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Abstract 

This dissertation investigates the application of machine learning (ML) techniques to 

additive manufacturing (AM) technology with the ultimate goal of tackling the universal antenna 

design challenges and achieving automated antenna design for a broad range of applications. 

First, we investigate the implementation and accuracy of few modern machine learning 

techniques including, least absolute shrinkage and selection operator (lasso), artificial neural 

networks (ANN) and k-nearest neighbor (kNN) methods, for antenna design optimization for 

antennas. The automated techniques provide an efficient, flexible, and reliable framework to 

identify optimal design parameters for a reference dual-band double T-shaped monopole antenna 

to achieve favorite performance in terms of its dual bandwidth. We first provide a brief background 

for these techniques and then explain how these techniques can be used to optimize the 

performance of the referenced antenna. Then the accuracy of these techniques is tested by doing a 

comparative analysis with HFSS simulations as well. 

After obtaining encouraging results from the primitive work mentioned above, we 

implement ML techniques for optimization of a more complex 3D-printed slotted waveguide 

antenna. The design has more design parameters that are be tuned and, also multiple performance 

parameters, including bandwidth, realized gain, side lobe level and back lobe level, are optimized. 

This is a higher dimensional and a non-linear problem. Hence, we use artificial neural network for 

this work.  

Next, we demonstrate the advantages and challenges of using ML techniques compared to 

heuristic optimization techniques. We apply ML techniques first for ‘modeling’ that refers to 

prediction of the performance curve (e.g., reflection coefficient w.r.t. frequency, gain plots in a 

given plane, etc.) for a given design of antenna with particular set of design parameters and then 
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use it for obtaining ‘optimization’ results that refers to searching the value of the design parameters 

that can give optimized results for a particular goal (e.g., specific frequency band of operation, 

maximum gain, minimum side lobe level etc.). To explain modeling using ML-techniques, we use 

two antenna examples in this work, first is the modeling of the reflection coefficient curve with 

respect to frequency for a planar patch antenna when its shape changes from square to circular and 

second is the modeling of gain response of a monopole antenna when it is loaded with 3D-printed 

dielectric material. To explain optimization process, we use the behavioral model obtained in the 

second antenna example, and find the design parameter values that is capable of providing single-

beam, and multiple-beam radiation. The performance of ML is compared with heuristic technique 

like genetic algorithm for this work and benefits of using ML over GA are mentioned in this work. 

One of the prototypes that can provide 3-beam radiation pattern is manufactured and its fabrication 

process and measurement results are also presented in this work.  

The ultimate goal of this research work is to overcome universal antenna design challenges 

and achieving automated antenna design for a broad range of applications. With this work, ML 

models are built to find the relationship between design parameters and antenna performance 

parameters analytically, thus requiring only analytical calculations instead of time-consuming 

numerical simulations for different design goals. This is useful for applications such as IoT, which 

involve large number of antenna designs with different goals and constraints. ML techniques help 

build such behavioral models for antennas automatically from data which is beneficial for fully 

exploring the vast design degrees of freedom offered by AM. 
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 Introduction 

Wireless communication and sensing are becoming an integral part of modern 

infrastructure and will be more ubiquitous in the near future, especially in the coming era of 

internet of things (IoT). Antenna, as the 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 sensing. The requirements of ever-

shrinking physical size and weight for practical IoT applications, adequate efficiency for power 

and thermal considerations and sufficient bandwidth for appropriate data rate and sensing 

resolution are among the competing factors in antenna design. For example, a typical smartphone 

today requires multiple antennas covering various cellular bands, Wi-Fi, GPS, etc. to be designed 

and packaged into very limited space aesthetically without impacting their performance. Another 

example is antennas for low-power distributed wireless sensors for a diverse range of applications 

which would demand high efficiency as well as small form factor. Therefore, how to design the 

best antenna for each and every application is becoming a critical question. With this research 

work, we propose to investigate novel antennas enabled by machine learning (ML) design 

approaches and additive manufacturing (AM) technologies with the ultimate goal of tackling the 

universal antenna design challenges and achieving automated antenna design for a broad range of 

applications. While AM is capable of realizing much more flexible antenna configuration and 

topology compared to conventional manufacturing methods, design techniques based on ML can 

provide deep insights to guide the process, as well as scalable algorithms and accurate analysis 

tools to fully exploit this capability. 3D printing offers extra degrees of freedom in antenna (as 

well as other EM devices) design which is underutilized and has not been explored much at the 
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present, partly due to the lack of efficient and systematic design methodology specifically tailored 

to these design degrees of freedom. 

In this dissertation, the implementation of ML techniques in order to optimize the 

performance of various antenna structures, especially for 3D-printed structures is presented. This 

research work will contribute to novel aspects of next-generation antenna technology, as well as 

manufacturing technology and advance the state-of-the-art of IoT. The expected outcome can 

potentially enable fully automated and robust design and realization of future antennas for many 

applications in wireless communication, wireless sensing, biomedical and aerospace / defense 

industries.    

In Section 1.1, a brief introduction to current trends in additive manufacturing (AM) is 

mentioned and then the challenges faced for simulating such complex designs by using traditional 

EM tools are discussed. Next, a potential solution to overcome these challenges by using machine 

learning (ML) techniques-based optimization is presented. Next, in Section 1.2, an overview to 

ML techniques is provided. Further, in this section, the steps involved in using ML techniques for 

optimization are explained. Based on these ML techniques, optimization of a double T-shaped 

monopole antenna, which is described in brief in Section 1.3. In Section 1.4, design optimization 

of a slotted waveguide array antenna using the artificial neural network method is presented. The 

ML-method based modeling and optimization for complex antennas is introduced in Section 1.5, 

which is explained with the help of two antenna examples. Further details regarding each of these 

works are mentioned in the next chapters of this dissertation. At last, the organization of the 

dissertation is summarized in Section 1.6. 
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 Additive Manufacturing  

Although antennas for various applications that operate at radio frequencies (RF) have 

existed for over 100 years, advancements in technology in the areas such as manufacturing, 

materials science and engineering, physics, etc., have been improving the state-of-the-art of 

antennas. Recently, Additive Manufacturing (AM) often called as 3D printing, has gained the 

attention of researchers and industrialists due its remarkable applications ranging from musical 

instruments [1], to biomedical parts [2], to vehicles [3], to housing components [4] or even entire 

buildings [5]. 3D printed antennas have been manufactured by previous members of Millimeter 

Wave Circuits and Antennas (MWCA) laboratory for novel and flexible designs, due to their 

features like efficient implementation and superior performance [6], [7]. For example, directional 

monopole antenna embedded in arbitrary dielectric distributions [8], [9], conformal electrically 

small antenna [10], Luneburg lens antennas [11], [12], 3D vertically integrated phased array [13], 

[14], etc., have been demonstrated using 3D printing technology. AM offers several advantages 

compared to other antenna-manufacturing techniques like, subtractive manufacturing and 

formative manufacturing methodologies as discussed next. 

1. Produce less waste: AM generates less waste compared with traditional manufacturing 

and production methods. Although some of the subtractive manufacturing methods such as 

computer numerical control (CNC) milling, are as precise as AM, but they generate high amount 

of material waste because they remove a significant amount of material from an initial block during 

the manufacturing process. On the other hand, AM methods generally only use the material that is 

required to build a part and produce very little waste.  

Moreover, AM can lessen the material used in parts, and is capable of providing lighter 

weight of vehicles and aircraft and alleviating harmful fuel emissions. For example, AM enables 
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manufacturing of solid parts as a semi-hollow structure with honeycomb interiors. With the 

principle that the parts’ performance is not ruined, AM facilitates building of light-weight parts 

that have an excellent mechanical strength to weight ratio which is higher than the ratio of its 

equivalent solid part. The AM technology-based fabricated components for aircrafts can be as 

much as 60 percent lighter than the components fabricated by traditional, subtractive 

manufacturing methods, which significantly reduces material usage and fuel costs of the final 

product [3]. 

 

2. Faster Manufacturing Process: Another great advantage that AM offers is the fast speed 

to manufacture the customized prototypes. Traditional manufacturing methods may take quite long 

like a few days or even weeks to manufacture a prototype, while AM is capable of manufacturing 

and generating a model to a designer in a few hours. Therefore, AM is a very attractive option for 

manufacturing, especially for the applications that need numerous rounds of manufacturing 

because AM immensely reduces the manufacturing-time. 

 

3. Capability to print complex structures: Complex structures, e.g., some curved structures 

or any object with complicated internal structures can be tough to fabricate using traditional 

subtractive or molding techniques. AM technologies manufacture parts in a layer-by-layer style 

that makes manufacturing parts with arbitrary complexity is possible. Such capability not only 

facilitates manufacturing of novel structures with better performance but also provides 

performance improvement for structures that were earlier built using traditional methods. 

Nevertheless, the extra design degrees of freedom of 3D printed antennas, as well as 

associated antenna performance optimization, are still vastly unexplored. Many of the existing 
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works mainly focus on utilizing AM as a more time- or cost-efficient fabrication method for 

existing antenna designs, while the possibilities offered by AM may, in fact, revolutionize the 

entire antenna design and implementation procedure. For example, AM may realize EM structures 

with an arbitrary spatial distribution of permittivity ε, permeability 𝜇 and conductivity σ, thus 

offering complete degrees of freedom in design which will lead to new and high-performance 

antennas. However, the design problem becomes complex and no analytical equations are 

available. Therefore, numerical methods combined with optimization algorithms are needed to 

simulate and optimize the antenna designs. It is well known that optimization involving full-wave 

EM simulations is inherently computation-intensive and often impractical, especially with a large 

number of design parameters. Moreover, if the design goal changes even slightly, another series 

of optimizations are required.  

As presented in Fig. 1.1(a), 3D printed artificial EM structures including antennas can be 

represented by an arbitrary spatial distribution of EM properties such as permittivity (), 

permeability () and conductivity () and may be realized because of the current advancements in 

this area. However, the merit of such unprecedented degrees of freedom in antenna design enabled 

by AM remains largely unexplored so far, primarily due to the lack of appropriate design 

methodology. For example, traditional antenna designs involve the use of hybrid methodologies 

such as solving large-scale PDE (partial differential equation) systems (i.e., Maxwell’s equations 

with complex boundary conditions), incorporating designers’ prior knowledge and analytical 

model assumptions and conducting numerous trial-and-error design experiments. Since the 

antenna performance depends on multiple factors, the number of parameter value combinations 

can be very high, especially for AM-enabled antennas with much more degrees of freedom. Due 

to the expensive computational effort required by solving large PDEs, traditional methods typically 
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can only experiment with a limited set of parameter values and find local optimal solutions and 

the search of the entire parameter space for a global optimal design may be impractical. In addition, 

physics models for antennas may change dramatically from design and design, and there is a lack 

of a universal analytical framework to design different types of antennas. To address the above 

challenges, behavior models (see Fig. 1.1(b)) for antenna design may be highly beneficial. If a 

successful model were developed, the relationship between design parameters and antenna 

performance parameters would be obtained analytically, thus requiring only analytical calculations 

instead of time-consuming numerical simulations for different design goals (Fig. 1.1(c)). This 

could be extremely useful for applications such as Internet of Things (IoT) requiring a large 

number of antenna designs with different goals and constraints (see Fig. 1.1(d)). As discussed in 

the next section, ML techniques are proposed here to help build such behavioral models for 

antennas automatically from data. This will be especially suitable for fully utilizing the vast design 

degrees of freedom offered by AM. 

 

Fig. 1.1 a) Representation of any 3D shape with its Spatially-Dependent Material Properties; (b) 

Integration of ML Models with AM to Create Models of Performance Analysis of Any 3D Antenna 

Design; (c) Initially Implement ML for Optimization of Individual Antenna Designs for Various 

Applications; (d) Ultimately Benefit Broad Range of Applications Including Internet of Things.  
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 Machine Learning Based Design  

Methods learning from historical data to discover a relational model and improve future 

decisions have recently drawn the attention of researchers working in various fields. This can be 

attributed to several recent advancements such as the development of robust and efficient ML 

algorithms to process data, an increase in the ease of collection of data over networks, availability 

of affordable data storage devices and larger data handling capability. It has now become ever 

easier than before to store and learn from increasingly complex experimental datasets. Due to its 

high flexibility to discover complex and nonlinear relationships in data, adaptive learning 

capability from data and scalability of handling Big Data, ML has been investigated by many 

researchers as an indispensable data analysis and decision-making tool in a wide range of 

applications such as speech and vision [15], [16], hand-written digit recognition [17], self-driving 

cars, human genomics [18], [19] and cancer classification [20], [21]. Researchers have explored 

the potential of ML techniques to model the electrical behavior of passive and active devices and 

circuits as well [22]– [23]. ML assimilates the behavioral pattern of the data and hence builds a 

perception about how data is changing. The main steps in such an approach are [24]:  

1) Data collection: One foundational step involved in preparing a relational model is to 

obtain a training dataset. Data values recorded from past experiences are used to create such a 

dataset / database. The dataset contains information regarding both the input as well as 

corresponding output parameters. This database should be large enough for obtaining an accurate 

model for the system. This data provides really important and crucial information about the 

specific variables. This further helps in predicting the outcomes and even for collecting derivable 

information. Hence, a coherent data good collection method requires a perfect methodology that 

can ensure that the data being collected is useful. 
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2) Relation discovery: In order to extract patterns hidden in the training data, the next step 

is to obtain a relation between the input and output parameters that can be setup for prediction. 

This can be done using a suitable ML algorithm (e.g., nearest neighbor, linear regression, 

clustering, neural networks, etc.). This is the most important step that involves processing of data 

and extracting the information that can relate the output change to input model change. This further 

helps to create a behavioral model to predict or explain a particular numerical value based on a set 

of prior data. 

3) Evaluation and interpretation: After obtaining the relational model from step 2, accuracy 

of the model should be evaluated using a testing dataset. This dataset contains both input 

parameters as well as the corresponding output parameters but is not used in the training dataset. 

The computed behavioral model is used to predict expected output value for each input in the 

testing dataset and compared with the true value present in the testing dataset. A good performance 

on the test set implies the generalization ability of the trained model for making reasonably 

accurate predictions about the system. 

Though currently antenna design heavily relies on the designer’s empirical experiences and 

EM simulation tools, replacing or supplementing it with ML techniques can be of great help. For 

example, ML can be used to predict the value of performance parameters such as frequency 

bandwidth, gain, efficiency, etc. on the basis of geometric and material design parameters of the 

antenna. This requires a database that records the data from either EM simulation results and / or 

the measured results. Input parameters are varied and the corresponding output parameters are 

stored in the database which serves as training and testing datasets. After studying the pattern from 

the training dataset and using a suitable ML algorithm, a relation between input and output 

variables is formed. This relation is used to make predictions about the output performance 
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parameters. Compared to the traditional antenna design and optimization procedure relying on full-

wave EM simulation models, ML-based approach may dramatically reduce the required 

computational power and time. Moreover, the intrinsic self-expansion capability of the available 

training dataset enables ever improving design performance and speed. Some ML including neural 

networks [24], [25] and clustering [26] have been applied in antenna design and proven to be quite 

beneficial in terms of computational power and time. For example, in [24], a hybrid approach has 

been used which employs empirical design equations and neural network algorithm to obtain 

minimum reflection coefficient (S11) and the corresponding value of resonant frequency for a 

slotted patch antenna. The task of computing performance parameters reduces into just a few 

seconds using this approach which otherwise would have taken several hours using full-wave EM 

simulations. In [26], a broadband and wide scanning angle probe-fed microstrip patch array 

element with shorting posts has been designed. In this design, clustering method has been applied 

to find the locations for shorting posts that give vast scanning angle and large bandwidth. The 

advantages of using ML techniques for designing antenna are evident from the few reported 

examples. In this dissertation, ML techniques are explored to a greater extent to take full advantage 

of 3D printing enabled design degrees of freedom. By using more robust ML methods than the 

ones earlier used in antenna research, a model correlating the antenna performance and its spatial 

parameters is achieved. Further advancement in this research area is expected to ultimately help in 

achieving the final goal of tackling universal antenna design challenges and eventually lead to 

automated antenna design for a broad range of applications including IoT.  

Further details regarding machine-learning techniques are provided in Chapter 2. 
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 Optimization of Double T-shaped Monopole Antenna 

With a motive to understand the methodology of applying machine learning and analyze 

its performance in antenna optimization process, this research work was conducted. In this work, 

three popular machine learning techniques were studied and a preliminary study of using these 

machine-learning techniques for antenna design optimization is done. The techniques used in this 

work are artificial neural networks (ANNs), least absolute shrinkage and selection operator (lasso) 

and k-nearest neighbor (kNN). The performance of these ML techniques for antenna design is 

demonstrated by their applications to optimize a reference design of a double T-shaped monopole 

antenna [27] as shown in Fig. 1.2.  

           

Fig. 1.2 Layout and Design Parameters of a Reference Design of Dual-Band Double-T 

Monopole Antenna (Source: [28]). 

The performance of this antenna depends mainly on five design parameters l21, l22, w1, w2, 

w as shown in Fig. 1.2. In the design process, we allow these five parameters to vary while keeping 

the other three parameters L; h1 and h2 at their fixed values, as mentioned in [27]. These five 

geometric parameters act as the explanatory variables or input variables for ML models. In our 

numerical experiment, N=450 sample points are collected by varying these five geometric 
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parameters at different values. These sample points are simulated using ANSYS high-frequency 

structure simulator (HFSS) [28] and antenna reflection coefficients in the format of .s1p files are 

extracted from these simulations. Using each .s1p file, performance of this antenna for each sample 

point is assessed by extracting figure of merit (FOM), which is defined to obtain the maximal 

bandwidth in the two desired bands of the antenna. Through this work, we explored this topic to a 

greater extent by proposing a new class of ML methods for optimal antenna design, evaluating 

their performance and making comprehensive comparisons with existing techniques. The ultimate 

goals of this study were to develop scalable and efficient algorithms for tackling computational 

challenges in complex antenna design and to automate antenna design for a broad range of 

applications.  

With the help of these ML techniques, performance of the reference antenna is analyzed 

for 2,126,696 design points within a few seconds by learning from the training dataset of 450 data 

points only. Compared to kNN [29], both neural network [30] and lasso [31] give more accurate 

predictions in our study. From the results obtained in this study, it is observed that these new 

methods are much more efficient than the traditional method of EM simulation optimization for 

achieving optimal antenna design. The results obtained from this work imply that ML techniques 

have the power to revolutionize EM design methodology. The successful results obtained from 

this work inspired us to work further on this research topic. The limitation due to computational 

power limits of EM tools makes it a challenging and time-consuming task to optimize complex 

antenna designs that involve a large number of design parameters. After obtaining quite promising 

results for the reference antenna in this work, we applied this methodology of design optimization 

to a more complex, higher-dimensional problem. 
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 3D-Printed Slotted Waveguide Array Antenna Design Optimization 

After solving for a simple low-dimensional problem in previous work, the work was further 

extended to a non-linear higher-dimensional problem by applying ML optimization on a Slotted 

Waveguide Array Antennas (SWAAs).  

SWAAs are widely used in many applications including radar and wireless communication 

because of their capabilities such as high power handling, gain, radiation efficiency, simple 

geometric structure and good reliability. Usually, they are made by expensive precision 

mechanical machining processes, especially for high-frequency applications like millimeter wave 

(mm-wave) applications. SWAAs have been manufactured using alternative methods such as 

substrate-integrated waveguide technology and diffusion bonding of laminated thin metal plates. 

However, they still have critical issues in terms of dielectric loss and alignment error in millimeter-

wave region. To overcome these challenges of conventional waveguide components, high-

resolution 3-D printing technology combined with metallization has received great attention. 

However, most of these structures are designed as disassembled structures to enable proper metal 

plating. A monolithic 3-D printed SWAA with electroplating has been manufactured but it works 

only up to 21.7 GHz. In this work, a 3-D-printed monolithic 10 × 10 Slotted Waveguide Array 

Antenna (shown in Fig. 1.3), working at 78 GHz is described and it is optimized using ML 

technique.  
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Fig. 1.3 Proposed Slotted Waveguide Array Antenna. 

In this case, the design parameters that are optimized include length as well as orientation 

angle of the coupling slots (lC , θ1 , θ2 , θ3 , θ4 and θ5 ) and length of the radiating slots (lR). The 

objective of this optimization is to have lower side lobe level, higher gain, lower back lobe level 

and lower S11 at 78 GHz. Hence, this antenna has more number of design parameters to be 

optimized in the input space and in the output space. In our numerical experiment, 189 sample 

points are collected by varying the value of these seven design parameters and the corresponding 

changes in performance parameters are recorded by simulating the structure in HFSS. The data are 

divided into three parts: 70% of data is used for training, and 15% each is used for testing and 

validation, respectively. The ML technique used for this optimization is Artificial Neural Network, 

where the input layer consists of 7 neurons, the middle layer of this ANN model consists of 5 

hidden nodes, and the output layer consists of a single node that is defined as the sum of the S11, 

SLL, and back lobe level at 78 GHz. Once the ANN model is obtained, the value of output is 

estimated for all possible combinations of the seven design parameters on a much finer scale, but 

their range remains the same as that in the database. The model obtained from here helps to 
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estimate the performance at a very large number of design points. Finally, the design parameters’ 

set that gives the minimum estimated output value is searched. In this way, a multi-objective non-

linear optimization for a 3-D printed antenna structure was successfully done using artificial neural 

network machine learning method. The final design of this SWAA is 3-D printed by 

stereolithography apparatus (SLA) and coated with silver by jet metal spraying method. The 

fabricated SWAA structure is measured and analyzed by considering its surface roughness, which 

is measured using Huray-model methodology. The fabricated SWAA is able to achieve 22.5 dBi 

gain, –13.5 dB SLL, and 10° HPBW at 78.7 GHz in measurement. 

 ML Based Modeling and Optimization for Complex Antenna Structures  

Apart from optimization, machine learning techniques can be used for complete modeling 

of output performance and this benefit of ML techniques sets them apart from traditional search 

algorithms such as particle swarm optimization, genetic algorithm optimization, etc. This benefit 

is utilized with this work by applying ML for two antenna examples: the modeling of the reflection 

coefficient curve with respect to frequency for a planar patch antenna when its shape changes from 

square to circular and second is the modeling of gain response of a monopole antenna when it is 

loaded with 3D-printed dielectric material and is optimized by using genetic algorithm and 

artificial neural network-based machine learning approach. Researchers have earlier explored the 

benefits of using homogeneous dielectric loading to control antenna radiation patterns. For 

example, in [29], a pair of dielectric wedges are used to control the antenna beam direction for 

application like direct broadcast satellite televisions. In [30], the shape of a homogeneous lens 

antenna is optimized to control the radiation pattern. These designs, however, are limited only for 

applications that can provide one-beam applications i.e., where radiation pattern is steered in single 

direction. In addition to this disadvantage, they also tend to increase the antenna size to tens of 
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wavelengths. Although the other antenna designs like the gradient index slab lens antenna [31] and 

rotatable planar phase-shifting surfaces offer compact antenna structures to control antenna 

radiation patterns, they can only be suitable for one-beam applications, and the radiation patterns 

are restricted to the feed-antenna’s radiation pattern. On the other hand, dielectrics however can 

fully reshape the antenna radiation patterns as another degree of antenna design freedom, which is 

enabled by 3D-printing technology. However, to completely explore this flexibility, the 

optimization in even further domain which is offered by complex 3D-printable structures that 

involve large number of design parameters, becomes even more complex. Earlier, using genetic 

algorithms (GA) optimization of a quarter-wavelength monopole antenna on a finite ground plane 

and surrounded by an optimized dielectric constant distribution was studied [32] by a previous 

group member. GA was used in that work to find the dielectric loading profile around monopole 

antenna for changing the antenna radiation pattern from an omnidirectional shape to many other 

shapes, including one-beam and multiple-beam shapes.  

