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ABSTRACT 

Recent image compression technologies valne functionality cis well tis compression 

efficcicy. In this dissertation, several compression methodologies that are both effi

cient and functioncil are introduced. The first compression system aims to compress 

three-dimensional data sets. In this system, existing two-dimensional zerotree coding 

techniques are extended to tliree dimensions, and are combined with integer wavelet 

transforms and context-based arithmetic coding. This system creates a unified frame

work for both lossless and lossy compression of three-dimensional data sets, and gen

erates a scalable codestream. In our experiments, the system provided an average 

of 23% decrease in file size for representative three-dimensional data sets, compared 

to the best available two-dimensional lossless compression techniques. Strategies for 

transmission of .IPEG2000 codestreams over packet-erasure channels arc introduced 

next. These strategies are developed by allowing the channel coder to access informa

tion on the structinre of the codestream genercited by the source coder. Experimental 

results indicate that a carefully designed packetization strategy can provide significant 

performance improvement, especially when the channel experiences heavy erasures. 

Finally, utihzation of .JPEG2000 to compress scientific data is illustrated. In par

ticular, a JPEG?'^00-based system tlmt can be used to compress electrocardiogram 

(EGG) data is presented. Although this system utilizes the JPEG2000 image coding 
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algorithm to compress one-dimensional ECG data, experimental results indicate thcit 

it compares favorably with specialized ECG compression methods in the literature. 
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CHAPTER 1 

Introduction 

As the applications utilizing digital iiucigery coiitiuue to expand, tlic amount of 

digital imagery produced and processed grows rapidly. One of the key technologies 

fueling this growth is image compression. Since the amount of data in images can 

be quite large, images cu:e almost never transmitted or stored without compression. 

Image compression aims to represent <in image with as few bits as possible while 

[jreserving the desired level of quality. It can be used to reduce the chaiuiel bandwidth 

needed for transmission or the storage reciiiirements of the image. 

The requirements of imaging applications vary widely. In some applications, the 

compressed data need to preserve all the information in the original image. Thus, 

when the compressed bitstream is decoded, the image can be recovered exactly. On 

the other hand, many applications can tolerate some loss of qucility to allow higher 

compression ratios. 

Other applications may require random spatial access to the compressed image, 

or may need the compressed bitstream to be robust against errors that might be 

introduced dmring transmission. 

In the light of tliis great variety of requirements, the most significant advances in 

image compression technology over the past decade have been, arguably, in improving 
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the functionality of compression technologies. In order for an image compression sys

tem to be useful, it needs to address all the requirements of its intended applications, 

and provide a rich set of features. Recently introduced image compression systems 

are no longer judged solely on the amount of compression that they can achieve, but 

also on the enhcinced functiouiility that they provide. 

The topics investigated in this dissertation address this concern as well. Without 

compromising the compression efficacy, we intend to develop technic[ues tluit will 

improve the practical utility of image compression. These techniques range from 

methods that unify lossless tmd lossy compression in a single compression system to 

others that generate robust bitstreams that can be efficiently transmitted over noisy 

channels. 

This dissertation is organized as follows: The following chapter introduces data 

compression fundamentals, particularly those that will be used in later chapters of 

this dissertation. Some image compression terminology is also introduced in this 

chapter. 

Chapter 3 presents a three-dimensional image compression cilgoritlim. First, the 

popular zerotree coding scheme which has been used to compress two-dimensional 

data is extended to three dimensions, and is combined with reversible integer wavelet 

transforms. The performance of this scheme is then improved using context-based 

arithmetic coding. Through carefid selection of each component, this system provides 

a scalable codestream. In oiu: experiments, this system provided an average of 23% 
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it might cilso be used to compress other types of scieutific rUita. Particuhu'ly. we 

expound the details of a system that can be used to compress electrocardiogram 

(ECG) data. Although the presented system is based on the image compression 

standard JPEG2000. we illustrate that it compares favorably to specialized ECG 

compression systems in the literature. Perhaps more importantly, the presented 

system preserves many of the desirable functionality of JPEG2Q()0. 
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CHAPTER 2 

Data Compression Background 

This chapter provides a brief chscussion of tlie data compression luetliods used iu 

tliis work. Brief overviews of quantization, entropy coding, cmd transform coding are 

followed by a concise introduction to imcige compression. 

2.1 Quantization 

Quantization is the element of a lossy compression system responsible for reducing 

the precision of data in order to make them more compressible [1. 2]. When the num

ber of distinct input values are much larger than the number of codewords available 

to represent them, quantization is necessary. Let z G denote the /v'-dimensional. 

real valued input vector of a quantizer. The quantizer can then be defined as a many-

to-one mapping Q : —• C. where C = (zi.zo.... .z,v} C is referred to as the 

codebook. The size of the codebook is |C| = :V. The output values z,, are usually 

referred to as the reconstruction values. If N = 2^^^. then R is called the encoding 

rate in bits/sample. 

In a compression system, a ciuantizer can be divided into two parts: an encoder 

and a decoder. The encoder S : ^ I maps the input to one of :V distinct outputs 

z,, and produces the corresponding index g € I. where I = {1.2,... . N}. This index 
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is trausmitted to tlie decoder. The decoder D : E —> C then maps this qiuintization 

index q to the corresponding reconstruction value z,,. 

To measure the performance of a qutintizer. we CcUi model the input vector tis ci 

random vector Z having some specific statistical properties. If we assume that the 

joint probability density function of the input vector is /z(z)- the average quantization 

error introduced by quantization can be waitton as 

where f/(z. P(£^(z)) is the quantization error introduced to vector z. 

Quantizers are sometimes classified depending on the value of /v. the dimension of 

their input vector. The quantizer is refeiTed to cis a scalar ciuantizer for K = 1. and 

a vector quantizer for K > 1. Our emphasis in this section is on description of the 

quantizers that will be utilized in later chapters of this dissertation. We introduce 

scalar quantization, and illustrate how embedded quantizers can be constructed. Such 

quantizers enable many desirable properties that will be discussed later. 

2.1.1 Scalar Quantization 

Scalar quantization is the simplest form of quantization. As mentioned earlier, 

scalar quantization refers to quantization of vectors of length one. For a given input 

value c and quantizer step size A. a signed integer q given by 

(2 .1)  

q  =  £ { z ) =  sig-n(z) ^ (2.2) 
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is used to indicate in which interval - hes. Given r/, the decoder must estimate the 

vahie of c as 

0 q = 0 
i = V { q )  =  

sign(7) (|f/l+<)) iX r/^0 

where 6 is a user selectable parameter (tsTDically d = 1/2). This pcirticulcir type of 

quantization is knowTi as deadzone uniform scalar quantization, and is illustrated in 

Figure 2.1. 

I . I . I . i . I . - . I . I . • . I » I  1  I  I  1 i I I :  
••• -5d -4A -3A -2A -A 0 A li 3A 4A 5A 

Figure 2.1: Detidzone uniform scalar quantizer with step size A. 

Deadzone uniform scalar quantizers possess a very important and useful property: 

Such quantizers are embedded. That is. the quantization index of every ciuantization 

(with step size A) has embedded within it. the index of ever\' quantization with 

step size 2^^^. p = 0. 1. 2 If r is qucintized with step size A to get q, and the p 

Lec\st Significant Bits (LSBs) off/ are missing (not decoded yet), then the appropriate 

dequantizer is 

=  =  V , { q ^ ^ ^ )  =  l  
0 r/if" = n 

(2.3) 
signiq^p^) + 6) 2" A f/'P' ^ 0 

Here. X?p(-) denotes the dequantizer wdth a. step size of 2^A. and denotes the 

v-alue of the quantization index q with p LSBs missing, i.e.. = sign(g) [:^J. In 
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2.2 Entropy Coding 

Generally speaking, entropy coding is the assignment of binary sec^nences to sym

bols. Entropy coding is a form of lossless compression, since the input can be re

covered excictly from the compressed data. Entropy coding is used for compressing 

discrete symbols. 

Entropy is a measure of information [3]. Let Z be a discrete random variable with 

alphabet Z and probability mass function Py.i-)- Then the entropy H{Z) of Z is 

defined by 

H { Z )  = - ̂  Pz(.-) \og.,{Pz{:))- (2 .5)  

Similarly, let Zi and Z2 be discrete random variables with alphcibets Zi and Z). 

respectively, joint probability niciss function and conditional probability 

mass function Pzx\zA~i\~-x) • Then the conditional entropy of Z\ given Z-i is defined 

by 

//•(Zlirj = - 23 (2.6) 

Theorem 1 (Conditioning reduces entropy): 

H { Z , \ Z . )  <  H [ Z , )  (2.7) 

with equality if and only if Zi and Z-i are independent. 

The proof of the above theorem is provided in [S]. 
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The aame entropj^ coding cirises since the goal of this operation is to represent the 

input symbols with an average number of bits per symbol that is tis close to their 

entropy as possible. This is motivated by the fundamental result of Shannon's classic 

paper [4], known as the "noiseless som-ce cochng theorem." In that work. Shannon 

shows that the average number of bits per source symbol can be made to approach 

the source entropy, but no less. 

Entropy coding is usually appliecl to the ciuantization indices produced by a ciuan-

tizer. Since entropy coding is lossless, the loss in such a system is solely due to ciuan

tization. The basic idea behind entropy coding is to assign shorter bincir\' sequences 

to more probable quantization indices to provide a more efficient representation of 

the data. It should also be noted that this operation results in a variable-length 

output, and entropy coding is sometimes referred to as "variable-length coding." 

In the following section, we give an overview of a powerful entropy coding technique 

called aritlmietic coding. 

2.2.1 Arithmetic Coding 

Aritlimetic coding is a model-bcised entropy coding method [5. G. 7. 8]. Given a 

probabilit\' model of the soiurce and a sec[uence of source symbols, arithmetic coding 

produces a stream of bits to represent the input svnibols. 

The arithmetic coder operates on (preferably long) sequences of symbols. Let Z = 

(ri-z-ir-- - -^;v) denote the input source vector. The aritlmietic coder sequentially 
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assigns an interval li to each soiurce symbol Zi such thfit /o D /i D /o D - - - D /^v-

and IQ = [0,1). At each symbol Zi the selection of the inter\'al is dependent on the 

probability model as well as the previously encoded symbols Ci - -i-i- After the 

final source symbol r.v is coded and the interval Is is determined, a binary codeword 

is assigned to represent the entire som'ce sequence. If this binary codeword consists 

of L bits bi.b-j. let 

B = Q.bih-yki • • • = ^ + Y ^ 

Then. D € /y. 

If the input to the arithmetic coder is obtained from reali/Ccitions of a discrete ran

dom variable, it can be shown that the performance of arithmetic coding approaches 

the source entropy for sufficiently long source sequences [3]. 

The probability model used in arithmetic coding can be static or dynamic. The 

static model remains the same throughout the coding process. If a dynamic model is 

utilized, the probability model can be cidapted when each symbol is presented to the 

arithmetic coder. Dynamic models are useful for encoding non-stationary soiurces. 

For a detailed discussion of arithmetic coding, the reader is referred to [S. 9. 10. LI]. 

2.2.2 Entropy Coding of Markov Sources 

In many apphcations. the somxe can not be modeled accurately by a single random 

variable. A random process is more appropriate to represent the dependencies in the 

data. Let {Z„} be ci discrete stationarv* random process. The order entropy of 
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this random process is defined cis 

= \h{Z,. Z,. ... . Z,). (2.9) 

Since {Z,i) is stationary', we can also state thtit 

= ^H{Z,.Z,^y Z,^/L-i). (2.i0) 

for all i 6 Z. We cjin then define the entropy rare of the random process cis 

ff({Z„})= lim (2.11) 
k—oc 

The entropy rate is a quantity that defines how the entropy of the seciuence grows 

with n [3]. It can be shown [3] that the entropy rate can also l)e written cis 

H { { Z „ ] )  =  lim Zi). (2.12) 
k—cc 

For ci Mcirkov'-/; process, the Ec[Uation (2.12) can be modified to yield 

f/({Z„}) = //(Z,^ilZp.Zp_, Zi). (2.13) 

Thus, the entropy rate of a Mcirkov-p process is given by the //'' order conditional 

entropy. 

The arithmetic coding procedure described in the previous section can be used to 

encode a Markov-p process {Z„}. In this procedure, the coder utiHzes the conditional 

probabilities p(^„4.i|~„, ~a-ir - - - - -n-p+i)- By using EqUcition (2.13). it am be shown 

t h a t  t h e  e x p e c t e d  b i t - r a t e  o f  t h i s  p r o c e d i u r e  w i l l  a p p r o a c h  t h e  e n t r o p y  r a t e  H { { Z n } )  

of the random process [11]. 
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It is important to briefly discuss the implications of Equation (2.13). Assume thiit 

the output of ci Mcirkov-p process is encoded by an iirithmetic coder. If the source is 

encoded cissuming that the random variables (Zi. Z-i 'ire independent, the 

arithmetic coder can achieve H[Zp^\,) for the (p-f-1)"^'' source symbol. However, using 

conditional probabilities, it is possible to achieve H{Zp^i\Zp. Zp-i.... .Zi). Since 

H{Zp^y\Zp.Zp., Zi) < H{Zp^,). (2.14) 

it can be stcited that for non-indepeudeut sources, the use of conditioning improves 

the performcince of entropy coding. Intuitively, coding under the independence as

sumption assumes that each random variable Z, contains no information about the 

other random \-ariables. However, if the soiurce is a Markov-p process, this cissuinp-

tion is incorrect. The dependencies across the random variables can be exploited 

through conditioning to improve the compression performance. 

2.3 Transform Coding 

Let us assume that a sequence Z — [Zi.Z-i Zk\ from a stationary' random 

process {Z„} needs to be coded. As indicated in the previous section, these samples 

are usually not independent cincl can exhibit significant dependencies. As a result of 

Shannon's rate-distortion theor\- [12. 2j. it is more efficient to encode these samples 
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as a vector than as scalars. Unfortunately, vcctor quantization is far more compU-

cated than scalar quantization. Thus, in practice, it is desirable to use simple scaUir 

quantization algorithms. 

