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Abstract—With the proliferation of cameras in public areas, it becomes increasingly desirable to develop fully automated surveillance and monitoring systems. In this paper,
we propose a novel unsupervised approach to automatically
explore motion patterns occurring in dynamic scenes under
an improved sparse topical coding (STC) framework. Given
an input video with a ﬁxed camera, we ﬁrst segment the
whole video into a sequence of clips (documents) without
overlapping. Optical ﬂow features are extracted from each
pair of consecutive frames, and quantized into discrete visual
words. Then the video is represented by a word-document
hierarchical topic model through a generative process. Finally,
an improved sparse topical coding approach is proposed for
model learning. The semantic motion patterns (latent topics)
are learned automatically and each video clip is represented as
a weighted summation of these patterns with only a few nonzero coefﬁcients. The proposed approach is purely data-driven
and scene independent (not an object-class speciﬁc), which
make it suitable for very large range of scenarios. Experiments
demonstrate that our approach outperforms the state-of-theart technologies in dynamic scene analysis.

Figure 1.

The goal of this paper is to explore the key motion patterns
in a complicate scene. Take a far-ﬁeld trafﬁc surveillance
scene for example, as shown in Fig. I, some typical activities
occur regularly and periodically, which we call motions
patterns of the scene. For this type of complex or crowded scenarios, the performance of most existing technologies such
as object detection, tracking and classiﬁcation degenerate
heavily. Instead, we formulate motion pattern discovering
as a sparse topical coding (STC) problem. By learning a
semantic dictionary, a given scenario can be reconstructed
as the summation of bases with only a few non-zero coefﬁcients.
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I. I NTRODUCTION
With the proliferation of cameras in public areas, scene
understanding and motion pattern discovery are becoming
popular research tasks. It is reported that there are over 1.85
billion cameras installed in UK alone. As the large amount
of cameras and captured videos, it is critical to discover
motion patterns of scenes and learn a semantic scene model
to interpreter what is going on, which are the goals of
automated surveillance and monitoring systems.
Problems in scene understanding can be summarized as
three questions [1]: (1) What are the typical actions in the
scene? (2) How do they relate to each other? (3) What are
the rules governing the scene? Discovering motion patterns
automatically directly leads to a semantic scene model, with
which people will be free from strenuous and boring labor.
However, it is still a challenging task in both computer vision
and pattern recognition. Motion patterns are not only related
to low-level features but also used to interpret the concepts
of videos, which is video understanding, a high-level task
in computer vision.
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A typical trafﬁc scene and its motion patterns.

In the past few years, there has been a major effort
underway in the vision community to pursuit a sparse
representation for images and videos. Signiﬁcant work has
shown the power of a sparse reconstruction for a vision
task, such as image classiﬁcation [2] and annotation [3],
action recognition [4], abnormal detection [5] and so on.
However, representations learned by their methods seem to
lack signiﬁcant semantics, which could not be directly used
in semantic scene modeling.
To address the problems above, in this paper, an improved
sparse topical coding framework is proposed to learn a
dictionary. As we will show in our experiments, the bases
learned by STC have explicit semantics.
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II. R ELATED W ORK

1) Notations and terminology: Visual Flow Words. As
done in [1], [10], we compute local motion as our lowlevel features. Given an input video, optical ﬂow features
are extracted for each pair of consecutive frames using the
method proposed in [12]. A threshold is used to remove
noise and only the distinctive motion pixels are preserved to
be further processed. In order to generate the vocabulary,
we sample optical ﬂow vectors ω = (x, y, u, v), whose
position (x, y) arranged on a grid with a spacing of 10
pixels. Then the sampled ﬂow vectors are quantized into
8 directions according to their displacements (u, v). Finally
a ﬁxed vocabulary is formed, in which each word contains
two aspects of contents: position information and motion
direction information. Let V = {1, 2, ..., N } denote the
vocabulary with N total words.
Motion Patterns. In this paper, we deﬁne a motion pattern
as a spatial distribution of visual words in the image, which
has a high co-occurrence frequency of visual words in the
same clip. Motion patterns, which are denoted as β, are
corresponding to the latent topics in a topic model. Each
row of β is a topic basis, which is a distribution over the
vocabulary V , i.e., β k ∈ P , where P is a (N − 1) simplex.
Mixture of Patterns. Since the whole input video is divided into a sequence of clips without overlapping, each clip
is treated as a document and the whole video corresponds
to the corpus in the topic model. Words in a document are
accumulated over its frames. We represent a document as
a vector w = (ω1 , ..., ω|I| )T , where I is the set of word
indexes and ωn denotes the number of occurrence of word
n in this document.
Obviously, each document (clip) is a mixture of topics
(motion patterns). Here, we denote θ for the set of clips.
In our approach, we pursuit a sparse representation for each
θ i , that means, a video clip can be sufﬁciently interpreted
by only a few motion patterns which most impossibly occur
during this time.
2) Interpreting using a Generative Process: In this work,
our model builds on the premise of two assumptions: (1)
the word codes sn are conditionally independent given its
document code θ, and (2) the observed word counts are
independent given their latent representations s. With the
conditionally independent assumptions, we summarize the
model as a generative procedure as follows:

