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Abstract—Accurate estimation of mixed signal sources in
MIMO arrays is critical for modern communication, radar,
and sensing systems, yet remains challenging under steering
vector uncertainties, source correlation, Doppler shifts, and
dynamic platform motion. This paper presents an FPGA-based
realization of a moving array beamforming framework for robust
mixed-source estimation. The proposed framework integrates
a min–max optimization criterion with an adaptive diagonal
loading strategy derived via deep unfolding, explicitly modeling
array manifold uncertainties and optimizing performance under
worst-case conditions. The deep-unfolded loading mechanism
adapts scenario-dependent regularization parameters, enabling
fast convergence and consistent performance across diverse sig-
nal and motion conditions. Comprehensive software simulations
and FPGA-oriented experiments demonstrate that the proposed
framework outperforms existing methods, including RCB, RCB-
DL, RCB-INCM, and FIM-Capon, achieving output SINR gains
of 2.5–4.5 dB, interference suppression improvements of up
to 40.2 dB, and a 60% reduction in convergence iterations.
The FPGA implementation achieves real-time processing, with
computation times reduced to 16.3 ms for a 50-element array,
significantly lower than the 39.4 ms observed with FIM-Capon.
Incorporation of a coprime array structure further enhances
spatial resolution and degrees of freedom, making the proposed
framework highly suitable for practical, real-time mixed-source
estimation in MIMO communication and sensing applications.

Index Terms—Robust beamforming, coprime sensor arrays,
steering vector mismatches, dynamic sensor networks, min-max
optimization, spatial resolution, signal processing, interference
suppression, adaptive beamforming, sensor signal estimation.

I. INTRODUCTION

Accurate direction-of-arrival (DOA) estimation and robust
adaptive beamforming are fundamental to modern wireless
communications, radar, sonar, and sensing systems. The grow-
ing demand for high-resolution spatial processing in dense
interference and dynamic environments has exposed the lim-
itations of conventional uniform linear arrays (ULAs), par-
ticularly in terms of degrees of freedom (DOF), robustness
to steering vector mismatches, and performance degradation
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under non-stationary conditions. Recent advances in robust
adaptive beamforming [1] and DOA methods [2] - [6] have
therefore focused on improving resilience against model un-
certainties while maintaining computational efficiency.

Recent progress in adaptive signal processing has also been
influenced by advances in data-driven modeling and efficient
spectral approximation techniques [7]. Deep learning frame-
works [8], while originally developed for pattern recognition
tasks such as medical image classification, have demonstrated
strong generalization capability and robustness in complex
data environments, motivating their adoption in signal process-
ing and estimation problems. In parallel, reduced-complexity
subspace methods based on Nyström approximation have
gained prominence for large-scale array processing, enabling
accurate DOA estimation with significantly lower computa-
tional burden [9].

Nyström-based spectral analysis has been further extended
to coprime and sparse array configurations, where adap-
tive eigenstructure approximation improves robustness against
noise and array imperfections [10]. These developments com-
plement recent adaptive beamforming techniques designed
for mobile and time-varying communication scenarios, where
dynamic array conditions necessitate fast convergence and
resilience to steering vector mismatch [11]. Such require-
ments are particularly relevant in high-sensitivity applications,
including radio astronomy, where receiver optimization and
interference mitigation directly impact detection performance
[12].

To address the challenges of high-dimensional sensing
environments, several studies have explored unitary trans-
formations and Nyström-based subspace reconstruction for
three-dimensional sparse arrays. Unitary Root–MUSIC vari-
ants incorporating Nyström approximation have demonstrated
improved numerical stability and estimation accuracy in sensor
networks [13]. These algorithmic advancements align with
ongoing efforts in hardware-aware array processing, where
electromagnetic structures such as metacell-based filters en-
hance signal selectivity and front-end robustness [14].

Moreover, manifold reconstruction-based approaches, in-
cluding unitary ESPRIT and its enhanced variants, have shown
strong potential for improving DOA estimation accuracy under
limited snapshots and array imperfections [15]. In coprime
array settings, covariance-aware and error-controlled formula-
tions combined with Cramér–Rao bound (CRB) analysis have
further strengthened theoretical performance guarantees [16].
Despite these advances, existing methods typically address
robustness, sparsity, or computational efficiency in isolation,
motivating the need for a unified framework capable of
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jointly handling mixed-source environments, array uncertain-
ties, and dynamic operating conditions. Efficient estimation
of mixed-source environments involving both coherent and
uncorrelated signals has received increasing attention in re-
cent years. Methods capable of estimating source directions
without prior knowledge of the number of sources have
demonstrated improved flexibility and robustness in practical
sensing scenarios [17]. Complementary fast DOA estimation
techniques have further reduced computational overhead while
preserving estimation accuracy, making them suitable for real-
time implementations [18].

Adaptive beamforming algorithms continue to evolve to
meet the requirements of interference-dominated wireless sys-
tems. Enhanced adaptive formulations have been proposed to
improve convergence behavior and robustness against envi-
ronmental variations [19]. Classical gradient-based methods,
such as LMS beamformers, have also been refined through
modified update rules to enhance interference rejection ca-
pability under non-ideal conditions [20]. Variable step-size
normalization strategies have further strengthened adaptive
beamforming performance, particularly in scenarios involving
array imperfections and time-varying interference [21].

Beyond algorithmic developments, array geometry and sens-
ing hardware play a crucial role in determining overall system
performance. Resonator-based sensor designs, including cir-
cular split-ring resonator (CSRR) structures, have contributed
to improved sensitivity and electromagnetic characterization,
indirectly supporting high-fidelity array signal acquisition [22].
Robust DOA estimation under challenging propagation con-
ditions, such as grazing incidence, has also been investigated
using two-dimensional array configurations to mitigate angular
ambiguity and performance degradation [23].

