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A Two-Layered Wavelet-Based Algorithm for
Efficient Lossless and Lossy Image Compression

Detlev Marpe Member, IEEEGabi Blattermann, Jens Ricke, and Peter Maal3

 Abstract—in this paper, we propose a wavelet-based methods like CALIC [25] or JPEG-LS [23] rely on a so-
image-coding scheme allowing lossless and lossy compresphisticated design of suitable predictors and of appropriate
sion, simultaneously. Our two-layered approach utilizes the best giatistical models. However, recently a number of competitive

of two worlds: it uses a highly performing wavelet-based or | | . di techni . ible int
wavelet packet-based coding technique for lossy compression in OSSIESS Image-coding 1echniques “using ' reversivie Integer

the low bit range as a first stage. For the second (optional) stage, Wavelet transforms have been proposed [2], [11], [19], [27].
we extend the concept of reversible integer wavelet transforms Among these new lossless image compression algorithms
to the more flexible class of adaptive reversible integer wavelet agre some coding techniques, like-B [19], CREW [27], and
packet transforms which are based on the generation of a whole the JPEG-2000 image-coding system [2] which, in addition,

library of bases, from which the best representation for a given I | tructi t of bedded ed
residue between the reconstructed lossy compressed image and*'OW '0SSYy reconstructions out of an embedded organize

the original image is chosen using a fast-search algorithm. We bit-stream. This property along with the multiresolution nature
present experimental results demonstrating that our compression of the underlying wavelet representation is useful especially for
algorithm yields a rate-distortion performance similar or superior  fast previewing of losslessly compressed images in archiving

to the best currently published pure lossy still image-coding 4npjications as well as for progressive transmission of image
methods. At the same time, the lossless compression performance

of our two-layered scheme is comparable to that of state-of-the-art material in telemed|c§\| scenarios. .
pure lossless image-coding schemes. Compared to other combined Although the combined lossless/lossy coding schemes have
lossy/lossless coding schemes such as the emerging JPEG-20G0 lossless coding performance comparable to that of the best-

still image-coding standard PSNR improvements up to 3 dB are known pure lossless schemes, they cannot compete with current
achieved for a set of standard test images. state-of-the-art pure lossy stillimage coders. Our approach aims
Index Terms—Best-basis algorithm, lossless image coding, lossyto bridge the gap in lossy coding performance between simul-

image compression, wavelet transform. taneous lossy and lossless coding techniques, on the one hand,
and pure lossy compression schemes on the other, while main-
I. INTRODUCTION taining the same high performance in lossless coding mode as

other lossless/lossy algorithms (like-8). This objective is re-
I N THE past few years, wavelet-based methods have begpyed by using a two-layered approach. The first coding layer of
successfully used for all sorts of lossy image compressigfyr proposed algorithm uses an appropriately chosen biorthog-
High coding efficiency, multiresolution image representatiopna| wavelet or wavelet packet transform, uniform quantization
and rather moderate computational complexity are the mgiq the (pre-)coding method of partitioning, aggregation, and
striking attributes of these new methods. Current internationgdnditional coding (PACC) [12]. In the second layer, the residue
standardization activities for still image coding (JPEG-200@ken between the original image and its lossy reconstruction is
[1]) and for video coding (ITU-H.26L [3], MPEG-4 [4]) are coded using an adaptively chosen wavelet packet basis gener-
under way, which are likely to incorporate various lossy codinged from an appropriately pre-defined integer wavelet kernel.
techniques using wavelet transforms. ~ Ourapproach follows the observation that, in general, a single
Lossless image compression, on the other hand, is sfjlivelet and its fixed related basis do not offer an optimal rep-
of some concern for special applications such as medical i@gentation both with respect to lossy and lossless coding per-
satellite imaging where either legal or technical constraifi§rmance. In a recent study [6], it has been shown that other
exclude any loss of information. Algorithms for this type ofypes of wavelets than the popular 9/7-tap biorthogonal filter [7]
image compression usually are based on predictive techniggggmonly used in lossy image compression systems show sig-
in the spatial domain. The most efficient lossless image-codigicantly better performance in lossless coding schemes such as
S+P. Vice versa, the best losslessly performing integer wavelets
do not yield a sufficiently high energy compaction to compete
Manuscript received July 1999; revised April 2000. This paper was recolith state-of-the-art filter banks in the lossy domain. Thus, we
mended by Guest Editor Y.-Q. Zhang. draw the conclusion to break the coding process into two layers,
D. Marpe and G. Blattermann are with the Image Processing Departmeagfihere in each single layer, we have the freedom to choose an ap-

Heinrich-Hertz-Institute (HHI) for Communication Technology, Berlin, Ger- . . . .
propriate wavelet filter and/or basis representation.

many. X . o
J. Ricke is with the Department of Radiology, Charité, Humboldt-University, The presented work is in the same spirit of so-called
Berlin, Germany. , . “lossy-plus-residual” methods, as proposed in [15], [22].
P. Maal is with the Department of Mathematics, University of Bremeré . h di | ith Li
Bremen, Germany. ut, in contrast tlo_t ese coding a.gorlt ms, our proposal is
Publisher Item Identifier S 1051-8215(00)08202-1. based on an efficient multiresolution representation. which

