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IDENTIFICATION AND CHARACTERIZATION OF NETWORK PATHS 

Emre Demir 

Dr. Timothy C. Matisziw, Dissertation Supervisor 

ABSTRACT 

Many transportation analyses involve fusing multiple sources of data to build a 

better representation of how a transportation system can be or is used.  However, the 

integration of multiple data sources, each of which may entail a range of uncertainties, 

can make inferences of system characteristics a challenging problem.  In this context, a 

better understanding of how data on transportation activities, network topology, and 

geospatial context are related to one another is needed.  To address these issues, this 

dissertation investigates methods for: 1) associating location-based observations of 

movement with network topology and other measurements of activity, 2) modeling the 

relationship between geographically referenced observations of transportation activities 

and other geographic features, and 3) assessing the spatial similarity among network 

paths.  New methodologies for addressing these themes are proposed, and applicability of 

these methods to a real-world transportation analysis problem is demonstrated through an 

implementation in a commercial geographic information system (GIS). 
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CHAPTER 1  
 

INTRODUCTION 
 

 

 

In networks, connectivity between pairs of nodes is possible given the presence of 

a path enabling movement between the nodes.  In very sparse networks, such as hub-and-

spoke systems, only one or a few paths may exist between pairs of nodes.  However, in 

larger systems, multitudes of paths can potentially support connectivity among nodes.  

Consider for example, the number of alternative ways of driving between locations in a 

dense urban transportation network.  While the presence of paths supporting connectivity 

among network nodes is important, the characteristics of the paths are also an important 

facet of connectivity.  For instance, attributes of paths such as their cost and capacity 

often underlie how effectively they can serve movement between nodes.  Although paths 

may have similar costs or capacities, they can vary in their spatial correspondence.  For 

instance, two paths providing connectivity between a pair of nodes may have nearly 

identical costs but share no common arcs.  Further, there are many other attributes of 

paths that can be important to the functioning of a system such as their spatial form and 

context (i.e., environments traversed and proximity to other network features).    

Ultimately, the utility of a path depends on how the type of activity is supported 

by the network.  In many systems, activity can be viewed as being “anchored” at network 

nodes, which are important to each user; furthermore, the utility of paths facilitating 

connectivity among these anchor locations are often perceived in a hierarchical fashion 

(Golledge and Stimson 1997).  For example, in routing hazardous materials, dissimilar 

paths avoiding population centers might be desirable in order to minimize environmental 
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or social risks (List et al. 1991, Lepofsky et al. 1993, Zhang et al. 2000, Dell’Olmo et al. 

2005, Huang et al. 2004).  When planning for safe pedestrian and bicycle routes, vehicle 

speed limits, distance, and the straightness of the roadways are important considerations 

(Petch and Henson 2000, Wang and Tian 2010).  In nature reserve design, land use/ land 

cover composition, terrain, and species presence can be used to prioritize corridor 

protection (Semlitsch 2002, Pyke 2005).  In telecommunication systems, paths that have 

demonstrated the highest reliability over time and have the highest capacity might be 

preferred (d’Halluin et al. 2002).  Thus, depending upon the system of interest, 

differences and similarities among paths can be assessed in a myriad of ways.   

Transportation researchers have long sought a better understanding of how travel 

behavior varies over time for an individual or among groups of users (Kianfar et al. 

2013).  Part of the challenge of understanding travel behavior is that individuals value 

and assess the utility of alternative network paths in different ways.  In order to provide 

insight on those factors potentially influencing an individual’s path selection, researchers 

rely upon collection and analysis of observed transport activities (Wolf et al. 2004, 

Papinski et al. 2009).  Evaluating travel behavior to better understand how transportation 

systems are used is a data intensive process.  First, the magnitude of flow along paths 

supporting connectivity between network origins and destinations needs to be measured.  

Direct observations of such complex and continuous movements are especially 

challenging to collect.  Thus, the transportation researcher often has to rely upon a limited 

set of observations of trips supporting movement between origins and destinations in 

estimating how a transportation system might be used.  For example, intelligent 

transportation systems (ITS), whether in-vehicle or roadside, such as loop detectors, 
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video cameras and automatic vehicle identification systems, license plate recognition, and 

electronic toll collection tags are commonly used to collect information about movement 

at a particular location (Kwon and Varaiya 2005, Monzón and Rodríguez-Dapena 2006, 

Cetin and Nichols 2009, Edara et al. 2010).  Video cameras and radar systems may be 

used to record and document driver behavior (Tian et al. 2004, Edara et al. 2012, Yannis 

et al. 2013, Kianfar et al. 2013); loop detectors can be used to approximate traffic along a 

road (Sun et al. 1999, Sun et al. 2003, Dixon and Rilett 2005); commuters may be asked 

to complete travel diaries or log sheets to document their activities (Sheskin and Stopher 

1982) etc.   

In order to make the best use of sampled transportation information, many 

innovative techniques have been developed to use limited observations to infer the nature 

of transport activities at locations and times for which direct observations are not 

available.  For example, in travel demand forecasting for the transportation planning 

process, observations of the amount of flow between an origin and a destination in one 

time period might be used to estimate the amount of flow occurring in another time 

period.  In other cases, logical rules can be applied in order to interpolate missing values 

in data, such as that obtained from individual-level travel and activity diaries, where 

records are often incomplete (Arentze et al. 1999, Draijer et al. 2000).  Although a 

complete data set may be available, the data collection process is subject to many 

uncertainties, resulting in missing and/or erroneous measurements that if left unmitigated, 

can confound analysis.  For instance, in the case of automatic fare collection systems, 

data collection can be erratic and automatic look-up tables and algorithms may be needed 

to discover and adjust for these problems (Lu and Reddy 2011).  In other cases, only a 
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sample of a particular transportation activity may be available, requiring the researcher to 

use the available information to make inferences about those activities that were not 

sampled.  For instance, origin-destination (O-D) flows are often sampled in order to 

reveal trip patterns and traveler behavior for various transportation planning and 

operations tasks (Dixon and Rilett 2005, Kwon and Varaiya 2005).  However, given that 

observation and collection of O-D flows is very costly and data intensive, it is very 

difficult to maintain a completely up-to-date record of these movements.  Thus, many 

methods have been developed for estimating reasonable O-D values given different types 

of available information (Jou et al. 2006).  Two options proposed in the transportation 

literature are growth-factor methods used to estimate trip values related to design year 

and synthetic or gravity models used to expand current trip matrices by balancing 

correction factors to forecast future O-D trips (Ortúzar and Willumsen 2001). 

In many transportation studies, observations of movement are collected and 

referenced to discrete point locations.  For example, with the development of 

technologies, such as Global Positioning Systems (GPS), enabling more accurate and 

systematic collection of geographic references for transportation activities, transportation 

data can be more readily associated with location and surrounding geospatial context.  In 

measurement systems such as GPS, Global System for Mobile Communication (GSM), 

and satellite imagery, locations are usually reported in the form of geographic coordinate 

pairs or points (Yalamanchili et al. 1999, Wolf et al. 2001, O’Kelly et al. 2005, Matisziw 

and Grubesic 2010, Oliveira and Casas 2010).  Point observations of locations can 

provide many insights into the characteristics of the activity such as the location, time, 

date, speed, etc.   
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Collection and use of point observations for transportation studies, such as GPS 

data, are rapidly increasing in many research and application domains, especially the ones 

related to the analysis of individuals’ movements (Stopher et al. 2002, 2003; Cayo and 

Talbot 2003; Papinski et al. 2009; Srinivasan et al. 2009; Duncan et al. 2009; Fjørtoft et 

al. 2009; Frignani et al. 2010; Papinski and Scott 2011; Murray et al. 2011).  Given that 

data collection technologies such as GPS can rapidly record information about the 

location of an activity, they are increasingly being utilized in transportation research as 

discussed.  For instance, Murakami and Wagner (1999), Wolf et al. (2003), Ohmori et al. 

(2006), Timmermans et al. (2009), and Chen et al. (2010) show how GPS data can be 

effective in terms of reduced processing time, improved completeness of data and 

accuracy in the computation of travel time and distance.  In particular, they find that use 

of GPS as opposed to conventional paper-based travel diaries, results in more complete 

data entry (e.g., showing the minor street visits, almost precise time allocation, etc.) and 

much less burden on the respondent.  GPS data can be also used to provide a geographic 

reference to other transportation related issues such as monitoring vehicles and their 

emissions produced and determine trip purposes and travel modes with the help of public 

GIS information such as locations of shops and facilities (Ochieng et al. 2003, Wolf et al. 

2004, Chung and Shalaby 2005).  GPS-based data can provide a sequentially sampled set 

of location point observations at some interval.  However, the positional accuracy of GPS 

can vary significantly, which will in turn affect the relationship of the points with other 

geographic features.  Most of the time, these variations in accuracy arise due to weak or 

corrupted signals, device failure, battery issues or user-originated problems (Elgethun et 

al. 2003, Milton and Steed 2005, Rainham et al. 2012).  Unobstructed areas are often 
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required to possess better working GPS units (i.e., accurate location determination).  Tall 

buildings, mountains, and dense foliage may occlude or corrupt signals transmitted from 

the satellites.  Such issues may cause data recording errors including inaccurate position 

determination.   

A significant motivation for recording the geographic location of transportation 

activities is that these observations of location can then be integrated with various types 

of other geographically referenced information and ancillary information to provide a 

better characterization of the ambient context of the observation (i.e., land use, land 

cover, elevation, proximity to facilities and/or other types of locations, etc.).  Interaction 

and understanding the relationship between point-based observations, such as that 

obtained from moving vehicles is also important.  For example, it may be essential to 

determine the roads and paths traversed, assess the environments encountered, and 

evaluate proximity to service locations and delivery points.  To facilitate such analyses 

and to enable these types of queries, Geographic Information Systems (GIS) have been 

developed to represent the potential relationships between different ‘layers’ of 

geographically referenced data.  GIS is a software system that provides tools to visualize, 

query, analyze, solve, and manipulate layers of geographically referenced data (ESRI 

2013).  Basic GIS functionalities are especially useful in assessing the spatial 

relationships between geographic layers of data associated with travel (Kwan 2000).  

However, several problems limit the ability to evaluate the exact relationship between the 

geographies involved.  For instance, data are often collected from multiple sources, 

requiring assumptions regarding how they should be joined.  For example, associating a 

written travel diary with actual locations in a city can be subject to numerous 
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interpretations.  As in the first problem addressed in the dissertation, positional accuracy 

of GPS point observations can vary and often does not exactly correspond to the 

positional accuracy of other geographic data layers.   

While recording the location of transportation activities as a set of points is 

certainly useful, given that such transportation is a continuous process, these discrete 

representations of location only provide a limited amount of information about an entire 

trip.  In other words, what happens between point observations is unknown and therefore 

can only be inferred.  Most of the time, data is not continuously collected due to practical 

challenges such as storage, collection and analysis issues (Tong et al. 2011).  However, 

insight on how the entire path is used by a traveler can provide much valuable 

information for transportation research.  For example, exact travel time and distance, link 

counts, and road characteristics are essential variables typically associated with a path of 

travel (Papinski and Scott 2011).  Unfortunately though, point observations of a trip do 

not capture the entire path of travel, necessitating the estimation of these important 

variables.  Therefore, an important question is how to use point-based observations of 

movement in order to infer the actual path of travel along a network.  To address this 

question, this dissertation proposes a unique algorithm to associate point observations of 

travel to a road network in order to infer network paths.  Once a path is inferred, other 

information about the trip, such as route distance, travel time, roads used, and conditions 

encountered can be easily computed.  Once the path of movement is accurately rendered, 

analyses of how the path of an individual(s) varies over time can also be conducted.   

Point-based observations of the location at which transportation activities occur, 

such as those recorded by GPS, can provide many insights on spatial patterns and trends.    
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However, point-based observations of location often need to be coupled with other 

sources of information regarding the activity, sources which may or may not contain a 

geographic reference.  Further, it is widely recognized that analyzing transportation 

behavior is a data intensive task, a task that is often limited by unavailability of data as 

well as the quality of data.  For example, collecting accurate data on the exact nature of a 

trip made by an individual can be very challenging for a number of reasons such as the 

uncertainties that arise when integrating different types of information as well as data 

storage issues, technical and/or human errors etc. (Stopher et al. 2002, Srinivasan et al. 

2009, Papinski and Scott 2011).  These uncertainties when combined with different 

sources of transportation data can cast doubt on the validity of transportation activity 

observations as they relate to their associated locations, resulting in a truly challenging 

problem.  Thus, developing a better understanding of the relationship between 

transportation activities, their geographical location, and geospatial context is desirable. 

To address the issues discussed above, this dissertation investigates methods for 

coupling different sources of transportation activity data in order to better infer the 

location at which a transportation activity took place.  The first research challenge 

addressed in this dissertation is to relate point observations of the location of an activity 

with ancillary data sources, such as those documenting other attributes of an activity and 

the topology of the network assumed to be traversed.  For instance, GPS-based location 

information, an instantaneous record of location, often needs to be temporally related to 

aggregate data records, such as those characterizing other aspects of an individual’s 

activity.  Since previous studies lack detail in describing the problems and methodologies 

of fusing two types of movement data where their measurement systems differ, this 
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dissertation also addresses the scenarios of matching such types of data to better 

understand how aggregate measures of a network activity can be fit to locations recorded 

by instantaneous measurements. 

Inference of network paths from point observations of the location of an activity is 

another challenging problem that is addressed in this dissertation.  As discussed earlier, 

many transportation studies only document the location of an activity at discrete 

locations, between which the location of the activity is not known.  Existing methods for 

inferring paths from point observations to assess the characteristics of a trip are limited in 

their ability to take into account the interdependencies among the point observations.  

Further, accurately associating point observations of location with other layers of 

geographic data is still an extremely complex problem given range of errors and 

uncertainties that accompany most data sources.  In this dissertation, it is assumed that 

the point-based observations of locations may have varying levels of spatial 

correspondence with the network topology assumed to support the movement.  Provided 

a temporally ordered set of point locations and a network, an algorithm is presented for 

identifying a network path optimizing correspondence with the observed sequence of 

points.  The paths inferred with the proposed algorithm are then evaluated with respect to 

several other alternative path inference techniques to demonstrate the utility of the 

approach.  

Assessing the differences and/or similarities among alternative paths is a task 

central to many transportation analyses, such as the comparison of optimal routes to those 

actually observed.  A standard approach is to compare paths based on simple summary of 

their characteristics (i.e., length, geometry, etc.).  However, the spatial form or 
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morphology of paths is also important to understand as mentioned earlier.  Spatial 

morphology of a path refers to the correspondence of a path with other features of a 

network such as its proximity to other paths and the processes giving rise to variations in 

path characteristics over time.  Given that assessing differences in path morphology is not 

a trivial task, it has been investigated to a lesser extent.  In this spirit, this dissertation 

seeks to expand upon the literature on evaluating differences in spatial morphology and 

proposes a new methodology for determining the extent to which paths are spatially 

similar.  The developed methodology is applied to evaluate similarity among a set of 

paths and results are compared relative to those obtained via several other alternative path 

similarity techniques to reveal the utility of the approach. 

As discussed, many transportation analyses rely upon the ability to relate different 

datasets to one another, make inferences on how a network is used, and compare the 

characteristics of alternative paths of movement.  To highlight the practical and analytical 

challenges associated with such analyses, this dissertation documents an actual 

transportation research application that involves all three tasks.  In particular, spatial and 

aspatial data are collected from individuals to record their travel activities.  Next, these 

datasets are fused with one another taking into account uncertainty of activity 

observations and traveler characteristics.  Then, paths between determined origins and 

destinations are inferred with the help of a current path inference method.  Finally, those 

inferred paths are compared in terms of their similarity among their paths of travel.  

Application results are presented discussing the utility and viability of methods proposed. 

This dissertation is structured as follows.  First, a discussion is provided in Chapter 

2 of the general literature related to the problems addressed in this dissertation.  Chapter 3 
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discusses methods for fusing observations of location, movement, and geospatial context 

and then extends this literature base by proposing a more flexible methodology to 

accomplish these tasks.  Chapter 3 also reviews the methods for inferring network paths 

from point observations of a transport activity and then proposes a new path inference 

methodology to help alleviate the problems associated with prior methods.  Accordingly, 

Chapter 3 then reviews the literature related to evaluating path similarity and offers a 

methodology for assessing spatial similarity of network paths.  Chapter 4 provides an 

application of the developed methods in support of evaluating the travel behavior of a 

group of individuals.  Finally, discussion and conclusions are detailed in Chapter 5.  
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CHAPTER 2 
 

BACKGROUND 

 

 

 

2.1.  Fusing Georeferenced and Temporally Referenced Data 

Fusing data of different types collected from multiple sources is often necessary in 

transportation analyses given the capabilities of data collection devices, limited amount 

of data storage space, etc.  Consider for example, recording the speed of a vehicle while 

tracking the temperature outside of the vehicle.  While the speedometer is used to 

measure speed, a thermometer measures temperature.  If both measurements are recorded 

at the same time, a linkage between the observations can often be inferred.  Likewise, in 

cases where the location and time of an observed activity are recorded, a linkage can 

potentially be made to other measurements made at or around that same time and/or 

location.  Increasingly locational and temporal information about activities is being 

captured and used to support a range of transportation planning applications.  For 

instance, fixed video cameras are often used to record temporally referenced images of 

traffic using major roads.  Similarly, loop detectors, placed at fixed locations may record 

the number of axels of passing vehicles, time headway, and speed at a particular time.  

Increasingly, GPS is being used by transportation researchers as mentioned earlier to 

support or replace travel diaries, identify trip purpose, estimate travel costs such as time 

and distance, compare observed routes with the shortest ones, record speed data of 

vehicles along trips, count number of stops, turns, etc. (Draijer et al. 2000, Stopher et al. 

2002, Papinski et al. 2009, Srinivasan et al. 2009, Papinski and Scott 2011, Mavoa et al. 

2012, Bricka et al. 2012).   
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Given observations of an activity at a particular time, it is often necessary to 

associate these records with data obtained through other measurement systems.  For 

instance, while a loop detector might not record temperature data, a temporal link could 

be made between records in both datasets given that they are both provided a temporal 

reference (Garner and Lee 1995).  If the number of axels recorded by the loop detector 

and the temperature at the location are recorded at the same time, then the records of the 

two measurement devices could be joined given the presence of a common temporal key.  

In other cases though, associating records via a common key attribute may not be so 

straightforward.  As another example, consider the case where an individual’s altitude 

and number of red blood cells are recorded at particular time intervals.  While an 

individual may carry a barometer to measure air pressure or a GPS to measure elevation, 

another device may be used to measure the rate of red cells in the blood vessels.  

However, while altitude is a discrete measurement, the number of red cells in blood is a 

continuous measurement of accumulation (Samaja et al. 1993).  In other words, if altitude 

is measured once every week and red blood cell accumulation is measured in aggregate 

over a four week period, then relating the rate of red blood cells to a specific discrete 

measurement of altitude becomes more tenuous.  

As discussed in Chapter 1, GPS is increasingly being used as a tool for collecting 

locational information about transportation activities.  Linking this locational information 

with other types of measurements associated with the activity can provide valuable 

insight on the processes underlying the observed activity.  Additionally, given that GPS 

and other measurements obtained from individuals (such as information about their 

health) can be both associated with a time, they can theoretically be matched to one 
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another with a certain degree of accuracy (Jones et al. 2009).  If activity observations are 

acquired simultaneously at a particular location on different measurement devices, it may 

appear that matching those records is a straight-forward task.  However, differences in 

measurement systems and frequency of measurement can introduce a considerable 

amount of error and uncertainty into the process.  For instance, GPS records of an activity 

are instantaneous measurements of time and location.  Temporally attributed heart rate 

data may also have been recorded on a different device for the individual whose GPS 

location was observed.  However, heart rate is not an instantaneous measurement given 

that it is collected over an epoch, or period of time.  Thus, although GPS and heart rate 

records recorded at similar times may be present, the individual GPS records might not 

necessarily exactly reflect the location at which the heart rates actually occurred.  In other 

words, since the epoch-based records (i.e., heart rate information) represent a value 

accumulated over time, instantaneous records of location may not exactly correspond to 

the locations at which the epoch-based data was observed.  Due to variations of data 

measurement systems and the frequency at which data is recorded, a variety of 

methodologies have been developed to relate or fuse different data types.  For example, 

satellite systems detecting fire or irregular temperature increases on the surface of the 

earth use data of different types (Pontisso et al. 2013).  While the longitude and latitude 

information of fire area is identified in 60.0 milliseconds, hot point measurement 

initiating the alert system takes 1.0 second.  However such measurements are typically 

recorded and matched at the same instant assuming there is null communication times 

between the identification of coordinates and the hot point detection.  Moreover, because 

of differences and variability between discrete measurements and epoch-based 
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measurements of the same activity, fusing two types of information is often more 

complex.   

One area where GPS has been used extensively to record the time and location of 

transportation activities is in studying the linkages between transport behavior and health.  

Since GPS records represent a discrete, instantaneous measurement of location and many 

measurements of health are reported in aggregate, linking both data types is a research 

challenge that is increasingly being encountered.  For example, Troped et al. (2008) 

associated an epoch-based measure of recreational activity amounts to all location 

observations collected in the same time period as the epoch-based record.  Quigg et al. 

(2010) collected discrete observations of an individual’s location at 1.0 minute intervals 

(i.e., one location record per minute) while recording an individual’s level of physical 

activity over 3.0 second epochs.  Oliver et al. (2010) simultaneously collected both 

discrete location and epoch-based measurements of physical activity intensity, reporting 

both measurements every 15.0 seconds.  In both studies, epoch-based data (i.e., physical 

activity levels) are further aggregated over one-minute intervals and subsequently related 

to GPS records based on their time stamps.  Rodríguez et al. (2005) previously completed 

a similar approach by matching physical activity records of an individual over 1.0 minute 

epoch with discrete observations of the same individual’s location at one minute 

intervals.  They synchronized both types of devices to record the measurements at the 

same time to ensure data are matched one-to-one based on time.  Jones et al. (2009) 

match continuous data such as physical activity levels to the GPS records whose time of 

recording is closest to the time at which physical activity levels are reported.  They claim 

that should the temporal difference between a discrete observation of location and an 
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epoch-based physical activity be less than 30.0 seconds, fusing physical activity level 

data and GPS records is possible.  Their method assigns a physical activity level record to 

a GPS record whose recording time is closest to the recording time of the physical 

activity record within a 30-second time period.   In the Personal Activity and Location 

Measurement System (PALMS) project, individuals were asked to use a camera to take 

as many pictures as possible during a day of activity.  Given that the photographs, GPS 

locations, and health data each have a temporal reference, the three different data sources 

were able to be effectively matched (Marshall et al. 2012).  In a study examining mobility 

of individuals, Mavoa et al. (2012) matched GPS records of location to a travel diary data 

acquired from the individual whose location is recorded.  In their case, GPS and travel 

diary data are matched based on the time at which origins and destinations were visited 

and the temporal order of the trips documented in the diary.   

While many of these studies address useful techniques for fusing data which show 

how measurement styles differ, details on the methodologies and approaches to 

completed matching processes are generally lacking.  This is especially true when trying 

to associate instantaneous measures (such as discrete measurement records) with 

aggregate measures (such as data accumulated over a period of time and then recorded).  

Given this lack of detail, possible approaches for matching discrete point-based 

observations of location, such as those obtained via GPS, to another type of information 

(i.e., continuous information such as health-related information) should be discussed.  

Since the details of methodologies for fusing datasets are lacking in previous studies, 

detailing the matching process allows us to explore difficulties of such assessments.  

Considering the challenges of fusing data, a better understanding of fusion of datasets 
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where measurement systems are not identical should be provided.  Furthermore, if 

records are missing or corrupt in either dataset, rules must be set to help avoid erroneous 

matches.  Therefore, the methodology for matching data in this dissertation details the 

problems of fusing information and how a reliable approach can be implemented.  

However, while fusing transport activity datasets based on temporal information is 

possible, the location of the fused data relative to an underlying network topology must 

now be inferred. 

 

2.2.  Inferring Paths from Observations of Location 

Analysis of how a transportation system is actually used to support transport 

activities is a data intensive process as discussed earlier; hence researchers are often 

limited by the ability to observe the complex nature of many trips.  To represent the 

location of a transport activity, especially the movements of individuals, point 

observations of location are commonly collected.  While point-based observations of the 

location of an activity can be used to denote the locational attributes of an activity, many 

difficulties can arise when attempting to associate one spatial dataset with others, given 

differences in their spatial representation (Murray et al. 2011).  For example, the 

positional accuracy of data recording instruments can vary.  As mentioned in Chapter 1, 

GPS devices can often inconsistently record data given the frequency of collection as 

well as the level of positional error associated with each record can exhibit considerable 

variation within a dataset.  Further, there may be many sources of error and uncertainty 

(i.e., due to data collection, representation, and measurement problems) in other layers of 

geographic information to which the GPS data might be compared (Openshaw 1984, 
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Kreiger et al. 2001, Cayo and Talbot 2003, Miller and Wentz 2003, Grubesic and Murray 

2004, Sherman et al. 2005, Grubesic and Matisziw 2006, Tong et al. 2011).  Thus, 

multiple sources of error and uncertainty can be present in the geographic representation 

of movement.  Therefore, inference of a likely path of movement is a complex and 

important task in several ways.  For example, path inference is important for interpolating 

location between two movement observations and also for associating movement 

observations within a network topology. 

