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Abstract— Dynamic scene analysis has become a popular
research area especially in video surveillance. The goal of
this paper is to mine semantic motion patterns and detect
abnormalities deviating from normal ones occurring in complex
dynamic scenarios. To address this problem, we propose a
data-driven and scene-independent approach, namely, Bilayer
sparse topic model (BiSTM), where a given surveillance video is
represented by a word-document hierarchical generative process.
In this BiSTM, motion patterns are treated as latent topics
sparsely distributed over low-level motion vectors, whereas a
video clip can be sparsely reconstructed by a mixture of topics
(motion pattern). In addition to capture the characteristic of
extreme imbalance between numerous typical normal activities
and few rare abnormalities in surveillance video data, a one-class
constraint is directly imposed on the distribution of documents
as a discriminant priori. By jointly learning topics and one-class
document representation within a discriminative framework, the
topic (pattern) space is more specific and explicit. An effective
alternative iteration algorithm is presented for the model
learning. Experimental results and comparisons on various public
data sets demonstrate the promise of the proposed approach.
Index Terms— Dynamic scene analysis, sparse coding, topic
model.

I. I NTRODUCTION

V

IDEO cameras are ubiquitous in public areas, monitoring activities occurring in the surveillance scenarios for
security purposes. The explosive growth of public cameras
requires us to develop an automated surveillance technology
for dynamic scene understanding. Fortunately, most surveillance scenarios are structural semantic and functional segmented [1], [2], in which activities are governed by explicit
rules. Take a traffic intersection for example, traffic flows in
different directions are regulated by traffic lights, as shown in
Fig. 1(a). In this paper, we aim at discovering motion patterns
and detecting abnormalities in dynamic scenes.
As the behavioral manifestation of rules, motion patterns
refer to the typical activities and behaviors recurring in a
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Fig. 1. An illustration of motion patterns co-occurring in a dynamic scene.
(a) An illegal u-turn plotted in red occurs. (b) The distributions of abnormalities (red points) are overlapped with normal patterns (blue points) in the raw
feature space.

