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Abstract—A novel image compression technique is presented MMMMMMMMM
that incorporates progressive transmission and near-lossless com-

pression in a single framework. Experimental performance of the A o o o o 0o o o o o A
proposed coder proves to be competitive with the state-of-the-art
compression schemes. A e e ° A
: . . A e * 0 e A
Index Terms—Near-lossless compression, probability mass esti-
mation, successive context refinement. A e o ¢ 0 O O & o o A
A e e O O *
|. INTRODUCTION @)
EAR-LOSSLESS compression techniques provide the 0X,_; OX,_, OX_,
guarantee that no pixel difference between the original
and the compressed image is above a given value [1, 6], while OXiy X X

lossless schemes result in reconstructed data that exactly
matches the original. Reversible integer wavelets are known
to allow for an integrated lossless and lossy compression (®)

scheme, though their performance remains inferior to tif&@.1. (a)Context pixels used inthe covariance estimation of the current pixel

state-of-the-art technigques such as context- i@ d denoted py and 0. The number of context pixelsis = 40, while the
q based adap ttlle@lghborhood pixels coudY = 6. (b) Causal (0) and noncausa) fieighbors

lossless image coding (CALIC) [2] Furt_hermore, N0 PreciSGine current pixel) used for probability mass update in the second and higher
bounds can be set on the extent of distortion at the intermedipasses.

stages of the decoding. Approaches to furnish near-lossless and
progressive character to these methods have resulted, so fapjxel. In the sequel, leX; ;, X; -,..., X; n denote random
inferior compression as compared to near-lossless compressianables representing the causal neighbors of the current pixel
in conjunction with predictive coding [1]. X; (the white circles in Fig. 1), and let;_1,z;_2,...,7i_N

The compression algorithm that we present incorporates tihdicate their realizations. To identify the value of the current
above two desirable characteristics, namely progressive recpixel within 6 counts of its actual value, we divide the support
struction and near-losslessness. We produce a bit stream thaoféhe current pixel’s pdf, say [0, 255], inB$+ 1-long intervals
sults in progressive reconstruction of the image. In addition, ve@d sort these intervals according to their probabilities. Then,
guarantee near-lossless reconstruction with respect to a givwenstart trying to locate the interval in which the current pixel
bound at each layer. We discuss the successive refinement kegl starting from the interval with highest probability.
probability density estimation schemes we use in Section Il.Let p;(«) denote the pdf of théh pixel at gray value:. Let
The proposed compression method is summarized in Sectiontile probability mass of the:th interval, of length2é 4+ 1 and

*Xi7 ®Xs ®Xig

along with experimental results. denoted by the upper and lower limits,,,, R,,], be p,, =
> ve(T., R, Pi(2)- If the pixel gray value is found in thisith
Il. NEAR-LOSSLESSSUCCESSIVEREFINEMENT intervalz € (L,,, Ry], the entropy coder is fed with bit 1,

otherwise with bit 0. After every success (the pixel value is in

L_os§less compression schem_e_s exploit CODFEXt mfo_rmaUqHat interval), we set the pdf to zero in the complement of the
which s represented by the conditional probabllltyden5|tyfunﬁiterva| ie.pi(x) = 0, € [Lm, Rn]¢. ON the other hand

tion (pdf) of a pixel given its neighborhood. Once this pdfis Ob'fter a failure the probability mass in the failing interval is set

tained, it can be used as a guide in determining the value Oi)aZero i.e.pi(z) = 0, z € [Lm, R, the pdf s renormalized

to mass of 1, and we proceed to look at the next highest prob-
ability interval. At the end of the pass, the maximum error in
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A. PDF Estimation in the First Pass: The Gaussian Model TABLE |
i COMPARISON OF THETHREE NEAR-LOSSLESSCOMPRESSIONMETHODS THE
We assume that for natural images, at a coarse level and ifscoresReEsULT FROM THE COMPUTED AVERAGES FOR THEENSEMBLE
a small neighborhood, context statistics are Gaussian and s@#-EIGHT IMAGES (BARBARA, BOAT, FINGER, GOLDHILL , LENA, MANDRILL,

. s . . . . . PEPPERS ZELDA). NOTE THAT THE FIRST ROW IN THE TABLE, 6 = 0,
tionary. Thus, we fit a multivariate Gaussian density function " -c00 o o GRESSIVEMODE WHERE THE MULTIPASS

and use linear prediction to predict thg pixel value given itS  ALGORITHM IS ARRANGED IN THREE STEPS SO THAT INITIALLY BINS OF

causal neighborhood of siz€, X; 1, X; o2,....X; Size 8 ARE CONSIDERER FOLLOWED BY A BIN SIZE OF 4, AND FINALLY
OF SIZE 1, RESULTING IN LOSSLESSCOMPRESSION THE REMAINING
N Rows CORRESPOND TOSINGLE-PASS MODE
Xi =) pilwig) +vi @) SPIHT CALIC Proposed
Jj=1

. Precision| bpp | PSNR | || | Bpp | PSNR| ||| bpp | PSNR | [if
where{3,}}_, are real-valued linear prediction coefficients o
the process, anft; } is an i.i.d. sequence of random variable’s =g 475 | o 0 463 | o 0 456} 0
having a Gaussian density with zero mean and variafic&he
minimum-variance linear unbiased estimagbe= [5; - - - 3n] 6=1 3.03 | 4775 1 4.62 |3.09 | 49901 30314989 |1
can be obtained by standard techniques [3], and the densit
X; conditioned on its causal neighbors is given by

