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Abstract. In this paper, we propose a single SVM-based algorithm to classity
moving objects inside videos and hence extract semantics features for further
multimedia processing and content analysis. While standard SVM is a binary
classifier and complicated procedures are often required to turn it into a
multi-classifier, we introduce a new technique to map the output of a standard
SVM directly into posterior probabilities of the moving objects via Sigmoid
function. We further add a post-filtering framework to improve its performances
of moving object classification by using a weighted mean filter to smooth the
classification results. Extensive experiments are carried out and their results
demonstrate that the proposed SVM-based algorithm can effectively classify a
range of moving objects.

Keywords: SVM(support vector machine); moving object classification and
video processing; weighted mean filter.

1 Introduction

There are many different approaches, which have been proposed to automatically
classify objects in images and videos. Most existing research on moving object classi-
fication requires pre-definition of the moving objects, such as walking human object,
running vehicles etc. [1]-[6]. Wender et. al[1] introduced an object classification sys-
tem for vehicle’s monitoring applications, which is applied with a laser scanner.
However, common cameras are widely used rather than laser scanners in social life,
therefore, the algorithm reported in [1] can only be used for very limited occasions, and
the cost of installation is high. In [2][3], some new features were proposed for object
classification, such as Bag of Words and SIFT features, which have been popular for
large-scale object classification in still images. In general, these methods are not suit-
able for classifying moving objects in low resolution surveillance videos. In references
[4]-[6], several algorithms have been reported for object classification, which apply
specialized detectors at each frame to detect object instead of segmenting the object.
These methods may not sufficiently consider the temporal correlation among
neighboring frames and the detected object regions usually lack shape information,
making it difficult for their classification.

Essentially, moving object classification is a multi-class problem, which requires
multi-class machine learning techniques to learn from training samples before objects
can be classified. Typical examples of such learning machines include neural networks,
K nearest neighbours and SVM (support vector machine) [7]-[9]. In the community of
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multimedia and signal processing, recent trend of combining artificial intelligence with
video processing indicates that SVM is one of the most popular machine learning tools
for video content analysis and processing [7].

In this paper, we describe a multi-class SVM based object classification algorithm
towards semantics extraction for multimedia content processing and analysis, in which
our contribution can be highlighted as: (i) mapping of SVM output into multiple pos-
terior probability domain for object classification; and (ii) introduction of weighted
mean-based filtering for post-processing to improve the classification performances.
The rest of the paper is organized into three sections. While section 2 describes the
proposed algorithm, Section 3 reports our experimental results and Section 4 provides
concluding remarks.

2 Proposed Algorithm Design

Correspondingly, we introduce a new multi-class SVM algorithm, where the output of
SVM is mapped into a posterior probability domain for the classified objects via
Sigmoid function and post-filtering approaches. By selecting the maximum value of
the posterior probability, optimal performances can be achieved in classifying all the
moving objects.

For the conciseness and coherence of description, M classes are pre-defined as
C={c,c,...,c,}. To represent each object, we construct L features, which can also be
arranged as an input feature vector: X=(x,,x,,...,x,), where x, is the ith feature extracted
to describe the moving object. The proposed SVM-based algorithm consists of three
operation phases, which include: (i) segmentation of moving objects; (ii) extraction of
multiple features; and (iii) design of classification rules.

To convert the input video into a moving object sequence, we have a range of ex-
isting algorithms to select, where detection of changes is exploited to segment those
moving objects and background information is removed to pave the way for feature
extraction around the moving objects [10][11]. As our work is primarily focused on
object classification, we simply adopted the existing segmentation techniques re-
ported in [10] to expose the moving objects. The exposed moving objects are then
further processed to produce binary mask sequences, from which corresponding ROI
(region of interests) can be generated for feature extraction. For the convenience of
evaluating the proposed algorithm without incurring complicated procedures and high
computing costs, we selected three features to be extracted for describing the moving
objects, which include contour, statistics of intensity and texture. Details of individual
feature extraction are given below.

Contour and shape of the object is widely reported to be important features for de-
scribing moving objects [12]-[16], which presented significant discriminating power
in characterizing different objects. In our proposed algorithm, we combine various
features extracted from the contour of moving objects to ensure that the best possible
performances could be achieved in object classification. These features include: (i) p:

ratio of height to width inside the boundary rectangle; (ii) p,,, and p, ,: ratio of
height to width when its height is one third and two thirds of the object; (iii) ¢ : ratio

of squared circumference to the object area; (iv) ¢ : ratio of areas between the object
and its bounding rectangle; (v) ¢ : the rotation angle of the minimum bounding ellipse
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of the moving object; (vi) 7 : the eccentricity of the minimum bounding ellipse of the
moving object. Their definitions are given as follows.
p=to (1)
w
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Where i and w, are the height and width of object respectively.
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Where W, , and W ,, . are the width of the object when its height are one third and

two thirds respectively.
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Where 7 stands for the circumference of the object, and 77, the object area.
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Where 5 is the area of the bounding rectangle.