1051-8215/00$10.00 © 2000 IEEE



MARPE et al: TWO-LAYERED WAVELET-BASED ALGORITHM FOR EFFICIENT LOSSLESS AND LOSSY IMAGE COMPRESSION 1095

|

Imput Image W/WPfor the two-layered approach with a fixed wavelet (W)
] ‘ il H ¢ Precocer }“ ? representation in the lossy coding layer and an adaptively
! chosen wavelet packet (WP) basis in the lossless coding stage,
. m whereas the scheme operating with an adaptive wavelet packet
chwJL owT H bea i 15~  transform in both the lossy and lossless coding stage is denoted
Fise  [Reconstrucion ; |stream by WP/WP
Layer
[
Second E lll. THE BEST-BASIS FRAMEWORK

In this section, we first give a brief review of the concept
of adaptive wavelet packet representation using the best-basis
Fig. 1. Schematic representation of the proposed two-layered compres§tfOrithm. We further outline a Lagrangian optimization tech-
scheme (W/WP). nigue which is useful in the context of lossy WP-based image
coding, and finally introduce a simplified realization of this

permits progressive transmission, decoding, and inspectig@werful technique.

by spatially scalable resolution. In addition, our algorithm

is supplied with a built-in mechanism of adaptation to thA. Wavelet Packet Representation and Best-Basis Search

user-defined switching point between the two coding layer8|gorithms

thus compensating to a large extent the main weakness of thgsiven an input imagd and a wavelet kernel,e., a pair of

aforementioned lossy-plus-residual methods, which consistyd. and high-pass filtersi{, G), the construction of a library

a strong dependency of the lossless compression performagegeparable wavelet, packet bases is performed by iterated ap-

on the quality of the lossy reconstruction. _ _plication of (H, G) on rows and columns of, subsequently
This paper is organized as follows. In Section II, a brigbg). At each iteration step, four subbands are generated out of

overview of our proposed coding method is given. The k&ygiven subban#¥; ;. according to the recursive relation

technique of adaptive wavelet packet transforms, and its real-

ization with the help of fast search algorithms is the main topigy, , — W, 4 & Wiy ans1 © Witt, anre ® Wigt, anss

of Section Ill. Section IV contains a detailed description of the (1)

lossy coding stage of our two-layered scheme with a specighere0 < 7 < L and0 < k < 4'. The collection of all subband

emphasis on a proposed method of adaptive dequantizatipftompositions of for a given maximum decomposition level

which have not been pub|IShed preViOUSIy. The methods Useq'/thrmS a full balanced quadtree of demh where each sub-

losslessly encode the residual image are discussed in Sectioftdé covering the root corresponds to a so-called wavelet packet

In Section VI, we present simulation results for a compafasis. Thus, we have a one-to-one correspondence between the

ison of our proposed algorithm with current state-of-the-af|| depth-L quadtree of subbands of a given imagand a li-

image-coding methods along with a brief discussion on somgary of WP-bases, (1). The standard wavelet basis which is

aspects regarding the computational complexity of our prgsjated to an octave band tree generated by an iterative decom-

——
Residual Imag

|

posed method. Conclusions can be found in Section VIl position of the low-pass barid; , is, for instance, a particular
member of this library.
[I. OVERVIEW OF THE PROPOSEDIMAGE-CODING SYSTEM Due to the tree structure of the WP librat, = Br(I),

In Fig. 1, a block diagram of our proposed two-layered cond fast search for the best representation in the sense of min-
pression scheme is given. The firstlayer, as depicted in the uppfaHm information cost is feasible. Provided that an information
part of Fig. 1, consists of a discrete wavelet transfopw(), a COoSt-functionalV operating ori3y. is given, such thad/ is ad-
uniform quantizer @), and thePACCprecoding module. A de- ditive in the sense that the cost of four child nodes equals the
quantization DeQ) and a subsequent inverse DWITIWT) Sum of the costs of each of the four children, the so-callest
feed the second layer of the coding algorithm with a recoR@SiSB* € By, of a given imagel is obtained by traversing
structed imagel of the original imagel. Given the residual the quadtree from the leaves to the root and by applying the fol-
kernel, the second coding stage starts with the constructionc8$t of the four child nodes is greater than or equal to the cost

an image-dependent librat§ of wavelet packet bases. A fastof the parent, prune the_ part of the tree below the parent node,
search algorithm for the best bag® € 5 provides an infor- Otherwise assign the children’s cost to the parent ni@ie26].
mation cost minimizing representation &, which is further  This algorithm introduced by Coifman and Wickerhauser

processed in a pre-coding module and finally enters the aritf] is @ powerful tool for the generation of an appropriate

metic coder, where both the lossy and lossless part are mdigPresentation of signals wiitpriori unknown spectral prop-
plexed to a composite bit-stream. erties. Residual images obtained as quantization error images

In addition, we consider a variation of this two-layeredVith strongly differing quality of t_he base Ia_yer reconstructipn
scheme which has the same architecture, but where the 1088{Png to this type of signals. This observation leads to the idea
coding stage is also supplied with an adaptively chosen gpf-constructing a WP library based on an appropriately chosen

crete wavelet packet transfornD\(/PT). TO distinguish this ~lin a mathematical rigorous sense this relation holds only for an orthogonal
latter scheme from the former one, we introduce the notati@ifer bank H, G)
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integer wavelet kernel, such that the best-basis approach is Distortion
applicable to lossless residual image coding. In Section V, a
more detailed description of a concrete realization of that idea clouds of (R,D) points
will be given. -

