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Abstract
Filter bank multicarrier/offset quadrature amplitude modulation (FBMC/OQAM) is a mul-
ticarrier modulation technique projected to replace orthogonal frequency division mul-
tiplexing (OFDM) in upcoming sixth-generation (6G) networks. However, because its 
orthogonality is confined to real-valued symbols, FBMC/OQAM suffers from intrinsic 
imaginary interference, which complicates channel estimation (CE) tasks. CE plays a cru-
cial role in wireless communication systems; therefore, accurate CE is essential for next-
generation networks, especially those supporting low-latency and vehicular applications. 
While evaluating channel characteristics accurately is critical, conventional CE methods 
are often inefficient. Recently, feedforward deep neural networks (DNNs) have garnered 
attention for their impressive performance in enhancing CE techniques. In this study, 
we propose and investigate a CE scheme based on neural networks, specifically the M-
IAM-LS-DNN (Modified Interference Approximation Method Least Squares) approach, 
for FBMC/OQAM systems. This method uses neural networks to correct noise errors 
in LS channel estimation. According to simulation data, the suggested M-IAM-LS-DNN 
surpasses the conventional M-IAM-LS in terms of accuracy, by reducing the NMSE of 
the proposed M-IAM-LS-DNN for the 64 subcarriers scenario by 10% and the BER by 
33% across a wide range of SNR levels.

Keywords  Filter bank multicarrier · Offset quadrature amplitude modulation · Wireless 
communication · Channel estimation · Deep neural network algorithms · 6G
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1  Introduction

Unexpected growth in wireless communication has significantly impacted many aspects of 
our lives, creating diverse connectivity and capacity demands [1]. By the end of 2017 and 
the middle of 2018, the 3GPP (Third Generation Partnership Project) had finalized the stan-
dards for the SA (standalone) and NSA (non-standalone) versions of the 5G (Fifth Genera-
tion) Mobile Communication System [2]. However, due to the rapid expansion of wireless 
communication, there has been a growing need for the frequency spectrum and higher data 
rates [3]. In 2018, both the industry and researchers began to show interest in the concept of 
Sixth Generation (6G) communication [4, 5]. Wireless communications over 6G networks 
are expected to offer data rates of up to 1 Tbps, 1 ms latency, ultra-high connectivity, high 
reliability, and wide coverage, as well as support for fast mobility of up to 1000 km/h. To 
support new application such as smart cities, virtual and augmented reality, driverless cars, 
and other cutting-edge communication services [6, 7]. Multicarrier modulation, or MCM, 
is considered a promising approach to fulfill 6G criteria by dividing a wideband frequency-
selective fading channel into multiple narrowband frequency-flat fading sub-channels. 
MCM improves robustness to channel impairments, reduces interference, and enables the 
transmission of massive amounts of data [8].

Lately, filter bank multicarrier-based/offset quadrature amplitude modulation (FBMC/
OQAM), also referred to as OFDM/OQAM, has been proposed as a potential replacement 
for OFDM in 6G networks [9]. FBMC offers higher spectral efficiency than OFDM systems 
due to the absence of a cyclic prefix (CP) [10]. It also provides better resistance to the Dop-
pler effect and carrier frequency offset (CFO) [11]. Accordingly, FBMC/OQAM is being 
explored in detail as a potentially useful solution for the next-generation physical layer. 
With well-designed prototype filters, FBMC/OQAM enables superior spectrum utilization 
in key future communication scenarios [1, 12, 13]. Each OQAM symbol comprises real and 
imaginary components, which are separated and transmitted as pairs of pulse-amplitude-
modulated signals [14, 15]. However, only the real component of the symbols in FBMC/
OQAM exhibits orthogonality [19, 20]. As a result, imaginary interference known as intrin-
sic imaginary interference arises between adjacent subcarriers transmitting real-valued 
symbols [15–17]. This interference contributes to increased bit error rate (BER) and mean-
squared error (MSE) [18]. One approach to mitigating this issue is to introduce sufficient 
null guard symbols. However, spectral efficiency is lost with this strategy [19].

