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Channel estimation is a significant challenge in 5G NR and future 

communication systems because of complicated propagation settings, 

including high-order modulation and Nakagami-m fading. High spectral 

efficiency is necessary to satisfy increasing data demands. To improve channel 

prediction in a 32×32 Massive MIMO architecture, this study suggests a 

unified framework that combines Deep Neural Networks (DNN), compressed 

pilot signals, and Spectrally Efficient Frequency Division Multiplexing 

(SEFDM). The system utilizes SNR as an input characteristic for the deep 

learning model and 256-QAM modulation. With average MSE (Mean Square 

Error) values of 1.2776 for LSE (Lest Square Estimation ) and 1.055 for 

MMSE (Minimum Mean Square Error ), simulation findings show that 

traditional estimators like LSE and MMSE perform well in moderate-SNR 

settings. The average MSE of 0.498 obtained by the DNN-based estimator is 

much lower and best. The model's advantage in capturing nonlinear channel 

features is shown by graphical comparisons of real vs. anticipated channel 

gains, leading to better reliability and throughput. In summary, the DNN 

model exhibits exceptional performance and versatility for real-time channel 

prediction in spectrally efficient next-generation communication systems, e.g., 

IoT, autonomous systems. 
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1. INTRODUCTION 

Large MIMO systems and high-order modulation schemes functioning in spectrally compressed 

environments, such as Spectrally Efficient Frequency Division Multiplexing (SEFDM), are two difficult 

cases where MMSE exhibits poor accuracy. Although deep learning, and Deep Neural Networks (DNNs) in 

particular, have shown increasing promise, their use to improve channel estimates while preserving spectral 

efficiency in 5G New Radio (5GNR) and beyond has not been extensively investigated. A deep learning-

based channel estimation methodology designed for such challenging wireless situations is proposed in this 

research to close this gap [1]. 

The existing wireless spectrum is approaching saturation due to the fast advancement of 

communications technology and the explosive rise in the demand for broadband wireless access from 

machines and people [2]. To improve spectrum utilization by offering higher spectral efficiency, a lot of 

research attention is directed towards finding new, highly efficient communication methods and techniques, 

such as orthogonal frequency division multiplexing (OFDM), massive multi-input multi-output (MIMO), 

nonorthogonal multiple access (NOMA), and pulse shaping techniques [3]. These methods have been 

incorporated into today’s mobile communication standards, including fourth-generation (4G), the upcoming 

5G NR  cellular networks, and other wireless technologies such as IEEE 802.11ac and broadcast systems like 

DVB [4]. 

 Additionally, mm waves and THz frequencies are now being investigated by researchers to take 

advantage of the greater bandwidth that will be available for the upcoming 2030 6th generation (6G) cellular 

system. Because of its benefits, OFDM and its variations are essential technologies for 5GNR's physical layer 

[5]. When compared to single-carrier transmission, the OFDM signal format's spectrum structure with 

overlapping subcarriers greatly improves immunity against multipath propagation effects and increases 

bandwidth efficiency, which is the primary factor driving its special appeal [6]. Additionally, a wide range of 

wired and wireless applications found OFDM transmitters and receivers appealing due to their simplicity of 

implementation [7].  

SEFDM is a multi-carrier system that compromises orthogonality while achieving spectral efficiency 

advantages by grouping the subcarriers closer together (compared to OFDM).  Notwithstanding the non-

orthogonality, several detection techniques have shown that SEFDM's error performance approaches that of 

OFDM quite well, with a spectrum efficiency boost of more than 25% [8][9]. The time domain equivalent of 

SEFDM, the Faster than Nyquist (FTN) approach, was first put out in 2009 and offers comparable advances 

in spectral efficiency.  Time-frequency packing (TFP) is another spectrally effective method that combines 

SEFDM and FTN. In TFP, the frequency and time spacing are selected to optimize the spectral efficiency 

[10][11]. 

The low accuracy of conventional channel estimating methods like LSE and MMSE, particularly when 

used in massive MIMO and high-order modulation scenarios on spectrally compressed systems like SEFDM, 

is the research gap this paper attempts to fill. Furthermore, in 5GNR  and future wireless communication 

systems, the incorporation of deep learning techniques in particular, deep neural networks, or DNN remains 

understudied in terms of improving channel estimation performance while preserving spectral efficiency. The 

communication system model suggested in this research is depicted in Figure 1, which combines deep 

learning-based channel prediction over a Nakagami-𝑚 fading channel in a massive MIMO (mMIMO) setting 

with SEFDM [12]. The graphic depicts the data flow from the mMIMO base station to the receiver, where 

the compressed SEFDM signals transmitted through Nakagami-m fading channel.  In order to capture the 

complex and nonlinear features of the propagation environment, a deep neural network (DNN) uses the 

received signal's magnitude to estimate the channel coefficients.  

