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Raman spectroscopy in biological tissue: influence of absorption
and scattering and detection of cervical precancer

Raman spectroscopy is increasingly used for the analysis of biological tissue due to its capabil-
ity to gain information about the molecular constitution non-invasively. This thesis comprises
a methodological analysis on the effects of absorption and scattering on Raman intensity and
measurement depth as well as a clinical study on the detection of cervical precancer with macro
raster scans. The influence of tissue absorption and elastic scattering on the Raman intensity and
on the sampling depth was investigated with Monte Carlo (MC) simulations and tissue phantom
measurements. The results are relevant for the comparison and interpretation of measurements
with varying absorption and scattering or different measurement geometries. The dependence of
the intensity on the absorption coefficient µa and the reduced scattering coefficient µ′s was mainly
determined by the radius of and the distance between excitation and detection area on the tissue
surface. For example, for pencil beam excitation and semi-infinite detection area, the intensity
was proportional to 1/µa and the influence of µ′s was fairly small. For µa and µ′s typical of the
near infrared wavelength range (NIR, µa = 0.01− 0.1 mm−1 and µ′s = 0.5− 5 mm−1), the shape
of the sampling volume was mainly determined by the scattering coefficient. In order to correct
for effects of µa and µ′s on the intensity, different correction methods were evaluated using simu-
lated data in a parameter range relevant for measurements in the NIR and the visible wavelength
range (VIS). The use of a lookup table-based correction function was found to be advantageous.
For the application in in vivo Raman analysis of skin carotenoids, experimental evaluation of
correction methods was performed with measurements on tissue phantoms with varying µa and
µ′s containing β-carotene, since an in vivo evaluation requires invasive high performance liquid
chromatography (HPLC) measurements of the carotenoid concentration. Correction using the
ratio of Raman and diffuse reflectance signal reduced the relative standard deviation (RSD) from
88% to 58% and a lookup table-based correction reduced the RSD to 16%. For in vivo measure-
ments of skin, a setup was designed and constructed for the combined measurement of Raman
scattering and spatially resolved reflectance for the determination of optical properties. The av-
erage change in Raman intensity of carotenoids due to the correction was 18% (n = 9) for values
measured on the palm. However, since the 63% sampling depth of a common setup for skin
carotenoid detection was determined to be around 0.4 mm, different tissue layers with indepen-
dent changes of µa and µ′s and different carotenoid concentration may contribute to the signal.
Since these influences cannot be separated in vivo, Monte Carlo simulations were performed with
a two-layer skin model. For correcting effects of varying µa (with constant µ′s), a ratio of Raman
and reflectance signal significantly reduced the variation of the measured Raman intensity for all
Raman scatterer distributions. If both µ′s and µa vary, the best correction method choice was the
lookup table-based correction. MC simulations were further used to guide the design of a NIR
Raman scanner for ex vivo tissue analysis. Raman spectroscopy-based discrimination of cervical
precancer and normal tissue has been shown previously in vivo with point-wise fiber probe-based
measurements of colposcopically selected sites. With a view to the development of in vivo large
area imaging, macro raster scans of native cervical cone biopsies with an average of 200 spectra
per sample (n=16) was implemented in this study. The diagnostic performance was evaluated us-
ing histopathological mapping of the cervix surface depending on the tissue pathologies included
in the analysis. The average performance of unsignificantly different classification procedures was
used for this comparison. The highest sensitivity (89%) and specificity (84%) was obtained for the
discrimination of normal squamous epithelium and high grade precancer. When other non-high
grade tissue sites such as columnar epithelium, metaplasia, and inflammation were included, the
diagnostic performance decreased.