In transform coding, the source vector Z is trtinsformed to yield a new vector Y. 

such that the elements of Y exhibit much less rlependencics than those of Z. In 

other words, we would hke to make the elements of Y tis close to being independent 

of each other as possible. Furthermore, it is desirable that the transform compact 

the information in a small number of elements. In other words, we would hke a few 

elements of the random vector Y to contain a large portion of the information in 

Y. This would enable the elements of the output vector Y. often referred to as the 

transform coefficients, to be coded efficiently using scalar ciuantization. 

Many different transforms have been utilized for image coding, including the 

Hadamard Transform [13]. the Hartley Transform [14]. Discrete Cosine Transform 

(DCT) [15]. Karhunen-Loeve Transform (KLT) [16. 17]. and the wavelet transform [IS. 

19. 20. 21]. The wavelet transform has been widely used in image compression appli

cations recently [22. 23. 24. 25. 26. 271. since it possesses many desirable properties. 

Some of these properties include: 

• The wavelet transform offers a miiltiresolution representation of the signal. Using 

only a portion of the wavelet coefficients, the signal can be reconstructed at a coarse 

resolution. This coarse representation is approximate, but adec^uate for many ap

plications. Higher resolution reconstructions can be obtained by using more wavelet 
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coefficients. From, an image compression perspective, it is possible to pcirtition the 

transform coefficients according to the resolution level the\- contribute to. Through 

proper design, it would then be possible to partition the compressed data into seg

ments that correspond to different resolutions. Thu.s. the roc-onstructed image can be 

created at many different resolutions. 

• The wavelet transform representation cillows localizing the signal in both time 

and frequency simultaneously. In image compression applications, if there is a region 

of the inicige that needs to be reconstructed with higher fidelity, the wavelet coef

ficients that contribute to the region can be identified and coded at higher fidelity. 

Xote that this would not be possible, if a Discrete Fourier Transform Wcis used to 

represent the image. In that case, every pixel would contribute to ever\' coefficient 

in the Fourier domain. 

• The calculation of the wavelet transform coefficients can be done in a compu

tationally efficient manner. This enables the use of wavelet transforms ui practical 

image compression systems. 

The methods used later in this dissertation utilize wavelet transforms. Therefore, 

we proxide a brief overview of these transforms in the following section. 

2.3.1 Wavelet Transform 

The wavelet transform is a x-aluable tool for multiresolution analysis [IS. 19. 20. 21]. 

and can be implemented using perfect reconstruction, finite impulse response (FIR) 
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filter banks [20. 21]. Figure 2.3 shows a two-channel filter bank. In the figure. H  

and G are analysis filters, and H and G are synthesis filters. In the analysis step, 

the discrete-time input signal ;r[n| is filtered using H and G. and downsampled to 

generate the low piiss band .s[n] and the high pass l)and f/[n|. The total number of 

samples in s[n] and d[n] is ec[Uiil to the number of samples in so the transform is 

non-expansive. At the s^Tithesis stage. s-[n] and d[n] are upsampled and filtered with 

H and G. respectively. The sum of the filter outputs results in the reconstructed 

sigucil x{n). If the filters selected are such that 

H { z ) H { z )  + C;(r)6'(-) = 2-"'. (2.15) 

and 

H { z ) H { - z )  +  G { z ) G { - z )  =  0. (2.16) 

the filter bank  is perfectly reconstructing with L sample delay. 

T 2 ! i 2 ^^ H T X 

*2 h-H G r r;n i 

Analysis Synthesis 

Figure 2.3: Wavelet analysis and svnthesis. 

It is possible to fiu'ther decompose and f/[n,|. In a dyadic decomposition, 

the lowest frequenc}^ band is decomposed in a recmsive fashion. We refer to the 

number of these reciursive steps as dyadic levels. Figiure 2.4 illustrates a 3-level dyadic 
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decomposition. Since the tmnsform is non-expansive, the total number of wavelet 

coefficients is eciual to the number of input samples. Thus, the wavelet coefficients 

Ccin be stored in an cirray that has the same size as the input signal cis illustrated in 

Figure 2.4. The higher levels of the trcinsform iU*e sometimes referred to tis coarser 

levels and the lower levels are referred to as the finer levels. Tliis is also illustrated 

in Figure 2.4. 

— Level 1 "I • Level 2 "j • Level 3 ^ 
(Finest Level) (Coarsest Level) 

1 X 1 

i 
t 

j .^-Icvcl dyadic 
i wavelet transform 

1 
1 '^3 i 1 

J-.  

Figure 2.4: Dyadic wavelet analysis. 

The wavelet transform can be extended to multi-dimensions using separable filters. 

Each dimension is filtered and downsampled separately. It should also be noted that 

although nonseparable wavelets can also be used to filter multi-dimensioucil signiils. 

such filters are much harder to desigTi than separable filters. As a resiUt. the use 

of nonseparable wavelets has been very limited in image compression applications. 

Figiure 2.5 illustrates the implementation of two levels of a three-dimensional dyadic 
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decomposition using separable filters. Similar to the one-dimensional case, three-

dimensional wcwelet transform coefficients can also be stored in a data cube that has 

the same size cis the input signal. In Figiure 2.5. each subbtrnd has been labeled and 

the corresponding locations for storing these subbands in the output data cube luive 

been identified. 
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Figure 2.5: Three-dimensional wavelet analvsis. 
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2.3.1.1 Wavelet Transforms Using Lifting 

In [28]. Daubechies and Sweldens presented a scheme, called lifting, for computing 

the discrete wavelet transform. They showed that tuiv discrete wavelet transform can 

be computed using this scheme and almost all these transforms have reduced compu

tational complexity comptired to the standard filtering algorithm. In tliis scheme a 

tri\nal wavelet trcinsform. called the lazy transform, is computed first. This transform 

simply splits the input into two by gathering the even and odd inde.xed samples in 

separate arrays. Let .r[n] he the discrete-time input signal. Then the lazy wavelet 

transform is given by 

= j:[2n]. (2.17) 

and 

= .r[2n ^ 11 (2.1S) 

Xext. alternating "dual " cind "lifting" steps are apphed to obtain 

r/C'M = - k\. (2.19) 
it 

and 

.st'l[n| = [n] - ̂  u'''[n - A;l. (2.20) 
k 

i = 1.2 M. where the coefficients and are computed using a lift

ing factorization of the poK'phase matrix. Details are given by Daubechies and 

Sweldens [28]. 
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and 

= 'M 
R 

(2.24) 

This is followed by reversing the lifting and dual lifting steps and flipping signs to 

obtain 

,u-i) [n| = ^ - fc\. (2.25) 

and 

cr-^^[n\ = rZ>"[n| + ̂ - A:]. (2.26) 
k 

i  =  M .  M  —  1  1. Finally, the inverse lazy wavelet transform is performed: 

.£:f2nl = (2.27) 

and 

X[2TI -r 1] = (2-2S) 

j-lM) 

JtM) 

-(±>-
_1_ 

U IM) ,(M) 
P 

~T d(M-l 

JL 
t2 

.11) ,ll) 

d'°' 

V .X 

©-

t2 N
, 

t2 N
, 

Figure 2.7: The inverse wm-elet transform using lifting. 
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2.3.2 Integer Wavelet Transforms 

In most cases the wavelet transform produces floating point coefficients, and al

though this allows perfect reconstruction of the original image in principle, the use 

of finite-precision arithmetic, together with ciuantization. results in a lossy .-scheme. 

Recently, new Wiivelets that transform integers to integers hcive been introduced [29. 

30. 31. 32. 33]. It was shown that an integer version of ever\- floating-point wavelet 

transform with finite filters can be obtciined using the lifting scheme [32]. 

Integer wavelet transforms, i.e.. wavelet transforms that transform integers to 

integers, can be developed using the lifting scheme by rounding off the result of each 

dual lifting and lifting step before adding or subtracting. In particular, the dual 

lifting and lifting steps are replaced by 

cr'[n] = cr-''[r,] -
k 

and 

.s>''[n,] = - [(^ - k]) ^ (2.30) 
k 

respectively. The inverse is obtained by reversing the lifting and the dual lifting steps, 

and flipping signs. 

.,'>-^)[n] = .s'"[n] -r [(^ - k\) ~ ̂ J. (2.31) 
k 

and 

= ,(<•'(«] 4- - Al) ^ ij. (2.32) 
k 
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It should be noted that although integers are transformed to integers, the coefficients 

and are not necessarily integers. Thus, computing the integer transform 

coefficients can require floating point operations. By using rational coefficients with 

"power of two" denominators, all floating point operations can be avoided. Also, the 

scaling factor K hcis been eliminated from the above equations, since K = 1 for the 

integer transforms considered in this work. 

The hiteger transforms used in this work arc defined in the .-Vi^pcudix. 
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2.4 Image Coding Background 

In this section, we provide a brief introduction to image compression. The goal 

of this section is to introduce key concepts and tenninology that will be used in the 

remainder of this dissertation. Comprehensive background in image compression is 

available in many texts [34. 35. 9. ll|. 

For the piu'poses of tliis work, an image is an Av row by A'c column cU'ray of 

cUscrete values, referred to as pixels. Let A'fn]. n = denote an image where 

rii = 0. 1 A'V — 1 and n-2 = 0.1 — I. Each pixel value of the image is 

usually an integer. The range of allowable pixel values can vary according to the 

application. For most grayscale images, the pixel values are between 0 and 255. 

Thus, each pixel value can be represented using an 8-bit integer. However, it is also 

common to see 1-bit. 16-bit. and 32-bit images in many apphcations. 

For color images, each pixel is usually represented by multiple \'alues. For RGB 

images, these three values con'espond to the brightness levels of the red. green, and 

blue components of the image. In this case, each color component is represented 

by an curray. such as A'ft[n]. and A'B[n]. In remote sensing applications, it 

is common to see images with many more components. In these apphcations. the 

images are recorded simultaneously in many spectral bands to provide information 

on the spectral reflectance of a given object [36}. The image corresponding to each 

spectral band can be represented by cin array. These images can be x.isucihzed as a 
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Figure 2.S: A typical image couiprerfriiou system. 

since they can lead to significant reduction in rate with small amounts of distortion 

in the reconstructed image. 

Many different distortion mecisures exist in literature. However, the most widely 

used measure is the Mean SciUcU'ed Error (MSE) defined by 

5Z(A'[n.i. n-jj - .V[ni. n-i])-. (2.33) 
• ' ' r. n I n -y 

The Peak Signal-to-Noise Ratio (PSNR) is another distortion measiure that is com

monly used. The PSNR is defined as 

-  1 ) -
PSNR 4 in logio ^ ' • (2-34) 

The performance of a loss\'' image compression system is rnetisured using the rate 

and distortion pair. Many image compression sj'stems produce a bitstream that 

corresponds to a desired rate determined prior to compression. If a different rate is 
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clesLred. the coiupresriiou system proclucei; a new birstream. For such systems, the 

two bitstreams are unrelated. There are systems, however, that generate embedded 

bitstreams. The bitstreams generated by such systems possess the property that the 

first 60 bits of a bitstream generated at Ri = bi/Nr^'c bits/pixel is identical to the 

bitstream generated at Ro = foo/:\VA'c bits/pixel, wliere < b^. Such systems are 

very desirable in prcictice. The encoder can be used once to generate a bitstream 

at high rate, and the bitstreams coiTosponding to all lower rates can be obtained by 

simply reading the initial bytes of the bitstream. 

There are different types of embedded bitstreams. If receiving more bits from an 

embedded bitstream improves the equality of the reconstructed image, the bitstream 

is said to be (juaHtu embedded. Similarly, if receiving more Ints from an eml)edded 

bitstream allows the creation of the reconstructed image at higher resolutions, the 

l)itstream is said to be resolution embedded. 

Besides those that produce embedded bitstreams. there are other tv*pes of systems 

with similar desirable properties. Some systems produce bitstreams that can be 

parsed easily to yield different images. In those systems, the sections of a bitstream 

that are required to reconstruct the image at a particidar resolution or c[uality can be 

identified and decoded indepedently. Such systems are said to be resolution scalable 

and/or quality scalable. 
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compression is generally acceptable for image browsing, precise radiometric calciilii-

tions require lossless storcVge of multiple spectral bauds [38]. 

Since three-dimensional image data can be represented cis uadtiple two-diuiensioucil 

slices, it is possible to code these two-dimensional images independently on ii slice 

by slice basis. There exist several excellent 2-D lossless compression algorithms, such 

cis the new lossless image compression standcird JPEG-LS [39]. and the Context-

based Adaptive Lossless Image Codec (C.A.LIC) algorithm [40]. However, such two-

dimensional methods do not exploit the depeudeucies that exist among pixel val

ues in all three dimensions. Since pixels are correlated in all three dimensions, a 

better approtich is to consider the whole set of slices as three-dimensional data. 

Several methods that utilize dependencies in all three dimensions have been pro

posed [41. 42. 43. 44. 45. 4G. 47]. Some of these methods [41. 42. 44. 45] use 

three-dimensional discrete wavelet transform in a lossy compression scheme, wliile 

others [43. 47] use predictive coding in lossless schemes. 

In this chapter we introduce a wavelet compression algorithm that exploits the 

dependencies in all dimensions of three-dimensional image data. The data is decom

posed into subbands using reversible integer wavelet transforms [29. 30. 31. 32]. A 

generalization of the zerotree coding scheme [22]. together with context-based adap

tive arithmetic coding are used to encode the subband coefficients. The algorithm 

produces an embedded bitstream which allows progressive reconstruction of images. 

In other words, it is possible to reconstruct a lossy version of the three-dimensional 
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image data. b\' decoding the initial portion of the bitstreain. The quality of the 

image data is improved by further decoding of the bitstream. imtil it is perfectly 

reconstructed. Thus, the proposed cilgorithni enables lossy and lossless compression 

of three-dimensional image datci using a single compression techniciue. 

3.i Zerotree Coding 

In a dyadic wavelet transform every coefficient is related to a set of coefficients 

at the next finer level that correspond to the same spatial location in the image. X 

coefficient at a coarse level is called a parent, while its spatially related coefficients at 

the next finer level are referred to as its children. This dependency can be represented 

using a tree structure as depicted in Figure 3.1. Notice that (for 2-D data) coefficients 

in the low pass band at the coarsest scale have only three children, where all the other 

coefficients, e.xcept for the coefficients at the finest scale, have four. The coefftcients 

at the finest scale are childless. .\ll the coefficients at finer levels that descend from 

a coefficient at a coarse level are called its descendants. 

Shapiro introduced a method for coding the wavelet coefficients of images [22]. 

