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Abstract— In this paper, we propose using new Machine 

Learning (ML)-based optimization methods, as an alternative to 

traditional optimization methods, for complex antenna designs. 

This is an efficient methodology to tackle computational 

challenges, as it is capable of handling a large number of design 

parameters and is more efficient as well as informative. The 

proposed technique is applied for modeling gain performance in 

the principal plane of a monopole antenna when its radiation 

properties are modified by placing spatially dependent dielectric 

material around it. Using the proposed methodology, the dielectric 

constant values are mapped to the gain pattern of the design. We 

use two ML techniques for this purpose, namely, Gaussian Process 

(GP) regression and Artificial Neural Network (ANN). Once each 

of these models is obtained, they are further used for estimating 

the dielectric constant values that can suggest optimal directions 

to modify gain patterns for single-beam and multiple-beam 

patterns rather than the conventional omnidirectional pattern of 

a monopole antenna. The performance of this technique is 

compared with heuristic optimization techniques such as genetic 

algorithms. The proposed method proves to be quite accurate in 

spite of being a high-dimensional non-linear problem. A prototype 

of a monopole design with three-beam gain pattern is fabricated 

and tested. The measurement results agree well with the 

simulation results. The proposed methodology can provide useful 

and scalable optimization tools for computationally intensive 

antenna design problems.  

Index Terms— Antenna radiation patterns, Gaussian Process, 

Optimization, 3D printing. 

I. INTRODUCTION 

Wireless communication and sensing have become an integral 

part of modern infrastructure and will be more ubiquitous in the 

near future, especially in the emerging era of internet of things 

(IoT). Antenna, which is an important interface between 

propagating electromagnetic (EM) waves and electrical signals 

processed or generated by integrated circuits, is one of the most 

challenging components for future wireless communication and 
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sensing. Antenna designing and optimization has become even 

more challenging due to the requirements of IoT, like ever-

shrinking physical size and weight for practical IoT 

applications, adequate efficiency for power and thermal 

considerations, sufficient bandwidth for appropriate data rate 

and sensing resolution, etc. Generally, the antenna design 

mainly relies on the designer’s empirical experiences and EM 

simulation tools, but these methods can be time-consuming, 

computation-intensive and often sub-optimal. Hence, 

techniques to design and optimize antennas adaptively for each 

and every application in a smarter and more efficient way are 

required in the current scenario. Researchers have explored 

optimization of antenna structures by applying population-

based meta-heuristic optimization techniques [1] such as, 

genetic algorithms [2] [3] and particle swarm optimization [4, 

5, 6]. These algorithms search for optimal solutions by 

analyzing the output on individual data points and generating 

new and possibly better search directions until a global maxima 

or minima is identified. Also, these algorithms require large 

amount of computational time and resources. This challenge of 

high computation-cost of EM-driven metaheuristic design 

optimization can be alleviated with surrogate-based 

optimization (SBO) techniques [7], which replaces direct 

optimization by iterative correction and re-optimization with 

less accurate but computationally cheap surrogate model.  

These methods provide satisfactory results by utilizing 

techniques like space mapping space mapping [8], response 

correction [9], feature-based optimization [10], etc. In recent 

years, machine-learning (ML) [11] [12] assisted optimization 

has gained attention of researchers because of their ability to 

learn from measured or simulated training data and accelerate 

the entire antenna design optimization. Few popular ML 

techniques like Artificial Neural Networks (ANNs) [13], k-

Nearest Neighbors (kNNs) [14] [15], Support Vector Machines 

(SVMs) [16], etc. have been applied for antenna optimization. 

In most of these research works, optimization has been done for 

J. Wu received his Ph.D. degree electrical and computer engineering at the 
University of Arizona, Tucson, AZ, USA, in 2017. He is currently working with 

Skyworks Inc., USA. (email: jqwu@email.arizona.edu)  

Qiang Zhou is an Associate Professor at the Department of Systems and 

Industrial Engineering, and a faculty member of the Statistics Graduate 

Interdisciplinary Programs at University of Arizona, and he is a member of 
INFORMS and IISE. (e-mail: zhouq@arizona.edu) 

H. H. Zhang is with the Department of Mathematics, University of Arizona, 

Tucson, Arizona 85719 USA (e-mail: hzhang@math.arizona.edu). 

