
CREW:Compression with Reversible Embedded WaveletsAhmad Zandi James D. Allen Edward L. Schwartz Martin BoliekRICOH California Research Center2882 Sand Hill Road, Suite 115, Menlo Park, CA 94025e-mail: zandi@crc.ricoh.comabstractCompression with Reversible Embedded Wavelets (CREW) is a uni�ed losslessand lossy continuous-tone still image compression system. It is wavelet-based using a\reversible" approximation of one of the best wavelet �lters. Reversible wavelets arelinear �lters with non-linear rounding which implement exact-reconstruction systemswith minimal precision integer arithmetic. Wavelet coe�cients are encoded in abit-signi�cance embedded order, allowing lossy compression by simply truncatingthe compressed data. For coding of coe�cients, CREW uses a method similar toShapiro's zerotree, and a completely novel method called Horizon. Horizon coding isa context based coding that takes advantage of the spatial and spectral informationavailable in the wavelet domain. CREW provides state of the art lossless compressionof medical images (greater than 8 bits deep), and lossy and lossless compression of8-bit deep images with a single system. CREW has reasonable software and hardwareimplementations.1 IntroductionSince CREW uses a \reversible" approximation of one of the best known wavelet�lters, its performance is equal to or better than other existing methods in both lossyand lossless modes. It encodes the wavelet coe�cients in a bit-signi�cance embeddedorder similar to Shapiro [Sha93], and a completely novel method called Horizon.Horizon coding is a context-based coding that takes advantage of the spatial andspectral information available in the wavelet domain. While Zerotree is rightfullyconsidered to be one of the best encoding methods of the wavelet coe�cients, it isnot e�cient when it reaches the lesser signi�cant bits of the coe�cients. This usuallyis tolerable in a lossy system, but for lossless compression the encoding of the lesssigni�cant bits are of prime importance. Horizon coding, which is particularly usefulfor the lesser signi�cant bits is general and powerful enough to be used alone.The original motivation for this system is the compression of medical images,although the same feature set could be very useful for other applications such aspre-press images, satellite images, document processing, world wide web, and othercommunication systems. At this time, for various reasons, medical image compressionis considered to belong to the lossless realm. However, there are de�nitely futurepossibilities for the use of lossy compression. Perhaps the image is kept in a losslesscompressed form prior to the diagnosis and archived for permanent records usinglossy compression. For such a scheme, it is very desirable to have a single system
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Figure 2.1: Block Diagram of a Wavelet Analysis/Synthesis Systemthat can perform both lossy and lossless compression. Moreover, with an embeddedcompression system, i.e., compressed data is in a visually important order, lossycompression can be performed by a simple truncation of the compressed bit stream.In section 2 the basics of wavelet decomposition are explained, and reversiblewavelets are de�ned. In section 3, two reversible wavelet transforms are described indetail. The �rst one, the S-transform is used to make the de�nitions easy to com-prehend, while the second, the RTS-transform, is the suggested transform. Section4 describes the embedded entropy coding, including a brief description of Shapiro'sZerotree, and Horizon context model. In section 5, the implementation of CREWin software and hardware is discussed. Section 6 contains some experimental results,comparing the performance of CREW with other system.2 Wavelet Decomposition of Digital SignalsA wavelet transform1 is de�ned by a pair of FIR analysis �lters h0(n); h1(n), andsynthesis �lters g0(n); g1(n). The �lters h0 and g0 are the low-pass and h1 and g1 arethe high-pass. For an input signal, x(n), the �lters h0 and h1 are applied and theresults are decimated by 2 (critically subsampled) to generate the transform signalsr(n) and d(n), so-called the reference and the detail signals (analysis part of Figure2.1). In the synthesis part the transformed signals are upsampled by 2 (a zero isinserted after every term) and then passed through the synthesis �lters. Coe�cientsof the reference signal r(n) are processed through the low-pass synthesis g0 and thecoe�cients of the detail signal d(n) through the high-pass synthesis �lter g1 (synthesispart of Figure 2.1). In this paper we are only interested in quadrature mirror �lters2,i.e., the synthesis �lters are de�ned in terms of the analysis �lters as follows:( g0(n) = (�1)nh1(n)g1(n) = �(�1)nh0(n):The coder/decoder blocks contain all the processing in the transformed domain, e.g.,quantization, coding etc. The �lters can be recursively applied to the reference anddetail signal. Of special interest are the pyramidal systems, in which the �lters are1For basic wavelet transformation we adopt the terminology and notations of [VBL94].2For details and extensive references on QMF systems cf. [SA90]
