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Abstract—In this paper, we proposed a novel real-time
abnormal event detection framework that requires a short
training period and has a fast processing speed. Our approach
is based on phase correlation and our newly developed spatial-
temporal co-occurrence Gaussian mixture models (STCOG)
with the following steps: (i) a frame is divided into non-
overlapping local regions; (ii) phase correlation is used to esti-
mate the motion vectors between successive two frames for all
corresponding local regions, and (iii) STCOG is used to model
normal events and detect abnormal events if any deviation from
the trained STCOG is found. Our proposed approach is also
able to update the parameters incrementally and can be applied
in complicated scenes. The proposed approach outperforms
previous ones in terms of shorter training periods and lower
computational complexity.

Keywords-phase correlation; STCOG; abnormal event detec-
tion; real-time

I. INTRODUCTION

In recent years, abnormal event detection has attracted
great research attention in computer vision. There are some
research issues need to be addressed in this area such as
(i) how to shorten training periods, (ii) how to reduce com-
putational complexity. To address these issues, we propose
a novel approach for real-time abnormal event detection in
complicated scenes.

In general, previous approaches for abnormal event detec-
tion can be categorized into two groups: tracking-based and
motion-based approaches. The tracking-based approaches
[3], [11], [12], [15], [16] focus on the analysis of the
trajectories of moving objects. However, real-time tracking
of all moving objects in complicated scenes is too difficult
to achieve in real-world situations [4]. Recently, motion-
based approaches have been proposed to address the above
problem, which can be classified into two sub-groups based
on how to extract motion features: (i) the background-
subtraction-based [4], [14]. These approaches are not able
to perform well in complicated scenes either [14]. (ii) the
optical-flow-based [7], [13], [17], [9], [2], [6], [8]. Few
of them can both detect abnormal events in real-time and
update parameters online.

Our novel approach is a kind of motion-based approach.
Similar to other motion-based ones, a frame is divided into
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Figure 1. A pair-wise cuboid

non-overlapping local regions. Phase correlation is then ap-
plied to estimate the motion vectors between two successive
frames for all corresponding local regions. After that, these
frames can be seen as a 3D-spatial-temporal matrix, where
each element of the matrix is a motion vector. As normal
events always have regular spatial-temporal motion vectors,
these normal events can be modeled by estimating the co-
occurrence probability of the motion vectors between lo-
cal regions with Spatial-Temporal Co-Occurrence Gaussian
mixture models (STCOG). Similar with Markov Random
Field (e.g., in [8]), in order to avoid falling into a high
dimensional feature space, for a local region, pair-wise
cuboids between it and its neighbors in the 3D-motion-
vector matrix are modeled by STCOG. In Fig.1, the adjacent
red and yellow regions within the recent L frames make
up a pair-wise cuboid. The number of neighbors of a local
region (Nc) is 4 in this paper. The Normal-State Probability
(NSP) in the detection period of a local region is to average
the 4 pair-wise co-occurrence probabilities. If NSP is high,
the region is in a normal state. Our STCOG is trained
with online K-means approximation [10], while NSPs of
incoming cuboids are calculated in the detection period.

Our approach has the following three advantages com-
paring with previous ones: (i) lower computational cost due
to adopting phase correlation and STCOG; (ii) the duration
of training is shorter due to adopting the online K-means
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approximation, and (iii) STCOG can also update parameters
online and automatically.

II. PHASE CORRELATION

We apply phase correlation [5] to estimate the motion
between two successive frames for every local regions. Phase
correlation is based on the Fourier shift theorem and was
originally proposed for translated images registration. In our
approach, Fast Fourier Transform (FFT) is used to reduce
the computational cost.

Supposing Rt
p and Rt+1

p are two sequentially observed
regions at position p, time t and t + 1, respectively. The
process is to (i) transform them to the frequency domain
by applying discrete FFT, and denote them as f t

p and f t+1
p ,

respectively; (ii) normalize the phase correlation as follows:

ψt+1
p = (f t

p · f∗,t+1
p )/

∣∣f t
p · f∗,t+1

p

∣∣ (1)

note that · is Hadamard product for f t
p and f∗,t+1

p (complex
conjugate of f t+1

p ). (iii) obtain the normalized cross corre-
lation φt+1

p by applying the Inverse Fast Fourier Transform
(IFFT) for ψt+1

p . (iv) estimate the motion vector (Δx,Δy)
between Rt

p and Rt+1
p , where (Δx,Δy) = arg maxx,y φ

t+1
p .

