
KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 12, NO. 12, Dec. 2018                                   5782 
Copyright ⓒ 2018 KSII 

Semantic Trajectory Based Behavior 
Generation for Groups Identification 

 
Yang Cao1, Zhi Cai1, Fei Xue2, Tong Li1, Zhiming Ding1 

1 Faculty of Information Technology, Beijing University of Technology 
Beijing, 100124, China 

[e-mail: caoyangcwz@emails.bjut.edu.cn; caiz@bjut.edu.cn; litong@bjut.edu.cn; zmding@bjut.edu.cn] 
2 College of Information, Beijing Wuzi University 

Beijing, 101149, China 
[e-mail: xuefei2004@126.com] 

*Corresponding author: Zhiming Ding 
 

Received April 2, 2018; revised May 1, 2018; accepted July 28, 2018;  
published December 31, 2018 

 

 

Abstract 
 

With the development of GPS and the popularity of mobile devices with positioning capability, 
collecting massive amounts of trajectory data is feasible and easy. The daily trajectories of 
moving objects convey a concise overview of their behaviors. Different social roles have 
different trajectory patterns. Therefore, we can identify users or groups based on similar 
trajectory patterns by mining implicit life patterns. However, most existing daily trajectories 
mining studies mainly focus on the spatial and temporal analysis of raw trajectory data but 
missing the essential semantic information or behaviors. In this paper, we propose a novel 
trajectory semantics calculation method to identify groups that have similar behaviors. In our 
model, we first propose a fast and efficient approach for stay regions extraction from daily 
trajectories, then generate semantic trajectories by enriching the stay regions with semantic 
labels. To measure the similarity between semantic trajectories, we design a semantic 
similarity measure model based on spatial and temporal similarity factor. Furthermore, a 
pruning strategy is proposed to lighten tedious calculations and comparisons. We have 
conducted extensive experiments on real trajectory dataset of Geolife project, and the 
experimental results show our proposed method is both effective and efficient. 
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1. Introduction 

With the development of global positioning system (GPS) and the popularity of mobile 
devices with positioning capability (such as mobile phones, smart watches, and driving 
recorders) in Internet of things (IoT), collecting large-scale daily life trajectory data is feasible 
and easy. The value of trajectory data itself promotes the research of new fields. 
Location-based service (LBS) and intelligent transportation system (ITS) are the two most 
famous branches. A large number of applications and studies have been done in these fields, 
such as location-based advertising push [1], friends location sharing [2] in LBS and vehicle 
scheduling [3], urban traffic analysis [4] in ITS and so on. 

Daily trajectories of moving objects (e.g., vehicles, people) record their activities in the real 
world, which reflect their lifestyle or behavior to some extent. Therefore, by analyzing the 
trajectory data, we can find out the life patterns or behavior patterns of moving objects and the 
correlation between them. It is of great significance for many applications. For example, in 
friend recommendation system, we can recommend friends according to same locations where 
users often stay; in the field of public security, for an emergency evacuation of large events, 
we can identify and cluster groups of similar behaviors based on their trajectories. Also, many 
studies use trajectories and intelligent optimization algorithms [5-11] for path planning in 
emergency evacuation. Therefore, how to identify groups of similar patterns based on 
trajectory data is a hot and hard research. 

Unfortunately, most existing trajectory mining studies mainly focus on the temporal and 
spatial features of trajectories [12-17]. These conventional trajectory patterns do not have 
explicit semantic information and cannot express user's behaviors effectively. We believe such 
semantic information plays an important role in trajectory analysis. In particular, for two 
people that have a same social role, their life patterns will have similar semantic feature, even 
though their daily trajectories are different. However, so far, most studies of semantic 
trajectories can only make simple semantic annotations, and cannot make effective use of a 
large number of historical trajectories. 

Trajectory data is a collection of GPS points, and we can get basic attributes easily, such as 
time, location, etc. According to those spatio-temporal characteristics of trajectories, semantic 
information can be presented to users. How to enrich trajectories with semantic features is an 
essential challenge. Some existing studies employ users or volunteers to label the semantic 
tags on their trajectories. Some other studies combine the points of interest (POIs) and the 
location to generate semantic trajectories. However, it is hard to find out stay regions quickly 
and to select POIs properly in tons of data. 

