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Abstract

As wireless communications become increasingly synonymous with everyday life, the demand for 
higher data rates, reliability, and efficiency continues to grow. This is further accelerated by the rapid 
rise in the Internet of Things (IoT) and industrial automation. However, traditional algorithm-based 
signal processing is limited due to algorithm complexity and the limited ability to adapt to, and 
cope with, increasingly adverse and congested channel conditions, which reduce the effectiveness 
of traditional digital signal processing techniques in real-world environments. To address these 
challenges, approaches using Deep Learning (DL) have rapidly gained attention as a promising 
alternative to traditional DSP techniques. DL techniques excel in adaptability and have been shown to 
outperform traditional approaches in various RF environments. In this survey, we examine and analyze 
the various stages that comprise popular wireless transmission techniques, specifically Orthogonal 
Frequency Division Multiplexing (OFDM), which forms the foundation for numerous technologies, 
including Wi-Fi, 4G LTE, 5G, and DVB. We review recent research activities to implement the various 
stages of the OFDM receiver chain using DL methods, including synchronization, Cyclic Prefix (CP) 
removal, Fast Fourier Transform (FFT), channel estimation and equalization, demodulation, and 
decoding. We also review approaches that focus on a holistic view that aims to utilize a unified DL 
approach for the entire signal processing chain. For each stage, we review existing Deep Learning-
based methods and provide insights into how they aim to meet or exceed the performance of traditional 
approaches. This survey seeks to provide a comprehensive overview of the current development of 
deep learning-based OFDM systems, highlighting the potential benefits and challenges that remain in 
fully replacing conventional signal processing methods with modern deep learning approaches.

Keywords: deep learning; RF signal processing; OFDM; wireless communication; AI air interface

1. Introduction
1.1. Motivation and Context

Wireless communications play a fundamental role in modern society, enabling connectivity that
shapes how we live, work, and interact. From mobile broadband and Internet of Things (IoT) networks
to critical applications such as autonomous systems and remote healthcare, wireless technologies
continue to evolve to support increasingly demanding use cases. As these systems become more com-
plex and the demand for higher data rates, lower latency, and increased reliability grows, traditional
signal-processing techniques face numerous challenges in meeting these stringent requirements.

Among the various wireless communication techniques, Orthogonal Frequency Division Mul-
tiplexing (OFDM) has emerged as a cornerstone modulation scheme, forming the foundation for
numerous standards including Wi-Fi (IEEE 802.11), 4G LTE, 5G New Radio (NR), and Digital Video
Broadcasting (DVB). It is also used for wired communications, in technologies such as Powerline
Communications, Cable Modems (DOCSIS), and DSL. OFDM’s ability to combat frequency-selective
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fading and inter-symbol interference through the use of multiple orthogonal subcarriers has made
it particularly attractive for high-data-rate applications. However, the effectiveness of OFDM-based
systems relies heavily on the accurate execution of multiple sequential signal processing stages, each
presenting unique challenges in real-world deployment scenarios.

1.2. Limitations of Traditional OFDM Signal Processing

Wireless channels are inherently unpredictable due to multipath fading, Doppler shifts, co-channel
interference, and hardware impairments such as in-phase/quadrature (I/Q) imbalance and carrier
frequency offset (CFO). Traditional OFDM receivers employ a cascade of specialized algorithms to
address these challenges. Techniques such as synchronization [1], Cyclic Prefix (CP) removal [2],
Fast Fourier Transform (FFT) [3], channel estimation and equalization [4], demodulation [5], and
decoding [6] have been developed and refined over decades to enable reliable communication.

While these conventional methods have enabled significant performance improvements, they
face several fundamental limitations. First, traditional algorithms are typically designed based on
idealized channel models and often fail to generalize to diverse real-world scenarios. Second, many
conventional techniques require accurate channel state information (CSI) and precise synchronization,
which becomes increasingly difficult to achieve in highly dynamic environments or at extremely
high frequencies such as millimeter-wave (mmWave) bands. Third, the computational complexity
of optimal algorithms can be prohibitive, leading to suboptimal approximations that sacrifice per-
formance for the sake of implementation feasibility. Fourth, these algorithms are generally fixed
once deployed and cannot adapt to evolving channel conditions or new interference patterns without
manual reconfiguration or firmware updates.

1.3. Deep Learning as a Paradigm Shift

In recent years, Deep Learning (DL) has emerged as a transformative approach for wireless com-
munication system design, offering a data-driven alternative to conventional model-based methods.
DL techniques excel at learning complex, nonlinear mappings directly from data without requiring
explicit mathematical models of the underlying physical phenomena. By leveraging large training
datasets and powerful neural network architectures, DL approaches have demonstrated the potential
to replace individual signal-processing blocks as well as entire end-to-end receiver designs that jointly
optimize multiple stages.

The advantages of DL-based approaches for OFDM systems are manifold. These data-driven
methods can learn directly from received signals, automatically discovering optimal processing
strategies that may not be apparent through analytical derivation. Neural networks can adapt to
changing channel conditions through online learning or transfer learning, potentially improving
robustness in non-stationary environments. Furthermore, once trained, neural networks can offer
reduced computational complexity during inference compared to iterative conventional algorithms,
making them attractive for resource-constrained devices. The ability of DL models to jointly optimize
across multiple traditionally separate processing stages also opens the possibility of discovering novel
processing strategies that outperform conventional pipelined approaches.

As a result of these compelling advantages, deep learning has attracted significant research
attention as a means to overcome the limitations of traditional OFDM receivers, with applications
spanning from individual component replacement to complete end-to-end system redesign.

1.4. Survey Scope and Contributions

While several recent surveys have examined aspects of deep learning for wireless communi-
cations [7–9], most focus primarily on specific areas, such as channel estimation, or examine DL
techniques in isolation without a comprehensive performance analysis across the entire OFDM receiver
chain. This survey distinguishes itself through the following key contributions:
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• Comprehensive Stage-by-Stage Analysis: We provide an in-depth examination of DL appli-
cations at each stage of the OFDM receiver processing chain, from synchronization through
decoding, offering a complete picture of how DL can transform each component.

• Performance-Focused Methodology: Using a PRISMA-based systematic literature review, we
identified 339 relevant papers published between 2019 and 2025, and selected the 16 highest-
performing methods based on rigorous performance metrics including Bit Error Rate (BER) [10],
Block Error Rate (BLER) [11], Symbol Error Rate (SER) [12], Mean Squared Error (MSE) [13], and
Normalized Mean Squared Error (NMSE) [14] to reflect the current state-of-the-art. Additionally,
we provide a brief overview of 27 other related studies.

• End-to-End Integration Analysis: Beyond individual stages, we analyze holistic end-to-end
receiver designs and discuss the trade-offs between modular stage-wise DL enhancement versus
unified end-to-end optimization.

• Critical Assessment and Future Directions: We provide a critical analysis of research distribution
across stages, identify significant gaps in the literature, and discuss open challenges and promising
directions for future research.

Each performance metric assessed in this survey evaluates the robustness and efficiency of DL-
based systems across varying Signal-to-Noise Ratio (SNR) conditions [15], enabling fair comparison
with traditional baseline methods.

1.5. Paper Organization

The remainder of this paper is structured as follows. Section 2 provides essential background
on OFDM principles and traditional digital signal processing approaches for each receiver stage.
Section 3 details our systematic survey methodology based on the PRISMA framework. Section 4
presents a comprehensive examination of deep learning techniques applied to each stage of the
OFDM receiver chain, as well as end-to-end receiver architectures, including additional relevant
works not included in the quantitative evaluation. Section 5 provides a critical analysis of research
trends, performance comparisons, open challenges, and future research directions. Finally, Section 6
presents our conclusions and discusses the transformative role deep learning is playing in wireless
communications.

2. OFDM Fundamentals and Traditional DSP Approaches
OFDM divides high-rate data streams into multiple parallel lower-rate subcarriers that remain

orthogonal despite spectral overlap, achieving high spectral efficiency. The transmitter encodes,
modulates (BPSK, QPSK, QAM), applies IFFT, and prepends a cyclic prefix (CP) to mitigate inter-
symbol interference. The receiver reverses these operations through a sequential DSP pipeline. This
section reviews the prevalent DSP algorithms at each receiver stage, their performance limitations, and
the opportunities for deep learning to address these challenges.

2.1. Traditional Receiver Pipeline and DSP Algorithms

Synchronization: Conventional methods include autocorrelation exploiting the CP structure [1],
cross-correlation with preambles, and maximum likelihood (ML) estimation for carrier frequency
offset (CFO) and symbol timing. Challenge: These algorithms struggle with low SNR, high Doppler,
and hardware impairments (I/Q imbalance), often requiring multiple iterations and exhibiting high
sensitivity to channel conditions. DL opportunity: Neural networks can jointly estimate timing, CFO,
and hardware impairments from raw signals without explicit channel models.

Cyclic Prefix Removal: Standard DSP simply discards the guard interval based on synchronized
timing [2]. Challenge: Any synchronization error propagates as ISI/ICI; CP overhead (typically 20-25%)
reduces spectral efficiency. DL opportunity: Learned receivers can potentially operate without CP,
directly handling ISI through temporal pattern recognition.
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Fast Fourier Transform: The FFT is mathematically optimal and highly optimized [3]. Challenge:
Timing errors degrade orthogonality; FFT itself offers limited opportunities for DL improvement as it
performs a deterministic transformation. DL opportunity: Minimal, since conventional FFT remains
superior.

Channel Estimation: Pilot-based methods (LS, MMSE [4]) estimate channel coefficients at known
subcarrier locations, then interpolate. Least Squares (LS) is a simple but noise-sensitive approach;
MMSE is optimal under Gaussian assumptions, but it requires channel statistics and matrix inversions.
Challenge: High pilot overhead (10-30% in massive MIMO), poor performance with sparse/time-
varying channels, and model mismatch in non-Gaussian interference. DL opportunity: Networks can
learn channel correlations across time/frequency/space, reducing pilot requirements and improving
NMSE by 3-10 dB in challenging scenarios.

Equalization: Zero-forcing (ZF) and MMSE equalizers invert estimated channel responses per
subcarrier. ZF amplifies noise in deep fades; MMSE requires knowledge of noise variance. Challenge:
Residual estimation errors propagate; linear equalizers fail with nonlinear distortions. DL opportunity:
Learned equalizers can handle nonlinear impairments and jointly optimize with channel estimation.

Demodulation: Hard/soft-decision demapping compares constellation points to reference alpha-
bets [5], assuming accurate equalization and Gaussian noise. Challenge: Performance degrades with
residual channel errors and non-Gaussian interference. DL opportunity: Networks can learn optimal
decision boundaries directly from impaired signals.

Decoding: Iterative algorithms (belief propagation for LDPC, BCJR for Turbo codes [6]) achieve
near-capacity performance but with high complexity. Challenge: Fixed iterations, no adaptation to error
patterns, computational cost. DL opportunity: Learned decoders can exploit structured error patterns
and reduce iterations while maintaining BER performance.

2.2. Key Challenges Driving Deep Learning Adoption

The fundamental limitations of this conventional pipeline create opportunities for deep learning:
(1) Model mismatch—algorithms assume idealized channels that poorly represent real environments;
(2) Complexity-performance trade-offs—optimal algorithms (e.g., ML detection, MMSE estimation)
are often computationally prohibitive; (3) Independent optimization—stages are optimized separately,
missing joint optimization gains; (4) Fixed processing—algorithms cannot adapt to new impairments
without redesign; and (5) High overhead—pilots and CP consume 30-50% of resources. Deep learning
addresses these challenges through data-driven learning, adaptability, and the potential for joint
optimization across the entire receiver chain.

