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 I 

Abstract 

In the aftermath of the COVID-19 pandemic, many individuals have suffered from severe 

health repercussions, including both short and long-term lung damage. While X-rays have 

traditionally been employed for detecting lung issues, the need for faster and more efficient 

diagnostic methods is evident. In response to this need, this study introduces a novel split ring 

resonator (SRR) as Multiple-Input Multiple-Output (MIMO) biosensor. It is designed for the 

millimeter range, to swiftly and safely detect pneumonia associated to the COVID-19. 

Operating within the 5G frequency bands (36 GHz to 38 GHz) and leveraging metamaterial 

technology, this biosensor offers a compact solution for identifying lung abnormalities. By 

analyzing the water percentage in the lungs, the MIMO biosensor distinguishes the lung 

damage’s levels. Through extensive neural network classification and MIMO biosensor’s S 

parameters, a robust model for accurately classifying lung damage is developed. The 

proposed MIMO biosensor device demonstrates precise detection of affected lung level. 

Keywords: Biosensors, MIMO device, Metamaterials, Neural networks, COVID-19, Lungs.  

 

 

Résumé 

Suite à la pandémie de COVID-19, de nombreux cas pulmonaires, nécessitant des méthodes 

de détection rapides et efficaces que les rayons X traditionnels. Cette étude propose un 

nouveau biocapteur MIMO à métamatériaux et à résonateur à anneau fendu pour détecter 

rapidement la pneumonie liée au COVID-19. Fonctionnant dans les bandes de fréquence 5G, 

ce biocapteur MIMO permet une détection précise des anomalies pulmonaires en quantifiant 

le pourcentage d’eau dans les poumons. Grâce à une classification neuronale et les parametres 

S de biocapteur MIMO, un modèle robuste de classification est développé, offrant ainsi un 

outil prometteur pour améliorer les diagnostics les rangs des poumons affectés. 

Mots-clés : Biocapteurs, COVID-19, MIMO, Métamatériaux, poumons, réseaux de  

neurones. 

 

 
 ملخص

، حذثد انعذيذ مه حالاخ ذهف انشئح، مما يرطهة طشق اكرشاف أسشع وأكثش فعانيح مه الأشعح COVID-19تعذ جائحح 

   تـ نهكشف تسشعح عه الانرهاب انشئىي انمشذثط  حهقي مشقىق MIMOسوان  حساسانسيىيح انرقهيذيح. ذقرشح هزي انذساسح 

.COVID-195 في وطاقاخ ذشدد حساسيعمم هزا انG مح تانكشف انذقيق عه ذشىهاخ انشئح عه مع انمىاد انخاسقح، ويس

 انماء في انشئريه. وسثحطشيق ذحذيذ 

نرصىيف إصاتاخ انشئح، مما  فعالذم ذطىيش ومىرج ،  حساسنه Sانعىامم ومحاكاج  انشثكح انعصثىويحمه خلال ذصىيف  

 .انمصاتح انشئح واعذ نرحسيه ذشخيص جهاص سشيعىفش ي

 .عصثىويحان، مىاد انخاسقح، ، انشئح، انشثكح MIMOانحيىي، انمسرشعش ، COVID-19 المفتاحيت:الكلماث 
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GENERAL INTRODUCTION 

 

The COVID-19 pandemic has triggered global alarm within the healthcare sector, 

resulting in devastating losses of lives, economic downturns, and disruption of daily life. The 

highly contagious nature of the virus has wreaked havoc worldwide, prompting extensive 

efforts to comprehend its complexities. Clinical manifestations vary widely, with fever, 

cough, and fatigue and damage lungs being the most prominent symptoms. Other less 

common symptoms include congestion, runny nose, sore throat, and diarrhea. The challenge 

lies in navigating the unpredictable clinical course, which can lead to severe complications. 

Pneumonia and acute respiratory distress syndrome (ARDS) are among the major short-term 

and long-term lung complications associated to COVID-19. In pneumonia, the normally air-

filled sacs in the lungs become inflamed and filled with fluid, resulting in breathing 

difficulties and coughing, among other lung ailments. Therefore, the urgent need for effective 

markers to track disease severity and prognosis is paramount for timely medical intervention. 

 In recent years, there has been a burgeoning interest in employing artificial neural 

networks in biosensing for disease detection and diagnosis. In this work, biosensors play a 

significant role in enhancing the detection of lung damage. The integration of Multiple-Input 

Multiple-Output (MIMO) technology with metamaterials into biosensors represents a 

groundbreaking advancement. Notably, the ability to quantify water percentage in the lungs 

provides crucial insights into the extent of damage lungs. 

The study is structured into three core chapters: 

Chapter 1 delves into the fundamental concepts of biosensors and their operational 

principles. Through an exploration of the mechanisms underlying these devices, valuable 

insights are gained into their myriad applications, particularly in medical diagnostics. 

Advanced biosensor technologies, including MIMO antenna and metamaterial-based sensors, 

with a specific focus on leveraging MIMO sensors to enhance the detection of lung damage 

levels. 

Expanding on this foundation, Chapter 2 investigates the integration of neural networks to 

bolster the performance and reliability of MIMO biosensor biosensors. Leveraging the 

capabilities of machine learning and pattern recognition, neural networks enhance sensitivity 

and selectivity by extracting information from intricate biological signals. 
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Chapter 3 centers on the fusion of MIMO biosensor biosensors with artificial neural 

networks, achieved through HF simulation and diverse ANN models. The primary objective is 

to accurately detect and classify varying levels of lung damage. This chapter meticulously 

presents and scrutinizes all simulation results. 

 

In summary, our study aims to design a 5G MIMO biosensor for detecting lung damage 

levels by quantifying the water content in COVID-19 patients, this approach aims to develop 

a robust, non-invasive, and efficient diagnostic tool that can significantly improve early 

detection and treatment outcomes for patients with lung damage. Subsequent chapters will 

delve deeper into specific methodologies and results, offering a comprehensive understanding 

of our research outcomes. 



 

 

CHAPTER I  

BIOSENSORS 
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I.1 Introduction 

This chapter discusses key areas of biosensors, particularly in the context of early lung 

damage level detection. We begin by elucidating the statement of the problem: lung damage 

level and emphasizing the urgency for timely detection to improve patient outcomes. 

Biosensors are proving to be a promising solution and offer the possibility of rapid and 

accurate detection of damage level markers. We explore their historical evolution, 

fundamental components, diverse types, and wide-ranging applications spanning healthcare, 

environmental monitoring, and food safety. While acknowledging their remarkable sensitivity 

and specificity, we also address the challenges and limitations associated with biosensors. 

Furthermore, we introduce advanced biosensor technologies such as microwave and 

metamaterial-based sensors, culminating with the introduction of MIMO sensors as a novel 

approach to improve the effectiveness of lung damage level detection. 

I.2 Statement of the problem 

On March 11, 2020, the World Health Organization (WHO) declared the novel coronavirus 

(COVID-19) outbreak a global pandemic [1]. The impact of COVID-19 in Algeria has been 

profound, affecting various aspects of life and healthcare. As of the latest update on 

December 19, 2023, data reported to WHO highlights the current situation in the country. In 

the last 24 hours, there have been no new cases reported. However, the total number of 

confirmed cases has reached 272,010, with 6,881 confirmed deaths [2]. 

 

COVID-19 severity is associated with the presence of comorbidities such as cardiovascular 

disease, hypertension, obesity, diabetes, chronic lung disease, and cancer. SARS-CoV-2 

mainly causes mild respiratory infections but may also progress to interstitial pneumonia and 

severe acute respiratory distress syndrome (ARDS), which are most common in older 

patients. However, it can also affect other organs such as the liver, kidneys, and heart. 

Importantly, it has been established that COVID-19 can cause severe vascular injury and 

severe neurological manifestations [3-4]. 

ARDS occurs when fluid accumulates in the lungs' tiny, stretchy air sacs (alveoli). These 

fluids prevent your lungs from filling with enough air, which means less oxygen reaches your 

bloodstream. This deprives your organs of the oxygen they need to function [5]. Figure I.1 

illustrates a comparison between a Normal lung model and a Damaged lung model. The 

damaged lung phantom was created using skin, fat, muscle, water, and a lung layer, providing 
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a visual representation of the structural changes and challenges associated with conditions like 

ARDS. 

  

 

Figure ‎I.1: Normal lung model and Damaged lung model [6]. 

 

There are currently no established treatment guidelines for post-COVID lung disease. 

Initially, corticosteroids were used early in the pandemic to treat persistent lung issues and 

seemed to help with symptoms and recovery. However, later studies found that corticosteroids 

might harm hospitalized patients not on respiratory support, leading to caution in their use for 

outpatients. Antifibrotic drugs like nintedanib and pirfenidone were considered for preventing 

lung fibrosis after COVID-19, but only nintedanib is still being tested in clinical trials. For 

severe cases, lung transplants are an option, but they are complex and require careful patient 

selection despite good short-term outcomes [7]. 

In this situation, faster detection of affected lung is necessary. Current techniques for 

detecting lung damage have drawbacks, such as radiation exposure, false negative, and high 

cost is associated with chest X-ray and computed tomography (CT) scans [8]. While MRI and 

positron emission tomography (PET) scans are reliable diagnostic tools, they may not be 

suitable for patients with additional medical complexities [9]. Recent advances in biomedical 

sciences have enabled cost-effective and efficient assessment of COVID-19 biomarkers using 

biosensors. These biosensors offer high specificity, selectivity, and affordability, making them 

ideal for rapid detection. They can quickly identify inflammatory, hematological, 

immunological, and biochemical markers of COVID-19, helping to reduce patient mortality. 

Additionally, the development of biosensors and medical devices enhances the detection of 

infectious diseases and complements other diagnostic tests [10]. 
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I.3 History and definition 

The inception of biosensors traces back to 1962 when scientist Leland C. Clark introduced 

enzyme electrodes. Subsequently, interdisciplinary efforts spanning VLSI, Physics, 

Chemistry, and Material Science have advanced the development of increasingly 

sophisticated and reliable biosensing devices. These innovations find applications across 

various fields including medicine, agriculture, biotechnology, military, and bioterrorism 

detection and prevention [11].  

In a biosensor, the phenomenon is recognized by a biological system called a bioreceptor, 

which is in direct contact with the sample and forms the sensitive component of the biosensor. 

The bioreceptor has a particularly selective site that identifies the analyte [12].  

I.4 Design and principle 

A proficient biosensor comprises two primary elements: a biological receptor or sensor 

element and a transducer. A signal processing unit that usually contains a display or printer is 

normally used in conjunction to a biosensor as depicted in Figure I.2 [13]. 

 

 

Figure ‎I.2 : Biosensor design showing the various components necessary for generating a signal [13]. 