dynamic scene, such as vehicle turning, pedestrian crossing
and so on. Abnormalities in this paper are defined as rare
patterns deviating from the normal ones, such as the illegal
U-turn in Fig. 1(a). Similar in the feature space, the instantaneous of motion can not discriminate the abnormalities.
This can be illustrated in Fig. 1(b), where the distributions
of abnormalities are often overlapped with normal activities
in the raw feature space. Conversely, the discrepancy in terms
of motion patterns may imply the happening of abnormalities.
Therefore, discovering motion patterns will directly lead to
a semantic scene model and further facilitate the task of
abnormality detection.
From the perspective of classification, expert knowledge is
usually required to train specific models with labeled data in
most detection systems. However, for abnormality detection in
surveillance scenes, the video data is typically characterized
by highly imbalanced sample distribution, which means most
of the samples are corresponding to the normal activities and
behaviors whilst only a very small percentage are treated as
abnormalities. Labeling these insufficient positive samples is
also an arbitrary and burdensome task for training an effective
classifier.
Topic models have shown great promise in discovering
semantic structures from complex data corpora. In the past
few years, many efforts [3]–[7] have been made in topic-based
methods to explore motion patterns for dynamic scenes. Once
the model is learnt, abnormal events could be detected. In our
approach, a significant difference of our model with theirs is
that we introduce bi-layer sparsity into this kind of hierarchical
model, i.e., topic sparsity and document sparsity. Various
works have demonstrated the power of sparse representation
in a vision task [8]–[11]. Yang et al. [8] introduced the sparse
coding framework to the task of image classification for the
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first time. Liu et al. [9] proposed a bi-layer sparse coding
formulation to address the task of label-to-region assignment.
Yao et al. [10] used a dual sparsity to learn the bases of
attributes and parts for action recognition. However these
sparse representations in their approaches lack interpretable
semantics. What’s more, considering the characteristic of
highly imbalanced data distribution, we follow a route of oneclass learning strategy during the learning process. By taking
discriminant information into account, we propose a novel
Bi-Layer Sparse Topical Model to jointly learn key motion
patterns and detect abnormalities through solving a unified
optimization problem.
To be concrete, we explore the structural information of
dynamic scenes from video sequences directly using low-level
motion features. A hierarchical word-document generative
process is modeled to describe the structure of video, that captures a bi-layer sparsity priori for the topic-word distribution
and document-topic distribution. The topic sparsity implicates
that an activity (motion pattern) could be inferred by a small
number of motion vectors while the document sparsity guarantees a video clip could be sparsely reconstructed by the activity
bases. In addition, in order to handle the extreme imbalance
between numerous normal activities and few rare abnormalities, a one-class constraint is imposed on the distribution of
documents. Then motion pattern mining is formulated as a
problem of extracting the abstract topics in a compact space.
In this way, the latent space learnt by our approach is both
semantic and discriminative, in which normal activities can
be sparsely reconstructed by motion patterns while abnormal
ones can be detected by a discriminative criterion. With the
compact representations in the one-class refined pattern space,
the performance of abnormality detection could be improved
through the joint optimization.
The main contributions can be summarized as follows:
1) We put forward a bi-layer sparse topic model for
jointly discovering semantic motion patterns and detecting abnormalities in dynamic scenarios, which is purely
data-driven and scene independent.
2) By imposing a one-class constraint on the distribution of documents, our model is suitable for imbalanced learning in the context of video surveillance. The
pattern space is specific for what is learnt with explicitly
semantic topics. Meanwhile, the performance of abnormality detection could be improved due to the compact
representations in the one-class refined space.
3) An effective alternative iteration algorithm is presented
for model learning problem. Extensive experimental
evaluations demonstrate the effectiveness of the
proposed approach.
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For the first category of approaches, researchers pose the
dynamic scene understanding as a traditional object detection
and tracking problem. Moving objects are detected, tracked
and classified into different classes. Trajectories are clustered
to model the motion patterns of the scene [12]–[14]. However
these approaches suffer difficulties in complex and crowded
scenes, where the performance of most existing technologies
of object detection and tracking degenerate heavily due to the
presence of frequent occlusions.
To bypass these difficulties, other researchers directly use
the low-level motion or appearance features to profile typical
activities or detect abnormalities in videos. Beginning with
low-level features, Yang et al. [15] presented a framework
embedded diffusion maps to detect motion patterns at different
scales in complex scenes. Saleemi et al. [16] represented
motion patterns by a statistical model of optical flow features.
Topic models have shown great promise in computer vision
community. For example, in [3]–[5] probabilistic topic models such as Latent Dirichlet Allocation (LDA), Hierarchical
Dirichlet Process (HDP) or extensions were employed to
explore the structure and temporal information of videos.
Wang et al. [17] extended the supervised LDA for simultaneous image classification and annotation. Fu et al. [6]
learned semantic motion patterns by a revised sparse topical
coding model. Similarly, [18] and [19] directly monitored the
sparsity level when learning the abstract representations in the
generative process. However, these methods did not take into
account discriminative information when exploring the pattern
space, as well as the bi-layer sparsity priori in video data.
For the task of abnormality detection, features based on
sparse or dense optical flow [11], dynamic textures [20] and
spatio-temporal gradients [21] are usually used to represent
events in videos. For example, Mehran et al. [22] estimated
the interaction force within a crowd using a Social Force
Model (SFM). In [21] spatio-temporal gradients were modeled by a Hidden Markov Model (HMM) to represent the
dynamics of local video regions and find anomaly in extremely
crowded scenes. In [11] and [23], sparse coding methods were
introduced to detect abnormal events in videos. In spite of
a high detection accuracy, representations of events in their
approaches seem to lack interpretable semantics.
Another related work is [24], in which a similar model was
proposed by jointly learning topics and document representation for regression or classification within a discriminative
framework. To fit the imbalanced data, our approach can
be somehow seen as a variant that address the one-class
case. By formulating motion pattern mining and abnormality
detection as a joint optimization problem, the two tasks are
associated and complement each other.
III. V IDEO R EPRESENTATION