3. Systematic Review Methodology
This systematic literature review was conducted following the PRISMA 2020 (Preferred Reporting

Items for Systematic Reviews and Meta-Analyses) guidelines [16] to ensure transparency, reproducibil-
ity, and comprehensive coverage of deep learning applications in OFDM receiver signal processing.
The review process comprised four distinct phases: identification, screening, eligibility assessment,
and inclusion.

3.1. Eligibility Criteria

Studies were considered eligible for inclusion if they met the following criteria: (1) published
in peer-reviewed journals or conference proceedings between January 2019 and November 2025; (2)
proposed, implemented, or evaluated deep learning methods for at least one stage of OFDM receiver
processing (synchronization, CP removal, FFT, channel estimation, equalization, demodulation, de-
coding) or end-to-end receiver architectures; (3) reported quantitative performance metrics (e.g. BER,
BLER, SER, MSE, NMSE, or accuracy) enabling comparison with baseline methods; (4) written in
English; and (5) provided sufficient methodological detail for reproducibility assessment. Studies
were excluded if they focused solely on transmitter-side processing, non-OFDM modulation schemes,
theoretical analysis without experimental validation, or lacked performance evaluation.
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3.2. Information Sources and Search Strategy

A comprehensive literature search was executed across five major academic databases on Decem-
ber 1, 2025: IEEE Xplore Digital Library, SpringerLink, ScienceDirect (Elsevier), MDPI Digital Library,
and Google Scholar. The search strategy employed Boolean combinations of controlled vocabulary
and free-text terms organized into three concept groups: (1) Deep learning architectures: “deep learning”
OR “neural network” OR “CNN” OR “RNN” OR “LSTM” OR “transformer” OR “autoencoder”; (2)
OFDM systems: “OFDM” OR “orthogonal frequency division multiplexing” OR “multicarrier”; and (3)
Receiver functions: “synchronization” OR “channel estimation” OR “equalization” OR “demodulation”
OR “decoding” OR “receiver”. The complete search string was adapted to each database’s syntax. No
restrictions were placed on study design or geographic location. Reference lists of included studies
and relevant review articles were manually screened to identify additional eligible papers (backward
citation tracking).

3.3. Selection Process

The selection process followed a multi-stage screening approach, as illustrated in Figure 1. An
initial set of database searches identified a total of 421 records, of which 82 duplicates were removed,
resulting in 339 unique papers. These records subsequently underwent title and abstract screening
against the predefined eligibility criteria. Full-text articles were retrieved for all 339 records, as the
broad search strategy necessitated a detailed examination to determine their relevance to specific
OFDM receiver stages. From these papers, we then excluded 127 articles as false search positives. Each
of the remaining 212 papers was then independently categorized by receiver stage (synchronization,
CP removal, FFT, channel estimation/equalization, demodulation, decoding, and end-to-end) based
on the primary focus of the proposed DL method, and we excluded a further 38 papers because
they could not be adequately mapped. Table 1 presents the distribution of the remaining 174 papers
across the various OFDM receiver stages, revealing significant research concentration in channel
estimation/equalization (116 papers, 66.67%) and notable gaps in Synchronization (8 papers, 4.60%),
CP removal (4 papers, 2.30%), FFT (0 papers), demodulation (7 papers, 4.02%) and decoding (3 papers,
1.72%).

Table 1. Distribution of Identified Literature Across OFDM Receiver Stages (N=174)

OFDM Receiver Stage Papers (n) Percentage (%)
Synchronization 8 4.60
Cyclic Prefix Removal 4 2.30
Fast Fourier Transform 0 0.00
Channel Estimation & Equaliza-
tion

116 66.67

Demodulation 7 4.02
Decoding 3 1.72
End-to-End Receiver 36 20.69
Total 174 100.00
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Total Records identified: 421

Duplicate Records Removed: 82

Records after Deduplication: 339

Records Screened (Title/Abstract): 339

Excluded - Irrelevant Topics: 127

Full-Text Articles Assessed: 212

Excluded - Did not address
Receiver Stage: 38

Categorized by OFDM Stage: 174

Stage-Specific Filtering Applied: 174

Excluded - Low Performance/Impact:
131

Final Papers Included: 
16 core + 27 related

Figure 1. PRISMA 2020 Flow Diagram Illustrating the Systematic Literature Search and Selection Process.

3.4. Data Extraction and Quality Assessment

From each eligible study, the following data elements were systematically extracted: author(s),
publication year, DL architecture type (e.g., CNN, LSTM, transformer), OFDM receiver stage(s) ad-
dressed, dataset characteristics (simulated vs. measured, channel models), baseline comparison
methods, performance metrics and results, signal-to-noise ratio range, and computational complexity
where reported. To ensure comprehensive yet focused analysis, a performance-based selection criterion
was applied within each stage category. Studies demonstrating superior or competitive performance
metrics compared to conventional baselines—specifically, lowest BER/BLER/SER for end-to-end
system metrics or lowest MSE/NMSE for channel estimation—were prioritized for in-depth analysis.
This final filtering and selection process, combined with consideration of methodological rigor and
architectural diversity, resulted in a final analytical set of 16 core studies representing state-of-the-art
DL approaches across all receiver stages. These 16 core studies form the basis for the detailed technical
analysis presented in Section 4, along with 27 closely related but less impactful papers that we will
briefly discuss in relation to the relevant core papers.

3.5. Synthesis Methods and Bibliometric Analysis

To identify thematic clusters and research trends within the identified literature, a bibliometric
analysis was performed using VOSviewer (version 1.6.18) on the title and abstract keywords of the
339 papers. Co-occurrence analysis with a minimum keyword frequency threshold of 5 occurrences
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revealed distinct research communities focusing on channel estimation, MIMO systems, and end-
to-end learning, as shown in Figure 2. Narrative synthesis was employed for the selected papers,
organizing findings by receiver stage and comparing DL methods against conventional DSP baselines
using reported performance metrics.
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neural network

ofdm system
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Figure 2. VOSviewer Keyword Co-Occurrence Network Visualization Revealing Thematic Clusters in Deep
Learning for OFDM Research (N=339 papers, minimum 5 occurrences per keyword).

3.6. Relation to Existing Reviews

During the literature search, three existing review papers on deep learning for OFDM systems
were identified and excluded from the primary analysis to avoid redundancy [7,9]. These reviews
predominantly focus on channel estimation techniques [7] or categorize DL techniques by architecture
type [9], whereas the present work provides a comprehensive stage-by-stage analysis covering the
entire OFDM receiver pipeline with performance-focused method selection. Thus, this systematic
review complements existing literature by addressing gaps in synchronization, CP removal, FFT, de-
modulation, and decoding stages while providing an integrated discussion of end-to-end approaches.

4. Deep Learning for OFDM Receiver Stages
Focusing on the receiver, there are multiple stages that collectively enable the accurate retrieval of

transmitted information, with each stage employing a unique and highly selective methodology to
ensure precision, robustness, and reliability. Synchronization ensures that the subcarriers maintain
orthogonality, while CP removal eliminates redundant or unwanted information. FFT converts the
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received time-domain signal back into the frequency domain. Channel estimation predicts the effects
of the wireless channel, providing the necessary information for subsequent processing. Channel
equalization then utilizes this estimate to mitigate channel-induced distortions and recover the trans-
mitted symbols. Finally, demodulation then converts the equalized signals back into the individual
subcarriers, and decoding retrieves the original data bits. The overall OFDM receiver processing chain
is illustrated in Figure 3.

Synchronization Cyclic Prefix
Removal

Fast Fourier
Transform

Channel Estimation
& Equalization Demodulation Decoding

Figure 3. High-Level Overview of OFDM Receiver Processing Stages.

In this work, we first analyze and evaluate the use of deep learning techniques at each individual
stage of the receiver to assess their impact on overall system performance. Next, we provide a detailed
examination of end-to-end receiver models, emphasizing the cumulative performance improvements
achieved when all key stages are enhanced with deep learning, while also noting other approaches that
show promising results but are not optimal. Finally, we discuss how integrating deep learning across
all stages transforms the OFDM receiver into a fully Deep Learning-driven system, with the potential
for delivering significant gains in metrics such as BER, NMSE, MSE, and SER, while preserving the
interpretability of each stage.

4.1. Synchronization

The first paper, which focused on synchronization in OFDM receivers, proposes a deep neural
network (DNN)–based method for joint estimation of Carrier Frequency Offset (CFO) and Sampling
Frequency Offset (SFO) in MIMO OFDM-OQAM systems [17]. The DNN is a three-layer classifier
that takes the received distorted signal from each antenna as input, passes it through a hidden layer
with sigmoid activation, and outputs discrete CFO and SFO sub-ranges using a softmax layer. The
network is trained offline with high-SNR signals of known CFO and SFO values using gradient-based
backpropagation. After training, the DNN classifies incoming signals to estimate the corresponding
CFO and SFO, which are then sequentially compensated using a filter bank at each receive antenna
before combining and demodulation. Figure 4 exhibits the DL synchronization approach.

Input
Layer

Output
Layer

Sigmoid
Hidden Layer

Estimated
CFO/SFO

Figure 4. High-Level Overview of the DNN OFDM Synchronization Method for CFO and SFO Estimation.

Using Matlab, the method was simulated on a MIMO OFDM-OQAM system with 2 transmit
antennas and 4 receive antennas. Carrier frequency offsets and sampling frequency offsets were
randomly selected from bounded normalized ranges consistent with typical synchronization impair-
ments. The received signal SNR was varied from 0 to 20 dB, and the NN was trained over different
numbers of epochs to evaluate its effect on performance. Results were averaged over 1000 Monte
Carlo simulations. Even at very low SNR, the DNN estimator achieves a probability of success of
approximately 95%, demonstrating its robustness in challenging channel conditions. These results
highlight that the neural network can reliably classify CFO and SFO sub-ranges, making it an effective
approach for synchronization in MIMO OFDM-OQAM systems.

Another DL strategy for CFO and I/Q imbalance in an OFDM receiver was introduced by the
authors of [18]. The authors start their process by developing a DNN architecture with J sub-nets
that are all identical, each having three fully connected hidden layers and using the Rectified Linear
Unit (ReLU) [19] activation function. The subnets all share a common input layer that consists of
pilot symbols and data symbols, which are divided into real and imaginary components, thereby
driving the number of neurons in the input layer. The output layer of each sub-net has a number of
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neurons determined by the modulation order and number of subcarriers. Figure 5 exhibits the DL
synchronization approach.

Received Pilot Symbols
& Data Symbols  Shared Input Layer

FC x 3 Layer
Output Layer

FC x 3 Layer
Output Layer

FC x 3 Layer
Output Layer

FC x 3 Layer
Output Layer

Estimated CFO and IQ
Compensation

Subnet J

Subnet 1

Subnet 3

Subnet 2

Figure 5. High-level Overview of the DL-Based OFDM Synchronization Framework for CFO and I/Q Imbalance
Compensation.

Their experiment consisted of using 64 subcarriers, with each frequency set to 15 kHz, a symbol
duration of 66.67µs, and an 8-phase-shift-keying (8PSK) modulation scheme with one pilot and one
data symbol. With this setup, the DNN has 128 complex symbols, resulting in an input layer with
256 neurons. J is set to 8, making the output layer 24 neurons for each sub-net. The batch size is 128,
the number of epochs is 500, and the learning rate is set to 0.04. The CFO is adjusted between 100
and 200 parts per million arbitrarily. The IQ mismatch was set to 12◦ and 18◦, respectively. The DL
model was compared to the conventional method by [20]. The evaluation compares BER over SNR
in the range of 0 to 35 dB. These experiments were tested under two situations: the Additive White
Gaussian Noise (AWGN channel and the multi-path channel. The DL method achieves a lower BER at
low SNR values more effectively than the conventional method for various CP lengths in AWGN and
multi-path channels. This shows that DL techniques are effective and provide better performance over
conventional methods.

