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Abstract. Recently, a myriad of emerging technologies have been developed to 
supplement and contribute to conventional household travel surveys for transport-related 
data collection. While a great deal of research has concentrated on the inference of 
information from GPS and mobile phone-collected data (e.g. trip detection, mode 
detection, etc.), to our knowledge, methods for inferring transit routes have not received 
much attention. This paper describes research whose aim is to work towards transit route 
inference based on data collected from the smartphone travel survey application, 
DataMobile. More specifically, we focus on trying to infer transit route itineraries by 
combining smartphone-collected GPS with geographically precise data on transit routes in 
Montreal, Canada. The data was collected as part of a mobility study of Concordia 
University in November of 2014. Since transit route information was not validated in the 
data collection, our approach is not to compare our inferred routes with reported routes. 
Instead, as a first step towards inferring transit route itineraries, we have begun by trying 
to establish the degree to which it is difficult to infer transit itineraries from GPS data on 
transit trips. That is, since transit routes can overlap on significant portions of their routes, 
any attempts to associate GPS data to routes, when routes overlap, will necessarily result 
in “ambiguity” with respect to which routes were actually used. Using this notion of 
ambiguity, we calculate the proportion of transit trips whose associated transit routes are 
ambiguous (i.e. cannot be associated with only one route) under different simple 
assumptions, rules and eventually a simple algorithm. We find that using relatively simple 
rules, 77% of transit trip distance can be assigned to one route. 
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1. INTRODUCTION & BACKGROUND 

 

The workhorse for urban travel data collection has long been household travel surveys. These 

surveys not only represent significant costs, but also are facing increasing challenges due to 

decreased response rates and data quality issues such as under reporting of short trips (1, 2 & 3). 

As a result, a myriad of emerging technologies are being developed to supplement and contribute 

to conventional data collection processes. A particularly fertile area of research relates to the use 

of mobile phones for data collection. There are two broad categories of data collection related to 

mobile phones. The first involves the passive collection of mobile phone movements recorded by 

telecommunication companies. The second is the use of GPS (as well as other movement 

sensor)-enabled smartphones and their associated applications that can be used to collect 

locational data to observe individual movements during daily travel. With ever-increasing 

proportions of people owning mobile phones and smartphones in particular, trip recording 

mobile phone applications and telecommunication cell tower data are becoming hot topics in 

research related to transportation data collection. Recent studies in the literature focusing on 

deriving personal trip data are mostly focused in Europe and North America (2, 4-10).  

 

Passive collection of mobile phone movements by telecommunication companies uses data 

generated by cell phone usage from cellular towers, which provides information such as people’s 

location, and can be used to infer typical trips and movement habits (16). The advantage of this 

approach is the incredible amount of data being continually collected. On the other hand this 

approach doesn’t provide any detail on the linkage between persons’ characteristics and their 

travel behaviour (16). Smartphone travel surveys and data collection on the other hand can 

provide a more spatially and temporally precise picture of the travel behaviour of individuals 

compared to traditional surveying methods (11, 12, and 13), as well as compared to passive 

mobile phone data methods. The main challenge of this type of data collection is recruiting, and 

retaining users primarily as a result of the battery consumption typically required by these types 

of applications – the result has tended to be small sample sizes (17). 

 

In addition to the data collection tools themselves, a great deal of effort in the literature relating 

to the collection of data with mobile phones has been dedicated to inferring various types of 

information about people’s trips. Studies like Akin and Sisipiku (14) and Sohn (15) focus on O-

D matrix calculations using cell tower data. The main objective of these studies has been to look 

at the effectiveness of the methods to obtain accurate OD matrices and trip characteristics. The 

accuracy in these studies has been obtained by reducing the number of individuals and focusing 

closely on tracking smaller samples of trip makers. In a recent study by Çolak et al. (16) the 

authors discuss how raw telecommunication cell phone data can be processed to implement a 

four step transportation model, focusing on the different limitations and strengths of this type of 

data. With respect to data collected using smartphone apps, and not through telecommunications 

companies, areas of research receiving the greatest attention have been: stop detection (2, 6), trip 

Towards Transit Trip Itinerary Inference from Smartphone Data: A Case Study from Montreal, Canada

CIRRELT-2016-07 1



breaking (6), travel mode inference (5, 6, 8, 17, and 18), travel time estimation (3, 11), 

congestion detection (3), and real time transit tracking (19). 

