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Abstract
The analysis of travel behavior is based on generating trip diaries for test persons. Classic interview techniques suffer from missing trips and route choice, inaccurate travel times and trip lengths. Asking every mode change along multimodal trips increases the complexity of surveys even more. Tourists are seldom interviewed in terms of travel behavior at the visited site, because they are hard to catch for classic surveys. Smartphones offer the possibility to record time and location of its actual position, which can be used to generate trip diaries. This paper presents a technique to take use of the different smartphone sensors providing location information and aggregate the collected data to trips or stays. The system generates automatically trip diaries and estimates the used mode. Frequent visited locations are identified to collect data of popular sites and traffic hubs. The privacy of the test person can be maintained by stop tracking at special locations like home, shopping or work. The paper presents results from a small group of test persons and shows, that the proposed technique is able to identify route choice and mode. However the limiting factors of smartphones are shown, which suggest careful implementation of the application and a server side processing of the data at the present time. Web based data transmission and verification makes this technique applicable even for persons which are only temporarily in the monitored region. 
Introduction
Travel behavior in European cities is expected to show a significant change towards multimodality and an increasing usage of bicycles. Actual route choice for cyclists is done mainly on a regional basis. Route choice models indicate new factors, like turn rate, side roads, slope and quality of roads [8] [3]. The route choice of cyclists is practically impossible to monitor without an automated localization technique. In many cities tourists produce a significant amount of traffic. Classic paper-, computer- or interview- based surveys simply have crucial problems to reach tourists at their touristic activity, which makes this person group very hard to catch. While surveys heading to measure these changes get more and more complex the acceptance to participate in travel survey is limited, the accuracy of the answer is strongly biased and values are erroneously guessed as seen in the 5 minute interval and 5km spikes in Figure 1. The statistic evaluation of trip lengths using public transport is another problem because only very few people know the length of their train ride. In addition to that the expected change of traffic behavior to multimodality makes previously irrelevant attributes relevant, e.g. street surface quality, undocumented shortcuts, new points of interest (POI) and new kinds of traffic hubs.
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Figure 1: Occurrence of reported distances and travel times (Own calculation from Mobilitaet in Deutschland 2008 )
Due to the increasing popularity of smartphones cost efficient surveys with automatic positioning and an automated capability to reduce questions to a minimum become realistic in the near future and first works are already present. Smartphone-APIs usually incorporate all possible localization techniques available and even use WLAN information via web-based services to cover areas with poor GPS signal strengths. Therefore, typical error sources like signal loss in certain areas, cell hopping and long initialization phases are less than relying on a single sensor. However, the remaining tasks using smartphones like sensor fusion, battery consumption, user interaction, data processing and data privacy protection must be considered to acquire a high user acceptance among future test persons. A small group of test persons is especially selected to evaluate this new survey technique for this work.  
This paper proposes a combined technique to process tracking data from smartphones with reference to travel behavior, monitor the route choice including the surface quality of the road based on accelerometer measures and collect individual POIs. The smartphone application is designed to monitor the test person for 24 hours over several days. After a short review of related work the technique to collect and process the data is presented. This includes error detection, filtering, trip segmentation, POI detection and mode estimation. Thereafter first results are presented in terms of correctness, accuracy, limits and user feedback. Finally the paper draws conclusions from this evaluation and gives an outlook for further research.
Related Work

