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Abstract—This letter presents a novel Backward Adaptive [8][9]. The fast search technique is normally applied in BMA
pixel-based fast Predictive Motion Estimation (BAPME) scheme to obtain a tradeoff between the number of search steps and
for lossless video compression. Unlike the widely used block- motion estimation accuracy, but we use it in PBA not only to
matching motion estimation techniques, this method predicts the . . . .
motion on a pixel-by-pixel basis by comparing a group of past reduce t_he_ compl_exny but also to increase the p_re_dlctm_m-ac
observed pixels in two adjacent frames, eliminating the need of racy. This is possible due to the directional predictionction
transmitting side information. Combined with prediction and a  given by the initial motion vector prediction and the diardon
fast search technique, the proposed algorithm achieves better search. Experimental results show that BAPME achievesiett
entropy results and significant reduction in computation than zero-order entropy than the pixel-based Full Search (F8) fo
pixel-based full search for a set of standard test sequences.

Experimental results also suggest that BAPME is superior to a_ se.t.of standard test sequences. Moreover, BAPME performs
block-based full search in terms of speed and zero-order entrgp ~ Significantly better and faster than block-based full seafte
reduced complexity and simple calculation involved make ou

Index Terms—fast search, lossless video compression, motionSCherne Su'tat?le for ha}rdware |mplementat|o.n. .
estimation, pixe|_based prediction’ predictive search. This letter is Ol’ganlzed as follows. Section Il describes

the proposed pixel-based fast predictive motion estimatio
Sections 1ll and IV give the experimental results of our
|. INTRODUCTION algorithm and the comparison with other algorithms, as agl|

Many motion estimation schemes [1][2][3] are based die complexity analysis. Conclusions are drawn in Section V
Block Matching Algorithms (BMA). They divide each video
frame into blocks and search the reference frame for thekblot. PIXEL-BASED FAST PREDICTIVE MOTION ESTIMATION

that most closely matches the block to be coded in the currentrpe proposed motion estimation scheme is conducted on a
frame, using certain matching criteria. These schemesirEequixe|_by_pixe| basis. Although most research effort noaysl
transmission of side information indicating the motiontees. tends to use BMA, there are some natural difficulties in block
Alternatively, pixel-based algorithms (PBA) [4][S][6]&re matching. First, the irregular shapes of the video objectkem
used to avoid including motion vectors in the output fileshe division into blocks difficult; second, the rigid motion
While PBA is capable of delivering good motion predictioffe.g. rotation and zoom) and nonrigid motion (e.g. elastic
accuracy, its high complexity makes it less popular than BMAyr deformable motion) are hard to model by rigid blocks;
In this paper, we propose a new Backward Adaptive pixehird, the transmission of motion vectors is undesirable. T
based fast Predictive Motion Estimation (BAPME) scheme ffircumvent this, we introduce a fast pixel-based schemelwhi
lossless video compression. Our goal is, without transmgitt preserves the simplicity of block-matching, and achieetse
any overhead, to obtain high motion prediction accuracyotion accuracy without sending any side information. It
which is essential for lossless compression, and to redugerks in two stages: initial motion vector prediction andtfa

the complexity so that it is practical and hardware amenablsarch. We describe them in the following two subsections.
BAPME works in two stages. Firstly, an initial motion vector

of the current pixel is predicted with our new predictio . . -

scheme. Secongly, startigg from this initial motion F\)/e,c\‘l(me 'h. Initial Motion Vector Prediction

employ a target window, which is the neighborhood of the The first stage of the proposed scheme is initial motion
current pixel, to search within a certain range in the prasio Vector prediction. Motion vector prediction has been used t
frame and locate the motion vector that minimizes the Suffiduce search steps in block-matching algorithms. However
of Absolute Differences (SAD) between the target window&e use it in pixel-based method not only to speed up the search
in the previous and current frame. Besides the prediction &It also to make better motion prediction and to reduce the
in the first stage, the novelty of BAPME is that its search #kelihood of being trapped in a suboptimal minimum point.

