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Abstract

Trajectory pattern learning is an important and 
meaningful issue for intelligent visual surveillance 
system. This paper puts forward a novel trajectory 
pattern learning method through sequential pattern 
mining. In our method, the flow vectors are firstly 
quantified by fuzzy C means clustering method; then a 
modified Prefixspan algorithm is applied to mine the 
sequential patterns from the trajectory sequences; 
finally, an approximate string matching method is 
adopted to detect whether a given trajectory is 
anomaly or not. The simulation experiments on 
different scenes demonstrate that our method is 
feasible and effective.

1. Introduction 

The increasing demand for security by society 
leads to a growing need for surveillance activities in 
many sensitive and public environments. Intelligent 
visual surveillance system is just generated for these 
purposes. The typical configuration of processing 
modules for visual surveillance task include moving 
object detection, recognition, tracking, behaviour 
analysis and semantic description. Among them, 
behaviour analysis is a very important part. Through it, 
the visual surveillance system can understand the 
moving target’s behaviour and assure whether 
abnormal events will occur or not. Motion trajectory is 
a very effective feature for object behaviours analysis. 
Many different approaches have been suggested for 
this topic in recent years. These methods can be 
summarized into two categories according to their 
processing ways of trajectory points. The first category 
takes single trajectory point as a basic unit [1-4] and 
the other processes the whole trajectory or its 

transformation directly [5-7]. In above methods, most 
of them need to change the trajectory into the same 
length. 

Since the motion trajectories are constituted of the 
target’s centroids in image plane according to temporal 
sequence, the extraction of motion pattern can be 
considered as a sequential pattern mining problem. 
That is to say, trajectory pattern learning is to find the 
frequent sequential patterns from the given trajectories 
and these patterns can better reflect the rules of the 
target behavior in the surveillance scene.  Many 
different sequential pattern mining algorithms have 
been proposed for business transaction databases. 
However, these algorithms can not be directly used for 
trajectory pattern learning, because the trajectory 
patterns should be continuous sequences. In addition, 
since trajectory patterns are usually long patterns, the 
efficiency of the algorithm must be carefully 
considered. So in this paper, we put forward a novel 
algorithm based on Prefixspan to discover the patterns 
hidden in the motion trajectories.  

The rest of this paper is organized as follows: 
section 2 provides a brief introduction to quantization 
of flow vector; and then the procedure using modified 
PrefixSpan algorithm to extract trajectory patterns is 
presented in section 3; section 4 shows the simulation 
experiment results of our method in trajectory pattern 
learning and anomaly detection; finally, we draw the 
conclusion in section 5.

2. Quantization of  Flow Vector 

Suppose the centroids of the target in image 
plane  is

thi
( , )i ix y , then the motion trajectory can be 

represented as 1 1 2 2{( , ),( , ), ,( , )}n nT x y x y x y . Besides 
the position, velocities are also important features of 
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trajectory pattern. They can be simply denoted as 
,  , since trajectory is 

often resampled at fixed time interval. Thus the flow 
vector can be denoted as 

1i i idx x x 1i i idy y y

i( , , , )i i i if x y dx dy .In
order to use sequential pattern mining algorithm, we 
need to change the flow vector representation of 
motion trajectory into symbol sequences. This can be 
implemented simply by vector quantization. Here, 
since we want to analyze the motion trajectories 
automatically without any priori information about 
scene, the unsupervised vector quantization method – 
fuzzy C-means clustering is adopted. Each flow vector 
is assigned to a symbol which corresponds to a 
codeword in the codebook created by vector 
quantization. In this way, the training motion 
trajectories are converted into a set of symbol 
sequences. For the reason of reducing the influence of 
trajectory noise and decreasing the complexity of 
mining algorithm, we substitute the continuous and 
identical sequence paragraph with a single symbol. 