Statistics of intensity simply contains the mean and variance of all the pixels inside
the moving objects, which can be defined as:

1 ZN 0 (6)
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Where [ 1.0 stands for the intensity of the ith pixel inside the object and N the total

number of the internal pixels.

The texture feature is adopted from the one reported in [17], which can be organ-
ized into a feature vector of 140 elements to represent each object. This procedure is
detailed in [17].

To ensure the comparability of all the extracted features, we pre-process all the
features by the following normalization process:
x'= (X,- — X’- min)/(.xi max — Xi min> (8)

1

i min and X; max are the minimum and

Where X', is the normalized feature x,, and X
the maximum values of the extracted feature, respectively.

As SVM is essentially a binary classifier, we adopt the modeling technique re-
ported by Platt [18] to train the SVM with known data set and exploit Sigmoid func-
tion to map its outputs into posterior probability P(c=11X). Such mapping is described

as follows:
P(yzllf)zl/(1+exp(Af+B)) 9
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Where f'is the output of SVM, P(y=1If) is the probability of correct classification un-
der the condition of f, and A, B are the controlling parameters, which need to be de-
termined by solving the following problem of maximum likelihood:

F(z)= min (=) (1, log(p,) + (1~ ) log(1 - p,))) (10)

where, p =1/exp(Afi+B), f =f(x), and¢ aredetermined via:

(N AD/(N,+2) i =1 (11)

"_{1/(N+2) i y=1

and N,, N are the number of positive and negative samples inside the training set.

Given M classes {c, c, ... ¢...c,}, the above mapping is exploited to construct a
classifier d for each c; and assign the output P(c,= 11X) as the probability of classify-
ing the input sample into c,. Therefore, The class of the input sample X can be deter-
mined as the one to make the output probability maximum, i.e.

2=argmaxP(cj:1|X) (12)
<
In summary, the proposed algorithm constructs M SVMs and map their outputs
into a posterior probability space to complete the M-class classification for input
samples. Our experiments suggest that the proposed SVM multi-classification per-
forms better than those with fusion module such as voting [19] and pair-wise coupling
[20] when tested on the same dataset.
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Fig. 1. Experimental results:(a) posterior probabilities for the object of single person generated in
the 23™ frame of the video PETS2001; (b)The classification results of the single person across all
frames in the video. (c)The posterior probability outputs of single person across all frames inside
the video.
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During the mapping procedure, it is observed that correct classification is depend-
ent upon the accuracy of moving object segmentation and feature extraction. Yet such
segmentation and extraction is largely affected by noises and limitation of segmenta-
tion techniques. As shown in Figure-1, the mapped posterior probabilities in the 23rd
frame of the video, PETS2001, are 0.6221, 0.0469, 0.3141 and 0.1160 for bicycle,
vehicle, single person, and group of people, respectively. According to (12), the input
moving object, single person, will be wrongly classified as bicycle.

The part (c) in Figure-1 illustrates the posterior probability distribution over all the
frames. By comparing with the part (b), it can be seen that classification for most
frames are actually correct and such trend remains true even for those frames that are
neighbours of the wrongly classified frames. To this end, we are encouraged to pro-
pose a weighted mean filtering as the post-processing to smooth the classification
results and improve the performances of the proposed SVM-based classifier.

Essentially, all the posterior probabilities for the sequence of video frames can be
regarded as a time series. As the moving object presents significant correlation within
neighboring frames, there exists large extent of stability among the posterior probabil-
ity values within this neighbourhood, and hence the wrong classification shown in
Figure-1 can be regarded as caused by the noise of the high frequency components
within the input time series. By applying the principle of low-pass filtering, such
wrong classification could be eliminated and thus the classification performances
could be further improved. Figure-2 illustrates the structure of our proposed weighted

mean filter.
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Fig. 2. Illustration of the proposed weighted mean filter

In Figure-2, x(7) represents the value of input sample at the time 7, z” is the delay-
ing unit, w[k] are the parameters of the filter corresponding to sampling at -k, N
represents the length of filter, and y(¢) is the output value of the filter at the time 7.
Hence, the proposed filter [21] in the time domain can be described as:

Plo=11X )= i[w[k](P(c, -11x_))] (13)

k=0

Where P (c=11X) is the probability of x, € C ;» following the filtering of the input

classification by SVM in the t" frame.