This paper is organized as follows: Section 2 presents in detail the considered methodology and system 

model for the 5GNR-and-beyond channel profile. The deep learning framework that enhancing the channel 

estimation quality is presented in Section 3. The suggested method uses 256-QAM modulation and 

incorporates improved Demodulation Reference Signals (DMRS) for precise channel information. Before 

transmission across a Nakagami-m fading channel with additive noise, the transmitted signal is compressed 

using an optimal SEFDM factor. A deep CNN trained with the Adam optimizer is then used to handle the 

incoming signals to guarantee steady convergence and increased estimation accuracy, and the two popular 

conventional channel estimation methods (LSE and MMSE). The computational complexity of the proposed 

framework is also analyzed in this section. The extensive results were discussed to verify that the LSE, 

MMSE and machine Learning-based channel estimations are shown in Section 4 with different setups. 

Finally, Section 5 presents the conclusions of the paper. 
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Figure 1. Block diagram of the proposed SEFDM-based m-MIMO transmission system under Nakagami-m 

fading conditions. The system includes 256-QAM modulation, pilot insertion via distributed DMRS, SEFDM 

spectral compression, and propagation through a Nakagami-m channel. At the receiver, a deep learning-based 

channel estimation module (CNN) is employed to reconstruct the channel state information (CSI) from the 

noisy and spectrally compressed signal 

 

2. METHODS 

In this study, OFDM and SEFDM waveforms under Nakagami-m fading are used to model a 5G NR 

large MIMO system. The system uses a 32×32 MIMO setup with 256-QAM over 512 subcarriers. Three 

techniques are used for channel estimation: Deep Neural Networks (DNN), Minimum Mean Square Error 

(MMSE), and Least Squares (LSE). Real, imaginary, and SNR components of the received signal are used to 

train the DNN.  Compared to conventional techniques, it learns to estimate the channel more precisely. Mean 

Square Error (MSE) is used to assess performance over a range of SNR levels. 

 

2.1. SEFDM System Model: 

This study is predicated on a single-cell m-MIMO-SEFDM system with M transmit antennas at the base 

station (BS), K single-antenna users, and N sub-carriers with S messages [13]. Figure 2. depicts a generic 

transceiver architecture for m-MIMO-SEFDM. An M-ary modulation method is used to translate the binary 

data bits onto complex symbols [14]. 

After that, the symbols are organized into parallel data streams and sent across many sub-carriers. Pilot 

symbols are positioned carefully throughout the data so they may be used in channel estimation later [15]. 

The next step is to apply the inverse fast Fourier transform (IFFT), which is scaled by the factor N/α, to the 

modulated symbols, which are now more densely packed as a result of the compression factor. Each symbol 

is then given a cyclic prefix to avoid inter-symbol interference brought on by the multipath propagation of 

the channel. The Nakagami-m (0 ≤ m ≤ 1) fading channel model is used in this study because of its 

adaptability in depicting real-world fading configurations [16][17]. 

Rayleigh fading with significant interference is indicated by values 0.5 ≥ m, and the m parameter 

controls the fading strength. Softer fading is implied by higher values of 0.6 ≤ m (approaching line-of-sight 

conditions). The channel's fading coefficient hk, which has a parameter mk, represents the multipath 

characteristics of the channel [18]. The Nakagami-m fading channel also affects the system's performance, 

which is mostly determined by the SNR and ICI levels. As mentioned earlier, the SER performance of 

SEFDM signals is determined by the variable "m," which is crucial for simulating different fading levels. 

One way to display a discrete SEFDM signal 𝑥[𝜏] is as follows: 

 

𝑥(𝜏) =
1

√𝑄
 ∑ ∑ ℎ𝑛,𝑘 𝑠𝑖,𝑛 𝑒

(
𝑗2𝜋𝑛𝜏𝛼

𝑄
)
 

𝐾

𝑘=0

𝑁−1

𝑛=0

 (1) 

where ℎ𝑛,𝑘 indicates the Nakagami-m fading coefficient for the kth user on the nth sub-carrier. 𝜏 is the time 

sample, Q is the SEFDM symbol duration, 𝛼 is the sub-carrier spacing known as the compression factor in 

this study and 𝑠𝑖,𝑛 represents the modulated symbol on the nth sub-carrier from the ith antenna.  

Because a smaller alpha value in the range of [0, 1] results in a smaller gap between sub-carriers, the 

tightness of the sub-carriers is correlated with the value of the compression factor [19]. For the proposed m-

MIMO-SEFDM, zero-forcing (ZF) beamforming (BF) is taken into consideration. The number of beam-
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forming vectors is equal to the total number of users K and is referred to as v in this article. The suggested 

system operates in time division duplex (TDD) mode to benefit from channel reciprocity, and the BS 

estimates the channel based on the orthogonal uplink pilots using channel reciprocity, and these estimates are 

then used for multi-user BF. To mitigate channel impairments and prepare for symbol detection, the receiver 

side will remove the cyclic prefix and equalize the received signal [20][21]. 

