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Abstract 

The relationships between transportation, physical activity and health is now subject of an 

emerging field of research (Litman, 2013). Various studies are focusing on the question, how 

to improve the share of active mobility in human’s mobility behaviour. To measure the effects 

of mobility interventions, the mobility pattern must be examined. An established traditional 

travel survey method to report travel behaviour is the travel diary. In this master thesis, a 

long-term travel diary is suggested to investigate the effects of mobility interventions on daily 

commuting trips. The innovation in this approach lies in the use of accurate GNSS-technology, 

collected in a short-term survey, for the correction of travel distance and travel time per trip 

segment in travel diary entries. It was found, that the GNSS-data proved to be useful to en-

hance the validity of the dose of mobility, which is referred to as the sum of travelled distances 

and travel times per mode over the period of an intervention. This is the basis to derive the 

share of active mobility in commuting trips which is a useful indicator for further research 

concerning physical activity and health.  
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1 Introduction  

The relationships between transportation, physical activity and health is now subject of an 

emerging field of research (Litman, 2013). Various studies are focusing on the question, how 

to improve the share of active mobility in human’s mobility behaviour. To measure the effects 

of interventions, the mobility pattern must be examined. An established traditional travel sur-

vey method to report travel behaviour is the travel diary. Nowadays often accompanied or 

even replaced by GNSS-data. As people’s mobility behaviour has a great importance in the 

field of transport planning, travel survey methods constantly evolved over time. Travel surveys 

are conducted since the 1950s, starting with face-to-face interviews. Due to inefficiency and 

high costs, mail-in/mail-out surveys replaced the interview. People were asked to describe 

their travel behaviour for a one or more days. It was shown that those surveys show system-

atic errors to the actual travel behaviour (Bohte & Maat, 2009). Misreporting in form from 

underreporting of small trips and under- or overestimations of travel times were identified 

(Bohnte & Maat, 2009; Stopher, 1992). An additional downside of the postal survey was the 

low response rate. Hence, with the advent of computers, paper-and-pencil survey were re-

placed by computer-assisted survey methods (Shen & Stopher, 2014). In computer-assisted 

survey methods people are asked to record trip origins and destinations, travel modes, travel 

times, and if needed, other different travel details during the day for several consecutive days. 

The burden for the respondents in taking these detailed notes every day, frequently results in 

non-response. Furthermore, people tend to postpone filling in their travel diary, which leads 

to less accurate time and location data and even missing trips (Bohte & Maat, 2009). According 

to Schönfelder et al. (2002) the quality of the recorded data even decreases with time. To 

overcome the disadvantages of the travel diary and to reduce the burden of respondents, the 

GNSS technology was established in the late 1990s as new branch of travel survey methods 

(Shen & Stopher, 2014). GNSS-based data collection methods are potentially more accurate 

compared to the traditional travel diary. GNSS can record the position of each record of a trip, 

therefore, shows the exact route of trips from which travel time and travel distance can be 
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derived. The higher accuracy of GNSS-data compared with travel diaries is confirmed in vari-

ous studies (Forrest & Pearson, 2005; Wolf et al., 2001). Additionally, as GNSS data records 

exact routes, the use of GIS offers a wide range of possibilities for the further interpretation 

of GNSS data (Chung & Shalaby, 2005, Schönfelder et al, 2002, Tsui & Shalaby, 2006). In the 

early stages of using GNSS-data in travel surveys, it was common to attach the GNSS devices 

to the car. This was primarily done to reduce the burden of the respondent. To date, the in-

terest in mobility behaviour is not limited to the car anymore. Since the share of travel modes 

increased in many countries, the focus of travel studies lies not solely any longer on the car 

(Bohte & Maat, 2009). Therefore, the use of hand-held GNSS-devices is broadly used nowa-

days to record all modes of transport (Wolf, 2006). 

In this thesis a long-term travel diary is suggested to derive the total amount of travel time 

and travel distance for the modes of walk, bike, public transport and car over a specific pe-

riod – which is referred to as ‘dose of mobility’. It is expected, that the effects of mobility in-

terventions on the travel behaviour of commuters can be derived from the ‘dose of mobil-

ity’. The innovation in this approach is the use of GNSS-technology in form of a short-term 

GNSS-survey to correct the long-term travel diary. The self-reported travel distances and 

travel times of trip segments (parts of trips, that are travelled with a distinct mode of 

transport) will be corrected with information on duration and length derived from accurate 

GNSS-data. Several authors agree, that the course of daily routes show little variability (Hsu 

et al., 2007; Kim & Kotz, 2007; Lee et al., 2009). Especially, daily commuting has a relatively 

fixed and static pattern (Hanson, 2004). Therefore, this approach is relying on the repetitive 

nature of people’s commuting trips. Suggesting that a GNSS-recorded commuting trip has 

the potential to correct the self-reported travel distance and travel time for all travel diary 

entries, referring to that commuting trip.  

This thesis is structured as follows: Section 2 shortly presents related work on this topic; Sec-

tion 3 discusses the methodology used for this approach; Section 4 presents the practical part 

of this thesis in form of a case study, where the methodology was successfully applied. In 
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Section 5, the results are presented, followed by a discussion in section 6. Finally, section 7 

presents a conclusion.  

2 Related Work 

Chaix et al. (2014) investigated the relationship between transportation modes and physical 

activity. Study participants recorded their trips with a GNSS receiver and an accelerometer 

for 7 consecutive days. The outcome of the study showed, that the increase of active 

transport modes and public transportation may have substantial impact on the achieving of 

physical activity recommendations.  