The problem of inferring network paths given a set of temporally and spatially 

referenced point observations of a network constrained activity is the primary problem 

discussed in this section.  In many analyses of transport behavior, it is assumed that 

selection of a path between an origin and destination is heavily influenced by how a 

path’s cost is perceived by users of a network.  As such, a common assumption is that all 

things being equal, individuals will prefer the least-costly or shortest path between two 

network locations (Ford 1956, Dijkstra 1959).  For instance, in the route assignment stage 

of the transportation planning process, a set of likely paths between a pair of nodes is 

inferred based upon costs along the paths (Ortúzar and Willumsen 2001).  The selection 

of a path between an origin and destination can also be constrained given that some nodes 

and arcs are to be included along a path for some reason (Santos et al. 2007).  Such 

constrained shortest path problems can be structured to limit the cost incurred in 

traversing arcs or to mandate that the path passes through a specified set of arcs/nodes 

(Dantzig et al. 1954, Lombard and Church 1993).  Aside from premising inference of a 

path upon how cost is assumed to affect travel, other objectives underlying the motivation 

for travel can also be considered.  For instance, Matisziw et al. (2006) examine a situation 
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where paths are valued based on their ability to minimize network costs as well as 

maximize access to the network.   

The inference of paths does not necessarily need to be based upon a known 

network topology.  For example, the inference of paths between locations can simply be 

based upon their geometric relationship.  In this sense, a common method of inferring 

paths is to somehow associate observations of location by minimizing the total deviation 

between the two geometries.  To associate point observations of location to a network 

topology, O’Kelly et al. (2005) propose matching points observed at one time with points 

observed at subsequent times.  To this end, they propose a mathematical programming 

approach for minimizing the deviation between observed locations.  In another approach, 

Marchal et al. (2005) propose an inference technique for minimizing the overall distance 

between point observations of a movement and a network.  Valega et al. (2009) propose a 

map-matching technique to analyze point observations from intelligent transportation 

system datasets with a network topology.    

For inferring a path from a sequence of location point observations, a common 

approach is to connect each ordered pair of observations with straight lines (Wentz et al. 

2003).  Since the straight-line procedure is relatively easy to implement, a standard post-

processing tool can be found in many GIS and geospatial toolkits for generating track or 

lines between sequential point locations.  When the temporal spacing between points is 

sufficiently small, and when the deviation between the points and the corresponding 

portions of the network is minimal; the inferred path may have resemblance to the actual 

network path.  Generally, however, correspondence with the network topology will still 

be lacking because the path is derived without taking the actual network into 
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consideration.  For example, consider the sequence of points shown in Figure 1a showing 

locations observed for a network-based movement relative to the topology of the 

network.  Simply based on the order in which these locations were recorded, the straight-

line method would result in the highly generalized path depicted in Figure 2.  This 

illustration reveals a very poor relationship between the path created and the actual 

network segments.  The path intersects the actual network only four times.  Most notably, 

only one of these four intersecting points is on the actual path inferred between the origin 

and destination.  A possible way of assessing path correspondence with the network in 

this circumstance might be to transform the derived path into a polygon (i.e., dilation) 

which might allow getting the viable candidate arcs of the network for inferring the path.  

This case might be useful to find out possible portions of the network containing the 

actual path; however, selected subset will likely include many arcs and nodes that are not 

participating in the actual path.  Additionally, a continuous path is not guaranteed in this 

type of arcs and nodes selection. 

Although, inferring paths simply based on the geometric relationship between 

points can be useful, the adherence of these derived paths to an actual network topology 

is typically not considered as are interdependencies among point observations.  

Uncertainty in the level of correspondence between point observations of the location of 

an activity and the actual network topology used to support a movement can make it 

extremely difficult to evaluate how a network was really used.  For instance, Figure 1a 

depicts an observed trip originates at point  #1 and ends at point  #12, traversing the 

intermediate locations in sequence.  Since the observed locations may not exactly 

spatially correspond with the network topology it can be difficult to determine what 
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portions of the network were actually used by the individual.  Although the travel shown 

in Figure 1b covers a relatively short distance, there are no observed locations that 

exactly correspond with the network topology or the actual network path taken.    

Therefore, an important issue often arising in this context is how the sequence of point 

observations of travel location should be associated with the network to best infer how 

the network was used to support travel.   

 



22 

 

 

 

Figure 1.  (a) Observed GPS points, and (b) Actual network path traversed.



23 

 

One approach to infer network paths based upon point observations of location is to 

simply assign point observations to the nearest road segment (Gkoulala-Divanis et al. 

2009).  In order to avoid unlikely assignment of point observations to the road network, 

feasible assignments can be further constrained to those maintaining some distance 

standard with the network (Asakura and Iryo 2007).  This closest-assignment approach is 

commonly implemented in GIS to assign point locations to road network arcs or nodes 

such as intersection point of arcs (Sherman et al. 2005, Caliper 2007, ESRI 2011).  In 

support of many analysis methods, this technique can also be extended to permit 

assignment of input points to multiple network nodes or arcs to ensure that the 

alternatives for entering and exiting a network location are adequately represented 

(Caliper 2007).  Once point observations are assigned to network topology in this way, a 

least-cost path between each ordered pair of points can be identified.  Then the union of 

all the least-cost paths identified can serve to represent a path of movement.  Again, 

considering the sequence of points shown in Figure 1a, Figure 3 illustrates the path 

inferred using a closest-assignment approach.  The total path length is, as expected, 

approximately 1.5 times longer than the actual observed path (Figure 1b) as well as that 

resulting from the straight line approach (Figure 2).  The closest assignment method 

requires the inferred path to include all arcs and nodes representing the closest 

assignment for each point requiring coverage.  Because assignment of each point to the 

road network is independent from the assignment of any other points, any discrepancies 

and inconsistencies in the georeferencing of both points and road network are directly 

manifested in the path inferred.  Thus, it is very possible that the inferred path might 

include many erroneous arcs and nodes.  Figure 3 depicts an example of erroneous path 
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features, such as the presence of numerous sudden U-turns resulting from false 

inclusion/exclusion of arcs.  Hence, assigning observed locations independent of one 

another to their nearest road segments can result in significant problems. 

 

 

Figure 2.  Path inferred by generating line segments from observed points. 
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Figure 3.  Path inferred by assigning observed points to closest network node and finding 

the shortest path between sequential nodes. 

 

Various methods and rules can be applied to avoid unrealistic assignments of points 

to network, one of which is the closest assignment approach.  The quality of assignments 

can be improved as discussed by Milton and Steed (2005).  To do this, they augment the 

closest-assignment approach with manual assignment (i.e., through visual inspection) of 

observed locations to the network topology prior to identifying a likely path between 

locations on the network.  Regardless of the point assignment method, any approach 

premised on point observations of location being independently assigned to a single 

network arc or node fails to take the impacts of the entire path characteristics into 

account.  As a result, there is an increased possibility of erroneously assigning observed 



26 

 

point locations to the network, allowing identification of unrealistic paths with inflated 

total costs such as time. 

Aside from assigning point observations of location to a network topology 

independently of one another, another approach is to simultaneously assign the point to 

infer a path corresponding with some travel objective.  For instance, Current et al. (1984) 

proposed a modeling approach for identifying the least-cost path between a network 

origin and destination for which all points, representing demand for access to the path, 

were within (covered by) some time or distance standard of the path.  They referred to 

this problem as the shortest covering path problem (SCPP) and presented it as a linear-

integer mathematical program.  Relevant notation and the SCPP formulation are as 

follows: 

 

Notation:  

, indices for network nodesi j =  

 index for points requiring coverage (entire set denoted )k K=  

 set of nodes  incident to node 
j

N i j=
 

( )cost of traversing arc ,
ij

c i j=
 

 = index denoting origin nodeo  

 = index denoting destination noded  

 the minimum distance between node  and point  need coverage
jk

j kδ =  

*  coverage standard (distance or time)Γ =
 

* set of nodes |
k jk

j δΓ = ≤ Γ  
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( )1,  if arc ,  is on the shortest covering path
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The Objective of the SCPP (2.1) is to minimize the total path cost.  Constraints 

(2.2)-(2.3) respectively require that one arc exit the origin node and one arc enter the 

destination node.  Constraints (2.4) ensure conservation of flow among path nodes 

intermediate to the origin and destination.  Constraints (2.5) stipulate that the path must 

include at least one arc capable of covering each point.  Finally, Constraints (2.6) are 

binary/integer restrictions on the decision variables.  This formulation of the SCPP can be 

solved using branch-and-bound routines such as those found in most commercial 

optimization solvers.  However, obtaining an optimal solution can involve a significant 

amount of effort in checking for and eliminating feasible subtours that may arise (Current 

et al. 1984). 
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Most of the time, since point observations of a network activity do not have perfect 

correspondence with a road network topology, related assumptions and decisions have to 

be made as to which network nodes, arcs or segments best imply the locations of the 

points.  In such cases a service standard, such as a distance standard of *Γ  in the SCPP, 

can be used to identify network nodes or arcs capable of serving as candidates for the 

network location of the observation points.   

While the order in which points requiring coverage must be visited or covered is 

not constrained in the SCPP, the ability to simultaneously associate point observations of 

location with a network path would alleviate some of the deficiencies of the straight-line 

and closest-assignment approaches.  In this dissertation, the points that need to be 

associated with the network topology must be done so given that their temporal order is 

preserved.  This temporal ordering of coverage allows paths to be accurately inferred to 

represent network movement from origin to destination.   

In matching datasets as discussed, discrete measures can be fused with aggregate 

measures and the environment of those aggregate measures can be determined.  However, 

the locations of the continuous information related to discrete observations may be 

different than where they were reported.  The true locations may be somewhere different 

along the path inferred representing movement between origin and destination.  In the 

case of network paths, paths can be intersected with another layer, such as land use, in 

order to associate arcs/nodes with the land uses they traverse.  In other words, in order to 

assess geospatial context of paths, geographical features of a region must be used.  For 

example, geographical features of an urban area such as population, demographics, land 

use/land cover, recreational opportunities, zoning, etc. are known to be associated with 
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transportation related activity (Oliver et al. 2010).  In addition, children’s travel between 

home and school is a regular source of exposure to built environments (Casas et al. 

2009).  Cooper et al. (2010) and Wang et al. (2011) studied the relationship between 

activity-travel patterns and built environments in urban areas such as in downtown 

Beijing, China.  Thus, one way to compare several paths of travel is to somehow quantify 

their relationship to aspects of the environment thought to influence travel along that 

path.  However, a path’s relationship to other geographic features is not limited to the 

areas that overlay one another.  In this dissertation, given the limited ability of relating 

aggregate observations of an activity to inferred locations considering the activity of 

movement paths between discrete observations of movement, more research is certainly 

warranted.   

 

2.3.  Measuring Similarity among Network Paths 

Inference of the location of transportation activities in a network can provide 

many insights of how the network topology might actually be used.  However, given that 

many different paths supporting network activity might be observed, assessing the extent 

to which they compare with one another is another important transportation analysis 

problem.  For instance, the number of alternative ways of driving between origins and 

destinations in a dense urban transportation infrastructure (i.e., network) may require 

comparison.  Different paths of movement between an origin node and a destination node 

in such networks can occur for many reasons such as congestion, road closure/detours, 

etc.  While the paths between nodes providing connectivity are present, and it is 
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important to assess their properties, the characteristics of the paths such as costs and 

capacity are also an important aspect of connectivity.      

Comparing alternative paths is therefore an essential component of many network 

design and transportation planning problems as discussed in Chapter 1.  Many metrics of 

path comparison can be used to evaluate the similarity among a set of alternative paths.  

A standard approach is to compare paths based on a simple summary of their 

characteristics such as length, geometry, etc.  However, the spatial form or morphology 

of paths is also important to understand (Golledge and Stimson 1997).     

For any pair of nodes in a network, many different types of paths can exist.  In the 

network sciences, a wide range of metrics have been proposed for measuring the 

performance of paths providing connectivity between a pair of nodes.  One type of 

performance metric is that which summarizes the attributes of individual paths as a basis 

for comparison.  Perhaps the most prolific measure of path performance is that premised 

on the cost of connectivity between pairs of nodes.  Typically, it is assumed that less 

costly paths between a pair of nodes represents more efficient connectivity (Ford 1956, 

Dijkstra 1959).  The cost of a path can be assessed in a variety of ways based upon how 

impedance to movement is perceived.  For instance, attributes of a path such as distance, 

fares, travel time, inconvenience, access to services, perceived threats and risks, 

congestion, and number of arcs and nodes traversed can contribute to path cost.  Paths 

with similar costs can be viewed as having greater similarity (Ortúzar and Willumsen 

2001, Devlin et al. 2008, Papinski et al. 2009, Kamruzzaman et al. 2011).  A wide range 

of research has utilized costs metrics (such as time and distance) to differentiate the 

ability of paths to provide connectivity (Luschi et al. 1998, Hato et al. 1999, Cascetta et 
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al. 2002, Li et al. 2005, Zhi et al. 2006, Di Fiore and Suarez 2007, Matisziw and Demir 

2012).  However, comparison of path cost alone has several drawbacks.  First, similar 

costs cannot be used to suggest similarity in structural correspondence (i.e., similarities in 

network nodes and arcs traversed).  Second, comparison of costs alone cannot be used to 

infer the spatial relationship among the paths.  Figure 4, for example, depicts two paths, 

each of which provides connectivity at an equivalent cost between a pair of nodes.  While 

these two paths are equivalent in cost, they use different portions of the network and bear 

little spatial similarity. 

 

 

Figure 4.   Two paths providing connectivity at an equivalent cost 

between a pair of nodes. 

 

Aside from cost, a range of other operational/functional characteristics of network 

paths must be considered. One such function is capacity which is defined as the 

maximum amount of flow rate per unit of time on a network path providing connectivity 

that can be supported without congestion effects (Transportation Research Board 2000).  

Another important function affecting network operation is flow or activity levels (either 

observed or estimated) on the path which can be used as a basis for comparison (Berman 

1997, Sarasua et al. 1999, Hsu and Lin 2011).  In many contexts, it is assumed that 
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greater path capacity equates to higher performance of connectivity (Ortúzar and 

Willumsen 2001).  As with comparisons based on path costs, comparisons of paths based 

on their capacity or flow yield little insight on their spatial differences.  The function of 

the arcs and nodes involved in a path can also be used to assess path similarity.  For 

instance, in a road network, a variety of types of roads (arcs) can comprise a path (e.g., 

residential, collector, arterial, expressway, etc.), permitting comparison of arc type 

composition (Devlin et al. 2008).  Other structural characteristics of a network path such 

as the number of arcs, nodes, turns, nodal density, and intersections have also been used 

as a basis of comparison (Hunter et al. 2000, Petritsch et al. 2005, Gong et al. 2007, 

Wang and Tian 2010, Allen-Munley and Daniel 2006, Dijkstra et al. 2007, Hsu and Lin 

2011, Matisziw and Demir 2012).   

Paths can be assessed in many other ways as well, such as by their role in 

supporting the persistence of network activity (i.e., fragility or susceptibility to damage).  

The ability of paths to provide other types of network services can also serve as a basis 

for comparison.  For instance, Matisziw et al. (2006) consider paths’ ability to provide 

surrounding areas access to network services.  Kwan (1999) recognizes that the 

geospatial environments, with which paths may interact or are exposed to, are also 

important characterizing features.  To measure the geospatial context of a corridor of 

travel, she overlays polygon corridors representing sets of viable portions of the network 

with other geographic features such as locations representing opportunities to the network 

users.  Given this type of geographic overlay, similarity among network corridors can be 

compared. 



33 

 

Metrics for assessing similarity in the geometry of paths can also be used as a basis 

for comparison.  For instance, path circuity, the extent to which a path’s cost varies from 

a least-cost path, can be computed (Turner 2009, Normand and Boesch 2009, Liu et al. 

2010, Papinski and Scott 2011).  The route directness notion which is an expression used 

for route circuity by Papinski and Scott (2011) is introduced to express route circuity with 

respect to the least-cost route.  Although the route directness indices of two paths are 

equal, they may use different portions of a network.  Path angularity is another geometric 

measurement that defines the ratio between the observed path length and the shortest path 

length between an origin and a destination.  However, neither the path angularity nor 

circuity can detect spatial relationships among paths.  Geometrical matching methods can 

also be applied to assess geometrical correspondence among paths.  For example, Osada 

et al. (2002) quantified the similarity between shapes by detecting a continuous 

probability distribution on geometric properties of random sampled shapes.  de Berg et al. 

(2005) proposed an integer quadratic programming problem to evaluate correspondence 

between two shapes. 

Aside from assessing the structural composition of paths, another way of 

comparing paths is to determine the extent to which two paths share arcs and nodes.  In 

this sense, if two paths are found to utilize exactly the same set of arcs and nodes, it can 

be confirmed that they are identical (Matisziw and Demir 2012).  If two paths share no 

common arcs and nodes (other than the origin and destination nodes) they are completely 

different and termed disjoint paths (Frangioni et al. 2004).  Disjoint paths are often 

sought in planning applications where risk aversion or dispersion of network activities are 

a priority (Suurballe 1974, Akgün et al. 2000).  Thus, determining structural similarity 
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among paths in this fashion can provide some insight on the degree to which paths utilize 

similar network structures (Matisziw and Demir 2012).  However, comparing the number 

of arcs/nodes shared between two paths is on its own not an effective metric given that 

the characteristics of nodes and arcs are typically not uniform (i.e., same length).  As 

such, structural comparisons are typically augmented by somehow accounting for 

differences in arc/node characteristics.  For example, the proportion of path length shared 

between two paths can be used to assess the level of similarity (Kuby et al. 1997, Erkut 

and Verter 1998, Li et al. 2005).  Comparison of similarity can be further augmented by 

combining common structures used with other metrics such as distance and travel-time 

deviation (Spissu et al. 2011).  While structural composition of paths does add 

considerable power to the assessment of similarity, the ability to account for differences 

in the geospatial context of a path is still lacking. 

To better account for these deficiencies, Dell’Olmo et al. (2005) suggest a 

geographic approach for assessing path similarity.  In their case, a buffer transformation 

is first applied to network paths to generate path polygons.  Then, the intersection of the 

buffered paths can be computed.  In their study, a higher level of intersection was 

assumed to indicate a higher level of spatial correspondence or similarity.  To assess 

spatial similarity among paths, Lombard and Church (1993) proposed a method that 

evaluates the “area under the path”.  In their approach, it is assumed that a network is 

referenced to a Cartesian coordinate system, permitting the area between the path and the 

x-axis to be computed.  In their study, compared paths had the same starting and ending 

nodes.  As long as an observed path and its alternate path (i.e., a least-cost path) are set 

into a Cartesian coordinate system, the Lombard and Church method assumes the paths 
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indicate a line chart and computes the areas “below” the lines (i.e., the paths).  Therefore, 

spatial similarity among any two paths can be evaluated by computing the absolute value 

differences in the area under the paths.  Huber (1980) and later Jan et al. (2000) propose 

another method for computing the geographic difference between two paths anchored by 

the same origin and destination.  Huber (1980) discussed an approach for evaluating the 

spatial deviation between paths based upon comparing the area enclosed by a path and 

the shortest path relative to the length of the shortest path.  In this sense, the spatial 

deviation among paths can be described relative to their deviation from the shortest path.  

Thus, smaller values of the index (the minimum index value is zero) are assumed to 

indicate lower levels of spatial deviation, while larger index values are indicative higher 

deviance.  Jan et al. (2000) evaluate path similarity by computing the area enclosed by 

the union of two paths.  A path deviation index is introduced by dividing the 

encompassed area by the length of the shorter path or a least-cost path.  They concluded 

that smaller values of the index (the minimum would be the value of zero) indicate more 

identical paths, while larger values mean greater path deviation (i.e., deviation of the 

paths is high).  Furthermore, a normalized path deviation index was calculated in an 

attempt to normalize their index by dividing the length of a shorter path between those 

specific origin and destination nodes.  While this type of approach does provide some 

indication of the level of spatial divergence between paths, the extent to which paths are 

similar in terms of their physical characteristics is not explicitly addressed.  Therefore 

their approach has a number of limitations.  First, the portions of paths shared and the 

geographic similarity are not properly taken into account.  For example, one of the paths 

may be a subset of the other path entirely even if the path deviation index equals to zero, 
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indicating complete similarity.  Also, since Jan et al.’s deviation metric simply divides 

area of divergence by the length of a shorter path, the resulting index can at best be 

loosely interpreted as the average deviation in distance or cost between two paths.  

Finally, in their study, no attempt was made to formally describe the geometrical 

operations needed to evaluate path correspondence, something that is not a trivial task.   

While comparison of alternative paths between a single pair of nodes is perhaps the 

most common need for evaluating similarity, there are cases where paths between 

different origins and destinations are needed.  For instance, although the origins and 

destinations of paths can differ, analysis of their general characteristics can be used to 

provide insight on the purposes of trips (Wolf et al. 2001, Peeta and Yu 2006).  Thus, 

given that there are several deficiencies in methods used to assess path similarity, the 

methods in this dissertation consider the portion of paths that are shared with one another 

as well as their level of geographic deviation, and the methods used herein provide an 

opportunity to compare paths with different origins and destinations.    

Chapter 3 details methodologies for addressing the research challenges outlined in 

this chapter.  Section 3.1 details the problems associated with fusing geographically and 

temporally referenced datasets and proposes a reliable approach for relating discrete 

observations of an activity to aggregate measures of an activity.  Section 3.2 proposes a 

new methodology for spatially relating a temporal sequence of point observations of 

network location to a network topology structured as a special case of the SCPP. Section 

3.3 provides a methodology for measuring path similarity based upon both the extent to 

which paths deviate from one another in order to further enhance the ability of 

transportation researchers to assess differences in the spatial correspondence of network 
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paths.  Chapter 4 provides an actual application of the methods developed in this 

dissertation to highlight their practical utility.   
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CHAPTER 3 
 

METHODS FOR MOVEMENT ANALYSIS 

 

 

 

3.1.  Methods for Fusing Instantaneous and Aggregate Measures of Transportation 

Activity 

There are many cases in which the frequency at which two different data sources 

are reported are not the same.  Differences in frequency of data reporting commonly arise 

in situations where observations of activities are recorded on different types of 

measurement equipment.  However, fusing is often needed to analyze all relevant data in 

a standard framework rather than analyzing them separately in order to better understand 

the relationships between types of information.  There are a variety of cases that can 

occur when attempting to relate data reported in different measurement systems.  Table 1 

details some of the possible matching scenarios that often occur between two datasets 

measuring different aspects on one activity.  For example, if both datasets report 

instantaneous measurements of an activity, at the same frequency, at exactly the same 

time, an exact one-to-one relationship exists and the records can be perfectly matched.  

However, if the frequency of measurement is the same, but the time at which the 

measurements are recorded are offset in any way, matching the data records becomes less 

certain.  In this situation, while a one-to-one relationship is still possible, some 

uncertainty is introduced as to whether records are properly matched.  Moreover, in 

situations where one of the datasets represents location of an activity, any offset in time 

may also introduce uncertainty as to where the other measurement actually occurred. 

Likewise, if one dataset contains instantaneous measurements while the other reports 
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aggregate measurements, the level of certainty with which matches can be made greatly 

decreases.  Although the frequency and time at which the data is recorded may be the 

same for such datasets, considerable uncertainty in the geographical relationship between 

the records may still persist.  Complicating the matching process between two datasets 

even more are cases where records in one or both datasets are missing or are corrupt.   

 

Table 1.  Possible temporal relationships between two datasets. 

Data type 1 Data type 2 Frequency 1 Frequency 2 
Time 

record 1 

Time 

record 2 

Instantaneous Instantaneous = = 

Instantaneous Instantaneous = ≠ 

Instantaneous Instantaneous ≠ = 

Instantaneous Instantaneous ≠ ≠ 

Instantaneous Aggregate = = 

Instantaneous Aggregate = ≠ 

Instantaneous Aggregate ≠ = 

Instantaneous Aggregate ≠ ≠ 

Aggregate Aggregate = = 

Aggregate Aggregate = ≠ 

Aggregate Aggregate ≠ = 

Aggregate Aggregate ≠ ≠ 

 

In this Chapter, two sequences of data recorded for an activity are considered.  Both 

datasets report information about different aspects of an activity observed at a particular 

location as well as the time at which the observations were recorded.  The first dataset 

contains discrete, instantaneous measurement of location (dataset 1) collected at a given 

frequency of f1, and each record i is measured at time T1i.  The second dataset contains 
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aggregate measurements of an activity (dataset 2), measured over a period of time and 

reported at frequency of f2 at time T2i.       

There are several cases to address while fusing dataset 1 and dataset 2.  Table 2 

details the range of different matching scenarios for such data.  For instance, time records 

of both datasets (T1i and T2i) are the same where the frequency of dataset 1 (f1) is equal to 

the frequency of dataset 2 (f2).  In cases where the measurement styles of the datasets are 

different, a flexible approach may be required to match the data records (Figure 5a).  For 

instance, cases can arise where the times at which records i in both datasets are offset, 

such that T1i and T2i are not equal to each other, although the frequency at which records 

are logged in both datasets is the same (i.e., Case 2 - Figure 5b).  Such situations 

introduce more uncertainty in the matching process.  Additionally, since records could be 

missing in either dataset, rules must be set to help avoid erroneous matches.   

