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Abstract 
 

Orthogonal Frequency Division Multiplexing (OFDM) is one of the most popular 

modulation techniques employed in wireless communication systems. Although, the 

development in wireless communications has been very rapid in the recent years, the mobility 

in these systems is limited. The relative mobility of the transmitter and receiver causes a 

frequency shift (Doppler shift) which destroy the orthogonality of the subcarriers in time-

variant multipath channels and causes inter-carrier interference (ICI).  

In high-mobility environments, using a novel FFT based equalization technique the 

channel can be equalized with low complexity. Before equalization, however, this linear time-

variant (LTV) channel needs to be estimated. For channel estimation a compressive estimation 

framework is considered to be more specific the delay-Doppler search orthogonal matching 

pursuit (DDS-OMP) algorithm. It is a novel matching pursuit based channel estimation 

algorithm with significantly lower complexity compared to the traditional matching pursuit 

(MP) algorithms. The performance of the MP algorithms is significantly dependent on the 

underlying dictionary which is used for estimation. The goal of this thesis is to work on the 

design of the dictionary for the DDS-OMP algorithm. In this thesis, the traditional dictionaries 

used for MP algorithms and a Fourier atom based optimized dictionary is discussed and 

implemented. Additionally, three dictionaries based on Fourier and cosine atoms are proposed 

and implemented. The design for adaptive dictionaries is also described with a goal to reduce 

the complexity of the channel estimation. 

The channel estimation with the various dictionaries is implemented for the Digital 

Video Broadcasting – Second Generation Terrestrial (DVB-T2) system using the DVB-T2 

Common Simulation Platform (DVB-T2 CSP) as the platform for simulation. The bit error rate 

(BER) performance of the implemented dictionaries is discussed in the results section.  The 

complexity of the adaptation algorithms and the different dictionaries is also analyzed. With 

the use of adaptive dictionaries a trade-off is made which reduces the complexity of the 

estimation by taking advantage of forward error coding (FEC) in the DVB-T2 system. 
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Chapter 1 

1. Introduction 

Compressed sensing (CS) has gained a considerable attention recently after its 

introduction in 2006 [1]. The basic working principal of compressed sensing is to recover a 

sparse signal by using only a small number of samples/measurements. Compressed sensing has 

also found its way into wireless communication and is used in channel estimation, termed as 

compressive estimation. In a wireless channel there are a small number of strong paths which 

determine the channel impulse response [2]. Due to these small number of strong paths the 

wireless channel is sparse in nature and we can use CS for channel estimation. The reason why 

CS has gained this much popularity in such a short amount of time is because it allows us to 

approximate sparse signals with a handful of samples compared to the relatively larger number 

of samples required by the Shannon-Nyquist rate. 

According to the Shannon theorem, we can exactly recover a bandlimited signal by 

uniformly sampling the signal at a rate higher than twice of the highest frequency present in 

the signal. The Shannon theorem does not care for the sparsity in the bandlimited signal but, 

only for the frequency range of the signal. Hence, the number of samples required are the same 

for both the sparse and non-sparse case in the same frequency range. Thinking from an 

information theory perspective clearly a bandlimited signal which is sparse has less information 

compared to a non-sparse signal. Hence we should be able to recover a sparse signal with lower 

number of samples compared to a non-sparse signal, this is the idea compressed sensing builds 

on. The fundamental principal of CS is that instead of sampling a sparse signal at a higher 

sampling rate and then compressing this sampled data, it directly represent the signal in a 

compressed form [3].  

Compressed sensing is different from the classical Shannon sampling in three major 

respects. Firstly, the sampling theorem considers continuous-time signals of infinite length 

whereas CS focuses on measuring finite-dimensional vectors. Secondly, as opposed to actually 

sampling the signal, CS finds the inner products between the signal and some general test 

function called the dictionary. Thirdly, the signal recovery is different for CS compared to the 

traditional Shannon sampling approach. In case of the Shannon sampling framework, the signal 

is reconstructed using Sinc interpolation, whereas in case of CS the signal is recovered using 

non-linear methods like L1 minimization or greedy algorithms [4].  

Compressive sensing (CS) is especially important for wireless communication because 

for estimating the channel we need to acquire samples of the channel. For an orthogonal 
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frequency division multiplexing (OFDM) system, this is normally achieved by pilot based 

channel estimation. In pilot based channel estimation, a pre-determined set of subcarriers carry 

a known signal which is used at the receiver to estimate the effects of the channel. We can 

clearly see that for channel estimation, if a large number of samples are required we need more 

pilots, which directly reduces the spectral efficiency of the system [5]. The use of CS solves 

this problem because we can estimate the channel which is sparse in nature with the use of a 

fewer number of pilots sub-carriers.  

Compressed sensing (CS) takes advantage by using the sparse representation of a 

signal. It can be better explained with a simple example. For example, we have a wideband 

sparse signal in the frequency domain. The frequency range (bandwidth) of the signal is several 

thousand hertz, however the signal only has ten frequency components. Traditional sampling 

requires that, we sample the signal in the time domain at a sampling frequency which is higher 

than twice of the maximum frequency component of the signal. However, if we take the Fourier 

transform of the same signal, we can reconstruct this sparse signal accurately with only ten 

frequency components. By using the Fourier transform we have obtained a sparse 

representation of a signal which was not sparse in the time domain. 

This trivial example gives a feeling of how a signal can be sparse in one domain and 

not in the other. CS uses dictionaries which capture this effect. The dictionary determines the 

sparsity of the signal in the corresponding domain and it takes advantage of this sparsity. It is 

straightforward to see that the dictionary is very important and directly effects the 

reconstruction performance in terms of both compression and accuracy. The goal of this thesis 

is to determine the effect of this dictionary for compressive estimation scenarios in a time-

varying environment. 

1.1. Background 

In this section some background literature on wireless communication and standards is 

provided, which is necessary for a better understanding of the thesis. The orthogonal frequency 

division multiplexing (OFDM) and the second generation digital video broadcasting system 

(DVB-T2) in particular are described. 

1.1.1. Orthogonal Frequency Division Multiplexing 

Orthogonal frequency division multiplexing (OFDM) is a key ingredient in most of the 

recent communication standards like digital video broadcasting (DVB-T2), digital audio 

broadcasting (DAB), IEEE 802.11a/g/n wireless local area networks and IEEE 802.16 wireless 

metropolitan network. OFDM is similar to the classical frequency-division multiplexing. 

Classical FDM divides the bandwidth into non-overlapping channels which are separated by a 

frequency guard band which ensures the two adjacent channels do not interfere with each other. 

OFDM on the other hand is frequency-division multiplexing with overlapping channels. 
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The driving logic behind OFDM is to divide a signal with a high bandwidth requirement 

into a large number of signals with a much smaller bandwidth which are transmitted using 

narrowband subcarriers [6].These narrowband subcarriers (sub-channels) are orthogonal as 

well as overlapping. This overlapping characteristic of OFDM makes it very spectrally 

efficient. The narrowband sub-channels are centered at harmonic frequencies which makes 

these sub-channels orthogonal. The available data which needs to be transmitted can be 

modulated onto these large number of narrow band sub-channels with the use of inverse Fast 

Fourier transform (IFFT) with low complexity. The sub-channels generated by the use of 

OFDM provide Inter Symbol Interference (ISI) free transmission. 

The robustness of OFDM over multipath channels comes at a price, it is achieved by 

the use of cyclic prefix (CP) which leads to a loss in spectral efficiency. The OFDM symbol 

on both the time and frequency axis is shown in Fig. 1.1. We can see that the guard interval is 

present between the adjacent symbols on the time axis. The guard interval is created using a 

cyclic prefix which is actually a copy of the last part of the symbol attached to the beginning 

of the same symbol. There is also a guard band which exists between the adjacent OFDM 

symbols in the frequency domain. The use of guard band is to ensure that there is no aliasing, 

since the spectrum is not limited to half of the sampling frequency [7]. For OFDM the 

orthogonality between the subcarriers/sub-channels is very important. In case of a high 

mobility environment, the channel between the transmitter and receiver can be time varying 

thereby causing Doppler shift. This Doppler shift leads to a loss in the orthogonality of the 

subcarriers resulting in inter-carrier interference (ICI). This ICI severely degrades the 

performance of the overall system.  

  

The use of OFDM technique in any communication system has advantages as well as 

disadvantages [6]. Because of the many advantages that come with the use of OFDM, it has 

been incorporated in many communication standards like digital video broadcasting (DVB) [8] 

Figure 1.1 Orthogonal Frequency Division Multiplexing (OFDM) Symbols [6] 
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and IEEE 802.11a and 802.11g [9]. The narrowband communication with the OFDM technique 

makes it robust to multipath components in the channel. The robustness of OFDM to multipath 

components is due to the use of guard interval. These narrow bands need to be modulated to 

large number of harmonic frequencies which seems to be very expensive but with the use of 

the IFFT algorithm this modulation can be done very cost effectively. In practical wireless 

systems, the service providers have strict conditions for spectrum masks which need to be met. 

The spectrum of an OFDM system resembles a box which is why it can efficiently utilize the 

spectrum leased by the service providers. 

In most scenarios, the disadvantages of using OFDM can be ignored but in some 

scenarios these disadvantages can hinder the use of OFDM altogether. The most significant of 

those is the presence of ICI in case of a high mobility environment as explained above. Another 

disadvantage of OFDM is the High peak-to-average-power ratio (PAPR) which requires a 

linear transmitter circuitry which is expensive and inefficient. PAPR reduction algorithms are 

used in communication systems like DVB-T2 in order to avoid this issue. 

1.1.2. DVB-T2 Standard 

The Digital Video Broadcasting – Second Generation Terrestrial (DVB-T2) system was 

designed to replace its older counterpart digital terrestrial television broadcasting system 

(DVB-T) [8]. DVB-T2 uses the same spectrum characteristics as DVB-T but offers a higher 

efficiency, robustness and flexibility [10]. The efficiency of the DVB-T2 system is about 50% 

more than DVB-T with the use of more advanced forward error coding (FEC) schemes, up to 

32K FFT modes and additional guard interval sizes [8]. The block diagram of the DVB-T2 

Transmitter is shown in Fig. 1.2.  

 

The first block in the transmitter chain for the DVB-T2 system is the input processing 

module which converts the incoming data stream into DVB-T2 baseband frames also known 

as the BBFRAMES. These baseband frames are then processed by the FEC block in the 

transmitter chain which encodes them using a concatenated encoder. The DVB-T2 system has 

support for two FEC code word lengths (16200 bits & 64800 bits) and six code rate (1/2, 3/5, 

2/3, 3/4, 4/5 & 5/6). It uses an encoder with the inner code as Low Density Parity Check 

(LDPC) codes and the outer code is Bose-Chaudhuri Hocquengham (BCH) codes [8]. The class 

of LDPC codes used in DVB-T2 are extended irregular repeat accumulate (eIRA) codes [11]. 

Data In
Input 

Processing 
Module

BCH/LDPC 
Encoder

Bit Interleaver
Demux Bits to 
Cell and Gray 

Mapping

Constellation 
Rotation & Q-
Cyclic Delay

Cell and Time 
Interleaver

Cell Mapper 
and Frequency 

Interleaver

OFDM Frame 
Adaptation

IFFT and 
Guard Interval

Carrier 
Modulation

Communcation 
Channel

Data to 
Receiver

Figure 1.2 Block Diagram of the DVB-T2 Transmitter 
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The BCH codes are shorter codes whereas the LDPC codes are longer codes. Conventionally, 

longer codes are used as outer codes and shorter codes are used as inner codes. The reason why 

these roles are interchanged in the DVB-T2 standard is because the LDPC codes have an error 

floor and the shorter BCH codes are perfect for fixing these spurious errors. These concatenated 

codes provide an excellent protection against transmission errors. 

This encoded data is then passed to the bit interleaver which bit interleaves this encoded 

data. In the bit interleaver after parity interleaving a column twist interleaving is performed [8]. 

This interleaved data is then mapped to a coded and modulated FEC block. This is done by 

first converting input bits into parallel cell words and then mapping them onto constellations. 

The constellation rotation with cyclic Q-delay is an optional module in the DVB-T2 standard. 

The use of this module provides resistance to deep fading which may occur in the channel [10]. 

This constellation mapped data is then forwarded to the cell interleaver and time interleaver 

block. In the cell interleaver, the cells words of a FEC block interleaved in order to make sure 

that the channel distortions on the FEC blocks are spread out to different code words. The cells 

of groups of FEC Blocks make up T1-Blocks, which are combined to form interleaving frames. 

In the time interleaver part of this block, the interleaving frames are interleaved. 

The cell and time interleaved data is then passed to the cell-mapper and frequency 

interleaver block. The cell-mapper converts these modulated cells into their corresponding 

OFDM symbols and the frequency interleaver operates on the data cells of every OFDM 

symbol and maps the data cells from the cell-mapper onto the active data carriers in every 

symbol for the selected OFDM mode. The frequency interleaved data is then forwarded to the 

OFDM frame adaptation block which divides the modulated stream of symbols into OFDM 

symbols and add pilots along with the signaling information to the different OFDM symbols. 

The parameters for the different OFDM modes are given in Table 1.1.  

Parameters 
1K 

mode 

2K 

mode 

4K 

mode 

8K 

mode 

16K 

mode 

32K 

mode 

Number of Carriers 853 1705 3409 6817 13633 27265 

Symbol Duration TU 1024×T 2048×T 4096×T 8192×T 16382×T 32768×T 

Symbol Duration TU for 

8MHz channels (µs) 
112 224 448 896 1792 3584 

Carriers Spacing 1/TU 

(Hz) 
8929 4464 2232 1116 558 279 

Note: T is the Elementary Period and depends on the Bandwidth. For the 8MHz case 𝑇 =  7 64⁄  𝜇𝑠 

 

The OFDM symbols are then forwarded to the IFFT and Guard interval block, where 

the IFFT block converts the symbols in the time-domain by using the IFFT algorithm. The 

corresponding guard interval is added to the time-domain symbol by the Guard interval part of 

Table 1.1 OFDM Parameters for DVB-T2 System 
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this block. The guard interval is added by appending the end part of each symbol in the 

beginning. The time-domain signal is then passed to the carrier modulation block which 

modulates the signal to the carrier frequency. At this point the DVB-T2 signal is ready for 

transmission into the broadcasting network. At the receiver the reverse operation is performed 

for decoding the signal. With the addition of the channel estimation and equalization blocks. 

The purpose of these blocks is to estimate the channel impairments and equalize these effects 

respectively. The DVB-T2 system uses a least square (LS) estimator and equalizer. The main 

focus of this thesis is on the channel estimation and equalization blocks in the DVB-T2 

standard. In order to improve the performance of the DVB-T2 system in a time-varying 

environment, more accurate channel estimation and equalization schemes are implemented. 

