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Abstract 

Both the Advanced Mobile Phone System (AMPS) and the narrowband version 

(NAMPS) use frequency modulation (FM) in a frequency division duplex mode. Because 

such systems typically use the same frequency bands in nearby cells, co-channel interfer- 

ence can be a significant problem. A typical digital implementation uses a quadrature 

demodulation algorithm to estimate the instantaneous frequencies of FM signals and 

recover the original modulating signal. The use of parametric spectral estimation tech- 

niques can often provide higher resolution frequency estimates for closely spaced signals, 

such as co-channel FM signals. A parametric method based on forward-backward linear 

prediction is implemented to create a model-based demodulator for AMPS and NAMPS 

cellular signals. This algorithm demodulates the signal by estimating the instantaneous 

frequency of the principle component present. In addition, improved resistance to noise 

and co-channel interference is gained by performing a singular value decomposition on 

the signal data and then estimating the parameters of the model using only the desired 

components of the decomposition. Examples are provided showing the performance of 

the demodulator in various signal environments. Experimental results show 5 to 22 dB 

improvement in demodulator output mean-square-error relative to a quadrature demodula- 

tor for various channel conditions including Rayleigh fading. The ability of a demodula- 

tor to reject severe co-channel interference and channel noise could allow significant 

increases in cellular system capacity and performance.



Acknowledgments 

I am ever grateful to my wife and daughter for their understanding and support for me dur- 
ing this work, and especially to the LORD for providing me with such a wonderful family 

and so many rewarding opportunities. 

I wish to thank Dr. Jeff Reed for his encouragement, ideas and support in bringing this 

work to fruition. 

I would also like to thank all of my friends for their help during the course of my thesis 

work. 

This work was supported by Motorola, SAIC and Virginia’s Center for Innovative Tech- 
nology. This material is based upon work funded under a National Science Foundation 

Graduate Research Foundation. 

ili



Chapter I 

Chapter II 

Chapter IT 

Chapter IV 

Table of Contents 

ADStraCl....... cee eccccccccecccececesecececeesceeneecesestsaaaunaeaeaeceaeceseceseeseseeneenanaes il 

Acknowledgment ..................ccccccceseessseeesnensnanceneaaaeeeeeeeseeecessensenaes ill 

List Of FIGUrres........00. ccc ccccssececssesneeceeeenaececeseeaeeceetececeseetaneeenss vi 

List Of Tables... ccccsccccecseseeceeesseeascecesssaeeseseaeaeeseeeeesns ix 

Tntroduction............... ccc cccccsesesseaccececesstetenceeecessensnseceeseseetneeeeees 1 

Frequency Modulated Cellular Signals 

2.0 — UmtrOductiOn neces eeeeeeeeeececesscsscsecceeeeseseenssenaceeeeoeseaeaees 4 

2.1 The Advanced Mobile Phone System..............eeeeeeeeeeeeees 5 

2.2 —_ Instantaneous Frequency of an FM Signal... eee 6 

2.3 The Quadrature Demodulator ............. ccc ceessseeseseceeeceeeceeeeees 8 

2.4 Co-channel Interference in an FM Signal......... eee 10 

Parametric Spectral Estimation Techniques 

3.0 TntrOductiOn ...........ccccccseessscescccceessssssscececeeueeesseesscsssuscenenseeess 15 

3.1 Autoregressive Processes ...........cssscessssssseeneececeeeesssseeeeeceeees 15 

3.2 Determination of AR Parameters..............cccccccceessceeeesesseeees 16 

3.2.1 Linear Prediction... cccccesessssesessssssenscesescecececeseseeseseess 18 

3.2.2 Forward-Backward Linear Prediction..........cceeccccsssesssceeeeees 23 

3.2.3. The Modified FBLP Method... eeecccccccsseesesseeecees 25 

3.2.4 The Kumaresan-Tufts Case...........cccccecccccsseseececesesceceeeeeenes 27 

3.3. Frequency Component Determination...............cccsceeseceees 28 

3.4 Summary of Linear Prediction Techniques...........c. eee 33 

Evaluation of Frequency Estimation Techniques 

AQ — INtOMUCTIONL eee eceensececeseectenaeceseseescnseaeseesaceeerteesen sees 34 

4.1 Frequency Estimator Performance.............ceeeeeesceeeeeceeeeeeeees 35 

4.2 AnFM Signal with no Interference .00.... eee eeseeeeee eee 37 

4.3. FM Signals with Co-channel Interference 0.00.0... Al 

4.4 The Quadrature Demodulator as a Linear Predictor..... ...... 47 

4.5 Summary of Frequency Estimator 

Performance for Test Cases ..........ccccccccssssessseececeeesesseseceeees A8 

1V



Chapter V 

Chapter VI 

Implementation of the Model-based FM Demodulator 

5.0) Introduction... eee eeccecesssecceceesconnseceesceeesnaceecececeeterenenes 

5.1 Simulation of the AMPS FM Signal............cccsccceseenseceeee 

5.2 Simulation of the FM Receiver... eeeeesssssseccececeeeeeeeeeeees 

5.3 Assessing the Demodulator Performance .................:::ccccees 
5.4 Implementation of the Model-based Demodulator............. 

5.5 Results for the Demodulation of Simulated AMPS 

SUQMAIS ee eeeccssseeecesececeseeecsseeeessnevcesseecesseeesesseetessaaeeesees 
5.6 Results for the Demodulation of Simulated Narrowband 

AMPS Signals ........ceececseceessecessseeeceesseneceessaceeeeseeaaeececeeneaeess 

5.7 Summary of Simulation Results 0.0.0. cceeeeeeseneneneeeees 

Conclusions and Future Work 
. 

6.0 CONCIUSIONS ..... ccc ceeececccceceesesssscceceeesessceceeeccessseseseserseseteseeees 

6.1 Future Work ........ccccc cc cecccsesesssssesceeecececeecessseneccceeeeusesseececees 

RefOreMce ..............cccccceseensescseceeesececeessnsesaaeeceeecesseecscecsseeeeeesssseeeses 

A dix I PPENGIX Dooce cessessccssssecsseescesecessceaecacssscsseeeeseeseeessesseeaes



List of Figures 

Figure 1.1 Frequency re-use of channel “A” in two nearby cells «00.0.0... 1 

Figure 2.1 Block diagram of an FM Signal Generator... eee eeeeeeeeeenees 5 

Figure 2.2 Block diagram of a Quadrature Demodulator... eee eseeeeeeeeteees 8 

Figure 2.3. Vector diagram showing effect of Residual Demodulate Inter- 

FETONICE. ....cceccceccsssececeessessaececescesencecececessessesecesscecsceesessseeaesesecscesseanees 11 

Figure 2.4 _—_ [llustration of SOI and SNOI as distinct sinusoids «00.0.0... eee 13 

Figure 3.1 All-pole digital filter which produces a noisy AR process output 17 

Figure 3.2 (a) Pole-zero plot for an eight-pole digital filter which was devel- 

oped from a signal with two distinct sinusoids, (b) Corresponding 
frequency resPONse PlOt....... ce eecccececessssssseeeeceecececessssesseeeeeeeeeeeneeeees 30 

Figure 3.3. (a) Pole-zero plot for a ten-pole digital filter which was developed 

from a signal with two distinct sinusoids and SNR=10 dB, (b) 

Pole-zero plot for same signal, but only two principal components 

are USEd for MOE]... ee secssstecesseecesesnacceesseeecesssaeceessaceseseeeeeseseeseees 32 

Figure 4.1 Frequency domain illustration of typical test signal oe 36 

Figure 4.2. Cramer-Rao bound versus number of samples used for frequency 

estimation of a signal with 25 dB SNR... ee eeeneececeeeeeesteneeeensees 38 

Figure 4.3. Frequency Estimation Performance versus SNR for a single sinu- 

SOU oo. .eeeseesessscecssssscecsesssnenececseeesessecececessesssecseneneaeseceeseseseneaueeagececsesesees 40



Figure 4.4 

Figure 4.5 

Figure 4.6 

Figure 4.7 

Figure 5.1 

Figure 5.2 

Figure 5.3 

Figure 5.4 

Figure 5.5 

Figure 5.6 

(a) Cramer-Rao Bounds for SOI and SNOI for a signal with 

CIR=20 dB, (b) Cramer-Rao Bounds for SOI only for a signal 

with CIR=20 dB and the various cases of N=10, 15, and 25............ 

Estimate of frequency for SOI and SNOI for a signal with CIR=6 

dB using the modified FBLP technique. Also shown are the C-R 
bounds for both the SOI and the SNOI. The estimation perfor- 

mance of the conventional quadrature demodulator is also shown 

FOF COMPALISON...... ccececssssseesecececeesscensnaeaeceeessenssaeaececeeseaeeseseeseenaeaees 

Estimate of frequency for SOI for a signal with CIR=6 dB using 

the modified FBLP technique with both the optimal order (L=18) 

and the special case described by Kumaresan (L=N-M/2=24). 

Also shown is the C-R bound for the SOI. The estimation perfor- 

mance of the conventional quadrature demodulator is also shown 

FOL COMPALISON.......ccccesecsssesensecececscseseseeceeecesseesseasecsceesecenseceeesnsaaes 

Frequency estimation performance versus SNR for a noisy signal 

using conventional and higher-order quadrature demodulators ........ 

Block diagram of an FM Signal Generator oe eeeeeneeceerteeeeees 

Frequency spectra for (a) simulated AMPS signal and (b) actual 

digitized AMPS signal ..........cccseccceesssneeccesscsecececseceeceeesseecserseeeesenes 

Block diagram of a FM Receiver 00... cc eeeececeseseeeenseceeaeecesaneeeeaeeeeaes 

Cumulative Distribution Function for MSE"! of demodulated FM 
signal for case of SNR = 5, 10, 15, 20 and 25 dB and with no 

INCETLELENCE 00.2... eee cc ceescecceessevsccessesccceesececseuescccssesseeeessucsscsssssacescoeasa 

Cumulative Distribution Function for MSE! of demodulated FM 

signal for case of CIR = 3, 6, 12, 20 dB and no interference (25 dB 

SNR for all CaS€S).........ccccccccccccecccecececescecssscesseeesescecesscceeceesesceeececeste 

Block diagram of the model-based demodulator ..... ee eeseeeees 

Vii



Figure 5.7 

Figure 5.8 

Figure 5.9 

Demodulated AMPS signals with no fading for (a) quadrature 

demodulator, (b) model-based demodulator with N=8, and (c) 

CDF for both demodulated signals. FM signal has CIR=15 dB, 

SNR=25 dB, carrier separation =400 HZ ........ ec eceeseccceeeeneeeeeceeeeees 64 

Demodulated AMPS signals with no fading for (a) quadrature 

demodulator, (b) model-based demodulator with N=12, and (c) 

CDF for both demodulated signals. FM signal has CIR=10 dB, 

SNR=20 dB, carrier separation =100 HZ wo... eee eeceesseceeetceeserenes 65 

Demodulated AMPS signals for (a) quadrature demodulator, (b) 

*Sth-order quadrature demodulator’ and (c) CDF for both demod- 

ulated signals. FM signal has CIR=20 dB, SNR=12 dB, and car- 

rier Separation =100 HZ... cee eeeeecseeececececeeeeeesesesenenssstseseseenaeees 68 

Vili



Table 5.1 

Table 5.2 

Table 5.3 

Table 5.4 

‘Table 5.5 

Table 5.6 

Table 5.7 

Table 5.8 

List of Tables 

MSE! (in dB) results for AMPS signals with no fading using the 
quadrature and model-based demodulators with N=8 and L=6........ 63 

MSE! (in dB) results for AMPS signals with no fading using the 

quadrature and model-based demodulators with N=12 and L=9...... 66 

MSE! (in dB) results for AMPS signals with fading simulated 

using a two-ray Rayleigh fading model. Results are obtained 

using the quadrature and model-based demodulators with N=8 

ANG L=6 ooo es ceeecesceceneeesseesssaecssseecnseesssacesesaecesaaeenssesosseaessasoeseas eas 67 

MSE (in dB) results for AMPS signals with no fading using the 

quadrature demodulator and higher-order extensions with N=4, 6, 

AN 8 oo. eeecceessecsssceessecseeecseseeceessecessensecssaeececnensecsesaeeseseaeecsesaeeeseeneeces 69 

MSE"! (in dB) results for AMPS signals with fading simulated 

using a two-ray Rayleigh fading model. Results are obtained 

using the quadrature demodulator and higher-order extensions 

With N=4, 6, and 8.0... cessecesssssceeceseenseeeceessaeeeecssssssecesessssaeeeseseaes 69 

MSE"! (in dB) results for NAMPS signals with no fading using the 

quadrature and model-based demodulators with N=8 and L=6........ 71 

MSE’! (in dB) results for NAMPS signals with fading simulated 

using a two-ray Rayleigh fading model. Results are obtained 

using the quadrature and model-based demodulators with N=8 

ANG L=6 00... eeeeseececesssssncececessessnsececececesssseaaaaceeceeseeceeessssaeaeeeesceeeees 72 

MSE! results for NAMPS signals with no fading using the 

quadrature demodulator and its higher-order extensions with N=4, 

6, AN 8 oo eccesscsctecceessneessessnceecessessececesssenseeceesssseeeesesssseeeseessaaes 72 

ix



Chapter 1 Introduction 
  

Chapter I Introduction 

The recent years, the cellular telecommunications industry has been experiencing 

phenomenal growth. This growth has been not only in the number of users of the systems, 

but also in the number of transmitting stations, or base stations, that are required to pro- 

vide cellular telephone service to these users. Although the initial systems for the major 

cellular telephone networks in the United States are still less than twenty years old, 

already many major markets experience periods where they are operating at full capacity. 

The widespread growth of cellular telephone industry is in part due to their ability to reuse 

the allotted frequency spectrum in different geographic areas. These areas are called cells. 

Figure 1.1 shows a typical representation of several cells and indicates that radio channel 

A is reused in two different cells. In this particular case, the cells are arranged so that each 

available radio channel is reused in every seventh cell, so the frequency reuse factor is 

seven. Although this reuse permits more users, it also creates the situation where a user at 

the edge of one cell may receive two transmissions on the same radio channel, as illus- 

trated in Figure 1.1. 

The problem of either a cellular user (mobile) or base station receiving multiple 

transmissions on the same radio channel in known as co-channel interference and is one of 

    Figure 1.1 Frequency re-use of channel “A” 

in two nearby cells 
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Chapter I Introduction 
  

the most limiting factors to increasing system capacity. When the first cellular systems 

were designed, it was determined that the maximum acceptable level of co-channel inter- 

ference was approximately 18 dB carrier-to-interference-ratio (CIR), where CIR is deter- 

mined by: 

CIR = 10L08 15 | (dB) (1.1) 

Here Sis the power of the desired signal and / is the total power of all interfering signals. 

This limit on CIR was established based on providing minimum acceptable voice quality 

for the users of the cellular system. The value of seven for the frequency reuse factor is 

chosen to ensure that sufficient distance between co-channel transmitters exists to prevent 

co-channel interference from exceeding the 18 dB CIR limit. The value of seven for fre- 

quency reuse also means, however, that on average only one-seventh of the existing radio 

channels can be used in each cell. This is the basis of the limitation on cellular system 

Capacity caused by co-channel interference. 

When current cellular systems need to increase capacity they must find some way 

to provide more usable radio channels in a given area. One way to provide this increase is 

called ‘cell splitting’. This refers to the process of splitting one or more cells into smaller 

cells transmitting at lower power levels and reallocating the radio channels used in each 

cell. This allows more active users per unit area, but only with the significant cost of more 

base stations, more transmitter sites, and more system infrastructure. Another solution is 

to develop an alternative system which uses different access or modulation schemes, but 

such changes are costly and take time, especially with so much existing infrastructure 

already in place. 