Regarding lossy image-coding applications, the standard
wavelet basis has proven to be well suited for most natural
images. Since this image class is characterized by a mixture of
a strong low-frequency energy component with well-localized
high-frequency energy components, the low-pass branched
subtree related to the wavelet basis is, in general, a good fit to
that kind of signal characteristics. For some individual imageg; »  convex hull of all achievable®, D) points.
with specific spatial frequency characteristics however, there

are better-suited representations within a given WP library . .
which, in principle, can be chosen adaptively by using t#d the chosen quantization parameter, which allows us to detect
best—b’asis algorithr’n [14], [26]. nearly all optimal &, D) points on the convex hull of the clouds

However, operating on unquantized WP coefficients the origf &/l achievable &, D) point (cf. Fig. 2). _
inally proposed best-basis search algorithm does not properly>uUmmarizing our finding is a fast search algorithm for the
reflect the rate-distortion (R-D) dependencies inherently givéfcarly) optimal WP basis in the R-D sense can be given as
in a lossy image-coding scenario. To overcome this drawbaéﬂl,lows'
Ramchandran and Vetterli [16] proposed to use a Lagrangianl) Expand a given imaggin the WP library5y..
optimization technique where both the quantization and the wp2) Quantize each WP coefficient according to the given step

Rate

basis are jointly optimized. Given a WP libra8, and an ad- size and dead zone. _
missible se© of quantizers, each combination of WP transform 3) Evaluate the Lagrangiah, » cost of each quantized sub-
and quantizer results in &( D) point in the global operational bandW 4, i.e,

R-D plane, so that the underlying optimization problem consid- bl n . .

ered in [16] consists in selecting the best among those achiev-  Ji x = J(W; 1) = D(Wy 1) + dopt - R(W7 ).

able (R, D) points which meet a given bit-rate constraint. A

classical well-known solution to this problem is the Lagrangian 4) Compare the cosf; ; of each nodel( k) with sum of
optimization technique which converts the given optimization  the costs of its four chiIdredl‘f};j“ et E?:o i1, 4k
problem into an unconstrained problem by introducing a La- by traversing the tree bottom-up (foK L — 1). If ch;l;cild

grange factoi > 0 is greater or equal to the cot ;, of the parent, prune the
part of the tree below the nodg, §); otherwise, assign
J*(N) = min (J\)=D+\-R). TP 10 Ty
BeBz,QeQ 5) Choose the WP basis related to the leaves of the final

. . . i pruned tree as the best WP basis of the imAge
Although the algorithm proposed in [16] exploits the tree struc We would like to add some remarks concerning the choice of

ture of By, according to the orthogonality relation of (1) W'thaP_propriate measures of rai& - ) and distortionD( - ).

the same fast “divide-and-conquer” strategy as the original bes if, for example, a mean-squared error (MSE) minimizing

basis search algorithm, it is computationally much more de- )
manding due to the consideration @f quantizer decisions at strategy is followed, the sum of squared error (SSE) repre

each node and due to the iterative way of searching for the ofﬁ-”“”g. _the error energy may be an appropriate cgndldate of
. ) n additive distortion measure. Note, however, that in the case
timal Lagrangian factor.

of using a biorthogonal filter kernel for the generation of the

i i ) WP library By, the orthogonality condition given by (1) is

B. A Fast Nearly Optimal WP Basis Search Algorithm only valid in an approximative sense, so that the MSE in the
In[5], we recently presented a much simplified and yet highlgpatial domain may differ from the (weighted) sum of each

efficient variation of a best-basis search algorithm operating 85E measurement obtained on the individual subbands of the

a R-D optimal sense. First, we found experimentally that usimgst-basis representation.

more than one fixed overall uniform quantization method (like Moreover, most practical choices of a rate meadti@dmit

that presented in Section IV-A) for all subbands yields onlgnly rough estimations of the real achievable bit-rate (e.g., given

marginal gains. Thus, we dropped these additional degreedgfthe first-order entropy) unless each subband belonging to the

freedom in the optimization algorithm originally proposed invhole tree would have been encoded prior to the Lagrangian

[16]. Given a fixed quantizer, we further evaluated whether thecest evaluation, which would be computionally too expensive

exists a relation between the chosen quantization step sizes and hence impracticable.

the optimal Lagrangian factor for a representative image classHowever, these problems do not impose any serious limita-

For this purpose we have performed a set of R-D measuremetigas on the practical usability of this algorithm, as long as the

where the Lagrangian factors were fixed and the quantizatiemployed measures reflect thelative distance of the nodes

step sizes were changed. This experimental evaluation resuitethe WP tree. In fact, our comparitive evaluation of different

in a specification obne fixed Lagrange facto,,,; independent cost functions did not demonstrate any significant differences in
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performance, so that the one with the least computational com- TABLE |
plexity may be chosen [5] RATE (BPP) VERSUSPSNR (dB) BTAINED BY DIFFERENT
’ METHODS OFDEQUANTIZATION FOR THE LENA IMAGE

