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Abstract

Raman spectroscopy is an analytical method frequently used in the fields of materials science and
general chemistry, which measures the characteristic responses of molecules to light. Being a non-

destructive technique, it has many scientific and industrial applications, such as material identification,
drug production and airport security. By combining Raman spectroscopy with machine learning,
powerful tools can be developed to make accurate predictions on unknown substances or quantities,
without explicit programming.

This thesis focuses on two main areas. Firstly, through the application of machine learning and
image processing, a novel tool was developed to study single molecule interactions with metal surfaces
using surface-enhanced Raman spectroscopy (SERS). A convolutional autoencoder (CAE) architec-
ture was utilised in a processing pipeline alongside various image processing techniques to extract
and isolate complex, transient Raman features from SERS data. This was followed by a cluster-
ing process to obtain representative events pertaining to atomic-scale metal-molecule interactions on
multiple catalyst surfaces, which provided a unique insight into the formation dynamics of atomic-
scale features. The process was extended through the use of a Siamese convolutional neural network
(Siamese-CNN) to incorporate spatiotemporal information relating to interactions between individual
vibrational modes. This foundational research paves the way for tailoring metal-molecule interac-
tions and assists in rational heterogeneous catalyst design. It introduces an analytical tool capable of
studying metal-molecule interactions under the influence of strong local field gradients. This is a scen-
ario that cannot be efficiently modelled with the conventional quantum mechanical method, density
functional theory (DFT), which assumes a homogeneous field when analysing electronic structures of
molecules.

Secondly, machine learning analysis has been applied to Raman data obtained in both nuclear and
biopharmaceutical industrial applications. A key focus of this work is on the practical challenges faced
in the design of data processing tasks and machine learning architectures due to real-world limitations
in data collection. A fully connected (FC) autoencoder is employed as part of a regression task,
which generates predictions on analyte concentrations in mixed substances. The method was shown
to outperform industry standard regression tools, principal component regression (PCR) and partial
least squares (PLS) regression, each used as comparative benchmarks, by over 50% in a test of model
precision across various datasets in the investigated industrial applications. Advancements in the
precision, speed and effectiveness of such tools are of critical importance in an industrial environment.
This is driven by compelling motivations to reduce not only the costs associated with these procedures,
but also to increase the quality of resulting products, or to reduce the risks within industrial operations,
where applicable.
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Chapter 1:

Introduction to the Thesis
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Raman spectroscopy serves as a method for delineating the characteristic attributes of substances.

This feat is achieved through the use of a laser to promote the inelastic scattering of photons from

vibrational energy levels, revealing the vibrational modes of the system. In addition, rotational [2] and

low-frequency [3] modes may also be probed using this technique. The result of this Raman interaction

is the formation of a spectrum, which is comprised of one or more peaks that correspond to particular

vibrational modes in a molecular system. These interactions are stated in wavenumbers - given in

units of inverse distance, cm-1 , correlating to the energy of the Raman interaction; it is also common

for a spectrum to be displayed using interactions per wavelength, given in units of nanometres, nm. It

is possible to convert between unit scales as a function of the wavelength of the laser used to produce

the Raman spectrum. Peaks in a Raman spectrum are categorised into two distinct wavenumber

regions: Stokes and anti-Stokes. The positions of peaks correspond to the energy shifts of inelastically

scattered photons. Positive wavenumbers - which are more common - signify reductions in energy that

are associated with the Stokes region, whilst negative wavenumbers indicate energy promotions in the

anti-Stokes region.

1.1 Raman Spectroscopy: Its History and Relevance in Modern Science

Raman spectroscopy, or more speci�cally the Raman e�ect, was discovered by the Indian physicist

Chandrasekhara Venkata Raman (C. V. Raman) in 1928. The discovery was part of a series of invest-

igations into the properties of light di�raction from molecules, which originates back to 1922 [4] when

C. V. Raman was scrutinising the accepted explanation at the time for the blue colour of the sea, which

was based on the Rayleigh scattering phenomenon that explains the blue colour of the sky. Through

this research, it is now known that the blue colour of water has its origins in the molecular structure of

water itself, rather than through re�ections from the sky, due to the absorption of longer wavelength
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light (in the red-orange region). Based on this research, he and his team discovered that non-incident

light could be scattered from molecules, through re�nement of their experimental procedure. This

led to his 1928 publication titled �A New Radiation" [5], which earned him the 1930 Noble Prize in

physics.

Being a subset of the broader �eld of spectroscopy, Raman spectroscopy has found widespread use

as a tool for the measurement and analysis of interactions between electromagnetic radiation used as a

probe, and the molecular material that is being studied. As the information provided by this technique

is given by changes in energy within the molecular system, it bears similarities to a related technique of

infrared (IR) spectroscopy. Where Raman spectroscopy provides information through the excitation

of `Raman active' vibrational modes, which originate from polarisation changes within a molecule,

IR spectroscopy provides information through the excitation of `IR active' vibrational modes, which

originate from changes in the dipole moment of a molecule.

Another key di�erence between the two methods is that Raman spectroscopy measures the relative

frequency of inelastically scattered radiation - based on the incident laser wavelength - whereas IR

spectroscopy measures the absolute frequency. Based on the excitation of di�erent vibrational modes,

Raman and IR spectroscopy can be seen as complementary techniques to one another, each being able

to provide information about a molecular system that the other typically cannot access. To better

distinguish the two chemical analysis techniques, these descriptions of the di�erences between Raman

and IR spectroscopy are further expanded upon in the theory chapter of this thesis.

Due to the process by which information is obtained through Raman spectroscopy, it has become

a useful tool for chemical analysis to study the molecular properties of materials. Such properties

include: the chemical structures of molecules, as the same atoms can result in di�erent Raman spectra

based on speci�c molecular arrangements [6]; the intramolecular bonds, whereby peaks corresponding

to individual bonds enable the distinction of bond types between the same atoms, such as carbon-

carbon single, double or triple bonds; and the phase transition of molecules based on the temperature

at which a transition would occur [7]. Importantly, with respect to these features, Raman spectroscopy

is a non-invasive technique, meaning that the procedure does not involve contact with any targeted

substance besides a physical interaction with the laser, this therefore enables repeat analyses to be

carried out in tandem with other spectroscopic methods.

Standard Raman spectroscopy is colloquially known as `spontaneous Raman spectroscopy', and

it has many scienti�c and industrial applications. As described, the process is non-destructive and

non-contacting, with the advantage of requiring no sample preparation, which enables the analysis of

substances in-situ. Such examples include the use of spontaneous Raman spectroscopy to study the

properties of water molecules in-situ at a solid-liquid interface [8], which possess di�erent structural

properties from bulk water that may promote advancements in electrocatalytic processes; or studying

the structural evolution of metallic electrocatalysts (electrodes) during an electrocatalytic process,

such as through Raman signals produced by metal oxides [9, 10, 11] or metal-organic frameworks [12].
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Other common applications of spontaneous Raman spectroscopy are in the area of mineral and

organic material characterisation. Typically by using reference databases of known materials, un-

known substances can be identi�ed based on their signature Raman responses [13]. This allows for

applications in the distinction between polymorphs [6, 14], and in the detection of mineral impurities or

contaminants where other experimental procedures are shown to fail [15]. As water and glass give weak

Raman responses, the technique naturally extends to in-vivo and in-vitro applications, such as in-vivo

analyses of human skin [16, 17], extending to applications in detecting and studying dermatological

conditions [18, 19]; or in-vitro analyses in the form of biopsies [20].

