the use of this knowledge. The impetus for this research came out 

of these concerns. 

 

Methods 

The data for this study was sourced from a larger project that tracked the movements of free 

independent holiday tourists in the state of Tasmania, Australia, during 2016. Given the 

limitations of the methods assessed above, a new technique for collecting tracking data was 

devised. A bespoke smartphone app with GNSS was created which contained an exit and 

entry survey and tracking capabilities. The entry survey sought information on the visitors’ 

demographic profile, intended length of stay, primary trip purpose and travel party 

composition. The exit survey assessed their expenditure and social media usage. The tracking 

capabilities within the app were designed to collect data on their location every ten seconds, 

without draining the study phones’ battery. This frequency of data collection was similar to 

previous research that demonstrated that 15 second tracking intervals were suitable for 

assessments of visitors’ movement within protected areas as they are able to capture changes 

in behaviour, while not producing an overly burdensome amount of data (Beeco and Hallo 

2014). The app was loaded onto a Samsung Galaxy S3 smartphone (hereafter referred to as 

the ‘study phone’), as well as three gigabytes of data, that acted as an incentive for 



participants to take part. The study phone could be tethered via the hotspot function to 

participants’ individual phones so that they could use the data via their own device. 

Participants were recruited at the three major entry ports on the island; Hobart, Launceston 

and Devonport. They were asked to keep the study phone turned on at all times, for the 

duration of their travels. This methodological approach and the decision behind the choice of 

technology, including its constraints and limitations, have been discussed in detail in Hardy et 

al (2017). The design of its close-to-real-time visualisation via the www.tourismtracer.com 

dashboard is also discussed in Hardy et al (2019). In total 472 tourists who were in the state 

for between four and 14 days participated in the study. Tourist were recruited between 

February and May—the peak tourist season in Tasmania. The end result was the largest 

GNSS data set of its type in tourism research, both temporally and spatially.  

The original point location data collected in the first stage of the University of 

Tasmania’s Tourist Tracking Project was recorded at a frequency of one location every 10 

seconds. Synchronisation of temporal frequency of collected data with different social 

questions was achieved using temporal aggregation of 10 seconds data. It was determined 

that fine temporal grain was is not necessarily optimal in answering various social science 

questions, therefore analysis was undertaken using a cleaned and aggregated version of this 

data with a collection frequency of one location every one minute. Algorithms were 

developed in R statistical computing language environment after cleaning and aggregating 

the data.  

The focus of this research was the Freycinet National Park and specifically the 

walking tracks that led from the major tourist node, the Wingless Bay Car Park. Of the 472 

participants of the study, 219 visited the national park. 157 participants used the Wineglass 

Bay Car Park and of those, 91 walked up the track to the Wineglass Bay Lookout. Of all the 

http://www.tourismtracer.com/
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visitors, the average amount of points captured in the park was 812 per visitor. In order to 

assess the use of infrastructure the data analysis focussed on three main issues:  

(i) determining the segments of tourists using the network of short walks offered 

through the Freycinet National Park; 

(ii) determining how the car park infrastructure was used; and  

(iii) visualising the spatio-temporal dependence of tourist mobility.  

Ready-to-analyse data were further cleaned and treated for statistical analysis in the R 

computing environment. Selected dependent and independent variables and their significance 

were analysed in STATA software environment. Analysis for various segments was 

undertaken in a GIS environment using ArcGIS software. Following this, the spatio-temporal 

dependence model was developed by visualising spatial and temporal properties in a 

machine-based learning environment. These were contextualised within proximity and time-

geography theory.  

 

Results 

 Profile of participants in Freycinet National Park  

The average age of the Freycinet visitor was similar to tourists who took part in the overall 

study; the state-wide average from the data set collected via this study was 46 years old 

whereas the average Freycinet visitor was 44. 

In terms of nation of residency, five percent of the visitors were Australian residents, 

compared to the 63% of the study as a whole. 6.4% of the other (ie, non-Australian resident) 

Freycinet visitors were from mainland China, 7.7% from Hong Kong and 31% were from 

other overseas countries. 