While the previous study is focusing on the effect of active mobility using solely GNSS data, 

this thesis is using a combination of both GNSS technology and travel diary. GNSS-data is 

used either to supplement the travel diary or to correct and validate the entries. Matching 

travel diary entries with GNSS-data is not trivial. Mavoa et al. (2011) link GNSS and travel di-

ary using a sequence alignment method. The match is based on origin and destination loca-

tion. Stopher and Shen (2011) are using a similar approach, with the additional matching ele-

ment of start time and start end. These approaches have the benefit of being comparable 

simple and still validate the travel diary according to underreporting of trips or misreporting 

trips. However, they do not fully exploit the potential of GNSS-data. Wolf et al. (2001) pre-

sent an overview of potential elements that can be used to link travel diary and GNSS-data: 
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Table 1: Matching Travel Diary Entries with GNSS Data (Wolf et al., 2001 - minor changes from author) 

Key Travel Diary Elements Derived from GNSS Data 

Trip Origin Address Latitude and Longitude 

Trip Start Time First second of movement 

Trip Destination Address Latitude and Longitude 

Trip Finish Time Last second of movement 

Travel Distance GPS route (points) 

Trip Purpose Coordinate match of pre-coded common 

trip ends 

Travel Mode(s) Segmentation and Travel Mode Detection 

necessary  

 

Multimodal trips, trips where the travel mode is changed at least once, are a challenge for the 

evaluation of over- or underestimation of people’s perception on travel time and travel dura-

tion per mode in travel diaries. As the unprocessed GNSS trajectory solely resamples a count-

able journey from start to end point, trip segments of different transport modes are not dif-

ferentiated. Extensive pre-processing and a segmentation method are needed to derive single 

mode segments from GNSS trajectories. Trip segmentation is discussed in many studies, for 

example in Zhang et al. (2011) and Stutz and Westermeier (2018) where the segmentation is 

based on a multi-stage approach. To match modes in the travel diary to modes generated 

from GNSS data, a travel mode detection is necessary. Highly sophisticated map-matching al-

gorithms are discussed in Gong et al. (2012) or Chung and Shalaby (2005). Several previous 

studies are also using machine learning, probabilistic methods or rule-based methods e.g 

Bohnte and Maat (2009) or Stopher et al. (2008).  
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3 Methods 

In this suggested approach GNSS-technology is used to correct travel diary entries for daily 

commuting trips regarding travel time and travel distance per mode. To use highly accurate 

data from GNSS-trajectories for the correction, the data has to be processed to fit the form of 

the travel diary. As a daily commuting trip can incorporate several modes of transport, the 

GNSS-data needs to be pre-processed and segmented. After that, the segmented trips can be 

assigned to a distinct travel mode. Only after the processing, the GNSS-data can be matched 

to the travel diary. Based on visual inspection in a GIS, a quality assessment is applied. GNSS 

trip segments that are usable for the correction of travel distance and travel time in the travel 

diary are identified. After the correction, the sum of travel distance and travel time per mode 

can be calculated per respondent and per mode. This list can clarify the travel behaviour and 

show the share of active mobility in daily commuting trips.  

3.1 Pre-processing and Trip Segmentation of GNSS data 

The pre-processing and trip segmentation of GNSS-data is essential, when using GNSS-data to 

match with travel diary entries. In the pre-processing proposed by Stutz and Westermeier 

(2018) speed outliers are interpolated, and trajectories with repetitive errors are detected and 

deleted.  

As the GNSS-data is aimed to correct mode-based elements in the travel diary, the data must 

have a form similar to that of travel diary entries. The travel diary proposed for this approach, 

breaks down a commuting trip to trip segments, reporting the travel mode, its length and 

duration. In contrast to that, a GNSS-trajectory consists of records for the complete trip, from 

activation of the GNSS-device to the ending of the recording. There is no indication in the 

trajectory, whether a mode change occur. Hence, the GNSS-trajectory must be segmented 

into trip segments, also called single mode trips. The approach of Stutz and Westermeier 

(2018) compromises two segmentation steps. The first segmentation identifies the accumula-

tion of records under a specific speed threshold (< 1.8 km/h). Those points are declared as 

stop points. They serve as indicators for the first segmentation. Each stop-point segment is 
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enclosed by two stop points. In chase of a mode change, one of the stop points must be a 

mode change point. Whenever a mode change occurs, at least a short walk segment is neces-

sary. Due to its low speeds, walk segments are easy to differentiate from other modes. Hence, 

the stop point segments are categorised into ‘walk’ or ‘non-walk’ segments. Whenever a walk 

segment is followed by a non-walk segment, a mode change occurred. Therefore, the stop 

point between those segments, is classified as a mode change point. Based on the identifica-

tion of mode change points, a further segmentation into trip segments - or single mode seg-

ments - is conducted. Figure 1 illustrates the two-stage segmentation process. As needed in 

Section 3.3, the length and the duration for each trip segment is calculated.  

 

Figure 1: Schematic illustration of the two segmentation levels (Stutz & Westermeier, 2018) 

3.2 Travel Mode Detection 

After the segmentation, single mode segments can be assigned to travel modes. Various stud-

ies have focused on different methods (see section 2). A simple approach is proposed by Stutz 

and Westermeier (2018). It is a rule-based approached, with the aid of heart-rate data as ad-

ditional variable to differentiate between active and passive travel modes. After the segmen-

tation of the GNSS-data, various variables such as percentiles of speed, percent over resting 

heart rate, amount of stop points, are calculated for each trip segment. The variables are 

matched to designated rulesets and trip segments are matched to their respective travel 

mode.  
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3.3 Match GNSS-data to Travel Diary  

Matching GNSS-data to travel diary entries is based on common elements, as shown in table 

1. After the trip segmentation and travel mode detection of GNSS-trajectories, some of those 

elements needed for a match are already available. Nevertheless, the elements of origin and 

destination of the trajectory are not clarified so far. As the approach presented in this thesis 

is focused on the correction of daily commuting trips, the destination and origin are either 

‘home’ or ‘work’. Therefore, it is only necessary to identify the direction of the trajectory. To 

determine whether a trip is an outward or return trip, a straightforward approach can be ap-

plied. The distance of the first and last record of a GNSS-trajectory to the home location is 

calculated. When the first record is closer to the home location, the trajectory will be catego-

rized as outward trip. Vice versa, if the last record is closer to the home location, it is a return 

trip. The advantage of this approach is, that the GNSS-signal does not have to start/end at the 

exact address location of ‘home’ or ‘work’. This is meaningful for all GNSS-trajectories, that 

are affected by a cold start or a signal loss.  