In the earlier work done using genetic algorithm, which is reported in [32], the design space 

is searched in order to find a particular solution for each design goal by using genetic algorithm. 

While in the recent work, rather than using genetic algorithm, we use ML techniques such as 

Gaussian process and artificial neural network in order to have a complete relational model of 

dielectric loading map to the gain pattern plot. To have a fair comparison with previous work, we 

use the same monopole height, ground plane dimensions and dielectric-loading variation as the 

previous work [32]. However, instead of using 10X10 blocks of dielectric with 2-fold symmetry 

around monopole antenna as done in [8], we instead load the antenna with 6X6 dielectric blocks 

with single-fold symmetry. By collecting just 1050 sample points for training, we are able to 

estimate the performance in terms of the radiation pattern for all the possible 418 design points. 
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The performance of this methodology is compared with GA by predicting the dielectric 

distribution map for all the three goals which were earlier achieved by GA, i.e., single-lobe, two-

lobe and three-lobe radiation patterns by applying the proposed ML technique. In addition to that, 

machine learning algorithms were able to successfully predict 2D gain pattern response in principal 

plane for any possible design of dielectric distribution and optimize further for two-more goals as 

well, using the same set of training data for all the goals. 

 Dissertation Organization 

This dissertation is organized as follows: 

In Chapter 2, the fundamentals of machine learning techniques and their applications are 

discussed. We first introduce the basic meaning of machine learning and categories of ML 

techniques. Then, the ML techniques used in this work are explained in detail. Finally, how these 

techniques can be implemented for antenna optimization are presented. This chapter aims at 

providing an overview of using ML techniques for optimization and how advantageous it can be 

to solve complex design problem, for the reader. 

In Chapter 3, the optimization of a referenced double T-shaped monopole antenna using 

three ML techniques, namely, lasso, kNN and artificial neural network is described. The goal of 

this optimization is to achieve best performance for bandwidth in the frequency range of 2.4 – 3.0 

GHz and 5.15-5.6 GHz The complete methodology of how these techniques are implemented and 

their performance in comparison with EM simulations are also discussed in this chapter. This is a 

preliminary work that was conducted to check the efficiency of using ML techniques for a simple 

antenna structure. After achieving successful results from this work, we conducted the next work 

which was a more complex 3D structure with more design parameters to tune. 
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In Chapter 4, a 3D printed slotted waveguide array antenna is presented.  In this chapter, 

first the general design methodology of the slotted waveguide array antenna at 78 GHz is explained 

and then how the artificial neural network technique is used for this work is discussed. The results 

for R-squared value obtained by comparing the estimated response with the testing, training and 

validation data are also presented in this chapter. Next, the fabrication technique and the metal 

plating methodology used in the manufacturing of this project are discussed. Finally, the simulated 

and measured results of the designed slotted waveguide array are presented and compared.  

In Chapter 5, the application of ML for modeling and optimization is demonstrated using 

two antenna designs, that are, modeling of the reflection coefficient curve with respect to frequency 

for a planar patch antenna when its shape changes from square to circular and second is the 

modeling of gain response of a monopole antenna when it is loaded with 3D-printed dielectric 

material. For the second antennas example, performance of ML techniques is compared with the 

performance of genetic algorithm by implementing optimization using both methods on the same 

problem - dielectric loading around a monopole antenna to control its radiation pattern. In this 

chapter, we first use two ML techniques (Gaussian process method and artificial neural network) 

for modeling of gain response with respect to dielectric distribution around monopole antenna. 

Next, we use constrained-box optimization on the behavioral model predicted by each of the ML 

technique and compare this optimization with genetic algorithm-based optimization. This 

comparison is done for some definitive goals including single-beam, two-beam and three-beam 

radiation pattern cases. Both the ML-based techniques use same set of training data and produce 

quite accurate results. On the other hand, genetic algorithm searches for the optimal solution by 

analyzing the output on individual data points and generating new and possibly better search 

directions until a global maxima is identified. One of the prototypes for three-beam case is 3D-
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printed using SLA-based printing. The fabrication methodology and measurement results for the 

same are also presented in this chapter.  

Finally, Chapter 6 presents a summary of the major achievements and contributions of this 

dissertation. Future works are also discussed. 
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 Introduction to Machine Learning 

 Overview 

In order to solve any computer problem, we need an algorithm, which basically, is a 

sequence of instructions that can transform the input to output. For example, for an algorithm for 

sorting, the input is a set of numbers and the output is their ordered list. For the same task, there 

can be different methods or algorithms and we may be interested in finding the most efficient one 

that uses least number of instructions or memory or both. For some tasks, however, we do not have 

an algorithm—for example, to tell whether the prices of property in a certain neighborhood will 

decrease or increase in near future. We know what the input is: data regarding price change in past; 

data related to economy of the region; recent developments around, etc. We know what the output 

should be: an increase or decrease in prices. But, we don’t have the knowledge about the 

methodology for transforming the input to the output. The lack of knowledge about this 

transformation can be overcome by using the information in the data. We can easily compile 

thousands of example from other regions, for some of which we know how the prices change and 

what we want is to “learn” from that. In other words, we would like the computer to generate 

automatically some algorithm for this task. There are various scenarios where we cannot apply any 

direct algorithm but we do have sample data. We may not be able to identify this algorithm exactly, 

but we believe we can construct a good and useful approximation. Though identifying the entire 

process exactly may not be possible, we can still detect certain patterns or regularities. This is the 

main concept behind machine learning. Such patterns may help us approximate the algorithm, or 

we can further use those patterns to make predictions. 
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 History 

The first computer system which was developed in 1946 was called as “ENIAC”. In those 

days, the term ‘computer’ referred to a human being who was capable of performing numerical 

computations on paper and during that time ENIAC was considered as a numerical computing 

machine [33]. This machine was manually-operated, and human thinking and learning could be 

performed logically with this machine. In 1950 Alan Turing suggested a test to verify ENIAC’s 

performance [33]. According to this test, the criteria for a machine to be declared as “passed” was 

that it must be capable to trick a human into considering it is also a human. This was constructed 

on the notion that we can only decide if a machine can actually learn only if we communicate with 

it and cannot differentiate it from another human [34]. 

Around 1952, Arthur Samuel (IBM) wrote the first computer-learning program that was 

for the game of checkers, and this IBM computer program became better at the game the more it 

played it by reviewing which moves lead to winning strategies and involving those moves into its 

program. These machine learning programs by Samuel were very efficient and further helped 

checker players in refining their performance. Next, the ELIZA system was created in the early 

1960’s by Jospeph Weizenbaum which replicated the task a psychotherapist by using actions like 

string-substitution and generated responses based on keywords [33]. Although the general 

performance of ELIZA was not too great but it was a nice proof of concept. Next major work was 

the work of the group of Ted Shortliffe on MYCIN (Stanford), that was in the area of medical 

diagnosis and therapy and it was based on concept of rule-based systems for information depiction 

and interpretation. This system is often considered as the first expert system. 

Almost during the same time as the expert systems were developed, other approaches to 

Machine Learning also started emerging like, the ‘Perceptron’, which was invented in 1957 by 
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Frank Rosenblatt at the Cornell Aeronautical Laboratory. The Perceptron itself is a very simple 

linear classifier but with Rosenblatt’s approach, it was shown that by combining a large number 

of perceptron in a network (multilayer perceptron), a powerful model could be created. This 

marked a revolutionary change in neural network area. After this there was no major development 

in the research area on neural network after Marvin Minsky and his colleagues showed that neural 

networks could not solve problems such as the XOR problem. However, later several 

modifications were produced on neural network research area that can now solve XOR and many 

more difficult problems. 

In the early 90’s, due to the collaboration in the research areas of Computer Science and 

Statistics, ML became very popular again as it introduced in a new way of addressing the AI 

problems using the ‘probabilistic approach’, where the uncertainty in the parameters is also 

integrated within the models. Hence, the field became more of a data-driven approach as compared 

to the more knowledge-driven expert systems as it was developed earlier. Many of the major 

discoveries that are currently quite popular in the field of ML are the result of the ideas that were 

developed during this time period. 

Statistical Artificial Intelligence is a center piece of Big Data analysis: as a result of the 

exponential growth in the amount of data that is now available for scientific research, the sciences 

are on the border of huge modifications and the same can be applied to all disciplines. The 

significance of big data lies in how an organization is using the collected data and not just in the 

quantity of data they have been able to collect. There are many Big Data solutions available that 

make the analysis of big data more convenient and well-organized and these solutions are used to 

gain benefits from the heaping amounts of data in almost all sectors of the industry. To deal with 

this high amount of data, a new scientific discipline is gaining lots of interest, i.e., Big Data Science 



36 
 

which aims to develop new methods to store large amounts of data, and to quickly find, analyze 

and validate complex patterns in it. 

 

 Definition of Machine Learning 

Machine learning is a type of Artificial Intelligence that makes a system to learn from data 

rather than through explicit programming [35]. Machine learning uses a variety of algorithms that 

iteratively learn from data to improve, analyze the data, and predict their outcomes. As the 

algorithms are provided with more training data, it is able to produce more accurate models based 

on that data. A machine learning model is the output function that is generated when the ML 

algorithm is trained with data. After training, when the trained model is provided with an input, it 

generates an output. By applying a suitable predictive algorithm, a predictive model will be created. 

Then, when the predictive model is fed with data, a prediction is received based on the data that 

trained the model.  

Machine learning has become an indispensable data analysis and decision-making tool in 

a wide range of applications, for example, when an e-commerce website is visited by a customers, 

and they start viewing products and reading reviews, they’re likely presented with other, similar 

products that they may find interesting. These recommendations aren’t hard coded but those 

suggestions are visible on the website due to some machine learning model. The model learns from 

the browsing history along with other shoppers’ browsing and purchasing data in order to present 

other similar products that the current viewer might want to purchase. Other machine learning 

application examples are as mentioned below [36]: 

 Finance sector, for computing the credit score and algorithmic trading 



37 
 

 In the field of Image processing and computer vision, for applications like face recognition, 

motion detection, and object detection 

 In life sciences, for building intelligent systems for tumor detection, drug discovery, and DNA 

sequencing 

 For energy production, for estimating the price and forecasting the load 

 In the industry related automotive, aerospace, and manufacturing, for predictive maintenance 

 For areas like Natural language processing for voice recognition.   

 

 

        Fig. 2.1 Types of Machine Learning Techniques (Source: [37]) 
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 Types of Machine Learning Techniques 

Machine learning techniques are required to improve the accuracy of predictive models. 

Depending on the nature of the problem being addressed and data distribution of the problem, there 

are different approaches based on the type and volume of the data. In the following sub-sections, 

we discuss the categories of machine learning. Fig. 2.1 shows classification of ML techniques and 

few simple examples of each type. 

 Supervised Learning 

Supervised learning can be applied for the problems with an established set of data and a 

certain understanding of how that data is classified [35]. Supervised learning is designed with the 

motive to search patterns in data that can be applied to an analytics process where this data 

corresponds to some kind of labeled features that define the meaning of data. For example, there 

could be millions of images of landscapes and include an explanation of what each landscape 

depicts (i.e., mountains/water body/desert etc.) and then we create a machine learning application 

that distinguishes one landscape from another. By labeling this data about types of landscapes, we 

may have hundreds of sub-categories under same types of landscapes. Because the features and 

the meaning of the data have been recognized, it is well understood by the users who are training 

the modeled data so that it fits the specifications of the labels. When the label is continuous, it is 

called as regression; when the data comes from a finite set of discrete values, it is called as 

classification. In short, regression used for supervised learning helps to find the correlation 

between variables. A simple example of supervised learning is weather forecasting. By using 

regression analysis, weather forecasting uses historical weather patterns and the current conditions 

as input and provides the prediction on the weather, as the output. The algorithms are trained using 

previous examples that we call a subset, and the performance of the algorithms is evaluated with 
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test data. Sometimes patterns that are recognized in a subset of the data can’t be discovered in the 

larger population of data. If the model is fit to only represent the patterns that already exist in the 

training subset, it is called overfitting. Overfitting means that the trained model is precisely tuned 

for only the specific set of training data but may not be applicable for large sets of unknown data. 

To protect against overfitting, testing should be done against unforeseen or unknown labeled data. 

The results predicted using unforeseen data for the test set helps to evaluate the accuracy of the 

model in predicting outcomes and results. Supervised training models have broad applicability to 

a variety of real life situations, including fraud detection, recommendation solutions, speech 

recognition, or risk analysis.  

To explain in simple words, supervised learning is when we have a set of input variables 

(that can be represented by x), and output variable (that can be represented by y) and we use an 

algorithm to learn the mapping function that can relate the input to the output and mathematically 

represented by y = f(x)+ϵ, where ϵ is the noise term using the training data (xtraining, ytraining) . The 

goal is to approximate this mapping function, f so well that when you have new input data (xnew) 

that you can predict the value of output variables (ynew) for that data accurately or within certain 

degree of confidence in its accuracy. The same has been depicted in Fig. 2.2. 

 

Fig. 2.2 Block Diagram for Supervised Learning. 
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The two categories of supervised learning are explained in brief as follows: 

a) Regression: A regression problem is when the output variable is a real or continuous value, i.e. 

it changes in continuous manner with respect to any change in input parameter space, such as 

“salary” or “weight”. There are a range of models that can be used for this purpose, the simplest 

one being the linear regression. It tries to fit data with the best hyper-plane which crosses 

through all the training points and is represented by a straight line. The Fig. 2.3 shows a simple 

case of first order linear regression. 

 

Fig. 2.3 Linear Regression Model. 

In Fig. 2.3, the output y variation with respect to input x can be approximately modeled by 

a continuous line and this line function can be used as ML model to make predictions about future 

data. 

Mathematically, for a given vector of inputs 𝑋 𝑋 ,𝑋 … ,𝑋 , we predict the output Y 

via the model represented as below: 

  𝑌  𝛽   ∑ 𝑋  𝛽      (2.1) 
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The term represented as 𝛽  in the equation (2.1) is the intercept which is also considered 

as the bias in machine learning. Generally, it is convenient to consider a constant value of 1 and 

club it within X. Then we include this 𝛽  term in the vector of coefficients that can be collectively 

represented by 𝛽, and ultimately simply represent the linear model in vector form as follows: 

𝑌 𝑋 𝛽,      (2.2) 

where, 𝑋  denotes vector or transpose of the matrix, 𝑋 ( which is a column vector). In this 

case we are only modeling a single output, that is why 𝑌 is a scalar.  Otherwise 𝑌 can also be a 𝐾–

vector. In that case, 𝛽 would also be represented as a 𝑝  𝐾 matrix of coefficients. Such a (𝑝 + 

1)-dimensional input–output space of multiple vectors of (𝑋,𝑌) represents a hyperplane. If the 

constant term is clubbed inside the vector 𝑋, then the hyperplane considers the origin as well and 

it is considered as a subspace, otherwise if it the constant term is not included in the vector 𝑋, it is 

considered as an affine set that cuts the 𝑌 -axis at the point (0, 𝛽 ). There are many different ways 

and techniques to fit the linear model to a set of training data. The most popular and commonly 

used method of these is the method of least squares. In this approach, we find the value of the 

coefficients 𝛽 with an objective to minimize the residual sum of squares (RSS), i.e. , 

 𝑅𝑆𝑆 𝛽   ∑ 𝑦 𝑥 𝛽       2.3  

where 𝑅𝑆𝑆 𝛽  is a quadratic function of the parameters. Therefore, because of its parabolic trend, 

it always has a minimum value, but this value may or may not be unique. The solution of the above 

equation is easier to be clearly-represented and solved in its matrix form as below:  

𝑅𝑆𝑆 𝛽   𝑦  𝑋𝛽  𝑦  𝑋𝛽     2.4  

where X is a matrix of size N × p with each row represented as an input vector, and y is a vector 

of size N representing the outputs in the training set. Differentiating the equation (2.4) w.r.t. 𝛽 we 

obtain the “normal” equations as follows: 
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 𝑋  𝑦  𝑋𝛽   0      2.5  

For the case when 𝑋 𝑋 is a nonsingular matrix, then we get a unique solution, which is given by 

 𝛽   𝑋  𝑋  𝑋   𝑦                      (2.6) 

 and the fitted value at the 𝑖  input 𝑥  is calculated and represented by 𝑦  𝑦 𝑥  

 𝑥  𝛽 . In this way, for any arbitrary input, 𝑥  the prediction is calculated by using, 𝑦 𝑥  

 𝑥  𝛽. The final fitted surface obtained from this modeling is characterized by the 𝑝-parameters 

that are the values of the vector, 𝛽. [38] 

 
b) Classification: 

A given case can be considered as a classification problem is when the output variable can 

be divided into separate categories, such as “spam” or “non-spam” or “disease” and “no disease”. 

The data is very discrete and cannot be approximated by a continuous function. A classification 

model tries to extract the knowledge from the observed values. For example, when filtering the 

emails by characterizing them if they are “spam” or “not spam”, or when spotting the transaction 

data, if it is considered as “fraudulent”, or is an “authorized” transaction. In summary, 

classification model either estimates the categorical class labels or categorizes the data, i.e. creates 

a model, using the training dataset and the values (or we can say class labels) while classifying the 

attributes and uses this information in classifying the new data [39]. The different type of 

classification models include logistic regression, decision tree, random forest, gradient-boosted 

tree, multilayer perceptron, one-vs-rest, and Naive Bayes [39]. The figure below (Fig. 2.4), shows 

a simple binary classification model as it divided the data into two classes. 
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Fig. 2.4 Binary Classification Model 

 Unsupervised Learning 

 
Unsupervised learning is applicable when there is a massive amount of data that is 

unlabeled i.e., there is only input data (x) and no corresponding output variable labels, as shown 

in Fig. 7. For example, social media platforms, such as Facebook, WeChat, Snapchat, and so on 

all have large amounts of unlabeled data. Understanding the meaning behind this data requires 

algorithms that can understand the meaning by being able to classify the data based on the patterns 

or clusters it finds [35]. Unsupervised learning is used in applications like email spam-detecting 

technology. There are many variables in non-spam and spam emails for an analyst to flag unwanted 

bulk email. Instead, machine learning is applied in order to detect the spam email and these 

classifiers are based on clustering and association. Unsupervised learning algorithms segment data 

into groups of examples (clusters) or groups of features. The unlabeled data creates the parameter 

values and classification of the data. In principle, this process adds labels to the data so that it 

becomes supervised. Unsupervised learning can determine the outcome only when the amount of 
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data is large. At initial stage, we don’t know the context of the data being analyzed, so labeling 

isn’t possible at this stage. Therefore, unsupervised learning can be used as the first step before 

passing the data to a supervised learning process. Unsupervised learning algorithms can help in 

recognizing trends and understand large volumes of new, unlabeled data. As in the supervised 

learning, these algorithms search for patterns in the data; however, the difference is that the data 

is not already known completely. For example, in health sector, collecting large amount of data 

about some particular disease can help physicians gain insights into the patterns of symptoms and 

relate those to outcomes from patients. It would otherwise take too long to label all the data sources 

linked with a disease such as diabetes. Therefore, an unsupervised learning approach can help 

define the outcomes more quickly than a supervised learning approach. 

 

Fig. 2.5 Unsupervised Learning: Clustering 

 Reinforcement Learning 

 
Reinforcement learning is learning where decisions are made sequentially. In simple words, 

the output depends on the state of the current input and the next input depends on the output of the 

previous input. One common application of reinforcement learning is in robotics. Example when 

we need to train a robot to navigate a set of stairs, it changes its approach for navigating the terrain 

based on the outcome of its actions. When the robot falls, the data is recalibrated so the steps are 
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steered differently until the robot is trained by trial and error to understand how to climb stairs. In 

other words, the robot learns from the sequence of actions. Reinforcement learning is also the 

algorithm used for self-driving cars. But the training of self-driving car is quite complex because 

there are so many potential obstructions. Trial and error would be easier to overcome, if all the 

cars on the road were autonomous, but, in the real world, that’s not the case and the traffic is 

unpredictable. Even with this complex scenario, the algorithm can be optimized over time to find 

ways to adapt to the state where actions are rewarded.  

 

 ML Techniques Used In This Work 

For antennas, we generally have continuous output corresponding to each input. The input 

space can be continuous or discrete, depending on the problem we are solving but for the work 

presented in this thesis, the output is always some continuous function w.r.t. the input design space. 

Hence, these optimizations related to antennas generally fall under supervised learning techniques, 

specifically, regression techniques. The mathematics behind each of these techniques is briefly 

explained in the following sub-sections. 

 Least Absolute Shrinkage and Selection Operator (lasso) 

The lasso technique is a sparse regression and predictor selection algorithm that estimates 

a linear model subject to some conditions. Basically it searches the value of regression coefficients 

that can minimize the residual sum of squares, subject to the condition that the absolute values of 

the regression coefficients are less than a constant [40]. If the training data is represented by 

𝑚 ,𝑛 , k = 1, 2…N, where 𝑚 𝑚 ,𝑚 … ,𝑚  are 𝑝-dimensional input variables and 

𝑛 are corresponding outputs. As mentioned in the last section, the linear approximation model 

(i.e., the linear regression model) calculates the response for a given input 𝑚  as, 𝑛 𝛼
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∑ 𝛽 𝑚 p. In a simple linear regression method, the values of α ,β  are found by implementing 

the least squares method i.e., by minimizing the difference between the actual output value 𝑛  and 

the predicted value 𝑛   as defined below:   

            α ,β arg min∑ 𝑛 α ∑ β 𝑚     (2.7) 

The standard regression analysis includes all the predictor variables in the model fitting, 

irrespective of the magnitudes of their effects on the output. If some predictor variables are not 

informative for prediction, these variables are regarded as unimportant and should be removed 

from the final model, in order to improve both prediction accuracy and model interpretability. This 

can be done by lasso, which calculates the estimate α ,β  by minimizing the sum of residual 

squares subject to the constraint, ∑ β 𝑡. Here, 𝑡 is a tuning parameter, which controls the 

amount of shrinkage that is applied to the estimates and should be greater than or equal to zero. In 

simple words, lasso regression implements L1 regularization on the model as it adds a penalty 

value corresponding to the absolute value of the magnitude of coefficients. This type of 

regularization can result in sparse models with few coefficients that result into a simpler model 

where some of the coefficients can become zero and eliminated. Larger the value of penalties, 

closer the coefficient is to zero that ultimately results into simpler models. The tuning parameter (t), 

controls the effect of the penalty term in lasso regression. Basically, it corresponds to the amount 

of shrinkage, towards which the data values are contracted as a central point, like the mean. This 

shrinkage leads to simpler and sparse models which are easier to analyze as compared to high-

dimensional data models that has large numbers of parameters. 

 When λ is set to 0, no parameters are eliminated from the model and the estimate is the same 

the one for linear regression. 
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 As value of λ increases, more number of coefficients are suppressed to zero and eliminated, 

which makes the model simpler. 

 When λ approaches infinity or to a very large value, all coefficients get eliminated. 

We need to make a trade-off between bias and variance values while computing the 

estimators. As the value of λ goes up, the bias also goes up but when the value of λ decreases, the 

variance value increases. Hence it can be said that by setting your tuning parameter to a small 

value we can get more manageable number of model parameters as they correspond to lower bias, 

but this costs us larger variance [41]. 