In order to explore who used the walks within the Freycinet National Park, variables 

were created with the following categories: 



 0 = Did not do any walks 

 1 = Did a walk 

A number of independent variables were examined, including: age; length of stay on 

the Freycinet peninsula; length of stay in Tasmania; location of previous overnight; walks 

undertaken on the Freycinet peninsula; travelling with children; travelling as a couple; first 

time or otherwise visiting Tasmania; reason for visiting Tasmania; Tasmania as the only or 

main destination; gender; place of residence; education and employment status. We used the 

bivariate analyses —a Chi-square test—to test the relationship between dependent and 

discrete independent variables. Whereas, we used the t-test to test the relationship between 

the dependent variables and continuous independent variables.  

Of these variables, the following were found to have significance. First, age was a 

significant variable in that younger visitors to the Freycinet Peninsula were found to be more 

active than older visitors (Figure 1). 

[Figure 1: Percentage of walkers who did or did not do any of the walking tracks, by 

age – to go here] 

Secondly, compared to tourists visiting for other reasons, those who were in Tasmania 

to see wilderness and wildlife were more likely to take a walk. Place of residence was also 

found to be significant, with visitors from Australia and Mainland China being less likely to 

do a walk, while visitors from Hong Kong and other international countries were more likely 

to do a walk (Figure 2). 

[Figure 2: Percentage of visitors who did or did not do any walking tracks, by place of 

residence – to go here] 

 

Dispersal within the pPark 

Following analysis of who walked, we sought to understand which were the most common 



walking routes: a walk from car park to the Lookout and back (with an option to continue to 

the Wineglass Bay beach); or secondly, a loop that includes the Lookout plus beach and then 

continues around to the eastern side of the peninsula (see Figure 3). 

 

[Figure 3: Freycinet National Park walking tracks – to go here] 

 

To measure dispersal, we created variables with the following categories: 

 0 = Participants who only did the Lookout and Wineglass Bay walking tracks; and 

 1 = Participants who did the whole loop 

 

Once again the independent variables that were examined included: age; length of 

stay on the Freycinet peninsula; length of stay in Tasmania; location of previous overnight; 

walks undertaken on the Freycinet peninsula; travelling with children; travelling as a couple; 

first time or otherwise visiting Tasmania; reason for visiting Tasmania; Tasmania as the only 

or main destination; gender; place of residence; education and employment status. 

The most defining factor in determining whether walkers did the loop or the Lookout 

and/or Wineglass Bay walk was the number of hours they spent at the Peninsula. The 

percentage of walkers doing the loop increased as the number of hours they spent at the 

Freycinet Peninsula increased (Figure 4). 

[Figure 4: Percentage of walkers who did shorter and longer walks, by number of hours 

at the Peninsula – to go here] 

Overnight stays on the Freycinet Peninsula were also found to be significant. Walkers 

who stayed on the Freycinet Peninsula overnight the night before they walked (such as in the 

small township of Coles Bay) were more likely to do the loop than those who did not spend 

the night before their walk on the Peninsula. A further final variable that was found to be 



significant was tourists’ stated reason for visiting Tasmania. Those who stated that their 

primary reason to visit the island state was to see wilderness and wildlife were, compared to 

tourists visiting for other reasons, more likely to complete the loop. 

 

Use of car park infrastructure  

In order to assist the natural resource managers understand crowding in more detail, our 

analysis explored three factors relating to uses of the car park: 

1. The length of time visitors (or their cars) occupied the car park; 

2. The time of day visitors arrived and departed from the car park; and 

3. The characteristics of all visitors who used the car park and of those who used the car 

park in peak times (11:00 am – 2:00 pm). 

