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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.



R
g oMY HNT AT (THUS) debiepl, Tidde WergIHIeR TaTeRY 3R J8aR Uabrel-ueref $edere
& AT Hetiee 3TgcT & HATST & AT § T TWIRRBIUT SIS P 317 g8 & fog 7o
TP GfSCPIUT I BT 2| ol TTeifHep 38281 IR B bigd Bd g - Sifdds faeesur & feiy
TeRT2[ TeIERTE BT ITFNT BT, TN THTET IHA IUBRUT fdeh I BT 3R Fg3eiia v &
TIY 37aRNS0T BT 3IBIeTd DBRAT - T BT STl arEdfeed giHAT & TN H IHT TR RpIUT
&1 g YAITAT 3R HHAT3MT BT Felfid BT 8|

greifies v Fetep SAfdes faeawor & foiq T feErTa B g6 W 8, Stfdd TAT &b Wiar Stfeetar
3R gen fafderaran o) wfeid &<aT1 Fel, STV 3cRad &7 adT emH 3R 3= Faeeieidr &
1 AR Th] BT [T B &b {7 THU-Hellerd A IeREEpIUT T 3TN febaT STl
21 I WFERBIYT BT 3YANT B, §H BTSg I rIeTHTST gRT IRd ATeeifE & 31uTfdes dud B
RadAl P THAATYd S Ted Hl, T 3cRacder i ATeeta & IIA § qRafdd & ¢,
o fafi=1 I & g srgdifere 3caRad gid 81 piEd dfEer dead (TYAT) S vHTe
TANREH P1 AMA B, gHA ST Tl # 3caRad faifdal & ast 3iR e arffeor &
ITC YA §Q Ul I T TfshaT bl FeTT| H Ugld bl STicel bR IfRIehT @31 b aiffepur
TG RAT &ff, S fob AIARTE dhd IS 2M- 3T (N TR (THHT3TR-UTATH), Sid-
370TfeIe EICeh] I TaRATUT Hebdll Y faefed A &b feiT | THTET-3TUTRA atfiehror & Frel, &9
depitep! F fafi=T SR YbRT H 3763760 Sid TS HBTeel BT eI foaT, it 31oTfdes
e 3R HIR PIfAIBT WelTd P AT Ueh Holgd e Ua Hdl 2

39 MO BT fgdlas Bieg BH AN d1d, UIedd 309 Wde el faaf@d 6T & S 3199
PIRIFE BU &b F1I5[G 3o Wl ReTeg2[ gAY I&d 7, ST 3HAR IR qrHe 3R aidfafedt @
SJEt HHT3T BT HeIfEid Bid &1 BH NI aTel UIceel TEIHICR 3R] BH Weeel Relieg2d
3R FHHA-Z-2R 3UTd (VHGANR) F TR Bld B oTad] Tl Wehgel STYC Pl 37b Ie-
RSTTeg2M THBEN b F1 HY BIb, GAN 7 UIacl WA Dl BRIGHAT Bl FerdT, fSad
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TEAIAT 3R FEIBAT BT IGLYDBAT P el Pl ETE Bl UTT ST HebT| SHb 37 Rerd, Teb SHSRI-
Herd Werg IR TEsiTe TdTfad feba T T, i ATofep 37hel SR & goid CCD feeay
R faac et o1 30T BT &1 GAN-3TTHTRA Werge YAMATT & ATead 4, I 31hiAa fesirg
Tep HoTqd, TITd YT fdehed Yer edl @ St 3 Waed [T g7 @1 &, S Yerfe
e, vafaRer fTRET 3R 3i-A1ge 3MuTfde Yge # gy & fey Iwr-Refieg@M T
TFERBIUT FoTH &1 STl &