4

Raman Spektroskopie in biologischem Gewebe: Einfluss von
Absorption und Streuung und Erkennung von Krebsvorstufen am
Gebärmutterhals

Die Anwendung von Raman Spektroskopie für die Analyse von biologischem Gewebe erfreut
sich derzeit wachsender Beliebtheit, da diese nichtinvasiv Informationen über die molekulare
Zusammensetzung des Gewebes liefert. Diese Arbeit umfasst eine methodische Analyse über den
Einfluss von Absorption und Streuung auf die Intensität des Signals und die Messtiefe, ebenso
wie eine Studie zur Erkennung von Präkanzerosen des Gebärmutterhalses mittels großflächiger
Ramanspektroskopischer Abrasterung. Der Einfluss von Absorption und Streuung auf die Sig-
nalintensität und die Messtiefe wurde mit Monte Carlo (MC) Simulationen und Messungen an
Gewebemodellen untersucht. Die Ergebnisse sind relevant für den Vergleich und die Interpreta-
tion von Messung an Proben mit unterschiedlicher Absorption und Streuung sowie Messungen
mit verschiedenen Messgeometrien. Die Abhängigkeit der Signalintensität vom Absorptionsko-
effizienten µa und dem reduzierten Streukoeffizienten µ′s wurde hauptsächlich durch den Radius
und Abstand des Anregungs- und Detektionskegels auf der Gewebeoberfläche bestimmt. Bei
Beleuchtung mit einem Nadelstrahl und einem halbunendlichen Detektor war die Signalintensität
proportional zu 1/µa und der Einfluss der Streuung gering. Bei Werten von µa und µ′s wie sie typ-
isch für Gewebe im nahinfraroten Spektralbereich (NIR) sind, wurde die Messtiefe hauptsächlich
vom Streukoeffizienten bestimmt. Um den Einfluss von µa und µ′s auf die gemessene Intensität
zu korrigieren wurden verschiedene Methoden anhand simulierter Ramansignale verglichen. Ein
Verfahren mittels simulierter Lookup-Tabelle für Korrekturfaktoren stellte sich als vorteilhaft
heraus. Zwecks Anwendung auf Ramansignale von Karotinoiden in der Haut wurden die Kor-
rekturmethoden durch Messungen an Gewebemodellen evaluiert. Die Korrektur mittels Division
durch das Remissionssignal reduzierte die relative Standardabweichung (RSD) von 88% auf 58%,
die Korrektur mittels Lookup-Tabelle reduzierte die RSD auf 16%. Für Messungen an Haut
wurde ein Aufbau zur kombinierten Messung von Ramanspektren und opti-schen Eigenschaften
konstruiert. Angewendet auf In-vivo-Ramanspektren vom Handballen zeigte sich ein durchschnit-
tlicher Korrektureffekt von 18% (n=9). Bei Haut können jedoch verschiedene Hautschichten mit
unabhängig variierendem µa und µ′s und verschiedenen Karotinoidkonzentration zum gemessenen
Signal beitragen. Simulationen eines Zweischichtmodells von Haut zeigten, dass bei variieren-
dem µa und konstantem µ′s die Korrektur mittels Division durch die Remission die RSD für alle
untersuchten Fälle der Karotinoidverteilung reduziert. Treten jedoch zusätzlich Variationen von
µ′s auf, war das Verfahren mit Lookup-Tabelle am erfolgreichsten. MC Simulationen wurden
auch benutzt um die Messtiefe eines NIR Ramanscanners für die Ex-vivo-Analyse von Konisa-
tionspräparaten vorherzusagen und das Optikdesign entsprechend zu wählen. In bisherigen Stu-
dien wurde die erfolgreiche kolposkopisch geführte Erkennung von Präkanzerosen am humanen
Gebärmutterhals durch punktweise Messungen mit Fasersonden gezeigt. Mit dem langfristigen
Ziel einer großflächigen In-vivo-Bildgebung wurden in dieser Studie Rastermessungen mit durch-
schnittlich 200 Spektren pro Konisat durchgeführt. Die diagnostische Genauigkeit wurde mittels
histopathologischem Mapping bewertet und abhängig von den in die Analyse eingeschlossenen
Gewebepathologien bestimmt. Dafür wurde die durchschnittliche Genauigkeit verschiedener Ver-
fahren verwendet, welche sich nicht signifikant voneinander unterscheiden. Die höchste Sensi-
tivität (89%) und Spezifität (84%) (n=16) wurde für die Diskriminierung von normalem Plat-
tenepithel und hochgradigen Präkanzerosen erzielt. Wenn weitere Messungen nicht-hochgradiger
Gewebeveränderungen wie Zylinderepithel, Metaplasie und Entzündungen eingeschlossen wurden,
verringerte sich die diagnostische Genauigkeit.
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Chapter 1

