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Abstract 

                 Python-Driven Deep Learning Approaches for Waveguide Filter Design 

(Microstrip) is a study that focuses on using Python programming and deep learning 

techniques to design waveguide filters. Waveguide filters are critical components in many 

communication and signal processing systems. The approach involves leveraging deep 

learning algorithms to optimize the design and performance of these filters. Python serves 

as the primary programming language, providing a versatile and powerful platform for 

implementing deep learning models. Deep learning algorithms, such as convolutional 

neural networks (CNNs) or recurrent neural networks (RNNs), are employed to analyze 

and optimize waveguide filter designs. This research aims to streamline the design 

process, improve the efficiency of waveguide filters, and potentially discover novel filter 

designs that may not be apparent through traditional methods. By using Python and deep 

Learning. 

Keywords: Microstrip, Deep learning, Filters, Convolutional neural network, Python, Hfss, 

Design. 

 

 ملخص

الأساليب المعتمدة على بايثون في التعلم العميق لتصميم فلاتر الموجات الموجهة )الميكروستريب( هي دراسة تركز على 

استخدام برمجة بايثون وتقنيات التعلم العميق لتصميم فلاتر الموجات الموجهة. تعتبر فلاتر الموجات الموجهة مكونات 

ت ومعالجة الإشارات. تتضمن هذه الطريقة الاستفادة من خوارزميات التعلم العميق حيوية في العديد من أنظمة الاتصالا

لتحسين تصميم وأداء هذه الفلاتر. تعتبر بايثون اللغة الأساسية للبرمجة، حيث توفر منصة متعددة الاستخدامات وقوية 

العصبية التلافيفية أو الشبكات العصبية لتنفيذ نماذج التعلم العميق. تسُتخدم خوارزميات التعلم العميق، مثل الشبكات 

المتكررة، لتحليل وتحسين تصاميم فلاتر الموجات الموجهة. تهدف هذه البحث إلى تبسيط عملية التصميم، وتحسين كفاءة 

فلاتر الموجات، واكتشاف تصاميم جديدة للفلاتر قد لا تكون واضحة من خلال الطرق التقليدية. باستخدام بايثون والتعلم 

 لعميقا

:   الكلمات المفتاحية

 Hfssالميكروستريب، التعلم العميق، الفلاتر، الشبكة العصبية التلافيفية، بايثون، التصميم 
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Résumé 

                            "Approches de conception de filtres à guide d'ondes (microstrip) basées 

sur l'apprentissage profond piloté par Python" se concentre sur l'utilisation de la 

programmation Python et des techniques d'apprentissage profond pour concevoir des 

filtres à guide d'ondes. Les filtres à guide d'ondes sont des composants essentiels dans 

de nombreux systèmes de communication et de traitement du signal. L'approche 

consiste à exploiter des algorithmes d'apprentissage profond pour optimiser la 

conception et les performances de ces filtres. Python est utilisé comme principal langage 

de programmation, offrant une plateforme polyvalente et puissante pour 

l'implémentation de modèles d'apprentissage profond. Des algorithmes d'apprentissage 

profond, tels que les réseaux de neurones convolutionnels (CNN) ou les réseaux de 

neurones récurrents (RNN), sont employés pour analyser et optimiser les conceptions 

de filtres à guide d'ondes. Cette recherche vise à rationaliser le processus de conception, 

à améliorer l'efficacité des filtres à guide d'ondes et potentiellement à découvrir de 

nouvelles conceptions de filtres qui ne seraient pas apparentes par des méthodes 

traditionnelles. Cela est rendu possible grâce à l'utilisation de Python et de 

l'apprentissage profond. 

Mots-clés: Microstrip, Apprentissage profond, Filtres, Réseau de neurones convolutionnel, 

Python, Hfss, Conception. 
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General Introduction  

              Antenna and microstrip patch design are essential elements in today's wireless 

communication systems. These technologies are key to facilitating effective signal 

transmission and reception, ensuring dependable connectivity across numerous devices 

and networks. Recently, researchers have made considerable progress in improving 

antenna performance and microstrip circuits. Nevertheless, as the demand for higher data 

rates, broader bandwidth, and greater efficiency continues to grow, it is crucial to explore 

new, innovative methods to further advance these technologies. 

           Neural networks and deep learning have shown to be effective techniques for 

handling challenging problems in a variety of fields. These methods enable the creation of 

extremely accurate predictive models because of their capacity to automatically identify 

and extract patterns from big datasets. Deep learning has shown impressive promise in 

speech recognition, natural language processing, and computer vision in recent years. 

Their use in the design of microstrip patches and antennas, however, is still largely 

unexplored. By utilizing deep learning techniques to transform the design process and 

empower engineers to optimize antenna settings, improve radiation patterns, and boost 

overall performance, this thesis aims to close this gap. 

         This work employs a deep learning approach to microstrip filter construction and 

analysis, along with a thorough examination of microstrip antennas. To enable a 

methodical approach, the study will be organized into three chapters: 

         The first chapter provides a comprehensive overview of filter theory, focusing on 

various fundamental parameters, types of filters, and their applications. The chapter 

begins with a microwave filter, with a definition of filters and their types. It then delves 

into the Approximation of Filters, including butterworth,chebychev and elliptique 

approximation.. The chapter then focuses on the transpostion of frequency and 

impedance of low- and high-bandpass filters. Finally, the chapter delves into microstrip 

line (coupled line) structure, width marches, and the advantages and disadvantages of 

each. 
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          The second chapter provides an introduction to the deep learning . Various domains, 

such as computer vision, pattern recognition, and natural language processing, have 

witnessed the tremendous power of deep networks. Next, the chapter explores 

Convolutional Neural Networks (CNNs).are a class of deep learning neural networks, that 

are widely used for tasks like image recognition, natural language processing, and other 

applications where detecting spatial or temporal patterns in data is crucial. It discusses 

how CNN works (what’s happening in input & hidden & output layers).  The chapter also 

focuses on Artificial Neural Networks (ANNs) . It explains the basics of Artificial Neural 

Network architecture, including input and output layers, hidden layers, and activation 

functions. It discusses the concepts of forward and backward propagation, weight 

initialization, and gradient descent optimization algorithms used in training Neural 

Networks. Finally, the chapter specifically explores the relation between convolutional 

and Fully Connected Neural Network. 

            The third chapter provides an experimental analysis of applying Deep Learning 

techniques to microstrip filter design. It begins by introducing the use of Deep Learning 

in microstrip design and detailing the methodology employed in the study. This includes 

the data preparation process, followed by a discussion on the development and 

architecture of the Deep Learning model, which encompasses the selection of suitable 

neural network architectures. The chapter then explains the model training process, 

covering the steps taken to train the Deep Learning model using the prepared dataset, as 

well as the optimization algorithms and the training and validation procedures used. In 

the results and discussion section, the performance of the trained model in microstrip 

design is presented, with a focus on analyzing and interpreting the accuracy and efficiency 

of the results. The chapter concludes with a summary of the key findings from the 

experimental analysis.
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1.1 Introduction: 
Microwave filters play a crucial role in modern telecommunications systems. They allow 

numerous applications (audio, video, and telecommunications, and instrumentation, 

radars) to share and make the best use of the limited resource that is the spectrum, 

particularly by helping to reduce interference between systems. Filtering a signal is a 

delicate operation that involves controlling the signal within a given frequency band, 

selecting the useful components (pass bands) and isolating those that are undesirable 

(stop bands). The ever-increasing capabilities of telecommunications satellites make the 

optimal use of the frequency spectrum necessary. The payload of a satellite is marked by 

several microwave filtering systems appearing at key locations: at reception, at the input 

multiplexers (IMUX), and at the output. (OMUX). Depending on the position of the filter, 

its specifications and the technology used to create it can vary significantly. 

1.2 Definition of microwave filtering: 

Filtering is the action used to eliminate a frequency or a band of frequencies, or 

conversely, to enhance a frequency or a band of frequencies. 

In other words, it is the action of modifying the spectral components of an electrical signal. 

Filters are the most commonly used components in the field of telecommunications, with 

their main application being the frequency multiplexing of signals. 

The design of microwave filters is complicated because the components used have 

distributed parameters. There is no completely general synthesis method; the frequency 

behavior of microwave circuit elements (transmission lines, cavities, etc.) is complex, 

making it impossible to develop a general and comprehensive synthesis method. 

Many microwave filter design techniques have been developed despite the additional 

complications posed by microwave frequencies. Microwave filters can be used in 

conjunction with other elements or passive devices, as is the case in multiplexers or 

duplexers often used in telecommunications. Microwave filters are also used in active 

circuits such as amplifiers, oscillators, etc. 
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1.3 The Microstrip Technology: 
Microstrip technology widely used for creating microwave circuits, the microstrip 

structure consists of a metallic conductor deposited on the upper face of a dielectric 

substrate and a ground plane on the lower face [11]. The fundamental mode of 

propagation of such a propagation medium is not TEM (Transverse Electric Magnetic) 

because the transverse section is not homogeneous. However, since the amplitudes of the 

longitudinal components of the electric and magnetic fields are sufficiently small to be 

neglected, we refer to it as the quasi-TEM mode. This then makes it possible to model the 

structure in the form of a transmission line with characteristic impedance 𝑍𝑐 "immersed" 

in an equivalent homogeneous medium characterized by an effective relative permittivity 

εreff. 

1.4 Definition of the Filter and its Types: 
The filter is an electronic circuit composed of an inductance and a capacitive resistance, 

characterized by a transfer function, which performs a signal processing operation. It is 

based on the coupling between several resonant cells that ultimately form a certain 

template in terms of losses, transmission, and reflection. It attenuates certain components 

of a signal in one frequency band and allows others to pass through in another frequency 

band called the pass band. Filters are classified by type as high-pass, low-pass, band-pass, 

and band-stop. [6] 

1.4.1 High-Pass Filter:              
A high-pass filter is a filter that allows high frequencies to pass through while 

attenuating low frequencies.  

 

Figure I.1 High-pass filter signal 
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1.4.2 Low-pass filter: 
A low-pass filter is a filter that allows low frequencies to pass through while attenuating 

high frequencies, meaning frequencies above the cutoff frequency. It could also be called 

a high-pass filter.  

 

Figure I.2 signal of a low-pass filter 

1.4.3 Bandpass Filter: 
A band pass filter is a filter that only allows a band or range of frequencies to pass through, 

which is between a lower cutoff frequency and an upper cutoff frequency. 

 

Figure I.3 Band-pass filter signal 
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1.4.4 Band-stop filter: 
The last type of filter studied is the band-stop filter. This type of filter allows everything 

to pass through except for certain frequencies. 

 

Figure I.4 Band-pass filter signal 

1.5 Presentation of the filter: 

 

Figure I.5 general structure of the filter 
If port 2 of this device ends with a suitable load, we can relate the incident and output 

power as follows:  

 

𝑃𝑜𝑢𝑡 = |S21|
2𝑃𝑖𝑛𝑐|  (1.1) 

  

We define this power transmission through a filter in terms of power transmission: 

|S21|
2 =

𝑃𝑜𝑢𝑡
𝑃𝑖𝑛𝑐|

 
(1.2) 

Microwave filters being generally passive, we observe that: 

                                                                0≤ 
𝑃𝑜𝑢𝑡

𝑃𝑖𝑛𝑐|
 ≤1     

(1.3) 

According to the law of conservation of energy: 
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Pinc = Pr + Pabc + Pout  (1.4) 

 

With 

𝐏𝐢𝐧𝐜: Power incidente 

𝐏𝐫  : Reflected Power 

Pabs: power absorbed by the filter considered as loss 

For a lossless microwave filter: 

Pinc = Pr + Pout  (1.5) 

We can write it with: 

Pinc
Pinc

=
Pr + Pout
Pinc

 
(1.6) 

1 =
𝑃𝑟
𝑃𝑖𝑛𝑐

+
𝑃𝑜𝑢𝑡
𝑃𝑖𝑛𝑐

 
(1.7) 

We define 
𝑷𝒓

𝑷𝒊𝒏𝒄
 as the power reflection coefficient: 

Γ=  
𝑃𝑟

𝑃𝑖𝑛𝑐
= |S11|

2    

(1.8) 

The filter outlet is equipped with a suitable load: 

||S11|+|S21| = 1 (1.9) 

1.5.1 Loss of insertions:  
Insertion losses are defined as the level of losses measured at resonance on the electrical 

response in transmission, which corresponds to the attenuation of the parameter │S21│ 

at the center frequency. (Figure2.5). Insertion losses are most often expressed in dB; 

however, there are times when they are reported or used in natural values. 
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Figure I.6: Observation of insertion losses based on the electrical response in transmission 

of a resonator. 

