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Abstract

This thesis describes an image coding scheme based on the wavelet transform and lattice vec-
tor quantization (LVQ) for transmission over CDMA channels. For the purpose of providing
reliable transmission, a joint source-channel coding method — rate compatible convolu-
tional coding (RCPC) — is used for channels which have Rayleigh fading effects to protect
the coded bitstream from the noise of CDMA channels. Three different kinds of wavelets
— Daubechies, biorthogona! and B-spline wavelets — were used for the source coding of
images, and the statistics of subband coefficients of these wavelet transformed images was
analysed. For the CDMA channel model, multipath Rayleigh fading effects and the multiple
access interference (MAI) were considered, and two different receivers were used to see their
performance in handling those different types of interference. One is the Rake receiver used
together with RCPC for channels having Rayleigh fading effects as well as MAI. Anotherisa
recursive-least-square (RLS) minimum-mean-square-error (MMSE) receiver, which is based
on the theory of blind multiuser detection, to be used for the cases of fixed CDMA wire-
less applications which do not have Rayleigh fading effects but still have MAI. The overall
performance of the coding scheme based on Daubechies, biorthogonal and B-spline wavelets

respectively is also shown .
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Chapter 1

Introduction

With the rapid development of wireless communications, there are more and more plans to
transmit multimedia content (image/video) over wireless channels. Typical wireless channels
are noisy and of narrow bandwidth. Usually there is a 9.6kbps bandwidth for a customer
using a digital wireless device like a code-division multiple-access (CDMA) cell phone. Even if
the bandwidth increases up to 2Mbps for the coming 3G wireless, it is still not comparable to
the bandwidth of broadband optical communication systems like ATM, which could allocate
dozens of Mbps to end users. Thus for wireless multimedia applications, higher compression
is required for both image and video signals.

For image compression, the JPEG standard has already been widely used. It uses discrete
cosine transform (DCT) and Huffman coding techniques. Its main disadvantage is that when
the coded bit rate is lower than a certain value (about 0.25 bits/pixel), there are blocking
effects in the decoded image, due to the 8x8 block two-dimensional (2-D) DCT. Also, if the
image is directly transmitted over noisy channels — which is usually the case for wireless
applications — it is easy to lose blocks, because Huffman coding is a variable-length-code
(VLC). The noisier the channel is, the more blocks are lost. Recently, the wavelet decompo-
sition has been proved to be a better tool for image compression. Especially for very high
compression ratios, it performs better than DCT based JPEG. Thus, the new JPEG2000
standards adopt wavelet subband coding.

Fig. 1.1 shows a generic block diagram for transmitting images through CDMA channels.

1
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CDMA
Image ! —»{ Image coding transmission \

| | |
Image n |—» Image coding |—»{ CDMA
transmission

(a)

i CDMA Image
receiver decoding Image /

(b)

Figure 1.1: Block diagram of an image communication system using CDMA: (a)tramsmitter;

(b)receiver

Part (a) of the figure shows the block structure for transmission, in which different images
from different users are coded separately and then transmitted using the same bandwidth of
the CDMA channel. Part (b) of the figure shows the block structure of a receiver in which
the coded image signal for a particular user is detected from the mixture of signals of all the
users using CDMA receiving techniques and then restored as an image for the user.

For a long time, researchers have been studying how to compress and transmit an image
over wireless channels [2] - [12]. Among them, most did not specify the features of wireless
channels, such as if the channel is CDMA or not, noise characteristics, etc.. Aissa and Dubois
[9] use CDMA as wireless channel model, however, a key factor in CDMA systems — multiple
access interference (MAI) which is caused by the fact that all the users use the same wireless
bandwidth — is modeled as AWGN, which is true when the number of mobile users is
low. MALI is typical in CDMA uplink channels. When the number of users is high, MAI
will become impulsive in nature. MAI is an important factor that affects the capacity of
CDMA systems. Iun and Khandani [10] also use CDMA wireless channel model, but the
related image coding scheme is based on 2-D DCT. Among other papers, most image coders

are based on EZW[13] or SPIHT[14] using channel protection for bitstreams of different
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importance. For example, in [2] and [3], a concatenated channel coding scheme was applied
to the SPIHT. In [4], an effective coding procedure that builds upon the method in (2] and
[3] was developed for transmission channels that allow feedback. In (5] and [12], a class of
modified EZW algorithms was presented which limits error propagation by reducing the
amount of variable-length codes in the transmitted bitstream. Only [6] provides a different
coding scheme using lattice vector quantization (LVQ) for subband coefficients. This coding
scheme can provide more fixed-length bitstreams than SPIHT or EZW, which is crucial for

the decoder when the channel is very noisy.

1.1 Thesis Objectives

The objectives of this thesis are: (1) to develop a wavelet based image coding scheme which
utilizes LVQ, so that most of the coded bit streams could have fixed length; (2) to inves-
tigate the energy concentration properties of Daubechies, biorthogonal and spline wavelets
by analyzing their transformed coefficients of different subbands; (3) to combine source and
channel coding together by using rate compatible punctured convolutional coding (RCPC)
and assigning different protection to different bit streams with different importance; (4) to
present the performance of image coder using different wavelets (Daubechies, biorthogonal
and spline wavelets) under a CDMA channel model which involves MAI, and using standard
CDMA Rake receiver as well as an advanced adaptive receiver, in order to find out which

wavelets perform best in a noisy CDMA channel.

1.2 Thesis Organization

In this chapter we give a brief introduction of the thesis contents, objectives and organization.

Chapter 2 provides basic concepts of image coding with wavelets as well as some state-
of-the-art image coders like EZW and SPIHT, the principles of channel coding, especially
convolutional coding and RCPC, and the main components of CDMA systems with emphasis

on spreading/despreading and MAI.
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In Chapter 3, the following are included: (1) The features of Daubechies, biorthogonal
and spline wavelets. In particular, we emphasize the principle of high order (n=3) B-spline
and cardinal B-spline wavelets, their properties and implementation details. (2) Quantization
and coding methods used in this thesis which utilize LVQ. (3) Some simulation results for
these wavelets in noiseless condition, i.e. without channel coding.

Chapter 4 focuses on the channel model and receiving techniques of CDMA systems. Two
different channel models for Rake receiver and adaptive receiver as well as their different
signal detection principles will be shown respectively. Some simulation results based on 1-D
signals will also be presented for the two receivers.

Chapter 5 presents the final simulation results of transmitting coded images through
CDMA channels using RCPC and with different receiving techniques. The performance of
Daubechies, biorthogonal and spline wavelets under different channel conditions and receiv-
ing techniques will be supplied.

In Chapter 6, we summarize the conclusions derived from this work, and suggest some

topics for future work.



Chapter 2

Image Coding, Channel Coding and
CDMA Systems

In this chapter, we first present the basic concepts of wavelets and filter banks and their
application in image coding. The discrete wavelet transform (DWT) techniques that will
be applied on images in this thesis are based on these concepts. Some existing compression
methods based on the wavelet filter-bank will then follow with emphasis on embedded zerotree
wavelet (EZW) algorithm as well as set partitioning in hierarchical trees (SPIHT) algorithm.
By introducing these two well-known algorithms we could show why they are susceptible to
channel noise and the rationale for some other compression methods which are more robust
under the noise of wireless channels. Then the principle of convolutional coding will be
shown plus the basic idea of a joint source-channel coding, namely, rate compatible punctured
convolutional coding (RCPC). RCPC will be used in this thesis for adding different redundant
bits to different parts of the encoded bitstream for channel protection. Finally the CDMA
system will be introduced with the focus on its channel model and spreading/despreading
schemes. By showing these schemes we could explain why there is multiple access interference

(MAI) in the CDMA system and how the MAI will be induced in this thesis.
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2.1 Wavelets and Subband Coding

Wavelets are functions generated from one single function ¥ by dilations and translations

D (t) = a2y (t__‘_b) . (2.1)

a
The mother wavelet 1 has to satisfy [(z)dz = 0, which implies at least some oscillations.
The definition of wavelets as dilates of one function means that high frequency wavelets
correspond to a < 1 or narrow width, while low frequency wavelets have a > 1 or wider
width.

The basic idea of the wavelet transform is to represent any arbitrary function f as a
superposition of wavelets. For engineering purposes, because we are dealing with discrete
signals, in most cases we only use discrete wavelet transform (DWT). In general, the DWT
is generated by samplings of a corresponding continuous wavelet transform.

In a multiresolution analysis, one really has two functions: the mother wavelet i) and a
scaling function ¢. The transform with ¢ results in coarse information, while the transform
with 1 results in detail information. In the DWT, usually the scaling function ¢ corresponds
to a lowpass filter, while the wavelet ¥ corresponds to a highpass filter. Besides the analysis,
we also need to reconstruct the original signals and this requires another pair of synthesis
filters. Mallat [15] invented a mathematical tool which is particularly well adapted to the use
of wavelet bases in image analysis, and which gives rise to a fast computational algorithm.

Fig. 2.1 depicts a basic two-channel filter bank structure, where H(z) and G(z) are
lowpass and highpass analysis (decomposition) filters, and H(z) and G(z) are lowpass and
highpass synthesis (reconstruction) filters. The input signal is filtered by H(z) and G(z)
respectively and both filter outputs are downsampled by two so that the total number of
samples in the output is the same as in the input. Conversely, these output samples are filtered
by H(z) and G(z) after being upsampled by two respectively, and the filter outputs from H(z)
and G(z) are summed together to get a final output signal. The choice of H(z),G(z), H(z)
and G(z) depends on the features of the wavelet basis, i.e. orthonormal, biorthogonal or
spline. Most of the orthonormal wavelet bases have infinitely supported v, corresponding

to filters h and g with infinitely many taps. The construction in [16] gives ¢ with finite
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G@) G

Figure 2.1: Basic structure of a two-channel filter bank

support, and therefore, corresponds to FIR filters. It follows that the orthonormal bases in
[16] correspond to a subband coding scheme with exact reconstruction property, using the
same FIR filters for reconstruction as for decomposition. We will give detailed information
about these different kinds of wavelet filters in Chapter 3.

From the theory of multirate analysis, in the z-transform domain, we have at the output
of Fig. 2.1:

R(2) = HA() + GRGEIXE) + SH(-)H() + G(-GEIX () (22)

In order to obtain perfect reconstruction (PR), X(z) = X(z), we need the following condi-

tions to be satisfied [17]:

H(2)H(z) + G(2)G(z) =2
H(—2)H(z) + G(-2)G(z) =0 (2.3)

Whichever kind of wavelet basis, it has to satisfy (2.3) for perfect reconstruction.

For the above analysis-synthesis structure, if the filters are one-dimensional, then for a
two-dimensional image signal, we need to treat the rows and columns of pixels separately.
Fig. 2.2 and Fig. 2.3 show one stage in an image decomposition and reconstruction respec-
tively. The four subband images after the decomposition can be labeled as LL, LH, HL
and HH for the branch coming through filters of H(z;)H(z2), H(21)G(22), G(z1)H(2;) and
G(z1)G(z2) respectively. Usually we submit subband LL to more stages of decomposition,
resulting in subbands of LLL, LLH, LHL and LHH, and so on. The compression can be
achieved by making use of different energy concentration in different subbands. The energy

of an image is mostly concentrated in the lowest subband.
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Figure 2.2: One stage in a multiscale image decomposition
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Figure 2.3: One stage in a multiscale image reconstruction
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Figure 2.4: A 7-band wavelet decomposition

2.1.1 Embedded Zerotree Coder

The embedded zerotree wavelet (EZW) coder was introduced by Shapiro [13]. It is a quantiza-
tion and coding strategy that incorporates some characteristics of the wavelet decomposition.
The particular characteristic used by the EZW algorithm is that there are wavelet coefficients
in different subbands that represent the same spatial location in the image. If the decompo-
sition is such that the size of the different subbands is different, then a single coefficient in
the smaller subband may represent the same spatial location as multiple coefficients in the
other subbands.

Let’s consider the 7-band decomposition shown in Fig. 2.4. The coefficient a in the upper-
left corner of band LLL represents the same spatial location as coefficients a; in band LLH,
a; in band LHL, and a3 in band LHH. In turn, the coefficient a; represents the same spatial
location as coefficients aj;, a12, @13, and a4 in band LH, and so on. In fact, we can visualize
the relationships of these coefficients in the form of a tree. The coefficient a forms the root of
the tree with three descendants a;, as, and a3. The coefficient a; has descendants a1, a12, a13,

and a,4. The coefficient a; has descendants as;, a2, a23, and ay4 and the coefficient a3 has
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a

a aj 3

.

a)) a2 a3 414 a1 axp a3 A4 Aa3; A3z A3z Ay

Figure 2.5: Data structure used in the EZW coder

descendants az;, ass, ass, and az4. A pictorial representation of the tree is shown in Fig. 2.5.

