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ABSTRACT. — Antenna array geometry optimization is a design problem in which

the physical arrangement of antennas must be defined to meet specified

electromagnetic performance objectives. This report describes the application of the

Nebulous evolutionary software platform to antenna array geometry optimization.

Candidate array designs are encoded using real-valued geometric parameters,

simulated in XFdtd to determine their radiation patterns, and evaluated by applying

selected fitness functions to those simulated patterns. Two optimization studies are

presented for arrays evaluated at a single frequency of 428MHz. First, a Euclidean

distance-based fitness function is used to evolve nine-element dipole arrays toward a

prescribed complex radiation pattern. Second, a directional gain fitness function is

used to evolve an array composed of nine Yagi-Uda antennas to maximize gain in a

target direction while reducing gain in off-target directions. These studies extend

previous evolutionary antenna-design work from individual antenna geometries to

array layouts and provide a basis for future work in which array designs are optimized

directly against mission-relevant science performance metrics.
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I. Introduction

Antenna array geometry optimization is the problem of defining a physically realizable

layout of antennas such that the resulting array exhibits the desired electromagnetic

performance when detecting signals. This problem is especially important for

astrophysics experiments because antenna arrays are often used to detect weak signals

in noisy, difficult to access environments.

This report presents the application of the Nebulous evolutionary software platform to

antenna array geometry optimization. Two classes of array optimization experiments

are presented. In the first, Nebulous evolves an array in an attempt to match a target

radiation pattern. In the second, Nebulous evolves an array using a directional fitness

function that rewards high gain in the user-specified target direction while penalizing

gain in off-target directions. Both classes of experiments evaluate candidate array

designs using XFdtd, an electromagnetic simulation software developed by Remcom

Inc. [1].

This work expands upon the previous August 2025 Interplanetary Network Progress

Report “Designing Optimized Antennas for Science Applications Using Evolutionary

Algorithms” [2]. The 2025 report extended earlier primitive-based antenna evolution

work [3] by optimizing dipole-like antenna designs according to performance metrics

from science simulation software. The present work expands those efforts from

individual antenna design to array design by evolving the physical placement of

identical copies of a simple dipole antenna. These arrays are evaluated according to

their similarity to predefined target gain and phase patterns.

In the second experiment, Nebulous evolves a Yagi-Uda antenna array using a

directional gain fitness function to optimize its geometry. Candidate array designs are

evaluated for sensitivity in a specified target direction; the fitness function rewards

high gain in the target direction and penalizes gain sampled from off-target directions,

encouraging arrays with stronger directional response and reduced sensitivity in

undesirable spatial regions. Future versions of this approach will integrate science

simulation software so that array designs can be optimized directly against

mission-relevant science objectives.

Evolutionary optimization methods have been widely applied to antenna array design,

including genetic algorithms (GAs), particle swarm optimization, differential

evolution, and ant colony optimization [4]. Prior studies have used GAs to optimize

antenna radiation pattern characteristics such as main-beam direction, null placement,

sidelobe level, half-power beamwidth, and element spacing [5, 6, 7, 8, 9]. GAs have

also been used to optimize antenna geometry and array element placement, including

Yagi-Uda antenna design and radio astronomy array layouts [10, 11]. More recent

evolutionary algorithm (EA)-based array optimization work has examined advanced

array optimization strategies, thinned-array problems, encoding strategies,

fitness-function design, and constraint handling [12, 13, 14].
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Classical antenna-array design is often developed from array-factor analysis, in which

the total radiation pattern is represented in terms of the element pattern, element

locations, and complex excitation weights [15, 16, 17, 18]. Within this framework,

first-principles synthesis methods commonly select element spacing, amplitude taper,

or phase excitation to satisfy beam-level requirements such as main-lobe direction,

beamwidth, null placement, and sidelobe level. Examples include Dolph-Chebyshev

and Taylor distributions for beamwidth and sidelobe control, as well as

Woodward-Lawson sampling methods for shaped-beam synthesis [19, 20, 21]. These

methods provide analytical guidance and efficient design baselines, but they generally

assume prescribed array topologies, simplified element models, or separable control of

geometry and excitation. The GA approach used here is complementary: It searches

directly over physically realizable array geometries, evaluates each candidate with

full-wave electromagnetic simulation, and can incorporate geometric constraints or

mission-specific fitness metrics that are difficult to express in closed form. Related

JPL work on Deep Space Network array concepts also illustrates that practical array

layout involves tradeoffs among gain, sidelobe behavior, baseline length, shadowing,

calibration, and cost [22, 23]. The present work therefore uses evolutionary search as

an early-stage design-space exploration tool that builds on first-principles array theory

while expanding the class of array layouts that can be explored.