An important property of this metliod is that it enables progressive transmission. In 

other words, the information in the bitstream produced by this method is arranged 

in order of importance. More important information appears at the beginning of 

the bitstream. while less important information appears toward the end. A coarse 

version of the image can therefore be recovered by decoding the initial portion of 
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Figure 3.i: 2-D dyadic wavelet decoiupoaitioti. 

the bitstream. and the image can be refined by continuing the decoding process until 

perfect reconstruction is achieved. 

[f MSE is selected cis the distortion measure, information that provides greater 

decrease in MSE is considered more important. Let X be the original image, and T. 

an orthonormal transfonn. Then the transform coefficients C are given by 

C = TX. (3.1) 
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Let C denote the approximation of C produced at the decoder. Then, the recon

structed image X is given by 

X = T-^C. (3.2) 

The MSE between the original and recoustructod images is given by 

M S E  =  -^IIX - X||- = :^I|C - c||- = ̂  Y. E "-J - C[n„. 
' - » r. ' rii ri2 

(3.3) 

where C[ni. n-,\ denotes the transform coefficient at wavelet coordinate [rii. Ec^ua-

tion (3.3) follows from the fcict that orthonornuil transforms preserve the L-y norm. 

If the decoder initially sets all of the coefficients to zero and upchites them progres

sively. it follows from Eciuatiou (3.3) that the coefficient with the largest nuignitude 

needs to be transmitted first, since it would provide the largest reduction in MSE. 

This approach could be further improved by the following observation: If the coef

ficients are represented in biniir\- notation, the "i' bits at higher bit planes provide 

greater reduction in MSE than the 'T bits at lower bit planes, when triinsmitted. This 

observation suggests that we should transmit the "I" bits at the highest bit plane first, 

rather than transmitting all the bits of the coefficient with the largest magnitude. 

It should also be noted that when the decoder receives these bits, it should be able 

to loccite the coefficients that each bit belongs to. Thus some additional information 

needs to be transmitted to denote the order in which these bits were transmitted. 

For non-orthonormal transforms, the MSE in X can often be computed as a 

weighted MSE in C, i.e.. by weighting each term of the simi in (3.3) [48]. 
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It licis been pointed out iu the hterature that the MSE is not always a good dis

tortion measiu*e to asses the perceived f[uality of images [49. 50]. Although we have 

adopted MSE as our distortion measure above, it is possible to include visual fre-

ciuency weighting methods to tiike advantage of visual perception using this scheme. 

We refer the reader to [49. 50] for further discussion on how to design such visual 

freciuency weights for wavelet-based image coders. 

Shapiro introduced ci method. Embedded Coding of Zerotrees of Wavelet Coeffi

cients (EZW) [22]. which suggests an efficient way of ordering the bits of the wavelet 

coefficients for transmission. EZW is based on the observation thcit if a coefficient is 

small in magnitude with respect to a threshold, then all of its descendants arc likely 

to be small as well ^ . To exploit this obser\-ation. a threshold t is determined by 

finding the wavelet coefficient with the largest magnitude and setting the threshold 

to the integer power of two less than or eciual to this value. In other words, if the 

wavelet coefficient with the largest magnitude is W, then t = 2l-'°S2(|itn)J The wavelet 

coefficients are scarmed in a hierarchical order from the coarsest subband to the finest, 

and ever\' coefficient is checked to determine whether its magnitude is greater than 

or equal to t. i.e.. if it is significant with respect to the threshold. If a coefficient 

is foimd to be significant, then it is coded as either positive significcint (POS). or 

negative significant (NEG) and it is placed on the Ust of significant coefficients. 

'Although this obser\'ation suggests that there exists strong dependencies betw'een a coefficient 
and its descendants, it was recently siiown tliat these dependencies are significantly smaller than 
previously believed, and that the excellent performance of EZW schemes can be attributed, in most 
part, to the energj* compaction properties of the wavelet transform [51]. 
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If the coefficient is not significant, all of its descendants are examined to see if 

a significant descendant exits. In the case that the coefficient does not have any 

significant descendants, it is coded as ci zerotree root (ZTR). If it has a significant 

descendent. it is coded as an isolated zero (IZ). The coefficients that descend from a 

ZTR are not significant and need not be coded. This part of the algorithm is callcd 

the dominant pass. 

Next, a aubordinatp, pass is performed over the coefficients in the significant list. 

For every coefficient in this list, the bit at location log2(0 — 1 in the coefficient's 

binary representation, i.e. the bit in the lower bit plane, is coded. 

The encoder halves the threshold and performs another dominant and subordinate 

pass. This process is iterated until a stopping criteria is met. If a coefficient was 

determined to be significant at an earlier pass, it will still be significant at the current 

pass and need not be identified as significant again. The number of entries in the 

significant list grows monotonically as the threshold t decreases. 

The decoder uses a similar algorithm. Setting all the coefficients to zero initially, 

and moving through the same scan direction as the encoder, the decoder inputs a 

symbol from the bit stream at every coefficient. If the symbol is POS. the current 

coefficient is set to the tlnreshold. If the symbol is XEG. its magnitude is set to the 

tlireshold and its sign bit is set to negative. In both cases the coefficient is placed 

in the significant list. If the symbol for a ZTR is received, none of the descendants 

of the ciunrent coefficient are visited dmring this dominant pciss. If an IZ s\"mbol is 
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received, the decoder simply moves to the next coefficient. Ne.xt. the subordinate pass 

is performed. For every coefficient in the significant list, one bit is input from the bit 

stream and if this bit is L. it is used to replace the 0 bit cit loccition log.>(f) — 1 in the 

coefficient's binary representation. A detailed explanation and a simple example of 

the EZW algorithm is found in Shapiro's paper [22]. 

Although not explicitly mentioned above, the symbols are entropy coded before 

transmission. .Adaptive arithmetic coding is usually used for this tcisk since it effec

tively exploits the non-uniformity of symbol probabilities [8|. 

3.2 Three-Dimensional Zerotree Coding 

The extension of the method of [22] to a three-dimensional wavelet transform 

is straightforward. The parent-children relations are considered in three dimensions 

instead of two. Figure 3.2 illustrates such a tree structiure. Note that the root node of 

the tree has only seven children, while all other nodes, except the leaves, have eight. 

In other words, except for the root node and the leaves, a coefficient tit {iii- n>-r 'h) 

has the coefficients at 

{'Irii.'ln-), 2«:{), (2ni -r 1.2/12- "2na). (2ni. 2no -t- 1. '2n-,i). 

{'Irii.'Zn-}. 'In-j -1- L). (2ni -h i. 'In-x -h 1. 2n.;{). 

(2ni + 1.2712,2n:i •+- 1). (2ni.2n-2 + 1.2n.i -h 1). (2ni -i- 1.27io -h 1.2n:i -r I) 

(3.4) 
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as its children. To define the parent-children relationship for a coefficient at the root 

node, let L[. L i, Ln be the dimensions of the root subband. Then, a coefficient of the 

root subband at (/)i. u-2. «•<) has the coofficients ar 

{riy "i" Li- ^ki)- ("ir "-2 "I" ("^i- "•'ir "•:{ "i" ("l ''-2 ^2r 'k\)-

{ r i \  +  L ^ .  T i ' x .  - f -  L - ^ ) .  { f i i .  T i ' z  +  ^ k ^  " t *  L ^ ) .  { n i  +  L i .  i i - x  +  L - i r  " I "  L : \ )  

(;j.5) 

as its children. Clcarlv. the leaf nodes do not have anv childrcu. 
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Figure 3.2: Three-dimensional tree structure. 
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3.3 Coutext-Based Three-Diiueiisioiuil Zerotrec Coding 

Several improvements to two-dimensional EZW luive been suggested [52. 53. 54. 

55]. In this work we improve the performance of three-dimensional EZW by us

ing context-based adaptive arithmetic coding, which exploits dependencies between 

symbols. 

The fundamental problem in context-based adiiptive arithmetic coder design is to 

select good modeling contexts. Lot ./; be the symbol we want to encode. A simple 

memoryless model is not usually efficient, and would require — log2(P(x-)) bits to en

code this symbol. A better choice is to use a high-order model. We create a modeling 

context. C = where are symbols for other coefficients that 

depend on the current s\'mboL Then. — log2(P(.tiC)) bits are needed to encode 

Note that if each .i\ has B bits of resolution, than there are 2^'^ different contexts. 

In theory, the higher the order of the modeling context, the lower the conditional 

entropy [3]. However in practice, increasing the order of the modeling context does not 

always improve the coding performance. The arithmetic coder requires an estimate 

of the statistical model of the source. P(.r|C). which has to be estimated on the fly 

through past obsen'ations. Since the cUnount of data necessary to reliably estinmte 

P{x\C) increases with increasing model order, liigher-order modeling contexts can 

result in many symbols being coded using inaccmrate probability estimates. This 

problem is known as context dilution [56]. Context chlution is especially important 
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in Ccises where the soiu'ce is not stationar\^ Then rapid adaptation of the modeUng 

context histograms is essential. Fiurthennore. the memory requirements to store 

this model at both the encoder and the decoder grow exponentially with respect to 

the order. Computational rociuiremcnts also increase with increasing model order, 

.siuco higher order models reciuiro more computations to compute the index to the 

probability table corresponding to the current context. 

The complexity of CB-EZW is comparable to that of EZW. The only additional 

coniple.xity in CB-EZW is due to the computation of the index to the probability 

table corresponding to the current conte.xt. The memory reciuiremeuts of CB-EZW 

are slightly higher as well. In EZW. a single probability table is .sufficient for adaptive 

arithmetic coding of the EZW symbols. However. CB-EZW requires one probability 

table per context. Thus. 128 probability tables need to be kept in memor}' for a 

model with 128 contexts. Each probability model rec[uircs storage of the frequency 

count of each symbol. If we assume that 2 bytes arc used to store each freciuency 

count, the CB-EZW algorithm would rcc[uire 2 bytes x 4 symbols x 128 cotuexts = 

1024 bytes to store the probability tables whereas the EZW would require only 

2 bv'tes X 4 symbols = 8 bytes. 

For context-based adaptive arithmetic coding of EZW' s\'mbols. the context mod

els can be designed to take advantage of the spatial and hierarchical dependencies, as-

well as dependencies across subbauds at the same level of the transform. The wavelet 
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coefficients around the current coefficient can be used to exploit the spatial dependen

cies. and the parent coefficient can be used to exploit the hierarchial dependencies. 

Similarly, the dependencies across subbands at the same level Ccin be exploited using 

the coefficients at the same spatial location in the image. Any combination of these 

coefficients can be used to create the current context. However, it is important to 

preserve causality in context models. Since the probability models that cu:e used to 

drive the arithmetic coder are selected depending on the context of each symbol, the 

decoder needs to be able to reproduce the context at ever\- symbol. If the context 

selected for a symbol differs between the encoder and the decoder, the decoder will 

select a different probability table to drive the arithmetic decoder. For example, 

if information from a pixel that is noncausal with respect to the scan direction is 

utilized to form a context at the encoder, the decoder will not be able to duplicate 

this context, since this nonctiusal information is not yet available at the decoder. 

This will result in loss of synchronization, and the remainder of the bitstream will be 

lost. Thus, each context should be formed using only the information that is already 

available at the decoder. 

In this work three s%TTibols aroimd the symbol to be encoded, as well as the 

parent sv-mboL are used to cretite the context model. This is illustrated in Figure 

3.3. xi.x-i-x-A. the symbols aroimd the ciurrent symbol x. are allowed to be one of 

POS, NEG. IZ. or ZTR. whereas the parent xq is identified only as significant, or 

insignificant. This scheme results in 2 x 4'^ = 128 contexts. Note that the s\^ubols 
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xq. .L'l.x-). xn are selected such thcit they are available cit the decoder when the symbol 

x is being decoded. 

/ / X 1 / 
/ / / 

X / 
/ 

V, / 

Figure 3.3: Three-tlimensional courext moclcLs. 

3.4 Results 

We have performed coding experiments on several 8-bit CT and MR image volumes 

obtained from the Mallinckrodt Institute of Radiology Image Processing Laboratory. 

Tables 3.1 and 3.2 describe CT and MR data sets, respectively. 

Table 3.1: Description o " CT data. 

History Age Sex Filename 

Original voxel 

dimensions (mm) 

Vbhmie size 

(pixels) 

Tripod fracture L6 M CT^knll 1 0.7 X 0.7 x 2 2oG X 2.5G X l'J2 

Healiiis scaphoid fracture 20 M CT-wrist 1 0.17 X 0.17 X 2 25G X 25G X 17G 

Internal carotid dissection 41 F CT .carotid 0.25 X 0.2-5 X 1 25G X 25G X G4 

Apert's s\Tidronie 2 M Cr_\perts O.:jo X 0.:Jo X 2 25G X 2.5G X 'JG 
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Table 3.2: Description of MR data. 
Original voxel Vohmie size 

History Age Sex Filename dimensions (mm) (pixels) 

Normal 38 F MR-Iiver_tl 1.45 X 1.45 X 5 256 X 256 X 48 

Normal 38 F MR_liver_t2el 1.37 X 1.37 X 5 256 X 256 X 48 

Left oxopthalnios 42 .\I MR.>ag_lieacl 0.98 X 0.98 X 3 256 X 256 X 16 

CoustMiital lii'art cliscjise 1 .\I MR-pt'cLcliest 0.78 X 0.78 K y 256 X 256 X 64 

We have also performed experiments using IG-hit Airborne Visible Infrared Imag

ing Spectrometer (AVIRIS) data obtained from the NASA Jet Propulsion Labora

tory [57]. .WIRIS deUvers calibrated images of the upwelling spectral radiance in 

224 contiguous spectral channels with wavelengths from 400 to 2500 nanometers. 

Each .AVIRIS scene has UI4 x 512 pi.xels resolution corresponding to an area of about 

Llkm X lOkm on the ground. The scenes we have used were from the 1997 Motfet 

Field run. For om* experiments, we have cropped each scene to 512 x 512 x 224 pixels. 

We use the following notation in our experiments. We refer to a three-dimensional 

data set formed by combining U 2-D images as a coding unit. We refer to U a« the 

size of the coding unit. For example, we would use V" c-oding units to encode a three-

dimensional image data set that consists of V - U 2-D imtiges. We refer to the first 

and the last 2-D images in each coding imit as the codmg imit boimdaries. We refer 

t o  e a c h  2 - D  i m a g e  a s  a  s l i c e ,  a n d  u s e  j  t o  i n d e x  e a c h  s h c e  s u c h  t h a t  j  =  1 .  -  -  -  . V  •  U .  

