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Abstract—Trajectory analysis is the basis for many applications, such as indexing of motion events in videos, activity recognition, and

surveillance. In this paper, the Dirichlet process mixture model (DPMM) is applied to trajectory clustering, modeling, and retrieval. We

propose an incremental version of a DPMM-based clustering algorithm and apply it to cluster trajectories. An appropriate number of

trajectory clusters is determined automatically. When trajectories belonging to new clusters arrive, the new clusters can be identified

online and added to the model without any retraining using the previous data. A time-sensitive Dirichlet process mixture model

(tDPMM) is applied to each trajectory cluster for learning the trajectory pattern which represents the time-series characteristics of the

trajectories in the cluster. Then, a parameterized index is constructed for each cluster. A novel likelihood estimation algorithm for the

tDPMM is proposed, and a trajectory-based video retrieval model is developed. The tDPMM-based probabilistic matching method and

the DPMM-based model growing method are combined to make the retrieval model scalable and adaptable. Experimental

comparisons with state-of-the-art algorithms demonstrate the effectiveness of our algorithm.

Index Terms—Trajectory clustering and modeling, incremental clustering, Dirichlet process mixture model, time-sensitive Dirichlet

process mixture model, video retrieval
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1 INTRODUCTION

MOTION is the essential characteristic distinguishing
dynamic videos from still images. Motion information

in videos represents the visual content with temporal
variation, and plays a very important role in the depiction
of the semantic contents in videos. Moving objects in videos
can quickly attract the attention of watchers. A motion
trajectory is obtained by tracking an object from one frame
to the next and then linking its positions in consecutive
frames. The resulting trajectories contain rich spatiotempor-
al semantic information. Trajectory analysis [21], [41] is the
basis for many applications, such as indexing of motion
events in videos, detection of paths in scenes, under-
standing of moving object behaviors, detection of anom-
alous motions, persistent tracking, and persistent labeling of
objects [22]. In this paper, we focus on trajectory clustering,
modeling, and retrieval.

1.1 Related Work

Key tasks in trajectory analysis include trajectory represen-
tation, similarity estimation, clustering, modeling, etc.

1.1.1 Trajectory Representation

The task of trajectory representation is to parameterize each
trajectory, and then index the trajectory using the parameters.
Trajectory representation methods include polynomial-
based curve fitting, the Haar wavelet transform, minimum
error-based polygonal approximation, B-spline curves, and
discrete Fourier transform (DFT) coefficients. Little and Gu
[1] used a polynomial-based curve fitting technique to
represent spatiotemporal motion information about an object
trajectory. Sahouria and Zakhor [6] applied the Haar wavelet
transform to analyze an object trajectory’s spatiotemporal
information at multiscales. Jung et al. [27] used polynomial
curve fitting to extract and encode features of 2D trajectory
data and then further constructed a motion model, which
was used as an indexing key for accessing individual objects.
Pavlidis [28] used minimum error-based polygonal approx-
imation and Cohen et al. [29] used B-spline curves to describe
2D trajectories. Ansari and Delp [30] represented a trajectory
using dominant points with high curvatures. Gu [31]
proposed a maximum curvature approximation method for
reducing the dimensions of the trajectory feature space.
Naftel and Khalid [8] learned motion trajectories through
self-organizing maps in the DFT coefficient feature space.
Yajima et al. [32] encoded trajectories according to the
spatiotemporal relations between objects and query the
movements of multiple moving objects by expressing each
object’s trace on a timeline. Palpanas et al. [43] proposed a
method for an incrementally updated approximation of
streaming time series. They showed that the method is very
fast and maintains a high-quality approximation. Compared
with point-based trajectory presentation, the parameterized
trajectory representations substantially compress the trajec-
tories, and they are even more effective for trajectory
similarity estimation and clustering. It was also shown [36]
that trajectory representation based on the DFT coefficients
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performs more accurately than polynomial-based trajectory
representation.

1.1.2 Trajectory Similarity Measure

In order to match or cluster trajectories, trajectory similarity
is estimated using trajectory distance measures, such as the
euclidean distance, the dynamic time warping (DTW)
distance, the principal component analysis (PCA) distance,
the edit distance with real penalty (ERP), and the longest
common subsequence (LCSS) distance. The euclidean
distance and the DTW distance [37], [38] are two basic
measures for estimating trajectory similarities [41]. Dagtas
and Al-Khatib [26] carried out video retrieval by measuring
the minimum euclidean distances between the query
trajectory and all the subtrajectories with the same number
of points as the query in each candidate trajectory. A PCA-
based distance was proposed by Bashir et al. [18] to
measure trajectory similarities. Vlachos et al. [7] used the
LCSS algorithm to measure the similarity between two
object trajectories by analyzing objects’ coordinates directly.
A two-level PCA operation with coarse-to-fine retrieval was
used to identify trajectories close to a query trajectory. Chen
and Ng [42] proposed the ERP to measure similarities
between time-series data. Hsieh et al. [9] divided trajectories
into several small segments and encoded each segment
using a semantic symbol. A distance measure which
combines the edit distance and the visual distance was
exploited to determine similarities between trajectories. Ma
et al. [3] proposed a compact representation of multi-object
motion trajectories based on 3D tensor subspaces. Multi-
trajectory retrieval was carried out using the euclidean
distances between the compact representations of multi-
trajectories. Su et al. [35] constructed trajectories from
motion vectors embedded in MPEG bit streams. The
coordinates of each point in a trajectory were replaced with
cumulative movement related parameters, which were then
differentiated and used to compute a euclidean distance.
Wang et al. [45] provided an experimental comparison of
representations and distance measures for time-series data.
Different trajectory distance measures have their own
merits and limitations. For example, the merits of the
traditional point-based euclidean distance are that it is
simple, nonparametric, very fast, and easy to code. Its
limitation is that it is not robust to noise or to distortion
along the time axis [39], [40]. The merit of the DTW distance
is the ability to tolerate temporal misalignments so as to
allow for time warps, such as stretching or shrinking a
portion of a sequence along the time axis, and for
differences in length between time series. Its limitations
are that it requires continuity along the warping path, and it
is unable to find trajectories that have similar shapes but
with dissimilar gaps in between [40]. The PCA distance
obtains more accurate results and requires lower computa-
tional cost due to its compact representation. However, it is
also sensitive to noise, like the euclidean distance. The ERP
can handle the time-series data with local time shifts.
However, because distances are measured using the
differences of real values, ERP is also sensitive to noise
[40]. The LCSS distance is more robust to noise and outliers
than the DTW distance because not all points need to be
matched. However, it allows gaps of various sizes to exist
between similar shapes in the trajectories. It is difficult to set
the two parameters for the LCSS distance estimation. The

DTW and LCSS distances take more time than the euclidean
distance and the PCA distance.