H. Xin is IEEE fellow and is with the Department of Electrical and Computer 

Engineering and Department of Physics, University of Arizona, Tucson, AZ 
85721 USA. (e-mail: hxin@ece.arizona.edu) 

Machine Learning Methods-based Modeling 

and Optimization of 3-D-Printed Dielectrics 

around Monopole Antenna  

Yashika Sharma, Xi Chen, Junqiang Wu, Qiang Zhou, Hao Helen Zhang, Hao Xin, Fellow, IEEE 

mailto:yashikasharma@email.arizona.edu
mailto:jqwu@email.arizona.edu
mailto:zhouq@arizona.edu
mailto:hxin@ece.arizona.edu


PAPER IDENTIFICATION NUMBER: AP2108-1823.R1 
 

 

2 

some pre-defined goal. However, for applications where we 

want to modify our design goal dynamically according to the 

requirement, we need to have an efficient general-purpose 

modeling tool that can directly relate the performance 

parameters to the input design parameters. Towards this goal, 

using ML techniques first for training a model, and then further 

use this model for optimization, is a promising choice. The 

main advantage of using ML techniques is once the relational 

models have been “learned”, we can use it to predict the output 

for any input, rather than just aiming for global optimal and 

minima points only; this property comes handy when we want 

to use the same data set for multiple different goals. 

To demonstrate these advantages in this work, we fit two 

ML-based models for a quarter-wavelength monopole antenna 

surrounded by an optimized dielectric constant distribution on 

a finite ground plane. The antenna operates at 15 GHz. The 

dielectric profile is implemented as a 6 × 6 grid of 3-D printed 

dielectric blocks. The ANSYS High Frequency Structure 

Simulator (HFSS) [17] model for this design is as shown in Fig. 

1. By changing the filling ratio of each of these dielectric grids, 

effective dielectric distribution is controlled, as a result, the 

radiation properties of the monopole antenna can be changed. 

ML models are used in this work to directly relate the dielectric 

distribution with the radiation pattern in the θ = 60o plane of the 

monopole antenna. From the relational model perspective, the 

problem referred here is highly nonlinear and involves a large-

dimensional design space as it relates 18 input parameters (each 

representing the dielectric constant of blocks surrounding the 

monopole antenna) and 181 output parameters (each 

representing gain value on 𝜃 = 60𝑜-plane for φ varying from 

0𝑜to 180𝑜 with 1𝑜step), and these output parameters are 

dependent non-linearly to the input parameters. To address this 

issue, we apply two ML techniques, namely Gaussian Process 

(GP) regression and ANNs. These two ML models are used to 

optimize the dielectric distribution profile to achieve various 

desired antenna radiation patterns including single-beam and 

multiple-beam cases. A genetic algorithm-based optimization 

has been studied previously [3] for the same purpose but it is a 

goal-oriented optimization and becomes computationally 

intensive when multiple goals are to be addressed. In this paper, 

we evaluate the performance of the proposed ML-based 

optimization and compare its efficacy with that of the 

previously studied genetic algorithm under a variety of design 

specifications.   

The layout of this paper is as follows. In Section II, a 

theoretical background to the two ML techniques used in this 

work, the GP method and the ANN method are provided. Next, 

the approach and optimization methodology is explained. 

Section III describes the details of the design procedure 

including the simulation setup used for collecting the training 

data and creation of the ML models. Section IV provides the 

comparative analysis between the two ML techniques and the 

genetic algorithm-based optimization. Section V describes in 

detail the fabrication and measurement of a prototype designed 

by the proposed method.  Finally, conclusions and potential 

future work are discussed in Section VI. 

II. THEORETICAL BACKGROUND 

The general background of the two ML techniques and the 

box-constrained optimization method used for this work are 

provided in the following subsections.  

A. Gaussian Process (GP) Modeling Method 

The problem referred in this work is a highly nonlinear 

problem and involves a large design space. To address this 

issue, GP model is adopted as a surrogate of the simulation 

model. Among other modeling methods, the GP model is one 

of the most widely used due to its unique advantages. First, it 

can be built with a relatively small number of sample data 

points, which is critical in scenarios where large data collection 

is time consuming. Second, GP offers not only a single 

predicted value, but also quantification of the prediction 

uncertainty, which is extremely useful for post-modeling 

analysis [18]. To describe GP mathematically, consider a 

deterministic computer simulator with 𝑑- dimensional input 

vector 𝒙 = (𝑥1, 𝑥2, … , 𝑥𝑑) ∈ ℝ𝑑 and a scalar output 𝑦(𝒙). For 

𝑚 training pairs of (𝒙𝑖 , 𝑦(𝒙𝑖)), the standard GP model is 

defined as: 

y(𝐱) = ∑ fj(𝐱)βj + z(𝐱)
p
j=1 = 𝐟t(𝐱)𝛃 + z(𝐱),        (1) 

where 𝒇(𝒙) = [𝑓1(𝒙), … , 𝑓𝑝(𝒙)]𝑡  is a set of user-specified 

regression functions, 𝜷 = [𝛽1, 𝛽2 , … , 𝛽𝑝]
𝑡
 is a vector of 

unknown regression coefficients, and 𝒇𝑡(𝒙)𝜷 describes the 

global trend of 𝑦(𝒙). It is widely practiced to adopt a constant 

regression term, i.e., 𝒇𝑡(𝒙)𝜷 = 𝛽 [19]. The error term 𝑧(𝒙) is a 

stationary zero-mean GP characterized by its variance 𝜎2, and 

some correlation function 𝐾(𝒙1, 𝒙2). One commonly used 

correlation function is the squared exponential correlation 

function: 