II. R ELATED W ORK
Motion pattern mining and abnormality detection are two
key problems in dynamic scene understanding. In the past few
years, various attempts have been made in the two fields of
research. In this section, we will review the state-of-the-arts
from two categories: object based approaches and non-object
based approaches.

Given an input surveillance video, we try to represent it by
a bi-layer sparse topic model through a generative process.
A. Notations
Firstly, we shall give some key notations used through
this paper. Our approach can explore the structure information
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TABLE I
N OTATIONS OF VARIABLES

directly using low-level motion features. Note that our model
is not limited to some specific kind of feature although we
adopt optical flow in this paper.
After segmenting the input video into a sequence of clips
without overlapping, optical flow features are extracted from
each pair of consecutive frames using the method proposed
in [25]. A threshold (0.8 in our experiments) 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 x = (x, y, u, v) on a grid
with a spacing of 10 pixels. After that 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 direction information. Let V = {1, 2, . . . , N}
denote the vocabulary with N total flow words.
For each video clip, flow words are accumulated over its
frames. And a video clip is represented as a vector w =
(ω1 , . . . , ω|I | )T , where I is the set of word indexes and
ωn represents the number of occurrence of word n in this clip.
Motion patterns are modeled as spatial distributions of flow
words that have high co-occurrence frequencies in a clip.
We denote the pattern dictionary as β. Each row of β is a
topic basis, i.e., a distribution over the vocabulary V . So we
have β k ∈ P, where P is a (N − 1)-simplex.
We introduce two latent variables: θ d ∈ R K denoting the
code of document d and sdn ∈ R K standing for the code of
word n. Obviously, each document θ is a mixture of topics
(motion patterns). For clarity, Tab. I presents a summary of
notations used in this paper.
B. Interpreting Using a Generative Process
We assume that (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 conditional independency assumptions, a generative
procedure can be summarized as follows:
1) sample a dictionary β from a priori distribution p(β).
2) for each document d ∈ {1, . . . , D}
a) sample a document code θ d from a priori p(θ d ).
b) for each observed word n ∈ Id
i) sample a word code sdn from a conditional
distribution p(sdn |θ d ).
ii) sample an observed word count ωn from a
conditional distribution p(ωn |sdn , β ·n ).

Fig. 2.

A graphical representation for the proposed model.

Additionally, considering the characteristic of data distribution, we assume most clips come from the normal class. So a
one-class constraint is imposed on the distribution of θ . Fig. 2
presents a graphical representation of our model.
IV. M ODEL F ORMULATION
In this paper, we propose a novel Bi-Layer Sparse Topic
Model (BiSTM) to jointly learn motion patterns and detect
abnormalities. By introducing a one-class constraint to the
document representation, we try to explore a topic (pattern)
space, which is not only semantic but also discriminative.
In this latent space, normal clips can be sparsely reconstructed
by motion patterns while abnormal ones can be detected with
a discriminative criterion.
Based on the descriptions, we can abstract the task of scene
analysis to the following optimization problem:
min J (, β, ) = F (, β) + cG(θ , )

