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Abstract: Channel estimation is an important module to enhance the performance of orthogonal 1

frequency division multiplexing (OFDM) systems. However, the presence of a large amount of 2

noise in multipath fading time-varying channels significantly affects the channel estimation accuracy 3

and thus the recovery quality of the received signals. Therefore, this paper proposes a double- 4

threshold (DT) channel estimation method based on adaptive frame statistics (AFS). The method 5

first adaptively determines the number of statistical frames based on the temporal correlation of 6

the received signals, and preliminarily detects the channel structure by analyzing the distribution 7

characteristics of multipath sampling points and noise sampling points during adjacent frames. 8

Subsequently, a multi-frame averaging technique is used to expand the distinction between multipath 9

and noise sampling points. Finally, the DT is designed to better recover the channel based on the 10

preliminary detection results. Simulation results show that the proposed adaptive frame statistics- 11

double-threshold (AFS-DT) channel estimation method is effective and has better performance 12

compared with many existing channel estimation methods. 13

Keywords: channel estimation; orthogonal frequency division multiplexing (OFDM); adaptive frame 14

statistics (AFS); double-threshold (DT) 15

1. Introduction 16

Orthogonal frequency division multiplexing (OFDM) technology is extensively em- 17

ployed in modern communication systems due to its exceptional performance and high 18

spectral efficiency [1,2]. By inserting a cyclic prefix (CP) which is greater than the maximum 19

delay extension of the multipath channel among adjacent OFDM symbols as the guard 20

interval (GI), it not only eliminates inter-symbol interference (ISI) but also greatly simplifies 21

the design of the frequency domain equalizer [3]. To recover the signals accurately at the 22

receiver, channel estimation is essential. The current channel estimation methods for OFDM 23

systems can be divided into three categories: blind channel estimation [4], semi-blind chan- 24

nel estimation [5], and pilot-based channel estimation [6]. Although blind and semi-blind 25

channel estimation methods have higher spectral efficiency, their high computational com- 26

plexity is not ideal in practical applications. The pilot-based channel estimation methods 27

are often preferred due to their reliability and simplicity. Usually the pilots are inserted 28

in block-type [7], comb-type [8], or scatter-type [9]. In the block-type arrangement, the 29

pilots appear in a few OFDM symbols of all subcarriers. In the comb-type arrangement, the 30

pilots appear in a few subcarriers of all OFDM symbols. In the scatter-type arrangement, 31

the pilots appear in a few subcarriers of a few OFDM symbols. Therefore, the number of 32

pilots in the scatter-type is less than that in the block-type and comb-type. However, the 33

comb-type pilots can better recover the channel state information (CSI) in time-varying 34

channels [10]. Therefore, this paper focuses on the channel estimation techniques based 35

on comb-type pilots. Figure 1 gives the mainstream channel estimation methods based 36
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on comb-type pilots in OFDM systems, which are error square minimization, multi-frame 37

averaging, compressed sensing (CS), and threshold denoising. The threshold denoising 38

methods in the red dashed box and the multi-frame averaging methods in the blue dashed 39

box in the figure are the theoretical sources of the proposed method in this paper. 40
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Figure 1. Channel estimation methods based on comb-type pilots in OFDM systems.

At the receiver, the channel is estimated using the known and received pilots. There 41

are many conventional channel estimation techniques such as least square (LS) method [11], 42

minimum mean square error (MMSE) method [12], and linear MMSE (LMMSE) method 43

[13]. The LS method is the simplest channel estimation method and has been widely 44

used for many years. However, it ignores the effect of noise, which reduces its channel 45

estimation accuracy greatly. The MMSE method uses priori knowledge in the form of 46

second-order statistics of the channel and has better estimation performance, but it involves 47

matrix inverse operations and has high computational complexity. The LMMSE method is 48

a simplification of the MMSE method. Although it reduces the computational complexity, 49

it still requires prior channel knowledge to calculate the autocorrelation matrix of the 50

channel. The LS-based channel estimator is simple to implement and does not require prior 51

knowledge of the channel. To enhance its performance, numerous denoising strategies 52

have been proposed in existing literatures. Wu et al. [14] proposed a weighted averaging 53

channel estimation method according to the temporal correlation of wireless channels. 54

Based on the LS estimation, the channel coefficients of two adjacent OFDM symbols are 55

weighted averaged. The noise is better suppressed under this method, but it is not effective 56

in dynamic channels. Zettas et al. [15] adaptively adjusted the buffer according to the 57

Doppler shift, and thus the average number of OFDM frames is determined to adapt to 58

dynamic channels. Based on this, Zhang et al. [16] considered the effect of signal-to-noise 59

ratio (SNR) on the average number of OFDM frames and proposed a more reasonable 60

multi-frame weighted averaging scheme. However, the multi-frame averaging technique 61

causes Doppler distortion in dynamic channels. In fast time-varying channel environments, 62

the performance loss from multi-frame averaging could be higher than the performance 63

gain of noise suppression. Therefore, the methods proposed by Zettas et al. [15] and Zhang 64

et al. [16] still have some limitations. 65

For some bandwidth wireless channels, the channel impulse response (CIR) often 66

exhibits a sparse structure due to delay differences and relatively high sampling rates. 67