For choosing the value of this tuning parameter, method of cross-validation can be used in 

the data as it is a convenient way to ensure your model is robust. Such a robust system 

is resistant towards outliers. In other words, if your data set contains extreme values (either very 

high or very low), then some statistics measures will be good estimators for data distribution, and 

some other statistics measures will be poor estimators. For example, the mean is very prone to 

outliers, hence it cannot be considered as robust. On the other hand, the median is not affected by 

outliers and hence it can be considered as robust.  

In cross validation process, a chunk of the data (called a holdout-sample) is kept aside and 

the remaining bulk of the data is trained. Later, the holdout sample is used for testing the model. 

This is different from the general method of model testing, which uses the entire data together for 

testing the model. 

Cross validation gained popularity only when huge datasets came into being. Prior to cross-

validation method’s existence, researchers used to utilize all the available data in order to test a 

model. When there are large size datasets available, it is wiser to reserve a portion of the data for 

testing the model. However, it is very important to verify which portion of the data should be kept 
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in reserve for testing because in most of the cases, data isn’t homogeneous across its entire length. 

So choosing the wrong portion of the data for testing could lead to invalidation of a perfectly good 

model. Cross-validation provides a solution to this problem by using multiple, sequential samples 

that can broadly cover traits of all of the data. 

In k-fold cross validation (also referred as v-fold, for “v” equal parts), the data is divided 

into k random subsets of equal size. Each of the k models are fit individually, and the 

corresponding k validation measurements are obtained. Assuming we want to run a basic 5-fold 

algorithm, and the basic procedure for that can be as described below: 

1. Set the value of k to 5 which corresponds to 1/5th (20%) of the training data aside (which is 

chosen randomly). 

2. Train the model using the rest of the 80% of data. 

3. Compute and store the model metrics using this data, and keeping the rest of the data aside. 

4. Restore the data kept as the holdout sample and then repeat the process mentioned above, 

scoring the next 20% of data. 

5. Keep repeating this procedure until all data has been included in a holdout sample. 

6. Calculate the mean (or similar statistic) of the model metrics. 

Leave-one-out cross validation is k-fold method where k is equal to N, the number of data 

points in the set. Hence, for lasso case we suppress the insignificant coefficient parameters by 

running cross-validation for choosing the optimal value of the tuning parameter. In Chapter 3, we 

did similar analysis and the details are mentioned in the next chapter. 

 Artificial Neural Network (ANN) 

ANN (Artificial Neural Network) is a computational model that is inspired by the function 

of biological neural networks. ANN consists of a group of artificial neurons, which processes 
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information over interconnection. There are many different ANN structures used in the literature. 

Multilayer perceptrons (MLPs) [42]- [43] which are successfully and commonly employed in 

engineering problems are preferred in this study because of their ability to learn and model 

complex relationships. Multi-layer Perceptron (MLP) is a supervised learning algorithm that learns 

a function 𝑓 which can be mathematically represented in the form, 𝑓 ⋅ ∶  𝑅 → 𝑅  by learning 

from the training dataset, where 𝑚 represents the size of the input space and 𝑜 represents the 

dimensions in the output. For a given set of features 𝑋 𝑥 , 𝑥 , . . . , 𝑥  and a target 𝑦, MLP can 

learn a non-linear function estimator, either for classification or for regression. The concept of this 

is different from logistic regression, in the sense that between the input and the output layer, there 

can be one or more non-linear layers, which are referred as the hidden layers. Fig. 2.6 shows a one 

hidden layer MLP that has a single scalar output. The leftmost layer, represents the input features 

that consists of a set of neurons 𝑥 |𝑥 , 𝑥 , . . . , 𝑥  and is known as the input layer. Each of the 

neuron in the hidden layer alters the values from its previous layer by generating a weighted linear 

summation 𝑤 𝑥 𝑤 𝑥 ⋯ 𝑤 𝑥 , which is further followed by , 𝑔 ⋅ :𝑅 → 𝑅  which is a 

non-linear activation function like the hyperbolic tan function. Finally, the output layer collects 

the values from the last hidden layer and further transforms them into the final output values. 
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Fig. 2.6 One Hidden Layer MLP (Source: [44]) 

The weights between layer 𝑖 and layer 𝑖 1  are represented using a weight matrix at 

index 𝑖 . Intercepts consist of the list of bias vectors, where the vector at index 𝑖 represents the bias 

values that is further added to layer 𝑖 1. 

The advantages of using MLP structures are: 

 They are capable of learning non-linear models. 

 They are capable to learn models in real-time (on-line learning) and hence are very 

dynamic. 

The MLP can be trained by many algorithms such as Levenberg-Marquardt (LM), back-

propagation, delta-bar-delta and so on. In this work, we train the MLPs using the Levenberg-

Marquardt algorithm [21], which has the abilities of fast learning and good convergence. The MLP 

consists of three layers: input layer, output layer and a hidden layer, as shown in Fig. 2.7. Neurons 

in the input layer distributes the input signal 𝑢 , to the neurons in the hidden layer. Each neuron 𝑗 

in the hidden layer adds up its input signals 𝑢  after multiplying weights to each term depending 
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on the respective connections  𝑤  from the input layer and computes its output 𝑣  as a function 𝑔 

of the sum, i.e., 

                                               𝑣 𝑔 ∑ 𝑤 𝑢      (2.8)            

where, 𝑔 .  can be a simple threshold function, a sigmoid, hyperbolic tangent, a radial 

basis function, a purelin function, etc. The output of neurons in the output layer is computed 

similarly. The simplest algorithm that can be used is a first-order error back-propagation (EBP) 

algorithm [45]  which is one of the primitive training algorithms for neural networks.  

 

Fig. 2.7 ANN Architecture Based on MLP [42]. 

However, the EBP algorithm suffers because of its low training efficiency. This can be 

improved by using dynamic learning rates or by using the second order algorithms, such as Newton 

algorithm and Levenberg–Marquardt (LM) algorithm [46] which will help in increasing the 

training speed of the EBP algorithm. The LM algorithm is a blend of vanilla gradient descent and 

Gauss-Newton iterations, which gives it better convergence speed over vanilla gradient descent 

algorithms. LM is also able to provide a solution for nonlinear least squares minimization. Since 

it combines the EBP algorithm and Newton algorithm, LM algorithm is considered as one of the 

most efficient training algorithms for small and median size patterns. 
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 k-Nearest Neighbor (kNN) 

The k-nearest neighbor (kNN) [25] is an instance-based algorithm for supervised learning, 

which defines the similarity between sample points and makes predictions for new data points 

based on their similarity to the data that is already present in the training set. The similarity measure 

referred here is usually stated by a distance metric like the Euclidean distance, Manhattan distance 

or cosine similarity. kNN is quite popular for statistical estimation and pattern recognition, and has  

been used since the beginning of 1970’s as a non-parametric technique [47].  

A simple procedure applied in kNN regression is to determine the average of the numerical 

output of the k nearest neighbors with respect to the input.  Another approach uses average of the 

weight that is inversely proportional to distance of the k nearest neighbors. kNN regression uses 

the identical distance functions as the ones used kNN classification [48], that are: 

1. Euclidean Distance: Euclidean distance is the square root of the sum of the squared 

differences between a new point (x) and a previously existing point (y). 

2. Manhattan Distance: This is defined as the distance between real vectors using the sum 

of their absolute difference values. 

3. Hamming Distance: It is used for categorical or classification variables. For example, if 

the value of new point, x and the value the existing point, y, are the same, the distance D 

will be equal to 0. Otherwise D=1.   

Once the distance of a new data point using the points present in our training set has been 

calculated, the next step is to select the neighboring points. The number of points to be used for 

this purpose are decided by the value of k. 

Selecting the best value for k can be done by first reviewing the data. Usually, a large value 

of k value leads to more precise results as it lessens the overall noise but this comes at the risk that 

the distinct boundaries within the feature space may get blurred. Another method to determine the 
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value of k is the cross-validation method where we can use an independent data set to validate the 

value of k. For any new test data point, the kNN algorithm first calculates its distance to all stored 

data points, which are used to determine its k-nearest neighbors. Next, the outputs of these 

neighbors are gathered to produce a weighted average, which will then be assigned to the new data 

point. The weight of each neighbor is inversely proportional to its distance to the target data point. 

In simple words, the nearer neighbors contribute more to the average than the more distant one. 

 Gaussian Process  

Gaussian Process (GP)  is another popular supervised learning method which is generally 

used to solve regression and probabilistic classification problems. The advantages of GP is as 

follows [49] [50]: 

 Provide prediction uncertainty: The prediction is probabilistic (Gaussian) so that one 

can compute empirical confidence intervals and decide based on those if one should 

refit (online fitting, adaptive fitting) the prediction in some region of interest. 

 Versatile: different transformations to the data can be specified. Although common 

kernels are available but we can also specify custom kernels. 

The general GP setting has been discussed extensively in [51] [52], which is given by:  

𝑌 𝑥 ∑ 𝑓 𝑥 𝛽 𝑧 𝑥 𝑓 𝑥 𝛽 𝑧 𝑥    (2.9) 

where 𝑥  represents a vector of input parameters, 𝑌 𝑥  is the corresponding scalar (univariate) 

output; 𝑓 ∙  𝑓 ∙ , … , 𝑓 ∙  are known regression functions, 𝛽 𝛽 ,𝛽 …𝛽  is a vector of 

unknown regression coefficients, 𝑓 ∙ 𝛽 describes the global trend of 𝑌 . ; While 𝑧 .  is a zero 

mean stationary GP which captures the local deviations.  

The core task of GP is to define the correlation function, which conventionally utilizes the 

Euclidean distance between inputs to measure their similarity. This traditional way is no longer 
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applicable for spatially structured inputs. A relevant issue is how to quantify the similarity between 

designs by considering them as images in image recognition and computer vision areas. Several 

methods have been widely adopted, among which the Image Euclidean Distance (IMED) proposed 

by Liwei Wang et al. (2005) [53] is quite powerful and can be easily embedded in existing 

algorithms. In this section, we will develop a generalized distance measure based on the idea of 

IMED, denoted as 𝑑 𝜒 ,𝜒  where 𝜒 represents the voxelized spatially structured input. 𝑑  is 

then incorporated into GP correlation function. 

Consider a voxel-based part design 𝛘 with N voxels. Each voxel can be viewed as a point in the 

N-dimensional space spanned by the base of unit vectors 𝑒  𝑖 1,2, … ,𝑁 . Note that a voxel-

based part design should be distinguished from the meshed CAD model, where the former is used 

as GP input and can be assigned with heterogeneous materials, while the latter is mainly used for 

computer simulations with homogenous materials and cannot be used for GP input directly, see in 

figure 1. Assume each voxel is allocated with p material properties 𝑥 , 𝑗 1,2, … ,𝑝 . Define 

binary variable 𝑥  for part geometry, with 1 indicating solid and 0 void. Then 𝜒 can be represented 

as 𝜒 = 𝑥 𝑥 𝑢 , 𝑣 ,𝑤 ; 𝑖 1,2, … ,𝑁; 𝑗 1,2, … ,𝑝; 𝑢 , 𝑣 ,𝑤  ∈  𝛿 , where 𝛿  is the physical 

space confining feasible part designs, 𝑢 , 𝑣 ,𝑤  is the location of i th voxel with respect to 𝑒  in 

3D physical space UVW, e.g. For an electromagnetic device, within a solid 𝑖 th voxel, it can own 

electric permittivity 𝑥 𝑢 , 𝑣 ,𝑤  and magnetic permeability 𝑥 𝑢 , 𝑣 ,𝑤 .  Define a 𝑁 

 1 vector 𝜒 𝑥 𝑥 𝑢 , 𝑣 ,𝑤 , 𝑥 𝑥 𝑢 , 𝑣 ,𝑤 , … , 𝑥 𝑥 𝑢 , 𝑣 ,𝑤  with 𝑗  material 

property of all voxels, the generalized distance measure is then given by 

𝜕 𝜒 ,𝜒 ∑ 𝜃 𝜒 𝜒 𝐺 𝜒 𝜒                                (2.10) 

where 𝜃  determines the weights of different material properties; 𝐺  𝑔  is a 𝑁  𝑁 

symmetric positive definite matrix whose 𝑖 , 𝑖 th entry is 𝑔 𝑒 , 𝑒 cos 𝜑 , 𝜑 is 
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the angle between 𝑒  and 𝑒 , 𝑖 ,  𝑖 1,2, … ,𝑁 . It can be proven that 𝜕  obeys the triangle 

inequality. To preserve spatial information which implies deformation of closer voxels yields 

smaller distance, the coefficient 𝑔  should satisfy that it decreases monotonically as the distance 

between voxels increases: 

𝑔  cos 𝜑 ℎ 𝑉 𝑉                                      (2.11) 

where 𝑉 𝑢 , 𝑣 ,𝑤  represent the 𝑖 th voxel. Furthermore, as a general necessity, h(∙) has to 

be continuous and positive definite. Such a function falls into the same type of GP correlation 

functions. We adopt Gaussian correlation function here: 

𝑔 ℎ 𝑉 𝑉 exp 𝜃 𝑉 𝑉                                    (2.12) 

where 𝜃  is a user specified vector of size 1 × 3, which determines the rates at which the coefficient 

decreases along each direction 𝑢 , 𝑣 ,𝑤  . If the response reacts isotropically to properties 𝑥  along 

each direction, 𝜃  has three identical elements. It’s worth noting that Euclidean distance is a 

special case where all the base 𝑒  are mutually orthogonal. 

Additionally, metric G can be extended to contain physical properties of each voxel, e.g. for a 

monopole antenna, those blocks that are closer to antenna pose bigger impacts on the radiation 

pattern. This information can be demonstrated by another matrix 𝐺 and then incorporated into 

metric G as 𝐺 ∘ 𝐺, where ∘ represents Hadamard product. Therefore, the general distance measure 

becomes: 

𝜕 𝜒 ,𝜒 ∑ 𝜃 𝜒 𝜒 𝐺 ∘ 𝐺 𝜒 𝜒                        (2.13) 

where 𝐺 should be carefully chosen such that 𝐺 ∘ 𝐺 is still symmetric positive definite. With Schur 

product theorem [54], this condition is not hard to meet. 𝐺 ∘ 𝐺 is positive definite with 𝐺 being 

positive definite if one of the following holds: 
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1) 𝐺 is positive definite; 

2) 𝐺 is positive semidefinite and every main diagonal entry of 𝐺 is positive. 

We consider the situation where output is a functional curve evaluated along some index 𝜏, i.e. 

functional output. Assume evaluated at 𝑚 points, 𝜏 , 𝜏 , … , 𝜏 , then each input 𝜒 leads to a 𝑚 × 1 

response vector 𝑦 𝑦 𝜒 ,𝑦 𝜒 , … ,𝑦 𝜒 . At each index 𝜏 ,𝑘 1,2, … ,𝑚 , we have 

scalar-valued output. In this work, we assume there is no correlations across different indexes, 

hence the scalar-valued output can be modeled separately as individual GP at each index: 

𝑦 𝜒  𝑔 𝜒 𝛽  𝑧 𝜒 , 𝑘 1,2, … ,𝑚                                 (2.14) 

Where, 𝑦  is the scalar-valued output at index 𝜏 , 𝑔 𝑔 ∙,∙ , … ,𝑔 ∙,∙  are user-specified 

regression functions, 𝛽 𝛽 , … ,𝛽  are corresponding coefficients. 𝑔 𝜒 𝛽 describes 

the global trend of 𝑦 . In our model, a constant regression term will be employed, which has been 

proved sufficient enough in extensive applications. 𝑧  is the local variation at 𝜏 , which is 

assumed to be a stationary GP with zero mean and covariance function: 

𝐶 𝑧 𝜒 , 𝑧 𝜒 𝜎 𝑅 𝑧 𝜒 , 𝑧 𝜒                                  (2.15) 

where 𝑅 ∙,∙  is the correlation function. The most popular correlation functions in GP framework 

are Gaussian and Matérn correlation functions, we will adopt Gaussian correlation function in this 

work. For a model with scalar valued output and spatially structured input, (∙,∙) is given by 

incorporating the generalized distance measure 𝜕  or 𝜕  if considering voxel property: 

𝑅 𝑧 𝜒 , 𝑧 𝜒 𝑒𝑥𝑝 ∑ 𝜃 𝜒 𝜒 𝐺 𝜒 𝜒                  2.16  

The hyperparameter set we need to estimate is 𝜃 𝛽,𝜎 , 𝜃  which is usually identified by 

maximizing the log-likelihood function of GP: 
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𝑙 𝜃 𝑁. log𝜎 log|𝑅|                           (2.17) 

where 𝑌  𝑦 , … , 𝑦  is column vector of all responses at 𝜏 , 𝐵  𝛽 , … ,𝛽  is a vector of 

length n, R is the n × n correlation matrix defined above. 

With the hyperparameter estimated, GP prediction can be made at any unsimulated 𝜒 ， evaluated 

at 𝜏 , 𝑘 1,2, … ,𝑚 

𝑦 𝜒 𝛽 𝑟 𝑅 𝑌 𝐵                                   (2.18) 

where 𝑟  is a row vector of length n , describing the correlations between 𝜒  and all sampled 𝜒 ’s 

at 𝜏 . Repeating this process for m times, i.e. at each 𝜏 , we can get the predicted functional curve. 

 
 Conclusion 

This chapter provides introduction to the field of machine learning with a special focus 

towards the techniques that have been used in this research. The fundamentals as well as the 

mathematical background of all these techniques are mentioned in this chapter. This helps in 

building the basic foundation required in this area and the literature referred in this chapter is 

helpful in building the code for implementing these techniques. 

 

 

 

 



58 
 

 Machine Learning Techniques for Optimizing Design of Double 

T-shaped Monopole Antenna 

 Introduction 

In the current era, where almost all electronic devices are using wireless signals for 

transmission, the demand for application-specific antennas is increasing at an exponential rate. We 

want antenna of variable functionality and minimum possible size. Hence, the requirement of a 

smart and efficient way of antenna designing has become inevitable. The current antenna design 

methodology relies heavily on the designer’s empirical experiences and EM simulations. 

Traditional methods are inherently inefficient and computationally intensive, making them 

impractical when there are a large number of antenna design parameters to be optimized such as 

for 3-D printed antennas [7]. To address challenges for designing complex 3-D structures, machine 

learning (ML) techniques may be highly beneficial. ML has been widely used as indispensable 

data analysis and decision-making tool in a broad range of applications [55] [56] [57]such as 

speech and vision [15], hand-written digit recognition [58], human genomics [59] and cancer 

classification [20]. Researchers have also explored the potential of such techniques to model the 

electrical behavior of passive and active devices, and circuits as well [60] [61] [62] [26]. For 

example, in [60], lazy ant colony optimization algorithm has been used for optimization of 

frequency selective surfaces. In [61], the support vector machines (SVMs) method of machine-

learning to classify gestures of arms and legs by using only passive and sensor-less transponders. 

In [62], a classification algorithm is used to classify an interfering signal that can be dual-path 

propagation, continuous-wave or noise in a pi/4- DQPSK systems. In [26], clustering methods are 

used to find the optimum position for shorting posts in microstrip patch array design in order to 

achieve acceptable bandwidth, scan angle and polarization. 
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In the literature, there is some early work on applying heuristic optimization techniques 

like genetic algorithms, particle swarm optimization to antenna design [63]- [64] as well, but these 

algorithms only search for the optimal solution by analyzing the output on individual data points 

and generating new and possibly better search directions until a global maxima or minima is 

identified. On the other hand, machine learning (ML) refers to all techniques and optimization 

algorithms of analyzing the data and finding the hidden mathematical relation in data such that we 

can relate the input behavior to the output behavior and make future predictions or decisions using 

this relationship. The main advantage of using ML techniques is once we have the relational model, 

we can predict the output for any data point rather than aiming for global optimal and minima 

points only. This property is very beneficial when we want to use the same data set for multiple 

different goals. A detailed analysis and systematic comparison of using ML techniques for 

antennas have not been reported. Through this work, we aim at exploring this topic to a greater 

extent by proposing a new class of ML methods for optimal antenna design, evaluating their 

performance and making comprehensive comparisons with existing techniques. The ultimate goals 

of this study are to develop scalable and efficient algorithms for tackling computational challenges 

in complex antenna design and to automate antenna design in a broad range of applications. 

In this work, we propose using machine learning techniques for antenna design 

optimization, and particularly consider artificial neural networks (ANNs), least absolute shrinkage 

and selection operator (lasso), and k-nearest neighbor (kNN). The feasibility of these new 

approaches for antenna design is demonstrated by their applications to optimize a reference double 

T-shaped monopole antenna [27] as shown in Fig. 3.1. The initial work related to this was reported 

in [65] where only the lasso technique was employed, and targeted optimization function was 

weighted sum of fractional bandwidths of two bands of the reference antenna. In this paper, we 
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use finer optimization function and explore more machine learning techniques to optimize the 

performance of the reference antenna. This helps in achieving better results as compared to 

previous work [27], [65]. 

 
Fig. 3.1 Layout and Design Parameters of the Reference Dual-Band Double-T Monopole 

Antenna (Source: [27]). 

 Methodology 

To demonstrate the proposed idea, we use a reference double T-shaped monopole antenna 

[27] (as shown in Fig. 3.1) as the example. The performance of this antenna depends mainly on 

five design parameters, l , l , w , w , w. In the design process, we allow these five parameters to 

vary while keeping the other three parameters L, h  and h  at their fixed values, as mentioned in 

[27]. These five geometric parameters act as the explanatory variables or input variables for ML 

models. In our numerical experiment, N = 450 sample points are collected by varying these five 

geometric parameters at different values. The data is collected in batches and the corresponding 

“R-squared values” of the fitted model trained by the accumulated data is monitored.  

The R-squared (R2) value mentioned here refers to coefficient of determination. It is a 

statistical measure to judge how well a regression model can fit the data [66].  It describes how 

much variation of a dependent variable can be described by the independent variable(s) for the 
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regression model. The closer this value is to 1, the better is the regression model, as this implies 

the regression model fits the training data better. Mathematically, if 𝑦  is the actual output in the 

training data and 𝑦  is the estimated output from the regression model, where 𝑖 1,2,3 …𝑛; ‘𝑛’ 

are the total instances in the training data, the R2 value is computed as follows: 

𝑅 1
∑

∑
                                  (3.1)      

Where 𝑦 is the mean of the actual outputs in training data, i.e. , 

𝑦  ∑ 𝑦                                   (3.2)      

 As the sample size gets bigger, the R2 value first improves substantially but then levels off 

gradually. In our numerical experiment, 450 samples give reasonably high and stable R2 values 

(larger than 0.85 for each case). Hence, N is chosen as 450 sample points and data is collected by 

varying these five geometric parameters at different values using random sampling. Theoretically, 

increasing the training samples improves the prediction accuracy, as a larger number of sample 

points contain more information about the underlying data generation scheme and therefore lead 

to better estimation results. The same pattern is observed here when data is accumulated in batches. 