,β,

s.t. θ d ≥ 0, ∀d; sdn ≥ 0, ∀d, n ∈ Id ; β k ∈ P, ∀k; (1)
where  denotes the collection of latent representation
D . The first term F (, β) is a topic model with
{θ d , sd }d=1
bi-layer sparsity priors, projecting video clips into a topic
space, where each clip is a sparse mixture of motion patterns
and each topic is concentrated on some flow words. The
second term G(θ , ) could be regarded as a discriminate term,
compacting the representations of video clips by a one-class
constraint, which in turn refines the topic space. Parameter c
is a positive hyper-parameter, which balances the effect of the
one-class constraint. We can see that the latent representation
(document code θ ) plays a role of bridging the two terms.
In the following, we will elaborate the two terms in detail.
A. Bi-Layer Sparse Topic Model
Inspired by the strategy of sparse topic coding [26], we
control the sparsity of inferred representations by imposing
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sparsity-inducing regular terms on  and β, that leads to a
bi-layer sparsity for both the document () and topic (β).
According to the generative procedure described
in Sec. III-B, a joint probability distribution is defined
as follows:

p(θ , s, w|β) = p(θ)
p(sn |θ ) p(ωn |sn , β)
(2)
n∈I

To achieve sparse representations for document codes θ and
word codes s, the standard STC chooses the Laplace priori
p(θ) ∝ exp(−λθ 1 ) and the super-guassian p(sn |θ ) ∝
exp(−γ sn − θ 22 − ρsn 1 ).
For the step of generating word counts, we assume that a
flow word occurs with an average rate and independently of
the time since the last one does. Thus, a Poisson distribution is
chosen naturally for the word counts with snT β ·n as the mean
parameter, i.e.,
p(ωn |sn , β) =

(snT β ·n )ωn exp{−snT β ·n }
ωn !

(3)

Beyond the traditional STC model, in our bi-layer sparse
topic model, a sparsity priori is also imposed on β. With
this topic sparsity, more words are concentrated on certain
dominant topics, which improves the interpretability of topic
in the context of surveillance videos. Finally the problem of
maximizing Eq. (2) is equivalent to minimizing the following
object function:



min
(sdn , β) + λ1
β ·n 1 + λ2
θ d 1
θ,s,β

d,n∈Id

+



n∈Id

(γ sdn − θ d 22

we use a linear kernel and the objective function becomes:
1 
1
ξd − b
min η2 +
η,b,ξ 2
Dυ
d

s.t. η T θ d ≥ b − ξd , ξd ≥ 0, ∀d

(5)

where D denotes the number of samples, ξd is a slack variable
and υ ∈ (0, 1] is a trade-off parameter. υ → 1 allows for a
lot of samples to lie in the false side of the hyperplane.1
In order to be smoothly integrated with the bi-layer sparse
topic model formulation, we transform Problem (5) to a hinge
loss form as follows:
1
1 
min η2 +
max(0, b − η T θ d ) − b
(6)
η,b 2
Dυ
d

For brevity, we abbreviate the hyperplane {η, b} to  and
denote the objective of Problem (6) as G(θ , ). Jointly
considering Problem (4) and Problem (6), we obtain the
objective function as Eq.1. By solving this joint optimization
problem, the two tasks are associated and complement each
other.
V. M ODEL L EARNING
The Problem (1) leads to a semi-convex optimization problem, that is, J (, β, ) is convex over any , β or  when
the other two are fixed. In this section, we present an effective
method to solve Problem (1), which alternatively performs
hierarchical sparse coding, dictionary learning and one-class
SVM learning to solve this problem. To be specific, the whole
optimization procedure is carried on as below:

d

A. Hierarchical Sparse Coding

+ ρsdn 1 )

d,n∈Id

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

(4)

where (sdn , β) = log p(ωn |sdn , β) measures the loss
of observed word counts and their reconstruction, and
(λ1 , λ2 , γ , ρ) are non-negative hyper-parameters. Let F (, β)
denote the objective of Problem (4), where  denotes the
D .
collection of latent representation {θ d , sd }d=1
B. One-Class Constraint
As mentioned before, the distribution of surveillance
video data is highly imbalanced, contaminated by a very
small amount of abnormalities. Specifically, video clips are
represented as the document codes θ in the pattern (topic)
space, where normal patterns are assumed as a priori while
abnormalities are unforeseeable. To capture this characteristic
of data distribution, we adopt a One-Class Support Vector
Machine (OCSVM) learning strategy [27] to make
the pattern space more discriminative for abnormality
detection.
One-class SVM can be viewed as an unsupervised learning
problem, in which the training samples are assumed to belong
to only one class. The idea of one-class SVM is to map the
samples into a new space by a kernel function and to separate
them from the origin with a maximum margin. In our problem,

