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Abstract

:

Unlike car navigation, where almost all vehicles can traverse every route, one route might not be optimal or even suitable for all pedestrians. Route geometry information, including tortuosity, twists and turns along roads, junctions, and road slopes, among others, matters a great deal for specific types of pedestrians, particularly those with limited mobility, such as wheelchair users and older adults. Offering practical routing services to these users requires that pedestrian navigation systems provide further information on route geometry. Therefore, this article proposes a novel method for extracting and analyzing the geometry properties of the shortest pedestrian paths, with a focus on open geospatial data across four aspects: (a) similarity, (b) route curviness, (c) road turns and intersections, and (d) road gradients. Deriving from the Hausdorff distance, a metric called the “dissimilarity ratio” was developed, allowing us to determine whether pairs of routes show any tendencies to be similar to each other. Using the “sinuosity index”, a segment-based technique quantified the route curviness based on the number and degree of the road turns along the route. Moreover, relying upon open elevation data, the road gradients were extracted to identify routes offering smoother motion and better accessibility. Lastly, the road turns and intersections were investigated as pedestrian convenience and safety indicators. A local government area of Greater Sydney in Australia was chosen as the case study. The analysis was implemented on OpenStreetMap (OSM) shortest pedestrian paths against Google Maps as a benchmark for real-world commercial applications. The similarity analysis indicated that over 90% of OSM routes were identical or roughly similar to Google Maps. In addition, while Spearman’s rank correlation showed a direct relationship between route curviness and route length,    r S   ( 758 )    = 0.92, p < 0.001, OSM, on average, witnessed more tortuous routes and, consequently, shorter straight roads between turns. However, OSM routes could be more suitable for pedestrians when the frequency of intersections and road slopes are at the center of attention. Finally, the devised metrics in this study, including the dissimilarity ratio and sinuosity index, showed their practicability in translating raw values into meaningful indicators.
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1. Introduction


For a long time, calculating the shortest (or fastest) path between locations A and B has been the center of pedestrian navigation systems’ attention. Nonetheless, “alternative routing” suggests that distance (or travel time) is not the only factor affecting the pedestrian’s route choices [1,2]. Other preferences, such as accessibility, convenience, comfort, etc., could be involved in such decisions [3]. The geometry properties of the shortest paths, including route curviness, the number of turns and intersections along roads, road gradients, sidewalk conditions (surface type, width, texture, etc.), and so on, might influence the route choice decision of particular types of pedestrians [4,5]. This is especially the case for people with limited mobility, like wheelchair users and older adults, experiencing major difficulties getting around urban environments. According to the data from the Centers for Disease Control and Prevention (CDC), about 31 million (11.1%) adults in the United States live with mobility impairments [6]. Previous studies [7,8] have shown that a straighter route (i.e., a route with fewer turns and long straight roads between turns) having equal or even longer travel time might be far preferable to a tortuous route for such users because of the convenience it may provide.



Figure 1 represents the shortest route (a) and alternative routes (b,c) between the “Museum of Sydney” and the “Sydney Opera House” suggested by Google Maps. It can be seen that despite showing small differences in the distance (850 m, 950 m, and 1 km) and travel time (10 min, 11 min, and 12 min), the routes have quite different geometric properties. In such situations, while many pedestrians generally ask “which path takes me to the destination faster?”, others might consider different factors that are directly or indirectly relevant to the geometry of the route as follows:




	
Which route shows the least curviness?



	
How many twists and turns (or directional changes) and intersections exist on each route?



	
Which route shows lower road gradients, making the walking experience more pleasant for pedestrians?








As a result, pedestrians could end up with different route choices depending on their individual preferences. For instance, an ordinary person is more likely to choose “route a”, given that it offers the shortest distance and travel time. Conversely, the possible choice of a wheelchair user might be “route b” as it shows lower average and maximum slopes on roads. On the other hand, an elderly person might choose “route c” as it has the least curviness, allowing the pedestrian to enjoy traversing longer straight streets between turns, thus, avoiding the inconvenience of passing multiple bends and junctions. Of course, the beautiful coastal scenery of “route c” could also be involved in such decisions, but they are out of the scope of this paper.



Pedestrian navigation is considered an area of interest that could significantly benefit from the OpenStreetMap (OSM), a successful crowdsourcing project providing a flexible way to gather and share geospatial data relevant to urban infrastructure and facilities. The OSM project has already received tremendous attention from the research community in urban planning and transportation. Graells-Garrido et al. (2021) [9] used OSM to measure the accessibility to local urban amenities in Barcelona. Liu et al. (2021) [10] proposed a method to quantify pedestrian accessibility at high resolution using open data, including OSM, Global Human Settlements Layer (GHSL), and General Transit Feed Specification (GTFS). Gil (2015) [11] and Prieto-Curiel et al. (2022) [12] applied OSM data for constructing multimodal and interurban network models, respectively. The San Francisco Bay Area’s road networks were extracted using OSM for traffic microsimulation at the metropolitan-scale [13]. Yadav et al. (2021) [14] chose OSM data to visualize traffic estimation results. Klinkhardt et al. (2021) [15] extracted the places of interest (POIs) from OSM for estimating the attractiveness of traffic analysis zones (TAZs). Bartzokas-Tsiompras (2022) [16] conducted a comparison study to analyze pedestrian street lengths in 992 cities worldwide. Moreover, there have recently been some efforts to investigate the fitness of OSM for route planning [17], pedestrian navigation [18,19,20,21,22], and navigation systems designed for disabled pedestrians [23,24,25]. Furthermore, several methods and tools have been developed to assess and enrich OSM’s sidewalk information (width, surface texture, etc.) for pedestrian navigation and similar purposes [25,26,27].