𝐾(𝒙1, 𝒙2) = exp(− ∑ 𝜃𝑖(𝑥1𝑖 − 𝑥2𝑖)2𝑑
𝑖=1 ).              (2) 

  Parameters Θ = {𝛽, 𝜎2, 𝜽}  are unknown and usually 

estimated by maximizing the log-likelihood function [19]. 

 For any non-simulated input 𝒙0, model (1) implies that 

𝑦0 = 𝑦(𝒙0) and 𝒚𝑚 should follow a multivariate normal 

distribution and 𝑦(𝒙0) has the predictive distribution with mean 

and variance given by: 

𝜇𝒙0
=  �̂� + 𝒌0

t 𝑲−1(𝒚𝑚 − 𝟏�̂�),                   (3) 

σ𝒙0
2 = �̂�2{1 − 𝒌0

t 𝑲−1𝒌0 + 𝒉𝑡(𝟏𝑡𝑲−1𝟏)−1𝒉},        (4) 

where  𝒌0 = ( 𝐾(𝒙0 − 𝒙1), … , 𝐾(𝒙0 − 𝒙𝑚))𝑡 is the 𝑚 × 1 

vector of correlations between 𝒚𝑚 and 𝑦(𝒙0) 𝑎𝑛𝑑 𝒉 = 1 −
𝟏𝑡𝑲−1𝒌𝟎.  

    In this work, the simulation output from HFSS simulation 

is a curve (the gain pattern), instead of a scaler output. Assume 

the curve is sampled at l discrete locations, then it can be viewed 

as a vector of length l, denoted as 𝒚𝑙(𝒙).   

To apply the GP method, we reduce the dimension l using 

flexible B-spline [20] 

𝒚𝑙(𝒙) = ∑ 𝐵𝑗𝑘𝑎𝑗
𝑙′

𝑗=1 ,                              (5) 

where 𝐵𝑗𝑘  is the jth B-spline of order k, and given the order 

and knot sequence, 𝐵𝑗𝑘  is completely determined, 𝑙′ is 

significantly smaller than l and is the number of coefficients. 

We then separately fit 𝑙′ GP models and predict each 

coefficient. The predicted 𝝁𝒙0
= [𝜇1𝒙0

, 𝜇2𝒙0
, … , 𝜇𝑙′𝒙0

]𝑡 can be 

easily converted back to the original 𝑙-dimensional 𝒚𝑙(𝒙) by 

(5). For the prediction uncertainty 𝛔𝒙0
2 ∈ ℝ𝑙′

, by an independent 
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assumption of the coefficients, it can be obtained by 

∑ 𝐵𝑗𝑘
2𝑙′

𝑗=1 σ𝑗𝒙0

2 . 

B. Artificial Neural Network Modeling Method 

The other ML technique used in this work is ANN, which is 

a computational model motivated by the function of biological 

neural networks. It consists of a group of artificial neurons that 

process and distribute information over interconnection. The 

Multilayer Perceptrons (MLPs) [21] structure of ANNs is used 

in this work because of their ability to learn and model complex 

relationship. This MLP structure generally comprises of three 

layers, namely input, output, and hidden layer. Each parameter 

inside each of these layers is referred as “neuron”. The neurons 

in the input layer distributes the input signal 𝑢𝑖to the neurons in 

the hidden layer. Each neuron 𝑗 in the hidden layer adds up its 

input signals 𝑢𝑖 after multiplying weights to each term 

depending on the respective connections 𝑤𝑖𝑗 from the input 

layer and computes its output 𝑣𝑗 as a function 𝑔 of the sum and 

a bias value, 𝑏𝑗 added to it, i.e., 

𝑣𝑗 = 𝑔(∑ 𝑤𝑖𝑗𝑢𝑖𝑖 + 𝑏𝑗),                       (6) 
where, 𝑔(. ) is a simple threshold function, which can be a 

sigmoid, or a radial basis function, etc. The output of neurons 

in the output layer is computed similarly. There are several 

algorithms to train the MLP network such as Levenberg-

Marquardt (LM) [22], back-propagation, delta bar-delta, and so 

on. In this work, we train the MLPs using the LM algorithm 

because of its ability of fast learning and good convergence.  

