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Abstract

This study focuses on accelerating adaptive beamforming in the Multicarrier Wireless
Internet Local Loop (McWiLL) professional radio communication system using “Korona”
ring smart antennas. The work investigates algorithms for calculating complex weight
coefficients in an eight-element uniform circular antenna array. The main objective is to
reduce beam pattern adaptation time while maintaining interference suppression depth and
robustness under multipath propagation. To achieve this, an ensemble machine learning
approach based on the Random Forest algorithm is employed to approximate the optimal
Minimum Variance Distortionless Response (MVDR) solution using elements of the sample
covariance matrix of received signals. The training dataset is generated through McWiLL
channel simulations considering mutual coupling between array elements, signal-to-noise
ratio (SNR) variation, and different angles of arrival of the desired and interfering signals.
The proposed method is evaluated against the classical MVDR algorithm in terms of
radiation pattern null depth, robustness to phase distortions, and inference time on a
Field-Programmable Gate Array (FPGA) hardware platform. Results demonstrate that the
Random Forest-based approach achieves more than a fourfold reduction in computation
time while forming radiation-pattern nulls of about 30-35 dB toward the interferers (versus
44-46 dB for the classical MVDR); the synthesized core uses no hardware multipliers
(DSP48), and its functional equivalence to the software model is confirmed by bit-exact
RTL co-simulation. The findings show promise for deployment in McWiLL base stations
and other professional radio systems requiring fast, adaptive beamforming under dynamic
channel conditions.

Keywords: adaptive beamforming; antenna radiation pattern; circular antenna array;
communication systems; interference suppression; machine learning; McWiLL; MVDR;
random forest; simulation

1. Introduction

The current stage of development of telecommunication systems is characterized by an
explosive growth in transmitted traffic volumes and increasingly stringent requirements for
network spectral efficiency [1]. Under conditions of limited frequency resources, especially
in bands below 6 GHz, a key direction in the evolution of professional mobile radio (PMR)
systems and fifth-generation (5G) networks is spatial division multiple access (SDMA). The
technological basis for implementing this approach is provided by smart antenna systems,
which are capable of dynamically adjusting their radiation patterns in response to the signal
environment [2—4].
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These technologies play a particularly important role in broadband wireless access
systems based on the McWiLL standard, which is widely used for building mission-critical
communication networks, as well as technological communication systems in transport
and the energy sector [5]. A distinctive feature of the McWIiLL physical layer, based on
Code-spread Orthogonal Frequency Division Multiple Access (CS-OFDMA) technology;, is
the use of eight-element circular antenna arrays of the “Korona” type. This configuration
enables the formation of narrow beams over a full 360-degree sector without the need for
multiple sectorized antenna panels, providing a significant gain in link budget and effective
suppression of co-channel interference.

The performance of the “Korona” smart antenna directly depends on the speed and
accuracy of digital signal processing (DSP) algorithms that compute the weighting coeffi-
cients for each antenna element [6]. Classical adaptive methods, such as MVDR [7] and
the Multiple Signal Classification (MUSIC) [8] algorithm, ensure high accuracy in placing
radiation pattern nulls toward interference sources [9,10]. However, their implementation
requires computationally intensive operations, primarily the inversion of large-dimensional
covariance matrices.

Under conditions of high user mobility—for example, communication with high-speed
trains or emergency service vehicles—the parameters of the radio channel vary faster than
classical iterative algorithms (such as LMS—Least Mean Squares) and can converge to an
optimal solution [6]. This leads to beam misalignment and degradation of the signal-to-
interference-plus-noise ratio (SINR). In addition, the use of heavy matrix computations
in real time creates peak loads on digital signal processors and FPGAs of base stations,
thereby limiting the scalability of the system.

In recent years, a clear trend has emerged toward the application of artificial intel-
ligence methods to physical-layer problems (Physical Layer Al) [11-13]. Deep learning
techniques demonstrate impressive results in channel estimation and precoding tasks [14].
However, their use in mobile terminals and compact base stations is constrained by high
computational complexity (the “curse of dimensionality”) and the limited interpretability
of decision-making processes (the “black-box” nature), which is unacceptable for mission-
critical communication systems.

The objective of this work is to improve the efficiency of adaptive beamforming in the
McWILL system by developing a method for computing the weighting coefficients of the
“Korona” antenna array based on ensemble machine learning techniques, specifically the
Random Forest (RF) algorithm [15].

The research hypothesis is that replacing direct matrix computations with a predictive
model based on an ensemble of decision trees will reduce the beam adaptation time by
a factor of three to four while maintaining an acceptable level of sidelobe suppression.
The RF algorithm possesses inherent parallelism and can be reduced to a set of logical
comparison operations, which makes it well suited to the architecture of modern FPGAs
used in McWiLL equipment.

The object of the research is space-time signal processing algorithms in professional
mobile radio communication systems employing circular antenna arrays. The subject of
the research is a methodology for applying supervised machine learning algorithms to
approximate the optimal beamforming function under conditions of correlated interference
and multipath signal propagation.

This work addresses the following tasks: the formation of training datasets that take
into account the geometry of the “Korona” antenna array; the design of a decision forest
architecture for regression of complex-valued weighting coefficients; and a comparative
performance analysis of the proposed approach with conventional MVDR and LMS meth-
ods. The results of the study are intended to substantiate the feasibility of modernizing
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the mathematical and algorithmic framework of McWiILL base stations in order to sup-
port high-speed mobility scenarios and ensure reliable operation in complex interference
environments.

2. Materials and Methods
2.1. Architecture of the McWILL Physical Layer and Features of the “Korona” Antenna System

Broadband wireless access systems based on the McWIiLL standard, also known
under the international designation ITU-R M.1801-2 [16], occupy a unique niche in the
spectrum of telecommunication technologies. Unlike mass-market cellular standards such
as LTE and 5G NR, which are primarily focused on maximizing peak data rates, the
McWiLL architecture is optimized to ensure reliability, high interference immunity, and
wide coverage radius. These characteristics are critically important for Professional and
Land Mobile Radio (PMR/LMR) communication networks.

The foundation of the physical layer of the system is CS-OFDMA technology. It
combines the advantages of orthogonal frequency division multiplexing (OFDM) and code
division multiple access (CDMA). In McWILL, each information symbol is spread over
the time—frequency resource using dedicated spreading code sequences. This approach
provides high processing gain and robustness against frequency-selective fading. However,
the cost of enhanced interference protection is the requirement for precise synchronization
and complex signal processing at the receiver.

A key element ensuring the spectral efficiency of McWILL is the use of adaptive
antenna systems (Smart Antenna Systems, SAS). A base station (BTS) in a typical configura-
tion is equipped with an 8-element circular antenna array known as the “Korona.” Unlike a
Uniform Linear Array (ULA) used in sectorized LTE antennas, a Uniform Circular Array
(UCA) exhibits azimuthal symmetry, which makes it possible to form narrow radiation
beams in any direction (0" ...360") without gain degradation at sector boundaries.

