

  ijgi-09-00341




ijgi-09-00341







ISPRS Int. J. Geo-Inf. 2020, 9(6), 341; doi:10.3390/ijgi9060341




Article



Crowdsourcing Street View Imagery: A Comparison of Mapillary and OpenStreetCam



Ron Mahabir 1,2,*[image: Orcid], Ross Schuchard 1, Andrew Crooks 1,2,3[image: Orcid], Arie Croitoru 2,3 and Anthony Stefanidis 4





1



Department of Computational and Data Sciences, George Mason University, Fairfax, VA 22030, USA






2



Center for Geoinformatics and Geospatial Intelligence, George Mason University, Fairfax, VA 22030, USA






3



Department of Geography and Geoinformation Science, George Mason University Fairfax, VA 22030, USA






4



Department of Computer Science, William and Mary, Williamsburg, VA 23187, USA









*



Correspondence: rmahabir@gmu.edu; Tel.:+1-703-993-6377







Received: 8 April 2020 / Accepted: 24 May 2020 / Published: 26 May 2020



Abstract

:

Over the last decade, Volunteered Geographic Information (VGI) has emerged as a viable source of information on cities. During this time, the nature of VGI has been evolving, with new types and sources of data continually being added. In light of this trend, this paper explores one such type of VGI data: Volunteered Street View Imagery (VSVI). Two VSVI sources, Mapillary and OpenStreetCam, were extracted and analyzed to study road coverage and contribution patterns for four US metropolitan areas. Results show that coverage patterns vary across sites, with most contributions occurring along local roads and in populated areas. We also found that a few users contributed most of the data. Moreover, the results suggest that most data are being collected during three distinct times of day (i.e., morning, lunch and late afternoon). The paper concludes with a discussion that while VSVI data is still relatively new, it has the potential to be a rich source of spatial and temporal information for monitoring cities.
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1. Introduction


Cities are complex, dynamic systems that require various sources of geographical data for monitoring and assessing their health and wellbeing. Traditionally, data collection was a top-down process with government agencies and private companies collecting most of these data. Now, with the proliferation of location-aware devices and Web 2.0 services and applications, a fundamental shift has occurred in the way that geographical data on cities are being collected and the role that individuals now play in this data collection process [1]. Online users are not only consumers of geographical data but also producers of it. These data can range from personal information about users themselves (e.g., check-ins on online social media platforms such as Swarm and Facebook) to that of contributed information with much wider societal significance (e.g., mapped locations of damaged buildings following a natural disaster on OpenStreetMap (OSM). Over time, this has led to increasing amounts of geographical data being contributed by users. Goodchild [2] introduced the term Volunteered Geographic Information (VGI) to contrast this new stream of geographic information to more traditional sources collected by more authoritative bodies. Popular examples of VGI include contributions made to online platforms such as OSM and Wikimapia (e.g., [3,4,5,6,7,8]).



Within the realm of VGI, Street View Imagery (SVI) has emerged in recent years as a novel and rich source of data on cities from which geographic information can be derived. Perhaps the most well-known example of SVI utilization is that of Google Street View (GSV). Offered as a free online service, GSV provides interactive panoramas along mobility corridors such as streets and walking paths, which can be used to virtually explore an area. While SVI has been traditionally collected by governmental agencies and companies alike, we are now also witnessing the emergence of Volunteered Street View Imagery (VSVI), which relies on a crowdsourced effort to provide geotagged street-level imagery coverage of traversable pathways (e.g., a street or trail). Such imagery, similar to GSV, provides detailed information about the location of objects such as cars, road markings, traffic lights and signs and allows for the automatic extraction of features at scale. Such imagery can also be mined using machine learning algorithms to automatically derive points of interest (POI) databases (e.g., locations of coffee shops and fire hydrants) without the intervention of the citizen. As such, this automated process has the potential to generate much more geographical information than ever before. Moreover, there is a growing number of SVI service providers worldwide [9], highlighting an important extension of mapping urban areas from traditional foundational features (e.g., roads and buildings) to finer-scale features at a much higher level of fidelity (e.g., street signs and traffic lights).



This newly emerging type of information is already being slowly harnessed in support of smart and sustainable city initiatives. For example, SVI is being used to update land use and land cover maps (e.g., [10,11]) to assess and monitor physical road conditions (e.g., [12]) and conduct virtual inspections of critical infrastructure and is being used as a tool for assessing property values within cities (e.g., [13]). Moreover, these data are also providing new insights into cities, such as understanding the predictors of urban change (e.g., [14]) and travel patterns within them (e.g., [15]). As SVI, and in particular VSVI, becomes increasingly available, its utility as an important source of geographical data on people, place and society is expected to increase as well.



Motivated by these advancements, this paper examines VSVI data collected from two different platforms: Mapillary [16] and OpenStreetCam (OSC) [17]. These online platforms accept sequences of images captured from mobile devices and uploaded via an app on the device. Images are geolocated using the device’s global positioning system (GPS). OSC users can additionally share their vehicles’ on-board diagnostics to help improve geolocation accuracy in areas with poor GPS signal (e.g., dense tree cover or tunnels). A key premise in this work is that these platforms are providing new sources on information that together with other sources of information on cities, can be used to provide a better understanding of their evolution and needs (e.g., infrastructure) over time. Using the two VSVI platforms (as discussed above) as a case study, we examine two lines of inquiry:




	a)

	
An examination of the level of spatial coverage of each platform in order to assess the overall potential of such platforms to provide adequate coverage of geographic information.




	b)

	
An examination of user contribution patterns in Mapillary and OSC in order to understand how users are contributing to these platforms.









