
Academic Editor: Fabio Corti

Received: 17 July 2025

Revised: 8 August 2025

Accepted: 12 August 2025

Published: 25 August 2025

Citation: Dziwoki, G.; Izydorczyk, J.;

Kucharczyk, M. Enhanced OFDM

Channel Estimation via DFT-Based

Precomputed Matrices. Electronics

2025, 14, 3378. https://doi.org/

10.3390/electronics14173378

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Article

Enhanced OFDM Channel Estimation via DFT-Based
Precomputed Matrices
Grzegorz Dziwoki * , Jacek Izydorczyk and Marcin Kucharczyk

Department of Telecommunications and Teleinformatics, Silesian University of Technology, 44-100 Gliwice,
Poland; jacek.izydorczyk@polsl.pl (J.I.); marcin.kucharczyk@polsl.pl (M.K.)
* Correspondence: grzegorz.dziwoki@polsl.pl

Abstract

Orthogonal Frequency Division Multiplexing (OFDM) modulation currently dominates
the physical layer design in modern transmission systems. Its primary advantage is the
simple reconstruction of channel frequency response (CFR). However, the Least Squares
(LS) algorithm commonly used here is prone to significant estimation errors due to noise
interference. A promising and relatively simple alternative is a DFT-based strategy that
uses a pre-computed refinement/correction matrix to improve estimation performance.
This paper investigates two implementation approaches for CFR reconstruction with pre-
computed matrices. Focusing on multiplication operations, a threshold number of active
subcarriers was identified at which these two implementations exhibit comparable numeri-
cal complexity. A numerical performance factor was defined and a detailed performance
analysis was carried out for different guard interval (GI) lengths and the number of active
subcarriers in the OFDM signal. Additionally, to maintain channel estimation quality
irrespective of GI length, a channel impulse response (CIR) energy detection procedure
was introduced. This procedure refines the results of the symbol synchronization process
and, by using the circular shift property, preserves constant values of the precomputed
matrix coefficients without system performance loss, as measured by Bit Error Rate (BER)
and Mean Square Error (MSE) metrics.

Keywords: OFDM modulation; channel estimation; DFT-based methods; efficient
implementation; spectrum shaping; cognitive radio

1. Introduction
Since the early 2000s, Orthogonal Frequency Division Multiplexing (OFDM) has

emerged as the dominant strategy for designing the physical layer of contemporary com-
munication systems. Its widespread adoption stems from the ability to divide the avail-
able frequency spectrum into narrowband subchannels (also called subcarriers) using
the Discrete Fourier Transform (DFT). With appropriately chosen modulation parame-
ters, transmissions on these subchannels remain orthogonal across consecutive OFDM
symbols [1].

This orthogonality enables the application of classical equalization techniques such as
Zero Forcing (ZF) and Minimum Mean Square Error (MMSE) [2,3], because each subchannel
can be independently equalized. However, the performance of these equalization methods
depends heavily on the accuracy of the estimated channel response.

A common method for channel estimation is the Least Squares (LS) technique [4],
which estimates each subchannel’s frequency response as the ratio of transmitted to received
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pilot symbols. Although straightforward and computationally light, LS estimation is
sensitive to noise, leading to high variance in the estimates. To address this, more advanced
techniques like Linear Minimum Mean Square Error (LMMSE) estimation have been
proposed [5–7], which leverage statistical information about the channel at the cost of
increased computational complexity.

In recent years, alternative channel estimation approaches based on compressive sens-
ing (CS) and deep learning (DL) have gained significant attention in the context of OFDM
systems. CS techniques exploit the sparsity of the channel impulse response in the delay
domain and use algorithms such as Orthogonal Matching Pursuit (OMP) or basis pursuit
for reconstruction [8,9]. Similarly, DL-based methods leverage neural networks trained on
large datasets to map received signals to channel estimates [10–13]. While these approaches
have shown promising results—especially in dynamic or nonlinear channels—they typi-
cally require substantial computational resources, access to labeled training data, as well
as prior knowledge about the channel’s statistical properties. In contrast, the method
proposed in this paper is designed to be statistically agnostic, computationally lightweight,
and readily deployable in real-time and resource-constrained OFDM systems.

An alternative yet computationally efficient method—defined here as one that reduces
the number of multiplications using matrix-based operations—employs a DFT-based ap-
proach, which begins with a simple least squares (LS) estimate of the channel frequency
response (CFR) [14]. This approach assumes that the channel impulse response (CIR), re-
covered through an N-point Inverse DFT (IDFT), is confined within the guard interval (GI).
Taps outside the GI are treated as noise and are suppressed using a rectangular window.
The denoised CIR is then transformed back to the frequency domain. Numerous variations
of this method have been proposed in the literature [15–20].

In practical OFDM systems, null subcarriers with no signal transmission—typically
placed at the spectrum edges—are introduced to suppress out-of-band interference. This
structure is common in standards such as Digital Video Broadcasting (DVB) [21], Wireless
Fidelity (WiFi) [22], and Long Term Evolution (LTE)/5G [23,24]. However, these inactive
subcarriers disrupt the orthogonality of the DFT, which leads to energy leakage in the
reconstructed CIR, thereby degrading channel estimation accuracy [25].

