Rate distortion bounds for blocking and intra-frame
prediction in videos

Jing Hu Jerry D. Gibson
Digital Signal Processing Group Department of Electrical andh@ater Engineering
Cisco Systems University of California, Santa Barbara
jinghu@cisco.com gibson@ece.ucsb.edu

Abstract—Recently we proposed a block-based conditional frames as the product of the spatial correlation coef cieht
correlation coef cient model for natural videos in the spatial- these two pixels, as if they were in the same frame, and a
temporal domain. The conditioning is on local texture and ariaple to quantify the temporal correlation between these
the optimal parameters can be calculated for a specic video ¢ ideo f Th tial lati del f el
with a mean absolute error (MAE) usually smaller than 5%, WO VIO€O Irames. 1he Spatial correlation model Tor pIXels
We used this conditional correlation model and the classic Within one video frame is a conditional correlation modeleTh
results on conditional rate distortion functions to calculate conditioning is on local texture and the optimal parameters
new theoretical rate distortion bounds for videos which appar can be calculated for a speci ¢ video with a mean absolute
to be the only valid theoretical rate distortion bounds with o6 (MAE) usually smaller thafi%. We use this conditional
regard to the current cutting-edge video compression tectwlogies correlation model to calculate the conditional rate disbor
such as those standardized in AVC/H.264. In this paper, we i ] T . ]
focus on utilizing the new block-based local-texture-depedent  function when universal side information on local texture is
correlation model to derive rate distortion bounds for blocking available at both the encoder and the decoder. We demanstrat
and optimal prediction across neighboring blocks. We studythe  that this side information, when available, can save as much
penalty paid in average rate when the correlation among the 5q 1 pit per pixel for a single video frame and 0.5 bits per
neighboring blocks is discarded completely or is incorporeed ixel for multiple video frames. This rate distortion boumith
partially through predictive coding. We calculate the thresholds p p - C g )
in average rate and distortion when incorporating the corretion  local texture information taken into account while making no
among the neighboring blocks through optimal predictive cading assumptions on coding, is shown indeed to be a valid lower
becomes worse than completely discarding this correlatianWe  pound with respect to the operational rate distortion cuofes
also discuss the role of local texture in inter-frame predition. both intra-frame and inter-frame coding in AVC/H.264. The
results also suggest a potential coding ef ciency improgatn
in video codec design by involving texture information even
) ) o ) for inter-coded frames.

Parsimonious statistical models of natural images and |, this paper, we focus on utilizing the new block-based
videos can be used to calculate the rate distortion fumtiofbcal-texture-dependent correlation model to derive digtor-
of these sources as well as to optimize particular imaggn pounds for blocking and optimal prediction across heig
and video compression methods. Although they were stud|ggring blocks. The “blocking” scheme, referring to breakin
extensively in the 1970s and 1980s, the statistical modwls a5, image frame intd6 16 pixel MBs and processing one
their corresponding rate distortion theories have fallehibd \1g at a time. has been employed in the most popular image
the fast advancing image and video compression schemggjing standards such as JPEG and almost all video coding
of the past two decades. In this period, the emphasis @hngards such as MPEG-2/4 and the H.26x series [13]-[16].
rate distortion an_aIyS|s for images and_ wdgos has bee_n AN AVC/H.264 a new coding technique called intra-frame
setting up operational models for practical image and videgegiction is integrated to reduce the spatial redundancy i
compression systems to realize rate control [1]{7] and 8¢ intra-coded frames. Blocking and intra-frame predictio
implement quality optimization algorithms [8]-[12]. In&h paye opposite effects on compression ef ciency since btagk
meantime studying the theoretical rate distortion bourds fcompletely disregards the correlation among the neighigori
images and videos is often considered infeasible [9].  pjocks while intra-frame prediction restores, partialligjst