The geometry of the “Korona” array determines the specifics of the associated mathe-
matical processing. While in a linear array the phase progression depends linearly on the
side of the angle of arrival, in a circular array this relationship exhibits a more complex
trigonometric form. This imposes stricter requirements on direction-of-arrival (DoA) esti-
mation algorithms and beamforming procedures. The task of the smart antenna controller
is to compute, in each time slot, complex weighting coefficients wy, . . ., wg based on the re-
ceived pilot symbols, ensuring coherent combining of signals from the subscriber terminal
(CPE) and destructive interference (nulling) of interfering signals.

2.2. Mathematical Model of Signals in a Circular Antenna Array

To formalize the adaptation problem, a mathematical model of the receive chain of a
McWILL base station is considered. The antenna array consists of M = 8 isotropic radiating
elements uniformly distributed along a circle of radius R.

The McWiLL system employs CS-OFDMA broadband access technology. However, for
the mathematical description of spatial filtering algorithms, it is appropriate to apply the
“narrowband assumption,” since OFDM signal processing is performed in the frequency
domain, where the wideband signal spectrum is divided into multiple orthogonal sub-
carriers. Within the bandwidth of a single subcarrier, the signal envelope varies slowly
compared to the time required for the wavefront to propagate across the antenna aperture.

Within this approximation, an array with M elements is considered, which is capable
of suppressing up to K < M interference sources [17]. The first signal so(t) is considered the
desired signal (originating from the served subscriber), while the remaining K — 1 signals
sk(f) represent active interferers. The numerical experiments emphasize K =1 or K =2
strong interferers because this is the representative McWiLL co-channel scenario.
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The vector of signals at the outputs of the antenna elements x(t) € CM*! at time t is
described by the classical equation:

x(t) = A(6)s(t) + n(t) (1)

where

o s(t)=Iso(t),s1(t),...,sk_1(t)] —the vector of complex envelopes of source signals;

e n(t) ~CN(0,021)—the vector of additive white Gaussian noise with zero mean and
covariance matrix o2 1;

o A(0)=[a(6p),a(61),...,a(0k_1)]—the array manifold matrix, which defines the spa-
tial response of the antenna array;

e  Superscript T denotes ordinary transpose.

For a UCA located in the XY plane, the phase shift of the m-th element relative to the
array center for a signal arriving from azimuth angle 6 and elevation angle ¢ is given by
the following expression:

Ym(0) = kR cos(6 — vm) 2)

where k = 27” denotes the wavenumber, A is the wavelength, and v, = ZH(T[D represents

the angular position of the m-th array element.
Therefore, the control vector a(6) takes the following form:

. . . T
a(f) = [e]u/o(e),e;u/l(e),._.,efwMA(e) 3)

Unlike linear arrays, where the Vandermonde structure enables the use of fast algorithms
such as Root-MUSIC, the structure a(6) for a UCA does not exhibit rotational invariance in an
explicit form (without prior transformation into phase modes). This significantly complicates
the application of classical high-resolution spectral estimation methods.

The most important statistical characteristic of the received signal used in adaptation
algorithms is the spatial covariance matrix Ry, [18]:

Ry = E[x(t)xH (t)] = AR AT + 021 (4)

where Rss = E[s(t)s" (t)] is a source covariance matrix, H denotes Hermitian transpose
(conjugate transpose).

In the case of uncorrelated sources, R is a diagonal matrix. However, under multipath
propagation conditions typical of urban environments, signals from a single source arrive
from multiple directions with correlated phases. This results in a rank deficiency of the
matrix Rgs and leads to a degradation in the performance of many conventional algorithms.

2.3. Formulation of the Optimal Beamforming Problem

The objective of adaptive beamforming (digital beamforming) is to synthesize a weight-
ing vector w = [wy, ..., wM]T such that, through a linear combination of the input signals
y(t) = wHx(t), it maximizes the signal-to-(noise plus interference) ratio, i.e., the SINR [19].

Mathematically, this problem reduces to minimizing the output power of the array subject
to the constraint of maintaining a fixed gain in the direction of the desired signal 6 [20]:

miny E[|y(t) 1] = minyw! Ryw (5)
On the condition that wfa () = 1.
This is the classical formulation of the MVDR problem, also known as the Capon

solution. The method of Lagrange multipliers yields an analytical solution to this problem:
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Ry a(6p)

a(6)"Rla(6o) ©

WMVDR =

The vector wyypr provides theoretically optimal interference suppression for Gaus-
sian processes. The depth of the nulls in the radiation pattern depends on the accuracy of
the estimation of the matrix Ryy and on the number of degrees of freedom of the array.

2.4. Critical Analysis of Classical Adaptation Algorithms

Despite the existence of a rigorous analytical solution, the practical implementation
of the MVDR algorithm in real-time systems such as McWiLL is associated with several
fundamental difficulties.

Direct computation of the MVDR weight vector wyypr requires the covariance matrix
of the received array data Ryy. In practice, the true covariance matrix is unknown, and
it is replaced by its finite-sample estimate, namely the sample covariance matrix (SCM),
denoted by Ry [21]:

Rer = L3 x(t)x (1) )
XX — Nn:1 n n

where N is the number of temporal snapshots.

Thus, in practical MVDR implementation, the ideal covariance matrix Ryy in the
analytical solution is replaced by the sample estimate Ryy. The computation of the weight
vector then requires either inversion of Ry or, equivalently, the solution of a system of
linear equations using Cholesky or QR decomposition. The computational complexity of
this operation is on the order of O(M3). For M = 8, this may not appear critical; however, in
Massive MIMO systems with M = 64 or M = 128, the complexity grows cubically. Moreover,
this operation must be performed for each frequency subcarrier or group of subcarriers, i.e.,
for each resource block, within every McWILL frame interval of approximately 5-10 ms.
This creates a substantial computational load on the DSP processors and FPGA resources
of the base station, increasing both power consumption and hardware cost.

An alternative to matrix-based methods is provided by iterative algorithms. The LMS
algorithm updates the weights according to the gradient descent rule:

w(n+1) =w(n)+ ux(n)e*(n) 8)

where

e  uis the LMS step size controlling the adaptation rate;
e  ¢(n) denotes the error between the reference and the received signal;
e (-)* denotes complex conjugation.

The main drawback of the LMS algorithm is that its convergence speed depends on
the spread of the eigenvalues of the correlation matrix (the condition number). In the
presence of strong interference, the eigenvalues Ry, differ significantly, and the descent
trajectory becomes zigzag-shaped, which slows down convergence. The RLS (Recursive
Least Squares) algorithm converges faster (O(M?)), but it is computationally more complex
and potentially unstable when implemented using fixed-point arithmetic, which is typical
for FPGA-based systems.

In dense urban environments (urban canyons), which are characteristic of McWiLL
network deployments, multipath propagation effects are observed, where coherent copies
of the signal arrive at the antenna from different directions. Classical subspace-based
algorithms MUSIC and adaptive methods MVDR interpret coherent signals either as a
single source with a modified steering vector or suffer from signal subspace rank deficiency.
This leads to the signal cancellation phenomenon, in which the adaptive array erroneously
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suppresses the direct path as interference relative to a reflected path. To mitigate this effect,
spatial smoothing techniques are commonly used; however, they are effective mainly for
linear equidistant arrays and cannot be directly applied to the circular “Korona” geometry
without complex transformations.