We refer to j as the slice number. 
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3.4.1 PerforiTicince Using Different Integer Wavelet Transformations 

In this section, we present the lossless performance of the 3-D CB-EZW algorithm 

using different integer wavelet transforms. The results presented in Tcibles 3.3 and 

3.4 were obtained using 2-levol dyadic decompositions on IG slice coding units for 

MR and CT data, respectively. Similarly. Table 3.5 presents results for AVIRIS delta 

using all of the 224 slices as a single coding unit and 5-level dyadic decompositions. 

There was no single transform that performed best for all data sets. This is consistent 

with previous 2-D results [32|. 

Table 3.3: Comparison of the lossless compression performances of different integer 
wavelet transforms on CT data (in bits/pixel averaged over the entire inicxge volume). 
'he entries in bold denote the best transform br each c ata set. 

Filename (2.2) (4.2) (2.4) (6.2) (2+2.2) (1+1.1) S S+P 
CT-skull 2.9519 2.2210 2.2005 2.2773 2.1792 2.2942 2.7976 2.2046 
CT-wrist 1.S236 1.3057 1.2723 1.3391 1.2267 1.3448 1.6756 1.3274 

CT .carotid 2.1408 1.513G 1.5279 1.5491 1.4618 1.5289 1.8524 1.4553 
CT—\perts 1.4263 1.041G 0.9879 1.0776 0.9424 0.9717 1.1826 1.0139 

Tcible 3.4: Comparison of the lossless compression performances of different integer 
wavelet transforms on MR data (in bits/pixel averaged over the entire image volume). 
The entrie.s in bold denote the best transform for each data set. 

FileN'ame (2.2) (4.2) (2.4) (6.2) (2+2.2) (1+1.1) S S+P 
MR Jiver.t 1 3.2270 2.4262 2.3983 2.4687 2.3239 2.4707 3.1384 1 2-4156 

MRJiver_t2el 2.5771 1.7607 1.8220 1.7704 1.7512 1-8810 2-3701 1-7530 
MR^sagJiead 2.8631 2.4254 2.2279 2.4547 2.2690 2.1955 2-7353 2-3569 
\ IR_ped_chest 2.4954 2-1489 2.0225 2.1960 1.9895 2.0586 2.4927 2-1174 
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Table 3.5: Corapcirisoii of different integer wavelet transforais on AVIRIS data (in 
bits/pixel averaged over the entire image volume). The entrietJ in bold denote the 
be.st transform for each data .set. 

FiloN'ame (2.2) (4.2) (2.4) (G.2) (2+2.2) (1+1.1) S S+P 

Scene 1 5.8478 O.S532 5.8548 C.1710 5.8485 5.9092 6.5443 5.9107 
Scenc 2 5.6323 5.G383 5.G426 5.9744 5.G340 5.G832 6.3228 5.6850 
Scene 3 5.2605 0.2817 5.2622 5.G553 5.27.50 5.2928 5.9099 5.3259 

3.4.2 Performance Using Different Coding Units and Decompositions 

Table 3.G presents the lossless performance of the 3-D CB-EZW algorithm using 

the (2-f2.2) integer wavelet transform with different coding units and decompositions 

mi the CT-skull data .set. Increasing the coding unit size increases the mcmoiy 

requirements of the algorithm. Assuming 4 bytes to store integer wavelet coefficients, 

a IG slice 256 x 256 coding unit rcc[uires around 4 Mbytes of memory, whereas a 128 

slice coding unit requires 32 Mbytes. 

Table 3.6: Compari.son of different coding unit sizes and decomposition levels on the 
first 128 slices of the CT skull data (in average bits/pLxel). 

Unit Size Dyadic Le\'els Average bpp 

16 2 2.3372 
32 2 2.2481 
32 3 2.2521 
64 2 2.2010 
64 3 2-2008 
64 4 2.2039 
128 2 2.1724 
128 3 2-1696 
128 4 2-1720 
128 5 2-1726 
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3.4.3 CorapiU'ison with other Lossless Compression Algorithms 

Tables 3.7. 3.S. and 3.9 illustrate the lossless performance of the algorithm pre

sented here together with two other algorithms found in the literature. Both JPEG-

LS [39] and CALIC [40] are state-of-the-art 2-D lossless compression algorithms and 

are included in the table for reference. The results for these algorithms were obtained 

by encoding every slice independently and averaging the bit rate over the entire im

age volume. Thus. .IPEG-LS and CALIC make no attempt to exploit dependencies 

in the third dimension. 

The EZW and context-based EZW (CB-EZW) are the 3-D tcclmic[ues presented 

in this chapter. The 3-D EZW algorithm does not have context modehng. and the 

adaptive arithmetic coder is reset at ever\' subband. The 3-D CB-EZ\V* algorithm 

uses context modeling as described in the previous section. 

The results in Tables 3.7 and 3.S were obtained using a 3-level dyadic implemen

tation of the (2-r2.2) integer wavelet transform on the entire image volume. The 

results in Table 3.9 were obtained using a 5-level dyadic implementation of the (2.2) 

integer wavelet transform on the entire image data set. The same transfomi was used 

in all three chrections. It should also be noted that till of the results given here are 

computed from actual file sizes, not entropies. The results show tliEit the exploita

tion of dependencies in the third cUmension significantly improves performance. The 

compressed files for 3-D CB-EZW are on average 22%. 25%. 20% smaller for the CT. 
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MR. and AVIRIS datci sets, respectively. compcU-ed to the smallest file from the two 

2-D techuiques. It Ctin also be seen that the ntilization of contexts provides addi

tional gain in coding performance. The files for 3-D CB-EZW are on average 10%. 

7%. and 10% smaller than the files for 3-D EZW for CT. MR. and AVIRIS data sets, 

respectively. 

Table 3.7: Comparison of different methods on CT data (in bits/pixel averaged over 
the entire image volume). The entries in bold denote the best method for eiich data 
set^ 

FileNanie 
UNIX 

Compress .IPEG-LS [39] CALIC [40] 3-D EZW 3-D CB-EZW 

CT^kull 4.1357 2.8460 2.7250 2.2251 2.0095 
CT-wrist 2.7204 1.G531 1.G912 1.2828 1.1393 

CT-caroticl 2.7S22 1.7388 l.Go47 1.50G9 1.3930 
CT^A,perts | 1.7399 1.0037 1.0470 1.0024 0.8923 

Table 3.S: Comparison of different methods on MR data (in bits/pixel averaged over 
the entire image voUune). The entries in bold denote the best method for each data 
set. 

FileName 
UNDC 

Compress .TPEG-LS [39j CALIC [401 3-D EZW 3-D CB-EZW 

MRJiver.tl 5.304 3.1582 3.0474 2.3743 2.2076 
MRJiver_t2el 3.9384 2.3692 2-2432 1.8085 1.6591 
MR_sagJieacl 3.5957 2.55G7 2.5851 2.3883 2.2846 
MR_ped_cliest 4.3338 2.9282 2.8102 2.0499 1.8705 
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Table 3.9: Comparison of different methods on AVIRIS data (in bits/pixel averaged 
over the entire image volume). The entries in l^old denote the best method for eac-h 
data set. 

FilcName 
UNIX 

Compress .IPEG-LS [391 CALIC [40] 3-D EZW 3-D CB-EZW 

Scciie 1 10.9974 7.5966 7.4979 6.6279 5.8478 
Scene 2 10.6436 7.1529 7.1246 6.3014 5.6323 
Scene 3 9.4261 6.4084 6.3545 5.7865 5.2605 

.'J.4.4 Progressive Performance 

As discussed earlier, the proposed algorithm produces an embedded bitstreani 

enabling progressive decoding. In this section we present the progressive performance 

of our algorithm. Figures 3.4 and 3.5 show the progressive performance of the 3-D 

CB-EZW algorithm at average rates of Q.I and 0.5 bits/pixel, respectively. The 

progressive performance is illustrated using both IG and 128 slice coding units. For 

reference, the results using the 2-D Set Partitioning in Hierarchical Trees (SPIHT) 

algorithm [24] are included. As before, this appliccition of SPIHT does not exploit 

the dependencies in the third dimension. 

These results show that the proposed algorithm offers excellent lossy performance, 

even at low bit rates. Using a 12S slice coding unit provides an average of 0.55 and 

0.23 dB improvement in PSXR over the 16 slice coding units at 0.1 tind 0.5 bits/pixel, 

respectively. The average PSXR for the 3-D CB-EZW with a 12S shce coding unit 

is roughly 5 dB and 3 dB better than that of 2-D SPIHT at 0.1 and 0.5 bits/pixel. 
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Figure 3.4: Progressive perforaiance of 3-D CB-EZW on CT^kull data set at an 
civerage rate of 0.1 bits/pixel. Results using 2-D Set Partitioning in Hierarchical 
Trees (SPIHT) algorithm is included for reference. 

respectively. It should also bo noted that the progressive performance of the 3-D CB-

EZW declines sharply at the boundaries of the coding units. Similar obser\-ations 

were also made by Chen tmd Pearhnan [58]. Impro\-ing the progressive performance 

at these coding miit edges remciins a topic of futiure research. 

Figmre 3.G shows the original slice nmnber 79 of the CT-skull data set. It should 

be noted that this is one of the coding unit edge slices for 16 slice cochng units 

where the performtmce of the 3-D CB-EZW is poorest. Figures 3.7 and 3.8 show the 

reconstructed images of shce 79 at 0.1 bits/pixel using 3-D CB-EZW v^ith 16 and 128 

shce coding imits. respectively, and Figmre 3.9 sho^^•s the reconstructed image from 

2-D SPIHT at 0.1 bits/pLxel. Figiues 3.10. 3.11. 3.12 show the reconstructed images 

at 0.5 bits/pixel. 
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Figure 3.5: Progxesisivc pcrfornuiuce of 3-D CB-EZW* on CT_skiill cUita ser at an 
average rate of 0.5 hits/pixel. Resultri using 2-D Set Partitioning in Hierarcliiccil 
Trees (SPIHT) algorithm is inchicleci for reference. 

Figinre 3.13 shows shoe number 83 of the CT^kull data set. This is one of the 

slices where the 3-D CB-EZW performs well. Figin-es 3.14. 3.15. and 3.16 show rhe 

reconstructed images of slice 83 at Q.l bits/pixel using 3-D CB-EZW with IG slice 

coding units. 3-D CB-EZW with a 128 slice coding unit, and 2-D SPIHT. respectively, 

while Figin-es 3.17. 3.18. and 3.19 show the reconstructed images at 0.5 bits/pixel. 
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Figure 3.6: Original slice no. 79 of CT_skull image volume. 

Figure 3.7: Reconstructed slice no. 79 of CT_skuIl image volume using 3-D CB-EZW 
with. 16 slice coding units at 0.1 bits/pixel. 
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Figure 3.S: Reconstructed slice no. 79 of CT_skull image volume using 3-D CB-EZW 
with a 12S slice coding unit at 0.1 bits/pL\el. 

Figure 3.9: Reconstructed slice no. 79 of CT_skull image volume using 2-D SPIHT 
at 0.1 bits/pixel. 
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Figure 3.10: Reconstructed slice no. 79 of CT_skull image volume using 3-D CB-EZW 
with 16 slice coding units at 0.5 bits/pixel. 

Figure 3.11: Reconstructed slice no. 79 of CT-skuU image voliune using 3-D CB-EZW 
with, a 12S slice coding imit at 0.5 bits/pixel. 
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Figure 3.14: Reconstructed slice no. 83 of CT.skull image volume using 3-D CB-EZW 
with 16 slice coding units at 0.1 bits/pixel. 
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Figiure 3.15: Reconstructed slice no. 83 of CT^skuU image volume using 3-D CB-EZW 
with, a 128 shce coding unit at 0.1 bits/pixel. 
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Figure 3.16: Reconstructed slice no. 83 of CT-skull image volume using 2-D SPIHT 
at 0.1 bits/pixel. 
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Figure 3.17: Reconstructed slice no. 83 of CTjskull image volimie using 3-D CB-EZW 
with. 16 slice coding units at 0.5 bits/pixel. 
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Figure 3.IS: Reconstn.icted slice no. 83 of CT_skull image volume using 3-D CB-EZW 
with a 128 slice coding unit at 0.5 bits/pixel. 

Figure 3.19: Reconstructed slice no. 83 of CT.skull image volume using 2-D SPIHT 
at 0.5 bits/pLxeL 
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3.5 Conclusions 

In this chiipter a 3-D lossless image compression scheme. 3-D CB-EZW. is intro

duced. First, a sepamble integer wavelet transform for each cliineusion of the 3-D 

image is used. Then, the integer wavelet transform coefficients are encoded using 

3-D EZW. The performance of the 3-D EZW coding scheme is improved using an 

cidaptive cirithmetic coder with context modeling to further exploit the dependencies 

between EZW symbols. 

The 3-D CB-EZW is embedded and offers lossy and lossless compression in a single 

bitstream. Decoding the initial portion of the bitstream results in an approximation 

of the 3-D image. Further decoding improves the quality, until the 3-D imtige is 

reconstructed perfectly. Experiments show that this method performs well for both 

lossy and lossless compression of 3-D images. The 3-D CB-EZW algorithm provided 

an average of 22% and 25% decrease in file size for representative CT and MR images, 

respectively, compared to the best available 2-D lossless compression techniques. 
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CHAPTER 4 

Overview of JPEG2000 

4.1 Introduction 

In this chcipter. we provide an overview of the JPEG2000 imcige compression 

standard. This overview is not intended to be comprehensive. Instead, we aim 

to describe the algorithm in sufficient detail such that the remaining chapters of 

this dissertation will be more comprehensible to the reader. For a comprehensive 

description of JPEG2000. the interested reader is referred to [11|. 

.TPEG2000 is the latest international standard for image compression [59. 11]. 

