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Abstract
Tourism is one of the world’s largest industries fundamentally arising from mobility as a form of capital. In destination islands that have a delicate ecosystem to maintain, this source of income can become problematic in terms of sustainability. A difficulty in making people aware of this issue is also represented by the fact that such sustainability-related issues (and their causes) are often not “visible” to citizens. To foster awareness about the relationship between sustainability and tourism in well-known destinations, we design a platform that engages users at two levels of participation: i. at the IoT and sensors level, in order to let them becoming providers of big data, deploying and enlarging the pervasive infrastructure; ii. at the (big) data visualization level, with the aim of engaging them in making sense of large volumes of data related to sustainability. This paper presents the design and implementation of a real-world experience where a low-cost collaborative platform made it possible to sense and visualize tourist flows and urban data into a rich interactive map-based visualization, open to the local communities. We deployed our case study in the Madeira archipelago, engaging locals and visitors of the island in two exploratory studies focused on measuring the impact of providing users with meaningful representations of tourism flows and related unperceivable aspects that affect the environmental sustainability. Analysing the findings of the two studies, we discuss the potentiality of using such a system to make sense of big data, fostering awareness about sustainability issues, and we point to future open challenges about citizens’ participation in sensing and making sense of big data.
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Introduction
Tourism is a continuously growing and important sector for many regions and countries worldwide for which it is a central source of welfare. In fact, tourism is one of the world’s largest industries fundamentally arising from mobility as a form of capital [1]. As such, tourism is one of the undisputed key issues of modern life, affecting people’s well-being and quality of life, while, at the same time, impacting significantly the environment and the sustainable development [2–4]. Thanks to digital networked technologies, the environment is becoming increasingly interconnected and vast amounts of data are accessible to produce new insights and knowledge about the world we live in (see, for examples [5–7]). These ubiquitous technologies provide researchers with an opportunity to study the overall impact of complex human and economic activities such as tourism. This research is particularly relevant for islands, not only because they are vulnerable to climate change impacts, but also because they provide unique conditions to test complex variables in a controlled environment. Through the project here described we wanted to better understand the impact on locals and visitors when exposed to meaningful representations of the tourism flows on their own locales: what if people could visualize and make sense of touristic flows (some of which are even unnoticeable)?
To this end, in this paper, we describe the design and deployment of a platform, composed by (i) Beanstalk, a low-cost community-based pervasive collaborative infrastructure to sense the presence and movement of people [8], and (ii) ViTFlow, which combines the data collected by the Beanstalk sensing infrastructure and other urban data sets, with visualization technologies, making tourism flows and some related data (such as, common mobility paths, tourist distribution, energy consumption and CO[image: $$_{2}$$] emission) openly visible to both locals and visitors [9]. The case study has been deployed in an Atlantic Ocean archipelago, Madeira, one of the outermost regions of Europe. To note is that such an area accounts for 80% of the biodiversity of the European continent [10] and provides a unique testbed for testing these technologies.
ViTFlow, harnesses Beanstalk, arises from studies on understanding objects’ trajectories recorded by GPS enabled devices [11, 12], social media information provided by publicly shared tweets and photos [13, 14], and network-based tracking technologies recorded by wireless networks [15–17]. These systems are all generating large volumes of data, enabling new understandings of human mobility. Conversely, new and cheap Internet of Things (IoT) devices are able to sense and transmit environmental data wirelessly as they weave themselves into the fabric of our everyday lives [18]. They enable an unprecedented analysis of many different parameters affecting the environment and human wellbeing and quality of life [19]. From greenhouse gas emissions, impacting on the increase of air pollution, generating N[image: $$_{2}$$]O and CO[image: $$_{2}$$] and strongly affecting air quality, to changing environmental conditions such as temperature, humidity, and rainfall, all can be monitored and estimated at spatial-temporal resolutions. The big data flows collected in such ways need to be aggregated and displayed in a fashion that they can deliver value. Information visualization techniques come into play to try to solve this issue and deal with the flood of information, helping casual users in making sense of vast amounts of raw data, fostering participation’ reflection, and supporting thinking [20–22].
Inspired by research in HCI and sustainability [23, 24], pervasive sensing and citizen science [25, 26], and information visualization [20, 27–29], we designed and developed ViTFlow as proof of concept to prove the urgent need to facilitate communities in making sense of a variety of data. Our goal was to stimulate more informed opinions about the environmental consequences and the ecological footprint caused by tourism flows. To achieve this, we exploited Beanstalk, a low-cost infrastructure to collect mobility flows of tourists and locals, environmental conditions and air quality. Then, we augmented such big data with related data (e.g., weather condition), and we presented all the data in a rich map-based public visualization available to all the interested communities, to increase their awareness about sustainable issues related to their surroundings. The contributions of this paper are:	A real-world case study that exploits a dataset of more than four-year mobility data (more than 480 million data points) collected across a medium-sized European Island where a low-cost sensing IoT infrastructure is spread in more than 80 points of interest (POIs) and 20 public buses. This infrastructure is capable of collecting data about relevant parameters impacting the sustainability of the island, such as citizens and tourists mobility flows and air quality;

	The design and implementation of a rich map-based interactive interface enabling locals and visitors to easily make sense of complex dynamics, visualizing big data, with the aim of enhancing and informing communities about sustainability concerns related to tourism and the environment;

	An empirical assessment through two user studies of the potentiality of ViTFlow to be used as a tool for raising people and community reflections about unperceivable aspects that impact environmental sustainability.



