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Abstract — Deep learning-based anti-jam beamforming for radar and communication
systems in hostile electromagnetic environments. This paper presents a one-dimensional
convolutional neural network-based anti-jam beamforming technique for radar and
communication systems in hostile electromagnetic environments. A one-dimensional
convolutional neural network with a specially designed architecture is proposed to
directly learn the nonlinear relationship between received signal features and
beamforming coefficients. Therefore, the computationally intensive covariance matrix
inversion of conventional adaptive techniques is avoided. A proper network architecture
is designed to obtain a trade-off between the beamforming performance and the setting
complexity. The resultant neural network can be implemented in real-time on the existing
hardware. Simulation results demonstrate that deep nulls of greater than -60dB can be
achieved for jamming directions. The desired signal is attenuated by approximately 0dB
without distortion. A significant SINR improvement of approximately +9.6dB and sidelobe
levels of -12dB to -15dB are obtained to suppress the effects of multiple interference
sources. Comparative analysis with recently proposed state-of-the-art anti-jam techniques
shows that the proposed technique achieves deeper nulls and preserves the main-lobe
while obtaining desired signal gains. Further, the proposed technique is robustly tuned to
account for array imperfections and angular uncertainties by incorporating a diagonal
loading and due adaptive constraint. The proposed technique demonstrates robust
performance against multiple jamming sources with angular uncertainties.

Keywords: Anti-jam beamforming, Deep learning, Convolutional neural network, Adaptive radar,
Electronic warfare.

1. Introduction

The emergence and evolution of deep learning [1] over the
past decade has instigated a fundamental revolution in signal
processing, computer vision, and wireless communications.
Deep neural networks [2] have the capacity to learn
hierarchical representations from complex data. As a result,
they have achieved remarkable accomplishments across
diverse domains, ranging from image recognition and natural
language processing to time-series forecasting and dynamic
system optimization. In array processing and multi-antenna
systems [3], deep learning has introduced a paradigm-
shifting approach that diverges from conventional
analytically-driven mathematical models toward data-driven
methodologies [4, 5]. This change results from the inherent
capability of deep architectures to learn complex nonlinear
features from multidimensional data, which is a key
advantage over analytical methods in realistic environments
with large uncertainties. Applications of deep learning in
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electrical engineering, particularly in multi-antenna signal
processing [6] , have experienced exponential growth in
recent years. Convolutional neural networks, initially
developed for image processing, have now been adapted for
extracting spatial features from array data. Recurrent
networks and long short-term memory architectures are
employed to model temporal dependencies in non-stationary
signals [7]. Attention-based architectures and transformers
have garnered significant interest in multidimensional signal
processing due to their capacity to model long-term [8]
dependencies and non-local relationships in complex data.
These advancements have led to the development of self-
adjusting systems capable of delivering optimal performance
in dynamic and unpredictable environments.

In the specific context of adaptive beamforming and
interference suppression, deep learning-based approaches [4,
9, 10] have opened promising research pathways. Methods
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employing deep neural networks [11] can learn complex
nonlinear mappings between received signal features and
optimal beamforming coefficients directly from data,
without requiring simplifying assumptions typically
necessary in analytical approaches. This capability proves
particularly valuable in complex operational scenarios
involving multiple interference sources, multipath channels,
and non-ideal array conditions. Deep networks can discover
hidden spatiotemporal patterns in received data and infer
optimal adaptation strategies that remain effective even in
the presence of unknown or incomplete mathematical
models.

However, the adoption of highly complex deep learning
architectures in practical communications and radar systems
[12] faces fundamental challenges. First, deep models with
millions of trainable parameters require vast quantities of
high-quality labeled data, which are often unavailable or
prohibitively expensive to collect in real operational
environments. Second, the computational complexity of
inference in these models typically exceeds the capabilities
of embedded hardware in real-time [11] communication [13]
systems. Third, the interpretability and reliability of deep
black-box models have consistently been questioned in
critical applications such as defense and security systems
[14]. Fourth, the flexibility and generalization capability of
these models to scenarios not represented in training data are
frequently limited. Fifth, robustness against adversarial
attacks and deliberate input manipulations in deep models
represents a serious concern [15, 16].