 

On the topic of mode choice inference, Chung and Shalaby (6) developed an algorithm to 

classify changes in the mode choice into walk, bicycle, bus and passenger car. They did this 

using data collected via wearable GPS loggers and a written trip report. It’s worth mentioning 

that this study has become the foundation for many other researchers seeking to build mode 

classification models (17). In another study, Reddy et al. (18) developed a transportation 

classification framework that employs a three axis accelerometer and GPS. The classifier used a 

combined decision tree-discrete hidden Markov model to classify 5 modes from the data set. In a 

more recent study done by Nour et al. (17) the authors present a data-driven classification model 

to infer mode choice using data collected with Smartphones (GPS equipped). They employed an 

optimization method to objectively produce a series of classifier components and methods. 

Thiagarajan et al. (19) focus on real-time transit tracking using smart-phones. They developed a 

method to determine if the person was riding the vehicle, and whether the person is on a bus or 

another vehicle, and also tracking underground vehicles.  

 

As such, while research concerning inference related to transit trip information has explored a 

number of different aspects of transit trips, to our knowledge, methods aiming to infer routes 

used during transit trips do not seem to have received much attention. As such, this paper 

describes research whose aim is to work towards transit route inference based on data collected 

from the smartphone travel survey application, DataMobile (www.datamobileapp.ca). More 

specifically, we focus on trying to infer transit route itineraries by combining smartphone-

collected GPS with geographically precise data on transit routes in Montreal, Canada. The data 

was collected as part of a mobility study of Concordia University in November of 2014. The 

present research focuses on participants in this study who reported that they only used transit as 

their mode of travel between home and the university. Since transit route information was not 

validated in the data collection, our approach is not to compare our inferred routes with reported 

routes. Instead, as a first step towards inferring transit route itineraries, we have begun by trying 

to establish the degree to which it is difficult to infer transit itineraries from GPS data on transit 

trips. That is, since transit routes can overlap on significant portions of their routes, any attempts 

to associate GPS data to routes, when routes overlap, will necessarily result in “ambiguity” with 

respect to which routes were actually used. Using this notion of ambiguity, we calculate the 

proportion of transit trips whose associated transit routes are ambiguous (i.e. cannot be 

associated with only one route) under different simple assumptions, rules and eventually a simple 

algorithm.  

 

The rest of the paper is organized as follows. The next section briefly describes the case study 

region. This is followed by a description of the methodology and the approach used for the 

calculation of transit route ambiguity, which includes data collection, and processing of the data 
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used in the analysis. Section four presents the main results obtained and is followed by a short 

discussion, general conclusions and future work.  

 

2. CASE STUDY REGION – MONTREAL, CANADA 

 

Montreal is the largest city in the province of Quebec, and the second largest city in Canada 

covering 4,258.31 square kilometers (1,644.14 sq mi) and a population of 4,027,100 (21). 

Montreal has an extensive public transit system comprising bus, heavy rail (Metro) and 

commuter rail lines, and as a result also has one of the highest transit mode shares in North 

America (20). While getting comparable measures of transit network complexity and density is 

difficult across many cities, Walk Score (https://www.walkscore.com/) recently developed their 

``Transit Score’’ - a measure of how well locations are served by public transit. It is calculated 

based on proximity of locations within a city to transit routes. Based on this Lerner (22) reports 

that with a Transit Score of 77, Montreal is just below Toronto and above all US cities apart 

from New York and San Francisco. Fig. 1 shows the Montreal transit network (bus and metro 

and commuter train lines).  

 

3. METHODOLOGY 

 

The primary approach taken in this paper is to establish for each point of collected GPS data 

from a transit trip, the degree to which transit route is ambiguous, and in particular, the degree to 

which it is possible to assign only one route to a given portion of the trip. If only one route is 

assigned to a GPS point, it is said to be unambiguous. The main purpose of the research was 

simply to establish to what extent it is difficult to unambiguously establish transit route use from 

GPS data. The process of establishing the degree of ambiguity can be summarized in four main 

stages: (1) GPS and other data collection; (2) transit trip data extraction; (3) calculating transit 

route ambiguity under different assumptions, rules and finally a simple transit route inference 

algorithm; and (4) evaluating overall transit route ambiguity.  

