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ABSTRACT: Single-signal detection in orthogonal frequency-division multiplexing (OFDM) systems presents a chal-
lenge due to the time-varying nature of wireless channels. Although conventional methods have limitations, particularly
in multi-input multioutput orthogonal frequency division multiplexing (MIMO-OFDM) systems, this paper addresses
this problem by exploring advanced deep learning approaches for combined channel estimation and signal detection.
Specifically, we propose two hybrid architectures that integrate a convolutional neural network (CNN) with a recurrent
neural network (RNN), namely, CNN-long short-term memory (CNN-LSTM) and CNN-bidirectional-LSTM (CNN-
Bi-LSTM), designed to enhance signal detection performance in MIMO-OFDM systems. The proposed CNN-LSTM
and CNN-Bi-LSTM architectures are evaluated and compared with both traditional methods and standalone deep
learning models. Training was conducted offline using a dataset generated from a 2 × 2 MIMO-OFDM system with a
3GPP 5G channel model. The trained models are evaluated using accuracy, loss, and computational time, and further
analysis of signal detection performance is based on bit error rate, optimal cyclic prefix length, and optimal pilot
subcarrier configurations under various noise conditions and channel uncertainty scenarios. The results demonstrate
that the proposed CNN-based architectures, particularly the CNN-Bi-LSTM trained model, significantly reduce the
need for pilot and cyclic prefix symbols while delivering superior performance, especially at SNRs. All the hybrid deep
learning architectures (CNN-LSTM, CNN-Bi-LSTM) demonstrated greater robustness and adaptability under dynamic
channel conditions, outperforming conventional methods and benchmark deep learning architectures. These results
indicate the effectiveness of CNN-based feature extractors in learning generalized spatial patterns, positioning these
hybrid models as highly efficient and reliable solutions for MIMO-OFDM signal detection in 5G and future wireless
communication systems.

KEYWORDS: Signal detection; deep learning; CNN-LSTM; CNN-Bi-LSTM; MIMO-OFDM; channel estimation;
wireless communications; time-varying channels; pilot reduction

1 Introduction
Orthogonal frequency-division multiplexing (OFDM) is a modulation method that is often used in

wireless broadband systems. It effectively reduces intersymbol interference (ISI) caused by the delay spread
of the channels, thereby mitigating frequency-selective fading in wireless channels. However, channel
estimation remains a significant challenge in OFDM systems, as the channel response can vary rapidly over
time because of the mobility of the transmitter and receiver [1].
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Although many studies have considered statistical approaches for OFDM channel state estimation to
accurately detect signals, most of them require prior knowledge of the channel state information (CSI) at the
receiver end [2–5]. Typically, pilot symbols are inserted into the transmitted signal to enable CSI estimation
before data detection. With an accurately estimated CSI, the receiver can reliably recover the transmitted
symbols. The least squares (LS) technique requires partial prior statistics and is simpler to implement,
whereas minimum mean-square error (MMSE) estimators are fully statistical and generally more accurate
when statistical information is available. The LS estimator does not require prior knowledge of channel
statistics [6], whereas the MMSE estimator provides superior detection performance when second-order
channel statistics are employed [7]. Numerous researchers have conducted channel estimation and have
refined analytical techniques such as MMSE estimators for various scenarios [5,8]

In recent decades, artificial neural network (ANN) and deep neural network (DNN) architectures
have demonstrated high performance in diverse applications, such as CSI-based localization [9], channel
equalization [10], and channel decoding [11]. With the growing availability of computational resources and
large datasets, the potential for integrating the deep learning (DL) approach into communication systems
continues to expand. While online training has successfully employed ANNs for channel equalization, DNNs
introduce new challenges because of their larger number of parameters [12]. Recently, the DL approach has
demonstrated increasing potential in communication systems, largely driven by the availability of large-
scale datasets and computational resources [13–15]. In addition to these DL architectures, several recent
studies have proposed hybrid DL architectures that combine convolutional and recurrent layers, which have
attracted increasing attention because of their ability to capture both local and long-term dependencies in
sequential data. Studies [16,17] have confirmed that convolutional neural network-long short-term memory
(CNN-LSTM) and convolutional neural network-based bidirectional long short-term memory (CNN-
Bi-LSTM) networks perform comparably to attention-based DL models in classification and regression
tasks because of their ability to effectively capture both spatial and temporal dependencies in complex
sequential data. Similarly, recent work [18] attests that CNN–Bi-LSTM architectures are highly effective for
detecting signals under challenging channel conditions, further supporting the choice of enhanced hybrid
DL models in this study. In the same context, lightweight convolutional neural network (Lightweight-CNN)-
based architectures have demonstrated effectiveness for challenging signal detection and synchronization
tasks [19], underscoring the relevance of convolutional feature extraction in modern wireless signal detection
systems. In accordance with these motivated advances, this work has adopted hybrid CNN-LSTM and CNN-
Bi-LSTM architectures to enhance representation learning and improve the robustness of the proposed
2× 2 for multiple-input multiple-output orthogonal frequency division multiplexing (MIMO-OFDM) signal
detection in 5G wireless receivers and evaluates their performance against conventional detection techniques.

In the current paper, various DNN architectures are studied to improve symbol detection in OFDM
systems. These models typically require extensive training data and long training times. To address these
issues, this paper proposes hybrid DL architectures for 2 × 2 MIMO-OFDM signal detection in 5G wireless
receivers and evaluates their performance against that of conventional detection techniques. The proposed
CNN-based hybrid architectures are trained offline using synthetic data generated by a simulated MIMO-
OFDM system.

Once trained, the models are employed for signal detection under varying channel conditions. Sim-
ulation results demonstrate that the proposed convolutional neural network-based hybrid architectures
outperform existing deep learning models such as CNN [7], LSTM, and Bi-LSTM [16,20,21], as well as
conventional signal estimators such as LS and MMSE [2–4], particularly when only a limited number of
subcarriers and pilot symbols are available.

The main contributions of this paper are summarized as follows:
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• This work presents an end-to-end hybrid MIMO-OFDM signal detection framework that integrates
CNN-based architectures with different recurrent architectures. In particular, we develop DL-based
CNN-LSTM and CNN-Bil-LSTM architectures tailored for the application of 5G and emerging 6G
wireless signal detection. Unlike prior studies, the proposed framework exploits convolution layers
to capture spatial-frequency correlations from subcarrier packages effectively, while the LSTM block
captures temporal channel variations, enabling more robust and spectrally efficient detection under
dynamic channel conditions.

• The proposed hybrid DL architectures significantly reduce the dependance on pilot symbols and cyclic
prefix (CP) overhead while maintaining competitive performance.

• Beyond conventional baseline methods for channel estimation (LS and MMSE), we compare our
proposed CNN-based hybrid architectures against state-of-the-art DL MIMO-OFDM signal detection
(CNN, LSTM, and Bi-LSTM) and demonstrate consistent gains in BER, convergence speed, and
generalization to blind channel conditions.

• We provide an in-depth analysis of the training and inference complexity of the proposed hybrid DL
architectures for MIMO-OFDM signal detection, revealing that our hybrid DL architectures achieve
favorable performance in terms of accuracy, complexity, and latency, which makes them candidates for
real-time receivers.

• The results reveal several striking insights into the performance of the proposed hybrid DL architectures
for MIMO-OFDM signal detection compared with different architectures and conventional methods in
terms of the training computation, implementation complexity, and bit error rate (BER) under different
channel conditions. Our results demonstrate the performance of the proposed design of CNN-based
hybrid architectures CNN-LSTM and CNN-Bi-LSTM for MIMO-OFDM signal detection by learning
generalized spatial patterns across subcarriers, reducing the reliance on dense pilots.

The remainder of the paper is organized as follows. In Section 2, we provide background information on
related work. Section 3 introduces the OFDM system architecture and the MIMO channel model. Section 4
describes channel estimation techniques and linear signal detection methods for OFDM systems. Section 5
presents the mathematical formulation and data-driven framework for channel estimation in MIMO-OFDM
systems. Section 6 presents the simulation settings and results, and finally, Section 7 concludes the study.

2 Background of Related Work
Wireless communication channels naturally experience multipath fading degradation, which leads

to critical impairments such as ISI, cross-channel mixing (XCM), Doppler shifts, and frequency-selective
fading. These effects degrade signal integrity by causing time dispersion, symbol overlap, and distortion in
both the time and frequency domains, posing significant challenges for reliable signal detection and decoding
in modern wireless systems. To mitigate these impairments, receivers require prior knowledge of the
channel impulse response, which is typically obtained through specialized channel estimation techniques.
Accurate channel estimation is a crucial aspect of wireless communication, as its quality directly impacts
overall system performance [22]. Two main approaches for channel estimation are widely discussed in
the literature: blind estimation and pilot-based estimation [23,24]. Blind channel estimation leverages the
statistical properties of received signals without the need for dedicated training symbols, thereby reducing
overhead and transmission costs. However, it requires many received symbols to produce accurate estimates,
which can lead to degraded performance compared with that of pilot-based approaches. In contrast, pilot-
based approaches include the insertion of known data symbols (pilots) into the transmitted signal at the
beginning of the transmission of a frame to initiate the estimation of channel parameter accuracy [25].
Early studies demonstrated that the LS estimator offers low-complexity estimation without requiring prior
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channel statistics but at the cost of reduced accuracy. On the other hand, the MMSE estimator achieves
higher accuracy by utilizing second-order channel statistics, although it introduces significant computational
complexity [2–4]. To address this, various methods have been proposed in the literature to reduce the
computational burden associated with MMSE estimation [5]. In recent years, ANNs have become popular
choices for channel estimation because of their adjustable interconnected neurons with weighted inputs,
offering a simpler alternative to traditional estimation techniques [25].

