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Abstract 

In this thesis. a communications system using the modulation scheme Gaussian minimum 

shift keying (GMSK) together with a serially concatenated coding system is studied 

under additive white Gaussian noise conditions and fading. The receiver used is the non- 

coherent frequency discriminator combined with an iterative decoding scheme. Using 

both rnaximrrm a posteriori ( M A P )  based algorithms and the soft-output Viterbi 

algorithm (SOVA) for decoding, the performance trade-off associated with applying a 

sub-optimal algorithm to the system is investigated. The impact of using a less accurate 

likelihood statistic to simplify calculations at the output of the discriminator is also 

examined. In a fading channel, the likelihood statistic is improved by adding side- 

information obtained frorn the signal envelope. Other parameters considered include the 

outer code and joint demodulation / decoding. Through simulation, it is shown that good 

performance can be obtained by this system even with relatively simple codes. 



Acknowledgements 

1 would like to thank my thesis supervisor, Prof. S. Pasupathy, for his guidance during 

my work at the U of  T. His patience and support throughout these years is greatly 

apprec iated. 

Also. 1 would like to  express my gratitude to the University o f  Toronto for the financial 

support and providing a great environment in which to  work and learn. It has been a 

wonderful experience. 

Lastly. but most importantly. 1 wish to  thank my parents and family. None o f  my 

accomplishments would have been possible without their love and support. 

iii 



Table of Contents 

.. ABSTRACT ................................................................................................................ I I  

... ACKNOWLEDGEMENTS ........................................................................................ .III 

LIST OF FIGURES ...................................................................................................... vi 

... LIST OF TABLES.. ................................................................................................... *vil1 

1 . INTRODUCTION ................................................................................................. 1 

2- SYSTEM COMPONENTS...... ............................................................................. 
2.1 T R A N S M I ~ R  COMPONENTS ............................................................................. 4 

................................................................................. 2.1.1 Concatenated Codes 4 

2.1.2 Gaussian Minimum Shift Keying .............................................................. 6 

2.1.3 Coded Modulation .................................................................................. 10 

2.2 CHANNEL ....................................................................................................... 1 1  

2.3 ~ C E I V E R  COMPONENTS ................................................................................. 11 

2.3.1 Frequency Discriminator ........................................................................ 12 

2.3.2 Iterative Decoding of Concatenated Codes ............................................. 15 

2.3.3 Maximum A Posteriori Algorithm .......................................................... 18 

2.3.4 Max-Log-MAP Algorithm ...................................................................... 20 

2.3.5 Sofi Output Viterbi Algorithm ................................................................ 21 

3. NON-COHERENT DECODING UNDER AWGN .............................................. 29 

3.1 SYSTEM MODEL .............................................................................................. 29 

3.1.1 Transmitter ............................................................................................. 29 

3.1.2 Receiver ................................................................................................. 32 



......................................... 3.1.3 Noise Statistics of a Frequency Discriminator 33 

.................................................................................... 3.2 SIMULA~ON RESULTS 3 5  

.............................................. 3.3.1 Coherent vs . Non-coherent Demodulation 37 

................................................................................. 3.2.2 Presence of Coding 39 

..................................................... 3 . 2.3 Combined Demodulation 1 Decoding 4 2  

..................................................... 3.2.4 Performance of Different Algorithms 43 

................................ 3.2.5 Dependence on the Accuracy of the Noise Statistic 46 

3.2.6 Effect of Outer Code .............................................................................. 48 

. 4 NON-COHERENT DECODING UNDER FADING .........................m................. 51 

.............................................................................. 4.1 FADING CHANNEL MODEL 51 

................................................................................... 4.1.1 Simulation Mode1 53 

......................................................... 4.2 AMPLITUDE INFORMATION IN DECODING 54 

................................................................. 4.3 SIMULATION RESULTS FOR FADING 56 

.................................... 4.3.1 Performance of Iterative Decoding under Fading 57 

................................... 4.3.2 Effect of Amplitude Information on Performance 58 

........................................... 4.3.3 Other Parameters' Effect on Performance 6 0  

5 . CONCLUSION ...................................................................................................... 63 

.................................................... A . DERIVATION OF THE MAP ALGORITHM 66 

............................................................................................................ REFERENCES 72 



List of Figures 

Figure 2.1 : Communication systern mode1 ...................... .... ...................................... 4 

Figure 2.2. Parallel concatenation .................................................................................... 5 

...................................................................................... Figure 2.3. Serial concatenation -6  

Figure 2.4. MSK frequency ( g ( t ) )  and phase (I(t)) pulses ............................................... 8 

.......................................................................................... Figure 2.5. GMSK modulator 9 

........................... Figure 2.6. GMSK frequency (g ( t ) )  and phase ( f ( t ) )  pulses . B.. T = 0.3. 10 

Figure 2.7. Ideal response of a frequency discriminator ............................................. 13 

Figure 2.8. Frequency discriminator implemented using bandpass fiiters ....................... 14 

............................................................................................... Figure 2.9. SIS0 module 16 

Figure 2.10. Iterative decoding scheme for serial concatenated codes ............................ 17 

77 Figure 2.1 1 : Viterbi algorithm illustration ................................................................... -- 
Figure 2.12. Trellis paths ............................................................................................... 28 

........... Figure 3.1 : Coded CPM Transmission System using Serial Concatenated Codes 30 

Figure 3.2. Continuous Phase Encoder for GMSK L = 0.3. ............................................ 31 

.............................................................................. Figure 3.3. Memoryless modulator 3 1  

Figure 3.4. Frequency Discriminator Demodulation/Decoding Structure ....................... 32 

Figure 3.5. Cornparison of coherent and non-coherent detection under AWGN ............. 37 

Figure 3.6. Performance of coding between coherent and non -coherent detection .......... 38 

.......................................................... Figure 3.7. Performance of coding under AWGN 40 

............................... Figure 3.8. Effect of no additional inner code on iterative decoding 41 

....................................... Figure 3.9. Performance of combined demodulation/decoding 43 

Figure 3.10. Performance of different algorithms in discriminator detection .................. 44 

Figure 3.1 1 : Performance of different algorithms under coherent detection .................... 46 

Figure 3.12. Uncoded performance of different noise statistics ...................................... 47 

........................ Figure 3.13. lterative decoding performance of different noise statistics 48 



Figure 3.14. Effeci of outer code on system performance ........................................... 50 

Figure 4.1 : Fading channel mode1 .................................................................................. 51 

Figure 4.2. Doppler power spectrurn ............................................................................. 5 3  

Figure 4.3. Fading amplitude simulator ......................................................................... 54 

Figure 4.4. Frequency discriminator receiver with amplitude information ...................... 55 

.................................................. Figure 4.5. Amplitude weighted metric under AWGN 5 6  

Figure 4.6. Performance of iterative decoding in fading channel .................................... 58 

Figure 4.7. Amplitude metric performance with (23, 35) outer code .............................. 59 

Figure 4.8. Amplitude metric performance with (5 . 7) outer code .................................. 60 

Figure 4.9. Effect of fading rate on performance ............................................................ 61 

Figure 4.10. Cornparison of MAP and SOVA under fading .......................................... 6 2  

vii 



List of Tables 

.................................................................................. Table 3.1 : Simulation Parameters 36 

......................................................... Table 3 2: Convolut ional codes used in this thesis 49 

viii 



Chapter 1 

Introduction 

A coding scheme. known as 'Turbo Codes" [ l ]  was presented by Berrou, Glavieux and 

Thitimajshima in 1993. This coding scheme can achieve a coding performance that is 

close to the theoretical Shannon capacity limit for data transmission over a noisy channel. 

Using parallel concatenated codes and a decoding method involving feedback, this 

performance was obtained without a significant increase in decoding and computational 

complexity. In the years following, research in this area has extended to using serial 

concatenated codes [2] and applying different algorithms in the decoding process [3]. 

Another area of interest is in bandwidth efficient digital modulation techniques. One 

such technique is continuous phase modulation (CPM), which has good spectral 

properties. Due to its bandwidth efficient design, CPM is used in a large number of 

applications. In particular, a type of CPM signalling known as Gaussian minimum shift 

keying (GMSK) [4] is used in several communication standards such as the Global 

System for Mobile telecornmunications (GSM) [5 ] ,  Digital European Cordless 

Telecommunication (DECT) [6], and the wireless local area network standard 

HIPERLAN [7]. 

To  demodulate a GMSK signal, both coherent and non-coherent methods can be used. 

Most standards do not specie a method that must be followed; therefore, it is desirable to 

choose one that has a good balance between complexity and performance. A receiver 

structure that is ofien used to demodulate CPM signals is the fkequency discriminator. A 

fkequency discriminator has a simple design, which is a desirable trait for mobile devices. 



This demodulator, however, is non-coherent, so the performance is worse than that of the 

more complex coherent receivers. 

Several approaches can be taken to improve the performance of a system employing the 

use of a frequency discriminator. The application of error control codes could be used to 

correct for some of the errors introduced by non-coherent demodulation. Maximum 

likelihood sequence estimation (MLSE) provides a method to remove the intersymbol 

interference and improve decoding performance. In a fading environment, some of the 

information is carried in the amplitude of the signal as well as in the phase and this could 

also be exploited to improve the demodulation performance [8]. 