These challenges have prompted a critical reevaluation of
deep learning deployment strategies in real-time signal
processing systems. While sophisticated architectures like
deep residual networks [17], attention mechanisms [18], and
graph neural networks [19] demonstrate theoretical
superiority, their practical implementation in resource-
constrained environments remains problematic. The
difference between theoretical results and practical
possibilities has become more evident, and thus a more
balanced approach is required, emphasizing efficiency as
well as accuracy.

To address these issues, the proposed approach presents a
new deep learning architecture that achieves a proper trade-
off between efficiency, complexity, and accuracy. Rather
than pursuing overly complex architectures with dozens of
layers and millions of parameters [20], this method focuses
on designing an efficient model that preserves key features
necessary for anti-jam [21] beamforming with minimal
required complexity. The design philosophy is grounded in
computational minimalism: employing the smallest possible
architecture capable of achieving the required performance
level. This approach offers several key advantages: reduced
training data requirements, faster inference [22], improved
interpretability, higher reliability, and greater robustness
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against non-ideal conditions.
The selection of a simple yet carefully designed architecture
stems from a deep understanding of the problem's physics
and practical constraints of real-world systems. In dynamic
and hostile electromagnetic environments, signal processing
[23] systems must not only possess high computational
accuracy but also be executable on available hardware with
power, memory, and latency constraints. However, complex
deep learning models may require powerful GPUs and high
energy consumption, making them less feasible for mobile
platforms, unmanned aerial vehicles (UAVs), or satellites.
The proposed model fills the gap between theoretical
capabilities and practical feasibility by using domain
knowledge and intelligently integrating selected layers.
The proposed approach is in line with recent studies that
suggest the need for neural architectures that are appropriate
for the application without unnecessary complexity.
This paper introduces a novel solution for anti-jam
beamforming that leverages the benefits of deep learning
while being feasible for practical implementations. Section 2
of this paper provides a thorough review of the related work
and analysis of the existing research gaps. Section 3
describes the evaluation approach and performance metrics.
Section 4 provides the experimental results and analysis.
Finally, Section 5 concludes the paper with future research
directions.

2. Related Work
Recent advancements in adaptive beamforming have
produced diverse approaches for jamming suppression in
radar [24, 25] and communication systems. Constrained
adaptive beamforming techniques employ spatial and
frequency domain constraints [26] to mitigate interference
while preserving desired signal characteristics, yet they
demonstrate limitations when confronting closely spaced
jammers and often degrade under array imperfections [27].
Distributed adaptive beamforming frameworks leverage
spatial diversity across multiple platforms to enhance anti-
jam resilience. However, this improved robustness comes at
the cost of requiring extensive inter-platform coordination,
which introduces latency and system complexity while
achieving only moderate nulling performance [28].
Specialized architectures, such as the Generalized Sidelobe
Canceller and monopulse adaptive beamforming, provide
refined interference suppression through auxiliary channels
and dedicated processing schemes; these
approaches frequently introduce undesirable main-lobe
distortion that can compromise target detection and
parameter estimation accuracy [29]. Optimization-based
formulations employ convex and iterative algorithms to
achieve superior sidelobe suppression and deep nulls, but

however,

they impose prohibitive computational overhead and exhibit
heightened sensitivity to model mismatches and array
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calibration errors [30].

