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SHORT SUMMARY

Public transport smart card data hold vast amount of information on passenger behaviour. How-
ever, no information on trip purpose is recorded, hence limiting its use in practice. While several
studies have developed methods for estimating trip purpose, estimation accuracy is still a chal-
lenge. This study proposes a two-fold methodology for trip purpose inference, which incorporates
i) cluster analysis of trip purposes, and ii) trip purpose estimation. The grouping of similar trip
purposes through cluster analysis reduces the complexity of the subsequent trip purpose estima-
tion, hence ensuring a better performance. Several methods are applied for the trip purpose esti-
mation, including discrete choice models with the utility function being specified using Bayesian
relevance determination. Preliminary results solely based on temporal characteristics are promis-
ing. Future work will include also relevant land use characteristics as well as estimation based on
other relevant methods, including Random Forests.

Keywords: AFC data ; Discrete inference ; Public transport ; Smart card data ; Trip purpose
estimation.

1. INTRODUCTION

Smart card-based automated fare collection systems (AFC) have been implemented in public
transport networks throughout the world during the last decades. This provides basis for collecting
much more information about travellers and their preferences on a large-scale using minimum
costs. While much travel information is automatically gathered including travel times, route
choices and travel frequency (when card id is known) important characteristics often need to be
inferred, e.g. actual origin and destination instead of boarding and alighting location (Trépanier,
Tranchant, and Chapleau 2007; Munizaga and Palma 2012) and trip purpose (Lee and Hickman
2014; Alsger et al. 2018; Kusakabe and Asakura 2014; Zhu 2020; Kim, Kim, and Kim 2021).
These are important characteristics to consider when using this data for estimating and modelling
travel behaviour. It is therefore very important to develop efficient methods for post-processing
of automated data sources to make the data better suited for behavioural analysis.

Much research has been devoted to inferring trip purpose for automatically collected data. This
has contributed to a larger dataset for travel behaviour analysis, hence complementing household
travel survey (HTS) data, which traditionally has been the primary source of information used for
such analyses. Previously much focus has been on inferring trip purpose for GPS data collected
through GPS devices, e.g. (Shen and Stopher 2013), or more recently using smart phones, e.g.
(Chen, Jin, and Li 2020). The obvious benefit of this data collection method is that they include
all modes of transport, thus complementing HTS data on a large scale. However, an important
challenge is the need for efficient post-processing algorithms which are required for identifying
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trip segments and transport mode used. The multiple steps required during post-processing before
arriving at complete data including trip purpose makes it advantageous to consider other data
sources, such as readily available AFC data from public transport. While only covering public
transport trips, this data already include the trip chain within the public transport network includ-
ing boarding and alighting location. This allows for using a readily available dataset for trip pur-
pose inference, thus creating a large-scale dataset for behavioural analysis.

This study contributes to existing literature by proposing a more efficient framework for estimat-
ing trip purposes for AFC trips based on household travel survey (HTS) data. More specifically,
we propose to group similar trip purposes based on clustering analysis using spatio-temporal trip
characteristics rather than using the often large number of trip purposes directly from HTS data.
While the grouping of trip purposes that share similar characteristics will reduce the level of detail
of the final trip purpose estimation, it has the advantage of reducing the complexity of the subse-
quent inference model, thus likely resulting in better performance when applied to the AFC data.
In addition, the final study will compare the performance of several trip purpose estimation meth-
odologies, including discrete choice models and machine-learning techniques.

2. METHODOLOGY

The proposed model framework consists of three parts, i) clustering of trip purposes, ii) develop-
ment of an inference model for estimating trip purposes of trips in HTS data, and iii) application
of the inference model on AFC data. While it is possible to evaluate the performance of the trip
purpose inference model directly as the trip purpose is known for HTS data, this is not possible
in the final step using AFC data. Hence, this is proposed done aggregately by comparing the trip
purpose splits of the AFC and HTS data.

2.1 Clustering of trip purposes

Most HTS data include a large variety of trip purposes. It will therefore be reasonable to group
trip purposes to reduce the complexity of the inference model. The main advantage of this is that
the performance of the inference model is expected to improve. This might be at the expense of
less details in the trip purpose inference. However, this is suggested as an improvement consid-
ering that better prediction accuracy of a simpler trip purpose categorisation is preferred over
worse prediction accuracy of a more advanced categorisation. Notably, a more advanced catego-
risation will result in larger difficulties in separating trip purposes that share similar characteris-
tics. This might not be necessary when using the resulting data for travel behaviour analysis or
transport models, which often have fewer trip purpose categories than often reported in HTS data.

The framework proposed in this study is to apply hierarchical clustering analysis (HCA) on the
HTS data based on spatio-temporal characteristics of the trips. These are characteristics that are
highly linked to various activity types while being simple to implement in a clustering algorithm.
Several trip characteristics and indicators calculated for each trip purpose were considered and
tested, including the time of travel (e.g. day and hour), time spent on destination (e.g. time be-
tween consecutive trips), and land use information at destination (e.g. land use type, number of
workplaces and inhabitants at destination). This resulted in the use of the following indicators: i)
average trip departure time, ii) average time spent at destination, iii) the share of trips performed
on weekdays, and iv) the ratio between workplaces and inhabitants at the destination.