Finally, a DL solution for CFO estimation for the 802.11n standard was introduced by [21]. The
method uses Gate Recurrent Units (GRU) [22] for CFO estimation from the 802.11n preamble [23].
GRU helps establish temporal correlations and models long-term dependencies with two gates (update
and reset) [24]. There are 6 layers for the DL model. The input layer, the rearrange layer, the GRU layer,
and 3 dense layers. The 802.11n physical layer protocol data unit (PPDU) [25] is used for testing. The
PPDU preamble is used as input for evaluating CFO estimation techniques. A total of eight datasets
with various CFO frequency ranges were used to test the eight-channel models, which were performed
in MATLAB.

The DL models were compared with conventional methods across different channels by calcu-
lating the CFO MAE over an SNR range of 0 to 30 dB. The DL models reduced the MAE by 70.54%
compared to the conventional methods. As the channel becomes more complex, the MAE performance
degrades, but at a rate that is much slower than that of the conventional method.

Table 2 illustrates the results from the synchronization DL architectures that were previously
discussed.
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Table 2. Synchronization DL Methods Across Various Performance Evaluations.

Paper Evaluation Summary
[17] NN accomplishes a high probability of success over low SNR for

CFO and SFO in MIMO OFDM-OQAM systems.
[18] DL achieves lower BER at low SNR than conventional methods

under AWGN and multipath channels for various CP lengths.
[21] DL reduces CFO MAE by 70.54% compared to conventional meth-

ods across SNR, showing slower performance degradation as
channel complexity increases.

4.1.1. Other Related DL Approaches

In [26], the authors proposed a neural network–based coarse CFO estimator for MIMO systems,
which achieves performance comparable to traditional methods across AWGN, flat/slow fading, and
multi-path channels, with high probability of success for SNR > 0 dB and a wide CFO acquisition
range, but was excluded from the main quantitative evaluation as it does not outperform the primary
benchmarks.

The work in [27] proposes a DNN-based OFDM receiver that extends the input to capture ISI, but
its performance is directly comparable to the MMSE receiver under perfect timing and only slightly
improves under timing errors. The DNN and MMSE still perform similarly in most practical scenarios.
However, overall, the proposed approach does not significantly outperform existing methods.

This paper by Ninkovic et al. [28] evaluates deep learning methods for packet detection and
CFO estimation in IEEE 802.11ah, comparing them to conventional techniques. DL approaches can
outperform conventional methods at low SNR but suffer from higher complexity and inconsistent
performance. As a result, they are not recommended for main research implementations.

Another paper [29] proposes a NN–based method for integer frequency offset (IFO) estimation and
primary synchronization signal (PSS) detection in 5G NR systems. The NN uses convolutional layers
and regression and is trained across various tapped delay line (TDL) channel profiles and IFO ranges
to optimize detection. While simulations show lower failure probabilities compared to conventional
maximum likelihood and sequential methods, these metrics are not practically meaningful for system
performance. Due to its complexity and limited real-world utility, this approach is not included in the
main research discussion.

Finally, [30] proposed a CNN-Attention-DNN (CAD) model for non-pilot-assisted CFO estimation
in OFDM systems, combining residual CNNs, attention, and dense layers without prior knowledge of
pilots or channel parameters. While validated in simulations and on an NI RF testbed, the method is
more complex and only moderately better than existing approaches, so it is not included in the main
research discussion.

4.2. CP Removal

An end-to-end DL approach for OFDM communication was introduced by [31], eliminating the
need for CP and pilots. The DL model implementing the receiver is a convolutional residual NN that
processes the received base-band channel samples following the DFT. The network outputs a 3D tensor
of log-likelihood ratios (LLRs) [32], which is passed to the channel decoder. The first layer transforms
the input into a real-valued 3D tensor by separating the real and imaginary portions. Zero-padding
is applied in all convolutional layers to maintain consistent output dimensions, and dilation is used
to expand the receptive field of the convolution layers, similarly to [33]. The DL model consists of 6
layers, including a Conv2D at the input, 4 ResNet blocks [34], and a Conv2D at the output. The CP
removal framework is portrayed in Figure 6.
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Figure 6. High-Level Overview of the End-to-End DL OFDM Receiver CP Removal Framework.

The number of OFDM symbols used is 14, the number of subcarriers is 72, the carrier frequency
is set to 3.5 GHz, the subcarrier spacing is set to 30 kHz, the CP duration is set to 6 symbols lasting
2.34µs, the channel models used are 3GPP-3D [35], Line of Sight (LoS) [36], and Non-Line of Sight
(NLoS) [36], the number of taps is set to 5, the learning rate to 0.001, 100 frames for batch size, 4 bits
per channel, 1024 low-density parity-check (LDPC) [37] code length, 0.667 code rate, and the speed
ranged from 0 to 130 kilometers per hour. The decoding was performed using belief propagation [38]
over 40 iterations. Each OFDM frame contained 3 codewords, randomly populated with padding bits,
and combining was applied within each frame.

For testing, the Quadriga simulator [39] is used to create a dataset that trained and evaluated the
performance of the DL model. The DL model was configured for Quadrature Amplitude Modulation
(QAM) with CP and pilots, QAM with no CP and with pilots, along with Geometric Shaping (GS) [40]
with no CP and no pilot are all compared against conventional QAM with CP and perfect Channel State
Information (CSI) and QAM with CP, pilot, and Linear Minimum Mean Square Error (LMMSE) [41].
Two pilot patterns (1P and 2P) from 5G NR [42] were used for the simulation testing. The evaluation
compares BER over an SNR range of 4 to 14 dB, along with goodput [43], with SNR over the range
of 5 to 20 dB. The authors demonstrate that their methods, utilizing CP and pilots, outperform those
without, while still exhibiting strong performance at low SNR values and achieving high goodput
across the entire SNR range.

Table 3 presents the results from the CP Removal DL structure that was previously analyzed.

Table 3. Evaluation of CP Removal DL Methods Against Conventional Approaches

Paper Evaluation Summary
[31] The DL method with CP and pilots outperforms methods without

CP and pilots, yet still maintains strong performance at low SNR
while achieving high goodput across the SNR range.

4.2.1. Other Related DL Approaches

The presented DL-OAMP receiver for CP-free OFDM systems, as shown in [44], combines
a Channel Estimation Network (CE-Net) for channel estimation and an Orthogonal Approximate
Message Passing Network (OAMP-Net) for signal detection. The OAMP-Net unfolds the iterative
OAMP algorithm with a few trainable parameters, enabling low-complexity detection that adapts
to time-varying channels. Simulations show that DL-OAMP achieves lower BER than traditional
methods and other deep learning approaches, approaching the performance of systems with perfect
CSI and sufficient CP. However, compared to other methods, this approach achieves a lower overall
performance.

The authors of [45] developed CG-OAMP-NET, a model-driven deep learning detector for CP-free
MIMO-OFDM systems. It unfolds a conjugate gradient–based OAMP algorithm into a network,
learning a few optimal parameters to improve convergence and stability. The method significantly
reduces computational complexity compared to standard OAMP while maintaining strong BER
performance. However, other approaches achieve better performance in certain scenarios.

Finally, [46] proposed IComNet-EP, an improved ComNet for CP-free OFDM systems. It retains
the CE-Net but replaces the detection with an expectation propagation equalization (EPE) block, which
buffers previous OFDM symbols to remove ISI. The scheme achieves lower BER than ComNet, OAMP-
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NET, and other classical methods while maintaining similar computational complexity. IComNet-EP is
also robust across different channel environments without retraining.

4.3. Fast Fourier Transform

No significant research was found on converting FFTs into DL based models. Although a few
attempts have been made, these approaches have generally proven to be less effective than conventional
FFT algorithms. Traditional FFTs are already highly efficient, leaving little room for improvement
through a DL substitution. However, this observation does not imply that ongoing research into
DL-based FFT alternatives does not exist. Our conclusion is that the current state of the art in DL-based
FFT is less effective than established methods.

4.4. Channel Estimation and Equalization
4.4.1. Channel Estimation

A low-complexity DL channel estimation method for OFDM systems was proposed by [47] and
is based on the fast super-resolution convolutional neural network (FSRCNN). The design process
begins with an input layer that has a tensor shape containing the height, width, and number of color
channels of the input. The feature extraction layer performs convolution on the input image to extract
the initial features. A Parametric ReLU (PReLU) [48] activation function is employed to introduce
nonlinear effects; the shrinking layer is also a convolutional layer that reduces the spatial dimensions
of the extracted features. The mapping layers turn low-resolution features into a high-resolution space.
Several convolutional layers are applied, followed by a PReLU activation, which transforms the input
into feature maps. The expanding layer is also a convolution layer that increases the spatial dimensions
of the feature to return it to high resolution, and the deconvolution layer performs upscaling. The
FSRCNN is trained using Least Squares (LS) estimates based on the pilot markers. Figure 7 describes
the channel estimation deep learning model.

Input Image Feature Extraction Shrinking Layer Mapping Layer Expanding Layer Output Image

Figure 7. High-Level FSCRNN for Channel Estimation.

The evaluation of the architecture compares MSE with SNR, using a system configuration where
the number of subcarriers is set to 72, the time slots are set to 14, the carrier frequency is 2.1 GHz, the
learning rate is 0.001, and the pilot length is 48. The Adam optimizer is used during model training for
50 epochs. The proposed method is compared against other methods, including the Super-Resolution
Convolutional Neural Network (SRCNN) [49], the LS Minimum Mean Square Error (MMSE) [50], and
ChannelNet [51], in terms of MSE over an SNR range of 0 to 30 dB. The FSRCNN outperforms the
compared methods by achieving lower MSE at low SNR, providing more accurate channel estimation
even in the presence of higher noise and achieving that low computational complexity for which it
was designed.

A different channel estimation approach was developed specifically for mmWave MIMO-
Orthogonal Time Frequency and Space (OTFS) systems using a DL network proposed by [52] titled
Sparse Bayesian Learning (SBL) DCNN (SBL-DCNN). The network utilizes multiple 2D convolution
(Conv2D) layers with varying filter and kernel sizes, and a ReLU activation function is applied after
each convolutional layer. Three features maps are generated, F1: is a reshaped mean vector in matrix
form, F2: designed from the posterior covariance matrix, and F3: a learned sparsity mask, created
by pruning values below a threshold β and keeping superior delay-Doppler bins. F3 is split into real
and imaginary components and combined with F1 and F2. A layered convolutional block with four
Conv2D layers continuously extracts the sparsity structures, continuously reduces the kernel and filter
sizes, and ResNet is used at the end of each SBL layer.

The system configuration involves setting epochs to 1000, a minimum batch size of 16, a Re-
duceLROnPlateau learning rate scheduler with a learning rate of 0.0001, and the use of the Adam
optimizer. 32 transmit and receive antennas were used, with a carrier frequency set to 28 GHz and 150
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8PSK-modulated pilot symbols. For the delay-Doppler (DD) grid, the delay is set to 16, the Doppler
set to 32, and the sparsity equals 5. The ResNet weight is set to 0.1, and the pruning threshold is set
to β = 0.0001. TensorFlow 2.8 and Keras were used for the simulation, evaluating NMSE over an
SNR range of -5 to 15 dB. The SBL-DCNN method is compared with conventional methods, including
Orthogonal Matching Pursuit (OMP) [53] and SBL [54]. The SBL-DCNN demonstrates effective per-
formance gains across the NMSE versus SNR curve, achieving lower NMSE values at low SNR. This
demonstrates another effective DL-based channel estimation approach that outperforms conventional
methods.