conducted on an enhanced fast Diamond Search (DS) patterin€re are some analyses on the average motion vector prob-
ability for block-matching algorithms in the literatureQJ{11].
The authors are with the Department of Electrical and Eledatro It is revealed that using full search with SAD as the block
ET‘giI’.‘eeC”h”g' Lé”.“’erISiW Iff NE_‘”hSIO"C Bristol, D8 U8 LjKL Sﬂa”: distortion measurement, for CCIR601 RGB sequences there
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A A {5 A - T~ sequence] MVi | MVpei | MV | MVo | none

- 5 Football | 68.37 | 6101 | 56.60 | 19.53 | 20.54

@ - Mobile 67.61 | 57.33 | 55.66 | 4.41 | 20.77

| p— p— Susie | 6151 | 51.47 | 4594 | 7.72 | 25.82

Missa 54.74 40.86 36.86 | 8.35 | 31.62

Fig. 1. Search Ar-  Fig. 2. Neighbor Predictor as initial MV of pixel Claire 7290 | 66.68 | 5541 | 44.74 | 16.19

eas: cross, diamond  p; (x, y). The motion vector op; (x, y—1) is chosen Average | 65.03 | 55.47 | 50.09 | 16.95 ] 22.99

and square region if pi(z,y) = pi(z,y — 1), see Sec. II-A 2).

3) Median predictor. Due to the continuity and smoothness

51.85% on the square region within a small absolute distance  of motion in most sequences, we take the median value
For CIF and QCIF sequences, MVs concentrate even more on  of the MVs of the pixels to the west, north and northeast
the cross region. These analyses suggest that most of the mo- of the current pixel as predictav/ V.

tion
and
this,

in natural sequences at 30frames/sec is slow and smootl) Center predictor. There are often static areas in a video
MVs are often center-biased and cross-biased. In light 0 and the above analysis shows that MV is often center-
we design a set of four MV predictors — west, neighbor, biased, so we usf),0) as an initial MV predictor.

median and center predictof X/ Vi,, MVyei, MVin, MVo}).  Having determined the candidates of initial MV, we choose

Among them, the neighbor predictor is newly designed affle initial MV with the minimum SAD in the target window.
the other three have been introduced in literature. Here we

assume that each frame is scaned in RASTER order and pixels MV init = argmin g, SAD(tw) 1)
above and on the left of the current pixel are known. tw denotes the target window in the pixel-based motion

1)

2)

West predictor. Based on a commonly agreed conclusiestimation and will be defined in the next subsection.

that the motion in the horizontal direction is much Table. | shows the average probability of these initial MVs
heavier than that in the vertical direction for naturabeing the final chosen MVs after motion estimation and
sequences [12], we take the MV of the pixel to the weste probability of none of them being the final one. If the
of the current pixel MV, as one of the predictors.  probability is high, we regard the predictor as good because
Neighbor predictor. This new predictor makes use of ths it gives goodMV,,;; prediction; b) it saves search steps
intraframe spatial correlation among pixels for motioin the next stage. Tha/V,, has the highest probability, and
estimation. It is based on the assumption that if th&/V/,,.; comes second. Although sometimes the MVs from
current pixel belongs to the same object with one of itgifferent predictors are the same, ed.V,, = MV,,, our
known neighboring pixels, they are very likely to movescheme can be more robust if it keeps the whole prediction
together from the previous frame, in other words, bset, especially when dealing with more complex motion. The
in the same relative position in the previous frame. Asrder of the predictors is arranged according to this pritibab
illustrated in Fig. 2, for example, if pixel;(z,y — 1) is  from high to low, so as to reduce the number of search steps in
identified as being in the same group with the curremite fast search. Applied on the test sequences, this piadict
pixel p;(x,y) in the current framei, we predict that contributes a 0.06bpp (bits per pixel) reduction to the atr
pi(x,y) moves together withp;(z,y — 1). So the MV on average comparing with the same setup without prediction
of p;(z,y — 1) is chosen to predict the MV af;(x, y).