IV. THE LoSsY CODING LAYER Dequant. Adaptive Dequant.
The lossy or “base” coding layer of our proposed two-lay- ~ fate || Using Trained | Context-Based | Using

. . g Codewords Dequant. Midpoints
ered scheme is a conventionally structured transform coding = 070 0o 05
scheme consisting of a fixed wavelet or, alternatively, an adap- 0‘5 37'64 37‘(;2 37';2
tively chosen wavelet packet transform, a simple uniform scalar 0 '25 34.64 34'62 34‘54
guantizer, and the PACC coder (cf. Fig. 1). 0125 31.66 31.64 3157

Since the previous section already provides a detailed de-
scription of the transform part, we concentrate in this section
on taking a closer look at the two remaining building blocks aitruction value, as expected. But for highly peaked areas of a pdf
the lossy coding layer of our proposed scheme. p(z) with h,, 1 < h,,, which can be observed in real measured
densities of wavelet coefficients in the neighborhood &£ 0,

(3) determines a reconstruction valgewhich moves from the
midpoint toward zero thereby approaching the left-hand side

In our coding approach, we use a simple uniform scalar quast-the quantization bin.
tization of the wavelet (packet) coefficients with an overall step An experimental evaluation of the proposed adaptive choice
size A and a dead-zonég., a larger zero bin{r, 7], where of reconstruction values has been performed using a set of stan-
the ration = (27/A) = 1.5 has been chosen empirically. As-dard grayscale testimages. Table | shows some characteristic re-
suming that the high-resolution quantization hypothesis holgglts comparing the performance of our proposed method with
outside the zero bin, which is in turn a justification of the aphat of the simple choice of midpoint reconstruction values, on
proximate optimality of this type of quantizer design [9], it ishe one hand, and the theoretical limit of the ideal case given
a reasonable choice to select the midpoint of each bin as #ietrained reconstruction values, on the other haufahr that
reconstruction value. However, a careful analysis of the prolsurpose, (optimal) codewords have been trained on unquan-
bility density function (pdfip(z) = pi, x(x) of wavelet (packet) tized wavelet coefficients by computing for each subband mean
coefficients reveals that(x) has some variations, especially invalues of those coefficients which were mapped to a given indi-
bins close to the zero bin and for wavelet (packet) coefficientsvidual quantization bin.

a high-frequency subbari; ; with low decomposition level  Note that our proposed method implies that the dequantizer
l. has to build histograms of all (decoded) quantization levels prior

Thus, we propose a simple but yet efficient mechanism te dequantization. To further improve the proposed reconstruc-
adapt the reconstruction value to the varying distribution @bn algorithm, we incorporate the context information for mag-
wavelet coefficients. Instead of modeling a given distributiopitudes of quantization levels (see Section IV-B below). Thus,
p(x) with the help of a set of pdf models [21], we use &ve divide each histogram into eight sub-histograms according
piecewise linear approximation of(x) to determine the to the classification given by the context states and compute a
(nearly) optimal reconstruction value in a MSE-minimizingeparate reconstruction value for each context state.

A. Uniform Quantization and Adaptive Context-Based
Selection of Reconstruction Values

sense. For a given quantization bim,[ u,+1] and pdfp(z), The results given in Table | show that our method of adaptive
the MSE-optimal reconstruction valug is determined by the context-based reconstruction performs very close to the ideal
centroid condition reconstruction using trained codewords for each context state.
U1 However, the coding gain compared to a dequantization using
/ ap(x) dx simple midpoint reconstruction values is rather small (up to
R E— (2) 0.2-dB PSNR). But since the proposed dequantization method
/ p(z) dz also improves the performance of the subsequent lossless coding
U layer, it is worth the marginal overhead in computational com-

Given the empirical distributionj.e., the (normalized) his- plexity.

togramh.(x) of the wavelet coefficients, we define the piecewise

linear interpolating pdﬁ(x)dgf ((Ppg1 —ho)/A) (@ —n)+h,, B. Pre-Coding Methods for the Lossy Compression Stage
whereu, 11 —u, = A andh(z) = h, forall z € [u,, unq1]2 The lossy coding stage is built around the conceptual ideas
Evaluating (2) withp(z) instead ofp(x), we get an approxima- presented in [12]. We give a brief review of the underlying

tion 7, of the MSE-optimal reconstruction valug by coding strategy; for more details, the reader is referred to [12],
_ 2hni + b [13]. o —_
Tn = Un A. 3) PACC pre-coding is a three-stage process. An injiiatti-