In [3], Owen has given a simple anomaly 
detection method by clustering the flow vectors. The 
method is as follows:  

For each flow vector if , find the output neuron 
that best matches it. If the distance between the flow 
vector and the neuron is greater than a threshold q ,
then the point in the trajectory represented by the flow 
vector is flagged as unusual. The threshold q  is 
decided by this means: for each flow vector if  in the 
training trajectories, find the neuron which best 
matches it and calculate the Euclidean distance ip
between the neuron and if . The threshold is 50% of 

the maximal ip .

Fig.1 The influence of flow vectors’ temporal 
information on anomaly detection 

In most instances, this method is feasible and 
effective. However, in some complicated scenes, it will 

be invalid. As shown in Fig.1, it will make incorrect 
classification for the trajectory ,denoted by red curve, 
which is abnormal as a whole but constituted by the 
normal flow vectors. The reason is that it only 
considers the distribution of flow vectors while 
neglecting the temporal transition information among 
them. In addition, as it doesn’t explicitly represent 
trajectory pattern, there is no way to predict target’s 
behavior. So the trajectory patterns can not be acquired 
perfectly just by analyzing flow vectors, we must mine 
the sequential patterns hidden in the trajectories. 

3. Trajectory Pattern Learning Based on 
Modified PrefixSpan Algorithm 

Motion trajectory pattern learning is how to 
extract the reference trajectory patterns from the given 
data and then use them to detect anomaly behavior. 
After the quantization of the flow vectors, trajectory 
pattern learning becomes a sequential pattern mining 
problem. Many effective algorithms have been 
proposed for this question, such as Aprior-all, Aprior-
some, GSP, Spade, FreeSpan and PrefixSpan[8]. These 
algorithms are widely used in the analysis of customer 
purchase patterns, web access patterns or the analysis 
of sequential or time-related processes, such as 
scientific experiments, natural disasters, disease 
treatment and the analysis of DNA sequences. 
However, different from the transaction databases, 
trajectory pattern must be continuous trajectory 
sequences. So, these algorithms can not be directly 
used for motion trajectory pattern learning. In order to 
solve this problem, we make some modifications to 
Prefixspan algorithm, which is currently the most 
effective method for sequential pattern mining.  

Since trajectory pattern must be continuous 
sequences, projection and counting operation can be 
executed only when the first symbol of the projected 
sequence is identical to the last one of the prefix. This 
is our main modification to PrefixSpan algorithm. 
Suppose S is the set of training trajectory sequences, 
and  are different integers 
corresponding to the code words of vector quantization, 
then the modified PrefixSpan algorithm can be 
described as follows:  

1 2, , , nC C C

Algorithm: The Modified PrefixSpan Algorithm 
Input: 

: The set of training trajectory sequences S
Output: 
     FreqSeqSet:  The set of maximal frequent trajectory 
patterns
Notation: 



     CurrSeq:  The frequent subsequence being currently 
searched
     CurrentLen: The length of CurrSeq

( )S i : The trajectory ofthi S
Min_supp: the minimal support degree 

Procedure  Modified_PrefixSpan; 
Begin 

FreqSeqSet= ;
for i=1 to n 

|
ii CS S ; //  is the projection set of S on iS iC

for i=1 to n 
begin 
  CurrSeq=< >;iC
  CurrentLen=1; 
  if iS Min_supp  

          MPrefixSpan( ,CurrSeq, CurrentLen);iS
end; 

End; 
  Procedure MPrefixSpan( ,CurrSeq, CurrentLen); S
Begin 

for  i=1 to n 
= ;iS

//projecting according to the first symbol 
for i=1 to S
begin 

=FirstElement( );c ( )S i
;{ ( ( ), 2, |c c iS S SubString S i S |)}

end; 
    for i=1 to n 

begin 
     if iS Min_supp 
    begin 

  CurrSeq= Concat(CurrSeq, );iC
//concat  to the tail of CurrSeq iC

           CurrentLen=CurrentLen+1;   
           MPrefixSpan( ,CurrSeq , CurrentLen);  

//recursion call of MPrefixSpan 
iS

           CurrentLen=CurrentLen-1; //backtrack 
           FreqSeqSet= FreqSeqSet+{CurrSeq}; 
    end; 

end; 
End; 

Tab.1-Tab.3 illustrate the procedure of the 
modified PrefixSpan algorithm for the given set of 
sequences. Here, the value of min_supp is 2. 

