
ABSTRACT 

Lei, Ming. Performance Analysis of Reliable Adaptive Transmission for 
Mobile Radio Slow Frequency Hopping Channels Aided by Long Range 
Prediction (Under the direction of Dr. Alexandra Duel-Hallen). 
 

Due to correlated fading in frequency hopping (FH) wireless communication systems, 

it is possible to predict the future channel state information (CSI) for one frequency based on 

the channel observations of other frequencies. As a result, the performance of slow FH 

systems can be improved by utilizing adaptive transmission techniques. We propose the 

optimal Minimum Mean Square Error (MMSE) Long Range Prediction algorithm for slow 

FH systems that employ coherent detection. A recursive autocorrelation update method and a 

simplified prediction algorithm are explored to reduce the complexity. Statistical model of 

the prediction accuracy is developed and used in the design of the reliable adaptive 

transmission systems. We investigate the performance of adaptive transmission for high-

speed data transmission in SFH systems based on the proposed Long Range Prediction 

algorithms. For slow frequency hopping communications in the presence of partial-band 

interference, we propose to employ adaptive transmitter frequency diversity and adaptive 

modulation to mitigate the effects of partial-band interference and fading. Both standard 

Jakes model and realistic physical model are used to test the performance. Analysis and 

simulation results show that significant performance gains can be achieved relative to non-

adaptive methods. 

Key words: Multi-path Fading Channel, Slow Frequency Hopping, Channel State 

Information, Long Range Prediction, Adaptive Transmission, Partial-band Interference, 

Diversity Combining techniques. 
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CHAPTER 1  

INTRODUCTION 

1.1 Background and Motivation 

With the tremendous growth in consumer demand for wireless communications, the 

wireless communication techniques are experiencing revolutionary growth. Compared to the 

second generation wireless communication systems (GSM, IS-95) that only support voice 

communication and low speed data transmission, in the next generation wireless mobile 

communication systems [84, 85], high speed (up to 2M bits/sec) data, video, and multimedia 

traffic as well as the voice service will be provided to the mobile users. Different types of 

traffic require different types of service [86]. For example, the voice traffic requires small 

bandwidth, and can tolerate relative high bit error rate (on the order of 10-3), but it requires 

small end to end delay (less than 100ms). On the other hand, data traffic requires large 

bandwidth and very low bit error rate (on the order of 10-5), but the end to end delay can be 

as large as several seconds. As a result, there is a need to create new transmission techniques 

that can efficiently utilize the capacity of the multipath fading channel encountered in mobile 

communications. 

In mobile wireless communications, system performance is severely degraded due to 

rapidly time-variant multipath fading. Traditional communication systems designed for the 

worst-case channel conditions use a fixed link margin to maintain acceptable performance 

when the channel quality is poor. The transmitter and the receiver are not optimized for the 

current channel condition. As a result, these systems do not fully exploit the potential of the 

wireless fading channel, and have low bandwidth and power efficiency. Since high-speed 
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data transmission is desired in future wireless communication systems, it is important to 

improve the bandwidth efficiency of mobile wireless communications while maintaining the 

low power constraint.  To realize this goal, one solution is to adapt the signal transmission to 

the channel conditions.  If the channel state information (CSI) can be precisely predicted at 

the transmitter, the capacity of fading channel can be approached by adapting the 

transmission parameters to the exact fading level. 

First proposed in the late 1960’s [1], adaptive transmission is one of the key 

techniques in the standard for third-generation (3G) wireless systems. Adaptive transmission 

techniques, such as adaptive transmission power control [2,4,5], adaptive modulation [2,3,6-

9], adaptive coding scheme [4,5,10-16], adaptive transmitter antenna diversity [17-21] or any 

combination of them [22-25], have been investigated by many researchers. The basic idea of 

adaptive transmission is to change the transmission parameters according to the current 

channel conditions. Thus, without sacrificing the Bit Error Rate (BER) performance, adaptive 

transmission provides high spectral efficiency by transmitting the signal at high rate when the 

channel conditions are favorable, and reducing the transmission rate when the channel 

conditions are poor.  

The performance of the adaptive transmission systems depends on the availability of 

the accurate Channel State Information (CSI) at the transmitter. If the communication 

between the two stations is bi-direction and the channel can be considered reciprocal, for 

example, in time division duplex (TDD) systems, then each station can estimate the channel 

state information based on the received symbols and adapt the parameters to this estimation. 

This is called open-loop adaptation. If the channel is not reciprocal, the receiver has to 

estimate channel state information and feed it back to the transmitter. This is called closed-
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loop adaptation. It requires a reliable feedback channel between the receiver and the 

transmitter. Thus the bandwidth efficiency is lower than that of the open loop adaptation 

systems. Due to the overhead, the delay associated with channel estimation and feedback, the 

CSI at the time of transmission is usually different from the CSI at the time of channel 

estimation. In [11], Goeckel pointed out that even a small delay will result in significant 

performance loss due to the fast channel fading. Thus, the outdated CSI is not sufficient for 

the adaptive transmission. To realize the potential of adaptive transmission techniques, it is 

necessary to predict the channel condition tens to hundreds of symbols ahead. 

Several prediction methods have been investigated in the literature. In [26], an 

ESPRIT-type algorithm was used to estimate the dominant sinusoids that make up the fading 

signal. The reliable prediction is feasible for wavelength ahead. In [27], the multivariate 

adaptive regressive splines (MARS) model was used to predict parameters of wideband 

fading channel several milliseconds ahead for fast vehicle speed. In some applications, the 

delay is small and the channel varies slowly. It is enough to predict only a few data symbols 

ahead. In these cases, the root-MUSIC methods [28], neural network based predictor [29], 

non-linear Volterra adaptive prediction [30] , and Prony algorithm based channel prediction 

[31] can be employed. 

The above prediction methods require a long observation interval and heavy 

computation load to compute the model parameters. In practice, the vehicle speed is high. 

The channel varies rapidly. Therefore the model parameters need to be recomputed 

frequently. Thus it is desired to investigate low complexity, long range prediction techniques 

that meet the accuracy required by the adaptive transmission for realistic mobile fading 

channels. Recently, a novel long range prediction (LRP) algorithm for flat fading channel has 
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been proposed in [31-40]. This algorithm characterizes the fading channel using an 

autoregressive (AR) model and computes the Minimum Mean Square Error (MMSE) 

estimate of a future fading coefficient based on a number of past channel observations. The 

superior advantage of this algorithm relative to conventional methods is due to its lower 

sampling rate (on the order of twice the maximum Doppler shift and much lower than the 

data rate) [34]. Given a fixed filter length, the lower sampling rate results in longer memory 

span and further prediction into the future. In [35-40], the long range prediction algorithm for 

flat fading channel is applied in adaptive power control, adaptive modulation and transmitter 

diversity. It was demonstrated that the LRP enables these adaptive transmission techniques 

for high vehicle speed and realistic feedback delays. 

In this thesis, we address adaptive transmission aided by the LRP for FH systems. In 

FH communications [43], hopping provides frequency diversity and thus reduces the error 

probability due to deep fades. However, the correlation of the fading between different 

frequency slots may be quite significant if the frequency separation is small compared to the 

coherence bandwidth of the channel [44]. As a result, the benefit of diversity will be reduced. 

On the other hand, one can exploit the correlated fading at different frequencies in channel 

prediction. In this study, we extend the long range prediction algorithm into frequency 

domain, where the prediction is for the wideband frequency selective fading channel. 

Specifically, we predict the channel coefficients in the next hopping interval of SFH 

communications based on a number of past channel observations from all frequency and time 

slots. We will show that if the correlation is sufficiently strong, the prediction of channel 

coefficients at one frequency based on the observations of other frequencies is possible. This 

technique can be used in the adaptive SFH systems [45], in which the carrier frequency does 
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not have to hop far apart in order to guarantee independent fading, but still obtain great 

performance gain by using adaptive transmission. A similar adaptive transmission method 

was investigated in [46,47], where adaptive Reed-Solomon code with adaptive power control 

was used. The goal was to improve the throughput efficiency of the FH systems by adapting 

to the slowly varying power of long term fading and the interference level. In most situations, 

the proposed adaptive systems provide significantly higher throughput rate than non-adaptive 

systems. In this study, we adapt the modulation level and transmission power to rapidly 

varying short-term channel variations using the long-range prediction for FH systems, and to 

further increase the spectral efficiency subject to the power and reliability constraints. 

The prediction accuracy of the proposed channel prediction algorithm is determined 

by the rate of change of amplitude, frequency, and phase of each path. In most research, the 

standard Jakes model is usually used as a standard model for the Rayleigh fading channels. 

However, the Jakes model can not capture the variation of the channel parameters. Thus, in 

order to validate our LRP algorithm and its application in adaptive transmission for realistic 

mobile radio channel, a novel physical model based on the method of images combined with 

diffraction theory is developed [41-42]. This physical model can generate non-stationary data 

to capture the variation of the path parameters. It has the advantages of providing insight of 

the nature of signal fading. It also allows producing different scenarios to identify typical and 

challenging cases for testing the algorithm. In particular, we use the physical model to 

examine the speed of adaptation needed by the adaptive transmission systems to obtain 

desired performance. 

Another typical problem faced by the FH communications is the partial-band 

interference. In practice, this kind of interference may be due to a partial-band jammer, 
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multiple-access interference, or interference due to the narrowband transmission in the same 

band as the SFH system. Partial-band interference will seriously degrade the performance of 

FH systems [43]. In this thesis, we propose to use diversity combining techniques to mitigate 

the effect of partial-band interference. The theoretical results show that diversity yields large 

capacity gains for adaptive transmission schemes [48]. In a SFH system, the diversity is 

achieved by transmitting each symbol over several different frequencies simultaneously. At 

the receiver, the diversity receptions are first demodulated and then combined in some way to 

form the detection statistics. The principle that diversity combats partial-band interference is 

similar to the principle that diversity combats channel fading: the probability that different 

frequencies are interfered at the same time is very small. Thus, by using diversity combining 

and adaptive transmission techniques, system performance can be retained and improved in 

the communications with partial-band interference. 

1.2 Outline of this Thesis 

The focus of this thesis is to develop the long range channel prediction methods for 

realistic frequency hopping channels, and to investigate the performance of adaptive 

transmission for slow frequency hopping communications aided by the LRP. This thesis is 

organized as follows.  

In chapter 2, we review the wireless communication environment. We introduce the 

channel statistics and parameters of the wireless fading channel. The deterministic Jakes 

model and physical model is described in detail. 

In chapter 3, we propose a linear MMSE long range channel prediction algorithm for 

the frequency hopping channels. The long range channel prediction method for the flat fading 

channel is discuss first. We further improve the performance of the long range channel 
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prediction by using the Recursive Least Square (RLS) algorithm. The performance is 

compared to the relative work on [ ] for both the standard Jakes model and the realistic 

physical model. Then we extend the long range channel prediction into the frequency 

domain. The channel coefficients of the next hopping frequency in the next hopping interval 

are predicted based on the past observations from different frequencies. A recursive 

algorithm and a simplified method are developed to reduce the computation complexity 

associated with the optimal MMSE prediction method. Performance is analyzed for different 

parameters of the channel. 

In chapter 4, we develop a realistic adaptive transmission method for the slow 

frequency hopping communications. Aided by the long range channel prediction described in 

chapter 3, the transmission parameters can be adapted relative to the channel variation. We 

utilize a discrete rate discrete power MQAM adaptive transmission scheme. The modulation 

level and transmission power are selected based on the predicted channel gain. We evaluate 

the performance of adaptive transmission in both stationary fading channels (Jakes model) 

and non-stationary fading channels (physical model). We claim the performance of the 

adaptive transmission system is improved significantly relative to the non-adaptive 

transmission system. 

In chapter 5, we take the partial-band interference into account in the slow frequency 

hopping communication systems. The bandwidth of the Partial-band interference is narrow 

compared to the slow frequency hopping system. But its existence seriously degrades the 

performance of the slow frequency hopping communication system’s transmission 

bandwidth. We propose to employ diversity combining techniques to mitigate the effect of 

partial-band interference. Specifically, we use frequency diversity at the transmitter. Symbols 
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are transmitted at several different frequencies simultaneously. At the receiver, diversity 

combining techniques are used to form the decision statistics. We develop a simple model to 

describe the reliability of side information about the partial-band interference. Based on this 

model, we develop an adaptive transmission scheme for slow frequency communications in 

the presence of partial-band interference. By incorporating diversity transmission, the 

performance of the adaptive slow frequency hopping communications improves on non-

adaptive method even in the presence of the partial-band interference.  
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CHAPTER 2 

Fading Channel Characteristics and Modeling 

2.1 Background 

In the mobile radio communications, as a mobile moves along the road, the 

environment is very complex and changes in a random way. The transmitted signal does not 

reach the receiver directly due to the obstacles that block the line-of-sight path. Due to the 

reflection, diffraction, and scattering caused by building, trees and other obstacles, the signal 

travels through more than one path and arrive at the receiver from different directions at 

different time. The received signal is a superposition of replicas of the original signal with 

different amplitudes, frequencies and phases. The resultant effect is that the received signal 

power experiences significant fluctuation [44,52]. Depending on the phase of each exponent, 

the superposition can be constructive. Thus we observe peaks of the received signal power. 

In this case, the received signal to noise ratio (SNR) is high, and the bit error rate is low. On 

the other hand, the superposition also can be destructive. In this case, the received signal 

power is in deep fade. As a result, the received SNR is low, and the BER is high. This 

phenomenon is called signal fading. Figure 2.1 shows the typical scenario for the terrestrial 

mobile radio channel, and figure 2.2 illustrates a typical example of signal fading measured 

in practice. 

The effect that the signal arrives through more than one path is known as multipath 

propagation. The time dispersion of the transmitted symbol leads to either frequency 

selective or frequency non-selected fading channels. When all delayed components arrive at 

the receiver in a small fraction of the symbol duration, the channel is frequency non-
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selective, (or flat) fading. In frequency domain, the bandwidth of the symbol is much smaller 

than the bandwidth of the channel. In case of wideband transmission, the multiple delays are 

often significant compared to the symbol duration. The resultant channel is frequency 

selective.  

Besides the multipath propagation, Doppler shift [43,44,49] also has a negative effect 

on the characteristics of the mobile radio channel. Doppler shift is a parameter that describes 

the time varying nature of the channel in a small scale region. Due to the movement of the 

mobile unit, the Doppler effect causes a frequency shift of each of the arrival signal. Figure 

2.3 illustrates the Doppler effect caused by the nth incident arrival signal with arriving angle 

αn. The angle of arrival αn is defined by the direction of the arrival of the nth incident signal 

and the direction of motion of the mobile unit. The Doppler shift of the nth incident arrival 

signal is  

fn = fdm cosαn     (2.1) 

where fdm is the maximum Doppler shift related to the speed of the mobile v, the speed of 

light c, and the carrier frequency fc by 

fdm = fcv/c     (2.2) 

Due to the Doppler effect, the spectrum of the transmitted signal undergoes a 

frequency expansion during transmission [43,44,49]. This effect is called frequency 

dispersion. In the time domain, the Doppler effect means that the impulse response of the 

channel becomes time variant. 

