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Abstract

Recently, the healthcare industry has faced significant pressure due to the factors

such as population growth, escalating medical equipment costs, and the rising

prevalence of complex diseases. As a result, there has been a notable shift towards

electronic consulting, telediagnosis, and remote treatment as means of overcoming

such physical constraints. In this research, the classical and quantum approaches

were developed for lung cancer telemedicine. The classical methods utilized to inves-

tigate the impact of noble metallic nanosurface (NMNS) thickness and biomolecule

concentration on the performance of optoplasmonic biosensor (OPB). The result

indicated that, the nonlinear intensity have more broader spectra than linear, ab-

sorption cross section increase with size of NMNS, scattering cross section have

inversely proportional with NMNS size, and silver nanosurface (Ag NS) exhibits

more robust plasmonic properties than gold and aluminum NS. Notably, the ad-

dition of eight layers of Ag NS yields optimum sensitivity (10421 nm/RIU), and

increasing biomolecule concentration leads to increase signal response. In addi-

tion, the lung cancer biosignals extracted from the OPB are correlated with patient

information in the cloud using quantum machine learning (QML) techniques, to

determine the appropriate doses of laser interstitial thermal therapy (LITT). The

findings reveal that, as the quality and quantity of lung cancer clinical data (LCCD)

improved, the accuracy of diagnosis increases. Moreover, through the utilization

of quantum teleportation techniques, the biosignals and LITT are successfully tele-

ported between two remote health stations with fidelity rates of 96% for biosignals

and 98% for LITT doses. This shows the proposed telemedicine schemes is antici-

pated solutions for long-distance faithful lung cancer telemedicine.

Keyword: Optoplasmonic Biosensor, Lung Cancer, Telediagnosis, and Telemedicine.
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Introduction

1.1 Background

Cancer is a leading cause of death worldwide, accounting for nearly 10 million

deaths in 2020 (Kargbo, 2022). Around one-third of cancer deaths are due to to-

bacco use, high body mass index, alcohol consumption, low fruit and vegetable

intake, and lack of physical activity (Kais and Hamdi, 2022). A combination of

genetic factors as well as external agents such as chemicals, physical agents, and

biological carcinogens leads to the growth of abnormal cells beyond their normal

bounds, which is a major cause of cancer disease. On the other hand, cancer-

causing infections, such as human papillomavirus (HPV) and hepatitis, are re-

sponsible for approximately 30% of cancer cases in low and lower-middle-income

countries (Pazzi et al., 2023).

Cancer can be classified by its stages, proliferating rate, and organ of origin

(breast, brain, lung, skin, etc.). From the all, lung cancer tends to be more ag-

gressive and has a lower survival rate compared to several other cancer types

(Lemjabbar-Alaoui et al., 2015). This is due to factors such as environmental

factors (including exposure to secondhand smoke, air pollution, and certain oc-

cupational hazards), late-stage diagnosis, rapid tumor growth, and the tendency

of lung cancer to metastasize early to other parts of the body (Shi et al., 2021).

Lung cancer can be cured if detected early and treated effectively (Roy and Saikia,

2016). Thus, the advancement of early diagnosis techniques has proven to improve
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cancer patients’ survival rates.

Recently, in order to diagnose and identify the stage of lung cancer, extensive di-

agnostic modalities such as magnetic resonance imaging (Bainbridge et al., 2017),

chest X-rays (Gohagan et al., 2005), positron emission tomography (Bastarrika

et al., 2005), sputum cytology (Doria-Rose et al., 2009), etc) were developed. How-

ever, those techniques have required a combination of several imaging studies

to ensure the accuracy of the diagnosis (Altintas and Tothill, 2013). As a result,

those methods are time-consuming, costy, and inappropriate for patients with

other pathology (Shintani et al., 2017). Therefore, in order to overcome the above-

mentioned problems, biosensors of various kinds (mechanical, electrochemical

(Liu et al., 2018b), and optical (Prabhakar et al., 2018)) have been introduced. In

particular, optical biosensors (OBs) offer high sensitivity, selectivity, cost-effective,

and easily engineered (Jha et al., 2020).

Several simulations and experimental work have been reported to improve

the performance of sensor and the cost of OBs (Yan et al., 2020). The effect of

physical properties of dielectric materials (SiC, TiO2, Si2O, and Fe2O3) (Graniel

et al., 2018) and shiny metallic nanoparticles (MNPs) (Ag, Au, Al, and Cu) has been

investigated with different geometric structures (such as nanoscale mushrooms,

nanocheckerboard, and nanopyramids) (Si et al., 2021). The efficiency of OBs

has been determined using: limit of detection (LOD), specificity, sensitivity, and

quality factor (Tseng et al., 2020).

So far, with further work on incident angle, azimuthal angle, and polarization,

the excellent performance and distinct spectral features of OBs like: surface plas-

mon resonance (SPR) (Rich and Myszka, 2000), localized SPR (LSPR)(Haes et al.,

2004), and surface-enhanced Raman scattering (SERS) (Lin et al., 2023)) were

introduced. The unique features such as: fast detection, simplicity, high accuracy,

better stability, real-time monitoring, and high sensitivity make the SPR sensors

widely preferred (Nangare and Patil, 2023).
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On the other hand, several lung cancer treatment techniques like surgery (For-

rest et al., 2013), chemotherapy (El-Hussein et al., 2021), radiation (Stenmark

et al., 2012), and laser interstitial thermal therapy (LITT) (Beechar et al., 2018)

was reported. In contrast, LITT is more accurate, has fewer risks, and a shorter

recovery time than other treatment techniques (Cardia et al., 2023). It can be

applied through a thin fiber placed inside the body to shrink and damage only

the tumor cells, and can be used for breast, brain, skin, head, neck, cervical, and

lung cancers (Pang et al., 2022). Nd: Yag lasers (1064 nm) are commonly used as a

laser source in LITT (Bozinov et al., 2020). However, the substantial cost of LITT

installation has far outpaced that of other medical specialties like telemedicine

(Samanta et al., 2021). Thus, a real-time, low-cost, and multi-user SPR-based

telemedicine platform is needed (Wang et al., 2022b). As a suggestion, quantum

teleportation-based telemedicine methods are fascinating platforms to connect

two distant locations healthcare stations for sharing diagnosis equipment and

medical doctors through biosignal and dose of LITT teleportation, with highly

secured, specific detection, and reproducible responses (Kumela et al., 2023a).

It’s noteworthy that the recent telemedicine platform is experiencing heavy file

traffic when it’s being utilized with multiple skills and a variety of environments

between the host and second healthcare stations (Albahri et al., 2021). To address

these issues, several pioneers developed high computing techniques by training

computers to mimic intelligent human behavior using a variety of algorithms (ma-

chine learning (ML)) (Steinkamp and Cook, 2021). A combination of mathematics,

statistics, and computer science can be used to accomplish these tasks. In a recent

report, ML is widely applied to record responses to medications based on patient

conditions, it is also used to classify lung cancer sub-types, and discover new

therapies by employing representation, evaluation, and optimization techniques,

respectively (Yang et al., 2022).

Thus, classical and quantum ML models have been dispensed based on their

efficiency as shown in (Dı́az-Santos and Escanez-Exposito, 2023). Classical ML
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(CML) algorithms use statistical techniques such as classification, regression, and

segmentation to predict new data by finding patterns and trends (Yadavendra and

Chand, 2020). The main drawbacks of CML are that it takes an extended period,

requires large amounts of data, can be prone to over-fitting, and does not scale

well when dealing with large and complex medical datasets (Nazir et al., 2021).

These factors led to the development of quantum machine learning (QML), which

has the advantages of responsive model training, enhanced accuracy, and reduced

reliance on human-derived data (Azevedo et al., 2022). In contrast with CML, QML

encounters the disadvantage of loading clinical data from classical machines into

qubits (Wei et al., 2023). Thus, several works provide encoding, processing, and

measurement or prediction procedures for the quantization of classical medical

data to develop efficient and personalized treatment methods for lung cancer and

related complex diseases (Yang et al., 2020).

In this research, we have developed a highly secured, efficient and person-

alised lung cancer telemedicine platform in which an optoplasmonic biosensor, a

quantum-based biosignal processing system, as well as quantum-classical hybrid

machine learning algorithms can be utilized.

1.2 Statement of the Problem

According to World Health Statistics (WHS) 2022, lung cancer is the second most

common and killer disease in the world (Siegel et al., 2023). Much experimental

and theoretical research has been proclaimed on early treatment methods. How-

ever, failing to achieve cost effectiveness, optimum sensitivity for diagnostics, and

the availability of well-trained physicians. The extensive work on design shape,

material type, and thickness clock in for cost and sensitivity improvement. While,

to share expensive medical equipment, skilled labor, save treatment time, and

reduce disease transmission scales, telediagnosis has been developed yet. How-

ever, most of today’s telemedicine platform encounters low security, limited data

transmission speed, and low image quality and efficiency. Thus, the application of
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quantum technology in telemedicine has the power to revolutionize healthcare

by ensuring secure and efficient communication, improving diagnostic accuracy,

and enabling precise remote monitoring for better patient care.

Therefore, this dissertation work developed an effective optoplasmonic biosen-

sor using classical model, and quantum information processing and computing

to connect two remotely located healthcare stations employing quantum model.

With the classical model, we determined the optical properties of light, NMNS,

MS and biological samples interactions like; intensity, absorption cross-section,

scattering cross-section, extinction cross-section, sensitivity, selectivity, and figure

of merit. In addition, with the quantum model we investigated; biosignal process-

ing, teleportation of biosignals, and teleportation of doses of LITT. The proposed

telemedicine platform minimize patients extra diagnosis time and budget ex-

pense, government foreign currency, and medical sectors equipment installation,

maintenance, and space budget.

1.3 Objectives of the Study

1.3.1 General Objective

The general objective of this research is to investigate the quantum and classical

model of optoplasmonic biosensor and biosignal processing platform to develop

an effective and accurate lung cancer telemedicine.

1.3.2 Specific Objectives

The specific objective of this work are to:

• develop the classical and quantum models of light-matter interaction to opti-

mize the surface plasmon polariton properties for optoplasmonic biosensors

application.

• design and analysis optoplasmonic biosensor performance for lung cancer

telediagnosis, via developing the teleportation scheme of biosignals between

two distant located healthcare station.
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• compute quantum machine learning for estimation and teleportation of

dose of LITT to perform effective lung cancer telemedicine.

1.4 Significance of the Study

This research provides new insights into the optoplasmonic biosensor for quantum-

based lung cancer telediagnosis and telecare systems. The output of this work

helps the medical engineer to construct a cost-effective, accurate, and efficient

lung cancer telecare platform. In addition, the theoretical physicist may use math-

ematical procedures to develop further medical instrument models. Furthermore,

the analysis presented in this study will convey valuable information for future

research to explore the various medicinal benefits of classical and quantum mod-

els of light-matter interactions. Moreover, the commercial availability of designed

OPBs will help to control the early-stage and prostrate lung cancer disease over

95%.

1.5 Delimitation and Scope

This study primarily focuses on the numerical modeling of optoplasmonic biosen-

sors with the classical and quantum approaches to enhance the sensitivity of opto-

plasmonic biosensors, teleportation of biosignals, classification of lung cancer to

determine doses of LITT and teleportation of LITT for remote-based lung cancer

detection and treatment techniques. However, the delimitations of this work were

it did not include the experimental and engineering part of the optoplasmonic

biosensors.

The research work in this dissertation structured as follows. In chapter one

the background, objectives, scope and statement problem of the dissertation

were discussed. In chapter 2, lung cancer classification, diagnosis and treatment

mechanisms, classification of biosensors, classical and quantum model of surface

plasmon polariton biosensors, and classical and quantum machine learning were

discussed. In addition, the concept and theories necessary for a better understand-

ing of the light-matter interaction, classical and quantum modeling of optical

6



biosensors, classical and quantum machine learning for cancer classification, and

quantum teleportation-assisted medical techniques were discussed in detail.

In chapter three materials and methods are presented. In the first section, the

list of software, optical components, and data sources that are commonly used to

conduct research described are point out. In the second section, methods used

in this study such as mathematical modeling of biosensors, biosensor-laser light

interaction, quantum machine learning for biosignal processing, quantization and

teleportation of biosignals, and LITT dose are discussed briefly.

In Chapter four, the results and discussion of the dissertation were presented.

The first section discusses the optical properties of noble metallic nanoparticles

for plasmonic biosensor applications. In the second section, the sensor region-

biological analyte interaction, biosignal processing, quantum machine learning

for lung cancer classification, prediction of dose of laser light for lung cancer

treatment, and teleportation of dose LITT for lung cancer telemedicine were

presented in the last section of this chapter.

Finally, in chapter five the conclusion, recommendations, and future work of

the overall work was discussed.
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2

Literature Review

This chapter introduces lung cancer classification, recent dignosis and medication

techniques by employing the classical and quantum perspectives of light-matter

interactions in a plasmonic biosensor. With detailed classifications, causes and

spreading mechanisms of each lung cancer subclass. This was followed by an

analysis of each diagnosis mechanism in terms of cost, time, material, and method

efficiency, as well as different plasmonic biosensor modeling schemes. The detail

theoretical foundation of plasmonic biosensors in terms of classical and quan-

tum mechanical principles were dispensed. The class of plasmonic biosensor is

discussed in terms of its pros and cons as well as its development scheme. We

briefly discusses the recent lung cancer treatment techniques, finally this chapter

discusses the details progress of recent digital technology like classical machine

learning, quantum machine learning, and quantum teleportation applications in

lung cancer telemedications.

2.1 Lung Cancer Classification

The bronchioles and alveoli are the major areas where lung cancer typically devel-

ops (Boubertakh et al., 2022). Lung cancer is a complex and diverse disease with

various sub-types, each having distinct molecular features and clinical outcomes.

Accurate classification of lung cancer is essential for tailoring treatments and

improving patient prognosis. Oncologists recently categorized lung cancer from

histopathological to molecular and genomic approaches, to enabling personalized
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therapeutic approaches.

2.1.1 Histopathological classification

Histopathology involves examining tissues and/or cells under a microscope to

diagnose and study diseases of tissues (Wolf et al., 2015). Basically, these classifica-

tions are primarily based on the microscopic characteristics of tumours, morpho-

logical identifiable cell types and histological patterns using light microscopy and

conventional staining techniques (Slaoui and Fiette, 2011). Under these classifica-

tion, lung cancer is classified into primary and secondary (Venturini et al., 2020).

Primary lung cancer is caused by malignancy in the lungs, which leads to lung

lesions as-whole. Further, it restricts into small-cell lung carcinomas (SCLC) and

non-small-cell lung carcinomas (NSCLC) (Tammemägi et al., 2022). In SCLC, the

tumor starts in neuroendocrine cells of the lung that are usually caused by smok-

ing and tends to spread fair early (Siegel et al., 2023). While, NSCLC is the most

common type (80%) and it was further classified into squamous-cell carcinoma,

adenocarcinoma, and large-cell carcinoma. Typically, squamous cell carcinomas

develop within the airways of the lung and associated with smoking (Boubertakh

et al., 2022). Adenocarcinoma and large cell carcinomas can be appeared in any

part of the lung, grow faster, and are difficult to treat compared to other types of

lung cancer (Selenica et al., 2022).

On the other hand, secondary lung cancer are neoplasms that spread from

primary lesion of other parts of the body to the lung, as a result of primary cancer

cells break away and move through the bloodstream or lymphatic system and

form a new tumour in the lung (Venturini et al., 2020). It may typically appear

as well-circumscribed and identified by its site of origin. It is a late-stage, the

outcome varies from person to person, and difficult to treat (Ho et al., 2021). To

this end, recent advancements in immunohistochemistry and molecular profil-

ing have improved the precision of histopathological classification, enabling the

identification of specific sub-types and providing guidance for targeted therapies.
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2.1.2 Molecular classification

The molecular classification of lung cancer has revolutionized the field of on-

cology by providing a more precise understanding of the underlying biology of

the disease (Rodriguez-Canales et al., 2016). This classification has not only en-

hanced diagnosis and prognostication, but has also paved the way for targeted

therapies and personalized medicine (Kamel and Al-Amodi, 2017). Specifically, in

lung cancer classification various genomic techniques such as next-generation se-

quencing (NGS) and gene expression profiling were applied (Arora and Tollefsbol,

2021). These approaches have revealed the heterogeneity of lung cancer at the

molecular level and have identified several key molecular alterations that drive the

development and progression of the disease. Thus, the NSCLC further classified

into several sub-types based on specific molecular alterations, such as epidermal

growth factor receptor (EGFR) mutations, anapestic lymphoma kinase (ALK) re-

arrangements, and ROS1 rearrangements (Wigle et al., 2002). These molecular

alterations have been shown to have prognostic and predictive implications, as

patients with these alterations may respond better to targeted therapies (Siegal,

2016).

In addition, recently several molecular alterations in SCLC, such as loss of

tumor suppressor genes TP53 and RB1, as well as amplification of MYC family

genes are articulated (Skoulidis and Heymach, 2019). These molecular alterations

have provided insights into the underlying biology of SCLC and potential therapeu-

tic targets. Further, besides to NSCLC and SCLC, other rare sub-division of lung

cancer, such as adenocarcinoma with lepidic growth pattern and neuroendocrine

tumors, have also been characterized at the molecular level (Inamura, 2017).

To summarize, challenges such as access to molecular profiling assays, stan-

dardization of classification systems, and incorporating the latest advancements

into clinical practice need to be addressed. Future research should focus on refin-

ing classification methods to improve accuracy, minimize inter observer variability,
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and identify additional genomic markers to optimize treatment outcomes for pa-

tients with lung cancer.

2.2 Recent Lung Cancer Diagnosis Techniques

Lung cancer screening and the use of novel tools to manage early cancer have

brought several challenges (Shankar et al., 2019). The practicality of more precisely

identifying those who are at risk and the use of less invasive treatments may pre-

serve the quality of life and increase the survival of many lung cancer patients,

despite epidemiological disagreement surrounding lung cancer screening (Roch

et al., 2020). Over years several diagnosis techniques (like: imaging, biomarkers,

tissue sample, biosensors etc) are under development. With this aim the pro-

ceeding subsections reveal the recent diagnosis platforms with their historical

development, diagnosis techniques, efficiency, and drawbacks.