The paper is structured as follows: we first present a comprehensive section on related work concerning: (i) mobility tracking and analysis, with a particular emphasis on tourists flows; (ii) sensing and monitoring of environmental and urban data, and (iii) raising people and community awareness about the environmental impacts of human activities. Then, we present the design of the entire platform from a technical perspective: we start introducing Beanstalk, the pervasive infrastructure exploited to collect mobility and environmental data in the Madeira archipelago [8], and we continue presenting ViTFlow in detail. In particular, we describe the different techniques implemented to visualize the datasets, exploiting a layered structure, that makes it possible to synchronize different animations of historical datasets in the same visualization. We then move into an analysis of our empirical investigation of ViTFlow through two exploratory studies. Our studies explore how public visualizations of sensed data makes people reflect on the everyday environment. Finally, we discuss the findings from the studies in relation to understanding tourism flows and environmental impacts and we present directions for future experiments.
Related work
In this section, we focus on related projects and studies that address how we can sense: (i) mobility flows, analysing mobile phone data, GPS traces, information gathered by Wi-Fi technologies or derived from social network usage, but also (ii) environmental and urban data exploiting participatory network and citizen science. Finally, we present studies focused on (iii) raising communities’ awareness about unperceivable aspects that impact environmental sustainability, investigating how information visualization has been used to make sense of data.
Mobility and social network tracking and analysis
A vast body of research has been conducted looking at how mobility tracking and analysis on urban environments could be used to estimate mobility flows and patterns [30]. During the last two decades, several studies exploited mobile phone data usage to track users and understand their movements [31–34]. For instance, the authors of [35], presented a study showing the usage of aggregate mobile phone data, provided by an Italian telecommunication company, to estimate the main directions followed by people (i.e., to understand how the mass of people distribute in space and time), by computing a suitable approximation of the Wasserstein distance between two consecutive density profiles. In [34], the authors report on an analysis of mobile phone data to ascertain subgroups with different purposes of visit and related spatio-temporal patterns. Lately, some authors took advantage of mobile phone data to investigate mobility patterns during the COVID-19 pandemic the world is experiencing [36–38]. Indeed, using mobile phone data is not always a feasible solution since the collected data are, in most cases, owned by private large corporations and telecom providers.
To overcome this issue, several studies focus of passive Wi-Fi sensing technologies, through Wi-Fi probe requests, to collect human mobility information and infer mobility patterns [39–42]. Recently, the authors of [43] presented an attempt to localize crowds with Wi-Fi probes applying location fingerprinting interpolations from the received signal strength (RSSI) values from previously scanned indoor locations. Another lens to examine passive Wi-Fi sensing data to understand crowd behaviors and discover patterns is through machine learning [44, 45]. Interestingly, some studies proved that, even with a data set that contains a large portion of randomized MAC addresses, it is still possible to draw meaningful results regarding crowd behaviors [46, 47]. Through the Wi-Fi probes analysis is also possible to profiling the user [48]. An interesting method adopted in a study from Cunche et al. [49] uses the information broadcast from 8000 Wi-Fi devices to perform what the authors called SSID profiling. This technique involves analyzing the captured information, focusing on the SSIDs (names of the saved networks on the devices) to associate different devices with social connections to locate people that visit the same places, share the same interests or family bonds. Similar to SSID profiling, the user demographics of certain Wi-Fi locations have also been studied. Methods range from passive scanning [48], to active meta-data access from HTTP accesses [50].
During the last decade, the paradigm of social sensing has been investigated also in the context of tourism and mobility [51–53]. In [54], the authors conceptualized the use of a large-scale participatory sensing network fed with location-based social media systems to infer valuable knowledge about the city dynamics and urban social behaviour. The authors of [13] explore techniques for detecting urban mobility patterns and anomalies by analysing trajectories mined from publicly available geo-positioned social media traces (i.e., Twitter) left by the citizens. Twitter has been investigated also in [55] for real-time traffic event detection. Instead, the authors of [56] exploited Flickr geotagged photographs together with high-resolution land cover mapping to identify different cultural services and their association with specific ecosystems and land cover types.
Some research studies focus on the specific analysis of tourist flows, mostly focusing on exploiting GPS traces [11, 12], and social media sensing [57–59].
Inspired by the presented studies, we implemented a pervasive system for tracking mobility flows (considering both tourists and locals) with the aim to addressing different challenges at once: developing a low-cost, non-intrusive and secure (preserving users privacy, as detailed in [60]) infrastructure, able to cover urban areas served by public transportation systems as well as very isolated and rural areas; engaging the local communities to facilitate the infrastructure deployment and maintenance (i.e., community-based infrastructure).
Sensing and monitoring environmental and urban data
In the last decades, different research projects exploited citizen science efforts and participatory sensing (including crowdsourcing and crowdsensing) to detect and monitor a vast range of attributes of the environment [61]. Such attributes range from physical characteristics (as urban accessibility [62, 63]), to actual measurements (as noise [64, 65], air quality [19, 66, 67], and so on), including also environmental-related dimensions (as biodiversity issues [68, 69]. In some cases, the participants contribute writing reports about a certain observed condition, such as weather observations [70], hydrological monitoring [71] and daily precipitation [72]. Some researchers designed specific hardware to accomplish a particular goal [73, 74]. In [74] the authors described MyPart, a personal, wearable, portable, and accurate particle sensor under $50 capable of distinguishing and counting differently sized particles. The collected information is shown in a compelling real-time visualization using an iOS app. A similar approach is exploited in the Sensing the Air project, part of the European CITI-SENSE project, aiming to develop sensor-based citizen observatories. During the project, 30 air-quality sensors were deployed in citizens’ homes and public places (and relocated periodically) to continuously monitor the air quality of the local environment [67, 75].
Several projects engaged citizens equipped with smart devices, exploiting the build-in sensors and creating a participatory sensing network [76, 77]. An interesting study that investigates the sensing of environmental conditions using common smart devices, focusing on noise and sound monitoring, is presented in [64]. More recently, the authors of [78], analyzed a mobile application to collect geotagged images of mosquitoes. During the COVID-19 pandemic, smartphone sensors and crowdsourcing have been employed to collect respiratory sound data [79], and contact tracing data [80].
The presented projects are interesting examples of how it is possible to engage citizens and creating a participatory sensing network to measure a parameter of interest. In our system, we followed a two-level approach to involve citizens in the project. Firstly, we deployed the infrastructure simple inviting citizens, including people working for public entities and owners of places, to install our sensors station for passive Wi-Fi tracking in the point of interest (such as restaurants, bars, malls, museums, the airport, and so on). Second, we implemented ViTFlow to deliver data back to local communities through simple and meaningful visualizations, to stimulate discussions and reflections about sustainability.
Raising people and community environmental awareness through data visualization
The data and information visualizations are tremendous tools to convey messages and allow users to become more informed about specific issues [20, 81]. In 2007, Pousman et al. stated the importance of information visualization targeted to casual users (in contrast with expert users), extending the definition of InfoVis with four categories, such as ambient, social, artistic, and personal/persuasive [20]. Following the idea to make information available to casual users, some studies focus on the visualization of urban data in public displays. In [82], the authors present an analysis of installations (i.e., public visualizations situated in the real world) related to urban data, criticizing the lack of a more complex view of the city dynamics in the visualization, often focusing on a single attribute (e.g., energy and water use). In the Reveal-it! project, the authors, presenting a study on energy consumption, prove that social visualizations available in public settings are able to increase citizens’ awareness by showing underlying patterns in the data [81, 83]. A different approach, with a similar goal, is presented in [84], in which authors detail the design and evaluation of a kit that empowers citizens to visualize data in wireless small e-link displays, situated in visible space (i.e., a shop showcase). Focusing on air quality monitoring, Hsu et al. present a system that combines animated smoke images, air quality data, crowdsourced smell reports, and wind data to empower the community to support policymaking [85]. Data related to the implications of paperless initiatives in terms of paper waste avoided and benefits for the environment have been presented in two infographics designed to exploit different styles and techniques, to extract insights related to the design of infographics to increase awareness about sustainability issues [86].
Lately, Augmented reality (AR) and Virtual Reality (VR) have been exploited to visualize data related to the environment directly on the smartphone [22]. In [27], the authors present the potential of VR for data representations, arguing that, by specifying information-dense virtual environments in relation to the capacity of human ecological perceptions, there is an opportunity to develop new approaches to exploring patterns, anomalies, and connections within big data. In the mobile ecosystem, USC AiR is a mobile application that translates the air quality sensor feeds from an IoT infrastructure, into augmented reality visualizations [87].
Indeed, the new big data paradigm brings up new challenges as well as new opportunities in the field of data visualization [88–90].
All the presented studies reveal the interest in making sense of urban data, engaging casual users. Drawing from their outcomes, our approach aims to investigate the consequences to provide communities with visualizations related to bid data, and in particular, to tourism flows, strongly impacting the sustainability of tourist destinations, following the strategy to provide simple and meaningful visualizations that can be overlaid to create knowledge on a specific issue.
The platform walkthrough
As anticipated, we designed and deployed a platform composed of two systems:	Beanstalk: a community-based infrastructure designed to collect and make data related to tourism flows and different sources of social networks and environmental parameters open and accessible [8, 60].