In the remainder of this chapter, we will present the fading channel statistics, which is 

expressed by the time correlation function, the frequency correlation function, and the 

spaced-time spaced-frequency correlation function. Flat Rayleigh fading channel is described 
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in detail. We will also describe the methods of fading channel modeling. There are several 

methods of modeling mobile radio channels. Among them, the standard Jakes model and a 

novel physical model are especially useful in our investigation.  The Jakes model can easily 

generate the multipath Rayleigh fading signals with desired channel statistics, thus providing 

an easy way to examine the algorithm performance. But it fails to capture the variation of the 

channel parameters. The physical model can generate non-stationary realistic fading channel 

and provide insight of the signal fading. Thus it can test the performance more realistically. 

We will describe these two models in detail. 

 

 
Figure 2.1 Multi-path propagation in terrestrial mobile radio environment 
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Figure 2.3 Illustration of the Doppler effect 
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2.2 Channel Statistics 

2.2.1 Characterization of Multipath Fading Channels 

As we just observed above, one characteristic of the wireless media is the time spread 

introduced in the signal that is transmitted through the channel. Another characteristic is due 

to the time variations in the structure of the media. As a result, the multipath channel varies 

with time. Assume we transmit a signal that is expressed as 

s(t) = Re[sl(t)e j2πfct]     (2.3)  

where sl is the equivalent low pass transmitted signal. Due to the multipath propagation, 

associated with each path are a delay and an attenuation. Both the multipath delay and the 

attenuation is time variant. The received signal is expressed as 

x(t) = ∑
n=1

N
An(t)s(t-τn(t))     (2.4) 

where N is the total number of paths, An(t) is the attenuation of the nth path and τn(t) is the 

propagation delay of the nth path.  

If we substitute (2.3) into (2.4), we get 

x(t) = Re{[∑
n=1

N
An(t)ej2πfcτn(t) sl(t-τn(t))]ej2πfct }   (2.5) 

Thus, the equivalent lowpass received signal is  

rl(t) = ∑
n=1

N
An(t)ej2πfcτn(t) sl(t-τn(t))   (2.6) 

Expression (2.6) can be viewed as the response of the equivalent lowpass signal sl(t) 

to the equivalent lowpass channel c(τ, t) 
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c(τ, t) = ∑
n=1

N
An(t)ej2πfcτn(t) δ(t-τn(t))    (2.7) 

Suppose we transmit an unmodulated carrier at frequency fc, then sl(t) = 1. the 

received signal given by (2.6) become 

rl(t) = ∑
n=1

N
An(t)ej2πfcτn(t)     (2.8) 

In practice, the attenuation and the multipath delay change in a random manner. Thus, 

the received signal rl(t) can be modeled as a random variable. For large number of N, rl(t) 

may be modeled as a complex Gaussian random variable [43,49]. This means the channel 

response c(τ, t) is a complex Gaussian random process. When there is no line-of-sight (LOS) 

path between the transmitter and the received, the envelope |c(τ, t)| at time t is Rayleigh 

distributed. The channel is said to be Rayleigh fading channel. When there is line-of-sight 

path between the transmitter and the received, |c(τ, t)| at time t is Rician distributed. The 

channel is said to be Racian fading channel. 

2.2.2 Channel Correlation Function 

We shall now develop some correlation functions that define the characteristics of the 

multipath fading channel. Throughout this thesis, we assume the wide sense stationary 

uncorrelated scattering (WSSUS) channel [49], the autocorrelation function is defined as 

R(∆f,∆t)  = E[c(f1,t)c*(f2,t+∆t)]    (2.9) 

where E[⋅] denotes the statistical average over all possible random parameters, and c(f,t) is 

the Fourier transformation of c(τ,t) 

c(f,t) = ⌡⌠
-∞

+∞

c(τ,t)e
-j2πfτ

dτ     (2.10) 
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Under the assumption of wide sense stationary uncorrelated scattering [49], the 

autocorrelation function is a function of only the time difference ∆t and the frequency 

separation ∆f = f2 - f1. Therefore R(∆f,∆t) is called spaced-frequency, spaced-time correlation 

function of the channel. 

Suppose ∆t = 0, Rf(∆f,t) = R(∆f,0) = E[c(f1,t)c*(f2,t)] is defined as the frequency 

domain correlation function. For the WSSUS channel, it is time invariant. Thus, it is a 

function of only the frequency separation and is denoted as Rf(∆f). 

If we Let ∆f = 0, The time correlation function of the channel is defined as Rt(f, ∆t) = 

R(0, ∆t) = E[c(f,t)c*(f,t+∆t)]. Since the frequency separation ∆f is much smaller than the 

carrier frequency and thus can be neglected, we assume the time correlation function is the 

same for all frequencies, and is denoted as Rt(∆t). 

In [61], it is proved that the spaced-frequency, spaced-time correlation function can 

be factored into the time domain correlation function Rt(∆t) and the frequency domain 

correlation function Rf(∆f) as 

R(∆f,∆t) = Rt(∆t) Rf(∆f)    (2.11) 

This property is especially important for our long range prediction algorithm for 

frequency hopping channel that is described in chapter 3. 

2.2.3 Flat Rayleigh Fading Channels 

A flat fading channel without the line-of-sight is the Rayleigh fading channel in 

which the channel coefficients are modeled as zero mean complex Gaussian random 

variables. Throughout this thesis, we assume the Gaussian Wide Sense Stationary 
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Uncorrelated Scattering (GWSSUS) channel [49]. The equivalent lowpass complex envelope 

of the flat fading signal at the receiver is 

c(t) =∑
n=1

N

Anej(2πfnt+ϕn)     (2.12) 

where N is the total number of scatterers, and for the nth scatterer, An is the amplitude, fn is 

the Doppler shift, ϕn is the phase. For large number of N, the channel coefficient c(t) is 

closely approximated a zero mean complex Gaussian random process.  Hence the amplitude 

of c(t) is Rayleigh distributed. The probability density function (pdf) of the amplitude is 

given in [43,44] by 

p(α) = 
2α
Ω e-α2/Ω     (2.13) 

where α is the channel amplitude, and Ω=E(α2) is the average channel power. Throughout 

this thesis, we assume that channels are normalized with unity average power, and thus Ω = 

1. The phase θ is uniformly distributed between 1 and 2π, and the pdf is 

P(θ) =  
1

2π      (2.14) 

The time autocorrelation function of c(t) defined as Rt (τ) = E[c(t)c*(t+τ)] is given by 

[44,49] 

Rt (τ) = J0(2πfdmτ)     (2.15) 

where J0( ) is the zero order Bessel function of the first kind. 

The power spectrum of c(t) is obtained by taking the Fourier transform of Rt (τ) [43, 

49] 

Sc(f) = 


 Ω
2πfdm

 
1

 1−(f /2πfdm)2 
      | f | ≤ fdm

0                                   otherwise
             (2.16) 
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In figure 2.4 and figure 2.5, we plot the autocorrelation function of Rayleigh fading 

channels and the power spectrum density of c(t).  
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Figure 2.4 Autocorrelation function of Rayleigh fading channels 
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Figure 2.5 Doppler power spectrum 
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2.2.4 Frequency selective channel 

For the flat fading channels, the bandwidth of the transmitted signal is much smaller 

than the bandwidth of the channel. We assume the fading coefficients are the same for all at 

frequencies. However, if the frequency separation between two frequencies is significant, 

signal transmitted at frequencies is affected differently. As a result, channel fading at these 

two frequencies are not the same. 

Consider the Frequency Selective Gaussian Wide Sense Stationary Uncorrelated 

Scattering (GWSSUS) channel, the fading coefficients at the frequency fi can be expressed as 

[49] 

           c(fi,t) =∑
n=1

N

Anej(2πfnt+ϕin)            (2.17)   

where N is the number of uncorrelated scatterers. For the nth path, An is the amplitude, fn is 

the Doppler shift, and ϕin is the phase. The phase difference of the nth path between two 

frequencies at frequencies fi and fj is ∆ϕn = ϕjn - ϕin = -2π∆fTn [49], where ∆f = fj - fi is the 

frequency separation, and Tn is the excess delay of the nth path. We assume Tn has the 

exponential distribution with the probability density function (pdf) [49]: 

p(T) = 
1
σe-T/σ      (2.18) 

where σ is the root mean square (rms) delay spread [44] of the multipath fading channel. 
For large number of N, the channel coefficient c(f,t) is closely approximated a zero 

mean complex gaussian random process. Hence the amplitude of c(f,t) is Rayleigh distributed 

and the phase of c(f,t) is uniformly distributed. The time correlation function of c(f,t) is given 

in (2.15) by 

Rt(τ)=J0(2πfdmτ)       (2.19) 
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The frequency correlation function Rf(∆f) with frequency separation ∆f is given by 

[50] 

Rf(∆f) = 
1

1+(2π∆fσ)2 + j 
2π∆fσ

1+(2π∆fσ)2        (2.20) 

We define ∆fσ as the normalized frequency separation. The space-time spaced-

frequency correlation function R(∆f,τ) can be expressed as the product of the time correlation 

function and the frequency correlation functions: 

R(∆f,τ) = Rt(τ)Rf(∆f)          (2.21) 

where Rt(τ) and Rf(∆f) are defined in (2.19, 2.20). 

2.3 Modeling of Flat Rayleigh Fading Channels 

The Jakes model and the physical model are two important models in our 

investigation. They are use for generating data sets for the flat Rayleigh fading channel. The 

Jakes model is used to generate the Rayleigh fading channel with fixed channel parameters. 

The physical channel is used to generate more realistic fading channel with time variant 

channel parameters. 

2.3.1 Jakes model 

As discussed in 2.2.3, the Rayleigh fading channel is modeled as a zero mean 

Gaussian random process. And from (2.12) we know that it can be approximated by a 

summation of a set of complex sinusoids. The number of sinusoids must be large enough so 

that the pdf of the envelope has approximately Rayleigh distribution. 
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In [49], Jakes demonstrated that the theoretical autocorrelation function Rt(τ) in 

(2.15) and the power spectrum Sc(f) in (2.16) for the Rayleigh fading channels can be well 

approximated by a summation of a small number of sinusoids: 

c(t) = 2/N ∑
n=1

N

 ej(2πfdmcosαn+ϕn)   (2.22) 

where N is the total number of plane waves, fdm is the maximum Doppler shift, ϕn is the 

phase of each wave, and αn is the angle of the nth incident wave. As shown in figure 2.6, the 

arriving angle is uniformly distributed from 0 to 2π. The amplitude of each sinusoid is the 

same, which is equal to 2/N. As a result, the average channel power is normalized to unity. 

The complex channel fading coefficient c(t) in (2.22) can be further expressed with 

the frequency and relative phase of sinusoids set according to a specific formulation as the 

following [49]: 

c(t) = 
E0

2N0+1
(cI(t)+jcQ(t))    (2.23) 

cI(t) = 2∑
n=1

N0

cosϕncos2πfnt +  2cosϕNcos2πfdmt      (2.24) 

cQ(t) = 2∑
n=1

N0

sinϕncos2πfnt +  2sinϕNcos2πfdmt      (2.25) 

where N0 = 
1
2(

N
2-1) , fn = fdmcos(2πn/N). N0+1 is referred as the number of oscillators in the 

Jakes model, and N is the number of scatters. For the flat Rayleigh fading channel, we 

usually use 9 oscillators (34 scatters) Jakes model to generate the fading coefficients. When 

generating the channel coefficients at different frequencies, the channel coefficients at 

frequency f1 are first generated using the Jakes model. In this thesis, we employ 100 
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scatterers, which can approximate the time and frequency correlation function (2.19 - 2.21).  

The channel coefficients at other frequency fi are also generated by the Jakes model using the 

same parameters as for the channel coefficients at f1 except that the phase is ϕin=ϕ1n+2π∆fiTn, 

here ∆fi=fi-f1, i=2,3,…. 

Figure 2.7 shows the flat fading channel generated by the Jakes model with 9 

oscillators (N0=9), and maximum Doppler shift fdm=100Hz. Figure 2.8 compares the 

theoretical autocorrelation function in (2.15) with the autocorrelation function of the flat 

fading channel generated by the Jakes model. We observe that they are very similar. Thus, 

the Rayleigh fading channel can be well approximated by the Jakes model with a relatively 

small number of oscillators. 

 

 
 

Figure 2.6 The Jakes model with N=10 

αn
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Figure 2.7 Flat fading channel generated by the Jakes model with 9 oscillators, fdm=100Hz. 
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Figure 2.8 Correlation function, 9 oscillators, maximum Doppler shift fdm=100Hz. 
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2.3.2 Physical Model 

The Jakes model with a small number of sinusoids can generate the Doppler spectrum 

that accurately approximates that of the theoretical Rayleigh fading channel by assuming 

fixed amplitudes, phases, and angles. However, in the realistic mobile radio channels, the 

channel parameters associated with each reflected wave (amplitude, Doppler frequency, and 

phase) are time variant. Neither the stationary Jakes model nor the depiction as a stationary 

Rayleigh random process can capture the variation of the channel parameters. Long range 

channel prediction predicts the CSI tens to hundreds of symbols ahead. The performance 

depends on the time-varying parameters associated with the important reflectors: their 

relative phase, frequency, amplitudes and number [31,34,36]. The rate of change of these 

parameters significantly affects the prediction accuracy [36,39,40]. Thus, to test the long 

range prediction algorithm and its applications in adaptive transmission systems for the 

realistic mobile radio channels, non-stationary data sets are necessary. 

Recently, a novel physical model based upon the method of images combined with 

diffraction theory is proposed in [41,42]. This model can (1) create non-stationary datasets to 

test our long range prediction algorithm, (2) provide limits on the speed of adaptation needed 

for an algorithm to predict the channel significantly into the future, and thereby reveal the 

timing of future deep fades, etc., (3) classify the reflector geometries that have typical or the 

most severe parameter variations, so that the reflector configurations for test datasets can be 

appropriately chosen, and (4) illuminate the origins of the temporal and statistical properties 

of the measured data [42]. It is demonstrated [41,42] that the performance of our long range 

channel prediction algorithm using channels given by the physical model is slimier to the 



 24

performance using actual measured data. And results are different from the performance 

when the channel is given by the Jakes model.  