The remainder of this paper is organized as follows. Section 2 presents a background of previous work on VGI and in particular studies involving the use of SVI. Following this, Section 3 presents the study areas, data and methodology used for our case studies followed by the result and an analysis of our findings in Section 4. Finally, Section 5 summarizes this paper, outlines its key findings and provides a discussion of how VSVI has the potential to shape the future of geographic information generation with respect to monitoring cities, along with offering areas of further work.




2. Background


Today, VGI comes in many types and from many different sources. One example is that of image data, which are found all over the Internet and are fast becoming one of the most popular sources for deriving geographical information. In large part, this is due to the exponential growth in the number of GPS-enabled mobile phones and social media users who capture and upload massive amounts of image data on a daily basis [18]. Examples of studies that use such data include those using Instagram to explore the relationship between tourist hotspots and safe areas within cities (e.g., [19]), studying people’s perception of their environments (e.g., [20]) and the development of a route-based travel recommendation system using Flickr (e.g., [21]), and exploring the use of Twitter images to map the spatial extent of cities (e.g., [22]). While such platforms provide a rich and useful source of information on cities, they often contain a lot of noise as users are not restricted to any specific location or to capturing any specific feature within the city.



As noted in Section 1, another source of image data on cities is SVI, which is typically captured along roads, walking paths and other mobility corridors. Due to its more focused effort, SVI tends to include less noise and provides greater spatial coverage along roadways compared to images collected from social media platforms. Google has traditionally been the main provider of SVI, using professional cameras mounted onto various platforms (i.e., vehicles, motorcycles, snowmobiles, special backpacks and indoor trolleys [23]). Collecting imagery in this way is both costly and time-consuming, with few companies having the resources necessary to compete in this realm. Some companies such as Apple are expected to unveil their own SVI product in the near future [24]. While other companies (e.g., [25]) are currently expanding efforts towards global coverage, it is still unknown how these companies will measure up to Google as competitors in the provision of SVI services in the mid- to long-term future.



As GSV has become more prevalent in platforms such as Google Maps and Google Earth, many researchers have used such imagery to study different aspects of cities, exploring mental and physical health (e.g., [26,27,28,29,30,31]), gentrification (e.g., [32,33]), classification of different building types (e.g., [34]), quantification of green canopy coverage along streets (e.g., [35]) and generating scenic routes (e.g., [36,37]) within cities. Other research has additionally used deep learning to automatically extract features (e.g., street signs) from GSV to study health inequalities (e.g., [38]) and the demographic makeup of neighborhoods within cities (e.g., [39,40]), for monitoring urban assets (e.g., [41,42,43]) and for land use characterization (e.g., [44]). However, as a commercial product, Google restricts the amount of GSV data that can be downloaded and used [45]. This presents issues when trying to scale up such studies to large geographical areas.



An alternative to commercial SVI is VSVI. Currently, only two publicly available online volunteered platforms exist for SVI: Mapillary and OSC (a subsidiary of Telenav). As these companies rely on mobile devices and the crowd to collect data, they have a lower barrier for data collection. Similar to Google, these companies use SVI for commercial purposes. Specifically, the imagery is being used to extract features of interest (e.g., traffic lights, road signs and crosswalks) to fit specific business needs. In the case of Telenav, OSC information is also being used to improve the quality of its navigation products [46]. VSVI is fundamentally changing the tenants of VGI. VGI contributors, for the most part, have always played a central and active role in the lifecycle of these data. VGI users spend significant amounts of time contributing the data, validating their accuracy online, and are the primary end users of these data. In some cases, they have also assisted with making decisions concerning the future direction of these data as well (e.g., OSM Foundation board). However, in the case of Mapillary and OSC, users now have a more passive role; they provide the platforms (i.e., smartphones and dashboard cameras) and are acting as sensors in collecting the imagery. Compared to the time consuming and labor-intensive point-and-click approach of collecting traditional VGI data, massive amounts of VSVI are being collected in an automated manner and uploaded to these online platforms. Once there, machine learning algorithms are used to extract and mine specific features of interest from these data, which has the potential to support many sustainable and smart city initiatives. For example, the growth and expansion of POIs such as coffee shops can be extracted from SVI and monitored over time as an early warning indicator of gentrification occurring within cities [47,48]. Figure 1 shows user interfaces for Mapillary and OSC, respectively. This figure shows the immersive nature of this data compared to the traditional 2D map view of representing cities.



Specific to VSVI, few studies to date have assessed the usefulness of these data for urban applications. Juhasz and Hochmair [49] compared user contribution patterns and spatial completeness for Mapillary and found that most users contributed on a regular basis, with the largest number of users located in Europe followed by North American countries. This pattern followed an expected power-law relation with very few users doing most of the work (which has also been reported for OSM by Ma et al. [50]). The authors also found that these countries had the largest completeness values. Comparing these results with GSV, they further reported that GSV consistently provided greater completeness. Similar results were also reported by Juhasz and Hochmair [51] assessing the completeness of Mapillary for cities in Germany and Austria. Building on this work, Juhasz and Hochmair [52] further examined the cross-linkage between Mapillary and OSM and reported that most Mapillary tags used within OSM relate to changesets (i.e., group of edits) compared to individually edited features. In the same study, they identified that Mapillary was primarily being used to map transportation (i.e., highway, public transport, traffic sign) and leisure-(i.e., natural, amenity, tourism) type features. More recent work by Quinn and Leon [53] qualitatively compared coverage across GSV, Mapillary and OSC platforms and found that GSV has often taken an all-or-nothing approach to collecting coverage in world cities, whereas contributions from both Mapillary and OSC were more evenly distributed. Further, Ma et al. [54] compared the spatiotemporal patterns of contributor activity at the country level between Mapillary and OSM. They showed that while there was less inequality in contributions from Mapillary as compared to OSM, collection patterns in Mapillary tend to be more seasonal (e.g., users contributed more VSVI data during warmer months of the year, such as June and July, compared to months with lower temperatures, such as December and January).