The Genetically Evolving Neutrino Telescopes (GENETIS) collaboration has

demonstrated that GAs can be combined with science simulation software to design

antennas optimized for neutrino detection [24, 25, 26, 27, 28]. The present work builds

on this body of research by extending EA-based optimization from individual antenna

design to array geometry design.

The intended science applications of Nebulous include antenna arrays for Antarctic

ultra-high-energy neutrino observatories, lunar radio instruments for heliophysical

studies, and beyond. High-quality array design is critical in these settings, as these

systems must measure weak signals in the presence of substantial background noise,

are costly to deploy, and are difficult or impossible to modify after installation.

Although these applications motivate the present work, the same optimization

framework may also be extended to a broader portfolio of radio-observation

instruments via the Evolutionary Computation Library for Instrumentation

Prototyping in Scientific Engineering (ECLIPSE) [29], a tool developed for Nebulous.

ECLIPSE enables Nebulous to apply standard evolutionary workflows to a wide range

of applications, such as passive sounding and low-frequency radio astronomy—domains

with well-established design challenges ([30, 31, 32, 33]). Using ECLIPSE, Nebulous is

able to rapidly extend existing software to new mission concepts while accommodating

problem-specific constraints and requirements. By improving early-stage array

optimization capability, this work paves the way for future astrophysics experiments

across a range of mission classes.

The remainder of this report is organized as follows. Section II describes a detailed

overview of the GA, including how array individuals are constructed, simulated,
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evaluated, and replicated. Section II.B describes the two fitness functions used in this

analysis: Euclidean distance and directional gain. The results of evolving array

geometries using each fitness function are given in Section III. Finally, Section IV

discusses the significance of the results and the next steps in evolving array geometries

toward specified science outcomes.

II. Genetic Algorithm

The workflow discussed in this report uses an age-layered population structure

(ALPS) [34] to promote continued exploration, avoiding premature convergence to

suboptimal solutions. ALPS regularly introduces new random individuals and gives

them the ability to compete by restricting competition based on lineage age. In this

way, younger lineages are given time to improve before competing with older, more

refined solutions. Prior studies have shown that ALPS produces better solutions than

other multi-start EAs and diversity-maintenance schemes [34, 35].

A flowchart summarizing the GA workflow used in this analysis is provided in

Figure 1; each stage is described in the subsections that follow. The algorithm is

initialized by constructing a starting population of candidate antenna array layout

designs, each initialized with a lineage age of zero. Individual designs are generated

using the procedure detailed in Section II.A and are then modeled within XFdtd.

Electromagnetic simulations performed with XFdtd yield the phase and gain response

patterns for each individual. These response patterns are then used to derive fitness

scores based on the selected goals. These fitness scores are used in the parent selection

process, along with other factors such as lineage age, to determine which individuals

produce offspring for the next generation. Each offspring is mutated, guaranteeing

that it is different from its parent, and has its lineage age incremented. These mutated

individuals are added to the population, replacing a random set of individuals from

the previous generation with the caveat that the highest fitness individual is always

preserved. After every 1000 evaluation steps, new, randomly generated offspring are

introduced into the population (starting with a lineage age of zero). A complete list of

the GA’s configurable parameters is provided in Appendix I.

A. Array Individuals

Array individuals are defined by a genome of four real-valued parameters: the

inter-row spacing (d1), the column offset distance (d2), the column offset angle (ψ),

and a single azimuth angle (α) that is applied to all antennas. In addition to these

evolved parameters, a collection of static parameters is set by the user at the

beginning of each experiment: the number of nodes (fixed), the minimum (dmin)

distance between nodes, and the maximum grid rows and columns. An individual’s

node coordinates are centered on the x-y plane before being passed to XFdtd. An

example array individual is shown in Figure 2.
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Figure 1. Flowchart of the GA loop used for antenna-array optimization. The loop begins with the

injection of new candidate individuals, followed by electromagnetic simulation in XFdtd and

fitness-function evaluation. If the final evaluation step has not been reached, the algorithm either

injects new individuals at the scheduled injection interval or performs parent tournament selection,

offspring creation and mutation, random-individual replacement, and re-simulation. Green circles

denote injection and termination stages, blue rectangles represent the fitness function evaluation steps,

orange squares correspond to the steps involved in generating new individuals, and lavender diamonds

denote conditional decision nodes.