Scope and structure of this thesis

Raman spectroscopy is a powerful tool for the label-free, molecular analysis of biological tissue.

Since the first in vivo tissue measurements have been performed in the 1990s, the technique has

been increasingly used for various applications in biomedical research. Applications of biomedi-

cal Raman spectroscopy include the analysis of consumer meat [1], biomarker detection such as

carotenoids in skin [2, 3] or various fields of medical diagnostics such as detection of skin cancer

or cervical cancer [4–7].

For most in vivo tissue measurements, handheld optics or fiber probes are required to reach the

tissue site of interest. Depending on the required measurement depth, different measurement

geometries are used including confocal Raman microspectroscopy, Raman (macro) spectroscopy,

spatially offset or transmission Raman spectroscopy.

The Raman scattering molecules of interest are embedded in a complex tissue matrix, in which

absorption and scattering determine the light propagation. Absorption attenuates both the ex-

citation laser light as well as the Raman scattered light, depending on the optical path length.

Scattering influences the optical path length of the photons. Consequently, both the total signal

intensity as well as the sampling depth may vary depending on the absorption and scattering

properties of the tissue matrix, in which the molecules of interest are embedded [8]. This signal

variations might potentially be misinterpreted as varying concentrations of the analyzed Raman

scatterer.

The influence of absorption and scattering on the result of a Raman measurement depends also

on the data analysis method.

In case of a qualitative analysis where only peak positions are relevant, intensity variations are

irrelevant. However varying sampling depths in an inhomogeneous sample can lead to different

spectra. Therefore knowledge of the sampling depth depending on the optical properties such as

absorption and scattering is required for the interpretation of such measurements.

In case of a quantitative interpretation of absolute peak intensities, the relevance of optical prop-

erties of the matrix for the results is obvious. This is the case in resonance Raman measurements

of skin carotenoids. In many cases peak ratios are analyzed, where intensity variations, in the

case of a negligible wavelength dependency of the optical properties, cancel each other out [9].

However, this is not generally the case in biological tissue, e.g. absorption bands in the visible

1



2 Chapter 1. Scope and structure of this thesis

wavelength range may lay within the spectral region covered by the Raman spectrum.

In case of multivariate/chemometric data analysis, varying optical properties can be accounted

for in the training data set. However, due to the finite number of calibration samples, a correc-

tion of the signal for varying optical properties prior to multivariate data analysis may reduce

prediction errors of the determined analyte concentrations [10, 11]. In diagnostic applications, a

correction of signal intensities prior to the development of classification models might potentially

provide better discrimination of different tissue type.

Despite the relevance for data analysis, understanding the effects of absorption and scattering

on the sampling depth of the Raman intensity is also very useful for choosing or designing a

measurement setup for a specific task. For detection of epithelial cancer it would be disadvanta-

geous to choose an instrument which measures only superficial cells (e.g. the stratum corneum

in skin). Also, if the sampling depth is much larger than the depth of pathologically changed

tissue, unsystematic variations in the healthy tissue might obscure the signal contributions from

the cancerous tissue.

