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New Kernels for Fast Mesh-Based Motion Estimation

Aria Nosratinia

Abstract—Mesh-based motion estimation—also known ason-  than the blocky estimated fields generated by BMA, and the
trol grid interpolation or warping—provides a smoother estimated corresponding estimation error usually has smaller erfergy.
intensity field compared to the traditional block-matching algo- The earliest work on mesh-based geometrical transformation

rithm (BMA), resulting in most cases in a more realistic motion .. . - . -
field and smaller estimation error. In mesh-based motion, unlike ©f digital images appeared in the field of remote sensing

BMA, the computation of a motion vector is affected by its neigh- [1], where transformations were used to compensate for the
boring vectors. This interdependence necessitates a costly, iterativedistortions introduced by the imaging system. Image warping
computation of motion vectors. The computational cost of mesh- 1< 5150 used to generate special effects in computer graphics

based motion has been a main drawback of this otherwise pow- o1 131, Aoplicati . id . | . ickl
erful technique. We propose to use noniteratively computed mo- [2], [3]. Applications in video signal processing quickly

tion vectors, such as BMA motion vectors, for node motions in the followed. Bruzewitz [4] and Sullivan and Baker [5] explored
mesh model. However, we found that a straightforward insertion mesh-based systems for motion compensation and video
of BMA motion vectors in the deformable mesh leads to unpre- compression. Others [6]-[8] also developed similar results.

dictable and erratic results, and were thus motivated to carefully . . . .
analyze the interaction of motion vectors and interpolation ker- Huang and Hsu [9] introduced a hierarchical version of the

nels in mesh models. This analysis leads to a methodology for com-motion mesh. Wanet al. [10] used a finite-element approach
puting optimal motion interpolation kernels for a given set of mo-  to the mesh problem, and explored its application in video
tion vectors (e.g., BMA motion vectors). We find a generalized or- coding [11]-[13]. Tekalpet al.[14], [15] used the mesh model
thogonality condition for these kemels; optimality is achieved only ¢ 2 iy lation of synthetic objects as well as representations
if the projections of vertex motions on the local intensity gradients .~ . . . )

are statistically orthogonal to mesh-based estimation errors. Ex- I joint natural-synthetic environments. Mesh-based methods
periments show that optimal kernels are often very different from have also been used with great success in processing medical
the traditional bilinear kernels, and exhibit interesting variations.  image sequences [16]-[18].

The new kernels benefit a variety of applications, including motion The mesh motion model is based on a transformation that

estimated interpolation, denoising, and compression. maps one set of polygons in the past frame to another set of

Index Terms—mage sequence analysis, video coding. polygons in the present frame. The pixels within the polygons
are mapped from one frame to another through interpolation.
I. INTRODUCTION To perform motion estimation, the present frame is covered by a

regular tiling of polygons. Motion estimation consists of finding

M OTION ESTIMATION and compensation through a deg,e yertices of the corresponding polygons in the past frame,

: formable mesh (also known &entrol grid interpola- oy that the overall motion field results in the smallest possible
tion or warping) is one of the more advanced methods for thgrror metric.

representation .and processing of video.-Compargd to the bettqfig_ 1 shows an example of block-based and mesh-based in-
known—and widely used—block matching algorithm (BMA) (e frame estimation, with rectangular tiliagThe pixel values

warping is capable of producing a more accurate representaigiye each tile are estimated from the warped tile in the past
of motion fields, and thus is an attractive tool for many applicgz;me. Fig. 1 does not show the the correspondence of the indi-
tions in video processing. _ __vidual pixels in the two frames, which is generated by interpo-
The key advantage of the mesh-based method is the ability1@,, (typically bilinear) between the vertex positions.
generate continuously varying motion fields. This is especially pyotion meshes with triangular and rectangular tiling of the

important because natural video sequences generally give Hgg,e have attracted the most attention in the literature. Hexag-
to smooth or slowly varying motion fields. In particular, camerg | jling and nonuniform tiling of the plane are also possible,
zoom, movement of the objects toward or away from the camefgy jntroduce significant complexity, as well as problematic ef-
and rotational motion of objects are much better describedl}.c 4t the image boundaries. To our knowledge, these other
a mesh-based model than in the traditional block-based motigqs have not been actively pursued for motion models. This
model. The estimated intensity fields in these cases are smoot&%er concentrates on the rectangular tiling, however, the re-

sults are general and can be directly extended to any uniform
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Block matching motion estimation
frame k-1 frame k
N
N
Mesh based motion estimation Fig. 2. Two candidates for node are shown. Node position affects PSNR of
frame k-1 frame k the shaded area, therefore all pixels in that area are used to compute best position
NN i for v;.

frame k

Fig. 1. Top: block-matching motion estimation. Bottom: Mesh-based motior
estimation; new frame is tiled and corresponding tiles in the old frame ar{
warped to give best match to current frame.