 

Biological receptor: This pivotal element, sometimes denoted as a sensor or detector unit, 

holds significant importance in detecting and quantifying the concentration of the target 

analyte [14]. Serving as a biological receptor, it exhibits specific recognition of the target 

analyte, initiating a signal in the form of light, heat, pH, charge, or mass alteration upon 

interaction [15]. The biological receptor must possess high specificity, stability under storage 

conditions, and be immobilized. It should selectively detect the target compound in the test 

sample, influencing the device’s sensitivity [16]. Examples of this component include tissues, 

microorganisms, organelles, cell receptors, enzymes, antibodies, or deoxyribonucleic acid 

(DNA) or ribonucleic acid (RNA), categorized into catalytic and non-catalytic receptors [14]. 
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Catalytic receptors are suitable for continuous monitoring of substances at higher 

concentrations, while non-catalytic receptors are employed in biosensors for measuring low-

concentration analytes, typically in non-reusable devices [17]. 

 

Transducer: A transducer, the second primary element in a biosensor, serves as a material 

capable of converting energy from one from to another [15]. Within a biosensor setup, the 

transducer’s role involves converting the biochemical signal obtained from the biological 

receptor, arising from the interaction between the target analyte and the biological receptor, 

into a quantifiable and measurable signal, which may include piezoelectric, optical, or 

electrochemical signals, among others. The transducer detects and gauges the alteration that 

occurs during the interaction between the biological receptor and the analyte [18]. When 

designing a transducer, it’s recommended to consider several features such as specificity to 

the target analyte, analyte concentration range, response time, and practical applicability [13].  

 

In simple words, a biosensor consists of a biological component that helps the device 

recognize or communicate with the analyte. This interaction elicits a physical or chemical 

response, which is subsequently captured by a transducer. Utilizing this information, the 

transducer then converts it into an electrical signal. These signals are then passed on to the 

electronic (amplifier, processor) to convert it into a readable form. Finally, after all these 

processes the output is displayed [19-20]. 

 

 

Figure ‎I.3 : Schematic diagram of cancer biomarker detection by a biosensor [21]. 
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I.5 Characteristics of biosensors 

The design of biosensors must adhere to specific characteristics or parameters, essential for 

their performance and practical utility in various applications. 

 Selectivity: The paramount consideration in biosensor design is selectivity, achieved 

through the careful selection of a bioreceptor. A proficient bioreceptor can effectively 

target analyte molecules amidst a mixture of samples containing other contaminants 

[22]. 

 Sensitivity: The limit of detection refers to the minimum amount of analyte that can be 

correctly detected/identified in a minimum number of steps and in low concentrations 

(in the range of ng/mL or fg/mL), thus confirming the presence of analyte traces in the 

sample [18]. 

 Stability: In biosensor applications demanding continuous monitoring, stability 

emerges as a crucial characteristic. Stability reflects the susceptibility to 

environmental disturbances both within and outside the biosensing device. Factors 

influencing stability include the bio receptor’s affinity (the degree of analyte binding) 

and the degradation of the bio receptor over time [18]. 

 Linearity: enhances the precision of measured results. A great degree of linearity, 

represented by a straight line, corresponds to increased accuracy in detecting substrate 

concentrations [18]. 

 Response time: The time is taken for obtaining 95% of the results [18]. 

 Reproducibility: stands out as the paramount characteristic in biosensors. Consistency 

in results is crucial, implying that the biosensor should yield the same outcomes under 

identical conditions. This consistency, termed precision, ensures a uniform output 

signal when measuring the same sample multiple times. Achieving a mean value close 

to the actual value with precision and accuracy is essential for the effective application 

of a sensor [22]. 
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I.6 Classification of biosensors 

Biosensor classification is a multifaceted and interdisciplinary domain, encompassing diverse 

criteria. Figure I.4 illustrates the overarching classification scheme outlining various criteria 

for categorizing biosensors. 

 

 

Figure ‎I.4 : Classification of biosensors based on various bioreceptors and transducers used [23]. 

I.6.1 Classification based on biological receptors 

 Enzyme based biosensors: Enzymes, large protein molecules in biosensors, trigger 

chemical reactions in living organisms. Their effectiveness is influenced by specific 

molecules like inhibitors and activators, which respectively decrease or increase 

enzyme activity. Enzymes act on molecules known as substrates in their active region, 

transforming them into products. The enzyme then moves to another region, and this 

process is sequential if multiple substrates are present. The high selectivity of enzymes 

makes them widely favored for biosensors [24-25]. 

 DNA based biosensors: Nucleic acid, the vital repository of genetic information, 

consists of complex protein molecules forming double strands with covalent bonds. 

These strands, composed of four nitrogenous bases, namely thymine, guanine, 

adenine, and cytosine, transfer an organism’s genetics, stored within DNA. Nucleic 

acid biosensors, working on DNA strands, identify small segments, measure antigen 

bond strength, and gauge the intensity of recognition for foreign nucleic acids within 
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the body. These sensors, introduced in 1953, play a crucial role in stimulating immune 

cells to produce antibodies, protecting the body against germs or viruses [26-27].  

 Antibody based biosensors: Y-shaped proteins created in the lymphatic system, 

actively encapsulate and break down foreign bodies. They analyze the genetic codes 

of these bodies for easy identification upon re-entry. The Y antibody structure 

comprises immunoglobulin (Ig), with two connected chains – polypeptide light chains 

and heavy chains- linked by disulfide bonds. Antibodies, classified into types such as 

IgD, IgE, IgG, IgA, and IgM, serve as lymphatic sensors or immunosensors for 

allergens utilizing this biological material [28-29]. 

 

Figure ‎I.5 : Bioreceptors types [30]. 

 

I.6.2 Biosensors based on transduction element 

A transducer-based biosensor relies on the physical or chemical signals resulting from the 

interaction between the analyte and the bioreceptor to generate a measurable output. Here’s a 

brief overview of these biosensor types and their working mechanisms, including 

explanations of some subclasses within each category. 

 Electrochemical biosensors: Biosensors that utilize the electrochemical properties of 

the analyte or transducers for detection are referred to as electrochemical biosensors. 

These biosensors exhibit high selectivity and sensitivity. In electrochemical sensors, 

the bioreceptor and analyte trigger electrochemical reactions on the transducer’s 

surface, generating detectable signals in the form of voltage, current, impedance, and 

capacitance [31]. Electrochemical biosensors are further classified based on 

transduction principles, including potentiometric, impedimetric, voltammetric, 

amperometric, and conductometric biosensors [32].  
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Figure ‎I.6 : Schematic diagram of electrochemical biosensor [33]. 

 

 Mass based biosensors: Piezoelectric sensors operate based on sound vibrations, 

measuring the frequency change of a crystal resonator with mass per unit area. They 

generate an electrical signal when subjected to mechanical force. In lung cancer 

diagnosis, piezoelectric biosensors utilize elements like the p53 gene, nucleic acids, 

antibodies, and biomolecules. These sensors offer flexibility in design, can be tailored 

to desired sizes and shapes, and exhibit temperature sensitivity. Quartz, favored for its 

chemical, electrical, and mechanical properties, is a commonly used crystal for 

piezometric sensors. For lung cancer detection, these sensors undergo mutations at 

various points, and the resulting frequency changes are analyzed. They are effective in 

diagnosing viruses, proteins, ligands, and nucleic acids, being easy to develop, cost-

effective, and highly sensitive [34]. 

 Optical biosensor: optical biosensors quantify changes in the optical properties of 

substances. Common types include surface Plasmon resonance (SPR), optical fiber, 

fluorescent, interference spectroscopy, and Raman scattering. In cancer cell detection, 

optical sensors rely on reflectivity changes. Biosensors respond to alterations in the 

refractive index near the sensor surface, detecting changes in reflectivity. Optical 

biosensors utilize CEA, TP53, and EGFR biomarkers for lung cancer detection, 

offering advantages like safety, flexibility, and compact size [35]. 

 Thermal biosensors: Thermal biosensors exploit the inherent property of biological 

reactions to either absorb or produce heat, thereby causing changes in the temperature 

of the reaction medium. Enzyme molecules, immobilized on a substrate, are integrated 

with temperature sensors. The heat generated or absorbed during enzymatic reactions 

with the analyte is quantified and correlated with the concentration of the analyte. 

These biosensors are widely utilized for detecting pesticides and pathogenic bacteria 

due to their sensitivity and specificity [36]. 
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I.7 Applications of biosensor 

Biosensors are crucial in disease detection, drug target identification, drug discovery, 

environmental monitoring, food safety, and the identification of defense-related toxic agents. 

They contribute to enhancing quality of life, stability, and sensitivity [37]. 

 

Figure ‎I.7 : Applications of biosensors [38]. 

 

Medical:  

 Covid-19 detection: Biosensors play a vital role in detecting respiratory viruses, 

such as Covid-19, using a simple saliva sample. Results are obtained within 

minutes, indicating infection status and antibody levels. These biosensors, 

particularly FET-based devices using materials like graphene, offer quick and 

sensitive detections, crucial in the face of emerging viruses. Their accuracy and 

speed make them valuable tools for doctors in diagnosing and planning effective 

treatments [39]. 

 Cancer detection: Cancer, a leading cause of global mortality with increasing 

incidence, claims millions of lives annually. Early diagnosis and treatment 

significantly impact survival rates, offering the potential to avoid 30 to 40% of 

cancer-related deaths. Biosensors, employing surface Plasmon resonance (SPR) 

principles, play a crucial role in early cancer detection. These devices convert 

biological reactions into electrical signals, allowing the identification of tumor 

cells as analytes. By detecting specific proteins released or expressed by tumor 
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cells, biosensors contribute to determining the nature of the tumor, aiding in the 

early identification of malignancy [39]. 

 

Environmental pollution: environmental pollution levels, detrimental to human health, are 

gauged using sensors. An example includes assessing the percentage of toxins in sewage 

water through the oxidation of organic pollutants like organophosphates, commonly used 

insecticides. This study aims to unveil the environmental impact of these substances. 

Bioreceptors such as aptamers, antibodies, DNA, and enzymes are preferred components in 

environmental monitoring [40-41]. 

 

Safety food: Nanosensors placed inside food packages play a vital role in ensuring food 

safety. They monitor the internal and external conditions of the food product, detecting 

changes caused by microbial or bacterial activity. The nanosensors exhibit color changes, 

accurately signaling even minimal microbe concentrations. Immunosensors are particularly 

effective for this purpose [42-43]. 

I.8 Challenges of traditional biosensors 

Despite advancements in biosensor development across various fields, the commercial 

availability of these biosensors remains limited, posing a significant challenge. The difficulty 

lies in obtaining sensors with precise accuracy, specific sensitivity, and consistent 

repeatability to ensure reliable results for each application. In sectors like agriculture, food 

industry, and chemical pollutant monitoring, additional challenges include ensuring resistance 

to water and open-air exposure to maintain efficiency during repetitive use. Currently, the 

polymerase chain reaction (PCR) technique used for diagnosing diseases like Coronavirus is 

time-consuming, requires expensive and complex equipment, and demands highly skilled 

personnel. Furthermore, issues related to low sensitivity may result in false-negative or false-

positive results [44-45]. 

I.9 Microwave biosensors 

Microwaves are high-frequency, non-ionizing electromagnetic radiation used in daily devices 

like mobile phones [46]. Presently, low-power microwave technology is readily available, 

affordable, and poses no health risks. Material response to electromagnetic waves is 

influenced by complex permittivity, a key material property [47]. 