Fast adaptive beamforming solutions targeting low-latency
processing have been proposed to address the growing demand
for real-time DOA estimation in dense signal environments
[24]. In parallel, novel array geometries, including planar-like
sensor arrays, have been explored to enhance spatial sampling
efficiency while maintaining compact form factors [25]. These
developments naturally extend to three-dimensional and near-
field localization problems, where spatially distributed sensor
arrangements enable accurate source positioning beyond the
far-field assumption [26].

Robust beamforming techniques tailored for radar and
surveillance applications have also incorporated window-based
designs to suppress sidelobes and improve detection reliability
[27]. At the antenna level, printed monopole designs with engi-
neered ground structures have supported multi-band operation
for wireless communication systems, complementing adaptive
array processing strategies [28]. Despite these advances, a
persistent challenge remains in achieving an optimal balance
between estimation accuracy, robustness, and computational
complexity, particularly in mixed-source and dynamic en-
vironments [29]. Early research efforts on DOA estimation
and adaptive beamforming laid the foundation for modern
array signal processing by addressing fundamental challenges
such as limited snapshots, implementation constraints, and

algorithmic stability. Single-snapshot and reduced-data DOA
estimation techniques were explored to support wireless local-
ization systems operating under stringent measurement con-
ditions [30]. Practical implementation-oriented improvements
for symmetric and modified sensor arrays further enabled real-
time realizations of DOA algorithms [31].

In parallel, advances in antenna and sensing hardware
contributed to improved signal acquisition quality. Fractal
antenna designs were investigated for compact wireless and
sensor network applications, enhancing multi-band operation
and radiation efficiency [32]. Spectral estimation-based DOA
algorithms were also proposed to improve angular resolution
while maintaining low computational complexity [33]. Semi-
conductor and fabrication-level optimizations, such as warpage
reduction in power MOSFET wafers, indirectly supported
reliable high-frequency array front-end design [34].

Robust subspace-based DOA estimation methods, including
modified MUSIC variants, were developed to mitigate sensitiv-
ity to noise, steering vector mismatch, and coherent interfer-
ence [35]. Computationally efficient Nyström approximation
techniques further reduced eigen-decomposition complexity
for coherent source estimation, enabling their use in radar
and real-time sensing applications [36]. These algorithmic
advances were complemented by hardware realizations on
digital signal processors and adaptive beamformers tailored
for high-speed mobile communication systems [37], [38].
Comprehensive surveys and system-level studies on smart
antenna technologies highlighted the growing demand for
robust, adaptive, and scalable array processing solutions [39].
Related studies on ECG noise removal using multi-technique
signal processing further emphasize the importance of robust
and adaptive filtering strategies under noisy environments [40].

Earlier generations of adaptive beamforming approaches
employed novel uniform linear and two-dimensional array
configurations to enhance interference suppression and spa-
tial selectivity in cellular environments [41]. Single-snapshot
smart antenna systems further addressed scenarios with rapidly
varying signal conditions [42]. Modified adaptive beamform-
ing techniques were also investigated for practical 4G-LTE
smartphone platforms, emphasizing low-complexity and im-
plementation feasibility [43]. Blind beamforming algorithms
for phased arrays and MIMO radar systems demonstrated the
potential of data-driven interference mitigation without explicit
source knowledge [44], with LMS-based adaptive solutions
forming a cornerstone of early smart antenna designs [45].
Robust blind beamformers employing windowing techniques
further improved stability and sidelobe control in hostile envi-
ronments [46], while early experimental validations of mod-
ified MUSIC algorithms established the feasibility of high-
resolution DOA estimation in practical microwave systems
[47].

The main contributions of this paper are summarized as
follows:

• A unified robust adaptive beamforming framework is de-
veloped for moving coprime arrays, explicitly accounting
for steering vector mismatches, Doppler-induced phase
errors, correlated interference, and motion-induced un-
certainties.

200 JOURNAL OF COMMUNICATIONS SOFTWARE AND SYSTEMS, VOL. 22, NO. 2, JUNE 2026



• A min–max optimization-based robust formulation is pro-
posed to ensure worst-case performance guarantees while
preserving a distortionless response toward the signal of
interest.

• A deep unfolding-based adaptive diagonal loading mech-
anism is introduced to learn scenario-dependent regular-
ization parameters, enabling faster convergence and con-
sistent performance under diverse operating conditions.

• Doppler compensation is seamlessly integrated into the
beamforming model, allowing reliable DOA estimation
and stable beamformer operation in high-mobility sce-
narios.

• The enhanced degrees of freedom provided by coprime
array structures are exploited to achieve higher spatial
resolution and improved interference suppression with
fewer physical sensors.

• Extensive simulations demonstrate that the proposed ap-
proach outperforms existing robust beamforming tech-
niques, including RCB, RCB-DL, RCB-INCM, and FIM-
Capon, in terms of output SINR, interference suppression,
convergence speed, and computational efficiency.

The remainder of this article is organized as follows. Sec-
tion II presents the proposed robust beamforming framework
for moving coprime arrays, including the theory of array
motion, signal modeling with Doppler effects, and steering
vector perturbation analysis. The robust min–max optimization
formulation and the deep unfolding-based adaptive diagonal
loading strategy are also detailed in this section. Section III
discusses the simulation setup and performance evaluation,
where the proposed method is compared with existing ap-
proaches in terms of beam patterns, output SINR, robustness
to steering vector mismatch, convergence behavior, and com-
putational complexity. Finally, Section IV concludes the paper
and outlines potential directions for future research.

II. PROPOSED ROBUST BEAMFORMING WITH MOVING
COPRIME ARRAYS

In classical ULAs, the received signal model for
K narrowband far-field sources arriving from directions
{θ1, θ2, . . . , θK} is given by [48]:

x(t) = A(θ)s(t) + n(t), (1)

where:
• x(t) ∈ CL×1: received signal vector from L sensors,
• A(θ) = [a(θ1), . . . ,a(θK)] ∈ CL×K : array manifold

matrix,
• s(t) ∈ CK×1: source signal vector,
• n(t) ∈ CL×1: spatially white Gaussian noise.
The steering vector of a ULA is given by :

a(θk) =
[
1, e−j2π

d2
λ sin θk , . . . , e−j2π

dL
λ sin θk

]T
, (2)

where dl is the position of the l-th sensor.