Due to the fact that when natural images are decomposed in this manner most of the
energy is compacted into the lower bands, in many cases the coefficients closer to the root
of the tree have higher magnitudes than coefficients further away from the root. This means
that often if a coefficient has a magnitude less than a given threshold, all its descendants will
have magnitudes less than that threshold; this property can be exploited for the purpose of
compression.

Before we describe the EZW algorithm, we need to introduce some terminology. Given a
threshold T, if a given coefficient has a magnitude greater than T, it is called a significant
coefficient at level T'. If the magnitude of the coefficient is less than T (it is insignificant), and
all its descendants have magnitudes less than T, then the coefficient is called a zerotree root.
Finally, it might happen that the coefficient itself is less than T but some of its descendants
have a value greater than T'. Such a coefficient is called an isoiated zero.

The EZW algorithm is a multiple-pass algorithm, with each pass consisting of two steps:
significance map encoding or the dominant pass, and refinement or the subordinate pass. If

Cmaz iS the value of the largest coefficient, the initial value of the threshold T is given by
Tp = 2Ui082 cmax] (2.4)

In each pass, the threshold T; is reduced to half the value it had in the previous pass:

1
T = 5T (2.5)
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For a given value of T;, we assign one of four possible labels to the coefficients: significant
positive (sp), significant negative (sn), zerotree root (zr) and isolated zero (iz). If we used a
fixed-length code, we would need 2 bits to represent each of the labels. When a coefficient
has been labeled a zerotree root, we do not need to label its descendants. This assignment
is referred to as significance map coding. The coefficients labeled significant are assigned an
initial reconstruction value of 1.5T; or -1.5T;, depending on whether the coefficient is positive
or negative. The selection of T; according to (2.4) and (2.5) guarantees that the significant
coefficients will lie in the interval [T, 2T"). Once a determination of significance has been made,
the significant coefficients are included in a list for further refinement in the refinement or
subordinate passes. In the refinement pass, we determine whether the coefficient lies in the
upper or lower half of the interval [T, 2T). In successive refinement passes, as the value of
T is reduced, the interval containing the significant coefficient is narrowed still further and
the reconstruction is updated accordingly. An easy way to perform the refinement is to take
the difference between the coefficient value and its reconstruction and quantize it using a
two-level quantizer with reconstruction values +7°/4. This quantized value is then added to
the current reconstruction value as a correction term.

The wavelet coefficients that have not been previously determined to be significant are
scanned in a manner similar to the above. This process can be repeated and the threshold

reduced accordingly until the bit budget is used up or until some other criterion is satisfied.

2.1.2 Set Partitioning in Hierarchical Trees

The SPIHT (Set Partitioning in Hierarchical Trees) algorithm is a generalization of the
EZW algorithm which is proposed in [14]. It uses a partitioning of the trees (which in
SPIHT are called spatial orientation trees) in a manner that tends to keep insignificant
coefficients together in larger subsets. The partitioning decisions are binary decisions that
are transmitted to the decoder, providing a significance map encoding that is more efficient
than EZW. The thresholds used for checking significance are powers of two, so in essence
the SPIHT algorithm sends the binary representation of the integer value of the wavelet
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coefficients. As in EZW, the significance map encoding, or set partitioning and ordering step,
is followed by a refinement step in which the representations of the significant coefficients
are refined.

The algorithm makes use of three lists: the list of insignificant pizels (LIP), the list
of significant pizels (LSP), and the list of insignificant sets (LIS). The LSP and LIS lists
will contain the coordinates of coefficients, while the LIS will contain the coordinates of
descendant coefficients. The LIP is initialized with the set of all root nodes, while the LIS is
initialized with all the descendants of the root nodes. The LSP is initially empty. We start
by determining the initial value of the threshold by calculating:

n = |log; cmaz) (2.6)

In each pass, we will first process the members of the LIP, then the members of LIS. This is
essentially the significance map encoding step. We then process the elements of LSP in the
refinement step.

We begin by examining each coordinate contained in LIP. If the coefficient at that coor-
dinate is significant, we transmit a 1 followed by a bit representing the sign of the coefficient
(e.g. 1 for positive, 0 for negative). We then move that coefficient to the LSP. If the coefficient
at that coordinate is not significant, we transmit a 0. After examining each coordinate in the
LIP, we begin examining the sets in the LIS. If the set at coordinate (i, ) is not significant,
we transmit a 0. Otherwise we transmit a 1 plus a sign bit. Once we have processed each of
the sets in the LIS, we proceed to the refinement step. In the refinement step we examine
each coefficient in the LSP prior to the current pass and output the nth MSB of | ¢;; |.

This completes one pass. If we still have more bits available, we can start another pass

after decreasing the threshold by subtracting 1 from n.

2.1.3 Other Coding Schemes

EZW and SPIHT are most popular image coders based on wavelet decomposition. However,
their excellent performance is under one precondition: there are no errors in transmitting

the bit stream of the coded image. From the description above, we can see that the length of
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the coded bit stream is variable, and the meaning of a bit might be related to other bits in
the stream. So for the decoder, once a decoded bit is wrong, the error might not only lead to
the wrong value for that pixel, but also propagate to the following decoding decision. This
is mainly due to the built-in tree structure of the general zerotree approach and the implicit
dependence of the significance map coding strategy. A single bit error can easily cause loss
of synchronization between the encoder and decoder execution paths. For example, if 27 is
decoded as iz in EZW, then it would not be difficult to imagine how disastrous it will be for
the subsequent decoding. Therefore, for the transmission over noisy wireless channels which
are characterized by unknown and highly varying channel conditions, it is not appropriate
to put the bitstream of EZW and SPIHT directly to the channels.

Several papers with different methods have addressed this problem [2]-[8],[11], [12]. Most
notably [5], [12] where a modified EZW is proposed, and in [11] where a packetization of
SPIHT bitstream and forward error control (FEC) are proposed. A common point in (5], [11]
and [12] is to make the bitstream as fixed-length (FL) as possible, so that even if an error
occurs it will not affect the following decoding. In [6] a completely new coding scheme for
wavelet transformed image is proposed. This scheme makes use of lattice vector quantization
(LVQ) to enable faster implementation of the coding procedure, and also make an effort to
prevent the decoding errors from propagating by using more fixed-length code streams. This
thesis will also use LVQ for most of the higher band wavelet coefficients, rather than using
modified EZW or SPIHT.

Except for the difference in coding scheme, there are two focus points of this thesis on
which we think more work is needed, and which are not specified by the above papers:

(1) The wireless channels used in above papers are either not for CDMA, but only ar-
tifically induced bit errors by assuming that the channel has additive white Gaussian noise
(AWGN), or do not take into account all the effects of a CDMA model which should have
multipath Rayleigh fading effects as well as multiple access interference (MAI). This thesis
will fully consider all the effects of a typical CDMA channel, and specifically, will consider
MALI as impulsive interference which only happens when the user number is very high.

(2) In the above papers, only one kind of wavelet filters is used in each paper, either
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Figure 2.6: A rate-1/2 linear convolutional encoder

Daubechies or biorthogonal. No one uses spline wavelets, and there is no comparison of per-
formance for different wavelets under the same coding scheme and channel conditions. This
thesis will give the different performance of Daubechies, biorthogonal and spline wavelets to

see which performs better in a standard CDMA channel with the same coding scheme.

2.2 Channel Coding

This thesis will use convolutional codes for channel protection, similar to the approaches
of [18]. The following subsections will give the description of the encoding and decoding
algorithms of convolutional codes, as well as the principles of a joint source-channel cod-
ing scheme, RCPC (rate compatible convolutional coding), which is based on convolutional

codes.

2.2.1 Linear Convolutional Encoders

A convolutional encoder converts the entire data stream, regardless of its length, into a single
code word. The redundancy of protection information can be introduced into a data stream
through the use of a linear shift register. Fig. 2.6 shows a typical rate-1/2 linear convolutional
encoder. The rate of this encoder is established by the fact that the encoder outputs two
bits for every input bit. In general, an encoder with k£ inputs and n outputs is said to have
rate k/n.

In Fig. 2.6 the binary data stream x = (zo, z), Z2, ...) is fed into a shift register circuit
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consisting of a series of memory elements. With each successive input to the shift register,
the values of the memory elements are tapped off and mod-2 added according to a fixed

pattern, creating a pair of binary output coded data streams y©® = (y3°’,y§°’,y§°’, ...) and

y® = (yc()l), yil), yél), ...). These output streams can be multiplexed to create a single coded
data stream y = (y((,o)y((,l), yfo)ygl), ygo)yél), ...). Each element in y is a linear combination of
the elements in the input streams x©, x(V), ... x(-1 It is assumed that the shift-register

contents are initialized to zero before the encoding process begins.
In a convolutional encoder, an important concept - constraint length K - is defined as
following:

K= 1+m‘axm,- (2.7)

where m; is the number of shift registers of ith branch.

2.2.2 Viterbi Decoding

As information sequence x is encoded to form a convolutional code word y, then y is trans-
mitted across a noisy channel. The convolutional decoder takes the received vector r and
generates an estimate y’ of the transmitted code word.

The mazimum lLikelihood (ML) decoder selects the estimate y’ that maximizes the proba-
bility p(r|y’). A rate 1/n convolutional encoder takes 1 input bit and generates n output bits
with each shift of its internal registers. Suppose that we have an input sequence x composed
of L bits:

x = (To,...,TL-1)

The output sequence y will consist of L n-bit blocks as well as m additional blocks, where
m is the length of the shift register in the encoder.

0 (1 -1 (0) (1 -1 (o 1 -1
L R T S B I T k) SN o TP ) ot )

A noise-corrupted version r of the transmitted code word arrives at the receiver, where the

decoder generates a maximum likelihood estimate y’ of the transmitted sequence. r and y’
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have the following form:

0 1 -1 0 -1 0 1 -1
I N (SR N I v

0 1 -1 0 1 -1 0 1 n—1
= (y,(() ): y’é )1 L] yll()n )7 y’g )1 y,( ) v y'g.n )! y'(z.lm-—u ylglm—h 1y’(L+m)-1)

(2.8)

We assume the channel is memoryless. Since the probability of joint, independent events is
simply the product of the possibilities of the individual events, it follows that:
L+""1 G)y, )
p(rly’) = T» (r?1'?) (2.9)
t—O j=0
Equation (2.9) is called the likelihood function for y’. People usually use its logarithm form:
L+m-1 [n-—1 (J) )
logp(rly’) = Y. [ logp (rP1y'?) (2.10)
i=0 j=0
In hardware implementation of the Viterbi decoder, the summands in (2.10) are usually

converted to the form called bit metrics:
M (r(’)ly’(’)) = a[logp (ry)ly’?)) + b] (2.11)

a and b are chosen such that the bit metrics are small positive integers that can be easily
manipulated by digital logic circuits. The path metric for a code word y’ is then computed

as follows:

M) = 3 (Z M(r"’ly"”)) (2.12)

i=0 \j=0
Thus the code word y’ that maximizes p(r|y’) also maximizes M (r|y’). Thus the problem
now is reduced to finding a code y’ that minimizes the path metric.

The Viterbi algorithm uses trellis diagrams for the computation of path metrics. It has
been proven that the path selected by the Viterbi decoder is the maximum likelihood path.

2.2.3 Rate-Compatible Punctured Convolutional Codes

Rate-compatible punctured convolutional (RCPC) codes were introduced in [19]. A family
of RCPC codes is described by the mother code of rate-1/n and memory M having the
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Figure 2.7: RCPC with two rate compatible puncturing tables

generator tap matrix of dimension n x (M + 1). Together with n, the puncturing period P
determines the range of code rates

P
R—-P—_H l-—l,...,(n—l)P (213)

between P/(P +1) and 1/n. The RCPC codes are punctured codes of the mother code with

puncturing matrices of dimension n x P

a(l) = (a;;()) (2.14)

with a;;(l) € (0,1) where 0 implies puncturing. The puncturing matrix can be viewed as
a modulo P rule for multiplexing the two streams of code bits. Instead of transmitting
2- P =2-4only P+ bits are transmitted per P = 4 information bits, where P + [ is the
number of “1” in a puncturing matrix.

Fig. 2.7 shows an example where a rate-1/2 code with memory M=2 is punctured peri-

odically with period P=4. Its generator tap matrix is:

(111)

g:

101

a(1)=(1110)
1001

generates a code rate of 4/5, while the puncturing matrix

a(2)=(1 11 0)
1101

And the puncturing matrix
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generates a code rate of 4/6.
Thus with RCPC codes, bitstreams of different importance can be assigned with different
puncturing matrice and so different bit rates, so that the most important bitstream is most

protected, while less important ones use lower bit budgets.