1.2 Variants of the Raman Technique

There exists a multitude of variations of Raman spectroscopy, each of which has been developed for

the purpose of extending the capabilities and application areas of the technique. This is achieved

primarily by improving the spatial resolution or intensity of the Raman response, typically through

the utilisation of specialised optical con�gurations including: speci�c excitation wavelengths tuned to

the analyte, the use of multiple probe wavelengths, or the inclusion of metal geometries to signi�cantly

amplify the local electric �eld and hence the Raman response. Such variations are commonly combined

to take advantage of their numerous attributes.

Listed below are a number of key variations to spontaneous Raman spectroscopy, with qualitative

explanations regarding their history, development and function, as well as typical example applications.

Spatially O�set Raman Spectroscopy (SORS). Spontaneous Raman spectroscopy is limited

to measuring the Raman response of surface or near-surface materials, whereas SORS is designed to

extend the functionality of Raman spectroscopy, allowing for deeper penetration and thereby achieving

depths of up to 5 cm [21]. This is achieved without needing a di�erent optics con�guration to that of

standard spontaneous Raman spectroscopy. Developed by Matouseket al. in 2005 [22, 23], the SORS

technique employs multiple collection points that are spatially o�set from the point of incidence by

di�ering amounts. The nature of each spectrum measured in this way di�ers due to the method by

which Raman photons scatter laterally throughout deeper layers of the material; as photons di�use

into deeper layers, their migration can be described as a `random walk'. This translates to collection

points at greater o�sets from the point of probe incidence having equal contributions from the Raman

probe at all depths, as opposed to a collection point with zero o�set that has an increased density

of probe photons, and weaker contributions from deeper layers. By utilising this physical e�ect,

multivariate analysis can be employed on a dataset of Raman spectra measured at various o�set

distances. These o�sets yield distinct relative contributions from surface and sub-surface layers in

relation to the distance from the incident probe. Consequently, this approach enables the extraction

of approximate pure Raman spectra for individual layers within a material, achieved through a scaled

subtraction of spectra at di�erent o�sets.
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Extending the functionality of Raman spectroscopy to obtain Raman spectra of sub-surface ma-

terials with SORS has created a large number of uses for the technique. Where the surface layers of

a material may take the form of a container, such as a plastic bottle or capsule, SORS is capable of

measuring and identifying unknown liquids or powders [24, 25], which is often employed in airport

security with regards to passenger luggage; in a similar vein, SORS �nds use in police and military

environments in the analysis and identi�cation of potentially illegal drugs [26, 27] or explosive com-

pounds [28, 29, 30] through non-metallic containers. This is possible whether the container is made of

glass, plastic or paper and regardless of its colour or opacity [26]. Applications of SORS also extend

to medical �elds, such as in the non-invasive analysis and monitoring of bone beneath skin [21, 31],

in the quality assessment of blood [32], or in the detection of breast cancer [33]. SORS has also been

used as a tool in the art preservation of paintings by analysing sub-surface layers of paint [34], where

spontaneous Raman spectroscopy is infeasible due to obscuration by the top layers of paint.

Resonance Raman Spectroscopy (RRS). Spontaneous Raman spectroscopy is a relatively weak

e�ect, wherein inelastically scattered photons occur approximately once every one thousand scattered

events, which in turn occurs at the same approximate rate compared to the non-interacting, direct

transmission of photons through a molecular compound [35, 36]. Thus, to improve upon the sensitivity

of spontaneous Raman spectroscopy, the resonance e�ect is taken advantage of by tuning the energy

of the incident photons from the Raman probe to energies close to, or equal to that of, a particular

electronic transition in the analyte [37, 38]. The �rst observation of this e�ect is dated at least as early

as 1946 by Harrand and Lennuier [39, 40]. The result of this tuning provides an enhancement to the

Raman scattering process in the order of 106 [41].

This resonance e�ect di�ers from the standard (non-resonance) Raman process as the interacting

photons excite electrons to an excited electronic state, rather than a virtual state of lower energy.

This consequently introduces enhancements to �uorescence as an interfering factor, as a portion of

the excited electrons are able to relax to the lowest level of the excited state before their emission

back to the ground state [40]. However, peaks produced by resonance Raman scattering are able

to be distinguished from that of �uorescence due to the fact that they are narrower, owing to the

conversation of energy whereby resonance Raman photons undergo direct emission back to the ground

state without an initial relaxation in the excited state [42]. Another crucial aspect di�erentiating

RRS from non-resonance Raman techniques is that the enhancement speci�cally a�ects the electronic

transition states of the chromophores within a molecular compound [30], which are the parts of a

molecule responsible for its colour and may not comprise the entirety of its structure, hence there

may be notable di�erences between spectra of the same compound when measured with resonance and

non-resonance Raman techniques.

Despite the aforementioned intricacies, the enhancement e�ect enables the analysis of molecular

compounds in either low concentrations [43], or with vibrational modes that possess weak Raman
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responses [40]. Additionally, there is an improvement in the selectivity from spontaneous Raman

spectroscopy, in which an ampli�cation occurs in the intensity of the vibrational modes that are under

resonance conditions, which enables RRS to serve as a technique for analysing speci�c vibrational

modes [43, 44], or to obtain structural information regarding large biomolecules such as proteins

[40, 44, 45]. Relative peak ratios as a result of this selectivity must be considered when comparisons

are made between RRS spectra and those from other non-resonance Raman techniques [30, 46]. Similar

to SORS, there are other applications for RRS in areas of art preservation [47] and forensic analyses

involving the characterisation and comparison of inks and paints [30, 40, 46].

Stimulated Raman Spectroscopy (SRS). Where SORS and RRS are examples of extensions to

spontaneous Raman spectroscopy involving standard optical con�gurations, with minor modi�cations

to the signal collection method or properties of the laser probe, SRS makes a non-linear modi�cation

to the optical con�guration by introducing a second photon source. The primary source uses `pump'

photons at a particular angular frequency! p, whilst the secondary source uses `Stokes' photons at an

angular frequency ! s, normally chosen to match the energy of a particular vibrational or rotational

transition [48] - named together as `rovibrational'. Both photon sources may be delivered by the

same probe laser. The e�ect of this pump-probe arrangement is the resonant ampli�cation of the

Raman response from a rovibrational transition in the order of 104�10 6 [49], should the energy of

this transition equate to the energy di�erence between both photons. Regarding the energy of SRS,

the enhancement factor is attributed to the coherent nature of molecular vibrations, in contrast to

the inherent incoherence of spontaneous Raman spectroscopy. This coherency is explained by the

synchronised oscillation of excited rovibrational modes, resulting in a directional polarisation that

provides the enhancement [49].

Application areas for SRS entail mapping the spectral signature of an analyte substance, enabled

by the rovibrational energy states made accessible by this technique. Such applications include: �bre

optic communication over distances exceeding800 km [50]; the development of Raman �bre lasers as a

substitute for conventional silica �bres [50]; the use of SRS as a Raman shifter, wherein a Raman-active

medium external to the laser source produces Stokes-shifted photons,! s, dependent on the material

[49, 51]; the detection of di�erent conformational structures (di�erent rotational arrangements about

a single bond) in the same organic compounds [52, 53]; and in biomedical imaging, by integrating SRS

with microscopy to study the behaviour of living tissue when subjected to various stimuli [54].