 

GPS Data Collection and Other Data Sources 

 

A number of data sources were used in this research. GPS data related to transit trips were 

collected as part of a travel survey using the smartphone application DataMobile 

(www.datamobileapp.ca) developed in the Transportation Research for Integrated Planning 

(TRIP) Lab of Concordia University in Montreal. The survey was conducted at Concordia 

University in Montreal, Canada in November of 2014. All 44,000 members of the Concordia 

community (students, faculty and staff) were invited by e-mail to download the application. The 

application included a short survey on respondent socio-demographics, residential location and 

travel mode between home and Concordia. After completing the survey, respondents could allow 

the application to run in the background for up to two weeks. While the app ran in the 
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background it collected locational information when respondents were in transit between 

destinations. 891 people downloaded the app, completed the survey and had locational data 

recorded from at least one day.  

A number of other sources of GIS data were also used in the research: transit and road network 

data, metro station locations, location of Concordia campuses, and postal code shape file of 

Montreal. The shape files of Montreal’s public transit network were obtained from the transit 

agency that operates public transit on the Island of Montreal (Société de Transport de Montreal, 

STM) for the period of the data collection. This file was then geocoded in ArcMap in order to be 

used in the next steps for identifying the transit routes taken. GTFS data in Montreal only include 

the location of the stops associated with route(s) and as a result do not always offer a 

geographically faithful representation of the routes themselves. The .shp files provided by the 

STM on the other hand provided geographically accurate representations of the entirety of the 

routes. Road network and postal code files from DMTI Spatial, metro station locations from the 

STM, commuter station location and rail lines from the Agence métroplitaine de transport 

(AMT) were obtained from the Transport Research at McGill (TRAM) archive. The Concordia 

Campus maps were digitized in the TRIP Lab.  

 

  
 

Fig. 1: Montreal transit network   
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Data Processing 

 

Location data from DataMobile contained fields with user ID, coordinates and a time stamp, in 

addition to other information such as horizontal accuracy that is not used in this analysis. Since 

the analysis focused on transit route inference, any trips done by other modes were filtered out. 

In order to achieve that, we used the declared mode of transportation by the individual as 

reference. As part of the app setup, there is a small set of questions asked of the respondent, and 

one of these asks what mode of transportation (and alternative mode) is used between home and 

Concordia, as well as the postal code of residence. This information was used to select 

respondents making trips by transit between home and Concordia. Once respondents declaring 

only transit trips between home and Concordia were separated, these users’ data were broken in 

to trips. Only iOS users were included in locational data on iPhones was collected more 

frequently. 

 

Trips were identified using a relatively simple trip-breaking algorithm. Time gaps of greater than 

5 minutes were classified as stops. Because many trips are done by Metro, and because data 

collection while in the Metro is sparse, it was necessary to account for longer gaps in time in the 

case of Metro trips. As such, if two consecutive points were collected within a 250m buffer of a 

Metro station, a gap of 40 minutes (maximum travel time on the network) was allowed before 

identifying a stop.  

 

Because spatially accurate transit route information (i.e. a faithful description of routes, and not 

just the location of stops) was only available for the Island of Montreal, only transit trips that had 

their origins and destinations on the island were included. Among these trips, the ones of interest 

were home-based trips done to and from Concordia University. In order to identify these trips, 

we needed to establish user home location. To locate the home location, we compared the 

declared postal code of residence against the first and last points of individual’s daily trips. This 

was done by setting a 500m buffer around postal code centroids. Then, by spatially joining these 

buffers with the first and last daily trip points, the individuals that had their first and last daily 

trip points falling in the buffer corresponding to the postal code declared as their home, were 

kept for the next steps of analysis. In the next step, using the first and last point for all trips done 

by the individuals isolated in the previous step, two qualities were checked and both had to be 

satisfied for a trip to be considered a home-based Concordia trip:  (i) if the first point of a trip 

was on Concordia University campuses, or the first point is within the declared postal code 

buffer; and (ii) if the last point of the trip was falling on Concordia University campuses, or the 

last point is within the declared postal code buffer. This was done using STATA, and it was 

verified that if the start of the trip were at home, then the end had to be Concordia and vice-

versa. 
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Using these criteria 324 trips were available for analysis. So to summarize, the trips referred to 

from this point on, are home-based to or from Concordia transit trips on the Island of Montreal. 

