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Abstract
 

This thesis focusses on harnessing unique properties of chaotic signals to perform blind 

channel equalization for direct chaotic spread spectrum and differential chaos shift key­

ing spread spectrum communication systems. The contribution of the thesis is two-fold. 

Firstly, we compare their performance for an indoor frequency selective fading channel 

using experimental data from software defined radio (SDR). Secondly, the existing chaos 

based system identification methods such as minimum phase space volume, minimum 

non linear prediction error, extended Kalman filter were extended to equalize a mul­

tipath fading channel. A comparison is made to test the performance of chaos based 

blind equalization methods with conventional constant modulus algorithm (CMA) us­

ing computer simulations and by processing experimental data from SDR in an off-line 

mode. The results show that chaos based blind equalization methods can give better 

performance than conventional CMA. 
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Chapter 1 

Introduction 

1.1 Background 

Over the past two decades, chaos has been widely studied and applied in multidisci­

plinary areas such as communications, signal processing, fluid mechanics and physiology 

[1]. A chaotic system can be defined as a deterministic nonlinear dynamical system that 

exhibits a random like behaviour without showing any regularity at its first observation. 

Deterministic dynamical systems can be described mathematically by using difference 

or differential equations depending on how they evolve in continuous or discrete time. 

Poincaré was the first scientist to realize that a small change in the initial condi­

tion of the chaotic dynamical system may cause considerable effects in its steady state 

behaviour [2]. This property of chaos is known as sensitive dependence on initial con­

ditions. During the period of 1990s scientists started to explore more on the properties 

of nonlinear dynamics and chaos. Chaos has also been extensively investigated in en­

gineering applications such as communications [3], signal processing [4] and control [5]. 

Pecora and Carroll showed that two chaotic systems can be synchronized if they have 

the same parameter values [6]. This resulted in rapid research on application of chaotic 

signals in communications and other areas. 

Chaotic signals has been extensively applied in communications because of its prop­

erties such as wideband spectrum, aperiodic nature (signal that does not repeat itself), 

random-like appearance and its simplicity in analog hardware implementation. Chaos 

communications have been studied for over the past two decades while the conventional 

communications have been developed for more than a century. In the past few years, 
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chaos has attracted the field of communications, in areas such as, secure communications
 

using chaos [7], application of chaotic spreading codes in conventional spread spectrum 

(SS) communication systems [8] [9] and digital [10] [11]and analog modulation techniques 

[12]. 

When real life signals such as radar, speech and indoor propagation have been shown 

to be chaotic, system identification using chaos is a practical necessity. The problem of 

system identification has attracted many research communities for communications and 

process control. In some cases, we might want to identify the system without accessing 

the input signal, e.g., dereverberation problem of hands-free telephone [13]. In certain 

applications like communications, we would have some control over the input such as 

spreading code used in a spread spectrum communication system [14] [15]. Training 

sequence based non-blind identification is one of the most popular methods in system 

identification due to its accuracy and simplicity. The drawback of using training sequence 

is that it needs knowledge about the input signal completely. As a result, blind and 

semi-blind system identification techniques have attracted significant interest among 

the research community. Blind identification does not assume any knowledge about the 

input signal other than its statistical properties [13]. Semi-blind technique uses prior 

knowledge about the signal such as the shape of the waveform. There has been much 

research done on blind identification and semi-blind identification of chaotic signals in 

noise. With inherent deterministic nature of chaotic signals, it has great potential in 

semi-blind system identification. 

Chaos has been found to be effective in driving a linear system. Based on inverse 

filtering approach, it is shown that the parameters of auto regressive (AR) model can be 

very accurate when chaos is used as a driving signal compared to the optimal approach 

when white Gaussian driving signal is used with least squares estimator. Conventional 

identification techniques such as maximum likelihood (ML), minimum variance (MV) are 
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studied based on higher order statistics [16]. When chaos is used for system identifica­

tion, probability density is no longer the most fundamental criteria to solve the problem. 

It does not take into account the inherent deterministic properties for a chaotic signal. 

Methods such as minimum phase space volume (MPSV), minimum non-linear predic­

tion error (MNPE), extended Kalman filter (EKF) have been used for blind/semi-blind 

system identification for chaotic signals as they use the information about chaotic dy­

namics. Though the methods are already existing in literature, their performance has 

not been compared for moving average (MA) models. 

1.2 Motivation 

With the rapid growth in the telecommunications industry, there is an increasing de­

mand for performance in limited bandwidth channels from both commercial and military 

sectors [1]. The requirement of today’s communication systems is the ability to support 

multimedia services such as high speed data and video. Code division multiple access 

(CDMA) systems built with interference cancellation techniques are widely accepted 

[17] [18]. It is a wireless communication technology wherein multiple users share a single 

radio channel at the same time with minimal interference and high security through the 

use of spreading codes (usually a random sequence). The performance of CDMA system 

is limited by multiple access interference (MAI) which depends upon the spreading se­

quences of the available users and multipath interference. The use of chaotic sequences 

as spreading codes in CDMA have been proven to be superior compared to conventional 

approaches in many realistic environments [19] [20], particularly in combating MAI [19] 

[21] [22]. 

In CDMA spread spectrum (SS) communications, the user information bits is multi­

plied by a known spreading sequence code in time domain running at much higher rate 

(called as the chip rate) to spread the user information over the transmitted bandwidth 
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of the signal. In such a case, the effect of jamming and interference is minimized. The 

spreading code is generated using a pseudo-random noise (PN) generator or a set of 

non-correlated binary sequences with good auto-correlation and cross correlation prop­

erties such as Gold sequences and Kasami sequences [9]. However these code sequences 

are repetitive and may be easily predictable. Hence the communication system may not 

perform satisfactorily in terms of system capacity and security. This can be improved 

with the use of sequences generated using chaos [19] [21]. The noise-like behaviour of 

chaotic sequence with good auto-correlation and cross correlation properties make them 

an effective candidate for SS applications. Although it is easy to generate chaotic spread­

ing codes, not all the chaotic sequences have good enough properties that are suitable 

for SS applications. The criteria for selection of an appropriate chaotic spreading code 

for SS applications is discussed in [23]. Even with this selection criteria, the number of 

chaotic sequences is much more than the pseudo random sequence like gold sequences 

and m sequences [9]. 

Though a lot of research work has been put into the study and application of chaos 

in communications, there has not been much experimental work done on testing and 

comparing, the performance of various chaotic modulation schemes or chaotic spreading 

codes for SS in a real time platform such as a software defined radio (SDR). SDR is 

essentially a radio communication system that facilitates implementation of basic func­

tions of a communication system such as modulation, demodulation, signal generation, 

filtering using software [24]. The SDR system can be described as [25]: 

•	 A transceiver architecture that provides great flexibility which can be 

programmed using software 

•	 Radio functionalities are implemented using signal processing functions to 

replace hardware 
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• Parameters such as channel bandwidth, frequency band, modulation and
 

coding scheme can be programmed using software 

Research in SDR has been growing rapidly over the past few years since the de­

ployment of third generation. Implementation of direct sequence (DS) code division 

multiple access (CDMA) indoor subsystem based on field programmable gate array 

(FPGA) using SDR was reported in [26]. Various digital modulation techniques such as 

quadrature phase shift keying (QPSK), quadrature amplitude modulation-16 (QAM-16) 

and QAM-64 were analysed using SDR implemented in the latest wireless standards, 

such as IEEE-802.16, known as WiMAX [27]. The use of chaotic signals for SS appli­

cations using SDR was perhaps reported for the first time in [28]. The performance of 

chaos based communication systems have been studied extensively in AWGN and fad­

ing channels [29] [30]. Practical implementation of digital communication systems using 

chaos has been proposed in literature [31] [32]. In [33], the experimental performance of 

differential chaos shift keying (DCSK) is realized in AWGN channels using SDR. In this 

thesis, we first propose to compare the performance of chaos spread spectrum commu­

nication systems for AWGN as well as indoor frequency selective fading channels using 

SDR with very high data rates of about 625 kbps. Such high data rates are effective for 

applications such as video conferencing [34]. 

Modern communication systems operating over a broad range of communication 

channels such as twisted coaxial cable, optic fiber and wireless channels introduce some 

level of distortion, noise and inter symbol interference [35] [36]. Multipath interference 

is a common phenomenon in a wireless communication system. Typically when a signal 

is being transmitted from the transmitter, the receiver receives multiple copies of the 

transmitted signal traversing from different paths. This causes the transmitted symbols 

to overlap with one another leading to inter symbol interference (ISI). The performance 

of DC CDMA and DCSK CDMA are compared in a real time multipath fading within 
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the indoor lab experimental set-up in terms of bit error rate (BER) with various values
 

of signal to noise ratio (SNR) using SDR kit. 

The non-ideal characteristics of the communication channel are compensated by us­

ing an adaptive filter known as equalizer [35] [36] [37] [38]. Hence equalization is imple­

mented to combat such effects produced by the channel such as ISI, by adaptive signal 

processing. Equalization is also known by deconvolution and inverse modelling. The 

equalizer uses an adaptive algorithm to search for the inverse impulse response of the 

channel and generates an error signal during the process [35] [36] [37]. Some adaptive 

filters require the knowledge of the training sequence while in real practical scenarios 

it is highly desirable to achieve adaptation without the knowledge of training sequence, 

hence the term blind [38][39]. Many blind adaptive algorithms have been proposed in 

literature developed based on simplified equalization criteria such as second and fourth 

order moments of the input and output sequences [39]. 

Motivated by the above constraints, we compare chaos based blind equalization 

schemes for direct chaotic spread spectrum communication system and differential chaos 

shift keying spread spectrum communication system using computer simulations and ex­

perimental data obtained using SDR kit for an indoor wireless channel. 

1.3 Thesis outline 

The rest of the thesis is organized as follows: 

Chapter 2 introduces the concept of SS communications with DC and DCSK spread­

ing sequences. An analysis is made on comparison of their performances using computer 

simulations, theoretical results and experimental data obtained from SDR kit by assum­

ing AWGN channel. 

Chapter 3 compares the performance of DC SS communication system and DCSK SS 

communication system in flat fading Rayleigh channels using computer simulations and 
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analytical expressions in terms of bit error rate as a preliminary study. An experimental
 

test bed is used to obtain data from SDR kit for an indoor frequency selective fading 

environment and a comparison is made on the performance of DC SS and DCSK SS. 

Chapter 4 compares the performance of chaos based blind channel equalization 

schemes for chaotic communication systems in multipath fading channel. Though the 

methods were applied for system identification problem in the literature before, in this 

chapter, we extend them to equalization of multipath fading channel. The main contri­

bution of this chapter is to compare various chaos based equalization schemes such as 

minimum phase space volume (MPSV), minimum nonlinear prediction error (MNPE) 

and extended Kalman Filter (EKF) for chaos communication systems. 

Chapter 5 compares the performance of conventional constant modulus algorithm 

implemented on a conventional spread spectrum communication system. The results 

are further compared with chaos based blind equalization schemes for chaotic spread 

spectrum communication systems under multipath fading channel using computer sim­

ulations. These results are also verified by processing experimental data collected from 

SDR kit. 

Chapter 6 summarises the thesis and the major contributions. 
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Chapter 2
 

Spread Spectrum Communications Using Chaos 

This chapter presents an overview on the application of chaos in DC-SS and DCSK-SS 

communication system. The performance of DC-SS and DCSK-SS are compared using 

computer simulations, analytical expression relating BER and are also validated by 

processing experimental data from SDR in off-line mode by assuming AWGN channel. 

Typically in a conventional SS digital communication system, the digital information 

is spread using a PN sequence that is characterized by their flat spectrum, pseudo-

randomness and wideband nature. There has been much research done for the past 

decades to analyze the properties of these sequences and find easier ways to generate 

more effective codes [21] [22] [23] [40]. Owing to the inherent characteristics of chaos 

such as noise-like appearance, broadband nature and generation of aperiodic sequences, 

it is used as spreading codes for SS digital communication system. 

2.1 Chaos in Communications 

Dynamics deals with the study of systems whose states essentially follow a set of rules. 

The state of the system can either be time series (state parameter is plotted against 

time) or phase space (wherein n system states are plotted against each other in an n-

dimensional space with time expressed implicitly) [1]. There are many classifications of 

dynamical systems of which the two major classes are: discrete time dynamical systems 

and continuous time dynamical systems. Systems in which time varies continuously 

are described by set of ordinary differential equations or partial differential equations 

are known as continuous time dynamical systems. In case of a discrete time dynamical 

system, the time varies discretely that is governed by a difference equation [2]. 
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One of the most well-known aspects of non-linear dynamical systems is a random
 

like behaviour called as chaos. In other words, chaos in essence is deterministic noise 

[1] [2]. There are some basic properties that characterize chaotic behaviour, such as: 

•	 deterministic: which essentially means that the system has no random or 

noisy input as parameters ; 

•	 aperiodic long term behaviour: which means that there should be trajec­

tories which do not settle down as fixed points, periodic orbits or quasi-

periodic orbits as time tends to infinity; 

•	 sensitive dependence on initial conditions: that is nearby orbits diverge 

rapidly. 

A discrete time chaotic dynamical system is expressed as: 

x(t) = f(x(t − 1), θ),	 (2.1) 

where x(t−1) represents previous values of the system at time t−1 and f is a non-linear 

state function and θ is the bifurcation parameter in the chaotic regime. 

The synchronization results of Pecora and Carroll [6] brought the attention to the 

use of chaos in communications. Chaotic systems share many properties of stochastic 

process, that make them suitable for application in SS communication systems [9]. Chaos 

signal can be used to transmit both analog and digital information. In modulating an 

analog signal, chaotic parameter modulation (CPM) and chaotic masking (CM) [41] [42] 

[43] are the most commonly used methods in literature. For modulating a digital signal, 

chaos shift keying (CSK), differential chaos shift keying (DCSK), chaos on-off keying 

and chaos CDMA [11] [44] [45] [46] are the commonly used methods in literature. The 

performance of these modulation techniques depend on the channel conditions and the 

type of demodulation method used (coherent receiver or non-coherent receiver). In this 
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Figure 2.1: Block diagram of Chaotic SS digital communication system 

thesis, we will primarily focus on the application of chaos in wireless communications 

especially for digital SS chaotic communications. We are particularly interested in chaos 

CDMA. 

2.2 Chaos Code Division Multiple Access ( Chaos CDMA) 

With the evolution of 3G mobile systems, CDMA systems became widely popular for 

transmitting high speed data over mobile terminals. To provide these services, the radio 

links must provide high frequency and low power circuitry to multiple users sharing the 

same radio link. The optimum solution to this situation is when every user acts as an 

interference to every other user so that the communicator’s signal looks like Gaussian 

noise that is wideband. To do so, the communicator’s signal is spread using a spread 

sequence to increase the bandwidth of the transmitted signal. We have already seen 

the advantages of using chaotic spreading sequences over conventional PN sequences. 

The main difference between the conventional SS digital communication system and 

chaotic SS system is the application of chaotic spreading at the transmitter and chaotic 

despreading at the receiver. The block diagram of Chaotic CDMA system for a single 

user is shown in Figure 2.1. 

As seen in the block diagram in Figure 2.1 , the input binary data is spread using 
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a chaotic spreading sequence. The spread signal is modulated by a carrier to transmit 

over a channel. The channel could either be a wire-line channel or a wireless channel. 

The received signal is demodulated and again spread using the same chaotic spread­

ing sequence generated at the transmitter in order to obtain the output data. Finally 

the input and the output binary data is compared to obtain the bit error rate (BER) 

performance of the communication system. 

Of the various non-linear dynamical systems used to generate spreading sequences, 

the most commonly maps for chaotic communications are polynomial maps such as 

chaotic logistic map and chaotic Markov maps for their good correlation properties 

[44]. In this thesis, we will focus on simple polynomial mapping that exhibits chaotic 

behaviour which can be represented using a simple non-linear dynamical equation. Chaos 

can be modeled mathematically by repeated iteration of a simple mathematical formula. 

This kind of mapping is called as logistic map [2] [5] [45]. Mathematically, it is expressed 

as: 

xn+1 = 1 − 2xn 
2 (2.2) 

By the above equation, chaotic signals can be generated by mathematical modelling. 

This map shows chaotic behaviour when the initial condition x0 ∈ [0, 1) and the output 

xn ∈ [−1, 1]. This map is widely used in digital communications [45]. There is one more 

method of representing a logistic map. It is given by: 

xn+1 = λxn(1 − xn) (2.3) 

This logistic equation was introduced by Pierre Verhulst and sometimes referred to 

as Verhulst model. It shows chaotic behaviour when the bifurcation parameter λ is 

3.57 < λ ≤ 4 and hence the output xn ∈ [0, 1] . This map is also used for spread 

spectrum communications [8]. Now let us look into DC SS and DCSK SS communication 

systems in CDMA. 
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2.2.1 Direct Chaotic Code Division Multiple Access (DC CDMA)
 

The spreading sequence for DC-CDMA is generated using a logistic map in Equation
 

2.3. The spreading code is usually binary {bk} for CDMA systems. The obtained chaotic 

sequence x(t) is converted to binary sequence using the following mapping: 

bk = g{x(t) − E(x(t))}|t=kTx (2.4) 

where g(x) = 1 for x ≥ 0 and g(x) = 0 for x ≤ 0, E(x(t)) is the expectation operator 

and Tx is the discrete time sampling duration of x(t). In DC CDMA, Tx is the chip 

duration. For logistic map, E[x(t)] = 1/2. When chaotic map in Equation 2.3 is used 

whose bifurcation parameter λ = 4, and a spreading gain of N = 16, E[x(t)] = 1/2 [9]. 