Among this diverse range of sensor types, microwave sensors stand out for material 

characterization due to their ability to easily penetrate the measured material using 
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electromagnetic (EM) waves. This distinctive feature, coupled with the advantages of label-

free detection, seamless integration with measurement equipment, and the capability to 

characterize and monitor changes in material parameters, has led to the widespread adoption 

of microwave sensors in various applications, including those in the biological domain [48]. 

Broadly, two categories of microwave sensors exist based on their frequency range of 

operation: broadband and resonant sensors [49]. The choice between these types depends on 

the specific requirements, with broadband sensors providing comprehensive spectral 

information but at the cost of broadband measurement, while resonant sensors offer high 

sensitivity at discrete frequency point(s) with reduced equipment demands.  

I.9.1 S-Parameters 

Scattering parameters, or S-parameters, are frequency-dependent metrics used to characterize 

the transmission and reflection properties of high-frequency circuits, components, devices, 

and systems. They are expressed as complex numbers representing magnitude (in decibels, 

dB) and phase angle (in degrees). S-parameters are dimensionless and follow a specific 

nomenclature based on the number of ports. 

For a one-port device (two connections, two poles), a single S-parameter (S11) describes the 

reflection at the port. A two-port device (quadrupole) is characterized by four S-parameters: 

S11, S21, S12, and S22, which are used to describe most circuits and RF modules [50]. 

 

Figure ‎I.8: Four S-parameters of a quadrupole [51]. 

  

The parameters S11 and S22 represent reflection coefficients, while S21 and S12 represent 

transmission coefficients. S11 indicates how well the input impedance matches the measuring 

line's impedance, typically 50 ohms or 75 ohms, with a low S11 value signifying low return 

loss. S21 pertains to transmission, indicating the insertion loss or gain caused by the device. 
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For passive, bidirectional components, S12 is equivalent to S21. S22 relates to how well the 

output matches the impedance of the measurement system. 

MIMO systems: In the case of a MIMO biosensor, scattering parameters provide more 

information than just the reflection coefficients. For a two-element MIMO system:  

 S11 is the reflection coefficient of biosensor element 1. 

 S22 is the reflection coefficient of biosensor element 2. 

 S21 represents the ratio of power seen at the port of biosensor element 2 when 

biosensor element 1 is excited. 

 S12 represents the ratio of power seen at the port of biosensor element 1 when 

biosensor element 2 is excited. 

These scattering parameters (S21 and S12) represent the isolation between ports in a two-

element MIMO system. Effective MIMO systems require diversity, which necessitates a very 

low isolation coefficient between the antenna elements for efficient performance [52]. 

 

In microwave biosensors, S-parameters provide valuable information about the interaction 

between the sensor and the biological sample being analyzed. They enable the measurement 

and analysis of the electromagnetic response of the system, which is influenced by the 

properties of the sample, such as its dielectric properties, composition, and structural changes. 

This information is crucial for understanding and monitoring biological processes, making S-

parameters essential tools in the development and application of microwave biosensors. 

I.10   Metamaterial 

Metamaterials are specially engineered materials comprising various structures and 

substances, featuring unique properties influenced by factors like orientation, dimension, 

shape, and base material. These distinct properties encompass negative electrical permittivity, 

magnetic permeability, and refractive index. Metamaterials have garnered attention for their 

capability to interact with electromagnetic waves, even when smaller than the wavelength. In 

recent years, they have played a crucial role in sensing technology, particularly in 

electromagnetic sensors. These sensors leverage alterations in the electromagnetic field 

during interaction with the tested material, causing shifts in resonance frequency and changes 

in response signal amplitude at a designated port [53]. 

In 1967, V.G. Veselago, associated with the Moscow institute of Physics and Technology, 

proposed the theoretical model of a medium now recognized as a metamaterial. However, 

physical experimentation was delayed for 33years after the paper’s publication due to the 
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unavailability of materials and insufficient computing power. It wasn’t until the 2000s that 

both materials and computing power became accessible, enabling the artificial production of 

the required structures [54].  

 

Figure ‎I.9 : Additive manufacturing of metamaterials [55]. 

I.10.1 The impact of metamaterials in biosensing applications 

Metamaterials, with their unique properties, are promising for biosensing applications, 

particularly in microwave biosensors. They offer efficient electromagnetic radiation 

absorption, miniaturization, adaptability, and enhanced effectiveness compared to traditional 

methods. Metamaterial-based biosensors interact with target biological molecules, causing 

changes in light properties for detection. These biosensors provide sensitivity, selectivity, 

rapid response, low detection limits, and compatibility with various samples. Metamaterials 

can also create filters to enhance specificity by selectively detecting specific biological 

molecules based on resonant frequencies in the microwave range [56]. 

I.10.2 Split ring resonators 

Another type of metamaterial structure relies on sub-wavelength resonators, primarily 

utilizing split ring resonators (SRR). First introduced by Pendry, this resonant approach offers 

compact structures with high design flexibility, making them conductive to miniaturization. 

Various resonant particle approaches based on SRR have been developed and applied in 

numerous microwave applications. Their versatility allows coupling in different ways, such as 

with coplanar, stripline, and microstrip designs, adding a planarity feature. Depending on the 
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resonator and coupling types, different propagation characteristics can be tailored to meet 

specific requirements. It’s crucial to note that this resonant approach employs resonators as 

loading elements [57]. 

SRRs consist of a metallic loop with one or multiple small gaps and can assume various 

shapes like circular, square, or hexagonal. Circular and rectangular SRRs are the most 

commonly utilized, with rectangular SRRs offering distinct advantages. They facilitate 

superior miniaturization, denser packing, and more robust magnetic coupling compared to 

circular resonators [58]. 

 

 Figure ‎I.10 : Split ring resonator designs [56]. 

I.10.3 Metamaterial Antenna 

Metamaterials antennas utilize metamaterials to improve the efficiency of electrically small or 

miniaturized antenna systems. By leveraging metamaterials, these antennas can significantly 

reduce their size while simultaneously enhancing attributes like bandwidth, gain, and multi-

band frequency functionality. The integration of metamaterials into the antenna design allows 

them to achieve superior performance compared to conventional antennas. The antenna 

depicted in Figure I.11 is constructed based on SRR technology [59]. 

 

Figure ‎I.11 : Antenna based on split-ring resonator [59]. 
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I.11  MIMO sensors 

In wireless communication, antennas serve as key devices facilitating communication 

between transmitters and receivers using radio waves. They can be designed for uniform 

transmission in all directions or with a specific directional preference. Two main types of 

antennas, SISO (single input single output) and MIMO, are commonly used for various 

applications. SISO antennas, though easy to design, face challenges like multipath effects and 

fading. To address these, smart antenna technology is utilized, leading to the development of 

MIMO antennas for enhanced performance and overcoming limitations [60]. 

Originally, MIMO denoted the use of multiple antennas on both the transmitter and receiver. 

However, in current usage, MIMO commonly describes a practical technique for transmitting 

and receiving multiple data signals over a signal radio channel, utilizing multipath 

propagation. MIMO operations encompass three primary categories: precoding, 

beamforming, and decoding [61]. MIMO technology, a revolutionary advancement in 

wireless communication, was developed in the late 1990s and early 2000s by various 

companies, including Airgo Networks, later acquired by Qualcomm in 2006 [59]. 

 

 

 

Figure ‎I.12 : General model of the MIMO system [59]. 
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In MIMO designs, two or more radiating elements are fed separately using coplanar or strip 

line feeding techniques to transmit and receive data. However, port coupling is a major 

concern in MIMO design, as it degrades antenna performance. One effective approach to 

achieve good isolation is to use a metamaterial-based MIMO design. For instance, a 

suspended meta-surface made up of periodic square SRRs can be placed above the antenna 

array. These SRRs, composed of inductive lines and capacitive gaps, facilitate both magnetic 

and electric coupling, enhancing isolation and reducing mutual coupling. Such designs ensure 

better decoupling, improving the overall performance of MIMO antennas in high-speed 

communication technologies. 

I.11.1 MIMO antenna 

MIMO antennas have received much attention in the modern wireless communication system 

as it can use multi-paths to transmit or receive data, and hence increase the range and output 

performance. It is noted that the significant isolation between components of the same MIMO 

system is necessary so that elements of the MIMO antenna can work independently to 

transmit or receive signals simultaneously without deteriorating the antenna parameters. In 

order to ensure the quality of a MIMO antenna, in addition to S-parameters and radiation 

characteristics, certain diversity parameters are used. The MIMO antennas must satisfy the 

predefined values of the diversity parameters for practical applications. 

I.11.2 Advantages of MIMO antennas in 5G applications 

Advantages of MIMO antennas include [59]: 

 Faster data transfer rates through simultaneous transmission and reception of 

multiple data streams over the same frequency band. 

 Increased network capacity by allowing multiple users to transmit and receive data 

simultaneously. 

 Mitigation of interference and signal fading for more reliable communication 

using multiple antennas. 

 Higher spectral efficiency achieved by transmitting multiple data streams in the 

same frequency band. 
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I.12  Conclusion 

In conclusion, biosensors play a crucial role in the early detection of lung damage levels, 

revolutionizing health diagnostics. Providing an essential understanding of biosensor 

fundamentals, historical contexts, and extensive applications, we establish the cornerstone for 

disease management. As we advance into the forefront of biosensing technologies, the 

integration of Metamaterials into MIMO sensor antennas emerges as a promising 

breakthrough. 

 

Metamaterials profoundly impact MIMO antenna systems, enhancing their performance and 

capabilities. By harnessing Metamaterials, MIMO sensors can process multiple input signals 

concurrently, bolstering detection capabilities and amplifying sensitivity and precision in 

identifying lung damage levels. This synergy between Metamaterials and MIMO sensor 

technology heralds a new era of biosensing, where unprecedented levels of accuracy and 

efficiency become attainable. 
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II.1  Introduction 

Over time, biosensors have evolved significantly, incorporating various technical 

improvements and advancements, achieving a high level of sophistication in diverse aspects. 

These sensors leverage powerful tools like artificial neural networks (ANN) to further 

enhance their capabilities. ANN plays a pivotal role in modeling and calibrating intricate 

biosensor signals, especially in non-linear scenarios. Serving as an adaptive filter, it enhances 

linearity, and maintains stability during training processes using pre-measured data. Once 

trained, ANN offers precise predictions in subsequent recall processes, solidifying biosensors 

as versatile and efficient analytical tools across various domains [1]. 

II.2  Definition and history 

The Artificial Neural Network (ANN) has been a prominent topic in artificial intelligence 

since the 1980s. During this period, researchers abstracted the human brain’s neural network 

for information processing, establishing a simplified model. ANNs simulate brain neural 

network processing by storing memory information through interconnected nodes, each 

representing a specific output function. The connections between nodes, known as weights, 

play a crucial role in signal transmission. Over the last ten years, significant progress has been 

made in ANN research, particularly in pattern recognition, intelligent robots, automatic 

control, prediction, estimation, biology, medicine, and economics [2]. This progress has 

addressed practical problems that traditional computers struggled with, showcasing the 

intelligence of ANNs. 