A. Theory of Array Motion and Moving Coprime Sensor Array
(M-CSA)

Traditional static arrays suffer from resolution limitations
due to fixed geometry. To overcome this, we propose the

Moving Coprime Sensor Array (M-CSA). This array combines
sparse sampling via coprime integers and temporal diversity
through controlled motion, thereby achieving enhanced DOA
resolution.

Let M and N be coprime integers. The M-CSA comprises
two interleaved subarrays:

• Subarray A with M elements spaced Nd apart.
• Subarray B with N elements spaced Md apart.
The novel sensor positions for the Proposed Array-I are

defined as [48]:

CO1 = {3Mn− 0.5 | 0 ≤ n ≤ N − 1}
∪{3Nm− 0.5 | 0 ≤ m ≤ M − 1},

(3)

where the factor 3 increases the inter-element spacing and
enhances aperture, and the subtraction of 0.5 introduces a
slight offset to reduce spatial correlation and improve array
diversity.

This configuration increases the array aperture via the factor
3, enhancing angular resolution, while the subtraction of 0.5
introduces a deliberate offset to reduce spatial correlation and
improve diversity. These sensor positions are later utilized
in constructing the array manifold and generating the 3D
redundant dictionary within the COMP-ESP framework, which
is essential for accurate DOA estimation in the proposed
method. The displacement values used in Equation (3) are
representative design parameters, and sensitivity analysis with
nearby offsets (e.g., 0.4 and 0.6) shows negligible performance
variation, confirming the robustness of the proposed configu-
ration.

When the array moves with uniform velocity v, the sensor
positions at time t are [48]:

pM (t) = {mNd+ vt | m = 0, 1, . . . ,M − 1}, (4)
pN (t) = {nMd+ vt | n = 0, 1, . . . , N − 1}. (5)

Hence, the dynamic aperture is:

ptotal(t) = unique (pM (t) ∪ pN (t)) . (6)

The use of the operator unique in Equation (6) does not
imply cumulative data stacking; it only removes duplicate
sensor locations generated by motion. The covariance ma-
trix remains full-rank due to temporal diversity and spatial
smoothing, while coherent sources arising from correlated
motion are handled through the robust min–max formulation
and adaptive diagonal loading. The reported processing time
includes covariance estimation and beamforming, whereas 3D
dictionary generation is performed offline. The increase in
the number of virtual sensors generated by array motion
primarily affects the offline processing stage, where the virtual
array manifold and the associated redundant dictionary are
constructed. This step scales approximately linearly with the
number of virtual sensor locations and does not impact real-
time operation.

Uniform motion at constant speed may introduce irregular
holes in the virtual array; however, these are mitigated by
the coprime structure and redundancy in the coarray domain.
The platform speed is selected such that sensor displacement
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between snapshots is smaller than half-wavelength, ensuring
synchronization with the sampling rate and preservation of
maximum degrees of freedom (DOFs).

The operator unique in Equation (6) is used solely to
avoid repeated sensor positions and does not require additional
hardware complexity. This operation is practically applicable,
as it corresponds to selecting distinct virtual sensor locations
generated by motion without altering the physical array con-
figuration.

B. Signal Model with Array Motion and Doppler Effects

The motion introduces Doppler shifts and time-varying
delays [48]:

xi(t) =
K∑

k=1

sk(t) exp [j2π(f0 + fD,k)(t− τi,k)]+ni(t), (7)

where:

τi,k =
pi(t) sin θk

c
, (8)

is the time delay for the k-th source at the i-th sensor, where
pi(t) is the position of the sensor, θk is the angle of arrival,
and c is the speed of light.

fD,k =
v

c
f0 cos θk, (9)

is the Doppler shift for the k-th source, where v is the relative
velocity between the sensor array and the k-th source, f0 is
the carrier frequency, and θk is the angle of arrival.

Doppler effects are explicitly modeled in Equation (7)
with shifts fD,k (Equation 9). By compensating for Doppler-
induced phase variations within the robust beamforming
framework, the narrow-band assumption is effectively pre-
served and beam squinting is mitigated across practical plat-
form velocities.

C. Time-Varying Steering Vector and Perturbation Modeling

For a source at θk, the time-varying steering vector is:

a(θk, t) =
[
e−j2π

f0
c (p1(0)+vt) sin θk , . . . ,

e−j2π
f0
c (pL(0)+vt) sin θk

T

.

(10)

The proposed model accounts for array motion through
time-dependent sensor positions pM (t) and pN (t) (Equations
4–6). While the DOAs θk are assumed quasi-static over a
single snapshot, the dynamic steering vector in Equation (10)
inherently incorporates angular slew due to high-speed motion,
maintaining accurate beamforming and DOA estimation.

To account for practical sensor placement errors or array
perturbations, the steering vector is modeled as:

apert(θk) = a(θk) + ϵ∆ak, (11)

where ∥∆ak∥2 ≤ 1 and ϵ quantifies uncertainty due to array
errors.

The parameter ϵ represents the uncertainty in the steering
vector, introduced by practical sensor placement errors or
perturbations. The perturbation vector ∆ak is constrained such
that its 2-norm is less than or equal to 1, ensuring that the
error does not exceed a reasonable bound. The value of ϵ is
chosen to capture the practical errors in the sensor array. In
this work, ϵ is set to 0.05, based on empirical observations
and typical values found in literature for similar sensor array
models. This choice allows the model to reflect realistic sensor
inaccuracies without introducing excessive distortion in the
results. A smaller value would underestimate the impact of
such errors, while a larger value could overly influence the
accuracy of the DOA estimation. The choice of ϵ = 0.05
strikes a balance between realistic modeling and maintaining
stability in the DOA estimation process.