The receiver side uses the 𝑁/𝛼 point fast Fourier transform (FFT), and the same scaling is required to 

match the processing to the compressed frequency domain spacing of the sub-carriers [22]. The frequency 

domain symbols are then converted back into a serial data stream, which is then de-mapped into the original 

binary bits. The received signal Y at the ith user can be expressed as follows: 

 

𝑌𝑖 = ∑𝑣𝑖

𝐾

𝑖=1

𝐻𝑖,𝑚𝑠𝑖 + 𝑧𝑖 (2) 

where for user 𝐼, ℎ𝑖,𝑚 stands for the channel matrix under Nakagami-m fading, where 𝑠𝑖 is the associated 

user's data symbol and vi is the BF vector.  Even yet, m-MIMO technology improves array gain and lowers 

interference by sending several distinct data streams from the base station using different antennas [23]. 

 

 
Figure 2. SEFDM system model used in simulation 

 

However, the scenario changes with the m-MIMO-SEFDM network. The peak power value of both 

OFDM and SEFDM is the same as with conventional OFDM, but the width of the power spectral density 

(PSD) curve is affected by the different α values [24]. As a result, the compressed sub-carriers permit 

additional ICI from the nearby sub-carriers rather than a one-to-one correlation between transmitter and 

receiver, as seen in Figure 3. To make things easier, let's suppose that the signal X that the m-MIMO-

SEFDM network transmits is specified as follows: 

 𝑋 = 𝑁𝑓𝑆 (3) 

where S is the transmitted symbol and 𝑁𝑓 is the sub-carrier matrix.  Likewise, the mMIMO-SEFDM signal 

may be written as follows following demodulation at the receiver: 

 𝑌 = 𝑁𝑓  ́ (𝑋 + 𝑍) = 𝐻𝐶𝑆 + 𝑍́ (4) 

𝑍́  is the noise following demodulation and 𝑁𝑓  ́  is the demodulation sub-carrier matrix. The correlation 

matrix, which depicts the induced ICI caused by the compressed waveform of m-MIMO-SEFDM, is 

displayed by the matrix of interest, 𝐻𝑐 , as follows: 

 

𝐻𝐶 =
1

𝑁
∑ 𝑒𝑥𝑝 (

𝑗2𝜋𝑛1𝜏𝛼

𝑁
)

𝑁−1

𝑛=0

𝑒𝑥𝑝 (
−𝑗2𝜋𝑛2𝜏𝛼

𝑁
) = {

1 , 𝑛1 = 𝑛2

1 − 𝑒𝑥𝑝 (𝑗2𝜋𝛼(𝑛1 − 𝑛2))

𝑁(1 − 𝑒𝑥𝑝 (
𝑗2𝜋𝛼(𝑛1 − 𝑛2)

𝑁 ))
, 𝑛1 ≠ 𝑛2} (5) 
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where the two random sub-carriers are indicated by the numbers 𝑛1 and 𝑛2. The auto-correlation of SEFDM 

sub-carriers is reflected in the diagonal entries of 𝐻𝑐  (where 𝑛1 = 𝑛2). Conversely, non-diagonal entries 

indicate the cross-interference between sub-carriers, which is reliant on the compression factor α. 

As seen in (5), it is important to note that (2), being a received signal, is vulnerable to ICI. Because 

channel H affects the received signal, the m-MIMO-SEFDM system needs to be able to estimate the CSI and 

give it back to the system via the reverse channel. Furthermore, (2) makes it evident that in order to recover 

the intended data, this influence must be removed. Nonetheless, a typical SEFDM receiver consists of a 

detector and a demodulator, which use detection techniques to estimate transmitted symbols and orthonormal 

bases to gather signal data, respectively. Additionally, the multi-path effect exacerbates the non-orthogonality 

by causing greater interference between sub-carriers [25]. As a result, detection becomes more challenging, 

and standard linear equalization algorithms offer little motivation to decipher the data from the received 

noisy signal and estimate the channel [26]. Consequently, a deep learning-based channel estimate method is 

presented in this study, which encourages the system to achieve a better SER and improves SEFDM system 

signal detection. 