Besides providing state-of-the-art compression performance, it offers a number of 

functionalities that address the requirements of emerging imaging applications. The 

fundamental difference between JPEG2000 and pre\'ious image compression systems 

and/or sttindards is that JPEG2000 acts more Uke an image processing system than 

a simple input-out put storage filter. Previously, most image compression systems 

would be utilized as a simple input-output storage filter that would compress or 

decompress an image as it was written to (or read firom) a disk. This would usually 

limit the image quaHty, size, resolution and spatial extent of the reconstructed image 

to those that were selected at compression time. 
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In contrast. .JPEG2000 creates a framework where the decision on several key 

compression parameters such as quality or resolution Ccin be delayed until after the 

creation of the codestrccim. and several different image products can be extracted 

from a single codestream. In JPEG2000. the encoder decides niaxinmm image quality 

(up to and including lossless) and maximiun resolution (or size) at compression time. 

Any image quality or size can then be decompressed from the resulting .JPEG2000 

codestream. up to and including the maximums chosen at encode time. 

In addition to the qucihty scalability cmd resolution scalability. .IPEG200() code-

streams support spatial rcindom access. There are several mechanisms to retrieve 

and decompress data from the codestream corresponding to arbitrar^^ spatial regions 

of an image. The different mechanisms yield different granularity of access. This 

random access extends to color components as well. Specifically, the black and white 

(grayscale) component can be extracted from a color image. As above, this can be 

done region by region with varying qualities and resolutions. 

It is important to note that in every case discussed above, it is possible to locate, 

extract, and decode only the bytes required to decode the desired image product- It 

is not necessary' to decode the entire codestream and/or image. In many cases, the 

bv-tes extracted and decoded are identical to those obtained if only the desired image 

product were compressed in the first place. 

The JPEG2000 standard is pubhshed in six parts. Part I describes the mini

mal decoder and the codestream syntax that must be followed for compUance with 
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the standard. Part II consists of "value-added" technologies that improve the per

formance and Pcirt III of the standard defines "Motion JPEG2000" which includes 

extensions for image sec^uences. Piirt IV provides information on compliance. Part 

V contains reference software, and Part VI describes an extended file fonnat for 

docruiuent imaging. 

4.2 The JPEG2000 Algorithm 

In this section, we provide a high level description of the .IPEG2000 algorithm. 

.A.lthough the standard specifies only the decoder tind codestream syutcix. this review 

focuses on the description of a representative encoder, since this enables a more 

readable explanation of the algorithm. We note that we will discuss the algorithm 

as it applies to Part I of the standard. As mentioned earlier. Part I describes the 

minimal decoder required for JPEG2000. which should be used to provide maximum 

interchange. "Value-added" technologies that are not required of all implementations 

are described in Part II. A simple JPEG2000 encoder is depleted in Figure 4.L. 

4.2.1 Tiles and Component Transforms 

In JPEG2000, an image is defined as a collection of two-dimensional rectangular 

arrays of samples. Each of these arrays is called an image component. Typical 

exarnx^les include RGB images that have three components, and CMYlv images that 

have four components. Components need not have the same nmnber of samples. The 
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Figure 4.1: A Simple JPEG2000 Encoder. 

image resides on a iiigh. resolution grid. This grid, usually referred to as the canvas. 

is the reference for all geometric structures in JPEG2000. The main purpose of the 

canvas is to define a consistent set of region mapping rules to be used for mtinipulation 

of the geometric structures of .IPEG2000. 

The first step in JPEG2000 is to divide the image into non-overlapping rectangular 

tiles. The array of samples from one component that fall within a tile is called a tile-

component. The primar\' benefits of tiles are that they provide a simple vehicle for 

Umiting implementation memor\^ requirements and for spatial random access. They 

can also be useful for segmenting compoimd imagery, as the coding parameters can 

be changed from tile to tile. As the tile grid is rectangular and regular, options for 

segmentation are rather restricted. 
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The primary discxdvantage of tiles is blocking iirtifacts. Since ecich tile is com

pressed independently of all other tiles, visible artifiicts can occur at tile boundiu'ies. 

For high bit rates and large tile sizes, these artifacts are generally invisible. The 

tile size can always be made so large as to encompass the entire image, effectively 

eliminating the presence of tiles. 

When multiple component images are being encoded, one of two optional com

ponent transforms can be applied to the first three components^ . These transforms 

decorrelate the components, and increase the compression efficiency. 

The first component transform is the irreversible color transform (ICT) and is only 

used in conjunction with the irreversible wavelet transform discussed in the following 

section. The second transform is called the reversible color transform (RCT) and 

is only used in conjunction with the reversible wavelet transform. Although both 

transforms are invertible in the mathematical sense, the RCT maps integer color 

components to integer transformed color components, and is perfectly invertible using 

only finite (low) precision arithmetic. Conversely, the ICT employs floating point 

arithmetic, and in general, requires infinite precision arithmetic to guarantee perfect 

inversion. The RCT can be view^ed as an approximate version of ICT. 

Let A'/?[n], A'c[n]. and XB[n|, n = [ni. no], denote the samples for the first three 

components. These components would tj^jically be the R. G. and B components of 

ci color image. However, this is not a requirement and the color trcinsforrii can be 

^Part II of tlie standard enables more general component transforms. 
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utilized regardless of the color interpretation of the first three components. The ICT 

is then defined as 

where 

avfn] — a/{a/j[n] + ac;ag-[n] + aoao[n| 

•^Q,[n] - -j —(A'e[n| - AV[n]) 
1 — Ctn 

0.5 

I — art 

an = 0.299. = 0.587. cvc = 0.114. 

(4.1) 

The RCT is defined as 

A>[n| 
a'r[n] + 2ag[ii] + a'b[n] 

A'D,[n| = A'B[ti| - A'c;[n| 

-^DrW — — A'c;[n] (4.2) 

Notice that the output quantities of this transform are all integers, since the inputs 

to the transform are integers. The RCT can be exactly inverted using 

Y" fnl \' fnl ac;[nj = av'inj -

xe[nl = xd6[n] -h a'cm 

xr[ii] = ar0^[n] + xc;[n| (4.3) 
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4.2.2 The Wavelet Transform 

JPEG2000 (Part I) utilizes two-chaimel subband transforms with hnear phase 

filters. A brief overview of such transforms was presented in Section 2.3.1. Two 

choices for the wavelet filters are supported. The so called (9.7) wavelet transform [60] 

utilizes filters with floating point impulse responses of lengths 9 and 7. The low and 

highpass analysis filters for this transform are given appro.Kimately by 

H { z )  = 0.602949018236 + 0.266864118443(r^ + 

- 0.07S223266529(-- + z ' - )  - 0.016864118443(z-' + 

+ 0.02674875741 l(r' + r~') 

G { z )  = 0.557543526229 - 0.295035SS1557(r' + r"') 

- 0.02S771763114(;- + r"") + 0.045635881557(-^ + 

and the low and highpass synthesis filters can be deduced from the analysis filters 

using 

l i [ n ]  =  Q " ^ ( - l ) " ^ [ n ]  

g[n\ = Qf~'(-l)"/i[n| 

where a is a gain factor and equals ^ for the analysis filters given above. This 

transform is knowm as the irreversible transform, and is useful for high performance 

lossy compression. 
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JPEG2000 allows ci reversible wavelet transform that can be implemented us

ing integer arithmetic. This transform is referred to as the (5.3) wavelet transform 

within JPEG2000 literature, and is actually the (2,2) integer wavelet transform de

fined in [32] - . This wavelet transform is implemented using integer arithmetic. The 

resulting transform is reversible and enables lossless (in addition to lossy) compres

sion. The definition of this transform can be found in Appendix . 

For a given (lossy) compression ratio, the image quality obtained with the (9,7) 

transform is generally superior to that obtained with the (5.3) transform. However, 

the performance of the (5.3) transform is still quite good. 

Each resolution of a tile-component is partitioned into precincts. Precincts behcive 

much like tiles, but in the wavelet domain. The precinct size can be chosen indepen

dently by resolution, however each side of a precinct must be a power of 2 in size. 

Figure 4.2 shows a precinct partition for a single resolution. 

Precincts are another ingredient to low memory implementations in the absence 

of tiles. Compressed data from a precinct are grouped together to form a packet 

Before a packet header can be created, all compressed data from the corresponding 

precinct must be available. Thus, only the compressed data for a precinct must be 

buffered, rather than that of an entire tile (or image in the absence of tiles). 

"In JPEG2000 notation, the numbers in parentheses indicate the lengths of the impulse responses 
of the low and highpass analysis filters, respectively. However, in [32], the numbers in parantheses in
dicated the number of vanishing moments of the analysis and synthesis highpass filters, respectively. 
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Acodeotocit 

Figure 4.2; Partitioning of wavelet subbancls. 

In addition to the memory benefits of precincts, they also provide a method of 

spatial random ticcess. The granularity of this method is finer than that for tiles, 

but coarser thcin that for codeblocks (see next paragraph). Also, since precincts are 

formed in the wavelet transform domain, there is no "brecik" in the transform at 

precinct boundaries (cis there is at tile boundaries). Thus, precincts do not cause 

block (tile) artifacts. 

Codeblocks form the smallest geometric structure of .IPEG200G. Initial quanti

zation and bitplane coding are performed on codeblocks. Codeblocks are formed by 

partitioning subbands. Since the precinct size (resolution dependent) and codeblock 

size (resolution independent) are both powers of 2. the two partitions are forced to 

"line up." Thus, it is reasonable to view the codeblocks as partitions of the precincts 

(rather than of the subbands). If the codeblock size exceeds the precinct size in any 

subband. the codeblocks are forced to obey precinct boimdaries. Effectively then 
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the codeblock width or height (or both) is reduced to that of the precinct. The 

pturtitioning of wavelet subbands into codeblocks is illustrated in Figiure 4.2 as well. 

As discussed ecixlier. codeblocks help enable low memorv' implementation by limit

ing the amount of (uncompressed) wavelet data that must be buffered before it Ccin be 

quantized and compressed. This is in contrast to precincts, which limit the amount 

of compressed data that must be buffered before packets can be formed. Another 

benefit of codeblocks is that they provide fine grain random access to sptxtial regions. 

4.2.3 Quantization 

As discussed in Section 2.1. quantization is a proccss by which wavelet coefficients 

are reduced in precision to increase compression. In .JPEG2000 Part I. deadzone 

uniform scalar quantization is used. As mentioned etu-lier. deadzone uniform scalar 

quantizers are "embedded." This property entibles the quality progression feature of 

.IPEG2000. 

For irreversible wavelets, a different step size can be chosen for each subband. 

These step sizes are substantially equivalent to Q-ttible values from .IPEG and can 

be chosen to meet differing needs. For reversible wavelets, a step size of A = 1 is 

used. This results in no quantization, at all imless one or more LSBs of the (inte

ger) wavelet coefficients are omitted. The quantization index is then coded using 

techniques described later in this section. 



82 

For a detailed review of quantization in JPEG2000, the interested reader is referred 

to [61. 11]. 

4.2.-1 Bitplane Coding 

Entropy coding is performed independently on each codeblock. This coding is car

ried out 35 context-dependent, binary, arithmetic coding of bitplanes. The arithmetic 

coder employed is the MQ-coder as specified in the .IBIG-2 standard [62). 

Consider a qucintized codeblock to bo an array of integers in sign-nuiguitiido rep

resentation. Let Q[n] denote the quantization index at location n = [n^.n-i] of the 

codeblock. Let x[n] = sign(Q[n]) and t;[n| = lQ[n|| denote the sign and magnitude 

arrays, respectively^ . Then, consider a sequence of binary arrays with one bit from 

each coefficient. These binar\' arrays are referred to as bitplane.'i. One such array 

can store the signs of each coefficient. Let the number of niaguitude bitplanes for 

the cun-ent subband be denoted by The first magnitude bitplane contains the 

most significant bit (MSB) of all the magnitudes. The second bitplane contains the 

next MSB of all the magnitudes, continuing in this fashion imtil the final bitplane 

which consists of the LSBs of all the magnitudes. This representation is illustrated 

in Figtue 4.3. 

•'It should be noted that ,\;[n| is indeterminate wlien Q[ni = 0. However, this c;ise will not cause 
any problems, since the sign need not be coded when Q[n[ = 0. 
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Figure 4.3: Bitplane represeiitatiou of a corleblock. 

Let = [4^J denote the vahie generated by dropping p LSBs from t;[n]. 

The "sigTiificance" of a sample is then defined by 

1 l'('''[n]>0 
(4.4) 

0 l'('')[nl=0 

Thus, a Scxmple at location n is stiid to be significcint with respect to bitplane p. if 

cr*P'[n] = 1. Otherwise, the sample is considered to be insignificant. For a given 

codeblock La the subband, the encoder first determines the number of bitplanes, 

K < that are required to represent the samples in the codeblock. In other 

words. K is selected as the smallest integer such that t;[n.| < 2^^ for all n. The number 
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of bitplanes (stcirting from the MSB) which are identically zero, = K^^ — K, is 

signaled to the decoder as side information' . Then, starting from the first bitplane 

having at legist a single 1. etich bitplane is encoded in three passes (referred to as 

coding passes). 

The scan pattern followed for the coding of bitpltines. within each codeblock (in all 

subbands). is shown in Figure 4.4. This scan pattern is followed in each of the three 

coding passes. The decision as to which pass a given bit is coded in is made based on 

the significance of that bit's location and the significance of neighboring locations. 

All bitplane coding is done using context dependent binary arithmetic coding with 

the exception that nui coding is sometimes employed in the third pass. Let us define 

cr[n] iis the "significance state" of a sample diuring the coding process. (T[n] is set to 

zero for all samples at the start of the coding process and it is reset to one as soon 

as the first non-zero nuignitude of the sample is coded. 

The first pass in a new bitplane is called the significance propagation pciss. A bit 

is coded in this pass if its location is not significant, but at least one of its eight-

connected neighbors is significant. In other words, a bit at location n is coded in 

significance proptigation pass, if cr[n] = 0 and 

fcl = -l fc2 = -l 

If the bit that is coded is 1, the sign bit of the ciurent sample is coded and cr[n] is 

set to 1 immediately. 

"'It should also be noted that the of each siibband is also available at the decoder. 



85 

4 4 4 4 4 4 4 

I n /I n H /I :\ 
t  t  -  t  : #  • • • • • • • •  »  t  

i m ; i : i ; m m h 

1 /  1 :  h  i ;  i m m  
•  :  •  ;  #  ;  f  ;  • • • • • • • • -  #  .  »  ;  «  

4 4 4 4 4 4 4 

1 -1 1 I i 1 1 
1 1 1  i  1  i m  

W 1; 1, 1. 1: 1 
• 

Figure 4.4: Scan pattern for bitplane coding. 