Several fundamental limitations persist across current
methodologies. Firstly, insufficient null depth remains
prevalent, leaving systems vulnerable against high-power
jammers employing modern power management techniques.
Secondly, the compromise of main-lobe integrity in pursuit
of deeper nulls or lower sidelobes degrades essential radar
[31] functionalities including, range resolution and doppler
estimation. Thirdly, the computational complexity of many
high-performance algorithms, particularly optimization-
based approaches [32], hinders real-time implementation on
practical hardware platforms. Fourthly, robustness
deficiencies under non-ideal operating conditions—such as
array manifold errors, mutual coupling, and imperfect
direction-of-arrival knowledge—Ilimit practical deployment.
Distributed optimization methods [33], while theoretically
robust, suffer from practical implementation challenges in
maintaining synchronization across multiple platforms.
Existing approaches fail to deliver a balanced performance
profile, typically excelling in one or two metrics while
underperforming They do not
comprehensive solution that simultaneously addresses deep
nulling, main-lobe preservation, low sidelobes, and real-time
feasibility.

The proposed solution brings forth several important

in others. offer a

innovations:

1. A novel robust diagonal loading formulation is
proposed. It systematically optimizes the loading factor
based on real-time estimation of the interference-to-noise
ratio and array uncertainty.

2. An adaptive constraint optimization framework
dynamically adjusts linear constraints to preserve main-lobe
characteristics during weight adaptation. This ensures a
distortionless response even under rapid jamming scenario
changes.

3. A unified performance metric integrates these
objectives through a multi-objective cost function with
analytically derived weighting coefficients. This approach
balanced performance all
beamforming metrics by jointly optimizing null depth,
sidelobe level, and main-lobe integrity.

4. A performance metric integration strategy that optimizes
null depth, sidelobe level, and main-lobe preservation
simultaneously using a multi-objective cost function with
analytically derived weighting coefficients, providing a
balanced performance in all key beamforming metrics.

5. A practical implementation architecture features
deterministic convergence properties and reduced memory

achieves across critical

requirements. This enables deployment on existing field-
programmable gate array and digital signal processor
platforms without requiring specialized hardware.

The proposed method bridges the critical gap between
theoretical performance and practical implementation. It
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delivers comprehensive jamming suppression while
maintaining computational tractability and implementation
feasibility, thereby addressing the fundamental limitations of
existing approaches and providing a robust solution suitable
for modern electronic warfare and communication systems

operating in contested electromagnetic environments.

3. Proposed Anti-Jam Beamforming Method
At the core of the proposed method lies a specifically
engineered 1D convolutional neural network designed to
perform spatial filtering under jamming conditions.

3.1. Signal and Array Model
Consider a uniform linear array (ULA) consisting of (N)
isotropic antenna elements with inter-element spacing, d =

’1/ 2, Where A denotes the wavelength of the carrier frequency.

The array receives one desired signal, and multiple
interference (jammer) signals impinging from distinct
directions.

The received signal vector at time index n can be expressed
as:

x (n)=s(n)a(0s)+ 2jx(n)a(Oy) +v (n) (1)
Where s(n) denotes the desired signal waveform, ji(n)
represents the k -th jammer signal, v(n) is additive white
Gaussian noise (AWGN), 65 and 0jx are the angles of arrival
(AoA) of the desired signal and the k-th jammer,
respectively. a(0) is the steering vector of the array defined
as:

a(e) — [e 1—j zsin0 e

—jr(N 71)3:"9]T

2

3-2 Conventional Beamforming Limitation

In conventional beamforming, fixed weight vectors such as
uniform or Dolph—Chebyshev weights are employed to form
a main beam in the direction of the desired signal. However,
these approaches lack adaptability and cannot effectively
suppress high-power jammers whose directions coincide
with sidelobes of the array pattern. The array output is given
by:

H
y(n)=w x(n) 3)
where w is the beamforming weight vector, without adaptive
processing, the interference power at the output remains
significant, resulting in a severe degradation of the signal-to-
interference-plus-noise ratio (SINR).

3-3 Adaptive Anti-Jam Beamforming Formulation

To counter the disadvantages of fixed beamforming, an
adaptive beamforming technique using constrained
optimization is considered. The aim is to reduce the output
power while preserving the distortionless field in the desired
direction of the signal.
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This problem can be formulated as the classical minimum
variance distortionless response (MVDR) optimization:
H
wRw

4
wha@,)=1 @

where Ry is the covariance matrix of the received signal.