Since the logistic map is ergodic, essentially the time average and ensemble average are 

the same [47]. 

The receiver has knowledge about the initial condition used for the chaotic map 

used at the transmitter so that the same chaotic spreading code can be generated at the 

receiver to retrieve back the original information signal. The communication approach of 

conventional CDMA is same as that of DC CDMA except for the method of generating 

the spreading codes. The differences in their performance is mainly due to the correlation 

differences in the spreading codes. 

2.2.2 Differential Chaos Shift Keying Code Division Multiple Access (DCSK CDMA) 

One of the most popular non-coherent chaotic communication scheme used in spread 

spectrum communications is DCSK. It was proposed initially to overcome the problem 

of chaotic synchronization in communication system [48]. The structure of DCSK is 

quite simple and its performance has been studied under various channels for the past 

two decades [3] [11][46]. In DCSK, the bit duration of the information signal is equally 
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Chaotic 
source 

Half 
duration bit 

delay 

Data source 

DCSK 
Output 

Figure 2.2: Block diagram of DCSK Transmitter 

divided into two time slots. A reference chaotic spreading sequence x(t) is used for the 

first half duration of the information bit. Depending upon the information bit being 

transmitted, the same chaotic spreading sequence is used or multiplied by a factor “-1” 

during the second time slot of the information bit. The first slot serves as a reference 

while the second slot carries the information. At the receiver, the signal is delayed 

by half a bit period and correlated with undelayed signal to retrieve back the original 

signal. A positive value of the correlator indicates that the transmitted bit is “1” while 

a negative value of the correlator indicates that the transmitted bit is “0”. The block 

diagram of DCSK Transmitter and DCSK Receiver is shown in Figure 2.2 and Figure 

2.3 respectively. Mathematically, it is expressed as: 

DCSK Input 
Half duration 

bit delay 

Threshold 
Detector 

Correlator Data Output 

Figure 2.3: Block diagram of DCSK Receiver
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x(t) if 0 ≤ t ≤ Tb/2, 
s(1) =
 

⎧ ⎪⎪⎨ ⎪⎪⎩
x(t − Tb/2) if Tb/2 ≤ t < Tb. ⎧ ⎪⎪⎨ ⎪⎪⎩
 
s(0) =
 

x(t) if 0 ≤ t ≤ Tb/2, 

−x(t − Tb/2) if Tb/2 ≤ t < Tb. 

where Tb is the duration of the information signal and x(t) is the chaotic spreading 

sequence. 

The transmitted energy per bit has a non-zero variance with the use of chaotic 

spreading sequences. This degrades the BER performance of the DCSK communication 

system. To alleviate this effect, frequency modulation (FM) was used to reduce this 

variance [46] [48]. Alternatively, it was proposed by Mandal, to use binary valued 

chaotic sequences which are obtained by quantizing iterative chaotic maps for spreading 

[49]. Mandal showed that binary valued chaotic sequences have noise like correlation 

properties and can effectively spread the spectrum of digital information in a DCSK 

communication system. 

2.3	 Comparison of DC Spread Spectrum and DCSK Spread Spectrum 

in Additive White Gaussian Noise Channel (AWGN) 

In this section, we shall compare the performance of spread spectrum (SS) in AWGN 

channel (namely DC-SS and DCSK-SS) using theoretical, simulation and experimental 

results. SS as such does not provide additive advantage in AWGN channel. In spread 

spectrum, the modulated waveform is spread over a wideband signal that does not 

interfere with other signals. The spreading is independent of the message signal and 

hence it does not combat the effect of AWGN [35][36]. However, it shows superior 
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Figure 2.4: Comparison of BER performance of DC SS in AWGN channel using computer 
simulations and theoretical expression for spreading gain value of 16 

performance in the presence of jamming environments and fading channels [35][36]. The 

performance of matched filter for optimal detection in case of DC-SS is given by [36]: 

2Eb
BERDCSS = Q (2.5)

N0 

where Eb is the energy per bit and N0 is the noise power spectral density. This expression 

is identical to Binary Phase Shift Keying (BPSK) modulation without spreading [36]. 

The performance of DC SS in AWGN channel compared using simulation and theoretical 

expression is shown in Figure 2.4 whose spreading gain is 16. 

Now, let us compare the performance of DCSK in AWGN channel. The performance 

of DCSK in AWGN channels has already been studied in [50]. The obtained BER 
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expression is given by:
 

⎧⎨
    −1 
⎫
 ⎬
1
 Eb MN0 2Eb

BERDCSKSS = erfc 
2
 

1 +
 (2.6)
+
 ⎩
 4N0 2Eb 5MN0 ⎭


where erfc is complementary error function, the third term in the expression relates 

to the variable bit energy of the chaotic signal (the magnitude is dependent upon the 

type of the chaotic system utilised), Eb is the energy per bit and N0 is the noise power 

spectral density, 2M chips are transmitted during the duration of the bit. 

Because the energy per bit is constant, the error probability for DCSK in AWGN 

channels can be rewritten as ⎧⎨
 
⎫
    −1⎬
1
 Eb MN0

BERDCSKSS = erfc 1 +
 (2.7)

2
 ⎩
 4N0 2Eb ⎭


This expression of BER is a characteristic of transmitted reference systems like DCSK. 

Unlike DC SS communication system, the BER expression for DCSK is dependent on 

the spreading gain M which shows the effect of noise cross correlation on M . As M 

increases, the BER performance degrades. There is trade off between the spreading gain 

and the acceptable level of BER. This trade off is used in the choice of the spreading 

gain M . The performance of DCSK SS in AWGN channel is compared using computer 

simulations and theoretical expression and is shown in Figure 2.5 whose spreading gain 

is 16. The performance of DCSK SS for various values of spreading gain in AWGN is 

shown in Figure 2.6. 

2.4 Software Defined Radio Technology 

We have seen the definition of software defined radio (SDR) in Chapter 1. With various 

mobile communication standards growing at a rapid pace, SDR provides great flexibility 

in implementing radio functionalities such a signal generation, modulation and coding 

in software to help realize communication standards requiring separate hardware for 
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Figure 2.5: Comparison of BER performance of DCSK SS in AWGN channel using 
computer simulations and theoretical expression for spreading gain value of 16 

each standard [51]. The terminology “software radio” refers to the re-usability, recon­

figurability of the radio interface by using software [24]. It is a technological innovation 

in the field of wireless communications. It is also referred to as software based radio 

(SBR) or just simply software radio (SR). In a broad sense, SDR is defined as a ra­

dio that uses software programs on digitized radio signals [52]. A wireless transceiver 

built using software defined radio (SDR) essentially consists of an analog RF front-end, 

analog-to-digital converter (ADC), demodulator and a decoder. 

2.5 Software Defined Radio Concept 

The conceptual representation of software defined radio is shown in Figure 2.7 [52]. 

They are applicable to either a commercial wireless handset or a base station architec­
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Figure 2.6: Theoretical performance of DCSK for various spreading gains in AWGN 
channel 

ture. The RF signal is down-converted before IF processing and then passed to the 

ADC. The baseband processing of the signal is under software control and man ma­

chine interface is used to give any input to the user. This architecture is an example 

for SDR and some of the signal processing functions are carried out using software. 

In some cases, digital baseband processing is accomplished through application specific 

integrated circuits (ASICs) as for a digital radio [52]. 
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Figure 2.7: Conceptual representation of software defined radio. The functional block 
diagram is made simple for the purpose of illustration. 

2.6 Architecture of Software Defined Radio 

In this section, we will briefly touch upon the architecture of SDR namely its hardware 

and software. 

2.6.1 Hardware Description of Software Defined Radio 

The hardware in the software radio has essentially two stages, namely a digital stage 

and an analog stage. The analog stage is composed of amplifiers, mixers, digital to 

analog converters (DAC), and analog to digital converters (ADC) [51]. This analog 

stage is common for various communication standards with varying RF parameters such 

as carrier frequency, modulation technique, bandwidth of the transmitted signal and 

transmit power. The digital stage in the hardware is composed of FPGAs, DSPs, CPU, 

ASICs, and I/O interfaces functions such as digital filters, digital up/down converters 

and modems. Basic functions such as digital filtering, frequency mixing are processed in 

the ASICs can be reconfigurable by modifying the system parameters. Other functions 

such as modem, channel coding are processed in FPGAs or DSPs which can be modified 

using software. 
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2.6.2 Software Description of Software Defined Radio
 

The software employed in the SDR typically consists of basic programs and application 

programs. Programs that describe the radio function libraries, operating system and 

device drivers are all part of basic programs [51]. The radio function libraries include 

filter programs for FPGA, modem programs for DSP. The operating system controls 

the operation of SDR using the CPU, while the device drivers control the hardware 

such as ADC, DSP and an amplifier. The application program is used to specify the 

communication standard such as GSM, WiMAX or IMT-2000. The standard functions 

of SDR is shown in Figure 2.8[53]. 

RF down 
converter 

A/D converter 

Digital Local 
Oscillator 

Digital Mixer 

Low Pass 
Filter 

Decode 
Analysis & 

Control 
Demodulator 

Front End 

Digital down converter 

DSP required features 

Figure 2.8: Standard functions for Software Defined Radio 

2.6.3 Basic Considerations of Receiver in a Software Radio 

The receiver basically takes the incoming low power, real, RF signal and down converts it 

to a complex baseband signal with in-phase and quadrature phase components. During 
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this process, signal power level is increased. The characteristics of input signal in a SDR 

are [52] : 

•	 signal type is real 

•	 spectrum of the signal varies between 876 MHz upto 5725 MHz 

•	 signal power ranges down to -107 dBm 

•	 high dynamic range ranges upto -15 dBm 

The characteristics of the output signal to the digital subsystem for baseband pro­

cessing are [52] : 

•	 signal type is complex with in-phase and quadrature phase components 

•	 baseband signal can have a bandwidth upto 20 MHz 

•	 dynamic range is reduced by automatic gain control (AGC) to suit the 

requirements of ADC. 

2.6.4 Description of Analog RF Front End 

The transceiver is based on superhetrodyne scheme as shown in Figure 2.9. There are 

three main stages namely, RF stage, IF stage and baseband stage. The RF and IF 

stages are completely analog. The RF signal at 2.55 GHz is picked up by the antenna 

at the receiver and filtered through a band pass filter (BPF) and amplified using a low 

noise amplifier (LNA). The resulting signal is converted to a lower frequency band by 

multiplying it with local oscillator. The low pass filter separates the lower frequency 

band signal. The automatic gain control (AGC) tries to normalize the signal before it 

is fed to the ADC for optimal use. The IF signal (156 MHz) is multiplied by voltage 

controlled oscillator (VCO) which is controlled using a digital sub system. A digital 
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to analog converter (DAC) is used to convert a digital baseband signal into an analog 

signal. This analog signal controls the VCO. The incoming IF signal is mutiplied with 

this signal from VCO and is filtered using a low pass filter and finally sampled at the 

ADC. The in-phase and quadrature phase components are extracted and sampled at the 

digital sub system using LABVIEW. 
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Figure 2.9: Superhetrodyne receiver scheme 

2.6.5 Experimental Setup for AWGN Channel 

The experimental setup consists of a base station transceiver (BS) (as shown in Figure 

2.10)and a master station transceiver (MS)(as shown in Figure 3.1). The Ethernet port 

0 of the base station is connected to the application server. The application server for 

file transfer protocol (FTP) is Filezilla server. The RS232 console port should have a 

baud rate of 57600, 8 data bits, 1 stop bit, no parity bit and no flow control. It is 

connected to the computer to observe the console output. The Ethernet port 1 of the 

master station is connected to the client PC. The settings for RS232 console port for 

the master station are same as that of BS. The power supply for the base station board 
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Figure 2.10: Base Station of the Software defined Radio 

(BB) and master station board (MS) is 24V DC with a maximum current of 2A. Both 

BS and MS use Vxworks as its real time operation system. The Verilog program of 

the FPGA is loaded in the BS using TeraTerm software emulator. The spreading code 

(spreading factor used is 16) is keyed in the computer at the BS using TeraTerm software 

emulator. Binary phase shift keying (BPSK) is used to modulate the information bits. 

To simulate an AWGN channel, the BS and MS are connected through a coaxial cable. 

The modulated waveform is observed using the power spectrum analyzer and the signal 

to noise ratio (SNR) is set using a SMA attenuator. The AWGN channel is modeled 

by changing the signal to noise ratio at the receiver using a SMA attenuator with the 

help of power spectrum analyzer. The bandwidth of the transmitted signal is 10MHz. 

At the receiver, the data is sampled at 20MHz and the baseband output is viewed using 

LABVIEW. The experimental setup for software defined radio is shown in Figure 2.12. 
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Figure 2.11: Master Station of the Software defined Radio
 

Figure 2.12: Experimental setup for Software Defined Radio 

2.6.6 Discussion of Results 

The transmitted RF signal has a frequency of 2.55GHz with 10MHz bandwidth. The 

modulation technique employed for comparison of differential chaos shift keying and 

direct chaotic spread spectrum is binary phase shift keying. The analytical expression 

relating the BER and SNR is applicable under perfect synchronization of the carrier 

recovery with the clock oscillator. In an ideal case, the oscillators in two paths must 

oscillate at the same frequency and phase and the low pass characteristics of both the 
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paths must be identical [54] [55]. With recent developments in SDR, more analog com­

ponents are replaced by digital signal processing blocks that are coded using software. 

Although this leads to low circuitry and low power consumption, there is a trade off 

between them to meet a particular specification. The quadrature receiver has two dis­

tinct channels namely the in-phase channel and the quadrature phase channel each with 

a mixer, local oscillator and an ADC. Due to temperature changes, there is a possible 

mismatch in the I and Q paths of the channel. The mismatch between the local oscilla­

tor paths and the mismatch between the low pass/band pass filters in each channel can 

degrade the performance of BER in a communication system [54] [56]. Hence a phase 

compensation is required to minimize the phase mismatch (IQ imbalance) and improve 

the BER performance. 

Experiments were performed for SNR values of 2, 4, 6, 8 and 10. The samples 

were collected using LABVIEW in off-line mode and processed using MATLAB for 

DC-CDMA and DCSK-CDMA for a single user. We assume that the received signal 

for both chaos spread spectrum communication systems is corrupted by AWGN. Practi­

cally in a real communication system, the noise is neither white nor Gaussian. Assuming 

white Gaussian noise makes calculations easier. Thermal noise generated at the receiver 

modeled as AWGN is dominant in many practical communication systems. Research 

in literature has also shown that the relative performance of various communication 

systems under AWGN conditions remains valid under real channel conditions. A com­

parison of performance using experimental results, computer simulations and analytical 

expression for BER for DC-CDMA and DCSK-CDMA assuming AWGN channel condi­

tions is shown in Figure 2.13 and Figure 2.14 respectively. The discrepancy between the 

analytical result and experimental result is because of possible phase mismatch at the 

receiver in I channel and Q channel paths due to temperature variations after performing 

phase correction. 
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Figure 2.13: Comparison of experimental, simulation and analytical result for direct 
chaotic spread spectrum communication system 

2.7 Contribution of the Chapter 

An overview of DC-CDMA and DCSK-CDMA communication system for a single user 

is discussed. The main contribution of this chapter is to lay an experimental validation 

with concrete theoretical and computer simulation results. A comparison is made on the 

performance of DC-CDMA and DCSK-CDMA communication system assuming AWGN 

channel using computer simulations, analytical BER formula and experimental result 

from software defined radio for various values of SNR. The difference in the experimental 
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Figure 2.14: Comparison of experimental, simulation and analytical result for differential 
chaos shift keying spread spectrum communication system 

result with the analytical or computer simulation results is due to the possible phase 

mismatch in the low pass filter and local oscillator paths of the I channel and Q channel 

after phase compensation. Nevertheless, the experimental results show strong correlation 

with the proven analytical results as well as the computer simulations for both chaos 

based spread spectrum communication systems. 
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Chapter 3
 

Performance of Spread Spectrum Communications 

using Chaos over Fading Channels 

This chapter presents an overview on the performance comparison of various chaotic 

spread spectrum communication systems over multipath fading channels. A comparison 

study is made on the performance of DC-SS and DCSK-SS communication systems for 

a flat fading Rayleigh channel using computer simulations and analytical expressions for 

BER. An approximate analytical expression relating DCSK-SS communication system 

in flat fading Rayleigh channels is derived and found to match close with computer simu­

lations and numerical solution using quadrature integration method [49]. Experimental 

results were performed by collecting data from software defined radio for an indoor fre­

quency selective fading channel for DC-SS and DCSK-SS communication systems. A 

performance comparison is made by plotting the BER curve for various values of signal 

to noise ratio. 

3.1	 Performance Comparison of Chaos Spread Spectrum in Rayleigh 

Fading Channels 

In chapter 2, we have discussed the performance of DC-SS and DCSK-SS communication 

system in a simple AWGN channel. In this chapter, let us study the performance of DC­

SS communication using computer simulations and analytical expression. 

Consider the transmitted signal of the form s(t) = Acos(2πfct + θ(t)) through a 
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fading channel. The received signal is given by,
 

NN 
y(t) = A aicos(2πfct + θi(t)) (3.1) 

i=1 

where ai is the attenuation of the ith multipath component, θi is the phase shift of the 

ith multipath component, and there are N such multipaths arriving at the receiver. 

Here ai and θi are random variables, hence the above expression can be rewritten as, 

y(t) = A{X1(t)cos(2πfct) − X2(t)sin(2πfct)} (3.2) 

 N  Nwhere X1(t) = i=1 aicos(θi) and X2(t) = i=1 aisin(θi) are two random processes. 