One way to mitigate this effect is to reduce energy leakage in the CIR and then se-
lect the most significant taps. This is typically achieved by minimizing the discontinuity
between active and null subcarriers in the CFR [23,26–31]. Another effective approach
focuses solely on active subcarriers, completely excluding the null subcarriers from analysis.
This corresponds to null extrapolation in the DFT-based approach; however, rather than
explicitly applying IDFT and DFT, the method minimizes the squared error of pilot CFR
values [32]. In this approach, the LS estimate is refined by multiplying it with a precom-
puted square matrix derived from a reduced DFT matrix. This matrix includes only the
active subcarriers and taps within the channel delay spread, and its dimensions match the
number of active subcarriers.

This paper builds upon and extends the method introduced in [32]. First, it derives the
threshold number of active subcarriers beyond which a Fast Fourier Transform (FFT)-based
implementation becomes more computationally efficient due to a reduced number of mul-
tiplication operations. Next, the paper explores alternative distributions of null subcarriers
beyond the conventional placement at spectral edges. This is especially relevant for future
cognitive radio systems that aim to utilize non-contiguous spectrum segments [33–35]. To
avoid storing multiple precomputed matrices for varying channel delays, we propose a
method that identifies the energy-dominant region of the CIR and applies a circular shift
accordingly. The focus on LS estimation and active subcarriers is driven by the aim to
provide a universal, practical solution that circumvents the need for statistical modeling of
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the channel response and extrapolation to unused subcarriers. Furthermore, the proposed
method is evaluated under conditions of fractional tap delays, which introduce additional
CIR leakage effects.

The remainder of the paper is organized as follows. Section 2 presents a model of
the OFDM transmission system with the basic LS channel estimation procedure, which is
the initial point of the method presented in Section 3. This section offers a mathematical
formulation of the investigated method, accompanied by an analysis of its implementa-
tion complexity in terms of multiplication operations. Section 4 discusses the simulation
scenarios for OFDM transmission and introduces a correction procedure to preserve the pre-
computed matrix coefficients, even in the presence of symbol synchronization fluctuations.
Finally, the results of the numerical experiments are presented, illustrating the system’s
performance in terms of Bit Error Rate (BER) and Mean Squared Error (MSE) metrics and
including a comparison with related methods.

Notation: Matrices and vectors are denoted using boldface (e.g., C or c) and blackboard
bold (e.g., C) fonts. Their elements are indexed by italic lowercase letters in parentheses
(e.g., c(n) ). A superscript in parentheses denotes the current iteration number. The symbols
(·)T ,(·)H , || · ||22, ◦ and ˆ(·) denote the transpose, the conjugate transpose, squared L2-norm,
Hadamard product and estimated value, respectively. Italic uppercase and lowercase letters
denote signal variables in the frequency and time domain, respectively. Their particular
frequency or time moments are described in parentheses (e.g., H(n), h(n)). This font style
is also used to represent system parameters (e.g., L, N, M, etc.). To prevent ambiguity, the
text clearly specifies whether each variable refers to a signal or a system parameter.

2. System Model
The transmission of a signal within selected frequency bands is a characteristic feature

of emerging wireless cognitive systems. OFDM modulation naturally aligns with this
requirement. Consider a set of N possible subcarriers, where N denotes the size of the
DFT in an OFDM implementation. Information is transmitted only on a subset of A
active subcarriers, where A ≤ N. QAM coding schemes are employed to encode the
data on these active subcarriers. The remaining R = N − A subcarriers are excluded from
transmission and are termed null subcarriers, as they carry no signal. These null subcarriers
can be located anywhere within the OFDM signal bandwidth, enabling adaptation of the
spectral profile of the transmitted signal to match current transmission conditions or
system requirements.

In the time domain, a single OFDM symbol consists of N samples obtained via an
N-point IDFT along with L samples forming the cyclic prefix (CP) in the guard interval
(GI), positioned between the information parts of the consecutive symbols. To prevent
intersymbol inteference, the maximum channel delay spread, denoted as M, is constrained
such that M < L. The frame structure, depicted in Figure 1, comprises F consecutive
OFDM symbols preceded by a channel estimation training symbol and a synchronization
preamble. The training symbol typically employs Quadrature Phase Shift Keying (QPSK)
or Binary Phase Shift Keying (BPSK) symbols and follows block-type structure, in which
all active subcarriers transmit a known signal pattern to the receiver. For simplicity, the
QPSK (BPSK) constellation symbols are assumed to have unit amplitude.

The output signal of the transmitter, denoted by x(t), propagates through a wireless
channel characterized by a multipath response y(t) and is further corrupted by Additive
White Gaussian Noise (AWGN) u(t). Following time and frequency synchronization at
the receiver, the cyclic prefix is removed from each OFDM symbol. The remaining N
samples are then processed via an N-point DFT transformation to extract complex symbols
corresponding to the active subcarriers. These complex symbols carry either pilot or
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data information, depending on the type of OFDM symbol. The received pilot symbols
are used for channel reconstruction in the Channel Estimation block, and the resulting
channel estimate is subsequently applied in the Equalizer block to recover the transmitted
information signal. Since the transmission is performed in the baseband, all signals in this
system model shown in Figure 2 are represented as complex-valued waveforms, and every
block in the processing chain operates on these complex signals.