CS algorithms have been successfully applied to the recovery of sparse channel support 68

sets. They are mainly classified into convex optimization [17] and greedy optimization 69

[18]. Convex optimization mainly uses basis pursuit (BP) [19] to solve the parametric 70

minimization problem. Its reconstruction accuracy for sparse channel is high, but it is not 71

applicable to real-time systems and has high complexity. In contrast to convex optimization 72

which sets the objective function to minimize, greedy optimization determines the location 73

of the non-zero sampling points of the sparse channel by multiple iterations. Orthogo- 74

nal matching pursuit (OMP) [20], block OMP (BOMP) [21], and compressive sampling 75

matching pursuit (CoSaMP) [22] are the most commonly used CS algorithms. Jiang et al. 76
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[23] proposed a separable CoSaMP (SCoSaMP) algorithm based on the introduction of 77

backtracking idea. It effectively improves the channel estimation accuracy while reducing 78

the complexity. For some scenarios where the channels satisfy the joint sparse model (JSM), 79

simultaneous OMP (SOMP) [24] algorithm effectively utilizes the joint sparse property to 80

obtain a better sparse channel reconstruction performance. Based on this, Wang et al. [25] 81

proposed an improved SOMP algorithm to achieve ordinary channel taps detection and 82

dynamic channel taps pursuit. Its channel recovery performance is significantly improved 83

under the sparse channel model with the same partial support sets. However, the above CS 84

algorithms [20–25] usually require a large number of iterations to reduce the approximation 85

error, which brings high complexity. Moreover, channel estimation methods based on CS 86

algorithms require known number of channel common support sets to achieve optimal 87

performance, which limits their scope of application. 88

Threshold-based channel estimation methods have lower complexity than those based 89

on CS algorithms and mostly do not require known number of channel common support 90

sets. They typically use the LS method to obtain the initial CIR. Then, the amplitude of 91

each sample point is compared with a given threshold to determine the multipath sample 92

points. The performance of channel CIR support sets recovery depends heavily on the 93

setting of detection thresholds. Most conventional spectrum sensing methods use a fixed 94

threshold to distinguish the multipath and noise sampling points. For example, Kang et al. 95

[26] proposed a double noise variance threshold (DNT) by calculating the noise variance 96

from sampling points outside the CP. Tripta et al. [27] implemented the estimation of noise 97

standard deviation by wavelet decomposition and set it directly as the threshold. However, 98

it is difficult to guarantee the noise removal rate by using a fixed threshold. Its performance 99

degrades faster, especially when the noise power fluctuates. Xu et al. [28] proposed a 100

piecewise suboptimal threshold (PSOT) for selecting the most significant samples (MSSs) 101

in the estimated CIR. This threshold is set by setting the first-order derivative of the mean 102

square error (MSE) to zero to filter out the possible noise samples in the MSSs as much as 103

possible. Zhang et al. [29] proposed a channel estimation method based on the combination 104

of adaptive multi-frame averaging and improved MSE optimal threshold (IMOT). In this 105

method, most of the noise is suppressed without significantly increasing the computational 106

complexity. To obtain a more desirable performance, both PSOT and IMOT require priori 107

channel sparsity for assistance, which is often difficult to obtain in practice. In a completely 108

unknown channel environment, Sure et al. [30] proposed a weighted noise threshold (WNT) 109

by introducing a modified interpretation of the hypothesis testing problem. To some extent, 110

the MSE degradation problem caused by the estimation of priori channel information is 111

overcome. Bahonar et al. [31] proposed a sparse recovery method based on sparse domain 112

smoothing. It is mainly divided into three parts: time domain residue computation, sparsity 113

domain smoothing, and adaptive thresholding sparsifying. Its performance of channel 114

recovery is improved considerably at the expense of certain complexity. However, the 115

performance of existing threshold denoising methods is often unsatisfactory in low SNR 116

range. The reason is that regardless of how the threshold is selected in low SNR range, 117

there is the problem of misclassification of multipath sampling points with lower energy 118

and noise sampling points with higher energy. 119

To improve the accuracy of channel estimation in fast time-varying channels and 120

ensure computational complexity, this paper proposes a double-threshold (DT) estimation 121

channel method based on adaptive frame statistics (AFS) by utilizing the sparsity and 122

temporal correlation of wireless channels. Its performance in terms of normalized mean 123

square error (NMSE), channel structure correctness detection rate (SCDR), and bit error 124

rate (BER) is better than many existing threshold denoising methods in low SNR range. 125

The main novelties and contributions are as follows: 126

(1) The temporal correlation of the received signals is used to analyze the time-varying 127

characteristics of the channel, so that the number of OFDM statistical frames can be 128

determined adaptively. 129
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(2) The channel estimation accuracy is further improved by designing the DT based on 130

the preliminary detection results combined with the distribution characteristics of 131

the sampling points. 132

(3) To fully utilize the cache resources and improve the performance of DT, a multi-frame 133

averaging technique is used to expand the distinction between multipath and noise 134

sampling points after the preliminary statistics. 135

The rest of this paper is organized as follows. Section 2 presents the system model. 136