1.1.3 Trajectory Clustering and Modeling

More recent work on trajectory analysis focuses on learning
trajectory patterns via trajectory clustering and modeling.
Trajectory clustering assigns similar trajectories to the same
cluster according to the measured similarities between
trajectories. The task of trajectory modeling is to construct a
model (especially a parameterized model) to represent and
index each cluster of trajectories. Jung et al. [20] proposed a
method for event detection based on trajectory clustering. In
the training period, captured trajectories were grouped into
coherent clusters for which 4D motion histograms were built.
In the test period, each new trajectory was compared with the
4D histograms of all the clusters. Saleemi et al. [22] modeled
motion patterns of objects in the scene using a multivariate
nonparametric probability density function defined on the
object locations and the transition times between them.
Learning was accomplished by observing the trajectories of
objects. Morris and Trivedi [23], [44] learned the normal
motions encountered in a scene in an unsupervised way. The
spatiotemporal motion characteristics of these paths were
encoded by a hidden Markov model. Once these path
definitions were established, abnormal trajectories were
detected and future intent was predicted. Piotto et al. [24]
proposed an algorithm for the syntactic description and
matching of object trajectories in videos. Trajectories were
segmented and described syntactically. Similarities between
trajectories were determined based on inexact or approx-
imate matching. Veeraraghavan and Papanikolopoulos [25]
proposed an algorithm for learning sequenced spatiotem-
poral activities represented by the trajectories of road traffic
at intersections. A semi-supervised learning algorithm was
used to learn activities modeled by stochastic context-free
grammars. Johnson and Hogg [2] used two competing neural
networks connected by a leaky neuron layer to model the
probability distribution of flow vectors and the trajectories.
Alon et al. [5] employed a finite mixture of HMMs to learn
motion data using the expectation-maximization (EM)
algorithm. Atev et al. [4] presented a method for clustering
vehicle trajectories using a Hausdorff distance-based trajec-
tory similarity measure. Although current trajectory cluster-
ing and modeling methods solve a variety of specific
problems in trajectory analysis, they still have the following
limitations:

. An effective criterion is lacking for estimating an
appropriate number of trajectory clusters. A manual
choice of the number of clusters is subjective.
Inappropriate setting of the number of trajectory
clusters may result in inaccurate trajectory cluster-
ing, especially when the number of trajectories is
very large.

. They lack the ability to cluster trajectories incre-
mentally. When new trajectories are obtained, the
model has to be retrained using the previous and
the new trajectories. This results in a high computa-
tional complexity.

. They often index clusters of trajectories using high-
dimensional trajectory cluster centroid vectors. It is
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meaningful, based on the result of trajectory cluster-
ing, to construct low-dimensional parameterized
indices of trajectory clusters because this saves space.

1.2 Our Work

In this paper, we cluster trajectories using the Dirichlet

process mixture model (DPMM) [10], [11], [12], [16], [17],

[33], and then develop a trajectory-based video retrieval

framework whose architecture is shown in Fig. 1. Our

framework includes the trajectory pattern learning stage

and the online trajectory retrieval stage. The trajectory

pattern learning includes batch and incremental trajectory

clustering using the DPMM and trajectory cluster modeling,

which involves building a statistical model of trajectories in

each cluster using the time-sensitive Dirichlet process

mixture model (tDPMM).

1. Clustering trajectories using DPMM: Object trajec-
tories are extracted using an existing object tracking
method. Each object trajectory is represented by a
discrete Fourier transform coefficient vector. In the
DFT coefficient feature space, the extracted object
trajectories are clustered using the DPMM. It is
assumed that the trajectories are generated from a
mixture of Gaussian distributions. The number of
Gaussians is determined automatically, while the
DPMM is learned. We further develop an incremen-
tal DPMM-based trajectory cluster growing method.
When new trajectory data arrive, the incoming
trajectories are assigned online to the existing
trajectory clusters or to new trajectory clusters which
are discovered by the cluster growing method with a
low computational complexity. Each cluster of
trajectories corresponds to a trajectory pattern.

2. Modeling trajectory patterns using tDPMM: In
order to characterize the time-varying information
about trajectories, each trajectory is segmented into
several smaller subtrajectories. A DFT coefficient
feature vector is used to represent each subtrajectory,
and then a trajectory is represented as a sequence of
DFT coefficient vectors. The DFT coefficient vector

sequences in each trajectory cluster (i.e., trajectory
pattern) are used to train a tDPMM which represents
the unique spatiotemporal characteristics of the
trajectory pattern. Then, the trajectory patterns are
indexed using the parameters of the corresponding
tDPMMs. Our incremental DPMM-based trajectory
clustering method assigns online new incoming
trajectory data to the existing trajectory patterns or
new trajectory patterns. Each newly discovered
trajectory pattern is modeled using the tDPMM and
indexed by the corresponding parameters.

3. Online trajectory retrieval: In the online retrieval
stage, a sketch-based scheme is used to represent a
user-specified query. The query trajectory is
matched to the corresponding trajectory pattern
based on the posterior probability estimation. The
retrieved videos are ranked by the posterior prob-
abilities. As knowledge of the similarities between
trajectories is included in the results of trajectory
clustering, indexing each cluster of trajectories
makes trajectory-based video retrieval more effective
than searching the trajectories in the database for
trajectories similar to the query, where searching the
database can be sped up by using lower bounding
measures [45].

The contributions of our work are listed below:

. The DPMM is applied to trajectory clustering. An
appropriate number of trajectory clusters is auto-
matically determined.

. We develop an incremental version of the DPMM-
based clustering algorithm as an extension to the
previous DPMM and apply it to incremental trajec-
tory clustering. The trajectory clusters are adaptively
grown after new trajectory samples arrive.

. A tDPMM is applied to model the time-varying
information about a trajectory cluster learned from
the DPMM. A parameterized index with only two
values is built for each trajectory cluster.

. We propose a likelihood estimation method for the
tDPMM. The method approximates the likelihood
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using a collection of particles generated by Gibbs
sampling. This likelihood extends the tDPMM.

. A probabilistic trajectory-based video retrieval mod-
el is developed. The probabilistic matching and
growing of the retrieval model make the proposed
retrieval model scalable and adaptive for online
handling of the incoming trajectories.

The remainder of the paper is organized as follows:
Section 2 introduces the extraction of trajectory features.
Section 3 presents our DPMM-based trajectory clustering
algorithm. Section 4 proposes our incremental trajectory
cluster growing method. Section 5 describes our tDPMM-
based algorithm for trajectory pattern modeling. Section 6
covers our algorithm for trajectory matching for video
retrieval. Section 7 demonstrates experimental results.
Section 8 summarizes the paper.

2 TRAJECTORY FEATURE EXTRACTION

In the following, we first describe the DFT-based trajectory
feature representation, which is used for trajectory cluster-
ing, and then present the segmentation-based trajectory
representation, which is used for trajectory pattern modeling.

2.1 DFT-Based Trajectory Feature Representation

Naftel and Khalid [8] proposed the DFT coefficient-based
trajectory representation method. They showed that the
DFT coefficient-based euclidean distance between trajec-
tories is more robust than the original point-based
euclidean distance. So, in our algorithm, DFT coefficients
are used to represent object trajectories. Given a trajectory
ðx0; y0Þ; . . . ; ðxk; ykÞ; . . . ; ðxn�1; yn�1Þ, where n is the number
of points in the trajectory and ðxk; ykÞ are the coordinates of
the kth point (0 � k � n� 1), the DFT coefficients are

fFxð0Þ; . . . ; FxðtÞ; . . . ; FxðT Þ; Fyð0Þ; . . . ; FyðtÞ; . . . ; FyðT Þg
ð1 � t � T � n� 1Þ;

ð1Þ

where

FxðtÞ ¼
1ffiffiffi
n
p

Xn�1

k¼0

xk expð�i2�tk=nÞ; ð2Þ

FyðtÞ ¼
1ffiffiffi
n
p

Xn�1

k¼0

yk expð�i2�tk=nÞ: ð3Þ

As Fxð0Þ and Fyð0Þ are real numbers, the dimension of DFT
coefficient feature vectors is 2ð2T þ 1Þ. As T is set to a
constant for all the trajectories, feature vectors extracted for
all the trajectories have the same length, even though the
number of points in each trajectory may vary. The euclidean
measure is used to calculate the distance between any two
DFT coefficient vectors.