Road datasets owned by commercial mapping platforms (e.g., Google Maps, MapQuest, and ESRI) are not free to access, given that distributing such expensive data to the public might lead to the forfeiting of the company’s competitive advantage in offering web mapping services. Conversely, the OSM project could provide free, open access to a rich database of road data, particularly walkable roads (e.g., roads in residential areas, pedestrian-only streets, narrow roads, and alleyways), for developing navigation systems. Furthermore, while commercial mapping companies generally use a pay-as-you-go pricing model and require payment if you use their APIs for more than a certain amount, the OSM project is quite adaptable to the open-source model, which is important to those individuals and small businesses that cannot afford to buy such services. For instance, OpenRouteService (ORS), Open Source Routing Machine (OSRM), GraphHopper, and OpenTripPlanner (OTP) consume OSM data to offer route-planning services to users. Likewise, various specialized online map services, including bicycle maps, public transport maps, wheelchair user maps, and waymarked trails, rely on data from the OSM project.



To fulfill their tasks most efficiently, pedestrian navigation systems rely heavily on the quality and level of information they provide for users. The collaborative mapping nature of the OSM project could make it easier to gather and share the routing experience of pedestrians about the quality of sidewalks (straightness, surface, width, etc.) and any existent barriers or inconveniences on roads [24]. There exist several crowdsourcing services, including CAP4Access [28], OhsomeHex [29], AXS Map [30], and Project Sidewalk [31], allowing volunteers to contribute their navigation experiences, such as surface conditions and obstacles along roads, to these services. Among these, the European CAP4Access is a successful OSM-centered project that develops methods and tools for pedestrians with limited mobility focusing on (a) quality assessment, (b) accessibility-level tagging of places, (c) route planning and navigation, and (d) raising awareness [25].



Many authors have introduced factors relevant to the built environment affecting the walking behaviors of pedestrians [32,33,34,35]. Addressing the navigation needs of pedestrians, especially those with limited mobility, requires a clear understanding of their route choices and using them in developing navigation systems [8]. Previous studies have demonstrated that besides distance, pedestrian route choice is connected to various other variables, including comfort [36], safety [37], attractiveness [38], and route geometry [4,7,39]. Focusing on route geometry, Kasemsuppakorn et al. (2015) [8] suggested that navigation systems could be more helpful if they provide personalized routes based on individual preferences and physical characteristics of routes (i.e., surface condition and slope); while Jansen-Osmann and Wiedenbauer (2004) [39] indicated that pedestrians perceive curvy routes to be longer than straight routes, a study by D’Acci (2019) [4] flatly contradicted their claims. Using a discrete choice model on over 10,000 GPS trajectory data of pedestrians in two US cities, San Francisco and Boston, Sevtsuk and Basu (2022) [7] found out that the effect of road turns on pedestrian route choice relies on network geometry. Another study listed distance and road turns as the main route choice criteria for pedestrians in Boston [40]. Shatu et al. (2019) [41] showed that distance and road turns contributed to over half of pedestrian route choices, but the latter is more important to pedestrians. Furthermore, pedestrian fatalities and injuries when crossing road intersections have been listed as a significant safety concern worldwide [42]. Lastly, some studies have indicated the major impact of road gradients on walking attractiveness [43,44].



Even though the above studies have highlighted the significance of geometry information related to the route in pedestrian navigation, research has yet to be conducted in practice. Therefore, this study proposes new methodologies for extracting and analyzing the geometry properties of pedestrian shortest paths for navigation applications, focusing on open geospatial data. The analysis is carried out on free, open OSM road networks and elevation data, which are expected to be crucial in providing future data for pedestrian navigation services. A shortest path analysis is conducted on an origin–destination (OD) database within the City of Sydney, a local government area of Greater Sydney in Australia. The “OSRM”, as an OSM-based routing engine, and “Google Maps Directions API” are employed to implement the shortest path analysis. Then, the routes’ geometry characteristics are extracted by the devised measures in this study, and the results are analyzed comprehensively.



The remainder of this article is organized as follows: The methods and materials are introduced in the next section. In Section 3, the results are presented with figures, tables, and relevant interpretations. Section 4 discusses the results in the greatest detail possible. Lastly, Section 5 summarizes the major findings and conclusions.




2. Methodology


This section begins with presenting the designed scenario for the shortest path analysis. Then, the measures used for extracting geometry properties, including (a) dissimilarity ratio, (b) sinuosity index, (c) road turns and intersections, and (d) road gradients, are introduced.



2.1. Shortest Path Analysis


An OD database containing a sample of 20 POIs, including parks, tourist attractions, museums, etc., located in the City of Sydney was created for the shortest path test. Table 1 describes the main characteristics of POIs, including the decimal degrees format of their latitudes and longitudes in the WGS84 coordinate system. Furthermore, Figure 2 shows the designed scenario. The POIs were chosen based on the following criteria:




	
Is the chosen POI listed as a famous place by Google Maps and OSRM?