Section 3 derives the proposed AFS-DT channel estimation method in detail. Experimental 137

results of the proposed method and other conventional methods are given in Section 4, and 138

the computational complexity of the different methods is compared and analyzed. Section 139

5 summarizes the research work. 140

2. System Model 141

It is supposed that one OFDM symbol is transmitted in one frame in this paper. Figure 142

2 shows the CP-OFDM system model using the proposed AFS-DT channel estimation 143

method. The main research work of this paper is shown in the red dashed box in the 144

figure. At the transmitter, the input binary bits are grouped and mapped by 4-quadrature 145

amplitude modulation (4QAM). After inserting the comb-type pilots with uniform interval 146

and length NP, a serial to parallel (S/P) transformation is performed. The inverse fast 147

Fourier transform (IFFT) block converts the data with N rows into the time-domain signals, 148

where N is the number of subcarriers. Then, the CP of length NG is added to the time- 149

domain OFDM symbols, which should be larger than the maximum channel delay extension 150

L (in terms of samples) [32]. The transmitted signals will pass through the multipath 151

fading channel with additive white Gaussian noise (AWGN) after parallel to serial (P/S) 152

transformation. 153
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Figure 2. CP-OFDM system model using the AFS-DT channel estimation method.

At the receiver, it is assumed to be perfectly synchronized with the transmitter. The 154

CP is removed after the S/P transformation. The fast Fourier transform (FFT) output of the 155

pilot symbols is expressed as: 156

Y(m, k) = H(m, k)X(m, k) + N(m, k), (1)

where Y(m, k) and X(m, k) represent the received and transmitted pilot of the mth (m = 157

1, 2, · · · , NP) subcarrier in the kth (k = 1, 2, · · · , K) OFDM symbol, respectively. H(m, k) is 158

the true channel frequency response (CFR), and N(m, k) represents AWGN. 159

The channel estimation module uses the LS method to obtain the CFR ĤLS(m, k), 160

which can be expressed as: 161

ĤLS(m, k) =
Y(m, k)
X(m, k)

. (2)
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The CFR ĤLS(m, k) is transformed to the time domain by the NP-point IFFT. Consider- 162

ing the sparsity of the wireless channels, the CIR ĥLS(m, k) can be specifically expressed 163

as: 164

ĥLS(m, k) =
{

h(m, k) + nLS(m, k), m ∈ C
nLS(m, k), m /∈ C,

(3)

where C is the true CIR support sets, which can be considered as the position of the 165

multipath sampling points in interval sampling channels. h(m, k) is the true CIR at the 166

multipath sampling points, which can be modeled as a complex Gaussian random variable 167

with mean 0 and variance σ2
m in Rayleigh fading channels. nLS(m, k) is the complex AWGN 168

with mean 0 and variance σ2
k . Since h(m, k) and nLS(m, k) are independent of each other, 169

h(m, k) + nLS(m, k) also conforms to the complex Gaussian distribution. Therefore, the 170

random variable ĥLS(m, k) is distributed as: 171

ĥLS(m, k) ∼
{
CN (0, σ2

m + σ2
k ), m ∈ C

CN (0, σ2
k ), m /∈ C.

(4)

Since AWGN is ignored in the LS method, the channel estimation accuracy will be 172

further improved in the AFS-DT denoising module, which will be described in detail in 173

Section 3. Finally, the transmitted binary bits are obtained by the 4QAM demodulation 174

method. 175

3. The Proposed Method 176

The existing threshold denoising methods have limitations in low SNR range. There- 177

fore, an AFS-DT based channel estimation method is proposed in this paper. First, the 178

channel structure is preliminarily determined by multi-frame statistics based on the distri- 179

bution characteristics of multipath sampling points and noise sampling points. The number 180

of statistical frames P is determined adaptively according to the temporal correlation of 181

the received signals, and the derivation process will be described in detail in subsection 182

3.2. A multi-frame averaging technique is then used to expand the distinction between 183

multipath and noise sampling points. Finally, a cost factor is introduced to design a denois- 184

ing threshold that minimizes the overall error cost, and another threshold is introduced to 185

supplement multipath. 186

Perform P-frame statistics on the CIR ĥLS(m, k) obtained by LS estimation. Let the 187

number of times the real part of the mth sampling point appears in the statistical intervals 188

(−∞, 0) and (0,+∞) be Nm,k
Re,Ne

and Nm,k
Re,Po

, respectively. Similarly, let the number of times 189

the imaginary part of the mth sampling point appears in the statistical intervals (−∞, 0) 190

and (0,+∞) be Nm,k
Im,Ne

and Nm,k
Im,Po

, respectively. The counting process can be specifically 191

expressed as [33]: 192

Nm,k
Re,Ne

= count[Re(ĥLS(m, k), ĥLS(m, k + 1), · · · , ĥLS(m, k + P− 1)) ∈ (−∞, 0)], (5)