	ViTFlow: a rich interactive web-based system that takes the Beanstalk authors’ effort further by making the information available to the internet general public, creating opportunities for reflections and awareness about the hidden impacts of tourism flows among locals and visitors.



To accomplish this goal, we designed a modular system composed of different hardware/software components. In particular, three components can be highlighted: (i) the passive Wi-Fi infrastructure, integrated with USB sensors, to gather data about air quality, weather condition, and noise; (ii) the back-end application, including the database and exposing APIs to obtain aggregated and structured data; (iii) the ViTFlow rich web application, visualizing spatio-temporal data, obtained from different data sources. Figure 1 shows the modular architecture of the passive Wi-Fi tracking infrastructure, the back-end application, and how the different components interact with each other. Conversely, Fig. 2 displays the main constituents of the web interface for visualizing urban data. We designed the architecture following a modular approach, to make it extensible to other data/layers. In the next subsections, we focus on describing the low-cost infrastructure to gather urban data , and the rich map-based interface to visualize the data .[image: ../images/40537_2021_442_Fig1_HTML.png]
Fig. 1The passive Wi-Fi tracking architecture

[image: ../images/40537_2021_442_Fig2_HTML.png]
Fig. 2The ViTFlow architecture


Beanstalk: a low-cost infrastructure to gather urban data
The Beanstalk infrastructure was deployed at more than 80 points of interest in Madeira islands which provides a unique testbed comprising 270 000 inhabitants (that makes it the third metropolitan area in Portugal) with more than 1,3 million yearly visitors. Madeira Islands are part of the Natura 2000, a network of nature protection areas in the territory of the European Union which despite the high density of population covers 2/3 of the territory. This combination of a historical touristic region, hosting both a major metropolitan area and a particularly rich nature reserve, provides a unique testbed for studying these phenomena from a big data perspective. After an initial test phase, with 14 routers installed at the airport, port, and several squares in the city capital, the system was expanded to more than 80 routers placed nearby the main points of interest (POIs) covering the more popular tourist attractions of the two islands (Madeira and Porto Santo).
It is important to notice that the routers were installed not only in locations owned by the tourism board and the local government, but also by citizens, inviting them to install the system outside of restaurants, bars, hotels, and so on, simply engaging the local owners in participating to expand the infrastructure. In fact, owners were attracted by the idea to be part of the system for collecting data, with the final aim of informing the communities about dynamics that impact the sustainability of the islands. In each POI, internet access was guaranteed by the receiving entity. Moreover, in collaboration with the main public bus company in Madeira, we augmented the Beanstalk infrastructure with additional routers placed in 20 buses covering the high-frequency routes in Funchal, the capital city, expanding the coverage of the network with mobile stations.
The routers are used to capture the probe requests, which are special frames sent by devices to discovery networks. The frame is broadcasted from the device to the networks reachable in a specific range and it contains the ID of the device making the request (MAC address). To avoid issues related to privacy concerns, the MAC address is stored as a cryptographic hash, together with a location ID of the router, and a timestamp (see [60] for more details). This allows to locate a device in space and time, to obtain a snapshot of the connected devices in each location, and to compute the more common mobility paths and mobility flows around the island. Another interesting data encapsulated in the probe request is the SSIDs history, a list with the names of the saved networks on the device. This list provides an additional method for profiling users, as described in [49]. We used the SSID profiling and a clustering algorithm to classify devices as locals or tourists, as presented in [60].
Since the routers have a USB port, we used these as nodes of a hub to connect multiple sensors for environmental monitoring. With the intent to make the system modular, sensors with a USB interface, or that could be read through intermediate hardware, were chosen. At this state, the sensed data are: particles (PM2.5, PM10), ozone (O[image: $$_{3}$$]), carbon dioxide (CO[image: $$_{2}$$]), sulphur dioxide (SO[image: $$_{2}$$]), nitrogen dioxide (NO[image: $$_{2}$$]), carbon monoxide (CO), nitrogen oxide (NO), temperature, humidity, air pressure, and noise.
Over a period of four years, the Beanstalk infrastructure collected mobility data on more than three million unique devices, resulting in a total of 480 million data points. To the best of our knowledge, the Beanstalk dataset represents a unique case study, in terms of size and duration, both compared to data collected over commercial systems, and data gathered in different academic studies. For more details about the Beanstalk infrastructure and the dataset analysis, see [8, 60].
ViTFlow: a rich application for data visualization
To make sense of the high variety of multi-sourced data, we designed and implemented ViTFlow (Visualising Tourism Flows). The application was built using standard Web Technologies, mainly HTML5, CSS3, Javascript and NodeJS, and SVGs. ViTFlow is composed of several visualizations (layers) that display different animations informed by the collected data. As displayed in Fig. 2, when a user requests a layer, ViTFlow launches a Node.js application that establishes a connection with the API providers and returns the data requested to the client. This data is then processed from the API provider entity, according to the visualization requested, and is returned to the client in a JSON file. Each visualization is declared in the system as a module that has its own data processing and animation. New visualizations can be created and added to the application, following the defined template, so as new APIs, other than the ones in place, can be supported, allowing new data to be represented.
Regarding the rendering of the visualizations, ViTFlow uses the SVG transformation techniques available on modern browsers, through the primitives provided by the D3.js data visualization framework1. The visualizations, each one originated from a data source, are all centered in a digital abstract map of the islands and represented on the sub-regions themselves or are layered on top of them. The map, used as a base for the visualizations, is the official Administrative Map of Portugal (CAOP 20192) originally provided in a shapefile format. This file is then converted to geoJSON and contains information regarding each administrative district, including its borders. This file is rendered using the map utilities provided by D3.js, which are used throughout the application to transform geographic coordinates into absolute positions (x,y) on the screen. With the absolute positions, we can perform SVGs transformations such as plotting points onto the map or transitioning an object along a path. The map can be zoomed using the scroll up/down movement, navigated by clicking and moving the cursor, and district information can be accessed by selecting the respective section on the map. Certain visualizations also make use of the mouseover to display extra information, such as the number of tourists in a city or the specific average temperature.[image: ../images/40537_2021_442_Fig3_HTML.png]
Fig. 3A screenshot of the ViTFlow rich interface where different datasets/layers are visualized in a given time


Figure 3 presents a screenshot of the ViTFlow rich interface. On the top left corner of the interface, there is a navigation menu, which allows the selection of multiple layers, from different categories, such as: Movements, Transportation, Environment, Weather, Information, and Map View. In Fig. 3, six layers have been activated and visualized: one in the Activity category; two in the Transport category; one in the Environment category; and two in the Weather category. Visualizations with historical data have a timeline graph (depicted on the button of Fig. 3) that allows users to select the data referring to one year or to smaller subsets of time, using a brushing technique that allows selecting a specific period of time (in Fig. 3, from May to July). The timeline graph also provides the events that occurred, daily, represented as red dots. Each dot can be selected to provide specific information about the event, such as the name and the location (in Fig. 3, the Festa da Cebola event is selected). Events are collected by experts, using official touristic sources, and can be updated using a crowdsourcing approach by the users who can interact with the back-end application. The timeline graph has a red bar that indicates the current time of the visualization. With the bar progressing in the timeline (daily), the data on the screen is updated. The timeline graph is also important to visualize, at glance, the aggregated data (e.g., the total amount of CO[image: $$_{2}$$] emissions in all the Madeira Islands in a given day, or, as in Fig. 3, the energy consumed per day) distributed in the timeline.
It is worth noticing that multiple visualizations can be activated at the same time. In such a case, the system synchronizes the timing of all the visualizations to produce a single animation with all the data. Each specific timeline graph can be consulted using the arrows presented next to the title of the layer, moving from layer to layer (in Fig. 3, the “Energy consumed per day” layer has been selected). Using the arrows, the user can give the focus to a specific layer, maintaining the other ones in the background. Selecting the visualization (and time window), the system starts playing an animation, recreating the data changes on the map chronologically. The user can also manipulate the animation progress using the speed control and the pause/start button (visible at the bottom-right of Fig. 3).
With the purpose of turning this into a public display for the citizens to interact with it, ViTFlow supports integration with certain keys on the keyboard to navigate through the menus, activating/deactivating visualizations, and performing actions on the application. A gamepad integration is also available to navigate the menus through the mapping of the keyboard shortcuts into the gamepad with an intermediate software, aimed to attract users’ attention in public spaces, without the need of using a special/touch screen display.
ViTFlow in detail
ViTFlow provides communities with different visualizations (layers) in order to make sense of diverse variables related to tourism flows and urban data. In particular, all the categories of variables and the included layers are presented in Table 1.Table 1The main categories and layers provided in ViTFlow