Implementation of optical diagnostics in the clinical routine is expected to reduce the number

of biopsies and would allow see-and-treat scenarios, which reduces heath care costs. This moti-

vates extensive research in the field of optical spectroscopy, including the evaluation of Raman

spectroscopy in clinical studies. Many studies use fiber probes to acquire spectra at a clinically

suspicious tissue site prior to a biopsy. In case of cervical precancer, fiber probe studies reported

very high sensitivities and specificities for precancer detection. A Raman diagnostic map would

be even more beneficial since small lesions can be missed with the probe based approach, which

further relies on preselection of measurement sites by colposcopy. This motivates developments

towards a wide area Raman analysis of tissue. Despite the technical developments, a detailed

evaluation based on a histopathological map of the tissue surface is required.

In this thesis, the effect of absorption and scattering on the Raman signal intensity as well as on

the sampling depth was investigated. Monte Carlo (MC) simulations were used to gain results

for a variety of measurement and sample geometries. Based on the simulated intensities, differ-

ent methods to correct for the influence of tissue absorption and scattering were compared. For

resonance Raman measurements of carotenoids in skin, correction functions were evaluated with

tissue phantoms and applied to in vivo measurements. A setup for the combined measurement

of Raman scattering and spatially resolved reflectance for the determination of optical properties

was designed and constructed. Furthermore, a setup optimized for the detection of precancer in

the epithelium of conization samples was constructed using Monte Carlo simulations to guide the

design. A clinical study using freshly excised cone biopsies was performed to evaluate Raman

spectroscopic raster scans of a large area on the cervix for detection of cervical precancer.

The structure of this thesis is as follows:

• Chapter 2 contains an introduction into tissue optics and Raman spectroscopy.

• In chapter 3, the most important materials and methods, including the constructed setups,

the Monte Carlo model as well as tissue phantoms and clinical study methods are described.
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• In chapter 4, the effect of sample optical properties (absorption and scattering) on the

intensity of Raman intensity is investigated using MC simulations for different measurement

and sample geometries. Possible correction functions are investigated and compared for

homogeneous samples as well as for a two-layer skin model.

• In chapter 5, the Raman sampling depth is investigated depending on absorption and scat-

tering of the sample and the measurement geometry.

• Chapter 6 is concerned with resonance Raman measurements of skin carotenoids. Specif-

ically the correction of the carotenoid signal for the influence of tissue absorption and

scattering is evaluated on the basis of tissue phantoms and in vivo measurements.

• Chapter 7 describes the application of Raman spectroscopy for the detection of cervical

precancer in an ex vivo clinical study, in which macro raster scans of conization samples

were evaluated with histopathological mapping

A specific introduction, based on the published literature, is given at the beginning of chapters

4 to 7. The data are discussed in the respective result sections. Summaries and conclusions

are provided as final part of each chapter. A general summary and outlook is given in the last

chapter.





Chapter 2

Introduction to tissue optics and

Raman spectroscopy

In this chapter, an introduction into tissue optics and Raman spectroscopy is given, while more

specific background information is given in the introductory parts of the results chapters 4 to 7.

2.1 Tissue optics

Tissue optics describes the propagation of light in scattering and absorbing tissue. It includes

e.g. the description of light tissue interactions, modeling of light propagation and measurement

of optical parameters. These aspects are summarized in the following because of their relevance

for Raman spectroscopy in biological tissue.

Light tissue interactions

For the propagation of light in tissue several light tissue interactions have to be considered includ-

ing absorption, scattering, refraction, and reflection [12]. A simple schematic for different types

of light tissue interactions, including the macroscopic optical properties (measurement quantities)

specular and diffuse reflectance as well as collimated and diffuse transmission is shown in Fig. 2.1.

Absorption of light in biological tissue arises primarily from hemoglobin, melanin and water [14].

The probability of a photon absorption per unit path length is given by the absorption coefficient

µa, which is the sum of the products of absorber concentration and cross section for all absorbers.

Depending on the wavelength, µa of biological tissue ranges from 0.001 to 10 mm−1 [14–16]. The

Lambert-Beer law describes the intensity loss due to absorption along the light path [14].