Tab.1   The given trajectory sequences 
No Trajectory Sequences 
(1) <1,2,3,6,7>
(2) <2,3,6,7>
(3) <4,5,3,8,9>
(4) <1,2,3,6>
(5) <4,5,3,9>
(6) <5,3,8,9>

Tab.2 The partition results according to 1-
frequent sequences 

No Partition Results
S3 {<6,7> ,<6,7>,<8,9>,<6>,<9>,<8,9>} 
S2 {<3,6,7>,<3,6,7>,<3,6>}
S5 {<3,8,9>,<3,9>,<3,8,9>}
S6 {<7>,<7>,<>}
S9 {<>,<>,<>}
S1 {<2,3,6,7>,<2,3,6>}
S4 {<5,3,8,9>,<5,3,9>}
S7 {<>,<>}
S8 {<9>,<9>}
Tab.3 The maximal frequent patterns 

correspondent to each prefix 
Prefix Maximal Frequent Sequential 

Pattern
<3> {<3,6,7>,<3,8,9>
<2> {<2,3,6,7>}
<5> {<5,3,8,9>}
<6> {<6,7>}
<9> {<9>}
<1> {<1,2,3,6>}
<4> {<4,5,3>}
<7> {<7>}
<8> {<8,9>}

The procedure using the modified PrefixSpan 
algorithm to extract trajectory pattern is as follows: 

1)  Specifying an appropriate value for C, and using 
fuzzy C means clustering algorithm to quantify the 
flow vectors of training trajectories; 

2) Calculating the threshold value for each cluster 
center as in [3];

3) Generating the symbol sequences correspondent 
to the training trajectories according to the result of 
quantification; 

4) Using the modified PrefixSpan algorithm to 
extract the frequent patterns. 

After finding out the trajectory patterns, we can 
estimate whether a given trajectory is anomaly or not. 
The procedure is as follows:

1) Quantifying the flow vectors of testing trajectory 
with the same method as training procedure;  

2) Using the method in [3] to detect whether the 
testing trajectory is abnormal or not;  

3) For the trajectories detected as normal in step 2,   
matching the corresponding symbol sequence to the 
frequent patterns, if it matches to some certain one, it 



is considered as normal, otherwise abnormal. Since the 
motion trajectories usually include noise caused by 
uncertain in target detection and tracking, here we use 
an approximate string match method in [9]. 
4. Experiments and Analysis 

We have implemented this algorithm with Visual 
C++6.0. In order to verify our method, we take 
simulation experiments on two different scenes 
respectively. For comparison, we also test Owen’s 
method [3]. As shown in Fig.2 (a),(b),(e) and (f), the 
blue curves are the training trajectories; the white 
blocks show the distribution of flow vectors generated 
by Owen and the red curves display the trajectory 
pattern extracted by our method. Obviously, Owen’s 
method can only get the discrete distribution of flow 
vectors since it doesn’t consider the temporal 
information hidden in the trajectories, while our 
method can obtain the explicit trajectory pattern. Fig.2
(c), (d), (g) and (h) show the testing trajectories and 
the anomaly detection results. In these figures, the 
yellow curves are the trajectories detected as abnormal 
and the blue ones are normal. From these, we can 
easily find that Owen’s method makes incorrect 
classification to the trajectories similar to Fig.1. While 
our method can detect it out correctly.  

a b

c d

e f

g h
Fig.2 The training and testing results of the  

proposed method in different scenes 

5. Conclusion 

In this paper, a modified Prefixspan algorithm is 
proposed to learn the motion trajectory patterns. 
Comparing to the existing approaches, our method has 
the following characteristics: 1) the idea of sequential 
pattern mining is introduced to solve motion trajectory 
pattern learning problem; 2) it needn’t to preprocess 
the training trajectories into the same length; 3) it not 
only considers the distribution of flow vector but also 
the temporal information among them; 4) the 
application of approximate string matching method 
makes our method more robust. 
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