 

Table 2.  Different matching scenarios for datasets 1 and 2. 

 f1 f2 T1i T2i 

Case 1 = = 

Case 2 = ≠ 

Case 3 > = 

Case 4 > ≠ 

Case 5 < = 

Case 6 < ≠ 
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Figure 5.  (a) A case where f1 = f2 and T1i = T2i, (b) A case where f1 = f2 and T1i ≠ T2i 

 

Cases where f1 and f2 are not equal to each other can also arise given the 

characteristics of the data collection mechanisms and collection protocols.  For example, 

the frequency at which instantaneous measurements are recorded is greater than the 

frequency of at which aggregate measures are recorded in Case 3 and Case 4.  In such 

circumstances, the number of records in dataset 1 is expected to be more than the number 

of records of dataset 2 over the same collection timeframe (Figure 6a,b).  Further, as in 

Cases 5 and 6 shown in Table 2, f1 may be smaller than f2 when there may be more 

records of dataset 2 than records of dataset 1 at a same collection time (Figure 7a, b). 
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Figure 6.  (a) A case where f1 > f2 and T1i = T2i, (b) A case where f1 > f2 and T1i ≠ T2i 

 

 

Figure 7.  (a) A case where f1 < f2 and T1i = T2i, (b) A case where f1 < f2 and T1i ≠ T2i 
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Matching scenarios corresponding to Cases 1 and 2 can be easily addressed when f1 

= f2 and T1i = T2i or T1i ≠ T2i.  Under these conditions, the problem of matching records in 

both datasets can be conceptualized as an assignment problem (Dantzig 1963).  Here it is 

assumed that there are two datasets with a similar location and temporal extent and where 

one dataset is comprised of discrete, instantaneous measurements while the other reports 

measurements in aggregate.  It is also assumed that the frequency at which data is 

reported in both datasets is the same (f1 = f2), and all of the data records in both types are 

collected over the same time period.  Given these assumptions, the following notation 

and assignment problem formulation can be applied to match records between the 

datasets. 

 

Notation: 

index for records of dataset 2 ( )i i I= ∈  

index for records of dataset 1 ( )j j J= ∈  

 cost of assigning record  to ijc i j=  

 maximum acceptable assignment cost deviationλ =  

{ }|
j ij

N i c λ= ≤ (all dataset 2 records i within λ of record j) 

proportion of dataset 2 record  assigned to dataset 1 record 
ij

X i j=  

 

Objective: 

  ij ij

i j

Minimize c X∑∑   (3.1) 
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subject to: 

1        
j

ij

i N

X j
∈

= ∀∑   (3.2) 

1          
i

ij

j N

X i
∈

≤ ∀∑   (3.3) 

0 1           ,ij jX i N j≤ ≤ ∀ ∈   (3.4) 

 

Objective (3.1) is to minimize the total cost of making the assignments where the 

cost is the temporal deviation between the records in each dataset.  While a larger 

deviation in time would incur a larger cost, an exact match would incur no cost.  In other 

words, if the time difference between a record of dataset 1 and a record of dataset 2 is 

low, the cost of matching is also low.  Therefore, an exact matching of all records would 

minimize total cost.  Since the aim is to minimize the total cost of assignment, exact 

matches are sought as often as possible. 

Constraints (3.2) require that each record of dataset 1 must be assigned to a record 

in dataset 2, if a viable assignment alternative in dataset 2 exists.  Constraints (3.3) ensure 

that no more than 100% of each dataset 2 record is assigned to records in dataset 1.  

Constraints (3.4) stipulate that all assignment decision variables are non-negative and do 

not exceed a value of one. 

The assignment problem detailed above is both theoretically and practically 

applicable to dataset 1 and dataset 2.  However, since both datasets represent a temporal 

sequence of observations, an algorithmic approach can be devised to assign records in 

dataset 2 to records in dataset 1.  Here the mathematical formulation is simply the 

principle idea behind the assignment of dataset 1 points to dataset 2 aggregate 

observations.  Given this idea, this dissertation provides an algorithm that is structured to 

identify the optimal assignments.  The approach proposed here is illustrated as a chart in 



45 

 

Figure 8.  To begin the matching process, the first step is to select a record in each dataset 

that has a similar acquisition time as a starting point (Figure 8).  Then a record of dataset 

2 whose collection epoch within which the dataset 1 record falls is sought.  Should there 

be a dataset 2 record found at Step 2, a conclusion is made at Step 3 confirming that a 

match between the dataset 1 record and a dataset 2 record exists.  Then the number of 

records of dataset 1 associated with the same epoch interval of dataset 2 record are kept 

to allocate the aggregate measure of the dataset 2 record at Step 4.  Lastly, the measure of 

the dataset 2 record can be somehow distributed across the dataset 1 records in Step 4.  

For instance, values for records in dataset 2 could be proportionally distributed to 

corresponding records in dataset 1.  However, other types of distributions could also be 

applied – i.e., the entire value of a measure of dataset 2 record could be assigned to the 

temporally closest record which falls in the epoch time interval of the dataset 2 record.   

In situations where dataset 2 records are not recorded for some reasons while 

dataset 1 records may exist,  a dataset 2 record whose collection epoch within which a 

dataset 1 record falls will not be found at Step 2 as shown in Figure 8.  Therefore dataset 

1 record which needs to be associated with a dataset 2 record cannot be associated with a 

dataset 2 record.  Following this, no match is found and Step 4 can be skipped given that 

an aggregate measure is not detected within which dataset 1 records may fall.  Therefore, 

the dataset 1 record which does not have any relevance to a dataset 2 record can be given 

a null value relationship to dataset 2 in Step 5.  The reason for assigning a null value to 

the dataset 1 record is the aggregate measure of dataset 2 is unknown.  
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Figure 8.  Matching discrete measurement records (dataset 1) with epoch 

based information (dataset 2). 

 

In many studies, measurements of different aspects of an individual’s activity are 

not always collected at exactly the same time (i.e., T1i ≠ T2i).  For instance, Figure 9 

illustrates a sample dataset for a matching scenario corresponding to Case 2 in Table 2.  

In many cases, time gaps between records in dataset 1 and 2 can occur although the 

frequency at which measurements are recorded are the same (i.e., f1 = f2).  For example, 

an instantaneous measure might be recorded at time 9:10:44 while aggregate 

measurement might be recorded at time 9:10:45 but represents activity occurring over the 

period of 9:10:40 and 9:10:45 (Figure 9).  In this example, the time gap between 

corresponding records of dataset 1 and 2 could vary between one second and four 
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seconds because the time interval of recording for both types of data is 5.0 seconds.  In 

Figure 9, a dataset 2 record is matched with a record of dataset 1 logged one second prior.  

The rationale behind assigning records in this way is that while the aggregations of 

dataset 2 measures are being completed over an epoch of time, the dataset 1 observations 

are recorded simultaneously at the same interval.  For example, in Figure 9, the dataset 2 

record at time 9:10:50 is assigned to the dataset 1 record at time 9:10:49, because that 

dataset 1 record is the one which is instantaneously recorded while the dataset 2 measures 

represent an activity accumulated for recording at time 9:10:50.  Thus the aggregate 

measure of a dataset 2 record is distributed (e.g., proportional) over dataset 1 record/s for 

Case 2 listed in Table 2.  

 

Figure 9.   Time intervals of dataset 2 records whose collection epoch 

within which the dataset 1 records fall. 

 

For matching scenarios where f1 ≠ f2, both f1 > f2 and f1 < f2 can be considered for 

Cases 3, 4, 5, and 6 listed in Table 2.  Assuming Case 3 exists for the datasets where data 

collection frequency of dataset 1 is greater than the frequency of dataset 2 (f1 > f2), there 

are many ways of associating records in these datasets.  For instance, one way of relating 

records could involve matching records in dataset 1 and dataset 2 only if they are 

recorded at exactly the same time T1i = T2i as was shown Figure 6a.  Under this 
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assignment mechanism, there might be many records of dataset 1 that cannot be matched 

with records in dataset 2 given any deviation in time of observation and/or frequency of 

collection (i.e., Case 4 in Table 2 as depicted in Figure 6b).  In such scenarios, an 

approach similar to that of Jones et al. (2009) might be applicable (Figure 10).  They 

match level of physical activity measures to GPS records whose time of recording is 

closest to the time at which physical activity levels are reported.  They use a 30-second 

cut off time for fusing both datasets.  The idea is to search dataset 1 records within a 30-

second temporal limit of a dataset 2 record, and assign the measure of dataset 2 record to 

the closest dataset 1 record.  Another approach might be unlike their approach which 

decreases the cut off time to a less cut off time (e.g., 2.0 seconds in Figure 10 where the 

epoch time of dataset 1 is 5.0 seconds) to match dataset 1 and 2 records based on their 

recording time.  The point is to search a dataset 1 record which is a maximum 2.0 

seconds away from recording time of a dataset 2 record.  The cut off time can be adjusted 

according to the epoch interval of dataset 1.  In this scenario, there would be many 

dataset 1 records not associated with a dataset 2 record.  If these dataset 1 records were 

not considered, a large amount of discrete measure data would be lost.  Therefore this 

approach may misrepresent the aggregate measure allocation of an activity over a period 

of time.  
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Figure 10.  An approach for matching data records based on temporal proximity. 

 

Another option for record assignments in scenarios corresponding to Case 4 in 

Table 2 might be to match a record of dataset 2 with many records from dataset 1 falling 

in the epoch period of dataset 2 (Figure 11).  In this situation, the measured amounts of 

dataset 2 records would be shared by the dataset 1 records as proposed at the assignment 

problem approach in this dissertation.  The dataset 2 measures might be distributed 

proportionally or by applying another type of distribution over the records of dataset 1.  

Here uncertainty arises because aggregate measures are recorded in dataset 2.  Although 

some records of dataset 1 might be missing from a dataset for a variety of reasons as 

detailed in Chapter 2, there may also be cases where dataset 2 records do not exist.  In 

such cases, since aggregate data is not recorded when dataset 2 records are missing, 

matching with dataset 1 records cannot be observed.  If there is no dataset 2 records to 

which a dataset 1 record can be assigned, null values may be attached to unmatched 
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dataset 1 records or unmatched dataset 1 records might simply be omitted from further 

consideration.    

 

Figure 11.  An approach for matching one record to many records. 

 

There are also scenarios in which the frequency at which data are recorded in 

dataset 1 is less than the frequency of dataset 2 (f1 < f2).  For instance, Figure 7a shows a 

case where the frequency of collection in dataset 1 (f1) is less than that of dataset 2 (f2) 

and where the time at which records are logged are the same (T1i = T2i).  Therefore, for 

the scenario depicted in Figure 12, there should be more dataset 2 records than dataset 1 

records in a specific period of time assuming no missing records.  Thus, in matching 

scenarios such as this, considerable uncertainty in the quality of the matches between 

records can exist, especially in situations where the time of measurement is offset as 

described in Case 6 in Table 2 (T1i ≠ T2i).   
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Figure 12.  A case where the frequency of dataset 1 records is less than dataset 2. 

 

In general, as f1 and f2 increase (i.e., both recorded at one second intervals), then the 

match between dataset 2 and dataset 1 records can be viewed as a more accurate 

representation of their relationship.  Further, as f1 > f2, there would be more records of 

dataset 1 than dataset 2 records in a specific collection time.  In this situation, since the 

number of dataset 1 records is greater than the number of dataset 2 records as Cases 3 and 

4 in Table 2, the approach of the assignment problem proposed in this dissertation can be 

used for fusing both datasets.  As long as the data recording frequency of dataset 1 (f1) 

has a higher frequency than the frequency of dataset 2 (f2) (i.e., dataset 1 measures are 

collected more often than dataset 2 measures), which may create relatively long time 

intervals for some activities, f2 would need to be higher for more reliable results of the 

matching process.  In cases where the frequency of dataset 2 (f2) is really higher than 

dataset 1 records, the number of dataset 2 records collected are much more than dataset 1 

records in any given period of time.  Such cases may require another type of matching 

technique such as adding dataset 2 measures/values up.  The measures/values at specific 

time intervals can be summed up to balance the collection time intervals of both datasets.  

Accordingly, the algorithm outlined in Figure 8 for fusing the datasets can be applied. 
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As explored in this section, there are many possible ways in which two temporal 

sequences of data can be related to one another.  While matching records among datasets 

based on the time at which observations of activity are recorded is possible, a 

considerable amount of uncertainty can still exist as to how the records spatially 

correspond with one another.  This is especially true in many transportation studies where 

one dataset provides details on the location of an activity (i.e., GPS) while another only 

provides details on other aspects of the activity (i.e., heart rate).  Therefore, while the 

temporal sequence of the datasets can be somewhat aligned, the actual location of the 

activity between observed locations is unknown.  Thus, given discrete observations of 

location, methods are also needed to better approximate where an activity took place 

between observed locations.  Next, Chapter 4 will address the challenge of inferring 

locations of movement between observations of location. 

 

3.2.  Inferring Network Paths from Sequenced Observations of Location 

As reviewed in Section 2.1, there are many instances when observations of the 

location of transportation activities are recorded as discrete measurements (i.e., point 

coordinates) given the practical limitations associated with data collection.  In some 

instances, the location of an activity might be recorded systematically, over a period of 

time, as is often the case when recording an individual’s travel with a GPS.  However, 

given that these discrete locations only represent a sampling of a path, the location of 

movement intervening observations is unknown.  Various attempts to infer the location of 

an activity intervening with observations have been proposed as discussed in Section 2.2.  

One limitation common to these existing methods is that they do not consider the entire 
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sequence of observations along a path simultaneously when assigning an observed 

location to a network topology.  To address this problem, this Section details a special 

case of the SCPP (as outlined in Section 2.2) in which the points are to be covered 

(within some distance) by a shortest covering path in a particular sequence.  Given the 

properties of this special case, an algorithm for identifying an optimal solution to the 

SCPP is then constructed.  This new algorithm can be readily implemented in a GIS and 

applied to any type of temporally sequenced point data and network topology.  Given the 

following notation and property, applications of the new algorithm are provided in both 

Sections 3.2.1 and 4.5.  

 

Notation: 

,  indices for network nodesi j =  

 index for points requiring coverage (entire set denoted )k K=  

 =  index denoting origin nodeo  

 =  index denoting destination noded  

( , )  a network  with  nodes  arcsG N A G N A=  

( , )  a null network  with  nodes  arcs to be insertedG N A G N A=
� � � �� �

 

 the minimum distance between node  and point  need coverage
jk

j kδ =  

*  coverage standard (distance or time)Γ =  

{ }* set of nodes, |
k jk

j δΓ = ≤ Γ  

( ) cost of traversing arc ,ijc i j=  

 the shortest path cost between node  and 
ij

c i j=
�
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 set of vertex  of arc  that is closest to point  need coveragek

a
V m a k=  

* set of all the vertices elements of  within the coverage standard k

k a
VΩ = Γ  

 

As in the SCPP algorithm, a distance standard is used for identifying network 

nodes or arcs, which can represent the network locations of points requiring coverage.  In 

the new approach, the shortest covering path is sought where the points which need to be 

associated with a network topology (as determined by observation of network activity) 

are assumed to have a temporal ordering along a path, i.e., ordered point observations.  

Given these assumptions, an algorithm for inferring network paths from a set of ordered 

point observations of a transport activity can be structured as a special case of the SCPP 

through observing the following property (Matisziw and Demir 2012). 

Property:  Given a set of points k K∈ of strict total order requiring sequential coverage 

by a path in network G where | | 1 k k KΓ ≥ ∀ ∈ , a shortest covering path for each 

sequential pair of points [k,k+1] exists which is also a subset of the shortest covering path 

for the entire ordered set. 

Proof: The k
th

 covering node in a shortest covering path between [k, kn] in K is 

necessarily a node in kΓ .  Since a node ki∈Γ then immediately proceeds a node 1kj +∈Γ  

in the shortest covering path for K, the shortest path between nodes i and j is also the 

shortest covering path for chain [k, k+1] in K.■ 

The property above proves that there is great reduction in complexity in this special 

case of the SCPP.  This reduction is mainly because only those paths capable of 

providing coverage to pairs of sequential points need to be tracked.  The shortest path 
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between a pair of nodes in sequential coverage sets can be identified in
2( )O N time 

(Dijkstra 1959).  If two sequential points (i.e., k and k+1) can be covered by multiple 

nodes, then the SCPP will involve identification of no more than 1(| |*| |)k k+Γ Γ shortest 

paths between the two points or 
2

1( *(| | *| |))k kO N +Γ Γ time.  Given the characteristics 

associated with providing ordered path coverage to a sequence of points, an exact 

algorithm for this special case of the SCPP is now detailed. 

Given a network G with N nodes and A arcs ( , )G N A , a null network ( , )G N A
� ��

, 

k

aV = the vertex m of arc a that is closest to point k,  a temporally ordered set of point 

locations (K), and defining 
*|k

k a kmm V δΩ = ∀ ∈ ≤ Γ , the following algorithm (the 

Shortest Covering Path Problem with Ordered Demand) can be applied to identify the 

shortest path covering an ordered sequence of points. 

SHORTEST COVERING PATH WITH ORDERED DEMAND (
*, , ,G G K Γ

�

): 

1. For each k K∈ and each 1k K+ ∈ , and 

for each ki∈Ω  and each 1kj +∈Ω in G , 

compute shortest path cost between vertex i and j ( ijc
�

). 

Insert nodes i and j in G
�

 if they do not already exist. 

Insert arc ( , ) in i j G
�

 and set its cost to ijc
�

. 

2. For each oi∈Ω  and each dj ∈Ω in G
�

, 

compute shortest path between node i and j ( ijP ) and its cost 
ij

C . 

Shortest Covering Path | arg min( )
ij ij

P C= . 
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The shortest covering path with ordered demand coverage (SCPPOD) algorithm 

works by first iterating through each ordered pair [k,k+1] in K and computing the shortest 

paths from vertices in the coverage set for k to vertices in the coverage set for point k+1.  

After each potential shortest covering path is identified, an arc representing the path is 

inserted into a new graphG
�

.  When all potential shortest paths have been identified and 

added to G
�

, all shortest paths in G
�

 between nodes covering the first point in the point 

sequence o K∈ and the nodes covering the last point in the sequence d K∈ are 

computed, the shortest of which is the shortest covering path.  Given the relationship 

between G
�

and G , the path arcs comprising the shortest covering path in G
�

can be 

related back to the corresponding arcs in G . 

The path inferred by the SCPPOD algorithm depends on the representation of the 

input data, the topology of the network as well as the distance standard *Γ .  In general, a 

more complete representation of the network, attributes of component arcs/nodes, and 

permitted behaviors should be expected to enhance the accuracy of inferred paths.  For 

instance, when the number of vertices used to represent each arc increases, the 

relationship between the points k and the road network can be represented more 

accurately.  Fewer vertices on network arcs decrease the chances of accurately relating 

points k to network features.  The distance standard *Γ  serves as a way to address 

uncertainty in the positional accuracy of the point observations as well in the network 

topology.  As *Γ  approaches zero, the coverage space shrinks and thus fewer k points are 

included in the inference of a path as expected.  On the other hand, the points retained 

can be considered to be more strongly associated with the network given their greater 

proximity.  As *Γ  increases, the coverage space extends and thus more points are 
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included in the inference of the path.  At the same time, larger *Γ  values can increase the 

number of potential covering nodes which are the candidates of representing points 

requiring coverage.  In other words, for any sequentially pair of points [k, k+1], the 

potential coverage sets kΩ  and 1k+Ω become larger, permitting more distance and 

increasingly less certain coverage alternatives.  Since the objective of the SCPP is to 

minimize path cost, one effect of allowing more distant coverage nodes is that their 

inclusion can often be exploited by the SCPP to generate a shorter, albeit unrealistic path.  

Given these sensitivities, it is important to select a *Γ that retains an appropriate amount 

of point observations while ensuring reasonable coverage alternatives for points. 

Next a simple application of the SCPPOD is conducted to infer paths from a set of 

spatially and temporally referenced point observations of location.  The results of the 

SCPPOD method are compared to several other commonly applied path inference 

methods to demonstrate its relative performance as well as the impact of the coverage 

range *Γ of 40.0 meters on the quality of paths inferred using the SCPPOD. 

 

3.2.1.  An Example of the SCPPOD Method 

In this Section, a simple application of the SCPPOD for inferring network paths 

based upon the relationship between a network topology and observations of the location 

of a transportation activity is provided to better highlight the characteristics of the 

method.  The SCPPOD is implemented in Python 2.6 using ESRI’s ArcGIS 10.0 and 

applied to the four sets of sequenced point observations and the network topology shown 

in Figure 13.  
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Figure 13.  GPS point sequences and network topologies: (a) 72 points, (b) 77 points, (c) 78 points, (d) 71 points. 
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To evaluate the ability of the SCPPOD approach to infer reasonable paths in a 

network, it is now applied to the points and networks shown in Figure 13a-d, and the 

results obtained are listed in Table 3.  In the SCPPOD algorithm, a distance standard ( *Γ ) 

is used to determine which points requiring coverage and network vertices are relevant to 

the path inference process.  As in the SCPP, changes in *Γ  can alter the number of points 

needing coverage and representative network vertices.  To explore the effect selection *Γ  

can have on the characteristics of the inferred path, the SCPPOD algorithm is applied to 

the point sequence (72 points) and to the network shown in Figure 13a for a range of 

*Γ values.   

Table 3.  Comparison of SCPPOD inferred paths relative to actual path. 

Point 

Set 

# 

points 

(k) 

Method Avg. | |
k

ΓΓΓΓ  # 

arcs 

# arcs 

shared w/ 

actual 

Length 

(m) 

% dev. 

(length) from 

actual 

a 72 

Actual path 8.71 24 24 1980.42 0.00 

SCPP algorithm 8.71 24 24 1980.42 0.00 

b 77 

Actual path 6.92 23 23 3089.59 0.00 

SCPP algorithm 6.92 23 23 3089.59 0.00 

c 78 

Actual path 6.47 18 18 3380.72 0.00 

SCPP algorithm 6.47 18 18 3380.72 0.00 

d 71 

Actual path 9.22 13 13 1916.18 0.00 

SCPP algorithm 9.22 13 13 1916.18 0.00 

 

Results for paths inferred over a range of distance standards are presented in Table 

4.  Figure 14a illustrates the set of network arcs involved in the actual path observed.  

Distance standards between 22 m and 40 m include enough points and candidate network 

arcs to provide an exact representation of the actual network path (Table 4).  Distance 
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standards in this range offer an average of between four and nine coverage opportunities 

for each of the 72 points requiring coverage to be included in the inferred path.   For 

instance, using a distance standard ( *Γ ) of 40 m, the average number of network nodes 

that could viably provide coverage to each point k varies among the datasets, but is 

always greater than 6.0 (Table 3).  Thus, even for a relatively small distance standard, 

many alternative ways of associating a point with the network can exist.  The result of the 

algorithm using the 40 m standard returns a continuous and realistic path on the network 

in all four datasets.  More importantly, the inferred network paths exactly correspond 

with the actual paths.  As 
*Γ increases beyond 40 m, the portions of the network within 

the distance standard of each point continue to become larger, providing each point with 

more coverage opportunities.  As a result of this increase, coverage of points by network 

locations that are advantageous in minimizing total path cost is sought, resulting in a 

shorter, more generalized representation of the actual path (Figure 14b-f).  Given the 

increased
*Γ , many input points are provided coverage by more distant portions of the 

network permitting identification of a much shorter path than that actually observed.  

That is, the deviation between the actual path and the inferred path becomes more 

pronounced as 
*Γ is increased.   
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Figure 14.  Impact of  path inference: (a) Actual path traversed, (b) Path inferred 

for  70m, (c) Path inferred for  80m, (d) Path inferred for  90m, (e) 

Path inferred for  100m, (f) Path inferred for  150m. 

 

Moreover, a decrease in 
*Γ below 22 m produces a different effect on the inferred 

path (Table 4).  As 
*Γ diminishes, more of the observed points are unable to be covered 

by the network and are therefore not used in the algorithm.  For example, for a distance 

standard of 21 m, only a single point is omitted from the inference process resulting in an 

increase in path length greater than that of the actual path.  This increase occurs because 

at this distance standard some points can only be covered by network nodes that are not 
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on the actual path; hence, extra arcs (and path length) are necessarily included to ensure 

coverage.  However, when 
*Γ = 5 m, approximately 47% of the point records are not 

included, resulting in a path nearly 17% shorter than that observed (Table 4).  Although 

fewer points are involved in the analysis, the resulting path is still a good representation 

of the actual path given that over 95% of the inferred arcs are present in the actual path.  

This ability of the algorithm to provide quality results in light of a reduced set of data is 

important in several respects.  For instance, in case of missing observation points, the 

algorithm is able to infer a high quality path output of which arc similarity percentage 

with actual is high.  Further, as 
*Γ  needs to be adjusted to provide coverage, the range of 

the coverage can be determined as discussed in the following.
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Table 4.  The impact of the coverage/distance standard ( *Γ ) on path inference. 