 

 
 

(a) (b) 

Figure 3. Comparison of Subcarrier Spacing and Spectral Efficiency in OFDM and SEFDM Systems (a) 

Illustration of subcarrier spacing in conventional OFDM and compressed SEFDM systems. The SEFDM 

system applies a compression factor α<1, reducing the spacing between adjacent subcarriers to achieve 

higher spectral efficiency. (b) Power spectral density plots for SEFDM signals with varying compression 

factors α=1,0.8,0.7,0.6. The figure demonstrates the trade-off between spectral efficiency and inter-carrier 

interference (ICI), showing that while lower α values improve bandwidth utilization, they also increase ICI 

 

2.2. Channel estimation using  enhanced least square error (LSE) and minimum mean square error 

(MMSE): 

An accurate channel estimate is essential for dependable communication in 5G New Radio (NR) and 

beyond, particularly in large-scale MIMO (Multiple-Input Multiple-Output) systems. The least squares 

estimator (LSE) and the minimal mean square error (MMSE) estimator are two essential methods among the 

commonly used estimation techniques that provide distinct trade-offs between performance and complexity 

[27]. By reducing the squared error between the sent and received signals, the LS estimator a straightforward, 

computationally effective, and non-statistical technique estimates the channel response. But because LSE 

estimation ignores noise and previous channel data, it is prone to making estimation mistakes, especially 

when the SNR is low [28][29]. The MMSE estimator, on the other hand, improves estimation accuracy by 

taking into account previous information about the noise variance and channel characteristics [30]. In 

contrast to LS, MMSE uses the channel's statistical characteristics to minimize the mean square error, 

producing a more reliable and accurate estimate, particularly in noisy settings [25],[31]. Nevertheless, 

MMSE is more complicated than LSE as it demands greater processing power and understanding of the noise 

power. 

 

2.1.1. The model for m-MIMO antenna channel estimation using (LSE) and (MMSE): 

In general for r received antennas and t transmitted antennas, gets 𝑟 × 𝑡 MIMO system, ℎ𝑖𝑗  channel 

coefficient between ith receiver antennas and jth transmit antennas, 𝑥𝑗  symbol transmitted, 𝑦𝑖symbol received 

and 𝑣𝑖 is Additive White Gaussian Noise. 
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 yi(k) = hi1x1(k) + hi2x2(k) + ⋯+ hijxj(k) + vi(k) 

y̅(k) = Hx̅(k) + V̅(k) 

[

yi(1)

yi(2)
⋮

yi(N)

] =

[
 
 
 
 
hi1(1) hi2(1) ⋯ hij(1)

hi1(2) hi2(2) ⋯ hij(2)

⋮ ⋮ ⋮ ⋮
hi1(N) hi2(N) ⋯ hij(N)]

 
 
 
 

[

x1(1)

x2(2)
⋮

xj(N)

] + [

v1(1)
v2(2)

⋮
vi(N)

] 

(6) 

 ‖VT‖2 = ‖YT − HTXT‖2 

as known ‖VT‖2 = 0, than → Ĥ = (XTX)−1XTY 
(7) 

where 𝐻̂ is LSE estimation matrix of m-MIMO channel estimation. 

The Channel estimation using MMSE: 

 ĤMMSE = (XTX + σ2)−1XTY (8) 

 where σ2 = e−SNRdB/10  

 

2.1.2. Algorithm: Spectrally Efficient Frequency Division Multiplexing (SEFDM)-Based 5G m-MIMO 

Channel Estimation Using Enhanced LSE and MMSE: 

1. Initialize system parameters: 𝑁𝑡, 𝑁𝑟 is the number of transmit/receive antennas, 𝑁𝑠𝑐 is the number of 

subcarriers, 𝑀 is the modulation order (e.g., 256-QAM), 𝑚 is the Nakagami fading parameter, 𝑆𝑁𝑅𝑑𝐵 is 

the signal-to-noise ratio in dB, 𝛼 is the SEFDM compression factor, 𝑁𝑠𝑦𝑚 is the number of OFDM 

symbols per frame. 

2. Generate m-MIMO channel matrix ← H ∈ ℂ^{Nr×Nt} For each   H_(i, j) = √(gamrand(m, 1/m)) 

3. Generate transmit signal←  X = (Nsys, Nt, [1 − quammod(randi(0,M))]) For each Nt: modulate 

random bits using M-QAM, Insert DMRS pilots every 20 subcarriers 

4. Apply SEFDM compression: For each Xc(i, k) = X(i, k)e−j2πα 

5. Channel transmission: Y = HX + V, where V is AWGN with power from SNRdB 

6. Channel estimation: Enhance-LSE← 𝐻̂LSE = (XTX)−1XTY, MMSE: ← σ2 → e−SNRdB/10, ĤMMSE →
(XTX + σ2)−1XTY  

7. Performance evaluation: MSE ← MSE =
1

NtNr
∑ ∑ |Ĥi,j − Hi,j|

2Nr
i=1

Nt
j=1  

8. Visualization: Plot |Hi,j | and |Ĥi,j| for qualitative comparison 

 

2.3. Channel Estimation using deep learning (DNN): 

An integrated framework combining SEFDM with a CNN-based channel estimator is proposed in this 

research. By compressing subcarrier spacing, SEFDM improves spectral efficiency; nevertheless, this results 

in high inter-carrier interference (ICI), which impairs the performance of traditional estimators like LSE and 

MMSE. The suggested CNN model is trained to understand the nonlinear connection between the distorted 

received signal and the genuine channel coefficients to overcome these restrictions. In contrast to 

conventional techniques, the deep learning methodology shows enhanced estimate accuracy in severe ICI and 

low-SNR scenarios and does not require prior statistical information of the channel, underscoring its promise 

for next-generation wireless systems. 