2.3 CDMA Systems

Code-division multiple-access (CDMA) is a multi-user access scheme that uses different long
pseudo-noise (PN) binary sequences to either multiply each user’s information sequence
which is called direct sequence CDMA (DS-CDMA), or control each user’s carrier frequency
hopping pattern which is called frequency hopped CDMA (FH-CDMA). In either case, the
overall frequency bandwidth used by each user is much larger than the user’s information
bandwidth so CDMA channel is a kind of spread spectrum (SS) channel. Another aspect
of CDMA is that multiple users are using the same frequency band meaning that users are
co-channel interference to each other. But this co-channel is still separated by a firewall of
PN code which makes the interference noise like. By using a long PN sequence, it achieves
the advantages of anti-jamming and user privacy. Also by transmitting all users’ signal in the
same frequency-time domain, DS-CDMA achieves flexibilities such as soft service degradation
with the increase of the number of users, antenna sectorization to improve capacity, soft

handoft, etc.

2.3.1 CDMA Signals and Channel

We first give a mathematical formula description of DS-CDMA BPSK (binary phase shift
keying) signals and channel. Let’s assume that the kth user’s signal comes out from the
transmitter with initial transmit power A, carrier frequency of w. and initial phase of 6,

and can be described as:

di(t) = V 2A5k(t)bi(t) cos(wct + O) (2.15)
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where bi(t) and sk(t) are the data sequence and spreading sequence respectively with

bu(t) = 3= bef)Pr (¢~ Ty (2.16)
sk(t) = ji:o sk[t] Pr.(t —iT.) (2.17)

and Pr(t) is a pulse waveform of duration T, T. and T are spreading bit duration and data
bit duration respectively, si[z] and by[i] are spreading bit and data bit respectively with value
of either 1 or -1. A bit of the spreading sequence is usually called a chip, and the chip period
T: is much smaller than T} so that, after spreaded by sk(t), the spectrum of the product
sk(t)bi(t) is much wider than the spectrum of the original data sequence by (t).
Assuming there are K users and each user’s signal goes through L different paths, then
the received signal at the cellular base station will be:
K L
re(t) = };1 ; V2Akcu(t)sk(t — Tia)bi(t — Tis) cos(wet + ur) + ne(t) (2.18)
where cy is the fading coefficient for the [th path of kth user, 7y is the path time delay and

®ki is the composite phase which is:
Prt = Ok — wWeTrt — P (2.19)

where ¢y is the path phase delay, and nc(t) is the white noise in the bandwidth of the

wireless channel.

2.3.2 Pseudonoise Generators

Pseudonoise (PN) sequences are used as spectrum-spreading modulations for direct sequence
SS designs. Ideally, most of the PN sequence design problems would be solved if it were
possible to produce a sample of a sequence of independent variables, uniformly distributed,
for use at the SS transmitter, and an identical sample sequence at the receiver for use in the
detection process. Unfortunately, the generation, recording, and distribution of these sample

sequences at a rate equal to the processing gain is generally not feasible.
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Figure 2.8: Linear feedback shift-register generator

In CDMA systems, PN codes are generated by linear feedback shift-registers having
the form of Fig. 2.8 with primitive polynomial g(D). Shift-register sequences having the
maximum possible period for an r-stage shift register are called mazimal-length sequences or
m-sequences. Since the shift register passes through all possible states, each different initial
condition results in a different phase of the same m-sequence. Ideally, a received signal that
has been spread using a different PN code will only cause minimal interference in the desired
signal after despread by the desired user’s PN code. The specific amount of interference from
a user employing a different spreading code is related to the cross-correlation between the
two spreading codes.

The full-period discrete cross-correlation between two spreading codes of period N is
defined as follows [20]:

B (k) = % S sy + k) (2.20)

n=0

Although the detailed correlation could be evaluated for multiple-access code sets, in many
cases adequate information for system analysis can be obtained from the cross-correlation
spectrum. The cross-correlation spectrum is a list of all possible values of 6,s(k) and the
number of values of k which yield that particular cross-correlation. When s = s’ the cross-
correlation spectrum becomes the autocorrelation spectrum. The autocorrelation spectrum
for an m-sequence is

1.0 occurs 1 time

—% occurs N — 1 times

In practical CDMA systems, the PN codes used are called Gold codes which are generated
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from m-sequences. Consider an m-sequence s of length NV, and a second sequence s’ obtained
by sampling every gth symbol of s. The second sequence is said to be a decimation of the
first. The decimation of an m-sequence may or may not yield another m-sequence. It has been
proven [20] that the decimation does yield another m-sequence if and only if ged(N, ¢)=1,
where “ged” denotes the greatest common divider.

The cross-correlation spectrum of pairs of m-sequences can be three-valued, four-valued,
or possibly many-valued. Certain special pairs of m-sequences whose cross-correlation spec-

trum is three-valued, where the three values are:

1

—Nt(n)
1

1 -~ (2.21)
~ ) -2

where
1+ 203(n+1)  for n odd
t(n) =

1 + 205("+2)  for n even
where the code period N = 2"—1, are called preferred pairs of m-sequences. Finding preferred
pairs of m-sequences is necessary in defining sets of Gold codes. The following conditions are
sufficient to define a preferred pair s and s’ of m-sequences:
1. n # 0 mod 4; that is, n is odd or n=2 mod 4

2. s'=s(q] where g is odd and there is an integer k such that either
g=2"+1

or
g=2%—24+1
1 for n odd

3. ged(n, k) =
2 for n=2 mod 4

The length of the PN codes used in this thesis is 31. They are generated by the polynomial:

g(D) =1+ D*+ D°® (2.22)



CHAPTER 2. IMAGE CODING, CHANNEL CODING AND CDMA SYSTEMS 22

l l

a, —»| a3 —»| 2 >® » a, ] a

Figure 2.9: Gold code generator of length-31

Fig. 2.9 shows the structure of the PN code generator. The initial values in shift registers
are: al ~ a4 — 0,a0 — 1. Five PN codes are generated according to the above decimation

rules. Their cross-correlation values are listed in Table 2.1.

Table 2.1: Cross-correlation of 5 PN codes

PN | sl s2 s3 s4 s5
sl 1 -1/31{-1/31}-1/31 | -1/31
s2 |-1/31 1 -1/31|-1/31}-1/31
s3 | -1/31}-1/31 1 -1/31 | -1/31
s4 |-1/31|-1/31|-1/31 1 }{-1/31
s5 [-1/31|-1/31|-1/31|-1/31 1

According to the theory of PN codes, for any phase shift, the cross-correlation of any
pair of PN codes (length 31) takes one of three values: -9/31, -1/31, or 7/31. While auto-
correlation of any PN code is 1, the cross-correlation of any pair in this table is obtained
when the pair of codes are orthogonal. If asynchronous (there is phase shift between the 2

PN codes), then the cross-correlation will become larger, i.e. be 7/31 or -9/31.

2.3.3 Interference in CDMA that Limits its Capacity

From (2.18) and the description of PN codes above, we can see that when the receiver in the
cellular base station despreads a user’s signal with its PN codes, there will be interference

caused by the cross-correlation with other users’ PN codes. This kind of interference is
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called multiple access interference (MAI). It happens in the up link of CDMA systems,
where mobile users transmit their signal to the base station, and there is no way to control
their synchronization so that their PN codes are orthogonal.

When the user number is low, MAI could be approximated as AWGN. However, if the
number of users is increasing, MAI needs to be considered separately [21] and could be
approximated as being impulsive if the number of users is very high [22], and this is a key
factor that limits the capacity of CDMA systems.

This thesis will assume MAI is impulsive by arbitrarily inducing the maximum cross-

correlation of different users’ PN codes.



Chapter 3

Image Coding Using Wavelets

In chapter 2, we have already introduced the basic structure of wavelet filter banks. In
this chapter, we will begin by giving some further details of filters based on different kind
of wavelets, namely orthogonal (Daubechies) wavelets, biorthogonal wavelets and spline
wavelets. Actually, the spline wavelets that we will use in this thesis are also biorthogo-
nal, but their structure and features are different with the general biorthogonal filters. So
we will use a separate section to introduce filters based on spline wavelets.

After that, the principle of lattice vector quantization (LVQ) and its application in image

coding using the above wavelets will be shown.

3.1 Orthogonal (Daubechies) Wavelets

The class of Daubechies wavelets is the most commonly used orthogonal wavelets for image
coding due to its compact support feature. For the four FIR filters in Fig. 2.1, orthogonality

imposes the following important properties:
hn] =h2K —1-n], §[n]=g[2K -1-n] (3.1)

gln] = (-1)""'h2K —1-n],  §ln] = (-1)*h2K — 1 —n] (32)

where 2K represents the length of those FIR filters. This means that once one filter is
determined, the other three filters can also be determined according to (3.1) and (3.2).

24
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Overall, the orthogonal Daubechies wavelet filters have the following properties in the
time and frequency domain [17}:

(a)(h[n], h[n + 2m]) = &[m], and (g[n], g[rn + 2m]) = &[m)].

(b)H(z)H(27') + H(—=z)H(—z"") =2z72K
where < -, - > represents inner product for two general vectors x = {...,z[-1],z[0],z[1],...}
and y = {...,y(-1],y[0],y[1],...} with

<Xy >= nf:m z*[n]y[n].

Note that (b) could be obtained by applying (3.1) and (3.2) to the perfect reconstruction
(PR) conditions (2.3) with the only difference of a delay factor 2K in the final output of
those filters, in order to make those filters causal. And the filter coefficients are obtained by

factoring ([16][23])
P(z) = H(z)H(-2) (33)

where P(z) is
L4+2\? (1422 fpr k=1 /1= 2\F (1= 2-1\*
P(3)=2(2)(2>Z(k (2)(2) (34)
k=0
and p is said to be the regularity of the related wavelet function. The set of Daubechies filters

that will be used in this thesis is called db8

with p = 8, and the filter length is 16. The coefficients for the four db8 filters are shown
in Table 3.1.

3.2 Biorthogonal Wavelets

Daubechies wavelet analysis is a highly useful orthogonal multiresolution analysis when the
signal’s characteristics are sought at different scales. For image analysis, since images are
mostly smooth (except for occasional edges) it seems appropriate that an exact reconstruc-
tion subband coding scheme for image analysis should correspond to an orthogonal basis with
a reasonably smooth mother wavelet. On the other hand it is desirable that the FIR filters

used be linear phase, because the phase component of an image is more important than its
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Table 3.1: Filter coefficients of db8

i h[n] gln] hn] gln]

0 | -0.00011747678400 | -0.05441584224308 | 0.05441584224308 | -0.00011747678400
1 | 0.00067544940600 | 0.31287159091447 | 0.31287159091447 | -0.00067544940600
2 | -0.00039174037300 | -0.67563073629801 | 0.67563073629801 | -0.00039174037300
3 | -0.00487035299301 | 0.58535468365487 | 0.58535468365487 | 0.00487035299301
4 | 0.00874609404702 | 0.01582910525602 | -0.01582910525602 | 0.00874609404702
5 | 0.01398102791702 | -0.28401554296243 | -0.28401554296243 | -0.01398102791702
6 | -0.04408825393106 | -0.00047248457400 | 0.00047248457400 | -0.04408825393106
7 | -0.01736930100202 | 0.12874742662019 | 0.12874742662019 | 0.01736930100202
8 | 0.12874742662019 | 0.01736930100202 | -0.01736930100202 | 0.12874742662019
9 | 0.00047248457400 | -0.04408825393106 | -0.04408825393106 | -0.00047248457400
10 | -0.28401554296243 | -0.01398102791702 | 0.01398102791702 | -0.28401554296243
11 | -0.01582910525602 | 0.00874609404702 | 0.00874609404702 | 0.01582910525602
12 | 0.58535468365487 | 0.00487035299301 | -0.00487035299301 | 0.58535468365487
13 | 0.67563073629801 | -0.00039174037300 | -0.00039174037300 | -0.67563073629801
14 | 0.31287159091447 | -0.00067544940600 | 0.00067544940600 | 0.31287159091447
15 | 0.05441584224308 | -0.00011747678400 | -0.00011747678400 | -0.05441584224308
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amplitude component. Unfortunately, not all of these conditions can be satisfied simultane-
ously since there are no orthonormal linear phase FIR filters enabling exact reconstruction
for two-channel filter banks except for the Haar basis.

One can preserve linear phase (corresponding to symmetry for the wavelet) by relaxing
the orthonormality requirement, and using biorthogonal bases. In such a scheme, the filters
h, h, and g, § are introduced which are related respectively to the scaling functions ¢, é and
to the wavelets ¥, ¥. To ensure exact reconstruction the following relationship must hold

between the two filters:

gin] = (-1)"h[-n]

gln] = (=1)"h[-n] (3.5)
and, since ¢ox and éo,k are orthogonal,

Y hin]hin + 2k} = do (3.6)

For the reason of image compression, it is desirable that the regularity of ¢ and ¥ are
sufficiently high. In [24] it is shown that the highly regular wavelets ¥ and 4 can be achieved
with sufficiently long filters. In particular, if the functions ¥ and ¥ are respectively (k ~ 1)
and (k — 1) times continuously differentiable, then the trigonometric polynomials H (w) and
H(w) must be divisible by (1 + e~*)* and (1+ e""")'.‘ respectively.