Some researchers in previous studies used radial basis Function (RBF) networks for OFDM channel esti-
mation [25,26], whereas others have utilized backpropagation neural networks (BPNNs) to estimate channel
coefficients under varying fading conditions [27]. They reported that the MMSE estimator outperforms
both the LS and BPNN methods in terms of accuracy; however, it has higher computational complexity. To
address the performance limitations of BPNN architectures, which typically consist of three main layers,
Cheng et al. [28] integrated genetic algorithms (GAs) with BPNNs and demonstrated enhanced performance
compared with standard BPNN approaches. Although these earlier channel estimation approaches provided
certain improvements over traditional estimation techniques, they often suffer from limitations in terms
of learning complex temporal dependencies and generalizing to dynamic channel environments. These
challenges have led to a growing interest in more advanced DL architectures, such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs), which offer greater capacity to model nonlinear
relationships and time-varying channel characteristics.

Recent studies indicate that DL architecture can outperform conventional estimation techniques even
when insufficient pilot signals are available [16,20,21]. DL models have demonstrated effectiveness for symbol
detection in OFDM and MIMO-OFDM systems by eliminating the need for heavy dependence on pilot
symbol insertion, which is unlike conventional estimation techniques that rely heavily on pilot symbols [16].
Nair and Menon (2022) [20] addressed pilot overhead in MIMO-OFDM systems with a Bi-LSTM network for
joint channel estimation and symbol detection, showing effective performance in complex signal scenarios,
while Wang et al. (2020) [16] employed a Bi-LSTM network integrated with convolutional layers and batch
normalization for signal detection in uplink OFDM systems operating over time-varying channel responses.

Hassan et al. (2024) [21] developed a deep LSTM-based channel state estimator that outperformed
conventional methods and Bi-LSTM models, providing reliable performance even with fewer pilot symbols
and no prior channel knowledge. In Non-orthogonal multiple access (NOMA) systems, DL methods have
shown similar promise. Smirani et al. (2024) [10] proposed a layered ensemble learning model called
Stacked Generalization for Channel Estimation (SGCE) for NOMA systems, which eliminates the need for
pilot insertion while enhancing throughput and prediction accuracy by combining six machine learning
techniques. These studies together demonstrated the potential of ensemble machine learning techniques
and recurrent DL models to enhancement spectral efficiency, decrease error rates, and improve the overall
reliability of wireless communication systems.

Gao et al. [29] presented DL-based architectures for channel estimation (CENet) and symbol dic-
tations in OFDM systems. Their results demonstrated that these architectures exhibit strong resilience
to variations in channel parameters, confirming the adaptability of DL approaches in dynamic wireless
environments [30]. CNNs have advantages over classical neural network architectures because they effec-
tively use the relationships between neighboring channel elements in the spatial, temporal, and frequency
domains. The CNN-based signal detection technique outperforms the standard MMSE approach in terms of
performance [31]. In [29,31], researchers employed an untrained CNN to reduce noise in channels affected
by pilot contamination. CNNs can efficiently reconstruct a three-dimensional channel by compressing
related channels from a smaller, randomly chosen input tensor. Recently, this functionality has been used in
CNN-based channel estimation [16,20] and in feedback on channel state information [32].
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In the present work, we demonstrate the advantages of CNN-based channel estimation with different
channel conditions and investigate the use of convolutional layers for capturing spatial-frequency features
from OFDM symbol sequences. In [7], Ye et al. utilized numerous concatenated DNNs consisting of five
dense layers to represent the channel in an OFDM system, which involves channel noise and simple time
responses. The studies in [24,33] reformulate the channel estimation problem as an image recognition task
using superresolution techniques.

These works estimate the beam-space channel vector using two types of DNN structures: fully connected
(dense) layers and CNNs [33]. These models capture the spatial characteristics of the channel response
across the antenna array between the transmitter and receiver. Similarly, in [34], the authors treat the time-
frequency response of the OFDM channel as a two-dimensional image and calculate it using a DNN at certain
pilot points. The aforementioned studies provide new insights into the use of DNNs for modeling nonlinear
channels. However, these investigations have focused primarily on simplified DNN models and simulated
datasets. To this end, further research is needed to investigate more diverse DNN architectures, including
hybrid models such as CNN–RNNs, and to validate their performance under real-world communication
conditions. OFDM is a multicarrier modulation technique in which the spacing between carriers is selected
to ensure orthogonality among subcarriers, thereby minimizing intercarrier interference (ICI) [6].

Table 1 lists a comparative overview of earlier studies that applied ANN architectures to OFDM receiver
designs. The evaluations of these models demonstrate the shift in research from conventional shallow
networks, such as RBFs and BPNNs, to more advanced and DL architectures. Early ANN-based archi-
tectures [25–28] provided low-complexity solutions for channel estimation under conditions of moderate
fading. However, the performance of ANN-based OFDM signal detection often deteriorates in dynamic or
highly dispersive environments due to constrained feature representation capabilities. With the advancement
of DL, deeper architectures such as DNNs [1,11], CNNs [12,19,24], and recurrent neural networks (RNNs),
including gated recurrent unit (GRU) networks [1] and LSTM variants, have been studied [30–33]. These
architectures are better suited to handle nonlinearities and temporal dependencies in wireless channels.

Table 1: Comparative summary of the literature on ANN architecture trained on OFDM receiver design for signal
detection

Ref. DL-
Architectures

Layers
/Units Dataset Channel model SNR

(dB)
Computation
complexity

[25] RBF network ϕ * Multipath fading ϕ −
[26] RBF network 1 layer * Multipath fading 5 to 30 −

[27] BPNNs 1 layer Mobile Multipath
fading 0–25 −

[28] GA -BPNN ϕ * Rayleigh fading 0 to 20 −
[1] GRU 16-Units * Rayleigh fading 0 to 30 −

[7] Fully connected
DNN 3 layers * Rayleigh

fading/Multipath 0–30 −

[11] DNN decoder 4 layers * AWGN 0 to 30
Complexity

amylases
calculated

[12] CNN 5 layers * 2 × 2 MIMO, Rayleigh
fading 0 to 25 −

(Continued)
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Table 1 (continued)

Ref. DL-
Architectures

Layers
/Units Dataset Channel model SNR

(dB)
Computation
complexity

[15] DNN 3 layers * 2 × 2 MIMO, 5G
channel −15 to 15 −

[18] Hybrid
CNN-Bi-LSTM 32 layers * Massive

MIMO-NOMA 0 to 30
Complexity

amylases
calculated

[19] Lightweight-
CNN 5 layers * AWGN/Rayleigh

fading 0 to 25 −

[20] Bi-LSTM
5 layers

(512
units)

* MIMO-OFDM 5 to 25 −

[16]
Bi-

LSTM/DNN/FC-
DNN

ϕ * Time-varying OFDM 5 to 30 −

[21] DNN -LSTM 16 Units * AWGN/Rayleigh
fading 0 to 30 −

[24] CNN 10 layers * Four-path mmWave
channel 0 to 30 −

[29] DNN ϕ * WINNER II channel 5 to 40
Complexity

amylases
calculated

[31] Deep-Rx (Deep
CNN/ResNet) ϕ * Rayleigh

fading/AWGN 0 to 30
Complexity

amylases
calculated

[32] DNN-
net/ResNet ϕ * Rayleigh

fading/AWGN 0 to 30 −

[35] CNN–
LSTM/DNN ϕ MIMO channel −10 to 20 −

[33] DNN 6 layers * Massive MIMO
channel 0 to 25

Complexity
amylases

calculated

Note: * refers to data samples generated randomly; “−” indicates complexity analysis not explicitly reported in the
original paper. ϕ indicates not specified in the original paper.

Studies that combine CNN and Bi-LSTM, or other hybrid setups [31], especially those that mix convolu-
tional and recurrent networks (such as CNN-LSTM and CNN-Bi-LSTM), have shown better performance in
the presence of noise and multipath fading, with better estimation accuracy over a wider SNR range [32,35].
However, these gains come with an increase in computational complexity and training requirements.
Furthermore, it is evident that the majority of prior studies utilized randomly generated datasets to facilitate
equitable comparisons between models, owing to the arbitrary nature of the advice regarding the generaliz-
ability of the results. Additionally, studies have examined architectures using different criteria [11,18], whereas
others have focused on the calculated complexity of mathematical representations [29,31,33].
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In this paper, hybrid DL architectures are adopted for enhanced MIMO-OFDM receiver performance.
Compared with conventional DL models, the proposed hybrid DL architectures (CNN-LSTM and CNN-
Bi-LSTM) aim to achieve a better trade-off between computational efficiency and estimation accuracy.
The architecture of a typical OFDM system, consisting of both transmitter and receiver components, is
shown in Fig. 1. The major functional blocks include pilot insertion, channel estimation, signal detection,
and demodulation.