Massive trajectories impose another challenge. The semantic similarity between two 
trajectories can be described by Jaccard similarity coefficient. However, moving objects 
usually have a large number of historical trajectories. It will be impossible to calculate their 
similarity by pairwise comparison of semantic trajectories. How to compress the historical 
trajectories as an abstract semantic trajectory is another important challenge for trajectory data 
mining. 

To address the above challenges, this paper makes following contributions: 
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 This paper proposes a fast and efficient approach to get stay regions from daily 
trajectories based on a spatial and temporal context, then generate semantic trajectory by 
enriching these regions with semantic labels. 
 A spatial and temporal semantic similarity measure is given to describe the semantic 

similarity of two trajectories. 
 A pruning strategy based on time entropy is proposed to lighten tedious calculations and 

comparisons. 
The remaining part of this paper is structured as follows. Section 2 reviews the related work. 

Section 3 details the semantic trajectory enrichment approach and Section 4 presents the 
similarity measure of semantic trajectory. Section 5 talks about the pruning strategy based on 
time entropy for top-k search in the identification of groups of similar behaviors. Section 6 
illustrates the experimental evaluations. Section 7 finally concludes this paper. 

2. Related Work 
In this section, we present the research of semantic trajectory, including stay point detection, 
trajectory semantic enrichment, semantic similarity and so on. 

A semantic trajectory is a trajectory that has been enriched with annotations that provide 
significant semantic knowledge about movements [18-20]. The annotation contains all kinds 
of contextual information (such as trajectory level, attribute level and position level). For 
example, recording the goal of a moving object (e.g., go to school) is an annotation at 
trajectory level. The bus is a possible value for transportation means that it is an annotation at 
the attribute level. Moreover, recording each important position in the trajectories of a moving 
object is an annotation at position level (e.g., home, office). We can also attach a complex 
combination of various annotations to a trajectory. It offers us a better understanding of the 
motion of the moving object at the higher semantic representations level. What’s more, the 
adding semantics enhances the analysis of data and facilitates the discovery of semantically 
implicit patterns and behaviors [21-23]. 

Stay point detection is a prerequisite for trajectory semantic enrichment. A simple detection 
method is based on the velocity. For a certain segment in a trajectory, if the velocity of the 
moving object is zero or very small, then it can be seen a stay segment [24]. In [25-27], a more 
powerful method based on the spatial threshold and temporal threshold is introduced. 
However, this method may result in a lot of redundant stay points in such a situation that the 
user walks in a small region for a long time. Another way to find stay points is to use clustering 
algorithms. Cao et al. used two improved OPTICS and K-means to extract stay points from the 
GPS records [25]. Zhou et al. developed DJ-Cluster, a density-based clustering algorithm, to 
discover stay places of arbitrary shape [17]. Zheng et al. and Lv et al. found the stay points 
clusters by applying another density-based clustering algorithm DBSCAN [28, 29]. However, 
most of these algorithms only handle single trajectory and cannot work well with a mass of 
trajectories due to high time cost. 

There are various ways to assign semantic meanings to physical stay regions. Some 
applications require users to input semantic place labels manually [30]. Apparently, this 
approach relies heavily on users’ initiative, and thus it does not deal well with massive stay 
points. Some existing works used Hidden Markov Model (HMM)-based technique to 
recognize the semantic annotation of stop points [19]. Another method of semantic enrichment 
is transforming physical locations to semantic labels based on the POIs [20, 22]. The 
semantics of location with these POIs (e.g., Summer Palace, Kunming Lake) is likely to be a 
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park. Most existing works first extract the stay points from trajectories, then select POIs labels 
according to these stay points, and enrich trajectories with selected semantic labels. The 
simple way to select the nearest POI as semantic labels, however, it is often ineffective. The 
intelligent optimization algorithms [31-38] may be an effective way to optimize POI selection. 

Trajectory similarity refers to the similarity of two moving objects, including not only 
geometric patterns but also semantic abstractions extracted from the raw mobility data. By 
finding similar trajectories, we can identify similar users [39] or predict the next place where a 
user will go [24, 40]. However, most studies only focus on the spatial and temporal 
information and ignore the semantic information of trajectories. And up to now, few works 
focus on the similarity of semantic trajectories. Lv et al. proposed a framework to extract the 
routine activities from users daily GPS trajectories, and calculate the similarity score between 
users based on their routine activities [29]. Ying et al. proposed a trajectory similarity 
measurement named Maximal Semantic Trajectory Pattern Similarity (MSTP-Similarity), 
which measures the semantic similarity between trajectories [41]. They first transformed the 
geographic trajectories into semantic trajectories by using a geographic information database 
and then extracted sequential patterns from the semantic trajectories. However, it cannot 
calculate the similarity quickly for a massive and long-term trajectory data. 