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Figure 2.2: Block Diagram of a two-level Pyramidal Transformrecursively applied only to the reference signal. Figure 2.2 shows the block diagramof a two-level (the �lters applied twice) pyramidal system.De�nition 1: Exact Reconstruction Systems: The system in Figure 2.1 is calledexact reconstruction if the signals, x(n) and x̂(n) are identical up to a multiplicativeconstant and a delay term [LGT88].De�nition 2: E�cient Reversible Systems: A reversible system is an implemen-tation of an exact-reconstruction system, in integer arithmetic, so that a signal withinteger coe�cients can be losslessly recovered. An e�cient reversible system is areversible system with transform matrix3 of determinant � �1.The construction of reversible transforms is by no means di�cult. Given enoughprecision, any exact reconstruction transform can be made reversible. The challengeis to construct \e�cient" reversible transforms. Intuitively, e�cient means that areasonable and practical entropy coder can e�ciently encode the coe�cients. Whilee�ciency criteria might be speci�c to a particular encoder, in general, systems withdeterminant = �1 are e�cient. Like any transform which is used for coding, goodenergy compaction is also a primary factor. The goal is to design a single systemwhich performs well in both lossy and lossless modes. The concepts will be mademore clear in the next section with two examples.3 Two Examples of Reversible Transforms3.1 Exact ReconstructionExample 1: Hadamard Transform: In normalized form it has the following �ltercoe�cients: ( h0 = 1p2(1; 1)h1 = 1p2(1;�1); (3:1)which is clearly an exact-reconstruction transform.Example 2: TS-transform (Two-Six-transform): For the origin and qualitiesof the TS-transform cf. Remark 1 below. TS-transform is de�ned by the following�lter coe�cients: ( h0 = 1p2(1; 1)h1 = 18p2(�1;�1; 8;�8; 1; 1): (3:2)This is also an exact-reconstruction transform.3For the de�nition of the transform matrix cf. [SA90].



3.2 Basic Reversible VersionsThe reversible transforms, in general, are non-linear. Hence they will be de�ned asexpressions. However, the linear system approximation which is useful for evaluationwill also be given. Recall that for the input signal x(n), r(n) and d(n) are the referenceand the detail signal respectively. The reversible S-transform will be used as a simpleexample before explaining the reversible TS-transform.Example 3: S-transform: An e�cient reversible version of the Hadamard trans-form, Example 3, known as the S-transform [SAAJ91, SP93] is de�ned as follows:( r(0) = bx(0)+x(1)2 cd(0) = x(0)� x(1): (3:3)Notice that this is an approximation to the linear transform (with determinant = �1.)The 
oor function in the de�nition of r(0) is the source of non-linearity.( r(0) = x(0)+x(1)2d(0) = x(0)� x(1): (3:4)A constructive proof for the reversibility of the S-transform is the inverse transform:( x(0) = r(0) + bd(0)+12 cx(1) = r(0)� bd(0)2 c: (3:5)The idea behind the reversibility of the S-transform is the observation of two facts.One, knowledge of the sum and the di�erence of two integers are su�cient to recoverthe numbers. Two, the sum and the di�erence have the same parity, i.e., they sharethe same least signi�cant bit. Hence the integer division by 2 (or a shift right by1) in Eq. 3.3, eliminates a redundant least signi�cant bit. The S-transform, whereredundant information can be detected and easily eliminated, is an example of e�cientreversible transform.Example 4: RTS-Transform (Reversible TS-transform): An e�cient reversibleversion of the TS-transform, which we call RTS-transform is de�ned as follows:8>>>>>>>>>>><>>>>>>>>>>>:
r(0) = bx(0)+x(1)2 cr(1) = bx(2)+x(3)2 cr(2) = bx(4)+x(5)2 c...d(0) = b�bx(0)+x(1)2 c+4(x(2)�x(3))+bx(4)+x(5)2 c4 c... (3:6)

Notice that this is an approximation to the following linear version (with determinant =�1) of the TS-transform:



8>>>>>>>>>>><>>>>>>>>>>>:
r(0) = x(0)+x(1)2r(1) = x(2)+x(3)2r(2) = x(4)+x(5)2...d(0) = �x(0)�x(1)+8(x(2)�x(3))+x(4)+x(5)8... (3:7)