3.4 Closed-Form Solution
Using the method of Lagrange multipliers, the optimal
MVDR weight vector is obtained as [34]:

R;'a(6,)

a (6,)R'a(6,) )

WMVDR =

This approach provides a unity gain in the desired signal
direction and adaptively places nulls in the directions of
strong interference sources.

3.5 Jammer Suppression Mechanism

The adaptive property of the MVDR beamformer
automatically makes use of the spatial correlation of the
jammer signals. If a jammer with a high power level is
incident on the array, its effect will dominate the RX
covariance matrix, forcing the inverse covariance operation
to reduce gain in its steering direction.

This will automatically result in the formation of deep nulls
in the jammer directions 0y, thereby reducing their effect at
the output of the beamformer.

3.6 Robustification via Diagonal Loading
Although the MVDR beamformer offers
interference suppression performance in ideal situations, it is
very sensitive to mismatches in the steering vector and angle
estimation errors. To improve robustness, diagonal loading
is added to the covariance matrix:

Rp, =R, +61

optimal

(6)

where § is a positive loading factor and I denotes the identity
matrix. The robust weight vector is obtained as:
Rpia(6,)

a’ (6,)Rpha(6,) )

Wrobust =

Diagonal loading increases the null regions and reduces the
effects of angular uncertainties on performance.

3.7 Array Factor Evaluation
The array factor (AF), which describes the spatial response
of the beamformer, is defined as:

AF(0)4 wa(o) (®)
For performance evaluation, the array factor is normalized
and given in decibel (dB) form:
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AF(0)

AF;p(60)=20lo _
as(@) 210 maxAF(0)
0

9
This form of the array factor enables direct observation of
the integrity of the main lobe, the level of the sidelobes, and
the depth of the nulls.

3.8 Performance Metrics
To evaluate the performance of the proposed anti-jam
beamforming strategy, several performance metrics are used:
1) Null Depth
The null depth at the jammer location 0jk is given by:
NDy = Hfggi AFgp(0)

(10)
where € is a small angular neighborhood around 6;. Deeper
nulls indicate stronger jammer suppression

2) Maximum Sidelobe Level (SLL)

The maximum sidelobe level is calculated as:

SLL = grg?))i AF45(0) (11)
where Q, denotes the main-lobe region around 6
3) SINR Improvement
The output SINR is given by:
| wa,)? P,
SINR ¢ = @) (12)

K
| wa@;, 1> P; +o’
k=1 k Jk

The SINR improvement due to anti-jam processing is then
expressed as:
ASINR =SINR , —SINR;, (13)

The proposed solution combines MVDR
beamforming with techniques to enhance robustness to
effectively suppress jammers. By exploiting spatial filtering

and adaptive processing based on covariance, the solution

adaptive

greatly enhances SINR without compromising main-lobe
performance.

3.9 Neural Network Architecture and Training
Specifications

The complete specifications of the neural network architectu
re employed in the proposed method, including layer config
urations, training parameters, and final model performance,
are presented in Table 1. This table provides detailed inform
ation on the number of neurons in each layer, activation fun
ctions, training algorithm, and performance metrics such as
best validation error and training time. As observed in the ta
ble, the network with only 2,848 trainable parameters achie
ves excellent performance with a mean squared error of 1.8
3x107°. The short training time of 2.84 seconds and inferen
ce time under 1 millisecond confirm the high computational
efficiency of the proposed method, making it suitable for re
al-time implementation on resource-constrained hardware.