III. STCOG

We denote pair-wise cuboid Ct
p,q at location p, q (p, q

are the adjacent regions) and time t as follows: Ct
p,q =

{M t
p, ..,M

t−L+1
p ,M t

q , ..,M
t−L+1
q }, where M t

p and M t
q are

motion vectors at location p, q and time t.
For Ct

p,q , the co-occurrence probability can be represented
as follows:

P (Ct
p,q) =

∑

i≤Kmax

ωi,t
p,q ∗ g(Ct

p,q|μi,t
p,q,Σ

i,t
p,q) (2)

where i denotes the ith Gaussian component in STCOG;
g is Gaussian probability density function; ωi,t

p,q , μi,t
p,q and

Σi,t
p,q are the weight, mean value and covariance matrix of

the ith Gaussian in the mixture model at p, q and t. Kmax is
the maximum number of Gaussian components of STCOG.
Finally, for each local region at p and t, we can calculate
its NSP as follows:

P (Ct
p) =

1
Nc

∑

q∈N(p)

P (Ct
p,q) (3)

where q ∈ N(p) denotes that q is a neighbor of p, and Nc is
the number of neighbors. The covariance matrix is set to be
diagonal for reducing computational cost. The fixed length
L is the duration in STCOG, which can be in the range of 3-
8 frames. If L is too small, more false alarms can be caused,
while if L is too large, it will increase computational cost.
The maximum number of components Kmax is determined
by the complexity of a scene. Nc = 4, L = 5 and Kmax =
20 are used in this paper.

In the training period, parameter estimation of Gaus-
sian Mixture Models (GMM) traditionally uses Expectation
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Figure 2. Detection results and ground truth on UMN dataset.

Maximization (EM) algorithm (e.g., in [14]), which is an
iterative one with higher computational cost, and might
converge into a local maximum. Inspired by [10], online
K-means approximation is used to train our STCOG. For
every incoming Ct

p,q , existing Gaussian components are
checked and the kth Gaussian with the highest probability
in STCOG k = arg maxi g(Ct

p,q|μi,t−1
p,q ,Σi,t−1

p,q ) is chosen,
which should be within 2 standard deviations of this Gaus-
sian simultaneously. After that, we can update the parameters
of kth matched Gaussian as follows:

mean value:

μk,t
p,q = (1 − β) ∗ μk,t−1

p,q + β ∗ Ct
p,q (4)

covariance matrix:

Σk,t
p,q = (1−β)∗Σk,t−1

p,q +β∗(μk,t−1
p,q −Ct

p,q)
T (μk,t−1

p,q −Ct
p,q)
(5)

weight:

ωk,t
p,q = (ωk,t−1

p,q + �ω)/(
∑

i

ωi,t−1
p,q + �ω) (6)

where β is the learning rate and �ω(0 < �ω < 1)
is the reward for this matched kth Gaussian. For the
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Precision Recall AUC

Scene 1 0.9876 0.9520 0.9362

Scene 2 0.8618 0.9545 0.7759

Scene 3 0.9969 0.9209 0.9661

Social Force [9] n/a n/a 0.96

Pure Optical Flow [9] n/a n/a 0.84

Table I
PRECISION, RECALL AND AUC.

rest unmatched Gaussian, we only update their weights in
STCOG like that: taking jth Gaussian for example, ωj,t

p,q =
ωj,t−1

p,q /(
∑

i ω
i,t−1
p,q + �ω). If the new observation Ct

p,q

matches none of all existing Ke(Ke ≤ Kmax) Gaussian
components, we initialize a new Gaussian component and
replace the lowest weight Gaussian (denoted as nth) with
it. Its mean value is set to μn,t

p,q = Ct
p,q , and its covariance

matrix and weight are initialized by the predefined values.
In the detection period, we calculate the NSP of a new

cuboid. If NSP of a local region is lower than a predefined
threshold, it will be considered as an abnormal event.
Parameter updating in the detection period is the same as
that in the training period.

IV. EXPERIMENTS

Our proposed method has been tested on two datasets:
UMN dataset [1] and Adam’s dataset [2]. Also, our approach
has been compared with some previous algorithms in terms
of computational complexity.