3(h +h _— ] . L
(R ") tioning process splits the quantized wavelet representation into
For flat parts of a given distribution with,,; ~ h,, the sub- three sub-sources: tisignificance mapndicating the position
optimal reconstruction valug, is close to the midpoint recon-
3Note that the rates given for the system operating with trained codewords
2Note thatp(x) is only defined outside the zero bin-f, 7]. Assuming a are no real bit rates since they do not include the number of bits necessary for
symmetric pdf, we further restrict our analysis to the intefralo). transmitting the codeword values.
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of significant coefficients, thenagnitude magholding the ab- TABLE I
solute values of significant coefficients, and ign mapwith LOSSLEISE?I;)UDAI\'I:‘%EPA-RIES(EZ:')AW\'IIEES:I'S\?:;E USSEEECSTS"YDEE?SEESFERENT
the phase information of the wavelet coefficients. Note that all

three sub-sources inherit the subband structure from the wave Basis Rate of lossy reconstruction
(packet) decomposition, which induces an additional partitio selection 20 [ 1.0 | 05 [ 0250125
of each sub-sourge. S Wo.o 3.88 | 3.92 | 430 | 474 | 5.28
I_n_a second (optl_onal) step, agg_regatlorof |nS|gn_|f|cant CO- W, . aW..0W,.6Wi. || 3.98 | 3.73 | 3.75 | 3.81 | 3.05
efficients across different scales is performed using a quadtn — 5 Basis of Ba(R) 388 | 373 | 3.75 | 3.78 | 3.87

related data structure. This well-known instrument of zerotree-
coding [20] connects insignificant coefficients which share the
same spatial location in the octaveband structured multiresolu- Wavelet Packet Representation of the Residual Image
tion analysis. Howeve.r, in contrast to other mgthods using Z€pepending on the quality of the lossy reconstruction, the
rotrees, we only consider zerotree roots localized in subbangdsjque taken between the original and reconstructed image
on the maximum decomposition level which guarantee a suffigntains more or less strong correlations, which may not be
cient coding benefit. efficiently captured by a fixed wavelet basis. Thus, we follow
The finalconditioningstage of the PACC pre-coding methodhe strategy of first generating a whole library of wavelet packet
supplies the elements of each sub-source witto@text, i.6. bases which, in a second step, can be used to select adaptively
an appropriate model for the actual coding process in the adap-appropriate basis.
tive arithmetic coder. For coding of the significance maps, ap-Unlike other image-coding algorithms based upon the best-
propriate conditioning contexts have been created with the hélasis algorithm [14], [16], we propose to use this framework
of heuristically designed prototype templates. These templates scenario, where the underlying WP-libraries are generated
consist of a causal scale and orientation-dependent neightday-integer wavelet kernels. Integer wavelets permit reversible
hood of the actual coding event. In the case of a standard wavéigger representations of a given image, and, in addition, allow
basis, the templates cover additional causally accessible inf@st implementations using a lifting factorization [6].
mation represented by the neighbors of the parent and/or by thé\s an illustration of how the concept of adapted waveforms
sisters of the actual coding event with respect to the siblings re¥éll cope with the given problem, let us consider the typical
tionship of the (standard) wavelet decomposition. Processing®tenomenon that with increasing quality of the lossy recon-
quantized coefficients is performed band-wise and in the ord@Fuction, the residual image tends to loose its coherence and,
of lowest to highest frequency bands, such that the significar@eSOme point, mainly consists of uncorrelated noise. Since the
information is coded (and decoded) first. qonstruct!on of the WP I!brarﬁL(R) includes the original spa-
This allows the construction of special conditioning states fgpl-domaln representatio o, o of 1 as the ropt of the corre-
coding of the magnitude of a significant coefficient by usin ponding depthi quadtree, the search algorithm may choose

the local significance information of the coefficient's 8-neighy". % © 83 the best representatidior a noisy residue in the case
borhood. Thus, the conditioning context state= #(c) of a of a high-quality lossy reconstruction. Table Il provides real

given coefficientc in a subband is given by sum of two termsmeasured lossless coding ratesf a given image depending

. ® wh M) is simolv th f the sianifi- on different bit rates of the embedded lossy coded part. These
fo = RS RS, Wherer s IS simply the sum of the SIgitl- o 4ing results have been obtained by using two fixed bases,
cance states of the vertical and horizontal neighbors and WhﬁEﬁ'nerWo » and the level-1 decompositioW, o & W1 .

x(?) maps the significance states of the four diagonal neighb W, 269W’1 5, on the one hand, and the best basis of adepth—B
on three different states. This results in eight different ContSWP-IiybraryBgy,(R), on the other hand. As indicated by the num-
states for the coding of magnitudes. bers,W o is chosen as the best basis at a lossy rate of 2 bpp,

Finally, for the conditional coding of sign maps, a highefhere a nearly perfect reconstruction is achieved. At lower rates
order Markov model is used, whose states are built of two prgfthe lossy coded image, e.g., 0.5 and 1 bpp, the level-1 basis is
ceding sign events of a given coefficient with respect to the ogelected as the optimal representation. Given a very low bit-rate
entation of the related subband. reconstruction of the lossy coded original image, the two candi-

Encoding of the lowest frequency subband (LL-band) in th#ates of representations are no longer optimal for the resulting
low-pass branch of a decomposition tree is done by usingesidual image, so that a best-basis selection from the larger
DPCM-like procedure with an adaptive median predictor [1@epth-3 library3;(R) results in overall lower coding rates (cf.
and a classification of the prediction error with a five-state codable II).

text model.
B. Pre-Coding Techniques for the Residual Coding Layer

Statistical modeling of wavelet coefficients obviously relies
V. RESIDUAL CODING LAYER on assumptions which are confined to a certain scope of appli-
cability. Thus, we propose a re-design of the PACC pre-coding
In order to achieve an optional lossless reconstruction ofingethod serving the needs of the residual coding stage.
given image, the quantization error of the lossy coding layer or