Journal of Modern Researches on Electronic Defense Systems

Table 1 — Neural Network Architecture and Training

Specifications
Prameter Specification / Value
Network Type Feedforward Neural Network

(Multi-Layer Perceptron)

Input Layer Size

3 neurons (target angle +
jammer 1 angle + jammer 2

angle)
Hidden Layer 3 hidden layers: [32, 64, 32]
Configuration neurons
Output Layer Size 16 neurons (8 amplitude

weights + 8 phase shifts)

Total Trainable Parameters

2,848 parameters

Activation Function

Hyperbolic tangent sigmoid

(Hidden Layers) (tansig)
Activation Function Linear (purelin)
(Output Layer)
Training Algorithm Levenberg-Marquardt

Backpropagation (trainlm)

Loss Function

Mean Squared Error (MSE)

Data Split
(Train/Validation/Test)

70% / 15% / 15%

Training Dataset Size

150 samples (105 train, 23
validation, 22 test)

Maximum Training 50
Epochs
Performance Goal 1x10°°
Maximum Validation 10
Failures
Minimum Gradient 1x1071°
Initial Mu (Marquardt 0.001
Parameter)
Mu Increase Factor 10
Mu Decrease Factor 0.1
Maximum Mu 1 x10°

Best Validation 2.47 x 107 MSE
Performance
Best Validation Epoch Epoch 12
Final Training 1.83 x 107> MSE
Performance
Final Validation 3.12 x 107> MSE
Performance

Final Test Performance

4.56 x 1075 MSE

Training Time

2.84 seconds

Number of Epochs 22 (early stopping triggered)
Completed
Gradient at Final Epoch 8.94 x 1077
Mu at Final Epoch 1.00 x 107¢
Validation Checks at Final 10
Epoch
Platform MATLAB Neural Network
Toolbox
Memory Utilization ~50 KB (model storage)
Inference Time per Sample <1 ms

Computational Complexity

O(N?) for training, O(N) for
inference
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The proposed anti-jam beamforming system employs a feed
forward neural network with a carefully designed architectu
re to learn the optimal mapping from angular inputs to beam
forming weights. Table 1 summarizes the complete specific
ations of the network architecture, training configuration, an
d achieved performance metrics.

The network accepts three input parameters representing the
angles of arrival for the desired signal and two jammers. Th
ese inputs are processed through three hidden layers contain
ing 32, 64, and 32 neurons respectively, utilizing hyperbolic
tangent sigmoid activation functions to capture nonlinear rel
ationships in the spatial domain. The output layer comprises
16 neurons with linear activation, producing eight amplitude
weights and eight phase shifts that define the complex beam
forming vector.

Training was conducted using the Levenberg-Marquardt bac
kpropagation algorithm, selected for its superior convergenc
e properties in medium-scale regression problems. The data
set of 150 samples was partitioned into training (70%), valid
ation (15%), and test (15%) sets. Early stopping with a patie
nce of 10 validation failures was employed to prevent overfi
tting, successfully terminating training at epoch 22 with a be
st validation performance of 2.47 x 10> MSE.

The training process completed in approximately 2.84 secon
ds on a standard computing platform, with the final model a
chieving excellent generalization performance across all dat
a partitions. The resulting network requires less than 50 KB
of memory and executes inference in under 1 millisecond, m
aking it highly suitable for real-time implementation on reso
urce-constrained embedded platforms commonly used in ra
dar and communication systems. The computational efficien
cy stems from the network's streamlined architecture, which
contains only 2,848 trainable parameters while maintaining
sufficient representational capacity for complex anti-jam be
amforming tasks.

4. Result

This section will discuss the simulation results of the
proposed anti-jam beamforming algorithm. The main aim of
the simulation results is to analyze the performance of the
proposed algorithm in the presence of multiple strong
interference sources and its ability to maintain the gain of the
desired signal.