2.2.1 Biomarkers

Biomarkers, including molecular, genetic, and protein-based markers, have emerged

as valuable tools for several cancer diagnosis, prognosis, and targeted treatment

selection (Tainsky, 2009). Lung cancer biomarkers are proteins, hormones, or

pieces of DNA that cancer cells/bodies release in response to cancer infection.

Physicians test for these biomarkers in blood, urine, other bodily fluids, stool, and

tissues (Baghel et al., 2021). Some drawbacks of biomarkers in lung cancer diagno-

sis are: i) biomarker assays may produce false-positive or false-negative results,

leading to misdiagnosis (Nevraumont et al., 2022), ii) biomarker expression levels

can vary among individuals, making it challenging to establish universal cutoff

values for diagnosis or prognosis (Blennow et al., 2015), iii) some biomarkers may

lack adequate sensitivity and specificity to distinguish lung cancer from other lung

diseases or accurately predict patient outcomes (Phillips et al., 2008), iv) biomarker

analysis often requires obtaining tissue samples or blood samples with adequate

tumor-derived material, which may not always be feasible or of sufficient quality,

and v) biomarkers need extensive validation and standardization across differ-
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ent laboratories and platforms to ensure their clinical utility and reproducible

(Blennow et al., 2015).

Therefore, extensive research efforts should been applied to overcome these

limitations and validating promising biomarkers to improve early detection, prog-

nosis assessment, and personalized treatment selection in lung cancer patients.

2.2.2 Tissue Sample

Tissue sampling techniques involve the collection of cells or tissues from sus-

pected lung cancer lesions for histopathological examinations (Sun et al., 2013).

To determine the cancer type, stage, and molecular markers useful for personal-

ized treatment strategies. This techniques provide important information about

tumor histology and molecular characteristics (Ofiara et al., 2014). Thus, surgical

resection, transthoracic needle aspiration, and bronchoscopy with biopsy are com-

monly used tissue sample techniques (Yung, 2003). However, these techniques

also have limitations and drawbacks that need to be addressed effectively. Some

are: limited sample availability, sampling errors and false-negative results, invasive

nature and complications, inadequate tumor representation, and patient discom-

fort and anxiety (Wu et al., 2018a). Therefore, the future research should focus on

improving sampling techniques to minimize errors, enhance the representatives

of samples, and reduce patient discomfort and anxiety.

2.2.3 Imaging Techniques

Accurate and timely imaging plays a critical role in lung cancer detection, staging,

and monitoring (Paydar et al., 2012). Various imaging techniques developed over

the years have improved diagnostic accuracy and guided treatment decisions (Liu

et al., 2021). The following subsub-sections provide a comprehensive overview of

the various imaging modalities and their advances for diagnosing lung cancer.

2.2.3.1 Chest X-rays

X-rays was discovered by W. C. Roentgen in 1895 while working with a cathode-ray

tube in a laboratory, and justified that ray could pass through human tissue, but
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could not through bones or metal objects (Röntgen, 1896). A year later, with the

advantages of different parts of the body absorbing varying degrees of X-ray (bone

absorbs much radiation and appears white (Joarder and Crundwell, 2009) and soft

tissue allows more X-rays to pass through them and shows up in shades of gray and

appears black (Thrall, 2017)), Hall-Edwards applied x-ray for surgical operation

(Ward, 1896)

The recent advances in X-rays and radioactivity resulted in compact, portable

X-ray machines that produces images of chest bones, blood vessels, heart, airways,

and lungs using electromagnetic waves and ionizing radiation (Chen et al., 2016).

Specifically, since the lung tissue absorbs little radiation and will appear dark in the

image, physicians use the chest x-rays (CXR) examination for pneumonia, fluid or

air collection around the lungs, lung cancer, etc. This can be done by positioning

the patient between the machine to obtain front and side views (Malik and Anees,

2022). The front view can be obtained through posterior-anterior (X-Ray beams hit

the posterior part of the chest before the anterior part, and it gives a clear image)

(Paydar et al., 2012) and anterior-posterior (the patient is standing with their back

against the film) (Lahham et al., 2018) as shown in Figure.2.1.

a) b)

Figure 2.1: The different view of chest x-rays. a) posterior-anterior, and b) anterior-
posterior.

In general, some of the main advantages of CXR are it does not require special

preparation, highly efficient, require simple equipment setup, inexpensive, and
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have no side effects for patients as compared with others techniques (Liu et al.,

2021). On the other hand, some of the disadvantages of the techniques are , it

may not be detect early stage cancers, and blood clots in the lungs need further

imaging studies to clarify the results (Matsubara et al., 2020).

2.2.3.2 Computed Tomography

In the late 1960s, the first computed tomography (CT) scanner was invented, and

by the early 1970s, the first CT scan on a patient was performed (PAPAIOANNOU

and FRANCIS, 1965). The techniques of CT uses x-rays, ionizing radiation, and

an electronic detector array to record a pattern of densities and created higher

resolution images of specific parts of the tissue and organ (Bastarrika et al., 2005).

These can be performed by rotating the x-ray beam around the patient within the

scanner to allow multiple x-ray projections to gate a clear image, by combining

traditional x-ray technology with computer processing (Bravin et al., 2007). CT

produces two-dimensional cross-sectional images from the three-dimensional

body (Sullivan et al., 2017).

The CT scan provides more detailed images than plain radiography, allow-

ing them to see structures from different perspectives (Bastarrika et al., 2005).

There has been recent research reporting that low-dose CT (LDCT) is effective

in detecting lung cancer at an earlier stage and at a smaller scale (Sullivan et al.,

2017). Based on the National Lung Screening Trial (NLST) results, LDCT screening

reduced lung cancer-specific mortality in individuals at high risk of smoking by

20% when compared to chest radiographs (Tammemägi et al., 2019). The main

limitation of CT examinations is ionizing radiation exposure to patients, requir-

ing whole-body imaging, relatively expensive, and image interpretation requiring

sophisticated mathematical algorithms (Lambert et al., 2021).

2.2.3.3 Magnetic Resonance Imaging

The nuclear magnetic resonance (NMR) phenomenon was described in 1946 by

Bloch and Purcell (Purcell et al., 1946). Following the introduction of wide-bar su-

perconducting magnets by Lauterbur, the first clinical magnetic resonance images
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(MRI) were produced in 1980 (Roughton, 1982). Recently, either cylindrical narrow

tunnel or more open MRI machines are applied to capture image of patient by

passing an electrical current through a massive coil (used to eliminate electrical re-

sistance to bring it into a superconducting state) that results in 1.5 to 3.0 magnetic

field density (Fischer et al., 2008).

These magnetic field densities were achieved by employing powerful magnets

for the generation of a strong magnetic field to force protons in the body to align

with the strong magnetic field (Grover et al., 2015). Besides, pulsing a radio fre-

quency (RF) current to the patient, results the stimulation of protons that tend to

spin out of equilibrium. After the removal of the RF field , the MRI sensors detect

the energy released by protons as they realign with the magnetic field (Collins and

Wang, 2011). The quantity of energy released and the time it takes for the protons

to realign with the magnetic field vary depending on the environment and the

chemical nature of the molecules. The duration of this return differs depending

on the type of tissue (muscle, blood, fat, etc.) to which the protons are bonded

(Schick, 2005). This can be received as a signal, and image is formed by analyzing

the signal and return time. With these procedures, the ligaments, brain, nerves,

spinal cord, as well as muscles, and tendons, are seen much more clearly (Atesok

et al., 2018).

In general, some advantages of MRI include: providing higher tissue resolution,

the capacity to visualize blood arteries without contrast agents, and non invasive-

ness and lack of radiation exposure (Gordillo et al., 2013). While the disadvantage

is: the inability to perform the test when metal is present in the body, the long scan

time, the difficulty in scanning claustrophobic patients, and the inability to obtain

a signal from cortical bone and calcification (Mervak et al., 2019).

To summarize, the traditional lung cancer diagnostic methods, such as imaging

techniques and tissue biopsy, often have limitations in terms of cost, invasiveness,

and sensitivity (Mervak et al., 2019). The use of biosensors offers the possibility
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of convenient, non-invasive, and sensitive detection of lung cancer biomarkers.

Thus, the vast research have been underdevelopment on electrochemical, optical,

and field-effect transistor biosensors for cancer diagnosis (Liu et al., 2018b). Specif-

ically, these biosensors utilize various lung cancer biomarkers, such as microRNA,

circulating tumor cells (CTCs), exosomes, and volatile organic compounds (VOCs)

(Baghel et al., 2021). From all, the plasmonic biosensors, which are special kinds

of optical sensors, have the potential to revolutionize lung cancer diagnosis and

enable personalized treatment strategies. However, further research is needed

to validate their clinical utility, optimize their performance, and determine their

cost-effectiveness.

2.2.3.4 Impact of Machine learning on Lung Cancer Diagnosis

Both classical and quantum machine learning have the potential to revolutionize

lung cancer diagnosis by significantly enhancing the accuracy and effectiveness

of the process. By training algorithms on large datasets of medical images, ma-

chine learning models can learn to detect patterns and abnormalities that may

be indicative of lung cancer. Classical machine learning algorithms, are designed

to continuously improve as they receive more data, leading to more accurate and

reliable diagnoses over time. With the ability to analyze vast amounts of data in

a short period, machine learning algorithms can assist radiologists in detecting

early-stage lung cancer with high precision, even in complex cases. This technol-

ogy has the potential to reduce false positives, minimize missed diagnoses, and

enhance overall diagnostic accuracy. On the other hand, quantum machine learn-

ing has the potential to process and analyze vast amounts of data exponentially

faster compared to classical methods (Steinkamp and Cook, 2021). With the ability

to exploit quantum entanglement and superposition, quantum machine learning

algorithms can accelerate the analysis of complex medical images and enhance

the accuracy of lung cancer diagnosis. Moreover, the powerful computational

capabilities of quantum computers can support more sophisticated modeling,

enabling the development of highly accurate predictive models and treatment
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plans (Yadavendra and Chand, 2020).

Moreover, the classical and quantum machine learning have the potential to

significantly impact lung cancer telediagnosis. Classical machine learning algo-

rithms can be used to analyze medical images and patient data remotely, aiding

in the accurate diagnosis of lung cancer. These algorithms can assist health-

care providers in interpreting radiographic images, identifying suspicious lesions,

making informed decisions regarding treatment plans, facilitate risk stratifica-

tion, and prognosis prediction based on patient-specific characteristics (Azevedo

et al., 2022). On the other hand, quantum algorithms can utilize the computa-

tional power of quantum computers to process large-scale data sets more rapidly,

thereby accelerating the diagnostic process and reducing response times in re-

mote consultations. However, the practical implementation of quantum machine

learning in telediagnosis requires significant advancements in quantum hardware

and expertise. Nevertheless, the combined impact of classical and quantum ma-

chine learning on lung cancer telediagnosis has the potential to improve access

to specialized care, enhance diagnostic accuracy, and enable timely treatment

decisions for patients regardless of their physical location (Wei et al., 2023).

2.3 Plasmonic Biosensors

Plasmonic biosensors are engineered periodic 2D optical instruments designed

by arranging shiny metallic nanosurface (MNS) on the dielectric layer to replace

the conventional bulky optical instrument with 104 times thinner flat optical com-

ponents (Kumela et al., 2023b). For quantitative measurements of analytes and

information on molecular structures by concentrating, blocking, absorbing, and

dispersing or guiding electromagnetic waves both on the surface and in space

at normal and oblique incidence. Thus, in the following subsection the basic

principles, classification, detection mechanism, with objective of revealing pros

and cons of each plasmonic biosensor are discussed in detail.
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2.3.1 Principles of Plasmonic Biosensor

Plasmons are collective oscillation of free electrons, resulted when a photon of

incident light hits a shinny metallic surface or plasmonic NS at certain angle of in-

cidence. Spectral control of the plasmon resonance is achieved by tuning particle

shape, size, composition, and local environment, leading to novel biosensor ap-

plications. Those can be governed by classical, quantum mechanical, and hybrid

models (Kumela et al., 2022a).

2.3.1.1 Classical Model for Plasmonic Biosensor

Light is an electromagnetic wave (EMW) containing both oscillatory electric field

(E(r,t)) and magnetic fields (B(r,t)) that fully expressed employing the magnitude

and direction at every point in space (r). This can be expressed using Maxwell

differential equations (Yeh and Shimabukuro, 2008);

∇.E = 0, (2.1a)

∇.B = 0, (2.1b)

∇× E = −∂B
∂t
, (2.1c)

∇× B = ϵ0µ0
∂E
∂t
. (2.1d)

Where, ϵ0 is vacuum permittivity and µ0 vacuum permeability. These equations

enable solutions for electric and magnetic fields that oscillate in space and time.

Instead of attempting to solve for both simultaneously, we utilize these equations

to derive an expression that imposes conditions on electric field without explicit

dependence on magnetic field (Kumela et al., 2023b). Thus taking the curl of

Eq.(2.1c) and the negative time derivative of Eq.(2.1d), we find

∇×∇× E = − ∂

∂t
(∇× B), (2.2a)

− ∂

∂t
(∇× B) = −ϵ0µ0

∂2E
∂t2

. (2.2b)
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Comparing both equations we see,

∇×∇× E = −ϵ0µ0
∂2E
∂t2

. (2.3)

Considering the general identity of vector calculus (∇× (∇× E) = ∇.(∇.E)−∇2E)

into Eq.(2.3) inline with Eq.(2.1a), we find

∇2E − ϵ0µ0
∂2E
∂t2

= 0. (2.4)

Eq.(2.4) is the wave equation in a vacuum, employing the time-dependent solution,

the plane wave equation in vacuum is given by

E(r, t) = E0e
i(kr−ωt) + E∗

0e
−i(kr−ωt), (2.5)

here, r = xî+yĵ+zk̂ is position in three dimension (3D) with ω and E0 is frequency

and amplitude of incident field respectively for, k is the wave vector of the incident

wave.

Eq.(2.5) represents position dependent field, from which the spatial distribu-

tion, intensity variations, and structures present in the field were investigated.

Aiding in the understanding of its spatial features such as peaks, boundaries, or

spatial relationships among different components. This information is valuable for

fields like imaging, pattern recognition, and understanding the physical properties

of the system under consideration. While, from a frequency-dependent field, we

gain insights into the spectral composition, frequency components, and char-

acteristic frequencies present in the field. Analysis of the frequency-dependent

field helps identify resonant frequencies, frequency bands, or frequency shifts,

providing information about the behavior and properties of the system. This infor-

mation is valuable for areas such as signal processing, communication systems,

and understanding the frequency response of the system (Wei et al., 2023). Thus, to

convert a position-dependent field into a frequency-dependent field, the Fourier
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transform, which expresses the field in terms of its frequency components were

given in Eq.(A.1a).

On the other hand, for light-matter interaction, we can consider Maxwell’s

equations with the inclusion of terms related to charges and currents in the mate-

rial. In the modified set of Maxwell’s equations the divergence of magnetic field

and curl of EMW remains the same with vacuum but the rest are written as follows

(Fernandez-Corbaton et al., 2013):

∇.E = D, (2.6a)

∇× B = µJ + εµ
∂E
∂t
. (2.6b)

Where, D=ρ/ε is electric displacement vector, for ρ and ε are charge density, and

dielectric permittivity, respectively. And J is the electric current density, µ is perme-

ability of materials. Taking the same procedure dispensed in Eq.(2.2a) to Eq.(2.4)

we find

∇2E =
ρ

ε
+ µJ + µε

∂2

∂t2
E. (2.7)

The general solution of Eq.(2.7) yields the total electromagnetic field (EMF) result-

ing from light-matter interaction as follows:

ETot(ω, t) = γE(ω, t). (2.8)

In which γ is decay rate of free electrons. Thus, the total electromagnetic field

resulting from light-matter interaction is explicit into incident and output field as

expressed in Eq.(A.3) (Kumela et al., 2022a).

ETot(ω, t) = Ein(ω, t) + Eout(ω, t). (2.9)

Where, Ein(ω, t) incident field given in Eq.(A.2a) and Eout(ω, t) is output field ex-

plained in Eq.(A.3).
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The strong or weak light-matter coupling results in the linear and nonlinear

response of light-matter interactions that expressed by polarization, dielectric

constant, extinction coefficient and refractive index. Liner response of light-matter

interactions occurred when a single incident field produces a single photon as

a result of a weak incident field and material properties that given by, (Hu et al.,

2021)

PL(ω, t) = ϵ0χ
(1)Ein(ω, t). (2.10)

For χ(1) is first order susceptibility. Besides, when the matter is pumped by an in-

tense incident field more than a single photon is resulted in i.e nonlinear response

of light (Nicoletti and Cavalleri, 2016).

PNL(ω, t) = ϵ0χ
(2)E2

in(ω, t) + ϵ0χ
(3)E3

in(ω, t) + ...ϵ0χ
(n)En

in(ω, t) (2.11)

Where, χ(2), χ(3), and χ(n) are second, third, and nth order susceptibility respectively,

that is used for frequency conversion processes.

Employing Eq.(2.10) and (2.11) the total polarization of light resulted from

light-matter interaction gives, (Kauranen and Persoons, 1996).

P(ω, t) = PL(ω, t) + PNL(ω, t), (2.12)

= ϵ0χ
LEin(ω, t) + ϵ0χ

NLEin(ω, t).

Here, χL and χNL are linear and nonlinear susceptibility of matter respectively.