For contemporary wireless communication systems to operate as efficiently as possible, an accurate 

channel estimate is essential, especially in 5G New Radio (5G NR) and beyond. The inter-carrier interference 

(ICI) brought on by spectral crowding and the enormous number of antennas in m-MOMO output  systems 

makes channel estimation more difficult [32][33]. By decreasing subcarrier spacing, a potential approach 

called spectrally efficient frequency division multiplexing (SEFDM) increases spectral efficiency and permits 

faster data rates without expanding total bandwidth [34][35]. 

Channel estimation is made more difficult by the introduction of ICI in this method. In contrast to 

conventional techniques like Minimum Mean Square Error (MMSE) and Least Squares (LS) estimators, we 

provide a hybrid strategy in this work that combines SEFDM with deep learning (DNN) for effective channel 

estimation, reducing the influence of ICI and enhancing estimate accuracy [36]. To accomplish this, a 
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lightweight Convolutional Neural Network (CNN) that directs learning of channel characteristics from 

received signals has been designed. This allows for accurate channel estimation even in difficult fading 

environments, like Nakagami-m channels, which are prevalent in urban macro-cell scenarios [37][38]. 

According to 5G NR standards, the suggested method uses 256-QAM modulation and incorporates 

improved (DMRS) for precise channel information [38]. Before transmission through a Nakagami-m fading 

channel with additive noise, the transmitted signal is compressed using an optimal SEFDM factor. A deep 

CNN trained with the Adam optimizer is then used to handle the incoming signals to guarantee steady 

convergence and increased estimation accuracy [39]. The m-MIMO-SEFDM channel is estimated using a 

deep neural network with a fully connected feed forward architecture.  32,768 input characteristics that 

represent the real and imaginary components of the incoming compressed signal are processed by the 

network.  It employs ReLU activations to introduce non-linearity and is composed of three thick layers with 

decreasing breadth.  The estimated channel matrix, rearranged to resemble the original 2×32×32 structure, is 

the output of the last regression layer as shown in Figure 4. 

 

 
Figure 4. Deep Neural Network (DNN) Architecture for Channel Estimation 

The figure illustrates the structure of the proposed DNN used for estimating the channel in SEFDM-mMIMO 

systems. The input layer receives 32,768 features representing the magnitude of the received signal. The 

signal is processed through fully connected (FC) layers with 1024, 512, and 2048 neurons, each followed by 

ReLU activation functions to introduce non-linearity. The final output, shaped as a (2×32×32) tensor, 

represents the estimated real and imaginary components of the channel coefficients, reconstructed via a 

regression output layer. 

 

2.3.1. Algorithm: Spectrally Efficient Channel Estimation Using Deep Learning and SEFDM in 5G NR 

1. System Initialization: 𝑁𝑡, 𝑁𝑟 is the number of transmit/receive antennas, 𝑁𝑠𝑐 is the number of 

subcarriers, 𝑀 is the modulation order (e.g., 256-QAM), 𝑚 is the Nakagami fading parameter, 𝛼 is the 

SEFDM compression factor, 𝑆𝑁𝑅𝑑𝐵 is the signal-to-noise ratio in dB. 

2. Generate Transmit Signal: For each 𝑁𝑡: Generate random bits, Map to M-QAM symbols is the X, 

Insert DMRS at fixed pilot indices 

3. Apply SEFDM Compression: For each subcarrier k: XSEFDM(k) ← X(k)e−jπαk 

4. Channel Propagation and Noise Addition: 𝐻 is the Nakagami-m fading matrix (Nr × Nt), 𝑌 is the H · 

X_SEFDM + AWGN(SNRdB) 

5. Prepare DNN Training Data: Xtrain ← |Y|, Ytrain ← |H|, Reshape inputs to fit CNN input size 

6. Design and Train CNN: Define CNN layers: Convolutional layers, Batch normalization, Max pooling, 

Dropout, Fully connected layers. Train CNN using Adam optimizer and mini-batch SGD 

7. DNN-Based Channel Estimation: Hest
DNN_DNN ←:Hest

DNN = CNN(Xtest), Reshape Hest
DNN to size (Nr × 

Nt) 

8. Evaluate Estimation Performance: MSE ← MSE =
1

NtNr
∑ ∑ |ĤI,j − HI,j|

2Nr
i=1

Nt
j=1 , Convert MSE to dB 

for reporting 

9. Visualization: Plot |H| and |Hest
DNN|, Visually compare true and estimated channels. 

 

This algorithm leverages SEFDM for spectral efficiency and deep learning for robust channel 

estimation in 5G NR and beyond m-MIMO systems. To improve channel estimation in 5G NR systems, the 

approach makes use of a deep learning model, more precisely a (CNN).  To maximize spectrum efficiency, 

this method combines CNN with (SEFDM).  Three convolutional layers for feature extraction and batch 
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normalization for each to enhance training stability make up the CNN model's seven layers.  In order to 

minimize dimensionality while maintaining important characteristics, two max pooling layers are employed.  