Synchronization

preamble

Block

pilots
User data

CP CP CP

Symbol 0 Symbol (F�1) 

Figure 1. Frame structure.

y(t)

P
ilo

ts

OFDM

IFFT

X1
X2

X
N

· · ·

· · ·

FFT

Q
A

M
 S

y
m

b
o
ls

Add CP

P/S conversion

xN

x1

Channel

Estimation

Equalizer

Y1
Y2

Y
N

· · ·

D/A

Remove CP

S/P conversion
A/D

· · ·

yN

y1

+
q(t)

x(t)

Unused

subchannels

marked

· · ·

Figure 2. System model.

The primary objectives of this research are to analyze the complexity of the channel
estimation algorithm and to evaluate transmission quality in the presence of a symbol
synchronization procedure. Frequency synchronization is assumed to be perfect. Addition-
ally, the transmission channel is considered quasi-static, meaning its characteristics remain
constant throughout the transmission of a single frame. This assumption ensures the sub-
channels orthogonality of each OFDM symbol and permits their independent processing.

Given these assumptions, OFDM transmission can be conveniently represented using
matrix notation. In the frequency domain, the reception of A pilot symbols is described by
the vector:

Yp = XpHA + UA (1)
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where
Xp = diag

(
Xp

)
(2)

is an A × A diagonal matrix composed of QPSK (BPSK) symbols from the vector Xp. The
subscript p denotes the signal vector or matrix representing the pilot data transmission.
In the case of unit-amplitude, constant-envelope constellations, the following condition
is satisfied:

XH
p Xp = I ⇒ XH

p = X−1
p . (3)

HA is the CFR vector, representing the impact of the transmission channel on each
active subcarrier. UA denotes the noise vector, accounting for the additive noise present in
the system. Both vectors have size A × 1 where the indices of the active subcarriers belong
to the set A.

The most straightforward estimation of the CFR on the active subchannels is described
as follows:

ĤLS
A = X−1

p Yp = Yp ◦
1

Xp
(4)

where ĤLS
A denotes the estimated CFR vector with elements ĤLS

A (i) = Yp(i)
Xp(i)

. The primary
limitation of the solution presented in (4) lies in its inability to effectively mitigate the influ-
ence of channel noise UA. The next section presents a detailed derivation of a numerically
efficient algorithm for estimating the CFR on selected subcarriers, specifically designed to
reduce the impact of noise.

3. DFT-Based CFR Estimation Algorithm
3.1. Problem Formulation

Under perfect synchronization, the full-length CIR in the time domain can be described
as follows:

h(N×1) = [hCP
T
(M×1), 0T

((N−M)×1)]
T , (5)

where vectors hCP(M×1) and 0((N−M)×1) represent the M first taps of the channel impulse
response and the zero vector of appropriate length, respectively. The corresponding N-point
CFR is determined as:

H(N×1) = Fh(N×1), (6)

where the square matrix F represents the N-point DFT. Since the last (N − M) taps of the
CIR are zero, Equation (6) can be reformulated as:

H(N×1) = F(N×M)hCP(M×1), (7)

where F(N×M) is a reduced DFT matrix consisting of the first M columns of the full N-point
DFT. In general, the column indices of the reduced DFT matrix correspond to the positions
of the non-zero taps in the CIR, all of which are elements of the set M. Therefore, when
permissible synchronization errors occur during the reception of OFDM symbols, the CIR
described in (5) undergoes cyclic shifts consistent with the properties of the DFT. Despite
this shift, the associated transformations remain valid, though they involve a modified
index set M.

The truncated CIR vector hCP(M×1) can be extracted from the full-length CIR vector
h(N×1) using a time domain masking matrix T(M×N) as follows:

hCP(M×1) = T(M×N)h(N×1) (8)
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where

T(M×N) =



1 0 0 · · · 0 · · · 0 0
0 1 0 · · · 0 · · · 0 0
· · · · · · · · · · · · · · · · · · · · · · · ·
0 0 0 · · · 0 · · · 0 0
0 0 0 · · · 0 · · · 0 0
0 0 0 · · · 1 · · · 0 0


(9)

is the masking matrix in which each column contains a single element equal to one, cor-
responding to a non-zero position in the CIR vector h(N×1). All remaining columns are
zero valued. Using the time domain masking matrix T(M×N), Equation (7) can be reformu-
lated as:

H(N×1) = FTH
(M×N)hCP(M×1) (10)

To restrict the CFR vector to the range of active subcarriers defined by the set A, a
frequency domain masking matrix of the following form is employed:

W(A×N) =



1 0 0 · · · 0 · · · 0 0
0 1 0 · · · 0 · · · 0 0
· · · · · · · · · · · · · · · · · · · · · · · ·
0 0 0 · · · 1 · · · 0 0
0 0 0 · · · 0 · · · 1 0
0 0 0 · · · 0 · · · 0 1


