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been proposed. These algorithms reduce the search complexity by
limiting the number of search positions based on the assumption that
the matching error monotonically increases as the search position
moves away from the location of the optimal motion vector. The
assumption is not always true in reality and they may converge to a
local minimum on the error surface instead of the global minimum
as in the FSA.

Recently, Li and Salari [17] proposed a fast motion estimation
method called the successive elimination algorithm (SEA), which
can achieve the same estimation accuracy as the FSA while requiring
less computation time. In SEA, the displacement vector of the
corresponding block in the previous frame is used as the initial
motion vector for the present template block [18]. The SEA uses
the sum norm of a block as a feature to eliminate unnecessary search
positions. The sum norm of a blodk of size N x N is defined as

N N

Sp =Y |BG.j) 2)

i=1 j=1

where B(i, j) is the gray level of thei, j)th pixel of block B.
Let S+ be the sum norm of the template blo@k Sx be the sum
norm of a candidate matching block, and MAD,.;» be the current
minimal MAD during the search process. Let MAD, X) be the Fig. 1. A pyramid data structure.
MAD betweenT and X and is defined as

N N
MAD(T, X) = Z Z |T(i, j) — X (4, j)| 1), X™(2¢ — 1, 25), X™(2i,25 — 1), X™(24, 25)], where f is
i=1 j=1 an operating function. In the sum pyramid structure, the operating

whereT(i, j) and X (4, j) represent the gray values of the j)th function f is a summation function, i.e., the value of each pixel
pixels of T and X. The authors had shown that the following’S Obtained by summing the values of its corresponding« 22

inequality is true: neighboring pixels on the next level. For example
MAD (T, X) > |Ss — Sx]|. 3) X776 =X"(2i— 1,25 — 1)+ X7(2i — 1, 2j)
+X7(24, 25 — 1)+ X™(24, 2j). 4)

Based on the above inequality, the SEA discards each candidate
matching blockX with |S7 — Sx| > MAD .., Which can save For two blocksX andY, let MAD (X, Y) be MAD(X™, Y"™),
a lot of search time. ie.
In this correspondence, a fast approach to motion estimation
called theblock sum pyramid algorithnBSPA) is introduced. The o
BSPA can achieve tr?ey same egtimatri?)n acc)uracy as FSA and SEA MADT(X.Y) = Z DX G y = YT )
while needing much less computation requirement than these two J=thh=t
algorithms. where X™(j, h) andY ™y, h) represent the values of thg, )th
pixels on X™ and Y™, respectively. Thus, on the top level,
MAD®(X,Y) = |Sx — Sy|. From the above definition, we have
the following theorem.
Theorem 1:

om gm

Il. THE BLOCK SuM PYRAMID ALGORITHM (BSPA)

A. Principles of the Algorithm . - . o
) . MAD(X,Y) >MAD" (X,Y) > MAD" “(X,Y)

As mentioned previously, the SEA uses the sum norm of a block 0w

as a feature to eliminate unnecessary block matches. Here, a more >+ >MAD(X,Y). ®)
efficient search algorithm, the BSPA, will be proposed by exploiting Proof: Since

the sum pyramid structure of a block to eliminate those impossible

matching blocks. An image pyramid is a hierarchical data structure MAD " (X, Y)

originally developed for image coding [19]. In the following, we will gt ymil

introduce the sum pyramid data structure first. — Z Z IX™ (a, b) — Y™ (a, b)]
Assume that each block is of siz€ x N with N = 2". Then, = o

for each blockX, a pyramid ofX (see Fig. 1) can be defined as a gm gm

sequence of block§X®, ---, X™ 1, X™, X™* ... X"} with = Z Z{|X""+‘ (25 —1,2h —1)

X™~! having size2™ ™' x 2™~" and being a reduced-resolution =1

version of X™. Note thatX° has only one pixel. A pyramid data —Y™2j — 1, 20 = 1)

structure can be formed by successively operating ovex 2 ] e . ol e )
neighboring pixels on the higher levels. That is, the value of a pixel +1X (2j = 1. 2h) =¥ (2j =1, 2h)|
X™=(4, j) on levelm — 1 can be obtained from the values of the + X724, 20 — 1) = Y25, 20 — 1))
corrgsponding 2<'2 neighboring p@xelg‘(m(m—l, 25—1), X™(2i— FIXTT2), 20) — YHL(2), 20)]).

1, 25), X™(2i, 2j—1),andX ™ (2i, 2j) on levelm. In other words, ’

X™~1(i, j) can be obtained byx ' (i, j) = f[X™(2i = 1, 2 — From (3) and the definition of the sum pyramid, for amy 0 <
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Fig. 2. Comparison of addition/absolute operations for the salesman image sequence.