193

Nm,k
Re,Po

= count[Re(ĥLS(m, k), ĥLS(m, k + 1), · · · , ĥLS(m, k + P− 1)) ∈ (0,+∞)], (6)

194

Nm,k
Im,Ne

= count[Im(ĥLS(m, k), ĥLS(m, k + 1), · · · , ĥLS(m, k + P− 1)) ∈ (−∞, 0)], (7)

195

Nm,k
Im,Po

= count[Im(ĥLS(m, k), ĥLS(m, k + 1), · · · , ĥLS(m, k + P− 1)) ∈ (0,+∞)], (8)

where count(·) denotes the operation of counting. Re(·) and Im(·) denote the operations 196

of taking the real and imaginary parts, respectively. 197

Next, define the variable Nm,k
max: 198
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Nm,k
max = max(Nm,k

Re,Ne, Nm,k
Re,Po, Nm,k

Im,Ne, Nm,k
Im,Po), (9)

where max(·) denotes the operation of taking the maximum value. 199

In the time-varying channels, there exists a certain degree of correlation among ad- 200

jacent OFDM symbols. Since the probability density function (PDF) of noise conforms to 201

the zero-mean complex Gaussian distribution, it is known from the statistical properties 202

of noise that if the mth sampling point is a pure noise sampling point, the number of 203

times its real or imaginary part appears in the intervals (−∞, 0) and (0,+∞) is similar. It 204

can be considered that Nm.k
max < P. In practical communication environments, the power 205

of multipath in the channel is much greater than the power of noise. Considering the 206

correlation among adjacent OFDM frames, if the mth point is a multipath sampling point, 207

the number of times its real or imaginary part appears in the statistical intervals (−∞, 0) 208

and (0,+∞) approximates the number of statistical frames, i.e. Nm.k
max = P. Therefore, the 209

preliminary channel structure detection matrix ŜI(m, k) can be expressed as: 210

ŜI(m, k) =

{
1, Nm,k

max = P
0, Nm,k

max < P,
(10)

where the value of 1 represents a multipath sampling point, and the value of 0 represents a 211

noise sampling point. 212

Due to the extreme randomness of statistics and the time-varying nature of the channel, 213

there are still misclassifications of noise as multipath and multipath as noise. Therefore, 214

further optimization is needed. P-frame averaging of the CIR can be expressed as: 215

ĥA(m, k) =
1
P

k+P−1

∑
i=k

ĥLS(m,i) =
{

hA(m,k) + nA(m,k), m ∈ C
nA(m, k), m /∈ C.

(11)

The channel information of adjacent OFDM frames is still similar due to the temporal 216

correlation of the channel. It can be considered that hA(m,k) ≈ h(m,k). That is, the 217

true multipath power σ2
m,A after averaging is approximately equal to the unaveraged 218

true multipath power σ2
m. The multipath power after superimposed noise becomes σ2

R ≈ 219

σ2
m + σ2

k /P, and the noise power is σ2
N = σ2

k /P. Therefore, the CIR ĥA(m, k) after averaging 220

conforms to the following complex Gaussian distribution: 221

ĥA(m, k) ∼
{
CN (0, σ2

m + σ2
k /P), m ∈ C

CN (0, σ2
k /P), m /∈ C.

(12)

Combining (4) and (12), the change in the distinction between multipath sampling 222

points and noise sampling points can be specifically expressed as: 223

(
σ2

m + σ2
k /P

σ2
k /P

)/(
σ2

m + σ2
k

σ2
k

) ≈ P. (13)

It can be seen that by averaging the adjacent P-frame OFDM symbols, the distinction 224

in energy between multipath sampling points and noise sampling points is approximately 225

expanded by a factor of P. Unlike the purpose of conventional multi-frame averaging, it 226

is not directly used to average the CIR for noise suppression. This is because multi-frame 227

averaging in dynamic channels distorts the channel coefficients at the multipath sampling 228

points, which means that hA(m,k) ≈ h(m,k) is not rigorous and even causes errors. 229

The square of the envelope of the CIR ĥA(m, k) after averaging gives |ĥA(m, k)|2, which 230

represents the power and follows an exponential distribution. The cumulative distribution 231

functions (CDF) FR(x) and FN(x) of multipath power and noise power can be specifically 232

expressed as: 233

FR(x) =

{
1− e

− 1
σ2

R
x
, x > 0

0, x ≤ 0,
(14)
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234

FN(x) =

{
1− e

− 1
σ2

N
x
, x > 0

0, x ≤ 0.
(15)