The goal of the research presented in this work is to propose a different solution 

which might help to alleviate the system capacity problem without changing the entire 

system. This solution proposes to use digital signal processing to develop a new demodu- 

lation technique which will enable cellular systems to operate with equal or better perfor- 
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mance when co-channel interference levels are more severe than the current 18 dB limit. 

Chapter two of this work presents a brief description of the radio signals used in the most 

common analog cellular system. Also presented is one of the most common demodulation 

techniques, the quadrature demodulator, which might be used in a digital implementation 

of a cellular demodulator. We will also attempt to explain the co-channel interference 

problem in more detail and understand why the quadrature demodulator is fundamentally 

unable to reject this co-channel interference. 

In order to develop a new demodulation technique, an alternate interpretation of an 

FM signal as approximately sinusoidal will be presented. This interpretation provides the 

basis for interpreting an FM demodulator as an estimator of the instantaneous frequency 

of an FM signal. Chapter three will then introduce the idea of using a class of techniques 

known as parametric frequency estimation to produce more accurate and precise fre- 

quency estimates than a conventional demodulator. Several of the most promising of the 

frequency estimation techniques presented in chapter three have been evaluated using sev- 

eral simple test cases. These test cases and results, presented in chapter four, help us to 

determine one technique, known as the modified forward-backward linear prediction 

method, which seems most promising for use as an FM demodulator. This technique is 

then further tested using simulated FM cellular signals to determine how well it performs 

relative to the conventional quadrature demodulator. 

The use of the frequency estimation techniques presented in chapter three also 

allows us to develop a novel interpretation of the quadrature demodulator. This interpreta- 

tion leads us to the development of a class of more sophisticated extensions of the quadra- 

ture demodulator. This new class of techniques is seen to have improved resistance to 

channel noise relative to the conventional quadrature demodulator as demonstrated in tests 

using FM cellular signals presented in chapter five. 

Finally, chapter six will present conclusions based on the results of this investiga- 

tion. We will also indicate what we believe to be several other promising applications for 

the developments presented here. 
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Chapter 2 Frequency Modulated Cellular Signals 

2.0 Introduction 

The first widely used cellular telecommunications standard implemented in the 

United States was the Advanced Mobile Phone System (AMPS). This system was first 

tested in the late 1970s and is still widely used today. The AMPS standard allows for two- 

way communication between the mobile unit and the base station by using frequency divi- 

sion duplexing to provide two separate 30 kHz bands for the forward (base station to 

mobile) and reverse (mobile to base station) links of the radio channel. In 1974, the FCC 

completed the initial radio frequency spectrum allocation for AMPS, which was sufficient 

to provide 666 two-way radio channels. As the demand for more cellular capacity grew, 

the spectrum allocation was increased to allow the number of radio channels to be 

increased to 832. The modulation format chosen for AMPS was frequency modulation, 

or FM. This technique was selected because of its excellent signal-to-noise (S/N) perfor- 

mance in fading channels and the availability of simple and reliable modulation and 

demodulation techniques [Kuc91]. 
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2.1 The Advanced Mobile Phone System FM Signal 

  

To understand the demodulation of FM signals, it is important to first understand 

the way that the original information signal is used to modulate the carrier signal. A block 

diagram of the generation of a typical FM signal is shown in Figure 2.1. In this diagram, a 

modulating voice signal, m(t), is integrated and scaled by a factor of 20k and then added 

to the carrier frequency, 27 ft. The cosine of this sum is taken to produce a signal whose 

instantaneous phase angle, 0,(f), is given by: 

Q(t) = Inf.t+ Ink, | m(x)dx (2.1) 
—Oo 

where f, is the carrier frequency in Hz and kis a deviation constant for the modulating 

signal in Hz/volts. To generate an AMPS signal, the original voice signal is passed 

through several processing steps to produce the modulating signal, m(t). This processing 

consists of a compander and a pre-emphasis filter. These operations are performed to 

reduce distortion and improve the S/N at the output of the receiver, where the processing 

steps are reversed using a de-emphasis filter and an expander [Bou92]. 

In addition to the processed voice signal, the AMPS signal has a second signal 

which is also used to drive the modulation of the FM carrier. The Supervisory Audio 

Tone, or SAT, is a control signal that is added to the modulating signal, m(t), before the 

      

m(t). ——> Integrator | 20k ¢ A,cos(®) |» Signal 

                  

  

2nf t 
      

Figure 2.1 Block diagram of an FM Signal Generator 
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modulation occurs. This SAT is simply a discrete tone at one of three specified frequen- 

cies: 5970 Hz, 6000 Hz, or 6030 Hz. The SAT is used by the cellular system to help 

ensure that the mobile station and the base station are receiving the desired signal. This 

prevents the demodulation of some undesired signal which may be operating on the same 

radio channel but using a different SAT. Because the SAT frequency is higher than the 

passband of the voice signal, it is easily filtered out of the demodulated voice signal and 

does not affect the final voice quality at the receiver. 

The AMPS signal, as mentioned before, has a bandwidth of 30 kHz. The specifi- 

cations for the system allow a maximum deviation of 12 kHz above or below the nominal 

carrier frequency due to the modulating voice signal. The SAT is always present during 

the time that a cellular call is in progress, and the SAT is specified to have a frequency 

deviation of + 2 kHz from the nominal carrier frequency. 

2.2 Instantaneous Frequency of an FM Signal 

As shown in the previous section, the instantaneous phase angle of an FM signal is 

determined by both the modulating signal and the carrier itself. For an AMPS signal, the 

instantaneous phase angle, 8,(t), can by shown more specifically than (2.1) as: 

f ft 

Q(t) = 2nf.t+ Itks4p | cos(2nf,x)dx + 2uk, | m(x)da (2.2) 

Here the term representing the SAT has been added to show its effect on the instantaneous 

phase angle. The frequency f, is the specified SAT frequency in Hz and kg,7 is the devia- 

tion constant for the SAT in Hz/volt. The values for kpand ks,7 are chosen to achieve the 

proper frequency deviations as specified by the standard. 

From (2.2) the instantaneous frequency, f{t), of the AMPS signal can be written by 
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taking the derivative of (2.2) with respect to time and scaling to get the result in Hertz: 

f(t) = (= F10,(0] = fet ksarcos(2mft)+kym() [Az] 2.3) 

We can see now that the instantaneous frequency is determined by three separate terms: 

(1) the carrier frequency, f., (2) the deviation from the carrier frequency due to the SAT 

and (3) the deviation from the carrier frequency due to the modulating voice signal. From 

this result it is clear that one way to interpret the FM signal is simply as a FM carrier sig- 

nal (a sinusoid at the specified carrier frequency) that has an instantaneous frequency 

higher or lower than the nominal carrier frequency as determined by the SAT and the mod- 

ulating voice signal. When we consider the problem of demodulating the FM signal to 

recover the voice signal, this interpretation seems to present one obvious solution. If an 

accurate estimate of the instantaneous frequency of the FM signal can be made, then the 

original voice signal can be recovered by simply subtracting away the term due to the car- 

rier, f., and filtering out the term due to the SAT. This would leave only the modulating 

voice signal, mm(t), which can be processed to complete the de-emphasis and expansion to 

produce the original voice. 

The radio frequency signals in the AMPS signals are in the range of 800 to 900 

MHz. This means that the AMPS carrier frequency is very high compared to the frequen- 

cies of the signals that are used to modulate this carrier. The voice signals that are used to 

modulate the AMPS signals are band limited and contain no frequency components higher 

that approximately 3.5 kHz. The SAT itself is a discrete tone at approximately 6 kHz. We 

can see that the instantaneous frequency of the FM signal changes slowly compared to the 

frequency of the signal itself because the deviation of the signal away from the nominal 

carrier frequency is determined only by the relatively low-frequency modulating signals. 

If the FM signal were observed for a short period of time (relative to the frequency of the 

modulating signal), then the instantaneous frequency of the signal would not change sig- 

nificantly during the observation period. For this reason, it seems reasonable to assume 
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that the FM cellular signal can be viewed as nearly a pure sinusoid if the signal is observed 

for a sufficiently short period of time. This interpretation of the FM signal forms the basis 

for the approach of demodulating the FM signal by estimating the rapidly changing instan- 

taneous frequency of the signal 

2.3 The Quadrature Demodulator 

A typical digital implementation of an FM demodulator can be made using a 

quadrature demodulator. A simple block diagram illustrating the quadrature demodulator 

is shown in Figure 2.2. This demodulator can be thought of as a very simple way of esti- 

mating the instantaneous frequency of the FM signal. In the quadrature demodulator, a 

received FM signal must first be digitized by sampling the signal; here the sampling inter- 

val is denoted by 7: The demodulation is accomplished by multiplying each sample by the 

conjugate of the previous sample and taking the angle of the result. (This can be though of 

as finding the difference in the phase angles of the two samples.) A constant value corre- 

sponding to the carrier frequency is subtracted to remove the contribution of the carrier 

and the result is divided by a constant to get an estimate of the desired modulating signal. 

Because this method is used for a digital implementation of an FM receiver, it is 

necessary to represent the FM signal as discrete samples of a continuous FM signal. We 

will let r(k) denote the received FM signal, where k is the index of the sample time, kT. 

      

                

    

+ 

A/D 
Converter Angle(e) Scale |_» 

FM 
7 m(b) 

Signal 
voices 

Delay & + 
conjugate 2m ol SAT             

Figure 2.2 Block diagram of a Quadrature Demodulator 
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For simplicity, let the integral of the combined modulating signals, m(t) and the SAT, be 

represented by: 

kT kT 

O(k) = 20k J m(x)dx + 20K oar J cos(2n f .x)dx (2.4) 

Here the integral is evaluated with an upper limit of kT to show that the signal is now a 

sampled signal. The sample interval, 7, corresponds to the reciprocal of the sample fre- 

quency in Hz, or ” . The complex representation of the received FM signal, r(k), can be 
S 

written using (2.2) and (2.4) as 

rk) = Aexp{j-[(2mf,kT) + o(k)]} (2.5) 

where A, is the amplitude of the complex FM signal. When we multiply a sample of the 

received signal, r(k), by the complex conjugate of the preceding sample we get: 

r(k)r*(k-1) = Alexp{j[2nf.T + {o(k)-0(k-1)}]} (2.6) 

The phase of this product has a constant term due to the carrier and another term which is 

the difference of consecutive values of the integral of the modulating signal given in (2.4). 

A simple estimate of the original composite modulating signal can be found from the dif- 

ference of two consecutive samples of the integral shown in (2.4) 

o(k)-o(k-1)_ d 
kT kT 

7 = lon y | m)dx + Iksar | cos(2n fos (2.7) 

When the right hand side of (2.7) is differentiated as shown, the result will be the inte- 

grands evaluated at x=kT, assuming both components of the modulating signal are approx- 

imately zero-mean. The estimate of the composite modulating signal can be obtained by 
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combining (2.6) and (2.7) and dividing by Lake to obtain: 

1 

20k ¢T 
  m(k) + (“$47 \oos(on f.T)= (Angle{r(k)r*(k—1)}-2mf.T) (2.8) 

ky 

The result of the quadrature demodulator can thus be viewed as an estimate of the 

instantaneous frequency (which is the derivative of the instantaneous phase). This is 

found by simply computing the difference between phase angles of consecutive samples 

of the FM signal and dividing by the sample interval to estimate the derivative of the 

phase. Because the FM signal is often sampled at a higher sample rate then the desired 

audio signal, the signal will normally be decimated to return to the lower sample rate of 

the original audio signal. Also evident from (2.8) is the fact that the quadrature demodula- 

tor does not remove the SAT from the demodulated signal. The SAT must be removed by 

filtering before the demodulated signal is decimated to recover the voice signal. 

The quadrature demodulator is very simple and easy to implement. It provides 

good demodulation performance when there is little co-channel interference or channel 

noise. As the level of co-channel interference or noise is increased, however, the simple 

estimate that the quadrature demodulator relies on will not be an accurate estimate of the 

original modulating signal. At high levels of interference and noise the estimate of the 

original signal is significantly degraded and becomes unsatisfactory. 

2.4 Co-channel Interference in an FM Signal 

As was dicussed in chapter one, one of the factors which most severely limits the 

capacity and growth of present FM cellular systems is the presence of co-channel interfer- 

ence. When one or more additional signals are present in the assigned frequency band of 

an FM signal, accurate demodulation of this signal becomes a very challenging problem. 

In the previous section, it was seen that the quadrature demodulator uses a fairly simple 
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method to calculate the instantaneous frequency of an FM signal. This technique, if prop- 

erly implemented, can give very good performance when there is very little or no co-chan- 

nel interference present. When a co-channel interfering signal is present, however, it soon 

becomes clear that this method of estimating the instantaneous frequency of the FM signal 

is not adequate. 

If the FM signal is viewed as a complex signal, a single sample of the signal can be 

represented as a complex magnitude and phase. The quadrature demodulator functions by 

effectively computing the difference between successive phase angles and dividing by the 

sample interval to find the instantaneous frequency for that sample. When an FM signal is 

present in an adjacent radio channel, the impact of that signal on the demodulated Signal- 

of-Interest (SOI) can be minimized by using a bandpass filter to pass only the signal in the 

desired channel. When a second FM signal is present in the same channel as the SOI, 

however, this approach cannot be used. This is demonstrated by the phasor representation 

of the FM signal with interference shown in Figure 2.3. Here the two FM signals present 

are additive and the receiver senses only the vector sum of the two signals. For the 

quadrature demodulator, the most important parameter is, of course, the phase angle of 

the SOI, o,. From the figure, it is clear that the presence of the interfering signal intro- 

duces an error in the measurement of 6,. This effect is called the residual demodulated 

interference. When the signal-not-of-interest (SNOI) is much smaller in magnitude than 

the SOI, as shown in Figure 2.3(a), it is seen that the measurement of the phase @, can still 

SNOI 
SNOI 

6; SOI ‘F SOI 
    

(a) (Db) 

Figure 2.3 Vector diagram showing effect of Residual Demodulated Interference 
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be fairly accurate. When the interference becomes more severe and the magnitude of the 

SNOI approaches that of the SOI, as in Figure 2.3(b), the effect on the measurement of the 

phase o, is much greater. Some of the techniques which have been proposed to reduce the 

effect of co-channel interference in FM signals attempt to measure or calculate this resid- 

ual demodulated interference and then remove the effect from the estimate of 6, [Bag59] 

and [Rob86]. Our experience indicates that these techniques appear to be inadequate 

because they either depend on a constant ratio of SOI to SNOI magnitude or else they are 

adequate only for signals which have a significant separation between carrier signals. 

Similar conclusions have also been reached by other researchers [Haw9 1]. 

If no attempt is made to compensate, the effect of the residual demodulated inter- 

ference will be manifested as poorer estimates of the instantaneous frequency of the SOI. 

Since these estimates are also the estimates of the original modulating signal, it would 

seem reasonable that the performance of the quadrature demodulator would be greatly 

degraded. This is indeed the case in the presence of strong co-channel interference, as 

seen in the results of computer simulations presented later. 

It was shown in the previous section that the FM signal can be approximated as a 

pure sinusoid when observed for a sufficiently short period of time. When a co-channel 

interfering signal is present, the SNOI can also be viewed as very nearly a pure sinusoid. 