Learning semantic scene models has become an active
area especially in video surveillance. Many researchers have
expended a lot of efforts on the three questions above. In
this section, we will review state-of-the-art work from two
categories: object based approaches [6], [7] and non-object
based approaches [8], [9], [10], [11], [1].
The ﬁrst kind of approaches treats scene analysis as
a traditional object detection and tracking problem. For
example, Zhang et al. [6] trained classiﬁers under a cotraining framework to classify object into different classes,
and they cluster each class of trajectories according to their
spatial distributions. Li et al. [7] detected moving objects as
video events. Feature similar video events are grouped into
atomic events, which were further clustered into behaviors
using GMM and EM algorithms. Both approaches above
suffer difﬁculties in crowded scenes, where the use of tools
typically used in surveillance such as detection and tracking
are precluded.
To handle these difﬁculties, some researchers [8], [9]
directly use the low-level motion or appearance features. Instead of object detection, tracking and classiﬁcation, beginning with low-level features, they usually employ a Dynamic
Byesian Network to explore the structure and temporal information of videos. Saleemi et al. [9] employed a statistical
model of optical ﬂow features to obtain a representation
for the motion patterns. Another two most related to our
works, Wang et al. [10] and Kuettel et al. [1], characterized
typical activities by hierarchical Bayesian models, such as
latent Dirichlet allocation (LDA) and hierarchical Dirichlet
process (HDP). Although a similar topic model is employed
in our work, the biggest difference between our approach
and theirs is that we directly impose a sparse bias on the
posterior representations while LDA/HDP lacks an explicit
sparsity pursuit procedure on the inferred representations.
III. O UR A PPROACH
The main idea of our approach is that a dynamic scene can
be sparsely reconstructed by a set of semantic bases, which
in this paper we call motion patterns. In order to ﬁnd these
representative motion patterns, we represent the video by
a word-document hierarchical topic model and propose an
improved STC approach to learn the latent semantic bases.

•
•

A. Topic Model Construction

sample a dictionary β from a prior distribution p(β)
for the whole video.
for each document d ∈ {1, . . . , D}
– sample the document code θ d from a prior p(θ d ).
– for each observed word n ∈ Id

Topic models were ﬁrst developed in nature language
processing to discover latent topics that occur in a large
collection of documents. Recently, some researchers [1],
[10] have put them forward to address the problems in
computer vision community. In this subsection, we will
detail how to represent a video by a topic model.

∗ sample the word code sdn from a conditional
distribution p(sdn |θ d )
∗ sample the observed word count ωn from a
conditional distribution p(ωn |sdn , θ d )

297

where Θ = {θ d , sd }D
d=1 denotes the codes for a collection
of documents {wd }D
d=1 , and (sdn , β) = − log p(ωn |sn , β)
is a cost function, aiming at minimizing the unnormalized
KL-divergence between observed word counts ωn and their
reconstructions sTn β ·n . And (λ, γ, ρ) are non-negative hyperparameters set by users.
In addition, in our case, although we manually give the
topic number K, we also prefer to learn a sparse dictionary
β. That means, words in all documents should concentrate
on some dominating topics. To this end, we add an 1 norm
constraint term for β ·n to the standard STC formulation. We
will show that this constraint term is helpful to determine an
optimal number of topics in Section IV. Finally, the objective
function of the convex problem can be rewritten as



(sdn , β) + λ1
β ·n 1 + λ2
θ d 1
f (Θ, β) =
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Figure 2.
A graphical representation for the model. For clarity and
simplicity, we omit the priors of θ and β.

+



(γsdn −

θ d 22

d

+ ρsdn 1 )

d,n∈Id

s.t.