Fig. 3. Using block-matching motion vectors for node motions, without any
_ ) refinement.
A. A Question of Complexity

Mesh-based motion estimation is a useful tool in describirigs to be computed via interpolation. Together, these two factors
motion fields, but is handicapped due to its computational coniead to a heavy computational load. In fact, the computational
plexity. To shed light on the mechanics of this handicap, and ¢ost of mesh-based motion estimation is the primary drawback
search for ways of addressing it, we revisit model-based mef-this powerful technique.
tion estimation. By “model based,” we refer to systems where While demanding a higher computational cost, mesh-based
pixel motions are not computed independently, but are genetetion also offers smaller estimation error energy, and perhaps
ated through a relatively small number of parameters. This claasre importantly for many applications, a smooth estimated in-
includes both BMA and warping. tensity field. It is then natural to ask: is it possible to achieve

In model-based motion estimation, we wish to determine tlseme of these desirable properties at a lower cost? One alterna-
best mapping parameters for a model that describes one framtiie would be to use the mesh-based motion model, but marry it
terms of another, such that some quality measure (often squaed simpler—perhaps suboptimal—motion estimation method.
frame difference) is optimized. The choice of the model indBut is it possible to do so and yet maintain some of the advan-
cates one’s underlying beliefs regarding the properties of tteges of mesh-based motion?
motion fields, but also reflects the degree of willingness to ac- A candidate solution is to directly insert BMA motion vectors
cept complexity (conceptual or computational) in order to rejnto the mesh model (see Fig. 3). Unfortunately, this direct ap-
resent the true motion fields. BMA is one of the simplest of sugtroach, while simple and inexpensive, does not work very well.
models and has been widely applied. In BMA, motion estim&xperiments in Section V show that BMA motion vectors, when
tion reduces to a simple correlation problem. The simplicity afsed in the traditional mesh model, generate erratic and unpre-
BMA is due to the following facts: 1) motion vectors can belictable performance. Thankfully this is not the end of the road;
computed independently from one another (divide and conqusignificantly better results are possible if the motion interpo-
and 2) the optimality of each vector depends only on a smétion of the mesh-based algorithm is matched to the statistics
subset of pixels in the frame. of the motion vectors and the video sequence. The analysis re-

In contrast, in a mesh-based model, the motion-compensatgtred for this matching is the subject of this paper.
intensity estimate at each pixel depends on more than one nodé/e show that a careful design of motion interpolation kernels
(see Figs. 1 and 2. Therefore, the computation of the optimatleed makes it possible to use simplified motion estimation for
position for each node depends on the position of neighboringesh-based models. We call these motion interpolatarping
nodes. The inter-dependence necessitates a recursive comgkaiaels We present a method to compute optimal warping ker-
tion of node positions, which can be costly. This effect is conmels for any kind of node motion vectors (e.g., BMA motion vec-
pounded by the fact that testing each candidate node positiors). Optimal warping kernels often look very different from
is expensive, because the motion of each pixel inside a polygbe traditional bilinear interpolators. They perform better than
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of the kernel with fewer parameters is desirable. Section 1l
presents results for a constrained optimal kernel, with only one
or two independent parameters. Section IV discusses computa-
tional aspects of the new method, comparing with the traditional
mesh-based systems. Section V presents experimental and nu-
merical results, and Section VI has concluding discussions.

Il. OPTIMAL WARPING KERNELS

Let I(s) represent the intensity of frandeat pixel s, and
I, the intensity of the past frarfieLet v(s) be the (interpo-
lated) motion at pixek and{v; } the set of vertex (node) motion
vectors.gx(s) represents the intensity gradient of frafnat lo-
cations. In our experiments, we use a rectangular tiling of the
Fig. 4. Bilinear interpolation kernel, used in traditional mesh-based moticmane and all references to “blocks” refer to a set of pixels in
estimation. ! . .
the present frame belonging to one of the rectangles, with four
BMA, while maintaining the motion-estimation complexity apodes at four corners. We note, however_, that all d_evelop_r_nents
are completely general and can be applied to arbitrary tilings.

