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Abstract

This paper presents a co-optimization framework for sparse concentric ring arrays based on
an improved Dueling Deep Q-Network (DDQN) with a two-tier adaptive step-size strategy.
The method aims at joint sidelobe suppression and structural optimization under non-ideal
conditions. A tri-domain stochastic error model is introduced to characterize position,
phase, and amplitude perturbations, and atmospheric-effect-aware evaluation is incorpo-
rated for high-frequency propagation scenarios. For a six-ring sparse array, radius-only
optimization achieves a PSLL of —24.4810 dB, corresponding to an average improvement
of 5.809 dB over the initial array and an additional reduction compared with the baseline
DDQN method. Extending the design to joint optimization of ring radii and element counts
further reduces the PSLL to —30.629 dB, demonstrating the effectiveness of combined
geometric and sparsity control. Monte Carlo simulations show that the optimized array
maintains stable sidelobe performance under tri-domain stochastic perturbations, with
an average PSLL of —26.758 dB. Further analysis using real meteorological data indicates
that atmospheric effects introduce moderate variations in the normalized beam pattern,
while the overall performance remains primarily influenced by stochastic perturbations
under the considered modeling conditions. The proposed framework provides an ef-
fective and robust optimization approach for sparse concentric ring arrays in practical
high-frequency scenarios.

Keywords: sparse concentric ring array; Dueling Deep Q-Network; tri-domain stochastic
perturbations; atmospheric effects

1. Introduction

Sparse antenna arrays are widely used in a variety of high-frequency electromagnetic
systems, including terrestrial millimeter-wave wireless communications, high-resolution
sensing, and short-range high-frequency propagation systems, because they can provide
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high angular resolution and large effective apertures with reduced hardware complex-
ity [1,2]. In contrast to astronomical radio observation scenarios, this work focuses on
ground-based engineering applications. Among various sparse-array topologies, con-
centric ring arrays are particularly attractive due to their rotational symmetry, compact
parameterization, and flexible beam-steering capability [3,4].

In this work, we focus on sparse array design for terrestrial high-frequency systems
operating in the millimeter-wave (mmWave) band, particularly around 60 GHz. The target
application is robust antenna-array design for terrestrial mmWave communication and
sensing systems, rather than radio astronomy. This frequency range is representative
of emerging 5G/6G communication and high-resolution sensing scenarios, where short
wavelengths make array performance highly sensitive to both hardware imperfections (e.g.,
position deviations, phase jitter, and excitation fluctuations) and atmospheric propagation
effects such as oxygen absorption and humidity-induced attenuation. In particular, the
60 GHz band is characterized by noticeable atmospheric oxygen absorption and strong sen-
sitivity to array perturbations, making it a suitable test case for jointly analyzing hardware
imperfections and propagation effects.

The performance of concentric ring arrays depends strongly on ring radii, the number
of elements on each ring, and excitation settings. In this study, unless otherwise stated,
equal-amplitude and in-phase excitation is assumed in the main experiments, so that the
optimization focuses on geometric variables rather than excitation synthesis. A critical
metric in array-pattern synthesis is the peak sidelobe level (PSLL), which must be carefully
controlled. The synthesis problem is a constrained nonconvex optimization task with mul-
tiple local minima. This difficulty is further exacerbated by sparsity constraints, minimum
inter-element spacing requirements, and structural regularity, especially under practical
non-ideal conditions encountered in mmWave systems.

To address these challenges, this paper proposes a co-optimization framework for
sparse concentric ring arrays based on an improved Dueling Deep Q-Network (DDQN)
with a two-tier adaptive step-size strategy. The main contributions of this work are as fol-
lows:

1. A collaborative design framework is established, enabling joint optimization of ring
radii and per-ring element counts under a minimum inter-element spacing constraint.

2. A tri-domain stochastic error model is introduced to characterize the combined effect
of position, phase, and amplitude perturbations, allowing robustness evaluation
within the optimization loop.

3. A two-tier adaptive step-size strategy (global step-size adaptation module combined
with ring-specific refinement) is proposed within the improved Dueling DON frame-
work. Its effectiveness is validated through ablation studies with 10 random seeds and
prespecified permutation tests, demonstrating statistically significant improvement
in PSLL.

4. A dedicated post-optimization sensitivity analysis is conducted using real meteorolog-
ical data, assessing the additional influence of atmospheric effects on the optimized
beam pattern in a terrestrial mmWave propagation scenario.

It should be noted that the present work focuses on robustness against hardware-
induced tri-domain stochastic perturbations and atmospheric propagation effects. External
intentional interference, such as jamming signals, is not explicitly modeled in the current
optimization framework. However, the proposed method can be extended by incorporating
interference-aware performance metrics or jamming-related features into the optimization
process, which will be considered in future work.

The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 presents the mathematical model of concentric ring arrays and formulates
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the optimization problem. Section 4 describes the improved Dueling DQN algorithm.
Section 5 reports simulation results and performance comparisons. Section 6 provides a
detailed discussion of the results. Finally, Section 7 concludes the paper and outlines future
research directions.

2. Related Work

The design of sparse array layouts has been investigated through a variety of deter-
ministic, stochastic, and learning-based approaches. Early methods focused on physically
motivated strategies for sidelobe reduction. Kogan [5] proposed a deterministic strategy
for reducing PSLL, while Boone [6,7] introduced a gas analogy model on the uv plane.
More recently, Girard et al. [8] applied modified simulated annealing to minimize the
integrated sidelobe level. Although these methods provide valuable theoretical insights,
their applicability to high-dimensional, mixed-variable problems with multiple constraints
(such as sparsity and minimum spacing) remains limited.

To overcome these limitations, various heuristic and stochastic algorithms have been
adopted, including combinations of Invasive Weed Optimization and Particle Swarm
Optimization [4], 0-1 programming with differential evolution [9], non-uniform Fourier
transforms [10], Bessel-function-based formulations [11]. For concentric ring arrays specifi-
cally, these methods can effectively suppress sidelobes but generally rely on iterative search
strategies that are sensitive to initialization and prone to local minima. More importantly,
most existing approaches address only a subset of the challenges—few methods jointly
optimize sparsity, structural parameters, and robustness under stochastic perturbations
within a unified framework.

With recent advances in deep reinforcement learning (DRL), data-driven strategies
have emerged as promising alternatives for antenna-array optimization [12]. However,
existing DRL-based works typically treat only partial aspects of the problem and lack
integrated handling of tri-domain hardware errors and environmental effects.

In addition to conventional sparse-array synthesis, recent studies have explored
geometry-aware and physically reconfigurable electromagnetic systems, such as movable
antennas, movable intelligent surfaces (MISs), and mechanically or rotationally recon-
figurable array architectures. These approaches introduce additional spatial degrees of
freedom by dynamically adjusting the physical positions or configurations of radiating
or reflecting elements, thereby enabling more flexible beam-pattern control. For example,
movable intelligent surface (MIS) systems exploit controllable spatial displacement or con-
figuration changes of intelligent surfaces to improve wireless communication performance
through joint optimization of structural and electromagnetic parameters [13]. Similarly,
movable antenna systems and mechanically reconfigurable arrays adjust element positions
or orientations to adapt radiation patterns to dynamic environments.