The first wave of interest in these networks, also known as connectionist models or parallel 

distributed processing, emerged following the introduction of simplified neurons by 

McCulloch and Pitts in 1943 [3]. 

II.3  The biological neuron  

Neurons are specialized cells essential for processing and interpreting information. At birth, 

humans possess around 100 billion neurons, with the majority concentrated within the brain 

[4]. 

Neurons consists of four main parts (Figure II.1): 

 Dendrites: These are where other cells make synaptic contact; they receive signals. 

 Cell body (Nucleus): it’s the processing unit. 

 Axon: Messages accumulated in the cell body pass through here; it’s responsible for 

transmitting information. 
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 Synapses: These are points of connection through which the cell communicates with 

other cells; signals pass through them [5]. 

 

Figure ‎II.1: A graphic representation of a biological neuron [6]. 

 

II.4  The perceptron model 

When a new technique emerges in the field of computer science, engineers begin to construct 

an artificial neuron, which is a nonlinear algebraic function with bounded values. Each 

component of an artificial neuron corresponds to elements found in a biological neuron. An 

artificial neuron receives input variables from upstream neurons, with each input associated 

with a weight. Each elementary processor has a single output [7].  

 

In 1943, McCulloch and Pitts proposed the first artificial neuron model, now called a 

perceptron, consisting of a binary threshold activation function (Figure II.2). This 

mathematical neuron calculates a weighted sum of its input signals and, if the sum is above a 

certain threshold, produces an output of "1", "0", or another positive number. Otherwise, the 

function returns "0" as the result, and this logic is also called the hardlim function [8]. 

 
Figure ‎II.2: Artificial neuron [8]. 
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The perceptron applies a linear combination of its inputs, thereby obtaining a signal, to which 

an activation function is applied to obtain the output signal. Nonlinear functions are most 

commonly used to convey nonlinear behavior to the perceptron. The mathematical model of 

the perceptron is shown in Eq.II.1. 

                                                  (∑          
 
   )                               (II.1) 

where    is the neuron output;   is the activation function; x is the input vector of elements of 

n;   is the weight vector and  i   is the value that allows filtering of the activation function. 

The bias is somewhat similar to the constant   of the linear function   =  x +   [8]. 

II.5  Component of artificial neural network  

Components of ANN typically include [9]: 

II.5.1 Input layer 

This layer receives the initial data for the neural network. It does not perform any 

computations on the input values; rather, it directly passes them to the next layer. 

II.5.2 Hidden layers 

Situated between the input and output layers, the hidden layers act as the neural network’s 

processing units. They are often referred to as the “black box”. Each node in the input layer is 

connected to nodes in the hidden layers, and each hidden layer employs an activation 

function. 

II.5.3 Output layer  

Positioned at the end of the neural network, the output layers is responsible for making 

predictions. It receives the output from the hidden layers and processes it for evaluation. Like 

the hidden layers, the output layer also utilizes an activation function to provide probabilities 

for different outcomes. 

II.5.4 Weights 

These are parameters that the model adjusts during training. When inputs are passed through 

the neural network, weights assign importance to each input. Essentially, weights determine 

the impact of each input on the network’s output. 
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II.5.5 Biases 

Constant values added to the inputs of the next layer. Bias units always have a value of 1 and 

ensure that even if all input values are zero, there will still be activation in the neuron. While 

biases are not affected by the previous layer, they do have outgoing connections with their 

own weights. 

II.6  Activation function 

In the domain of artificial neural networks, the activation function serves as a crucial 

mathematical operation applied to the output signal of each artificial neuron. Stemming from 

its biological counterpart, the “activation potential”, which denotes the stimulation threshold 

leading to neuron response, the activation function is typically non-linear [10]. This non-

linearity is indispensable, as linear functions are limited to single-layer neural networks. 

Within a neuron, the activation function operates by computing the dot product between input 

signals and weight vectors while incorporating a bias term. Subsequently, the result undergoes 

transformation via the activation function, introducing non-linearity post-dot product 

computation. This non-linear property facilitates diverse internal state variations among 

objects of the same class [11]. However, the choice of an activation function is a crucial 

component of neural network. This function can significantly impact the network’s 

performance. Therefore, selecting the appropriate type of activation function is essential in a 

neural network. 

There can be many activation functions like: 

II.6.1 Hardlim function 

The Hardlim function, also known as the binary step function, is the first activation function 

proposed by McCulloch and Pitts, the fathers of artificial neurons. The function returns the 

binary output value "0" or "1", "0" if the signal value is less than "0", or "1" if the signal value 

is equal to or greater than "0". The formula is as follows:  

                                           ( )         ( )  {
         
         

                            (II.2) 

Today, Hardlim is rarely used because in most modern problems of interest, there is no linear 

relationship between input and output patterns [8].  
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II.6.2 Sigmoid function (Logistic function)  

This function accepts real numbers as input and produces output values ranging between 0 

and 1. As the input increases (becomes more positive), the output approaches 1, while for 

smaller inputs (more negative), the output tends towards 0 [9]. 

                                                      ( )  
 

     
                                            (II.3) 

II.6.3 Tanh function (Tansig) 

It’s Hyperbolic Tangent function. this function closely resembles the sigmoid activation 

function, sharing the same S- shaped curve. It accepts any real number as input and produces 

output values within the range of -1 to 1. As the input increases (becomes more positive), the 

output approaches 1, while for smaller inputs (more negative), the output tends towards -1 [9]. 

Tanh is favored over the sigmoid function due to its gradients, which are not limited to a 

specific direction, and its characteristic of being zero-centered. 

                                                                     ( )  
      

      
                              (II.4) 

II.6.4 ReLU function 

The ReLU (Rectified Linear Unit) stands out as the most widely employed activation function 

globally. It finds application in nearly all convolutional neural networks and deep learning 

models. Essentially, it outputs the input value (x) if it’s positive; otherwise, it yields 0 [9]. 

                                                                     ( )      (   )                         (II.5) 

II.6.5 Softmax function 

The softmax function has been widely used in ANNs, especially in DNN architectures, and 

due to its properties, it is one of the few activation functions placed at the output layer. 

softmax has classifier properties because the function returns a number that can be interpreted 

as the probability of a particular class. The softmax formula is shown in Eq.II.6. 

                                                         ( ⃗)         ( ⃗)  
   

∑  
   

   

                        (II.6) 

 

Softmax ensures a probability distribution with the following properties: Each individual 

output (  ) of a set of observations ( ⃗) satisfies the condition 0 ≤    ≤ 1 and the sum of the 

outputs (∑   
 
   ) is equal to “1”, according to the requirements of probability. The Softmax 

activation function in the last layer of a text analysis ANN gives the probability of occurrence 
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of a word in a text string. In the same way, it calculates possible tags in sentiment analysis of 

tweets and gives the class probability for a specific image [8]. 

 

 

Figure ‎II.3: Some activation function [12]. 

 

II.7  Architectures 

An artificial neural network (ANN) functions as a parallel computing system, capable of 

addressing tasks beyond the capabilities of linear computing paradigms alone. It’s categorized 

into two main types: feedforward networks and recurrent/feedback networks. This 

classification is depicted in Figure II.4. Our focus is on feedforward networks for their 

simplicity and effectiveness. 

 

Figure ‎II.4: Types of neural network architectures [13]. 
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II.7.1 Single layer feedforward network 

In its most basic form, a single-layer feedforward network consists of an input layer 

comprising neurons (source nodes) directly connected to an output layer of neurons 

(computation nodes), as depicted in Figure II.5. The input layer is not considered in the 

computation as it serves solely to relay input data to the output layer [14]. 

 

Figure ‎II.5: Feedforward network with a single layer [14]. 

II.7.2 Multilayer feedforward network 

The multilayer feedforward network, illustrated in Figure II.6, represents a significant 

category within neural networks. It comprises an input layer of neurons (source nodes), one or 

multiple layers of neurons known as hidden layers, and an output layer. Signal propagation 

occurs sequentially through the network, moving forward layer by layer [14]. 

 

Figure ‎II.6 :Typical feedforward network with two hidden layers and an output layer [14]. 
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II.8  Type of artificial neural networks 

There exist diverse types of artificial neural networks, including [15]: 

II.8.1 Recurrent neural networks (RNNs) 

Are a type of artificial neural network (ANN) characterized by connections between units that 

create a directed cycle. This cycle forms a sequential pattern, dictating the order of traversal 

along vertices and edges. RNNs are frequently employed for tasks such as speech and 

handwriting recognition. 

 

Figure ‎II.7: Recurrent neural network [9]. 

II.8.2 Modular neural networks 

 Comprise multiple independent neural networks that operate autonomously without 

communication or inhibition from other networks during computation. 

II.8.3 Feed-forward neural networks (FFNNs) 

Are the simplest neural network type, transmitting information in one direction from input 

nodes to output nodes. They may or may not include hidden layers, making their operation 

highly interpretable. 

II.8.4 Convolutional neural networks (CNNs) 

Are among the most widely used models in contemporary applications. They leverage a 

modified version of the multilayer perceptron, incorporating one or more convolutional layers 

that can be fully connected or pooled. 

II.8.5 De-convolutional neural networks (DCNNs) 

Work in the opposite manner to CNNs, aiming to uncover missing signals or features initially 

considered insignificant to the CNN’s task. They utilize a reverse process of the CNN model. 
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II.9  Machine learning types 

Learning algorithms can be categorized into four main types based on the feedback available, 

representation of learned information, and the presence of prior knowledge. These categories 

include supervised, unsupervised, semi-supervised, and reinforcement learning, each with its 

own unique principles and concepts [16].   

II.9.1 Supervised learning                

Supervised learning relies on labeled input-output training data provided by a trainer to learn 

a model. The system adjusts its parameters using specific algorithms to produce desired 

output patterns from given input patterns. However, in application like text processing, video 

indexing, and bioinformatics, labeled data may be unavailable, costly to generate, or difficult 

to collect. Additionally, in classification problems, the number of categories may be unknown 

or may increase with more data. Unsupervised learning systems offer a solution to these 

challenges by learning from unlabeled data without predefined outputs [16]. 

II.9.2 Unsupervised learning 

Unsupervised learning tackles scenarios where labeled data or guidance from a trainer is 

absent. Instead, the system learns from unlabeled training data, autonomously adjusting its 

parameters to uncover meaningful patterns within complex data. Common applications 

include dimensionality reduction and clustering. However, challenges such as subjective 

clustering and the difficulty in evaluating results persist. Two proposed solutions are semi-

supervised learning, which integrates limited labeled data, and reinforcement learning, which 

incorporates user feedback to refine the learning process [16]. 

II.9.3 Semi-supervised learning  

Semi-supervised learning bridges the gap between supervised and unsupervised methods, 

leveraging the strengths of both. It seeks to reduce the need for labeled data in supervised 

learning while enhancing the outcomes of unsupervised clustering to meet user expectations. 

