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Abstract—This paper explores and evaluates advanced signal
processing techniques for blind channel identification and
equalization in modern 5G networks. The focus is on traditional
statistical methods and emerging artificial intelligence based on
the autoencoder method. The study concentrates on two
principal frameworks: high-order cumulants, specifically the
fourth-order and sixth-order cumulants, which are capable of
exploiting non-Gaussian and  higher-order statistical
dependencies in digitally modulated signals, and Artificial
Intelligence (Al)-based models, particularly autoencoders,
which use deep learning architectures to reconstruct or denoise
received signals without prior knowledge of the transmission
channel. To systematically assess the capabilities of each method,
three distinct algorithms were developed and implemented: the
fourth-order cumulant, the sixth-order cumulant, and the
autoencoder algorithm. These algorithms were applied to 5G
signals transmitted over Rayleigh multipath fading channels,
modeled using standard propagation profiles such as BRAN-A,
BRAN-B, and Proakis B. Simulations were conducted over a
wide range of Signal-to-Noise Ratios (SNRs) and varying levels
of noise and channel dynamics. Key findings from the simulation
results are as follows: The sixth-order cumulant demonstrates
superior noise resilience compared to the fourth-order cumulant,
making it more suitable for environments with stronger
interference or non-Gaussian noise. The autoencoder algorithm
achieves the highest estimation and identification accuracy after
sufficient training, due to its ability to model complex, nonlinear
transformations. However, this comes with increased data
requirements and computational cost. The fourth-order
cumulant algorithm is computationally efficient, theoretically
tractable, and performs well under stationary and low-noise
conditions. However, it exhibits a notable performance decline
in time-varying or high-noise scenarios. In contrast, the
autoencoder algorithm shows enhanced robustness and
adaptability to nonlinear, time-varying, and imperfectly
modeled environments. Its strength lies in learning the
underlying channel effects implicitly from raw data, without
requiring a structured analytical model. Nevertheless, this
benefit is offset by higher computational complexity and a lack
of interpretability compared to the cumulant-based methods. In
conclusion, while cumulant-based techniques remain valuable in
structured or lightly impaired channels, AI based on
autoencoder models, especially autoencoders, offers a more
powerful and flexible solution for blind equalization under
realistic and challenging 5G conditions.
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(BER), Zero Forcing (ZF), Minimum Mean Square Error
(MMSE), Orthogonal Frequency Division Multiple Access
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1. INTRODUCTION

The explosive growth in wireless data demand has driven
the evolution of communication systems toward 5G and

beyond, necessitating highly efficient, robust, and adaptive
signal processing techniques. Modern 5G networks face
significant challenges, including severe multipath fading,
high mobility, frequency selectivity, and interference among
multiple users. One of the critical challenges in this context is
the accurate identification and equalization of radio channels,
especially in scenarios where the use of pilot symbols is
restricted or unavailable-commonly referred to as blind
channel estimation and equalization [1]. These blind
techniques are essential for improving spectral efficiency,
reducing overhead, and ensuring reliable communication in
dynamic 5G environments. Traditional blind techniques often
rely on second-order statistics, which can be insufficient in
rich multipath or non-Gaussian scenarios. In response, High-
Order Cumulants (HOCs) [2], particularly the fourth-order
and sixth-order, have emerged as powerful tools for blind
identification. HOCs capture subtle statistical properties of
transmitted signals, enabling the estimation of the channel's
impulse response without prior knowledge of transmitted
symbols [3, 4]. Their use is especially effective for signals
exhibiting non-Gaussian and non-circular characteristics,
such as Quadrature Phase Shift Keying (QPSK) or 16-
Quadrature Amplitude Modulation (QAM). At the same time,
the rapid advancement of Artificial Intelligence (AI) and deep
learning [5, 6] has opened new avenues for blind equalization.
Models such as autoencoders [7-9] can learn implicit
representations of signals and reconstruct transmitted
information directly from noisy, distorted observations,
without requiring an explicit channel model. Al-based
approaches excel in complex, nonlinear, or time-varying
environments typical in 5G systems affected by Rayleigh
fading, frequency selectivity, and multiuser interference. In
this study, we propose a comparative framework that
analyzes and contrasts both approaches-high-order cumulants
and Al-based autoencoder algorithms for blind identification
and equalization in 5G networks. Specifically, we develop
three algorithms: a fourth-order cumulant estimator, a sixth-
order cumulant estimator, and an autoencoder-based
equalizer. Each method is tested over standard 5G multipath
channels (e.g., BRAN-A, BRAN-B, and Proakis B) using
Orthogonal Frequency Division Multiple Access (OFDMA)
waveforms. We design and implement blind estimators of
different statistical orders, capturing higher-order signal
properties for channel estimation. We develop a deep-
learning model trained to reconstruct input signals from
distorted received symbols, capturing complex nonlinear
channel effects. Furthermore, we evaluate all methods under
varying Signal-to-Noise Ratios (SNRs), channel conditions,
and signal types, using metrics such as Mean Squared Error