1.5.2 The bandwidth: 
It is equivalent to the frequency range at which the filter's insertion loss falls below a 

given value. For instance, the majority of the low-pass filter models made by Mini-

Circuits are designed to have a maximum insertion loss value of 1 dB within the 

bandwidth. 

1.5.3 The attenuation band:  
Is the frequency range at which the insertion loss of the filter surpasses a given value? For 

example, the frequency range where the insertion loss is more than 20 dB and 40 dB in 

the band-stop filter characterizes the majority of Mini-Circuits low-pass filter models. 

These two values were chosen at random; they could have easily been substituted for any 

other value. There are two objectives with the choice between 20 and 40 dB. The first is 

providing a simple way for the conceptual engineer to determine the frequency selectivity 

of the filter. Enabling speedy filter adequacy computations in particular scenarios is the 

second goal. These values were selected because in many systems, 20 dB or 40 dB reflect 

sufficient loss requirements. Based on frequency, actual loss values are provided in this 

manual. Les pertes de bande d'arrêt pour plusieurs mini-circuits filtres peuvent atteindre 

plus de 60 dB. [7] 

 

 

 



Chapter I : Theory Of Filters 
 

 
17 

1.5.4 Cut-off frequency 𝒇𝒄: 
It is the frequency where the insertion loss of the filter equals 3 dB. This is a very useful 

point for expressing the stop band and bandwidth boundaries. This offers a useful method 

for normalizing a filter's frequency response. For instance, the response obtained from 

dividing the frequency of a low-pass filter by 𝑎𝑐 would be "normalized" to 𝑎𝑐. The design 

engineer can swiftly identify the filter required to satisfy their system's needs thanks to 

the standardized response. [6] 

1.5.5 Central frequency 𝒇𝟎:  
It is the frequency around which band-pass filters are geometrically centered. For 

example, if 𝑓1 and 𝑓2 represent the 3 dB frequency points of a band-pass filter, then the 

central frequency 𝑓0 is calculated as follows: 

When the bandwidth, 𝑓2-𝑓1, is a small percentage of the value of 𝑓0, then 𝑓0, which is 

equal to the geometric mean of 𝑓2 and 𝑓1, will be approximately equal to their arithmetic 

mean in between.[10] 

𝑓0 = √f1∗f2 (1.10) 

For a band-pass filter, the amplitude of the transfer function is maximum at the central 

frequency. 

 Bandwidth β: It is the width of the bandwidth.  

 Quality factor Q: It is the ratio of the central frequency to the bandwidth. 

The quality factor is a measure of the bandwidth, regardless of the central frequency. 

  

Figure I.7: Response of a band-pass filter with its main characteristics. 
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1.5.6 Transfer function: 
The transfer function of a filter is a mathematical description of the response 

characteristics of a system, and mathematically it is the expression of𝑆21. The transfer 

function in squared amplitude for a lossless passive filter is defined by [8]: 

|𝑆21(𝑗Ω)|
2 =

1

1 + ε2Fn
2(Ω)

 
(1.11) 

 

 

Where ɛ is the wave constant, 𝐹𝑛  represents the filtering or characteristic function, and ῼ 

is the frequency. The filter insertion loss response is calculated by: 

 𝐿𝐴(Ω) = 10𝑙𝑜𝑔|𝑆21(𝑗Ω)|
2                                                            (1.12) 

1.6 Ideal filter and real filter: 
The creation of a filter requires knowledge of the frequency spectrum that makes up the 

useful signal; the ideal filter will transmit all components of the spectrum without 

distortion while completely eliminating unwanted signals. [3] 

We cannot create filters that meet the ideal curves, but it is possible to bring them closer 

by acknowledging three imperfections: 

- The attenuation in the pass band is not zero. 

- The attenuation in the stop band represents an infinite value.  

- The transition between the pass bands and the stop bands does not occur abruptly but 

rather gradually. [3] 
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Figure 1.8: Response of a real band-pass filter 

1.6.1 Template of a real filter: 
The closer a filter is to the ideal filter, the steeper the transition bands become (low 

Amax, high Amin) and the more components it requires.  

So, the realization of a filter involves seeking a compromise between performance and 

the number of components. To achieve this goal, a template is defined within which the 

attenuation curve must be located. [3] 

The different templates of the types of filters look like those in figure 2.9.  

 

Figure 2.9: Filter templates 
a) Low pass  

b) High pass  

c) Band pass  

d) Band stop 
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1.6.2 Size of a filter's dimensions: 
A low-pass (high-pass) filter template is fully defined by the knowledge of the quantities 

𝐴𝑚𝑎𝑥  ,𝐴𝑚𝑖𝑛    ,𝐹𝑆 , 𝐹𝐶. 

Regarding band-pass filters (band-stop), there are four frequencies (𝑓𝑠1, 𝑓𝑠2 ,𝑓𝑐1 ,𝑓𝑐2 ) 

and two attenuations𝐴𝑚𝑎𝑥  , 𝐴𝑚𝑖𝑛  due to their symmetry around the central frequency.  

These filters verify the relationship: 

  𝐹𝐶1𝐹𝐶2 = 𝐹𝑆1𝐹𝑆2 = 𝐹0
2                                                                                          (1.13)  

𝐹0: étant la fréquence centrale du filtre. 

1.7 Approximation of filters: 
By applying frequency changes to the low-pass prototype, three distinct filter types are 

produced: band pass, band stop, and high-pass. Because the intended transfer function 

and the rejection function both depend on the filter's order n, the theoretical synthesis of 

a filter starts with the synthesis of the related low-pass filter. By inserting various poles 

and zeroes, it is possible to design transfer functions with diverse features. We will 

thoroughly discuss the generalized or pseudo-elliptical Chebyshev, Butterworth, and 

Chebyshev functions utilized for both band-pass and low-pass filters here. 

1.7.1 Butterworth Approximation: 
A Butterworth filter is a type of linear filter model, designed to have. A gain as constant 

as possible in its bandwidth.  

For the Butterworth approximation, the transfer function of an n-the order filter is 

expressed as follows [8], [9]: 

|𝐻(𝑗𝜔)|2 =
1

1 + (ω/ωc)2n
 

(1.14) 

 

𝜔𝑐  Is the cutoff frequency, 𝐻0 is the attenuation constant. The parameters of the 

Butterworth filter are provided in Figure 1.3.  

Figure 1.10 shows the insertion losses of the Butterworth filter for different filter orders.  
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Figure 1-10 Frequency response of a Butterworth low-pass filter (Butterworth 

filter with N=1, 2, 3, 4, 5, 6) 
For various order n Figure 1.10 illustrates how we approach the ideal case of the filter as 

the filter's order increases.  

1.7.2 Chebyshev Approximation: 
The ability of Chebyshev filters to allow ripple in the pass band or stop band distinguishes 

them from other filter types. The ripple in the pass band is an approximate Type 1 

Chebyshev filter. The following is the expression for the transfer function of a type 1 filter 

of order n [8] [9]: 

|𝐻(𝑗𝜔)|2 =
1

1 + ε2Cn
2(ω/ωc)2n

 
(1.15) 

  

Cn(ω)    = cos(ncos
−1(ω)) (1.16) 

The insertion losses of the Chebyshev filter for various filter orders are displayed 

in Figure 1.11: 
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Figure 1.11 Response of the Chebyshev function for different orders n 

 

Figure 1.12 the insertion losses of the Chebyshev prototype filter for n=3, 5, 7, and 9. 

The amplitude response of a low-pass filter is specified by the transmission coefficient. 

|S21(jω)|
2 =

1

1 + ɛ2𝐶𝑛2
 (𝜔)

 
(1.17) 

 

 

                                                        ɛ  = √10
𝑨𝑴𝒂𝒙    
10 − 1 

(1.18) 

 

Ɛ is a parameter that characterizes the ripple in the filter's bandwidth, and by replacing 

the value of the insertion loss 𝑨𝑴𝒂𝒙 expressed in (dB). 
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𝐶𝑛 (𝜔) =  {
cos (𝑛𝑐𝑜𝑠−1  𝜔) , |𝜔|≤ 1 

𝑐𝑜𝑠ℎ (𝑛𝑐𝑜𝑠ℎ −1𝜔) , |𝜔|≥ 1
 

(1.19) 

 

𝐶𝑛 (𝜔)  Is the Chebyshev polynomial. 

1.7.3 Generalized Chebyshev or Elliptic Approximation: 
Generalized Chebyshev functions are more complex but allow for better rejections 

because they have, like the Chebyshev function, reflection zeros within the band, as well 

as transmission zeros outside the band at frequencies𝝎𝒊 .[6] 

|S21(jω)|
2 =

1

1 + ɛ2𝐹𝑛
2 (𝜔)

 
                                                                    (1.20) 

 

Where 𝐹𝑛 (𝜔) is the filtering function and it is given by  

𝐹𝑛 (𝜔) =

{
 
 
 
 

 
 
 
 
M
∏ ωi

2 − ω2
n
2
i=1

   

∏
ωc

2

ωi2
− ω2

n
2
i=1

           𝑛=𝑝𝑎𝑖𝑟

N
∏ ωi

2 − ω2
n−1
2

i=1

∏
ωc2

ωi
2 − ω

2
n−1
2

i=1

             𝑛 𝑖𝑚𝑝𝑎𝑖𝑟≥3 

 

 

 

                                     (1.21) 

|𝐻(𝑗𝜔)|2 =
1

1+ε2Fn
2(ω/ωc)

2n                                                   (1.22) 

 

Figure 1.13 the parameters of an elliptical filter response 

The elliptical approximation is distinguished from others by its characteristic of equal 

undulation both in the pass band and in the stop band [5], [6].  



Chapter I : Theory Of Filters 
 

 
24 

Moreover, it has transmission zeros in its electrical response that allow for a good level 

of filter selectivity with a limited order. It Is defined by its attenuation function:  

𝛼𝑎 = 10 log[1 + 𝜀
2𝜑𝑛

2(𝑤)]                                                        (1.23) 

Where the function 𝜑𝑛 is an elliptic function of order n and ξ is a parameter that 

determines the ripple in the bandwidth w at the cutoff frequency. 

 

Figure 1.14 shows a low-pass elliptical filter. 
A closer look at the three filters' curves reveals that the Butterworth filter has a lower 

rejection, suggesting that a higher order is required for a particular implementation. 

Conversely, its sound is noticeably more constant throughout the entire frequency range. 

In cases where a sharp transition is needed, elliptical and Chebyshev filters are employed. 

In contrast to inverse Chebyshev filters, also known as type 2 filters, which display ripple 

in the stopband, Chebyshev filters display ripple in the passband. Even with their 

improved selectivity, elliptical filters ripple in both bands and are frequently more 

challenging to tune. 
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Figure 1.15 shows the insertion losses of a prototype elliptical filter for n=3, 5, and 7 

(k=0.9, ε=0.5). 

1.8 The prototype of the low-pass filter: 
The transfer function calculation will be carried out on a prototype low-pass filter, which 

is a representative example of the filter to be produced, regardless of the type of filter (in 

the family of low-pass, high-pass, band-pass, and band-stop filters). 

