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ABSTRACT aim to obtain a velocity field using the computation of spa-
tial and temporal image derivatives. There are severahvari

In this paper, we present a novel recursive method for pixe fions in the literature based on this approach targetirfgrdif

based motion estimation. Assuming small displacements, We, o mputer vision applications, but here we refer to those
use an adaptive LMS filtering scheme to maich the INeNSIY, 6thods that derive a dense flow field by computing the gra-
values and calculate the displacement between two adjaCeijlnt images and possibly solving for local parametric mo-
Vﬁ:oefrg]rgesrb gsg‘dg a‘? zlﬁhnn% ;Vr:?dlgw f;Omr;hleé tg_rgpll_?\;%tion at each pixel position. In general the techniques based
Image, theé proposed algorithm employs a simple 2- bn this approach produce accurate estimates of the elastic
filter to adapt the corresponding set of coefficients in Orde%ﬂisplacement between frames and handle the piecewise mo-

to match the pixel value in the reference frame. The pea ; ;
: - A : . on adequately. However, the computational complexity as
value in the resulted coefficient distribution points to die sociated with optical flow estimation techniques is usually

placement between the frames at each pixel position. Thg pijtively expensive (see table 1 in [4]). Based on the ar
experiments demonstrate good results because the filteri ments mentioned above, one may conclude that the tradi-
takes advantage of the localized correlation of image @8ta ki, 5| annroaches for motion estimation are not suitabie fo
adjacent frames, and produces refined estimates of the d

placements at sub-pixel accuracy. One particular advantag 'otion-compensateq filtering applications, .ma!nly beeaug
is that the proposed method is flexible and well suited forhey have been designed for different applications. In this

the estimation of small displacements within video framesbarer based on the analogy from audio echo-cancelation for

Th d method b led i I licati matching of delayed components, we utilize 2-D spatially
€ proposed method can be applied In several applicaliong ahive |MS filtering in order to derive a fast motion esti-
such as super-resolution, video stabilization and demgisi

video sequences mation algorithm. We claim that since our algorithm is sim-
q ' ple enough, it can easily be adapted and used in different
video filtering applications.

1. INTRODUCTION 1-D LMS filtering has been extended earlier to 2-D case

Motion estimation establishes the correspondences batwe@nd has been applied in various image processing tasks such
the pixel positions from a target frame with respect to a refas image enhancement [10]. In [3], a 2-D block diagonal
erence frame. This operation is fundamental to many imageMS algorithm was developed for image processing appli-
and video processing tasks. Although the understanding ¢@tions. It was claimed that it is possible to preserve the
the issues involved in the computation of motion has signiflocal correlation information of the pixels in both direars
icantly increased, we are still far from generic, robust andvhen utilizing a 2-D diagonal scanning pattern. In [9], atwo
real-time algorithms [11]. In this paper, we are mostly con-dimensional recursive least squares (LS) filtering scheme
cerned with image based motion estimation techniques th#(@s introduced. The filter was tuned to remove the mis-
can be used for video filtering applications such as video denatching effects in a stereo image pair, and the weights of

noising, video stabilization [12] and super-resolutiog]j1  the filter were computed using a block-based LS method. In

Two different approaches for motion estimation haveliS paper, we utilize a 2-D LMS filter in order to match

been separately developed; i. e. image based discretermotifi’€ input images, and we utilize the corresponding coeffi-
estimation (block matching), and gradient based techsigueCients distribution in order to extract sub-pixel motiofor

or optical flow estimation. The discrete motion estimation™ation. In the context of block motion estimation, it was
establishes the correspondences by measuring similasity ysuggested in [7] that the estimation of motion vectors based

ing blocks or masks. In general, the advantages of blockn the spatio-temporal neighborhood information is anceffe
matching are simplicity and reliability for discrete langm- tive solution to reduce the effects of uneven error surfatce.