2.2 Segmentation-Based Trajectory Representation

For characterizing time-varying information about a trajec-
tory, a trajectory is segmented into a series of atomic
subtrajectories which are regarded as semantically mean-
ingful sections. Generally, segmentation of a trajectory into
subtrajectories can be carried out using the variance of

curve curvature [18], i.e., a trajectory is segmented at
locations with large curvature. However, local noise due to
tracking errors may produce large errors in curvature
estimates because estimate of the curvature of a given point
is only dependent on a few points near to the given point.
Namely, noisy points may produce large curvatures in the
locations where the true curvatures are small, and segmen-
tation may mistakenly occur in these locations. Sun et al.
[13] proposed a spectral clustering-based trajectory seg-
mentation algorithm which is applied to bidirectional
tracking. The position coordinates and the frame number
of each point in a trajectory were used as features input to
the clustering algorithm. Consecutive points which are
close together or in sections of high curvature may be
assigned to the same cluster. For example, in a traffic scene,
the points in a vehicle trajectory section which is associated
with vehicle turning are likely to be assigned into the same
cluster to form a semantically meaningful section. As a local
noisy point is usually near to points less affected by noise, it
is likely that a noisy point and its adjacent points are
assigned into the same cluster, i.e., there are fewer
segmentation errors caused by noisy points. So, the
clustering-based trajectory segmentation algorithm is less
sensitive to noise. The spectral clustering method needs
specification in advance of the number of subtrajectories as
the K-means clustering is used in the last step of the spectral
clustering. In order to tackle this problem, we propose an
improved spectral clustering-based method which replaces
the K-means clustering with the nonparametric adaptive
mean shift clustering algorithm [19]. Its optimization goal is
to find several modes which have large probability
densities, where each mode corresponds to a cluster whose
samples are strongly connected. As a result, the improved
spectral clustering is capable of identifying an appropriate
number of subtrajectories automatically. Fig. 2 shows three
examples of segmenting a complex trajectory into several
subtrajectories. The first rows in subfigures (a), (b), and (c)
are the original trajectories, where the points in the
trajectories are explicitly displayed. The second row in
each of the subfigures is the segmentation result in which
different subtrajectories are represented by different colors.
It is clear that the segmentation results are good.

After the trajectory segmentation, a DFT coefficient feature

vector is extracted for each subtrajectory. Then, a trajectory is

represented by a sequence of DFT coefficient vectors:

SO ¼ so1; so2; . . . ; soi; . . . ; so�; ð4Þ

where soi is the DFT coefficient vector of the ith subtrajec-

tory and � is the number of subtrajectories. This representa-

tion for a trajectory is used for trajectory pattern modeling.

3 DPMM-BASED TRAJECTORY CLUSTERING

3.1 DPMM

Let Dir(.) denote the Dirichlet probability density function.

Let A be a sample space, and A1:K be K disjoint subsets of A

satisfying A1 [A2::: [Ak::: [AK ¼ A. The Dirichlet process

[10] with a scale parameter � and a base measure G0 on A is

defined as follows: If a random probability distribution G is

sampled from the Dirichlet process, then:
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ðGðA1Þ; GðA2Þ; . . . ; GðAKÞÞ �
Dirð�G0ðA1Þ; �G0ðA2Þ; . . . ; �G0ðAKÞÞ:

ð5Þ

The left-hand side of (5) is a random vector for fixed subsets
of A because G is random. Let �1:N be a sequence of N state
variables sampled from A using the distribution G, which is

itself a sample from the Dirichlet process. On integrating
over G, the joint distribution of �1:N under the Dirichlet
process ð�;G0Þ is represented as

pð�1:N j�;G0Þ ¼
Z
pð�1:N jGÞpðGj�;G0ÞdG: ð6Þ

This joint distribution exhibits a clustering effect [10]. Gibbs
sampling is carried out for (6), and then a discrete joint
distribution of �1:N is obtained. Maximum a posteriori
estimation on this discrete joint distribution produces the
most probable values of �1:N [33]. The obtained values are

used to partition �1:N : The ones with the same value are
partitioned into the same cluster, and the ones with different
values are partitioned into different clusters. More specifi-
cally, the value of �i conditioned on the previous i� 1

values of �1:i�1 is equal to either one of the values of �1:i�1 or

a new value from the base measure G0, where the new
value, which means that a new cluster is generated, causes
an appropriate number of clusters to be determinable
automatically. The conditional probability distribution
pð�ij�1:i�1Þ required for the Gibbs sampling [34] can be
found using the Polya Urn scheme [11] and represented as

pð�ij�1:i�1Þ / �G0ð�iÞ þ
Xi�1

j¼1

�ð�i � �jÞ; ð7Þ

where �ð’Þ is the Dirac delta function:

�ð’Þ ¼ 1 if’ ¼ 0
0 otherwise:

�
ð8Þ

As a result, the �1:N are randomly partitioned into clusters
where the state variables with the same value are assigned
into the same cluster. Let �1:L denote L different values that
�1:i�1 take (i.e., the L clusters to which the �1:i�1 are

assigned), and let ml be the number of occurrences of �l in
�1:i�1 for 1 � l � L (i.e., the number of state variables
assigned into cluster l). Then, (7) is transformed to

�i ¼
�l with probability ml

i�1þ�
for each distinct l

�newð�new � G0Þ with probability �
i�1þ� ;

8<
: ð9Þ

where �new is a new state value which corresponds to a new
cluster.

If the random variables �1:N are exchangeable, the
marginal distribution pð�ij��iÞ is formulated as

pð�ij��iÞ / �G0ð�iÞ þ
X
j2�i

�ð�i � �jÞ; ð10Þ

where �i denotes the indices in 1:N except for i.
If the Dirichlet process is used as a nonparametric prior

in a hierarchical Bayesian model, the following DPMM [10],
[11] [12], [16], [17] is obtained:

yi � pð�j�iÞ; �i � G;G � ð�;G0Þ; ð11Þ

where yi is the ith observation. Each observation yi has its
own state variable �i. The value of �i corresponds to the
cluster label of yi. Fig. 3 shows a standard graphical model
for the DPMM, illustrating the way in which the DPMM
generates the observations fyig. The process of learning, the
reverse of the generative process, is to determine the values
of the state variables f�ig given the observations fyig, using
a strategy such as Gibbs sampling.