	
Are the distances between POIs no more than the recommended walking distance per day (10,000 steps ≈ 8 km) [45]?



	
How well are the POIs distributed uniformly within the study area?








Walking distances and travel times between OD pairs are estimated using (a) OSRM routing engine and (b) Google Maps Directions API. The “OSRM routing engine” is a high-performance open-source C++ service that provides routing services based on data from the OSM project. Investigating the applicability of OSM data for pedestrian navigation requires evaluating its performance compared to a benchmark in the real world. As a commercial web mapping platform, Google Maps is a good choice for performance analysis of OSM data, given that it has been constantly updated by collecting information from satellite imagery, Street View cars, and its user’s daily contributions [46]. As a result, many individuals and businesses worldwide use its APIs for navigation and route planning purposes. Moreover, Google Maps uses almost the same Dijkstra algorithm as the OSRM engine for calculating the shortest paths between two given locations [47]. Google Maps offers two routing services, including (a) Distance Matrix API and (b) Directions API, while the “Distance Matrix API” estimates distance and travel time for a matrix of origins and destinations, it provides no navigation information and route geometry. This aspect has made it unfavorable for our analysis since route geometry information is required for comparative analysis later. Instead, the “Directions API” is utilized as it satisfies those requirements. This web service gives directions for several modes of transport, such as transit, driving, walking, and cycling. Since the average walking speed on Google Maps is about 3 miles (4.8 km) per hour [48], this parameter was adjusted in OSRM to produce analogous outputs.




2.2. Geometry Analysis


Several metrics were devised to extract the geometry properties of the shortest pedestrian paths in various aspects: (a) similarity, (b) route curviness, (c) road turns and intersections, and (d) road gradients, as follows:



2.2.1. Similarity


Distance calculation is fundamental for numerous applications in science and engineering. In spatial sciences, distance is an important parameter to estimate the relative position of spatial objects [49]. The distance can also be used as a metric to examine how similar or dissimilar two point sets (or geometric objects in spatial sciences) are [50]. Generally, three types of distance metrics, including maximum, minimum, and centroid, are defined to measure the degrees of resemblance between two spatial objects:




	(a)

	
Minimum distance


      D  m i n    ( A , B )  =  min  a ∈ A   {  min  b ∈ B   { d  ( a , b )  } }     



(1)








	(b)

	
Maximum distance


      D  m a x    ( A , B )  =  max  a ∈ A   {  max  b ∈ B   { d  ( a , b )  } }     



(2)








	(c)

	
Centroid distance


       D c   ( A , B )  = d (   1 m   ∑  i = 1  m   ν  i A   ,  1 n   ∑  j = 1  n   ν  j B   )     



(3)




where   ν  i A    (i = 1, 2, …, m) is the ith vertex of object A, and   ν  j B    (j = 1, 2, …, n) is the jth vertex of B.









Hausdorff distance is a powerful metric to quantify the degree of similarity or dissimilarity between two geometries based on MAX–MIN distance between them [51,52,53]. In other words, the Hausdorff distance can be defined as “the maximum distance of a set to the nearest point in the other set” [54]. The main difference between the Euclidean distance and the Hausdorff distance is that the former measures the distance between two individual “point” objects, while the latter is used for the objects containing a set of points such as “line” and “area” [49,52]. The Hausdorff distance has drawn attention from scholars in many branches of science, ranging from mathematics and computer vision to geographic information science (GIS). Given two non-empty point sets,   A = {  a 1  ,  a 2   , …,    a m   }    and   B = {  b 1  ,  b 2  , … ,  b n  }  , the Hausdorff distance can be used for shape matching and error-controlling applications [52]. In GIS, let   L a   and   L b   be two lines, let   p a   and   p b   be two points such as   (  p a  ∈  L a  )   and   (  p b  ∈  L b  )  , let   d (  p a  ,   p b  )   be the distance between two points (any norm distance metric such as the Euclidean distance), and let    d H  ∈ R   be the Hausdorff distance, estimated as follows [55]:


      d H   (  L a  ,  L b  )  = m a x ( d  (  p a  ,   p b  )  , d  (  p b  ,   p a  )  )     



(4)




where


     d  (  p a  ,   p b  )  =   m a x    p a  ∈  L a    (   m i n    p b  ∈  L b    d  (  p a  ,   p b  )  )     



(5)






     d  (  p b  ,   p a  )  =   m a x    p b  ∈  L b    (   m i n    p a  ∈  L a    d  (  p a  ,   p b  )  )     



(6)







Let   L a   and   L b   be two lines. Among all points of   L a  , the point with the furthest distance from   L b   is defined as   p a  . Then, among all   L b   points, the point having the closest distance to   p a   is defined as   p b  . Let   d 1   be the distance between   p a   and   p b  . Furthermore,   d 2   can be determined by reversing the roles of   L a   and   L b  . Consequently, the Hausdorff distance equals to   M a x (  d 1  ,  d 2  )  . As illustrated in Figure 3, two compared lines must have almost similar traces and shapes (top-side). Otherwise, the Hausdorff distance is not an ideal indicator of similarity (bottom-side) [56]. If   d H   is a small value,   L a   and   L b   are partially matched, and vice versa. In case   d H   is equal to zero,   L a   and   L b   are exactly matched [49].