(MSE) and Bit Error Rate (BER). The results demonstrate
that while cumulant-based methods are more interpretable
and efficient in stationary, low-noise scenarios, Al-based
approaches offer superior flexibility and robustness in
challenging, dynamic environments. This observation
motivates the development of hybrid solutions, which
combine statistical features with neural representations,
representing a promising direction for next-generation 5G
and beyond wireless systems.

II. SYSTEM MODEL

We are considering baseband OFDMA systems for 5G
using modulation schemes, such as QPSK and 16-QAM. The
signal experiences multipath fading, which is modeled by the
BRAN-A, BRAN-B, and Proakis-B channels, and is also
affected by AWGN (Figs. 1 and 2). The received signal is:
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where:

e h(k): unknown channel coefficients (FIR of order p),
o x(n): transmitted signal,

e w(n): Additive White Gaussian Noise (AWGN),

e y(n): observed output signal.
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The reception module performs essential pre-processing of
the received OFDM signal. First, synchronization algorithms
correct timing, frequency offset, and phase errors caused by
the multipath fading channel. Then, the cyclic prefix is
removed to restore the original OFDM symbol structure.
Finally, a Fast Fourier Transform (FFT) transformation is
applied to convert the signal to the frequency domain. This
allows each subcarrier to be independently processed. These
operations ensure that the input to the blind identification
block (cumulants or autoencoder) is properly aligned, making
channel estimation and equalization accurate and robust.

III. BLIND ALGORITHMS

A.  Algorithm Based on 4th Order Cumulant: Alg.4th Order

e Cumulants, which are moments of higher order, capture
statistical features of a signal.

e The 4th-order cumulants are invariant to Gaussian noise
and sensitive to phase and magnitude distortions.

e By matching the cumulants of the received signal to those
of an ideal QPSK signal, the channel can be indirectly
estimated.

Let us suppose that:

e The additive noise n(k) is Gaussian, zero mean, possibly
colored or symmetric, independent and identically
distributed with vanishing moments of order higher than
2.

e The noise n(f) is independent of x(k) and y(k).

e The channel is a causal Finite Impulse Response (FIR)
system of known order p with £(0) =1, and 4(7) =0 if i <
0.

e The m-th order cumulant of the output signal y(n) is
related to the input via [10—12]:
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where y,.. is the m-th order cumulant of the excitation x(k)
evaluated at the origin.

Let C,, be the n-th order cumulant of the output, and C,
the m-th, then the following relation holds for n > m:
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The following gives rise to relationships based on slices:

14
Cny(ﬁlt v Brjt g, e, @y rq)(4)




= Zp: h(D) [ﬁ h(i + Bi)
i=0 k=1

For n = 3, this simplifies to:
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For n =4, we get:
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Let’s choose ¢t = 2 = p and i = > = 0. Then Eq. (6)
becomes