 

 

Figure 1.16 the prototype of the low-pass filter 
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1.8.1 Prototype low-pass filter of Butterworth: 

 The order of the filter  

For the design of a low-pass filter, the order n is determined by the following 

relationship:  

n ≥  
𝒍𝒐𝒈(𝟏𝟎𝟎.𝟏𝑨𝑴𝒊𝒏    −𝟏)

𝟐𝒍𝒐𝒈(ω)
                                                          (1.24) 

Or: 

ωa

ωc
= 100.1AMin    − 1                                                          (1.25) 

 

The values of the components of the prototype low-pass Butterworth filter with equal 

resistive terminations are determined using the following equations: 

  

𝑔0 = 1 

𝑔𝑛+1 = 1 

 

𝒈𝒊 = 𝟐 𝒔𝒊𝒏[
(𝟐𝒊−𝟏)𝝅

(𝟐𝒏)
] 

 for 𝑖 =1,2,…..n    

Despite its simplicity, the Butterworth filter type h response is not widely 

used in practice due to insufficient selectivity. 

 

1.8.2 Prototype of the Chebyshev low-pass filter: 
 The order of the filter:  

For the design of a low-pass filter, determine the order n using the 

following relationship: 

                        

(1.26) 

           N ≥
cosh−1(√(100.1AMinn    −1)/ℇ)

cosh−1 (ωa/ωc)
 

 (1.27) 

For an attenuation 𝐴𝑚𝑖𝑛at the frequency𝜔0. The𝑔𝑖  parameters are calculated as follows: 

𝑔0 = 1 

𝑔1 = (2/𝛾) 𝑠𝑖𝑛(𝜋/2𝑛) 



Chapter I : Theory Of Filters 
 

 
27 

      𝒈𝒏  = 
𝟏

𝒈𝒊−𝟏
 
𝟒 𝐬𝐢𝐧[

 (𝟐𝒊−𝟏)𝝅

𝟐𝒏
].𝐬𝐢𝐧[

(𝟐𝒊−𝟑)𝝅]

𝟐𝒏
]

𝛄𝟐+𝐬𝐢𝐧𝟐[
(𝐢−𝟏)𝛑

𝐧
]

                                                                 

                                                                                                                                                (1.28) 

𝒈𝒏+𝟏=1    if n is even 

                                                                                                                                                    (1.29) 

𝑔𝑛+1= coth2 (𝛃/4)  si n est impair                                                                                 

                                                                                                                                                      (1.30) 

   𝛃= 𝑙𝑛 [coth (
𝐴𝑀𝑎𝑥

17.37
)]                                                           

                                                                                                                                                        (1.31)      

                                                                        𝛄= sin h (
𝛽

2𝑛
)                           

                                                                                                                                                       (1.32) 

 

1.8.3 Low-pass prototype of the elliptical filter: 

Using stepped-impedance microstrip hairpin resonators and their associated circuit 

models, a small low-pass filter with an elliptical function is created. The analogous circuit 

concept is used to create prototype filters by using the element value tables that are 

readily available. The prototype filters' size is modified using an electromagnetic 

simulation to maximize filter performance. A very sharp cutoff frequency response and 

little insertion loss are offered by the filter that uses several cascaded hairpin resonators. 

Moreover, more attenuation poles are added to the filter to expand its bandwidth and 

rejection range. Good agreement is found in the evaluation of the filters based on 

simulation and experience. This kind of filter, along with others, may be designed and 

understood with the help of this straightforward equivalent circuit model. 
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Figure 1.16. The prototype low-pass filter of the elliptic function with (a) parallel 

resonators connected in series (b) series resonators connected in parallel. 

1.9 Transpositions Of frequency and impedance starting from the low-pass 

template: 
Via frequency modifications, standardized low-pass . In fact, capacitance and inductance 

are the two components that make up a low-pass filter. As a result, the low-pass prototype 

is used to create the LC networks of filters (high-pass, band-pass, and band-stop) by 

simply changing the impedance and frequency. 

1.9. 1 Transposition In impedance:  

We have to denormalize the elements of the low-pass prototype since all of its elements 

(𝒈𝒌) are normalized with regard to frequency and impedance. 

De-normalization of the impedance can be achieved easily by dividing the𝒈𝒌 representing 

parallel capacitors by 𝑹𝟎 and multiplying the 𝒈𝒌 representing series inductors by the load 

resistance𝑹𝟎 . 

 This denormalization of impedance is seen in figure 1.17 . 

In order to create high-pass, band-pass, or band-stop filters from the low-pass prototype, 

we need to perform frequency transformation. 
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Figure 1.17: Impedance Transformation 

1.9.2. Low-pass to high-pass transformation:  

The frequency transformation from the low-pass plane (ω) to the high-pass plane (ω') is 

defined by:  

𝐶′𝐾 =
1

𝑤𝑐𝐿𝐾
=

1

𝑤𝐶𝑔𝑘
                                                                                  (1.33) 

 𝐿′𝐾 =
1

𝑤𝐶𝐶𝐾
=

1

𝑤𝑐𝑔𝑘
 (1.34) 

Under these conditions, the high-pass prototype can be easily deduced from that of the 

low-pass. To do this, each self must be replaced by a capacity and vice versa. Let the 

capacitances𝑪𝑲  and inductances 𝑳𝑲 of the low-pass prototype be given, then the values 

(frequency-denormalized) for the capacitances 𝑪𝑲′ and inductances𝑳𝑲′  of the high-pass 

filter are calculated by :  

This transformation is illustrated in the figure.  

 

Figure 1.18: Low-pass to high-pass transformation 

1.9.3 Frequency transformation: low pass → band pass: 

Let's suppose that a prototype low-pass response needs to be transformed into a band-

pass response with a bandwidth of 𝜔2 - 𝜔1, where 𝜔1 and 𝜔2 indicate the cutoff 

frequencies of the band-pass filter. The template of a band-pass filter is defined by: 

 At the central pulsation  ω0 

 At the low cutoff pulsation ω1.. 
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 At the high cutoff pulsation ω2..  

Let:  

The frequency transformation from the low-pass plane (𝜔) to the band-pass plane (𝜔′) is 

defined as:  

𝜔→ 
1

∆
 (
𝜔0

𝜔′
−

𝜔′

𝜔0
) (1.35) 

ω0 = √ω1ω2    

(1.36) 

∆ = 
  𝜔𝟐−𝜔𝟏

𝜔𝟎
    

(1.37) 

 

The obtaining of the band-pass filter from the low-pass prototype is done in two steps.  

1- The inductances in series must be replaced by a series LC resonant circuit, with the 

values of the elements defined as follows.  

𝐶𝑖
′ =

∆

𝜔0𝑙𝑖
=

∆

𝜔0𝑔𝑖
                                                                                                (1.38) 

𝐿𝑘
′ =

𝐿𝑖

 ∆𝜔0
 = 

𝑔𝑖

 ∆𝜔0
                                                                                    (1.39) 

 

2) The parallel capacities must be replaced by a parallel LC resonant circuit, with the 

values of the components defined as follows:  

𝐶𝑖
′= 

𝑐𝑖

∆𝜔0
= 

𝑔𝑖

∆𝜔0
                                                                                                      (1.40) 

𝐿𝑖  
′ = 

∆

𝜔0𝑐𝑖
=

∆

𝜔0𝑔𝑖
                                                                                                   (1.41) 

The frequency transformation from low-pass to band-pass involves the following 

modifications according to the equivalent circuit used: 
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Figure I.19 Low-pass to band-pass frequency transformation 

1.9.4. Band-stop filter transformation: 

For the case of frequency transformation for the band-stop filter, we use the following 

transformation: 

𝑤 → −∆(
𝑤′

𝑤0
−
𝑤0
𝑤
)

−1

 
                                                               (1.42) 

To obtain the band-stop filter, it is enough to do the opposite of the band-pass filter case, 

where you need to replace the inductances with the parallel LC circuit defined by: 

𝐶′𝑘 =
1

∆𝐿𝐾𝑤0
=

1

∆𝑔𝑘𝑤0
 

                                                             (1.43) 

  

  𝐿𝐾 =
∆𝐿𝐾

𝑤0
=

∆𝑔𝑘

𝑤0
                                                                            

                                                              (1.44) 

And replace the capacitors with the series LC circuit defined by  

𝐶′𝐾 =
∆𝐶𝐾
𝑤0

=
∆𝑔𝑘
𝑤0

 
                                                               (1.45) 

𝐿𝐾 =
1

∆𝐶𝐾𝑤0
=

1

∆𝑔𝑘𝑤0
 

                                                              (1.46) 

All these frequency transformation steps can be summarized in Table 1. 
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Table 1.1 Frequency transformation from the low-pass prototype. 

1.10 Low-pass filter prototype: 
The realization of any filter boils down to that of the low-pass filter called the "prototype." 

To facilitate the synthesis, we introduce two simplifications: 

- The normalization of frequency and impedance units  

- Frequency transposition.  

1.10.1 Normalization of units: 

1. Normalization of the frequency unit: the normalized frequency is  

𝒇 =
𝑭

𝑭𝒖
 

 

For low-pass and high-pass filters, 𝐹𝑢 will be the last passing frequency: 𝐹𝑢 = 𝐹𝐶  

And for band-pass or band-stop filters, the central frequency is such that: 

𝐹𝑢 = 𝐹0 = √𝐹𝐶1𝐹𝐶2                                                         (1.47) 
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Figure 1.20: response of a low-pass filter expressed as a function of normalized frequency. 

2. Normalisation Of Impedance Unit: 

We take a particular value R0 as the unit of impedance, and normalization is generally 

done with respect to the load impedance RL. 

1.10.2 Values of the components of the low-pass filter: 

The structure of the low-pass filter is shown in Figure 2.15.  

 

Figure 1.21: low-pass filter prototype. 
R0 is a parameter of the problem since it is the characteristic impedance of the line on 

which the filter is inserted, and we will benefit from the case where R0 equals RL: this 

simplifies the calculation and allows for the same impedances at the input and output.  

The self-inductances 𝐿𝑘 and the capacitances 𝐶𝑘  of the low-pass prototype are expressed 

in terms of  𝑅0,, 𝑤𝑐  and the parameter 𝑔𝑘   :  

𝐿𝐾 =
𝑅0

𝑤0
𝑔𝑘       And        𝐶𝐾 =

1

𝑅0𝑤𝐶
𝑔𝑘                                     (1.48) 
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1.11. Normalization and change of variable or frequency: 
From the synthesis of the normalized low-pass filter, characterized by the values of 

inductances 𝐿𝑛  and capacitances𝐶𝑛 , one can obtain the synthesis of any filter for any 

central frequency w0, any reference frequency band ( 𝑤𝑐2 −𝑤𝑐1 ), and suitable for an RL 

load. 

We can therefore outline Table (1.1) in transformation diagrams allowing for the 

synthesis of filters whose amplitude and transition time curves are derived from the 

curves of the same nature of normalized low-pass filters through variable changes. [8] 

1.12. Impedance and Admittance Inverters: 
In the simulation of filters, impedance and admittance inverters (1.22) are crucial 

components. An impedance inverter can be as simple as a quarter-wave transformer. 

 

Figure 1.22 Impedance inverters (a) and admittance inverters (b) 
Bandpass filters can be implemented in parallel resonant circuits (L, C) separated by 

admittance inverters or in series resonant circuits (L, C) separated by impedance 

inverters (K) by utilizing the characteristics of inverters.(J). 

 

Figure 1.23 Generalized bandpass filters. (a) Impedance inverters K (b), admittance inverters J. 
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The following circuits (see Figure 1.24), which are commonly used for narrow band filters 

whose bandwidth does not surpass 10% of their central frequency, can be used to create 

these inverters: 

 

 

 

              Figure1.24  Schéma équivalent passe-bande pour les circuits a bande étroite. 

1.12.1 Coupling Matrix Parameter:  

The template, the transfer function, the equivalent circuit, and the coupling matrix can all 

be linked using the methods described in the earlier sections. Nevertheless, the previously 

presented technique is limited to direct coupling filters—that is, filters that employ 

Butterworth or Chebyshev functions. It is crucial to extend the preceding technique to 

include the couplings between non-adjacent resonators for elliptic functions. Narrow 

band band-pass filters can thus be linked to the localized element model [3] depicted 

below (Figure 1.23). 