 

 

 
*Γ (m) 

 

 

# 

pts 

(k) 

 

 

 

Avg. | |
k

ΓΓΓΓ  

 

% dev. 

(length) 

from actual 

 

 

 

# 

arcs 

 

% dev. (# 

arcs) from 

actual 

# arcs 

shared w/ 

actual 

 

% arc 

similarity w/ 

actual 

150 72 74.69 -30.26 14 -41.67 8 57.14 

100 72 34.29 -18.35 16 -33.33 9 56.25 

90 72 28.65 -14.57 18 -25.00 10 55.55 

80 72 23.35 -3.39 20 -16.67 14 70.00 

70 72 18.40 -2.67 23 -4.17 23 100.00 

60 72 14.89 -2.67 23 -4.17 23 100.00 

50 72 11.58 -1.66 24 0.00 23 95.83 

40 72 8.71 0.00 24 0.00 24 100.00 

30 72 6.06 0.00 24 0.00 24 100.00 

25 72 4.94 0.00 24 0.00 24 100.00 

22 72 4.23 0.00 24 0.00 24 100.00 

21 71 3.90 +2.02 25 +4.17 24 96.00 

20 70 3.47 +2.02 31 +29.17 24 77.42 

10 52 1.31 -8.23 24 0.00 22 91.67 

5 38 1.05 -16.82 22 -8.33 21 95.45 
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Since the sensitivity of the inferred path to changes in 
*Γ is strongly influenced by 

the network topology as Figure 14 and Table 4 suggest, practical application of this 

algorithm should include sensitivity testing to determine the ranges of 
*Γ that are 

appropriate for the network representation involved as well as the positional accuracy of 

the points requiring coverage.  Also, while a global value of 
*Γ  is employed in this 

application, point-specific distance standards (
*

kΓ ) could be easily incorporated in the 

algorithm should they be available.  Moreover, the results in Table 3 suggest alternative 

ways of selecting an appropriate *Γ in the event that an actual path is unknown.  In 

particular, it was found that when the spatial/temporal frequency and positional accuracy 

of points in the sequence is such that the general tendency of the network path is 

followed, the length of the path generated by the straight-line method is very close to that 

of the actual path.  Therefore, by using the straight-line method, a potential approach for 

quickly searching for an appropriate *Γ  which can serve as an initial *Γ , and identify the 

SCPPOD path is possible.  If the deviation in length between the two paths is deemed to 

be too large, then *Γ could be appropriately increased/ decreased and used to infer a new 

path. 

Because the SCPPOD algorithm can help alleviate many of the problematic issues 

that arise when inferring paths in a network based on limited observations of a 

movement, the paths inferred from the algorithm can then be further analyzed in a variety 

of ways.  With respect to the matching problems described in Section 3.1, the inferred 

paths provide a continuous representation of a movement between two locations.  

Therefore, aggregate measures of an activity related to records of discrete location can 
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then be better associated with a location since the locations spanning the collection epoch 

have now been inferred.  Further, given that observations of different activities can be 

related to a common network topology, a more consistent basis for the comparison of 

paths can be enabled.   

While accounting for similarity of paths can be informative which Section 3.3 

explores, it is also important to consider to what extent they share relationships to other 

elements of the environments they traverse.  For instance, it could be informative to 

evaluate paths based on the types of land use and/or land covers traversed by intervening 

paths or their proximity to other geographically referenced features or activities.  

Moreover, given information on how a path was utilized by an individual (i.e., time spent 

traversing road segments), their duration in or exposure to different types of 

environmental features can be better assessed.  For this purpose, a GIS provides the 

ability to model these spatial relationships between different layers of geographic 

information.  Several approaches for linking information on path location and use with 

information on other geographical features in their ambient environment are now 

outlined. 

One approach for relating two different layers of geographic information, such as a 

layer representing the location of roads and a layer representing the location and extent of 

different types of land use, is to evaluate their proximity with respect to one another.  In 

the case of network paths, paths can be geometrically intersected with another layer, such 

as land use, in order to associate arcs/nodes with the land uses they traverse.  The extent 

to which a path intersects with different land uses could be used to provide some insight 

on the extent to which travelers were exposed to certain environments.  However, a 
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path’s exposure to other geographic features is not limited to points of intersect in many 

real-world applications.  Rather, features in one layer may exert some influence on 

features in another layer given their level of geographic proximity.  For instance, a 

traveler might be assumed to be exposed to land uses within 100 m of their path.  To 

identify these relationships, arcs and nodes in paths can be geometrically dilated to model 

the extent to which they can interact with other features using a GIS technique commonly 

referred to as buffering.   

While using a buffer transformation to transform an arc/node representation of a 

path to polygonal features is rather straight-forward, representing continuous measures of 

an activity along inferred locations is not an easy task.  Although an efficient algorithm to 

fuse aggregate measures with instantaneous measures as detailed in Section 3.1 can be 

used to associate aggregate measures of an activity with an observation of that activity’s 

location, inferring the location at which those aggregate measures took place along a 

continuous path is also desirable.  Therefore, relating aggregate observations of an 

activity to inferred locations to better associate the activities with other geographical 

features (i.e., land use) is an important task that can now be discussed.  

Consider the situation initially described in this dissertation where discrete 

measurement data is matched to data containing aggregate measures over the same period 

of time.  Following this, the SCPPOD method was detailed as a way to associate these 

point observations of activity and location with a network topology in order to infer the 

location of a movement between observations of location.  Given this, the location of the 

aggregate data matched to the discrete locations can then be inferred (i.e., the arcs 

connecting observed locations) and redistributed along the inferred arcs accordingly.  
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Once the aggregate measures are somehow redistributed along the inferred arcs, the 

geographical environments traversed by the arcs can then be associated with the 

redistributed aggregate measures using the geometric overlay capabilities of a GIS.  For 

example, Figure 15 shows a path inferred using the nodes on the network representing 

discrete point observations associated with aggregate measures.  Each node on the path 

has discrete location information and an aggregate measure value.  However, the 

representation of aggregate measures can be improved by associating them with the 

movement activity where the aggregate measure was accumulated to report.  Since the 

location of the aggregate measures can be inferred (i.e., the arcs between the nodes in 

Figure 16), a relationship between the aggregate measures and geographically referenced 

features can be made.  As mentioned earlier, one way of doing this is to buffer the path’s 

arcs to some distance range.  Figure 16 illustrates this approach for approximating the 

relationship between the aggregate measures and the environments traversed.  

Furthermore, a realistic allocation of the aggregate measures along the path can also be 

rendered using this type of technique.  As depicted in Figure 16, the land use mix covered 

by the buffer zones of the arcs between the nodes can then be computed to identify the 

extent to which environments are traversed.  Each buffer zone between a pair of nodes 

can represent the land use mix traversed while an aggregate measure was being collected.  

Thus, by relating aggregate observations to locations inferred (movement along a path), 

the aggregate measures can also be associated with the true location of the activity (i.e., 

true environments such as land uses traversed). 

As highlighted in the analysis of the different path inference methods, there are 

many ways in which paths can be compared relative to one another.  Given the 
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importance of path comparison in transportation research, Section 3.3 explores a new 

methodology for leveraging the strengths of existing path comparison techniques to 

provide a more robust and consistent characterization of path correspondence. 

 

Figure 15.  Sample network path with nodes and the land use. 

 

 

Figure 16.  Buffer areas of network arcs between pairs of nodes. 
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3.3.  Modeling Spatial Similarity Among Paths 

While the existing methodologies for assessing similarity among paths are useful, 

they have significant limitations as discussed earlier.  The methodology proposed in this 

dissertation provides a new framework for assessing path similarity by better integrating 

important components of existing approaches.  For this purpose, two important 

components of assessing path similarity are considered: 1) the extent to which they 

geographically diverge, and 2) their structural correspondence.  Here, a new metric in a 

more general approach is presented and proposed to better integrate both considerations.  

In the comparison of paths, two different cases can occur: a) the paths to be compared 

have the same origin and destination, and b) the paths to be compared differ in their 

origin and/or destination location.  First, the case in which both the origin and destination 

of paths to be compared are the same is addressed.  Following this, possible extensions to 

the case where the origins and/or destinations may not be the same are discussed.    

There are many instances in which a set of paths may share the same origin and 

destination location.  For instance, for any individual, a variety of paths for home-to-work 

and home-to-school could be used.  At a more aggregate level, many paths between a pair 

of towns and cities may also exist.  In comparing a pair of paths shown in Figure 17a as 

Path i and Path  j, the extent to which they correspond geographically can be assessed by 

evaluating the area intervening the two paths (Huber 1980, Jan et al. 2000). 
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Figure 17.  (a) Two paths providing connectivity at an equivalent cost between a pair of 

nodes, (b) Two paths initially sharing many network arcs, and diverging en 

route to the destination, (c) Two paths intersecting and diverging, and (d) 

Areas of deviation between two paths. 

 

Given a network G having N nodes and A arcs (G(N,A)), let 
i

L  denote an ordered 

set of arcs, or polygonal chain, comprising a path between an origin node and a 

destination node.  In cases where nodes and/or arcs in 
i

L  intersect, closures can occur, 

indicating a path has completely circumvented an area as illustrated in Figure 17b.  Thus, 

the closures 
i

q L∈  can be viewed as the areas (or polygons) of the region circumvented 

by a path.  Calculating the area of each closure
q

β , the total space bounded by closures in 

path i is then: 

i

i q

q L

β
∈

Θ =∑   (3.5)  

Therefore, 
i

Θ serves as a measure of redundancy or deviation of the path from the 

least-cost path connecting the origin and destination nodes within
i

L .  
i

Θ can also be 
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interpreted as the space bounded or corridor associated with path i and could be 

normalized by the length of the shortest path within 
i

L  if desired.  While many analyses 

requiring comparison of paths do not consider paths containing redundancies or loops, 

these types of paths (i.e., path  j shown in Figure 17c) are often observed in real-world 

studies of network activity.  For instance, an individual’s selection of a path between two 

nodes may depend upon or be constrained by the location of other opportunities 

occurring along the way (i.e., trip chaining).  In cases where loops occur, it may be worth 

considering whether or not they should be represented by a coefficient affecting the 

measures of path similarity. 

Given another path j between the same origin and destination node represented as 

polygonal chain
j

L , if
i j

L L≡ , paths i and  j are identical.  However, if
i j

L L≠ , some 

variation in their spatial correspondence exists.  These variations can arise for a number 

of reasons.  First, the paths might utilize different sets of arcs and nodes in a network for 

the activity or movement between the origin and destination.  For instance, in Figure 17a, 

the only similarity between the two paths is the origin and destination nodes because they 

traverse different network arcs and nodes to reach the destination.  In Figure 17b, while 

two paths initially share some of the network arcs and nodes, they eventually diverge en 

route to the destination.  In other cases, the pair of paths may share very little structure 

but may diverge and re-converge in multiple instances as shown in the example in Figure 

17d.     

At the most basic level, the extent to which two paths are similar in terms of their 

physical route shape can be assessed by measuring the proportion of paths that are in 

direct correspondence with or exactly shared with one another (Huber 1980, Wolf et al. 
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2001, Devlin et al. 2008).  For instance, the total cost of arcs ac  appearing in compared 

paths i and j, ij i jL L L= ∩
�

, could be calculated as 
ij

ij a

a L

c
∈

Λ = ∑
�

�

 and then normalized to 

provide an indication of level of structural similarity.  In cases where one path is a subset 

of another, they are structurally the same but vary given that one contains loops.  

Therefore, the structural similarity index should reflect this characteristic.  When 

comparing two paths, since the motions are relative to each other, the total cost of 

traversing the arcs ac on path i, 
i

i a

a L

c
∈

Λ =∑  would be relative to the cost of traversing the 

arcs ac on path j, 
j

j a

a L

c
∈

Λ = ∑ .  In this sense, the structural similarity of path i and j with 

respect to path i can be reported as:  

ij

ij

i

S
Λ

=
Λ

�

   (3.6) 

Thus, a 
ij

S or 
ji

S would range between 0.0 and 1.0, with higher values indicating 

higher structural similarity.  
ij

S and 
ji

S can be different from one another because 
ij

S is 

the structural similarity of path i and j with respect to path i while 
ji

S is the structural 

similarity of path i and j with respect to path  j.  While one individual travels path i, 

another individual on path  j will perceive connectivity issues in an entirely different way.  

Therefore structural correspondence of both paths i and j can be relative to individuals 

moving on them.  Also this approach is useful to identify the subset paths while assessing 

the structural similarity of paths.  The following example could explain one of the 

utilities of the approach.  Given path i (10 miles) is a subset path of path  j (15 miles), 

which entails making a reverse trip at some instance, and they share the same origin and 
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destination, 
ij

S and 
ji

S are computed as follows.  
ij

S index is 10 miles / 10 miles = 1.0 

while 
ji

S index is 10 miles / 15 miles = 0.67.  One could interpret that the structural 

similarity of path i and  j with respect to path i is 1.0 which can be the maximum value in 

this proposed approach because path i is the subset of path j.  Consider Jack uses path i 

and Sarah uses path  j.  Jack thinks that he follows the same direction as Sarah; however, 

it is actually a subset of path  j.  For this reason, path i is a different path relative to Sarah 

using path  j (i.e., 
ji

S  index is 0.67). 

In order to account for network space bounded by the two paths, or the corridor, 

their geometric union of the path topologies ij i jL L L= ∪
�

, which contain all elements of 

both polygonal chains, can be taken and evaluated.  Here the geometric union of the path 

topologies is considered rather than the union of two sets of arcs.  The corridor ijL
�

 

contains all portions of the network traversed by the pair of paths as well as any areas 

enclosed by the paths, individually or jointly.  Depending on the level of spatial 

correspondence between the pair of paths and the network topology, ijL
�

can highly non-

convex in nature and include any number of polygonal chain closures as shown in Figure 

17d.  Given this, any spatial divergence between the two paths can be assessed by 

identifying the closures 
ij

w  (entire set denoted 
ij

W )  in ijL
�

 that do not jointly correspond 

with closures in either path i or j.  In other words, the set of polygons ijW
�

are formed by 

the closures where |   \ \ij ij ij ij i ij jw W w L L L L∈ ∃ ∪
� � �

.  The set of polygons conforming to this 

condition, therefore, represent both locations of path divergence as well as the extent of 

spatial separation between the paths.  In the case of Figure 17d, all areas (i.e., q1, q2, q3, 

and q4) meet these criteria and represent locations of spatial divergence.  However, not all 
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areas in the union of two polygonal chains will always meet this criterion.  For instance, 

Figure 18 shows the union of two paths that contain part of a loop created by the path j 

(i.e., the area q3) which corresponds to the condition.  Such enclosures are also attributed 

to the computation of correspondence and counted as deviations because they also form 

enclosures by diverging and converging from the path compared to.  A greater number of 

polygonal closures indicates a higher frequency of path convergence and divergence.  

The total area of deviation between the paths can be computed as:  

ij

ij ij

ij w

w W

β
∈

Ψ = ∑
�

  (3.7) 

 

Figure 18.  Union of two paths that contain part of a loop by a path. 

 

Given that there can be numerous areas of divergence, other summary statistics 

such as the average area of deviation can be derived as: 

/ | |
ij

ij ij

w ij

w W

Wβ
∈

∑
�

�

  (3.8) 

For example, in the case of the paths shown in Figure 17d, four areas of deviation 

occur and two paths enclose four different closures indicating four occurrences of spatial 

divergence and convergence between the paths.  Aside from areas of corridor ijL
�

 that 

represent joint divergence among paths, other closures do exist.  For instance, closures 



75 

 

|   ij ij ij ij i jw W w L L L∈ ∃ ∩ ∩
�

 represent regions of the corridor that are jointly enclosed by 

both paths i and j, representing areas of joint redundant travel.  Once the extent to which 

the paths diverge has been assessed, the total length of divergence for each path can then 

be computed.  Given this, the total area of deviation (Eq 3.7) can then be divided by the 

total length of divergence for which ever path varied the least unshared cost (i.e., length) 

around the area of deviation.  Given a set of paths (designated as M ) indicating this 

property and the minimum unshared length of paths in the set 

( , ) , 
min [( ) \ ( )]

M i j i j
i j M i j

L L L L
∈ ≠

Π = ∪ ∩ , the spatial correspondence of given paths i and j is 

computed as follows:   

( )ij ij M
Ψ = Ψ Π
�

         (3.9) 

Therefore, the relative measure of spatial divergence ijΨ
�

 will range from 0.0 (no 

spatial difference) to no theoretical maximum; furthermore, the larger the index value, the 

more divergence observed.  For instance, in Figure 23, path b is 8.3 km and path c is 8.1 

km, they share 5 km and deviate three times.  The total deviation length for path b is 3.3 

km and the total deviation for path c is 3.1 km, and the area of deviation is 0.66 sq. km.  

So the spatial correspondence of paths b and c is 0.213 km.  Therefore, one could 

interpret this based an average where path b is 0.66/3.1 or 0.213 km away from path c.  

This differs from Jan’s et al. (2000) in that they compute the spatial similarity based on 

the entire length of a path although there may be portions exactly used by both paths.  

Therefore their approach on assessing spatial correspondence may not show true 

similarity.  
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While comparison of spatial deviation between a pair of paths can shed valuable 

insight on their similarity, in many applications, comparison between a larger number of 

alternative paths is required.  For instance, Figure 19 details four alternative paths 

between an origin and destination node.  In cases such as this, it is important to determine 

where and to what extent correspondence varies among all paths.   In this example, while 

it is clear that the areas of divergence vary between the path pairs, some areas of the 

region appear in divergences more than others.  For instance, in Figure 19, the area q2 is 

the area of divergence shared by most of the pairs of paths.  Additionally, the areas 

enclosed by the unions of each pair of paths would indicate the spatial corridors for a 

pair.  Then counting the number of times each area of a union falls within the union of all 

paths in the set would accommodate shared spatial variation between pairs.   

 

 

Figure 19.  Four alternative paths between an origin and destination. 

While the discussion so far has focused on the case where a set of paths begin at the 

same node and end at the same node, there are instance where cases comparisons 
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between paths differing in their origin and/or destination are needed.  For instance, given 

the case where employees working for a company reside in different locations, assigning 

a shuttle bus for them may require a comparison of their daily home-to-work paths to 

identify their travel behaviors.  Such cases contain a variety of paths sharing the same 

destination with different origins.  For example, Figure 20a depicts two paths sharing the 

same destination node while their origin nodes differ.  Another case would be the 

comparison of paths sharing neither origins nor destinations.  Although two paths may 

share some part of their segments, they may not be compared to one another since their 

origins and destinations differ.  Such cases would require editing the routes and merging 

origins and destination of paths (Jan et al. 2000).  However, this process ignores the 

entirety of the paths and underestimates the properties of paths.  Therefore in this 

dissertation, the proposed method also considers the paths not sharing origins and 

destinations.  In Figure 20b, two paths share neither origins nor destinations.  In such 

cases, the geometric union of the two paths would not likely result in a closed corridor.  

One way of ensuring that a corridor is structured between two paths beginning or ending 

at different nodes is to impose a geometrical linkage between them (Jan et al. (2000).  For 

example, as depicted in Figures 21a, b, a direct arc could be added between either the 

origin or destination nodes to ensure closure between the paths.  Another option might be 

to identify a geometry common to both paths such as the convex hull of their union 

(Figure 21c, d).  The convex hull of a set of features N is the intersection of all convex 

regions containing N (de Berg et al. 2008, Devadoss and O’Rourke 2011).  Regardless of 

the method that is used to create a closure, this is a way multiple paths with different 

origins and destinations could be looked at.   
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Figure 20. (a) Two paths with different origins sharing the same destination, (b) 

Two paths sharing neither origins nor destinations. 

 

 

Figure 21.  (a) Direct arc connecting origins to form an enclosed area, (b) 

Direct arcs connecting origins and destinations to form an enclosed 

area, (c) Convex hull of the union of the paths with different origins 

sharing the same destination, and (d) Convex hull of the union of 

the paths sharing neither origins nor destinations. 
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As mentioned earlier, Jan et al. (2000) discusses a method using the area enclosed 

by two paths relative to the length of the shortest path.  However, in their approach, the 

assessment of intervening area is accomplished manually by hand.  Moreover, the area of 

deviation is computed relative to the entire length of a path.  Therefore, the deviation 

between paths is averaged over the entire length of the path, even though some path 

portions may be exactly the same.  For instance, as depicted in Figure 22, if paths a and b 

are 100 miles long, share 94 miles of road, do not share 6 miles and enclose an area of 9 

sq. miles, then the geographic deviation would be 9/100 = 0.09 miles in their case, 

meaning that on average, the paths were separated by 0.09 miles.  In the methodology 

proposed in this dissertation, the geographic deviation would be 9/6 or 1.5 miles, 

meaning that for areas of divergence, the paths were on average 1.5 miles apart, while the 

other 94 miles were identical.  Thus, the method developed in this thesis is better able to 

track the extent to which a path can correspond exactly as well as deviate spatially.  Also, 

the proposed methodology is better able to cope with intricacies of path analysis such as 

loop, sharing of loops, etc. 

 

Figure 22.  Paths sharing a long portion and diverging a little. 

 The computation of spatial correspondence index ijΨ
�

 in both cases --where a) the 

paths to be compared have the same origin and destination, and b) where the paths to be 
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compared differ in their origin and/or destination-- results show values starting from 0.0 

meaning no spatial divergence.  Given the fact that ijΨ
�

values are larger, there is less 

spatial similarity (i.e., more spatial divergence) between the paths compared.  Therefore, 

such paths display high path deviation compared to one another.  Likewise, given the 

ij
S values close to 1.0, there is high path similarity between the paths compared, which 

means they probably have less path deviation when compared to one another.   

 

3.3.1.  An Example of Evaluating Spatial Similarity of Paths 

In this example application, ten alternative paths connecting an origin and 

destination were extracted from a road network in an urban area (Figure 23).  Table 5 

provides a summary of the paths’ characteristics (i.e., length, capacity, traffic flow, travel 

time, road composition, and indices of previous studies for path comparison).  While 

many of the paths appear to be very similar according to these simple comparative 

metrics, they clearly vary in their spatial morphology as shown in Figure 23.  As 

discussed earlier, Huber (1980) introduced an index for assessing the spatial deviation 

between paths dividing the areas enclosed within the path and the shortest path by the 

length of the shortest path.  Those index values are also included in Table 5 relative to the 

true shortest path between the origin and destination.  Since path f has the smallest value 

of Huber’s index, it is the most similar path to the true shortest path.  Also the circuity of 

each path is reported as the route directness index (Papinski and Scott 2011) where the 

actual path length is divided by the straight line distance between the origin and 

destination.  Indices computed using the approach of Jan et al. (2000) are shown in 
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Figure 24.  However, as discussed these existing approaches do not adequately measure 

the spatial correspondence of the paths with one another.  
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Figure 23.  Ten sample paths extracted from a network for application. 
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Table 5.  Characteristics of ten sample paths extracted from a network for application. 

 

 

Path 

 

 

 

Length 

(m) 

 

 

Travel 

Time 

(sec) 

Road Composition  

Capa-

city 

(pc/hr/

ln) 

 

 

Traffic 

Flow 

(pc/hr/ln) 

 

 

 

Huber’s 

Index 

 

Route 

Direct-

ness 

Index 

Local 

Street 

(LS) 

(m) 

% LS 

 

Collector 

(CL) 

(m) 

% CL 

 

Arterial 

(AR) 

(m) 

% AR 

 

Freeway 

(FR) 

(m) 

 

% FR 

a 8318.53 728 4452.47 53.52 2872.80 34.53 993.26 11.94 0.00 0.00 609.78 316.83 501.0 1.45 

b 8318.53 728 4452.47 53.52 2872.80 34.53 993.26 11.94 0.00 0.00 609.78 316.83 501.0 1.45 

c 8148.52 775 6612.35 81.15 1536.17 18.85 0.00 0.00 0.00 0.00 475.41 237.70 526.3 1.42 

d 8698.43 777 6078.03 69.88 2620.40 30.12 0.00 0.00 0.00 0.00 520.50 260.25 542.5 1.52 

e 7692.86 625 2833.81 36.84 3713.37 48.27 1145.68 14.89 0.00 0.00 682.44 356.11 398.2 1.34 

f 7360.74 586 3585.36 48.71 3375.50 45.86 399.88 5.43 0.00 0.00 616.03 313.45 271.5 1.28 

g 10370.49 772 5032.64 48.53 4165.44 40.17 1172.41 11.31 0.00 0.00 628.50 325.55 950.6 1.81 

h 10526.74 761 4856.99 46.14 0.00 0.00 5669.75 53.86 0.00 0.00 723.16 415.44 1076.3 1.84 

i 13021.68 589 0.00 0.00 0.00 0.00 3175.12 24.38 9846.56 75.62 1453.70 978.08 2519.5 2.27 

j 12693.32 720 0.00 0.00 1982.13 15.62 7411.85 58.39 3299.34 25.99 1124.73 698.73 2248.5 2.21 

Note: pc/hr/ln = passenger car per hour per lane. 
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Path a b c d e f g h i j 

a 0 0.000 0.081 0.088 0.476 0.474 0.818 1.336 1.710 1.481 

b 0.000 0 0.081 0.088 0.476 0.474 0.818 1.336 1.710 1.481 

c 0.081 0.081 0 0.086 0.390 0.439 0.754 1.386 1.724 1.490 

d 0.088 0.088 0.086 0 0.435 0.433 0.746 1.294 1.620 1.400 

e 0.476 0.476 0.390 0.435 0 0.121 0.608 1.083 2.211 1.963 

f 0.474 0.474 0.439 0.433 0.121 0 0.673 1.095 2.347 2.088 

g 0.818 0.818 0.754 0.746 0.608 0.673 0 0.874 1.570 1.386 

h 1.336 1.336 1.386 1.294 1.083 1.095 0.874 0 2.407 2.226 

i 1.710 1.710 1.724 1.620 2.211 2.347 1.570 2.407 0 0.150 

j 1.481 1.481 1.490 1.400 1.963 2.088 1.386 2.226 0.150 0 

 

Figure 24.  Jan et al. (2000) Index between every pair of paths. 
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To better understand structural similarity and how the level of spatial corresponds 

among the paths, the
ij

S , 
ji

S , and ijΨ
�

can be computed between all pairs of paths.  In 

other words, given M paths, ((M*M)-M)/2 comparisons are required.  Since there are ten 

paths to be evaluated in this application, 45 values are required for each matrix.  