	Main category
	Layers

	Activity
	Movements

	Common Paths

	Demography

	Tourists

	Transport
	Airplanes

	Cruise ships

	Environmental
	Energy consumption

	CO2 emissions

	Weather
	Temperature

	Clouds and Rain

	Wind

	Information
	Routers status

	Map view
	Simplified

	Humanitarian

	Satellite

	Street




In the following sub-sections, we describe each data source and layer associated with it, grouping the layers based on the graphical visualization we decided to design and implement (i.e., heat map, pie, etc.) to make the presented information more appealing to citizens. We will focus on the main categories: Activity, Transport, Environmental, and Weather.
Heat map visualizations
Heat maps were used to visualize the distribution of a specific variable in each region. Three layers made use of heat maps: Tourists, Energy Consumption and Temperature.
Activities–tourists
The Tourists visualization shows a heat map with the distribution of tourists across the island, which allows users to quickly see how many tourists any region has at any given time, and how the data changed historically (as shown in Fig. 4a). As Beanstalk continues to collect data, it will also be possible to compare tourist flows across different years, to understand trends. Users, observing the timeline graph can immediately see the island most visited period of the year, since it presents the aggregate number of tourists on the island.[image: ../images/40537_2021_442_Fig4_HTML.png]
Fig. 4Some screenshots of the ViTFlow rich interface displaying different data visualization strategies


