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Abstract. In this article, we put forward a novel region matching based
motion estimation scheme to detect objects with accurate boundaries
from video sequences. We have proposed a fuzzy edge incorporated
Markov Random Field (MRF) model based spatial segmentation scheme
that is able even to identify the blurred boundaries of objects in a scene.
Expectation Maximization (EM) algorithm is used to estimate the MRF
model parameters. 'l'o reduce the complexity of searching, a new scheme
is proposed to get a rough knowledge of maximum pessible shift of objects
from one frame to another by finding the amount of shift in positions of
the centreid. Moving objects in the scene are detected by the proposed
v?-lest based local histogram matching. It #s noticed that the proposed
scheme provides better results with less object background misclassifica-
Lion as compared to optical flow and label fusion based techniques.

1 Introduction

Detection of moving objects in a given video has becoming an important research
area in both computer vision and pattern recognition community because of
its wide application in video surveillance, driving assistance system, robotics
ete. It is very difficult to detect a moving object from a video captured with
moving camera. To sclve such problems one can adhere to the approaches like
optical flow or motion estimation scheme [7]. However this scheme is unable to
give good results for objects with complex motions and dynamic background. A
combination of spatial segmentation and motion prediction/estimation is proved
to be a better approach towards this.

An early work for object detection by region growing scheme is suggested by
Deng and Manjunath in [2], where the spatial segmentation of an image frame
is obtained by color quantization followed by an edge preserving region growing
scheme. For temporal segmentation, the regions corresponding to abjects are
matched in the temporal direction by computing the motion vectors of the object
regions in the target frame. Gray level values of pixels in a video with high
uncertainty and high ambiguity make it difficult to detect moving objects with
affordable accuracy by non-statistical spatial segmentation schemes. Hence, it
requires some kind of stochastic method to model the attributes of an image
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frame so that a better segmentation result can be obtained. Markov Random
Field (MRF) model, in this context, proved to be a better framework. A robust
work on MRF based object detection is demonstrated by Kuo et al. in [5], where
a combination of temporal and spatial constraints of the image frames are used
to obtain the moving object location from one frame to another of a video.
Recently, Jodoin ef el. [4] have proposed a robust moving object detection and
tracking scheme for both fixed and moving camera captured video sequences,
where MRF is used for label fields fusion. The label fields include two data:
quickly estimated labels (i.e., a rough estimate of the location of object) and the
spatial region map obtained by spatial segmentation with MRF model.

In this article, we propose a moving cbject detection scheme, that is able to de-
tect moving ohjects with accurate object boundary from videos captured by mov-
ing camera. The technique uses a region based motion estimation scheme. Here we
have proposed a new kind of MRF-MAP framework, where fuzzy edge strength at
each pixel is incorporated in the MREF modeling. The scheme is able to preserve
the object boundary. The spatial segmentation problem is solved using the Maxi-
mum a’posteriori probability (MAP) estimation principle. In region based motion
estimation scheme, to reduce the complexity of searching, a rough knowledge of
maximum possible shift in object from one frame to another is obtained by calcu-
lating the amount of shift in the centroid of the object from one frame to another.
Moving objects in the target frame is detected by x*-test based local histogram
matching. It is observed that the proposed scheme provide better regults with less
object background misclassification as compared to existing techniques.

2 Spatial Segmentation Using Proposed Fuzzy Edge
Incorporated MRF Model

In this work it is assumed that the observed video sequence y is a 3-D volume
consisting of spatio-temporal image frames. y; represents a video image frame at
time ¢ and hence is a spatial entity of size M x V. Each pixel in y; is assumed as
a site s denoted by yse. Let us assume that X, represents the MRFE from which
2 18 a realization. Here X; = X, (¢, 7} is discrete valued and can take values from
@ = {q1,92, ..., @m }. It is assumed here that due to the presence of noise {i.i.d)
we are not able to observe X, and we observe a noisy version of X, as ¥;.

In spatial domain, X, represents the MBF model of z; and using Hamersely

Clifford’s theorem the prior probability can be expressed as Gibb's distribu-
—U(y)

tion with P{X,) = %e 7 where z is the partition function expressed as
= e U(z;) is the energy function, a function of clique potentials
Ve(wt). According to Pott’s model the clique potential function Vy(z;) = —a if

all labels in possible set of cliques (C) are equal, otherwise V() = +a. Equal
penalization of all the boundary pixels results in a greater penalty to weak edge
pixels and a lesser penalty to the strong edge pixels. This results in improper
identification of boundary pixels in low resoiution or blurred images. To reduce
this effects one can adhere to the concept of incorporating local statistics based
kernel function in MRF model as U{z;) = >, e~ ®") This defines the energy
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function in MRF as a function of x; convolved with some local statistic based
edge sensitive kernel h.