When the power at the mth subcarrier in the kth OFDM frame is less than the denoising 235

threshold Tk, it is considered as a noise sampling point, and vice versa as a multipath 236

sampling point. According to the nature of the CDF, when x = Tk, the multipath error 237

removal probability is FR(x) and the noise correct removal probability is FN(x). Therefore, 238

the probabilities of missed alarm (MA) and false alarm (FA) are FR(x) and 1− FN(Tk), 239

respectively. The overall error cost W(Tk) can be expressed as: 240

W(Tk) = (1− α)FR(Tk) + α[1− FN(Tk)] = (1− α)(1− e
− 1

σ2
R

Tk
) + αe

− 1
σ2

N
Tk

, (16)

where α is the introduced FA cost factor, the specific value of which will be given in 241

subsection 4.2. To obtain the optimal denoising threshold, the first order derivative of Tk 242

for the overall error cost W(Tk) can be expressed as: 243

∂W(Tk)

∂Tk
=

1− α

σ2
R

e
− 1

σ2
R

Tk
− α

σ2
N

e
− 1

σ2
N

Tk
. (17)

Let the first order derivative be equal to zero, and the denoising threshold TN
k for 244

finding the minimum error cost can be specified as: 245

TN
k = σ2

N
σ2

R
σ2

R − σ2
N

ln
ασ2

R
(1− α)σ2

N
. (18)

Since the multipath power σ2
R is usually much larger than the noise power σ2

N, the 246

essence of this denoising threshold TN
k is multiple of the noise power corresponding to the 247

kth frame. Based on this, the threshold TR
k for supplementing multipath can be expressed 248

as: 249

TR
k = σ2

R/[
σ2

R
σ2

R − σ2
N

ln
ασ2

R
(1− α)σ2

N
]. (19)

The preliminary channel structure detection matrix ŜI(m, k) is further optimized with 250

the denoising threshold TN
k and the supplementary multipath threshold TR

k . Searching for 251

possible noise sampling points among the originally judged multipath sampling points, the 252

selection principle is less than the denoising threshold set in the current frame. Searching 253

for possible multipath sampling points among the originally judged noise sampling points, 254

the selection principle is greater than the supplementary multipath threshold set in the 255

current frame. The final channel structure detection matrix ŜF(m, k) can be specifically 256

expressed as: 257

ŜF(m, k) =

{
1, [Nm,k

max = P and |ĥR(m, k)|2 ≥ TN
k ] or [Nm,k

max < P and |ĥN(m, k)|2 ≥ TR
k ]

0, [Nm,k
max < P and |ĥN(m, k)|2 < TR

k ] or [Nm,k
max = P and |ĥR(m, k)|2 < TN

k ],
(20)

where ĥR(m, k) and ĥN(m, k) are the CIRs of multipath and noise after preliminary detec- 258

tion, respectively. 259

Based on the final channel structure detection matrix ŜF(m, k) for time-domain denois- 260

ing, the final CIR ĥF(m, k) can be expressed as: 261

ĥF(m, k) = ĥLS(m, k) · ŜF(m, k). (21)
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3.1. Estimation of Multipath Power and Noise Power 262

From (18) and (19), the optimal threshold requires known multipath power σ2
R and 263

noise power σ2
N. Next, the σ2

R and σ2
N will be estimated based on the preliminary detection 264

results. 265

The CIR ĥR(m, k) at all multipath sampling points is obtained from the CIR ĥA(m, k) 266

and the preliminary channel structure detection matrix ŜI(m, k), which is expressed as: 267

ĥR(m, k) = ĥA(m, k) · ŜI(m, k). (22)

Based on the CIR ĥR(m, k) with multipath energy only, the average multipath power 268

of the kth OFDM frame is calculated, which can be expressed as: 269

σ2
R(k) =

sum1(|ĥR(m, k)|2)
sum1(ŜI(m, k))

, (23)

where sum1(·) denotes summation by column. 270

The CIR ĥN(m, k) at all noise sampling points is obtained from the CIR ĥA(m, k) and 271

the preliminary channel structure detection matrix ŜI(m, k), which is expressed as: 272

ĥN(m, k) = ĥA(m, k) · [J(m, k)− ŜI(m, k)], (24)

where J(m, k) denotes an all-one matrix with the same dimension as ŜI(m, k). The noise 273

power of the kth OFDM frame can be expressed as: 274

σ2
N(k) = median(|ĥN(m, k)|2), (25)

where median(·) denotes the operation of taking the median by column. 275

3.2. Determination of P 276

For an OFDM system with a baseband bandwidth of B, let the duration of a time- 277

domain OFDM symbol (containing CP) be Tsym, which is specified as: 278

Tsym =
N + NG

B
. (26)

Assuming the number of frames for frame statistics is P, the duration of P-frame 279

OFDM symbols can be expressed as: 280

TP = P · Tsym. (27)

To ensure the reliability of preliminary statistical results, there should be a strong 281

correlation among the OFDM frames used for statistics. That is, the channel has a small 282

variation in the duration TP. Therefore, TP should be smaller than the coherence time TC of 283

the channel, i.e.: 284

TP =
TC

β
, (28)

where β is the buffer factor and the value is greater than 1, and it is selected as β = 3 for 285

the proposed AFS-DT method. Meanwhile, the coherence time TC of the channel can be 286

defined as [34]: 287

TC =

√
9

16π fd
2 =

0.423
fd

, (29)
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where fd is the Doppler shift. Assuming that the speed of the user equipment (UE) is v, the 288

speed of light is c, and the system carrier frequency is fc. When the incident signals run in 289

the same direction as the UE, fd can be expressed as [35]: 290

fd = fc
v
c

. (30)