When N is very large, X1(t) and X2(t) can be approximated as Gaussian random vari­

ables with zero mean and variance σ2 . The Equation 3.2 can be expressed as, 

y(t) = Aα(t)cos(2πfct + θ(t)) (3.3)  
where received signal amplitude α(t) = X1(t)2 + X2(t)2 . Since X1(t) and X2(t) are 

Gaussian random variables, then α(t) would have a Rayleigh distribution [36] whose 

probability density function is given by, 

−r2 

r 
2σ2fα(r) = e , r > 0 (3.4)

2σ2 

Such a fading process is known as Rayleigh fading. It typically occurs in ionospheric 

and tropospheric propagations in the high frequency and very high frequency bands 

[57]. Practically in a communication system, the phase distortion is resolved by using 

a differential modulation scheme. It is the amplitude distortion that degrades the per­

formance of the communication system over fading channels. It is reasonable to assume 

that the fading is constant for the duration of one symbol. This assumption is known as 

slow fading. The probability of error can easily be calculated for DC-SS communication 

system for a slow, flat fading with respect to the symbol period. 
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Since the fading is assumed to be constant over the duration of one symbol (slow
 

fading), then fading can be expressed by a random variable α whose value is constant 

during one symbol period. Considering amplitude distortion alone, the instantaneous 

SNR per bit γb which is a random variable is given by, 

Eb
γb = α2 (3.5)

N0 

N0
where Eb is the energy per bit and is the average noise power spectral density in 

2 
the channel (W/Hz). Since α is Rayleigh distributed as shown in 3.4, α2 has a chi-

squared probability density function with two degrees of freedom [36]. Hence γb is also 

chi-squared distributed given by, 

−γb 
1 γ̃bp(γb) = e , γb > 0 (3.6) 
γ̃b 

Eb
where γ̃b is the average SNR per bit which is given by γ̃b = E{α2}. Here E{α2}

N0 

is the expected value of the random variable α2 . The simplest fading channel model is 

frequency non-selective fading channel. Such kind of a fading channel model causes mul­

tiplicative distortion of transmitted signal s(t). Further, for a ‘slow’ fading channel, the 

multiplicative process can be taken as constant for each bit interval. Assuming coherent 

detection of the received signal using matched filter, we can evaluate the probability of 

error for a flat fading Rayleigh channel. However, we already have the expression for the 

performance of DC-SS communication system in an AWGN channel (as seen in chapter 

two). In other words, for a fixed value of attenuation (α2 = 1), we have the probability 
Eb

of error after substituting γb = as,
N0 

(γb) = Q( 2γb) (3.7)PeDCSS 

The Equation 3.7 is viewed as conditional probability bit error (the condition being 

30
 



 

 

   

� � 

α2 = 1). To obtain the probability where α is random for a slow fading channel, the bit 

error probability is evaluated by averaging PeDCSS (γb) over the pdf of γb. That is, we 

must evaluate the integral 

 ∞ 

PeDCSS = PeDCSS (γb)p(γb) dγb (3.8) 
0 

where p(γb) is the pdf of γb when α is random. Now substituting 3.6 and 3.7 in 3.8 we 

get, 

−γb ∞ 1 γ̃b= Q( 2γb) e dγb (3.9)PeDCSS ˜0 γb 

The result of this integration is given by [36], 

1 γ̃b 
= 1 − (3.10)PeDCSS 2 1 + γ̃b 

Similarly, we can derive the performance of DCSK-SS communication in flat fading
 

Rayleigh channels. The AWGN performance of DCSK-SS communication system in
 

terms of Q function is given by, 

⎛ ⎞ 

PeDCSKSS = Q ⎝ γb 
2 

1 + 
M 
2γb 

−1 ⎠ (3.11) 

where 2M chips are transmitted per bit period. Here Equation 3.11 is viewed as condi­

tional probability bit error (the condition being α2 = 1) for DCSK-SS communication 

system. To obtain the probability where α is random for a slow fading channel, the bit 

error probability of DCSK-SS communication system is evaluated by averaging Pe(γb) 

over the pdf of γb. The integral to be evaluated is, 

 ∞ 

= (γb)p(γb) dγb (3.12)PeDCSKSS PeDCSKSS 
0 

Now substituting 3.11 and 3.6 in 3.12 we get,
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⎛ ⎞ −γb ∞ −1
γb M 1⎝ ⎠ γ̃b= Q 1 + e dγb (3.13)PeDCSKSS 

0 2 2γb γ̃b 

The integral can be evaluated numerically to obtain the bit error probability of DCSK­

SS communication system for flat fading Rayleigh channels. As seen in the expression 

for AWGN, the bit error probability is dependent on the spreading gain. 

3.1.1 Analytical Expression of DCSK-SS in Flat Fading Rayleigh Channels 

There are several approximate bit error formulae which are derived analytically from 

3.13. In [49], Mandal derived two approximations for bit error formula which we shall 

review here. Let us consider the case when the SNR is low. When the SNR is low, then 
M « 1. This term can be neglected in 3.13 to get 
2γb 

γb≈ Q (3.14)PeDCSKSS 2
 

Now Equation 3.13 becomes,
 

−γb ∞ γb 1 γ̃bPeDCSKSS = Q e dγb (3.15)
2 ˜0 γb 

By solving the integral in Equation 3.15 analytically, we get 

1 γ̃b 
= 1 − (3.16)PeDCSKSS 2 4 + γ̃b 

Let us now consider the case when SNR is high (i.e., ̃γb » 1), the Equation 3.13 becomes, 

1 ≈ (3.17)PeDCSKSS γb 

Its very clear from Equation 3.17 that the bit error probability is inversely proportional 

to SNR when slow fading takes place. Mandal derived a better approximation to 3.13 

by expressing it as, 
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−γb ∞ −1
1 K γ̄b= erfc γb 1 + e dγb (3.18)PeDCSKSS 2γ̄b 0 γb 

M γ̃b K 
where K = and γ̄b = Assuming « 1 and first order expansion of the denomi­

8 4 γb 
nator we get,
 

γb 
K 

1 + 
γb

M √
 K
 ≈ γb − √ (3.19)
2 γb 

After substituting 3.19 in 3.18, we get 

−γb 
1 ∞ √ K γ̄b= erfc γb − √ e dγb (3.20)PeDCSKSS 2γ̄b 0 2 γb 

√ 
By substituting γb = x and using the identity erfc(−x) = 2 − erfc(x) we get, 

−x2 

∞1 K γ̄b= 2 − erfc −x + e xdx (3.21)PeDCSKSS 2γ̄b 0 2x 

−x2 −x2 

∞ ∞1 1 Kγ̄b γ̄b= e xdx − erfc −x + e xdx (3.22)PeDCSKSS ¯ 2 ¯ 2xγb 0 γb 0 

2x
The first term in 3.22 can be evaluated by substituting = u and by using inte­

γ̄b 
grating by parts, 

−x2 

∞ ∞1 1 1γ̄be xdx = e −u du = (3.23)
γ̄b 0 2 0 2 

The second term in 3.22 can be evaluated using standard result in [58]. 

 
  
∞ β 1(γ2−µ)x −2(βγ+β 
√ 
µ)1 − erf γx + e

2 
xdx = √ √ e (3.24) 

x 2 µ( µ + γ)0

where Re(β) > 0, Re(µ) > 0 By using the identity 1 − erf(x) =≡ erfc(x), the second 

term in 3.22 can be evaluated using 3.24 by making the following modifications to the 
K 1 

equation, β = , γ = −1,µ = 1 + 
2 γ̄b 
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  The final expression for BER for DCSK in flat fading Rayleigh channels is given by
 

√1 2 −2(βγ+β µ)= 1 − √ √ e (3.25)PeDCSKSS 2 µ( µ + γ) 

3.2 Discussion of Results 

We shall now compare the performance of DC-SS communication system in a flat fading 

rayleigh channel using computer simulations and analytical result. The results obtained 

using computer simulations match the analytical expression of BER. The plot comparing 

the computer simulations with analytical expression for DC-SS communication system 

is shown in Figure 3.1. In case of DCSK-SS communication system, we shall compare 

the simulation results with analytical expressions of BER derived by Mandal. There are 

three forms of analytical expressions that can be used for comparison. The plot show­

ing the comparison of analytical expressions with computer simulations for DCSK-SS 

communication system in a flat fading Rayleigh channel is shown in Figure 3.2. Firstly, 

the exact value is obtained by integrating 3.13 using quadrature method, secondly the 

analytical expression derived for low SNR as in Equation 3.16 and thirdly the analyt­

ical expression derived for high SNR as in Equation 3.25. The analytical results are 

compared with the simulation results for a spreading factor of 16. It is seen that the ex­

pression relating to high SNR as in Equation 3.25 is more close to computer simulations 

as well as solving the integral using quadrature method. Hence Equation 3.25 serves as 

a good approximation to bit error probability of DCSK-SS communication system for 

flat fading Rayleigh channels[49]. 
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Figure 3.1: Comparison of the performance of DC-SS communication system using sim­

ulation and analytical result for Rayleigh fading channel 
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3.3	 Performance Comparison of Chaos Spread Spectrum for Frequency 

Selective Indoor Wireless Communication Channel 

With the increasing demand for indoor wireless applications such as wireless LAN, it has 

attracted the attention of researchers to improve the efficiency and performance of indoor 

wireless communication systems [59]. The performance of indoor wireless communication 

system is measured using bit error rate (BER) [59][60]. Testing the performance of 

wireless communication system in a practical channel such as an indoor lab environment 

provides comprehensive evaluation of the system. Typically there are two scenarios of 

indoor radio communications, one between two stationary antennas and the other when 

there is a relative motion between the antennas. The propagation of electromagnetic 

waves within buildings is affected by reflection, refraction and scattering due to the 

presence of various objects and the shape of the room [59]. As a result of which, receiver 

sees time shifted signals carrying the same message signal traversing from different paths. 

Each path of the received signal will experience amplitude and phase distortion [36]. Such 

a phenomena is called as multipath fading. The performance of direct sequence spread 

spectrum has been widely studied in indoor wireless applications for various fading 

channels [61][62][63]. The fading channel models investigated included Rayleigh fading 

channel and Rician fading channel with fixed number of paths that were identically 

distributed with Rayleigh and Rician amplitudes respectively [61][62][63]. Multipath 

measurements taken in an indoor channel at 800/900 MHz at 1.75 GHz characterize a 

frequency selective Rician fading channel [62][64]. The rms delay spread in an indoor 

channel is typically around few tens to several hundred of nanoseconds (mostly less than 

100 ns) [35]. The maximum rms delay spread at 850 MHz, 1.7 GHz and 4 GHz did not 

exceed 270 ns in larger buildings and 100 ns in smaller buildings [65]. In this chapter, 

we shall compare the BER performance of DC-SS and DCSK-SS communication system 
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Figure 3.3: Test bed for indoor wireless channel measurements 

in an indoor laboratory wireless channel by plotting the BER for various values of SNR 

by processing the received signal from software defined radio in off-line mode. 

3.3.1 Experimental Setup for Indoor Wireless Channel 

The experimental setup used to collect data in an indoor wireless channel consisted of 

three CPUs, a power spectrum analyzer and two software defined radio kits (one for 

the transmitter and the other for the receiver) as shown in Figure 3.3. The power of 

the transmitter is -17 dBm. The transmitter and the receiver of the SDR were con­

nected to two CPUs. Additional CPU was used to sample the data using a serial port 

and collect them using LABVIEW. The transmit and receive antennas were vertically 

polarized while taking the measurements. The transmitter and receiver were separated 

by a distance of 3.65 metres with metallic objects such as CPUs and some heavy card­

board boxes scattered around them. The obstacles are scattered within and around the 

table to cause multipath effect of the transmitted signal. A simplified block diagram 

of SS digital communication system is shown in Figure 3.5. With this experimental 

setup, measurements were taken in an indoor environment for various values of SNR by 

adjusting the SMA attenuator at the transmitter. 
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Figure 3.4: Block diagram of a simplified direct chaotic SS communication system 

Reflection, diffraction and scattering are the three basic phenomena that occur during 

the propagation of an electromagnetic wave in a mobile radio communication system 

(outdoor channels) as well as indoor channels [35]. In an indoor channel, reflections 

could occur when the electromagnetic wave impinges upon the object with dimensions 

larger than its wavelength. The carrier frequency (fc) being 2.55 GHz, the wavelength 

is given by, 

c 3 × 108 

λ = = = 0.1176 m (3.26)
fc 2.55 × 109 

Diffraction could occur when the electromagnetic wave impinges upon sharp edges within 

the indoor environment. At high frequencies, reflection and diffraction depends upon 

the geometry of obstacles in the environment [35]. This causes multipath fading in an 

indoor channel. 

The null to null bandwidth of the transmitted spread spectrum signal is given by, 
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BW = 2Rc = 10MHz	 (3.27) 

2Rc
P rocessing Gain = (3.28)

Rb 

where Rc is the chip rate and Rb is the information bit rate. The period of the base­

band information is the reciprocal of Rb and is equal to 1.6 µs. The time resolution of 

multipath components (Δτ) is given by, 

Δτ =	 
2 

= 4 × 10−7 = 400 ns (3.29)
Rc 

The above Equation 3.29 means that the system can resolve multipath components 

when they are equal to or greater than (Δτ) apart [36]. The phenomena of multipath is 

characterised by parameters mean excess delay and rms delay spread. There has been 

study performed on the characterization of indoor wireless channels [65][35]. The rms 

delay spread (στ ) for indoor wireless channels is typically less than 100 ns [65]. Prasad 

evaluated the performance of direct sequence spread spectrum communication system 

for indoor Rician fading channel for rms delay spread between 50 ns to 250 ns [65]. As 

delay spread is used to characterize the channel in time domain, coherence bandwidth 

is another measure used to characterize the channel in frequency domain. Coherence 

bandwidth and rms delay spread are inversely proportional. Coherence bandwidth is 

a statistical measure of the range of frequencies over which the channel is considered 

to be flat [35][66].If the bandwidth over which the frequency correlation is above 0.5, 

coherence bandwidth is approximated as, 

1 
Bc ≈	 (3.30)

5στ 

By Equation3.30, the coherence bandwidth is approximately between 4MHz - 0.8 MHz 

for rms delay spread varying between 50 ns to 250 ns. When the response of the channel 

has a constant gain and a linear phase with a bandwidth smaller than the bandwidth 
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of the transmitted signal, then the channel is said to exhibit frequency selective fading 

of the received signal [35]. When this occurs, the receiver gets multiple copies of the 

transmitted signal attenuated and delayed in time. In other words, for a frequency 

selective fading, the gain is different for different frequency components. It introduces 

time dispersion of the transmitted symbols over time. This effect is known as intersymbol 

interference. For frequency selective fading, the spectrum of the transmitted signal has 

a bandwidth much greater than the coherence bandwidth of the channel. Since the 

bandwidth of the transmitted signal is much greater than the coherence bandwidth of 

an indoor wireless communication channel, the experimental results shall show the effect 

of frequency selective fading in various chaos spread spectrum communication systems. 

3.3.2 Discussion of Results 

The analysis of communication systems in AWGN channel without intersymbol interfer­

ence (ISI) is the starting point for comparing the performance results. The degradation 

of the performance in the communication system is primarily due to thermal noise gen­

erated in the receiver. Often, the interference experienced by the receiver is more sig­

nificant than the thermal noise which is the case under the presence of fading channels. 

From Figure 3.5, it is observed that the performance of DC-SS communication system 

is better than DCSK-SS communication system in an indoor wireless channel. As a 

general observation, DC-SS consistently performs better than DCSK-SS communication 

system for all values of SNR. DC-SS communication system is better than DCSK-SS 

communication system because it employs coherent correlation based detection at the 

receiver while the latter employs non-coherent based detection at the receiver. Coherent 

detector employs the spreading code from the chaotic map to detect the transmitted 

symbol. But the DCSK system uses a reference signal to aid correlation at the receiver. 

In other words, transmitted waveform contains both the reference signal and the data. 
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Figure 3.5: Comparing the performance of DC-SS and DCSK-SS communication system 
in the presence of indoor frequency selective fading channel 

Since the reference signal picks up noise from the channel, the SNR is degraded when 

compared with a scheme, such as direct chaotic SS, where a “clean” copy of the spread­

ing waveform is regenerated at the receiver. This leads to errors which makes DCSK-SS 

communication system perform worse compared to DC-SS communication system. The 

degradation in the performance of both the systems is due to frequency selective fading 

caused by multipath propagation in an indoor wireless channel, path loss propagation 

between the transmitter and receiver and possible phase mismatch between the low pass 

filter and local oscillator paths of the I channel and Q channel at the receiver. 
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3.3.3 Contribution of the Chapter
 

An overview on the performance of various chaotic spread spectrum communication sys­

tems is compared for a flat fading Rayleigh channel using analytical expression for BER 

and computer simulations. The derived expression relating the performance of DCSK-SS 

communication system is close to computer simulations and numerical results obtained 

by solving the integral using quadrature integration method. The main contribution of 

this chapter is experimental validation of various chaotic spread spectrum techniques 

in an indoor frequency selective fading channel. It is proved experimentally that the 

performance of DC-SS communication system is better than DCSK-SS communication 

system by processing experimental data obtained using software defined radio. In the 

subsequent chapters, we will introduce schemes to improve the performance of digital 

spread spectrum communication systems for a frequency selective fading channel. 
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Chapter 4 

Adaptive Blind Equalization for Chaotic
 

Communication Systems in Multipath Fading
 

Channels
 

With advances in communications and signal processing, it was possible to realize wire­

less networking of communication systems. One interesting application is indoor wireless 

local area network (WLAN). It is attractive because firstly, it allows for mobility of users 

without having the need for re-wiring and secondly because it enables high data trans­

mission at low transmit power in indoor environments. The wireless communication link 

is one of the most important attribute in a wireless communication system. Multipath 

propagation is one of the key challenges encountered in a wireless communication link. 