If the two signals present have precisely the same instantaneous frequency, then it 

becomes impossible to distinguish between them without further information. In general, 

however, the two signals do not have the same instantaneous frequency, even if they are 

assigned the same nominal carrier frequency. This is because each signal will, in general, 

be modulated by different signals. The presence of two co-channel signals can be shown in 

a different way than the sum of two phasors. This alternate interpretation 1s shown in Fig- 

ure 2.4. Here the signals are seen as two complex sinusoids with distinct frequencies, both 

somewhere inside the assigned frequency band of the radio channel. As the observation 

period of each of these two signals is advanced, they will be seen to move higher and 

lower inside the assigned frequency band and they will even have identical frequencies at 
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Figure 2.4 Illustration of SOI and SNOI as distinct sinusoids 

times. In general, however, the instantaneous frequencies will be distinct although often 

very close in frequency. 

The interpretation of two co-channel signals as distinct sinusoids for sufficiently 

short observation periods seems to be correct. This interpretation is the basis for several 

techniques that have been proposed to combat the problem of co-channel interference. 

One such technique is the implementation of an adaptive IIR notch filter that estimates and 

tracks the SNOI and attempts to remove the weaker signal before the estimate of the SOI 

is made [Ric94]. Another related technique is to use an adaptive bandpass filter to pass 

only the SOI and reject the interferer. Again, both of these techniques seem to be limited 

because the effectiveness of the techniques depends upon an accurate estimation of either 

the SOI or the SNOI which is difficult to achieve because of the presence of the interfer- 

ence, which is of course the reason for attempting the analysis in the first place. 

Although it seems difficult, if not impossible, to track each of the frequencies 

present accurately enough to selectively filter one or the other away, it does seem reason- 

able to just compute estimates of the frequency components present in the signal and use 

these estimates to somehow reconstruct the desired original modulating signal. Classical 

spectral estimation techniques that involve Fourier transformations are not appropriate for 

this problem, however, because the frequency resolution of such techniques is limited to 

approximately //N, where N is the number of samples used for the estimate. In order to 

  

Co-Channel Interference Rejection Using a Model-based Demodulator 13



Chapter 2 Frequency Modulated Cellular Signals 

achieve the necessary frequency resolution to resolve the two different co-channel signals, 

the number of samples used to perform the transform would have to quite large. The basic 

interpretation of the two co-channel signals as approximately pure sinusoids, however, 

requires that the observation time be very short compared to the frequency of the modulat- 

ing signals. For this reason, it seems that the use of Fourier techniques would be inappro- 

priate unless extremely high sample rates are used for the FM signal and a very large 

number of samples used to achieve the required frequency resolution. 

Although classical Fourier techniques do not seem to be appropriate, there is a new 

class of techniques known as parametric frequency estimation techniques which can pro- 

vide frequency resolution far in excess of what is achievable with Fourier spectral estima- 

tion techniques. These techniques are also known as model-based techniques because they 

assume a very specific structure, or ‘model’, for the signal. The signal is modeled to have 

a specific structure, and the parameters which describe the model are then calculated. The 

class of parametric techniques which seems to be most appropriate for the co-channel 

interference problem as stated above will be discussed in much more detail in the next 

chapter. 
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Chapter IJI Parametric Spectral Estimation Techniques 

3.0 Introduction 

Parametric spectral estimation techniques have been the subject of intense study in 

recent years. These high-resolution spectral estimation techniques are also known as 

model-based techniques because their parameters can be adapted to model the data and - 

can thus describe the data more accurately. These techniques are often used to estimate 

the spectra of signals which have either a broadband or narrowband spectrum. In this par- 

ticular application, however, we are interested in a precise estimate of the instantaneous 

frequencies of two co-channel signals which are nearly sinusoidal. The spectrum of this 

signal will have sharp peaks at the frequencies of the sinusoids. This problem is actually 

one of parametric frequency estimation as opposed to parametric spectral estimation. 

3.1 Autoregressive Processes 

In the previous chapter, we saw that the FM signal with co-channel interference 

can be modeled approximately as a strong sinusoid with one or more smaller sinusoids 

corresponding to the interferers. This FM signal will also contain additive noise which is 

introduced by the communications channel and by the transmitter and receiver. The fre- 

quency spectrum of this signal would therefore be expected to have relatively high, sharp 

peaks at the frequencies corresponding to the instantaneous frequencies of the signals 

present. This type of spectrum is typical of an autoregressive process, or AR process, with 

noise present. An autoregressive process can be represented by the following difference 

equation: 

L 

x[n] = Sy a[l|]x[n-—I]+wl[in|] (3.1) 

L=1 
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In this equation, the present value of the sampled AR sequence, x[n], is seen as the sum of 

the previous L values of the sequence weighted by the constant coefficients, a[J], /=J, ..., 

L. The sum also includes w[m], which is complex white noise with zero mean and variance 

G,”. 

An autoregressive (AR) process can also be viewed as the output of a digital all- 

pole filter by using the delay operator, zl, Using this operator, z'{x[n]} =x{n-1], the dif- 

ference equation in (3.1) can be rewritten as: 

L 

x{n] = DY all] {xtn]} + wl] (3.2) 
l=1 

This equation represents an all-pole or AR digital filter with white noise as the input, w[”], 

and the AR sequence, x[n], as the output. The transfer function, G(z), of this filter can be 

written as 

_ X(z) _ 1 G(z) = 2B - “"W@) Ve alije +aftie2 +... +alLlee 
  (3.3)   

Here the constant coefficients from the difference equation in (3.1) become the coeffi- 

cients of the denominator polynomial in the transfer function. The poles of the digital fil- 

ter can be found as the roots of this polynomial. This digital filter, which has output x[7] 

and input w[m], is shown in Figure 3.1. 

3.2 Determination of the AR Parameters 

Because the AR process can be viewed as the output of a digital all-pole filter, the 

estimation of the parameters of the process can be viewed as determining the locations of 

the poles ofthe digital filter using only the known output sequence of the filter. The co- 

channel interference rejection problem will be specifically to estimate the parameters of an 
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Figure 3.1 All-pole digital filter which produces a noisy AR process output 
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AR process which describes the multiple sinusoids present in the sampled FM signal. 

After this determination is made, the instantaneous frequencies of the sinusoids present in 

the signal can be found and a more accurate estimation of the SOI will result. 

Several techniques are available to perform this estimation and many of them are 

very closely related. The author was introduced to the idea of developing a model-based 

demodulator through the work of Jeffrey Reed and Tahir Qazi. They developed an FM 

demodulator which was implemented using a parametric estimation process known as 

Prony's method, after the Baron de Prony, an 18th century French scientist [Mar87]. This 

work showed that such a demodulator is possible and that Prony's method is one possible 

technique to compute the frequency estimates of the FM signal. Although not specifically 

applied to FM signals, there are several other well-known techniques which can be used to 

determine the parameters of an AR process. Discussions of these techniques can be found 

in [Kay88], [Mar83], and [Hay85]. The following sections will briefly outline the devel- 

opment of a general technique known as linear prediction which can be used to develop 

several parametric frequency estimation techniques. 

3.2.1 Linear Prediction 

The concept of linear prediction is based on the idea that if specific values for the 

coefficients for the digital filter in the previous section are known, then the filter can com- 

pute or ‘predict’ the next value in the sequence of data. This idea will be used to work 

backward and actually find the set of coefficients, or weights, that can best predict the cur- 

rent data sample, x[m], given the L proceeding samples. 

If x[n-1], x[n-2], ..., x[n-L] is a given sequence of complex samples, then a linear 

prediction of the next value in the sequence, X[n], can be made by 

L 

X[n] = Sy h(1)x[n—-1] where L<n<N (3.4) 

l=1 
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and the constants h(/), h(2), ..., h(L) are called the prediction coefficients. Here L is the 

number of samples used to make the prediction and is called the order of the prediction. 

This linear prediction can also be interpreted as the output of a digital filter with coeffi- 

cients specified by the A(d), /=/,2,...,L similar to that shown in Figure 3.1. In our problem 

we do not know the ‘exact’ set of coefficients that most closely corresponds to our data, 

but we can measure how well any particular set of coefficients can predict the data 

sequence. If the actual value is known for x[m] then the prediction error, or residual, is 

given by 

f(L,n) = x[n]-x[n] (3.5) 

Here the prediction error is shown as a function of both the time index, n, and the order of 

the prediction, L. This error is given as a function of L because we shall see later that the 

order of the prediction filter will determine how well it matches the data, and therefore 

how small is the prediction error. Another set of closely related filter coefficients is now 

defined for a filter which will produce the prediction error: 

iI —
 wb t
 

1 
g(l) = | 

—h(l l 
“) (3.6) 

This filter is called the prediction error filter and has as its output the error for the predic- 

tion of x[m]. Using these coefficients, we can rewrite the prediction error of (3.5) as 

L 

f(L,n) = ¥ g()x[n-1] (3.7) 
l=0 
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Now the data sequence, the prediction error filter coefficients and the prediction filter 

coefficients can also be written in vector form: 

x[n] g(0) A(1) 

x[n] = [*te- 4 g = 8) and == |"O2) Bgabc) 

x[n-L] (L) h(L) 

These definitions allow us to write the prediction error more compactly as a vector prod- 

uct: 

f(L,n) = g'x[n] = x’ [n]g (3.9) 

This prediction error is known as the forward prediction error because the previously 

observed samples, x[n-/],...,x[n-L], are used to predict the succeeding sample x[n]. 

Because the set of filter coefficients will later be used to tell us the specific charac- 

teristics of the data sequence itself, we would like to find the set of coefficients which most 

accurately predict the sequence. To find this set of best coefficients, we will find the coef- 

ficients which minimize the power of the forward prediction errors. This prediction error 

power is given by: 

e, = E{lf(L.n)l'} = E{(g'x[n]) x [n]g} = Efe" Rg} (3.10) 

Here the superscript T represents the ordinary transpose and the superscript H represents 

the complex conjugate transpose. The (L+/) x (L+J) matrix R is the covariance matrix of 

the input sequence x[n]: 

R = E{x*[n]x"[n]} (3.11) 
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The solution which minimizes the power of the prediction error is not derived here, 

but is taken from [Hay85] and presented here: 

-1 f= Ep mink 8 (3.12) 

In this solution, &,,;, 1s the minimum value of the power of the forward prediction error, 

and the vector 6 is simply the (L + 1) x 1 unit vector [/ 00... 0]. This solution is also 

known as the covariance method for AR modeling. 

The solution above provides us with the best set of coefficients to produce the for- 

ward predictions of the given data sequence. The same solution can also be found by solv- 

ing a set of simultaneous linear equations. To begin, we note that if we have the sequence 

{x[1], x[n-J], ..., x[n-L]} and we would like to find the corresponding best prediction filter 

coefficients, we can use (3.4) and (3.6) to get: 

g{1] 
[x[n 1] x[n-2] ... x{n-L]| e(2]| = ~x[n] (3.13) 

[L] 

If we are given a longer portion of the sequence, say N samples with N>L, then we can 

write N-L equations. The general case is shown here in matrix form for a sequence {x[J], 

x{2], ..., x[N]} with N>L: 

x[L]) x[L-1i)... x[1] gl 1] x[L+1] 

x[L+1] x[L] ... x2] e(2]) _ _|x[b+2] (3.14) 

x[N —1] x[N—-2] ... x[N-Z]]|2[Z] x[N | 

This shows N-L equations in L unknowns, and can also be written more compactly as 
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Ah=b. Here A is the matrix of samples on the left-hand side of (3.14), # is the vector of 

prediction filter coefficients as defined in (3.8c) and 6 is the vector of samples on the right- 

hand side of (3.14). For the case where N=L+/, we have the simple case of a single equa- 

tion as in (3.13), which is an underdetermined system. In fact, whenever (N-L)<L we will 

have an underdetermined system of linear equations in Z unknowns. Such a system will 

not have a unique solution for A, but the solution we want is that set of filter coefficients 

which has the minimum norm in the Euclidean sense [Hay85]. This is given by 

h=A*b (3.15) 

where A® = AH(AABy! is the pseudo-inverse, or Moore-Penrose inverse, of A. 

Another situation occurs when (N-L)=L. In this case we will have L equations in L 

unknowns and the solution will be unique and will be given by h=A"'b, if A is invertible. 

This equation is Prony's method and it can be interpreted as trying to exactly fit L complex 

sinusoids to N=2L data points. This solution is not exactly the same as what we are trying 

to achieve because it assumes that there is no noise in the measurements of the data points. 

It has been shown that this method will exactly specify the Z sinusoids that fit the data for 

the noiseless case, but that this method performs poorly in the presence of noise [Kum82] 

and [Kay88]. 

For the case where (N-L)>L, we will have an overdetermined system of equations 

and the best solution for # is the least-squares solution which is written the same as in 

(3.15), but now with At= (AHAy 14H This technique is also known as the covariance 

method or the extended Prony’s method and it is used in many different fields. The inter- 

pretation of this situation as an extension of Prony’s method comes from the attempt to 

improve the performance of Prony’s method in the presence of additive noise by using 

more samples of the signal and obtaining the least-squares solution. 

We will make no attempt here to measure the relative performance of each of these 

techniques, but in the next section we will see that there are several techniques that will 
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perform well in the presence of noise, and these will be more appropriate for our demodu- 

lation problem. 

3.2.2 Forward-Backward Linear Prediction 

In our problem of trying to identify the frequency components present in the sam- 

pled FM signal, we want to get the best possible estimate of the AR parameters possible 

using the samples that we have available. In the previous section, we found the solution 

for the best set of forward prediction coefficients for a given set of samples. One tech- 

nique to improve the accuracy of the estimation is to re-use the same samples by ‘flipping’ 

them around and performing a backward linear prediction. This is very similar to forward 

linear prediction except that we will try to predict the sample x[n-L] using the L samples 

x[n-L+/],....x[n]. By combining both the forward and backward linear predictions, we 

essentially get more prediction errors over which to average and we can therefore obtain a 

more accurate estimate. 

Using both the forward and backward predictions equations, we can write a similar 

set of simultaneous linear equations to that given forward linear prediction. The differ- 

ence is that we will now have twice as many equations (2(N-L)) with the same number of 

unknown parameters [Hay85]: 

  

| xf L] x[L-1] ... xfl | Pxf{b +1] 
x[L +1] x[L] .. =X 2] x[{L+2] 

ves _ bee _ g[1] bes 

x[N — 1] x[N — 2 | ees x[N — L] e[2] _ x[N ] (3.16) 

x*[2] x*[3] MATL + UY... x*{1] 

x*[3] x*[4] .. x*(L4+2]] |g[Z] x*[2] 

x*[N-L+1] x*[N-L+2]...  x*[NJ | | x*[N — L]|       
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If the above equations are written in terms of the new data matrix, A, the vector of predic- 

tion coefficients, #, and the data vector on the right hand side, b, then we can write the 

equations simply as Ah = B as we did for the previous case using the forward prediction 

only. The solution to this will be written using the covariance matrix, C= A¥A. We will 

also define a cross-correlation vector, r = A'b, so that now we can write 

Ch=r (3.17) 

In this form the matrix C is Hermitian and has special properties that we will use later, 

namely it can be decomposed into a set of orthogonal eigenvectors. The actual solution to 

these equations is the least-squares solution and is given as 

h = C*r = A*b = (AHA) 1ANB (3.18) 

Here C* is the psuedo-inverse of C. This is the same solution that we obtained for the for- 

ward linear prediction case, except that we are now using the augmented matrices A and Bb, 

as in (3.16), to take advantage of both the forward and backward linear prediction tech- 

niques. When 2(N-L)=L then C* also equals the ordinary inverse, Cc! and A*® equals Al. 