The use of a spectrally efficient modulation, a simple receiver. and a powerful 

coding/decoding scheme can form a system that performs well while keeping the system 

complexity to a minimum. Szeto [9] studied the iterative decoding of coded GMSK 

under coherent detection and found that it can provide good results. Now we will 

investigate a similar coded system with discriminator detection to find out how iterative 

decoding can be designed to help overcome the performance degradation of non-coherent 

detection. 

Among the issues discussed are how the memory of the GMSK signal is affected by the 

non-linear processing of the discriminator and the impact this has on iterative decoding. 

How the system performs when using a joint demodulation / decoding approach will also 

be examined. Another issue involves the likelihood statistics fkom the channel. Due to 

the nature of the discriminator, accurate modelling of the phase noise may not be feasible. 

In this case, we investigated how assuming a less accurate statistic affects the system and 

if using other side-information will help improve the performance. 



In terms of complexity and performance trade-offs, there are some areas where the design 

can be changed to satisfy the application. Using various algorithms with different levels 

of complcxity and optimality in the decoding process, the effect the algorithms have on 

the systern performance is studied. Finally, we examine the significance of the outer 

code in the concatenated scheme and the relationship between the memory length of the 

outer code and its corresponding effect on the coding performance. 

1.1 Organization of Thesis 

Chapter 2 gives the background information to the various components of the 

discriminator-based, iterative decoding system. This includes the modulation technique, 

the demodu lat ion components, the coding scheme and the iterative decoding method. 

The different algorithms used are also described in that chapter. 

In chapter 3, the simulation results of the system operating under the additive white 

Gaussian noise channel are presented. The noise statistics at the output of the 

discriminator is described and used to calculate the channel reliabilities. Other 

parameters invest igated include outer codes, inner codes and decoding algori thms. 

The performance of the system under multi-path fading is studied in chapter 4. The use 

of amplitude information for the decoding metric is discussed. Some of the parameters 

studied in chapter 3 will also be investigated to determine their effects under fading 

condit ions. 

Chapter 5 concludes and sumrnarizes the results found in this research. Suggestions for 

further work in this area are also given. 



Chapter 2 

Sys?em Components 

The communication system presented in this thesis will be divided into three major 

components. The three cornponents are the transmit ter, the c hannel and the receiver. 

Information will pass through the system as shown in Figure 2.1. In this chapter, the 

details of tliese components will be discussed. 

Figure 2.1 : Communicat ion system model. 

2.1 Transmitter Components 

b 

The transmitter component consists of the coding and modulation aspects of the 

communication system. For coding, we will be using serially concatenated convolutional 

codes. This will allow us to decode the information using an iterative decoding approach 

at the receiver. The modulation scheme used in Our system is GMSK. 

+ Transmitter 

2.1.1 Concatenated Codes 

r 

Channel Receiver 

Since the introduction of turbo codes, a great deal of research has been made towards the 

study of concatenated codes with iterative decoding. There are two possible methods 

used to concatenate convolutional codes. Turbo codes, as presented in 1993 by Berrou et 

aI., involve the parallel concatenation of two recursive systematic convolutional (RSC) 



codes decoded using a feedback-decoding rule. In [2], Benedetto et al. uses a serial 

concatenation scheme to achieve coding performances that are similar to those of turbo 

codes. 

In both parallel and serial concatenation schemes, two constituent codes are used and are 

linked by an interleaver. The performance of the coding subsystem is interdependently 

affected by the design of the constituent codes and the interleaver [IO]. Figure 2.2 and 

Figure 2.3 shows the basic structures of parallel and serial concatenation used in iterative 

decoding respect ively . 

Interleaver ?-- 7 

Figure 2.2: Parallel concatenation. 

In the case of parallel concatenation, the data bits are fed into one of the encoders and an 

interleaved version of the data is fed into the other encoder. Note that the two encoders 

do not have to be identical. The input bits are transmitted systernatically along with the 

redundant error-control bits. The overall coding rate, R, of this system is 

where R,  and R, are the coding rates of the fwst and second encoders respectively. By 

puncturing the redundant error-control bits. a higher coding rate may be obtained. 



Figure 2.3: Serial concatenation. 

Outer 
Encoder 

For serial concatenation, the output of one encoder is used as the input to the other 

encoder in a sequential rnanner. The data bits are fed into the first encoder. called the 

outer encoder. Through the interleaver, an interleaved version of the output from the 

outer encoder is fed into the second encoder, called the inner encoder. I f  the coding rates 

k 
of the outer code and the inner code are R ,  = - and R, = ' respect ively, then the overall 

P n 

k 
coding rate of the serial concatenated system is R = 2 

Inner 
Encoder 

2.1.2 Gaussian Minimum Shift Keying 

‘ - 

A popular modulation scherne used in radio applications is CPM. The constant envelope 

property and its spectrally efficient design make it a desirable choice for digital data 

transmission. To achieve its spectral efficiency, the CPM signal is constrained to have a 

continuous phase with no abrupt changes to elirninate the high frequency components. 

There are several parameters in a CPM system that can be manipulated to obtain the 

desired properties in the spectra. 

- 
interleaver 

In a constant envelope modulation scheme such as CPM, the information is carried in the 

frequency or phase of the signal. A transmitted signal of this type is given [ 1 11 by 



where E is the symbol energy, T is symbol duration, f, is the carrier frequency and &, is 

the phase offset. The information is carried in the pulse amplitude modulated (PAM) 

signal 

which is also known as the infocmation-carrying phase. The M-ary information Stream is 

given by a=(cg,<r,, ...). with ai€ ( f  L,+3. .... I M - 1  } if M is even. and 

a, E ( 0, i 2.44, ..., +- M-1 ) if M is odd. We will restrict our investigations in this 

thesis to the binary case, with M-2 and ai E ( + 1 1. h is the modulation index andflt) is 

the phase response. The phase response pulse is the integral of the frequency pulse g ( t )  

such that it satisfis 

The pulse g(t )  is a smooth function over the interval O I t  I LT and is zero elsewhere. 

1 
g ( t )  is normalized so that the pulse integrates to L is a positive integer known as the 

memory of the modulation scheme, representing the number of bit periods that the 



fiequency pulse extends over. For L equal to 1, the scheme is known as full-response 

CPM; for L greater than 1. the scheme is known as partial-response CPM. 

A special case of binary CPM with a modulation index h = 0.5 is known as minimum 

shift keying (MSK). MSK may be viewed as a form of offset quadrature phase shift 

keying (OQPSK) or as continuous phase frequency shift keying (CPFSK) [ 121. There are 

many implementations of MSK and [13] shows how one could convert from one scheme 

to another. The frequency and phase response pulses of MSK are shown in Figure 2.4. 

From the figure, it can be seen that for MSK, L = 1 and therefore it is a full-response 

signal. 

Figure 2.4: MSK frequency (g(t)) and phase Cf([)) pulses. 

To make the spectrum of the signal more compact, the frequency pulse g(t) in Figure 2.4 

can be manipulated to give the desired charactenstics. One of the more popular shapes is 

the Gaussian curve. This form of CPM is called Guassian minimum shifi keying and it is 

the one used in the GSM standard. in GMSK, the rectangular non-return to zero (NRZ)' 

'1n a NRZ waveform. a positive level (+V) represents a binary land a negative level (-V) represents a 

binary 0. The waveform changes level when the data changes from a 1 to a O or from O to a 1 .  



input pulses are passed through a Gaussian low-pass filter (LPF) called the premodulation 

filter before being modulated by the FM modulator. This is shown in Figure 2.5. The 

response of the Gaussian LPF to a single NRZ pulse is equivalent to the frequency pulse 

g( t )  for GMSK, given by 

where Q(x) is the complementary error function defined as: 

The normalized bandwidth 

performance of the system. 

of the filter, B,,T, is a design parameter that affects the 

A lower value of B,,T will give a narrower power spectrum 

and as BJ + mv the GMSK waveform becomes the MSK waveform. Common values 

used for &,Tare 0.25,0.3, and 0.5. 

Figure 2.5: GMSK modulator. 

1 ; Gaussian , FM 

In this study. we'll be using h = 0.5 and BOT= 0.3 as specified in the GSM standard. 

Figure 2.6 shows the kequency and phase pulses created using this parameter. GMSK is 

a partial-response CPM signal. with L = 3 in our case. The actual Gaussian pulse extends 

s( t )  
b 

Modulator NRZ input LPF 



to infinity on both sides, but it's truncated to after one symbol to either side since no 

sig ni ficant inter-symbo l interference (ISI) occurs beyond t hat. 

Figure 2.6: GMSK frequency (g(r ) )  and phase ( f ( r ) )  pulses, BUT = 0.3. 

2.1.3 Coded Modulation 

To fùrther improve bandwidth efficiencies and conserve energy. we could combine 

coding and modulation into a single scheme. This is known as coded modulation. 

Anderson and Sundberg [ 141 shows examples of coded modulation as applied to CPM. 

An interesting concept used in studying the memory aspect of CPM is by separating the 

memory imposed by the cont inuous phase constraint fiom the signal modulation. 