Despite their effectiveness, these approaches differ fundamentally from the problem
considered in this work. First, MISs and movable antenna systems typically rely on runtime
physical reconfiguration, whereas the present study focuses on design-stage structural
optimization of sparse concentric ring arrays through ring radii and element-count allo-
cation. Second, existing geometry-reconfigurable systems are primarily evaluated using
communication-oriented metrics, while this work targets robust peak sidelobe level (PSLL)
suppression under tri-domain stochastic perturbations. Third, atmospheric effects are
usually not explicitly incorporated into the optimization process in prior work, whereas
this study provides a post-optimization sensitivity analysis to assess environmental im-
pact. Therefore, the proposed method complements existing geometry-aware designs by
providing a robust optimization framework for sparse array synthesis under practical
non-ideal conditions.
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To address the limitations of existing methods and focus on robust array optimization
under non-ideal conditions, this paper adopts an improved Dueling DQN formulation inte-
grated with a tri-domain perturbation model and a two-tier adaptive step-size mechanism.

3. The Optimization Model of Sparse Concentric Ring Array
3.1. Array Modeling Under Ideal Conditions

As shown in Figure 1, the planar array is constructed by first placing a central element
at the origin. Multiple concentric rings with different radii are then generated around this
center, with a number of elements uniformly distributed along each ring, resulting in a
sparse concentric ring array configuration [3].

To avoid notational ambiguity, K is used throughout this paper to denote the number
of concentric rings excluding the central element. The central element is indexed by k = 0,
with 7y = 0 and Ny = 1. For the k-th ring, rx denotes the ring radius and Nj denotes the
number of active elements on this ring.

For a ring-wise uniform angular distribution, the angular position of the m-th element
on the k-th ring is defined as

(Pklm:27T(Tz’i\1,k1)’ m:l,...,Nk. (1)

When the central element is fixed at the origin, the array factor of the thinned concen-

tric ring array can be expressed as [3,4]

K N
Fu,0) =1+ ) wi ), expljkork(cos gyt + sin ¢ ,0)] )
k=1 m=1

where N represents the number of active elements on the k-th ring, K is the total number of
concentric rings, kg = 271/ A is the wavenumber with A being the wavelength, wy denotes
the excitation coefficient of the k-th ring, and r is the radius of the k-th ring.

In this work, unless otherwise stated, equal-amplitude and in-phase excitation is
assumed for all array elements in the main experiments. Specifically, the nominal excitation
coefficients are set as wy = 1 for all rings in the ring-level formulation. In the element-
level formulation, this corresponds to a;, = 1 and ¢, = 0 for all elements. Therefore, the
optimization in this study focuses on geometric variables (ring radii and element counts),
rather than excitation synthesis.

The spatial position of the m-th element on the k-th ring is defined in polar coordinates
and converted into Cartesian coordinates as

(Xkms Yiym) = (7% COS Qg T SIN Py ). 3)

where 7 and ¢y, denote the radial distance and angular position of the m-th element on
the k-th ring, respectively.
In the far-field region, the direction cosines corresponding to the observation angles
are defined as
u =sinfcos$, v=sindsing, 4)

where 6 and ¢ denote the elevation and azimuth angles, respectively.

The design of a sparse concentric ring array is subject to multiple constraints, including
the maximum array aperture L, the minimum inter-element spacing d., and integer-valued
ring-wise element counts. To clarify the difference between the two optimization settings
used in this work, radius-only optimization and joint radius-and-count optimization are
formulated separately.
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In the first scenario, namely radius-only optimization, the ring-wise element counts
are fixed as their initial values N,SO). Therefore, the total number of active elements is
fixed as

0 K 0
NO =14+ Y N )
k=1

Only the ring radii are optimized. The radius-only optimization problem is formu-
lated as

min PSLL(r,N<0>) ©6)
)y
subjectto 0<r; <rp <---<rg <L,
Amin (I‘, N(0)> >de,

Nact = ngt) ’
wherer = [r,...,7¢], N© = [Nl(o), e NI(<O)], and dpin (-) denotes the minimum Euclidean
distance among all active array elements.

In the second scenario, namely joint radius-and-count optimization, both the ring radii
and the ring-wise element counts are optimized. The total number of active elements is no
longer fixed, but is constrained within a prescribed range:

K
Nact =1+ 2 Nk/ Nrnin < Nact < Nmax- (7)
k=1

To explicitly account for hardware complexity, the joint optimization objective includes
a sparsity-related penalty term:

. Nact
PSLL(r,N) + A
T PSHEN

(8)
subjectto 0<ry <rp <---<rg <L,
Nk,min < Nk < Nk,maX/ Nk € Z/
Nmin < Nact < Nmax,
dmin(rl N) >d..
where Ay is a weighting coefficient used to balance sidelobe suppression and hardware com-

plexity.
The PSLL is defined as the maximum sidelobe level beyond the first nulls of the main

}, )

where Fmax = maxg¢) |[F(0,¢)|, and Qsigelobe denotes the angular region outside the main

beam, which can be expressed as

F(9,¢)

Frnax

PSLL(r,N) =  max {20 lo
(9/4)) €Qsidelobe g10

lobe, i.e., beyond the first nulls. The first nulls are determined numerically from the
array factor.

In the numerical evaluation of PSLL, the radiation pattern is computed on a discrete
angular grid. The first nulls of the main lobe are determined numerically as the nearest
local minima on both sides of the main-beam peak. The sidelobe region (gigelobe is then
defined as the angular domain outside these first-null points, and the PSLL is obtained as
the maximum normalized pattern value within this region.
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Figure 1. Schematic diagram of the concentric circle array model.

3.2. Array Modeling with Tri-Domain Errors and Atmospheric Effects

This study focuses on the 60 GHz frequency band in the millimeter-wave (mmWave)
spectrum, which is widely used in terrestrial wireless communication and high-resolution
sensing systems. The target application of this work is ground-based mmWave propagation
scenarios, rather than astronomical radio observation.

The 60 GHz band is selected because it represents a typical high-frequency regime where
two key characteristics coexist: (i) the short wavelength makes array performance highly
sensitive to geometric configuration and hardware imperfections, and (ii) atmospheric oxygen
absorption becomes non-negligible, introducing direction-dependent attenuation along the
propagation path. Therefore, this frequency band provides a suitable test case for jointly
analyzing array-structure optimization and propagation-related effects [14-16].

At this frequency, array performance is determined not only by the geometric con-
figuration of the antennas but also by propagation-related effects, especially atmospheric
absorption and phase fluctuations. In terrestrial line-of-sight propagation scenarios, oxy-
gen absorption, water vapor, and temperature-dependent refractive-index variations may
introduce additional attenuation and phase perturbations along the propagation path.

In practical arrays, the radiation performance is further affected by hardware- and
environment-induced uncertainties, including excitation amplitude errors, excitation phase
errors, and element position deviations caused by manufacturing tolerances, installation
offsets, thermal drift, and other non-ideal factors. These effects may degrade the array
factor, increase sidelobe levels, reduce gain, and weaken robustness. Therefore, they should
be incorporated into the array modeling and optimization process.