The proof that the RTS-transform is reversible is quite simple. We show how torecover x(2) and x(3) from r(0); r(1); r(2) and d(0), the recovery of other samples aresimilar. Notice the expression for d(0) in Eq. 3.6, can be written as,d(0) = b�r(0) + 4(x(2)� x(3)) + r(2)4 c:From this it follows that:x(2)� x(3) = d(0)� b(�r(0) + r(2))=4c:Hence x(2)�x(3) is completely known. This, combined with r(1) = b(x(2)+x(3))=2cin Eq. 3.6, and the use of inverse S-transform Eq. 3.5, leads to the recovery of x(2)and x(3).Remark 1: Le Gall and Tabatabai in [LGT88] use a design procedure based on thefactorization of a product �lter into two linear phase low-pass components. Thesecorrespond to the low-pass analysis and synthesis �lters. By using the quadraturemirror properties the high-pass �lters are derived. In their most important example,which is by now classical, the following product �lter is factored:P (Z) = 1=16(1 + Z�1)3(�1 + 3Z�1 + 3Z�2 � Z�3):Two factorizations are given in [LGT88],( P (Z) = [1=4(1 + Z�1)3]� [1=4(�1 + 3Z�1 + 3Z�2 � Z�3)]P (Z) = [1=2(1 + Z�1)2]� [1=8(1 + Z�1)(�1 + 3Z�1 + 3Z�2 � Z�3)]: (3:8)A third factorization,P (Z) = [1=2(1 + Z�1)]� [1=8(1 + Z�1)2(�1 + 3Z�1 + 3Z�2 � Z�3)];which was not mentioned in that paper, is, in fact, the rational version of the TS-transform (Eq. 3.7.) Speck in [Spe93] considers and analyses this third factorization.In [VBL94] the normalized version Eq. 3.2, is evaluated together with several thou-sand other wavelet transforms, and is rated as one of the overall best.Remark 2: In both the S-transform and the RTS-transform, the reference signalr(n) has the same range of values as the input signal x(n), e.g., if the range of x(n)is from 0 to 255 the same is true about r(n). This property is especially importantin a pyramidal system where the reference signal is successively decomposed.



Remark 3: Both normalized Hadamard transform and the normalized TS-transformhave especially simple implementations in two dimensions, the domain of digitalimages. Recall that in the separable two dimensional wavelet transform the imageis decomposed into four blocks, the so-called LL, LH, HL, and HH [Sha93]. Each Lcorresponds to an application of the low-pass �lter h0, and each H corresponds to anapplication of the high-pass �lter h1. If we denote h0, and h1 to be the low-pass andthe high-pass �lters of the normalized TS-transform, Eq. 3.2, and similarly hr0, andhr1 for the rational version, Eq. 3.7, then( hr0 = p22 h0hr1 = p2h1:Therefore the LL, and HH components of the rational TS-transform, Eq. 3.7 are 1=2and 2 times the corresponding components of the normalized TS-transform. Moreoverthe components LH, HL are identical. This leads to an e�cient implementation of theTS-transform through the rational TS-transform. More to the point for this articleis the fact that if the rational TS-transform, Eq. 3.7, is replaced by the the reversibleTS-transform (RTS-transform), Eq. 3.6, a very good approximation of the normalizedTS-transform is realized, which in addition is reversible. Notice that the scale factorsof 1=2 and 2 are especially easy to implement.4 Embedded Entropy CodingIn most transform-based compression systems the coe�cients are entropy coded.Of special importance for us are the so-called \embedded" coders. Brie
y, an embed-ded coding is a system in which the coded bit stream is ordered by visual signi�canceor, more accurately, ordered with respect to some error metric cf. also [Sha93]. Theembedded order used in this paper is bit-signi�cance in the transform domain, thesame as used in [Sha93].The Zerotree [Sha93] is an e�cient embedded coding method of the wavelet co-e�cients, which takes advantage of the inherent similarity of di�erent bands in thetransform domain.Horizon embedded coding, introduced below, is a spatial-spectral context modelwhich uses the same embedding order, i.e., bit-signi�cance, as the Zerotree. Non-embedded context models have been proposed to encode signed integers which takeadvantage of spatial correlations of coe�cients [Lan91]. In Horizon coding the highcorrelation of neighboring pixels, in addition to the similarities of di�erent bands,are utilized by context dependent entropy coding. The Horizon context dependentcoding is especially attractive for encoding the low order bits, which must be encodedin a lossless system. Moreover the coding can start with the Zerotree, or some otherspectral context model, and change to Horizon after any number of bit-planes.4.1 ZerotreeThe most important part of the Zerotree embedded coding of the wavelet coef-�cients is a prediction method which, according to Shapiro, is based on \the basic