However, to define which neighboring pixel is in thes pjxel-based Fast Search

same group W'th the current plx_el 'S a problem. Based As distinct from the pixel-based full search predictor ify [7
on the observation that pixels in the same group are

generally connected and have similar color or brightnes\’\s'e propose to conduct pixel-based prediction on a fast searc

represented by pixel intensity, we decide whether pattern in the second stage of our scheme, with the initial

a . : .
neighboring pixel (west, northwest, north and northeag%onon vector from the first stage as the search center. This
to the current pixel) is a “pair” with the current pixel

new approach enhances the accuracy of pixel-based pmdicti
by comparing their intensity, and the one with smalle§

The proposed predictor usegaxget window to investigate
) . . - 1he motion between the current framand the previous frame
difference is chosen. Since the value of the current pixe

(z.y) is unknown in a backward adaptive schem I-1. We define thetarget window as the upper-left pixels of
]vg\;exégnsider makina a aood prediction F;( ) and $he current pixep;(x,y), as in Fig. 3 (a). The target window
gadg P P,y size can be adjusted. Our experiments on the test set show tha

using the predicted valug;(x,y) for the comparison. : . . ; . .
The Gradient-Adjusted Prediction (GAP) from CALICChOOS'ng 18 neighboring .plxels is adequate and gives the bes
results compared to a bigger or smaller target window. For

%s]alc?ogfirtytoefpf)ergg\ifp-l(nx S?Sat:\?cl)tgr;]d;tl:(;?r’]gaxsT)?g_ceeach pixel to be coded, the predictor searches within search

diction does not put more burden on the computationranEWXH in framei-1 for the target window which obtains

complexity since there are often areas where temporafa minimal SAD, given by

prediction does not perform well and spatial prediction SAD(tw) = Z Ipi(z,y) — pii(z +m,y+n)| (2)
is an alternative in a complete video coding system. (z,y)Etw
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Fig. 3. Pixel-based adaptive motion estimation, see Sec. (&BTarget window (b) Diamond Search Pattern

: TABLE I
wheretw denotes thearget window, andp;(z,y),pi—1(%,¥),  zZero-ORDERENTROPY OF DIFFERENT PIXEL -BASED ALGORITHMS, IN
(z,y) € tw denote the pixels in the target window in frarne BITS PER PIXEL(BPP)
and framd-1, respectively. Motion vector of the target window
is denoted by(m,n), in the region—W/2 < m < W/2, sequence] FS | HEXBS | DS [ BAPME
—H/2 < n < H/2. Using SAD as the criteria of selecting Football | 491 525 [505] 491
the best predictor is due to its simplicity in computatiordan Mobile | 456 460 |4531 447
est prealt : plicity In computa Susie | 3.68| 3.82 | 3.71| 364
effectiveness in our experiments. The predicted:, y) is Missa | 3.66 | 3.71 | 3.63| 3.66
Clare | 259 | 252 | 252 | 252
pi(z,y) = pi—1(xz + mo,y + no) 3) Average | 3.88 | 3.08 | 3.90 | 384

where(mg,ng) is the chosen motion vector of(z,y).

However, the computational complexity of pixel-based FBS. Table Il shows that HEXBS and DS sometimes outperform
impedes its wide application in video coding. We considéfS, which does not occur in block-matching algorithms. This
applying the pixel-based predictor on a fast search patternis because in BMA FS always obtains the global minimum
the target window only examines a few search points insteador of each block and these error are directly coded, which
of exhaustively examining every position within the searchaturally leads to minimal entropy. However, in PBA, altgbu
range. Although many advanced fine-tuned fast search pattefS can always obtain the minimum SAD, it does not guarantee
have been proposed, we choose the simple DS pattern fortte best prediction since the target window does not include
a very large portion of “best motion vectors” resides on ththe pixel to be coded and the minimum SAD might be located
cross area [11], which is covered directly by the DS patterat a suboptimal point. On the other hand, HEXBS and DS
b) the DS pattern covers eight directions with similar stegan estimate the motion directions, and BAPME even takes
size so that the evaluation of different directions is adéeju advantage of the intraframe spatial correlation to helphwit
c) it can achieve good accuracy with small amount of searaofotion estimation, resulting in the best performance ambag
steps. With the initial MV as search center, the target windofour. Compared the performance of DS and BAPME, we can
is checked on the large DS pattern first, as in Fig. 3 (b). #lso see the improvement brought by the initial MV predittio
the MV that minimizes the SAD is not at the center, movin [7] there is a refined search approach using initial MV
the center to the minimum point and carry on searching unsihd smaller target window but for FS without prediction. The
the best MV is found at the center. Then a one-step smatimplete video compression system with BAPME has 0.11bpp
DS pattern is applied and the MV that minimizes the SAlmprovement on average over [7] on a set of YUV sequences.
is chosen, agmg,ng) in Eq. 3. The benefit of this method, We also compare BAPME tblock-based FS with different
especially when combined with prediction of the initial oot block size. The search range of both 4s32. Table Il
vector, is not only reducing the complexity, but also pravid indicates that the compression ratio of BAPME is placed
directional prediction on the object movement in the videdetween block sizd6 x 16 and 8 x 8, before taking into
The performance results in the next section demonstrate ttaccount the side information for encoding MV in a block-