Fig. 2 presents the data points and the transit lines used in this analysis.  

 

  
Fig. 2: Home-based Concordia GPS trip points and transit lines  

 

Transit Ambiguity Processing and Route Inference 

 

After preparing the trip data, the next step of the methodology of this research was to calculate 

the proportion of trips for which there was ambiguity in transit route. Ambiguity was calculated 

using progressively more (simple) rules and finally a relatively simple algorithm. As such, the 

following steps were taken: 

 

i. In order to capture candidate bus lines in the vicinity of each trip point, a 15m buffer was 

set around the bus lines. The 15m distance was chosen after testing several different 

buffer sizes, and picking the size that didn’t capture too many false lines, but also was big 

enough to capture the trip point on arteries and highways. Then these buffers were 
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spatially joined to the trip points, recording all the bus line buffers each point intersected 

with.  

ii. The outcome of the previous step, multiple rows (each row representing a bus line) for 

each trip point was concatenated in one field to represent all the bus lines possible for 

each point. This was done using scripting in STATA. This is referred to as “baseline 

processing,” and its results were used calculate “baseline ambiguity.” 

iii. In order to infer if more than one bus route was associated with points for the segments of 

the trip, a set of codes were developed in MATLAB, in which the trip points were sorted 

based on timestamp, then bus lines associated with each point were added to a “mother 

set.” Iterating over the points sequentially, the bus lines for each point sharing lines with 

the mother set was kept and finally recorded when there was no common line. After this, 

a new mother set was initiated using the same method and the same procedure was 

followed over and over again. The benefit of using this technique is to isolate the portions 

of the trip where only one line is available and therefore using that line number, the 

algorithm moves back up the trip points searching for a point that cannot be associated 

with the unique line. The points in between where there were only one possible route and 

the first point for which that line was found in the mother set were all associated with the 

unique route and considered “unambiguous.” This is what is referred to as “bus route 

processing.” 

iv. The next step was to establish which points belonged to the portion of the trip done by 

metro. For this, two filters were used. First, consecutive points of a trip that had a time 

gap of over 5mins were identified and flagged. The second filter was to flag the points 

that were in a 250m buffer around metro stations. The points having both qualities were 

flagged as having been done by metro. This is what is referred to as “metro processing.” 

v. In order to eliminate any bus lines not operating at the time the GPS point was recorded, 

the operation time of each remaining associated bus line was checked against the time-

stamp of the GPS point. This will filter for night bus lines and express bus lines which 

function in specific periods of the day, and day buses for trips done off their operating 

time. This step is referred to as “bus time processing”.  

vi. The output of the previous step shows all proposed lines for segments of the trip. In the 

final step, walk trips had to be identified. First, distance between two consecutive GPS 

recording points is calculated. If the total length traveled at a segment (part of the trip 

with the same bus line) were less than 200m, and the points on the segment were not a 

metro trip point, they were set as walking. Also trip points where no transit line was 

found in the 15m buffer vicinity (because of not being in the proximity of bus lines 

reported as “999”), those segments were also considered walking trips, which were most 

commonly observed at the beginning and end segments of the trips. In a case of having 

such points (with no bus line in their proximity) in the middle of a section where a bus 

line is found before and after these points, the algorithm in step iii assigns this bus line 

(the same bus line before and after these points) as the probable line taken for these 
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points. This is referred to as “walk processing.” Bus route, metro and walk processing 

taken altogether is referred to as “final processing.” 
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Measures of Transit Route Ambiguity 

 

To summarize the degree to which transit route was ambiguous over the course of a transit trip, a 

distance-based measure was used. As such, transit route ambiguity was summarized as the 

proportion of a trip’s distance for which the transit line used was ambiguous. This is referred to 

as percent ambiguity. In order to demonstrate how the different rules and algorithm reduce 

ambiguity, percent ambiguity was calculated after each stage of transit route processing. That is, 

it was calculated when no rules were used to evaluate ambiguity (baseline processing), after the 

bus route ambiguity detection algorithm was used (bus route processing), and after the metro and 

walking adjustments were also included (final processing). The portion of distance where 

ambiguity is caused by having two and three or more candidate lines were also calculated to 

provide a sense of just how ambiguous the ambiguous portions of trips were.  