B. Learning Motion Patterns
We try to learn a sparse representation that captures the
latent semantics of a large collection of video data. Sparse
topical coding [13] could learn semantic topical bases with
a two layer model. In this paper, we improve the sparse
topical coding method to learn semantic bases toward scene
understanding.
1) Problem Formulation: According to the generative
procedure, we deﬁne a joint distribution as follows:
p(θ, s, w, β) = p(β) p(θ)Πn∈I p(sn |θ)p(ωn |sn , β)




(1)

p(θ,s,w|β)

It is reasonable that words occur with an average rate and
independently of the time since the last one. According to
the probability and statistics theory, we assume the discrete
word counts obey a Poisson distribution with sTn β ·n as the
mean parameter like [13], i.e.,
p(ωn |sn , β) =

(sTn β ·n )ωn

exp{−sTn β ·n }

ωn !

sn

d,n∈Id



min λ2 θ1 + γΣn∈I sn − θ22 ,
θ

(2)

min (sn , β) + λ1 β ·n 1
β

s.t.

(3)

θ ≥ 0;

(6)

β k ∈ P, ∀k;

(7)

In this problem, the ﬁrst term, log-Poisson loss function,
is convex but non-quadratic. To minimize it with an 1
constraint, Bregman iteration algorithm [14] is utilized here.

d,n∈Id

s.t.

s.t.

Both the two problems have closed form solutions, which
can be effectively computed. Please refer to [13] for details.
Sparse dictionary learning: Once the representations
(θ, s) of all the documents are inferred, the dictionary β
is learned by minimizing the following objective function:

d

(γsdn − θ d 22 + ρsdn 1 )

k

For θ, when s is ﬁxed, we solve the problem

Also, we choose the same Laplace prior for θ and supergaussian distribution p(sn |θ) to obtain sparse representations.
Thus, the MAP estimation for a topic model is transferred
to a convex problem below,


min
(sdn , β) + λ
θ d 1 +
Θ,β

θ d ≥ 0, ∀d; sdn ≥ 0, ∀d, n ∈ Id ; β k ∈ P, ∀k;

(4)
2) Model Learning by STC: The formulation 4 leads
to a semi-convex optimization problem, that is, f (Θ, β)
is convex over either Θ or β when the other is ﬁxed.
In [13], Zhu et al. proposed an effective method to solve
the problem 3, which alternatively performed hierarchical
sparse coding and dictionary learning procedure to solve this
problem. For our model, the only difference is considering
a sparsity constraint when learning the dictionary β. To
be speciﬁc, the whole optimization procedure is carried as
below:
Hierarchical sparse coding: When the dictionary β is
ﬁxed, this step ﬁnds optimal s and θ by alternatively solving
two problems below:
For s, when θ is ﬁxed, we solve each sn by solving

snk , s.t. sn ≥ 0; (5)
min (sn , β)+γsn −θ22 +ρ

Fig. 2 presents a graphical model representation of our
model.

θ d ≥ 0, ∀d; sdn ≥ 0, ∀d, n ∈ Id ; β k ∈ P, ∀k;

298

We denote bn = sTn β ·n and then for each collum of β the
formulation becomes:
min bn − wn logbn + λ1 β ·n 1

bn ,β ·n

s.t.

bn = sTn β ·n , n = 1, · · · N,

coefﬁcients also reﬂect the spatial dependencies among
dominating patterns.
Temporal Dependency: As the whole video is ﬁnally
represented by a sequence of document codes in chronological order. Motion patterns in different video clips may be
dependent on each other in time. In our setting scenarios,
temporal dependencies usually reﬂect in the causal relationship between different patterns and the reoccurrence of a
certain pattern with periodicity.

(8)

Further, we have a Bregman iteration formulation as follows:
k+1
(bk+1
n , β ·n )

p

k+1

=

arg min bn − wn logbn + λ1 β ·n 1 +

=

εsTn β ·n − bn + pk 22 ,
k+1
pk + (sTn β k+1
·n − bn ),

bn ,β ·n

(9)
(10)

IV. E XPERIMENTS
A. Datasets and Settings
We evaluated the performance of our proposed approach
on various complex and crowded public datasets. The ﬁrst
London Trafﬁc video is captured by Li et al. [7], from a
road junction. The video was recorded at 25 frames persecond, with a frame size of 360 × 288 pixels. The second
Zurich Public video is from [1], which is under a dynamic
scene with many agents, recorded at 25 frames per-second
and with a frame size of 960 × 540 pixels.
We divided each video into 3 second length clips. Then
optical ﬂow vectors of each clip are quantized to discrete
words in the vocabulary as described in Section III. The
improved STC is utilized to learn semantic bases. For both
datasets, the hyper-parameters are set to be (λ1 = 500, λ2 =
0.35, γ = 0.1, ρ = 0.1),

where we alternately optimize β ·n and bn as below:
bk+1
n
β k+1
·n
pk+1

=

arg min bn − wn logbn +
(11)