The lower the Hausdorff distance between the two routes, the more similarity between them. Even though smaller/bigger values of Hausdorff distance indicate the higher/lower resemblance between route pairs, this metric can only provide clear insights into the overall similarity of routes if we can relate these values to route length. Hence, an indicator named “dissimilarity ratio” was devised, allowing us to gain a better understanding of how similar route pairs are in terms of geometric properties, formulated as follows:


     D i s s i m i l a r i t y  r a t i o =  d H  / d     



(7)




where   d H   represents the Hausdorff distance between the two routes, and d is the distance between two OD pairs. As a benchmark for real-world commercial applications, Google Maps is a good estimator of the distances between POIs on the ground. Therefore, Google Maps’ calculated distances represent d in the dissimilarity ratio formula. Accordingly, the dissimilarity ratio when the route pairs are exactly matched equals 0, and the lower the estimated value, the more similar the routes. The following shows the calculated dissimilarity ratio for three different route pairs with equal d of 1 km and   d H   of 0 (a), 100 m (b), and 500 m (c), where (a) achieved the highest similarity. As mentioned earlier, the Hausdorff distance applies to similarity analysis only if the two routes have almost similar traces and shapes [56]; thus, experiencing high values for   d H   compared with d is very unlikely.


     ( a ) : 0 / 1000 = 0 ,           ( b ) : 100 / 1000 = 10 % ,           ( c ) : 500 / 1000 = 50 %     



(8)







The similarity analysis is implemented on the route pairs (OSM, Google Maps) using the “PostGIS” spatial database extender. The PostGIS is an open-source library that allows adding spatial objects to the PostgreSQL object-relational database. Then, the OSM shortest paths are categorized into clusters according to the achieved dissimilarity ratios. In addition, the “t-test” statistical test is used to evaluate whether the estimated Hausdorff distances are significantly different from 0.




2.2.2. Route Curviness


As already mentioned, the quality of how tortuous a route is can be crucial to specific types of pedestrians, such as wheelchair users and older people. Sometimes, they might prefer to traverse a longer path but the most straight one due to its convenience. The curviness of the route pairs (OSM, Google Maps) is estimated using the following Python script:







!Shape.Length! / (math.sqrt(math.pow((float(!Shape.FirstPoint.X!) - float(!Shape.LastPoint.X!)),



2) + math.pow((float(!Shape.FirstPoint.Y!) - float(!Shape.LastPoint.Y!)), 2)))









This script returns a value between [1, ∞), where a straight route gains a weight of 1, and the more tortuous the route, the higher the value [57]. It can be rephrased in routing applications as “the actual route length divided by the shortest path length”. The estimated sinuosity index considerably varies from approximately 1.1 to over 3 for a 30   ∘   and a 180   ∘   turn, respectively. We realized that calculating the sinuosity index for the shortest paths in one fell swoop leads to misleading results as it fails to consider all turns and twists along the route. Instead, the overall sinuosity index of each shortest path is obtained by averaging the estimated indices of its constituent segments. Therefore, the sinuosity index for a given shortest path depends on (a) the number of turns along the route and (b) the degree amount. As shown in Table 2, route B appears to be more tortuous as the average sinuosity index of its constituent segments is higher than route A.



In the next step, the sinuosity deviation (%) and distance difference (%) of OSM routes from the corresponding Google Maps routes are estimated. Furthermore, to better perceive to what degree route length is affected by route curviness, the relationship between the sinuosity deviation and distance difference is evaluated using Spearman’s rank correlation. Then, the ANOVA test compares variances across the means of dissimilarity ratios for three correlation groups: (a) positive, (b) negative, and (c) no correlation.




2.2.3. Road Turns and Intersections


The number and degrees of road turns along the route can be critical to wheelchair users and older adults, as they could pose mobility difficulties. Moreover, pedestrians generally avoid intersections because the risk of collision is considerable at such places, especially near bus stops and unsignalized crossings. Ensuring road safety is vital as pedestrians are less protected than other road users (Figure 4a). Therefore, the road turns with different degrees (i.e., 30   ∘  , 60   ∘  , 90   ∘  , 120   ∘  , 150   ∘  , and 180   ∘  ) (Figure 4b), and road intersections along each route pair (OSM, Google Maps) are quantified. Accordingly, the average (a) number of turns in 1 km and (b) lengths of straight roads between turns, and (c) the number of intersections are estimated to understand whether the shortest paths based on the OSM project or Google’s road data provide further convenience and safety in taking the same trips between POIs.