3. Semantic Trajectory Construction 

3.1 Stay Regions Extraction 
Stay regions extraction is to find the areas where moving objects stay for some time. These 
places often imply their meaningful behaviors. In this paper, we propose a fast algorithm for 
stay regions extraction of massive trajectories, named FSRE. It consists of two stages: extract 
stay points and cluster stay points. 
(1) Extract stay points 

The stay points can be calculated by threshold method based on space and time. For a 
trajectory segment(spatial threshold L ), if the stay time of moving objects exceeds the 
temporal threshold θ  in this region, then it can be seen as a stay point. The detailed process is 
as follows: 

For a trajectory ,...,s ep p< >  in time ,...,s et t< > , where sp  and ep  are starting and ending 
respectively, st  and et  are starting time and ending time respectively. Start with sp , we first 
calculate the distance , 1s sl +  between 1sp +  and sp , then make a comparison of , 1s sl +  and L . If 

, 1s sl L+ < , then calculate the distance , 2s sl +  between 2sp +  and sp  until find a point s ip +  that 
meet a condition ,s s il L+ < , where ,..., ,...,s s i ep p p+< > . Calculate the temporal distance ,s s it +∆  
between s ip +  and sp . If ,s s it θ+∆ > , there is a stay point ( , )mean means p t=  in the trajectory 
segment ,...,s s ip p +< > , where ( , )mean mean meanp lat lng= , θ  is the temporal threshold. The 

meanlat , meanlng and meant  can be given by the following: 

, ,
1 1 1

s i s i s i
k s k k s k k s k

mean mean mean

lat lng t
lat lng t

i i i

+ + +
= = == = =
+ + +

∑ ∑ ∑               (1) 

Instead, if ,s s it θ+∆ < , there’s no stay point in this segment. The 1s ip + + is set as a new starting. 
Repeat the above steps with the rest of the trajectory. 
(2) Cluster stay points 
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Fig. 1. Extract stay points and regions from trajectory 

 
However, this method may result in a lot of redundant stay points. For example, moving 

objects move in a small region for a long time. These stay points are often concentrated in a 
small area. If the semantic labels of each stay points are adopted, it will generate a set of 
redundant labels with lots of repetitions. As shown in Fig. 1, there are three stay points (blue 
markers) at the beginning of the trajectory. The semantic labels they correspond to are the 
same. They are close to each other, so we can use an abstract stay point (red marker) or stay 
region (red region) to represent them. To find these stay regions, in this paper, we employ a 
variant of DBSCAN to cluster these stay points into stay region. 

1t 2t TimeStay region 2

Stay region 1

Stay point

(a) (b)

(c) (d)

Traj

1t

 
Fig. 2. The illustration of clustering stay points based on T-DBSCAN 

 
Classical DBSCAN does not take the temporal continuity of trajectories into consideration. 

thus, we provided a Temporal awareness DBSCAN (denote as T-DBSCAN). Fig. 2 is an 
illustration of clustering stay points based on T-DBSCAN, where black dots with timestamp 

1t  and white dots with timestamp 2t  are the stay points extracted from trajectories (Fig. 2(a)). 
The black dots and white dots are nearby neighbors. But the 1t  is far away from 2t , namely, 
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they a long temporal distance. This indicates that the user visits the same place at different 
times. 

In Fig. 2(b), most stay points are packed into a big cluster by clustering based on spatial 
distance. It cannot reflect the time pattern of the trajectories. In this paper, we cluster stay 
points according to spatial distance and temporal distance. Only points that are close in space 
and time can be clustered. So these stay points need to be divided into clusters according to 
visited time. The stay regions 1 (white dots cluster) and stay regions 2 (black dots cluster) are 
generated by T-DBSCAN (Fig. 2(c)). 

Finally, with the above steps, the trajectory data is transformed into an abstract traj : a 
queue of stay regions with timestamp in Fig. 2(d). Each stay region contains three attributes: 
mean geospatial location, mean visited time and radius of region. 