(11)

in which each column of the frequency mask contains a single element with unit value,
corresponding to an active subcarrier indexed in the set A. The CFR of active subchannels
can be determined as a (A × 1) vector:

HA = W(A×N)H(N×1) (12)

and consequently substituting (10) and (12) into (1), the received pilots can be expressed as:

Yp = XpW(A×N)FTH
(M×N)hCP(M×1) + UA (13)

Using the LS estimation procedure, the complete solution for the reconstructed CIR
can be expressed as follows:

ĥCP =
((

XpWA×NFTH
M×N

)H(
XpWA×NFTH

M×N

))−1

·
(
XpWA×NFTH

M×N

)H
Yp (14)

The expression can be simplified by applying appropriate transformations, substitut-
ing with Equations (3) and (4), while omitting matrix dimensions for clarity. The final form
of the CIR estimate is given by:

ĥCP =
(
TFHWHWFTH

)−1
TFHWHĤLS

A (15)

and the CFR estimate can be calculated as follows:

ĤA = WFTH ĥCP

= WFTH
(
TFHWHWFTH

)−1
TFHWHĤLS

A

= GAĤLS
A (16)
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Equation (16) can be reformulated into the following compact matrix form:

ĤA = GAĤLS
A (17)

where
GA = WFTH

(
TFHWHWFTH

)−1
TFHWH (18)

is a Correction Matrix in Frequency (CMF) domain of size A × A, used to refine the initial
CFR estimate ĤLS

A .
Assuming the positions of the CIR taps and the frequency mask are known, GA can be

precomputed, and A2 complex multiplications are required to determine ĤA using matrix
multiplication operation.

Even if the matrix GA is not known in advance (due to synchronization uncertainties or
changes in the frequency mask structure), various strategies can be employed to obtain it on
a device with limited computational resources. For example, the matrix can be transmitted
via an auxiliary communication channel from a network node or pre-stored in local device
memory in multiple versions. The latter approach, involving shifted versions of the time
domain mask, is discussed in a subsequent section.

3.2. Complexity Evaluation of the FFT-Based Approach

Rather than performing the direct matrix multiplication in (17), the computation in (16)
can be decomposed into three sequential stages. This structured approach facilitates a
reduction in computational complexity.

3.2.1. Stage 1

In the first stage of the CFR improvement, the following computation is performed:

H1 =
1
N
FHWHĤLS

A . (19)

This operation corresponds to an N-point IFFT of the full-length CFR, where the
reconstructed channel is initially approximated using (4) on the active subcarriers, while
inactive subcarriers are assigned zero values. The resulting intermediate vector H1 repre-
sents a noisy approximation of the CIR additionally degraded by the absence of channel
information on the inactive subcarriers.

From a complexity perspective, the implementation of the IFFT procedure using the
Radix-2 algorithm typically requires N

2 log2 N complex multiplications. Since some of the
subcarriers are zero valued, the actual number of multiplications can be further reduced.

3.2.2. Stage 2

The second stage is described by the following matrix operation:

H2 = NTH
(
TFHWHWFTH

)−1
TH1 = THVMTH1. (20)

This operation is performed entirely in the time domain. The intermediate vector H1

undergoes an averaging process controlled by the matrix VM of the size (M × M), which is
determined by the time and frequency masks. Due to the specific structure of the matrix
T, which redistributes the averaging results across the CIR taps indexed in the set M, the
computational cost of (20) is reduced to M2 complex multiplications.

The Correction Matrix in Time (CMT) domain, VM, can be precomputed in advance,
in a manner similar to GA.
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3.2.3. Stage 3

The final stage is defined by the following operation:

ĤA = WFH2. (21)

This step corresponds to N-point FFT, which typically requires N
2 log2 N complex

multiplications. Similar to Stage 1, the computational load can be further reduced due to
the sparsity of the involved vectors: specifically, N − M coefficients of the vector H2 and
the N − A coefficients of the vector ĤA are zero.

3.3. Complexity Discussion

Table 1 presents the total number of complex multiplications required for both the
direct and FFT-based implementation of (16). From this, the minimum number of active
subcarriers, denoted as Amin, beyond which the use of the CMT matrix becomes more
efficient in terms of numerical complexity, can be expressed as follows:

Amin =

⌈√
N log2 N + M2

⌉
. (22)

Table 1. The complex multiplications comparison for direct and FFT-based implementation of
ĤA calculation.

Direct FFT-Based

A2 N log2 N + M2

It follows that, for shorter channel delay spreads M, the CMT matrix approach can be
advantageously employed with a lower number of active subcarriers Amin in the channel
estimation process for OFDM modulation. The absolute lower bound is given by

Alim =
⌈√

N log2 N + 1
⌉

.

Moreover, the value of Amin is bounded by the condition L = M − 1, which is essential
for ensuring correct operation of the OFDM system. Table 2 provides the minimum value
of subcarriers Amin for N as a power of 2 and for different delay spread length M = L + 1,
given as the fraction of N. The last column in the table corresponds to Alim.

