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ABSTRACT

In this paper, we propose an algorithm of abnormal event
detection in crowded scenes using sparse representation over
the bases of normal motion feature descriptors. To construct
an over-complete dictionary, we extract the histogram of
maximal optical flow projection (HMOFP) feature from a
set of normal training frames. Then the K-SVD dictionary
training method is used to get a redundant dictionary after a
process of selecting the training samples, which is better
than the dictionary simply composed by the HMOFP feature
of the whole training frames. In order to detect whether a
frame is normal or not, we use the /;-norm of the sparse
reconstruction coefficients (i.e., the sparse reconstruction
cost, SRC) to show the anomaly of the testing frame, which
is simple but very effective. The experiment results on UMN
dataset and the comparison to the state-of-the-art methods
show that our algorithm is promising.

Index Terms—HMOFP, K-SVD, Sparse representation,
Abnormal events, Crowded scenes

1. INTRODUCTION

Nowadays, with the advancement of people’s public safety
awareness and the reduction of surveillance equipments’
cost, more and more surveillance cameras have been used in
public places, such as markets, stadiums, museums, airports,
train stations, etc. The research on crowd behaviors in public
scenes draws more and more attention and has become a hot
topic in the field of computer vision.

The algorithms of abnormal event detection can be
classified into three main categories: macroscopic modeling,
microscopic modeling and crowd events detection [1], [2].
Social force model based abnormal crowd behavior
detection was introduced in [3]. In [4], a model named social
attribute-aware force model was proposed. In [5], a novel
abnormal event detection framework based on the newly
developed spatial-temporal co-occurrence Gaussian mixture
models (STCOG) was presented, which required a short
training period and had a fast processing speed. The method
using histogram of optical flow was described in [6]. A
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similar pixel-based motion feature HMOFP for abnormal
event detection was proposed in [7].

Unlike most existing approaches used to detect abnormal
events, sparse representation has obtained more and more
attentions in recent years. In [8], a model aimed at anomaly
detection was described, which utilized SRC over the
normal dictionary to measure the normalness of the tested
frame. To get an optimized dictionary in the process of
sparse representation, some methods were presented, such as
online dictionary learning for sparse coding [9], non-
negative matrix factorization (NMF) based on the robust
Earth Mover’s Distance (EMD) [10], etc.

The work presented here has focused on motion feature
extraction and dictionary construction. During the process of
motion feature extraction, we only select one component in a
feature bin, and the works in [6], [8], [9], [10] take all the
components in a feature bin as the motion feature. Also, we
utilize the K-SVD dictionary training method [11] after
some preprocessing, which is different to previous studies.

2. MOTION FEATURE EXTRACTION

Optical flow field is the movement on the surface of
grayscale images, which reflects the movement information
of two consecutive frames. Optical flow can provide the
information of direction and amplitude of the moving object
in a scene, which can describe the behavior of people very
well. In this paper, we adopt the Horn-Schunck (HS) method
to compute the optical flow of frame images and propose a
novel scene descriptor, called as the Histogram of Maximal
Optical Flow Projection (HMOFP).

As shown in Figure 1, the optical flow field of frame s is
divided into m image blocks with overlap areas, and each
block contains By x By pixels. Then we deal with the
optical flow in each block as follows. 0° — 360° are
segmented into p bins. For an image block, the optical flow
vector of each pixel must belong to a bin. Thus, each bin
may contain several optical flow vectors. We project all
optical flow vectors in a same bin onto the angle bisector of
this bin. Then the length of the maximal projection vector is
selected as the feature descriptor. For example, in Figure
2(a), there are two vectors on; and onb falling into the first
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bin. It is easy to know that the projection of onb onto the
angle bisector of the first bin is longer than that of ony. Thus,
the length of the projection vector ony is selected as the
feature descriptor of the first bin. After computing m blocks,
we obtain the feature descriptor vector of each image block,
which can be denoted as [hy,ho,....,m]pxm , Where
hi = [h}, b2, ... W)L .. For the i*" block, h!(1 < j < p,1 <
i <'m) denotes the maximal amplitude of all projection
vectors in the j*" bin. As shown in Figure 2(b), we take the
concatenation of the m feature descriptor vectors, which is
named I, as the global HMOFP feature of frame s.

hlock m

Figure 1: Block-division of the optical flow field belonging to
frame s.
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Figure 2: (a) The calculation of the histogram of maximal optical
flow projection (HMOFP) in each bin. (b) Components of the
global feature descriptor of frame s.