Recently we revisited the classic problem of developing gorrelation. With the new block-based local-texture-aefent
correlation model for natural videos by proposing a blocksgrrelation model, an explicit study of the rate distortion
based local-texture-dependent correlation coef cientleidor  penavior of these two key coding schemes is feasible. In
natural yideos in Fhe spatial—temporalldomain. We de ne thehis paper we study the penalty paid in average rate when
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I. INTRODUCTION



on local texture and the theoretical rate distortion bountth wia(y) + b(y) 1. (( «) quanties the temporal correlation
the local texture as the side information. This section endsd can be calculated by averaging the approximate temporal
on a discussion of the role of local texture in inter-frameorrelation coef cients™ ( kjy), over all local texturey's.
prediction. In Section Il we derive the rate distortion bdan

for the blocking scheme alone and in Section IV we derive the For each local texture, we choose the combination of the ve
rate distortion bounds for blocking and prediction acrdes t parameters, b, , and that jointly minimizes the MAE
blocks. These various rate distortion bounds are ComprEdHetween the approximate correlation coef cients, averaged
the operational rate distortion curves of intra-frame antdrt  among all the blocks in a video frame that have the same

frame coding in AVC/H.264 t_hrom_Jgh_out S_ections I-IV. Wejocal texture, denoted bys( i; jjy), and the correlation
F:oncluqle this paper and provide insights into future regearcoef cients calculated using the new modelg( i; jjy).
in Section V. These optimal parameters for one frame in Paris.cif and thei

corresponding MAEs are presented in Table I. (The local
textures are calculated for each one of the 4 by 4 blocks; the
available local textures are chosen to be those implemented
We assume that all pixel values within one natural videmm AVC/H.264; i and j range from 7 to 7.) We can see
form a three dimensional Gaussian random vector with merfrom this table that the parameters associated with the new
ory, and each pixel value is of zero mean and the same variarmedel are quite distinct for different local textures whitet
2. To quantify the effect of the surrounding pixels on theVMAE is always less tha®:05.
correlation between pixels of interest, we utilize the comcep
of local texture, which is simpli ed as local orientationei, TABLE |
the axis along which the luminance values of all pixels iN The opPTIMAL PARAMETERS FOR ONE FRAME INPARIS.CIF AND THEIR
a local neighborhood have the minimum variance. The local CORRESPONDING MEAN ABSOLUTE ERROREMAES)
texture is similar to the intra-prediction modes in AVC/H.264,
but with a generalized block size and an arbitrary number of 3 b NIAE
total tex_turefs. The block can have any rgctangular_ shape as texiure #0103 1061 07 00 1 06 [ 0022
long as its size is small compared to the size of the image. To lexiure #11 031 061 00 02| 00 0.024

Il. A TEXTURE DEPENDENT CORRELATION MODEL AND
THEORETICAL RATE DISTORTION BOUNDS FOR VIDEOS

Paris.cif

calculate the local texture of a block, we employ the pixels texture #2] 06| 0.3| 09| 0.0 | -0.1| 0.035
on the top and to the left of this block as surrounding pixels. texture #3| 0.6 | 0.3 0.9] -0.2| -0.1| 0.043
Once the block size and the available local textures are xed, texture #4] 0.6 | 0.3 | 0.7] 0.1 | -0.2| 0.034

the local texture of the current block is chosen as the one texture #5| 0.6 | 03] 0.7) 0.2 | -0.6| 0.028
texture #6| 0.6 | 0.4 | 0.5| -1.3| 0.4 | 0.026

thgt_minimizes the mean a_bs_olute error (MAE) between the texture 771 06 1041051 04 110030
original block and the prediction block constructed based o texture #81 06 1 04 061 04 | 0.1 1 0.046
the surrounding pixels and the available local texturess It
important to point out that even through we choose a very
simple and computationally inexpensive way to calculate th

local texture, there are other, more sophisticated schahes In Fig. fl we p.IOtAS(h b jjz) (S?O\Nn inhthel plli)tls_ ?]Sdihe.
doing so, as summarized in [17], which should produce ev%?lose surtaces, 1.e., the mesh surfaces t aF ook lighter wit
ewer data points ) ands( i; jjy) (shown in the plots as

better results in correlation modeling.
The following is the formal de nition of the new correlation
coef cient model that is dependent on the local texture.