Rimoldi [15] proposed a method in which a CPM system is decomposed into a linear 

continuous phase encoder and a memoryless modulator. It was developed to provide 

different realizations of CPM and decoding algonthrns. Using this approach, the 

continuous phase encoder can be viewed as a convolutional encoder. This allows for 

simpler implernentations when combining CPM w ith other convolutional encoders and 

using CPM in conjunction with concatenated codes. 



We will be evaluating the performance of our system under two different channel models. 

The first will the standard additive white Gaussian noise (AWGN) channel. Under this 

model, each noise sample is uncorrelated and independent of others. An important 

characteristic of this noise process is that the power spectral density is a constant, equal to 

4, /2 ,  for al1 frequencies. The discrete-time bandlimited noise samples from this channel 

will be Gaussian distributed with a zero-mean and a variance equal to N,,/2. 

The other channel used is the Rayleigh fading channel model. In a mobile environment, 

when there may be no direct line-of-sight !Yom the transmitter to the receiver, 

transmission is done via the reflection and scattering of the signal from the surfaces of the 

obstacles. As such. more than one "copy" (usually with time variations) of the 

transmitted signal travelling fiom different paths will be detected at the receiver. 

Depending on the time delay between the signals, there could be constructive or 

destructive interference at the receiver. When destructive interference occurs, the 

received signal will be weak and this is known as "fading". With the Rayleigh fading 

model, the amount of fading is described by Rayleigh density function. For a detailed 

discussion on  fading models and rnulti-path phenornena, refer to [16]. 

2.3 Receiver Components 

The receiver section contains the demodulat ion and decoding components of the system. 

To demodulate the CPM signal, we use a frequency discriminator circuit. An iterative 

decoding approach will be used for the decoding of the concatenated code. This wiil help 

recover the performance losses associated with non-coherent detection without 

significantly increasing the receiver complexity. Several different decoding algorithms 



can be used for the iterative decoding process, and these will also be discussed in this 

section. 

Frequency Discriminator 

A frequency discriminator is a common and weli-known circuit used to detect both 

analog and digital FM signals. This is a non-coherent detection method, and it's expected 

to perform worse than coherent detection. The advantage of this detection method is the 

simple design and ease of implernentation in mobile devices. Different methods of 

decoding the CPM signals under discriminator detection have been studied in [17] and 

[ 181 to improve performance. 

The output of the discriminator is proportional to the frequency deviation of the input 

signal from the carrier frequency. Jc. In an ideal discriminator, the response of the circuit 

should be linear. with the zero crossing at f; as shown in Figure 2.7. For the signal given 

by Equation (2.1 ), the output of the ideal discriminator (in the absence of noise) is given 

by 

where KD is the amplitude of the signal. It should be noted that a frequency discriminator 

does respond to variations in the amplitude, via the variable KD. For CPM, this is 

constant. However, in the presence of noise, this will not be the case for the received 

signal. To remove any amplitude variations introduced to the signal envelope due to 

fading and noise, a Limiter is placed before the discrirninator. This combination is 

commonly referred to as a limiter-discriminator. 



Frequency 

Figure 2.7: Ideal response of a frequency discriminator. 

In practice, the discriminator could be implemented using bandpass filters. Two 

bandpass filters with center frequencies staggered around the carrier frequency are used. 

The received signal is passed through both filters, and then the difference of their outputs 

is taken. This yields a response that approximates the ideal response. Figure 2.8 gives an 

illustrated example of how this is irnplemented. From the figure, we can see that there is 

a linear region around f, that approximates the ideal response. The transmitter and 

receiver must be designed so that that the signal does not fa11 beyond this Linear operating 

range. Operating beyond the linear region will result in erroneous detection and 

performance degradation. 



Frequency 

Figure 2.8: Frequency discriminator irnplemented using bandpass filters. 

There are two comrnon methods used to read the output from the discriminator. One is to 

pass it through an integrate-sample-and-dump (ISD) filter. This filter integrates the 

output of the frequency discriminator over one bit period and produces a phase 

difference. The other is a simple sample-and-hold (SH) method that gives the 

instantaneous Eiequency of the received signal at the sample time. The ISD filter 

perforrns better than SH since it has an averaging effect on the noise over the whole bit 

period. 



2.3.2 lterative Decoding of Concatenated Codes 

One of the ideas that gives turbo codes its good performance is its feedback decoding 

technique, also known as iterative decoding. The premise of iterative decoding of 

concatenated codes is that by passing decoding information obtained from the second 

decoder back to the first decoder and performing the decoding operation again, the 

decoder couId improve the estimation of the transmitted bits. To accomplish this transfer 

of decoding information, soft decoding rather than hard decoding must be used. 

In soft decoding, the algorithm will make a weighted (soft) decision instead of a hard 

decision. That is. the output will contain the probabilities of the data bit being a O or a 1. 

This is usually in the form of a log-likelihood ratio of the a posteriori probability of the 

data bit, u,, 

Pr& = 1 l &  ) 
A(11, ) = log 

Pr(ic, = O  I Y,') ' 

where Y,' is the observed output sequence from the channel. 

Regardless of whether the code is concatenated in pardel or in serial, it is decoded in a 

serial manner. The decoding structure for both are similar, but we will focus Our 

attention on serial concatenated codes, which is used in this thesis. A main component of 

the decoding structure is the soft-input soft-output (SISO) module as described in [19]. 

These modules decode the constituent codes by updating the a priori probabilities using 

known information kom the trellis structure of the codes. The module takes in two 

inputs and provides two outputs, shown in Figure 2.9. The inputs are P(c; I )  and P(u; 0, 

which are the probabiIities of the codewords, c, fiom observation and the a priori 

probabilities of the input bits, u, respectively. Afier processing the information, two a 



posteriori probabilit ies. P(c; O), the updated codeword probability and P(u; O),  the 

updated probabili ty of the input bits will be output. The leners I and O indicates whether 

the probabilities refer to the inputs or the outputs of the module. Different algorithms can 

be used for the SISO module, and the algorithm will affect the complexity and 

performance of the module depending on which algorithm is chosen. We will investigate 

the performance of three different algorithms and they will be discussed in their own 

sections. 

P(c: 0 P(c; 0) 
Module 

R u ;  0 w u ;  0) 

Figure 2.9: SISO module. 

Figure 2.10 shows how the SISO modules are arranged to  form the iterative decoding 

structure for a serially concatenated code. The superscripts i and O denotes the variables 

of the inner decoder and the outer decoder respectively. The output from the 

demodulator, P(ci; I), is entered into the inner decoder dong  with the a priori information 

of the input bits of the inner code, ~ ( u ' ;  I )  (which is the interleaved version of the output 

bits from the outer code). For the fust iteration'. since no additional information is 

known about the output from the outer code, p(ui; l) is assumed to have a uniforrn 

distribution. The output, P(ui; O), is the updated a posteriori probabilities of the input 

bits to the inner code, which is then de-interleaved and used as  the input (P(cO; I ) )  to the 

outer decoder. Unless the distribution of the pre-encoded information data Stream is 

known, a uniform distribution is assumed for the a priori probability of  the input to the 

' We define the "first iteration" as the first pass through the decoding process. before any feedback. 

16 



outer encoder, P(uO; 0. From the outer decoder, P(uO; O) contains the estimates of data 

bits. which is used to make a hard decision. 

The power of iterative decoding o f  serial concatenated codes comes from the updated a 

posteriori probability of the outer code codewords, P(cO; O). It contains "extra" 

information that is introduced by the decoding operation from the coding trellis. This is 

known as the extrinsic information. After passing through the interleaver, this is fed back 

to the inner decoder to be used as the a priori probability of the input bits, P(ui; l) and the 

code is decoded again. With updated a priori information, the estimate of the data will 

improve with the second iteration. Because of the presence of the interleaver between the 

inner and outer codes, this extrinsic information is weakly correlated with the output from 

the demodulator [ I l  and can be used a s  additional decoding information. If the extrinsic 

information is strongly correlated, then no additional information is contained and 

performance will not improve with each feedback step. The decoding operation can be 

repeated to obtain a lower bit error rate (BER), but we will see that with each iteration, 

there will be diminishing returns. 

IllllCl 

Demodulator 

Rc'; /) Not Used 

b P(uO; O) 
Uniform Distribution Decision 

Figure 2.10: Iterative decoding scheme for serial concatenated codes. 



2.3.3 Maximum A Posteriori Algorithm 

The maximum a pusleriori (MAP) algorithm attempts to maximize the a posteriori 

probabilities of the state transitions and the output of the codes. We wil1 be using a 

version of the syrnbol-by-symbol MAP algorithm derived by Bahl, Cocke, Jelinek and 

Raviv [20], also known as  the BCJR algorithm. The MAP algorithrn we implement 

rernains identical to the BCJR algorithm, but the form of the output is extended to include 

the necessary in format ion needed for iterat ive decoding. 

The algorithm operates in block form. That is. it receives and saves the entire transmitted 

block before the algorithm operates on the data. This is needed because it performs both 

forwards and backwards recursion on the data sequence. The memory and computational 

complexity o f  this algorithm grows linearly with the block length. Due to  the memory 

requirements and cornplexity of this algorithrn, it may not be practical for use when the 

block length is large. 