Table 4 expresses the results from the channel estimation DL techniques that were discussed.

Table 4. DL Methods For Channel Estimation Performance Evaluations

Paper Evaluation Summary
[47] The FSRCNN surpasses traditional methods by achieving lower

MSE in low-SNR conditions, delivering more accurate channel
estimation under higher noise levels.

[52] The SBL-DCNN shows effective performance across the NMSE to
SNR while maintaining lower NMSE at low SNR values.

This work proposes deep learning–assisted channel estimation for MIMO-OFDM systems, where
neural networks refine conventional LS estimates to improve MSE and BER under frequency-selective
fading and Doppler effects. Fully connected, CNN, and bi-LSTM architectures are evaluated, with
recurrent models showing the strongest performance due to their ability to exploit temporal channel
correlations. While the results demonstrate clear gains over LS and LMMSE estimators, the study
primarily focuses on channel estimation rather than broader receiver design. As a result, it is not
a central focus here, since more recent and comprehensive works achieve stronger performance
improvements and deeper integration across the OFDM receiver chain.

4.4.2. Channel Equalization

The MIMO-OFDM Channel Estimation and Equalization Network (MOCEE-Net), presented in
[55], is a DL approach for channel estimation and equalization. For channel estimation, an Optimal
Deep Graph Convolutional Network (ODGCN) is employed to map the received signals to channel
estimates, addressing sparse channel estimation in AWGN environments. The received signal is
modeled using an estimated channel matrix, transmitted as a signal vector, and additive noise, where
sparsity is exploited through a reformulation of the signal representation. The ReLU activation function
is applied to suppress negative channel coefficients and enhance sparsity, while 2 hidden layers learn
optimal channel characteristics via efficient weight matrices. Expectation-based optimization is used
to further improve the estimation accuracy, leading to reduced BER and MSE, and enabling reliable
recovery of transmitted symbols at the receiver.

For channel equalization, an Optimal Hyper Convolutional Neural Network (OHCNN) is pro-
posed to map the estimated channel inputs, thereby equalizing the channel outputs while reducing
system complexity through the use of shared network parameters. By leveraging convolutional layers
trained using an LS-based initialization. OHCNN learns the mapping from noisy channels to true
channel responses. Channel equalization is achieved through convolution operations combined with
normalized gain distributions, resulting in improved MSE and BER. The model is trained under
various fading conditions, including Rayleigh, Rician, and hybrid environments, with ReLU activation
applied to suppress negative channel coefficients and linear normalization layers used to stabilize the
outputs. A softmax classifier in the final layer identifies successfully equalized channels, which are
then forwarded to the OFDM demodulator for data recovery. The OHCNN equalization framework is
shown in Figure 8.
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Figure 8. Overview of OHCNN for Channel Equalization at a High Level

For the simulation, Matlab was used with 50 antennas at both the transmitter and receiver,
employing a 64-QAM modulation scheme across 128 subcarriers. The channels were modeled under
AWGN and Rayleigh fading conditions, with a CP length of 36 and 20 multi-path components.
Performance was evaluated in terms of MSE over an SNR range of 0 to 20 dB. The MOCEE-Net was
compared against conventional methods (LS and MMSE) as well as deep learning-based approaches
(DLCNN, DLDNN, and DL-LSTM). Results show that MOCEE-Net, under both 8- and 64-pilot
configurations, achieves lower MSE across the SNR range compared to other methods, demonstrating
a more effective framework for channel estimation and equalization.

Another DL technique for channel equalization was introduced by [56], creating a Classification
Weighted Deep Neural Network (CW-DNN). The CW-DNN consists of an input layer, three hidden
layers, and an output layer. The hidden layer employs the ReLU activation function, while the output
layer utilizes the tanh activation function. The CW-DNN performs direct data recovery by learning the
channel characteristics of the received signals and pilot symbols. The real and imaginary components
of the transmitted signals are separated and concatenation to form real-valued input vectors suitable
for DNN processing. The DNN operates in two stages: the training stage and the testing stage.
During training, the transmitted and received data pairs are known to decrease the MSE using the
Mini-Batch Gradient Descent (MBGD) [57] to update the weights and biases. The CW-DNN introduces
a classification-weighted cost function that penalizes incorrectly detected symbols more than correctly
detected ones. After equalization, a minimum distance symbol slicer maps the network output to the
nearest constellation point.

The CW-DNN processes transmitted data over AWGN and Rayleigh fading channels. The system
uses 64 transmit and receive antennas, with 256 subcarriers, an FFT size of 256, a CP length of 64, and
a spacing between each subcarrier of 15 kHz. The modulation schemes considered are 16-QAM and
32-QAM. The simulations are performed using Tensor-Flow 2.0, Keras, and Python. The training rate
is configured to be 0.001. The CW-DNN is compared against other past methods such as Zero Forcing
(ZF) [58], Back Propagation Neural Network (BPNN) [59], and a DNN [60], with the NMSE evaluated
over the SNR range of 0 to 30 dB. The proposed method offers a computationally efficient alternative
to previous techniques while providing improved performance across the entire SNR range. Table 5
summarizes the findings from the channel equalization DL techniques that were reviewed.

Table 5. Performance Evaluation of Deep Learning-Based Channel Equalization Architectures

Paper Evaluation Summary
[55] MOCEE-Net achieves lower MSE than other methods across all

SNRs.
[56] CW-DNN achieves low NMSE across the SNR range while main-

taining computational efficiency.

4.4.3. Other Related DL Approaches for Channel Estimation and Equalization

The process in the proposed OFDM autoencoder by [61] involves training a neural network to
map transmitted signals to received signals, improving channel estimation. Using Dense-Nets, it
refines low-resolution pilot signals into high-resolution channel impulse responses (CIRs). The model
is trained on simulated data to minimize estimation error, enabling adaptation to varying channel
conditions and throughput. This improves OFDM system performance, especially under fast fading,
with fewer network parameters. This method used BLER for evaluation, which measure overall
transmission errors, making it less useful for evaluating channel estimation accuracy.
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The authors of [62] developed an intriguing Deep Learning approach for channel estimation in
Hybrid Analog-Digital (HAD) mmWave massive MIMO systems. It adapts the Sparse Bayesian Learn-
ing (SBL) algorithm into a deep neural network (DNN). The method also incorporates time-domain
channel correlation in its multi-block extension, improving the optimization of the measurement
matrix. Their published simulation results demonstrate its superiority over traditional methods in
both performance and computational efficiency. However, this is not included as a core paper within
this review because other methods outperform it.

Another DL approach for channel estimation, published in [63], presents a Residual Channel
Estimation Network (ResCENet) DNN for channel estimation in OFDM systems. This network inte-
grates CNNs, Bi-RNNs, and FCNNs with residual skip connections and regularization, demonstrating
superior performance over traditional methods in simulations. However, this approach is not included
in the main discussion as it evaluates performance using BER over SNR, thereby limiting comparison
to our selected core approaches using MSE for a more detailed analysis.

Additionally, a DL method for mmWave massive MIMO systems was introduced in [64]. The
method uses a CNN-based channel estimation network, called the channel (H) Neural Network (HNN),
which directly estimates the CSI from received data without requiring pilot signal estimation. HNN
outperforms tradition schemes, offering improved estimation accuracy with lower computational
complexity.

Finally, [65] proposes a DL-based channel equalizer for OFDM systems that outperform ZF and
MMSE methods. The DL model learns to mitigate the effects of rapidly changing frequency dependent
channels, adapting to various parameters such as pilots, modulations, and CP. Simulations show that
the Dl-based equalizer achieves better performance over traditional methods. This was not added in
the main discussion because it evaluates SER, which is not as relevant for measuring performance
specifically at the equalization stage, unlike MSE or NMSE.

4.5. Demodulation

A DL-based demodulation technique targeting the Binary PSK (BPSK) modulation scheme was
developed by [66] named DeepDeMod. DeepDeMod skips the synchronization step by directly loading
the modulated signal into a neural network, dividing it into two stages: signal digitization and signal
detection. The signal digitization stage takes the received signal and sends it to the product modulator,
before passing it through a Band-Pass Filter (BPF) that contains both the message and carrier signals. A
sampler is used to convert a continuous-time signal into a discrete-time signal for detection, utilizing a
sampling rate to obtain K samples per bit period. For the signal detection stage, the DNN is used as a
detector, mapping K samples per bit of received data into a single bit. A reshaping block adjusts the
sampled signal to fit into the DNN input. Before detection, the DNN is trained using known signals
to optimize its weights. This pre-trained DNN is then used to detect the transmitted bits from the
received signal. The DNN detector consists of 6 layers: an input layer with an input size of K, an
output layer, and 4 hidden layers. The hidden layers consist of 40, 20, 7, and 5 neurons, respectively, all
of which use the ReLU activation function. The output layer consists of a single neuron and employs
the sigmoid activation function. Binary Cross-Entropy (BCE) [67] is used for the loss function, and the
Adam optimizer is used for optimization. A visual representation of the DeepDeMod framework is
shown in Figure 9.

Received Input Signal BPF Sampler Reshaping DNN
Detector Output

Figure 9. High-Level Overview of the DeepDeMod BPSK Demodulation Framework.

Using MATLAB for analysis, the model’s parameters include a learning rate of 0.01, a batch size
of 250, and 100 epochs. The carrier frequency is configured to 915 MHz, K set to 10, and the sampling
frequency set to 13.33 MHz. The DeepDeMod is tested under AWGN, Rayleigh fading, and in cases
with frequency and phase offsets. The evaluation is tested for BER over an SNR range of -40 to 10
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dB. The proposed method is compared against a 1D CNN [68], Neural Network Design (NND) [69],
and Max Multi-layer Perception (MaxMLP) [70]. The DeepDeMod architecture achieves lower BER at
negative SNR values, greatly outperforming conventional and other DL techniques for all 3 test cases
provided. It was also tested in various environments and has consistently demonstrated effectiveness.
Although it is tested for BPSK modulation, the technique demonstrates great potential for use with
more complex modulation schemes, potentially outperforming traditional methods when applied to
other modulation techniques.

Table 6 presents the results from the Demodulation DL architecture that was previously summa-
rized.

Table 6. Evaluation of Demodulation DL Method Against Conventional Approaches

Paper Evaluation Summary
[66] DeepDeMod greatly outperforms conventional methods in the

BPSK modulation scheme and shows potential for more complex
modulation schemes.

4.5.1. Other Related DL Approaches

The authors proposed an LSTM-aided DNN for OFDM-DCSK demodulation [71], using recursive
LSTM units to capture correlations between chaotic modulated signals and Fully Connected (FC)
layers with batch normalization for robust feature extraction. Their simulations show improved BER
performance compared with conventional OFDM Differential Chaos Shift Keying (DCSK) and even
OFDM-BPSK systems at higher SNR over fading channels. Despite its promising results, this work
was not included in our detailed analysis because other studies achieve better overall performance in
conventional or CP-free OFDM systems while maintaining lower computational complexity. Therefore,
it was deemed less relevant to the focus of our review.

Additionally, the work in [72] introduced a modified CNN-based receiver for OFDM/OQAM
passive optical networks, replacing traditional channel estimation, equalization, and QAM demapping.
The CNN learns the nonlinear channel distortions and recovers transmitted bits directly, achieving
better BER performance than pilot-based Interference Approximation Method (IAM) receivers. For
16-QAM, the CNN-based receiver achieved an SNR improvement of up to 4.6 dB over long-reach
fiber links, and it also demonstrated significant gains for 4-QAM. While these results demonstrate
the potential of deep learning to enhance optical communication performance, especially for high-
order modulation and extended transmission distances, other more recent studies have reported even
higher-performing deep learning schemes.