Geo-referenced tracking from mobile devices is a relatively new technique. The first affordable cell phone with GPS sensors came up in 2001 [1]. First GPS-based traffic monitoring projects monitored the actual traffic situation and not the travel behavior [9]. Smartphones are actually used as a cost reduced device for collecting and transmitting the obtained location data but often do not ask the test persons for additional information like trip purpose and mode [4] [2] [5]. An automated trip diary generations from GPS is presented by [12], but this work is based on “joggers”, GPS-receivers which store the positions over a long time on internal memory, which cannot interact with the user and transfer the data automatically over the air. The idea and potential of automatic trip diaries for long time studies is explored in [10]. A system suggesting trip alternatives which include trip diary generation delivers promising results for first data sets [11]. But here the user has to start the trip recording, select a mode and report the destination manually. Previous automated trip analyzers for smartphones [7] are quite rough in their temporal resolution, because the cross-platform approach makes it difficult to optimize the energy consumption for the specific operating system. Because of their low frequency of 30 to 180 seconds these techniques are not suited to reconstruct exact routes, especially in areas where the street system is not grid like. Further issues of monitoring behavior are somehow constant over the last few years: Battery life and data privacy. Battery life depends strongly on the device, the operating system and careful implementation of the application. Some deeper knowledge of the underlying operating system and its power saving capabilities are crucial for a usable tracking application. One of the major problems of data privacy is that only the end and starting point of a trip should be made anonymous but not the route in between. 
Tracking and data processing

Tracking high quality data on mobile devices is a non-trivial task. Smartphones are usually equipped with different sensors, which can give location information, called location providers. Beside localization another key issue of the tracking process is, to keep the energy consumption as low as possible. If the application consumes too much, the battery will be depleted within less than a day and the broken diary has only limited use for evaluation. Most probably, the test person will even switch the tracker off, to use his phone for other things. 

The three most common location providers are GPS, wifi and network cells. They differ in availability, accuracy and energy consumption. A data set from any provider is called location fix and has at least a position, a timestamp and an accuracy value, which indicates the radius of uncertainty.
The network cell provider is available, whenever the phone is connected to a network provider. The accuracy is usually worse than 500m, even some kilometers in rural areas. But this sensor does not need any additional power and its data can be obtained at any time. The position is based on the cell-id and a country code of the connected phone network station. Furthermore the actual cell-id can be requested if any other location provider reports a new fix. This makes a rough error check of the position possible as described below.
The accuracy of the wifi provider is about 50-200m. Naturally wifi is only available, if it is switched on and a known wifi access point is in reach. The power consumption of this provider is moderate and many users have wifi switched on all time. 
Since these two location providers are based on the ids of the station, it can only provide information if the phone has a connection to a database, which holds the location of this id. Usually this database is an internet service [6] but some data might be locally cached.
On Android-based smartphones these two providers are grouped together and called network provider. But the origin of the fix can easily be reconstructed by looking at provided accuracy value: In general the maximum connection distance of wifi spots is less than 200m. Therefore, all location fixes from the network provider with higher accuracy values are treated as cell locations. A histogram over all collected location fixes can be seen in Figure 2. The high spike for accuracy values less than 100m are most probable wifi locations and the small spikes on the right side represent network cell positions.
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Figure 2: Occurrence of accuracy values for the network locations. Values greater than 600m are summed in the last data point.
GPS is generally the most accurate location provider which holds even altitude information. Most GPS sensors even provide distance, speed and heading based on the actual and the last measurement. Since GPS needs a satellite connection it does not work indoor and even high buildings can interrupt the signals. Additionally it needs an initialization phase, which takes usually some seconds to scan for satellites in reach, which results in a delay of the first valid location fix, when a person steps outside. Receiving the satellite information consumes a lot of energy. Therefore it should not be switched on for a long period. To achieve good tracking and low energy consumption, a GPS Location should only be monitored every 10 to 30 seconds. 
Additional data for the track can be obtained by the accelerometer, which is built in in every smartphone to detect events like screen rotations. It measures the acceleration of the device in three coordinates usually every millisecond, when the screen is switched on. Monitoring every measurement is not yet possible, because of the amount of data and the energy consumption. A good compromise is to measure the accelerations for a specific time period after a new location fix, e.g. one second, and store minimum, maximum, average and standard deviation of the obtained measurements.
A good track consists of accurate positions and frequent updates. A good position quality enables the system to map the position to an existing road net possible or an undocumented side way. To be able to reconstruct the chosen route the frequency should be sufficient to detect turn. To get the best possible track information, all sensor data should be saved. But the data should be filtered because of the different provider accuracies. Without filtering the tracks would look quite spiky and the tracked person could have difficulties to identify tracks. Therefore filtering the input is the first step in the processing chain. 
Secondly the locations should be grouped to trips and stays, to separate mode and purpose of the tours. Segmentation in these two categories might result in wrong predictions, which should also be able to be fixed by the test person. 