the same level as BMA. :
Blocks are enumerated by € B, and the set of pixels be-

B. Interpolation Kernels and Intensity Fields longing to a blockB is denoted bys . All vectors are column

. . vectors, and the superscriptlenotes vector transpose.
We use an analogy to describe some of the issues concerning . g " .
ollowing [19], the optimality condition for the warping

motion interpolation kernels: one can think of mesh-based o
. : . . . kernel is given below.
motion representation as a warping or stretching action wit

a rubber sheet. The rubber sheet has the image of one fra}mgroposnmn 1: Given amth order linear interpolation model

on it, and is stretched or warped until it matches the other’ motion

frame. This warping is performed through the movement of a n

discrete number of control points at the vertices of the polygons v(s) = Z ai(s)vi(B), s €SB 1)
(Fig. 2). The movement of these control points deforms the i=1

rubber sheet according to its elastic properties. The elasticitye?f t of necessary conditions for optimal interpolation parame-
the sheet is characterized by the warping kernel. The shape[ o y P P P

. . . - tersis
these kernels will determine how the sheet will deform (motion
estimation) as a function of the position of the control points ,
(motion vectors). En{lli(s) — Iio1(s — v(s)]gh—1(5 — v(s))ui(B)} =0 (2)

Traditional warping uses a bilinear kernel (see Fig. 4), n\a&hereg,;{-} denotes the expected value, taken aet B.

flecting the belief that the rubber sheet should have uniformThiS condition is derived by setting the partial derivatives of
elasticity. The questions we raise here are: what is the optimﬁl . . ed by 9 P : L
o - , the distortion cost function to zero. The distortion function is
distribution of elasticity of the rubber sheet, and knowing the ~.
. . : . : ... .. defined as
intensity sequence, how can we find this optimal distribution.
These questions not only have an immediate impact on the com- _ . 9
putational complexity, as seen in Section I-A, they also give in- D(s) = Ep{|Lx(s) — Lx(s)["} )
sight on the properties of the underlying (true) motion fields. =Ep{|Ix(s) — Iu—1(s —v(s))["} 3)
We will show that the answer to this question is nontrivial, o .
that in fact the best distribution of elasticity for our fictitiougvhere the expectation is typically computed as an average over
rubber sheetis highly nonuniform. The best rubber sheet in m@siraining sequence of blocks
cases is rigid close to the control points (vertices of polygons) 5D
and more elastic away fr_om _them. _ . 5 (5) =_2€ {[]k(s) —Li_1(s —v(s))]
We also show that optimality for the warping kernel requires @i
a generalized orthogonality condition. The warping kernel is op- COlk_1(s — v(s)) @
timal only if the motion estimated error is statistically orthog- Jda; '

onal to the projection of vertex motions on the local intensity _ _ _
gradients. Consider the total differential

_ Oly,_1(s — v(s))
v,

C. Organization dl_1(s —v(s)) dvg

The organization of this paper is as follows. Section Il intro-
. . - OIn_1(s —v(s))
duces the terminology used for mesh-based motion estimation, +a—
and presents optimality criteria for warping kernels. In some ap- Yy
plications, the number of coefficients associated with the op-ror coding and compression applications, repl&ce, in all succeeding
timal kernel may be an impediment, and a constrained versig#velopments witli,, _,, the decoded past frame.

du,.
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sity gradients of framé — 1. Equation (2) states that optimality
is achieved only if this projection is statistically orthogonal to
estimation errors. Projectiong_, (s — v(s))v;(B) are our net
“observations” in this estimation problem, since only the com-
ponent of motion vector along the intensity gradient contributes
to the intensity estimate.

Fig. 5 demonstrates optimal warping kernels for five different
video test sequences. These kernels were computed via gradient
descent, using the gradient expressions of this section on the
first 50 frames of each sequence (CIF resolution, 30 frames per
second). The block motion vectors were computed ubingl6

where the last step makes use of (1). Substitutionin (4) gives (®Jocks,31 x 31 search area, and exhaustive search. Observe that

It is noteworthy that (2) is a generalized orthogonality condthe optimal kernel varies significantly from one video sequence

tion. gt _, (s — v(s))v;(B) is simply the (deterministic) projec- to another. Details of the computation of these kernels are ad-
tion of motion vectors of the vertices of bloékonto the inten- dressed in Section IV.
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I1l. PARAMETRIC WARPING KERNELS

The warping kernel corresponding6 x 16 motion blocks,
with quadrantal symmetry, has 256 degrees of freedom. Thesepa- os}
rameters could be updated typically every few seconds in a video
stream. Insome applications, such as motion estimated denoising
orinterpolation, the large number of parameters is notnecessarily %
a problem. Butin video compression applications, these param- Eos}
eters are transmitted to the decoder as overhead. This overhea 04
cannotbe very large, especially at low-bit-rate applications.