To create the data set, the user specifies the location of the transmitter and the center 

of the apertures for each object. The orientation of the apertures, object reflectivity, object 

curvature, and reflection phase shift are also specified for each object. An aperture is 

specified for the transmitter so that shadowing can be modeled. Other inputs to the model 

include the carrier frequency and the region of interest (location, size, and number of points 

for each of the two dimensions). The region of interest may be any rectangular array of 

points form a square to a single line in either direction. Figure 2.9 shows a specific example. 

In this interference pattern, there are a large flat and five curved reflecting objects. The 

transmitter is to the left of the center of the 10 square meters region. The large flat object can 

be viewed as a building, and the five curved objects can be thought of as spherical cars 

parked along the road.  
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Figure 2.9 Geometry used for the physical model. 
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The physical model has the advantage of giving significant insights for determination 

of typical and challenging case reflector geometry. This information is useful for 

constructing test datasets for algorithms. The insights also can be used to improve siting of 

the base stations. Next, we briefly review the properties of the physical model [39,41,42]. 

The first property is that the parameters An, fn, and φn vary much slower than the actual 

fading coefficients. The rate of change depends on the local environment. Insights into this 

property can be found in the model based on the method of images combined with diffraction 

theory [41,42]. The variation of these parameters limits the range for which the fading 

process can be reliably predicted given current and past fading channel observations. The 

second property is that the number of significant scatterers N is modest. In practice, we only 

want to track the beams with power up to 1/10 the power of the strongest beam present. 

There are also many insignificant scatterers that add small variations to the received signals. 

However, there is a small chance that many insignificant scatterers can add up to make a 

significant effect. Propagation studies show that the number of significant reflectors is 

modest, usually not more than 20 [49,51].  
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CHAPTER 3 

Long Range Prediction for FH Mobile Radio Channels 

3.1 Background 

As we discussed previously, accurate knowledge of future CSI is extremely important 

for realizing the potential of adaptive transmission. If the channel is not reciprocal, the CSI 

has to be estimated by the receiver and sent to the transmitter via a feedback channel. Thus, 

channel estimation, feedback delay and transmission format constraints have to be taken into 

account in the design of adaptive transmission systems. For very slowly fading channels, 

outdated CSI is sufficient for reliable adaptive system design [2, 11]. However, for fast 

fading that corresponds to realistic mobile speeds, even a small delay will cause significant 

degradation of performance since channel variation due to Doppler shifts usually results in a 

different channel at the time of transmission than at the time of channel estimation [11]. Even 

in open-loop [8,9] channels, current CSI is not sufficient for adaptive transmission in the fast 

fading channels, since future channel conditions need to be known to adapt transmission 

parameters. To realize the potential of adaptive transmission, the CSI have to be predicted at 

least several milliseconds, or tens to hundreds of symbols ahead. 

A novel long range prediction (LRP) algorithm for the flat fading channel was 

proposed in [31-40] (see also references on long range fading channel prediction by other 

authors in [26-31]). This algorithm characterizes the fading channel using an autoregressive 

(AR) model and computes the Minimum Mean Square Error (MMSE) estimate of a future 

fading coefficient based on a number of past channel observations. Given fixed filter length, 

it benefits from using lower sampling rate than conventional techniques. Thus, the memory 
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span is increased, and channel coefficients can be predicted further into the future. In [35-40], 

the LRP algorithm for flat fading channel is applied in adaptive power control, adaptive 

modulation and transmitter diversity for narrowband and direct sequence spread spectrum 

systems. It was demonstrated that LRP enables these adaptive transmission techniques for 

high vehicle speed and realistic feedback delays. In [53], the LRP is extended to Orthogonal 

Frequency Division Modulation (OFDM) channels, and in [54], LRP aided by observations 

at another carrier was investigated. 

In this chapter, we extend the LRP to FH spread spectrum mobile radio systems that 

employ coherent detection. In FH communications [43], hopping provides frequency 

diversity and thus reduces the error probability due to deep fades. However, the correlation of 

the fading between different frequency slots may be quite significant if the frequency 

separation is small compared to the coherence bandwidth of the channel [44]. As a result, the 

benefit of diversity will be reduced. On the other hand, one can exploit the correlated fading 

at different frequencies in channel prediction. We propose to predict the channel coefficients 

in the next hopping interval of a slow frequency hopping (SFH) systems based on a number 

of past fading observations from previous hopping intervals. As a result, adaptive 

transmission for SFH is enabled. 

3.2 Long Range Prediction for Flat Fading Channels 

3.2.1 Linear MMSE Channel Prediction 

The objective of the long range prediction is to forecast future channel coefficients far 

ahead. To realize this goal, a linear prediction (LP) method based on the AR model was 



 28

developed in [31,33]. Consider equivalent lowpass discrete time system model at the output 

of the matched filter and sampler given by 

yk = ckbk + zk     (3.1) 

where ck is the flat fading channel coefficient sampled at the symbol rate, bk is the 

transmitted symbol, zk is the discrete complex additive white Gaussian noise (AWGN) with 

variance N0/2. Suppose a sequence of p previous samples of the fading channel is observed. 

The MMSE prediction of the future channel coefficient cn based on p previous observation 

cn-1, …, cn-p is given by 

c^n = ∑
j=1

p
djcn-j     (3.2) 

where p is the filter length, and the optimal prediction coefficients d are given by the 

orthogonality principle [43] 

d = R-1r             (3.3) 

where d = [d1,d2,…,dp] is the vector of the prediction coefficients, R is the pxp 

autocorrelation matrix with coefficients Rij = E[cn-ic*
n-j] and r is the autocorrelation vector 

with coefficients rj = E[cnc*
n-j]. These correlation coefficients can be estimated based on the 

observations without the requirement of the prior knowledge of the channel autocorrelation 

function [55]. Note that the sampling rate can be much lower than the symbol rate, but has to 

be at least twice of the maximum Doppler shift fdm. Since the sampling rate is much lower 

than the symbol rate, interpolation is performed to predict the channel coefficients at the 

symbol rate [31-33]. In the interpolation operation, several consecutive predicted channel 

coefficients are interpolated by a Raised Cosine function. 
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The LRP given by (3.2) corresponds to the prediction of CSI one step ahead. Due to 

the delay, it is often necessary to predict the CSI multiple steps ahead. The predicted value of 

c(n+τ) (τ > 0) by observing p previous samples collected at and prior to time n at the 

sampling rate fs is given by 

c^n+τ = ∑
j=0

p-1
djcn-j                (3.4) 

When τ = 1, (3.4) corresponds to the prediction of CSI one step ahead. The LP filter 

coefficients dj can be determined as in (3.3) by minimizing the MSE. The resulting minimum 

MSE is given by [43] 

MMSE = 1 - ∑
j=0

p-1

djrτ+j         (3.5) 

where rτ+j = E[c(n+τ)c*(n-j)], j = 0,1,…,p-1. For the Rayleigh fading channels, rτ+j = 

J0(2πfdm(n+τ)Ts), where J0 is zero order Bessel function of the first kind. 

The theoretical MMSE performance of the LRP with various sampling rates is 

compared in figure 3.1. The filter length is p = 50. The observation SNR is 100dB. The 

maximum Doppler shift is fdm = 100Hz. As can be seen from the figure, for the same 

prediction range, the future channel coefficients can be predicted with much higher accuracy 

by using a low sampling rate. Figure 3.2 further illustrates the MMSE performance as the 

filter length varies. Here, the sampling rate is 500Hz, which has the best performance in 

figure 3.1. It is observed that as the filter length increases, the MMSE decreases and 

saturates. We found that the MMSE for p = 50 is very close to the best performance that can 

be achieved. In future study, we choose this filter length in the investigation of LRP for the 

flat fading channels. 
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Figure 3.1. MMSE vs. prediction range for different sampling rate 
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Figure 3.2. MMSE vs. model order p for different values pf SNR, Prediction range τTs = 

4ms, fs = 500Hz, fdm = 100Hz 
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3.2.2 Robust Adaptive Long Range Prediction 

In the previous section, we assume that parameters associated with the scatterers in 

equation (2.12) (the number N, the Doppler shifts fn, the amplitude An and the phase ϕn) are 

invariant and the channel correlation function is known. As a result, the LP coefficients are 

constant and can be computed before transmission. In general, these assumptions are not 

strictly true and many factors affect the performance of the LRP. First, the channel 

correlation function is not known a priori. To compute the initial estimates of the LP 

coefficients d in (3.2), we utilize an observation interval that consists of a number of received 

channel samples. When the observation interval is not sufficiently long, the LRP suffers 

degradation due to the model mismatch. Second, the vehicle speed and positions of the 

scatterers are time-varying. This will further enhance the mismatch of the LP coefficients 

obtained by using an observation interval. Finally, when the prediction range is more than 

one step ahead (multiple steps prediction), we iterate (3.2) by using previously predicted 

samples instead of the observation. This results in error propagation. 

Below we investigate the adaptive tracking techniques that can improve the 

performance of long range prediction. Since our main concern is the degradation due to the 

channel mismatch reflected in inaccurate LP coefficients, we assume channel observations 

with high SNR (100dB) are available.  

In (3.3), the computation of LP coefficients d requires matrix inversion that requires 

heavy computational loads even for moderate filter length (p = 20-50). Adaptive tracking can 

avoid matrix inversion and greatly reduce channel mismatch [34-35,39]. This method is 

based on updating the LP coefficients using the adaptive tracking algorithm. In [34-35,39], 

LMS is utilized, which is given by [43, 56] 
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d(n+1) = d(n) + ηe(n)c*(n)        (3.6) 

where η is the step size, e(n) = c(n) - c^(n) is the prediction error at time n, and c(n)=[cn-1,…, 

cn-p]T is the vector of the observations. This adaptation is performed iteratively during the 

observation interval to achieve convergence and greatly reduce the computation. Moreover, it 

is used during transmission to track channel variations. It was shown to greatly improve the 

prediction accuracy relative to fixed LP coefficients [35]. To further reduce the length of the 

observation interval and improve the prediction accuracy, we investigated recursive least 

square (RLS) adaptive tracking algorithm, since it is known to converge faster and has lower 

residual error. The RLS algorithm is given as follows [56]: 

k(n) = 
λ-1P(n-1)c(n)

1+λ-1cH(n)P(n-1)c(n)      

e(n) = c(n) – dH(n-1)c(n)      

d(n) = d(n-1) + k(n)e*(n)      

P(n) = λ-1 P(n-1) –λ-1k(n)cH(n)P(n-1)      (3.7) 

where λ is a positive constant close to, but less than 1. The inverse of 1-λ is a measure of the 

memory of the algorithm. When λ = 1, the memory is infinite. We have the ordinary of least 

square (LS) method. We use both of the standard Jakes model and the realistic physical 

model to test the performance. In the simulation, the observation interval is 500 samples. Pre-

training method [55] is used to estimate the initial LP coefficients, and post-tracking method 

[55] is used to track the channel parameter variation. Mean square error (MSE) is computed 

after the algorithms converge. The following parameters are used in the simulation. The 

Maximum Doppler shift is fdm = 46 Hz, the sampling frequency is fs = 1562.5 Hz, LP filter 

length is p = 50. Figure 3.3 shows the performance comparison between the RLS algorithm 
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and the LMS algorithm. We can observe the performance improvement of the RLS algorithm 

relative to LMS algorithm. RLS has better performance in both the Jakes and the physical 

channels than LMS does. 
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Figure 3.3. Comparison of RLS and LMS algorithm in Jakes model and physical model. 

Observation interval is 500 samples. Maximum Doppler shift is 46 Hz, sampling frequency is 

1562.5 Hz, LP order is 50. 

3.3 Long Range Prediction for Mobile Radio Frequency Hopping 

Channels 

3.3.1 Introduction of Frequency Hopping Spread Spectrum Communications 

Frequency hopping (FH) spread spectrum techniques [43] are primarily used in 

military communications and in Code Division Multiple Access (CDMA). They are preferred 
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over Direct Sequence (DS) spread spectrum signaling due to their relaxed timing 

requirements, large capacity and better bit error rate performance [43,57]. In frequency 

hopping communications, the available channel bandwidth is subdivided into a number (q) of 

contiguous frequency slots. In any signal interval, the transmitted signal occupies one or 

more of the available frequency slots. Figure 3.4 illustrates an example of Frequency 

Hopping Code Division Multiple Access (FH-CDMA) in time and frequency domain. At 

each time, each user occupies one or more frequency. If two or more users occupy the same 

frequency, Multiple Access Interference occurs. 

 
Figure 3.4. An example of Frequency Hopping Code-Division Multiple-Access (FH-

CDMA). 

The selection of the frequency in each signal interval is controlled by a hopping 

pattern.  The hopping pattern is a frequency sequence (f1,f2,...,fN), where N is the number of 

frequency slots in use, which can be equal to or less than q.  This sequence is modeled as a 

set of independent random variables, each of which is uniformly distributed among the q 

available frequency slots. The time interval between two consecutive hops is called hop 

Frequency 

User #1 

User #2 

User #K 

Time 
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interval Th.  The portion of the hop interval in which data is transmitted is referred to as the 

dwell interval.  We assume the dwell interval is equal to the hop interval.  The frequency 

hopping rate fh is 1/Th. If the frequency-hopping rate is lower than the symbol rate, the 

system is called slow frequency hopping (SFH) system.  On the other hand, if the signal hops 

at a rate that is faster than the symbol rate, the system is called fast frequency hopping (FFH) 

system.  In this thesis, we concentrate on slow frequency hopping (SFH) systems. We 

assume that the hopping rate is 500 hops per second.  

Figure 3.5 shows a block diagram of a Frequency Hopping spread spectrum 

communication system. The information bits are coded and modulated first. A pseudorandom 

Number (PN) sequence (a hopping pattern) is used to select the transmission frequency 

synthesized by the frequency synthesizer. This frequency is mixed with the output of the 

modulator and the frequency-translated signal is transmitted over the channel. At the 

receiver, an identical PN sequence generator is synchronized with the received signal, which 

is used to control the output of the frequency synthesizer. Thus, by mixing the frequency 

synthesizer output with the received signal, the pseudo-random frequency translation 

introduced at the transmitter is removed at the receiver [43].   

Encoder Modulation Mixer

Frequncy
synthesizer

Channel Mixer

Frequncy
synthesizer

Demodulation Decoder

PN
sequence
generator

PN
sequence
generator

Time
sync.

Information
sequence output

 
Figure 3.5. Block diagram of a Frequency hopping communication system 
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3.3.2 Linear MMSE Long Range Prediction for FH Channels 

Consider the slow frequency hopping system that employs coherent detection [58-60] 

with the total number of frequencies q and the hopping rate fh. The frequency separation 

between adjacent frequencies is ∆f. In this paper, we employ a randomly chosen periodic 

hopping pattern with length N = q, although the proposed methods are also applicable to non-

periodic hopping patterns. Figure 3.6 illustrates the proposed discrete time system model. 