3.2.1. Tri-Domain Random Error Model

This paper considers stochastic errors in the phase, amplitude, and position domains
to model non-ideal array behavior [17,18].

First, phase-domain errors arise because, under ideal conditions, the excitation phase
of each element is assumed to be exact. In practice, however, phase jitter in the feed network,
oscillator instability, and other hardware imperfections introduce deviations from the
nominal phase. These phase errors are modeled as independent Gaussian random variables:

€¢,n ~ N(O, 0'1/2)), (10)
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with probability density function

! € 11
L @

Accordingly, the noisy excitation phase of the n-th element is written as

Ynnoise = Pn + €y,n, (12)

where 1, denotes the nominal excitation phase of the n-th element.
To provide a unified control of stochastic perturbations, a normalized noise level pa-
rameter is introduced, denoted as NL. It is related to the phase-noise standard deviation by
NL
Oy = —, 13
v =7 (13)
where NL is a user-defined parameter controlling the intensity of stochastic perturbations.
Second, amplitude-domain errors mainly arise from amplifier gain fluctuations, feed-
line loss variations, and other hardware imperfections. In this work, the amplitude error
is modeled in the logarithmic domain by a Gaussian random variable, which leads to a
log-normal perturbation in linear amplitude:

€xn ~ N(0,02), (14)

Xy noise = &n 1060""/20/ (15)

where «;, is the nominal excitation amplitude of the n-th element. Using the same noise
level parameter, the standard deviation is given by

_NL

=" (16)

Third, position-domain errors describe the deviation between the actual installed
position of an element and its nominal design position. Although the nominal array
geometry is defined in polar coordinates, the installation offset is represented here in
Cartesian coordinates on the array plane for convenience:

Oxy, 0
oty = ~ X, 17
K LW] N<0 ) v
where
g | % POy (18)
poroy oy |

and p denotes the correlation coefficient between the two coordinate directions. The actual
position vector is then
12 = r, + or,,. (19)

Finally, the array factor including the tri-domain errors is expressed as

N . 27T A
AFnoise(er (P) = Z Xy noise eXP{] l:lpn,noise + e rZCt : k(el ¢):| }/ (20)

n=1

where k(6, ¢) denotes the unit propagation-direction vector corresponding to the observa-
tion direction (6, ¢).
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Unless otherwise specified, the stochastic error parameters are set as follows. The
normalized noise level is chosen as NL = 1 dB, which corresponds to oy = 0, = 0.05
according to the relation o = NL/20.

For position-domain errors, the standard deviations are set as 0y = 0, = 0.014,
representing typical manufacturing and installation tolerances in millimeter-wave antenna
arrays. The correlation coefficient is set to p = 0, assuming independent perturbations in
the two spatial directions.

These parameter values are selected to reflect moderate hardware imperfections in
practical mmWave systems, ensuring a balance between physical realism and sensitiv-
ity analysis.

3.2.2. Atmospheric Effect Modeling

We consider a terrestrial line-of-sight propagation scenario. The antenna array is
located at a certain height, communicating with a receiver (or observation point) at a
fixed horizontal distance. For a direction with elevation angle 8, the effective propagation
path length (slant range) R(0) increases with || compared to the main beam direction. A
common approximation for the slant range is

(21)

where D is the horizontal distance. This geometric relationship implies longer propagation
paths for directions away from the main beam.

According to Recommendation ITU-R P.676, the specific attenuation due to atmo-
spheric gases can be expressed as the sum of oxygen and water-vapor contributions:

’)/g(ffT’P’H):’)/Oz(f/T'P)+’YHzo(frT/PrH)r (22)

where v¢(f, T, P, H) denotes the gaseous specific attenuation in dB/km. In this work, f is
the carrier frequency, T is the temperature, P is the atmospheric pressure, and H denotes
the humidity-related atmospheric parameter adopted in the attenuation model. When
reference atmospheric profiles are required, they can be taken from Recommendation
ITU-R P.835.

For sparse arrays, a classical objective is to minimize the sidelobe level (SLL) while
maintaining the main lobe pointing toward the desired direction 6p:

mxin SLL(x) s.t. mainlobe at 6y, (23)

where x denotes the array element positions.

When the atmospheric conditions vary along the propagation path, the corresponding
attenuation and phase conditions may also change, which can affect the radiation pattern,
the mainlobe pointing, and the achievable gain.

In this work, atmospheric effects are not incorporated into the optimization loop.
Instead, they are evaluated in a post-optimization stage to analyze the sensitivity of the
optimized array under varying environmental conditions.

The effective propagation distance is modeled as an angle-dependent slant range R(6),
which captures the first-order variation of path length with respect to the observation direction.

By incorporating atmospheric effects, the array factor can be written as

N . 27T . ;
AFenV(G/ (P) = Z Ay noise eXP{] (’fjn,noise + T r?,Ct . k> }A(Q, (P) €]q>(9’¢). (24)

n=1
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where A(6, ¢) denotes the field-amplitude attenuation factor, defined as

[12(6,9)+77 (6,9)+7c(6,9)]R(6)
20

A0, 9) =10~ , (25)

where Ygr Vs and 7. denote the specific attenuation due to atmospheric gases, rain, and
cloud/fog, respectively, all in dB/km, and R(6) is the propagation distance in km. In
this formulation, the total attenuation in dB is proportional to the product of specific
attenuation (dB/km) and propagation distance R(6), leading to direction-dependent
cumulative attenuation.

For rain attenuation, the specific attenuation is commonly expressed as y, = kR?,
where R; is the rain rate and the coefficients k and « depend on frequency and polarization
according to ITU-R P.838.

®(6, ) represents the phase perturbation term, expressed as

(6, ) = kAn(0,9) R(0) + Prurb (6, 9), (26)

where k = 271/ A is the wavenumber, An(6, ¢) denotes the effective refractive-index varia-
tion, and Py, (0, @) accounts for random phase fluctuations caused by turbulence. In the
present model, the frequency dependence of the phase perturbation is primarily captured
through the wavenumber k.

Atmospheric effects may manifest not only as attenuation and phase perturbation,
but also as changes in mainlobe pointing, gain, and sidelobe distribution. In this work,
these effects are quantified through dedicated performance metrics in a post-optimization
evaluation framework.

In summary, the influence of atmospheric effects is evaluated after the optimization pro-
cess to analyze the robustness of the optimized array under realistic atmospheric conditions.

It should be noted that the observed beam-pattern variations are dependent on the
adopted propagation geometry and path-length model, and should therefore be interpreted
as model-dependent sensitivity analysis rather than as a fully calibrated physical prediction.

The mainlobe error is defined as the angular deviation between the desired steering
direction (6o, ¢o) and the actual peak direction (6pcak, Ppeak):

Eml(x/ Genv) = \/(Gpeak - 90)2 + (Q’)peak - (PO)Z- (27)

The gain loss is defined as the gain reduction in the desired direction relative to the
reference case:

Lg(x,0env) = Go,as(00, 90) — Gas(*, 00, Po, Oenv)- (28)

In this work, the above performance metrics are used for evaluation purposes only
and are not directly incorporated into the optimization process.