tion. However this approach has been mainly developed tff]: @n adaptive matching scan was employed to reduce the
amount of computations needed to perform the full-search

improve compression performance in video coding applica® ) . ;
P b p J app ﬁglock-matchlng algorithm. In the proposed algorithm, we

tions. As a result, the motion vectors do not necessarily r lock hi , ol X
flect real motion, and suffer from discontinuities along thed® not use block matching, but direct pixel based motion es-

block boundaries, additionally, they generally fail toigegr ~ timation. Further, we exploit the LMS filters to obtain the
detailed motion. Hence, the direct application of blockdza ~ SMoothness and realize the adaptive matching scan.

motion estimation into filtering applications is not a viabl LMS filters do not make a priori assumptions about the
option. On the other hand, optical flow estimation methodstatistics of the image data, this enables robust perfocean



against various types of noise and outlier areas that may

be present in the image pair. In this paper, we exploit this T,(6) 3 I 4
property to develop a novel motion estimation algorithm tha — L'I:;'/‘
can be used in video filtering applications. The algorithm is

based on 2-D LMS matching algorithm which adapts a win-
dow of coefficient values to match the central pixel value. T
The resulted coefficient distribution reveals the localides- ftemplaterimage)
placement that happens between two successive frames. In

the following Section, we present the observation model e
which assumes small displacement between two successive

frames. In Section 3, we introduce the LMS matching filter, ;

and then the procedure we used to extract the motion from (reference image)
the adapted coefficient distribution. In Section 4, we discu
the effect of the scanning from one direction, and we propos
a method to scan from different directions and to combin
the final result. We present experimental results in Se&ion
using synthetic test set to illustrate the capability of pine-

posed algorithm to detect motion as well as motion outliersghat contains the possible shifted pixels in the template im
Finally, in Section 6, we discuss the advantages of the progge. In this setting, the motion estimation problem can be
posed method in the context of video filtering and we presenfapped into the simpler problem of linear system identifi-

w(k =1)" *T, (k)

Eigure 1: lllustration of the filtering process that is used t
%dapt the coefficients that are used to matching the frames.

our conclusions. cation, i. e., we have the desired sigh@t), the input data
Tw(k), and and we would like to estimavgk) according to
2. OBSERVATION MODEL the formation model in Eq. 3. The goal is to minimize the

Consider two successive frames of a video sequence, a r&joSt function in Eq. 2 by limiting the motion search within
erence image, and a template image that we would like the bounds expressed in Eq. 1.

to register with respect th Both images have the same size

(X,Y). The images are ordered lexicographically into vec- 3. 2-D LMS ADAPTIVE PIXEL MATCHING

tors, such that(k) andT (k) denote the intensity values on The 2-D LMS filter is essentially an extension of its 1-D
the grid positionk (1 < k < XY). We want to estimate the counterpart. In our solution, it takes the two dimensional
displacement fiel®(k) = [u(k), v(k)] , which establishes the window Ty (k) as input data and the desired response to be
correspondence betweéfk) andT (k). We assume that the matched is the intensity value in the reference imidge In

relative displacemer (k) is constrained, such that order to solve for the weight array(k), we apply the stan-
dard LMS recursion [5]. The recursion is applied along a
—s<uk)<s 1 pre-determined scanning path of the image grid (indexed by
—s<v(k)<s (1) n), as follows

In order to solve for the pixel-based motion estimation w(n) =w(n—1) + p(n)Tw(k)e(n) @)
problem, the following cost function may be considered e(n) = 1(k) —w(n—1) Tw(K)

j(K) = [T(K) = [(k+D(K))]2 (2) Wwhereu(n)is a positive step size paramete(n) is the out-

put estimation errom refers to the iteration number, akd
I denotes the estimated intensity value of the reference inflenotes the current pixel position that we are filtering. eNot
age after performing the motion compensation. Note that ththat if the indexing of the pixelk is the same as the index-
displacemenb (k) need not be integer valued. In Eqg. 2, weing of the scanning path, therandk are identicalw(n—1)
chose the simple quadratic functional of the registratien e refers to the coefficient values that were estimated in tee pr
ror for tractability of the formulation, especially in casé  Vious pixel position following the employed scanning direc
Gaussian additive noise. tion (see the following section for discussion). Fig. 1 skow

