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Summary: Route and destination prediction of mobile device users has become increasingly feasible 
in recent years due to improvements in positioning technology. In general route prediction requires 

identification of discrete trajectories from unprocessed histories of user positions, automation of 
which could improve performance and reduce data requirements for prediction. This paper  

investigates the assumption that user time spent at a position can be used to identify trajectory 
partitioning locations, providing a comparison between an automated method and a known ground 

truth. In addition the impact on trajectory prediction is considered. 
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1. Introduction 
 
Increased ownership of mobile devices with more precise positioning sensors allows new possibilities 
in the development of location-based services. One such possibility is the prediction and analysis of 
user movement through statistical analysis of movement history. Services such as targeted advertising 
(Krumm, 2010), communications infrastructure provisioning (Yavas et al, 2005), and monitoring of 
users with sensory impairments (Patterson et al, 2004) could all be improved through implementation 
of reliable movement prediction. While early work in the field focused on destination prediction (see 
Karbassi and Barth, 2003; Ashbrook and Starner, 2003) – attempting to identify the likely ultimate 
goal of the user from a history of positions – this can be extended to route prediction (Smith and 
Goulding, 2011), in order to provide more detailed predictions and facilitate the use of intermediate 
position estimates where destination prediction might fail.  
 
However, raw positioning data streams that serve as the basis for predictive models are unlikely to be 
immediately separable to discrete trajectories. Instead it is necessary to identify geographic locations 
where streams can be split, identifying individual journey routes or trajectories. In many cases it will 
be possible to identify appropriate splitting locations from prior knowledge of the target domain, such 
as a feature gazetteer or a town plan. Nevertheless, there are situations where external knowledge is 
incomplete or unavailable due to time, cost or logistics. In such situations it is desirable to 
computationally identify these locations via analysis of user movement histories, to replace or 
augment the traditional formalisation of known locations.  
 
To this end, this paper will use data from the DSCENT location-based game (Sandham et al, 2011) to 
compare trajectories generated computationally against those delimited via prior destination 
knowledge, examining the prediction performance achieved. Within the game, players are given 
specific roles with objectives to complete by travelling between set geographic locations.  
 



2. Problem 

 
As discussed, user position histories often do not include identification of different trajectories taken 
by a user. It is therefore necessary to perform some analysis to approximate them, using some 
property of the position data as an indicator of trajectory split. For this work we will investigate the 
use of user time spent at each position as an indicator of a trajectory splitting location, a property we 
refer to as dwell time. Use of this metric relies upon the assumption that users spend more time at 
places that represent the starts or ends of their trajectories: there may be instances in which this would 
be inappropriate, such as slow-moving traffic queues, but for simple location-based game data this is 
a reasonable approximation. 
 
The aims of this work are twofold:- 

• to qualitatively identify whether locations detected using the dwell-time property were 
topographically similar to the predefined locations used for the DSCENT data, and  

• to assess the differences in prediction error between trajectories identified from predefined 
locations and from those mined using different enumerations of dwell-time. 

 
If it can be shown that dwell-time is useful in approximating trajectory partitioning locations for route 
prediction, this will provide the basis for further investigation of route prediction without the need for 
prior knowledge of journey locations.  
 

3. Related Work 
 
While seeming intuitive, little prior work has examined the assumption that dwell time is an indicator 
of trajectory start and end points. For instance Ashbrook and Starner (2003) only consider one 
approach to automatically determining a minimum dwell, and resort to a value that seems reasonable. 
However, they do not examine the core assumption that trajectories partitioned by dwell time actually 
correspond to trajectory partitioning as perceived by those making journeys. Similarly Krumm and 
Horwitz (2006) and Froelich and Krumm (2008) use dwell-time to partition trajectories based on 
values chosen empirically. Once again the authors utilize dwell time without further investigation. 
 
Alternative, but related, work is that which seeks to identify significant locations (Marmasse and 
Schmandt 2000; Liao et al, 2007). This work is relevant since determining significant locations is the 
first step in performing trajectory partitioning. In Marmasse and Schmandt (2000), the loss of GPS 
signal multiple times within a fixed radius is used to identify significant locations. The assumption 
here is that the signal is lost when entering places such as buildings. While interesting, much like the 
assumption of dwell time in the aforementioned work, this assumption is simply utilized and not 
investigated further.  
 
In summary, while dwell time has seen significant use in trajectory partitioning as a pre-processing 
step to movement prediction, limited work exists investigating its validity and the specific way in 
which it is used. It is this aspect we seek to address. The DSCENT data presents an unusual 
opportunity in this respect: though it took place on a relatively small scale (400x200 metres), the 
locations which represent users' actual goals are available for comparison.  



4. Implementation 
 
Data used for this work originated from the DSCENT location-based games (Sandham, 2011), within 
which a player's position is recorded in the format (lat, long, time), in addition to some further 
information such as game and player number and an estimate of the GPS accuracy. An observation of 
visiting a game location is determined using a shapefile of polygons representing the locations. If the 
coordinates are not contained by any location polygon, the observation is assigned a location ID of 0.  
This information can later be used with a simple database query to enumerate the individual 
observations (a list of cell occupancies) representing travel between locations. 
 
In order to transform observations in continuous space to contiguous regions of similar dwell time, a 
workflow was developed to discretise observations. Below we outline the steps taken in this process, 
including the assumptions made and parameters used for different stages of the location region 
modelling. Extended implementation details are omitted for brevity. 
 