4. Improved Dueling DQN-Based Optimization Framework
4.1. Optimization Problem Formulation

We formulate antenna-array optimization as a sequential decision-making problem
and model it as a Markov Decision Process (MDP), represented by the tuple (S, A, P, R),
where S denotes the state space, A the action space, P the state transition mechanism, and
R the reward function. A Deep Q-Network (DQN) agent is then used to learn a policy that
progressively improves the array configuration through a sequence of local modifications.
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4.1.1. State Space

The state space S represents the current antenna-array configuration at a given de-
cision step. In order to keep the notation consistent, we use K to denote the number of
concentric rings, Rmax the fixed outer radius, m; € {0,1} the activation indicator of the i-th
element, and N; the number of active elements on ring j.

In this work, the array configuration is described at the ring level rather than at the
individual-element level, in order to ensure consistency with the joint optimization formulation.

For radius-only optimization, the state is defined by the normalized radii of the
adjustable inner rings:

1 72 TK—1
srad B Rmax ’ Rmax Y Rmax ’ (29)
This representation captures the geometric layout of the array while removing the depen-
dence on the absolute aperture scale.
For sparsification-only optimization, the state includes both the element-wise activa-
tion pattern and the ring-level activation statistics:

Sspa = [m1,mo, ..., mp, 00,42, .., &k, (30)

where «; denotes the activation level associated with ring j. If «; is implemented as an
activation ratio, it can be written as

wj=—L (31)

with M; denoting the number of candidate element positions on ring ;.

The sparsification process is therefore characterized by ring-wise element counts rather
than individual activation indicators.

For joint optimization, the state combines the geometric variables and the sparsity-
related variables, namely the normalized ring radii and the numbers of active elements on
each ring:

1 2 K Np N Nk

Sjoint = (32)

Rmax ’ Rmax Y Rmax ’ Nl,maxl NZ,maX T NK,max
Here, Ni max denotes the upper bound of the number of elements on ring k, which is
used for normalization.
Therefore, the state provides a compact description of the current array geometry
and ring-wise sparsity pattern, which is sufficient for the agent to evaluate the effect of
subsequent configuration updates.

4.1.2. Action Space

The action space A consists of a set of discrete operations that locally modify the
current array configuration. These actions are designed to adjust either the array geometry
or the element activation pattern of the ring-wise structural parameters.

For radius-only optimization, each action modifies the radius of one adjustable ring
by a fixed step size é:

Aa = {(i,Ar) | i € {1,2,...,K—1}, Ar € {+5,—5}}, (33)

where i denotes the index of the ring and Ar is the increment or decrement applied to
its radius.
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For sparsification-only optimization, each action toggles the activation state of a single
controllable element:

Aspa = {(j, toggle) | j € {1,2,...,M}}, (34)

where j indexes the element and the operation toggle switches its activation indicator
m; € {0, 1}.

For joint radius-and-count optimization, the action space consists of both radius-
update and count-update operations at the ring level.

The count-update actions are defined as

At = {(i,AN) |i € {1,2,...,K}, AN € {—-2,-1,0,+1,+2}}, (35)

where AN denotes the increment or decrement applied to the number of elements on the
i-th ring.

For joint optimization, the action space is defined as the union of the geometry-update
and activation-update count-update actions:

Ajoint = Araq U Acnt. (36)

Each candidate action is subject to feasibility constraints. In particular, a minimum
inter-element spacing constraint is enforced to avoid geometrically invalid configurations,
such as element overlap or excessively dense placement. Actions that violate these con-
straints are either rejected or penalized, depending on the implementation.

In addition, the element counts on each ring are constrained within predefined bounds,
and the total number of active elements must satisfy the global constraint Npin < Nact < Nmax-

This discrete action formulation enables the agent to explore the configuration space
through incremental updates, while keeping the action space tractable for DQN-based learning.

4.1.3. State Transitions

Given the current state s; € S and an action a; € A, the environment applies the
corresponding configuration update and produces the next state s; 1. The state transition is
therefore determined by the underlying geometry-update and activation-update ring-wise
parameter update rules.

For radius-update actions, the transition modifies the selected ring radius as

ri < ri+Ar, Ar € {+6,—6}, (37)

followed by an update of the state representation.
For sparsification actions, the transition flips the activation indicator of the selected
element,
m; —1- mj, (38)

and updates the associated ring-level quantities such as N; and «; accordingly.
For count-update actions, the transition modifies the number of elements on the
selected ring as
N; < N;+AN, AN e {-2,-1,0,+1,+2}. (39)

After updating Nj, the element positions on the i-th ring are reconstructed using
uniform angular spacing;

2t(m —1
Pim = %/ m=1,.. '/Ni' (40)
1
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This ensures that the array geometry remains consistent with the ring-based parameterization.

Infeasible actions that violate geometric constraints (e.g., minimum inter-element spac-
ing) are handled by a feasibility-check mechanism. Depending on the implementation, such
actions are either rejected (resulting in no state change) or mapped to penalized transitions.

In addition to spacing constraints, the element count on each ring and the total number
of active elements are also constrained to remain within predefined bounds.

The transition dynamics P (ss11 | s¢,a¢) are not explicitly modeled in closed form, but
are implicitly defined by these deterministic update rules and constraint checks. This is
consistent with the model-free reinforcement learning setting adopted in this work.

During training, the experience replay buffer stores transition tuples of the form

(St/ at, rflst-‘rl)/ (41)

which are randomly sampled to reduce temporal correlation between consecutive samples
and to improve the stability of the Q-learning updates.
The environment update procedure for joint optimization is summarized in Algorithm 1.

Algorithm 1 Environment update for joint optimization.

Input: current state s; = (r, N), action a;
Output: next state s, and reward r;

1.  Decode the action 4; to obtain (i, Ar) or (i, AN)

If a; is a radius-update action: update r; < r; + Ar

Else if a; is a count-update action: update N; <— N; + AN

Enforce constraints: ring ordering, spacing, and element count bounds; infeasible
updates are rejected or penalized

L N

Reconstruct array geometry: ¢; , = zn(ﬁ:D

Compute array factor and PSLL
Compute reward ¢
Output next state 5,1 and reward r;

PN O

4.1.4. Reward Function

The reward function R is designed to evaluate whether a selected action improves
the array performance while maintaining sparsity and satisfying geometric constraints.
In general, the reward is constructed based on performance differences between two
consecutive states.

For radius-only optimization, the reward is defined using the improvement in peak
sidelobe level (PSLL):

Ryad(st,a;) = PSLL; — PSLL;,1 + B - 1(PSLL; 1 < PSLL;), (42)

where p > 0 is a reward-shaping coefficient, and 1(-) is the indicator function. The first
term encourages PSLL reduction, while the second term provides an additional bonus
when a strict improvement is achieved.