For use in a SIS0 module, the algorithm must calculate P(c; 0) and P(u; O) from the 

probability distributions Pr(Y, I c,) (the input P(c; 0)  and Pr(u,) (the input P(u; 0). These 

values can be calculated using the equations: 

P(c; O) : Pr(c, I q' ) = Kc a,-, (m')f i  (m) ~ r ( u ,  = u(m', m)) , 

The variables and notation used are: 

ni:m = the previous state (at t-1), and the cument state (ai t) respectively. 



c( tn 'm) = the codeword associated with the state transition from tn' to m. 

~r(rti'.m) = the input associated with the state transition m' to m .  

K,,K,, = normalization constants. 

The values Mm) and Km) are calculated using forward and backward recursions 

respectively : 

Then. to decode. we fust initialize a@) and &(m) using the boundary conditions. For a 

block properly terminated at the zero-state at both ends, it is: 

1 t ~ z  = O 1 r n = O  
a O ( t t l )  = and Br ( tn )  = 

O ln = 1, ...* M - 1 O ~ r z = l , . . . ~ M  - 1  , 

where M is the number of states in the code trellis. The forward recursion Mm) can be 

calculated and stored as the symbols Y are received at the input. When the entire 

sequence Y: is received. calculate and store the backward recursion P(ni)  After obtaining 

the values M m )  and Rm), the outputs can be calculated using Equations (2.5) and (2.6). 

The full derivation of these equations c m  be found in Appendix A. 

Compared with the other algorithms used in this thesis. the MAP algorithm is optimal 

and has the best performance. However. the complexity is also the highest among the 

three algorithms. In the next section, we will describe an approximation that will reduce 

the complexity of the MAP algorithm while sacrificing a small BER performance. 



2.3.4 Max-Log4 AP Algorithm 

In the previous section. the MAP algorithm was described in probability form. The 

algorithm could also work in the logarithm dornain without a performance penalty. 

Inputs and outputs could be accepted in log form, o r  converted internally. The recursion 

formulas become: 

L ,  ' = 1 ( L ~ ,  (rn) +A, (ri;  I 1 + Ar (ci 11  ) , 1 
where Â(rc; l )  and A(c;n are the log forms of the inputs. Then the output equation can be 

calculated using : 

These equations will yield performance results equivalent to the non-log forms since no 

actual changes have been made except the transfer to the log domain. To reduce the 

complexity of the MAP algorithm we can use the approximation 

L In(eLl + . . . + e n) = rnax(L,. . . .. L,,). Thus, we can replace the summations with the max 

operator and simplify the calculations. The equations now become: 



d(c; O )  = max ( &,-, (m') + LDGr (ru) + d(u; 1 )  ) + l n ( ~ ,  ) , 
( r!i .ni ) 

L'( in .nc )=cc 

A((<; O )  = mjm ( La.,-, (m')  + L ~ ,  (nt) + A(c; 1 )  ) + lnW, ) 
(y .nt) 

u (ai .ni FU,  

This algorithm using the simplified equations is known as the max-log-MAP algorithm. 

The memory requirements are the same as the M M  algorithm, while the computing 

cornplexity is slightly simpler. 

2.3.5 Soft Output Viterbi Algorithm 

Both the MAP and max-log-MAP algorithms attempt to minirnize the bit error 

probabilities, with max-log-MAP using approximations to reduce complexity. The 

Viterbi algorithm (VA) attempts to minirnize the probability of a sequence error. Unlike 

the MAP-based algorithms, the VA maximizes the a posteriori probability of the entire 

sequence instead of each state separately. 

The advantage of the VA over the MAP algorithms is that the computational complexity 

and memory requirements are lower. Also, while the VA could delay decoding until the 

entire sequence is received (like the MAP algorithms), we'll see that it is not necessary 

and the algonthm could operate in "continuous-mode". Classical VA made hard 

decisions, which is unsuitable for use in iterative decoding, where soft decisions are 

needed. In [ X I ,  Hagenauer and Hoeher made modifications to  the VA to  provide soft 



outputs. called the Soft-Output Viterbi Algorithm (SOVA), which was later adapted to be 

used in a forrn of feedback decoding [22]. 

First, the basis of the VA will be described, and then the modifications for soft output 

will be presented. The VA works by maximizing the a posteriori probability of the entire 

received sequence. This is done by calculating the metrics of the paths going through the 

trellis and choosing the one with the smallest metric. An exhaustive search of every path 

through the trellis is impractical and the VA avoids this by calculating and storing only 

the survivor paths at each node of the trellis. 

Consider a trellis where for each node, there are two branches entering and two branches 

exiting. At tirne r ,  there are two paths, path 1 and path 2, with different path metrics 

entering a node n (Figure 2.11). Assume that path 1 has the smaller path metric. Then, it 

is easy to see that regardless of the metrics of branches U and V leaving node n, the paths 

exiting node n that continue from path 1 will always have a lower path metric than the 

paths that continue froin path 2. Path 1 is called the survivor path. Since for al1 paths 

exiting node n, the ones continuing from the survivor path will have a lower path metrïc, 

ali non-survivor paths can be discarded and removed from consideration without loss of 

information. Thus, at each stage of the treliis, only one survivor path needs to be saved 

per node. 

Path 1 * Branch U 

PM,, /"\ 
Branch V 

Figure 2.1 1: Viterbi algorithm illustration. 



Until the trellis terminates at a known state, it is not known which survivor path from the 

different nodes is the rnost likely candidate. It would seem that we couid not decode until 

the entire sequence is received and a single survivor path is chosen. However, beyond a 

certain depth in the past stages, it is likely that ail the survivor paths have merged. That 

is, past a certain depth, al1 the previous States and state transitions for the al1 the survivor 

paths are the sarne. Once a merge occurs, we can decode al1 the bits up to the point of the 

merge. 

A merge is not guaranteed, and it may be impractical to store al1 survivor paths for the 

entire sequence (with memory requirements increasing linearly with sequence length). 

The comrnon approach to this problem is to truncate at a certain depth. 6, called the 

truncation depth. At time t. a decoding decision is made at stage t-6, regardless of a 

merge. The decoding is done using the survivor path that currently has the lowest path 

metric. Once a decision is made, al1 the information pnor to the truncation depth may be 

discarded. To minimize decoding errors, the truncation depth should be chosen such that 

the survivor paths will be merged with high probability. 

The steps to decode using the VA (at stage t) are as follows: 

Calculate the path metrics M, (m: m) of the paths entering each state m. 

Determine and store the survivor path and its corresponding metric 

M, (m ) = min { M, (m', m) ) for every m. 
m 

Make decision at truncation depth 6, choosing the survivor that currently has the 

lowest path metric min{ M,(m)  ). 
m 



The path metric is defined recursively as: 

~ , ( m ' , r n )  = ~ , ( m ) + ~ , ( ~ n ' . r n ) ,  

where B,(m '. nz) is the branch metric given by (in log form): 

which can also be described in log-likelihood form if pref'rred. For classical VA with no 

a priori information (which assumes equal probability) under AWGN, the branch metric 

simplifies to the familiar metric Br(m ', m) = (y, - x,)'. which is the square of the Euclidean 

distance. 

Now we will describe the procedure to obtain so fi information from the VA that was first 

presented in pl] and later improved upon in [23]. The algorithm operates as before, 

calculating the path metrics and decoding hard decisions, but with an additional step to 

calculate the reliabilities. 

Again, consider a trellis node at time r with two paths entering it. Label the two paths, 

path 1 and path 2, with metncs Ml and M2 respectively. Then, the probability of the 

correct path is proportional to the exponentiai of the negative of the metrics, 

Let path 1 be the path with the smaller metnc (the survivor path), so that Mi 5 Mi. The 

probability of selecting the wrong path (Le., selecting path 1, when path 2 is the correct 

path) is given by, 

24 



where A is difference of the path metrics M, - M,, which is always 2 O frorn the definition 

above. With probability p,, the algorithm has made errors in al1 stages where the 

information bits of  the two paths differ. 

Assume that the probability of error at stage j in path 1, . has been calculated and 

stored from a previous step. When the information bits of the two paths differ. which is 

the case when îi: # M j  , the algorithm can then update the probabilities according to the 

equat ion: 

That is to say that the probability of error of bit j is equal to the probability of choosing 

the wrong path when bit j was previously correct plus the probability of choosing the 

correct path when bit j was previously incorrect. To ease calculations, this update can 

also be done using the log-likelihood ratio. The log-likelihood is given by, 

Substituting (2.9) and (2.1 1) into the update equation (2.10) and simplifying gives us the 

equation, 



which can be approximated by, 

(S. 1 2)  

This is the update criterion used in [ 2  11, which ignores the case when iî: =fi;. leading to 

simpler implementations. 

In [23] and 1241. the case with fi) =fi; is also considered. When ii: = û j ,  it does not 

matter which of the two paths is chosen as the survivor, since the same decision will be 

made. Therefote. A does not update 2,. since there is no new reliability information. 

