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ABSTRACT 

This thesis presents a comprehensive approach to advancing Raman spectroscopy applications 

through a combination of machine learning (ML) techniques, portable spectrometer 

innovations, and substrate optimization for enhanced light-matter interactions. Focusing on 

three primary objectives—harnessing light scattering for biological analysis, developing cost-

effective Raman instrumentation, and optimizing absorption for multipurpose applications—

this work addresses the key challenges and limitations of Raman spectroscopy in complex real-

world applications.  

The primary focus is on enhancing Raman scattering for precise biological analysis, targeting 

the complexity and subtle variations within biological samples. Here, ML-driven Raman 

spectroscopy is used to detect DNA mutations and analyze cellular components with high 

sensitivity. Using Raman spectroscopy, we successfully identified changes in the molecular 

vibrations of cytosine induced by hydroxylamine, a mutagen that converts cytosine to uracil, 

leading to genetic mutations linked to various diseases. By incorporating ML algorithms, such 

as artificial neural networks (ANNs), we enhanced the detection process, achieving rapid and 

accurate classification of mutation states in DNA samples. This method was further extended 

to the classification of complex cancer cell lines, where the inherent spectral complexity 

required advanced chemometric techniques, such as Multivariate Curve Resolution-

Alternating Least Squares (MCR-ALS), to deconvolute overlapping signals from biomolecular 

components. Coupled with ML-based classification, these techniques revealed distinct 

biochemical profiles across different cancer types, offering a robust framework for molecular 

diagnosis and cancer cell differentiation. 

The secondary focus of this thesis is to develop low-cost, portable Raman spectrometers that 

maintain high spectral resolution despite their compact form, addressing the limitations 

typically associated with affordability and portability. Low-cost portable spectrometers often 

suffer from low spectral resolution and signal-to-noise ratio (SNR), leading to the loss of 

critical Raman features. To overcome these issues, Generative Adversarial Networks (GANs) 

were employed to reconstruct high-resolution Raman spectra from low-resolution data, 

allowing for more accurate molecular feature recognition. By mapping low-quality spectral 

inputs to their high-resolution counterparts, GANs enhanced the functionality of portable 

spectrometers, bridging the gap between affordability and the need for precision. Additionally, 

a grating-free spectrometer design was proposed, utilizing diffraction patterns on a CCD 
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detector instead of fragile optical gratings. Through GAN-based spectral reconstruction, this 

innovative design offers a robust, cost-effective alternative that maintains high spectral fidelity, 

making high-resolution Raman spectroscopy accessible for applications in clinical diagnostics, 

environmental monitoring, and on-site molecular identification. 

Finally, to delves into optimizing absorption and light-trapping properties in substrates, 

creating multi-functional platforms that harness light efficiently for various applications. By 

designing smart optical substrates that leverage plasmonic and light-trapping properties, we 

achieved significant enhancement in Surface-Enhanced Raman Scattering (SERS) and 

Plasmonic Circular Dichroism (PCD), as well as optimized light absorption in the UV-Visible 

region. Initial work focused on enhancing PCD signals using nanostructured gold assemblies 

to increase sensitivity through SPASER technology, allowing for the amplification of weak 

optical signals essential for detecting subtle molecular changes. Subsequently, the study 

explored silicon-based nanostructures, such as silicon nanopillars, which were optimized to 

achieve high optical absorption, particularly in the visible spectrum. This substrate design is 

critical for light-trapping applications in solar energy harvesting, where maximizing absorption 

across multiple wavelengths improves conversion efficiency. Through simulations and 

experimental validation, various geometries were tested to tailor the optical properties of these 

substrates, achieving both broad-spectrum absorption and increased scattering efficiency, 

essential for applications ranging from spectroscopy to energy harvesting. 