In addition, the collective outermost electronic motion (polarization) resulted

from either weak or intense light-matter interaction, causes vibrating like a damped

harmonic oscillator. This can be governed by the differential equation of motion

(−eE(ω, t) = md2P
dt2

+mγ dP
dt

+KP), in which e is electron charge, m is mass of free

electron, and K is is the spring constant (MacDonald, 1952). The goal of this model

is to use Newton’s second law to calculate electron motion, which can then be

used to calculate the dipole moment, polarization, susceptibility, and dielectric
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constant (Zheng et al., 2021). Thus, using the second derivation of the polarization

of light given in Eq.(2.12), the collective movement of free electrons inside the

metal surface is described by considering incident field as macroscopic applied

force, which is dependent on conductivity (σ), size, shape, and decay rate of free

electrons (γab =
∑

i γi) as (Zheng et al., 2021),

ϵ0ω
2
pEin(ω, t) = P̈(ω, t) + γabṖ + ω2

0P(ω, t), (2.13)

=
(
ω2
0 − ω2 − iγabω

)
ϵ0χ

nµEin(ω, t).

Where,

ωp =

√
Γq2

ϵ0me

, (2.14)

is plasma frequency, for,me is mass of electron, q is charge and Γ = ρNa

M
ne in which,

Na is Avogadro number, M is atomic mass of particle and ne is number of free

electron.

Applying simplification and rearrangement on Eq.(2.13), the nonlinear-susceptibility

of material gives,

χNL(ω) =
ω2
p

(1 + µ)(ω2
0 − ω2 − iγabω)

, (2.15)

for weak interaction or linear response, µ ≈ 0 since the rate decay of free electron

is proportional to the incident field and Eq.(2.15) reduced to,

χL(ω) =
ω2
p

(ω2
0 − ω2 − iγabω)

. (2.16)

Using Eqs.(2.15) and (2.16) into Eq.(2.10) and (2.11) the linear and nonlinear
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polarization, gives (Kumela et al., 2022a),

PL(ω, t) =

[
ω2
p

(ω2
0 − ω2 − iγabω)

]
E0cos(ωt), (2.17a)

PNL(ω, t) =

[
ω2
p

(1 + µ)(ω2
0 − ω2 − iγabω)

]
E0cos(ωt). (2.17b)

Where,

cos(ωt) =
ei(kr−ωt) + e−i(kt−ωt)

2
. (2.18)

Further, the dielectric function of materials is derived using Maxwell’s relation

which connects the electric displacement field (D) with material properties as,

D(ω, t) = ϵ0Ein(ω, t) + P(ω, t), (2.19)

from this relation we can establish

ε(ω) = 1 + χ. (2.20)

Using Eq.(2.15) to Eq.(2.17b) into Eq.(2.20) in line with ε = ε
′
+ ε” for ε

′
is real part

and ε” is imaginary part, the linear and nonlinear dielectric function respectively

defined as,

εL(ω) = 1 +
ω2
p

ω2
0 + iγabω

+ i
ω2
pγabω

(ω2
0 − ω2 − iγabω)

, (2.21)

and

εNL(ω) = 1 +
ω2
p

(1 + µ)
(
ω2
0 + iγabω

) + i
ω2
pγabω

(1 + µ)(ω2
0 − ω2 − iγabω)

. (2.22)

To gain valuable information about the optical properties of material, the reflec-

tivity of a material is obtained from its dielectric function, which describes its

response to an electromagnetic wave. The dielectric function consists of real and
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imaginary components, representing the material’s ability to polarize and absorb

light, respectively. By using the dielectric function, the complex refractive index of

the material, which determines the behavior of light at the material interface can

be calculated. Employing this relation, the reflectivity of light inside any proposed

sensor region takes the form,

Rij =
εjki − εjki
εjki − εjki

. (2.23)

Where i,j represents different material layers and propagation strength.

Moreover, applying the Clausius-Mossotti relation developed by Ottaviano-

Fabrizio Mossotti and Rudolf Clausis, the relationship between the dielectric

constant of two different media were investigated (Hannay, 1983). To analyze

the polarization density of (i) ionic polarizability resulted from displacement be-

tween positive and negative ions of materials (MacDonald, 1952), (ii) electronic

polarization raises from the displacement of positive nuclei and negative electrons

inside the same atoms (Nicoletti and Cavalleri, 2016), and (iii) the presence of

dipole moment of complex ions or molecules. Using this relation, one can express

conductivity and the refractive index of any material at a much higher density

(Giannini et al., 2010). So, the loss of free electrons resulted from light-matter

interaction by transforming into heat called absorption cross-section (δabs) or redi-

rected to a different direction called scattering cross section (δsca) are defined in

terms of the dielectric function of materials (Eq.(2.21) and (2.22)) respectively, by

(Kumela et al., 2022a),

δLabs =
16πk4

6π
ℜ
[
εLM − εLD
εLM + 2εLD

]2
, (2.24a)

δNL
abs =

16πk4

6π
ℜ
[
εNL
M − εNL

D

εNL
M + 2εNL

D

]2
, (2.24b)
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and

δNL
sca =

16π2k

r4
ℑ
[
εNL
M − εNL

D

εNL
M + 2εNL

D

]2
, (2.25a)

δLsca =
16π2k

r4
ℑ
[
εLM − εLD
εLM + 2εLD

]2
. (2.25b)

(2.25c)

Here, ℜ real, and ℑ imaginary part of polarizability. And r is the radius of

materials, εM is the linear or nonlinear dielectric function of the metallic surface,

and εD is the dielectric function of dielectric materials. With this, the total radiant

flux area (extinction cross-section) is defined by a superposition of absorption and

scattering cross-section (Giannini et al., 2010),

δexc = δsca + δabs. (2.26)

The sensitivity of the optical sensor depends on the efficiency of propagation

light. That defined as the ratio of absorption cross-section to extinction cross-

section and scattering to extinction cross-section. Thus, mathematically defined

by (Giannini et al., 2010),

ηLsca =
δLsca
δLexc

,→ ηNL
sca =

δNL
sca

δNL
exc

, (2.27a)

ηLabs =
δLabs
δLexc

,→ ηNL
abs =

δNL
abs

δNL
exc

, (2.27b)

ηLext = ηLsca + ηLabs,→ ηNL
ext = ηNL

sca + ηNL
abs . (2.27c)

Where, ηsca, ηabs and ηext are scattering efficiency, absorption efficiency and extinc-

tion efficiency respectively.

2.3.1.2 Quantum approach to model plasmonic biosensor

One of the most important topics in time-dependent quantum mechanics is the

description of spectroscopy interms of interaction of electromagnetic radiation

with matter (Hofmann et al., 2012). Quantum mechanically, we treat spectroscopy
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as a perturbation induced by the light which acts to couple quantum states of the

charged particles in the matter and their interactions are expressed by quantiza-

tion scheme (both photons and matter particles can be created and annihilated)

(Ruggenthaler et al., 2018).

The quantum field model is explain by quantized light-matter interaction, with

three boson fields representing the electromagnetic, polarization, and damping

fields (Hofmann et al., 2012). The quantum theory of light-matter interactions in

semiconductors and dielectrics has been approached from two different angles.

One team looked at the interaction between electrons and lattices and showed how

it results in the dampening of excited electronic states. Another team looked at the

interaction between radiation and electrons and showed how it results in radiation

field dispersion (Kira and Koch, 2011). Thus expressed using quantization scheme,

Edwin Jaynes, and Fred Cumming and Quantum input-output model (QIM)(Iurov

and Gumbs, 2013; Scott, 2019).

The light-matter interaction in quantum mechanical expression is the essential

physical process used in many experiments including; trapping of atoms, spec-

troscopy, atomic interferometry, and collision physics (Wieman et al., 1999). To

design this the laser-atom interaction with time is often required. The QED model

treats the atom within the quantized form of an electromagnetic field to unravel

the equation of motion for the expression of radiative and nonradiative decay of

the atom (Schuurmans and Van Dijk, 1984). These systems did not use extensively

since solving the laser-atom interaction is time-intensive, complex, and vulnerable

to mistakes. However, models that treat both the atom and field quantum mechan-

ically can describe the relief terms more rigorously when the system is complex

with many substrates involved within the interaction (Rice and Carmichael, 1994).

On the other hand, the Edwin Jaynes and Fred Cummings model developed in

1963 clarify the interaction of atoms with an electromagnetic field in the form of
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quantized energy levels using the ladder operator (Jaynes and Cummings, 1963).

Several corrections have been made to extend the original model to express mul-

tiple atoms interacting with the same field. For example, the non-linear nature

of energy levels by direct spectroscopic the observation was developed in the

Dicke model or the Tavis-Cummings model (Retzker et al., 2007). To express the

quantum superposition state on a macroscopic scale using a Hamiltonian of the

quantized radiation field by (Kumela et al., 2022a)

Ĥ = ĤF + ĤM + ĤInt. (2.28)

Here, ĤF , ĤM , ĤInt are field, matter and light-matter interaction respectively.

With the dynamics of those models, the theoretical demonstration of coupling

nanoscale materials or samples with electromagnetic fields was potentially suited

to a model plasmonic biosensors for several medical applications (Jain et al., 2008).

In addition, the quantum input-output theory developed by Gardiner and Collet

presents the formalism that accounts for the interaction of an atom or a cavity

with traveling pulses of a quantized field (Combes et al., 2017). Using Markovian

coupling of the stationary system to the input and output fields, the non-dispersive

asymptotic propagation of the pulses before and after the interaction was used

to drive the Hamiltonian of light-matter interaction (Alicki, 1989). With this, the

quantum Langevin equations were analyzed to express the large-scale quantum

networks that fully support the quantum communication protocol over a certain

distance (Ford et al., 1988; Childress et al., 2006).

Thus, the dynamical equations are given by Heisenberg-Langevin equations

of the evolution of atomic operators applying quantized systems as reported by

(Madureira et al., 1998),
d

dt
â = − i

ℏ
[â, Ĥ]− κ

2
â. (2.29)

Here, κ is the cavity damping constant and â is bosonic operator.

Eq.(2.29), represents, the Heisenberg-Langevin equations of light-matter inter-
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action that provides the valuable information about dynamics and fluctuations

of the system (Jiang et al., 2023). By taking the Hamiltonian of the system into

account, the dissipation caused by the environment, and the fluctuations arising

from the quantum nature of the system can be analyzed (Blasone et al., 2003).

These phenomena provides the valuable information for sensor applications by

aiding in sensitivity analysis, noise characterization, signal processing, under-

standing quantum states, and accounting for environmental interactions (Wang

et al., 2023). This knowledge can guide the design, operation, and optimization of

sensors for improved performance and reliability in a wide range of applications

(Yu et al., 2021).

2.3.1.3 Semi-classical approach

The time-dependent dynamics of matter-laser field interaction is usually described

within the so-called quantum-classical hybrid approach or semi-classical approxi-

mation (Kantner et al., 2018). In this approximation, the laser field may be consid-

ered equivalent to a classical electromagnetic field and the dynamics of the atomic

system is treated fully quantum mechanically by means of the time-dependent

Schrodinger equation (Tal-Ezer and Kosloff, 1984). The laser-matter interaction

is often simplified by imposing the so-called dipole approximation. The dipole

approximation is a type of long-wavelength approximation (LWA) in that, it is likely

to be valid whenever the laser wavelength is much larger than the relevant atomic

dimensions (Ruggenthaler et al., 2010).

2.3.2 Classification of Plasmonic Biosensor

Plasmonic biosensors were grouped into: those that use thin metallic films and

individual inorganic plasmon resonant nanostructures (Hill, 2015). Within each

class, there are many sensing modalities developed to provide extraordinary ca-

pabilities of high sensitivity, specificity, and real-time monitoring of biological

analytes in the field of cancer diagnosis (Ouyang et al., 2016). Over the years, new

sensing mechanism have been developed (Xu et al., 2012; Cetin et al., 2014; Chang

et al., 2018). In the proceeding subsections, we review different classifications,
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experimental and theoretical designs, sensor and detection mechanisms, and

limitations and future perspectives of recent plasmonic biosensors in detail.

2.3.2.1 Surface-enhanced Raman spectroscopy Biosensor

The interaction of photons with molecules resulted in either elastic (Rayleigh),

or inelastic (Raman) scattering (Fazio et al., 2017). As a result of this interaction,

photons may gain energy from a molecule that undergoes the opposite process

(anti-Stokes Raman scattering) or lose energy in favor of a molecule that advances

from the ground state to its first excited vibrational state (Stokes Raman scattering)

(Xu et al., 2012). And the in-elastically scattered photons contain information

on the vibrational modes of the molecules they interact with (OMODELE et al.,

2023), this was dispensed in Figure.2.2. For the first time, these phenomena were

observed in 1974 by Fleischmann who reported an unexpectedly large Raman

signal from pyridine adsorbed on a roughened silver electrode (Creighton et al.,

1979). Following, Jeanmaire and van Duyne, and Albrecht and Creighton con-

firmed Fleishman’s findings and hypothesized that, this phenomenon originated

from strong electrochemical electric fields at the metal surface (Jeanmaire) or by

the formation of a molecule–metal complex (Albrecht). Lately, Moskovits proposed

that the large signal was originated by the optical excitation of collective oscilla-

tions of the electrons in the metallic nanosized features at the surface (Daniels and

Chumanov, 2005).

Recently, Xu et al. (2012) designed graphene-mediated SERS substrate to result

electromagnetic “hot” spots signals. These signals are free from various metal-

molecule interactions and being more stable against photo-induced damage that

have interesting advantages over normal SERS. Thus, their work enable direct, real

time and reliable detection of trace amounts of analytes in various systems, with

high efficiency and universality of analyses substrates. In addition, (Polavarapu

et al., 2014) with high motivation on recent advances in conductive ink pens for

electronic devices on paper, they presented a simple“pen-on-paper” based SERS

substrates. The proposed “pen-on-paper” write SERS arrays uses plasmonic inks
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Figure 2.2: Schematic diagram of surface enhance Raman spectroscopy.

( made of silver nanospheres, gold nanospheres, and gold nanorods), that result

various excitation wavelengths. There method offers cost effective, portable, and

efficient SERS substrates at the point of care. Further, (Koh et al., 2021) reported a

wearable surface-enhanced Raman scattering (SERS) sensor. That constituted of

SERS active layer, dermal protecting layer, silk fibroin protein film layer, plasmonic

silver nanowire, and transparent dermal protecting layer. Their work reports, the

feasibility of the proposed wearable SERS biosensor by applying for drug detection

on the human cadaver skin.

Indeed, SERS shows a broad range of advantages: (i) possible unique fingerprint

signature of the analyte causing high selectivity (Polavarapu et al., 2014), (ii) easy

sample preparation method (OMODELE et al., 2023), (iii) no signal interference

from the analyte medium, which is usually water-based, (iv) single-molecule

detection (Koh et al., 2021), (v) potential for multiplexed sensing with a single laser

beam, (vi) high throughput, and (vii) POC applicability by using commercially

available portable Raman probes (Polavarapu et al., 2014).
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2.3.2.2 Surface plasmon resonance biosensor

The interaction of incident photons at a certain angle of incidence with shiny

MNPs (Ag, Au, Al, etc) on a metallic surface (dielectric materials) resulted in, the

collective oscillations of free electron in parallel direction to the metallic surface

called surface plasmon (Si et al., 2021; Li et al., 2022) as seen in Figure.2.3. On

the other hand, the interaction of resulted surface plasmons with the biological

sample generates an electric field (in the range of 100 to 600 nm) which is different

from bare (without biological sample) (Challis, 2005). This phenomenon results

a surface plasmon resonance biosensor (SPRB). The advancement in standard

components of SPRB such as light source, detector, coupling components (grating,

prism, optical fiber and wave-guide) and imaging optical system leads to use SPRB

in applications ranging from environmental protection to medical services (Yan

et al., 2020; Pandey et al., 2020).

Figure 2.3: Arrangement of free electron in thin metallic sheet (surface plasmon
resonance) adopted from Chen et al. (2020)

Thus the first SPRB with the components of light, gratings, and dielectric ma-

terials was introduced in 1902 by R.M. Wood, that applied to observe patterns of

unusual dark and light bands in reflected light Wood (1902). Following, the theo-

retical formulation of MNPs spectroscopy in dielectric was given by J.C. Maxwell

Garnett in 1904 Lamb (1904). In addition, the theoretical conclusion of surface

plasmons supported by the network was given in 1941 by Fano (1941). Further, the

excitation of surface waves on the metal-film surface on the other side of a prism

31



with attenuated total reflection (ATR) techniques was simultaneously proved by

Otto (1968); Kretschmann and Raether (1968). These allow light to be confined be-

low the diffraction limit and open up sub-wavelength photonic device integration.

Recently, Cetin et al. (2014) fabricated the compact optoelectronic sensor with

a 60 g and 7.5 cm tall, for high-throughput screening of biomolecular interactions.

By employing plasmonic micro-arrays coupled with a lens-free computational

imaging system, to record the diffraction patterns of plasmonic nanostructures

under uniform illumination by a single-light emitting diode tuned to the plasmonic

mode of the nanoapertures. The fabricated label-free biosensor was applied for

the quantitative detection of mono and bilayers protein in the thickness of 3

nm. Following, Liu et al. (2015) reported light weight fiber optics SPRB made

up of light-guiding silica capillary coated with 50 nm gold film that linked with

easily removable smart phone case. In this platform the phone case is used as

light source (LED flash) and detector (phone camera), to record light intensity of

different concentration of antibody binding in every 0.5 second. However, the

phone case and SPRB connector need more sophisticated android application and

hardware.

Ouyang et al. (2016) designed SPRB using silicon nanosheet and two-dimensional

transition metal dichalcogenides. Their configuration was governed by Fresnel

equations and transfer matrix method in the visible and near infrared wavelength

range. From reflectivity, sensitivity, and full width at half maximum (FWHM) of

SPR curve obtained, they reveal much better performance than that of the conven-

tional sensing scheme. However, the scheme they develop was difficult to perform

experimentally. Thus to configure the relative merits of one configuration over the

other Vasudevan Pillai Radha et al. (2021) proposed multi-layer metallic surface

(Ag, Al, Au and Cu) employing N-layer matrix formalism. Their work reveal the

use of Al/Cu/Al/Cu configuration provides extra ordinary (1433.82/RIU) figure of

merit (FOM) for detecting analytes with only refractive index in the range of 1.350
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to 1.414.