Light scattering in biological tissues originates from cell components to whole cells, most strongly

by structures whose size matches the optical wavelength and whose refractive index mismatches

that of the surrounding medium [14]. Due to scattering, incident light looses its directionality

[12]. The scattering coefficient µs is defined as the probability of photon scattering per unit

path length and is the sum of the product of scatterer concentration and scattering cross section

for all scatterers. In the VIS and NIR wavelength range, µs in biological tissue ranges from 1 to

5



6 Chapter 2. Introduction to tissue optics and Raman spectroscopy

Figure 2.1: Schematic of possible interactions of light and tissue including absorption, elastic
and Raman scattering. Transmission or diffuse reflectance depends on absorption, scattering and
sample thickness. Raman scattered light can be detected in transmission or backscattering detection
geometry (like diffuse reflectance). Figure was adapted from ref. [13].

Figure 2.2: Jablonski diagram showing possible light tissue interactions including absorption,
fluorescence, elastic Rayleigh scattering, and Raman (Stokes and anti-Stokes) scattering.

100 mm−1 [14–16]. Inelastic (Brillouin and Raman scattering) as well as elastic scattering occurs.

In Brillouin scattering, the energy difference corresponds to acoustic phonons.

Raman scattering changes the energy of the photon by the energy of the vibrational or rotational

transition in molecules. The number of vibrational modes in a molecules corresponds to the

remaining degrees of freedom, 3N (N is the number of atoms) minus the degrees of freedom for

translation and rotation. If the frequency of the scattered photon is lower (higher), the process

is called Stokes (anti-Stokes) Raman scattering, see Fig. 2.2. Raman scattering is derived from

the polarizability term α = P/E, where P is the strength of the induced dipole moment and

E the strength of the incident electric field. The larger the change in the polarizability during

the vibration (dα/dQk, Qk is the normal coordinate), the stronger the Raman transition. The

Raman signal of one Raman mode is usually called Raman band or Raman peak.

Another relevant mechanism in biological tissue is the generation of fluorescence, see Fig. 2.2.

The probability of Raman scattering is very low compared to the probability of fluorescence

generation. Orders of magnitudes of typical cross sections are 10−19 cm2 molecules−1 sr−1 for

fluorescence (extinction 1000 M−1 cm−1, quantum yield 0.01), while Raman cross sections are as

small as 10−23 cm2molecules−1 sr−1 for resonance (514 nm) Raman scattering of β − carotene
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and 10−31 cm2 molecules−1 sr−1 for water [17].

Elastic scattering in tissue can be described by a combination of Rayleigh and Mie scattering [15].

The probability of scattering into a certain direction relative to its incident direction is described

by the scattering phase function [16]. In tissue optics, the Henyey-Greenstein phase function is

typically used because it fits well to the observed scattering behavior [16]. An important param-

eter of the phase function is the anisotropy factor g, which is the expected value of the cosine

of the scattering angle. In biological tissue, forward scattering dominates, with most literature

values in the range of g = 0.7 to 0.99 [15]. Anisotropic scattering can be simplified as isotropic

scattering with constant phase function independent of direction by use of the reduced scattering

coefficient µ′s = µs (1 − g) [16]. The decrease of the radiance in the direction of z caused by

scattering can be described by an exponential function similarly as for absorption. The total

intensity attenuation due to absorption and scattering can be described by I(z) = I0e
−µtz, with

the total attenuation coefficient µt = µa +µs [12]. Light propagation in scattering and absorbing

media can be described by an integro differential equation, the radiation transfer equation [18, 19]

(here the stationary form for homogeneous, isotropic media) :

dL(r, s)

ds
= −(µa + µs)L(r, s) + µs(r)

∫
Ω̄

ρ(s, s̄)L(r, s̄)dΩ̄ +Q(r, s) (2.1)

where L is the radiance, r a position vector, s and s̄ denote directions of propagation, Q is

a volume source term, and Ω is a solid angle. ρ(s, s̄) is the probability of scattering from the

direction s into the direction s̄. The left hand side of Eq. (2.1) describes the change of the radiance

in direction of s. The first term on the right hand side describes the decrease of the radiance due

to absorption and scattering. The second term on the right hand side describes the increase of

the radiance by scattering from other directions into the direction of s. The last term describes

the increase of the radiance from a source.