3id W, gewee ¥ 3gNVoT 3R YHRI-BAN el Ui B AEfed B & AT, g-Frfas
TACWIH T ST fafi=1 3TguaN & el JebTel BT PelcidTded 3UANT Bd & WA 3R
eI (SERS) 3R WA HpeR STgehIswH (PCD) H HEaqul gig: gTiiet T, J1el g UV-
fafSteret &rs # 3rgepfetd Teprer a2neoT i BTiie febar| TR Brf AHRge=rE Mes srddferal
BT 3UANT Bcb YIHIET Hebdl Pl FeM W biad T dlfcs THUINTHSIR debrlch & HIEAH A
HacAMeAdT ge18 ST b, TSy ggH 3T0Tfdeh TRl &1 IdT @ P {7 37128 BHSIR
3iifeeepet Hepdl &b Yaei @bl 3rgnfd fHeT Teb| 38 d1e, 31eqa 7 fAfdelH-3memRd AR,
S fafde T AIUeR 6F @IS B, S oy B GIAM WagH | 3= 3ha g2ATHoT
AT R 3 o7 3rgpfera fasam T | a8 Tewee festie R FHoff Taa H Hebrel-%ar aret
U & fAT eyl &, STeT &€ o B 3T BT AfAEdH B J BUTRUT gerdl B
GUR BT 81 A2 3R FANTIcHe HATYT & HIEIH I, 31 HelgeH b JTTLehcl 0N Dl daR
B & Teiy fafi=1 Sarfafd o1 adieroT foba AT, Teblgpd fEoire 3iR 3Td BrgeeMd fafaal &
AW I gebIvfT 3R 3raeNeor ufharsit &l gelaw, I8 ol 3uifdes fAaM, wHfgfeda
fereeteroT, o1t Fee 31R g feifdsedt 3gaam § 7€ HUTGAT3T @l SieTdT &, deT Sgqal, Ie-
T2 e TewrHl b fabr # A T 21

3Iplcid TeHZH DI Yeblcpd & b feIT e Holgd SiaIT Yal el @ alfeh Hdaferar, arves
3R I UicddT H IdHT HHAT3M Pl Helfeid a1 ST s | Teblgpd fEoTTg 3R 31d prgeere
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fafeay & A § R 3R 37192NSoT Ufhansi &1 g8, I8 ®rf 3Mvifde fAeH, gar
fa2eiyoT, FHoff HergA 3R St RifbedT 3IguANT H 7€ FITEA1311 B Wield] &, SiT 9ggal, 3-
TeofT e wewid & fdwr & aeM a1 21
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for the calculation of cytosine in the mutated sample. 74

Figure 3.1: (A) The Raman spectra acquired from the three cancer cell lines; AGS, A549, and
CAL33 collected with an accumulation time of 15 seconds and three accumulations per
spectrum. (B) The RadViz plot generated from PCA scores, highlighting the clustering and

distribution of Raman spectra for the three cell lines. Each dot represents an individual Raman
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spectrum, and its position reflects the correlation with a particular cell line. The clustering
patterns indicate clear separability between the classes, while the spread of points within each

cluster corresponds to the spectral variability within the respective sample class. 83

Figure 3.2: The MCR-ALS deconvolute the raw Raman data into pure spectral profiles and
the concentration matrix is utilized for the spatial distribution over the cell providing a
comprehensive visualization of cellular biochemical composition. The left panel presents
spatial maps of the resolved pure components, revealing their precise localization within the
A549 cancer cells. Each map highlights the relative abundance of specific components,
enabling the identification of distinct biochemical regions, such as the nucleus, endoplasmic
reticulum (ER), mitochondria, cell membrane (CM), and cytoplasmic (CP) compartments. The
right column displays the deconvoluted Raman spectra associated with these pure components,
providing molecular fingerprints for key biochemical entities. The white light (WL)
visualization of the cell and corresponding virtual straining (VS) reconstructions derived from
the MCR concentration matrix, showcasing the spatial distribution of the resolved components.

85

Figure 3.3: The MCR-ALS deconvolute the raw Raman data into pure spectral profiles and
the concentration matrix is utilized for the spatial distribution over the cell providing a
comprehensive visualization of cellular biochemical composition. The left panel presents
spatial maps of the resolved pure components, revealing their precise localization within the
AGS (top) and CAL33 (bottom) cancer cells. Each map highlights the relative abundance of
specific components, enabling the identification of distinct biochemical regions, such as the
nucleus, endoplasmic reticulum (ER), mitochondria, cell membrane (CM), and cytoplasmic
(CP) compartments. The right column displays the deconvoluted Raman spectra associated
with these pure components, providing molecular fingerprints for key biochemical entities. The
white light (WL) visualization of the cell and corresponding virtual straining (VS)
reconstructions derived from the MCR concentration matrix, showcasing the spatial