The main hypothesis in our formulation is that the pixelan illustration of this basic filtering process.
valuel (k) in the reference image can be expressed as an esti- Like its 1-D counterpart, the 2-D adaptive filter does
mate using a linear filter combination of the window aroundnot assume any knowledge of the cross correlation func-
the central pixel locatiofl (k) in the template image. That tions [10]. The filter approximates their values by using in-
is: stantaneous estimates at each pixel position accordirgto t
I(K) = W(k)/ * Tw(K) + N (K) (38) step sizeu. For LMS filters, there is a well-studied trade-

. . . . off between stability and speed of convergence, i. e. a
whereTy (k) is a matrix of windowed pixel values from the gma| enough step size(n) will result in slow convergence;
template image with siz8= (2s+ 1) and centered around \hereas a large step size may result in unstable solutions.
the pixel positiork. w(k) corresponds to the modulating co- Alternatively, there are several modifications of the stadd
efficient matrix,n (k) is an additive noise term. For notation | Ms algorithm that offer simpler stability requirementsr f
convenience, the matric@g(k) andw(k) are ordered lexico-  example, the normalized LMS (NLMS). The NLMS algo-
graphically into column vectors, afidienotes the transpose rithm is obtained by substituting in Eq. (4) the following

operation. _ _ _ step size:
The modelin Eq. 3 tells that each pixel value in the refer- u

ence image can be estimated with a linear model of a window H(n) = £+ [[Tw(k) |2 (5)
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Distribtion of Adapted Coefficient Values 10

Figure 4: Possibility to employ more elaborate scanning pat
Figure 2: Example distribution of adapted coefficient value terns, in this example we propose to use mirrored Hilbert
The peak value points to the displacement that happened bseanning patterns and traverse the image plane from 4-differ
tween the two frames at pixel locati&n ent directions.

1. Find the 3x 3 window support, over which the sum of neigh-
boring coefficients is maximum.

2. Check that the sum is larger than a pre-determined thietsho
(confidence in estimation process). If not, assert an empty
pointer.

3. Calculate the center of mass over the obtained33support
window. The vector from the origin to the resulting positisn
the estimated motion vector.

Figure 3: Obtaining the displacement from the coefficient
distribution. 4. SCANNING DIRECTION

The proposed filtering method is based on recursive scanning
. . . . ofthe 2D image grid. As a consequence, the employed scan-
wheree is a small positive constant. In this form, the filter is ning pattern impacts the coefficient adaptation, espgdall
also callece — NLMS[1], and the stability condition is given \ye favor stable adaptation by using a small step giz&his
by: means that the overall estimation process is spatiallyataus
with respect to the employed scan method. In case the mo-
H< 3 (6) tion is global stationary and constrained, which may be for
. ) o ) instance due to camera shaking with respect to a fixed scene,
The choice of the step size parameter is critical in tuni®g theven the simplest of scanning patterns, e.g. raster scan, is

proper performance of the overall algorithm. In genera, th syfficient to correctly estimate the stationary displaceime
motion can be assumed locally stationary, so we would like

to tune our algorithm to use a small step sizén orderto 4.1 Multiple Scanning Directions
favor smooth and slowly varying motion field, rather than

a . . .
spiky and fast changing motion field. On the other hand, if we want to detect arbitrary and locdlize

motion, it may not be possible to estimate the corresponding
. ) , motion field by utilizing a single scanning direction. Ireste

3.1 Determining the Motion from the Adapted Filter  \ye can perform the scanning in four different directions and
Coefficients obtain the displacement field independently for each scan-