In multipath propagation environment, the transmitted electro-magnetic signal arrives 

the receiver via multiple propagation paths. Typically these paths exhibit different am­

plitude gains, phase shifts, angles of arrival, path delays which depends on the structure 

of the environment. The multipath propagation causes signal fading and delay spread 

when there is no relative motion between the transmitter and receiver. Signal fading 

refers to the phenomena in a multipath propagation environment whereby the received 

signal strength depends on the locations of the transmitter and receiver. This is caused 

by the interference between signals propagating from different paths. Delay spread is 

another phenomenon in a multipath propagation environment, which refers to the time 

duration during which the received signal is spread with regard to the transmitted signal. 

Inter-symbol interference (ISI) caused by the delay spread results in frequency selective 

fading. Thereby adaptive signal processing techniques are required to track the channel 
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variations in multipath propagation environment.
 

In this chapter, we will focus on adaptive blind digital signal processing scheme 

dealing with detrimental effects of multipath propagation on transmitted signals. A 

fundamental limitation of digital communication systems is (ISI) [36]. This causes the 

transmitted symbol to extend over a longer duration than its original symbol duration. 

Multipath propagation of the transmitted signal corrupts the received signal and with 

noise, degrades the bit error rate (BER) performance of the communication system. The 

distortion of the received signal due to multipath propagation of the transmitted signal 

is known as inter symbol interference (ISI), a form of distortion whereby the transmitted 

symbols overlap with one another, and corrupts the detection of the symbol [67]. The 

channel causing ISI is called a multipath channel [67]. All physical channels with high 

data rates tend to exhibit ISI. Typically wireless channels in both urban and indoor 

environments are characterized by ISI [67]. 

Spread spectrum communications has been widely studied to mitigate the effect of 

ISI [36] [67]. The ability of spread spectrum receivers to mitigate ISI depends on the 

processing gain which is the ratio of the bandwidth of spread signal to the bandwidth 

of information bearing signal. For low level of ISI, processing gain of the spread signal 

provides enough interference rejection and the receiver simply uses a correlator to get 

back the original transmitted signal. For a higher level of ISI, an equalizer is incorporated 

to improve the performance of spread spectrum communication system. 

Mostly, multipath channel is modelled as a linear, discrete-time, time invariant, finite 

impulse response (FIR) filter [35], and thus ISI can be expressed as the convolution of 

the transmitted symbol sequence and a FIR channel [36]. The removal of ISI from 

the received signal is known as equalization [36] [39]. Equalization is also referred as 

deconvolution [36] [39]. A FIR filter applied to the received sampled signal to combat 

the effect of ISI is known as equalizer [36] [39] [37]. Linear channel equalization is 
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used to combat linear channel distortion by simply applying linear filter to the received
 

signal. Hence, the equalizer improves the performance of the communication system by 

attempting to reduce the effect of ISI. This is done by minimising the mean square error 

(MSE) performance [35] [36]. 

Since it is common for the channel characteristics to be unknown initially or vary 

over time, typically the equalizer is modeled a structure that is adaptive in nature. 

Traditionally, equalizer employs a time slot during which the training sequence is trans­

mitted which is known in advance by the receiver. The receiver employs least mean 

square (LMS) algorithm so that its output closely resembles the known training se­

quence. Although the computational complexity of LMS is low, with great accuracy 

and simplicity, the drawback is that the use of training sequence reduces the valuable 

channel capacity. It is also not feasible from a practical perspective. For example, con­

sider a multipoint network, where the link between the server and one of the tributary 

stations is interrupted. Its practically not feasible for the server to re-establish the link 

by transmitting the training sequence. Under severe multipath fading channel, digital 

communication system is restarted when there is a temporary path interruption. During 

on-line transmission monitoring impairment, training sequences are generally not trans­

mitted by the transmitter [68]. Hence we resort to blind adaptive equalization to be 

able to adaptively equalize the received signal without using the training sequence. The 

term “blind” refers to the absence of known transmitted sequence [35] [36]. Adaptive 

blind equalization makes efficient use of available bandwidth and it is based on simplified 

equalization criteria such as second and fourth order moments of the input and output 

sequences [39] [69]. There are a number of blind adaptive equalization schemes using 

different approaches [70]. Blind channel equalization gained significant interest since it 

does not assume any knowledge about the input other than its statistical properties at 

the estimator [71]. Semi blind channel equalization is between a non-blind and a blind 
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approach where some prior knowledge of the signal is used to equalize the received sig­

nal. In other words, the driving signal (spreading chaotic signal) can be designed for 

a semi blind identification problem, while the input signal might not be accessible to 

perform blind equalization. Depending on practical applications, both blind and semi 

blind channel equalizations have drawn lot of attention [72]. 

Recent works on blind channel equalization in chaotic communication systems in the 

literature includes particle filtering, unscented Kalman filtering (UKF) based techniques 

for performing blind channel equalization in multipath fading channels [73]. It was based 

on the idea of using a chaotic signal as a carrier wave to transmit the information signal. 

At the receiver, chaos synchronization can be used to retrieve back the original informa­

tion signal. Particle filtering was proposed to estimate the state of the chaotic system 

at the receiver. The performance of particle filter was found to be better compared with 

extended Kalman filtering (EKF) and UKF and in the presence of multipath fading 

channels using chaotic signal as a carrier wave. Vural proposed to equalize a FIR chan­

nel using an FIR filter at the receiver [74]. Although its performance is not the best, the 

computational cost compared to minimum non-linear prediction error (MNPE) is low. 

Due to its non-recursive structure, the algorithm works well regardless of whether the 

channel is strictly positive or not. We propose to employ chaos based methods namely 

minimum phase space volume (MPSV) [75] [76], MNPE [77] and EKF [78] were so far 

applied for a system identification problem [79], to perform blind channel equalization 

in a digital chaotic communication system. Although statistic based methods could 

be used to perform blind channel equalization, they do not take into account inherent 

properties of the chaotic signal such as its deterministic nature. In such cases, statistic 

based methods may not be the best model when the driving signal is deterministic. The 

essence of using chaos based blind equalization techniques is because the spreading sig­

nal is chaotic. Methods such as MPSV, MNPE and EKF can tap the inherent nonlinear 
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dynamics in the received signal that aids in estimation of the channel parameters and
 

hence enables to perform equalization [79] [75]. 

In this chapter of thesis, we will extend the chaos based system identification meth­

ods to solve the problem of blind channel equalization at the receiver to combat the 

detrimental effect caused by multipath fading channels for chaotic spread spectrum com­

munication systems. 

4.1 Multipath Propagation 

In a wireless communication channel, the transmitted signal propagates through multiple 

paths due to multiple reflections caused by the presence of reflectors and scatterers in 

the environment. Indoor wireless channel is difficult to model as the channel varies 

rapidly within the environment. The indoor wireless channel relies on the structure of 

the building, the room layout and the type of construction materials used within the 

environment [67]. 

Properties of indoor wireless channels are particular to the environment and re­

searchers have classified indoor propagation models based on empirical data within 

building measurements [67]. Depending on the loss of power in a wireless communi­

cation link, the effects of multipath propagation is classified as large scale effects and 

small scale effects. Large scale effects characterizes the loss of power when the transmit­

ted signal is propagating over long distances. Small scale effects characterizes the loss 

of power over short transmit distances. 

4.1.1 Large Scale Fading 

Generally, the transmit power decreases logarithmically with respect to the distance 

between the transmitter and receiver. The attenuation caused by distance is called path 

loss effect. The propagation medium and the environment also affects the loss of signal 
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power at the receiver.
 

The difference between transmitted signal power Pt and averaged received signal 

power Pd (expressed in dBm) when the transmitter and receiver are separated by a 

distance of d metres is the path loss in dB, 

Pd = Pt − L(d), d > d0 (4.1) 

The average path loss in dB units at a reference distance d0 is given by, 

L̄(d) = L̄(d0) + 10n log10( 
d 
) (4.2)

d0 

where n is path loss exponent. For line of sight (environments), it is usually 2. In case of 

urban areas and cities it is usually greater than 2. This is referred to as the log-distance 

path loss model. Due to shadowing effects in the multipath propagation environment, 

the measured path loss at a distance d from the transmitter (L(d) in dB) can be much 

greater than the average value, and is approximated using a Gaussian random variable 

as, 

L(d) = L̄(d0) + 10n log10( 
d 
) + Xσ (4.3)

d0 

where Xσ is a zero-mean Gaussian random variable in dB with standard deviation σ 

also in dB. This is referred to as log normal shadowing. 

4.1.2 Small Scale Fading 

Due to multipath propagation, the transmitted signal copies arrive the receiver at differ­

ent time slots causing ISI. The electro-magnetic waves travelling at different directions 

generate ISI of such magnitude that the effect of large scale fading can be ignored by 

comparison. 
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There are various ways to statistically model wireless channels representing random
 

multipath fading. Experimental field measurements were done [80] [81] to characterize 

the small scale fading of the multipath fading channel. It has been shown by researchers 

that Rayleigh fading channel model provides a good fit to field measurements where there 

is no dominant path (line of sight) between the transmitter and receiver [81] [67]. It is 

because when the transmitted signal propagates through the multipath fading channel, 

the received signal composed of in-phase and quadrature phase components are sums 

of many random variables. As there is no dominant path, the random variables have 

approximately zero-mean. Therefore by central limit theorem, they can be approxi­

mately modeled as zero mean Gaussian random variables. The amplitude is Rayleigh 

distributed which is given by [36], 

f(r) =
 

⎧ ⎪⎪⎨ ⎪⎪⎩
 

r −r2 

exp( ) if r ≥ 0,
P P (4.4)
 

0 if otherwise.
 

where P is the parameter of distribution. The way Rayleigh distribution is related 

to Gaussian distribution is shown below. 

Let XI and XQ represent two independent and identically distributed random vari­

ables with zero mean and variance P . The marginal probability distribution function of 

XI and XQ is given by, 

1 −x2 

f(x) = √ exp( ), −∞ < x < ∞ (4.5)
2πP 2P
 

Then the random variable R defined as,
 

R = XI 
2 + XQ 

2 (4.6) 

follows a Rayleigh distribution given by 4.4. When there is dominant path between 

the transmitter and receiver, Rician distribution is a good fit to characterize the signal 
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amplitude distribution [81]. The Rician distribution is related to Gaussian distribution 

in a similar way. Say XI and XQ are independent Gaussian random variables whose 

variance is P . Furthermore, E[XI ] = µ and E[XQ] = 0. In such case, the random 

variable R follows a Rician distribution given in 4.7. By central limit theorem, the 

signal amplitudes are approximately Rician distributed when there are large number of 

multipaths. 

f(r) =
 

⎧ ⎪⎪⎨ ⎪⎪⎩
 

r rµ −r2 + µ2 

I0( )exp( ) if r ≥ 0,
P P 2P (4.7)
 

0 if otherwise.
 

where 
2π1 

I0(x) = exp(xcosθ)dθ (4.8)
2x 0 

is I0 is modified Bessel function of the first kind and zero order, P is the variance of the 

Gaussian random variable which represents the local-mean scattered power. The Rician 

channel becomes Rayleigh when µ tends to zero and AWGN when µ tends to ∞. 

4.1.3 Delay Spread 

In a multipath propagation environment, the received signal consists of multiple copies 

of delayed versions of the transmitted signal. As a result, when a “narrow” pulse is 

transmitted, the receiver observes a signal “wider” in time than the original transmitted 

signal. This effect is known as delay spread. This time width of the signal is relative 

to the type of wireless channel. A common measure to characterize the delay spread 

in indoor communications channel is the power delay profile [67]. The power delay 

profile is obtained through taking field measurements by transmitting a short pulse and 

measuring the received power with respect to delay at various locations in a small area. 

The measurements are averaged to plot the averaged received signal power versus delay. 

The second statistical moment of power delay profile is referred to as root mean square 
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(rms) delay spread (στ ). Typically delay spread is used to characterize wireless channels, 

is highly dependent on the environment. For outdoor wireless channels, the delay spread 

is in the range of few microseconds while for indoor wireless channels, it is in the range 

of few nano seconds. It also depends on the carrier frequency used for transmission [67]. 

In general, the performance of wireless communication system is characterized by 

the relationship between delay spread and time duration of the transmit symbol. If the 

rms delay spread is much lesser than the symbol duration (Ts), then the impact on the 

performance of the communication system is less. This is referred to as flat-fading. On 

the other hand, when the rms delay spread is much greater than the symbol duration, 

then this condition is referred to as time-dispersive fading or frequency selective fading. 

Since power delay profile is an empirical quantity that depends on the environment, for 

the purposes of computer simulation, we compare the performance of chaotic commu­

nication systems for a fixed power delay profile with fixed number of multipaths in a 

multipath propagation environment. 

Broadly, the channel behaviour is classified as follows: 

• When Ts >> στ , the channel is known as flat fading channel 

• When Ts < στ , the channel is known as frequency selective fading channel 

In most common multipath fading channels, the distortion caused by ISI is more 

dominant compared to AWGN channel. This effect of ISI is reduced by performing 

equalization at the receiver. The focus of the thesis is to perform blind equalization at 

the receiver to combat the effect of ISI. 

4.2 Blind Equalization Problem Formulation 

Consider an equivalent model of a digital communication system as shown in Figure 4.1. 

For the purpose of simplicity, we will consider Figure 4.2 wherein the effects of transmit 
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Figure 4.1: Block diagram of digital communication system
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Figure 4.2: Simplified model of digital communication system 

filter, transmission medium and receive filter are all included in the channel. 

We will consider a discrete-time equivalent baseband model. Let x(n) denote the 

transmitted symbol drawn from a finite alphabet. At the transmitter, the information 

symbols are transmitted through a multipath fading channel whose finite impulse re­

sponse is hk(.), k ∈ [0,M − 1]. If T is the sampling period, the output of the channel is 

given by, 

M−1N 
y(n) = hk(n)x(n − k) + v(n) = x T (n)h(n) + v(n) (4.9) 

k=0 

where v(n) is zero mean additive white Gaussian noise with variance σv 
2 , x(n) = [x(n), ..., x(n− 

M + 1)]T and h(n) = [h0(n), ..., hM−1(n)]
T . 

The problem of blind equalization is to reconstruct the original data sequence x(n) 

applied to the channel input using the received signal y(n) with probabilistic and sta­

tistical information about x(n) by designing a blind equalizer. 

The key assumptions made to solve the problem is that, 

• The data sequence x(n) is independent and identically distributed with 
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zero mean and unit variance such that
 

E[x(n)] = 0 (4.10)
 

⎧ ⎪⎪⎨ ⎪⎪⎩
 

1 if k = n,
 
E[x(n)x(k)] =	 (4.11)
 

0 if k = n.
 

where E is the statistical expectation operator. 

•	 The data sequence x(n) is uniformly distributed and produced from a 

known source alphabet. 

4.3	 System Model for Direct Chaotic Spread Spectrum Communication 

System 

In this section, we will address the problem of joint channel estimation and data recovery 

for a chaos digital communication system using chaos based blind equalization methods 

for multipath fading channels. 

We now consider a DC-SS communication system with binarized chaotic spreading 

sequence with binary phase shift keying (BPSK) data symbols. 

The transmitted signal can be expressed in a complex baseband structure as [82], 

√ 
j(wct+φ)s(t) = 2Pc(t)b(t)e	 (4.12) 

where P is the power of the signal, wc is the carrier frequency and φ is the carrier phase. 

The binarized chaotic spreading waveform c(t), that is obtained by quantizing logistic 

map in Equation 2.3 about its mean for a given spread ratio N = 16 and the data 

waveform b(t) is given by [82], 
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∞N 
c(t) = cipTc (t − iTc) (4.13) 

i=−∞ 

∞N 
b(t) = bnpTb (t − nTb) (4.14) 

n=−∞ 

where ci and bn are discrete spreading sequences and discrete data sequences respectively, 

pτ (t) denotes a rectangular pulse of unit height with duration τ , Tc is the chip duration, 

and Tb is the symbol duration. The spreading ratio is defined as N = Tb/Tc. The data 

symbol sequence bn consists of independent BPSK symbols (±1) with equal probability. 

The multipath fading channel is modeled as an L + 1 transversal filter with tap 

spacing equal to Tc. The baseband impulse response is expressed as [82], 

LN 
h(t) = αl(t)e

jφl(t)δ(t − lTc) (4.15) 
l=0 

where the tap coefficients αl(t)ejφl(t) are modeled as complex Gaussian random process 

with zero mean varying slowly in time. The received signal is expressed as, 

r(t) = h(t) ⊗ s(t) + η(t) (4.16) 

where ⊗ is a convolution operator. 

L√ N 
j[ψl+wc(t)]r(t) = 2P αle c(t − lTc)b(t − lTc) + η(t) (4.17) 

l=0 

where ψl = φl +wclTc +φ, η(t) is an independent complex Gaussian noise process with 

zero mean and variance ση
2 . By assuming slow fading, we can remove the dependence of 

α and ψ on time as observed in Equation 4.17 [82]. 

Assuming perfect carrier and symbol synchronization at the receiver [83], the kth 

output sample of the chip-matched filter after down conversion with a normalizing factor 
1 

of √ is given by [82], 
2PTc 
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LN 
rk = zlck−lbk−l/Ns + ηk (4.18) 

l=0 

where zl / αlejψl is a complex Gaussian random variable with zero mean and variance 

corresponding to multipath intensity profile and ηk is a white Gaussian noise sequence. 