Therefore, we choose sufficient number of training samples in batches, till the R2 value becomes 

stable. These sample points are simulated using ANSYS high frequency structure simulator (HFSS) 

[28] and antenna reflection coefficients in the format of .s1p files are extracted from these 

simulations. Using each .s1p file, the performance of this antenna for each sample point is assessed 

by extracting a figure of merit (FOM), which is defined to obtain the maximal bandwidth in the 

two desired bands of the antenna. In this study, FOM is defined as the sum of absolute values of 

reflection coefficient (S ) in dB for frequency points in the range of 2.4 – 3.0 GHz and 5.15-5.6 

GHz and mathematically represented as follows: 
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 𝐹𝑂𝑀  ∑ |𝑆 f |  ∑ |𝑆 f |.
.. ,          (3.3) 

where, f represents the operating frequency and 𝑆 f  is the reflection coefficient value at 

that frequency. While collecting the sample points, these parameters take values within the 

following range of sample space, χ defined as: l ∈ [6.3, 7.3], l ∈ [6.3, 7.3], w ∈ [1, 3.5], w

∈ [1, 3.5], w ∈ [1, 3.5], with each parameter taking a step size of 0.5 (all units are mm). In the 

antenna design process, these five design parameters are input variables and FOM is the output or 

response variable. The training data are represented by {(X ,Y ), i = 1, 2, ..., N}, where the input is 

𝑋 l , l , w , w , w ∈ χ  or its transformation. The output Y is the value of figure of merit 

(FOM). The goal is to learn a behavioral model based on the training set to best describe the 

relationship between the expected FOM (𝐹𝑂𝑀) and the design parameters. We represent this 

behavioral model by:  

𝐹𝑂𝑀 ℎ 𝑙 , 𝑙 ,𝑤 ,𝑤 ,𝑤 𝜖,    (3.4) 

where, ϵ is the error term and the function h is a flexible mapping, which can be linear or 

nonlinear, continuous or discontinuous function that is based on the main effects or including two-

way interaction effects of the input parameters. Machine learning methods are then used to search 

for the best ℎ ∈ H, a class of candidate models, to describe the relationship between X and Y and 

make future predictions. To search for optimal design parameters based on the obtained machine 

learning model, a very fine grid over the entire space χ with step size 0.1 mm (instead of 0.5 mm 

in the training set) is generated, consisting of a total of 2,126,696 design points. The FOM values 

at all the design points are then computed and the design parameter values that give the maximal 

FOM value are identified. The performance of this analysis is verified by comparing the predicted 

FOM at a set of test points with its actual value obtained from the HFSS simulation. In the 
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following subsections, the three machine learning techniques (namely, least absolute shrinkage 

and selection operator, artificial neural network and k–nearest neighbor) that have been used in 

this work to obtain the behavioral model ℎ, are explained. 

 lasso Implementation 

In our analysis, we fit the linear model by using the function “lm()” in R [67], which is a 

public-domain statistical computing and graphics software. The details regarding mathematical 

background related to this method are mentioned in Section 2.5.1. To increase the model flexibility 

and capture any nonlinear relationship between the predictors and the response, we have also 

considered and compared various forms of nonlinear transformation of the raw design parameters, 

including log, exponential, quadratic, cubic, etc., and finally decided that a quadratic 

transformation is the most appropriate because by implementing lasso after applying quadratic 

transformation on the input data gives a high and accurate R2 value. To implement the lasso 

procedure, we used the function lasso() in R. For this lasso model, the five design parameters and 

their quadratic transformations are used as the predictor variables and the FOM is used as the 

response variable. The optimal value of the tuning parameter 𝑡 is determined by the 5-fold cross-

validation method [68]. The final fitted model predicted by the lasso is as follows: 

𝐹𝑂𝑀 9.96𝑙 16.43𝑙 2.04𝑤 0.79𝑤 6.48𝑤 36.49𝑙 𝑙 0.93𝑙 𝑤

2.12𝑙 𝑤 7.78𝑙 𝑤 2.59𝑙 𝑤 0.57𝑙 𝑤 6.44𝑙 𝑤 0.06𝑤 𝑤

3.46𝑤 𝑤 0.78𝑤 𝑤 92.35 𝑙 5.37𝑙 28.92𝑤 7.42𝑤  31.13𝑤

122.15 

            (3.5) 
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 ANN Implementation 

For our problem setup, which has only five parameters in the input space and needs a 

regression model, the Levenberg–Marquardt (LM) algorithm is one of the most efficient training 

algorithms for small and medium-sized patterns. The steps involved in using the ANN toolbox of 

Matlab are as follows: 

Step 1. In command window save the input data in one variable and output data in another variable. 

Then, Open the Neural Network Start GUI by clicking Apps>Neural Network Fitting or 

by using ‘nnstart’ command and then clicking Fitting app. 

Step 2. From the nftool window that appears click Next as shown below: 

 

Fig. 3.2 Matlab’s Neural Fitting: Main Window  
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Step 3. In the Select Data window that appears, select input and output data using inputs and targets 

drop-down menu by choosing the variable where you stored this information in Step 1. 

Select ‘Matrix rows’ to store each sample point as a row element. 

 

Fig. 3.3 Matlab’s Neural Fitting: Select Data Window 

Step 4. Click Next and then the Validation and Test Data window appears, as shown in the 

following figure. The validation and test data sets are each set to 15% of the original data 

and remaining is training data. 
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Fig. 3.4 Matlab’s Neural Fitting: Validation and Test Data Window 

Step 5. Click on Next and select the number of hidden neurons. For this work, we have chosen 5 

number of hidden neuron. To choose the number of nodes in the hidden layer, we 

monitored the R- values between the estimated output and actual output in the training, 

testing and validation data. The details about ‘R-value’ are mentioned in the subsequent 

paragraphs. The Multilayer Perceptrons (MLPs) consists of three layers: input layer, output 

layer and a hidden layer, as shown in Fig. 3.5. 

 

 

Fig. 3.5 ANN Architecture based on MLP. 
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Step 6. Click on Next and select the  Levenberg-Marquardt training algorithm in the Train 

Network Window that appears and then select train.  

 

Fig. 3.6 Matlab’s Neural Fitting: Train Network Window 

Step 7. Then a Validation Window as shown in Fig. 3.7 appears until the training gets complete. 

In this window, details about the ANN model can be observed, like epochs, time taken to 

train, gradient descent while the data is being modeled, number of validation checks and 

iterations made etc. The plots related to the model fit can be checked from this window, 

where we mostly check the error histogram and regression values. 
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Fig. 3.7 Matlab’s Neural Fitting: Validation Window 

Step 8. In this window under Plots, click ‘Regression’. Then, a network fit window as shown in 

Fig. 3.9 appears. This is used to validate the network performance. The details related to 

these plots are explained later in this section. 

Step 9. Click Next in the Neural Network Fitting App and then ‘Deploy Solution Window’ appears. 

To evaluate the network by selecting Matlab Matrix-Only Function and saving it as a 
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Matlab function file. We call this Matlab function to evaluate FOM for any given set of 

input design parameters and search for best possible design set that gives maximum FOM.  

 

Fig. 3.8 Matlab’s Neural Fitting: Validation Window  

In our analysis, the data collected from .s1p file 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 5 design parameters, hidden layer of 5 hidden nodes and output layer of single node for FOM. 

To choose the number of nodes in the hidden layer, we monitored the R-values between the 

estimated output and actual output in the training, testing and validation data.  

The R-value mentioned here refers to coefficient of correlation which basically is a statistic 

measure that explains how strong a relationship is between two variables [69] [70]. As mentioned 
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in [70], this coefficient is also called as the Pearson product moment correlation coefficient in 

honor of its developer Karl Pearson. The mathematical formula to calculate R-value between two 

variables 𝑦  and 𝑦  is as follows: 

𝑟  
∑ ∑ ∑

∑ ∑ ∑ ∑
                               (3.4) 

Where, n is the number of pairs of data. 

The two variables between which R-value is measured in this case are, the estimated FOM 

value and the actual FOM value for each of the sample point mentioned in the dataset. Here, we 

check R- value for training, testing and validation based on the complete data set, by ranging the 

number of hidden nodes from 2 to 15. The model with 5 hidden nodes gave the highest R- value 

for the training, testing and validation set without overfitting. Fig. 3.9 Training, Testing and 

Validation Plots of ANN fit illustrates the results obtained when 5 hidden nodes were used for this 

ANN model. These are the regression plots that display the ANN-estimated outputs (network-

output) with respect to output values present in the for training, validation, and test sets (target 

output). For fitting to be considered as a perfect fit, the data should align along a 45 degree line, 

which is an indicator that the network outputs are equal to the targets. As can be observed from 

Fig. 3.9, the fit is reasonably good for all data sets, as the R values in each case of 0.99 or above. 

If this fit was not sufficient, we could improve it by re-training the network by clicking ‘Retrain’ in 

neural network toolbox. In each plot of Fig. 3.9, the output predicted by using the fitted-ANN 

model is represented by vertical axis and the true output value is represented by the horizontal axis. 

If we observe this figure in clockwise direction starting from top-left, the four plots correspond to 

training data, validation data, all data combined and testing data respectively. If the fit line in each 

of these plots aligns closely to 45o line, the more accurate are the predictions for the corresponding 

data. Also, on the top of each plot the corresponding R- value for each of training, validation, 
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combined and testing data are mentioned. The closeness of these values to 1 also indicate the 

accuracy of the ANN fitting in this work. 

 

Fig. 3.9 Training, Testing and Validation Plots of ANN fit.  

 kNN Implementation 

The k-nearest neighbor (kNN) [25] is an instance-based algorithm that defines the 

similarity between sample points and makes predictions for new data points based on their 

similarity to the data that is already present in the training set. The ‘k’ here represents the number 

of neighbors in data we use for the analysis. The new data point for which we want to predict 
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output value is called the query point.  The output for the query point is computed based on the 

mean of the outputs of its nearest neighbors. The simple nearest neighbors regression method uses 

uniform weights, i.e., each point in the local neighborhood contributes uniformly in the output for 

the query point. For this method to work well, it is very important to choose the value of k 

appropriately such that it neither under-fits nor over-fits our model. To implement k-nearest 

neighbor (kNN) in this analysis, we first use 10-fold cross-validation to choose an appropriate 

value of k (as mentioned in Section 2.5.3). It is observed that k = 5 gives the minimum cross-

validation error and therefore 5 nearest neighbors are chosen for each data point for prediction. 

We use the function knn.reg() of the Fast Nearest Neighbor (FNN) package of  R [71] in order to 

estimate the kNN prediction value corresponding to each design point in the input space. For every 

input design parameter set, this model searches for its 5 nearest neighbors corresponding to input 

space. This distance can be Euclidean distance, Manhattan distance or Hamming distance 

depending on the problem. For our case, we select “brute” algorithm in the knn.reg() function in 

our code, which uses Euclidean distance to search for nearest neighbors around the query point. 

This corresponds to brute-force search which is an appropriate algorithm for small-size data. Once 

this distance is calculated, the output corresponding to each of the nearest neighbor of design point 

are checked and the output for new data point is calculated as the average of the outputs obtained 

from its ‘k’ nearest neighbors. This analysis has been done in R and the corresponding code is 

mentioned in Appendix of this dissertation.  

Hence, by using the abovementioned three ML techniques we obtain three separate 

behavioral models to relate design parameters to FOM of the reference antenna. Next, these models 

are used to estimate the performance of the antenna at various design points in terms FOM and 



73 
 

also the accuracy of the estimations is tested by comparing results with HFSS. More details is 

presented in the next section. 

 Results and Discussions 

Using the behavioral models obtained from the artificial neural network model, lasso model, 

and kNN model, respectively, we obtain the optimal design parameters which produce the highest 

FOM value. For this purpose, we predict the FOM values for all possible combinations of values 

of the five design parameters and locate the maximum FOM point. In particular, the five antenna 

design parameters are varied in the following range: l ∈ [6.3, 7.3], l ∈ [6.3, 7.3], w ∈ [1, 3.5], 

w ∈ [1, 3.5], w ∈ [1, 3.5], with each parameter having a step size of 0.1 (all units are in mm).  

Table I: Predicted FOM, Design Parameter Values and Computation Time Comparison 

 

The results predicted by different machine learning techniques are compared with those 

obtained from the HFSS simulation tool and summarized in Table I. The first column of the top 

three rows in this table shows the design parameters’ value that is obtained by each ML technique 
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to give the maximum FOM. The next three columns list the corresponding maximum FOM value 

predicted by each ML technique and the last column is the actual FOM obtained from HFSS if the 

design parameters mentioned in the first column are substituted in HFSS design which represent 

the ground truth. For comparison, the design parameters’ value of the reference antenna as 

mentioned in [27] are also stated in the first column of the last row of Table I and in the next 

columns of the last row, the corresponding FOM value predicted by each technique as well as the 

simulated value by HFSS is shown. The fifth row in this table mentions the total computation time 

corresponding to each of the ML technique i.e. the time it took to train the ML model and then 

search the corresponding best set of design parameters from that model. In the following 

subsections, the results of Table I for each ML techniques are discussed in more detail. 

 lasso Results 

 
The lasso model is trained with 20 parameters in the input space, consists of five original 

design parameters and their square as well as their cross-product terms. Five-fold cross-validation 

[67] is used to determine the optimal value of the tuning parameter. Though lasso is known to be 

able to produce sparse solutions, for this case none of the coefficients becomes zero (as observed 

from Equation (3.5), which implies that all the predictors have non-trivial effects on the output 

performance. For the model predicted by lasso as represented in Equation (3.5), the sensitivity 

analysis is performed by perturbing few coefficients and the results are mentioned in Table II. It 

can be observed from Table II that the maximum value of FOM and the design parameter values 

for which this maximum occurs for the perturbed model, remains almost similar to the values 

predicted from the actual model. This proves the robustness of the lasso model against slight 

random perturbations. 
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Table II: Sensitivity Analysis of Predicted lasso Model: Predicted FOM and Design Parameter 
Values when Coefficients of Equation (3.5) are Perturbed 

 

 
 

The maximum FOM predicted by the lasso model is listed in the first row of Table I, which 

is achieved by choosing the design parameter values as: l  = 7.3 mm, l  = 6.3 mm, w  = 1 mm, 

w   = 3.5 mm and w = 3.5 mm. The trained lasso model predicts the FOM value at this design 

location equal to 298.56. To verify the results, a HFSS simulation for these values of design 

parameters is done. The corresponding value of FOM obtained from HFSS is 298.06. 

 ANN Results 

The results obtained from neural networks are more precise than lasso. For neural network 

analysis, 70% of data was used for training and 15% each is used for testing and validation, 

respectively. The input layer consists of five nodes, each representing one design parameter, a 

hidden layer with 5 hidden nodes, and the output layer of one single node, representing the FOM. 

As observed from the second row of Table I, the maximum FOM is expected to occur at l  = 



76 
 

7.3mm, l  = 6.3 mm, w  = 1 mm, w   = 3.5 mm and w = 3.3 mm by the ANN model and the 

corresponding FOM value is predicted to be equal to 297.68. The FOM value for these design 

parameters is also checked through the HFSS simulation and the resulting value is 298.06, 

implying the percentage error of 0.41%. The results obtained from lasso and neural network are 

very close to each other, although prediction by NN is more precise. 

 kNN Results 

In the k-Nearest Neighbor (kNN) analysis, we use k = 5 and the distance-dependent 

weighted average (to estimate the FOM for any design parameter set, kNN uses five nearest design 

parameter sets and takes weighted average of FOM corresponding to those five neighbors). The 

weight for each set is assigned according to the Euclidean distance between each neighboring 

design parameter set with respect to the design parameter set under consideration. As shown in the 

third row of Table I the maximum FOM predicted by kNN is equal to 288.67, which is given by 

the design parameters l  = 7.3 mm, l  = 6.3 mm, w  = 1.2 mm, w   = 3.3 mm and w = 3.1 mm; 

for this particular set of values HFSS gives FOM = 280.53. This implies a percentage error of 

2.90%. 

Fig. 3.10 (a)-(e) shows the plots to compare the performance of the ML techniques. The 

values of FOM predicted by ML techniques and obtained from HFSS, are plotted with respect to 

each of the five design parameters. For each plot, only one design parameter is varied along the 

horizontal axis, while the other four design parameters are kept as constant mentioned on the top 

of each graph. For HFSS results, each design parameter is varied with a step size of 0.5 mm 

because simulation for each design parameter set is quite time-consuming. For the three ML 

techniques-predicted FOM, each design parameter is varied with a step size of 0.1 mm because 

once the ML models relating the input and output parameters have been established, FOM can be 
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predicted much faster compared to doing HFSS simulations. The vertical axis depicts the FOM 

values. The red curve represents FOM from lasso prediction, black curve from ANN prediction, 

pink curve from kNN prediction and blue curve is for FOM values calculated from HFSS 

simulations. From Fig. 3.10, it is observed that the values from lasso and neural networks are quite 

close to the actual FOM value obtained from HFSS, since the red and black curves closely trace 

the blue curve in all the plots. This proves the accuracy of lasso prediction and ANN prediction. 

On the other hand, the kNN prediction (pink curve in Fig. 3.10) is a little deviated from the actual 

values obtained from HFSS and the other two ML techniques. Still, the kNN model is able to 

predict the dependence of FOM on each design parameter reasonably well. One possible reason 

for less precision in the kNN results may be due to its simple model structure, which is sensitive 

to irrelevant or redundant features because all features contribute while making prediction [72]. 

Also, the distribution of data and the type of distance used also affects the prediction values in the 

case of kNN. Therefore, these are factors that may be responsible for the deviation of kNN 

prediction compared to the other two techniques. 

   
      (a)                                                                   (b) 
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       (c)                                               (d) 

                    

      (e) 

Fig. 3.10 Predicted as well as Simulated FOM Values with respect to Change in (a) l21, (b) l22 , 

(c) w1, (d) w2, (e) w, respectively, while Keeping Other Four Constants to the Values Shown on 

Top of Each Plot.. 

The maximum FOM predicted by both lasso and ANN occurs for the same set of design 

parameter values (l  = 7.3 mm, l  = 6.3 mm, w  = 1 mm, w   = 3.5 mm and w = 3.5 mm). These 

values are substituted in HFSS model and the simulated results are compared with the results for 

design parameters set mentioned in [27] in order to compare the bandwidth performance. Fig. 3.11 
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shows the S11 plot for these two cases. It can be observed that for design parameters predicted by 

lasso and ANN (red curve), larger bandwidth in the two bands is achieved compared to that for the 

design parameters mentioned in [27] (blue curve). Hence, for this work by using lasso and ANN 

modeling, we not only save time during optimization but are also able to achieve better 

performance for the reference antenna structure.  

 

Fig. 3.11 Simulated S11 versus Frequency Response for the Design Parameters’ Values 

Mentioned In [27] (Blue Curve) and for Design Parameters’ Values Predicted by lasso and ANN 

(Red Curve) in Order to Attain Maximum FOM. 

 
The main advantage of the ML techniques is its superior ability to solve large-scaled 

optimization problems. The successful results for this work prove ML techniques to be a new and 

powerful tool to tackle difficult design problems such as the initial design. These techniques can 

further be used to solve even more complex problems. For example, one can allow a flexible choice 

of the antenna shape, structure, and material, by formulating a large optimization problem, and 

then use ML to search within a high-dimensional input space for optimal design. To achieve this, 

we will need to collect more training data. 
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 Conclusion 

In this work, to test the applicability of three machine learning techniques namely least 

absolute shrinkage and selection operator (lasso), artificial neural network (ANN) and k-nearest 

neighbors (kNN) for antenna optimization, a detailed study is conducted. These techniques are 

used to automatically identify the optimal values of the design parameters for a reference antenna 

to achieve the best performance in terms of bandwidth of two bands. The brief description of these 

techniques is first presented in this chapter and then how these techniques are applied to a reference 

double T-shaped monopole antenna is explained. With the help of these ML techniques, the 

performance of the reference antenna is analyzed for 2,126,696 design points within a few seconds 

by learning from the training dataset of 450 data points only. Compared to kNN, both neural 

network and lasso give more accurate predictions in our study. In summary, these new methods 

are much more efficient than traditional method of EM simulation optimization for achieving 

optimal antenna design.  

The results obtained from this research imply that ML techniques may have the potential 

to revolutionize EM simulation technology. Due to computational power limits of EM tools, it is 

challenging and time consuming to optimize complex antenna designs like 3-D antenna structures 

involving a large number of design parameters. This problem can be addressed by incorporating 

ML techniques in simulation tools. The ultimate goal of this work is to further generalize machine 

learning methods for complex design structures such as structures manufactured by 3D printing 

technology. For example, 3D printing enables designs with large numbers of degree of freedom 

and therefore optimizing all parameters through EM simulations is both tedious and 

computationally intensive. Our preliminary results have shown that machine learning techniques 
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may be able to enable versatile and potentially automated design of antennas which will be 

beneficial for a number of applications including internet of things. 
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 A 3-D-Printed W-Band Slotted Waveguide Array Antenna 

Optimized Using Machine Learning 

   Introduction 

After getting encouraging results for the T-shaped monopole antenna, as described in the 

previous chapter, the application of ML techniques was tested on a more complex problem that 

involved more design parameters in the input space and multiple goals in the performance space. 

We optimized a 3-D printed W-Band slotted waveguide array antenna. As explained earlier, 

additive manufacturing is the technique to create a 3-D physical object with any arbitrary 

configuration directly from digital data in a layer-by-layer fashion [6]. This process is also called 

3D Printing, rapid prototyping (RP), direct digital manufacturing (DDM), layered manufacturing 

or additive fabrication. Compared to the conventional subtractive manufacturing techniques and 

formative manufacturing methodologies, AM has several advantages including the ability to 

realize objects with random shape and complexity, fast digital manufacturing, waste reduction, 

and potentially low cost. These advantages have been utilized in the design and fabrication of 

components such as antenna and lens in the past decade or so [73, 74, 75] in various frequency 

ranges including, microwave and THz frequency range. As discussed earlier, to efficiently use the 

additional design degree of freedom in a new dimension, machine learning (ML) techniques can 

be used because ML techniques are faster and more efficient than conventional simulation tools 

and standard design scheme [65]. Hence, 3-D printing technology combined with ML, is very 

efficient method to optimize complex design such as slotted waveguide array antennas (SWAAs) 

that usually have a significant number of design parameters. Due to its useful properties such as 

the high radiation efficiency, power handling, gain, good reliability and simple geometric structure, 

SWAAs are widely used in many applications including radar and wireless communication [76]. 
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Though SWAA is generally made of dip-brazed metal component that is fabricated using 

expensive precision mechanical machining processes such as CNC, especially for millimeter wave 

(mm-wave) applications, recently, SWAA also has been realized using alternative methods such 

as substrate-integrated waveguide technology and diffusion bonding of laminated thin metal plates 

[77], [78]. These methodologies still suffer from issues including high dielectric loss and 

misalignment in the millimeter-wave region. To overcome these fabrication challenges of 

conventional waveguide components, high-resolution 3-D printing technology combined with 

metallization can be used and this concept has received great attention recently. Though many 

structures like  waveguide structures and horn antennas have earlier been manufactured based on 

3-D printing and are then metal plated or coated but these structures are designed as separate 

disassembled parts to enable proper metal plating. An example of monolithic 3-D printed SWAA 

with electroplating is proposed in [79] where they use non-radiating slots in the structure to allow 

the metal plating without disassembling the structure. However, in this work the highest operating 

frequency reported is 21.7 GHz that provides large enough dimensions for electroplating. In this 

work, a 3-D-printed monolithic 10X 10 SWAA for 78 GHz was built, the design of which was 

optimized using ML technique. The final design of this SWAA is 3-D printed by stereolithography 

(SLA) and coated with silver by jet metal spraying method as shown in Fig. 4.1. The fabricated 

SWAA is measured and analyzed. 