The limitations of deterministic algorithms described above motivate a shift in the
paradigm of smart antenna control. The task of mapping “input signal statistics — optimal
weighting coefficients” can be formulated as a problem of approximating a multidimen-
sional function.

Machine learning methods make it possible to transfer computational complexity from
the execution stage (online inference) to the preliminary training stage (offline training).

Why Random Forest? Unlike deep neural networks, which require millions of multiply—
accumulate (MAC) operations to propagate signals through multiple layers, the RF algorithm
is based on a hierarchical structure of decision rules of the “IF-THEN" type:

1. Nonlinearity: RF is capable of efficiently approximating complex nonlinear decision
boundaries in the feature space, which arise due to the trigonometric dependencies
inherent in circular antenna arrays.

2. Noise robustness: Owing to the principles of bagging (bootstrap aggregation) and
averaging over multiple decision trees, RF is less sensitive to measurement outliers
and channel estimation errors than single decision trees or noise-sensitive methods
such as MUSIC.

3. Hardware efficiency: Implementing RF on FPGA hardware reduces to a set of com-
parators and multiplexers, allowing the computation of weighting coefficients within
only a few system clock cycles and achieving microsecond-level latency. This enables
adaptive beamforming to be performed in every McWiLL frame time slot even on
relatively low-cost hardware platforms.

Thus, the application of ensemble ML methods appears to be a well-founded approach
for overcoming the bottlenecks of classical adaptive antenna theory in the context of modern
requirements for professional radio communication systems.

2.5. Justification for Selecting the Random Forest Method for Physical Layer Tasks

The transition from deterministic algorithms (MVDR, MUSIC) to machine learning
(ML) methods requires careful selection of the model architecture. In the context of the
physical layer (PHY) of the McWIiLL system, implemented on FPGA and digital signal
processor (DSP) platforms, the key criteria include not only approximation accuracy, but
also deterministic execution time (latency) and hardware resource efficiency.

The traditional approach to applying artificial intelligence to beamforming tasks in-
volves the use of deep neural networks or convolutional neural networks (CNNs) [22].
However, despite their strong approximation capabilities, these models have several disad-
vantages in the context of the problem considered:

1.  Computational redundancy: The forward pass (inference) of a fully connected neural
network requires thousands of MAC operations. This is efficient on GPUs but costly
on FPGA platforms with a limited number of DSP blocks.

2. Interpretability issues: The weighting coefficients of neural networks do not have a
direct physical interpretation, which complicates error diagnosis (for example, in the
case of communication failure in mission-critical scenarios).

3. Sensitivity to data scaling: Neural networks require careful normalization of input
data, which complicates preprocessing of signals with a wide dynamic range (up to
90 dB in professional radio communication systems).
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In this work, an alternative approach is proposed based on the RF algorithm. RF is an
ensemble of decision trees trained independently using bootstrap aggregating (bagging)
and random subspace methods.

Mathematically, the RF model for the regression problem (predicting the antenna
weighting coefficients) can be expressed as the average prediction of Nes; trees:

1 Nest

= Nestbzzl Ty (x) ©)

J(x)

where Tj(x) is the output of the b-th tree for the input feature vector x.

Advantages of this approach for McWIiLL smart antennas include the following:

Hardware efficiency: The structure of a decision tree is reduced to a set of hierarchi-
cal conditional operators (if-else). At the hardware level, this is implemented through
comparators and multiplexers, without requiring the use of scarce hardware multipliers.

Resistance to overfitting: Due to averaging the decisions of multiple trees, random out-
liers in the training dataset (caused by impulsive interference) are compensated, reducing
the variance of the weight vector estimation.

Operation with complex geometry: RF effectively partitions the nonlinear feature
space formed by the circular geometry of the “Korona” antenna into local subregions, in
each of which the approximation of the weights by a constant is acceptable.

One of the critical stages in developing an ML algorithm for radio systems is trans-
forming complex signal samples into a real-valued feature vector suitable for input to
decision trees.

Raw signal samples at the outputs of antenna elements x(t) € CM*! contain informa-
tion not only about the spatial position of the sources, but also about the instantaneous
carrier phase and modulation, which act as “noise” for the Direction of Arrival (DoA)
estimation task.

To suppress this instantaneous dependence and extract stable spatial information, the
received samples are first converted into the Ry, previously defined in (7). In the present
feature extraction stage, this estimate is computed over Np pilot symbols in the McWIiLL
frame preamble, so that N = Np in (7).

The resulting matrix Ry« has dimension M x M and is Hermitian (R = RH). This
means that the diagonal elements are real (channel powers), while the elements of the
lower triangle are complex conjugates of the elements of the upper triangle. Using all M?
elements is redundant.

The feature vector 7 € RP is constructed from non-redundant elements of upper
triangular part of the Ry.

For the “Korona” antenna with M = 8 elements, the procedure is as follows:

Power: M values R;;. They characterize the signal and noise level in each channel,
which is important for detecting faulty elements or non-uniformity of the radiation pattern.

Phase shifts: M(M — 1) /2 unique complex values R;; (i < j). These elements carry the
key information about phase differences that determine the DoA.

Since Random Forest operates with real numbers, each complex element R;; = a + jb
is split into two features: Re(R;;) and Im(R;;).

The final feature vector has the form:

F = [Ru1,..., Ry, Re(Rpp), Im(Ryp), ..., Re(Rpg—1,m), Im(Rpg—1,)] " (10)
The dimension of the feature space D is calculated as

M(M —1)

5 = M? (11)

D=M+2x
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For an 8-element antenna, D = 64. This is a relatively small dimensionality, which
makes it possible to train the model without applying dimensionality reduction methods
such as Principal Component Analysis (PCA), while preserving all information about the
correlation relationships.

The input data are preliminarily normalized according to the following rule in order
to make the model invariant to the absolute level of the received power, which may vary
due to the operation of the Automatic Gain Control (AGC):

F

Frorm = ——5——
M trace (Ryy)

(12)

The antenna adaptation problem can be formulated in two ways: as classification
(selecting a beam from a fixed codebook) or as regression (direct computation of the
weights). For the McWILL system, which requires deep interference suppression, the
discreteness of a codebook is insufficient. Precise weight computation is required in order
to form a “null” in an arbitrary direction. Therefore, a multidimensional regression problem
is solved.

A single decision tree T} is constructed by recursively partitioning the feature space.
Ateachnode, a feature fj from the vector F and a threshold ¢ are selected for Mean Squared
Error (MSE) after the split:

1 1
L(kt) = — A .. — V|12 13
(k. ) NLZE%&IIYI yil Z\[R]‘GRZightlly, YRl (13)

where y—the target vector of weight coefficients, y; ;—the mean value of the vector in the
left and right child nodes.

The target vector y has dimension 2M (real and imaginary parts of the weights
w1, ..., ws). A distinctive feature of our implementation is the use of Multi-Output Random
Forest: each tree stores not a single value in its leaves, but a vector of length 16. This allows
the phase relationships between the antenna elements to be preserved within a single
model, which is critically important for beamforming.