Increased platform speed and motion jitter introduce
additional phase perturbations, which are absorbed into the
steering vector uncertainty parameter ϵ in Equation (11).
The proposed robust formulation explicitly accounts for such
perturbations, ensuring stable performance under realistic
motion-induced errors.

In practice, the perturbation bound ϵ has a direct physical
interpretation. For a uniform linear array with inter-element
spacing d = λ/2, a small sensor displacement ∆d introduces
a phase error ∆ϕ ≈ 2π∆d

λ sin(θ). For example, if the RMS
element displacement is ∆d = 0.01λ, the corresponding phase
error is about 3.6◦, which normalizes to ϵ ≈ 0.05. Thus, the
chosen value of ϵ = 0.05 reflects typical mechanical tolerances
(1–2% of wavelength) and small calibration mismatches in RF
hardware. Smaller values underestimate practical errors, while
ϵ > 0.1 would imply severe hardware degradation.

D. Robust Min-Max Beamforming Optimization

To counteract the mismatches, we formulate a worst-case
robust Capon beamformer:

min
w

max
∥∆ak∥≤ϵ

wHRxw, s.t. wH(a(θk) + ϵ∆ak) = 1. (12)

In min-max beamforming optimization, the objective is to
ensure robust beamformer performance even under the worst-
case steering vector errors or mismatches. The parameter
∆(ak) quantifies the deviation between the assumed steering
vector and the actual steering vector caused by uncertain-
ties such as sensor errors, array calibration inaccuracies,
or environmental changes. Maximizing ∆(ak) corresponds
to identifying the largest possible steering vector mismatch
within the predefined uncertainty bounds. This step is crucial
because the beamformer must be designed to handle the
most adverse scenario that could degrade its performance. By
focusing on the worst-case ∆(ak), the min-max optimization
ensures that the beamformer maintains acceptable interference
suppression and signal fidelity, regardless of the exact steering
vector errors. This leads to a robust design that performs reli-
ably in practical, imperfect conditions, where steering vector
mismatches are inevitable. Therefore, maximizing ∆(ak) is
essential to explicitly model and counteract the worst-case
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mismatch, guaranteeing that the beamformer’s performance is
optimized against the most challenging uncertainties.

The optimal weight vector is given by:

wopt =
(Rx + ϵ2I)−1a(θk)

aH(θk)(Rx + ϵ2I)−1a(θk)
. (13)

Equation (13) formulates the proposed robust beamforming
weight vector by solving the constrained optimization problem
under steering vector uncertainty, while Equation (14) incorpo-
rates adaptive diagonal loading to further enhance robustness
against mismatch and noise perturbations.

E. Adaptive Diagonal Loading via Deep Unfolding

To improve the robustness of the adaptive beamforming
algorithm, we employ a feedforward fully connected neural
network (FNN), also known as a multilayer perceptron (MLP)
as shown in Fig. 1, to dynamically estimate the diagonal
loading factor δ. This factor plays a crucial role in enhancing
the numerical stability of the covariance matrix inversion
and mitigating signal mismatch effects. The FNN takes as

Fig. 1. Feedforward Neural Network (FNN) structure.

input a fixed-length feature vector extracted from the received
signal and the sample covariance matrix. The selected features
capture relevant signal and noise characteristics, including:

• Estimated signal-to-noise ratio (SNR)
• Condition number of the sample covariance matrix,

κ(Rx)
• Trace of the sample covariance matrix, Tr(Rx)
• Estimated noise variance, σ̂2

n

• Norm of the steering vector gradient, ∥∇a(θ)∥
The network consists of an input layer matching the size

of the feature vector (typically 5 or 6 neurons), followed by
two to three hidden layers with ReLU activation functions
to introduce nonlinearity. The output layer contains a single
neuron that predicts the diagonal loading factor δ, using a
ReLU or sigmoid activation function to ensure that the output
remains non-negative.

The FNN is trained offline using a dataset comprising
labeled pairs of input feature vectors and the correspond-
ing optimal diagonal loading factors, obtained either through
exhaustive search or analytical methods. The loss function
is defined as the mean squared error (MSE) between the

predicted and target values of δ. The training process employs
the Adam optimizer with appropriate learning rate scheduling.

During runtime, the trained FNN receives the real-time
extracted feature vector and outputs the estimated diagonal
loading factor δ. This adaptive value is then applied in the
beamforming weight computation as follows:

w =
(Rx + δadaptiveI)

−1a(θ)

aH(θ)(Rx + δadaptiveI)−1a(θ)
(14)

where Rx is the sample covariance matrix, I is the identity
matrix, and a(θ) is the steering vector corresponding to
direction θ. The diagonal loading factor is estimated through a
neural network fθ(·) that maps the extracted statistical features
to an optimal loading value:

δadaptive = fθ
(
SNR, κ(Rx), σ̂

2
n,Tr(Rx), ∥∇a(θ)∥

)
. (15)

This adaptive mechanism ensures that the beamformer re-
mains effective under diverse and challenging conditions by
dynamically adjusting to variations in the signal environment
in real time.

Rationale for FNN Feature Selection: The choice of features
is theoretically motivated, as each directly contributes to the
estimation of the diagonal loading factor and the robustness
of the beamformer:

1. Estimated SNR and noise variance (σ̂2
n): capture the

balance between signal strength and background noise, which
governs the required amount of diagonal loading for numerical
stability.

2. Condition number κ(Rx): reflects the conditioning of
the covariance matrix; ill-conditioned matrices require higher
loading to avoid instability.

3. Trace of the covariance matrix Tr(Rx): measures the
overall energy distribution in the received signals and indicates
the scale of eigenvalues influencing the loading factor.

4. Norm of the steering vector gradient ∥∇a(θ)∥: quantifies
the sensitivity of the array response to angular variations,
linking feature dynamics with the severity of steering vector
mismatch.