=

− bn + pk 22 ,
arg min λ1 β ·n 1 +

=

εsTn β ·n − bkn + pk 22 ,
k+1
pk + (sTn β k+1
·n − bn ),

(12)
(13)

bn
T
εsn β ·n
β ·n

The ﬁrst optimization problem 11 has a closed form solution,
and the second can be solved as a lasso problem.
Now, we summarize the whole procedure of model learning as Alg. 1.

B. Experimental Analysis

Algorithm 1: The procedure of model learning.

Semantic patterns discovered: For the London Trafﬁc
video,we set K = 20 and the ﬁnal motion patterns learned
are visualized. As shown in Fig. 3. each motion pattern discovered by improved STC has an explicit semantic meaning.
For example, id1 denotes the double vertical trafﬁc pattern
while id13 denotes the leftward horizonal trafﬁc pattern.
Besides, some patterns are comprised by other simpler
patterns, such as id19, which is composed by a left-turning
pattern and a rightward trafﬁc pattern. All the 20 motion
patterns compose to the dictionary for reconstructing video
clips. Compared to the HDP approach [1], more semantic
patterns are found by our approach while only 8 patterns
have semantics in the 21 total patterns discovered by HDP.
Sparsity of document codes: Here, we check the sparsity
of document codes {θ d }D
d=1 . Fig. 4 gives three exemplars
to validate the sparsity of the mid-level representations for
videos. We compare our approach with the HDP method [1].
While the baseline HDP method assumed a sparse prior,
(i.e., Dirichlet) over the topics, our approach directly imposes a bias over the posterior probabilistic distributions, which
has a more explicit intuition on the inferred representations.
As Fig. 4 shows, our method is better than the HDP method.
This can be easily interpreted with the differences between
the two dictionaries learned by STC and HDP. Our dictionary learned by STC contains not only simple bases but also
compositional bases while bases of the dictionary learned by

Input: Video words {wd }D
d=1 , the number of topics K,
the hyper-parameters (λ1 , λ2 , γ, ρ)
Output: the dictionary β, document codes θ, word
codes s
Repeat
1.Hierarchical sparse coding:
for d = 1 to D do
for each word n ∈ Id do
Update word code sdn by solving Problem. 5
Update document code θ d by solving Problem. 6
2.Dictionary learning:
Update dictionary β by solving Problem. 7
Until convergence
3) Dependencies of Patterns: Usually, motion patterns
are related to and dependent on each other in either space
or time. Both spatial dependence and temporal dependency
make a dynamic scene follow a rule.
Spatial Dependency: As described before, a motion
pattern is a spatial distribution over ﬂow words, that means, ﬂow words within the same pattern have a high cooccurrence frequency, which reﬂects spatial dependencies
among the visual words. In addition, there exist dominating
motion patterns within each video clip, with which the
video clip can be sparsely reconstructed. So reconstruction
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Figure 3. 20 motion patterns found by improved STC, shown in order of decreasing importance. Each pattern has an explicit semantic interpretation,
for example, the double vertical trafﬁc lanes like id1, the single vertical lane like id4, the leftward trafﬁc like id13, the rightward trafﬁc like id17, the
left-turning trafﬁc like id8, the right-turning trafﬁc like id15 and so on.
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Figure 4. Sparsity comparisons of document codes learned by improved
STC and HDP. Here we give three exemplars which represent three different
scenarios from top to bottom. The results in left collum are learned by our
approach and the right side learned using the HDP method.
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Figure 5. The relationship between sparsity constraint for the dictionary
and ﬁnal meaningful topic number. Words concentrate on less topics as λ1
increases.

HDP are all simpler ones. To reconstruct a complex scene,
STC uses less bases than HDP does.
Sparsity of the dictionary: Although the number of
topics K is determined by users initially, we ﬁnd that the
sparsity constraint for the dictionary did help us to cut off
some non-meaningful bases. Due to the 1 constraint term

Pattern dependency: For the Zurich Public video, we set
the topic number K = 30 and give the ﬁrst 9 most important
motions according to their occurrence frequencies, as shown
in Fig. 6. Notice that the horizonal ﬂow (id8) is sometimes
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