Table 2. Amin bound for the FFT length as power of 2 and the delay spread length M = L + 1 as the
fraction of N.

N M = N/2 M = N/4 M = N/8 M = N/16 M = N/32 M = 1

64 38 26 22 20 20 20
128 71 44 34 31 31 30
256 136 79 56 48 46 46
512 265 145 94 76 70 68

1024 522 276 164 120 107 102
2048 1035 534 297 198 164 151
4096 2060 1048 558 339 256 222
8192 4109 2074 1075 608 415 327

16,384 8206 4124 2104 1131 702 479

Assuming that a complexity reference level (100%) belongs to the direct application
of the CMF matrix, the computational complexity reduction in the CMT approach can be
defined by the following ratio:



Electronics 2025, 14, 3378 9 of 20

γ =
N log2 N + M2

A2 · 100% (23)

The value γ is inversely proportional to the square of the number of pilot subcarriers
and proportional to the square of the size of the maximum channel delay spread, scaled
by a constant factor dependent on the value of N. As the size N of the OFDM modulation
increases, the computational complexity decreases more significantly for shorter CIR delay
spreads. This trend is illustrated in Figure 3, which compares the behaviour of Amin for
two scenarios: M = N/2 and M = N/32. In the latter case, the efficiency gains are notably
less substantial.

(a) (b)

Figure 3. Reduction in the computational complexity γ with decreasing size of the delay spread for
A = Amin. (a) Amin for M = N/2. (b) Amin for M = N/32.

Looking at γ from another perspective, as shown in Figure 4, as the CIR becomes
shorter, the complexity reduction becomes more dynamic with an increasing number of
pilot subcarriers. Furthermore, with fewer pilots, it is possible to achieve the same γ value
(and even smaller) as those attainable under longer channel delay spreads.
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(b)

Figure 4. The computational complexity as a function of the number of pilots. (a) N = 64. (b) N = 16,384.

The above γ analysis suggests that the primary beneficiaries of the complexity reduc-
tion approach can be fixed and low mobility wireless systems (e.g., broadcasting systems)
are characterized by long OFDM symbols and relatively short guard periods. The lat-
ter condition is typically found in indoor environments, urban microcell environments
with Line of Sight (LoS), and in suburban and rural areas with few buildings or other
obstructions. These environments, characterized by minimal multipath effects and short
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channel delay spread, are well suited to the requirements for effective implementation of
the FFT-based approach.

To gain a more detailed insight into the practical aspects, consider as an example a WiFi
system compliant with the 802.11 specification [36], where an L-LTF (Legacy-Long Training
Field) signal is employed for the initial channel estimation. The signal comprises two OFDM
symbols, preceded by a guard interval of duration equal to half the symbol duration. For a
bandwidth of 20 MHz, the number of active pilots in the symbol is 52, and this is doubled
for a bandwidth of 40 MHz. Table 3 illustrates numerical performance in terms of complex
multiplications for the most computationally demanding case, namely, M − 1 = L. The last
column represents the performance expressed as the ratio of multiplications required in the
FFT-based approach relative to the direct implementation of the matrix GA.

Table 3. Numerical efficiency of the FFT-based approach applied in the channel estimation procedure
in 802.11 standard.

Active FFT
Num. of Num. of.

Bandwidth
Pilots Size

Multip. Multip. γ
(Direct) (FFT-Based)

20 MHz 52 64 2704 1408 52%
40 MHz 104 128 10,816 4992 46%

4. Numerical Experiments
The channel reconstruction performance was evaluated in the OFDM system model

using three different frequency masks. Each mask was used in an identical manner to all
types of signals transmitted over the channel, including synchronization preamble, training
sequence, and data symbols.

The frequency masks modify the original impulse response of the channel, resulting
in the CIR dispersion that is consistent with the specific impulse response of the mask.
It complicates the localization of the impulse response region that carries the majority of
the signal energy. Furthermore, inaccuracies in synchronization result in the time mask,
associated with the significant coefficients of the channel impulse response, shifting its
position. Consequently, various forms of CMF or CMT matrices would have to be used in
the channel reconstruction. These matrix variants could either be computed dynamically
or pre-stored in memory.

The solution presented in this paper uses the cyclic shift property, which is inherently
compatible with OFDM systems employing a cyclic prefix. This approach ensures that
the time mask remains in a fixed location, thereby requiring only a single precomputed
matrix (CMF or CMT) for channel estimation. Instead, the frequency characteristics of the
processed data—including both pilots and information—are modified according to the
principles of the cyclic shift theorem.

4.1. Simulation Scenarios

The study proposes three illustrative examples of the frequency masks to demonstrate
the potential transmission options. The first, Mask A, represents the classical approach, in
which the edge subcarriers (centrally located in the baseband subcarrier index range) and
the DC component are excluded from transmission. The second variant, Mask B, depicts a
scenario in which only half of the bandwidth is used for transmission. The third, Mask C,
exemplifies a situation where the available transmission bands are distributed across the
entire OFDM bandwidth. All frequency mask variants are shown in Figure 5.
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Figure 5. Frequency masks used in the simulations. (a) Mask A, (b) Mask B, (c) Mask C.