The parameter d1 defines the candidate spacing in centimeters between successive

positions within each column (i.e., the row-to-row spacing along the column direction).

The parameter d2 defines the column offset distance of the candidate grid in

centimeters, such that successive columns are offset by d2 sinψ horizontally and

d2 cosψ vertically, where ψ is the evolved column offset angle. When ψ = 90◦, the two

evolved spacing parameters (d1 and d2) define a perfect grid with columns d2

centimeters apart, and rows d1 centimeters apart.

Candidate positions are accepted into the array only if they satisfy a minimum

Euclidean separation distance of dmin from all previously placed nodes. As a result, d1

and d2 do not directly determine the final node positions, but instead define the

resolution of the grid searched during placement. Candidate positions are evaluated in

column-major order, proceeding from row zero to the maximum row count within each

column before advancing to the next, such that earlier-placed nodes may occlude

subsequent candidate positions that fall within dmin. When moving to the next

column, the algorithm starts at the lowest row in range given the offset from the

previous column. The spacing parameters d1 and d2, and the column offset angle, ψ,

are subject to evolutionary pressure, allowing the algorithm to explore a continuous

space of candidate array geometries.

The parameter α defines the azimuth, which is the orientation of the antennas in the

array. The azimuth is applied uniformly across all nodes of a given individual.
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Figure 2. Mapping from an example candidate genome to its simulated antenna array. (a) Each

individual’s genome encodes four values: two inter-node distances, a column offset angle, and a shared

antenna azimuth. The GA also uses three static, user-defined parameters: a fixed number of nodes and

maximum numbers of rows and columns. This example uses 6 nodes, 3 rows, and 2 columns. (b) The

genome values, together with these node, row, and column limits, determine the array’s node

coordinates (centered at the origin). (c) The resulting coordinates are combined with a user-defined

antenna to produce the three-dimensional antenna array used in the electromagnetic simulation.
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B. Fitness Function Calculation

Once constructed, an array individual is simulated in XFdtd and the resulting gain

and phase patterns are used to determine the individual’s fitness. In this analysis, two

fitness functions were utilized for the studies presented in Section III: Euclidean

distance, FE , and directional gain, FD.

1. Euclidean Distance Fitness Function

The Euclidean distance-based fitness function is used to compare the radiation pattern

of an evolved antenna array to that of a target design. A similar Euclidean

distance-based fitness function was also discussed in detail in a previous IPNPR [3].

Euclidean distance is used to quantify the agreement between N -dimensional vectors

by summing corresponding elements of each vector in quadrature. A Euclidean

distance of zero represents exact agreement between vectors, with larger values

indicating more dissimilarity. The Euclidean distance between two generalized

N -dimensional vectors, n and m, is given by Equation 1:

d(n⃗, m⃗) =

√√√√ N∑
i=1

(ni −mi)2 (1)

To extend the Euclidean distance calculation to determine similarity between antenna

radiation patterns, complex values encoding gain and phase in both the zenith, θ, and

azimuthal, ϕ, polarizations are defined as shown in Equations 2 and 3.

Zθ = Gθ [cos(Φθ) + i sin(Φθ)] (2)

Zϕ = Gϕ [cos(Φϕ) + i sin(Φϕ)] (3)

Here, Gθ and Gϕ are the theta-polarized and phi-polarized gain values, respectively,

converted from dBi to linear gain, and Φθ and Φϕ are the corresponding phases in

radians.

The complex values Zθ and Zϕ are evaluated at each sampled point in (θ,ϕ), i, for

both the evolved and target antenna patterns. Accounting for both polarizations

independently and weighting their contributions, the Euclidean distance-based fitness

metric assumes the form shown in Equation 4.

FE =

√√√√( N∑
i=1

[
wθ |Zθi,evolved − Zθi,target|2 + wϕ |Zϕi,evolved − Zϕi,target|2

])
(4)
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Contributions from each polarization are assigned weights, wθ and wϕ, which are

required to obey wθ +wϕ = 1. For all experiments using the Euclidean distance fitness

function discussed in this report, equal weighting was assigned to each contribution,

yielding the weights wθ = wϕ = 0.5.