Monte Carlo simulations

The radiation transfer equation cannot be solved analytically for many practically relevant sce-

narios. The gold standard for the calculation of light propagation in biological tissue are Monte

Carlo simulations, because the MC method is flexible for complex boundary conditions, source

terms, choice of the phase function and distribution of optical properties [16]. The principle of

MC simulations is that the quantity of interest (e.g. reflectance) is obtained as ensemble average

from the results of many random events. In case of light propagation, the trajectories of a large

number of photons are modeled as persistent random walk (where directions of subsequent steps

depend on the previous step) [14]. The photons are treated as particles without wave properties.

The photons are moved in the sample model until they are absorbed, hit the detector within the

acceptance angle or leave the volume of interest. Random numbers are used to produce random

variables, e.g. photon starting position, initial direction, mean free path, or scattering angles,

with correct statistical weight, so that for many random events a distribution of the variable

according to the probability density functions is obtained [16]. The probability density functions
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are determined by the optical properties like µa and µs. Instrumental parameters such as the

transmission properties and quantum efficiency of a real detector are usually neglected.

In this thesis, Monte Carlo simulations were used for different applications. MC simulations of

the Raman intensity depending on the optical properties of the tissue were performed for different

measurement geometries. Furthermore, the depth-dependent sensitivity of Raman spectroscopic

measurements was simulated. In addition, MC simulations were utilized to determine optical

properties from integrating sphere and spatially resolved reflectance measurements by compari-

son of simulated and measured values. The MC method for the simulation of Raman signals is

explained in Sec. 3.1. The determination of absorption and scattering coefficients is explained in

the following section.

Determination of optical parameters

Determination of optical parameters in vivo in real-time is useful for many diagnostic appli-

cations because optical parameters vary inter- and intra- individually or over time [15]. This

includes measurements in which diagnostic parameters are directly derived from optical property

measurements (e.g. oxygen saturation, hemoglobin, scattering power [20, 21] as well as measure-

ments using other spectroscopic modalities, such as fluorescence [22, 23] and Raman spectroscopy

[10, 24, 25], which are influenced by optical parameters.

The gold standard for the determination of optical parameters are measurements using an inte-

grating sphere spectrometer (ISS). However, the method requires the preparation of thin layers,

which is time consuming and impossible for in vivo applications. Spatially resolved reflectance

spectroscopy (SRR) can be used to determine optical properties in geometries where transmis-

sion measurements and preparation of thin layers are not possible, e.g. for the in vivo analysis of

tissue. The diffuse reflectance of the tissue is detected at various distances from the illumination

spot on the tissue surface and µa and µ′s can be determined based on an appropriate model

for the light transport. In contrast to the single-fiber and single-distance reflectance methods,

the SRR method does not rely on assumptions for the spectral dependency of the absorption or

reduced scattering coefficients. Different SRR variants were summarized in Ref. [26]. Many of

the SRR variants use fiber applicators in contact with the sample and fixed distances between

the fibers [27]. Alternatively, the detector is placed directly onto the sample surface [28]. Using

fixed distances between fibers has the advantage of compact and simple-to-handle probe heads,

but prior knowledge of the range of µa and µ′s-values is required in order to select the optimal

fiber separations and diameters. In many SRR setups, the results are obtained only for a few

wavelengths, which allows detection with photodiodes. It is also common to use a broadband

light source for illumination and spectrometers for detection [29] to record reflectance spectra for

several distances with one acquisition.