Compared to the above work on summarizing VSVI data, other work has further explored the utility of these data. Mapillary, for example, has been used as a source of in-situ data for crop identification, rotation and phenology (e.g., [55]). Dev et al. [56] applied deep learning approaches to Mapillary images to extract advertisement billboards. Different approaches to segment and extract features have also been explored (e.g., [57]), along with the positional accuracy of features extracted from such imagery (e.g., [41,42]). These studies all show the potential of using VSVI to support urban applications.



Unlike the previous studies, to the authors’ knowledge, this is the first study to compare the spatial patterns of coverage and contributor activity across two VSVI platforms—Mapillary and OSC—in a systematic and quantitative manner. The closest work to our own is by Quinn and Leon [53]; however, that study only used a qualitative approach to compare road coverage, which is not scalable to larger geographical areas and for the continuous monitoring of cities over time. This is especially important given the growing and dynamic nature of cities, which require up-to-date and timely information in order to provide feedback for adequately managing their health, well-being and growth. Further, this paper also examines a much longer temporal period and compares the types of roads being mapped in Mapillary and OSC to an authoritative data source, TIGER. Moreover, we include a discussion of the future of this emerging trend in VSVI consumption and its utility in shaping the future of smart and sustainable cities (see Section 5), and we would argue that such a discussion, related to SVI, is not being discussed in papers that discuss emerging trends in VGI (e.g., [58,59]).




3. Methodology


Four Census Metropolitan Statistical Areas in the United States were selected as case studies in this research: Washington (District of Columbia), San Francisco (California), Phoenix (Arizona) and Detroit (Michigan). Their selection was primarily based on their geographical dispersion and the availability of data for all three road sources in the United States as shown in Table 1. This table also shows the data source, type of data, mode of acquisition and period for which the data were collected.



Moving from data to methods, Figure 2 outlines the various steps used in our methodology. The first step involved the retrieval of Mapillary and OSC data from their respective online platforms. Data on authoritative roads were extracted from the Topologically Integrated Geographic Encoding and Referencing (TIGER) database as polylines. To extract Mapillary and OSC road data, their online Application Programming Interface (API) was used to extract point traces. Both APIs accept different user inputs to extract data. In the case of Mapillary, the coordinates of the minimum bounding rectangle extracted from each study area were passed as a query to the Mapillary API. A json file containing the sequence id, authors’ name, timestamp and latitude and longitude for each image was then retrieved. The sequence id information was then used to reconstruct road segments. In the case of OSC, a two-part querying process was used to retrieve data. The latitude and longitude for each road intersection in each study area and a search radius value of 5 km were passed as a query to the OSC API. This search radius was used because a larger radius resulted in an API error. The result of this query was a json file containing the sequence id of all road sequences within 5 km of a road intersection. Duplicate road sequences were then removed from these data, and the sequence ids were passed to the OSC API once more to retrieve all image locations for each sequence id. The retrieved json files contained information on the sequence id, sequence index (ordering of images), authors’ name, timestamp and latitude and longitude information.



Step 2 involved the postprocessing of the road and population data. In order to be able to compare the different data sources, each source was clipped into a grid with a cell size of 1 × 1 km (similar to the approaches used in [65,66]). This particular grid size was chosen as it allowed us to match the grid resolution in which the population data is provided. The clipping process of the vector data (i.e., TIGER, Mapillary and OSC) was done using the GeoPandas Python library [67]. Figure 3 shows the spatial distribution of TIGER, Mapillary and OSC polyline data for the study sites. This figure also shows the coverage of Mapillary and OSC to be variable across the sites, with TIGER having the most roads in general. A discussion of the analysis of the magnitude and extent of these patterns in the data after the clipping process is presented in Section 4.



The final step involved the processing of the data and comparing the resulting statistics across sites. For each road layer, the total length of roads per 1 × 1 km grid cell was computed, and their spatial coverage was compared to population density. The spatial coverage of Mapillary and OSC roads were also compared to the TIGER road layer. To compare variables across sites (e.g., road length and number of contributors and images per 1 × 1 km grid cell), data for all variables were stacked, and the Jenks optimization algorithm was used to determine suitable breakpoints for visualizing these data. It should be noted that road conflation was not applied to the VSVI data as it is a significant research challenge that is beyond the scope of this research. While attempts were made to implement a tolerance-based conflation solution with varying tolerance thresholds, these did not yield consistent and reliable results (e.g., cases where one contribution was matched to multiple road segments). This issue is a well-known challenge as automatic road conflation is often considered an algorithmically complex and time-consuming process, with the spatial completeness of results dependent upon various factors, including the accuracy of the map data. The various limitations of existing conflation methods have been widely discussed (see [68,69,70,71,72] for further details). As a result, manual approaches to conflation still continue to be widely used today for conflating roads and other map data [73]; however, such methods are not scalable for our study. Given these considerations, in this paper we focus on spatial coverage, which could be more reliably computed, and not spatial completeness. To compare temporal patterns in Mapillary, OSC and TIGER, the timestamps of user-contributed road traces were collected for the different sites. This information was stored in Coordinated Universal Time (UTC) format and was converted to the local time at each site. The day and hourly information of user contributions were then extracted and analyzed.