The Euclidean distance metric given in Equation 4 is used as a fitness function when

comparing the performance of an evolved array to that of a target design. Smaller

values of the Euclidean distance fitness metric, FE , indicate stronger agreement

between the radiation patterns of the evolved and target designs, with a value of

FE = 0 representing perfectly identical performance.

2. Directional Gain Fitness Function

An important consideration for antennas and antenna arrays is their directional

sensitivity. To evolve toward specified directional sensitivity goals, a fitness function

was created to maximize and/or minimize gain in user-defined directions. This

directional gain fitness function calculates the average gain values in the specified

angular regions for sensitivity maximization and minimization, and subtracts the

values, yielding a fitness score that rewards individuals with larger average gain in the

maximization region and penalizes individuals with larger average gain in the

minimization region. The directional gain fitness function is given by Equation 5.

FD = Ḡmax − Ḡmin (5)

where:

Ḡmax =
1

|M |
∑

(θ,ϕ)∈M

10gθ(θ,ϕ)/10 (6)

Ḡmin =
1

|m|
∑

(θ,ϕ)∈m

10gθ(θ,ϕ)/10 (7)

Here, M represents the set of points where gain is evaluated in the maximization

region and m represents the set of points where gain is evaluated in the minimization

region. The term gθ(θ, ϕ) represents the theta-polarized gain in dBi evaluated in the

direction of (θ, ϕ) in spherical coordinates, where θ and ϕ are the zenith and azimuth

angles, respectively. The values Ḡmax and Ḡmin therefore represent the average linear

gain over sampled directions in the specified maximization and minimization regions,

respectively. Better performing individuals will yield larger values of FD upon

evaluation.

Only theta-polarized gain values were used in the fitness calculation for this iteration

of the analysis. This simplification is justified by the geometry of the array and the
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antenna configuration, for which the phi-polarized gain is approximately −38 dBi,

which is effectively negligible. Consequently, computing fitness from the total gain

magnitude (combining both polarization components) would yield results equivalent to

those obtained using theta polarization alone, and the added complexity is not

warranted.

C. Parent Selection

This analysis relied exclusively on tournament selection with ALPS to select parent

individuals. In tournament selection, a subset of T individuals compete and the

individual with the highest fitness score is selected to be a parent [36, 37, 38, 39]. In

ALPS, each tournament is limited to prospective parents within a single age-layer,

ensuring that well established lineages do not compete directly against newly injected

individuals. This procedure biases reproduction toward higher-performing candidate

solutions within each layer.

The tournament size T determines the strength of selection pressure. Larger

tournaments increase the probability that high-fitness individuals are part of the

selected subset, which can accelerate convergence but may reduce population diversity.

Smaller tournaments introduce more stochasticity into parent selection, allowing

lower-fitness individuals to occasionally reproduce, which helps preserve diversity.

Preliminary tuning trials with a larger tournament size of T = 10 showed rapid

convergence of the population, suggesting that the selection pressure was too strong

for this setup. The tournament size was therefore reduced to T = 3, corresponding to

2% of the 150-individual population, to better preserve population diversity while still

favoring higher-fitness individuals.

D. Genetic Operators

This section describes the two genetic operators used to build new array individuals:

mutation and injection.

Array individuals reproduce via asexual reproduction, in which each offspring has only

one parent. When a parent individual is selected for replication, each of the four genes

in its genome has a 30% chance of mutating. When a gene mutates, it is modified by

adding zero-mean Gaussian noise with a configurable standard deviation to its current

value, then rounding the result to the nearest whole number and clamping it to the

allowable range (in the case of inter-row spacing, column offset distance, and column

offset angle) or wrapping it (in the case of the circular azimuth value).

Before a new offspring individual is accepted into the population, it must pass two

verification steps. First, the algorithm confirms that it is not a clone of its parent.

Second, the algorithm verifies that it is a valid array individual satisfying the user’s

constraints. If either of these steps fails, the offspring individual is discarded and a
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new one is generated from the same parent. The cycle continues until an offspring

individual is generated that is both unique and valid.

New array individuals are also inserted into the population via injection. Injected

individuals are created using the same technique as new individuals in the first

generation. For each gene, a random value is generated between the minimum and

maximum ranges for that gene. The minimum and maximum values for inter-row

spacing (d1) and column offset distance (d2) are defined by the user; column offset

angle (ψ) must be between 1 and 90 degrees, inclusive, and azimuth (α) must be

between 0 and 359 degrees, inclusive. A prospective individual is rejected and

regenerated if its gene encoding does not result in the user-defined number of nodes.