The FBLP method presented above has been shown through computer simulations 

to have good properties for estimating sinusoids in noise in [Kay88] and [Hay85]. It is 

shown in these works that the FBLP technique has a threshold at relatively high SNR 

below which its performance as a frequency estimator is significantly degraded. This 

solution for the best set of linear prediction coefficients is known as the forward-backward 

linear prediction (FBLP) solution or the modified covariance solution in other references 

[Kay88] and [Mar87]. This technique has been shown to have a number of desirable prop- 

erties for estimating sinusoids in noise using computer simulations, such as less bias in 

frequency estimates due to additive observation noise and also less dependence on the ini- 

tial sinusoidal phase [Kay88] and [Kum82]. 
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3.2.3 The Modified FBLP Method 

  

When the data set contains L sinusoids and no noise, the FBLP method will give 

perfect estimates of the frequencies [Kay88]. When noise is present at high SNR, the esti- 

mates of the FBLP method are still good, but are a few decibels poorer than the theoretical 

bound for estimating the frequencies. This theoretical limit on frequency estimation per- 

formance, which is known as the Cramer-Rao bound, will be described in more detail in 

Chapter 4. Ata still relatively high SNR (about 20 to 25 dB) the FBLP method exhibits a 

threshold effect that causes the error in the frequency estimates to increase rapidly com- 

pared to the theoretical bound. This is mostly due to the presence of spurious spectral 

peaks which overpower the effect of the signal and cause errors in the frequency estimates 

[Hay85]. A modification to the FBLP method which consists of two steps has been devel- 

oped by Tufts and Kumaresan [Kum82] which overcomes this limitation and produces a 

significant increase in the performance of the frequency estimator. 

The two modifications to the FBLP method have the effect of both increasing the 

resolution of the frequency estimates and decreasing the sensitivity to higher levels of 

noise. In the FBLP method when choosing the order of the estimate (which is the same as 

the number of poles for the corresponding digital filter), it is often desirable to choose an 

order that is intentionally higher than the number of sinusoids known to be present. This 

will tend to increase the resolution of the estimator since closely spaced frequencies can 

be more readily distinguished. This increase in order, however, results in the spurious 

peaks due to noise as noted above. The increase in order produces extraneous poles for 

the filter, which represent the noise and are sometimes close to the unit circle even at rela- 

tively high SNR. 

The first step of the modification to the FBLP method is to decompose the LxL 

complex covariance matrix, C, of x[n] and use the decomposition to construct another 

matrix which approximates the original covariance matrix but is closer to a noiseless case. 

As was noted above, the covariance matrix, C, is Hermitian and can thus be decomposed 
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into a set of real eigenvalues, A;, and orthonormal eigenvectors, v;, i=/, .... L, as shown 

here 

L 

C= Vipy," (3.19) 
i=1 

This decomposition shows that C can be written as the sum of L matrices which have 

either rank one (if A; # 0) or rank zero (if A; = 0). In the following discussion the number 

of distinct sinusoids present in the sampled data x[n] will be denoted by M. For the noise- 

less case, the set of L eigenvalues will contain M non-zero eigenvalues and L-M zero 

eigenvalues, so that the rank of C is M. The eigenvectors of C which correspond to the 

non-zero eigenvalues span an M-dimensional subspace that is known as the signal sub- 

space. The remaining L-M eigenvectors span the (L-M)-dimensional subspace known as 

the noise subspace. For the case where noise is present, the M signal eigenvalues are rela- 

tively large and the L-M noise eigenvalues are quite small. The orthogonal separation into 

the signal subspace and the noise subspace is not exactly true for the case with noise, but it 

is approximately true. The method developed by Kumaresan and Tufts is to use the eigen- 

values and eigenvectors which correspond to the signal subspace to construct a reduced- 

rank estimate of C which lies only in the signal subspace. The reconstructed estimate of 

C can now be shown as the sum of the M principle components of C: 

M 

C= VL Apy (3.20) 
i=1 

where the eigenvalues, ;, are ordered such that 4; 2A,2...2A,. Notice that this is 

almost exactly the same as the eigenvalue decomposition shown in (3.19), except that the 

summation is made only over the range of the M principle components. The effect of this 

first step is to greatly reduce the effect of the noise on the estimates of the AR parameters. 
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The second step of the modification to the FBLP method is to increase the order of 

the prediction to a larger value than would normally be used for the FBLP method. Recall 

that as the order of the AR model, L, is increased, the resolution of closely spaced frequen- 

cies was improved. The previous drawback of spurious peaks due to noise has now been 

greatly decreased by the decomposition of step one. In this way, the advantages of a 

higher order prediction order can be used without the adverse effects of the noise. 

Comparisons of the performance of the FBLP method and the modified FBLP 

method are presented in [Kum82], [Hay85] and [Kay88]. In general the performance 

measurements are made using computer simulations for a specific set of test data. The 

results shown indicate that the two-step modification allows the estimates of the frequen- 

cies to be match the theoretical limits of the Cramer-Rao bound down to a threshold of 

approximately 7 dB SNR for two distinct equal amplitude sinusoids. The test cases pre- 

sented were however somewhat limited in that they presented only the case of two equal 

amplitude sinusoids in noise with a fixed frequency separation. (The frequency separation 

in the test case is usually equal to one half of the resolution achievable using Fourier anal- 

ysis, Or x , where N is the number of data points used.) 

3.2.4 The Kumaresan-Tufts Case 

It should be clear at this point that the performance of the modified FBLP method 

depends on a number of different factors. Some of those already mentioned are the order 

of the prediction, L, the number of sample points used in the estimate, N, and the number 

of sinusoids actually present in the data sequence (which may be unknown). In the work 

by Kumaresan [Kum82], a special case of the modified FBLP method is identified where 

some of the benefits of the eigenvector decomposition can be realized without actually 

performing the decomposition. This advantage can be significant because the decomposi- 
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tion into eigenvalues and eigenvectors often requires significant computation. When the 

order of the model is chosen so that L = N- 2 , where M is the number of sinusoids 

present in the data, then the size of the data matrix, A, will be M x (v — 5). For this rea- 

son, the covariance matrix C, will have rank M, which is already the desired rank for the 

signal subspace approximation, C. This means that the solution for the linear prediction 

coefficients which uses only the signal subspace estimate of C will be simply 

h = AM(AA") 6 (3.21) 

and this can be found easily since the only matrix inversion required is for an MxM 

matrix, which could be only a 2x2 or 3x3 for a case with one or two interfering signals. 

The special case of L = N - ° which produces a rank M covariance matrix is true for the 

FBLP equations as shown in (3.16). For the case where only the forward or backward 

equations are used, the special case which produces a rank M covariance matrix occurs 

when L=N-M. 

In the next chapter, several test cases will be presented which will show the perfor- 

mance of the various forms of linear prediction frequency estimation. These test cases 

will show which technique, if any, would be effective for implementation in an interfer- 

ence and noise robust demodulator. 

3.3. Frequency Component Determination 

In the preceding sections, we have discussed some of the different techniques for 

determining the AR parameters for a process which is assumed to consist of sinusoids in 
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white noise. In order to use this information to demodulate an FM signal, however, we 

must obtain from the AR parameters the estimates of the instantaneous frequencies of the 

sinusoids present. 

There are two principal methods which can be used to obtain the frequency esti- 

mates from the coefficients of the prediction filters that have been found as above. In (3.3) 

we saw that one interpretation of the AR parameters is as the coefficients of the denomina- 

tor polynomial for an all-pole digital filter. This filter had white noise as its input and 

would ideally produce the sampled sequence x[m] as its output. The spectrum of the mod- 

eled FM signal will therefore be the same as the output spectrum of the filter with a white 

noise input. For this reason, we can find the principal frequency components of the sam- 

pled signal as the peaks of the frequency response of the linear prediction filter. This tech- 

nique of evaluating the frequency response of the filter resulting from the linear prediction 

model is quite accurate when the signal consists of sinusoids in noise, but it also can 

involve excessive calculations. 

If the modeled signal does indeed closely correspond to a number of sinusoids in 

noise, then the filter will be seen to have poles quite close to the unit circle when the poles 

are plotted in the complex plane. The poles closest to the unit circle correspond to the 

sharp peaks in the frequency response curve of the filter and therefore also correspond to 

the frequencies of the sinusoids present in the signal. It is often much easier to find these 

poles by taking the roots of the filter polynomial than it is to evaluate and locate the peaks 

of the filter's frequency response. A typical example of this situation is shown in Figure 

3.2(a) and (b). In part (a), a plot of the poles of an eighth-order filter are shown and it is 

clear that two of the poles are quite close to the unit circle. The plot in Figure 3.2(b) 

shows the magnitude of the corresponding frequency response curve, where the frequency 

axis has been scaled to show normalized frequency (the sample frequency would corre- 

spond to 1.0). It can clearly be seen that the poles closest to the unit circle cause two sharp 

peaks in the magnitude response. Also plotted in Figure 3.2(b) are vertical lines corre- 

sponding to the phase angles of the poles of the filter. Here the correspondence between 
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Figure 3.2 (a) Pole-zero plot for an eight-pole digital filter which was developed from a 

signal with two distinct sinusoids, (b) Corresponding frequency response plot 
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the poles and the peaks of the response is again seen and the poles closest the unit circle 

correspond to the highest peaks in the response. The instantaneous frequency estimates 

can therefore be found as simply the angles of the poles closest to the unit circle. 

This technique of using the poles closest to the unit circle as the frequency esti- 

mates also helps show how the presence of high levels of noise in the sampled signal can 

cause spurious spikes in the frequency response and therefore poor frequency estimates. 

In Figure 3.3(a) the noise present in the sampled signal corresponds to the poles that are 

displaced inward from the unit circle (those poles which do not correspond to the sinuso- 

ids present). As the noise level in the signal increases, these poles will move outward and 

may be misinterpreted as signal poles instead of noise poles. This also helps explain how 

the process of using a principal component approximation of the data matrix in the FBLP 

technique can improve noise performance. The rank deficiency of the approximated 

matrix will cause the noise poles to be displaced inward and to be much more uniformly 

distributed in angle around the unit circle [Kum82], [Hay85]. This property allows the use 

of higher-order models to be used with a much lower likelihood of the noise pole being 

misinterpreted as a signal pole. An example of this effect is shown in Figure 3.3. Here 

each model shown has been produced from the same signal: two equal amplitude sinuso- 

ids with a SNR of 10 dB. In Figure 3.3(a) the full data matrix is used for the filter coeffi- 

cient determination. In Figure 3.3(b) the data matrix is approximated by only the 

components corresponding to the two largest eigenvalues. It is clear that the poles corre- 

sponding to the two sinusoids present are much easier to find in the case shown in Figure 

3.3(b). 
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3.4 Summary of Linear Prediction Techniques 

In this chapter we have introduced the general idea of an AR process and shown 

one interpretation of such a process as an all-pole digital filter. Also we have introduced 

the concept of linear prediction as one method to find the AR parameters which best fit a 

sequence of samples of an AR process. Using the technique of linear prediction in both 

the forward and backward direction provided one approach to try to achieve a better esti- 

mate of the parameters by using a least-squares fit to the data. We have examined several 

ways to implement linear prediction, including the special case which corresponds to 

Prony's method and the eigenvalue decomposition techniques first developed by Tufts and 

Kumaresan. 

As we look toward implementing a FM demodulator using some of these fre- 

quency estimation techniques, we must also be able to determine the instantaneous fre- 

quencies from the calculated AR parameters. Of the two common techniques to do this, 

we saw that the most straight-forward method is to find the roots of the prediction error 

polynomial and use the angles of the poles which correspond to the signals present. In the 

next chapter we will use computer simulations to evaluate the performance of some of 

these techniques and try to determine which, if any, of the techniques will be most appro- 

priate for implementation as an FM demodulator. 
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Chapter IV Evaluation of Frequency Estimation Techniques 

4.0 Introduction 

In the previous two chapters, two different subjects were introduced. Chapter two 

described the characteristics of FM signals that are currently used in cellular telephone 

systems such as AMPS. The operation of a typical demodulator, the quadrature demodu- 

lator was described as it would be specifically applied to AMPS cellular signals. In addi- 

tion, the problem of co-channel interference was described and it was shown that the FM 

signal with co-channel interference can be interpreted as a small number of distinct sinu- 

soids when observed for a short period of time. In chapter three, the idea of developing a 

parametric model of a given sequence of data samples was introduced. This process of 

linear prediction made assumptions about the nature of the data-- namely that is consisted 

of a number of sinusoids in noise. Once the parameters of the model were calculated for 

the data, a very specific description of the signal was available for analysis. In this chap- 

ter, we will attempt to apply the techniques described in chapter three to the problem of 

rejecting the co-channel interference. If an adequate modeling technique can be devel- 

oped to describe the received FM signals, then perhaps the model can be analyzed and the 

effects of the interfering signal(s) can be removed or minimized. 

This chapter will attempt to identify some of the major considerations involved in 

developing a model-based demodulator for the FM signal. These considerations will 

determine the specific techniques that may be appropriate for use as a demodulator. They 

will also determine specifically how the model should be computed and analyzed to 

recover the signal of interest. In this chapter we will also present test cases that are used to 

measure the performance of various methods in estimating the instantaneous frequencies 

of the FM signal, which is the ultimate goal. 
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4.1 Frequency Estimator Performance 

The performance of a parametric frequency estimator is typically measured by 

analyzing the accuracy of its frequency estimates. To evaluate different frequency estima- 

tors, many researchers have used computer simulations of test cases with known fre- 

quency components and compared the resulting estimates with the known values 

[Kum82], [Kay88] and [Hay85]. This method will be used here to evaluate the techniques 

presented in chapter three with an eye toward implementation of an FM demodulator. The 

test cases in the literature are generally limited to the simple case of one or two distinct 

sinusoids in additive Gaussian noise at different levels of SNR. The typical test cases have 

a fixed frequency separation between the two sinusoids and the sinusoids themselves are 

of equal amplitude. 

In the application being considered by this work, the frequency estimation will 

have to be made for signals with instantaneous frequencies that are constantly varying and 

with relative amplitude differences of 10 to 100, or more. In a composite FM signal, two 

signals with equal amplitudes would correspond to a Carrier-to-Interference Ratio (CIR) 

of 0 dB, whereas we have seen that typical systems are designed with a worst case CIR of 

about 18 dB. Nevertheless, the performance of each frequency estimation technique will 

be evaluated here over a wide range of simulated channel conditions. 

It is important to note here that for simplicity the test cases used for simulations 

will represent signals that are exact complex sinusoids in white noise, whereas in a real 

signal the signal will be only an approximate sinusoid and the noise may be only nearly 

white. A representation of a typical test signal is shown in Figure 4.1. Here the two sig- 

nals are shown with distinct frequencies and different amplitudes. Also, the presence of 

noise is indicated at a level lower that both of the signal amplitudes. 

To actually measure the performance of a frequency estimator, a large number of 

estimates are analyzed to find the mean and variance. If the mean of the estimates is the 

same in the limit as the true frequency, then the estimator is said to be unbiased. The lin- 

  

Co-Channel Interference Rejection Using a Model-based Demodulator 35



Chapter 4 Evaluation of Frequency Estimation Techniques 
  

| 1 variance of frequency estimate 

    
  

> <— 

| 
| I | 

| SNOI | Gaussian Noise 

| i | 
SSO SSS SOF 

| fi | frequency 
Le >! 

Assigned Radio Channel 

Figure 4.1 Frequency domain illustration of typical test signal 

ear prediction techniques examined in this investigation are, in general, unbiased. The 

variance of the frequency estimates, as represented in Figure 4.1, however, depends on 

several factors, including the CIR, SNR and the frequency difference between the two 

sinusoids present. For an unbiased estimator, the variance is the same as the mean- 

squared-error, or MSE, which is easily found when the true frequencies are known. 