4. Results


In this section, we provide the results of this study. Section 4.1 provides information on road coverage patterns between the different data sources. Section 4.2 and Section 4.3 provide spatial and temporal contributor patterns in Mapillary and OSC respectively. Finally, Section 4.4 analyzes the types of roads mapped by contributors.



4.1. Spatial Comparison of Road Network Coverage


An overall summary of road statistics for all three data sources in the study areas is provided in Table 2. As can be seen, a comparison of Mapillary and OSC with TIGER coverage ranges between 14% to 31% and 14% to 53%, respectively. With the exception of Detroit, both platforms differ on average by about 10% in their road coverage compared to TIGER. Furthermore, for the study areas of Phoenix and Detroit, Mapillary has larger computed total road lengths, which is primarily due to the non-conflation of road traces in this study. In this case, several users may contribute road traces for the same 1 × 1 km grid cell area. Table 3 shows summary statistics for road length, number of unique contributors and the number of images collected per 1 × 1 km grid cell area. The results show variation between all three variables across the four study sites.



Figure 4 shows the total length of roads per 1 × 1 km grid cell area across the four study sites. In Washington and San Francisco, Mapillary has greater spatial coverage than OSC, while for Phoenix and Detroit, OSC has greater coverage than Mapillary. OSC coverage is especially prominent in Detroit, which, unlike other study areas, also contains a large number of rural roads mapped in these data. As Mapillary and OSC are still emerging sources of data, it is understandable at this current time that TIGER, the more authoritative and mature data set, has the most complete coverage at all sites. In all platforms the highest density of roads were located in in urban areas.



In previous work that has studied VGI, population density has been shown to correlate with user contributions (e.g., [74]). Following this line of inquiry, we examined whether the same trend also applies to these new VSVI data sources. To accomplish this, we overlaid LandScan ambient population data with each road data source using a 1 × 1 km grid. The population data for each study site was then normalized for a comparison between the different sites. The normalization process involved dividing the population density in each grid cell by the total population density for that study area. This normalized population density was then divided by the total road length per grid cell (when the total road length was zero, a zero value was assigned to this calculation) in order to examine whether higher road lengths are associated with more densely populated areas. The relationship between normalized population density and road length per grid cell is shown in Figure 5. This figure shows that while population density varies across the study sites, there is a noticeable association between areas with high population densities and the total length of roads contributed in those areas. As was previously suggested for other VGI data such as OSM, this association may be in part due to the large number of users at those locations who map roads there [6]. Unlike OSM, however, where volunteers can contribute data from anywhere in the world as long as they have Internet access, with respect to VSVI, contributors to these platforms have to be onsite to collect the data. Furthermore, another possible explanation for this is that areas with high population density are often accompanied by road segments, and particularly road intersections, that are more likely to be traveled by VSVI contributors.



To more quantitatively assess the strength of the associations between population density with the length of roads mapped and the number of users that have mapped them, three correlation measures were used: Pearson’s r, Kendall’s Tau and Spearman’s rank. These measures have been widely used for examining pairwise associations between variables and provide parametric and non-parametric options for comparison [75,76]. Further, they have been implemented in various statistical software and programming packages (e.g., SAS, SPSS, the R Project and Python) for reproducibility of results. The results of these correlations are shown in Table 4, with the total length of roads per 1 x 1 km grid cell area included in parentheses. Both linear (i.e., Pearson’s r) and non-linear (i.e., Kendall’s Tau and Spearman’s rank) measures suggest a moderate relationship [77] between population density with the length of roads mapped and the number of contributors. These results are in part related to the fact that there are few unique users who map each city and the variability in the number of roads that each user contributes (this will be discussed further in Section 4.2).



Delving further into the quantitative differences in spatial coverage across the four study sites, Figure 6 shows the pairwise differences in road coverage between each data source. In Washington and San Francisco, Mapillary has more roads than OSC, whereas for Phoenix and Detroit, the length of roads in OSC is greater (first row of Figure 6). At some specific locations, especially within the urban cores of Washington and San Francisco study sites, we found that Mapillary and OSC have similar amounts of road coverage (i.e., white clusters in the first row of Figure 6).




4.2. Unique Contributors


To further understand distribution patterns in Mapillary and OSC, contributor activity was also analyzed. Figure 7 shows the total number of unique contributors per 1 × 1 km grid area. This figure shows that Phoenix and Detroit have a greater number of unique contributors in OSC. Mapillary, on the other hand, has more unique contributors in Washington and San Francisco. At all sites, however, the number of unique contributors per 1 × 1 km grid area is relatively small (ranging from 1 to 26). This is in addition to the overall total number of unique contributors at each study site, which is also small. For Washington, San Francisco, Phoenix and Detroit, the total number of unique contributors was 192, 143, 44, and 26 for Mapillary, and 25, 32, 56 and 99 for OSC, respectively. This pattern aligns with a similar finding from an earlier study by Juhasz and Hochmair [49], which only explored Mapillary. The small number of contributors may be due to several factors surrounding participation inequality in VGI, as previously discussed in [78], the fact that users must be onsite to collect the data as previously discussed in Section 4.1, or that these new sources of VSVI are still in their infancy and their user base is still evolving (which we explore in more detail in Section 4.3).