hypothesis - if a coe�cient at a coarse scale is insigni�cant with respect to a thresholdthen all of its descendants are also insigni�cant." The descendants are de�ned withrespect to a tree structure de�ned on the wavelet coe�cients, which takes advan-tage of the similarity of the bands at di�erent resolutions [Sha93]. The other partof the Zerotree embedded coding is a bit-signi�cance embedding method to encodesigned integers. In the so-called dominant pass the integers in sign-magnitude form,are encoded one bit at a time from the MSB to LSB, by the prediction method ofZerotree, until the �rst \on" bit is detected. The sign is encoded at this time, whichis the logical embedding order of the sign bit. The remaining of the bits are encodedwithout the Zerotree prediction, in the so-called subordinate pass.4.2 Horizon: A Spatial-Spectral Context ModelHorizon context model addresses the bit-signi�cance embedded encoding of thewavelet coe�cients by a binary entropy coder. There are three basic contexts designedfor embedded encoding of signed integers. Hence these can be described independentlyof any wavelet system. Recall that in the bit-signi�cance embedded coding of signedintegers, the sign bit is encoded with the �rst \on" bit (starting from the MSB).Therefore, prior to the occurrence of the sign bit, the set of events consists of 0,1,-1. After the sign bit is encoded the set of events is 0,1. The �rst context is usedto encode the event of zero bit vs. non-zero bit when the sign bit has not yet beenencoded. The second context is used to encode the sign bit if the previous event wasnon-zero. Context three is used to encode the zero bit vs. the one bit if the sign bit isalready encoded. In the terminology of Shapiro the �rst two contexts are used duringthe dominant pass and the third context during the subordinate pass. Notice alsothat the second context is used at most once for every integer.The basic contexts of the Horizon model can be extended for the coding of thewavelet coe�cients. Brie
y, the fact that the wavelet transform is localized both inspace and frequency makes it possible to use regional contexts in the same band aswell as between bands contexts. The regional contexts in the same band are similarto the JBIG or the lossless JPEG systems. The between band spectral contexts canuse modeling such as the tree structure used in Zerotree, or use the so-called similarcoe�cients from the other bands, provided that the system stays causal.5 Computation in Software and HardwareCREW is suitable for implementation in both software and hardware. It can beperformed in two passes where the �rst pass generates all the transform coe�cientsand the second pass embeds and encodes them, or it can be performed in a uniqueone pass mode with memory management.The �lters chosen in CREW are easy to implement for both encoding and decoding.The implementation of the forward transform is immediate from Eq. 3.6. Figure5.1 shows a hardware implementation of the inverse transform (the more interestingcase). As in the forward case, four additions/subtractions are required. A total of fourmultiplications/divisions are hardwired shifts in hardware and three shift instructions
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Figure 5.1: An Implementation of the Inverse RTS-Transformin software. After 2 � r(1) is computed (bits 16...1), its least signi�cant bit (LSB)is taken from the computed value of x(2)-x(3). This operation has zero gate cost inhardware and is two logic operations in software.For lossless decompression, the clip operation in Figure 5.1 simply shifts its inputright by one (divides by two) and may drop (or otherwise ignore) the three mostsigni�cant bits. In the lossy case, where quantization can cause the reconstructedvalue to be out of range, the three most signi�cant bits must be checked and out ofrange results must be changed to the minimum or maximum allowable value.For images where a full frame can �t in memory allowing two pass implementation,memory/data 
ow management is not a di�cult issue. Even for 1024� 1024 16 bitmedical images (2 Mbytes in size), requiring a full frame bu�er is probably reasonable.However larger images (for example A4, 400 DPI 4-color images are about 50 Mbytes),performing the wavelet transform with a limited amount of line bu�er memory isdesirable. A one pass method reduces the memory required by about a factor of 100compared to using a full frame bu�er for this example.Because only the high pass �lter is overlapped, the largest �lter support regionis de�ned by a cascade of low pass �lters followed by a high pass �lter. For a fourlevel decomposition, the largest support region is (23 � 6) � (23 � 6) = 48 � 48pixels, as shown in Figure 5.2. Note that for computational e�ciency, redundantcalculations due to overlap are done only once. Thus, only 16 � 16 new pixels areused in calculations for each region.At the moment