When the sampled data consists of multiple sinusoids in noise, a lower bound on 

the variance of a frequency estimator exists and can be calculated. This bound is known as 

the Cramer-Rao bound, or C-R bound, and it is based on the known probability density 

function of the data set [Kay88]. For the case of a single sinusoid in noise, the Cramer- 

Rao bound can be expressed explicitly, but for data consisting of higher a number of sinu- 

soids the expression is, in general, not simple and the bounds must be computed numeri- 

cally [Kum82] and [Kay88]. 

Like classical Fourier methods, the ability of parametric frequency estimators to 

accurately resolve two closely spaced frequencies is enhanced by the use of longer data 

sets. For Fourier methods, the limit on resolution of two distinct frequencies is J/N, where 

N is the number of samples used in the analysis. Although the relationship is not as 

straight-forward for parametric methods, it is helpful to show how the performance 
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depends on the number of samples. Figure 4.2 shows the relationship for the simple case 

of a single sinusoid in noise at a level of 25 dB SNR. Here the C-R bound for the variance 

of the estimate is shown as the number of samples is increased from two to twenty-eight. 

It is clearly seen that a larger number of samples will have a much lower theoreti- 

cal limit on the variance of the frequency estimates. It should be noted that not all of the 

different techniques can achieve this lower bound on variance, but the general rule still 

holds that more samples will produce a better estimate. The obvious disadvantage of 

using a larger number of samples in the frequency estimate is that a much larger number of 

calculations is required to obtain the estimate. This issue will be addressed more later. At 

times some of the results of test cases will be compared where a different number of sam- 

ples has been used for each case. An attempt will be made to point out that some of the 

difference in performance may be due to the number of samples and not just differences in 

the estimation technique. 

4.2 An FM Signal with no Interference 

This simplest case is presented first to show the relative performance of the differ- 

ent frequency estimation techniques presented in chapter three. Here there is no interfer- 

ing signal, but the performance will be shown for different values of SNR. The signal 

used for this simulation is a complex signal given by x[n]=exp{j2nfjn} + w[n], where f; is 

0.5 and win] is a computer generated, white, complex Gaussian noise sequence with vari- 

ance of oa. The level of the noise is varied over the range of 0 to 30 dB SNR, where SNR 

is given by 

SNR = Lon (dB) (4.1) 
Oo, 

Each estimation 1s performed 250 times and the MSE for the estimates is found. The 
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results of this simulation are shown in Figure 4.3. Here each curve shows the performance 

of a different method of estimating the frequency. The dashed line shows the C-R bound 

for a sequence of 25 samples. The specific implementation of each of the different estima- 

tion techniques is summarized below. 

(1) The Quadrature Demodulator: This technique is the same as presented in chapter two. 

Only two consecutive samples are used for each estimate, which is simply the frequency 

which corresponds to the angle of the product of one sample with the conjugate of the pre- 

ceding sample. 

(2) The extended Prony's Method: This is the linear prediction case where only the for- 

ward prediction equations are used. The prediction order used 1s L=8 and this will pro- 

duce (N-Z) simultaneous equations. The frequency estimate is found as the angle of the 

pole which corresponds to the largest magnitude sinusoid in the estimate. 

(3) Forward-Backward Linear Prediction (FBLP): This technique uses the full 2(N-L) 

equations for both the forward and backward predictions and the order of the model is 

L=8, which is approximately equal to the optimal L=; N found empirically by other 

researchers [Hay85]. The frequency estimate is again the angle of the pole which corre- 

sponds to the largest magnitude sinusoid in the estimate. 

(4) The Modified FBLP method: This technique uses all of the 2(N-L) linear equations but 

an approximation of the data matrix is made using only the eigenvector corresponding to 

the largest eigenvalue. The order of the model used for the LP equations is L=18 = 2N 

(since N=25), which is the approximate optimum order found by Kumaresan [Kum82]. 

The frequency estimate is found as the angle of the pole closest to the unit circle. 
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Some general observations of the different results shown in Figure 4.3 are made here: 

(1) All of the techniques produce curves which have positive slopes and appear to 

increase as SNR increases. This situation indicates that the variance will decrease to 

zero as noise variance decreases to zero. This is expected for an unbiased estimator. 

(2) Two techniques show ‘threshold’ levels below which a further decrease in SNR 

causes a rapid decrease in performance. Specifically, the extended Prony's method and 

the FBLP method show rapid increases in estimate MSE at SNR levels below approxi- 

mately 15 dB. 

(3) The modified FBLP method achieves the C-R bound on MSE for the entire range 

of 0 to 30 dB SNR. This shows the advantage of using the principal component 
decomposition technique for the estimation. 

(4) Both the extended Prony's method and the FBLP method nearly achieve the C-R 

bound at higher SNRs and the FBLP method shows a slight performance gain (1-2 dB) 

from the use of the additional backward prediction equations. 

4.3 FM Signals with Co-channel Interference 

We saw in the previous section that the performance of all of the parametric fre- 

quency estimators tended to decrease as the noise levels increased. This is certainly as we 

would expect. This section will attempt to identify the effect of the presence of a second 

signal on this result. Before preceding to the simulation results, we will first examine the 

theoretical limits on frequency estimator performance give by the C-R bound. 

For the case of multiple sinusoids, the C-R bound has no closed form. To achieve 

the lower bound for the case of two sinusoids in noise, the bound for two sinusoids in 

noise was evaluated numerically and the results are shown in Figure 4.4(a) and (b). In 

Figure 4.4(a), the limit is evaluated for the both the SOI and the SNOI for the case of a 

sample length of N=25 points and frequency and phase differences of 0.02 and 1/4 respec- 

tively. In Figure 4.4(b) the limit is evaluated for the SOI using sequence lengths of N=10, 

15 and 25 samples, where the frequency and phase differences are again 0.02 and 7/4. The 

results for Figure 4.4(a) show that the theoretical bound on a frequency estimator will be 
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Figure 4.4 (a) Cramer-Rao Bounds for SOI and SNOI for a signal with CIR=20 dB 

(b) Cramer-Rao Bounds for SOI only for a signal with CIR=20 dB and the 

various cases of N=10, 15, and 25. 
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different for the SOI and the SNOI. In fact, the bound on the performance when estimat- 

ing the weaker signal is lower than that for the SOI by the same amount as the CIR, which 

is 20 dB for the case shown in Figure 4.4(a). In Figure 4.4(b) we see that the limit on the 

estimation of the stronger of two sinusoids depends on the number of samples used in the 

estimate in the same way as the single sinusoid case. 

To perform the actual performance measurements for this case we will use the 

same test signals as the previous case, except that a second complex sinusoid is now added 

at a smaller magnitude than that of the SOI. The signal used for this simulation is a com- 

plex signal given by 

x[nj= C; exp{j(2nfjn+ @7)} + C> exp{j(2nfon + P2)} + win] (4.2) 

where f7 is 0.5, fo is 0.52, @, and @, are 0 and 7/4 respectively. The value for the real con- 

stant Cy can be chosen to achieve the desired CIR by using the relation: 

CIR = 20Lo¢( =) (dB) (4.3) 
2 

The value for C; is chosen to be always unity. The signal w[7] is again complex Gaussian 

noise with zero mean and a variance of oa. The level of the noise is varied over the range 

of 0 to 30 dB SNR. At each SNR value the test is repeated 250 times to obtain a represen- 

tative MSE value. The results of the simulations are shown in Figures 4.5 and 4.6. 

In Figure 4.5, the test is performed for the modified FBLP estimation technique 

and the C-R bound for the same parameters is shown for comparison. The implementation 

of the technique is the same as for the single sinusoid case except that two principal com- 

ponents are used instead of one. Using a data matrix constructed from two principal com- 

ponents will actually result in two poles close to the unit circle. These poles represent the 

two signals that are now present. In these tests, the lower frequency is taken as the SOI, 

but in a case where the true frequencies are not known the relative amplitudes can be 
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demodulator is also shown for comparison. 
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tound using the least-squares solution to: 

M 

x[n] = }) A,exp{j2nf,n} (4.4) 
k=1 

The results in Figure 4.5 also show the C-R bound for both the SOI and the SNOL. This 

plot shows that the modified FBPL technique is able still able to accurately estimate the 

frequency of the SOI when a second signal is present. Additionally, the estimator is able 

to estimate the frequency of the second signal, the SNOI, but with reduced precision. 

The implementation of the modified FBLP method used to this point has been 

made with the ‘optimum’ model order of L= +N as identified empirically by Kumaresan 

[Kum82]. This technique is clearly efficient in the sense that it achieves the least possible 

variance for its estimates as given by the C-R bound down to an SNR of about 14 dB for 

the case of two signals with CIR=6 dB. The drawback to this technique is, however, that it 

requires a large number of computations to find the required eigenvectors for the matrices 

involved. In the previous chapter it was noted that a special case of the modified FBLP 

exists when the order is chosen to be L=N-5M. In this case the order is sub-optimal, but 

no eigenvector decomposition is required. Figure 4.6 provides the results of a comparison 

of the modified FBLP method using the optimal order (L=18) and the special case where 

L=N-5 M=24. Here we see that the special case exhibits satisfactory results only for high 

SNR levels. When the SNR is lower than approximately 50 dB, it is not possible to 

always correctly pick the poles which correspond to the signal. This results in the reduc- 

tion in performance for levels of increased noise. 

Although the special case discussed by Kumaresan and Tufts does not seem to be 

useful for this application, we will see that when we use the special case and attempt to 

model only one sinusoid (even if we know there are more present) we still be able to use 

its noise reduction capability and still correctly choose the signal pole. This technique has 
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Figure 4.6 Estimate of frequency for SOI for a signal with CIR=6 dB using the modified 

F BLP technique with both the optimal order (L=18) and the special case 

described by Kumaresan (L=N-M/2=24). Also shown is the C-R bound for 

the SOI. The estimation performance of the conventional quadrature demodu- 

lator is also shown for comparison. 
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led to a novel interpretation of the conventional quadrature demodulator which we will 

discuss in the next section. 

4.4 The Quadrature Demodulator as a Linear Predictor 

In chapter two we showed that the quadrature demodulator has an interpretation as 

a simple frequency estimator. This interpretation is simply that the technique finds the 

phase difference between consecutive samples by performing the conjugate multiplica- 

tion. The magnitudes of the individual samples are disregarded when the only angle of the 

result is used. (This can actually be thought of as a ‘hard limiting’ process for the SOI, 

which is a very effective technique in classical FM detection.) The linear prediction inter- 

pretation of the quadrature demodulator can be seen by forming the forward linear predic- 

tion equation with N=2 and L=M=1: 

x[n—1]e(1) = -x[n] (4.5) 

The resulting prediction polynomial is G(z) = 1- (- xln}_\-1 and the frequency esti- 
[n—1] 

mate is the angle of the root of this first order polynomial. This is the same result as given 

by the quadrature demodulator since Angle fe = Angle {x[n]x*[n-1]} . Notice that 

this is also the special case noted by Kumaresan where L=N-M for the forward prediction 

so that no eigenvector decomposition is required. 

We have seen that even though it is a very simple estimate with only trivial compu- 

tation, the quadrature demodulator performs fairly well. This leads naturally to the idea of 

developing a demodulator that is related to the quadrature technique, but using a higher 

order of estimation. The linear predictor interpretation of the quadrature demodulator also 

reinforces the fact that it is clearly assuming only one signal present and that any noise or 
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interference is also included in the estimate of the SOI. This same technique where M=1 

can be used with a higher order linear predictor, such as the case where L=N-M=3-1=2: 

[x[n— 1] x[n- 2]| ac) = —x[n] (4.6) 

Here a second-order model is sought and the solution is simply g = -[AH(AA) qn]. In 

this case no matrix inversion is required (since AA is 1x1) and the frequency estimate is 

found as the angle of the root of a quadratic polynomial, which can be solved explicitly. It 

should be noted that even higher orders can be used for the frequency estimate and, 

although there is no explicit solution for the higher order polynomial roots, the roots can 

be found interatively using any of several well-known techniques. 

Using the same test case as in the previous section, an evaluation of the perfor- 

mance of several ‘higher-order quadrature demodulators’ is presented in Figure 4.7. Here 

a second, third, and tenth order estimators are shown in addition to the standard first-order 

technique. It is clear that use of a higher order estimate for the SOI can increase the per- 

formance of the estimator in the presence on noise. The second order estimate achieves an 

average 4.8 dB performance gain in reducing MSE of the estimate and the computational 

price is only a few more multiplications and solving for one root of a complex-valued qua- 

dratic polynomial. For another incremental increase in the amount of computations, the 

third-order estimate gains an additional 3.0 dB. The tenth-order estimator, although it 

requires more computation, is able to achieve an additional 8.4 dB performance gain for a 

total improvement of over 16 dB compared to the conventional quadrature demodulator. 

4.5 Summary of Frequency Estimator Performance for Test Cases 

In the preceding sections we have seen that the performance of different frequency 

estimation techniques can be evaluated at different noise levels using simulations of test 

cases. The performance of the estimators is seen to be bounded by the C-R bound which 
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Figure 4.7 Frequency estimation performance versus SNR for a noisy signal using con- 

ventional and higher-order quadrature demodulators. 
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places a lower limit on the variance of the frequency estimates. As predicted by the C-R 

bounds, the quality of the frequency estimate generally increases when more samples of 

the sequence are used to compute the estimate. Most of the techniques do not achieve the 

limit of the bound, but the curve of MSE versus SNR does parallel the bound in most cases 

and often threshold levels can be noted below which performance degrades more rapidly 

with increasing noise. 

The modified FBLP technique which uses an eigenvector decomposition of the 

data matrix to more closely approximate the noiseless case will generally give the best 

performance of the techniques tested. This performance is at the expense of a high com- 

putational load to compute the eigenvectors required for the decomposition. A special 

case was also investigated which does not require this decomposition. This case uses the 

sub-optimal value of L=N-M (for forward or backward prediction) or L=N-5M for com- 

bined FBLP for the order of the prediction, but this special case is seen to perform poorly 

when two signals are present except at very high SNR. 

A novel interpretation of the quadrature demodulator as a degenerate case of a lin- 

ear predictor is given. This interpretation inspires the development of ‘higher-order 

quadrature demodulator’ techniques which can provide enhanced performance with only a 

marginal increase in computational load. Higher order counterparts of the quadrature 

demodulator are developed and one shown to provide incremental improvement in fre- 

quency estimation performance as the order of the estimate 1s increased. These extensions 

of the quadrature demodulator achieve this performance gain by using larger numbers of 

samples for each estimate, at the cost of incrementally higher computational loads. 

This section investigated the performance of several parametric frequency estima- 

tors in much the same way as some of the literature available on the subject of sinusoidal 

frequency estimation. The performance of the estimate was evaluated in the presence of a 

second signal and the evaluation was made over a range of SNR values. In the next chap- 

ter, the evaluations will instead focus on the performance of the frequency estimator as an 
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FM demodulator of a signal with continuously changing instantaneous frequency. We will 

show how an AMPS signal is simulated for these tests and we will detail the implementa- 

tion of the parametric frequency estimator as an FM demodulator. The next chapter will 

also present the results of the evaluation of the new demodulators as compared to a con- 

ventional quadrature demodulator. 
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Chapter V Implementation of the Model-based FM Demodulator 
  

5.0 Introduction 

In chapter four we measured the performance of several different types of paramet- 

ric frequency estimation techniques. These performance measurements were made using 

test cases which consisted of one or two sinusoids with additive noise. This situation was 

assumed to be similar to an FM signal with a co-channel interfering signal. The measure- 

ment criterion of each different technique was simply how well each could estimate the 

frequency of the primary sinusoidal component. In this chapter we will extend the idea of 

a frequency estimator to a model-based demodulator which repeatedly estimates the 

instantaneous frequency of an FM signal to recover the original modulating signal. 