A further matching element is time. While studies recording all trips per day are dependent 

on an exact start and end time reported in the travel diary, this approach can rely solely on 

the date. For each date, two commuting trips are the maximum number of trips – one outward 

and one return trip. 

After the gathering of all necessary elements for the match, the matching processes can be 

conducted. In table 2, the matching elements used in this approach are listed:  
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Table 2: Elements used in matching process 

Travel Diary Processed GNSS-Data  

Date Date 

Origin/Destination  Outward/return trip (based on distance 

from first/last record to home location) 

Mode Mode (derived from TMD) 

 

As we focus on daily commuting routines, it is proposed, that respondents predefine their 

repetitive routes in a template. This should include all trip segments with their designated 

travel modes, travel time and travel distance. As a person might have more than one commut-

ing routine, a unique identifier (route-id) for each predefined commuting trip should be spec-

ified and reported in the travel diary.  

In the matching process a trajectory will consequently get assigned to the reported route-id. 

This has the advantage, that several GNSS-trajectories can be matched to the same route-id, 

which will increase the chance of correcting self-reported travel times and travel distances in 

the travel diary or rather the corresponding template for the reported route-id.  

GNSS-trajectories will be matched to the corresponding route-id, if all three elements (see 

table 2) correspond. The date and the direction of the trajectory must be identical. Addition-

ally, the trip segments of the trajectory must be declared with the same modes of transport, 

reported in the travel diary.  

Trajectories that do not fulfil the matching criteria will stay unmatched. Missing diary entries 

or signal loss and subsequent fails in previous travel mode detection can prevent trajectories 

from being matched. Still, is it important to note, that unmatched trajectories might be still 

usable for the correction of trip segments in the travel diary. The existence of misreporting in 

travel diaries is addresses in various studies (e.g. Kelly et al. (2014), Stopher et al. (2014), Ma-

voa et al. (2011)). An unmatched trajectory might be caused by a misreported route-id in the 

travel diary. Therefore, it is still possible, that a trajectory, or parts of the trajectory, can be 
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used to correct another route-id. Unfortunately, it is also possible, that a trajectory is matched 

to a route-id but does not truly correspond to that route.  

In the next section, the GNSS-data is placed in a GIS and trajectories are assessed with the 

help of quality benchmarks for their suitability to correct the predefined commuting trip seg-

ments regarding travel distance and travel duration per mode.  

3.4 Quality Benchmarks 

After the assignment of the route-ids to trajectories matched with travel diary entries, the 

trajectories are placed in a GIS. As GNSS-data is spatial data, the representation of the trajec-

tories on a map, carry further insight into the data. In the context of commuting trips, trajec-

tories assigned with the same route-id should have corresponding routes. If the routes are not 

corresponding, eventually another route-id, will match the route of the trajectory. Addition-

ally, routes of unmatched trajectories can be collated with routes of correctly matched trajec-

tories. If the routes collate, the unmatched trajectory can be assigned to the correct route-id.  

With help of the decision tree every trajectory will be assessed by visual inspection in a GIS 

regarding two main questions: ‘Is the course of the trajectory corresponding to the reported 

route-id in the travel diary?’ and if yes, ‘Are trajectories qualified for the correction of com-

muting trips?’. Figure 2 illustrates a proposed decision tree for assessing the quality of trajec-

tories and the usability to correct travel time and travel distance of trip segments in the travel 

diary.  
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Figure 2: Decision Tree for the Quality Assessment 

 

In the first step, the route of the trajectory is compared to the information on the matched 

route-id from the travel diary. If the route seems plausible and if it corresponds to the route 

of other trajectories matched with the same route-id, it is very likely, that the trajectory is 

correctly matched with the right route-id. If not, the trajectory can be collated with trajecto-

ries matched with other route-ids. When the trajectory collates with the route of another 

route-id, the travel diary entry is a misreport and the trajectory can be assigned with the cor-

rect route-id.  
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Trajectories, not fitting any route, are not further investigated and classified as ‘inconclusive 

route’.  

The remaining trajectories are further inspected in the GIS regarding their quality. The deci-

sion tree is divided into two further branches. Either a trajectory can be used for the correction 

or not.  

GNSS-data is vulnerable to signal loss and cold starts, meaning that the GNSS-device is not 

recording the location for the duration of the signal loss. Signal loss can be caused for instance 

while travelling through a tunnel, by the urban canyon effect, or an underground trip. In the 

case of a cold start, the device misses the first part of the trajectory, as the signal was not 

found immediately when the recording with the GNSS-device was started. A trajectory that 

shows signal loss or cold start is not automatically dismissed at this point. Only if those signal 

errors affect every trip segment of the trajectory, it is dismissed.  

Beside signal error, a detour that is affecting all trip segments is leading to a dismiss of the 

trajectory as well.  

The remaining trajectories have the potential to correct at minimum one trip segment of a 

predefined route. Therefore, a further distinction is made between trajectories that correct 

all trip segments of a route, or only a subset of trip segments. Only trajectories that do not 

show any signs of major signal error, cold start or detour can be used to correct the travel time 

and travel distance for all trip segments of a route. However, if one or more trip segments are 

affected by signal error or detour, only the unaffected trip segments of the route can be cor-

rected.  

3.5 Correct travel diary with GNSS-data 

Based on the visual inspection and the decision tree shown in figure 2, trip segments of GNSS-

trajectories are identified, that can correct travel time and travel distance of corresponding 

commuting trips. Each trip segment of a route needs at least one GNSS-derived trip segment 

to be corrected. When a trip segment of a route can be corrected with the responding trip 
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segment of several trajectories, the average travel time and travel distance derived from the 

GNSS-data is used.  

3.6 Dose of mobility 

With the help of GNSS-technology, the travel diary entries of daily commuting trips can be 

corrected with highly accurate travel time and travel distance. At the end of the travel diary 

survey, the dose of mobility, meaning the sum of travel time and travel duration per mode 

can be calculated per respondent. It is a valuable source to derive the share per travel mode 

regarding travel distance and travel time for the entire intervention period, which draws a 

clear picture of the daily commuting behaviour. Furthermore, it is a meaningful measure for 

the share of active mobility in people’s mobility behaviour and helps to investigate, whether 

people implemented specific recommendations as part of mobility interventions. 

