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Abstract Pyym(u,v) is the expectednumber of points with a dis-
placement ofl = (u, v). Normalizing P;.,., gives a proba-

We demonstrate a real time system for image registration bility matrix approximating the distribution of the digge-
and moving object detection. The algorithm is based on de-ment of the image points?.,, is very robust for outliers
scribing the displacement of a point as a probability dis- and for image noise. The robustness applies also when the
tribution over a matrix of possible displacements. A small image motion is not an exact translation. In this case the
set of randomly selected points is used to compute the regmaximal entry in the sum matrix belongs to the dominant
istration parameters. Moving object detection is based on translation and the matrix as a whole shows the deviation
the consistency of the probabilistic displacement of imagefrom the dominant translation.
points with the global image motion. Registration of Translation and Rotation: Assume that

the rotationd is known and the image-plane translation
should be found. In this caseach matrix is shifted with
1 Background the offset induced by the rotation and the sum ma#tx.,,

Detecting moving object in a video sequence is usually is computed. To find an unknown rotation angle, different
done by aligning pairs of images and creating the difference®19l€s are searched Q"V'th stepsf. For each anglé in
image. Moving objects can be found in the difference im- the range, the matriks, is computed, and the chosen an-
age using algorithms such as clustering [1, 2, 5, 3]. Unfor- 9le? isthe one which maximizes a measure of the sharpness
tunately image alignment is usually not exact at every im- Of the matrix?;, ..
age point, and the difference image is noisy, causing falseRegistration of an Affine Transformation: A similar ap-
alarms. Another problem with image alignment and sub- Proach can be developed to compute an affine transforma-
traction is execution time, as every image point is examined iON: Azi = a112; + a12yi + we — i, Ay; = anwi +
in both the registration, the alignment, the subtraction, and @22¥i + Wy — ¥i-
the clustering. Therefore, only special harward could be Theoretically, a sequential search can be done for the pa-
used if a real-time system was needed [1, 3]. rameters setd = {ay1,aq9,as,as5}. However, search-

As an alternative, we introduced in [4] a method to de- ing in a 4-dimensional space is very slow. An alternative
scribe the displacement of a poiptas a discrete prob- method is to perform a separate search for the two pairs:
ability distribution matrixY, (u,v). The matrix is com-  {a11,a21} and{ai2, a2}, reducing the probleminto a dou-
puted using the sum of squared difference (SSD) values:ble 2-dimensional search.

Yy (u,v) = K xexp (fSSDp(“’ ”)/ff)j vghereSSD(d) = Consider the case where all the points have the same
Yijew (Vali+do, j+dy) =¥, (i,j))" for a window  yajye of y: p; = (24,y) so that the transformation is re-
W around the pOInp In Image\pl- duced tO:Al‘Z’ = ayi1x; + k’l — X;, Ayi = asr; + k’z —Y;

. . where:k; = aioy andks = asqy. In this case, the relative
2 Image Registration shift between the matrices depends onlyap, a»;. Nev-
Consider the simple case where the motion model is ertheless, not all the points have the saméherefore, the
a uniform image-plane translation. Given the matrices image is divided intal/ horizontal stripsS;, j = 1..M so
Y, (u,v) at N points, the distribution of the displacement that all the pointp; € S;, have roughly the samg We
of all the points is: Psym(u,v) = 3,y , Yi(u,v). search sequentially far;, a5, and for each guess a sum



matrix is computed separately for the points belonging to
each stripS;:

P;‘;(u,v) = Z Yi(u— Az;(A), v — Ay; (A))

where: A = {a;1,0, as1, 1}. The best choice fary 1, as is
the one that maximizes:

Y QP4 v))

j=1..M

whereQ(B) is the quality measure of the matiik

After finding the best paifa;1, a2 }, the remaining two
parameterqais, az2} can be found with a simple two di-
mensional search. Let = {a;1, a12, @21, as2}. We search
for {a12, asa}, ChOOSingA = mazarg{Q(PA,, (u,v))}.

After A is found, P (u,v) can be used as the es-
timation of the probability distribution of the dispte-
ment of a pixel under the computed registration parameters
and the maximum likelihood choice fdtv,, w,} will be:

{tWg, Wy} = maxarguyv(szm(u, v))

Figure 1. Examples of moving objects de-
tected from a moving camera.

3 Coarse to Fine Registration
The registration algorithm is based on the probability
distribution matrices at N points. For real-time implemen- object is defined as a region R Whe¥e(P,, — Py) > 0.

ta“OF' maltrix sizes ShO.UId b_e kept small. To gnlarge the dy-The boundaries of the object should be those who maximize
namic range qf the reglstra.tlon., |mage.pyre.1m|d can be used.z(Pm — P,). This reflects the assumption that a moving
However, the implementation in real-time is very hard. As object contains points with a motion different than the back-

an alternative we use a more efficient gpproach eSpeCIaIIyground. The measures are further used to decide if a cluster
tailored for our registration implementation.

._belongs to a single moving object or to multiple objects.
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