The cirithmetic coding in .JPEG2000 employs different context models depending 

on the coding pass and the snbband type. For significance coding. 9 different contexts 

are used. The context label is dependent on the significance states of the eight-

connected neighbors of the current bit. This is illustrated in Figure 4.5. Using these 

neighboring significance states. is formed from three ciuantities 

^''[n] = (T[ni. n-y — ll + cr[ni. n-y + I] 

K''"[n| = a[rii — 1. no] + cr[ni + 1. n-z] 

^''[n] = "i" kl.  Tl-y + fco]. 
ar2=il 

Table 4.1 shows how is generated given «;''[n|, K:"[n.|. and K'^[n]. then 

determines the probabihty estimate that %vill be used in cU-ithmetic coding. 

As stated earlier, the sign bit of a sample is coded immediately after its first non

zero bit. Similar to significance cocUng, sign cochng also employs context modeling 
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Figure 4.5: Sigiiifiaince context modeling. 

tecliniques. since it lias been obser\*ed that the signs of neighboring samples exhibit 

stcitistical redundancy. .JPEG2000 uses 5 contexts for sign coding. The context label 

is selected depending on the four-connected neighbors of the current samples. 

The neighborhood information is incorporated using the intermediate quantities 

= \[ni. ft-i — l]cr[ni. no — 1} + '^2 + '^2 + 1] 

\'"[n] = \[ni — 1. n-2\a[ni — 1. no] -t- \[ni -r 1. n-Acrlni -h 1. /(o] 

x''[n] cxnd \;'''[n] are then truncated to the range —1 through 1 to form 

x'' [n] = sign( x'' [n|) min {1. | x'' [n] |} 

= signCx'ln]) min {1. Ix^'NII 
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LL tmd LH Codeblocks HL Codeblocks HH Codeblocks 
K"[n] K^n) K'^fn] K"[n 1 ^'In] + K"[nl 

S 2 - - - 2 - > 3 -

7 1 > 1 - > 1 1 - 2 > I 
6 1 0 > 1 {) 1 > 1 2 0 
•5 1 0 0 0 I 0 1 > 2 
4 0 2 - 2 0 - 1 1 
3 0 1 - 1 0 - 1 0 
2 0 0 > 2 0 0 > 2 0 > 2 
1 0 0 1 0 0 1 0 1 
n 0 0 0 0 0 0 0 0 

Table 4.1: Context labels for significance coding. denotes "don't fare." 

v''[n| Y'ln] K-
I 1 14 1 
1 0 13 1 
1 -1 12 1 
0 1 11 1 
0 0 10 1 
0 -I 11 -1 
-1 1 12 -1 
-1 0 13 -I 
-I -1 14 -1 

Table 4.2: Context labels for sign coding. 

The sign-coding context label and the sign-flipping factor. are then 

given in Table 4.2. The binarv^ s\Tnbol. s. that is arithmetic coded is defined as 

0 y[n|x^'"'[n| = 1 

1 \lni,v^"nni = -1 

The second pass is the mcignitude refinement pass. In this ptiss. all bits from 

locations that became significant in a pre\dous bitplane are coded. As the name 

implies, this pass refines the magnitudes of the samples that were already significant 
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Tiible 4.3: Context labels for miignitude refinement coding. denotes "don't care." 

in previous bitplanes. The magnitude refinement context label. K'""''[n]. is selected 

as described in Table 4.3. In the table, ^[n) denotes the value of the significance 

state variable cr[n| delayed by one bitplane. In other words, similar to <T[nl. CT[n| 

is initialized to zero cit the beginning and set to one only after the first mtignitude 

refinement bit of the sample has been coded. 

The third and final pass is the clean-up ptiss. which takes care of any bits not coded 

in the first two passes. By definition, this pass is a "significance" pass, so significance 

coding, as described in significance propogatiou pass, is used to code the scimples in 

this pass. Unlike the significance propogation pass, however, a rim coding mode may 

also occm* in this pass. Rim coding occurs when all four locations in a column of the 

scan (see Figure 4.4) are insignificant iind each has only insignificant neighbors. A 

single bit is then coded to indicate whether the column is identically zero or not. If 

not. the length of the zero run (0 to 3) is coded, reverting to the "normal" bit-by-bit 

coding for the location immediately following the 1 that terminated the zero nm. 



89 

4.2.5 Packets and Layers 

Packets are the fundamental unit used for construction of the coclestream. A 

packet contains the compressed bytes from some uimiber of coding ptisses from eacli 

codeblock in one product of one tile-componenr. A packer consists of a packet hocider 

followed by ci packet bod\'. The packet body contains rrii coding passes from codeblock 

i in order i = 0.1.2 and mj can be any integer including 0. The number of coding 

passes can vary from block to block. Any number of passes (including zero) is legal. 

In fcxct. zero pcisses from every codeblock is legal. In this Ccise the packet nuist still 

be constructed as an "empty packet." .-Vn empty packer consists of a packer header, 

but no packet body. 

The packet header contains the informiition necesstirj* to decode the packet. It 

includes a flag denoting whether the packet is empty or not. If not. it also includes: 

c o d e b l o c k  i n c l u s i o n  i n f o r m a t i o n  ( w h e t h e r  =  0 .  o r  r r i t  >  0  f o r  e a c h  c o d e b l o c k  i ) :  

the number of completely zero bitplanes (zero MSBs) for each codeblock: the number 

of coding passes m, for each included codeblock: and the niunber of compressed bytes 

included for each block. It should be noted that the header information is coded in 

cin efficient and embedded manner itself. The datci contained m a packet header 

supplements data obtained from pre\ious packet headers (for the same precinct) in 

a way to just enable decoding of the ciunrent packet. For example, the number of 

leading zero MSBs for a particular codeblock is included only in the first packet that 

contains a contribution from that codeblock. 
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It is worth reiterating that the bitplane coding of a codeblock is completeh' in

dependent of any other codeblock. Siinikirly. the header coding for a packet in a 

particular precinct is independent of any other precinct. 

.A. layer is a collection of packers from one tile. Specifically, a layer consists of one 

packet from each precinct of each resolution of each tile-couipouent of one tile. The 

first packet of a particular precinct contciins some number of coding passes from each 

codeblock in the precinct. These coding passes represent some (varying) number of 

MSBs for each quantized wavelet coefficient index in each codeblock of the precinct. 

Similarly, the following packets contain comprcssed data for more and more coding 

passes of bitplanes of quantized wavelet coefficient indices, thereby reducing the num

ber of missing LSBs (p) in the quantizer indices We note here that at the end of 

a given layer the number of missing LSBs (/;) can be vastly cUfferent from codeblock 

to codeblock. However, within a single codeblock. (p) cannot differ from coefficient 

to coefficient by more than 1. 

From this discussion, it is now understood that a packet provides one c[uality 

increment for one spatial region (precinct), at one resolution of one tile-component. 

Since a layer comprises one packet from each precinct of each resolution of each 

tile-component, a layer is then imderstood as one quality increment for an entire tile. 

It should also be clear that the quality increment need not be consistent through

out the tile. Since the niunber of coding passes in a layer (\aa packets) can var\' 

codeblock by codeblock. there is complete flexibility in "where and by how much" 
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the quciUty is improved by a given layer. For example, a layer might hnprove one 

spatial region of a reduced resolution version of only the grayscale (luminance) com

ponent. 

4.2.6 .IPEG2000 Codestream 

The compressed packets in JPEG2000 are organized to form a codestream. Be

sides compressed packet data, the .IPEG2000 codestream includes information on 

fundamental ciuantities such cis image size and tile size as well as coding parameters 

such tis quantization step sizes and codeblock size. All the information necessary* for 

decompression of the codestream is signaled to the decoder inside the codestreara. 

The .JPEG2000 codestream syntax provides a compact and efficient organization, 

while enabling the rich featiure set of .IPEG2000. A simple .IPEG2C)00 codestream 

is illustrated in Figure 4.G. The codestream in the figure consists of a main header 

followed by a sequence of tile-streams. The codestream is terminated by n two-byte 

marker called EOC (End Of Codestream). 

Mam Header Tile-stream "nic- s t r c a m  • • • • • • • • • • • • • •  T i l e ^ s t r e a m  E O C  

Tile Header Packet Packct P;ickct 

Packet Header Packet Body 

Figiure 4.6: Simple JPEG2000 codestream. 



92 

The main header provides global infornuition rhat is necessar\" for decompression 

of the codestream. This information includes inicige and tile sizes, as well tis defaidt 

values for the quantization and coding parameters. In .JPEG2000. each header is 

comprised of £i sequence of niiirkers and marker segments. A marker is a two-byte 

value. A marker segment is comprised of a marker followed by a list of parameters. 

The first byte of every marker is the hexcidecimal value OxFF. 

The tile header contains information that is related to a particular rile. It is possi

ble to use the tile header to overwTite some of the default coding parameters specified 

in the main header. Furthermore, it is possible to break tile-streams into multiple 

tile-part's. In this case, the first tile-part contains a tile header and the remaining 

tile-parts contain tile-part headers. Tile-parts allow the progression concepts to be 

e.Ktended to the entire image. A tile-part header is constructed in exactly the same 

fashion as a tile header. However, only certain marker segments that are allowed in 

a tile header are allowed in a tile-part header. A .IPEG2000 codestream utihzing 

tile-parts is illustrated in Figiure 4.7. 



Main Header Tile-sireamO Tile-stream I Tile-itreamN EOC 

Tile Header Packet 0 Packet! PacketM 

Tile Header Packet 0 Packet 1 Tile 0. Tile-part 0 

Tile-oart Header Packet i-1 Packetj Tile 0. Tile-part I 

Tile-pan Header Packet 1-1 • • • Packet M • Tile 0. Tile-part L 

Main Header Ule-oari Tiie-oart Iile-oart EOC 

Figure 4.7: The use of tile-parts in a .JPEG2000 codestream. 
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CHAPTER 5 

Transmission of JPEG2000 Codestreams over Packet 

Erasure Channels 

Transmission of images over noisy chcinnels is important for many applications. 

\Mien network congestion occm's in packet switched networks, some of the transmit

ted packets are dropped. When images are transmitted over such networks, parts of 

the codestream might be unavailable tit the decoder due to these losses. The decoder 

should be able to reconstruct the image using only the available packets. Many high 

performance coders of todixy rely on efficient entropy coders that ture highly depen

dent on the state of the system. Thus, such coders are highly sensitive to errors in 

the codestream. If the codec is not designed carefully, a single error, i.e.. a single 

packet loss, can result in disposal of the entire codestream. 

Several different strategies exist for combating pcicket erasure. Retransmission 

protocols such as Automatic Repeat Reciuest (ARQ) allow the decoder to rec[uest 

the retransmission of a lost packet. However, ARQ techniques introduce transmis

sion delay that may be imacceptable in real-time apphcations. The requested packets 

may cirrive too late to be useful in reconstruction. Furthermore, when the network 
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experiences liea\y congestion, retranmission reciuests increase, worsening the conges

tion. ARQ techniques are also unacceptable for applications where the receiver is 

unable transmit a niesscige to the sender. 

.A.n alteniative approach to achieve en'or resilience agciinst pticket losses is to par

tition the codestream into small segments chat can be decompressed independently. 

Such methods htive attracted considerable attention recently [63. 64. 65]. In [63]. a 

niethod that partitions wavelet coefficient trees into a fi.xed number of groups and 

compresses each group independently is proposed. Since groups are decompressed 

independently, errors are confined to a group and do not propogate beyond group 

boundaries. A simihir niethod called Packetizable Zerotree Wavelet (PZW) was pro

posed in [64]. Here, the authors were able to form the packets in such a way that 

complete trees of wavelet coefficients were contained within a packet. In [65]. the au

thors address the problem of minimizing packetization inefficiency due to codestream 

alignment. They develop a theoretically optimal packetization scheme, and provide 

low-complexity suboptimal methods that achieve comparable performance. These 

strategies provide sufficient resihence when onh* a small fraction of the packets are 

lost. Their performance characteristics degrade ciuickly as packet losses increase. 

To achieve robustness under high packet loss rates. Forward Error Correction 

(FEC) techniciues can be used. These techniques introduce controlled redimdancy 

into the codestream. This redimdancy is exploited at the decoder to correct some 

of the transmission errors. The FEC techniques can be di\ided into two categories 
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depending on tlieir redundancy assignnicnr strategics: Eciual Loss Protection (ELP) 

and Unequiil Loss Protection (ULP). ELP techniciues ixssign the same amoiuit of 

protection to the entire codestream. These techniques provide excellent results when 

the network conditions do not chcinge. and iire known (or can be estimated) apri-

ori. However when packet losses occur less freciuently than autici[)ated. the amount 

of redimdcincy in the codestream becomcs unnecessary and reduces the compression 

performance. Furthermore, if the packet losses occur more frequently thcin antici

pated. the amount of protection provided by the ELP schemes become insufficient 

and ccitastrophic failures occur. Thus. ELP teclmiciues do not provide a graceful 

degi-adation of image ciuality as network conditions vaiy. In [GGj. the authors design 

a robust image transmission scheme based on uneciual loss protection. The Set Par-

tioning in Hierarchial Trees (SPIHT) algorithm is used as the compression scheme 

and the output codestream is protected by assigning imequal amounts of FEC. The 

amount of FEC that will be added to a partial section of the codestream is selected 

considering the importance of the section on image quality. 

In tliis chapter, we develop efficient techniciues for transmission of .IPEG2000 

compressed codestreams over packet sixdtched networks. The presented techniques 

utilize both smart partitioning of JPEG2000 codestreams and FEC techniques to 

achieve robustness against packet losses. In Section 5.1. we discuss the error resilience 

of JPEG2000 codestreams. Section 5.2 presents a method for packetizing .JPEG2Q00 

codestreams which provides error resilience against pticket loss. Section 5.3 provides 



97 

experimental results and comparisons of the proposed metliod with other methods 

in literature. 

5.1 Error Resilience of .IPEG2000 Codesrream.s 

Entropy coding in JPEG2000 is tichieved using a context-based cirithmetic bitplane 

coder. The operation of this coder is highly dependent on the state of the system, 

and it is crucial to maintain synchronization between the encoder and the decoder. 