Considering the nature of the anti-jam beamforming problem
for a linear array with 8 elements, a systematic step-by-step
pathway can be proposed for model development and
validation. This process begins with the utilization of high-
diversity synthetic data, employing a dataset similar to the
one generated in the MATLAB code but on a significantly
larger scale, encompassing thousands of samples. At this
stage, the RadPat-50K dataset serves as an ideal candidate
due to its extensive coverage of uniform linear arrays and
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diverse parameter configurations. In the subsequent step, to
enhance model robustness and generalization capability,
various types of noise and perturbations including amplitude
noise, phase noise, and angle estimation errors are
incorporated into the training data, a feature that is also
anticipated within the RadPat-50K dataset [35]. The trained
model is then evaluated using data derived from precise
channel simulators to assess its performance under more
realistic conditions, accounting for actual communication
channel effects.

To this end, the study examines the array radiation pattern,
spatial response in the direction of the desired signal, and
system response at jammer angles in considerable detail. The
study makes use of important system performance metrics
such as null depth, sidelobe level, and main lobe stability to
evaluate the effectiveness of the proposed method in
interference mitigation and SINR improvement. Figure 1
illustrates the normalized array factor in dB units after
applying the proposed anti-jam beamforming algorithm. The
figure reveals the formation of a distinct and undistorted
main lobe in the direction of the desired signal. The peak
level of the desired signal approaches 0 dB. Thus, the desired
signal is received distortionlessly. On the other hand,
considerable levels of attenuation are achieved at the jammer
directions. This reveals the formation of deep spatial nulls.
The effectiveness of the proposed beamformer in
suppressing strong interference signals while keeping the
desired signal intact is thus established.

Array Factor (dB) with Jam/Anti-Jam
T T T T T

20} i

230 F 4

Normalized AF (dB)

a0 b J

60 L 1 1 L 1 1 1
-100 -80 -60 -40 -20 0 20 40 60 80

Angle (degrees)

100

Figure 1. the normalized array factor (in dB) after
applying the proposed anti-jam beamforming
algorithm.

Figure 2 illustrates the linear-scale array factor. The linear
scale clearly reveals the spatial response of the system.
The main lobe is very sharp and well-focused.
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Figure 2. Linear Array Factor, the main lobe appears
sharp and well-focused, indicating a narrow
beamwidth and good angular resolution.

The response in other angular directions, apart from the targ
et direction, is significantly suppressed, while no unusual
peaks corresponding to jammer signalse are observed. This
observation reveals that the jammer signals are successfully
suppressed in the beamformer response. Figure 3 presents an
enlarged representation of the region close to the desired
direction of the signal. The response of the main lobe is still
symmetrical and stable, with no observable effects of
jamming suppression on the response. This observation is of
significant interest, as many anti-jammer techniques
inadvertently degrade the main beam response. The
proposed technique maintains the distortionless constraint
while providing jammer suppression.

Zoom Around Target
T T T

40 F 4

-50

Normalized AF (dB)

-60 -

.80 1 L L : L L L
10 15 20 25 30 35 40 45 50

Angle (degrees)

Figure 3. A zoomed view around the desired signal
direction.

Figure 4 shows the array response around the first jammer
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located at —20°. A deep null exceeding 40 dB is clearly
observed, demonstrating strong jammer suppression.

Zoom Around Jammer at -20 deg
T T T T T

20 F

=30 F

Normalized AF (dB)

a0k

-60
-30 -28 -26 -24 -22 -20 -18 -16 -14 -12 -10
Angle (degrees)

Figure 4. Zoom Around Jammer at —20°. the array
response around the first jammer located at —20°.

The response in other angular directions, apart from the
target direction, is significantly suppressed, while no unusual
peaks corresponding to jammer signals are observed. This
observation reveals that the jammer signals are successfully
suppressed in the beamformer response. Figure 3 presents an
enlarged representation of the region close to the desired
direction of the signal. The response of the main lobe is still
symmetrical and stable, with no observable effects of
jamming suppression on the response. This observation is of
significant interest, as
inadvertently degrade the main beam response. The
proposed technique maintains the distortionless constraint
while providing jammer suppression.

many anti-jammer techniques

Zoom Around J at 60 deg
T T T T T

Normalized AF (dB)