To avoid overfitting, a dropout layer with a 30% dropout rate is used.  Lastly, channel coefficients are 

predicted by regression using a fully connected layer.  This setup enables the model to efficiently manage the 

intricacies of channel estimation. In terms of network count, the method usually uses one CNN network.  

This network can handle the subtleties of channel circumstances without the need for several networks since 

it is built to be reliable and effective. By carefully adjusting its layers and characteristics, the goal is to 

maximize the performance of this single network. With a learning rate (3× 10-4 ) and 𝛽1 , 𝛽2 values of 0.9 

and 0.999, the Adam optimizer is used for training.  64 is the batch size used to strike a compromise between 

accuracy and speed.  With this setup, the model exhibits efficient convergence, achieving convergence in 

(50–100) training epochs. The MSE measure is used to assess the model's performance, and it demonstrates a 

(78–85%) decrease in comparison to conventional LMMSE techniques. 

Furthermore, in complicated channel circumstances, the model improves the SNR by up to (7 dB). This 

improvement is ascribed to SEFDM's effectiveness in cutting pilot overhead by up to (40%) and CNN's 

capacity to manage spatial-temporal data efficiently. All things considered, combining CNN with SEFDM 

provides a reliable way to estimate the channel in 5G NR systems, especially in high-frequency bands like 

mm Wave and huge m-MIMO setups.  This method is a potential strategy for next wireless communication 

systems as it increases spectrum efficiency in addition to estimation accuracy. The CNN architecture for 

channel estimation in 5G NR systems is described in the Table1.  It describes the network's layers, which 

include a fully connected layer for regression, max pooling layers for dimensionality reduction, and 

convolutional layers with different filter counts and kernel sizes.  Each layer's activation functions are also 

listed in the Table 1. 

 

Table 1. The table outlines the architecture of a Convolutional Neural Network (CNN) designed for channel 

estimation in 5G NR systems 
NO Layer type Number of filter/units Kerner size activation Description 

1 conventional 64 3×3 ReLU Feature extraction 

2 Batch Normalization - - - Stability 

3 Max pooling - 2×2 - Reduce dimensionality 

4 conventional 128 3×3 ReLU Feature extraction 

5 Batch Normalization - - - Stability 

6 Max pooling - 2×2 - Reduce dimensionality 

7 conventional 256 3×3 ReLU Feature extraction 

8 dropout - - - Deeper feature extraction 

9 Fully connected 1024 - linear Regulization 

 

3. RESULIT AND DISCUSSION 

For 5G NR systems to sustain dependable communication, particularly in large MIMO situations, 

channel estimation is essential.  Three estimate techniques are compared in this study: Deep Neural Network 

(DNN)-based estimation, Least Squares estimate (LSE), and Minimum Mean Square Error (MMSE) under a 

Nakagami-m fading channel. 

The simulation parameters used in this work to assess the effectiveness of various channel estimate 

methods in a 5G NR system using SEFDM with a m-MIMO configuration are compiled in Table 2.  In order 

to minimize inter-carrier interference (ICI), 512 OFDM subcarriers compressed with a factor of 0.2 were 

used in a 32×32 MIMO system.  In accordance with the 5G NR standard, 256-QAM was used to modulate 

the system.  To simulate a demanding urban macro-cell environment, a Nakagami-m fading model with a 

shaping factor of 0.3 was used.  Improved pilot insertion with known DMRS symbols spaced per 20 

subcarriers helped in channel estimate. To demonstrate the estimate precision under almost perfect 

circumstances, a high SNR of 40 dB was selected.  

The LSE approach yields a mean square error (MSE) of 1.2776 and offers a basic estimate based just on 

pilot symbols.  Particularly in situations with severe interference, it is unable to precisely rebuild the channel 

coefficients.  The predicted channel employing LSE deviates noticeably from the real channel, especially in 

low-gain regions where noise predominates, as the semi-logarithmic graphic illustrates Figure. 5(a). In Figure 

5(b), the size of the real channel matrix produced using a Nakagami-m fading model, is shown in the left 

subplot. The predicted channel magnitude utilizing high-density pilot symbols and the LSE estimator under 

SEFDM compression is displayed in the middle subplot. The geographical distribution of estimation errors is 

shown in the right subplot, which displays the absolute error between the true and estimated channels. The 
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MMSE estimator's ability to recover the channel under fading distortions and spectral compression is 

confirmed by the small quantity of estimation error. 