Environment–energy consumption
The layer Energy Consumption exploits a heat map to relate the energy consumption (in GWH) in the main Madeira Islands geographic areas (as shown in Fig. 3). Selecting a specific area, it is also possible to obtain the details about the estimated origin (e.g., thermal, wind, solar, etc.). The data is provided by official energy statistics3. Users can explore this layer to understand the consumption of energy in the islands, how it is generated, and the overall sustainability impact.
Weather–temperature
The Temperature layer uses a heat map to visualize the degree in the island in each area, ranging between 5 °C and 30 °C. The resulting degree value is the average of the different temperatures sensed in the area in a given month. The users, mouse-hovering the area can access the actual temperature. These data have been gathered by the API exposed by Observatório Oceânico da Madeira4.
Icons reflecting specific values
Dynamically mutating icons represent different weather conditions. The icons change based on the represented condition. For instance, the clouds icon becomes more transparent depending on the clouds density, while the wind icon changes its orientation to indicate the wind direction.
Weather–clouds and Rain
To present the percentage of clouds and rain, we used clouds and sun icons (as shown in Fig. 4b). We decided to use also the sun (instead of just clouds), to emphasize the presence of nice weather (instead of just removing the clouds icon). For this reason, we played with the colour saturation and transparency to display the different percentages of cloudiness and precipitation, and sun. The percentages are accessible through mouse-hovering on a specific area in proximity of the icon.
Weather–wind
The wind is a very important factor on the island, influencing the landing of airplanes in the airport (and the island mobility). That is why we opted to include it in the visualization. In ViTFlow, the wind is represented by a dynamic icon that changes size according to the wind speed, and orientation based on the wind direction (as shown in Fig. 4b). By selecting the wind icon, it is possible to see the detailed speed and orientation values.
Dynamic trajectories and paths
Dynamic trajectories from origin to destination are used to animate visualizations in four ViTFlow Layers: Movement, Common paths, Airplanes, and Cruise ships. Figure 4c depicts the four layers activated.
Activities–common path
The Common Path layer allows users to select a city and see the most common paths that start in that city. Each drawn path (a line) has a specific color and its thickness depends on the estimated number of people who followed that path. The number is calculated using the average considering all the collected data by the Beanstalk infrastructure. To start the animation, the user selects an area in the map (in Fig. 4c, Funchal - Santa Maria Maior), that acts as the origin of the common paths. Moreover, an external panel pops up to detail the common paths that are drawn in the digital map, making explicit all the regions followed from origin to destination. The user can also choose if visualizing the paths one by one or all together.
Activities–movements
The Movements layer presents information about mobility flows in the islands, differentiating tourists from citizens through coloured trajectories, drawn by small dots (blue for locals and green for visitors), as shown in Fig. 4c. Each dot represents a specific number of users (as defined in the legend). In particular, it displays the distribution of people on the island and the movements they make across time, data gathered thanks to the Beanstalk infrastructure (more details about the dataset analysis are available in [60]). To display this information, we exploited the idea of showing the flows of people using dots that float on the digital maps and move from origin to destination. The data is gathered by our passive Wi-Fi tracking infrastructure and made available using the back-end API. Essentially, we display the number of devices detected in a specific area (router) in a day and the movement of these devices around the island in the following days.
Transportation–airplanes
The Airplanes layer displays the number of planes that land in the airport on a given day (as shown in Fig. 4c). The airplanes are drawing so as to simulate two origin locations, differentiating the ones coming from the smaller island (Porto Santo) and from the mainland, and foreign destinations. Besides the map-based layer, this visualization makes visible also a panel detailing the information of the planes landing in Madeira, such as origin, date, and time. To obtain this data, the system queries the API provided by the local airport management company (ANA5).
Transportation–cruiseships
This layer works similarly to the airplanes (including the external panel with details the information, as shown in Fig. 4c. In this case, it visualizes two trajectories: arriving in Funchal (from Porto Santo, the smaller island), arriving in Funchal (from elsewhere including the mainland). The dataset is provided by the port authority of Madeira (APRAM6). This information is relevant not only considering the amount of CO[image: $$_{2}$$], but also other dynamic variables. In fact, the arrival of a cruise ship pours out a significant number of visitors, influencing the urban mobility and the overall number of tourists.
Pie charts
We decided to use pie charts to provide static information, estimated as an average of the gathered data.
Activities–demography
To visualize the ratio between residents and visitors in different areas, users can activate the Demography layer. Using a pie chart, we present the amount (in percentage) of tourists (the green part) and residents (the red part) aggregating the data considering the main areas in the island (as visible in Fig. 4a). With the term tourists and residents, it is intended the number of devices sensed by the Beanstalk infrastructure and then classified using the SSID profiling technique [60]. The values are calculated considering all the gathered data. At a glance, the user can see the ratio between residents and visitors, and, on mouse-hovering a specific area, it is possible also to learn the exact number of the two categories of users.
Dynamic bubbles chart
To show information strictly related to the footprint calculation, we opted for displaying floating bubbles, located on the digital maps.
Environment–CO[image: $$_{2}$$] emission
An important layer, considering environmental sustainability, is the one visualizing CO[image: $$_{2}$$] emissions. As anticipated, we used bubbles, floating on the top of the related region (see Fig. 4d). The bubble size represents the amount of CO[image: $$_{2}$$] emission (in TON) in each area in a specific month (it is calculated and aggregated month by month). Data is gathered both using the API provided by the Beanstalk back-end application and from PORDATA,7 an external source.
Evaluating ViTFlow
In order to validate ViTFlow against our research aims we performed two field studies to understand: (i) how people react to tourism flow visualizations and their environmental impact; (ii) how much people feel engaged in using the system and discovering complex sustainability-related dynamics.
All participants engaged in the two experiments were informed about the evaluation protocol before starting the data collection. The participation was voluntary, and all participants had the right to comply with or refuse participation, considering also details about the data storage and analysis (accordingly with European General Data Protection Regulation).
A preliminary field study: local public event
To collect the users’ reactions and feedback we performed a preliminary field study during a local public event, shadowing the users and taking notes of their interactions with the system and aloud comments. The study was conducted installing the public display, using a 24-inch screen and a gamepad, in an informal environment close to a popular pedestrian street in Funchal. At the end of the interaction, we asked users a few general questions to know their age, nationality, current residence, and a couple of questions related to the notes we took observing their interaction with ViTFlow.
