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1. Introduction

In recent years much effort has been given to investigate the use of GPS data as the data source for
travel surveys ([1-5], etc.), as this ideally provides the investigator with far more detailed travel
information than traditional travel survey methods. Additionally, the data collection sets far less
requirements to the respondents, as e.g. answering time-consuming questionnaires regarding route
choices etc. are avoided. This enables larger sample sizes, but also sets higher requirements to work
done in the post processing, where detailed travel information are derived from the raw data. GPS
units (or smart-phones etc.) facilitates the collection of complete travel patterns of people, but there
is the need for advanced methods to deduct these patterns through applications of e.g. algorithms

identifying used modes of travel etc..

This paper presents a new post processing algorithm and its application to raw GPS data from a
multi-day person-based GPS travel survey including five modes of transport. To validate the results,
corresponding interview-based travel survey data were collected for one of the three days in the

survey period.

2. Method
The method applied in this study is based on the trip and mode detection algorithms developed in

Schussler [6], however supplemented by additional more disaggregate components using GIS-
software. Overall, the algorithm is a four-step sequential process allowing feed-back loops,
consisting of: (i) GPS data cleaning; (ii) Trip and activity identification; (iii) Trip segmentation into
single-mode trip legs; and (iv) Travel mode identification. The first three steps of the algorithm are,
with minor modifications, based on Schissler [6]. The major contribution of the present work is the

new mode identification step described in the following.

The proposed three-fold mode identification process is shown in Figure 1.
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Figure 1: The step-wise mode classification algorithm.

The first step identifies rail trips based on the proximity of observations to the rail network. In the
second step fuzzy logic rules ([6]) are applied to speed and acceleration profiles of the remaining
trip legs in order to classify the most probable mode among the remaining modes. This successfully
classifies walking and biking trip legs, while many car trip legs are wrongly classified as bus trip
legs, and vice versa. To improve results we propose a new approach based on GIS-analysis to
distinguish between car and bus (Step 3). This approach is based on an analysis of coherence
between GPS carrier stopping locations and bus line bus stops; all trip legs are analysed to identify
whether they follow the stopping pattern of a bus route. If so, and if the origin and destination of the
trip leg are in the proximity of a bus stop of the bus lines identified, then the trip leg is classified as

a bus trip leg.

Following the mode identification, a feed-back algorithm detecting irregular mode sequences is run.
This is based on various logic rules, and identifies e.g. illogical car-bus-car-trips as well as merges

trip legs incorrectly split by the trip identification algorithm. As many trip legs identified by the



algorithm were found to be random scatter instead of actual trips, a map matching algorithm was
run to eliminate such trip legs. Hence, if the GPS observations of a trip leg cannot be matched to

constitute a trip on the network, the trip leg is removed from the dataset.

3. Results

The collected GPS raw data contains 644 person days of travel (equalling 4553 trip legs identified
by the algorithm), of which corresponding travel diaries are available for 101 person days.
Connecting the data yields 745 (or 464) trip legs identified by the algorithm when excluding (or
including) the map matching algorithm. This compares to the 521 trip legs reported in the travel

diary.

The feed-back algorithms improved the results of the trip identification notably, cf. Figure 2. As can
be seen, removing scatter trip legs through map matching causes the distribution of the trip lengths

to represent the reported trip lengths better.
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Figure 2: Distribution of trip length for identified trip legs compared to stated travel survey trip lengths.

The final results of the mode identification including feed-back and map matching algorithms are
shown in Table 1. It can be seen that, on average, more than 92% of travel diary trip legs are
correctly identified by the mode identification algorithm. When including wrongly identified trip

legs, e.g. scatter trips, 84% of the trip legs identified by the algorithm are assigned the correct mode.



Observed | Walk | Bike Bus Car Rail Non-trips Confidence rate
Algorithm
Walk 75 6 1 1 - 13 78.1%
Bike 1 104 - 5 - 3 92.0%
Bus - - 27 - - - 100.0%
Car 1 7 7 152 1 19 81.3%
Rail - - - - 33 2 94.3%
Other 1 1 - 1 - 1 -
Total 78 118 35 159 34 38 84.6%
Success rate 96.2% | 88.1% | 77.1% | 95.6% | 97.1% - 1 92.2%

Table 1: The results when including map matching algorithm

The success rates achieved seems to be high when comparing to general success rates of 82.6% in
Gong et al. [4], 79.1% in Chen et al. [7], 87.4% (own calculation from numbers available) in Bolbol
etal. [5] and 91.7% in Chung & Shalaby [8]. Especially, the identification of bus trips is notably
better than the rates of 62.5% achieved in Gong et al. [4], 53.3% achieved in Chen et al. [7], and

58.3% achieved in Bolbol et al. [5].

In Figure 3 two examples of the application of the Bus Line alignment analysis is visualised. To the
left is a GPS trace which coincides with numerous bus lines on parts of the trip leg and ends where
these bus lines terminate. Additionally, the trace originates at a bus stop on Line 168, and seems to
follow the alignment and stopping pattern of this bus line on most of the trip leg. Consequently, the
trip leg is (correctly) classified as a bus trip on Line 168. In the example to the right, the overlap is
lower and the bus line followed on parts of the trip does not stop at the origin or destination.

Consequently, the trip leg is (correctly) classified as a car trip.
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Trip information Trip information
Date: 27-10-2011 Date: 09-11-2011
Starting time: 08:40:38 Starting time: 06:42:26
Ending time: 08:49:37 Ending time: 06:49:07
Trip length: 8 min 59 sec Trip length: 6 min 41 sec
Bus line stop overlap # stops Hit% Bus line stop overlap # stops Hit%
145 4/5 80% 161 3/5 60%
161 3/4 75%
167 8/11 72%
168 8/11 72%
SIN 3/4 75%
Origin stop: 168 Origin stop: None
Destination stop: 67/145/161/167/168 Destination stop: None
Classified as: Bus trip Classified as: Car trip
Actual bus line: 168 Actual bus line: Car trip

Figure 3: Example of results of the bus detection algorithm.

4. Conclusions

This study proposes a combined fuzzy logic- and GIS-based algorithm to process raw GPS data.
The algorithm is applied to GPS data collected in the highly complex Copenhagen Region transport
network, and detects trip legs and distinguishes between five modes of transport. The application
shows, compared to other studies, promising results through a 92% success rate in identifying the
correct mode. There are however room for improvements; it was found that the trip leg

identification process should be improved further, as e.g. many trip legs are wrongly split into



several parts. An improvement of this process will improve the performance of the overall GPS

processing algorithm.
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