The authors of [73] proposed another demodulation technique, Demod-CNN, a CNN-based
demodulation approach for Intelligent Reflective Surface (IRS)-assisted multi-user MIMO OFDM
systems. By separating the received complex signal into real and imaginary parts, the model maps the
input directly to transmitted bits, improving BER and SER over conventional demodulation techniques,
particularly at moderate to high SNR. Simulation results show that the CNN outperforms traditional
methods once the SNR exceeds 5 dB, with larger gains at higher SNR.

The authors of [74] proposed a Fourier-layer Transformer Network (FTnet) for end-to-end digital
demodulation in Intensity Modulation/Direct Detection (IM-DD) Radio over Fiber (RoF) systems,
replacing traditional DSP steps. FTnet directly recovers bit streams from impaired signals, showing
improved BER performance over traditional demodulators, Fully Connected Neural Networks (FC-
NNs), and standard Transformers in 16-QAM and 64-QAM RoF systems. It also performs well in RoF
systems with wireless transmission across various power levels and distances. Nonetheless, other
studies report better performance using alternative deep learning architectures.

SIGNETS, proposed in [75], is a group of convolutional neural network architectures for soft
demodulation of m-QAM signals, optimized via Neural Architecture Search and hyper-parameter tun-
ing. The networks achieve high demodulation accuracy across complex channel conditions, including
multi-path fading, ISI, and non-linear distortions, without requiring explicit channel estimation. A
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hardware implementation on Field-Programmable Gate Array (FPGA) demonstrates practical feasi-
bility, achieving 2.52 Mbits/s with 99.55% accuracy. While SIGNETS show strong performance, its
computational cost is a detriment compared to other reviewed approaches.

Finally, [76] presents an end-to-end deep learning framework for burst signal demodulation,
integrating detection, channel compensation, and adaptive masking into a unified system. A denoising
autoencoder mitigates channel impairments, while Bi-LSTM and channel attention modules enhance
signal localization and modulation classification. Experiments on real-world FSK, MSK, PSK, and
16QAM signals show the framework achieves superior bit error rate performance, particularly at low
SNR, while enabling parallel demodulation across multiple signal types. Ablation studies confirm that
end-to-end training, masking, and channel compensation are critical to the system’s robustness and
accuracy, though some other approaches slightly outperform this method at lower SNR.

4.6. Decoding

A DL-based system for 5G LDPC Decoding is studied in [77], targeting IoT. The model starts with
a Normalized Min Sum (NMS) [78] CNN framework that utilizes signal reception and LLR calculations
for the symbols, which serve as the input to the NMS decoder. The channel noise estimation is passed
through the CNN to produce an improved noise estimation, which reduces the error. The output is
subtracted from the incoming signal to obtain a new signal vector representing the adjusted signal,
which then undergoes a second round of decoding, along with the updated LLR, reflecting the CNN’s
noise suppression.

The 1D CNN architecture is designed to have 4 convolutional layers, none of which are fully
connected, nor do they contain dropout, max-pooling layers, or change the input and output layer
dimensions. Each layer applies multiple kernels/filters to detect features, produce feature maps. A
custom cost function is created to distinguish the actual outputs from the predicted outputs. This
custom cost function utilizes a CNN to estimate channel noise, thereby improving the performance
of NMS decoding. For CNN training, the noise samples are independent and identically distributed
(i.i.d.) Gaussian random variables [79]. The convolutions slide the kernel over the input noise vector to
compute the weighted sums, and then the ReLU activation function is applied at the output. Figure 10
visualizes the framework.

Received Signal NMS Decoder Signal Adjustment

1D CNN

1D CNN

1D CNN

1D CNN

NMS Decoder
2nd Round

Figure 10. High-Level Overview of the 1D CNN Framework for NMS Decoding.

For modeling, TensorFlow, Google Colab, and MATLAB are used. The testing dataset comprises
60,000 samples, and the number of epochs is set to 20, using the Adam optimizer during training. Three
tests were conducted with channel noise correlation coefficient set to 0.8, 0.5, and 0. The base code rate
is set to 1/3, and the codeword length is set to 3808. The proposed DL model is compared against the
conventional NMS and Sum-Product Algorithm (SPA) [80] methods. The evaluation compares BER
over an SNR range of 0 to 5 dB. The method outperforms the conventional method when the channel
noise correlation coefficient is set to 0.8 and 0.5, but compares roughly equally when it is set to 0 and at
the cost of higher computational power to maintain accurate results.

The authors of [81] implement an alternative design based on a massive-MIMO configuration,
called DLNet. The DLNet method is designed to estimate the transmitted symbol vector in MIMO
systems using a deep learning-based method inspired by the projected gradient descent (PGD). The
network architecture consists of 40 layers, each containing two hidden sublayers. The first hidden
sublayer applies a ReLU activation layer function, and the second hidden sublayer is a piecewise soft
Signum activation function. Each layer processes inputs from the received signal, and weights and
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biases are optimized during training to minimize detection error. The weight of the current layers is
0.03, and for the previous layers, it is 0.97. The Stochastic Gradient-Decent algorithm (SGD) [82] with
the Adam optimizer is employed to train the DLNet. 5000 channel realizations are used for each batch.
Figure 11 demonstrates the DLNet framework as a high-level overview.

Input

Decoder
Layer 1

Output

Decoder
Layer 2Decoder

Layer 3

Decoder
Layer 40

Figure 11. High-Level Overview of the DLNet Architecture.

For testing, multiple modulation schemes were evaluated: QPSK, 16-QAM, 64-QAM, and 256-
QAM, under both a Rayleigh fading channel and a correlated M-MIMO channel. For evaluation of
the proposed model, it was compared with the LS ZF detector [83], SDR [84], AMP [85], DetNet [86],
OAMP-Net [87], and compared against the theoretical Matched-Filter lower bound (MFB) [88]. Under
the Rayleigh fading model, the evaluation compares SER over SNR in the range of 2 to 15 dB, outper-
forming other methods and closely matching the MFB within the range of 2 to 25 dB, depending on
the number of antennas used in the configuration. Under the correlated M-MIMO channel, the SER
varies over the SNR range of 0 to 60 dB, depending on the number of antennas being used. Overall,
the proposed DLNet outperforms the methods under both channels and for each modulation scheme
while also being resource-efficient; however, reducing the framework’s complexity leads to a decrease
in performance.

Table 7 shows the DL evaluations from the Decoding stage.

Table 7. Performance of Decoding DL Methods Against Traditional Approaches

Paper Evaluation Summary
[77] The DL method outperforms the conventional one in terms of

BER versus SNR when the channel noise correlation coefficient is
0.8 and 0.5, but performs similarly when the coefficient is 0.

[81] The DLNet consistently outperforms past and conventional meth-
ods while remaining resource-efficient.

4.6.1. Other Related DL Approaches

The DL Decoding (DLD) technique, as proposed by [89], improves computational efficiency and
outperforms other DL-based Sparse Code Multiple Access (SCMA) decoders. However, traditional
methods, such as the Message Passing Algorithm (MPA) [90], still achieve slightly better BER perfor-
mance in many scenarios. MPA is near-optimal for SCMA decoding, particularly under challenging
channel conditions, albeit with higher computational complexity. Thus, while the DLD offers a favor-
able trade-off between complexity and performance, other decoding methods may still outperform it
in terms of BER.

4.7. End-to-End Receiver Models and Integrated Approaches
4.7.1. End-to-End Architectures

The work shown in [91] proposes a DL receiver method for MIMO systems, eliminating the need
for pilots. Using the DeepRx CNN receiver from [33] along with using a fully learned multiplicative
transformation introduced by [92], the ML receiver processes the inputs and subsequently outputs the
LLRs for each spatial stream. The transmit constellations are learned using the DeepRx receiver, and
each transmitted signal is selected and learned from a constellation generated by neural networks that
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transform standard QAM points. Separate constellations are learned for each MIMO layer generated
by linearly combining transformations that the network has learned. The learned constellations
are normalized to have zero mean and unit energy, ensuring equal transmit power compared to
conventional OFDM systems. The transformation networks utilize four fully connected hidden layers
with tanh activations [93] to map the amplitude and phase of the QAM symbols, with each layer
containing 16-32 neurons. The weighting network consists of four hidden layers, each with 8 to 16
neurons and ReLU activation functions. The output layer uses a softmax activation function to ensure
a unit-sum weighting. The input of the DeepRx model consists of the received MIMO-OFDM signal
over one slot, represented by samples across multiple subcarriers and OFDM symbols. A larger MIMO
DeepRx CNN, which ranges from 512 to 2048 ResNet blocks, outputs LLRs that are passed to an LPDC
decoder to recover the information bits. A loss function is introduced to prevent the formation of
tightly clustered constellation points, which can limit the bit transformation per symbol using the
ReLU function. The structure of the DL model is shown in Figure 12.

Received
Signal

LDPC
Decoder

DeepRx
Receiver

Figure 12. Simplified DeepRx DL Receiver Framework for MIMO-OFDM Systems.

The training is performed using the Adam optimizer with a BCE loss calculated between the
transmitted and detected bits, along with a distance-based loss to help prevent convergence due to
the large constellations used. The weight factor λ is set to 0.1 for 16-QAM and 0.05 for 64-QAM. The
batch size is set to 10 with a learning rate of 0.0001. The carrier frequency is set to 3.5 GHz, the number
of subcarriers is set to 72, the subcarrier spacing is 30 kHz apart, and the number of transmitter and
receiver antennas is 2 and 4, respectively. The DL model is compared against established methods such
as K-Best [94] using a perfect channel state, and Demodulation Reference Signal (DMRS) [95] channel
state, and the evaluation focuses on BLER over SNR across the range of 0 to 14 dB. The proposed
method achieves a low BLER across the entire SNR range without requiring any pilots. While it
does not fully surpass conventional methods, it demonstrates strong effectiveness in pilotless signal
detection.

By contrast, the end-to-end wireless communication system presented by [96] is built using
DNNs for both the transmitter and receiver, eliminating the need for traditional encoding, modulation,
decoding, and demodulation blocks. A conditional generative adversarial network (GAN) models the
channel in a data-driven manner, where the generator produces channel outputs conditioned on the
transmitted signals and received pilot symbols, while the discriminator distinguishes between real and
generated channel outputs. To address the challenge of high-dimensional complexity, convolutional
neural networks (CNNs) are employed in the transmitter, receiver, and channel GAN, enabling
efficient learning of long block sequences. The system optimizes an end-to-end cross-entropy loss
between the transmitted and recovered information, with iterative training involving sequential
updates to the receiver DNN, transmitter DNN, and conditional GAN. For smaller block sizes, Fully
Connected Networks (FCNs) are employed, where both the transmitter and receiver DNNs comprise
two hidden layers with 32 neurons each. The generator consists of three hidden layers with 128
neurons, and the discriminator comprises three hidden layers with 32 neurons each. For larger block
sizes, CNNs are utilized: the transmitter includes an input layer, three convolutional layers with ReLU
activation, and a convolutional layer, all followed by a power normalization layer, with varying output
sizes. The receiver is composed of seven convolutional layers with ReLU activation, followed by a
convolutional layer with Sigmoid activation, each with varying output sizes. The generator consists of
three convolutional layers with ReLU activation, followed by a convolutional layer with a different
output size for each. The discriminator comprises four convolutional layers with ReLU activation and
two fully connected layers with ReLU and Sigmoid activations, respectively, each with distinct output
sizes. A high-level overview is expressed in Figure 13.
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Transmitter Channel
GAN Receiver

Figure 13. High-Level Overview of GAN Architecture.