 

Figure 1.25 Equivalent electrical diagram for a lossless narrow-band band-pass 

filter, showing all possible couplings. 
In the diagram, the self-inductances and capacitances define the resonators, while the 

mutual inductances represent the couplings between these different resonators. The 
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losses are not taken into account.  

The coupling coefficient and quality factor can be calculated by:  

M
i,i+1=

𝐹𝐵𝑊

√gigi+1

                                                                 (1.49) 

Qen =
gngn+1

𝐹𝐵𝑊
                                                                 (1.50) 

Qe1 =
g0g1

𝐹𝐵𝑊
                                                                  (1.60) 

FBW is the relative bandwidth. 

Z01 = Z0 = 50 ohm 

The characteristic impedance of the quarter-wave line 𝐾𝑖,𝑗  used as an impedance 

inverter between resonators 𝑖  and j. [11] 

K
i,i+1=

Z0
Qe1 Mi,i+1

 (1.61) 

1.12.2 Coupled Line Bandpass Filter:  

Narrowband filters are traditionally constructed from linked line topologies. The 

bandwidth and the degrees of coupling between resonators are directly correlated by 

these structures. The figure depicts the general appearance of a microstrip bandpass filter 

linked in parallel. (1.26). [8] 

 

Figure 1.26: structure of a microstrip bandpass filter with coupled lines. 

1.12.3 Band-pass filters with inverters Immittance: 

The capacity to change admittance or impedance levels according to the parameters K or 

J that are selected. Their characteristics enable us to transform a filtering circuit into a 

form that is more suitable for use with microwave structures. 
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Figure 1.26 prototypes of modified low-pass filters with impedance inverters installed.  

In order to convert the low-pass filter's inductances into the band-pass filter's series 

resonators, we get: 

 

Figure 1.27 Bandpass filters using impedance inverters 

Similarly, with the admission inverters: 

K0,1 = √
Z0FBWω0Ls1

ῼcg0g1
                                                  (1.62) 

Ki,j+1 =
FBWω0

ῼc
√
LsiLs(i+1)

gigi+1
                                                       (1.63) 

Kn,n+1 = √
FBWω0Lsn Zn+1

ῼcgngn+1
                                                       (1.64) 

Csi =
1

ω0
2Lsi

|  i = 0 à n                                                       (1.65) 

 

Figure 1.28 Modified low-pass filter prototypes to include admittance inverters. 

J0,1 = √
γ0Ca1

g0g1
                                                        (1.66) 
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J0,1 = √
γ0Ca1

g0g1
                                                        (1.67) 

Jn,n+1 = √
Canγn+1

gngn+1
                                                    (1.68) 

 

Figure 1.29 Band-pass filter using admittance inverters 

J0,1 = √
γ0FBWω0Cp1

ῼcg0g1
                                                        (1.69) 

Ji,j+1 =
FBWω0

ῼc
√
CpiCp(i+1)

gigi+1
                                                                  (1.70) 

Jn,n+1 = √
FBWω0Cpn γn+1

ῼcgngn+1
                                                         (1.71) 

Lpi =
1

ω0
2Cpi

|i = 0 à n                                                                 (1.72) 

 

1.12.4 Practical implementation of immittance inverters: 

One of the simplest forms of inverters is a quarter-wavelength transmission line; there 

are other circuits that function as inverters. It can be noted that some of the inductances 

and capacitances have negative values. The figure shows four typical localized element 

inverters [7]. Figure 1.30 (a) and (b) are of interest for use as inverters K: 
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Figure 1.30 immittance inverters with localized elements 
Any of these inverters can be treated as an inverter 𝐾 or 𝐽. It can be shown that the 

inverters in figures I.23 (a) and (d) have a phase shift (the phase of S21) of +90°, while 

those in figures I.23 (b) and (c) have a phase shift of -90°. This is why the signs "±" and 

"∓" appear in the matrix expressions ABCD of the immittance inverters. [7] 

1.13 Advantages and disadvantages of microstrip filters:  
Microstrip filters have a number of benefits, including low weight, low volume, 

conformability, and the ability to integrate microwave circuits at the filter level because 

their technology is developed from printed circuits. Let's also mention that this kind of 

filter is appropriate for low manufacturing costs due to the simplicity of their structures.  

The emergence of microstrip filters in mobile communication applications can be 

explained by this important attribute. 

The benefits of microstrip filters often come from the following: 

 Simple 

 Robust 

 No-intrusive  

 Suitable for flat and uneven surfaces 

 Low-cost 
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Numerous benefits arise from applying faults in the mass layout, including rejection of 

secondary lobes and miniaturization. Microwave filters have made great use of them in 

their design. 

1.14 Microstrip Technology:  
Presently, filters and other passive microwave circuits are designed using microstrip 

technology. Indeed, it is not difficult to imagine resonators with intriguing performance 

and small dimensions. Figure 1.31 shows how to change the line's dimensions to configure 

the magnetic and electric fields for a transmission line using triple-layer technology. 

Figure 1.31 shows the geometry of a microstrip line (a). It is made up of a ground plane 

on the lower surface and a metallic strip on the upper surface of a dielectric substrate. A 

portion of the microstrip line's electromagnetic field lines are in the air, while the majority 

of them are found in the dielectric substrate Figure 1.31 (b). A microstrip line's field is a 

hybrid TM-TE wave rather than a pure TEM field. Nonetheless, the dielectric substrate's 

thickness is extremely thin in microwave applications.  

 

Figure 1.31: (a) Configuration of a line in microstrip technology (b) map of the fields. 
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 The main parameters that characterize the microstrip structure are the permittivity ε 

(often chosen to be high in order to concentrate the electromagnetic field and thus reduce 

radiation losses) and the geometric parameters W and h (generally 0.1 ≤ W / h ≤ 10). 

- W: line width 

- Substrate thickness 

- T: metal thickness 

1.14.1 Microstrip Line: 

A microstrip line consists of a conductor of width W, a dielectric substrate of thickness d, 

and permittivity ε_r. The presence of the dielectric (generally thin with d << λ) 

concentrates the field lines in the region between the conductor and the ground plane, 

with part of it in the air region above the conductor, leading to quasi-TEM propagation 

modes in which dispersion occurs as a function of wavelength. [5] 

 

 

Figure 1.32: The construction of a microstrip line. 
The phase velocity and the propagation constant are given by: 

                           𝑣
𝑝=

𝐶

√ɛ𝑒𝑓𝑓

                                                                                                      (1.73)         

                                                                            

β=𝑘0√ɛ𝑒𝑓𝑓                                                (1.74)  

With :                                  



Chapter I : Theory Of Filters 
 

 
42 

 𝑘0= 
2𝜋𝑓

𝐶
 

C: the speed of light (c  ≈ 3 × 108𝑚 𝑠⁄  ) 

                                               (1.75) 

 

 

1.14.2 Electromagnetic field in the microstrip line: 

In a microstrip line, the field lines are mainly concentrated in the dielectric between the 

metalized strip and the ground plane, although a small portion is also found in the air 

above the substrate. This implies that a microstrip line cannot support a pure TEM mode; 

a pure TEM wave contains only transverse components, and the propagation speed 

depends on the material properties (permittivity and permeability). The phase velocity 

of TEM fields in the dielectric c/√ (ε_r) differs from that in air. Waves in the microstrip 

line exhibit longitudinal components for the electric and magnetic fields, and the 

propagation speed depends on the material properties and physical dimensions of the line 

[12].  

The distribution of the electric and magnetic fields is illustrated in the figure. 

1  < ɛ𝑒𝑓𝑓    < ɛ𝑟  

 

Figure 1.33: Quasi-TEM Terrain Configurations 
In the quasi-static approximation, the effective relative permittivity  𝜀𝑟𝑒 and the 

characteristic impedance of the microstrip( 𝑍𝐶) are related to the permittivity of the 

dielectric substrate and also take into account the effect of external electromagnetic 

fields.  

According to:  
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 𝑍0 =√
𝐿

𝐶
 

                                                             (1.76) 

And  

 

𝑣𝑝= 
1

√𝐿𝐶
 

 

                                                         (1.77) 

 

1.14.3Quasi-TEM Approximation: 

A portion of the field lines in microstrip are located in the air zone above the substrate, 

with the majority of them concentrated in the dielectric region between the conductive 

strip and the ground plane.  

Because of this feature, the microstrip can tolerate ten waves growing.  

A microstrip line's dominant mode can behave like a TEM mode and the TEM theory will 

apply if the longitudinal components of the fields for the dominant mode stay significantly 

less than the transverse components. The microstrip line can also be used with the 

transmission line. [6]  

The quasi-TEM approximation refers to this and it is applicable to the majority of 

microstrip frequency working ranges. 

1.15. Effective dielectric constant( ɛ𝒓𝒆)   and characteristic impedance( 𝒛𝒄): 
Closed-form expression (error ≤ 1%) for thin conductors (T → 0): 

 W/h ≤ 1: 

ɛ𝑟𝑒 = 
ɛ𝑟+1

2
 +

ɛ𝑟−1

2
{(1 + 12 

ℎ

𝑤
)
−0.5

+ 0.04(1 −
𝑤

ℎ
)
2

} 

 

           (1.78) 

𝑧𝑐=
𝜂

2𝜋√ɛ𝑟
𝑙𝑛 (

8ℎ

𝑤
+ 0.25

𝑤

ℎ
) 

 

                                                (1.79) 

 W/h ≥ 1: 
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ɛ𝑟𝑒=
ɛ𝑟+1

2
 + 

ɛ𝑟−1

2
(1 + 12

ℎ

𝑤
)
−0.5

 

 

                      ( 1.80)          

𝑧𝑐  = 
𝜂

√ɛ𝑟𝑒
{
𝑤 

ℎ
+ 1.393 + 0.677 ln(

𝑤

ℎ
+ 1.444)}

−1

 

 

                        (1.81) 

 

1.15.1Effective dielectric constant (error ≤ 0.2%): 

ɛ𝑟𝑒= 
ɛ𝑟+1

2
 + 

ɛ𝑟−1

2
(1 +

10

𝑢
)
−𝑎𝑏

 

 

          (1.81)                              

 

a= 1+ 
1

49
 ln(

𝑢4(
𝑢

52
)
2

𝑢4 +0.432
)+

1

18.7 
 ln [1 + (

𝑢

18.1
)
3

] 

 

 

                

(1.82) 

b= 0.564((ɛ_r-0.9)/(ɛ_r+3))^0.053 

                                                                                                                            (1.83) 

1.15.2. Characteristic impedance (error ≤ 0.03%): 

             𝑧𝑐= 
𝜂

√2𝜋ɛ𝑟𝑒
 ln [

𝐹

𝑢
+ √1+ (

2

𝑢
)
2

] 
          (1.84) 

F= 6+(2𝜋 − 6)𝑒𝑥𝑝 [−(
30.666

𝑈
)
0.7528

] 

 

                                                              (1.85) 
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 Guided wavelength: 

  𝜆𝑔=
𝜆0

√ɛ𝑟𝑒
  ou 𝜆𝑔= 

300

𝑓(𝐺𝐻𝑧)√ɛ𝑟𝑒
mm 

 

                         

(1.86) 

  Constante de propagation: 

β = 2π/λ_g                                                                                      (1.87)  

 Phase velocity: 

𝑣𝑝 = 
𝜔

𝛽
 = 

𝑐

√ɛ𝑟𝑒
 

 

(1.88) 

 Electric length:  

𝜃 = 𝛽ℓ 

 

                                                  

(1.89) 

1.16 Ondes de surface et modes d'ordre supérieur : 
 The coupling between the quasi-TEM mode and the surface wave mode becomes 

significant when the frequency is above𝑓𝑠 . 

𝑓𝑠  = 
𝑐 tan−1 ɛ𝑟

√2𝜋ℎ√ɛ𝑟−1
                                                     (1.90) 

 Cut-off frequency 𝑓𝑐   of the first higher-order modes in a microstrip. 