In addition to the above, the analysis also examined other surrounding park use by tourists 

who used the car park. Specifically, the analysis focused on three aspects: 

4. Which walks visitors to the Wineglass Bay Car Park undertook from the car park; 

5. Other places these tourists visit in the national park; and 

6. Where these visitors stay the nights before, during and after their visit to Freycinet 

National Park. 

From this dataset, all locations reported on the Freycinet Peninsula south of the intersection 

of Coles Bay Road and Apsley River were extracted. Points were then split into those 

collected on land (FPLand) and those collected on water (FPWater) using the Local 

Government Area boundary developed in GIS environment. Using this land-based Freycinet 

Peninsula dataset (FPLand), car park users were then identified by extracting all points from 

within an area defined as the car park and surrounds. This dataset contained 157 car park 

users. An additional dataset containing these car park points and all points on the tracks 

accessed from the car park (all points on the Mount Amos track and the Wineglass Bay track 



loop) was also created. This dataset contained the same 157 tourist phones. This ‘Wineglass 

Bay car park and track points’ data was then used to assess tourist car park use rather than 

just the ‘Wineglass Bay car park data’. Following an initial assessment of the data it was 

noted that no tourist stayed overnight in the park (i.e. camping). Of the 157 tourists using the 

car park, five used the car park on two days and one used the car park on three days, and 151 

tourists were single day visits. Given the above, use of the car park was assessed on a day use 

basis meaning the six multi day use tourists were assessed based on 13 individual trips. Thus, 

the total number of car park usages examined was 164. 

Using the FPLand dataset, all points within the Freycinet National Park were then 

examined. The walks or park areas identified were split between those that were accessed 

from the Wineglass Bay Car Park and those that were not. Activities or areas accessed from 

the car park included the Wineglass Bay Lookout, Wineglass Bay track to beach camp track 

(excluding the lookout), Mount Amos walk, Wineglass Bay Beach and Fleurieu Point (the 

loop walk between Hazards Beach and Deep Gap Creek). Walks / Areas are shown in Figure 

3. The presence (at any time) of phones that had been in the car park within these areas was 

added to the table of phone and survey information on car park access times. 

Following this, each car park use within the ‘Wineglass Bay car park and track points’ 

data, the time of arrival, departure and total length of stay, were extracted. Arrival and 

departure times were determined by identifying the first and last point in the ‘Wineglass Bay 

car park and track point’s dataset. If a phone stopped in the park (i.e. the battery ran flat) then 

time of departure would be underestimated. However, this was deemed the only suitable way 

of dealing with the issue of phones stopping prior to returning to the car park. Tourists using 

the car park between 11:00 am and 2:00 pm were also identified by selecting the subset of 

tourists who arrived at the car park after 2:00 pm or who left before 11:00 am. Using these 

times, a new table was created in ArcGIS environment and the distribution of their car par 



usage time was visualised. This dataset was then integrated with demographic and tourist 

behaviour information collected during the survey for each tourist. 

The overnight location of the 157 car park users was then examined for the period 

they stayed on the Freycinet Peninsula. From the state-wide one minute dataset, the first 

recorded location on each day for the 157 tourists was extracted. Using the full FP dataset the 

time of arrival and departure from Freycinet Peninsula was determined. Then the first 

location on the day of arrival to Freycinet Peninsula and the first location on the day after 

leaving Freycinet Peninsula were assigned ‘before’ and ‘after’ trip status. All nights in 

between were assigned ‘during’ trip status. The data quality was checked as a few tourists 

visited the Freycinet Peninsula on more than one occasion. It should be noted that only trips 

where the car park was used were included in the assessment. 

As outlined above, a total of 157 car park users were identified on a total of 164 car 

park use days. No tourist in this investigation stayed overnight in camp grounds in the park or 

left their car at the car park. All occupations of the car park are presented in Figure 6. All 

times and time periods are presented in 24 hour decimal time. 

The average length of time all visitors occupied the car park was 1.89 hours ± 

standard deviation of 1.65 hours. Figure 5 shows a histogram of occupation time in the car 

park for all 164 occupation periods. The distribution is clearly skewed towards many short 

period visits and a similarly large number of longer (variable length) visits with a peak visit 

duration of between 1.5 to 2 hours. 