In general, SPRB detect alterations in the refractive index to assess molecules

bind to a metal surface with rapid and real-time evaluation, excellent selectivity,

and reproducibile response (Yu et al., 2019). Despite these advances, some limita-

tions of SPRB are (i) anything that alters the refractive index at the sensing surface

will interfere with the analysis including nonhomogenous (complex) sample ma-

trices, and nonspecific binding interactions (Li et al., 2019), (ii) the ligand may

not maintain its native configuration upon immobilization on the sensor chip

surface (Puiu and Bala, 2016), and (iii) limited sensor area, leading to a diminished

capacity.

2.4 Quantum Mechanical Approach for Lung Cancer

Telemedicine

Quantum mechanics, with its principles of superposition and entanglement, offers

the potential to dramatically improve the accuracy and efficiency of lung cancer

diagnosis and treatment in remote settings (Sergi, 2019). By harnessing the com-

putational power of quantum computers, this approach can analyze large and

complex datasets with lightning speed, enabling faster and more precise diagnosis

of lung cancer (Mohr et al., 2019). Quantum algorithms can detect subtle patterns

and anomalies in medical images, enhancing early detection rates and enabling

personalized treatment plans (How and Cheah, 2023). Additionally, the proper-

ties of quantum mechanics can provide robust security and privacy measures for

telemedicine interactions, protecting sensitive patient information. While the

practical implementation of this approach is still evolving, it holds great promise

for revolutionizing lung cancer telemedicine by expanding access to specialized

care, improving diagnostic accuracy, and ultimately saving lives. These can be

done employing two inter-going quantum phenomena called quantum teleporta-

tion’s and the Bell measurement (Pirandola et al., 2015; Cacciapuoti et al., 2020).
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2.4.1 Bell Measurement for Lung cancer Telemedicine

Bell measurement is a crucial technique applied in quantum teleportation for

lung cancer telemedicine (Das et al., 2023). In this context, quantum teleporta-

tion involves transmitting the quantum state of a lung cancer patient’s cells to

a distant healthcare facility for analysis and diagnosis (Tarasov et al., 2020). Bell

measurement allows us to measure the entanglement between two distant parti-

cles, known as qubits, and extract useful information from them (Vyshnevyy et al.,

2013). In lung cancer telemedicine, this measurement enables the transfer of the

patient’s quantum state to the receiving facility without physically transporting

the cells (Luo et al., 2021). By using Bell measurement, healthcare professionals

can accurately analyze the patient’s cells remotely, leading to timely and efficient

diagnosis and treatment decisions (Mohr et al., 2019).

While, there are also some negative impacts worth considering. One significant

concern relates to the complexity and high cost associated with implementing

and maintaining quantum systems capable of performing Bell measurements

(Córcoles et al., 2019). The infrastructure required for quantum teleportation is

currently limited and expensive, making it challenging to establish widespread

adoption in healthcare facilities (Córcoles et al., 2019). In addition, the need for

specialized expertise in quantum physics and quantum computing could hinder

the accessibility of this technology to healthcare professionals (Aithal, 2023). The

risk of errors and technical difficulties in the quantum teleportation process could

also lead to inaccuracies in the diagnosis and treatment decisions (Awan et al.,

2022). Additionally, ensuring privacy and security during the transmission of

sensitive patient data through quantum channels may raise concerns about data

protection and encryption vulnerabilities (Sun et al., 2019). Consideration of these

challenges and the continuous development of quantum technologies are vital for

addressing the potential negative impacts and enhancing the applicability of Bell

measurement in lung cancer telemedicine.
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2.4.2 Impact of Quantum teleportation on Lung Cancer Telemedicine

Quantum teleportation is a concept in quantum physics that involves the transfer

of quantum information from one location to another without physically moving

the particles based on the principles of entanglement and superposition (Furusawa

and Van Loock, 2011). In telemedicine, the transmission of medical information,

such as patient data, medical images, and test results, is crucial for accurate

diagnosis and treatment decisions (Haleem et al., 2021). Quantum teleportation

offers a way to securely and efficiently transfer this information between remote

locations. By creating an entangled pair of quantum particles, such as photons,

with one particle remaining at the sending location and the other sent to the

receiving location. The sender then performs a measurement on the entangled

particle at their location, which collapses the state of the particle at the receiving

end, effectively teleporting the information about the original quantum state

(Singh et al., 2021; Cacciapuoti et al., 2020).

In the context of telemedicine, quantum teleportation can be utilized to trans-

mit medical data with unprecedented security and accuracy. By encoding the

patient’s medical information into quantum states and teleporting it to the receiv-

ing end, quantum teleportation ensures that the data remains intact and cannot

be intercepted or tampered with (Shams et al., 2023). This can greatly enhance

privacy and data security, which are critical aspects of telemedicine. The poten-

tial benefits of applying quantum teleportation to telemedicine include real-time

sharing of high-resolution medical images for diagnosis, remote consultations

with specialists, and secure transmission of patient data for analysis and treat-

ment planning (Sergi, 2019). While the practical implementation of quantum

teleportation in telemedicine is still in early stages of research, it holds promise for

advancing the efficiency, accuracy, and security of medical data transmission in

telemedicine settings (How and Cheah, 2023).

While the concept of quantum teleportation shows promise for applications
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in telemedication, there are several limitations that currently hinder its practical

implementation:

• Fragility of quantum states: Quantum states are delicate and susceptible to

noise and decoherence caused by interactions with the environment. This

makes it challenging to maintain the integrity and fidelity of quantum states

during the teleportation process, especially over long distances or in the

presence of interference (Fröwis et al., 2018).

• Technical requirements: Implementing quantum teleportation requires ad-

vanced and sophisticated quantum systems, such as entangled particles and

precise measurement setups. These requirements pose significant challenges

in terms of hardware, scalability, and resource-demanding infrastructure,

making it difficult to deploy quantum telemedicine systems on a large scale

(Cacciapuoti et al., 2020).

• Limited distance and reliability: The transmission of quantum states through

quantum teleportation is subject to distance limitations and signal degra-

dation. Currently, the distance over which quantum teleportation can be

achieved reliably is not sufficient for widespread telemedicine applications

(Pirandola et al., 2015).

• Complex setup and expertise: Quantum teleportation requires specialized

knowledge and expertise in quantum physics and quantum information

theory. The design, implementation, and operation of a functional quan-

tum telemedicine system require highly skilled professionals. The limited

availability of such experts restricts the widespread adoption of quantum

teleportation in telemedicine (Cacciapuoti et al., 2020).

• Integration with existing infrastructure: Implementing quantum teleporta-

tion in telemedicine would require integrating it seamlessly into existing

telecommunication networks and healthcare systems(Gupta et al., 2023).
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3

Materials and Methods

In this chapter, materials and methods of the dissertation are peresented in two

sections. The first section describes, the detail instruments, biological analyits,

and lists of software’s used to carry out this research. In the second section, the

detail analysis of modeling and optimization scheme of optoplasmonic biosensors

for extraction and interpretation of biosignals, and QML models for biosignal

processing and LITT estimation and teleportation of biosignals and LITT via fiber

optics cable is dispensed.

3.1 Materials

For optimizations of the proposed plasmonic biosensor, we used some experimen-

tal results of the optical properties of Ag, Al, Au, and Fe2O3 NS from a secondary

source (Ali et al., 2023; Wu et al., 2018b; Moosmüller et al., 2021). In addition, the

refractive index of different lung cancer biomarkers such as: CL15, A549, HT-29,

EGFR, CK19, Calu-1, A427, and 95D were applied for simulation work (Liu et al.,

2018a; Chiu et al., 2018; Zhang et al., 2022; Liou et al., 2014; Cao et al., 2021). From

the VirtualLabFusion software (Yang et al., 2023), we used; three-level laser light of

1500 nm (Huang et al., 2017), gadolinium gallium garnet (GGG) prism (Matiatou

et al., 2021), 90o prism, fiber optics cable with multimode silica core (df c = 40 µm),

and plastic cladding (dc = 48 µm) (Bourdine et al., 2018), matchzender intrfrome-

ter, Homodyne detector, beam splitter, beam combiner, mirror, and endoscopy

(Kumela et al., 2023b). Further, we used several open access softwares like; i)
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FDTD Lumerical to design different shapes, sizes, and properties of Nobel MNPs

interaction with laser light (McCoy et al., 2021), ii) CST Studio to design, analyze,

and optimize electromagnetic components of systems (Budania et al., 2020), iii)

Matlab 2022a to plot the mathematical result for analyzing sensor performance

and to investigate quantum features of SPP (Khulbe, 2023), iv) Phyton with IBM

packages to build the quantum circuit (Neha et al., 2023), for illustration of the

teleportation of biological signals and dose of LITT.

3.2 Methods

3.2.1 Classical Method to Model Plasmonic Biosensor

The transitional and noble MNPs are found in various phases and have different

properties depending on size, shape, and pumping mode (Gangareddy et al.,

2018). In particular, to perform biological measurements using those materials,

confirmation of size, shape, and optical properties of MNPs has been suggested.

Since, toxicity is highly dependent on those parameters. Notably, considering

the crystallinity and aggregation of metal oxide, the α-type Fe2O3 precipitation

has been chosen, and Al, Au, and Ag NS with a size range of 20 to 80 nm are

considered to design bio-compatible plasmonic materials for improvement of the

light absorption ability. In addition, under biomolecules, the concentration, shape,

size, sequence, surface charge, surface charge hydrophobicity, H, and π bond type

are considered (Sakulkhu et al., 2015). Under environmental media conditions,

PH, ionic strength, polarity, temperature, string, and viscosity are determined

(McClements and Gumus, 2016) to construct biosensor model in Figure.3.1.

Figure.3.1 depicted the optical layout of the proposed optoplasmonic biosen-

sors. Where, the first layer of the sensor region is a gadolinium gallium garnet

(GGG) prism selected for its excellent reflectivity (Motogaito et al., 2015). The

second layer is silver nanosurface (Ag NS), considered for its sharper resonance

peak, less broad SPR curve, small optical damping, and no interband transfer at

visible light frequency. The third layer (Fe2O3) is used as a sensing medium for its

38



Figure 3.1: Optical layout of the proposed plasmonic biosensor.

outstanding properties of high surface area and biocompatability (Güneş et al.,

2022). The fourth layer consists of the biomolecule composed of different lung

cancer cells (Pietzner et al., 2022), this arrengment forms the plasmonic biosensor.

The working principles of proposed plasmonic biosensor follows, the biosensor

consists of a metallic surface coated with specific biomolecules that can selectively

bind to lung cancer biomarkers present in a patient’s breath or sputum sample.

When this sample is introduced to the biosensor, the target biomarkers bind

to the biomolecular layer, causing a change in the LSPR characteristics. The

interaction between the biomarkers and the plasmons results in a shift in the

resonance wavelength or intensity of the reflected or transmitted light. This change

is detected remotely and can be transmitted to a diagnostic center for analysis. By

monitoring these changes in real-time, the plasmonic biosensor enables the rapid

and non-invasive detection of lung cancer biomarkers, facilitating early diagnosis

and timely treatment initiation for improved patient outcomes in telediagnosis

scenarios. To achieve the simulation result, we applied both classical and quantum

mechanical approaches.
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3.2.1.1 Modeling and Optimization of the Optical Properties of Plasmonic

Biosensor

To model the properties of SPP classically, we consider Maxwell equations and

Drude-Lorentz models following the same procedures dispensed in Eq.(2.11) to

(2.22). Then, the intensity, absorption cross-section, scattering cross-section, ex-

tinction cross section and the efficiency of proposed optical layout were calculated.

Since, those parameters are tools to measure capacity of any given sensor. So,

the collective oscillation of electric field resulting from light-matter interaction is

calculated following the same procedure dispensed in Eq.(2.6a) to (2.8) as,

ESPP (ω, t) = (1 + ξ)Ein(ω, t). (3.1)

In which, ξ is relative permittivity, that given by a summation of permittivity of

metal and dielectric (εr(ω) = εm(ω) + εd(ω)), and each permittivity is given as a

summation of the real and imaginary part (εi=d,m,A(ω) = ε
′
i(ω) + jε

′′
i (ω)). Where,

ω is the frequency of incident light and the subscript d, m, and A represent; the

permittivity of metal, dielectric materials, and biomolecule respectively, with j is

an imaginary number. So, the relative permittivity of optoplasmonic surface on

account of Eq.(2.21) and (2.22) gives,

εr(ω) =
∑

i=d,m,A

[
εi∞ − Ω2

i

ω∗
i
2 + iγiωi

+ j
Ω2

i (γiωi)

(ω∗
i
2 − ω2

i − iγiωi)

]
. (3.2)

Where Ω, ω∗, and γ represent the plasma frequency, resonant frequency, and

damping factor, respectively.

Coupling of the incident electromagnetic field with the sensor region is ex-

pressed by mass-dielectric polarization (P) using,

P = χ(1)ESPP (ω, t) + χ(2)E(2)
SPP (ω, t) + χ(3)E(3)

SPP (ω, t) + ...χ(n)E(n)
SPP (ω, t). (3.3)

For, χ(1), χ(2), χ(3) and χ(n) are linear, second order, third order and nth order suscep-
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tibility respectively, that vary with the electronic structure of considered materials.

Thus, the second-order susceptibility is diverged (χ(2) = 0) for optically isotropic

material (Sohail and Ashiq, 2023), and depending on anharmonic terms of the

polarization of bound electron, we have ignored the higher order (> χ(4)) value. To

this end, the third-order susceptibility is expressed in terms of relative permittivity

of optoplasmonic surface electric permittivity as (Kumela et al., 2022b),

χ(3) = [εr(ω)− 1]4, (3.4)

In which, the electric permittivity of each layer (εr(ω) = ϵ0
√
n) is expressed in

terms of refractive index (n) as summarized in Table.3.1

Table 3.1: Design parameters of proposed sensor structure at visible wavelength.

Materials Type Refractive Index Ref.
EGFR 1.66 Liu et al. (2018a)
ck19 1.62 Chiu et al. (2018)
calu-1 1.3 Zhang et al. (2022)

Biomolecules A427 1.5 Zhang et al. (2022)
95D 1.7 Zhang et al. (2022)
CL1-5 1.41 Liou et al. (2014)
A549 1.5 Huang et al. (2020)
HT-29 1.67 Cao et al. (2021)

Dielectric Fe2O3 3.125 Jongen et al. (2000)
Ag 0.056 Ali et al. (2023)

NMNS Au 0.185 Wu et al. (2018b)
Al 1.43 Moosmüller et al. (2021)

Prism GGG-Prism 1.97 Matiatou et al. (2021)

On the other hand, the NS and biological molecule (gene) interaction in sensor

region resulted in the reflectance of light with different intensities from input

(laser light with 1500nm) intensity. This phenomenon helps to investigate the

biomolecule’s properties by comparing input and output laser intensity. With this

consideration, the reflectance of laser-dielectric surface (rLd), dielectric-MNPs

(rdm) and plasmonic field-biomolecule (rpA), interaction calculated employing

Eq.(2.23) as,

rLd =
εmkp − εpkm
εmkp − εpkm

, (3.5)
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rdm =
εdkp − εdkd
εdkm − εmkd

, (3.6)

and

rpA =
εAkd − εAkA
εAkd − εdkA

. (3.7)

Where εA, εd, and εm are permittivity of the biological analyte, dielectric surface,

and metallic surface, respectively. Following this, the reflection coefficient of the

incident optical signal of the sensor expressed employing Eqs.(3.5) and (3.7) as,

rLmdA =
r
dm+rLdAe

2jkmpA

1 + rLmdAe2jkmdA
. (3.8)

From Eq.(3.8), the propagation constant of resulted biosignals takes the form,

ksp =
2π

λ

√
εAεdεm
εd + εm

. (3.9)

.

3.2.2 Quantum Method to Model Surface Plasmon Polariton

Biosensor

To model light-matter interaction into quantum mechanical principle, we ne-

glect the environmental factor by considering the interaction inside the noiseless

(closed) cavity mode as illustrated in Figure.3.2. The electron configuration of

Figure.3.1 when interact with intense laser field result in V-type electron configura-

tion. Since, two lower energy levels are optically pumped and lead to population

inversion and result in subsequent stimulated emission of photons. Thus the V-

type laser configuration lies in its ability to achieve population inversion and gain

through the excitation of two lower energy levels. This configuration allows for the

emission of coherent light at specific wavelengths (Boutabba and Eleuch, 2020).

So, by quantizing SPP field dispensed in Eq.(3.1), we express the interaction of laser

light and proposed OL by using quantum superposition state via the Hamiltonian
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of each quantized SPP field as,

ĤSPP = ĤF + ĤOL + ĤInt. (3.10)

Here, ĤF , ĤOL, ĤInt are Hamiltonian of laser field, Hamiltonian of optical layers

(OL), and interaction Hamiltonian, respectively. Thus, starting from classical

Figure 3.2: The model of the interaction of laser light (λ = 1500nm) and MNS inside
a closed cavity. A) arrangement of MNS inside closed cavity. B) V -type energy level
of atom resulted after pumping MNS by intense coherent light.

incident field given in Eq.(2.8) and substituting the classical variable into quantum

notation using Eq.(B.1), the quantized Hamiltonian of the laser field takes the

form,

ĤF = ℏω
(
â†â+ 1/2

)
. (3.11)

In addition, the laser light-optical layout interaction resulted the collective

oscillation of free electrons. Those denoted by |e⟩, |g⟩ and |g∗⟩ that represent excited

state, first ground state and second ground state respectively with the possible

transition of atom between |e⟩ ↔ |g⟩ and |e⟩ ↔ |g∗⟩ but forbidden for |g⟩ ↔ |g∗⟩.

From the possible transition we drive the generalized quantized Hamiltonian of

proposed OL in Eq.(C.4) and we find,

ĤOL = ℏωeg∆δ̂
i
+. (3.12)
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Where, Ee−Eg

2
= ℏωeg, ∆ = ωeg − ωeg∗ is detuning and δ̂i+ = (δ̂i†eg − δ̂ieg) + (δ̂i†g∗e − δ̂ig∗e),

with atomic ladder operators δ̂ieg = |e⟩⟨g|, δ̂i†eg = |g⟩⟨e|, δ̂ig∗e = |g∗⟩⟨e| and δ̂i†g∗e =

|e⟩⟨g∗|.