This approach relies on assumptions about the labeled and unlabeled data, yet formalizing and 

verifying these assumptions remains challenging [17].  
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Figure ‎II.8: Examples of Supervised Learning (Linear Regression) and Unsupervised Learning (Clustering) [18]. 

II.9.4 Reinforcement learning 

Reinforcement learning offers an alternative approach to the limitations of supervised and 

unsupervised learning. Here, the focus shifts to learning through direct interaction with the 

environment rather than explicit guidance or complete environmental models. In this 

paradigm, the system receives feedback from its environment, allowing it to discover which 

actions lead to the most reward through trial and error. Challenges in reinforcement learning 

include dealing with delayed rewards, where actions impact not only immediate outcomes but 

also future rewards. Two main strategies for solving reinforcement learning problems exist: 

searching for effective behaviors through methods like genetic algorithms, or estimating 

action utilities using statistical and dynamic programming techniques [16]. 

II.10 Linear and non-linear classification  

Linear classification involves assigning data points to discrete classes using a linear 

combination of their features, while Non-Linear classification deals with separating instances 

that cannot be linearly separated. 

Linear classifiers are preferred for their speed, especially with sparse input data, efficiently 

classifying large datasets. Conversely, Nonlinear classifiers excel at solving complex 

problems by identifying patterns that don’t confirm to linear relationships, effectively 

grouping data points that don’t align along a simple line [19]. 

II.10.1 Linear classification 

Linear classification is the process of classifying a data set into different categories based on a 

linear combination of the explanatory characteristics of the data set. 

Classifiers that use linear function to divide classes include linear discriminant classifiers, 

Naive Bayes, logistic regression, perceptron, and SVM (linear kernel). 
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Figure ‎II.9 : Linearly-separable [19]. 

 

In the above image, we have two classes namely “O” and “+”. To differentiate between the 

two classes, draw arbitrary lines to ensure that the two classes are on different sides. 

Since we can distinguish one class from another, these classes are said to be “linearly 

separable”. However, there are countless lines that can be drawn to distinguish these two 

classes. The exact location of this plane/hyperplane depends on the type of linear classifier. 

II.10.2 Non-Linear classification 

Nonlinear classification refers to classifying those instances that cannot be linearly separated. 

Some classifiers that use nonlinear functions for class separation include quadratic 

discriminant classifiers, multilayer perceptron (MLP), decision trees, random forests, and K-

nearest neighbors (KNN). 

 

Figure ‎II.10 : Non-linear graph samples example [19]. 

 

In the above image, we have two classes namely “O” and “X”. In order to distinguish these 

two classes, it is not possible to draw any straight line to ensure that the two classes are on 

different sides. We notice that even if we draw a straight line, there will be points of the first 
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type between the data points of the second type. In this case, piecewise linear or non-linear 

classification boundaries are required to differentiate between the two classes. 

The main difference is that in the case of Linear classification, data is classified using a 

hyperplane. In contrast, kernels are used to organize data in the Non-Linear classification 

case. 

II.11 Error Function 

An error in machine learning represents the disparity between the anticipated result and the 

forecasted outcome. It’s often expressed simply as: 

                                                                               (II.7) 

 

The primary goal of a neural network is to determine optimal weight values, achieved when 

errors are minimized, ideally to zero. This process entails initializing weights, computing 

neuron outputs using activation functions, error calculation, weight adjustment, and iterative 

error comparison until the minimum is reached, signifying the network’s “learning”. 

In calculus, finding the minimum point of a function involves location where its first 

derivative is zero. For neural network training, an error function is crucial to compute this 

derivative and identify points (weights and biases) where the error is minimized. The choice 

of error function depends on the model type being trained and is often referred to as a loss 

function [20]. 

Error function are categorized into [20]:  

 Regression loss function: for predicting continuous outcomes like stock or housing 

prices. 

 Binary classification loss functions: for models predicting two classes, such as cat 

versus dog or cancer versus no cancer. 

 Multiclass classification loss functions: used when predicting more than two classes, 

as in object detection. 

Each category has specific use cases and compatibility with different activation functions, 

guiding the selection of appropriate error functions for modeling tasks. 

II.11.1 Regression loss function 

Mean squared error (MSE) loss: Mean Squared Error (MSE) stands out as a favored cost 

function in ANNs, offering superior performance and widespread adoption compared to other 

options such as backpropagation. It excels in regression tasks, especially when the target 
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variable follows a normal or Gaussian distribution. However, its effectiveness diminishes in 

studies involving multiple variables due to challenges in error comparisons. 

                                                                    
 

 
∑ (      )

  
                            (II.8) 

 

Mean squared logarithmic error (MSLE) loss: The function first calculates the base of the 

logarithm of predicted values and calculates the mean square error. 

 

Mean absolute error loss: This value is calculated as the average of the absolute differences 

between expected and predicted values. 

II.11.2 Binary classification loss function 

Binary cross-entropy: The cross-entropy loss function is the standard choice for binary 

classification tasks, favored for its effectiveness. It computes a score reflecting the average 

disparity between actual and predicted probability distributions for predicting class 1. 

Minimizing this score is the objective, with an ideal cross-entropy value set to 0. 

Hinge loss: This function is predominantly utilized to support binary classification based on 

vector machines. 

Squared hinge loss: This function computes the square of the score hinge loss, thereby 

smoothing the error function’s surface and facilitating numerical operations. 

II.11.3 Multiclass classification loss function 

Multiclass cross-entropy loss: This function is the standard loss function for multiclass 

classification tasks and is commonly favored over other options. Cross-entropy computes a 

score that represents the average disparity between the actual and predicted probability 

distributions for predicting class 1. The goal is to minimize this score, with a perfect cross-

entropy value being set to 0. 

                                                               ∑       
           
     

 
                      (II.9) 

 

Sparse multiclass cross-entropy loss: This function computes the cross-entropy error 

without necessity of one-hot encoding the target variable before training. 

Kullback-Leibler divergence (KLD) loss: This function quantifies the disparity between a 

probability distribution and a reference distribution. A KLD loss of 0 indicates identical 

distributions. It gauges the information loss (in bits) when the predicted probability 

distribution approximates the desired target probability distribution. 
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II.12 Optimization algorithms 

The primary goal of a neural network is to find the most optimal weights and biases that 

minimize the loss. Initially the network assigns weights to input connections, which are rarely 

optimal. The degree of deviation from optimization is measured by the loss. Through an 

iterative process, the learning algorithm adjusts the weights to minimize the loss function. 

This process continues until further optimization is not possible. The mathematical function 

responsible for this optimization is known as the optimization algorithm or optimizer. In the 

following section, we will delve into some widely-used optimization algorithms, each 

offering varying levels of accuracy speed, and parallelism [20]. 

II.12.1 Gradient descent 

Gradient descent is an optimization algorithm utilized to minimize the cost function, also 

known as the loss function, towards zero or the minimum. The cost function, denoted by f(w), 

is expressed as:  

                                                                 ( )  
 

 
∑                               (II.10) 

Here, yi represents the known actual value, wi is the weight corresponding to the feature 

vector xi of the i
th

 sample. wixi denotes the predicted value subtracted from the value yi to 

compute the error or loss. 

In calculus, the first derivative of a function at a particular point yields the slope or gradient of 

the function at that point. When plotting the cost function f(w), it forms a multidimensional 

curve (as depicted in Figure II.11). The derivative is computed to determine the gradient, 

indicating the direction along the curve for updating the weights. As the objective is to 

minimize the cost, the algorithm proceeds in the direction of the negative gradient [20]. 

 

Figure ‎II.11: Cost function with gradient movement toward minimum [20]. 
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In simplified scenario with just one feature, represented by a single weight (w), the cost 

function resembles the left image in Figure II.11. 

1. Initially, the algorithm assesses the loss or cost for the initial weights, denoted as f(w), 

computed at point 1 on the left side of Figure II.11. 

2. Subsequently, the algorithm determines the gradient (delta) and proceeds downwards 

along the curve, guided by the negative gradient. 

3. While descending, the algorithm calculates the new weights using the formula: 

                                    (      )                       (II.11) 

 

Here, alpha termed as the learning rate, dictates the magnitude of steps taken by the gradient 

to descend the curve towards the minimum point. 

The error is recalculated based on the updated weight value, and the process iterates until the 

algorithm reaches the ultimate minimum cost. 

The right image in Figure II.11 illustrates the error curve for cases where there are multiple 

weights to optimize. The curve may present multiple apparent minimum points, known as 

local minima. The goal of the gradient descent algorithm is to identify the global minimum to 

optimize the weights. 

II.12.2 Learning rate 

Eq.II.10 introduces the learning rate, denoted as alpha, a critical parameter in the gradient 

descent algorithm. The learning rate controls the size of steps taken by the algorithm during 

descent along the curve to find the global minimum. Selecting an appropriate learning rate is 

crucial. A large learning rate may cause overshooting of the minimum, leading to oscillations 

and failure to converge. Conversely, a small learning rate requires numerous steps to reach the 

minimum, resulting in slow convergence. It’s important to note that a small learning rate can 

significantly slow down the learning process.  

 

 Figure ‎II.12: Effect of big and small learning rates [20].  
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II.12.3 Adaptive learning rate 

In addition to manually setting the learning rate within a practical range, another approach is 

using adaptive learning rate algorithms. These algorithms dynamically adjust the learning rate 

during training based on the optimization algorithm’s behavior. 

One popular adaptive learning rate algorithm is AdaGrad, which adjusts the learning rate for 

each parameter individually using historical gradients. It provides larger updates for 

parameters with smaller historical gradients and vice versa, reducing the need for manual 

tuning. 

Another widely used algorithm is Adam, which combines adaptive learning rates with 

momentum the achieves faster convergence. It adapts learning rates based on past gradients 

and squared gradients, leading to improved convergence and performance without manual 

adjustment. 

II.12.4 Training algorithms  

There are a number of batch training algorithms which can be used to train a network. Here, 

three types of training algorithms with four training functions each have been evaluated for 

the classification of lung damage level. They are Gradient Descent algorithms (traingd, 

traingdm), Conjugate Gradient algorithms (trainscg), and Quasi-Newton algorithms (trainlm) 

[21]. 

II.12.4.1 Gradient descent algorithms 

Gradient Descent algorithms are among the most widely used training techniques in neural 

networks. They employ a fundamental gradient descent approach to update weights and 

biases in the direction opposite to the negative gradient of the performance function. 

 Gradient descent backpropagation algorithm (traingd) : 

This algorithm functions as a gradient descent local search procedure. It computes the output 

error and adjusts the weights in the direction of the descending gradient of the error. 

 Gradient descent with momentum algorithm (traingdm): 

Gradient Descent with Momentum enhances the traditional gradient descent by incorporating 

momentum, allowing the network to respond not only to the local gradient but also to recent 

trends in the error surface. It operates akin to a lowpass filter, enabling the network to 

disregard small fluctuations in the error surface. Consequently, the inclusion of momentum 

helps the network overcome the risk of becoming trapped in shallow local minima, facilitating 

smoother convergence. 
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II.12.4.2 Conjugate gradient algorithms  

Conjugate Gradient algorithms offer an improvement over basic gradient descent by 

exploring search directions that lead to faster convergence. Unlike traditional gradient 

descent, which adjusts weights solely along the negative gradient direction, conjugate 

gradient algorithms search along conjugate directions, resulting in generally faster 

convergence rates. Despite this advantage, they require only slightly more storage compared 

to other algorithms, making them suitable for networks with a large number of weights. 