This step finds optimal codes  of video clips. Because of
the conditional independency assumption, we can optimize this
problem for each clip separately. When the dictionary β and
the hyperplane  are fixed, for each video clip the Problem (1)
becomes


(sn , β) + λ2 θ 1 +
(γ sn − θ22 + ρs n 1 )
min
θ,s

n∈I

n∈I

c
max(0, b − η T θ )
+
Dυ
s.t. θ ≥ 0; sn ≥ 0, ∀n ∈ I ;

(7)

Note that we omit the clip index subscript d for brevity. To
find the optimal s and θ , we alternatively solve two problems
below:
For s, when θ is fixed, we solve each s n by solving

snk ,
min (sn , β) + γ sn − θ22 + ρ
sn

k

s.t. sn ≥ 0;

(8)

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

c
max(0, b − η T θ ),
min λ2 θ 1 + γ
sn − θ 22 +
θ
Dυ
n∈I

s.t. θ ≥ 0;

(9)

1 In our experiments, we set a fixed value υ = 0.1, indicating that no more
than 10% of total samples are abnormal.
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Algorithm 1 The Procedure of Model Learning

Algorithm 2 The Procedure of Abnormality Detection

Due to the non-negative constraints to θ and sn , both the two
problems have closed form solutions, which can be effectively
computed.
B. Dictionary Learning
This step optimizes the dictionary β. Once the representations (θ , s) of all the video clips and the hyperplane are
fixed, the dictionary β is learned by minimizing the following
objective function:

(sn , β) + λ1 β ·n 1
min
β

n∈I

s.t. β k ∈ P, ∀k;

(10)

This problem can be effectively solved by a Bregman iteration
algorithm and the projection to the simplex P can be effectively performed with a linear algorithm described in [28].
C. One-Class SVM Learning
Once the representations (θ , s) of all the documents and
the dictionary β are inferred, the learning for parameters 
is reduced to a standard one-class SVM learning problem as
Problem (5), which can be effectively solved by LIBSVM [29].
To sum up, we present the whole procedure of model
learning as Alg. 1. Three steps are alternatively performed until
convergence. Through the iterations, an optimal dictionary β ∗
is found, each column of which stands for a topic basis, i.e.,
a motion pattern of the scene. In this topic space, video clips
D
and projected in one side of
are represented by codes {θ d }d=1
∗
an optimal hyperplane η and b∗ .
VI. A BNORMALITY D ETECTION
Under the BiSTM framework, a normal video clip should
satisfy two conditions: (1) the clip should be “explained away”
by the motion patterns learned before; and (2) in the pattern
space, the clip should be projected to the correct side of the
hyperplane as most clips.

Abnormalities are defined as irregular clips deviating from
the normal ones. Look back to the Problem (1). Assuming
an optimal pattern dictionary β ∗ and an distinctive hyperplane  ∗ , a new video clip is first projected to the pattern
space and represented by the latent representation θ , s. Then
the abnormal score can be defined as:
Sa = f a (θ, s, β ∗ ) + Cga (θ ,  ∗ )

(11)

The first term fa (θ, s, β ∗ ) measures the sparse reconstruction cost by motion patterns β ∗ for the clip. It is
defined as
f a (θ , s, β ∗ ) =



(sn , β ∗ ) + λ2 θ1 +

n∈I



(γ sn − θ22 + ρsn 1 ).

n∈I

(θ ,  ∗ )