Participants
During the three hours session, 23 users approached our system (4 tourists and 19 residents). Participants (9 females and 14 males) ranged from 19 to 71 years of age. On average, each interaction lasted 14 minutes. Users approached the public interface mostly in groups (couples or groups of friends).
Insights
All the participants enjoyed the Transport layers graphic, but some of them (7 out of 23) found it difficult to associate the represented information related to the number of airplanes and cruise ships arriving on the island with the data related to the origin and destination. A man living in Madeira, when saw the airplanes landing on the island, exclaimed, joking with her partner: “What is happening? Who is invading the island?”. During the interview, he revealed to us that he works in the airport, but seeing the exact number of airplanes landing on the island, day by day, was “impressive”.
Besides the Transport visualization that attracted the curiosity of all the users, tourists showed more interest in the Weather visualizations, while residents in the Activity layers (i.e., mobility patterns and demography). Some users (7 out of 23) checked all the visualizations before leaving the interaction. This means, that, since people approached the installation in groups of 2 or 3 people, almost all groups saw all the visualizations. It was also possible to notice that, in each group, only one person was keeping control of the interaction for all the session, navigating the interface also following the indication of the friends/partner.
A relevant result was related to the use of different visualizations to provide aggregated knowledge. In fact, once users discovered the possibility to overlap layers, they liked to activate and mix different visualizations. Interesting was noticing that they were not only interested in the graphic aspect of the resulting visualization, but they looked for correlations between the presented data (such as the number of events and flights in a specific month, and demography of tourists and citizens and weather condition in a specific area). Users started discussing with each other about the correlations they founded. Accordingly, a typical starting sentence was “Look here, how many”. Drawing on these insights we can affirm that the visualizations functioned as a discussion tool, stimulating conversations between the groups/couple, and confirming the interests of residents and tourists in this kind of information and visualizations. Three users, during the short final interview, told us that it would be really interesting to see also the data related to energy consumption (a complex issue in the island) and CO[image: $$_{2}$$] emissions, so as to have a more complete view of the sustainability of the island.
This preliminary field study was conducted in a public and crowded space and with our constant presence close to users. To avoid biases due to such a context, we decided to carry out another study to collect quantitative data, letting the user free to explore ViTFlow, as long as they enjoyed it, in their homes or preferred locations and devices.
Second study: online surfing and survey
We improved our system considering the findings of the preliminary study and we decided to evaluate it using an online survey, to collect quantitative data about the sessions and interactions, letting the users free to interact with the system as long as they want. We designed the second study to obtain quantitative values to better understand the users’ experience and the system performance as a tool to inform users (as explained in the next subsections). We also integrated new data sources, such as energy consumption and CO[image: $$_{2}$$] emissions, as suggested by some users during the first study, to facilitate both communities of locals and visitors in developing a more informed opinion on their sustainable/ecological footprint. We created the questionnaire focusing on the local communities, with the intent to measure, from a quantitative point of view, the ability of ViTFlow to inform people about tourism dynamics impacting sustainability. We decided to focus this study on residents for two reasons: first, we wanted to ask questions strictly related to Madeira with the intent to measure if the system can provide new information (for tourists, this statement is biased by the fact that they don’t own previous knowledge of the island and its dynamics); second, for the first study it was clear that the residents are more interested in understanding the visualized data and the phenomena resulting from the meaningful representations.
The survey
The survey was deployed in the Portuguese languages, and was structured as follows: a first section with general/contextual questions (11 items); a second one including specific questions about Madeira (9 items); a third one in which we ask users to interact with the web system (free interaction); finally, the last part was related to questions concerning the interaction with the system (14 items), including the same questions of the second section together with a few questions about the ViTFlow interface. 20 of 23 items were multi-choice questions, including simple decision values or a five-value Likert scale. We also included three open questions to obtain qualitative data and feedback: in one item we asked to write a definition of sustainably; another one was related to writing sustainability activities carry out in the islands; and, the last one was for open feedback and comments about ViTFlow. At the beginning of the survey, we provided a short description of the project, stressing the fact that data are collected anonymously and only for research purposes (accordingly with the EU General Data Protection Regulation). We distributed the survey among local people, using word of mouth, and we incentivized participants to share with family and friends. Together with the survey, we instrumented our web application with software (Hotjar8) to log interactions (i.e., clicks) and record user’s sessions, to know the duration of each interaction and the more selected visualizations.
Participants
We obtained 26 responses. The age of participants ranged from 24 to 54, with 11 (42.3%) males and 15 (57.7%) females. Almost all users were locals, except for two users: one from the mainland and another from an emigration country (Venezuela). Our survey probed users about their level of education to understand their background: 2 users had a Ph.D, 7 had a Master’s degree, 13 a Bachelor’s degree, and 4 a high school degree. Considering the occupation: 9 participants worked on education (4) and research (5) sectors; 5 worked on the IT sector; 4 in energy; 3 in transportation; and the rest of the participants cover diverse areas such as tourism, health, farming/agriculture, restaurant/food and drink services, journalism. Only one user didn’t specify his/her occupation. In order to understand the users’ existing level of awareness on sustainability issues, we asked participants to define “sustainability” in an open question. Almost all participants (23/26) provided a definition, and the answers were surprisingly thoughtful and articulated. For instance, one participant wrote: “Sustainability is part of what each person does in their day to day life to build a better world”. Instead, another one claimed: “Behaviors that do not harm or damage the environment, including flora and fauna”. Interesting to notice that several responses included the terms “future” and/or “long term”. We also asked participants to express, using a five-value Likert scale, how much they consider mobility/tourism/energy an important factor to keep into account to improve the sustainability of the island. The results are shown in Fig. 5, indicating tourism as the perceived less impacting factor on sustainability.[image: ../images/40537_2021_442_Fig5_HTML.png]
Fig. 5Participants’ consideration about the relation between mobility/tourism/energy and sustainability