The structure of the transmitted signal is as follows: a single transmission over a given
channel impulse response comprises 50 frames, each transmitting 50 OFDM symbols contain-
ing user data. Each OFDM symbol consists of 128 samples and is preceded by a cyclic prefix
of 32, 16, or 8 samples, respectively. A 16-QAM constellation is employed for the active subcar-
riers in the data symbols. The data symbols are preceded in each frame by one OFDM training
symbol of the same length, which transmits QPSK-modulated pilot symbols on the active
subcarriers for channel reconstruction. Preceding the training symbol is a synchronization
preamble with strong correlation properties and a total length of 256 samples.

The synchronization preamble enables the receiver to determine the start of the frame
and, consequently, the boundaries of the individual OFDM symbols. Symbol timing is
refined by analyzing the concentration of energy in the reconstructed impulse response
within a region corresponding to the length of the guard interval. Further details of this
synchronization procedure are provided in the subsequent subsection.

Channel reconstruction performance was evaluated using the six-path Typical Urban
COST-207 channel model, [37] which has a maximum delay spread of approximately
5 microseconds. For this evaluation, 50 random realizations of channel impulse responses
were generated using built-in MATLAB R2022a functions. Given the relationship between
the propagation path delays and the sampling frequency fs = 1 MHz, the resulting impulse
responses exhibit compressibility, with energy spread across multiple taps. This effect
introduces additional dispersion in the CIR beyond that caused by the applied frequency
masks. The use of three different CP lengths enabled the analysis of various CIR-to-GI
length ratios.

All simulations were performed for SNR values ranging from 0 to 20 dB in 5 dB
increments. The results were compared across different solutions, considering only CFR re-
construction algorithms based on active subcarriers. The following methods were evaluated
in the simulations:
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(CSI) Ideal case with known channel state information (CSI);
(LS) Classical LS estimation;
(CP) CIR estimation according to the DFT-based approach with nulling coefficients out

off the CP region;
(MTX) The DFT-based approach with the precomputed correction matrix (explored in

this paper);

Each of the last two methods (CP and MTX) was evaluated for two cases. In the first
case, the time-domain mask was fixed at the beginning of the OFDM symbol (the results
marked with the postfix “-st” in the graphs). In the second case, the time mask position
was adjusted based on the estimated energy concentration in the reconstructed impulse
response—or alternatively, a correction was applied directly to the initial CFR estimate ĤLS

A
as described in the subsequent subsection (the results marked with the postfix “-ad” in the
graphs). In both cases, the time mask length is equal to the size of the GI.

4.2. Maintaining the Time Mask Position

The examined transmission model uses a synchronization scheme based on the correla-
tion function of the received preamble sequence. Under ideal conditions, it determines the
start of each OFDM symbol at the midpoint of the GI. However, due to inherent variability
of the channel characteristics and the presence of noise interference, the estimated starting
point may exhibit fluctuations. These fluctuations manifest as shifts in the reconstructed
channel’s impulse response.

Any shift in the position of the impulse response coefficients necessitates the use of an
alternative correction matrix (CMF or CMT), corresponding to a time mask with a shifted
unit-value pattern. Since synchronization inaccuracies are common in practical scenarios,
storing multiple versions of the correction matrices would be required to accommodate
all potential shifts. To mitigate the need for storing numerous matrix variants, this study
incorporates the cyclic shift property of the DFT as a compensatory mechanism within the
channel estimation procedure. This allows for maintaining a fixed correction matrix while
dynamically adjusting the channel estimate to account for synchronization offsets.

The complete CFR estimation procedure comprises the following steps:

1. Estimate ĤLS
A using (4);

2. Determine the impulse response ĥLS
A using IDFT transform of ĤLS

A ;
3. Find a vector w of length L consisting of consecutive indices of ĥLS

A (including circular

shift) for which ∑i∈w

∣∣∣ĥLS
A (w(i))

∣∣∣2 has the highest energy;

4. Select the value of the first element in the vector w;
5. Determine the time shift as follows

∆ =

{
w(1)− (N + 1) if w(1) > N

2
w(1)− 1 otherwise

(24)

6. Correct the LS CFR estimate

H̄LS
A (i) = ej2π∆ i

N ĤLS
A (i) (25)

where i is the index of the active subcarrier belonging to the set A
7. Determine the final CFR estimate

ĤA = G(1)
A H̄LS

A (26)
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where G(1) is the precomputed CMF matrix for the time mask with unit values for the
indices from 0 to L − 1.

The primary advantage of the proposed procedure lies in its simplicity. It requires only
the basic parameters of the OFDM symbol and a single instance of the CMF matrix (or the
CMT matrix, if numerical improvement of the CFR is achieved via the FFT-based approach).

4.3. Result Discussion

Figures 6–8 illustrate the BER and MSE performance metrics for signal transmission
over the same group of channels using different frequency masks. The aim was to investi-
gate scenarios where the system, encountering varying relationships between the guard
interval (GI) length and the channel delay spread, retrieves channel characteristic using
only the symbols on the active subchannels. The results demonstrate that the approach
utilizing the precomputed matrix is highly effective, yielding the best performance.