 Scaled Conjugate Gradient (trainscg): 

Scaled Conjugate Gradient stands out for its efficient optimization process. Unlike other 

conjugate training functions, it doesn't necessitate a line search at each iteration step. Instead, 

it employs a step size scaling mechanism, eliminating the need for time-consuming line 

searches and rendering it faster than other second-order algorithms. Although trainscg may 

require more iterations to converge compared to other conjugate gradient algorithms, it 

significantly reduces the number of computations in each iteration by omitting the line search 

process. 

II.12.4.3 Quasi-Newton algorithms 

Quasi-Newton algorithms represent an advancement over traditional Newton's method and 

conjugate gradient methods. While Newton's method offers superior optimization and speed, 

it requires computing the Hessian matrix (second derivatives) of the performance index at the 

current weight and bias values, making it complex and time-consuming for feedforward 

neural networks. Quasi-Newton algorithms, inspired by Newton's method but avoiding the 

need for second derivative calculations, update an approximate Hessian matrix in each 

iteration, striking a balance between convergence speed and computational complexity. 

 Levenberg-Marquardt backpropagation (trainlm) algorithm: The levenberg-

Marquadt backpropagation algorithm (trainlm) efficiently locates the minimum of a 

multivariate function expressed as the sum of squares of non-linear real-valued 

functions. It operates iteratively, ensuring a reduction in the performance function in 

each iteration, thereby establishing trainlm as the fastest training algorithm for 

networks of moderate size. However, similar to trainbfg, trainlm incurs memory and 

computation overhead due to the calculation of the gradient and approximated Hessian 

matrix. 
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II.13 Regularization 

Regularization is a method utilized in machine learning and statistical modeling to counteract 

overfitting and enhance a model’s ability to generalize. Overfitting arises when a model 

becomes overly complex and starts memorizing the training data, resulting in diminished 

performance on new, unseen data [20]. 

The fundamental concept of regularization involves imposing extra constraints or penalties on 

the model’s weights during training. These constraints prompt the model to learn simpler 

patterns, steering clear of overly intricate or complex relationships within the data. 

 

Figure ‎II.13: Classification over- fitting [22]. 

Under-fitting occurs when a model fails to capture the underlying trend in the training data, 

resulting in poor fit. This often arises with small or unrepresentative datasets. Underfit models 

exhibit low accuracy on both training and test sets and should be avoided. To mitigate under-

fitting, adding more data or ensuring dataset diversity can help, along with feature 

engineering to select appropriate features.  

II.14  The backpropagation algorithm 

The Backpropagation algorithm (BP) stands out as a widely-used method for training 

feedforward networks, and it falls under the category of supervised learning techniques. It 

operates through iterative gradient-based techniques to minimize the disparity between the 

network’s actual output and the desired output. Through this process, the algorithm learns 

from labeled data, adjusting its parameters to improve its ability to make accurate predictions 

or classifications. The algorithm can be succinctly outlined in the following steps [14]: 

 

1. Initialization: All network weights are set to small random values. 

2. Forward Pass: Input patterns are applied, and outputs are computed. Initially, with 

random weights, the calculated outputs differ significantly from the desired ones 

(targets). 
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3. Error Calculation: The discrepancy between the desired and actual outputs is 

determined for each neuron. 

4. Weight Adjustment: Using mathematical computations based on the calculated 

errors, weights are adjusted to reduce errors, bringing neuron outputs closer to their 

targets. This step is known as the reverse pass. 

5. Iteration: The process is iterated until the error is minimized. 

 

The BP is associated with serval disadvantages, among which the following are notable: 

 Slow convergence: Relative to alternative training algorithms, BP tends to converge 

slowly. This is attributed to its reliance on gradient descent and its failure to leverage 

second derivative information to hasten convergence. 

 Convergence to a local minimum: Due to its gradient descent nature, BP typically 

follows the negative gradient direction, leading to convergence at a local minimum of 

the error surface. As a result, it does not guarantee finding the global minimum, 

especially in scenarios where the error surface exhibits multiple minima. 

II.15 Evaluation metrics 

The learned model is an approximation of reality. Therefore, their predictions may be wrong. 

With a regression model, we can measure the size of the error. The classifier produces a 

correct or incorrect classification.  

In order to evaluate the correctness of the model, we need to choose appropriate evaluation 

metrics. The evaluation metric quantifies how close the predicted labels given the input data 

are to the true labels of these observations [23]. 

Each metric can cover a different aspect of training the model. They can be sensitive to 

outliers and respect or take into account the distribution of the training data. Some metrics are 

better suited to subjective labeling, while others are better suited for data that contains outliers 

that cannot be explained by the data provided. There is no single best metric because which 

attributes are important depends on the problem [24]. 

II.15.1 Confusion matrix 

The confusion matrix is a widely-used metric in classification tasks, applicable to both binary 

and multiclass scenarios. Figure II.14 illustrates an example of a confusion matrix for binary 

classification. 
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Figure ‎II.14: Confusion matrix example [25]. 

 

 Precision: Is defined as the ratio of the total number of true positives to the total 

number of predicted positives. The precision formula is given by:  

                                                                        
  

     
                        (II.12) 

 Recall: Also known as the true positive rate, is defined as the ratio of the total number 

of true positives to the total number of actual positives. The recall formula is as 

follows: 

                                                                              
  

     
                             (II.13) 

 F1 score: Is a balanced measure that considers both precision and recall when 

evaluating a model’s performance. It addresses the challenge of assessing the model 

when one metric is significantly smaller than the other. By combining precision and 

recall into a single metric, the F1 score provides a comprehensive evaluation of the 

model’s quality. 

                                                                      
                  

                
                     (II.14) 

 Accuracy: Is the measure of the ratio of correct predictions, both positive and 

negative, to the total sample size. The accuracy formula is represented as follows: 

                                                                     
     

           
                      (II.15) 
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II.15.2 Receiver operating characteristic (ROC) curve 

The ROC curve is an analytical method, represented as a graph, that is used to evaluate the 

performance of a binary diagnostic classification method. The diagnostic test results need to 

be classified into one of the clearly defined dichotomous categories, such as the presence or 

absence of a disease. However, since many test results are presented as continuous or ordinal 

variables, a reference value (cut-off value) for diagnosis must be set. Whether a disease is 

present can thus be determined based on the cut-off value. An ROC curve is used for this 

process, allowing for the assessment of diagnostic accuracy and the determination of optimal 

cutoff points for decision-making. 

II.16 Artificial neural networks application 

After years of advancement, neural network theory has made significant strides in various 

research domains, including pattern recognition, automatic control, signal processing, 

decision support, and artificial intelligence. The following outlines the current applications of 

neural networks in several areas [2]: 

Pattern recognition: Is the process of describing, identifying, classifying, and interpreting 

phenomena by analyzing various forms of data. It is grounded in Bayesian probability theory 

and Shannon’s information theory, mirroring the logical processing of the human brain. There 

are two main methods: statistical and structural pattern recognition. ANNs are commonly 

used in pattern recognition, gradually replacing traditional methods. Over the years, pattern 

recognition has advanced significantly and is now widely used in character, speech, 

fingerprint, remote sensing image, face, and handwriting recognition, as well as industrial 

fault detection and precise guidance. 

Artificial neural network in the field of medicine: Due to the intricate and unpredictable 

nature of the human body and diseases, the application of Ann is suitable for various aspects 

such as biological signal detection, analysis, and medical expert systems. In biomedical signal 

analysis, neural networks excel in handling complex nonlinear relationships and processing 

continuous waveform data from medical testing equipment. They are particularly useful in 

EFG signal analysis, auditory evoked potential extraction, EMG and gastrointestinal signal 

identification, ECG signal compression, and medical image recognition.  

Moreover, neural networks provide a solution to the limitations of traditional expert systems 

by offering nonlinear parallel processing, enhancing knowledge inference, and self-learning 

abilities. This approach improves efficiency in medical diagnosis and is widely adopted in 
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anesthesia, critical medicine, and other related fields for tasks like physiological variable 

analysis, interference signal detection, and clinical condition prediction. 

 

Artificial neural network in the field of transport applications: In recent years, there has 

been extensive research into applying neural networks to transportation systems. With 

transportation issues being inherently nonlinear and involving large, complex datasets, neural 

networks offer significant advantages in addressing these challenges, Their application span 

various areas such as driver behavior simulation, parameter estimation, pavement 

maintenance, vehicle detection and classification, traffic pattern analysis, cargo operation 

management, traffic flow forecasting, transportation strategy, and economy, among others. 

These applications have shown promising results across multiple domains including air 

transportation, ship navigation, subway operations, and traffic control. 

 

Artificial neural network in the field of economic: ANNs excel in predicting price changes 

by analyzing complex market factors such as supply-demand dynamics, household incomes, 

interest rates, and urbanization levels. They handle incomplete or uncertain data better than 

traditional statistical methods, leading to more accurate and reliable price trend predictions. 

 

II.17 Conclusion 

Finally, this chapter delves into the technical worlds of artificial neural networks and explains 

their basic concepts, different architectures, and wide range of applications. Inspired by the 

function of biological neurons, artificial neural networks are composed of interconnected 

layers of nodes, allowing them to learn complex patterns and perform complex tasks. Using 

optimization techniques such as the backpropagation algorithm and gradient descent, ANNs 

can be trained to recognize patterns, classify data, and make predictions with extremely high 

accuracy. ANNs have been used in various fields, from image recognition to natural language 

processing, revolutionizing industries and driving innovation. Furthermore, the integration of 

ANNs with biosensors offers broad prospects for the healthcare and medicine. By leveraging 

the rich data generated by biosensors, ANNs can enable early disease detection, personalize 

treatment strategies, and improve patient outcomes. 
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III.1 Introduction 

In this chapter, we delve into the design and simulation of a unique MIMO biosensor 

featuring two split ring resonators (SRRs) with a double circle shape, all integrated onto the 

same circuit board. These innovative fusion merges metamaterial-based sensors with MIMO 

technology, enhancing sensitivity and versatility in detecting changes in dielectric properties. 

Each SRR in the biosensor consists of a ring-shaped resonator with a strategically positioned 

gap, enabling detection of resonant frequency shifts linked to variations in dielectric 

properties. Utilizing advanced electromagnetic simulation software, we rigorously simulate 

and evaluate the behavior of this dual SRR MIMO biosensor, enabling comprehensive 

modeling, optimization, and sensitivity analysis under diverse conditions. 

 

Additionally, we systematically explore various ANN architectures to augment the biosensor's 

diagnostic capabilities for classifying lung damage cases. These experiments aim to assess 

different network configurations' performance in lung damage detection pattern recognition 

tasks. 