Applying (3.5) to the PR conditions (2.3), we get a PR condition for biorthogonal cases
which is usually the starting point for designing scaling functions ¢ and é (in the frequency
domain):

Hw)HWw) + Hw +m)H(w +7) =2 3.7)
This condition, along with the divisibility of H(w) and H(w) by (1 + e““")k and (1+ e“"")'.c
respectively, leads to [24]

H(w)H(w) = 2cos?(w/2) [:i (l - ;+ p) sin??(w/2) + sinﬂ(w/2)R(w)] (3.8)

where R(w) is an odd polynomial in cos(w) and 2l =k + k. The symmetry of filters h and
h means that (k + k) is even. This relationship enables us to compute the dual filter H(w)
if the filter H(w) is imposed.
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A broad range of biorthogonal wavelet bases can be constructed. For image compression
applications, the regularity of the synthesis functions '1,5,,,',,, which is related to the number
of zero moments in the analysis functions ¥, ., is more important than the regularity of the
Ym,n, Or the number of zero moments in the z/;m'n. With this consideration, and the limit
imposed on filter length, we choose the highest possible values for k.

One can choose R = 0 with H(w) = v/2 cos(w/2)Fe=*/2 where k = 0 if k is even, k = 1 if
k is odd. This corresponds to the filters called spline filters in [24] or binomial filters because

the h are simply binomial coefficients. It then follows that:
-k i =t -1+ p 2
H(w) = V2cos(w/2)**e//2| S ( v ) sin"’(w/2)] (3.9)
=0

Another way in choosing H(w) and H (w) is still using R = 0, but factoring the right-
hand side of (3.8), breaking up the polynomial of degree { — 1 in sin(w/2) into a product
of two polynomials in sin(w/2) with real coefficients, one to be allocated to H, the other to
H. so as to make the lengths of h and h as close as possible. These filters are called Cohen-
Daubechies-Feauveau (CDF) biorthogonal filters. In this thesis, we will use biorthogonal filter
6/8 (bior6.8) which belong to this kind of filters. We choose this kind of filter for biorthogonal
case because the filter length is 17 for h and § and 11 for k and g, similar to the length of
db8 for orthogonal case, and the number of zero moments is 5 for ¥, ., which is the highest
one available in Matlab toolbox for biorthogonal filter banks. The filter coefficients are listed
in Table 3.2.

Table 3.2: Filter coefficients for bior6.8 filter bank

0 *1 +2 +3 +4 x5
0.8259 0.4208 -0.0941 -0.0773 0.0497 0.0119
0.7589 04178 -0.0404 -0.0787 0.0145 0.0144

e &

+6 +7 +8
-0.0170 -0.0019 0.0019
0 0 0
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Figure 3.1: Frequency response of low-pass analysis filter h of db8

Overall, a two-channel biorthogonal filter bank has the following properties [17]:

(a)(h[—n], h[n — 2m]) = §[m], and (g[—n}, G[n — 2m]) = &[m].

(b)H(z)H(z) + G(2)G(2) = 2, and H(—2)H(2) + G(—2)G(z) = 2.

The frequency response and phase property of filters db8 and bior6.8 (low-pass analysis
h) are shown in Fig. 3.1 and Fig. 3.2 respectively, from which we can see the improvement of
phase linearity of bior6.8 compared with db8. Due to their symmetric nature, biorthogonal

filters are usually preferred in dealing with edge effects of wavelet coded images.

3.3 B-Spline Wavelets

Splines are piecewise polynomials, with a smooth fit between the pieces. In the last section we
used a B-spline function for one of the scaling functions ¢, then determined another scaling
function ¢ by the PR condition (3.7). In this section, we will introduce wavelet analysis with
é, ¢ and v, ¥ all constructed by B-spline functions.
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Figure 3.2: Frequency response of low-pass analysis filter h of bior6.8

3.3.1 Cubic Spline Wavelets and Cardinal Cubic Spline Wavelets

The B-splines of order n (n odd) satisfy the two scale relation
+00
B2/ = 3 upk)B (= — k), (3.10)

k=—o00

where u} is the binomial kernel of order n,

k) = 4 F oo bl < (04 1)/2
0, otherwise

— UZ(f) = 2cos™!(rf) (3.11)

and "(z) can be constructed by repeated convolution of a B-spline of order 0:

BMz) =L =B *---x3(x), (3.12)

n+l times

where 8°(z) is the characteristic function in the interval [—3, 1). The shifted version of 5°(z)
to the interval [0, 1) is just the scaling function of the Haar wavelet. This two-scale relation
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can be used to construct a multiresolution analysis [25]:

fo =273 < fidie > ik (3.13)
keZ _

foy =27 < fivik > Yix (3.14)
keZ

where ¢;x = ¢"(27' — k) and gip = 6"(27" — k), i = Y™(27 — k) and ¢ = "2~ — k)
are biorthogonal and defined as follows ([25](26]):

¢"(z) = LiZlo p(K)B™(z — k)

9"(2) = TiZ oo (¢ 017 (K)B"(z — k)

where (a * b)~! means calculating the convolution of a and b first, then inversing the convo-

(3.15)

lution result. And

() = L q(k)Yf (z — k)

. X -1 (3.16)
wn(l.) - Z-:;w (ql x hIn+l o [b2n+1 * b2n+l] ) (k))([){,‘(:l: —_ k)
12
where
+00 .
ve(z/2) = Y af x b (k+1)8"(z — k), (3.17)
k=~00

The sequence b™ denotes the discrete spline of order n, which is obtained by sampling the
B-splines at the integers: .
b*(k) = B™(z)|z=k «— BY(z) (3.18)
and the notation (k) := (—1)*a(k) refers to a modulation by (—1)*, and p'(k) = p(—k).
The weighting sequences p and ¢q depend on which kind of spline wavelets we are using. For

general B-spline functions, we have p = g = g, where &g = §(0) is the impulse function

defined by:
1, =0
5(n) = { "

0, otherwise.
Another kind of spline filters that we will use in this thesis is called cardinal spline filters
[27]. It allows a function or a signal to be represented by its sample values. The weighting

sequences for it are
p(k) = (ba) (k)

. -1 (3.19)
q= ([bn * .&121 * b2n+1] )
12
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The cardinal spline wavelet decomposition allows a better visualization of the underlying
continuous signals because the expansion coefficients are the sample values of the coarse
resolution spline and wavelet signal components. More important is, the cardinal spline has
better energy concentration than that of the general B-spline. We can see that in Fig. 3.3
in which the basic functions of cubic spline and cardinal cubic spline and their Fourier
transforms are shown. As the order n increases, the cardinal spline becomes more and more
similar to a sinc function (we also draw the sinc function in dashed line in Fig. 3.3(c) for
comparison) that corresponds to the ideal interpolator for a bandlimited function [28}. The
B-spline functions, on the other hand, become more and more Gaussian-like, as a consequence
of the central limit theorem.

Equations (3.15) and (3.16) are the general scaling and wavelet functions for spline

wavelets. Their associated filter banks are determined as follows [26]:

( h(k‘) - %[(p * b2n+l)-l] £p* p2ntl u’z‘(k‘)
T')

| gtk 1) = d@rpm™] wpeazce)
h(k) = [plr2 * ()" * u3 (k)
| §(k = 1) = [glr2 * (p) " * a5 » B**(k)

In next section we will describe how to implement these filters.

(3.20)

3.3.2 Implementation of Spline Filters

For the spline filter banks in (3.20), we will use basic B-spline and cardinal B-spline wavelets
in the simulation.The choices of weighting coefficients p and ¢ for them are listed in Table
3.3. And the expressions for B"(z) - the z-transform of " - of order up to n = 7 with poles
of their reciprocals are listed in Table 3.4.

From the expressions for B-spline filters in (3.20), we can see that part of the filter imple-
mentation will involve symmetric anti-causal IIR filters of the form [H~!(z)] and [H~!(2)]s2,
where H!(z) can be expressed as

-1 — o
) [2N + 2N+ (zﬁf;f di[z* + z-k]) +do (321
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Figure 3.3: Signals associated with the cubic spline interpolator. (a)Cubic B-spline, (b)Fourier transform of
the cubic B-spline, (c)cardinal cubic spline, the dashed line corresponds to sinc function, (d)Fourier transform
of the cardinal cubic spline.

Table 3.3: Parameters for basic and cardinal B-spline wavelets

Representations P q
basic (B-splines) do(identical) do(identical)
cardinal (B-spline) (") ([b~ = a7 = b2+ 5) -
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Now we present a general procedure for implementing the IIR filters in general form of (3.21)
[29][30]. We use the fact that a generic symmetrical recursive filter may be decomposed into
a cascade of elementary symmetrical exponential filters which themselves can be separated
into two complementary causal and anticausal components as follows:
N
H™(2) = co [] Ho(z; ) (3.22)
i=1

where Hy(z; z;) is defined as follows:

—2; _ —2 1 1
Ho(z ) := (1-zz)(1—-2zz2) (1-23) (1 —z;z~1 Tz zz 1) (3.23)

It is not difficult to show that Hy(z; 2;) is the transfer function of a symmetrical exponential

filter whose impulse response is

ho(ki %) = =2 (3.24)

Starting from (3.24), assuming that the input signal is z(k),_ ... x_;,WVe can derive the fol-

Table 3.4: Transfer functions and poles of b"

n B"(z) Poles of B"(z)™!

0 1 -

1 1 -

2 apftel 2= =3 +2v2 = -0.171573

3 S 71 = —2+ V3 = -0.267949

4 LS z; = —0.361341, z, = —0.0137254

5 e z1 = —0.430575, z, = —0.0430963

6 AT22:7+10543:4238484 105402 4T P20 ) = —().488295, zp = —0.0816793, z3 = —0.00141415
7 234120:24119124+24164-11912=+1202 2423 z; = —0.53528, 2, = —0.122555, z; = —0.00914869

5040
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lowing recursive filter equations [29]:

yr(k) = z(k) + ziy+(k -1, (k=1,---,K— 1)
y(K - 1) = c(2y* (K — 1) - 2(K — 1)) (3.25)
y(k) = z(y(k +1) —y*(k)), (k=K-2,---,0)

where z(k) and y(k) are the input and output signals respectively, and where ¢; = —z;/(1~22)
is a scaling constant. For boundary conditions we use symmetric extension. The recursion
begins with

yt(1) = }k: 5 Uz (k) (3.26)
k=1

where kg is chosen to ensure that z!-k"' is smaller than some prescribed level of precision. In

our simulation, we set ko = log(1072)/log(|z|). The second equation in (3.25) is borrowed
from a sum decomposition (right-hand side of (3.23)) and is required to obtain a correct
initialization of the backward recursion. Thus the symmetric anti-causal IIR filter of the
style [H~!(2)] can be implementated according to (3.22)-(3.25).

For the anti-causal IIR filter of the style [H~!(z)]tm, its z-transform can be written in

the standard form [30]:

H'(z™) = 2 3.27
(") [zmN 4 z-mN] + (2}!;1‘ di[z™k + z-mk]) +dp (3.27)

The filter is then expressed as a cascade of simple first-order causal/anti-causal components
N

H™'(2™) = co [] Ho(2™; z) (3.28)
i=l

where Hy(2™; 2;) is defined as:

Ho(z™; ) == — ( 1 )( —= ) (3.29)

1—2zz=m)(1 — z;2™m = 1—2z2—m l—2zz™
(

Then the recursive equations to calculate the output y(k) of a component filter Ho(2™; z;)

is as follows:

(3.30)

yH(k)=z(k)+zyt(k—m), k=m,--- K—-1
y(k) = —zy* (k) + ziy(k + m) = z(y(k +m) —y*(k)), k=K—-1-m,---,0
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In order to calculate y* (k) recursively using (3.30), we need to know y*(k) fork =0,---, m—

1. These initial values are computed using

ko .
yt (k) = (hd * z)(k) = Zx(k —mj)zl = Z:L'(k -mj)zl, k=0,---.-m—1 (3.31)
i20 Jj=0

The recursive computation of (3.30) also requires y(k) to be known for k = K—m,---, K —1.

In order to obtain these values, we rewrite (3.29) as

m.o_\ . -2 1 1 _ _ -2 +/.m —( my _
HO("‘ ,Z;) [ (1 _ Z;')') (1 — z;z~m + 1— z;2m 1) - (1 _ z;.)) (HO (Z ) + HO (Z ) 1)
(3.32)

which suggests the following computation:

p—

where .
y (k) =Y z(k +mj)z (3.34)
Jj=0

Specifically, we first calculate y~(k) for k = K — m.---, K — 1, and then using (3.33) to
compute the m initial values for y(k). Note that (3.33) is only for calculating the initial
values of y(k); for the other filter outputs we should use (3.30).