     𝑓𝑐= 
𝑐

√ɛ𝑟(2𝑊+0.8ℎ)
 

 

                                                  (1.91) 

 The operating frequency of a micro ribbon line < Min (𝑓𝑠 ,𝑓𝑐  ) 
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1.16.1Coupled lines: 

1.16.1.1. Coupled Line Structure : 

The coupled line structure supports two quasi-TEM modes: the odd mode and the even 

mode. 

 

Even and odd mode: 

Effective Dielectric Constant (ɛ𝑟𝑒) and Characteristic Impedance (𝑍𝑐)  

 Odd mode: 

 

Electric Wall 

 Even mode: 

 

Magnetique wall 

Even and odd mode: 

The characteristic impedances (𝑍𝑐 and 𝑍𝑐0 ) and the effective dielectric constants (ɛ𝑟𝑒
0  

andɛ𝑟𝑒
𝑒 ) are obtained from the capacitances (𝐶0and𝐶𝑒 ).  

 Even mode: 

𝑍𝑐0=(𝑐√𝐶𝑒
𝑎𝐶𝑒)

−1
                                      (1.92) 
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ɛ𝑟𝑒
𝑒 =

𝐶𝑒
𝐶𝑒
𝑎        

 

                                                                                         (1.93) 

 Odd mode: 

       Zc0= (c√C0
aC0)

−1
 

 

                                                           (1.94) 

 

  ɛ𝑟𝑒
0 =

𝐶0

𝐶0
𝑎                                                            (1.95) 

 

𝐶0
𝑎& 𝐶𝑒

𝑎 are even and odd mode capabilities for the coupled microstrip line configuration 

with air as the dielectric. 

1.17 Discontinuities: 
o Micro ribbon discontinuities commonly encountered in the arrangement of 

practical filters include steps, open ends, folds, gaps, and junctions. 

o The effects of discontinuities can be accurately modeled using a full-wave EM 

simulator or closed-form expressions and taken into account in filter designs. 

1.17.1. Width marches: 

 

-Open ends: 

 

- Gaps: 
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- Court courses: 

 

-Steps in width: 

 

 

1.18. Advantages and disadvantages: 
People frequently construct microwave circuits using the microstrip line. Regardless 

of the substrate selected, it enables a broad range of possible characteristic 

impedances in printed circuit technology (about 10Ω to 200Ω). This is less true in 

integrated circuit technology, where their employment is restricted to impedances 

below roughly 70Ω due to the substrate's few millimeter thickness. The losses are 

increasing as the ribbon's width decreases. 

Connecting parts in series is still simple, but placing parts in parallel is more difficult 

and needs vias to guarantee that the bottom surface of the component is connected 

to the ground plane. Metalized holes, also known as metal vias, have a noticeable 

impact on the electrical performance of the circuit, and their parasitic effects need to 

be considered. Even with these minor shortcomings, this technology is still in high 

demand. These benefits frequently exceed the drawbacks.  
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   1.19 Conclusion 
In this chapter, we presented the design method for the different types of microwave 

filters and the microstrip technology. In fact, the optimal normalized low-pass filter 

can be used to derive the various categories. However, because a discontinuous 

attenuation cannot be achieved, the perfect low-pass filter is not physically feasible. 

Finding a transfer function that most closely resembles the properties required by the 

template of the standardized low-pass filter reference is thus a first step. The most 

popular solutions Butterworth, Chebyshev, and elliptic type approximation 

functions—have been explained. To obtain an adequate rejection rate using the 

Butterworth approximation, a very high filter order is necessary, which invariably 

results in a sizable amount of losses in the real filter. Regarding the Chebyshev 

approximation, it is more widely utilized because to its ease of implementation and 

ability to provide, depending on the permitted ripple, a greater rejection in the 

stopband for an equivalent order. Apart from these traditional filters, elliptical 

approximations with rippling in the passband and stopband exist. These filters' 

attenuated band contains discrete frequencies where transmission zeros are present, 

which enables large rejection levels with a constrained order. These filters work well, 

but the related electrical schematic and synthesis can be difficult to accomplish, which 

adds complexity to the design. 

 We associate an electrical schematic made up entirely of localized elements of kinds 

L and C (capacitances and inductances) with the selected mathematical function. 

Mathematical formulas are used to determine the circuit elements. Next, we alter the 

circuit elements' impedance and frequency to provide the required filtering function 

(band-pass, band-stop, etc.). 

The benefits and drawbacks of microstrip technology were discussed in this chapter, 

along with some of its general properties including the effective dielectric constant 

(𝜀𝑒𝑓𝑓) and characteristic impedance𝑍0. Additionally, models with various 

discontinuities are offered.
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2.INTRODUCTION:  
Deep learning has gained increasing appreciation in both academic and industrial fields 

over the past decades. Various domains, such as computer vision, pattern recognition, and 

natural language processing, have witnessed the tremendous power of deep networks. 

However, current studies on deep learning primarily focus on datasets with balanced 

class labels. [13] 

2.2. Convolutional Neural Networks (CNNs): 

Convolutional networks, also known as Convolutional Neural Networks (CNNs) (LeCun, 

1989), are a class of deep learning neural networks, that are widely used for tasks like 

image recognition, natural language processing, and other applications where detecting 

spatial or temporal patterns in data is crucial. CNNs are built to automatically and 

adaptively learn spatial feature hierarchies using backpropagation, leveraging various 

components such as convolutional layers, pooling layers, and fully connected layers. [14] 

2.2.1How a CNN Works 

Convolutional Neural Networks (CNNs) are currently the most competitive models for 

classifying images. Referred to by the acronym CNN, they have two clearly defined parts. 

The input is an image with numerical values in the form of a pixel matrix, arranged 

spatially: width, height, and depth (dimensions) as shown in Figure 1. The image has 2 

dimensions (2D) for grayscale images. A color image is represented by a third dimension, 

depth (3D), which corresponds to the fundamental colors [Red, Green, Blue] or RGB. 

 

Figure 2.1: Image arranged spatially: width, height, and depth. 
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 The convolutional part is the first section of Convolutional Neural Networks (CNNs), 

which functions as a feature extractor for images. Represented as a matrix, it passes 

through a sequence of filters: convolution layers and pooling layers, creating new 

matrices (images) called convolution maps. At the end, the convolution maps are 

concatenated into a feature vector, called the CNN code. 

This CNN code is then fed into the second part, known as Fully Connected layers. The main 

role of this section is to combine the features from the CNN code to classify an image. 

 

Figure 2.2: How CNN works 

A CNN architecture (Figure 2) is composed of a stack of independent processing layers: 

 The Convolutional layer (CONV), which processes data from a receptive field. 
 The Pooling layer (POOL), which compresses information by reducing the size of the 

intermediate image (often through subsampling). 

 The Correction layer (ReLU), commonly referred to as 'ReLU' in reference to the 

activation function (Rectified Linear Unit). 

 The Fully Connected layer (FC), which is a perceptron-type layer. 

 The Loss layer (LOSS). 

2.2.2 Convolutional Layer (CONV) 

The convolutional layer is the basic building block of a CNN. Three parameters    determine 

the volume of the convolutional layer: depth, stride, and padding.[14]  

a- Layer Depth: The number of convolutional kernels (or the number of neurons 

associated with the same receptive field) 
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Figure 2.3: Principe of kernels 
 

b- Stride:  Controls the overlap of receptive fields. The smaller the stride, the more 

receptive fields overlap, and the larger the output volume will be. 

 

 When using a stride of 1 (stride=1), it means we are moving our filter (3x3) by 1 pixel 

at a time (Figure 2.4) 

 

Figure 2.4: An example of a stride of 1 pixel 

In this image, you can see an example of a 3x3 filter (kernel) applied to an input matrix 

with a stride of 1. The filter slides over the input, moving 1 pixel at a time, as illustrated 

by the highlighted squares. After the convolution operation is performed at each 

position, the resulting values (e.g., 0.56, 0.57) are output as part of a feature map. [15] 

Here’s what happens 

 The filter starts at the top-left corner of the matrix, covering the first 3x3 block. It 

calculates the result (e.g., 0.56) for that position. 

 The filter moves 1 pixel to the right, covering the next 3x3 block, and calculates the 

next output value (e.g., 0.57). 

 This process continues across the entire input matrix, moving 1 pixel at a time, 

producing the output feature map. 

Strid

e 1 



Chapter II : Overview Of CNN 
 

 
54 

 This visualization shows how stride 1 ensures that the filter moves incrementally 

by 1 pixel, processing each overlapping region of the input matrix. 

 

 When using a stride of 2 (stride=2), it means we are moving our filter (3x3) by 2 pixel 

at a time (Figure 2.5) 

 

Figure 2.5: An example of a stride of 2 pixels 

c- Padding: Sometimes, it is useful to add zeros to the boundary of the input volume. 

The size of this 'zero-padding' is the third hyperparameter. Padding helps control 

the spatial dimension of the output volume. If we want enough data to make sure all 

pixels are used in convolution, or if we want the resulting image to be the same size 

as our input image, we can do something called padding. A quick and easy way to do 

this is called “zero” padding, where we add a border of zeros around our image. This 

can be sufficient in many cases, but in some where the image is small, it can have an 

impact on the convolution.[14][16] 

 

 

Figure 2.6: zero padding 
 

There are many other types of padding too. Many frameworks have “mirror padding” 

that instead duplicates the top and bottom rows, and the left and right columns. 

Strid

e 2 

Original Image Zero Padding 
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Figure 2.7: mirror padding 

2.2.3. Pooling layer:   

This type of layer is often placed between two convolutional layers: it receives multiple 

feature maps as input and applies the pooling operation to each of them. A pooling layer 

acts as a reduction layer. It divides the image into blocks and keeps only the maximum 

value from each block. This reduces the size of the image while preserving the most 

important features. The output consists of the same number of feature maps as the input, 

but they are significantly smaller. There are several key types of pooling (max, average 

and global pooling).[16][17] 

The most common one is Max Pooling where we take the largest value in the window and 

discard the rest. This trick is especially useful when working with large images because 

it’s a way to shrink images down to a smaller size, and smaller images mean less 

computation, which is quicker and cheaper. 

 

 
Figure 2.8: max pooling 

Original Image Mirror Padding 
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 2.2.4 The Correction layer (ReLU): 

 ReLU is an activation function used in neural networks, and it is one of the most commonly 

used activation functions, particularly in deep learning models like CNNs. It is 

mathematically defined as: 

f(x)=max(0,x) 

This means that if the input x is positive, the function returns x; if the input is negative or 

zero, it returns 0. The ReLU function is computationally simple and introduces non-

linearity into the network, allowing it to learn and model more complex patterns. 

 

Figure 2.9: Relu function 

 

2.2.5 Flattening (Aplatissement) 
 

After applying convolution and max-pooling operations, the process of flattening involves 

taking the elements from the pooled feature maps and converting them into a one-

dimensional vector. This flattened vector, often referred to as the CNN code, becomes the 

input for the fully connected layer. 

Flattening is a crucial step in transitioning from the spatial structure of the feature maps 

to the fully connected layers, where high-level reasoning or classification occurs. This 

transformation allows the model to use the learned features for tasks such as image 

classification, detection, or regression. [17] 

2.2.6. The Fully connected layer (FC): 

 After several convolutional and max-pooling layers, higher-level reasoning in the neural 

network is performed through fully connected layers. The neurons in a fully connected 

layer have connections to all the outputs from the previous layer. Their activation 
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functions are thus computed by performing a matrix multiplication followed by a bias 

shift. 

This layer is responsible for combining features extracted by the previous convolutional 

layers and determining the final classification or prediction by processing the features in 

a more holistic manner.[16] 

2.2.7. Loss Layer (LOSS): 

The loss layer specifies how the training process penalizes the difference between the 

predicted and actual signals. It is typically the last layer in the network. Various loss 

functions, suited to different tasks, can be used in this layer. 

The Softmax function is often employed to calculate the probability distribution over the 

output classes. It ensures that the output values are converted into probabilities that sum 

to 1, which is useful for classification tasks. For instance, in a multi-class classification 

problem, Softmax helps the network output the most likely class for a given input by 

assigning a probability to each possible class. 