CREW uses the binary adaptive arithmetic coder known as Q-coder.6 Experimental ResultsTwo sets of images are used for experimentation, a class of 512 � 512 USC grayscale 8-bit deep images, and a class of medical images of di�erent modalities. Medicalimages \cr", \dsa", \xray" are 1024� 1024, and are 10 bits deep. Images \ct" and\mri" are 512 � 512 and are 12 bits deep. Tables 1 and 2 are the lossless results,for the medical and the USC images respectively. The results related to the USCimages (Table 2) are compared with JPEG lossless (with QM-coder), and bit-planeJBIG of the gray coded image [AT94]. The results on medical imaging (Table 1) arecompared with DPCM which uses three neighbor pixels for prediction and Hu�man
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16 16Figure 5.2: Image and Coe�cients in line Bu�er; 4-level pyramidcodes the prediction errors. Table 3 is the results of lossy compression of the USCimages. The MSE results are compared with JPEG lossy with arithmetic coding atthe same compression ratio. JPEG lossy with arithmetic coding was chosen becauseof its superior rate/distortion over baseline JPEG. In each case JPEG is used roughlyat low, and high compression ratio. The truncation of CREW's compressed bit streamwas used to decompress at exactly the same ratio. As can be observed state of theart lossy and lossless performance is achieved for all cases.7 ConclusionCREW is essentially an exact reconstruction transform scheme with good energycompaction. Moreover, it is specially designed so that the transform coe�cients havesmall redundancy and are easy to entropy code. Since CREW has good compressione�ciency at any level of quantization it is well suited for embedded coding. Embeddedcoding of the coe�cients makes the quantization level a function of the length of thecoded stream. Hence, quantization is performed with truncation. Without truncationthe image is recovered losslessly.Horizon context dependent entropy coding, together with the Shapiro's Zerotreeis used to achieve such a system. In addition to the lossless and lossy state-of-the-art compression performance with a single system, e�cient software and hardwareimplementations are also possible. Other features of CREW are multi-resolution andprogressive capabilities.TABLE 1Compression ratio of lossless compression of Medical images.compression cr ct dsa mri xraymethodCREW 2.43 5.26 2.89 3.23 2.58DPCM 2.34 3.95 2.64 2.86 2.41JBIG 2.25 4.92 2.72 2.68 2.46



TABLE 2Compression ratio of lossless compression of USC images.compression couple crowd lax lena man woman1 woman2 averagemethodCREW 1.63 1.88 1.34 1.84 1.69 1.66 2.37 1.73JPEG 1.54 1.87 1.31 1.72 1.64 1.58 2.28 1.66JBIG 1.53 1.75 1.31 1.69 1.59 1.58 2.10 1.62TABLE 3Mean Square Error (MSE) of lossy compression of USC images.compression couple crowd lax lena man woman1 woman2methodlow CREW 23.69 17.29 54.72 14.69 22.20 22.41 6.59ratio JPEG 29.62 20.10 87.80 17.08 29.98 33.08 6.55high CREW 42.17 30.65 99.70 21.15 40.08 38.30 9.73ratio JPEG 49.86 36.10 137.00 27.74 48.84 52.29 11.32References[AT94] R. Arps and T. Truong. Comparison of international standards for losslessstill image compression. Proceedings of the IEEE, 82(6):889{899, June 1994.[Lan91] G. Langdon. Sunset: a hardware algorithm for lossless compression ofgray scale images. In Medical Imaging V: Image Capture, Formatting, andDisplay, volume 1444, pages 272{282. SPIE, March 1991.[LGT88] D. Le Gall and A. Tabatabai. Sub-band coding of digital images using sym-metric short kernel �lters and arithmetic coding techniques. In InternationalConference on Acoustics, Speach and Signal Processing, pages 761{765, NewYork, 1988. IEEE.[SA90] E. Simoncelli and E. Adelson. Subband Transforms. In J. Woods, editor,Subband Coding, chapter 4. Kluwer Academic Publishers, Norwell, Mas-sachusetts, 1990.[SAAJ91] I. Shah, O. Akiwumi-Assani, and B. Johnson. A chip set for lossless imagecompression. IEEE Journal Solid-State Circuits, 26(3):237{244, 1991.[Sha93] J. Shapiro. An embedded hierarchical image coder using zerotrees of waveletcoe�cients. Proc. IEEE Data Compression Conference, pages 214{223,1993.[SP93] A. Said andW. Pearlman. Reversible image compression via multiresolutionrepresentation and predictive coding. In Visual Communications and ImageProcessing, volume 2094, pages 664{674. SPIE, November 1993.[Spe93] D. Speck. Low-complexity subband coding for image compression. TechnicalReport UCSC-CRL-94-03, Computer Research Laboratory, University ofCalifornia at Santa Cruz, May 1993.[VBL94] J. Villasenor, B. Belzer, and J. Liao. Filter evaluation and selection inwavelet image compression. In Data Compression Conference, Snowbird,Utah, 1994. IEEE.