Figure 1: A typical block diagram of the OFDM system

According to Fig. 1, the complete OFDM system comprises transmitter and receiver structures. The
transmitter performs modulation (e.g., QPSK, 16QAM), serial-to-parallel conversion, pilot insertion, inverse
discrete fast Fourier transform (IDFFT) block, and CP addition before transmission over an additive white
Gaussian noise (AWGN) channel. The receiver reverses these steps with CP removal, discrete fast Fourier
transform (DFFT), pilot detection, channel estimation, equalization, demodulation, and data recovery [20].

3 OFDM System Architecture and Channel Model
At the transmitter, the input bitstream is first modulated using an appropriate digital modulation scheme

(e.g., QPSK or QAM). The modulated symbols are then converted from a serial-to-parallel format to enable
multicarrier transmission, as depicted in Fig. 1. A pilot insertion block embeds predefined pilot symbols
at known positions within the data stream to help channel estimation at the receiver more accurately. The
resulting sequence is then transformed from the frequency domain to the time domain using the IDFFT,
which generates the OFDM signal. To combat ISI due to multipath fading, a CP is appended to each OFDM
symbol before transmission over the wireless channel.
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At the receiver, the reverse operations are applied. The received signal is first converted from serial to
parallel, and the CP is removed to restore the original OFDM symbol structure. A DFFT is then applied to
convert the signal back to the frequency domain.

In MIMO systems, multiple received signals from several antennas are processed simultaneously [36].
A linear combiner is then applied to maximize the SNR or mitigate interstream interference. Afterward,
the combined signal is passed through an analogy-to-digital converter, and pilot symbols are detected to
perform channel estimation. On the basis of the estimated channel information, equalization is carried out
to compensate for the channel-induced distortions. Finally, the data are converted back from parallel to
serial format and demodulated using the corresponding scheme, and the original transmitted bitstream is
recovered [37].

3.1 Symbol Modulation and Mapping in the OFDM Transmitter
Modulation in digital communication systems refers to the process of converting a series of binary bits

into complex symbols for transmission. Symbol mapping assigns bit groups to these symbols, which are then
modulated using schemes such as PSK or QAM. In multicarrier transmission, it is possible to add zeros to
the bits to align them with the number of subcarriers [38].

A serial-to-parallel conversion distributes symbols across carriers, and pilot symbols are embedded to
aid channel estimation. Afterward, an IDFFT is conducted to obtain the OFDM time signal for each block of
symbols. Next, the CP is added as guard time to avoid any interchannel interference. The channel block adds
noise and interferes with the data sent by the OFDM transmitter. The channel blocks considered consist of a
Rayleigh multipath, in addition to AWGN.

3.2 Mathematical Model of the 5G MIMO Channel
In this paper, we implement the multipath fading channel model, characterized by frequency-selective

fading and time-varying behavior. The 5G MIMO channel model, which consists of two transmitting
antennas and two receiving antennas, is shown in Fig. 2. The impulse response from the N t-th transmit
antenna to the N r-th receive antenna over time is expressed as hN t ,N r (τi p , t) =, where τi p is the delay for
the i p-th propagation route. As described in [39], the Monte Carlo simulation method is utilized to express
the channel impulse response as follows:

hN t ,N r (τi , t) =
√

1
km

L
∑
i p=1

ρ(i p)
km

∑
κ=1

ei2π( f+ θ
2πt )N t ,N r ,κ , i p t δ(τ − τi p) (1)

where km is the number of harmonic functions, L is the total number of propagation paths, indexed by
ip = 1, 2, . . . , L, and ρ(ip) represents the linear delay power for the ip-th path. As stated in the 3GPP-5G TR
38.901 channel model standard [40], the reference power delay profile (PDP) for the 5G channel model is
based on the Tapped Delay Line (TDL)-A model of delay. The frequency and phase of the Doppler effect for
each route are defined as follows:

f N t ,N r ,κ , i p
= f d ,maxsin (2πυN t ,N r ,κ , i p) ,

θ N t ,N r ,κ , i p = 2πυN t ,N r ,κ , i p (2)

where fd ,max represents the maximum Doppler frequency. The channel impulse response is simulated
by employing independent random variables υNt ,Nr ,κ , i p uniformly distributed in the interval {0, 1} [39].
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Accordingly, after propagating through the 5G multipath channel, the transmitted signal can be defined as
follows:

yN t ,N r
(t) = ∑

N t∈{1,2}
h̃N t ,N r (τ, t)⊗ Z̃ g ,N t (t) + w̃N r (t) (3)

Here, h̃Nt ,Nr (τ, t) = [hNt ,Nr (τi p , t) , . . . , hNt ,Nr (τL , t)] denotes the channel impulse response vector,
Z̃g ,Nt (t) represents the transmitted signal from the Nt-th antenna in the g-th transmission package at time
t, element g denotes the transmission package or stream, and w̃Nr (t) represents the additive noise vector.
Here,⊗ is the circular convolution operator. The elements of w̃Nr (t) are independent random variables that
follow a complex Gaussian circularly symmetric distribution with a mean of zero and a variance of σ 2

w .

Figure 2: 5G 2 × 2 MIMO channel model, where the transmit antenna indices are denoted as Tx1 and Tx2, and the
receive antenna indices are denoted as Rx1 and Rx2

3.3 Mathematical Description and Receiver Processing in OFDM Systems
The OFDM system begins by mapping the input data stream into symbols using modulation schemes

such as QPSK or 16-QAM. The modulated symbols are then converted from parallel to serial format using
a (P/S) converter. An IDFT block transforms the frequency-domain sequence into a time-domain signal
following the insertion of pilot symbols [22].

S(n) = 1
N

N−1
∑
k=0

S(k)e− i2π
N kn (4)

where N is the number of subcarriers, k is the is the subcarrier index, and n is the time index. S(k) and
S(n)denote the sequences in the frequency domain and time-domain representations, respectively. A scaling
factor 1√

N
is applied to both the DFT and IDFT to preserve signal energy and ensure that the forward

and inverse transformations are consistent. The time-domain sequence S(n) is convolved and transmitted
through a channel characterized by a random noise distribution with multipath propagation model, which
has an impulse response denoted as h(n), resulting in the received sequence:

y (n) =
L−1
∑
m=0

h (m) S (n −m) +W(n) (5)

where L is the length of the impulse response, and W(n) is additive white Gaussian noise. The CP is generated
by copying a portion of the symbol from the end to the beginning. This prevents ISI caused by multipath
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propagation and preserves subcarrier orthogonality. The total OFDM symbol duration is thus given by:

N d = Ng + N s (6)

where N s denotes the useful sequence length, and Ng is the cyclic prefix sequence length (typically, the CP
cyclic prefix symbol length is set to one-fourth of the useful symbol duration, i.e., Ng = Ns

4 ). At the receiver,
the CP is removed, and the time-domain signal is segmented into OFDM blocks.

yc p(n) = ⌊y(n)⌋Lc p
(7)

where y(n) represents the time-domain received signal, while Lcp denotes the cyclic prefix length at the
receiver, which is typically equal to Ng. This equality ensures that the receiver correctly removes the CP
portion. With the removal of Cp from the received signal, the remaining time-domain sequence yCP(n) is
transformed back to the frequency domain using the DFT block.

Y (k) =
N−1
∑
k=0

yC P (n) e−
i2π
N kn (8)

where Y(k) represents the received frequency-domain signal that includes both data and pilot subcarrier
symbols, and the CP length is Lcp < N. Pilot symbols YP i l ot(k) are extracted to estimate the channel response
HEst(k). The channel estimation block uses pilot signals in the estimation process. Here is a summary of the
procedure:

• Given the presence of pilot symbols, the received signal in the frequency domain is expressed as follows:

Y (k) = (S (k) + IP i l ot (k)).H (k) +W k) (9)

• To obtain the estimated channel response, if IP i l ot (k) is known and sufficiently separated from the data
symbols, the estimated channel response is obtained as follows:

HE st (k) =
Y P i l ot (k)
SP i l ot (k)

(10)

• After the transmitted signal is estimated, the next step is demodulation. The process can be outlined as
follows:
1. Signal Equalization: When the estimated channel response is used, the received signal is equalized

to recover the transmitted data sequence Ŝ (k):

Ŝ (k) = Y (k)
HE st (k)

(11)

2. Demodulation: To return to the original data stream, the estimated transmitted sequence Ŝ (k) is
demodulated using the precise demodulation method. Demodulation, including symbol demap-
ping, reverses the modulation process to recover the original bitstream. While the DFT ideally
preserves subcarrier orthogonality, practical channel distortions can introduce ISI and ICI [6]. The
CP and guard interval are essential for mitigating these effects, ensuring reliable transmission over
multipath channels, although at the cost of reduced effective throughput.
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4 Channel Estimation and Signal Detection
Accurate channel estimation is critical for reliable detection in OFDM systems, as the performance of

symbol recovery largely depends on the accuracy of the estimated channel coefficients. Numerous methods
have been developed to estimate the channel by exploiting pilot symbols embedded in the transmitted
signal. These methods typically minimize the estimation error by comparing the originally transmitted pilot
symbols with their received counterparts. In this work, two conventional channel coefficient estimation
techniques are performed using a comb-type pilot arrangement, with the LS and MMSE approaches
considered representative methods [2–5].