Thus, for the two B-spline filters we will use, we have the basic cubic B-spline (n=3)

filters as:

[ (k) = %[(b’)‘l] V)

=L 1
— 16 [z3+120:2+119l:+2416+1191:‘l+120z‘2+:"3]

72
* (2% +1242% + 167723 + 790422 + 18482z + 24264 + 184822~" + 790422 + 167723 4+ 12424 + -9)

o(k+1) = 4607+ ik

_ 1 2 _ A=l 4 =2
=315 z3+1zo:2+1191z+2416+1191z~1+120z—2+z~3] 2 *(2*—4z+6—4z7' +27%)
h(k) = u3(k) = 3 (2> + 42+ 6 + 4271 + 272)
Gk —1)=a3 xb7(k) =
* (=% + 1242% — 16772° + 790422 — 18482z + 24264 — 184822~ + 790422 — 167723 + 12424 — =-F)
(3.35)

1
40320
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Figure 3.4: Magnitude frequency response of analysis filters of basic cubic B-spline: (a)lowpass
filter h; (b)highpass filter g.

Fig. 3.4 and Fig. 3.5 show the magnitude frequency response of these cubic B-spline filters.
And due to the symmetric nature of these filters, they also have the feature of linear phase.
Fig. 3.6 shows the original image of Lena which we will use in this thesis. And Fig. 3.7
shows the Lena image after two-stage wavelet transforms by analysis filters h and g. The
reconstructed image using synthesis filters k and § is exactly the same as the original image.

For the cardinal cubic B-spline, we have

ay—1

p= (bJ) = :Hi:"‘ .

g= ([bf**ag*i;’] )
12

_ 241920
T =23 C1182:7411457:+60092+11457=— T~ 1182z—2—=-3
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Figure 3.5: Magnitude frequency response of synthesis filters of basic cubic B-spline:
(a)lowpass filter A; (b)highpass filter g.

Figure 3.6: Original image Lena
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Figure 3.7: Two stage wavelet transforms by basic cubic B-spline filters

And its related filters are:

[ h(k) = %[((b“)“ . b")"l] NG RETETE

_ 1 24441 * ( 1 )
T 16 | P +120z2+1191z+2416+1191z— 1 +120z~24z-3 12 zd4z-t
* (2% +124z% + 167723 + 790422 + 18482z + 24264 + 1848221 + 7904z~ 4 1677273 + 124274 + z-5)
olk+1) = }|(gt)] ()t s ah)
2 12

- _1 | =z3-1182224+11457=4+600924-114573~1 —1182:~-2—>—3 ( 1 ) 2 _, —4-—1 L -2
= 128[ P+120:2+1191z+2416-+1101z- 1+ 120z-242-3 72* i) * (2 -4z +6 4271 + 277

k) = [(59)7] 0 ) = § (sbemr) = (4 4 82 #2832 +32 4+ 23271 4 8272 4 29)

=1l —_ 3,13 kT —_ 1
gk —1) =[glr2 x> x a3+ b7 (k) = (:3+1182:2—11457:—60092—114572‘l+1182z‘2+:’3)TQ

* (=® — 120=° + 11823 — 13202 — 1145722 + 41760z — 60092 + 4176021 — 1145722 — 132023 + 1182z~ — 120:-5 + ==%)
(3.36)

Fig. 3.8 and Fig. 3.9 show the magnitude frequency response of these cardinal cubic B-spline
filters. As in the case of basic cubic B-spline, these filters also have the feature of linear
phase. And Fig. 3.10 shows the image after two-stage wavelet transforms by the analysis

filters of cardinal cubic B-spline h and g. The reconstructed image using synthesis filters h
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Figure 3.8: Magnitude frequency response of analysis filters of cardinal cubic B-spline: (a)lowpass filter h:

(b)highpass filter g.

and g is exactly the same as the original image.

3.3.3 Some Statistics of Subband Coefficients

Before we apply any compression techniques to the transformed images, we need to do some

investigation of the statistical properties of the subband coefficients of transformed images.

First we show the histogram of the original image of Lena in Fig. 3.11, then we put the

histogram of the lowest subband LLL for the filters of db8, bior6.8, basic cubic spline as

well as cardinal cubic spline in Fig. 3.12. By comparing Fig. 3.12 with Fig. 3.11, we can find

that db8, bior6.8 and cardinal spline maintained the similar shape of the original histogram

(except for cardinal spline where the peak around zero is caused by edge effect). The range of

pixel values for db8, bior6.8 are spreaded from [0,1] to about [0,4], but this could be solved

by scaling down the whole pixel values while doing compression, and scale it back when

doing decompression.
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Figure 3.9: Magnitude frequency response of synthesis filters of cardinal cubic B-spline:
(a)lowpass filter h; (b)highpass filter g.

Figure 3.10: Two stage wavelet transforms by cardinal cubic B-spline filters
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Figure 3.11: Histogram of original image Lena

(a)Histogram of LLL for db8 (b)Histogram of LLL for bior6.8
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Figure 3.12: Histogram of subband LLL
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(a)Histogram of LLH for db8 (b)Histogram of LHH for db8
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Figure 3.13: Histogram of higher subbands for db8

For higher subbands, we give the histogram of subbands LLH, LHH,LH and HH For
the four kinds of filters in Fig. 3.13—3.16. From these figures we can see that, cardinal cubic
spline filters have the narrowest coefficient distribution compared with the distribution of
any subband coefficients of the other filters’ related subband. And the basic cubic spline
filters have the widest distribution. For the quantization of these coefficients, a narrower
distribution has more advantage. Therefore, from the distribution point of view, cardinal
cubic spline wavelets should have more privileges in quantization than that of the other
wavelets. And basic cubic spline is the least privileged one among the four kinds of wavelets.
Thus, we will not use basic cubic spline wavelets further in this thesis.

An important property of wavelet filters is the energy concentration of subband coeffi-
cients. The more the energy of coefficients concentrates in one or several subbands, the better
for quantization and compression. To compare the energy concentration property of cardinal
cubic spline, bior6.8 and db8, we list the mean-square-errors of the images reconstructed by

using only the subband LLL, as well as using LLL plus LLH, LHL and LH H subbands of
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Figure 3.16: Histogram of higher subbands for cardinal cubic spline

the three kinds of wavelet filters in Table 3.5. From the table we can see that bior6.8 and
db8 have the most energy concentration in subband LLL, while cardinal cubic spline has the

most energy concentration if considering subbands LLL, LLH, LHL and LH H together.

Table 3.5: Mean-square-errors of the images reconstructed by using only one or several subbands

Wavelet Subband MSE

Cardinal spline LLL 0.0027
LLLLLH LHLLHH 812x10™

bior6.8 LLL 0.0026
LLLLLH,LHLLHH 8.21 x 10~

db8 LLL 0.0026

LLLLLH,LHL,LHH 8.0 x 10~

To show that in another way, we give the characteristic curves of these distributions of



CHAPTER 3. IMAGE CODING USING WAVELETS 46

100 - - ———— =
20 |- .
80 .
70 .
sof 4
sot E
a0+ [ -
30} .
20l f .
10 -
o . N

o 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure 3.17: Percentage of distribution characteristics of subband LH. Solid line —cardinal spline: star line

** bior6.8; dashed line - - db8; dotted line - - -basic cubic spline

subband coefficients in Fig. 3.17—3.20. The points of every curve is the percentage of the
number of pixels whose values are below the value of that point. We can see that cardinal
spline is indeed a little superior than the others, especially in subbands of LLH and LHH:
bior6.8 and db8 perform similarly; while basic cubic spline gives the worst (most spreaded)

distribution.

3.4 Quantization

After obtaining the wavelet-transformed image, we will apply quantization and compression

techniques by utilizing the statistical properties of different subband coefficients.

3.4.1 Quantization of Lowest Subband LLL

For the lowest subband, we will not apply any further compression techniques in this thesis.
We just use their original 8-bit data, due to the fact that we need fixed-length bitstreams as
much as possible for the noisy channel. If we have the noiseless condition, then we can use a

variable-length coding scheme like DCT for LLL subband, in order to achieve much higher
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Figure 3.18: Percentage of distribution characteristics of subband HH. Solidline — cardinal spline: star
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Figure 3.19: Percentage of distribution characteristics of subband LLH. Solid line —cardinal spline; star

line ** bior6.8; dashed line - -db8; dotted line - - - basic cubic spline
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Figure 3.20: Percentage of distribution characteristics of subband LH H. Solid line — cardinal spline; star

line ** bior6.8; dashed line ——db8; dotted line - - -basic cubic spline

compression ratio.

3.4.2 Lattice Vector Quantization

Let X be an N-dimensional source vector with joint pdf f(X) = f(z;,za,...,zx). An N-
dimensional vector quantizer (VQ) is a function Q(X) that maps X € RY into one of L
output points with each output point corresponding to an output vector Y;,Y,,....Y ,
belonging to R". The performance of a VQ is completely determined by two quantities: the
average distortion D and the required rate R. The original motivation for VQ is that as the
block length N of the vector X increases, the performance of the source coder approaches
the best performance possible, namely the rate distortion R(D) which specifies the lowest
output rate while keeping the distortion less than or equal to D, and D(R) which specifies
the minimum distortion at a rate of R or less, respectively when N tends to infinity.

The design of vector quantizers is generally based on one of two approaches, an iterative
design procedure often called the LBG algorithm or the specification of uniform quantizers
by using lattices. The former approach generates a locally optimal vector quantizer design,

but the quantization/encoding problem may be formidable. The lattice-based approach can
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greatly simplify the quantization operation, but the resulting quantizers are only optimal
for uniformly distributed sources or asymptotically optimal as the number of output points

becomes large [31].

An N-dimensional lattice is defined as a set of vectors
A={x:x=wua; +uas+---+uyay,u; €2} (3.37)

where a;,7 = 1,2,..., N, are the basis vectors of the lattice and the u; are integers. An N-
dimensional VQ with outputs Y,,---,Y. € A is the function Q(X) which sends each point
X € R¥ into Q(X) = closest codepoint Y;. Around each lattice point Y; is its Voronoi
region V(Y;) defined as

V(Y:) = {XeR": | X - Yill <[IX-Y;jlforall j #i}

where || X|| = (X - X)!/2. Thus if a source vector X belongs to ith Voronoi region, then

Q(X) = Y,. It has been shown that a quantizer will perform well if its Voronoi region

approaches the shape of a hypersphere.

In lattice quantization, the following lattices are frequently used:

e A, Lattice [32]

A, is the n-dimensional lattice consisting of the points having integer coordinates that

sum to zero.

e Z, Lattice [33]

The n-dimensional Z, lattice is the simplest of all lattices. It is comprised of all points

in R" whose coordinates are integers.

e D, Lattice [33]

The n-dimensional D, lattice with n > 2 corresponds to those points in the Z, lattice

for which the sum of their coordinates is even.

e Eg Lattice [33]
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The eight-dimensional Ejg lattice is the union of two Dg lattices with the following

relationship:
1
Ex = Dy (1] + Dy )

where [1] is the vector whose components are all equal to 1.

e A6 Lattice

The sixteen-dimensional A lattice is the union of 32 D¢ Lattices shifted by the

translation vectors r;:

31
Aw = U (’f'i + 2D16)
i=0

These lattices and their duals give rise to the densest known sphere packing and they
can be used as the basis for efficient block quantizers for uniformly distributed inputs and
to construct codes for band-limited channel with Gaussian noise.

According to [34], Dy is the best lattice in four dimensions. It has the densest sphere
packing capability in R*. Therefore, for this thesis, we select the D, lattice VQ for the
quantization of wavelet transformed coefficients.

[32] gives the fast algorithm for finding the closest point of the integer lattice Z™ to an

arbitrary point x € R". For a real number z, let
f(z) = closest integer to z

In the case of a tie, choose the integer with the smallest absolute value. For x = [z1,...,2za) €
R", let

f(X) = [f(xl)v s 1f(xﬂ)]

We also define g(x), which is the same as f(x) except that the worst component of x - that
furthest from an integer - is rounded the wrong way. In the case of a tie, the component
with the lowest subscript is rounded the wrong way. More generally, for £ € R which is a

component of x, we have f(z) which is the closest integer of z and w(x) which rounds the



CHAPTER 3. IMAGE CODING USING WAVELETS 51

wrong way, then the procedure to find f(z) and w(z) is listed as follows (m is an integer):

Ifz=0, then f(z) =0,
w(z) = 1.

If0<m<z<m+14, then f(z) =m,
w(z) =m+ 1.

fO<m+j<z<m+1, then f(z) =m+]1, (3.38)

w(z) =m.

If-m—-1<z<-m<0, then f(z)=—m,

w(z) =-m-—1.
If-m—-1l<zr<-m-3, then f(z)=-m—1,
w(z) = —m.