Figure 6. BER and MSE performance for various lengths of GI and the mask A.



Electronics 2025, 14, 3378 14 of 20

Figure 7. BER and MSE performance for various lengths of GI and the mask B.

No significant difference is observed between the “-st” and “-ad” versions when the
channel delay spread M is significantly smaller than the guard interval length L. This
condition is exemplified in experiments conducted with L values of 32 and 16 samples.
In such cases, the impulse response length remains less than half of the GI length, even
when accounting for the dispersion in the channel impulse response caused by the analog
filters’ bandwidth limitations. Thus, regardless of synchronization fluctuation effects, a
time mask length equivalent to L is sufficient to encompass the entire impulse response in
each instance.

A different situation occurs when L = 8, which was comparable to the channel delay
spread. Uncompensated fluctuations in the determination of symbol timing may cause the
fixed time mask to miss significant portions of the impulse response. As a results, channel
estimation errors are much more severe and become particularly evident at high SNR levels.
The proposed solution, incorporating CIR energy evaluation, proved to be an effective
remedy, maintaining system quality regardless of the frequency mask shape used in the
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simulations. Some improvement was also observed with the “CP-ad” method; however,
the effect of the frequency mask often caused performance to fall below that of the simplest
LS algorithm.

Figure 8. BER and MSE performance for various lengths of GI and the mask C.

The larger bit error rate (BER) values observed in the experiment when using the mask
A are associated with transmission over a greater number of subchannels, including those
with significant attenuation, leading to substantial distortion of the received symbols. The
number of active subchannels assigned to the corresponding mask is shown in Table 4.

Table 4. Number of the active subchannels in the frequency masks.

Mask Active Subchannels

A 86
B 46
C 54
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The classic “LS” algorithm exhibits the lowest computational complexity. The “CP”
method introduces two additional FFT transforms, which are further supplemented by
multiplication with a CMT matrix in the “MTX” method or replaced by a CMF matrix,
depending on which approach offers greater computational efficiency (as analyzed in the
previous section). Additional numerical overhead is introduced by the channel impulse
response offset compensation mechanism used in the “-ad” scenarios. However, this
complexity is significantly lower compared to the determination of a new matrix, which
would require a matrix inversion operation.

To quantitatively assess the increased computational complexity introduced by the
modified methods relative to the baseline Least Squares (LS) algorithm, an overhead metric
is defined as the ratio of the additional number of multiplications to those required by the
LS method. For the “CP” method, the metric is given by:

ηCP =
N log2 N

A
, (27)

whereas for the “MTX” approach, it is expressed as:

ηMTX =
min(A2, N log2 N + L2)

A
, (28)

Table 5 presents the computed values of the overhead metric for the considered
simulation scenarios.

Table 5. Overhead metric as a function of estimation method and simulation scenario.

η Mask A Mask B Mask C

CP 10.4 19.5 16.6
MTX (L = 32) 22.3 41.7 35.6
MTX (L = 16) 13.4 25 21.3
MTX (L = 8) 11.2 20.9 17.8
MTX (max) 86 46 54

As shown in Table 5, the “CP” method leads to a substantial increase in the number
of multiplication operations. However, this added complexity must be weighed against
its potential to reduce estimation errors caused by spectral and temporal leakage—an
issue particularly prominent when the values of L and M are comparable. The “MTX”
method, which refines the channel estimation by leveraging the matrix GA in a direct
formulation, also introduces a marked increase in computational cost, as reflected in the
final row of Table 5. Nevertheless, when favorable conditions are met, this complexity
can be significantly reduced by employing the proposed three-stage decomposition of the
matrix computation.

5. Relation to Compressive Sensing and Deep Learning-Based
Channel Estimators

Compressive Sensing (CS) and Deep Learning (DL) represent modern techniques
for enhancing channel estimation, often with the potential to surpass conventional pilot-
assisted linear methods. In CS, the dominant delay taps of CIR are first identified through
sparse support detection, after which their amplitudes are refined via Least-Squares (LS)
projection [38]. DL, in contrast, reverses this sequence: a neural network directly produces
an enhanced channel response, with a preliminary LS estimate typically serving as an input
feature map rather than a post-processing stage [12,39]. Table 6 provides a qualitative
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side-by-side comparison between the analyzed MTX approach, greedy CS algorithms and
representative DL estimators reported in the literature.

Table 6. Qualitative comparison of the MTX procedure with CS and DL channel estimators.