The past observations from all frequencies are estimated by the receiver and feedback to the 

transmitter via a reliable feedback channel. The transmitter employs the LRP to predict future 

channel state information (CSI), and adapt the transmission parameters to the channel 

variation.  

 
Figure 3.6. Discrete time system model of adaptive FH 

We employ the Minimum Mean Square Error (MMSE) linear prediction (LP) 

algorithm. Assume the channel coefficients in (2.12) are sampled at the rate Ts, and define 

c(f(n),n)=c(f(nTs),nTs). The prediction ĉ(f(n+τ),n+τ)  of the future channel coefficient 

c(f(n+τ),n+τ) based on p past observations c(f(n),n),…, c(f(n-p+1),n-p+1) is formed as (see 

figure 3.7) 

Adaptive Transmission 
at hopped frequency f i 

Observations at past 
hopping frequencies 

input sk 

noise nkc(f i,k) 

Feedback 

yk=c(f i,k)sk+nk 

Channel prediction 
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   ĉ(f(n+τ),n+τ)=∑
j=0

p-1

dj(n)c(f(n-j),n-j)                   (3.8) 

where dj(n)’s are the filter coefficients at time n, and τTs is the prediction range, Ts=1/fs, and 

fs is the sampling rate. Note that the sampling rate in (3.8) is much slower than the symbol 

rate, but is faster than the hopping rate fh. The prediction can be performed at the transmitter 

or the receiver. In the latter case, the parameters required by the adaptive transmission are 

determined from the predicted coefficients and are fed back to the transmitter. 
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Figure 3.7. Linear prediction of future channel coefficient based on past channel observations 

The objective of the LRP is to find the LP coefficients that minimize the Mean 

Square Error, defined as E[|e(n)|2]=E[|c(f(n+τ),n+τ)-ĉ(f(n+τ),n+τ)|2]. Because the hopping 

pattern is a random frequency sequence, a single prediction filter does not exist, and the LP 

coefficients need to be re-computed at the sampling rate. The LP filter used at sampling time 

n, denoted by d(n), is determined by the sampling time and the hopping pattern. The optimal 

prediction coefficients are in the same form as (3.3), which is computed as [43] 

       d(n)=R(n)-1r(n)     (3.9)   

where d(n)=[d0(n)…dp-1(n)]T , R(n) is the p×p autocorrelation matrix at time n with 

Rij(n)=E{c(f(n-i),n-i)c*(f(n-j),n-j)}, i,j=0,1,…,p-1, and r(n) is the autocorrelation vector at 
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time n with rj(n)=E{c(f(n),n)c*(f(n-j),n-j)}, j=0,1,…,p-1. These functions are computed from 

(2.19, 2.20). 

The resulting instantaneous MMSE of this prediction method is [43] 

MMSE(n) = 1-∑
j=0

p-1

dj(n)rj(n)                        (3.10)   

The MMSE for FH systems is computed as the average over all LP filters 

 MMSE = 
1
N ∑

n=1

N

 MMSE(n)          (3.11) 

When the channel is stationary and the channel autocorrelation is known, the vector 

d(n) can be computed using (3.9). If the channel is non-stationary or the channel correlation 

functions are not available at the transmitter, such as for the physical model, Rt(τ) and Rf(∆f) 

must be estimated and updated when new observations are available. In our investigation, we 

use pilot symbol aided channel estimation [62] to estimate these channel correlation 

functions. The time correlation function can be estimated by sending pilot symbols on a 

single frequency at the sampling rate fs. The receiver estimates the channel coefficients. Then 

time correlation function Rt(τ) is estimated as [63]  

Rt(τ) = 
1

N-τ ∑
n=τ

N-1

c(n)c*(n-τ)         (3.12) 

where c(n) is the pilot channel estimates, τ = 0,1,2,…, and N is the observation length. 

The frequency correlation function can be estimated by inserting bursts of pilot 

symbols in several frequencies at the symbol rate (τm∆F < 1/2, where τm is the maximum 

delay spread, and ∆F is the frequency separation between adjacent pilot channels [62]). The 

channel coefficients of other frequencies can be estimated by interpolation. Then frequency 

correlation function Rf(∆f) is estimated as  
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Rf(k∆f) = 
1

M(N-k) ∑
i=1

N-k

cT(f i)c*( fi+k)   (3.13) 

where M is the burst length, k=0,1,2,…,N-1, and c(f 

i)=[c(f 

i,j), c(f 

i,j-1),…,c(f 

i,j-M+1)]T is the 

vector of the estimated channel coefficients at frequency fi at the symbol rate, i.e. 

c(fi,j) = c(fi,jT) , 1/T >> fs. 

As new observations become available, Rij and rj are recomputed using the updated 

Rt(τ) and Rf(k∆f), and d are updated to track the channel parameters variation. When noisy 

observations are used in (3.8), the effect of the noise is incorporated into R(n) by adding 

(N0/2)I, where I is the p×p identity matrix, and rj(n) is modified to include noisy 

observations. If received signal is corrupted by noise, prediction accuracy is greatly 

decreased. However, by utilizing the noise reduction methods described in [34,39], it is 

possible to operate even in the presence of significant noise in the observations. In this paper, 

we assume channel observations with SNR = 100dB are available in (3.8). 

3.3.3 Recursive MMSE Long Range Channel Prediction 

The optimal MMSE channel prediction method is complex, because it requires 

inversion of a large matrix at the sampling rate. To reduce the computation, we observe that 

most elements in the autocorrelation matrix at time n can be obtained from the 

autocorrelation matrix at time n-1. This observation results in a procedure for updating the 

inverse of the autocorrelation matrix recursively. The procedure below can be easily 

extended to noisy observations by replacing R(m) by R(m)+N0I for all sampling instances m. 

Denote the autocorrelation matrix R(n-1) as 

R(n-1)=
R(p-1)×(p-1)(n-1)
r1×(p-1)(n-1) 

r(p-1)×1(n-1)
r(n-1)   ,    
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where the subscripts denote the dimensions of the submatrices, and dimensions for scalars 

are not shown. Note that r1×(p-1)(n-1)=r(p-1)×1(n-1)H. Similarly, the autocorrelation matrix R(n) 

is expressed as 

R(n)=
r(n)
r(p-1)×1(n) 

r1×(p-1)(n)
R(p-1)×(p-1)(n)   ,     

where R(p-1)×(p-1)(n) = R(p-1)×(p-1)(n-1). 

The algorithm for recursive update of R-1(n) is as follows. Suppose the inverse at time 

n-1 is 

R(n-1)-1 = 
X(p-1)×(p-1)

x1×(p-1) 
x(p-1)×1

x   ,     

and the inverse matrix of R(n) is expressed as 

R(n)-1 = 
y
y(p-1)×1 

y1×(p-1)

Y(p-1)×(p-1)
   .      

Then using the matrix inversion lemmas [56], we obtain 

R(p-1)×(p-1)(n)-1 = X(p-1)×(p-1) - x(p-1)×1x1×(p-1) / x     

and recursively compute the submatrices of R(n)-1 as: 

Y(p-1)×(p-1) = R(p-1)×(p-1)(n)-1 - 
R(p-1)×(p-1)(n)-1⋅r(p-1)×1(n) ⋅r1×(p-1)(n)⋅R(p-1)×(p-1)(n)-1

r1×(p-1)(n)⋅R(p-1)×(p-1)(n)-1⋅r(p-1)×1(n) - r (n)    

y1×(p-1) = -r1×(p-1)(n)⋅Y(p-1)×(p-1) / r (n)     

y(p-1)×1 = -Y(p-1)×(p-1)⋅r(p-1)×1(n) / r (n)      

y = 1 / r (n) - y1×(p-1)⋅y(p-1)×1 / r (n)      

This recursive matrix update algorithm can greatly reduces the computation relative 

to the optimal MMSE prediction algorithm. However, they have the same performance given 

fixed parameters.  
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3.3.4 Simplified prediction Methods 

Although the matrix inversion is avoided when the recursive update algorithm is 

used, it still involves manipulation of large matrices, and significant computational 

complexity. Below we introduce a reduced complexity simplified MMSE prediction method 

based on the channel observations from the adjacent frequency slots. For the next hopping 

frequency (the predicted frequency), the correlation between these adjacent frequencies and 

the predicted frequency is relatively strong. As a result, fewer samples are needed for reliable 

prediction. Thus, the autocorrelation matrix could be much smaller than that of the optimal 

MMSE prediction method. 

The adjacent frequencies are selected by a window of width 2L+1 and centered at the 

predicted frequency, where L is the number of adjacent frequencies on either side. If there are 

fewer frequencies than L on either side for a given hop, only the available frequencies on that 

side are used. Denote the p most recent observations within this window are c(n-n1), …, c(n-

np), where n-ni is the sampling time of the jth most recent observation within the window. 

Since the simplified prediction method is based on the MMSE criterion, the predicted 

channel coefficients and the optimal prediction coefficients are calculated as in (3.8) and 

(3.9). However, the observations are only from the adjacent frequencies. The coefficients in 

R(n) and r(n) are also computed using the channel observations of the adjacent frequencies. 

And the resulting MMSE is in the same form as in (3.10). 

The simplified MMSE prediction algorithm further reduces the computation due to 

avoiding large matrix manipulation. However, its performance is worse than the optimal 

MMSE prediction algorithm. When the requirement of prediction accuracy is high, the 

optimal MMSE prediction algorithm is preferred. 
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3.4 Numerical and Simulation Results 

3.4.1 Performance of the optimal MMSE algorithm 

In this section, we first investigate the performance of LRP using the optimal MMSE 

prediction methods. Due to the channel estimation, feedback delay and constraints associated 

with transmission format, it is necessary to predict the CSI several milliseconds ahead.  In 

particular, for FH systems, we predict the channel coefficients in the next hop interval. A 

typical hopping rate of slow FH systems is 500 hops per second. Thus, the prediction range 

τTs = 2ms ahead is desirable. 

The theoretical MMSE vs. prediction range τ of the FH channels is illustrated in 

figure 3.8. In the frequency hopping systems, the total number of frequency slots is N = 32. 

The normalized frequency separation ∆fσ is 0.01. Thus the total normalized bandwidth of the 

FH system is 0.32. The maximum Doppler shift fdm is 50Hz. The channel sampling rate fs is 

1KHz. The filter length is p = 50 and the observation SNR is 100dB. In this figure, the 

theoretical MMSE (3.11) is plotted vs. given prediction range. For example, when the 

prediction range is 2ms, the MMSE is about 0.01. As can be seen from the curve, the 

prediction accuracy degrades as the prediction range increases. But for the prediction range 

of several ms ahead, the prediction accuracy is acceptable when the optimum MMSE 

prediction method is used. Thus, long range prediction for FH channels is feasible. 
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Figure 3.8. MMSE vs. prediction range for FH systems, N = 32, ∆fσ = 0.01, fs = 1KHz, fdm = 

50Hz, p = 50 and SNR = 100dB. 

Figure 3.9 shows the MMSE vs. normalized frequency separation ∆fσ for different 

channel sampling rates. The prediction range is τTs = 2ms. The maximum Doppler shift is fdm 

= 50Hz, and there are 32 available frequency slots. The filter length of the optimal MMSE 

prediction is p = 50. We observe that the MMSE increases as the frequency separation grows. 

Given the filter length and the frequency separation, the channels can be predicted more 

accurately by using lower sampling rate. We found that fs = 2KHz has the best performance 

for given parameters. Thus, we choose fs = 2KHz in our further investigation. Since the 

sampling rate is much lower than the symbol rate, interpolation is operated within a dwell 

interval to predict the channel fading coefficients at the symbol rate [31-32]. For example, In 

figure 3.9, the hopping rate is fh = 500Hz, and the sampling rate is fs = 2KHz, thus there are 

four samples in each dwell interval.  In order to reduce the interpolation error, we also predict 
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another sample ahead in the same frequency, although this sample is not in the dwell interval.  

In the interpolation algorithm, these five predicted channel coefficients are interpolated by a 

Raised Cosine filter to generate the estimates of the fading coefficients at the symbol rate in a 

dwell interval, as shown in figure 3.10.  Here, we assume the symbol rate is 20Ks/s, thus 

there are 40 symbols in each dwell interval. 
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Figure 3.9 MMSE vs. normalized frequency separation, fh = 500Hz, N = 32, fdm = 50Hz, τTs 

= 2ms, p = 50. 



 45

5 10 15 20 25 30 35 40
0.75

0.8

0.85

0.9

0.95

1

1.05

1.1

1.15

1.2

1.25

samples in a dwell interval

fa
di

ng
 a

m
pl

itu
de

channel amplitude   
channel samples     
interpolated results

 
Figure 3.10. Channel estimation by interpolation, fh = 500Hz, fs = 2KHz. 

Since the matrix inversion requires heavy computational loads. It is necessary to find 

a moderate filter length p that achieves trade-off between the performance and the 

complexity. In figure 3.11, the MMSE vs. filter length p is plotted for different normalized 

frequency separation (∆fσ = 0.01, 0.05, 0.1). We observe that as p increases, the MMSE 

decreases and saturates at a level that corresponds to the prediction error associated with 

infinite length filter. We also notice that for the realistic normalized frequency separation 

(∆fσ = 0.05, 0.1), the performance for p = 50 is very close to the best performance that can 

be achieved. Therefore, we choose p = 50 in our later investigation. Smaller filter length can 

be used to further reduce the complexity. However, the performance will degrade as shown 

in figure 3.12. 
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Figure 3.11. MMSE vs. p. N = 32, the sampling rate is fs = 2KHz, fdm = 50Hz, the prediction 

range is 2ms. 
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Figure 3.12. MMSE VS. ∆fσ, the Maximum Doppler shift is fdm = 50Hz, the sampling rate is 

fs = 2KHz, the prediction range is 2ms. 
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The hopping pattern is another factor that affects the prediction accuracy. Since it is a 

random frequency sequence, the autocorrelation matrix R and autocorrelation vector r for 

each frequency and each sampling interval are different for different hopping patterns. In 

order to investigate the effect of the hopping pattern, we consider 3 different hopping 

patterns. Patterns 2 and 3 have 32 frequencies, while pattern 1 has 64 frequencies. The 

difference between Patterns 2 and 3 is the order of the frequencies in the hopping pattern. If 

we keep the normalized frequency separation ∆fσ the same for all hopping patterns, the total 

bandwidth for pattern 1 is twice as large as that for patterns 2 and 3. In figure 3.13, the 

performance is compared for hopping patterns 1, 2 and 3. We observe that the performance 

for different hopping patterns that have the same total bandwidth is very similar. However, as 

the total bandwidth of FH systems increases, the prediction accuracy decreases. 
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Figure 3.13. MMSE vs. ∆fσ for different hopping patterns, Fs = 2KHz, τTs = 2ms, fdm = 

50Hz, p = 50. 
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The Doppler shift is another factor that affects the prediction accuracy of the long 

range prediction algorithm. As the Doppler shift increases, the channel undergoes faster 

fading. As a result, it becomes more difficult to predict far ahead accurately. Figure 3.14 

shows that the prediction accuracy of the optimal MMSE prediction degrades as the 

maximum Doppler shift fdm increases. 
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Figure 3.14. MMSE vs. fdm with N = 32 and fs = 2KHz, τTs = 2ms, p = 50. 