Thirdly the mode of transportation should be estimated on the speeds during the trip. Of course this estimation might result in wrong results. Therefore the test person should specify which mode was really used and the purpose of the stay.

Filtering and Error Detection
Location updates can be redundant, obsolete or erroneous. Furthermore the signal to a network or to GPS-satellites can be lost. Therefore new locations have to be checked and filtered. After obtaining an initial location fix, every succeeding location fix should be compared to the previous one. The proposed filter in this paper makes the following hierarchical checks:

1. Speed check: The travel speed from the last location to this location should be less than 350km/h which is the maximum speed for trains.
2. Actuality check: New locations are stored if the previous one is older than five minutes.
3. Provider check: A location fix from a different provider than the last fix, should be kept in this stage, because we might not see the previous provider again.
4. GPS check: GPS positions should be kept. If the time difference to the last GPS fix is less than three times the measure interval, all less accurate network cell and wifi positions between should be removed (see check 3).
5. Network cell check: Network cell fixes are only taken if the last fix is older than five minutes (see check 2). 
6. Wifi check: If the wifi fix is more accurate than the last wifi fix, it should be kept. If the accuracy difference is within a certain range, e.g. 50m, and the distance is larger than this range it should be kept too. If the accuracy is worse than the above range, the new fix should only be kept if the distance is greater than the sum of the accuracy of the actual and last fix.  
Because wifi fixes can be very frequent in areas with high wifi-coverage, two concurrent wifi fixes, which are within the GPS sample frequency, are reduced to the more accurate one.

After filtering based on the preceding fix, other more complex filters must be applied to fix unnecessary and wrong fixes. As mentioned above the GSM-cell id can be requested during any fix of any provider. The location of the cell is usually obtained by the network location provider automatically including an accuracy value. If the cell-id information of the monitored position does not fit to the position of the cell id, it is a faulty fix and should be deleted. 

Furthermore, if persons stay inside and have no GPS-connection the location fix of present wifi-cells can vary often even if the person does not move. This can be detected by computing all distances between three concurring locations. If they are less than the minimum significant distance, the location in the middle is removed, if it is a network fix or the two other fixes are GPS-fixes. This keeps stays more stable, especially if there are a lot of wifi-cells in the region. 

Provider changes derived by condition no. 3 can be very helpful to detect mode changes, especially if the monitored person uses underground services. But many provider changes are simply caused by passing a nearby wifi cell or entering a new GSM-cell and interrupt a continuous GPS track. Therefore all network fixes between two GPS-fixes which are within the GPS sample frequency are removed to get smoother tracks.
Point of interest detection

After filtering the raw data locations with a high frequent visit rate and long stays called POIs are identified. Since the most typical personal POIs home, work and school are mostly indoors the location of these spots is only covered by network providers or poor quality GPS-information. However, the rough but reliable information of network cells can be exploited. First, all detected network cell location fixes are collected and their positions are stored.  Second all other positions, which report to be in this network cell during their fix, are counted and the length of stay in this cell is summed. Ordering the cell according to their lengths of stay reveals the location of popular locations, which correspond very likely to home, work and/or school. An empirically determined threshold of 3% of the visiting time compared to the total time at every cell is used to separate POIs from cell information along the route. Of course this result has to be verified by the user. All POIs, which are frequently visited but not of part of the personal POIs, can be kept for all test persons to point out popular sites, which might be visited by other persons.
Track segmentation