In this work, we use the neural network toolbox of Matlab 

[23]. In our analysis, the training data is extracted from the 

realized gain plots for different dielectric loading profiles 

around a monopole antenna. This data is divided into three 

parts: 70% of data is used for training and 15% each used for 

testing and validation respectively. The input layer consists of 

18 design parameters (each corresponding input design 

parameter for the referred antenna design), the hidden layer of 

10 hidden nodes, and the output layer of 181 nodes (each 

representing the output performance parameter for the referred 

antenna design). The details regarding the input and output 

nodes are explained in the design setup described in Section III. 

C. Box-Constrained Optimization 

The optimization method used after obtaining the behavioral 

model from the two ML techniques is the box-constrained 

optimization method. A box-constrained minimization finds a 

vector x, that is a minima point to a scalar function 𝑓(𝒙) subject 

to constraints on the allowable 𝒙, i.e. 

min
𝒙

𝑓(𝒙),                                (7) 

subject to the following conditions:   l ≤ x ≤ u, where l 

and u are lower and upper limits of the vector x. To implement 

this, the fmincon function [24] of Matlab is used. 

III. DATA COLLECTION AND MODELING SETUP DETAILS 

A. Antenna Design Simulation Setup for Collecting Training 

Data 

A monopole antenna (quarter-wavelength at the design 

frequency of 15 GHz) is placed on a finite ground plane with a 

size of 40 × 40 mm2, as shown in Fig. 1. The monopole has a 

0.5 mm diameter and a 4.8 mm height. It is surrounded by 36 

(6 × 6) dielectric unit cells, each colored separately around the 

monopole and placed symmetrically across left and right half of 

monopole as shown in Fig. 1. Here, 36-unit cells are chosen 

corresponding to the design space and frequency of operation, 

so that enough training data can be collected comfortably that 

can adequately capture the output performance variation and, 

the dielectric profile can significantly variate gain pattern of the 

antenna. Each unit cell has a size of 6.67 mm × 6.67 mm × 6.67 

mm, corresponding to 0.33 λ0 at 15 GHz. The dielectric 

constant εr of each dielectric block varies from 1.1 to 2.3 with a 

discretization step of 0.4. The entire antenna configuration has 

a symmetry plane splitting the monopole as shown in Fig. 1. 

The unit cell analysis of the dielectric blocks is conducted to 

realize the desired effective dielectric constant, which is 

explained further in Section III (C).  

 
Fig. 1. HFSS Model of a monopole antenna surrounded by 6 х 6 grid of dielectric 

blocks with symmetry across left and right-half around the monopole.   

B. ML Model Setup  

The dielectric distribution can modify the radiation pattern 

of the monopole antenna shown in Fig. 1. Fig. 2 illustrates the 

top view of the HFSS model with the dielectric distribution 

labelled. The 18 parameters (𝜖1 to 𝜖18) are considered as the 

input parameters while the realized gain values (in linear scale) 

at each of the 𝜑 angle ranging from 0o to 180o correspond to the 

output function. Since the structure has symmetry in the XY-

plane, the gain values only in the range 0o - 180o are considered. 

Hence the mathematical representation of any ML model in this 

work can be represented as follows:  

𝐺𝑎𝑖𝑛 ( 𝜑𝑗) = 𝑓(𝜖1, 𝜖2 … , 𝜖18),                        (8) 

where, 𝑗 = 0o, 1o, 2o…, 180o. For training and testing the 

proposed model, 1050 and 110 sample points are collected 

respectively, by running the HFSS simulations using the model 

explained in the previous sub-section. 

 
Fig. 2. Top view of the layout with dielectric distribution parameter description.   
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The representation of the proposed optimization 

methodology is shown in the form of flowchart in Fig. 3. We 

demonstrate the effectiveness of this methodology by achieving 

three different goals that are single-beam, two-beam and three-

beam gain patterns in the principal radiation plane of the 

antenna. The fitness function for each goal is defined as 

follows: 

1.  For goal 1: Single-beam pattern:  

fitness1= G(θ, 𝜑1) − max G(θ, 𝜑2), where θ = 60°, 𝜑1= 0°, 

𝜑2∈{60°–180°},                                                                     (9) 

2.  For goal 2: Two-beam pattern: 

fitness2= G(θ, 𝜑1) − max G(θ, 𝜑2), where θ = 60°, 𝜑1= 60°, 𝜑2 

∈ {0, 90°–180°},                                                       (10) 

3.  For goal 3: Three-beam pattern: 

fitness3= min G(θ, 𝜑1) − max G(θ, 𝜑2), where θ = 60°, 𝜑1= 

{30°, 180°}, 𝜑2∈ {0°, 90°–140°},                                      (11) 

 

 
Fig. 3. Flowchart representing the optimization methodology used in this work. 