Coherent Anti-stokes Raman Spectroscopy (CARS). Another coherent variation of spontan-

eous Raman spectroscopy, CARS shares numerous operational and mechanical functions with SRS.

The CARS technique was originally discovered in 1964 by Maker and Terhune [55], and later named as

such in 1974 [56]. By utilizing two photon sources in a non-linear optical process, CARS ampli�es the

Raman signal from molecules compared to conventional spontaneous Raman spectroscopy. Similar to
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SRS, there exists a laser source emitting pump photons with frequency! p, and Stokes photons with

frequency ! s. However, a distinctive four-wave Raman mixing process occurs through a second inter-

action with the pump laser. The four-wave interaction progresses in stages: pump photons initially

excite electrons from the ground state to a virtual state. Subsequently, stimulated emission to a higher

vibrational energy level takes place due to the presence of the Stokes photons. Next, a second pump

photon interacts with this polarised electron, causing an excitation to an even greater virtual state,

with an energy of ! p � ! s above the �rst, culminating in the emission of an anti-Stokes signal as the

electron returns to the original ground state. Consequently, the primary aim of this third-order optical

con�guration is to produce a coherent signal with the analyte, resulting in an anti-Stokes frequency

of 2! p � ! s [56, 57]. The Raman response can be resonantly enhanced when the frequency di�erence

between the pump and Stokes photons approaches a Raman frequency of the analyte [55].

CARS and spontaneous Raman spectroscopy both examine the same vibrational modes, but are

distinguished by the nature of the Raman signal and the type of interference. Spontaneous Raman

spectroscopy mainly focuses on the Stokes region and thus contends with interference from �uorescence,

which occurs when electrons relax from higher energy states to the ground state, emitting lower-energy

(positive wavenumber) photons in the Stokes region. As a result, CARS avoids this �uorescence

interference by primarily occupying the anti-Stokes region [58]. However, CARS signals must contend

with non-resonant, coherent interference from other transitions within a molecule, thus the use of

CARS is limited by the signal-to-noise ratio (SNR) of the resonant response over the non-resonant

inference, rather than by �uorescence as in spontaneous Raman spectroscopy [59].

As CARS contains a strong anti-Stokes Raman response, it is used in measuring the temperature of

gases during combustion processes. The temperature of a substance may be calculated by ratio of the

Stokes and anti-Stokes response, which scale non-linearly with the temperature of the analyte. CARS

is used to monitor a combustion process by determining the temperature of the analyte, such as N2,

O2, CO2 or CH4 [60, 61, 62, 63], which aids in the development of more e�cient fuels. CARS has also

been integrated with microscopy to image cells and living tissue [64], such as in lipids (fatty acids)

due to the strong anti-Stokes response of the C-H bonds [65] and the in-vivo analysis and mapping of

sciatic nerve tissue by surrounding fat cells via the same chemical response [66].

Surface-Enhanced Raman Spectroscopy (SERS). Variations described thus far extend the

functionality of spontaneous Raman spectroscopy through modi�cations to excitation wavelengths of

the Raman probe (RRS), or through multiple collection points (SORS) or photon frequencies (SRS

and CARS). SERS is another variation capable of extending the functionality of spontaneous Raman

spectroscopy, which is achieved through enhancements to the local electric �eld. As the Raman e�ect

is proportional to the local electric �eld, any such enhancements have the ability to produce enormous

increases to the measured signal - by up to 1012 [67, 68, 69]. There are multiple ways to achieve an

enhancement of the local electric �eld, with typical methods involving binding an analyte to either a
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roughened metal surface or nanoparticle arrangement [70], which excites local surface plasmons (ana-

logous to photons, these are oscillations of the electron density) that facilitate the �eld enhancement.

The metal surface is commonly composed of gold or silver, although other less expensive metals have

been investigated such as aluminium [71, 72]. This signal boost enables the analysis of substances at

very low concentrations, or even single molecules [73, 74, 75].

The e�ect was �rst discovered by Fleischmann et al. in 1973 [76] in a paper that studied the

adsorption (the ability for the surface of a solid material to accumulate chemical compounds or gases

that it is in contact with) of pyridine onto a roughened silver electrode. The observed enhancement

could not be explained by the concentration of the analyte, as the pyridine formed at a monolayer or

near-monolayer thickness on the silver surface. This lead to competing theories attempting to explain

the enhancement mechanism, both of which are currently accepted to this day [77]. These are the

electromagnetic theory [78, 79, 80] and the chemical theory [80, 81, 82], which will be expanded upon

in the theory chapter of this thesis.

As mentioned, SERS is a high sensitivity variation to spontaneous Raman spectroscopy, capable

of detecting the presence of molecules in extremely low concentrations. Hence, it is a useful technique

with many applications areas [83] including: measuring responses from low population proteins in the

detection of various cancers [84, 85, 86]; future design of molecular electronics and computer memory

[73, 87, 88, 89]; and the design of heterogeneous catalysis, in which the catalytic material exists in a

di�erent phase to the reactant, with uses in many industries such as food processing, biopharmaceutical

drug manufacturing, and plastic production [90, 91, 92, 93, 94].

1.3 Chemometrics in Raman Spectroscopy

As mentioned in Section 1.2, the vast majority of Raman spectroscopy applications are subject to

�uorescence, which adds interference components to the resulting Raman spectra. There are numerous

modi�cations that can be made to the Raman setup to attempt to counteract this issue, such as:

changing the wavelength of the Raman probe laser to shift the �uorescence pro�le away from any peaks

of interest, switching to a pulsed laser to leverage the di�erence in timescale between �uorescence and

Raman scattering [95] (these examples are covered in more details in the theory chapter of this thesis),

or by utilising a variant to spontaneous Raman spectroscopy such as CARS.

However, �uorescence e�ects are practically unavoidable, and are not the only source of interference

for the information targeted in a Raman measurement. Such additional components include but are not

limited to: noise from the detector (shot noise, read noise, dark currents), cosmic rays forming spikes

in a spectrum, and aberrations in the optical equipment (such as dust on a lens) [96]. Therefore, it is

typical for a procedure involving one or more data preprocessing techniques to be implemented [20, 97]

in order to reduce the e�ects of �uorescence and other interfering components - termed `background

interference'. The removal of background interference is an important step in chemometrics, which
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involves a statistics-driven analysis of a dataset of Raman spectra. Otherwise, any results or conclusions

drawn from such an analysis will not be solely based on characteristic information retrieved from Raman

measurements, but rather in combination with the described background inference. It should be noted

that, although chemometrics is a broad �eld that can be applied to numerous types of chemical data,

both spectral and non-spectral, this introduction predominantly focuses on Raman spectra.

Another distinctive factor that contributes an interfering element to Raman spectra, apart from

the described background interference, is the nature of the sample itself. Given that the majority of

substances are composed of a mixture of various molecular compounds, whether due to contaminants

or impurities from an industrial process, or through necessity if the analyte requires storage in an

aqueous solution, the resultant Raman spectrum of an analyte can contain peaks originating from

these other molecular compounds. These additional Raman peaks have the potential to degrade a

chemometric analysis, leading to biased, inaccurate, or erroneous outcomes. Such inaccuracies could

manifest as the false identi�cation of the analyte in an unknown sample, an incorrect prediction of its

concentration or temperature (if Stokes and anti-Stokes regions are considered), and similar issues.