the dense surfaces, i.e., the mesh surfaces that look darker
with more data points) of all the local textures for the same
image from paris.cif using the optimal parameters. We can
De nition 2.1: The correlation coefcient of two pixel S€€ that the new spatial cprrelation model QOes capture the
values within a digitized natural video, with spatial offsetd€Pendence of the correlation between two pixels on the local
i and j, and temporal offset k, is de ned as tgxture and_ ts_ _the average approximate correlation coef -
cients ~s( i; jjy) very well. In [18] we further compare
(i 5 Kiyny2)= s(C i; jiyny2) «( k):  (I.1) the optimal values of the parametaasb, , and and
their respective MAEs for different videos, different frasne

sC 1 Jivaiy2) s the sp.atla.l .correlatlon .coe.f.ment and throughout the same video, and for different block sizes and
(i jiviye) = s( 0 JiyD)+ sC 0y diy2). (11.2) different spatial offsets i's and j's.
S ) 1 - ) .
2 Having established the correlation model, we construct the
where video source in a framk& by two parts:X , as anM by N

Ly - i+ ij . block (row scanned to form aMN by 1 vector) andS, as
(1 )= at)+ byl @ T (1) the surroundingM + N +1 pixels @M on the topN tokthe
y1 andy, are the local textures of the blocks the two pixel¢eft and the one on the left top corner, formin@d + N +1
are located in, and the parametaasb, , and are by 1 vector). If we investigate the rate distortion bounds of a
functions of the local texturg. We restrictb(y) 0 and few framesky, kz, :::, ki, the video source across all these



texture #0 texture #1 texture #2

Fig. 1. The loose surfaces (the mesh surfaces that lookelighith less data points) ar@( i; jjy), the approximate correlation coef cients of two

pixel values in the rst frame from paris.cif, averaged amgahe blocks that have the same local texture; the densecssrighe mesh surfaces that look
darker with more data points) arg( i; jjy), the correlation coef cients calculated using the progbsenditional spatial correlation model, along with
the optimal set of parameters

frames is de ned as a long vectdt, where function in Eqg. (11.5) can also be expressed as
X
Vo= X580, Xy Sk, X s S T (4)  Ryy(D)= _ pmin Ryjy(Dy)p(y);  (11.6)
y oy yp(Y) D

y

For the local textures we use a variabfeto denote the and the minimum is achieved by adding &y (Dy), the
information of local textures formulated from a collectionindividual, also called marginal, rate-distortion furcts, at
of natural videos andY is considered as universal sidepoints of equal slopes of the marginal rate distortion figms,
information available to both the encoder and the decodére., when @Rus(By) e equal for ally and y DyP[Y =
We only employ the rst order statistics of, P[Y = y], i.e., y] = D. These marginal rate distortion bounds can also be
the frequency of occurrence of each local texture in therahtu calculated using the classic results on the rate distobtomd
videos. In simulations, when availabR[Y = y] is calculated of a Gaussian vector source with memory and a mean square
as the average over a number of natural video sequenegeor criterion, where the correlation matrix of the sourse i
commonly used as examples in video coding studies. dependent on local textuse

) ) ) ) In Fig. 2 we plot these marginal rate distortion bounds
The rate distortion bound of the video sourdewithout ¢4 the “rst frame of paris.cif. This plot shows that the rate

taking into account the textur¥ as side information, de- istortion curves of the blocks with different local textsire
picted byRno texturdD), is a straightforward rate distortion ey gifferent. Without the conditional correlation coefent

problem of a source with memory which has been studigfoqe| proposed in this paper, this difference could not be
extensively. The rate distortion bound with the local tegtur.cylated explicitly.

as side information is a conditional rate distortion prablef . . .
P In Fig. 7 we plot the two rate distortion boun&s,y (D)

a source with memory. It is de ned as [19, Sec. 6.1] and Rg texturdD) as dashed and solid lines, respectively,
Ryjy (D) = min (VY (I.5) as well as the operational rate distortion functionsirdgfa-
P(Yiviy):d(Li2iY) D frame coding in AVC/H.264, for the rst frame of paris.cif.
In AVC/H.264, for both intra-frame and inter-frame coding,
It can be proved [20] that the conditional rate distortionwe choose the main prole with context-adaptive binary
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Fig. 2. Marginal rate distortion functions for differentctl texturesRy jy = y(Dy), for a frame in paris.cif

arithmetic coding (CABAC), which is designed to generate \ p——— . P
the lowest bit rate among all pro les. Rate distortion optigdz 25 \ — Rﬁz:;auuho::::tzfrx;)ﬁmm S

mode decision and a full hierarchy of exible block sizesrfro — — = RD bound with texture info
MBs to 4x4 blocks are used to maximize the compression gai
For the rate distortion bounds, we choose the block size 16x:
and the spatial offsets as froml6 to 16.