The segmentation of trips and stays is done on filtered data. To categorize a specific location as a stay or a trip, all previous uncategorized positions and all positions from the last track or stay are collected. Now the distances of the actual position to all collected ones are computed. All distances shorter than a minimum distance are set to zero. If the previous segment was a trip, a time threshold is used to filter positions, which still belong to the track or are treated as the next step.  
To decide if a position is a trip or stay, a two-step technique is performed: First, if the distance to more than half of the previous positions is larger than a minimum distance, the actual position is possibly a trip. But only if the last categorized position has a significant distance, too, it is really treated as a trip. Otherwise it is marked as uncategorized. This is necessary to detect the correct starting position of a stay. When a new trip is found, all previous uncategorized positions are checked again, when they begin to move from the previous stay and are categorized to the according segment. 
For categorizing stays the same two-step approach is performed with distances smaller than a minimum distance. This technique results in a hysteresis-behavior, which tries to stick to the previous state, as long as the evidence for a new segment is weak. However, with a reasonable minimum distance of 100m this technique tends to segment stays into small trips, because of inaccuracies of the location fixes. Especially if the test person steps outside for a very short time, it is often treated as a trip. Therefore further checks are performed on the trip data. 
First, if start and end of the trip are very close, the trip is treated as a round trip, e.g. going to the mail box or for a walk. These trips are segmented into two parts with a stay at the most distant point to the start location. After this segmentation all trips which are shorter than two minutes or have less than four location fixes are reassigned to the last stay.
Mode estimation

After trip segmentation the modes along the visited locations can be estimated. The mode estimate is presented to the test person to verify the estimate. Right now only walking, cycling and car-driving are distinguished. Public transport modes are suggested as the first alternative whenever fast cycling or slow car driving is detected. The mode check is based on median speed, the actual speed accessing and leaving this location and the maximum speed. Due to the accuracy limits of the location fixes, an outlier filtering for the maximum speed should be used. This is done by omitting the top 5% of the speed measures or if the trip has less than 20 location-fixes at least the top most. The actual speed is calculated by the median of the speeds monitored one minute in the past and future. Due to sensor noise the speeds are often a bit higher or lower than the physical speed, especially for walking. 
Now a simple rule based system determines the mode. 

1. If maximum speed is less than 8km/h the modes for the whole trip are set to walking. 

2. If the maximum speed is less than 14km/h and the average speed is less than 8km/h the mode is set to walking, too.

3. If the actual speed is less than 6km/h but the average speed exceeds 15km/h and the maximum speed exceeds 35km/h, this part of the trip is probably the access or egress to the car or public transport. Accessing the bicycle is assumed to be too short to be noticed.
4. If the actual speed is higher than 8km/h and the maximum speed is between 10 and 35km/h and the average speed is higher than 8 and less than 15km/h, the actual mode is set to cycling. 

5. An average speed between 15 to 30km/h is very hard to distinguish, because it can be a fast cyclist, a bus ride or a car in dense traffic. If no further information is available, the test person should be asked.

6. If the average speed is higher than 30km/h the actual mode is set to car-driving. Alternatively public transport should be suggested.

After a first estimation some sanity checks should be performed. First starts and ends by bike or car are only taken if the next respectively previous segment suggests the same mode. This prevents false starting modes, caused by switching from an indoor network fix to an outdoor GPS-fix and vice versa. Then all mode-segments, which are enclosed by different modes, should be set to the enclosing mode, because it is very unlikely to change the mode every few seconds. Finally all transits from cycling to car-driving are prohibited and set to car driving. This occurs quite often in traffic jams and rural areas.

Results

The proposed technique was tested on five persons on their private smartphones over two weeks. The persons were asked to keep the application switched on for the whole time, but were free to switch of certain location providers to adjust the battery consumption to their needs. The quality of the collected data is evaluated in several ways. First the quality of the location fixes and the quality of service of the location providers in the monitored area of Berlin, Germany, is evaluated. Then the device limits are discussed. Finally the user feedback is evaluated. A sample from the collected data from one test person monitored over two weeks is shown in Figure 2.
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Figure 3: Evaluation area Berlin (green) and some tracks