At the receiver, channel estimation (CE) is a continuous and essential operation that 
adapts to channel conditions to ensure accurate communication. CE is crucial for recover-
ing data symbols and significantly impacts demodulation efficiency [20, 21]. Compared 
to OFDM systems, the CE process in FBMC systems is more complex [22]. The primary 
categories of CE in FBMC/OQAM are preamble-based and scatter-based approaches, both 
of which involve the addition of pilots [23]. A pilot or preamble is a known symbol that 
can be used (inserted) at the start of a frame and/or at random locations throughout the 
frame [24, 25]. This is a point of reference for calculating the transmitter-receiver chan-
nel response [28]. Preamble-based techniques are particularly important for time-invariant 
channels, aiming to achieve reliable and robust CE performance [26]. These techniques 
include the pairs of pilots (POP), the interference cancellation method (ICM), and the inter-
ference approximation method (IAM) [25–27].
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Several IAM variations have recently been proposed to reduce intrinsic interference and 
enable the transmission of complex OQAM symbols to streamline receiver signal process-
ing. Note that each IAM has a different preamble structure. Three FBMC/OQAM symbols 
with all zeros on the side, such as IAM-R (IAM-Real) and IAM-C (IAM-Complex). A mod-
ified IAM (M-IAM) is one of the IAM schemes; it improves CE performance while main-
taining lower power consumption and larger magnitude than most other preamble designs 
[28]. Therefore, it will be used in this study.

Preamble-based least squares (LS) estimations are often unable to adequately capture 
unknown effects and noise defects commonly found in practical wireless communication 
networks. Ignoring noise during estimation is a major limitation of LS channel estimation. 
Although the minimum mean-square error (MMSE) CE is accurate, it requires knowledge 
of the channel and noise second-order statistics and is computationally intensive, making it 
less practical. Deep Learning (DL) has demonstrated exceptional capabilities in extracting 
complex patterns from raw data and holds promise for addressing CE challenges that con-
ventional methods struggle with. In recent years, DL has been studied as a more effective 
alternative to traditional LS and MMSE-based CE techniques [29].

Feedforward deep neural networks have demonstrated success in various communica-
tion system applications, particularly in channel estimation (CE) techniques [30]. During 
training, a feedforward DNN in supervised learning transmits input features from one layer 
to the next. Multiple neurons provide weighted inputs to each neuron. Model performance 
is optimized by selecting hyperparameters after combining an internal activation function 
[29]. DNNs have addressed CE challenges in both FBMC and OFDM systems. One dis-
tinguishing characteristic of the deep channel estimator is that it requires only information 
obtained directly from the channel’s received signal. DNNs eliminate the need to learn 
or understand channel statistics [31], making the estimator suitable for all channel types, 
including line-of-sight (LOS) and scattering channels.

Even though LSTM-based models are intended to represent temporal dependencies, 
when the channel coherence interval is short, as is typical in high-mobility 6G applica-
tions, they often introduce greater computational complexity, longer training periods, and 
convergence challenges. Similarly, when the Doppler spread is significant, CNNs that rely 
on local spatial feature extraction may not capture the nonlinear mapping between received 
pilot symbols and the underlying channel coefficients. CNN-LSTM hybrids can model both 
spatial and temporal correlations, but because they require many more parameters than our 
proposed DNN, they often overfit with constrained pilot resources. On the other hand, with-
out relying on long-sequence memory methods, the proposed DNN is specifically designed 
to approximate the nonlinear channel estimation function. Faster convergence and improved 
generalization across SNR conditions and mobility patterns are enabled by its lightweight 
architecture. Compared with CNN, LSTM, Bi-LSTM, and CNN-LSTM architectures, the 
suggested model provides a more stable estimate and greater resilience, making it more 
appropriate for real-time 6G channel estimation [30].

Numerous studies, including those by Li et al. [34], have developed DNN-based 
approaches to overcome CE challenges. Who has used a DNN to increase performance; the 
outcomes are very complicated and rely on the pilots and the signal received. To sense and 
recover the downlink CSI in large MIMO systems, Wen et al. [32] developed a CsiNet DL-
based system. When comparing the reconstruction quality of the recovered CSI with earlier 
compressive-sensing-based methods, CsiNet significantly improved it. A DL-based CE and 
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equalisation for FBMC systems was proposed by Cheng et al. [33]. They considered the CE, 
equalization, and QAM demapping as a “black box” in the DL-CE approach. In addition, 
the experimental results obtained under the pedestrian and vehicle A channel model showed 
that the proposed DL-CE scheme achieved a good estimation of BER.