3.2 DPMM-Based Trajectory Clustering

We apply the Bayesian posterior probability estimate of a
DPMM to cluster trajectories which correspond to observa-
tions in the DPMM. Object trajectories are specified by
points in the DFT coefficient feature space represented by
(1) and these points are clustered using the DPMM. Given
N trajectories y1:N which are, of course, exchangeable, we
estimate the posterior probability pð�1:N jy1:NÞ where each
element �i in �1:N denotes the state variable associated with
yi in y1:N . Trajectories with the same state variable value are
assigned to the same cluster. The probability pð�1:N jy1:NÞ is
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approximated by sampling from pð�ij��i; y1:NÞ (1 � i � N)
iteratively using the Gibbs sampler. It can be assumed that
the current trajectory is only dependent on its own state, i.e.,
it is independent of the states of other trajectories. Then,
according to Bayes’ rule, the probability pð�ij��i; y1:NÞ is
represented as

pð�ij��i; y1:NÞ / fðyij�iÞpð�ij��iÞ; ð12Þ

where fðyij�iÞ denotes the likelihood of the ith trajectory
given the value of the state variable �i. The likelihood
fðyij�iÞ is assumed to be the Gaussian distribution. Its
parameters, the mean, and the covariance matrix are
estimated using a subset of the trajectories. We find the
subset � ¼ fyjj�j ¼ �i; yj 6¼ yig, which includes the trajec-
tories with equal state values to �i but excludes the
trajectory yi. The mean and covariance of the DFT coefficient
vectors of the trajectories in � are used as the mean and
covariance for fðyij�iÞ. Substitution of (10) into (12) yields
the following formula:

pð�ij��i; y1:NÞ / �G0ð�iÞfðyij�iÞ þ
X
j2�i

fðyij�iÞ�ð�i � �jÞ:

ð13Þ

In this paper, the base measure G0 is assumed to be the
Gaussian distribution Nð0; 1Þ. Gibbs sampling, which is one
type of Markov chain Monte Carlo (MCMC) sampling, is
applied to (13) to obtain a maximum a posteriori estimate of
the state variables �1:N . The value of each state variable �i is
sampled using the conditional distribution pð�ij��i; y1:NÞ in
which the other variables ��i take the values of their most
recent estimates. After the sampling for �1:N is repeated for
sufficient times, the posterior pð�1:N jy1:NÞ is approximated.
Then, the latent state labels associated with the trajectories
y1:N are obtained. The trajectories associated with the same
state value drawn from G are grouped into a single cluster.

4 INCREMENTAL TRAJECTORY CLUSTER GROWING

Incremental trajectory clustering is required in applications,
such as visual surveillance. When new trajectories are
added into the database of clustered trajectories, it is
necessary to decide whether they belong to any of the
existing clusters. If so, then the new trajectories are assigned
to the corresponding clusters; otherwise new trajectory
clusters are produced. This is called the incremental
trajectory cluster growing process. We design the condi-
tional distribution used for the Gibbs sampling in the
incremental clustering by fixing the states of the previous
samples and updating the states of new samples. It is
assumed that there are, in the database, N trajectories y1:N

whose cluster labels are known, and there are � newly
added trajectories which are represented by yNþ1:Nþ�. Let
W1:N denote the known states (cluster labels) associated
with y1:N , and let �new�i (N þ 1 � i � N þ �) represent all the
state variables in �Nþ1:Nþ� except for �i. Bayes’ rule yields
the following formula:

pð�ij��i; y1:Nþ�Þ
¼ pð�ij�1:N ¼W1:N; �

new
�i ; y1:Nþ�Þ ðN þ 1 � i � N þ �Þ

/ pðyij�i; �1:N ¼W1:N; �
new
�i ; y�iÞ

pð�ij�1:N ¼W1:N; �
new
�i ; y�iÞ:

ð14Þ

Due to the assumption that the current trajectory is
dependent on its own state and but independent of the states
of other trajectories, the following formulas are obtained:

p
�
yij�i; �1:N ¼W1:N; �

new
�i ; y�i

�
¼ pðyij�iÞ

ðN þ 1 � i � N þ �Þ; ð15Þ

p
�
�ij�1:N ¼W1:N; �

new
�i ; y�i

�
¼ p
�
�ij�1:N ¼W1:N; �

new
�i
� ðN þ 1 � i � N þ �Þ: ð16Þ

Then, we define the incremental cluster growing process as
the following formula:

pð�ij��i; y1:Nþ�Þ
/ pðyij�iÞp

�
�ij�1:N ¼W1:N; �

new
�i
� ðN þ 1 � i � N þ �Þ;

ð17Þ

where pðyij�iÞ is the data likelihood, which is assumed to be
the Gaussian distribution as in (12), and pð�ij�1:N ¼
W1:N; �

new
�i Þ is estimated using the Polya Urn scheme as in

(7). In this way, we only carry out Gibbs sampling on
�Nþ1:Nþ�, rather than on �1:Nþ�, to determine the values of
�Nþ1:Nþ�. The data y1:N and their labels W1:N are only used
to estimate pðyij�iÞ. The computational complexity is greatly
reduced compared with clustering the whole dataset y1:Nþ�
using the original version of the DPMM.

In our incremental clustering method, the � new state
variables �if gi¼Nþ1;...;Nþ� are sampled from the joint dis-
tribution of all the states f�jgj¼1;...;Nþ�, where the first
N states are fixed. The conditional distribution in (17) is
derived from the global joint distribution of all the states
f�jgj¼1;...;Nþ�. It is assumed that trajectories are sampled
from Gaussian distributions in the coefficient feature space.
A Gaussian distribution corresponds to a cluster of
trajectories. The N previous trajectories are modeled by a
mixture of Gaussians. Each of the new trajectories either
belongs to one of the existing Gaussians or belongs to a new
Gaussian. The parameters in the likelihood, the mean, and
the covariance matrix are estimated using the trajectory
subset � ¼ fyjj�j ¼ �i; yj 6¼ yig, whether yj belongs to the
previous trajectories or is a new trajectory. The conditional
distribution in (17) is designed using a standard mathema-
tical inference. The above elements ensure that fixing the
states of the N previous trajectories and sampling the states
of the new trajectories in the joint distributions of the states
of all the trajectories yield a valid joint distribution and do
not influence the convergence of the sampling using (17).

5 TRAJECTORY PATTERN MODELING BASED on
tDPMM

Each cluster of trajectories is organized as a trajectory
pattern which is modeled using the tDPMM based on the
segmentation-based trajectory representation.

5.1 The tDPMM

The time-sensitive Dirichlet process mixture model [14] is a
time-weighted version of the DPMM. It describes the
sequential relations between state variables which are not
exchangeable. A time series of observations is represented
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by: ðo1; s1; t1Þ; . . . ; ðoN; sN; tNÞ, where oi is the observation at
time ti (1 � i � N and t1 < � � � < ti < � � � < tN ), and si is the
state variable associated with oi. The tDPMM introduces a
weight function !ðt; cÞ to characterize the influence of the
history of the state variable sequence s1:i (ti < t) on the state
value c at time t:

!ðt; cÞ ¼
X

fmjtm<t;sm¼cg
kðt� tmÞ; ð18Þ

where

kðtÞ ¼ e��t if t > 0
0 otherwise;

�
ð19Þ

where the parameter � is a positive constant. According to
[14], the state transition distribution pðsijs�iÞ in the tDPMM
has the following form:

pðsijs�iÞ / pðsijs1:i�1Þ
YN
n¼iþ1

pðsnjs1:n�1Þ
 !

; ð20Þ

where s�i denotes the remainder of s1:N after removing si.
The probability pðsijs1:i�1Þ is defined as

pðsijs1:i�1Þ ¼

!ðti; siÞ
�þ

PV
v¼1 !