As depicted in Figure 25, the values range between 0.0 (no structural similarity) 

and 1.0 (full structural similarity).  Keeping in mind that if one path is the subset of 

another, they are structurally the same but spatially different.  The matrix in Figure 25 is 

not symmetric, because 
ij

S  can be different than 
ji

S  as discussed earlier.  While 
ij

S  is 

the structural correspondence of Path i and  j relative to Path i, 
ji

S is the structural 

correspondence of Path j and i relative to Path  j.  For example, the structural 

correspondence of Path e and g is 0.149 relative to the person travel on Path e, and the 

structural correspondence of Path g and e is 0.110 relative to the person travel on Path g.  

One could interpret that Path e is more similar to Path g relative to the individual on Path 

e because 
eg

S  is greater than 
ge

S  in this example.  

The results of the new formulation on spatial correspondence (Figure 26) may 

sometimes provide close spatial divergence values to the results of Figure 24.  However, 

the spatial divergence values assessed by the new method give better indication and 

understanding of spatial divergence of any given two paths because the new method 

proposed here should always be dividing by an equal or smaller number than the 

formulation for Figure 24.  Therefore the spatial similarity indices in Figure 26 which is 

done by applying the new method proposed in this dissertation are always greater than or 

equal to the index values in Figure 24.  Thus, the values found by Jan et al. (2000) 

underestimate the true spatial divergence of any given two paths.  For example, 
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comparing Path c and d, while the spatial divergence is computed as 0.086 miles in 

Figure 24, the true spatial divergence is equal to 0.152 miles (almost double) as can be 

seen in Figure 26.  This shows Path c and d are actually 0.152 miles divergent on 

average.  The reason for assessing close spatial similarity values in Figures 24 and 26 is 

the example network paths in Figure 23 do not usually share a lot of linkages with one 

another and do not include common loops.  
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Path a b c d e f g h i j 

a 1 1.000 0.620 0.427 0.000 0.000 0.000 0.082 0.000 0.000 

b 1.000 1 0.620 0.427 0.000 0.000 0.000 0.082 0.000 0.000 

c 0.633 0.633 1 0.431 0.145 0.013 0.000 0.000 0.000 0.000 

d 0.408 0.408 0.403 1 0.027 0.112 0.099 0.000 0.000 0.000 

e 0.000 0.000 0.154 0.031 1 0.473 0.149 0.000 0.000 0.000 

f 0.000 0.000 0.014 0.132 0.494 1 0.142 0.000 0.000 0.000 

g 0.000 0.000 0.000 0.083 0.110 0.100 1 0.000 0.036 0.036 

h 0.065 0.065 0.000 0.000 0.000 0.000 0.000 1 0.000 0.000 

i 0.000 0.000 0.000 0.000 0.000 0.000 0.029 0.000 1 0.433 

j 0.000 0.000 0.000 0.000 0.000 0.000 0.029 0.000 0.444 1 

 

Figure 25.  Structural similarity indices of ten paths. 
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Path a b c d e f g h i j 

a 0 0.000 0.221 0.154 0.476 0.474 0.818 1.455 1.710 1.481 

b 0.000 0 0.221 0.154 0.476 0.474 0.818 1.455 1.710 1.481 

c 0.221 0.221 0 0.152 0.460 0.445 0.754 1.386 1.724 1.490 

d 0.154 0.154 0.152 0 0.448 0.499 0.828 1.294 1.620 1.400 

e 0.476 0.476 0.460 0.448 0 0.240 0.714 1.083 2.211 1.963 

f 0.474 0.474 0.445 0.499 0.240 0 0.784 1.095 2.347 2.088 

g 0.818 0.818 0.754 0.828 0.714 0.784 0 0.874 1.628 1.437 

h 1.455 1.455 1.386 1.294 1.083 1.095 0.874 0 2.407 2.226 

i 1.710 1.710 1.724 1.620 2.211 2.347 1.628 2.407 0 0.271 

j 1.481 1.481 1.490 1.400 1.963 2.088 1.437 2.226 0.271 0 

 

Figure 26.  Spatial Correspondence among the set of paths based on the new method. 



89 

 

The methodologies discussed and proposed in Chapter 3 are applied to an actual set 

of data collected as part of a study to better understand the relationship between an 

individual’s activity levels and their transportation behavior.  Chapter 4 provides an 

overview of the research project, the types of data that were collected, and the steps that 

were required to process the datasets.  Chapter 4 then discusses how the different 

methodologies proposed in Chapter 3 can perform in a practical application and 

concludes with an assessment of the results.  
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CHAPTER 4 
 

APPLICATION: FUSING GLOBAL POSITIONING SYSTEM, 

ACCELEROMETRY, AND NETWORK DATA 
 

 

 

4.1.  Study Motivation 

As mentioned in earlier chapters, GPS is a technology that can record the location 

of activities relative to the surface of the earth.  In this sense, transportation researchers 

are increasingly using GPS acquired data to provide insight on how individuals use a 

transportation system.  Associating transport activities with locations on the earth has 

other advantages as well.  For example, geographically referenced activities can then be 

overlaid with other geographically referenced data layers such as those representing land 

use/ land cover, hydrology, elevation, geology, etc.  While spatial data can be roughly 

associated with point observations of a transport activity, fusion with other aspatial data 

sources is often needed.  For example, health -related data such as heart rates, blood 

pressure, and physical activity, etc. often are influenced by an individual’s location.  In 

this chapter, a research study involving the collection of locational and health data for 

individuals over a period of time is outlined.   

The ‘Playgrounds without Borders’ project at the University of Missouri, funded by 

the Robert Wood Johnson Foundation’s Active Living Research program, was designed 

to promote physical activity in low-income school children by investigating health issues 

such as obesity and evaluating school-based environmental intervention.  As part of this 

study, the location and activity levels of a group of fourth graders in Columbia, Missouri 

was monitored both prior to and after an intervention program geared toward enhancing 

their awareness of opportunities for physical activity in their community.  The specifics 



91 

 

of the data collected, the processing actions taken to identify and rectify problem in the 

data, and the application of the methods proposed in Chapter 3 to the dataset are now 

discussed in detail. 

 

4.2.  Data Collection 

In this project, a small, lightweight GPS device, the Q-Starz BT-Q1300S sports 

recorder is used to record the location of individuals throughout the day.  Its stated 

positional accuracy is +/– 3.0 meters under ideal conditions (Qstarz 2011).  In other 

words, the geographic coordinates recorded by the device can be typically assumed to be 

anywhere within 3.0 meters of the actual location.  However, positional accuracy, as with 

most GPS receivers, can vary widely depending on the geospatial context and 

environment in which it is used.  The GPS receivers used in this study were set to record 

location (i.e., longitude and latitude), date and time, and elevation at five-second intervals 

over the course of ten days.  A total of 124 fourth-grade elementary school children from 

four schools (West Boulevard, Russell Boulevard, Derby Ridge, and Parkade Elementary 

School) in Columbia, Missouri participated in this study.  Data collected were from three 

time periods (Fall 2011, Spring 2012, and Fall 2012).  In this chapter, the focus is on pre-

intervention (Fall 2011) data obtained from 25 children from one school (West Boulevard 

Elementary School) whose data was of sufficient quality for further analysis.  After 

research staff obtained parental permission, the students were trained to carry the GPS 

receivers with them in order to provide instantaneous records detailing the location of 

their daily activities.  The participants were asked to wear the GPS unit every day during 

a ten day data collection period prior to and after the physical activity intervention 
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program.  Individuals were asked to wear the GPS from the time they woke up in the 

morning until the evening.  The data from the participants’ GPS devices were regularly 

offloaded by research staff for further processing and analysis.   

In this research project, student participants were also asked to wear accelerometer 

units to record their level of physical activity data.  An accelerometer unit works by 

detecting any physical acceleration caused by motion, vibration, shock or falling (Dechev 

2012).  Such units are able to record the acceleration rate changes as aggregate physical 

activity amounts at specific and adjustable intervals such as 5, 30 or 60 seconds typically.  

For each student, the accelerometers (the ActiGraph GT3X+ shown in Figure 27) were 

set to record their level of physical activity data which is a kind of aggregate measure at 

five-second epochs over a time period corresponding to that of the instantaneous GPS 

data collection.     

 

Figure 27.  An accelerometer device, the Actigraph GT3X+ (ActiGraph 2012) 

 

Since the GPS observation of location simply offers a discrete representation of an 

individual’s movement, the location of individuals between pairs of GPS points needed to 

be inferred.  Given that students most likely moved around the city using the road system, 

a GIS road layer was obtained to represent potential locations for movement.  In 
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particular, a TIGER/Line
®

 Shapefile representing the location of roads in Boone County, 

Missouri for the year 2004 was acquired.  This network includes a total of 2,087 miles of 

roads in Boone County such as streets, highways, and interstates represented by 13,253 

arcs.  The length of the arcs are not uniform, from a minimum arc length of only 8.7e-5 

miles to a maximum length of more than 2.4 miles (approximate mean arc length = 0.157 

miles).   

 

4.3.  Data Processing 

The software program DNR Garmin was used to convert the raw GPS data for use 

in a GIS (DNR 2013).  In particular, the raw GPS data was translated to the GPS 

exchange (*.gpx) format.  The GPS exchange format is a light-weight XML data format 

which allows processing raw GPS data in a software environment (Garmin 2012).  Figure 

28 includes some abbreviations encountered in the raw GPS data and Table 6 lists their 

meanings.  

 

Figure 28.  Raw GPS data in the GPS exchange (*.gpx) format. 
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Table 6.  Raw GPS data abbreviations. 

Abbreviation Meaning 

‘lat’ Latitude, degrees in decimal fraction 

‘lon’ Longitude, degrees in decimal fraction 

‘ele’ Elevation, meters 

‘time’ 

Date & Time, Greenwich Mean Time 

(yyyy-mm-dd) 

(hh:mm:ss) 

‘speed’ Speed, meters per second 

 

The data in Figure 28 contain information on the latitude, longitude, elevation, 

date, time, and speed of each point observation recorded.  Figure 29 shows an example of 

missing records that commonly are found in raw GPS data.  The information was 

systematically collected with no missing records before the time of 18:21:58.  However, 

due to some problems encountered by the GPS receiver, such as operation under dense 

foliage or low-battery issues, subsequent locations were not recorded again until 

18:22:23, after which the frequency at which data was recorded stabilized.   
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Figure 29.  Raw GPS data in temporal order. 

 

Since a GPS receiver records locations in a temporal sequence, the reporting format 

of the information such as places of abbreviations, measures, etc. for a single GPS data is 

kept.  For example, in Figure 28, four temporally ordered point observations are shown.  



96 

 

They repeat the same types of information using the same kinds of abbreviations such as 

‘lat’ and ‘lon’.  As can be seen in Table 6, ‘lat’ and ‘lon’ are the abbreviations for latitude 

and longitude respectively, as reported in decimal degrees.  The abbreviation ‘ele’ is for 

the altitude (in meters above sea level) of the GPS unit at the instant of signal received 

from the satellite.  The configuration of reporting date and time may depend on the GPS 

receiver manufacturer.  In Figure 28 and 29, the date and time of the sample represented 

by the abbreviation of ‘time’ are recorded based on the Greenwich Mean Time (GMT).  

The format of the date is yyyy-mm-dd (i.e., four-digit year - two-digit month - two-digit 

day) where the format of the clock time is hh:mm:ss (i.e., two-digit hour : two-digit 

minute : two-digit second in the style of 24-hour clock).  The speed is another data 

variable that can be collected by GPS recorders.  In Figure 28 and 29, speed is simply 

designated as ‘speed’ (no abbreviation) measured in meters per second.   

When processing the raw GPS data in the format of *.gpx, several problems were 

encountered.  One of the most common problems in the raw GPS data in *.gpx format 

was the repetitiveness of records taken from the GPS devices (Figure 30).  For a period of 

time, information recorded at an instant repeats itself twice or three times in a dataset due 

to malfunctioning of devices.  A Python script was written to search for repetitive records 

and remove them from further consideration.  Also, extreme records of latitude, 

longitude, and elevation whose values are anomalous enough to indicate an error in 

measurement were recorded (i.e., altitude of -150.00). These types of errors can be 

common in GPS datasets.  As such, the Python script was written to detect records that 

had elevations more than 500.0 meters and speeds of more than 100.0 miles per hour, and 

longitudes and latitudes out of the range of globally used values to eliminate them from 
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further analysis.  Due to data storage limitations of the GPS receivers, most of the GPS 

data had to be downloaded in *.gpx format at different intervals for an individual and 

then re-combined at a later time.  Thus, for each individual, these multiple GPS datasets 

had to be combined into a single file.  As such, it was necessary to search the combined 

dataset again to eliminate redundant GPS records.  Once the raw GPS data had been 

appropriately rendered, it was ready for subsequent analysis.   

 

Figure 30.  A sample of raw GPS data with repetitive information. 

 

Figure 31 depicts the type of information recorded by the accelerometry device 

shown in Figure 27.  Information in the accelerometer unit can be downloaded to a 
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computer in comma-separated values (*.csv) format which can be opened up by many 

database software packages (Figure 31).  Start date and time of data recording, the 

duration of epoch period, the serial number of the device, and download date and time are 

typically listed in the header of the data files.  Unlike GPS records, the accelerometry 

data do not initially have specific time references for each record.  However, because the 

time at which data began recording and the epoch length and frequency of reporting is 

known, the time of each recording can be easily computed.  For instance, given a start 

time of 09:00:00 and an epoch interval of 5.0 seconds (Figure 31), the time associated 

with the first epoch would be 09:00:05.  Therefore, the activity data reported for this 

epoch would be all activity occurring between 09:00:00 and 09:00:05 which amounts to 

15 units of physical activity in the data shown in Figure 31.  For the second 

accelerometry record in the sequence of vertically arranged numbers on the left side of 

the figure, data accumulation starts at 09:00:05.  The physical activity counts are summed 

up over the following 5.0 seconds and reported at 09:00:10 (zero activity units in Figure 

31).  The same cycle of data collection and storage continues unless the device is turned 

off or the batteries are empty.   
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Figure 31.  Sample accelerometry data in comma-separated values (*.csv) format. 

 

Errors in the accelerometry data are less frequently encountered than was the case 

with the GPS data.  However, some processing is needed to check for problems.  For 

instance, there were some cases where the device recorded more data than expected 

(Figure 32) since the device was not turned off at the same time as the others.  In other 

situations, it was clear that the accelerometer was simply not worn, but still permitted to 

collect data.  The accelerometer data were, therefore, carefully evaluated to detect and 

eliminate spurious data records from further analysis.  As mentioned earlier, the raw 

accelerometry data records were not individually attributed to the time at which they 

were recorded.  However, given that they were recorded in temporal order at  regular 

intervals, and the time of the first record is known, a Python script was written to process 

the data to attribute each record with its  month, day, year, hour, minute, and second. 



100 

 

Building the linkage between the discrete GPS records and aggregate physical 

activity data is essential for linking activity data with location.  The next section covers 

the assignment of GPS records to accelerometer records.  Later, travel paths on a network 

were inferred using the matched data (i.e., GPS and accelerometry data) and similarity 

among the inferred paths was evaluated. 

 

Figure 32.  Accelerometry data with excessive number of records. 
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4.4.  Fusing GPS and Accelerometry Data 

As discussed in Chapter 3, there are several ways of linking point observations of 

location, such as those obtained via GPS, with data reported at an aggregate level, such as 

level of physical activity.   To effectively relate records in both datasets, a computer 

program was written to inspect the time fields for each GPS record, and then to search for 

an accelerometry record with a collection epoch containing the time associated with the 

GPS record.  This process is illustrated in Figure 33 and is based on the processed 

accelerometry and GPS records as shown in Tables 7 and 8.   Should a GPS record fall 

within the data collection epoch of an accelerometry record, a match between the GPS 

and accelerometry records must be made.  The number of GPS records to be associated 

with a single accelerometry record must also be noted.  In this case, the value of an 

accelerometry record was proportionally distributed across the GPS records that fell 

within the epoch time interval of the accelerometry record.  Instances in which a GPS 

record cannot be matched to any acceleromety record were also noted during the 

matching process.  Table 9 lists the characteristics of the GPS and accelerometer data 

collected for a sample of the study participants.  Here, it is easy to see that while the 

number of accelerometry data records collected for each individual was relatively the 

same, the number of GPS records that were collected or could be confidently included for 

analysis can be considerably different. 
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Figure 33. The matching process: distribution of accelerometry counts across 

GPS records.
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Table 7.  Example of processed accelerometry data. 
Record ID 

number 

Level of physical 

activity count 
Month Day Year Hour Minute Second 

1 47 9 29 2011 20 49 40 

2 0 9 29 2011 20 49 45 

3 83 9 29 2011 20 49 50 

4 39 9 29 2011 20 49 55 

5 332 9 29 2011 20 50 0 

6 61 9 29 2011 20 50 5 

7 180 9 29 2011 20 50 10 

8 0 9 29 2011 20 50 15 

9 50 9 29 2011 20 50 20 

10 6 9 29 2011 20 50 25 

11 0 9 29 2011 20 50 30 

12 0 9 29 2011 20 50 35 

13 64 9 29 2011 20 50 40 

14 402 9 29 2011 20 50 45 

15 110 9 29 2011 20 50 50 
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Table 8.  Example of processed GPS records. 

Latitude Longitude Altitude 
Individual 

ID 
Month Day Year Hour Minute Second 

38.945115 -92.36639 149.98947 4201 9 30 2011 11 58 37 

38.945175 -92.36629 149.98657 4201 9 30 2011 11 58 42 

38.946097 -92.36626 150.00288 4201 9 30 2011 11 58 47 

38.946228 -92.36623 149.98870 4201 9 30 2011 11 58 52 

38.946520 -92.36619 149.99472 4201 9 30 2011 12 1 26 

38.946884 -92.36616 149.99438 4201 9 30 2011 12 1 31 

38.947297 -92.36592 150.00486 4201 9 30 2011 12 1 36 

38.947810 -92.36593 150.00287 4201 9 30 2011 12 1 41 

38.948332 -92.36605 150.01052 4201 9 30 2011 12 1 46 

38.948796 -92.36544 150.01562 4201 9 30 2011 12 1 51 

38.950479 -92.36544 150.01589 4201 9 30 2011 12 1 56 

38.950973 -92.36535 150.01984 4201 9 30 2011 12 2 1 

38.952172 -92.36531 150.01658 4201 9 30 2011 12 2 6 

38.952725 -92.36857 150.02446 4201 9 30 2011 12 2 11 

38.953112 -92.36894 150.00062 4201 9 30 2011 12 2 16 
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Table 9.  Summary of data collected from study participants. 

Participant 

# of 

accelerometry 

records 

# of GPS 

records 

1 174,958 75,883 

2 174,960 70,981 

3 174,959 21,693 

4 174,960 56,576 

5 174,960 23,489 

6 174,958 68,387 

7 174,959 99,052 

8 169,859 97,237 

9 174,960 58,354 

10 83,854 43,624 
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The outcome of matching the GPS and accelerometry data is shown in Table 10.  

Here, each GPS record that can be related to accelerometry records is now associated 

with a corresponding accelerometer record ID (a number zero reflects no corresponding 

matches), level of physical activity count associated with the accelerometry record, count 

frequency (number of GPS records associated with a accelerometer interval), and 

proportional allocation of counts over the GPS records associated with the same 

accelerometer interval.   
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Table 10.  Example matched GPS and accelerometry records 

ID Latitude Longitude Altitude 
Individual 

ID 
Month Day Year Hour Minute Second 

Corresp. 

accel. ID 

Phy.act. 

level 

Count 

freq. 

Prop. 

alloc. 

Int. 

per. 

82 39.24410 -91.5441 149.98947 4201 9 30 2011 11 58 37 417 80 1 80 0 

83 39.24417 -91.5642 149.98657 4201 9 30 2011 11 58 42 418 162 1 162 0 

84 39.24509 -91.5642 150.00288 4201 9 30 2011 11 58 47 419 90 1 90 0 

85 39.24522 -91.5642 149.98870 4201 9 30 2011 11 58 52 420 17 1 17 0 

86 39.24552 -91.5641 149.99472 4201 9 30 2011 12 1 26 451 11 1 11 0 

87 39.24588 -91.5641 149.99438 4201 9 30 2011 12 1 31 452 0 1 0 0 

88 39.24629 -91.5639 150.00486 4201 9 30 2011 12 1 36 453 41 1 41 0 

89 39.24681 -91.5639 150.00287 4201 9 30 2011 12 1 41 454 60 1 60 0 

90 39.24733 -91.5640 150.01052 4201 9 30 2011 12 1 46 455 82 1 82 0 

91 39.24779 -91.5644 150.01562 4201 9 30 2011 12 1 51 456 183 1 183 0 

92 39.24947 -91.5634 150.01589 4201 9 30 2011 12 1 56 457 35 1 35 0 

93 39.24997 -91.5633 150.01984 4201 9 30 2011 12 2 1 458 0 1 0 0 

94 39.25117 -91.5633 150.01658 4201 9 30 2011 12 2 6 459 0 1 0 0 

95 39.25172 -91.5665 150.02446 4201 9 30 2011 12 2 11 460 94 1 94 0 

96 39.25211 -91.5669 150.00062 4201 9 30 2011 12 2 16 461 58 1 58 0 
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Table 11 summarizes the number of students from all four participating schools 

(West Boulevard, Russell, Derby Ridge, Parkade Elementary School).  In some cases, 

data were not properly obtained from participants and matching GPS and accelerometry 

records was not possible.  As can be seen in Table 12, the percentages of acquired and 

matched data are listed in terms of data collection periods.  For example, dividing the 

total number of GPS records by the total number of records matched at each semester 

gave the percentage of the GPS records matched with accelerometry data.  Results 

indicate that while the number of GPS records collected decreased at every data 

collection period, the percentage of  GPS records that were able to be matched with 

accelerometry records increased.  Therefore, the level of matching success increased at 

every data collection period (i.e., 85.8%, 89.3%, and 95.8% for Spring 2011, Fall 2011, 

and Spring 2012, respectively).  Since the accelerometry data recorders are relatively 

more reliable and consistent than the GPS recorders, most of the time there was an 

accelerometry record that could be matched with a GPS record.  However, due to 

problems such as memory capacity and battery issues of the accelerometry units, a small 

proportion of the GPS records were unable to be matched (14.2%, 10.7%, and 4.2% for 

Spring 2011, Fall 2011, and Spring 2012, respectively) (Table 12).  Hence, the level of 

success in matching GPS locations with accelerometry records was relatively high.  Table 

20, 21, and 22 in Appendix A lists the information (i.e., number of accelerometry and 

GPS records collected and the number of matched records) of all the students from the 

three test semesters.  Also a summary of data collection and matching rates for ten 

students from one school for each collection day is provided in Appendix A to highlight 
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the fact that differences in the number of GPS and accelerometry data collected for each 

student can also vary widely over the course of a collection period. 

 

Table 11.  Summary of individuals participating in study  

Semester School name 
Total # 

students 

# with 

GPS 

data 

# with 

accel. 

data 

# GPS and 

accel. 

matched 

Spring 

2011 

West Blvd. 34 34 34 34 

Russell 36 35 36 35 

Derby Ridge 34 34 30 30 

Parkade 20 20 18 18 

  Σ = 124 Σ = 123 Σ = 118 Σ = 117 

Fall 

2011 

West Blvd. 32 31 30 29 

Russell 33 33 31 31 

Derby Ridge 30 29 27 26 

Parkade 20 20 19 19 

  Σ = 115 Σ = 113 Σ = 107 Σ = 105 

Spring 

2012 

West Blvd. 27 27 27 27 

Russell 33 33 32 32 

Derby Ridge 27 26 27 26 

Parkade 20 20 19 19 

  Σ = 107 Σ = 106 Σ = 105 Σ = 104 
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Table 12.  Summary of data acquired and matched during each collection period 

Semester 
Total # GPS 

records within 

collection time 

Total # GPS 

records out of 

collection time 

Total # accel. 

records within 

collection time 

Total # accel. 

records out of 

collection time 

Total # 

records 

matched 

% GPS 

records 

matched with 

accel. records 

Spring 2011 6,551,170 66,149 18,079,183 0 5,623,447 85.8 

Fall 2011 5,224,801 0 17,534,472 0 4,664,431 89.3 

Spring 2012 3,469,666 52,309 18,306,229 0 3,322,994 95.8 

 

Once matched, the GPS locations can be rendered in any GIS to visualize their 

locations and relative accelerometry values (Figure 34).  Next, observed location and 

physical activity levels can be geographically referenced to the network topology to 

better understand how the road network may have functioned in supporting their activity. 