1.2. Motivation 

It is quite clear up to this point that for compressive estimation, the dictionary has a 

direct impact on the performance of the channel estimation, which is the motivation for this 

thesis. If a signal can be perfectly represented with a few dictionary elements accurately, then 

we have less coefficients to save and equalize for channel estimation which reduces the 

complexity of the estimation and equalization. If the dictionary used cannot estimate the signal 

accurately, then the CS algorithm will use the inaccurate dictionary elements to represent the 

signal. Which in most cases results in a non-sparse representation. In addition, there is also a 

reconstruction error between the original signal and the reconstructed signal. For example, if 

we have a square wave signal and we represent it with sinusoids elements we need an infinite 

number of elements. However, if square wave elements are used then we can represent the 

signal with one element. In case of square wave elements, the advantage is not only that we 

have a sparse representation but also, the reconstructed signal is exactly the same as the original 

signal. In case of the sinusoidal elements, the generated square wave will have oscillation 

instead of a constant amplitude which is actually the reconstruction error.  

There might also be cases where, the original signal is actually the sum of a very large 

number of sinusoids. In that case the square wave elements will lead to a sparse representation 

however, this representation will not be accurate. If the sinusoid elements are used, we will 

have a non-sparse but an accurate estimation i.e. no reconstruction error. With this example we 

can see that the sparsest representation is not always the most accurate representation. 

The optimal dictionary design for MP algorithms is such a dictionary, whose elements 

can represent a given signal in the most sparse and accurate manner. With the use of an optimal 

dictionary, the MP algorithm will be able to successfully reconstruct the signal with only a few 

iterations which effectively means selecting a handful of dictionary elements. Intuitively the 

complexity of the MP algorithm would decrease and the estimated channel would also be 

accurate. Hence we can safely say that the dictionary design has a direct impact on the accuracy 

of channel estimation as well as the complexity of the MP algorithms in practical scenarios.  
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For time varying channels the dictionary design can be split up into two parts the delay 

dictionary and the Doppler dictionary. It has been shown that, the delay and Doppler elements 

are independent of each other [12] hence the dictionary design delay and Doppler can be treated 

independently. The dictionary design for the estimation of time varying channel with MP 

algorithms is still an open problem. The goal in this thesis is to determine an optimal Doppler 

dictionary design. The scope of this thesis does not cover the dictionary design for the delay 

components. 

1.3. Thesis outline 

The remaining part of the thesis is organized in the following way. In chapter II, a linear 

time-varying (LTV) channel model for an OFDM system is introduced and a mathematical 

framework is derived. It is followed by a system model, which provides the underlying 

mathematics for compressive estimation and introduces the basic mathematical framework for 

the dictionary design in LTV channels. In chapter III, traditional channel estimation techniques 

are explained along with MP based channel estimation algorithms as well as the novel DDS-

OMP algorithm proposed in [12]. The dictionary design for compressive estimation is also 

explained in chapter III, different dictionaries used for compressed sensing in literature like the 

Fourier, Gabor, Wavelet etc. are introduced as well as an optimized dictionary proposed in 

[13]. Additionally, adaptive dictionaries are introduced in chapter III, which adaptively select 

a dictionary, adapt the resolution of the dictionary, adaptively select the maximum Doppler 

search element in the dictionary and adaptively determine whether to use a dictionary with only 

positive Doppler elements or with both positive and negative Doppler elements. In chapter IV, 

the simulation and results for the various schemes introduced in chapter III are explained. In 

chapter V, the thesis is finally concluded and areas for future work are discussed. 
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Chapter 2 

2. System and Channel Model 

Before going into the technical aspects of channel estimation and dictionary design for 

compressive estimation, it is important to discuss the channel model and system design which 

will be considered throughout this thesis. In this thesis, we specifically deal with an OFDM 

based communication system in a linear time-variant (LTV) channel.  

2.1. Channel Model 

As stated in the title, we focus on linear time-varying channels (LTV) in this thesis, as 

opposed to a time-invariant channel, the channel coefficients of a time-invariant channel do 

not depend on time. In an LTV channel, as the name implies, the coefficients of the channel or 

channel impulse response changes with time. An LTV channel is modeled as a multipath 

channel with relative motion between the transmitter and receiver. Due to the presence of 

multiple paths between the transmitter and receiver, there might be a possibility that a line-of-

sight (LOS) path is present between the transmitter and receiver.  

In case there is no LOS between the transmitter and receiver, it is called a Rayleigh 

fading channel, and it is described statistically by a Rayleigh pdf (probability density function) 

[14]. If there is a LOS component between the transmitter and receiver pair, the channel is 

called a Rician fading channel, and it is described statistically by a Rician pdf. In Fig. 2.1 the 

pdfs of both the Rayleigh and Rician distributions are shown. In the figure, the curves are 

labeled with the Rician factor K, which is the ratio of the power received via the direct path to 

the power received via the reflected paths. The higher the value of K the stronger is the LOS 

component. In case there is no LOS component (Rayleigh Fading) then K =-∞.  

The Rayleigh/Rician fading is a manifestation of the time spread due to the multipath 

components and the relative motion between the transmitter and receiver. The variation in the 

coefficients of the channel comes from the relative motion of the transmitter and the receiver 

namely the Doppler shift. The higher the Doppler shift, the faster these channel coefficients 

change. The time duration for which the channel impulse response is relatively constant or 

invariant is called the coherence time of the channel.  
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In this thesis, we focus on the Rayleigh fading channels since most wireless application 

scenarios only have non-LOS components, also the absence of a LOS components represents 

the worst case scenario. For a linear time-varying channel in a multipath environment, the 

channel impulse response for the m-th channel tap and i-th sample is mathematically given as

𝒉[𝒊,𝒎] = ∑∑(𝑼)𝒌,𝒍𝒆
𝒋𝟐𝝅𝒇𝒍𝒊𝒔𝒊𝒏𝒄 (𝒎 −

𝝉𝒌
𝑻𝒔
)

𝑳−𝟏

𝒍=𝟎

𝐾−1

𝑘=0

 
(2.1) 

Where K is the total number of delay, L is the total number of Doppler shifts, U is the 

delay-Doppler spreading function and (U)k,l is the coefficient for the k-th delay and l-th 

Doppler shift. Ts is the sampling time of the system and fl is the l-th Doppler shift. As stated 

above the Doppler shift depends on the relative motion of the transmitter and receiver. If v is 

the relative speed of the transmitter and receiver, fc is the carrier frequency and c is the speed 

of light then the Doppler shift is given as

𝒇𝒅 =
𝒗𝒇𝒄
𝒄
 𝐜𝐨𝐬(𝜶) 

(2.2) 

Figure 2.1 Rayleigh and Rician Distribution [15] 
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Where α is the angle between the transmitter and receiver. The normalized Doppler 

shift is a parameter which is used to consider the Doppler Effect independent of the OFDM 

mode or FFT size. For an OFDM system the normalized Doppler shift can be calculated as

𝒇𝒅 𝒏𝒐𝒓𝒎 =
𝒇𝒅
𝒇𝒃𝒘

 (2.3) 

Where fbw is the sub-carrier spacing calculated by1/ (Ts N) for an OFDM system with 

a FFT size of N. The channel impulse response given in Eq. 2.1 can be written in matrix form 

and it is called the time domain channel matrix, which is given as  

𝑯𝑻 = ∑∑(𝑼)𝒌,𝒍𝚲𝑻,𝒍𝑪𝑻,𝒌

𝑳−𝟏

𝒍=𝟎

𝐾−1

𝑘=0

 
(2.4) 

Where CT,k ∈ ℂNxM is the circular matrix for the k-th delay, ΛT,l ∈ ℂNxN is the diagonal 

Doppler shift matrix for the l-th Doppler. The circular delay matrix is given as 

𝑪𝑻,𝒌 =

(

 
 

𝒄𝒌,𝟎
𝒄𝒌,𝟎
⋯
⋮
𝟎

𝟎
𝒄𝒌,𝟎
𝒄𝒌,𝟎
⋮
⋯

⋯
⋯
𝒄𝒌,𝟎
⋮

𝒄𝒌,𝑵𝒄𝒑−𝟏

𝒄𝒌,𝑵𝒄𝒑−𝟏
𝟎
⋯
⋱
⋯

⋯
𝒄𝒌,𝑵𝒄𝒑−𝟏
𝟎
⋮
𝒄𝒌,𝟎 )

 
 

 

 

(2.5) 

Where ck,m is the delay bin for τk calculated as ck,m = sinc(m- τk/ Ts) . The diagonal 

Doppler shift matrix is given as 

𝚲𝑻,𝒍 = 𝒅𝒊𝒂𝒈(𝒆
𝒋𝟐𝝅𝒇𝒍𝒕𝒔𝟎, 𝒆𝒋𝟐𝝅𝒇𝒍𝒕𝒔𝟏, ⋯ , 𝒆𝒋𝟐𝝅𝒇𝒍𝒕𝒔(𝑵−𝟏)) (2.6) 

Where ts is the sampling time. At the receiver, the symbol after reception is passed to 

the FFT-block which converts the time-domain symbol into the frequency-domain. The 

channel matrix in the frequency domain is give as  

𝑯𝑭 = 𝑭(∑∑(𝑼)𝒌,𝒍𝜦𝑻,𝒍𝑪𝑻,𝒌

𝐿−1

𝑙=0

𝐾−1

𝑘=0

)𝑭𝑯 
(2.7) 

Where FHF=I and F ∈ ℂNxN is the DFT matrix.  The elements of the DFT matrix are 

given as

𝒇𝒏,𝒌 =
𝟏

√𝑵
𝒆
(
−𝒋𝟐𝝅𝒏𝒌

𝑵 )
 

(2.8) 

Where n,k = 0,…,N-1 and N is the FFT size. The Eq. 2.7 then becomes  
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𝑯𝑭 = ∑∑(𝑼)𝒌,𝒍𝑭𝜦𝑻,𝒍𝑭
𝑯𝑭𝑪𝑻,𝒌𝑭

𝑯

𝐿−1

𝑙=0

𝐾−1

𝑘=0

 
(2.9) 

We know from the properties of circulant matrices that, the eigenvectors of a NxN 

circulant matrix are the columns of NxN Fourier transform matrix [16]. Mathematically  

𝑪𝑻,𝒌 =  𝑭(𝑪𝑻,𝒌)𝑬𝒊𝒈𝑭
𝑯 → 𝑭𝑪𝑻,𝒌𝑭

𝑯 = (𝑪𝑻,𝒌)𝑬𝒊𝒈 (2.10) 

Where (CF,l )Eig is a diagonal matrix. So we can say that the Fourier transform of a 

circular matrix becomes a diagonal matrix and the Fourier transform of a diagonal matrix 

becomes a circular matrix. Which means that in the frequency domain the Doppler matrix will 

be a circular matrix given as CF,l  and the delay matrix will be a diagonal matrix given as ΛF,k . 

The Eq. 2.9 then simplifies to  

𝑯𝑭 = ∑∑(𝑼)𝒌,𝒍𝑪𝑭,𝒍𝜦𝑭,𝒌

𝐿−1

𝑙=0

𝐾−1

𝑘=0

 
(2.11) 

The Eq. 2.4 gives the channel matrix in the time-domain and Eq. 2.11 gives the channel 

matrix in the frequency domain. We can see that in both time and frequency domain the channel 

matrix is similar in structure with the difference that the delay matrix has been converted from 

circular to diagonal and Doppler matrix is converted from diagonal to circular.  

2.1.1. Simulating a LTV Channel 

In this section, the practical aspects of simulating a LTV channel are explained. When 

simulating the LTV channel, one of the important tasks is to model the Doppler spread. From 

Eq. 2.2 we can see that, the Doppler shift in addition to the relative speed of the transmitter and 

receiver also depends on the angel between them (angle of arrival). In case of a single path, 

this is very simple, however, in a multipath environment this is not so that straight forward. 

The Doppler shift for each of the multipaths can be different depending on the angle of arrival 

at the receiver. This phenomenon is captured using the Doppler power spectrum. 

The shape of the Doppler power spectrum depends on the underlying scattering 

environment considered. If we consider the transmitter and receiver to be in a 2-D plane and 

the angle of arrival of the different multipath components are uniformly distributed then the 

Doppler spectrum is called the Jakes’ model [17], shown in Fig. 2.2. If an isotropic 3-D 

environment is considered where we have two angles namely an azimuth and elevation angle. 

And the angle of arrival is uniformly distributed in both the azimuth and elevation plane then 

the Doppler spectrum is flat [17], shown in Fig. 2.3. The Doppler spectrum models are selected 

depending on the system design and application scenario at hand. 
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In this thesis, for the DVB-T2 system we have considered both Doppler models. Since 

DVB-T2 is a broadcast system, the transmitter is stationary and the variation in the channel is 

due to the motion of receiver. LTV channels with a certain Doppler power spectrum can be 

Figure 2.2 Jakes’ Doppler Spectrum 

Figure 2.3 Flat Doppler Spectrum 
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modeled by linear differential equations with time-varying coefficients (LTV/DE) [18]. It is 

mathematically given as 

𝒙(𝒕) = 𝒂𝟎(𝒕)𝒚(𝒕) + 𝒂𝟏(𝒕)
𝒅𝒕 𝒚(𝒕)

𝒅𝒕
+ ⋯+ 𝒂𝒏(𝒕)

𝒅𝒏 𝒚(𝒕)

𝒅𝒕𝒏
 (2.12) 

Where x(t) is the transmitted signal, y(t) is the received signal and ai for i=0,1,..n are 

the coefficients of the LTV/DE. The variation in these coefficients corresponds to the amount 

of variation in the modeled LTV channel. The Rayleigh channel function in MATLAB can be 

used for simulating a LTV channel. The implementation of the Rayleigh channel function in 

MATLAB however, is done by the use of a higher order differential equation. Which 

essentially means that the rate of change of acceleration of the moving object (receiver) is high. 

The consequence of this high rate of change of acceleration is that the Doppler shift for the 

paths changes quite significantly which does not correspond to the realistic behavior in the 

application scenario considered in this thesis. However, in chapter IV, the simulation results 

for the MATLAB Rayleigh channel are provided for both higher order Jakes’ model and higher 

order Flat Doppler spectrum.  

To simulate a LTV channel which is applicable to the application scenario considered 

in this thesis, the rate of change of acceleration of the receiver should be more realistic. This 

essentially means that the Doppler shift for the different paths should change at a more realistic 

rate. A multipath channel model was implemented, which considers the angles of arrival for 

the different multipaths to be uniformly distributed, this corresponds to the Jakes’ Doppler 

spectrum. In this thesis, this channel model is referred to as the 2nd order Jakes’ model and the 

simulation results are shown in chapter IV.  

2.2. System Model 

In this section, the system model for channel estimation and equalization is derived for 

a linear time-varying channel introduced earlier. In this thesis, the basic system design 

considered is an OFDM system and to be more specific a DVB-T2 system. The main goal in 

this section is to develop a model to enable the receiver to estimate the delay and Doppler 

components associated with each multipath i.e. estimate the channel impulse response 

introduced in section 2.1.  