3.4.2 Performance of the simplified prediction method 

In this section, we exploit the performance of LRP using the simplified MMSE 

prediction method. In the numerical results below, the following parameters are used: fdm = 

50Hz, fh = 500Hz, N = 32, and the predict range is τ  = 2ms. All results use the same hopping 

pattern. 

In Figure 3.15, we compare the performance of the simplified prediction method and 

the optimal MMSE prediction method. The sampling rate is fs = 2KHz. For the simplified 
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MMSE prediction method, we use 10 adjacent frequencies (L = 10) and the filter length is p 

= 10. For the optimal MMSE prediction method, the filter length is p =50. We observe from 

the results that the performance of the simplified algorithm is worse than the MMSE method 

due to the short observation interval.  
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Figure 3.15 MMSE vs. ∆fσ, fs = 2KHz, fdm = 50Hz. 

Figure 3.16 illustrates the MMSE vs. normalized frequency separation ∆fσ for 

different channel sampling rates. We observe that the prediction accuracy degrades as the 

frequency separation grows. Given fixed filter length, lower sampling rate has better 

performance. We found that fs = 2KHz has the best performance when the Doppler shift fdm = 

50 Hz, and the hopping rate fh = 500 hops per second. As the maximum Doppler shift 

increases, the optimal sampling rate also increases. 
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Figure 3.16. MMSE vs. ∆fσ with different sampling rate, fdm = 50Hz, fh = 500Hz, N = 32, 

filter length is 10, and the predict range is τTs = 2ms. 

In Figure 3.17, we plot the MMSE of the simplified prediction algorithm as the filter 

length p increases. It demonstrates that as the filter length increases, the MMSE decreases 

and saturates. However, the improvement on performance is limited when the filter length is 

greater than 10. Thus, we choose p = 10 in our later investigation. This means that in the 

simplified prediction method, we perform 10 by 10 matrix inversion. The computation is 

much lower than the optimal MMSE prediction method. 

In Figure 3.18, we investigate the MMSE performance of the simplified prediction 

algorithm as the window size varies. It shows there is an optimal window size L that 

minimizes the MMSE. As the filter length increases, the optimal window size also increases. 

However, the improvement on MMSE is limited when the window size is larger that 10.  We 

found the optimal window size is 10 when the filter length is 10. 
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Figure 3.17.  MMSE vs. filter length p, ∆fσ = 0.01, fdm = 50Hz, fh = 500Hz, N = 32, and the 

predict range is τTs = 2ms. 
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Figure 3.18. MMSE vs. window size L, ∆fσ = 0.01, fdm = 50Hz, fh = 500Hz, fs = 2KHz, N = 

32, the predict range is τTs = 2ms. 
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CHAPTER 4 

Adaptive Modulation for Slow Frequency Hopping 

Communications 

4.1 Background 

The tremendous growth in demand for wireless communication has made it important 

to develop new robust power and spectral efficient communication techniques for wireless 

mobile fading channels. However, conventional communication systems designed for the 

worst case channel conditions use fixed link margin to maintain acceptable performance when 

the channel quality is poor. Since the channel changes rapidly, the transmitter and receiver 

are not usually optimized for current channel condition and thus fail to exploit the full 

potential of wireless fading channels [48]. Since high-speed data transmission is envisioned 

for the next generation wireless communication systems [54, 85], it is important to improve 

the bandwidth efficiency of mobile communications while maintaining the low power 

constrain.  To realize this goal, one solution is to adapt the signal transmission to the channel 

conditions. If the channel state information (CSI) can be available at the transmitter, the 

capacity of fading channel can be approached by adapting the transmission parameters to the 

exact fading level. 

Adaptive transmission techniques [2-25] have been widely recognized as a key 

solution to significant performance improvement of the wireless system in mobile fading 

channels. The basic idea of adaptive transmission techniques is to adapt the transmission 

parameters to the current channel condition to take advantage of channel variations. As a 



 53

result, without sacrificing the bit error rate (BER) performance, the transmitter can transmit 

signal at high speed when the channel condition is good, and reduce the transmission rate 

when the channel condition is poor. This allows more efficient usage of the fading channels. 

In this chapter, we first discuss the channel capacity of wireless fading channel with channel 

side information at the transmitter and the receiver. Then different Variable Rate Variable 

Power MQAM adaptive modulation (AM) methods are introduced, and the spectral 

efficiency is evaluated. Finally, we propose an adaptive modulation scheme for slow 

frequency hopping systems, and analyze the performance aided by the long range channel 

prediction algorithm described in chapter 3.  

4.2 Adaptive Modulation 

Figure 4.1 gives the system model of an adaptive modulation system. Assume that the 

channel state information (CSI) can be estimated by the receiver after an estimation time 

delay τe. This estimate is then send back to the transmitter after another delay τd. The total 

delay is τ = τe + τd. The availability of the channel estimation allows the transmitter to adapt 

the transmission parameters to the channel variation. As a result, the potential of wireless 

fading channel can be exploited efficiently. 

An example of adaptive modulation is shown in figure 4.2, in which the modulation 

level is controlled by a threshold. When the channel amplitude is bigger than this threshold, 

16QAM is employed. Otherwise, 4QAM is employed. Figure 4.3 show the simulation results 

of this adaptive modulation method. The threshold is 0.3. The resulting average bit rate is 3.8 

bits per symbol (bps). We observe that adaptive modulation approaches the bandwidth 

efficiency of 16QAM, while retaining the energy efficiency of 4QAM. 
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Figure 4.1 Adaptive transmission system model 

Due to the constraint of complexity, throughout this thesis, we restrict ourselves to 

square MQAM signal constellation of size M = 2, 4, 16, 64. The information bits are mapped 

to a complex symbol as shown in figure 4.4. The average power for BPSK, 4QAM, 16QAM, 

64QAM are d2, 2d2, 10d2, 42d2, where d is the distance between adjacent symbols on the 

constellation. 

 
Figure 4.2. Modulation level selection between 4QAN and 16QAM. 
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Figure 4.3. BER performance for threshold 0.3, the average bits rate is 3.8 bits/symbol. 
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4.2.1 Capacity Bound for Fading Channels 

Adaptive modulation can greatly improve the system performance. The information 

theory places an upper bound on the maximum capacity that can be achieved without 

constraints on the complexity and delay. The capacity of fading channel is addressed in [64]. 

Consider a discrete time channel with stationary and ergodic time variant channel gain c(i) 

and additive white Gaussian noise n(i), where c(i) is complex fading coefficient with average 

power Ω = E[|c[i]|2]. Throughout this thesis, we assume that Ω = 1. The two-sided power 

spectrum density of n(i) is N0/2. Let S−  denote the average transmission power, and B denote 

the bandwidth of the channel. The average received SNR γ−  = S
−Ω /(N0B), and the 

instantaneous received SNR γ(i) = S−α2(i)/(N0B), where α(i) = |c(i)| is the amplitude of the 

complex channel coefficient. Suppose we adapt the transmission power to the instantaneous 

SNR γ, and let S(γ) be the instantaneous transmission power relative to γ  subject to the 

average power constraint 

⌡⌠
0

∞

 S(γ) p(γ)dγ ≤ S
−

     (4.1) 

where p(γ) is the distribution of γ. 

The capacity of fading channel with bandwidth B and average transmission power S−  

is derived by maximizing [64] 

C = S(γ): max{ ⌡⌠
0

∞

 Blog2( 1 + 
S(γ)γ

S
−  ) p(γ)dγ | ⌡⌠ S(γ)p(γ)dγ = S

−
 }  (4.2) 

For the Rayleigh fading channel, p(γ) is exponentially distributed. The power 

adaptation that maximizes (4.2) is given by [64] 
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S(γ)
S
−  = 



1
γ0

 − 
1
γ        γ ≥ γ0

0                γ < γ0

     (4.3) 

for some cutoff value γ0. If γ < γ0, no power is allocated to the symbol transmission. 

Substituting (4.3) into (4.1), we see that γ0 is determined by 

⌡⌠
γ0

∞

 ( 
1

 γ0
 - 

1
 γ ) p(γ)dγ = 1     (4.4) 

Once γ0 is known, the channel capacity is derived by substituting (4.3) into (4.2). 

Then 

C = ⌡⌠
γ0

∞

 Blog2(
γ

 γ0
) p(γ)dγ    (4.5) 

The maximum spectral efficiency is defined by C/B, the channel capacity per herz. 

4.2.2 Variable Rate Variable Power MQAM 

Shannon capacity only tells us the capacity bound that we cannot exceed. It does not 

tell us anything about how to achieve the capacity. In fact, Shannon capacity places no 

restriction on the complexity and delay of the transmission system that achieves the capacity. 

Therefore, we need to find some practical adaptive modulation methods, and derive their 

spectral efficiency. Specifically, we consider variable-rate variable-power adaptive 

modulation scheme using MQAM signal constellation due to their inherent spectral 

efficiency and ease of implementation [2]. In this section, we present the spectral efficiency 

of several variable-rate variable-power MQAM adaptation schemes. These variable-rate 

variable-power adaptive MQAM schemes are: 
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1. Continuous Power Continuous Rate MQAM 

As the name of this adaptive modulation method suggests, both the transmission 

power and the modulation level are continuous. The spectral efficiency for the target bit error 

rate BERtg is maximized by maximizing [2] 

E[log2M(γ)] = ⌡⌠
0

∞

  log2( 1 + 
1.5γ

 -ln(5BERtg) 
S(γ)
S
−  ) p(γ)dγ   (4.6) 

and subject to the power constraint given by 

⌡⌠
0

∞

 S(γ)p(γ)dγ ≤ S
−

     (4.7) 

The power control policy that maximizes (4.6) is given by [2] 

S(γ)
S
−  = 



1
γ0

 − 
1

γK        γ ≥ γ0/K

0                γ < γ0/K
     (4.8) 

where γ0 / K is the optimized cutoff value and K = -1.5 / ln(5BERtg). 

Define γk = γ0/K, and substitute (4.8) into (4.6), the maximum spectral efficiency of 

the continuous power continuous rate adaptation method is given by [2] 

R
B = ⌡⌠

γk

∞
 log2(

γ
 γk

) p(γ)dγ     (4.9) 

2. Continuous Power Discrete Rate MQAM 

Since continuous modulation level cannot be realized, we restrict ourselves to square 

MQAM constellation of size M0=0, M1=2, Mj=22(j-1), j=2,…,4. At each symbol interval, 

depending on γ, we decide which signal constellation to transmit and what the transmission 

power should be. Since the power adaptation is continuous while the constellation size is 

discrete, this adaptation scheme is called continuous power discrete rate adaptation. 
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In this adaptation scheme, the region of γ is divided into N+1 fading regions, each of 

which is associated with a constellation. The data rate for γ falls in the jth fading region is 

thus log2(Mj). The modulation level selection rule is: for a fixed γ, we transmit the largest 

constellation in the set {Mj, j=0,…,N} that satisfies γk
*Mj < γ, where γk

* is a parameter that is 

optimized to maximize the spectral efficiency [2].  

The power control policy that satisfies the BER requirement and the power constraint 

is given by [2] 

S(γ)
S
−  = 



(Mj-1)

1
γK     Mj ≤  γ / γk

* < Mj+1

0                  Mj = 0
        (4.10) 

The spectral efficiency of this adaptation method is just the sum of the data rates 

associated with each fading regions multiplied by the probability that γ falls in that region 

[2]: 

R
B = ∑

i=1

4

log2M(i) p(Mj ≤ γ / γk
* ≤ Mj+1)   (4.11) 

(4.11) is maximized relative to γk
*, subject to the power constraint 

∑
i=1

4
 
⌡

⌠

γk
*Mj

 γk
*Mj+1

 
Sj(γ)

S
−  p(γ)dγ = 1    (4.12) 

There is no closed form solution for γk
*. It is found using numerical searching 

techniques. 

3. Discrete Power Discrete Rate MQAM 

The continuous power discrete rate adaptation can be further simplified by using a 

constant transmission power for each signal constellation. Therefore, each fading region is 

associated with one signal constellation and one transmission power. This adaptation scheme 
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is called discrete power discrete rate adaptation. The transmission power associated with 

each fading region is chosen to achieve the target BER for each associated signal 

constellation. This is a suboptimal power control policy. However, as can be observed in 

figure 4.7, this suboptimal power control policy results in only a little performance loss 

relative to the continuous power continuous rate adaptation method. There is no closed form 

expression for the spectral efficiency for this adaptation scheme. Simulations are used to 

examine the spectral efficiency. 

4. Constant Power Discrete Rate MQAM 

In the constant power discrete rate adaptation scheme, the transmission power is 

constant for all modulation levels. Figure 4.5 shows the BER of M(i)-QAM, i=1,…,4. To 

maintain the BER requirement, smaller signal constellation is selected when the channel gain 

is small. Since the BER monotonously decreases as the channel gain increases, as can be 

seen from figure 4.5, the signal constellation can be chosen by using some thresholds. 

Specifically, when the channel amplitude α falls into the region between αj and αj+1, M(i)-

QAM is employed. The spectral efficiency for this adaptation method is given by 

R
B = ∑

i=1

4

log2(Mj) p(αj ≤ α ≤ Mj+1)   (4.13) 

where p(α) is the pdf of the channel gain α. 

To show how to find the thresholds, we assume the perfect channel state information 

is available as an example. In [2], The BER for AWGN channel with MQAM modulation 

and Gray coding is tightly upper bounded by 

  BERM(i) (γ) ≤ 0.2exp(-1.5γ/(M(i)-1))       for M(i)≥4    

BER2(γ)=Q( 2γ)        for M(i)=2  (4.14) 
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where γ is the instantaneous SNR, and γ=γ−α2. A more exact BER expression for MQAM 

with two dimensional Gray coding is given in [65].  

In Figure 4.6, we plot the exact BER and the BER bound for M(i)-QAM, M=2, 4, 16, 

64. We observed that the exact BER is approximately upper bounded by (4.14) for higher 

SNR. In our investigation, we are interested in the BER that is lower than 10-3. Thus, this 

BER bound is well satisfied in the corresponding SNR region. 