For sparsification-only optimization, the reward balances radiation performance and
the number of active elements:

Rspa(st,at) = (PSLLy — PSLL; ;1) + A(Nt — Niy1), (43)

where N; denotes the number of active elements at step t, and A is a trade-off coefficient
controlling the relative importance of sparsity.
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For joint optimization, the reward is formulated as a weighted combination of multiple
performance metrics:

—_——

Rioint(st,a1) = wy APSLL + w, AMainlobeError + w3 Aivg, (44)

In scenarios involving intentional interference, the reward function can be further
extended by introducing a jamming-related penalty term. For example, an additional term
associated with interference power or jamming classification confidence can be incorpo-
rated to guide the optimization toward interference-resilient array configurations. Such
extensions are not considered in the present work and remain part of future research.

To maintain consistency with the multi-objective formulation in Section 2, the reward
function is defined using the same set of performance metrics, namely PSLL, mainlobe
pointing error, and gain loss.

The normalized improvements are defined as

— PSLL,— PSLL,,
APSLL = 45
IPSLLof| 1 ¢ #5)
E —E
AMainlobeError = —mbt — =mli+l (46)
Eml,ref +e
AGan1:4i%——iﬁi3 (47)
g, ref +¢€

where E, and Ly denote the mainlobe pointing error and gain loss defined in Section 2,
respectively, and ¢ is a small constant to avoid division by zero.
The weights satisfy
w+wy+w3 =1, w; >0, (48)

The weights are selected based on the relative importance of each objective. Since
sidelobe suppression is the primary goal, PSLL is assigned the largest weight, while
mainlobe error and gain loss are treated as secondary robustness-related objectives. The
weights are kept fixed across all experiments to ensure consistency and reproducibility.

The coefficients A, B, and {w;} are treated as design parameters and are kept constant
throughout the experiments.

4.2. Improved Dueling DQN Architecture

The proposed reinforcement-learning architecture is designed according to the char-
acteristics of the sparse array optimization problem considered in this work. Specifically,
the action space is discrete, as each action corresponds to incremental updates of ring
radii or element counts. Therefore, a value-based reinforcement learning method such
as Deep Q-Network (DQN) is more suitable than policy-gradient-based methods for this
problem setting.

Dueling DQN enhances the standard Deep Q-Network (DQN) by decomposing the Q-
value into a state-value term and an action-dependent advantage term. This decomposition
is particularly useful in array optimization, where many candidate actions may have
similar effects under a given array configuration. By separating the state-value estimation
from the action advantage, the dueling structure improves learning stability and reduces
overestimation bias. The advantage function is defined as

Als,a) = Q(s,a) = V(s), (49)
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where V(s) denotes the state-value function. Accordingly, the Q-value can be decom-
posed as

leﬁ(s,a) = Vyu(s) + A,”;(s,a), (50)

where 7 denotes the shared network parameters, and « and  are the parameters of the
value and advantage streams, respectively.

The proposed network architecture takes the state variables defined in Section 3.1 as
input, including the normalized ring radii, element activation variables, and ring-level
active-element statistics. For the atmospheric-effect setting, the state is further augmented
with environmental parameters, namely temperature, humidity, and pressure. These
inputs are first passed through a feature-fusion stage and then encoded by a shared fully
connected layer with 256 hidden units and ReLU activation, which extracts a compact
latent representation for subsequent value and advantage estimation.

The network then branches into two streams. The value stream contains two fully
connected layers with 256 hidden units each and ReLU activation, followed by a scalar
output that estimates the state-value function V(s). The advantage stream adopts a similar
structure and outputs an |.A|-dimensional vector representing the action-dependent advan-
tage values A(s, a). To improve numerical stability and ensure identifiability, the mean of
the advantage values is subtracted before combining the two streams. The final Q-values
are computed as

Q(s,a):V(s)+< s,a) |A‘2Asa ) (51)

As shown in Figure 2, beyond the classical dueling structure, two additional training
mechanisms are incorporated. First, Prioritized Experience Replay is adopted because
effective PSLL-improving transitions are relatively sparse during training, and prioritiza-
tion improves sample efficiency by focusing on informative experiences. Second, a target
network updated by hard parameter copying is used to stabilize the temporal-difference
learning process [19]. It should be noted that the architecture shown in Figure 2 is not in-
tended to represent the only possible network design. Instead, it is a practical and effective
choice tailored to the discrete, constrained optimization problem considered in this work,
balancing model complexity, training stability, and computational efficiency.

As indicated by the dashed box in Figure 2, these modifications improve both conver-
gence stability and training efficiency.

Array-Structured .

Input
per e N S
Parameters

: Value V(s) —>
_ : —— & nQ(s,a) = Vis) +
Environmental : Feature : : | Shared Feature | : - (As,a) - | —+utput -values|

H— — —
Feature Input B Fusion Layer : Conyllevey Bl : Vector : mean(A(s,a))

: 4 : :
Humidity, e A : : : Z—> Advantage |A(s,a) —>|
1 : :

T Training Optm\,zauon Module

Target

State Input  —— Network Update

Prioritized Replay

Figure 2. Architecture of the proposed improved Dueling DOQN framework.

Two-Tier Adaptive Step-Size Strategy for Radius Optimization

To balance exploration and exploitation in ring-radius optimization, we introduce
a two-tier adaptive step-size strategy consisting of a global step-size adaptation mod-
ule (referred to as a “controller” in an algorithmic sense) and a ring-specific refinement
mechanism. Here, the term “controller” does not refer to a physical or standard microcon-
troller, but to an internal rule that dynamically adjusts the optimization step size during
the reinforcement-learning process. Compared with a fixed step-size scheme, the pro-
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posed strategy improves both convergence efficiency and local-search capability in the
minimization of the peak sidelobe level (PSLL).

The global step-size adaptation mechanism adjusts the search granularity according
to recent optimization behavior. Let

P=A{pt,pt-1,-- -, Pt—-N+1}
denote the PSLL sequence over the most recent N optimization steps. The variance
0? = Var(AP)

and mean
# = Mean(AP)

are computed from the first-order difference sequence

AP = {Pt — Pt—1,+--/Pt—N+2 — Pt—N+1}-

where 0 measures the volatility of recent performance changes, whereas u reflects the

average trend of the recent PSLL evolution.

Using these statistics and predefined thresholds, the global step size 7g|opa is adjusted
according to the following three cases.

Case 1: Local refinement. If 02 < Ty, and |it| < Tirend, the optimization is regarded
as being in a relatively stable region with limited fluctuation. In this case, the step size is
reduced for local refinement:

Tglobal <~ Max (Uminr Nglobal - TMaX (‘Sdecayr 1- 0‘02) ) : (52)

Case 2: Accelerated progress. If 2 > Toar, || > Tirend, and p < 0, the recent updates
indicate effective descent. The step size is therefore increased to accelerate exploration:

Nglobal < min (Winitr global min <1 /5decay/ 1+ 040'2) ) . (53)

Case 3: Stabilization under stagnation or degradation. If 02 > Tyar, [1| > Tirend,
and y > 0, the search is considered to be unstable or trapped. In this case, the step size is
slightly reduced to improve stability:

Tglobal <~ Max (7’]min/ Tglobal Jdecay) . (54)

To avoid prolonged stagnation in local optima, a stagnation-escape mechanism is
introduced. When the number of consecutive steps without improvement exceeds a
threshold Tstagnate, the step size is temporarily amplified as

no_improve_count ) ) , (55)

Hglobal <— Min (Tﬁnit/ Tglobal (f base T fscale * T
stagnate

after which the stagnation counter is reset.