The POIs are semantic labels, and we can generate semantic trajectory according to these 
labels. Most existing works first extract the stay points from trajectories, then select POIs 
Labels according to these stay points, and enrich trajectories with selected semantic labels. 
The simple way to select the nearest POI as semantic labels. However, it is often ineffective. In 
this paper, for a stay region, we select all labels in it as the semantics of this region. 

4. Semantic Trajectory Similarity Measure 
In the previous section, the geographical trajectories are transformed into semantic trajectories. 
The latter consists of several collections of semantic labels with a timestamp. So each item of 
semantic trajectories has three attributes: spatial, temporal, and semantic information. These 
semantic labels represent motion of the moving object. In our study, we mainly focus on the 
behavior patterns. Therefore, we can get the similarity of two trajectories by calculating the 
similarity of collections. In this chapter, we will make a detailed description of semantic 
trajectory similarity. 

Since stay region can be viewed as a set of semantic labels, we can use Jaccard similarity 
coefficient to measure the similarity of trajectories. It is defined as follows: 

1 2
1 2

1 2

| |( , )
| |
S SS S
S S

φ =




                                                     (2) 

where, the 1S  and 2S  are set of semantic labels, 1 11 12 1, ,..., nS w w w=< > , 

2 21 22 2, ,..., nS w w w=< > , w  is semantic label (e.g. school, restaurant). 
For a trajectory ,...,s ep p< > , we can extract the stay points ,...,s es s< > . Each stay point 

corresponds to a set of semantic labels. The starting and ending of a trajectory often have a 
special meaning for moving object. So these two points are seen as the stop points. Finally, the 
raw trajectory is transform into several collections of semantic labels with timestamp. The 
similarity of two trajectories can be given as follows: 

1 2
1 2

1
( , ) ( , )

n

i i
i

traj traj labels labelsϕ φ
=

=∑                                 (3) 

where, the 1
ilabels  and 2

ilabels  are the semantic labels of i th stay point in trajectory 1traj  and 

2traj . However, this approach can only measure the trajectories that have the same number of 
stay points. If the trajectories have a different number of stay points, for example, the 1traj  has 
N  stay points, the 2traj  has M  stay points, the similarity can’t calculate directly. In order to 
solve this problem, we propose a merging method, For the 1traj  and 2traj , if N M> , N M−  
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stay points in 1traj  need to be merged according to the temporal distance. Firstly, the two 
closest points is merged, then select two closest points for merging in new set. Repeat this 
procedure until the number of 1traj  stay points is reduced to M . 

In this paper, the semantic of a stay point can be represent by the collection of POIs in its 
region. Each POI is a triples , ,type category name< > , such as , ,restaurant fastfood KFC< > . 
This hierarchical structure is like a tree structure. For each type , it is a Three-tier K-ary tree, 
type  is the parent node, category  is the middle node and name  is the leaf node. 

1( , , , , , )Set restaurant fastfood KFC restaurant fastfood pasta< > < >  

2 ( , , , , , )Set restaurant Chinesefood noodles restaurant Chinesefood hotpot< > < >  
The similarity of 1Set  and 2Set  can be given as follows: 

1 2
1 2

1 2

| | 2( , ) 0.2
| | 2*1 2* 2 1* 4
Set SetSet Set
Set Set

φ = = =
+ +





                    (4) 

The above method can get the semantic similarity of 1Set  and 2Set , however, it doesn’t 
take the timestamp information into consideration. And this shortcoming may have a negative 
on recognition accuracy. Lily goes to the supermarket at 7:30 every morning, and Bob often 
goes to the supermarket in the evening. At the level of semantic, they are similar. However, 
Lily may be a supermarket employee due to regular time. Bob may be a customer, and he just 
goes shopping in the evening. 

To solve this problem, we propose a time coefficient to capture the temporal similarity of 
1Set  and 2Set , which can be defined as follows: 

2

2

1 1( ) 1 exp( )
22 2

ttδ
σπσ πσ
∆

∆ = − + −                             (5) 

1 2 1 2

1 2

|t -t |mod12 |t -t | 12
(24-|t -t |)mod12 other

t
<

∆ = 


                                   (6) 

where, the 1t  and 2t  are the timestamp of 1Set  and 2Set  respectively, t∆  is temporal distance. 
1 2( ) / 2t tσ = ∆ + ∆  is the mean stay time, 1t∆  and 2t∆  are stay time of 1Set  and 2Set  

respectively in Fig. 3. 