A supervised DNN model based on a unique training technique was proposed by Bedoui 
et al. [34]. This approach required training using the relevant CIR and the pilot symbols 
that were received. To mitigate imaginary interference and enable MIMO technology with 
FBMC/OQAM, Bedoui et al. [35] proposed a DNN-based method. The simulations showed 
that the proposed approach increased the computational complexity significantly while 
maintaining good performance in terms of BER. Abusubaih et al. [36] developed a novel 
CE technique utilizing ResNet-deep neural networks. In the Res-DNN scheme, a Res-DNN 
model replaced the CE, equalization, and demapping modules. Simulation results show that 
the Res-DNN system outperforms other schemes based on BER. A ResNet-DNN neural 
network was also used by Wang et al. [37] to combine FBMC/OQAM with a DL model. 
Table 1 presents a detailed comparison of previous studies and the current work, highlight-
ing the specific problems addressed, the proposed solutions, and the advantages and limita-
tions of each approach.

A detailed simulation system was constructed, and the features and label processing of 
the incoming data were planned. Based on pilot estimation and simulation findings, the 
recommended approach outperforms OFDM and FBMC systems in terms of BER, noise 
resistance, and resilience. However, DNN research on CE in FBMC/OQAM is limited. In 
this work, we aim to offer an alternative method by implementing M-IAM-LS_DNN. This 
DL-based channel estimation strategy improves performance by using neural networks to 
correct LS channel estimation noise. This contrasts with previous research, which substi-
tutes computationally demanding DL networks for the M-IAM-LS channel estimation. The 
contribution of this paper is:

	● A detailed exploration of FBMC/OQAM, channel estimation, and feedforward deep 
neural networks (DNN).

	● Enhancement of M-IAM-LS channel estimation performance using a fully connected 
feedforward DNN.

	● A comparative analysis of the traditional LS method and the proposed M-IAM-LS-
DNN in terms of BER and NMSE.

	● A comprehensive evaluation of the impact of training SNR values on the performance 
of LS-DNN-based CE.

This paper aims to cover the following: the fundamental classical preamble-based (M-IAM-
LS) channel estimation model for FBMC/OQAM waveforms is presented in Sect. 2. Pro-
posed DNN-based CE schemes, neural network algorithms, backpropagation, and activation 
functions are defined and explained in Sect. 3. Simulation results are given in Sect. 4. Lastly, 
the conclusion of the paper is presented in Sect. 5.
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References Problem Methods Block-based or 
model-driven

Result Metric Demerit

 [27] Enhance CE 
performance

Bayesian 
compres-
sive sensing 
(BCS) 
channel and 
iterative fast 
Bayesian 
matching 
pursuit 
algorithm

According to 
the simula-
tion results, 
the suggested 
approach 
outperforms 
traditional 
compres-
sive sensing 
techniques 
in terms of 
MSE and 
BER.

BER 
and 
MSE

The suggest-
ed method’s 
computing 
complex-
ity has 
increased.

 [38] Enhance LS LS-DFT (dis-
crete Fourier 
transform)

– It is better 
than conven-
tional LS.

BER 
and 
MSE

Compu-
tational 
complexity 
due to using 
DFT.

 [39] Suppressing 
the intrinsic 
imaginary 
interference 
(IMI)

Time-domain 
least squares 
(TDLS)

– Improves 
the optical 
channel 
estimation 
performance

BER 
and 
MSE

Computa-
tional com-
plexity of 
matrix multi-
plication and 
inversion

 [40] Enhance chan-
nel estimation 
and minimize 
IMI.

KalCod (Kal-
man filter 
and CAP)

– The updated 
KAP out-
performs 
the others 
in terms of 
spectrum ef-
ficiency and 
estimation 
accuracy. 
It is also 
simple to 
implement.

BER, 
number 
of mul-
tiplica-
tions, 
and 
through-
put.

The use and 
enhance-
ment of the 
suggested 
methods 
using MI-
MO-FBMC/
OQAM 
are not 
considered.

 [41] Enhance 
LS-CE and 
minimize IMI

Recursive 
weighted LS 
(RWLS)

– Enhance the 
performance 
of equaliza-
tion and 
channel 
estimation 
while achiev-
ing high 
transmission 
efficiency.

BER The model is 
sensitive to 
the Doppler 
effect

 [42] Enhance CE 
performance

Polar codes – Polar codes 
exhibit com-
parable error-
correcting 
capabilities.

BER In FBMC-
OQAM sys-
tems, polar 
codes are not 
appropriate 
for larger 
frame sizes.

Table 1  p rovides a comprehensive comparison of this study’s achievements with previous research on chan-
nel estimation techniques
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References Problem Methods Block-based or 
model-driven

Result Metric Demerit

 [33] Deep Neural 
Network 
(DNN)-based 
channel 
estimate

Block-based Better in 
terms of BER 
and MSE 
than the LS 
algorithm, 
but worse 
than the 
MMSE 
method

BER 
and 
MSE

Highly 
complex.