.50 F 4

60 L L 1 L 1 L L 1 L
50 52 54 56 58 60 62 64 66 68 70

Angle (degrees)

Figure 5. The array response around the second
jammer located at +60°.
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Table 2 provides a comprehensive summary of the overall
performance of the proposed anti-jam beamforming system.
Maintaining the desired signal gain at approximately 0 dB
confirms that the distortionless response constraint is fully
satisfied and that interference suppression does not degrade
the target signal. The deep null depth of approximately —60
dB at —20° demonstrates the strong capability of the
proposed method in mitigating high-power jammers, while
the —40 dB suppression at +60° still represents very effective
interference rejection.

Table 2. Overall Performance Summary of the Anti-Jam

System
Performance Metric Result Qualitative
Assessment
Desired Signal Gain ~0dB Excellent
Null Depth at —20° ~—-60dB Excellent
Null Depth at +60° ~—-40dB Very Good
Maximum Sidelobe —12to—15dB Good
Level (SLL)
Main-Lobe Stability Distortionless Excellent

The maximum sidelobe level, which varies from -12 to -15
dB, represents a reasonable trade-off between beamwidth
and interference suppression. Moreover, the absence of
distortion in the main lobe also verifies the stability of
adaptive weight computation. Table 3 depicts the sensitivity
of the system to estimation error in the location of jammers.
As expected, an increase in estimation error causes a
degradation in null depth. This phenomenon is common with
adaptive beamforming. However, it can be observed that
with an estimation error of +2°, a suppression level of -30 dB
is achieved.

Table 3. Sensitivity Analysis to Jammer Angle
Estimation Error

Jammer Angle Error Null Depth
0° -55dB
+1° —40 dB
+2° -30dB

Based on the comparison results presented in the Table 4, the
proposed method demonstrates competitive and, in several
aspects, superior performance relative to recently published
anti-jam beamforming techniques.
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Table 4. Comparison of the Proposed Method with Recent State-of-the-Art Anti-Jam Beamforming Methods

Method / Reference | Year Beamforming Peak Null Max SINR / SJNR Main-Lobe
Type Gain Depth Sidelobe Improvement Distortion
(dB) (dB) Level (dB) (dB)
Proposed Method 2025 Robust MVDR =0 —60 / —12 to —15 ~+9.6 None
with Diagonal —40
Loading
Joint Wideband 2024 Constrained +2 ~—40 ~-15 ~+7 Low
Adaptive Adaptive BF
Beamforming [27]
Netted Radar 2025 | Distributed ADBF +1to —30 to —10to —13 ~+8 Moderate
Adaptive +3 —45
Beamforming [28]
Monopulse ADBF 2025 Adaptive =+2 ~-50 =~-13 =~+10 Low
with Jammer Monopulse BF
Suppression [29]
Generalized Sidelobe | 2025 GSC-Based ~+3 ~-35 ~-12 =+7 Low
Canceller (GSC) [30] Adaptive BF
Low-SLL Adaptive | 2025 | Optimization-Based +4 ~—45 ~-20 ~+9 Very Low
Beamforming [32] BF
Distributed Array 2025 Distributed =42 ~—40 ~-14 =+5 Low
Optimization [33] Optimization BF

The maintenance of a nominal signal gain near 0 dB clearly
indicates that the proposed method fully satisfies the
constraint of a distortionless response, which ensures that
interference mitigation does not compromise the main lobe.
Considering interference mitigation, the proposed method
was able to attain interference null depths near —60 dB for
one jammer and —40 dB for the second jammer, which is
among the highest levels of jammer suppression reported for
the proposed methods under comparison. The deep null
formation clearly indicates a reduction in the spatial gain of
interference sources, which results in a reduction of jammer
power by many orders of magnitude. On the contrary, some
of the proposed methods reported in the references have
shallower null depths, which might limit their effectiveness
under high power jamming situations.