 

[Figure 5: Time spent in car park for all occupation periods – to go here] 

 



The average arrival time for all visitors was 12.48 (12:29 pm). However, the peak 

arrival time is closer to 11:00 am as presented in the distribution graph. The average 

departure time was 14.38 (2:23 pm).  

Of the 164 use days a total of 109 occupations were between the peak periods of 

11:00 am and 2:00 pm (i.e. the tracker arrived at the car park after 11:00 am or left before 

2:00 pm). The average length of time these peak time visitors occupied the car park was 2.3 

hours ± standard deviation of 1.72 hours. It became evident that there were fewer short-term 

visitors (visitors who stayed less than 30 min) during this period. The average arrival time for 

visitors using the car park between 11:00 am and 2:00 pm was 11:38 am. The average 

departure time for these tourists was 1:56 pm. 

The analysis then explored the demographic and other travel behaviour information of 

the tourists who visited Freycinet Peninsula, the Wineglass Bay Car Park and tourists who 

used the car park between 11:00 am and 2:00 pm. The demographic variables that were 

explored included: age; highest level of education and employment status; reason for visit to 

Tasmania; place of residence; if the tourist had previously visited the state; main form of 

transport; and travel party size and composition. The analysis revealed that there was a slight 

tendency for tourists above 60 years of age to use the car park during peak periods and for 

tourists less than 29 and between 40 and 59 to avoid the car park during those periods. 

However, these trends were relatively weak. The analysis also revealed that there was a 

dominance of tourists whose primary motivation was to visit Tasmania to experience 

wilderness and wildlife, amongst those that visit the Peninsula. Significantly, a proportion of 

these people appear to avoid the car park during peak periods. 

Our analysis revealed a dominance of Australian and Hong Kong residents in the 

sample of visitors to Freycinet Peninsula. Of the Chinese tourists recorded in the car park, 

only three out of eleven used the car park during peak hours. Other groups (tourists from 



Australia, Hong Kong and tourists who identified themselves as being from ‘other 

international countries’) used the car park facility during peak hours as well as off-peak 

hours. The car park usage during peak hours was more than half of the total car park usage 

time. 

Our analysis revealed that first-time visitors dominated the sample of tourists who 

visited the Peninsula, but this was not dominant in car park usage. Similarly, while we found 

a dominance of car/4WD renters followed by a large group of people with their own 

cars/4WDs using the car park, there was no clear effect of this factor on car park use during 

peak periods. 

There was also a dominance of working and retired couples with degree or higher 

degree education levels visiting Freycinet Peninsula. However, again no influence on car park 

usage times was evident in any of these factors. 

Following this, we assessed the period of time that tourists (or their cars) occupied the 

Wineglass Bay Track Car Park. We assessed all tourists who used the Track Car Park and all 

tourists who used the car park between 11:00 am and 2:00 pm. An overriding trend was that 

the average time spent using the car park tended to increase for those who used the car park 

during peak hours as compared to the complete car park using cohort. Moreover, the time 

spent in the car park decreased with age, excluding the eldest group (tourists greater than 70 

years) where time spent using the car park was the greatest. 

 

[Figure 6: Time using car park by age – to go here] 

 

The analysis also revealed that Chinese tourists spent the shortest time using the car 

park whereas tourists from other overseas countries who used the car park during peak hours 



spent the longest periods in the car park. Australian and Hong Kong tourists occupied the car 

park over similar time periods.  

Further, smaller groups spent longer using the car park than larger groups. Similarly, 

less time was spent using the car park by people travelling as a family with children. There 

appeared to be no clear effect of previous visitation to Tasmania, the form of transport being 

used, education level or employment status on time spent in the car park. 