 [35] Enhance chan-
nel estimation 
and minimize 
IMI.

DNN-based 
for MIMO

Block-based Good 
performance 
in terms of 
BER

Highly 
complex.

 [43] Enhance LS ANN 
LS-CEA

Model-driven 
Enhance the 
LS

It can reduce 
the BER 
performance 
by 50%.

BER It cannot be 
ensured when 
the training 
periods are 
short. Ad-
ditionally, 
it did not 
account for 
the channel’s 
effect.

 [33] Enhance CE 
and minimize 
IMI

DNN Block-based DNN estima-
tor performs 
better than
conven-
tional least 
squares (LS) 
estimator

BER 
and 
MSE

The math-
ematical 
model of the 
channel is 
not perfect.

 [44] Enhance CE 
performance

Deep 
bidirectional
gated-
recurrent unit 
(BiGRU) 
scheme.

Model-driven Greatly 
enhances 
the CE 
performance

BER 
and 
MSE

The 
algorithm 
is highly 
complex and 
vulnerable to 
interference 
from both the 
front and rear 
symbols.

 [45] Enhance chan-
nel estimation 
and minimize 
IMI.

Res-DNN Block-based Significantly 
improve the 
performance 
of the 
downlink

BER 
and 
MSE

Compu-
tational 
complexity 
and memory 
requirements 
are high

 This study Enhance CE M-IAM-LS-
DNN

Model-driven significantly 
improves the 
CE

BER 
and 
NMSE

More ac-
curate by 
33.3%for 
BER and 
10% for 
NMSR, 
besides less 
complexity

Table 1  (continued) 
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2  System Model for M-IAM-LS Channel Estimation for FBMC/OQAM

 The FBMC system, also known as OFDM/OQAM and staggered multi-tone (SMT), was 
proposed by Saltzberg and Chang in 1971, originating from the same family of OFDM tech-
niques [46]. The FBMC/OQAM system comprises a synthesis filter bank (SFB) with paral-
lel transmit filters at the transmitter and an analysis filter bank (AFB) at the receiver [47]. 
OQAM transmits real and imaginary samples with a shift of half the symbol time [41, 48]. 
In the synthesis filter bank (SFB) FBMC module, the inverse fast Fourier transform (IFFT) 
and polyphase filters make up the two core blocks [49]. The AFB filter module relies on two 
fundamental building blocks: the polyphase filter and the fast Fourier transform (FFT) [50], 
as illustrated in Fig. 1.

According to the Nyquist theory, the FBMC prototype filter was designed to achieve 
ideal time-frequency localization [1]. To achieve optimal frequency and temporal localiza-
tion, a PHYDYAS Filter (PF) is implemented. The FBMC/OQAM technique is employed 
to improve the performance of wireless networks. The major drawback of FBMC/OQAM 
is the presence of imaginary interference, which makes channel estimation challenging 
[51]. The SFB discrete-time baseband transmitting a signal with even M subcarriers can be 
expressed as in [28].

	 s (l) =
∑

M-1
m=0

∑
n∈ zdm,ngmn� (1)

	
gmn (l) =g

(
l-n

M
2

)
ej

2πm (l− lg-1
2 )

M ej∅mn� (2)

	
s (l) =

∑
M-1
m=0

∑
n∈ z dm,n g(l-n

M
2

) ej
2πm(l− lg-1

2 )
M ej∅m,n � (3)

.
where, dm,n is the real OQAM symbol, m,n are frequency time points, m is the sub-

scriber index of the OQAM symbol, n is the time index, g(l-nM
2 ) is a true symmetric 

prototype filter’s impulse response, j=
√

-1 is the imaginary unit, M is the even number 
of subscribers, lg is the length of the filter (lg = K × M)K is the overlap factor and 
∅(m,n)= (m+n) π

2 +mnπ. Since the pulse g is constructed, the surrounding subcarrier func-
tions gmn (l) are only orthogonal. This results in some ISI at the AFB output being com-
pletely imaginary. The imaginary interference width is given by [28]:

Fig. 1  Structure blocks of synthesis filter bank (SFB) and analysis filter bank (AFB)
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∑

gmn (l) g∗
p,q (l) = j < g >p,q

m,n� (4)

where < g>
(p,q)
(m,n)  is the interference width in frequency-time (FT) between (p, q) and (m, 

n) FT points, “q” is the time index, and “p” is the subcarrier index of the OQAM symbol. 
Assuming the linear phase (coherence bandwidth), time-invariant (coherence time), and 
about equal power for each spectral component as they pass through the prototype filter. 
The AFB’s output at the qth FBMC symbol and pth subcarrier is provided by [25, 28, 51]:

	 y (p,q) = H(p,q) d(p,q)+ I(p,q)+η(p,q)� (5)

where I(p,q)=j
∑ M-1

m=0
∑

nH(m,n)d(m,n)<g>(p,q)
(m,n) is the imaginary interference, H_((p, 

q)) is the CFR (channel frequency response), and η(p,q) is a Gaussian noise component 
with zero mean and variance σ2. Assuming a precisely timed and localized pulse, a common 
assumption is that I(p,q) originated from the neighborhood of (p, q), first order, denoted 
asΩ(p, q) equals (p, q±1)/(p±1, q ± 1)/(p ± 1, q). Equation (5) can be rewritten as follows if 
the CFR is approximately constant over this neighborhood:

	 y(p,q) = H(p,q) c(p,q)+η(p,q)� (6)

where c(p, q) =d(p, q)+ju(p, q) is the virtual signal of the transmitted signal symbol at (p, 
q) and given as:

	 u(p,q)=
∑

(m,n)∈Ωp,qd(m,n)<g>(p,q)
(m,n)� (7)

The actual CFR (Ĥ(p,q)) can be obtained by the following equations at the corresponding 
FT point:

	
Ĥp,q=

yp,q

cp,q
� (8)

	
Ĥp,q =

Hp,qcp,q+ηp,q

cp,q
� (9)

	
Ĥp,q = Hp,q+

ηp,q

cp,q
� (10)

	
Ĥp,q= Hp,q+

ηp,q

dp,q+jup,q
� (11)

The objective is to find a preamble structure that maximizes the power of 
(
d(p, q)+ju(p, q)

)
 

while maintaining a low PAPR at the transmitter. Consequently, the accuracy of the estima-
tion is enhanced as the power of 

(
d(p,q)+ju(p,q)

)
 power [28, 52].
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3  Feedforward Deep Neural Network (DNN)

Deep learning (DL) plays a crucial role in radio resource management, channel estimation, 
and mobility management [21, 53]. DL is used to map input features to predicted output 
values. It makes predictions and decisions based on the data it has learned [54, 55]. It can 
overcome the complexity of mathematical formulas and solve complex problems [36]. DL 
can be implemented in communication systems through both data-driven and model-driven 
methods [45]. The data-driven methodology views systems as black-box units, relying 
on pre-existing data and analysis, lacking specialized understanding, and requiring large 
datasets and varied network parameters for training. The model-driven approach, based on 
mathematical models, combines DL with traditional algorithms to enhance communication 
systems by replacing known blocks [56].

One of the DL algorithms, called DNN, aims to imitate the way information is transferred 
between biological neurons. It is composed of layers, each of which feeds into the one above 
it in a forward direction. The input layer represents the input, while the hidden layers lie 
between the input and output layers and contain neurons for parallel processing. The output 
layer is illustrated in Fig. 2; this figure also explains the structure of the DNN used in the 
study.

In supervised learning, a DNN repeatedly performs the process of sequentially passing 
input feature data from one layer’s neurons to the neurons of the subsequent layer. Informa-
tion is extracted at each stage and transferred to the subsequent layer; multiple other neurons 
provide weighted inputs to each neuron. After adding up all these inputs and passing them 
through an internal activation function, a hyperparameter is selected to optimize the model’s 
performance. The Neural Network’s weight can be adjusted throughout the training process 
based on feedback from prediction errors to enhance subsequent prediction improvements 
[57].

The data set used in this study was generated by using MATLAB code according to 
the ideal channel (without channel fading effect) and wih channel fading. It is computed 
using Eq. (11) and the parameters mentioned in Table 1. Batch training updates inputs once 

Fig. 2  Explain the structure of the DNN used in the study
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they are entered into the NN, while incremental training updates weights instantly after 
each iteration, using backpropagation techniques to reduce errors [44]. NNs utilize non-
linear activation functions, such as sigmoid, hyperbolic tangent, Gaussian error linear unit 
(GELU), rectified linear unit (ReLU), and SoftMax, to enhance learning capacity and model 
complex relationships.

	 yl
j=f(l)

∑
Nl
i=0(w

l
iy

(l-1)
(i,j) )+bl

j� (12)

where Nl represents all neurons, bl
j is the bias in jth neuron, w(i,j) is the weight from ith 

neuron in (l-1)th layer to the jth neuron of lth layer, and f(l) is the activation function of lth 
layer [29]. The parameter θ = (W, B) denotes the weights and biases of the entire DNN and 
must be estimated during the learning process. It is common knowledge that a loss function 
called Loss ( θ ) calculated by the difference between the predicted yP

j and the true yT
j  [58, 

59]:

	 Loss (θ) = argmin(yP
j -yT

j )� (13)

The suggested DNN aims to determine and adjust the LS channel estimation error by mini-
mizing a cost function. Loss (θ) is the DNN when H is the ideal channel impulse response, 
and the input is the LS-estimated channel ĤLS. The input data (real and imaginary compo-
nents) is normalized to have zero mean and unit variance to improve training, and weights 
are saved at the end of the training phase for the epochs with the highest training and valida-
tion accuracies. DNN employs the ADAM optimizer and mean squared error (MSE) as the 
loss function. All layers employ ReLU as the activation function; the output layer, however, 
does not use an activation function and therefore does not restrict the output value. The per-
formance of the M-IAM-LS-DNN channel estimation. Systems are assessed in this section 
using normalized mean square error (NMSE) simulations and a bit error rate (BER).

The transmitter would generate the signal that will be transmitted via the channel, as 
described in Fig. 2. The channel is the medium through which electromagnetic waves prop-
agate from a transmitter to a receiver. Unlike wired channels, wireless channels are suscep-
tible to various impairments that can degrade signal quality, such as fading and the Doppler 
effect. This study focuses on the pedestrian A (Ped A), vehicle A (Veh A), vehicle B (Veh 
B) and roadside-to-vehicle (RTV) channel models. Table 2 describes the power profile and 
channel delay of the channel used in our simulations, including pedestrian A (Ped A), RTV 
(roadside-to-vehicle), and vehicle A (Veh A) environments.

This study uses MATLAB code to generate a dataset by adopting wireless models, 
including the Rayleigh and Rician fading channels. The implementation of the proposed 
scheme follows the process outlined in Fig. 2, based on the communication system details. 
The trained and tested datasets of M-IAM-LS-DNN were read from the saved datasets. The 
dataset was set to 10,000 samples to match the perfect channel frequency response (Hf0), as 
the label and the actual M-IAM-LS (Hest) frequency responses. This was done by splitting 
the dataset into 80:20 training and test ratios.

First, LS channel estimation was applied to the received preamble (M-IAM). As FBMC/
OQAM separated the real and imaginary parts towards the resulting 2k, these were used 
as inputs for the DNN. The trained DNN uses the trained dataset and LS as inputs for 
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predicting CFR. At the end of the training, the corrected LS channel estimate yL
ĤLS

would 
be attained at the output layer. Input data were normalized to have a zero mean and unit 
variance, since differences in scale across input variables may increase the difficulty of 
training for the modeled problem. The proposed DNN uses mean squared error (MSE) as 
the loss function, with ADAM as the optimizer. Whereas the rectified linear unit (ReLU), 
fa (x) = max (0, x) is used as the activation function for all but the output layer. The effect 
of ReLU does not saturate for positive values, introduces sparsity by setting all negative val-
ues to zero, and improves the learning process in deep networks. The proposed model was 
trained using the preprocessed dataset, a batch size of 32, and was trained for 500 epochs. 
The neural network model was constructed with 2 and 3 hidden layers (Fig. 3) to extract 
spatial features from the input data, followed by dense layers for decision-making. LS-DNN 
can be attributed to the DNN’s ability to extract channel features and learn a meaning-
ful representation of the given dataset. Two DNN architectures are suggested, each with a 
distinct number of hidden layers and nodes per hidden layer. Note from previous literature 
that an increased number of hidden layers would correspond to the system’s computational 
complexity. Moreover, using a single hidden layer will not perform as well as a DNN archi-
tecture, as it lacks the deeper architecture and feature-extraction capabilities. Furthermore, 
using three or four introduces additional layers and parameters, thereby increasing the sys-
tem’s computational complexity.

4  Simulation Results

An accurate CE is essential for reliable data transmission and high spectral efficiency. This 
section presents simulation results for the M-IAM-LS-DNN and single-input single-output 
(SISO) system channel estimators in MATLAB. Random, Rayleigh fading, Rician fading 
channel models with Additive White Gaussian Noise (AWGN) were employed. The Ray-
leigh channel model is frequently used to describe the effects of multipath fading. A single 
FBMC/OQAM symbol has a total of “K = 64” sub-carriers with a sub-carrier spacing of 
“156:25 kHz”. The metrics used for evaluating CE performance are NMSE and BER, plot-
ted against signal-to-noise ratio (SNR). NMSE is calculated using the squared difference 
between channel frequency response “H” and the estimated channel “Ĥ” given as the mean 

of " (H-Ĥ)
H

2
“. BER is a metric quantifying the accuracy of CE in digital communication 

systems by measuring the rate of bit errors in received data compared to the total transmitted 
data bits. For the FBMC/OQAM model design, PHYDYAS filters with “K = 4”, subcarriers 
of” M = 64 and M = 512” OQAM modulation, and the least square estimator were utilized. 
We employed two-channel models for the M-IAM-LS-DNN system, as shown in Table 3.