 

By intricately integrating ANN technology with our MIMO biosensor and focusing on 

simulating and discussing the outcomes derived from each simulation, our aim is to bolster its 

sensitivity, precision, and dependability in identifying and categorizing varying degrees of 

lung damage, thereby charting promising pathways for enhanced diagnostic precision in 

clinical settings. 

III.2 Structure of the biosensor 

III.2.1 Split ring resonator 

This passage outlines the analysis of an SRR and its equivalent circuit. When the rings are 

close enough for significant coupling, a quasi-static analysis determines the SRR's inductance 

and capacitance. Excitation by a time-varying magnetic field along the SRR's axis causes 

electric current to flow across the slot between the rings, resembling a displacement current. 

The slot acts as a distributed capacitance, contributing to the overall capacitance of the SRR. 

The equivalent circuit includes the SRR's self-inductance LS and a total capacitance of CS. 

The resonant frequency is given by [1]: 

                                                                       
 

  √    
                                         (III.1) 

as specified by Chinmoy Saha et al. 
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Figure ‎III.1: SRR topology and its equivalent circuit model [1]. 

III.2.2 Simulated and fabricated MIMO biosensor  

The shape of MIMO biosensor structure is as shown in Figure III.2 a double circle SSR 

model. 

                     

        a) Simulated                                                                  b) Fabricated 

Figure ‎III.2: The designed MIMO biosensor. 

 

We utilized the parameters listed in the following Table III.1 to determine the dimensions of 

our sensor. 

Table ‎III.1: Sensor geometries. 

 

 

 

 

 

 

 

 

 

 

 

 

Parameters Dimensions (mm) 

W1 0.528 

W2 0.105 

W3 0.140 

L1 0.290 

L2 0.09 

L3 0.1 

W 0.1 

S 0.1 

g1=g2 0.1 

Rout 0.8 

Rin 0.4  
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A lung phantom model with normal and infected tissues was created using simulator  to 

analyze the biosensor performances under conditions such as pneumonia and severe COVID-

19 cases. Pneumonia patients, for instance, experience breathing difficulties as their lungs fill 

with fluid and pus. The phantom includes layers of skin, fat, muscle, water, and lung tissue to 

evaluate the effectiveness of the biosensor MIMO in detecting fluid in the lungs. Table III.2 

below presents the permittivity, conductivity, density, thermal conductance, and other 

relevant characteristics, computed using reference [2]. 

 

Figure ‎III.3:  Designed normal lung phantom model [3]. 

 

Table ‎III.2: Parameter values of lung phantoms for 38 GHz measurement [2]. 

 

 

 

                 Tissue 

Properties 
Skin Fat Muscle Lung Water 

Permittivity 12.29 3.44 19.07 7.44 78 

Conductivity (s/m) 31.04 2.14 41.82 14.839 1.59 

Density (kg/m
3
) 1100 910 1041 1020 944 

Thermal conductance 

(W/K/Kg) 
0.50 0.24 0.56 0.48 0.60 

Heat capacity (Kj/K/Kg) 3.5 2.5 3.7 3.8 4.2 

Diffusivity (m
2
/s) 7.6 10

-08 
8.8 10

-08 
1.4 10

-07 
1.7 10

-07 
- 

Blood flow (W/K/m
3
) 9100 1700 2700 9500 - 

Metabolic rate (W/m
3
) 1620 300 480 1700 - 

Size 1 3 25 15 1 
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III.3 Classification of five classes detected of the damage lungs 

This study aims to develop a robust model utilizing a MIMO antenna-based biosensor for 

accurate classification between healthy and damaged lungs with varying water percentages. 

Our simulation involves categorizing lung conditions into five distinct classes, each 

representing different levels lung of damage, ranging from 0% to 80% water content, as 

delineated in Table III.3. Additionally, the dataset comprises 500 static samples. Each sample 

contains five elements representing the five distinct lung damage classes, along with a test 

from each class, as depicted in Figure III.4. 

The success of our MIMO antenna-based biosensor classification relies on accurately 

interpreting the frequency shifts associated with different water percentages within the lung. 

Ultimately, our objective is to develop a valuable diagnostic tool for precise medical 

assessments. 

Table ‎III.3: Frequency ranges corresponding to each lung classes. 

Classes Frequency Range (GHz) 

Healthy lung (0% water) 37.5 < f0 < 37.68 

Damaged lung (20% water) 36.98 < f0 < 37.4 

Damaged lung (40% water) 36.90 < f0 < 36.97 

Damaged lung (60% water) 36.83 < f0 < 36.89 

Damaged lung (80% water) 36.78 < f0 < 36.82 

 

 

Figure ‎III.4: Classification simulation. 
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III.4 Designing neural networks with different structures  

In our endeavor to enhance the diagnostic capabilities of our biosensor for classifying lung 

damage cases, we systematically explore various ANN architectures using software. Our 

future simulation aims to optimize the design and performance of ANNs through systematic 

parameter variation. By iteratively adjusting parameters, such as the number of neurons and 

training functions, we aim to develop neural network architectures that maximize 

classification accuracy while minimizing the risk of overfitting. For the classification task, the 

neural network undergoes training using 70% of the dataset, consisting of 350 samples, with 

the remaining 30% reserved for validation and testing, as depicted in Figure III.5. 

 

 

Figure ‎III.5: training, validation and testing percentages. 

 

 

III.4.1 Analyzing the impact of hidden neuron with Mean Squared Error (MSE) 

In the first simulation, we will systematically alter the number of neurons within the hidden 

layer of our ANN. This deliberate adjustment will be conducted while maintaining other 

parameters constant. Through this methodical process, we aim to assess the impact of neuron 

count variations on the network’s ability to accurately classify different levels of lung 

damage. By systematically varying the number of neurons, we can discern the optimal 

architecture that maximizes the network’s performance in lung damage classification. Our 

performance metric is MSE. 
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Table ‎III.4: Parameters of Network 1 and Network 2. 

Number of trained samples:500 

Network Network 1 Network 2 

Network type Feed-forward back propagation 

Number of neurons in hidden layer 20 60 

Adaption learning function LEARNGDM 

Performance function MSE 

Training function   TRAINSCG 

Number of hidden layers 1 1 

Activation Function Layer 1: TANSIG 

Performance 0.037336
 

0.12267 

 

The Table III.4 outlines the performance metrics of two neural network configurations, 

denoted as “network 1” with 20 hidden neurons and “network 2” with 60 hidden neurons. 

Network 1 achieved a MSE of 0.037336, indicating its proficiency in capturing underlying 

data patterns. This emphasizes the impact of altering the number of hidden neurons on model 

performance. Further analysis can delve into understanding the specific patterns captured by 

each configuration to inform optimal model design. 

 

 

Figure ‎III.6: Best validation performance for Network 1. 
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III.4.2 Analyzing training functions with Mean Squared Error (MSE) 

In this phase, we investigate the impact of different training functions on the performance of 

our neural network classifier, focusing on accurately classifying lung damage cases. We 

specifically examine three common functions: TRAINSCG, TRAINGD, and TRAINLM, 

while maintaining consistency in the number of neurons in the hidden layer. Our performance 

metric is MSE. 

 

Table ‎III.5: Parameters of Network 3 and Network 4 and Network 5. 

  Number of trained samples: 500 

Network Network 3 Network 4 Network 5 

Network type Feed-forward backpropagation 

Training function TRAINSCG TRAINGD TRAINLM 

Performance function MSE 

Number of hidden layers 1 1 1 

Number of neurons in hidden layer 20 

Activation function Layer 1: TANSIG 

Layer2: SOFTMAX 

Performance 0.23408
 

0.33304 0.20004
 

 

Network 5, trained with the TRAINLM function, achieved the lowest MSE of 0.20004, 

indicating superior performance in accurately classifying cases. The inclusion of the softmax 

activation function further enhanced the network's ability to effectively categorize cases. 

Confusion matrices provide additional insights into classification performance, highlighting 

Network 5's effectiveness in to a certain accurate categorization. 

  

Figure ‎III.7: Best validation performance for Network 5. 
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Figure ‎III.8: Confusion Matrix. 

 

III.4.3 Analyzing training functions with Cross-Entropy  

In this phase, our objective is to investigate the impact of changing the performance function 

to Cross-Entropy while keeping all other parameters constant. We systematically vary the 

performance function to observe its effect on the neural network's performance in classifying 

lung damage cases. Specifically, we evaluate the network's performance using the 

TRAINSCG, TRAINGD, and TRAINGDX training functions to determine their influence on 

classification accuracy. 

Table ‎III.6: Parameters of Network 6 and Network 7 and Network 8. 

  Number of trained samples: 500 

Network  Network 6 Network 7 Network 8 

Network type Feed-forward backpropagation 

Performance function CROSS-ENTROPY 

Training function TRAINSCG TRAINGD TRAINGDX 

Number of hidden layers 1 1 1 

Number of neurons in hidden layer 20 20 20 

Activation function Layer 1: TANSIG 

Layer 2: SOFTMAX 

Performance 3.7858 10
-07 

0.096641 2.5956 10
-05 
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The results from this phase indicate varying performances among the networks trained with 

different training functions and Cross-Entropy as the performance function. Notably, Network 

6, trained with TRAINSCG, achieved a significantly low performance metric of 3.79 10
-07

, 

suggesting high classification accuracy compared to Networks 7 and 8. These findings 

highlight the superior performance of the TRAINSCG training function when utilized with 

Cross-Entropy as the performance function. The remarkably low performance metric 

achieved by Network 6 underscores its high classification accuracy compared to networks 

trained with TRAINGD and TRAINGDX.  

 

Figure ‎III.9: Best validation performance for Network 6. 

 

 

Figure ‎III.10: Confusion Matrix. 
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III.4.4 Analyzing the impact of additional hidden layers  

In this phase, we delve into the significance of incorporating an additional hidden layer in the 

neural network architecture for classifying lung damage cases. Specifically, we examine the 

performance of two network configurations, Network 9 and Network 10, both featuring a 

feed-forward backpropagation architecture with two hidden layers. 

 

Table ‎III.7: Parameters of Network 9 and Network 10. 

  Number of trained samples: 500 

Network Network 9 Network 10 

Network type Feed-forward backpropagation 

Training function TRAINSCG TRAINLM 

Performance function CROSS-ENTROPY MSE 

Number of hidden layers 2 2 

Number of neurons in hidden layer 20-20 20-20 

Activation function Layer 1: TANSIG 

Layer 2: TANSIG 

Layer 3: SOFTMAX 

Layer 1: TANSIG 

Layer 2: TANSIG 

Layer 3: SOFTMAX 

Performance 1.1596 10
-07 

0.2 

 

 

Figure ‎III.11: Architecture of Network 9 and Network 10. 

Upon comparison between Network 9 and Network 10, it's apparent that Network 9, trained 

with the TRAINSCG function, demonstrated superior performance in classifying lung 

damage cases. Despite both networks sharing identical architectural configurations and 

utilizing two hidden layers, Network 9 achieved a significantly lower cross-entropy of 1.16 

10
-07

. Remarkably, the inclusion of the hidden layer in Network 9 enhanced its performance 

when using the CROSS-ENTROPY function compared to previous results. However, this 

addition had no notable effect on MSE performance.  
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Figure ‎III.12: Best validation performance for Network 9. 