  

 Common Loss Functions: 

 Mean Squared Error (MSE): Used in regression tasks where the goal is to 

minimize the squared difference between predicted and actual values. 

 Cross-Entropy Loss: Commonly used in classification tasks, especially when 

combined with the Softmax function. It measures the performance of the 

model by comparing predicted probabilities to the actual class labels. The 

loss increases as the predicted probability diverges from the actual label. 

 Hinge Loss: Used for tasks like support vector machines (SVM), particularly 

for binary classification. 

By minimizing the loss function during training, the network learns to adjust its weights, 

reducing the error and improving accuracy on future predictions. 

 After the flattening step in a Convolutional Neural Network (CNN), where 

the image is converted into a one-dimensional vector, the subsequent layers 

operate similarly to those in a fully connected neural network (ANN). The 

fully connected layers that follow treat the data just like in a traditional ANN, 

where each neuron in a layer is connected to every neuron in the previous 

layer, and each connection has a weight that is learned during training. 
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So, while CNNs use convolutional layers to extract features from images, the fully 

connected layers at the end of the network process the data in a manner similar to a 

traditional ANN. This allows the network to combine and use the extracted features to 

make final predictions. 

2.3 ANN (ArtificielNeuralNetworks): 
 2.3.1 Introduction:  

Artificial Neural Networks (ANNs) are computational algorithms designed to simulate the 

workings of biological neural networks, such as the human brain. Just as biological 

neurons process and transmit information, ANNs are composed of interconnected units 

that work together to handle complex data processing tasks and generate meaningful 

results. They are used to address a wide range of problems, from image recognition and 

natural language processing to time series forecasting.[18] 

2.3.2 Architecture of Artificial Neural Networks (ANNs):                 

The architecture of an Artificial Neural Network (ANN) refers to the structure and 

arrangement of its components. This includes the layers, the types of neurons, and the 

connections between them. Here’s a breakdown of the typical components of an ANN 

architecture: 

 

Figure 2.10 :  A simple neural network 
 

a. Layers: 

 Input Layer: The first layer of the network where data is fed into the 

network. Each neuron in this layer represents a feature of the input data. 
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 Hidden Layers: One or more intermediate layers where computations are 

performed. These layers contain neurons that apply activation functions to 

their inputs to transform and extract features from the data. The 

complexity of the network often increases with the number of hidden 

layers. 

 Output Layer: The final layer that produces the network’s prediction or 

classification. The number of neurons in this layer typically corresponds to 

the number of classes or the dimensionality of the output. 

b. Neurons: 

Each neuron in a layer is connected to every neuron in the previous layer, and these 

connections have associated weights that are adjusted during training. 

Neurons compute a weighted sum of their inputs, add a bias term, and apply an activation 

function to produce their output. 

c. Activation Functions: 

Activation functions introduce non-linearity into the network, allowing it to model 

complex relationships in the data. Common activation functions include ReLU (Rectified 

Linear Unit), sigmoid, and tanh.[19] 
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Figure 2.11: Activation functions 

 
 Sigmoid Function: The sigmoid function generates an S-shaped curve that 

converts any input into a value between 0 and 1. It is frequently used in 

binary classification tasks where the goal is to predict one of two possible 

outcomes. 

 ReLU Function: The ReLU (Rectified Linear Unit) function outputs the 

input value if it is positive; otherwise, it returns zero. Known for its 

computational efficiency, ReLU is widely utilized in various neural 

network architectures. 

 Tanh Function: The Tanh (Hyperbolic Tangent) function is akin to the 

sigmoid function but maps inputs to a range between -1 and 1. It is 

commonly employed in neural networks for both regression and 

classification tasks. 

 Softmax Function: The Softmax function converts inputs into a set of values 

that indicate the probabilities of each possible outcome in a multi-class 



Chapter II : Overview Of CNN 
 

 
61 

classification scenario. The outputs of the Softmax function sum up to one, 

making it ideal for predicting the likelihood of different classes. 

d. Weights and Biases: 

Weights determine the strength of the connection between neurons. Biases are additional 

parameters that allow the activation function to shift, providing more flexibility to the 

model. 

During training, weights and biases are adjusted through optimization algorithms to 

minimize the prediction error. 

e. Forward Propagation: 

 

This is the process of passing input data through the network to obtain a prediction. Each 

neuron performs a calculation based on its inputs, weights, and activation function. 

The network starts by initializing weights and using the inputs, x, as the initial activations. 

Each neuron then computes the weighted sum of the activations from the previous layer 

and adds a bias term. This linear combination, z (W,b) is then processed through an 

activation function, a(z) to produce the activations for the neurons in the next layer. This 

process is repeated across all layers, ending with the output layer where the final neuron 

outputs represent the network's prediction. 

Mathematically, this can be expressed as: 

𝑧𝑖
𝑘(𝑊, 𝑏) = ∑ (𝑤𝑖,𝑗

𝑘 ∗ 𝑎𝑗
(𝑘−1))

𝑛(𝑘−𝑖)

𝑗=1

+ 𝑏𝑖
𝑘  

𝑎𝑖
𝑘(𝑧) = 𝑔(𝑧𝑖

𝑘) 

 

Where 𝑎𝑖
𝑘is the output of the neuron i of layer k and 𝑛(𝑘−1) is the number of neurons in 

the previous layer.𝑤𝑖,𝑗
𝑘 is the weight of the connection between neuron j in layer (k-1) and 

neuron iin layer k. g(x) is the activation function. 𝑏𝑖
𝑘is the bias of neuron ion layer k. 

f. Backpropagation: 
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After forward propagation, backpropagation is used to update the weights and biases by 

calculating the gradient of the loss function with respect to each parameter and adjusting 

them to minimize the error. 

 The backpropagation algorithm can be decomposed in the following steps: 

 Feed-forward computation 

 Backpropagation to the output layer 

 Backpropagation to the hidden layers 

 Parameters updates 

The algorithm stopped when the value of the error function has reached a satisfactory 

level of smallness. 

The parameter update is performed in the following manner: 

𝑤𝑖,𝑗
𝑘 = 𝑤𝑖,𝑗

𝑘 − 𝛼 ∗
𝛿𝐸

𝛿𝑤𝑖,𝑗
𝑘  

𝑏𝑖
𝑘 = 𝑏𝑖

𝑘 − 𝛼 ∗
𝛿𝐸

𝛿𝑏𝑖
𝑘  

Where α is a hyperparameter of the network, known as the learning rate, that determines 

how rapidly the parameters are updated. If the learning is too big, the optimal values will 

be overshot. In contrast if it is too small, the convergence will require too many iterations. 

To execute the preceding equations, it is essential to apply the chain rule. Hence, in a 

simplified manner, the steps will be as follows: 

𝛿𝐸

𝛿𝑧
=
𝛿𝐸

𝛿𝑎
∗
𝛿𝑎

𝛿𝑧
 

𝛿𝐸

𝛿𝑤
=
𝛿𝐸

𝛿𝑧
∗
𝛿𝑧

𝛿𝑤
 

Where 
𝛿𝑎

𝛿𝑧
 is the derivative of the activation function 

Finally: 

𝛿𝐸

𝛿𝑤𝑖,𝑗
𝑘 = 𝑎𝑗

𝑘−1 ∗
𝛿𝐸

𝛿𝑧
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Figure 2.12: Operation of the Back propagation Algorithm [20] 

 

g. Optimization Algorithms: 

 

Algorithms like gradient descent, Adam, and RMSprop are used to optimize the weights 

and biases by minimizing the loss function during training  

2.3.3. The Relationship between the Convolutional Layer and the Fully 

Connected Layer:  

Let’s take the example of a human face. The convolutional layer in a neural network can 

identify individual features such as the nose, ears, and eyes. However, while it detects 

these features, it doesn't necessarily understand where they should be positioned relative 

to each other. This is where the fully connected layers come into play. These layers 

combine the detected features and process them in a way that creates a more complex 

and holistic model of the input data. By doing this, the fully connected layers allow the 

network to better understand spatial relationships between features and make more 

accurate predictions—such as classifying the input as a human face. 

In essence, the convolutional layers serve as feature extractors, identifying important 

patterns in the input (such as edges or shapes), while the fully connected layers use these 

features to make final decisions or classifications. The fully connected layers are able to 

give the network greater predictive power by integrating the abstract features learned by 

the convolutional layers into a coherent structure that is meaningful for the task at hand. 

The fundamental difference between a Convolutional Neural Network (CNN) and an 

Artificial Neural Network (ANN) lies primarily in this preprocessing stage. CNNs apply 

convolutional filters to the input data, which allows them to automatically extract spatial 
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hierarchies of features. ANNs, on the other hand, typically require manual feature 

extraction and do not inherently understand spatial structures in the data. CNNs are, 

therefore, particularly effective for tasks like image recognition, where the spatial 

relationships between features are crucial, while ANNs might be more suited to simpler 

tasks that do not involve spatial data. [14] 

 

 
 

Figure 2.13: The Relationship between the Convolutional Layer and the Fully 

Connected Layer (ANN) [21] 

2.4 Conclusion: 
Convolutional Neural Networks are a powerful class of models for analyzing data with 

spatial or temporal patterns. Their ability to automatically learn complex features and 

patterns has made them the go-to method for a wide range of applications, from image 

recognition to more specialized domains like waveguide filter modeling and antenna 

design. As deep learning continues to advance, CNNs remain at the forefront of innovation 

in artificial intelligence. 

While CNNs can be considered a specialized type of ANN, designed to handle spatial data, 

the main difference is how they process and extract features. ANNs are more general-

purpose and work well for simpler tasks, whereas CNNs excel in handling visual or 

sequential tasks by automatically extracting and learning hierarchical patterns in data. 

Both play crucial roles in modern deep learning, with their usage determined by the type 

and complexity of the problem being addressed. 
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Chapter III Experimental results 

3.1 Introduction: 
Microwave engineering principles are combined with deep learning algorithms to provide 

an advanced technique called deep learning for microwave modeling and design. By 

utilizing neural networks and massive datasets, it allows engineers to create precise 

models and optimize the design of microwave components and systems. 

3.2 Methodology: 
The power of deep learning is combined with the features of HFSS, a popular 

electromagnetic simulation program, and the adaptability of the Python programming 

language in Deep Learning for Microwave Modeling and Design. 

Microwave engineers frequently utilize HFSS as a tool to simulate, analyze, and solve 

complicated electromagnetic problems involving high-frequency electromagnetic fields. 

It offers a wide range of tools for modeling and creating different microwave systems and 

components. 

Conversely, Python is a well-liked programming language that provides a large selection 

of deep learning modules and frameworks. Deep learning model training is made easier 

with libraries like PyTorch and TensorFlow, which offer effective neural network and 

algorithm implementations. 

Engineers can combine the benefits of both tools when using HFSS and Python for deep 

learning in microwave modeling and design. This is a quick synopsis of the procedure: 

 Data preparation: 

By simulating the behavior of microwave components or systems under various 

situations, HFSS can be utilized to create training data. It is possible to extract and store 

the simulation results as datasets, including S-parameters and electromagnetic field 

distributions. 

 Deep learning model development: 

Engineers can create deep neural network models that can learn from the simulated data 

by using Python and deep learning packages. These models can be made to represent 

intricate linkages, like the performance metrics of the microwave system or device, 

between the input parameters and the intended output. 
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 Training the model: 

The deep learning model is trained using the prepared datasets. By analyzing the data's 

input-output patterns, the model learns and modifies its internal parameters to reduce 

prediction mistakes. This procedure entails feeding the model with data, computing the 

loss, and applying optimization algorithms such as stochastic gradient descent to optimize 

the model. 

 

 Model evaluation and refinement: 

Using validation datasets, the model's performance is assessed following training. The 

accuracy, efficiency, and generalizability of the model are examined by engineers. The 

model can be improved if needed by modifying its training procedure, hyper parameters, 

or architecture. 