To remove background interference, and thereby improve the SNR of the Raman spectrum for

subsequent analysis, an analytical chemist would conventionally perform preprocessing tasks. A sub-

traction of the baseline would typically be made through the use of a spline �t to the gross structure of

each spectrum in a database. Each signal may also be smoothed and denoised using a Savitzky-Golay

(SG) �lter, which �ts a series of polynomials across the spectral range, however, this process can de-

grade the Raman features present in the spectra. Once the spectral dataset has been preprocessed,

the next stage is to perform a statistical analysis to extract the desired information. This may involve

the use of a multivariate analysis technique such as principal component analysis (PCA) to distill

the information present in a dataset [98], which allows for the removal of noise and other remaining

components that do not pertain to the bulk of explainable variance. After which, further task-speci�c

analyses would take place such as �tting a linear model (e.g. ordinary least squares) in a regression

task [20, 98], or clustering (e.g. K-means clustering) in a classi�cation task [20, 96, 97, 98, 99].

1.4 Example Machine Learning Techniques in Raman Spectroscopy

There are several disadvantages associated with assigning the task of data processing to a human. These

include the task becoming prohibitively slow as the dataset size grows and the potential for subjectivity

in the preprocessing stages, which could lead to variations in the preprocessing of the same arbitrary

spectrum when carried out by di�erent people. To mitigate these drawbacks, machine learning tools

can be utilized instead of direct human involvement in data preprocessing and analysis, which may

bring about additional bene�ts by negating the need for the repeated training or development of an

analytical model when new data samples are introduced should statistical properties not deviate too

strongly from the original dataset. With regards to an industry setting, there may be a �nancial
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incentive to implementing these machine learning tools, as development and deployment costs may be

considerably less than the cost of assigning the task to a domain expert.

In recent decades machine learning techniques have been applied to a wide range of scattering

and spectroscopic applications, such as Raman spectroscopy, brought on both by advancements in

computing power and the increasing availability of large, complex spectral datasets. Listed below are a

number of historic machine learning techniques that have played an important role in the development

of modern machine learning - including details of their development and qualitative descriptions of

their operation - that are still used today either as standalone analysis techniques, or as a comparative

benchmark for more advanced algorithms.

Support Vector Machines (SVM). Originally conceptualised in 1964 by Chervonenkis and Vapnik

[100] and adapted over a 30-year period to the modern application in 1995 by Cortes and Vapnik

[101, 102]. SVM is a binary classi�er where the objective is to form a deterministic hyperplane, or

decision boundary, which e�ectively separates samples into one of two distinct classes. This is achieved

by forming a set of `support vectors', which are a subset of training data points represented as vectors

in a multi-dimensional space that lie nearby to a proposed hyperplane. These support vectors are

used to evaluate and maximise the margin of separation (i.e. minimise the generalisation error) to the

hyperplane, based on a chosen objective function constructed and solved as a quadratic optimisation

task on the parameters of the hyperplane [102].

In cases with non-linear data, a kernel function such as the polynomial kernel or radial basis function

is employed to map the data to a higher-dimensional space - this process is colloquially known as the

`kernel trick' - wherein the data becomes linearly separable and the aforementioned optimisation process

may proceed [102]. As only support vectors are considered when de�ning the decision boundary, rather

than all training data, SVM is therefore an e�cient process in high-dimensional spaces. Once the SVM

model is trained on a given task and the decision boundary is determined, new data points can be

classi�ed by identifying which side of the hyperplane they fall on.

SVM is one of the pioneering machine learning algorithms that has found chemometrics applications

with Raman spectroscopy data primarily for classi�cation tasks [103, 104, 105], although applications

in regression on both Raman and IR spectroscopy data are also possible [106, 107]. Being a supervised

learning model, SVM makes use of both the input data (e.g. a spectrum) and an output label (e.g.

the associated chemical compound) for training the internal parameters.

Random Forests. An ensemble learning method that utilises multiple decision trees to determine

the output of a classi�cation or regression model, developed by Ho in 1995 [108]. To understand the

goal of random forests as a machine learning tool, decision trees must �rst be understood. A decision

tree, with algorithm implementations dating back as early as 1959 by Belson [109], is a hierarchical

model that uses a tree-like structure, in which: each node represents a feature of the data, each branch
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represents a condition or decision to be made, and each leaf represents the outcome or prediction of the

model. The goal of a decision tree is to formulate a tree that best splits the data in a classi�cation task,

which is typically achieved through the use of the CART (classi�cation and regression tree) algorithm

[110]. The quality of the split may be evaluated using a simple estimator such as mean squared error

(MSE). This method of model construction makes decision trees easily interpretable, although they

are prone to over�tting to the training dataset.

Multiple decision trees are utilised in random forests by way of bootstrap aggregation, or `bagging'

[111], wherein random subsets of training data are chosen with replacement to train each decision

tree. Importantly, the forest of decision trees is uncorrelated, which is made possible by randomly

selecting with replacement a subset of features from the data accessible to each decision tree through

the `random subspace method' [112]. This approach achieves the same result as in a single decision

tree but with a notable reduction in over�tting, thus random forests are preferable over single decision

trees when trained on noisy data. The way in which results are obtained from a random forest is

dependent on the speci�c task: for a classi�cation task, the chosen class for a new sample is commonly

determined by majority vote from all decision trees; for a regression task, the prediction is made by

either the mean or median of all decision tree predictions.

Random forests have been used in Raman spectroscopy for a variety of applications, including:

predicting the SERS response of organic compounds absorbed onto a gold surface as an e�ective

substitute for expensive quantum mechanical predictions [113]; classifying, in combination with PCA,

milk samples from di�erent species with varying component concentrations such as proteins and fats,

for use in nutritional research for infants [114]; immunology research involving the quanti�cation of

target hormones within dog serum, used together with SERS [115]; and the identi�cation and dating

of di�erent copper polymorphs used as pigments in art at various stages of aging [116].

Bayesian Networks. Developed by Pearl in 1985 [117], Bayesian networks are probabilistic graph-

ical models based on Bayesian probability theory [118]. Such graphs are comprised of nodes represent-

ing speci�c random variables that are interconnected by edges that explain some form of dependence.

The speci�c type of graph used in Bayesian networks are directed acyclic graphs (DAG), which are

directed graphs with no cycles - meaning that the edges express conditional dependencies between

nodes, and that these edges do not form closed loops. Therefore, a DAG is said to be topologically

ordered, whereby directed edges beginning at earlier nodes in a graph always end at later nodes. Each

node in a Bayesian network has associated conditional probabilities that are dependent on all incoming

edges from the parent nodes.

The main use of a Bayesian network is for probabilistic inference, in which predictions or classi�ca-

tions can be made on new samples based on the probability of certain variables or events given observed

evidence - such evidence may take the form of intense Raman responses at determining wavenumbers

for a particular chemical compound, for example. Similar to decision trees, the graphical structure of

10



a Bayesian network allows for direct visualisation of interactions between deciding variables that have

in�uenced a particular outcome [119].

Because of these characteristics, Bayesian networks have been utilised across a number of applic-

ations, such as: microbiology, for the detection of harmful bacterial spores to prevent food-borne

illnesses in food production using confocal micro-Raman spectroscopy [120]; chemometrics analysis, in

the quanti�cation and identi�cation of DNA sequencing using SERS [121, 122]; and in recent research

into the quality control of biopharmaceuticals by integrating Raman spectra with other data types

[123].