1
int1
int

1
outt1
outt

2
int

2
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1t∆ 2t∆  
 

Fig. 3. The illustration of stay time 
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Fig. 4. Time Similar coefficient 
 

For stay time in a region obeys the Gaussian distribution, a variant of Gaussian distribution 
is introduced to measure the time similarity. Fig. 4 illustrates that the similarity coefficient as 
the time distance changes. The similarity coefficient decreases with time, and it has a 
minimum value, such as 0.6 for 1σ = , 0.8 for 2σ = . This is because if the minimum value is 
zero, then the similarity of trajectories is often zero. The minimum similar coefficient 
increases with mean stay time between 1Set  and 2Set . 

Finally, the similarity of two trajectories can be given as follows: 
1 2

1 2
1

( , ) ( , )
n

i i i
i

traj traj labels labelsϕ δ φ
=

=∑                            (7) 

where, iδ  is time similar coefficient. In summary. for two semantic trajectories semtraj1 and 
semtraj2, the similarity can be given by Algorithm 1. 

Algorithm 1: getSimilarity(semtraj1, semtraj2) operation 
Input: semtraj1, semtraj2: semantic trajectory, region sequence with semantic labels; 
Output: ϕ : The similarity of semtraj1 and semtraj2; 
1     Set1 ← getRegion(semtraj1); 
2     Set2 ← getRegion(semtraj2); 
3     N ← getNumber(Set1); 
4     M ← getNumber(Set2); 
5     if M > N then 
6           temp1=Set1; Set1=Set2; Set2=temp1; 
7           temp2=M; M=N; N=temp2; 
8     while N!=M do 
9           Set1← mergeTimeNearestSet(Set(1)); 
10         N=N−1; 
11    ϕ  ← Equation(7); 
12    Return(ϕ ); 
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5. Identify Similar Behavior Groups 
In this section, we proposed a pruning strategy based on time entropy to identify similar 
behavior groups according to massive historical trajectories. The similarity of users can be 
given by measuring the similarity of abstract semantic trajectories. 

For two users 1p  and 2p , their similarity can be got by pairwise comparison in all semantic 
trajectories. However, their historical trajectories are so massive that this approach takes too 
much time. For example, if 1p  has m  trajectories, and 2p  has n  trajectories, this method 
needs *m n  comparisons. Moreover, some stay points in the trajectory are meaningless, such 
as traffic jam, dealing with salesman, etc. To improve efficiency of the identification, we first 
compress trajectories to an abstract semantic trajectory, then identify groups according to the 
similarity of different abstract semantic trajectories. 

In reality, similar groups have similar behavior patterns, namely, similar number of stay 
regions. For example, the frequent trajectories of students are home shcool→ . This pattern is 
simple. It can be represented as two big clusters of stay points. On the contrary, taxi has no 
regularity in trajectories. Inspired by this, we propose a novel pruning method based on time 
entropy to detect whether a cluster of stay points is a frequent stop region. In this way, for a 
given user, first extract the frequent stop regions, then prune the users whose number of 
frequent stay regions is very different from it. Finally, the top-k similar users are found from 
candidate users. 

Time Entropy, it is a measure of frequent stay regions in user’s trajectories. For a stay 
region 1 2( , ,..., )nStay s s s  which is formed by m  trajectories 1 2( , ,..., )mTraj traj traj traj , the 
correspondence between trajectory and stay region is ,itraj S< > , where 

itraj Traj∈ , S Stay⊂  is the set of stay points which is extracted from itraj . Frequent stay 
region is the region which contains a lot of stay points of several trajectories, and it can be 
measured as follows: 

 

1
log

m

i i
i

H p p
=

= −∑                                                (8) 

 
where, | | /ip S N=  is the proportion of itraj  in stay region Stay . 

A trajectory can generate multiple stay points for different stay region, namely, the stay 
points in a stay cluster subordinate to several trajectories. The time entropy can measure the 
quality (or confusion) of a stay region, and the higher score, the better quality. Fig. 5 illustrates 
an example of time entropy. 
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Fig. 5. Illustration of time entropy 
 

In Fig. 5, there are five stay regions which is formed by a week’s trajectories (different 
colors). The cluster A and B have more stay points, so they can be considered as frequent stay 
regions. But who is better ? A contains 8 stay points, which are subordinate to seven days 
trajectories. B contains 10 stay points, which are subordinate to 3 days trajectories. Their time 
entropy are: 

7

1

2 2 1 1log log 6* log 1.91
8 8 8 8A i i

i
H p p

=

= − = − − =∑                    (9) 

3

1

3 3 5 5 2 2log log log log 1.03
10 10 10 10 10 10B i i

i
H p p

=

= − = − − − =∑       (10) 

It shows A is a better frequent stay regions due to a bH H> . This is consistent with the facts 
that the user visits A every day. 