All accepted new array individuals are incorporated using the asynchronous

steady-state evolutionary framework described in our previous work [3]. In this

framework, new individuals are inserted into the population immediately after they

are generated rather than waiting for a full generational replacement step. For

comparison with generational genetic algorithms, one generation is defined as the

creation of a number of new individuals equal to the population size.

III. Results and Discussion

For this analysis, the array geometry optimization was tested under two experimental

conditions. First, we used the Euclidean distance fitness function to evolve an array of

nine dipole antennas to a target radiation pattern. Second, we used the directional

fitness function to evolve an array composed of nine Yagi-Uda antennas to maximize

gain in a target direction. In both conditions, the array geometries were evolved for a

single frequency of 428MHz and used the same core GA parameters (see Appendix I).

The total number of evaluation steps for each run was not fixed in advance by an

automated stopping criterion. The current Nebulous implementation does not include

a convergence-based termination condition. Instead, a run ends when it is manually

halted or when the compute scheduler reaches its wall-time limit.

After each run, we execute a post-processing script to assess whether the search has

converged or should be extended. The script reports the best-performing individual,

the evaluation step at which that individual was first evaluated, and the evaluation

step at which its genome first appeared in the population. It also reports the

best-performing individuals within each ALPS layer and generates a scatter plot of

fitness as a function of evaluation step.

These outputs are used to determine whether additional evaluation steps are likely to

yield further improvement. A run is extended when the best-performing individual

appeared recently, when the leading individuals across ALPS layers still have distinct

fitness scores, or when the fitness scatter plot shows continued improvement. A run is

not extended when the best-performing individual appeared many evaluation steps
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earlier with no subsequent improvement, when the leading individuals across ALPS

layers converge to the same fitness score, or when there is little room for further

improvement. In the Euclidean-distance run (minimizing distance from the target

pattern), the best individual (a near-perfect match to the target) was found at

evaluation step 3,484 of 3,615 total steps, at which point the run was stopped. In the

directional-gain run (maximizing fitness), the best individual was found at evaluation

step 5,602 of 7,280 total steps. As the run continued, more individuals converged to

the same max fitness score, indicating model convergence and the run was stopped.

Future versions of Nebulous will support automated termination based on user-defined

convergence criteria, such as no improvement over a fixed number of evaluations or

convergence of the best-performing individuals across ALPS layers.

A. Euclidean Distance Target Radiation Pattern Evolution

To build on our previous work, we first evolved an array of nine dipole antennas to a

target radiation pattern. The target radiation pattern was generated by selecting the

antenna coordinates of the target array and simulating it with XFdtd. An individual’s

fitness was calculated via the Euclidean distance fitness function as described in

Section II.B.1.

Figure 3 shows the results of evolving a population of 150 individuals evaluated at a

single frequency of 428MHz. Maximum rows and columns were each set to three, and

number of antennas was fixed at nine. Each point represents one evaluated individual,

plotted according to its global evaluation step and Euclidean distance fitness value.

Point color denotes the ALPS age layer to which the individual belongs, and the red

star marks the highest-fitness individual identified during the run. After 3,615

evaluations, the best evolved array individual’s Euclidean distance from the target

radiation pattern was 0.025. By comparison, we evaluated a hill climber algorithm, a

local search heuristic that iteratively perturbs a single candidate solution and retains

each change only if it improves fitness. Across five replicate runs, the average lowest

Euclidean distance achieved by this algorithm was 47.143, and the lowest Euclidean

distance reached by any single run was 43.837 (see Appendix II).

Figure 4 shows the 2D node coordinates of the final best-individual geometry from

optimization using the Euclidean distance fitness function. Figure 5 shows the gain

and phase patterns of the most fit individual at the final evaluation step compared to

the overlaid gain and phase patterns of the target array. These plots show that

Nebulous was able to evolve a close match to the target array using the Euclidean

distance fitness function.
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Figure 3. The Euclidean distance from target values obtained during a dipole antenna array

optimization run using the Euclidean distance fitness function, maximum three rows and columns, and

nine antennas. Each point corresponds to one evaluated individual and is plotted against the global

evaluation step. Point color denotes the ALPS age layer to which the individual belongs, and the red

star marks the best-matching individual identified during the run. The text below the red star indicates

the top individual’s Euclidean distance from the target (0.025). Lower distance values indicate closer

agreement between the simulated and target single-frequency radiation patterns.
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Figure 4. Final best-individual 2D geometry of a dipole array after optimization using the Euclidean

distance fitness function, maximum three rows and columns, and nine nodes. Evolved individual node

coordinates (yellow circles) are overlaid against the fixed target array

geometry (blue diamonds).