And the second term ga
reflects the position information of the latent representation θ relative to the hyperplane.
To obtain a more explicit expression, we rewrite Eq. (6) as
below,
ga (θ ,  ∗ ) =

b ∗ − η ∗T θ
η∗ 

The sign of ga indicates which side of the hyperplane θ lies in
while the amplitude indicates the distance to the hyperplane.
With this definition of ga , we have C = cη∗ , which
is consistent with Eq. (6). Obviously, the clip with a high
score Sa tends to contain abnormalities. The procedure of
abnormality detection is summarized in Alg. 2.
VII. E XPERIMENTS
A. Datasets and Settings
To evaluate the performance of our approach, we
carry experiments on three complex and crowded public
datasets.
1) QMUL Junction Dataset [4]: This video contains about
60 minutes of 25 fps video of a busy traffic intersection where
three dominant traffic flows in different directions are regulated
by the traffic lights. The frame size is 360 × 288.
2) Pedestrian Crossing Dataset [4]: The length of the video
is approximately 45 minutes, captured with 360 × 288 pixel
frame size at 25 fps. In this scene, pedestrians cross a busy
street intersection alternating with traffic flows.
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The first 12 most important patterns discovered for QMUL Junction dataset, shown in order of decreasing importance.

Both of the two datasets are challenging videos for scene
understanding because there is no single dominant pattern in
either scenario. In our experiments, we divide videos into clips
without overlapping and each clip contains 75 frames.
3) UMN Crowd Dataset [22]: The UMN Crowd dataset
consists of 3 different scenes of crowd escape events, and
the total frame number is 7739 (1453, 4143 and 2143 for
scenes 1-3, respectively) with a 320 × 240 resolution. It is
presented for the task of abnormal event detection with
frame-level groundtruth. In our experiment, each clip contains
10 frames.
For all the three datasets, hyper-parameters λ1 , λ2 , γ , and ρ
are set to be 500, 0.5, 0.5 and 0.2, respectively. According to
the complexity of different scenarios, we set different values
to the topic number K .
B. Experimental Results
In this subsection, experimental results of our approach will
be presented and analyzed.
1) Motion Pattern Mining: For the QMUL Junction video,
we set the topic number K = 20. For clarity, we visualize the
top 12 most important motion patterns learned by our BiSTM
model in Fig. 3. Motion patterns are illustrated in order of
their decreasing importance, and each of them has an explicit
semantic meaning. For example, id1 is a vertical downward
traffic flow that occurs at a frequency of 22% in this scenario.

Id3 represents a vertical upward traffic flow with a frequency
of 14%. Besides, some mixed patterns are also discovered
by our approach, such as id2 consisting of 2 vertical flows.
Another example is id8 or id15, composed by a horizontal
traffic flow and a right turning flow.
For the Pedestrian Crossing video, we set the topic number
K = 12 because there are less typical traffic flows. Due to
limitations of space, only the top 9 most important motion
patterns learned by our BiSTM model are illustrated in Fig. 4,
in order of decreasing importance. We can see that main traffic
flows are found: 5 diagonal traffic flows (id2, id4, id11, id5 and
id10) in different lanes and directions, along with the behavior
of pedestrian crossing (id3 and id1).
It is difficult to quantitatively evaluate the semantics of
motion patterns due to the lack of ground truth. To handle
these comparisons with other methods, a subjective user study
is carried here. In our experiments, a topic is semantic if it
can reflect a realistic activity such as a vertical downward
traffic flow, a right turning flow and so on. We annotated
all the dominant activities occurring in the datasets manually,
and invited 35 participators to report their comments on the
learned topics. All the participators have good educational
background, and 18 of them come from natural science realm
while the rest 17 come from social science realm. Here,
STC [26], HDP [5], and LDA [30] are compared with our
model as baselines. We set the same topic number K for each
model except HDP, which can automatically determine the
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Fig. 4.

