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Abstract 

An important aspect of all spread spectrum receivers is synchronization. 

The harsh radio environment has necessitated the development of fast and 

robust techniques. Current techniques for direct sequence spread spectrum 

(DSSS) synchronization, although rapid, are not robust to multiple access in- 

terference. This is because they require the spreading codes of the multiple 

access network to have very good cross correlation properties. 

In this thesis, a novel technique for DSSS synchronization is investigated. 

This technique, termed as the eigenstructure technique, introduces a new ap- 

proach to synchronization, called soft synchronization, by which spread spec- 

trum despreading is performed with estimates of the spreading code obtained 

from the received signal, starting at an early stage. As more data is collected, 

the code estimate improves and so does the quality of the despread data. The 

key advantage of the soft synchronization technique is that excellent despread 

data can be obtained using imperfect, but early, code estimates. 

The eigenstructure technique exploits the cyclostationarity property of the 

DSSS signal. It can theoretically provide perfect code estimates for signals re- 

ceived in arbitrary levels of white background noise and with arbitrary timing 

offsets and is insensitive to frequency offsets on the received signal. It is applica- 

ble to DSSS signals with a constant modulus code and requires the knowledge 

of only the code repetition rate. The technique is robust to multiple access 

interference provided the users have different code repetition rates.
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Chapter 1 

Introduction 

Spread spectrum technology has come a long way from its original application in mil- 

itary communications, where it was used for its robustness to jamming. By definition 

(1, 7], spread spectrum is a modulation and demodulation technique in which the 

bandwidth of the transmitted signal is spread so that it is more than the minimum 

requirement for information transmission. However, certain modulation techniques 

such as FM and low-rate coding with increased transmission bandwidth are not, cat- 

egorized as spread spectrum. 

Spread spectrum technology is used today because of its additional properties, in- 

cluding low probability of intercept, multi-user capability, high resolution and ranging, 

robustness to multipath and narrowband interference, and accurate universal timing. 

Reference [2] discusses the commercial applications of spread spectrum. A relatively 

new application area for spread spectrum is packet radio networks [3]. Popularity of 

spread spectrum for wireless packet communication is on the increase because packet- 

based spread spectrum systems offer numerous advantages including improved signal 

capture and efficient allocation of resources resulting in improved throughput and de- 

lay performance. However, the primary challenge for implementing these systems is 

the rapid and robust synchronization requirement. The performance of a spread spec- 

trum system is limited by its synchronization capability since information recovery 

at the receiver cannot commence until this has been achieved. 

In this thesis, the spread spectrum synchronization problem is addressed. The
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problems encountered with the use of conventional acquisition techniques are ex- 

plained. A new technique that overcomes some of these problems by its “soft synchro- 

nization” capability is presented. The performance of this technique under a variety 

of conditions is demonstrated. Extensions to the basic algorithm are proposed and 

demonstrated. 

1.1 Synchronization in Spread Spectrum Systems 

Spread spectrum can be classified into two types, based on the means of achieving the 

bandwidth spreading. The first of these is direct sequence spread spectrum (DSSS) 

in which the information-bearing data signal is first modulated on (multiplied with) 

a high-rate digital signal known as the spreading code, so called because it creates a 

wider signal bandwidth. This signal is then modulated on the carrier before trans- 

mission. The rate of the spreading code, known as the chip rate, is typically much 

higher than that of the data. Consequently, the energy of the signal is spread over a 

much higher bandwidth and the spectral density correspondingly is lowered. At the 

receiver, the spreading code is removed by multiplication with a local replica. As a 

result that the spectral density of the information signal is raised back to its original 

level (its bandwidth collapsed to the message signal bandwidth), and the interfering 

signals are spread and removed. 

The second type of spread spectrum is frequency-hopped spread spectrum (FHSS). 

Here the data signal is sequentially modulated on a series of different carriers sep- 

arated from each other, effectively spreading the signal. The sequence of carriers is 

known as the hopping pattern. At the receiver, the signal is demodulated using the 

same sequence of reference signals to retrieve the information signal. ‘The advantages 

of FHSS are similar to those of DSSS. Figure 1.1 illustrates a spread spectrum signal. 

Implicit in the description above was the assumption that the receiver possesses 

the knowledge of the spreading code (or hopping pattern), as well as its timing (i.e., 

phase and frequency information). Only with the knowledge of both of these can 

successful demodulation of the data signal be accomplished; the lack of either of 

them means that the signal cannot be despread. The process of establishing at the 

receiver the necessary knowledge of the spreading code or hopping pattern is termed 

spread spectrum synchronization.
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Power spectral density 

Message signal 
Spread spectrum signal 

\ 

Figure 1.1: The power spectrum of a spread spectrum signal. 

  

1.2 The Importance of Synchronization 

Synchronization is very important because the data can be completely recovered 

only when the spreading code demodulation is performed with an exact local replica 

of the code. Spreading codes are designed to have good autocorrelation properties so 

that the system is robust to multipath interference. That is, the code which is syn- 

chronized to the principal component in the received signal suppresses any multipath 

component when multiplied with it. Figure 1.2 shows the ideal autocorrelation func- 

tion desired of a pseudonoise sequence (PN sequence, i.e., the spreading sequence). 

This means that if the local code is not synchronized with the code in the received 

signal, then the signal is not despread. Figure 1.3 illustrates the desirable alignment 

of the PN code. Since the width of the peak in the autocorrelation function is equal 

to two chip periods, a small offset is actually permissible. Typically the allowed offset 

is 1/4 or 1/2 of a chip. 

In a system in which information modulation is carried out right from the begin- 

ning of transmission, the longer the time required for synchronization, the greater the 

amount of information lost. Hence it is desirable to achieve synchronization as rapidly 

as possible. After the initial synchronization, it is equally important to maintain the 

synchronization during the entire period of information exchange for the same rea- 

sons. However the problem of maintaining synchronization is less difficult in practice 

than the initial synchronization. 

In military communications, spreading codes are periodically changed so as to
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0 
+ -T, 

Figure 1.2: Desired autocorrelation function of a PN sequence. 

reduce the possibility of interception of the signal. In such a situation, it is necessary 

to establish synchronization everytime the spreading code is changed. A similar 

situation exists in packet radio networks. Synchronization must be achieved for each 

received packet. But in this instance a preamble is provided for synchronization 

purposes and synchronization has to be achieved within the alotted period, failing 

which the packet is lost. 

All these factors lead to the requirement of increasingly rapid techniques for syn- 

chronization. Research in this area over the last few decades has yielded various 

techniques for synchronization. Chapter 2 is devoted to the explanation of the syn- 

chronization problem and the discussion of the conventional techniques for acquisition 

(initial synchronization). Some of the latest developments in this area are also dis- 

cussed. 

With the rapid growth in the employment of wireless communications, the radio 

environment has become very hostile. Typical examples are cochannel narrowband 

interference by other users of the same spectrum, multipath interference, and fre- 

quency selective fading. Use of code division multiple access (CDMA) allows multiple 

users of spread spectrum to share the same channel but at the same time causes in- 

terference. Furthermore, the system is often required to operate in low signal-to-noise 

ratio (SNR) environments. These factors increase the difficulty of the synchronization
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PN code in received signal 

        

  
  

              
PN code generated at the receiver 

      
Figure 1.3: Alignment of the locally generated PN code. 

problem using conventional techniques. More significant among these are the issues 

of Doppler and multiple access interference. Alleviation of the problem of multiple 

access interference requires the design of spreading codes for different users that are 

ideally orthogonal to each other. Development of codes with excellent crosscorrela- 

tion properties is not easy to accomplish, especially for linear feedback shift register 

(LFSR) sequences such as maximal length sequences and Gold sequences (although 

there are other sequences with better crosscorrelation properties [4]) which are among 

the more commonly used spreading codes. 

1.3. A New Technique for Synchronization 

One solution to the problem comprises the blind estimation of the spreading code 

without the a priori knowledge of its structure, timing or the Dopppler-shift. A tech- 

nique accomplishing this directly estimates the delayed and Doppler-shifted code at 

the receiver, which when used for despreading, eliminates the need for the determi- 

nation of the timing and for having to separately contend with the Doppler-shift. An 

advantage of such a technique is that the effect of multiple access interference in a 

CDMA system may be mitigated by choosing the spreading codes randomly from a 

set of codes with good crosscorrelation properties. This can be performed “on the fly” 

at, the beginning of each transmission interval, depending on the codes being used by
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the other users in the svstem at that time. 

The ezgenstructure technique, introduced in [5], is precisely such a technique. It 

is based on the dominanant mode despreader, first proposed in |6], and estimates the 

spreading code by exploiting its constant modulus property and the eigenstructure 

of the frequency-channelized DSSS signal. The technique provides perfect estimates 

of the spreading code under the assumptions of infinite time-averaging in the pres- 

ence of arbitrary levels of temporally-white background noise and for arbitrary codes 

satisfying the constant modulus property. 

This thesis describes the development of the eigenstructure technique and demon- 

strates the performance of the technique under finite time-average conditions. It is 

shown here how the technique introduces the capability of “soft synchronization”. 

“Soft synchronization” provides a continuously improved estimated code and timing 

as the data collection interval is increased. This allows for ‘gracefully’ improving 

despreading at an early stage of acquisition. In contrast, receivers using conven- 

tional acquisition techniques cannot perform despreading until complete acquisition 

has been achieved. When “soft synchronization” is employed, the improving estimate 

of the spreading code and timing results in an increasingly improved estimate of the 

message signal. 

A notable feature of this technique is that it is insensitive to frequency offsets in 

the signal that are greater than half the code-repetition rate. Any residual frequency 

offset can be removed at the higher despread SNR. 

This thesis also presents extensions and modifications of the algorithm that re- 

duce the computational complexity of implementation. The result obtained when the 

algorithm is applied in a multipath environment is theoretically derived. An alterna- 

tive implementation using time-channelization instead of frequency-channelization is 

proposed and demonstrated. The performance of the frequency-channelizer algorithm 

is simulated under a variety of conditions. 

Chapter 2 defines the stages of synchronization and provides an overview of con- 

ventional acquisition techniques. Chapter 3 briefly reviews the cyclostationarity prop- 

erty of a DSSS signal, which is exploited in the development of the algorithm for the 

blind estimation. The eigenstructure technique is described in detail and new exten- 

sions are proposed and analyzed. The results of computer simulation are presented
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in Chapter 4. In this chapter, the performance of the technique in various radio envi- 

ronments is demonstrated and compared with that of the classical RASE ! technique. 

Finally, in Chapter 5, conclusions are presented and possible future work is proposed. 

  

‘Rapid Acquisition by Sequential Estimation



Chapter 2 

Conventional DSSS Acquisition 

2.1 Introduction 

Traditionally, the problem of direct sequence spread spectrum synchronization is ad- 

dressed in two stages. The first of these involves the alignment of the PN code at the 

receiver as closely as possible with the transmitted code. Typically, this is carried out 

to within a fraction of a chip. This process of coarse synchronization is termed PN 

acquisition. The second stage involves maintaining this alignment of the local and 

transmitted codes by the use of closed-loop techniques. This process of fine synchro- 

nization is called PN tracking. Tracking of the PN code is typically required by the 

drift of the receiver clock and Doppler in the receiver. It is accomplished by employ- 

ing techniques very similar to those used for carrier tracking, i.e., techniques using 

phase-locked loops [7, 8]. The distinction between PN and carrier tracking is that the 

phase discriminator in a carrier-tracking loop is based on a simple multiplier, while 

the phase discriminator in a code-tracking loop is comprised of several multipliers, 

and often, pairs of filters and envelope detectors. 

While PN code-tracking forms an important part of DSSS synchronization, the 

aspect of PN acquisition is a more difficult issue. As such, only techniques for PN 

acquisition will be discussed here.
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Figure 2.1: PN code phase and frequency uncertainty regions. 

2.2 The Acquisition Problem 

The general problem in a DSSS receiver is that while the PN sequence itself may be 

known, the phase and frequency of the received signal are not. Also, generally the 

range of phase uncertainty of the PN code is the entire code length. It is assumed 

that the regions of phase and frequency uncertainty of the PN code are known at the 

receiver, and are given by AT and Aw respectively. Figure 2.1 illustrates this scenario. 

The common approach for detecting the exact phase and frequency is to correlate 

the received signal with the receiver-generated replica of the spreading code, pass it 

through a narrowband bandpass filter centered at a known frequency, and observe 

the output when this is passed through an energy detector, as shown in Figure 2.2. 

If the phase and frequency of the receiver-generated replica are indeed correct, the 

despread signal collapses in bandwidth and all the energy is concentrated within the 

bandwidth of the filter, which is detected by the energy detector. The phase and 

frequency of the locally generated PN code are determined by the control logic. The 

decision device may declare the phase/frequency to be correct for a range of values 

around the correct value. The actual range is determined by the autocorrelation 

function of the spreading sequence and the bandwidth of the IF filter.
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Bandpass | Energy _| Decision 

filter detector device 

Code-phase 
Local PN codex Control   

  

enerator logic 
6 Code-frequency         

    

Figure 2.2: Acquisition detector. 

2.3 Classification of Detector Structures 

Most of the techniques for acquisition are based on the method described above, 

wherein, a measure of the correlation between the received signal and the locally 

generated PN code is produced and evaluated to determine whether or not the codes 

are synchronized. These techniques usually differ in the type of (energy) detector 

used. 

Figure 2.3 illustrates the classification of detector structures [8]. One method of 

classification is based on the coherent or non-coherent nature of the system. The 

non-coherent technique is quite common and for this technique PN synchronization 

is achieved before carrier synchronization. A typical non-coherent acquisition system 

may include a correlator (multiplier) followed by a bandpass filter (BPF), with a 

center frequency equal to that of the carrier, and a square-law envelope detector !, an 

integrate-and-dump circuit and a threshold device. If a Doppler shift exists, it may 

be more desirable to carry out the acquisition after carrier-demodulation in order to 

simplify the acquisition process, for which the acquisition system is similar to the 

non-coherent case, with only the BPF being replaced with a lowpass filter (LPF) 

which is the lowpass equivalent of the BPF. 