Turning to the number of grids mapped by contributors, Figure 8b shows variation across sites in OSC. This variation can be in part explained by the size of the urban areas. As was discussed in Section 4.1 (see Figure 4), urban areas have more mapped contributions at all locations, and as a result, sites with larger urban areas (i.e., Phoenix and Detroit) have more mapped grids. Mapillary, Figure 8a, showed similar patterns in the number of grids mapped by contributors. As suggested in [46], Mapillary makes an explicit attempt to differentiate the spatial coverage of its roads from other SVI service providers, in part related to their business-to-business sales model, which is primarily dependent upon the extraction of urban features from SVI. This is in comparison to OSC, which is mainly concerned with using user contributions for improving the navigation technologies of its already well-established parent company Telenav [53]. Further examination of the average length of roads contributed by individual users on both platforms is shown in Figure 9. In general, a typical Mapillary user is mapping more roads on average compared to a typical OSC contributor. This finding may also help explain the much greater coverage of roads in Mapillary compared to OSC at some sites.



Finally, with respect to the number of 1 × 1 km grid cells mapped more than once by contributors, in both platforms, Table 5 shows the percentage of all 1 × 1 km grid cells at each site where users contributed more than once to that cell over the entire study period. This table shows a lot of duplication at all sites, with most duplication occurring in the larger cities of Phoenix and Detroit.




4.3. Temporal Analysis


Figure 10 shows the total number of image sequences collected by day of the week. This figure shows, in general, that Mapillary has more contributions at each site and for all days of the week compared to OSC. In comparison, with the exception of Detroit, OSC has more contributions most of the week than Mapillary. The spike in activity in Mapillary on Tuesdays and Thursdays for Detroit is primarily due to the contributions of one person that uploaded 15% and 22% of all road data for those days, respectively. No patterns can be observed between the two platforms for weekdays vs. weekends.



Moving from a daily to an hourly temporal resolution, Figure 11 depicts the distribution of total user contributions over a period of 24 h in increments of one hour (from 0 h to 23 h local time). Here, only Mapillary contributions were used as roughly 50% of the OSC data did not have timestamp information when it was retrieved from the API. As our analysis is based on the total distribution of user contributions across time (rather than a relative measure), a full comparison of these distributions across Mapillary and OSC is therefore not possible. Figure 11 shows generally higher contributing activity around 8 a.m., 1 p.m., and 5 p.m. at all sites. These times correspond approximately to the daily rhythms of city life (i.e., morning and afternoon commuting and lunch). This finding agrees with a recent study by Ma et al. [54] for several countries (including the US), showing higher levels in contributor activity in Mapillary during the day, but the actual hour in which contributions peaked varied between countries.



Finally, in order to further understand how users contribute to Mapillary and OSC over time, the cumulative lengths of image sequences in both platforms were analyzed. The results of this analysis is shown in Figure 12. This figure shows that with the exception of several short bursts in collection activity, that occur at different dates, collection patterns in Mapillary tends to be increasing at relatively consistent rates at each site. In comparison, most OSC contributions, as discussed before in Section 4.2, occurred in Phoenix and Detroit; at these sites a consistent upward increase in contributions is noticeable around mid 2017, increasing a much later point in time compared to Mapillary. The changes in contributions in Washington and San Francisco in OSC remain relatively constant throughout the study period. With lack of information on users we are not entirely sure as to the specific reasons for these spikes in activity in Mapillary and the growth rate in both platforms. It is important to note that both platforms have at times used their employees to help fill gaps in missing coverage [53]. Both platforms also use gamification as a way of incentivizing its users to contribute data, with Mapillary also having a paid driver program [79]. It is expected that these factors are in part responsible for the difference in contributions patterns at the different sites in Mapillary and OSC.




4.4. Road Categories


The final part of our analysis compared mapped road categories in Mapillary and OSC to TIGER road data, which contained road categories based on the National Map Feature Road Class (TNMFRC) classification system [80]. In order to do this, each road layer from Mapillary and OSC was first segmented into a list of individual edges. Then, the edges from Mapillary and OSC were assigned a road class from the TIGER road layer using the road class in TIGER that had the minimum Euclidean distance to each edge. The total length of all associated road categories for Mapillary and OSC was then computed and is summarized in Table 6. Unlike the figures shown before, this table shows the types of roads that are being captured through VSVI. In all study sites in Mapillary, local roads have the most contributions followed by controlled-accessed highways. This pattern was also observed for Phoenix and Detroit in the OSC platform. The Washington and San Francisco study sites, on the other hand, have a higher contribution of controlled-access roads followed by local roads in OSC. These road types, as shown in the TIGER column of Table 6, account for most the road infrastructure at all the study sites. Another possible reason for the greater presence of controlled-access highways and local roads in Mapillary and OSC may be a function of their utility as used by Mapillary and OSC drivers. More specifically, controlled-access highways are providing transportation corridors for the flow of people to and from work as part of their daily commute, whereas local roads act as conduits for social connectivity between people compared to other road types.