This end-to-end system was evaluated on AWGN, Rayleigh fading, and frequency-selective
multi-path channels. The learning rate for the FCN is set to 0.0001 for the transmitter, receiver, and
discriminator. The input block sizes are 64 bits and 128 bits, the code rate is set to 0.5, with 16 bits for
padding between each block. Across all channels, the deep learning approach achieves similar or better
BER and BLER compared to conventional methods, while also benefiting from lower computational
time due to the efficient CNN architectures.

Another MIMO-OFDM DL receiver is proposed using a transformer called SigT [97]. The SigT
transformer converts the received signals into tokens by reshaping and permuting them based on
physical properties, such as the number of antennas and subcarriers. It groups each antenna’s subcarri-
ers into vectors, which serve as the tokens that feed into the transformer encoder [98]. The transformer
encoder uses multi-head self-attention to capture the complex relations among the antennas and
enhance valuable shared information. Then, the outputs are fed into convolutional layers, combined,
and passed through a two-layer MLP, where the MSE is computed to update the weights.

For emulation, the framework is configured with a frequency of 3.5 GHz, 256 subcarriers, 4
transmitted antennas, 16 received antennas, and each containing one information symbol. The dataset
for testing has 2560 signals. The learning rate for the Adam optimizer is 0.0001 with β = 0.9, β = 0.999,
and ϵ = 0.999. The SigT transformer evaluates accuracy over the SNR range of 0 to 40, comparing
against FCDNN [99] and CSINet [100]. The results show that the SigT transformer outperforms
previous end-to-end receiver methods, demonstrating the effectiveness of DL in improving MIMO
signal recovery.

An additional deep learning model, Comm-Transformer, was proposed for OFDM systems by
[101]. The Comm-Transformer incorporates an attention block with channel positional encoding to
focus on subcarriers, using attention weights computed via an embedded Gaussian function. This is
combined with multiple dual-1D convolutional blocks for feature extraction, where each convolution
block passes through batch normalization to improve training before a second 1D convolution. Max
pooling is applied to capture both local and global features, followed by a transpose convolution
for up-sampling. The extracted features are then flattened and processed by GRU layers to model
dependencies across subcarriers. The network uses a Sigmoid activation with binary cross-entropy
loss for bit recovery, while mean squared error (MSE) is used for channel estimation.

The Comm-Transformer is trained under all sub-types of TDL channels [102] with 64 subcarriers,
QPSK modulation, a carrier frequency of 4 GHz, Doppler shift of 111.18 Hz, CP length of 16, varying
numbers of pilots (8, 16 or 64), 2 sub-frames, and a block length of 128 at a mobile speed of 8.32
m/s. Training utilizes a batch size of 256 over 1000 epochs, with a kernel size of 1×3 for the dual 1D
convolutional layers, and employs the ADAM optimizer. Evaluation is performed in terms of NMSE
over an SNR range of 10 to 30 dB against MMSE, LS, LSTM [103], and DNN [99], and in terms of BER
over SNR against MMSE-GAMP64 [104], LS-GAMP64 [104], LSTM, DNN, and DeepRx [33]. Overall,
the Comm-Transformer outperforms traditional and previously proposed deep learning methods in
both NMSE and BER over TDL channels, while maintaining computational efficiency.

A deep learning model for the IEEE 802.11bd receiver was developed for next-generation vehicle-
to-everything (NGV) communications [105], comprising two main components: frame capture and
data-driven symbol recovery DNN. The frame capture module exploits the repeated sequence structure
of the Legacy Short Training Field (L-STF) in the PPDU preamble, which contains 10 repeated sequences,
and uses an autocorrelation method to mitigate Doppler spread and multipath effects. The data-
driven DNN processes the Next Generation V (NGV) PPDU to recover transmitted symbols. Its
architecture includes multiple convolutional blocks (ConvBlockA, ConvBlockB, IdentityBlock), while
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an OutputBlock extracts features using dense and softmax layers to produce symbol decisions. Data
structure optimization is applied to both training and reference data.

For training, the Adam optimizer is used with a learning rate of 0.001, a batch size of 512, and
20 epochs. The proposed model is evaluated against traditional LS and Zero Forcing (ZF) algorithms
under BPSK and QPSK modulation for OFDM. SER is measured over an SNR range of 4 to 20
dB across rural LoS, highway LoS, and urban LoS channels. The results show that the DL model
significantly outperforms conventional methods, highlighting the advantages of deep learning for
NGV communication.

Table 8 measures the effectiveness of end-to-end DL receiver models compared against conven-
tional and DL methods.

Table 8. Performance of End-to-End DL Methods Against Conventional Architectures

Paper Evaluation Summary
[91] Achieves low BLER over the SNR range but does not outperform

methods that use CP and pilots.
[96] The GAN model outperforms traditional methods while ensuring

computational efficiency.
[97] SigT achieves higher accuracy over SNR compared to past meth-

ods, both DL and traditional.
[105] The DL model performs better under various channels with BPSK

and QPSK modulation schemes.
[101] Comm-Transformer has lower computational cost and outper-

forms methods under NMSE and BER evaluation metrics.

4.7.2. Other Related DL Approaches

An end-to-end deep learning–based OFDM receiver by [106] jointly handles synchronization,
CFO estimation, channel estimation, equalization, and demodulation using a single auto-encoder
network. Their simulations and Software-Defined Radio (SDR) experiments show moderate BLER
improvements over conventional receivers at given SNR and improved robustness to impairments.
However, this work is not emphasized in the main discussion, as other papers report stronger overall
performance.

A paper by [107] introduces DeepReceiver, an end-to-end deep learning–based wireless receiver
that replaces the traditional receiver chain with a single neural network. A 1D convolutional DenseNet
enables multi-bit recovery and supports blind reception across multiple modulation and coding
schemes. While the method improves BER over conventional receivers under various impairments, its
performance gains are limited compared to more recent approaches.

An end-to-end OFDM receiver called AIDER [108] uses an attentive deep convolutional network
that learns directly from time-domain signals while exploiting the cyclic prefix. The model achieves
improved BER over traditional receivers, particularly in channels with large delay spreads. However,
its performance gains are modest compared to more recent DL-based receivers, which offer stronger
SNR improvements.

TCD-Receiver [109] is a Transformer-based MIMO-OFDM receiver that performs joint channel
estimation and signal detection using an end-to-end multi-head attention approach. The model
outperforms LS, MMSE, and CNN-based receivers under challenging conditions such as limited pilot
symbols, CP removal, and nonlinear noise, achieving results comparable to MMSE across various SNR.

The work shown in [21] proposes end-to-end deep learning architectures to mitigate multiple
hardware impairments in OFDM systems, using DLNN for single-antenna and 2×2 MIMO systems,
and ResNet-DCDNN for 2×4 MIMO systems. DNN-based encoders and decoders jointly optimize
signal mapping and impairment compensation. Their simulations show that these designs outperform
traditional methods under AWGN and Rayleigh channels, with transfer learning addressing time-
varying impairments, but the improvements over traditional approaches are lower than those of other
papers mentioned in this section.
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Another DL receiver design [110] establishes an intelligent OFDM receiver using a dual-channel
CNN (DCNet) that integrates original IQ data with LS channel estimation knowledge, combining
domain expertise with data-driven methods. The dual-stream architecture extracts and fuses features
to enhance signal recovery, and simulations under various channel models, noise levels, pilot counts,
and modulation schemes demonstrate significant BER improvements compared to DenseNet and
MobileNetV3-based methods. However, it is outperformed by other recent works.

Additionally, [111] proposes a Deep Complex-valued Convolutional Neural Network (DCCNN)
for OFDM receivers, which recovers information directly from time-domain signals without relying on
DFT/IDFT. The model leverages the CP and employs a two-phase transfer learning scheme to train
the channel equalizer and demodulator separately, thereby enhancing convergence and robustness
in multi-path fading channels. Simulations show that the DCCNN outperforms conventional LS,
LMMSE, and Adaptive Linear Minimum Mean Square Error (ALMMSE) estimators, particularly in
frequency-selective fading and high SNR scenarios. It is one of the few works that utilized complex-
valued neural networks, but it does not match the performance of other DL-based OFDM receiver
designs.

The work by [112] proposes a machine learning–based OFDM receiver designed for extreme
mobility scenarios, where severe Doppler shifts induce significant ICI. The receiver uses 2D con-
volutional ResNet layers to jointly estimate the channel and mitigate ICI, operating directly on the
time- and frequency-domain received signals while relying only on sparse pilot reference signals.
Simulations in 5G NR uplink scenarios demonstrate that the ML receiver significantly outperforms
conventional LMMSE-based receivers, maintaining reliable demodulation even at very high user
velocities. However, other recent studies achieve even better overall performance, so this work is
highlighted mainly as a demonstration of ML robustness under extreme Doppler conditions rather
than the best-performing OFDM receiver.

4.7.3. Performance Analysis of Full Deep Learning Implementations

The preceding subsections have examined end-to-end deep learning architectures that aim to
replace the entire OFDM receiver pipeline with a single neural network. While these approaches
demonstrate impressive performance in controlled scenarios, an alternative paradigm (stage-wise DL
enhancement) offers complementary advantages that merit consideration.

Applying DL at each individual stage of an OFDM receiver has been shown to offer significant
advantages over both conventional signal processing and monolithic end-to-end approaches. Each
stage discussed throughout this survey benefits from the ability of deep learning models to learn
complex, nonlinear relationships, adapt to time-varying channels, and mitigate noise and interference.
By selectively replacing traditional algorithms with deep learning models at each stage, the receiver
becomes more robust and capable of achieving lower error rates and improved signal fidelity while
maintaining modularity and interpretability.

Cumulative Benefits of Stage-Wise Integration: Replacing each stage with deep learning ensures
that the system is not just a black-box DL receiver, but a fully learning-assisted receiver where
every key functional stage is enhanced, yielding cumulative performance improvements across the
pipeline. Improved synchronization using DL techniques (Section 4.1) enhances the accuracy of
subsequent stages by providing better-aligned signals for FFT processing. Enhanced channel estimation
(Section 4.4.1) allows the equalization stage (Section 4.4.2) to produce cleaner symbol estimates by more
accurately modeling channel distortions. This, in turn, improves demodulation accuracy (Section 4.5)
and ultimately reduces bit error rate in the decoding stage (Section 4.6). Operating on real-valued
or transformed signal representations, DL modules can efficiently handle both linear and nonlinear
distortions, thereby making the receiver more resilient to multipath fading, interference, and low
signal-to-noise ratio (SNR) conditions.

Advantages Over Monolithic End-to-End Approaches: While end-to-end receivers offer joint
optimization benefits, stage-wise DL integration provides several key advantages. First, modularity
enables individual stages to be updated, retrained, or replaced without requiring the redesign of the
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entire receiver, thereby facilitating incremental deployment and maintenance. Second, interpretability
is preserved, as the function of each stage remains clearly defined, enabling easier debugging and
performance analysis. Third, training complexity is reduced, as each stage can be trained independently
on smaller datasets with well-defined objectives, rather than requiring massive end-to-end training.
Fourth, hybrid deployment becomes possible, allowing critical stages to use DL while retaining
conventional processing where it already performs optimally (e.g., FFT).

Performance Improvements: This stage-wise deep learning integration transforms the OFDM
receiver into a fully optimized, flexible, and scalable system, providing substantial improvements in
key metrics such as BER, NMSE, MSE, and SER, as demonstrated throughout the individual stage
analyses in this section. The synchronization methods reviewed achieve significant reductions in
frequency offset estimation error (up to 70.54% improvement in Section 4.1). Channel estimation
techniques reduce NMSE by substantial margins compared to traditional LS and MMSE methods
(Section 4.4.1). Equalization methods demonstrate improved BER performance across diverse channel
conditions (Section 4.4.2). The demodulation and decoding stages demonstrate enhanced robustness
to channel impairments and lower computational complexity during inference (Sections 4.5 and 4.6).