Using (9), we aim to obtain the single-beam pattern that has 

maximum gain in φ1 = 0° direction and the back-lobes in φ2 = 
60°–180° are suppressed. Similarly, by using (10), we aim for 

gain maxima directing towards φ1 = 60° while suppressing gain 

in φ2 = 0° and 90°–180° range. With (11), we aim to achieve 

three-beam pattern by maximizing gain in φ1 = 30° and 180° 

direction and suppressing the gain in φ2 = 0° and 90°-140°.   

C. Unit cell setup to realize the estimated model  

Each variation of dielectric constants can be physically 

realized with corresponding 3-D printed dielectric block by 

changing its size (filling ratio). To find the relation between 

dielectric constant and the corresponding size, a unit cell 

analysis is done as shown in Fig. 4. For this analysis, a polymer 

cube with its supporting rods is placed in a waveguide. PEC and 

PMC boundaries are used to define the periodic structure. The 

unit cell has a size of 6.67 mm × 6.67 mm × 6.67 mm. The gray 

part is the 3D-printed polymer material, which has εr = 2.7 and 

tan 𝛿 = 0.02. This polymer part consists of a dielectric cube 

with a variable dimension b. By changing b effectively, 

dielectric constants can be varied between 1 to 2.7. From the S-

parameter simulation of the model and applying the standard-

retrieval method [25], the effective permittivity εeff of the unit 

cell can be extracted for different polymer cube sizes. The size 

of each block is mapped to a dielectric constant value. The 

extracted results obtained are shown as the black marker-line 

curve in Fig. 5. 

Alternatively, the effective permittivity can also be 

estimated by the polymer filling ratio 𝑓 using the following 

equation [26]: 

휀𝑟 =  휀𝑝 ∙ 𝑓 + 1 ∙ (1 − 𝑓),                                          (12) 

where 휀𝑟  is the effective relative permittivity of the unit cell, 

and 휀𝑝 is the relative permittivity of the polymer material. The 

effective permittivity values obtained using this method is 

graphically represented as the blue dashed-line curve in Fig. 5.  

It can be observed from Fig. 5 that the results approximated 

using filling-ratio method are quite similar to the HFSS 

extracted values, but this approximation becomes inaccurate 

when the cube size becomes larger. 

 
 

Fig. 4. Unit cell analysis setup to map dielectric block size to dielectric constant 

value. 

Hence, to obtain an equation that can be directly used to 

accurately map polymer cube size with any desired permittivity 

value, HFSS-extracted results are used. The exponential curve-

fitting tool of Matlab [27] is used to obtained the following 

equation (red solid line in Fig. 5): 

𝑏 = 4.13𝑒0.18𝜀𝑟 − 118.6𝑒−3.57𝜀𝑟118.6𝑒−3.57𝜀𝑟
                   (13) 

where b is the polymer cube size and 휀𝑟   is the desired 

permittivity.  

 
Fig. 5. Cube dimension b of the polymer block w.r.t. effective dielectric constant 

of unit cells. The black marked-line extracted from the S-parameters in the HFSS 

simulation; the blue dashed-line is computed using filling ratio approximation, 

and the red solid-line is the fitted curve corresponding to HFSS extracted values. 

IV. EVALUATION 

A. GP and ANN-based ML Models’ Performance Comparison  

As mentioned earlier, two ML techniques are used in this 

work to model the gain performance in terms of dielectric 

distribution. In this section we evaluate and compare the 

performance of these two models. For comparison, the 

prediction accuracy of the two techniques is evaluated on the 

testing data that consists of 110 design samples. Both of the 
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machine learning models are trained and tested using the same 

testing and training datasets, which have 18 input parameters 

(each representing the dielectric constant values 𝜖1 to 𝜖18) and 

181 output parameters (each representing gain value on θ = 60o-

plane for φ varying from 0o to 180o with 1o step). Initially the 

ANN model is trained using 10-hidden layer nodes but to 

improve the prediction accuracy, the hidden layer nodes are 

increased gradually in order to match its accuracy with GP. But 

this makes the ANN model more and more complex and 

increases its computation time quite significantly compared to 

GP. However, in GP, we reduce the output dimension by using 

B-spine expansion for gain patterns, where we use 25 uniformly 

located knots in the interval (0,180) to interpolate the 181 

output values by splines of order 4. This helps in reducing the 

output dimension from 181 to 21 and improves the computation 

time for GP significantly.  The results of the root-mean-square-

error (RMSE) of the predicted gain by each of the ML technique 

are compared with the true value obtained from testing data in 

Table I. The total computation time for each of the ML 

technique are also listed in Table I. It can be clearly observed 

that the GP-based model is more accurate and efficient since a 

lower RMSE is achieved with considerably less computation 

time compared to the ANN-based model.  