 

Overnight locations of visitors using the Wineglass Bay Track Car Park 

The GNSS data allowed the research team to determine the overnight locations (as first 

location reported on each day) of tourists the morning of their day of arrival at the car park, 

and on the evening of the day the tourist left the Peninsula (Figure 14). While there was no 

detectable pattern in, before or after trip overnight locations, it was clear that tourists’ 

overnight location for their nights prior to their time in the car park and after their visits on 

Freycinet Peninsula, appeared to be as close as possible to the entrance of the national park. 

These tourists were recorded no further than the towns of Swansea and Bicheno. 

 

[Figure 7: Overnight locations of tourists using the car park before and after visiting the 

Freycinet Peninsula – to go here] 

 

Significantly, the analysis revealed that there were high concentrations of tourists 

staying on the East Coast, and in Hobart to the south and Launceston to the north.  

Given the limited scope of exploratory and descriptive statistical analysis and the 

requirement for manual cleaning and analysis to be undertaken, we sought to develop a 

model to assist in visualising tourists movement through time and space via machine-based 

learning. This is discussed in the following section. 



 

Spatio-temporal dependence model of tourist mobility  

Using a machine-based learning environment and the open source Jupyter platform, space 

and time (i.e. spatio-temporal dependence) were considered using proximity theory and 

modelled for nearby and distant spatial properties. Temporal dependence was also considered 

and modelled for closeness, period, and trend properties.  

In any mobility setting, the inflow (entry) of a crowd in a region is affected by 

outflow (exit) of crowd in nearby regions, such as when a tourist leaves one region to go into 

another region. The flow can also be affected by that of distant region, such as when tourists 

travel a far distance from their hotel to visit tourist attractions. Similarly, when considering 

the temporal dependencies, the flow of tourists is affected by their time of arrival. For 

example, number of tourists’ who arrive at 9.00 am affects visitation at subsequent sites at 

10.00 am. This was modelled as a ‘closeness’ temporal dependency. The other dependency 

that was modelled was ‘period’, such as tourist arrivals at opening / closing hours, can 

resemble a pattern. The third temporal dependency that was modelled was ‘trend’- where the 

flow follows a certain trend with a change in time, such as changes caused by extended 

daylight hours during summer time.  

Finally, in any region, the inflow and outflow of the tourists at certain time interval 

are defined by total number of tourists entering and exiting the region. To calculate inflow 

and outflow, we used an algorithm based upon Relative Complement from Set Theory. 

Definition - Relative Complement: If A and B are sets, then the relative complement of A in 

B is the set of elements in B but not in A. The relative complement of A in B is denoted by B 

∖ A. 

FORMALLY: B \ A = {X ∈ B | X ∉ A} 

Inflow/outflow Calculations 



A = Numt-1 = Total number of tourists in any region R, at time instance t-1. 

B = Numt = Total number of tourists in any region R, at time instance t. 

RInflow = B \ A = Numt \ Numt-1 

ROutflow = A \ B =Numt \ Numt-1  

 

After calculating the inflow/outflow of tourists in any region and at any time instance, we 

implemented this algorithm into the model for simulation and visualisation. 

 

Interpretation of the machine- based learning model 

A deep learning approach was used to develop the model. Deep learning has been used in for 

many applications in recent years, including speech recognition, visual object recognition, 

and semantic segmentation (Garcia-Garcia et al. 2018; LeCun, Bengio, & Hinton, 2015). In 

general, two main types of deep learning models are used in spatial-temporal applications: 1) 

convolutional neural networks (CNNs) in order to capture spatial structures; and 2) recurrent 

neural networks (RNNs) for learning temporal dependencies. The overall architecture was 

based on that developed by (Zhang et al. 2018) which is modified for national park setting. 

The computational steps that were undertaken were as follows: inflow (entry) and outflow 

(exit) for each region at each time interval was calculated as a 2-channel flow matrix. The 2-

channel flow matrices of intervals in each time fragment were then fed into the three 

components separately to model the three temporal properties: closeness, period and trend. 