1.5 Neural Networks and Deep Learning in Raman Spectroscopy

The advent of the arti�cial neural network (ANN), and later deep learning, has revolutionised the

applications and capabilities of not only Raman spectroscopy, but a multitude of other scattering and

spectroscopic data analysis techniques [124] - although this introduction will focus on applications

in Raman spectroscopy. This development has enabled the classi�cation and prediction of chemical

morphologies on datasets that may be considered either too large or noisy for conventional analysis

techniques. To begin, an ANN is a branch of machine learning with a history of development stretching

back over the past two centuries with the publication of the linear neural network model by Legendre

[125]. Although, a more conventional interpretation for what constitutes an ANN would be a directed

graph of nodes interconnected by weighted edges, which are crucially able to update, or learn, new

values for these parameters based on observed input patterns, in order to improve in its ability to

correctly associate those patterns with desirable outputs. Under this interpretation, the �rst `learning'

ANN was published by Amari in 1972 [125, 126] with the arti�cial recurrent neural network (RNN).

Perhaps the single most pivotal moment in the history of machine learning is the introduction of the

backpropagation algorithm, which has become the standard method by which neural networks learn

today. Also known as `reverse mode of automatic di�erentiation' in the original 1970 publication by

Linnainmaa [127], backpropagation performs an e�cient implementation of the Leibniz chain rule, and

was �rst applied to train neural networks in 1982 by Werbos [125, 128]. A more detailed explanation

on the structure of the ANN, various example architectures, and a mathematical description of the

backpropagation algorithm are provided in the theory chapter of this thesis.

Soon after the modern ANN had been established, applications in Raman spectroscopy began to

emerge [129]. In 1993, Liuet al. [130] used an ANN to classify Raman and near-IR spectra of organic

compounds commonly used in industrial applications as solvents, extractants and additives. In 1994,

Lewis et al. [131] trained an ANN as a binary classi�er using the Raman spectra of two types of wood

samples. In 1997, Gniadeckaet al. [132] used an ANN to distinguish between healthy and cancerous

skin samples, the results of which were in agreement with a manual spectral analysis.

An issue faced by ANNs, here referred to as `shallow' architectures, is that these models, in much
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the same way as the classical machine learning tools described in Section 1.4, are incapable of learning

the complete set of complex features that may be present in much larger chemical databases that are

more commonly seen today. Spectral preprocessing can be implemented to improve the performance of

these models, outlined in Section 1.3, which is often a labour-intensive and subjective task. Selecting

the correct preprocessing methods can signi�cantly impact the results, and manual intervention by a

domain expert may be warranted. Such subjectivity, as previously described, can introduce bias and

inconsistency in the analysis, especially when multiple people may carry out the same preprocessing

task on separate occasions, reducing the reliable of these methods.

Deep learning is a multifaceted data processing method that has been shown to address the afore-

mentioned preprocessing challenges. Deep learning architectures have a wide range of applications in

spectroscopy due to their ability to detect complex, often non-linear features, and process large quant-

ities of data with high throughput. As a result, deep learning has provided powerful tools that can

classify substances or predict quantities without the need for potentially bias-inducing preprocessing

[133] steps, which are commonly required in alternative methods such as partial least squares (PLS)

regression or shallow architectures. This attribute allows deep learning to process, for example, mix-

tures consisting of multiple chemical compounds [134], or spectra with highly variable baselines. Such

methods are also capable of providing identi�cation despite a small number of reference samples (or

even from individual reference spectra) [135]. This is because deep neural networks (DNNs), which

possess many layers each of increasing levels of abstraction, o�er a robustness to variability in spectra

that is not linked to the underlying information aimed to be quali�ed. Thus, they are particularly

e�ective at categorising spectra pertaining to unique molecular compositions, states, or transitory

physical events.

1.6 Organisation of the Thesis

Early chapters in this thesis are based on exploratory collaborative research with members of the

Baumberg research group at the University of Cambridge. These chapters develop a machine learning

pipeline to process and analyse atomic-scale features present in SERS data based on metal-molecule

interactions in nanogaps. Later chapters cover work done in collaboration with an industrial sponsor

for this PhD, IS-Instruments Ltd., to design and deploy machine learning regression models. A focus

in these chapters is on realistic real-world limitations on data volumes, in two distinct industrial

settings: nuclear, featuring high concentration samples collected with spontaneous Raman spectroscopy

data; and biopharmaceutical, featuring low concentration samples collected using ultraviolet resonance

Raman spectroscopy (UVRRS), a variant of RRS. Brief summaries of the contents of each chapter are

provided below.

Chapter 2: Theory. Since all work presented in this thesis involves Raman spectroscopy, this

chapter covers the fundamentals associated with the method. This includes descriptions distinguishing
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elastic and inelastic scattering, Raman and IR active vibrational modes, and practical considerations

regarding the experimental apparatus used to capture and process Raman signals, such as a di�erenti-

ation between dispersive and Fourier transform (FT) detectors. The mechanisms that drive the SERS

interaction are detailed, including two prevailing theories describing the observed enhancement factor,

and an example geometry that promotes such interactions, from which the work in Chapters 3 and 4

is based on.

Finally, as with Raman spectroscopy, DNN-based machine learning features heavily throughout this

thesis, hence the foundations are laid for the implementation and operation of such data processing

tools, such as the backpropagation and gradient descent algorithms used to train neural networks. Ex-

amples are also provided for alternative architectures that are relevant to this thesis. Visualisations for

how neural networks may learn increasingly abstract, complex features, and quantitative descriptions

for a range of hyperparameters and optimisation tools, which are used throughout this thesis to adapt

each model to the chosen tasks, are provided with example usages.

Chapter 3: Analysing Metal-Molecule Interactions on the Atomic-Scale. The contents of

this chapter detail work contained in, and surrounding, published research by the author of this thesis

[1]. This will cover the design of combined machine learning and image processing techniques to create

a robust data processing pipeline for the chemometric analysis of multiple single molecule, time-series

SERS datasets. The data used in this work was captured using an in-house spectrometer setup in a

dispersive detector arrangement. In collaboration with researchers at the University of Cambridge,

the goal of this work was to characterise the formation dynamics of atomic-scale processes, in this

case adatoms, which play a key role in metal-molecule interactions and are critically important in

heterogeneous catalysis and various other molecular electronic applications. Such characterisation was

achieved through the design and implementation of a convolutional autoencoder (CAE), combined with

image processing, for the extraction of so called `picocavity' features, which are used to determine the

formation sites of metallic protrusions through a comparison of `picocavity peaks' with those predicted

through conventional quantum mechanical modelling.

Chapter 4: Temporal Extension to the Metal-Molecule Analysis Pipeline. This chapter

constitutes foundational research that expands upon the data analysis pipeline described in Chapter

3. Through the use of a Siamese convolutional neural network (Siamese-CNN), a binary classi�cation

task is formed to distinguish between positively and negatively correlated picocavity peaks. These

time-series peaks shift in wavenumber space over time as a result of perturbations caused by the

drifting of adatoms - the source of the picocavity - that produce strong local electric �eld gradients.

By characterising the polarity of correlated peaks, this work provides a tool capable of results similar

to the previous chapter, whilst incorporating additional temporal information present in the SERS

data. Such information can aid in the tailoring of catalyst surfaces, or near-surfaces, by analysing how
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individual bonds interact on single molecules, which can inform proposed modi�cations to catalysts in

order to improve selectivity and e�ciency for desirable catalytic processes.