1. Player dwell times are allocated to cells in a 5 metre grid, forming a heatmap of occupancies. 
These heatmaps can be built per-player, per-game or across all games. In this work we use 
data from all games. The use of a grid addresses the problem of GPS accuracy to some extent, 
since nearby observations are collated.  

2. Cells above a certain percentile of dwell time are clustered using the DBSCAN density-based 
clusterer (Ester and Kriegel, 1996), with a density parameter (ε-distance) of 10 metres. The 
number of cells to be retained can be adjusted – see Figure 2.  

3. Detected clusters are enclosed using a convex hull operation, removing empty areas in 
clusters. The resulting polygons are the trajectory partitioning locations. Figure 3 shows the 
output of this stage.  

4. Player trajectory histories are built using location polygons and the spatial containment test 
described above. A trajectory is defined as a sequence of points in which a user starts within 
a location, leaves that location, and subsequently enters any location (including the start 
location). 

 
 

 
 

(a) (b) 

Figure 2. Clusters from the a) 85th and b) 95th percentile of dwell times, without the convex hull applied. 
Convex hull output is marked with a dotted line. Output from other levels is omitted: for example the 95th 

percentile produced only three small clusters. 

 
 



 

 
 

(a) (b) 

Figure 3. a) Predefined regions and b) mined journey regions from the 90th percentile of dwell cells, with the 
convex hull applied. 

 
5. Evaluation  
 
The trajectory partitioning locations used for the initial DSCENT games and those mined from the 
90th percentile of dwell-time grid cells are shown in Figure 3. This level was selected empirically as 
being particularly similar to predefined locations. Qualitative inspection of these shows that detected 
locations: 
 

• are mostly similar in position to the predefined locations 
• are generally smaller in area 

 
Table 1 gives some statistics of the different regions' geographies. Detected locations are overlapped 
by predefined locations for approximately 60% of their area on average. However the average area of 
predefined locations is over double that of detected locations. This is possibly because users were 
unlikely to visit the whole area of a location with equal probability; our detection method can only 
find cells that were commonly visited. 
 
 

 Predefined Detected 

Mean area 1 547 m2 700 m2 

Overlap vs detected 27% - 

Overlap vs predefined - 58% 

Table 1. Area statistics for the trajectory partitioning regions 

 
The similar positioning of the automatically detected locations compared to manually identified 
locations provides evidence that dwell time can provide an approximation of trajectory partitioning 
locations.  The approximation is not perfect, however, with the reduced size of the locations leading 
to trajectories of longer length than those using predefined locations (see Figure 5). This occurs as the 
smaller locations mean that users sometime are not marked as entering a location - in this case one 
long trajectory is created. This is in contrast to when the large, manually identified, locations are used 



and two shorter trajectories are created. For the use of the trajectories in the target application of route 
prediction this has the potential to make route prediction more difficult.   
 
Additionally there is an instance where the detection process identifies a single location where two 
predefined locations exist. Once again considering the target application of route prediction, this 
means trajectories between these locations are not created.  In this case the ability to predict between 
these locations is lost.  However, this could be a problem of sensitivity of the method used to 
enumerate dwell time, investigation of which is interesting future work. 
 
To investigate the effect of the automated partitioning in the context of the target application, route 
prediction, the different methods of trajectory partitioning were used to build user trajectory histories 
and trajectory prediction performed. Trajectory prediction was based on a variable length Markov 
Model with an identified trajectory being split to provide the input and a ground truth to which the 
prediction was then compared.  Comparison between ground truth and prediction was made using a 
variation of the Fréchet distance (Eiter and Mannila, 1994). Table 2 and Figure 4 provide some 
descriptive statistics and insights into the different partitioning geographies. The number of cases 
where prediction failed (no prediction made) is also given. The results show that, as expected, 
prediction performance suffers from the automated trajectory partitioning.  Encouragingly, however, 
the amount by which prediction suffers is not so great as to discourage the pursuit of further 
refinements to the technique.  
 
 
 

Geography Regions Trajectories 
detected 

Mean 
trajectory 
length (points) 

Prediction 
tests 

Predictions 
within 10m 

Predictions not 
made 

 

Predefined 9 1681 17.3 2498 16.7% 32.9%  

Mined (all games, 
above 90th 
percentile dwell 
times) 

9 1518 19.7 2263 12.8% 39.1%  

Table 2. Region statistics  

 

 

Figure 4. Prediction accuracy scores (in grid units) for each type of partitioning location 



 

Figure 5. Trajectory lengths 

 
6. Conclusions and Future Work 
 
Qualitative comparison of trajectory locations mined from the top 10% of dwell times shows 
promising overlap with predefined partitioning locations. Differences in prediction accuracy based on 
trajectories created automatically similarly shows that while not perfect, the approach has potential.  
 
As noted there are clear limitations to the method used in this case to detect trajectory splitting 
locations for a location-based game, with future work planned to address this. Close predefined 
locations are detected as a single region, meaning trajectories are not detected between them. 
Parameter setting is a difficulty, particularly identification of an appropriate proportion of enumerated 
dwell-time to use for location building. The setting of grid cell size for enumeration and the 
DBSCAN clustering radius has not been addressed and better understanding of these parameters 
would be valuable. Further work will therefore specifically look at parameterisation of the dwell score 
threshold, and the effects that resulting different location sizes have upon route splitting.  
 
Using careful examination of prediction results and through qualitative assessment of built 
partitioning regions, dwell time can be used as an identifier of breaks in a user's journey. If a 
workable automatic method could be identified for selecting optimal partitioning locations from dwell 
times, that did not rely upon comparison with known geographic information, this would be of 
significant utility to route prediction.  
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