Overall, this thesis provides a robust framework for advancing Raman spectroscopy, 

integrating ML, innovative spectrometer designs, and optimized substrates to address current 

limitations in sensitivity, affordability, and versatility. By enhancing scattering and absorption 

processes through integrated design and advanced computational methods, this work opens 

new possibilities in molecular diagnostics, pharmaceutical analysis, energy harvesting, and 

biomedical applications, contributing to the development of versatile, high-performance 

optical platforms. 
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सारांश 

यह शोध मशीन लिनर्ं ग (एमएल) तकनीकों, पोटेर्बल स्पेक्ट्रोमीटर नवाचारों और बेहतर प्रकाश-पदाथर् इंटरकै्शन 

के िलए सब्सटे्रट अनुकूलन के संयोजन के माध्यम से रमन स्पेक्ट्रोस्कोपी अनुप्रयोगों को आग ेबढ़ान ेके िलए एक 

व्यापक दृिष्टकोण प्रस्तुत करता ह।ै तीन प्राथिमक उदे्दश्यों पर ध्यान कें िद्रत करत ेहुए - जैिवक िवश्लेषण के िलए 

प्रकाश िबखराव का उपयोग करना, लागत प्रभावी रमन उपकरण िवकिसत करना और बहुउदे्दशीय अनुप्रयोगों के 

िलए अवशोषण को अनुकूिलत करना - यह कायर् जिटल वास्तिवक दुिनया के अनुप्रयोगों में रमन स्पेक्ट्रोस्कोपी 

की प्रमुख चुनौितयों और सीमाओ ंको संबोिधत करता ह।ै  

प्राथिमक ध्यान सटीक जैिवक िवश्लेषण के िलए रमन िबखराव को बढ़ान ेपर ह,ै जैिवक नमूनों के भीतर जिटलता 

और सूक्ष्म िविवधताओ ंको लिक्षत करना। यहा,ँ डीएनए उत्पिरवतर्न का पता लगान ेऔर उच्च संवेदनशीलता के 

साथ सेलुलर घटकों का िवश्लेषण करन ेके िलए एमएल-संचािलत रमन स्पेक्ट्रोस्कोपी का उपयोग िकया जाता 

ह।ै रमन स्पेक्ट्रोस्कोपी का उपयोग करके, हमन ेहाइड्रॉिक्सलमाइन द्वारा प्रेिरत साइटोिसन के आणिवक कंपन में 

पिरवतर्नों की सफलतापूवर्क पहचान की, एक उत्पिरवतर्जन जो साइटोिसन को यूरिैसल में पिरवितर् त करता ह,ै 

िजसस े िविभन्न रोगों स ेजुड़े आनुवंिशक उत्पिरवतर्न होत ेहैं। कृित्रम तंित्रका नेटवकर्  (एएनएन) जैस ेएमएल 

एल्गोिरदम को शािमल करके, हमन ेडीएनए नमूनों में उत्पिरवतर्न िस्थितयों के तेज़ और सटीक वगीर्करण को 

प्राप्त करत ेहुए पता लगान ेकी प्रिक्रया को बढ़ाया। इस पद्धित को जिटल कैं सर कोिशका रखेाओ ंके वगीर्करण 

के िलए आग े बढ़ाया गया, जहा ंअंतिनर् िहत वणर्क्रमीय जिटलता के िलए उन्नत कीमोमेिट्रक तकनीकों की 

आवश्यकता थी, जैस ेिक मल्टीवेिरएट कवर् रज़ेोल्यूशन-अल्टरनेिटंग लीस्ट स्क्वेयसर् (एमसीआर-एएलएस), जैव-

आणिवक घटकों स ेओवरलैिपंग संकेतों को िवघिटत करन ेके िलए। एमएल-आधािरत वगीर्करण के साथ, इन 

तकनीकों न ेिविभन्न कैं सर प्रकारों में अलग-अलग जैव रासायिनक प्रोफाइल का खुलासा िकया, जो आणिवक 

िनदान और कैं सर कोिशका भेदभाव के िलए एक मजबूत ढांचा प्रदान करता ह।ै  

इस थीिसस का िद्वतीयक फोकस कम लागत वाल,े पोटेर्बल रमन स्पेक्ट्रोमीटर िवकिसत करना ह ैजो अपन े