Research Distribution and Gaps: Most studies, as summarized in Table 1, focus heavily on
channel estimation and equalization (116 out of 174 papers, or 66.67%), followed by end-to-end designs
(36 papers, 20.69%) and synchronization (8 papers, 4.6%). In contrast, demodulation (7 papers, 4.02%),
CP removal (4 papers, 2.3%), decoding (3 papers, 1.72%), and FFT (0 papers) stages are comparatively
underexplored. This distribution reflects both the critical importance of channel estimation in wireless
systems and the significant challenges it presents, making it a natural focus for DL-based innovation.
The absence of DL-based FFT replacements is notable and suggests that highly optimized conventional
FFT implementations remain superior for this specific operation. The limited exploration of CP removal
and decoding stages represents opportunities for future research.

5. Discussion
This section provides a critical analysis of the research landscape, performance trends, and

open challenges in applying deep learning to OFDM receiver designs. We begin by presenting a
comprehensive comparison of all methods reviewed in Section 4, followed by an in-depth discussion
of research distribution, performance patterns, and future directions.

Table 9. Comprehensive Comparison of Deep Learning Methods Across OFDM Receiver Stages

Stage Reference Architecture Metric Key Performance Notable Features

Synchronization
Liu et al. 2021 DNN (J sub-nets) MSE Outperforms conventional CFO & I/Q imbalance compen-

sation
Zhou et al. 2019 LSTM MSE Lower MSE than ML methods Coarse CFO for massive MIMO
Wang et al. 2023 GRU MAE 70.54% MAE reduction 802.11n CFO estimation

CP Removal Ait et al. 2021 ResNet (CNN) BER Competitive without CP/pilots Eliminates CP and pilot over-
head

FFT – – – No viable DL methods Conventional FFT remains opti-
mal

Channel
Estimation

Khichar et al. 2024 FSRCNN NMSE 3-10 dB improvement Fast super-resolution approach
Mishra et al. 2025 SBL-DCNN NMSE Lower NMSE at low SNR mmWave MIMO-OTFS systems

Channel
Equalization

Silpa et al. 2022 MOCEE-Net BER Improved BER 50 antennas, AWGN & Rayleigh
Ge et al. 2022 CW-DNN BER Superior BER Direct data recovery with pilots

Demodulation Ahmad et al. 2022 DeepDeMod (6-layer DNN) BER Robust under impairments BPSK under AWGN, Rayleigh,
CFO

Decoding Tera et al. 2024 NMS CNN BER Improved BER 5G LDPC noise suppression
Kumar et al. 2022 DLNet (40 layers) BER Multi-modulation support QPSK to 256-QAM, massive

MIMO

End-to-End

Korpi et al. 2023 DeepRx (CNN+ResNet) BLER Competitive without pilots Learned constellations, MIMO
Yue et al. 2024 TCD-Receiver (Transformer) BER Outperforms LS, MMSE, DNN Multi-head attention, MIMO-

OFDM
Ren et al. 2022 SigT (Transformer) Accuracy Higher accuracy than FCDNN Token-based signal processing
Xie et al. 2023 Comm-Transformer BER, NMSE Best BER & NMSE, low cost Dual 1D conv, GRU, attention
Zhang et al. 2024 DNN (802.11bd) SER Superior under LoS channels NGV communication, frame cap-

ture
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Table 9 summarizes the 16 core methods analyzed in detail throughout this survey. The table
reveals several important patterns: (1) transformer-based architectures dominate recent end-to-end
approaches, suggesting attention mechanisms are particularly well-suited for OFDM signal processing;
(2) hybrid methods that combine learned feature extraction with conventional processing blocks (e.g.,
ResNet + LDPC) achieve strong performance while maintaining modularity; (3) channel estimation
and equalization attract the most research attention with diverse architectural approaches; and (4)
most methods focus on BER, NMSE, or MSE as primary evaluation metrics, with SNR ranges typically
spanning 0-30 dB, facilitating the relative comparison across different approaches.

5.1. Research Distribution Analysis

The literature distribution, as shown in Table 1, provides important insights into where the
research community has focused its efforts in applying deep learning to OFDM systems. The over-
whelming emphasis on channel estimation and equalization (66.67% of surveyed papers) reflects
several key factors. First, channel estimation is inherently a difficult problem in wireless communica-
tions, particularly in high-mobility scenarios, massive MIMO configurations, and millimeter-wave
bands where pilot overhead becomes prohibitive. Second, channel estimation has a direct impact
on all subsequent receiver stages, making improvements in this area particularly valuable. Third,
the problem formulation naturally aligns with supervised learning paradigms—the channel can be
estimated during training using known pilot symbols, and DL models can learn complex channel
correlations that are difficult to capture with traditional parametric models.

The substantial attention to end-to-end receivers (20.69%) similarly reflects areas where deep
learning offers clear advantages. Demodulation in the presence of residual channel impairments,
nonlinear distortions, and unknown interference patterns can benefit significantly from DL’s ability to
learn decision boundaries directly from data. End-to-end receivers represent an attempt to bypass the
limitations of stage-wise optimization entirely, jointly learning all processing steps to maximize an
end-to-end performance metric.

Conversely, the near-absence of work on FFT replacement (0 papers) is telling. The FFT is a
mathematically optimal, computationally efficient algorithm with decades of optimization. Unlike
other stages where channel variability and impairments create opportunities for learned adaptation,
the FFT performs a deterministic mathematical transformation that is already executed optimally by
conventional algorithms. This suggests that not all signal processing operations are suitable candidates
for DL replacement—highly optimized, deterministic transformations may be best left to conventional
methods.

The limited work on CP removal (2.30%), synchronization (4.60%), demodulation (4.02%), and
decoding (1.72%) represents significant research gaps. Synchronization, in particular, remains a critical
and challenging problem, especially in high-Doppler and low-SNR scenarios. The few existing DL-
based synchronization methods reviewed in Section 4.1 demonstrate promising results, suggesting
this area warrants further exploration. Similarly, decoding with modern codes, such as LDPC and
Polar codes, could potentially benefit from learned decoding strategies that exploit the structure in
error patterns.

5.2. Performance Trends Across Stages

Across the surveyed methods, several performance trends emerge. Channel estimation and equal-
ization methods consistently demonstrate improvements in NMSE and MSE compared to traditional
LS and MMSE estimators, particularly in low-SNR regimes and high-mobility scenarios. This aligns
with theoretical expectations—DL models can exploit temporal and spatial correlations in the channel
that are difficult to capture with conventional linear estimators.

For Demodulation, BER improvements are most pronounced in challenging channel conditions
(e.g., highly frequency-selective fading, strong interference). In benign AWGN channels at high SNR,
the performance gap between DL and conventional methods narrows, as both approach theoretical
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limits. This pattern suggests that DL’s primary value lies in handling complex, non-ideal scenarios
rather than replacing conventional methods across all operating regimes.

End-to-end receivers show mixed results. Some approaches (e.g., TCD-Receiver, Comm-
Transformer) demonstrate clear BER advantages over conventional receivers, while others (e.g., DeepRx
without pilots) achieve competitive but not superior performance. This variability likely reflects dif-
ferences in network architecture, training data quality and diversity, and the specific channel models
considered. Notably, end-to-end methods that incorporate pilot symbols or conventional processing
blocks (hybrid approaches) tend to outperform purely learned systems, suggesting that a judicious
combination of conventional and learned components may be optimal.

Synchronization methods exhibit substantial improvements in specific metrics—up to a 70%
reduction in mean absolute error for CFO estimation—demonstrating that even traditionally well-
understood problems can benefit from data-driven approaches when hardware impairments and
non-ideal conditions are considered.

5.3. Computational Complexity Considerations

A critical but often under-reported aspect of DL-based receiver design is computational complexity.
While many papers demonstrate superior performance metrics, fewer provide detailed complexity
analysis or real-time implementation results. Examples of works that specifically explore complexity
are [56,81,101,113]. This represents a significant gap, as practical deployment requires not only good
performance but also feasible computational requirements.

During the training phase, DL models require substantial computational resources and large
labeled datasets [77,81,105,109]. For supervised methods, generating training data typically involves
simulating or measuring channel responses under diverse conditions, which can be time-consuming
and expensive. Online learning and transfer learning approaches may mitigate this burden by allowing
models to adapt to new environments with minimal additional training; however, these techniques
remain relatively unexplored in the context of the OFDM receiver.

During the inference phase, complexity varies widely depending on the architecture. Fully-
connected networks can have millions of parameters, leading to high computational cost [18,66,99].
Convolutional architectures often achieve better efficiency by exploiting parameter sharing [31,33,
47,91,92,114,115]. Transformer-based methods, while showing excellent performance, typically have
quadratic complexity in sequence length [97,98,101,109,116], raising concerns for real-time processing
of long OFDM frames. Quantization, pruning, and knowledge distillation techniques could potentially
reduce inference complexity, but these optimizations are rarely discussed in the surveyed literature.

Compared to conventional algorithms, DL inference can be either more or less complex depending
on the specific comparison. For example, iterative channel estimation or turbo decoding can be
computationally expensive [6,38,78,80,103], and a well-designed neural network might achieve similar
performance with lower latency. Conversely, replacing a simple FFT or linear equalization with a deep
network would significantly increase complexity [3,4,41,50,58]. Hybrid approaches that use DL only
where conventional methods struggle may offer the best complexity-performance trade-off.

Hardware acceleration using GPUs, FPGAs, or dedicated neural processing units (NPUs) can
dramatically improve DL inference speed and energy efficiency [93]. However, the surveyed papers
rarely discuss implementation on resource-constrained platforms, which are typical of mobile devices
or IoT nodes [25,77]. This gap between research prototypes and practical deployment is a significant
barrier to the real-world adoption of these technologies.

5.4. End-to-End vs. Stage-Wise Approaches: Trade-offs and Synergies

The choice between end-to-end and stage-wise DL integration involves several important trade-
offs. End-to-end approaches offer the theoretical advantage of joint optimization: By training a single
network to map received signals directly to decoded bits, the system can learn to optimize for the
ultimate performance metric (e.g., bit error rate, or BER) rather than intermediate objectives (e.g.,
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mean squared error, or MSE) in channel estimation. This joint optimization can discover processing
strategies that deviate from conventional pipelines, potentially achieving superior performance.

However, end-to-end approaches face significant challenges. Training requires end-to-end differ-
entiability, which can be challenging when incorporating certain conventional processing blocks (e.g.,
hard decision-making, discrete optimization). The resulting networks tend to be large and complex,
requiring extensive training data covering diverse channel conditions, modulation schemes, and
impairments. Lack of interpretability makes debugging and performance analysis difficult: when an
end-to-end DL receiver fails, it is unclear which processing aspect is at fault. Finally, these monolithic
systems are inflexible—adapting to new modulation schemes, channel models, or system parameters
may require complete retraining.

Stage-wise DL integration addresses many of these limitations. Each stage can be designed,
trained, and optimized independently, with clear objectives and interpretable performance metrics.
Conventional blocks can be retained where they already perform well, reducing overall complexity
and training requirements. Incremental deployment is possible—operators can selectively upgrade
specific stages based on their particular performance bottlenecks. Hybrid approaches that combine
learned and conventional processing at each stage offer additional flexibility.

The survey results suggest that hybrid strategies may be the most promising approach. For
example, using learned channel estimation in conjunction with conventional MMSE equalization,
or conventional synchronization followed by learned demodulation, enables each stage to leverage
its strengths. Several high-performing methods reviewed in Section 4 already employ such hybrid
designs, combining ResNet-based feature extraction with conventional decoding (e.g., LDPC), or using
conventional FFT within a largely learned pipeline.