 

Figure 34. Visualizing the results in a GIS after matching GPS and 

accelerometry records. 

 

 

4.5.  Fusing Observations of Location with Network Topology 

Given error and uncertainty in GPS records and other geospatial data, such as road 

network data, upon which the records might be evaluated, correspondence between the 

GPS records and other geospatial datasets can vary wildly.  To better associate the 

locations at which the study participants were observed in their daily travels with the road 

network assumed to support their travel, the SCPPOD method was applied to the matched 

GPS and accelerometry data collected during the Spring semester of 2011 at all four 
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schools.  To better understand the role of transportation infrastructure in supporting 

travel, GPS records associated with students’ movement between school and home were 

extracted for further analysis.  Generally speaking, the GPS records corresponding to this 

travel are those occuring  after 3:00 PM (for school-to-home trips) up to the point where 

they reach their home location.  The location where their trips ended is detrmined by a 40 

m buffer zone around their home.  The GPS records from school-to-home buffer zone 

were assumed to represent the school-to-home trip.  The reason for selecting school-to-

home trips for further analysis is that they held promise of more physical activity than the 

trips of home-to-school in the morning.  Also, since the schools end at 3:15 PM every 

weekday, the individuals often have plenty of time for traveling to recreational activities.   

Ultimately, although data were collected from more than 100 individuals at every 

collection period, the final data selection was restricted to 25 individuals and 108 school-

to-home trips, which proved adequate for further analysis.  In spite of human-related 

errors during data collection periods (e.g., forgetting the accelerometry devices on at 

home), both kinds of data (GPS and accelerometry) were collected.  However, 

accelerometry data sometimes recorded zero level of physical activities due to such 

human-related errors.  Since this was not an anomaly, the zero level of physical activity 

recording is often observed with the school-to-home trips.  Therefore, only trips which 

contained both location data and level of physical activity data were sought to warrant 

further analysis.  Also, only trips for individuals who had at least three quality trips are 

considered for the following analysis.  In this study, a total of 108 school-to-home trips 

were ultimately identified, which in total were comprised of around 15,766 GPS records, 

spanning nearly 22 hours.  Given the GPS data for these 108 trips, the paths likely 
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supporting these travels were then inferred using straight-line, closest-assignment, and 

SCPPOD methods.  All methods were implemented in Python 2.6 using ESRI’s ArcGIS 

10.0. 

Results of path inference methods to the 108 paths observed from the 25 students’ 

are summarized in Table 13.  In Table 13, while the number of points considered by the 

SCPPOD is 15,446 where the *Γ  standard is 40 m, the other methods used all the input 

points.  The distance standard of 40 m for the sample dataset offered an average of seven 

coverage opportunities for each of the GPS locations to be assigned to the network.  As 

discussed in Section 3.2.1, the paths inferred based on the straight-line method exhibit a 

very poor relationship with the actual network segments.  The path defined by the 

straight-line method may have intersected the network arcs a couple of times; however, 

none of the nodes on the network corresponded exactly with GPS locations.  With the 

closest-assignment method for path inferrence, each GPS location could only be assigned 

to one network node (i.e., the nearest node in terms of cost such as distance).  

Additionally, the number of network arcs inferred using the closest-assignment method 

(4,845 arcs) was larger than that identified by the SCPPOD method (3,556 arcs) which 

can be attributed to fact that the closest-assignment method can erroneously include/ 

exclude arcs.  Considering the straight-line method again, it should be noted that this 

method can only connect the points requiring coverage by straight lines to infer a path; 

hence, the paths created by this method may not follow the directions of arcs in the 

network topology.  Therefore, the length of the paths inferred by these two methods may 

be different than the lengths of the actual paths.  For example, the paths inferred by the 

straight-line method are 1.86% shorter than the total length of the actual paths while the 
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paths created by the closest-assignment method are 16.54% longer than the actual paths.  

However, the SCPPOD method infers paths with the same length of the actual paths.  

However, in some cases, even though the SCPPOD method works fine and provides high 

quality outputs, total length of the SCPPOD method paths can be little bit longer or 

shorter than total actual path length.  The reason behind this type of outcome may be due 

to errors and problems in the network topology (not due to the SCPPOD method) wherein 

the topology incorrectly represents the road infrastructure in some way, i.e., missing 

segments (Figure 35a) and inconsistent alignment representation (Figure 35b).  Also in 

Appendix A, path characteristics information for the 25 participants in this study and 

subsequent 108 school-to-home trips are detailed and differentiated according to method.  

 

Table 13.  Comparison of path characteristics by method for all 108 paths. 
# 

points 

(k) 

Method 
# points 

involved 
Avg. | |

k
ΓΓΓΓ  # 

arcs 

Length 

(m) 

% dev. 

(length) 

from actual 

15,766 

Actual path 15,766 7.12 3,556 589,055 0.00 

Straight line 15,766 0.00 0 578,109 -1.86 

Closest assignment 15,766 1.00 4,845 686,463 +16.54 

SCPPOD 15,446 7.12 3,556 589,055 0.00 
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Figure 35.  (a) Missing segments in network topology, (b) Inconsistent alignment 

representation in network topology. 

 

 

4.6.  Assessing Path Similarity 

An important task in many transportation analyses is to compare alternative paths 

of movement between a pair of locations.  As reviewed in Chapter 2.3, many metrics 

have been proposed for assessing the performance of paths relative to one another.  

However, existing approaches are limited in their ability to represent the true spatial 

correspondence among paths.  The method proposed for path comparison in Chapter 3.3 

was designed to reduce some of the limitations of prior approaches.  In this Section, the 

spatial path correspondence model described in Chapter 3.3 is applied to assess the 

spatial similarity among a set of alternative paths inferred from observations of travel 

activity between origin and destination.  In this application, seven alternative paths 
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connecting an origin and destination were extracted from a road network.  Table 14 

provides a summary of the paths’ characteristics (length, capacity, traffic flow, travel 

time, road composition, and indices for path comparison.  In addition, based on the road 

hierarchy, the capacity and traffic flow rates of the paths were summarized based on the 

guidelines of Mannering et al. (2009).  To describe the circuity of paths, the route 

directness index of Papinski and Scott (2011) was also computed.  The deviation indices 

of Jan et al. (2000) are depicted in Figure 36.  While many of the paths appear to be very 

similar according to these simple comparative metrics, clear differences in their spatial 

morphology exist.   

To better understand both the structural correspondence of paths to one another and 

the level of spatial correspondence among the paths, the indices proposed in this 

dissertation can be computed between all pairs of paths.  Since there are seven paths 

(whose characteristics are listed in Table 14) to be evaluated in this application, 21 path-

to-path comparisons can be made.  
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Table 14.  Characteristics of seven example paths. 

 

 

 

 

Path 

 

 

 

Length 

(m) 

 

 

Travel 

Time 

(sec) 

Road Composition  

 

Capacity 

(pc/hr/

ln) 

 

 

Traffic 

Flow 

(pc/hr/ln) 

 

 

 

Huber’s 

Index 

 

Route 

Direct-

ness 

Index 

Local 

Street 

(LS) 

(m) 

 

 

 

% LS 

 

Collector 

(CL) 

(m) 

 

 

 

% CL 

 

Arterial 

(AR) 

(m) 

 

 

 

% AR 

 

Freeway 

(FR) 

(m) 

 

 

 

% FR 

1a 4990.9 338 865.1 17.3 1017.4 20.4 3108.4 62.3 0.0 0.0 1418 823 0.305 1.577 

1b 11412.2 802 3768.5 33.0 4888.5 42.8 2755.2 24.1 0.0 0.0 1240 699 0.724 3.606 

1c 11412.2 802 3768.5 33.0 4888.5 42.8 2755.2 24.1 0.0 0.0 1240 699 0.724 3.606 

2a 4990.9 338 865.1 17.3 1017.4 20.4 3108.4 62.3 0.0 0.0 1418 823 0.305 1.577 

2b 11412.2 802 3768.5 33.0 4888.5 42.8 2755.2 24.1 0.0 0.0 1240 699 0.724 3.606 

2c 5649.0 446 3439.5 60.9 577.6 10.2 1631.9 28.9 0.0 0.0 1143 625 0.117 1.785 

2d 4698.4 392 2600.4 55.3 0.0 0.0 2098.0 44.7 0.0 0.0 1213 673 0.007 1.485 

Note: pc/hr/ln = passenger car per hour per lane. 
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As can be seen in Table 14, the paths for each student share the same origin and 

destination.  For instance, paths 1a-c represents the paths of Student 1 and paths 2a-d 

represents the paths of Student 2.  In general, variation in travel distance and time as well 

as road composition are seen in their paths.  For instance, over the three paths of Student 

1 (Paths 1a-c), the average distance traveled was more than 9.2 km, and the average 

travel time was more than 10 minutes.  Furthermore, the road composition over the three 

paths also showed some variation.  For example, the average use of local streets, 

collectors, and arterials was about 25%, 32%, and 43%, respectively.  This indicates that 

Student 1was more often exposed to arterials instead of the freeways enroute to his/her 

destination.  For Student 2, over the four paths (Paths 2a-d), the average distance traveled 

was more than 6.6 km while the average travel time was more than 8 minutes.  Student 2 

also made use of local streets, collectors, and arterials, instead of the freeways in their 

travel.  The road composition traversed by Student 2 is approximately 42% of local 

streets, 18% of collectors, and 40% of arterials.  Therefore, this student appears to have 

higher exposure to local streets and arterials for school-to-home trips.  

As depicted in Figure 37, the values of structural similarity indices range between 

0.0 (no structural similarity) and 1.0 (full structural similarity).  For example, while the 

structural similarity index value between Paths 1b and 2b (two paths sharing the same 

origin and destination) indicates full similarity between these paths, there is a similarity 

index of 0.039 between Paths 2b and 2c relative to Path 2b.  There is also a similarity 

index of 0.078 between Paths 2b and 2c relative to Path 2c.  These results show Paths 2b 

and 2c are not identical paths.  Based on the spatial correspondence indices in Figure 38, 

which were derived using the new spatial correspondence method, a better interpretation 
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of spatial similarity can be made over that of Jan et al. (2000).  For example, while the 

average spatial divergence between Path 2c and 2d is 0.116 km in Figure 36, it was found 

that the average spatial divergence between those paths is actually 0.253 km as shown in 

Figure 38.  This indicates that the path deviation indices of Jan et al. (2000) in Figure 36 

underestimate the spatial divergence between any two paths given.  According to the 

structural similarity indices in Figure 37 and the spatial correspondence indices in Figure 

38, the average shape similarity and the average spatial deviation among the paths in 

Table 14 exhibit some variation.  For example, the average path similarity for the paths of 

Student 1 (Paths 1a-c) is 0.7 while the average path similarity of Student 2 (Paths 2a-d) is 

0.3.  This seems to indicate that the paths of Student 1 are, on average, more spatially 

similar to one another compared to the paths of Student 2.  Furthermore, while the 

average spatial deviation of Student 1‘s paths was 1.2 km, the average spatial deviation of 

Student 2’s paths was 0.7 km.  Therefore, the paths of Student 2 were on average 

spatially more similar (showing less spatial deviation) to one another than the paths of 

Student 1.   

In general, the results of the new measure of path correspondence (Figure 38) are 

relatively close to the geographical similarity metric of Jan et al. (2000) in cases where 

the paths are completely divergent.  However, the results in Figure 38 provide better 

understanding of the spatial correspondence of paths in cases where path are not 

completely divergent.  For example, comparing Paths 2a and 1b, while the spatial 

divergence according to the Jan et al. (2000) method is 0.367 km (Figure 36), when non-

divergent feature are taken into account,  the two paths are found to diverge on average 

1.723 km (Figure 38).  In another case, the spatial divergence for Path 2c and 2d is 
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reported as 0.116 km in Figure 36; while proper accounting for non-divergencies 

indicates a spatial divergence of 0.253 km on average (Figure 38).  
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Path 1a 1b 1c 2a 2b 2c 2d 

1a 0 0.367 0.367 0.000 0.367 0.299 0.284 

1b 0.367 0 0.000 0.367 0.000 0.588 0.674 

1c 0.367 0.000 0 0.367 0.000 0.588 0.674 

2a 0.000 0.367 0.367 0 0.367 0.299 0.284 

2b 0.367 0.000 0.000 0.367 0 0.588 0.674 

2c 0.299 0.588 0.588 0.299 0.588 0 0.116 

2d 0.284 0.674 0.674 0.284 0.674 0.116 0 

 

Figure 36.   Jan et al. (2000) path deviation indices for paths. 

 

Path 1a 1b 1c 2a 2b 2c 2d 

1a 1 0.787 0.787 1 0.787 0.302 0.355 

1b 0.344 1 1 0.344 1 0.039 0.062 

1c 0.344 1 1 0.344 1 0.039 0.062 

2a 1 0.787 0.787 1 0.787 0.302 0.355 

2b 0.344 1 1 0.344 1 0.039 0.062 

2c 0.266 0.078 0.078 0.266 0.078 1 0.450 

2d 0.377 0.151 0.151 0.377 0.151 0.542 1 

 

Figure 37.  Structural similarity indices among paths. 
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Path 1a 1b 1c 2a 2b 2c 2d 

1a 0 1.723 1.723 0 1.723 0.428 0.456 

1b 1.723 0 0 1.723 0 0.638 0.794 

1c 1.723 0 0 1.723 0 0.638 0.794 

2a 0 1.723 1.723 0 1.723 0.428 0.456 

2b 1.723 0 0 1.723 0 0.638 0.794 

2c 0.428 0.638 0.638 0.428 0.638 0 0.253 

2d 0.456 0.794 0.794 0.456 0.794 0.253 0 

 

Figure 38.  Spatial correspondence indices among paths. 
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Since the location of the aggregate measures of students’ activity (i.e., 

accelerometry) can be inferred (to a point and/or path), they can now be related to 

ambient geospatial features using GIS as described in Section 3.3.  In this study, land use 

dataset for Columbia, MO created by Professor Charles H. Nilon (Department of 

Fisheries and Wildlife Sciences, University of Missouri) using the classification system  

of Freeman and Buck (2003) was used to associate locations of activity with surrounding 

land use (Figure 39).  This land use dataset classifies land use into eight categories. These 

are residential (R), commercial (C), industrial (Ind), parks and open spaces (P), 

agriculture (A), institutional (Ins), transportation (T) and water (W) lands.  Since the 

service standard 
*Γ  is set to 40 m in this case, and visited network nodes are determined 

within 
*Γ  when inferring the network paths of individuals, a buffer distance representing 

the range at which activity is assumed to be influenced by land use must be at least equal 

to 
*Γ .  Based on this assumption, Table 15 depicts the percentages of time a trip was 

exposed to the various land use designations.  For example, while the spatial 

correspondence indices of Path 1b and 1c are identical to one another as shown in Figure 

38, the true locations of aggregate measures (i.e., time spent in environments) of their 

activity are different (Table 15).  Thus, exposure to land uses could change among paths 

(e.g., Path 1b and 1c) although the paths may actually be structurally identical.  That is, 

exposure to land use depends on how the individual used the path (i.e., travel time).  As 

discussed, relating aggregate observations to locations inferred (such as a movement 

along a path) provides an ability to associate the aggregate measures with the 

approximate location of the activity (i.e., environments traversed and exposure to those 

environments).   
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Figure 39.  Urban land uses for Columbia, MO (Charles H. Nilon, personal 

communication, February 2011). 

 

 

Table 15. Summary of land use within 40m of each path. 

Path % R % C % Ind % P % A % Ins % T % W 

1a 91.7 2.3 0.0 3.3 0.0 0.6 2.1 0.0 

1b 70.1 23.1 3.5 0.2 0.0 0.1 3.0 0.0 

1c 70.0 23.4 3.2 0.3 0.0 0.2 2.9 0.0 

2a 91.6 2.5 0.0 3.2 0.0 0.5 2.2 0.0 

2b 70.1 23.1 3.4 0.3 0.0 0.1 3.0 0.0 

2c 92.6 2.3 0.0 2.6 0.0 0.4 2.1 0.0 

2d 92.1 2.4 0.0 2.7 0.0 0.5 2.3 0.0 
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Moreover, in terms of variation of the average time spent in land use over the paths 

in Table 15, most of the paths’ land use mix is associated with residential areas, 77% on 

average for Paths 1a-1c and 86% on average for Paths 2a-2d.  However, the average rate 

of time spent in land use associated with parks and open spaces is relatively low (on 

average 1.2% for Paths 1a-1c  and 2.2% for Paths 2a-2d) based on data collected from 

origin to destination.  

Table 16 lists the average structural correspondence as well as the average spatial 

deviance of the 108 paths for all 25 students.  In addition, the average time and level of 

physical activity spent in the various land use/land cover categories are detailed for each 

individual.  As can be seen in Table 16, inspection of the average time and activity levels 

associated with land use indicates that all of the paths are different.  For instance, the five 

paths of Student 10 are on average structurally almost identical; hence, his/her paths do 

not show any spatial divergence along the network topology.  However, the paths of 

Student 10 indicated that he/she spent different amounts of time and activity in the land 

use categories during the five trips (e.g. on average 31% in residential, 38% in 

commercial, 15% in parks and open spaces, etc.).  For instance, while that individual 

spent on average 31% of his/her time in residential areas, he/she performed only about 

11% of his/her level of physical activity in residential areas.  Additionally, while the 

same individual spent 15% of his/her time in parks and open spaces, on average only 4% 

of his/her level of physical activity took place in parks and open spaces.  
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Table 16.  Summary of spatial characteristics for all paths for the 25 students. 
 

 

 

Stu. 

 

# 

paths 

Ave. 

Struc-

tural 

Corr. 

 

Ave. 

Spatial 

Deviance 

 

Ave. LULC [%] 

 

Ave. Level of Physical Activity [%] 

R C Ind. P A Ins. T W R C Ind. P A Ins. T W 

1 6 0.713 0.229 34.26 49.76 0.03 10.38 0.97 3.21 1.38 0.00 22.49 55.92 0.00 5.79 0.06 0.83 0.09 0.00 

2 4 0.585 0.361 72.78 19.47 2.15 0.00 0.00 3.61 1.98 0.00 70.32 13.73 0.96 0.00 0.00 5.62 1.27 0.00 

3 4 0.594 0.322 85.59 9.07 0.00 3.02 0.00 1.03 1.26 0.02 75.52 8.62 0.00 4.20 0.00 1.29 0.70 0.09 

4 4 0.919 0.165 35.01 38.89 0.00 5.18 17.80 3.11 0.00 0.00 13.37 57.52 0.00 0.79 7.96 0.35 0.00 0.00 

5 6 0.538 0.413 80.34 11.84 0.00 4.90 0.95 1.24 0.71 0.01 49.98 29.85 0.00 7.51 1.24 2.54 0.02 0.00 

6 4 0.731 0.173 85.16 7.48 0.92 2.45 0.00 0.68 3.30 0.00 82.87 9.01 0.82 2.25 0.00 0.78 2.74 0.00 

7 4 0.441 0.930 22.92 39.02 0.31 22.20 8.90 1.49 5.16 0.00 6.91 25.39 0.05 18.72 2.88 1.55 2.15 0.00 

8 5 0.296 0.574 41.53 36.17 0.08 12.63 4.95 2.64 1.99 0.00 32.43 24.27 0.00 16.33 4.74 1.64 0.03 0.00 

9 5 0.365 0.201 54.74 31.28 4.60 4.59 0.00 2.71 2.08 0.00 47.23 40.10 0.22 5.89 0.00 4.52 0.74 0.00 

10 5 0.958 0 31.04 38.87 0.36 15.16 5.29 1.13 8.15 0.00 11.63 10.09 0.00 4.72 2.55 0.98 4.89 0.00 

11 4 0.453 0.270 95.31 0.94 0.00 0.40 0.00 2.40 0.96 0.00 97.59 0.00 0.00 0.00 0.00 2.41 0.00 0.00 

12 5 0.687 0.344 30.96 43.26 20.07 2.19 0.00 0.51 3.01 0.00 22.95 31.85 11.01 0.51 0.00 0.80 2.00 0.00 

13 5 0.696 0.270 89.59 6.44 0.00 1.92 0.00 1.16 0.87 0.02 80.62 8.29 0.00 0.50 0.00 0.71 0.72 0.35 

14 4 0.881 0.213 32.96 37.66 0.00 5.83 20.36 3.19 0.00 0.00 45.45 25.95 0.00 0.44 8.84 8.92 0.00 0.00 

15 4 0.941 0.032 69.69 22.74 3.28 0.00 0.00 1.97 2.31 0.00 65.78 22.87 3.17 0.00 0.00 2.03 1.88 0.00 

16 4 0.421 0.163 82.81 12.26 0.29 0.57 0.00 3.25 0.82 0.00 52.71 35.43 3.37 1.15 0.00 2.46 2.57 0.00 

17 3 1 0 97.53 0.04 0.00 0.00 0.00 2.42 0.00 0.00 99.94 0.00 0.00 0.00 0.00 0.06 0.00 0.00 

18 5 0.482 0.220 72.40 20.08 0.00 1.51 0.00 5.94 0.06 0.00 62.84 27.42 0.00 5.14 0.00 4.76 0.07 0.00 

19 4 0.943 0.113 92.57 4.97 0.00 1.41 0.00 0.86 0.19 0.00 86.80 5.69 0.00 0.92 0.00 1.37 0.31 0.00 

20 3 0.609 3.418 32.07 42.25 0.52 5.62 15.16 2.61 1.76 0.00 48.93 35.92 1.76 0.04 0.70 3.36 7.04 0.00 

21 4 0.762 0.260 24.67 71.59 0.00 1.77 0.00 1.97 0.00 0.00 10.50 87.06 0.00 0.70 0.00 1.09 0.00 0.00 

22 4 0.812 0.085 91.11 1.81 0.00 0.00 0.00 6.27 0.81 0.00 89.14 0.00 0.00 0.00 0.00 1.99 0.03 0.00 

23 4 0.794 0 30.11 41.32 0.00 5.70 19.77 3.11 0.00 0.00 13.28 19.96 0.00 2.06 17.09 1.02 0.00 0.00 

24 5 0.631 0.291 32.52 42.70 1.20 9.25 5.80 2.24 6.28 0.00 17.63 33.15 0.00 7.93 5.03 0.37 0.05 0.00 

25 3 0.244 1.778 23.40 43.70 2.35 5.26 16.07 4.90 4.30 0.00 17.69 42.04 5.97 1.77 7.27 6.00 5.45 0.00 
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CHAPTER 5 
 

CONCLUSION 
 

 

 

Collection of data for transportation research and processing them for subsequent 

use is a complex task, one that is also prone to introducing considerable error into 

analysis.  In addition, error and uncertainty can stem from other sources, which can lead 

to serious difficulties in combining different kinds of data collected in the same time 

period.  Many times, observations of activities are reported using different types of 

measurement equipment with different data recording styles.  For example, differences in 

frequency of data reporting commonly arise in many transportation data collection 

situations.  However, fusing different datasets is often necessary to take advantage of all 

relevant data sources in a standard framework rather than analyzing them separately in 

order to better understand and evaluate the relationships between types of information.  In 

this sense, there are a lot of important transportation research applications that require 

fusing data collected in different measurement systems.  For example, associating 

discrete spatio-temporal measurements representing network activities, (e.g., any 

movement along the network) with secondary information such as epoch-based 

observations related to the movement is still not a trivial task.  Fusing disparate sources 

of data to provide more detail on a transportation activity is a reality that many 

transportation researchers face.     

This dissertation discusses the particular issues that arise when fusing discrete, 

instantaneous observations of network-based activity with aggregate measurements of the 

activity.  This type of data matching situation commonly occurs when trying to relate 
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geographical and temporal records of location, obtained from devices such as GPS, with 

data from a coincident device such as an accelerometer.  Many possible ways in which 

two temporal sequences of data can be related to one another considering differences in 

temporal frequencies of recording measures are discussed in Chapter 2.1.  To help 

mitigate error and uncertainty in the matching process, a framework for relating discrete 

records of location to aggregate measurements is presented in Chapter 3.1.  Results of the 

proposed matching procedure are shown in Chapter 4.4 to be very effective for 

associating aggregate measurements to a discrete location.   