; . . : . : ; 4For mathematical convenience, we use the notation of subband decomposi-
its equivalent in the spatial domain, the residual image has{9, .. wp basis synonymously.

be _enCOded.IOSSIGSSW by a second coding layer, the So'Ca"Q‘t;llote that the (negligible) overhead of one bit per quadtree node to determine
residual coding layer the chosen WP basis has been included.
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Fig. 3. Neighborhood used to encode a residual coefficiehihe coefficients
lying in the past of the coding eventire marked with a circle; the shaded circles
are those neighboring coefficients, which contribute to the context decision
the magnitude coding @f a4, ..., a4 defines the template used for coding of
the significance state ef
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Two major modifications have been employed. First, Weg 4 R.p performance of lossyflossless PACC (W/WP) coding scheme in
found, that, given a residual representation consisting @mparison with pure lossy coding schemes.

predominant high-frequency information, it is no longer useful

to perform a zerotree aggregation. This is mainly due to thgch that the actual context) for the coding ofi¢| is given by

fact that, in general, the residual image contains most of the

image noise which results in nonvanishing wavelet coefficients ) 4-5(c)

on small scales. Besides that, an arbitrary WP-basis different {(¢) = min q J ’ 7)

from the octave-band decomposition no longer offers a natural

parent—child relationship between coefficients on differemthere x| denotes the greatest integer less than or equal to

scales. This definition leads to a separation into eight different context
The second modification of the PACC pre-coding techniqus$ates for conditional coding of the magnitude map, which was

for its application in the residual coding stage concerns an &pund experimentally to yield best overall performance.

propriate re-design of conditioning contexts especially for the

coding of significance and magnitude maps created by the ini- VI. EXPERIMENTAL RESULTS AND DISCUSSION

tial partitioning process (cf. Section I1V-B).

For the coding of significance information, we propose a In this section, we present simulation results using the pro-

band-independent template given by the four nearest cau® ed twp-layergd coding scheme. Three sets of experiments
neighborsa,, .. ., ay of the actual coding event as depicted were carried out in order.to demonstrate the performance_ofour
in Fig. 3. However, in contrast to the lossy case, the significanBE°P0sed approach relative to other relevant schemes. First, we
map does not provide enough information of the local varian€¥@luate the R-D performance of the lossy base layer. The loss-
for a proper design of conditioning states for the magnitudes§fS coding performance and its dependency on the lossy coding
residual wavelet coefficients. Thus, we propose to classify tHal€s IS the subject of the second evaluation. Finally, we present
magnitude of an actual coefficientaccording to the weighted @ Performance comparison of our proposed scheme with other
sumé(c) of the variances (a1 ), ..., o(a4) of the neighboring combined lossy/lossless image-coding methods, where in addi-
coefficientsas, ..., a4 tion to a set of standard images, some typical medical images

have been used for benchmarking. A brief discussion of some
aspects concerning the computational complexity of the pro-
posed method concludes this section.

SN

5(c) L w o(ar) + wao(az) + weo(a3) + wao(ay),

wherezjzjL andw; = 1. The variances(a;) are obtained by
using an intersection of a 8 3-window centered at the corre-
sponding neighbat;, with the set of coefficients already visited ~The first set of experiments aims at evaluating the rate distor-
in the past of the actual coding eventn Fig. 3, the 12 neigh- tion performance of our proposed scheme in comparison with
boring coefficients of: contributing to the calculation af(c) pure lossy algorithms. For that purpose, we employed a four-
are shown as gray shaded circles. level standard wavelet transform generated by the biorthogonal
The actual classification is finally obtained by using a bacl8/7-tapped filter bank [7] in the lossy coding layer. As a mea-
ward adaptive uniform quantization of the actual variance prsdre of distortion, the PSNR was used. All results were gener-
diction 6(c) according to an estimation of the mean vatue ated from decoded bit streams.
of the variance prediction values of & — 1 preceding coeffi-  Fig. 4 shows R-D-curves for theena and Goldhill image

A. R-D Performance of the Lossy Coding Layer

cientscy, ..., cy_1 Of cand that ofcy L itself both with 512 x 512 pixels and 8 bits/pixel. As reference
schemes, we used the pure lossy coding scheme of JPEG-2000

N VMs (Version 6.0) [2] in single layer mode (with default param-
Z o(ci) eters) and the widely regarded standard reference SPIHT-coder

N = = B\ Jarif amti
N \erification Model.
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49 — y r TABLE Il
- gﬁ:g::r'ill] 9 ] LossLESSCODING RATES (BPP)OBTAINED BY DIFFERENT COMBINED
g 48 H e Lena R : . LOSSLES$LOSSY AND PURE LOSSLESSCODING SCHEMES
£ //
£ a7 T TSN VO W S N
g */i . SUTSTES WD SIOR R S Coding scheme Lena Barbara | Goldhill
g x ]
P o pACC |_W/WP 491 4.66 476
7 45 "~ "WP/WP 4.22 4.58 4.76
p S+P 4.20 4.71 4.78
=z ’ o JPEG-2000 1.32 4.79 4.84
PR ] JPEG-LS 424|486 | 471l
[=H [ A A N SN SN N U SESSCs e 1 CALIC 4.12 463 4.63
m T s W B A
o
o1 02 03 o4 05 06 07 os os 1 Lena BarbaraandGoldhill (512 x 512 x 8b). In addition, we
Bitrate [bpp] of lossy reconstruction considered in this experiment a variation of the lossy coding

layer, which uses our fast nearly optimal WP basis search
Fig.5. Lossless coding performane lossy coding rates obtained by PACcalgorithm (cf. Section 11I-B) on a depth-3 WP library generated
(W/WP) for three 512« 512 standard gray-scale images. by the 9/7 biorthogonal wavelet kernel and which we denote

by WP/WP in distinction from the scheme with a (fixed)

of Said and Pearlman [18]. For a fair comparison, both refeft@velet-based lossy coding layer (W/WP).