Following this, the interaction Hamiltonian is calculated employing the quan-

tized dipole approximation given in Eq.(C.5), and by substituting incident field

and rearranging atomic operator, the Hamiltonian of light matter interaction takes

the form,

ĤInt = g

[
δ̂i†egâ− â†δ̂ieg + δ̂i†g∗eb̂− b̂†δ̂ig∗e

]
. (3.13)

For, g = ω2
p

√
ℏω

2ϵoV
is coupling between field and OL, with V is quantized volume of

OL that results g ∝ 1
R

for R is radius of MNPs this implies the smaller the radius

the stronger coupling, that expected to have strong quantum properties. And the

plasma frequency (ω2
p). Substituting Eq.(3.11) to Eq.3.13 into Eq.3.10 the patent

Hamiltonian of a system takes the form,

ĤSPP = ℏ
(
ωâ†â+∆δ̂+ + ω/2

)
+ g

[
δ̂i†egâ− â†δ̂ieg + δ̂i†g∗eb̂− b̂†δ̂ig∗e

]
. (3.14)

Moreover, we drive the dynamical equations of proposed system employing

Heisenberg-Langavin given Eq.(2.29), and by introducing Eq. (3.14) and applying

commutation relations, [â, â] = [â, b̂] = [â, δ̂+] = 0, with ℏ = 1 we can see that,

d

dt
â =

−κ
2
â− iωâ− igδ̂ieg, (3.15)

and
d

dt
b̂ =

−κ
2
b̂− igδ̂ig∗e. (3.16)

Using Eq.(D.1) to Eq.(D.16) and steady state solution, the atomic operators
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defined as,

â =
2ig√

N(κ− 2iω)
X̂a, (3.17a)

b̂ =
2ig√
N
X̂b, (3.17b)

ĉ =
2g(X̂a + X̂b(κ− 2iω))√

N(κ− 2iω)
. (3.17c)

Where, ĉ = â+ b̂.

Similarly we can find

⟨Ya⟩s =
[

∆

3∆2 + γ2b

]
N, (3.18a)

⟨Yb⟩s =
[

∆

3∆2 + γ2a

]
N, (3.18b)

⟨Yc⟩s =
[

γb
3∆2 + γ2b

]
N. (3.18c)

Eq.(3.15) to Eq.(3.18c), represents the dynamical equations of the quantized

SPP field. Employing these equations, tailoring plasmonic properties, exploring

quantum coherence and entanglement effects, harnessing nonlinear phenomena

and quantum information processing (Schulte et al., 2015) were quantified. Thus,

some general quantification criteria that can be used to describe quantum proper-

ties are; probability distributions, entanglement measures, coherence measures,

noise and decoherence rates, and quantum information metrics (such as quantum

entropies, fidelity, squeezing, and quantum concurrency) are calculated (Tesfa,

2012).

So, the squeezing properties of certain quantum field are described by quadra-

ture squeezing and quadrature variance that given by (Schulte et al., 2015)

(∆ĉ±)
2 = ⟨ĉ+ĉ−⟩2. (3.19)

Where, ĉ+ = ĉ† + ĉ and ĉ− = i(ĉ† − ĉ) for, ĉ = â+ b̂.
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With help of Eq.(3.17a) and (3.18c) , Eq. (3.19) rewritten as,

(∆ĉ±)
2 = 2(1 + ⟨â†â⟩+ ⟨b̂†b̂⟩+ ⟨â†b̂⟩+ ⟨b̂†â⟩)± 2(⟨âb̂⟩+ ⟨â†b̂†⟩) (3.20)

Employing the expectation values notation into Eq.(3.17a) to Eq.(3.17c) we find,

(∆ĉ±)
2 = 2

[
1 + ra∆

2(⟨Ya⟩ − ⟨Yb⟩)2 − rb∆
2(⟨Ya⟩ − ⟨Yc⟩)2 (3.21)

+∆2⟨Ya⟩(⟨Ya⟩ − ⟨Yb⟩ − ⟨Yc⟩) + ∆2⟨YcYb⟩
]

±4

[
∆2⟨Ya⟩(⟨Ya⟩ − ⟨Yb⟩ − ⟨Yc⟩) + ∆2⟨YcYb⟩

]
,

Substituting Eq.(3.18a) to Eq.(3.18c) into Eq.(3.22), we find,

(∆ĉ±)
2 = ∆2N

[
1 +

4

γ2a + 3∆2
± 2

γ2b + 3∆2

]
. (3.22)

Eq.(3.22) represents, the the plus and minus quadrature. Understanding and char-

acterizing both plus and minus quadrature variances are crucial, as they provide

important information about the quantum behavior and fluctuations in a given

system. By reducing the quadrature variance, one can minimize the fluctuations

and noise in quantum systems, enabling greater precision in measurements and

enhanced control over quantum states. This can lead to advancements in various

quantum technologies, including quantum computing, quantum communica-

tion, and quantum sensing. For instance, in quantum sensing used to reduce

measurement noise and improved sensitivity (Chen, 2013; Kandala et al., 2019).

In addition, from quadrature variance we can drive quadrature squeezing using

(Kim and Kumar, 1994),

S =
(∆ĉ±)

2 − (∆ĉ−)
2

(∆ĉ±)2
. (3.23)

Quadrature squeezing allows for reduction in the noise or uncertainty associated

with one of the complementary variables of a quantum system. By decreasing

this uncertainty, it becomes possible to make more precise measurements of

the system’s properties. This reduction in uncertainty enables more precise and
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accurate measurements, making it a valuable tool for sensing applications by

reducing the noise in the interferometer’s measurement (Lawrie et al., 2019).

Further, the first inseparability condition proposed by Simon and Duan (Tesfa,

2012) is the sufficient condition for quantification of entanglement in a two-mode

CV system. The criterion suggests that if the two modes are separable, they should

satisfy the inequality of

∆û2 +∆v̂2 ≤ 2N. (3.24)

For, û = m1 − m2, and v̂ = m
′ − m∗ with m1 = (â† + â)/

√
2, m2 = (b̂† + b̂)/

√
2,

m
′
= i(â† − â)/

√
2 and m∗ = i(b̂† − b̂)/

√
2.

Substituting Eqs.(3.22) and (3.24) into Eq. (3.23) the Duan-Giedke-Cirac-Zoller

(DGCZ) criterion of entanglement quantification takes the form,

∆û2 +∆v̂2 = 2∆2N

[
1 +

4

γ2a + 3∆2
− 2

γ2b + 3∆2

]
(3.25)

= 2(∆ĉ−)
2.

The DGCZ criterion is a measurement that used to quantify the entanglement

present in a bipartite quantum system. In the context of plasmonic sensor, this

criterion provides insights into the performance analysis of the sensor. Specifically,

the DGCZ criterion characterizes the minimum achievable noise level in certain

pairs of measurement outcomes for entangled systems. It indicates that if the

measured noise levels fall below a certain threshold, called the DGCZ limit, then

entanglement is present in the system (Tasgin, 2020).

On the other hand, the second order correlation function (SOCF) is a measure

of the statistical correlation between photons in a light field. It quantifies the

probability of detecting two photons at different times and locations relative to the

probability of detecting them independently. In plasmonic sensor applications,

the SOCF provides valuable information about the interaction between light and

plasmonic structures. By measuring this function, one can probe the fluctuations

and fluctuations in photon emission and absorption processes, that used to study
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the dynamics of plasmonic systems as given in (Richards et al., 1982).

g2(a,b)(0) =
⟨â†âb̂†b̂⟩
⟨â†â⟩⟨b̂†b̂⟩

. (3.26)

Since expectation of both beams of light are Gaussian variable with zero means,

Eq.(3.26) rewritten as,

g2(a,b)(0) = 1 +
⟨b̂â⟩⟨â†b̂†⟩
⟨â†â⟩⟨b̂†b̂⟩

, (3.27)

On account of Eq.(3.17a) to Eq.(3.17c) and Eq.(3.18a) to Eq.(3.18c), and applying

large time approximation, the second order correlation function takes the form,

g2(a,b)(0) = 1 +
⟨Ya⟩

(
⟨Ya⟩ − ⟨Yb⟩ − ⟨Yc⟩

)
+ ⟨YcYb⟩

rarb∆2(⟨Ya⟩ − ⟨Yb⟩)2(⟨Ya⟩ − ⟨Yc⟩)2
. (3.28)

Eq.(3.28) can reveal important insights into the non-classical properties of light,

such as photon antibunching or bunching, which are indicative of the behavior of

emitters in close proximity to plasmonic NS. Therefore, analyzing the second-order

correlation function in plasmonic sensors offers a powerful tool for investigating

and understanding light-matter interactions at the nanoscale, facilitating the

development of high-performance plasmonic-based sensing devices (Wang et al.,

2022a).

3.2.3 Quantum Principles for Biosignal Processing and Telemedicine

3.2.3.1 Lung Cancer Telediagnosis

The phenomenon of quantum information teleportation, as initially proposed

by (Bennett et al., 1993), involves transferring the state of a quantum system

from a sender to a receiver using entanglement and classical communication.

In our proposed scheme, we utilize the concept of teleportation to transfer the

quantum state of lung cancer biosignals obtained from a biosensor located at the

first health care station (sender) to a second health care station (receiver) without
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physically transmitting the signals. This process is accomplished through the use

of initialization and bell measurement procedures.

To address this issue, we have proposed the utilization of a dual mirror and a

dual beam splitter in a Mach-Zehnder Interferometer (MZI) for further processing

of the resulting biosignal, as depicted in Figure.3.2. The incident laser light at

a wavelength of 1550 nm serves as the source, and its intensity is divided into

two beams by a beam splitter. One of these beams (upper beam) interacts with

the sensor region, combines with refracted light, and is subsequently detected by

the homodyne detector. Simultaneously, the second beam (reference beam) is

directed towards a fully reflective mirror, and upon reflection, is incident on the

phase shifter to induce a linearity rotation. This process is repeated twice. Then, a

beam splitter is employed to interfere the light originating from the sensor region,

as depicted in Figure.3.2. The information gathered from both the lower and upper

homodyne detectors is then coupled to the fiber optics cable (FOC).

GGG-Prism

Ag Film

Inlet Outlet Biomolecule

PS1

PS2

M1 M2

BS1 BS2

HD1

HD2

SR

Screen 

BC

FOC

Laser

Fe2O3

BC: Combiner

BS:  Beam Splitter

FOC:  Fiber Optics Cable

HD:  Homodyne Detector

M: Mirror

PS:  Phase Shifter 

SR:     Sensor Region

A)

B)

C)

Figure 3.3: Experimental model of the MZI-based OPBs proposed for lung cancer
telediagnosis. A) Laser source, B) arrangement of sensor region (as GGG-prism (12
µm), Ag (7 µm), Fe2O3 (13 µm) and biomolecules concentration (1250 nM), C) The
output biosignals result.

Quantum mechanically, we can formulate the proposed platform employing
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quantization of field obtained from two homodyne detectors by Hamiltonian of a

system given by;

ĤSys = ĤL + ĤBS→PS + ĤBS→SR + Ĥint. (3.29)

Where ĤL is Hamiltonian of the laser light, ĤBS→SR is Hamiltonian of the upper

beam, and ĤBS→PS is Hamiltonian of the lower beam those takes the form,

ĤF = ℏω(â†inâin +
1

2
), (3.30a)

ĤBS→SR = ℏωeiϕ
(
χ∗(3)â†1â

†inâin − χ(3)â†inâinâ1

)
, (3.30b)

ĤBS→PS = eiϕ
π
2

(
â†1â

†inâin − â†inâinâ1

)
. (3.30c)

In which â†in and âin are creation and annihilation operator of incident beam and

â†1 and â1 are ladder operator of beam splitter.

Using the Hamiltonian of the upper beam, the beam splitter unitary transfor-

mation for the upper arm beam is ÛBS→SR = exp
[−iτ

ℏ ĤBS→SR

]
, and for lower arm

beam ÛBS→PS = exp
[−iτ

ℏ ĤBS→PS

]
are defined. Then employing the Heisenberg re-

lation (Arthurs and Goodman, 1988) in line with Backer Hausdrof identity (Eriksen,

1968), we can determine the upper and lower arm output field respectively, as

âoutUpp = Û †
BS→SRâ

inÛBS→SR = eiϕcos(|χ(3)|τ)âin, (3.31)

and

âoutLow = Û †
BS→PS â

inÛBS→PS = eiϕsin(τ ∗)âin. (3.32)

The upper and lower arm beam superposition is computed with the help of MZI

unitary transformation that is expressed by,

ÛMZI = ÛBS→SRÛBS→PS. (3.33)
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With this, the output of the combined beam takes the form,

ĉ = Û †
MZI â

out
Uppâ

out
LowÛMZI ,

= eiϕcos
(
|χ(3)|(τ − τ ∗)

)
âin − eiϕsin

(
|χ(3)|(τ − τ ∗)

)
âin.

(3.34)

From this notation, we can define the horizontal (transmittance) beam and vertical

(reflectance) beam respectively, as

T =

∣∣∣∣cos(|χ(3)|(τ − τ ∗))

∣∣∣∣2, (3.35)

and

R =

∣∣∣∣sin(|χ(3)|(τ − τ ∗))

∣∣∣∣2. (3.36)

The information gained from upper and lower beam are combined using beam

combiner to form Bell state formalism (Casado et al., 2010)

|ψ⟩FS = |H⟩+ |V ⟩. (3.37)

Where, |H⟩ = cos(|χ(3)|(τ − τ ∗)) is a horizontal beam and |V ⟩ = sin(|χ(3)|(τ − τ ∗))

that must satisfy |H|2+|V |2 = 1, and τ is the time taken by the upper arm beam and

τ ∗ is the time taken by the lower beam those this shows maximum entanglement

for τ = τ ∗.

Then, the combined beam is processed as quantum information inside fiber

optics cable, by introducing two-mode squeezed vacuum state given as (Van Loock,

2011),

b̂out = Ŝ†(r)X̂†(θinc)ĉŜ(r)X̂(θinc). (3.38)

Where, Ŝ(r) = exp[η∗b̂† − η∗b̂] is two-mode squeezed sate for η = er is squeezing

parameter, X̂(θinc) = exp[eiθinc b̂† − e−iθinc b̂] is pumping parameters of fiber optics

cable for = PLoε
l

, and b̂ and b̂† are ladder operator of squeezed light. In which, PLo is

the power of the local oscillator, ε is the photon scattering efficiency of fiber and

l is the length of the fiber cable and θinc is pumping angle. Using Eq.(3.34) into
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Eq.(3.38) with Heisenberg picture (Kiilerich and Mølmer, 2019) the output field

reduces to

b̂out = eiθinc

(
cos(η∗|χ(3)|(τ − τ ∗))b̂† − sin(η|χ(3)|(τ − τ ∗))b̂

)
. (3.39)

3.2.3.2 Teleportation of Biosignals

To further process the resulted biosignals from the proposed biosensor, the first

healthcare station (from which the patient blood sample is collected is commonly

known as Alice) and second healthcare station (at which lung cancer diagno-

sis equipment exists commonly known as Bob) must attain a high degree of

quantum correlation (entanglement) even if there is infinity distance between

them. This phenomenon (entanglement) is used as a physical resource for the

quantum teleportation of biosignals between both healthcare stations. Therefore,

to demonstrate the teleportation of biosignals, we suppose two qubits (|ψin⟩ =

1√
2
(|00⟩+ |11⟩)) and the unknown qubit to be teleported to decode the biosignals

(|ψtel⟩ = e
iϕ
2 (cos( θ

2
)|0⟩+ e

iϕ
2 (sin( θ

2
)|1⟩) (Pourkarimi and Rahnama, 2014). For θ and

ϕ are azimuthal and polar angles, respectively. Then, employing the entanglement

quantification parameters called concurrency (C(ρAB) = Max(0,
√
λ1 −

√
λ2 −

√
λ3....−

√
λn)) (Narla et al., 2016), the possibility of the proposed quantum chan-

nel to teleport biosignals is determined. For which, ρAB is the quantum channel

between two healthcare stations and λi are eigenvalues.

So the density operator received by the second healthcare station (ρ̂out) in

Hamiltonian notation gives,

ρ̂out = Tr(Ûρin ⊗ ρtelÛ
†). (3.40)

Where, Û = eiHSyst, ρin = |ψin⟩⟨ψin| and ρtel = |ψtel⟩⟨ψtel|, and employing Heisenberg
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interaction picture (Simons, 1978), the teleported biosignal takes the form

ρ̂out = e
iϕ
2

(
cos(Un̂†n̂− + ω(â†â+ b̂†b̂))− sin(Un̂†n̂− + ω(â†â+ b̂†b̂))

)
. (3.41)

Then, the quality of teleported quantum state (biosignals) is quantified by average

fidelity (Pourkarimi and Rahnama, 2014),

Fav =
1

4π

∫ 2π

0

dϕ

∫ π

0

sinθF (θ, ϕ)dθ, (3.42)

in which, F(θ, ϕ) = ⟨ψin|ρout|ψin⟩ is the fidelity of teleported biosignals.

3.2.3.3 Interpretation of Biosignals

Here, we employ the classical and quantum computing approaches, to interpret

the teleported signals. Under classical approach we use the reflectance and trans-

mittance spectra to extract relevant information about biological samples. So, we

consider absorption peaks, spectral shape and slope, shifts in wavelength, and

quantitative analysis like concentration of biomolecules. With this consideration,

the information gain (IG) measurement takes the form (Björk, 2017),

IG =

∫
dψFS

∑
i=1,2,3

FS⟨ψ|ĉ†ĉ|ψ⟩FS. (3.43)

The balance between the information gain and the quantum state disturbance can

be quantified by success probability using (Koniorczyk et al., 2001),

P (r, θinc) =
FS⟨ψ|ĉ†ĉ|ψ⟩FS∑
FS⟨ψ|ĉ†ĉ|ψ⟩FS

(3.44)

Substitution Eqs.(3.34) and (3.37) into Eq.(3.44) the detection probability re-

duces to,

P (r, θinc) =
eiθinc

(
cos(η∗|χ(3)|(τ − τ ∗))b̂†) (3.45)

− tanh(η∗|χ(3)|(τ − τ ∗))b̂†)

)
.
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The discussion of measurement was computed by taking the difference be-

tween refractive index after the biomolecule concentration was added (SI) and

before the biomolecule (MI) by,

∆Rcancer
min =

∣∣RSI=1250nM
min −RMI

min

∣∣, (3.46)

∆θcancerOPW =
∣∣θSI=1250nM

OPW − θMI
OPW

∣∣.
Where, ∆θOPW is the angle by which the optoplasmonic wave leaves the sensor

region.