A second method of classification is based upon the length of integration-time in 

the detector, i.e., whether it is fized or variable. The former is further categorized as 

single dwell and multiple dwell depending on whether detection of acquisition is based 

on the data processed by a single integration or several such integrations. Further 
  

1a square-law device followed by an envelope detector
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Figure 2.3: Classification of acquisition detectors. 

classifications of single-dwell detectors is based on whether they employ partial or full 

period code correlation. Mutiple dwell detectors are classified based on the verifica- 

tion algorithm they use. The verification algorithm, as the name indicates, verifies 

whether the decision of code acquisition, made based on a single observation, is cor- 

rect. The variable-integration type detectors comprise those in which the integration 

time required for threshold crossing (known as dwell-time) is allowed to vary. 

Another criterion for classification is the rate at which decisions are made on 

each code phase position of the locally generated PN code, known as a cell. Those 

employing passive correlation (e.g., matched filter) are classified under high-decision- 

rate detectors, since decisions in these are made at the chip-rate or its integer multiple. 

Those employing active correlation are categorized as low-decision-rate detectors, 

since decisions are made here at a rate much lower than the chip rate. 

A final basis of classification, depicted in Figure 2.3, is the criterion for performing 

hypothesis-testing on the synchronism of the code, e.g., Bayes (minimum average 

risk) and Neyman-Pearson (minimum probability of missed detection for a given 

false-alarm probability).
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2.4 Acquisition Techniques 

2.4.1 Classification 

The classification of acquisition schemes is illustrated in Figure 2.4. This differs from 

the classification of detectors in that it is not based on merely the detector structures, 

but rather on the acquisition techniques considered as a whole. Thus this is a more 

general classification of acquisition schemes and is based on criteria such as search 

strategy, sweep strategy for uncertainty region and kind of correlation. The following 

sections briefly describe the common acquisition techniques. 

2.4.2 The Fundamental Technique: Maximum Likelihood 

(ML) Algorithm 

Most acquisition schemes may be considered to have evolved from the fundamental 

scheme employing the mazimum likelihood algorithm. In this procedure, the received 

signal is correlated with all phases of the local PN code. In the strict implementation, 

all these correlations have to be done in parallel, so as to make the detector outputs 

correspond to the same observation of the received signal (with subsumed noise). 

Each detector could be of the form shown in Figure 2.2. Then the correct phase 

position is declared to be the one which yielded the maximum detector output. A 

more practically viable realization is the serial implementation of Figure 2.5. Here 

the correlations are performed serially, i.e., successively, and the detector outputs, 

stored. The decision is made as before, but only after all code-phase positions have 

been tested. 

This technique has the advantage that a definite decision on the code-phase will 

be made after a single examination of all the cells and the decision criterion is sim- 

ple. However, the disadvantage is that the entire uncertainty region will have to be 

examined. This means increased complexity for the parallel realization or increased 

search time (especially for long PN codes) for the serial realization. 

2.4.3 Serial Search Techniques 

The serial search technique was one of the first ones to be proposed. It was originally 

introduced by Sage [9]. In this original version, the phase of the local PN replica is
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Figure 2.5: Serial realization of the ML technique. 

varied linearly with respect to the received signal and the decision process to determine 

the correct phase is continuous. Hence it is called the sliding correlator. The decision 

is based on a threshold crossing. In comparision with the ML technique, this technique 

trades off accuracy to achieve shorter acquisition time. 

In the modern implementation of this technique, the local PN code-phase is in- 

cremented (or decremented) in discrete steps. The size of the step is determined by 

the margin within which acquisition is desired. Typically, this size is 1/2 or 1/4 of a 

chip. This is known as the stepping correlator. 

In the absence of any a priori information of the code phase, the sweep of the 

phase uncertainty region is uniform (i.e., the steps are equal) and unidirectional. 

Alternatively, the search begins in the region of highest certainty and expands to 

regions of lesser certainty. This is termed as an expanding window search. In the Z- 

type strategy, the search of the cells in the code-phase uncertainty region is performed 

in opposite directions in successive sweeps starting from the region of higher certainty, 

and thus follows the form of a ‘Z’. The last two sweep strategies are especially useful 

in the case of a long PN code. 

Techniques with unlimited search time are those in which the serial search contin- 

ues for as long as it takes to achieve acquisition, and acquisition is not required to be 

achieved within any fixed interval. (This does not mean that the speed of acquisition 

is not important.) This is usually the case when acquisition has to take place in 

the presence of data modulation on the PN code. In techniques with limited search 

time, the acquisition has to take place within a fixed alotted time, and with a high 

probability. These are often employed in packet transmission when data modulation 

follows a preamble which contains a training sequence used for acquisition.
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Figure 2.6: Single dwell-time PN acquisition technique with non-coherent detection. 

Another mode of classification depicted in Figure 2.4 is based on the events follow- 

ing the occurence of a false-alarm ?. If the detector can detect the false-lock, recover 

and return to the acquisition mode after the lapse of a certain false-alarm penalty 

time, its false alarm state is said to be a returning state. If the detector cannot return 

to the acquisition mode, acquisition is completely lost, and the false-alarm state is 

said to be absorbing. 

The dwell-time is the integration time of the detector before a decision is made. 

When a single detector is used (or more precisely, when the decision is based on a 

single observation and integration), it is said to be a single dwell system. When the 

decision is made following multiple observations, it is called a multzple dwell system. 

While single dwell and multiple dwell systems are examples of fixed dwell systems 

(with fixed integration times), the sequential detection scheme is a variable dwell 

technique. 

2.4.4 The Single Dwell Serial Search Technique 

The system employing this scheme is depicted in Figure 2.6 for the non-coherent 

case. The received signal is correlated with the locally generated spreading code and 

bandpass filtered. The output of the filter is passed through a square-law envelope 

detector, following which integration is performed for a time equal to the dwell-time 

in an integrate-and-dump (I & D) circuit. A threshold comparison is then carried 

out. If the threshold is exceeded, then the search mode is ended; if it is not, the phase 

of the local PN code is altered by one step and the procedure is repeated. This is 

continued till a threshold crossing occurs. 
  

?when acquisition is declared for an incorrect cell and tracking commences
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An equivalent lowpass version also exists. It has been shown [8] that the mean- 

time to acquisition is given by 

r _ 2+(2— Ppo)(q-1W+ K Pra) 

“4 2Pp 
  Td 

where Pp is the probability of detection, 

Pra is the probability of false alarm, 

q is the number of cells to be searched in the uncertainty region, 

K is the number of penalty time units (the unit being 74) and 

Tq is the dwell-time. 

The variance of acquisition time is given by 

1 1 1 2 2 2,2 Oreg = TAAL + KP ata pz] 

and Pp and Pra are given in terms of the sytem parameters by the following expres- 

sions: 
* 

n* — Neg 
P. = = 

where Ng = N,Ta, N, being the sample rate, n* = nNg/2o7, where 7 is the threshold, 

o? is the noise variance and Q(-) is the gaussian probability integral, and 

_,f{8-VNey 
Po = @ (Pet), 

where ¥ is the signal-to-noise ratio. 

2.4.5 The Multiple Dwell Serial Search Technique 

In contrast with the single dwell scheme where the examination interval is a constant, 

in this technique, it consists of a series of successively increasing short periods, after 

each of which a threshold decision is made. Thus the integration time is increased 

in discrete steps to its maximum value. If, at any decision, the threshold (for that 

integration) is not exceeded, the cell is dismissed as incorrect. In this way, the tech- 

nique permits the quick dismissal of the incorrect cells. Since all but one (usually) 

cells are incorrect, the time for acquisition is considerably reduced in comparison with 

the fixed dwell technique. This is especially important for long codes. Therefore, the 

strength of this technnique is its ability to quickly dismiss the incorrect cells.
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Figure 2.7: The RASE technique. 

Theoretically, in an N-dwell system, there are N detectors in parallel with increas- 

ing dwell-times and different probabilities of detection and false-alarm, and thresh- 

olds. The outputs of the N detectors are tested sequentially. If the threshold of any 

of these detectors is not exceeded at the time of examination, the cell is dismissed 

and the serial search continues. If the thresholds of all the detectors are exceeded, 

then the search is terminated. 

A practical implementation, however, consists of a single detector with a single 

continuous-time integrator. The output of this integrator is sequentially sampled after 

the dwell-times, but is not dumped. The decision is made based on these sampled 

outputs. The dumping occurs only upon the dismissal of a cell. 

2.4.6 The Rapid Acquisition by Sequential Estimation (RASE) 

Technique 

Almost as old as the serial search technique is the RASE technique introduced by 

Ward [10], where the states of the shift-register used in the PN generation are sequen- 

tially estimated. Figure 2.7 shows the system. Based on the first N chips received 

(where N is the number of stages of the PN generator), an estimate is made on each
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of them. These estimates are then loaded into the shift-register generator, which then 

starts the generation, with the loaded states forming the initial states. This gener- 

ated code is correlated with the received signal and then passed through an in-lock 

detector (consisting of, for example, a lowpass filter and a threshold device). 

If the loaded states are indeed correct, the sequence generated by the shift-register 

generator corresponds to the required PN sequence, producing maximum correlation, 

and this is detected by the in-lock detector. Since further estimates are not required, 

the in-lock detector prevents chips from being reloaded into the shift-register and 

closes the tracking loop. If the intial estimates are incorrect, then the correct PN 

sequence is not generated. Until the in-lock detector determines the code estimates 

to have been correct, new estimates are periodically made and reloaded into the shift 

register, and the procedure is repeated. The rate at which the reloading is done is 

determined by the examination period generator. 

This is a coherent detection technique since it requires carrier demodulation to be 

performed first, following which the chip estimates are obtained by hard-limiting. It 

is found to be a rapid acquisition technique for moderate spread signal-to-noise ratios 

(SNRs). In comparision with the serial search technique, it is found to be better for 

SNRs down to -15 dB. However, since estimates are made on a chip-by-chip basis, it 

doesn’t take advantage of the noise and interference-rejection capabilities of a DSSS 

signal and hence is vulnerable to interference. Ward [10] has shown that the average 

acquisition time for the RASE system is given by 

= Te 

wt pN(1 — pga)(1 — pya) 
  

where p is the probability of correctly estimating a chip, 

pra is the false-dismissal probability, 

Pfa is the false-alarm probability and 

7. is the examination time. 

The dependence of p on SNR is addressed in Reference [10]. 

A number of modifications to the basic RASE technique have been proposed. One 

particular modification is the recursion-aided RASE (RARASE) technique [11]. In 

this method, the chip estimates are compared with the received signal for several 

chip intervals before the actual correlation and in-lock detection. The objective is to 

quickly dismiss the current estimates if incorrect, and reload the shift-register. A test
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statistic, known as the sync-worthiness indicator, is computed and used in addition 

‘ to the in-lock detector. This statistic determines how “valid” or “worthy” the in- 

lock detector test statistic is. ,The RARASE system has been found to provide an 

improvement in acquisition time over the RASE system. 

The performance of the sequential estimation technique is degraded a little when 

the signal is data modulated. This is because the RASE technique cannot work if 

the received PN sequence is inverted. In order to overcome this defect, Chiu and Lee 

[12] suggested an improved sequential estimator (ISE) which uses an extended chara- 

teristic polynomial in place of the characteristic polynomial [7] used for the binary 

shift-register generator. The shift-register generator implementing this polynomial 

generates the uninverted PN sequence when the received signal is uninverted, and an 

inverted PN sequence when the received signal is inverted. If h(D) is the characteristic 

polynomial, the extended charaterisitic polynomial h,(D) is obtained by 

he(D) = (1+ D)h(D) 

where D is the delay operator. 

The drawback of the ISE is that when acquisition is achieved with an inverted PN 

sequence, the PN generator continues to generate an inverted PN sequence, which 

results in an inverted despread data signal. The dual correlating sequential estimator 

(DCSE) developed by Koller and Belkerdid [13] surmounts this problem. The DCSE 

performs two correlations: one using the SE and the other using the ISE. By recogniz- 

ing that only certain combinations are permissible for the outputs of the correlators of 

the two estimators, a control logic either inverts the inverted PN sequence generated 

by the ISE (when the modulating data bit is -1) or maintains the uninverted PN 

sequence generated by the SE (when the modulating data bit is +1), after which the 

resulting PN sequence may be used for despreading. 

While the sequential estimation technique works well in white background noise, 

it is particularly vulnerable in the presence of multiple-access interference since it 

will attempt to acquire the interfering signals. Thus this technique is not useful in 

environments with jamming and interference, and for bursty communications.
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Figure 2.8: Response of the matched filter: (a) the PN signal, (b) impulse response 
of the filter matched to the segment S and (c) ideal output of the matched filter. 

2.4.7 The Matched Filter Technique 

All the techniques considered so far involved active correlation, i.e., the received 

signal was correlated with a locally generated PN signal, following which processing 

determined a hit or a miss for that cell. A simple and very popular technique employs 

a matched filter (MF) for correlation. The filter is matched to a portion of the 

spreading waveform. That is, its impulse response is a segment of the time-reversed 

spreading waveform. A continuous passive correlation of the received signal with this 

segment is carried out as the received signal slides through the filter. The matched 

filter produces maximum output when the received signal corresponds to this segment. 

A detector may be used to sense this correlation peak and to start the local PN 

generator. Figure 2.8 illustrates the input and output of the matched filter. 

Figure 2.9 shows the system using the matched filter for the non-coherent case, 

although the MF technique may be used for the coherent case as well. The output 

of the bandpass matched filter is passed through a square-law envelope detector to 

remove any data modulation and unknown carrier phase. The threshold device then 

detects the correlation peak. A lowpass equivalent of this system is given in Figure 

2.10, where the matched filtering is carried out at baseband. J(t) and Q(¢) are the in- 

phase and quadrature reference signals with the known carrier-frequency but arbitrary
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Figure 2.10: A lowpass version of the matched filter technique. 

phase. A tapped-delay line implementation of the MF is shown in Figure 2.11, where 

CGj,t = 1,...,M, are the polarities of the chips of the segment to which the filter is 

matched and P(w) is the Fourier transform of the basic pulse shape p(t). For the 

bandpass MF, 

J2coswt, O<t<T, 
p(t) = 

0, otherwise. 

For the baseband MF, 

1 0O<t<% 
p(t) = 

0, otherwise. 