कॉम्पैक्ट रूप के बावजूद उच्च स्पेक्ट्रल िरज़ॉल्यूशन बनाए रखत ेहैं, जो आमतौर पर सामथ्यर् और पोटेर्िबिलटी से 

जुड़ी सीमाओ ंको संबोिधत करत ेहैं। कम लागत वाल ेपोटेर्बल स्पेक्ट्रोमीटर अक्सर कम स्पेक्ट्रल िरज़ॉल्यूशन 

और िसग्नल-टू-शोर अनुपात (एसएनआर) से ग्रस्त होत ेकम गुणवत्ता वाल ेस्पेक्ट्रल इनपुट को उनके उच्च-

िरज़ॉल्यूशन समकक्षों के साथ मैप करके, GAN न ेपोटेर्बल स्पेक्ट्रोमीटर की कायर्क्षमता को बढ़ाया, िजसस े
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वहनीयता और सटीकता की आवश्यकता के बीच की खाई को पाटा जा सका। इसके अितिरक्त, एक झंझरी-

मुक्त स्पेक्ट्रोमीटर िडज़ाइन प्रस्तािवत िकया गया था, जो नाजुक ऑिप्टकल झंझरी के बजाय CCD िडटेक्टर 

पर िववतर्न पैटनर् का उपयोग करता ह।ै GAN-आधािरत स्पेक्ट्रल पुनिनर् मार्ण के माध्यम से, यह अिभनव िडज़ाइन 

एक मजबूत, लागत प्रभावी िवकल्प प्रदान करता ह ैजो उच्च स्पेक्ट्रल िनष्ठा बनाए रखता ह,ै िजसस ेनैदािनक 

िनदान, पयार्वरण िनगरानी और ऑन-साइट आणिवक पहचान में अनुप्रयोगों के िलए उच्च-िरज़ॉल्यूशन रमन 

स्पेक्ट्रोस्कोपी सुलभ हो जाती ह।ै  

अंत में, सब्सटे्रट में अवशोषण और प्रकाश-फँसान ेवाल ेगुणों को अनुकूिलत करन े के िलए, बहु-कायार्त्मक 

प्लेटफ़ॉमर् बनाना जो िविभन्न अनुप्रयोगों के िलए प्रकाश का कुशलतापूवर्क उपयोग करत ेहैं। प्लास्मोिनक और 

लाइट-टै्रिपंग गुणों का लाभ उठान ेवाल ेस्माटर् ऑिप्टकल सब्सटे्रट को िडज़ाइन करके, हमन ेसरफेस-एन्हांस्ड रमन 

सै्कटिरंग (SERS) और प्लास्मोिनक सकुर् लर डाइक्रोइज़्म (PCD) में महत्वपूणर् वृिद्ध हािसल की, साथ ही UV-

िविज़बल क्षेत्र में अनुकूिलत प्रकाश अवशोषण भी हािसल िकया। प्रारिंभक कायर् नैनोस्ट्रक्चडर् गोल्ड असेंबिलयों 

का उपयोग करके पीसीडी संकेतों को बढ़ान ेपर कें िद्रत था तािक एसपीएएसईआर तकनीक के माध्यम से 

संवेदनशीलता बढ़ाई जा सके, िजसस ेसूक्ष्म आणिवक पिरवतर्नों का पता लगान ेके िलए आवश्यक कमजोर 

ऑिप्टकल संकेतों के प्रवधर्न की अनुमित िमल सके। इसके बाद, अध्ययन ने िसिलकॉन-आधािरत नैनोस्ट्रक्चर, 

जैस ेिसिलकॉन नैनोिपलर की खोज की, िजन्हें िवशेष रूप स ेदृश्यमान स्पेक्ट्रम में उच्च ऑिप्टकल अवशोषण 

प्राप्त करन ेके िलए अनुकूिलत िकया गया था। यह सब्सटे्रट िडज़ाइन सौर ऊजार् संचयन में प्रकाश-फँसान ेवाल े