 

4. RESULTS 

 

In this section, the main results of ambiguity detection under the different stages of processing 

are presented. Fig. 4 presents the buffer analysis to capture the bus line(s) in the vicinity of GPS 

points for a home based trip from Concordia. As one can observe on the bottom image in Fig. 4, 

the 15m buffer around the bus network shows the option of line(s) in the vicinity of each GPS 

observation.  

 
  

 

 

 

 

 

Fig. 4: Trip GPS points and the bus line buffer analysis 
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To better understand the output of the transit ambiguity processing, Figure 5 and Table 1 

present an example trip. Fig. 5 presents a map that shows trip GPS points and how different 

transit modes and lines (metro, and bus) are accessible at each point.  This figure provides a 

visual representation of what the data fed to the algorithm looks like for one trip, which then 

turns out to produce an output table similar to Table 1.  In Fig. 5, the blue points show the trip 

GPS points, the purple polygon represents one of Concordia’s campuses, and the red lines are 

bus lines.  The “M” signs stand for metro stations. We see that this individual walks to the metro 

station, (top right) and takes the metro and gets off and takes the bus (bottom left), and at the end 

of the trip because of not having a line passing till the end point recorded, the person walks from 

the bus stop to his/her destination, which is home in this case.     

Table 1 briefly demonstrates output after final ambiguity processing. Due to lack of space, only 

the top two and bottom two points of each trip segment are presented. As for the points not being 

in the vicinity (15m buffer distance) of a transit line, the line “999” has been recorded. The last 

two columns of this figure show if the algorithm is assigning walk or metro trips for those 

segments. If either of these columns is 1, that overwrites the line number in the proposed line 

column. Once the algorithm has finished coding and generating results for all the points, the 

evaluation phase is initiated. The point-to-point distance for consecutive trip points is calculated 

and used as to calculate percent ambiguity. Trip segments that were neither chosen as walk nor 

metro, and had at least two bus lines proposed, are considered as ambiguous. The bold text in the 

table (lines or 1s for the walk and metro) show the final line, or mode proposed by the algorithm. 

To see the effect of the algorithm on this sample trip, we report the ambiguity at each step. At the 

baseline ambiguity level, there exists 77% ambiguity, after bus route processing percent  

ambiguity is reduced to 10%, and after factoring the walk and metro section of the algorithm too, 

the ambiguity goes down to only 9%.  
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Table 2 presents summary statistics for all of the 324 trips in the dataset.  The maximum percent 

ambiguity without processing (baseline ambiguity) associated with a given trip is 100% whereas 

the minimum is 21%. The table also shows summary characteristics of the transit trips 

themselves with an average 7.4 km, a min of 1.1 km and a maximum of 29 km. 

Table 2. Summary statistic of the trip data and relative baseline ambiguity 

  Number of trips Trip Distance (km) Trip time (min) 
Baseline 

Ambiguity (%) 

Final 

Ambiguity (%) 

Average - 7.4 49.2 94 6.8 

Min - 1.1 7.3 21 0 

Max - 29 115.8 100 98 

Total 324 - - - - 

 

Table 3 presents the results of ambiguity processing summarized across the entire dataset for 

each of the different stages of ambiguity processing. It also breaks down percent ambiguity 

according to the number of lines causing the ambiguity. The first level of output that was 

evaluated was before doing any analysis on the data and simply focusing on the level of non-

ambiguous points before bus route, metro, or walk processing (i.e. points that only have one line 

in their vicinity as raw data). This is called baseline processing. Notice that after baseline 

processing 56% of the distance of transit trips are associated with more than three lines, while 

5% are associated with three lines, and 11% with only two lines. Percent ambiguity is then 

reported after the bus line selection portion of the algorithm, without walk and metro processing. 

This is indicated as bus route processing. As can be seen in Table 3, after bus route processing, 

percent ambiguity is reduced from 72% to 30%. Finally, percent ambiguity is reported after 

processing for walk and metro trips and bus route and time- final ambiguity processing. We can 

see that this correction decreases percent ambiguity by another 25% to as low as 4.65%. We can 

also observe that percent ambiguity with more than 3 lines is reduced significantly after applying 

the different stages of processing.  