 

The practical implementation of this methodology is shown in the following case study in sec-

tion 4.  
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4 Case Study 

This section describes a case study in the region of Salzburg, in which the proposed method 

was successfully applied. GNSS-data, acquired in a short-term data acquisition period, is used 

to enhance the validity of a long-term travel diary survey. Analysis was performed in a Post-

gres/PostGIS database using Structured Query Language (SQL). For visual inspection and plau-

sibility checks, the software package Tableau Desktop was used.  

4.1 Data 

The data used for this case study was collected in the context of the GISMO research project 

(Geographical Information Support for Healthy Mobility) in Salzburg, Austria. The aim of this 

project was to investigate health effects of interventions in the context of mobility behaviour 

of commuters. Therefore, 73 respondents from a clinical intervention study were randomized 

and divided into an intervention group (n=51) and a control group (n=22). Depending on the 

distance to work, respondents in the intervention group commuted either with a mode com-

bination of public transport and on foot and/or bike (n=26) or only by bike and/or on foot 

(n=26). The control group was asked not to change the commuting routine. The mobility be-

haviour of the respondents was tracked throughout the intervention period of one year with 

a travel diary. In addition to that, respondents tracked their trips to work with fitness watches 

for the period of two weeks at the beginning and the end of the intervention period.  

4.1.1 Travel Diary 

Over the course of one year, the respondents are required to document their commuting trips 

in an web-based travel diary. To keep the effort at a minimum, the anonymised respondents 

had the opportunity to predefine their commuting routes in a template at the beginning of 

the study. Each respondent defines recurring commuting routes by listing the length and du-

ration for each mode taken on the trip. In table 3, an example is shown, listing three commut-

ing routes of a respondent that are predefined in the template:  
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Table 3: Example of three predefined commuting routes in a template 

Respondent Route  Mode Length (m) Duration (min) 

gismo01 1 walk 3000 38 

gismo01 2 bike 2600 9 

gismo01 3 walk 100 2 

gismo01 3 public transport 1800 7 

gismo01 3 walk 1500 19 

 

The third route in this example is a multimodal trip, which means that the route includes more 

than one transport mode.  

The respondent had to update the travel diary only with date, and the route-id from the tem-

plate for the way to work and the way back home. Hence, the respondents did not have to 

repeatedly enter the description of their routes but selected it from the template. The exam-

ple in table 4 illustrates, which elements had to be filled out in the travel diary:  

Table 4: Example of a travel diary entry 

Respondent Date Outward Route Return Route 

gismo01 2018-01-08 2 2 

gismo01 2018-01-10 3 1 

 

From 73 randomized respondents, 64 respondents were analysed in this case study. Nine re-

spondents were classified as screening failures, drop outs or respondents with no diary en-

tries. Over the whole intervention period of one year 10 566 diary entries of 64 respondents 

were collected via the web-based travel diary. In the following table the amount of travel diary 

entries per group is listed:  
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Table 5: List of respondents and travel diary entries per group 

Group Number of 

Respondents 

Travel Diary 

Entries 

Average Number of Travel 

Diary Entries per Respondent  

C 16 1982 124 

PT 24 3975 166 

B 24 4600 192 

 

4.1.2 GNSS- and Heart Rate Data 

As over- and underestimation of length and duration is common in travel diaries, GNSS-trajec-

tories were collected to correct the travel diary entries accordingly. The respondents wore a 

fitness watch (Polar M200) over the course of two weeks at the beginning and the end of the 

intervention period. With a regular sampling rate of one second, the GNSS-device recorded 

GNSS- and heart rate (beats per minute) data on daily commuting trips. As seen in table 6, in 

total 1431 trajectories from 60 respondents were collected. On average, each respondent rec-

orded 25 trajectories.  

Table 6: List of respondents and GNSS-Trajecotories per group 

Group Number of 

Respondents 

GNSS-Trajec-

tory 

Average Number of Trajecto-

ries per Respondent  

C 16 277 17 

PT 24 621 26 

B 24 611 25 

 

4.2 Data Pre-processing, Trip Segmentation and Travel Mode Detection  

All data sources, namely the travel diary entries for the entire intervention period, the tem-

plate for predefined commuting trips listing mode, length and duration per mode and the 

GNSS-data were stored in a Postgres/PostGIS-Database. Respondents were assigned to anon-

ymized pseudonyms (e.g. gismo01) which functioned as key, to link the data sources together. 

The predefined commuting routes were assigned to unique identifiers serving as database-
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key as well, consisting of the respondent’s pseudonym and the number of the route (e.g. 

gismo01-1).  

After the data pre-proprocessing, the trip segmentation was conducted. Duration and length 

were calculated for each trip segment. By transforming point-based records of the trajectory 

to a LineString in PostGIS, the exact length of the trip segment was calculated. As the fitness 

watch is recording with a regular sampling rate of each second, the trip time was calculated 

from the number of records in a trip segment.  

The trip segments were then assigned to travel modes, based on a rule-based approach. The 

additional variable of heart rate data was used to differentiate between active and passive 

modes. The modes walk, bike, public transport and car were differentiated. For a detailed 

description and outcome of the trip segmentation and the travel mode detection, please refer 

to Stutz and Westermeier (2018). 

4.3 Matching Travel Diary and GNSS-Data 

The matching process is based on the following elements: respondent’s pseudonym, date, di-

rection (outward- or return trip) and travel mode. In the web-based travel diary, the respond-

ents entered the route-id of their predefined route both for outward and return trip for each 

date. An outward trip starts at home and ends at the work location and the return trip starts 

at the work location and ends at home. Hence, the trajectory needs to be assigned to a direc-

tion as well. As the GNSS-device used in this study, was strongly affected by cold starts, the 

approach suggested in section 3.3 worked very well. The distance from first and last record of 

the trajectory to the home location are compared. If the first record is closer to the home 

location, the direction of the trajectory will be classified as outward trip. If the last record is 

closer to the home location, it will be a return trip. In this approach it is not crucial, that either 

start or end record match the home or work address. If the first trip segmented of the trajec-

tory was affected by a cold start, and the signal was lost 500 meters before reaching the des-

tination, the trajectory was still matched to the right direction. Even if those trajectories were 

useless for the correction of the commuting routes because of their bad signal quality, their 
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visualisation in a GIS, was still helpful to identify the correct route of a predefined commuting 

trip. Hence, it is to emphasise, that the result of the matching process was aimed to link as 

many trajectories as possible to the travel diary. The matching process was not aimed to filter 

out trajectories. This was the task of the later conducted quality assessment.  