 

Fig. 4.1 Metalized 3-D SWAA for 78 GHz Operation. 
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 Design Methodology 

The wave propagation inside a SWAs can be a standing wave or a traveling-wave and 

based on this classification, it can be recognized either as resonant or non-resonant SWA, 

respectively [80, 81]. The traveling wave (or non-resonant) SWA potentially has a larger 

bandwidth, but it requires a matched terminating load to absorb the wave and prevent it from being 

reflected, which in return reduces its efficiency. It also has the drawback that the main beam 

direction is dependent on the operating frequency. Resonant SWAs have the end of the waveguide 

terminated with a short circuit, which results in a higher efficiency due to no power loss at the 

waveguide end. Also, the main beam is independent of the frequency and is normal to the array 

but this has a narrower operating frequency band. In this work, the SWAA is initially designed by 

following the common design principle as mentioned by Stevenson and Elliot [80]. According to 

this reference, the waveguide end should be short-circuited at a distance of a quarter-guided 

wavelength from the center of the last slot. Also, the inter-slot distance should be one-half of the 

guided wavelength. The dimensions of the rectangular slots should be as follows, the length should 

be about half of the free-space wavelength and the width should be much smaller than wavelength. 

The side lobe level (SLL) for antenna arrays is dependent on excitations of individual elements. 

For SWAs, the excitation of each slot is proportional to its conductance that varies with its 

displacement from the broad face centerline for longitudinal slots in the broad wall of a waveguide 

[82]. Hence, for desired SLL, a suitable set of slots displacements should be determined. Elliott 

[81] has proposed two main equations that are based on Stevenson equations and Babinet’s 

principle, and also rely on Tai’s formula [83]; Oliner’s length adjustment factor [84]; Stegen’s 

assumption of the universality of the resonant slot length [85], to determine the values of the 
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displacement and length for each slot. The details of all parameters are mentioned in next sub-

section. 

 10 –Element Array Design  

A 10-slot waveguide is first designed. The details of simulation setup are illustrated in Fig. 

4.2. This waveguide with 10 radiating slots is simulated in HFSS [28], where the slot length is 

chosen to be half of the free space wavelength (λo/2) corresponding to the operating frequency and 

the separation between each slot is half of the guided wavelength (λg/2). Distance between the 

center of the first slot and the waveguide feed is odd quarters of guided wavelength (λg/4 or 3λg/4) 

and the distance of center of the last slot and the short-circuited waveguide side is also the same. 

 

Fig. 4.2 Design Details of a 10-Slot Array for W-band Application. 

 

 



86 
 

The guided wavelength mentioned above is the distance between two equal phase planes 

along the waveguide. It is mathematically represented by the following formula: 

𝜆
.

    (4.1), 

where, 𝜆 is the free-space wavelength, 𝜆  is the lower cutoff wavelength and 𝑐 is the 

speed of light. The total length of the SWA is 5𝜆 . 

Uniform slot displacements, i.e., when all the slots are at the same distance from the 

centerline causes equal excitation that results in high SLL. To achieve lower SLLs, non-uniform 

slot displacements are designed which is represented by parameter d in Fig. 4.2. In both the 

uniform and non-uniform displacement cases, the slots should be placed around the centerline in 

an alternating order in order to ensure that all slots radiate in phase and hence result in higher 

efficiency of the antenna. The value of the uniform slot displacement that leads to a good reflection 

coefficient is calculated by using the following formula:  

𝑑 arcsin
∗

     (4.2), 

where, N is the number of slots; a and b are waveguide dimensions and equal to 2.54 mm 

and 1.27 mm, respectively. The constant G can be evaluated from the following equation: 

𝐺 2.09 cos 0.464 𝜋 cos 0.464 𝜋    (4.3) 
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(a)                                                                    (b) 

Fig. 4.3 (a) Simulation Setup and Parameter Representation for the Designed 10-Slot Array; (b) 

S11 Performance for Uniform Distribution and Non-Uniform Distribution of Slots in the Array.  

 
(a) 

 
(b) 

 
Fig. 4.4 Realized Gain in (a) 2D (φ=0o) Plane (b) 3D Plane 

The dimensions for non-uniform distribution of these 10 slots in the 10 slot-array are shown 

in Fig. 4.3(a). For non-uniform case, d1 = 0.15 mm, d2 = 0.2 mm, d3 = 0.25 mm, d4 = 0.3 mm, and 
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d5 = 0.35 mm while in uniform case all these values are kept at 0.2 mm. All other dimensions are 

kept constant for a fair comparison between their performances. The comparative reflection 

coefficient (S11) performance is shown in Fig. 4.3(b). The normalized 2D (at φ = 0o plane) realized 

gain and 3-D realized gain for uniform distribution and non-uniform distribution are plotted in Fig. 

4.4(a) and Fig. 4.4(b), respectively. It can be clearly observed from Fig. 4.4 that the non-uniform 

distribution case has approximately 6 dB lower SLL as compared to the uniform distribution case 

while the uniform case has wider bandwidth, as seen in Fig. 4.3(b). Also the realized gain for the 

non-uniform case is 0.5 dB lower than that for the uniform case. 

 10 × 10 Slotted Waveguide Array Design 

Ten such 10-slot waveguides, as mentioned in the previous subsection are placed in parallel 

to form a 100-slotted array. To excite the 10 × 10 slotted waveguide array, a center-fed coupling 

waveguide is designed with 10 coupling slots. Also, for practical feeding structure to be compatible 

with WR-10 standard waveguide, a feeding waveguide with flange is designed. 

In order to facilitate proper metallization, non-radiating slots are employed. The 

performance of SWAA with and without non-radiating slots is analyzed and field distribution is 

shown in Fig. 4.5(a) and Fig. 4.5(b) while the 2D realized gain plot for both cases is plotted in Fig. 

4.5(c). It can be observed that field distribution remains almost the same because the position of 

non-radiating slots is chosen at appropriate locations to have minimum impact on the operation of 

the slotted waveguide array. The main radiation largely remains unchanged for the case when non-

radiating slots are added compared to the case when they are not. The back lobes increase a little 

bit because of the added non-radiation slots on the bottom surface of the waveguide array. 
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(a)                                                                                    (b) 
 

 
                                     (c) 
 

Fig. 4.5 Field Distribution (a) Without Non-Radiating Slot; (b) With Non-Radiating Slots; (c) 

Realized Gain Pattern in E-Plane and H-Plane for the Two Cases. 

The final design parameters for the 10 x 10 slotted waveguide array are shown in Fig. 4.6, 

where the radiating slots are shown in red, non-radiating slots in blue and coupling slots that face 

the W-band waveguide flange are marked in yellow. The total size of this structure is 31 mm X 

31.4 mm X 27.14 mm. The coupling slots are tilted in order to control the current distribution and 

reduce the SLL. These angles are labelled in Fig. 4.6(d). The waveguide flange also has a non-

radiating slot built in that helps in metal plating the inner walls of the flange. This final structure 
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is optimized for 7 parameters: length of the coupling slot (l_couplingslot); length of the radiating 

slot (l_slot); orientation of the coupling slots (θ1 ; θ2 ; θ3 ; θ4 ; θ5). 

 

      
(a)                                                                (b)   

                    
                       (c)                                                                                          (d) 

Fig. 4.6 Complete Design of a 10 X 10 Slotted Waveguide Array at 77 GHz (a) Top View; (b) 

Side View; (c) Bottom View; (d) 3D View. 

 

 Design Optimization with ML 

In this work, lower Side-lobe level (SLL), lower back-lobe level (BLL) and better 

reflection coefficient are targeted. To achieve the design goals, seven design parameters 

(l_couplingslot, l_slot, θ1, θ2, θ3, θ4, θ5) were varied that could possibly affect the performance 

parameters. Optimization of these seven parameters would have been a time-consuming task if 
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done just by EM simulations tool because there are seven parameters to be varied and many distinct 

performance parameters to be optimized. Hence to solve this problem, we use optimization by 

machine learning techniques. The input parameters for machine learning are the seven design 

parameters as mentioned above and the combined output optimization for different metrics that 

were discussed earlier is done by creating the following cost-function. 

Output= {(S11) + (SLL at φ=0) + (BLL at φ=0) + (SLL at φ=90) + (BLL at φ=90)} at 78 GHz 

(4.4) 

The goal is to have lower reflection coefficient value, lower SLL, lower back lobe level in 

both φ = 0 and φ = 90 planes. Hence, we want to minimize the output cost function which is 

mentioned above. For training the machine learning model that can possibly relate the input design 

parameters to output, data is collected by running HFSS simulations. Here the design parameters 

are varied in the following range: 

 l_couplingslot ϵ [2 mm, 2.4 mm]  

 l_slot ϵ [1.6 mm, 1.9 mm] 

 θ1 ϵ [5o, 35o] 

 θ2 ϵ [15o, 45o] 

 θ3 ϵ [5o, 35o] 

 θ4 ϵ [15o, 45o] 

 θ5 ϵ [15o, 45o] 

By varying these parameters randomly in the ranges mentioned above, the S11 and realized 

gain patterns are exported from HFSS model. Then the cost function is evaluated for each design. 

A total of 189 sample points are collected for this work. The data is very non-uniform and hence, 

a non-linear technique (i.e., artificial neural network) is used to find the optimal solution for this 
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problem. In this neural network, MLPs structure is chosen and trained with the Levenberg–

Marquardt algorithm [46], which provides fast learning and good convergence. The MLP structure 

basically consists of three layers, namely, input layer, output layer, and a hidden layer. For this 

design problem, the input layer consists of seven design parameters that include length as well as 

orientation angle of the coupling slots (l_couplingslot, θ1, θ2, θ3, θ4, θ5) and length of the radiating 

slots (l_slot). The data collected from HFSS simulation is divided into three parts in the following 

ratio: 

 70% of data is used for training, and  

 15% each is used for testing and validation, respectively.  

The hidden layer of this network model consists of 10 hidden nodes, and the output layer 

consists of a single node that is defined as the sum of S11, SLL and back lobe level at 78 GHz. The 

steps followed here for ANN modeling are similar to steps mentioned in Section 3.2.2 with a few 

modifications as mentioned below: 

1) In step 1 mentioned in Section 3.3.2, save the input data from training database as one variable 

and the calculated output for each sample as another variable. 

2) Select the number of hidden neurons as 10 during the step 5. 

3) Apply ‘Retrain’ in step 6 until appropriate R-value has been obtained. 

 Once the final ANN model has been obtained, the value of output is estimated for all 

possible combinations of the seven design parameters on a much finer scale, but their range 

remains the same as that in the database.  The ANN model for given case is shown in Fig. 4.7. 
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Fig. 4.7 Artificial Neural Network Representation for Optimization of the Proposed Structure. 

 
After training the model, the R- value for each of the testing, training and validation data 

were checked and is shown in Fig. 4.8. As mentioned in the previous chapter, these are the 

regression plots that display the estimated outputs (network-output) with respect to the output 

values present in the training, validation, and test sets (target output). For fitting to be considered 

as a perfect fit, the data should align along a 45 degree line, which is an indicator that the network 

outputs are equal to the targets. This model could achieve R- value close to 81% and was 

considered for predicting the behavior that related input design parameter behavior to output 

performance (which in this case is the value obtained from equation (4.4)). This is the behavioral 

model that is further used for estimation of the output at new sample points and finally choose 

optimized design parameter values. 
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                                    (a)                                                                  (b) 

               

                                  (c)                                                                   (d)     

Fig. 4.8 Fitting Plots for (a) Training Data (b) Validation Data (c) Testing Data (d) All Data. 
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                                         (a)                                                                          (b) 

 

                                                    (c)                                                       

Fig. 4.9 Final Simulation Results for (a) Reflection Coefficient (b) 2D Realized Gain Pattern in 

E-Plane and H-Plane (c) 3D Realized Gain Pattern. 

Each HFSS simulation for this structure takes nearly 10 minutes while we collect the 

training database. But once this training data has been collected, it takes only a few seconds to 

estimate the performance at 336,140 design points. Finally, the set of design parameter values that 

give minimum estimated output value is searched. The final optimized values of the design 

parameters obtained after conducting this analysis are as follows: l_couplingslot = 2.3 mm, θ1 = 

80◦, θ2 = 60◦, θ3 = 85◦, θ4 = 45◦, θ5 = 55◦, and l_slot = 1.8 mm. The final simulation results that are 
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obtained after neural network optimization are shown in Fig. 4.9 below, where Fig. 4.9(a) shows 

the S11 response with respect to frequency, Fig. 4.9(b) shows the normalized gain plot in the E-

plane and H-pane, and Fig. 4.9(c) shows the 3D realized gain pattern plot.  The final model is able 

to achieve a -10dB bandwidth of 600 MHz, -16.4 dB side lobe level in E-plane and -23.8 dB side 

lobe level in H-plane. The realized gain obtained for this design is 24.4 dB and the Half Power 

Beam width (HPBW) is 8o with a directive radiation pattern of pencil beam-shape. 

 
 SWAA Fabrication and Measured Results 

 SLA 3-D Printing 

 
                    (a)                                                           (b)                                                          (c) 
 

Fig. 4.10 SLA Printed SWAA (a) Top View (b) Bottom View (c) Side View. 

After optimized design parameters using ANN analysis have been obtained, the final 

design is printed in one shot without any disassembly by using a commercial SLA 3-D printer, 

Form2 from Formlabs using a black photo-reactive resin that has heat deflection temperature of 

73.1°C, with some supporting structure, as shown in Fig. 4.10(c). If a resin which has higher heat-

deflection temperature of 289°C, is used, then it can handle higher power. The 3-D printable resin 

used here is resistant to chemical reactions that the printed structure faces at the later metallization 
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stage. Next, to remove the extra resin from surface, the 3-D-printed structure is first washed with 

isopropyl alcohol and then cured with UV light for few minutes. After the curing process is 

complete, the supporting structure is removed manually to obtain the final printed SWAA structure, 

as shown in Fig. 4.10(a) and Fig. 4.10(b). 

 

 Jet Metal Spraying Metallization 

Next, the 3-D-printed SWAA is then metallized by Jet Metal Technologies [86]. This 

metallization process uses painting apparatus to spray two aqueous-based solutions simultaneously 

onto the substrate at an ambient pressure and temperature that leads to a chemical reaction, and 

thus forms a metal layer onto the substrate. The reducing and oxidizing agents are simultaneously 

sprayed onto the substrate surface using compressed air and a double-nozzle spraying paint gun, 

as shown in Fig. 4.11, which starts an oxidation–reduction reaction and instantly forms a thin layer 

of metal. As the reaction speed is well known at specific temperatures, the metal-thickness can be 

controlled by regulating the amount of time for which surface is exposed to metal-spraying, and 

by using this technique, metal thickness ranging from 20 nm to 7–10 μm can be achieved. The 

proposed SWAA is coated with silver metal with the layer thickness of 1 μm, whose measured 

surface resistance is 0.02 Ω/sq. Once the required amount of metal thickness has been obtained, 

deionized water is sprayed onto the surface of the structure to stop all chemical reactions. Then 

the substrate is dried-up by using compressed air. Hence, there is no need for a curing step [87]. 

Fig. 4.12(a), Fig. 4.12(b), and Fig. 4.12(c), show the sized, front and back view of the final 

structure obtained after silver metallization. The microscopic view shown inset in the Fig. 4.12(b), 

clearly shows the well-coated inner and outer surfaces. 
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Fig. 4.11 Jet Metal Spraying Metallization Method (Source: [86]). 

 
 
 
 

 
                             (a)                                                (b)                                                (c) 
 
Fig. 4.12 Metalized SWAA: (a) Side View (b) Front View (with Zoomed-in Image Inset) and (c) 

Back View. 

 Surface-Roughness Analysis 

 
As mentioned in [88], the primary source of performance limitation in millimeter-wave 

components is the surface roughness of 3-D-printed structures. Hence to have accurate antenna 

performance analysis, the 2-D surface roughness profiles of three 3-D-printed and metallized 
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samples are measured using Veeco Dektak 150 profilometer with a resolution of 0.55 μm, as 

shown in Fig. 4.13(a). From the measurement analysis, the RMS surface-roughness values (RRMS) 

for each of these three samples are found to be 9.9, 14.4 and 9.5 μm. In order to estimate the impact 

of surface roughness, the modified Huray model (that uses conducting spheres which are stacked 

on a flat conductor surface into pyramid like mounds, also known as the “cannon-ball” model) is 

applied as shown in Fig. 4.13(b) [89], [90]. Key parameters, such as surface area of the profile, 

radius of the spheres and Hall–Huray factor, are calculated by using 11 snowballs’ model from the 

measured RRMS. For example, when RRMS value is equal to 10 μm, the radius of the sphere and the 

Hall–Huray factor are found to be 1.9 and 5.3 μm, respectively.  

The simulated S11 characteristic and peak realized gain for various values of RRMS for the 

proposed SWAA design are shown in Fig. 4.13(b) and (c). We can be observe from these figures 

that the reflection coefficient is very similar at 78 GHz, although the resonance frequency slightly 

shifts after the incorporation of surface roughness into the model. Also, the peak gain becomes 

lower by a value of 2.4 dB due to the additional conductive loss which is incorporated after 

considering the surface roughness in the model. The amount of loss does not increase much when 

RRMS increases beyond 10 μm. Due to incorporation of surface roughness into simulation model, 

the peak realized gain obtained in simulation is closer to the measured results. It should be be noted 

that in all the simulations we considered the measured dc conductivity of metallized Ag (using 4-

points probe method) to be 5.9e07 Siemens/m. 
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         (a)                                                                               (b) 
 

       
                                  (c)                                                                            (d) 

Fig. 4.13 (a) Measurement Setup and (b) Measured 2-D Surface-Roughness Profile of Three 

Metallized Samples using Veeco Dektak 150 Surface Profilometer and Simulation Results 

Incorporating Practical Parameters, such as Conductivity and Surface Roughness: Simulated (c) 

S11. (d) Peak Realized Gain by Considering various RMS Surface Roughness Values (RRMS) in 

the Proposed Design using Modified Huray Model (Cannon-Ball Model). 

 Measurement Results 

To measure the fabricated SWAA in W-band, an Agilent E8361A vector network analyzer 

with N5260A (mm-wave controller) and V10VNA2 (WR-10 frequency extension modules) were 

used. For calibrating the gain value, a W-band standard gain horn antenna was also used in this 

setup. Fig. 4.14(a) shows the measurement setup used where the test antenna is connected to WR-
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10 waveguide for measurement. Fig. 4.14(b) shows the comparison between simulation and 

measurement of S11 with respect to frequency.  

 
                                                                            (a) 

  
(b)                                                        (c)  

Fig. 4.14 Comparison of the Measured and Simulated Results of the Proposed SWAA: (a) 

Measurement Setup where the Test Antenna is Connected to WR-10 Waveguide; (B) S11 

Characteristics. (c) Far-Field Radiation Gain Patter. 
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As can be observed from this figure, the measured resonance frequency shifts slightly from 

the simulated 78 GHz to 78.68 GHz. The measured S11 value at the resonance is about –18 dB.  

From Fig. 4.14(c), that shows simulation and measurement results of far field 2D gain-patterns in 

E-plane and H-plane, it can be observed that 22.5 dBi gain, –13.5 dB SLL and 10° HPBW are 

obtained at the resonance frequency.  

The discrepancies between simulation and measurement values of the resonance frequency 

and gain may be attributed to the slight bending of the structure, as shown in Fig. 4.15(a). This 

bending is caused by the SLA 3-D printing direction, as shown in Fig. 4.15(b). For example, when 

the antenna is 3-D printed in the layer by layer manner from top to bottom, some resins may drip 

to the bottom, and get cured till the printing job is over, which can make the structure thicker at 

one end. This can cause some non-uniformity in the printed structure. Another possible reason can 

be the flaming process, which is applied during the pretreatment of the printed parts before 

metallization, to increase surface tension and the coating adhesion for homogeneous silver coating. 

Nevertheless, the measurement results follows the same overall trend as that of the simulation 

results. 

                    
                                   (a)                                                              (b) 

Fig. 4.15 (a) Slight Bend Observed in the 3D Printed Structure (b) Print Direction in the SLA 3D 

Printer. 
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 Conclusion 

Table III. Comparison of Proposed SWAA with Earlier Works 

Reference Frequency Gain SLL 
Aperture 

Efficiency 

[91] 77GHz 25dBi -15dB 62% 

[92] 77GHz 24.5dBi -10dB 67% 

[93] 76.7GHz 31dB -29dB NA 

[94] 77GHz 16dBi -15dB NA 

[95] 79GHz 11.1dBi -15dB 78% 

[96] 90.2GHz 15.7 dBi -12dB 74.20% 

[97] 93GHz 14dBi -27dB NA 

[98] 77GHz 15dBi -15dB 70% 

This work 78GHz 24.3dBi -19.3dB 66% 

 
A comparative analysis of the proposed structure with previous SWAAs is listed in Table 

III. In [91], a substrate-integrated waveguide (SIW) antenna array is presented which has 25dBi 

gain and -15dB SLL. Another SIW-based antenna is presented in [95], that works at 79 GHz and 
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provides 11dBi of gain and -15 dB SLL with the aperture efficiency of 78%; in [96] a planar W-

band array antenna backed by a SIW cavity is presented and it provides 15.7 dBi of gain and -12 

dB SLL; and in [98] an antenna array that uses slot antenna sub-arrays excited from either side by 

two underneath located SIWs of different widths is presented and this antenna system is able to 

achieve gain of 15 dBi and SLL of -15 dB. Though these antennas provide good radiation 

efficiency because of their compact structure but these antenna designs generally involve a 

complex feeding and fabrication mechanism. In [92], a 77 GHz slot array antenna with a single-

mode post-wall waveguide is designed that provides a little higher gain than the proposed antenna 

structure but also has comparatively higher SLL of -10 dB.  Though [93] provides quite high gain 

and low SLL, but this three-beam antenna has a complex feeding structure. In [97], a SWA antenna 

based on 3-D print technology has been presented but its performance at its operating frequency 

is comparatively not as good as the proposed antenna. Hence, most of these structures either have 

high SLL as compared to the proposed structure or the structures which have lower SLL as 

compared to the proposed structure either have lower gain or are not monolithically printed. 

 
In this work, a W-band 10 × 10 SWAA optimized using ML and 3-D printed monolithically 

is reported.  Since, the optimization case involved in this structure included more number of 

parameters and the response variable is quite non-linear, we used Artificial Neural Network as the 

ML technique in this work. The structure designed with non-radiating slots on the waveguide 

surfaces that facilitates proper metallization of the 3D printed structure, without performance 

degradation. The SLA 3-D printing technique is used for fabricating this structure as it offers 

lightweight rapid prototyping / manufacturing with relatively low cost. Finally, the 3D-printed 

waveguide structure is coated by JetMetal technologies using a silver-spraying method at room 

temperature which provides good conductivity and is also compatible with the SLA printing 
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method. Surface roughness is an important factor that contributes majorly to the losses in the 

SWAA and to incorporate these loses, modified Huray model (Cannon-ball model) is adopted. The 

final fabricated structure is able to achieve 22.5 dBi gain, –13.5 dB SLL and 10° HPBW. A 

possible solution to improve these results further is to improve its surface roughness by 

incorporating post processing such as mechanical polishing and chemical polishing. These steps 

can be incorporated in the future work to improve the performance of the antenna. 
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 Machine Learning Techniques-based Modeling and Optimization 

of Antennas 

 Introduction 

In the previous chapters, Machine Learning (ML) techniques gave quite good optimization 

results. This optimization can be improved further if we use ML techniques for modeling of 

complete performance curve and then use these curves for the optimization of antenna. Here the 

term ‘modeling’ refers to prediction of any performance curve (e.g., reflection coefficient w.r.t. 

frequency, gain plots in a given plane, etc.) for a given design of antenna with particular set of 

design parameters. And the term ‘optimization’ refers to searching value of the design parameters 

that can give optimized results for a particular goal (e.g., specific frequency band of operation, 

maximum gain, minimum side lobe level etc.). In this chapter, we suggest to use ML techniques, 

first for modeling and once we have a behavioral model that can predict the output performance 

curve for any given design parameter set, then use this behavioral model for optimizing the antenna 

design, as per the required goal, using an appropriate optimization methodology. In this work, we 

have used box-constrained optimization on the behavioral models obtained from ML modeling. 