Because all 16 outputs share one tree structure, the split in each node minimizes the
total MSE summed over the components (Equation (13)), which keeps the predicted real
and imaginary parts mutually consistent.

2.6. Specifics of Implementation on the McWiLL Hardware Platform

The proposed method was developed with consideration of its potential integration
into the existing hardware architecture of McWILL base stations employing “Korona”
smart antenna systems. The main requirement for such an implementation is to provide
low and deterministic latency in the computation of beamforming weights, since the
radiation pattern must be updated within the frame timing structure without disrupting
signal reception and processing procedures. At the same time, the method must preserve
the interference suppression capability of classical adaptive beamforming approaches by
forming sufficiently deep nulls in the directions of active interferers while maintaining the
desired signal gain.

Before deployment on the FPGA, the Random Forest model is trained offline using
synthetically generated channel realizations corresponding to the geometry of the “Korona”
antenna array. In the training data generator, the steering vectors are formed with allowance
for mutual coupling between antenna elements. If C denotes the mutual coupling matrix,

the effective steering vector used in the training-data generator is written as

a(0) = Ca(0) (14)
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where a(6) is the ideal steering vector of the antenna array corresponding to the signal
arrival angle 6.

For each generated channel scenario, the reference beamforming vector is calculated
using the analytical MVDR solution based on the true covariance matrix rather than its
finite-sample estimate. Since the Random Forest operates with real-valued outputs, the
complex optimal weight vector is represented as a 16-component target vector containing
its real and imaginary parts:

Vi = [Re(wopt), Im(wopt)] (15)

The offline training procedure, which sweeps the operating SNR and INR ranges, is
summarized in Algorithm 1.

Algorithm 1. Offline training of the multi-output RF-MVDR model.

Input: array geometry (M, R, coupling matrix C); the scenario distribution; the number
of training realizations S.

Output: a trained multi-output Random Forest of 50 regression trees.

For each training realization:

1. Draw a scenario-the desired and interfering directions and the SNR/INR from the
operating distribution.

2. Generate the snapshots—N array snapshots from the narrowband signal model of
Section 2.2, with mutual coupling included (Equation (14)).

3. Form the feature vector—estimate the sample covariance matrix (Equation (7)) and
build the normalized feature vector (Equations (10)—(12)).

4. Form the target label-compute the reference weights from the analytical MVDR
solution on the true covariance (Equation (6)), encoded as the real/imaginary label
vector (Equation (15)).

Train a single multi-output Random Forest on the feature-label pairs (MSE split,
50 trees, minimum 5 samples per leaf).

After training, the tree structure, split thresholds, feature indices, and lead payloads
are converted to a fixed point and mapped to on-chip BRAM. In online inference, the
weight vector is computed during the guard period of the uplink slot. The corresponding
online inference procedure is given in Algorithm 2.

Algorithm 2. Online inference on the FPGA.

Input: the pilot-window snapshots; the trained forest in BRAM (Q4.12/Q2.14).
Output: the complex weight vector w.

1.  Form the feature vector—estimate the sample covariance matrix from the pilot
symbols (Equation (7)) and build the normalized feature vector (Equations (10)—(12))
in Q4.12.

2. Traverse the forest—pass the feature vector to the 50 trees; each traversal is a
sequence of threshold comparisons only, returning a stored lead weight vector
(Q2.14). For synthesis, the trees are pruned to depth 12 (MinLeafSize = 50).

3. Aggregate-average the lead vectors (Equation (9)) and assemble the complex
weights from their real and imaginary parts.

4. Apply w in the beamformer.

The weights-computation core uses only comparisons and memory reads.
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For comparative evaluation of the computational properties of the proposed approach,
the classical MVDR algorithm, the iterative LMS/NLMS and RLS algorithms, and a neural-
network model based on a multilayer perceptron (MLP) were considered together with RF-
MVDR. These methods are widely used in adaptive beamforming tasks and make it possible
to compare the proposed approach with existing solutions both in terms of radiation pattern
formation quality and computational cost. Detailed quantitative comparison results are
presented in the experimental section, whereas this subsection focuses primarily on the
specifics of their hardware implementation.

The computational complexity of a single weight-vector update was evaluated for all
considered methods.

MVDR. The MVDR algorithm requires approximately ~ O(M?) floating-point opera-
tions due to Cholesky factorization and two triangular solves. In addition, it involves division
and square-root operations, which are computationally expensive for FPGA implementation.

RLS. The RLS algorithm requires approximately ~ O(M?) operations per update, as well
as one division operation. It also requires multiple iterations before convergence is achieved.

LMS (NLMS). The LMS/NLMS algorithm requires approximately ~ O(M) multiply—
accumulate operations per sample. It is the least computationally demanding among the
iterative methods, but it is characterized by relatively slow convergence.

Multilayer-perceptron baseline (MLP). For a network with two hidden layers of 64
neurons each, the forward pass requires 64 x 64 4 64 x 64 4 64 x 16 ~ 9200 MAC operations.

Random Forest. The complexity of a single tree is O(Dmax). For the entire ensemble,
the complexity is Nest X Dmax comparison operations and Nest X 2M addition operations.
For Nest = 50 and Dmax = 12, this corresponds to 600 comparisons and 800 additions, with
no multiplication operations involved except for the final normalization.

Thus, the computational complexity of the proposed method depends linearly on the
tree depth and the number of trees and does not involve computationally intensive linear
algebra operations. This property makes the tree-based structure naturally suitable for
implementation using LUT-based comparators and BRAM tables. The synthesizable Ran-
dom Forest core was described in MATLAB 2023b, converted into Verilog using MATLAB
HDL Coder, and synthesized in Xilinx Vivado 2024.1 for a Kintex-7 FPGA representing
the class of platforms used in McWiLL equipment (NIRIT-XINWEI Telecom Technologies
Ltd. (NXTT), Odesskaya St., 2c, Moscow 117638, Russia). Quantitative results on hardware
resource utilization and inference latency are presented in Section 3. The proposed Random
Forest-based approach for controlling the “Korona” smart antenna provides a balanced
compromise between the theoretically optimal but computationally demanding MVDR
algorithm and the real-time requirements imposed on practical communication systems.

3. Results
3.1. Software Implementation and Experimental Parameters

To verify the proposed methodology for adaptive control of the “Korona” antenna
array, a comprehensive simulation model was developed in MATLAB R2023b using the
Phased Array System Toolbox. The Random Forest regression model was trained with the
Statistics and Machine Learning Toolbox and the MLP with the Deep Learning Toolbox. The
synthesizable hardware core was described in MATLAB 2023b, converted to Verilog with
HDL Coder, and synthesized in Xilinx Vivado 2024.1; a bit-exact functional co-simulation
of the generated RTL against the fixed-point software reference was carried out in Aldec
Active-HDL 12.

The proposed RF-MVDR is compared with the classical MVDR, the RLS algorithm, the
normalized LMS, and a MLP approach. Note that the LMS and RLS baselines are driven by
a steering-vector-projection reference, which reflects the configuration actually used in the
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deployed system; this choice-rather than any convergence failure or unfair setup—is what
limits their steady-state SINR to the plateau values reported in Section 3.4.1.