Time axis was divided into three components, denoting recent time, near history and distant 

history. The three components consisted of a convolutional neural network followed by a 

residual unit sequence to capture the spatial dependency between nearby and distant regions. 

The outputs of the three components were then fused based on parameter matrices, which 

assigned different weights to the results of different components in different regions. Each 



component consists of (1) convolutional layers and (2) residual units. The spatial dependency 

of any region was captured using a CNN layer and the residual neural network framework 

was used to model the temporal closeness, period, and trend properties of tourist flow. 

Finally, the aggregation was mapped into [−1, 1] by a Tanh function, which yielded a faster 

convergence than the standard logistic function in the process of back-propagation learning.  

 

[Figure 8: Deep spatial-temporal architecture using Residual Network- to go here] 

 

 The model used the same data as stage one and two of this study, and assessed tourists use 

of only six major sites within Freycinet National Park. More sites exist within the Park and 

were assessed in phase one and two, but for this phase a decision was made to focus only on 

regions subject to crowding. The results were visualised to calculate the total number of 

unique tourists’ inflow (entry) and outflow (exit) in each of the Freycinet sites. The 

visualisations of the inflow and outflow counts were then assessed against the actual number 

of tourists who visited each of the Freycinet sites. Following this, the model was used to 

determine the number of tourists who visited the same site more than once, as compared to 

the unique tourists count (Table 1). 

 Following this, we used the model to determine tourists’ mobility over time, in both days 

(Figure 9) and months (Figure 10). When assessing tourist use of trails over the week days, 

Saturday appeared as one of the quietest days for all sites. In terms of months, January 

appeared low but this was due to recruitment beginning later in the month. Subsequent 

months illustrated that a trend of increasing visitation in February and March to the car park 

and track head, plus the car park to lookout, visitation from the lookout to the Wineglass Bay 

declined, possibly due to the weather.  

 



[Figure 9: Tourist movement by site and weekday, through six Freycinet National Park sites.  

- to go here] 

 

[Figure 10: Tourist movement by site and month, through six Freycinet National Park sites.  

 

- to go here] 

 

Discussion 

This research sought to bridge a methodological gap between the current state of location-

based technology, the ubiquitous use of smart phones and associated apps and tourism 

mobility research. Surprisingly, while tourists appear to have changed their behaviour by 

embracing technology to support their trip planning, in situ decision making and reflection 

while they travel or following their travels, the use of technology to support tourism research 

has not displayed a similar rate of change. While Big Data is now being widely discussed and 

lauded as having strengths in being able to determine macro patterns in travel, its ability to 

reveal nuanced differences in traveller behaviour is limited, given its reliance on syncing 

location-based data with that which is sourced from commercial providers such as basic 

socio-demographic data. Moreover, new privacy rules such as the GDPR will mean that the 

reliability of large data sets may be comprised. And finally, the reliance of Big Data on 

factors such as mobile phone reception, data connectivity and/ or Wi-Fi plus Bluetooth, 

means that its ability to study the movement of tourists (particularly international tourists 

who may not have data roaming) in national parks may be severely compromised. 

As an alternative to Big Data, tourism researchers have used GNSS technology 

frequently in national parks and remote areas, given its sole reliance on satellite connectivity 

in order to track the location of tourists. However, this technique has traditionally relied on 

the syncing of GNSS data that has been generated from a handheld GNSS device, with paper-



based surveys that determined the travel specific characteristics of study participants. At the 

time of this research, there were only very few examples of research that had synced GNSS 

and survey technology and used smart phones to deliver this research (e.g. Thimm and 

Seepold 2016; Yun and Park 2015) despite what has been described as ubiquitous smart 

phone use by tourists.  

This research demonstrates the potential for tourism mobility researchers and the 

tourism industry to reconsider its methods. In doing so, it demonstrated how novel digital 

research such as this can have direct benefits for the infrastructure planning and management 

in the national parks and protected areas. Five major outcomes have emerged from this study. 