A single bit error in the arithmetically coded segments of the bitstream can destroy 

this synchronization, and could result in erroneous decompression. To combat this 

problem, several error resilience tools are pro\ided within JPEG2000. 

The partitioning of the codestream into different segments is the first line of de

fense. In terms of error resilience, this partitioning aims to isolate eiTors made in one 

segment to that particular segment, and prevent error propagation across segment 

boundaries. This isoUition occurs at several levels, since the codestream is organized 

in a hierarchical fasliion. Each codestream starts with a main header. The main 

header contains critical information such as image and codeblock sizes, tind is essen

tial for correct decompression of the codestream. If sections of the main hec\der are 

unavailable at the decoder, the decoder will not be tible to decode the codestream. 

Similarly, if a tile-stream header is lost diuring tranmission. the decoder might be un

able to determine several parameters that will be required for correct decompression 

of that tile. Tliis might result in disccirding the entire tile. A similar scenario would 



98 

occur, if tile-parts were utilized and the first tilo-part header wjis lost. However, if 

the header of tiny of the remaining tile-pcirts were lost, the decoder would be able to 

decompress the earher tile-ptirts and the remaining tile-pcirts that belong to the cur

rent tile might need to be discarded. If a pticket header is lost, all of the data in the 

current and future packets tluit correspond to the corresponding precinct will have 

to be discarded. Since codeblocks are coded independently, errors do not propogate 

between codeblocks. 

To complement the hierarchical data ptirtitioning. .IPEG2000 provides several 

resynchronization tools. One of these tools is the SEGMARK switch. If this switch 

is enabled, a four symbol code is inserted at the end of the third coding pjiss of each 

bitplane. Since a bit error in any of the coding passes is likely to corrupt at least 

one of these symbols, the decoder can detect that an error hcis occured. and discard 

the erroneous coding passes. It is also possible to use the ERTERM option. This op)-

tion. together with the RESTART option, creates a separate predictably terminated 

codeword segment for each coding pass. Thus, the decoder can detect that an error 

has occmTed in a particular coding pass, and discard the current and future coding 

passes for that codeblock. It is also important to note that the .JPEG2000 arithmetic 

coder uses bvte-stuffing and is not tillowed to produce certain \-alues inside coding 

passes. These values are reser\'ed for codestream markers. Unexpected detection of 

one of these N'alues would also indicate that an error has occurred. 



99 

.IPEG2000 provides a mechanism where the packet headers can be extracted from 

every pticket and stored in tile-part headers or the main header. This is referred to 

as packed packct Jieaders. Packcd packet headers can provide significant iidvaritages 

for error resilience if the nuiin and tile-part headers can be transmitted in a lossless 

fashion. Since the piicket headers contciin the lengths in bytes of all coding passes in 

the packet, the decoder can utilize this inform,ation to isolate errors. 

5.2 Packetization of .IPEG2()00 Codestreams 

The problem of packetization is to find an efficient method that partitions a large 

.JPEG2000 codestream into smaller segments corresponding to network packets. The 

packetization scheme should entible the decoder to resynchronize and continue de

compression even when some of the network packets arc lost during transmission. In 

this chapter, we cxssume that the codestream is already generated and we are not 

allowed to modify it during the packetization process. Our ongoing work is chrected 

to joint codestream format ion/network packetization. 

The simplest packetization approach is to di\ide the codestream into sections thar 

correspond to the payload of the network packets, and fill the network packets sequen

tially. However, as discussed in the previous section. .IPEG2000 codestreams consist 

of several different segments. Error resilience of each segment \'aries and should be 

taken into accoimt during packetization. Header segments contain crucial informa

tion and are necessar\' for proper functioning of the decoder. These segments shoidd 
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be civailable at the decoder, even, when some packets are lost diiring transmission. 

Thus. \vc propose a packetization scheme thtit partitions the JPEG2000 codestream 

into two sections. The data that are labeled for the first section are protected using 

FEC tcchuic[ues and interleaved cicross network packcts. This scction contains all of 

the data thtit is critical for the operation of the decoder. Tins includes header seg

ments of the codestream. as well as certain coding passes that are considered more 

important. For example, if a Region-Of-Interest (ROI) needs to be transmitted with 

a higher degree of confidence, the coding passes that correspond to the ROI might be 

included in this section. We refer to this section tis the protfrU^d ^ecxioii. The data in 

the second section is not protected with FEC tcchniciues. however certain alignment 

requirements are still imposed to improve error resilience. This section is refered to 

as the unpTotected section. An illustration of this packetization strategy is provided 

in Figure 5.1. 

5.2.1 Pcicketization of the Protected Paylocid 

The FEC in this work is achieved using Reed-Solomon (RS) codes. RS codes cire 

a class of mtiximum distance separable codes that ture effective in recovering from 

erasures [67]. An (A'. A;) RS code can recover from A" — (c erasru-es. where N denotes 

the block length and k denotes the number of source symbols in ci block. In this 

w^ork, we set A' = 255. For this choice of A', the RS code symbols are bytes, with 
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Figure 5.1: Illustration of the packetiziitiou method. 

a RS code block consistiug of k source bytes aud .V — k parity bytes. We cau then 

adjust k to achieve the desired level of protection for a given channel. 

Let L denote the length (in bj^es) of the .IPEG2000 codestream that will be pack-

etized. tuid let Li and L-i be the lengths of the protected and unprotected sections, 

respectively, such that £ = Li -f- L-i. Let P denote the length of the network packet 

payload. and let Pi and Po denote the lengths of the protected aud unprotected 

payloads. respectively. Thus. P = Pi-r Pz- For FEC implementation, the protected 

section of the codestream is divided into blocks of length k. Each of these f blocks 

are then encoded using tui (iV, k) RS code to yield length iV blocks. These blocks 
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are interleaved cicross the first Pi bytes of the network packets. This is indicated 

by the dark shading in Figiure 5.1. Given the probability of packet loss pi of the 

channel, the block length k is selected such that the probability of having more than 

N — k ercxsures in one or more of tlie fprotected blocks is less than a desired 

value e. Since e is an upper bound on the [)robability of uncoiTcctable error in the 

protected section of the codestream. it Ccin be selected as large as can be tolerated 

in a particular application. 

5.2.2 Packetization of the Unprotected Payload 

The unprotected section of the codestream corresponds to individual codeblock 

codestreams that were not included in the protected section. Let M denote the 

number of such codeblocks. Let Bi,i = I.-- - ..\/ denote the length of the coding 

passes that belong to codeblock i. Since each of these codestreams are encoded 

independently, they can be decompressed independently as well. An erasure effecting 

one codeblock will not propogate to another during decompression. Thus, our goal 

in packetization of these codestreams is to impose cdigtiment constraints to minimize 

network packet dependencies. 

For i  = I.-- - . iV/. the initial \_Bi/P -2, \P -2. bytes of each codeblock bitstream can 

entirely fill [Bj/PoJ network packets. Note that none of these Py\ network 

packets w^ll exhibit inter-packet dependencies due to their unprotected payloads. 

Furthermore, since the codeblock codestreams are embedded collections of coding 
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Set P-v = Pa — 

} 

Send network packet, 

} 

5.2.3 Extensions for Pro{2;rcssive Tninsnussion 

It is ciuitc srraif2;htfor\VHrcl to extend the presented method to pro{!;ressive transmis

sion. If the .IPEG2000 codestream contains several layers, the above method could 

be applied to each layer separately. Thus, the first group of network packets may 

contain the information for the first layer. The protected sections of these packets can 

contain the main header, together with other headers that are reciuirecl for c-orrect 

decompression of the initial layer. Subscc[uenr groups of network packets will contain 

the additional layers, with the codestream for each layer partitioned into protected 

and improtected sections. 

5.3 Experimental Results 

In this section, we present results of the experiments obtained using the presented 

method. Throughout these experiments, we have selected e to be 10""^. In other 

words, the probability of incorrect decompression of the protected payload is under 
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1 ill 100,000. Wc consider 53-byte ATM packets witli payloarls of 48 b\'tcs. VVc 

assume that the decoder has access to pi. e.. and the desirecl rate (the number of 

network packets). Experiments were repeated for 1000 random reahzations of packet 

losses. The 512 x 512 grciyscale Lena image was used as a single-tile image for the 

experiments. The codec used in the experiments was JPEG2000 Verification Model 

(V^'I) 9.0. The codestreams were single-layer, and packed packet headers were used 

to store the piicket headers within the main header. 

We first consider the effects of different codeblock sizes and munber of wavelet 

decomposition levels. For these experiments, the main header, the tile-header, and 

the coding passes of the codeblocks that belong to the LL subband were protected 

and 683 network packets were used corresponding to a rate of 1.0005 bits/pixel. The 

results are presented in Figures 5.2. 5.3. and Tcible 5.1. Figure 5.2 presents results for 

different codeblock sizes with the number of wavelet decomposition levels ec[ual to 3. 

Figan'e 5.3 presents results for different numbers of wavelet decomposition levels when 

the codeblock size equals 8x8. In both figures, the x-axis denotes PSNR. and the 

\'-axis denotes the cumulative percentage of simulations that resulted in PSNR values 

lower than the corresponding x value. Both of these figmes illustrate results for a 

mean packet loss rate of 10%. Ttible 5.1 presents average PSNR values for different 

network packet loss rates, codeblock sizes, and wavelet decomposition levels. 

It should also be noted that although the packetization scheme is designed for 

a particular netw^ork packet loss rate, its operation under lower network packet loss 
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Figure 5.2: Compcirisoti of different codeblock sizes. The nnniber of wavelet decoin-
position levels is 3. 

rates is possible. The performance of the presented method under different design 

and operationcil network packet loss rates is ilhistrated in Table 5.2. 

Next, we compare the performance of different packetization strategies to illus

trate the effectiveness of the presented method. Method I is the simplest packetij^ation 

strategy. It partitions the codestream into network packets seciuentially without con

sidering the underlying structure of the .IPEG20G0 codestream. Method II protects 

the headers and the LL subband coding" passes as described in section 5.2.1. However, 

the remainder of the codestretim is segmented and placed into network packets se

quentially. Method III uses the proposed algorithm, however, the LL subband coding 

passes are transmitted in the improtected section of the network packets. The last 

method is the proposed algorithm mth all the headers and the LL subband coding 
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Network Packet Loss Rate 
Block Size 

/ Decomp. Levels 1% 2% 5% 10% 20% 30% 
8 x 8 / 3  37.54 36.79 35.41 34.04 29.45 30.36 
8 x 8 / 4  37.19 36.32 34.18 30.63 29.07 25.89 
8 x 8 / 5  36.77 35.06 31.74 29.10 24.98 24.56 
8 X 8 / G 36.41 34.46 31.39 27.60 23.29 22.52 

IG X IG / 3 38.12 37.20 35.24 32.10 29.99 28.70 
IG X IG / 4 37.99 36.63 33.22 30.36 27.94 25.97 
IG X IG / 5 37.21 35.17 31.68 29.42 25.38 23.66 

32 X 32 / 3 38.06 36.73 34.05 30.77 29.00 28.30 
32 X 32 / 4 37.37 35.36 31.66 29.04 26.47 25.08 

64 X G4 / 3 36.91 35.07 31.23 29.30 27.89 26.78 

Table 5.1: Average PSNR results of the presented method for different network packet 
loss rates, codeblock sizes cUid Wcivelet decomposition levels (G83 network pcickets. 
1.0005 bits/pixel). 

ciuality degrades gracefully and the image remains recognizable even at the high loss 

rate of 50%. 

5.4 Dii^ections For Future Research 

In this chapter, we have presented a method for packetization of .JPEG2000 code-

streams for transmission over pcicket-erasure channels. We have demonstrated that 

a carefully designed packetization strategy can provide significant performance im

provements. The proposed packetization strateg\^ was developed imder the assump

tion that the packetization algorithm only had access to the .IPEG2000 codestream. 

In other words, the source coding was already perfonned and ci codestream was 
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Design Network Pcicket Loss Rate 
Operational Network 

Packet Loss Rate 0% 1% 2% 5% 10% 20% 30% 
0% 31.85 31.85 31.5G 31.5G 31.32 30.92 30.11 
1% - 31.57 31.35 31.38 31.15 30.77 29.94 
2% - - 31.04 31.04 30.95 30.62 29.79 
5% - ' - 30.53 30.40 30.22 29.35 

10% - - - - 29.70 29.63 28.69 
20% - - - - - 28.69 27.75 
30% - ' - - - - 26.88 

Table 5.2: Average PSNR results of tlie presented methocl for cUffereut design and 
operational network packet loss rates. Cocleblock size is LG x IG and the number of 
wavelet decotnpositiori levels is 3. (143 network packets. 0.2095 bits/pixel). 

Packet Loss Rate 
Packetization Method 0% 1% 2% 5% 10% 20% 30% 

Method I 39.40 29.21 21.67 13.61 8.26 4.20 3.01 
Method II 39.40 38.08 36.91 34.43 31.65 29.68 28.07 
Method III 39.40 34.46 30.45 24.11 17.82 13.30 10.53 
Proposed 39.40 38.12 37.20 35.24 32.10 29.99 28.70 
OP [G5 39.71 3G.28 34.13 30.62 27.64 24.44 -

Table 5.3: Average PSNR results for different packetization strategics (683 network 
packets. 1.0005 bits/pixel). 

created. The problem then was to packetize this codestream for efficient trans

mission. The packetization algorithm was developed considering the properties of 

the .IPEG2000 codestream. and FEC techniques were utilized to achieve further re-

siUence. In contrast, it is possible to adopt a joint source-channel coding approach. 

We may assimie that the packetization algoritlun has access to the JPEG2000 en

coder. and can control the formation of the JPEG2000 codestream. This approach 

is the subject of our ongoing research. 
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Packet Loss Rate 
Packetization Method 0% 1% 2% 5% 10% 20% 30% 

Method I 31.85 26.57 22.28 15.48 9.25 4.79 3.02 
Method II 31.85 31.59 31.05 30.31 29.54 28.27 26.80 
Method III 31.85 29.59 27.27 22.70 17.89 13.17 10.75 
Proposed 31.85 31.57 31.04 30.53 29.70 28.G9 2G.88 
PZW [04] 32.19 31.33 - - 2G.29 24.G3 -

OP [G5] 32.20 31.50 30.8G 29.3G 27.53 25.08 -

Table 5.4: Average PSNR results for different packetizatiou strategies (143 network 
packets. 0.2095 bits/pixel). 
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(b) 10% Packet Loss (PSNR = 29.90 clB) (a) 2% Packet Loss (PSNR = 31.13 clB) 

(c) 20% Packet Loss (PSNR = 28.75 dB). (d) 50% Packet Loss (PSNR = 25.33 dB). 