Now. consider a third path, path 3. that merged with path 2 in the past. This is illustrated 

in Figure 2.12. Assume that the bit j between path 2 and path 3 is different. It can be 

seen that L?, contains the path reliability between these two paths. Since M )  = û j  and 

û j  # i i l .  then iii # Iîj. In this case, 2, should be updated using the path reliability 

between path 1 and path 3. This is given by A + c. For the positions when û> = 2; the 

algorithm updates zj using the equation: 

From the reliability information and decisions made by the algorithm the a posteriori 

probabilities of the input bits, Pr(u, I Y,'), can be calculated. For iterative decoding of 

serial concatenated codes, we will also need the a posteriori probabilities of the 
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codewords, Pr(c, I Y,'). These can be obtained using the same methods as the input bits. 

At each stage of decoding, the algorithm wiI1 also store and compare the output of the 

strtte transition in addition t o  the input chat causes the transition. The reliability is 

updated using the sarne criterion as the input bits, with the equations: 

where ci., represents the klh bit of  the output codeword at stage j. With the output 

codewords of the chosen path together with the reliabiiity information, Pr(c, I Y: ) for the 

SIS0 module can be obtained. 

Without having to  calculate backwards recursion, the SOVA is computationally less 

complex than both the MAP and max-log-MAP algorithms. The performance of the 

three algorithms used in an iterative decoding system will be analyzed in the following 

chapters. 
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Figure 2.12: Trellis paths. 



Chapter 3 

Non-Coherent Decoding under AWGN 

In this chapter. the performance of a CPM system demodulated using a frequency 

discriminator together with iterative decoding under AWGN conditions will be 

investigated. Various parameters are used and their effects on the overall system 

performance are compared. Arnong these panmeters are the effects of the outer code, the 

inner code. combined demodulation/decoding, the use of  different algorithms, and the 

metrics used in demodulation. 

3.1 System Model 

In this section. the mode1 used for the simulations will be described. In chapter 2, the 

background information of the different components was presented. It will now be 

shown how these will form the system used in this thesis. 

3.1.1 Transmitter 

As stated in chapter 2, the transmitter consists of  the coding and modulation aspects of 

the system. A serial concatenated coding system together with GMSK modulation is 

used. Using the CPM decomposition by Rimoldi [ 151, the modulation is separated into a 

continuous phase encoder and a memoryless modulator. The inner code is  then combined 

with the CPE to form a new encoder. This transmission system is shown in Figure 3.1. 



Combined Continuous 
Phase Encoder 
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Figure 3.1 : Coded CPM Transmission System using Seria1 Concatenated Codes. 

The interleaver used throughout the simulations is a pseudo-random interleaver with a 

length equal to the block length. An interleaver specifically matched to the constituent 

codes may yield better performance, but the design of such an interleaver is beyond the 

scope of this thesis. 

-b 

For Our GMSK system, the CPE representation of the modulation is illustrated in Figure 

3.2. It can be seen that it consists of delayed taps plus a differential encoder. This 

moduIation memory can be used as the inner code of the serial concatenated coding 

system, but under non-coherent demodulation, we will show that this may not be enough 

to obtain the "turbo"-property of iterative decoding. With the memoryless modulator, the 

outputs of the CPE are mapped to the in-phase and quadrature components of a baseband 

signal, which is then modulated up to the desired carrier frequency. The modulator is 

shown in Figure 3.3. 
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Figure 3.2: Continuous Phase Encoder for GMSK L = 0.3. 
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Figure 3.3: Memoryless modulator. 

The equations in the memoryless modulator used to modulate the baseband signal to 

passband are, 



Note thatf, is a shifted version of the actual carrier frequency. a resuit of the method used 

to separate the coding from the modulation. f ,  is related tof, (for binary signalling) by 

where k is the modulation index of the CPM signal, which is 0.5 in Our case. 

3.1.2 Receiver 

We use a frequency discriminator system to demodulate the received signal and 

determine the frequency (or phase) of the signal at the sample times. Both ISD and SH 

sample methods could be used. For post-detection processing. an iterative decoding 

strategy is used, based on the cornbined sequence estimation for GMSK and the decoding 

of the inner and outer codes. This is illustrated in Figure 3.4. 

Figure 3.4: Frequency Discriminator Demodulation/Decoding Structure. 
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Other than the different sampling methods, the frequency discnminator demodulation 

remains the same for al1 simulations. The parameters varied in the decoding portion are 

the decoding algorithms in the S IS0  modules and the metrics used to calculate channel 

reliabilit y. Comparing the three different algorithms, we can determine how the system 

performs using both optimal and sub-optimal decoding algorithms. The metrics used are 

the optimal metric for a discrirninator and the simpler but less accurate Gaussian metric. 
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By studying the two metrics, we can find out if using the Gaussian metric is adequate in 

an iterative decoding system. 

The effects of separating the demodulation from the decoding will also be investigated. 

Separating the demodulation from decoding could reduce the computation needed during 

the decoding, but it will also lose the benefit of  the modulator rnernory in subsequent 

iterations. 

The pre-detection IF filter used in the demodulator system is a Gaussian filter, with a 

frequency response given by 

where B is the 3 d B  bandwidth. This filter is commonly used with discriminator 

detection and provides good performance over other filters [27], [25]. The filter 

bandwidth of  our Rlter was chosen to be BT= 1. which was found to remove a high 

percentage of  the out-of-band noise without overly distorting the signal. 

3.1.3 Noise Statistics of a Frequency Discriminator 

The channel used in obtaining the results for this chapter is the AWGN channel. For a 

signal, s(t), sent from the transmitter, the received signal is 

where n(t) is white Gaussian noise with a dual-sided power spectral density of NJ2.  

Frequency discrirninator detection demodulates using the frequency o r  phase of the 
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signal. During processing, the signal undergoes some non-linear transformations. As a 

result, the phase noise at the output of the frequency discriminator is not Gaussian. Some 

simplified expressions of this noise are given by Pawula in [ 25 ]  and [26 ] .  The expression 

for the probability density of the phase noise at the output of a frequency discrirninator 

with an ISD filter is, for Itpl 5 ~r, 

t 
p(W = - cosh V + - 1'' (U sin a + W cos (y) -cosh(V cos a) e'"sinaCO'Y 

2 O 

where 

p(t) is the time-varying SNR given by 

with HV) being the Bequency response of the IF filter and a2(t) being the square of the 

normalized filtered signal amplitude given by 



T o  simplify Our analysis and calculations. let us assume the case that a2(t) is invariant 

between bit periods. so  that p(t) = p(t-7). This gives U = fit), V =  O, W = U and 

Equation (3.1) simplifies to 

Evaluating this expression to obtain the channel reliability is still fairly computütionally 

intensive. There is also the need to obtain the SNR for the variable U, which may be 

difficult and add unwanted complexity to the demodulation. For practical systems, 

assuming the noise is Gaussian is a desirable alternative and it is used in [ 171 and [18] for 

Viterbi decoding with good results. Both metrics are used in this study to determine the 

performance penalty involved in assuming Gaussian noise over using the more accurate 

noise statistic. 

3.2 Simulation Results 

In this section, the simulation results of the frequency discriminator based. iterative 

decoding system using various parameters is presented. Table 3.1 shows the standard 

parameter values used throughout this thesis. which d o  not change unless stated 

otherw ise. 

A sampling rate of 10 samples / syrnbol was used in Our simulations. It gives a good 

representation of the analog GMSK signal and using more samples will give a negligible 

gain in the simulation's accuracy. For the coding blocksize. 10 000 bits per block was 

chosen. This ensures that the transient effects associated with the IF filters affecting the 

results are kept to a minimum. 10 iterations were used in the iterative decoding process. 



This number provides good BER performance in most cases, with diminishing retums for 

each iteration thereaher. 

The standard outer code used throughout Our simulations is given by the octal generators 

(23, 3 3 ,  which has 16 trellis States. According to [ 2 ] ,  conventional non-recursive 

convolutional codes with a large and possibly odd fkee distance should be used as the 

outer code. The code (23, 35) has a free distance of 7, and it was used in [28] with good 

results. A rate-1 differential encoder is used as an inner code in addition to the 

modulation mernory. The reason for this extra inner coding will be discussed in section 

Table 3.1 : Simulation Parameters. 

1 Sarnpling Rate 1 10 sarnples / syrnbol I 
1 Blocksire 1 IO ûûû bits 

1 Outer Code 1 ( 2 3 . 3 3  

Inner Code 

Rate 1 Differential Encoder, 

1 Modulation Method 1 GMSK. BuT=0.3. L=3 

Demodulation Method 
Frequency Discriminator, 

Combined DemodDecoding 

1 Noise Statistic 1 Equation (3.2) 1 
Number of Iterations 10 



3.2.1 Coherent vs. Non-coherent Demodulation 

This section will briefly describe the SNR 

discriminator demodulation over coherent 

demodulation, we used a bank of matched 

penalty associated wit h using a non-coherent 

matched filter demodu lat ion. For coherent 

filters to obtain the channel reliabilities as in 

[9]. The first graph, Figure 3.5, shows the uncoded performance o f  both coherent and 

non-coherent demodulation with maximum likelihood sequence estimation (MLSE) using 

the MAP algorithm. At a BER of  IO^, the coherent detection is about 3.5 dB better than 

the non-coherent discriminator detection. Note that due to the nature of discriminator 

detection removing some memory from the signal, its trellis has fewer States than for 

coherent detection. 