Combining (27), (28), and (29), P can be determined as: 291

P = floor(
0.423

fdβTsym
), (31)

where floor(·) stands for rounding down to ensure inter-frame correlation. From (31), 292

it can be seen that the estimation of the Doppler shift fd is essential for the adaptive 293

determination of the statistical frame number P. Under Rayleigh fading channel models, 294

the autocorrelation function of the time-domain received signals can be expressed as a first 295

class zero-order Bessel function [35]: 296

r(∆k) = J0(2π fd∆kTsym), (32)

where ∆k is the difference in the number of OFDM symbols. On the other hand, the 297

autocorrelation function can be calculated directly from the time-domain received signals 298

as: 299

r̂(∆k) =
1

K− |∆k|

K−|∆k|

∑
k=1

[y(k)y∗(k + |∆k|)], (33)

where y(k) denotes the kth frame of OFDM symbols received in the time domain. (·)∗ 300

denotes the operation of conjugate transpose. Next, the first negative value of r̂(∆k) is 301

found according to (33) and let ∆k be ẑ. Then, the first zero crossing point ẑ0 is determined 302

by linear interpolation, which can be specified as: 303

ẑ0 =
r̂(ẑ)

r̂(ẑ− 1)− r̂(ẑ)
+ ẑ. (34)

Since the first zero crossing point of the first class zero-order Bessel function J0(x) is 304

x = 2.4048, there is 2π fdẑ0Tsym = 2.4048 when r̂(∆k) = 0. The resulting estimate of the 305

Doppler shift can be achieved specifically as [16]: 306

f̂d =
2.4048

2πẑ0Tsym
=

0.383
ẑ0Tsym

. (35)

Combining (31) and (35), P can be determined by: 307

P = floor(
1.104ẑ0

β
). (36)

4. Simulation Results 308

To evaluate the effectiveness of the proposed method in this paper, this section con- 309

ducts simulations on the NMSE, SCDR, and BER of the AFS method and the further 310

optimized AFS-DT method. Several conventional methods are also simulated and com- 311

pared, which include DNT [26], WNT [30], and IMOT [29]. The performance metrics and 312

simulation environments including the channel models and system parameters are given 313

in subsection 4.1. For the proposed AFS-DT method, the specific determination process of 314

the FA cost factor α is given in subsection 4.2. For the WNT method, the weight factor q 315

is taken as q = 0. For the IMOT method, the prior probability PR of multipath sampling 316

points is taken as the local sparsity level (LSL) PR = σ2
R. This section also simulates the 317

channel estimation performance for two ideal cases, namely known true channel structure 318
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and noise-free interference. Finally, the computational complexity of the different channel 319

estimation methods is analyzed and compared in subsection 4.5. 320

4.1. Simulation Environments and Performance Metrics 321

The channel models used are two new models from the Finnish Wing-TV test project 322

[15]: the vehicular urban (VU) and the motorway rural (MR). These channels are all 323

Rayleigh channels with the multipath number of 12, whose power delay profiles (PDP) are 324

shown in Table 1. The main simulation parameters of the OFDM system are shown in Table 325

2. There are 1200 subcarriers, of which the CP occupies 240 subcarriers. Therefore, the total 326

number of pilot subcarriers and data subcarriers is N = 1200− 240 = 960. The number of 327

pilot subcarriers is NP = 960/4 = 240 by using the comb-type pilots with an interval of 3. 328

In the dynamic multipath channel environments, the system carrier frequency fc is set to 329

800 MHz. The speeds of UE in VU and MR are set to 40 km/h and 100 km/h, respectively. 330

The finally simulation results are obtained by averaging totally 1000 trail runs. 331

Table 1. PDP for VU and MR multipath fading channels.

Tap
VU MR

Delay (µs) Power (dB) Delay (µs) Power (dB)

1 0.0 0.0 0.0 0.0
2 0.3 −0.5 0.5 −1.3
3 0.8 −1.0 1.0 −3.4
4 1.6 −4.1 1.8 −6.8
5 2.6 −8.8 2.5 −10.2
6 3.3 −12.6 3.1 −12.9
7 4.8 −18.6 3.9 −16.3
8 5.8 −21.6 4.8 −19.5
9 7.2 −24.6 5.5 −21.7

10 10.8 −20.7 6.4 −23.3
11 11.8 −18.8 7.0 −24.2
12 12.6 −19.5 9.0 −25.8

Table 2. Simulation parameters of the OFDM system.