Consider an OFDM system with symbols s ∈ ℂN which are coded and QAM 

modulated. To generate the time-domain OFDM signal the IFFT of these symbols is taken 

given as

𝒙 = 𝑭𝑯𝒔 (2.13) 
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Where x ∈ ℂN is the time-domain OFDM signal. After generation of signal x it is 

transmitted through the channel to the receiver. The effects of the environment on the 

transmitted signal can be written mathematically given as 

𝒚[𝒊] = ∑ 𝒉[𝒊,𝒎]𝒙

𝑵−𝟏

𝒎=𝟎

[(𝒊 −𝒎)]𝒎𝒐𝒅𝑵 +𝒘[𝒊] 
(2.14) 

Where y is the received signal, x is the transmitted signal, w is the additive white 

Gaussian noise (AWGN) and h[i,m] is the channel response for the m-th path. Using Eq. 2.1 

in Eq. 2.14 and ignoring the noise term we can rewrite Eq. 2.14 as 

𝒚[𝒊] = ∑ ∑∑(𝑼)𝒌,𝒍𝒆
𝒋𝟐𝝅𝒇𝒍𝒊𝒔𝒊𝒏𝒄 (𝒎−

𝝉𝒌
𝑻𝒔
)

𝑳−𝟏

𝒍=𝟎

𝐾−1

𝑘=0

𝒙

𝑵−𝟏

𝒎=𝟎

[(𝒊 − 𝒎)]𝒎𝒐𝒅𝑵 (2.15) 

Using the time-domain channel matrix from Eq. 2.4 we can simplify Eq. 2.15 and write 

it in Matrix form as 

𝒚 = 𝑯𝑻𝒙 (2.16) 

The above equation gives a Matrix representation of the received signal at the receiver. 

After reception in an OFDM system the time-domain signal is converted into the frequency 

domain by using the FFT operation which is mathematically given as 

𝒓 = 𝑭𝑯𝑻𝒙 (2.17) 

Where r is the frequency-domain received signal and F is the DFT matrix. By using the 

Eq. 2.13 in Eq. 2.17 we have

𝒓 = 𝑭𝑯𝑻𝑭
𝑯𝒔 = 𝑯𝑭𝒔 (2.18) 

The frequency domain channel matrix HF is a diagonal matrix for a time-invariant 

channel and a banded matrix for a linear time-variant channel. In the case, there is small 

Doppler in the system the frequency domain channel matrix is approximately diagonal. The 

diagonal elements of HF reflect the path gains for each of the multipath in case of a linear time-

invariant channel. Whereas the off diagonal elements of HF are the inter carrier interference 

(ICI) elements. The main focus of this thesis is to estimate and equalize these ICI components 

in the received signal. Eq. 2.18 can be rewritten so that the ICI from the other subcarriers is 

shown mathematically. The Eq. 2.18 for i-th sample can be rewritten as 

𝒓[𝒊] = 𝑯𝑭[𝒊, 𝒊]𝒔[𝒊] + ∑ 𝑯𝑭[𝒊, 𝒏]𝒔[𝒏]

𝑵−𝟏

𝒏=𝟎,𝒏≠𝒊

 (2.19) 
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The first half on the right hand side of Eq. 2.19 can be estimated using an LS-estimator 

and equalized using a one-tap equalizer which is sufficient for a linear time-invariant 

environment. For a time-invariant channel the second half of the term in Eq. 2.19 will be zero. 

When dealing with linear time-variant channels, the ICI components of Eq. 2.19 (second half 

of the term on the right hand side) plays an important role. For higher Doppler shift in the 

system the channel matrix HF has more non-zero off-diagonal values.  

In order to correctly decode the transmitted signal at the receiver, ICI components have 

to be estimated and equalized. In order to use CS algorithms for channel estimation, we first 

need to represent Eq. 2.19 into a compressive estimation problem. After extracting the pilot 

sub-carriers from the received OFDM symbols, Eq. 2.19 for the received pilots becomes 

𝒓[ℙ] = 𝑯𝑭[ℙ, ℙ]𝒔[ℙ] + 𝒘 (2.20) 

Where 𝒓[ℙ] are the received pilots and w ∈ ℂcard(ℙ) is the noise which represents the 

ICI induced by the data subcarriers. Eq. 2.20 can be rewritten as 

𝒓[ℙ] = ∑∑(𝑼)𝒌,𝒍(𝑪𝑭,𝒍𝜦𝑭,𝒌)ℙ,ℙ𝒔
[ℙ]

𝑳−𝟏

𝒍=𝟎

+𝒘

𝑲−𝟏

𝒌=𝟎

 
(2.21) 

By stacking the columns of the matrix U as a S-sparse vector (u = vec(U)) and using 

𝑫 ∈ ℂ𝑵𝒑×𝑲𝑳 as the dictionary matrix, where Np=card(ℙ) (the number of pilots) we can rewrite 

Eq. 2.21 as 

𝒓[ℙ] = 𝑫𝒖 +𝒘 (2.22) 

The Eq. 2.22 has the form of a compressed sensing problem [4] and the reconstruction 

of u can be formulated as an optimization problem of the form 

𝐦𝐢𝐧
𝒖
‖𝑫𝒖 − 𝒓[ℙ]‖𝟐  𝒔. 𝒕. ‖𝒖‖𝟎 < 𝑺 (2.23) 

The optimization problem in Eq. 2.23 can be solved using the OMP-algorithm [19]. 

The total number of vector elements in the dictionary matrix are K × L. The elements of the 

dictionary matrix in the frequency-domain for the k-th delay element and the l-th Doppler 

element are given as 

𝒅𝑭,𝒎 = (𝑪𝑭,𝒍𝜦𝑭,𝒌)ℙ,ℙ𝒔
[ℙ] (2.24) 

Where m = (Lk+l) gives the indexes of the dictionary. The focus of this thesis is to use 

different dictionaries for compressive algorithms to estimate the channel matrix such that the 

ICI components are estimated and equalized with high accuracy and low complexity. 
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Chapter 3 

3. Methodology 

For dictionary design in compressive estimation, the basic foundations have been laid 

down up to this point. In this chapter the technical aspects of channel estimation and dictionary 

design are discussed. This thesis focuses on time-varying channels and will more precisely 

focus on Doppler estimation and compensation. Before going into the dictionary design for 

compressed sensing algorithms, channel estimation and channel tracking are introduced so that 

we have a better understanding of the problem at hand.  

3.1. Channel Estimation 

The communication channel plays a pivotal role in any telecommunication system. The 

main goals of all the research and development in telecommunication has been to effectively 

remove the channel effects and determine the input signal. Channel estimation achieves this 

goal in a more direct manner where, the actual channel is estimated so that it can be equalized 

and determine the transmitted signal.  

It is important for the channel estimation and equalization to be computationally 

inexpensive because it is done at the receiver which usually have limited computation 

capability and/or battery power. There are three basic types of channel estimation techniques, 

based on the kind of resources used for estimation, which are given below 

1. Channel estimation done by transmitting a known signals on predefined subcarriers 

(pilot subcarriers) is called pilot assisted channel estimation. At the receiver we 

compare the received signal on the pilot subcarriers with the transmitted signal to 

get the estimate of the channel. This basically samples the channel by measuring 

the channel effects on these pilot subcarriers. 

2. The channel can also be estimated without the use of any pilot subcarriers. This is 

achieved by using the channel statistics. It is called Blind channel estimation. The 

computational complexity for blind schemes like subspace-based channel 

estimation is high because the received signal needs to correlated and then requires 

eigen-decomposition. It also requires a large number of received signals. These 

reasons make blind estimation difficult to implement in real time systems. 

3. A combination of the two schemes described above can also be used to estimate the 

channel. This type of estimation is called semi-blind channel estimation where both 
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the pilot data and channel statistics are used to estimate the channel. Most of the 

semi-blind schemes use the pilots to determine the initial estimate of the channel 

and then track the channel using the channel statistics similar to blind estimation. 

This makes semi-blind schemes impractical for real time systems. 

In this thesis, we focus only on the pilot based channel estimation because of their 

simpler implementation which can be used in practical systems like DVB-T2. The traditional 

pilot based channel estimation techniques used the channel measurements taken with the help 

of pilots in a very simple manner. The channel coefficients for the data subcarriers were 

obtained by interpolating the coefficients determined for the pilot subcarriers. 

Two of the traditional channel estimation techniques are least square (LS) estimation 

and minimum mean square error (MMSE) estimation [20]. The LS estimation uses the 1st order 

statistics of the channel for estimation, it is a very simple technique however the estimation is 

not very accurate with this method. The MMSE estimation uses the 2nd order statistics of the 

channel and the estimation is relatively more accurate compared with the LS estimation but the 

computational complexity is higher (𝑶(𝑵𝟑)). However in both of these estimation techniques 

the sparsity of the channel matrix is not considered. 

The traditional channel estimation techniques don’t consider the inherent sparsity of the 

wireless channel, present due to a limited number of scatterers in the environment. When the 

sparsity is considered, a limited number of attenuation factors and delays need to be estimated. 

One of the more recent channel estimation techniques called the compressed sensing (CS) 

channel estimation technique takes this sparsity into consideration. It is a basic assumption for 

CS algorithm based channel estimation that the channel matrix is sparse in some basis 

(Space/dimension) [21]. In case the channel matrix is not sparse in any basis then CS will 

provide an estimate similar to traditional channel estimation techniques at best. 

The most popular CS recovery algorithm used for channel estimation is the matching 

pursuit (MP) algorithm, which was introduced in 1993 [22]. It is an iterative algorithm which 

chooses the dominant channel taps based on a channel dictionary. The channel dictionary 

consists of atoms which are the corrupted versions of the pilot signal by different delay and 

Doppler components. The channel dictionary basically contains all the possible combinations 

of delay and Doppler which can occur in the channel. The MP algorithm, tries to reconstruct 

the received pilot signal with the help of these dictionary elements. Thereby, estimating the 

delay and Doppler components in the channel. The mathematical representation of a CS 

problem is given as follows

𝒚 = 𝑨𝒙 (3.1) 

Where 𝒙 𝝐 ℝ𝒏 is a sparse signal, A is a 𝒎 × 𝒏 matrix and 𝒚 𝝐 ℝ𝒎 and n is larger than 

m. The A matrix represents the dimensionality reduction i.e. it maps 𝒙 𝝐 ℝ𝒏 to 𝒚 𝝐 ℝ𝒎. The 

reduction in dimension depends on the dictionary which is used for the compressed sensing. 
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3.1.1. MP Algorithms 

The MP algorithm basically tries to reconstruct the received pilot signal with the help 

of these dictionary elements. The importance of the dictionary elements is undeniable, since it 

directly influences the performance of the MP algorithm. The MP algorithm in each iteration 

selects different columns of the dictionary which best correlate with the residual approximated, 

this correspond to a dominant path with a certain Doppler shift and delay. The residual is 

updated in each iteration by subtracting the effect of the previously selected dictionary elements 

from the received pilots signal. The complete BMP algorithm is given below [19]. 

1. Initialization:  

 Initialize the residual by 𝒓𝟎 = 𝒚 (3.2) 

 Calculate: 𝒃𝟎,𝒋 = 𝒄𝒋
𝒉𝒓𝟎 𝒇𝒐𝒓 𝒋 = 𝟏,… .𝑲 (3.3) 

 Find the first dictionary index by: 𝒔𝟏 = 𝒂𝒓𝒈 𝒎𝒂𝒙
𝒋=𝟏,…,𝑲,

|𝒃𝟎,𝒋|
𝟐

‖𝒄𝒋‖
𝟐   

 Store the dictionary index 𝑰𝟏 = { 𝒔𝟏}  

 Calculate the coefficient by: �̂�𝟏 = 
𝒃𝟎, 𝒔𝟏

‖𝒄𝒔𝟏‖
𝟐  

 Update residual vector 

𝒃𝟏,𝒋 = 𝒃𝟎,𝒋 − �̂�𝟏𝒄𝒋
𝒉𝒄𝒔𝟏  𝒇𝒐𝒓 𝒋 = 𝟏,… ,𝑲, 𝒋 ∉ 𝑰𝟏 

 

2. Iterating for 𝒑 = 𝟐, 𝟑… .𝑷  

 Find the index of the dictionary which has the maximum 

correlation. Calculated by: 

𝒔𝒑 = 𝒂𝒓𝒈 𝒎𝒂𝒙
𝒋=𝟏,…,𝑲,𝒋∉𝑰𝒑−𝟏

|𝒃𝒑−𝟏,𝒋|
𝟐

‖𝒄𝒋‖
𝟐  

 

(3.3) 

 Store the index: 𝑰𝒑 = {𝑰𝒑−𝟏, 𝒔𝒑} (3.4) 

 Calculate the coefficient by: �̂�𝒑 = 
𝒃𝒑−𝟏,𝒔𝒑

‖𝒄𝒔𝒑‖
𝟐 (3.5) 

 Update the residual vector as:  

𝒃𝒑,𝒋 = 𝒃𝒑−𝟏,𝒋 − �̂�𝒑𝒄𝒋
𝒉𝒄𝒔𝒑  𝒇𝒐𝒓 𝒋 = 𝟏,… ,𝑲, 𝒋 ∉ 𝑰𝒑 

(3.6) 

 Table 3.1 Basic MP Algorithm [19] 
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Where rp is the residual, sp is the index in the dictionary, Ip is the index vector of the 

dictionary elements selected and �̂�p is the element of �̂� associated with csp. The MP algorithm 

gives us a list of indexes from the dictionary where each index corresponds to a certain Doppler 

shift and a certain delay. We use the Doppler shift and delay spread information to estimate the 

channel. There are a number of variations of the MP algorithm one of the most popular variant 

is the orthogonal matching pursuit (OMP) algorithm. The OMP algorithm is fairly similar to 

the basic MP algorithm but the only difference is that the coefficients are calculated in a 

different way, instead of Eq. 3.5 it uses Eq. 3.7 

�̂�𝒑,𝑶𝑴𝑷 = 𝒂𝒓𝒈𝒎𝒊𝒏
𝒙
‖𝒚 − 𝑪𝒔,𝒑𝒙‖

𝟐
= [𝑪𝒔,𝒑

𝒉 𝑪𝒔,𝒑]
−𝟏
𝑪𝒔,𝒑
𝒉 𝒚 (3.7) 

Where Cs,p = [cs1, cs2,… ,csp] and csp is the column of all the selected dictionary element. 

This change in the algorithm basically carries out the LS minimization based on the set of 

chosen columns for each iteration. The OMP algorithm ensures that all the residuals are 

orthogonal to all the selected dictionary elements. The dictionary design is an important part 

of the MP algorithms for channel estimation since it directly affects the accuracy of the 

estimation. In the section 3.3 the dictionary design for time varying channels is discussed. The 

optimal dictionary design for MP algorithm based channel estimation in time varying channels 

is an open problem and the motivation for this thesis. 