Evaluation of logging quality

The evaluation of the spatial and service quality is done by analyzing the positions along the segmented trips. First the time intervals between two location updates along the trips are measured and grouped to 5 second intervals. The requested update interval was set to 10 seconds and minimum distance of 50m to the last location, but the device does not report every time, because of unavailable GPS or wifi or insufficient movement. 
In Figure 2 the percentages of time intervals for each mode are displayed. All intervals above two minutes are summed in the last value to the right. More than 70% of all location fixed have an update interval of 30 seconds. With this low frequency route tracking is very difficult. However the frequency of car and bike data is in average much higher and 73% of the monitored cycle routes are within an interval of 20 seconds or less. For driving a car the update interval was even shorter and 74% are within the first 15 seconds. The location updates for walking trips have a peak at 45 seconds. If the minimum distance of 50m is kept in mind this results in the typical speed of 4km/h. Hence, the location update frequency is clearly limited by the minimum distance for walking. The high amount of intervals greater than 120 seconds is often caused by keeping the position during free time activities. The quality of the location fixes therefore enables route tracking for every mode, since fast modes produce reliably more frequent location updates than slower ones. 
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Figure 4: Update intervals, values greater than 120 are summed in the last data point
Now the quality of location position is evaluated. Therefore, a simple map matching is performed. Therefore the distance of each location to the closest street on a NavTeq-roadmap is measured. Distances over 50m are grouped to false matches or unknown routes. This obviously does lead to some false matches, but the amount of data exceeds several thousand locations and does not allow a manual check of the assigned street segments.
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Figure 5: Distance to closest road, values greater than 50m are summed in the last data point
The overall results in Figure 5 show that almost 96% of the positions are within a 50m to the closest street. For car trips 95% of the trips are even within a 25m radius around the closest street. The lower matching results of the bike and walk modes are quite often to unmapped footpaths and shortcuts through parks, which are not part of the NavTeq-roadmap (see Figure 6).
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Figure 6: Streets (grey), walk trips (yellow) and bike trips (blue) on undocumented side-roads and in parks
Evaluation of device limits
Smartphones based on Android differ a lot in their technical capabilities. The reference phone for development was a new Samsung Galaxy Nexus. Different user feedback according to their device limits are discussed in the user acceptance section.
Battery

The battery consumption of the sensors is very high. Figure 7 shows the battery consumption of the tracking application in percent per hour for different sample frequencies on a Samsung Galaxy Nexus running on Android 4.0. During these measurements there was just the regular background activity on the smartphone as synchronizing, a bit of browsing, email and telephone calls. Assuming the user is willing to spend 90% of his battery to the application within 16 hours, the minimum update interval should be more than ten seconds. Switching the update interval to more than 20 seconds does not lead to significant reduction in power consumption.
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Figure 7: Battery drain per hour on a Samsung Galaxy Nexus
Computing performance

The device computing capabilities are limited in many ways. Smartphones are not capable of real multitasking and cannot compute in background, when the user answers a phone call. However, smartphones have a complex application and service lifecycle, especially if a task is send to background for a long computing task. One week of tracking can easily result in ten thousand locations. Processing them with the above algorithm on the smartphone takes more than one hour. Usually the phone enters power saving modes after some seconds. In this case every task is set to a halt state and stops computing unless the application is allowed to suppress the power saving explicitly, which drains battery power even more. Furthermore the internal database on smartphones is quite slow and permanent database connections are closed if the phone enters power saving or an interruption like a phone call occurs. Resuming a task from a closed database connection is impossible, if it relies on transactions to keep the database consistent. Therefore a strict offline processing is strongly recommended at the current state of smartphone development. The data for this work was transmitted via internet to an automatic evaluation server. The users gave their feedback on the processed data and classified the results manually.
Evaluation of user feedback
The work of this paper was intended for a preliminary test to track cyclists and tourists. During this preliminary test only five test persons were evaluated, because data privacy could not be guaranteed during the processing. All test persons using smartphones running on Android 2.3 reported very drastic battery drains and all switched of the GPS-sensor for usability reasons. Possible reasons for this behavior are personal preferences, the older operating system, which wastes too much energy, the wear of the battery and older GPS-sensors, which consume more power than up-to-date ones. Unfortunately this fact reduced the number of users which data can be evaluated down to three.
In total 81 segmented trips are monitored. These trips are verified by the user and categorized as good, too long, too short and no trip. Additionally five missing trips were reported.
	Category
	Count
	Percentage