The problem we will address in this thesis is multipath blind channel equalization 

from the received samples using MNPE, MPSV and KF based schemes in order to 

reconstruct the original symbol sequence. 

4.3.1 MNPE Based Multipath Equalization 

In this section, we propose to apply MNPE method to equalize the channel distortion 

from received samples. 

By assuming the communication channel model as h(t), the sampled received signal 

can be expressed as, 

r(t) = h(t) ⊗ s(t − τ) + η(t) (4.19) 

where ⊗ is a convolution operator, η(t) is the channel noise and τ is the channel delay. 

The received signal r(t) is sampled by the analog to digital converter (ADC) in the 

receiver at time instants t = kTi where Ti is the sampling period of the ADC. Without 

loss of generality, we assume that the sampling period of the ADC, Ti and the chip 

duration, Tc have the following relationship: Ti = Tc/M , where M is an integer sufficient 

to satisfy Nyquist sampling criterion. 

Under perfect synchronization, sampled received signal can be expressed as, 

r(k) = h(k) ⊗ s(k) + η(k) (4.20) 

A matched filter is used at the sampled received signal whose output signal is given 

by, 
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rt(k) = g(k) ⊗ r(k) = h(k) ⊗ s̄(k) + ηt(k) (4.21) 

where g(k) = g(t) |t=kTi , ηt(k) = g(k)⊗η(k) is the band-limited noise, s̄(k) = g(k)⊗s(k). 

Let the equalizer be represented by a finite impulse response (FIR) filter whose filter 

coefficients q(k), k = 0, 1, ..., Lq −1. The output of the equalizer y(k, q) can be expressed 

as, 

y(k, q) = q(k) ⊗ rt(k) (4.22) 

If the equalizer is the inverse of the channel response h(k), i.e., q(k) ⊗ rt(k) is a Dirac 

delta function, i.e., 

y(k, q) = q(k) ⊗ (h(k) ⊗ s̄(k) + ηt(k)) 

= s̄(k) + q(k) ⊗ ηt(k) 

The problem we address using MNPE method is the estimation of equalizer coeffi­

cients q from the received samples {r(k), k = 1, 2, ..., K}. The estimated parameters are 

used to construct the original symbol stream. 

Since the symbolic dynamic spreading code ci as in Equation 4.13 is generated from a 

chaotic dynamical system as in Equation 2.3, the spreading code retains important prop­

erties such as short term predictability even after loosing detailed information content 

in the form of symbolic dynamics. The chaotic symbolic dynamics can be approximated 

using nonlinear models [84]. 

The application of radial basis function (RBF) network for system identification 

using chaotic symbolic dynamics for AR model is explained in [84]. In this paper, RBF 

network is used to accurately model the chaotic symbolic dynamics [84]. In the thesis, 

a RBF network is used to approximate the nonlinearity f of c(n) which is given by, 
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c(n) = g(c(n − 1)) + ξc(n) (4.23) 

where g(.) is the RBF, c(n) is the chaotic symbolic spreading code and ξc(n) is the 

approximation error. Hence the logistic function describing the symbolic dynamics is 

approximated by RBF predictor and fed to MNPE method. RBF network is used 

because of its good approximating ability and good convergence [84]. 

The RBF network consists of three layers, namely, the input layer, hidden layer and 

the output layer. The neurons in the hidden layer are known as RBF centres and the 

output layer sums up the outputs from the neurons in the hidden layer. Mathematically 

we have, 

NN −Ic(n − 1) −KiI2 

g(c(n − 1)) = wi exp (4.24)
2σ2 

ii=1 

where I is the Euclidean norm, wi’s are the weights of the neurons which connect 

the hidden layer and the output layer, Ki is the ith RBF center and σi 
2 is its width. 

The standard deviation σi is determined using k-nearest neighbour method, i.e., σi = 

k IKj − KiI2)1/2(1/k)( , where k is chosen as 2. The initial centres are randomly j=1 

taken from the training set. It is found that RBF with fixed centre 7 achieves the 

best performance. In the thesis, Gaussian RBF is used. The output layer weights are 

determined by LS approach. The spreading code c(n) is available for training the RBF 

network. 

The MNPE based blind equalizer equalizes for linear filtering effect caused by the 

multipath fading channel. The received signal is passed through the inverse filter, ẑ. 

When the multipath fading channel is modeled using an FIR filter, the inverse filter 

employed at the receiver can be approximated to a finite order AR system for practical 

applications such as channel equalization [77]. The truncated filter is denoted by ẑ = 

[ẑ1, ẑ2, ..., ẑL] where L is the number of taps of the equalizer. The output of the inverse 
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Figure 4.3: MSE error (dB) in estimating the channel coefficients of the multipath fading 
channel for MNPE method in DC-SS communication system 

filter after approximation is given by, 

un / rn + ẑT rn−1 (4.25) 

where rn−1 = [rn−1, rn−2, ..., rn−L]T . 

We define the non-linear prediction error (NPE) as optimization criterion for inverse 

filtering, 

N 
VMNPE (q) = 

1 
N

[un − g(un−1)]
2 (4.26)

N 
n=d 

where d is the embedding dimension, N is the length of the signal vector. 

The equalizer tap coefficients are obtained by minimizing NPE in Equation 4.26, i.e., 
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q̂ = arg min(VMNPE (q)) (4.27) 
q 

With the estimate of q being applied to the equalizer, the transmitted symbol can 

be recovered. The plot showing the estimation of channel coefficients is shown in Figure 

4.3. Minimizing NPE is a non-linear optimization problem. A simplex search method 

is employed which utilizes the gradient of the objective function to find the optimal 

solution. The convergence of the method is affected by measurement noise. When the 

measurement noise is strong, the surface of the non-linear function becomes rougher. 

When the measurement noise is weak, the surface of the non-linear function is relatively 

smooth and simplex algorithm finds global minimum [77]. In practical applications, 

since we use a truncated inverse filter with a finite order, this may degrade the channel 

estimation performance. 

4.3.2 MPSV Based Multipath Equalization 

In this section, we propose to apply MPSV based method to equalize the channel dis­

tortion from received samples. 

The spreading signal ci generated using a chaotic dynamical system is analyzed by 

embedding it into a phase space of suitable dimension. The spreading signal is a symbolic 

dynamic representation of the chaotic dynamical system. The concept and application 

of symbolic dynamics to represent one dimensional chaotic maps is explained in detail 

in [85]. 

The phase space volume (PSV) of the signal ci in the embedded Euclidean space Rm 

at resolution ε is given by [76], 

∞N 
V m(ci) = V m(A) = lim inf | Mk |m (4.28)

ε→0 
k=1 
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where A = {ci = (ci, ci+1, ..., ci+m−1) | i = 1, 2, ...}, and Mk is an ε−cover of A, i.e., �∞A ⊂ k=1 Mk with 0 <| Mk |� ε and the diameter | Mk |= sup{I cij − cik I: cij , cik ∈ 

Mk}. When t → 0, the PSV is equivalent to m−dimensional Hausdorff measure if A is 

a subset of Rm . In other words, if ci has an attractor that unfolds in a finite dimensional 

phase space, then a finite subcover exists for the attractor and V m < ∞ [76]. 

It has been proved analytically, numerically and experimentally that FIR filters gen­

erally preserve the dimension of the attractor [86][87]. This is because FIR filters tend 

to induce a diffeomorphism between the original and filtered attractor [87]. 

From Equation 4.18, the filtered time series under noiseless condition at the receiver 

is given by, 
LN 

rk = zlck−lbk−l/Ns (4.29) 
l=0 

In this section, we shall justify the method of applying MPSV to DC-SS communi­

cation system. Recall the logistic map (Chapter 2), whose dynamics is characterized by 

the mapping 

f :I → I 

xn  → f(x) := 4xn−1(1 − xn−1), (4.30) 

where I = [0, 1]. Next, we define the following map: 

⎧ ⎪⎨ 

c :I → {0, 1} 

1, xn ∈ [0, 0.5); 
xn  → c(xn) := (4.31)
⎪⎩
 0, xn ∈ [0.5, 1]. 

For some initial condition xn ∈ I, consider the sequence obtained by applying c on the 

orbit of x under f :     
C(x) := c(x), c (f(x)) , c f 2(x) , . . . . 

All the sequences obtained in this manner starting from various initial conditions xn ∈ I 

form a subset of the set of all sequences over the alphabet {0, 1}. We call this subset 
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of sequences, the set of admissible sequences, denoted by Σ. We can now think of Σ as 

a dynamical system, endowed with a dynamical map induced by the map f on I. This 

dynamical map on Σ is just the following “shift” operation: 

σ :Σ → Σ 

(c0, c1, c2, . . . )  → (c1, c2, . . . ). (4.32) 

The discussion presented in [85] shows that a one-to-one correspondence can be made 

between admissible sequences C ∈ Σ and points p in the Cantor Set (see [85] for an 

introduction to the Cantor Set), by considering C as the sequence of bits occurring in 

the binary representation of p. First, we note that the Cantor Set can be embedded in 

R, and therefore its topological dimension is 1. Since Σ is topologically equivalent to 

the Cantor Set, we conclude that Σ has topological dimension 1 as well. Furthermore, 

the map induced on the Cantor Set by σ is a smooth diffeomorphism. Therefore, the 

dynamical system (Σ, σ) satisfies the axioms of Theorem 1 of [86]. Theorem 2 of [86] 

establishes that when the output of a dynamical system satisfying the axiom, when 

passed through a finite order non recursive filter, the topological dimension does not 

change. 

Now we describe the method we use to generate the spreading sequence. We first 

choose randomly an initial condition x0 ∈ I on this dynamical system. We evolve the 

system starting at x0 for the length of N steps, generating the sequence of points 

X = (x0, x1 . . . xN ). 

Next, we map X to its corresponding truncated symbolic sequence and relabel the 0 and 

1 to −1 and 1 respectively as: 

CN (x0) := (−1)c(x0), (−1)c(f(x0)) . . . (−1)c(f
N −1(x0)) . 

This CN (x0) is our spreading sequence. 
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Now let us consider BPSK modulation symbols {−1, +1}. For every +1 symbol 

being transmitted, the symbolic sequence is same as the modulated sequence such that, 

c :I → {0, 1} 

1, xn ∈ [0, 0.5); 

⎧ ⎪⎨ 
xn  → c(xn) := (4.33)
⎪⎩
 0, xn ∈ [0.5, 1]. 

CN (x0) := (−1)c(x0), (−1)c(f (x0)) . . . (−1)c(f
N −1(x0))
 

For every −1 symbol being transmitted, the symbolic sequence can be interpreted such
 

that,
 

⎧ ⎪⎨ 

c :I → {0, 1} 

0, xn ∈ [0, 0.5); 
xn  → c(xn) := (4.34)
⎪⎩
 1, xn ∈ [0.5, 1]. 

CN (x0) := (−1)c(x0) , (−1)c(f (x0)) . . . (−1)c(f
N −1(x0)) 

By this interpretation, we are only changing the symbolic representation without 

changing the generating partition and the critical point. Hence the set of admissible 

sequences and the topological entropy of the dynamical system (Σ, σ) remains the same 

because there is no change in the critical point. By converse of Theorem 1 and Theorem 2 

[86], we can conclude that the modulated data does not change the topological dimension 

of the dynamical system and hence its dimension does not change even after passing 

through a finite order non recursive filter. 

Since chaotic spreading sequence ci is embedded in the transmitted signal, a dynamic 

measure called “phase space” can be used to minimize the inter-symbol interference 

(ISI) introduced by the multipath fading channel. In order to apply PSV measure to 

minimize ISI and estimate the channel coefficients, inverse filter approach is employed. 
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The received signal is passed through an inverse filter whose output is embedded in 

phase space of suitable dimension and the channel estimates are obtained by minimizing 

the phase space volume. The basic idea is that, since a chaotic spreading sequence is 

employed at the transmitter, the demodulated signal at the receiver occupies a finite 

dimensional “volume” when embedded in phase space. Due to inherent nature of the 

chaotic spreading signal, a complexity measure based on phase space volume (PSV) 

can be used to estimate the channel coefficients by inverse filter approach. It is based 

upon the fact that the PSV of the chaotic process is negligible for dimensions higher 

than the true dimension of the chaotic attractor [88]. The receiver has knowledge about 

the chaotic attractor dimension employed for spreading the information signal at the 

transmitter. With the knowledge of the attractor dimension used for chaotic spreading, 

the PSV can be minimized by adjusting the parameters of the inversely filtered signal 

by time delay embedding with a dimension of atleast 2d + 1 where d is the attractor 

dimension of ci. Random signals do not show any regular behaviour in low dimensional 

phase space and hence its volume is expected to be relatively large [88]. The parameters 

of the inverse filter will approach the true channel coefficients estimates when the PSV 

of its output signal is low. 

The algorithm is summarized as follows: 

• Given the received signal, {rk, k = 1, 2, ..., N} from Equation 4.18, con-

I I
struct an inverse filter of order p and coefficients aj s; 

• Apply rk to the input of the inverse filter, whose output is given by, 

I 
j=pN I

zk = rk − aj rk−j 
j=1 

• Embed zk into m- dimensional phase space using the delay coordinate, i.e., 

zk = (zk, zk+1, ..., zk+m−1), where m ≥ 2d + 1 is the embedding dimension 

64
 



of the chaotic attractor in Equation 2.3. The minimum phase space volume
 

(MPSV) is computed as follows 

N−m+1N 
min V (zk) = min min | zi − zj | ×...× | zi+(m−1) − zj+(m−1) |I I I I j  =ip ,a1,a2,...,ap i=1 

The calculation of V (zk) is approximated [76] by, 

NN 
V (zk) = min | zi1 − zj1 | ×...× | zim − zjm | (4.35) 

i =j
i=1 

where zik is the kth component of the vector zi. In the delay embedding coordinate 

study, zik = zi+k where k is the number of chips for embedding. The main burden in 

the computation of PSV is the multiplication. That is, each embedding point in the 

sequence is multiplied by m − 1 points. The total number of multiplications for a single 

sequence is therefore, 

N ∗ (N − 1) ∗ (m − 1) (4.36) 

where N is the length of the spreading sequence and m is the embedding dimension. 

The channel coefficients are obtained by minimizing the phase space volume of the 

inversely filtered signal and equalization is done by using minimum mean square error 

(MMSE) equalization [36]. The obtained channel coefficients are considered as true 

channel estimates from MPSV method and the equalization is then performed. The 

schematic of MPSV for blind channel equalization is shown in Figure 4.4. The idea of 

using MMSE is to find the set of coefficients a[k] for every sample time k so as to reduce 

the error between desired signal and equalized signal a[k] ⊗ r[k] [36]. 

E(e[k])2 = E(s[k] − a[k] ⊗ r[k])2 (4.37) 

E(e[k])2 = E(s[k])2 − a T Rrs − Rsra) + a T Rrra (4.38) 
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Figure 4.4: Channel estimation using an Inverse filter employing MPSV algorithm 

where e[k] is the error for every sample k, a is the column vector having [K ×1] equalizer 

coefficients, r is the column vector storing received samples, K is the number of taps 

of the equalizer, Rrs = E(rs[k]) is the cross correlation between received sequence and 

input sequence, Rsr = E(s[k]rT ) is the cross correlation between received sequence and 

input sequence and Rrr = E(rrT ) is the autocorrelation of the received sequence. We 

need to find the set of coefficients a which minimizes the error E(e[k])2 . 

To find the MMSE, we differentiate Equation 4.38 with respect to a equating it to 0. 

∂ 
[E(s[k])2 − a T Rrs − Rsra) + a T Rrra] = 0	 (4.39)

∂a

− Rsr + Rrra = 0 (4.40) 

a = R−1 
rr Rsr 

On simplifying, 

Rsr	 = E(s[k]r T )
 

= E(s[k](ˆ
hs[k] + η)T )
 

= ĥT E(s 2[k])
 

Rrr	 = E(rr T ) 

= E(ˆhT )E(s 2[k]) + ˆ	 hThˆ hE(s[k]η) + E(s[k]η)ˆ + E(η2) 

= E(ĥĥT )E(s 2[k]) + E(η2) 

where ĥ is the estimated channel coefficients using MPSV method, E(s2[k]) is the 

energy of the spread signal and E(s[k]η[k]) = 0 as there is no correlation between the 
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spread signal and noise, Rsr = ĥT E(s2[k]) and Rrr = E(ĥĥT )E(s2[k]) + E(η2). Here 

E(η2) is the variance of noise. 

4.3.3 KF Based Multipath Equalization 

In this section, we shall overview Kalman filter based multipath channel equalization 

[89] for DC-SS communication system. 

The sampled received signal in Equation 4.20 can be written as, 

r(n) = h(n)s T (n) + η(n) (4.41) 

where η(n) is zero-mean additive Gaussian noise with variance ση
2, transmitted spread 

sequence s(n) = [s(n), ..., s(n − L + 1)]T and h(n) = [h0(n), ..., hL−1(n)]
T . 