One can avoid the issue of overhead by a backward-looking ©°3f
computation of the kernels at the encoder and decoder, using ,|
information from the past frames. This removes the necessity
of transmitting the parameters. Experiments show that the op-
timal kernels vary slowly Within_ the same video sequence, thus o535 o7 o8 o5 oo o oo
a backward-looking approach is feasible as far as performance x
is conce_:rned. U_nfortu_nately, however, the backward-loqking a'pié 6. Family of parametric interpolation functios, (). From+ = 1
proach is not withoutits er’b'emS' such as |OS$ of traCk'”Q (e'gfp.res.enting almost a straight lineto= 50 representiﬂg almost a t;rick-wall.
due to channel errors). This and other related issues motivatengSmediate values are = 3,5, 10.
to remain with a “forward” approach, where there are strong
incentives to reduce the overhead as much as possible. In th~
following, we present a parametric version of our kernels whict ;..
captures almost all the performance of optimal kernels with onl: RN
a small (almost negligible) fraction of the overhead. os{ T MK

An efficient parameterization is possible because the of X
timal kernels have a recognizable regularity. A look at Fig. & %
indicates that warping kernels are far from arbitrary. Generall ®
these kernels are dome shaped, with higher values in th.c
middle (close to the polygon vertex, i.e., the motion vector), @ (b)
and smaller values away from the motion vector. This make:
intuitive sense: a motion vector is more efficient in estimating
close-by pixel values than those far away. The exact nature ¢ 7~
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this relationship depends on the characteristics of the vide | .. /”ll////li"‘i\\\\\“\“\
sequence, and the optimal strategy can be anywhere betwe | /Illllllll[["‘“\“““\“\
completely discontinuous (e.g., block matching) to very smoott | Illl////lll/"“\““\\\\\\\\;
(e.g., bilinear warping). The constrained kernels presente * "“.‘3\\3!.

below are parameterized by the degree of this “smoothness.”

(©)
Fig. 7. Corresponding family of 2-D kernels. (a)—(d), respectively:
To capture the variations of warping kernels, we propose to= 1.3.10,and50.
use the following function:

A. One-Parameter Warping Kernels

fla) = 1 ) @) h~(x,y) is defined over the domaip-1,1] x [—1, 1], using a
1+4e” symmetric extension of (11)
The symmetry of this function and its derivative make ita com-
putationally attractive choice for our optimization procedure hy(z,y) = hoy(—2,y) = hy(z,—y) = by (=2, —y). (12)
@) == f(2)f(~2) ®)  Fig. 6 showsh.,(z), and Fig. 7 shows examples of the corre-
f(=z)=1- f(z). (9) sponding 2-D kernels.

The simple closed-form derivative is especially useful in the de- T0 find the optimal parameter, we use the same technique
velopment of descent algorithms. We introduce the smoothnéis€d in Section 1, except this time the optimization is only
parametety, which controls the effect of each motion vector oPVer a single parameter The cost functiorD representing the
the motion field in its surrounding2 x 32-pixel region of in- overall distortion is shown in (3), and the computation of opti-
fluence. The functiork(-) is designed to normalize to unity atmality conditions follow the same lines as developed in Propo-

origin and go to zero at the boundaries of the region sition 1. In particular
J(v(2z — 1)) — f()
h(z) = 10 aD
= T o, o0 o =—28{Z [14(5) = Lia (s = ()]
This family of functions is depicted in Fig. 6. We use a sepa- z

rable construction to generate one quadrant of the warping kernel Ol—1(s — v(s)) } _0 (13)

hy(z,9) = hy(2)hy () (2,9) €0,1] % [0,1]  (11) O
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The derivative of the motion-compensated past frame is expreBgy. 5 indicates that the one-parameter family of kernels are

ible in terms of the local intensity gradients and derivative af fairly good representation of the unconstrained kernels. It is

pixel-wise motion values only at the boundaries of tH&2 x 32-pixel area that some dis-

crepancies are observed. More specifically, the one-parameter
28 {Z [L1(s) — L1 (s — v(s)]gh_y (s — U(S))av_(s) } —q. kernelgoestozero atthese .boundaries, while the unco.nstrained
dvy kernel may not (compare Figs. 5 and 8). In the following, we
(14) present a modification of the parametric kernel to account for
this effect. We propose a two-parameter family of interpolation
Now we incorporate the parametric interpolator. Denoting th@rnels
pixel location as the vecter= [zy]‘, and the motion vectors at

i i 20 —1) = f(n) +6
the vertices of a given rectangle Byo, vy, vz, v3} ho < — F( ) 19
YT )+ % 49

This allows one more degree of freedonis the same “smooth-

x

v(z,y) =voh(z,y) +vih, (1 — z,y)

+v2hy (2,1 —y) +vshy (1 —x,1 - y) ness” parameter as before, ancbntrols the value of the kernel

= h(2)[voh (y) + v2h (1 — y)] at the boundaries, as shown in Fig. 9. The optimality conditions
+ h”/(l - x)[vlhw(y) + U3hw(1 - y)] are