TABLE I 
RMSE AND COMPUTATION TIME COMPARISON OF GP AND ANN-BASED 

MODELING 

 
GP 

model 

ANN model with number of hidden 

layer nodes as 

10 15 20 40 

Average RMSE 0.19 0.27 0.25 0.22 0.18 

Computation time 

(seconds) 

140 1140 1620 5880 30360 

 

B. ML model-based optimization and Heuristic Optimization 

Comparison 

Once the complete models are obtained using ML 

techniques, we can further use them for optimizing the design 

according to various requirements. In this case, we use the 

parameterized model for finding the dielectric distribution 

values in the input space that achieve goals such as desired 

radiation patterns. For this optimization, we use the constrained 

box optimization technique mentioned previously in Section 

II(c). This optimization method is applied to both the GP-based 

model and the ANN-based model (10-hidden layer nodes). The 

proposed optimization methodology is also compared with a 

classic heuristic optimization technique, genetic algorithm 

(GA). The methodology followed for GA optimization is 

similar to that described in [3]. This is done to have a fair 

comparison between optimization conducted using all the three 

optimization methods, namely, GP model-based optimization, 

ANN model-based optimization and GA-based optimization. It 

should be noted that in this work while running the GA model-

based optimization, we save the simulations results in the 

memory so that data is re-used incase previously simulated 

datapoint gets regenerated rather than re-running the same 

simulations. However, such cases are rare as the optimization 

convergence varies with the optimization goal. GA 

optimization is only able to predict the optimal fitness function 

value and the corresponding design parameters that can 

potentially generate these values, while the ML-based methods 

can predict the gain performance from the computed model in 

addition to optimal fitness function value and the design 

parameters that can potentially provide this solution. The results 

for each of these are listed in Table II. The first three rows of 

Table II are divided into three sections, each section giving the 

results corresponding the three design goals, namely single-

beam, two-beam, and three-beam gain patterns. The results for 

each of the three optimization methods are tabulated in the last 

three columns of the table. The first comparative property is the 

gain pattern plot predicted by the respective optimization 

method (in blue) together with that simulated by HFSS (in red). 

The second comparative property is the predicted fitness 

function value estimated using the respective optimization 

technique together with that predicted by HFSS. The GP-based 

optimization is also able to predict uncertainty value 

corresponding to the prediction value, as shown in the Table II 

in the row mentioned as ‘Predicted Fitness function Value’. In 

addition, the total computation time involved in the respective 

analysis, which for the ML-based optimization methods 

includes both the model computation time and the optimization 

time are compared. Since GA-based optimization is a search 

algorithm and only searches for optimal design point that can 

potentially give optimal results and runs HFSS simulation after 

each search, it does not have any prediction curve. Hence, only 

the HFSS results (in red) corresponding to GA optimization for 

the gain-pattern and the fitness function value are shown. 

It can be observed from Table II that the predicted fitness 

function values of GP-based optimization are 4.42, 5.06, and 

2.25 respectively for each of the three goals, and they are close 

to the corresponding actual fitness values obtained by HFSS 

simulation, which are 4.06, 4.40 and 2.16 respectively. 

Moreover, these values of GP-based optimization are higher 

compared to those obtained using ANN-based optimization and 

GA-based optimization, indicating better optimization results. 

For the two ML-based optimization methods, i.e., the GP and 

ANN-based optimization, we use the same sets of training and 

testing data, so the total number of sample points and training-

data collection time are the same. It takes 1.89 х 105 seconds 

for collecting the training data for both GP and ANN-based 

methods for achieving the three target goals. For optimization 

using these trained models, it takes only additional 138 seconds 

to complete model simulation in the GP case and then further 

331, 351, and 396 seconds respectively for optimization in the 

one-beam, two-beam and three-beam case.  