अनुप्रयोगों के िलए महत्वपूणर् ह,ै जहा ँकई तरगं दैध्यर् में अवशोषण को अिधकतम करन ेस ेरूपांतरण दक्षता में 

सुधार होता ह।ै िसमुलेशन और प्रयोगात्मक सत्यापन के माध्यम से, इन सब्सटे्रट्स के ऑिप्टकल गुणों को तैयार 

करन ेके िलए िविभन्न ज्यािमित का परीक्षण िकया गया, एकीकृत िडजाइन और उन्नत कम्प्यूटेशनल िविधयों के 

माध्यम स े प्रकीणर्न और अवशोषण प्रिक्रयाओ ं को बढ़ाकर, यह कायर् आणिवक िनदान, फामार्स्युिटकल 

िवश्लेषण, ऊजार् संचयन और जैव िचिकत्सा अनुप्रयोगों में नई संभावनाओ ंको खोलता ह,ै तथा बहुमुखी, उच्च-

प्रदशर्न ऑिप्टकल प्लेटफामोर्ं के िवकास में योगदान देता ह।ै 

कुल िमलाकर, यह थीिसस रमन स्पेक्ट्रोस्कोपी को आग ेबढ़ान,े एमएल, अिभनव स्पेक्ट्रोमीटर िडजाइनों और 

अनुकूिलत सब्सटे्रट्स को एकीकृत करन ेके िलए एक मजबूत ढांचा प्रदान करती ह ैतािक संवेदनशीलता, सामथ्यर् 

और बहुमुखी प्रितभा में वतर्मान सीमाओ ंको संबोिधत िकया जा सके। एकीकृत िडजाइन और उन्नत कम्प्यूटेशनल 
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िविधयों के माध्यम स े िबखराव और अवशोषण प्रिक्रयाओ ं को बढ़ाकर, यह कायर् आणिवक िनदान, दवा 

िवश्लेषण, ऊजार् संचयन और जैव िचिकत्सा अनुप्रयोगों में नई संभावनाओ ंको खोलता ह,ै जो बहुमुखी, उच्च-

प्रदशर्न ऑिप्टकल प्लेटफ़ॉमर् के िवकास में योगदान देता ह।ै 
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spectrum. The trained GAN model transformed the low-resolution to high resolution in 
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mean square error (RMSE). The spectral similarity was calculated using similarity index 
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lines/mm, showcasing distinct spectral features across different classes. (B) The Raman spectra 



 xxv 

were subjected to PCA for dimensions reduction, and the resulting scores were visualized as a 
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spectral features are further represented through boxplots, providing a quantitative overview of 

the observed differences. 4-DMAP (black), 4-MBA (red), 4-NTP (blue), PCM (green), 

ranitidine (magenta), thymine (yellow), and uracil (cyan).      140 

Figure 5.5: The convolutional neural network architecture for the classification network 

consisted of five convolutional blocks contains convolutional layers, batch normalization, relu, 

and max pooling layer. In the end of the architecture, fully connected layer of size seven is 

attached to pool out the details from the previous layers and feed the output to softmax layer. 

The softmax layer show the results in commutative sum of one, which finally gave the class 

name of the input.          142 

Figure 5.6: The CNN classification model was trained using diffraction images from dataset 

B. The dataset was partitioned into 80% for training and 20% for testing. The model achieved 

an overall classification accuracy of 100%, as demonstrated by the performance metrics on 

the (A) training dataset and (B) testing dataset.      142 

Figure 5.7: The real Raman spectra (black) and GAN generated Raman spectra (red) of various 

samples (A) 4-DMAP, (B) 4-MBA, (C) PCM, (D) Ranitidine, (E) Thymine, and (F) Uracil.
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Figure 5.8: The SNR comparison between generated and real spectra showed that the GAN-

assisted approach successfully preserved spectral features while managing low SNR. 144 