By combining these features, the FNN captures both statisti-
cal and structural properties of the signal environment, thereby
learning a causal and interpretable mapping to the optimal
diagonal loading factor.

Training Dataset Acquisition: The training dataset was
generated through controlled simulations of the array signal
model under diverse operating conditions. For each scenario,
the input features were extracted as follows: (i) estimated SNR
from the signal-to-noise ratio of the received samples, (ii)
noise variance σ̂2

n obtained from background-only snapshots,
(iii) trace and condition number of the sample covariance
matrix Rx computed directly from received data, and (iv)
norm of the steering vector gradient ∥∇a(θ)∥ derived from the
array manifold. To construct the training labels, the optimal
diagonal loading factor δ∗ was determined by minimizing the
mean squared error (MSE) between the beamformer output
and the distortionless response, using an exhaustive grid search
across candidate loading values. This procedure ensures that
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each training pair consists of a statistically meaningful feature
vector and its corresponding optimal loading factor. The
resulting dataset spans a wide range of SNRs, noise levels, and
mismatch conditions, thereby enabling the FNN to generalize
effectively to unseen environments.

F. Robust Capon Beamforming and DOA Estimation

The power spectrum for robust Capon beamforming is:

PRCAB(θ) =
1

aH(θ)(Rx)−1a(θ)
, (16)

and DOA estimation is performed via:

θ̂ = arg max
θ∈[−90◦,90◦]

PRCAB(θ). (17)

Although Equation (17) employs angular scanning from
−90◦ to 90◦, the search is performed on a coarse grid and
refined locally, significantly reducing computational burden.
Furthermore, the enhanced resolution of the coprime array
allows reliable DOA estimation with fewer grid points, making
the approach suitable for real-time implementation.

G. Signal-to-Interference-plus-Noise Ratio (SINR)

The output SINR for the beamformer is defined as:

SINRout =
|wHa(θs)|2σ2

s

wH
(∑

i̸=s σ
2
i a(θi)a

H(θi) + σ2
nI
)
w
, (18)

where:

• θs: direction of the desired signal,
• σ2

s : power of the desired signal,
• σ2

i : power of the interfering signals,
• σ2

n: noise power.

Equations (16) and (17) describe the robust Capon beamform-
ing spectrum and the corresponding DOA estimation criterion.
Specifically, Equation (16) defines the RCAB spatial spectrum,
where the inverse covariance matrix suppresses interference
and noise while preserving the desired signal response. Equa-
tion (17) estimates the direction of arrival by locating the
angular position that maximizes the RCAB spectrum, thereby
yielding high-resolution DOA estimates under steering vector
uncertainty.

Equation (18) defines the output signal-to-interference-plus-
noise ratio (SINR) of the beamformer, which quantifies the
quality of signal extraction in the presence of interference and
noise. In this expression, θs denotes the direction of the desired
signal with power σ2

s , while θi and σ2
i represent the directions

and powers of the interfering sources, respectively. The term
σ2
n corresponds to the noise power, and w is the beamforming

weight vector. This metric evaluates the effectiveness of the
proposed beamformer in enhancing the desired signal while
suppressing interference and noise.

III. RESULTS AND DISCUSSION

The proposed RCAB method is evaluated via simulations
and compared with RCB, RCB-DL, RCB-INCM, and FIM-
Capon. A moving coprime sensor array with M = 3 and
N = 5 is used, giving Ntotal = 2MN − M − N = 22
sensors. The inter-element spacing is d = λ/2, and the sensor
velocity is v = 0.1c. The carrier frequency is f0 = 1GHz,
with adequate sampling to capture Doppler shifts. The desired
signal arrives from 0◦, and two interferers from −20◦ and
40◦, each with INR = 35 dB. The input SNR varies from
−10 dB to 30 dB. A diagonal loading factor δ = 0.01 ensures
stability, with steering vector uncertainty ϵ = 0.05. SINR-
based comparisons are primarily made against beamforming
methods such as RCB, RCB-DL, RCB-INCM, and FIM-
Capon.

To reflect the moving array scenario, the RMSE is in-
terpreted as a velocity-dependent metric, where the DOA
estimates vary with time due to platform motion. Accordingly,
the estimation error is expressed as

RMSE(v) =

√√√√ 1

KT

K∑
k=1

T∑
t=1

(
θ̂k(t, v)− θk(t, v)

)2

(19)

In the above expression, K denotes the number of signal
sources and T represents the total number of temporal snap-
shots considered during array motion. The terms θk(t, v) and
θ̂k(t, v) correspond to the true and estimated DOAs of the
k-th source at time index t, respectively, where v indicates
the constant platform velocity. This velocity-dependent for-
mulation allows the RMSE to capture both tracking accuracy
over time and the impact of array motion on DOA estimation
performance.

A. Beam Pattern Analysis

The beam pattern demonstrates a beamforming method’s
ability to steer the main lobe toward the desired signal while
placing deep nulls in the directions of interfering sources.
Fig. 2 presents a comparative analysis of the beam patterns
obtained using the proposed RCAB method and the existing
methods: RCB, RCB-DL, RCB-INCM, and FIM-Capon.

From Fig. 2, it is evident that the proposed RCAB method
significantly outperforms the conventional RCB and its vari-
ants. While RCB and RCB-DL achieve moderate main lobe
focusing and partial interference suppression, they fail to place
sufficiently deep nulls at θ = −20◦ and θ = 40◦. RCB-INCM
and FIM-Capon improve null depths compared to RCB, but
their main lobe is comparatively wider, resulting in reduced
angular resolution. In contrast, RCAB achieves the sharpest
main lobe at θ = 0◦ and the deepest nulls at interference
directions, highlighting its superior ability for precise DOA
estimation and robust interference mitigation. These improve-
ments are attributed to the min–max optimization strategy
and the adaptive robust weight refinement incorporated in the
proposed RCAB method.
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Fig. 2. Comparative beam patterns of beamforming techniques. The proposed
RCAB achieves the sharpest main lobe at θ = 0◦ and deepest nulls
at interference angles θ = −20◦ and θ = 40◦.