A. UMN Dataset

UMN dataset consists 3 different scenes of crowded
escape events, and the total number of the frames of the
video is about 2577 (483, 1380 and 714 for scenes 1-3,
respectively). The original resolution of the UMN dataset
is 320 × 240, which is divided into 20 × 20 regions. 100,
90 and 120 frames are used to train STCOG for scenes 1-
3, respectively. The detection results and ground truth labels
can be seen in Fig.2, where the red regions are the abnormal
events detected, and the label of ”Abnormal Crowd Activity”
in the top left corner is the ground truth label. The green
bar denotes the frames for training STCOG; the black bar
indicates normal events; the red one shows abnormal events.

In the detection results of all three scenes, all results
are correct except only one false alarm that is generated
at frame 307, 309 and 310 in scene 1 as shown in Fig.3.
The reason for this false alarm is that: two pedestrians in
the central region of the scene are walking towards each
other, and partial occlusion occurs between them from frame
304. Thus, when extracting motion vectors of this region,

Frame 298

False alarm:Frame 307 False alarm:Frame 309 False alarm:Frame 310

Frame 300 Frame 303

Detection result of scene 1 483
False alarm:Frame 307,309,310

Figure 3. False alarm in scene 1

Scene 3 : Frame 426 Scene 3 : Frame 706Scene 2 : Frame 162

Scene 2 : Frame 383Scene 1 : Frame 478Scene 1 : Frame 170

Figure 4. Time lags of the ground truth

our model considers it as a person walks and turns around
suddenly.

Precision and recall of our approach are listed in Table.I
on scenes 1-3 respectively. However, due to some time
lags in the ground truth label, it deteriorates the precision
and recall of our method (refer to Fig.4). For example,
a suddenly running already occurs but the ground truth
label does not appear (e.g., frame 170 in scene 1), some
frames without obvious abnormal events have been labeled
as abnormal (e.g., frame 478 in scene 1). We calculate the
AUC (Area Under ROC) for every scene and compare our
performance with [9], which also runs on the same dataset.
The AUC of scene 2 of our approach is less than theirs
mainly due to the time lags. While in scenes 1 and 3, we
can archive similar detection results to theirs. However, the
computational cost of our approach is much less than theirs.

B. Adam’s Dataset

One video (43 mins about 64900 frames) provided by
Adam et al. [2] is about an exit gate of a subway. The
first five minutes are used to train STCOG. Compared with
[2], our proposed approach can detect some spatial-temporal
abnormal events that cannot be detected by their approach
such as loitering, turning around, etc. In our experiments,
we resized the frames from 512 × 384 to 320 × 240 and
divided the new frames into 20×20 regions. Although there
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Figure 5. Abnormal events detected

are no ground truth labels in this video, the spatial-temporal
abnormal events can still be detected by our approach (refer
to Fig.5 for example).

C. Computational Costs

In motion-based approaches [6], [8], [2], majority of time
is normally spent on motion estimation as the complexity
of event classification is much smaller. Thus, we only
analysis the time complexity of phase correlation. According
to Section 2, assuming the amount of pixels in a local
regions is N × N , time complexity of FFT or IFFT is
Θ(N2logN), element-wise matrix multiplication and maxi-
mum searching are both Θ(N2). Therefore, the complexity
of phase correlation is Θ(N2logN) in all. Compared with
block-matching [2], [8], which is a brute force searching
method with high computational cost up to Θ(N4), it often
has to seek a tradeoff between accuracy and processing
speed. Spatial-temporal gradient [17], [7], which can be fast
calculated, has very high dimensional feature space and need
some additional tools for reducing its dimension. In our
experiments, using MATLAB code on Intel Duo 2.33GHZ
CPU, we can archive 8-9 FPS by our approach, which
can satisfy the requirements of real-time abnormal event
detection without dedicated hardware. In addition, compared
with [17], [9], [7], our approach can online update the model
parameters, while compared with [8], [6], [13], our approach
requires a shorter training period.

V. CONCLUSION

We proposed a novel framework for abnormal event
detection that requires a short training period and has a
fast processing speed. Phase correlation and STCOG are
introduced here for their low computational cost. Compared
with previous approaches, our approach can archive similar
results but requires less computational cost. Our approach
can satisfy the requirements of real-time abnormal event
detection without dedicated hardware.
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