Figure 3 shows that the SNR used during training has a significant impact on DNN per-
formance. The optimal prediction results are obtained from training at the maximum SNR 
value, which we define as 30 dB in this case. In reality, the DNN may learn the channel more 
effectively when trained at a high SNR value, as the channel’s influence is greater in this 
SNR range than the impact of the noise. The amount of training samples also affects NMSE; 
therefore, a sufficiently large dataset is required. The ability of the DNN to extract channel 
characteristics and obtain an accurate representation of the input dataset. It is responsible for 
the enhanced performance of the LS-DNN. Figure 4a displays the equivalent BER results on 
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an end-to-end wireless transceiver. We consider an M-IAM-LS-DNN architecture trained 
over a range of 0 dB to 30 dB.

Additionally, Fig. 4(b) compares the NMSE of the M-IAM-LS-DNN and LS-DNN archi-
tectures across a broad range of SNR values for the RTV channel. Figure 4a and b dem-
onstrate that the FBMC-LS channel estimation technique improved performance over the 
OFDM-LS approach, particularly in terms of BER and NMSE.

At all SNRs, the BER and NMSE of the M-IAM-LS-DNN significantly outperform those 
of LS. As SNR rises, the M-IAM-LS-DNN’s performance improves. Therefore, training the 
proposed DNN at high SNR provides better generalization because the channel observa-
tions in this regime contain significantly less noise contamination, allowing the network to 
learn the intrinsic channel structure rather than fitting to noise. From an error-decomposition 
perspective, low-SNR training samples exhibit a significant stochastic error component, 
which increases the model’s variance and causes the DNN to memorize noise patterns rather 
than the underlying channel response. In contrast, high-SNR data reduce this variance term 
and force the model to learn a cleaner and more physically meaningful mapping between 
the received pilots and the actual channel coefficients. This effect is consistent with the clas-
sical bias-variance trade-off; high-SNR training reduces variance without increasing bias, 
thereby improving robustness when the model is later tested across a wide range of SNR 
values.

Parameter Value
FFT/IFFT 512, 2048
Number of subcarriers (M) 512, 2048
Bit/symbols 2,4,6
Channel models Rician fading and time-variant Rayleigh
Modulation OQAM
Preamble M-IAM
Prototype filter K = 4
DNN 2& 3 Hidden layers
Number of epochs 500
Batch size 32

Table 3  The parameter for the 
FBMC/OQAM-LS system
 

Fig. 3  Explain the dense layers using PyCharm Software
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As SNR rises, the M-IAM-LS-DNN’s performance improves. Comparable outcomes for 
BER and NMSE are also noted for Ped A, as shown in Fig. 5.

Furthermore, in practical wireless environments, the channel characteristics (e.g., mul-
tipath structure, delay profile, and Doppler dynamics) remain unchanged across SNR levels, 
while only the noise level varies. Therefore, training at high SNR enables the network to 
extract these stable, environment-driven features more effectively, resulting in superior BER 
and NMSE performance across all SNR ranges. Comparable outcomes for BER and NMSE 
are also noted for Ped A, as shown in Figs. 5a and b. As shown in the figure, SNR increases, 
and the BER decreases. However, the relatively high BER values indicate that LS may be 
suboptimal in this scenario. The BER values for LS-DNN are significantly lower than those 
for M-IAM-LS, especially at lower SNR levels. In this case, the proposed M-IAM-LS-DNN 
approach effectively improves channel estimation accuracy.

Fig. 5  Comparison of (a) the BER and (b) NMSE performance for M-IAM-LS-DNN using the Ped A 
channel

 

Fig. 4  (a) the BER and (b) NMSE performance for M-IAM-LS-DNN trained at various SNR levels using 
the RTV channel
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As demonstrated in Fig. 6a and b, with the Doppler effect equal to 1000 Hz and a vehicle 
speed of 200 km/h, the M-IAM-LS-DNN estimator performs well and outperforms the tra-
ditional LS estimator across all SNR levels in terms of both BER and NMSE in high mobil-
ity scenarios using the Vehicle A channel. However, this improvement is somewhat limited 
due to the channel characteristics.