ViTFlow evaluations
As anticipated, the second and fourth sections in the survey were aimed at measuring the level of information conveyed by the visualizations and understood by the users. We asked participants to answer questions related to variables influencing the islands (i) mobility (such as, “In your opinion, which is the season with more cruise ships docking in Madeira?”), (ii) tourism (e.g., “How much do you think the weather influences the arrival of tourists in the island?”), and (iii) sustainability (for instance, “Do you agree with this sentence: The amount of energy consumed in Machico is, in average, more than the one consumed in Camera de Lobos”). The questions are referring to common knowledge/insights. We wanted to measure if, after interacting with the system, users changed their answers according to the visualizations. To assess the significance of the experimental results from a statistical point of view, we carried out a Paired Sample t-test analysis for each question item of section 2 (comparing the data with the answers of the same items in section 4, post-interaction) in the survey. As null hypotheses, we defined the following: H0: The user did not increase her/his awareness considering the information visualized in ViTFlow, concerning mobility, tourism, and sustainability.
Our results strongly validate (with p < 0.05, one tail) the alternative hypothesis (i.e., the user did increase her/his awareness) only for three questions of the survey, and weakly confirm it (considering p < 0.10, one tail) for 2 questions. The results show, as expected, that users’ previous knowledge about the variables strongly influences their responses, and this is particularly true in our sample where different people work in sustainability-related fields (as tourism, transportation, and energy). Consequently, their previous knowledge is visible in the results. Nonetheless, analyzing the answers in detail, it is possible to observe that the majority of users who changed the answer after interacting with ViTFlow, tended to the right answer.[image: ../images/40537_2021_442_Fig6_HTML.png]
Fig. 6Participants’ opinion about ViTFlow