�
ti; s�v

� if si in s1:i�1

�

�þ
PV

v¼1 !
�
ti; s�v

� otherwise;

8>><
>>: ð21Þ

where V is the number of unique values that the state
variables in s1:i�1 take, and s�v is the vth unique value in the
set of the V unique values. The probability pðsnjs1:n�1Þ in
(20) is estimated by replacing “i” in (21) with “n.” It is
obvious that the state transition distribution pðsijs�iÞ in (20)
is parameterized by � ¼ f�; �g, i.e., pðsijs�iÞ ¼ pðsijs�i;�Þ.

5.2 Trajectory Cluster Modeling

We model each cluster of trajectories using a tDPMM
associated with a number of state variables where represen-
tation of trajectories by sequences of DFT coefficient vectors
is used. In a trajectory cluster, DFT-based feature vectors of
all the subtrajectories which correspond to a state variable
are used to estimate the distribution of the state variable.
Given a cluster of � trajectories fSOjgj¼1;...;�, the number N
of state variables in the tDPMM is determined by

N ¼ 1

�

X�

j¼1

�j; ð22Þ

where �j is the number of subtrajectories obtained by
segmenting the jth trajectory using the method in Section 2.2.
The ith observation oi for the tDPMM is represented by the
set of the DFT coefficient vectors of the subtrajectories
fsobi��j=Ncgj¼1;...;� in this cluster of trajectories.

According to [14], pðsijs�i; o1:NÞ is formulated as

pðsijs�i; o1:NÞ / pðsijs�iÞpðoijo�i:s�i¼siÞ; ð23Þ

where o�i:s�i¼si denotes the set of the subtrajectories in this
cluster whose state values are equal to the value of si,
except for the subtrajectories corresponding to oi, and
pðsijs�iÞ is defined in (20). The distribution pðoijo�i:s�i¼siÞ is
assumed to be Gaussian, and the parameters are estimated

using the subtrajectories corresponding to o�i:s�i¼si . Thus,
pðs1:N jo1:NÞ is approximated by sampling from pðsijs�i; o1:NÞ
in (23) iteratively using the Gibbs sampler [14].

The tDPMM is capable of modeling long-range interac-
tion dependencies of the latent state variables correspond-
ing to the observations. Its state transition distribution (20)
is governed by the kernel-weighted Dirichlet process (21).
Due to the intrinsic properties of the Dirichlet process,
tDPMM is very suitable for modeling time-series data with
a countably infinite number of states. By maximum
a posteriori estimation of the state variables from
pðs1:N jo1:NÞ, the most probable latent state label sequence
associated with the observation sequence can be obtained.

5.3 Parameter Estimation

The model parameters � ¼ f�; �g of the tDPMM for each
trajectory cluster are learned using the stochastic EM
algorithm [14]. Let Qð�0;�Þ be the complete data log
likelihood function, where �0 is the currently estimated
vector of the model parameters and � is the vector of the
parameters in the next estimation step. A cycle of sampling
states S1; S2; . . . ; SN from (23) using the Gibbs sampler
forms a particle. Let fSðmÞ ¼ SðmÞ1 S

ðmÞ
2 ; . . . ; S

ðmÞ
N g

M
m¼1 be

M particles yielded by the Gibbs sampling. The parameters
are updated using the first order gradients of Q on �:

@Q

@�
¼ 1

M

XM
m¼1

XN
i¼1

@

@�
log p

�
s
ðmÞ
i js

ðmÞ
1:i�1; T ;�

�
; ð24Þ

@Q

@�
¼ 1

M

XM
m¼1

XN
i¼1

@

@�
log p

�
s
ðmÞ
i js

ðmÞ
1:i�1; T ;�

�
; ð25Þ

where T ¼ t1:N and the pðsðmÞi js
ðmÞ
1:i�1; T ;�Þ is defined in (21).

The gradients are

@

@�
log p

�
s
ðmÞ
i js

ðmÞ
1:i�1; T ;�

�

¼

�1

�þ
PV

v¼1 w
�
ti; s�v

� if si in s1:i�1

1
� � 1

�þ
PV

v¼1
w
�
ti;s�v

� otherwise;

8>><
>>:

ð26Þ

@

@�
log pðsðmÞi js

ðmÞ
1:i�1; T ;�Þ

¼

@
@�wðti; siÞ
wðti; siÞ

�
PV

v¼1
@
@� wðti; s�vÞ

�þ
PV

v¼1 wðti; s�vÞ
if si in s1:i�1

�
PV

v¼1
@
@�wðti; s�vÞ

�þ
PV

v¼1 wðti; s�vÞ
otherwise;

8>>>><
>>>>:

ð27Þ

where

@

@�
!ðt; cÞ ¼

X
fjjtj<t;sj¼cg

�ðt� tjÞe��ðt�tjÞ: ð28Þ

5.4 Likelihood Estimation for tDPMM

The original version of the tDPMM [14] did not give the
inference mechanism for likelihood estimation which is
required for trajectory retrieval, which is the application
we are concerned with in this paper. In the following, we
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propose a Gibbs sampling-based observation likelihood
estimation algorithm for the tDPMM as an extension to
the tDPMM.

For an observation sequence O ¼ o1:N , the likelihood
pðOj�Þ conditioned on the learned tDPMM parameterized
by � (� ¼ f�; �g) satisfies

pðOj�Þ ¼
Z
pðOjSÞpðSj�ÞdS; ð29Þ

where SðS ¼ s1:NÞ is the latent state sequence corresponding
toOðO ¼ o1:NÞ. The computational cost of (29) is high because
of the integration over all the values of S. To simplify the
computation, we approximate pðOj�Þ by the summation
weighted by the particles sampled from the conditional
distribution pðsijs�iÞ ¼ pðsijs�i;�Þ in (20) using the Gibbs
sampler given the estimated model parameters. It can be
assumed that O ¼ o1:N are mutually independent given
S ¼ s1:N , i.e., pðOjSÞ ¼

QN
n¼1 pðOnjSnÞ. Let SðmÞ (SðmÞ ¼ sðmÞ1:N )

denote the particle sampled at the mth Gibbs sampling
iterative step. The likelihood pðOj�Þ is computed by:

pðOj�Þ � 1

M

XM
m¼1

p
�
OjSðmÞ

�

¼ 1

M

XM
m¼1

p
�
o1:N jsðmÞ1:N

�

¼ 1

M

XM
m¼1

YN
n¼1

pðonjsðmÞn Þ
 !

;

ð30Þ

where M denotes the number of particles. The pðonjsðmÞn Þ is
assumed to be the Gaussian distribution whose parameters
are estimated using the DFT coefficient vectors of the
subtrajectories in the trajectory pattern whose state values
are equal to the value of sðmÞn .

6 MATCHING AND GROWING FOR VIDEO RETRIEVAL

We consider the video retrieval in which each trajectory is
associated with a video clip and the trajectories are indexed
by the parameters � and � of the learned trajectory patterns.
The query is represented by a trajectory which is trans-
formed to a DFT coefficient vector sequence which is
described using (4). Given the query trajectory R, the
posterior probability that R belongs to the jth trajectory
pattern is estimated by

pð�jjRÞ / pðRj�jÞpð�jÞ; ð31Þ

where �j (�j ¼ f�j; �jg) is the tDPMM’s parameter vector for
the jth trajectory pattern, and pðRj�jÞ is the likelihood, which
is estimated using (30). Each trajectory pattern is assumed to
have the same prior probability. Then, the matches between
R and the trajectory patterns are ranked according to the
magnitude of the posterior probabilities in (31).