5.1 Simulation of the AMPS FM Signal 

In chapter two we discussed some of the specifications for the signals used under 

the AMPS standard. In this section we will show specifically how FM signals are simu- 

lated to test the different demodulation techniques we are investigating. 

Figure 5.1 shows a block diagram which depicts the generation of a simulated 

AMPS signal. The voice signals used were digitized using a sample rate of eight kilohertz 

and are normalized to a maximum amplitude of one. This normalization prevents exceed- 

ing the maximum allowed deviation of 12 kilohertz due to voice as allowed by the AMPS 

standard. The voice signals are processed prior to modulation by using a compressor and 

a pre-emphasis filter. The compressor is specified to produce a 1 dB change in output for 

a 2 dB change in the input signal. This compression is accomplished by taking the square- 

root of the voice samples and preserving the sign information. Following this stage, the 

voice is passed through a pre-emphasis filter to emphasize the higher frequency compo- 
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Figure 5.1 Block diagram of an FM Signal Generator 

nents. This filter has a nominal 6 dB per octave slope for its frequency response curve 

between 300 Hz and 3 kHz. These two processing stages are included to satisfy the 

requirements of the AMPS standard. 

Because the sample rate for the FM signal is higher than that used for the audio 

signal, the signal must be interpolated to the desired higher sample rate for the FM signal. 

Following this, the processed voice signal is integrated to produce the phase for the FM 

signal. The integration in this case is approximated by using the cumulative sum of the 

signal. Each AMPS signal, in addition to the modulating voice, must also contain the SAT 

at one of the three specified frequencies. This SAT is scaled by a modulation constant to 

achieve a nominal 2 kHz carrier deviation and then added to the integrated voice signal. 

To obtain an FM signal, we now simply use the integrated modulating waveform as the 

phase of a complex exponential. This produces an FM signal with an amplitude of one. 

The final discrete complex FM signal for sample index k, r(k), can now be represented as: 

k k 

r(k) = oi [def AT +2mk, Y mUT) + Ankur coscany.i7) | (5.1) 

i=1 i=1 
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Here f, and f, are the carrier and SAT frequencies and ky and kg,z are the deviation con- 

stants for the modulating voice and SAT wave forms, respectively, as in (2.2). 

5.2 Simulation of the FM Receiver 

In an actual cellular system, the received FM signal is corrupted by channel noise 

and other transmitted signals in the same or adjacent channels. Adjacent channel interfer- 

ence can be removed to a large extent by filtering and so this is not simulated for this 

investigation. To simulate a co-channel interfering signal, a second FM signal is gener- 

ated using a different voice signal and SAT. This second FM signal is scaled to have a 

smaller magnitude than the SOI and the specific CIR can be controlled by adjusting the 

relative magnitudes. Additionally, simulated channel noise is added in the form of Gauss- 

ian noise. A comparison of the simulated AMPS signal with an actual digitized AMPS 

signal is shown 1n Figure 5.2(a) and (b). In (a), the spectrum of a simulated complex base- 

band AMPS signal with a sample rate of 64 kHz is shown with 12 dB Gaussian noise. 

Figure 5.2(b) shows that the spectrum of an actual digitized AMPS signal, with a sample 

rate of approximately 125 kHz, is quite similar. The composite FM signal which is con- 

structed using the above process is the input signal for the different demodulation tech- 

niques. In Figure 5.3, the composite FM signal is shown as input to the FM receiver, 

which actually recovers the transmitted signal. 

The FM receiver consists of several stages. The first of interest here is the demod- 
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Figure 5.3 Block diagram of a FM Receiver 
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ulation process. This demodulation can be done using the conventional quadrature 

demodulator or by using a model-based demodulator. Following demodulation, the signal 

is decimated to the original audio sample rate and the processing steps of the compressor 

and the pre-emphasis filter are reversed using the de-emphasis filter and the expander. The 

de-emphasis filter is the inverse of the pre-emphasis filter discussed previously and the 

expander simply squares the sample values while preserving the sign information. The 

final step of the receiver processing is to pass the voice waveform through a bandpass filter 

to remove any out-of-band noise or distortion. This filtering is accomplished using a 12th 

order Butterworth bandpass filter with corner frequencies at 300 and 3000 Hz. 

5.3 Assessing the Demodulator Performance 

Because of the complexity of a speech waveform, it is difficult to obtain a quantita- 

tive assessment of the relative performance of different demodulation techniques. Direct 

measurement of the MSE of the output voice signal, whether in the frequency domain or 

time domain, does not seem to give a Satisfactory indication of relative voice quality. One 

measure which is indicated by the frequency estimator interpretation of an FM demodula- 

tor is to determine how well the demodulator can estimate the instantaneous frequency of 

the uncorrupted SOI. This approach will indicate how well the demodulator can repro- 

duce the original modulating signal corresponding to the SOL. 

To measure the performance of the different demodulators, we therefore use a 

MSE measurement of the demodulator output (the frequency estimates) prior to decima- 

tion and filtering. Because we have access to the uncorrupted phase of the SOI for the 

simulated FM signals, we can compute the instantaneous frequency as the derivative of the 

phase. This is taken as the reference signal. The demodulated signal is assumed to be cor- 

rupted by interference and noise which introduce errors in the instantaneous frequency 

estimates. The MSE and a cumulative distribution function (CDF) for the squared-error 
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values are calculated for the demodulated signals. This CDF allows us to see the distribu- 

tion of the squared-error values. The distribution shown by the CDF provides more 

insight to the nature of the errors in the estimated signal than the overall MSE. For exam- 

ple, the presence of large errors, such as FM clicks, will be indicated by more samples at 

the low end of the distribution. 

The technique used to measure this MSE is given by 

—— 10L08 19] —y MSE ; 5 
Noy (flr) — filn)) 

n=l 

  (dB) (5.2) 

Where f,(71) is the known instantaneous frequency calculated form the phase of the uncor- 

rupted SOI and fi(n) is the estimated instantaneous frequency. The MSE value is calcu- 

lated for N samples which corresponds to the total number of samples in the FM signal 

being processed. The reciprocal of the MSE is used so that values will be positive and so 

that larger values will indicate more faithful reproduction of the original signal. The CDF 

is found by ordering the squared error values for the signal and plotting the fraction of val- 

ues less than each particular value over the range of the squared errors. 

An example of this measure is shown in Figures 5.4 and 5.5. These figures show 

the CDFs for the MSE of the output of the quadrature demodulator. Figure 5.4 shows the 

CDF for the output of the quadrature demodulator for an FM signal with no co-channel 

interference but with different levels of SNR for the FM signal. This shows that as the 

level of Gaussian noise increases, the distribution of the MSE retains the same general 

shape, but is shifted downward by about the same amount as the noise level was increased. 

Figure 5.5 shows the effect on the signal as the level of co-channel interference is 

increased. It is clear that the presence of interference causes a wider distribution of 

squared-error values and that when the CIR is greater than about 20 dB CIR there is very 
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little degradation caused by the interference. 

5.4 Implementation of the Model-based Demodulator 

The demodulator portion of the FM receiver as shown in Figure 5.2 can be imple- 

mented using either the conventional quadrature demodulator or using a model-based FM 

demodulator. In this investigation both implementations will be used for each test signal 

and the relative performance will be used to determine any performance gains given by the 

model-based approach. The quadrature demodulator is implemented as described in chap- 

ter two. The specific implementation of the model-based demodulator developed here has 

three major steps which are shown in Figure 5.6. 

The first step of the demodulation procedure is to select N samples of the digitized 

FM signal. The choice for a best value for N is made subject to the following consider- 

ations: 

(1) As we see in the results of chapter four, we can expect better frequency estimation per- 

formance as N increases. The quadrature demodulator itself uses N=2 and here we would 

like to make WN as large as practical to improve performance. 

(2) As N increases, the computational complexity of demodulation also increases. In gen- 

eral, inversion and eigenvector decomposition of matrices are O(N?) operations. Actual 

implementation of a principal component technique, such as the modified FBLP tech- 

nique, only requires the M principal eigenvectors (only a few) even if N is large. 

      

                  

Select N Calculate AR Estimate 
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Figure 5.6 Block diagram of the model-based demodulator 
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(3) As N increases for a constant FM sample rate, the length of time represented by the N 

samples also grows. Our basic assumption is that a FM signal is approximately sinusoidal 

and this becomes less accurate for longer time intervals. We have found that in practice 

the time interval should be no more than approximately 0.25 milliseconds or else the 

demodulator cannot accurately reproduce the most rapid changes in instantaneous fre- 

quency and that the high frequency response for the modulating voice signal is degraded. 

In this investigation, the model-based demodulator is evaluated for N=12 and N=8 

samples when the FM sample rate is 64 kHz. The modified FBLP technique has corre- 

sponding prediction orders L=9 and L=6. These values seem to work best in practice and 

also agree with the “‘optimal” choice found by other researchers as L = *. 

The second step of the demodulation procedure is to determine the AR parameters 

from the N samples. To do this we form the data matrices A and 8 as in (3.16) and then 

find the reduced-rank approximation A which is actually used to solve for the prediction 

filter coefficients. In actual implementation here, the reduced-rank approximation of A is 

found directly by computing the singular value decomposition (SVD) of A which is more 

efficient than finding the eigenvector decomposition of C as in (3.19) and (3.20) and also 

prevents having to calculate the product C=AHA. This is given by: 

M 

A= Youy? (5.3) 
i=1 

where A=UXV# is the SVD of A, u ; and v; are the i-th columns of the unitary matrices U 

and V and 6; are the ordered singular values of A such that 0, 2 6» 2... 2 6, which are the 

elements of the diagonal matrix 2. This result can be shown to be equivalent to finding C 
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since: 

>>
 

M H;M M 

= » co » cw = S ove (5.4) 

i= 1 

and since the columns of both U and V are orthonormal. Thus we see that 6; =i, are the 

eigenvalues of C=AHA and the y; are corresponding eigenvectors from (3.19). Actually, 

because we want to solve for the prediction filter coefficients using (3.18) we can solve 

directly without calculating A by using: 

M 

h = A*b = [ys se (5.5) 
faq? 

The final step of the demodulation procedure as shown in Figure 5.6 is to deter- 

mine the instantaneous frequency of the SOI from the prediction filter coefficients. This is 

accomplished by finding the roots of the prediction error filter polynomial, G(z), and 

selecting the root which corresponds to the SOI. For the case when A is approximated 

using only one principal component, this is simple because only one root will lie on the 

unit circle and this root corresponds the SOI. When two or more principal components are 

used and the instantaneous frequencies of all of the signals present are well-resolved, we 

can, in theory, choose the SOI by finding which frequency component has the largest 

amplitude using (4.4). In practice, however, we have seen that often either the signals are 

not well resolved or else the amplitudes found using (4.4) provide ambiguous results. For 

this investigation, it was found that using the modified FBLP technique with only one 

principal component used to approximate the sample data matrix provided the best results. 
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5.5 Results for the Demodulation of Simulated AMPS Signals 

The model-based demodulator, as described in section 5.4, is implemented using 

MATLAB® simulation software and is used to demodulate simulated AMPS FM signals 

with various levels of co-channel interference and channel noise. The results of these sim- 

ulations and similar simulations using a conventional quadrature demodulated are pre- 

sented in Tables 5.1 and 5.2. Here the overall MSE measurements for both the model- 

based and quadrature demodulators are shown for the different combinations of radio 

channel conditions. Table 5.1 presents the results for the model-based demodulator using 

N=8 and L=6. Table 5.2 shows the results for the same demodulator with N=12 and L=9. 

We see from the results in Tables 5.1 and 5.2 that the model-based demodulator is 

able to produce significantly better estimates for the original modulating signal (instanta- 

neous frequencies) of the SOI as measured by the output MSE. For each combination of 

channel CIR and SNR we see MSE improvements of 5 to 17 dB for the N=8 case and 

improvements of 7 to 22 dB for the N=12 case. The detailed results from several typical 

cases are also shown in Figures 5.7 and 5.8. In both of these figures the three separate 

plots show: (a) the instantaneous frequency estimate produced by the quadrature demodu- 

lator, (b) the instantaneous frequency estimate produced by the model-based demodulator, 

and (c) the CDF for the MSE values for both demodulators. 

Table 5.1 MSE?! (in dB) results for AMPS signals with no fading using the quadrature 

and model-based demodulators with N=8 and L=6. 

  

CIR 20 dB 15 dB 10 dB 5 dB 

  

SNR Q.D. M.B Q.D. M.B. Q.D. M.B. Q.D. M.B. 

  
25 dB 31.3 44.5 30.7 41.4 29.5 37.3 29.0 33.7 

20 dB 26.6 41.9 26.6 39.8 26.0 36.5 24.4 32.3 

15 dB 21.8 38.1 21.7 37.0 21.5 34.8 21.0 31.3 

10 dB 16.6 33.8 16.6 33.3 17.0 32.4 16.2 29.6 
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Figure 5.7 Demodulated AMPS signals with no fading for (a) quadrature demodulator, 

(b) model-based demodulator with N=8, and (c) CDF for both demodulated 

signals. FM signal has CIR=15 dB, SNR=25 dB, carrier separation =400 Hz. 
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(b) model-based demodulator with N=12, and (c) CDF for both demodulated 

signals. FM signal has CIR=10 dB, SNR=20 aB, carrier separation =100 Hz. 
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Table 5.2 MSE! (in dB ) results for AMPS signals with no fading using the quadrature 

and model-based demodulators with N=12 and L=9. 

  
CIR 20 dB 15 dB 10 dB 5 dB 

  
SNR Q.D. M.B Q.D. M.B. Q.D. M.B. Q.D. M.B. 

25 dB 31.3 45.3 30.7 43.6 29.5 40.4 29.0 36.1 

20 dB 26.6 44.0 26.6 42.8 26.0 39.9 24.4 35.6 

15 dB 21.8 41.7 21.7 40.6 21.5 38.6 21.0 35.0 

10 dB 16.6 38.3 16.6 37.8 17.0 36.4 16.2 33.7 

  

  

  

                      
  

Simulation results are also presented which measure the performance of the 

quadrature and model-based demodulators under fading conditions. In Table 5.3 we 

present results where two AMPS signals are present at various levels of CIR. In these sim- 

ulations the SOI and the SNOJ are also subject to Rayleigh fading with a doppler fre- 

quency spread of f, =40 Hz. A two-ray Rayleigh fading channel model is used. Here the 

two multipath components are independently Rayleigh faded and the delayed component 

is attenuated by 6 dB. The delay of the second multipath component is two sample peri- 

ods at a sample rate of 64kHz, which corresponds to approximately 75% of one symbol 

period for the symbol rate of 24.3 kilo-symbols per second, in accordance with the IS-54 

standard [EIA90]. In these results we see that the MSE results for both quadrature demod- 

ulator and the model-based demodulator are degraded by as much as 2 dB due to the mul- 

tipath and fading, but that the demodulation performance gains given by the model-based 

approach are again between 8 and 16 dB for all combinations of channel CIR and SNR. 
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Table 5.3. MSE7™ (in dB) results for AMPS signals with fading simulated using a two-ray 

Rayleigh fading model. Results are obtained using the quadrature and model- 

based demodulators with N=8 and L=6. 

  

CIR 20 dB 15 dB 10 dB 5 dB 

  

SNR | QD. | MB | QD. | MB. | QD. | MB. | QD. | MB. 