The MP algorithm provided in Table 3.1 must process the complete dictionary matrix, 

in order to search for the dominant delay and Doppler elements. The size of the dictionary 

matrix is K × L, where K is the number of delay elements and L is the number of Doppler 

elements in the dictionary. Even for simple scenarios the dictionary size becomes relatively 

huge for time-varying channels. In order to reduce the complexity of the MP algorithm a novel 

DDS-OMP algorithm is proposed in [12], which is based on the OMP algorithm.  

3.1.1.1. DDS-OMP Algorithm 

In the delay-Doppler search OMP (DDS-OMP) algorithm, instead of searching the 

complete dictionary to determine the dominant channel taps, the algorithm carries out the 

search in a distributed manner. It has been shown in [12] that the delay search can be carried 

out independently of the Doppler search. Using this result, the complexity of the OMP 

algorithm can be reduced by first conducting the delay search followed by the Doppler search. 

In the first step, the delay element is searched while keeping the Doppler element constant. 

And in the second step, the dominant delay element (determined in the first step) is kept 

constant and the search for the corresponding Doppler element is conducted. 

The search for the delay and Doppler element in the first and second step respectively 

is carried out as search tree. The tree search is carried out by sequentially increasing the 

resolution of the selected delay/Doppler element. For the delay search, the algorithm first 

searches the dictionary with a resolution of 10µs, then the resolution of the dictionary is 
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increased to 1µs, then100ns, then 10ns and finally 1ns. And for the Doppler search the 

algorithm first conducts the search for a 1000Hz resolution and then increases the resolution 

by searching for the Doppler element every 100Hz, then 10Hz and finally 1Hz. For example, 

a channel tap has Doppler element of 125 Hz. The algorithm will first select the 0Hz Doppler 

element, then select the 100Hz Doppler element followed by the 120Hz and finally the Doppler 

element of 125Hz. 

Conducting the search in this way allows the DDS-OMP algorithm to search for 

relatively less number of dictionary elements, thereby reducing the complexity of the algorithm 

L times in comparison to the traditional MP algorithm given in Table 3.1. Using the search tree 

algorithm, the delay and Doppler search nodes considered by the DDS-OMP algorithm are 

given as 

𝜯𝒈 = 

{
  
 

  
 (𝟎, 𝟏,… , ⌈

𝝉𝒎𝒂𝒙
𝟏𝟎𝝁𝒔

⌉) 𝟏𝟎𝝁𝒔 𝒈 = 𝟎

(𝝉𝒈−𝟏 −
(𝒄𝒂𝒓𝒅(𝜯𝒈) − 𝟏)

𝟐
,… , 𝝉𝒈−𝟏 − 𝟏, 𝝉𝒈−𝟏,

𝝉𝒈−𝟏 + 𝟏,… , 𝝉𝒈−𝟏 +
(𝒄𝒂𝒓𝒅(𝜯𝒈) − 𝟏)

𝟐
)

𝟏

𝟏𝟎𝒈−𝟏
𝝁𝒔

𝒈 > 𝟎
 

 

(3.8) 

 

Where g is level of the tree or g-th step of the tree search algorithm 

𝑫𝒎 = 

{
  
 

  
 (− ⌈

𝑳

𝟏𝟎𝟎𝟎
⌉ , … , 𝟎, … , ⌈

𝑳

𝟏𝟎𝟎𝟎
⌉)𝟏𝟎𝟎𝟎𝑯𝒛 𝒎 = 𝟎

(𝒗𝒎−𝟏 −
(𝒄𝒂𝒓𝒅(𝑫𝒎) − 𝟏)

𝟐
,… , 𝒗𝒎−𝟏 − 𝟏, 𝒗𝒎−𝟏,

𝒗𝒎−𝟏 + 𝟏,… , 𝒗𝒎−𝟏 +
(𝒄𝒂𝒓𝒅(𝑫𝒎) − 𝟏)

𝟐
)
𝟏𝟎𝟎

𝟏𝟎𝒎−𝟏
𝑯𝒛

𝒎 > 𝟎
 

 

(3.9) 

 

Where m is level of the tree or m-th step of the tree search algorithm. The values of K 

and L are determined as 

𝑲 = ⌈
𝝉𝒎𝒂𝒙
𝜟𝝉

⌉ (3.10) 

Where τmax can be set to the cyclic prefix duration of the OFDM system and Δτ is set 

to 1ns  

𝑳 =  ⌈
𝒗𝒎𝒂𝒙
𝜟𝒗

⌉ (3.11) 

Where vmax can be set to the subcarrier spacing in the OFDM system and Δv is set to 

4Hz in this thesis. The DDS-OMP algorithm is given below [12]. 
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1. Input: (𝒓)ℙ, ℤ = 𝝓 and iterate for 𝒒 = 𝟎,…𝑸 − 𝟏  

2. Set: 𝒗𝒒 = 𝟎 and iterate for 𝒈 = 𝟎,…𝑮 − 𝟏  

i. Update 𝜯𝒈 according to Eq. 3.8  

ii. Map 𝒇𝒛: {(𝜯𝒈)𝒋
, 𝒗𝒒} → 𝒛 and update 𝒃𝒋

𝒒
= (𝑫):,𝒛

𝑯 (𝒓)ℙ 

for 𝒋 = 𝟏,… 𝒄𝒂𝒓𝒅(𝚻𝒈) 
 

iii. If 𝒒 > 𝟏 update  𝒃𝒋
𝒒
= 𝒃𝒋

𝒒
− ∑ (𝑫):,𝒛

𝑯 (𝑫):,(ℤ)𝒊(�̂�)𝒊
𝒒−𝟏𝒒−𝟏

𝒊=𝟏   

for 𝒋 = 𝟏,… 𝒄𝒂𝒓𝒅(𝜯𝒈) 
 

iv. 𝒔 = 𝒂𝒓𝒈 𝒎𝒂𝒙
𝒋=𝟏,…,𝒄𝒂𝒓𝒅(𝜯𝒈)

|𝒃𝒋
𝒒
|
𝟐

‖(𝑫):,𝒛
𝑯 ‖

𝟐 , 𝝉
𝒈 = (𝜯𝒈)𝒔

  

3. Set 𝝉𝒈 = 𝝉𝑮−𝟏 and iterate for 𝒎 = 𝟎,…𝑴− 𝟏  

i. Update 𝑫𝒎 according to Eq. 3.9  

ii. Map 𝒇𝒛: {𝝉
𝒒, (𝑫𝒈)𝒋

} → 𝒛 and update 𝒃𝒋
𝒒
= (𝑫):,𝒛

𝑯 (𝒓)ℙ 

for 𝒋 = 𝟏,… 𝒄𝒂𝒓𝒅(𝑫𝒈) 
 

iii. If 𝒒 > 𝟏 update  𝒃𝒋
𝒒
= 𝒃𝒋

𝒒
− ∑ (𝑫):,𝒛

𝑯 (𝑫):,(ℤ)𝒊(�̂�)𝒊
𝒒−𝟏𝒒−𝟏

𝒊=𝟏   

for 𝒋 = 𝟏,… 𝒄𝒂𝒓𝒅(𝑫𝒈) 
 

iv. 𝒔 = 𝒂𝒓𝒈 𝒎𝒂𝒙
𝒋=𝟏,…,𝒄𝒂𝒓𝒅(𝑫𝒈)

|𝒃𝒋
𝒒
|
𝟐

‖(𝑫):,𝒛
𝑯 ‖

𝟐 , 𝒗
𝒎 = (𝑫𝒈)𝒔

  

4. Set: 𝒗𝒒 = 𝒗𝑴−𝟏 and add final 𝒛 to ℤ  

i. Calculate: �̂�𝒒 = 𝒂𝒓𝒈𝒎𝒊𝒏
𝒄

‖(𝒓)ℙ − (𝑫):,ℤ‖𝟐
𝟐
   

ii. Stop and set 𝒒∗ = 𝒒 if the stopping criterion is satisfied 

𝒇𝑩𝑰𝑪(�̂�
𝒒) > 𝒇𝑩𝑰𝑪(�̂�

𝒒−𝟏)  
 

5. Output: �̂�𝒒
∗
, ℤ  

 

Another key parameter of the DDS-OMP algorithm is the stopping criterion. If the 

dominant channel paths are selected, it allows the algorithm to stop before exhausting the 

iteration budget Q. The stopping criterion used in this thesis is the Bayesian information 

criterion (BIC), which is given as  

Table 3.2 DDS-OMP Algorithm [12] 
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𝒇𝑩𝑰𝑪(�̂�) =  
𝑵𝒑

𝟐
𝐥𝐨𝐠 𝒇𝑹(�̂�) +

𝒒

𝟐
𝐥𝐨𝐠𝑵𝒑 

(3.12) 

Where Np is the number of pilots, q is the current iteration of the DDS-OMP algorithm 

and fR is the residual sum of squares (RSS) and is given as  

𝒇𝑹(�̂�) =  (𝒓)ℙ
𝑻[(𝒓)ℙ − (𝑫):,ℤ�̂�] (3.13) 

In section 2.1, when defining the channel model it was seen from Eq. 2.4 and Eq. 2.11 

that the Doppler matrix is diagonal in the time-domain, whereas the delay matrix is diagonal 

in the frequency-domain. The independence of the delay and Doppler search in the DDS-OMP 

algorithm gives us the possibility to search for the Doppler element in either the time-domain 

or the frequency-domain.  

Frequency-Domain Doppler Search 

In the traditional framework for the OMP based channel estimation, the frequency-

domain Doppler search is carried out. The received signal is converted into the frequency-

domain and the pilots are extracted, which are then used by the OMP algorithm to search for 

the delay as well as the Doppler elements. Which essentially means that the channel estimation 

is based on the Eq. 2.11, where we use the OMP or DDS-OMP algorithm to estimate the 

channel matrix in the frequency domain. The design of the dictionary for the frequency-domain 

Doppler search is based on Eq. 2.24. In chapter IV, the simulation results for the frequency-

domain Doppler search are provided. 

Time-Domain Doppler Search 

The DDS-OMP algorithm allows us to search for the Doppler element independently 

of the delay element. Which makes it possible to search for the Doppler element in the time-

domain while the delay element is searched in the frequency-domain. The dictionary design 

for the delay search is based on Eq. 2.24. Whereas the dictionary design for the time-domain 

Doppler search is given as 

𝒅𝑻,𝒎 = 𝚲𝑻,𝒍𝑪𝑻,𝒌𝒔𝒑[𝒊] (3.14) 

Where i = 0,1,…, N+Ncp, CT,k ∈ ℂNxM is the circular matrix for the k-th delay, ΛT,l ∈ ℂNxN 

is the diagonal matrix for the l-th Doppler element and Ncp is the length of the cyclic prefix, N 

is the length of the OFDM signal and sp is time-domain signal for the transmitted pilots. In 

order to search for the Doppler element in the time-domain we consider the complete received 

OFDM signal in the time-domain i.e. we don’t extract the received pilots. The dictionary 

elements for the DDS-OMP algorithm are also taken in the time-domain which are generated 

using Eq. 3.14. The DDS-OMP algorithm matches the received signal with the time-domain 

dictionary elements to estimate the corresponding Doppler components.  
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3.2. Channel Tracking 

As introduced in chapter II, in a LTV channel the coefficients channel change with 

time. The coefficients of the channel vary faster or slower depending on the relative motion of 

the transmitter and receiver. The time during which the channel remains constant or predictable 

is called the coherence time of the channel. The channel coherence time is inversely 

proportional to the Doppler shift (relative motion of the transmitter and receiver) in the system.  

 To address the problem of equalizing this time-varying channel in the received symbols 

one approach is to estimate the channel using the P2 preambles symbols which have a higher 

pilot density and then track the channel as it varies with time. The benefit of using this approach 

is that, because of the dense pilots in the P2 preambles the channel can be estimated quite 

accurately and the pilots in the data symbols can be used to track the channel. With the channel 

estimate obtained from the preambles we can equalize the data symbol and then track the 

channel using pilots from this equalized symbol.  

In this thesis, a simple channel tracking scheme is implemented which is based on least 

square (LS) estimation and block interpolation. The scattering and the edge pilots in the data 

symbols are used for obtaining the LS estimate of the channel. Using the preamble channel 

estimate the data symbols are first equalized and then these equalized scattered pilots are 

extracted from the symbol and the LS estimate is obtained using the equation below.

𝑯𝑳𝑺 = 𝑭 (𝑭
𝑯𝑿𝒑𝒊𝒍

𝑯 𝑿𝒑𝒊𝒍𝑭)
−𝟏𝑭𝑯𝑿𝒑𝒊𝒍

𝑯  𝒀𝒑𝒊𝒍 = 
𝒀𝒑𝒊𝒍

𝑿𝒑𝒊𝒍
 

(3.15) 

Where HLS is the LS estimate of the channel response, Xpil are the transmitted pilots, Ypil 

are the received pilots and F is the Fourier matrix. Clearly we can see that the LS estimate of 

the channel will have samples of the channel response at the pilot locations only. To determine 

the channel response for the remaining subcarrier we use block interpolation to determine the 

channel response at the intermediate subcarriers [23]. The block interpolation is done by 

linearly interpolating the channel response at the data subcarriers. After obtaining the complete 

channel response, the data symbols are equalized using a LS equalizer. The complexity of the 

estimation is also reduced because the OMP algorithm is only used to estimate the P2 

preambles and the remaining data symbols are tracked with an LS estimator which has a linear 

complexity. 

3.3. Dictionary Design 

The ability to represent signals with a handful of components (compression) has been 

one of the main research topics in signal processing. The use of discrete cosine transform 

(DCT) to compress an image is a relatively simple example of sparse representation [7]. The 

transform projects the image on to the DCT basis which leads to the fact that only a handful of 
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the projected components are non-zero i.e. a sparse signal is obtained. This is one of the driving 

points behind compressed sensing (CS) algorithms. For images DCT basis is a good option for 

sparse representation. However, there can also be other basis or combination of basis which 

can represent the same image but with even lower number of coefficients.  

MP algorithms provide us the ability to use any basis opposed to the DCT which is a 

transform in the cosine domain. With MP algorithm, we can theoretically project a given signal 

into any basis or domain, which makes the MP algorithm very powerful [24-25]. This is 

achieved by using an appropriate dictionary for the MP algorithm. For example, in order to 

project a signal into the cosine domain, a DCT dictionary is used [24]. The MP algorithms are 

basically search algorithms which try to search for the least number of dictionary elements to 

reconstruct any given signal. The dictionary elements are basically building blocks/unit 

elements which are combined by the MP algorithm to reconstruct any given signal. The 

importance of MP algorithms in channel estimation is not only the sparse channel 

representation, but also the fact that with an optimal dictionary the signal can be represented 

ideally and accurately. It can be thought of as a task of representing a square wave with either 

sinusoids or as an actual square waves. The square wave elements will obviously provide the 

sparsest representation with the smallest representation error. 