The improvement in acquisition time for the MF technique over the serial search 

techniques may be explained as follows. In the case of active correlation, after the 

multiplication of the received signal with the local PN code and the subsequent square- 

law envelope detection, integration is carried out for a period equal to the dwell-time 

Tq = MT, where T, is the chip period. If the code-phase is dismissed, the correlation 

is carried out for a new interval 7g corresponding to a new segment of the received
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signal. If the step size is T,/N,, then the search rate is given by 

1 1 
R =_—- = 

SD ty MT, 

However, in the case of the MF, the correlation is continuous. If the output of the 

  1/N,-chip positions/sec. 

MF is sampled N, times per chip for testing, then in fact, for each test, the new 

portion of the segment used for correlation is equal to only 1/N, of a chip and not 

M chips as in the single dwell case. The remainder of the segment is available in the 

tapped-delay line since it was used for the previous correlation. ‘Thus the search rate 

for the MF is 

Rur= 7 1/N,-chip positions/sec. 
c 

This is higher than the rate for the single dwell technique by a factor MN, . 

2.4.8 Variable Dwell Technique: The Sequential Detector 

The disadvantage of the single dwell technique was that it took the same time to 

detect the correct cell as to reject each of the incorrect cells. If the incorrect cells can 

be rejected quickly, then clearly there will be a significant improvement in acquisition 

time since almost all the cells are incorrect. In the multiple dwell technique, this was 

accomplished by increasing the integration time in discrete steps and since the testing 

continued only if each of the integrations resulted in a threshold crossing, incorrect 

cells were quickly dismissed.
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Figure 2.12: Conceptual block diagram of the sequential detector. 

In variable dwell technique, the dwell-time is allowed to increase continuously, 

and instead of performing multiple threshold tests to detect the correct cell, a single 

threshold is used to detect the incorrect cell. Such a detector is termed as a sequential 

detector and is designed to reject incorrect cells faster than the single dwell system. 

Figure 2.12 shows the conceptual block diagram of the sequential detector. Fig- 

ure 2.13 illustrates the output of the integrator of Figure 2.12. In Figure 2.12, the 

operation of the detector is the same as that of the single dwell system up to the 

output of the square-law envelope detector. Thus if the bias b = 0, Z(t) will be equal 

to the output of the integrator for that system. Figure 2.13(a) shows this for the 

signal-plus-noise and noise-only cases. The noise-only case includes the incorrect-cell 

cases. The straight lines represent the integrated means of the square-law envelope 

detector output. The integrator outputs increase linearly, but have different slopes for 

the two cases. Now consider the presence of the bias, where the bias takes on a value 

between the mean slopes for the two cases, NoB(1+-7) and NoB, respectively, where 

+ is the signal-to-noise ratio. The integrator output will now tend to decrease linearly 

for the noise-only case and increase linearly for the signal-plus-noise case. 7 is the 

threshold (negative) used to detect an incorrect cell position. If 7 is exceeded, then 

the cell is rejected. The smaller its magnitude, the faster the dismissal of incorrect 

cells, but higher the probability of false alarms (i.e., when the integrator output falls 

below the threshold 7 for the correct cell position). Therefore, an optimum threshold 

must be chosen. If the threshold is exceeded, indicating an incorrect cell, then the 

test is repeated for the next cell. The cell is declared correct if the integrator output 

remains above the threshold for a time 7, (known as the time-out). The test is then
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Figure 2.14: The sequential detection technique. 

terminated. Another way of determining a correct cell is when the the integrator 

output exceeds a positive threshold. 

Figure 2.14 illustrates an implementation of the sequential detector. The operation 

of this system is equivalent to that of Figure 2.12. Here, a sequential probability ratio 

test is carried out where the log-likelihood ratio is computed sequentially for a running 

sum. The likelihood ratio is a measure of the ratio between the joint probability 

density functions of the sampled outputs of the envelope detector in the signal-plus- 

noise and noise-only cases. The log-likelihood ratio is its logarithm. This test statistic 

is positive for the signal-plus noise case and negative for the noise-only case. A 

double threshold comparison (with a positive threshold and a negative threshold) is 

now carried out on this to determine whether the cell is correct or incorrect, as was 

explained. 

In Figure 2.14, + is the signal-to-noise ratio and No is the noise power-spectral 

density. Io(-) is the modified Bessel function of the zeroth order and first kind. The
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two thresholds 7, and 72 are adjusted so that the false-alarm and false-dismissal 

probabilities are as good as for the single dwell technique. Under these conditions, 

the sequential probability ratio test is optimum in the sense that the average number 

of samples required to make a decision is minimized [8]. Studies have shown that the 

sequential detection scheme provides an order of reduction in the average dwell-time 

when compared with the fixed dwell-time of the single dwell technique. 

2.5 Recent Developments in Acquisition Techniques 

The previous section discussed the basic acquisition schemes which are fundamental 

to almost all techniques currently employed. This section introduces some of the 

recent developments in this area. 

In the initial analysis of all acquisition schemes, absence of data modulation and 

Doppler effect in the received signal are assumed. But in practice, invariably acquisi- 

tion has to be achieved when the signal is data modulated. Quite often, such as in the 

case of GPS and other mobile receivers, Doppler effect introduces carrier-frequency 

and code-frequency offset. These two factors introduce degradation on the acquisition 

performance. in [14], Cheng, Hurd and Statman present techniques that reduce this 

degradation. 

The first of these is investigated in the presence of Doppler. The frequency un- 

certainty region is broken up into segments. In each segment, a bank of correlators 

performs correlation for different lags (spanning the phase uncertainty region) of the 

code.- The outputs of these correlators are sampled. The FFT of a sequence of 

these samples is then computed. This operation is carried out in parallel for all the 

segments. The authors of Reference [14] show that the maximum-likelihood esti- 

mates of the code-phase and frequency and carrier-frequency are those which yield 

the maximum output of the FFT processors, and have analyzed the performance of 

this svstem. 

For the case of Doppler-shift and data modulation, the total correlation time 

is divided into subintervals; the results of the integration in these subintervals are 

non-coherently combined for detection. The acquisition times for the two systems 

are expressed in terms of the initial chip-time offset, the code-frequency offset, the 

locations of the data-bit transitions, the total correlation time and the number of
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subintervals. 

A frequent occurence in spread spectrum communications is multiple-access inter- 

ference. In [15] Moon, Short and Rushforth develop and analyze the multiple-access 

RASE (MARASE) technique. This technique is used for the estimation of the code- 

phase of all the users in the system. The estimates for the respective code-phases are 

obtained by solving a set of constrained, noisy nonlinear equations which the authors 

call the MARASE equations. If there are K users each using an m-sequence ? of 

length 2” — 1, then nK& samples are taken. By means of a recursion relation, these 

give rise to nK equations in the nk unknowns (n chips to be loaded into the shift 

registers of the K users). A method known as the local search solution is used for 

solving for the unknowns. This method looks for the solution of each of the unknowns 

separately. 

Introduction of parallelism is one way of reducing the acquisition-time as compared 

to serial search shemes. Milstein, Gevargiz and Das [16] present one such technique. 

The full period of the spreading sequence is divided into M subsequences. Each of 

the parallel bank of N convolvers has a reference input of one of these subsequences. 

If the MN phase positions of these N convolvers span the entire uncertainty region, 

then the correct code-phase position appears at one of these convolvers during the 

integration interval. The reduction in search time is proportional to the product MN. 

A number of modifications to the matched filter technique have been proposed. 

Sourour and Gupta [17] analyze a parallel acquisition scheme employing matched 

filters. The performace in a fading mobile channel is investigated. Here again, a 

parallel bank of. N matched filters, each matched to a subsequence (of length M) of 

the PN code, is used. The outputs of the matched filters are sampled at fractions A of 

the chip interval. The MN/A samples are collected and stored. The sample with the 

largest value corresponds to the correct phase. The authors show that in a nonfading 

channel, the larger the MF length, the better the acquisition performance. That 

is, it is desirable to cover the entire uncertainty region with minimum parallelism. 

However, in a fading channel, greater parallelism is desirable. In [18], the same authors 

analyze the performance of this system in nonselective and frequency-selective Rician 

fading channels. The former channel is shown to cause greater degradation in the 

acquisition-time performance than the latter. Parallel matched filter acquisition in 
  

3maximal-length sequence
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frequency-selective Rayleigh fading channels is investigated in [19]. 

In [20], Eichinger and Kowatsch propose a combined matched filter/serial search 

technique. In systems employing long PN codes, in order to prevent prohibitively large 

acquisition times, it is desirable to provide the receiver with some a priori information 

about the approximate code-phase, for example by a central timing distribution, and 

if this is not feasible, by matched filtering of short preamble codes. Following the 

preamble processing, a uniform search over the small remainder of the uncertainty 

region is carried out. This technique results in a significant reduction of acquisition 

time as compared to the full-code serial search technique. 

Improvement in acquisition performance in the presence of a tone interferer at 

the carrier frequency has been demonstrated in [21] where a linear prediction filter is 

used in conjunction with a SAW # device. This is shown to be better than employing 

a rectangular notch filter, since the linear prediction filter attempts to implement 

an infinitesimal notch in frequency, given the statistics of the sinusoidal interference. 

The higher the number of taps in the filter, more accurate the implementation of the 

infinitesimal notch. 

The use of a SAW convolver for fast acquisition is demonstrated in [22]. Here 

a cascaded PN sequence is used. The second code is acquired first, and is used to 

acquire the first one. Acquisition in chip-asynchronous systems is discussed in [23]. 

In [24], the use of matched filters togther with median filters is shown to provide an 

improved performance. A technique employing MFs for bursty communications is 

presented in [25]. A few other matched filter techniques are proposed in [26]. Eynon 

and Tozer [27] propose a scheme employing a binary autodirective search to speed 

up the acquisition. In [28], an artificial neural network is employed to implement a 

matched filter. Rappaport and Grieco (29| provide a good overview of acquisition 

techniques as well as architectures and technology available for the implementation 

of these schemes. Other references ((30]—[36]) are listed in the bibliography. 
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Chapter 3 

The Eigenstructure Technique 

3.1 Introduction 

Linear periodically time variant (LPTV) processing techniques have been developed 

for the direct extraction of the message signal from the received DSSS signal by em- 

ploying an algorithm that adapts to the channel to remove the spreading code as part 

of the demodulation process. The eigenstructure technique for soft synchronization 

is based on these techniques. 

The conventional techniques described in Chapter 2 rely on the knowledge of the 

internal structure of the spreading code to establish synchronization. In particular, 

the knowledge of the taps of the LFSR used for the code generation is necessary. 

These are classified under the class of algebraic techniques. While these techniques 

demonstrate good acquisition performance in low noise environments, they tend to 

break to down in environments with high levels of noise and interference because of a 

high false alarm rate. Moreover, reliable algebraic techniques for synchronization are 

yet to be developed for nonlinear codes, or codes with unknown code structure, chip 

constellations, or residual delay and frequency offset. 

The class of LPTV techniques attempt to overcome some of these disadvantages by 

not making any assumptions about the internal structure of the spreading code. They 

can operate in the presence of arbitrary delay and frequency offset and for arbitrary 

codes or chip constellations. They exploit other properties of the signal, such as the 

modulation-on-symbol | format (e.g., the autocorrelation and cyclic autocorrelation 
  

1where the spreading code appears once every message symbol 

28
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despreading techniques) [37], or the constant modulus nature of the message sequence 

(e.g., CMA-based techniques) [38, 39, 6], or the knowledge of the underlying message 

sequence [40]. They are often able to provide processing gains greater than those 

possible with matched filter techniques by exploiting the periodic structure of the 

code [38, 39, 41, 40]. The limitation of these techniques is that they may require 

multiple code repetitions in the received data to train the receiver before message 

recovery can begin. 

In contrast, the eigenstructure technique employs a blind adaptation algorithm 

to provide improving estimates of the code, which introduces the capability of soft 

synchronization. ‘The development of the LPTV processor and the algorithm for the 

blind estimation is discussed in this chapter. 

3.2 Theoretical Background 

3.2.1 Cyclostationarity 

The basic property of a direct sequence spread spectrum signal that is exploited by 

the eigenstructure technique is cyclostationarity. This property is addressed in this 

section. 

Gardner defines cyclostationarity as follows [42]: “A signal is said to be cyclo- 

stationary of order n (in the wide sense) if and only if we can find some nth-order 

nonlinear transformation of the signal that will generate finite-strength additive sine- 

wave components, which will result in spectral lines”. 

According to this definition, a signal is cyclostationary of order 2 if some quadratic 

transformation will generate spectral lines. Examples of quadratic transformations are 

squaring or multiplying a signal with its delayed version. The frequency at which such 

spectral lines are exhibited is called the cycle frequency. If there exist cycle frequencies 

a that are not multiples of the fundamental frequency (that is the reciprocal of the 

fundamental period), then the signal is termed as polycyclostationary. 

The limit autocorrelation of a time-series x(t) is defined by [43] 

Ry(r) Stim £ ff x(t +7/2)0*(t — 7 /2)dt (3.1)



CHAPTER 3. THE EIGENSTRUCTURE TECHNIQUE 30 

If a signal is cyclostationary of the second order, then its limit autocorrelation is 

periodic and therefore, may be represented as a Fourier series. A quantity which 

includes a frequency translation in addition to the time translation above is given by 

T/2 
a 1 ; 

R(T) = jim = / a(t + 7/2)x*(t — 7 /2)e-7?"™ dt, (3.2) 
—T/2 

which is in fact the Fourier coefficient of the Fourier series expansion. This quantity 

is useful in the charaterization of a signal as cyclostationary of the second-order. The 

time-series x(t) is second-order cyclostationary with cycle frequency a # 0 if and only 

if R“(r) is not identically zero as a function of 7. R@(r) is termed as the limit cyclic 

autocorrelation (or simply cyclic autocorrelation). 