In the course of the case study, it was found, that the matching element of travel mode caused 

a high rate of unmatched trajectories. This was due to the discrepancy between the travel 

modes assigned to the GNSS-trip segments and the travel modes reported in the travel diary. 

Especially trajectories with by bad signal quality were affected by a mismatch of the travel 

mode and therefore, could not be assigned to a route-id. Therefore, it was decided to dismiss 

the matching element of travel mode and repeat the matching processing without. Hence, the 

matching criteria only compromised the date and the direction (return or outward trip).  

4.4 Assessing the quality of GNSS-trajectories  

After the matching process, each trajectory corresponding to a travel diary entry was assigned 

to the respective route-id from the predefined template (e.g. gismo01-3). The GNSS-trajecto-

ries, matched and unmatched, were loaded to Tableau Desktop and displayed on a basemap. 

Each record of the GNSS-trajectory is visualised at the exact location, it has been recorded. 

Therefore, the exact routes of the trajectories were displayed. Furthermore, each record had 

several additional attributes, that were calculated in the course of the trip segmentation. 

Hence, when clicking on one record of a trajectory, segment-based information could be de-

rived, e.g. to which trip segment the record referred to, which travel mode was assigned to 

the trip segment and, most important, the trip length and the trip duration of the referring 

trip segment. Without the presentation of this spatial data on a map, the course of a trajectory 

could not be judged.  

Using various filtering options in Tableau Desktop, an interface for the inspection of the GNSS-

trajectory was built (see figure 3).  
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Figure 3: Example for the use of Tableau 

 

The filtering options in Tableau Desktop were set to select one respondent per page and one 

route-id (e.g. respondent: ‘gismo01’, route-id: ‘gismo01-1’). As seen in figure 3, the visualisa-

tion enabled the user to check whether a trajectory corresponded to a route or not. In this 

context, the more trajectories were matched to a route-id, the better.  

By selecting and isolating each trajectory in this interface, a quality check regarding cold start 

and signal loss was conducted. Based on the decision tree showed in figure 2, a excel template 

was create and filled with the assessment for every trajectory.  

The visualisation of the trajectories showed, that several trajectories had been mismatched to 

a false route-id. This means, that respondents confused the route-id in the travel diary. Re-

garding signal quality, it was noticed, that the trajectories were highly affected by cold starts. 

This might be partly caused by improper handling of the respondents. If the fitness watch was 

set to recording and the respondent did not wait for the GNSS-signal to be present, the device 

had major problems in finding the signal in motion.  
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In general, several database-based approaches were tried, to identify signal errors of trajec-

tories. However, none of the tried approaches were good enough to replace the visual inspec-

tion in a GIS. Figure 4 and table 7 demonstrate an example of signal loss caused by an over 

two-kilometre-long tunnel. The GNSS-device was not reporting any records in the tunnel (see 

table 7). Before the signal was lost, the device recorded the last found location three times. 

The next record corresponded to the location, where the signal was found again. As there was 

no recording inside the tunnel, the timestamp was missing the duration travelling inside the 

tunnel completely.   

Compared to the visualisation of the trajectory on a basemap (figure 4), the signal loss was 

obvious and easy identifiable. Hence, this trip segment was reported as unsuitable for the 

correction of length and duration in the travel diary.  

 

Figure 4: Example of a signal loss visualised on a basemap 
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Table 7: Example of a signal loss in database 

 

 

A further example to demonstrate the strengths of visual inspection of trajectories, were the 

occurrences of detours. In figure 5 two identical trip segments of the same route are shown. 

While the left trip segment showed no sign of a detour, the detour of the right trip segment 

was obvious.  

 

Figure 5: Example of a detour visualised on a basemap 
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4.5 Correcting trip segments with GNSS-data  

The respondents predefined their daily work trips, in in terms of mode, trip distance, trip time 

in a template. In total 244 routes, composed of 392 trip segments were initially defined. How-

ever, only 209 routes (337 trip segments) were used in the travel diary.  

The quality assessment identified all GNSS-trip segments, usable to correct travel time and 

travel distance of the corresponding trip segment in the predefined commuting trips. For each 

trip segment at least one corresponding GNSS-trip segment was necessary for correction. If 

more than one GNSS-trip segment was identified for to correct a specific trip segment, the 

average of travel time and travel distance of those GNSS-trip segments was used for the cor-

rection.  

4.6 Calculating the dose of mobility 

The final step of this case study is to calculate the sum of travel distance and travel duration 

per mode, in this study referred to as ‘dose of mobility’. The dose of mobility is calculated for 

the entire intervention period and gives valuable insights into the mobility behaviour of re-

spondents regarding their daily commuting pattern. The effects of mobility interventions can 

be derived from looking at the distribution and share of distinct modes. By grouping the out-

come per respondent to their designated groups (intervention or control group), an informa-

tive picture can be drawn, showing if interventions have worked. To enhance the validity of 

the dose of mobility, the corrected trip segments were used for the calculation. If no correc-

tion was possible, the self-reported travel times and duration were used.  

In the next section, the dose of mobility as final result of this case study will be listed. Further-

more, the findings about over- and underestimation of travel time and travel distance in the 

travel diary, will be showed.   
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5 Results 

This section will show the main results of the case study. The results of the quality assessment 

based on the visual inspection of trajectories in a GIS and the followed correction of trip seg-

ments regarding travel distance and travel time will be shown in the first part.  

The second part is comparing the self-reported trip distances and trip times with the accurate 

GNSS-derived measures and will illustrate that respondents tended to over- or underestimate 

themselves regarding distance and travel time per mode.  

Furthermore, this section shows the most prominent outcome of the case study - the derived 

dose of mobility. It displays the share of total trip distances and trip durations per mode for 

the entire intervention period.  