= hy(z)[v2 + (vo — v2)hy(y)] 8_D =0, 8_D —=0. (20)
+ (1 = hy(z))[vs + (v1 —v3)hy(y)]  (15) Oy 00

They lead to a derivation virtually similar to Section IlI-A,

where we have used the identfij«) + A(1 —a) =1V « € . 4 o o
[0, 1]. For notational convenienge )Iet tfge prinze denote diffe‘P—'thh we do not repeat. The only difference is in the derivatives

entiation with respect to the subscript, i#,(-) = 9h,(-)/9v. Of /1.5, easily shown to be

After some algebra dh,s (2z—1)A(1—A)—B(1- B)
vz, / oy 1—2B+26
% =hl(z)[(v2 — v3) + (vo — v1 — v2 + v3)he(¥y)] 2B(1—-B)(A—B+6) 1)
) [( = va) + (o0 = 03 = w2+ vy (@) S W=
(16) R o (22)

9§ (1 —-2B+26)?°

Substitution in (14) completes the derivation of the optimalit
. , . o

conditions. Notice that., and its derivativé., donotdepend on depend on the intensity and/or motion data, and thus can be pre-

either the intensity or motion data. Therefore, in the Opt'm'z%bmputed and stored in a lookup table. The second component

tion process, they can be pre-computed and stored in a loo%%/aé) adds very little complexity compared to the one-pa-
table. It is straightforward to show . . . .
rameter case, because its denominator is already computed in
Oh(z) (22— 1)A(1—-A)—-B(1- B) (21), and its numerator is easily calculated with no new func-
oy 1—2B tion evaluations.
2B(1 — B)(A — B) Optimizing the two-parameter family of kernels on the test
(1-2B)? an sequences yields the shapes shown in Fig. 10. The gradient de-
scent optimization is made relatively easy through the closed
where form gradients, as shown in the subsequent section on com-
B B putational issues. Notice that differences between one-param-
A= f(v(2z—1)), B=f(7). (18)  eter and a two-parameter kernels depend on the video stream.
The single-parameter optimization resulting from thigvmle the two kernels are almost indistinguishable in the case of

approach is not only more convenient for communicatiof€nnis,” in other examples the kernels: take a slightly different
purposes, it is also computationally easier and the comput%?ﬁpev especially close to the boundaries, where the two-param-
optimal point is more reliable, due to the reduced dimef i€ kernels does not go to zero.

sionality. It is worth noting again that this parameterization

includes, as special cases, both the block-matching and the IV.. COMPUTATIONAL ISSUES

standard warping kernels. Application of this parametric opti- This section presents an analysis of the computational
mization to test video sequences is shown in Fig. 8. We discugsst of various components of mesh-based motion estimation
the computational aspects of the parametric optimization #hd compensation systems. We look into the complexity of
Section IV, and performance issues are addressed in Sectiomck-matching motion search, fully iterative mesh-based
motion search, as well as the cost of computing and using the
new warping kernels.

A comparison of the parametric kernels computed in the lastWe start with block matching. BMA motion vectors are used
section, and the corresponding unconstrained kernels showwliirectly with the kernels introduced in this paper, and are also

Yimilar to the one-parameter case, the derivatives,gfdo not

B. Two-Parameter Warping Kernels
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Fig. 8. One-parameter optimal kernels for several test sequences.

used as a seed or initial point in traditional (iterative) meshsually a good upper bound on the typical practical search areas.
based motion estimation. We concentrate on simple full-sealdsing the mean absolute distance (MAD) measure

algorithms at single-pel accuracy, which we used in our exper-

iments* Assume each frame is divided intox » blocks. The v" = arg min > (s) = Iici(s =) (23)
search area is assumed to be approximately 2n. This is s€B

“There exist various fast algorithms for computing motion vectors [20]. Theden€ block-matching motion search requires on the order of
fast algorithms rely on downsampling strategies, either in the intensity fields, 45,* additions 471 comparlsons and no multlplles per motion

in the candidate motion fields. Such shortcuts achieve varying amounts of ¢
putational savings, at the cost of some level of distortion. Also, intelligent o %Ctor We note also that there are various methods of orderlng

dering and branching in the computation of frame differences reduces the cadtd halting partial computation in (23), such tloat average

putational complexity of the motion search, but makes it sequence-dependggimputational complexity is reduced. The exact effects of such
Analysis of these variations, with their associated heuristics, is beyond the sci

of this paper. We limit ourselves to a comparison of exhaustive search methgg@teg'es are not gasﬂy quant'f'Ed' and we do not consider
for all algorithms in this study. them in our comparisons.
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The computational complexity of block matching was extions. This mean6n? multiplications and28n? — 1 additions
pressed above in terms of number of operations per motitmcalculate the cost function at each candidate node position.
vector. In what follows, we continue to normalize the computa- To complete the motion search, this computation has to be re-
tions per motion vector to hide extraneous parameters that haeatedin? times (once for each candidate node position), giving
no direct bearing on our comparisons, e.g., frame size. a total of64n* multiplies andl12n* — 4n? additions, per mo-

tion vector.
A. Complexity of Iterative Mesh-Based Motion Estimation  Then the whole process has to be repeated iteratively for rea-