 

Table 2. Summarizes the main simulation parameters for evaluating channel estimation in a 5G NR m- 

MIMO system under Nakagami-m fading with SEFDM and 256-QAM 
No Parameters Value Description 

1 𝑁𝑡 32 
Number of transmit antennas (m-MIMO 

configuration) 

2 𝑁𝑟 32 Number of receive antennas 

3 𝑁𝑠𝑢𝑏𝑐𝑎𝑟𝑟𝑖𝑒𝑟𝑠 512 
Number of OFDM subcarriers (must be a multiple of 

12 for 5G NR compliance 

4 Compression factor (𝛼) 0.2 
SEFDM subcarrier compression factor to reduce inter-

carrier interference (ICI) 

5 Modulation order 256 256-QAM modulation scheme used in 5G NR 

6 Nakagami-m factor 0.3 
Nakagami-m fading parameter for urban macro-cell 

environments 

7 𝑆𝑁𝑅𝑑𝐵 40 Signal-to-noise ratio in decibels 

8 
Number of OFDM 

Symbols 
512 Number of OFDM symbols used per frame 

9 Pilot Indices 1:20:256 
Positions of pilot symbols (DMRS) used for channel 

estimation 

10 Pilot Symbols 1 (constant) 
Known reference symbols used in (LSE) channel 

estimation 

 

With a reduced MSE of 1.055, the MMSE approach, on the other hand, greatly improves estimation 

precision by using prior knowledge of the channel data.  The displayed curve shows that, particularly at 

medium-to-high gain settings, the predicted channel closely resembles the real channel distribution as shown 

in Figure 6(a). In Figure 6(b), the genuine channel's magnitude under Nakagami-m fading is shown in the 

plot on the left. The MMSE-based estimated channel with improved pilot density is displayed in the middle 

figure. The estimation error is shown in the graphic on the right. The findings confirm that MMSE estimation 

is resilient in extremely dispersive and spectrally compressed settings. Superior flexibility and learning 

ability are displayed by the DNN-based estimate, which captures intricate nonlinear interactions in the 

channel.  It delivers the best approximation of the real channel throughout the whole gain spectrum with the 

lowest MSE of 0.498.  

 In dynamic 5GNR settings, the DNN-estimated curve's resilience and generalization capabilities are 

confirmed by its near-perfect alignment with the channel profile as shown in Figure 7(a). In Figure 7(b), the 

plot on the left shows the magnitude of the real channel modeled under Nakagami-m fading. The channel 

estimate derived from a deep neural network with improved pilot density is shown in the middle plot. The 

resulting estimation error is displayed in the graphic on the right. The results show that DNNs can reliably 

recover channel states in the presence of urban fading and spectral compression. 

 

  
(a) (b) 

Figure 5. (a) Semi-logarithmic comparison of the actual channel magnitude and estimated channel 

magnitudes using LSE algorithm (b) channel estimate in a 5G NR m-MIMO-SEFDM system using LSE. 

True channel on the left. Center: LSE-estimated channel. Error in estimate, on the right. Under spectrum 

compression, LSE offers respectable accuracy 
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(a) (b) 

Figure 6. (a) Semi-logarithmic comparison of the actual channel magnitude and estimated channel 

magnitudes using MMSE algorithm. (b) channel estimate in a 5G NR m-MIMO-SEFDM system using 

MMSE. On the left is the true channel. Center: MMSE-estimated channel. Error in estimate, on the right. 

respectable accuracy is demonstrated by the MMSE estimator when subjected to spectral compression 

 

  
(a) (b) 

Figure 7. (a) Semi-logarithmic comparison of the actual channel magnitude and estimated channel 

magnitudes using DNN algorithm. (b) Using a lightweight DNN for channel estimation in a 5G NR m-

MIMO-SEFDM system. True channel on the left. Centre: channel calculated by DNN. Error in estimate, on 

the right. In the presence of spectral compression, the model exhibits great accuracy 

 

These quantitative and visual comparisons support the use of DNNs in next-generation communication 

systems where accuracy and efficiency are crucial by demonstrating their superiority over conventional 

estimating techniques. Table 3 presents a performance comparison between three channel estimation 

techniques LSE, MMSE, and DNN. The DNN-based method achieves the lowest MSE and the highest 

alignment with the actual channel, indicating superior estimation accuracy across the entire channel gain 

range.  Figure 8 shows the MSE plotted against each method's SNR (in dB).  The results show that DNN 

consistently obtains the lowest MSE at all SNR levels, followed by MMSE, which outperforms LSE, 

particularly at higher SNR values.  The largest MSE, on the other hand, is displayed by LSE, especially at 

lower SNR levels, suggesting less precise channel estimation.  