A time varying channel can be modeled using a lower order auto-regressive (AR) 

models which can capture the channel tap dynamics and Kalman filter can be applied 

to track the channel estimates [90]. Assuming AR model for the channel, h(n) can be 

expressed as, Np
h(n) = A(i)h(n − i) + w(n) (4.42) 

i=1 

where w is zero mean Gaussian noise with variance σw 
2 and A is the state transition 

matrix given by, 

⎤⎡ ⎢⎢⎢⎢⎣
 

0.99 0 0 

0 0.99 0 

0 0 0.99 

⎥⎥⎥⎥⎦
 

The state space equations for applying Kalman filter in matrix notation is given by, 

h(n) = Ahn−1 + w(n) (4.43) 

r(n) = s(n)h(n) + η(n) (4.44) 
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where s(n) represented the transmitted spread sequence, h(n) are the channel taps at 

time instant n, w and η are uncorrelated white noise sequences with covariances Q and 

R respectively. The channel tap vector is given by, 

h(n) = [h0(n), h1(n), ..., hNs (n)]
T (4.45) 

where Ns is the length of the estimated channel impulse response. The covariance matrix 

Q = E{w(n)w(n)T } and is assumed to be nearly zero given by, 

⎤⎡ ⎢⎢⎢⎢⎣
 

1 × 10−8 0 0 

0 1 × 10−8 0 

0 0 1 × 10−8 

⎥⎥⎥⎥⎦
 

The measurement noise covariance R is ση 
2 . Under perfect symbol synchronization, the 

output of the matched filter collected upto time n is given by, 

r n = {r(n), r(n − 1), ..., r(0)} (4.46) 

Now the Kalman filter is applied to the assumed channel and signal model as given 

in Equation 4.43 and Equation 4.44. The conditional probabilities in recursive form is 

given by, 

1 n n p(s | r n) = p(r(n) | s , r n−1)p(s n−1 | r n−1) (4.47) 
c 

where p(sn | rn) is the probability of the possible data sequence given the measurement 

rn and c is normalization constant. As given in the analysis in [91], it can be shown that 

nthe likelihood p(r(n) | s , rn−1) is determined by Kalman filter estimate as , 

n p(r(n) | s , r n−1) = N(r(k); ̂r(n | n − 1), σ2(n | n − 1)) (4.48) 
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where N(x; mx, σx
2) denotes Gaussian distribution with mean mx and variance σx

2 . The 

estimated signal r̂(n | n − 1) is computed from conditional channel estimates which is 

given by, 

NsN 
r̂(n | n − 1) = ĥ  

m(n | n − 1)s(n − m) (4.49) 
m=0 

where ĥ  
m(n | n − 1) is given by the conditional mean of hm(n) on the data sequence, 

under the AR model as described in Equation 4.42 that is given by, 

ĥ(n | n − 1) = E[ĥ | s n , r n−1] (4.50) 

By incorporating Equations 4.43 4.44 4.49, the first order Kalman filter to estimate the 

channel coefficients is given below. The receiver uses Kalman filter to effectively track 

the channel coefficients and employs MMSE equalization using the estimated channel 

coefficients from Kalman filter as in Equation 4.39. The iteration of Kalman filter starts 

with the spread sequence which is known at the receiver. It recursively computes ĥ(n) 

based on (assumed reliable) spreading sequence, received signal and previous channel 

estimate ĥn−1. In the next step, the current estimated channel coefficient from Kalman 

filter is used to perform equalization using MMSE [36]. 

The Kalman filter equations for time update and measurement update to estimate 

the channel coefficients is given as follows, 

ĥ(n | n − 1) = Aĥ(n − 1 | n − 1) (4.51) 

P (n | n − 1) = AP (n − 1 | n − 1)AT + Q (4.52) 

K(n) = P (n | n − 1)s/(s T (n)P (n | n − 1)s(n) + R) (4.53) 

ĥ(n | n) = ĥ(n | n − 1) + K(n)(r(n) − s(n)ĥ(n | n − 1)) (4.54) 

P (n | n) = P (n | n − 1) − K(n)s T (n)P (n | n − 1) (4.55) 
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where P (n | n − 1) is the error covariance matrix, P (n | n) is the correction covariance 

matrix, K(n) is the Kalman gain. 

4.4	 Results and Discussion of Blind Equalization Techniques in Direct 

Chaotic Spread Spectrum Communication System 

The performance of MPSV, MNPE, Kalman filtering based blind equalization tech­

niques were analyzed for DS-SS communication system for multipath fading channel 

with Rayleigh fading coefficients. The number of multipaths were fixed at M=3 and 

power delay profile was fixed as 0, -3 and -6 dB. There is a line of sight (LOS) path 

with two multipaths, very typical to a Rician fading channel. The multipath channel 

coefficients have independent Gaussian distribution with zero mean and variance corre­

sponding to power delay profile. The number of taps of the equalizer was fixed at L=7. 

The equalization performance were averaged over 1000 independent realizations of the 

fading channel. 

The performance was compared by plotting the BER for various values of SNR as 

shown in Figure 4.5. 

At very low SNR, MPSV computes the channel coefficients more accurately with 

higher computational load compared to Kalman filter and MNPE. The performance of 

the algorithms is compared to equalization with perfect channel approach. By perfect 

channel approach, equalization is performed having prior knowledge of the distribution of 

the multipath fading channel. Hence this is set as a benchmark for comparison. Kalman 

filter considers the effect of measurement noise while computing the channel estimates 

and hence it performs better than MNPE at low SNR. The performance of MNPE is 

affected by measurement noise. It is because at lower SNR the surface of the nonlinear 

function is rough while at higher SNR the surface of the nonlinear function is smooth. 
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Figure 4.5: Comparison of blind equalization schemes in direct chaotic spread spectrum 
communication system in a multipath fading channel 

The equalization performance of MPSV is quite close the perfect channel approach. At 

7.7 dB, the performance of MNPE equals the performance of Kalman filter algorithm 

and performs slightly better at higher values of SNR. The computational load of MPSV 

is greater than Kalman filter and MNPE, hence it performs better at all the ranges of 

SNR. Compared to the unequalized signal, there is an improvement of 1.5 dB for all the 

ranges of SNR. The discrepancy with other algorithms and perfect channel approach is 

due to residual ISI. At lower SNR, there is an improvement gain of approximately 0.8 

dB using Kalman filter compared to unequalized result. At SNR ranges from 3 dB - 10 

dB, there is an improvement gain of more than 1 dB compared to unequalized result. 

The performance gain of MNPE improves over increasing values of SNR. Beyond 6 dB, 

71
 



there is an improvement gain of more than 1 dB compared to unequalized result. 

4.5	 System Model for Differential Chaos Shift Keying Spread Spectrum 

Communication System 

We now consider a DCSK communication system. Basically the information bit is 

represented by two chaotic sequences. The first sequence carries the reference sequence 

while the second sequence carries the information. The second sequence is an inverted 

or non-inverted chaotic sequence for representing one of the bits, either “0” or “1”. Let 

2β be the spreading factor, which is the number of chaotic samples for each bit where β 

is an integer. During the jth bit duration, the output of the transmitter ck is given by, 

⎧ ⎪⎪⎨ ⎪⎪⎩
 

xk if 1 < k ≤ β, 
ck =	 (4.56) 

±xk−β if β < k ≤ 2β. 

where xk is a chaotic signal generated from Equation 2.3. 

The transmitted signal with DCSK spreading can be expressed in a complex baseband 

structure as [82], 

√ 
j(wct+φ)s(t) = 2Pc(t)b(t)e	 (4.57) 

where P is the power of the signal, wc is the carrier frequency, φ is the carrier phase, c(t) 

is the DCSK spreading code, and b(t) is the information bit. The spreading waveform 

c(t) and the data waveform b(t) is given by [82], 

c(t) = 
∞N 

i=−∞ 

cipTc (t − iTc) 

b(t) = 
∞N 

n=−∞ 

bnpTb (t − nTb) 

(4.58) 

(4.59) 
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where ci and bn are discrete DCSK spreading sequences and discrete data sequences 

respectively, pτ (t) denotes a rectangular pulse of unit height with duration τ , Tc is 

the chip duration, and Tb is the symbol duration. The spreading ratio is defined as 

Ns = Tb/Tc. The data symbol sequence bn consists of independent BPSK symbols (±1) 

with equal probability. 

The multipath fading channel is modeled as an L + 1 transversal filter with tap 

spacing equal to Tc. The baseband impulse response is given by [82], 

LN 
h(t) = αl(t)e

jφl(t)δ(t − lTc) (4.60) 
l=0 

where the tap coefficients αl(t)ejφl(t) are modeled as complex Gaussian random process 

with zero mean varying slowly in time. The received signal is expressed as, 

L√ N 
j[ψl+wc(t)]r(t) = 2P αle c(t − lTc)b(t − lTc) + η(t) (4.61) 

l=0 

where ψl = φl + wclTc + φ, η(t) is an independent complex Gaussian noise process 

with zero mean and variance ση 
2 . By the assumption of slow fading channel, we can 

remove the dependence of α and ψ on time as observed in Equation 4.61 [82]. 

Assuming perfect carrier and symbol synchronization at the receiver [83], the kth 

output sample of the chip-matched filter after down conversion with a normalizing factor 
1 

of √ is given by [82], 
2PTc 

LN 
rk = zlck−lbk−l/Ns + ηk (4.62) 

l=0 

where zl / αlejψl is a complex Gaussian random variable with zero mean and variance 

corresponding to multipath intensity profile and ηk is a white Gaussian noise sequence. 

This received signal is fed to the adaptive blind equalizer whose output is delayed by 

half bit period and correlated with undelayed signal to produce the output bit stream. 
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The thesis focusses on multipath blind channel equalization from the received samples 

using MNPE, MPSV and EKF schemes in order to reconstruct the original symbol 

sequence. 

4.5.1 MNPE Based Multipath Equalization 

In this section, we propose to apply MNPE method to equalize the channel distortion 

from received samples. 

By assuming the communication channel model as h(t), the sampled received signal 

can be expressed as, 

r(t) = h(t) ⊗ s(t − τ) + η(t) (4.63) 

where ⊗ is a convolution operator, η(t) is the channel noise and τ is the channel delay. 

The received signal r(t) is sampled by the analog to digital converter (ADC) in the 

receiver at time instants t = kTi where Ti is the sampling period of the ADC. Without 

loss of generality, we assume that the sampling period of the ADC, Ti and the chip 

duration, Tc have the following relationship: Ti = Tc/M , where M is an integer sufficient 

to satisfy Nyquist sampling criterion. Under perfect synchronization, sampled received 

signal can be expressed as, 

r(k) = h(k) ⊗ s(k) + η(k) (4.64) 

The matched filter output at the receiver is given by, 

rt(k) = g(k) ⊗ r(k) = h(k) ⊗ s̄(k) + ηt(k) (4.65) 

where g(k) = g(t) |t=kTi , ηt(k) = g(k)⊗η(k) is the band-limited noise, s̄(k) = g(k)⊗s(k). 

Let the equalizer be represented by a finite impulse response (FIR) filter whose filter 

coefficients q(k), k = 0, 1, ..., Lq −1. The output of the equalizer y(k, q) can be expressed 

as, 
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y(k, q) = q(k) ⊗ r(k)
 

If the equalizer is the inverse of the channel response h(k), i.e., q(k) ⊗ r(k) is a Dirac 

delta function, i.e., 

y(k, q) = q(k) ⊗ (h(k) ⊗ s̄(k) + ηt(k)) 

= s̄(k) + q(k) ⊗ ηt(k) 

The problem we address using MNPE method is the estimation of equalizer coeffi­

cients q from the received samples {r(k), k = 1, 2, ..., K}. The estimated parameters are 

used to construct the original symbol stream. 

Suppose the state evolution of chaotic dynamical system can be described by m 

dimensional mapping of the form, 

sn+1 = F(sn) (4.66) 

where sn is the state at time n and F : Rm → Rm is a diffeomorphism which has a 

dissipative chaotic attractor. The spreading sequence in Equation 4.56 can be expressed 

by cn = Φ(sn), where Φ : Rm → R is a smooth function. Since the transmitted signal 

is spread using a chaotic spreading code, represented by a chaotic dynamical system, 

it can be predicted on a short term using the deterministic equation describing the 

chaotic dynamical system. According to Takens embedding theorem [92], reconstruction 

is defined by, (Φ(sn), Φ(F(sn)), ..., Φ(F
d−1(sn))) = [cn, cn+1, ..., cn+d−1]

T , is an embedding 

when d ≥ 2da + 1, where da is the dimension of the attractor in Equation 4.66. The 

embedding means that the measured signal can be modeled using a nonlinear prediction 

function such that cn = f(cn−1), where cn−1 = (cn−1, cn−2, ..., cn−d). In other words, 

there is a nonlinear function which can model the chaotic spreading sequence generated 
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Figure 4.6: Block diagram of applying MNPE to DCSK communication system 

at transmitter. In some applications where the functional form f(.) is unknown, it can 

be approximated using neural networks. For the purpose of equalization, we assume 

that the function f(.) is known at the receiver. 

The MNPE method equalizes for linear filtering effect introduced by the multipath 

fading channel. When the multipath fading channel is modeled as an FIR filter, an in­

verse filter employed at the receiver can be approximated to a finite order AR system for 

practical applications such as channel equalization [77]. When impulse responses of the 

channel order greater than L tend to zero, then AR model of order L is a good approxi­

mation of FIR channel model. The truncated filter is denoted by ĝ = [ĝ1, ĝ2, ..., ĝL] that 

gives the LS estimate of the channel coefficients, where L is the number of taps of the 

equalizer. The block diagram of MNPE application to DCSK communication system is 

shown in Figure 4.6. The received signal is passed through an inverse filter. The output 

of the inverse filter after approximation is given by, 

un / rn + ĝT rn−1 (4.67) 

where rn−1 = [rn−1, rn−2, ..., rn−L]T . The inverse filter produces an output un that tends 

to approximate the chaotic spread sequence employed at the transmitter. In other words, 
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Figure 4.7: MSE error (dB) in estimating the channel coefficients of the multipath fading 
channel for MNPE method in DCSK communication system 

in the absence of channel noise, if the inverse is exact inverse of the original system, then ⎧ ⎪⎪⎨ ⎪⎪⎩
 

cn if cn = f(cn−1), 
un = (4.68) 

−cn if cn = −1 × f(cn−1). 

Mathematically, un = f(un−1) if the inverse system can deconvolve the chaotic spread 

signal perfectly, where un−1 = [un−1, un−2, ..., un−d]T . We define the non-linear prediction 

error (NPE) as optimization criterion for inverse filtering , 

NN
N 

n=d 

1
 
VMNPE (q) = [min(en+, en−)]

2 (4.69)
 

en+ = un − f(un−1) (4.70) 
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en− = un − (f(un− 1) ×−1) (4.71) 

where min is the minimum function, N is the length of the signal vector and q are 

the coefficients of the equalizer. The error en+ indicates the use of original non-linear 

function f , whereas the error en− indicates the use of non-linear function multiplied 

“ − 1""by . The NPE criteria is employed to obtain the prediction error of the inverse 

filter output based on chaotic spread signal transmitted which is either of cn or −cn. It 

exploits the short term predictability of the chaotic signal. The equalizer tap coefficients 

are obtained by minimizing NPE, i.e., 

q̂ = arg min(VMNPE (q)) (4.72) 
q 

With the estimate of q being applied to the equalizer, the transmitted symbol can 

be recovered. The estimation of channel coefficients is shown in Figure 4.7. Minimizing 

NPE is a non-linear optimization problem solved using simplex search method as de­

scribed earlier. The simplex search method uses the gradient of the objective function 

to find the optimal solution. The convergence of the method is affected by measurement 

noise. When the measurement noise is strong, the surface of non-linear function be­

comes rougher. When the measurement noise is weak, surface of non-linear function is 

relatively smooth and global solution is obtained. By minimizing the NPE function, the 

equalizer coefficients are obtained, which is used to construct the original transmitted 

symbol sequence using the correlator at the receiver. For practical applications such as 

channel equalization, the estimate of equalizer coefficients may degrade due to the use 

of truncated inverse filter of finite order at the receiver. 

4.5.2 MPSV Based Multipath Equalization 

The received chaotic signal is analyzed by embedding it into a phase space of suitable 

dimension. For example, the chaotic signal generated using a logistic map as in Equation 
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2.3 is shown in Figure 4.8 and its phase space representation is shown in Figure 4.9. We
 

see that though a chaotic signal behaves randomly, it follows a well defined map in phase 

space. 
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Figure 4.8: Waveform representation of a chaotic signal generated using logistic map 

The phase space volume (PSV) of the signal ck in the embedded Euclidean space Rm 

at resolution ε is given by [76], 

∞N 
V m(ck) = V m(A) = lim inf | Mk |m (4.73)

ε→0 
k=1 

where A = {ck = (ck, ck+1, ..., ck+m−1) | k = 1, 2, ...}, and Mi is an ε−cover of A, i.e., 

A ⊂ 
�∞ Mi with 0 <| Mi | ε and the diameter | Mi |= sup{I cki−ckj I: cki, ckj ∈ Mi}.i=1 

When t → 0, the PSV is equivalent to m−dimensional Hausdorff measure if A is a subset 

of Rm . In other words, if ck has an attractor that unfolds in a finite dimensional phase 

space, then a finite subcover exists for the attractor and V m < ∞ [76]. 
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Figure 4.9: Phase space volume of a chaotic signal generated using logistic map 

From Equation 4.62, the filtered time series under noiseless condition at the receiver 

is given by, 
LN 

rk = zlck−lbk−l/Ns (4.74) 
l=0 

In this section, we shall justify the method of applying MPSV to DCSK-SS commu­

nication system. Recall the logistic map (Chapter 2), whose dynamics is characterized 

by the mapping 

f :I → I 

xn  → f(x) := 4xn−1(1 − xn−1), (4.75) 

where I = [0, 1]. 

We first choose randomly an initial condition x0 ∈ I on this dynamical system. We 

evolve the system starting at x0 for the length of N steps, generating the sequence of 
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points
 

X = (x0, x1 . . . xN ). 