In mesh-based motion search, the candidate positions for e8RS mentioned in Section |. Typically, two to four repetitions
node in the past frame constitute an area bound by neighborfi§ needed for convergence.
nodes, such that the resulting polygons do not overlap. A typicalOnce the optimal motion vectors are found, they are used to
example is shown in Fig. 2. It is not difficult to see that, ovelind the estimated frame intensify(s) = Ir—_1(s— ¥ a;v;). At
all nodes and dlsregardlng boundary effects, the shaded #agh pixel, this requires four multiplications and five additions,
averages t@n x 2n = 4n?2, since the sum of all such shadedotaling4n? multiplies ands»? additions per motion vector.

areas is four times the area of the frame. c lexity of C " qu the New K |
At each of thesdn? candidate points, one needs to find thg3 omplexity of Computing and Using the New Kernels

minimum absolute distance computed by For the general warping kernel, scanline algorithms can no
longer be used. Therefore, the computation efu(s) requires

D= Z [i(s) = Li—1(s = v(s))] eight additions and multiplies, and considering the inter-pixel
scr interpolation, the cost of computing the estimated intensity is

whereP is the set of pixels in the four blocks corresponding te2,2? multiplications and 1»? additions per motion vector. The
the shaded search area, and other issue is the cost of computing the optimal kernels. In par-
3 ticular, one is interested to know if the cost of finding suitable

v(s) = Z a;(s)v;. kernels is small compared to the cost of iterated mesh-based mo-
i=0 tion search, which i©(n*).

Computation of the effective motion vector ¥ a;v; ateach ~ The computation of optimal kernels is performed through an
pixel requires eight multiplications and eight additions. Howjterative optimization process, with two dominant elements in
ever, because of the structure of bilinear kerne|' one can us@@&h iteration: calculation of the cost function and its gradient.
shortcut in Computation known as tkeanline a|gor|thn'[3] The cost function is nothing but the diSpIaced frame diﬂ:erence,
This method utilizes the linearity of bilinear kernel along th#&hose computation is essentially the same as the intensity es-
horizontal and vertical directions, and thus needs only two aiéhate, with one more operation. Therefore, the cost function
ditions per pixel (plus a few overhead operations). requires12n? multiplications andi2n? additions per motion
Becausev(s) is generally not integer valued, interpolatiorV€ctor.
between pixels is necessary to compute the luminance estimatéhe computational complexity of the cost gradient depends
from the past frame. An intelligent implementation of bilineaPn the kernel. First, we consider the general unconstrained
interpo'ation (to a given accuracy, and using table |Ookup fbf,‘rnel deve|0ped in Section Il. Recall that the cost gradient is
coefficients) requires four multiplications and three additiorgalculated through
per pixel. Then, one more addition is needed to form the fram
difference at this pixel. The total computation up to this point |$ = 2E{[Ix(s) — In—1(s — v(s)]g_1(s — v(s))vi(B)}.
six additions and four multiplications per pixel.
The frame difference mustbe computed over the shaded area oFhe computation of — v(s) requires eight addition and mul-
Fig. 2, which hagn? pixels (on average). To combine all the pixetiplications. Calculating intensity gradients and intensity dif-
values to form the cost function, we need another — 1 addi- ferencelx(s) — I_1(s —v(s)) would require interpolation, but
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Fig. 10. Two-parameter optimal kernels for several test sequences.

we find that for the purposes of optimization, a nearest pixelhere dv(s)/dv is given in (16). With suitable arrangement
approximation is sufficient, resulting in two and one more aaf terms, and noting thdt(-) andh’(-) are computed off-line,
ditions, respectively. The expression inside the expected vali®) requires 8 multiplications and 14 additions. Along the same
contains three more multiplications and one addition, and thees as the previous case, it is easily verified that the cost func-
computation of the expectation on average requires one adéin gradient requires 11 multiplications and 18 additions for the
tion per motion vector; a total of 13 additions and 11 multipliexpression inside the expected value. In contrast to the previous
cations. These operations have to be repeated foreéehi = case, however, this expectation is computed once over all pixels,
0, 1, 2, 3, and for each pixel over the support of the kernel, obt individually for each point in the support of the kernel, re-
sizedn?. This means a total di8Sn? multiplications an®20n>  sulting in11»2 multiplications and 8n2 +n? = 19n? additions

additions for both the cost function and its derivative. per motion vector for the gradient. The cost function requires
For the parametric kernel, recall that the cost function gra2n? operations per motion vector, thus the total comes up to
dient is computed through 23n? multiplications and31n2 additions.