distribution of the resolved components. 89

Figure 3.4: The quantitative distribution of pure cellular components in the AGS, A549, and
CAL33 cancer cell lines, derived from the deconvolution of raw Raman spectra into their pure
biochemical constituents using MCR-ALS. The top panel (A) highlights the relative

abundances of collagen, lipids, and nucleic acids and the below panel (B) highlights the relative
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abundances of glycogen, DNA, and uric acid, providing insights into structural and metabolic

variations among the cell lines. 93

Figure 3.5: The basic architecture of the ANN model, consists of an input layer followed by
one hidden layer with 11 neurons and an output classification layer in the end. The dimensions
of the raw Raman spectra is reduced to 45 and incorporated as input to the ANN classification
model to cut down the computationally training cost and taken into account only those features
which contains the maximum information. The output classification layer have a size of three

that corresponds to the total class of the samples. 95

Figure 3.6: (A) The confusion matrix for the ANN classification model, demonstrating an
overall accuracy of approximately 99% in differentiating the three cancer cell lines: AGS (1),
A549 (2), and CAL33 (3). (B) The ROC curve represents the ANN model's performance in
classifying the three cancer cell lines: CAL33, AGS, and A549. The high area under the curve
(AUC) values for all classes reflect the model’s robustness and effectiveness in capturing subtle

spectral differences, even in noisy Raman datasets. 96

Figure 4.1: The low-resolution (left) and high-resolution (right) 400 Raman spectra each of

different samples taken in solid form using a 785 nm laser source. 105

Figure 4.2: The workflow of the GAN mediated transformation of low-resolution to high-
resolution Raman spectra. The process involves paired dataset (low- and high-resolution) to
train the GAN model and after training, the trained model was tested on the unknown low-
resolution dataset to generate the high-resolution counterparts. Inset shows the schematic
representation of the high- and low-resolution Raman spectrometer. The fiber optics is for
excitation and the surroundings are for collection of the scattered signal from the sample. The
labelled components are, long pass filter (LP), band pass filter (BP), mirror (M), and beam
splitter (BS). 109

Figure 4.3: Average Raman spectra of different samples accumulated using (A) high resolution
and (B) low resolution spectrophotometer. The RadViz plot of the different class of samples
using (C) high (D) low-resolution spectrometer. The greater spread represents the more
fluctuation in the spectra. (E) Box plot of the different samples using low (left) and high (right)
spectrometer. Aspirin (red), ibuprofen (blue), PCM (green), ranitidine (grey), 4-MBA (cyan),
and 4-NTP (magenta). 110
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Figure 4.4: The additional low-resolution Raman spectra (10 spectra from each sample class)
(A) Aspirin, (C) Ibuprofen, and (E) PCM, where the highlighted part in the low-resolution
spectra shows the spectral differences (similarity index of 23.96%, 21.01%, and 23.80%,
respectively) within the same drug sample under identical conditions. This low-resolution
Raman spectra (A, C, and E) was fed to the trained GAN model to get the high-resolution
instance. The highlighted part shows that instead of the spectral differences in low-resolution
profile, the model capable to rebuild these lost features and generate the high-resolution
counterpart (B) Aspirin, (D) Ibuprofen, and (F) PCM (similarity index of 96.70%, 94.31%,
and 96.30%, respectively). (G) The violin plot shows the variation of similarity index in the
additional low-resolution and GAN-generated high resolution Raman spectra shows less than
25% similarity between low-resolution profile while the GAN-generated instances shows more
than 90% similarity index. (H) The scatter plot from the PCA scores shows the highly random
fluctuation (more spread in data points) in the low-resolution profile and minimum in the GAN-