Thus, from x = [zy,...,z,] we got f(x) = [f(z1),..., f(z.)] and g(x) = [f(z1),..., w(z;),.... f(£,)]

where the index j is determined by
j =argmax | z; — f(z:) |

With the above general algorithm, if given a vector x € R¥, the closest point of D, is
whichever of f(x) and g(x) has an even sum of components (one will have an even sum, the
other an odd sum). If x is equidistant from two or more points of D, this algorithm produces
a nearest point having the smallest norm.

In [1], it has been shown that pdf of subband coefficients can be approximated by a

generalized Gaussian law:
p(z) = aexp(—{bz|") (3.39)

where a,b and r are subband related constants, with » = 2 leads to the Gaussian pdf. and
r = 1 leads to a Laplacian pdf. And it is also shown that based on this pdf as well as LBG VQ,
the optimal bit allocation scheme (for biorthogonal wavelet transformed subband coefficients)
should be like that presented in Fig. 3.21. Although this bit allocation is derived from LBG
VQ, we can also make use of its idea, namely, putting more bits to subbands LLH, LHL than
that of subbands LHH,LH and HL, as well as ignore the wavelet coefficients in subband
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LLL LLH LH
8bpp 2bpp 0.5bpp
LHL LHH
2bpp 0.5bpp
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Figure 3.21: Subband bit allocation of [1].

HH, because the pdf of the same subband is similar for that of bior6.8, db8 and cardinal

cubic spline.

Before the quantization, we will scale and shift the subband coefficients to the value range

of [0.3] so that after finding the nearest integer for every element in a 2 x 2 vector, we could

use 2 bits to represent this integer. Thus after LVQ for a 2 x 2 subband coefficient vector,

we get 8-bit codes which means 2bpp for every coefficient in one LVQ stage; if a second LVQ

for the residue is applied, then there will be 4bpp for every pixel.

The bit allocation to different subbands for this thesis is given in Table 3.6. For the

purpose of getting a more fixed length bitstream, we will not apply any optimization scheme

which would lead to variable length codes, but just use the bit number listed in Table 3.6

for a subband coefficient selected to go through LVQ.
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3.5 Simulation for Image Source Coding

In the simulation, assuming the dimension of subbands HL,LH and HH is 2m x 2n and
mxnfor LLH,LHL and LHH, we scan the subbands as follows: (1)scan the 2 x 2 blocks of
LLH and LHL in zig-zag format, whenever a pixel in the 2 x 2 block is above the threshold,
then put all the four pixels in this block through LVQ and put the 8-bit LVQ result to a
code stream, and add a “1” to a coordinate stream denoting that there are four pixels in the
related coordinate quantized, otherwise add a “0” to the coordinate stream, thus generating
two coordinate streams of length m xn for LLH and LH L respectively, plus a code bitstream
of variable length; (2) scan the 2 x 2 block of LHH and its correspondent 8 x 8 blocks in
LH and HL, if any pixels in these three blocks is above threshold, then put all these blocks
through LVQ and the LVQ result to another code stream, and add a “1” to a third coordinate
stream, otherwise add a “0” to the third coordinate stream, thus generating a third fixed
length coordinate stream of length m x n and another variable length code bitstream.

We use this scanning and coding scheme to generate fixed length code as much as possible.
Although ambiguity and error will still occur if the coordinate bits are decoded in a wrong
way, the error will not propagate and stop the decoding process.

The performance for the three kinds of wavelets using the above coding scheme are shown
in Fig. 3.22, in which the horizontal axis represents the bit rate in units of bits-per-pizel (bpp),
and the vertical axis represents the peak signal to noise ratio (PSNR) between the original

image z(m, n) and the decoded image £(m,n). If pixel values are in the range of [0, 1], then

Table 3.6: Bit number for a coefficient in different subband

Subband Bit Rates (bpp)
LLL 8
LLH,LHL 2or4

LHH,LH and HL 20r0

HH 0
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Figure 3.22: Performance of cardinal spline, bior6.8 and db8. solid line - cardinal spline; dash
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the PSNR is defined as:

1
(M x N)=' Tl 055 (2(m, n) — £(m, n))®

PSNR = 10log,q (3.40)

where M and N are image dimensions. From the figure, we find that both cardinal spline
and db8 perform better than bior6.8 in the low bit rate region (below 0.8bpp), and bior6.8
outperforms the cardinal spline and db8 when the bit rate is higher than 0.8bpp.



Chapter 4

Channel Model of CDMA Systems

and Receiving Techniques

For a CDMA system, there are two kinds of transceiving links: one is the uplink (or reverse
link) in which users transmit their respective signals to the base station using the same
wireless frequency with the bandwidth equal to the bandwidth of the PN (pseudo-noise)
sequence; another is the downlink (or forward link) in which the base station transmits the
signals to different users using another wireless frequency with the bandwidth of the PN
sequence. Because the bandwidth of the PN sequence is the same for each user. therefore,
in the uplink all users’ transmitting signals are mixed together in one wireless frequency
bandwidth, and in the downlink there is another mixture of signals which the base station
transmits to the users using another wireless frequency bandwidth. In this thesis we will use
the model of the uplink for which the receiving technique is more complex than that of the

downlink.

4.1 Channel Model

As we mentioned in section 2.3.1, the signal that a receiver of a CDMA system can get is a

mixture of the users’ signals from different paths with different fading coefficients plus the

56
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channel noise which we rewrite as follows:

K L
Tc(t) = Z z V 2Akck1(t)sk(t — Tk[)bk(t — Tk[) cos(wct + ort) + nc(t) (4.1)

k=11=1

From this formula we find that after the demodulation with carrier frequency w. this mixture

of different signals will be composed of four terms:
T(t) = ej"°“ v 2A10[1(t)31(t - Tu)bl(t - Tu) +SMI+ MAI + AWGN (42)

where the first term can be regarded as the desired signal of user-1, SM [ represents the self

maultipath interference which also comes from user-1 but through different paths:

L
SMI = \Y} 2A1 z ej‘P”Cu(t)Sl(t - Tu)bl(t - 7'1[) (43)
and M AI is multiple-access-interference from other users:
K L
MAI = Z Z ekt V 2Acci(t)sk(t — i) b (t — Trt) (4.4)
k=2 (=1

and AWGN (additive white Gaussian noise) is just the white noise resulting from the wireless
channel white noise n.(t) passing through the demodulator.

For the downlink of a CDMA system, M AI is minor and can be neglected because the
base station can control the synchronization of different users’ spreading waveforms (PN
codes) so that the cross-correlation with other users’ PN codes induced when a user is
receiving the signal is negligible. However, for the uplink it is impossible for different users
to send their own signals with their respective PN codes synchronized, so there exists M Al
when the base station processes the signals from the uplink.

The M AI in the uplink can be regarded as AWGN when the number of users that use
their CDMA devices at the same time is not large. This is often the case for most of the
CDMA applications now. However, in some metropolitan areas, sometimes there is a large
number of users transmitting signals to the same base station. In this case, M Al will become
more or less impulsive in nature [22].

In this thesis we will only consider the uplink and assume the worst case for M AI by
deliberately introducing the maximum cross-correlation between the PN codes of different

users.



CHAPTER 4. CHANNEL MODEL OF CDMA SYSTEMS AND RECEIVING TECHNIQUES58
4.2 Rake Receiver

The Rake receiver is most commonly used in commercial CDMA systems currently. Before
going through its principles, we first give some definitions:

(1)Tn denotes the total multipath delay of the channel.

(2)B4 denotes the Doppler spread of the channel.

(3) Coherent bandwidth W.: Two sinusoids with frequency separation greater than W, are

affected differently by channel, where

we (4.5)

1

~ Tm
(4) Coherent time T.: Two identical signals separated by a time delay larger than T, will

be affected independently, where

1

Tc ~ E‘; (4.6)

(5) Transmission bandwidth W is the chip rate 1/T, of the spreading waveform or PN
sequence.
(6) Information bandwidth W; is 1/T, where T, is the data bit time interval.
For the uncoded direct sequence BPSK (DS/BPSK) signal one data bit is transmitted
every T, seconds. Assume that
Ty >» T, (4.7)
so that intersymbol interference between data bits can be ignored. Also assume that the
channel is slowly varying so that
T, < T.. (4.8)
Thus the channel disturbance is almost constant during a data bit time 7}. Finally. since our

signal is a wideband signal of bandwidth W, assume
W > Ww.. (4.9)

Thus, overall, we have W > W, > W,. Since the received signal r.(t) has bandwidth W
centered at carrier frequency w,, the demodulated signal 7(t) can be modelled as (35]:

r(t) = ZL: a,e’rr (t - '[,n?) + n(t) (4.10)
n=1
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for the Rake receiver, where

L=WT,+1 (4.11)

is the number of delayed versions of the signal sampled at time intervals {n/W : n =
....—1,0,1,...}, and z(t) is simply the data bit signal of a user spread by its own PN
sequence

The parameters a, and ¢, are amplitude and phase coefficients of nth delayed path.

Comparing (4.10) with (4.2) we find that the model of the received signal is simplified
by deleting the M AJ term from (4.2). That is because the Rake receiver is based on the
assumption that the cross-correlation with other users’ PN sequence is trival and thus M AJ
can be reduced to AWGN. This assumption makes for an efficient implementation structure
for the Rake receiver, but it also means that it can not effectively handle impulsive M AT
when the number of users is very large.

Because the delayed signals in 7(t) go through different propagation paths, we can treat
their fading as independent. The Rake receiver utilizes this inherent diversity to estimate
the data bits b(t) being transmitted.

The ideal Rake receiver is shown in Fig. 4.1. Here we assume the receiver can have
complete knowledge of the amplitude and phase terms a,e™7¥". When the fading is slow this

estimate is quite good. The nth branch’s output is
n _;
r(t+ p—V)s(t)a,,e IPn (4.12)

and at the end the Rake receiver compares

/OT:, LXL: r(t + %)s(t)ane‘j"’"] dt (4.13)
=1

with zero to make binary decision for data bit bg.
However, it is impossible for the Rake receiver to know the value of a,e~/#" in advance.
Thus we have to estimate a,e™7¥" which is required in a practical Rake receiver. Note that
r(t+ ) s(t) = s(t) Th ane™ns (t — 252) b (t — 35) + s(t)n(t + &)
= ae’?1b(t) + s(t)n(t + ) (4.14)
L i¥n n—{ =1
+s(t) Z;} a,elvrs ( - W) b (t - "LT)



CHAPTER 4. CHANNEL MODEL OF CDMA SYSTEMS AND RECEIVING TECHNIQUES60
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T p( )dt Re() [ Binary decision

Figure 4.1: Ideal Rake receiver

and because s(t) is independent of s( - ﬁ“‘,—') for each value of ¢t when n # [

Ty .,
/0 ‘p (t + piv) s(t)dt = weby - Ty + m (4.15)

where b is the data bit in (0,7}) and n, is Gaussian noise. This suggests that the estimate
for a,e™'¥~ be given by the conjugate of (4.15). This estimate, however, includes the data
bit bo. Assuming a,e ¥ remains unchanged over 27T}, seconds, an estimate can be based on
the previous Tj-second channel output signal. This estimate is shown in the complex form

of the Rake receiver illustrated in Fig. 4.2.

4.2.1 1-D Simulation for the Rake Receiver

We use two original 1-D signals as two user signals to test the performance of the Rake
receiver. The two signals are shown in Fig. 4.3. Every sample of the signal is quantized with
eight bits, forming the binary data signal b(), and then every data bit is spread by a PN
sequence of length 31. The cross-correlation of the PN sequences for two users is 7/31. At
the receiving side, we will try to recover the signal of user-1.

For the transmission, we assume there are three different paths for every user, and the

delay between the first path with the second (third) path is one chip (two chips) of the
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Figure 4.2: One branch of practical Rake receiver
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Figure 4.3: Two original 1-D user signals
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(a)Restored signal of user-1 with impulsive MAI
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Figure 4.4: Restored signal of user-1

PN sequence. Since we assume BPSK, there should be two independent fading coefficients
for each path. The channel coefficients that approximate the statistical properties of the
Rayleigh fading model can be generated by feeding two independent real iid (independently
identically distributed) Gaussian processes to two identical 3rd-order Butterworth filters [36].
The 3-dB bandwidth fp of the filter normalized to the symbol rate 1/T}, is used as a measure
of the fading rate. We assume the carrier frequency is 1800 MHz and the symbol rate 1/7;
is 64 Kb/s. fp can be calculated as

fo=v/A (4.16)

where v is the mobile speed and ) is the wavelength of the carrier frequency. We assume the
velocity v = 50Km/h, which corresponds to fp of 75 Hz.