The function of the 2-D LMS filter is to match the pixels in Ning direction, the final motion field can be obtained by com-
a search window on the template image to the central pixé}'”'ng the resulted motion fields. The combining of the dis-
in the reference image. This matching is done through thBlacement vectors can be performed by selecting the vector
smooth modulation of the filter coefficient matrix. Fig. 2 thatminimizes the corresponding error value at each paxel |
shows a plot of the coefficient values, which peak at the posgation (error images due to LMS adaptation are stored tem-

tion of the displacement between the corresponding imageBorarily in the memory). Another elegant method is to ap-
ply a component-wise scalar median filter (or vector median

[2]) for the obtained displacement vectors; this allowshte o
tain the consolidated motion through a voting process and
enhance the performance of the estimation process against
outliers.

In order to obtain the displacement veci(k) from the
adapted coefficient distribution(k), we apply a simple fil-
tering operation, which first finds the cluster of neighbor-
ing coefficients that contains the global maximum coeffitien
value (Fig. 3). Then, the center of mass of this cluster is cal
culated over the support window. The result in thandy
directions make up the horizontal and vertical componentédditionally, instead of the basic raster scan, spacelli
of D(k) at sub-pixel accuracy. We inserted a simple intermeeurves [8] can be used to traverse the image plane while
diate check to assert whether we can confirm motion fronadapting the LMS coefficients. The typical space filling pat-
the coefficient distribution. Below, we describe the filbgri terns (e.g. Peano and Hilbert curves [8]) are defined over
operation in more detail: grid areas that are powers of 2. Fig. 4 shows an example

4.2 Enhanced Scanning Patterns



Reference Image Template Image the coefficient adaptation was capable to follow the station

T T T ary delay that is consistently confirmed in the areas of the
208 20 5 image that contain contrasted details.
40 i 40 x. % In the second experiment, we generated a template im-
60 fi 60 age by warping the reference image with an affine transfor-
80 < M g 80 L & mation. The testimage is meant to simulate the homography
wol g e E ] ] wof iy # e N ] effect that may happen due to rotating camera motion with
120 A fie o] 0 MRS SRR { respect to a parallel plane. Fig. 6 displays the estimated

50 100 150 50 100 150 motion field that was obtained with the following algorithm
parametergs = 15, u = 0.02). The filtering was performed
using a single scanning direction (raster scan). In thedyord
area, the algorithm did not detect motion due to the absence
of any image details that fall inside the search window. How-
ever, in the center of the image, the algorithm was capable to
track the smoothly varying motion field.
; In the third experiment, we generated a template image
100 . . . . .
10kt ) ‘ by translating the reference image and by inserting an out-
50 100 150 lier area in the middle of the image. This experiment is de-
signed to simulate the performance of the algorithm in the
presence of combined motion. We used the following algo-
ob/ithm parametergs = 10, u = 0.02). In this setting, we used
b the block Hilbert scanning to traverse the image plane from
4 different directions, and we finally fused the obtained dis
placement vector components using a median filter. Fig. 7
displays the estimated motion field. The blue points show ar-
eas where the algorithm cannot resolve for motion with cer-
tainty, which corresponds well to the outlier area that was
of the Hilbert scanning pattern for a rectangular window of" the template image. This reveals that the use of multiple
canning from different directions and the subsequent vot-

16x16. This mode of scanning through the pixels, thougl}?ng process through the median selector adds robustness to

more complicated, has the important advantage of staylng]e motion estimation. This approach is potentially verg-us
localized within areas of stationary shifts before moviag t ful in video filtering applications, since the detected tutl

another area. This scanning mode typically results in SUpesy;d’ can’be Ieft out from the filtering process to avoid un-
rior performance of the overall estimation process, esfigci wanted artifacts

in the presence of localized motion or other random outliers In all experiments, the obtained dense motion field is

fTrg% g;gttjt:a (rj?rtlar::t:f)lgs :S%?QCB(;S%%S;L\T g&zggd and traversecsimooth and spatially correlated, which reflects betterehé r

motion that happened in the video frames. The complexity
of the algorithm isO((2s+ 1)?N). Comparing to the com-
5. EXPERIMENTAL RESULTS plexity of optical flow methods (table 1 in [4]), the proposed