Figure 3.5: Cornparison of coherent and non-coherent detection under AWGN. 



The coded performances are shown in Figure 3.6. The difference in SNR performance of 

the convolutionally coded coherent and non-coherent systems has increased to 5.0 dB. 

Using iterative decoding, both detection methods obtained significant improvement in 

performance, but the difference between them remaineci at approximately 5.0 dB. This 

shows that for coded GMSK, there will be a significant SNR penalty by using non- 

coherent over coherent detection when using the same codes. To lessen this penalty, 

more powerful codes must be used when dernodulating with a discriminator detector. 

Figure 3.6: Performance of coding between coherent and non -coherent detection. 



3.2.2 Presence of Coding 

It is well known that applying error control coding will improve the performance of a 

transmission system beyond a certain crossover SNR. We will study how various 

combinations of coding will offset the performance loss associated with the use of a 

frequency discriminator receiver. Four different coding cases, decoded using the MAP 

algorithrn, are shown in Figure 3.7. The four cases are: 

Uncoded, MLSE only. 

Convolutional coding (33,35) + MLSE. 

Serial concatenated coding, GMSK as inner code, iterative decoding 10 iterations. 

Serial concatenated coding, GMSK+ differential inner code, 10 iterations. 

From Figure 3.7, we see that applying a relatively weak convolutional code only 

improved the performance by 0.5 dB at a BER of 10". However, applying the same code 

with an interleaver and using iterative decoding, we obtain a gain of approximately 3.5 

dB at the sarne BER over just convolutional coding. This indicates that using an iterative 

decoding approach may be more preferable than using more powerful and complex 

codes. 
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Figure 3.7: Performance of coding under AWGN. 

Cornparing between the serial concatenated coding schemes, it is obvious that with an 

added inner differential encoder, the BER drop off is much steeper than without. While 

the system with no additional inner code start to exhibit a "turbo"-effect at a lower SNR, 

the effect is not as pronounced. This is an unfortunate side efTect of using a frequency 

discriminator for demodulation. The demodulation method removes modulation memory 

from the system, and takes away the recursive nature of the GMSK signal. As stated in 

[2], a recursive inner code is necessary for designing good serial concatenated codes used 

for iterative decoding. Without the recursive memory, only the memory caused by the 

imposed ISI rernains. Strictly speaking, this is not a convolutional code, but it can be 

seen that it could still be used for iterative decoding in a limited capacity. Fortunately, 

adding a simple rate-1 recursive differential code to the system would solve this problem. 



Using the combined CPE approach, the complexity added to the transmitter is litrle, if 

any. On the receiver side, the decoding complexity rernains the same, since the 

differential encoding can be added to the treüis without requiring extra States. 

It should also be noted that without an additional recursive inner code, the feedback 

in formation would reach convergence with very few iterations. Figure 3.8 shows that 

after 5 iterations, the gain of having further iteration steps is negligible. 

Figure 3.8: Effect of no additional inner code on iterative decoding. 



3.2.3 Combined Demodulation I Decoding 

It has been established previously that without an additional recursive inner code, a 

fkequency discriminator iterative decoding system performs poorly compared with a 

system with a recursive inner code. To avoid the early convergence in the iterative 

process, a simple recursive rate4 differential code should always be added for a 

frequency discriminator with iterative decoding. This leaves us with two possible 

demodulatioddecoding methods. We can dernodulate the signal fully, giving us a bit 

probability from the channel, and then use the iterative decoding technique on the 

differential inner code and the outer code. Or, we can combine the trellises of the CPM 

signal and the differential code and operate jointly on the demodulation and decoding. 

While combining the CPM and differential code trellis does not increase the number of 

the states over the CPM treilis, by separating the demodulation and decoding, we can 

reduce the number of states necessary for the decoding of the inner code. This will 

reduce the computing operations required when decoding the inner code, which can be 

significant as the number of iterations increase. Of course, with a reduction of decoding 

states and not using the extra memory fiom the modulation, the performance can be 

expected to degrade. Looking at Figure 3.9, we see that combining the trellises improves 

the performance by 0.5 dB at a BER of 104 over the case when the trellises are decoded 

separately. 
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Figure 3.9: Performance of combined demodulation/decoding. 

3.2.4 

As was 

Performance 

presented in chapter 

of Different Algorithms 

2, different algorithms could be used in the SIS0 modules 

for iterative decoding. The three popular algorithms that are used are the MAP, max-log- 

MAP and the SOVA. Out of the three, the MAP algorithm is the most complex but it is 

also optimal in calcuiating the a posteriori probabilities. The max-log-MAP simplifies 

the MAP algorithm by making an approximation using 

summations. With the SOVA, the least complex of the three, 

the max operator instead 

a suMvor path approach is 

used to minimize the sequence errors, but Ieads to sub-optimal bit error probabilities. A 

cornparison of these algorithms can be found in 1291 and their computing complexities 

are compared in [30]. 



Here. we will concentrate on how these different algorithms affect the performance of the 

discriminator detection system. The plots are shown in Figure 3.10. The algorithm 

labelled as "SOVA (non-optimal)" is the SOVA algorithm that updates the reliabilities 

only when the bits between the merging paths are not equal, as described in [21]. This 

makes the irnplementation simpler with a slight decrease in performance. 

Figure 3.10: Performance of different algonthms in discriminator detection. 

Between the MAP and max-log-MAP algorithms, there is little difference in performance 

when used in our iterative decoding system. Using the SOVA over the MAP algorithms 

incurs a penalty of about 0.6 dB in SNR at a BER beyond lo4. The memory and 

computational requirements for the SOVA is significantly less than the MAP algorithrns, 



so this may be an acceptable trade-off when considering the algorithm to use in the SIS0 

modules. Another consideration is the "non-optimal" SOVA. At a BER of 10"' the 

difference between the two SOVA implementations is approxirnately 0.1 dB. This 

indicates that the probability of a previously merged path having a better reliability is low 

and ignoring the update when the bits between the merging paths are equal does not have 

a large effect o n  the algorithm's performance. 

For cornparison purposes. the performance of the four algoI-ithms under coherent 

detection is shown in Figure 3.1 1. Frorn this graph, we see that the difference in SNR 

between the four algorithms under coherent detection is greater than under discrirninator 

detection. There is a 0.3 dB difference between the MAP and the max-log-MAP 

algorithms, and a 0.9 dB difference between MAP and SOVA. The difference between 

the two SOVA has also increased to 0.25 dB. A possible explanation as to why using a 

more optimal algorithm yields less gain in a frequency discriminator detector system is 

that the channel reliability is less accurate. That is, the noise statistic used does not 

mode1 the noise of the channel comp1eteIy. For a coherent detection system under 

AWGN, we know that the noise at the matched filter output is Gaussian. For a 

discriminator detector, we use Equation (3.2) by making assumptions and approximations 

about the channel. so that the accuracy is not exact. The effect of the accurate modelling 

of the noise statistic on the performance of  an iterative discriminator system is the topic 

of the next section. 
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Figure 3.1 1 : Performance of different algorithms under coherent detection. 

3.2.5 Dependence on the Accuracy of the Noise Statistic 

The noise statistic assumed for Our non-coherent discriminator output is Equation (3.2). 

This equation, while simplified from (3.1), is still computationally complex to use in a 

practical receiver system. For non-encoded MLSE detection of GMSK. assuming 

Gaussian noise at the output of the discriminator, Iwanami [17] and Fonseka 1181, was 

still able to obtain good results without using the more accurate noise statistic. How the 

noise statistic accuracy will affect the discriminator iterative decoding system will now 

be investigated. Figure 3.12 shows the uncoded performance of using Equation (3.2) and 

Gaussian noise statistics for both MAP and SOVA algorithms. We see that 

MLSE. there is no difference between Equation (3.2) and Gaussian noise 

for uncoded 

when using 



SOVA. When using the MAP algorithm, there is only a 0.3 dB difference. This suggests 

that with the optimality of the MAP algonthm, it was able use the more accurate noise 

in formation to improve its decoding performance, while the sub-optimal SOVA was not 

able to take advantage of the more accurate information. 

Figure 3.12: Uncoded performance of different noise statistics. 

With iterative decoding, there is a drastic change between assuming Gaussian noise and 

Equation (3.2). The plots are shown in Figure 3.13. For both MAP and SOVA 

algorithms. when assuming Gaussian noise, there is a performance loss of about 2 dB at a 

BER of 104. This indicates that while for MLSE, the improved noise statistic was unable 

to improve the performance, the increased reiiability of the soft output is important for 

iterative decoding. When using the Gaussian statistic, there are times when it will be 

47 



overly optimistic or too conservative with the reliability. Then, during feedback, the 

updated n priori probabilities may not be able to correct for the demodulation error. The 

loss in SNR when using the Gaussian statistic with SOVA is a little more than with MAP, 

increasing the difference between the two algorithms to 0.9 dB from 0.6 dB. 

a 
Lu 
m 

4 5 6 7 8 9 10 
SNR (dB) 

Figure 3.13: Iterative decoding performance of different noise statistics. 