The thresholds for BPSK, 4QAM, 16QAM and 64QAM are calculated as [55] 

α1 = 
Q-1(BERtg)

2γ
      (4.15) 

α2 = 
3ln(5BERtg)

1.5γ       (4.16) 

α3 = 
15ln(5BERtg)

1.5γ      (4.17) 

α4 = 
63ln(5BERtg)

1.5γ      (4.18) 

In Figure 4.7 we compare the spectral efficiency of different adaptive modulation 

methods over Rayleigh fading channel. We also plot the Shannon capacity of the Rayleigh 

fading channel given by (4.5) for comparison. We observe that the continuous power 

continuous rate adaptation method has best performance, since it places no restrictions on the 

constellation size and transmission power. But this also makes it impractical. The constant 

power discrete rate adaptation scheme has worst performance, since the transmission power 

is not optimized with respect to channel variation. We also find that the discrete power 

discrete rate adaptation scheme results in performance loss within 3dB relative to the 

continuous power continuous rate adaptation scheme, which makes it attractive in practice. 
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Figure 4.5. An example of modulation level-controlled adaptive modulation for perfect CSI. 
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Figure 4.6 BER vs. average SNR per symbol for M-QAM 
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Figure 4.7. Comparison of different adaptive modulation schemes. 

4.3 Adaptive Modulation for Realistic Slow Frequency Hopping 

Communications 

In this section, we describe the design of adaptive transmission for slow frequency 

hopping systems based on the discrete power discrete rate adaptation method. To design an 

adaptive modulation system, the following problems have to be taken into account: 

1. Reliable channel state information: Outdated channel estimation is not sufficient and 

will result in serious performance degradation if used in the adaptive modulation. 

Reliable estimate of the CSI in the next hopping interval is crucial for successful adaptive 

transmission. This problem has been discussed in section 3. Long range channel 

prediction method for mobile radio frequency hopping channels can be used to overcome 
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the channel mismatch between the channel at the time of estimation and the channel at 

the time of transmission due to the channel variation. 

2. Determination of the appropriate parameters: Based on the predicted channel fading 

conditions, the transmitter has to select appropriate transmission parameters in order to 

maintain the target BER. There are several adaptation methods, such as adaptive power 

control, adaptive modulation level control, adaptive coding, adaptive transmitter antenna 

array, etc. In this thesis, we employ adaptive modulation selection and adaptive power 

control. In chapter 5, we also present joint adaptive modulation and adaptive transmitter 

diversity method.  

3. Adaptation rate: there are several issues that determine how often parameters of the 

adaptive transmission method should be updated. If vehicle speed is high, the channel 

changes fast. To maintain the target BER, the transmitter has to adapt the transmission 

parameters at a high speed since even a small delay will cause significant performance 

loss in fast time-varying fading channels. On the other hand, if the channel changes very 

slowly, the adaptation rate can be relatively low. The closed form expression for how 

often the transmitter must adapt its transmission parameters as a function of the Doppler 

shift is derived in [2]. It was found that even at high Doppler shift fdm = 100Hz, for 

symbol rate of 100K symbols/s, the transmission parameters remain constant over tens to 

hundreds of symbols. Finally, the adaptation rate is also affected by the hardware 

constraints and pulse shaping at the transmitter.  

In the design of our adaptive modulation and power control methods for realistic slow 

frequency hopping systems, we employ variable rate variable power Multiple Quadrature 

Amplitude Modulation (MQAM) signal constellations [2] due to their inherent spectral 
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efficiency and ease of implementation. Assume fixed transmission power Es per symbol, the 

average Signal to Noise Ratio (SNR) is γ−  = Es/N0. The instant SNR γ=γ−α(t)2 , where 

α(t)=|c(f(t),t)| is the Rayleigh distributed channel amplitude [44]. Since ĉ(f(n),n) in (3.2) is a 

linear combination of complex Gaussian random variables, it is also a zero mean complex 

Gaussian random variable. Thus, the predicted channel amplitude α̂=|ĉ(f(n),n)|  is also 

Rayleigh distributed. 

In the adaptive modulation, we adjust the modulation level according to the predicted 

channel amplitude to maintain the target bit error rate (BER) BERtg. A decision rule for the 

modulation level selection based on the prediction accuracy was investigated in [11,54]. Let 

α̂ be the predicted channel amplitude. The current channel condition is characterized by the 

conditional probability density function (pdf) of α given α̂ 

 p(α|α̂) = 
2α

(1-ρ)ΩI0(
2 ραα̂

(1-ρ) ΩΩ̂
)exp(-

1
(1-ρ)(

α2

Ω  + 
ρα̂2

Ω̂
))     (4.19)    

where ρ is the correlation coefficient between the actual channel power α2 and the predicted 

channel power α̂2 and is given by 

ρ = 
cov(α2,α̂2)

var(α2)var(α̂2)
          (4.20) 

0 < ρ < 1, Ω = E[α2] and Ω̂ = E[α̂2], I0 is the zero order modified Bessel function. Figure 4.8 

illustrate the conditional pdf for different ρ. We observe that as ρ increases, the curve 

becomes sharper. This means the prediction is more accurate. 

The average BER of M(i)-QAM given α̂ then can be evaluated by average the BER 

bound of M(i)-QAM over the conditional pdf given by (4.19) 
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Figure 4.8. conditional pdf of α given α̂ (α̂=0.6). 

    BERM(i)
*(γ−,α̂) =⌡⌠

0

∞

BERM(i)(γ−α2) p(α|α̂)dα           (4.21)  

where BERM(i)(γ) is the bit error rate of M(i)-QAM given the instantaneous SNR γ.  

The modulation level selection method is defined as follows: the range of the channel 

amplitudes is divided into 5 fading regions by thresholds αi, i=1,…,4. For the predicted 

channel amplitude α̂, when αi<α̂<αi+1, M(i)-QAM is employed, where M(1)=2, M(i)=22(i-1), 

i=2,3,4, α5=∞. When α̂<α1, no signal is transmitter. We call it transmission outage. 

The thresholds αi for M(i)-QAM is chosen as BERM(i)
*(γ−,α i) = BERtg . It is the 

predicted channel coefficient that makes the average BER equal to the target BER. There is 

no closed form solution for the thresholds. Numerical searching technique is used to find the 

thresholds for the given target BER and average SNR. 
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Once the modulation level is selected, a power control policy must be found to 

maintain the target BER. Continuous power control policy is very complex since each 

predicted channel coefficient has to be associated with a transmission power. On the other 

hand, if a constant transmission power is employed for all modulation level, the average BER 

would be much lower than the target BER. To maintain a constant BER and to reduce the 

average power, we employ the discrete power control policy described in section 4.2.2 due to 

its suboptimal performance. That is, for each signal constellation, a constant transmission 

power is found to maintain the target BER. Here, we just extend the discrete power control 

policy to the case where the channel state information is predicted. In particular, once the 

thresholds are calculated as above, each modulation level is associated with a constant 

transmission power Es(i) selected to maintain the target BER.  

Finally, we analyze the performance of the proposed discrete power discrete rate 

MQAM adaptive modulation systems. Assuming the ideal Nyquist signal, the spectral 

efficiency takes on the same value as the average number of bits per symbol (BPS): 

  R̂ada=∑
i=1

4

log2M(i) ⌡⌠
αi

αi+1

pα̂(x)dx            (4.22)   

where pα̂(x) is pdf for Rayleigh fading channels. For the discrete power control policy, the 

actual average transmission power is: 

 Pavg=∑
i=1

4

Es(i)⌡⌠
αi

αi+1

pα̂(x)dx                 (4.23)   

According to the modulation switching policy, the transmission is interrupted if the 

fading gain α falls below the threshold. Thus, adaptive modulation suffers an outage 

probability which is given by 
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Pout = ⌡⌠
0

α1

pα̂(x)dx    (4.24) 

4.4 Numerical and Simulation Results 

In this section, we investigate the performance of slow frequency hopping system 

using the proposed adaptive modulation method. We first use the standard Jakes model to 

validate the performance of the discrete power discrete rate adaptive MQAM described. In 

the evaluation of the performance of SFH with adaptive modulation, the BER is obtained by 

simulations and the spectral efficiency is computed numerically using (4.22). When 

calculating the thresholds, the conditional probability density function (4.19) is used in 

(4.21), and ρ is estimated by simulation. The following parameters are used in the 

simulations. The maximum Doppler shift is 50Hz. The frequency-hopping rate is 500Hz. The 

channel sampling rate is 2000Hz. A random hopping patter with length 32 is employed. The 

filter length of the optimum MMSE prediction algorithm is 50. For the simplified prediction 

method, the filter length is 10, and 10 adjacent frequencies are used in the prediction. The 

symbol rate is 20 Ksymbols/sec. The modulation level is switched at the symbol rate. The 

target BER is 10-3. We will verify by simulation that the target BER can be maintained for 

the adaptive modulation methods aided by the LRP. 

The spectral efficiency of the proposed adaptive modulation method is plot in figure 

4.9. We observe that significant gain can be achieved relative to the non-adaptive 

modulation. The gain depends on the normalized frequency separation. For example, if the 

normalized frequency separation is 0.05, the gain is 9-12 dB or 2-2.5BPS. If ∆fσ is smaller, 

greater gains can be achieved as illustrated in the figure. For ∆fσ = 0.01, the spectral 
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efficiency with the MMSE prediction method is almost equal to the BPS with perfect CSI. 

For ∆fσ = 0.1, the gain relative to the non-adaptive modulation is about 3dB, or 1 BPS. 

The performance of adaptive modulation as a function of normalized frequency 

separation is illustrated in figure 4.10. We observe that the spectral efficiency of adaptive 

modulation degrades as ∆fσ increases. The FH system benefits from adaptive modulation 

primarily when ∆fσ does not significantly exceed 0.1. As ∆fσ grows, the spectral efficiency 

saturates and approaches that of non-adaptive modulation. Thus, for large normalized 

frequency separation, the FH systems will not benefit from adaptive modulation. However, 

the benefit of frequency diversity is greater as ∆fσ increases. 

Typical values of the delay spread are on the order of microseconds in outdoor radio 

channels [44]. Suppose σ is 1µs, representative of suburban areas. Then FH systems would 

benefit from adaptive modulation when the frequency separation is as large as 100KHz (∆fσ 

≈ 0.1). If σ is 10µs, the frequency separation of FH systems has to decrease to 10kHz to 

obtain good performance. In realistic FH systems [59], the symbol rate is on the order of tens 

of ksps (kilo symbols per second). Thus, the frequency separation of FH systems is often less 

than 100KHz. Therefore, adaptive modulation aided by the proposed channel prediction 

methods is feasible for these systems. 

Note that as the number of frequencies q grows, the prediction accuracy decreases 

(Figure 3.13). For example, we employ q = 32 frequencies in our investigation. For this q, 

∆fσ should not significantly exceed 0.1 to benefit from adaptive modulation. As q increases, 

lower ∆fσ is required for reliable performance. We have found that adaptive modulation is 

useful when the total normalized bandwidth (q∆fσ) is on the order of 3 or lower. In most 

slow FH systems, the number of carriers is modest, i.e. q = 32 is a typical value. 
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In Figure 4.11, we plot the spectral efficiency of adaptive modulation as a function of 

the filter length (p = 50, 40, 20). In figure 3.11, we have observed that as the filter length p 

decreases, the prediction accuracy degrades. Here we observe that the spectral efficiency 

decreases as the filter length decreases. However, for p = 20, the performance gain relative to 

the non-adaptive modulation is still 3-5dB. If the filter length becomes even smaller, the 

benefits of adaptive modulation would be very small. When p = 1, the outdated CSI is used 

in the adaptive modulation.  
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Figure 4.9. Spectral efficiency of the optimum MMSE prediction algorithm. 
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Figure 4.10. Spectral efficiency vs. ∆fσ. 
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Figure 4.11. BPS VS. average SNR for different filter length. 
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In figure 4.12, we compare the spectral efficiency of adaptive modulation for 

different hopping patter. These hopping patterns are the same as used in figure 3.13. We 

observe that given fixed normalized frequency separation ∆fσ, the spectral efficiency 

decreases as the total number of frequency increase. For the hopping pattern with 64 

frequencies and ∆fσ=0.05, the performance is closed to that of the non-adaptive modulation. 

In this case, the total normalized frequency separation N∆fσ = 3.2. Figure 4.13 shows the 

spectral efficiency of the adaptive modulation systems for different maximum Doppler shift 

fdm. We observe that the performance gain is considerable when fdm is moderate. However, 

for fdm as large as 100Hz, the performance of the adaptive modulation systems is still better 

than the performance of the non-adaptive systems. Figure 14 gives the performance of 

adaptive modulation when the simplified prediction method is used. Compared to figure 4.8, 

we observe that the performance is worse than when the MMSE prediction method is used. 
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Figure 4.12. Spectral efficiency vs. SNR as a function of total bandwidth, fdm=50, fs=2KHz. 
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Figure 4.13. Spectral efficiency of adaptive modulation for different fdm, optimal MMSE 

prediction method. ∆fσ = 0.05. 
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Figure 4.14. Spectral efficiency of the simplified prediction method. 
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Finally, we verify the bit error rate of the adaptive modulation systems based on the 

proposed method. The simulation results are illustrated in figure 4.15. We observe that by 

adapting the modulation level and transmission power to the channel variations, the target 

BER is maintained.  
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Figure 4.15. BER of SFH with adaptive modulation, optimal MMSE prediction method, ∆fσ

=0.05, and BERtg=10-3. 

4.5 PERFORMANCE FOR THE PHYSICAL MODEL 

In this section, we use the realistic physical model described in section 2 to test the 

performance of adaptive modulation aided by the LRP. Since the channel is non-stationary 

and the channel statistics are not available at the transmitter, the spaced-time correlation 

function Rt(k) and the spaced-frequency correlation function Rf(∆f) need to be estimated 

when new observations become available. Specifically, we use the pilot symbol aided 
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estimation methods given in chapter 3 to estimate Rt(k) and Rf(∆f). The prediction 

coefficients d’s are then updated to track the channel parameters variation. 

In the presence of noise at the observations, R(τ, k∆f) can’t be separated as the 

product of Rt(k) and Rf(∆f). If we still estimate Rt and Rf separately, and calculate R(τ, k∆f) 

using (2.21), it results in the estimation error of R(τ, k∆f). However, by using noise reduction 

methods described in [34,39], the observation SNR can be very high (we assume 100dB). As 

a result, the estimation of R(τ, k∆f) is close to the noiseless case. 

We use the optimal MMSE prediction method in the long range prediction of the 

physical model, where the autocorrelation matrix is updated as channel varies. The goal is to 

investigate the updating rate of the spaced-time correlation function and the spaced-

frequency correlation function. The maximum Doppler shift is 50Hz. The channel sampling 

rate is 2KHz in the LRP. The prediction range is 2ms ahead. The target BER is 10-3. The 

frequency separation between adjacent frequencies is ∆f = 50kHz. Thus, ∆fσ = 0.05. In our 

investigation, a typical scenario and a challenging scenario are created to investigate the 

update rate of the time and frequency correlation function. The reflectors are arranged to give 

an approximately exponential distribution with the average rms delay spread σ = 1µs. Figure 

4.16 (a) and 4.16 (b) give the sketches of the geometries of the typical scenario and the 

challenging scenario. Figure 4.17 shows the variation of σ in these two scenarios. We 

observe that, in the typical case, the RMS delay spread σ varies slowly. In the challenging 

case, σ varies rapidly in a wide range. 