25dB | 304 | 42.2 | 301 | 40.2 | 29.1 | 37.4 | 272 | 33.4 

20dB | 27.1 | 40.5 | 27.0 | 389 | 262 | 366 | 25.0 | 33.0 

15dB | 23.0 | 379 | 230 | 369 | 22.7 | 35.1 | 21.9 | 321 

10dB | 184 | 343 | 184 | 339 | 182 | 32.7 | 179 | 304 

  

  

  

                      
  

Another implementation of the model-based demodulator does not use the singular 

value decomposition, but instead uses the higher-order extensions of the quadrature 

demodulators developed in section 4.4. The simulation results in Table 5.4 were obtained 

for the case of an FM signal with co-channel interference at a level of 20 dB CIR and with 

increasing levels of channel noise. The results here are significant because we see that, as 

in the test cases of chapter four, we are able to produce measurable performance gains 

with only incremental increases in the complexity of the demodulation algorithm. Table 

5.4 shows the MSE values measured for demodulated FM signals for both the quadrature 

demodulator and the higher-order extensions. Also shown is the amount of performance 

gain (A in dB) for each case. As before, the detailed results of a typical case from Table 

5.3 are shown in Figure 5.9(a), (b) and (c). Also presented are results for simulations in 

which the SOI is faded using the two-ray Rayleigh fading model as above. In Table 5.5 

the performance for both the conventional quadrature demodulator and its higher-order 

extensions is shown for fading conditions with no co-channel interference but increasing 

levels of channel noise. The SOI in this case is again faded using two independent multi- 

path components, the second component attenuated by 6 dB and delayed two samples. We 

see here that the fading of the SOI again degrades the performance of all of the demodula- 
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tion techniques by up to 2 dB, but that the performance gains produced by the higher-order 

demodulation techniques are fairly constant when signal fading is present. 

Table 5.4. MSE‘? (in dB) results for AMPS signals with no fading using the quadrature 

demodulator and higher-order extensions with N=4, 6, and 8. 

  

Model Order: N=4, L=3 N=6, L=5 N=8, L=7 

  

SNR QD.|MB/| A |QD.|MB.}| A |QD.|MB.| A 
  

25 dB 31.5 | 37.7 ) 62 | 31.3 | 40.0 | 8.7 31.5 | 39.5 8.0 

22 dB 28.6 | 35.4 | 68 | 28.7 | 38.4 | 9.6 | 28.6 | 38.4 | 9.8 

18 dB 24.5 | 32.1 7.5 | 24.9 | 35.3 | 10.4 | 248 | 365 | 11.6 

15 dB 21.8 | 29.3 | 7.5 | 22.1 } 33.2 | 11.1 | 22.0 | 345 | 12.5 

12 dB 19.1 | 26.4 | 7.3 18.9 | 30.5 | 11.6 | 19.1 | 31.7 | 12.6 

  

  

  

                        
  

Table 5.5 MSE/! (in dB) results for AMPS signals with fading simulated using a two-ray 

Rayleigh fading model. Results are obtained using the quadrature demodula- 
tor and higher-order extensions with N=4, 6, and 8. 

  

Model Order: N=4, L=3 N=6, L=5 N=8, L=7 

  

SNR |QD.|MB]} A |QD.|/MB.| A |QD.|MB.| A 

25dB | 30.7 | 36.0 | 54 | 31.9 | 39.2 | 7.3 | 31.8 | 37.5 | 5.7 

22dB | 300 | 35.7 | 57 | 29.9 | 378] 79 | 300) 37.1] 7.2 

18dB | 269 | 334 | 65 | 269 | 356] 88 | 268 | 361 | 93 

15dB | 24.4 | 31.4 | 7.0 | 243 | 33.4 | 9.1 | 244 | 35.0 | 10.7 

12dB | 21.5 | 289 | 7.5 | 21.5 | 310 | 9.5 | 21.5 | 33.3 | 11.8 

  

  

  

  

                        
  

In both Tables 5.4 and 5.5 we do not see the dramatic improvement produced by 

the ‘optimal’ case of the modified FBLP algorithm as in the previous results, but we do see 

a definite improvement in demodulator performance. The higher-order extensions of the 
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quadrature demodulator do not require the SVD used for the modified FBLP technique 

and are therefore much less demanding computationally. The computational load without 

the signal-subspace decomposition can be reduced to several simple matrix-vector multi- 

plications and finding one root of an L-th order complex-valued polynomial. 

5.6 Results for the Demodulation of Simulated Narrowband AMPS Signals 

The Narrowband AMPS (NAMPS) system is a modified version of AMPS which 

is designed to provide more usable radio channels for the same radio spectrum allocation. 

NAMPS uses a 10 kHz channel bandwidth for the FM signal as opposed to the 30 kHz 

bandwidth used for AMPS signals. This allows three NAMPS channels to occupy the 

space of a single AMPS channel. This narrower bandwidth requires that the NAMPS sig- 

nal use a smaller frequency modulation constant than the AMPS signal and the NAMPS 

signal therefore has only a maximum of five kilohertz deviation due to the modulating 

voice waveform. A second significant difference is that the NAMPS signal does not con- 

tain the SAT used for AMPS signals. The NAMPS signal provides for supervisory control 

by using a Digital SAT (DSAT) signal which is one of a set of seven distinct 24-bit 

sequences which are lowpass filtered and repeatedly transmitted at 200 bits per second. 

This scheme provides supervisory control for the NAMPS system while ensuring that the 

frequency components of the control signal are below the audio frequency band. The con- 

trol signal can thus be removed from the demodulated voice signal by filtering. The same 

audio processing steps are used for both NAMPS and AMPS signals and the same proce- 

dure as shown in Figure 5.1 is used to produce simulated NAMPS signals for this investi- 

gation. As noted above, the only differences are the reduction of the signal bandwidth to 

10 kHz and the use of the DSAT instead of the SAT. 

To measure the performance of the quadrature demodulator and model-based 

demodulator, we implemented a NAMPS receiver very similar to the AMPS receiver used 
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in the previous section and shown in Figures 5.2 and 5.6. For the NAMPS signals we use 

a sample rate of 32 kHz to generate the complex baseband FM signals. Simulation results 

are presented in Tables 5.6 and 5.7 which show the performance of the quadrature demod- 

ulator and the model-based demodulator using N=8 and L=6 for the modified FBLP tech- 

nique. Table 5.6 shows results for various combinations of channel CIR and SNR with no 

fading for the FM signals. Table 5.7 shows similar results, but includes the two-ray inde- 

pendent Rayleigh fading model for the SOI. For this case, doppler frequency spread is 

fn=80 Hz and the delayed multipath component is attenuated by 6 dB and delayed approx- 

imately 75% of one IS-54 symbol period. The results for both the faded and unfaded case 

show that the model-based demodulator can achieve significant improvement in demodu- 

lator output MSE relative to the conventional quadrature demodulator. The model-based 

demodulator is able to provide improvement in demodulator output of 5 to 16 dB for the 

case with no fading and 6 to 15 dB improvement when the signal experiences fading. 

Table 5.6 MSE? (in dB) results for NAMPS signals with no fading using the quadrature 

and model-based demodulators with N=8 and L=6. 

  
CIR 20 dB 15 dB 10 dB 5 dB 

  
SNR | QD. | MB | QD. | MB. | QD. | MB. | QD. | MB. 
  

25 dB 29.7 37.7 28.7 36.1 27.1 33.4 24.4 29.7 

20 dB 25.1 36.5 24.6 35.0 23.7 32.7 22.0 29.0 

15 dB 20.2 34.6 20.1 33.5 19.7 31.4 18.6 28.1 

10 dB 15.2 31.6 15.0 31.1 15.0 29.5 14.3 26.6 
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Table 5.7 MSE! (in dB ) results for NAMPS signals with fading simulated using a two- 

ray Rayleigh fading model. Results are obtained using the quadrature and 

model-based demodulators with N=8 and L=6. 

  

  

  

  

  

              

CIR 20 dB 15 dB 10 dB 5 dB 

SNR Q.D. M.B Q.D. M.B. Q.D. M.B. Q.D. M.B. 

25 dB 29.8 38.8 29.4 37.6 28.6 35.9 27.1 33.1 

20 dB 25.9 37.1 25.8 36.3 25.3 34.8 24.2 32.4 

15 dB 21.7 34.9 21.6 34.4 21.2 33.3 20.7 31.2 

10 dB 17.0 32.0 16.9 31.7 16.8 30.8 16.5 29.2         
  

Results showing the demodulation performance of the higher order extensions of 

the quadrature demodulator for NAMPS signals are shown in Table 5.8. Here we see that 

the performance is again improved when higher-order estimators are used to demodulate 

the FM signals. The case shown in Table 5.8 assumes no fading of the SOI or SNOI and 

measures the performance when CIR is 25 dB and the channel noise level ranges from 25 

dB to 12 dB SNR. 

Table 5.8 MSE? results Jor NAMPS signals with no fading using the quadrature demod- 

ulator and its higher-order extensions with N=4, 6, and 8. 

  

  

  

  

  

  

                

Model Order: N=4, L=3 N=6, L=5 N=8, L=7 

SNR QD.;MB| A | QD.|MB.| A | QD.|MB.! A 

25 dB 30.1 | 36.0 | 5.9 | 30.0 | 38.2 | 82 | 30.2 | 384 | 82 

22 dB 27.2 | 33.8 | 6.6 | 27.2 | 36.5 | 93 | 27.3 | 37.2 | 99 

18 dB 23.4 | 30.5 | 7.1 | 23.3 | 33.7 | 10.4 | 23.3 | 34.8 | 11.5 

15 dB 20.2 | 27.8 | 7.6 | 20.3 | 31.3 | 11.0 | 20.2 | 32.5 | 12.3 

12 dB 17.2 | 24.9 | 7.7 | 17.2 | 28.4 | 11.2 | 17.3 | 29.4 | 12.1         
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5.7 Summary of Simulation Results 

The results produced by the model-based demodulators are better than the conven- 

tional demodulator in all cases for both the AMPS and NAMPS signals. The model-based 

demodulator clearly is able to accurately demodulate the FM signals even in the presence 

of high noise levels and strong co-channel interference. The results in Tables 5.1 and 5.2 

show that the higher order estimator (which uses L=9 instead of L=6) is able to perform 

better by about two to four decibels, but this does come at the price of a higher computa- 

tional load. The model-based demodulator is clearly able to make a more accurate estima- 

tion of the instantaneous frequency for the FM signal as seen in Figures 5.7 and 5.8. Even 

with fading, the model-based demodulator is able to improve on the performance of the 

quadrature demodulator significantly. The results for the NAMPS signals show perfor- 

mance gains comparable to those found for the AMPS signals. The new demodulator can 

still improve the output signal quality when the modulation index is lowered. 

The results for the higher order extensions of the quadrature demodulator also 

show significant performance gains for the FM signals with noise. The theoretical gains 

predicted by the test cases in chapter four were largely realized. This indicates that the 

assumed model for the FM signal as essentially sinusoidal for a short observation period is 

fairly accurate. The N=6 and N=8 cases were able to realize as high as 10 to 12 dB gain in 

MSE for demodulated signal output. The cases with more severe noise were able to 

achieve more improvement in MSE, suggesting that these extended versions of the 

quadrature demodulator are more effective against noise than interference, which is as we 

expected. 
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Chapter VI Conclusions and Future Work 

6.0 Conclusions 

This thesis presents an overview of the problem of co-channel interference for FM 

cellular systems, specifically those employing the AMPS and NAMPS standard specifica- 

tions. One typical digital demodulation technique, the quadrature demodulator is 

described and is seen to be a very efficient and straightforward technique for demodula- 

tion. In order to operate under more severe interference conditions, however, we saw that 

a new technique with greater performance is desirable. After reviewing some of the basic 

ideas of parametric frequency estimation, we selected several potentially useful tech- 

niques. A series of controlled test cases allowed us to eliminate most of these techniques 

because they would not be able to perform well for realistic levels of signal SNR. The for- 

ward-backward linear prediction technique, as modified by Tufts and Kumaresan, how- 

ever, is seen to perform well as a frequency estimator even under conditions where SNR is 

significantly less than 25 dB. This technique is able to achieve its excellent performance 

by decomposing the sampled data covariance matrix into a signal subspace and a noise 

subspace. This decomposition greatly increases the frequency estimator’s resistance to 

noise and allows the dimension of the signal subspace used for the frequency estimate to 

be specified. 

Because the FM signals are postulated to be nearly sinusoidal, we implemented an 

FM demodulator which uses the sinusoidal frequency estimation technique to demodulate 

simulated FM signals. This model-based demodulation technique provided significant 

performance gain, as measured by the MSE of the demodulator output, for the synthesized 

AMPS and NAMPS signals. The model based demodulators improved output MSE by 5 

to 17 dB using a sixth-order frequency estimate and by an additional two to four dB when 

a ninth-order estimator is used as compared to the quadrature demodulator. The model- 

based demodulators are shown to be effective for signals with fading modeled by the two- 
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ray independent Rayleigh fading channel over a wide range of CIR and SNR levels. The 

best improvements seen with the model-based demodulator are for the case of significant 

signal noise levels (SNR less than about 15 dB). At this level, the performance of the 

quadrature demodulator is seen to degrade significantly. 

The use of estimators with even higher model orders appears to be limited by the 

increased computation load of the demodulator. Even the model-orders used here (L=6 

and L=9) require significant levels of computation and are probably suitable for imple- 

mentation in base station, but not in a mobile unit at this tme. There are many techniques 

available which can perform the required matrix decompositions and root-finding with 

less computation, and these techniques can definitely be made more efficient. 

Another novel development of this work came from an interpretation of the 

quadrature demodulator as the degenerate case of a linear prediction frequency estimator. 

This special case of the linear prediction technique uses only two samples and always 

assumes that a single sinusoid is present in the signal. By extending this interpretation of 

the quadrature demodulator to incrementally higher order estimators, we are able to imple- 

ment a demodulator which can significantly outperform the quadrature demodulator for 

noisy signals as measured by demodulator output MSE. For smaller order estimators, 

such as L=3 or L=5, the computational price is quite reasonable for the performance gains 

achieved and could likely be used for a mobile unit implementation. 

The goal of this investigation is to develop new demodulation techniques which 

might extend the performance and capacity of current cellular systems by allowing opera- 

tion at higher levels of co-channel interference. The results presented in the preceding 

chapters indicate that the use of sophisticated frequency estimation techniques to produce 

a model-based demodulator is a reasonable solution to the co-channel interference prob- 

lem. The results of this work indicate that the model-based demodulator can more accu- 

rately reproduce the original modulating signal over a wide range of channel conditions. 

The use of such a demodulator could provide improved performance for cellular systems 

which are implemented using digital FM demodulators. Additionally, through improved 
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performance at lower SNR levels, these techniques can provide increased range and can 

provide potential increased system capacity through more efficient frequency re-use 

schemes. Other potential applications include indoor local-loop systems where lower 

SNR levels are more likely due to higher signal propagation losses. 

6.1 Future Work 

The problem of co-channel interference is extremely complicated and has no easy 

solution. Some applications even seek to demodulate an FM signal in the presence of an 

interfering signal which is stronger then the SOI. The ability of the model-based demodu- 

lator to resolve multiple co-channel FM signal suggests that a more sophisticated algo- 

rithm may use these techniques to demodulate such a signal, especially if there is 

sufficient carrier separation. Additionally, dynamic channel conditions such as fading and 

multipath reception need to be addressed to see if the model-based demodulator is able to 

provide performance gains in those situations as well. 