B. Directional Gain Fitness Function Results

In our second experiment, we used the directional gain fitness function to optimize the

geometry of a nine-element Yagi-Uda array. The directional fitness function maximizes

gain in the target direction and minimizes gain in all other directions as described in

Section II.B.2. While we did not incorporate phase into this experiment, it can be

added as needed in future analyses based on project requirements.

We evolved the geometry of an array of nine Yagi-Uda antennas at a single frequency

of 428MHz toward a broadside target (i.e., a direction perpendicular to the array’s

x-axis; see Figure 6). Maximum rows and columns were both set to three, and number

of nodes was fixed at nine. Gain was maximized within a 30◦ sector centered at

θ = 90◦ and ϕtarget = 0◦, with gain suppressed outside that region. After evolving for

7,280 evaluations, the most fit individual achieved a fitness score of 13.886, 2.404

higher than its human-designed counterpart, which used basic design principles and

achieved a fitness of 11.482 (see Appendix III).

Figure 7 shows representative slices of the gain pattern of the best Yagi-Uda array

individual in the azimuth and zenith directions. These results show that the Nebulous

algorithm successfully shaped the antenna array’s radiation pattern to favor the target

angular region in both cuts. In azimuth, the best-overall individual concentrates gain

into the maximization region near 0◦, with gain dropping in the minimization region.
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Figure 5. The gain (top) and phase (bottom) patterns of the most fit individual as of the final

evaluation step of the single-frequency dipole array evolution toward a target radiation pattern using

the Euclidean distance fitness function, maximum three rows and columns, and nine nodes. Also

overlaid on each is the corresponding pattern of the target. The target’s line is enlarged for visibility.

The zenith cut shows the same desired behavior: Gain is elevated throughout the

maximization region centered at 90◦ and drops off in the surrounding minimization

region. Both cuts show jagged, multi-lobed structure outside the target region,

indicative of constructive/destructive interference between array elements.

IV. Conclusions

This report presents a GA for antenna array geometry optimization that is capable of

evolving to a target radiation pattern or to maximize and minimize sensitivity in

user-defined directions. With a Euclidean distance fitness function, the algorithm was

able to evolve the geometry of an array of nine dipole antennas to match a target

radiation pattern, showing strong agreement with the target in terms of both gain and
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to which the individual belongs, and the red star marks the best individual identified during the run,

with its fitness score labeled above. Higher fitness scores indicate better directional performance.
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Figure 7. Zenith (left) and azimuth (right) gain patterns for the best-overall individual from the

Yagi-Uda antenna array geometry optimization run using the directional fitness function, maximum

three rows and columns, and nine nodes. The radial axis shows gain in dBi (gridlines from -40 dBi at

center to 20 dBi at the outer edge) as a function of angle. The blue trace is the simulated gain pattern

of the best individual; the yellow wedge marks the angular region where gain was rewarded (maximize

region), and the gray region marks where gain was penalized (minimize region).
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phase. With a directional gain fitness function, the algorithm was able to evolve the

geometry of an antenna array to maximize gain within a 30◦ sector centered on ϕtarget

in the horizontal plane (θ = 90◦), while suppressing gain outside that region.

A future goal of this research is to connect antenna array geometry optimization to

science outcomes by using fitness functions integrated with science simulation

software. Here we have demonstrated a proof of concept that these techniques work

for optimizing antenna array geometries. Moving forward, we will be able to build on

these efforts to improve our techniques and design deployable arrays for science goals.

A. Future Work

Going forward, we will explore improving the capabilities of Nebulous and expanding

the diversity of its designs. Increasing the number of user-configurable parameters is

an area of active development, including implementing additional antenna types,

node-generation schemes, mutation operators, and multi-objective selection schemes.

Individuals will also have increased user-defined constraints to satisfy real-world

requirements.

Future work will evaluate additional optimization approaches toward the goal of

improving the computational efficiency of the array-design search. Improvements to

the GA are currently in development to reduce array geometry evaluation times using

evaluation caching [40, 41, 42]. Techniques from the GA literature for decreasing

convergence time, such as adaptive mutation rates [43, 44], are also being assessed. To

reduce the occurrence of extended periods of stagnation during evolutionary runs, we

are updating the timing of ALPS injections to be responsive to current evolutionary

conditions.