 

1. Development of a machine-based learning model for tourism mobilities 

This study transitioned mobility analysis from generic Microsoft-based research, to 

automated tourism-specific research, by translating and accommodating variables of tourist 

mobilities within the context of GNSS collected location and demographic data sets. This 

translation resulted in an automated framework, and in doing so, introduced a novel approach  

to the field of tourism mobilities. Specifically, this study implemented the developed 

framework considering the concurrent processes of the real world i.e. spatio-temporal 

processes. By characterising the association of tourist mobility in space and time which is 

underpinned by human behaviour, we considered the important fundamental principles for 

space (within the umbrella of proximity, nearby and distant spatial properties) and time 

(within the umbrella of time window, closeness, period, and trend temporal properties ). 

These principles and properties are implemented in a computational environment for 

visualisation. This approach makes contributions to future tourism research in the era of 

machine-based learning, automation and Big Data.  

 



2. Detailed insights into the spatial mobility of tourists in national parks: 

Tourism mobility research has been conceptualised as being made up of three major 

modes of study: that which relates to the technological aspects of various transport modes; 

that which relates to the attitudes and behaviours of different tourists or tourism stakeholders; 

and that which assesses the characteristics that explain or predict travel mode and the factors 

that influence changes in travel mode (Verbeek and Mommaas 2008). This research 

contributes to the third mode by using machine-based learning to assess how tourists move 

through a national park over time. In doing so,  our study demonstrates the ability for 

innovations in tourism mobility research to assess critical issues such as crowding, in real 

time.  This was done by an assessment of the spatial mobility of tourists using real-time 

integrated GNSS and demographic data. The illustration made with the analysis of FPLand 

and FPWater mobility shows the spatial territory of choice of the tourists who are visiting 

Freycinet National Park. This analysis illustrated the spatial heterogeneity of destination of 

choice. Moreover, the demographic analysis of those who did walk and who did not walk 

provides insights that can guide future marketing efforts by targeting tourists who are more 

likely to undertake walks within the national park. In this case, the research revealed that age 

was found to be a significant variable with younger visitors to the Freycinet Peninsula found 

to be more active than older visitors. It also revealed that visitors from Australia and 

Mainland China were less likely to do a walk, while visitors from Hong Kong and other 

international countries were more likely to do a walk.  

The analysis further revealed that those who did longer walks within the park were 

more likely to have stayed overnight on the Peninsula the night before their walk. This builds 

upon previous work in urban environments by Shoval et al (2016) and Sugimoto et al (2019) 

who postulated that the impact of hotel location and transport hubs such as train stations 

impact on tourist mobility. For natural resource managers, this information provides 



opportunities to conduct marketing to alter visitor flows and in doing so, reduce crowding. 

Our analysis also highlighted that in the future, a walkability index could be developed to 

further understand the spatial behaviour of different cohorts. Moreover, further analysis of 

real-time GNSS data could potentially build advanced spatial behaviour models that address 

the spatial spill-over effect, diffusion of tourists and spatial homogeneity of tourists within 

the region. 

 

2. Detailed insights into the temporal mobility of tourists in Freycinet National Park 

Our study tackled granularity issues associated with real-time GNSS data collection by 

developing algorithms to aggregate data and answer various social science questions. The 

experimental design of developing time window of 10 seconds, one minute, two minutes, five 

minutes, 10 minutes and 20 minutes for data aggregation and quality assurance was suitable 

to assess mobility over time, or time density. When combined with the demographic data, it 

revealed that peak hour car park usage was connected to specific demographic segments. For 

example, those in the car par during peak times were predominantly over 60, primarily in the 

state of Tasmania to experience ‘wilderness and wildlife’ and from Australia, Hong Kong and 

other countries—but not Chinese visitors. This highly detailed information on infrastructure 

usage could be extended to develop advanced models of time slicing and time geography for 

tourist visitation in national parks. Moreover, it builds upon the work of Dickinson et al 

(2013) on the temporal rhythms of tourists. This research demonstrates the impact that 

rhythm of arrival have upon crowding and the opportunities for research to alter these 

rhythms in order to reduce crowding. Given that this app used in this study tracked tourists 

prior to their arrival at the Wineglass Bay Car Park , there is now an opportunity to conduct 

experimental research via push notifications, to encourage tourists to visit sites other than the 

Wineglass Bay Car Park. This would not only reduce crowding, but could potentially 



enhance the visitor experience.  