The last part of the survey (4 items) collected data about the ViTFlow users’ experience. The results are presented in Fig. 6. One participant didn’t enjoy the system at all, answering “Not at all” to all the questions. Analyzing the session data, it also possible to notice that he/she interacted with the system less than 3 minutes due to a problem with the loading of the data. Nevertheless, in general, users enjoyed the system (22 positive, 1 negative, 3 neutral answers) and found it simple to use (16 positive, 2 negative, 8 neutral answers). Conversely, some users did not find the information very easy to understand (3 negative, 8 neutral, 15 positive answers) or felt more informed after interacting with ViTFlow (7 negative, 7 neutral, 12 positive answers). This result is also confirmed by the statistical analysis we performed.
Sessions analysis
From the analyses of the session logs we can state that, on average, users interacted with ViTFlow for 8:15 minutes (considering an active interaction) with a standard deviation of 3:13. The short interaction lasted less than 3 minutes, and in the final comment in the survey, the participant wrote that the system took too much in loading data and he/she just decided to close the application. The longer active session lasted almost 16 minutes. Looking at the heat map of the clicks on the main page, clicks are concentrated in the menu area, as expected. Moreover, it is interesting to notice that all areas compared with the others present a similar number of clicks. This can be explained considering the fact that users were curious/interested to explore all the visualizations in our ViTFlow interface.
Discussion
The two studies let us better evaluate the impact of ViTFlow as a tool to stimulate discussion and awareness on the sustainability of the Madeira islands, in terms of mobility flows and transportations, CO[image: $$_{2}$$] emissions and energy consumptions.
The first study confirmed our aim to design a system able to stimulate reflections on the visualized data. In fact, users discussed the data, questioning and looking for confirmation about the meaning of the data visualized. It is possible that this discussion was facilitated by the fact that users approached the system in groups. Another positive outcome was to see that the users not only enjoyed the idea to have different layers that can be activated/deactivated, but they also understood the relevance to this mechanism to obtain a global overview of a specific phenomenon involving different variables. This was particularly true for citizens who demonstrated curiosity and interest in understanding and making sense of data related to the place where they live.
The second study was more focused on collecting quantitative data to measure the impact of the system and evaluating ViTFlow. Addressing the questionnaire to residents, we obtained interesting insights that can be summarized as follow. Considering the interaction with the system, a strong majority of users enjoyed the system (22 out of 26) and found it simple to use, and 15 found the information very easy to understand. These results are a confirmation of our design choices aimed to make sense in an easy way to high volumes of data. Regarding the impact of the system in informing the users, the majority of users (14 out of 26) didn’t answer positively to the question stressing this measure. This result is also confirmed by the statistical analysis we performed. The explanation can be found in examining in detail the sample of users who participated in the study: most of them are working in the sustainability-related field. For this reason, this measure needs to be investigated in a different scenario, enlarging the sample of users to better represent the Madeira population. This will also allow overcoming another limitation of this study, related to the number of participants (sample size) engaged in the two experiments (23 in the preliminary field study and 26 in the second study). These sample sizes can still provide valid results, as discussed in [91], but, indeed, engaging a greater number of participants can strengthen the obtained results, reducing the biases.
To make the system available to all the casual users, and overcome the issues related to the number of participants and their background, we are planning to install it in different strategic points of interest across the Madeira island, with the intent to stimulate discussion based on the data (how it happened during the first study). In doing that, it is important to keep into account that, while interactive displays have a high potential to engage passers-by, they frequently go unnoticed and unused [92, 93], confirming the so called ‘display blindness’ effect [94]. By situating our display in strategic locations, we intend to mitigate this issue, exposing users to the ViTFlow at a time when they will be inclined to interact with it. Moreover, our solution aims to overcome the ‘interaction blindness’ [95] that often plagues public displays by providing users with animated visualizations that encourage non-linear exploration. The use of a gamepad as a form of a physical input device can limit the ‘affordance blindness’ issue, defined as the inability to understand the interaction modalities of a public display [96].
Concluding, the outcome of this research work confirms the interest of casual users in understanding and becoming informed about urban and environmental big data. This is particularly true for citizens, since these data have an impact on (and are impacted by) their daily life. In this context becomes fundamental to make big data easy to understand and open/accessible to casual citizens (as discussed in recent studies [84, 85]). The issue becomes even more urgent considering (i) data impacting sustainability, and (ii) the context of a touristic destination, where data are augmented by a relevant number of tourists (with 270.000 inhabitants, Madeira attracts more than 1,3 million tourists per year), making the category of urban and environmental data affected by tourism, even less “visible” to citizens.
Conclusion
In this paper, we present the design and implementation of an interactive platform that exploits a pervasive sensing infrastructure to collect multi-sourced urban data and mobility flows (named Beanstalk) and visualizes these data in a rich map-based web interface to make sense to gather big data (named ViTFlow). Beanstalk was been deployed thanks to the involvement of citizens to collect urban data about tourist flows and environmental conditions, thanks to a pervasive IoT and sensors infrastructure. Moreover, we designed ViTFlow with the goal of presenting data, often imperceptible, to the interested communities of locals and tourists, to make them more informed about dynamics affecting the sustainability of the Madeira Islands, such as mobility patterns, tourism flows, energy consumption, and CO[image: $$_{2}$$] emission. We evaluated our system with two experiments that provided interesting insights to demonstrate, through both the analysis of qualitative and quantitative data, that our system can be exploited to benefit citizens and communities, in order to enhance their awareness. Drawing on the obtained findings, as future work, we plan to develop ViTFlow in public display in strategic points around the islands to potentially reach all the interested communities. Concluding, the development of our case study let us reflect on two interesting challenges that need to be better investigated related to citizens participation and appropriation of the infrastructure, to develop user-centered and transparent intelligent urban environments: (i) stimulate the participation of citizens in order to become providers of big data, enlarging the pervasive infrastructure; (ii) foster citizens participation to make sense to big data towards a sustainable development.
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2https://​www.​dgterritorio.​gov.​pt/​cartografia/​cartografia-tematica/​caop.
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