Hybrid model approaches being considered would incorporate particle swarm

optimization and related heuristic search techniques [45, 46, 47, 48], as well as

neural-network-based surrogate models [49, 50]. Particle swarm methods may provide

a more directed exploration of the design space, reducing the number of low-quality

candidate array geometries generated during the search. Neural-network surrogate

models could be trained using previously evaluated individuals to estimate candidate

fitness, thereby reducing the number of full-array performance simulations required

during optimization.

The work presented in this report demonstrates the application of a genetic algorithm

to antenna array geometry optimization. Further development of this approach will

improve the efficiency of array geometry design-space exploration and support the

identification of candidate configurations that meet mission-specific performance

requirements.
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APPENDICES

I. Individual Genes and Genetic Algorithm Parameters

Table 1. Parameters used in genetic algorithm

Category Type Parameters

General

Run Fitness Function, Seed, Max. Workers

ALPS Evolver

Layer Size, Num. Layers, Layer Order,

Tournament Size, Age Gap, Refresh Interval,

Elitism, Num. Evaluations, Age Progression

XFdtd
Frequency Range, Frequency Step, Units, Gain

Type

Array

Individual

Node Settings

Base Antenna, Num. Nodes, Min. Distance

Between Nodes, Max. Grid Rows, Max. Grid

Cols

Dist. 1 Min., Max., St. Dev., Mutation Probability

Dist. 2 Min., Max., St. Dev., Mutation Probability

Angle St. Dev., Mutation Probability

Azimuth
Enabled, Per-node, St. Dev., Mutation

Probability

Fitness

Target

Maximize Zenith and Azimuth Angle Ranges

Minimize Zenith and Azimuth Angle Ranges

Table 2. Array Individual Genes

Gene Values

Inter-Column Spacing, d1 Integer value in [dist1 min, dist1 max]

Inter-Row Spacing, d2 Integer value in [dist2 min, dist2 max]

Column Offset Angle, ψ Integer value between 1◦ and 90◦

Antenna Azimuth, α Integer azimuth angle between 0◦ and 359◦, shared

across all antennas
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II. Nebulous Hill Climber Results

A basic hill climber algorithm [29] was used to evolve antenna arrays under two

different sets of conditions. For each condition, the hill climber was run five times

(each with a unique random number generator seed). The results of the five runs were

averaged and are presented below.

A. Gain and Phase Euclidean Distance from Target Minimization with Hill Climber

A hill climber was used to optimize an array of nine dipole antennas to a target

radiation pattern. The target radiation pattern was generated by selecting the

antenna coordinates of the target array and simulating it with XFdtd. An individual’s

fitness was calculated via the Euclidean distance fitness function as described in

Section II.B.1. The same target radiation pattern was used for this experiment as in

the evolution experiment.

Figure 8 shows the results of the hill climber when evaluated at a single frequency of

428MHz. As in the evolutionary experiment, maximum rows and columns were each

set to three, and number of antennas was fixed at nine. The average Euclidean

distance achieved was 47.143, and the lowest Euclidean distance reached by any single

run was 43.837. These high distance scores show the hill climber was unable to

successfully match the target complex radiation pattern. This is also apparent in the

2D geometry plot (see Figure 9) and gain and phase plots (see Figure 10) comparing

the best individual the hill climber runs produced to the target array.

B. Target Direction Gain Maximization of a Yagi-Uda Array with Hill Climber

A hill climber was used to optimize an array of nine Yagi-Uda elements toward a

target steering direction. The target steering direction ϕtarget = 0◦ (broadside to the

array x-axis) was evaluated, where ϕ denotes the azimuthal angle in spherical

coordinates. The optimizer maximized gain within a 30◦ sector centered on ϕtarget in

the horizontal plane (θ = 90◦), while suppressing gain outside that region. As in the

dipole experiment, maximum rows and columns were each set to three, and the

number of antennas was fixed at nine.

Five replicate hill climber runs were performed using different random seeds.

Figure 11 shows the fitness convergence of each run. The highest fitness score reached

by any single run was 11.529, while the average fitness score across all five seeds was

4.929, with individual runs ranging as low as 0.790, indicating substantial run-to-run

variability in how well the hill climber was able to steer gain toward the target sector.