Chapter 5: Regression Modelling of High-Concentration Raman Spectroscopy in the

Nuclear Industry. The content in this chapter is connected to work done in collaboration with

an industrial sponsor for this PhD, IS-Instruments Ltd. The focus of this work is on the design

and implementation of a machine learning regression model for predicting the concentration of mixed

Raman spectra for molecular compounds commonly found in nuclear decommissioning processes. The

dataset features high concentration samples captured using a spontaneous Raman spectrometer with

an FT detector arrangement. A fully connected (FC) autoencoder combined with a linear regression

model is used to make the predictions, and the results are shown to exceed the performance of industry

standard data processing tools: principal component regression (PCR) and PLS regression. A key

theme explored within this chapter is on the limitations of low data volumes, which are common to

industrial settings, and the impact this has on both the design of machine learning models and on

data augmentation techniques implemented to introduce su�cient data variance required to train the

model.

Chapter 6: Transferring Success: Low-Concentration UVRRS in the Biopharmaceutical

Industry. In extension of Chapter 5, this chapter utilises the machine learning regression model to

predict concentrations of bioorganic macromolecules dissolved in aqueous solutions at low concentra-

tions. The results are also shown to exceed the performance of PCR and PLS regression models trained

on the same data. Two datasets were captured for this task using an UVRRS system, each of which

containing proteins crucial to the biopharmaceutical industry for the research and manufacturing of

new therapeutic drugs. These organic molecules can form protein aggregates, which are detrimental

to the manufacturing process, and can result in adverse e�ects in the resulting drugs. Hence, accurate

information on the quantities of these mixtures is important for improving quality and yield. This

chapter also explores modi�cations to the data augmentation technique, introduced in Chapter 5,

to overcome detrimental e�ects on model performance caused by sample measurements collected at

non-uniform concentrations intervals, as well as non-linear Raman responses inherent to both protein

macromolecules due to sample attenuation.

Chapter 7: Outlook and Future Work. This chapter provides �nal remarks, and concludes

the work undertaken throughout each chapter within this thesis. The potential for future work in

expanding into other application areas is also discussed.
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Chapter 2:

Theory
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Weight Decay. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
Gradient Clipping. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

This chapter covers the broader theories and concepts that are prevalent within each chapter of

this thesis, namely Raman spectroscopy, its extension SERS, and machine learning. The origins

of machine learning are brie�y covered, and descriptions are given for the various architectures and

tools that are utilised within this thesis, which have been selected to optimise the models chosen for

each task. Additional theories that feature a singular usage within this thesis do not appear within

this chapter, and are instead covered in the respective chapters in which they appear.

2.1 Raman Spectroscopy

Raman spectroscopy is a �ngerprint technique concerning the interaction of electromagnetic radiation

on matter, which can be used to determine the identity, as well as the concentration, of unknown

molecular substances. It is applicable to matter in solid, liquid or gaseous states, and even has

applications in complex biological structures such as DNA [136, 137]. The process in which molecules

are analysed is based on the interaction between the wavelength of the electromagnetic radiation

and the electronic structure of the matter, which causes an excitation of speci�c vibrational modes,

producing an electromagnetic spectrum that is characteristic to the substance.
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2.1.1 Elastic and Inelastic Scattering

The key function by which Raman spectroscopy operates is through the inelastic scattering of photons,

also called Raman scattering, which is used to identify the atomic composition of molecules based on

electron transitions between quantised vibrational energy levels. When a source of monochromatic light

interacts with a molecular system, the electrons within that molecule can become excited, bringing

them from their initial ground state, E0, up to a virtual state. In the majority of cases elastic scattering

occurs, also called Rayleigh scattering, in which the excited electron relaxes back to its initial ground

state, which emits a photon with an energy equal to that of the incident photon, h� 0. A far less

common occurrence is inelastic scattering, in which excited electrons relax to an energy level that is

either above,E0 + h� n , or below, E0 � h� n , its initial state, where h� n is the energy di�erence between

the two states. In the former case, termed Stokes scattering, the energy of the emitted photon is less

than the energy of the incident photon. In the latter case, termed anti-Stokes scattering, the energy

of the emitted photon is greater. Hence this photon has energyh� 0 � h� n , depending on the type of

Raman scattering.

Figure 2.1: Energy level diagram for the three relevant scattering processes.Left, elastic scattering
(Rayleigh scattering); middle and right, inelastic scattering (Stokes and anti-Stokes).

As shown in Figure 2.1, the di�erence in energy between two vibrational energy levels is equal

to the di�erence in energy between the incident and scattered light. The resulting Raman shifts are

expressed in wavenumbers with units of inverse distance,cm� 1, as this directly relates to energy. The

wavenumber, � k, can be calculated using the equation:

� k =
1
� 0

�
1

� n
; (2.1)
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where � 0 is the wavelength of incident light, and � n is the wavelength of the emitted Raman light.

2.1.2 Raman and Infrared Vibrational Modes

A molecule undergoing Raman scattering will contain multiple vibrational modes, which are independ-

ent sets of atomic vibrational motions, which can be excited simultaneously with other modes. Each

vibrational mode generates a peak in the Raman spectrum, which corresponds to the characteristic

energy level transition that produced it. The resulting spectrum can therefore be used to identify the

speci�c vibrational modes and chemical structure of a subject molecule. This gives rise to the term `�n-

gerprint technique' that is colloquially used to describe Raman spectroscopy. Due to the requirement

of a change in polarisation for a Raman response (discussed below), the majority of materials produce

a Raman signal regardless of phase, with the exception of pure metals whose structure prevents the

vibrational Raman e�ect, and hence polarisation changes cannot occur.

With regards to the aforementioned vibrational modes, not all modes will necessarily be Raman-

active. This means that Raman scattering would not excite these modes, leaving those regions empty

within the Raman spectrum. Vibrational modes are either Raman- or IR-active. Raman-active modes

require a change in the polarisability of the molecule, which occurs during symmetric changes in bond

lengths during molecular vibrations, such as in Figure 2.2a. IR-active modes require a change in the

dipole moment of a molecule, which occurs during asymmetric changes in bond lengths, such as in

Figure 2.2b.

(a) Symmetric stretching, causes a
change in polarisability.

(b) Asymmetric stretching, causes a
change in the dipole moment.

Figure 2.2: Examples of Raman- and IR-active vibrational modes for a CH4 molecule.

2.1.3 The Raman Signal and Instrumentation

As mentioned in Subsection 2.1.2, the Raman scattering of a molecule will generate a number of peaks

based on its Raman-active vibrational modes. As Rayleigh scattering occurs in around 1/1000 incident
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photons, and Raman scattering occurs roughly one thousand times less often than that, the intensity

of the inelastically-scattered peaks is swamped out by the former e�ect [35, 36]. A standard method

to exclude the elastic peaks, which exist around0 cm� 1 on the wavenumber axis for Raman spectra,

is �ltering, shown in Figure 2.3. Notch or low-pass �lters are commonly used �lters for this purpose.

Figure 2.3: Notch �lter, indicated by the shaded region, applied to an arbitrary Raman spectrum to
�lter the elastically-scattered signal. The remaining variance seen in the �ltered region is attributed
to signal contributions from the dark current (background noise).