3.2.6 Effect of Outer Code 

The performance issues of having an inner code in a discriminator detection system were 

discussed in a previous section. Now we tum our attention to the outer code to determine 

how the outer code will affect the performance of the system. The standard outer code 

used throughout was the (23, 35) code with a free distance of 7. We will compare how 

48 



the systern performs when codes with distances of 5 ,6 and 8 are used. The convoli_itional 

codes are al1 rate-% codes. The statistics of these codes are shown in Table 3.2. These 

codes are taken from [3 11, and they provide the highest free distance for their memory 

length. 

Table 3.2: Convolutional codes used in this thesis. 

According to [2], a recursive outer code is not necessary to obtain good performance for 

iterative decoding and non-recursive codes are sufficient. As seen fiom Our various 

results, unlike the inner code, a non-recursive outer code does not negatively affect the 

convergence of the iterative decoding process. Regardless of its recursive nature, it is 

expected that with a more powerful outer code, it will improve the overall performance of 

the coding system. The results obtained with the codes Crom Table 3.2 using SOVA is 

shown in Figure 3.14. From the plot, it can be seen that using a more powerful code does 

indeed improve the performance of the system. However. the relative gain dirninishes as 

the complexity of the codes is increased. While there is alrnost a 0.7dB gain between the 

best and worst code used, the increase between using the codes (23, 35) and (53, 75) is 

less than O. 1dB. As an outer code, the codes (23. 35) and (15, 17) are adequate for the 
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AWGN channel from a performance standpoint without the added complexities of the 

more powerful r a t e 4  codes. 

1 1 1 I 1 1 I l 
O 1 2 3 4 5 6 7 8 9 

SNR (dB) 

Figure 3.14: Effect of outer code on system performance. 





strength. If there is a direct line-of-sight between the transmitter and the receiver, then 

one signal component will have a greater received power and the PDF of the fading 

amplitude will become Rician. 

A fading channel can be described as being frequency selective or non-frequency 

selective. In the case when the fading is frequency selective, the amount of fading is 

different for different frequencies within the signal bandwidth. In non-frequency 

selective fading, the fading amplitude is the same for al1 frequencies of the signal. For 

Our simulations, we have chosen to assume a non-frequency selective channel, which is 

sufficient for the narrowband GMSK signal. 

An important parameter in a fading channel model is the Doppler spread of the channel. 

The relative motion between the transmitter and the receiver causes the received 

frequencies to shifi, with each signal component shifting by different arnounts due to the 

angle of arrival, resulting in the Doppler spread. Using a scattering model dcveloped by 

Clarke [16], the power spectrum of the Doppler spread is given by, 

l 0  elsewhere, 

where f,, is the maximum Doppler shifi. The underlying assurnptions of the Clarke model 

are that the received signal is composed of horizontally travelling plane waves, each with 

a statistically independent random phase and an arrival angle that is distributed uniformly 

between O and 2n. Figure 4.2 shows the power spectrum described by Equation (4.1). 

By adjusting the maximum Doppler shift,/,, the rate of fading can be controlled. 



fc fc + fm 

Frequency 

Figure 4.2: Doppler power spectrum. 

4.1.1 Simulation Model 

To produce the multiplicative Rayleigh fading amplitude noise, we use two independent 

filtered Gaussian noise sources. The block diagram of the structure is shown in Figure 

4.3. The two low-pass filters are identical and it is used to shape the fading spectrum to 

be equal to the desired Doppler spread. For Our channel, the frequency response HV) of 

the two filters is given by Equation (4.1) withf, = O for a baseband low-pass response. It 

is possible to simulate a different spectrum, such as one based on a more generalized 

scattering mode1 developed by Aulin 1161 by using this simulation method. 



The two noise sources represent the two quadrature components of the fading noise. The 

final noise output, rt,(t), is the sum of the two noise components and will have an 

envelope that is distributed according to a Rayleigh PDF. 

Gaussian Noise 
Generator 

Figure 4.3: Fading amplitude simulator. 
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b 

4.2 Amplitude Information in Decoding 

- 

Gaussian Noise 
Generator 

In a fading channel, the performance of the system can be expected to degrade. In 

chapter 3, we found that better likelihood information could improve the performance 

greatly. Xt might be possible to supplement our likelihood with additional side- 

information to increase its accuracy. One such additional side-information could be 

obtained fiom the amplitude of the received signal. 

Wf) 1 

For a constant envelope CPM signal. no data information is transmitted in the amplitude 

of the signal. However, due to the multi-path fading environment and the pre-detection 

narrowband IF filter, the envelope of the signal is distorted and spread over several bit 

intervals. The demodulation performance could be improved by using amplitude 

information to remove the non-iinear ISI associated with discriminator detection under a 

fading environment. Studies in this area have been done by Asano and Pasupathy [32] 

b Wi) 



and by Chang and Rohani [8]. More recently, research by Sinchez -Pérez [33], [34], 1351 

developed metrics for use with the VA combining fiequency information fkom the 

discriminator and amplitude information fiom an envelope detector to irnprove 

demodulation performance. 

Using the amplitude weighted frequency error metric fiom [35], we hope to funher 

improve the likelihood information for our iterative decoding system under fading 

conditions. The metric is given by. 

where R is the amplitude of the signal and 0 is the instantaneous fiequency. This metric 

is Gaussian. so it does not depend on the SNR and it is simple to calculate. The receiver 

modification to this is fairly simple. only adding an additional envelope detector and 

multiplier to the system. The new receiver is shown in Figure 4.4. 

Frequency 
Detection Limiter -4 IF Filter bh.id Discrirninator 

Envelope 
Detector 

Figure 4.4: Frequency discriminator receiver with amplitude information. 

Under AWGN conditions, there is no advantage in adopting this new metric. Without 

multi-path fading, the envelope remains constant and no additional information is 



obtained by using the amplitude weighted metric. Figure 4.5 illustrates this for uncoded 

GMSK using the SOVA. 
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Figure 4.5: Amplitude weighted metric under AWGN. 

4.3 Simulation Results for Fading 

For the fading channel, results were obtained using the SOVA for the SIS0 algorithm. 

While the SOVA suffers a performance penalty over the MAP algorithms, it is a simpler 

algorithm to implement and it is Our intention to determine the performance of a less 

complex system. Since the amplitude weighted metric was developed for the 

instantaneous frequency. the ISD filter after the discrirninator is not used and instead the 



receiver uses the SH method. When using SH over ISD, Equation (3.2) is no longer a 

more accurate metric; so instead, the Gaussian metric will be used. 

Other parameters remain the same as those listed in Table 3.1. A fading rate of 

fm = 0.2 / T  which is representative for fast fading environments is used for the 

simulations. 

4.3.1 Performance of lterative Decoding under Fading 

Figure 4.6 shows the performance of the discriminator detected iterative decoding system 

under Rayleigh fading conditions. As expected for non-coherent detection, there is a 

large SNR penalty when it is used in a fading channel. Using only MLSE with no 

additional coding, the system has not yet reached a BER of less than 1 0 ' ~  at a SNR of  22 

dB. With the addition of an iterative decoding system, a BER of 1 0 ~  can be reach at 15 

dB using an outer code of (23, 35) after 10 iterations. This is a vast improvement over 

the uncoded case, and it makes the discriminator detection system a much more viable 

option in a fading channel. 

Note that under fading, the use of  a more powerful outer code provides a larger 

improvement in SNR performance than under AWGN. Referring back to Figure 3.14 in 

chapter 3, there was only about a 0.5 dB improvement using the code (23, 35) over (5, 7) 

at a BER of 104. However. in a multi-path fading environment, the same codes yield an 

improvement of 2 dB at the same BER. This suggests that the increased distance 

properties of the more powerful outer codes help correct for the errors introduced due to 

fading. 



SNR (dB) 

Figure 4.6: Performance of iterative decoding in fading channel. 

4.3.2 Effect of Amplitude Information on Performance 

Now we present the results of  using the amplitude weighted metric over the kequency 

only metric. Figure 4.7 and Figure 4.8 shows the result of  using the amplitude weighted 

metric with the outer codes (23, 35) and (5, 7) respectively. Unlike in the uncoded 

AWGN case (Figure 4.3, there is much improvement when the amplitude weighted 

metric is used. Wi th the additional information from the envelope detector, the decoding 

performance at around a BER of lo4 improved by 1.2 d B  for the (5, 7) outer code. For 

the (23-35) code, the improvement was even greater at 2 dB. 



This indicates that with improved channel 

of the inner code. the outer codes will have 

reI iabilit ies and t here fore improved decoding 

a bigger impact on the decoding performance. 

The more powerful outer code is able to utilize the additional amplitude information in 

the decoding process better. resulting in more SNR gain. Together with the resuits found 

in the previous section, where the effect of the outer code is more prominent compared 

with the AWGN channel, it may be worthwhile to use more powerful outer codes to 

increase the performance of the iterative decoding system in fading conditions. 

Figure 4.7: Amplitude metric performance with (23, 35) outer code. 



Figure 4.8: Amplitude metric performance with (5. 7) outer code. 