III.5 Conclusion for the best structure (high performance) 

In the last simulation, after rigorous experimentation and analysis, we have identified the 

best-performing neural network structure for classifying lung damage cases. We constructed a 

two-layer feed-forward network with sigmoid hidden and softmax output neurons. This 

architecture has demonstrated exceptional classification capabilities, achieving high accuracy 

in categorizing lung damage levels. The network was trained using the scaled conjugate 

gradient backpropagation algorithm (TRAINSCG), which proved effective in optimizing its 

performance. The performance metric utilized was the cross-entropy function, which provided 

valuable insights into the network's accuracy and efficiency. 

 

 

Figure ‎III.13: Architecture of Network 11. 
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Table ‎III.8: Parameters of Network 11. 

  Number of trained samples:500 

Network  Network 11 

Network type Feed-forward back propagation 

Number of neurons in hidden layer 10 

Performance function CROSS-ENTROPY 

Training function TRAINSCG 

Number of hidden layers 1 

Activation Function Layer 1: Sigmoid 

Layer 2: SOFTMAX 

Performance 8.1139 10
-08 

 

 

Figure ‎III.14: Best validation performance for Network 11. 

 

In Network 11, featuring a single hidden layer comprising 10 neurons, the utilization of 

sigmoid activation functions played a crucial role in striking a balance between complexity 

and performance. This architecture effectively captured the intricate patterns inherent in lung 

damage classification while mitigating concerns of overfitting and computational complexity. 

The notable performance metric, indicated by the low cross-entropy value of 8.114 10
-08

, 

underscores the network's remarkable accuracy in categorizing lung damage cases. This 

minimal cross-entropy value signifies reduced uncertainty in the network's predictions, further 

validating its reliability and effectiveness in real-world applications. 
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To further evaluate the performance of Network 11 in classifying lung damage cases, Table 

III.9 and Table III.10 below presents the classification probabilities for a subset of patients. 

This table includes data from 15 patients, with different samples from each of the five lung 

condition classes: Healthy lung (0% water), Damaged lung (20% water), Damaged lung 

(40% water), Damaged lung (60% water), and Damaged lung (80% water). The 

classification probabilities provide insight into the network's ability to accurately differentiate 

between varying levels of lung damage across different patients. Analyzing these probabilities 

allows for a more comprehensive assessment of Network 11's efficacy in real-world 

applications. 

 

Table ‎III.9: The classification probabilities for Network 11. 
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Table ‎III.10: The classification probabilities for Network 11. 
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The classification results obtained from the neural network represent a significant milestone 

in our pursuit of accurately categorizing lung conditions. The provided probabilities offer 

valuable insights into the model's confidence and precision in its predictions for each class. 

Upon scrutinizing the classification probabilities, it becomes evident that the neural network 

exhibits a remarkable level of certainty in its classifications. For each input sample, one class 

receives a probability close to unity, indicating a clear and unambiguous prediction. This high 

level of confidence underscores the effectiveness of the model in discerning between different 

lung conditions with exceptional precision. 

 

Figure ‎III.15: Confusion Matrix. 

 

The confusion matrix demonstrated the exceptional performance of the ANN, with green 

squares indicating 100% accuracy across all five lung damage classes. This robustness is 

highlighted by the absence of false negatives (red squares) and the presence of true positives 

(blue squares), confirming the network’s precise and reliable classification of varying levels 

of lung damage. 

 

Figure ‎III.16: The ROC curve. 

1 2 3 4 5

Target Class

1

2

3

4

5

Ou
tp

ut
 C

la
ss

Training Confusion Matrix

65

18.6%

0

0.0%

0

0.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

66

18.9%

0

0.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

76

21.7%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

0

0.0%

72

20.6%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

0

0.0%

0

0.0%

71

20.3%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

1 2 3 4 5

Target Class

1

2

3

4

5

Ou
tp

ut
 C

la
ss

Validation Confusion Matrix

17

22.7%

0

0.0%

0

0.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

14

18.7%

0

0.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

12

16.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

0

0.0%

22

29.3%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

0

0.0%

0

0.0%

10

13.3%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

1 2 3 4 5

Target Class

1

2

3

4

5

Ou
tp

ut
 C

la
ss

Test Confusion Matrix

18

24.0%

0

0.0%

0

0.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

20

26.7%

0

0.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

12

16.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

0

0.0%

6

8.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

0

0.0%

0

0.0%

19

25.3%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

1 2 3 4 5

Target Class

1

2

3

4

5

Ou
tp

ut
 C

la
ss

All Confusion Matrix

100

20.0%

0

0.0%

0

0.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

100

20.0%

0

0.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

100

20.0%

0

0.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

0

0.0%

100

20.0%

0

0.0%

100%

0.0%

0

0.0%

0

0.0%

0

0.0%

0

0.0%

100

20.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

100%

0.0%

0 0.2 0.4 0.6 0.8 1

False Positive Rate

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Tr
ue

 P
os

iti
ve

 R
at

e

Training ROC

Class 1

Class 2

Class 3

Class 4

Class 5

0 0.2 0.4 0.6 0.8 1

False Positive Rate

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Tr
ue

 P
os

iti
ve

 R
at

e

Validation ROC

0 0.2 0.4 0.6 0.8 1

False Positive Rate

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Tr
ue

 P
os

iti
ve

 R
at

e

Test ROC

0 0.2 0.4 0.6 0.8 1

False Positive Rate

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Tr
ue

 P
os

iti
ve

 R
at

e

All ROC



CHAPTER III RESULTS AND DISCUSSIONS 

 66 

The ROC curve depicts the excellent performance of the model in classifying different levels 

of lung damage. With the true Positive Rate consistently maximized, the curve illustrates the 

classifier’s strong sensitivity and minimal false negatives. The close proximity to the top-left 

corner indicates a superior trade-off between true positive rates, emphasizing the model’s 

accuracy in distinguishing between various lung damage classes. 

 

In summation, the outcomes yielded by our neural network are: 

 Precision: Precision measures the accuracy of positive predictions made by the 

model. In this case, all classes have a precision score of 1, indicating that all 

positive predictions made by the model were correct. A precision score of 1 

signifies perfect precision, indicating that there were no false positive predictions 

across all classes. 

 Recall: Recall, also known as sensitivity, measures the proportion of actual 

positives that were correctly identified by the model. Similar to precision, all 

classes have a recall score of 1, indicating that all instances of each class were 

correctly identified by the model. A recall score of 1 signifies perfect recall, 

suggesting that there were no false negatives across all classes. 

 F1 Score: The F1 score is the harmonic mean of precision and recall and provides 

a balanced assessment of a classifier's performance. In this case, all classes have 

an F1 score of 1, indicating perfect balance between precision and recall. A score 

of 1 suggests that there were no false positives or false negatives, resulting in 

optimal classification performance for all classes. 

Overall, these results indicate that the model achieved perfect classification performance 

across all evaluated metrics, demonstrating its robustness and accuracy in distinguishing 

between different classes of lung conditions. 

III.6 Summary of Architectures and Performance 

Below, in the Table III.11, we provide a summary of the experimental results obtained from 

testing various ANN architectures for the detection of lung damage levels. These experiments 

aimed to assess the performance of different network configurations in a pattern recognition 

task related to lung damage detection. 
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Table ‎III.11: Summary of Architectures and performance. 

Architecture Performance note 

N°1 0.037336 

N°2 0.12267 

N°3 0.23408 

N°4 0.33304 

N°5 0.20004 

N°6 3.7858 10
-07

 

N°7 0.096641 

N°8 2.5956 10
-05

 

N°9 1.1596 10
-07

 

N°10 0.2 

N°11 8.1139 10
-08

 

 

 

III.7 Conclusion 

In this chapter, our focus was on designing and simulating both the MIMO biosensor with 

split ring resonators (SRRs) and artificial neural networks (ANNs) for the classification of 

lung damage levels. 

We conducted various simulations to classify the extent of lung damage, adjusting 

different parameters across multiple network configurations. Through these iterations, we 

identified the optimal network model, achieving the best performance in the final simulation.  

The classification results from the neural network mark a significant milestone in 

accurately categorizing lung conditions. The probabilities provided by the model offer 

valuable insights into its confidence and precision in predictions for each class. 
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GENERAL CONCLUSION 

 

This work addresses the vital need for improved diagnostic methods for detecting lung 

damage, particularly in the context of the COVID-19 pandemic and its long-term health 

effects. Traditional X-ray methods, though standard, are insufficient for rapid, safe, and 

efficient diagnosis. 

 

This research introduces a novel split ring resonator (SRR) MIMO biosensor, designed to 

quickly and safely detect pneumonia associated with COVID-19. Operating within the 5G 

frequency bands and utilizing advanced metamaterial technology, this compact antenna offers 

an effective solution for identifying lung abnormalities. By quantifying the water content in 

the lungs, the integrated MIMO biosensor, combined with the SRR antenna, can accurately 

discern varying levels of lung damage. Through extensive neural network classification and 

simulation, we developed a robust model for classifying lung damage, achieving the best 

performance with the chosen network configuration. This optimal performance underscores 

the diagnostic capabilities of the proposed antenna system. 

Additionally, there is potential to extend the use of this MIMO biosensor system to patients 

with lung cancer (LC). These patients, already grappling with compromised lung function, are 

at heightened risk of severe outcomes from COVID-19 due to immunological and 

inflammatory similarities between lung cancer and COVID-19-related ARDS. Therefore, the 

proposed system could be invaluable in monitoring and diagnosing complications in such 

high-risk groups. 

However, this research is not without its limitations. The proposed sensor system, although 

promising in simulations, needs to be tested in real-world conditions to evaluate its practical 

effectiveness and response. Future research should focus on conducting real-life simulations 

and clinical trials to validate the sensor's performance and refine its application. 

 

As perspectives, this thesis underscores the significance of innovation and interdisciplinary 

collaboration in addressing critical healthcare challenges. By harnessing advanced 

technologies and research endeavors, such as integrating terahertz technology to surpass 

current millimeter wave capabilities and enhance biosensor precision, we are poised to 

advance biomedical engineering and significantly impact public health outcomes. 
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1) Prototype conception:  

 

 

Figure 01: Model of selected MIMO sensors on tracing paper. 

 

 

Figure 02: Fabrication of four MIMO sensors (X3 in mm). 

 

 

Figure 03: MIMO sensor (model 1: X3 in mm) with ports (front). 
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 Figure 04: MIMO sensor (model 2: X3 in mm) with ports (front). 

 

2) Soft Word Graphics: 

 

Figure 05: Interface of neural network start. 
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Figure 06: Neural pattern recognition data selection. 

 

Figure 07: Validation, testing and training percentages. 
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Figure 08: Neural architecture. 

 

Figure 09: Neural network performance. 
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Figure 10: Neural network tool. 

 

Figure 11: Neural network properties. 

 