Additionally, this study employs a time-invariant Rician fading channel model, chosen for 
its relevance in scenarios where a line-of-sight (LOS) component is present. Such channels 
are particularly significant in 6G applications, especially in microwave and satellite commu-
nications, where LOS propagation is dominant. Compared to Rayleigh fading, Rician fading 
provides superior BER performance at equivalent SNR levels, especially when the LOS 
component is strong. As illustrated in Fig. 7, both Rayleigh and Rician channels exhibit 
high BER at low SNRs; however, Rician consistently outperforms Rayleigh. In the moder-
ate SNR range (5–15 dB), the BER for Rician fading drops more rapidly, while Rayleigh 
channels continue to experience severe fading. At higher SNRs, the BER under Rician fad-
ing becomes significantly lower, approaching the performance of an AWGN channel, due to 
the presence of a stable direct signal path. Furthermore, Fig. 7a demonstrates a substantial 
improvement in BER performance using the M-IAM-LS-DNN method, achieving a 12 dB 
gain over the traditional M-IAM-LS at a BER of 10− 2, along with a 15 dB improvement in 
NMSE as shown in Fig. 7b. These results confirm the effectiveness of the proposed DNN-
assisted channel estimation method under Rician fading conditions.

Our proposed channel estimation method, based on a DNN, outperforms classical LS 
channel estimation schemes, as demonstrated clearly in Figs. 4 and 5, and 6. This indicates 
that the DNN can determine higher-order channel statistics. It specifically gains the ability 
to differentiate between channel gain and AWGN noise accurately.

In meeting the requirements of FBMC/OQAM systems, the Res-DNN method combines 
residual networks (ResNet) with deep neural networks (DNN). A ResNet (Residual Net-
work) is a deep neural network that includes shortcut (skip) connections to solve the vanish-
ing gradient problem in deep models. A Res-DNN deep learning model hereby replaces the 
traditional CE and equalization module, as well as the demapping module in the Res-DNN 

Fig. 6  Compare M-IAM-LS and M-IAM-LS-DNN in terms of (a) BER and (b) NMSE for v = 200 Km/h, 
fd = 1000 Hz when using the Vehicular A channel
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scheme. Res-DNN consists of 5 hidden layers in this model, including the input and output 
layers. My proposed DNN enhances existing DNN architectures by optimizing the network 
depth, activation functions, and training strategy to fit the characteristics of the communica-
tion channel better. Unlike ResNet, which focuses on intense residual mapping, my model 
maintains a moderate depth with adaptive normalization and dropout layers for stability and 
better generalization in FBMC channel estimation. Additionally, my DNN follows a model-
driven learning approach, where the input is preprocessed using LS estimation before being 
refined by the neural network. This makes it more physically interpretable and more robust 
than pure ResNet-DNN structures.

A deep learning-based CE and equalization strategy would be employed in the deep 
learning (DL-CE) scheme. A DNN model learns the channel-state information and the con-
stellation demapping technique in the DL-CE scheme. In other words, a DNN takes the 
position of the pilot extraction, channel equalization, and QAM demapping modules in the 
DL-CE model to constitute a total of an input layer, three hidden layers, and an output layer. 
As shown in Fig. 8, the suggested M-IAM-LS-DNN scheme has outperformed the DL-CE 
scheme in terms of BER, only being outperformed by the Res-DNN scheme in the Vehicular 
A channel, especially at higher SNR.

5  Conclusion

Although FBMC/OQAM is expected to be a crucial component of the future 6G wireless 
generation, its imaginary interference makes CE a complicated task. In order to enhance the 
M-IAM-LS channel estimator for FBMC/OQAM, correct noise error, and achieve accurate 
CE, this study proposes M-IAM-LS-DNN channel estimation algorithms based on deep 
learning. Initially, a survey was conducted, and the comparison between conventional CE 
approaches was presented. Subsequently, a discussion and evaluation of the suggested 
M-IAM-LS-DNN channel estimation technique is conducted for various SNR values. The 
recommended approach does not require prior knowledge of channel statistics. The pro-

Fig. 7  (a) the BER and (b) the NMSE performance for M-IAM-LS-DNN using the RTV using the Rician 
channel
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posed M-IAM-LS-DNN technique significantly enhances channel estimation by reducing 
NMSE by 10% and BER by 33% over a wide range of SNR levels compared to the con-
ventional M-IAM-LS method. Future studies need to focus on DL-based CE methods for 
high-mobility scenarios.
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