The LS estimator is attractive because of its low complexity and ease of implementation, whereas the
MMSE estimator achieves improved performance by incorporating channel statistics and noise variance
at the cost of higher computational complexity. The following subsections provide a detailed discussion
of conventional LS and MMSE estimators and introduce the proposed deep learning-based channel
estimation method.

4.1 Conventional Channel Estimation Techniques
Even without any prior knowledge of channel statistics, the LS estimator is utilized to minimize the

squared error between the received and original signals. The LS channel estimation formula for complex-
valued pilot signals can be expressed as follows:

ĤLS
E st (k) = (SH .S)−1SH .Y (12)

where SPilot (k) ∈ CNt×Nr represents the pilot symbol matrix transmitted by all the antennas and SH denotes
the Hermitian conjugate transpose of the pilot symbol matrix. Under certain conditions, SPilot (k) is a square
and full-rank matrix (i.e., Nt = Nr), and the LS estimation simplifies to:

Ĥ
LS
E st (k) = S−1 .Y (13)

In addition to the LS estimation technique, other typically used techniques for channel estimation
include the MMSE, the best linear unbiased estimator (BLUE), and adaptive boosting (AdaBoost) [8]. MMSE
estimation extends the LS technique by combining both noise variance and channel statistics to minimize
the mean squared error between the estimated and actual channel responses [5]. The formula for channel
estimation using the MMSE method is as follows:

Ĥ M MSE
E st (k) = R[H ,Ĥ] (R[H ,H] +

σ 2

Es
I)
−1

ĤLS
E st (14)

where ĤMMSE
Est (k) ∈ CNt×Nr represents the MMSE channel estimator, the channel autocorrelation matrix

represents RHH = E[H (k) , Ĥ (k)], H is a predefined channel response, σ 2 represents the noise variance, Es
is the average energy per symbol, and I denotes the identity matrix.

The LS estimator is a simple and computationally efficient method, but it has limited accuracy under
high noise conditions. While the MMSE approach enhances estimation accuracy, especially under noisy
conditions, it comes at the cost of higher computational complexity.

4.2 Deep Learning-Based Channel Estimation and Training Methods
CNNs are efficient DL architectures widely used in tasks such as classification and pattern recognition.

Owing to their high level of efficiency, they have become popular options in DL [41]. Unlike regular DNN
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architectures, CNNs automatically find important details in the input data using different types of layers, such
as convolutional, pooling, and fully connected layers. The backpropagation algorithm is used to train the
layers of CNNs by allowing the convolutional and pooling layers to extract and map more complex features
from the input data, while the fully connected layers handle the classification task [42]. In the literature,
numerous CNN architectures have been presented [16,20,29,31]. However, the CNN architecture presented in
this paper adopts a deeper configuration of convolutional layers (CLs) designed to strike an optimal balance
between effectiveness and computational complexity.

As shown in Fig. 3, the proposed multiple-layer CNN architecture comprises three CLs, each followed
sequentially by batch normalization and a nonlinear activation function. Using a multiple-layer CNN
architecture with three CLs provides several advantages, including enhanced model efficiency during the
training process while maintaining a reasonable computation time, even on lower-specification platforms.
The CL is a crucial component of a CNN that is responsible for extracting basic and complex patterns from an
input sequence by using one-dimensional convolution with a specific filter size [7]. The following expression
represents the convolution process in the r-th convolutional layer of a CNN:

hr = f (W ∗ D + b) (15)

Thus, the k-th filter in the r-th layer yields the following output:

hr
k = f

⎛
⎝

N s

∑
i=1

Lr
k

∑
j=1

W k , i , j ∗ Di , j + bk
⎞
⎠

(16)

where W k , i , j is the weight of the k-th filter for the r-th layer at position (i , j), Di , j represents the input
sequence of the symbols, N s represents the number of input channels, Lr

k is the length of the filters, bk is the
bias for each filter, f (.) is the activation function (e.g., ReLU), and (∗) represents the convolution operation.

Figure 3: Layer arrangement of the proposed CNN architecture

The fifth layer of the proposed multiple-layer CNN is a global max pooling layer, which reduces the
dimensionality of the sequence by selecting the maximum value across all positions, which is consequential
in a 64-dimensional vector for each sequence step in the batch [41]. The architecture concludes with a fully
connected layer (FCL), followed by the final softmax layer, which generates the probability distribution across
all possible output labels.
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4.2.1 LSTM and Bi-LSTM Architectures
This section presents the architecture of the DNN employed for channel estimation in an OFDM system.

A neural network with more than two layers is typically referred to as a DNN [12].
1. Long Short-Term Memory Architecture

The LSTM architecture extends the abilities of conventional RNNs by consisting of input, forget, and
output gates, along with a memory cell. These gates regulate the flow of information and enable the network
to capture long-term temporal dependencies [43]. The structure of a single LSTM cell is shown in Fig. 4.

Figure 4: LSTM single-cell architecture. The following notation describes the components of an LSTM cell: i t denotes
the input gate, f t represents the forget gate, gt denotes the cell candidate, and ut indicates the output gate

The forget gate enables the LSTM cell to eliminate unnecessary information from the backward step
using the current input x(t) and cell output y(t). The input gate determines the specific data that will be
combined with the previous LSTM cell state c(t−1) to produce a new cell state c(t). To accomplish this, the
current cell input, x(t), and the cell hidden state, h(t), are considered. The output gate generates the hidden
state on the basis of the updated memory and current input. Here is a description of an LSTM cell architecture
in mathematical terms:

• The input gate of the LSTM formulation is as follows:

i t = σ(W i .x t + Ri .ht−1 + bi) (17)

• The forget gate of the LSTM formulation is as follows:

f t = σ(W f .x t + R f .ht−1 + b f ) (18)
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• The cell candidate of the LSTM formulation is as follows:

g t = σ c(W g .x t + Rg .h(t−1) + bg) (19)

where σ c = tanh [.]. Additionally, the output gate formulation is as follows:

ut = σ(W u .x t + Ru .h(t−1) + bu) (20)

The cell state update and hidden state update are formulated as follows:

ct = f t⊙ ct−1 + i t⊙ g t (21)
ht = ut⊙ σ c(ct) (22)

where W , R, and b represent the input weights, recurrent weights, and biases, respectively, and⊙ denotes
the Hadamard (elementwise) product.

The LSTM (Eqs. (17)–(20)) use these components to regulate information retention or forgetting over
time, enabling the network to efficiently handle long-term dependencies in sequential symbols. The LSTM
network captures information from past inputs to make predictions or understand sequences, as shown
in Fig. 5.

Figure 5: Multicell LSTM architecture

2. Bidirectional-LSTM Architecture
The Bi-LSTM architecture is an advanced version of RNNs and is specifically designed on the basis of

the LSTM architecture. The Bi-LSTM layer consists of two separate LSTM cells used to capture long-term
temporal pattern dependencies across data sequences in two directions: forward and backward [43,44]. The
Bi-LSTM network architecture comprises five principal layers: a sequence input layer, a bidirectional LSTM
layer, a fully connected layer, a softmax layer, and a layer dedicated to classification [43]. An arrangement of
multiple layers in a vertical sequence of Bi-LSTM cells makes up a multilayer Bi-LSTM network, also known
as a stacked Bi-LSTM [45].

The key difference between LSTM networks and Bi-LSTM networks is the approach used to process the
input sequence and extract information from the data. In a Bi-LSTM, data are gathered from both past and
future inputs, which provides a more complete understanding of the sequence. It processes the sequence in
two directions: forward (from the first element to the last) and reverse (from the last element to the first), as
shown in Fig. 6.
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Figure 6: Bi-LSTM architecture

This approach allows the network to capture information from both the past and the future relative to
each time step. The concurrent information from both forward and backward propagation in Bi-LSTM is
conveyed to the output unit. Consequently, as illustrated in Fig. 6, storing both past and future sequences of
data is possible. Both the forward and backward LSTM networks receive the input at a specific time, denoted
as t. The Bi-LSTM neural network yields the following final output:

h○ t = ⌊h⃗t ,
←
ht⌋ (23)

where h⃗t is the forward output and ht← is the backward output of the Bi-LSTM architecture.

4.2.2 Hybrid DNN Architecture for Sequence Classification
This section introduces a hybrid CNN-LSTM architecture as a more effective alternative to baseline

DNNs for channel estimation. This architecture combines the strengths of CNNs as spatial feature extraction
layers and LSTMs as temporal dependency modeling. The proposed design of the CNN-LSTM hybrid
architecture is shown in Fig. 7. Unlike conventional DNNs that consider all inputs individually by using fully
connected layers, as reported in [16,20,33], the CNN-LSTM effectively captures both spatial and temporal
features from input patterns, which offer unique relationships. The convolutional block accounts for spatial
feature extraction, which is essential for recognizing local patterns at each time step of the sequence.
By leveraging convolutional filters, the convolutional block automatically learns salient spatial features,
thereby reducing the reliance on extensive manual feature engineering. Additionally, the use of shared
filters across the sequence reduces the number of trainable parameters compared with conventional DNNs
with FLCs [43,44], resulting in improved computational efficiency and a lower risk of overfitting. While
convolutional blocks effectively capture spatial dependencies, LSTM blocks capture temporal dependencies
inherent in sequential patterns, which are critical in sequential data because prior knowledge influences
future results [21].
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Figure 7: The layer arrangement of the proposed hybrid CNN-LSTM architecture

In the proposed hybrid architecture, the LSTM layers process the spatial features extracted by the
convolutional block, enabling the identification of long-term dependencies and temporal trends. To further
improve the proposed hybrid generalization capabilities, dropout regularization is applied within the LSTM
block. Dropout functions by randomly deactivating a subset of neurons during training, inspiring the
network to learn robust, generalized feature representations rather than memorizing specific training
samples [46]. The proposed hybrid CNN-LSTM architecture leverages the complementary strengths of both
components by explicitly dividing the roles of spatial and temporal feature extraction.