generated high-resolution Raman spectra. 111

Figure 4.5: The additional low-resolution Raman spectra (10 spectra from each sample class)
(A) Ranitidine, (C) 4-MBA, and (E) 4-NTP, where the highlighted part in the low-resolution
spectra shows the spectral differences (similarity index of 15.39%, 22.21%, and 24.05%,
respectively) within the same drug sample under identical conditions. This low-resolution
Raman spectra (A, C, and E) was fed to the trained GAN model to get the high-resolution
instance. The highlighted part shows that instead of the spectral differences in low-resolution
profile, the model capable to rebuild these lost features and generate the high-resolution
counterpart (B) Ranitidine, (D) 4-MBA, and (F) 4-NTP (similarity index of 96.45%, 93.13%,
and 99.57%, respectively). (G) The violin plot shows the variation of similarity index in the
additional low-resolution and GAN-generated high resolution Raman spectra shows less than
25% similarity between low-resolution profile while the GAN-generated instances shows more
than 90% similarity index. (H) The scatter plot from the PCA scores shows the highly random
fluctuation (more spread in data points) in the low-resolution profile and minimum in the GAN-

generated high-resolution Raman spectra. 112

Figure 4.6: The schematic of the GAN model consists of two primary components: a generator
and a discriminator. The generator is tasked with producing high-resolution spectra from low-
resolution inputs, aiming to generate outputs that closely resemble realistic high-resolution
spectra. Conversely, the discriminator's role is to differentiate between the output generated by

the generator and real high-resolution spectra. The low-resolution Raman spectra is feed to the
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generator, after every epoch the generated high-resolution Raman spectra was compared with
the real high-resolution counterpart by the discriminator. The discriminator tested the
capabilities of generator at every epoch, results in the generation of closely resembled high

resolution output by the generator after each epoch. 114

Figure 4.7: Raman spectra from low-resolution (black), high-resolution (red), and GAN
generated (blue) of different pharmaceutical and drug molecules, (A) aspirin, (B) ibuprofen,
(C) PCM, (D) ranitidine, (E) 4-MBA, and (F) 4-NTP. 400 spectra were collected from each
sample. 115

Figure 4.8: The architecture of the ANN classification network having highest accuracy and
minimum test loss (model 1) is consists of one input layer, two hidden layers with 17 and 18

neurons respectively, followed by the classification layer in the end. 116

Figure 4.9: Confusion matrices showing the accuracy of the ANN classification network
(model 1) for the additional dataset, i.e., GAN-generated high-resolution Raman data with a
classification accuracy of 97.5%. The representation for different samples is as follows: (1)

aspirin, (2) ibuprofen, (3) PCM, (4) ranitidine, (5) 4-MBA, and (6) 4-NTP. 117

Figure 4.10: (A) Confusion matrices showing the accuracy of the ANN classification network
(model 2) for the additional dataset, i.e., GAN-generated high-resolution Raman data with a
classification accuracy of 97.4%. (B) ROC of the ANN classification network (model 2) for
GAN-generated high-resolution Raman data. The closer the curve is to the one, the more
accurate the results will be for classification. The representation for different samples is as

follows: (1) aspirin, (2) ibuprofen, (3) PCM, (4) ranitidine, (5) 4-MBA, and (6) 4-NTP. 118

Figure 4.11: (A) Confusion matrices showing the accuracy of the ANN classification network
(model 3) for the additional dataset, i.e., GAN-generated high-resolution Raman data with a
classification accuracy of 97.3%. (B) ROC of the ANN classification network (model 3) for
GAN-generated high-resolution Raman data. The closer the curve is to the one, the more
accurate the results will be for classification. The representation for different samples is as

follows: (1) aspirin, (2) ibuprofen, (3) PCM, (4) ranitidine, (5) 4-MBA, and (6) 4-NTP. 118

Figure 4.12: The GAN model was trained, validated, and tested using the 2400 low-resolution
Raman spectra from 6 different class of samples (random splitting of dataset). The trained
model for further tested on the additional low-resolution dataset (never fed to model) to check

for the model accuracy to transform the low-resolution instance to a high-resolution Raman
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spectrum. The trained GAN model transformed the low-resolution to high resolution in
completely unsupervised way. (A) The low-resolution Raman spectra of the ibuprofen drug,
where the highlighted part in the low-resolution spectra shows the spectral differences
(similarity index of 21% only) within the same sample under identical conditions. (B) This
low-resolution Raman spectra (A) was fed to the trained GAN model to get the high-resolution
instance. The highlighted part shows that instead of the spectra differences in low-resolution
profile, the model capable to rebuild these lost features and generate the high-resolution
counterpart (similarity index of 94%). (C) The violin plot shows the variation of similarity
index in the additional low-resolution (10 more samples) with similarity index of around 21%
and GAN-generated high resolution Raman spectra with similarity index of 94%. (D) The
scatter plot from the PCA scores shows the highly random fluctuation (more spread in data
points) in the low-resolution profile and minimum in the GAN-generated high-resolution