5.1 Quality Assessment and correction of travel diary with GNSS-data 

A seen in table 8, from 1431 trajectories, 1091 trajectories were assigned to a travel diary 

entry. This means, that 24% of the trajectories were not matchable because of missing diary 

entries.  

Table 8: Match-rate of trajectories to travel diary 

 Count % 

Number of trajectories 1431 100% 

Number of trajectories matched to a travel diary 1091 76.2% 

Number of trajectories without diary match 340  23.8% 

 

In the followed quality assessment, trajectories that were not matched to a travel diary entry, 

were assessed as well and could be partly matched to a corresponding route-id.  

As seen in table 9 the quality assessment resulted in 39.9% of all trajectories being usable for 

the correction of travel time and distance of predefined routes. Although, this might seem to 

be a small number of trajectories, it has to be kept in mind, that only the trajectories with the 

highest quality were classified to correct travel time and travel distance. Table 10 and the bar 
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chart in figure 6 list the causes of the dismiss of trajectories and trip segments. It is to be notes, 

that a trajectory could be assigned to more than one cause for being unusable. The number 

of trajectories and trip segments affected by cold start was high (27.5% of all trajectories). It 

was the most prominent reason, why trip segments and trajectories could not be used for the 

correction. It is followed by undefinable routes, meaning routes that did not refer to any ex-

isting predefined route. Frequently, those trajectories were not matched to a travel diary en-

try. 

Signal error or loss was detected in 225 trajectories (15.7% of all trajectories). This was fre-

quently cause by tunnels, as shown in figure 4.  

Detours were not detected that often. For only 5.2% of all trajectories, detours were reported. 

A detour was only reported, if the rest of the trajectory could be clearly identified as one of 

the predefined routes. For routes, that were complete deformed by a detour, the trajectory 

was not classified as detour but as undefined route.  

Table 9: Trajectories usable for correction 

 Count % 

Number of trajectories 1431  

Number of trajectories classified as usable 

for correction 

571 39.9% 

Number of trajectories classified as unusa-

ble for correction 

860 60.1% 

 

Table 10: Causes for the dismiss of trajectories for correction 

 Count % 

Number of trajectories 1431  

Cold start  393 27.5% 

Signal error/signal loss 225 15.7% 

Detour 74 5.2% 

Undefinable route 379 26.5% 



Petra Stutz, 1220592                               

26 

 

 

Figure 6: Quantification of the dismiss of trajectories/trip segments in the Quality Assessment 

 

It can be derived from table 11, that 63% of all routes and trip segments, reported in the travel 

diary, were detected in the GNSS-trajectories as well. This indicates, that the respondents did 

not record each of their predefined routes with the GNSS-device. Consequently, as no trajec-

tories are available for distinct routes, no correction can be conducted. In sum, 111 routes and 

179 trip segments could be corrected with the use of the GNSS-data. Compared to the total 

number of predefined routes and trip segments recorded in the travel diary, 53% of them 

could be corrected. Nevertheless, while the share seems relatively low, table 12 shows, that 

84% of the routes and trip segments recorded with the GNSS-device could be corrected.  
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Table 11: Rate of correction for travel diary  

 Routes % Trip Segments % 

Distinct number of routes/trip seg-

ments used in the travel diary 

209 100% 337 100% 

Distinct number of routes/trip seg-

ments recognized in GNSS trajectories 

131 62.7% 213 63.2% 

Distinct number of routes/trip seg-

ments corrected 

111 53.1% 179 53.1% 

 

Table 12: Rate of correction for trips identified in GNSS-trajectories  

 Routes % Trip Segments % 

Distinct number of routes/trip seg-

ments recognized in GNSS trajectories 

131 100% 213 100% 

Distinct number of routes/trip seg-

ments corrected 

111 84.3% 179 84.0% 

 

Furthermore, table 13 lists the number of trip segments of distinct travel modes that were 

corrected with the GNSS-data. It is compared to the number of segments per mode that are 

reported in the travel diary and to the number of segments identified in the GNSS-trajectories. 

Similar to the previous tables 11 and 12, it shows, that the rate of correction is low, when 

comparing the corrected trip segments to the number of trip segments reported in the travel 

diary. However, when compared to the number of segments, that were identified in the GNSS-

trajectories, the outcome is promising.  

The mode of bike was corrected most often, while car was corrected least often. Walk was the 

most frequently reported travel mode and was corrected by 84.5% compared to the walk seg-

ments identified in GNSS-data. Public transport segments, identified in the trajectories, were 

corrected to a share of 87.8%.  
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Table 13: Number of segments corrected per mode 

Mode Walk Bike Public 

transport 

Car 

Number of segments that were corrected 71 52 36 12 

Number of segments in the travel diary 124 79 71 53 

% corrected (travel diary) 57.3% 65.8% 50.7% 22.6% 

Number of segments reported in GNSS-trajectories 84 56 41 24 

% corrected (GNSS-trajectories) 84.5% 92.9% 87.8% 50% 

 

5.2 Over- and underestimation of trip distance and trip duration 

Based on the outcome of the quality assessment and the following correction of travel times 

and travel distance with GNSS-data, there is evidence that the self-reported travel diary is 

affected by over- and underestimation of travel times and travel distance.  

The boxplots in figure 7, 8 and 9 visualize descriptive statistics for the values of over- and 

underestimation detected in the travel diary. Figure 7 indicates that the percentage of over- 

and underestimation for travel times and travel distances shows a high degree of dispersion 

with a right skewed distribution. There are both over- and underestimation trip segments, but 

a tendency towards higher overestimation of trip lengths and trip durations can be detected.   
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Figure 7: Boxplot for under-/overestimation of travel distance and travel time 

For a more detailed look at over- and underestimation of travel duration and travel distance 

per mode, figure 8 and 9 show the boxplot differentiating between the modes walk, bike, 

public transport and car.  

In figure 8, the boxplot indicates, that the mode of walk shows the highest dispersion regard-

ing the over- and underestimation in percent of travel distances. In contrast to that, the mode 

of bike was reported comparatively accurate in the travel diary. The mode of car shows a sim-

ilar picture of a relatively normal and less broad dispersion.  