When new trajectories are added into the indexed
trajectory database, any new trajectory patterns can be found
online using the incremental DPMM-based clustering in
Section 4. Subsequently, for each new trajectory cluster, the
parameters � and � of a tDPMM are learned and used as the
index of the trajectory pattern. The tDPMMs of the newly
generated trajectory clusters are then added to the indexed

database. This incremental growing capability results in

scalability and adaptability properties for our algorithm.

7 EXPERIMENTS

The performance of the proposed trajectory clustering,

modeling, and retrieval algorithm was evaluated using the

following three trajectory datasets:

. The synthetic trajectory dataset:1 This dataset con-
tains 2,500 trajectories from 50 clusters. Each cluster
consists of 50 trajectories with complex shapes.

. The hand sign dataset:2 This dataset is from the
Australian sign language collection. There are, in
total, 35 clusters of trajectories of hand sign words.
Each cluster consists of 20 trajectories of hand
movements of different signers. As in the previous
work [7], [8] on trajectory analysis, we only used
the 2D ðx; yÞ-coordinate features from this dataset
in which the original data are high dimensional, as
the ðx; yÞ coordinates are the fundamental features
of trajectories.

. The vehicle motion trajectory dataset: In this dataset,
there are 1,500 trajectories which were collected by
tracking vehicles in a real traffic scene and labeled
manually to produce 15 clusters.

All the datasets used in the experiments are available at

http://159.226.19.33/dataset/trajectory/dataInfo.htm.
In the experiments, the dimension of the DFT coefficient

feature space was set to 18. The scale parameter � in the

DPMM was initialized as 0.2. The number M of particles in

(30) was set to 200.
To demonstrate the claimed contributions of the pro-

posed algorithm, we evaluated, in succession, the accuracy

of trajectory pattern finding, the trajectory learning accu-

racy, the ability to deal with noise in trajectories, the

incremental cluster growing capability, and the trajectory

retrieval accuracy.

7.1 Trajectory Pattern Finding

We quantitatively compared our algorithm with the mean

shift clustering for finding the number of trajectory patterns

on the synthetic trajectory dataset and the hand sign

dataset. Trajectories with known cluster labels were used

to test the effectiveness of the strategies for determining an

appropriate number of clusters of trajectories. We randomly

selected 30 subsets from each of the two datasets. Each

cluster in a subset includes more than half the trajectories in

the cluster in the corresponding dataset. For our algorithm,

half of the trajectories in each subset were clustered using

the DPMM-based algorithm and, based on the found

clusters, the incremental DPMM-based algorithm was used

to cluster the remaining trajectories. The mean shift

clustering algorithm clustered all the trajectories in each

subset simultaneously. The test process was carried out

30 times for each of the two datasets, i.e., one time for each

subset. For each algorithm, the number of learned clusters
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was averaged over the subsets with the same ground-truth

cluster number.
Figs. 4 and 5 show the curves of the average numbers of

the trajectory clusters learned using our algorithm and the

mean shift clustering algorithm, for subsets of the synthetic

trajectory dataset and subsets of the hand sign dataset,

respectively. The curves are obtained by linking the points

whose x-coordinates are the average numbers of the learned

clusters and y-coordinates are the ground truths of the

numbers of the clusters, sorted in the ascending order of

the y-coordinates. In the figures, the dashed curves are the

ground-truth curves, the thin red solid curves correspond to

our algorithm, and the blue solid curves correspond to the

mean shift clustering algorithm. The closer to the ground-

truth curves the learned curves are, the more accurate the

numbers of the trajectory clusters learned by the algorithm.

From Figs. 4 and 5, it is seen that the fluctuations of the

curve for our algorithm about the benchmark of the ground-

truth curve are much less than those for the mean shift

clustering algorithm.
We also calculated the average of the absolute values of

deviations of the estimated numbers of clusters obtained

using these two algorithms from the ground-truth cluster

numbers. Tested on the synthetic trajectory dataset, the

corresponding averages for our algorithm and the mean

shift clustering algorithm are 0.56 and 0.61, respectively.

Tested on the hand sign dataset, the corresponding

averages for these two algorithms are 1.74 and 2.08,

respectively. It is seen that our algorithm is more accurate

at learning the number of trajectory clusters than the mean

shift clustering algorithm.

7.2 Learning Accuracy

The trajectory pattern learning accuracy < is defined as:

< ¼ 1

IN

XIN
i¼1

bi
Bi
; ð32Þ

where IN is the number of the learned clusters, Bi is the
number of the trajectories in the ith learned cluster, and bi is
the number of the trajectories which have a fixed ground-
truth cluster label and have the highest proportion in the
ith learned cluster. With respect to trajectory pattern
learning accuracy, we first compared our algorithm with
four classic algorithms and then with the algorithms based
on the euclidean distance and the DTW distance.

7.2.1 Comparison with Four Classic Algorithms

We compared the trajectory pattern learning accuracy of
our algorithm with those of four classic unsupervised
learning algorithms: mean shift clustering [15], spectral
clustering, self-organizing mapping [2], and K-means
clustering, tested on the synthetic dataset. The parameters
of the four competing learning algorithms were chosen
during the course of the experiments to make the clustering
results as accurate as possible.

In the experiments, 30 subsets were randomly selected
from the dataset to test the trajectory pattern accuracies of
our algorithm and the four competing algorithms. For our
algorithm, half of the trajectories in each subset were
clustered using the DPMM-based algorithm, and the incre-
mental DPMM-based algorithm clustered the remaining
trajectories. The four competing algorithms clustered all the
trajectories in each subset simultaneously. We measured the
average trajectory pattern accuracy for the subsets with
the same ground-truth cluster number. The five curves of the
average trajectory pattern accuracies for these five algo-
rithms are shown in Fig. 6, where each curve is obtained by
linking the points whose x-coordinates are the ground-truth
numbers of the clusters and y-coordinates are the learning
accuracies, sorted in ascending order of the number of
clusters. From this figure, it is seen that the learning accuracy
of our algorithm is always higher than those of the four
competing methods. The learning accuracy of our algorithm
tends to be much more stable than those of the four
competing methods as the number of trajectory clusters
increases. The ability of our algorithm to predict the number
of clusters and the stability of the trajectory patterns learned
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Fig. 4. Numbers of clusters learned using our algorithm and the mean
shift clustering algorithm tested on the synthetic trajectory dataset.

Fig. 5. Numbers of clusters learned using our algorithm and the mean
shift clustering algorithm tested on the hand sign dataset.

Fig. 6. Trajectory pattern learning accuracies of our algorithm, the mean
shift clustering, the spectral clustering, the self-organizing mapping, and
the K-means clustering tested on the synthetic trajectory dataset.



using our algorithm effectively facilitate the higher level
trajectory-based video retrieval.

7.2.2 Comparison with the euclidean and DTW

Distances

We compared our DPMM-based trajectory clustering
algorithm with the four algorithms which use the euclidean
distance (ED) or the DTW distance as the trajectory
similarity measure and use spectral clustering or K-means
as the clustering algorithm.