Raman spectra. 119

Figure 4.13: The GAN model was trained using the sample-out method. We have total of 6
different class of samples. We trained the GAN model using multiple sample class and test for
the similarity index for the unknown class (sample-out) of the sample (ibuprofen here). As we
trained the model with more and more class, the similarity index for the GAN-generated high-
resolution Raman spectra of unknown class to real high- resolution instance is increasing in a
non-linear way. The model was trained in an unsupervised way, and the GAN-generated Raman
spectra began to replicate high-resolution features when the model was trained on more than
three distinct sample classes. The GAN-generated high-resolution Raman spectra is compared

against the real high-resolution Raman spectra (bottom one). 120

Figure 4.14: (A) SNR calculation of different pharmaceutical and organic molecules using
high-resolution spectrometer (square), low-resolution spectrometer (circle), and GAN-
generated (triangle) results. (B) ROC curve for the classification of GAN-generated high-
resolution Raman spectra for different samples. The closer the curve to one, more accurate will

be the classification. 121

Figure 4.15: The generated high resolution Raman spectra from low resolution through GAN
model was converted into Raman barcode. These barcodes were employed as inputs to the
model, which performed spectral comparison against a spectral library. The model output
provided identification of the unknown sample based on spectral matching. The ANN model

was evaluated using coefficient of determination (R?), mean absolute error (MAE), and root
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mean square error (RMSE). The spectral similarity was calculated using similarity index

(SSIM). 124

Figure 4.16: The process of making a Raman barcode. (A) the Raman spectra of the 4-NTP
molecule. (B) using the “findpeaks” function to extract the peak location and FWHM and
incorporate that information in the barcode. (C) The Raman barcode of the 4-NTP molecule.

126

Figure 4.17: The RadViz clustering between different class of samples (A) high, (B) low-
resolution, and (C) GAN-generated high-resolution Raman spectra showing different
clustering efficiency. The clustering efficiency of GAN-generated high-resolution Raman
spectra is significantly improved over its low-resolution counterpart. Aspirin (red), ibuprofen

(blue), PCM (green), ranitidine (grey), 4-MBA (cyan), and 4-NTP (magenta). 127

Figure 5.1: The diffraction pattern formed on the CCD detector of size 255x1024 form various
samples. The slit size is set to 10 um resulting in a small portion of the CCD to exposed. After
that cropping down the non-information part and adding an extra dummy layer of size 1x16 so
that the final size after cropping would be 256x16. Now, reshaping the cropped image to a
square based image of size 64x64. Since for each sample class we have 65 data, combining all

these images and finally formed dataset A. 134

Figure 5.2: The Raman spectra of various samples using 600 lines/mm grating. The Raman
spectra was converted into a 64x64 Raman image. Since for each sample class we have 65 data,

combining all these images and finally formed dataset B. 135

Figure 5.3: The basic architecture of the GAN model, which consist of a generator and a
discriminator. The role of the generator is to take diffraction image without grating (dataset A)
as an input and map it to the corresponding Raman image with grating (dataset B). While role
of the discriminator is discerned between the Real Raman image and the generated Raman
image by generator. During the model training, generator tried to produced Raman Images
which are more realistic to the real one, while making it more difficult for the discriminator to
discriminate between them. Once the model is full trained, now the generator have the power

to fool the discriminator and give fully dispersed Raman spectra from the diffraction pattern.

136

Figure 5.4: (A) Raman spectra of multiple samples acquired using a grating with 1800

lines/mm, showcasing distinct spectral features across different classes. (B) The Raman spectra
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were subjected to PCA for dimensions reduction, and the resulting scores were visualized as a
RadViz scatter plot. In this plot, each point corresponds to an individual Raman spectrum,
enabling the analysis of intra-class similarities and inter-class differences. A wider dispersion
of data points indicates greater spectral variability among the samples. (C) The variations in
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.
143

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 (wo), resulting
in a bonding (®.) and an anti-bonding mode (®-+) 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 60° 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.

154

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 0 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.

170

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.
179
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