In addition to the global controller, each ring i is assigned an individual step size #ying,i
to reflect its local sensitivity to PSLL variation. When ring i is updated, the corresponding
PSLL improvement is recorded as

Ap; = Pprev — Pcurrent-
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Each ring maintains a history of recent improvements of length M, and the average improve-
ment is denoted by AP;. For numerical stability, the ring-specific step size is constrained
within the interval [#sing min/ fring max)-

If AP; > 0.1, recent updates on ring i are considered effective, and the step size
is enlarged:

Mring,i < min('?ring,maxz Tring,i * 1-1) . (56)

If AP; < 0.02, recent updates are considered ineffective, and the step size is reduced
for finer local adjustment:

Nring,i <— Max (Wring,minr Mring,i * 5decay)- (57)

This two-tier strategy enables the search process to adapt to both global optimization
trends and local ring-level sensitivities, thereby improving convergence behavior and final
solution quality. The values of the thresholds and control parameters, including Tvar, Tirend,
Tstagnate, fbases fscales @S Well as the window sizes N and M, are specified in Appendix A to
ensure reproducibility.

5. Simulation Results and Performance Evaluation
5.1. Radius-Only Optimization Using Improved Dueling DQN

Unless otherwise stated, equal-amplitude and in-phase excitation is adopted in all
experiments in this section, consistent with the modeling assumptions in Section 3.

We investigate the optimization of ring radii in concentric circular arrays using the
improved Dueling DON framework described in Section 3. The detailed hyperparameter
settings are provided in Appendix A to ensure reproducibility. The array under study is a
sparse uniform concentric six-ring configuration, consisting of one fixed central element and
six independently adjustable rings. The minimum inter-element spacing is constrained to
be no less than 0.5, and the optimization variables are the six ring radii R, (n = 1,2, ...,6).

To evaluate robustness and statistical consistency, multiple independent runs with
different random initializations are conducted. In this experiment, E1 denotes the baseline
DDQN method for radius-only optimization without any of the proposed improvement
strategies, while E2 denotes the improved Dueling DON method with the proposed refine-
ment strategy.

The representative optimized ring radii are summarized in Table 1, and the corre-
sponding array layouts and radiation patterns are illustrated in Figure 3. Specifically,
subplots al-a3 show the initial uniform array, b1-b3 correspond to the baseline DDQN
result, and c1-c3 present the result obtained using the improved Dueling DQN.

Table 1. Radius-only optimized array parameters.

Method

PSLL (dB) Ry R, R3 Ry Rs Re

Initial array
DDON baseline
Improved DDQN

—18.672 0.500000 1.000000 1.500000 2.000000 2.500000 3.000000
—24.0396 0.520000 1.020000 1.520000 2.201400 2.964200 3.918900
—24.4810 0.501830 1.022660 1.522660 2.192535 2.958544 3.912160

As shown in Table 1, both DDQN and the proposed method achieve significant
sidelobe suppression compared with the initial array, reducing the PSLL from —18.672 dB
to below —24 dB. The best PSLL achieved by the improved method reaches —24.4810 dB.
Compared with the baseline DDQN result, the proposed method achieves an additional
PSLL reduction of approximately 0.44 dB.
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Figure 3. Radius-only optimization results. Subplots (al-a3) show the initial uniform array,
(b1-b3) show the baseline DDQN-optimized array, and (c1-c3) show the improved Dueling DQN-
optimized array.

To further evaluate the robustness of the radius-only optimization, statistical results
over multiple independent runs are summarized in Table 2. The results show that the
proposed method consistently achieves a lower mean PSLL and smaller standard deviation
than the baseline DDQN. In particular, the average PSLL is improved from —23.9892 dB
to —24.476 dB, demonstrating a clear performance gain. Moreover, the reduced standard
deviation indicates improved stability of the optimization process.

Table 2. Statistical results of radius-only optimization over multiple independent runs.

Setting Method Mean PSLL (dB) Std (dB) Best (dB) Worst (dB)
El Baseline DDQN —23.9892 0.0329  —24.0396  —23.9406
E2 Improved DDQN —24.476 0.009 —24.4810 —24.460

These results indicate that while radius-only optimization can effectively suppress side-
lobes, further performance improvements may be achieved by jointly optimizing both the
ring radii and the element distribution, which will be investigated in the following section.

In addition, compared with the results reported in [20], the proposed method achieves
a further PSLL reduction of approximately 0.31 dB, demonstrating its competitiveness with
existing approaches.

5.2. Concurrent Optimization of Ring Radii and Element Counts

Unless otherwise specified, the equal-amplitude and in-phase excitation assumption
is retained in this joint-optimization setting, so that the performance improvement can be
attributed to structural optimization rather than excitation reweighting.

Previous single-parameter optimization, which only adjusted the ring radii, sup-
pressed the PSLL to —24.4810 dB but did not modify the element distribution density,
thereby limiting the ability of sparse arrays to further reduce sidelobes and hardware costs.
To address this limitation, an improved Dueling Deep Q-Network (DDQN) framework was
employed for joint optimization of ring radii and element counts.
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Figure 4 shows the corresponding results obtained using the proposed method. The
optimized array configurations are summarized in Table 3. For comparison, a conventional
genetic algorithm (GA) was also implemented under the same equal-amplitude and in-
phase excitation constraint.

Concentric ring array — r,/A and N, from table (Nt =117)

Improved DDQN (table config.) — array layout (N=117) o Improved DDQN (table config.) — pattern, ¢ = 0 plane Irln‘%oved DDQN (table config.) — 2D normalized |F| (u-v) o

v

104

Normalized |F] (dB)
o .
8
v
bbb s A
g & 8 & 5
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w
o

(b)

. - - - , -60 -
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x(A) 8 (deg) u

S
S

Figure 4. Array layout and corresponding beam-pattern results for the improved DDQN-based joint
optimization: (a) array layout; (b) PSLL; (c) three-dimensional beam pattern.

Table 3. Comparison of optimization methods for 6-ring concentric circular arrays.

Method N n 1 2 3 4 5 6 PSLL (dB)

Improved DDQN 118 rn(A) 0.5019 1.0019 15019  2.1520 29124  3.7751 —30.629
N, 7 13 19 25 26 27

GA 109 rn(A) 0.6634 1.1075 1.7172  2.3419 29600 3.6999 —28.523
N, 8 13 21 21 20 25

Figure 5 shows the GA-based design achieves a PSLL of —28.523 dB with a total of
109 elements, whereas the proposed improved DDQN method further reduces the PSLL
to —30.629 dB using 118 elements. Compared with the GA result, the proposed method
provides an additional sidelobe reduction of approximately 2.1 dB, indicating a more
effective exploration of the coupled design space of array geometry and sparsity.

Improved DDQN (table config.) — pattem, ¢ = O plane
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Figure 5. Array layout and corresponding beam-pattern results for the GA joint optimization:
(a) array layout; (b) PSLL; (c) three-dimensional beam pattern.