Comparing the two rate distortion boun&sy v (D) and
Rno texturdD) as dashed and solid lines, respectively, foi
paris.cif in Fig. 7 shows that engaging the rst-order statts

average rate per pixel in bits
- &)

of the universal side informatiory saves at least 1 bit %%~ - Ry

per pixel at low distortion levels (distortion less than 25, | = TTU————o :ﬁ?___:t%?e___
PSNR higher than 35 dB), which corresponds to a reductic % 50 100 150 200 250
of about 100 Kbits per frame for the CIF videos and 1.5 average distortion per pixel

Mbps if the videos only have intra-coded frames and arfgd: 3. Comparison of the rate distortion bounds and the tipea rate
. stortion curves of paris.cif intra-coded in AVC/H.264

played at a medium frame rate of 15 frames per second. This
difference decreases as the average distortion increages b
remains between a quarter of a bit and half a bit per pixelell as the operational rate distortion functionsimter-frame
at high distortion level (distortion at 150, PSNR at about 26oding in AVC/H.264, for the rst few frames in paris.cif.
dB), corresponding to about 375 Kbps to 700 Kbps in bis shown in Fig. 4, the rate distortion bound without local
rate difference. Furthermore, the rate distortion bountieuit texture information, plotted as solid lines, are highemntha
local texture informationR no texturdD), plotted as a solid or intersect with, the actual operational rate distortionveu
line, is higher than the actual operational rate distororve  of AVC/H.264. The rate distortion bounds with local texture
of intra-frame coding in AVC/H.264 at all distortion levels. information taken into account while making no assumptions
The rate distortion bound with local texture informationgak in coding, plotted as dotted lines, are indeed lower bounds wit
into account while making no assumptions in coding, i.erespect to the operational rate distortion curves of AVC/H.264
Rvjv (D), as in Eqg. (I1.5), plotted as a dashed line, is indeegomparing the two rate distortion bound®y ;v (D) and
a lower bound with respect to the operational rate distortioR, texturdD) in Fig. 4(a) shows that by engaging the rst-
curves ofintra-frame coding in AVC/H.264. order statistics of the universal side informatignsaves 0.5

In Fig. 4 we plot the two rate distortion boun&s,jy (D) bit per pixel at low distortion levels (distortion less tha,
andRng texturdD) as dashed and solid lines, respectively, aBSNR higher than 35 dB), which corresponds to a reduction
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Fig. 4. Theoretical rate distortion bounds and the rateodish curves of inter-frame coding in AVC/H.264

of about 50 Kbits per frame for the CIF videos and 750 Kbpsr blocks are discarded completely. The basic set up for this
if the videos have a group of picture size equal to 2 and aeection and the next section can be summarized in the block
played at a medium frame rate of 15 frames per second. Thigagram in Fig. 5. In this block diagramd_denotes thev
difference decreases as the average distortion increages liy N block currently being processed in a video frame. The
remains 0.1 bit per pixel at high distortion level (distortiat surroundinM + N +1 pixels @M on the topN to the left
150, PSNR at about 26 dB), corresponding to about 150 Kbpad the one on the left top corner), denotedSyyare used

in bit rate difference. to form a prediction block for each one of the available local
Another interesting observation of Fig. 4 is that as morxtures, as
video frames are coded, the actual operational rate dmtort Z=X péA)g (1.7)

curves of inter-frame coding in AVC/H.264 become closer and

closer to the theoretical rate distortion bound when no textuwhereP{® is aM N by 2M + N +1 matrix, different
information is considered. This is because in AVC/H.2640r each local textureA is the local texture chosen for the
only the intra-coded frames (i.e., only tHs! frame in our current block which yields the smallest prediction ertdr.
simulation) take advantage of the local texture infornmatio@ndA are further coded and transmitted to the decoder, where
through intra-frame prediction, while the inter-coded fesm the predicted value is added in to obtain
are blind to the local texture information. Therefore, when %= 24 pla.
more frames are inter-coded, the bit rate saving achieved by = = d =
intra-frame prediction in th&st frame is averaged over a larger
number of coded frames. This suggests a possible codln
ef ciency improvement in video codec design by mvolvmg
texture information even for inter-coded frames.