3.2.2 Spectral Correlation 

The limit cyclic spectrum (or cyclic spectrum) is defined by 

Oa: A ro 
S2(f) = F{Re(7)} (3.3) 

where F{-} denotes Fourier transformation. If we denote 

r¥ =a(t+oa)e2™, (3.4) 

and define 

y(t) = 20f"(t) (3.5a) 
2(t) = ay (2), (3.5b) 

then it may be observed that 

T/2 

Ao(r) = Ryelr) 2 fim & [y(t +r/2)2"(t- 7/2) (3.6) 
-T/2 

and 

So (f) = Syo(f) = F{Ry.(r)}. (3.7) 
Also, 

Sy(f) = Sa(f + a/2) 3.8a
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where 

S.(f) = F{Re(r)} (3.9) 

and corresponding definitions hold for S,(-) and S,(-). A complex coherence function 

for y(t) and z(t) is given by [43] 

2 Sy2(f) S2(f) 
Cy => = = = 
vl) [Sy(f)S2(f)P/2— [Se(f + 0/2)S2(f — a/2))? 

This is the complex spectral autocoherence of x(t) at frequency a, and is seen to be 

  =O2(f) (3.10) 

a measure of the coherence between the frequency translated components y(t) and 

z(t). It is simply the correlation coefficient of frequency components separated by a 

at frequency f. f is called the location of the two frequencies f + a/2, and a@ (which 

is the difference of the two frequencies), the separation. 

A result of the above discussion is that C2(f) is identically zero for a # 0 if and 

only if x(t) is not cyclostationary of the second order. It may be shown that [43] 

IC(f)| <1 

and hence the complex autocoherence is a normalized measure of the degree of second- 

order cyclostationarity (or degree of self-coherence) of x(t). A real waveform is said 

to be completely self-coherent at frequency a@ over a spectral band, say B, if and only 

if 

ICo(f))=1, feB. (3.11) 

It is said to be completely self-incoherent at frequency a@ over the spectral band B if 

and only if 

IC2(f)|=0, feB. (3.12) 

Another important property is that the degree of second-order cyclostationarity is 

invariant to linear time-invariant (LTI) transformations. Suppose that y(t) is obtained 

by filtering x(t) (with a filter with an impulse response h(t)). Then, 

y(t) = A(t) ® z(t) (3.13) 

where ® denotes the convolution operation. Then if the transfer function of the filter 

is nonzero for all frequencies f, 

H(f) = | hte?" dt £0 Vf, (3.14)
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then 

ICZ(f)| = ICG). (3.15) 

3.2.3 Cyclostationarity of Direct Sequence Spread Spec- 

trum Signals 

An example of a DSSS signal is a conventional BPSK signal which is multiplied by 

a binary signal constituting the PN signal, whose chip rate is a large multiple of the 

data rate. The PN code itself is repetitive in nature. The ratio of the chip rate (f,) 

to the data rate (fz) (or equivalently, the ratio of the data period (Ty) to the chip 

period (7,)) is known as the processing gain, S. 

sat= #1 (3.16) 

It was shown by Chen [44] that three fundamental periodicities exist in a DSSS 

signal, namely 

1. the chip period, T, 

2. the data period, Ty 

3. the code repetition period, T,. 

Chen obtained expressions for the cyclic autocorrelation and cyclic spectrum [41] 

for a DSSS signal modeled by 

x(t) = e(t)d(Z), (3.17) 

where c(t) is the spreading signal and d(t) € {—1, 1} is the data (information) signal. 

Also, 

c(t)= >> na (= — m) (3.18) 
m=—oo Te 

where Cm € {—1,1} are the chips and q(t) is the basic pulse shape. For a rectangular 

wo={ 9 Ta StSs (3.19) 

pulse shape,
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From (3.2), the cyclic autocorrelation is given by 

T/2 
A 1 

. 

R(T) = jim a / e(t + 7/2)d(t + 7/2)c*(t — r/2)d*(t — 7/2)e 7?" at 

_T/2 

T/2 
* jn 7/2 

= Jima [XS Cpe Pratt + 7/2) 
-T/2 "© 

x > Cre PARTI a(t — 7 /2)e PP" dt, (3.20) 

where the Fourier series expansion for c(t), 
co 

oft) = So Cre #O 

         

  

(3.21) 
n=—00 

T, [2 
e P29 tT, Ch == J tt dt (3.22) 

-T, /2 

has been used. (3.20) can be written as 

~ r/2 
Rr) = YY CCF Jim =f dle + 1/2)a(t— 1/2) PMO AMMAR 

* s s m " T-s00 T 
Mm=—-O R=—OooO —T/2 

o © nom ‘ nt+m 

= LY CnOpRy ™ (rene (3.23) 

where R?(r) is the cyclic autocorrelation of d(t). 

If N is the code length, then 

T, = NT, (3.24) 

and (3.23) becomes 

n oe oo aag— 2am on ( REM 

Re(r)= YOY CmOnRy *% (rete (3.25) 

The cyclic spectrum of the DSSS signal may then be obtained from (3.3): 

oO 

go = / R2(r) e224" dr (3.26) 

Substituting (3.25) into (3.26) and rearranging, 

Se(f) = » > CmC> J Ry Te (ref aI e~F2R FT ey 

— « G°- Nie n+m -~ > SY o,cs7 FF ( f+ ) (3.27) 
M=— CO N=—OO NI
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Letting n —m =, we get 

    

a oe oe * m1 — 5b n l 
spa SS YM Gorse ¥” (f+ xe + own): (3.28) 

i=-—co N=-C 

In the above equations S#(f) is the cyclic spectrum of the data signal d(t). If the 

data sequence is white, then [43] 

Sf) = Ra(0), B=k/Ta (3.29) 

QO, otherwise 

for all intergers k. That is, the cycle frequencies f;, are harmonics of the fundamental 

cycle frequency 1/Tq, the data rate. Thus sé (f) is non-zero only when 

k i 
  

  

Combining (3.16) and (3.30), 
k 

= oT. NT. 

_ kN +1S + 

for all integer values of k and J. 

3.3. Theoretical Formulation of the Algorithm 

3.3.1 Processor Development 

The transmitted DSSS signal is modeled as before and is repeated here for conve- 

nience: 

s(t) = c(t)d(t) (3.32) 

where c(t) is the analog spreading signal and d(t) is the analog message signal. At 

the receiver, the message is recovered by: 

d(t) = Lao [e*(¢)x(t)] (3.33) 

where x(t) is the received signal and Lg is a linear lowpass filter operator with fre- 

quency response L,(f) that covers the passband of d(t). Conceptual representations 

of the transmitter and receiver are shown in Figures 3.1 and 3.2, respectively.
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Figure 3.1: Conceptual repesentation of a DSSS transmitter. 

Received signal 

BW ~ fe 

  

LO 

| 
Carrier sync. 

      

reer www wm Mw ew Mw ew eB BP ew ew eM ew eB Be Bw eK MK eK - &; 

   

Gee eee wee ell 

    

      

  

      

rate f, c(n) 
  

PN 

  
generator 

  
code 

    

| 
Code sync. 

            

  

d(t) d 
> La ( ) +> A/D (n), 

BW, | rate fa 
~ fa | 

Basic despreader 

Data sync. 

Chip sync. 

Figure 3.2: Conceptual repesentation of a DSSS receiver.
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As mentioned before, c(t) is periodic with a repetition rate f, = 1/T,, such that 

c(t + T,) = c(t). Therefore, it can be replaced by its Fourier series expansion: 

c(t) = S> Clk) e??t*st (3.34) 
k 

where 

1 | ° 
C(k) = — c(t)e F277 srt de, (3.35) 

T -T, /2 

Substituting this Fourier series representation (FSR) of c(t) into (3.32) and (3.33), 

the spreading and despreading processes may then be expressed as: 

s(t) = [Srocjerne d(t) 
k 

= >> C(k)[d(t)e??***r*] (3.36) 
k 

Q
u
 

—
 

om 
e
e
e
”
 

| Lao Ck) el? hrt a {Eowen] 20) 
= 2 C*(k) {Lao [x(the Pr} 

= YOC*(k)az(t) (3.37) 
k 

where 

a, (t) = La 0 [x(t)e F274], (3.38) 

The processors implementing these operations (known as the FSRs of the DSSS 

spreading and despreading operations) are as shown in Figures 3.3 and 3.4, respec- 

tively. 

The presence of the frequency-shift operations in the two processors suggest that 

they are linear periodically time-variant. The nonblind time-dependent processor 

discussed in [45] and [40] has the general form 

d(t) = = Hy 0 [x(t)e~7?™* Ft) (3.39) 

where {H;,} are a set of LTI filters. The FSR despreader here may be modeled by 

this processor but with the constraint 

Hy(f) = C7 (k)Lalf). (3.40)
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C(k — 1) 
> [= 

ei 2n(k—l) fet 

C(k) 
d(t) . ~~ > +> 

es 2tk fet 

    

  

  
Figure 3.3: Fourier series representation of the DSSS spreader. 

The adjustment of the weights of the FIR filter bank implementing the LTI filters to 

minimize the error between the despread signal d(t) and the original signal d(t) (as 

done in [40]) requires the knowledge of the message signal. 

If the filters are constrained by (3.40), then Figure 3.4 leads to the structure of 

Figure 3.5. Performing the frequency shift operation on the received signal results in 

the vector signal x(t) = [2z,(t)], which is linearly combined to obtain the despread 

signal 

d(t) = 2 w"()ax(t) 

= wx(t) (3.41) 

where w = [w(k)] and (-)” denotes the conjugate-transpose (Hermitian transpose) 

operation. 

Sampling before the shift-and-filter operation and replacing the lowpass filter with 

a filter-decimator leads to a significant reduction in computational complexity of the 

processor and the adaptation algorithm for w. But with the constraint of (3.40), the 

processor loses the capability of wideband interference rejection of the fully adaptive 

structure [38, 39, 40, 46].
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Figure 3.4: Fourier series representation of the DSSS despreader. 

Figure 3.6 illustrates an implementation of the processor that resembles a conven- 

tional synchronizer. In this structure, the processor weights are used to estimate the 

spreading sequence, which is then used for despreading. This spreading sequence is 

synchronous with the spreading waveform component in the received signal and hence 

eliminates the synchronization process carried out in conventional receivers. The al- 

gorithm for the computation of w can be the same as in Figure 3.5. The despreading 

is carried out in the time-domain by 

d(t) = Lg 0 [é*(t)x(t)] (3.42) 

where ¢(t) is obtained from w by the Fourier relationship 

é(t) = 2 w(k)ei2™khrt (3.43) 

3.3.2 Algorithm Development 

The adaptive algorithm requires that the DSSS signal satisfy three key properties:



  

  

  

    

  

    

    

            

          

      

    

    

  

            

  

      

    

  

  

  

CHAPTER 3. THE EIGENSTRUCTURE TECHNIQUE 39 

x(t Frequenc t d(t d (t) |) Freq recy x(t) | ow (t) A/D (n) 
BW ~ f, channelizer BW rate fg 

| ( ~ fa 

Fr, La > Algorithm ~— 

Figure 3.5: Blind despreader, frequency-domain representation. 
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e the spreading code c(t) must truly multiply the message signal d(t), i.e., the 

spread signal must be modeled by (3.22); 

e the spreading code c(t) must have a constant modulus, i.e., |c(t) = 1| must hold 

and 

e the message waveform must be stationary, or (if d(t) is bauded) the message 

and code-repeat rates fy and f, must be practically incommensurate, i.e., fa/f, 

must be either irrational (ideally), or equal to the ratio of large mutually-prime 

integers (practically). 

The first two properties are satisfied by a spread spectrum signal whose code and 

data are PSK signals with either rectangular pulse shaping or Nyquist shaping and 

known (or estimable) chip-timing. The presence of Doppler shift does not alter this 

property of the signal. The third property also holds if the number of chips per 

message symbol, S, and the number of chips per code period, N, are prime or nearly 

prime (S/N = p/q where p and q are large and relatively-prime). An example where 

this condition is satisfied is when S is a power of two (S' = 2") and c(t) is generated 

using an m-sequence (N = 2™ — 1). 

The frequency-channelized DSSS signal s(t) = [s;(t)], is given by 

se(t) = Laol[s(the 7") 

= L40[e(t)d(t)e 2?" 

— Lao [S-C() (1) ef ttl frt dct (t)e —J2ak srt) 

l 

= Lao[S\C(I)d(the 77 -OF4, (3.44) 
l 

Letting k — 1 =m, we have | = k — m and (3.44) may be rewritten as 

s(t) = SY oC(k—m){Lqao [d(t)e 774} 

= SUC(k—m)dm(t). (3.45) 

Then 

s(t) = [se(t)]k 

= So emdm(t) 

= Cd(t) (3.46)
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where d(t) = [d,(t)] is the frequency-channelized message signal and C is the matrix 

of Fourier coefficients of the spreading code. That is, 

C = [C(k-—mM)]km 

= [...c_1 C9 C...] 

Cn = IC(k — m)Jk _ 

o(-1- m) 

= C(m) , (3.47) 

C(1 — m) 

    
Similarly, the delayed, attenuated and Doppler-shifted DSSS signal §(t) = ae??™4*s(t— 

T) (where a is the attenuation, 7 is the delay and A is the Doppler shift) has a 

frequency-channelized representation 

s(t) = Cd(t) (3.48) 

C= [C(k — m)]egm (3.49) 

d(t) = [La0 (d(t)e?"™**")),, (3.50) 

where 

d(t) = ae?moltg(¢ — r) 

C(k) = C(k— ky)e 22h holier 

E(t) = c(t — r)eF?™hoft 

and where A = (kp + €9)f,, and kp has an integer value such that |e9| < 1/2. The 

received data signal x(t) therefore has the frequency-channelized representation 

x(t) = Cd(t) + i(¢) (3.51) 

in the general single signal environment where the frequency-channelizer receives a 

single attenuated, delayed and Doppler-shifted DSSS signal in background noise :(t), 

and i(t) is the frequency-channelized noise-component, 

a(t) = aeJ?™"s(t — 7) + a(t). (3.52)
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The autocorrelation of x(¢) is 

“a 

Rex = (x(t) x" (t))7 

where (-)7 denotes time-averaging over the reception interval [0, 7) 

[Cd(t) + i(¢)][Cd(¢) + i(¢)]")r 

[C _ ee (t)))r 

Sd (t)i* (t) + i()d"()C* + i(t)i* (t))r 

d(t)d myn 4 (0 (t))r 

+{i(t}d"(t))rC* + (i()i" (é))r-. (3.53) 

If d(t) and i(t) are statistically independent, then as the averaging time grows to 

infinity, the autocorrelation converges to 

Rix = CR33C” + Ri. (3.54) 

Using the theory of spectral correlation [42, 43], the identity 

ux(t) = Ho [u(t)e?"***] 
=> Ruy = (ue(tuf(t))r 

/ Susu (f) df, (3.55) 

Suw(f) = |ACF)?S3(f) 

  

where 

a= (k-)f, 

f= p+ Sy, 
Thus (3.55) becomes 

Ragu = -| IH(F)P Sir a +S ;,) df (3.56) 

Equation (3.56) holds for arbitrary finite power waveform u(t) and LT filter H, where 

S@ (f) has zero value at every nonzero value of a if u(t) is stationary, and nonzero
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value at discrete nonzero values of a if u(t) exhibits second-order cyclostationarity at 

those values of a, as explained in Section 3.2.3. 