Parameters Specifications

System model CP-OFDM
Channel distribution Rayleigh

Baseband bandwidth B 5 MHz
Modulation mode 4QAM

The number of OFDM frame K 400
Subcarrier number (without CP) N 960

CP length NG 240
Pilot interval 3

In this paper, the channel estimation performance is evaluated in terms of NMSE, 332

SCDR, and BER, which can be defined as (37), (38), and (39), respectively: 333

eNMSE =

√
E(|h− ĥ|2)

E(|h|2) , (37)

334

rSCDR = 1− E[sum2(|S− Ŝ|)]
sum2(J)

, (38)
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335

rBER =
Ne

Na
, (39)

where E(·) denotes the operation of taking the mean value. h and ĥ represent the true CIR 336

and the CIR obtained by various channel estimation methods, respectively. sum2(·) means 337

summing all elements of the matrix. S and Ŝ represent the true channel structure detection 338

matrix and the channel structure detection matrix obtained by various threshold channel 339

estimation methods, respectively. Ne and Na are the number of error bits and the total 340

number of bits which are sent in the transmitter, respectively. 341

4.2. Determination of α 342

Since most of the sampling points in an OFDM frame are noise sampling points, 343

the value of α should theoretically be within the interval [0.5, 1). To verify the theoret- 344

ical reasoning and find the optimal α, the NMSE simulation curves for the VU chan- 345

nel with UE speed of 40 km/h and the MR channel with UE speed of 100 km/h when 346

α = {0.1, 0.5, 0.9, 0.99, 0.999} are shown in Figures 3 (a) and (b) , respectively. The trends 347

of the simulation curves are similar in both channels, but the difference in NMSE among 348

different α values is more obvious in the MR channel. This is because the fast time-varying 349

characteristics of the MR channel lead to a high probability of misclassification in the AFS 350

method, and the DT can improve the channel estimation performance more significantly. 351

Therefore, the result of the MR channel is described in detail as an example. 352

(a)

(b)

Figure 3. NMSE of different α values: (a) VU and (b) MR.
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As shown in Figure 3 (b), the value of NMSE becomes smaller as α increases when 353

α = {0.1, 0.5, 0.9}. From (18) and (19), it can be seen that as α becomes larger, the denoising 354

threshold becomes larger while the complementary multipath threshold becomes smaller, 355

which makes the DT have better denoising and supplementary multipath performance. 356

It also further verifies the theoretical reasoning that the optimal α value is taken within 357

the interval [0.5, 1). When α = {0.9, 0.99, 0.999}, the value of NMSE is still smaller when α 358

takes a larger value in the relatively high SNR range, but the performance improvement is 359

not significant. Moreover, when α = 0.99 or α = 0.999, the NMSE will sharply deteriorate 360

in the lower SNR range. This is because too large α causes the denoising threshold to 361

incorrectly remove some multipath sampling points, while the supplementary multipath 362

threshold also incorrectly supplements some noise sampling points. Therefore, α = 0.9 is 363

finally selected for the experiment in this section. 364

4.3. Analysis of NMSE and SCDR 365

Since both NMSE and SCDR reflect the degree of channel recovery to some extent, 366

this subsection will simulate and analyze them together. The NMSE and SCDR of different 367

channel estimation methods for the VU channel with UE speed of 40 km/h are shown in 368

Figures 4 (a) and (b), respectively. The NMSE and SCDR of different channel estimation 369

methods for the MR channel with UE speed of 100 km/h are shown in Figures 5 (a) and (b), 370

respectively. 371

(a)

(b)

Figure 4. The performance of different channel estimation methods in VU channel with UE speed of
40 km/h: (a) NMSE and (b) SCDR.
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As shown in Figure 4 (a), the NMSE of all seven methods decreased with the increase 372

of SNR. The proposed AFS-DT method has the best NMSE in the overall SNR range in 373

addition to the ideal method with known true channel structure. The AFS method without 374

further structural optimization shows suboptimal performance in the lower SNR range. 375

It outperforms the ideal method with known true channel structure. This is because in 376

the case of very low SNR, there are multipath sampling points with low multipath energy 377

but high superimposed noise energy. The AFS method will judge these sampling points 378

as noise and remove them. Compared with Figure 5 (a), the AFS-DT method in Figure 4 379

(a) has a slightly lower performance gain compared with the conventional methods. The 380

reason is that the number of statistical frames becomes smaller and the noise removal rate 381

is lower to ensure the reliability of the preliminary channel structure detection under the 382

MR channel. 383

(a)

(b)

Figure 5. The performance of different channel estimation methods in MR channel with UE speed of
100 km/h: (a) NMSE and (b) SCDR.