5. Discussion


With new types and sources of data continually being added, the nature of VGI is evolving. This has been in large part due to the democratization of the Internet and related technologies that have allowed more people to engage in collecting and contribute geographic information. One such emerging source of VGI is VSVI, which, unlike traditional VGI sources, relies on the volunteered efforts of people using mobile devices and dashboard cameras to collect geotagged street-level imagery along traversable pathways. Such information has the potential to provide new insights into cities, capturing information at the street level where most societal interactions between people and places occur.



In order to better understand the utility of VSVI, and in particular, what feature types can be mapped from such raw data, it is first important to better understand the data characteristics. Towards this goal, this paper has examined the spatial coverage and contributor patterns across two VSVI data sources, namely Mapillary and OSC. To the best of our knowledge, this paper is the first to systematically and quantitatively analyze these two emerging VGI sources in terms of coverage and user contribution patterns in large urban areas in the US. The results of this study indicated that most Mapillary and OSC contributions occurred along local roads and control-access highways, and that the overall coverage in these sources is variable in comparison to an authoritative source (i.e., TIGER). This, as we further showed, may be explained at least in part by the large ambient populations in these locations (Section 4). It should be noted that in some of the study areas, in particular Phoenix and Detroit, the length of roads in OSC surpassed that of the authoritative road source. This result suggests that some roads in urban areas such as the ones studied here are being covered multiple times by VSVI, thus providing a potential source of more up-to-date information about roads in urban areas.



This study also highlights some noteworthy contribution patterns of VSVI. Specifically, our results showed that while the number of contributors varied across sites, only a few contributors were responsible for producing most of the raw data. User contribution patterns were also different in Mapillary and OSC. Specifically, we found that while patterns in coverage were variable for the different OSC sites, coverage patterns in Mapillary tended to be similar among sites. This finding may be linked to several factors, including differences in mapping practice or issues with participation inequality, a topic that has been highly researched for other VGI platforms such as OSM but which is still lacking within VSVI. Furthermore, user contributions in Mapillary tended to be higher around 8:00 a.m., 1:00 p.m. and 5:00 p.m. (local time). This finding suggests that VSVI contributions tend to coincide with the morning and afternoon commute and the lunch hour of the contributors. Notably, user contribution activity did not exhibit an observed pattern when examined across the days of the week. In the context of our study, these temporal contribution patterns seem to align with that of working professionals who may be collecting data as part of their daily routine movement in a city. While our study has highlighted that relatively few users are contributing to VSVI, this finding does not necessarily imply poor coverage of streets in dense urban areas. Take, for example, taxis in Manhattan, New York, where research has shown that just 10 taxis cover 33% of all street segments on a daily basis [81].



Overall, the results of this study demonstrate that while VSVI is still a relatively new form of VGI, it can provide a new valuable lens for understanding cities. For example, information derived from raw VSVI data can be used to assess the conditions of city infrastructure (e.g., sidewalks or potholes in need of repair), evaluate the abundance and condition of green vegetation along roads or identify missing or ambiguous road signage (as discussed in Section 2). This information can be used to study the evolution of cities at much higher spatial and temporal scales than was previously possible, providing a near-real-time connection between how micro processes at the street-level (i.e., function) are influencing macro changes at the city level (i.e., form). Such information could have a transformational impact on how we monitor and make decisions within urban environments.



However, as this study has shown, it is first important to understand the characteristics of VSVI before using it for any citywide implementation. One issue that we identified is that of gaps in spatial coverage. While this could be in part due to technical issues with the online hosting platform (e.g., having to process very large volumes of data), other issues could also be at play. For example, since VSVI contributors have to be onsite to collect the data, collection biases may come into play such as perceived “unsafe areas”, locations with poor road conditions or, more generally, areas where users might wish to avoid.



That being said, compared to more traditional VGI data (e.g., OSM) where contributors typically map specific features that may contain different sources of error (e.g., positional accuracy, selection bias and mislabeling) [82], VSVI captures everything at the street level along the traversed route. This makes VSVI a rich archive of information that can be used to extract new features without the need to collect data again, and as a source for validating and enriching existing data captured on cities. Moreover, these data can be used to understand activity patterns within cities. Take for example our finding of increased contributor activity at different times of the day. Such insights can be compared over time to better understand diurnal patterns of activity within cities. This links to our second issue that we identified with VSVI, that of variation in user contributions. It unclear at this time, due to the lack of information about the users, what motivates them to contribute at specific locations and times of the day. However, should such information become available, it could be used to study movement patterns at the scale of individual users to better understand why certain places within the city may be more or less interesting to them. These examples highlight how cities can benefit from using VSVI towards gaining a greater understanding of what is taking place within them. This could provide actionable information for urban planners and policymakers for making more informed decisions.



As more SVI data sources become available (e.g., from drones and the expected growth of autonomous vehicles), it is important to remain cognizant of some of the potential concerns with the use of these data. Chief among these is the issue of privacy. While efforts are being made to automatically obfuscate personal information such as license plates or human faces in VSVI data, such solutions are not always perfect. Similarly, users who contribute SVI data may unintentionally compromise personal information by repeatedly collecting data along routine commuting routes (e.g., [83]). Other issues of concern include the quality of VSVI data from different sources, the availability of relevant assessment methods [84], location spoofing [85], the uploading of fake data [86] and issues with participation inequality [87,88]; however, these could be overcome as the number and diversity of contributors and data sources increase. In order to advance our understanding of VSVI in light of these issues, and in particular with respect to data trustworthiness and quality, we suggest that additional research that focuses specifically on spatial and temporal user contribution patterns is needed. For instance, as noted in Section 3, while our study did not utilize conflation methods, further research that utilizes conflation and other trajectory matching methods to detect common and uncommon user contribution trajectories in VSVI data is needed. The detection of such contribution patterns could further assist in protecting personal user information and assessing VSVI data quality. We would also recommend carrying out a more detailed analysis in different cities and in different countries, allowing a comparison of spatial coverage among them (e.g., [49,53,54].