Compared with conventional DNN architectures with FCLs, this hybrid model provides a more effective
and understandable framework for complex pattern extraction. Each block in the architecture has a distinct
and effective purpose: the CNN layers focus on capturing spatial features, the LSTM layers handle temporal
relationships, and the FCLs, along with softmax, execute the final classification based on the integrated
spatial–temporal features. Together, the proposed combined CNN and LSTM results in a powerful DNN
capable of handling complex sequential data.



Comput Model Eng Sci. 2025;145(3) 4261

5 Mathematical Formulation of DNN-Based Channel Estimation
All the considered DNN architectures, CNN-LSTM, CNN-Bi-LSTM, and Deep-CNN, are trained

offline using received OFDM data as the input and the corresponding transmitted data as the output. The
schematic design of an OFDM receiver integrated with DNN-based channel estimation is shown in Fig. 8.
A 2 × 2 MIMO-OFDM system was simulated with a narrowband Rayleigh fading channel model, and
training datasets were generated using randomly placed pilot and data symbols. The received OFDM frame
is processed and used as input to the DNN models. To minimize the error between the predicted output
and the original transmitted data, the DNN architectures are trained using the adaptive moment estimation
(Adam) optimization algorithm. The performance of the proposed DNN-based estimators, which include
LSTM, Bi-LSTM, and CNN, is compared against that of conventional channel estimation methods [2].

Figure 8: Schematic design of an OFDM system with deep neural network architecture-based channel estimation

Adam is widely adopted in DL because of its ability to combine the strengths of both RMSprop and
momentum [42]. This results in faster convergence and reduced training time. Its use of adaptive learning
rates allows for more efficient parameter updates, which is particularly beneficial when training deep neural
network architectures [47]. The update process is expressed as follows:

The moving average for gradients and squared gradients can be defined as follows:

mt = β1mt−1 + (1 − β1)Gt (24)

υt = β2υt−1 + (1 − β2) (G
t)2 (25)

Bias-corrected estimates and then moving averages of bias-corrected m̂t and υ̂t are calculated as follows:

m̂t = mt

1 − β1
t , υ̂t = υt

1 − β2
t (26)
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where Gt represents the gradient at time t, β1 and β2 denote the decay factors, and υt−1 and mt−1 represent
the moving averages from the previous time step.

δa
t+1 = δa

t − ηm̂t
√

υ̂t + ε
(27)

where δa
t represents the weight vector parameters at time t, δa

t+1 is a vector of updated parameters (such as
weights and biases) at the next time t, η denotes the learning rate, and ε is a small constant used to prevent
division by zero.
Dataset Preparation

In this study, the input to the proposed hybrid models is the output signal from the MIMO-OFDM
system. Since this signal undergoes QAM modulation and is transformed using the IFFT operator, the
resulting data are complex-valued. However, as most DL architectures are designed to handle real-valued
inputs, complex numbers are not processed directly in this work. Instead, the complex data are converted
into real-valued form. The transformation of the input data follows this formulation:

[ R(Y)
I(Y) ] = [

R(H) I(H)
I(H) R(H) ] [

R(Z)
I(Z) ] + [

R(W o)
I(W o)

] (28)

where R(.) and I(.) represent the real and imaginary parts, respectively.
Following this transformation, the dimensionality of the data is adjusted accordingly. Specifically, the

received signal Y is represented in R
(2Nr×k), the transmitted signal Z in R

(2Nt×k), the channel matrix H in
R

2(Nr×Nt), and the Gaussian white noise W o in R
(2Nr×k).

This real-valued formation facilitates compatibility with standard DL architectures while preserving the
information contained in the complex domain [35].

6 Simulation Settings and Results
Three robust DL models (CNN-LSTM, CNN-Bi-LSTM, and deep CNN) for channel estimation and

signal detection were investigated by using a two-phase process. In the first phase, offline training elaborated
on the OFDM samples from multiple data streams under varying channel conditions. In the second phase
of the process, the trained model was evaluated to determine whether it is able to predict transmitted
information without the need for an explicit channel estimate. During the training phase, a dataset was
created by sending OFDM frames via a selected wireless channel model. The channel parameters and noise
are impacted by both the original broadcasted symbols and the OFDM signals accepted by the receiver from
the dataset. The trained model was then deployed on the testing dataset to retrieve the signals that were
sent, leveraging its acquired knowledge and inherent ability to extract features. All of the experiments were
simulated in a computer-based environment, and native MATLAB functions were used to implement the
random raw data and channel effects.

6.1 Offline Model Training and Evaluation Metrics
This section presents a performance comparison of the proposed hybrid architectures, including CNN-

LSTM, CNN-Bi-LSTM, and CNN, against statistical channel estimation techniques, including LS and
MMSE [2–4].

In addition, baseline DL models such as LSTM [7] and Bi-LSTM [16,20,21] have been proposed.
The evaluation is based on several metrics: the BER across varying SNRs, training time, and accuracy of
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transmitted bit detection during the training stage. Multiple simulation scenarios were conducted to validate
the effectiveness of the proposed DL architectures in estimating the CSI and recovering transmitted symbols.
To assess performance under realistic conditions, simulations were performed using three different Cp-
lengths (0, 16, and 32) and pilot configuration scenarios (4, 8, and 64). The 3GPP TR 38.901 5G channel
model was adopted because of its ability to realistically simulate wireless propagation environments, which
can degrade channel estimation performance and overall system reliability, as highlighted in [40]. The DL
models were trained offline using datasets generated specifically for this study.

These datasets were subsequently used to estimate the CSI and recover transmitted information in a
2 × 2 MIMO-OFDM wireless communication system. A total of 40,000 OFDM packets were generated for
a 2 × 2 MIMO-OFDM system. Each packet consisted of one pilot symbol and one data symbol per transmit
antenna. The dataset is split into 80% for training (32,000 packets) and 20% for validation (8000 packets).
The dataset was created across different SNR levels to guarantee strong system performance under changing
channel conditions.

While some studies have used SNR levels above 5 dB during training [7,24] and others have restricted
training to 10 dB [35], this paper employs a broader range; specifically, training data were generated using
SNR levels of 10, 15, 20, 25, 30, 35, and 40 dB. This broader range allows the proposed models to learn features
resilient to noise and applicable to real-world wireless environments.

Table 2 summarizes the OFDM system configuration parameters, while Table 3 details the comprehen-
sive parameters used in the proposed DL models. These parameters were selected through an analytical
approach to maximize model performance.

Table 2: Configuration parameters for the studied OFDM system

Parameter Particular
Modulation type 16QAM
Carier frequency 2.6 GHz

Number of Subcarriers 64
DFT/IDFT size 64

Pilot Sequence Length 4, 8, 64
CP-Length 0, 16, 32

Number of Data subcarrier (NDs) 10,000

OFDM Block Structure Two 64-subcarrier blocks: one for pilot symbols and two
for data symbols

Channel model 2 × 2 MIMO with TDL-A power delay profile
Maximum Doppler frequency 10 and 350 Hz

Number of channel paths 24
Noise model AWGN- at a SNR of 10 to 40 dB

Table 3: Comprehensive specifications for the studied DNN models

Parameter Hybrid
CNN-LSTM

Hybrid CNN-
Bi-LSTM

CNN-
Only

Input layer size Sequence Input–[256, 2]
Hidden layer size 32 64 N/A

(Continued)
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Table 3 (continued)

Parameter Hybrid
CNN-LSTM

Hybrid CNN-
Bi-LSTM

CNN-
Only

Total Layers 10 10 14
Dropout-Layer 1 1 N/A
Conv1D Layers 1-(64 filters) 1-(64 filters) 3

Batch Norm. 1 1 3
ReLu Layers 1 1 3

Max Pooling1D 1 1 1
FC-Layer-size 1 1 1
Classification Softmax

Number of labels 16
Mini-batch Size 1000

Number of epochs 100
Optimization algorithm Adam

Loss index Cross-entropy loss

The studied OFDM system transmits 10,000 data subcarriers organized across multiple OFDM symbols,
each consisting of 64 subcarriers. Pilot sequences of length 4, 8, or 64 are inserted to support accurate channel
estimation and reliable data recovery [5,21,35].

The adopted channel model incorporates a TDL-A profile with multipath propagation and Doppler
effects at 10 and 350 Hz, simulating both low- and high-mobility conditions. The AWGN is applied
with an SNR ranging from 10 to 40 dB, including a 5 dB padding margin, to better simulate realistic
channel conditions.

Compared with CNN-LSTM (32), CNN-Bi-LSTM is designed with a larger hidden size (64), potentially
capturing more complex features. The CNN-only model uses more convolutional layers (3 Conv1D layers)
and no recurrent layers, focusing solely on spatial feature extraction with a deeper architecture (14 layers).
All the models use the Adam optimizer and cross-entropy loss for multiclass classification.