(I11.8)

In this Section we use the separate distortion measubdé on
dS since in video coding each MB is processed sequentially
and only local distortion is considered. The rate distortio
bounds calculated using a separate distortion measurddshou
I1l. RATE DISTORTION BOUNDS FOR BLOCKING ONLY be slightly higher than those when a joint distortion measure

In this section we are interested in the penalty paid ifi" X ands is used.
average rate when the correlation among the neighboring MBsThe total rate to codX andS separately with a separate
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Fig. 5. Coding of oneM by N block X and the surroundingM + N +1
pixels S
distortion constraint can be calculated as
Rx (D)jXj+Rs(D)jSj.
Rujocking (D) = “PUSIZ 2N, (111.9)
which is simply the average of the rate distortion functions
of X and S. We plot Rpiocking (D) as dotted lines in Fig. (a) paris, block size 4x4

6 for two videos paris.cif and football.cif. Not surprisigg|

for both videos, codindgs and X separately costs more bits
than coding them jointly. We also nd out that the difference

in bit rate decreases as the block size increases, since for
smaller block sizes information on stronger correlatioroas

the blocks is disregarded. With the new correlation coefrti
model and the corresponding rate distortion curves, we can
calculate explicitly the bit rate increase caused by blogki

For example, this penalty is one sixth bit per pixel in thistpl

at all distortion levels in Fig. 6(a), which is quite signica

IV. RATE DISTORTION BOUND FOR BLOCKING AND
OPTIMAL PREDICTION ACROSS NEIGHBORING BLOCKS

In this section we focus on the scenario when the video
frames are processed block by block sequentially but the
correlation among the blocks is utilized through preditivrig. 6.  Comparison of rate distortion bounds for two videosispeif and
coding. We shall restrict ourselves to the separate distort football.cif
measure and therefo&is rst coded with no consideration of
X_. After thatZ andA are calculated through intra-prediction
in Eq. (I1.7). Therefore the rate distortion function fdrig
scenario is

(b) football, block size 4x4

. P = E[XSTjal(E[SS"ja]) ! assuming thaE (SS”ja) is
Rszia separately  withoury (D) = mlnp(gg:wif_iﬂzl D 1S9 non-singular. Since the source is assumed to be zero-mean
) ) 1(Z:A:2:A) /J(J.S.Jr X ) Gaugsjan, the optima! linear predi.ctor_is_al_so the optimal
P(2ajzias;8): E[“XTxiszl p == 12+ 12 conditional mean predictor. The optimality is in the senfe o
(IV10)  minimizing MSE of X. When the optimal linear predictor

If we restrict thatA = A, i.e., we code the local textur P is used, the cross-product term in Eq. (IV.12) disappears.

+min

losslessly, the second part in Eq. (IV.10) becomes Let
_ zz
My gaizias oy pretix iz o | (ZAZIA) = D¢= Pr(a  psiga)s 9 Py P& s)dsds
Moz assr EGX %32 0 ! @zin H(A()Ii/ll) a - (V13)
which forms an upper bound for all the scenarios wheis ~ Ed- (IV.12) becomes
coded either losslessly or subject to a delity criterionsal E[iXx Xjj?]=jzjDz + DY: (IV.14)

whenA = A, we have , o _ o .
. pige P ) @ (2) a2 SinceS is optimally coded without consideration &f as in
BlixX X"l o r(@EL(Z+ Pe™S) (Z+ Pi"9)ii%jal the rst part of Eq. (IV.10)DQ is xed as well. The constraint
= LPr(@ ., ,p(z2s sa) (2 2" (2 2+ on the distortion oZ becomes

@& 9PPTRME 9+2s 9TPMT (2 z)dsdsdzde: D, (XjD DY)5zj: (IV.15)
(IV.12) & =

In order to investigate the lowest rate when predictive

coding is employed, we use the optimal linear predictor An upper bound for Eq. (IV.10), depicted by