based scheme. The uncompressed side information requires

1. PEREORMANCE COMPARISON 2l0go (2 x search_range)/(block_size)? bits per pixel. If the

Since BAPME is designed for lossless video compressiofﬁlge;nmfg:zftg;nb'i‘:’scfemEirreesdsﬁg’ seﬁgmﬂ;n\]:'alztﬁ:ﬁl a?nmol[fr],
the most straightforward way to evaluate its performance is q )

: experiment BAPME is superior to conventional block-based
to calculate the entropy of the sequence residue after mot|'9S algorithm in terms of overall zero-order entropy
estimation. First, we compare BAPME with othaixel-based '

motion estimation methods on the green color components of

a set of CCIR601 RGB sequences in Table Il. FS, hexagonal- IV.  COMPLEXITY ANALYSIS

based search (HEXBS) [14] and DS are chosen for comparisorPrevious research favors BMA over PBA for video coding,
because of their benchmark status as search patterns. ftostly because of the simplicity and speed of BMA. Here we
search range is restricted t832 and our experiment showsdemonstrate in Table IV that the proposed pixel-based sehem
that enlarging the search range does not improve the resultéan also “enjoy both worlds” of being effective and efficient



TABLE IV
COMPUTATIONAL COMPLEXITY COMPARISON OFBAPME AND BLOCK-BASED FULL SEARCH, ON AVERAGE

sequence| BAPME BAPME FS computation| FS computation SIR SIR
search points| computation (£16) (£32) (£16, in %) | (£32, in %)
Football 15.01 270.13 1089 4225 75.19 93.61
Mobile 15.37 276.62 1089 4225 74.60 93.45
Susie 15.65 281.75 1089 4225 7413 9333
Missa 17.48 289.96 1089 4225 73.37 93.14
Claire 14.55 261.96 1089 4225 75.94 93.80
Average 15.34 276.09 1089 4225 74.65 93.47
TABLE Il . . .
ZERO-ORDERENTROPY COMPARISON OFBLOCK-BASED FSWITH the pl_xe_l-based full search in our experiment. Because we us
DIFFERENTBLOCK SIZE AND THE PROPOSEDMETHOD, IN BPP “prediction” rather than “matching”, the initial motion gtr
prediction and the diamond search provide better estimatio
sequence] 16x16 [ 8x8 [ 4x4 [ BAPME on motion direction and reduce the chances of the motion
Footbal | 5.25 +0.02] 4.68 +0.11] 454 +0.62] 4.91 vectors being trapped in a suboptimal point. BAPME also
Mobile | 4.54 +0.01| 4.44 +0.09| 4.12 059 4.47 biains bett : tios than block-based FS wh
Susie 3.81+0.03| 3.64 +0.14| 3.22 +0.67| 3.64 Obtains betler compression ratios than block-base when
Missa 3.87 +0.03| 3.65 +0.16| 3.12 +0.71| 3.66 taking into account the side information. Moreover, BAPME i
Claire 2.56 +0.01] 2.48 +0.09| 2.11 +0.60| 2.52 faster than block-based FS especially when the search range
Average | 4.01 +0.02] 3.79 +0.12] 342 +064] 384 large, and its simplicity in computation allows for its hamte

implementation. Although mainly designed for losslesswid

. . mpression, w nj re that BAPME can in
We compare the computational complexity of BAPME ana0 pression, we conjecture that can be adapted

) ) ear-lossless or lossy compression. It can also be extended
block-based FS in Table IV. The number of search points per _ .. i . : : L
pixel in BAPME is calculated by fractional pel accuracy and combined with spatial préaiict

into a complete video compression system.
SPpapvE = SPinit + 8+ M x (Sgs —1)+4  (4)
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