First we examine the updating rate of the frequency correlation function. Figure 4.17 

tells us that the variation of the rms delay spread is slow relative to the sampling rate fs in 

both typical and challenging cases. Especially in the typical case, RMS delay varies slowly. 
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Since the frequency correlation function depends on the frequency separation and the rms 

delay spread σ, it might be updated at a low rate while still maintaining an acceptable 

performance. Figure 4.18 shows the performance of adaptive modulation in the typical and 

challenging cases as a function of the update rate of the frequency correlation function. Here, 

the time correlation function is estimated at the hopping rate. We observe that if the 

frequency correlation function is updated only one time per second, the performance loss is 

significant, especially in the challenging case. As the update rate increases, the bit rate 

increases and saturates at the best performance that adaptive modulation can achieve in the 

physical model. For the typical case, the full capacity can be approached by updating the 

frequency correlation function two times per second. For the challenging case, we need to 

update the frequency correlation function more frequently. However, 5-10 times per second 

is sufficient to approach the best performance in the challenging case. 

Time correlation function can also be updated at a lower rate. As a result, 

computation can be saved. Figure 4.19 shows the performance of adaptive modulation in the 

physical channels as a function of the normalized update rate, rt/fh, of the time correlation 

function. Here, the update rate of the time correlation function is normalized by the hopping 

rate fh, and rt is the update rate of the time correlation function. The frequency correlation 

function is updated eight times per second. We see that for the typical case, the time 

correlation function changes slowly. Thus it can be updated at a relatively low speed. For the 

challenging case, the time correlation function changes quickly. As a result, we have to 

update the time correlation function frequently. From figure 4.19 we observe that, for the 

typical case, the time correlation function can be updated at the normalized rate of 0.02 
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without much performance loss, while in the challenging case, the time correlation function 

should be updated at half of the hopping rate in order to achieve the full capacity. 

 
Figure 4.16 (a). Geometry of the typical scenario. 

 
Figure 4.16 (b). Geometry of the challenging scenario. 
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Figure 4.17. The variation of RMS delay σ in the typical and challenging cases. 
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Figure 4.18. BPS vs. update rate of the Rf, average SNR=25dB, BERtg=10-3. 
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Figure 4.19. BPS vs. normalized update rate of Rt, average SNR=25dB, BERtg=10-3. 

 

Finally, in Figure 4.20, we compare the performance for adaptive modulation in the 

Jakes model and the physical model. For the physical model, the time correlation function is 

updated at the hopping rate, and the frequency correlation function is updated eight times per 

second. We see that though the performance for the physical model is worse than the 

performance for the Jakes model, it is still much better than the performance of non-adaptive 

modulation. 
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Figure 4.20. BPS vs. average SNR, ∆f=50kHz for the typical case and challenging case, 

∆fσ=0.05 for the jakes model, N=32, fh=500Hz, fs=2kHz, BERtg=10-3. 
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CHAPTER 5 

Adaptive Modulation for Slow Frequency Hopping 

Communications with Partial-Band Interference 

5.1 Background 

With the growing demand for mobile radio and personal communication services, there 

is much concern in the communication industry with the increasingly overcrowded frequency 

spectrum. To efficiently utilize the spectral resource and continue supporting the existing 

narrow band users, current and emerging communication services that employ spread 

spectrum techniques are operating as overlay systems in the multi-user environment. 

Although spread spectrum communications (DS-CDMA, FH-CDMA) are naturally resistant 

to narrow band interference [69], the performance still can be seriously degraded if the 

interference is very strong and suppression of interference is not employed, especially for the 

frequency hopping communications [43]. Meanwhile, it is also known that active methods of 

narrow band interference suppression not only improve the BER performance [67], but also 

significantly increase the CDMA system capacity [68]. Thus, it is important and interesting 

to investigate narrow band interference suppression techniques in the next generation 

communication systems. 

Partial band interference (PBI) arises in a number of types of spread spectrum systems. 

One typical partial band interference is known as narrow band jammer in military spread 

spectrum communications, in which the interference is hostile and the goal is to interrupt 

successful communication. Another situation in which partial band interference can be a 
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significant factor is in systems that are deployed in unregulated frequency bands, such as the 

industrial, scientific and medical (IMS) band.  Finally, in some countries, the spectrum for 

the third generation systems is allocated in bands that are occupied by narrow band services. 

Thus, the issue of partial band interference in spread spectrum systems is increasingly 

important in the development of future advanced communication systems.  

An important property of PBI is that its bandwidth is much smaller than the bandwidth 

of spread spectrum signal. Although the narrow band signal has very high spectral density, its 

energy only concentrates near one frequency and in a very narrow bandwidth. In the 

literature, PBI is usually modeled as a zero mean Gaussian random process with flat power 

spectrum density.  It occupies a small fraction δ (0 < δ < 1) of the total bandwidth of the FH 

system. For the frequency band where PBI is present, the one-sided noise power spectral 

density is N0 + δ-1NI, where NI is the average power spectral density of the PBI. For the 

frequency band without PBI, the one side noise power spectral density is N0. 

Extensive research has been conducted to suppress partial band interference in Direct 

Sequence Spread Spectrum (DSSS) systems [70-75]. Most of these partial band interference 

suppression techniques fall into three basic categories: frequency domain interference 

suppression [70,71], predictive techniques [72,73], and coded-aided techniques [74], where 

the basic idea is to utilize the spectrum property of the partial band interference and the 

spread spectrum signal. However, in frequency hopping spread spectrum systems, especially 

for the slow frequency hopping communications, signal is narrow band in each dwell 

interval. Thus, it is not appropriate to use partial band interference suppression techniques for 

the DSSS systems in the frequency hopping systems. New techniques have to be developed 

for frequency hopping communications in the presence of partial band interference. In 
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[21,22], coding is utilized to decrease the BER of SFH systems. A pre-whitening filter is 

used to reject PBI in the fast frequency hopping (FFH) receiver in [24]. Diversity combining 

techniques have also been proposed for the FFH systems with non-coherent detection [23]. In 

this chapter, we investigate joint adaptive frequency diversity and adaptive modulation to 

mitigate the effects of partial band interference and fading in SFH systems with coherent 

detection. 

5.2 Overview of Diversity Combining Techniques 

Diversity is a well known technique to combat signal fading in wireless 

communications. It involves transmitting the same information over several independent 

channels. Since it is rare for all the channels to fade together, the probability that the received 

signals are in the deep fade simultaneously is very small. By combining the received signals 

from different channels, the effect of fading can be greatly reduced. There are several ways to 

achieve diversity transmission [43, 81]. It can be achieved in space by using multiple 

antennas (space diversity). It can also be achieved by transmitting the same information two 

or more distinct times (time diversity). Frequency diversity involves transmitting the same 

information on two or more carrier frequencies. And in polarization diversity, information is 

transmitted vertically and horizontally. It is found that the received signal includes both the 

vertical and the horizontal components, and the fading of these components are 

approximately independent. 

At the receiver, signals from different branches can be combined in a number of ways 

or any combination of them. Let ri(t) be the received signal from the ith branch, the output of 

the linear combiner is expressed as 
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r(t) = ∑
i=1

L

βiri(t)     (5.1) 

where βi is the weight of the  ith branch, and L is the diversity level, which is the total number 

of diversity branches. 

Depending on value of the βi, the diversity combining techniques fall into three main 

groups: Selection Combining (SC), Maximal Ratio Combining (MRC) and Equal Gain 

Combining (EGC).  

1. Equal Gain Combining 

Equal gain combining is the simplest diversity combining technique. It characterized by 

the property that all branches have the same gain, thus βi = 1 for i = 1, …, L, i.e. the received 

signals from all branches are simply added together. 

2. Selection Combining 

The design criterion for selection combining is that, at any given time, the system picks 

the signal with the largest SNR as the output of the receiver. As a result, only one βi equals to 

1, and others are all zero. 

3. Maximal Ratio Combining 

In Maximal Ratio Combining, βi is selected to be proportional to the signal energy and 

reversely proportional to the noise power of each branch. As a result, a strong signal has a 

larger weight than a weak signal. Signal with higher SNR is enhanced. The weighted signals 

are then co-phased and then added together. Realization of this combination requires 

complete knowledge of the channels. 

In out research, we mainly concentrate on selection combining and maximal ratio 

combining with diversity level of two. Next, we briefly review the performance for SC and 
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MRC. We assume that the signal in each branch experiences the independent Rayleigh fading 

with the same parameters. The average SNR of each branch is the same, which is denoted by 

γ-c. The instantaneous SNR of the ith branch is γi for i=1,…,L.  

MRC is the optimal linear diversity combining technique, and it has the best 

performance. The output SNR is the sum of the SNRs of each branch [43,76] 

γ
MRC

 = ∑
i=1

L

 γi      (5.2) 

The average SNR is 

γ-
MRC

 = Lγ-c     (5.3) 

Since channel amplitude is Rayleigh distributed, γi is exponential distributed. The pdf of the 

received SNR γ at the output of the combiner is [43,76] 

fMRC(γ) = 
γL-1e-γ/γ-c

(L-1)!γ-c
L     (5.4) 

The BER for BPSK over flat Rayleigh fading channel is given by [43] 

Pe = (
1-µ
2 )L∑

k=0

L-1

 
 L-1+k
 k 

 
 (

1+µ
2 )k    (5.5) 

where µ = 
γ-c

1+γ-c
 . For L = 2, we have 

Pe = (2+µ)(
1-µ
2 )2     (5.6) 

In the SC, the output SNR is the largest SNR of all branches. Thus 

γ = max{γi, i = 1,…,L}   (5.6) 

The average SNR for selection combining is [76] 
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γ-
SC

 = γ-c ∑
k=1

L
 
1
k      (5.7) 

The pdf of the received SNR at the output of the combiner is [76,77] 

fSC(γ) = 
L
γ-c

(1-e-γ/γ-c)L-1e-γ/γ-c    (5.8) 

The BER for BPSK over flat Rayleigh fading channel is given by [77]  

Pe = 
L
2 ∑

k=0

L-1

 
 L-1
   k 

 
 (-1)k 1

k+1(1 - 
γ-c

γ-c+1+k
)    (5.9) 

where 
 L-1
   k 

 
  = 

(L-1)!
(L-k-1)!k! . For L = 2, we have 

Pe = (1 - 
γ-c

1+γ-c
) - 

1
2(1 - 

γ-c

2+γ-c
)   (5.10) 

 

From (5.3) and (5.6), we observe that the output SNR of MRC is larger than that of SC. 

Thus, MRC outperforms SC. In fact, MRC is the optimal linear diversity combining method. 

As the number of diversity branch increase, the performance of both MRC and SC improves. 

When L is very large, the performance approaches that in AWGN channel. In figures 5.1, we 

plot the performance of MRC and SC as L increases. We observe that as L increases, the 

BER decreases. In this figure, L = 1 correspond to the BER in flat Rayleigh fading channel. 

For comparison, we also plot the BER of BPSK in AWGN channel. It is observed that MRC 

has better performance than SC, and both diversity schemes outperform systems without 

diversity (L = 1). 
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Figure 5.1. BER performance of Maximal Ratio Combining and Selection Combining under 

Rayleigh Fading Channels. 

5.3 Adaptive Modulation for SFH with Partial Band Interference 

We now turn to the problem of frequency hopping in the presence of PBI. It is well 

known that partial band interference seriously degrades performance of slow frequency 

hopping communications. In order to mitigate the effects of partial band interference, we 

propose to use transmitter frequency diversity due to the fact it is rare that all frequencies 

have interference simultaneously. Since adaptive modulation improves system performance 

in the fading channels, we employ joint adaptive modulation and adaptive transmitter 

frequency diversity to improve the performance of slow frequency hopping in the presence of 

partial band interference. To reduce the complexity and to simplify the analysis, just 2 

diversity braches are chosen. During each dwell interval, symbols are transmitted at two 

frequencies simultaneously, and the receiver uses diversity combining techniques to form the 
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decision statistics. These two hopping frequencies f1 and f2 are chosen to have large 

frequency separation to reduce the frequency correlation. For example, frequency f1 can be 

selected according to a hopping pattern first. The other frequency f2 is chosen to be separated 

by half of the bandwidth of the SFH system (given by N∆f/2) from the first frequency f1. For 

a typical normalized frequency separation ∆fσ=0.05, the correlation between these two 

frequencies is only 0.04 (N=32). Note that significant diversity gain can still be achieved 

with correlation coefficient as large as 0.7, with performance close to that of the independent 

fading case [76]. Thus, we can assume independent fading at the two hopping frequencies 

without affecting the performance significantly. 

We assume that the receiver knows perfectly where the partial band interference is 

present. This can be achieved by estimating the noise power at the receiver [43, 78]. At the 

transmitter, the upcoming two frequencies f1 and f2 can be monitored prior to the 

transmission [79, 80] to determine if they have interference. Generally, this knowledge of the 

interference is not reliable, since the interference is time variant. Another method of 

predicting interference is based on Markov chain modeling [46]. Here, we introduce a 

reliability factor η to model the reliability of the prediction of the interference at the 

transmitter. Let Ik denote the indicator function for the presence of interference at the 

upcoming frequency:  

Ik = 


1      interference is present at fk
0      interference is absent at fk

     

Then the probability of the interference at the transmitter is modeled as  

pk = ηIk+(1-η)(1- Ik)     (5.11) 
where η ∈  [0,1]. As η increases, the reliability improves. When η = 1, the transmitter has 

perfect side information about the partial band interference. 
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The proposed combined adaptive modulation and adaptive transmission diversity 

method for the SFH systems operates as follows. According to a hopping pattern, symbols 

are transmitted on two frequencies simultaneously. At the receiver, diversity combining 

techniques [76, 81] are employed to form the decision statistics. When there is no 

interference at both hopping frequencies, Maximal Ratio Combining is used by the receiver. 

When only one frequency has interference, the receiver chooses the reception from the 

frequency that does not has interference. If both frequencies are interfered, we assume an 

error occurs. The receiver can also use the optimal MRC conditioned on the interference and 

noise level [43]. However, our method (MRC+SC) has lower complexity and very similar 

performance to the optimal MRC. The performance comparison between them will be 

presented in figure 5.12 of section 5.4. 