Table 3.2: Decisions making based on different situations that occurred in detect-
ing attributes Hossain et al. (2019), and Eq.(3.46)

Phatology no. Conditions Discussion
1 ∆RSI−MI

min ≥ ∆Rcancer
min &&∆θSI−MI

OPW ≥ ∆θcancerOPW Cancer detected

2 ∆RSI−MI
min ≤ ∆Rcancer

min &&∆θSI−MI
OPW ≥ ∆θcancerOPW Try again

3 ∆RSI−MI
min ≥ ∆Rcancer

min &&∆θSI−MI
OPW ≤ ∆θcancerOPW Try again

4 ∆RSI−MI
min ≤ ∆Rcancer

min &&∆θSI−MI
OPW ≤ ∆θcancerOPW no cancer detected

On the other hand, under quantum computation approach, we apply QML

to extract, analyze, and categorize various signals for diagnosis following the

three stages of prepossessing (filtering), feature extraction, and classification (Ma-

heshwari et al., 2022). In light of this, we develop the quantum circuit learn-

ing (QCL) protocol, which consists of an encoder circuit, variational circuit, and

measurement (for estimation of the dose of laser light). Applying the teleported

biosignal (Kim et al., 2022) ( ρout) as an input into the encoder circuit, we form

quantum state ρout|0⟩⊗n) in which n is the number of qubits. Subsequently, the

classical database is mapped into a quantum state (Ashhab, 2022) by consid-

ering the Y classical (previous lung cancer type, stage, and patient conditions)

(Frankell et al., 2023; Li et al., 2023). Each patient data classically represented by

XN = (x1, x2, x2, ....., xN), this can be mapped to corresponding quantum state as
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N quabit |XN⟩ = |x1, x2, x2, ....., xN⟩. In general, we can represent the entire dataset

as a superposition of computational bases state (Kish, 2023),

|Y ⟩ = 1√
N

M∑
i=1

|xi⟩. (3.47)

Following, the classical datasets and teleported lung cancer biosignals were

prepossessed and encoded into the quantum circuit. That forms another quantum

state |Y ⟩(ρout|0⟩⊗n) via a quantum future map that contains entangler blocks to

assure flexibility in data representation. Then, the encoded lung cancer dataset is

organized into train and test datasets (form variational circuits). Finally, with the

measurement circuit, the lung cancer stage is determined by referring input data

with registered lung cancer clinical dataset (LCCD) as dispensed in Figure.3.4. In

which,U(Φ(x)) is preprocessed previous lung cancer dataset andU(ϕ) is the encoded

biosignals extracted from optoplasmonic biosensor. This can be expressed by

transition probability (Llopis-Cardona et al., 2023),

Ptra = ⟨Γn|ρoutρ∗out|Γn⟩. (3.48)

Where, |Γn⟩ = |Y ⟩|0⟩⊗n.

Figure 3.4: Quantum machine learning circuit for biosignal processing.
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3.2.3.4 Lung Cancer Telemedication

The information obtained under biosignal interpretation section helps to classify

lung cancer into different stage, perforation rate, and type. From this information,

we establish the procedure dispensed in Figure.3.5, to perform LITT-based lung

cancer telemedication. Thus, the estimated LITT takes the form time-varying

Figure 3.5: The schematic diagram of the overall process to perform lung cancer
telemedicine.

electric field that is given by (Liu et al., 2023),

E(r, t) = er
ζ

r
ei(ωf t−kr). (3.49)

For er is the longitudinal component of the electric field, ωf frequency of LITT

field, ζ =
√

jLITTin

πln(
rout
rin

)
is an integral constant, with j, LITTin, rout and rin are wave

impedance, LITT input power, the outer and inner radius of endoscopy, respec-

tively, ei(ωt−kr) is traveling wave factor, for k = 2π
λ

is propagation constant. Applying

quantization notation proposed by (But et al., 2019), the estimated LITT is ex-
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pressed in quantum notation as,

Ê = ℏωfm(â†â+
1

2
). (3.50)

Where, m = er
ζ
r
.

In addition, the wavelength-dependent quantum state teleportation with a

telecom wavelength can be demonstrated by horizontal and vertical polarisation

(|Φ⟩in = cos θ
2
|H⟩ + eiΦsin θ

2
|V ⟩. In which, Φ are polarisation states, and H and V

are horizontal and vertical polarisation eigen basis. In addition, the dose of LITT

(Eq.3.50) can be introduced into the input state, and as a result, the output state

expressed by,

|Φ⟩out = Ê|Φ⟩in. (3.51)

While, by tracing the output state, the final output density operator takes the form,

ρ̂outLTT = Tr(|Φ⟩outout⟨Φ|). (3.52)

The output LITT quantum state is teleported inside fiber optics cable, which is

expressed by Ω̂ = α
l
(eiθb̂† − e−iθb̂), for α is scattering efficiency and l is fiber optics

length. With this in mind, the teleported LITT takes the form,

ρ̂telLTT = βeiθâ†â
(
cos

θ

2
+ eiΦsin

θ

2

)
(b̂† − b̂). (3.53)

In which, β = αℏωm
l

. The quality and teleportation distance of LITT is expressed by

employing teleportation fidelity expressed by (Huo et al., 2018),

FLITT =in ⟨Φ|ρ̂telLTT |Φ⟩in. (3.54)

To this end, the experimental setup of the proposed platform is dispensed in

Figure.3.6. In which, the sensor region and endoscopy are located at the first

health care station (from which the patient sample collected), and the patient data
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processor, patients situation discussion maker, and the source of LITT are located

at second health station. Following, the overall procedure dispensed in Figure.3.5

both health care station are connect via quantum teleportation mechanism.

DetectorLaser

Sensor Region

Endoscopy

LTT Source

Display

Beam Splitter Beam Combiner

Figure 3.6: The experimental model for lung cancer telemedicine.
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4

Results and Discussion

In this chapter the results and discussion of the dissertation work were presented

in two sections. Based on theoretical and simulation results, the effects of linear

and nonlinear SPR phenomena, sensor layer type, biomolecule concentration,

and interrogation type on OPB sensitivity were discussed in the first section. The

second section evaluates the quantum mechanical properties of SPP fields and

biosignals for further interpretation and processing. Followed by the simulation

results of estimation and teleportation of LITT for lung cancer telemedicine.

4.1 Classical Approach

4.1.1 Evaluation of the Optical Properties of Nanosurface

To utilize noble metallic nanosurface (NMNS) in various applications, such as

sensing, imaging, optical manipulation, and optoelectronics, it is necessary to

understand their linear and nonlinear properties. Thus, employing Eqs.(2.21) and

(2.22) , the properties of different NS (Ag, Au, and Al) under different pumping

wavelengths are presented in Figure.4.1. It clearly shows that, the weak interaction

between the incident light and NS, leading to a lower overall intensity (as seen in

Figure.4.1a ). While, at higher light intensities, NS can experience multiphoton

absorption or scattering processes. These nonlinear processes lead to increases in

excitation intensity. So, the spectra of nonlinear (Figure.4.1b ) is more broader than

linear one (Figure.4.1a ). These indicate that linear properties are mainly attributed

to the SPR effect, while nonlinear properties arise from higher-order interactions
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between NS and incident photons. Comparing all spectrum of Figure.4.1a and b,

the Ag NS tend to exhibit higher intensity, due to fundamental differences in the

optical properties of these materials, specifically their plasmonic behavior. Thus,

the obtained result agrees with recently reported experimental work of (He et al.,

2021), and theoretical work of (Vu Nhat et al., 2021)
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Figure 4.1: Shows the intensity variation of Al, Ag, and Au NS plotted using
Eqs.(2.21), and (2.22) and parameters presented in Table. 3.1. For a) linear and b)
nonlinear materials.

In addition, absorption and scattering can have both positive and negative

effects on sensitivity, depending on the choice of detection wavelength and the

design of the biosensor surface. The size of nanosurface plays a role in enhancing

sensitivity by providing a larger surface area for analyte detection and by leveraging

unique optical properties associated with nanoscale structures. Thus, employing

Eq.(2.24b)b, the absorption cross section of each nonosurface is illustrated in

Figure.4.2. It is found that, the absorption spectrum of NMNS shows a distinct

peak at the resonant frequency depending on the size, shape, composition, and

dielectric environment of the NS. For example, increasing the thickness of MNPS

increases the absorption cross-section, since as the size of nanosurface increases,

the plasmon resonance wavelength shifts to longer wavelengths.

In comparison of Figure.4.2 a) to c), Al NS have a plasmon resonance in the

ultraviolet (UV) region, whereas Ag and Au NS have resonances in the visible

region. The UV region has higher photon energies, which can result in increased
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Figure 4.2: Plot of absorption cross section versus wavelength using Eq.(2.24b), and
parameters presented in Table. 3.1. For different surface size of a) Au NS, b) Ag NS,
and c) Al NS.

absorption cross section for Al NS compared to other NMNS of the same shape

and size. Further, using the spectra data of Figure.4.2 a) to c), the effect of the size

of NS and pumping wavelength on FWHM and intensity is illustrated in Figure.4.2

d). It shows that, when the FWHM is smaller, the spectral feature is narrower, and

the intensity tends to be higher. Conversely, when the FWHM is larger, the spectral

feature is broader, and the intensity is usually lower since FWHM proportional to

length of intensity.

On the other hand, the scattering cross-section tell as the measure of how

likely a particle will scatter or deviate from its original path when it encounters

another particle or target. Thus, to understand the scattering properties of NMNS,

Figure.4.3 plotted employing Eq.3.8. The result indicated that, the size of NMNS

is much less than the wavelength of incident light (Rayleigh scattering), and the

smaller size results a larger scattering cross-section. Additionally, we observe

that Ag NS have a greater scattering cross section than Al and closer scattering
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Figure 4.3: Plot of scattering cross section versus wavelength using Eq.(2.25b)b and
parameters addressed in Table. 1. For different surface size of a) Al NS, b) Ag NS, and
c) Au NS.

cross section with Au NS of the same shape and size (see Figure.4.3 d) due to their

excellent electrical conductivity. Which let free electrons in Ag NS easily interact

with incoming light waves and cause scattering. This makes Ag NS to have strong

plasmonic resonances as Au NS. As well as, its biocompatability, cheap than Au

NPs, and easy to synthesis makes Ag NS more compatible than other NMNS.

In addition, the extinction cross section refers to the ability to absorb and

scatter incident light. It plays a crucial role in determining the sensitivity of NMNS

for various applications, particularly in sensing and detection. The high extinction

cross sections of NMNS are responsible for their sensitivity in sensing applications.

So, enhancing the interaction between incident light and NMNS results in higher

sensitivity.

Further, the efficiency of SPP field is described by the propagation length and

penetration depth, to study cell mechanics for differentiating the affected (cancer)
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cells from normal ones. So, to show this clearly, we introduce a nonlinear ray-

tracing analyzer with five main components as seen in Figure.4.4. The output

measurements of light with and without SPP are presented in Figure.4.5.

Figure 4.4: Experimental setup of set up of the components of OPBs using raytracing
system analyzer (RSA) simulation engine of VirtualLab Fusion software.

a) b)

Figure 4.5: Shows the output light without (a) and with surface plasmon polariton
(b) in vacuum reservoir using model analyzer simulation engine of VirtualLab
fusion software.

Figure. 4.5 displays, the enhancement of the incident field with MNPs (Ag) to

robust the sensitivity and selectivity of OPB. We noted that, Ag NPs have robust

brightness of incident light and if any biological samples especially cancer cells

are added the obtained brightness is enough to show the cell mechanics of cancer

cells clearly.
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4.1.2 Effect of Sensor Layer on Sensitivity of OPB

The thickness and refractive index of the sensor layer have a significant impact on

the sensitivity of SPP biosensor. The sensor layer thickness should be optimized

to provide a balance between efficient coupling of incident light to SPP and maxi-

mizing interaction with the target analyte. When a sensor layer is too thin, weak

signals can be generated, while a layer that is too thick limits the penetration depth

of SPP, reducing sensitivity. Additionally, the refractive index contrast between the

sensor layer and the surrounding medium affects sensitivity. A higher refractive

index contrast leads to stronger SPP coupling and increased sensitivity to changes

in analyte concentration or properties. To prove this concept, using Eq.(3.8) we

plot reflectance versus plasmonic angle as seen in Figure.4.6.

Figure.4.6a-c shows, the reflectance spectra of different layers of Ag NS layers

with different cancer cells. The result demonstrates that, as the number of Ag

NPs layers increases, the reflectance spectra shift to the right, and there is a small

change in the angle at which biosignals leave the sensor regions. Which clearly

indicates the one-to-one correspondence between the number of Ag NS layers and

reflectance spectra. In addition, under the same concentration of different types

of cancer cells, we observed different spectral shifts since all cells have different

refractive indices. These phenomena help to differentiate one type of cancer cell

from the other.

Employing Eq.(2.23), the reflection spectra for different arrangement can be

piloted. From those spectra, the FWHM (∆θOPW

2
) (Karki et al., 2022b), the sensi-

tivity of biosensor (S = ∆θOPW

δn
) (Almawgani et al., 2022) for ∆n is changed in the

refractive index of sample, Figure of merit (FoM = S
FWHM

), Detection accuracy

(DA = ∆θOPW

FWHM
), Limit of Detection (LoD = 1

S

(
FWHM

1.5(DA)0.25

)
), and sensor resolution

(SR = LoD×S) are evaluated (Hossain et al., 2022). These quantities demonstrates

the overall performance of any optical biosensor.

Thus, employing Figure.4.7, the performance of proposed biosensor calculated.
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Figure 4.6: Plot of reflection spectra versus incident angle spectra of various cancer
cells measured at different Ag NPs layers plotted using Eq.(3.8). a) reflection spectra
of CL1-5 cancer cell, b) reflection spectra of A549 cancer cell, c) reflection spectra of
HT-29 cancer cells.

The results indicated that, the sensitivity, FoM, and FWHM increase with the num-

ber of Ag NPs layers, and above six layers of Ag NPs, the DA, LoD, and SR decrease

since multilayers decrease light penetration. Therefore, the overall performance of

the proposed biosensor is high for six layers of Ag NPs. Table. 4.1 generated using

the spectral difference shown in Figure.4.7 for six layers of Ag NPs. It demonstrates

the overall performance parameters of the proposed sensor under six layers of Ag

NPs.

Table 4.1: Performance analysis proposed OPB for three cancer cells. Tabulated
using Figure. 4.7.

Cancer cell FWHM ∆θOPW ∆n S (deg/RIU) FoM (/RIU) DA(%) LoD SR
CL1-5 6.55 5.91 0.02 295.5 45.11 0.90 0.015 4.48
A549 8.51 8.50 0.028 303.80 35.70 0.99 0.018 5.67
HT-29 11.52 10.39 0.031 335.45 29.11 0.91 0.023 7.88

4.1.3 Effect of Biomolecule Concentration on Sensitivity of OPB

The biomolecule serves as the recognition element, specifically designed to in-

teract with the target analyte. So, the binding kinetics of biomolecule-analyte
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interactions (fast association and dissociation rates) influence biosensor sensi-

tivity. A sensitive biosensor typically requires an optimal balance between fast

association for efficient capture and slow dissociation for analyte retention. This

ensures prolonged interaction between the biomolecule and the analyte, leading

to increased sensitivity. Thus, to show the effect of biomolecule concentration on

sensitivity, we employ angle interrogation and wavelength interrogation based

investigations.

4.1.3.1 Angle Interrogation

In angle interrogation-based SPP biosensors, the incident angle of light is adjusted

to excite SPPs on the sensor surface. The shift in the resonance angle can be

detected and correlated with the concentration of analytes or their binding events.

Thus, Figure.4.8 explores the impact of cancer cell concentration on sensitivity

at which high sensitivity is achieved (L=8). It clearly shows that, the increase in

concentration shifts the reflectance spectra to the right and makes the spectral

peak short and broad, indicating that light penetration is directly proportional to

bio-molecule type and concentration.

On the other hand, by comparing the reflectance spectra of Figure. 4.7 and

.4.8, we conclude that, the increment of biomolecule concentration shifts the

reflectance spectra to the right (resonance angle increases), which results in a

decrease in detection accuracy because the increment of resonance angle shows

light scattering. Further, Table. 4.2. illustrates while FWHM and bio-molecule

concentration increase, the sensitivity, FoM, and DA decrease. In addition, by com-

paring the data presented in Table.4.1 and Table.4.2 one can clearly understand

the impact of biomolecule concentration on the performance of biosensors.

Table 4.2: Performance analysis proposed OPB in angular interrogation for three
cancer cells. Tabulated using Figure. 4.8.

Cancer cell FWHM ∆θOPW ∆n S (deg/RIU) FoM (/RIU) DA(%) LoM SR
CL1-5 11.42 4.65 0.0144 319.33 27.96 0.13 0.13 40.1
A549 12 6.3 0.019 332.22 27.70 0.15 0.12 40.09
HT-29 13.86 8.7 0.0235 365.21 26.35 0.17 0.072 26.34
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Figure 4.7: Reflectance spectra of different cancer cell concentrations plotted using
Eq.(3.8) and parameters defined in Table.3.1. a) reflection spectra of CL1-5 cancer
cell, b) reflection spectra of A549 cancer cell, c) reflection spectra of HT-29 cancer
cells.