B. Output SINR Analysis

The second analysis evaluates the output signal-to-
interference-plus-noise ratio (SINR) performance of the pro-
posed RCAB method under varying input SNR conditions.
The number of snapshots is fixed at K = 50, while the
interference-to-noise ratio (INR) is set to 35 dB. Fig. 3
illustrates the comparative output SINR performance of RCAB
and existing methods, including RCB, RCB-DL, RCB-INCM,
and FIM-Capon.

Fig. 3. Output SINR versus input SNR for different beamforming techniques.
The proposed RCAB consistently achieves the highest output SINR
across all SNR levels.

As seen in Fig. 3, the proposed RCAB method consistently
outperforms the conventional RCB and its variants across the
entire range of input SNR values. While RCB and RCB-DL
achieve moderate SINR improvement, their performance dete-
riorates at low SNR due to limited robustness against steering
vector mismatches. RCB-INCM and FIM-Capon provide bet-
ter interference suppression than RCB and RCB-DL; however,
their output SINR is still lower than RCAB, particularly at high
input SNR levels. The superior SINR performance of RCAB
is attributed to its robust min–max optimization and adaptive
weight refinement, which effectively mitigate steering vector

errors and enhance interference rejection, ensuring consistently
strong signal quality across all scenarios.

C. Impact of Sample Size on Output SINR

The third evaluation investigates the effect of the number of
snapshots (sample size) on the output SINR performance of
different beamforming methods. The input SNR is fixed at 15
dB, and the INR is set at 35 dB. The number of snapshots
is varied from K = 10 to K = 100. Fig. 4 presents a
comparative analysis of the proposed RCAB method against
RCB, RCB-DL, RCB-INCM, and FIM-Capon.

As illustrated in Fig. 4, the proposed RCAB method con-
sistently outperforms the conventional methods across all
snapshot sizes. Traditional methods such as RCB and RCB-
DL exhibit significant SINR degradation when the number of
snapshots is small (K ≤ 30), due to inaccurate covariance
matrix estimation and sensitivity to limited data. RCB-INCM
and FIM-Capon offer moderate improvement, but their output
SINR remains below that of RCAB. The robust covariance
matrix estimation and adaptive weight refinement in RCAB
effectively mitigate the effects of small sample sizes, prevent-
ing signal distortion and maintaining stable performance. This
demonstrates the method’s strong robustness and reliability,
particularly in scenarios with limited snapshots.

Fig. 4. Output SINR versus Sample Size. The RCAB method maintains higher
SINR stability, particularly at lower sample sizes.

D. Output SINR vs. DOA Mismatch

Direction-of-arrival (DOA) mismatch occurs when the esti-
mated DOA deviates from the actual source direction, leading
to performance degradation in beamforming techniques. This
analysis evaluates the robustness of the proposed RCAB
method under DOA estimation errors. The input SNR is set to
15 dB, INR is 35 dB, and the number of snapshots is fixed at
K = 60. The actual DOA of the desired signal is varied from
1◦ to 10◦, assuming an estimated DOA of 0◦. Fig. 5 illustrates
the output SINR as a function of DOA mismatch for RCAB
and competing beamforming techniques.

From Fig. 5, it is evident that RCAB maintains a signifi-
cantly higher output SINR across all levels of DOA mismatch
compared to conventional methods. While RCB, RCB-DL,
and RCB-INCM show noticeable degradation in SINR as
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Fig. 5. Output SINR versus DOA mismatch. The proposed RCAB exhibits
strong robustness against steering vector errors.

the mismatch increases, the FIM-Capon method exhibits the
poorest robustness due to its high sensitivity to angular errors.
The superior performance of RCAB arises from its robust
min–max optimization and adaptive weight refinement, which
effectively mitigate the adverse effects of DOA estimation
errors.

E. Impact of the Uncertainty Parameter ϵ

To further examine the robustness of the proposed RCAB
framework against steering vector mismatches, simulations
were conducted using a uniform linear array (ULA) with
N = 22 sensors and half-wavelength inter-element spacing
(d = λ/2). The desired signal was placed at broadside (0◦)
with an input SNR of 15 dB, while two interferers were
located at −20◦ and 40◦ with an INR of 35 dB. A total
of 50 snapshots were used to emulate a short-data scenario.
The uncertainty bound ϵ was varied as {0, 0.02, 0.05, 0.1} to
represent different levels of sensor displacement, calibration
errors, and propagation mismatches.

Fig. 6 presents the output SINR performance of RCAB,
RCB, RCB-DL, RCB-INCM, and FIM-Capon as the uncer-
tainty bound ϵ increases.

Fig. 6. Output SINR versus uncertainty bound ϵ. RCAB demonstrates the
highest robustness under increasing steering vector mismatches.

As observed in Fig. 6, the proposed RCAB method consis-
tently achieves the highest SINR across all levels of uncer-
tainty. Conventional RCB and its variants (RCB-DL, RCB-
INCM) exhibit moderate SINR degradation as ϵ increases,
while FIM-Capon shows a rapid decline in performance due
to its sensitivity to steering vector errors. RCAB’s robust
covariance estimation and adaptive weight update mechanism
allow it to maintain stable performance even under high
levels of mismatch, demonstrating its superior robustness and
reliability in practical scenarios with sensor imperfections.

It is observed from Fig. 6 that conventional RCB and FIM-
Capon methods degrade rapidly as the uncertainty bound ϵ
increases, experiencing more than 3 dB loss at ϵ = 0.1, which
confirms their high sensitivity to array uncertainties. RCB-
INCM and RCB-DL show moderate robustness due to their
use of covariance regularization; however, they still exhibit
notable SINR degradation under large mismatches. In contrast,
the proposed RCAB consistently outperforms all benchmark
methods, with less than 1.2 dB SINR loss even at ϵ = 0.1.
This remarkable stability is attributed to the combination of
min–max optimization and adaptive diagonal loading through
the feedforward neural network (FNN), which automatically
balances interference suppression and robustness.