The complexity of the MP algorithm depends on the number of dictionary elements 

which are required for reconstruction and the total number of dictionary elements. If the 

dictionary provides a very sparse representation, which means a small number of elements are 

required to reconstruct the signal hence the complexity of the MP algorithm decreases. The 

optimal dictionary for any application is the one which leads to the sparsest representation as 

well as an accurate estimate. The columns of the dictionary matrix are actually the basis which 

is used for the representation of the signal.  

For channel estimation if an optimal dictionary is not used we will have two negative 

effects, which go hand in hand. The estimation will not be accurate in the same way we have 

reconstruction errors when representing a square wave with a combination of sinusoids. The 

second effect is that the MP algorithm might also need a larger number of dictionary elements 

to represent the estimated channel, similar to the large number of sinusoids required to 

represent a square wave. Which will make the estimation computationally complex. In light of 

the discussion above, it is very clear that the dictionary design is very important for the 

estimation of time-varying channels. With the correct unit elements (dictionary) available to 

the MP algorithm, the estimation would be simpler as well as accurate. 

The dictionary elements in the channel estimation case are actually the set of received 

pilot signals (or signals in general) which are affected by a certain degradation like a delay and 

Doppler shift. Each of the dictionary elements corresponds to a certain delay and Doppler shift. 

In this section, the different dictionaries introduced model the Doppler shift in their specific 

domains. With the use of the DDS-OMP algorithm, the delay dictionary element can use a 

different domain compared to the Doppler dictionary elements. 
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The dictionary elements for the time-domain Doppler search are generated in the time-

domain using the corresponding dictionary atom given in the next subsections. These time-

domain dictionary atoms are then used by the DDS-OMP algorithm as explained in section 

3.1.1.1. For the frequency-domain Doppler search, the dictionary is first generated in the time-

domain like time-domain Doppler search and then it is transformed into the frequency-domain. 

From this frequency-domain signal, the pilot subcarriers are then extracted. These pilots are 

then used by the DDS-OMP algorithm for channel estimation as explained in section 3.1.1.1. 

In this thesis, we only deal with the Doppler dictionary atoms. The goal in the thesis is 

to determine the basis/atoms in which the Doppler part of the channel matrix can be best 

represented in the sparsest way. In the sections below various Doppler dictionary elements are 

introduced and in chapter IV the results of the simulations using these atoms are discussed. 

3.3.1. Fourier Dictionary 

The Fourier transform and series has been at the heart of digital signal processing and 

is its foundation. The Fourier series can represent any signal into its frequency components. 

The idea of using the Fourier basis as a dictionary, is to project the signal into the frequency 

domain [24] [26]. The mathematical form of the Fourier atom is given below. 

𝓕 = 𝝋(𝒕) = 𝒆−𝒋𝟐𝝅𝒇𝒅𝒕 (3.16) 

Where 𝒇𝒅 is the frequency of the Doppler frequency. For smooth signals the Fourier 

representation of the signal contains a handful of the lowest frequency atoms because of this 

reason the Fourier basis is very efficient in this case. But in case of practical applications where 

we have a finite signal duration then the Fourier representation is no longer sparse and the 

representation is no longer as efficient. Because a finite signal in the time domain corresponds 

to an infinite representation in the frequency domain.  

The Fourier atoms are used in the delay-Doppler dictionary. In this type of dictionary 

the delay of the multipath components are represented by a dirac function which represent the 

multipath signals. The Doppler Effect on the other hand is represented with a Fourier atom 

given in Eq. 3.16 for a certain Doppler element.  

3.3.2. Gabor Dictionary 

The Gabor atoms have been around since 1946, these are a generated by translating and 

modulating a generator function [26]. The mathematical formulation of the Gabor atom that is 

considered in this thesis is given below [26]

𝝋(𝒕) = 𝒆
−
(𝒕−𝝉)𝟐

(𝜹𝒕)𝟐  × 𝒄𝒐𝒔(𝝎(𝒕 − 𝝉) + 𝜽) 
(3.17) 

Where τ is the delay, ω(=2πfd) is the angular frequency and θ is the phase shift. The 

Gabor atom is a joint time-frequency atom so in order to consider only the Doppler part we 
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have to split it into two parts. The delay part is covered by the exponential whereas the Doppler 

is considered in the cosine term. We also don’t estimate the phase shift so we can ignore θ. 

Hence, the Gabor atom for Doppler dictionary becomes 

𝝋(𝒕) = 𝒄𝒐𝒔 (𝟐𝝅𝒇𝒇(𝒕 − 𝝉)) (3.18) 

The Gabor atom unlike the Fourier atoms does not assume a signal of infinite duration. 

Hence, has a more practical approach compared to the Fourier atom. 

3.3.3. Wavelet Dictionary 

The wavelet atoms are basically the translations and dilations of the mother function. 

The wavelet atom is quite similar to the Gabor atom in construction. There are a several types 

of wavelet atoms/dictionaries. In this thesis, the Morlet wavelet is considered because the 

Morlet wavelet is a complex valued wavelet as opposed to the other wavelets which are real 

valued [27]. The mother function of the Morlet wavelet is a smooth function, which makes it a 

good choice for representing Doppler shift. On the other hand, wavelets like Haar wavelet, the 

shape of the mother wavelet is a square or box which is not able to represent Doppler shift. The 

Morlet wavelet [27] is mathematically given as 

𝝍(𝒕) =
𝟏

√𝝅
𝟒  𝒆𝒋𝟐𝝅𝒇𝒅𝒕𝒆−

𝒕𝟐

𝟐  
(3.19) 

Where fd is the Doppler frequency and t is the time. The presence of the complex 

exponential enables us to dilate the mother function according to the Doppler shift to obtain 

the corresponding dictionary elements. 

3.3.4. Discrete Cosine Transform Dictionary 

The discrete cosine transform (DCT) is the real part of the Fourier transform. It is one 

of the most important transforms in image and signal processing [28]. Using the DCT atom a 

given signal is represented as a linear combination of cosine functions. The ability of DCT to 

compact the energy of a signal causing a compressing effect makes it very interesting in our 

use case as a dictionary for CS algorithms. There are different variants of DCT, in this thesis 

DCT-I and DCT-II are considered. The mathematical formulation of DCT-I [29] is given as  

𝒅𝒊 =  𝒄𝒐𝒔 (𝒊
𝟐𝝅𝒏

𝑵
) 

(3.20) 

Where i/N is the normalized Doppler frequency and 𝒏 = 𝟎, 𝟏, 𝟐, …𝑵 − 𝟏. And the 

mathematical formulation for DCT-II [28] [30] is given as  
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𝒅𝒊 =  𝒄𝒐𝒔 (
𝝅

𝑵
(𝒏 + 

𝟏

𝟐
) 𝒊) 

(3.21) 

Where i/N is the normalized Doppler frequency and 𝒏 = 𝟎, 𝟏, 𝟐, …𝑵 − 𝟏. Both of 

these functions are considered for as the Doppler atom and simulated in chapter IV.  

3.3.5. Exponential Dictionary 

The exponential dictionary atom is generated by passing an existing dictionary into the 

exponential transform [31]. In this thesis, the exponential of the DCT-I and DCT-II atoms is 

taken and is used as the dictionary atom for the CS algorithm. The mathematical formulation 

of the exponential dictionary atom for DCT-I dictionary is given as  

𝚼𝒊
𝑫𝑪𝑻𝟏 = 𝒆𝒅𝒊

𝑫𝑪𝑻𝟏
= 𝒆𝒄𝒐𝒔(𝒊

𝟐𝝅𝒏
𝑵 )

 (3.22) 

Where, 𝒅𝒊
𝑫𝑪𝑻𝟏is the DCT-I dictionary given by Eq. 3.20. For the DCT-II dictionary the 

exponential dictionary atom is given as  

𝚼𝒊
𝑫𝑪𝑻𝟐 = 𝒆𝒅𝒊

𝑫𝑪𝑻𝟐
= 𝒆𝒄𝒐𝒔(

𝝅
𝑵(𝒏+ 

𝟏
𝟐)𝒊) (3.23) 

Where, 𝒅𝒊
𝑫𝑪𝑻𝟐 is the DCT-II dictionary given by Eq. 3.21. The exponential dictionary 

atom generates an extended version of the original dictionary atom, in this case the DCT 

dictionaries. In this thesis, the exponential atom alone is considered as the dictionary element. 

However it can also be used in addition to the original dictionary elements to form a bigger 

dictionary. 

3.3.6. Optimized Dictionary 

The optimized dictionary is generated using an optimization algorithm which is similar 

in nature to dictionary learning algorithms but optimizes the 1D Doppler basis [13] [32]. The 

Doppler dictionary are replaced by a 1D basis expansion in the CS framework such that the 

Doppler sparsity is exploited leading to an overall sparse representation.  

The optimized dictionary is based on a Fourier dictionary which is iteratively optimized 

as proposed in [13]. The optimization can be done once for a certain set of system parameters 

and can be stored for future use. The equations to determine the parameters for this optimization 

are presented in the appendix section. The optimization algorithm gives an optimal basis and 

each column of the basis corresponds to a value of the normalized Doppler shift which can be 

used as a dictionary element. The performance of the optimized basis is discussed in chapter 

IV. The optimization algorithm is given below. 
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3.3.6.1. Optimization Algorithm 

1. Initialize basis by DFT Basis, 𝑩𝒎
(𝟎) = 𝓕𝑱 

Where 𝑩𝒎
(𝒓) is the 𝑱 × 𝑱 optimized basis at the 𝒓𝒕𝒉 iteration 

and 𝓕𝑱 is the 𝑱 × 𝑱 Fourier basis 

 

2. Determine: �̂�𝒎
(𝒓) = 𝐚𝐫𝐠 𝐦𝐢𝐧

𝑨∈𝚲𝒓

∑ ‖(𝑰𝑰 + 𝒋𝑨)𝑩𝒎
(𝒓)𝒄𝒎

(𝒗)‖
𝟏

𝒗∈𝑫  

Where 𝚲𝒓 is the set of all Hermitian matrices 𝑨 that satisfy 

the condition ‖𝑨‖∞ ≤ 𝝆𝒓 (where 𝝆𝒓 is a positive 

constraint) and 𝑰𝑰 is an 𝑰 × 𝑰 identity matrix 

(3.24) 

 

3. Calculate the cost function: 

∑‖𝒆𝒋�̂�𝒎
(𝒓)

𝑩𝒎
(𝒓)
𝒄𝒎
(𝒗)
‖
𝟏

𝒗∈𝑫

= ∑‖𝑩𝒎
(𝒓)
𝒄𝒎
(𝒗)
‖
𝟏

𝒗∈𝑫

 (3.25) 

4. In the positive case update the basis and keep the constraint 

level 𝝆𝒓 the same. 

 

5. In the negative case keep the basis and update the constraint 

level by 𝝆𝒓 = 𝝆𝒓 𝟐⁄  

 

6. Repeat step 2 until 𝝆𝒓 falls below a certain threshold or the 

maximum number of iterations expire. 

 

 

3.3.7. Proposed Dictionary 

In this section, three dictionary elements are proposed for estimating the Doppler shift 

in a linear time-variant channel. The general idea behind the proposed dictionary atoms is to 

use oscillators (cosine or complex exponentials) which have a more dominant impact in the 

start of an OFDM symbol. The mathematical formulation of the first dictionary element is 

given as 

𝝌𝒄 =
𝟏 + 𝐜𝐨𝐬(𝟐𝝅𝒇𝒅𝒕𝒔𝒊)

𝟐
× 𝒆−𝒇𝒅𝒕𝒔𝒊 

(3.26) 

Where fd is the Doppler frequency and ts is the sampling interval for the system. The 

idea here is to model the Doppler as a cosine function whose amplitude decays depending on 

the Doppler frequency. The second dictionary element proposed is based on the Fourier 

dictionary element which is a complex exponential. It is mathematically given as 

𝝌𝒆 = 𝒆
𝒋𝟐𝝅𝒇𝒅𝒕𝒔𝒊 × 𝒆−𝒇𝒅𝒕𝒔𝒊 (3.27) 

Table 3.3 Basis Optimization Algorithm [13] 
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The idea here is to generate a complex exponential whose real part decays according to 

the Doppler frequency. The third dictionary element proposed is a hybrid of the two elements 

described above. It is mathematically written as 

𝝌𝒉 =
𝒆𝒋𝟐𝝅𝒇𝒅𝒕𝒔𝒊 + 𝐜𝐨𝐬(𝟐𝝅𝒇𝒅𝒕𝒔𝒊)

𝟐
× 𝒆−𝒇𝒅𝒕𝒔𝒊 

(3.28) 

The dictionary elements proposed in this section are simulated in the DVB-CSP for the 

DDS-OMP algorithm and the simulation results are shown and discussed in chapter IV. 

3.3.8. Adaptive Dictionaries 

The dictionaries which have been proposed so far have no dimension of adaptation 

except for the optimized dictionary described in section 3.3.6 which optimizes the dictionary 

based on the OFDM mode, guard interval etc. In this section, methods for adapting dictionaries 

are proposed and explained. There are a few dimensions for adapting the dictionary based on 

the scenario, a different dictionary can be selected, the resolution of the dictionary can be 

changed or the maximum Doppler range of the dictionary can be adapted or the negative 

Doppler elements can be considered for estimation adaptively.  

3.3.8.1. Dictionary resolution adaptation 

The dictionaries introduced so far in the previous sections can have any arbitrary value 

for the Doppler frequency. The Doppler dictionary elements can be generated with any 

arbitrary granularity i.e. the dictionary elements can have a relative spacing of 1Hz or several 

Hz. By increasing this relative spacing (or decreasing the resolution of the dictionary) we 

basically reduce the overall size of the dictionary thereby, reducing the size of the search space 

for the DDS-OMP algorithm. The basic idea here is to adaptively determine what the optimal 

relative spacing in such a way that the complexity is minimized and estimate of the channel is 

still fairly accurate.  