Further, Figure. 4.8 shows, the considerable variation in sensitivity due to the

Ag NPs layers, cancer cell type, and cancer cell concentration. The sensitivity

increases with an increase in the number of Ag NPs layers and concentration. In

addition, comparing Figure. 4.8 a) and b) the optimized performance of OPBs

was obtained by fixing the concentration of biomolecules to 1250 nM and eight

layers of Ag NS. In addition, Table.4.3 shows performance analysis of proposed

OPB under angular interrogation. The result indicates, the proposed work has

highest degree of sensitivity and medium DA, this shows the proposed OPB best

suited for lung cancer detection and cost effective than other reported work. On

Table 4.3: Comparison of different performance parameters of the proposed OPBs
with other reported SPR biosensors

Metal Type S (deg/RIU) DA (%) Detection Target Ref.
SnSe/BlueP/MoS2 184 0.54 Blood Hossain et al. (2022)
ZnS/Ag 293 0.16 DNA Karki et al. (2022a)
BaTiO3Ag/MoS2 308 - Glucose Almawgani et al. (2022)
Cu/BaTiO3 /BP 378 - Bioanalaytic Karki et al. (2022b)
Bi2Te3 384 0.32 cervical Uniyal et al. (2022)
Ag/Fe2O3/biomolecule 365 0.17 Lung Cancer Cell This Work
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Figure 4.8: Plot of the sensitivity variation of proposed biosensor obtained by varying
Ag NS layers (a) and concentration of cancer cells (b).

account of Table. 4.1 to Table.4.3, and Figure.4.2 to Figure.4.8, we declare that the

proposed OPB is accurately suited for lung cancer telediagnosis.

4.1.3.2 Wavelength Interrogation

In wavelength interrogation SPP biosensor, instead of measuring the angle of reso-

nance, the device tracks the shift in the wavelength of the reflected light. This shift

is directly related to the change in the resonance angle caused by binding events

on the sensor chip surface. Following, using the parameters given in Table .3.1

and the reflectance equation (Eq. (3.13)), the reflectance spectra of different lung

cancer cells under different concentrations are demonstrated clearly in Figure.4.9.

Where, Figure.4.9 a) illustrates, the reflectance spectra of the Calu-1 cell, which

implies that as the concentration of biomolecules increases, the reflectance also

increases, the same is true for Figure.4.9 b), c), d) and e). Notably, Figure.4.9 shows

different cancer cell have different spectral profile even at the same concentration,

this results from all cancer cell have finger print refractive index this agrees with

(Zhang et al., 2021).

In addition, due to the refractive index increment between cancerous cells,

the wavelength shifts rightwards with a small increment. This causes a decrease

in FOM but increases sensor resolution. In this situation, the cancer cells show

a higher refractive index than normal plasma cells, which agrees with other ex-

perimental work expressed in (Zhang et al., 2022; Liu et al., 2018a), this helps to
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differentiate affected and normal cells. In addition, comparing the five considered

lung cancer cells, the 95D cell shows maximum detection efficiency hence, it has a

high refractive index (shows 95D cell had the highest metastatic capacity).
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Figure 4.9: Shows the effect of biomolecule type, and concentration on reflectance
spectra plotted using Eq.(3.8) and parameters presented in Table.3.1. For a) Calu-1,
b) A427, c) CK19, d) EGFR and e) 95D.

Towards a deeper insight, Table.4.4 summarizes, the evaluation of the sensor

performance of the proposed OPB. It clearly shows that the increase in pumping

frequency increases sensor sensitivity and resolution. In addition, Figure.4.10

illustrates the performance of OPB for detection of different lung cancer cells.

The sensitivity and FOM of the model are calculated under 80% biomolecule

concentration. The maximum sensitivity and FOM were recorded to be as high

as 10421 nm/RIU and 453.08 RIU−1, respectively, at a wavelength of 660 nm. By

comparing sensitivity and FOM, we can conclude that as sensitivity increases,

FOM decreases due to a low spectral shift, which causes a small change in FWHM.
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Table 4.4: The maximum performance of proposed OPB at 80% concentration of
different cancer cells impressed in plasma using data presented in Figure.4.9.

Types of cell S (nm/RIU) λ1 (nm) λ2 (nm) FWHM FOM (RIU−1) R
Calu-1 10230 620 636 16 639.38 2.74
A427 10265 622 639 17 603.82 3.21
Ck19 10318 638 648 20 515.9 3.45
EGFR 10352 640 662 22 470.54 3.59
95D 10421 647 670 23 453.08 3.63

Furthermore, comparing the proposed biosensor with some recently reported

works (Jabin et al., 2019; Yasli, 2021), the proposed biosensor is relatively highly

sensitive in terms of wavelength modulation as tabulated in the Table.4.5.
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Figure 4.10: Plot of sensitivity versus wavelength plotted using spectral difference
of Figure.3.9. Red line for figure of merit, and green for sensitivity.

Table 4.5 presents the performance analysis of the proposed OPB using wave-

length interrogation. When compared to other studies, the results indicate that

the proposed biosensor exhibits moderate sensitivity, while achieving maximum

figures of merit (FOM) and resolution. Consequently, the overall performance of

the proposed OPB is highly recommendable for lung cancer detection.
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Table 4.5: Comparison of the proposed OPB with existing plasmonic sensors in
the literature.

Model Cancer S FOM R Year Ref
MIM LSPR A549 1670 3.5 2018 (Chang et al., 2018)

Hela 10208.33 340 - 2019
D-shape PCF Basal 17500 430 - 2019 (Jabin et al., 2019)

PC12 10000 375 - 2019
MCF-7 742.86 - 1.4 2021

PCF Basal 3150 - 3.2 2021 (Yasli, 2021)
PC12 5500 - 1.8 2021
Jurkat 17143 261.84 5.83 2022
Hela 15833 326.72 6.32 2022

MCF-7 53571 560.66 1.87 2022
Calu-1 10230 639.38 2.74 2022 This Work

OPB A427 10265 603.82 3.21 2022
Ck19 10318 515.9 3.45 2022
95D 10421 453.08 3.63 2022

4.2 Quantum Mechanical Approach

4.2.1 Verification of Quantum Feature of SPP

SPPs exhibit unique quantum plasmonic effects, such as quantum tunneling and

quantum correlations. Quantum tunneling enables SPPs to propagate through

subwavelength gaps or barriers, which would not be possible classically. So, quan-

tifying the quantumness, or the degree of quantum behavior, of a physical system

is critical. Some measurements that can be used to assess the quantumness of a

system are: observation of non-classical effects in light-matter interactions (such

as photon antibunching or squeezing), degree of entanglement (measured by

concurrence, entropy-based measures, or entanglement witness), and coherence

(represents the stability and phase relationship between different quantum states).

Quantum correlations arise due to the interaction of SPPs with other quantum

systems, leading to phenomena such as quantum squeezing or anti-bunching.

Therefore, using Eq.3.49 and .3.50, we plot quadrature variance (Figure.4.11) and

quadrature squeezing (Figure.4.12). Figure.4.11 shows, the quadrature variance
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increases with detuning and frequency but decreases as the size of MNS increases.

This indicates that more tiny particles (10-40 nm) have quantum future than bulk

materials, and the squeezing occurs in minus quadrature. In plasmonic biosen-

sors, this phenomenon indicates improved sensing performance and increased

sensitivity. This phenomenon has valuable implications for optimizing the design

and performance of biosensors, enabling advancements in diverse applications

including medical diagnostics, environmental monitoring, and food safety.

a) b)

Figure 4.11: Plot of quadrature variance versus detuning for different size of Ag NS,
κ = 0.8, plotted using Eq.(3.23) and parameters presented in Table. 1. a) 2D and b)
3D

In addition, Figure.4.12 illustrates the direct relationship between degree of

squeezing and detuning, as well as the inverse relationship between size of Ag

NS, and frequency. Therefore, to enable perfect encoding and transmitting quan-

tum information within a given communication channel, it is recommended to

use nonlinear optical systems with small sizes. Notably, increasing quadrature

squeezing enables the plasmonic sensor to detect smaller changes in the sur-

rounding environment, leading to higher resolution and enhanced capabilities in

biomedical sensing, the result agree with (Lawrie et al., 2019; Li et al., 2020).

On the other hand, from Figure.4.13 we observe, the degree of entanglement is

proportional to detuning but decreases as the size of MNS increases. This shows

detuning is proportional to relaxation time, and as the size of MNS decreases

relaxation time increases since polariton (collective free electron) can propagate

through tiny particles freely. Thus, the higher entanglement implies enhanced
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Figure 4.12: Plots of quadrature squeezing versus detuning for different size of Ag
NS and κ = 0.8, ωp = 13.716 plotted using Eq.(3.24). a) 2D and b) 3D.

correlation and precision, enabling more precise measurements and increased

information extraction from the sensor’s output signals. This can lead to improved

detection limits and better characterization of bioanalytes, enhancing the overall

performance of the plasmonic biosensor this agree with (Xavier et al., 2021; Mataji-

Kojouri et al., 2020).
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Figure 4.13: Plot of Duan et al. Entanglement versus detuning for different size of
MNS, and κ = 0.8, ωp = 13.716 and λ = 632nm plotted using Eq.(??). a) 2D and b)
3D.

Besides, Figure. 4.14 shows, degree of correlation increases with detuning and

decreases as the size of Ag NPs increases since as the size of material increases, the

absorption of light leads to the production of thermal energy that results in noise.

4.2.2 Analysis of Teleportation Quality of Biosignals

Quantum teleportation is a protocol in quantum information theory that allows,

the transfer of quantum states between distant locations without physically mov-
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a) b)

Figure 4.14: Plots of second order correlation function versus detuning for different
size of Ag NPs, and κ = 0.8, ωp = 13.716, plotted using Eq.(3.27).

ing the particles carrying those states through entangled qubits and quantum

teleportation protocols. The development of quantum networks, incorporating

quantum teleportation, could provide a potential avenue for transferring informa-

tion encoded in biological signals from one location to another using quantum

teleportation techniques. This could facilitate the transmission of certain types of

biological signal information between networked nodes.

0  50 100 150 200 250

  Communication Distance (Km)

0.4

0.5

0.6

0.7

0.8

0.9

1

  
T

F

P
Lo

=18.5 dB

P
Lo

=21.3 dB

P
Lo

= 25.4 dB

Figure 4.15: Plot of teleportation fidelity versus communication distance (Eq.(3.42))
under different pumping power.

Figure.4.15 shows, with the increasing pumping power and communication

distance, the teleportation fidelity decreases to below the classical limit since

increasing pumping power induces noise in the fiber channels. This shows the

gradual reduction of quantum entanglement that consequences unsuccessful
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communications. Therefore, for successful teleportation, considering fiber optics

cable loss, pumping power of input light, and communication distance is vital.

To this end, we can summarize the maximum communication distance (200 Km)

achieved by limiting pumping power to 18.5 dB. The result agrees with previously

reported experimental and theoretical work of (Wengerowsky et al., 2019; Zhang

and Zheng, 2021; Fröhlich et al., 2017).

a) b)

c) d)
0 10 20 30 40 50

 SA (mm
2
)

0.6

0.7

0.8

0.9

1

 Q
F

Figure 4.16: Teleportation quality of the proposed quantum channel plotted using
data dispensed in Table.3.1, and ϕ = π/2, M=125 g as a function of sensor area
(SA) and pumping angle (Inc). a) biosignal teleportation fidelity, b) average telepor-
tation fidelity, c) a concurrence of shared entangled state between two healthcare
stations, and d) comparison of all (F, Fav, and c) investigated QF (where solid line is
for concurrence, dashed line (green) for average fidelity, and broken line (red) for
fidelity).

In Figure.4.16 we disclose the teleportation of the proposed quantum channel

to connect two healthcare stations for effective lung cancer telediagnosis. In par-

ticular, we demonstrate the concurrence of shared entangled state in Figure.4.16

c), and the biosignal teleportation fidelity and average fidelity (Figure.4.16 a) and

b)). We notice that the fidelity decrease as biosensor surface area increase, and

75



the strong QF is observed at the lowest incidence angle. Hence as the angle of

incidence increases, there is a chance that the incident laser light interacts with the

environment, which causes the noise that reduced the rate of fidelity. Moreover, in

comparison of Figure.4.16 a) to d) with other related work Cao et al. (2022); Kirdi

et al. (2023); El Anouz et al. (2020), it is evident that the proposed system shows

the maximum degree of correlation and teleportation fidelity.

4.2.3 Computing QML Model for Biosignal Interpretation

Biosignal interpretation involves analyzing various biological signals, such as

EEG (electroencephalography), EKG (electrocardiography), or EMG (electromyo-

graphy), to gain insights into the underlying physiological processes. Quantum

computing could potentially offer advantages for faster processing of large-scale

datasets. So, employing Eq.3.46, the over all discussion measurement obtained.

Further, to interpret the obtained result, Eq.3.48 employed. The result dispensed

in Figure.4.17 shows that, as information of lung cancer clinical data (LCCD) re-

striction increase, the biosignal interpretation accuracy increases.

Figure 4.17: Plot of biosignal interpretation accuracy (Eq.(3.45)) versus lung cancer
clinical data.

4.2.4 Evaluation of the teleportation of LITT

Quantum teleportation is transfer of quantum state between distance quantum

ends. So, employing quantization of LITT (Eq.3.50 to Eq.3.53), the teleportation
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fidelity of LITT illustrated in Figure.4.17

Figure.4.17 demonstrates teleportation fidelity of LITT decreases as the dis-

tance of communication increases and falls to the classical limit (below 2/3) when

it extends 250 Km. In addition, comparing Figure.4.17 a) and Figure.4.18, we no-

tice that the maximum teleportation quality and distance achieved for LITT than

biosignal teleportation. These show that the transmission fidelity decreases as

pumping power increases, and the higher transmission fidelity (96% for 18.5 dB

squeezing with 0.4% loss) biosignals and 98% for LITT. We deduce from this result

that the more accelerating power tends to lose biosignals.

Figure 4.18: The 3D plot of LITT teleportation fidelity as a function of cancer ablation
time and teleportation distance (TD) for θ = 45o, Φ = π/2, LITTin = 805nm,
λ = 1500nm, rin = 4.2 mm, rout = 1mm.
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5

Conclusions

In this research, we established the classical and quantum approach to modelling

the optical properties of MNPs for enhancement of the sensitivity and selectivity of

proposed biosensor. Using Maxwell equations and the modified Drude model, the

equations of dielectric function of materials are obtained. Then, relaxation time,

absorption efficiency, and extinction efficiency of linear and nonlinear optical

properties of SPP are calculated. The numerical result shows that, the sensitivity of

OPB increases as the size of noble MNPs decreases, and Ag NPs are more efficient

for sensitivity and selectivity enhancement compared with other MNPs.

Further, applying the Fresnel and transfer matrix equation and refractive index

of different lung cancer, the effects of different layers of Ag NPs and different con-

centrations of biomolecules on FWHM, DA, sensitivity, and FOM were investigated.

After comparing the reflection spectra of the sample and medium-induced light, a

description of the resulting biosignals has been developed. The results show that,

the suggested approach has an extremely high sensitivity of 365 deg/RIU and an

average sensor resolution of 26 RIU−1. Furthermore, using the frequency interro-

gation method, the highest sensitivity (10421 nm/RIU), FOM (453.08 RIU−1), and

SR (3.63 RIU) were achieved. Taking the proposed sensor’s overall performance

and comparing it with previously published data, the suggested biosensor is well

suited for detection of different lung cancer cells.

In addition, by quantizing the equation of propagation field, Hamiltonian of the
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system, quantum Langevin equation, and quantum nature of SPP are examined.

The result reveals that, to enable perfect encoding and transmitting quantum

information, it is recommended to use nonlinear optical systems, homodyne

detection or parametric amplification with small sizes. Then, the teleportation of

biosignals between two healthcare stations has also been studied employing the

quantum input-output relation, and at the optimum pumping strength (18.5 dB),

the signals have successfully traveled 200 km via FOC. Moreover, by introducing

quantum principles for biosignal processing and teleporting the dose of light, high

transmission fidelity was recorded. This could open up a wide range of extremely

exciting possibilities for cancer telemedicine in future medical applications.
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Future Research and Recommendations

The main finding of this research is optimization of the sensitivity of optoplas-

monic biosensor employing different noble MNPs, teleportation of biosignals

and laser interstitial thermal therapy, and interpretation of biosignals via quan-

tum machine learning model to realise lung cancer telemedication. Thus, high

sensitivity (10421 nm/RU), maximum teleportation distance (250 km) with 96%

transmission fidelity, and high accuracy (94%) in clinical data processing employ-

ing a quantum support vector machine algorithm were theoretically achieved.

However, due to financial and laboratory facility constraints, the experimental part

was not addressed in this research. Therefore, in the future the hybridization of

optoplasmonic biosensor with other optical materials like photonic crystals, meta-

materials, optomechanics, and surface enhanced raman spectroscopy is a broad

experimental and theoretical area of investigation. In addition, to further enhance

teleportation distance, quantum repeaters are crucial devices for long-distance

quantum teleportation and quantum communication.
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Appendix

A Output Field

The input field for light-field interaction represents the incident light that interacts

with a material or system. It describes the properties of the incoming light, such as

its intensity, polarization, and spatial distribution. Understanding the input field

is crucial for analyzing the interaction between light and the system, enabling the

study of phenomena such as absorption, scattering, and modulation of the light

field. Therefore, to broaden this investigation employing the Fourier transforma-

tion given in Eq.(A.1a), the position dependent field is transformed into frequency

dependent field as,

E(ω, t) =
∫ [

E(r, t)exp(−2πωr)
]
dr, (A.1a)

= A0exp(kr − ωt). (A.1b)

In which, A0 is complex amplitude of the matter.

In the context of light-matter interaction, the output field can be described

in terms of absorption, reflection, and transmission. Considering an interface

between two different media where electromagnetic waves interact, we can write

the plane wave solutions for the electric fields in medium 1 and medium 2 as

follows:

E1(ω, t) = A1exp(k1r − ωt), (A.2a)

E2(ω, t) = A2exp(k1r − ωt). (A.2b)
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Where, A1 and A2 is complex amplitude of medium.

The output field resulting from the interaction of incident field with interfaces

or objects can indeed be analyzed in terms of absorption, transmission, and

reflection.