6. Experimental Evaluation 
In this section, in order to evaluate the effectiveness of the proposed method, we performed 
experiments on real dataset. This data set was collected in Geolife project of Microsoft 
Research Asia [42]. POIs come from the API interface provided of Baidu Map. All the 
algorithms are implemented with Scala and run on a computer with Intel Core i5-4590 CPU 
(3.3 GHz) and 8 GB RAM. 

6.1 Experimental Setting 
Dataset. The latest Geolife GPS trajectory dataset was collected in Beijing by 182 users in 
Beijing in a period of over five years. This dataset contains 17,621 trajectories with a total 
distance of 1,292,951 kilometers and a total duration of 50,176 hours. These trajectories were 
recorded by different GPS loggers and GPS-phones, and have a variety of sampling rates. 91.5 
percent of the trajectories are logged in a dense representation, e.g. every 1∼5 seconds or 
every 5∼10 meters per point. 
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Parameter Setting. This experiment consists of several steps and parameters. Among them, 
there are spatial threshold L , temporal threshold θ . For the spatial threshold L  and the 
temporal threshold θ , it means that the moving object stay in a certain area L  for a time θ . 
For a given L , the smaller θ  will result a lot of inappropriate stay points, conversely the 
longer θ  will missing several important stay points. In this paper, we use the ratio of threshold 
200m/10min in [20]. Meanwhile, the length of spatial threshold L  is crucial for the 
performance of our proposed method as shown in Table 1. 
 
 

Table 1. Setting of spatial threshold L  and temporal threshold θ  
,L θ  sN  cN  1( )t ms∆  2 ( )t ms∆  ( )d m∆  

50L m= , 2.5minθ =  42 4 446 543 18.21 
100L m= , 5minθ =  30 4 436 446 23.03 
200L m= , 10minθ =  26 3 469 481 28.26 
500L m= , 25minθ =  24 3 504 523 32.23 

1000L m= , 50minθ =  21 3 573 589 46.82 
Our approach - 3 0 38902 0 

 
 

In Table 1, we conducted an experiment on five walking trajectories of Num.20 at 
different length of L . The sN  is the number of stay points in these trajectories, it increases 
with the increase of L . cN  is number of stay clusters. It does not change much, which means 
all setting can find the right stay region. 1t∆  is the time of finding stay points, it reduces with 
the increase of L . This is due to the unnecessary calculation for trajectory segment. For 
example, there’s only one small stay segment at the tail part of a 1000m trajectory. We just 
need to calculate the last segment based on threshold 50L m= . On the contrary, for threshold 

1000L m= , the whole trajectory need to be calculated. On the one hand, these calculations are 
often not needed, on the other hand, it can lead to bigger distance error. The d∆  is the distance 
error between our calculations and the center of real stay region. The 2t∆  is the time of merge 
stay points based on DBSCAN, it increases rapidly with the increase of the number of points. 

 

6.2 Experimental Results 
Efficiency and Robustness. Stay points search is very important to our system. A quick and 
accurate algorithm of finding stay regions can effectively improve system performance. In this 
paper, we proposed a method for quick find stay points in trajectories based on space-time 
threshold and the DBSCAN and made a comparative experiment on data sets of different 
sizes. 
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Fig. 6. Comparison of DBSCAN and FSRE on the number of stay regions found 
 
 

Fig. 6 illustrates the effective comparison of the number of stay regions found as the 
cluster radius changes. We carried out experiments on the walking trajectory data. For the 
DBSCAN, it need to cluster all trajectory points, and the radius is crucial to the number of 
clusters found. As shown in Fig. 6, it has nearly 200 clusters when the radius is 1.0m. However, 
when the radius is 4.0m, the number of clusters reduces to 8. Finally, all trajectory points 
(including the points on the road) are clustered into a cluster the radius is 14.0m. In a walking 
trajectory, the distance between two points is usually 0.5-10 meters, and only a few distance 
will be further. So when the radius goes beyond the max distance, there is only a cluster. Even 
worse, the max distance decreases with the increase of the trajectory points. On the Contrary, 
for our approach, we just need cluster the stay points that are found by our method. Usually, 
these stay points have been clustered into the prototype of stay regions and the number of 
points is greatly reduced. In this experiment, it has only 12 clusters when the radius is 1.0m. As 
the radius increases, these stay points are clustered into three stay regions. Because of the 
distance between different clusters is so far, it is difficult for them to be clustered into a cluster. 
So our method is more robust. 
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Fig. 7. Comparison of DBSCAN and FSRE on the running time 