The cost function and its gradient have to be recomputed
U(S)} in each iteration of the optimization process. Typically three
vy to four iteration steps are sufficient for convergence. Table |

aa_fzzg{ ;Uk(s)—zk_l(s — v(s))]gk—1 (s — v(s))

o3
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TABLE |
COMPARISON OF COMPUTATIONAL COMPLEXITIES. THE NEW OPTIMAL AND PARAMETRIC KERNELS HAVE MUCH SMALLER
COMPUTATIONAL COMPLEXITIES THAN THE TRADITIONAL MESHBASED METHOD (ITERATIVE MESHBASED)

Multiplications Additions
Block Matching 0 4nt
Tterative Mesh-based | 64Kn*+4n?  4n* 4+ K(112n* — 4n?) 4 5n?
Optimal Kernel 188K'n? + 12n2 4n* + 220K'n? 4+ 12n?
Parametric Kernel 23K'n? + 12n? 4nt + 31K'n? + 12n°

TABLE I
ESTIMATION GAIN (dB) OVER BLOCK MATCHING, FOR 50 FRAMES OF TEST SEQUENCESUSING VARIOUS KERNELS ALL TESTSUSE
BLOCK-MATCHING MOTION VECTORS EXCEPT THELAST COLUMN WHERE ITERATIVE WARPING MOTION VECTORS AREUSED

Sequence Bilinear Optimal 1-parameter 2-parameter || Iterative
football 0.5444 0.7186 0.6435 0.6938 0.1124
tennis -1.0011  0.1745 0.0000 0.1717 -0.0776
claire -0.3603  0.6269 0.3766 0.4161 1.8983
miss america || 0.0600 0.2468 0.2023 0.2392 0.9884
suzie 0.4111 0.5454 0.4933 0.5402 1.6249

presents a comparison of the computational complexity of var-The numbers in the table show average estimation gain (deci-
ious methods discussed in this section. “Full mesh” refers to tdzels) in each case, over the simple block-matching motion com-
ditional, iteratively computed mesh-based motion, and the nugensated estimator. The motion vectors in all cases are found
bers in that column show the cost of one iteration of motion egsing the block-matching algorithm.
timation. K is the number of iterations in traditional full-mesh The first column, labeled “Bilinear,” shows the performance
motion search, an&” is the number of iterations in the opti-of the bilinear kernel. The results are very erratic: in some cases
mization of our new kernels. Bothf andK”’ take typical values there is some gain with respect to block matching, but in other
of three to four. The numbers in Table | show that computatig@ses there is significant loss, e.g. for “tennis” and “claire.” The
and usage of new kernels is dominated by the cost of blogkareliable performance of the bilinear kernel was the primary
matching motion search, and is far more economical than fulljotivation for finding the new kernels.
iterative mesh-based motion estimation. Bé additions ap- ~ The next three columns, respectively, show the performance
pearing in all cases reflect the cost of block matching, which @ the unconstrained optimal kernel, and the one- and two-pa-
used in all methods to compute either the motion vectors thef@meter kernels. The kernel designs for each case are shown in
selves, or to compute the initial condition in the case of fullffigs. 5, 8 and 10. The gains over block matching vary, but the
iterative mesh-based motion. performance is always superior to the bilinear kernel. There is
In practical situations, the new kernels are even more ecdslight loss of performance when going from optimal to para-
nomical than implied by Table I for the following reason. Whemetric kernels, but depending on the application, the simplicity
the motion vectors at the vertices of a polygon are equal, tAbthe parametric version may be an overriding factor. Except
motion inside the polygon will be constant (translational). Thir “claire,” the two-parameter kernel is within 0.02 dB of the
is due to the symmetries of the kernel. It follows that when ttfPtimal kernel. _ _
vertex motions are equal, the shape of the kernel has no effect oA\l €xperiments mentioned so far use the block-matching mo-
the pixel-wise motion values, and hence it does not affect the 2 vectors. For completeness, we offer one more set of exper-
tensity estimate or the estimation error. Therefore, all blocks tHgteNts- The last column of Table Il shows PSNR results with
have equal motion vectors at the vertices can be removed fréj#fly iterative warping. This method, as seen in the last sec-
the computation of the cost function and its gradient. In prafion: is much more computational than the ones represented in

tice, as many as one half of the blocks may be inactive, Ieadimf other columns, therefore a direct comparison of results may
to a large computational saving. not be appropriate. With that caveat, we note that the perfor-

mance of iterative warping is sometimes better (“claire,” “miss
america,” and “suzie”) but also sometimes worse than the new
kernels (“football” and “tennis”).