ence coders were supplied with the same 9/7 biorthogonal filterAS réference schemes, we used in the category of pure
bank as our lossy coding layer. First, it is interesting to not@Ssless operating coding methods two of the best performing
that the JPEG-2000 and the SPIHIT coder have virtually tifénemes, the CALIC-coder [25] and the lossless coding stan-
same objective performance, although they are quite differéf@’d JPEG-LS [23]. In the group of combined lossy/lossless
from an algorithmic point of view. While the latter is base@ding schemes, the reversible coding method of JPEG-2000
on hierarchical trees, thereby exploiting the parent—child relbg] (With default settings) and the{&>-scheme [19] were used.

tionship of the dyadic decomposition [18], the former ignores Te_lble_lll shows the simulation results of our comparitive in-
interband relationships and uses independently coded blo¥gstigations. The proposed PACC-coder produces lossless rates

in the subband domain, such that the bit-stream contributi§fceeding those of the best performing schemes by, at most,
of each code block is determined in a post-compression R430—3%; in one case, it even outperforms the best pure lossless
optimization process [2]. schemes. In addition, if pure lossless performance is the primary

Regarding the performance of the lossy coding layer of ofpal, our scheme is capable of approaching the best obtainable

proposed scheme, we observe some small advantages in pdgggless bit-rates in the limit of diminishing lossy rates, as can be

of 0.2-0.5 dB in favor of our proposed PACC scheme (cf. Fig. 4g_bserved from the results plotted in Fig. 5. The lossless coding

Note, however, that both reference schemes do not permit a Ig&&formance of the W/WP and WP/WP scheme is quite similar;

less reconstruction, at least notin the lossy coding mode, that{RetheBarbaraimage, however, there is a small gain due to the
considered for this kind of performance evaluation. prominent (lossy) coding efficiency of wavelet packets on this
kind of image materialdf. the following section).

B. Lossless Coding Performance C. Performance Comparison of Combined Lossy/Lossless

In the following, we summarize the outcome of our experschemes
ments concerning the lossless compression performance of oyr,

. . , our third and final part of simulation experiments, we
combined scheme. The experiments were based on an imple- . :
. . : compared our coding approach to the combined lossy/lossless
mentation of our proposed method using the lossy coding Iayeordin reference schemes JPEG-2000 (J2K) an@. Notice
as described in the previous Section VI-A and by choosing t%a 9 '

integer wavelet kernel (4, 4) [6] for the generation of a depth at both reference schemes were operating with a fixed
. . ; . integer wavelet for both lossless and lossy coding. In order to
WP-library in the residual coding layer.

. . . . . emphasize the advantage of our proposed two-layered coding
Fig. 5 shows the results of our coding simulation regardin . . ) .
. ; . heme concerning the selection of an appropriate filterbank
the dependencies of lossy and residual coding rates. It can_be .
the lossy coding stage, we employed a recently proposed

) ; for
observed that the lossless coding performance given by the t )14-tapped biorthogonal coiflet [24] with slightly better
D-performance than the 9/7-tapped wavelet system in the

bit rate deteriorates from lower to higher bit rates of the (enﬂi-
bedded) lossy coded part, as expected. But the difference in .
) . . ossy coding layer.
measured lossless bit-rates over the whole interval ofmterestlngl_he coding results aiven in Table IV show that compared
lossy bit-rates is confined to a variance-b2% relative to the 9 9 omp .
average of all measured lossless rates to the reference schemes our proposed method achieves a sig-
; : N niéicant PSNR gain of 0.6-3.3 dB on the set of three standard
For a comparison with other combined lossless/lossy and . . ) _
) ges. Coding gains obtained by the adaptive wavelet packet
pure lossless coding schemes, we computed the mean v%lue

of measured lossless bit-rates in the lossy coding range gfsed lossy coding layer (WP/WP) relative to its wavelet-based