Fig. 7 shows the curves of the average trajectory pattern
accuracies for these five algorithms, tested on the synthetic
trajectory dataset, where the test setting is the same as in
Fig. 6. It is seen that our algorithm obtains more accurate
results than the four algorithms based on the euclidean
distance and the DTW distance. The reasons for this are that
our DPMM-based clustering algorithm obtains more accu-
rate results than the spectral clustering algorithm and the
K-means clustering algorithm, and the DFT-based distance
is more effective than the point-based distances for
measuring the similarity between trajectories [8], [36].

The hand sign dataset was used to compare our
algorithm with the four algorithms based on the euclidean
distance or the DTW distance. We randomly selected
30 subsets from the dataset and for each algorithm we
measured the average learning accuracy for the subsets. The
results are shown in Table 1. It is seen that our algorithm
obtains more accurate results than the four competing
algorithms. The DTW distance-based algorithms work more
accurately than the euclidean distance-based algorithms, as
the DTW distance is more appropriate than the euclidean
distance for measuring the shape similarity between

trajectories and the trajectories in the hand sign collection
have complex shapes.

The traffic vehicle trajectory dataset was also used to
compare our algorithm with the four algorithms based on
the euclidean distance or the DTW distance. The learning
accuracy results obtained from the whole dataset are shown
in Table 2. It is seen that our algorithm obtains more accurate
results than the four competing algorithms. The results of
the euclidean distance-based algorithms are almost similar
to the results of the DTW distance-based algorithms as
shapes of the traffic vehicle trajectories are too simple to
show the benefits of the DTW. The high computational cost
puts the DTW distance at a disadvantage.

7.3 Learning with Noise

We tested the ability of our algorithm to deal with broken
trajectories and noises caused by tracking errors, etc.

Broken trajectories can be caused by occlusion or loss of
tracking. To simulate broken trajectories, we omitted the
initial or last G points in two of 10 trajectories in each cluster
in the traffic dataset. The labels of the trajectories were kept
unchanged. Four datasets were produced, corresponding to
values of 10, 20, 30, and 40 percent for G. The results from
these four test sets are shown in Table 3 for our algorithm
and the two competing algorithms which measure trajectory
similarity using the euclidean distance and the DTW
distance, respectively, and which both use spectral cluster-
ing as the clustering algorithm. It is seen that the learning
accuracies of all the three algorithms decrease when the
percentage of omitted points increases. Our algorithm
obtains the best results among the three algorithms.

To simulate noises due to tracking errors, we added
Gaussian noise to all the points in each trajectory. Three
different levels of added noises were used to produce
three datasets of trajectories with noise. Table 4 shows the
results obtained from the three datasets for our algorithm
and the two competing algorithms which measure
trajectory similarity using the euclidean distance and the
DTW distance, respectively, and which both cluster
trajectories using the spectral clustering algorithm. It is
seen that the learning accuracies of all the three algorithms
decrease when the added noise increases (from Level 1 to
Level 3). Our algorithm obtains the best results among the
three algorithms for all three datasets. For the dataset with
the largest noise level, the euclidean distance-based
algorithm fails, while a good result is still maintained for
our algorithm.
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Fig. 7. Comparison between our algorithm and the four algorithms which
use the euclidean distance or the DTW distance as the trajectory
similarity measure and use spectral clustering or K-means as the
clustering algorithm, tested on the synthetic trajectory dataset.

TABLE 1
Learning Accuracies Tested on the Hand Sign Dataset

TABLE 2
Learning Accuracies Tested on the Traffic Dataset



One reason why our algorithm is less sensitive to
tracking errors and broken trajectories than the two
competing algorithms is that the DFT-based distance is
more robust than the point-based distances [8], [36].

7.4 Incremental Growing Capability

The results in Sections 7.1, 7.2, and 7.3 partly show the
incremental growing capability of our algorithm. In this
section, this capability of our algorithm is further quantita-
tively illustrated using the synthetic dataset. In the
experiments, after some trajectory patterns are learned,
new trajectories belonging to new clusters are added. The
number of new trajectory clusters is found using the
incremental DPMM-based clustering algorithm. We chose
five different numbers of newly added clusters: 1, 3, 5, 7,
and 9. For each of these five numbers, we randomly
selected 10 subsets of trajectories from the dataset such that
each of the subsets had the given number of newly added
clusters. The number of new clusters in each of the subsets
is found by our algorithm. The average of the numbers of
new found clusters for the 10 subsets is set as the estimated
number of new clusters. Fig. 8 shows the estimated
numbers of new clusters for all five numbers, 1, 3, 5, 7,
and 9, versus the ground-truth numbers of new clusters,
where the x- and y-coordinates are the ground truth and
estimated numbers, respectively; the solid curve, which is
sorted in the ascending order of the ground-truth numbers,
corresponds to the learned results, and the dashed line is
the reference that indicates the perfect matching. It is seen
that the fluctuations in the learned curve away from the
perfect matching line are very small, i.e., our algorithm
identifies new clusters with a very small error.

We made a comparison of learning accuracy between the
following cases with different proportions of data used for
batch and incremental learning:

. all the trajectories in the test set were clustered in
batch mode by the DPMM;

. half the trajectories in the test set were clustered
using the batch DPMM and the remainder were
clustered using the incremental DPMM;

. all the trajectory clusters were learned by the
incremental DPMM.

Table 5 shows the results for the three cases tested using
the synthetic trajectory dataset, the sign dataset, and the
traffic dataset, respectively, where the accuracies for
the synthetic trajectory dataset and the hand sign dataset
are the averages for 30 subsets, as in Fig. 7 and Table 1, and
the accuracy for the traffic dataset is estimated from the
whole dataset. It is seen that the fewer the trajectories there
are in batch mode, the less accurate the clustering results are.
This is inevitable for an incremental clustering algorithm. But
our incremental trajectory clustering still maintains good
accuracy compared with the batch trajectory clustering
algorithms shown in Tables 1 and 2.

In the experiments, our incremental DPMM sampling
converged in every case. Fig. 9 shows the convergence of
the incremental DPMM-based clustering when half the
trajectories in the synthetic dataset are incrementally
clustered. It is seen that as the number of the Gibbs
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TABLE 3
Learning Accuracies When Some Trajectories Are Broken

TABLE 4
Learning Accuracies with Gaussian Noise

Fig. 8. The learning results of incremental cluster growing using the
synthetic dataset.



sampling rounds increases, the learning accuracy is
increased until it reaches a stable value.

7.5 Retrieval Accuracy

The following experiments were implemented to evaluate
the performance of the proposed trajectory-based video
retrieval algorithm. We compared our video retrieval
algorithm, using the synthetic trajectory dataset, with the
following algorithms:

. Two typical state-of-the-art trajectory-based video
retrieval algorithms in the recent literature: the PCA-
based algorithm in [18] and the algorithm based on
string matching and polynomial fitting in [9].

. The euclidean distance-based algorithm and the
DTW distance-based algorithm, both of which
search all the trajectories in the dataset for the
desired trajectories.