The first 9 most important patterns discovered for Pedestrian Crossing dataset, shown in order of decreasing importance.

TABLE II
C OMPARISONS OF M OTION PATTERNS D ISCOVERED FOR J UNCTION
D ATASET AND P EDESTRIAN C ROSSING D ATASET

Fig. 5.

optimal topic number. Topics learned by different methods
were evaluated at a random order. Based on the statistic
results of all the feedbacks, we consider a topic is semantic
if its approval rate is higher than 60%. Tab. II gives the
comparison results for QMUL Junction dataset and Pedestrian
Crossing dataset. Compared with other methods, our model
learns most semantic topics by considering the characteristic

Two examples of motion patterns without explicit semantics.

of data distribution. This indicates the use of bi-layer sparsity
and one-class constraint imposed on topic model is beneficial
for specializing what is learnt. Fig. 5 illustrates two examples
of motion patterns that lack explicit semantics.
Different from the Dirichlet distribution assumption in HDP
or LDA, our BiSTM is a non-probabilistic topic model like
STC, which directly manipulates the sparsity of document and

WANG et al.: BILAYER SPARSE TOPIC MODEL FOR SCENE ANALYSIS

5205

Fig. 6. Document codes for three different video clips from the QMUL sequence. Each row corresponds to the same video clip. Compared with other
models, our BiSTM achieves the best sparsity.
TABLE III
A BNORMALITIES D ISCOVERED IN QMUL J UNCTION D ATASET

TABLE IV
A BNORMALITIES D ISCOVERED IN P EDESTRIAN C ROSSING D ATASET

Fig. 7. The ROC curves for abnormality detection on UMN Crowd dataset.

topic for explicit interpretation. In order to demonstrate this
point, we conduct a sparsity comparison experiment. As shown
in Fig.6, we randomly select 3 clips from the QMUL sequence
and plot their document codes. Consistent with observations,
the bi-layer sparsity indicates more explicit interpretability of
the learnt topics.
2) Abnormality Detection: A model is learned for each
scenario by our BiSTM. There is no public and receivable
ground truth for QMUL Junction dataset or Pedestrian Crossing dataset labeling clips with abnormalities, variously due
to camera glitches, exposure compensation, birds, very large
trucks, and limited training data to accurately profile typical
activities. To evaluate the performance of our method, we
follow the same strategy used in [4]. To be specific, 5 minutes
(100 clips) from each video is used for training and the
remaining data for testing. Then we manually examine the top
1% most “surprising” clips according to Eq. (11) in the testing
data. We compare our model with MCTM [4], LDA [30]
and HMM. Results of these baselines are reported in [4].
Tab. III and Tab. IV show the comparison results for the
two datasets, respectively. Benefitting from the discriminative
pattern space, our model can discover more clips with subtle

irregular activities such as people crossing through traffic and
birds flying over the screen.
To give a more precise quantitative evaluation, we test our
approach on the UMN Crowd video, which has annotated
ground truth. There are no significantly regular motion patterns
like the other two datasets because people randomly walk or
run in every direction. For the UMN Crowd video, we set the
topic number K = 12 and use the first 400 frames (40 clips)
from each scenario for training. We compare our method
with the state-of-the-art models, including SFM (Social Force
Model) [22] with LDA, traditional STC, as well as LDA purely
using optical flow. Comparison results are shown in Fig. 7.
We can see that with a semantic and discriminative pattern
space, our model archives the best performance.
3) Effect of the One-Class Constraint: Parameter c is a
positive hyper-parameter, which balances the effect of the oneclass constraint. As the increasing of c, the discriminative term
G(θ , ) plays a more important role in the final optimization.
In this subsection, we discuss the effect of the one-class
constraint which is controlled by c. For the first two datasets,
we manually set different values to c. By examining the truth
abnormalities in the top 1% most surprising clips, we give
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Fig. 10.
dataset.
Fig. 8.

The effect of the one-class constraint.