In this chapter, we demonstrate the proposed ML techniques-based modeling and 

optimization methodology on two antenna examples. First, as the preliminary study of the 

proposed methodology, we apply a popular ML technique, Gaussian Process (GP) for modeling 

of the reflection coefficient curve with respect to frequency for a planar patch antenna when its 

shape changes from square to circular. For this case, we model S11 with respect to 201 frequency 

points in the range of 4.5 to 6.5 GHz for 21 designs of patch antenna. In the second antenna example, 

we apply GP method and Artificial Neural Network (ANN) method for modeling of gain response with 

respect to dielectric distribution when a monopole antenna is loaded with 3D-printed dielectric material. 
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Further, we use the behavioral model predicted by each of the ML technique for optimization for 

different sets of design goals. Recently researchers have also started exploring heuristic techniques 

such as genetic algorithms, [99]- [100], surrogate modeling [101] [102] [103] [104], particle 

swarm optimization [105, 106, 107] etc., for optimizing complex antenna structures and such 

works have been reported in [99]- [107]. But these algorithms search for the optimal solution by 

analyzing the output on individual data points and generating new and possibly better search 

directions until a global maxima or minima is identified. On the other hand, machine learning (ML) 

refers to all techniques and optimization algorithms of analyzing the data and finding the hidden 

mathematical relation in data such that we can relate the input behavior to the output behavior and 

make future predictions or decisions using this relationship. The main advantage of using the 

proposed method of first modeling using ML techniques and then applying optimization is, once 

we have the relational model, we can predict the output for any data point rather than just aiming 

for global optimal and minima points only. This property is very beneficial when we want to use 

the same data set for multiple different goals.  

We explore the abovementioned benefits of the optimization method proposed above in 

the second antenna problem, where we compare the performance of the proposed methodology 

with heuristic optimization techniques by using a reference antenna problem of monopole antenna 

loaded with dielectric material in order to modify its radiation pattern. We make this comparison 

for multiple goals. This referred antenna optimization was earlier conducted by a previous member 

of MWCA lab, where the dielectric loading around monopole antenna was optimized in order to 

obtain three different goals: single beam; two beam and three beam radiation pattern using genetic 

algorithm optimization. In this work, we aim to achieve similar goals by using ML techniques 

instead, which use same set of training data for all the three goals.  
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Section 5.2 describes ML techniques based modeling for the first example that includes 

modeling of S11 curve with respect to frequency for a planar patch antenna, when its shape changes 

from square to circular. For this work, we use GP technique. The successful results from this 

example, motivated us to apply GP technique for a more complex antenna example that involves 

modeling of gain pattern of a monopole antenna when it is loaded with dielectric material. The 

details about this example are described in further sections. In Section 5.3, the design procedure 

involved for dielectric loading around monopole antenna is explained. Next, the details about the 

model setup used for optimization using the proposed methodology and for optimization using the 

genetic algorithm is explained in Section 5.4. We have used two ML techniques in this work for 

modeling, namely, GP and ANN. In Section 5.5, a comparative analysis of ML model-based 

optimization with respect to genetic algorithm-based optimization is presented. In Section 5.6, the 

details for design realized using the structure estimated by GP-based optimization are reported. 

The fabrication methodology for building one of the prototypes is explained in Section 5.7 and 

measurement results for the prototype are also included in the same section. Finally, the conclusion 

of this work is presented in Section 5.8. 

 ML-based Modeling for a Planar Patch Antenna  

As the first example to demonstrate modeling by ML techniques, we choose a simple patch 

antenna, that changes its shape from square to circular by chamfering the edges of the patch (which 

is modeled as image input) and we model its reflection coefficient (S11) performance with respect 

to frequency from 5.5 GHz to 6.5 GHz at 201 frequency points (which is modeled as the output). 

The design details of the referred example are shown in Fig. 5.1, where Fig. 5.1(a) and (b) shows 

square-shape patch antenna (used as design number 1). This design is monotonically morphed by 
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chamfering the edges, with design number nomenclature represented in Fig. 5.1(c) into circular-

shape patch (used as design number 21), details of which are shown in Fig. 5.1(d) and (e). 

 
                (a)                                                                          (b) 

 
(c) 

 
                                  (d)                                                                         (e) 

Fig. 5.1 Details of the Structure Used for Collecting Data as First Example for ML-Based 

Modeling: (a) Top and (b) Side View of Patch Antenna Structure Used as Design #1, which is a 

Perfect Square Shape; (c) Monotonically Morphing The Patch Shape From Square To Circle By 

Chamfering the Edges; (d) Top and (e) Side View of Patch Antenna Structure Used as Design 

#21, which is Perfect Circular Shape. 
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For this work, we got 21 patch shapes as training sets simulated by using Matlab Antenna 

Toolbox. We use GP technique for modeling in this work. The shape of the patch corresponds to 

our GP model input. Associated with them are 21 S11 curves as GP model output. Leave-one out 

cross validation strategy is carried out on the prediction of samples 2nd to 20th, where in each turn 

one of those 19 samples is treated as test set, while the remaining 20 samples are considered as 

training set. We always consider 1st and 21st design sample in our training data. In this way, total 

of 19 predictions thus are made. For the S11 curves, we model individual GP at each frequency 

point where they have been sampled. In our case, there are 201 sample locations corresponding to 

each frequency point in the range of 4.5 GHz to 6.5 GHz.  

            
(a 
                                            (a)                                                                       (b) 

 

 
© 

 

(c 

                                                                          (c) 

Fig. 5.2 GP-Modeling Based Predicted (in Black-Dashed) and Simulated (in Solid Red) S11 

Curves for (a) Design #6, (b) Design #10 and (c) Design #14 for Patch Antenna Example. 
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The GP-modeling based predicted and simulated S11 curve for patch antenna of design 

number 6, 10 and 14 are shown in Fig. 5.2(a), (b) and (c) respectively. The black-dashed line shows 

the predicted results and red solid line shows the simulation results. As can be observed from this 

figure, the prediction results are close to the simulation results and this proves the accuracy of GP-

based modeling for this antenna example. Hence, we use this GP-based model to a more complex 

antenna example that involves larger dimensions both in input and output design space. 

 
 ML-based Modeling for Monopole Loaded with Dielectric Material 

To further demonstrate the benefits of machine learning techniques, we use another antenna 

example that involves a monopole antenna loaded with dielectric blocks around it. Dielectric 

loading around an antenna can fully reshape the antenna radiation patterns. And with availability 

of advanced 3D-printing technology these days, flexibility to design different shapes and complex 

structures easily and precisely has been enabled. However, to completely explore this flexibility 

offered by 3D-printing the optimization in even further domain becomes even more complex. As 

a solution to this, many optimization techniques have been studied by antenna researchers which 

mostly involve heuristic techniques such as particle swarm optimization, genetic algorithm, etc. 

One such technique has been implemented in the past by a member of MWCA lab as well. In [32], 

a quarter-wavelength monopole antenna on a finite ground plane and surrounded by dielectric 

blocks was optimized using genetic algorithms. The goal of this optimization was to find the 

dielectric loading profile around monopole antenna for changing the antenna radiation pattern from 

an omnidirectional shape to many other shapes, including one-beam and multiple-beam shapes. 

The dielectric inhomogeneity was then implemented experimentally by 3D printing technology. 

The electromagnetic wave propagation manipulation is attained by altering the dielectric constant 

distribution and thus the refractive index distribution along the propagation path. For a regular 
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quarter-wavelength monopole antenna on a finite ground plane in the air, the dielectric constant 

around it is 1 and the radiation pattern is omnidirectional. To control the antenna radiation pattern, 

the surrounding dielectric around the antenna is discretized to blocks with inhomogeneous 

dielectric constant distribution.  

For demonstrating the effectiveness of machine learning techniques, we use the same 

antenna optimization problem as it involves large number of input and output parameters, and also 

involves optimization for different goals. In the following sections, the complete model setup used 

for data collection in this work and the unit cell model for implementing the optimized structure 

into a realistic model is explained. 

 HFSS Setup for the Referred Antenna Example 

An ANSYS HFSSTM model for this case, is built as shown Fig. 5.3. 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. The monopole has a 0.5 mm diameter and a 5 mm height. It is surrounded 

by 36 (6 × 6) unit dielectric cells. Each unit cell is designed to have a maximum size of 6.67 mm 

× 6.67 mm × 6.67 mm, corresponding to 0.33 𝜆  at 15 GHz. The overall 6 × 6 array size is a trade-

off between the effectiveness of the radiation pattern control and compactness of the antenna.  

 
Fig. 5.3 HFSS Model of a Monopole Surrounded by Inhomogeneous Blocks. 
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For training the ML-model, we collect data using the HFSS setup that is described in the 

previous paragraph. While collecting this data, the εr for each block varies from 1.1 to 2.3 with a 

discretization step of 0.4. To simplify the optimization, one-plane symmetry across left and right-

half around the monopole is used, hence the input space consists of 18 parameters 𝜖 , 𝜖 … , 𝜖 . 

The data is collected by random sampling in the input space. In theory, a monopole antenna 

achieves maximal radiation at the elevation angle of θ = 90°. Nevertheless, when the finite ground 

is taken into consideration, the maximal radiation direction shifts to around θ = 60° [108]. As a 

result, our radiation pattern optimization is carried out at θ = 60° for simplicity. Therefore, while 

collecting training data, for every set of 18 values for each of the dielectric blocks (as shown in 

Fig. 5.4), the realized gain vs φ is exported and the value of gain from φ = 0o to φ = 180 o with a 

step size of 1o is recorded, as the gain in the remaining φ variations (i.e., φ=181o to 360o) is the 

same as the other half because of one-plane symmetry in dielectric distribution. In short, each 

sample point in the training data consists of 18 parameters in the input space, representing the 

dielectric constant values of each block and 181 gain values for each of the φ variation from 0o to 

180o in the output space. In this way, 1050 sample points are collected for training each of the ML 

model. 

 

Fig. 5.4 Top View of the Layout with Dielectric Distribution Parameter Description. 
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 Unit Cell Design for Dielectric Constant Extraction  

The setup used to analyze dielectric blocks and further relate dielectric constant value to 

block size using HFSS is shown in Fig. 5.5. A polymer cube with its supporting rods is placed in 

a waveguide. PEC and PMC boundaries are used to set up the periodic structure. From the S 

parameter simulation of the waveguide and applying the extraction method (explained in next 

subsection), the effective permittivity of the unit cell can be extracted for different polymer cube 

size from 0 to 6.67 mm. The unit cell has a size of 6.67 mm × 6.67 mm × 6.67 mm. This polymer 

part consists of a dielectric cube with a variable dimension b. By changing b, effective dielectric 

constants can be varied to be from 1 to 2.7. The size of complete structure is 40 mm × 40 mm × 

6.67 mm. There is one-plane symmetry along the x-axis. Each block is linked with another block 

with connecting rods. The size of these rods are 0.8 mm × 0.8 mm × 6.67 mm and these rods run 

through each dielectric block. The size is chosen so in order to have minimum effect on effective 

dielectric constant of each block. The method used for mapping the size of block with the dielectric 

constant is explained in the following sub-section. 

 
Fig. 5.5 A Unit Cell of Size 6.67 × 6.67 × 6.67 mm3 in HFSS Simulation Model. Each Unit Cell 

Contains a Polymer Cube and is Mechanically Connected by Thin Polymer Pillars with a Cross 

Section of 0.8 mm × 0.8 mm to its Adjacent Unit Cells. 
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 Nicolson–Ross–Weir (NRW) Method  
 

For extracting the dielectric constant values from S-parameters that are obtained by 

conducting unit cell analysis as explained above, we use Nicolson–Ross–Weir (NRW) Method 

[109].  In this section the details about this method are explained. Consider a dielectric block which 

has a relative permittivity of εr and relative permeability 𝜇r and is kept in free space, as shown in 

Fig. 5.6.  

 

Fig. 5.6 A Plane Wave going through a Dielectric Block Sample (Source: [110]) 

Here, the thickness of the dielectric block is represented by ‘d’ , which is less than a quarter 

wavelength. The intrinsic impedance of the dielectric block can be calculated as below:  

       𝜂 ∙ 𝜂                                                       (5.1) 

where 𝜂  = 377  is the intrinsic impedance of the free space. When a wave is incident on this 

block from left to right, the reflection coefficient at the left interface can be obtained using the 

following equation:  

 Γ
⁄

⁄
     (5.2) 

And the transmission coefficient between the two faces can be obtained using: 

d

E

k

H

εr , 𝜇r
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 𝑧 𝑒 𝑒 √  (5.3) 

As a result, the S-parameters of the slab can be written as below [109]: 

𝑆
1 Γ 𝑧

1 Γ 𝑧
 

𝑆
1 𝑧 Γ
1 Γ 𝑧

 

           (5.4) 

If we define parameters 𝑉 , 𝑉  and X as described below: 

𝑉 𝑆 𝑆  

𝑉 𝑆 𝑆  

 X  (5.5) 

then, we can calculate Γ 𝜇 , 𝜀  and 𝑧 𝜇 , 𝜀  from the S-parameters as 

 Γ 𝜇 , 𝜀 𝑋 √𝑋 1 (5.6) 

Where, the sign is chosen so that |Γ | 1, and 

 z 𝜇 , 𝜀  (5.7) 

Using equation  (5.2) and (5.4), we can define 

 𝑐  (5.8) 

 𝜇 𝜀 ln 𝑐  (5.9) 

And using equation (5.8) and (5.9), the two unknowns, 𝜇 , 𝜀  can be calculated  

 𝜇 √𝑐 𝑐  (5.10) 

 𝜀  (5.11) 



117 
 

However, most of the 3D-printed materials are non-magnetic and thus their relative 

permeability is unity. By setting 𝜇 1, we can simplify and improve the accuracy of εr (dielectric 

constant) calculation, that leads to a slightly different method. In this method, 𝜇r is set equal to 

unity and only S21 is used for extraction of εr and tan 𝛿. The reason is that S11 measurement may 

experience a larger relative uncertainty in both simulation and experiment because S11 is usually 

very small. In contrast, S21 is more reliable in terms of relative uncertainty.  

 Effective permittivity based on the polymer filling ratio and fitting function 
 

 Alternatively, the effective permittivity may also be estimated based on the polymer filling 

ratio f using  

εr= εpꞏf+1ꞏ(1-f),                                                (5.12), 

where εr is the effective relative permittivity of the unit cell, and εp is the relative permittivity of 

the polymer material [111]. It can be seen in Table IV that the effective permittivity extracted from 

the HFSS simulation and calculated from the filling ratio using Eq. 5.18 agrees well when the 

polymer cube size is small, but differs somewhat for larger cube sizes. In order to determine the 

required cube size for the desired permittivity, an exponential fitting was applied to the extracted 

results from HFSS simulation. As shown in Fig. 5.7, the black curve is the effective permittivity 

extracted from the S-parameter results of HFSS simulation; the red curve is the exponential fitting 

of the extracted results; and the blue curve is the approximated average permittivity calculated by 

Eq. 5.18. After this curve fitting, the spatial polymer cube size distribution is then obtained from 

the desired permittivity using the fitted exponential function: 

𝑏 4.13𝑒 . 118.6𝑒 .                                        (5.13), 

in which 𝑏 is the polymer cube size and 𝜀  is the desired permittivity. Fig. 5.7 shows the final 

design curve (red) plotting the effective medium dielectric constant as a function of the cube 
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dimension b calculated from this fitting function. It should be noted that although the model shown 

in Fig. 5.5 is for the x polarization, due to the cubic symmetry of the unit cell structure, the unit 

cells have isotropic properties and behave the same for all polarizations. The extracted results are 

shown in Table IV.  

 
Fig. 5.7 The Effective Dielectric Constant of Unit Cells of Different Polymer Cube Size, using S-

Parameters from HFSS, Filling Ratio Method And Fitted Values. 

 
Table IV Dielectric Constant (εr) Extracted from S-Parameters and Estimated using Filling 

Factor  

Cube size (mm) 2.1 2.5 3 3.5 4 4.5 5 5.5 6 6.3 6.5 6.67 

εr from S- 
parameters 

1.05 1.07 1.12 1.19 1.27 1.39 1.57 1.77 2.04 2.31 2.47 2.65 

εr using filling 
factor 

1.05 1.08 1.15 1.24 1.36 1.52 1.71 1.95 2.23 2.43 2.57 2.7 
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 Setup for Modeling and Optimization 

For the referred example of monopole antenna loaded with dielectric material, we optimize 

the dielectric loading to modify its radiation pattern, and the steps involved in this optimization, 

the goals for which these optimizations were done, and the related details are described in the 

following sub-sections. 

 Details about ML-based modeling and further optimization  

In our numerical experiment, 1050 sample points are collected randomly by varying the 

dielectric constant of the 18 dielectric blocks. These sample points are simulated using ANSYS 

high frequency structure simulator (HFSS) [28] and corresponding S11 and realized gain pattern in 

the θ = 60o direction are extracted from each of these simulations. Using ML technique, a 

behavioral model relating the input design parameters (εr value of each of the 18 dielectric blocks) 

to the output performance (gain) is obtained, which can be mathematically represented as: 

𝑓 𝜖 , 𝜖 … , 𝜖 𝐺𝑎𝑖𝑛  𝜑                                                     (5.14), 

where, j =  0o, 1o, 2o…,180o corresponds to each variation of 𝜑 angle. It should be noted that the 

gain values collected and used for modeling are on linear-scale rather than dBi-scale because, we 

want to avoid the modeling accuracy to get affected by extremely low values of gain in dBi scale.  

Once we build up the ML model that can relate dielectric block values with the gain 

performance, we further use this model for optimization in order to achieve three different goals 

that are single-beam, two-beam and three-beam gain patterns. While collecting the sample points, 

these parameters (𝜖1 to 𝜖18) take values within the following range of sample space, 1.1, 1.5,

1.9, 2.3 . From the ML model, the output values of gain are processed according to the fitness 

function defined as per the required goal. The fitness function for each goal is defined as follows:  

1. For goal 1: Single-beam pattern:  
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fitness1 = G(θ, φ1) − max G(θ, φ2), where θ = 60°, φ1 = 0°, φ2 ∈ {60°–180°}                    (5.15) 

By defining the fitness value in this way, we aim to obtain single-beam pattern that has 

maximum gain in φ=0° direction and the back-lobes that may generate in 60°–180° range of φ are 

suppressed by the second part of this equation that minimizes maximum possible gain in the 

undesirable region.  

2.  For goal 2: Two-beam pattern: 

fitness2 = G(θ, φ1) − max G(θ, φ2), where θ = 60°, φ1 = 60°, φ2 ∈ {0, 90°–180°}               (5.16) 

The above mentioned definition of fitness function targets for two-beam pattern with the 

gain maxima directing towards φ = 60° and suppreses the gain to minimum possible value in order 

to have null in φ = 0 and 90°–180° range. Because of symmetry of the design structure, the pattern 

will also have maxima in φ = 240° and hence, maxima in φ = 60° and φ = 240° will lead to two-

beam pattern. 

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°}                         

(5.17) 

Using the definition of fitness function as defined above, we aim to achieve three-beam 

pattern by maximizing even the minimum possible value of gain in φ = 30° and φ = 180° direction 

and suppressing the gain in φ = 0° and φ = 90°-140°.  This ultimately provides three-beam pattern 

with gain maxima in φ = 30°, φ = 180°, and φ = 210° because of the symmetry of the design 

structure. 

Once, these fitness values are extracted from ML models, we proceed for optimizing the 

design in order to obtain design parameters. This optimization is done using box-constrained 

method is conducted to find final design parameters that can potentially provide best set of values 
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for design parameters to achieve the required goal.  Mathematically, a box-constrained 

minimization is the method of finding a vector x that is a minima point to a scalar function f x  

subject to constraints on the allowable x, i.e. 

                                                            min 𝑓 𝑥                                                                             (5.24) 

subject to the following conditions:   l ≤ x ≤ u, where l and u are lower and upper limits of the 

vector x. To implement this fmincon function [112] of Matlab is used. The complete process of 

ML-inspired optimization setup used in this and as explained above has been summarized briefly 

in the flowchart shown in Fig. 5.8. 

 

 

Fig. 5.8 Flowchart Representing the Optimization Setup used in this Work. 

 Details about Optimization using Genetic Algorithm 

Optimization of this model is also conducted using genetic algorithm based optimization 

method. To have a fair comparison with this work, we use the same monopole height, ground plane 

dimensions and dielectric-loading variation as mentioned earlier in this chapter. Similar study of 

using genetic algorithm based optimization had been conducted earlier by a previous group 

member in [32]. However, instead of using 10 х 10 blocks of dielectric with 2-fold symmetry 
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around monopole antenna, we instead load the antenna with 6 х 6 dielectric blocks with single fold 

symmetry. The performance of the proposed methodology is compared with Genetic Algorithm 

by predicting the dielectric distribution map for all the three goals mentioned earlier, i.e., single-

lobe, two-lobe and three-lobe radiation pattern by applying the proposed ML technique. To obtain 

the desired antenna radiation pattern, the dielectric constant distribution needs to be calculated first. 

This is achieved by controlling the ANSYS HFSS simulator using Matlab. The dielectric constant 

distribution, as chromosomes in the GA, is optimized to achieve the desired antenna radiation 

pattern. In the GA, the population size is chosen as 3 for the parallel HFSS simulation consideration. 

For a computer with Intel Xeon CPU E5607 @2.27 GHz dual processor 192 GB RAM, 64-bit 

operating system, running 3 HFSS simulations simultaneously takes about half an hour to finish 

the simulation of one generation (3 individuals). The dielectric constant of each unit cell is treated 

as a chromosome and has a mutation rate of 0.1. The best two candidates among all individuals 

will be selected and recombined by crossover to get the new generation. The one-point crossover 

method is employed in the optimization process. There are 36 chromosomes in total because of 

the 6 × 6 dielectric blocks in the design space. Therefore, during each crossover operation, a 

random two-dimensional point (x, y) is generated as the crossover boundary. One parent offers 

gene before the point 𝑥, 𝑦  and the other parent offers gene after the point 𝑥,𝑦 . Generation by 

generation, the genes of the best individuals are kept and the optimized solution is found. 

In summary, the GA optimization problems are defined as follows: 

 Objective function: fitness value as large as possible (stop the optimization process when there 

is no significant improvement, e.g., Δ fitness < 0.3 after tens of generations) 

 Constraints: a εr range of 1.1-2.3 with a discretization step of 0.4   

 Crossover probability and method: 100%; one-point crossover 
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 Mutation probability: 0.1 

 Mutation type: generating a random εr  

 Modeling and Optimization Results for Monopole Loaded with Dielectric Material 

In this work, we have used two ML techniques, GP and ANN for obtaining behavioral 

models to relate dielectric constant of 18 blocks with the gain curve. Then we have further used 

these behavioral models for optimization using box-constrained optimization method. We have 

also conducted optimization using genetic algorithm as well. The results for both modeling and 

optimization are compared in the following subsections. 