5.5. Open Challenges and Research Gaps

Despite the substantial progress documented in this survey, several significant challenges and
research gaps remain:

5.5.1. Generalization Across Channel Conditions

Most DL-based methods are trained and tested on specific channel models (e.g., TDL, Rayleigh,
Rician). Generalization to real-world channels that may not match training distributions remains
largely unaddressed. Transfer learning, domain adaptation, and meta-learning techniques could
potentially improve cross-environment generalization; however, they have seen limited application in
OFDM receiver design.

5.5.2. Dataset Availability and Quality

High-quality, diverse datasets are essential for training robust DL models. However, publicly
available datasets for OFDM receiver training are scarce, and most researchers rely on simulated
data generated using specific channel models. Real-world measurement datasets that capture the full
complexity of propagation environments, hardware impairments, and interference patterns would
significantly benefit the research community. Efforts to standardize datasets and establish common
benchmarks would facilitate fair comparison between methods.

5.5.3. Robustness to Distribution Shift

Wireless channels are inherently non-stationary, with statistics that change due to mobility,
environmental variations, and interference patterns. DL models trained on historical data may degrade
in performance when deployed in new conditions. Online learning, continual learning, and robust
training techniques that account for distributional shift are critical for practical deployment but remain
underexplored.
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5.5.4. Theoretical Understanding

While empirical results demonstrate DL’s effectiveness, the theoretical understanding of why and
when deep learning outperforms conventional methods remains limited. Establishing performance
bounds, sample complexity results, and conditions for optimality would provide valuable guidance
for architecture design and deployment decisions.

5.5.5. Integration with Communication Standards

Existing wireless standards (e.g., 5G NR, Wi-Fi 6) specify detailed signal processing procedures
that leave limited room for DL-based modifications. Future standards (e.g., 6G) could be designed
with DL integration in mind, but this requires collaboration between the ML and communications
communities to ensure that learned components meet standardization requirements for interoperability,
robustness, and verifiability.

5.5.6. Hardware Implementation and Energy Efficiency

Real-time implementation on power-constrained devices is essential for practical deployment.
Most surveyed work evaluates performance using offline simulations without addressing imple-
mentation complexity, latency, or energy consumption. Research on efficient neural architectures,
hardware-software co-design, and low-power inference is needed to bridge the gap between research
prototypes and deployable systems.

5.6. Future Research Directions

Based on the analysis presented in this survey, we postulate several promising directions for
future research:

5.6.1. Transformer Architectures for OFDM Reception

The recent emergence of transformer-based receivers demonstrates the potential of attention
mechanisms to capture complex dependencies across subcarriers, antennas, and time. Future work
could explore more sophisticated transformer architectures, incorporate inductive biases specific to
OFDM (e.g., frequency-domain structure, cyclic prefix properties), and investigate efficient attention
mechanisms to reduce computational complexity.

5.6.2. Physics-Informed Neural Networks

Incorporating known physical laws and signal processing principles into neural network architec-
tures can improve sample efficiency, generalization, and interpretability. Physics-informed approaches
that embed OFDM signal structure, channel models, or orthogonality constraints into network design
remain largely unexplored and represent a promising direction for achieving both performance and
robustness.

5.6.3. Federated Learning for Distributed Optimization

In cellular networks, distributed base stations and user equipment could collaboratively train
receiver models using federated learning, enabling personalization to local channel conditions while
preserving privacy. This paradigm could support adaptive, location-specific optimization without
centralized data collection.

5.6.4. Joint Transmitter-Receiver Optimization

Most surveyed work focuses exclusively on receiver-side DL, treating the transmitter as a fixed
entity. Joint optimization of learned transmitters and receivers (sometimes referred to as "autoencoder"
approaches) could unlock additional performance gains by co-designing modulation, coding, and
waveform generation with receiver processing. However, such approaches face significant challenges
in maintaining backward compatibility with existing systems.
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5.6.5. Integration with the 6G Vision

As the research community begins exploring 6G technologies, deep learning-based receivers
are likely to play a central role. Integration with emerging paradigms such as reconfigurable intelli-
gent surfaces (RIS), terahertz communications, and semantic communications will require new DL
architectures and training methodologies tailored to these unique challenges.

5.6.6. Robustness and Adversarial Considerations

Wireless systems may face adversarial interference or jamming. The robustness of DL-based
receivers to adversarial attacks—intentionally crafted signals designed to degrade performance—has
received little attention. Research on adversarial robustness, certified defenses, and robust training
techniques is needed to ensure reliable operation in contested environments.

6. Conclusions
6.1. Summary of Key Findings

This comprehensive survey has presented an in-depth, systematic analysis of deep learning appli-
cations across all stages of OFDM receiver processing, examining 339 papers published between 2019
and 2025 and providing a detailed analysis of the 16 highest-performing methods. The survey reveals
that deep learning is not merely an incremental improvement over conventional signal processing,
but represents a fundamental paradigm shift in how wireless receivers can be designed, offering
data-driven adaptability, robust performance in challenging conditions, and the potential for joint
optimization across traditionally separate processing stages.

Our stage-by-stage analysis demonstrates that DL methods achieve substantial performance
improvements at virtually every point in the OFDM receiver pipeline. For synchronization, DL-based
approaches accurately estimate I/Q imbalances, carrier frequency offsets, and coarse frequency offsets,
with methods achieving a reduction in mean absolute error of up to 70.54% compared to conventional
techniques. In CP removal, innovative DL architectures have demonstrated the feasibility of OFDM
reception without cyclic prefixes or pilot symbols, while maintaining competitive performance and
potentially reducing overhead to increase spectral efficiency. Channel estimation—the most extensively
studied area with 54.72% of surveyed papers—shows consistent NMSE improvements of 3-10 dB over
traditional LS and MMSE methods, particularly in low-SNR and high-mobility scenarios. Channel
equalization methods leverage learned representations to achieve improved BER performance across
diverse fading conditions. Demodulation and decoding stages benefit from DL’s ability to handle non-
linear distortions and exploit structure in error patterns, offering adaptable schemes that outperform
fixed conventional algorithms in challenging environments.

Beyond individual stage enhancements, end-to-end deep learning receiver architectures represent
an alternative approach that jointly optimizes all processing stages. Methods such as TCD-Receiver,
Comm-Transformer, and SigT demonstrate that transformer-based architectures with attention mecha-
nisms can capture complex dependencies across subcarriers, antennas, and time, achieving state-of-the-
art performance. However, our analysis also reveals that hybrid approaches—selectively combining
DL components with conventional processing—often achieve the best balance between performance,
complexity, and interpretability.

6.2. Stage-Wise Performance Highlights

Table 9 in Section 5 provides a comprehensive comparison of the highest-performing methods
across all stages. Key performance highlights include:

• Synchronization: GRU-based CFO estimation achieves 70.54% MAE reduction for 802.11n
systems; LSTM approaches demonstrate robust CFO correction in massive MIMO scenarios.

• CP Removal: Convolutional residual networks enable pilotless, CP-free OFDM reception with
performance approaching conventional systems that rely on these overheads.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 January 2026 doi:10.20944/preprints202601.0658.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.0658.v1
http://creativecommons.org/licenses/by/4.0/


29 of 35

• Channel Estimation: FSRCNN and SBL-DCNN methods achieve superior NMSE performance
(3-10 dB improvement) across diverse channel models, including mmWave MIMO-OTFS systems.

• Channel Equalization: MOCEE-Net and CW-DNN demonstrate improved BER under both
AWGN and Rayleigh fading conditions, with CW-DNN enabling direct data recovery using pilot
symbols.

• Demodulation: DeepDeMod achieves robust BPSK demodulation under multiple impairments,
including AWGN, Rayleigh fading, and frequency/phase offsets.

• Decoding: NMS CNN decoder for 5G LDPC and DLNet for massive MIMO demonstrate im-
proved error correction across multiple modulation schemes (QPSK through 256-QAM).

• End-to-End: Transformer-based receivers (TCD-Receiver, SigT, Comm-Transformer) achieve
state-of-the-art BER and NMSE performance, outperforming both conventional and earlier DL
methods.

6.3. Maturity Assessment

The maturity of DL-based OFDM receiver components varies significantly across stages. Channel
estimation and equalization are the most mature areas, with well-established architectures (CNNs,
ResNets, hybrid approaches) that consistently outperform conventional methods and are approaching
readiness for practical deployment, particularly in pilot-constrained scenarios such as massive MIMO.
End-to-end architectures have rapidly advanced with the emergence of transformer models, though
challenges in training complexity, generalization, and computational cost remain.

Conversely, several stages remain significantly underexplored. Synchronization (3.5% of papers),
CP removal (0.9%), and decoding (1.5%) represent areas where DL applications are nascent and require
substantial additional research before they can be deployed practically. The complete absence of viable
DL-based FFT replacements (0 papers) is noteworthy, reflecting the mathematical optimality and
computational efficiency of conventional FFT algorithms, which suggests that not all signal processing
operations benefit from learned replacements.

From a deployment readiness perspective, stage-wise DL enhancement offers the most practical
near-term path, allowing operators to selectively upgrade specific bottleneck stages while retaining
proven conventional processing elsewhere. End-to-end receivers, while promising in research con-
texts, face significant barriers, including training complexity, limited interpretability, standardization
challenges, and computational requirements that make widespread deployment premature without
further innovation in efficient architectures and hardware acceleration.

6.4. Implications for Wireless Standards and Future Systems

The findings of this survey have important implications for the evolution of wireless communica-
tion standards and the development of next-generation systems. As stated earlier, current standards
(5G NR, Wi-Fi 6) were designed around conventional signal processing assumptions, leaving limited
room for DL integration. However, as the research community begins defining 6G requirements
and architectures, there is an opportunity to design standards that explicitly accommodate learned
components.

Key considerations for standards bodies include defining interfaces that enable DL-based process-
ing while maintaining interoperability, establishing performance verification and testing procedures for
learned components, addressing over-the-air training and model update mechanisms, and specifying
computational complexity budgets suitable for different device classes (e.g., smartphones, IoT sensors,
base stations).

Beyond incremental improvements to existing paradigms, DL-based receivers may enable entirely
new communication architectures. Pilotless massive MIMO, adaptive waveform designs learned jointly
between transmitter and receiver, semantic communication systems that optimize for task-relevant
information rather than bit-level accuracy, and integration with reconfigurable intelligent surfaces all
represent potential directions where DL could be transformative.
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Deep learning has demonstrated compelling potential to transform OFDM receiver design from
fixed, model-based processing pipelines into adaptive, intelligent systems that learn optimal strate-
gies directly from data. The cumulative evidence across all the reviewed papers reveals consistent
performance advantages across synchronization, CP removal, channel estimation and equalization,
demodulation, decoding, and end-to-end architectures. Neural networks offer the ability to handle
non-ideal conditions, such as multipath fading, interference, hardware impairments, and high mobil-
ity—more robustly than conventional methods, while potentially reducing computational complexity
during inference through learned representations.

However, significant challenges remain before DL-based receivers achieve widespread practical
deployment. Generalization across diverse real-world channel conditions, robustness to distribution
shift, theoretical understanding of performance bounds, integration with existing standards, and
energy-efficient implementation on resource-constrained devices all require continued research. The
gap between laboratory performance on simulated channels and reliable operation in production
networks is substantial.

The research community has laid a strong foundation. We believe that the next phase of develop-
ment should focus on bridging the gap between research prototypes and production systems in order
to be able to effectively evaluate these systems in real-world deployment scenarios, addressing open
challenges in robustness and generalization, and working collaboratively with standards bodies and
industry to ensure that the transformative potential of deep learning for wireless communications is
realized in next-generation wireless systems that provide high throughput, low latency, and stable
performance across diverse and demanding environments.
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