While for ANN, it takes only additional 1140 seconds to 

complete model simulation and then further 546, 562, and 579 

seconds respectively for optimization for the one-beam, two-

beam and three-beam cases. The total computation time for 

both the ML-based optimization methods for all three design 

goals together is only 22% less than that of the GA-based 

optimization (~53 hours vs. ~68 hours) and is mainly 

contributed by the time spent in obtaining the training data. To 

run a single HFSS simulation (considering simple dielectric 

blocks) takes 3 minutes 18 seconds, while once a model is 

trained, we can predict performance for given set of input 
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design parameters within fractions of a second and the 

optimization takes a couple of minutes. It must be noted here 

that above computation time is based on the machine we used, 

i.e., Intel(R) Core (TM) i7-5820K CPU @ 3.30GHz processor  

TABLE II 

COMPARISON OF GP, ANN, AND GA-BASED OPTIMIZATION METHODS 

 Properties GP-based optimization ANN-based optimization GA optimization 

One-beam 

Gain Pattern 

 
  

Predicted Fitness 
function Value 

4.42 ± 0.24 3.04 

3.72 
Actual Fitness 

function Value 
4.06 2.04 

Computation 

Time 

Training data collection: 52 hours 30 minutes 

18 hours 53 minutes Model Computation: 2 minutes 18 seconds 

Optimization: 5 minutes 31 seconds 

Model Computation: 19 minutes 

Optimization: 9 minutes 6 seconds 

Two-

beam 

Gain Pattern 

 
  

Predicted Fitness 

function Value 
5.06 ± 0.17 3.59 

3.44 
Actual Fitness 

function Value 
4.40 4.07 

Total 

Computation 

Time 

Training data collection: 52 hours 30 minutes 

29 hours 43 minutes Model Computation: 2 minutes 18 seconds 

Optimization: 5 minutes 51 seconds 

Model Computation: 19 minutes 

Optimization: 5 minutes 22 seconds 

Three-

beam 

Gain Pattern 

  
 

Predicted Fitness 

function Value 
2.25 ± 0.11 1.67 

1.02 
Actual Fitness 

function Value 
2.16 1.23 

Total 

Computation 
Time 

Training data collection: 52 hours 30 minutes 

21 hours 8 minutes Model Computation: 2 minutes 18 seconds 

Optimization: 6 minutes 36 seconds 

Model Computation: 19 minutes 

Optimization: 9 minutes 39 seconds 

Total no. 

of samples 

for all 

three 

goals 

 
Training: 1050 

Testing: 110 

One-beam 378 

Two-beam 594 

Three-beam 423 

Total 1395 

Total time 

for all 

three 

goals 

 52 hours 50 minutes 16 seconds 53 hours 13 minutes 4 seconds 68 hours 1 minutes 44 seconds 
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64 GB RAM, and 64-bit operating system. Once the training 

data has been collected, ML models can be easily reused for 

more design goals (i.e., modified fitness functions) at minimal 

extra computational cost, while GA will take much more time 

by calling for more simulations with each design goal. Based 

on the above data, the proposed ML-based optimization proves 

to be helpful in adaptive scenarios that could possibly have 

variable design goals to make quicker predictions. The 

dominant computational effort is spent in collecting data and 

training a relational model. This computational effort is done 

before, in a safe and secure environment, with no limitation of 

time and computation resources. The prediction based on the 

trained model could be calculated in few seconds, and this 

ultimately helps in adaptive scenarios to obtain real time 

response. 

       
(a)                                         (b) 

Fig. 6. Absolute Realized Gain (on linear scale) for two other goals achieved with 

the proposed ML technique using the same training dataset (a) When beam 

separation of 60o is required for two-beam pattern; (b) when four-beam pattern is 

required. 

Furthermore, the two ML-based optimization methods used 

in this work provide better results in terms of higher fitness 

function value search, where the GP-based method gives 

highest and more accurate fitness function value than the ANN 

method. In summary, it is demonstrated here that ML methods 

for antenna design are much more robust and scalable compared 

to the GA technique. Utilizing the GP-based ML method, we 

find the designs that satisfy other goals, for example, a design 

with two-beam radiation pattern separated by 60
o

 instead of 

120
o

, a design with 4-beam radiation pattern, etc. As shown in 

Fig. 6 (a) and (b), quite good results are achieved for both cases. 

V. EXPERIMENTAL REALIZATION AND VALIDATION 

C. Designs Corresponding to GP-based optimization  

To validate the GP-based design optimization, the obtained 

antenna designs are simulated in HFSS. For this purpose, the 

dielectric parameter values (𝜖1 to 𝜖18) obtained from GP-based 

optimization are used to find each dielectric unit cell size using 

equation (13). The dielectric loading map for values predicted 

by the GP-based optimization for each of the three goals are 

shown in Fig. 7(a), (b) and (c). The corresponding realistic 

models are shown Fig. 7(d), (e) and (f). The resulting 3-D gain 

patterns from HFSS simulations are shown in Fig. 7(g), (h) and 

(i), which clearly represents the successful results obtained 

using the proposed GP-based modeling and optimization for 

 
(a) 

 

 
(b) 

 
(c) 

 
(d) 

 

 
(e) 

 
(f) 

 
(g)  

(h) 
 

(i) 

 
Fig. 7. Dielectric constant distributions around the monopole, predicted by GP-based optimization for (a) one-beam antenna, (b) two-beam antenna, and 

(c) three-beam antenna; HFSS simulation models of corresponding physical antenna realizations for (d) one-beam antenna, (e) two-beam antenna, and (f) 

three-beam antenna; and the corresponding 3-D (dBi) radiation patterns at 15 GHz for (g) one-beam antenna, (h) two-beam antenna, and (i) three-beam 

antenna, respectively. 
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each of the goals, i.e., one-beam, two-beam and three-beam 

radiation, respectively.  