Let f1 and f2 be the two hopping frequencies available for the next transmission 

according to the hopping pattern, and α̂1 and α̂2 be the predicted channel gains at f1 and f2 , 

respectively. The average BER using the MRC + SC method when M(i)-QAM is employed 

by the transmitter is similar to equation (4.21): 

BERM(i)
*(Es,N0,α̂1,α̂2,p1,p2)= (1-p1)(1-p2)⌡⌠

0

∞
 ⌡⌠

0

∞
 BERM(i)(γ=

Es(α1
2+α2

2)
N0

)p(α1|α̂1)p(α2|α̂2)dα1dα2 

+ p2(1-p1)⌡⌠
0

∞
 BERM(i)(γ=

Esα1
2

N0
)p(α1|α̂1)dα1+ p1(1-p2)⌡⌠

0

∞
 BERM(i)(γ=

Esα2
2

N0
)p(α2|α̂2)dα2 + 0.5p1p2 

(5.12) 

where p(αk|α̂k) is the conditional pdf of αk given α̂k, and pk is given by (4.19), and k = 1,2. 

When the optimal MRC is employed by the receiver, the average BER is computed by 
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BERM(i)
*(Es,N0,NI, α̂1,α̂2,p1,p2)=(1-p1)(1-p2)⌡⌠

0

∞
 ⌡⌠

0

∞
 BERM(i)(γ=

Es(α1
2+α2

2)
N0

)p(α1|α̂1)p(α2|α̂2)dα1dα2 

+ p2(1-p1)⌡⌠
0

∞
 ⌡⌠

0

∞
 BERM(i)(γ = 

Esα1
2

N0
 + 

Esα2
2

N0+δ-1NI
)p(α1|α̂1)p(α2|α̂2)dα1dα2   

+ p1(1-p2) ⌡⌠
0

∞
 ⌡⌠

0

∞
 BERM(i)(γ = 

Esα1
2

N0+δ-1NI
 + 

Esα2
2

N0
)p(α1|α̂1)p(α2|α̂2)dα1dα2    

+ p1p2⌡⌠
0

∞
 ⌡⌠

0

∞
 BERM(i)(γ = 

Es(α1
2+α2

2)
N0+δ-1NI

)p(α1|α̂1)p(α2|α̂2)dα1dα2      (5.13) 

When selecting the modulation level, the largest signal constellation that satisfies the target 

BER is employed. The modulation level selection rule can be expressed as: 

M̃ = max{M(i) | BERM(i)
*(Es,N0,α̂1,α̂2, p1,p2) ≤ BERtg}  (5.14) 

In the LRP for channels with interference, past observations at interference free dwell 

interval are used to form predictions about upcoming frequencies (f1 and f2). The optimal 

MMSE long range prediction algorithm with recursive autocorrelation matrix update is 

utilized. While interference degrades the accuracy of LRP, the quality of prediction is 

improved relative to interference free system without diversity. In figure 5.2, we compare the 

prediction accuracy of LRP in interference free systems without diversity and in diversity 

systems with interference, the fractional bandwidth is δ = 0.1 and δ = 0.2. It is observed that 

the prediction accuracy of LRP for diversity system with interference is better than for non-

diversity without interference. 
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Figure 5.2. Long range prediction for channel with PBI, fdm = 50Hz, fs = 2KHz. 

5.4 Sentient Frequency Hopping 

In this section, we introduce a sentient frequency hopping diversity technique that can 

further improves the performance of SFH systems. In this method, channel coefficients of 

several (denoted by L) widely spaced frequencies (selected according to the hopping pattern) 

are predicted, and a subset of r frequencies with the largest channel gains are selected in the 

transmission. The idea is similar to the selective transmitter diversity technique [25], in 

which the antenna with the largest channel gain is selected in the transmission.  

To reveal the advantage of sentient frequency hopping, it is necessary to analyze the 

performance of sentient frequency hopping in a single Rayleigh channel without interference 

first. 
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Perfect CSI 

Assuming perfect CSI is available at the transmitter, the pdf of the largest channel gain 

is given by [76, 77] 

fα(x) = 
Lx
σ2 {1- exp( - 

x2

2σ2 )}L-1exp(-
x2

2σ2 )   (5.15) 

where 2σ2 is the average power of the fading channels. It is normalized to unity in out 

investigation. L is number of the diversity branch (one hopping frequency is selected among 

L frequencies). 

The BER for BPSK can be calculated as [77] 

Pe = ⌡⌠
0

∞
 Q(

2Esx2

N0
)fα(x)dx = 

L
2 ∑

k=0

L-1

 
 L-1
   k 

 
 (-1)k 1

k+1(1 - 
Es

Es + (1+k)N0
)  (5.16) 

If adaptive modulation is combined with sentient frequency hopping, the BPS is 

calculated using (4.22), in which the pdf function is given by (5.15). 

In figure 5.3 and figure 5.4, I plot the BER for BPSK, and the BPS of adaptive 

modulation using sentient frequency hopping, respectively. We observe that the performance 

can be improved greatly as the diversity level increases. In these figures, L = 1 correspond to 

the transmission in a single flat Rayleigh fading channel. 
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Figure 5.3. BER comparison for different diversity level, BPSK, perfect CSI is assumed. 
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Figure 5.4. BPS comparison for different diversity level, perfect CSI is assumed. 
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Predicted CSI 

In practice, the perfect CSI is not available. The hopping frequency is selected based on 

the predicted channel gain of L frequencies. Due to the prediction error, it is possible to 

select the wrong frequency which does not have the largest channel gain indeed. The 

distribution of the channel amplitude of the selected frequency is not given by (5.15) either. 

This will results in performance loss as shown in figure 5.5.  
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Figure 5.5 Performance comparison of sentient FH when using predicted CSI and actual CSI, 

BPSK. 

In figure 5.6, we compare the BER of BPSK for sentient FH as L increases. We 

observe that as the diversity level increases, the BER decreases first. But when L is too large, 

the BER increases. Thus, while performance of sentient FH is better for large value of L 

theoretically, as L becomes very large, the performance degrades due to the prediction error. 

Figure 5.6 shows that L = 4 have near-optimal performance. So in the future, we only use L = 

4 in the investigation of the performance of sentient frequency hopping. In figure 5.7, we 

further compare the BPS performance as L increases. We observe that when L is small, the 
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BPS increases greatly as L increases (from L = 2 to L = 4). However, when L becomes large, 

the improvement of BPS slows down, and L = 4 has the near-optimal performance. 

In the presence of partial band interference, frequency diversity can be used to mitigate 

the effects of PBI. Adaptive modulation can be combined with it to further improve system 

performance. The operation is the same as those for adaptive diversity frequency hopping 

described in section 5.3, except that the hopping frequencies are selected to have the largest 

channel gains. To be specific, the average BER for each modulation level is computed using 

(5.12) (e.g. for r = 2, where f1 and f2 are the two frequencies with the largest prediction 

gains), and the largest signal constellation that satisfies the BER requirement (5.14) is 

selected for the transmission. Due to the larger channel gain, sentient FH has better 

performance than diversity FH. 
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Figure 5.6. BER comparison for sentient FH with different diversity level, predicted CSI is 

used, ∆fσ = 0.05, fdm = 50Hz, fs =2 kHz. 
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Figure 5.7. BPS of sentient FH. Predicted CSI is used, ∆fσ = 0.05, fdm = 50Hz, fs = 2kHz. 

5.5 Numerical and Simulation Results 

Simulations are used to demonstrate the performance of adaptive SFH with PBI for 

typical values of δ (δ = 0.1, 0.2) [82]. The standard Jakes model is used. The frequency 

hopping rate is 500Hz. The normalized frequency separation is ∆fσ = 0.05. The maximum 

Doppler shift is 50Hz. And the sampling rate is 2KHz. The optimal MMSE LRP is used in 

the channel prediction. The prediction range is τTs = 2ms. Adaptive modulation scheme 

described in section 5.3 is used with modulation level selection given by (5.12, 5.14). The 

target BER is 10-3. For diversity FH, we use two-frequency diversity. For sentient FH, L = 4 

and r = 2. In figure 5.8, we plot the BPS performance of adaptive modulation using diversity 

FH and sentient FH under the assumption of perfect knowledge of PBI at the transmitter 

(η=1, pk=Ik). As expected, the performance degrades as δ increases. We observe that the 

performance of sentient FH is better than that of the diversity FH due to its larger channel 
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gain. We also illustrate the BPS of adaptive modulation for a non-diversity system (single 

Rayleigh fading channel) with PBI. In this case, adaptive modulation as in (4.21) is applied 

when the upcoming frequency is interference free, and outage occurs if there is interference. 

Note that when this method is extended to η < 1, the target BER can not be satisfied. So 

diversity is required for channels where the knowledge of PBI is imperfect at the transmitter.  
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Figure 5.8. Performance of adaptive SFH with partial-band interference, Jakes model, τTs = 

2ms, fdm = 50Hz, ∆fσ = 0.05, δ = 0.1, η = 1.0. 

Figures 5.9 and 5.10 illustrate the BPS performance of adaptive diversity FH and 

adaptive sentient FH as a function of η. We observe that the spectral efficiency degrades as η 

decreases. The best performance is achieved for η = 1, when the transmitter has the perfect 

side information about the presence of the interference. For both diversity and sentient FH, 

when the reliability η is low (for example, η ≤ 0.95), the target BER can not be satisfied with 

the uncoded adaptive transmission method proposed above, and in addition, coding methods 
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that provide further diversity are required. However, this investigation is beyond the scope of 

this dissertation. 
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Figure 5.9. BPS for diversity FH, τTs = 2ms, fdm = 50Hz, ∆fσ = 0.05, δ = 0.1. 
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Figure 5.10. BPS for sentient FH, τTs = 2ms, fdm = 50Hz, ∆fσ = 0.05, δ = 0.1. 
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In figure 5.11, we compare the performance of adaptive diversity frequency hopping 

using MRC + SC and using optimal MRC conditioned on the interference and noise level. In 

the MRC + SC scheme, the receiver employs MRC or SC conditioned on the presence of 

PBI. The average BER is computed using (5.12). In the optimal MRC scheme, the receiver 

employs MRC conditioned on the interference and noise level. The average BER is 

computed using (5.13). We observe that the MRC + SC method has very similar performance 

to the optimal MRC method, and it has lower receiver complexity. 

In figure 5.12, we compare the outage probability of adaptive modulation in a single 

Rayleigh channel, adaptive modulation diversity FH and adaptive modulation sentient FH 

with PBI. It is observed that the outage probability of SFH systems can be greatly reduced by 

combining adaptive modulation with diversity techniques in the presence of PBI. 
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Figure 5.11. Performance comparison of adaptive diversity FH using MRC+SC and optimal 

MRC, SIR = 0dB, τTs = 2ms, fdm = 50Hz, ∆fσ = 0.05, δ = 0.1, η = 0.98. 
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Figure 5.12. Comparison of outage probability, Jakes model, τTs = 2ms, fdm = 5 0Hz, ∆fσ = 

0.05, δ = 0.1, η = 0.9. 
 

Finally, we examine the BER performance of the proposed joint adaptive modulation 

and frequency diversity scheme. In figure 5.13, we plot the average BER of diversity 

frequency hopping and sentient frequency hopping using adaptive modulation. The 

frequency hopping rate is 500Hz. The normalized frequency separation is 0.05. The 

reliability η = 0.98, and the fractional bandwidth of the PBI is δ = 0.1. It is observed that the 

BER requirement is be satisfied (BERtg = 10-3) by using adaptive modulation and diversity 

combining techniques in the presence of PBI.  
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Figure 5.13. Average Bit Error Rate, η = 0.96, δ=0.1. 

 

While sentient FH has better performance than diversity frequency hopping due to its 

large average channel gain, it is more complex, since large number of frequencies need to be 

predicted. In practice, it is important to address the effects of these diversity methods on 

other users. While predicting large number of frequencies (L) in sentient FH can increase 

MAI occurs relative to diversity FH, the actual transmission involves only a small number of 

frequencies (e.g. r=2), and selection diversity allows to decrease transmitter power, thus 

reduce MAI. In general, adaptive method reduces transmitter power, and diversity helps to 

mitigate the effects of interference. So these techniques are beneficial in the presence of 

MAI. 
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CHAPTER 6 

CONCLUSION 

The focus of this thesis was on the investigation of the LRP algorithm for realistic 

mobile radio frequency hopping channels and the performance of adaptive modulation for 

SFH communications. In particular, we investigated the optimal MMSE LRP algorithm for 

slow SFH systems that employ coherent detection. This algorithm is an extension of the 

previously xeplored LRP algorithm for the flat fading channels. It utilizes the time and 

frequency domain correlation functions of the Rayleigh fading channels. The LRP algorithm 

characterizes the fading channel using an AR model and computes the MMSE estimate of a 

future fading coefficient based on a number of past channel observations from different 

frequencies. Given fixed filter length, the channel can be predicted more accurately by using 

a sampling rate that is much lower than the symbol rate. In addition, a recursive filter update 

algorithm and a simplified prediction method are proposed to reduce the complexity of the 

optimal LRP.  

Based on the LRP algorithm, an adaptive transmission method that employs discrete 

rate MQAM and discrete power control policy was investigated to improve the spectral 

efficiency of SFH communications over wireless fading channels. Since imperfect CSI is 

employed in the adaptive transmission, a statistical model of the prediction accuracy is 

developed and used in the design of reliable adaptive modulation techniques. Both the 

standard Jakes model and the realistic physical model are employed to test the performance. 

Numerical and simulation results show that significant performance gains can be achieved 

relative to non-adaptive methods. Performance degrades as the normalized frequency 
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separation or the total normalized bandwidth of the slow frequency hopping systems 

increases. For the practical SFH systems, adaptive modulation is beneficial when the total 

bandwidth times the rms delay spread does not significantly exceed 3, and when the 

maximum Doppler shift is under 100Hz. 

For the communications in the presence of Partial-Band Interference, we propose to 

use joint adaptive transmitter frequency diversity and adaptive modulation to mitigate the 

effects of PBI and fading in SFH systems with coherent detection. In SFH systems, diversity 

is achieved by transmitting symbols on several frequencies simultaneously. The receiver 

employs diversity combining techniques to form the detection statistics. In our investigation, 

a reliability coefficient η is introduced to model the accuracy of the knowledge about the PBI 

at the transmitter. Based on this knowledge, adaptive modulation method for diversity FH 

systems is developed. Sentient FH is also introduced to further improve the performance. In 

this technique, channel coefficients of L widely spaced frequencies are predicted using The 

LRP, and a subset of r frequencies with the largest channel gains are selected in the 

transmission. We investigate the performance of both diversity FH and sentient FH using 

adaptive modulation in the presence of PBI. It is found that diversity is required for channels 

where the knowledge of PBI is imperfect at the transmitter. Sentient FH has better 

performance than diversity frequency hopping due to its larger channel gain. We have also 

investigated the performance as the reliability η decreases and found that when η  ≤ 0.95, the 

target BER can not be satisfied with this adaptive transmission method, and in addition, 

coding methods that provide further diversity are required. 
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