In order to describe a crowded scene well, enough motion
information of the crowd should be achieved. To describe
the motion of a crowd, we need two factors: explicit
directions and the moving distance along each direction. The
operation of segmenting the 2D space into p bins provides
us ample information to describe the directions of moving
people. To let the direction in each bin be unique, we select
the p angle bisectors as the direction standard. Since there
may be far more than one optical flow vector in each bin, in
order to enhance the distinction between the normal scene
and the abnormal scene, we select the maximal vector
projection rather than the sum of all the vector projections
on the bisector as the motion feature descriptor. If we ignore
the background area, the amplitudes of motion vectors

belong to the normal area are very small in a normal frame
and the motion vectors corresponding to the abnormal area
are large in an abnormal frame. Usually, the number of
normal motion vectors is much more than that of the
abnormal area. If we use the sum of all projection vectors on
the angle bisector as the feature descriptor of each bin, the
accumulation of the massive small motion vectors in the
normal frame may confuse the small number of large motion
vectors in the abnormal frame, i.e., the sum of all projection
vectors on the angle bisector in each bin of the normal frame
is likely to be close to that of the abnormal frame. Thus, in
order to improve the distinguishability between the abnormal
and normal frames, we select the length of the maximal
projection vector as the feature descriptor of each bin, as it
is demonstrated in Figure 2.

3. DICTIONARY CONSTRUCTION

In this section, we address the problem how to construct the
dictionary. Given an initial training set denoted as
F =1f1, f2, ..., fn], where N is the number of frames in the
set. f;(1 <14 < N) denotes a frame image of the set and it is
called a training frame in this paper. The corresponding
feature pool is H = [Hy, Hy, .., Hy,] € RP*™*No_ where Ny=N 1.
H;(1 <i< Np)denotes the motion feature of a training
frame, and it is called a training sample in this paper. Our
method to compute the motion feature is on the basis of
optical flow, and the way to calculate optical flow based on
two consecutive frames is only effective to the first frame, so
the maximal subscript of H; is N — 1. We realize that in the
feature pool H, there may be such training samples that have
little relationship with the others. So we should do effort to
delete such samples. Considering the optimization problem:
min |[s;l|, s.t. Hs; = Hj, 555 =0 (j =1,2,...,Ng) (1)
s;€ERNo
where s; = [s;1, 52, ...,stU}T. (1) is the general NP-hard
problem. We can use the method in [12] to relax the /p-norm
optimization problem as:
min HéjHl s.t. Hs; =Hj,s;;=0 (j=1,2,...,Np) 2)
8 €RNo
In the matrix form, the problem can be described as
ISIl;, s.t. HS =H,diag(S) =0

min
SeRNoxNo

)

where S = [51, 52, ..., SN, |-

We utilize the orthogonal matching pursuit (OMP)
method [13] to solve (3). After the optimal S* is achieved,
we inspect each row in it via the equation:

S* = [sh, 525, .. s )T 4)
where szl*,(j’ =1,2,...,Ny) is the j*" row of S*. We

calculate the [5-norm of each SJTI* If the result is 0, we
delete the corresponding column in H. The optimized H is
denoted as H* = [H{, Hj,...,Hj; ] € RP*™*Fo(Ky < Ny).
After the training sample set is optimized, the K-SVD
algorithm is utilized to generate an optimal dictionary with
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proper redundancy, such that the atoms in the dictionary can
be more representative for the normal features. The K-SVD
algorithm is described as follows.

Algorithm 1: The K-SVD algorithm

Task: Find the best dictionary to represent the training
samples in H* as sparse compositions, by solving

min |[H* — DX|3 st. Yk, |z, < To

where Tj is a small number, and 1 < k£ < K.

Initialization: Set the dictionary matrix D(®) € RPxmxK

with [5 normalized columns. Set J = 1.

Repeat until convergence (stopping rule):

(1) Sparse Coding Stage: Use the OMP algorithm to
compute the representation vectors x for each example
H}, by approximating the solution of

min || H — Dayll5 st [laelly < To

(2) Code book Update Stage: For each column in D/~1),
update it by

(a) Define the group of examples that use this atom,

wy = {k|1 <k < Ko, 2k (k) £0}(K =1,2,...,K)
(b) Compute the overall representation error matrix, £y, by
By =M= dih(1<t < K)
t£k!

(¢) Restrict Ey got from (b) by choosing only the columns
corresponding to wy, and obtain EJY = /€ , where
Q4 is defined as a matrix of size Ky X |wg/|, with ones
on the (wy (k), k)" entries and zeros on the other
entries.

(d) Apply SVD decomposition EJs = UAVT .Choose the
updated dictionary column di to be the first column of
U. Update the coefficient vector x% = 1:%’ Qpto be the
first column of V' multiplied by A(1,1).

(3) SetJ=J+1.

When this process of the K-SVD algorithm ends, we
obtain an optimized redundant dictionary.

4. ABNORMAL EVENT DETECTION

In this section, an algorithm to detect abnormal events in
surveillance video is described in detail. Suppose that in a
given scene, there is a set of training frames, F' =
[f1, f2, ., fn], which describe the normal behavior of
crowded people. The general procedures to detect the newly
incoming frames based on the histogram of maximal optical
flow projection (HMOFP) feature are introduced as follows.