Although the proposed method uses a slightly larger number of elements than the GA-
based design, the achieved PSLL improvement demonstrates a more efficient utilization
of array degrees of freedom through joint structural optimization. This can be attributed
to the capability of the DDQN framework to capture long-term reward dependencies and
coordinate the interaction between ring spacing and element density across multiple rings.

Moreover, compared with the radius-only optimization, the proposed method achieves
a PSLL reduction of 6.148 dB. These results demonstrate that joint optimization of array
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geometry and element distribution effectively improves sidelobe suppression while main-
taining a reasonable level of hardware complexity.

To further evaluate the effectiveness of the proposed refinement mechanism in the
joint optimization framework, we conduct an ablation study by comparing three different
configurations:

e E3: Joint optimization without refinement;
e  E4: Joint optimization with radius-only refinement;
*  E5: Joint optimization with the proposed joint refinement strategy.

All experiments are conducted under the same settings with 10 independent runs to
ensure statistical consistency. The corresponding results are summarized in Table 4.

Table 4. Statistical results of joint optimization under different refinement strategies.

Setting Method Runs Mean PSLL (dB) Std (dB)  Best/Worst (dB)
E3 Joint r + N, no refinement 10 —30.312 0.041 —30.361/—30.248
E4 Joint r 4+ N, radius-only refinement 10 —30.487 0.052 —30.553/—-30.418
E5 Joint ¥ + N, joint refinement 10 —30.574 0.038 —30.629/—-30.512

As shown in Table 4, introducing refinement improves the optimization performance.
Compared with the baseline setting without refinement (E3), the radius-only refinement (E4)
achieves a lower mean PSLL, indicating that adaptive adjustment of ring radii contributes
to better exploration of the solution space.

The proposed joint refinement strategy (E5) further improves the mean PSLL and
achieves the best PSLL of —30.629 dB, which is consistent with the optimal result reported
in Table 3. This demonstrates that jointly adapting geometric and sparsity-related variables
enhances the effectiveness of the optimization process.

In addition, the relatively small standard deviations across all settings indicate stable
performance under different random initializations. Overall, the results confirm that
the proposed refinement mechanism improves both optimization capability and solution
quality in joint array design.

To further examine the azimuthal behavior of the optimized array, beam cuts were
evaluated at multiple azimuth angles (0°, 30°, 60°, and 90°). The obtained PSLL values are
very close across all directions (approximately —30.6299 dB), with only minor variations
observed in the far sidelobe region. This near-overlap of beam cuts is expected due to
the uniform azimuthal distribution of elements on each ring. Since the optimization
process only adjusts ring radii and ring-wise element counts, while the azimuthal positions
remain uniformly distributed and are not independently optimized, the resulting radiation
pattern naturally exhibits near-rotational symmetry. Therefore, this observation should be
interpreted as an inherent structural property of the array configuration rather than a direct
consequence of the proposed optimization method. As a result, the beam pattern is largely
invariant with respect to azimuth, and a single radial cut can provide a representative
characterization of sidelobe performance. As illustrated in Figure 6, the beam cuts at
different azimuth angles largely overlap. The small deviations observed in the far sidelobe
region do not affect the overall evaluation of array performance.

5.3. Antenna Arrays Under Tri-Domain Errors and Atmospheric Effects

In this subsection, equal-amplitude and in-phase excitation is also assumed, while
stochastic perturbations and atmospheric effects are introduced to evaluate robustness
under non-ideal conditions.
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To further assess the robustness of the proposed synthesis framework, additional
simulations were conducted under tri-domain stochastic disturbances, including element
position perturbations, phase jitter, and excitation amplitude fluctuations. These uncer-
tainties introduce phase decorrelation and amplitude imbalance across the array aperture,
leading to main-lobe broadening and increased sidelobe levels.

6-ring concentric array — broadside beam cuts (6, = 0", equal excitation)

0
— ¢p=0"
— $=30
-10 A — $=60"
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Figure 6. Beam cuts at different azimuth angles (0°, 30°, 60°, and 90°) for the optimized array.
The curves largely overlap, indicating near-rotational symmetry with minor deviations in the far
sidelobe region.

Figure 7 presents the statistical distribution (histogram) of PSLL obtained from
200 Monte Carlo simulations based on repeated perturbations of the same optimized array
configuration. Under these conditions, the average PSLL is approximately —26.758 dB
with a standard deviation of 1.323 dB. Compared with the ideal (noise-free) case, the PSLL
increases by about 3.07 dB, indicating that tri-domain noise degrades sidelobe suppression
performance. Nevertheless, the relatively limited spread of the distribution suggests that
the optimized array maintains stable performance under stochastic disturbances.

PSLL Distribution (Monte-Carlo)

20+

Count

-26 =23
PSLL (dB)

Figure 7. Histogram of PSLL values obtained from 200 Monte Carlo simulations under tri-domain
perturbations.

To emulate realistic operating conditions, this study further incorporates daily me-
teorological data from Daocheng in 2024, including temperature, relative humidity, and
rainfall, as shown in Figure 8. Based on the evaluation criteria defined in Section 3, where
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performance metrics such as PSLL, mainlobe pointing error, and gain loss are jointly con-
sidered in the reward formulation, the previously obtained optimized array configuration
is selected for further analysis under atmospheric-effect modeling.

Daocheng 2024 Main Weather Factors (Normalized)
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Figure 8. Normalized meteorological data in Daocheng during 2024, including temperature, relative
humidity, and rainfall.

Figure 9 illustrates the temporal variation of PSLL for the selected optimized array
configuration under combined tri-domain perturbations and atmospheric effects. Under
ideal conditions, the PSLL is approximately —30.629 dB. After introducing tri-domain
perturbations, the PSLL exhibits a moderate reduction relative to the perturbation-only
case. Based on the daily simulation results for Daocheng in 2024, the average PSLL is
approximately —28.261 dB, corresponding to a reduction of about 1.503 dB compared
with the tri-domain perturbation baseline. The PSLL remains within a narrow range from
—28.363 dB to —27.955 dB throughout the year.

Daily PSLL — Daocheng 2024 weather + phenomenological slant-path attenuation
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Figure 9. Daily variation of PSLL for the optimized array under atmospheric conditions in Daocheng
(2024). The PSLL exhibits limited fluctuation and remains within a narrow range throughout the year.

These results indicate that, under the adopted atmospheric-effect model, propagation-
induced attenuation introduces a direction-dependent modification to the normalized beam
pattern. In particular, sidelobe regions experience relatively stronger attenuation than the
main lobe due to longer effective propagation paths. However, the overall impact remains
limited, and atmospheric effects act as a secondary correction rather than a dominant factor
in determining PSLL.

Overall, the observed PSLL behavior can be interpreted as the combined effect of
stochastic perturbations and propagation-induced attenuation. While tri-domain noise
significantly degrades sidelobe performance, atmospheric effects partially compensate
for this degradation but do not fundamentally alter the intrinsic characteristics of the
optimized array.
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6. Discussion

In this work, a co-optimization framework for sparse concentric ring arrays based
on an improved Dueling Deep Q-Network (DDQN) is investigated under both ideal and
non-ideal conditions. The obtained results provide several insights into the behavior of
geometry optimization, sparsity control, and robustness under practical perturbations.