Intuitively, we always have a more accurate estimate of the channel when we use the 

full resolution of the dictionary i.e. estimating a Doppler shift up to 1 Hz. However, in this 

adaptation we take advantage of the FEC coding which is a part of the DVB-T2 standard. For 

a FEC system, the bit error rate (BER) verses signal to noise ratio (SNR) curve has a cliff-off 

effect i.e. after a certain SNR, the receiver can completely decode the signal with arbitrarily no 

errors (10-11). The resolution of the dictionary can be adapted based on the SNR estimate of the 

equalized signal at the receiver side. If the estimated SNR is above the threshold after 

equalization for a certain symbol the resolution of the dictionary can be reduced for the next 

symbol. In this way, the optimal resolution can be determined, which reduces the complexity 

of the estimation all the while achieving the same BER after FEC decoding. The algorithm for 

adaptation is given below 
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1. Initialize the Doppler dictionary spacing 𝓡𝑫
𝟏 = 𝟏𝑯𝒛   

2. Iterate for 𝒊 = 𝟏,… , 𝑰  
Where 𝑰 is the total number of OFDM symbols 

 

a) Estimate the channel using DDS-OMP algorithm  

b) Equalize the OFDM symbol using estimate from a.  

c) Estimate the SNR of the equalized symbol  

d) If the estimated SNR is greater than threshold 𝝍 and 
𝓡𝑫
𝒊 ≤ 𝟏𝟎𝟎𝟎 𝑯𝒛 then update 𝓡𝑫

𝒊+𝟏 = 𝓡𝑫
𝒊 × 𝟏𝟎 

 

e) If the estimated SNR is less than threshold 𝝍 and 
𝓡𝑫
𝒊 > 𝟏 𝑯𝒛 then update 𝓡𝑫

𝒊+𝟏 = 𝓡𝑫
𝒊 𝟏𝟎⁄  

 

 

Where 𝓡𝑫
𝒊  is the spacing between the adjacent Doppler elements of the dictionary used 

for the estimation for the i-th OFDM symbol and the threshold 𝝍 is selected based on the cliff-

off effect of the FEC scheme used. The simulation results for this adaptation are discussed in 

chapter IV. 

3.3.8.2. Dictionary selection 

There are a number of dictionary elements which have been proposed so far in this 

thesis. One way of adapting the dictionary is to adaptively select a Doppler dictionary. The 

different dictionaries have different complexities depending upon how sparsely they can 

estimate the channel. The preambles can be estimated using the different dictionaries and then 

either choosing the dictionary which has the least complexity or one which has the most 

accurate estimate of the channel depending on the estimated SNR after equalizing the P2 

preambles based on the channel estimated. 

The sparsity and the accuracy of the estimate for every dictionary is recorded. The 

accuracy of the estimate is determined by the Bayesian information criterion (BIC) calculated 

using Eq. 3.12. The lower the BIC after the estimation is done the more accurate the estimate 

of the channel. Based on the SNR estimated for the equalized symbol the best dictionary is 

selected. If the SNR is below a SNR threshold which is reflected by the cliff-off effect, then 

the selected dictionary has the most accurate estimate of the channel. On the other hand, if the 

estimated SNR after equalization is above the threshold then we simply consider the dictionary 

which has the lowest complexity.  

 

Table 3.4 Resolution Adaptation Algorithm 
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1. Initialize: 𝑺𝟎 = 𝝓,𝜷𝟎 = 𝝓, 𝝇𝟎 = 𝝓  

2. Iterate for 𝒊 = 𝟏,… , 𝑿  

Where, 𝑿 is the total number of dictionaries to choose from. 

 

a) Estimate channel using DDS-OMP algorithm for the P2 

symbols and store 𝑺𝒊 = 𝒄𝒂𝒓𝒅(ℤ)  
 

b) Equalize the P2 symbol using estimate from a, Estimate the 

BIC and store in  𝜷𝒊 and Estimate the SNR of the equalized 

symbol and store in 𝝇𝒊 

 

3. If 𝒎𝒂𝒙(𝝇𝒊) <  𝝍, where 𝝍 is the threshold  

a) 𝑫 = 𝒂𝒓𝒈 𝐦𝐢𝐧
𝒊=𝟏,…𝑿,

𝜷𝒊  

b) 𝑫∗ = 𝒂𝒓𝒈 𝐦𝐢𝐧
𝒊=𝟏,…𝑿,𝒊∈ 𝐃

𝑺𝒊  

4. If 𝒎𝒂𝒙(𝝇𝒊) ≥  𝝍, and 𝚱 = 𝒂𝒓𝒈 𝝇𝒊 ≥  𝝍  

a) 𝑫 = 𝒂𝒓𝒈 𝐦𝐢𝐧
𝒊=𝟏,…𝑿,𝒊∈ 𝚱

𝑺𝒊  

b) 𝑫∗ = 𝒂𝒓𝒈 𝐦𝐢𝐧
𝒊=𝟏,…𝑿,𝒊∈ 𝐃

𝜷𝒊  

5. Select the 𝑫∗𝒕𝒉 Dictionary.  

 

Where, 𝑺𝒊 is the sparsity of the estimate, 𝜷𝒊 is the BIC of the estimate and 𝝇𝒊 is estimated 

SNR of the equalized symbol using i-th dictionary. The simulation results for the dictionary 

selection algorithm along with the simulation results for the combination of the dictionary 

selection algorithm with the resolution adaptation are provided in chapter IV. 

3.3.8.3. Adaptation of Maximum Doppler element in Dictionary 

The maximum Doppler shift in the channel depends on the relative speed of the 

transmitter and receiver. In compressive estimation we can tune the value of the largest Doppler 

element in the dictionary i.e. L parameter, which is given by Eq. 3.11. The L parameter is the 

maximum Doppler the DDS-OMP algorithm searches for or the search space for the DDS-

OMP algorithm. Depending on the value of Δv  the algorithm can reduce or increase the search 

space. In this adaptation, the basic idea is to determine the value of the L parameter which 

corresponds to the maximum possible Doppler shift that can occur in the channel. In doing so 

the complexity of the DDS-OMP algorithm is lowered because of the smaller search space. 

The problem now is to determine the maximum possible Doppler shift at the receiver. 

Two ideas are considered in this thesis to address this problem. The P2 preamble symbols in 

the DVB-T2 system have a much higher pilot density compared to the data symbols, which 

Table 3.5 Dictionary Selection Algorithm 
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means that the Doppler component can be estimated more accurately with the use of these P2 

preamble symbols. We can use the P2 symbol estimate to determine maximum Doppler shift 

which occurs in the dominant paths and use this as the maximum Doppler which the DDS-

OMP algorithm searches for, here it is called the P2 preamble based adaptation. The adaptation 

algorithm is given as 

1. Initialize 𝑳 using Eq. 3.11  

2. Estimate channel using DDS-OMP algorithm for the P2 symbols  

3. Store the most significant paths estimated (top 90%) in 𝑰 from 

step 2 for the last P2 Symbol 
 

4. Find the maximum Doppler frequency 𝑭𝒎𝒂𝒙 from set 𝑰  

5. Set 𝑳 = 𝑭𝒎𝒂𝒙  

 

 

A second method for estimating the L parameter (maximum Doppler shift element in 

the dictionary) is done by assuming that the receiver device has global positioning system 

(GPS) data available either from a built-in GPS receiver module (like in smart phones) or from 

another source. The GPS data can be used to estimate of the speed of the receiver fairly 

accurately. This estimated receiver speed can be used by the DDS-OMP algorithm to determine 

the maximum possible Doppler shift which can occur in the channel and update the value of L-

parameter accordingly. If the speed of the receiver increases or decreases during reception we 

can adapt the L-parameter quite accurately and use the new estimate of L for the next symbols. 

The adaptation algorithm is called GPS based adaptation and is given as 

1. Initialize 𝑳 using Eq. 3.11  

2. Get the estimated speed 𝒗 from the GPS receiver  

3. Update 𝑳 =
𝒗×𝒇𝒄

𝒄
, where 𝒇𝒄 is the carrier frequency and 𝒄 is the 

speed of light 
 

 

 

Table 3.6 P2 Preamble Based Adaptation of L-parameter Algorithm 

Table 3.7 GPS Based Adaptation of L-parameter Algorithm 
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3.3.8.4. Negative-Positive Doppler Dictionary Adaptation 

When considering a linear time-variant channel depending on the relative direction of 

motion of the transmitter and receiver pair, there can be positive as well as negative Doppler 

shift in the system. When using compressive estimation, we can have dictionary elements 

which only consider positive Doppler components in the channel or we can have dictionary 

elements which have both positive and negative Doppler components.  

In case both the positive and negative dictionary elements considered, where we only 

have a positive Doppler shift in the channel. The compressive estimation can correctly select 

the positive elements from the set of both positive and negative Doppler elements. Whereas in 

case the dictionary with only positive Doppler elements is considered in a scenario where the 

channel has both positive and negative Doppler components, the compressive estimation will 

not be able to correctly estimate the channel. Hence, a dictionary with both positive and 

negative Doppler elements is preferred for compressive estimation.  

The problem with considering both positive as well as negative Doppler elements is 

that the complexity of the channel estimation will be higher. The DDS-OMP algorithm will 

have to search for both positive and as well as negative Doppler elements regardless of whether 

there is a negative Doppler in the channel or not. In order to avoid this issue, we can adapt the 

dictionary depending on the channel estimate of the P2 preambles. If the estimate of the P2 

preambles shows that there are no dominant paths with negative Doppler shift, then only the 

positive dictionary elements are considered for estimation of the data symbols. And in case the 

estimate of the P2 preamble has dominant paths with negative Doppler elements then both 

positive and negative Doppler elements are considered for estimation of the data symbols. The 

adaptation algorithm for negative-positive Doppler dictionary is given as 

1. Estimate channel using DDS-OMP algorithm for the P2 symbols  

2. Store the most significant paths estimated (top 90%) in 𝑰 from step 1 

for all P2 symbols 
 

3. Store the set Doppler shift estimated 𝑭𝑫𝑺 from set 𝑰 paths.  

4. If 𝒎𝒊𝒏(𝑭𝑫𝑺) < 𝟎, then use both positive and negative Doppler 

dictionary 

 

5. If 𝒎𝒊𝒏(𝑭𝑫𝑺) ≥ 𝟎, then use only the positive Doppler dictionary  

 

In chapter IV the simulation results are provided for both scenarios, when the channel 

only has positive Doppler components and when the channel has both positive and negative 

Doppler components. 

Table 3.8 Negative-Positive Doppler Dictionary Algorithm 
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3.4. Complexity Analysis 

The complexity analysis is an important part of this thesis. Channel estimation 

algorithms are implemented in the receiver, which has limited processing power and/or is 

battery powered, which requires us to use low complexity algorithms. For compressive channel 

estimation algorithms which are described in this thesis, the complexity depends on the design 

of the dictionary which corresponds to the search space and also on how the compressive 

estimation algorithm conducts this search for the appropriate combination of delay and Doppler 

shift for the different paths. 

The complexity of the OMP algorithm, when used for compressive estimation 

is 𝓞(𝑲𝑳𝒒∗𝑵𝒑). Where K is the maximum delay element and L is the maximum Doppler shift 

element in the dictionary which is used for estimation and Np is the number of pilot subcarriers. 

We can clearly see that the size of the dictionary significantly affects the complexity of the 

OMP algorithm. If the resolution of the dictionary is set to 1ns and 1Hz and the maximum 

delay the algorithm searches for is 10µs and 100Hz then, we have 106 dictionary elements 

which makes the OMP algorithm highly impractical. The complexity of OMP algorithm also 

depends on the number of iterations q* which depends on the number of paths which the OMP 

algorithm has estimated. Essentially, q* corresponds to the sparsity of the channel estimated 

using the OMP algorithm. This sparsity again depends on the dictionary which is used. Hence, 

we can see that the influence of the dictionary is not only on the accuracy of the channel 

estimate but also the complexity of the overall estimation. 

The complexity of channel estimation is reduced when the DDS-OMP algorithm is 

used. The reduced complexity comes from the fact that the DDS-OMP algorithm searches for 

the delay and Doppler shift pairs in a mode intelligent way. The complexity of the DDS-OMP 

algorithm is 𝓞(𝑺𝒒∗𝟐𝑵𝒑) where S is the number of search nodes [12]. The number of search 

nodes are calculated as

𝑺 = ∑𝒄𝒂𝒓𝒅(𝜯𝒈)

𝑮−𝟏

𝒈=𝟎

+ ∑ 𝒄𝒂𝒓𝒅(𝑫𝒎)

𝑴−𝟏

𝒎=𝟎

 

(3.29) 

This number depends on the resolution of the dictionary and also the maximum 

delay/Doppler shift element in the dictionary. Even though the complexity of the DDS-OMP 

algorithm is lower compared to the OMP algorithm, it is still dependent on the dictionary 

design. Since we are dealing with only the Doppler dictionaries in this thesis, the second term 

relating to the cardinality of the Doppler dictionary is very important. 

The elements of the dictionaries presented in section 3.3 are generated online with the 

similar complexity apart from the optimized dictionary. In which case the Doppler dictionary 

can be precomputed and stored, during transmission the appropriate element can be looked up. 

The actual computational complexity comes from how sparse (q*) the channel is represented 
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using a certain dictionary and the number of search nodes for the DDS-OMP algorithm (S). 

The average number of paths estimated during simulations using the dictionaries introduced in 

section 3.3 are given in the Table 3.9. 

Dictionary Fourier Gabor Wavelet DCT-I DCT-II 
Exponential 

DCT-I 

Average 

Sparsity (q*) 
6.2162 6.2028 6.2162 6.2025 6.2044 6.2016 

Dictionary 
Exponential 

DCT-II 

Optimized 

Dictionary 

Decaying 

Cosine 

Decaying 

Fourier 

Decaying 

Cosine+Fourier 

Average 

Sparsity (q*) 
6.2041 6.2049 6.2026 6.212 6.2084 

 

We can see that, by using the different dictionaries the average sparsity of the estimate 

does not vary too much. Which means that the estimation complexity with the different 

dictionaries is approximately the same. However, the BER performance shown in chapter IV 

shows a difference in performance for the various dictionaries.  

Another factor which affects the complexity is the number of search nodes. The number 

of search nodes are affected by the adaptive dictionaries presented in section 3.3.8, except for 

the dictionary selection algorithm. The dictionary selection reduces the complexity of the 

estimation by selecting the dictionary elements which results in the most accurate estimate with 

the sparsity representation thereby affecting (q*). The resolution adaptation affects the 

complexity by affecting the number of steps M for the search tree for DDS-OMP algorithm. 

By adapting the maximum Doppler element in the dictionary (L-parameter) and using adaptive 

negative-positive dictionary the number of Doppler search nodes Dm are affected. The search 

nodes (S) for the different adaptation schemes and their relative complexities are provided in 

Table 3.10 

 

Adaptation 

Method 

No 

Adaptation 

Resolution 

Adaptation 

L -parameter Adaptation Positive 

Negative 

Dictionary 

Adaptation 

P2 Preamble GPS 

Search 

Nodes (S) 
120 75 100 108 125 

Relative 

Complexity 
100 % 63% 83% 90% 104% 

Table 3.9 Sparsity Comparison of Doppler Dictionary Elements 

Table 3.10 Comparison for Dictionary Adaptation Schemes 
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The Fourier dictionary is considered for these adaption schemes and the corresponding 

parameters are modified depending on the adaptation. The relative complexity for the different 

schemes is calculated with reference to the no adaptation case. The complexity for channel 

estimation varies with the different adaptation algorithms. Compared to the no adaptation 

scenario, the resolution adaptation has a lower complexity compared to the no adaptation case 

with a relative complexity of 63%. For the positive-negative adaptation, the case considered 

here is that there are negative as well as positive Doppler elements in the channel. Hence, the 

dictionary with both positive and negative Doppler elements is used, this is the reason why the 

estimation complexity is higher compared to the no adaptation case. In a scenario, where only 

positive Doppler elements are present in the channel then the complexity for the positive-

negative Doppler dictionary is the same as the no adaptation case.  
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Chapter 4 

4. Simulation and Results 

In this section, the simulation results are presented and discussed for the dictionaries 

which are introduced in chapter III. The DVB-T2 system is considered in this thesis and the 

DVB-T2 common simulation platform (DVB-T2 CSP) was used for simulation [33]. The BER 

performance of the different dictionaries is compared in different scenarios is presented in this 

chapter. 