For every +1 symbol being transmitted, the chaotic spreading sequence is given by, 

X1 = {x1, ..., xN , x1, ..., xN } 

For every −1 symbol being transmitted, the chaotic spreading sequence is given by, 

X−1 = {x1, ..., xN , −x1, ..., −xN } 

It is important to note that there is no change in the dynamical system that describes 

the map f that generated X1 and X−1. The modulated sequence can be represented as 

X ∈ {X1, X−1} which is a set of sequences obtained from the same dynamical system 

described by f . Hence the set of admissible sequences and the topological entropy of 

the dynamical system remains same even after modulation. Therefore the dynamical 

system f satisfies the axioms of Theorem 1 and Theorem 2 of [86]. By converse, it is 

proved that the modulated chaotic spreading sequence does not alter the dimension of 

the system even after passing through an FIR filter of finite order. 

Since the received signal is chaotic at the baseband, a dynamic measure called “phase 

space” can be used to minimize the inter-symbol interference (ISI) introduced by the 

multipath fading channel. To apply phase space volume (PSV) measure to minimize ISI 

and estimate the channel coefficients, inverse filter approach is employed. The sampled 

received signal after demodulation is passed through an inverse filter whose output is 

embedded in phase space and the channel estimates are obtained by minimizing the 

phase space volume. The basic idea is that, the received signal occupies a finite di­

mensional “volume” when embedded in phase space. It is based upon the fact that 

PSV of chaotic process is negligible for dimensions higher than the true dimension of 

the chaotic attractor [88]. The receiver has knowledge about the chaotic attractor em­
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ployed for spreading the information signal at the transmitter. With the knowledge of 

the chaotic attractor used for spreading, the PSV can be minimized by adjusting the 

parameters of the inversely filtered signal by time delay embedding. 

In order to apply phase space volume (PSV) measure to minimize inter-symbol inter­

ference and estimate the channel coefficients, inverse filter approach is employed. The 

received signal is passed through an inverse filter whose output is embedded in phase 

space and the channel estimates are obtained by minimizing the phase space volume. 

The PSV of the inverse filter output is greater than the PSV of the chaotic signal used 

for spreading due to the presence of multipath fading and additive white Gaussian noise 

in the channel. 

The algorithm is summarized as follows: 

•	 From the received signal {rk, k = 1, 2, ..., N} in Equation 4.62, construct 

an inverse filter of order p 
I 
and coefficients aj 

I 
s; 

•	 Apply rk to the input of the inverse filter, whose output is given by, 
I 

j=pN I 
zk = rk − aj rk−j 

j=1 

•	 Embed zk into m- dimensional phase space (m ≥ 2d + 1, d is the attractor 

dimension of the chaotic spreading sequence as in Equation 2.3) using the 

delay coordinate, i.e., zk = (zk, zk+1, ..., zk+m−1), where m is the embed­

ding dimension of the chaotic signal in Equation 2.3. The minimum phase 

space volume is computed (MPSV) as follows 
N−m+1N 

min V (zk) = min min | zi − zj | ×...× | zi+m−1 − zj+m−1 |I	 I I I j=ip ,a1,a2,...,ap i=1 

The calculation of V (zk) is approximated [76] by, 

NN 
V (zk) = min | zi1 − zj1 | ×...× | zim − zjm |	 (4.76) 

i=j
i=1 
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where zik is the kth component of the vector zi. In the delay embedding coordinate 

study, zik = zi+k where k is the number of chips for embedding. The main burden in 

the computation of PSV is the multiplication. That is, each embedding point in the 

sequence is multiplied by m − 1 points. The total number of multiplications for a single 

sequence is therefore, 

N ∗ (N − 1) ∗ (m − 1) (4.77) 

where N is the length of the chaotic spreading sequence and m is the embedding dimen­

sion. 

The channel coefficients are hence obtained by minimizing the phase space volume 

of the inversely filtered signal and equalization is done by using minimum mean square 

error (MMSE) equalization [36]. The obtained channel coefficients are considered as true 

channel estimates from MPSV method and the equalization is then performed. The idea 

of using MMSE is to find the set of coefficients a[k] for every sample time k so as to 

reduce the error between desired signal and equalized signal a[k] ⊗ r[k] [36]. 

E(e[k])2 = E(s[k] − a[k] ⊗ r[k])2 (4.78) 

E(e[k])2 = E(s[k])2 − a T Rrs − Rsra) + a T Rrra (4.79) 

where e[k] is the error for every sample k, a is the column vector having [K ×1] equalizer 

coefficients, r is the column vector storing received samples, K is the number of taps 

of the equalizer, Rrs = E(rs[k]) is the cross correlation between received sequence and 

input sequence, Rsr = E(s[k]rT ) is the cross correlation between received sequence and 

input sequence and Rrr = E(rrT ) is the autocorrelation of the received sequence. We 

need to find the set of coefficients a which minimizes the error E(e[k])2 . 

To find the MMSE, we differentiate Equation 4.79 with respect to a equating it to 0. 
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∂ 
[E(s[k])2 − a T Rrs − Rsra) + a T Rrra] = 0	 (4.80)

∂a

− Rsr + Rrra = 0 (4.81) 

a = R−1 
rr Rsr 

On simplifying, 

Rsr	 = E(s[k]r T )
 

= E(s[k](ˆ
hs[k] + η)T )
 

= ĥT E(s 2[k])
 

Rrr	 = E(rr T ) 

= E(ˆhT )E(s 2[k]) + ˆ	 hThˆ hE(s[k]η) + E(s[k]η)ˆ + E(η2) 

= E(ĥĥT )E(s 2[k]) + E(η2) 

where ĥ is the estimated channel coefficients using MPSV method, E(s2[k]) is the 

energy of the spread signal and E(s[k]η[k]) = 0 as there is no correlation between the 

spread signal and noise, Rsr = ĥT E(s2[k]) and Rrr = E(ĥĥT )E(s2[k]) + E(η2). Here 

E(η2) is the variance of noise. 

4.5.3 EKF Based Multipath Equalization 

In this section, we propose to apply EKF based multipath channel equalization for 

differential chaos shift keying communication system. The blind equalization based on 

EKF incorporates channel model into non-linear state space representation so as to track 

the multipath channel parameters and the transmitted sequence. 

The transmitted signal is affected by additive white Gaussian noise and multipath 

fading channel can be expressed as, 

L−1N 
hi rk = kck−i + wk	 (4.82) 

i=0 
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Since the state equation has unknown coefficients hk, EKF cannot be applied directly 

without having an explicit model for hk. It is reasonable to assume that the channel 

coefficients are varying slowly in time and hik, i = 0, 1, ..., L − 1 can be modeled using 

autoregressive model [78]. For convenience we can express hk using vector notation as, 

L−1

hk = Φihk−i + vk (4.83) 
i=0 

0 1 L−1]Twhere vk = [vk, vk, ..., v k is a zero mean white Gaussian noise with process noise 

covariance matrix Qv = E[vk
T vk] and 

N 

⎤⎡ 

Φi = 

⎢⎢⎢⎢⎢⎢⎢⎣
 

φ0 
i 0 · · · 0 

0 φ1 · · · 0i 

. . ... . . ... . . 

φL−10 0 · · · i 

⎥⎥⎥⎥⎥⎥⎥⎦
 

Assuming the reference sequence generated by the following chaotic system, 

xn = f(xn−1, xn−2, xn−d) (4.84) 

The transmitter in DCSK can be expressed as, 

xn = F(xn−1) (4.85) 

where
 ⎤⎡⎤⎡ 
0 0 · · · 0 0
⎥⎥⎥⎥⎥⎥⎥⎦
 

xn + 

⎢⎢⎢⎢⎢⎢⎢⎣
 

f(xn) 

0
 
.
 .
 .
 

⎥⎥⎥⎥⎥⎥⎥⎦
 

⎢⎢⎢⎢⎢⎢⎢⎣
 

1 0 · · · 0 0
 
F(xn) = 

. . ... .
 . .
.
. .
 .
 

0 0 · · · 1 0 0 

The augmented state space equation of DCSK communication can be written as, 

xn = F(xn−1) + G(vn) (4.86) 

rn = h(xn) + wn (4.87) 
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where G = [IL 0 . . . 0]T . 

The EKF algorithm can be used to estimate the chaotic sequence x̂n and the channel 

estimates during the reference sequence period 1 < k ≤ β. Because of unknown sign 

during the information sequence period β < k ≤ 2β, EKF cannot be applied directly 

to estimate the chaotic sequence. The demodulation method to retrieve the chaotic 

sequence is explained below, 

•	 Project the channel coefficients forward in time based on channel model 

which is obtained by applying EKF algorithm to the reference sequence 

period. 

•	 The information sequence is retrieved by applying MMSE equalization 

[36] as shown in Equation 4.39 to the obtained channel coefficients in the 

previous step and the received signal rn. The obtained reference sequence 

in the previous step is correlated with the information sequence to decide 

whether the transmitted bit is either “0” or “1”. 

By applying EKF algorithm to the received signal rn, we estimate the state vector xn 

which is the equalized estimate of the information sequence and the channel response. 

The EKF algorithm estimates the state of the system at a given instant and uses feedback 

mechanism to update its estimates [93]. It is composed of two sets of equations, namely 

time update equation and measurement update equation. Time update equation is used 

to obtain a priori estimate for the next time step by projecting forward the current 

state and error covariance estimates. Measurement update equation is used to obtain a 

better posteriori estimate by incorporating a new measurement into the priori estimate. 

The EKF is formulated as a mixed parameter and state estimation model. The EKF 

equation for the augmented system is given as follows. 
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ˆTime -Update Equations: The one step prediction of Xn, Xn,n−1 is, 

X̂n = F(X̂n−1) (4.88) 

and the covariance matrix of the prediction error is, 

Pn,n−1 = φn−1Pn−1φ
T + Qn (4.89)n−1 

where φn is the Jacobian of F(.) with respect to X̂n and Qn is the correlation matrix 

WTof Wn, i.e.,Qn = E[Wn n ]. 

Measurement -Update Equations: The filtered estimate of state Xn is given by, 

X̂n = X̂n,n−1 + Kn(yn − G(X̂n,n−1)) (4.90) 

where Kalman gain Kn is, 

Kn = Pn,n−1Γ
T
n−1{Γn−1Pn,n−1Γ

T
n−1 + Rn}−1 (4.91) 

Γn is the Jacobian of G(.) with respect to X̂n, Rn is the measurement noise variance 

and the covariance error in X̂n is given by, 

Pn = (I − KnΓn−1)Pn,n−1 (4.92) 

The convergence of Kalman gain in Equation 4.91 denotes the convergence of param­

eters and identification of states in the augmented state-space model. The method needs 

information about the variances of measurement noise and coefficient noise model. The 

Kalman gain is updated according to F(X̂n−1) and the channel model automatically. 

However, the filter will stabilize only when Qn and Rn are constants. In general, when 

EKF is applied to chaotic system, it may show non-periodic oscillation behaviour [94]. 
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Figure 4.10: Comparison of blind equalization schemes in differential chaos shift keying 
spread spectrum communication system in a multipath fading channel 

4.6	 Results and Discussion of Blind Equalization Techniques in Differ­

ential Chaos Shift Keying Spread Spectrum Communication System 

The performance of MNPE, MPSV and EKF equalization schemes is evaluated for 

DCSK-SS communication system for multipath fading channel with Rayleigh fading 

coefficients. The number of multipaths were fixed at M=3 and power delay profile was 

fixed as 0, -3 and -6 dB. There is a line of sight (LOS) path with two multipaths, very 

typical to a Rician fading channel. The multipath channel coefficients have independent 

Gaussian distribution with zero mean and variance corresponding to power delay profile. 

The equalization performance were averaged over 1000 independent realizations of the 

fading channel. The comparison of the equalization performance schemes is shown in 

Figure 4.10. 

The performance of MPSV is very close to the perfect channel approach. In perfect 
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channel approach, the distribution of the multipath fading channel is assumed to be
 

known at the receiver. By having prior information about the distribution of the mul­

tipath fading channel, it gives the best performance in terms of BER. Hence it is used 

as a benchmark for comparison. Though MPSV performs slightly better than MNPE 

and EKF, its computational complexity is high. As the transmitted signal is chaotic 

in nature, the original transmitted sequence can be reconstructed through the use of 

inverse filter by minimizing the phase space volume. Though its only trade off is the 

computational load against the equalization performance. Beyond 14 dB, the equal­

ization performance of MPSV is same as perfect channel approach. At lower values 

of SNR, there is a performance improvement of nearly 2 dB over unequalized signal. 

The gain becomes more prominent as the SNR value increases. Especially beyond 4 dB 

SNR, the gain is approximately more than 3 dB. In case of MNPE method, for SNR 

values of 3 dB and above, it achieves a gain of 2 dB improvement. The computational 

load of MNPE is slightly more than EKF. The performance of MNPE is slightly better 

than EKF at higher SNR. EKF on the other hand takes very less computation time 

compared to MNPE. At lower values of SNR, the three algorithms perform very close to 

one another. The slight deviation in the performance of EKF from MPSV and MNPE 

especially at higher SNR is because of non-convergence of Kalman gain when used for 

filtering chaotic signals [94]. The discrepancy in the performance of blind channel equal­

ization algorithms compared to perfect channel approach is because of residual ISI in 

the received signal. 

4.7 Contribution of the Chapter 

The main contribution of this chapter is application of chaos based blind multipath 

channel equalization schemes such as minimum phase space volume, minimum nonlin­

ear prediction error and extended Kalman filter to perform blind equalization for chaotic 
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spread spectrum communication systems. With computer simulations, we have evalu­

ated the performance of these blind equalization methods for DC-SS and DCSK-SS. 
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Chapter 5
 

Comparison of Blind Adaptive Channel Equalization
 

Schemes with Conventional Constant Modulus
 

Algorithm
 

For further benchmark comparisons and evaluations, we consider the case of performing 

blind channel equalization using the conventional constant modulus algorithm (CMA) 

on a conventional spread spectrum communication system where PN sequence is used as 

a spreading code. In this chapter, we also compare the performance of CMA with chaos 

based blind equalization algorithms on chaos communication systems using computer 

simulations. The obtained results are also verified experimentally by performing blind 

channel equalization on data collected from software defined radio in off-line mode for 

an indoor wireless channel. 

5.1 Constant Modulus Algorithm 

Godard was the first to propose the method of performing blind equalization using 

constant modulus algorithm in 1980 for two-dimensional digital communication systems. 

Constant Modulus algorithm is a special case of Godards algorithm [95]. This algorithm 

uses the modulus property of the source signal to implement blind channel estimation. 

The objective of the algorithm is to minimize the cost function defined by constant 

modulus criterion. It penalizes deviations in the modulus value of the equalized signal 

from the fixed value. This fixed value is called constant modulus factor and is expressed 
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as,
 
E{| sn |4}

γ = (5.1)
E{| sn |2} 

Consider the system model as given in Figure 5.1. The modulated source symbol sn 

is transmitted through an FIR channel with AWGN sequence vn. The channel output 

sequence yn is fed into a constant modulus (CM) based channel estimator using a FIR 

adaptive equalizer. The output of the adaptive filter rn, is monitored for deviation from 

a constant modulus using the CMA cost function and an error signal obtained from 

the observation is fed to the CM adaptive algorithm. The algorithm updates the filter 

coefficients to force the received symbols rn, as close as possible to the constant modulus. 

The error estimate is given by, 

e(n) = γ− I r(k) I2 (5.2) 

When binary phase shift keying modulation is used, the source symbols have a con­

stant modulus of 1 which means | sn |2= 1. Then CM factor γ becomes 1. The error 

estimate is then, 

e(n) = 1− I r(k) I2 (5.3) 

The objective of the blind equalizer at the receiver is to construct a weight vector w 

such that 
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rn = w H yn = x̂n (5.4) 

where wH represents complex conjugate of the weight vector. 

The cost function is given by, 

J(w) = E[(| rn |2 −1)2] (5.5) 

The weight update of the FIR adaptive filter is given by stochastic gradient method 

and is, 

wn+1 = wn − µ \ J(wn) (5.6) 

where the step size µ > 0. 

The gradient is given by, 

\J(wn) = 2E{(| rn |2 −1). \ (w H yny H w)} (5.7)n 

\J(wn) = 2E{(| rn |2 −1).(ynyn
H w)} (5.8) 

\J(wn) = 2E{(| rn |2 −1).(ynrn)} (5.9) 

Now, by replacing expectation operator with instantaneous value, 

(n)H rn = w yn (5.10) 

(n+1)w = w(n) − µyn(| rn |2 −1).(rn) (5.11) 

The advantage of employing CMA algorithm is the robustness to carry recovery 

offset. When binary phase shift keying is used as a modulation technique to transmit 

the symbols, knowledge of absolute phase is not required for symbol detection [95] [71]. 