To determine the filter coefficients, we apply the following two principles: (i) the
nearer the observation to the t" frame, the larger its influence upon the probability
estimation of the t" frame; (ii) all coefficients must satisfy normalization process,
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ie. Zw[k] =1, and 0<w[k]<1. Under the principles, our extensive experiments

indicate that the following weighting produces good filtering performances:
Let k be the distance between the t" frame and the t-k" frame, we define a de-
scending function F(k), k € [0, N —1], as follows:

F(k)=(N—k) (14)
Therefore, the filter coefficients can be determined by:
F(k
k1= £ (15)

D F()
i=0

In general, larger value of N enables the filter to consider more neighbouring val-
ues for producing its output, the result of which is that the output becomes more
smooth, and hence more storage space would be needed in order to buffer all the
relevant values before the moving objects inside the N video frames can be classified.
Further, experiments suggest that different moving object classification requires dif-
ferent length N. Figure-4 illustrates the relationship between the length of filter N and
the type of moving object, in which the vertical axis represents the performance of the
filter, i.e. the normalized ECR (error correcting rate):

ECR=(AR'- AR)/ AR (16)

Where AR is the accuracy rate of classification before the filter, and AR’ is the accu-
racy rate of classification after the filter.

The results in Figure-3 indicate that, when N>20, the classification results after fil-
tering tends to be stabilized, and therefore, we select N=20 for the proposed algorithm
and all evaluation experiments in the rest of this paper.
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Fig. 3. [llustration of the dependency between the length of filter and the results of classification,
where (a)bicycle (b)vehicle (c) single person and (d) group of people

Due to the fact that multiple moving objects could appear in the same frame, it is
required to have object tracking module to characterize the relationship among all the
moving objects in order to achieve sustainable classification results. As object track-
ing is a well researched area and many good tracking algorithms have already been
reported in the literature [16][17], we select the algorithm reported in [17] as the mul-
tiple-object tracking method.
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3 Experimental Results

To evaluate the proposed algorithm, we developed its software implementation in
C++ and run extensive experiments for a set of surveillance videos, which are pub-
licly available in the Internet [18]. According to the content nature of all the videos,
we identified four types of moving objects, which are ‘single person’, ‘group of peo-
ple’, ‘bicycle’ and ‘vehicle’.

As the PETS2001 video set contains 14 video clips, we used 4 video clips for
training and the rest for testing. The size of all the video frames are 768x576. Figure 4
illustrate the classification results for the moving object ‘group of people’, where
part-(a) illustrates the value of posterior probabilities generated by the mapping of
SVM output without the filtering, part (b) the results of its classification without
the filtering, part (c) the smoothed values of posterior probabilities after the filtering,
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Fig. 4. Classification results for the moving object ‘group of people’
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part (d) the final results of classification. Via comparison between part (b) and part
(d), it can be seen that the introduction of the weighted mean filtering has improved
the classification performances.

Table-1 lists all the experimental results for the video set PETS2001, where the
performances of all the compared algorithms are measured by the correct classifica-
tion rate. To benchmark the proposed algorithm, we compare the proposed algorithm
with two other relevant versions to ensure their comparability, which are SVM plus
voting for post-processing and the proposed SVM without post-processing. From all
the results in Table 1, it can be seen that the proposed SVM with filtering outperforms
the other two versions in terms of the correct classification rate. Note the number of
classified moving objects is dependent on the content of the training and testing video
set. In PETS2001, there are only four moving objects, which are listed in Table-1. For
other videos, the number and type of the moving objects may vary and hence the
proposed algorithm needs to be re-trained.

Table 1. Experimental results in terms of correct classification rate

SVM+voting presented method
method probability SVM  probability SVM-filtering
bicycle 75.2% 84.9% 90.5%
vehicle 83.3% 89.5% 96.7%
single person 86.3% 91.3% 98.8%
group of person 85.6% 92.4% 97.3%
Total-average 83.9% 90.3% 97.2%

4 Conclusions

In this paper, we described a SVM-based classification algorithm to automatically
process input videos and identify moving objects. To overcome the binary nature of
SVM, we introduced a post-processing method to map the SVM output into a poste-
rior probability space and thus enable SVM to produce multi-classification results. To
improve its performances, we further proposed a weighted mean filtering as a final
post-processing to smooth the posterior probability among neighbouring frames and
exploit the correlation property within a neighbourhood of the input videos. As a re-
sult, such filtering is capable of removing the negative effect of noises and correct
those random wrong classifications to make the proposed algorithm more robust. Ex-
perimental results support that the proposed algorithm achieves excellent classifica-
tion results for the video set PETS2001, which is publicly available in the Internet and
make it convenient for comparative evaluations with any further research.
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