Another e�ect that can worsen the SNR of a Raman spectrum is �uorescence, which can occur

when the wavelength of incident light is equal to the wavelength of an energy level transition to a

higher electronic state. This causes an emission back to the ground state after an extended time

period in comparison to spontaneous Raman scattering - in the order of nanoseconds for �uorescence

in comparison to the picosecond timescale of Raman scattering [95] - or through an initial relaxation

to a lower energy level in the excited state, before the subsequent emission to the ground state. Based

on the di�erence in timescale between �uorescence and Raman scattering, it is possible to improve the

SNR of a Raman spectrum through the used of a pulsed laser probe to illuminate a sample, rather

than a continuous-wave Raman laser, if the pulse is shorter than that of the �uorescence e�ect and if

the data is collected within each pulse window [95]. As opposed to Raman scattering, �uorescence is

wavelength dependent. It is therefore possible to tune the wavelength of the laser used in a Raman

spectrometer in order to shift the �uorescence pro�le in wavenumber space away from peaks of interest

in a measured analyte, thus reducing the e�ect on the acquired signal, shown in Figure 2.4.
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Figure 2.4: Sample measured at two di�erent laser wavelengths demonstrating the shifting of the
�uorescence pro�le of a sample, whilst the wavelength-independent Raman signal remains stationary.
Figure adapted from Edinburgh Instruments Ltd. (2022) [138].

Raman scattered light is collected by a detector in the Raman spectrometer. There are two main

types of detector: dispersive or FT. In a dispersive spectrometer, laser light scattered from a sample

enters through a slit into a chamber where the light is collimated by a mirror, then resolved into

individual wavelengths (or equivalently wavenumbers) by a single di�raction grating. A focusing

mirror then directs the spectrally-resolved light towards a charge-coupled device (CCD) to collect the

spectrum. An example dispersive system is shown in Figure 2.5.
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Figure 2.5: Schematic diagram of a dispersive spectrometer. This particular layout is a Czerny-Turner
`W' con�guration. Image taken from Naeem et al. [139].

FT spectrometers use one di�raction grating in each arm of the spectrometer, this causes two

interfering wavefronts to produce an interferogram of the Raman signal that is detected by the CCD,

as seen in the spatial heterodyne spectrometer (SHS) con�guration of Figure 2.6. The spectrum is

recovered from a FT spectrometer by taking the fast Fourier transform (FFT) of the interferogram,

alongside other potential preprocessing tools such as apodisation, phase removal and zero-padding.
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Figure 2.6: Schematic diagram of an SHS con�guration. Image taken from Harlanderet al. [140].

The noise in a dispersive system is non-uniform, as it scales proportionally to the square root of

the signal in each CCD bin, by the nature each wavenumber being spectrally separated by the single

di�raction grating. Conversely, the noise in an FT system is uniform, as the spectrum is recovered by

an FFT of the resulting interferogram, which distributes the same level of noise amongst each pixel in

the interferogram. This distinction in�uences the noise models used in the various data augmentation

processes seen throughout this thesis.
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2.2 Surface-Enhanced Raman Spectroscopy

The Raman scattering cross-section, which is the ratio of scattered Raman photons to the intensity of

incident light, is very small, with typical values � 10� 28 m2 being measured [141]. In order to increase

the Raman-scattered signal, the SERS technique can be used, which is able to probe light-induced

interactions on the molecular scale due to enhancement factors in the range 1010 to 1012 [67, 68, 69],

with some papers quoting enhancement factors as high as 1014 [142, 143]. The mechanism that drives

the enhancement of the Raman scattering cross-section is still a matter of debate [77], with two main

theories about its origin: the electromagnetic (EM) theory, and the chemical theory, though the former

is more commonly stated.

The electromagnetic theory suggests that the boost to the Raman signal of a molecule is due to

an electric �eld enhancement by a metal surface that it is contacting. Via the use of a roughened

metal surface or nanoparticle arrangement, local surface plasmons can oscillate orthogonally to the

metal surface. Such a con�guration creates a plasmonic �eld that facilitates enhanced Raman scattering

events. This �eld enhances both the incident and Raman scattered light, giving rise to an enhancement

factor, 
 SERS , which is proportional to the 4 th power of the incident �eld strength [78, 79, 80]:


 SERS / I inc � I Raman / E 2
inc � E 2

Raman � E 4
inc ; (2.2)

Where I inc and I Raman are the incident and Raman-scattered intensities, respectively, andE inc and

ERaman are the corresponding �eld strengths.

The chemical theory states that the transfer of charges in resonant conditions provides an enhance-

ment factor of approximately 102 [80], depending on the analyte molecule and contacting surface [82],

and thus it is thought to contribute to the overall enhancement factor in tandem with the EM e�ect.

Standard light-induced SERS interactions, as described, contain homogeneous �elds that interact

with an analyte molecule. One type of SERS system is the nanoparticle-on-mirror (NPoM) geometry

[144] (see Figure 2.7), which has three main components (from the bottom-up): A �at metal �lm,

typically gold; a self-assembled monolayer (SAM) of an analyte molecule; and metal nanoparticle

spheres deposited onto the SAM surface, which are also usually made of gold. Strong optical �elds are

able to be generated by this geometry as a consequence of local surface plasmons in the nanoparticle

coupling to image charges within the gold �lm - the method of replacing an object (the gold �lm)

with an imaginary charge - which forms a plasmonic mode that tightly con�nes light to the analyte

molecule situated between the metal-metal gap.
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Figure 2.7: Scheme depicting a NPoM geometry containing an arbitrary spacer molecule placed between
a metal surface and metal nanoparticle. The inset �gure illustrates atomic-scale protrusions in the
nanogap.

Homogeneous SERS interactions within NPoM geometries are termed `nanocavities'. A further

ampli�cation to the plasmonic �eld is possible through the irradiation of gold with a laser, which causes

the spontaneous formation of a single, transient gold adatom on either the surface of a nanoparticle

or substrate �lm [75, 145] - using the NPoM geometry as an example. This atomic-scale feature

situated within the plasmonic `nanogap', which are crevices between metal nanostructures [75, 146,

147], termed a `picocavity', causes an additional� 10-100x optical �eld enhancement e�ect on an

analyte molecule [73, 74, 75, 146]. This alters the selection rules that govern visible vibrational modes

in Raman spectroscopy, causing previously unseen Raman-inactive IR modes to present in Raman

spectra [75, 148]. This is due to the strong local inhomogeneous gradient �eld, which is produced by

the under-coordinated adatom interacting more strongly with bonds in the molecular structure that are

in a closer proximity to those that are further away, which in-turn morphs the previously unperturbed

electron density. Such a perturbation can shift Raman peaks away from stable wavenumber positions

[73, 149].
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2.3 Machine Learning

Machine learning is a �eld of technology that is a subset of arti�cial intelligence, it allows for machines

to learn from data to ful�l inference tasks and gradually self-improve. Machine learning o�ers myriad

opportunities to improve processes across diverse domains, spanning from scienti�c and �nancial sec-

tors, and even to applications in computer games [150]. Where once a human or standard computer

program would be used to carry out a task such as classi�cation or regression, the development of a

replacement, in the form of machine learning algorithms, has been necessitated by the ever-increasing

amount of available data required to be processed. This is further emphasised by the increase in

computational power in recent years. Machine learning algorithms are capable of improving model

performance by assessing output predictions or decisions, in contrast to standard computer programs

which lack this crucial aspect. This strategy employed by machine learning is termed `learning from

examples', and it is capable of learning previously unknown patterns in the data it is provided, without

being explicitly programmed to do so.