From the cost function in Equation 5.5, it can be observed that the equalizer adaptation 

algorithm does not require carrier phase recovery. Because of the modulus operator on 

the cost function being based solely on the amplitude of the received signal, any phase 

shift of r produces the same result. As a result of this, the algorithm runs slowly and 
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the rate of convergence is slow. The convergence of error in CMA after 1000 iterations 

is shown in Figure 5.2 . Finally, we arrived at the simple stochastic gradient descent 

based CMA that updates the filter coefficients from the equations above. However, Ding 

et. al. showed that there exists multiple local minima with non-optimal performance 

while implementing CMA algorithm for a finite order equalizer [96]. The importance 

of the result highlights the need for proper initialization strategy in applying blind 

equalization assuming a finite order equalizer. Although the algorithm is simple and 

easy to implement, the convergence of the filter coefficients takes time and inappropriate 

selection of the step size µ can make the algorithm unstable. This is the widely used 

and investigated algorithm for blind equalization of communication systems. 
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5.2	 System Model for Constant Modulus Algorithm in Direct Sequence 

Spread Spectrum Communication System 

In this section, we shall apply CMA for blind channel equalization for a direct sequence 

(DS) spread spectrum (SS) communication system. Assume a single user for direct 

sequence code division multiple access communication system (DS-CDMA) using binary 

phase shift keying modulation (BPSK) to transmit the symbols. The block diagram of 

the model is shown in Figure 5.3. The user transmits binary sequence s(n) ∈ {1, −1} 

using BPSK with a symbol period Tb. The symbol sequence s(n) is spread by a PN 

sequence of length L with chip duration of Tc. The spreading gain of the system is 

given by L = Tb/Tc. The PN spreading sequence can be represented in the form of 

a vector given by c = [c(0), c(1), c(l), ..., c(L − 1)]T , where c(l) ∈ {1, −1} and (.)T is 

a transpose operator. The coefficient of the multipath channel in the vector form is 

h = [h(0), h(1), h(l), ..., h(Nh − 1)] where Nh denotes the length of the channel. This is a 

tapped delay line model for frequency selective fading with finite impulse response. The 

additive white Gaussian noise, w(lTc), is independent of the symbol sequence and has 

zero mean with variance σw
2 . At the receiver, the channel output is fed to an adaptive 

blind equalizer/inverse filter. The output of the blind equalizer/inverse filter is de-

spread using the same PN spreading sequence and a decision device is used to get back 

the original transmitted symbol sequence. 

We now compare the equalization performances of MPSV, MNPE and Kalman filter 
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based blind equalization schemes with CMA. The multipath channel model is the same 

as seen in chapter four comparison and number of inverse filter taps for the equalizer was 

fixed at 7. The spreading gain used for comparison is 16. The BER plots were obtained 

for different values of SNR with different equalization schemes. 

5.3 Simulations and Results 

The comparison of the schemes is shown in Figure 5.4. At all the ranges of SNR, it is 

seen that chaos based blind equalization schemes such as MPSV and MNPE significantly 

performs better than conventional CMA. The computational complexity of MPSV is 

greater than MNPE, Kalman filter and CMA. MNPE on the other hand has greater 

computational complexity compared to Kalman Filter. Of all the algorithms used for 

comparison, CMA has the least computational complexity. The initial estimates of the 

channel were obtained using LS method for both MPSV and MNPE methods. MPSV 

and MNPE uses the knowledge in the dynamics of the spreading code generated by a 

chaotic signal such as phase space volume and non-linear prediction error, to efficiently 

equalize the multipath fading channel. In case of MNPE, when the measurement noise 

is strong, simplex search algorithm falls into local minimum. On the other hand, it is 

observed that CMA suffers from the problem of converging to local minima. The MPSV 

equalized result outperforms CMA by more than 1 dB performance gain at lower values 

of SNR. Both chaos based techniques MPSV and MNPE consistently performs better 

than CMA for all the ranges of SNR. Comparing the result of CMA with perfect channel 

approach, there is a marginal difference in the equalized results. Even at higher SNR, 

there is a degradation of more than 0.5 dB. 
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Figure 5.4: Comparison of chaos based blind equalization schemes with constant mod­
ulus algorithm for DSSS 

5.4	 System Model for Constant Modulus Algorithm in Differential Chaos 

Shift Keying Spread Spectrum Communication System 

In this section, we shall apply CMA for blind channel equalization for DCSK-SS com­

munication system. Assume a single user for differential chaos shift keying code division 

multiple access communication system (DCSK-CDMA) using binary phase shift keying 

modulation (BPSK) to transmit the symbols. The block diagram of the model is shown 

in Figure 5.5. The user transmits binary sequence s(n) ∈ {1, −1} using BPSK with 

a symbol period Tb. The symbol sequence s(n) is spread by a chaotic code sequence 

of length L with chip duration of Tc. The spreading gain of the system is given by 

L = Tb/Tc. The DCSK form of spreading is as in Equation 4.56. The spreading sequence 
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Figure 5.5: Block diagram of constant modulus algorithm in differential chaos shift 
keying spread spectrum communication system 

can be represented in the form of a vector given by c = [c(0), c(1), c(l), ..., c(L − 1)]T , 

where c(l) ∈ {1, −1} and (.)T is a transpose operator. The coefficient of the multipath 

channel in the vector form is h = [h(0), h(1), h(l), ..., h(Nh − 1)] where Nh denotes the 

length of the channel. This is a tapped delay line model for frequency selective fading 

with finite impulse response. The additive white Gaussian noise, w(lTc), is independent 

of the symbol sequence and has zero mean with variance σw
2 . At the receiver, the chan­

nel output is fed to an adaptive blind equalizer/inverse filter. The output of the blind 

equalizer/inverse filter is delayed by a half bit period and correlated with undelayed 

signal from the blind equalizer and a decision device is used to get back the original 

transmitted symbol sequence. 

We now compare the performances of MPSV, MNPE and Extended Kalman filter 

(EKF) based blind equalization schemes with CMA for DCSK-SS communication sys­

tem. The multipath channel model, spreading factor and the number of inverse filter 

taps is same as that of DC SS simulations in chapter four. 
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5.5 Simulations and Results 

The comparison of the schemes is shown in Figure 5.6. It is observed that the perfor­

mance of MPSV is better than MNPE, EKF and CMA. The initial estimates of the 

channel are obtained using LS method for both MNPE and MPSV. With only drawback 

being the computational load for MPSV, it gives the best performance in terms of bit 

error rate (BER) compared to the other schemes. When the baseband output is chaotic, 

MPSV taps the dynamics of phase space volume which is an inherent characteristic of 

chaotic signal in order to find the parameters of the channel. The obtained channel 

estimates are used to perform equalization using MMSE method. At lower values of 

SNR, MPSV shows superior performing by achieving close to 1 dB gain improvement 

over CMA result. For SNR value between 6 dB - 12 dB, the gain improvement of MPSV 

over CMA also increases. MNPE on the other hand, assumes the functional form of 

chaotic signal to minimize the prediction error by non-linear optimization technique 

to find the coefficients of the equalizer taps. With a slightly more computation time, 

MNPE performs slightly better than EKF. At lower values of SNR, MNPE performs 

slightly better than CMA while for higher values of SNR, beyond 6 dB, MNPE achieves 

a improvement in gain of 1 dB compared to equalized performance of CMA. The equal­

ization performance of EKF is also better than CMA. EKF has higher computational 

load compared to CMA. However for higher values of SNR, EKF performs slightly better 

than CMA although the performance gain is improved compared to unequalized result. 

This is attributed to the instability of Kalman filter in filtering noisy chaotic signals [94]. 

Compared to perfect channel approach, there is 1 dB performance degradation of CMA 

result at higher values of SNR. Hence with computer simulations, we observe that chaos 

based blind equalization methods perform better than conventional blind equalization 

method like CMA which is a strong motivation to employ chaos based communication 

systems for multipath fading channels. 
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Figure 5.6: Comparison of blind equalization schemes for differential chaos shift keying 
spread spectrum communication system 

5.6 Results using Experimental Data from Software Defined Radio (SDR) 

The experimental test bed for SDR is explained in chapter two and is also shown in Figure 

5.7. The measurements for DC-SS communication system and DCSK-SS communication 

system were taken for an indoor frequency selective fading channel. The performance of 

communication system is improved by performing equalization at the receiver. We have 

already seen the comparison of various equalization schemes for DC-SS and DCSK-SS 

communication system using computer simulations. In this section, we shall prove the 

simulation results by performing equalization methods on experimental data collected 

from software defined radio. The data sampled using LABVIEW is processed offline 

using MATLAB. The receiver setup is shown in Figure 5.8. 

Without loss of generality, we shall assume that there is a line of sight component 

between the base station (transmitter) and master station (receiver). It is a reasonable 

assumption since the distance of separation between the transmitter and receiver is 
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Figure 5.7: Experimental test bed for software defined radio 

merely 3.65 metres. All wireless channels are assumed to be linear [35]. Hence it is also 

assumed that the channel is linear time invariant since neither the transmitter nor the 

receiver are in relative motion. Both are stationary within the indoor lab environment. 

For the purpose of comparison and evaluation, a total of six samples of the received 

signal were collected and equalized using various schemes for both DC-SS and DCSK-SS 

communication system for varying values of SNR ranging from 2 dB to 10 dB. Since 

the power of the transmitter is -17 dBm with the carrier frequency being 2.55 GHz, 

the maximum value of carrier to noise ratio was 10 dB for a fixed distance between the 

transmitter and receiver. The SMA attenuator was basically used at the transmitter 

control the values of SNR. With the transmitted signal power being fixed, it was not 

possible to obtain negative values of SNR with the available hardware limitations. In a 

practical scenario, SNR directly impacts the performance of WLAN. A high SNR means 

that the signal strength is stronger compared to the noise level, thereby it allows high 

101
 



Figure 5.8: Receiver setup using LABVIEW 

data rate of transmission with fewer re-transmissions. A lower SNR requires the WLAN 

to operate at lower data rates thereby decreasing the throughput. It is recommended 

to use around 20 dB as minimum SNR for signal coverage to define the boundary of 

each 802.11b/g access point [97]. Cisco communications company recommends 25 dB 

for their wireless voice telephony systems [97]. Hence the SNR range between 2 dB to 

10 dB is justified for the purpose of validation using an experimental setup. Since there 

is only one transmitter and receiver at 2.55 GHz carrier frequency in the experimental 

setup, there is no effect of noise from multiple users. However, in a practical CDMA 

communication system, we will have interference from neighbouring users operating at 

the same frequency band which cannot be eliminated. The purpose of experimental 

setup is to analyze the performance of chaos based blind equalization techniques in an 

indoor fading channel and compare its performance in terms of BER by processing the 

data collected in offline mode. The number of multipaths depends on the type of indoor 
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lab environment. Each sampled signal was equalized by assuming varying number of
 

multipaths and the best of the results were taken as wireless channel measurements 

were not made on-line. The simulation gave best results when the number of multipaths 

in the indoor lab environment were two. Throughout the simulations, for comparing the 

performance of chaos communication systems on experimental data and plotting their 

respective BERs, two multipaths were hence considered. 

The comparison of the performance of various blind channel equalization schemes for 

DC-SS communication system is shown in Figure 5.9. The equalization comparison for 

DCSK-SS communication system is shown in Figure 5.10. The results were averaged for 

six samples of the received signal for various values of SNR. The computer simulations 

were hence validated through experimental data from SDR. The propagation of electro­

magnetic waves within an indoor environment is a more complex multipath structure 

because of small objects around the lab. The spatial distribution of power at a distance 

d from the transmitter is generally a decreasing function of d. This is represented by 
1 

distance power law of the form P = where m is the pass loss exponent. 
dm 

The power at the receiver using the log distance path loss model is given by, 

dref 
Pr(d)dBm = 10 log[Pr(ref)] + 10 n log( ) (5.12)

d 

where Pr(ref) is expressed in mW , and is calculated using Friis formula [98], 

Ptλ
2 

Pr(dref ) = (5.13)
4π2d2 

ref 

where λ = 0.1176 m is the wavelength, Pt = 0.02 mW is the transmitter power, reference 

distance dref = 1 m. By substituting pass loss exponent m = 1.9, we get the received 

signal power is Pr(d)dBm = −68.2492 dBm which is approximately the measured value 

using the power spectrum analyzer at the receiver. 

From Figure 5.9, in case of DC-SS communication system, we observe that the per­
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Figure 5.9: Comparison various blind channel equalization schemes for DC SS commu­
nication system using experimental data 

formance of MPSV is better than other chaos based methods and CMA for all the values 

of SNR. KF based method performs better than CMA at all the values of SNR. At lower 

values of SNR, especially at 2 dB and 3 dB, the equalized result using MNPE and 

MPSV gives a performance improvement of more than 1 dB compared to CMA result. 

The improvement in the performance gain by chaos based techniques as compared to a 

conventional method such as CMA is due to the computational load involved. MPSV 

and MNPE are computationally more expensive compared to CMA and Kalman Filter. 

At all the values of SNR, we observe that chaos based methods outperform conventional 

technique such as CMA. 

Similarly, for DCSK-SS communication system, MPSV performs better than conven­
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Figure 5.10: Comparison various blind channel equalization schemes for DCSK SS com­
munication system using experimental data 

tional CMA for all the values of SNR. At low SNR value, 2 dB and 4 dB, MPSV gives 

a performance improvement of more than 1 dB compared to CMA result. At 8 dB, we 

observe a performance gain improvement of nearly 2 dB, by employing MPSV technique 

over CMA. The equalized result of MNPE shows a slight performance improvement at 

lower values of SNR. While at very high values of SNR, we observe a performance im­

provement of close to 2 dB when compared to conventional CMA. The equalized results 

of EKF perform better than CMA for all the values of SNR. The deviation in EKF 

compared to MPSV and MNPE is predominantly due to the instability of Kalman filter 

while filtering noisy chaotic signals. As the SNR of chaotic signal increases, we observe 

that the performance gain also increases compared to conventional CMA. To achieve a 
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greater improvement gain compared to conventional technique, the signal has to be more
 

chaotic in nature. It is also observed that all chaos based methods consistently perform 

better than conventional CMA for the obtained experimental data using software radio. 

In computer simulations, we have assumed a multipath channel of a particular power 

delay profile. In a real indoor environment, we have made certain approximations in the 

channel model for the purpose of comparing the equalization methods by performing 

signal processing in off-line mode, there is also a significant path loss between the trans­

mitter and receiver, and phase error due to possible mismatch in the low pass filter and 

local oscillator paths after phase compensation. As a result of which there is a certain 

degree of discrepancy between the experimental results and the validation through com­

puter simulations. From computer simulations and experimental results, we conclude 

that the performance of chaos based communication systems is better than conventional 

SS communication system in multipath fading channels. 

5.7 Contribution of the Chapter 

The main contribution of this chapter is comparing the performance of chaos based 

blind equalization schemes with conventional CMA for a conventional SS communica­

tion system in a multipath fading channel. The performance of CMA was also compared 

for DCSK-SS communication system. The results obtained were compared with chaos 

based blind equalization techniques using computer simulations. Furthermore, the re­

sults obtained using computer simulations were also validated by performing equalization 

techniques on experimental data collected from software radio in off-line mode for an 

indoor wireless channel. 
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Chapter 6 

Conclusion 

Chaos has been widely applied in engineering applications such as communications, 

image processing, nonlinear control system design, signal processing for speech, radar, 

and acoustic. Chaos has been explored in the area of communications because of its 

wide-band spectra, noise-like appearance, sensitive dependence on initial conditions, and 

security. Unless the receiver has knowledge about the parameters of the signal such as 

its exact initial condition, it is not possible to recover the original transmitted signal. 

Because of such inherent properties of chaotic signals, they are used as spreading codes 

for spreading a narrowband information signal. The thesis is motivated by the inher­

ent properties of chaotic signals that can be exploited to improve the performance of 

the communication system in multipath fading channels. The focus of the thesis is to 

compare the performance of blind equalization schemes such as minimum phase space 

volume, minimum non-linear prediction error method, extended Kalman filtering for 

chaotic spread spectrum communication system in a multipath fading channel. This 

chapter summarizes major contributions of the thesis. 

6.1 Summary and contribution 

In chapter two, the main contribution is the comparison on the performance of DC-SS 

communication system and DCSK-SS communication system using computer simula­

tions, analytical results and experimental data from SDR. The chapter briefly mentions 

the architecture of software radio used, description of analog RF front-end and the ex­

perimental setup by assuming AWGN channel. Software radio having the capability 

of supporting multiple radio standards with minimum hardware, it is necessary to test 
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the performance of chaos spread spectrum communication systems in software radio. In
 

this chapter, the experimental results were averaged over various values of SNR with 

WiMAX standard on software radio. The performance comparison in AWGN channel 

is important as it serves as a starting point in the analysis of practical communication 

systems in wireless fading channels. 

In chapter three, we study the performance of DC-SS and DCSK-SS communication 

system for flat fading Rayleigh channels using computer simulations and analytical ex­

pression for BER. An analytical expression derived by Mandal relating the performance 

of DCSK-SS communication system for flat fading Rayleigh channels is studied with 

computer simulations and numerical integration. The main contribution of this chapter 

is to compare the performance of chaos spread spectrum communication systems in an 

indoor frequency selective fading environment using experimental data from software 

radio. The performance of DC-SS communication system was better then DCSK-SS 

communication system. Comparing the performance of chaos spread spectrum commu­

nication systems in an indoor frequency selective fading channel using software radio 

has not been done so far. 

In chapter four, we briefly describe the application of chaos based blind equaliza­

tion techniques namely, minimum phase space volume, minimum non-linear prediction 

error method, and extended Kalman filtering. These methods were used to equalize 

a multipath fading channel for chaotic spread spectrum communication system. The 

main contribution of this chapter is comparing the performance of various equalization 

schemes for chaotic spread spectrum communication systems for a multipath fading 

channel using computer simulations. 

In chapter five, we briefly explain CMA based blind equalization method. We com­

pare the results of applying CMA on a conventional spread spectrum communication 

system with the chaos based blind equalization schemes using computer simulations. 
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The obtained results using computer simulations were also verified by processing exper­

imental data collected from software defined radio for varying values of SNR in off-line 

mode. For both chaos based communication systems, the equalization performance of 

MPSV is better than MNPE, KF based and CMA blind equalization methods for all 

the values of SNR. Hence the obtained results is a motivation to employ chaos based 

communication systems for multipath fading channels. 
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