P
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Given the FIR structure and causality, we determine that:
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Then, from Egs. (6) and (7) we obtain the following system
of equations:
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Since we have assumed that h(0) = 1, if we consider that
h(p) # 0 and the cumulant C,,,,(ty, ..., t;p—1) = 0, if one of
the variables t;, > p, where k = 1, ..., m — 1, the system of
Eq. (9) will be written as follows:
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Now, we will formulate the problem in matrix form. Let:
e The left-hand side be a vector d, of size 2p + 1,
e The unknowns b,, present the scaled third powers of the
channel taps:

b, (i) = :23((;)) i=0,.,p (11)
e The matrix M is formed by the cumulant:
Coy(p,0J + ).
Then, the equation becomes:
Mb, = d, (12)
The least squares solution is:
b,= (M™M)"*M"d, (13)

Once we have the estimate of Bp, we can then estimate the
individual taps of the channel coefficients.
Fori=1,..,p—1:

R = sign [B,() (Bp(p))z]{abs (1310(1))(13,,(;)))2}§ (14)

where:
1, x>0
sign(x) = ! 0, x =
-1, x<0

For the last coefficient h(p):

i) = Lsign [B,)] {abs (B,)) + G2} (1)
Summary of the Algorithm:
e Compute 4th order cumulants C4,, (£;, t5, t3) for selected
lags,
e Build matrix M and vector d, from Eq. (12),
e Solve the linear system via least squares (Eq. (13)),



e Estimate h(i) using Egs. (14) and (15),
e Normalize so that h(0) = 1.

B.  Algorithm Based on 6th Order Cumulants: Alg.6th Order

Assumptions
e x(n) is stationary and zero-mean, with normalized
cumulants: cum,(x) =1, cum,(x) =y, and cumgs(x) =7y,
e w(n) is a zero mean Gaussian signal uncorrelated with
x(n): cum,,(w) = 0 for allm > 2.
For a stationary, zero mean signal y(n), the general form
of the 6th order cumulant is:

y(n)
y(n+ 1),
y(n+ 1),
y(n + 13),
y(n+ 1),
y(n+ 1)

Ce(Tq, ..., Tg) = cum

(16)

This expression measures higher-order dependencies
among delayed versions of the signal and is zero for Gaussian
signals. We select a special structure for the delays to simplify
the expressions. For instance ([13]):
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where: 6, (j): Kronecker delta that enforces the specific shift
pattern.

This choice results algebraic equations involving powers
of h(j), which can be linearized or treated as a system of
polynomial equations.

Given N samples of the output signal y(n), the 6th order
cumulant can be estimated empirically as:

R 1 N
Colrynrt5) =3 Z y(), y(n+ 1)), ., y(nt 75) (18)
n=1

Since the additive noise is Gaussian, its contribution to the
6th order cumulant is zero, and the bias terms due to moments
can be ignored for large N.

We can gather all cumulant equations into a vector form:
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Each element in Cg4 is a nonlinear function of the unknown
channel coefficients. We define a corresponding polynomial
vector as follows:

hg

hih2
hpory = (20)
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Now, we will construct the linear system:
C6 = Mg " hpory 21

where:
e Mg € IRM*K encodes the delay combinations and
polynomial coefficients,
®  hyo1y includes monomials of h up to order 6.
We solve the overdetermined system using Least Squares
(LS):
7 — (mT -1yT
hpoly - (M6 M6) M6 Ce (22)
Next, we invert the monomials to order to retrieve the
channel coefficients

with:

4 =5, 24)

®  Yex = cumgy(x) is 6th order cumulant of signal x(n).
o’ / |cij | : extract the magnitude of the estimated coefficients.

. sign((ij): retains the sign or phase information.

This assumes real-valued cumulants and channels. For
complex signals, a phase correction step is needed.
C. Algorithm Based on Autoencoder
1)  Principle

Deep learning architectures, such as autoencoders, enable
the reconstruction and representation of received signals
without prior knowledge of the transmission channel. By
learning complex, nonlinear mappings directly from data,
they can capture hidden statistical structures, reduce noise
and interference, and adapt to time-varying or unknown
channels. This makes them very effective for blind
equalization in dynamic wireless environments like 5G
networks, eliminating the need for pilot symbols or explicit
channel models. An autoencoder learns to reconstruct the
clean signal from the distorted received signal [14, 15]. It
consists of:
e Encoder: Extracts latent representation (z),
e Decoder: Reconstructs the signal using (z).