 
Fig. 7 illustrates the time comparison of finding stay regions. For the DBSCAN, it 

increases rapidly with the increase of the number of points. This is an exponential growth, so it 
will take a long time to find stay regions for the large data set. Obviously this is not feasible for 
the big data in the present system. Instead, our method can quickly find the stay regions due to 
that fewer stay points have been selected. On the other hand, our algorithm is more robust the 
DBSCAN. DBSCAN is very sensitive to the density of the trajectory points. A small change of 
the radius will lead to a big change of the number of clusters. Therefore, for the DBSCAN, we 
need to carefully adjust the radius. Instead, our method greatly reduces the number of stay 
points, and more importantly, these stay points have been clustered into simple clusters. The 
distances between different clusters are very large, so they can be clustered quickly. 

 
Effectiveness of Semantic Trajectory. In this section, we first analyze the similarity of a 
person’s semantic trajectories in different days of the week. The following Table 2 shows the 
similarity comparison of one week trajectories of the Num.20 volunteer in Geolife project. As 
shown in the table, the semantic trajectories of the workday (Monday to Friday) are similar 
and so are the weekend’s semantic trajectories. However, there are some differences between 
the workday and weekend. This shows that he has a regular life. On the contrary, for someone, 
if the trajectories are different every day, then his life pattern is not stable, or his workplace is 
not fixed, such as taxi drivers. 
 

Table 2. Comparison of semantic trajectory similarity by weeks 
sim  MON TUE WED THU FRI SAT SUN 

MON 1.00       
TUE 0.51/0.34 1.00      
WED 0.46/0.28 0.42/0.31 1.00     
THU 0.40/0.29 0.44/0.29 0.42/0.21 1.00    
FRI 0.49/0.31 0.48/0.43 0.36/0.38 0.46/0.26 1.00   
SAT 0.32/0.30 0.29/0.24 0.31/0.27 0.50/0.34 0.46/0.31 1.00  
SUN 0.26/0.29 0.30/0.36 0.25/0.30 0.40/0.37 0.43/0.28 0.52/0.32 1.00 
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Efficiency of Search. By analyzing the similarity of these semantic trajectories, we can get 
the similarity of two individuals. However, the users usually have so many trajectories that it’s 
hard to get their similarity by pairwise comparison in semantic trajectories. In this paper, we 
introduce the time entropy to discovery the life pattern. Fig. 8 shows the extraction process of 
the Num.20 with 151 trajectories of three months. 
 

      
(a) User 20 (pattern 1)                                                      (b) User 36 (pattern 2) 

Fig. 8. Illustration of different life patterns 
 

Fig. 9 shows the distribution of life pattern in Geolife data and efficiency search. We classified 
the volunteers in Geolife project into five types: 0 ∼5 life pattern in Fig. 9(a), except for 54 
volunteers whose trajectories less than a week or the pattern is zero and this process takes 
about an hour. Among them, 0 represents those volunteers that have no fixed stay region, and 
5 represents people who have five or more frequent stay regions. For someone’s top-k similar 
users, we first analyze his life pattern, then select the similar life pattern users as the candidates, 
final find the top-k semantic similar users from the candidates. Our method can greatly reduce 
the number of comparisons shown in Fig. 9(b). 
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Fig. 9. Distribution of life pattern in Geolife data and efficiency search 
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7. Conclusion 
In this paper, we proposed a novel trajectory semantics calculation method to identify groups 
of similar behaviors. A fast and efficient approach to get stay regions in daily trajectories 
based on time and space, then generate semantic trajectory by enriching these regions with 
semantic labels. Meanwhile, a spatio-temporal semantic similarity measure is given to 
describe the semantic similarity of two trajectories. Aiming at the problem of high complexity 
there are massive locus similarity, a pruning strategy based on time entropy is proposed to 
lighten tedious calculations and comparisons. Experimental results on real trajectory data 
show the effectiveness and efficiency of the proposed methods. 
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