First, the radius-only optimization results demonstrate that adjusting ring radii alone
can effectively reduce the peak sidelobe level (PSLL), achieving values below —24 dB
in all experiments. This improvement can be explained from an aperture-distribution
perspective. Modifying the ring radii changes the spatial sampling of the array aperture,
which reshapes the interference pattern in the far field. However, since the element counts
remain fixed, the degrees of freedom are limited, and the achievable sidelobe suppression
is therefore constrained. This explains why the performance gain, although consistent,
remains moderate compared with more flexible optimization strategies.

By contrast, the joint optimization of ring radii and element counts introduces
additional degrees of freedom, leading to a significant improvement in sidelobe sup-
pression. The proposed method achieves a PSLL of —30.629 dB, outperforming both the
radius-only optimization and the genetic-algorithm-based design. This performance
gain can be attributed to the coupling between geometric spacing and element distri-
bution. While radius adjustment controls the radial layout of the array, element-count
optimization modifies the sampling density across different rings, effectively altering
the aperture weighting. This joint control enables a more flexible shaping of the sidelobe
structure and allows the optimization process to better balance spatial distribution and
energy concentration.

The robustness analysis under tri-domain stochastic perturbations further reveals
the sensitivity of array performance to practical imperfections. The PSLL increases from
approximately —30.629 dB to —26.758 dB under combined position, phase, and amplitude
errors. This degradation can be understood by considering the different roles of these
perturbations. Position errors introduce phase deviations in the propagation path, phase
errors directly disrupt the coherent superposition of array elements, and amplitude errors
modify the effective excitation weights. These effects collectively reduce constructive
interference in the main lobe and elevate the sidelobe floor, leading to increased PSLL
values [17,18]. Despite this degradation, the relatively small standard deviation observed in
Monte Carlo simulations indicates that the optimized array maintains stable performance
across different perturbation realizations, suggesting a certain level of inherent robustness
in the learned configuration.

The influence of atmospheric effects is further analyzed using real meteorological
data. Under the adopted 60 GHz terrestrial propagation model and the considered environ-
mental dataset, the average PSLL is observed to be approximately —28.261 dB. Compared
with the perturbation-only case, atmospheric effects introduce a moderate variation of
about 1.503 dB. This behavior can be attributed to the fact that atmospheric attenuation
primarily acts as a direction-dependent scaling factor on the radiation pattern, rather than
fundamentally altering the phase relationships among array elements. Consequently, side-
lobe regions, which correspond to longer effective propagation paths, experience slightly
stronger attenuation than the main lobe. However, under the present modeling assump-
tions, the overall impact of atmospheric effects remains smaller than that of stochastic
perturbations. It should be emphasized that this observation is dependent on the adopted
propagation model and environmental conditions, and may not generalize to all frequency
bands or propagation scenarios.
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Despite the effectiveness of the proposed framework, several limitations should be
noted. First, atmospheric effects are incorporated only in a post-optimization evaluation
stage, rather than being included in the optimization loop. Second, the tri-domain error
model assumes independent stochastic perturbations and does not consider potential
correlations or calibration mechanisms in practical systems. Third, external intentional in-
terference, such as jamming signals, is not modeled in the current framework. These aspects
may affect the applicability of the results in more complex electromagnetic environments
and should be addressed in future work.

7. Conclusions

In this paper, a co-optimization framework based on an improved Dueling Deep
Q-Network is proposed for the design of sparse concentric ring arrays under both ideal
and non-ideal conditions. The results show that radius-only optimization provides limited
improvement due to restricted degrees of freedom, whereas joint optimization of ring
radii and element counts significantly enhances sidelobe suppression, achieving a PSLL
of —30.629 dB. Furthermore, the optimized array demonstrates stable performance under
tri-domain stochastic perturbations, with moderate degradation in sidelobe levels. The
analysis of atmospheric effects indicates that, under the adopted propagation model,
environmental attenuation introduces only secondary modifications to the normalized
radiation pattern. Overall, the proposed method provides an effective and robust approach
for sparse array optimization in practical scenarios.

Future work will focus on improving the scalability and computational efficiency
of the proposed method, for example by exploring multi-agent reinforcement learning
frameworks to decouple continuous and discrete optimization variables, as well as transfer
learning strategies to accelerate optimization across different frequency bands. In addition,
the framework will be extended toward interference-aware array optimization by incor-
porating intentional jamming models and learning-based signal classification methods,
thereby further enhancing robustness in complex electromagnetic environments.
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Appendix A. Hyperparameter Settings

For completeness and reproducibility, the detailed hyperparameter settings used in
both optimization tasks are summarized in this appendix.
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Appendix A.1. Radius-Only Optimization

Table Al. Dueling DQN hyperparameters for radius-only optimization (phase_a preset).

Hyperparameter Value Description
Episodes 2000 Total training episodes
Max steps per episode 100 Maximum environment steps
Batch size 64 Mini-batch size
Replay buffer size 80,000 Experience replay buffer capacity
Learning rate 5x107* Adam optimizer
Discount factor v 0.99 Future reward discount
e-start/end/decay 1.0/0.09/0.9988 e-greedy schedule
Target network update 5 episodes Hard copy frequency
Hidden layers 2 x 256 units (ReLU) Dueling DON architecture
Radius step o (step_lambda) 0.012A Radius adjustment step

Appendix A.2. Joint Radius-and-Count Optimization

Table A2. Dueling DON hyperparameters for joint radius-and-count optimization (phase_a preset).

Hyperparameter Value Description

Episodes 2000 Total training episodes

Max steps per episode 100 Maximum environment steps
Batch size 64 Mini-batch size

Replay buffer size 80,000 Experience replay buffer capacity
Learning rate 5x107* Adam optimizer
Discount factor y 0.99 Future reward discount
e-start/end/decay 1.0/0.09/0.9988 e-greedy schedule

Target network update 5 episodes Hard copy frequency
Hidden layers 2 x 256 units (ReLU) Dueling DON architecture
Radius step ér 0.012A Radius adjustment step
Max count change 11 max 2 AN € {-2,-1,0,+1,+2} per ring

Appendix A.3. Additional Implementation Details for Reproducibility

To further improve reproducibility, the detailed parameter settings of the proposed
adaptive step-size strategy are summarized below.
Global Step-Size Adaptation Parameters:

e  Window length for PSLL sequence: N = 10
e Variance threshold: Tyar = 1 x 1073
e Trend threshold: Tyeng = 1 x 1072
e Initial global step size: #jnit = 0.012A
*  Minimum global step size: #min = 0.002A
*  Decay factor: dgecay = 0.9
*  Variance scaling factor: « = 0.5
Stagnation Control Parameters:
*  Stagnation threshold: Tstagnate = 50

e Base amplification factor: fi,ee = 1.2
®  Scaling factor: fycare = 0.5
Ring-Level Adaptation Parameters:
*  History length per ring: M =5
*  Minimum ring step size: #ringmin = 0.002A
*  Maximum ring step size: #sing max = 0.02A
e Enlargement threshold: AP; > 0.1
¢ Reduction threshold: AP; < 0.02
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