If the background noise i(t) is temporally stationary and white, then the cyclic 

spectrum of z(t) is given [43] by 

No, a=0 
Saf) = 3.97 

YW) 0, otherwise. ( ) 

Then it follows from (3.56) that 

Rigi, _ Ran; k=] 

0, otherwise 

= Ryndg—1 (3.58) 

where oo 

Ran = No f \La(f)l df (3.59) 

for any LPF frequency response Lg(f), and 6, is the Kronecker delta function. Sim- 

ilarly, if d(t) is stationary with power spectrum Syq(f), then the cyclic spectrum of 

d(t) is given by 

a lal? Saa(f _ Eofr), a=0 

SES) = | . (3.60) 
0, otherwise, 

and (3.56) can be used to show that 

Ra, d, = Rid, O4-I (3.61) 

Rid, = / |La(f)|?Saa(f — €ofr + kf) df (3.62) 

for any LPF frequency response Lq(f). Then substituting (3.58) and (3.61) into (3.54) 

yields the autocorrelation matrix 

Rxx = Cdiag{Ry 7} C¥ + Ranl. (3.63) 

Equations (3.61)—(3.62) also hold if d(t) is nonstationary but does not possess 

second-order cyclostationarity at any multiple of f,. In particular, if d(t) is a PSK 

signal with data rate fy, power Rg, baud shaping P,(f) and temporally white message
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sequence d(n), then the cyclic spectrum of d(t) is given by [43] 

St(f) = lal? SS (f + eof eon" 

Saif) = RaPalf + fa) Pi(f—3ha a= hfe (3.64) 
0, otherwise, 

and (3.56) can be used to show that Rj, 4 is given by (3.61)—(3.62) if the message and 

code-repeat rates are incommensurate, such that f,/f, is irrational. This condition 

can also be shown to approximately hold if fg and f, are practically incommensurate 

such that fa/f, = p/q where p and q are large relatively-prime integers. In this case, 

R; ; reduces to dy. d 

(3.65) 
R Jal*eP?"F7 Ra f |\La(f — eof, — kfr)|?Palf)P*(f —wf-df, l=kt+ iP. 

d,.d) ~o° 
™ 0, otherwise 

m lore, | Wal — eof ~ Bf) PIPAC)P af be (3.66) 

if gfa (pf,) is larger than the effective bandwidth of Py(f), and (3.63) holds for this 

signal as well. 

If c(t) has a constant modulus, then Parseval’s relation can be used to further 

simplify (3.63) by noting that the Fourier coefficients of the spreading code satisfy 

the shift-orthonormality property: 

T,/2 

Sowe(k-)=T > [cet dtOr(k - 0). 
k gtr 7/2 

Interchanging the order of summation and integration, 

SI C(KCt(k-1) = - | oD C*(k — DeWS2rhSet ay 

l
s
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"oft [e(t)e??*r")* dt | 
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T, /2 
_ il eo S2mlfet 

"_T. /2 

= & (3.67) 

Applying (3.67) to the Fourier coefficient matrix C yields 

C#C=I (3.68) 

Equations (3.67)—(3.68) hold for any spreading waveform as long as it has a constant 

modulus over the entire code period. Thus (3.68) also applies to the frequency-shifted 

Fourier coefficient matrix C. 

Then it follows from (3.63) that the Fourier coefficients of ¢(t) can be computed 

from the eigenstructure of Rxx. Since C is a unitary matrix satisfying the orthonor- 

mality property (3.68), according to the theory of matrices, the eigenvectors of the 

autocorrelation matrix are equal to C multiplied by the eigenvectors of diag{ Ry, at 

which are equal to the set of unit vectors {e,}. Thus the eigenvectors of Rxx are 

equal to {Ce,} = {&}. Hence, 

“A 

Rix) = (Rnal + Cdiag{Rz 7 }O™)E (3.69) 

= Rant + Cdiag{Rj, ¢, }C* Ce, 

= Rant + Cdiag{Rz, i, $e 

= Ran& + Ry 4,Cer 

= (Ran + Rya,)e (3.70) 

> = Rint Rig (3.71) 

Furthermore, if d(t) is a PSK waveform and La(f) is set equal to P.(f + €of,) (or 

La(f) is set equal to P;(f) and eof, < fa), then (3.71) is maximized for | = 0 and 

the ko-shifted Fourier expansion of the code in the received signal can be estimated 

from the dominant mode (eigenvector associated with the maximum eigenvalue) of 
n~ ~ 

Rxx. The dominant mode can also be used to directly estimate d(t) from x(t) using 

(3.41), or it can be used to estimate C(t), and despread the data signal using (3.33). 

For this reason, this technique is referred to here as the dominant mode despreading 

(DMDS) algorithm.
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3.3.3 The DMDS Algorithm 

The basic DMDS algorithm may be summarized as follows. 

1. Frequency-channelize the received data signal x(t) to form the vector signal 

x(t), using the formula 

x(t) = [Lao (x(t)e rn) |, 

where f, is the code-repetition rate and Lg is an LII lowpass filter that is 

matched to the baud shaping of the message signal. 

2. Compute the autocorrelation matrix of x(t) using the formula 

Rux = (x(t)x" (t))r 

where (-); denotes the time-averaging operation over the collection interval 

[0,t), and (-)” denotes the conjugate-transpose operation. 

3. Compute the dominant mode of Rxx by solving for the maximum eigenvalue 

Amex and the associated eigenvector Wmar of the eigenequation 

a 

Rxxw = Aw. 

4. Compute the processor output signal using either of the formulas 

“ 

d(t) = w#,,x(t) frequency domain despreader, 

d(t)= Ly [é(d)zx(t)] 
at) => (h)ei2mkset _} rime domi despreader, 

k Wmax € . 

where Lg is an LTI lowpass filter (not necessarily equal to Lz) that is matched 

in some way to the baudshaping on the message signal. 

The technique provides a delayed and Doppler-shifted version of the message sig- 

nal, since the algorithm estimates ¢(t) (or C(k)) rather than c(t). This requires keep- 

ing track of the timing of the collected data in order to correctly use the estimated 

code. Consequently, it may still be necessary to perform additional synchronization, 

resampling or carrier-recovery procedures to fully recover the message signal. How- 

ever. these demodulation operations can be carried out at the despread SNR of the



CHAPTER. 3. THE EIGENSTRUCTURE TECHNIQUE 47 

received signal. In addition, the DMDS algorithm automatically down-converts d(t) 

to within +f,/2 carrier cycles, by subsuming the component of the carrier offset with 

periodicity f, into the spreading code. Thus, the estimation of C(t) is insensitive to 

carrier offset beyond +f,/2 carrier cycles. 

3.3.4 Modifications and Extensions of the Algorithm 

The procedure described above can be modified and extended in several ways. If 

the processor is implemented digitally, the LTI lowpass filter may be replaced with 

an LPF-decimator operator in order to reduce the complexity of the code-estimation 

procedure. In this case, it is usually more efficient to implement the despreader in 

the time-domain. 

In one discrete-time implementation for which computational complexity is re- 

duced, the lowpass filter is replaced with a rectangular averager with impulse response 

N-1 
ha(n) = © 6(n—m) (3.72) 

m=0 

where N is the code length. If 7, is the sampling interval, then 

Rox, = (xx (t)xj (t))r 

= ({ha(n) @ (x(n)eP7™*F"7*)} fha(n) @ (u(ne PF") Y*) 7 
N-1 N-1 

= ((° d(n—m) @z(n)e PF") S* 6(n — m) @ z(n)eP?™MTs )*\ 7, 
m=0 m=0 

N-1 . N-1 . 
_ (( \_ a(n _ m)e Jerk fom s ) ( > a(n _ mye Fm frmTs)*\_, 

m=0 m=0 

= (X(k)X*(1))r (3.73) 

where 
N-1 . 

X(k) = So a(n — mje Prk hemts (3.74) 
m=0 

is the discrete Fourier transform (DFT) of x(n) with block length N. 

=> Rax = (LX (k))eLX* (AE) (3.75) 

where the length of [X(k)], is N. The time-averaging is accomplished by averaging 

over blocks of length N. The estimation of the code is performed as before, by finding 

the eigenvector associated with the maximum eigenvalue and computing its inverse 

DFT. Considerable saving in computation is accomplished.
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3.3.5 The Time-Channelized Version 

In the above modified procedure, the data was frequency-channelized by transform- 

ing the data to the frequency domain and the dominant mode yielded the Fourier 

coefficients of the code. The code was estimated by transforming these coefficients 

back to the time-domain. This procedure suggests the possibility of bypassing the 

frequency-channelizer and applying the DMDS algorithm in the time-domain. 

Time channelization is performed by sampling each code length of the received 

signal at the chip rate or at an integer multiple of the chip rate. The delayed, atten- 

uated and Doppler-shifted DSSS signal 3(t) = ae??™4's(t — 7) has a time-channelized 

representation 

é(t — 6,)d(t — 5;) 

e(t — Oa)att ~ 69) (3.76) 
3 

&(t — 6,)d(t — br) 
c(t) = c(t-—T) 

d(t) = ae??™d(t— 7), 

where L is the number of channels and 4; is the relative delay of the zth channel. Not- 

ing that the code component of each channel is always the same, the above equation 

may be rewritten as 

c,d(t _ 61) 

g(t) = ode °2) ; (3.77) 

crd(t _ dr) 

CG = c(t — 6;). 

The received data signal z(t) given by (3.52) has a time-channelized representation 

x(t) = Cd(t)+i(t), (3.78) 
Cy O --- Q 

~ 0 .. 
G = ° (3.79)
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d(t — 64) 

d(t) = att °2) (3.80) 

d(t 6r) 

i(t) = i(t — 6;). (3.81) 

The autocorrelation of x(¢) is 

Rx = (x(t)x"(t))7 
= ([Cd(t) + i(t)][Cd(t) + i(t)]”)-. (3.82) 

If d(t) and z(t) are temporally independent, then (3.82) simplifies to 

Rix = CR34C” + Ris (3.83) 

as the averaging time grows to infinity. 

It may be seen that Raa is a centrosymmetric matrix (i.e., it is symmetric about 

the prinicipal diagonal as well as about the cross diagonal) [47]. In particular, it 

is band symmetric Toeplitz matrix [48] with the cross-diagonal being equal to the 

autoccorelation sequence of the data signal. It should be noted that if the eigenvalues 

a centrosymmetric matrix are all distinct, then the associated eigenvectors are either 

symmetric or skew-symmetric [47, 49]. However, if any of the eigenvalues has a 

multiplicity greater than one, then the associated eigenvectors are not unique and 

may or may not be symmetric (or skew-symmetric) [49]. In this case, the structure of 

the matrix Rag is such that the eigenvector associated with the maximum eigenvalue — 

is symmetric and of a single sign [50]. Also, C is unitary, ice., 

CAC =I. 

Therefore, the eigenvector associated with the maximum eigenvalue of Rxx is equal 

to C multiplied by the dominant eigenvector of Raz. Thus the dominant eigenvector 

of Rxx gives the spreading code multiplied by a window function (the dominant 

eigenvector of R33): It was not possible to determine the exact structure of this 

window function. However, the rate at which the extreme values of this eigenvector 

approach zero may depend on the width of the nonzero band of the matrix Raa [50] 

(which is equal to the width of the peak of the data autocorrelation sequence).
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3.3.6 Multipath Considerations 

Multipath propagation is inevitable in the wireless environment, so it is important to 

see how the algorithm performs in this environment. A two path multipath model is 

used here. That is, there is a delayed and attenuated component in addition to the 

main component of the signal: 

z(t) = s(t) + gs(t — 7) + i(8), (3.84) 

where g is the amplitude of the multipath component and 7 is the delay. Then the 

frequency-channelized signal is given by 

rp(t) = Lao [x(t)e rr") 
= L40[(s(t) + gs(t — 7) + i(t))e 97 "| 

= Lo [e(t)d(t) + gc(t — r)d(t — r) + i(t))e-9?* 4] 

= SOC(k-—m)[La 0 (d(the ?™**")] 

+ d C(k — m)e"P?™8-™ F710 0 (gd(t — T)e 927*F*)] + ay (t) 

= rol m)d,(t) (i) + Clk m)d,(t) + ix (t) (3.85) 

where 

Clk) = O(k)e ink fr 
d.(t) = Laolgd(t — r)e~I?*Fr*], 

Then. 

x(t) = [xe(t)|k 

= Cd(t) + Cd(t) + i(t) (3.86) 

C = [C(k-—mM)]km 

d(t) = [de(t)le. 

Then the autocorrelation matrix of x(t) is 

“Aa 

Rux = (x(t)x"(t))r 

= ((Cd(t) + Cd(t) + i(e)][d% ()C”? + d#(4)C% +i (1) 7 

= (Cd(t)d” (t)C# + Cd(t)d# (t)C# 

+Cd(t)d” (t)C” + Cd(t)d” (t)C# + i(t)i? (t)) 7 (3.87)
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assuming that d(t) and i(t) are temporally independent. 

Rxx = CRaaC” + CRygC” + CR34C”% + CRygC” + Ri (3.88) 

as the averaging time grows to infinity. 

Rad = / Sand (F) af, (3.89) 

Saa(f) = [Lal f)?Sum(f); (3.90) 

u(t) = d(t)e 927s (3.91) 

u(t) = gd(t—r)e 22st (3.92) 

Sum(f) = Flue (t+ 5) of (t- $))rh. 
where F{-}, is used to denote Fourier transformation with v as the variable of inte- 

gration. 