The gain pattern of the best individual produced across the five runs, shown in both

the zenith and azimuth planes, is given in Figure 12. In the zenith plane, the gain

pattern forms two broad lobes separated by deep nulls at exactly θ = 0◦ and θ = 180◦.

The target sector at θ = 90◦ falls within the left-hand lobe, but the lobe is much wider
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Figure 8. Euclidean distance minimization of five replicate hill climber runs optimizing a nine-dipole

array to a target radiation pattern at 428MHz. Each dashed green line is an individual run; the solid

black line is the mean across seeds. Lower values indicate a closer match to the target.
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Figure 9. The 2D geometry of the most fit individual as of the final evaluation step of the

single-frequency dipole array optimization toward a target radiation pattern using the hill climber

algorithm, maximum three rows and columns, and nine nodes. Evolved individual node coordinates

(yellow circles) are overlaid on the fixed target array geometry (blue diamonds). Inset: magnified view

of the target node cluster (boxed region).
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Figure 10. The gain (top) and phase (bottom) patterns of the most fit individual as of the final

evaluation step of the single-frequency dipole array optimization toward a target radiation pattern using

the hill climber algorithm, maximum three rows and columns, and nine nodes. Also overlaid on each is

the corresponding pattern of the target. The target’s line is enlarged for visibility.
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than the target wedge, showing inadequate minimization in the off-target directions

adjacent to the target. In the azimuth plane, the pattern shows a clear dominant main

lobe oriented toward ϕtarget = 0◦, reaching gains several dBi higher than the

surrounding directions, alongside a smaller back lobe near ϕ = 180◦ and a handful of

low-level sidelobes scattered elsewhere. Overall, the best individual achieves

reasonably effective azimuthal steering toward the target, but the zenith pattern fails

to concentrate gain in the target area, instead producing a large lobe from near

θ ≈ 45◦ to θ ≈ 135◦.
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Figure 12. Zenith (left) and azimuth (right) gain patterns for the best-overall individual from the

Yagi-Uda antenna array geometry optimization runs using the hill climber algorithm, maximum three

rows and columns, and nine nodes. The radial axis shows gain in dBi (gridlines from −60 dBi at center

to 20 dBi at the outer edge) as a function of angle. The blue trace is the simulated gain pattern of the

best individual; the yellow wedge marks the angular region where gain was rewarded (maximize region),

and the gray region marks where gain was penalized (minimize region).
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III. Human-Designed Reference Antenna Arrays

To provide a meaningful baseline for the evolved directional array geometry, a

hand-designed Yagi-Uda array was constructed with director/reflector spacings drawn

from standard engineering design tables. This hand-designed array represents the gain

achievable through established design heuristics alone, without the benefit of

evolutionary search over the geometry space. Comparing the evolved array’s

performance against its hand-designed counterpart for the same target direction

isolates the contribution of the evolutionary process itself, distinguishing gains

attributable to the search algorithm from gains any competently engineered array

would already achieve. This comparison also functions as a sanity check on the

optimization pipeline as an evolved array that failed to outperform its hand-designed

baseline would signal a problem with the fitness function or search configuration

rather than a genuine limit on achievable gain.

A nine-element unidirectional Yagi-Uda array was constructed by spacing the elements

by one-half wavelength (35 cm) in a straight line. The array was steered to a target

azimuth of ϕtarget = 0◦ (broadside to the array’s x-axis), with gain maximized within

a 30◦ sector centered on ϕtarget in the horizontal plane (θ = 90◦) and suppressed

elsewhere. The array’s gain at a single frequency of 428MHz was simulated using

XFdtd (see Figure 13). The array achieved a fitness score of 11.482 when evaluated by

the Nebulous software. Given the directionality of the Yagi-Uda design, the back lobe

(ϕ = 180◦) is well minimized and the azimuth peak is well defined. Two areas leave

room for improvement: the azimuth side lobes could be further reduced, and the

zenith slice does not minimize gain well in the region immediately adjacent to the

maximization sector.
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Figure 13. Zenith (left) and azimuth (right) gain patterns for the human-designed nine-element

Yagi-Uda array. The radial axis shows gain in dBi (gridlines from −40 dBi at center to 20 dBi at the

outer edge) as a function of angle. The blue trace is the simulated gain pattern of the array; the yellow

wedge marks the angular region where gain was rewarded (maximize region), and the gray region marks

where gain was penalized (minimize region).
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