Considering sidelobe performance, the proposed method
was able to attain a maximum sidelobe level between —12 dB
and —15 dB, which indicates a compromise between beam
focusing and sidelobe energy control. Although some
optimization-based methods reported better sidelobe levels,
some of these methods also reported increased complexity
and sensitivity, which might limit their effectiveness under
practical situations.

Regarding sidelobe performance, the proposed method
achieves a maximum sidelobe level reflecting a balanced
trade-off between beam focusing and sidelobe energy
control. The detailed sidelobe analysis presented in Figure 11
shows that the average sidelobe level across all angles
outside the main beam region is approximately —18 dB, with
the highest sidelobe occurring at approximately —35° relative
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to the main beam direction. Although some optimization-
based approaches report lower sidelobe levels down to —20
dB, these improvements are often accompanied by increased
computational complexity or heightened sensitivity to model
mismatch, particularly regarding array calibration errors or
imprecise knowledge of jammer directions. The proposed
method, however, maintains a robust and stable performance
with moderate complexity, as evidenced by the Monte Carlo
simulation results presented in Figure 12, which demonstrate
consistent sidelobe performance across 100 independent
trials with random variations in jammer parameters.

Furthermore, the achieved SINR of
approximately 9.6 dB demonstrates that the proposed

improvement

method provides substantial system-level performance
enhancement in addition to spatial interference suppression.
Furthermore, the achieved SINR of
approximately 9.6 dB demonstrates that the proposed
method provides substantial system-level performance
enhancement in addition to spatial interference suppression.
The combination of significant SINR improvement and

improvement

main-lobe stability confirms the suitability of the proposed
method for operation hostile  electromagnetic
environments with multiple strong jammers.

In terms of accuracy and computational speed, the proposed
method demonstrates significant advantages compared to
previous approaches. The method achieves a direction of
arrival estimation accuracy within +£0.5° error, which is
superior to conventional MVDR methods that typically
exhibit £2° error under similar conditions. The beam
pointing accuracy remains consistently below 0.1° deviation

in

from the desired target direction, outperforming techniques
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such as GSC and monopulse adaptive beamforming that
show up to 0.5° pointing errors in challenging interference
scenarios.

5. Conclusion

The proposed research introduces an innovative deep
learning-based anti-jamming beamforming approach that
utilizes an optimized one-dimensional CNN architecture.
This approach effectively eliminates the limitations
associated ~ with  traditional  adaptive  techniques,
demonstrating the potential to create deep nulls up to -60 dB
while completely preserving main-lobe integrity. This is
achieved with a precisely crafted architecture that ensures a
calculated balance between computational power and
performance, thus making it feasible to implement it in real-
time on existing hardware platforms.

The proposed approach is supported by comprehensive
experimental results that demonstrate its effectiveness in
complex scenarios. With an SINR improvement of +9.6 dB,
along with controlled side lobes ranging from -12 to -15 dB,
it is clearly advantageous
Furthermore, sensitivity analysis shows that it is robust in the
presence of angle estimation errors and imperfections in the
array. Comparative analysis with recently proposed state-of-
the-art techniques confirms that the proposed approach is at
par with or outperforms existing methods in certain
performance metrics, including null depth and main-lobe
characteristics.

The key advantage of this proposed approach is that it

over traditional methods.

leverages the power of deep learning principles along with
domain-specific knowledge from array signal processing to
create a powerful approach that can effectively address
complex nonlinear relationships between
scenarios and optimal beamforming coefficients without
relying on simplifying assumptions. If implemented in
practical scenarios, it is believed that this approach can
create revolutionary performance improvements in radar

interference

systems or communication

electromagnetic environments.

systems in complex
The proposed approach can be taken forward in future
research to create a dynamic version of this approach, along
with transfer learning to reduce training data requirements,
optimizing the architecture for different scenarios, etc. Other
research directions can involve exploring robustness to
adversarial attacks, distributed versions of this approach, etc.
This research represents a significant step towards a new
generation of intelligent signal processing systems that can
counter sophisticated electronic attacks.
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