Table 3. Ambiguous and non-ambiguous proportion of trips 

Processing Stage % ambiguity % 2 lines % 3 lines % > 3 lines 

Baseline  72% 11% 5% 56% 

Bus route  30% 15% 10% 5% 

Bus route + metro 24% 13% 9% 2% 

Bus route + metro + walk 23% 13% 8% 2% 

Final ambiguity processing 4.65% 4.06% 2% 1% 

 

Table 3 helps us evaluate how hard (or easy) it is to establish what transit route has been taken 

for each trip. We observe that final ambiguity processing reduces percent ambiguity from 72% to 

4.65%, that is by 67% overall.  
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5. DISCUSSION 

 

Since the analyses presented here are not based on validated (respondent reported) data, caution 

must be used in the strength of the conviction when reporting these results. First, there are 

different ways in which the processing of the data could be improved to reduce transit route 

ambiguity. For example, it would likely be possible to reduce ambiguity further if timetable 

information were included. This would likely reduce the number of candidate bus routes that 

could be associated with a given point since not all buses operate during all times of the day. It 

would also be possible to build in line frequency that could further reduce percent ambiguity if a 

probabilistic measure were used. Second, this analysis was done in one case city and one might 

wonder how applicable it would be to other cities.  

 

On both these counts, we feel that the results we have reported are, if anything, conservative. 

With respect to processing improvements, we believe that any additional improvements to 

processing would be more likely to reduce ambiguity than to increase it.  With respect to 

applicability to other cities, as mentioned above, Montreal has a very dense transit network by 

North American standards (although not by the standards of Europe or some Asian cities). As 

well, the transit network on the Island of Montreal is even denser still. As a result, percent 

ambiguity calculated as we have in this paper would likely be even higher for many cities – at 

least in North America. As such, we feel our percent ambiguity calculations are likely to be 

upwardly biased and as a result, even these simple processing rules and algorithms that we have 

used show potential to help in transit route inference. 

 

6. CONCLUSION 
 

An important piece of information required for transportation planners is understanding trip-

maker’s travel behaviour in urban areas. As mentioned in the introduction, two main sources of 

data can be distinguished when it comes to travel data collected using mobile phones. The 

second source of data as mentioned before is GPS-based travel surveys and data collection which 

can provide a more spatially and temporally precise picture of the travel behaviour of individuals 

compared to traditional surveying methods. In this paper, as a first step towards inferring transit 

route itineraries, we have tried to establish the degree to which it is difficult to infer transit 

itineraries from GPS data on transit trips. That is, since transit routes can overlap on significant 

portions of their path, any attempts to associate GPS data to routes, when they overlap, will 

necessarily result in “ambiguity” with respect to which routes were actually used. Using this 

notion of ambiguity, we calculated the proportion of transit trips whose associated transit routes 

are ambiguous (i.e. cannot be associated with only one route) under different simple 

assumptions, rules and eventually a simple algorithm using smartphone-collected GPS data for 

transport survey at Concordia University in Montreal, Canada.  
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The methodology used in this paper for calculating transit route ambiguity follows a set of GIS 

based analysis and processing using different software packages. The calculations demonstrate 

that in a city such as Montreal with a relatively dense transit network, transit route ambiguity 

without any processing is quite high, making it difficult to unambiguously infer transit routes. At 

the same time, we have shown that by applying a relatively simple algorithm we find a 

significant reduction in the transit route ambiguity. More precisely, we find that without any 

processing, 72% of transit trip distance cannot be unambiguously associated with a single route, 

but that after processing this is reduced to 23%. We also observe that percent ambiguity 

associated with situations in which more than 3 potential lines are present is reduced to 2% (from 

56% after baseline processing). Finally, to our knowledge, this is a rare attempt to infer transit 

route from GPS data, and hopefully will help to contribute to the development of research in this 

area.  

 

Since this paper is a starting point to work towards transit route inference, there are a number of 

areas in which the analysis could be improved to further reduce ambiguity. These include the 

addition of timetable information on bus lines as well as the directionality of the roads could help 

identify walk segments of the trip (if the person GPS recordings were moving the opposite 

direction of traffic).  
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