The physical-layer parameters follow the McWiLL specification (ITU-R M.1801) and
the NIRIT-SINVEY equipment documentation:

Antenna system: 8-element uniform circular array (UCA);
Array radius: R = 0.5A;

Element radiation pattern: isotropic;

Signal structure: CS-OFDMA, 5 MHz channel bandwidth;
Sources: 1 signal of interest (SOI) at 0° + 2 interferers at £60°;
Interference-to-noise ratio (INR): 20 dB;

Signal-to-noise ratio (SNR): from —10 to +30 dB;

Number of snapshots: N = 32 (frame preamble).

Robustness was additionally assessed for a low snapshot count (N = 16 = 2M), coherent
multipath (a coherence sweep). The target FPGA is a Xilinx Kintex-7 xc7k325t-2 (203,800 LUT,
407,600 FE, 840 DSP48, 445 BRAM36); the core features and thresholds use signed Q4.12 format,
and the output weights use Q2.14.

3.2. Random Forest Model Configuration

Based on the methodology described earlier, a multi-output regression forest model
was trained with the following hyperparameters:

Number of trees N,g;: 50.

Splitting criterion: MSE.

Minimum number of samples in a leaf: 5 (to smooth measurement noise).

Input features: 64 elements (real and imaginary parts of the covariance matrix 8 x 8).
Outputs: 16.

Training dataset: 80,000 samples.

Test dataset: 20,000 samples (non-overlapping with the training set).

3.3. Analysis of Beam Pattern Formation Accuracy

As a first step, it was verified whether the trained RFE-MVDR model reproduces the
angular selectivity of the classical MVDR beamformer in a baseline scenario with well-
separated desired and interfering directions. This case serves as a reference check: the
interferers lie far outside the main lobe, so deep nulls are formed without distorting the
main steering direction.

Figure 1 shows the normalized radiation patterns of the eight-element “Korona”
circular antenna array for the case where the desired signal (SOI) arrives from 0° while two
strong interferers arrive from +60°. The solid blue curve corresponds to the classical MVDR
solution, whereas the red dashed curve represents the proposed RE-MVDR approach.

The pattern was obtained using a narrowband spatial model for one CS-OFDMA
subcarrier and a uniform circular array of M = 8 isotropic elements; mutual coupling was
taken into account through the effective steering vector (Equation (14)). For MVDR, the
interference-plus-noise covariance matrix was estimated using the known pilot signal with
diagonal loading; RF-MVDR used the same input statistics but predicted the weight vector
from covariance-matrix features without matrix inversion.

Both algorithms form the main lobe toward the SOI (0°) with maximum gain and deep
nulls toward the interferers at +60°: MVDR reaches a depth of about —44 dB and RF-MVDR
about —33 dB. The red RFE-MVDR curve closely follows the blue MVDR curve, including the
side-lobe structure, which confirms that the trained model reproduces the classical radiation
pattern without any matrix-inversion operations. Because the +60° interferers lie well outside
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the main lobe, the nulls are formed without distorting it, and the SOI remains at the pattern
peak.
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Figure 1. Normalized radiation patterns of MVDR and RF-MVDR for a signal of interest (SOI) at
0° and two interferers at £60°, with N = 32 snapshots. The solid blue curve is MVDR and the red
dashed curve is RF-MVDR; the vertical green line marks the SOI direction and the vertical black
dotted lines mark the two interferer directions.

The next stage of the analysis was aimed at verifying whether the trained RE-MVDR
model can reproduce the angular selectivity of the classical MVDR beamformer in a challeng-
ing close-interference scenario. In contrast to the previous simulations with well-separated
desired and interfering directions, this test considers a small angular separation between
the desired signal and the interference source. Such a configuration is important because it
evaluates not only the average interference suppression capability of the method, but also its
ability to form a narrow adaptive null in the vicinity of the desired signal direction.

Figure 2 shows the normalized radiation patterns of the eight-element “Korona”
circular antenna array for the case where the desired signal arrives from 25°, while a strong
interferer arrives from 30°. Thus, the angular separation between the SOI and the interferer
is only 5 . This value defines a stress-test scenario in which the interferer is located inside
the main-lobe region of the compact circular array. The solid blue curve corresponds to the
classical MVDR solution, whereas the red dashed curve represents the radiation pattern
obtained using the proposed RF-MVDR approach.
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Figure 2. Normalized radiation patterns of MVDR and RF-MVDR in a close SOl-interferer scenario
with 5° angular separation.
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In the considered case, MVDR forms a null in the interferer direction (30°) with a depth
of about —34 dB, whereas RF-MVDR provides a null of about —29 dB while preserving
a similar radiation-pattern shape. At the same time, the SOI direction appears below the
pattern maximum (by about 12 dB), which is caused by the need to place the null only
5° away from the desired signal. Thus, this example illustrates a limiting case of closely
spaced SOI and interference directions, rather than a typical angular separation used for
training-set generation.

The radiation-pattern analysis is complemented by an evaluation of robustness to
array-model mismatch. Figure 3 shows the dependence of the array gain on the angle of
arrival (Y-axis: gain in dB; X-axis: angle in degrees) under model-mismatch conditions
caused by 2° per-element phase errors. The vertical green line at 0° indicates the desired-
signal direction, which serves as the primary steering direction for the receive beamformer;
the vertical black dashed lines at 60° mark the directions of the strong interferers, at
which deep nulls are expected. The solid blue curve corresponds to the classical MVDR
under the 2° phase error, whereas the red dashed curve represents the proposed RE-MVDR
under the same phase error.
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Figure 3. Robustness of the MVDR and RE-MVDR beamformers to 2° per-element phase distortions.
The solid blue curve is MVDR and the red dashed curve is RE-MVDR, both under the same 2° phase
error; the vertical green line marks the SOI direction (0°) and the vertical black dotted lines mark the
interferer directions (£60°).

MVDR (2° phase error) = = = RF-MVDR (2° phase error) ‘

The proposed method demonstrates high robustness to array-model mismatch. De-
spite the 2° phase errors, the main lobe toward the desired signal is preserved and the
nulls remain in the interferer directions +60°: the classical MVDR reaches a null depth
of about —43 dB and RF-MVDR about —31 dB. The red RE-MVDR curve closely follows
the blue MVDR curve over the entire angular range, including the side-lobe structure,
which confirms the robustness of the learned approach to phase distortions: the ensemble
averaging over decision trees yields a “smoothed” weight vector that is less sensitive to
calibration errors than the exact matrix-inversion solution.

3.4. Comparative Analysis of Output SINR, Convergence, and Robustness

In addition to the radiation-pattern analysis presented in Sections 3.1-3.3, the effective-
ness of the proposed method was evaluated quantitatively in terms of the output SINR. The
RF-MVDR approach was compared with the classical MVDR algorithm, RLS, NLMS, and
MLP. All experiments were conducted under the common simulation conditions described
in Section 3.1.

The evaluation covers five complementary aspects: the output SINR as a function of
the input SNR for N = 32 snapshots; robustness under a reduced number of snapshots,
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N = 16; sensitivity to coherent multipath propagation; convergence behavior of the iterative
algorithms; and the average radiation-pattern null depth in the interference directions as
a function of SNR. The latter metric provides a direct link between the quantitative SINR
analysis and the radiation-pattern results discussed in Sections 3.1-3.3.