55:3 1.94 | 42.07 | 10.13] 2.02 | 4221 | 3 1.94] 422313

6=17 1.12 | 37.59 | 18.38] 1.22 { 36.10 | 7 1.12] 36.16 |7

P($i|$i—17 Li—2y0- 7351‘—1\")
1 1 ol :
= 5=y O | - <2—2> zi— > Bi(wisj) . (2) not based on the exact pixel values (which would not be avail-
el g

j=1 able at the decoder site), but on their less precise values re-
sulting from quantization with step sizg in the first pass.
Thus, we regress on the “quantized” version of the context pixels

B. PDF Updates in Refinement Passes X1, Xi_o, ..., X;_n in (). In other words, we substitute

%’Seach pixelX; «— Midpoint, . ......|.X;| the midpoint of

B

In a multipass scheme, where pdfs are updated in each . I LoEe X
P b b b -interval within which itis found. When the correctinterval

we drop the Gaussian assumption in later passes and use ) . e o L .
causal and noncausal neighborhood densities. Obviously, t et(_armm_ed in the first “Gaussian pass, th_e p|xelsmaX|mum
causal ones ( having been just updated) are more precise, whll®' IS¢, s_mce)\l _:_26 + 1. Though the initial _Gau_55|an pdf
the noncausal ones (yet to be updated) are less precise, buﬁ&%nateuw'_” be r10_|3|er as aconsequence of m|dp0|nt-quant|za-
still useful. Our pdf update is based on the-norm estimate of tion, the “missed” information will be recovered later using pdf

the current pixel’s pdf using the pdfs of the causal and noncauggpates as in Section II-B. But the pdf updates necessitate that

neighborhoods. Let!(x) denote the probability mass function’/€ Pass over the image more than once; hence, we call it the

to be estimated given the causal and noncausal distributi(gﬂglt'p""Ss mo(;j_e c::]c?_mpt)ressmn. Thtust, t?]ﬁer all th(;a plxelf ha\;_e
{pi—j}f;l- Minimizing the average difference &F ,(pi(x) — een scanned in the first pass, we start the second pass to refine

pi_;(x))? subject to the constrainf pf(x) = 1 and using the supports of the gray levels, to sizeand successively all the

Lagrange multiplie](§, we then have the updated pdf estim il gvt:)‘f’ using the minimum-norm pdf update rule described
pi(xz) = (1/1)(3_;=; pi—;j(x)) whereT is the normalizing ' L

constant. Implicit in this sum is an interval-censored addition %1; Thetglec;)dder (rﬁver;%s thedozeratlons n thef encoder. Baseddfo_rll
the pafs involved, e.,ifthe neighboring pd (say. (x)) does (e estimated pdf and decoded sequences of successes and fai-
not overlap with the intervelX; , X3] of the current pdp; (), ures, ; ?th uppt)_ ted pdf ltJh . tplx II u .t dl I'th
which is being estimated, then it has no contribution on the essqppf)tr ?h ne esb'rgf'jll_te pat, edlrt1herva S arte_ stor € I .W'f red-
timate. In other words, ip;(x) has an empty bin, it will veto Spec g e('jr %rc; f”ll ||ym§ss, an ecortrecv\l/%erva IS tﬁund
anyconirution o tar i om i nigors (). — U505, o004 (e 00 sucess v Wneneve e
L., N. Otherwisep;(z) is updated from the correspondlngmterval is discarded, with the refining continued until the cor-

bins of the neighboring,_;(z), 7 = 1,..., N. Notice that this . .
method of summing neighboring densities gives more imporﬁCt mterval is reacheq. The reconst_ructed value <_)f the current
el is taken as the midvalue of the interval reporting success.

tance to the more precise pdfs in the causal neighborhoodsp| th forman f our algorithm. w mpare it
fact, the causal pdfs will be concentrated in narrower supports 0 assess the performance ot our algo ; We compare

after the latest pass, while the noncausal neighborhoods h 'tg algorithms for CALIC [2] and set partitioning in hierar-

more dispersed pdfs over a larger support, since their upda‘f gcal tre_es (SPIHT) [4]. For the _S'm“'a“o_” tests, we L.JSEd a
are yet to occur. context size of = 40 and the prediction neighborhood size as

N = 6inFig. 1. The multipass algorithm was arranged in three
steps with initial bin size of 8, followed by bin size of 4, and
finally 1. Compression results are given in Table | where we list
In the multipass procedure, we refine the interval of the pixbit rate, PSNR, and maximum error magnitiidé.., for the pa-
value with increasing precision, i.e., decreasing uncertainty irameters) = 0 (lossless)y = 1, 6 = 3, andé = 7. The results
tervalsiy, ..., Ay. We first estimate the Gaussian pdf as in (2)ndicate that the proposed coder has better lossless performance

I1l. THE COMPRESSIONMETHOD
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than SPIHT and CALIC. It also has better rate distortion perfor- [2] X. Wu and N. Memon, “Context-based, adaptive, lossless image

mance than SPIHT for bounds= 1, § = 3in PSNR, anq||e||oo coding,”|EEE Trans. Communvol. 45, pp. 437-444, Apr. 1997.

L . . [3] N. S. Jayant and P. NolDigital Coding of Waveforms Englewood
criteria. Asé increases to 7, SPIHT starts to catch up with the ™ s 'NJ: Prentice-Hall, 1984.

proposed coder in PSNR, but at the same timddts,, score [4] A. Said and W. A. Pearlman, “A new fast and efficient image codec
is two to three times Iarger than that of our algorithm or that of based on set partitioning in hierarchical treed§EE Trans. Circuits

L L . Syst. Video Technglvol. 6, pp. 243-249, June 1996.
CALIC, resulting in objectionable quantization errors. The rate 5, L_yKarray P, Duha?’nel andppo. Rioul, “Image coding with aft norm

distortion performance vis-a-vis CALIC improves as the bound  and confidence interval criterialEEE Trans. Image Processingol. 7,
gets higher. pp. 621-631, May 1998.
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