 Comparison between Modeling Results Obtained from GP and ANN  

Using each of the two ML techniques we obtain the model as represented by Eq. (5.14) as 

𝑓 𝜖 , 𝜖 … , 𝜖 𝐺𝑎𝑖𝑛  𝜑                                                     (5.14), 

The results of the models obtained by ML techniques that are GP and ANN are tested by 

collecting a test set of 110 sample points and gain plots estimated from GP, ANN and the simulated 

HFSS results are compared for each of these 110 designs. Each of the machine learning models 

are trained and tested using the same testing and training datasets, that has 18 input parameters 

(each representing the dielectric constant values 𝜖  to 𝜖 ) and 181 output parameters (each 

representing gain value on the θ = 60o-direction for φ varying from 0o to 180o). Also, a root mean 

squared error (RMSE) is calculated for both GP and ANN predictions by using the following 

formula: 

                                              𝑅𝑀𝑆𝐸 ∑ 𝑦 𝑦                                                  (5.25),                 

where, 𝑦  refers to simulated gain value and 𝑦  is the predicted gain value at angle 𝜑  

that varies from 0o to 180o, with a step of 1o and N, which is the total of points in the plot, is equal 
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to 181. The results of four of these test designs are shown in Fig. 5.9(a)-(d), with the RMSE 

computed from ANN-estimation and GP-estimation mentioned as header of each plot and also in 

the caption. In these results, we have used 10 hidden neurons for ANN method. Also, as mentioned 

earlier, we have used linear values of gain while training as well optimizing the design. Hence, 

these plots are shown on linear gain scale. 

 

 

Fig. 5.9 Comparison of ANN-Predicted and GP-Predicted Gain Plots With Respect To Results 

Obtained From HFSS For Few Of The Test Cases (a) Test Case 1 ANN RMSE=0.26 & GP 

RMSE=0.24); (b) Test Case 2 ANN RMSE=0.32 & GP RMSE=0.22); (c) Test Case 3 ANN 

RMSE=0.29 & GP RMSE=0.17); and (d) Test Case 4 ANN RMSE=0.28 & GP RMSE=0.16) 
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As can be observed from the plots in Fig. 5.9, GP-based modeling gives quite accurate 

results as the RMSE value for GP predicted results is lower than that of ANN. Also the 

computation time of GP-based modeling is lower.  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. The results for 

average RMSE for all 110 test cases is calculated and listed in Table V.  

TABLE V: RMSE and computation time comparison of GP and ANN-based modeling 

  GP model 
ANN with number of hidden layer nodes as 
10 15 20 40 

Average RMSE 0.15 0.27 0.25 0.22 0.18 

Computation time 
(seconds) 

138 1140 1620 5880 30360 

 

The total computation time each of the ML technique takes is also mentioned in this table. 

The computation time here refers to the total time taken to train the ML model and make 

predictions for each of the test case. It can be clearly observed from this table, that GP-based model 

is able to predict quite accurate results as a lower RMSE is achieved using this method within 

considerably low computation time. 

 Comparison of Optimization based on Gaussian Process, Artificial Neural Network 
and Genetic Algorithm  

Once the complete behavioral models are obtained using ML techniques, we can further 

use them for optimizing the design according to the requirement. In this case, we use the behavioral 

model for finding the dielectric distribution values in the input space which can potentially achieve 

goals including single-beam, two-beam and three-beam gain patterns. For this optimization, we 



126 
 

use constrained box optimization technique. This optimization method is applied to both GP-based 

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

The proposed optimization methodology is also compared with a classic heuristic 

optimization technique, that is, genetic algorithm (GA). The methodology followed for GA 

optimization is similar to that reported in [32], with some modifications in the simulation setup is 

as described in Section 5.3.2. This is done so as 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. 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 curve which 

is further used to find the optimal fitness function value and the design parameters that can 

potentially provide this solution. The results obtained for each of these three optimization methods 

are mentioned in Table VI. The gain-pattern plots for each of the goal (one-beam, two-beam and 

three-beam pattern) are shown in this table. Here the gain plots predicted by GP and ANN 

technique are compared with the actual gain plot, that is obtained when the optimized value of 

dielectric constants are substituted in HFSS. The gain values shown in this plot are on linear scale 

rather than dBi scale. Since GA-optimization only provides the best design parameter values that 

can give optimal fitness function value for each of the case, but does not predict the complete gain 

curve like the ML techniques, only the HFSS simulation results (that are obtained after substituting 

the optimized design parameters found from GA-optimization) are shown in the third column for 

the GA results. While for the ML based methods we have an ‘expected fitness function value’, 

hence we compare it with ‘actual fitness value’, which is the value of fitness function in each case 
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when optimal design parameter values are substituted in HFSS. Also, the total number of sample 

data points used and computation time for each of these optimization are compared in this table. 

It can be observed from this table that GP-model based optimization gives highest value of 

fitness function and is also close to the actual value for each of the design goal. Also, since both 

ML-techniques use same set of training and testing data for each of the goal, we save lot of 

computation time while optimizing which could have been wasted if we had to use different 

training data for running optimization for every new goal). It takes 1.89 х 105 seconds for collecting 

the training data by running HFSS simulations and the same training data is used for both GP and 

ANN-based method for achieving all the three target goals. For optimization using these trained 

models, it takes only additional 138 seconds for obtaining behavioral model using GP method and 

then further 331, 351 and 396 seconds respectively for finding optimization results for one-beam, 

two-beam and three-beam case respectively. While for ANN, it takes  additional 1140 seconds for 

obtaining behavioral model and then further 546, 562 and 579 seconds respectively for 

optimization for one-beam, two-beam and three-beam case respectively. The last two rows of this 

table show the total number of training samples and training time used for all three-goals 

collectively for the optimization. The overall time taken by GA based optimization is quite large 

compared to the two ML based techniques. Hence, it can be implied from here that using ML based 

optimization is an efficient method when we want to achieve multiple targets, since it can use same 

set of training data to obtain a model the use this model to achieve different goals and does not 

require any new training sample when the optimization goal changes.  It can also be observed from 

this table that predicted fitness function value of GP-based optimization are 4.42, 5.06 and 2.25 

respectively for each of the three goals and are close to the corresponding actual fitness values, 
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that are 4.06, 4.40 and 2.16 respectively. Also, these values higher compared to the corresponding 

values obtained using ANN-based optimization and GA-based optimization.  

 

TABLE VI 
Performance comparison of proposed GP-based optimization method w.r.t. ANN and GA optimization 

 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 (in 
seconds) 

Training data collection: 1.89 х 105 
6.8 х 104 Model Computation: 138 

Optimization: 331 
Model Computation: 1140 

Optimization: 546 

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 (in 
seconds) 

Training data collection: 1.89 х 105 

1.07 х 105 Model Computation: 138 
Optimization: 351 

Model Computation: 1140 
Optimization: 562 
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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 (in 
seconds) 

Training data collection: 1.89 х 105 

7.61 х 104 Model Computation: 138 
Optimization: 396 

Model Computation: 1140 
Optimization: 579 

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 
(seconds) 

 1.89 х 105 1.89 х 105 2.51 х 105 

 

In addition to the three goals of one-beam, two-beam and three-beam radiation pattern, the 

same training data can also be used to achieve other different goals. One such example is presented 

next, where we aim to find dielectric loading profile for changing the beam separation angle for 

two-beam radiation pattern from 120o as mentioned in previous section to 60o. For 120o beam 

separation, fitness function is defined as mentioned in Equation 5.22, while for changing the beam 

separation to 60o, we redefine the fitness function to as follows: 

   Fitness 4= G(θ, φ1) − max G(θ, φ2), where θ = 60°, φ1 = 30°, φ2 ∈ {0, 90°–180°}            (5.18) 

The fitness function defined above maximizes the gain in φ = 30° direction. The second 

term in this function suppresses the gain in φ = 0° to have a null in that region and reduce radiation 
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in undesirable region, i.e., when φ = 90°-180° . The ML model for this goal is again computed 

using the same methodology as done for other three goals mentioned earlier. The results obtained 

for Fitness 3 and Fitness 4 that correspond to two-beam radiation with beam separation of 120o 

and 60o respectively is shown in Fig. 5.10 (a) and (b). 

 

 
(a) 

 
(b) 

 
Fig. 5.10 Gain Pattern Plot when Goal is to have Two-Beam Radiation with Beam Separation (a) 

120o (b) 60o with GP-Based Optimization. 

Another goal achieved by the ML optimization is to achieve four lobe radiation using same 

training data that was use earlier for other goals mentioned in this Chapter. For this, the fitness 

function is modified as mentioned below: 

Fitness 5= min(G(θ, φ1)) − max G(θ, φ2), where θ = 60°, φ1 = {45°,135°}, φ2 ∈ {0°–30°, 60°–

120°, 150°–180°}                                                                              (5.19) 
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The first term in this equation helps in maximizing even the minimum possible gain value 

in φ = 45° and φ = 135° direction and minimizes the gain in the region where φ= 0°–30°, 60°–120°, 

and 150°–180°, so that nulls occur in these directions. Since, the structure is symmetric, the 

maximum gain is also obtained in  φ = 225° and φ = 315° direction and ultimately it gives four-

beam radiation pattern when used for optimization. The results for this optimization are shown in 

Fig. 5.11, which are successfully achieved by following the same methodology as for other goals 

achieved earlier. 

 
Fig. 5.11 Gain pattern in (a) θ=60o Direction; and (b) 3D Pattern for Goal to Achieve Four Lobe 

Radiation Pattern. 

 Design Realization  

To demonstrate these results in physical design, the design for GP-based optimization is 

realized in HFSS. For this purpose, the dielectric parameter values (𝜖  to 𝜖 ) obtained from GP-

based optimization are used to find each dielectric unit cell size using the equation (5.19) which is 

based on the results shown in table IV Section 5.2.2. The dielectric loading map for values 

predicted by the GP-based optimization for each of the three goals are shown in Fig. 5.12(a), (b) 

and (c); while the corresponding implemented model are shown in Fig. 5.12(d), (e) and (f); and 

the 3-D gain patterns obtained when the design is realized using 3D printed blocks in HFSS for 

each of the goal are shown in Fig. 5.12(g), (h) and (i). 
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(a) (b) (c) 

(d) (e) 

 

(f) 

 

(g) 

 

(h) 

 

(i) 

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; 

Corresponding Realized HFSS Models for (d) One-Beam Antenna, (e) Two-Beam Antenna, and 

(f) Three-Beam Antenna; and the Corresponding Simulated 3-D Gain (dBi) Radiation Patterns at 

15 GHz when Design is Realized using 3D Dielectric Blocks in HFSS for (g) One-Beam Antenna, 

(h) Two- Beam Antenna, and (i) Three- Beam Antenna, Respectively. 

Fig. 5.12 
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 Fabrication and Measurement 

For verifying the results further, one of the design implementations is fabricated and 

characterized for its performance. For this purpose, a three-beam antenna optimized using GP-

based optimization is manufactured and the dielectric part of this design (as shown in Fig. 5.12(f)) 

is 3D printed using a commercial Asiga Max SLA 3D printer [113], as shown in Fig. 5.13. This 

printer based on DLP technology is easy to use, and allows for fast, precise and efficient operation. 

The built-in LCD panel with touch function displays the information on the current construction 

process and allows interactive control of the printer. The light sensor provides consistent projector 

performance and uniform resin curing, the smart positioning system (SPS) ensures precise printing 

results. Print jobs can be stored in a queue, started from the control panel and transmitted via 

Ethernet or WiFi. The printer can also operate as a wireless hot spot. The maximum build volume 

this printer offers is 119 x 67 x 75 mm and the resolution of this printer is 62 μm. The size of the 

3D-printed dielectric structure in black color is 40 mm × 40 mm × 6.67 mm. The prototype of the 

three-beam antenna is within the maximum build-volume that is printable with this printer and this 

printer suits the requirements. Hence, we use Asiga Max SLA 3D printer for our design. 

 

Fig. 5.13 Asiga Max 3-D Printer.  
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After 3-D printing the dielectric part, the metallic ground is cut from a large piece of copper 

sheet that is available in the hardware stores. A hole of radius 2 mm is then drilled. A piece of steel 

wire with radius 0.5 mm is inserted into a SMA connector socket that forms the monopole antenna. 

The SMA connector is then attached to the metal sheet with the steel wire inserted through the 

hole drilled inside the sheet. A few mL super glue around the SMA flange is applied for the purpose 

of firm attachment. The dielectric structure is secured on the ground plane via two pieces of scotch 

double-sided tape. The top and side view of the final structure are shown in Fig. 5.14(a) and (b) 

respectively.  

                           
(a)            (b) 

Fig. 5.14 3-D Printed Prototype of Three-Beam Antenna Optimized using Proposed GP-Based 

Optimization: (a) Top View; (b) Side View. 

The fabricated antenna is measured for its reflection coefficient and gain pattern plot. The 

antenna radiation pattern at the elevation angle of θ = 60° is measured at 15 GHz. The antenna 

gain measurement setup is shown in Fig. 5.15. A standard gain horn (ETS model 3115: maximal 

dimension is 280 mm) connected to a signal generator works as a transmitter. The AUT connected 

with a VNA works as a receiver. Once the radiation pattern data is obtained by rotating the AUT 

on the antenna stand, the AUT is replaced by another standard gain horn (ATM 62-442-SF) for 
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calibration. It should be noted that the AUT is placed 60° with respect to the horizontal plane so 

that when the rotator is running, the radiation pattern at the elevation angle of θ = 60° is measured. 

 
(a)                                                                                  (b) 

Fig. 5.15 Antenna Gain Measurement Setup (a) Complete View (b) Test Antenna Setup On 

Receiver Side to Measure Pattern in Θ=60o Direction. 

The corresponding results for measured reflection coefficients and radiation pattern in 

θ=60o direction are shown in Fig. 5.16(a) and (b) respectively. As observed from Fig. 5.16(a), there 

is a slight shift in the S11 response compared to design simulation which can possibly occur due to 

the fabrication tolerance while cutting the monopole antenna of precise height by using the steel 

wire. Though care has been taken while cutting the monopole height, the manual process can be 

challenging to obtain the exact 4.8 mm height of antenna, and even a small difference of few 

hundred microns effects the performance at this frequency. Also, in the gain pattern plot, there is 

a deviation between simulated and measured results for the beam in θ = 180o direction. Also, the 

soldering that has been done in order to attach steel wire with the SMA connector can cause some 

inductive effect that could have possibly impacted the measurement results.   
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(a)   

(a)                                                                     (b) 

Fig. 5.16 Measured and Simulated Results for 3-Beam Antenna Printed Prototype: (a) S11 Plot; 

(b) Gain-Pattern Plot in Θ = 60o Direction. 

 
 Conclusion 

In this work, we demonstrate the advantages of using ML-based modeling and optimization 

techniques rather than genetic algorithm tool for optimization of complex antenna structures. 

Genetic algorithm do provide good results if we have one fixed goal as it searches optimal solution 

by analyzing the output on individual data points and generating new and possibly better search 

directions until a global maxima or minima is identified. On the other hand, machine learning (ML) 

refers to all techniques and optimization algorithms of analyzing the data and finding the hidden 

mathematical relation in data such that we can relate the input behavior to the output behavior and 

make future predictions or decisions using this relationship. The main advantage of using ML 

techniques is that once we have the relational model, we can predict the output for any data point 

rather than aiming for global optimal and minima points only. This property is very beneficial 

when we want to use the same training data set for multiple different goals. As a proof-of-concept, 

we applied ML techniques on two example antennas. First, for modeling of the reflection 
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coefficient curve with respect to frequency for a planar patch antenna when its shape changes from 

square to circular.  

Next, we studied an antenna setup that modifies monopole antenna’s radiation patterns 

using dielectric loading. By changing the dielectric constant distribution around the monopole, 

one-beam and multiple-beam radiation patterns can be obtained. The dielectric constant 

distribution is accomplished by digitizing the volume surrounding the monopole into unit cells that 

are made of polymer mixed with air voids. The dielectric property of each unit cell is controlled 

by changing the polymer to air mixing ratio. The performance of the proposed method is compared 

with other optimization methods and proves to be more accurate, faster and informative.  A three-

beam monopole antenna prototype, design of which is obtained by using one of the ML techniques 

is fabricated using an SLA printer and measured for its S11 and gain response. In addition to these 

goals, by using the same set of training data, the proposed technique is able to achieve two other 

goals, i.e., dielectric loading required to change beam separation from 60o to 120o and a goal to 

achieve four-beam radiation.  

Hence, ML methodology provides a complete relational model between design parameters 

and performance pattern and can further be used to achieve results for different optimization goals 

using the same set of training data. Unlike heuristic techniques like GA that just search for optimal 

solution by analyzing the output on individual data points until a global maxima or minima is 

identified, ML techniques can provide complete relational model and hence be used as an 

optimization tool for computationally intensive antenna design problems. Therefore, with this 

research work, we suggest using ML techniques for modeling and optimization of complex 

antenna structures that can now be manufactured by additive manufacturing (AM) technologies. 

This will help in achieving the ultimate goal of tackling the universal antenna design challenges 
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and achieving automated antenna design for a broad range of applications. As it can be observed 

from this work, once a successful ML model is developed, the relationship between design 

parameters and antenna performance parameters can be obtained analytically, thus requiring only 

analytical calculations instead of time-consuming numerical simulations for different design goals. 

This is useful for applications such as IoT requiring large number of antenna designs with different 

goals and constraints. ML techniques help build such behavioral models for antennas automatically 

from data. This is suitable for fully utilizing the vast design degrees of freedom offered by AM. 
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 Conclusion and Future Scope 

This dissertation investigates novel antenna optimization methodology enabled by machine 

learning (ML) techniques with motive to simplify the design and optimization process of complex antenna 

structures, specifically for antennas realized by additive manufacturing (AM) technologies. The ultimate 

goal of this research work is to tackle the universal antenna design challenges and achieve automated 

antenna design methodology for a broad range of applications.  

Chapter 1 provides a brief introduction to the current antenna design scenario and the 

challenges that we are facing for complex antenna structures such as 3D-printed antennas. An 

introduction for machine learning techniques and where all these technologies are currently being 

applied is mentioned briefly in this chapter.  

Chapter 2 presents the background to understand the field of machine learning and its 

implementation.  The classification of these techniques and what kind of scenarios are generally 

encountered in antenna design and optimization are also explained here. Next, the mathematical 

background of the techniques that have been used in this work are presented in this chapter. The 

algorithms mentioned in this chapter provides the skeleton work for the code that is used for 

optimization in this work. 

A preliminary study to understand how ML can be implemented for antenna design 

optimization is first conducted and results for the same are reported in chapter 3. To demonstrate 

the proof-of-concet, a reference double-T shaped monopole antenna is used and its design is 

optimized to achieve best performance in terms of reflection coefficient in its two frequency bands 

of operation. In this work, three machine learning techniques, namely least absolute shrinkage and 

selection operator (lasso), artificial neural network (ANN) and k-nearest neighbors (kNN) are used 

to automatically identify the optimal values of the design parameters of the reference antenna that 
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can provide the best performance. With the help of these ML techniques, performance of the 

reference antenna is analyzed for more than 2 million design points within a few seconds by 

learning from the training dataset of 450 data points only. Compared to kNN, both neural network 

and lasso give more accurate predictions in our study. However, all the ML techniques are able to 

predict the dependence of FOM on each of the design parameter reasonably well and find optimal 

design point. Our results show that the proposed ML techniques are much more efficient than 

traditional method of EM simulation optimization for achieving optimal antenna design. The 

successful results in this preliminary work have shown that machine learning techniques may be 

able to enable versatile and potentially automated design of antennas. 

Chapter 4 discusses a more complex design problem of a 10 х 10 slotted waveguide array 

antenna. This is a 3D-printed antenna and has multiple design parameters in the input space. In 

this work, we optimize the design for different goals including reflection coefficient, side lobe 

level and back lobe level at 78 GHz. This chapter explains the methodology used to design this 

antenna, how ML technique is used for design optimization, the fabrication process including SLA 

printing and metal plating of the waveguide array surface. The final manufactured structure and 

the measured results of the same are also presented in this chapter.   

 Chapter 5 demonstrates the advantages and challenges of using ML techniques compared 

to heuristic optimization techniques. As a proof of concept, we studied two antenna examples. 

First, is the modeling of the reflection coefficient curve with respect to frequency for a planar patch 

antenna when its shape changes from square to circular and second is the modeling of gain 

response of a monopole antenna when it is loaded with 3D-printed dielectric material and is 

optimized by using genetic algorithm and artificial neural network-based machine learning 

approach. By changing the dielectric constant distribution around the monopole, one-beam and 
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multiple-beam radiation patterns can be obtained. The dielectric constant distribution is 

accomplished by digitizing the volume surrounding the monopole into unit cells that are made of 

polymer mixed with air voids. In this work, first a behavioral model that relates the gain-pattern 

plot (in θ = 60o direction) with the dielectric constant distribution is obtained using ML techniques 

and then these ML models are used for optimization of the design for different sets of design goals 

including single-beam and multiple-beam radiation patterns. This chapter covers the design 

procedure of the reference antenna; unit cell analysis to realize the design using 3D printing 

technology; ML and GA optimization implementation and performance comparison; fabrication 

process and measured results for a manufactured antenna prototype. 

The results obtained from this research imply that ML techniques have the power to 

transform EM design technology. Due to computational power restrictions of EM tools, it is 

challenging and time consuming to optimize complex antenna designs such as a 3-D printed 

antenna structures that offer much greater degrees of design freedom compared to traditional 

manufacturing methods. To meet this challenge, an efficient and intelligent antenna design tool 

that can rapidly obtain the optimal design parameters which satisfy the requirement specifications 

and are ready to be manufactured, will be very attractive. Moreover, ultimately, such an automated 

design tool will make it possible for laypersons to implement satisfactory antennas as needed for 

various applications. The successful results obtained from this research provides encouragement 

of incorporating advanced ML algorithms generated antenna behavioral models and automate the 

antenna optimization process. This approach can be potential solution to overcome the design 

challenges for a large number of applications including IoT. Though in this work, application of 

ML for antenna modeling and optimization has been the main focus. The next major step to 

improve this work further and reap more benefits of these techniques is possible if ML is also used 
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in the design of experiment [114] as well.  Design of experiment means to selectively choose 

suitable input variables (which can be the design parameters of antenna in our case) in order to 

gain maximum information from the training data. That is, to select the design samples 

intelligently rather than randomly and this will help in reducing the computation time and 

potentially make the designing process more intelligent. With such improved ML tools, the 

antenna design automation can be progressed further.  