The performance gains achieved by the model-based demodulator are measured by 

the MSE of the demodulated FM signals and show significant improvement. The diff- 

culty in assessing quantitative improvement in output voice quality prevented an overall 

assessment of the entire model-based FM receiver. Some of our results indicate that some 

of the performance gains over the quadrature demodulator are lost during the lowpass fil- 

tering and decimation of the demodulated signals. The performance gains of the model- 

based demodulators are masked by the distortions introduced by these operations. Further 

work is required to determine how to best realize the improved frequency estimation per- 

formance as improved output audio quality at lower sample rates. 

There also appear to be some problems with the frequency response of the simple 

numerical integration and differentiation that are used throughout this work. Although 

every attempt has been made to make the simulated signals are realistic as possible, there 

is no substitute for tests made using real FM signals. The unavailability of high-quality 
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digitized cellular signals created under controlled circumstances prevents fully testing 

these new techniques. Further work may also need to be done to compare the results 

achieved here with the performance available using conventional analog FM demodulation 

techniques. 

The success of the model-based demodulator as an instantaneous frequency esti- 

mator also indicates that it may be appropriate as a demodulator for other modulation for- 

mats. Digital modulation formats such as frequency-shift-keying (FSK) and the various 

forms of minimum shift keying (MSK), such as Gaussian MSK (GMSK), can be inter- 

preted as FM signals with significantly more structured modulating signals. The improved 

resistance to co-channel interference and channel noise provided by the model-based 

demodulator might provide superior demodulation performance for some of these other 

modulation formats. 
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Appenaix I 

Appendix I: MATLAB Programming Code 

Functional descpriptions of the following programs are also provided in chapters two 

and five of this thesis. 

  

Program 1: Signal generator for AMPS Signals 
  

  

%o AMPS signal generator 

% Matthew L. Welborn, MPRG, Virginia Tech, 1/16/96 

% This routine generates the FM signal with parameters specified by 

% the following lines: 

disp(This program will generate two different FM signals in the AMPS format.’) 

disp(‘Pleas ensure that there are two audio files in the current MATLAB') 

disp(‘directory.') 

disp(’') 
SOlf=input('Plese enter the audio file name for the Signal-of-Interest: ‘); 

SNOlf=input(‘Plese enter the audio file name for the Signal-not-of-Interest: '); 

disp("’) 
fox input('Please enter the desired carrier frequency (in Hz): '); 

fs= input('Please enter the desired FM sample rate (in Hz): '); 

csp= input('Please enter the desired carrier separation (in Hz): '); 

fa= input('Please enter the desired audio sample rate (in Hz): '); 

ns= input('Please enter number of samples to use from audio signal: '); 

% fc = 0; % Carrier Freq. 

% fs = 64000; % Sample rate 

Ts = I/fs; 

% fa = 8000; % audio sample rate 

Ta = 1/fa; 

% ns = 8000; % # of samples from audio file 

% csp = 10; % csp is the carrier separation 

Bta = 3; % Beta value for modulation 

% The audio signal must be supplied from an external file, then the 

%o signal is normalized, compressed and passed through a pre-emphasis 

% filter. The result is interpolated to thr FM sample rate, then 

% integrated. The FM signal is generated as a complex exponential whose 
% phase is the sum of the integrated audio signal and the SAT. 

% max sample value if needed to normalize audio 

smax=1; 

% 1) Now load in the audio signal (modulation signal) 

% 

Jo ww wee This is for audio [the below lines must be modified to 

% reflect the path and file name for the desired audio files] 
mt= auread(SOIf); % mt= SOI 

amt= auread(SNOIf); % amt= SNOI 

mt=mt./max(abs(mt)); 

amt=amt./max(abs(amt)); 
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% 

mt 

amt 

% 

emt 

camt 

%o 
pfo 

pfl 
pf 

pH 

ph 

pmt 
pamt 
pmt 

pamt 

% 

pmt 

pamt 

%o 
pmt= 

pamt= 

% 

% 

% 

% 

intfac 

theta 

atheta 

theta 

atheta 

llength 

k 

theta 

atheta 

% 

% 

kf 

sllen 

sat] 

sat2 

arg 

aarg 

fm1 

{m2 

2) Choose first 'ns' samples from audio file 

= mt(1:ns); 

= amt(1:ns); 

3) Voice compresser. 

= smax*sign(mt).*sqrt(abs(mt)./smax); 

= smax*sign(amt).*sqrt(abs(amt)./smax); 

4) Voice pre_emphasis. 
= 300; % Corner fruegencies for pre-emphasis 

= 3000; % filter (in Hz) 

= 1:3000; 

= (14j*pf./pf0).(14)*pf./pf1); 

= real(ifft(pH, 128)); 

= conv(cmt,ph); 

= conv(camt,ph); 

= pmt(1:length(mt)); 

= pamt(1:length(amt)): 

5) Voice amplifying (normalize) 

= smax*(1/max(abs(pmt)))* mt; 

= smax*(1/max(abs(pamt)))*amt; 

remove d.c. component 

pmt-mean(pmt); 

pamt-mean(pamt),; 

6) Now interpolate the audio samples to match the overall 

sample rate, fs, and match lengths , then approximate the 

integral of the signal as the cumulative sum 

= round(fs/fa); % Interpolation Factor 

= interp(mt,intfac); 

= interp(amt,intfac); 

Ts.*cumsum(theta); 

= Ts.*cumsum(atheta); 

= min(length(theta),length(atheta)); 

= linspace(1,Ilength,llength)’; 

= theta(1:Jlength); 

= atheta(1:llength); 

7) Generate the frequency modulated carrier with SAT 

= Bta*4000/smax; 

= 1:llength; 

= 1/3*sin(2*pi*6000*s1len'*Ts); 

= 1/3*sin(2*pi*6030*s1len'*Ts); 

= (2*pi*fc*Ts).*k +(2*pi*kf).*theta + satl; 

= (2*pi*(fc+csp)*Ts).*k +(2*pi*kf).* atheta+sat2: 

= exp(j*arg); 
= exp{j*aarg); 
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clear sat] sat2 k theta arg aarg atheta intmt aintmt pmt apmt 

  
  

Program 2: Signal generator for NAMPS Signals 
  

% 

% 

% 

% 

fs= 

fa= 

Ts= 

Ta= 

ns= 

csep= 

dsat=[0 0 1 

0010 

0010 

0010 

0010 

0010 

0010 

dsat= 

dst= 

fc= 

fmt= 

fdev= 

Jz 

Tsat= 

ds= 

% 

mt= 

amt= 

mt= 

% 

Narrowband AMPS Signal Generator 

32000; % Carrier Sample Freq 

8000; % Audio Sample Freq 

1/fs; 

i/fa, 

4000; % Number of samples of audio signal (actual FM signal 

% will be longer by factor (fs/fa) 

100; % Carrier sepatation (in Hz) 

00101 0101011011001011; 

01010101 101100101011; 

0101011010101001 1011; 

010110101101 0100 1101; 

011010101011 00101011; 

011010110010 10101101; 

100101101001 10101011); 

2*dsat-1; % DSAT converted to NRZ coding 

-dsat; % DST codes are logical inverses of DSAT 

0; % Carrier Frequency 

[500;1300];% Frequency of audio test tone (if used) 

5000; % Desired deviation of voice modulation 

sqrt(-1); 

1/200; % Period of one DSAT code cycle 

[337]; % DSAT codes used (1-7) for SOI and SNOT 

Load Voice file 

auread(‘/home/u5/welborn/motorola/soi.au');% Load two audio signals 

auread('/home/u5/welborn/motorola/snoi.au');% mt= SOI, amt= SNOI 

[mt(1:ns)' ; amt(1:ns)']; 

Voice compresser. “cmt” is compressed voice signals 

smax=[ 1; 1]; 

cmt = diag(smax)*sign(mt).* sqrt(diag(1./smax)*abs(mbt)), 
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% Voice pre_emphasis. 
pfo = 300; % pre-emphasis filter with corner freqs at 

pfl = 3000; % 300 and 3000 Hz 

pf = 300:3000; 

pH = (1+j*pf./pf0).(1+j*pf./pf1); 

ph = real(ifft(pH,128)); 

pmt = [conv(cmt(1,:),ph) ; conv(cmt(2,:),ph)]; 

pmt = pmt(:,l:length(mt)); pmtl=pmt; 

% Voice Normalization (ensure maximum deviation is 

% met during modulation ( deviation = fdev if smax =1)) 

ascale = smax./max(abs(pmt’))’; 

pmt = diag(ascale)*pmt; 

Df= 2*pi*fdev; % Modulation constant for audio signal 
Dfs= 2*pi*700; % Modulation constant for DSAT (700Hz deviation) 

%o Interpolate signal to higher sample for IF, also find 

% cummulative sum as an approximation of intergration 

intfac= round(fs/fa); 

pmti= [interp(pmt(1,:),intfac); interp(pmt(2,:),intfac)]; 

pmtis= Ts.*cumsum(pmti')’; 

%o Generate DSAT overlay to apply to audio signal 

satseg= —- round(Tsat/Ta); % Number of samples at fs for one DSAT symbol 

Inth= ns; % length of audio signal 

cycls= ceil(inth/24/satseg);% required number of cycles of DSAT code 

ovsatl= _ ones(satseg,1)*dsat(ds(1),:); 

ovsat2= _—ones(satseg,1)*dsat(ds(2),:); 

ovsatl= — ovsatl(:)’; 

ovsat2= ovsat2(:)'; 

ovsatl= — ones(cycls,1)*ovsat1: 

ovsat2= — ones(cycls,1)*ovsat2: 

ovsatl=ovsatlL'; 

ovsat2=ovsat2’: 

ovsat= [ovsat1(:);ovsat2(:}']: 

ovsat= ovsat(:,1:ns); 

% Filter DSAT with bessel filter to remove components in voice band 

% corner freq = 90Hz, order = ord (filter is xfrmed to dig. filter) 

ord=5; 

[bx,ax]=besself(5,1); 

[ax,bx,cx,dx]=tf2ss(bx,ax); 

[atx,btx,ctx,dtx]=Ip2]p(ax,bx,cx.dx,2* pi* 150); 

[ad,bd,cd,dd]=bilinear(atx,btx,ctx.dtx, fa); 

[bd,ad]=ss2tf(ad,bd,cd,dd); 

ovsat= [filter(bd,ad,ovsat(1,:)):filter(bd,ad,ovsat(2,:))]; 

ovsat= {interp(ovsat(1,:),intfac);, interp(ovsat(2,:),intfac)]; 

Ovis= Ts*cumsum(ovsat’)’: 
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% Now perform modulation using audio and DSAT 
% FM signal is in 'fm1' and 'fm2' 

Th= 0:Ts:(length(pmtis)-1)*Ts; 

arg= 2*pi* [fc*Th; (fc+csep)*Th] + Df*pmtis + Dfs*ovis; 

clear ovsat pmtis ovsatl ovsat2 ovis pmt 

fml= exp(j*arg(1,:)); 

fm2= exp(j*arg(2,:)); 
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Program 3: Quadrature Demodulation Routine 
  

  

function audio=qdem(fm_sig,fc,fs,fa) 

% AMPS Quadrature Demodulator 

% 

% Matthew L. Welborn, MPRG, Virginia Tech, 1/16/96 

fdev= 12000; 

smax=1; 

Ts= 1/fs; 

decfac= _—_ round(fs/fa); 

% Find length of FM signal, multiply conjugate with delayed signal 

len= length(fm_sig); 

sig= fm_sig(2:len), 

dsig= fm_sig(1:len-1); 

dmsig= conj(sig).*dsig; 

% unwrap angle of result, then convert to audio sample rate 

sig= (angle(dmsig )-(2* pi*fe*Ts)); 

out= sig/fdev/Ts; 
audio=out; % This section returns from function without decimating 

return % to the audio sample rate and processing audio (optional) 

audio= decimate(out,decfac, fir’); 

Jo De-emphasis 

dfo = 300; 
df1 = 3000; 

df = 1:3000; 

H = 7.1036* (1+j*df/df1).4(1+j*df/df0); 

h = real(ifft(H,128)); 

dgqsig = conv(audio,h); 

audio = dqsig(1:length(audio)); 

% Expander 

audio = (1/smax(1))*sign(audio).*(audio.*2); 

audio = audio/max(abs(audio)); 

% Bandpass Filter Audio signal (using Butterworth BPF, order N) 

N= 6; % Order of Butterworth BPF 

wn= [300 3500]/fa*2; % Normalized comer freq.'s 

[b,aJ= butter(N,wn); 

audio= audio-mean(audio); % remove d.c. portion, filter & normalize 

audio= filter(b,a,audio); 
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Program 4: Model-Based Demodulation Routine (using modified FBLP technique) 
  

  

function [output]=mod_based_dem_svd(fm_sig,fc,fs,fa,N,L) 

% 
% 
% Model-based Demodulator for Thesis results 

% Matthew L. Welborn, MPRG, 6 January 1996 

% 

% N % Number of samples used for model 

% fa % audio sample rate 

%o fs % FM sample rate 

Ts=1/fs; 9% Ts is reciprocal of sample rate 

fdev=12000;% Nominal deviation for voice modulation 

pole= zeros(1,length(fm_sig-3));% Initialize vector of pole locations 

% Ensure input is column vector; 

fm_sig=fm_sig(:); 

% Build templates to constuct A and b matrices 

templateA 1=toeplitz({L:N-1],[L:-1:1]); 

templateA2=toeplitz({2: N-L+1],[2:L+1]); 

templateb1=[L+1:N]'; 

templateb2=[1:N-L]'’; 

% Now Demodulate: for A and b Matries and perform SVD on A matrix 

% Then construct gl, prediction filter coefficients. Roots of 

% Prediction error polynomial are found as r1. 

for i= 1: length(fm_sig) - N +1 

if rem(i,1000)==0,i,end 

x=fm_sig(1:i+N-1); 

A=[ reshape(x(templateA1),N-L,L); reshape(x(templateA2),N-L,L)’.']; 

b=[ x(templateb1) ; conj(x(templateb2))); 

[u,s, vJj=svd(A); 

gl=-(v(, 1)/s(1, 1)*u¢:,1)')*b; 

rl=roots({1;21]); 

% Find root of G1(z) closest to unit circle 

[y.ir]=min(abs(1-abs(r1))); 

pole(i)= angle(rl(ir)); 

end 

% Angle of desired pole is saved as instantaneous frequency estimate 

% which is scaled to normalize frequencies. 

output=pole/fdev/Ts;; 

return 
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Program 5: Higher-order Quadrature Demodulation Routine 
  

  

function [output]=high_ord_qdem(fm_sig,fc,fs,fa,N) 

% 

% 

% Model-based Demodulator (Higher order quad) for Thesis results 

% 

% Matthew L. Welborn, MPRG, 6 January 1996 

% 

% N % Number of samples used for model 

% fa % audio sample rate 

% fs % FM sample rate 

del=0; 

Ts=1/fs; % Ts is reciprocal of sample rate 

fdev=12000; % Nominal deviation for voice modulation 

pole= zeros(1,length(fm_sig-3)); 

% Ensure input is column vector; 

fm_sig=fm_sig(:).’; 

% Now Demodulate 

for i= 1: length(fm_sig) - N -del-1 

if rem(i, 1000)==0,1,end 

x=fm_sig(i:i+tN+del); 

% Construct A and b Matrices and solve for prediction filter coefs, g1 

% Alos find roots of prediction error polynomial, rl 

A=x(N-1:-1:1); 

b=x(N); 

gl=-A'/(A*A')*b; 

rl=roots([1;g1]); 

% Find root of G1(z) closest to unit circle 

[y,irJ=min(abs(al-r1)); 

pole(i)= angle(r1(ir)); 

end 

%o Angle of desired pole is saved as instantaneous frequency estimate 

% which is scaled to normalize frequencies. 

output=pole/fdev/Ts;; 

return 
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