As shown in Figure 4 (b), the SCDR of all five methods becomes larger with the 384

increase of SNR. Among them, the performance of DNT method is the worst and the 385

change with SNR is flat. This is because DNT is a fixed threshold and does not change 386

adaptively as the SNR changes. When the SNR is 0 dB, the SCDR of the proposed AFS-DT 387

method is improved by 13.42%, 1.99%, and 1.32% compared with the DNT, WNT, and 388

IMOT methods, respectively. As shown in Figure 5 (b), when the SNR is 0 dB, the SCDR of 389

AFS-DT method is improved by 13.33%, 1.89%, and 1.22% compared with the DNT, WNT, 390

and IMOT methods, respectively. 391
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As shown in Figures 4 (a) and (b), the performance of the AFS method compared with 392

other conventional methods in terms of NMSE and SCDR does not exactly correspond in 393

the overall SNR range. For example, at the SNR of 10 dB, the SCDR of AFS method is better 394

than IMOT method, but the NMSE is lower than IMOT method. The same phenomenon is 395

observed in Figure 5 (a) compared with Figure 5 (b). The reason is that AFS method has 396

a high noise removal rate in the high SNR range, but there is still a multipath sampling 397

points misclassification problem, while the NMSE of IMOT method is basically caused by 398

the unremoved noise. 399

4.4. Analysis of BER 400

The BER of the VU channel with UE speed of 40 km/h and the MR channel with UE 401

speed of 100 km/h are shown in Figures 6 and 7, respectively. To more clearly show the 402

BER differences among the different methods, the part of each figure shown in the black 403

dashed box has been enlarged. 404

Figure 6. BER of different channel estimation methods in VU channel with UE speed of 40 km/h.

Figure 7. BER of different channel estimation methods in MR channel with UE speed of 100 km/h.

As shown in Figure 6, the BER of all channel estimation methods gradually improves 405

as the SNR increases. The reason is that as the SNR increases, the interference of the AWGN 406

in the channel to the transmitted signals diminishes and the channel estimation accuracy 407

improves. Except for the two ideal cases, AFS-DT method still shows the best performance 408

in the overall SNR range compared with the conventional methods. In the lower SNR 409

range, it also outperforms channel estimation method with known true channel structure. 410

Figure 7 also shows similar experimental results. In Figure 6, when BER is 2× 10−1, the 411
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SNR gains of the AFS-DT method compared with the DNT, WNT, and IMOT methods are 412

about 1.90 dB, 0.30 dB, and 0.17dB. In Figure 7, when BER is 2× 10−1, the SNR gains of 413

the AFS-DT method compared with the DNT, WNT, and IMOT methods are about 1.80 dB, 414

0.25 dB, and 0.10 dB. 415

4.5. Analysis of Computational Complexity 416

The computational complexity of the proposed AFS and AFS-DT methods and the 417

conventional methods is shown in Table 3. For intuitive presentation, all methods consider 418

only complex multiplication operations in one frame of OFDM symbols. 419

For the AFS method, the statistical complexity can be ignored and only interpola- 420

tion is required. Its computational complexity is O(Nlog2N). For the AFS-DT method, 421

NP-point IFFT is first performed on the CFR at the pilots obtained by the LS method. Its 422

computational complexity is O(NPlog2NP). Then, the DT is calculated. It mainly includes 423

the calculations of multi-frame averaging, multipath power, and noise power, correspond- 424

ing to (11), (23), and (25), respectively. Their computational complexity is approximately 425

O(NP) and belongs to the same order of magnitude. The computational complexity of 426

(18) and (19) can be ignored since the DT is computed only once in one frame of OFDM 427

symbols. In addition, the determination of P in (36) needs to be computed only once for 428

a given channel and can also be ignored. Finally, the N-point FFT of the CIR after DT 429

optimization is performed to achieve the estimation of the CFR at the data subcarriers. 430

Its computational complexity is O(Nlog2N). Since N > NP, it can be considered that 431

O(NPlog2NP) + O(Nlog2N) ≈ O(Nlog2N). In summary, the computational complexity of 432

the AFS-DT method is approximately O(NP)+O(Nlog2N). 433

Table 3. Comparison of the computational complexity of different channel estimation methods.

Channel estimation methods Computational complexity

LS O(Nlog2N)
DNT [26] O(NP)+O(Nlog2N)
WNT [30] O(NP)+O(Nlog2N)
IMOT [29] O(LNP)+O(Nlog2N)

AFS O(Nlog2N)
AFS-DT O(NP)+O(Nlog2N)

As shown in Table 3, the computational complexity of the proposed AFS-DT method 434

is in the same order of magnitude as the DNT and WNT methods, which is lower than the 435

IMOT method. Since both LS and AFS methods do not require time domain operations, 436

only interpolation is required and their complexity is minimal. Overall, the AFS-DT 437

method greatly improves the channel estimation accuracy with reasonable computational 438

complexity. 439

5. Conclusion 440

To achieve low complexity and high accuracy channel estimation under fast time- 441

varying channels, a double-threshold channel estimation method based on adaptive frame 442

statistics is proposed. The method is able to adapt to time-varying channels by adaptively 443

determining the number of statistical frames based on the received signals. In addition, 444

to further improve the accuracy of channel estimation, a multi-frame averaging technique 445

is used to expand the difference between the multipath sampling points and the noise 446

sampling points. 447

Simulation results show that the channel estimation accuracy of the proposed AFS-DT 448

method is better than LS, DNT, WNT, and IMOT methods. At the same time, the method 449

has a low computational complexity and is easy to implement. It has broad application 450
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prospects in the fields of optical communication [36], digital broadcasting [37], and satellite 451

communication [38]. 452
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