Suo(f) = F{(d (é 1 =) e F2rkin(t+5) 

x [oa (tr —%) evra) yy, 

oF {(d (t+ 5) er drei r#) 

x ld (+ TH =) Prt (tr-$)| * italfer) h 

Letting ¢- 5 =h, 

Suge (f) = gF{(d (t + é + =) eo s2kfr(tit(F+$)) 

[a(n — (4) evrelo-G)] yp eoteter 

Let $+ %= 4. Then, 

Suv (f) = gF{(d (4 + >) eo demkf,(ti+3) 

x a (1 ~ 3) evel) "nh pelentler 

= 9Si( fie" (3.93) 
where 

a=(k- If 
fi=ft ees,  
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Thus (3.89) becomes 

| , 7 k+l Figg = oe f inatsyPsti (r+ 2295) ap 
_— germ Ra a 

where use has been made of (3.56). Since 

0 Saa(f), a=0 
Saal f ) = . 

0, otherwise, 

Rad — Rad, Ok! 

= ger ht Ra a, Sk-t- 

Then 

Raa = diag{ Ry, 4, } 

= gdiag{e?"™"!"" Raa} 
= gdiag{Ra,a, }diag{e??"*/"" } 

= gRaqE” 

where 

ES diag{eJ2"*/r7} 

In a similar fashion, it can be shown that 

Raq = gdiag{e?""’ Raa, } 

= gERaa 

and 

Raa — g’diag{Ra,a, } 

= g’diag{eF2*Fr7 Rag eft} 

=> g’E Raa BY 

Using (3.97), (3.99) and (3.100) in (3.88), 

= (C+ gCE)Rgq(C + gCE)” + Ry. 

(3.94) 

(3.95) 

(3.96) 

(3.97) 

(3.98) 

(3.99) 

(3.100) 

Ryx = CRgqgC” + gCRqq E®C*# + gCERagC” + g’CERgq EC” + Ri 

(3.101)
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The columns of (C + gCE) are {Cm + g@m e277}, 

Cm = [C(k—m)|k 

In this case, the shift-orthonormality property is only approximately satisfied. 

The dominant mode corresponds to m = 0. The eigenvector of Rxx associated with 

the maximum eigenvalue is approximately equal to co + g€p and the (approximate) 

estimated code is obtained from its inverse Fourier transform, 

F~* {ceo + g€o} 

= c(t)+gc(t—T). (3.102) 

é(t) Q 

The demodulated signal is given by (3.33), 

d(t) ~ Lgo [(c*(t) + ge*(t — r))(c(t)d(t) + gce(t — r)d(t — r) + i(t))] 

= £40 [e*(t)c(t)d(t)] + Lao [gc*(t)e(t — r)d(t — r)] + Lao [c*(#)e(2)] 

+L£L4 0 [ge*(t — r)e(t)d(t)] + Lg 0 [g’c*(t — r)e*(t — r)d(t — 7)] 

+£4 0 [gc*(t — r)i(t)]. (3.103) 

If the spreading code has good autocorrelation properties [7], then for 7 > Ti, the 

second and third terms are negligible. Assuming that the spreading code and noise 

2 = are statistically independent, the last term approaches zero. Moreover, |c(t) 

|c(t — 7) |? =1. Hence (3.103) becomes 

d(t) = d(t) + g*d(t — r). (3.104) 

Thus, the estimated data also contains a delayed and attenuated component. In 

fact, the attenuation of the delayed component is greater than that in the received 

signal as indicated by the factor g?. When this factor is not negligible, equalization 

of the data can be carried out. A point worth noting is that equalization needs to 

be performed only at the despread SNR and the data rate since the eigenstructure 

technique automatically synchronizes with the multipath component also. However, 

it should be emphasized that the analysis carried out here is only for static multipath.



Chapter 4 

Experimental Results 

4.1 Introduction 

The eigenstructure technique was derived in Chapter 3 with the assumption of a 

general single signal environment. It was shown that theoretically the technique pro- 

vides perfect estimates of the spreading code under infinite time-average assumptions 

for arbitrary levels of white background noise, which is an intuitively pleasing result 

since this would be expected of any blind technique. However, it is important to 

evaluate the performance of the technique under finite time-average conditions of a 

practical system, as well as to demonstrate its soft synchronization capabilities. It 

was shown (theoretically) that the technique is insensitive to any frequency shift that 

is an integer multiple of the code-repetition rate. The application of the technique 

for a static multipath environment was theoretically analyzed in Section 3.3.6. It was 

concluded there that the code estimate is distorted by the multipath, but this mul- 

tipath distorted code can be used to enhance the data recovery in a manner similar 

to that of a RAKE receiver. It is important to validitate these conclusions and show 

the applicability of the technique to different code lengths and signal constellations. 

Furthermore, the wireless spread spectrum communication channel has many 

sources of signal corruption including narrowband and multiple access interference, 

Doppler shift and fading. Any performance demonstration is incomplete without 

these considerations. Since the development of the technique assumed a single sig- 

nal environment with only white background noise, it is important to evaluate the 

performance and practicality of the technique under these non-ideal conditions. 

o4
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Lastly, the time-channelization technique was derived as an alternative to the 

frequency channelization technique. It is useful to demonstrate the performance of 

this method of soft synchronization, since it provides a much more computationally 

efficient alternative. 

It is essential to compare the synchronization performance of the eigenstructure 

technique with that of conventional techniques. The RASE technique was discussed 

in Section 2.4.6. This technique is similar to the eigenstructure technique in that 

it achieves acquisition by performing chip estimates from the received signal. The 

difference, however, is that while the RASE technique does not take advantage of the 

interference rejection capabilities of the spread spectrum signal, the eigenstructure 

technique exploits the cyclostationarity characteristics of the received DSSS signal and 

the processing gain in performing soft synchronization. It is intended to demonstrate 

how this difference affects the relative synchronization times of the two techniques. 

This chapter on experimental results demonstrates the performance of the eigen- 

structure technique with all these considerations. —The PN sequences used for the 

simulations are described. The algorithm used for the computation of the domi- 

nant mode is briefly summarized. The computationally efficient FFT algorithm for 

frequency channelization, described in Section 3.3.4, is used for all the simulations. 

When this algorithm is used, the estimated code has a window superimposed on it 

which introduces some deterioration in the performance. The hardlimited estimated 

code is used for despreading to take advantage of the constant modulus nature of 

the code. The various channel models used for simulation are introduced and the 

simulation results for each of them are presented. Simulation results for different 

code lengths and signal constellations are also presented. For the purpose of com- 

parison, the RASE technique is also simulated under similar channel conditions and 

the acquisition times are compared to those of the eigenstructure technique. Finally, 

experimental results for the time-channelization technique are also given. 

4.2 Simulation of LFSR Sequences 

The most common PN sequences used in computer simulation are mazimal-length 

sequences (also known as m-sequences) and Gold codes. They are generated using 

LFSR generators which are easy to simulate on a computer. They also enjoy certain
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Figure 4.1: Autocorrelation function for an m-sequence with N chips 

properties that are desirable of PN sequences. 

A maximal-length sequence derives its name from the property that the shift 

register generator passes through all possible states (except for the all-zero state) and 

hence the sequence has the maximum possible length (if r is the number of stages of 

the shift register, then the length of the sequence is 2” — 1). Also, different initial 

conditions result in different phases of the same sequence. A useful property of an 

m-sequence is that its periodic autocorrelation function has two values as depicted in 

Figure 4.1, which is close to the desired autocorrelation function of Figure 1.2. Other 

properties of m-sequences are described in [7], where a table of polynomials that yield 

m-sequences is also given. The class of m-sequences has been used for all simulations 

using the polynomials of the aforementioned table. 

4.3 Algorithm for the Computation of the Dom- 

inant Mode 

Generally, the practical evaluation of eigenvalues and eigenvectors of a matrix involves 

employing iterative methods [51, 52, 53, 54]. The most common among these is the 

Power Method and has been used for the computation of the maximum eigenvalue 

Amaz and the associated eigenvector Vmax of the finite-time-averaged autocorrelation 

matrix Rxx.
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This technique may be used when there is a single dominant mode, i.e., the eigen- 

values of the N x N matrix are such that 

Ay > A. > Ag >... > AN 

The eigenvalues and eigenvectors satisfy the following eigenequation: 

MRxx = AiVi, 1=1,2,...,N. (4.1) 

Suppose the sequences x, and y;, are defined as 

Yer: = Rxxxs, (4.2) 

Xk+1 = Ye+i/max(Xz+41), (4.3) 

where max(u) denotes the element of u with the maximum absloute value. Then, 

x, = R,xo/ max(R£,x0) (4.4) 

where Xg is any arbitrary vector which may be expressed as 
N 

xo = 3 Q{Vi- (4.5) 

i=0 

It can be shown that provided a, # 0, 

X; > v,/max(v,) and max(y;) > Aj. 

Thus the maximum eigenvalue Amer; and the associated eigenvector Vmaz are obtained 

together. The rate of convergence depends upon the ratio |A2/,|; if this ratio is close 

to unity, then the rate of convergence is slow. 

4.4 Signal-to-Noise Ratio 

Most of the simulations are performed on a baseband rectangular shaped BPSK signal. 

Thus, the spread spectrum signal is modeled as 

s(t) = c(t)d(t) 

where both the spreading code signal c(t) and the data signal d(t) are binary nonreturn- 

to-zero waveforms with unit amplitude. Therefore, the power of the signal (Ps) is 

unity. The signal-to-noise ratio (SNR) is defined by 

P SNR = 10log,, (=) dB (4.6) 
N
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where Py is the noise power. Using the noise variance 0%, as the noise power, 

1 

on 

Therefore, the noise variance for a specific SNR is calculated using 

1 
1QSNR/10° (4.8) 

a = 

4.5 Performance Measures 

The main measures of performance that are used for evaluating the eigenstructure 

technique are the mean-square errors (MSEs) of the estimated code and data. In 

particular, the MSE between the hardlimited estimated data and the original data 

reflects the merit of the code estimate. This is because even though the code estimate 

itself may not seem to be accurate enough, the hardlimited estimated code (which is 

used for despreading) may still be ‘good’ enough to yield good data estimates. The 

MSE between the hardlimited estimated code and the original code is also important. 

On occasion, the MSE between the estimated code (not hardlimited) and the original 

code is also considered. 

The MSE between any estimate £(t) and the corresponding original signal x(t) is 

given by 

MSE; = ((a@(t) — 2(t)P)r- (4.9) 
This expression is used for the computation of the three MSEs mentioned above. 

For conventional code acquisition schemes, acquisition is easily declared as either 

achieved or not achieved. There is no intermediate state. But for the eigenstruc- 

ture technique, absolute synchronization (and hence acquisition) cannnot be strictly 

defined due to its soft nature. This introduces difficulty in comparing the two ap- 

proaches. However, synchronization for the eigenstructure technique may loosely be 

defined to be achieved at that stage at which the MSE of the hardlimited estimated 

data (which is the final signal of interest) is on the order of the residual noise after 

the despreader. That is, synchronization is said to be achieved if 

1 SNE (4.10)   MSEj,, <
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Table 4.1: Maximum values of MSE, for declaring synchronization achieved. 

  

| Input SNR (dB) | Required max. MSE; | 
  
  

  

  

  

  

  

  

  

  

-10 0.079 

-8 0.050 

-6 0.032 

-4 0.019 

-2 0.012 

0 0.008 

2 0.005 

4 0.003 

6 0.002       
  

where SE, is the MSE of the hardlimited estimated data and SNAp is the SNR 

of the signal after despreading, both quantities being expressed in linear scales. But 

SNRp & S (SNRinp) (4.11) 

where SNRinp is the SNR at the despreader input and S is the processing gain. 

Hence, for synchronization, 

1 
$$. 4.12 we = 5 (SN Ring) 412) MSE; 

Table 4.1 gives the threshold values of MSE;_, for different input SNRs based on 

this relation, with a processing gain of 21 dB (S = 128). 

A second measure to evaluate the merit of the code estimate is the coherence of 

the estimate. It is measure of the degree of coherence between the estimated code 

and the original code. The coherence of the hardlimited estimated code is defined by 

che 

[(e%e) A” “ OF: = 

where c and ¢ are column vectors containing the original chip sequence and the 

hardlimited estimated chip sequence, respectively.
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Table 4.2: Parameters for simulation in AWGN 

  

Data rate 16 kbps 

Code length 200 chips 

Processing gain | 128 

Code-repeat rate | 8.031 kHz 

  

  

  

  

  

  

Chip rate 2.048 Mcps 

Sampling rate 2.048 Msamples/s 
SNRs -10 dB to 6 dB 

in steps of 2 dB       
  

4.6 Simulation Results 

4.6.1 Additive White Gaussian Noise 

Additive white Gaussian noise (AWGN) with the required variance is generated using 

the Box-Muller algorithm [55] for the transformation of a pair of uniform deviates into 

normal (Gaussian) deviates. If x; and x2 are uniform deviates, then normal deviates 

y, and y2 with variance 0%, may be generated using 

y1 =  —20%, In 21 cos(27 22) (4.14a) 

yo = 1/ -20%, Inz, sin(2722). (4.14b) 

The uniform deviates are generated using the available MATLAB routine. The gen- 

erated Gaussian noise is added to the received signal at baseband: 

x(t) = s(t) + n(t). (4.15) 

The parameters used for simulating the technique in AWGN are given in Table 

4,2. For the entire performance study, a code length of 255 has been chosen, since 

this is a moderate code length and the computation time is not prohibitive. A modest 

processing gain of 128 (i.e, about 21 dB) is used, effectively making the code repeat 

rate and the data rate practically incommensurate. However, for comparison, the 

performance for a different code length is also demonstrated. 

The above parameters were used to simulate the technique in AWGN. The results 

of the simulation are plotted in Figures 4.2 through 4.6. 

Figure 4.2 shows a plot of the MSE of the hardlimited estimated data as a function 

of the collection interval (number of code repetitions) of the received signal. From
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Figure 4.2: Variation of the MSE of the hardlimited estimated data with collection 
interval. 
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Figure 4.3: Variation of the MSE of the hardlimited estimated code with collection 

interval. 
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Figure 4.4: Variation of the MSE of the estimated code with collection interval. 
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this figure, it may be seen that the MSE begins to drop rapidly after 32 code repeats. 

At 64 code repeats, the MSE for all positive SNRs falls to about 0.2 and the average 

bit error rate falls to about 0.05 (Figure 4.6). The reason for this is the relatively 

rapid improvement in the estimated code, as is reflected by Figure 4.4, the plot of 

the MSE of the estimated code. The plot of the MSE of the hardlimited estimated 

code of Figure 4.3 also illustrates this improvement. 