Step 1: Calculate the optical flow of the training frames,
i.e., OP = [op1,0pa, ..., 0pN, ], at each pixel of the first Ny
frames by the HS method:

HS
[f1s fas ooy INJaxbx v — [0D1,0D25 -y 0D NG Jaxtx Ny (5)

where a x b is the size of the frame image in the initial
training set.

Step 2: Extract the motion feature HMOFP of the first Ny
training frames in the training set, which is described as the
set [Hl, Hs, ..., HNO]-

[0D1, 0P, s ODNo Jax b No ot [, H, o H Jpstim N (6)

Step 3: Based on HMOFP, we delete the useless columns
in H and get the optimized dictionary D with the K-SVD
algorithm as introduced in section 3.

Step 4: Get the HMOFP feature of the incoming frame f,
and calculate the [; -norm of the sparse reconstruction
coefficient vector z;, with OMP method over the dictionary
D, which is denoted as

Sw = |21, [11 (7
where S, is the SRC value. The frame f, is detected as
normal if the following criterion is satisfied S, < 7,
where 7 is a user defined threshold that controls the
sensitivity of the algorithm to abnormal events.

5. EXPERIMENTAL RESULTS

There are three different crowded scenes in UMN dataset
[14], which are named lawn, indoor and plaza respectively,
and the total frame number is 7739 with a 320 x 240
resolution. The normal events are people walking randomly
in the scene, and the abnormal events are human running
away at the same time. In our experiments, the image block
size is set as 80 x 60 and there is no overlapping proportion
in two neighboring blocks. 0° — 360° are divided into 18
bins, i.e., p = 18. The length of the HMOFP feature is 288.
The initial dictionary is a discrete cosine transform (DCT)
matrix with a 288 x 576 size, and it is trained with the first
400 normal frames in each scene.

5.1. Detection in the lawn scene

The video sequence of the lawn scene contains 1453 frames
in total (i.e., the first 1452 frames are detected). Two
different events in the lawn scene are shown in Figure 3. The
detection result of the lawn scene is shown in Figure 4.

5.2. Detection in the indoor scene

The video sequence of the indoor scene contains 4144
frames in total (i.e., the first 4143 frames are detected). Two
different events in the indoor scene are shown in Figure 5.
The detection result of the indoor scene is shown in Figure 6.

5.3. Detection in the plaza scene

The video sequence of the plaza scene contains 2142 frames
in total (i.e., the first 2141 frames are detected). Two
different events in the plaza scene are shown in Figure 7.
The detection result of the plaza scene is shown in Figure 8.
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(a) The normal event (b) The abnormal event
Figure 3: Two different events in the lawn scene.

detecting result

ground truth

Frame 1452

- normal
- abnormal

Figure 4: The classification result of the lawn scene.

(a) The normal event (b) The abnormal event
Figure 5: Two different events in the indoor scene.

detecting result

Frame 4143

- normal
- abnormal

Figure 6: The classification result of the indoor scene.

(a) The normal event (b) The abnormal evt
Figure 7: Two different events in the plaza scene.

detecting result

ground truth

Frame 2141

- normal
- abnormal

Figure 8: The classification result of the plaza scene.
5.4. The receiver operating characteristic (ROC) curve
In each scene, the ROC curve is shown in Figure 9. The area

under the ROC curve (AUC) is 0.9976 in the lawn scene,
0.9570 in the indoor scene and 0.9869 in the plaza scene.

—=— lavn scene
—— indoor scene | ]

—&— plaza scene | |

5 01 02 03 04 05 08 07 08 08 1
FPR

Figure 9: The ROC curves of the three scenes.

The performances of our algorithm based on the HMOFP
feature and of the state-of-the-art methods are shown in
Table 1. Our algorithm outperforms the methods of Optical
Flow [3], NN [8], STCOG [5] and HOFO [6] and is
comparable to the other methods. However, our algorithm is
with a simple model and a simplified SRC form.

Scene
lawn indoor plaza
ATIC
ufethod
Social Force [3] 0.96
Optical Flow [3] 0.84
iR 083

STCOG [5] 0.9362 07759 0.9661

MHOF[8] | goss | 0.975 0,064

HOFQ [6] 09845 0.9037 0.9815

Qurs 0.9976 0.9570 0.9863

Table 1: The comparison of our proposed algorithm with the state-
of-the-art methods.

6. CONCLUSIONS

In this work, we proposed an algorithm to detect abnormal
events in crowded scenes with global-frame scale. Our
method contains two main procedures: one is to compute the
histogram of maximal optical flow projection (HMOFP)
descriptor of the input video sequence, the other is to utilize
the optimized dictionary to calculate the SRC values of
testing sets. The proposed method has been tested on UMN
dataset with satisfying results about abnormal event
detection.
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