The recall rate and the precision rate were used to
quantitatively measure the performance of these five
trajectory-based video retrieval algorithms. The recall rate
and the precision rate are defined as

recall ¼ Br

Br þBo
; precision ¼ Br

Br þBp
; ð33Þ

where Br is the number of the retrieved trajectories which
satisfy the query requirement, Bo is the number of the
unretrieved samples which satisfy the query requirement,
and Bp is the number of the retrieved samples which do not
satisfy the query requirement.

The number of the retrieved samples which are ranked
by the posterior probabilities controls the recall. The higher
this number is, the higher the recall. In the experiments, for
30 different queries we calculated the average precision

with a fixed recall. Fig. 10 shows the average recall-precision
curves of our algorithm, the PCA-based algorithm, the
algorithm based on string matching and polynomial fitting,
the euclidean distance-based algorithm, and the DTW
distance-based algorithm, where x-coordinates represent
recalls and y-coordinates represent precisions, sorted in
ascending order of the recalls. It is seen that the curve of our
algorithm is above the curves of the two state-of-the-art
algorithms and the two exhaustive search-based algorithms.
Trajectory retrieval by indexing trajectory clusters is more
effective than trajectory retrieval by matching the query
with all the trajectories in the dataset.

The recall-precision area, which is defined as the area
underneath the recall-precision curve, is a criterion for
quantitatively evaluating the quality of the recall and
precision. The larger the recall-precision area is, the more
accurate the retrieval result. It is shown that the recall-
precision area of our algorithm is larger than those of the
two state-of-the-art algorithms by more than 11.2 and
4.9 percent, respectively, and larger than those of the
euclidean distance-based algorithm and the DTW distance-
based algorithm, by more than 20.5 and 20.1 percent,
respectively. This indicates that our algorithm has higher
retrieval accuracy than the four competing algorithms.

Fig. 11 illustrates a retrieval example in which the query
is a full trajectory, tested using the synthetic trajectory
dataset. In Fig. 11a, a pentacle-like full trajectory was drawn
manually as a query. In Fig. 11b, 12 matching clusters of
trajectories are shown, where each of the 12 trajectories
represents a cluster of trajectories and the displayed
trajectory is selected from the cluster and has the maximum
likelihood for its cluster. These 12 trajectory clusters are
ranked from left to right and from up to down, according to
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TABLE 5
Learning Accuracies with Different Proportions of Data for Batch and Incremental Learning Tested

Using the Synthetic Trajectory Dataset, the Hand Sign Dataset, and the Traffic Dataset, Respectively

Fig. 9. Convergence of the proposed incremental DPMM-based
clustering.

Fig. 10. Recall-precision curves of our algorithm, the PCA-based
algorithm, the algorithm based on string matching and polynomial
fitting, the ED-based algorithm, and the DTW distance-based algorithm.



the probabilities of the clusters given the query. The
15 trajectories which are shown in Fig. 11c are obtained
from the cluster which is the most similar to the query, i.e.,
corresponds to the top-left subgraph in Fig. 11b. It is seen
that the ranking of the matching trajectory patterns shown in
Fig. 11b is consistent with their similarities to the query
trajectory, and the retrieved trajectories shown in Fig. 11c are
similar to the query trajectory.

Fig. 12 illustrates a retrieval example in which the query
is a partial trajectory, tested on the synthetic trajectory
dataset. A manually drawn “�”-like partial trajectory
shown in Fig. 12a was input as a query. By matching using
the posterior probability in (31), the 12 candidate trajectory
clusters shown in Fig. 12b are retrieved and ranked from
left to right and from up to down. The 15 trajectories in the
cluster shown in the top-left subgraph in Fig. 12b are shown
in Fig. 12c. This example indicates that our retrieval
algorithm has the capability for partial trajectory matching
in response to a partial trajectory query in video retrieval.
This is because the local spatiotemporal property of a
trajectory is effectively captured in the tDPMM.

Fig. 13 shows three retrieval examples, tested on the
vehicle trajectory dataset. In Fig. 13a, a trajectory drawn
manually represents a user query to retrieve video clips
containing vehicles moving down and then turning right on
the road. In Fig. 13b, the four retrieved video clips which
match the query in Fig. 13a are displayed. In Fig. 13c, a
query for video clips containing vehicles that make the “U”
turn is given. The corresponding retrieved results are
shown in Fig. 13d. In Fig. 13e, a query for video clips
containing vehicles moving from left to right in the image
and then turning left on the road is input, and in Fig. 13f,
the corresponding retrieved results are shown. All the
results shown in Figs. 13b, d, and f are correct.

From the above five retrieval examples, it is seen that our
algorithm can perform retrieval for both full and partial
trajectory queries. The trajectory pattern-based index
enables an efficient search of the database.

7.6 Discussion

While our method focuses on dealing with 2D coordinate
trajectories, our method can be extended to multivariate
trajectories by adding DFT coefficients for each of the newly
added point feature vector components to (1). The challenge
in applying our method to high-dimensional multivariate
trajectories is to automatically determine each point vector
component’s weights, which depend on the attributes and
significance of each point feature vector component.

The trajectories in the vehicle dataset are acquired from
the same viewpoint. As the vehicle dataset is captured from
an outdoor surveillance scene far from the camera, small
changes in viewpoints tend not to bring about large changes
in trajectories features. Our approach is adaptable to such
small changes. For uncalibrated trajectories acquired from
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Fig. 11. A retrieval example in which the query is a full trajectory: (a) the query trajectory, (b) the retrieved trajectory patterns ranked from left to right
and from top to bottom, (c) trajectory samples corresponding to the pattern most similar to the query trajectory.

Fig. 12. A retrieval example in which the query is a partial trajectory: (a) the query trajectory, (b) the retrieved trajectory patterns ranked from left to
right and from top to bottom, (c) trajectory samples corresponding to the pattern most similar to the query trajectory.

Fig. 13. Three retrieval examples tested on the traffic dataset: (b) shows
the results for the query in (a), (d) shows the results for the query in (c),
and (f) shows the results for the query in (e).



different viewpoints, the DFT features of trajectories are less
sensitive to changes in viewpoints than the trajectory
features in the original geometrical space. Our method
can be extended to the view-invariant trajectory analysis.
We can manually label some of the uncalibrated trajectories
which are acquired from different viewpoints and belong to
the same cluster in the physical space. A semi-supervised
DPMM can be constructed to cluster all the trajectories from
different viewpoints in order to automatically assign the
trajectories belonging to the same cluster in the physical
space to the same cluster. In our future work, we will
investigate this issue.

8 CONCLUSION

In this paper, the DPMM has been applied to trajectory
clustering, modeling, and retrieval. We have proposed an
incremental DPMM-based clustering algorithm and applied
it to trajectory clustering. An appropriate number of
trajectory clusters can be automatically and incrementally
determined. The tDPMM has been applied to learn the
trajectory pattern which captures the time-series character-
istics of the trajectories in a learned cluster. A parameter-
ized index has been constructed for each pattern. In
particular, we have proposed a likelihood estimation
algorithm for the tDPMM. Then, a trajectory-based video
retrieval model has been developed. The probabilistic
model matching and incremental growing ensure that the
model is scalable and adaptable: When new incoming data
with new clusters arrive, the model automatically identifies
the new clusters without retraining. Experimental results
have demonstrated the superiority of the proposed incre-
mental trajectory clustering algorithm and the proposed
trajectory-based video retrieval model to the peer methods
in the recent literature.
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