6.1.1 Training Evaluation Metrics
In this subsection, the performance of the proposed 2 × 2 MIMO-OFDM channel estimation models

is evaluated during the training phase using two key metrics: cross-entropy loss and recognition accuracy.
All of the studied channel estimation models were implemented on a Lenovo computer platform (Model:
21JNN0CKGR) equipped with a 13th Gen Intel

R©
Core™ i7-13700H CPU processor (20 cores, at.40 GHz),

and 16 GB of RAM and run under the (OS) Windows 11 (64-bit) operating system. To ensure robustness,
the average values of multiple runs were computed for recognition accuracy across five model architectures:
CNN-LSTM, CNN-Bi-LSTM, CNN-only, LSTM-only, and Bi-LSTM-only. The evaluation was conducted
by using varying cyclic prefix lengths of 0, 16, and 32 and pilot configurations of 4, 8, and 64. The training
was performed with a maximum of 100 epochs and a mini-batch size of 1000. The results are illustrated
in Figs. 9 and 10, which illustrate the training model performance, accuracy of detection, and cross-entropy
loss under various CP lengths and pilot configuration scenarios. A comparative analysis of symbol detection
accuracy for the studied DL architectures is shown in Fig. 9: CNN-LSTM, CNN-Bi-LSTM, CNN, LSTM, and
Bi-LSTM. Increasing the pilot size significantly improves the detection accuracy across all CP lengths, and
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all of the architectures achieve near-perfect symbol detection accuracy after quite a few iterations when the
pilot size is set to 64. These findings indicate that a larger number of pilot symbols provides richer training
data, enabling more effective channel estimation and symbol recognition.

Figure 9: Comparison of the accuracy rates for symbol detection between the proposed hybrid architectures and their
existing counterparts for the model trained using the Intel Core 2.4 GHz i7-13700H CPU platform

Figure 10: Loss factor–cross-entropy comparison between the proposed hybrid architectures and existing counterparts
for the model trained using the Intel Core 2.4 GHz i7-13700H CPU platform
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In the case of smaller pilot sizes of 4 and 8 symbols, the differences between the considered architectures
become more obvious. Under these constrained conditions, compared with their standalone counterparts,
both the CNN-LSTM and CNN-Bi-LSTM hybrid architectures demonstrate superior performance. The
hybrid architectures benefit from the combination of spatial feature extraction through CNN layers and
temporal sequence modeling through LSTM layers.

On the other hand, the performance impact of increasing the CP length is visible. With no CP, all of the
models maintain high accuracy, especially when trained with larger pilot sizes. However, as the CP length
increases to 16 and then 32 symbols, a reduction in accuracy is observed. This effect is most pronounced in the
case of a 4-symbol pilot, when the models struggle to maintain high accuracy even after extended training.

The reduced performance with longer CP lengths can be attributed to the increased redundancy in the
signal, which reduces the proportion of useful information. This redundancy makes it more challenging for
the models to learn meaningful patterns. Nevertheless, the CNN-Bi-LSTM model maintains relatively strong
performance, indicating its robustness in terms of handling signal distortions caused by extended CP. In the
model comparison, CNN-Bi-LSTM achieves better accuracy across nearly all of the configurations. These
results indicate the advantage of the bidirectional temporal layer combined with the spatial feature extraction
layer. The performance of the CNN-LSTM model is similar, as it also benefits from the hybrid design.
Furthermore, the CNN models generally perform better than both the LSTM and Bi-LSTM configurations
do, particularly in scenarios with a long CP length and small pilot sizes, indicating that temporal layers alone
are insufficient under challenging conditions.

Moreover, in the offline training phase, a comparison of the cross-entropy loss across different DL
configurations is shown in Fig. 10. The models were trained using various pilot sizes and CP lengths. As the
number of pilot symbols increases, all the models converge faster and achieve lower final loss values when
the effect of changing the pilot size is analyzed.

When the pilot size is set to 64 symbols, most models stabilize with minimal loss after a few thousand
iterations. These results confirm that larger pilot sizes provide more reliable training signals, enabling efficient
learning and reducing uncertainty in symbol recognition. With a lower pilot size, especially for four symbols,
the loss remains higher, and convergence slows.

Under these conditions, the performance differences among architectures become more visible. CNN-
Bi-LSTM consistently converges to the lowest loss values, while CNN-LSTM also demonstrates superior
learning capabilities even with limited pilot information. An increase in CP length leads to a general increase
in loss values across all architectures. This effect is most noticeable in the case of 4-symbol pilots, where longer
CPs result in higher and more persistent loss levels. The added redundancy from longer CPs decreases the
effective data-to-noise ratio, making the learning task more difficult. Although the Cp-length affects some
models, CNN-Bi-LSTM shows strong resilience, maintaining the lowest loss trajectory in nearly all the cases.

In contrast, the LSTM and Bi-LSTM architectures suffer from higher loss values, particularly when the
CP is extended to 32 symbols. These results suggest that these architectures are less effective at handling
temporal distortions without the support of spatial feature extraction. Among the architectures studied,
CNN-Bi-LSTM achieves the best performance, with the lowest loss across almost all the configurations.
CNN-LSTM closely follows, showing that combining a CNN with unidirectional LSTM is still effective. In
contrast, the CNN architecture outperforms LSTM, especially in early iterations, because of its ability to
capture spatial patterns effectively.

In the same context, the LSTM and Bi-LSTM architectures show slower convergence and higher final
loss, particularly under low pilot size and high CP-length package settings, demonstrating their limited
effectiveness in channel estimation and OFDM symbol detection tasks.
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6.1.2 Comparative Analysis of Hardware Requirements for Proposed Architectures
This subsection discusses the computation time required to train interesting DL configurations using a

simulation computer executor. The simulation computer executor contains a CPU at 2.40 GHz and 16 GB of
RAM and runs under OS Windows 11 (64-bit). To ensure robustness, the reported training time reflects the
average duration needed to process a single batch of data segments under varying CP lengths and pilot sizes.
These results are shown in Fig. 11, highlighting the performance variations across different CP-lengths and
pilot size scenarios. The time required for training various DL architectures under different pilot sizes (4, 8,
and 64 symbols) and CP lengths (0, 16, and 32 symbols).

Figure 11: Training time comparison between the proposed hybrid architectures and existing counterparts for the
model trained using the Intel Core 2.4 GHz i7-13700H CPU platform. The recorded training time corresponds to the
duration required to process one batch of data segments

The CNN-Bi-LSTM model consistently requires the longest training time in nearly all the scenarios,
reflecting the computational overhead introduced by bidirectional recurrence combined with convolutional
layers. For instance, in the case of 4 pilot symbols and no CP, it reaches a peak time of 374 s per batch.
Compared with the single-stream models, CNN-LSTM also has longer training durations, although the
training duration is still significantly shorter than that of CNN-Bi-LSTM.

In contrast, the LSTM-only and CNN-only models are generally more efficient. Among them, CNN-
only is particularly efficient and benefits from parallelizable convolution operations. The Bi-LSTM-only
model has moderately higher time requirements because of its bidirectional structure, but it is still faster than
the hybrid CNN-Bi-LSTM. Increasing the pilot size generally leads to increased training time for the hybrid
models. This trend is particularly noticeable for CNN-LSTM and CNN-Bi-LSTM, which process more data
through both convolutional and recurrent layers. For example, when CP = 0, increasing the pilot size from
4 to 8 significantly increases the training time for CNN-Bi-LSTM from 374 to 189 s. However, for simpler
models such as the CNN and LSTM, the increase in training time with more pilot data is less dramatic.
Furthermore, when the CP length increases, the training time tends to decrease slightly or remain stable.
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This reduction can be attributed to increased redundancy in the input data introduced by the CP, which
might reduce the effective complexity of the learning task per iteration. However, this trend is not uniform
and varies across architectures and pilot sizes. For example, when there are 64 pilot symbols and the CP is
increased from 0 to 32, the training time of the CNN-Bi-LSTM decreases from 168 to 87 s.

In terms of computer training time, the proposed models exhibit varying levels of computational
demand. Among the proposed models, CNN-only is the most computationally efficient, as it avoids the
sequential dependencies of LSTM layers and relies solely on convolutional operations, which are highly
parallelizable. While CNN-Bi-LSTM offers the highest accuracy and robustness, it comes at the cost of
significantly increased training time.

Therefore, for time-constrained or resource-limited environments, CNNs provide a practical trade-off
between performance and computational efficiency. In practical scenarios, the channel estimation accuracy
and training speed of DNN models are critical, as they reflect the algorithm’s computational complexity and
efficiency. For real-time deployment, it is feasible to utilize digital signal processing (DSP) platform hardware
with similar computational capabilities, as shown in Table 4.