2.2.4. Road Gradients


The degrees of slopes along the shortest pedestrian paths is considered an essential factor in pedestrian route decisions when alternative options are available. Broach and Dill (2015) [43] and Meeder et al. (2017) [44] suggested a 10% reduction in walking attractiveness for a road slope of 1%. Wheelchair users and elderly people with difficulty in movement are the target community that may consider road slopes in their route choices. Over the past decade, new data collection and processing methods have significantly increased the availability of open elevation data. In this study, the Digital Elevation Model (DEM) of NASA Shuttle Radar Topography Mission (SRTM) data with a resolution of global 1 arc-second (≈30 m) is used to generate the slope map of the study area. The original DEM is resampled to smaller cell sizes of 15 m while extracting elevation data corresponding to the road network (Figure 5). As shown in Figure 6, the average slope along each route pair (OSM, Google Maps) is estimated. Although this measure could tell pedestrians how steep the route is on average, it is not informative about the accessibility state of the route. Therefore, the maximum slope parameter was included in the analysis to examine whether OSM or Google Maps show any accessibility issues for pedestrians during walking.






3. Results


The shortest path analysis between 20 × 20 OD pairs resulted in 380 route pairs (OSM and Google Maps) that were used for the geometry analysis. The results were categorized in distance matrices, and their geometry information was extracted accordingly. Table 3 displays the overall distance and travel time statistics estimated for OSM and Google Maps. It indicates that, on average, OSM resulted in longer routes (1162 km) than Google Maps (1115 km). Likewise, OSM routes achieved longer travel times, an overall of 242 h 12 m against 232 h 28 m for Google Maps routes. Slight variations in distance estimates are normal. Even assuming a similar route pair suggested by two different commercial routing platforms, such as Google Maps and Mapbox, there might still be some differences in distance estimates due to the characteristics of road datasets, utilized algorithms, and other contributing factors.



Table 4 summarizes the comparative analysis of distance estimates in two separate sections: OSM routes (a) shorter and (b) longer than Google Maps; while about two-thirds of OSM routes were found to be longer than Google Maps, the magnitude of differences was moderate between 0 and 850 m. The average differences for OSM shorter and longer routes than Google Maps consecutively were −116 m and 201 m, indicating that OSM witnessed higher variations in the latter case. In addition, the deviation of OSM from Google Maps was concentrated in a range of −2.9–−12.5% and 2.1–14.5% for OSM shorter and longer routes, respectively. The paired-samples t-test indicate a statistically significant difference between the mean distance estimates of OSM (M = 3.3, SD = 1.6) and Google Maps (M = 3.1, SD = 1.5),   t ( 379 )   = 7.4, p < 0.001. Moreover, the distance average of Google Maps was smaller than OSM.



Figure 7 presents the calculated shortest paths with road slope profiles between “Elizabeth Bay House” and “Sydney Opera House” locations. According to Table 5, OSM and Google Maps routes were remarkably similar in geometry, with a dissimilarity ratio of about 4%. The remaining statistics shown in Table 6 indicate that the OSM route offers more comfort, convenience, and safety than Google Maps, given that it is less tortuous and pedestrians can expect smoother motion and better accessibility due to its lower average and maximum slopes.



Achieving Hausdorff distances between 19 m and 1116 m from Google Maps, the OSM’s dissimilarity ratios oscillated between 0.87% and 37.56%, with a mean and standard deviation of 12.65% and 7.68%. The one-sample t-test concluded that the Hausdorff distance significantly differs from 0,   t ( 379 )   = 14.05, p < 0.001. Table 7 shows categorized OSM routes under four similarity clusters, including (a) well matched (0–10%), (b) moderately matched (10–20%), (c) slightly matched (20–30%), and (d) not matched (30–40%). It was observed that over half of OSM routes were identified as well matched, indicating high degrees of geometry resemblance to Google Maps. Furthermore, while the moderately matched cluster contained over one-third of the whole routes, less than 15% of routes were labeled as slightly matched and not matched altogether. Even though the average distance between OD pairs followed a descending trend towards the not-matched group, the average Hausdorff distance showed the opposite direction, denoting that on average, the shorter routes witnessed higher dissimilarities from Google Maps.



Figure 8 presents four route pairs grouped under different similarity clusters, and Table 8 provides information on their main characteristics. According to Figure 8a, the OSM route for “Elizabeth Bay House” to “Glebe Library” fully overlapped the Google Maps route by achieving a 40 m Hausdorff distance and a dissimilarity ratio of 0.87%. Despite deviations up to 157 m, the OSM route for “Powerhouse Museum” to “WILD LIFE Sydney Zoo” reached a 10.47% dissimilarity ratio as it was almost identical for most of the path (Figure 8b). On the contrary, two OSM routes originating from the “Queen Victoria Building” to destinations “Sydney Opera House” (Figure 8c) and “Surry Hills Library” (Figure 8d) were dissimilar to Google Maps, accounting for 20.87% and 37.56%.



Figure 9 illustrates the relationship between the similarity of route pairs and their length deviation. The OSM shortest paths classified as well matched mainly concentrated between 0 and up to nearly 3% divergence from Google Maps (blue oval). A higher frequency of moderately matched occurrences was observed for OSM longer distances than Google Maps, with a maximum of 14.5% (green oval). The OSM routes shorter than Google Maps were mainly classified under the slightly matched cluster (yellow oval). Lastly, the red oval shows that all the non-matched routes occurred in the positive area of the plot.