0.125-1 bpp for each of the three standard grayscale imag€@t least to the best of our knowledge.
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TABLE IV TABLE V
RATE (BPP) VERSUSPSNR [dB] BTAINED BY LOSSYLOSSLESSCODING RATE (BPP)VERSUSPSNR (dB) BTAINED BY LOSSYLOSSLESS
SCHEMES FOR ASET OF STANDARD IMAGES SCHEMES FOR ASET OF MEDICAL IMAGES
Image | Rate || S+P | J2K PACC Image | Rate || S+P | J2K | PACC
W/Wﬂ WP/WP W/WP
1.0 | 39.44 | 39.30 | 40.72 | 40.68 1.0 ]| 5447 | 54.89 | 56.44
I 05 || 36.52 | 36.35 | 37.62 | 37.61 CR | 0.5 || 52.37 | 52.56 | 53.66
M 025 3363 [ 3320 | 34.62 | 34.62 0.25 ]| 50.28 | 50.84 | 51.88
0.125 |} 30.81 | 30.30 | 31.64 31.43 1.0 61.22 | 60.56 | 63.83
1.0 |[35.53]35.84 | 37.65 38.37 CT | 05 || 54.10 53-}4 56.29
Barbara |05 || 3057 | 30.93 | 32.75 33.87 0.25 || 47.57 | 46.58 | 49.50
0.25 | 26.89 | 27.39 28.78 30.09 1.0 47.36 | 46.79 | 48.20
0.125 || 24.46 | 24.76 25.64 26.97 MR 0.5 43.03 | 42.17 | 43.91
1.0 |[35.80 | 35.96 | 37.05 37.10 0.25 || 39.13 | 38.24 | 40.03
Gold- 0.5 32.60 ! 32.76 33.56 33.61
hall 0.25 30.23 | 30.16 30.89 31.01
0.125 || 28.21 | 28.18 | 28.80 28.83 TABLE VI

LOSSLESSCOMPRESSIONRESULTS (BPP) ONMEDICAL IMAGES
FOR COMBINED LOSSLES#L0SSY CODING SCHEMES

variant (W/WP) are up to 1.3 dB. However, for thenaimage,

the PACC-WP/WP scheme shows a slightly worse objective per- Image || S+P | J2K PACC
formance compared to its counterpart W/WP. This stems from W/WP
the facts that the WP library in the lossy coding layer was re- CR 350 [ 3.61] 3.53
stricted to the depth of three levels, and in the WP/WP scheme, T 3.80 | 391 3.77
no zerotree aggregation was performed. MR || 5.82 | 5.96 | 5.83

Finally, we evaluated the three combined lossy/lossless

coding schemes on a more application oriented test set of three ) ) )
medical images: a chest radiograR (1568 x 1968 x [0b), approach, the so-callecbmplexity-constrained best-basit

a magnetic resonance imapdR (256 x 256 x 115), and a gorithm, which offers an instrument for complexity scalability

computed tomography imaggT (512 x 512 x 125). The results in the sense that it allows to cpntrol the traQe-oﬁ betv_veen
given in Table V show that in terms of PSNR, our proposdd D Performance and computational complexity by a single
coding scheme achieves a distinguished gain up to 3.3 Bgrar_neter. This objgctlve is achleved by geqeratlng a restricted
compared to the reference schemes. However, it should Y€ library depending on a given complexity budget, where
noted that a gain in PSNR does not necessarily correlate withtdf Way the library is restricted depends on the given signal

increase in diagnostic quality; typically, methods using receiv@Pd its energy distribution. For a more detailed discussion on

operator characteristic (ROC) curves are used to evaluate fH@t issue, the reader is referred to [14]. Besides there is the

impact of (different) compression methods on the diagnosﬁmgssibility to restrict the WP library in advance. For the residual

accuracy [17]. As shown in Table VI, the lossless rates obtain€@ding layer we can reduce the number of admissible WP bases

by the proposed two-layered algorithm on the given medicdjastically, and hence, de_zcrease the computatiqnal_compl_exity
images are comparable to those rates measured-f6r &nd by up to a factor of two if, for example, the switching point

JPEG-2000 VM, the latter in default lossless mode. between both layers is knovanpriori.

D. Considerations of Computational Complexity Issues VII. CONCLUSION

In this section, we address some aspects concerning the comA/e presented a novel wavelet-based image-coding scheme
putational complexity of our presented approach. At the ethat provides lossy and lossless recovery simultaneously. In
coder, the computational complexity is mainly increased by tloeder to jointly optimize the performance of both coding
reconstruction loop and by employing an additional adaptiveodes, we propose to divide the coding process into two layers.
WP transform when compared to the reference schemes withe first coding layer is based on a DWT or, alternatively, on
combined lossy/lossless coding mode. Note however, that this adaptively chosen wavelet packet transform generated by
only affects the optional lossless coding mode; the computa appropriately chosen wavelet filter kernel for good energy
tional complexity of the lossy coding layer, both at the encodepmpaction and decorrelation. Coupled with the PACC coding
and decoder, is comparable to that of the reference schemestrattegy, this first coding stage performs a lossy compression
least in the case of using the standard wavelet transform in thigh high efficiency in a R-D sense. In the second layer, the
layer where, of course, the actual complexity may depend on ttesidual image is decorrelated using an adaptive wavelet packet
chosen wavelet filter. integer transform along with some suitable techniques for the

Regarding the computational complexity of the best-basitatistical coding of transform coefficients. Our experimental
methods involved in the adaptive WP transforms, we proposesbults demonstrate that our proposed method achieves a
in a previous work [14] a modification of the original best-basiperformance similar or superior to the best currently published
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image compression algorithms either of the pure lossless, pufgs] M. V. WickerhauserAdapted Wavelet Analysis From Theory to Soft-
ware Wellesley, MA: A. K. Peters, 1994.
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