4.1. Simulation Design 

For carrying out the simulations for the different dictionary elements the (DVB-T2 

CSP) is used. The DVB-T2 CSP is an implementation of the DVB-T2 modulator, demodulator 

and channel model in MATLAB. It is designed to include all the functionalities of the DVB-

T2 standard and simulate DVB-T2 compliant signals. For this thesis, the DVB-T2 demodulator 

needed to be modified, to be more precise the channel estimation and equalization blocks 

needed to be modified. In the channel estimation block an OMP based channel algorithm called 

the DDS-OMP algorithm proposed in [12] is implemented and in the equalization block an 

LSQR equalizer is implemented. The dictionaries introduced in chapter III are used in the 

channel estimation block.  

The channel model in the DVB-T2 CSP is also modified to include a linear time-

varying channel. For simulating the LTV channel, the typical urban (TU-6) profile and the 

Rayleigh fading function provided by MATLAB was used. The parameters for the TU-6 profile 

[34] are given in Table 4.1. For the Rayleigh fading function in MATLAB two Doppler 

spectrums are considered i.e. flat Doppler spectrum and Jakes’ Doppler spectrum (referred in 

this thesis as the higher order flat Doppler spectrum and  higher order Jake’s model). 

Tap number Delay (µs) Power (dB) 

1 0.0 -3 

2 0.2 0 

3 0.5 -2 

4 1.6 -6 

5 2.3 -8 

6 5.0 -10 

Table 4.1 Typical Urban profile (TU6) 
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As described in chapter II, the Rayleigh fading function in MATLAB considers a higher 

order differential equation to model the time-varying channel mode. These higher order 

Doppler spectrums do not correspond to the application scenario considered in this thesis. In 

order to simulate a LTV channel which is applicable to the application scenario at hand, the 2nd 

order Jakes’ Doppler model is considered along with the TU-6 profile for the channel taps. The 

mathematical framework for this channel is described in chapter II. The simulation results for 

all three of the LTV channels i.e. higher order flat Doppler spectrum, higher order Jakes’ 

Doppler spectrum and 2nd order Jakes’ Doppler spectrum are provided in section 4.3. 

4.2. Simulation Parameters 

The DVB-T2 common simulation platform (DVB-T2 CSP) is used in 8K mode with 

16-QAM modulation, PP1 pilot pattern, at a carrier frequency of 729.2 MHz and 8 MHz 

bandwidth which corresponds to a sampling period of 7/64 µs. The cyclic prefix (CP) is set to 

1/4 corresponding to an absolute guard interval duration of 224 µs calculated using the Table 

LXVII provided in [8]. A total of five frames for DVB-T2 were simulated each containing 122 

symbols out of which there were two P2 symbols, one frame closing symbol and 119 data 

symbols. The channel is estimated using the P2 preambles in the P2 symbols, the frame closing 

pilots in the frame closing symbol, the scattering and edge pilots in the data symbols. In the 

simulation scenario considered, every third subcarrier out of the 6817 active subcarriers is a P2 

pilot which corresponds to a total of 2273 P2 pilots as opposed to the 570 scattered and edge 

pilots in the data symbols. In the frame closing symbol there are 2273 frame closing pilots. 

For the Doppler shift in the system three cases are considered i.e. with a normalized 

Doppler of 0.2, a normalized Doppler of 0.085 and a normalized Doppler shift of 1×10-6. The 

normalized Doppler shift of 1×10-6 corresponds to the scenario when both the transmitter and 

receiver are stationary. Whereas, the normalized Doppler shift of 0.085 reflects to a relative 

speed of the transmitter and receiver of 39m/s (140Km/h). And the normalized Doppler of 0.2 

corresponds to a speed of 91.85m/s (330 Km/h) which is quite high considering normal 

scenarios. However, in case of higher modes like 32K the normalized Doppler shift of 0.2 

corresponds to a lower Doppler shift in Hz and it would correspond to a more realistic speed 

of 23 m/s (82.6 Km/h). Hence the implemented algorithms for channel estimation should be 

able to deal with normalized Doppler shifts of this order. This is the reason for selecting this 

high value for the normalized Doppler shift. Furthermore three models for the Doppler spread 

pdf are considered in the simulations the higher order Jakes’ Doppler spectrum, higher order 

flat Doppler spectrum and 2nd order Jakes’ Doppler spectrum. 

4.3. Simulation Results 

In this section, the simulation results for the dictionaries introduced in chapter III are 

provided and the results are discussed. In section 4.3.1 the different Doppler dictionaries are 

simulated for the different scenarios. Followed by the simulation for channel tracking algorithm 
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in section 4.3.2 which is also introduced in chapter III. And in section 4.3.3 the results for the 

adaptive dictionaries are discussed. 

4.3.1. Dictionary Comparison 

In this section, the different dictionaries introduced in the thesis are compared based on 

their BER performance without considering FEC. In section 4.3.1.1, the DDS-OMP algorithm 

used for channel estimation considers the dictionary elements in frequency-domain to search 

for the Doppler. Whereas in section 4.3.1.2, the dictionary elements are considered in the time-

domain for the Doppler search. The results are discussed in the appropriate sections for all 

these cases. 

4.3.1.1. Frequency-Domain Doppler Search 

The compressed sensing algorithm used in the simulations namely the DDS-OMP 

algorithm considers the dictionary elements in the frequency-domain for estimating the 

Doppler frequency in this case. In Fig. 4.1 the plots for the normalized Doppler spread of 0.2 

with higher order flat Doppler spectrum are shown. Equalization carried out with the perfect 

channel state information (PCSI) is considered as a base case for comparison with the different 

Doppler dictionaries introduced in chapter III.  

We can see there is only a slight difference in the performance of all the Doppler atoms. 

This is because the channel coefficients are varying very fast and it doesn’t make too much 

difference which dictionary is used. However, in Fig. 4.2 the zoomed view of the plot in Fig. 

4.1 is shown at 0 dB and 45dB. We can see that among all the simulated dictionaries the BER 

performance of the DCT-I and Gabor dictionaries is the worst compared to the other 

dictionaries which are simulated. The Fourier, Wavelet and exponential DCT-I are however in 

a similar region. Around 0 dB the optimized dictionary and DCT-II dictionary have a similar 

performance which is the best compared to the other dictionaries. In the plot zoomed in at 45 

dB the Optimized dictionary and DCT-II dictionary along with its exponential version have the 

best performance compared to the other dictionaries. 

In Fig. 4.3 the simulation results with the higher order Jakes’ Doppler spectrum are 

shown for the normalized Doppler of 0.2. In this scenario we can see a similar trend in the BER 

performance as the higher order flat Doppler spectrum. All the simulated Doppler dictionaries 

have fairly the same BER performance which again stems from the fact that the variation in 

the channel coefficients is very fast. However, by zooming into Fig.4.3 as seen in Fig. 4.4 we 

can see again that the DCT-I and Gabor dictionaries have the worst performance compared to 

all the other Doppler dictionaries which have been simulated. Around the 0 dB region the 

exponential DCT-II, DCT-II and Optimized dictionary has the best performance. And at 45dB, 

the performance of the DCT-II based dictionaries is better compared to all the other dictionaries 

simulated.  
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Figure 4.1. Performance of frequency-domain estimation for higher order flat Doppler spectrum 

Figure 4.2. Performance of frequency-domain estimation zoomed at 0 and 45 dB (higher order flat Doppler) 
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Figure 4.4. Performance of frequency-domain estimation zoomed at 0 and 45 dB (higher-order Jakes’ Doppler) 

Figure 4.3. Performance of frequency-domain estimation for higher order Jakes’ Doppler spectrum 
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 In Fig. 4.5 the BER performance of the system is shown for the case when we have a 

very low Doppler (1×10-6) in the system simulated using the higher order flat Doppler channel 

model. When there is no Doppler in the system, ideally the DDS-OMP algorithm should not 

select dictionary elements which have a non-zero Doppler frequency. The different Doppler 

dictionaries should have no effect on the system performance compared to the case when the 

DDS-OMP algorithm only searches for the delay elements (no Doppler search).  This is 

achieved by setting the value of the L-parameter given by Eq. 3.11 to zero. We can see that, the 

optimized dictionary doesn’t introduce any performance degrade. However, the Fourier, Gabor 

and DCT-II dictionaries lead to a performance degrade especially the Gabor atom. This 

performance degrade occurs because the DDS-OMP algorithm wrongly selects the non-zero 

Doppler elements in the dictionary for the data symbols where the pilot density is lower.  

The channel estimate with the P2 preambles is more accurate and doesn’t have this 

problem. In order to avoid this avoid this degrade in the performance adaptive dictionaries have 

been proposed in section 3.3.8.3. The L-parameter adaptation determines the maximum 

Doppler element which the DDS-OMP algorithm can search for in an adaptive manner. In cases 

where the Doppler in the channel is very low, the algorithm selects the corresponding L-

parameter. Thereby reducing the complexity of the estimation on top of providing a more 

accurate estimate of the channel. 

  

Figure 4.5. Performance of frequency-domain estimation for no Doppler scenario (higher order flat Doppler) 
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In Fig. 4.6 the results of the simulation for the 2nd order Jakes’ Doppler spectrum is 

shown for a normalized Doppler of 0.2. The Doppler estimation is again carried out in the 

frequency-domain. This channel model corresponds to the application scenario considered in 

this thesis and we can see that BER performance indeed varies with the use of different 

dictionaries. The Gabor and DCT-I dictionaries have the worst performance among the other 

simulated dictionaries. The optimized dictionary in this case does not provide any improvement 

or degrade compared to the no Doppler search case. The Fourier and wavelet dictionaries have 

the best performance among the different dictionaries simulated followed by DCT-II and its 

exponential version. We can see that, both the Fourier and wavelet dictionaries give an 

improvement when compared to the case when the Doppler search is not conducted.  

 

 

 

  

Figure 4.6. Performance of frequency-domain estimation for 2nd order Jakes’ Doppler spectrum 
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4.3.1.2. Time-Domain Doppler Search 

In this sub-section, the dictionary elements used for the estimation of the Doppler 

components are considered in the time-domain. The simulation results for the higher order flat 

Doppler spectrum and the 2nd order Jakes’ Doppler spectrum are provided for time-domain 

Doppler estimation. A plot for comparing the time-domain Doppler estimation with the 

frequency domain is also provided along with the simulation results for the three Doppler 

dictionary elements proposed in section 3.3.8. Additionally, the performance of the dictionaries 

is also compared for different normalized Doppler shifts in the channel. 

In Fig. 4.7 the BER performance for the channel model with higher order flat Doppler 

spectrum are shown for a normalized Doppler of 0.085. We can see there is no significant 

difference in the performance of the different Doppler dictionaries similar to the results in the 

previous section. It is because the LTV channel designed using the Rayleigh channel function 

provided by MATLAB doesn’t stay constant/predictable for the coherence time calculated by 

the maximum Doppler frequency. However, the exponential version of the DCT-II dictionary 

has a slightly higher performance compared to the other dictionaries. There is also a slight 

improvement with the exponential DCT-II dictionary compared to the no Doppler search case. 

  

Figure 4.7. Performance of time-domain estimation with higher order flat Doppler spectrum 
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In Fig. 4.8 the BER performance comparison for the 2nd order Jakes’ Doppler spectrum 

is shown for a normalized Doppler of 0.2. The Doppler estimation in this case is carried out in 

the time-domain. The performance of all the dictionaries apart from the Fourier and wavelet 

dictionary are in the same region. Looking closer we can see that the Gabor and DCT-I 

dictionary has the worst performance compared to the other dictionaries which are simulated. 

The BER performance of the optimized dictionary here does not have any improvement 

nor degrade compared to the case when the dictionary considered for estimation only has 

elements with zero Doppler frequency (no Doppler search). The Fourier and wavelet 

dictionaries however have the best performance with a significant improvement over the no 

Doppler search curve. From these results we can see that we have an improvement in the 

performance by estimating the Doppler components in the time-domain where the Doppler 

matrix ΛT,l is a diagonal matrix. 

 

 

  

Figure 4.8. Performance of time-domain estimation for 2nd order Jakes’ Doppler spectrum 



 

46 | P a g e  

 

In Fig. 4.9 the performance comparison for the frequency-domain and time-domain 

Doppler search is shown. The channel model considered for this simulation is the 2nd order 

Jakes’ Doppler spectrum with a normalized Doppler of 0.2. The Fourier Doppler dictionary is 

considered for both the time and frequency domain Doppler search. We can see that, there is a 

large improvement in the BER performance when the elements of the dictionary for Doppler 

estimation are considered in the time-domain compared to the frequency-domain estimation. 

This is because, when we estimate the channel in the time-domain we estimate the diagonal 

elements of the Doppler matrix ΛT,l. 

 

 

  

Figure 4.9. Comparison of time-domain and frequency-domain estimation with 2nd Order Jakes’ Doppler spectrum 
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In Fig. 4.10 the simulation results for the proposed Doppler dictionaries in chapter III 

are shown for the channel model with higher order flat Doppler spectrum. The normalized 

Doppler of 0.085 is considered in this case with time-domain Doppler estimation. Again, due 

to the very high variation in the channel coefficients when considering the higher order Doppler 

models, there is not much difference in the performance of the different dictionaries. However, 

from the results we can observe that the Fourier, decaying Fourier and decaying Fourier + 

Cosine dictionaries have the same BER performance which is similar to the no Doppler search 

case. However, the decaying cosine dictionary proposed has a very slight improvement over 

the no Doppler search case.  

 

 

 

  

Figure 4.10. Performance of time-domain estimation for proposed dictionaries with higher order flat Doppler  
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In Fig. 4.11 the performance comparison for the proposed Doppler dictionaries is 

shown for the 2nd order Jakes’ Doppler spectrum. A normalized Doppler of 0.2 is considered 

in this case. From the results we can see that, the decaying cosine dictionary has the worst 

performance compared to the other dictionaries, it is even worse than the no Doppler search 

case. All the other dictionaries improve the BER performance compared to the no Doppler 

search case. The Fourier dictionary has the best performance followed by the decaying Fourier 

dictionary and decaying + cosine dictionary.  