By developing a successful ML model, the relationship between design parameters and 

antenna performance parameters can be obtained analytically, thus requiring only analytical 

calculations instead of time-consuming numerical simulations for different design goals. This is 

useful for applications such as IoT requiring large number of antenna designs with different goals 

and constraints. ML techniques help build such behavioral models for antennas automatically from 

data. This is suitable for fully utilizing the vast design degrees of freedom offered by AM. By 

combining the machine learning methodology with 3D-printing technology, an automated antenna 

design tool can potentially be created that can for any given performance and design specification 

can be manufactured quickly and thus become a powerful tool in the coming era of IoT. 
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Appendix: MATLAB and R Code 

The MATLAB code in the dissertation is included in this appendix. For using the code in 

this chapter, users need to include a MATLAB toolbox that can generate vbs script that controls 

ANSYS HFSS. Users can also generate their own MATLAB functions for the control purpose by 

studying the script help file from ANSYS. It is also recommended to install neural network fitting 

toolbox of MATLAB for this work and lars and FNN package in R tool 

Code for Chapter 3 

 Matlab Code for Running HFSS Files: 

%This code is to control the double_t_monopole hfss simulation model to 
%sweep the dimentions and automatically generates database for the antenna 

%database project. This code is stopped randomly and the looping order is 

%changed to get different variation of data 

 

clear all 
projet_num=3; 

  

for mm=1:projet_num 

    

delete(['C:\Users\yashikasharma\Ansoft\Antenna_database\Temp\',num2str(mm),'.

txt']); 

end 
mm=1; 

%generate a geometric matrix first [l21 l22 w w1 w2], 5*5*4*4*4 variations 

  

%   %ii=8.3; 
%   jj=6.3; 
%   kk=1; 

%   ll=3.5; 
%   nn=3.5; 
for ii=6.3:0.5:7.3 
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for jj=6.3:0.5:7.3 
for kk=1:0.5:3.5 
for nn=1:0.5:3.5 

for ll=1:0.5:3.5 
                    para(mm,:)=[ii jj kk ll nn]; 
                    mm=mm+1; 

end 
 end 

 end 

end 
 end   

  

nn=1;mm=1; 
for mm=1:projet_num 

    project=['Double_T_monopole',num2str(mm)]; 

    fid 

=['C:\Users\yashikasharma\Ansoft\Antenna_database\test',num2str(mm),'.vbs']; 

    

S_para_path=['C:\Users\yashikasharma\Ansoft\Antenna_database\Temp\dif_grid',n

um2str(nn),'.s1p']; 

    Change_para(fid,project,para(nn,:),S_para_path,mm); 

    nn=nn+1; 
end 

  

for generation=1:70 

    for mm=1:projet_num 

        %see if the simulation is over 
        while 

(exist(['C:\Users\yashikasharma\Ansoft\Antenna_database\Temp\',num2str(mm),'.

txt'], 'file')==0) 
        end       

        pause(1);       
        

delete(['C:\Users\yashikasharma\Ansoft\Antenna_database\Temp\',num2str(mm),'.

txt']);         

    end 
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    for mm=1:projet_num 
        project=['Double_T_monopole',num2str(mm)]; 
        fid 

=['C:\Users\yashikasharma\Ansoft\Antenna_database\test',num2str(mm),'.vbs']; 
        % hfssExecuteScript(hfssExePath, ScriptFile, iconMode, runAndExit) 
        %change the existance of PEC 

        

S_para_path=['C:\Users\yashikasharma\Ansoft\Antenna_database\Temp\dif_grid',n

um2str(nn),'.s1p']; 

        Change_para(fid,project,para(nn,:),S_para_path,mm); 
        nn=nn+1; 
    end 

     

end 

 

 

%%%%%%%%%%%%%%%%%%Change para function definition %%%%%%%%%%%%%%%%%%%%% 

 function Change_para(fid,project,xx,S_file_path,mm) 

  

path=fid; 

fid=fopen(fid, 'w'); 

hfssGoogleHead (fid,project,'Reference'); 

hfssVariableChange(fid, 'l21',xx(1),'mm'); 

hfssVariableChange(fid, 'l22',xx(2),'mm'); 
hfssVariableChange(fid, 'w1',xx(3),'mm'); 

hfssVariableChange(fid, 'w2',xx(4),'mm'); 

hfssVariableChange(fid, 'w_l',xx(5),'mm'); 
hfssSolveSetup(fid, 'Setup1'); 

hfssExportSp(fid,S_file_path); 
hfssExportReport(fid, 'XY Plot 

1',['C:\Users\yashikasharma\Ansoft\Antenna_database\Temp\',num2str(mm),'.txt'

]) 

  

fclose(fid); 

fclose all; 
winopen(path); 
end 
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 R Code for lasso Implementation: 

u=1 
library(lars) 
 
db_1<-read.csv("mod_fom_a_b.csv",header=TRUE) 
Y=as.vector(db_1[,21]) 
X=as.matrix(db_1[,1:20]) 
cov(X) 
cor(X) 
lasso.s<-seq(0,1,length=100) 
set.seed(40) 
lasso.cv<-cv.lars(X,Y,K=5,index=lasso.s,mode="fraction")  
lasso.mcv<-which.min(lasso.cv$cv) 
bound<-lasso.cv$cv[lasso.mcv]+lasso.cv$cv.error[lasso.mcv] 
bests1<-lasso.s[min(which(lasso.cv$cv<bound))] 
fit.lasso<-lars(X,Y,type="lasso",normalize=TRUE) 
lasso.coef1 <- coef(fit.lasso, s=bests1, mode="frac") 
lasso.coef1 
 
lasso.cv<-cv.lars(X,Y,K=5,index=lasso.s,mode="fraction", intercept = TRUE)  
lasso.mcv<-which.min(lasso.cv$cv) 
bound<-lasso.cv$cv[lasso.mcv]+lasso.cv$cv.error[lasso.mcv] 
bests1<-lasso.s[min(which(lasso.cv$cv<bound))] 
fit.lasso<-lars(X,Y,type="lasso",normalize=TRUE) 
lasso.coef1 <- coef(fit.lasso, s=bests1, mode="frac") 
lasso.coef1 

 
x1=seq(6.3,7.3,0.1) 
x2=seq(6.3,7.3,0.1) 
x3=seq(1,3.5,0.1) 
x4=seq(1,3.5,0.1) 
x5=seq(1,3.5,0.1) 
da<-expand.grid(x1,x2,x3,x4,x5) 
 
nrow(da) 
 
pr<-lapply(1:nrow(da),function(xi){ 
p1=da[xi,c("Var1")] 
p2=da[xi,c("Var2")] 
p3=da[xi,c("Var3")] 
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p4=da[xi,c("Var4")] 
p5=da[xi,c("Var5")] 
p11=((p1)*(p2)) 
p12=((p1)*(p3)) 
p13=((p1)*(p4)) 
p14=((p1)*(p5)) 
p15=((p2)*(p3)) 
p16=((p2)*(p4)) 
p17=((p2)*(p5)) 
p18=((p3)*(p4)) 
p19=((p3)*(p5)) 
p20=((p4)*(p5)) 
xl<-c(p1, p2, p3, p4, p5) 
newx<-c(xl,xl*xl, p11, p12, p13, p14, p15, p16,p17, p18, p19, p20) 
nx=matrix(newx,nrow=1,ncol=20) 
predict(fit.lasso, nx, s=bests1, type ="fit",mode="frac")$fit 
} 
) 
colnames(da,do.NULL=FALSE) 
colnames(da)=c( "l21.mm." ,"l22.mm." ,"w1.mm." , "w2.mm." , "w_l.mm.") 
da$fom<-unlist(pr) 
head(da) 
max_fom=max(da[,6]) 
max_index =  which.max(da[,6]) 

da[max_index,] 
 
 

 R Code for kNN Implementation: 

library(lars) 
library(FNN) 
 
db_1<-read.csv("mod_fom_a_b.csv",header=TRUE) 
 
y=as.vector(db_1[,21]) 
x=as.matrix(db_1[,1:5]) 
 
x1=seq(6.3,7.3,0.1) 
x2=seq(6.3,7.3,0.1) 
x3=seq(1,3.5,0.1) 
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x4=seq(1,3.5,0.1) 
x5=seq(1,3.5,0.1) 
da<-expand.grid(x1,x2,x3,x4,x5) 
nrow(da) 
 
pred<-lapply(1:nrow(da),function(xi){ 
p1=da[xi,c("Var1")] 
p2=da[xi,c("Var2")] 
p3=da[xi,c("Var3")] 
p4=da[xi,c("Var4")] 
p5=da[xi,c("Var5")] 
xl<-c(p1,p2,p3,p4,p5) 
knn.reg(train=x,test=xl,y,k=5,algorithm="brute")$pred 
} 
) 
colnames(da,do.NULL=FALSE) 
colnames(da)=c( "l21.mm." ,"l22.mm." ,"w1.mm." , "w2.mm." , "w_l.mm.") 
da$fom<-unlist(pred) 
head(da) 
max_fom=max(da[,6]) 
max_index =  which.max(da[,6]) 

da[max_index,] 
 
 
 

 Matlab Code for Estimation using myNeuralNetworkFunction Generated from 
Matlab Neural Network Fitting Toolbox 

 
mm=1; 
for ii=6.3:0.5:7.3 %l21 
for jj=6.3:0.5:7.3 %l22 
for kk=1:0.1:3.5 %w1 
for ll=1:0.1:3.5 %w2       
for nn=1:0.1:3.5 %w 
abc=[ii jj kk ll nn]; 
% abc=[ii; jj; kk; ll; nn]; 
f=myNeuralNetworkFunction_latest3(abc); 
                    pred(mm,:)=[ii jj kk ll nn f]; 
                    mm=mm+1;           
end 
end 
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end 
end 
end 
  
mjk=pred(:,6);  
in=find(mjk==max(mjk));  % search index of maximum FOM 
dp=pred(in,:) 
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Code for Chapter 4 

 Matlab Code for Running Simulations: 

clc; 
clear all; 
projet_num=3; 
data_c=csvread('C:\Users\yashikasharma\Documents\dielectric_loading\input_dat
a.csv'); 
k=1; 
for i=1:110 
    for j=1:18 
         
        if data_c(i,j)==1.1 
            size_c(i,j)=2.2; 
        end 
          if data_c(i,j)==1.5 
            size_c(i,j)=4.4; 
        end 
          if data_c(i,j)==1.9 
            size_c(i,j)=5.4; 
        end 
          if data_c(i,j)==2.3 
            size_c(i,j)=6.1; 
        end 
    end 
end 
for generation=1:250 
%        
    for mo=1:projet_num 
         project=['square_ground',num2str(mo)]; 
         fid 
=['C:\Users\yashikasharma\Documents\dielectric_loading\check_results_script',
num2str(mo),'.vbs']; 
        new_monopole_square_2(fid,project,size_c(k,:),k,mo); 
        while 
(exist(['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction
_data\Temp\sp',num2str(mo),'.txt'], 'file')==0)             
        end 
        pause(5);   
delete(['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction
_data\Temp\sp',num2str(mo),'.txt']);  
         
C=csvread(['C:\Users\yashikasharma\Documents\dielectric_loading\check_predict
ion_data\realized_gain_th60_',num2str(k),'.csv'],1,0); 
        
sp=csvread(['C:\Users\yashikasharma\Documents\dielectric_loading\check_predic
tion_data\sp',num2str(k),'.csv'],1,0);  
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        a=data_c(k,:); 
        mono_data=[k,a,sp(2),C(:,2)']; 
        
xlsappend('C:\Users\yashikasharma\Documents\dielectric_loading\actual_gain_to
_compare.csv',mono_data); 
  
        k=k+1;         
    end     
end 
 
 
%%%%%%% code for running simulations for each design %%%%%%%5 
function new_monopole_square(fid,project,am,k,mo)     
% f_orig=15; 
path=fid; 
fid=fopen(fid, 'w'); 
hfssGoogleHead (fid,project,'loaded_design1'); 
  
hfssVariableChange(fid, 'b1', am(1), 'mm'); 
hfssVariableChange(fid, 'b2', am(2), 'mm'); 
hfssVariableChange(fid, 'b3', am(3), 'mm'); 
hfssVariableChange(fid, 'b4', am(4), 'mm'); 
hfssVariableChange(fid, 'b5', am(5), 'mm'); 
hfssVariableChange(fid, 'b6', am(6), 'mm'); 
hfssVariableChange(fid, 'b7', am(7), 'mm'); 
hfssVariableChange(fid, 'b8', am(8), 'mm'); 
hfssVariableChange(fid, 'b9', am(9), 'mm'); 
hfssVariableChange(fid, 'b10', am(10), 'mm'); 
hfssVariableChange(fid, 'b11',am(11), 'mm'); 
hfssVariableChange(fid, 'b12',am(12), 'mm'); 
hfssVariableChange(fid, 'b13', am(13), 'mm'); 
hfssVariableChange(fid, 'b14', am(14), 'mm'); 
hfssVariableChange(fid, 'b15', am(15), 'mm'); 
hfssVariableChange(fid, 'b16', am(16), 'mm'); 
hfssVariableChange(fid, 'b17', am(17), 'mm'); 
hfssVariableChange(fid, 'b18', am(18), 'mm'); 
  
fprintf(fid, 'oProject.Save \n'); 
  
fprintf(fid, 'oDesign.AnalyzeAll \n'); 
hfssExportReport(fid, 'XY Plot 
1',['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction_dat
a\sp',num2str(k),'.csv']); 
hfssExportReport(fid, 'XY Plot 
1',['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction_dat
a\Temp\sp',num2str(mo),'.txt']); 
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hfssExportReport(fid, 'Realized Gain Plot 
2',['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction_dat
a\realized_gain_th60_',num2str(k),'.csv']); 
hfssExportReport(fid, 'Realized Gain Plot 
1',['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction_dat
a\realized_gain_complete_',num2str(k),'.csv']); 
  
fprintf(fid, 'oDesign.DeleteFullVariation "All", false \n'); 
  
hfssVariableChange(fid, 'b1', 2.2, 'mm'); 
hfssVariableChange(fid, 'b2', 2.2, 'mm'); 
hfssVariableChange(fid, 'b3', 2.2, 'mm'); 
hfssVariableChange(fid, 'b4', 2.2, 'mm'); 
hfssVariableChange(fid, 'b5', 2.2, 'mm'); 
hfssVariableChange(fid, 'b6', 2.2, 'mm'); 
hfssVariableChange(fid, 'b7', 2.2, 'mm'); 
hfssVariableChange(fid, 'b8', 2.2, 'mm'); 
hfssVariableChange(fid, 'b9', 2.2, 'mm'); 
hfssVariableChange(fid, 'b10', 2.2, 'mm'); 
hfssVariableChange(fid, 'b11', 2.2, 'mm'); 
hfssVariableChange(fid, 'b12', 2.2, 'mm'); 
hfssVariableChange(fid, 'b13', 2.2, 'mm'); 
hfssVariableChange(fid, 'b14', 2.2, 'mm'); 
hfssVariableChange(fid, 'b15', 2.2, 'mm'); 
hfssVariableChange(fid, 'b16', 2.2, 'mm'); 
hfssVariableChange(fid, 'b17', 2.2, 'mm'); 
hfssVariableChange(fid, 'b18', 2.2, 'mm'); 
  
fprintf(fid, 'oProject.Save \n');  
fclose(fid); 
fclose all; 
winopen(path); 
  
end 
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Code for Chapter 5 

 Matlab Code for Input Random Data Generation: 

ad=[1.1, 1.5, 1.9, 2.3]; 
yd = datasample(ad,18); 
yd_store(1,:)=yd; 
j=2; 
for i=2:2000 
    yd = datasample(ad,18); 
    if ismember(yd,yd_store,'rows')==0 
        yd_store(j,:)=yd; 
        j=j+1; 
    end 
end 

 

 Matlab Code for Running Simulations: 

clc; 
clear all; 
projet_num=3; 
data_c=csvread('C:\Users\yashikasharma\Documents\dielectric_loading\input_dat
a.csv'); 
k=1; 
for i=1:110 
    for j=1:18 
         
        if data_c(i,j)==1.1 
            size_c(i,j)=2.2; 
        end 
          if data_c(i,j)==1.5 
            size_c(i,j)=4.4; 
        end 
          if data_c(i,j)==1.9 
            size_c(i,j)=5.4; 
        end 
          if data_c(i,j)==2.3 
            size_c(i,j)=6.1; 
        end 
    end 
end 
 

 
for generation=1:250 
%        

    for mo=1:projet_num 
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         project=['square_ground',num2str(mo)]; 
         fid 

=['C:\Users\yashikasharma\Documents\dielectric_loading\check_results_script',

num2str(mo),'.vbs']; 
        new_monopole_square_2(fid,project,size_c(k,:),k,mo); 
        while 

(exist(['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction

_data\Temp\sp',num2str(mo),'.txt'], 'file')==0)             

        end 

        pause(5);   
delete(['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction

_data\Temp\sp',num2str(mo),'.txt']);  

         

C=csvread(['C:\Users\yashikasharma\Documents\dielectric_loading\check_predict

ion_data\realized_gain_th60_',num2str(k),'.csv'],1,0); 
        

sp=csvread(['C:\Users\yashikasharma\Documents\dielectric_loading\check_predic

tion_data\sp',num2str(k),'.csv'],1,0);  

         

        a=data_c(k,:); 

        mono_data=[k,a,sp(2),C(:,2)']; 

        

xlsappend('C:\Users\yashikasharma\Documents\dielectric_loading\actual_gain_to

_compare.csv',mono_data); 

  

        k=k+1;         

    end     
end 

 
 
%%%%%%% code for running simulations for each design %%%%%%%5 
function new_monopole_square(fid,project,am,k,mo)     

% f_orig=15; 
path=fid; 
fid=fopen(fid, 'w'); 

hfssGoogleHead (fid,project,'loaded_design1'); 

  

hfssVariableChange(fid, 'b1', am(1), 'mm'); 
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hfssVariableChange(fid, 'b2', am(2), 'mm'); 
hfssVariableChange(fid, 'b3', am(3), 'mm'); 
hfssVariableChange(fid, 'b4', am(4), 'mm'); 

hfssVariableChange(fid, 'b5', am(5), 'mm'); 
hfssVariableChange(fid, 'b6', am(6), 'mm'); 
hfssVariableChange(fid, 'b7', am(7), 'mm'); 

hfssVariableChange(fid, 'b8', am(8), 'mm'); 
hfssVariableChange(fid, 'b9', am(9), 'mm'); 

hfssVariableChange(fid, 'b10', am(10), 'mm'); 

hfssVariableChange(fid, 'b11',am(11), 'mm'); 
hfssVariableChange(fid, 'b12',am(12), 'mm'); 
hfssVariableChange(fid, 'b13', am(13), 'mm'); 

hfssVariableChange(fid, 'b14', am(14), 'mm'); 

hfssVariableChange(fid, 'b15', am(15), 'mm'); 

hfssVariableChange(fid, 'b16', am(16), 'mm'); 
hfssVariableChange(fid, 'b17', am(17), 'mm'); 

hfssVariableChange(fid, 'b18', am(18), 'mm'); 

  

fprintf(fid, 'oProject.Save \n'); 

  

fprintf(fid, 'oDesign.AnalyzeAll \n'); 

hfssExportReport(fid, 'XY Plot 

1',['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction_dat

a\sp',num2str(k),'.csv']); 
hfssExportReport(fid, 'XY Plot 

1',['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction_dat

a\Temp\sp',num2str(mo),'.txt']); 
hfssExportReport(fid, 'Realized Gain Plot 

2',['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction_dat

a\realized_gain_th60_',num2str(k),'.csv']); 
hfssExportReport(fid, 'Realized Gain Plot 

1',['C:\Users\yashikasharma\Documents\dielectric_loading\check_prediction_dat

a\realized_gain_complete_',num2str(k),'.csv']); 

  

fprintf(fid, 'oDesign.DeleteFullVariation "All", false \n'); 

  

hfssVariableChange(fid, 'b1', 2.2, 'mm'); 
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hfssVariableChange(fid, 'b2', 2.2, 'mm'); 
hfssVariableChange(fid, 'b3', 2.2, 'mm'); 
hfssVariableChange(fid, 'b4', 2.2, 'mm'); 

hfssVariableChange(fid, 'b5', 2.2, 'mm'); 
hfssVariableChange(fid, 'b6', 2.2, 'mm'); 
hfssVariableChange(fid, 'b7', 2.2, 'mm'); 

hfssVariableChange(fid, 'b8', 2.2, 'mm'); 
hfssVariableChange(fid, 'b9', 2.2, 'mm'); 

hfssVariableChange(fid, 'b10', 2.2, 'mm'); 

hfssVariableChange(fid, 'b11', 2.2, 'mm'); 
hfssVariableChange(fid, 'b12', 2.2, 'mm'); 
hfssVariableChange(fid, 'b13', 2.2, 'mm'); 

hfssVariableChange(fid, 'b14', 2.2, 'mm'); 

hfssVariableChange(fid, 'b15', 2.2, 'mm'); 

hfssVariableChange(fid, 'b16', 2.2, 'mm'); 
hfssVariableChange(fid, 'b17', 2.2, 'mm'); 

hfssVariableChange(fid, 'b18', 2.2, 'mm'); 

  

fprintf(fid, 'oProject.Save \n');  

fclose(fid); 

fclose all; 

winopen(path); 
  
end 
 

 Matlab Code for Data Collection: 

 
clc; 
clear all; 
projet_num=3; 

data_c=csvread('C:\Users\yashikasharma\Documents\dielectric_loading\input_dat

a.csv'); 

  

for k=1:1050 
%     

       

C=csvread(['C:\Users\yashikasharma\Documents\dielectric_loading\database 

\realized_gain_th60_',num2str(k),'.csv'],1,0); 
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sp=csvread(['C:\Users\yashikasharma\Documents\dielectric_loading\database\sp'

,num2str(k),'.csv'],1,0);  

       a=data_c(k,:); 

  

       mono_data=[k,a,sp(2),C(:,2)']; 

  

        

xlsappend('C:\Users\yashikasharma\Documents\dielectric_loading\check_spatial_

distribution\check1.csv',mono_data); 

         

         

end 

 
 

 Matlab Code for Data Processing to Process Output Values for Different Goals from 
the File Containing Gain Values in Entire 2D Plane: 

 
gg=csvread('C:\Users\yashikasharma\Desktop\estimation\mp_improved_larger.csv'

,1,1); 

%20=0degrees 

%80=60degrees 
%200=180 deg 

%50=30 deg 
%110=90 

%130=110 
%180=160 deg 
%160 =140 deg 
%single lobe 

  

inp_n=gg(:,1:18); 

inp_1=gg(:,1:18); 

  

po=max(gg(:,80:200)')'; %max in range of phi 60 to 180 in theta=60 plane  
fitness_1n=gg(:,20)-po; %gain (at phi=0,theta=60)- max between zero and 

gain(phi C(60,180),theta=60) 
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single_lobe=fitness_1n; 

  

%two lobes 
pon2=max(gg(:,[20,110:200])')'; 
fitness_2n=gg(:,80)-pon2; %gain (at phi=60,theta=60)- max gain(phi C(0,90to 

180),theta=60) 
two_lobe=fitness_2n; 

  

%three lobes 
m1_3n_c2=max(gg(:,[20:30,110:160])')';  % min gain (at phi=(60&180)theta=60)- 

max gain(phi C(0,90to140),theta=60)   max gain(phi C(0to 

10,90to140),theta=60) 
three_lobes=min(gg(:,[80,200])')'-m1_3n_c2; 

  

  

four_lobes=min(gg(:,[65,155])')'-max(gg(:,[80:140,20:50,170:200])')'; 

  

pon2=max(gg(:,[20,110:200])')'; 

fitness_2nb=gg(:,50)-pon2; %gain (at phi=30,theta=60)- max gain(phi C(0,90to 

180),theta=60) 
two_lobes1=fitness_2nb; 

  

 pon2=max(gg(:,[20,80:200])')'; 

fitness_2nb2=gg(:,50)-pon2; %gain (at phi=30,theta=60)- max gain(phi C(0,60to 

180),theta=60) 

two_lobes2=fitness_2nb2; 
 gain_phi0=gg(:,20); 
 at=[inp_n, gain_phi0,single_lobe, two_lobe, three_lobes]; 

csvwrite('transformed_data.csv',at); 

  

M=['sno', 'e1','e2', 'e3','e4', 'e5','e6', 'e7','e8', 'e10', 'e11','e12', 

'e13','e14', 'e15','e16', 'e17','e18','Gain_at_phi=0(in 

dB)','Single_lobe','Two_lobe','Three_lobe']; 
xlsappend('C:\Users\yashikasharma\Desktop\estimation\transformed_data.csv',M)

; 
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