3.4.1. Output SINR Versus Input SNR at N = 32 Snapshots
Figure 4 shows the output SINR as a function of the input SNR at N = 32 preamble

snapshots for all considered methods. The desired signal arrives from 0° and two interferers
from £60°.

40 T T T T T T T
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RF-MVDR
30 F RLS |
LMS
MLP

Output SINR (dB)
> S

o

-20 1 1 I 1 I 1 I
-10 -5 0 5 10 15 20 25 30

Input SNR (dB)

Figure 4. Output SINR versus input SNR (N = 32).

The classical MVDR serves as the benchmark and grows essentially linearly with SNR
(with a slope of ~ 1 dB/dB and an ~ 9 dB offset due to the array gain). The proposed
RE-MVDR closely follows MVDR over the operating SNR range: the gap is about 2 dB at
low and moderate SNR (6.7 vs. 8.5 dB at SNR = 0 dB; 16.4 vs. 18.5 dB at SNR = 10 dB) and
grows at high SNR, where the RF-MVDR curve saturates at about 28 dB (28.3 vs. 38.5 dB at
SNR = 30 dB). This saturation results from the finite accuracy of the tree-ensemble weight
approximation and from the feature normalization that removes the absolute received-
power scale; over the typical McWiLL uplink operating range RE-MVDR remains within
~2-3 dB of MVDR.

The iterative LMS and RLS algorithms, which use the steering-vector-projection refer-
ence (as deployed in the system), lie several decibels below the covariance-based methods
across the whole range (RLS = 2.4 dB, LMS = 7.2 dB at SNR = 10 dB, against 16.4 dB
for RF-MVDR), owing to interference and noise leakage into the reference signal; LMS
exceeds RLS at low SNR because of its conventional-beamformer initialization. The MLP
neural-network baseline is intermediate (7.1 dB at SNR = 10 dB) and remains below RF-
MVDR throughout. Thus, RF-MVDR attains an SINR close to that of the classical MVDR
and consistently outperforms the iterative LMS/RLS and the neural-network approach,
while requiring no covariance-matrix inversion—which underlies its hardware advantages
discussed in the following sections.

3.4.2. Performance at a Reduced Snapshots Count (N = 16)

To assess operation with a short training sequence, the experiment of Section 3.4.1 is
repeated at N = 16 snapshots—the Reed-Mallett-Brennan threshold (N = 2M) at which
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sample-covariance methods lose about 3 dB relative to the known-covariance case. The
geometry and conditions match previous sections. Results presented in the Figure 5.
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LMS
MLP

Output SINR (dB)
- )
o o

o

-10

—20 . | | . |
-10 -5 0 5 10 15 20 25 30
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Figure 5. Output SINR versus input SNR at a low snapshot count N = 16 = 2M.

Despite halving the sample size relative to Section 3.4.1, the classical MVDR and the
proposed RE-MVDR show virtually no degradation: at SNR = 10 dB, MVDR yields 18.1 dB (vs.
18.5 dB at N = 32) and RF-MVDR yields 16.0 dB (vs. 16.4 dB); at SNR = 30 dB, the corresponding
values are 38.2 dB and 26.9 dB. The robustness of MVDR stems from the pilot-projected
interference-plus-noise covariance estimate (Section 2.6), which remains well conditioned even
at small N, while RF-MVDR predicts the weight vector directly from covariance features and is
therefore likewise insensitive to the reduced sample size.

The iterative algorithms and the neural-network baseline fall markedly below the
covariance-based methods, especially at low SNR: at SNR = 10 dB, LMS gives 7.5 dB, MLP
3.6 dB, and RLS 2.4 dB, whereas RF-MVDR provides 16.0 dB. Thus, RE-MVDR retains
a performance close to MVDR with a preamble that is half as long, which is critical for
high-mobility scenarios (e.g., communication with high-speed trains) where the training-
sequence length is limited by the channel coherence time.

3.4.3. Robustness to Coherent Multipath Propagation

To assess robustness under realistic urban-multipath conditions, a scenario combin-
ing the typical base-station impairments is considered. In addition to the direct desired
signal from 0°, a coherent copy of the same signal arrives from a random direction in
the +20...+40° range (with a random copy amplitude), together with an independent
co-channel interferer from +60°. Array calibration phase errors (2° per element) and DoA
uncertainty (1°) in the steering vector of MVDR and RF-MVDR are additionally included.
The iterative LMS and RLS algorithms use the known preamble pilot (training-based adap-
tation). The degree of coherence between the direct ray and the reflected copy is set by
the coefficient p, which varied from 0 to 1. The resulting output SINR as a function of p is
shown in Figure 6.

All methods are robust to coherence: none of the curves collapses as p grows. The
proposed RF-MVDR attains the highest SINR over most of the range (about 16.8-16.9 dB)
and degrades only slightly (by about 0.7 dB) due to the phase errors relative to the idealized
conditions, remaining in the top group. The classical MVDR yields about 16 dB and is
likewise robust. The pilot-aided LMS and RLS are competitive (about 14-15 dB at low p)
and increase with coherence, reaching 17.7 and 17.9 dB at p = 1: a fully coherent copy carries
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correlated desired-signal energy that the pilot-based MMSE solution combines coherently
(a diversity gain). The MLP neural-network baseline yields about 12 dB and decreases
slightly with p (to 10.9 dB at p = 1).

18
17
16
o)
3 5 MVDR
g RF-MVDR
54t RLS 1
= LMS
% 13k MLP
@]
12 F 1
11F
10 l | ! ‘
0 0.2 0.4 0.6 0.8 1

Direct/multipath coherence p

Figure 6. Output SINR versus the coherence coefficient p.

Thus, even under realistic array-model mismatch and when the iterative methods are
provided with an ideal pilot reference, RE-MVDR remains robust to coherent multipath and
remains among the best methods, which supports the suitability of the learned approach
for urban McWiLL conditions.

3.4.4. Convergence Behavior of the Iterative Algorithms

Besides the achievable SINR, the adaptation speed is important for fast-varying chan-
nels. Figure 7 shows the output SINR as a function of the snapshot index at SNR = 10 dB
within the frame preamble N = 32 snapshots. The iterative LMS and RLS algorithms are
shown as convergence curves, whereas MVDR, RF-MVDR, and the MLP neural network
appear as horizontal reference lines, since they form the weight vector in a single step from
the statistics of one snapshot.
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Figure 7. Convergence of algorithms.
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RLS converges very quickly, reaching its steady-state level of about 2.4 dB within a few
snapshots (about five). LMS adapts more slowly, reaching about 7 dB by ~15 snapshots
and maintaining this level until the end of the preamble. Despite converging, both iterative
methods remain substantially below the non-iterative solutions: MVDR provides 18.5 dB,
RE-MVDR 16.6 dB, and the MLP neural network 6.8 dB, all three forming the weights without
iterations (zero adaptation latency). The low steady-state level of LMS and RLS is due to the
steering-vector-projection reference of the deployed system, not to the convergence rate itself.