Public transport was found to be a little more overestimated regarding travel distance than 

the mode of walk or car.  
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Figure 8: Boxplot for the under-/overestimation of travel distance per mode 

In figure 9 the over- and underestimation of travel duration in percentage is shown. Although, 

the boxplot is similar to the boxplot regarding travel distance, there are some differences. 

Again, the mode of walk shows the highest dispersion of over- and underestimation. Never-

theless, the values are less dispersed, than for trip distance. Furthermore, the position of the 

median suggests, that many values are around the accurate travel time.  

The travel time of the bike mode showed a right skewed distribution of values and was more 

affected by overestimation, than it was for travel distance. Similar to the bike, trip segments 

of the mode of public transport were often overestimated by a high factor. In contrast to that, 

the car mode is relative normal distributed.  
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Figure 9: Boxplot for the under-/overestimation of travel time per mode 

 

In addition to the boxplots, table 14 lists the average over- and underestimation per travel 

mode. It is striking, that the mode of walk has the highest average overestimation with 142% 

for travel distance and 136% for travel time. Walk is followed by public transport. The average 

percent of overestimation is at 113% for the travel distance and 117% for the travel time. The 

modes of bike and car show least average percent of overestimation but still around 105%. 

Yet, the bike modes shows a high percentage overestimation for travel time – 113%. There-

fore, these results confirm the findings, shown in the boxplots.  
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Table 14: Over- and Underestimation of Modes 

 Over-/Underestimation (%)  

 Travel Distance Travel Time  

Mode Average Std.* Average Std.* n 

Walk 142% 57.71 136% 78.35 65 

Bike 104% 24.26 113% 29.40 58 

Public transport 113% 55.04 117% 37.58 36 

Car 105% 25.37 102% 13.62 12 

*Standard deviation of over- or underestimation in percent 

 

5.2 Dose of Mobility  

The main result of this case study is the dose of mobility that was derived from the travel diary. 

The dose of mobility was calculate for each respondent, summing up travelled kilometres and 

minutes per mode over the entire intervention period. It is differentiated between the modes 

of walk, bike, public transport and car. The underlying variables of travel distance and travel 

time per mode were corrected with accurate GNSS-derived measures. To investigate the ef-

fects of the mobility interventions on the designated groups, the dose of mobility was grouped 

Table 15 displays the grouped dose of mobility and gives an insight into the travel behaviour 

per group.  

For each mode the total distance and total travel time per group is listed. The share of travel 

distance and travel time per group is calculated from the total distance/time per mode. It has 

to be noted, that the total duration and total length per group is affected by a different num-

ber of respondents in each group. While the control group consists of only 16 respondents, 

both intervention groups consist of 24 respondents. Therefore, I will not focus here on the 

total time and total distance, but on measures that consider the difference number of re-

spondents.  
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A very conclusive measure, indicating the share of different modes per group, is the average 

amount of trips. The respondents of the public transport group walked by far the most trips 

(276 on average). The bike group walked least (only 75 trips on average). The respondents of 

the control group walked 122 trips on average.  

For the mode of bike, the bike group recorded the most bike trips. On average 238 trips were 

recorded per respondent. In contrast to that, the respondents of the control group reported 

only 21 trips on average. For the public transport group slightly more trips were reported (81 

trips on average).  

The average trip distances and trip times per mode vary considerably between the different 

groups. For the mode of walk, the average trip distance was similar between the groups. All 

respondents from different groups walked on average around one kilometre per trip with a 

trip duration of about 10 minutes. A bigger difference between groups can be derived for the 

mode of bike. The bike group travelled the longest trip distances (on average 6.2 kilometres) 

for the average duration of 20 minutes on the bike. The control group, who was asked not to 

change the mobility behaviour for the course of the intervention period, spent the least kilo-

metres per trip (3.1 kilometres) and biked for 14 minutes on average. The other intervention 

group for public transport was more active and biked on average 4.7 kilometres for 17 

minutes.  

The mode of public transport shows again huge differences in the average trip distance and 

trip duration per group. The public transport group itself spent the least average kilometres 

per trip in public transport (8.7 kilometers per trip) with the average trip time of 22 min. The 

highest number of kilometres per trip were calculated for the bike group, who spent on aver-

age 26.5 kilometers and 32 minutes on a public transport trip. The control group spent on 

average 12.1 kilometres and 18 minutes per public transport trip. 

Finally, table 15 shows, that the control group spent with an average of 19.5 kilometers and 

23 minutes the most kilometres and travel time per trip in the car. The intervention groups 

spent both on average 18 minutes per trip in the car.  
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Table 15: Evaluation of travel diary per mode and group 

 

The following table 16 shows, how the share of travel modes differs between the control 

group and the two intervention groups. The intervention group for public transport shows the 

highest share of travelled kilometres for the mode of public transport (62% of all travelled 

kilometres of the intervention group). However, the highest share travel time is listed for the 

mode of walk with 39.8%. Therefore, the public transport group spent the highest share of 

travel distance and travel time for the mode of walk, compared to the two other groups.  

The intervention group for bike shows, that nearly 50% of all kilometres were biked, with the 

share of 66% of the entire travel time for this group. The control group travelled 73% of all 

kilometres with the car and have spent 53% of their total travel time on it. Only 2.1% of travel 

distance and 5.5% of the travel time was spent on the bike. The intervention groups travelled 

both less than 13% of their travel distance with the car and spent under 8% of their travel time 

for that mode.  

Table 16: Share of travel distances and travel time per mode and group 

 
Group: PT Group: B Group: C 

Mode Kilometres 
(%) 

Minutes 
(%) 

Kilometres 
(%) 

Minutes 
(%) 

Kilometres 
(%) 

Minutes 
(%) 

walk 10.9% 39.8% 2.0% 10.2% 3.1% 21.2% 

bike 13.5% 17.6% 49.6% 65.9% 2.1% 5.5% 

public transport 62.9% 35.2% 38.0% 17.6% 22.2% 20.2% 

car 12.7% 7.3% 10.4% 6.2% 72.6% 53.0% 
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A further listing was made, based on the previous result. The share of travel modes per group 

and per season is shown in table 17. It differentiates between the three groups and investi-

gated in which season, least or most kilometres from a designated mode was travelled.  