According to Table 9, on average, Google Maps witnessed straighter route geometry than OSM, achieving an average sinuosity index of nearly 1.41% versus 1.58%. The routes with a sinuosity index of over 1.8 could be challenging to walk. The Spearman’s rank correlation indicates a significant association between the sinuosity index and route length,   r S  (758) = 0.92, p < 0.001. Therefore, with an increase/decrease in route curviness, there is expected to be an increase/decrease in route length. Similarly, fewer road turns existed on Google Maps routes than OSM ones and, consequently, longer straight lines between each turn. On the other hand, OSM showed fewer intersections and lower average and maximum slopes than Google Maps.



Figure 10 shows how the correlated findings between the sinuosity index and route length are distributed within different similarity clusters. According to Table 10, one-way analysis of variance (ANOVA) indicates that the means of the three correlation groups were equal, F(2, 377) = 0.13, p = 0.93.



According to Figure 11a, while the average road gradients were mainly between 7 and 9%, Google Maps experienced longer roads up to nearly 200 m with very steep slopes, which is more challenging to move than OSM for wheelchair users and older adults (Figure 11b).



Moreover, Google Maps witnessed lower sinuosity indices compared to OSM, and half of the estimates were distributed between nearly 1.3–1.5% and 1.4–1.7%, respectively (Figure 12a). There were not only more road turns with different degrees (i.e., 30   ∘  , 60   ∘  , 90   ∘  , 120   ∘  , 150   ∘  , and 180   ∘  ) that existed on OSM than on Google Maps (Figure 12b), but each route also had, at least, six 90   ∘   turns per kilometer (Figure 12c), posing increased inconvenience and difficulty for wheelchair users. Meanwhile, three-fourths of OSM and Google Maps showed straight roads over 50 m up to about 90 m and 95 m between each directional change along the routes (Figure 12d). Figure 12e shows that both mapping services almost followed the same pattern regarding intersection frequency. However, there were some OSM routes with only one intersection.




4. Discussion


The shortest path analysis showed a closeness between the distance estimates of OSM and Google Maps, which could partly reflect the good quality of the OSM project’s data within the study area for pedestrian navigation services, especially those dependent on distance estimation. The observed differences can be justified based on the following reasons:




	
Road dataset’s characteristics



The data-related dissimilarities in route length might be derived from (a) differences in road density of networks or/and (b) existent topological inconsistencies in the dataset, such as unidentified connections and intersections. Moreover, (c) the starting/ending edges of calculated routes might have been placed in different positions (i.e., behind or ahead of the POI) for Google’s road dataset and OSM project’s data. As a result, it can be expected that the start or end of the route has yet to reach the exact position of the POI, or it conversely has gone beyond that (Figure 13). Such a circumstance is more likely to occur to the POIs in areas inaccessible by the main street networks.



	
Utilized routing algorithm



Although both web mapping services use Dijkstra’s algorithm to calculate the shortest path between points A and B, the OSRM’s algorithm is a modified version of Dijkstra, namely, “MultiLevel Dijkstra (MLD)”, which works on the overlay graph (i.e., an approximation of the original graph with a reduced complexity) produced by a partitioning step. This could result in negligible differences in the lengths of the calculated routes.








Moreover, OSM was inclined to suggest the shortest paths remarkably similar to Google Maps in terms of geometry in such a way that about 90% of the calculated routes were identified as well matched and moderately matched. Nonetheless, the one-sample t-test indicates that the Hausdorff distances significantly differ from 0. It was not noticed any negative influence of the length parameter on the similarity of OSM routes to Google Maps ones. Conversely, almost all long routes with lengths up to 7.6 km appeared to be categorized under the well-matched class. A strong positive correlation was found between route curviness and route length, with an effect size of 0.92 percent. On average, OSM witnessed more tortuous routes and, thus, longer distances than Google Maps. Likewise, Google Maps offered longer straight roads between each turn than OSM, which is more suitable for pedestrians intending to evade frequent directional changes. On the contrary, OSM showed fewer intersections along the streets, thus, lowering the possibility of accidents. By choosing OSM over Google Maps, pedestrians are also expected to traverse the streets with lower road gradients and, thus, higher accessibility to the destination.



The metrics developed in this study, including the dissimilarity ratio and sinuosity index, demonstrated their practicability by quantifying the geometry properties of the shortest paths and offering helpful information for pedestrian navigation. Furthermore, providing further information on the number of road turns and intersections along the route and road gradients (extracted from open elevation data) could enable pedestrians to make wiser route choices according to their preferences, especially for mobility-impaired pedestrians, like wheelchair users and older adults.




5. Conclusions


Pedestrians might choose different routes for the same trip, depending on individual route choice preferences; while calculating the distance between locations A and B might be sufficient for most routing applications, route geometry information could also be important for specific types of pedestrians, especially those with limited mobility, like wheelchair users and older adults. Supplying realistic navigation services to these users requires that pedestrians be offered additional information on route geometry, helping them make more informed route choices. Focusing on open geospatial data, this study suggested an approach to extract and analyze the geometry information of the shortest pedestrian paths across four aspects: (a) similarity, (b) route curviness, (c) road turns and intersections, and (d) road gradients.