Looking forward, as more people are expected to live in urban areas in the coming decades, and as machine learning tools further evolve and mature, we believe that VSVI will increasingly become a key information source for a better and more timely understanding of both the form and the function of cities. This, we argue, could potentially transform how VGI data are collected and used to meet the ever-growing geographic information needs of cities in the 21st century. Specifically, we argue that while in the past VGI relied solely on humans to collect and extract geographic information on cities, recent changes in data collection platforms are shifting the role of humans to data collection alone, while automated machine learning techniques are largely assuming the role of generating information from those data. As a result of this trend, we foresee that humans will become increasingly removed from the information production process.



Given its potential, we believe that VSVI data in combination with machine learning can play a central role in addressing such needs. As such data become increasingly available, it can be mined through the use of machine learning algorithms (e.g., so-called “deep learning” image analysis) in order to better analyze and understand the underlying patterns and processes that shape cities. Already, some US government departments have realized the importance of utilizing such machine learning approaches. Recently, for example, five US states of departments of transportation have uploaded their complete photologs of their road networks, totaling 40 million images and covering over 270,000 miles of roads, to the Mapillary platform [89]. This imagery is being used to help monitor and maintain state assets (e.g., signs) and to assess the safety conditions along roads. Some local governments are also establishing partnerships with Mapillary to benefit from their computer vision expertise in the same way [90]. We expect that many more such examples will occur in the future. From monitoring road infrastructure to deriving up-to-date POI databases, VSVI would allow us to better monitor the health of cities.
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Figure 1. Graphical user interfaces of (a) Mapillary and (b) OpenStreetCam (OSC). 






Figure 1. Graphical user interfaces of (a) Mapillary and (b) OpenStreetCam (OSC).



[image: Ijgi 09 00341 g001]







[image: Ijgi 09 00341 g002 550] 





Figure 2. Overview of methodology. 
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Figure 3. Spatial distribution of road networks. 
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Figure 4. Total length of roads in kilometers per 1 × 1 km grid cell area. 
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Figure 5. Normalized population density per 1 × 1 km road lengths. 
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Figure 6. Spatial comparison of roads in kilometers. 






Figure 6. Spatial comparison of roads in kilometers.



[image: Ijgi 09 00341 g006]







[image: Ijgi 09 00341 g007 550] 





Figure 7. Unique contributors per mapped 1 × 1 km grid cell. 
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Figure 8. Number of 1 × 1 km grid cells mapped by contributors in (a) Mapillary and (b) OSC. 
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Figure 9. Average length of road sequence contributed per user in (a) Mapillary and (b) OSC. 
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Figure 10. Number of images contributed during the days of the week in local time in (a) Mapillary and (b) OSC. 
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Figure 11. The distribution of user contributions over a span of twenty-four hours in Mapillary. 
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Figure 12. Cumulative lengths of image sequences contributed over time in (a) Mapillary and (b) OSC. 
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Table 1. Data.






Table 1. Data.





	Data
	Source
	Data Type
	Mode of Acquisition
	Date
	References





	TIGER roads
	US Census Bureau
	Polyline
	Online geoportal
	2018
	[60]



	Mapillary road
	Mapillary
	Point traces
	API
	Current up to 08/31/2018
	[61]



	OSC road sequences
	OpenStreetCam
	Point traces
	API
	Current up to 08/31/2018
	[62]



	Metropolitan boundaries
	US Census Bureau
	Polygon
	Online geoportal
	2018
	[63]



	Population
	LandScan
	Polygon
	Oak Ridge National Laboratory online geoportal
	2018
	[64]
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Table 2. Summary road statistics and coverage.
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TIGER

	
Mapillary

(% of TIGER)

	
OSC

(% of TIGER)






	
Washington




	
Cells containing roads (out of 25,430)

	
23,643

	
6032 (25.51)

	
3409 (14.42)




	
Total road length per dataset (km)

	
82,110.13

	
28371.99 (34.55)

	
15,015.77 (18.29)




	
San Francisco




	
Cells containing roads (out of 10231)

	
8244

	
2529 (30.68)

	
2060 (24.99)




	
Total road length per dataset (km)

	
37,759.49

	
36,719.20 (97.24)

	
29,819.88 (78.97)




	
Phoenix




	
Cells containing roads (out of 53121)

	
27,772

	
6173 (22.22)

	
9262 (33.35)




	
Total road length per dataset (km)

	
77,754.52

	
72,618.34 (93.39)

	
257,891.07 (331.67)




	
Detroit




	
Cells containing roads (out of 16835)

	
15,386

	
2284 (14.84)

	
8139 (52.90)




	
Total road length per dataset (km)

	
59,343.53

	
16,986.84 (28.62)

	
504,405.51 (849.98)
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Table 3. Summary statistics (mean ± standard deviation) per 1 × 1 km grid cell area.
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Mapillary