	Good
	64
	79

	Too short
	2
	2.5

	Too long
	4
	5

	No trip
	11
	14


Table 1: Result of user evaluation

Even if the total amount of trips is very low the results look very promising. The low false trip detection reduced the required user interaction dramatically. Too long and too short trips require a lot of user interaction, because the user has to tell the system, when the real start and stop of the trip have been. Fortunately this did not happen very often. The lost trips where mainly short trips for lunch or local shopping. The verification process took less than 20 minutes for all test persons in total. 
The mode estimation was done separately for the 70 valid trips. Since every segment on a trip could have different modes, the evaluation was made in a qualitative way for the whole trip. If the modes along the whole trip where correct the trip is marked as correct. If the mode is mainly correct but has some wrong segments, like walk segments during slow bike rides it is marked as partly wrong. All other modes where marked as wrong. 
	Mode
	Correct
	Partly wrong
	Wrong

	Walk
	15
	1
	4

	Bike
	14
	2
	1

	Car
	23
	0
	5

	Multiple modes
	4
	0
	1


Table 2: Mode estimation
The mode estimation for this small dataset works very well. Three of the false car trips where in fact public transport the other two where fast bike rides. Along bike trips regions with slow movement tend to be categorized as walk segments. The wrong walk trips have been short car trips to local shops. The multimodal trips with car walk were detected correctly. Only the public transport-walk combination was falsely marked as bike-walk combination. 
The detected POIs correspond perfectly with the locations home, work and preferred places for private leisure of the test persons. The 3% margin of total stay time identified 13 POIs which were classified by the user: Nine locations where home locations, three were working locations and one was a playground for children. This makes an automatic distortion of the location fixes at these POIs possible. 
Conclusion
This paper presents a system and framework for a semi-automated trip diary survey on smartphones. The system detects almost 80% of the trips correctly and only few ones have to be adjusted by the test person. Some short trips are not detected by the system. In general trips, which are less than one kilometer long, can hardly be distinguished from sensor noise. 

The mode estimation works well but the split between public transport and other modes has to be refined. Especially a shift from hard rule based classification to softer fuzzy logic or trained systems should be evaluated. Multimodal trips show first promising results but definitely need more data to be significant. The verification of the automated estimates for trip and mode can be done in minimum time, which makes this form of survey more acceptable to the test persons. The evaluation system has yet to be shifted to a web-based interface to allow interactive access via the smartphone. The accuracy of the reported routes is sufficient for a basic road matching. Due to the limited data these results should be seen as preliminary but look promising for a larger field test. 
The automated POI detection enables this system to select locations which should be made anonymous. However, to know which data should be distorted, the system needs a training phase, in which the full data is needed. To guaranty data privacy from the first place a test person could interactively define zones, where tracking should be distorted.
Even with wrong preliminary estimations an interactive verification process with the test person takes only a few minutes. This increases the willingness of the user to answer the questions and should increase the number of complete and verified diaries.

Battery drain is still a limiting factor. But modern phones seem to overcome this problem and future generations of smartphones should not be affected by this anymore. Since GPS is the most power consuming sensor, this technique can be extended to an adaptive GPS-frequency if the user stays or moves. Since the battery drain dramatically increases for frequencies higher than 20 seconds, it should be considered if 20 seconds are sufficient for a reliable route reconstruction. 
To increase user acceptance for this survey technique some data can be passed back to the user. The popularity of “jogging apps”, which document the length and speeds during sport activities, suggests that test persons are interested in their own behavior and like to evaluate their own mobility.
The mixture of automated trip diary generation and easy user verification makes this technique very practical for new kinds of surveys to evaluate exact travel times and trip lengths, route choice and multimodality. The automated data transfer via internet makes the validation process independent from the location of the test person. Therefore hard to catch tourists can verify their trip diary even if they returned home, where they are difficult to contact in a classic telephone survey technique. 
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