Fig. 4.4(a) shows the restored signal of user-1, we can see that there is indeed impulsive
interference. To compare, we put in Fig. 4.4(b) the same signal restored but with another
user’s PN sequence having minimum cross-correlation ”-1/31". We can see that, without

impulsive MAI, the Rake receiver works very well.
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Figure 4.5: RCPC encoder

4.3 Application of RCPC with the Rake Receiver

Now we will apply rate compatible convolutional codes (RCPC) to the coding/decoding of
1-D signals using the Rake receiver. The RCPC we will use in this thesis is based on a rate-
1/4 convolutional encoder, and the two subrates we are using are 1/3 and 2/3. The structure
of RCPC and the related puncturing matrix are shown in Fig. 4.5.

For a 1-D signal quantized with eight bits, we will allocate rate-1/4 to lst and 2nd
MSBs, rate-1/3 to 3rd - 5th MSBs, and rate-2/3 to the last three LSBs. Because the RCPC
in Fig. 4.5 has four memories, the constraint length is 5. The block length we are using is
64, and the decoding depth is 20 in the related Viterbi decoder.

The restored 1-D signal of user-1 is shown in Fig. 4.6. Comparing to the original signal
in Fig. 4.3 and the restored signal without RCPC in Fig. 4.4(a), we can see that RCPC
can help to recover the approximate shape of the original 1-D signal from the impulsive
interference, but at the cost of destroying most of the "detailed” shape information of the

waveform. This is because convolutional coding is mainly used for Gaussian white noise. If
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2 Restored signal of user-1 using RCPC
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Figure 4.6: Restored signal of user-1 using RCPC

used for an impulsive noise environment, it should be combined with bit interleaving, as used

in CDMA voice communication now, so as to disperse the impulsive interference to become
more or less AWGN like.

4.4 Adaptive Multiuser Detection

Along with the development of adaptive signal processing, some new algorithms have been
proposed for the receiving of CDMA signals using the complete channel model of (4.2)
including MAI, rather than assuming the MAI as part of AWGN as in Rake receiver.

We will try a recently developed algorithm from [36] and [37] in which the channel model

used is
K L M=l -1 ’
r(t) = z E Z el Pkt 2Akbk[i]PTb(t — i1y — 'rk[)ckl(t)sk(t — T — V) + n(t) (4.17)
k=l1i=1 i=0

where M is the number of data bits transmitted. We can see that, compared to the channel

model in (4.10) for the Rake receiver, as well as the original channel model in (4.2), the
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algorithm in (36] and (37] considered all the interference including MAI and SMI.

Suppose the carrier phase ¢y, for the first path of user-1 is known, then after removing
this phase from the received signal, the resulting signal during the ith signaling interval is
7(t) = r(t)e~7*n, where for iT, <t —m; < (i + 1)T,

’l'.'(t) =/ 22161 ['I.] ZIL=1 ej(‘P‘“’*’“)cu(t)su(t - 'LTb)

, . (4.18)
+ ZI{-(.—_—Q vV QALbL[Z] Z[L:l eJ("’“_"’“)Ck[(t)Sk[(t —113) + n(t)e""’”
and where
. -1
Sk[(t - I.n) = Sk (t - T — —W— - 'Ln) (419)
Writing the real and imaginary components of (4.18) separately, we get

FR(t L | cfi(t)sult —iTy K L ch(t)su(t — iTy ARt
f[(t) =1 C{[(t)slz(t —iT}) k=2 =1 C{.l(t)sk[(t —iT}) ﬁ[(t)

(4.20)

In what follows, we consider using the minimum-mean-square-error MMSE filter to pro-
cess the real component of 7*(t). The application to its imaginary component follows in exactly
the same way. Before we go through the details, we need to briefly introduce the theory of
blind adaptive multiuser detection (38 on which the new adaptive algorithm is based.

The blind multiuser detector for CDMA systems can be decomposed into two orthogonal
components. One component is equal to the signature waveform or PN codes s, of the desired
user which is assumed known and fixed; another component is a canonical component I,

where z, is orthogonal to s;

Te
(sna1) = [ st)m (8t = o0. (4.21)

The idea of MMSE filter for blind multiuser detection is to get the filter output (r,s; + z,)

which minimizes
E[(®ufil - (r.s1 + z1))’] (4.22)

This can be reduced to the minimization of

E [((r, sy + :1:1))2] (4.23)

|
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because

E[(bl[i] — (s + 1)) ] [(b1 [i])2 ] + E[((r, o1+ xl))?-] —2E [(bl[i])'-’(sl, o+ m]

E[((r.s1 +21))?) - E[(fa)]
(4.24)
Thus, for (4.20), the MMSE filter corresponding to the real components of the lth path

of the first user has the canonical form as s,; + :z:ﬁ, and

(7R, su + zf) = VZA1b,[i]cR(2)
+V2A1b1[i] Tl cfi(2) [P(u)(u) + (-”-'uvsu)]
+ A Sy VIR 1) (s 515) + (a8, 503
+(su + zft, Ak)

(4.25)

The right hand side of (4.25) consists of four terms: the first term is the channel gain of
the {th path; the second term comprises the SMI at the output of the correlation; the third
term comprises the MAI at the output of the correlation; and the last is the ambient noise.
The multipath MMSE filter chooses zf} to eliminate the SMI and minimize the mean-square

value of the MAI and ambient noise, i.e.:
minimize E{ [b1 [{] — (7R, su + :z:ﬁ)]2 } (4.26)

In [36] and [37], the exponentially windowed RLS algorithm was used to select the weight

vectors W*(n) = [wf - - - wf] to minimize the sum of exponentially weighted output energy:

minimize oA WR@)TeR (i) |2 (4.27)
i=1
where wft(i) = s; + zf(i) is the tap weight vector at time ¢ of the MMSE filter for the ith
path, and 0 < X < 1 is the forgetting factor (1 — A < 1).

4.4.1 Simulation Results for RLS MMSE Receiver

The simulation result with the same fading and MAI conditions of Rake receiver (correlation
of PN codes is -7/13) is shown in Fig. 4.7(a). We could find that, compared with the result
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(a)ALS MMSE Receiver with Rayleigh Fading
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Figure 4.7: Restored signal of user-1 using RLS MMSE receiver under impulsive MAI

of the Rake receiver in Fig. 4.4(a), it has not much improvement. However. when the fading
coefficients used in the simulation are fixed (fixed attenuation), and still with impulsive
MAI, the RLS MMSE receiver can recover the original signal almost perfectly except for
some convergence period at the beginning for RLS adaptation, as is shown in Fig. 4.7(b).
This feature of the RLS MMSE receiver outperforms that of the Rake receiver, which could
not work well in impulsive MAI even with fixed attenuation. The fixed attenuation can be
applied to some fixed wireless applications. Thus we will use RLS MMSE receiver with fixed
attenuation and impulsive MAI in the final simulation of this thesis, as the case of fixed
CDMA wireless applications. We will not use RCPC for this case because the RLS MMSE
receiver can recover the original signal perfectly in this situation with either no white noise

or moderate white noise.



Chapter 5

Simulation Schemes and Final Results

In this chapter we describe how to put the coded images through CDMA channels, and use
the Rake receiver as well as RLS MMSE receiver to restore the coded image.

For the transmitter (users) side, we consider two scenarios: one is shown in Fig. 5.1
in which two images - Lena and cameraman - are wavelet transformed, coded using LVQ,
transmitted with RCPC and spread by respective PN codes, and finally mixed together to
go into the channel; another is shown in Fig. 5.2 which is the same as in Fig. 5.1 except
that RCPC is not used. We will use this transmitter scenario for the Rake receiver with
non-impulsive MAI, or the RLS MMSE receiver with impulsive MAI.

For the receiver on the wireless base-station side, we will try to restore the image Lena.

Related to the two transmitter scenarios, there are two receiving scenarios. One (scenario A)

wavelet lattice RCPC CDMA
transfoom ~——P| VQ —— —— spreading

wavelet lattice RC CDMA
tramsform vQ — PC 1 spreading

Figure 5.1: Transmitter scenario A with impulsive MAI
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wavelet lattice CDMA
transform P vQ —— spreading \

wavelet lattice CDMA
ramsform —— vQ —ﬂ spreading

i Rake Viterbi Inverse
Receiver | ™ Decoder | WT

Figure 5.3: Receiving scheme for transmitter scenario A

is shown in Fig. 5.3 with the Rake receiver, Viterbi decoder and inverse wavelet transform;
this scenario is for transmitter with RCPC. Another (scenario B) is shown in Fig. 5.4 with
the Rake or RLS MMSE receiver without Viterbi decoder; this scenario is for the transmitter
with non-impulsive MAI using the Rake receiver, or for the transmitter with impulsive MAI
but the channel attenuation coefficients are fixed (which means no Rayleigh fading effects)
using the RLS MMSE receiver. Both cases in scenario B do not use RCPC.

For every coded image, we have two fixed length bitstreams: one is the original 8-bpp bit-
stream of LLL subband; another is the coordinate scanning bitstream representing whether
the related 2 x 2 or 4 x 4 blocks in the scanned subband have pixel values above threshold.
We also have a variable-length bitstream containing the LVQ results of any blocks which

i ¢ Inverse
Receiver or L —p
RLS MMSE WT
Receiver

Figure 5.4: Receiving scheme for transmitter scenario B
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have pixel values above threshold. If we are using RCPC, the first fixed-length bitstream will
be assigned to rate-1/4, while the second one — the coordinate scan — will be assigned to
rate-1/3, and the variable-length bitstream will be assigned to rate-2/3.

For the CDMA wireless channels, the signal-to-noise ratio is defined as [36]

SNR =101 24, - )|
= 10log,q o2 Y Eleu(d)] (5.1)
=1

In the thesis, this value will be 2.93 dB. We assume that there are three different paths with
one chip (two chips) delay between first path and second (third) path for each user, and each
path has independent Rayleigh fading effect.

All the simulation were implemented on a PC with Pentium II 333MHz processor. The
wavelet transforms of images were implemented by Matlab, other parts of the simulation
program including RCPC, Rake receiver, Viterbi decoder as well as RLS MMSE receiver
were implemented by C++.

5.1 Simulation Results for the Rake Receiver with Non-
Impulsive MAI

The recovered LLL subband for the three kinds of wavelet transforms after transmission with
non-impulsive MAI and Rake receiving is shown in Fig. 5.5. To compare their performance.
we first show the finally restored image using these LLL subbands plus their respective orig-
inal higher subband coefficients in Fig. 5.6-5.8. These images can be seen as the upper bound
of performance for the restored images based on restored LLL subbands and transmitted
coordinate and LVQ bitstreams. From these figures, we could see that there are interference
which look like a white-bar in similar locations of each of the three images. The reason for it
should be that the channel fading coefficients used in transmitting each image are the same
for the three kinds of wavelets, while for each transmission there are twelve groups of fading
coefficients for the three paths of each of the two users. These coefficients were generated by
filtering random numbers of Gaussian distribution with a low-pass filter, thus for certain seg-

ments of the transmission the overall interference caused by the fading effect might be more
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Figure 5.5: Received LLL subband using Rake with non-impulsive MAI

severe than for other segments. And the LLL subband was transmitted column-by-column.
Therefore there are white-bar like interference around the similar area of each of the three
images.

Next we show the performance diagram of three wavelets in Fig. 5.9. The image was
coded by scanning the three subbands of LLH, LHL and LHH, then putting the LVQ
results together with the coordinate bitstream and LLL subband directly to the channel, and
using Rake as receiver. We can see that, without RCPC and impulsive MAI, bior6.8 has the
best performance.

The simulation program (C++) for scenario B runs for 3 seconds.

5.2 Simulation Results of Rake Receiver with Impul-
sive MAI

Once we deliberately introduced impulsive MAI, the image restored was severely damaged.
To show the effect, we put a restored image Lena using transmitting scenario B with Rake
receiver in Fig. 5.10, in which we only transmitted LLL subband, and using the original
higher subbands coefficients for restore. Compared with the 1-D case in Fig. 4.4(a), we could
find that they have similar phenomena: certain segments of the signal might be “shifted”
vertically while keeping the same shape.
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Figure 5.6: bior6.8, 14.44 dB

Figure 5.7: db8, 12.56 dB
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Figure 5.9: Performance of cardinal spline, bior6.8 and db8 for scenario B with Rake receiv-
ing.solid line - cardinal spline; dash dot —- bior6.8; dashed line —— db8
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Figure 5.10: Restored Lena from transmitted LLL subband (bior6.8), 7.36 dB

Therefore, to handle this severe interference, we use RCPC as in scenario A before trans-
mission, and use Viterbi decoding after Rake receiving. We show the finally restored images
using these restored LLL subbands plus their respective original higher subbands coefficients
in Fig. 5.11-5.13. From these figures, we could see that db8 has the best performance, while
bior6.8 performs the worst. These images can be seen as the upper bound of performance
for the restored images based on restored LLL subbands and transmitted coordinate and
LVQ bitstreams.