Generally the change in gray level between the successive regions in an image
frame is very common and edge detection techniques are found to be effective
only for significant contrast. Hence the inclusion of a deterministic edge kernel
in MRF modeling is not expected to vield a satisfactory solution. It justifies to
apply the concept of fuzzy set based edge kernel [8] rather than a deterministic

edge kernel. The operation of fuzzy edge kernel at a particular site (with a set of
. . - G ®h)
neighboring pixels) makes the energy function as U(zq) = 3, e f-  where

[z 0h) = (|—1,|”— Here F, and Fj; are two positive constants and
NPT
!

are termed as the exponential and denominational fuzzifiers, respectively. The
constant F, is an MRF convergence parameter. There is no closed form solution
for the estimation of parameters F., F, and F; and hence are fixed manually.
Here &, represents maxyey_ {2y} or min,, {..}. Hence we may write the prior

probability P(X,) as P(X;) = e~ Ul = ), e ~“%  The corresponding
expression for MRF modeling with deterministic edge kelnel can be obtained hy
replacing the fuzzy edge kernel with a deterministic edge kernel and termed as
deterministic edge incorporated MRF modeling (DEMRF).

Here the segmentation problem is considered to be a process of determin-
ing a realization x; that has given rise to the actual image frame y,. One
way to estimate Z; is based on the statistical MAP estimation by Bayes’ the-
orem [6] as &; = arg max,, P(Y; = 5|Xy = x)eP(X; = 1), where 8 is
the parameter vector associated with estimation of x;. The likelihood func-
tion P(Y; = u| Xy = @, 0) can be expressed as a realization of Gaussian noise
N{z¢, ). Hence including the prior probability and the likelihood function we
can rewrite the a posterior probability of MRF as

} ; (1)

- 2 ; h
Iy = arg n}f}x {A — l‘—” y_tcht H ] - [; (Itg )
where A = —1log((2m)%0®). @ in eq (1) is the MAP estimate of ;. We have
considered a combination of hoth simulated annealing (SA) and iterated condi-

tional mode (ICM) algorithm [9] for estimating the MAP of each incoming image
frame and the parameter # = {¢?} is estimated recursively by EM algorithm [6].

3 Region Matching Based Motion Estimation

In the initial phase of the proposed object detection framework, the candidate
frame (i.e., the frame in which object position is already known) and the tar-
get frame (i.e., the frame in which object is required to be detected) both are
spatially segmented by the proposed fuzzy edge incorporated MRF modeling
approach. The object detection task in different frames of the given video is
accomplished by matching the gray level distributions of those regions corre-
sponding to each moving object in the candidate frame to a region in the target
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frame by y?-test based histogram matching. To get an effective object detection,
we propose an algorithm to find the rough estimation of maximuin possible shift
in object from one frame to another by calculating the amount of shift in the
centroid of the object from one frame to another.

Calculation of Shift in Centroid and Local Histogram Matching: Let
us consider two image frames at £ and (¢ 4 d)™® instant of times, where the t*
frame is the candidate frame and (t4d)*” frame is the target frame. Let us assume
that there are d numbers of moving objects in the scene, and their positions in the
candidate frame are known. From one frame to another as the ohject in the scene
move, there will be a shift in the centroid of the object. Considering the relative
camera movements in the scene as a multiplicative factor we can calculate the
arzount of shift of object in the scene as a function of distance. In the (¢ +

d)* frame, the maximum possible shift of object in x-direction can be given
as shifti epaypy = const x max{|Dist(qq) (1) — Distyp{i)p=12 a}. Similarly,
in y—chrectlon it can be given as shift(, yq)p) = const * mox{] Dz stiprdysld) —
Dist 1{)|o=1.2..4}. The Dist function represents distance of b object centroid
in the candidate frame to the target frame image centroid. The const represents
a +wve constant that resolves the camera movements and scaling of the object in
the scene.