D. Fabrication and Measurement 

 As proof-of-concept, one of the obtained designs (the three-

beam antenna design optimized using GP-based method) is 

fabricated and characterized to evaluate its performance. The 

dielectric part of this design (as shown in Fig. 7(f)) is 3D printed 

using a commercial Stereolithographic Apparatus (SLA)-based 

3D printer, Asiga Max [28].  This printer uses Digital Light 

Processing (DLP) technology, which is easy to use and allows 

for fast, precise and efficient operation.  

The size of the 3D-printed dielectric structure in grey color 

is 40 mm × 40 mm × 6.67 mm. After 3-D printing the dielectric 

part, a hole of 2 mm diameter is then drilled. A piece of steel 

wire of diameter 0.5 mm inserted into the SMA connector 

socket works as the monopole antenna. The dielectric structure 

is secured on the ground plane via thin double-sided tape. The 

top and side view of the final structure are shown in Fig. 8 (a) 

and (b) respectively. 

               

                               (a)                                   (b) 
Fig. 8. Fabricated three-beam antenna prototype optimized using proposed GP-

based optimization (a) Top view; (b) Side view. 

The fabricated antenna prototype is characterized. The 

simulation and measurement results for reflection coefficient 

performance and 2-D realized gain pattern in the  = 60° plane 

are shown in Fig. 9(a) and (b), respectively. The blue dashed 

curve in Fig. 9(a) is the measurement result for S11 with respect 

to frequency and the black solid curve is the simulated S11. The 

solid blue curve in Fig. 9(b) is the measured gain in  = 60° 

plane at 15 GHz while the solid red curve is the corresponding 

simulated gain. 

 
 

 
                                 (a)                                                               (b) 

Fig. 9 Measured and simulated (a) S-parameter vs frequency performance and, (b) 

radiation pattern at  = 60° plane and at 15 GHz. 

As observed from Fig. 9(a), there is a slight shift in the S11 

response which can possibly occur due to the fabrication 

tolerance of the monopole antenna with precise height. Also, in 

Fig. 9(b), there is some deviation between simulated and 

measured antenna gain pattern. Nevertheless, the overall 

agreement between simulation and measurement is reasonably 

well, demonstrating the soundness of the design and fabrication 

process.   

VI. CONCLUSION 

In this paper, ML-based modeling and optimization is 

proposed as a tool for designing complex antenna structures. As 

a proof-of-concept, an antenna design configuration that 

modifies monopole antenna’s radiation pattern using dielectric 

loading is studied. By changing the dielectric constant 

distribution around the monopole, one-beam and multiple-

beam radiation patterns can be obtained. In this work, two ML-

based optimization techniques are studied, including Gaussian-

Process (GP) and Artificial Neural Network (ANN). The 

performance of these two ML techniques-based optimization is 

compared with each other and also with a popular heuristic 

optimization technique, Genetic Algorithm (GA). The ML 

methodology provides a complete relational model between 

design parameters and performance specification, which can be 

further used to achieve designs for different optimization goals 

using the same set of training data. Therefore, unlike heuristic 

techniques such as GA, which searches for the optimal solution 

only by analyzing the output on individual data points until a 

global maxima or minima is identified, ML techniques can 

provide the complete relational model and hence be used as an 

optimization tool for computationally intensive antenna design 

problems involving a larger design space.  The performance of 

the GP-based optimization method proves to be more accurate, 

faster and more informative (in terms of uncertainty in 

prediction). A three-beam monopole antenna prototype, 

designed using GP-based optimization, is successfully 

demonstrated.  

This work suggests that ML-based optimization is an 

efficient method for the scenarios where we need to achieve 

multiple targets, as it can use the same set of training data to 

achieve different goals without requiring any new simulations. 

This methodology provides information regarding the 

performance of antenna structure with respect to the design and 

further uses this information for optimization, rather than just 

searching for the optimal design points. Hence, the ML-based 

optimization methodology can be a robust optimization tool for 

computationally intensive antenna design problems.  
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