	
OSC






	
Washington




	
Mean road length

	
1.09 ± 5.12

	
0.56 ± 2.51




	
Mean contributors

	
0.50 ± 1.33

	
0.28 ± 1.09




	
Mean number of images

	
43.68 ± 475.16

	
21.34 ± 133.83




	
San Francisco




	
Mean road length

	
3.58 ± 12.90

	
2.79 ± 13.32




	
Mean contributors

	
0.75 ± 2.14

	
0.61 ± 1.87




	
Mean number of images

	
217.56 ± 985.51

	
76.23 ± 388.55




	
Phoenix




	
Mean road length

	
1.36 ± 8.91

	
4.77 ± 30.96




	
Mean contributors

	
0.21 ± 0.66

	
0.68 ± 2.03




	
Mean number of images

	
44.73 ± 268.09

	
123.86 ± 785.66




	
Detroit




	
Mean road length

	
0.99 ± 4.12

	
29.38 ± 98.886




	
Mean contributors

	
0.23 ± 0.73

	
3.36 ± 6.19




	
Mean number of images

	
130.52 ± 731.86

	
483.93 ± 1580.43
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Table 4. Correlation between the number of contributors and length of roads (denoted in parentheses) with population density per 1 × 1 km grid area. All correlation values were found to be significant at the 0.01 (i.e., 99%) level.
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Study Area

	
Mapillary

	
OSC




	
Number of Unique Contributors (Length of Roads)




	
Pearson

	
Kendall

	
Spearman

	
Pearson

	
Kendall

	
Spearman






	
Washington

	
0.46 (0.40)

	
0.28 (0.27)

	
0.34 (0.34)

	
0.18 (0.18)

	
0.23 (0.23)

	
0.28 (0.28)




	
San Francisco

	
0.51 (0.52)

	
0.48 (0.48)

	
0.56 (0.56)

	
0.32 (0.39)

	
0.43 (0.43)

	
0.51 (0.51)




	
Phoenix

	
0.49 (0.33)

	
0.51 (0.50)

	
0.54 (0.51)

	
0.55 (0.45)

	
0.59 (0.59)

	
0.63 (0.63)




	
Detroit

	
0.38 (0.42)

	
0.34 (0.34)

	
0.41 (0.42)

	
0.54 (0.46)

	
0.51 (0.51)

	
0.66 (0.66)
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Table 5. Percentage of 1 × 1 km grid cells mapped more than once by the same users.
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	Study Area
	Mapillary
	OSC





	Washington
	73.55
	57.14



	San Francisco
	66.67
	52.73



	Phoenix
	94.25
	74.24



	Detroit
	80.17
	77.95
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Table 6. Summary statistics for road categories.
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Road Types

	
TIGER

	
Mapillary

	
OSC






	

	
Total road length (km)




	
Washington




	
Controlled-access highway

	
2077.34

	
8453.33

	
7095.17




	
Secondary Highway or Major Connecting Road

	
2816.07

	
4780.77

	
2521.81




	
Local Connecting Road

	
4042.36

	
4010.08

	
1472.26




	
Local Road

	
69,721.46

	
9986.35

	
3152.07




	
Ramp

	
1379.08

	
1128.50

	
767.10




	
4WD

	
2072.06

	
0.47

	
5.08




	
Ferry Route

	
0.73

	
0.00

	
0.39




	
Tunnel

	
1.05

	
0.09

	
1.90




	
Total sum of all categories

	
82,110.13

	
28,371.99

	
15,015.77




	
San Francisco




	
Controlled-access Highway

	
1424.80

	
6546.78

	
16,144.67




	
Secondary Highway or Major Connecting Road

	
36.60

	
78.31

	
271.59




	
Local Connecting Road

	
827.54

	
1438.73

	
1229.66




	
Local Road

	
33,965.93

	
27,641.18

	
9492.00




	
Ramp

	
910.96

	
980.79

	
2629.26




	
4WD

	
577.68

	
0.65

	
0.57




	
Ferry Route

	
0.00

	
0.00

	
0.00




	
Tunnel

	
15.98

	
32.77

	
52.13




	
Total sum of all categories

	
37,759.49

	
36,719.20

	
29,819.88




	
Phoenix




	
Controlled-access Highway

	
1980.84

	
16,401.68

	
88,971.87




	
Secondary Highway or Major Connecting Road

	
904.22

	
3447.70

	
7627.81




	
Local Connecting Road

	
807.13

	
3476.10

	
53,229.91




	
Local Road

	
71,518.16

	
462,218.19

	
135,496.89




	
Ramp

	
920.54

	
303.05

	
20,190.79




	
4WD

	
1620.63

	
21.95

	
55.87




	
Ferry Route

	
0.00

	
0.00

	
0.00




	
Tunnel

	
3.00

	
17.66

	
217.93




	
Total sum of all categories

	
77,754.52

	
72,618.34

	
257,891.07




	
Detroit




	
Controlled-access Highway

	
1935.92

	
4165.46

	
157,851.13




	
Secondary Highway or Major Connecting Road

	
578.83

	
1368.93

	
22,593.38




	
Local Connecting Road

	
1430.96

	
1637.10

	
63,357.19




	
Local Road

	
54533.83

	
8872.74

	
231,776.91




	
Ramp

	
849.71

	
936.38

	
28,141.12




	
4WD

	
5.68

	
0.00

	
0.08




	
Ferry Route

	
2.65

	
0.00

	
0.00




	
Tunnel

	
5.96

	
6.22

	
685.68




	
Total sum of all categories

	
59343.53

	
16,986.84

	
504,405.51
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