Figure 5.9: Schematic representation of the overall workflow, demonstrating the GAN's ability 

to convert diffraction images into fully resolved Raman spectra while simultaneously 

performing classification.         145 

Figure 6.1: (A) The simulation setup showing the gold nanorod dimer (dimer-1) and the 

obliquely incident circularly polarized light (CPL). The gold nanorods are coated with a gain 

medium of doped silica, and the entire simulation is performed in water as a medium. (B) The 

computed scattering responses of uncoated gold dimer to LCP and RCP light are shown in 

black and red, respectively. (C) The computed scattering responses of gold dimer coated with 

5 nm silica to LCP and RCP light are shown in black and red, respectively. (D) Plasmonic 
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hybridization of the gold nanorod dimers. The black and red curves correspond to the uncoated 

and the 5 nm coated nanorods interacting with LCP light. (E) The energy level diagram 

corresponding to (D) describing the interaction between the plasmonic modes (ω0), resulting 

in a bonding (ω-) and an anti-bonding mode (ω+) respectively. The bonding mode redshifts to 

1.59 eV and the anti-bonding mode blue shifts to 1.77 eV for the uncoated nanorods (black). 

Similar shifts have also been observed for 5 nm silica coated nanorods (in Red). (F) The 

asymmetric and symmetric modes (bonding and anti-bonding modes respectively) shown as 

charge density distributions. The anti-bonding and bonding modes for uncoated gold nanorods 

are shown in (i-ii) and for 5 nm coated gold nanorods in (iii-iv). These modes are calculated 

for LCP light with an oblique incidence of 60o with y-z axis.    150 

Figure 6.2: The circular dichroism spectra of dimer-1 emerging from the difference between 

the scattering of LCP (black) and RCP (red) light (A) giving rise to a bisignate form of the 

spectrum (B).           151 

Figure 6.3: Calculated pattern of near-field intensity of the gold nanorod dimer-1. (A and B) 

Shows the near-field intensities when the uncoated and 5 nm silica coated nanostructures are 

excited by LCP light at their specific bonding wavelengths (774 and 787 nm) respectively. 

Whereas (C and D) shows the near-field intensities when the uncoated and 5 nm silica coated 

nanostructures are excited by LCP light at their respective anti-bonding wavelengths (709 and 

718 nm).           152 

Figure 6.4: Calculated far-field profiles of the gold nanorod dimer-1. (A) Dimer excited by 

LCP at anti-bonding wavelength of 709 nm, and at bonding wavelength of 774 nm (B). (C) Off 

resonance excitation at 650 nm of the gold nanorod dimer.     153 

Figure 6.5: The circular dichroism spectra emerging from the difference between the scattering 

of LCP (black) and RCP (red) light (A) at normal incidence and (C) at oblique incidence giving 

rise to a bisignate form of the spectrum (B) at normal incidence and (D) at oblique incidence.
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Figure 6.6: Calculated absorbance (red), scattering (black) and extinction (blue) of a gold 

nanorod dimer system immersed in water and with left circularly polarized light incident at an 

oblique angle of incidence on dimer-1. Figures (A-C) represents absorbance, scattering and 

extinction of nanorod systems with k values of 0, 0.05 and 0.104 respectively. (D) The 

calculated anisotropy factor (g) with different k values. The black and red curves show the 
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trend of bonding and anti-bonding modes respectively. (E) The calculated anisotropy factors as 

a function of different wavelengths. (F) The calculated optical cross-section as a function of 

different values of k-values around the critical point of 0.104.    155 

Figure 6.7: (A) Near-field intensity of 5 nm silica coated v-shaped nanorod assembly (dimer-

1), and (B) when the gain coefficient, k of the silica layer is at its critical value of 0.104. The 

excitation was through LCP light at bonding wavelengths.     157 

Figure 6.8: The simulation setup showing the twisted gold nanorod assembly showing intrinsic 

chirality (dimer-2). Figures (B-D) represents absorbance, scattering and extinction of nanorod 

systems with k values of 0, 0.07 and 0.150 respectively. Calculated absorbance (red), scattering 