TABLE |
PERFORMANCE EVALUATION OF VARIOUS BLOCK-MATCHING ALGORITHMS
Salesman Missa Claire Swing
Algorithm | DFD PSNR DFD PSNR DFD PSNR DFD PSNR
FSA 2.91 34.97 1.93 39.03 0.83 42.56 3.07 35.67
TSS 2.97 34.75 2.01 38.74 0.83 42.56 3.11 35.30
SEA 2.91 34.97 1.93 39.03 0.83 42.56 3.07 35.67
BSPA 2.91 34.97 1.93 39.03 0.83 42.56 3.07 35.67
m < n, we can get The proposed algorithm is a “coarse to fine” technique, which

can eliminate many search blocks without evaluating their MAD’s.
Since evaluating the MAD between two blocks needs more time

om gm

m+l/yv v my - _ymy s ) '
MAD™ (X, Y) > Z DX ) =Y ) than evaluating the MAD on the top levels of the sum pyramid,
7=1 ’1;1 ) the elimination of many blocks before their MAD’s are evaluated

=MAD™(X,Y). can save a great deal of time.

Since MAD(X, Y) = MAD"(X, Y'), we can easily obtain B. Calculation of the Sum Pyramid

MAD(X,Y)>MAD" (X, Y) > MAD"*(X,Y) In BSPA, the block sum pyramid of each candidate block in the
> ... > MAD°(X, Y) search area must be known. Assume that the size of the image frame
= = o is W x H. For each level of the pyramid, calculation of the sum of

With the above theorem in hand, we will begin describing th% x 2 neigh_boring pi'xels require8(1W — 1).(H — 1) aaditions.
However, using the idea for fast calculation of the sum norm

iif%o:—rzz BSPA first constructs thg sum pyramid pf every bIOccl?.(eveloped in [17], the complexity can be reduced t¢23& —1)(H —
ponds to a search position in the previous frame. o T .

. 1) additions for each level. If the block size is ¥616, i.e.,N = 16,
search for the. best m"’?tCh'”g block of a template blgckhe sum o o erhead for constructing the sum pyramid(@W —1)(H —1).
pyramld_ OfT_ is established. Then, thg MAD betweéh and.the Since there ar¢W/N)(H/N) template blocks in an image frame,
_block WIth displacement vector (_0,_ 0) is evaluated, and this Va|lfﬁe computation overhead for each template block is
is considered as the current minimum MAD, MAR. For any
other search blockX, the algorithm first checks the MAD on the 42W - 1)(H — 1)/[(W/N)(H/N)]
top level, MADY (T, X). If MAD°(T, X) is greater than MAR\,, = N*(8—4/W — 8/H +4/WH) ~ 8N>.
this block can be eliminated from being considered as the best )
matching block. Otherwise, the MAD on the first level is checkedince ?aCh block matching r?qu"ég operatio.r?s, the overhead is
If MAD (T, X) is greater than MAR.., for the same reason as@pproximately equivalent to eight search positions.
above, this block can be eliminated. If it is not, the second level
is tested. The process is repeated until this block is eliminated [ll. EXPERIMENTAL RESULTS
or the bottom level is reached. If the bottom level is reached, We have investigated the performance of the proposed algorithm
then MAD(T, X) is calculated and checked. If MAID, X) < by comparing it with the FSA, TSS, and SEA on a Sun SparcStation
MAD pin, the current minimum distortion MALR), is replaced with 20. The first 30 frames in four image sequences (salesman, Missa,
MAD (T, X). Claire, and swing) are used in the simulation. Each image frame is
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Fig. 3. Comparison of addition/absolute operations for the Missa image sequence.
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Fig. 4. Comparison of the number of blocks with prediction error greater than a thréBhofdr each 16x 16 block (7, is 512 for MAE).

of size 352x 288. The block size for motion estimation is ¥616. with prediction error greater thaf,, for the TSS algorithm is more
The search area is of size 25 15. The displaced frame differencethan that of the BSPA.

(DFD) [4] is used to measure the performance of the algorithms, and

is defined as

1

352 288 IV. CONCLUSIONS

e Z Z Ife(iy 5) — Feoali — u(iv §), 5 — (i, ]| A new approach to motion estimation, BSPA, has been presented

352 x 288 i=1 j=1 in the correspondence. The algorithm uses the block sum pyramid
where[u(i, j), v(i, j)] is the motion vector obtained at each poinfo ellmlnat_e unnecessary search positions. The BSPA can flnd_ the
G, ). global optimal solution and outperforms the SEA. The reduction

Table | shows the comparison results for the image sequermes‘ofncomputational requirements depends on the .characteristic of the
terms of DFD and PSNR. From this table, we can see that BSPR1aJe sequences. For an image sequence with a more complex
SEA. and FSA have the same estimation error, which is lower thRgckground, the reduction is much more than that for an image

that of the TSS algorithm. sequence with a simple background.
Figs. 2 and 3 compare addition and absolute operations for the
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