Given that a network topology is assumed to support the movement of an 

individual over space, another challenging task is to determine how to best associate a set 

of point observations of a trip to a network.  Several approaches for inferring paths of 

movement from discrete observations of location are first reviewed in Chapter 2.2.  In 

many transportation studies, it is often known that the activity took place along on a 

particular network.  As such, the path inferred between observations of location should 

have a good spatial correspondence with the underlying network topology.  However, 

existing methods for inferring paths from observed locations do not adequately relate 

point observations to network topology as reviewed in Chapter 2.2.  To address this 

situation, the SCPPOD method is proposed in Chapter 3.2 for inferring network paths 

from point observations of a network activity to insure that the inferred paths adequately 

reflect realistic use of an underlying network topology.  The developed approach is 

premised upon the Shortest Covering Path Problem (SCPP) of Current et al. (1984) which 

seeks to identify a least-cost path between a pair of network nodes (e.g., origin and 

destination) such that all of the points to be associated with the path fall within a 
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specified distance of the least-cost path.  Within this context, an algorithm is proposed to 

derive optimal solutions for cases where the sequence in which point locations are to be 

visited by a network path are known in advance. 

The path inference methodology developed in this dissertation always provides 

continuous network paths along a network topology.  Moreover, the SCPPOD method 

provides a reasonable representation of the network locations intervening observed 

locations to better represent where activity along a network most likely occurs.  Not only 

does the approach proposed in this dissertation use an algorithm with reasonable 

computational complexity, the algorithm can be readily implemented in a commercial 

GIS as is done in this dissertation.  In Chapter 4.5, the performance of the proposed 

approach is assessed relative to several other methods commonly implemented in support 

of path inference.  Many other options for extending the proposed methodology certainly 

exist.  For example, there is a possibility of prioritizing assignment of observed locations 

to network topology based upon road type (i.e., if the observation is for trucking, the 

priority can be given to freeways).  While GPS data are used to demonstrate the 

applicability of the proposed methodology in this study, many other applications (i.e., 

different sources of point observations and different types of networks) could certainly 

benefit from this approach. 

With any method for network path inference, increasing the level of detail in the 

input data can improve the path inference quality.  For the observed point sequence, 

systematic (both spatial and temporal) observations of a network activity, higher 

sampling frequency, and greater positional accuracy can enhance the representations of 

paths on the network.  Wentz et al. (2003) and Srinivasan et al. (2009) discuss 
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possibilities for interpolating missing point observations when a greater sampling of a 

geographically referenced activity is desired.  Should the spatial and temporal spacing of 

points be such that the assumption of cost-minimizing movement becomes degraded, the 

SCPPOD approach can be adapted to account for this uncertainty.  For instance, portions 

of the path affecting pairs of points between which cost-minimizing movement may not 

be certain could be assigned a probabilistic value based on the number of near-shortest 

paths that could also potentially be associated with the pair of points.  In this context, the 

shortest covering path could be viewed more as a general corridor of paths potentially 

involved in a network activity.  Besides consistency of sampled point observations and 

greater correspondence between the data points and network topology, a higher level of 

positional accuracy can increase the success of path inference.  In a dense network 

topology, such as in a large urban area, the accuracy of inference could be enhanced 

given inputs with higher positional accuracy and frequency.  Lastly, since it is assumed in 

this dissertation that the point observations are representative of a network-based activity, 

care should be taken in application of this method to situations in which this assumption 

may not hold true. 

Since the SCPPOD method always provides continuous network path along a 

network topology, evaluating similarity of the paths in their entirety is possible.  

Furthermore, since the inference of the locations at which aggregate measures of activity 

likely occur is now possible, the geospatial environments associated with such activities 

can be better quantified.   

While inferring and identifying paths are important elements of transportation 

research, characterizing and comparing paths relative to one another is also an important 
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task.  While many measures are commonly used for comparing the attributes of paths, 

very few of these have been designed to assess differences in their spatial form. 

Traditional metrics of path comparison such as time, distance, directness index etc. do not 

successfully express the spatial and structural similarity of paths as discussed in Chapter 

2.3.  Although some approaches have been proposed to attain path similarity, which 

considers the spatial features such as the geographic area enclosed within the paths 

compared, accurately describing their spatial correspondence is still a challenge.  In order 

to better address this problem, a new framework for assessing path similarity is explored 

in Chapter 3.3.  The new approach extends existing methods by better synthesizing their 

strengths.  The new measure of path similarity method computes the average spatial 

deviation between any two paths, and produces more stable and consistent results even in 

cases where the paths are not completely divergent.  Application results in Chapter 4.6 

indicate that the new metric of spatial divergence of paths provides high quality 

evaluation of path similarity.  Addition to the spatial similarity, it is important to compare 

paths based on the types of land use and/or land covers traversed by their proximity to 

other geographically referenced features.  Thus the location of aggregate measures 

associated with discrete measures can be inferred and their environments can be 

readdressed to other geographical layers such as land use/land cover.  This also allows 

better allocation of aggregate measures matched with instantaneous measures (e.g., via 

GPS) to relate them to inferred locations.   

While each of the methods described in Chapter 3 are useful on their own, Chapter 

4 provides a real-world research application which requires the integration of all three 

methods.  The particular application presented involves the collection of observations of 
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location via GPS for individuals as well as ancillary data such as their level of physical 

activity.  A data matching method related to the assignment problem (a mathematical 

programming problem) discussed in Chapter 3.1 is used to associate aggregate-based 

measures such as level of physical activity with instantaneous measurements of 

transportation activity such as GPS-based discrete observations.  Overall, more than 90% 

of the GPS records collected were successfully matched to the physical activity measures 

as reported in Chapter 4.4.  The SCPPOD method was then used to infer the network 

paths assumed to support the observed movement represented by the sequence of 

locations.  As compared with prior methods, this new methodology is capable of inferring 

paths with high quality results even in the presences of a number of missing observations 

of movements along a network topology.  Finally, the proposed method provided a new 

framework for assessing the spatial morphology of a set of paths used to support a 

particular activity.  Moreover, the aggregate measures (i.e., level of physical activity) of 

individuals in the application analysis were associated with the location of the network 

activity (i.e., true environments traversed) where the real activity took place, and their 

exposure to land uses such as time spent in environments was able to be better quantified.   

 

5.1.  Future Work 

This dissertation proposes methods to more accurately model the relationship 

between geographically referenced point observations, ancillary information, network 

topology, and other geographic features.  Also, a new framework is provided for 

comparing network paths and assessing their spatial similarity.  Future work in this 

stream of research could proceed in a variety of directions.  For example, a study could 
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be conducted to develop a device which is able to collect and/or fuse both aggregate and 

instantaneous data.  Another direction which can be originated from this dissertation is 

since a transportation network topology can often be mis-represented (i.e., missing 

arcs/nodes), such errors might be detected by the path inferring method enabling missing 

portions of the network to be identified.  The path inference methodology proposed in 

this dissertation might also be extended to other application areas, such as facilitating the 

search for criminal activity provided the locations of observed activities.  Moreover, the 

future work for the spatial similarity of paths might be extended to several subjects such 

as transportation planning.  For instance, the allocation of transit systems such as shuttle 

bus routes in a network topology might be evaluated considering the spatial similarity to 

better assign routes throughout the topology.   
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APPENDIX A 

Table 17.  Summary GPS records for ten students. 
Student 1 2 3 4 5 6 7 8 9 10 

# GPS records (day 1) 4074 9373 6639 0 5967 2237 0 8276 0 5575 

# GPS records (day 2) 9339 16070 5625 0 6961 1177 0 4731 0 8570 

# GPS records (day 3) 9809 15903 3499 0 4087 5465 0 3262 0 2890 

# GPS records (day 4) 2321 16880 6555 10948 4191 2752 7022 5203 3366 7348 

# GPS records (day 5) 11014 13785 6762 14308 0 2702 8966 6590 9484 6528 

# GPS records (day 6) 2714 14985 8134 12369 7396 2977 0 4680 14600 8695 

# GPS records (day 7) 9845 15298 7540 4487 8602 1833 1807 5725 15639 4049 

# GPS records (day 8) 13405 5831 5784 0 6948 4761 5176 2 0 8709 

# GPS records (day 9) 0 5009 7819 0 0 1870 1786 0 0 0 

# GPS records (day 10) 0 16087 0 4743 3711 758 0 2473 0 0 

# GPS records (day 11) 0 6170 598 10274 1780 109 1901 0 0 0 

Total # GPS records within 

collection time 
62521 135391 58955 57129 49643 26641 26658 40942 43089 52364 

Total # GPS records out of 

collection time 
0 0 0 4595 0 0 0 3951 430 0 

 

 

 

 

 



134 

 

Table 18.  Summary of number of days for which students had usable GPS data. 
Student 1 2 3 4 5 6 7 8 9 10 

# days ≥ 5hr of GPS data 6 11 8 6 8 2 3 6 3 7 

# days ≥ 6hr of GPS data 5 11 8 6 5 2 3 6 3 6 

# days ≥ 7hr of GPS data 5 10 8 4 5 1 3 4 3 3 

# days ≥ 8hr of GPS data 5 10 7 4 5 0 2 2 3 5 
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Table 19.  Summary of accelerometry data from ten students. 
Student 1 2 3 4 5 6 7 8 9 10 

# Accel. records (day 1) 10799 0 10799 10799 10799 10799 10799 10799 10799 10799 

# Accel. records (day 2) 17280 0 17280 17280 17280 17280 17280 17280 17280 17280 

# Accel. records (day 3) 17280 0 17280 17280 17280 17280 17280 17280 17280 17280 

# Accel. records (day 4) 17280 10295 17280 6839 17280 17280 17280 17280 17280 17280 

# Accel. records (day 5) 17280 17280 17280 0 17280 17280 17280 17280 17280 17280 

# Accel. records (day 6) 17280 17280 17280 0 17280 17280 17280 17280 17280 17280 

# Accel. records (day 7) 17280 17280 17280 0 17280 17280 17280 17280 17280 17280 

# Accel. records (day 8) 17280 17280 17280 0 17280 17280 17280 17280 17280 17280 

# Accel. records (day 9) 17280 17280 17280 0 17280 17280 17280 17280 17280 17280 

# Accel. records (day 10) 17280 17280 17280 0 17280 17280 17280 17280 17280 17280 

# Accel. records (day 11) 6121 6121 6122 0 6122 6121 6122 6124 6121 6121 

Total # Accel. records within 

collection time 
172440 120096 172441 52198 172441 172440 172441 172443 172440 172440 

Total # Accel. records out of 

collection time 
0 0 0 0 0 0 0 0 0 0 
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Table 20.  Summary of GPS records matched with accelerometry records for ten students. 
Student 1 2 3 4 5 6 7 8 9 10 

# records matched (day 1) 4074 0 6639 0 5967 2237 0 8276 0 5575 

# records matched (day 2) 9339 0 5625 0 6961 1177 0 4731 0 8570 

# records matched (day 3) 9809 0 3499 0 4087 5465 0 3262 0 2890 

# records matched (day 4) 2321 9938 6555 1179 4191 2752 7022 5203 3366 7348 

# records matched (day 5) 11014 13785 6762 0 0 2702 8966 6590 9484 6528 

# records matched (day 6) 2714 14985 8134 0 7396 2977 0 4680 14600 8695 

# records matched (day 7) 9845 15298 7540 0 8602 1833 1807 5725 15639 4049 

# records matched (day 8) 13405 5831 5784 0 6948 4761 5176 2 0 8709 

# records matched (day 9) 0 5009 7819 0 0 1870 1786 0 0 0 

# records matched (day 10) 0 16087 0 0 3711 758 0 2473 0 0 

# records matched (day 11) 0 6088 598 0 1780 109 923 0 0 0 

Total # records matched 62521 87021 58955 1179 49643 26641 25680 40942 43089 52364 

% GPS records matched 100.0 64.3 100.0 2.1 100.0 100.0 96.3 100.0 100.0 100.0 
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Table 21.  Summary of data collected from individuals in Spring 2011. 

Student ID 

# records in 

accelerometry 

data file 

# records in 

GPS data file 

# records 

matched 

% GPS records 

matched 

3001 172440 54403 54403 100.0 

3002 172440 98680 98680 100.0 

3003 172441 52708 52708 100.0 

3004 172440 111306 111306 100.0 

3005 172440 60800 60800 100.0 

3006 172440 62521 62521 100.0 

3007 172440 29070 30230 104.0 

3008 120096 135391 87021 64.3 

3009 172441 58955 58955 100.0 

3010 52198 57129 1179 2.1 

3011 172441 49643 49643 100.0 

3012 172440 80041 80041 100.0 

3013 172545 113114 113114 100.0 

3014 120192 57298 8669 15.1 

3015 172440 80268 80268 100.0 

3016 172440 56820 56820 100.0 

3017 120312 63156 43439 68.8 

3018 172443 32701 32701 100.0 

3019 119256 63423 41537 65.5 

3020 172440 13884 12426 89.5 

3021 172440 62532 62532 100.0 

3022 172440 54551 54551 100.0 

3101 172440 33891 33891 100.0 

3102 172440 24280 24280 100.0 

3103 147997 50110 48729 97.2 

3104 172440 26641 26641 100.0 

3105 172441 26658 25680 96.3 

3106 172440 97565 97330 99.8 

3107 172443 40942 40942 100.0 

3108 172440 38936 38936 100.0 

3109 172440 34816 34816 100.0 

3110 172440 45490 45490 100.0 

3111 172440 43089 43089 100.0 

3112 172440 52364 52364 100.0 
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4001 172799 21613 21613 100.0 

4002 172799 65493 65493 100.0 

4003 172798 44656 44656 100.0 

4004 172798 107641 106944 99.4 

4005 172796 60401 60401 100.0 

4006 172799 46268 46268 100.0 

4007 172799 27961 27961 100.0 

4008 172795 36976 36976 100.0 

4010 172798 42303 42303 100.0 

4011 172797 79016 79016 100.0 

4012 172799 63245 63245 100.0 

4013 172799 38780 38780 100.0 

4014 120960 28798 28798 100.0 

4101 172799 11037 11037 100.0 

4102 121117 18759 13430 71.6 

4104 172799 30846 30846 100.0 

4105 172799 93743 93743 100.0 

4106 120960 77237 44103 57.1 

4107 172799 66314 66314 100.0 

4108 121052 0 0 0.0 

4109 69354 40347 27476 68.1 

4110 122335 58304 58304 100.0 

4111 122321 59728 33667 56.4 

4112 120960 48517 32947 67.9 

4201 172799 25696 25696 100.0 

4202 172799 43624 43624 100.0 

4203 172799 54076 54075 100.0 

4204 121028 12287 12287 100.0 

4205 172799 29125 29125 100.0 

4206 172799 59377 59377 100.0 

4207 172799 38272 38272 100.0 

4209 172799 30464 30464 100.0 

4301 172799 60089 60089 100.0 

4302 172798 38737 38737 100.0 

4303 172799 99712 99712 100.0 

4304 34433 27106 10055 37.1 

5001 172802 57818 57222 99.0 
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5101 172800 41442 41106 99.2 

5102 172800 8767 8767 100.0 

5104 120709 37488 35033 93.5 

5105 172800 59118 58872 99.6 

5106 172800 45218 45030 99.6 

5107 172800 127492 121772 95.5 

5108 172800 153990 148986 96.8 

5109 131759 28608 28608 100.0 

5201 172800 43007 42808 99.5 

5202 172800 43757 43674 99.8 

5203 172800 16591 16590 100.0 

5204 172803 52963 52877 99.8 

5205 172800 83661 76785 91.8 

5206 172800 91164 91057 99.9 

5301 172800 70891 70382 99.3 

5302 172800 49593 49591 100.0 

5303 172800 29809 29809 100.0 

5304 172800 89565 89565 100.0 

5305 172800 15772 15772 100.0 

5002 172441 66099 65577 99.2 

5003 172437 18561 18561 100.0 

5004 172441 50697 49924 98.5 

5005 172440 75637 75007 99.2 

5110 172440 41926 41519 99.0 

5111 172441 96319 88345 91.7 

5112 172440 86805 69248 79.8 

5113 0 46422 0 0.0 

5114 0 31258 0 0.0 

5207 172437 50587 49345 97.5 

5208 0 35760 0 0.0 

5209 172437 102870 85211 82.8 

5306 0 27425 0 0.0 

5307 172437 31270 31240 99.9 

6001 120900 39542 24857 62.9 

6002 120942 69191 61332 88.6 

6003 120719 74436 60216 80.9 

6004 120750 30643 27704 90.4 
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6006 120837 5880 5124 87.1 

6101 52416 13421 2288 17.0 

6102 120699 10025 9176 91.5 

6103 120624 119259 75817 63.6 

6104 52377 74650 28883 38.7 

6105 120653 76449 49762 65.1 

6106 120850 62511 38757 62.0 

6107 120810 42704 27269 63.9 

6108 67399 69939 37000 52.9 

6201 121050 17955 14364 80.0 

6202 121026 107869 73960 68.6 

6203 0 33257 0 0.0 

6204 120796 54619 22699 41.6 

6205 0 43657 0 0.0 

6206 121069 12767 12530 98.1 

6207 52235 34322 11860 34.6 

 

Table 22.  Summary of data collected from individuals in Fall 2011. 

Student ID 

# records in 

accelerometry 

data file 

# records in 

GPS data file 

# records 

matched 

% GPS records 

matched 

3003 172800 50115 49893 99.6 

3004 172799 0 0 0.0 

3007 0 15814 0 0.0 

3009 172801 45778 44950 98.2 

3011 172799 31478 31478 100.0 

3012 172798 53066 53066 100.0 

3013 172800 47967 47967 100.0 

3014 172800 67657 67657 100.0 

3015 0 44924 0 0.0 

3101 172799 31354 31354 100.0 

3103 172799 10924 10190 93.3 

3105 172799 28958 28958 100.0 

3106 172800 70227 70227 100.0 

3109 172800 54952 54952 100.0 

3204 120961 23079 22359 96.9 

3205 120959 51092 51092 100.0 

3208 97199 56043 56043 100.0 
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3021 172799 43527 42425 97.5 

3102 172801 53346 52951 99.3 

3104 172799 55120 54634 99.1 

3107 172799 98522 97886 99.4 

3110 172800 43507 42782 98.3 

3112 172797 21852 21528 98.5 

3207 52392 26252 15394 58.6 

3001 172799 32830 32066 97.7 

3002 172799 25239 24553 97.3 

3005 172800 98732 98289 99.6 

3006 172800 7737 7734 100.0 

3008 172801 98411 97684 99.3 

3016 172799 63278 62446 98.7 

3018 172799 23832 23359 98.0 

3019 172799 102094 90907 89.0 

4001 174960 86939 86939 100.0 

4002 0 43232 0 0.0 

4004 174959 62436 62436 100.0 

4005 0 62361 0 0.0 

4006 0 55872 0 0.0 

4010 158380 28285 28285 100.0 

4012 174960 67849 67849 100.0 

4014 174960 49987 49987 100.0 

4104 174960 46246 46246 100.0 

4107 174959 67021 67021 100.0 

4205 174959 15976 15976 100.0 

4301 174959 57195 57195 100.0 

4003 174959 52589 52589 100.0 

4007 123012 48864 28570 58.5 

4101 122424 16658 9880 59.3 

4102 174959 20514 20514 100.0 

4106 174960 39742 39742 100.0 

4402 174961 47764 47764 100.0 

4403 174956 19397 19397 100.0 

4008 174959 80351 80351 100.0 

4013 174959 17195 17195 100.0 

4206 174960 85152 85152 100.0 



142 

 

4207 121686 22565 22565 100.0 

4209 174959 50475 50475 100.0 

4303 174958 37497 37497 100.0 

4404 174960 51232 51232 100.0 

4105 174960 14283 14283 100.0 

4109 174960 51965 51846 99.8 

4112 174957 28639 28639 100.0 

4201 174960 23529 23529 100.0 

4204 174960 20550 20550 100.0 

4302 174959 61136 61136 100.0 

4401 174959 79918 79918 100.0 

5002 172800 63928 63191 98.8 

5105 172800 57073 56214 98.5 

5108 0 38805 0 0.0 

5204 172800 59176 59068 99.8 

5207 172799 30409 29512 97.1 

5301 172800 42214 41363 98.0 

5003 172799 24777 24353 98.3 

5101 172799 69119 69119 100.0 

5104 120960 53946 46640 86.5 

5305 172800 30646 30254 98.7 

5401 167038 27636 27110 98.1 

5107 172799 15057 15057 100.0 

5109 172800 37834 37793 99.9 

5110 172800 55907 55907 100.0 

5112 0 52883 0 0.0 

5206 172799 80444 80444 100.0 

5208 172800 0 0 0.0 

5302 172796 45539 45105 99.0 

5303 172800 38764 38258 98.7 

5005 172800 49041 48585 99.1 

5106 172800 79970 75183 94.0 

5111 172801 85830 85830 100.0 

5113 172799 23108 22976 99.4 

5114 0 9492 0 0.0 

5201 172799 55154 54795 99.3 

5202 172801 38223 38205 100.0 
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5205 126726 58015 58015 100.0 

5304 172800 157489 157489 100.0 

5306 172799 21159 20980 99.2 

5307 172800 89481 89481 100.0 

6001 172800 10809 10406 96.3 

6002 172799 56029 55671 99.4 

6201 172801 10667 10667 100.0 

6206 172800 2837 2454 86.5 

6006 172800 44082 43686 99.1 

6101 172800 27091 26679 98.5 

6103 121224 91366 49897 54.6 

6106 172798 82806 82426 99.5 

6108 172800 32518 32110 98.7 

6203 172799 67518 67518 100.0 

6204 172799 20543 20543 100.0 

6207 172799 9323 8971 96.2 

6003 172801 35505 35126 98.9 

6004 172799 28474 28046 98.5 

6102 172799 28553 21601 75.7 

6104 172799 43704 43291 99.1 

6105 172801 45232 44830 99.1 

6202 0 58374 0 0.0 

6205 69480 16660 0 0.0 

6401 58321 30470 0 0.0 

 

Table 23.  Summary of data collected from individuals in Spring 2012. 

Student ID 

# records in 

accelerometry 

data file 

# records in 

GPS data file 

# records 

matched 

% GPS records 

matched 

3002 172800 41267 40702 98.6 

3004 172799 13639 12978 95.2 

3005 172801 47762 47168 98.8 

3006 172800 62773 62100 98.9 

3007 172800 46156 44948 97.4 

3008 172801 39738 39738 100.0 

3009 172800 39431 38457 97.5 

3011 172799 24740 24740 100.0 
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3012 172799 45676 45035 98.6 

3013 172800 41737 41380 99.1 

3014 172800 98364 97982 99.6 

3015 172801 16611 16338 98.4 

3016 172799 18738 18738 100.0 

3018 172799 48516 47697 98.3 

3019 172799 113638 112554 99.0 

3021 172799 28955 28533 98.5 

3101 172798 23362 23105 98.9 

3102 172800 55951 55447 99.1 

3104 172799 31013 30429 98.1 

3106 172799 27857 27641 99.2 

3107 172799 42489 42489 100.0 

3109 172800 36064 35872 99.5 

3110 172800 86022 85124 99.0 

3112 172798 30591 29851 97.6 

3204 172799 31250 31250 100.0 

3205 172799 14453 14453 100.0 

3207 172799 10816 10816 100.0 

4001 190081 23824 23330 97.9 

4002 190085 40720 40171 98.7 

4003 190079 21359 20899 97.8 

4004 190076 36700 36694 100.0 

4005 190080 37423 37393 99.9 

4006 190079 52967 52953 100.0 

4007 190079 74698 74248 99.4 

4008 190077 22565 22565 100.0 

4012 190080 36809 36631 99.5 

4013 190079 21932 21932 100.0 

4014 190082 9461 9461 100.0 

4101 190079 20264 20264 100.0 

4102 190080 50547 50547 100.0 

4104 190080 37869 37869 100.0 

4105 190080 11039 11039 100.0 

4106 190080 43661 43661 100.0 

4107 190079 98798 98763 100.0 

4109 190080 49481 49481 100.0 
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4112 190078 46723 46527 99.6 

4201 190084 34398 34041 99.0 

4204 190097 20882 20882 100.0 

4205 190079 23547 23381 99.3 

4206 0 56688 0 0.0 

4207 190080 14855 14855 100.0 

4209 190080 12881 12819 99.5 

4301 190079 13736 13736 100.0 

4302 190079 39025 39025 100.0 

4303 190086 26852 26852 100.0 

4304 172807 17867 17209 96.3 

4401 190080 57022 56617 99.3 

4402 190080 81011 81011 100.0 

4403 190079 29279 29279 100.0 

4404 138590 34831 27232 78.2 

5002 141504 69732 65139 93.4 

5003 172799 23652 23652 100.0 

5005 62641 9443 0 0.0 

5101 172799 29166 28995 99.4 

5104 172800 15197 15197 100.0 

5105 172800 8702 8690 99.9 

5106 172799 10903 10381 95.2 

5107 166319 32166 31616 98.3 

5109 172799 12293 12045 98.0 

5110 172805 48769 48132 98.7 

5111 172807 16040 15383 95.9 

5112 172799 40922 40405 98.7 

5113 172800 5796 5633 97.2 

5201 172799 40226 39710 98.7 

5202 172803 7144 6627 92.8 

5204 172805 8390 8390 100.0 

5205 172800 52912 52413 99.1 

5206 172801 10529 9858 93.6 

5207 172799 4337 3764 86.8 

5208 172800 25732 25272 98.2 

5301 172800 0 0 0.0 

5302 172800 12721 12179 95.7 
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5303 172800 74863 71518 95.5 

5304 172802 51531 51021 99.0 

5306 102492 6859 0 0.0 

5307 172799 7285 5885 80.8 

5401 172798 27365 27184 99.3 

6001 172801 20314 20314 100.0 

6002 172799 35395 35395 100.0 

6003 172800 29927 29927 100.0 

6004 172799 40736 40736 100.0 

6006 172800 44209 44209 100.0 

6101 172802 26405 26405 100.0 

6102 172799 10023 10023 100.0 

6103 172800 6774 6774 100.0 

6104 172799 33997 33997 100.0 

6105 172800 40037 40037 100.0 

6106 172798 14927 14927 100.0 

6108 69058 15587 15587 100.0 

6201 172801 32593 32593 100.0 

6202 172809 39785 39785 100.0 

6203 172799 30894 30894 100.0 

6204 172799 7985 7985 100.0 

6205 0 32695 0 0.0 

6206 172800 5941 5941 100.0 

6207 172799 23797 23797 100.0 

6301 172799 7647 7647 100.0 
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Table 24.  Actual path characteristics for 25 students.  