Stemming from the Hausdorff distance, the dissimilarity ratio quantified the geometry resemblance between pairs of the shortest pedestrian paths. A striking similarity was found between OSM and Google Maps, such that over half of the route pairs were almost identical. Moreover, a segment-based method measured the route curviness based on the number and degree of the road turns along the route. Spearman’s rank correlation indicated a direct association between route curviness and route length. Furthermore, the extracted road gradients from open elevation data showed the routes with more smoothness and better accessibility, while Google Maps showed less tortuosity and longer straight roads between bends, OSM could offer better choices when the frequency of road intersections and degree of road slopes are essential to pedestrians. The proposed geometry measures, including the dissimilarity ratio and sinuosity index, demonstrated their effectiveness by converting raw values into meaningful indicators. Personalized navigation systems are a target area of interest that can considerably benefit from the devised geometry metrics in this study.



The inadequacy and incompleteness of the OSM project regarding sidewalk information, such as surface type, width, and texture, among others, can be considered a limitation of this study. Such information could dramatically affect pedestrian route choices, given that good or poor sidewalk conditions might make movement easier or more challenging for pedestrians, especially wheelchair users; while little effort has been made to enrich sidewalk information in some countries [25,26,27,28], such data still need to be included in the OSM project for most parts of the world, including our case study, by launching data enrichment campaigns and projects.



Future studies could focus on (1) developing new methods and tools for extracting other information relevant to route geometry, (2) using them in current navigation systems, and (3) investigating how pedestrians benefit from them. Another area of work that could be much improved is (4) constructing a specialized road dataset for pedestrian navigation applications based on a combination of open geospatial sources, including OpenStreetMap, SpaceNet imagery, Google Earth Engine (GEE), and so on. Developing such a dataset could enable navigation systems to estimate more realistic pedestrian routes. Using computer vision models based on available satellite imagery data, like the SpaceNet dataset, could provide updates on road networks and sidewalk attributes far faster than terrestrial methods, especially in natural disasters or other dynamic events. Furthermore, extracting road elevation profiles from the GEE could be beneficial because providing such information allows pedestrians to make more informed route choices.
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Figure 1. The shortest path (a) and alternatives (b,c) suggested by Google Maps (yellow and red markers: road turns and intersections). 
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Figure 2. The distribution map of POIs within the City of Sydney. 






Figure 2. The distribution map of POIs within the City of Sydney.



[image: Ijgi 12 00288 g002]







[image: Ijgi 12 00288 g003 550] 





Figure 3. Hausdorff distance [56]. 
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Figure 4. The number of road turns and intersections (a) and degrees of turns (b) present different mobility problems for a wheelchair user (yellow and red markers: road turns and intersections). 
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Figure 5. Road gradient map of the study area. 






Figure 5. Road gradient map of the study area.



[image: Ijgi 12 00288 g005]







[image: Ijgi 12 00288 g006 550] 





Figure 6. The average and maximum road gradients with profile graph (blue line: the shortest path). 
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Figure 7. An example of calculated shortest paths with slope profile (blue line: OSM, red line: Google Maps, and green/red placemark: origin/destination). 
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Figure 8. The selected OSM shortest paths with different dissimilarity ratios (blue line: OSM, red line: Google Maps, green/red placemark: origin/destination). 
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Figure 9. The relationship between the route pairs’ similarity and distance deviation. 
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Figure 10. The distribution of correlations within similarity clusters. 
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Figure 11. The overall statistics of the geometry analysis (part 1). 
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Figure 12. The overall statistics of the geometry analysis (part 2). 
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Figure 13. An example of the starting/ending edge problem (blue line: OSM, red line: Google Maps, black line: starting edge of the route, green/red placemark: origin/destination). 
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Table 1. The characteristics of the origin–destination database used for analysis.
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	No.
	Name
	Category
	      X
	      Y





	01
	Alan Davidson Oval
	Sports Field
	151.187701
	−33.908699



	02
	Australian Museum
	Museum
	151.213034
	−33.874292



	03
	Beaconsfield Park
	Park
	151.199765
	−33.910976



	04
	Chinese Garden of Friendship
	Tourist Attraction
	151.202877
	−33.876583



	05
	Curtin University Sydney
	University
	151.202495
	−33.885293



	06
	Elizabeth Bay House
	Historic Site
	151.22428
	−33.870109



	07
	Erskineville Oval
	Sports Field
	151.190778
	−33.901992



	08
	Glebe Library
	Library
	151.184925
	−33.877996



	09
	Hollis Park
	Park
	151.186125
	−33.894647



	10
	Museum of Sydney
	Museum
	151.211414
	−33.863787



	11
	National Art School
	Education Facility
	151.218514
	−33.879836



	12
	Powerhouse Museum
	Museum
	151.199715
	−33.878096



	13
	Queen Victoria Building
	Tourist Attraction
	151.20668
	−33.871804



	14
	Surry Hills Library
	Library
	151.213734
	−33.885998



	15
	Sydney Fish Market
	Shopping Center
	151.192611
	−33.873051



	16
	Sydney Opera House
	Community Facility
	151.215356
	−33.85652



	17
	Sydney Tower Eye
	Tourist Attraction
	151.208945
	−33.870376



	18
	Ultimo Community Center
	Community Facility
	151.198198
	−33.877846



	19
	Waterloo Library
	Library
	151.206767
	−33.899361



	20
	WILD LIFE Sydney Zoo
	Tourist Attraction
	151.201812
	−33.869181
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Table 2. An example of calculating the route curviness.
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	Shortest Path
	Length (km)
	S1
	S2
	S3
	S4
	S5
	S6
	Overall