(black) and extinction (blue) are shown for a gold nanorod dimer system immersed in water 

and with left circularly polarized light incident at normal incidence. (E) The calculated 

anisotropy factor (g) with different k values. The black and red curves show the trend of 

bonding and anti-bonding modes respectively. (F) The calculated optical cross-section as a 

function of different values of k-values around the critical point of 0.150.   157 

Figure 6.9: The simulation setup showing the twisted gold nanorod assembly showing intrinsic 

chirality (dimer-2). Figures (B-D) represents absorbance, scattering and extinction of nanorod 

systems with k values of 0, 0.07 and 0.147 respectively. Calculated absorbance (red), scattering 

(black) and extinction (blue) are shown for a gold nanorod dimer system immersed in water 

and with right circularly polarized light incident at oblique incidence. (E) The calculated 

anisotropy factor (g) with different k values. The black and red curves show the trend of 

bonding and anti-bonding modes respectively. (F) The calculated optical cross-section as a 

function of different values of k-values around the critical point of 0.147.   159 

Figure 6.10: (A) The PCD spectra at different thicknesses of silica layer on dimer-1 without a 

gain medium. (B) PCD spectra of the gold nanorod dimer with 15 nm thickness of silica 

containing different values of gain coefficient, k. (C) The variation of E-field with various 

thicknesses of silica with and without gain medium. The E-field is calculated from the 

obliquely incident LCP light on gold nanoparticle dimer at bonding and anti-bonding 

resonances respectively. (D) The variation of anisotropic factor (g) for both bonding (black) 

and anti-bonding (red) with the thickness of the gain medium.    160 

Figure 6.11: The variation of chiroptical response of the gold nanorod dimer-1 with the angle 

between the two nanorods (A). (B) Shows the variation of E-field intensity with angle, and (C) 
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shows the corresponding CD signals. (D) shows the variation of the anisotropic factor (g) with 

varying value of angle θ for both bonding (black) and anti-bonding modes (red).    161 

Figure 6.12: The variation of CD signals with various angles of incidence of LCP and RCP 

light and also the angle between the gold nanorods with 5 nm gain medium at critical value of 

gain coefficient k. The arrow represent that the value of gain medium is increasing in that 

direction from 0 to 0.104.         162 

Figure 6.13: Variation of PCD response of dimer-1 with aspect ratio. (A) The blue and red 

curves are PCD from gold nanorod dimer having same aspect ratios (1:3) but different lengths. 

The black curve corresponds to the PCD from dimers with 1:4 aspect ratio. The corresponding 

values of diameter (D) and height (H) and the anisotropy factors are shown in (B).  163 

Figure 7.1: Schematic representation of different morphology of SiNPs (A) straight, (B) 

slanted, and (C) Kinked.         169 

Figure 7.2: Total reflectance spectra of SiNPs (A) straight, (B) slanted, and (C) Kinked. We 

optimize the various parameters in the SiNPs, (A) the reflection profile at various periodicity. 

In the inclined SiNPs the angle of inclination is varied for both (B) slanted and (C) kinked.
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Figure 7.3: Total absorption spectra of SiNPs (A) straight, (B) slanted, and (C) Kinked. We 

optimize the various parameters in the SiNPs, (A) the absorption profile at various diameter 

and later kept it constant at 120 nm. In the inclined SiNPs the angle of inclination is varied for 

both (B) slanted and (C) kinked.        172 

Figure 7.4: Absorption efficiency of SiNPs, straight, slanted, and kinked in (A) TE and (B) 

TM polarization.          175 

Figure 7.5: Comparison of the absorption efficiency of kinked (A and B) and slanted (C and 

D) SiNPs in TE (left) and TM (right) polarization shows the higher absorption efficiency of 

kinked SiNPs over slanted in both polarization.      176 

Figure 7.6: The schematic of the light interaction with the SiNPs and how light is entrapped 

within the SiNPs.          177 

Figure 7.7: The electric field distribution with the different morphology of SiNP towards 

different polarization TE( left) and TM (right) at different wavelength.    178 
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Figure 7.8: Light entrapment in the different morphology of SiNP at different wavelength.
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