Path 
# points 

(k) 

# points 

involved 

Avg. | |
k

ΓΓΓΓ

 
# arcs 

Length 

(m) 

1a 190 190 6.98 38 5430.68 

1b 95 95 6.08 29 4201.98 

1c 110 110 6.78 29 4220.45 

1d 92 92 6.04 25 3718.04 

1e 107 107 6.79 29 4238.91 

1f 100 100 6.77 28 4344.07 

2a 88 88 7.86 15 2492.17 

2b 146 146 6.52 30 4490.97 

2c 166 166 6.90 34 4841.23 

2d 162 162 7.16 34 4958.24 

3a 43 43 6.53 15 1571.82 

3b 75 75 7.79 20 2171.86 

3c 49 49 6.96 18 1792.13 

3d 117 117 7.51 21 2799.84 

4a 136 136 6.66 37 7850.36 

4b 148 148 6.29 37 7811.98 

4c 133 133 6.65 33 7781.48 

4d 148 148 7.36 36 7829.20 

5a 82 82 6.28 22 2199.46 

5b 92 92 7.63 24 2542.04 

5c 98 98 7.47 25 2561.04 

5d 88 88 7.30 21 2128.73 

5e 221 221 7.91 53 10205.11 

5f 150 150 7.19 26 3471.67 

6a 74 74 6.07 26 2726.85 

6b 59 59 7.44 26 2709.95 

6c 85 85 7.46 26 2726.85 

6d 172 172 7.95 43 5606.08 

7a 197 197 5.42 36 5233.40 

7b 279 279 5.20 66 12610.89 

7c 290 290 5.12 69 12673.98 

7d 90 90 5.16 31 4481.71 

8a 197 197 7.51 35 5084.07 

8b 288 288 6.27 68 12717.06 

8c 242 242 6.52 49 7940.67 
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8d 170 170 6.90 45 6660.87 

8e 205 205 7.55 37 6614.24 

9a 189 189 6.53 76 11870.74 

9b 130 130 7.85 45 4727.19 

9c 240 240 7.97 49 5280.76 

9d 285 285 7.34 49 5297.48 

9e 97 97 7.02 42 4021.38 

9f 109 109 7.02 34 3653.67 

10a 262 262 6.42 56 12769.80 

10b 148 148 5.16 43 8653.88 

10c 157 157 5.03 44 8876.10 

10d 185 185 6.89 46 8863.54 

10e 201 201 5.90 45 9037.29 

11a 134 134 6.23 28 3096.66 

11b 33 33 5.02 13 1270.53 

11c 25 25 5.63 13 1251.90 

11d 73 73 5.64 17 1977.82 

12a 243 243 6.57 76 11325.12 

12b 142 142 6.18 64 10524.10 

12c 270 270 7.50 75 11825.36 

12d 193 193 6.99 63 10486.73 

12e 182 182 6.87 64 10428.74 

13a 91 91 5.57 23 2452.81 

13b 92 92 5.57 24 2542.70 

13c 88 88 5.75 22 2199.46 

13d 73 73 5.13 22 2163.77 

13e 151 151 6.89 28 3599.25 

14a 142 142 5.74 37 8767.21 

14b 139 139 5.82 34 8398.40 

14c 108 108 5.60 34 8441.59 

14d 146 146 5.95 36 8890.24 

15a 139 139 5.10 30 4452.68 

15b 158 158 5.16 28 4322.95 

15c 127 127 5.30 31 4703.93 

15d 110 110 5.28 34 4863.88 

16a 24 24 7.58 5 575.88 

16b 79 79 7.83 4 467.38 
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16c 33 33 7.35 3 379.14 

16d 227 227 6.27 39 6267.43 

17a 43 43 7.88 13 1466.97 

17b 44 44 7.35 12 1381.65 

17c 41 41 7.93 12 1400.88 

18a 46 46 9.40 7 865.72 

18b 79 79 9.51 6 771.72 

18c 66 66 9.77 7 865.72 

18d 84 84 9.24 20 2816.58 

18e 83 83 9.54 4 450.62 

19a 111 111 6.12 28 2988.68 

19b 142 142 9.77 29 3167.35 

19c 137 137 9.47 29 3167.15 

19d 125 125 7.23 27 2824.11 

20a 135 135 9.29 33 8225.03 

20b 733 733 6.89 143 31016.66 

20c 131 131 8.20 33 8381.94 

21a 84 84 6.38 16 2846.34 

21b 374 374 9.39 12 2535.47 

21c 499 499 7.21 12 1809.11 

21d 298 298 8.41 6 856.73 

22a 21 21 9.26 7 602.22 

22b 37 37 9.76 9 925.56 

22c 42 42 8.93 8 621.26 

22d 88 88 6.23 7 1259.34 

23a 152 152 8.92 40 10386.87 

23b 101 101 8.67 33 7309.13 

23c 166 166 8.94 39 10385.15 

24a 155 155 9.03 39 6762.37 

24b 151 151 9.12 40 6816.64 

24c 137 137 9.23 40 6760.60 

24d 126 126 8.31 47 7801.24 

24e 153 153 9.06 39 6742.72 

25a 424 424 6.45 74 17131.22 

25b 140 140 7.75 37 7899.99 

25c 209 209 6.21 36 7644.62 
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Table 25.  Inferred path characteristics for 25 students using the straight-line method.  

Path 
# points 

(k) 

# points 

involved 

Avg. | |
k

ΓΓΓΓ

 
# arcs 

Length 

(m) 

% dev. (length) 

from actual 

1a 190 190 0.00 0 5091.51 -6.25 

1b 95 95 0.00 0 4158.94 -1.02 

1c 110 110 0.00 0 4206.51 -0.33 

1d 92 92 0.00 0 3677.62 -1.09 

1e 107 107 0.00 0 4216.56 -0.53 

1f 100 100 0.00 0 4281.41 -1.44 

2a 88 88 0.00 0 2544.53 2.10 

2b 146 146 0.00 0 4310.61 -4.02 

2c 166 166 0.00 0 4342.29 -10.31 

2d 162 162 0.00 0 4333.58 -12.60 

3a 43 43 0.00 0 1556.12 -1.00 

3b 75 75 0.00 0 2171.01 -0.04 

3c 49 49 0.00 0 1766.27 -1.44 

3d 117 117 0.00 0 2845.84 1.64 

4a 136 136 0.00 0 7856.83 0.08 

4b 148 148 0.00 0 7834.57 0.29 

4c 133 133 0.00 0 7730.71 -0.65 

4d 148 148 0.00 0 7780.43 -0.62 

5a 82 82 0.00 0 2190.76 -0.40 

5b 92 92 0.00 0 2531.65 -0.41 

5c 98 98 0.00 0 2557.80 -0.13 

5d 88 88 0.00 0 2184.49 2.62 

5e 221 221 0.00 0 10191.07 -0.14 

5f 150 150 0.00 0 3465.39 -0.18 

6a 74 74 0.00 0 2597.66 -4.74 

6b 59 59 0.00 0 2570.76 -5.14 

6c 85 85 0.00 0 2633.15 -3.44 

6d 172 172 0.00 0 5486.62 -2.13 

7a 197 197 0.00 0 5070.74 -3.11 

7b 279 279 0.00 0 12545.45 -0.52 

7c 290 290 0.00 0 12654.54 -0.15 

7d 90 90 0.00 0 4424.20 -1.28 

8a 197 197 0.00 0 4986.16 -1.93 

8b 288 288 0.00 0 12655.27 -0.49 

8c 242 242 0.00 0 7843.38 -1.23 
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8d 170 170 0.00 0 6611.90 -0.74 

8e 205 205 0.00 0 6535.04 -1.20 

9a 189 189 0.00 0 11690.89 -1.52 

9b 130 130 0.00 0 4672.25 -1.16 

9c 240 240 0.00 0 5256.02 -0.47 

9d 285 285 0.00 0 5293.12 -0.08 

9e 97 97 0.00 0 3950.32 -1.77 

9f 109 109 0.00 0 3683.93 0.83 

10a 262 262 0.00 0 11419.00 -10.58 

10b 148 148 0.00 0 8515.54 -1.60 

10c 157 157 0.00 0 8668.60 -2.34 

10d 185 185 0.00 0 8811.66 -0.59 

10e 201 201 0.00 0 8765.45 -3.01 

11a 134 134 0.00 0 3133.15 1.18 

11b 33 33 0.00 0 1233.36 -2.93 

11c 25 25 0.00 0 1222.89 -2.32 

11d 73 73 0.00 0 1900.36 -3.92 

12a 243 243 0.00 0 11451.24 1.11 

12b 142 142 0.00 0 10458.19 -0.63 

12c 270 270 0.00 0 11400.20 -3.60 

12d 193 193 0.00 0 10649.86 1.56 

12e 182 182 0.00 0 10626.91 1.90 

13a 91 91 0.00 0 2504.27 2.10 

13b 92 92 0.00 0 2511.06 -1.24 

13c 88 88 0.00 0 2223.99 1.12 

13d 73 73 0.00 0 2102.47 -2.83 

13e 151 151 0.00 0 3622.20 0.64 

14a 142 142 0.00 0 8763.88 -0.04 

14b 139 139 0.00 0 8347.69 -0.60 

14c 108 108 0.00 0 8451.11 0.11 

14d 146 146 0.00 0 8881.60 -0.10 

15a 139 139 0.00 0 4334.66 -2.65 

15b 158 158 0.00 0 4380.82 1.34 

15c 127 127 0.00 0 4202.24 -10.67 

15d 110 110 0.00 0 4146.06 -14.76 

16a 24 24 0.00 0 630.45 9.48 

16b 79 79 0.00 0 455.17 -2.61 
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16c 33 33 0.00 0 418.50 10.38 

16d 227 227 0.00 0 6238.43 -0.46 

17a 43 43 0.00 0 1363.67 -7.04 

17b 44 44 0.00 0 1324.05 -4.17 

17c 41 41 0.00 0 1300.31 -7.18 

18a 46 46 0.00 0 837.46 -3.26 

18b 79 79 0.00 0 486.80 -36.92 

18c 66 66 0.00 0 907.96 4.88 

18d 84 84 0.00 0 2855.69 1.39 

18e 83 83 0.00 0 442.67 -1.76 

19a 111 111 0.00 0 2658.66 -11.04 

19b 142 142 0.00 0 3188.57 0.67 

19c 137 137 0.00 0 3219.86 1.66 

19d 125 125 0.00 0 2871.51 1.68 

20a 135 135 0.00 0 8682.63 5.56 

20b 733 733 0.00 0 30224.73 -2.55 

20c 131 131 0.00 0 8541.84 1.91 

21a 84 84 0.00 0 2788.15 -2.04 

21b 374 374 0.00 0 1839.64 -27.44 

21c 499 499 0.00 0 1541.91 -14.77 

21d 298 298 0.00 0 784.38 -8.44 

22a 21 21 0.00 0 630.62 4.72 

22b 37 37 0.00 0 944.08 2.00 

22c 42 42 0.00 0 643.66 3.61 

22d 88 88 0.00 0 839.78 -33.32 

23a 152 152 0.00 0 10340.22 -0.45 

23b 101 101 0.00 0 7308.38 -0.01 

23c 166 166 0.00 0 10381.42 -0.04 

24a 155 155 0.00 0 6673.01 -1.32 

24b 151 151 0.00 0 6641.24 -2.57 

24c 137 137 0.00 0 6564.77 -2.90 

24d 126 126 0.00 0 7705.45 -1.23 

24e 153 153 0.00 0 6649.61 -1.38 

25a 424 424 0.00 0 16000.44 -6.60 

25b 140 140 0.00 0 7674.45 -2.85 

25c 209 209 0.00 0 7793.21 1.94 
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Table 26.  Inferred path characteristics for 25 students using the closest-assignment 

method.  

Path 
# points 

(k) 

# points 

involved 

Avg. | |
k

ΓΓΓΓ

 
# arcs 

Length 

(m) 

% dev. (length) 

from actual 

1a 190 190 1.00 53 6074.76 11.86 

1b 95 95 1.00 39 4917.37 17.02 

1c 110 110 1.00 38 5384.90 27.59 

1d 92 92 1.00 34 4917.37 32.26 

1e 107 107 1.00 38 5384.90 27.03 

1f 100 100 1.00 38 5384.90 23.96 

2a 88 88 1.00 18 2660.00 6.73 

2b 146 146 1.00 42 5782.53 28.76 

2c 166 166 1.00 48 5638.86 16.48 

2d 162 162 1.00 48 6006.94 21.15 

3a 43 43 1.00 18 1706.87 8.59 

3b 75 75 1.00 27 2741.27 26.22 

3c 49 49 1.00 25 2041.92 13.94 

3d 117 117 1.00 29 3095.70 10.57 

4a 136 136 1.00 50 8961.61 14.16 

4b 148 148 1.00 44 8898.05 13.90 

4c 133 133 1.00 50 8961.61 15.17 

4d 148 148 1.00 51 8709.59 11.24 

5a 82 82 1.00 29 2811.23 27.81 

5b 92 92 1.00 33 3282.99 29.15 

5c 98 98 1.00 33 3282.99 28.19 

5d 88 88 1.00 33 3282.99 54.22 

5e 221 221 1.00 73 13257.43 29.91 

5f 150 150 1.00 35 4311.33 24.19 

6a 74 74 1.00 35 2878.56 5.56 

6b 59 59 1.00 36 3491.96 28.86 

6c 85 85 1.00 36 3491.96 28.06 

6d 172 172 1.00 61 6281.66 12.05 

7a 197 197 1.00 50 5794.84 10.73 

7b 279 279 1.00 94 15015.30 19.07 

7c 290 290 1.00 94 15015.30 18.47 

7d 90 90 1.00 42 5226.02 16.61 

8a 197 197 1.00 49 8257.21 62.41 

8b 288 288 1.00 95 15768.59 24.00 
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8c 242 242 1.00 66 9710.85 22.29 

8d 170 170 1.00 60 7759.32 16.49 

8e 205 205 1.00 49 8257.21 24.84 

9a 189 189 1.00 108 13779.82 16.08 

9b 130 130 1.00 61 5043.15 6.68 

9c 240 240 1.00 67 6410.21 21.39 

9d 285 285 1.00 67 6405.95 20.92 

9e 97 97 1.00 45 4486.27 11.56 

9f 109 109 1.00 45 4486.27 22.79 

10a 262 262 1.00 79 14670.22 14.88 

10b 148 148 1.00 60 9351.01 8.06 

10c 157 157 1.00 61 9591.14 8.06 

10d 185 185 1.00 59 9666.20 9.06 

10e 201 201 1.00 62 11369.59 25.81 

11a 134 134 1.00 39 3922.29 26.66 

11b 33 33 1.00 15 1388.39 9.28 

11c 25 25 1.00 15 1388.39 10.90 

11d 73 73 1.00 22 2444.45 23.59 

12a 243 243 1.00 106 13393.90 18.27 

12b 142 142 1.00 92 13120.08 24.67 

12c 270 270 1.00 105 14103.78 19.27 

12d 193 193 1.00 88 11587.84 10.50 

12e 182 182 1.00 88 11587.84 11.11 

13a 91 91 1.00 31 2591.96 5.67 

13b 92 92 1.00 31 2591.96 1.94 

13c 88 88 1.00 31 2591.96 17.85 

13d 73 73 1.00 30 2531.11 16.98 

13e 151 151 1.00 39 4600.68 27.82 

14a 142 142 1.00 46 9635.90 9.91 

14b 139 139 1.00 46 9635.90 14.73 

14c 108 108 1.00 45 9423.79 11.64 

14d 146 146 1.00 46 9635.90 8.39 

15a 139 139 1.00 43 4984.17 11.94 

15b 158 158 1.00 38 5090.92 17.77 

15c 127 127 1.00 43 4984.17 5.96 

15d 110 110 1.00 43 4984.17 2.47 

16a 24 24 1.00 6 649.19 12.73 
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16b 79 79 1.00 6 522.09 11.71 

16c 33 33 1.00 4 427.41 12.73 

16d 227 227 1.00 55 7803.83 24.51 

17a 43 43 1.00 17 1698.22 15.76 

17b 44 44 1.00 17 1698.22 22.91 

17c 41 41 1.00 17 1698.22 21.22 

18a 46 46 1.00 8 1082.06 24.99 

18b 79 79 1.00 7 905.45 17.33 

18c 66 66 1.00 8 1003.38 15.90 

18d 84 84 1.00 27 3134.11 11.27 

18e 83 83 1.00 5 564.01 25.16 

19a 111 111 1.00 36 3315.61 10.94 

19b 142 142 1.00 39 3652.26 15.31 

19c 137 137 1.00 39 3652.26 15.32 

19d 125 125 1.00 36 3315.61 17.40 

20a 135 135 1.00 45 9285.82 12.90 

20b 733 733 1.00 198 32655.18 5.28 

20c 131 131 1.00 45 9285.82 10.78 

21a 84 84 1.00 21 3045.57 7.00 

21b 374 374 1.00 15 3293.74 29.91 

21c 499 499 1.00 14 2289.13 26.53 

21d 298 298 1.00 8 981.38 14.55 

22a 21 21 1.00 9 759.49 26.12 

22b 37 37 1.00 10 1121.58 21.18 

22c 42 42 1.00 10 1121.58 80.53 

22d 88 88 1.00 8 1481.76 17.66 

23a 152 152 1.00 58 12760.86 22.86 

23b 101 101 1.00 42 8952.50 22.48 

23c 166 166 1.00 58 12760.86 22.88 

24a 155 155 1.00 54 7445.99 10.11 

24b 151 151 1.00 54 7445.99 9.23 

24c 137 137 1.00 49 7192.56 6.39 

24d 126 126 1.00 65 8146.15 4.42 

24e 153 153 1.00 54 7445.99 10.43 

25a 424 424 1.00 109 21625.55 26.23 

25b 140 140 1.00 53 9782.63 23.83 

25c 209 209 1.00 50 9134.36 19.49 
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Table 27.  Inferred path characteristics for 25 students using the SCPPOD method.  

Path 
# points 

(k) 

# points 

involved 

Avg. | |
k

ΓΓΓΓ

 
# arcs 

Length 

(m) 

% dev. (length) 

from actual 

1a 190 186 6.98 38 5430.68 0.00 

1b 95 95 6.08 29 4201.98 0.00 

1c 110 110 6.78 29 4220.45 0.00 

1d 92 92 6.04 25 3718.04 0.00 

1e 107 107 6.79 29 4238.91 0.00 

1f 100 100 6.77 28 4344.07 0.00 

2a 88 88 7.86 15 2492.17 0.00 

2b 146 146 6.52 30 4490.97 0.00 

2c 166 166 6.90 34 4841.23 0.00 

2d 162 162 7.16 34 4958.24 0.00 

3a 43 43 6.53 15 1571.82 0.00 

3b 75 75 7.79 20 2171.86 0.00 

3c 49 49 6.96 18 1792.13 0.00 

3d 117 117 7.51 21 2799.84 0.00 

4a 136 134 6.66 37 7850.36 0.00 

4b 148 146 6.29 37 7811.98 0.00 

4c 133 131 6.65 33 7781.48 0.00 

4d 148 146 7.36 36 7829.20 0.00 

5a 82 82 6.28 22 2199.46 0.00 

5b 92 92 7.63 24 2542.04 0.00 

5c 98 98 7.47 25 2561.04 0.00 

5d 88 88 7.30 21 2128.73 0.00 

5e 221 221 7.91 53 10205.11 0.00 

5f 150 150 7.19 26 3471.67 0.00 

6a 74 74 6.07 26 2726.85 0.00 

6b 59 59 7.44 26 2709.95 0.00 

6c 85 85 7.46 26 2726.85 0.00 

6d 172 172 7.95 43 5606.08 0.00 

7a 197 194 5.42 36 5233.40 0.00 

7b 279 277 5.20 66 12610.89 0.00 

7c 290 286 5.12 69 12673.98 0.00 

7d 90 90 5.16 31 4481.71 0.00 

8a 197 194 7.51 35 5084.07 0.00 

8b 288 286 6.27 68 12717.06 0.00 

8c 242 242 6.52 49 7940.67 0.00 
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8d 170 170 6.90 45 6660.87 0.00 

8e 205 205 7.55 37 6614.24 0.00 

9a 189 185 6.53 76 11870.74 0.00 

9b 130 130 7.85 45 4727.19 0.00 

9c 240 240 7.97 49 5280.76 0.00 

9d 285 285 7.34 49 5297.48 0.00 

9e 97 97 7.02 42 4021.38 0.00 

9f 109 109 7.02 34 3653.67 0.00 

10a 262 259 6.42 56 12769.80 0.00 

10b 148 144 5.16 43 8653.88 0.00 

10c 157 155 5.03 44 8876.10 0.00 

10d 185 183 6.89 46 8863.54 0.00 

10e 201 198 5.90 45 9037.29 0.00 

11a 134 134 6.23 28 3096.66 0.00 

11b 33 33 5.02 13 1270.53 0.00 

11c 25 25 5.63 13 1251.90 0.00 

11d 73 73 5.64 17 1977.82 0.00 

12a 243 237 6.57 76 11325.12 0.00 

12b 142 138 6.18 64 10524.10 0.00 

12c 270 263 7.50 75 11825.36 0.00 

12d 193 185 6.99 63 10486.73 0.00 

12e 182 175 6.87 64 10428.74 0.00 

13a 91 91 5.57 23 2452.81 0.00 

13b 92 92 5.57 24 2542.70 0.00 

13c 88 88 5.75 22 2199.46 0.00 

13d 73 73 5.13 22 2163.77 0.00 

13e 151 151 6.89 28 3599.25 0.00 

14a 142 140 5.74 37 8767.21 0.00 

14b 139 136 5.82 34 8398.40 0.00 

14c 108 107 5.60 34 8441.59 0.00 

14d 146 144 5.95 36 8890.24 0.00 

15a 139 139 5.10 30 4452.68 0.00 

15b 158 158 5.16 28 4322.95 0.00 

15c 127 122 5.30 31 4703.93 0.00 

15d 110 110 5.28 34 4863.88 0.00 

16a 24 24 7.58 5 575.88 0.00 

16b 79 79 7.83 4 467.38 0.00 
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16c 33 33 7.35 3 379.14 0.00 

16d 227 227 6.27 39 6267.43 0.00 

17a 43 43 7.88 13 1466.97 0.00 

17b 44 44 7.35 12 1381.65 0.00 

17c 41 41 7.93 12 1400.88 0.00 

18a 46 46 9.40 7 865.72 0.00 

18b 79 71 9.51 6 771.72 0.00 

18c 66 66 9.77 7 865.72 0.00 

18d 84 84 9.24 20 2816.58 0.00 

18e 83 83 9.54 4 450.62 0.00 

19a 111 109 6.12 28 2988.68 0.00 

19b 142 142 9.77 29 3167.35 0.00 

19c 137 137 9.47 29 3167.15 0.00 

19d 125 125 7.23 27 2824.11 0.00 

20a 135 117 9.29 33 8225.03 0.00 

20b 733 732 6.89 143 31016.66 0.00 

20c 131 123 8.20 33 8381.94 0.00 

21a 84 84 6.38 16 2846.34 0.00 

21b 374 345 9.39 12 2535.47 0.00 

21c 499 499 7.21 12 1809.11 0.00 

21d 298 298 8.41 6 856.73 0.00 

22a 21 21 9.26 7 602.22 0.00 

22b 37 37 9.76 9 925.56 0.00 

22c 42 42 8.93 8 621.26 0.00 

22d 88 70 6.23 7 1259.34 0.00 

23a 152 150 8.92 40 10386.87 0.00 

23b 101 100 8.67 33 7309.13 0.00 

23c 166 163 8.94 39 10385.15 0.00 

24a 155 152 9.03 39 6762.37 0.00 

24b 151 148 9.12 40 6816.64 0.00 

24c 137 134 9.23 40 6760.60 0.00 

24d 126 123 8.31 47 7801.24 0.00 

24e 153 150 9.06 39 6742.72 0.00 

25a 424 305 6.45 74 17131.22 0.00 

25b 140 136 7.75 37 7899.99 0.00 

25c 209 206 6.21 36 7644.62 0.00 
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