These results highlight the superior resilience of RCAB
across varying levels of uncertainty, confirming its effective-
ness in realistic scenarios where sensor imperfections and
steering vector mismatches are unavoidable.

F. Impact of Platform Speed (Dynamic Scenarios)

To explicitly evaluate the tracking capability of the moving
array, the tracking error (TE) is defined as

TE =
1

KT

K∑
k=1

T∑
t=1

∣∣∣θ̂k(t, v)− θk(t, v)
∣∣∣ (20)

Here, K denotes the number of sources and T is the total
number of temporal snapshots. The terms θk(t, v) and θ̂k(t, v)
represent the true and estimated DOAs of the k-th source at
time t, respectively, while v indicates the platform velocity.
This metric directly quantifies the time-varying estimation
error induced by array motion and complements the RMSE by
capturing the tracking performance of the proposed system.

In practical applications, platforms such as ground vehicles,
aircraft, and satellites operate under dynamic motion, which
introduces Doppler-induced phase variations. To investigate
this effect, the output SINR was evaluated across a wide
range of platform velocities, from ground-level speeds (30–300
m/s) to near-relativistic motion (0.001c–0.1c). Fig. 7 presents
a comparative performance analysis of the proposed RCAB
method against RCB, RCB-DL, RCB-INCM, and FIM-Capon.

As shown in Fig. 7, conventional RCB and FIM-Capon
degrade sharply with increasing velocity, experiencing more
than 10 dB SINR loss at v = 0.01c. RCB-INCM and RCB-DL
provide moderate robustness due to covariance regularization,
but their performance still deteriorates at higher speeds. In
contrast, the proposed RCAB maintains superior stability, with
less than 3 dB SINR loss even at v = 0.1c. This demonstrates
RCAB’s remarkable resilience against severe Doppler-induced

206 JOURNAL OF COMMUNICATIONS SOFTWARE AND SYSTEMS, VOL. 22, NO. 2, JUNE 2026



Fig. 7. Output SINR versus platform speed v for five beamforming methods.
RCAB maintains superior stability across all speeds, while conven-
tional RCB and FIM-Capon degrade rapidly.

distortions, confirming its effectiveness across a broad range
of realistic dynamic scenarios and its suitability for diverse
practical applications.

G. Convergence Analysis

The convergence behavior of beamforming methods is cru-
cial for real-time applications. Fig. 8 compares the conver-
gence performance of RCAB, RCB, RCB-INCM, and FIM-
Capon under 20 dB input SNR and 35 dB INR conditions.

Fig. 8. Convergence of output SINR versus iteration number. RCAB stabilizes
within 20 iterations, outperforming competing methods.

The results indicate that RCAB converges rapidly, stabi-
lizing the output SINR within 20 iterations, compared to 35
iterations for RCB, 25 iterations for RCB-INCM, and 50
iterations for FIM-Capon. The faster convergence of RCAB
is attributed to its min–max optimization and adaptive weight
update mechanism, which efficiently handle steering vector
mismatches. Additionally, the moving coprime array structure
enhances spatial resolution, enabling effective interference
suppression with fewer iterations and reduced computational
complexity.

The RCAB method achieves the fastest convergence with
superior SINR, thanks to optimized weight updates, strong
interference suppression, and enhanced degrees of freedom
from the coprime structure.

H. Computational Complexity Analysis

In addition to superior beamforming performance, compu-
tational efficiency is critical for real-time applications. Fig. 9
compares the execution times of the proposed RCAB method
with conventional RCB and FIM-Capon across varying sensor
counts (N = 10 to 50).

Fig. 9. Execution time versus number of sensors for different beamforming
methods. RCAB demonstrates the lowest computational cost across all
array sizes.

As shown in Fig. 9, RCAB consistently exhibits the lowest
computational cost. For N = 50 sensors, RCAB completes
processing in 16.3 ms, compared to 30.7 ms for RCB and
39.4 ms for FIM-Capon. This efficiency arises from the
combination of the min–max optimization framework, reduced
sensor requirements enabled by the coprime array design,
and adaptive diagonal loading. These features allow RCAB to
achieve both high accuracy and low computational complexity,
making it highly suitable for real-time signal processing and
practical deployment in dynamic environments.

I. Robustness in Practical Propagation Scenarios

In practical environments, received signals rarely follow
the idealized assumption of being perfectly incoherent and
planar. Instead, multipath propagation and local scattering
often lead to the presence of both coherent and incoherent
components. Such coherence among signals can reduce the
effective rank of the covariance matrix, resulting in degraded
subspace separation and reduced DOA estimation accuracy.
Similarly, phase errors caused by non-planar wavefronts in
inhomogeneous propagation media introduce steering vector
mismatches, further compromising the robustness of conven-
tional beamformers.

To investigate these effects, additional simulations were per-
formed under three representative non-ideal scenarios: (i) par-
tially coherent sources generated through multipath reflections
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with varying correlation coefficients, (ii) random phase distor-
tions introduced into the array manifold to mimic non-planar
wavefronts, and (iii) mixtures of coherent and incoherent
signals to represent scattering-rich environments. The results
demonstrated that the proposed RCAB method maintains high
output SINR and stable DOA estimation accuracy across all
cases, outperforming conventional RCB and diagonal loading
methods that suffer from severe performance degradation in
the presence of correlation and phase mismatches.

The robustness of RCAB in these scenarios can be at-
tributed to two key factors: (a) the min-max optimization
framework explicitly accounts for worst-case steering vector
perturbations, thereby safeguarding against errors introduced
by scattering and non-planar propagation, and (b) the adaptive
diagonal loading mechanism, guided by the FNN, learns to
adjust the regularization strength based on statistical features
of the data, compensating for rank deficiency and instability in
the covariance matrix. Together, these mechanisms ensure that
the beamformer remains effective under realistic conditions
where scattering, correlation, and phase perturbations are
unavoidable.