This behavior is essential for McWILL high-mobility scenarios: with a limited preamble
length and a fast-varying channel, the iterative algorithms cannot reach a high SINR in
time, whereas RE-MVDR produces a near-MVDR solution instantly, from the statistics of a
single snapshot, enabling stable beamforming in every frame time slot.

3.4.5. Average Radiation-Pattern Null Depth Versus Input SNR

To link the quantitative SINR analysis (Sections 3.4.1-3.4.4) with the radiation patterns
(Section 3.3), the average null depth toward the £60° interferers relative to the desired-
signal direction is evaluated as a function of the input SNR (Figure 8). The null depth is
defined as the pattern gain toward the interferer normalized by the gain toward the SOI
(in dB); a more negative value corresponds to deeper suppression. The conditions match
Section 3.4.1 (N = 32, INR = 20 dB).
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Figure 8. Average radiation-pattern null depth toward the £60° interferers (relative to the SOI)

MLP |

versus input SNR.

The classical MVDR forms the deepest and most stable nulls—about —46 dB over
the whole SNR range, owing to the pilot-projected covariance estimate (Section 2.6). The
proposed RE-MVDR provides deep nulls ranging from —36 dB at low SNR to —24 dB at SNR
= 30 dB; the gradual reduction in depth with increasing SNR is consistent with the SINR
saturation observed in Section 3.4.1 and reflects the finite accuracy of the tree-ensemble weight
approximation. Nevertheless, these values (24-36 dB) are sufficient to suppress the 20 dB INR
interferers below the noise floor, and at the operating SNR = 10 dB, the RE-MVDR null depth
is about —35 dB, in agreement with the polar and Cartesian radiation patterns of Section 3.3.

The iterative algorithms and the neural-network baseline form markedly shallower
nulls: LMS from —24 to —16 dB (with depth decreasing as SNR increases), MLP about
—22...-24 dB, and RLS about —15.5 dB (the shallowest, owing to the projection reference).
Thus, the covariance-based methods (MVDR and RF-MVDR) achieve substantially deeper
spatial interference suppression than the deployed iterative algorithms and the neural
network, which reconciles the quantitative results of Section 3.4 with the radiation-pattern
shapes of Section 3.3.
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3.5. FPGA Implementation: Resource Utilization, Inference Latency, and Verification
3.5.1. Hardware Resource Utilization

The resources required by the weight-computation block are shown in Figure 9. The
left panel reports the usage of DSP48 hardware multipliers—the scarcest resource—and the
right panel reports the look-up tables (LUTs) and flip-flops (FFs).
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Figure 9. FPGA resource utilization per weight-computation block: (left) DSP48 hardware multipliers;
(right) LUTs and flip-flops—for MVDR, RLS, LMS, MLP, and RE-MVDR.

The decisive result is seen in the left panel of Figure 9: RE-MVDR uses no DSP48
blocks at all—the decision-tree structure reduces to comparators and Block-RAM look-ups,
with no multiply operations. For comparison, the classical MVDR requires about 160 DSP48
blocks (8 x 8 matrix inversion), the MLP neural network about 200 (a multiply—accumulate
array), RLS about 90, and LMS about 36. The zero-multiplier consumption frees this scarce
resource for other physical-layer tasks (FFT, channel coding). The HDL Coder report for
the depth-12 core confirms the absence of multipliers: 0 multipliers, 42 adders/subtractors,
16 registers, 24 multiplexers, and 0 shifters.

The right panel of Figure 9 shows that RE-MVDR uses a moderate amount of fine-
grained resources: 7482 LUTs and a negligible number of flip-flops (the core is combina-
tional), which is fewer than MVDR (a22,000 LUTs) and MLP (/24,000 LUTs); the decision
tree itself is stored in Block RAM. Thus, RF-MVDR moves the computation off the scarce
hardware multipliers onto the abundantly available logic tables and memory, which under-
lies its hardware efficiency.

3.5.2. Inference Latency

Besides resource usage, the weight-vector computation latency is important for op-
eration in every McWiLL frame time slot. Figure 10 shows the latency of a single weight
update at a 200 MHz clock (5 ns clock period).

RE-MVDR achieves the lowest latency—3.0 ps. Since a forest of 50 trees of depth 12
issues one threshold comparison per clock, the number of cycles equals the number of
operations: 50 x 12 = 600 cycles, which at 5 ns/cycle gives 3.0 pus. The classical MVDR re-
quires 12.3 us: computing w via Cholesky factorization takes on the order of 680 operations,
but the actual latency exceeds the operation count because each complex floating-point
multiplication is multi-cycle, the division and square-root cores have a long latency on the
critical path, and the Cholesky recursion is inherently sequential; at an effective ~3.6 cycles
per operation, this amounts to about 2460 cycles. Therefore, RE-MVDR is 4.1 x faster than
the classical MVDR (12.3/3.0 = 2460/600).
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Figure 10. FPGA inference (weight-vector computation) latency at 200 MHz.

The remaining methods are intermediate: the MLP neural network at 11.0 ps (~9200 multiply—
accumulate operations under time-multiplexing), RLS at 6.0 ps, and LMS at 5.12 ps. The advantage
of RE-MVDR is obtained by replacing multi-cycle, sequential floating-point linear algebra (matrix
inversion and division) with single-cycle, parallelizable integer comparisons, which enables
microsecond-level adaptation in every frame.

3.5.3. Bit-Exact Functional Verification of the Synthesized Core

To confirm that the deployed hardware core introduces no inference error beyond the
documented quantization, the synthesizable tree-inference core was verified by bit-exact
co-simulation against the fixed-point software reference.

The synthesizable function produces reference integer output codes (Q2.14 format) for
eight quantized feature vectors, using the same fixed-point constants from which the HDL
was generated. A self-checking testbench applies the features to the 64 inputs, reads the
registered outputs one clock cycle later, and compares them with the reference for each of
the 16 components of each vector; the resulting functional simulation is shown in Figure 11.
The design was compiled and simulated in Aldec Active-HDL 12. The result was that all
8 x 16 = 128 output samples match the MATLAB 2023b reference to the least significant bit
(PASS for every vector). The corresponding full 16-component weight vector over the eight
vectors is shown in Figure 12.

The waveforms in Figures 11 and 12 confirm the pipeline contract: the ce_out ready
flag exactly replicates clk_enable (a one-cycle output-valid latency), the outputs are latched
on the rising edge and held for the full clock cycle, and the 16-component weight vector
is updated atomically in a single clock cycle when a different leaf is activated (Figure 12).
Identical input vectors fall into the same leaf and produce identical outputs, which is
visible in Figure 11 (vectors yielding the same yy...y3) and is the correct property of the
piecewise-constant tree mapping.

Thus, the synthesized core is functionally equivalent to the fixed-point model bit-for-
bit; combined with the single-cycle, multiplier-free datapath (Sections 3.5.1 and 3.5.2), this
confirms the readiness of the RE-MVDR core for deployment in McWiLL equipment.
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Figure 11. Functional simulation of the synthesized core in Aldec Active-HDL over the eight test
vectors. Green traces are the clock and control signals (clk, the clk_enable strobe and the ce_out
ready flag), red traces are the two feature probes, and dark blue traces are the output weight-vector
components y0...y3; the numeric annotations above the blue traces give the corresponding real-
valued weights.
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Figure 12. The full 16-component output weight vector yy. . .y15 (Q2.14 format) over time.