However, at 128 code repeats, the MSE of the hardlimited estimated code ap- 

proaches zero for SNRs of -4 dB and above, as shown in Figures 4.4 and 4.5. Further- 

more, the MSE of the estimated code improves by about 6 dB for all the higher SNRs, 

as compared to the roughly 3 dB improvement in going from 32 to 64 code repeats. 

Also, the MSE of the hardlimited estimated code reaches almost zero at SNRs of -4 

dB and above. 

The reason for the dramatic improvement for 128 code repeats is that at this 

stage, a suitable time-average is achieved. Until this stage, however, the finite time- 

averaging results in imperfect estimates of the code, where part (or sometimes, parts) 

of the estimated code is inverted. At 128 code repeats, the averaging time is long 

enough to remove this inversion. For SNRs of -2 dB and above, the hardlimited 

estimated code is almost perfect, resulting in almost zero MSE. For lower SNRs, the 

noise dominates causing a larger MSE. However, as seen from Figure 4.3, the MSE 

continues to decrease for larger collection intervals. Even for an SNR of -10 dB, the 

MSE falls rapidly. For the lower SNRs (-8 dB and below), the MSE increases first 

and then begins to decrease. The intial effect may be due to the fact that for short 

collect intervals, the estimated code is partially inverted and full processing gain is 

not available. This coupled with the high noise level perhaps produces the anomaly 

observed. 

The coherence of the hardlimited estimated code is plotted in Figure 4.5. The 

plot shows high coherence (close to unity) for the higher SNRs at 128 code repeats. 

The convergence of the coherence is similar to that of the MSE of the hardlimited 

estimated code in Figure 4.3. 

Figure 4.2 shows that at 128 code repeats for SNRs of -4 dB and above, the max- 

imum MSE values for declaring synchronization, listed in Table 4.1, are achieved and 

hence synchronization may be said to have been achieved by this stage. For -6 dB 

SNR, it takes about 256 code repeats to achieve synchronization. For lower SNRs,
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extrapolation of the curves gives a reasonable estimate of the required “synchroniza- 

tion time”. It can also be observed that the synchronization times are roughly the 

same for higher SNRs but are distinctly lower for lower SNRs. 

A key observation that may be made by comparing Figures 4.2 and 4.3 is that 

a perfect estimate of the code is not necessary for the perfect estimate of the data. 

This is clearly evident from the curves for -4 dB SNR. At 128 code repeats, the MSE 

of the hardlimited estimated code is still about 0.1. But the MSE of the hardlimited 

data (and the average bit error rate from Figure 4.6) is almost zero. Similarly, at 256 

code repeats, the MSE of the hardlimited estimated code is above 0.1, but the MSE 

of the hardlimited estimated data is close to zero. This is due to the large processing 

gain available even with an imperfect code estimate, and this is the strength of the 

soft synchronization technique. 

Figure 4.7 shows the MSE of the hardlimited estimated data with differentially 

encoded and decoded data. The curves indicate lower MSE for the higher SNRs at 

lower collection intervals. At lower SNRs, the estimated code is partially inverted 

causing the high MSE observed in Figure 4.3. But the differential encoding and 

decoding reduces the MSE of the estimated data, leading to the faster convergence 

(the MSE drops close to zero at 64 code repeats) for the higher SNRs, as exemplified 

by the curve for 4 dB SNR. The degradation caused by the use of DPSK is apparent 

for the lower SNRs where the convergence is much slower. 

The RASE technique is also simulated in AWGN. The mean acquisition time is 

plotted in Figure 4.9. The parameters for the simulation are given in Table 4.3. An 

integration time of 60 chip periods is chosen. When the system enters the lock mode 

due to a false alarm, it can get back to the acquisition mode only after the lapse of 

a certain interval of time known as the false alarm penalty. For the simulations, the 

penalty is 100 integration periods, which is a typical value [56, 57]. Comparison with 

4.2 reveals that the synchronization performance of the eigenstructure technique is 

clearly better for the lower SNRs (-4 dB and below). But the RASE technique 

performs better for the higher SNRs (for which chip estimates in the RASE technique 

are made accurately with a high probability). The RASE technique severely degrades 

at the lower SNRs since the probability of false alarm is high.
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Table 4.3: Simulation parameters for the RASE technique in AWGN 

  

  

  

  

Data rate 16 kbps 

Code length 255 chips 

Processing gain | 255 

Chip rate 4.08 Mcps 
  

Sampling rate 4.08 Msamples/s 
Integration time | 60 chip intervals 

False alarm 100 integration 

penalty periods 

  

        
  

  9000 

8000 

“I
 oS 

S
 Qo 

6000 

5000 

(n
um

be
r 

of
 
co
de
 

re
pe

at
s)

 

4000 

im
e 

wo Oo Oo So 

Me
an
 

ac
qu

is
it

io
n 

t 
NM

 Qo 
o
 Oo 

1000F Ne       0 
-10 -8 -6 -4 -2 0 2 4 6 

SNR (dB) 

Figure 4.8: Variation of the mean acquisition time for the RASE technique with SNR.
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Table 4.4: Parameters for simulation in AWGN and with different code lengths 

  

  

  

  

  

  

  

  

        

| Case | 1 | 2 | 

Data rate 16 kbps 16 kbps 

Code length 63 chips 127 chips 

Processing gain | 32 64 

Code-repeat rate | 8.127 kHz 8.063 kHz 

Chip rate 0.512 Mcps 1.024 Mcps 

Sampling rate 0.512 Msamples/s | 1.024 Msamples/s 

SNRs -10 dB to 6 dB -10 dB to 6 dB 

in steps of 2 dB in steps of 2 dB   
  

4.6.2 Different Code Lengths 

In order to evaluate the performance of the technique for different code lengths, 

simulations are performed for code lengths of 63 chips and 127 chips. The parameters 

for simulation are listed in Table 4.4. The simulation results for the first case (code 

length of 63) are plotted in Figures 4.7 through 4.11. Figures 4.12 through 4.15 

illustrate the results for the second case (code length of 127). 

From 4.7 it can be seen that although there is a significant drop in the MSE of the 

hardlimited estimated data from 16 to 32 code repeats, the convergence slows down 

beyond that. Zero MSE for SNRs of -4 dB and above is approached only at 128 code 

repeats, as in the case of code length of 255. However, complete convergence occurs 

only at about 256 code repeats. From Figure 4.10, it is seen that the drop in the 

MSE of the estimated code beyond 16 code repeats is linear on the logarithmic scale. 

The MSE of the hardlimited code also converges to zero slowly after 32 code repeats. 

The coherence function of Figure 4.11 reflects a similar trend. 

Figure 4.13 also shows that the estimated code begins to converge at approxi- 

mately 128 code repeats, inspite of the significant drop in MSE from 32 code repeats 

to 64 code repeats, which is more apparent in Figure 4.14. Figure 4.12 indicates that 

complete convergence for SNRs of -4 dB and above occurs only at approximately 

256 code repeats. Figures 4.13 and 4.15 validate this through the convergence of the 

hardlimited estimated code. 

Comparing Figures 4.3, 4.9 and 4.13, it may be noted that regardless of the code 

length, the MSE of the hardlimited estimated code for the higher SNRs begins to
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approach zero for a collection interval in the region of 128 code repeats. However the 

MSE convergence properties are different for the three cases. This suggests that the 

convergence properties are a function of the processing gain. 

4.6.3 Different Signal Constellations 

The derivation of the eigenstructure technique did not make any assumptions about 

the signal constellation of either the data waveform or the spreading code waveform. 

The requirements were that the two waveforms must truly multiply each other and 

that the spreading code must have a constant modulus. Therefore, QPSK constella- 

tions for the data and/or code can be used, since a QPSK constellation preserves the 

constant modulus property. 

The eigendecomposition algorithm imparts a (constant) phase shift to the esti- 

mated code. As a result, the estimated data also has a constant phase shift with 

respect to the original message signal. Therefore, it is necessary to use differential 

encoding for the data. 

Two cases are considered to demonstrate the applicability of the eigenstructure 

technique to different modulation types. The first case uses DQPSK modulation for 

the data and a BPSK constellation for the code. In the second case, a DQPSK data 

constellation and a QPSK code constellation are used. In the latter case, the esti- 

mated code is hardlimited in magnitude and used for despreading. Phase hardlimiting 

is not performed because the phase shift on the estimated code is unknown and hence 

the quantization boundaries cannot be determined. The AWGN is complex in both 

cases. The variance of each noise component (in-phase and quadrature) for a given 

SNR is given by (4.8) (since the power of each component of the signal is unity). The 

parameters are listed in Table 4.5. The MSE of the hardlimited estimated data for 

the two cases are plotted in Figures 4.17 and 4.18. 

Figure 4.17 shows that convergence for SNRs of 0 dB and above occurs at about 

128 code repeats. This is similar to the BPSK case plotted in Figure 4.7. However, 

convergence for the lower SNRs is slower than for the BPSK case. One reason for 

this could be the use of differential encoding and decoding for the data, which causes 

some degradation in the performance. The higher MSE for the low SNRs is because 

the QPSK has signal states (1,1), (-1,1), (1,-1), (-1,-1), and thus the power of the 

QPSK signal is twice that of the BPSK signal.
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Table 4.5: Parameters for simulation in AWGN and with different signal constellations 

(Case an 2 Z   

  

  

  

  

  

  

  

  

        

Code BPSK QPSK 

Data DQPSK DQPSK 

Baud rate 16 kbaud 16 kbaud 

Code length 63 chips 63 complex chips 

Processing gain | 32 32 

Code-repeat rate | 8.127 kHz 8.127 kHz 

Chip rate 0.512 Mcps 0.512 Mcps 

Sampling rate 0.512 Msamples/s | 0.512 Msamples/s (complex) 
SNRs -10 dB to 6 dB -10 dB to 6 dB 

in steps of 2 dB in steps of 2 dB   
  

Comparison of Figure 4.18 with Figure 4.17 shows that the performance is the 

same in both cases. The curves in both figures follow similar trends. The figures 

demonstrate the fact that the technique has the same performance characteristics for 

different code and data signal constellations. 

4.6.4 Frequency Shift on the Signal 

Imperfect frequency down-conversion at the receiver, resulting from a frequency offset 

between the local oscillators at the transmitter and receiver, causes a frequency shift 

on the baseband signal. The analysis in Chapter 3 showed that the eigenstructure 

technique is insensitive to frequency shifts of integer multiples of the code repetition 

rate since the estimated code also carries the same frequency shift. 

To demonstrate this, the parameters of Table 4.2 are used and a frequency shift of 

twice the code repeat rate (i.e., 16.062 kHz) is introduced on the received baseband 

signal. The results of simulation are depicted in Figure 4.19. The convergence of the 

estimated data is found to be similar to that of the case without a frequency shift. 

For the higher SNRs, the MSE of the hardlimited estimated data approaches zero at 

128 code repeats. The slight deviation may be due to the windowing on the estimated 

code. However, the curves prove that the the frequency shift on the recieved signal 

does not affect the despread data, provided that the frequency shift is an integer 

multiple of the code repeat rate.
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Figure 4.20: Variation of the mean acquisition time with SNR for the RASE technique 

(frequency shift: twice code repeat rate).



CHAPTER 4. EXPERIMENTAL RESULTS 76 

The same frequency shift is used for the RASE technique. The other parameters 

are the same as in ‘Table 4.3. The acquisition time is plotted in Figure 4.20. The 

acquisition time for the higher SNRs is not affected much. But for the lower SNRs, 

the changing envelope caused by the frequency shift results in a very high false alarm 

rate leading to rapidly deteriorating acquisition times. The acquisition time increases 

exponentially with the decrease in SNR. The eigenstructure technique is clearly better 

for SNRs below - 4 dB. 

4.6.5 Multipath Interference 

It is shown in Chapter 3 that when there is mulipath interference, the estimate of the 

code also contains a multipath component. The received signal is modeled as 

x(t) = c(t) d(t) + gc(t — 7) d(t—7), (4.16) 

where g is the amplitude of the multipath component and 7 is its delay. The multipath 

delay is chosen to be 20us, which is a typical value for the outdoor environment. Two 

cases are considered. For the first case, g = 0.5 and for the second case g = 0.7. The 

other simulation parameters are the same as in ‘Table 4.2. The simulation results for 

the first case are depicted in Figures 4.21 through 4.24. The results for the second 

case are plotted in Figures 4.25 through 4.28. 

From Figure 4.21, it may be observed that for the higher SNRs, convergence is 

similar to the case without multipath inteference. That is, the MSE of the hardlimited 

estimated code is near zero at 128 code repeats. However, for lower SNRs, conver- 

gence is slower (Figure 4.22). The reason for the slower convergence is the multipath 

component in the code estimate. For the lower SNRs, the MSE approaches zero at a 

slower rate. It is seen here that the low data MSE for the higher SNRs is inspite of 

the non-zero MSE of the hardlimited estimated code. At 256 code repeats, the code 

MSE is on the order of 0.2, but the data MSE is zero for SNRs of -4 dB and above. 

From Figure 4.23, it can be seen that the MSE of the estimated code is roughly 6 dB 

higher than in the case without multipath interference. Figure 4.24 shows that the 

coherence is only about 0.9 for the higher SNRs at 256 code repeats. 

Figure 4.25 shows similar results for the data estimate. However, Figures 4.26—4.28 

indicate a significantly worse code estimate which is due to the stronger multipath
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Figure 4.25: Variation of the MSE of the hardlimited estimated data with collection 

interval for a multipath interference environment (amplitude of multipath component: 

0.7). 
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Figure 4.29: Variation of the mean acquisition time with SNR for the RASE technique 

for a multipath interference environment. 

component in the code estimate. These results reenforce the theoretical assertions 

that the multipath estimate doesn’t cause much deterioration to the data estimate. 

The acquisition times for the RASE technique are illustrated in Figure 4.29 for the 

two cases with amplitude of the multipath component equal to 0.5 and 0.7. Compar- 

ison of this plot with Figure 4.8 shows that the acquisition times are the same as for 

the case without multipath interference. The amplitude of the interfering multipath 

component is less than 1 and the chip estimator is not much affected by interfering | 

components less than 1. However, the eigenstructure technique is still better than 

the RASE technique for SNRs below -4 dB. 