While some shares remain relatively stable over the course of the seasons, it can be derived 

that the share of biking kilometres for the control group is the least in winter. Only 0.2% of all 

travelled kilometres in winter were undertaken by bike. The public transport group also spent 

only 2% of all kilometres in winter on the bike, while in summer the share was the highest 

with 24% of all travelled kilometres of that season. The bike group remained relatively stable 

regarding biking kilometres throughout the year. Between 41 and 59% of all travelled kilome-

tre per season were travelled with the bike.  

The control group travelled most kilometres in all seasons with the car. The highest share was 

reported for winter, where 79% of all kilometres of that season, were travelled with the car. 

A similar outcome can be derived for the intervention group for public transportation. Here, 

the share of public transportation is high throughout the year, with the highest share in winter 

(70% of all kilometres in winter travelled with public transportation).  

Table 17: Share of travelled kilometres per group, season and mode 

Walk  Public transport 

 Winter Spring Summer Autumn   Winter Spring Summer Autumn 

C 5% 5% 3% 2%  C 16% 27% 29% 28% 

B 4% 2% 1% 1%  B 42% 39% 29% 42% 

PT 13% 11% 9% 11%  PT 70% 64% 54% 63% 

           

Bike  Car 

 Winter Spring Summe Autumn   Winter Spring Summer Autumn 

C 0.2% 5% 3% 2%  C 79% 64% 65% 68% 

B 41% 51% 56% 49%  B 13% 8% 14% 19% 

PT 2% 16% 24% 15%  PT 15% 9% 14% 12% 
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6 Discussion 

The results of the quality assessment suggest, that only quite a few GNSS-trajectories were 

qualified to correct travel distance and travel time of self-reported predefined commuting 

trips. The most problematic issue for the dismiss of trajectories for correction were cold starts. 

Better GNSS-devices might help to overcome this issue. Additionally, it was shown, that not 

every predefined commuting routine was recorded with the GNSS-device. This resulted in a 

low overall rate of corrected trip segments. Still, it was shown, that those commuting trips, 

recorded with the GNSS-device, had a high rate of being corrected with the accurate GNSS-

measures. Therefore, it can be stated, that if respondents would have recorded each prede-

fined commuting trip at least once with their fitness watch, the correction rate for the entire 

predefined routes would have been much higher. 

In general, it was striking that the travel mode of bike was corrected the most, while car was 

corrected least often. Travelling by car was frequently accompanied by driving through tun-

nels and being affected by signal loss. This might be the reason, why car-trips were corrected 

least often. Similar to that, train segments were found to be hard to correct as well, as the 

segments were also highly affected by signal loss caused by tunnels. In contrast to that, bike 

trips were rarely affected by signal loss (with the exception of cold starts).  

Further, the results presented in the previous section showed, that the trip segments, re-

ported in the travel diary were affected by over- and underestimation of travel distance and 

travel duration. Especially, the mode of walk showed high rates of overestimation for both 

travel time and distance. The tendency towards overestimation can be explained by the na-

ture of relatively short segment lengths, compared to other modes of transports. Hence, the 

self-reported distance and duration of shorter segments seems to be higher affected by over-

estimation. In contrast to that, the mode of bike was reported comparatively accurate in terms 

of travel distance in the travel diary. A presumption would be that respondents were inform-

ing their selves about the distance of the designated bike route, by calculating the route in a 

web mapping service. However, it is striking that the travel time of the bike mode was more 
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affected by overestimation, than it was for travel distance. This suggests, that some respond-

ents perceived the trip-lengths as being longer, than they were.  

The trip duration and trip distance travelled by car were found to the most accurate in the 

travel diary. Therefore, it is assumed, that the high distances that are overcome by a car are 

rarer estimated by respondents, but precalculated in a web mapping service as well.  

In general, it was interesting to see, that respondents frequently perceived the modes of walk 

and public transport to be longer in travel time and travel distance than they were. 

The detection of over- and underestimation for travel times and travel distances suggest that 

the correction with GNSS-data was highly useful and therefore, enhanced the validity of the 

dose of mobility. The dose of mobility itself revealed, that the mobility intervention for both 

intervention groups worked. The share of active mobility in the invention groups is signifi-

cantly higher than in the control group. While the biking intervention group had the highest 

share of biked distances and travel time, the public transport group was standing out with the 

high share of walked distances and by far longest travel time spent with walking.  

A further remark for future improvements would be to make the web-based travel diary more 

flexible regarding commuting trips that do not fit a predefined commuting route. In the pre-

sent case study, respondents had to enter a predefined route. If the reported trip, differed 

from the entered route-id, the respondents had the chance to report that in an additional field 

for textual comments. Although several respondents used that field to verify detours or un-

defined commuting trips, the textual information was not usable in the database. Therefore, 

it might be more suitable to implement simple checkboxes, that could be checked, if a detour 

was made or if the routes does not correspond to predefined routes.  
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7 Conclusion 

This thesis has introduced an approach on how GNSS-data, collected in a short-term survey, 

can enhance the validity of a long-term travel diary. The focus here was on repetitive com-

muting trips, which are in its nature relatively static. By the predefinition of commuting trips, 

GNSS-data proved to have the potential to correct the travel distance and travel time for each 

travel diary entry, that refers to the distinct predefined commuting trip. Therefore, the use of 

GIS to display trajectories on a map, is seen as essential in this approach, to assess the quality 

of the trajectories for the correction of the travel diary. The corrected measures of travel dis-

tance and travel time per mode are the basis to calculate the dose of mobility. It shows the 

total number of kilometres and travel time spent per mode and hence, can draw a conclusive 

picture of the person’s mobility behaviour over the entire period. Furthermore, it is a valuable 

indicator for the verification of mobility interventions. By comparing the shares per travel 

mode, with a control group, it can be derived, how the distribution of travel modes in the 

mobility pattern shifted. This could be interesting for health-related research, where the share 

of active mobility is compared to health-related indicators.  
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