2.2 Trip purpose inference model estimation

We will test three methods for estimating the trip purposes. First, discrete choice models based
on an automatic method for specifying the utility functions of the various trip purposes based on
Bayesian relevance determination of the variables (including interactions) from the dataset (Ro-
drigues et al., 2020). This allows for automatic selection of the key spatio-temporal variables in
the HTS data, which are correlated with each of the trip purposes. This can be compared directly
to specifying the utility functions based on simple backward elimination. Second, we will test a
novel approach based on embeddings, which is advantageous in efficiently reducing large sets of
categorical/binary variables to a lower dimension vector of continuous numbers while simultane-
ously considering the individual relationships between the original categorical variables. As the
transformation of the original variables to a continuous vector representation is performed with
explicit consideration of the goal of inferring trip purpose this method might perform better than
previously applied methodologies. Lastly, as several studies found Random Forest models to per-
form better than alternative approaches (Ermagun, Fan, Wolfson, Adomavicius, & Das, 2017; van
Dijk, 2018), we will compare our results to such approach.

2.3 Trip purpose inference model application

Considering that the AFC data is longitudinal it holds more information than is available in the
HTS data. This allows for incorporating a final step in the trip inference model in which a set of
travel characteristics are identified for each user in the AFC data, e.g. most used stops/stations.
This information is used to update the trip purpose estimated by the inference model based on a
set of relevant rules.

3. CASE STUDY AND DATA

The methodology is applied on data from the Greater Copenhagen area, which represents a region
where public transport has a market share of 10-20% dependent on trip purpose (Christiansen and
Skougaard 2015). The main dataset for the trip purpose estimation is the Danish national travel
survey, which included 14,714 public transport trips for the period 2006-2019. While the travel
survey data include detailed background information on respondents we only use information that
can be re-generated for the AFC data, i.e. the spatial and temporal trip data. This includes the trip
departure time and time between consecutive trips (time spent at destination/activity), which is
taken directly from the HTS data. In addition, we collected land use data consisting of a categor-
ical land use type as well as population and amount of workplaces, all in GIS zone layers. For
each public transport stop the corresponding land use type and population and job density could
be included. Job density could be used both aggregately and specified for nine different job types.

The AFC data used in this study is the Rejsekort data from the Greater Copenhagen area. This
AFC data includes full information on the entire public transport trip, as it is validated at the
boarding stop, potential transfer stops and at the alighting stop. This ensures the full route of the
passenger within the public transport system. The dataset for 2019 includes more than 120 million
trips, which corresponds to approximately 50% of all public transport trips in 2019 (Christiansen
and Baescu 2021). However, the sample is biased due to elderly, students, and commuters using
public transport on a daily basis can use other types of ticket products at a lower fare. Hence, the
sample includes irregular travellers and those that use public transport up to a few times per week
(Eltved et al. 2021).



4. RESULTS

The preliminary results are based on temporal trip characteristics and limited spatial characteris-
tics, as detailed spatial characteristics were not available yet. Table 1 shows the results of the
HCA based on i) trip departure time, and ii) time between consecutive trips, resulting in six trip
purpose categories.

Table 1: Overview of travel survey data used for the trip purpose inference model-

ling
Trip purpose No of obs | Cluster | Name No of obs
Work 2,709 1 W(ork) 2,709
Education 1,268 2 | Edu(cation) 1,268
Shoppin 1,161 3 .
Healthcare 261 3| Shop(ping) 1.422
Pick-up/bring persons 160 4 e
Private Viits 1,102 4 Vis(its) 1,262
Pickup/bring stuff 93 5
Other errands 139 5
Sports 274 5
Entertainment 883 5 Lei(sure) 1,757
Vacation, excursion 59 5
Private meeting 152 5
Other leisure 157 5
Home 6,296 6 H(ome) 6,296

Subsequently, two trip purpose inference models were estimated based on discrete choice models
using i) simple backward elimination, and ii) Bayesian relevance determination. The models were
trained on 80% of the sample data (11,833 observations) drawn randomly before testing the in-
ference models on the test dataset (2,881 observations). The results are shown in Tables 2 and 3.

Table 2: Confusion matrix for trip purpose inference based on backward elimina-

tion

Real / predicted | W Edu Shop | Vis Leis H Sensitivity

Work 394 63 4 9 24 37 531 (74%)
Education 73 107 3 5 20 10 218 (49%)
Shopping 6 5 172 0 64 54 301 (57%)
Visits 14 10 21 13 49 134 241 (5%)
Leisure 15 11 61 11 157 111 366 (43%)
Home 14 4 27 9 40 | 1,130 | 1,224 (92%)
Precision 516 200 288 47 354 | 1,476 | 2,881 (68%)

(75%) | (54%) | (60%) | (28%) | (44%) | (77%)




Table 3: Confusion matrix for trip purpose inference based on Bayesian relevance
determination

Real / predicted | W Edu Shop | Vis Leis H Sensitivity

Work 384 64 10 5 21 47 531 (72%)
Education 79 107 11 3 7 11 218 (49%)
Shopping 16 8 155 1 49 72 301 (52%)
Visits 17 10 23 24 32 135 241 (10%)
Leisure 37 7 99 15 80 128 366 (22%)
Home 15 5 26 27 38| 1,113 | 1,224 (91%)
Precision 548 201 324 75 227 1,506 | 2,881 (65%)

(70%) | (53%) | (48%) | (32%) | (35%) | (74%)

The results show that promising results considering that no spatial characteristics were include
yet. The estimation accuracy of commuting trips are highest at 70-74% accuracy for work- and
home-bound trips. The remaining trip purposes are notably lower at 32-43%. The results are com-
pared to related studies in Figure 1.
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Figure 1: Comparison of results to other related studies

The related studies did not use similar trip purposes, so not all results can be compared consist-
ently. However, the work- and homebound trips are estimated at a lower accuracy than competing
studies whereas the remaining four categories are at similar or even better accuracy.

5. DISCUSSION AND FUTURE WORK

As this is very preliminary work, future work will include adding detailed spatial information
based on readily available GIS data. This was not possible to include before the deadline of this
short paper, but will be included in the final paper. In addition, additional estimations of the trip
purpose inference models will be conducted, including using Random Forests and embeddings.
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