4. Discussion

The obtained results show that a learned model based on a Random Forest can repro-
duce the spatial selectivity of the classical MVDR algorithm while using a fundamentally
different computational realization. The RF-MVDR radiation patterns virtually coincide
with those of MVDR—both in the baseline scenario with deep nulls toward the +60°
interferers (Section 3.3) and under close angular spacing and phase errors—and in terms of
output SINR, the method stays close to the classical MVDR over the operating signal-to-
noise range (Section 3.4). At the same time, RF-MVDR requires neither covariance-matrix
inversion nor iterative adaptation, which provides its principal advantages.

The comparative analysis reveals an accuracy—complexity trade-off. Over the McWiLL
uplink operating range, RF-MVDR trails MVDR by no more than ~2 dB in SINR; at very
high SNR, a saturation near 28 dB appears, caused by the finite accuracy of the tree-
ensemble weight approximation and the feature normalization. This small accuracy loss
is offset by the gains in speed and hardware efficiency and is not limiting under typical
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operating conditions, where the SINR is determined primarily by interference suppression
rather than by the ultimate gain.

Relative to the other adaptive methods, RE-MVDR shows a consistent advantage. The
iterative LMS and RLS with the steering-projection reference used in the deployed system
are limited by interference leakage into the reference signal and require time to converge,
whereas RF-MVDR forms its solution instantly from the statistics of a single snapshot
(Section 3.4.4)—critical for high-mobility scenarios with a short preamble. Compared with
the neural-network baseline (MLP), the Random Forest is not only more economical in
hardware resources but also more robust: at a low snapshot count and under multipath,
RF-MVDR retains a high SINR, whereas the MLP degrades markedly. This is consistent
with the nature of ensemble averaging (bagging), which produces a “smoothed” weight
vector less sensitive to estimation errors, phase distortions, and correlated signal structure.

The handling of mutual coupling deserves separate attention. The dense layout
of the “Korona” circular array leads to significant mutual coupling, and neglecting it
in the classical methods (MVDR, MUSIC) causes substantial direction-of-arrival errors
and requires online calibration and multiplication by the inverse coupling matrix. Since
the Random Forest was trained on data that already include mutual-coupling effects, it
compensates these distortions automatically, without additional computational blocks or a
real-time calibration procedure; the node thresholds of the trees are tuned directly to the
real (distorted) signal statistics.

From the implementation standpoint, the advantages of the method are confirmed by real
synthesis. The RE-MVDR core uses no DSP48 blocks at all (Section 3.5.1): the decision tree
reduces to comparators and Block-RAM look-ups, which frees the scarce hardware multipliers
for FFT and channel-coding tasks. The weight-computation latency is about 3.0 ps—4.1x
lower than that of the classical MVDR (Section 3.5.2)—enabling adaptation in every frame
time slot. The bit-exact co-simulation (Section 3.5.3) confirms the functional equivalence of the
synthesized core to the software model, i.e., the move to hardware introduces no inference error
beyond the built-in quantization. Together, these results substantiate the readiness of the core
for deployment in McWILL equipment.

At the same time, the proposed approach has limitations. The accuracy of RE-MVDR
is bounded both by the approximation resolution (the SINR saturation at high SNR) and
by the fundamental self-suppression effect when a null is placed very close to the desired
signal—the latter being inherent to the classical MVDR as well. The model quality depends
on the coverage of the training set: when the geometry leaves the training distribution (e.g.,
multipath not represented in training), retraining is required.

5. Conclusions

This work proposed and experimentally validated RE-MVDR, a fast adaptive beam-
forming algorithm based on a Random Forest, for the McWiLL “Korona” ring antenna
arrays. The trained tree ensemble predicts the weight vector directly from the statistics
of a single covariance snapshot, replacing the covariance-matrix inversion of the classical
MVDR with non-iterative inference. The completeness of the solution was verified end-to-
end: MATLAB 2023b simulation, HDL Coder — Vivado synthesis for a Kintex-7 device,
and bit-exact RTL co-simulation.

The principal advantages of the method are as follows:

e  MVDR-class selectivity. The radiation patterns and output SINR of RF-MVDR virtually
coincide with classical MVDR across the uplink operating range; the gap does not
exceed ~2 dB for SNR up to ~20 dB.

e  Instantaneous adaptation. The weights are computed from a single snapshot, without iterative
convergence, outperforming LMS and RLS in high-mobility scenarios with N = 32 pilots.
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e Robustness. Under a low snapshot count, phase errors, and multipath, RE-MVDR
retains a high SINR and surpasses the neural-network baseline (MLP) owing to the
smoothing effect of ensemble averaging.

e  Automatic mutual-coupling handling. Training on data that already contain mutual-
coupling effects removes the need for online calibration and multiplication by the
inverse coupling matrix.

e  Hardware efficiency. The synthesized core uses no DSP48 blocks, has a latency of ~3.0 us
(4.1 x lower than classical MVDR), and is functionally equivalent to the software model
as confirmed by bit-exact co-simulation.

Together, these properties make the algorithm suitable for deployment directly in
MCcWILL equipment and in architecturally similar broadband wireless-access systems with
circular arrays operating under high subscriber mobility and dense interference—professional
public-safety radio, industrial and transport networks, and prospective receiver chains where
a shortage of hardware multipliers requires freeing DSP resources for FFT and channel coding.
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Abbreviations

The following abbreviations are used in this manuscript:

5G Fifth Generation

AGC Automatic Gain Control
BRAM Block Random Access Memory
BTS Base Transceiver Station
CDMA Code Division Multiple Access

CS-OFDMA  Code-Spread Orthogonal Frequency Division Multiple Access
DoA Direction of Arrival

DSP48 Digital Signal Processing slice

FF Flip-Flop

FPGA Field-Programmable Gate Array
HDL Hardware Description Language
INR Interference-to-Noise Ratio
ITU-R International Telecommunication Union—-Radiocommunication Sector
LMR Land Mobile Radio

LMS Least Mean Squares

LTE Long-Term Evolution

LUT Look-Up Table

MLP Multilayer Perceptron

MMSE Minimum Mean Square Error
MSE Mean Squared Error
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MUSIC Multiple Signal Classification

MVDR Minimum Variance Distortionless Response
NLMS Normalized Least Mean Squares

NR New Radio

OFDM Orthogonal Frequency Division Multiplexing
PCA Principal Component Analysis

PMR Professional Mobile Radio

RF Random Forest

RE-MVDR Random Forest MVDR

RLS Recursive Least Squares

RMB Reed-Mallett-Brennan

RTL Register-Transfer Level

SAS Smart Antenna System

SCM Sample Covariance Matrix

SDMA Spatial Division Multiple Access

SINR Signal-to-Interference-plus-Noise Ratio
SNR Signal-to-Noise Ratio

SOOI Signal of Interest

UCA Uniform Circular Array

ULA Uniform Linear Array
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