2)  Architecture
e Input: Time-domain received OFDM blocks,

e Output: Reconstructed block,

e Loss: Reconstruction Mean Squared Error + Kullback-
Leibler (KL) divergence.



3)  Mathematical formulation

Let:
e x € [R™: input vector (received signal),
e z € IR¥: latent reresentation with k < n,
e X € IR™: reconstructed output.
4)  Encoder

Let the input vector be:

X1
X2

x = € IR"

L]

It may represent, for example, a received OFDMA signal
block with n samples.

The encoder performs a linear projection of x into a latent
space of dimension k [16]:

(25)

a=W,x+b, (26)
where:
o W, € IR¥*™ is the weight matrix,
e b, € IR¥ is the encoder bias vector.
This yields an intermediate vector a € IR¥:
n
Z We1j xj + bey
=1
a, n
Gz | Wezj xj + be2
a= = j:1 (27)

la,.] .
n
l}Zl Wekj X]' + bekJ

A non-linear activation function is applied element-wise:

z; =0,(a;), fori=1,..,k (28)

with:
o,(a;) = tanh(a;) (29)

The activation function is used to define the output vector
“latent” as follows [17]:

zZ = fe(x) = Ge(a) = Ue(w/ex + be) (30)
5)  Decoder
Reconstructs X from z by:
% =g9(z) = 04(2) = 0;(Wyx + by) (31)

where:

o W, € IR™*: decoder weight matrix,
e b, € IR™: decoder bias vector,

e 0,(2)= function activation (sigmoid or linear).

Measures the difference between X and x using the loss
function Mean Squared Error (MSE):
£(x, %) = [lx — 2|1 (32)
The goal this algorithm is to reconstruct the transmitted
signal without explicit knowledge of the channel.

1IV. EQUALIZATION ALGORITHMS

A. 4th and 6th Order Cumulants Based on ZF and MMSE
Equalizations
In blind channel identification for 5G systems, higher order
cumulants, specifically the 4th and 6th order, are utilized to
extract statistical features from the received signal without
the need for pilot sequences. These cumulants effectively
capture the non-Gaussian characteristics and structure of the
signal, facilitating the estimation of the channel impulse response h.
After the channel is blindly estimated using cumulant-
based methods, conventional linear equalizers like Zero
Forcing (ZF) and Minimum Mean Square Error (MMSE) are
then applied [18].

1) ZF equalizer

Rzp = (H'H) ' HMy (33)
This involves inverting the estimated matrix H, which may
amplify noise if H is ill-conditioned.

2)  MMSE equalizer

Xumsg = (H'H + ol)"'H"y (34)
This enhances robustness against noise by balancing
inversion and noise amplification.
Both equalizers rely on the accuracy of the estimated
channel h, which can be obtained using:

® 4th order cumulant: suitable for moderately non-Gaussian
modulations (e.g., QPSK).

e 6th order cumulant: provides enhanced discrimination in
the presence of complex nonlinear distortion or higher-
order modulation schemes.

This method enables complete blind equalization by
combining statistical identification with linear equalization.

3)  Autoencoder equalizer

We are looking for a function f, that satisfies the following
conditions:

x(n) = f(y(n),y(n -1,..,.y(n—M+ 1)) ~x(n) (35)

® No explicit knowledge of h(k),
® Lcarned directly from training pairs (y, x).
An autoencoder is a neural network composed of two parts:
® Encoder: z = gg(y(n),..,y(n—M + 1)),
e Decoder: £(n) = dy(2).
0 and @ are learnable parameters (weights and biases).
The network aims to minimize the error between the output
X(n) and the true transmitted symbol x(n).
We use the Mean Squared Error (MSE) loss:
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We use one-hot encoding for symbols and the cross-
entropy loss:

N C
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where:

e (: number of classes (e.g., C = 4 for QPSK),

® X, (n): 1 if the symbol belongs to class k, else 0,
® X(n): predicted probability for class k.