4.6.6 Narrowband Interference 

Narrowband interference due to analog modulated signals such as FM may cor- 

rupt a spread spectrum signal. This interference may not exhibit cyclostationary 

properties. The wide spectrum of the spread spectrum signal can be taken advantage 

of in this case to notch out the narrowband interference. 

The eigenstructure technique is simulated using the parameters of Table 4.2 and



CHAPTER 4. EXPERIMENTAL RESULTS 82 

  

1264 

on 
oF OY 

0.6 -- 
  

x -10dB SNR 

+ -8 dB SNR 
04- 

Oo -6 dB SNR 

x -4dB SNR   0.2- 
——— higher SNRs     

   

    
    | n 

8 pe
o 

16 32 64 

Collection interval (number of code repeats) 
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Figure 4.32: Variation of the mean acquisition time with SNR for the RASE technique 

for a narrowband interference environment. 

a narrowband FM interference with a signal-to-interference ratio (SIR) of -3 dB. 

Figures 4.30 and 4.31 show the results. Figure 4.30 shows that for SNRs of -4 dB 

and above, the estimate of the data converges at about 256 code repeats. The MSE 

of the hardlimited code at this stage is relatively high (in the range 0.2-0.3). It 

may be observed that although the code MSE improves siginaficantly from 128 code 

repeats to 256 code repeats, it does not drop to zero. However the data MSE for 

all the higher SNRs falls to zero. This is another example of the advantage of the 

soft synchronization technique, i.e., an imperfect estimate of the spreading code can 

yield near-perfect data estimates. It must be noted that the SIR is negative, i.e., the 

interference power is greater than the signal power. For higher SIRs, the convergence 

is faster. 

The results of simulation of the RASE technique in narrowband interference are 

illustrated in Figure 4.32. The SIR is -3 dB. The other parameters are the same as 

in Table 4.3. The plot shows that the narrowband interference has an impact at the 

higher SNRs resulting in the increase of the mean acquisition time. At lower SNRs, 

however, the effect appears to be negligible. The eigenstructure technique is found 

to better than the RASE technique for all negative SNRs. ‘The relative improvement
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provided by the eigenstructure technique over the RASE technique is even greater for 

the narrowband interference environment. 

4.6.7 Multiple Access Interference 

CDMA networks inherently have multiple access interference. Although spreading 

codes are designed to have good cross correlation properties, it is difficult to design 

them to be perfectly orthogonal to each other, especially for the reverse link. 

The eigenstructure technique exploits the statistical periodicity of the spread spec- 

trum signal at the code repetition period. However, if each of the interfering signals 

has a statistical periodicity (i.e., code repeat rate) that is different from that of the 

desired user, the technique can distinguish the desired signal from the CDMA inter- 

ference. 

The eigenstructure technique is simulated using a multiple access interference 

environment. The parameters for the desired signal are those listed in Table 4.2. It 

is important to note that the code repeat rates of the interferers must be different 

from the code repeat rate of the desired user for the technique to work. The code 

lengths for the interferers are 31, 127, 511 and 1023. The sampling rate is the same 

for all cases. Imperfect power control is assumed. The interferers are lognormally 

distributed with a mean 0 and a standard deviation of 1. 

For the case of a fixed collection interval of 128 code repeats of the desired user, 

the results obtained are depicted in Figures 4.33 and 4.34. Figures 4.35 and 4.36 show 

the results when the collection interval is fixed at 256 code repeats. It is seen from 

Figure 4.33 that the MSE for all SNRs of -2 dB and above remains below 0.1 with 

up to 10 interferers. The MSE for -4 dB SNR is slightly higher. For the lower SNR’s 

however, the MSE is significantly higher. For these SNRs it and without interference, 

convergence takes longer than 128 code repeats (Figure 4.2), so 128 code repeats is an 

insufficient collect time when interference is present. Figure 4.34 reflects that the MSE 

of the hardlimited estimated code is also considerably higher than that for the higher 

SNRs. At the higher SNRs, the deterioration in the data estimate with increasing 

number of interferers is not as much as the deterioration in the code estimate. The 

soft despreading is again advantageous since imperfect code estimates can provide 

excellent data estimates. 

Figure 4.35 indicates a much better performance for a collect time of 256 code
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Figure 4.37: Variation of the mean acquisition time with SNR for the RASE technique 

for a multiple access interference environment. 

repeats (of the desired user) than for 128 code repeats. The figure suggests that the 

interference has very little effect on the performance of the eigenstructure technique, 

especially for higher SNRs. In fact, for SNRs of -2 dB and above, the MSE of the 

hardlimited estimated code is close to zero independent of the number of interferers. 

For -4 dB SNR, this is so with up to 9 users. For lower SNRs, the deterioration with 

increasing number of users is more apparent. Spectral correlation between frequency 

components separated at multiples of the code repeat rate (of the desired user) exists 

for the desired signal but not the interfering signals and thus provides the interference 

tolerance of the eigenstructure technique. Figure 4.36 indicates that the effect of 

interference on the data estimate is not as much as on the code estimate. 

The performance of the RASE technique simulated under identical conditions (and 

the same set of codes) is shown in Figure 4.37, which clearly illustrates the breaking 

down of the technique. This happens because the technique attempts to acquire the 

strongest signal including the interference. The performance is severely degraded due 

to both low probability of detection and high probability of false alarm (especially 

for the lower SNRs). The eigenstructure technique exploits spectral correlation which 

allows for the superior performance.
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4.6.8 Rayleigh Fading 

Dynamic multipath causes time-selective fading of the received signal in a mobile 

environment [58, 59]. A single-ray channel model is assumed here. The envelope of 

the fading signal is Rayleigh distributed. The Doppler shift experienced by the signal 

received on a mobile is given by 
Vv 

fm = 5: 

where v is the velocity of the receiver and 4 is the carrier wavelength. Then the power 

(4.17) 

spectrum of the fading envelope is [60, 61, 62] 

2 

ji, [fl < fm 
S(f) =< 2fmy1-(4) (4.18) 

0, elsewhere, 

where E? is related to the received signal power. The carrier frequency used for the 

simulation here is 850 MHz and a vehicular velocity of 100 km/h is assumed. The 

received signal power is unity and hence E? = 1. Reference [63] provides a method for 

the computer generation of the fading envelope. Two independent complex Gaussian 

processes are multiplied by the above spectral shape. An IFFT of these spectrally 

shaped processes is taken and they are then combined to obtain the fading envelope. 

Differential encoding and decoding is used for the data to overcome the phase rotations 

introduced by the fading demodulated data. 

The results are plotted in Figures 4.38 through 4.41. Figure 4.38 shows that the 

convergence is a slower than in the case without fading (Figure 4.7). This is caused 

by both the amplitude variations as well as the phase variations in the fading received 

signal. Since DPSK is used, the MSE of the hardlimited estimated data is lower for 

the higher SNRs at low collect times, and higher for the higher SNRs at higher collect 

times than for the BPSK case, as explained before (Section 4.6.1). 

The RASE technique is simulated under identical conditions. —The mean acqui- 

sition time is plotted in Figure 4.42. The plot shows that at higher SNRs, fading 

does not have any noticable effect, but at lower SNRs it has a severe effect due to 

a high false alarm rate. Extrapolating the curves of Figure 4.38 suggests that the 

synchronization times for the eigenstructure technique are 2 to 4 times lower than for 

the RASE technique for moderate SNRs (-8 to -5 dB).
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Figure 4.42: Variation of the mean acquisition time with SNR for the RASE technique 

for a Rayleigh fading environment (vehicle speed: 100 km/h, carrier frequency 850 

MHz). 

4.6.9 Time-Channelization 

As discussed in Section 3.3.5, a time-channelization algorithm may be used instead of 

the frequency-channelization algorithm. The simulation examples of this algorithm 

in AWGN are presented here. The parameters of Table 4.2 are used. Figures 4.43 

through 4.46 illustrate the results. 

Comparison of the MSE of the hardlimited estimated data for the frequency- 

channelized and time-channelized versions (Figures 4.2 and 4.43) clearly demonstrates 

the slower convergence in the latter case. It may be seen in Figure 4.43 that the MSE 

for the time-channelized algorithm for SNRs of - 4 dB and above falls to zero at 

only 256 code repeats compared to 128 code repeats for the frequency-channelized 

algorithm. The hardlimited code also converges at the same slow rate, as seen from 

Figures 4.44 and 4.46. The coherence approaches unity only at this stage. Figure 

4.45 shows that the improvement in MSE is not substantial. 

Time-channelization is a time-varying filter operation and can be shown to be 

equivalent to frequency-channelization. It can be thought of as creating a vector 

stationary process. ‘The time-channelization technique is expected to exhibit the
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same performance as the frequency-channelization technique. Hence the reason for 

the observed slower convergence is unknown at this time.



Chapter 5 

Conclusions and Future Work 

This thesis provides an overview of conventional DSSS acquisition techniques and 

presents a new approach to DSSS synchronization, termed here as “soft synchro- 

nization”. With conventional techniques, despreading a DSSS signal is possible only 

after the complete acquisition of the spreading code. However, with the eigenstruc- 

ture technique, despreading may begin at an early stage of received signal collection. 

Since the estimated spreading code improves as the estimatation is performed with 

more and more collected data, the accuracy of the despread data correspondingly 

improves. 

It is shown that under infinite time-average assumptions, a perfect estimate of the 

code may be obtained with arbitrary levels of white background noise. Simulation 

results are presented to demonstrate the performance of the technique under finite 

time-average conditions. The eigenstructure technique is compared with the RASE 

technique, which is similar in the sense that it achieves acquisition based on chip 

estimates made from the received signal, that are used to generate the code. The 

eigenstructure technique is found to be better than the RASE techniques when op- 

erating in background noise at SNRs of -4 dB and below. Faster synchronization of 

the eigenstructure technique at these SNRs is due to the exploitation of the cyclosta- 

tionarity property of the DSSS signal that provides signal selectivity. On the other 

hand, the RASE technique does not take advantage of the signal selective capability 

of A DSSS signal and thus falls apart at low SNRs due to a high false alarm rate. 

The performance of the eigenstructure techniques for different code lengths is 

demonstrated. The results show that the synchronization times for different code
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lengths in terms of the number of code repetitions is approximately the same. The 

technique may also be used for arbitrary data and signal constellations provided the 

DSSS signal is a true multiple of the code and the data, and the code has a constant 

modulus. 

The performance of the technique when the signal has a frequency shift is demon- 

strated. The results prove the theoretical assertions that the technique is insensitive 

to frequency shifts of integer multiples of the code repeat rate. Comparison with the 

RASE technique shows that the eigenstructure technique exhibits an order of mag- 

nitude less synchronization time for lower SNRs than the RASE technique since the 

RASE synchronization time is severely degraded due to a high false alarm rate. 

It is shown that when the received signal includes a multipath component, the 

estimated code also has a corresponding multipath component. The simulation results 

validate the claims that the multipath estimate does not cause much degradation to 

the despread data. In fact, the multipath component in the estimated code despreads 

the multipath component in the received signal. Thus equalization performed at the 

despread SNR and bandwidth can serve the same role as a RAKE receiver. The 

eigenstrucuture technique is again found to be better than the RASE technique at 

lower SNRs. 

Simulations results are also presented for a signal received in Rayleigh fading, 

narrowband interference and multiple access interference (with the code lengths of 

interferers being different from the code length of the desired user). In each case, 

the performance of RASE technique deteriorates due to increase in the false alarm 

probability, while the eigenstructure technique does not show any marked deteriora- 

tion. The exploitation of spectral correlation allows the eigenstructure technique to 

exhibit a dramatically superior performance over the RASE technique for multiple 

access interference, which breaks down for negative SIRs. 

An important conclusion that may be drawn from the simulation results is that 

the code estimate does not have to be perfect in order to obtain an excellent data 

estimate. The technique exploits the processing gain to provide a good data estimate 

even with an imperfect code estimate. This is a key advantage of employing soft 

synchronization. 

Time channelization may be used instead of the frequency chanellization. This 

algorithm is computationally less intensive. However, the convergence is slower by a
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factor of 2. 

5.1 Limitations of the Eigenstructure Technique 

A potential drawback of the eigenstructure technique is the high computational com- 

plexity. A modified algorithm employing the DFT is computationally more efficient. 

The computation of the DFT of a block of N samples requires on the order of 4N? 

multiplications. The computation of an N x N autocorrelation matrix requires N? 

multiplications. The convergence of the power method for the computation of the 

dominant mode depends on |A;/A,| and thus convergence is slow if the maximum 

eigenvalue is not large compared to the other eigenvalues. A different technique for 

finding the dominant mode may speed convergence. Finally, the IDFT for the esti- 

mation of the code again requires on the order of 4N? multiplications. 

The RASE technique is found to be faster for high SNRs. The eigenstructure 

technique, requires on the order of 128 code repeats to converge, since this is the 

averaging time required for the autocorrelation matrix to stabilize. 

5.2 Future Research 

The eigenstructure technique is developed to provide optimum performance in a single 

user environment with white background noise. It does not take advantage of the 

knowledge of the interference characteristics. For a signal received in a multi-user 

environment, a better approach would be obtain a code estimate that is optimum 

in the sense that it despreads the desired signal and at the same time cancels out 

the interference. ‘This would entail a procedure that calculates a code estimate that 

is orthogonal to the interference and this estimated code need not have a constant 

modulus. A changing environment would necessitate an adaptive algorithm. 

When the interference is cyclostationary, knowledge of the periodicities of the 

interference signals can also be exploited to perform multistage interference cancella- 

tion. The multistage structure can have either a series or a parallel implementation. 

Each stage can exploit the periodicity of one interference signal to perform an estimate 

of the interference. These estimates can then be used to cancel out the interference. 

This structure would be useful for multi-user detection, however the complexity and
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cost may be prohibitive for application in single user detection. A multiple stage 

synchronization process could allow for frequency selective interference cancellation. 

This gives an extra degree of freedom which translates to greater flexibility for filter- 

ing the signal. Adapting the blind algorithm to incorporate the periodicities of the 

interference signals will lead to new robust techniques for synchronization. Thus the 

key is to combine interference rejection with synchronization to come up with jointly 

optimum techniques.
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