4.3.3 Other Parameters' Effect on Performance 

The effect of the fading rate of the channel on the performance of the iterative decoding 

system is shown in Figure 4.9. The difference in SNR to obtain a low BER is quite 

significant between the fastest ÿ, = 0.8 1 T) and slowest rate vm = 0.02 1 T) presented. 

Here, we see the system performing better under a higher fading rate channel than a 

slower one. This is to be expected. Since under slower fading, the bursts of error are 

longer, which is harder for the coding system to correct. 



SNR (dB) 

Figure 4.9: Effect of fading rate on performance. 

As a reference, the performance difference between the SOVA and the MAP algorithm is 

shown in Figure 4.10. Compared with the difference in AWGN, it can be seen that the 

improvement provided by the MAP algorithm is greater in the fading channel. However, 

the improvement is small compared with the gains of using more powerful outer codes. 

The MAP algorithm could be used in conjunction with more powerful codes, but the 

complexity of such a system will be much higher over a similar SOVA system. 



Figure 4.10: Cornparison of MAP and SOVA under fading. 



Chapter 5 

Conclusion 

5.1 Summary of Results 

We have investigated the performance of a frequency discriminator based, iterative 

decoding system with GMSK under various conditions and parameters. Two channels 

were used, the AWGN channel and the Rayleigh fading channel. Different decoding 

algorithms were compared and tested. The performance of using different metrics was 

also examined. 

Under AWGN, it was found that using a non-coherent discriminator detector suffers a 

near constant degradation compared with a similarly coded coherent system. Using 

iterative decoding, the system gained significant improvement, but the discriminator 

removed the recursive nature of the GMSK signal. This led to a serial concatenated 

coding system that converges early, and therefore does not perform as well as expected. 

By reintroducing a rate-1 recursive differential code, the system can be made to perform 

better without an increase in receiver complexity. The choice of outer code used in the 

concatenated coding system shows little effect when used in this channel. 

The different algorithms were tested and as expected, the more complex and optimal 

MAP algorithms perforrned better than the SOVA. The MAP algorithm showed very 

little gain over the max-log-MAP algorithm. When investigating the effect of the noise 

statistics' accuracy, it was found that in an uncoded system, there was little gain in using 



the more accurate statistic for decoding. However, in an iterative decoding system, the 

difference can be significant when using an accurate statistic over the Gaussian statistic. 

The discriminator system was also studied under multi-path fading. Non-coherent 

discriminator detection performs very poorly without any coding even when using MLSE 

to remove 1st. With the addition of the iterative decoding system, the performance 

showed vast improvement. Whereas for the MLSE case, the BER was 2 . 5 ~  IO" at a SNR 

of 22 dB. the iterative decoding system reached a BER of lo4 at 17 dB. This was further 

improved by 2 dB with the use of amplitude information from an envelope detector. 

More powerful outer codes were also found to give more improvement under fading than 

in AWGN. 

To summarize, when designing a discriminator system using GMS K and iterat ive 

decoding, these are the major areas to consider: 

The discriminator removes the recursive nature of GMSK, so an additional 

recursive inner code is needed for good performance. 

The MAP-based algorithms perform better thm the SOVA, with a corresponding 

increase in computational complexity and memory requirements. 

Using a more accurate noise statistic (Likelihood) c m  have significant impact on 

system performance, but its calculation could be infeasible in practical situations. 

In a fading channel, additional side-information from the signal amplitude can be 

used to improve the performance when using a Gaussian noise statistic. 

Increasing the memory length of the outer codes has a diminishing effect on the 

system performance. It may be better to use a simple outer code and improve 

performance using another method. 



5.2 Suggestions for Further Research 

In this thesis, we have shown that iterative decoding can help overcome the performance 

degradation due to discriminator detection, especially under multi-path fading. There are. 

however, some areas that still need to be explored. It was found that an additional inner 

code was needed for the system for it to perforrn well. We used a simple rate-1 

differential code to minimize the complexity added to the system. More powefil  inner 

codes could also be used and it would be worthwhile to find codes that perform well in a 

discriminator system. This also suggests the design of a concatenated coding scheme 

matched to the discriminator receiver. With the inner codes, the outer codes and the 

interleaver designed to complement each other, a better system performance should be 

possible. 

In multi-path fading, the use of additional amplitude information increased the 

performance of our system considerably. The fading channel was a non-fiequency 

selective Rayleigh channel. In [33]. there are other envelope-aided rnetrics that are found 

to perform better than the plain amplitude weighted metric in a frequency selective 

setting. It would be helpful to investigate how these metrics would perform in a channel 

that can take advan tage of the extra amplitude information. 



Appendix A 

Derivation of the MAP algorithm 

The MAP algorithm used in this thesis is based on the BCJR algorithm derived in [20] 

and the extension for use in the SISO module based on [ 191. 

A.l Estimating State and Transition Probabilities 

The BCJR algorithm was developed to estimate the a posteriori probability of the States. 

S. and its transitions by examining the entire received sequence. Y:. These two 

probabilities are given by 

and 

respectively. The joint probabilit ies are defined as 

and 

a, (m'. rn) = Pr(S,-, = m', S, = m, Y,' ) . 

Since Pr(Y: ) is constant for a given received sequence. Equations (A. 1) and (A.2) can be 

obtained by normalizing A,(rn) and q(mp.m). For our SISO module, only the state 



transition probability is needed, so the quantity Â,(ni) will be ignored. Now we will 

de fine c~,(rti'.ni) with three new quantit ies: 

a, (m) = Pr(S, = rn, K r  ) 

P, (nt) = Pr(i.;:, I S, = rn) 

y,(ni'. ni) = Pr(S, = m. Y, 1 S,-, = m') . 

Expressing q(nt',rn) in terms of the above functions gives: 

Steps 3 and 5 are the result of the Markov property. When the current state is given. the 

probability will no longer depend on the previous States and observation. 

A.2 Deriving y 

x(m',m) is the probability of arriving at state rn and observing the received symbol Y 

given that the previous state was m'. This is determined the coding and channel 

characteristics of the system. 



= Pr(S, = m, K .  cf = c 1 Sr-, = m') 
C 

= x P r ( S ,  = m l & ,  =m')-Pr(x,c,  =clSr-, =m:~ ,  = m )  
C 

= Pr(Sr = m l SI-, = m') . Pr(c, = c I Sr-, = m'. S, = tn) 
<' 

-Pr(& I Sr-, =m',Sr =rn,c, =cl. 

c are the codeword symbols outputted by the state transitions. Given the state transition 

there can be only one possible codeword. That is, 

I SI-, = m', Sr = 111) = 0 for al1 c. except for the one case with c, = c(nz',m) when 

I S,-, = n l ' ,~ ,  = 111) = 1 .  AISO. when given state m'. the probability of arriving at 

state nr is determined by the a priori probability of  the input that causes the transition 

from nt' to nt. Then x(in',irr) can be simplified to: 

A.3 The Recursion Formulas 

The quantities a and P can be defined and calculated using recursion. The  forward 

recursion, q (m)  is given by: 



a ,  (tn) = Pr(& = rn, qr ) 

= Ca,-, (ni') Pr(u, = ii(ni'. rn)) Pr(y I c, = c(ni', m ) )  (A.4) 
nt 

The backward recursion. A-,(ln'). is given by: 

= C Pr(yr, S, = tn I S,-, = m') 
ni 

= Pr(%. S,  = m I Sr-, = tri') - Pr(Y,:, I Sr = rn. Sr-, = ni'. Y,  ) 
ni 

A.4 The Updated Output Equations 

First we derive the a posteriori probabilities o f  the input bits, Pr(#, I Y , ~ ) .  Recall that 

Pr(Y: ) is constant for a given sequence. Therefore, we can calculate the joint probability 

Pr(i(, , Y; ) and then nomalite  for ail u, to obtain Pr(ii, I Y;). 



From the definition of the summation we are only summing the transitions that is caused 

by ' = i f  therefore. Pr@, = u(m'.m)) remains constant for al1 ( m ' m )  in the 

summation and can be taken out. This leads to: 

= K ,  a,-, (m') . Pr (m) - Pr(Y, I cf =  in', m)).  
(nr'.ni ) 

Ku is the normalization constant such that Pr(ri, I q r )  = 1 .  
"1 

The derivation of the a posteriori probabilities of the output symbols, Pr(cf I Y,'), is 

sirnilar to the above. 



= K - Pr(c,, Y,') 

= K al-, (m') - Pr ( n i )  - Pr(ir, = tr(nz', ni)) - pr(I; I cl = c(m', m ) )  
(:t',ni ) 

Lm( n t  p l  )=cf 

Again, due to the de finition of the summation, Pr(Y, I cl = c(nz',ln)) is constant throughout. 

and can be taken out of the summation. The nomalization constant K, is chosen such 

that x ~ r ( c ,  1 Y,') = 1 . 
5 

The MAP algorithm in the SIS0 module will calculate the updated a posteriori 

probability of the input bits and the codewords using Equations (A.6) and (A.7) 

respectively. The only inputs required are the a priori probabilities, Pr(u, = r<(m',m)). and 

the channel reliabiii ties, Pr(Y, 1 cl = c(m',rn)). 
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