Criterion MTX CS DL

Training data Only pilot symbol training Only pilot symbol training Large data set required

Key prerequisite Upper bound on delay
spread (fixed matrix T)

Reliable detection of sparse
delay support

Representative CSI/SNR
range during training

Online complexity FFT + few matrix–vector
products; fixed latency

Iterative support search +
small LS; variable latency

Forward pass; constant but
higher multiplication count

Pilot efficiency

Near-optimal with full
block; performance

degrades for extremely
sparse pilots

Excellent if support is
found; support recovery

fragile under
sub-sampled pilots

Mild degradation; usable
even at very low

pilot density

Robustness to mismatch Intrinsic (no
learned weights)

Highly sensitive to wrong
support; BER rises sharply

Good inside training
envelope; retraining

needed outside

Hardware transparency Fully analytic; easy
FPGA/DSP mapping

Analytic but
control-flow heavy

“Black-box”; NN accelerator
usually required

The method investigated in this work can, in principle, be combined with greedy CS
algorithms such as OMP by applying the MTX matrix concept after path delay identification.
However, in such a scenario, the matrix would need to be computed online or multiple
precomputed instances for various delay supports would have to be stored in memory. In
practice, the performance of CS estimation depends critically on accurate delay detection,
which becomes challenging when pilots occupy only a limited number of subbands. The
resulting spectral gaps cause time-domain energy leakage into adjacent impulse response
coefficients. To simplify implementation, we therefore assumed here that the cyclic prefix
spans the entire delay spread, ensuring that the T matrix remains constant and eliminating
the need to track the support set for each frame. Developing efficient strategies to update
this matrix remains an open problem for future investigation.

Compared to greedy CS methods, DL-based channel estimators are appealing because
they can learn the complex time-frequency structures of wireless channels, which are diffi-
cult to model analytically. They function as powerful denoisers and interpolators and can
maintain high accuracy under low pilot density or substantial transmission impairments,
provided that these conditions are reflected in the training data. In model-based variants,
the neural network refines LS/DFT estimates by reducing residual errors, whereas in
data-driven variants, it replaces the conventional channel estimation block entirely.

Given the scenario considered in this manuscript (slow-varying channels with block-
type pilots across all subcarriers), a purely analytic solution remains the pragmatic option.
Qualitatively, the literature indicates that with a full pilot symbol, linear estimators already
exploit nearly all available information, leaving limited room for DL to improve the de-
cision quality. Moreover, the MTX approach is preferable under the assumed conditions
because it:

• Requires only pilot signals as training data and no model maintenance, avoiding
domain-shift issues and retraining overheads intrinsic to DL;

• Offers deterministic, low and fixed online complexity and latency (FFT + small
matrix–vector products), and can be mapped directly to FPGA/DSP blocks;
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• Is robust to SNR/channel mismatch by design (there are no learned weights whose
validity depends on a training envelope);

• Is hardware-transparent and easily verifiable/certifiable (no black-box parameters),
which eases integration;

• Exploits the design choice in the paper that the entire cyclic prefix spans the delay
spread. This yields a time-invariant matrix T and removes the need for adaptive CIR
support tracking.

Importantly, a hybrid scheme combining MTX and DL could be a promising next step
in the extended estimation procedure. In this scheme, the deterministic MTX-based front
end would remain intact while a small neural module would learn a residual correction of
the channel using a nonlinear denoiser or interpolator, for example, or softly modulate the
MTX mask by predicting an effective delay span. This design could leverage the strengths
of DL, particularly its ability to exploit learned time-frequency structures at low pilot
densities or under moderate impairments, while preserving the hardware transparency
and fixed latency of the analytic backbone.

Nevertheless that integration is non-trivial and beyond this paper’s scope because it
would require a representative training/validation corpus for the slow-varying, block-pilot
regime. Furthermore, the room for DL improvement over linear processing is limited with
a full pilot symbol. For these reasons, we propose investigating MTX + DL as a means of
improving BER at lower pilot budgets or under mild model mismatch in future work.

6. Conclusions
The paper has presented a detailed discussion of a channel estimation method that

employs a precomputed CMF (or CMT, depending on computational complexity) enhance-
ment matrix. These matrices are derived from vectors representing the active region of
the CIR (time mask) and the active subcarriers of the CFR (frequency mask), thereby en-
abling a more accurate and reliable reconstruction process. This effectiveness has been
validated through simulation analyses against reference methods that also rely solely on
active subcarriers for channel reconstruction.

In the simulation study, symbol synchronization fluctuations, which affect the posi-
tion of the time mask and, consequently, the structure of the precomputed matrix, were
addressed. To eliminate the need for storing or computing multiple matrix variants in
real-time, a compensation method based on the energy distribution of impulse response
coefficients was proposed.

Additionally, with focus on minimizing the number of multiplication operations, a
condition was derived to determine the minimum number of subcarriers above which,
for a given value of M, the FFT-based approach using the CMT matrix becomes more
computationally efficient than direct multiplication using the CMF matrix. An analysis of
computational efficiency across different values of active subcarriers A and channel delay
spread M was performed.

Future work will concentrate on practical implementation aspects, including hardware
deployment on FPGAs or DSPs to evaluate real-time performance and resource efficiency.
Validation in real-world channel conditions will be conducted to assess robustness in the
presence of multipath propagation and Doppler effects. Further research will explore
adaptive time/frequency masking strategies and the integration of the proposed method
into complete receiver architectures to enhance flexibility and system compatibility. Ad-
ditionally, efforts will be directed toward developing efficient matrix update techniques
aimed at minimizing computational overhead. The aforementioned integration with DL is
also being considered.
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