Fig. 9. The change of abnormal rank for a certain clip with different c value.
3 typical frames in the clip are shown. Better viewed in color.

the results in Fig. 8. We can see that more abnormalities will
be detected as c increases in the beginning stage. However, as
c continues increasing, the detection accuracy will drop down.
Although the fluctuating is small, the substance hiding behind
it may be quite different. To demonstrate this point, we check
a specific clip containing with jaywalking detected in all
settings. Fig. 9 exhibits the curve of its anomaly rank with
the increase of c. Even for the same clips detected with
different c, their relative intensity of anomaly may be changed
a lot. To explain this phenomenon, we can simply consider two
extreme situations. If c = 0, our BiSTM degrades to a STC
problem, in which no data distribution priori is considered.
As c → ∞, the model becomes a one-class SVM problem.
C. Hyper-Parameter Estimation
The hyper-parameters (λ1 , λ2 , γ , ρ) control the sparsity of
the model. We use a generic grid search based on crossvalidation to select their values in the training data and then
we fix their values for testing. In our experiments, we simplify
this search process by setting λ2 = γ as done in [26].
According our observation, the code sparsity controlling

The parameter tuning results of λ1 and K on QMUL Junction

parameters λ2 , ρ and γ are insensitive so we set λ2 = γ = 0.5
and ρ = 0.2 experientially for all the datasets.
The dictionary sparsity constraint parameter λ1 is helpful
to determine an optimal number of topics K by enforcing
flow words to be concentrated on several dominant patterns
with semantic concepts. We add an experiment to evaluate
the number of semantic patterns by tuning the parameters
λ1 and K on QMUL Junction dataset as shown in Fig. 10.
From this figure, we can observe the following conclusions.
Firstly, when K and λ1 increase from small to large, the
semantic patterns learnt by our approach varies apparently,
which shows that the parameters have great impacts on the
performance. Secondly, the number of semantic patterns often
reaches the peak at the middle range of λ1 . Because extremely
large λ1 makes the dictionary sparsity overwhelming and
extremely small will fail to select the discriminative patterns.
In addition, extremely large K will lead to neglect the effects
of λ1 which is also inadvisable. In practice, λ1 is set to
500 while the topic number K is set to a relative larger value
according to the complexity of different scenarios.
D. Computational Complexity
Since extracting the dense optical flow from each consecutive frames is the most time-consuming process, we adopt a
CUDA custom implementation on GPUs to accelerate this step
for preparing the model learning and inference in advance.
Obtaining these features, we analyze the computational
complexity of our model, including the offline model learning
phase and the online abnormality detection phase. Quantifying the computational cost of model learning is difficult as
assessing convergence is itself an open question. In the offline
training process, our algorithm is dominated by the O(N D)
cost of updating latent codes and the dictionary, along with the
O(D 3 ) cost of one-class learning in each iteration, where N is
the total count of words and D is the document number. In the
abnormality detection phase, the inference algorithm requires
O(N) cost of determining the latent codes for the input video
clip. In practice, our experiments run on a 3.4 GHz CPU
with 3 GB RAM. Using C++ implementation, our algorithm
takes about 4–7 minutes for training models on 5 minutes of
video clips at a resolution of 360 × 288 pixels, while testing
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55 minutes of data in the online phase only requires about
3 seconds.
VIII. C ONCLUSION
In this paper, a novel unsupervised approach is proposed to
learn semantic motion patterns and detect abnormalities for a
dynamic scene. By representing a video as a word-document
hierarchical model, a bi-layer sparse topic model is employed
to discover semantic and discriminative topical bases, with
which normal video clips can be sparsely reconstructed while
clips containing abnormality can be detected. In the context
of imbalanced surveillance videos, jointly optimizing the two
tasks of motion pattern mining and abnormality detection
has shown the advantages in our experiments. This work
indicates that our bi-layer sparse representations for videos
are promising for scene analysis applications.
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