Machine learning can be broken down into two broad categories: supervised learning and unsuper-

vised learning, which are di�erentiated based on dataset knowledge that an algorithm has access to.

Supervised learning relates to tasks where both the input and output data are used when training a

model, ergo the data structure is already known. The input data is the information processed by the

algorithm, such as sets of Raman spectra, whereas the output data can be labels specifying a particular

class, or a value indicating the quantity of the associated data sample. The goal of supervised learning,

once a model is trained, is to assign previously unseen data to the correct class label in a classi�cation

task, or to make accurate predictions in a regression task. In contrast, unsupervised learning does not

involve the use of output data, hence the goal of such a task is to learn patterns and structures that

are conducive to both accurate and precise representations of an unlabelled dataset.

All machine learning systems usually divide the input data into multiple datasets. The model

is �t to a data partition named the training dataset, and the remaining two partitions are used as

inference datasets to evaluate model performance, which are given the names validation and testing.

After each iteration of �tting the model to the training dataset, the validation dataset is used to

provide an unbiased evaluation of the model, which is used to tune any relevant hyperparameters.

Once the model is trained, the testing dataset is used to provide a �nal unbiased evaluation of the

model using data that has neither been used to train the model, nor used to in�uence any adjustments

to model hyperparameters. Although there are numerous machine learning systems, such as decision

trees, instance-based learning, support vector machines, and ANNs, this section will only be focusing

on the ANN and its variants.
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2.3.1 Arti�cial Neural Networks and Variants

An ANN is a machine learning system that is capable of solving complex problems without user

in�uence, despite the relative simplicity of the algorithm. It is loosely inspired by biological neural

networks that compose the human brain. There are three main components that constitute an ANN:

nodes, which store a real number called an `activation', where larger values are said to be `more

activated' than lower values; connections, which are weights linking two nodes that can be tuned

during the training process; and activation functions, which map the output of one node into the input

of another. Nodes are assembled into a multi-layered structure called a neural network, where a layer

is a structure that receives information from previous layers, processes it in some fashion, and then

outputs it to the next layer - the processing of any one node in a layer is typically independent of other

nodes within that layer. There are three broad categories for layers: an input layer, which receives

external data - one data point per node - that is visible to the user; an output layer, also visible to the

user, which receives information from the previous layer and outputs the �nal result of the network;

and a hidden layer, of which an arbitrary number of these can exist between the input and output

layers, and are named as such due to being naturally hidden from the end user of the neural network.

The function of the neural network determines the purpose of each hidden layer, a number of examples

are presented in this section, for example: FC layers, convolutional layers, and activation layers. It is

common to use the term `blocks' to group a number of layers or entire neural networks together, which

is a useful level of abstraction to describe complex code succinctly.

Neural networks that contain three or more layers are categorised as deep learning, in part for the

ability to learn complex, non-linear features. The input of each node is calculated by the sum of all

incoming nodes in the previous layer multiplied by respective weighted connections. In addition, a bias

term is added to the equation that has a purpose of shifting the value required for a node to become

active. These nodes, weights, and biases can produce any arbitrary value, hence an activation function

is used to project the value to a point between a �nite range, which serves the purpose of enabling the

network to learn complex features. The basic equation for calculating the output of a node is

An = � (Zn ) = � (W nAn� 1 + b n ); (2.3)

where An� 1 and An are the vectorised forms of the node outputs in the previous and current layers,

respectively,Zn is the raw node value before the activation function,Wn is the weight matrix containing

the values of all weighted connections between the two layers,bn is the bias vector for the current layer,

and � is an arbitrary activation function. It is common for the weight parameters to be randomly

initialised using a Glorot uniform distribution [151], also called a Xavier uniform distribution, which

draws samples from a uniform distribution within a limit based on the combined number of input

and output units for the current layer. This random initialisation breaks the symmetry caused by

weight initialisation by a constant value, which would cause each node to receive the same signal. Bias
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parameters, however, are commonly initialised with a zero constant [152].

ANNs can be further divided into two categories: feedforwards networks and recurrent networks.

Feedforwards networks involve connections between nodes that do not loop back to nodes in previous

layers, thus information only �ows forwards from the input layer, through to each hidden layer, and then

to the output layer. This means that no past information in�uences the outcome of a node processing

present data until a model output is produced for that iteration, hence feedforwards networks are

commonly used to learn relationships between independent input variables, and dependent output

variables. Recurrent networks involve connections that do form loops. Consequently, information

processed in later layers can in�uence the outcome of earlier layers, hence this type of network is

typically used to make predictions on sequential or time series data. As the research conducted in this

thesis relates to the former category, the latter will not be expanded upon further. Figure 2.8 shows an

example feedforwards neural network with three layers called a multi-layer perceptron (MLP), these

standard layers are called FC layers.

Figure 2.8: Example feedforwards ANN, wherean
k represents the value of the kth node in the nth layer,

Wn represents the weight matrix for layer n, and bn represents the bias vector for layer n. Lastly, an
activation function (not shown) is used to scale the output of each node, where di�erent activation
functions can be used both within the same or di�erent layers.

In order to explain the concept of increasing levels of abstraction within deeper layers of a neural
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network, it will be bene�cial to �rst introduce a variant of an ANN: the CNN. This type of neural

network is commonly used to learn and recognise patterns in image data. Where a standard MLP uses

only FC layers, a CNN replaces some or all of these layers with convolutional layers. Each convolutional

layer contains multiple �lters, also called feature maps, which are two-dimensional collections of nodes

(in the case of image data) that receive information from a set of convolutions performed on a receptive

�eld - a portion of the entire �eld of view of an image - by a kernel operating on the previous layer.

An example convolution operation is shown in Figure 2.9.

Figure 2.9: Example convolution operation in 2D with two �lter kernels.

A more general case than Figure 2.9 involves multiple �lters in the input layer, in which kernels in

the output layer have a number of �lters equal to the number of �lters in the input layer, and each

corresponding node in an output �lter is the result of the element-wise sum of the three-dimensional

receptive �eld - i.e. (width, height, #�lters). The shape of the output along each dimension - except

the output �lter dimension, which is arbitrary - is given by the receptive �eld formula,

mout =
�

min � 2p + k
s

�
+ 1 (2.4)

where min and mout are the input and output feature sizes, respectively, p is the amount of zero

padding added to the end of the feature dimension, k is the kernel size, and s is the stride size, which

speci�es the number of pixels shifted over the input array between each receptive �eld.

Convolutional layers learn features about the image data, which are stored within each �lter, that

are typically then downsampled using a pooling layer, shown in Figure 2.10. This pooling operation has

the e�ect of maintaining the larger, more important structural features of a �lter, whilst simultaneously

removing �ner spatial details, which are undesirable as the goal of a CNN is to produce feature maps

that are shift-equivariant [153].
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Figure 2.10: Example maxpooling operation using a(2 � 2) pooling kernel with stride (2 � 2).

The learned feature maps in shallower layers of a CNN, those closer to the input layer, contain

lower-level features such as lines, edges, and basic shapes; feature maps in deeper layers can learn

higher-level features that are incredibly speci�c to a particular class within a dataset, such as cars,

buildings, and faces. This is due to the hierarchical decomposition of the input data, where the earliest

convolutional layer operates on the raw input values themselves, and later convolutional layers operate

on the output of previous convolutional layers, hence the concept of multiple convolutional layers

learning increasing levels of abstraction about the input data. Figure 2.11 showcases an example.
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