 Model deployment and utilization: 

The trained model can be used to forecast the behavior of novel microwave systems or 

components when it satisfies the required performance standards. Without requiring 

lengthy simulations, the model can estimate crucial parameters like S-parameters, 

resonance frequencies, or radiation patterns by giving input parameters. 

In general, engineers can improve the effectiveness, precision, and automation of the 

design process, resulting in quicker and more creative microwave systems, by integrating 

HFSS with Python for deep learning in microwave modeling and design. 

3.3 Data preparation 
Data preparation using HFSS (High-Frequency Structure Simulator) involves generating 

and extracting relevant simulation data to create datasets for deep learning applications 

in microwave modeling and filter design. In this project, we focused on analyzing the 

performance of a microstrip coupled line, following a series of structured steps. 

First, we created the 3D geometry of the microstrip coupled line using HFSS's drawing 

tools. This involved designing the rectangular patch and feeding line, ensuring precise 

dimensions and positions based on the design specifications. 

Next, we assigned the appropriate material properties to the various components of the 

antenna. We selected a dielectric material from the HFSS material library that closely 
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matched the substrate material used in our physical design. This step is essential for 

producing accurate simulation results. 

A microstrip filter is designed to meet the specifications: 

Center frequency 4.5 GHz 

Passband bandwidth 1 GHz 

Passband return loss <−15 dB 

Rejection bandwidth (35 dB) >2 GHz 

Dielectric Constant (εr) 10.5 

Dielectric Height (h) 0.6 mm 

TableIII.1: Specifications of microstrip 

To specify how the microstrip coupled line antenna interacts with its environment, we 

put up the boundary conditions. To prevent reflections, we erected radiation limits to stop 

electromagnetic waves from traveling away from the structure.  

With physical parameter presented in this table: 

L1 5.889 

L2 6 

L3 5.835 

L4 2.13 

L5 3.76 

S1 0.303 

S2 0.458 

S3 0.474 

TableIII.2: Physical parameter of microstrip 
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Figure III.1: Microstrip Design simulation 

This is example using the AWR software, we plotted schema of the microstrip filter by 

inputting all the data from the table above. 

Figure III.2: Microstrip coupled line structure. 
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Figure III.3: Layout of the designed edge-coupled microstrip filter on 

Substrate with a relative dielectric constant of 10.5. 

 

These results are after simulation in the AWR program: 

FigureIII.4: Plot of S11&S21 as function with frequency. 
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First, we identified the parameters to be varied in our analysis. These could include 

geometric dimensions, material properties, or any other variables affecting the 

structure's behavior.  

Next, we defined variables to represent the parameters. For this analysis, we created the 

variables "L1," "L2," ,”S1”and "S2" &Frequency and set their initial values. 

We began the simulation run. HFSS automatically ran several simulations, varying the 

swept parameter value in each. For example, we utilized count equals to 5 counts in this 

instance, and the thickness was 0.635 ± 0.0254 mm, with a relative dielectric constant of 

10.5 ± 0.25. We limit it to 0.2 mm for both the narrowest line width and the tightest gap 

between lines. To fit the filter within the necessary size, the first and last resonators are 

bent by a length of L5. Two 50-Ω tapped wires realize the input and output (I/O). 

The effect of the microstrip open end is taken into account as indicated. The 50-Ω line 

width is fixed by 0.6 mm, and all resonators have the same line width of 0.26 mm. 

The other dimensions are optimizable, and the initial values are determined as follows:. 

The half-wavelength is approximately 12.4 mm; therefore, initially, L1 = L2 = L3 = 6.2 

mm, as well as L4 + L5 = 6.2 mm. The tapped location L4 is estimated to be 2.1 mm using 

the formulation. Once the sweep analysis was complete, we collected the simulation 

results for each parameter value.  

This could include parameters like S-parameters, radiation patterns, impedance, or any 

other relevant data. I saved the data for further analysis. 

After defining the simulation configuration, HFSS conducted electromagnetic simulations 

to solve Maxwell's equations and obtain the required results. Scattering parameters (S-

parameters), electromagnetic field distributions, and other relevant characteristics were 

included in these studies. 

We took the pertinent data out of the HFSS results once the simulations were finished. In 

order to do this, we can export the simulation data, such as S-parameter matrices or field 

distributions, and then plot the results into Real and Imaginary parts using one of the 

following file formats: Touchstone (.snp) files, CSV files, or another format that works 

with our preferred deep learning framework or tool. 
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Figure III.5:  Data before preprocessing 

The extracted data may need to be cleaned up and formatted appropriately for deep 

learning, which may involve preprocessing operations. Depending on the particular needs 

of our deep learning model, this may entail addressing missing data, scaling the data, 

standardizing values, or doing any other required data transformations. 

 

Figure III.6:  Data after preprocessing 

These procedures enable us to use HFSS to produce datasets including the simulation data 

required for deep learning model training and evaluation for microwave modeling and 



Chapter III : Experimental Results 
 

 
73 

design. By feeding these datasets into the deep learning algorithms, the models are able 

to learn from and anticipate the behavior of the simulated microwaves. 

3.4. Deep learning model development and architecture 
Deep learning model development for microwave modeling and design involves 

designing and constructing neural network architectures tailored to specific tasks. 

Here’s a high-level overview of the process: 

First, we defined the problem by specifying the microwave modeling or design task we 

aimed to address using deep learning. This could involve predicting the performance of 

microwave components, optimizing system parameters, or automating the design 

process. 

Next, we selected a neural network architecture tailored to our problem and data 

characteristics. This involved choosing an appropriate type of neural network, such as 

convolutional neural networks (CNNs) for image-based tasks, recurrent neural networks 

(RNNs) for sequential data, or a combination of various network types. We considered 

factors such as the number of layers, activation functions, and connectivity patterns based 

on the problem's complexity and our computational resources. For our study, we opted 

for convolutional neural networks (CNNs). 

 

Figure III.7: Proposed CNN Topology for our study. 
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Figure III.8: Neural Network structure of a single neuron in our Study 
 

Each neuron in the network has its weights (W) and biases (b) randomly initialized 

before the input data is sent through the layers to determine the final output.  

Each of the four neurons that make up the input layer represents one input feature. Each 

neuron multiplies the associated input value by its weight before adding the bias term to 

the total. 

𝑧1 = (𝑤11 ∗ 𝐿1) + (𝑤21 ∗ 𝐿2) + (𝑤31 ∗ 𝑆1) + (𝑤41 ∗ 𝑆2) + 𝑏1         (3.1) 

The input characteristics in this case are represented by L1, L2, S1, and S2, and the weights 

connecting the inputs to the first neuron are w11, w21, w31, and w41, the bias term for 

the initial neuron is b1. 

Next, the weighted sum is subjected to the ReLU activation function, which maintains 

positive values constant while setting negative values to 0.  

𝑎1 = 𝑅𝑒𝐿𝑈(𝑧1)                      (3.2) 

In a similar manner, each neuron in each buried layer goes through the aforementioned 

stages once more, moving the inputs ahead through the network. 

The network determines the loss or mistake by comparing the expected and intended 

outputs. A suitable loss function, like cross-entropy loss or mean squared error (MSE), 

can be used for this. 
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Using the chain rule of calculus, the network determines the loss gradients with respect 

to the weights and biases. The network uses these gradients to update the weights and 

biases in the opposite direction of the gradient, thereby reducing the overall loss. This 

process is known as backpropagation. To regulate the step size of the updates, the weights 

and biases are changed using an optimization process, such as stochastic gradient descent 

(SGD), multiplied by a learning rate. 

For a predetermined number of epochs or until the network converges to a satisfactory 

degree of accuracy, the forward propagation, loss calculation, and backpropagation steps 

are repeated iteratively. During each iteration, the network is able to modify its weights 

and biases, enhancing its performance on the training set. 

3.5. Development environment 
To model and design microwaves using deep learning, we selected multiple development 

environments. Here are a few of the alternatives we have used: 

 Google Colab: This cloud-based development environment offers GPU and TPU 

access for free. With an interface akin to a Jupyter Notebook, it enables us to write 

and run Python code. Colab's seamless Google Drive integration makes data 

storage and sharing easy. 

 Google Drive is a cloud-based solution for file sync and storage offered by Google. 

It enables users to share, view, and store data on any internet-connected device. 

While it can be used in conjunction with other development environments, such 

as Google Colab or local development setups, Google Drive is not a development 

environment in and of itself for deep learning work. 

Libraries: 

 TensorFlow: Google created the open-source deep learning library TensorFlow. It 

offers an adaptable platform for deep neural network model construction and 

training. A vast array of tools and modules are available in TensorFlow for 

activities including building models, evaluating models, and preparing data. 

 Pandas: is a flexible library for analysis and data manipulation. It offers tabular 

data structures, like data frames, that are helpful for handling and organizing the 

data. Prior to deep learning model training, Pandas is frequently used for loading, 

preprocessing, and exploring datasets. 
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 NumPy: NumPy is a core Python scientific computing package. Among its many 

features are strong array operations and linear algebraic functions; these are 

necessary for preparing and modifying the numerical data that deep learning uses. 

 Keras: Keras is a high-level deep learning library that runs on top of TensorFlow. 

Running atop TensorFlow is the high-level deep learning library known as Keras. 

By offering intuitive APIs and abstractions, it makes the process of creating neural 

networks easier. With Keras, we can quickly prototype models and work with 

different neural network designs. 

 Matplotlib and Seaborn: These two data visualization libraries are available online. 

With their help, we may generate a variety of plots and visualizations, such as line, 

scatter, histogram, and heatmap plots, to examine and display our data. 

3.6. Model Training:   
When training a CNN model, the training dataset is repeatedly presented to the model, 

and the loss is computed. The steps needed to train a CNN model for microstrip coupled 

line design are summarized here. 

 Define the training process: We gave the model a set number of epochs, or 

iterations, to train for. The term "epoch" describes a full run through the training 

dataset. 

 Define the loss function: We selected a suitable loss function to quantify the 

difference between the true outputs in the training dataset and the predicted 

outputs of the model. The type of data and the particular modeling or design task 

will determine which loss function is best. Custom-defined loss functions, 

categorical cross-entropy, and mean squared error (MSE) are a few examples of 

common loss functions. 

 Select an optimizer: We selected an optimization algorithm that will use the 

computed loss to update the model's parameters. Stochastic gradient descent is a 

well-liked optimization algorithm (SGD). The model's training performance may 

be impacted by the update rules and hyperparameters unique to each optimizer. 

 Training loop: We went through the training dataset iteratively for the 

predetermined number of epochs. Give the model the input samples for each epoch 

to get the anticipated outputs. Utilizing the selected loss function, compute the loss 

by comparing the expected and actual outputs. 
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 Backpropagation and parameter update: To determine the gradients of the loss in 

relation to the model's parameters, we used backpropagation. The gradients indicate 

which way to update the parameters and how much to change in order to minimize the 

loss. The optimizer then uses the gradients and the selected optimization algorithm to 

update the model's parameters appropriately. 

 Monitor training progress: As the training set is being used, keep an eye on and 

record metrics like accuracy, loss, and other pertinent evaluation metrics. We were 

able to evaluate the model's effectiveness and identify any possible problems, like 

overfitting or under fitting, as a result. 

 Validation set evaluation: In order to gauge the model's capacity for generalization 

and avoid overfitting, we routinely assessed its performance on a different 

validation dataset. On the validation set, we computed evaluation metrics, which 

we then contrasted with the training metrics. Overfitting may need modifying the 

model or training procedure if the model's performance on the validation set 

declines while training metrics keep getting better. 

 Hyperparameter tuning: The learning rate, batch size, regularization strategies, 

and network architecture were some of the hyperparameter values we 

experimented with to determine the optimal combination that maximizes the 

model's performance on the validation set. 

 Iterate and refine: We iterated and refined the model, adding regularization 

techniques, adjusting hyperparameters, and changing the network architecture as 

needed based on the evaluation results. Until the model performs satisfactorily on 

both the training and validation sets, we repeated the training procedure. 