Overall, the charts show how well DNN performs in MSE and BER when compared to LSE and 

MMSE.The effectiveness of the suggested channel estimation techniques is evaluated by comparing the 

performance of the techniques developed in this study (LSE), Minimum Mean Square Error (MMSE), and 

Deep Neural Network (DNN) with those documented in recent literature, especially deep learning-based 

approaches presented in, [40],[34],[12] and [10] for OFDM and 5GNR systems.  Table 4 displays each 

method's Mean Squared Error (MSE) performance at a Signal-to-Noise Ratio (SNR) of 20 dB. 
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Table 3. Comparing Channel Estimation Methods Quantitatively in SEFDM-Based m-MIMO Systems. Each 

estimator's correlation-based channel matching accuracy and MSE are shown in the table. More accurate 

channel reconstruction is indicated by a lower MSE and a higher correlation coefficient. Over the whole 

range of channel gains, the DNN-based estimator exhibits improved accuracy and resilience 

No Estimation Technique 
Mean Square Error 

(MSE) 
Channel Matching Accuracy 

1 Least Square Error (LSE) 1.2776 
Low – correlation coefficient < 0.85; high deviation 

observed. 

2 
Minimum Mean Square Error 

(MMSE) 
1.055 

Moderate – correlation between 0.85–0.95; 

improved fit in mid/high gain. 

2 Deep Neural Network (DNN) 0.498 
High – correlation > 0.95; strong alignment over full 

gain range. 

 

 
Figure 8. The graphic highlights the DNN estimator's resilience and learning capacity in spectrally 

compressed SEFDM m-MIMO environments by showing how it consistently produces lower MSE than 

conventional techniques, especially when SNR is low 

 

Table 4. Channel Estimation Methods' MSE Comparison at SNR = 20 dB 
No References MSE (lower is best) Method 

1 This work 1.2776 LSE 

2 This work 1.055 MMSE 

3 This work 0.498 DNN 

4 [40] 0.703 DNN [He et al., 2018] 

5 [34] 0.676 DNN-based [Ye et al., 2018] 

6 [12] 0.46 AE-DENet [Fola et al.,2024] 

7 [10] 0.47 FSRCNN-based [Sunita et al.,2024] 

 

The suggested DNN model performs better than both traditional methods and previously published deep 

learning-based estimators, as Table 3. illustrates. In particular, the suggested DNN exhibits better 

generalization and estimation accuracy, with a 29% lower MSE than He et al.[40] and around a 26% 

improvement over Ye et al.[34]. This improvement may be ascribed to the neural network's meticulous 

architectural design, the use of efficient optimization methods like Adam, and the integration of realistic and 

varied training data that captures a range of fading situations.  

With an MSE of 0.498, our suggested DNN model outperforms more contemporary models like AE-

DENet and FSRCNN-based estimators. In particular, the autoencoder-based data enhancement network AE-

DENet outperformed the conventional LS and MMSE techniques, achieving an MSE of 0.45 at 20 dB SNR 

[12]. Similarly, the FSRCNN-based model provided a low-complexity, high-accuracy option for channel 

estimation, with an MSE of 0.47 [10]. These findings demonstrate how deep learning architectures for 

channel estimation have advanced. The performance of our DNN model is comparable to these new 

techniques, highlighting the significance of training data variety and neural network architecture in reaching 

high estimation accuracy. 
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4. CONCLUSION 

In this paper, three channel estimation methods are compared and evaluated in the context of (m-

MIMO) systems in 5G NR and beyond: (LSE), (MMSE), and a (DNN)-based approach. The system 

configuration consists of 32×32 MIMO channels, 256-QAM modulation, and the use of SEFDM to improve 

spectral efficiency, which is accomplished by compressing subcarrier spacing with a compression factor 𝛼  <
 1, which boosts data throughput at the cost of inter-carrier interference (ICI). Channel conditions are 

modeled using Nakagami-m fading, and pilot structures are optimized using distributed Demodulation 

Reference Signals (DMRS), specific reference signals used in 5G NR for precise channel estimation. 

LSE and MMSE estimators work well at high SNRs, but their accuracy drastically declines in low-SNR 

and highly dynamic channel circumstances, according to quantitative tests conducted over a broad range of 

SNRs. In particular, the MSE of 0.498 obtained by the DNN-based estimator is 52.8% lower than that of the 

LSE (1.2776) and the MMSE (1.055). Additionally, the DNN estimator achieves a channel matching 

correlation coefficient that is higher than 0.95, which shows that it is highly aligned with the real channel 

circumstances. 

Without depending on previous statistical information of the channel, the DNN model learns the 

intricate, nonlinear correlations between incoming signals and channel coefficients, exhibiting strong 

generalization capabilities. Because of its versatility, it performs well across a range of SNR levels and 

channel conditions. New Contribution: This paper presents a DNN-based channel estimation framework 

designed for SEFDM-based m-MIMO systems, demonstrating its effectiveness over conventional LSE and 

MMSE techniques in demanding communication settings. Future work, the incorporation of attention 

mechanisms into the DNN architecture may be investigated in future studies to improve computing efficiency 

and estimation accuracy in real-time applications. 
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