For matching each region corresponding to a moving object in the candidate
frame to a region within the search space in the target frame, a search is made up
to shiftiy (1+ayp) in the +ve and —ve directions of the x-axis and shifte, (o ram)
in the +ve and —wve directions of the y-axis. Each time, we search a new region
in the target frame, the histogram corresponding to the new region is matched
with a region corresponding to the object in the candidate frame by x>-test
[1]. By x*-test based measure, the distribution/histogram of two regions can be
compared by the formula, =M1 |(h(b'“9’)) ([1(9:y<r+zi)))\

2 (bmyf) (g,'yu .f)) —
X ((/‘L )1(}?, + )) ; (h( Y )+(h9¢'{1+d]))

The term /%49 represents the histogram corresponding to a region in b ohject
of the candidate frame. The term k{9¥t+4) represents the histogram correspond-
ing to a region within the search space {as obtained by centroid shifting scheme)
in the target frame. Here ¢ represents any region in the target frame within
the obtained search space. M is the number of possible gray level bins in the
histogram.

4 Results and Discussion

The proposed scheme is tested on several video sequences, however for page
constraint we have provided the results on one test video sequence. The results
obtained by the proposed fuzzy edge map incorporated MRF modeling for spatial
segmentation is compared with those of the spatial'segmentation by conventional
MRF modeling [4] and MRF modeling with deterministic edge kernel (DEMRF).
Similarly, the moving object detection results obtained by the proposed scheme
are compared with those obtained by optical fiow [7] and label fusion [4] schemes.
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(a) Original frames

(c) Spatial segmentations using DEMRF

(d) Spatial segmentations using the proposed FMRF scheme

Fig. 1. Spatial segmentation results for Diving video sequence

G

(a) Moving object detected by optical flow scheme

(b) Moving object detected by label fusion scheme

(¢) Moving object detected by the proposed scheme

Fig. 2. Moving object detection for Diving video sequence

The video considered for our experiments is Diving video sequence having a
single moving object, i.e. a gymnast. The considered frames of the sequence are
shown in Fig. 1 (a). The spatial segmentation results obtained by the conven-
tional MRF model and DEMRF are shown in Figs. 1 (b) and (¢), respectively.
It is observed from these results that the output obtained by these approaches
are over-segmented. This is due to the fact that, the gray-level variation of one
region to another of the image frames are very less. The boundary of the object
in the scene are blurred and hence are indistinguishable. The results obtained
by the proposed fuzzy edge incorporated MRF modeling (FMRF) scheme is
shown in Fig. 1 (d). For evaluating the accuracy, we have used the pixel by pixel
comparison of the manually constructed ground-truth images with the obtained
spatial segmentation results. This measure is also called number of misclassi-
fied pizels (NMP). It is found that for the considered sequence, average NMP
measure obtained for the conventional MRF scheme and the deterministic edge
incorporated MRE are 2179.25 and 1777, respectively. The average NMP mea-
sure obtained for the proposed scheme is found to be 1114, much better than
the existing methods. The time taken by the proposed scheme is 55 seconds.

The location of the moving object obtained for different frames of this se-
quence using optical flow based scheme are shown in Fig. 2 (a). It is found from
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these results that the diving gymnast was not properly identified. Similarly,
the moving object location obtained by the label fusion scheme are shown in
Fig. 2 (b). It is observed from these results that this technique is also not able to
identify the different parts of the gymnast correctly. However the results obtained
by the proposed scheme (as shown in Fig. 2 (¢}) has correctly detected the gym-
nast in different frames of the considered sequence. To evaluate the performance
of the detected moving object locations, we have considered the manually con-
structed ground-truth based performance evaluation scheme of Erdem: ef al. {3].
This scheme utilizes four different measures: misclassification penaity (MiP),
maotion penalty (M.P), shape penalty (S.P), and combined penalty (C.P) to eval-
uate the performance of the moving objects locations. It may be noted thaf all
these measures should be low for better detection of moving objects. These mea-
sures obtained for optical flow scheine are 0.5, 0.4, 0.4 and 0.45, respectively. Simi-
larly these measure obtained for Label fusion scheme are 0.51, 0.38,0.31 and 0.39,
respectively. The results obtained for the proposed scheme are 0.42,0.22, 0.22 and
0.29, respectively. Thus the proposed scheme is seen to provide better results as
compared to the optical flow and label fusion schemes,

5 Conclusion

A new region based motion estimation scheme to detect moving objects from
given video sequences has been formulated. We have proposed a spatial seg-
mentation technique by incorporating the fuzzy edge strength of pixels in MRF
modeling to preserve the object boundary. In this approach initially a rough
estimate of object locations in the scene are obtained by finding the amount
of shift in the centroid from one frame to ancther. The location of moving ob-
jects in a scene is obtained by y3-test based local histogram comparison. The
proposed scheme is found to be better as compared to the existing maoving ob-
ject detection schemes. The proposed scheme does not yield good results, with
oclussion/dis-ceelusion condition. In our future work we will try to solve the
above problem.
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