 Test set evaluation: Using a different test dataset that was not used for training or 

validation, we evaluated the model's performance.  

We began the model training process with a Python simulation script because it offers an 

adaptable and strong environment for fully connected CNN model implementation, 

training, and evaluation.  

Using our Python simulation script, the general process of the suggested deep neural 

network parametric model is represented as follows: 
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Figure III.9: schematic of the proposed deep neural network parametric model's overall 

development process 
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Importing a few libraries will be our first step; the rest will be added as and when the 

programs need them at various points. To begin with, we will import the libraries that will 

enable us to import and get ready the dataset for the model's training and testing.  

 

Importing the required libraries for our project was our first step. The code snippet 

imports different libraries into the Python program using a series of import statements. 

Among these libraires are: 

 Pandas for data manipulation and analysis. 

 Numpy for numerical computations and array operations. 

 Tensor flow for building and training machine learning models. 

 Sklearn.model_selection for splitting data into training and testing subsets. 

 Sklearn.preprocessing for data preprocessing tasks such as feature scaling. 

 Matplotlib.pyplot for creating visualizations and plots. 

 

Google Colaboratory (Colab) uses the code snippet from google.colab import drive and 

drive.mount('/content/drive') to mount and access our Google Drive inside the Colab 

environment. It enables us to use our Colab notebook to directly access and work with 

files stored on our Google Drive. 

 

 

 



Chapter III : Experimental Results 
 

 
80 

The code `data = pd.read_csv('drive/MyDrive/DT/Data.csv', sep=';')` reads a CSV file 

named **'Data.csv'** from a specified folder in Google Drive using the pandas library. 

The `pd.read_csv` function loads the CSV file, and the resulting content is stored in a 

pandas DataFrame called **data**. The parameter `sep=';'` indicates that the file uses a 

semicolon (`;`) as the delimiter between values. 

the command “data” can used to display the data we have : 

 

 subdata = This line creates a new DataFrame called subdata by extracting rows 

from the data DataFrame. It effectively selects a subset of the original data for 

later testing or analysis. 

 data.drop:. The drop function is used to drop specific rows based on their indices. 

The inplace=True parameter ensures that the changes are made directly to the 

data DataFrame itself. 

 features = data[['L1', 'L2', 'S1', ‘S2’,'freq']]: This line creates a new DataFrame 

called features by selecting specific columns ('L1', 'L2', 'S1', ‘S2’,'freq) from the 

data DataFrame. The double square brackets [['']] are used to select multiple 

columns as a subset of the original DataFrame. 
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 labels = data[['Re', 'Im']]: This line creates a new DataFrame called labels by 

selecting columns 'Re' and 'Im' from the data DataFrame. It creates a subset of the 

original DataFrame containing only these two columns. 

 

We have used the MinMaxScaler class to implement feature scaling. In order to keep all 

features on a similar scale and prevent any feature from predominating over the others 

during model training, this technique is crucial to machine learning. 

We assigned the scaler variable to an instance of the MinMaxScaler class that we had 

created.  

Next, we used the fit_transform () function of the MinMaxScaler object to apply the scaling 

transformation to the features DataFrame. Each feature's minimum and maximum values 

were determined using this method, and the feature values were scaled appropriately.  

The scaled features that are produced are kept in the scaled_features variable and can be 

utilized for machine learning or additional analysis. We have normalized the feature range 

through feature scaling, which can aid in enhancing the efficiency and convergence of 

machine learning algorithms. It prevents bias based on the features' original scales and 

guarantees that each feature contributes equally.  

The data is split into training and testing sets using the train_test_split function from 

scikit-learn. 

 train_features, test_features, train_labels, test_labels = 

train_test_split(scaled_features, labels, test_size=): This line splits the scaled 

features (scaled_features) and labels (labels) into training and testing sets. The 

train_test_split function randomly shuffles the data and divides it into sets based 

on the specified test_size parameter. The training set features are stored in 



Chapter III : Experimental Results 
 

 
82 

train_features, the testing set features in test_features, the training set labels in 

train_labels, and the testing set labels in test_labels. 

 We can train a machine learning model on the training set and assess its performance and 

generalization abilities on the testing set by dividing the data into training and testing sets. This 

aids in determining how well the model will function with unknown data. 

 

The neural network architecture is formed by building the sequential model by stacking these 

layers one on top of the other. Each dense layer applies a linear transformation to its inputs, 

followed by the specified activation function. 

Several hidden layers are included in this architecture's design to help identify intricate 

relationships and patterns in the data. Real and imaginary values are represented by the four units 

in the output layer(S11 Re,S11 Im & S21 Re,S21 Im). 

We define the loss function to assess the model's performance and the optimization algorithm to 

be used during training. 

 optimizer='adam': The optimizer used is Adam, a widely adopted optimization algorithm 

in deep learning. Adam automatically adjusts the learning rate throughout training, 

enabling faster convergence and better handling of various types of data. 

 loss='mean_squared_error': The loss function used is mean squared error (MSE), which is 

commonly applied in regression tasks. MSE computes the average of the squared 

differences between the predicted and actual values. By minimizing MSE during training, 

the model improves its ability to make predictions that are closer to the actual values. 

The model is trained using the training features (`train_features`) and training labels 

(`train_labels`). The training runs for 150 epochs, where each epoch represents one complete pass 

through the entire training dataset. The `validation_data` parameter is used to assess the model's 

performance on the given testing features (`test_features`) and testing labels (`test_labels`) during 

training. 
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Predictions = model.predict(test_features)`: This line uses the trained model to generate 

predictions based on the provided test features (`test_features`). The `predict` method applies the 

model to the input data and returns the corresponding output predictions. 

 

The actual values and the expected values are somehow distant because the model we 

trained has not been trained enough to achieve better results. 
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3.7. Results and discussion 
In the simulation, we used our dataset to train our CNN model. The following are the 

findings of this analysis: 

 

Figure III.10: model's learning progress over the epochs 

 

The graph displays the training and validation loss during the training process of a 

model. 

The model's fit to the training set is indicated by the training loss, which is represented 

by the blue line. The training loss's declining trend indicates that the model is improving 

over the epochs and learning new things. This shows that the patterns and structure of 

the training data are being well captured by the model. 

The validation loss, which gauges the model's effectiveness using unseen validation data, 

is represented by the red line. The model does not overfit to the training set and is 

effectively generalizing, as evidenced by the decreasing trend of the validation loss. This 

shows that the model's predictions hold up well and are in line with fresh data. 

When both the training and validation losses progressively converge or stabilize, it can 

be assumed that the model has successfully balanced learning from the training data 

with generalizing to new data. This indicates that the model is likely doing well and has 

found the optimal set of parameters in terms of reducing the loss. 
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3. 7.1 Comparison of real part of S11 & Frequency:  

 

Figure III.11: Plot of S11 real part & frequency 

 

By comparing the blue and orange lines, we can assess the accuracy of the model's 

predictions. The closer the orange line aligns with the blue line, the more accurate the 

model's predictions are in capturing the real part of the data S11. 

The graph indicates that the model can make precise predictions and has successfully 

learned the real portion of the data set. 

3. 7.2 Comparison of imaginary part of S11 & Frequency:  

Figure III.12: Plot of S11 imaginary part & frequency 



Chapter III : Experimental Results 
 

 
86 

By comparing the blue and orange lines, we can assess the accuracy of the model's 

predictions. The closer the orange line aligns with the blue line, the more accurate the 

model's predictions are in capturing the imaginary part of the data S11. 

The graph indicates that the model can make precise predictions and has successfully 

learned the imaginary part of the data set 

3. 7.3 Comparison of real part of S21 & Frequency:  

 

Figure III.13: Plot of S21 real part & frequency 

 

We can evaluate the model's prediction accuracy by contrasting the blue and orange lines. 

The more closely the orange and blue lines match, the more closely the model's 

predictions reflect the true portion of the data S21. 
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3. 7.4 Comparison of Imaginary part of S21 & Frequency:  

 

Figure III.14: Plot of S21 imaginary part & frequency 

The comparison between the blue and orange lines reveals the accuracy of the model's 

predictions for the imaginary component of the S21 data. When the orange line closely 

coincides with the blue line, it signifies that the model has effectively learned the 

underlying pattern and can accurately predict the imaginary part.  

 

Figure III.15: Magnitude & phase of S11, S21 plotted as function of frequency 

The graph shows how the magnitude and phase values of S11 and S21 compare to the 

magnitude and phase values that a model predicts. Since the output results meet the 
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expected magnitude and phase values, we can conclude that the data set's magnitude 

and phase values are fairly close to the predictions. 

3.7.5. Comparison between HFSS & CNN model for S11 and S21 

 

Figure III.16: HFSS & CNN model plotted as function of frequency of S11, S21. 

The CNN and HFSS models of S11 and S21 are contrasted in the graph. Because we only 

ran 625 simulations, the model did not have enough training data to produce results that 

were more accurate. Based on this, we can conclude that CNN performed an adequate 

job of prediction. 

3.8. Conclusion:  
CNN did a good job in training on the data we input, regardless of the estimated small 

number of simulations, which is 625. Therefore, if we increase the number of simulations, 

we will certainly achieve better training results. 
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General Conclusion  
To sum up, the goal of applying deep learning to microstrip design and analysis is to 

improve the process's precision, effectiveness, and automation. Conventional techniques 

for microstrip design and analysis can be labor-intensive and error-prone since they 

frequently call for manual intervention and specialized knowledge. The goal is to create 

models that can recognize patterns and relationships from huge datasets by utilizing deep 

learning techniques. This will allow for more precise predictions and effective microstrip 

structure optimization. 

In general, the goal of incorporating deep learning techniques into microstrip design and 

analysis is to transform the field by offering automated, more precise, and efficient 

solutions. Improved microstrip designs in terms of performance, reliability, and 

manufacturability result from its ability to enable designers to investigate intricate design 

spaces, optimize performance metrics, and expedite the entire design process. 

Three chapters comprise the research methodology, which covers the theory of filters and 

convolutional neural networks. The experimental part involves the use of deep learning 

(CNN) in microstrip design. 

We installed a variety of microstrip designs in the HFSS environment in order to gather 

data for our study. We established the microstrip structures' geometric parameters, 

material composition, and other pertinent details. We conducted electromagnetic 

simulations using HFSS in order to determine the relevant performance metrics, including 

bandwidth, radiation patterns, and impedance. We tested a variety of dimensions, 

substrate characteristics, and other important variables by methodically adjusting the 

microstrip structures' design parameters during the simulation process. Following the 

simulations, we took the data out of HFSS. 

We investigated different neural network architectures that are appropriate for 

microstrip design and analysis for deep learning model development and architecture. 

We considered convolutional neural networks (CNNs) in light of the intended predictions 

and characteristics of the microstrip data. The number and kinds of layers, activation 

functions, and connectivity patterns that best captured the complex relationships 

between the microstrip design parameters and performance metrics were determined 

when designing the architecture. After which we started training the model. To assess the 



 

 

model's performance, we split the dataset into training and validation sets. To reduce the 

prediction errors and iteratively update the model's parameters, we employed 

optimization algorithms. To ensure that the model was successfully converging, we 

closely monitored the training process by tracking metrics like loss and accuracy. We tried 

a variety of hyperparameters. Our goal was to develop a deep learning model for 

microstrip design that was reliable and accurate by using a methodical approach that 

included data preparation, deep learning model development, and model training. Our 

research's ultimate objective was to use deep learning to improve the precision and 

effectiveness of microstrip design predictions, enabling quicker and more optimized 

designs for a range of performance metrics like bandwidth, radiation patterns, and 

impedance. 

Our research on applying deep learning to microstrip design has produced very 

encouraging results, showing notable gains in efficiency and accuracy over conventional 

techniques. The remarkable performance of the deep learning (CNN) model that was 

developed validates the efficacy of this approach in the domain of microstrip design. The 

model's capacity to investigate the design space and produce creative design variations 

was helpful in coming up with original and efficient solutions. With this exploratory 

capability, designers can push the limits of microstrip performance with new insights and 

opportunities.
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