 

In Fig. 4.12 and Fig. 4.13, the performance of the dictionaries is compared for different 

values of the normalized Doppler shift. We can see that, for lower normalized Doppler the no 

Doppler search case has the best performance but for higher values of normalized Doppler shift 

the performance degrade is quite significant for the no Doppler search case, which is intuitive. 

The Fourier and decaying Fourier dictionary has the best performance compared to the other 

dictionaries which are simulated. They both have a similar performance to the other 

dictionaries for lower values of the normalized Doppler shift. For normalized Doppler shift 

higher than 10%, the performance of the other dictionaries degrades quite significantly 

compared to the Fourier and decaying Fourier dictionary which have a relatively lower BER. 

  

Figure 4.11. Performance of time-domain estimation for proposed dictionaries with 2nd order Jakes’ Doppler 
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Figure 4.12.  Normalized Doppler performance comparison for 2nd Order Jakes’ Doppler spectrum 

 

Figure 4.13.  Normalized Doppler performance comparison for proposed dictionaries with 

2nd Order Jakes’ Doppler spectrum 
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4.3.2. Channel Tracking 

The simulation result of the channel tracking algorithm introduced in section 3.2 is 

shown in Fig. 4.14. The 2nd order Jakes’ Doppler spectrum is considered with a normalized 

Doppler of 0.2. The Fourier Doppler dictionary is used with the DDS-OMP algorithm for 

compressive estimation. For the no channel tracking case, the channel is estimated for each of 

the symbols using the DDS-OMP algorithm. And for the channel tracking case, the channel is 

estimated using the DDS-OMP algorithm for the P2 preambles in the DVB-T2 frame and this 

P2 estimate is then used to equalize all the symbols in the frame. The equalized scattered and 

edge pilots in the data symbols are then used for channel tracking with a LS estimator and 

equalizer.  

We can see from the results that, the no channel tracking case has a slight improvement 

over the no Doppler search curve. However, when the channel tracking algorithm is activated 

there is a significant improvement in the performance. This improvement occurs because the 

channel estimate obtained using the P2 preambles is very accurate due to the higher pilot 

density. And the variation in the channel coefficients for the equalized data symbols can be 

estimated accurately using the scattered and edge pilots with a LS estimator. 

 

  

Figure 4.14. Performance comparison for channel tracking with 2nd Order Jakes’ Doppler spectrum 
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4.3.3. Dictionary Adaptation 

In this section, the simulation results for dictionary adaptation are discussed. The BER 

performance for the different scenarios is provided and the cliff-off threshold for a FEC code 

rate of 1/2 is also plotted. The adaptation for the dictionary parameters takes advantage of the 

FEC coding to reduce the complexity of the channel estimation. 

In Fig. 4.15 BER performance results are provided for adaptation in two dimensions 

i.e. adapting the resolution of the dictionary and adaptively selecting a dictionary (dictionary 

adaptation). Both these methods are explained in section 3.3.8.1 and 3.3.8.2 respectively. We 

can see from the results that the FEC threshold for the cliff-off effect is reached around 3dB in 

all scenarios. This means that, the BER performance after FEC decoding for these scenarios is 

very similar. The adaptation algorithms aim to reduce the complexity of the estimation by 

adaptively selecting the dictionary which leads to the sparsest representation and/or reducing 

the resolution of the Doppler dictionary. We can see that by adaptively selecting the dictionary 

the BER performance is not affected too much and the resolution adaptation has a significant 

performance degrade before FEC decoding. In both cases the residual BER after FEC decoding 

is arbitrarily low. However, the resolution adaptation as seen in Table 3.10 takes more 

advantage of the FEC and significantly reduces the complexity of the estimation with the same 

residual BER. 

  

Figure 4.15. Performance of adaptive dictionary and adaptive Resolution with 2nd Order Jakes’ Doppler spectrum 
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In Fig. 4.16 the simulation results for the adaptation of the L-parameter is shown. The 

L-parameter corresponds to the maximum Doppler element considered for estimation using the 

DDS-OMP algorithm. In this scenario, the L-parameter is adaptively determined and it is 

updated during transmission. If the L-parameter is correctly determined for a certain scenario 

the Doppler estimate is determined with the lowest complexity and with a high accuracy as 

seen in Fig. 4.5. In this thesis, two methods for adapting the L-parameter are proposed as 

explained in section 3.3.8.3. The L-parameter can be estimated using the P2 preambles in each 

DVB-T2 frame and updated to be used for estimating the Doppler components for the data 

symbols. The second method for estimating the L-parameter is by acquiring the speed of the 

receiver with the help of the GPS data available at the receiver. From the results we can observe 

that the BER after FEC decoding with both adaptation scenarios are not affected. However, 

looking closely at the BER before FEC decoding shows that the GPS based adaptation of the 

L-parameter is slightly more accurate compared to the P2 preambles based adaptation. 

In Fig. 4.17 and Fig. 4.18 the simulation results for the adaptive positive-negative 

dictionary are shown. In a multipath environment, the different multipaths can have a positive 

or a negative Doppler depending on the angle of arrival. For channel estimation, the dictionary 

elements which are used by the DDS-OMP algorithm can have both positive and negative 

Doppler frequencies. For evaluating this adaptation method, two scenarios are considered. In 

Figure 4.16. Performance comparison of L-parameter adaptation algorithms for 2nd Order 

Jakes’ Doppler spectrum 



 

53 | P a g e  

the first scenario, the LTV channel is simulated with only positive Doppler components and in 

the second scenario it is simulated with both positive and negative Doppler components. 

In Fig. 4.17 the simulation results are shown for the 2nd order Jakes’ Doppler spectrum 

with time-domain Doppler estimation and a normalized Doppler of 0.2. In this scenario, the 

Fourier Doppler dictionary is used and the simulated channel has only positive Doppler 

frequencies. In the no adaptation case, only the positive Doppler dictionary is considered for 

estimation and for the positive-negative Doppler adaptation the algorithm in Table 3.8 is used. 

We can see that, for both no adaptation and adaptation case the BER performance is the same 

as well as the complexity. In the adaptation case, depending on the estimate obtained from the 

P2 preambles the algorithm decides whether to use either both positive and negative Doppler 

elements or just the positive elements for the dictionary. In this case only the positive Doppler 

elements are used for estimation. 

 

  
Figure 4.17. Performance for positive-negative dictionary adaptation with 2nd Order Jakes’ 

Doppler (Positive Doppler) 
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In Fig. 4.18, the channel simulated has both positive as well as negative Doppler 

components. From the results we can clearly see that, there is performance degrade when only 

the positive Doppler dictionary is considered. This is because, the positive Doppler dictionary 

cannot correctly estimate the negative Doppler components. This inaccurate estimate, 

translates to a BER performance degrade as seen in the figure. In this scenario, the channel 

estimate determined using the P2 preambles contains both positive and negative Doppler 

components. For the positive-negative adaptation algorithm this means that, both positive and 

negative Doppler components will be considered in the dictionary. The additional negative 

Doppler dictionary elements increase the complexity of the estimation slightly as shown in 

Table 3.10 but channel estimated is more accurate and the BER performance is higher.  

 

 

  
Figure 4.18. Performance for positive-negative dictionary adaptation with 2nd Order 

Jakes’ Doppler (Positive-Negative Doppler) 
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Chapter 5 

5. Conclusion and Future work 

In recent years, the focus of research and development in the wireless communication 

has been on developing spectrally efficient systems in high mobility scenarios. Orthogonal 

Frequency Division Multiplexing (OFDM) enables spectrally efficient transmission. However, 

the mobility in OFDM systems is limited due to inter-carrier interference (ICI) caused by the 

Doppler shift in time-variant channels. In order to enable OFDM systems to work efficiently 

in high mobility environments, a low complexity and high quality channel estimation technique 

is one of the requirements to achieve this goal. Since the channel estimation is done at the 

receiver side, due to limited processing capability and/or battery power, complex channel 

estimation algorithms are not suitable. In this thesis, the complexity and accuracy of the 

matching pursuit based algorithms is explored from the perspective of the dictionary design. 

For matching pursuit (MP) algorithms the dictionary design is very important. The 

algorithms like OMP try to search for combinations of these dictionary elements to reconstruct 

the signal and the performance of the system is directly related to these dictionary atoms. If the 

dictionary is designed such that the signal is sparse and the estimate is accurate then the 

algorithms like OMP will converge faster with the best possible representation. However, for 

bigger dictionaries the OMP algorithm is impractical due to its high complexity. In order to 

avoid this issue a novel low complexity variant of the OMP algorithm called the DDS-OMP 

algorithm is considered in this thesis. The DDS-OMP algorithm reduces the search space by 

searching for the delay and Doppler components independently. In addition, the algorithm uses 

a search tree scheme to determine the delay and Doppler components which further reduces 

the complexity. The complexity and accuracy of the DDS-OMP algorithm is explored in this 

thesis by using different dictionaries and with adaptive dictionaries as described in section 3.3. 

The use of adaptive dictionaries can take advantage of the FEC encoding to reduce the channel 

estimation complexity in scenarios where the signal-to-noise (SNR) is higher. 

The application scenario considered in this thesis is the Digital Video Broadcasting – 

Second Generation Terrestrial (DVB-T2) system. The goal is to enable digital television 

reception in high mobility scenarios.  For the simulation, the DVB-T2 Common Simulation 

Platform (DVB-T2 CSP) is used. It is a simulator implemented in MATLAB for DVB-T2 

systems, which enables all the functionalities of the DVB-T2 standard. In this thesis, the 

compressive estimation functionality was added to the DVB-CSP receiver and the dictionaries 

introduced in section 3.3 were also implemented. 
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From the simulation results in chapter IV, we can see the effects of the different 

dictionaries on the accuracy of the channel estimation. The metrics considered for determining 

the efficiency of the dictionaries in this thesis are the BER performance and complexity. 

According to the simulation results, the overall performance of the Fourier and wavelet 

dictionary is the highest. However in some simulation scenarios we see that, the performance 

of the Fourier dictionary is suboptimal. This is the motivation for using adaptive dictionaries. 

Adaptive dictionaries enables the DDS-OMP algorithm to find a tradeoff between complexity 

and accuracy. The DDS-OMP algorithm estimates the channel accurate enough such that, the 

FEC can decode the data with an arbitrarily low bit error rate. By taking advantage of the FEC, 

the complexity of the DDS-OMP algorithm can be significantly reduced as described in section 

3.4. Furthermore, the Fourier dictionary introduced in section 3.3.1 can take any arbitrary value 

of Doppler shift and construct the corresponding dictionary element, this makes the adaptation 

of the Fourier dictionary simple and flexible. 

The results of this thesis show that we can estimate a LTV channel with low complexity 

and high accuracy. But there is still scope for future improvements in the estimation algorithm 

as well as the dictionary design. The complexity and accuracy of the DDS-OMP algorithm can 

be improved by using a smaller set of search nodes which include the correct Doppler 

components. Thereby, reducing the complexity of the estimation and keeping the estimation 

accuracy the same. Furthermore, new Doppler dictionaries can be proposed which can estimate 

the Doppler in the channel sparsely with higher accuracy. The dictionaries that can estimate 

the channel more accurately will enable the DVB-T2 system to further increase the spectral 

efficiency by reducing the pilot subcarriers and using FEC with higher code rates. More 

elaborate dictionary adaptation schemes can be designed which can reduce the complexity even 

more and may be able to provide more accurate channel estimates.  

The scope of this thesis was limited to the Doppler dictionaries. For future work, 

however, the existing delay dictionaries can also be implemented. In addition, more accurate 

delay dictionaries can be designed. With a more sparse and accurate delay estimate, the overall 

complexity for the DDS-OMP algorithm can be reduced whereas, the accuracy can be 

increased. Adaptive delay dictionaries can also be introduced to reduce the complexity of the 

DDS-OMP algorithm even more. Furthermore, the dictionary adaptation for both delay and 

Doppler dictionary can be linked giving more freedom to the adaptation and leading to the 

optimal parameters for both the delay and Doppler dictionaries.  

This thesis has resulted in a step towards the goal of enabling DVB-T2 reception in 

high mobility scenarios. It has provided a framework for future research on dictionary design 

and more sophisticated dictionaries and adaptation schemes can be implemented in the future  
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6. Appendix 

For the basis optimization introduced in Sec. 3.6 the parameters which are required for 

the optimization are demined as follows. 

𝒄𝟎
(𝒗)
= [𝑪(𝒗)[𝟎, 𝟎] … 𝑪(𝒗)[𝟎, 𝑱 − 𝟏]]𝑻 (A1) 

Where 𝑱 = 𝑳 is set to the OFDM block length and v is the Doppler frequency.  

𝑪(𝒗)[𝒎, 𝝀] =  ∑ ∑𝝍(𝒗)
𝑵−𝟏

𝒒=𝟎

𝑱 𝟐⁄

𝒊=−𝑱 𝟐⁄

[𝒊 + 𝒒𝑳]𝑨𝜸,𝒈
∗ (𝒎, (𝒊 + 𝒒𝑳)/𝑵𝑳)𝒆𝒋𝟐𝝅𝝀𝒊/𝑱 

(A2) 

Where N is FFT size, 𝑨𝜸,𝒈
∗  is the cross-Ambiguity function given by A5 and 𝝍(𝒗) is 

given by A3. 

𝝍(𝒗)[𝑖] =  𝒆𝒋𝝅(𝒗𝑻𝒔−𝒊/𝑵𝑳)(𝑵𝑳−𝟏)𝝍(𝒊 − 𝒗𝑻𝒔𝑵𝑳) (A3) 

Where Ts is the sampling interval and 𝝍(𝒚) is given by A4.  

𝝍(𝒚) =  
𝒔𝒊𝒏(𝝅𝒚)

𝑵𝑳 × 𝒔𝒊𝒏(𝝅𝒚 𝑵𝑳⁄ )
 

(A4) 

Where N is FFT size and L is number of transmitted OFDM symbols.  

𝑨𝜸,𝒈
∗ (𝑚, 𝜉) =  ∑ 𝜸[𝒏]𝒈∗[𝒏 −𝒎]𝒆−𝒋𝟐𝝅𝝃𝒏

∞

𝒏=−∞

 
(A5) 

Where g[n] is the transmit pulse and 𝜸[𝒏] is the receive pulse. 

The Doppler frequency set Ɗ is given as 

Ɗ = {𝒗𝚫𝒅, 𝒅 = −⌈𝒗𝒎𝒂𝒙 𝒗𝚫⁄ ⌉, … , ⌈𝒗𝒎𝒂𝒙 𝒗𝚫⁄ ⌉} (A6) 

Where 𝒗𝚫is the Doppler spacing given by  

𝒗𝚫 = 
𝟏

𝟐𝑻𝒔𝑵𝑳
 

(A7) 
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