We computed general and parametric warping kernels for fiveThe main result of our experiments is that with proper ker-
video test sequences “football,” “tennis,” and “suzie33Z x nels, one can capture some of the gain of warping, while using
240) “claire,” and “miss america,”352 x 288) all at 30 frames computationally cheap, noniterative motion vectors.
per second. Motion vectors were computed using a full searchFigs. 11 and 12 show traces of estimation gain for 150 frames
block-matching algorithm witlH6 x 16 blocks and31 x 31 of “tennis” and “claire.” These figures show experiments with
search area. In each case the first 50 frames of the sequeheanonparametric kernels; the results for parametric kernels are
were used for our tests. The results appear in Table Il similar (see Table I). The new kernel in each case is trained only

V. NUMERICAL RESULTS
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Fig. 12. Performance of various kernels on the “claire” sequence.

over the first 50 frames of the sequence. The sustained perfor-
mance after frame 50 suggests that, while optimal kernels can

VI. DiscussioN ANDCONCLUSION

vary significantly between different video sequences, they gen-This paper presented a new method for the design of inter-

erally vary only slowly within the same sequence. This observpelation

kernels for mesh-based motion estimation. Traditional

tion points to further computational advantages, since one magsh-based motion estimation uses a bilinear interpolator, and

be able to recompute optimal kernels less often, or use fewegquires
frames in their computation. tors. Thi

an iterative process for the estimation of motion vec-
s process is typically very cumbersome, leading us
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to ask if we can use BMA motion vectors in a mesh-baseqi11] ——, “Use of two-dimensional deformable mesh structures for video
system. coding, Part I—The synthesis problem: Mesh based function approxi-

mation and mapping,[EEE Tran. Circuits Syst. Video Technalol. 6,

Itwas shown_ that such a@rect S|mpll|f|cat|on is not possible ;" 636_646, Dec. 1996.
within the confines of traditional warping kernels. However,[12] Y. Wang, O. Lee, and A. Vetro, “Use of two-dimensional deformable
it is possible to use BMA motion vectors with appropriately mesh structures for video coding, Part Il—The analysis problem and

a region-based coder employing an active mesh representatitiE’

chosenwarping kernels. We deve_zloped 0pt|mal|ty condltlon_s for  Trans. Circuits Syst. Video Technalol. 6, pp. 647659, Dec. 1996,
these kernels and analyzed their computational complexity. [13] Y. Wang and J. Osterman, “Evaluation of mesh-based motion estimation
was Shown that, even Wlth Optlmlzatlon’ the CompIeXIty |S Stlll in h.263 like COderS,TEEE Trans. Circuits SySt Video Techn@bl 8,

pp. 243-252, June 1998.

smaller than the fully iterative (traditional) mesh-based motior‘[14] A. M. Tekalp, P. J. L. van Beek, C. Toklu, and B. Gunsel, “2nd

estimation, and is comparable to the order of computation of the = mesh-based visual object representation for interactive synthetic/natural
block-matching algorithm. video,” Proc. |IEEE vol. 86, pp. 1029-1051, June 1998.

The new warping kernels depend on the statistics of théls]

C. Toklu, A. Erdem, M. I. Sezan, and A. M. Tekalp, “Tracking motion
and intensity variations using heirarchical 2-D mesh modeling for syn-

video sequence, and vary from one sequence to another. Using thetic object transfiguration,Graphic Models and Image Processjng
a rubber sheet analogy for warping motion estimation, th?le] vol. 58, pp. 553-573, Nov. 1996.

optimal warping rubber sheet is nonuniform; it is more rigid

A. Nosratinia, N. Mohsenian, M. T. Orchard, and B. Liu, “Interslice
coding of magnetic resonance images using deformable triangular

close to the control points (motion vectors) and more elastic  patches,” inProc. IEEE ICIP, vol. 2, Austin, TX, Nov. 1994, pp.
away from them. The necessary condition for optimality can__ 898-892.

—, “Interframe coding of magnetic resonance imagésSEE Trans.

. . . e 7]
be characterized as a generalized orthogonality condition. It Medical Imaging vol. 15, pp. 639-647, Oct. 1996.
requires that the projection of motion vectors on image intensity18] N. Mohsenian, A. Nosratinia, B. Liu, and M. T. Orchard, “Adaptive
gradients be statistically orthogonal to estimation errors. entropy constrained transform coding of maggetic resonance image se-
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