4) Full network forward pass

Input vector:

v = [RYM}L 3y}, ... Ry(n - M
(39
+ DL 3{y(n—M+ 1)}]" € IR?M

The network performs:
zW = oy (Wyy, + by)
Z(Z) = 02(W2Z(1) + bz)

2(m) = Wy zEY + b, (40)
e %(n) € IR? for regression,
e Orx(n) €[0,1]¢ with SoftMax for classification

Weights are updated gradient descent:

D = 9O — v, £ (41)

where:
e 7 learning rate,
o Vy£: gradient of loss w.r.t. network weights.

The autoencoder functions as a learned inverse of the
unknown channel, replacing traditional equalizers such as:

ZF:x(n) = Y or MSE:x(n) = @XZL(TL)
h |R|"+02

(42)

In the autoencoder, these relationships without are
implicitly learned from the data using any linear
transformations.

V. RESULT AND DISCUSSION

A.  Performance Comparison of 4th and 6" Order
Cumulants (Alg. 4th order, Alg. 6th order) and
Autoencoder Algorithms:

In this section, we will compare the performance of three
algorithms: the 4th Order, 6th Order, and autoencoder
algorithms. The goal is to assess their accuracy in estimating
and identifying the channel impulse responses under various
Signal-to-Noise Ratio (SNR) wvalues, using the three
multipath channels: BRAN-A, BRAN-B, and Proakis B.
These channels simulate real-world fading conditions
commonly found in wireless communication systems,
particularly in the context of 5G technology.

For each channel model, we will calculate the estimated
impulse response h using the corresponding algorithm, and
then compare it to the true impulse response Agpqye-

Tables 1 and 2 compare Mean Squared Error (MSE) values
and estimated impulse responses for the Proakis B channel
across Signal-to-Noise Ratios (SNRs) from 0 to 30 dB. The
autoencoder consistently achieves the lowest and most stable
MSE, effectively capturing nonlinear distortions and
multipath effects. The fourth-order cumulant method is
statistically stable but produces low-accuracy estimates with
high MSE and systematic underestimation of channel
coefficients. The sixth-order cumulant algorithm offers
intermediate performance, reducing MSE relative to the
fourth-order method but remaining highly sensitive to noise,
resulting in unstable and incomplete channel reconstruction.
Overall, Al-based autoencoders demonstrate superior
robustness and reliability for blind channel identification in
complex 5G environments.

Table 1. Evaluating the MSE variation with respect to SNR

SNR MSE (dB) MSE (dB) MSE (dB)
(dB) Alg.4th Order  Alg.6th Order  Autoencoder Algorithm
0 73.46 -0.2910 —4.7247
5 86.9309 -0.3164 —4.6483
10 80.0924 —2.0485 —5.2946
15 65.8428 —3.1968 —4.4103
20 64.5743 -3.4313 —4.6959
25 54.8433 -3.4913 —4.5835
30 48.1936 —3.4677 —4.8433

Table 2. Estimated Impulse Response for Proakis B

True Channel Coefficients Alg.4th Alg.6th Autoencoder
(Proakis B) Order Order Algorithm
0.407 0.357 0.5840 1.0000
0.815 0.735 0.865 0.0312
0.407 0.247 0.4001 0.0136

The simulation results offer a comprehensive evaluation of
the proposed blind channel identification and equalization
techniques. The autoencoder-based approach demonstrates
the most accurate reconstruction of both the magnitude and
phase responses of the BRAN-A channel (Fig. 3), thanks to
its ability to learn complex nonlinear propagation effects
without relying on an explicit analytical model. This method
consistently achieves the lowest Mean Squared Error (MSE)
across all Signal-to-Noise Ratio (SNR) values (Fig. 3),
showcasing robustness to noise and multipath distortions. On
the other hand, the 6th-order cumulant-based algorithm (Alg.
6th order), despite its theoretical capacity to exploit higher-
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