Table 4: Comparative analysis of embedded platforms

Feature Intel Arria 10
SoC Dev [48]

TI
TDA4VM [49]

Xilinx
ZCU104 [50]

NVIDIA Jetson
Orin Nano [51]

Simulation
Computer
(Platform)

MC PU 2 × A9 + FPGA 4 × A72 4 × A53 +
2 × R5 6 × A78AE

Intel Core
i7-13700H (20

cores, ~2.4 GHz)
RAM DDR3: 4GB DDR4: 8GB DDR4: 4GB DDR5: 16 GB DDR4: 16 GB

fC l ock

-A9: ~1.5 GHz
-FPGA:

user-defined
A72~2 GHz

A53: ~1.3
GHz

FPGA ~533
MHz

CPU ~2 GHz
GPU ~ 1.2 GHz CPU: ~2.40 GHz

RT Linux
RT/Bare-metal

Linux-RT/TI-
RTOS

Peta
Linux/Free-
RTOS/Bare-

metal

Ubuntu 20.04 with
Jetpack SDK

Windows 11
(64-bit)

GPU/ACC FPGA
(OpenCL/HDL) Vision Accel. FPGA fabric Ampere GPU:

(1024 cores)

Integrated GPU
(DirectX 12, model

dependent)
Pc 20~25 W ~5–15 W ~10–15 W ~15–25 W ~65–85 W

ACost ≥1200$ 600~800$ 1000$ 499$ ~800–1000$

Note: Real Time (RT), field-programmable gate array (FPGA), Axx = ARM Cortex-Axx, Rxx = ARM Cortex-Rxx;
MCPU =main processor, fC l ock = clock frequency, Pc = power consumption, ACost = approximate cost in ($), ACC =
accelerator CPU.

As listed in Table 4, the comparative analysis emphasizes the focus among various machine learning
(ML)-capable real-time platforms. Xilinx ZCU104 provides FPGA flexibility for custom parallel processing
but has modest CPU and RAM requirements. NVIDIA Jetson Orin Nano delivers powerful GPU-accelerated
ML inference with excellent power efficiency.
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Xilinx ZCU104 is the best choice for faster channel estimation and symbol detection, especially in
real-time DL-2 × 2 MIMO-OFDM systems, because it combines excellent ML processing, flexible signal
processing, and the hardware support needed for wireless communication.

The Jetson Orin Nano is a great option for ML tasks such as CNN-LSTM architectures, especially when
working with large datasets for 2× 2 MIMO-OFDM systems. However, for real-time signal processing where
fast response is needed, using Jetson Orin Nano together with an FPGA platform works better. The Jetson
handles complex computations, while the FPGA manages fast, low-latency tasks. However, this setup can be
pricier, use more power, and require additional design complexity, which must be carefully considered on
the basis of the processing demands.

6.2 Performance Evaluation under Static and Dynamic Channel Conditions
This subsection presents the simulation-based online evaluation of the proposed DL models. Most of the

literature focuses on the static channel response, and few studies have discussed dynamic values during the
testing phase. In our work, the performance assessment is conducted under two distinct testing scenarios. In
the first scenario, static channel response conditions, the trained DL models are tested using the same channel
responses as those used during training. The second scenario involves dynamic channel conditions, which
use new channel response values that were unseen during the training process of the DL models. In these
scenarios, both training and testing were intentionally conducted under controlled yet diverse simulated
conditions to ensure a fair and consistent comparison between the DL-based and conventional methods
(LS and MMSE). In the training phase, the OFDM packet configuration described in Table 1 was utilized.
During testing, variations in CP lengths and pilot subcarrier configurations, along with the models, were
evaluated across SNR values ranging from −10 to 20 dB in increments of 2 dB, for a total of 16 SNR points.
Each configuration underwent evaluation across 10 Monte Carlo iterations, with each iteration processing
10,000 OFDM packets to ensure statistical reliability and minimize the likelihood of overfitting to a specific
channel realization.

All of the simulations were performed by using a standard computing platform, and the BER was
calculated to demonstrate the accuracy of the transmitted bit detection. The performance results, summa-
rized in Figs. 12 and 13, emphasize the generalizability and dependability of each trained DL model under
both static and dynamic channel conditions across varying CP lengths and pilot sizes. The BER comparison
under static channel matrix conditions is shown in Fig. 12. The results show that all of the considered CNN-
based architectures significantly outperform conventional estimation methods such as LS and the MMSE,
especially in low-to-mid SNR regimes, which emphasizes the strong learning capabilities of the proposed
hybrid architectures.

Overall, the CNN-Bi-LSTM architecture achieves the best overall performance, mainly at low SNRs and
with small pilot symbols of 4 and 8. It maintains a lower BER across CP values, showing strong resilience
under static channels, which is ideal for 5G and 6G use cases such as vehicle and mobile scenarios. Similarly,
CNN-only performs exceptionally well with a large pilot size of 64 and no CP, achieving a BER close to that
of CNN-Bi-LSTM but with lower complexity, which makes it suitable for low-power 6G edge devices and
IoT applications for which real-time processing is critical. In contrast, the LSTM-only and bi-LSTM-only
architectures achieve moderate BER performance, benefiting from the temporal learning capabilities of the
recurrent layers; however, they still lag behind the CNN-based models in terms of accuracy and robustness.
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Figure 12: BER comparison of the proposed hybrid architectures and existing models trained on an Intel i7-13700H
(2.4 GHz) CPU under a static channel matrix

Figure 13: BER comparison of the proposed hybrid architectures and existing models trained on an Intel i7-13700H
(2.4 GHz) CPU under a dynamic channel matrix

A BER comparison when different values of the channel matrix are used is shown in Fig. 13. It is
obvious that under more challenging channel conditions, the proposed hybrid CNN-LSTM and CNN-Bi-
LSTM architectures achieve an advantage in maintaining performance, consistently yielding the lowest BER
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compared with all the other MIMO-OFDM signal detection methods. While the overall BER is higher for all
the models because of the time-varying nature of the channel, the proposed hybrid architectures demonstrate
superior robustness and adaptability in tracking these changes, proving more effective for realistic wireless
communication scenarios where channels fluctuate over time. On the other hand, the LSTM and Bi-LSTM
architectures show a similar trend as in the static scenario does. Under more realistic channel conditions,
the BER values are generally greater for a given SNR than for a static channel matrix.

The LSTM and Bi-LSTM models achieve performances that surpass those of LS and, occasionally, the
MMSE, but they consistently lag behind the proposed design of CNN-only and, especially, the hybrid CNN-
LSTM and CNN-bi-LSTM. The performance of both the LSTM and Bi-LSTM models is less effective in the
more challenging dynamic channel matrix than in the hybrid DL models, indicating that whereas the LSTM
models are designed for sequential data and can track some time variations, they struggle to capture the full
complexity of dynamic channels without the combined spatial feature learning of CNNs. Bi-LSTMs offer a
marginal improvement by processing sequences in both directions, but CNN integration is more critical for
robust performance.

Tables 5 and 6 display the optimal CP lengths and pilot formats for MIMO-OFDM signal detection
when using DL-trained models under static and dynamic channel matrix conditions, respectively. The
optimization is based on identifying the CP lengths and pilot sizes that yielded the lowest BER across all
evaluated SNR levels.

Table 5: Optimal CP lengths and pilot sizes for MIMO-OFDM signal detection with the trained models under a static
channel matrix

Trained model SNR (dB) CPOptimal PilotOptimal

CNN-LSTM −10 ≥ SNR < −8 32 4
SNR ≥ −8 0 64

CNN-Bi-LSTM −10 ≥ SNR < 4 32 4
SNR ≥ 4 0 64

CNN-Only −10 ≥ SNR < 0 32 4
SNR ≥ 0 0 64

LSTM-only
−10 ≥ SNR ≤ −8 32 64
−8 ≥ SNR ≤ 6 32 4

SNR > 6 0 64

Bi-LSTM-only

−10 ≥ SNR < −6 32 4
−6 ≥ SNR < −4 32 8

−4 32 64
SNR > −4 0 64

Note: CPOptimal denotes the optimal cyclic prefix length, and PilotOptimal is the optimal pilot
subcarrier format. The optimal values of CP length and pilot subcarrier configurations were
determined based on the minimum BER observed across different SNR regimes for each
trained model.
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Table 6: Optimal CP lengths and pilot sizes for MIMO-OFDM signal detection with the trained models under a
dynamic channel matrix

Trained model SNR (dB) CPOptimal PilotOptimal

CNN-LSTM −10 ≥ SNR < −6 32 4
SNR ≥ −6 0 64

CNN-Bi-LSTM −10 ≥ SNR < 4 32 4
SNR ≥ 4 0 64

CNN-Only
−10 ≥ SNR < −8 32 8
−8 ≥ SNR < 0 32 4

SNR ≥ 0 0 64

LSTM-only −10 ≥ SNR ≤ 4 32 64
SNR > 4 0 64

Bi-LSTM-only

−10 ≥ SNR < −8 32 64
−8 ≥ SNR < −6 32 4
−6 ≥ SNR < −4 32 64

SNR > −2 0 64

In Table 5, under static channel matrix conditions, CNN-LSTM indicates a distinct switching behavior
at SNR = −8 dB. For SNRs below −8 dB, a CP length of 32 and a minimal pilot format of 4 are optimal,
indicating the need for temporal redundancy and minimal reference symbols in low SNR ranges. At SNRs
≥ −8 dB, the CNN-LSTM shifts to a CP-free setting with a larger pilot size of 64, reflecting confidence in
the detection effectiveness once the noise level becomes manageable. Likewise, the CNN-Bi-LSTM model
adopts the same split but with a more extended SNR threshold up to 4 dB, indicating improved tolerance to
noise due to the bidirectional processing of temporal features. While the CNN-only, slightly less flexible, still
adapts effectively, switching to CP-free operation at SNRs ≥ 0 dB.