Figure 5.6: Image qualit3^ at 0.2095 bits/pixel for different network packet loss rates. 
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CHAPTER 6 

Compression of ECG Signals using JPEG2000 

.IPEG2000 has been designed to compress images. However, in this chapter we 

illustrate that it might also be used to compress other types of scientific data. We 

present a method for compression of electrocardiogram (ECG) data using JPEG2000. 

The ECG is an invaluable tool for diagnosis of heart diseases. The volume of ECG 

data produced by monitoring systems can be quite large over a long period of time, 

and data compression is often needed for efiScient storage of such data. Similarly, 

when ECG data need to be transmitted for telemedicine applications, data compres

sion needs to be utilized for efficient transmission. 

In the past, many schemes have been presented for compression of ECG data 

[68. 69. 70, 71. 72. 73. 74. 75. 76|. These compression techniques can be broadly 

classified into two groups: direct time-domain techniques [68, 74] and transform 

domain techniques [68, 69, 70, 71, 72, 73, 75, 76]. Transform techniques include 

several w^avelet-based compression methods. 

6.1 ECG Data Compression Using JPEG2000 

The dependencies in ECG signals can be broadly classified into two types: The 

dependencies in a single ECG cycle and the dependencies across ECG cycles. These 
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dependencies are sometimes referred to as intrabeat and interbeat dependencies, re

spectively. An efficient compression scheme needs to exploit both dependencies to 

achieve maximmn data compression. 

The block diagram of the proposed method is presented in Figure 6.1. To com

press the ECG data using a .JPEG2000 codec, the one-dimensional EGG sequence 

needs to be processed to produce a two-dimensional array. Since it is desirable to 

exploit both the intrabeat and interbeat dependencies, the segmentation of the ECG 

sequence should be performed in such a fashion that the resulting matrix allows ex

ploitation of both types of dependencies by the JPEG2000 codec. Thus, the first 

step in the presented algorithm is to separate each period of the ECG sequence using 

QRS detection. This is illustrated in Figure 6.2. After the R-waves are detected, 

ecich R-R inter^'al is stored as one row of a matrix. It can be seen that the intrabeat 

dependencies are in the horizontal direction of the matrix and the interbeat depen

dencies are in the vertical direction. A matrix created using this approach is shown 

in Figture 6.3-(a). 

Since each ECG cycle can have a different diuration. the matrix generated using the 

above approach will have a different niunber of data points in each row. In order to ex

ploit the interbeat dependencies using JPEG2000. each ECG cycle should be normal

ized to the same period. To perform this period normalization, we utilize a method 

similar to the one described in [76]. Let = [2rrn(l)T^m(2)... - denote the 

m-th ECG cycle. Then the period-normalized ECG cycle ym = [^Tn(l)r ym(2), - -. , ym(A')] 
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Figure 6.1: Block diagTarn of the proposed scheme. 

is computed using 

//m ('^0 — -^"1 ( O (6.1) 

where : c ,n{ t )  is an interpolated version of the samples. Xm(n). and 

( n - l ) ( N m - l )  ,  ,  

OV-1) 

JVm is the period of the m-th ECG cycle, and iV is the normalized period. We utilize 

cubic-spline interpolation [77] to determine x,n{t'). The period-normalized matrix 

corresponding to the data in. 6.3-(a) is showTi in Figiure 6.3-(b). 

As illustrated in Figure 6.1, the original periods are stored and sent to the decoder 

as side information. Once the decoder recovers the period-normalized ECG cycles, 

the original ECG cycles can be easily recovered using Equation 6.1. 
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Figure 6.2: Detection of ECG cycles. 

6.2 Experiment ill Results 

We used the MIT-BIH arrhythmia database [78] ro evaluate the performance of 

the proposed scheme. The ECG data used in our experiments were sampled at 360 

Hz and each sample has a resolution of 11 bits/sample. We used two datasets formed 

by taking certain records from the MIT-BIH arrhythmia database. These datasets 

were chosen because they were used in earlier studies, and allow us to compare the 

performance of the proposed method with other coders in the literatiure. The first 

dataset consists of 10 min of data from record numbers 100. 101. 102. 103. 107. 109. 

111. 115. 117. 118. and 119. The second dataset consists of 1 min of data from record 

numbers 104. 107. 111. 112. 115. 116. 117. 118. 119. 201. 207. 208. 209. 212. 213. 

214. 228. 231. and 232. 
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(a) Before Period Normalization (b) After Period Normalization 

Figure 6.3: Image matrix. 

Percent root mean sciuare difference (PRD) was used to evaluate the error between 

the original and the reconstructed ECG signals. The PRD is defined as 

where Xorii'i) and Xrec(0 are the original and the reconstructed signals, respectively, 

and L denotes the length of the signals ^ . The use of this measiure enables the com

parison of the residts obtained using the proposed scheme to those of other methods, 

since PRD is widely used in the ECG data compression literature. 

The JPEG2000 codec used in oiu: experiments was Kakadu V2.2.3 ~ . We used 

default parameters for compression: Codeblock sizes of 64 x 64. 5 wavelet transform 

om- experiments, we have subtracted a level of 1024 from each data sample to account for 
the baseline of 1024 added for storage purposes. 

-Win32, Linux and Solaris executables are available for download from 
htt p://wwT\^kakadusoftware.com/. 

PRD = 100 X (6.2) 
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levels. 9-7 filters, etc. After the JPEG2000 codestream was generated, we stripped 

off the main and the tile headers from the codestream (The packet headers were 

kept, since these contain information needed by the decoder). These headers contain 

information about the parameters used in the codestream. Since we use default 

values for all parameters, these headers can be regenerated at the decoder and need 

not be transmitted. The only parameters that change cicross records are the image 

dimensions. However, these dimensions can be derived from the ECG cycle period 

data transmitted to the decoder as side information. The ECG cycle periods are 

transmitted differentially, i.e.. the first period is sent and the difference between 

the current period and the previous period is sent for all consecutive cycles. The 

reported Compression Ratios (CR) are from actual compressed files and include the 

side information required by the decoder. 

6.2.1 Selection of the normalized period 

In our experiments, the normalized period was selected to be 

N = [a X M\ (G.3) 

where M is the median of the detected periods for the given record, and a is a 

parameter used to determine the number of colimins in the period normalized image. 

We have observed that the \^ue of a effects compression performance. For low^ CR's. 

a = 1.0 seems to be a good choice, whereas for high CR's smaller values of a result 

Ln better performance. The performance of the proposed method on dataset 1 for 
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Figure 6.4: Effects of q on performance for different CRs. 

different values of a is presented in Figures 6.4-a and 6.4-b for CR = 4 : 1 and 

CR = 20 : 1. respectively. 

6.2.2 Performance loss due to misdetection of ECG cycles 

For QRS detection, we used the Biomedical Signal Processing Toolbox [79]. For 

some of the records in dataset 2. the algorithms in the toolbo.K resulted in some 

misdetections. To aucilyze the effects of these misdetections. we have corrected the 

beat information and ran our coder after these corrections. The results obtained with 

and without these corrections are presented in Table 6.1 for q = 1.0. The results 

indicate that efficient detection of ECG cycles can improve the performance of the 

presented algorithm. 
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Table 6.1: Effects of misdetection of ECG cvcles. 
CR PRDC-Zc) CR 

w/o correction w/ correction 
4:1 1.11 0.99 
5:1 1.39 1.25 

6.6:1 1.91 1.73 
8:1 2.43 2.18 
10:1 3.24 2.93 
12:1 4.04 3.72 
16:1 5.75 5.29 
20:1 7.50 6.92 

6.2.3 Comparisoa with other codecs 

The civerage PRD values obtained using the proposed method at different CR's are 

compared to those of [75] in Table 6.2 for both datasets. For dataset 1. the average 

PRD values of the presented method are superior to those of [75] for all CR's. For 

dataset 2. these methods yield comparable performance for low CR's. However, the 

presented method yields better performance at higher CR's. 

In Table 6.3. the performance of the proposed method is compared to other meth

ods in the Uteratme for different CR's and records. The methods in this table include 

other wavelet-based coders, as well as the direct ECG signal coder ASEC [74|. 

Although the proposed method compares favorably with other methods in terms 

of PRD. it should be noted that a diagnostic quality assessment would be required 

to compare the clinical utihty of different methods. To illustrate the effects of the 

proposed method on the reconstructed signal, we provide 1500 samples from the 
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Ttible 6.2: Average PFID results. 

CR First Dataset Second Dattiset CR 
Lu et. al. [75] Proposed Lu et. al. [75] Pro DOsed 

CR 
Lu et. al. [75] Proposed Lu et. al. [75] 

w/ Correction w/o Correction 
4:1 1.19 0.78 1.11 0.99 1.11 
5:1 1.56 0.99 1.47 1.25 1.39 

6.6:1 - 1.2S 2.04 1.66 1.86 
S:1 2.46 1.52 2.50 2.02 2.28 
10:1 2.96 1.86 3.11 2.52 2.82 
12:1 3.57 2.19 3.82 3.04 3.31 
16:1 4.S5 2.74 5.46 3.93 4.20 
20:1 6.49 3.26 7.52 4.80 5.17 

original record 117 in Figure 6.5. and the corresponding reconstructed signals and 

reconstruction errors for CR"s of S. 20. and 40 in Figure 6.6. The figures indicate 

that the characteristic features of the signal are preserved well in the reconstructed 

signals, even at a ver>' high CRs. and the main effect of the proposed method is the 

smoothing of backgroimd noise. 

rscj. 

Vdw VI; 

i 

Figure 6.5: Original Signal from record 117. 
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Table 6.3: PRD comparison of different algorithms. 
Algorithm Record CR PRD(%) 

Lu et. al. [75] 1 1 T 8:1 1.18 
Hilton [72 1 1 ̂ 7 8:1 2.6 

Djohan et. al. [70| 1 1 7  8:1 3.9 
Wei et. al. [76] 1 1 10:1 1.18 

Proposed 1 1 8:1 0.86 
Proposed I 1 10:1 1.03 

ASEC. [75] 119 21.6:1 5.5 
Lu et. al. [75] 119 21.6:1 5.0 

Proposed 119 21.6:1 3.76 

6.2.4 Progressive reconstruction 

As mentioned in Chapter 4. tlie .JPEG2000 codec is capable of producing code-

strecmis that can be decompressed progressively in rate (or c[uaiity). To ilhistrate 

the progressive decompression quality of the presented method, we have compressed 

record 117 at a CR of 4:1 using the presented method. We have then decompressed 

the codestream at different CR's. The results are presented in Figiure 6.7. The re

sults indicate that the proposed method has good progressive reconstruction quality, 

and that the reconstruction equality degrades gracefulh* all the way up to ver\' high 

compression ratios, such as CR = 90 : 1. 

6.3 Conclusion and Directions for Future Research 

We have illustrated that JPEG2000 can be used to compress ECG delta. We have 

tested its performance by compressing several records from the MIT-BEH arrhvthmia 
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Figure 6.7: Progressive performance of the method on record 117. 

datcibase and compcired the results to other methods in the Uterature. The results 

indicate that the presented algorithm compares favorably to other methods in liter

ature. Besides compression efficiency, the proposed method benefits firom desirable 

characteristics of the .JPEG2000 codec, such as precise rate control and progressive 

quality. Future directions for research will include optimizing the JPEG2000 codec 

to work more efficiently with the ECG data. We speculate that further performance 

improvements are possible, although these mciy be tichieved at the expense of cretiting 

a non-.JPEG2000 compUant codestream. Also, modification of the proposed scheme 

to achieve lossless decompression by utilizing the lossless compression capability of 

.JPEG2000. and using the multi-component capabilities of .IPEG2000 to compress 

multi-channel ECG data are topics for futiure research. 
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Appendix 

Some Reversible Integer Wavelet Trcinsforms 

In this work we use the following integer Wcivelet transforms [32] with the notation 

(iV. :V). where N and .V represent the number of vanishing moments of the analysis 

and s\-nthesis highpass filters, respectively: 

• A (2.2) transform: 

f/[rt| = x[2n + 1] - [^(•^[•-"1 + ̂ [2" -f- •-)) -i- . (.1) 

.s[nj = x[2n] -h l^{d[n - 1] -r d[n]) -r (.2) 

• A (4.2) transform: 

rf[n] = x[2n -r 1] - [^(-^[2"] + -^[2/1 + 2]) - ̂ (^[2" - 2] + x[2n + 4l) -i- . 

(.3) 

.5[n] = x[2nl -i- l_^(f/[n - 1] -r d[n\) -i- . (-4) 

• A (2.4) transform: 

d[n] = r[2n -r 1] — l_i(x[2n| -h x[ln -i- 2]) -i- . (.5) 

iq 1 
.s[nl = r[2n| -f- "11+ 4"I) " ~ "1 •*" 9J-
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• A (6.2) transform: 

fZ[n] = x[2n 4- 1] - L^(:r[2n] -i- x[2n + 2]) - - 2] ^ x[2n + 4]) 

(-7) 

+:5^(-r[2n - 4l -f- x[2n + 6)) -f- ^J. (.8) 

.s[rt] = x[2n] -r lj{d[n - 1] + d[n]) - . (.9) 

• A (2+2.2) transform: 

d''^[u] = x[2rt + 1] - l^{x[2n] + x-[2n -r 2|) -f- ^j. (.10) 

s[n] = x[2nl -r " ij "i" W) + (-11) 

f/[n] = f/'^'[nj - [^(-••'i" - ^ ^ ll - 4'^ 2)) 4- ij. (.12) 

We also consider three other integer wavelet transforms found in the literature: 

• The S transform. (1.1) [33]: 

rf[n] = x[2n -r 1] — x[2n]. (.13) 

^[n] = j:[2nl 4- (-14) 

• A (1-i-l.l) transform [31]: 

[n] = x[2n + 1] — x[2n], (-15) 



s[ril = x[2n] + 

d[n\ = — l-(fz^^^[n — 1] — + 1]) 
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