 

3. Development of a machine-based learning model for gaining insights into the 

spatio-temporal mobility  

The model developed in this study utilised machine-based learning and was based upon an 

algorithm that was derived using Relative Complement from Set Theory. By analysing spatial 

and temporal aspects separately researchers are able to determine basic levels of insight in 

mobility research. However, in the real world, there are processes where space and time must 

be considered concurrently and cannot be separated. These processes are termed as spatio-

temporal processes. In our model, we consider spatio-temporal dependencies in an integrated 

way. The spatial dependencies (nearby and distant) and temporal dependencies (closeness, 

period and trend) facilitates the consideration of the associated complexity.  

While this approach has been used in transport, its application to tourism research is 

unique. It addressed spatio-temporal properties concurrently and was designed so that it could 

be used to track tourists’ movement in close to real time. Ultimately, when used in 

conjunction with the app that collects data automatically,  this model can be incorporated into 

data dashboards such as www.tourismtracer.com, giving natural resources managers real time 

visualisations on what is happening out there that will inform decision making.  

The model could be further extended to predict tourist mobility patterns by adding more 

dependencies, such as weather conditions and events that may change the flow of tourists in a 

certain region. This scenario may also be different in the case of city or town where entry and 

exit options are varied and tourists may not necessarily entry and exit from the same region. 

In future research, tourist flows could be modelled and visualised using this approach in 

developing scenarios of various degrees of sensitivities.  

http://www.tourismtracer.com/
http://www.tourismtracer.com/


4. Evidence-based tourism mobility data for natural resource managers in Freycinet 

National Park 

Alongside the evidence from space time analysis and spatio-temporal modelling, our study 

provided tangible insights for natural resource managers. As well as highlighting current 

usage, the data provided insights that could be used to mitigate overcrowding pressures in the 

over-used car park. For example, it revealed that tourists from China and Hong Kong do not 

currently visit Friendly Beaches. This, location could be marketed as a  ‘new’ destination for 

these segments and in doing so, may relieve visitation pressures on the car park. From the 

data it is also apparent that if an alternate car parking area was to be designed, younger 

people and those from other overseas countries (excluding those from Hong Kong or China) 

could be encouraged to park in these alternate areas, as these segments were found to park in 

the car park for the longest period. 

In the longer term, a new walking path (a small segment or a loop) may be developed 

and marketed to those interested in wilderness and wildlife, over 60 and from other overseas 

countries. This could mitigate crowding during the busiest time window of the day. A further 

outcome could be the use of this data to develop a smart parking facility that encouraged 

shorter stays while generating income. This smart parking facility could be implemented 

without extending the car park space, but rather, with charges during peak visitation times.  

Finally, this study revealed that with consent, an enormous amount of data can be 

collated and used to understand tourism mobility and inform evidence-based decision 

making. There are great opportunities to apply tracking to achieve other benefits that extend 

beyond tourism, such as life logging.  The challenge for future researchers is to receive 

consent for more cost effectives alternatives such as standalone apps; past research has 

struggled to do so (eg Thimm and Seepold, 2016). The introduction of the European Union’s 

new General Data Protection Regulation (GDPR) that came into effect in May 2018, will 



now prohibit the use of data unless participants opt in to have their data shared. Moreover, 

changing societal attitudes towards tracking were recently evident during the recent 

Cambridge Analytica scandal. Thus, the challenge for mobility researchers is to ensure that 

research practices that track human movement are done with consent and at the same time are 

able to collect granular information that provides robust and usable data in a timely manner.  
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