Next we show the performance data of three wavelets using RCPC in Table 5.1-5.3. These
data of performance were obtained by putting LLL subband as well as coordinate and LVQ
coded bitstreams through RCPC using their respective coding rates, and using Rake receiver
and Viterbi decoder at the receiving side. For comparison and to show the improvement,
the performance data of the three wavelets without RCPC and Viterbi decoder but with
impulsive MAI are also shown in each table respectively.

Comparing these data, we could also find that db8 has the best performance, while bior6.8

performs the worst.
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Figure 5.12: db8, 15.14 dB
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Figure 5.13: cardinal spline, 14.21 dB

Table 5.1: Performance of bior6.8

Bit Rate 0.789 0.805 0.835 0.86

PSNR(with RCPC) 1298 13.03 13.12 13.18

PSNR(without RCPC) 7.29 728 7.33 7.33
Table 5.2: Performance of db8

Bit Rate 0.761 0.776 0.808 0.834

PSNR(with RCPC) 1446 14.51 1465 14.74

PSNR(without RCPC) 727 726 725 7.23
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Figure 5.14: bior6.8 with only one path per user, 19.43 dB

In order to find out how severe interference the MAI will bring to the finally restored
images, we reduce the path number for each user in the transmission channel to only one
path per user, and ran the simulation again using the same scheme as that of Fig. 5.11-5.13
for scenario A. The results are shown in Fig. 5.14-5.16. We can see that, although the PSNR
performance of the restored images are improved, the severe impulsive-like noise still exists
in each image. This is because convolutional coding and Viterbi decoding are mainly used to
deal with white noise. For the communication channel having white noise as well as impulsive

noise, Reed-Solomon coding or the concatenation of Reed-Solomon and convolutional coding

are preferred.

Table 5.3: Performance of cardinal spline

Bit Rate 0.754 0.777 0.786 0.809
PSNR(with RCPC) 1363 13.7 13.73 13.84
PSNR(without RCPC) 5.83 586 586 58
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Figure 5.16: cardinal spline with only one path per user, 20.46 dB
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"The simulation program (C++) for scenario A runs for 26 seconds.

5.3 Simulation Results for RLS MMSE Receiver

For RLS MMSE receiver, when we put the coded bitstreams through channel with impulsive
MALI but with fixed fading coefficients (no Doppler effects), just as we did in 1-D case, we
could get perfect reconstruction at the beginning. However, after long iterations the filter
output always converges to zero, no matter what parameters used or how big energy the
input data has. We show this in Fig. 5.17, from which we could find that the first half of
image is reconstructed perfectly, but the second half is severely damaged. This phenomenon
was not shown in the 1-D case where the bitstream was much shorter than image bitstreams.
The reason for this phenomenon is because the basic idea of the blind multiuser detection. as
shown in (4.22), is to minimize the mean square error between the original data bit and the
filter output, and this can be further reduced to (4.23) which is to minimize the filter output.
As for the case of RLS MMSE receiver, (36] and (37] use QR-RLS algorithm to update the
weight vectors W?(n) = [wf .- w#] for the adaptive filter coefficients to minimize the filter
outputs as in (4.27) which is the counterpart of (4.23) in CDMA applications. This makes
the filter outputs of the RLS MMSE receiver gradually approach zero after long iterations
and causes the bad effects for the second half of the restored image in Fig. 5.17.

Due to its excellent ability in eliminating the impulsive MAI for a certain length of
bits from the beginning of the input data, we make use of the RLS MMSE receiver by
segmentation. We can divide the input data to several segments of fixed length, and after
the RLS MMSE receiver runs the iterations of a certain number which equals to the length
of each segment, we just reset the receiver. As shown in Fig. 5.18, every segment has a fixed
length prefix to enable the receiver to get adaptation again, followed by a fixed length segment
of data bits. For example, we used three segments to transfer the 45000 bits (75 x 75 x 8) of
LLL subband of db8, i.e., 15000 bits per segment, with each segment a prefix of 2500 bits.
The receiver recovered the original data for LLL subband perfectly, and the reconstructed
image using this recovered LLL subband as well as the original other higher subbands is
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Figure 5.17: Half restored image using RLS MMSE receiver

Prefix 1 |Segment 1 | Prefix 2{Segment 2 | ------

Figure 5.18: Segmentation scheme for RLS MMSE receiver

shown in Fig. 5.19.

By making use of segment+reset for the RLS MMSE receiver, we can restore an image
perfectly after transmission in the fixed CDMA systems with impulsive MAI. The perfor-
mance will be similar to that of the performance in noiseless environments, except for a small
number of increase in the transmitted data bits. Fig. 5.20 shows an image received by the
RLS MMSE receiver which is originally coded at 0.85 bpp using db8.

The simulation program (C++) using the RLS MMSE receiver for scenario B runs for

28 seconds.
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Figure 5.20: Restored Lena using db8 and RLS MMSE receiver, 0.85 bpp, 28.54dB
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5.4 Summary of the Simulation Results

In this chapter, we presented the simulation results for three conditions: (1)scenario A with
the impulsive MAI and using RCPC and the Rake receiver; (2)scenario B with non-impulsive
MALI using the Rake receiver; (3)scenario B with the impulsive MAI using the RLS MMSE
receiver.

In condition (1), we showed that using RCPC can improve the performance of the restored
image. Under this condition, db&8 has the best performance, while bior6.8 performs the worst.
However, to obtain a usable image, we still need Reed-Solomon coding which is dedicated
for the impulsive noise.

In condition (2), because there is no impulsive MAI, bior6.8 performs the best. However,
without the channel protection, this scheme is very vulnerable to the noise.

In condition (3), we found a best receiving solution for fixed wireless CDMA systems.
By using the RLS MMSE receiver, we can transmit the data through the impulsive MAI
environment and recover the data with high accuracy without using the channel protection.
If combined with equalization techniques to trace the channel coefficients, this method might

also have good performance in mobile environments.



Chapter 6

Conclusion

In this chapter, based on all the simulation results, we give a summary of the main conclusions
we can draw, a list of the original contributions of this thesis, and discuss what needs to be

done in future work.

6.1 Conclusions

e With the main goal of finding an optimal solution to transmit images using wavelets in
CDMA systems with impulsive MAI, we found that the orthogonal or spline wavelets
are preferred. For fixed wireless CDMA systems with impulsive M AI, the RLS MMSE
receiver is much better than the Rake receiver from the performance point of view as

well as coding efficiency.

e Cardinal spline wavelets have an interesting feature of excellent energy concentration.
The third order (n = 3) cardinal spline is a little better than db8 and bior6.8 from the
energy concentration point of view, which already have very high filter lengths among
the commonly used orthogonal and biorthogonal wavelets. The cardinal spline filter

banks also have the feature of linear phase.

e Having the feature of time-frequency localization, the general B-spline wavelet trans-

form appears to be the representation of choice if the determining factor is the time-
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frequency localization of the basis functions, while the cardinal spline wavelets have

good bandpass characteristics and are well suited for coding and compression [39).

¢ A main disadvantage of spline wavelets is that anti-causal symmetric [IR filters have
to be implemented as part of the filter implementation. However, this can be overcome
by using its FIR approximation [40] if a certain degree of error is allowed. The error

degree can be controlled by increasing the length of FIR approximations.

e The performance of three wavelets — cardinal cubic spline, bior6.8 and db8 — in
compression and source coding of images is approximately the same. If we only scan
and quantize LLH, LHL and LHH subbands, the cardinal spline performed a little
better than the other two; if LH, HL and H H subbands are also considered for LvQ,
then bior6.8 performed a little better than the other two. However, there is no big

difference in their overall performance in compression.

¢ The performance diagram for compression shown in Chapter 3 is based on transmitting
all of the data in the LLL subband, i.e., no compression was done to the LLL subband.
A much higher compression ratio can be achieved if some other existing compression
techniques are applied to the LLL subband, like DCT and Huffman coding, but this

will lead to more variable-length codes.

e If a higher compression ratio is needed and we do not want to introduce many variable-
length codes in the compression of the LLL subband, then more levels of wavelet
transforms can be applied, at the cost of increasing complexity. Another way to achieve
this purpose is to apply LVQ to all the pixels in LLL subband, but assigning more bits

to represent a pixel, like 4-6 bits rather than 2-3 bits used in other subbands.

e Lattice vector quantization (LVQ) is very efficient in the quantization of groups of
data. It is easy to pre-process the data before LVQ by just scaling and shifting the
data values to “fit” them into the range of LVQ. LVQ can lead to fixed-length output.
The only drawback of LVQ is that it does not make use of the statistical properties of

the original data. However, this is acceptable in some circumstances like the conditions
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in this thesis where more fixed-length codes are needed. Besides, LVQ also allows us to
put more complexity in the implementation of wavelet transforms if overall complexity

of an image coder is considered.

e The Rake receiver has the properties of less complexity and fast implementation com-
pared to other adaptive algorithms, but could not handle impulsive MAI which would
severely damage the received data if no measures are taken. This will more likely hap-
pen in some metropolitan areas of big cities, or in some office-concentrated buildings
where many computers use wireless LAN cards to inter-connect. Thus, in designing
these wireless devices, the designers need to consider measures to handle impulsive

MAL, either by using some adaptive algorithm in receiving, or using channel coding.

e The RLS MMSE receiver tested in this thesis can handle impulsive MAI under the
condition of no Doppler effect in fading. However, this has a drawback which we did
not find in 1-D case: its filter output tends to zero gradually. This can be overcome
by initializing the filter tap weights and re-run the algorithm periodically. If it can be
combined with some equalization techniques to estimate the channel coefficients, it will

be a promising receiving techniques for fixed as well as mobile CDMA systems.

e Convolutional codes as well as RCPC are very useful in joint source-channel coding,
and can improve the bit-error-rates under impulsive MAI. However, this technique was
originally designed for AWGN rather than impulsive noise. That is why it can coarsely
recover the signals contaminated by impulsive MAI to their original shape, but still
leave much Gaussian-like noise in the recovered signal that blurred the signal details.
We could see this both in 1-D and 2-D cases. For the commercial CDMA systems
now, convolutional coding is used in connection with interleaving techniques which will
convert the impulsive interference to a more Gaussian-like noise, plus the final low-pass
filtering of audio signals, it could effectively recover the original audio signals. However,
due to the nature of image signals, we could not simply add a low-pass filter at the final
receiving stage, since this would blur the edge detail of the image. Thus Reed-Solomon

coding, which is very effective for the impulsive noise, should be used in connection
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with convolutional coding for 2-D image cases [9]. Because the focus of this thesis is
in implementing spline related wavelets and comparing their features and performance
with other commonly used wavelets, Reed-Solomon coding and interleaving techniques

were not used in this thesis.

® db8 has the best overall performance in impulsive MAI environments, while bior6.8
performs the worst. This might be because for coding systems under impulsive MAL,
i.e., under severe multi-user crosstalk, it is important for basis functions of the trans-
form to be orthogonal. The orthogonal feature of basis functions plus channel coding
can effectively handle impulsive MAI, compared to biorthogonal basis functions. This
is another important result of this thesis in addition to implementing the spline wavelet

transform and investigating their properties.

6.2 Contributions of this Thesis

e The spline wavelet transforms of order three (n = 3) based on symmetric spline func-
tions and hence anti-causal filter structures were implemented for cubic spline and
cardinal cubic spline, and their properties were also investigated for the applications
of image coding compared with other conventional wavelet transforms. These spline

wavelet transforms are not available in Matlab toolbox.

e A LVQ based on D, lattice was implemented, and a coding scheme based on LvQ
for the subband coefficients of the wavelet transforms was also achieved for the image
coding. This coding scheme is completely different from the state-of-the-art SPIHT
as well as EZW coding schemes, with the emphasis on efficiency and robustness to
noise. Although the performance of this coding scheme in noiseless conditions is not
that high compared with the SPIHT and EZW, it still has some aspects which could
be improved. From its existing performance, we could predict that it would perform

similarly to the SPIHT and EZW if those improvements are achieved.

e A CDMA receiving scheme using the Rake receiver and Viterbi decoder was imple-
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mented to test the overall performance of the different wavelet coded images under
MALI, and we found that the wavelet transform with orthogonal basis functions per-

forms better than biorthogonal wavelets under the existance of MAL

® An adaptive CDMA receiver using RLS MMSE algorithm was successfully imple-
mented, and an attractive feature of this kind of receiver is found that it can effectively

handle MAI even without channel coding.

6.3 Future Work

e Considering the good energy-concentration properties of cardinal spline wavelets, and
the need for orthogonal basis functions, it would be interesting to see the performance
of orthogonal spline wavelets specified in [39], although its implementation is more

complex.

¢ Reed-Solomon coding and interleaving techniques should be added to the coding scheme

in which RCPC and the Rake receiver are used.

e Use LVQ with high dimensions, like Ag, in the quantization of subband coefficients.
Because with the increase of the lattice dimensions, we can approach the optimal

performance of the rate distortion.
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