	A
	1
	1.05
	1.8
	1.75
	1.65
	2.12
	1.77
	1.69



	B
	1
	1.25
	1.14
	1.95
	2.18
	2.8
	-
	1.86
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Table 3. The overall statistics of shortest path analysis.
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OSM

	
Google Maps






	
Impedance

	
Sum

	
Mean

	
Max

	
Min

	
Sum

	
Mean

	
Max

	
Min




	
Distance (km)

	
1162

	
3.3

	
7.3

	
0.3

	
1115

	
3.1

	
6.9

	
0.3




	
Travel time (min)

	
14,532

	
41

	
91

	
4

	
13,948

	
39

	
86

	
4
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Table 4. An overall comparative analysis of distance estimates (d: distance between OD pairs).
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OSM < Google Maps

	
OSM > Google Maps






	
Freq.

	
Mean (m)

	
Max (%)

	
Min (%)

	
Freq.

	
Mean (m)

	
Max (%)

	
Min (%)




	
148

	
−116

	
−12.5

	
−2.9

	
232

	
201

	
14.5

	
2.1
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Table 5. Geometry analysis of the route pair (part 1) (  d H  : Hausdorff distance, DR: dissimilarity ratio, and SI: sinuosity index).
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	Data
	Distance (km)
	Travel Time (min)
	   d H    (m)
	DR (%)
	SI (%)





	OSM
	2.5
	33
	89
	3.56
	1.38



	GM
	2.4
	31
	
	
	1.42
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Table 6. Geometry analysis of the route pair (part 2) (SL: straight line between turns, and Int.: intersections along the route).
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Turn Types (Freq.)

	






	
Data

	
Turn (Freq.)

	
30   ∘  

	
60   ∘  

	
90   ∘  

	
120   ∘  

	
150   ∘  

	
180   ∘  

	
SL (m)

	
Int. (Freq.)

	
  Slope ¯   (%)

	
Max Slope (%)




	
OSM

	
47

	
11

	
8

	
27

	
1

	
0

	
0

	
53

	
4

	
7.3

	
26.7




	
GM

	
50

	
21

	
7

	
19

	
1

	
0

	
2

	
48

	
7

	
8.1

	
30.2
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Table 7. Similarity classification of the route pairs (DR: dissimilarity ratio,    d H  ¯  : average Hausdorff distance, and   d ¯  : average distance between OD pairs).






Table 7. Similarity classification of the route pairs (DR: dissimilarity ratio,    d H  ¯  : average Hausdorff distance, and   d ¯  : average distance between OD pairs).





	Category
	DR (%)
	Freq.
	    d H  ¯    (m)
	   d ¯    (km)





	Well matched
	0–10
	197
	171
	3.26



	Moderately matched
	10–20
	130
	341
	2.51



	Slightly matched
	20–30
	46
	394
	2.08



	Not matched
	30–40
	7
	468
	1.35
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Table 8. Description of selected OSM shortest paths categorized under different similarity clusters (  d H  : Hausdorff distance and DR: dissimilarity ratio).






Table 8. Description of selected OSM shortest paths categorized under different similarity clusters (  d H  : Hausdorff distance and DR: dissimilarity ratio).





	ID
	Origin
	Destination
	   d H    (m)
	DR (%)
	Category





	a
	Elizabeth Bay House
	Glebe Library
	40
	0.87
	Well matched



	b
	Powerhouse Museum
	WILD LIFE Sydney Zoo
	157
	10.47
	Moderately matched



	c
	Queen Victoria Building
	Sydney Opera House
	480
	20.87
	Slightly matched



	d
	Queen Victoria Building
	Surry Hills Library
	835
	37.56
	Not matched
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Table 9. Overall statistics of the geometry analysis (SL: straight line between each turn and Int.: intersections along the route).






Table 9. Overall statistics of the geometry analysis (SL: straight line between each turn and Int.: intersections along the route).





	

	

	

	
    Turn  Types  ¯    (Freq.)

	






	
Data

	
   Sinuosity  Index  ¯   (%)

	
  Turn ¯   (Freq.)

	
30   ∘  

	
60   ∘  

	
90   ∘  

	
120   ∘  

	
150   ∘  

	
180   ∘  

	
  SL ¯   (m)

	
   Int .  ¯   (Freq.)

	
  Slope ¯   (%)

	
   Max  Slope  ¯   (%)




	
OSM

	
1.58

	
52.1

	
19

	
8

	
19

	
3

	
1

	
2

	
58.7

	
3.9

	
7.7

	
18.1




	
GM

	
1.41

	
46.6

	
15

	
11

	
17

	
1

	
1

	
1

	
62.9

	
4.3

	
8.4

	
21.4
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Table 10. The ANOVA summary table.






Table 10. The ANOVA summary table.





	Source of Variation
	SS
	df
	MS
	F
	p-Value
	F Crit





	Between Groups
	0.001507
	2
	0.000754
	0.130351
	0.927821
	3.019664



	Within Groups
	2.179306
	377
	0.005781
	-
	-
	-



	-
	-
	-
	-
	-
	-
	-



	Total
	2.180814
	379
	-
	-
	-
	-
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