These findings confirm that the proposed RCAB framework
generalizes well beyond controlled environments, offering
robustness in real-world radar, sonar, and wireless applications
where coherent multipath and medium inhomogeneities are
inherent challenges.

J. Comparative Analysis with Existing Methods

To highlight the advantages of the proposed robust coprime
adaptive beamforming (RCAB) framework, a comparative
analysis with existing approaches is presented in Table I. The
comparison considers multiple factors, including array config-
uration, robustness to steering vector mismatches, interference
suppression capability, convergence speed, and computational
complexity.

As seen in Table I, the proposed RCAB method offers su-
perior robustness against steering vector mismatches, achieves
higher interference suppression, and converges faster than
conventional methods. The use of a moving coprime array
and adaptive diagonal loading through a feedforward neu-
ral network enables enhanced spatial resolution and stable
performance under dynamic operating conditions. While the
computational complexity is moderate, the proposed method
provides a significant improvement in output SINR and esti-
mation accuracy compared to existing techniques.

K. FPGA-Based Realization of the Proposed Moving Array
Beamforming Framework

The proposed moving coprime array based robust beam-
forming framework is well suited for FPGA implementation
due to its structured matrix operations and inherent paral-
lelism. An FPGA-based realization is considered to enable
low-latency and energy-efficient DOA estimation for real-
time moving array applications. The received array snapshots
are acquired through multi-channel ADCs and stored in on-
chip block RAM (BRAM) as a complex-valued data ma-
trix X ∈ CL×T , where L denotes the number of physical

sensors and T represents the number of temporal snapshots
generated by array motion. Fixed-point arithmetic is employed
throughout the design to balance numerical accuracy and
hardware resource utilization, with 16–18 bit precision for
input samples and steering vectors, and 24–32 bit precision
for covariance and beamforming computations. The virtual
array formation induced by platform motion is implemented
using address-mapped sensor indexing logic, where duplicate
sensor locations are removed using a control unit equivalent
to the unique operator in software. This block generates the
effective virtual sensor set without increasing on-chip memory
requirements. The sample covariance matrix is then computed
using parallel multiply–accumulate (MAC) units and stored in
BRAM. Robust beamforming weight computation is realized
using a pipelined matrix inversion module, combined with
adaptive diagonal loading to account for steering vector un-
certainty and motion-induced perturbations. The beamformer
output and spatial spectrum evaluation are performed using
parallel complex inner-product units, allowing simultaneous
processing of multiple angular grid points. Angular scanning
and spectrum evaluation are optimized through coarse-to-fine
grid search, significantly reducing computational latency and
making the implementation suitable for real-time operation.
Peak detection and sorting modules are finally employed to
identify the dominant spectral peaks corresponding to the
estimated directions of arrival.

The performance of the proposed beamforming method
is evaluated by comparing software-level simulations with
FPGA-oriented implementation. A moving coprime sensor
array is considered to emulate realistic deployment conditions.
The array employs a coprime configuration with M = 3 and
N = 5, generating Ntotal = 22 virtual sensor positions through
motion. The inter-element spacing is fixed at d = λ/2, and the
array undergoes uniform linear motion with a normalized ve-
locity of v = 0.1c. The carrier frequency is set to f0 = 1 GHz,
and the sampling rate is sufficiently high to capture motion-
induced phase variations.

The output Signal-to-Interference-plus-Noise Ratio (SINR)
is evaluated over a range of input SNR values from −20 dB
to 30 dB. Floating-point simulations provide the baseline
performance, while fixed-point emulation mimics FPGA im-
plementation, accounting for quantization effects. The results
are presented in Fig. 11, showing the output SINR versus input
SNR. The figure highlights the close agreement between sim-
ulation and FPGA performance, with only a slight degradation
observed due to fixed-point processing.

IV. CONCLUSION

This paper introduced RCAB, a robust beamforming method
for moving coprime sensor arrays, addressing challenges from
sensor motion and Doppler effects. Using a min-max opti-
mization framework with an uncertainty set, RCAB enhances
weight adaptation and suppresses distortions. Simulations con-
firm its superiority over RCB, RCB-DL, RCB-INCM, and
FIM-Capon, achieving deeper nulls (40.2 dB), faster conver-
gence (20 iterations), lower computational cost (16.3 ms),
and higher SINR (up to 4.5 dB gain). The coprime structure
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TABLE I
COMPARISON OF THE PROPOSED RCAB METHOD WITH EXISTING ROBUST BEAMFORMING TECHNIQUES

Method Array Type Steering Vector Robustness Interference Suppression Convergence Speed Complexity
RCB ULA Moderate Moderate Moderate Low
RCB-DL ULA + Diagonal Loading Improved Moderate Moderate Moderate
RCB-INCM ULA + Covariance Regularization Moderate Good Moderate Moderate
FIM-Capon ULA Low Good Slow High
Proposed RCAB Moving Coprime Array High Excellent Fast Moderate

FPGA Architecture for Proposed Moving Array Beamformer

Coprime Antenna
Array

Analog-to-Digital
Converters

(ADCs)

Motion-Based Virtual
Array Formation
unique(p(t))

Sample Covariance
Matrix Estimation

Adaptive Diagonal
Loading

Covariance Matrix
Inversion

Robust Beamforming
Weight Computation

Spatial Spectrum
Evaluation DOA Estimation

Fig. 10. FPGA architecture of the proposed moving coprime array based robust beamforming framework.

Fig. 11. Output SINR versus Input SNR for the proposed method: comparison
between software simulation and FPGA implementation.

improves spatial resolution and DOA accuracy. These results
highlight RCAB’s potential for real-time applications in radar,
wireless, and sonar. Future work will extend it to multi-
dimensional arrays and real-time hardware.
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