In this section, we briefly show the performance of the pro/method is much simpler and faster, thus enabling real-time
posed approach for motion estimation. we present 3 difteremplementations of motion compensated filtering.
experiments to simulate practical situations that mayearnis
video filtering applications. 6. CONCLUSIONS

In the first experiment illustrated in Fig. 5, we gener- . .
ated a template image from an original reference image b{ thiS paper, we presented a novel recursive method for
simulating a global translatiofD = [0,3.5]). We added ixel-based motion estimation. The proposed algorithm em-

Gaussian noiséo? — 40) to the template and the reference ploys 2-D LMS filter to adapt a window of coefficients so

: : ; : that we can match the pixel value in the reference frame. The
image. We tested our algorithm with the following parame{—geak value in the resulted coefficient distribution pointse
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Figure 5: Example of the estimated motion field that is

tained by scanning in a single direction (horizontal). Glo
translation and noisy input images (Gaussian noise=

40). Blue points stand for points where algorithm canno
resolve any motion with certainty.

_ _ 1 H
tﬁrSESM*S?’ H E_O_.OZ) : \#]e used zatlstljmple_ras]ferljc_:ar&_to T\dap isplacement between the frames at each pixel position. The
the coefficients. The sampled motion field is displayedq -, sjye | MS filtering along the scanning direction enable

in Fig. 5; the red arrows display the estimated displacemeny, 5o the stationary shifts that happen between the-refer

\{(ter?tors, Whttareaslthe bluet pc_)lntj sh?yv are.t"’r‘f Whtefetthe ald%ce and template frames, and inherently produces smooth
rithm cannot resolve constrained motion with certaintgsth  ¢qyimates of the displacements, directly at sub-pixel accu

areas generally contain little image details, which coefus racy. We also proposed variations of the initial algorithm

the LMS adaptation. The algorithm was successful in deterg o, 45 the use of multiple scanning directions and patterns
mining the global translational motion, for instance, the-m

tion vector that was estimated in the middle of the image Waisn order to track complicated motion in the scene.
9 Experimental results have demonstrated that the overall

t?}‘g;/é?gf&e?fgrlrﬁé:]%feavig:'gcbi;qzsgg;'ﬁg\ilgs rs;gggbvhigerformance was robust against Gaussian noise. Also, the
P 9 ' Igorithm was capable to accurately track smooth affine mo-

1The search extend)(can be set according to the video type and the tar-FIon’ even when using a single scanning direction. When us-

get filtering application. When we know the motion is corisied, smaller  INg Multiple scanning directions, it was possible to sirmle
search windows ensure faster operation and improved joBcis outlier regions which correspond for example to moving or
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Figure 6: Example of the estimated motion field that is ob+igure 7: Example of the the estimated motion flow field in
tained by scanning in a single direction (horizontal). Thethe presence of motion outliers. Blue points stand for oint
template image was obtained from the reference image by amhere algorithm cannot resolve any motion with certainty.
affine geometric transformation. The result was obtained by combining (using median oper-
ator) the motion estimates from 4 directions. The algorithm
detected the outlier region (blue points in the center) aod i
disappearing objects in the scene. One important advantat@e it from the smooth motion field.

of the proposed method is its simplicity and relative low eom
putational complexity.

The initial results demonstrate the usability of the algo-
rithm, especially when targeting video filtering applicais
that are based on motion-compensated filtering such as video
denoising, video stabilization and super-resolution psse [7]
ing. In future work, we may investigate different variation
of the algorithm in order to enhance the basic motion track-
ing performance, and to derive simple rules for LMS step
size adaptation. Also of interest is the research of differe [g
extensions of the algorithm in order to cover complex motion
patterns. [9]
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