Ropt-pred-upperbounds thus Ropt- red-upperboun@) as in Eqg. (1V.16), plotted as a dash
dotted line, is a reasonably tight lower bound, especially at

' (IV.16) medium to high distortion levels. In Fig. 8(a) we plot this
jSiRs(D) + jARQA(%) + H(A) ' lower boundR ot pred-upperbourid®) (Ed- (1V.16)) and the
operational rate distortion function using AVC/H.264 for two
The conditional rate distortion functioRz;a (Dz) in Eq. other videos. We can see that although the lower bounds are
(IV.16) is again calculated based on the “equal slope” tor calculated based on only ve parameters generated from each
of the marginal rate distortion functiom®z;a-a(Da) [20]. In  video, they do agree with the operational rate distortionesir
this case since the actual local textukeis coded without of the corresponding video reasonably well. If we further plot
any loss, the exact statistics of A are available at both theese lower bounds as average rate per pixel versus PSNR of
encoder and the decoder; therefore, whether the unived®al sh video frame as in Fig. 8(b), the lower bounds appear to be
information Y is available or not becomes insigni cant. Thenearly linear which shows promises in codec design.
only complexity in computation is caused beca&{&S " ja)
is usually singular when the direction of the local texture is
DC, horizontal, vertical, or too close to horizontal/vertida
these cases we use the pseudo-inverse mati&(88 " ja) in
the calculation.
Ropt-pred-upperbour{@) is also plotted in Fig. 6 for
the two videos paris.cif and football.cif. As seen from this
gure, the bit rate decrease from the dotted lines (codihg
and X separately, Eqg. (111.9)) to the dash-dotted lines (the
upper bound of coding, Z and A separately with optimal
prEdiCtion’Ropt-pred-upperbour@)) is truly phenomenal in
both plots at low distortion levels. The bit rate differerise
about 1 bit per pixel for paris and between half a bit to 1 bit
per pixel for for football at distortion 25 (corresponding t Fig. 7. Comparison of the rate distortion bounds and the t¢iped rate
PSNR 35 dB). This bit rate saving decreases as the distortifortion curves of paris.cif intra-coded in AVC/H.264
increases, and interestingly, it vanishes for footballetain

distortions. This is because spending bits coding the IocaIW il " d block-based local-text
texture A losslessly becomes unjusti able at high distorti ¢ ulllize a recently proposed block-based local-texture-

levels. This is especially true when the bit rate is low angepende_nt correlatipn mode! o derive rate .distort_ion dsun
the processing block size is small. We can see that in F'\g&r blocking and optimal p_re(_jlctlon across neighboringcho
6(b) the dash-dotted line and the dotted line intersect at e study the pena_lty palgl In average rate when the correla-
distortion of about 180, corresponding to an average rate la?n among the nelghbpr|ng blocks 'is d|s_cqrded cqmpletely
0.4 bits per pixel. The average bit rate spent on coding e 1S incorporated part|a_lly through predictive .cod|.ng. we
local texture A losslessly is simply the entropy of A, divideqcalcmate Fhe thresholds In average rate an_d d|st9rt|on when
by the number of pixels per block, which is 16 in Fig. G(bjncorporatln_g the cor_re!atlon among the neighboring bock
since4 4 blocks are investigated. This average rate is aboﬁ}rough C_’p“m?' pred_lctlve codl_ng becomes worse than com-
0.2 bits per pixel, or 50% of the total average rate. This gletely dlscardlr?g _th's correlann._V\_/e also discuss the ro
to say that for this particular video football.cif, procedsn of Iocalltexture n mter-frame predlctlo_n - All of thgse résu

4 4 blocks, 0.4 bits per pixel is the threshold in averag re dgnved from a corrglapon model in the sanaI-tembora
rate that depicts when incorporating the correlation amo main O.f videos that is independent of any other speci ¢
the neighboring blocks through optimal predictive coding a deo <_:od|ng sche_me a_nd therefo_re are very different froen th
coding the local texture A losslessly, becomes worse th&peratlonal rate distortion analysis of videos.

Ropt-pred-upperbour®) = jg‘o+ljx_i

V. CONCLUSIONS
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