Eout(ω, t) = Eabs(ω, t) + Etra(ω, t) + Eref (ω, t) (A.3)

Where,

Eabs(r, t) = AEin(r, t), (A.4a)

Etra(r, t) = TEin(r, t), (A.4b)

Eref (r, t) = REin(r, t). (A.4c)

In which, transmission coefficient (T = |Etra|2
|Einc|2 ), absorption coefficient (A = |Eabs|2

|Einc|2 ),

and reflection coefficient (R =
|Eref |2
|Einc|2 ) for Einc, Etra, Eref , and Eabs are amplitude of

incident field, amplitude of reflected field, amplitude of transmitted field, ampli-

tude of reflected field, and amplitude of absorption field.

B Quantization of SPP Field

Employing ESPP (ω, t) → ÊSPP (ω, t) into Eq.(3.1), the generalized quantized field

takes the form

ÊSPP (r, t) =

√
ℏω
2ϵoV

âei(kr−ωt) +

√
ℏω
2ϵoV

â†e−i(kr−ωt). (B.1)

C Derivation of Hamiltonian

ĤF =

∫ ∣∣∣∣ÊSPP (ω, t)

∣∣∣∣2d3r, (C.1)

82



ĤM =
∑
n

Ên|n⟩⟨n|, (C.2a)

=
Ee − Eg

2

(
|g⟩⟨e| − |e⟩⟨g|

)
− Ee − Eg∗

2

(
|g∗⟩⟨e| − |e⟩⟨g∗|

)
, (C.2b)

Following the interaction Hamiltonian takes the form,

ĤInt =
N∑

n=1

−d̂.Ên|n⟩⟨n|. (C.3)

In which, the dipole excited by incident electric field is defined by,

d̂ = α.|Êin(ω, t)|2. (C.4)

Where, polarizability is given by α = q2

ϵ0m
b̂. Using Eq.C.4 into Eq.C.3 we find,

ĤInt =
q2

ϵ0m
b̂.|Êin(ω, t)|2(δ̂i†eg − δ̂ieg) +

q2

ϵ0m
b̂†.|Ê

∗
in(ω, t)|2(δ̂

i†
g∗e − δ̂ig∗e), (C.5)

D Derivation of Equations of Evolution of Operators

Considering large time approximation (dâ
dt

→ 0 for t → ∞), Eqs. (3.12) and 3.13

rewritten as,

â =
−2ig

κ− 2iω
δ̂ieg, (D.1)

and

b̂ =
−2g

κ
δ̂ig∗e. (D.2)
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Applying the commutation relation of atomic operators, [δ̂ieg, δ̂
i†
eg] = η̂ie, [δ̂ieg, δ̂

i†
g∗e] =

η̂i
g′

and [δ̂ieg, δ̂
i
eg] = [δ̂ig∗e, δ̂

i
g∗e] = 0 we set evolution of atomic operators by,

d

dt
⟨δ̂ieg⟩ = −i∆

(
⟨η̂ie⟩ − ⟨η̂ig⟩

)
+ ig

(
⟨η̂eiâ⟩ − ⟨η̂giâ⟩

)
,

(D.3a)

d

dt
⟨δ̂ig∗e⟩ = i∆

(
⟨η̂ie⟩ − ⟨η̂ig∗⟩

)
− ig

(
⟨η̂eib̂⟩ − ⟨η̂ig∗ b̂⟩

)
,

(D.3b)

d

dt
⟨η̂ie⟩ = i∆

(
⟨δ̂i†eg⟩+ ⟨δ̂ieg⟩ − ⟨δ̂i†g∗e⟩ − ⟨δ̂ig∗e⟩

)
− ig

(
⟨δ̂i†egâ⟩+ ⟨â†δ̂ieg⟩ − ⟨δ̂i†g∗eb̂⟩ − ⟨b̂†δ̂ig∗e⟩

)
,

(D.3c)

d

dt
⟨η̂ig⟩ = −i∆

(
⟨δ̂i†eg⟩+ ⟨δ̂ieg⟩

)
+ ig

(
⟨δ̂i†egâ⟩+ ⟨â†δ̂ieg⟩

)
,

(D.3d)

d

dt
⟨η̂ig∗⟩ = i∆

(
⟨δ̂i†g∗e⟩+ ⟨δ̂ig∗e⟩

)
− ig

(
⟨δ̂i†g∗eb̂⟩+ ⟨b̂†δ̂ig∗e⟩

)
.

(D.3e)

Here, η̂e = |e⟩⟨e|, η̂g = |g⟩⟨g| and η̂g∗ = |g∗⟩⟨g∗| represent atom in top and bottom

levels.

Introducing Eq.3.14 into Eqs.D.1 and (D.2) and summing three level atom over

N we have,
d

dt
⟨δ̂ieg⟩ = −i∆

(
⟨η̂ie⟩ − ⟨η̂ig⟩

)
− 2ig2

κ− 2iω
⟨δ̂ieg⟩. (D.4)

Setting γa = −2ig2

κ+2iω
, γb = −2ig2

κ
, X̂b =

∑N
i=1 δ̂

i
eg∗ , Ŷa =

∑N
i=1 η̂

i
e, Ŷb =

∑N
i=1 η̂

i
g, Ŷc =∑N

i=1 η̂
i
g∗ and X̂a =

∑N
i=1 δ̂

i
eg. we find,

d

dt
⟨X̂a⟩ = −i∆

(
⟨Ŷa⟩ − ⟨Ŷb⟩

)
− iγa⟨X̂a⟩. (D.5)
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Flowing the same procedure, we gate,

d

dt
⟨X̂b⟩ = i∆

(
⟨Ŷa⟩ − ⟨Ŷc⟩

)
+ iγb⟨X̂b⟩, (D.6a)

d

dt
⟨Ŷa⟩ = i∆

(
⟨X̂†

a⟩+ ⟨X̂a⟩ − (⟨X̂†
b ⟩+ ⟨X̂b)⟩

)
+ i2γa⟨Ŷb⟩ − 2γb⟨Ŷa⟩), (D.6b)

d

dt
⟨Ŷb⟩ = −i∆

(
⟨X̂†

a⟩+ ⟨X̂a⟩
)
− i2γa⟨Ŷb⟩, (D.6c)

d

dt
⟨Ŷc⟩ = i∆

(
⟨X̂†

b ⟩+ ⟨X̂b⟩
)
+ i2γb⟨Ŷa⟩, (D.6d)

From Eq. (D.3a) to Eq. (D.3d) we determine: N = ⟨Ŷa⟩ + ⟨Ŷb⟩ + ⟨Ŷc⟩ and X̂a =

N |e⟩⟨g|, X̂b = N |e⟩⟨g∗|, Ŷa = N |e⟩⟨e|, Ŷb = N |g⟩⟨g|, Ŷc = N |g∗⟩⟨g∗|. Then, Eq.(3.16)

and (3.17c) takes the form
d

dt
â = −κ

2
â+ ξX̂a, (D.7)

and
d

dt
b̂ = −κ

2
b̂+ ξ∗X̂b. (D.8)

Taking large time approximation onto Eqs. (D.7) and . (D.8) we find,

â =
2ξ

κ
X̂a, (D.9)

and

b̂ =
2ξ∗

κ
X̂b. (D.10)

Using commutation relation of Eqs. (D.9) and . (D.10) with its conjugate we have,

[â, â†] =

(
2ξ

κ

)2

N(Ŷa − Ŷb), (D.11)

Similarly we have,

[b̂, b̂†] =

(
2ξ

′

κ

)2

N(Ŷc − Ŷa). (D.12)

The commutation relation of Eqs. (D.11) and . (D.12) with its complex conjugate

gives,

[â, â†] =

(
−2ig2

κ− 2iω

)2

(Ŷa − Ŷb), (D.13)
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and

[b̂, b̂†] =

(
−2ig2

κ

)2

(Ŷc − Ŷa). (D.14)

Equating Eq. (D.11) with Eq. (D.13) and Eq. (D.12) with (D.14) respectively gives,

ξ =
gκ√

N(κ− 2iω)
, (D.15)

and

ξ∗ =
g√
N
. (D.16)
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Bravin, A., Keyriläinen, J., Fernández, M., Fiedler, S., Nemoz, C., Karjalainen-

Lindsberg, M.-L., Tenhunen, M., Virkkunen, P., Leidenius, M., Von Smitten, K.,

91



et al. (2007). High-resolution ct by diffraction-enhanced x-ray imaging: mapping

of breast tissue samples and comparison with their histo-pathology. Physics in

Medicine & Biology, 52(8):2197.

Budania, M., Verma, G., and Jeyakumar, A. (2020). Design and analysis of gtem cell

using cst studio simulation. In 2020 IEEE International Conference on Electronics,

Computing and Communication Technologies (CONECCT), pages 1–5. IEEE.

But, D., Mittendorff, M., Consejo, C., Teppe, F., Mikhailov, N., Dvoretskii, S.,

Faugeras, C., Winnerl, S., Helm, M., Knap, W., et al. (2019). Suppressed auger scat-

tering and tunable light emission of landau-quantized massless kane electrons.

Nature Photonics, 13(11):783–787.

Cacciapuoti, A. S., Caleffi, M., Van Meter, R., and Hanzo, L. (2020). When entangle-

ment meets classical communications: Quantum teleportation for the quantum

internet. IEEE Transactions on Communications, 68(6):3808–3833.

Cao, J., Zhai, L., and Guo, J.-L. (2022). Improving teleportation of quantum fisher

information and fidelity for entangled state under decoherent channel. Interna-

tional Journal of Theoretical Physics, 61(2):22.

Cao, Y., Chen, J., Zhang, G., Fan, S., Ge, W., Hu, W., Huang, P., Hou, D., and Zheng,

S. (2021). Characterization and discrimination of human colorectal cancer

cells using terahertz spectroscopy. Spectrochimica Acta Part A: Molecular and

Biomolecular Spectroscopy, 256:119713.

Cardia, A., Cannizzaro, D., Stefini, R., Chibbaro, S., Ganau, M., and Zaed, I.

(2023). The efficacy of laser interstitial thermal therapy in the management

of spinal metastases: a systematic review of the literature. Neurological Sciences,

44(2):519–528.

Casado, A., Guerra, S., Plácido, J., et al. (2010). Partial bell-state analysis with

parametric down conversion in the wigner function formalism. Advances in

Mathematical Physics, 2010.

92



Cetin, A. E., Coskun, A. F., Galarreta, B. C., Huang, M., Herman, D., Ozcan, A.,

and Altug, H. (2014). Handheld high-throughput plasmonic biosensor using

computational on-chip imaging. Light: Science & Applications, 3(1):e122–e122.

Challis, L. (2005). Mechanisms for interaction between rf fields and biological

tissue. Bioelectromagnetics, 26(S7):S98–S106.

Chang, C.-Y., Lin, H.-T., Lai, M.-S., Shieh, T.-Y., Peng, C.-C., Shih, M.-H., and

Tung, Y.-C. (2018). Flexible localized surface plasmon resonance sensor with

metal–insulator–metal nanodisks on pdms substrate. Scientific reports, 8(1):1–8.

Chen, J.-S., Chen, P.-F., Lin, H. T.-H., and Huang, N.-T. (2020). A localized surface

plasmon resonance (lspr) sensor integrated automated microfluidic system for

multiplex inflammatory biomarker detection. Analyst, 145(23):7654–7661.

Chen, M.-H., Hanagata, N., Ikoma, T., Huang, J.-Y., Li, K.-Y., Lin, C.-P., and Lin, F.-H.

(2016). Hafnium-doped hydroxyapatite nanoparticles with ionizing radiation

for lung cancer treatment. Acta biomaterialia, 37:165–173.

Chen, Y. (2013). Macroscopic quantum mechanics: theory and experimental

concepts of optomechanics. Journal of Physics B: Atomic, Molecular and Optical

Physics, 46(10):104001.

Childress, L., Taylor, J., Sørensen, A. S., and Lukin, M. (2006). Fault-tolerant

quantum communication based on solid-state photon emitters. Physical review

letters, 96(7):070504.

Chiu, N.-F., Lin, T.-L., and Kuo, C.-T. (2018). Highly sensitive carboxyl-graphene

oxide-based surface plasmon resonance immunosensor for the detection of lung

cancer for cytokeratin 19 biomarker in human plasma. Sensors and Actuators B:

Chemical, 265:264–272.

Collins, C. M. and Wang, Z. (2011). Calculation of radiofrequency electromagnetic

fields and their effects in mri of human subjects. Magnetic resonance in medicine,

65(5):1470–1482.

93



Combes, J., Kerckhoff, J., and Sarovar, M. (2017). The slh framework for modeling

quantum input-output networks. Advances in Physics: X, 2(3):784–888.
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Marchiò, C., Sapino, A., Bienko, M., Crosetto, N., et al. (2018a). Rollfish achieves

robust quantification of single-molecule rna biomarkers in paraffin-embedded

tumor tissue samples. Communications biology, 1(1):209.

Wu, W.-T., Chen, C.-H., Chiang, C.-Y., and Chau, L.-K. (2018b). Effect of surface

coverage of gold nanoparticles on the refractive index sensitivity in fiber-optic

nanoplasmonic sensing. Sensors, 18(6):1759.

Xavier, J., Yu, D., Jones, C., Zossimova, E., and Vollmer, F. (2021). Quantum

nanophotonic and nanoplasmonic sensing: towards quantum optical bio-

science laboratories on chip. Nanophotonics, 10(5):1387–1435.

115



Xu, W., Ling, X., Xiao, J., Dresselhaus, M. S., Kong, J., Xu, H., Liu, Z., and Zhang,

J. (2012). Surface enhanced raman spectroscopy on a flat graphene surface.

Proceedings of the National Academy of Sciences, 109(24):9281–9286.

Yadavendra and Chand, S. (2020). A comparative study of breast cancer tumor

classification by classical machine learning methods and deep learning method.

Machine Vision and Applications, 31(6):46.

Yan, J., Liu, X., Ma, C., Huang, Y., and Yang, G. (2020). All-dielectric materials

and related nanophotonic applications. Materials Science and Engineering: R:

Reports, 141:100563.

Yang, D., Kim, J., Yoo, J., Cha, W. C., Paik, H., et al. (2022). Identifying the risk

of sepsis in patients with cancer using digital health care records: Machine

learning–based approach. JMIR Medical Informatics, 10(6):e37689.

Yang, J., Li, Y., Liu, Q., Li, L., Feng, A., Wang, T., Zheng, S., Xu, A., and Lyu, J. (2020).

Brief introduction of medical database and data mining technology in big data

era. Journal of Evidence-Based Medicine, 13(1):57–69.

Yang, L., Feng, Z., and Meng, J. (2023). An intelligent experimental container suite:

using a chemical experiment with virtual-real fusion as an example. Virtual

Reality & Intelligent Hardware, 5(4):317–337.

Yasli, A. (2021). Cancer detection with surface plasmon resonance-based photonic

crystal fiber biosensor. Plasmonics, 16(5):1605–1612.

Yeh, C. and Shimabukuro, F. I. (2008). Fundamental Electromagnetic Field Equa-

tions. Springer.

Yu, D., Humar, M., Meserve, K., Bailey, R. C., Chormaic, S. N., and Vollmer, F. (2021).

Whispering-gallery-mode sensors for biological and physical sensing. Nature

reviews methods primers, 1(1):83.

Yu, H., Peng, Y., Yang, Y., and Li, Z.-Y. (2019). Plasmon-enhanced light–matter

interactions and applications. npj Computational Materials, 5(1):45.

116



Yung, R. (2003). Tissue diagnosis of suspected lung cancer: selecting between bron-

choscopy, transthoracic needle aspiration, and resectional biopsy. Respiratory

care clinics of North America, 9(1):51–76.

Zhang, C., Xue, T., Zhang, J., Liu, L., Xie, J., Wang, G., Yao, J., Zhu, W., and Ye, X.

(2021). Terahertz toroidal metasurface biosensor for sensitive distinction of lung

cancer cells. Nanophotonics, 11(1):101–109.

Zhang, C., Xue, T., Zhang, J., Liu, L., Xie, J., Wang, G., Yao, J., Zhu, W., and Ye, X.

(2022). Terahertz toroidal metasurface biosensor for sensitive distinction of lung

cancer cells. Nanophotonics, 11(1):101–109.

Zhang, C.-Y. and Zheng, Z.-J. (2021). Entanglement-based quantum key distribu-

tion with untrusted third party. Quantum Information Processing, 20:1–20.

Zheng, J., Almossalami, H. A., Chen, K., Yu, X., and Ye, H. (2021). Permittivity

acquisition of plasmonic materials at epsilon near zero wavelengths. Journal of

Applied Physics, 129(10):103101.

117


	List of Figure
	List of Table
	Introduction
	Background
	Statement of the Problem
	 Objectives of the Study
	General Objective
	Specific Objectives

	Significance of the Study 
	Delimitation and Scope

	Literature Review
	Lung Cancer Classification
	Histopathological classification
	Molecular classification

	Recent Lung Cancer Diagnosis Techniques
	Biomarkers
	Tissue Sample
	Imaging Techniques

	Plasmonic Biosensors
	Principles of Plasmonic Biosensor
	Classification of Plasmonic Biosensor

	Quantum Mechanical Approach for Lung Cancer Telemedicine
	Bell Measurement for Lung cancer Telemedicine
	Impact of Quantum teleportation on Lung Cancer Telemedicine


	Materials and Methods 
	Materials
	Methods
	Classical Method to Model Plasmonic Biosensor
	Quantum Method to Model Surface Plasmon Polariton Biosensor
	Quantum Principles for Biosignal Processing and Telemedicine 


	Results and Discussion
	Classical Approach
	Evaluation of the Optical Properties of Nanosurface
	Effect of Sensor Layer on Sensitivity of OPB
	Effect of Biomolecule Concentration on Sensitivity of OPB

	Quantum Mechanical Approach
	Verification of Quantum Feature of SPP
	Analysis of Teleportation Quality of Biosignals 
	Computing QML Model for Biosignal Interpretation
	Evaluation of the teleportation of LITT


	 Conclusions
	Output Field
	Quantization of SPP Field
	Derivation of Hamiltonian
	Derivation of Equations of Evolution of Operators 

	List of Conference