This observation indicates that convolutional features alone can yield reliable signal detection per-
formance once the channel conditions are favorable. On the other hand, the conventional single models
(LSTM-only, Bi-LSTM-only) demonstrate more frequent shifts in configuration over narrower SNR bands.
For instance, Bi-LSTM-only exhibits four different configuration regimes, indicating heightened suscepti-
bility to SNR fluctuations and a less stable operational profile. These results emphasize the ability of the
proposed CNN-based hybrid models to achieve consistent performance with simple adaptive control.

As shown in Table 6, all of the models exhibit some degree of configuration adaptation to the optimal
CP lengths and pilot sizes in MIMO-OFDM signal detection under dynamic channel matrix conditions,
which better represent real-world scenarios with time-varying fading. The CNN-LSTM model maintains
its dual-regime structure with a threshold at −6 dB, similar in pattern to the static case but adjusted to
account for additional channel variability. CNN-Bi-LSTM demonstrates the highest adaptability, orienting
an intermediate pilot configuration (CP= 32, Pilot= 8) for SNRs between−10 and−8 dB before reverting to its
typical minimum-pilot and CP-free regime for higher SNRs. This configuration indicates superior handling
of abrupt channel dynamics through enhanced temporal modeling in both directions.

The architecture that uses only the CNN produces a distinct separation at 0 dB, where it maintains
low CP and pilot overhead under low-SNR conditions and shifts to CP-free operation when the conditions
improve. This stable two-regime strategy is indicative of the robustness and generalizability of the CNN
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architecture, even without temporal recurrence. Both LSTM and Bi-LSTM continue to indicate more
granular configuration shifts. For example, the Bi-LSTM-only model operates under four distinct SNR bands,
which complicates real-time adaptation and indicates weaker generalization under dynamic fading.

6.3 Channel Matrix Uncertainty Impact
In practical MIMO-OFDM systems, channel uncertainty significantly impacts signal detection accu-

racy. The complex-valued channel matrix (H ∈ 2 × 2) characterizes the coupling between the transmit and
receive antennas. When the actual channel deviates from the model assumed during training, this mismatch
leads to interstream interference and degraded receiver performance for accurate signal detection [52]. The
proposed DL models were trained using randomly selected TDL channel profiles to evaluate robustness
under dynamic channel conditions. The other specifications of the considered channel model are summa-
rized in Table 2. During training, the TDL channel profile was randomly chosen according to the following
expression.

[TDLIndex] ∼ Ud{TDL − A, TDL − B, TDL − C}(Ng x N p f ) (29)

where Ud{.} represents a discrete uniform random variable and (Ng xNp f ) indicates that the selection
is performed across all combinations of cyclic prefix and pilot subcarrier formats. This randomization
procedure ensures that each training data sample is generated under a distinct multipath condition drawn
uniformly from the available channel models. During testing, an unknown channel realization was generated
using an independently selected TDL index, which introduces a conscious mismatch between training
and testing environments. This setup emulates realistic wireless conditions where the receiver operates
under untrained channel responses caused by user mobility or environmental variations. During testing, an
unknown channel realization was generated using independently selected TDL indices, which introduces
a conscious mismatch between training and testing environments. This design emulates realistic wireless
conditions in which the receiver operates under previously untrained channel responses caused by user
mobility or environmental dynamics.

To further evaluate model robustness, the SNR was varied from −10 to 20 dB in 2 dB increments. This
range encompasses both severely degraded and high-quality signal conditions, enabling a comprehensive
evaluation of model adaptability to varying noise levels. The difference in the channel matrix changes
its eigenstructure and spatial correlation, which makes it more difficult to separate data streams using
conventional LS and MMSE estimators.

In contrast, DL-based models learn a nonlinear mapping between received and transmitted symbols,
enabling them to partially compensate for such distortions. The proposed hybrid CNN-LSTM and CNN-
bi-LSTM architectures, in particular, demonstrate higher resilience to channel variations because of their
combined spatial–temporal feature extraction capability. The BER performance of the proposed and bench-
mark models under TDL channel matrix uncertainty, where the channel coefficients vary according to
randomly selected TDL profiles, is shown in Fig. 14.

To ensure robust model performance at the minimum BER, the optimal CP lengths and pilot subcarrier
configurations are evaluated with respect to varying SNR levels. Table 7 shows the SNR-dependent selection
of CP lengths and pilot subcarrier formats for each trained model under TDL channel matrix uncertainty.
It appears that at low SNRs (−10 dB to less than 6 dB), longer CPs (32) and moderate pilot sizes (4–8)
are required to mitigate multipath effects, whereas at higher SNRs, shorter CPs (16) combined with larger
pilot sets (64) achieve improved BER performance. The results indicate that hybrid DL architectures (CNN-
LSTM and CNN-Bi-LSTM) effectively adapt to channel matrix uncertainty, achieving robust detection over
various SNR and TDL channel conditions, including multipath fading and delay spreads. Conventional single
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architectures (CNN-only, LSTM-only, and Bi-LSTM-only) follow similar directions but may demand greater
pilot overhead to maintain performance at low SNRs.

Figure 14: BER performance of the MIMO-OFDM system using the proposed hybrid DLarchitectures and benchmark
models trained on an Intel Core i7-13700H (2.4 GHz) CPU under TDL channel matrix uncertainty

Table 7: Optimal CP lengths and pilot subcarrier sizes for MIMO-OFDM signal detection using the trained models
under TDL channel matrix uncertainty

Trained model SNR (dB) CPOptimal PilotOptimal

CNN-LSTM −10 ≥ SNR < 6 32 8
SNR ≥ 6 16 64

CNN-Bi-LSTM −10 ≥ SNR < 6 32 4
SNR ≥ 6 16 64

CNN-Only −10 ≥ SNR < 6 32 8
SNR ≥ 6 16 64

LSTM-only −10 ≥ SNR ≤ 18 32 64
SNR > 18 16 64

Bi-LSTM-only −10 ≥ SNR ≤ 18 32 64
SNR > 18 16 64

These results confirm that the proposed hybrid architectures effectively mitigate the performance
degradation induced by channel matrix uncertainty and SNR mismatches. The results also indicated that the
proposed hybrid CNN-LSTM and CNN-Bi-LSTM architectures show adequate resilience to both channel
matrix uncertainty and SNR mismatches.
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These models effectively capture spatial and temporal dependency patterns, enabling more robust
signal detection under various noise conditions. However, standalone models like CNN, LSTM, and Bi-
LSTM exhibit lower performance, highlighting the significance of architectural diversity in generalizing to
unfamiliar environments.

7 Conclusion
In this paper, we propose a new framework, a CNN-based hybrid RNN, for detecting signals in a 5G

OFDM system. The CNN network was combined with RNNs and was trained offline using simulation data
from a 2 × 2 MIMO-OFDM system. Two architectures, RNN, LSTM and Bi-LSTM, are designed to better
handle sequential signals for the MIMO-OFDM system. Our results strongly supported the core hypothesis
that compared with conventional analytical methods, DL could provide more adaptive and efficient solutions.
The most striking result reveals that the proposed hybrid DL architectures CNN-Bi-LSTM and LSTM-
CNN significantly reduce the overhead required for CP symbols and pilot configuration symbols without
influencing performance, especially at low SNRs. Among the architectures studied, CNN-Bi-LSTM achieved
superior performance, while the CNN provides a lightweight and efficient alternative with a minimum
required number of pilot symbols and CP symbols. The LSTM-trained model, which uses a pilot symbol
size of 64, is dependent on extensive reference symbols to compensate for weak spatial–temporal feature
extraction, even for almost all the SNR values. The Bi-LSTM fluctuates across four different settings under
dynamic channels, which complicates deployment in real-time systems.

The utilization of randomly generated simulated symbols and a 2 × 2 MIMO-OFDM setup provides
a controlled environment for evaluating the performance of the DL architecture for MIMO-OFDM signal
detection but may not fully represent the variability of real-world wireless channels. Notably, the reported
BER values correspond to the uncoded outputs of the CNN-LSTM and CNN-Bi-LSTM models. In practical
implementations of 2 × 2 MIMO-OFDM systems, standard error-correction schemes, such as low-density
parity-check (LDPC) codes or Turbo codes, are typically employed and are expected to improve the effective
BER substantially.

This improvement addresses a major limitation observed in the simple LSTM and simple Bi-LSTM
networks, which demonstrated a strong dependency on extensive pilot symbols to achieve comparable
performance. This fluctuation and reliance on dense reference symbols complicate their deployment in
dynamic, real-time systems, reinforcing the robustness and efficiency of our CNN-based approaches. From
a broader perspective, these findings suggest a paradigm shift away from traditional analytical techniques
toward more data-driven, intelligent signal processing.

The adaptability and superior performance of our hybrid models, particularly at low SNR levels, make
them highly promising for implementation in demanding environments where channel conditions are less
predictable. Future work will include more rigorous analyses and extensive experiments to validate our
results further. The focus should be on optimizing current architectures for real-time implementation and
examining their performance within a complete end-to-end simulation system. Additionally, it is important
to develop more lightweight CNN-based models specifically designed for detecting signals in massive
MIMO-OFDM configurations (e.g., 4× 4 and 8× 8) to evaluate scalability and performance in more complex
5G-like environments. In the future, testing the practical applicability of the proposed architectures with
different channel distributions, realistic 5G propagation scenarios, and different modulation formats will
be important.
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