In this thesis, in vivo optical properties of skin were measured using a fiber probe-based SRR

setup, where the image of a SRR fiber probe on the skin surface is overlapped with the image

of a resonance Raman detection fiber bundle, see Sec. 3.3. The combined probe was used to

determine optical parameters which were then used to correct Raman intensities for the influence
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of absorption and scattering, see Sec. 6.4. This SRR setup was calibrated with measurements

on calibration phantoms with optical properties known from integrating sphere measurements.

For the determination of optical properties with integrating sphere spectroscopy, MC simulated

quantities were compared iteratively to experimental values by utilizing inverse MC simulation

[14, 16]. A lookup table containing simulated SRR data was used to determine optical parameters

from the calibrated reflectance values of the fiber probe-based measurement [25].

2.2 Raman spectroscopy

Raman spectroscopy is a powerful tool for the label-free, molecular analysis of (not only) bio-

logical tissue. Applications of Raman spectroscopy include the analysis of consumer meat [1],

biomarker detection such as carotenoids in skin [2, 3] or various fields of medical diagnostics such

as detection of skin cancer or cervical cancer [4–7]. In this section, the Raman cross section,

typical measurement setups and the factors determining the measured signal are summarized.

Also typical steps of spectra preprocessing and data analysis are described.

Raman cross section

The Raman cross section is proportional to the probability of an incident photon being scattered

as a Raman-shifted photon with a particular Raman shift [17].

The differential cross section β = dσ/dΩ with a unit of cm2 molecules−1 sr−1 describes the

probability that the photons are scattered into a solid angle of one steradian. It depends on

the angles of incident light and detection relative to the molecule and on the polarization of the

incident light [8]. The molecule orientation is averaged by definition [30].

The integrated Raman cross section σ, independent of the detection geometry and polarization

of incident light, is obtained by integration of β over the whole solid angle [8, 30]. However, it

is rarely measured because an integrating sphere is required for the measurement [8]. Another

important characteristic is the depolarization ratio, which is the ratio between Raman intensities

for polarized detection perpendicular and parallel to the incident polarization, respectively. The

depolarization ratio depends only on the symmetry of the Raman tensor of the Raman mode

under consideration [30]. For a depolarization ratio of 1 (random polarization), the relationship

of σ to the differential cross section is [30]

σ =
dσ 4π

dΩ
. (2.2)

The frequency dependence of the Raman cross section for each vibrational mode is:

β = β0ν̃0(ν̃0 − ν̃)3 (2.3)

where ν̃0 is the laser frequency, ν̃ the frequency of the vibrational mode, and β0 the frequency-

independent cross section. This means that higher laser frequencies (lower laser wavelengths) lead

to higher Raman signals. The frequency-dependence is however much stronger when the laser
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frequency is near an absorption, corresponding to an electronic transition in the investigated

molecule (i.e. resonance Raman scattering). An equation for the frequency dependence of β in

case of resonance Raman has been given by Albrecht and Hutley [31],

β = kν̃0(ν̃0 − ν̃)3

(
ν̃a

2 + ν̃0
2

(ν̃a
2 − ν̃0

2)2

)2

(2.4)

where ν̃a is the frequency of the electronic absorption and k a constant.

The range of Raman scattering cross sections without any enhancement covers about two orders

of magnitude. Molecules with extended π electron systems (e.g. β-carotene) have a larger cross

section because the electrons are more easily polarized. Resonance enhancement of β-carotene can

increase the Raman cross section by 5 orders of magnitude. Due to the fact that (nonresonant)

Raman scattering cross sections are often 6 to 8 orders of magnitude smaller than fluorescence

cross sections, fluorescence interference is a common problem of Raman spectroscopy. [17]

Typical measurement setups

Raman spectroscopy is applied in various measurement geometries for research applications, re-

alized either in experimental open beam configurations, commercial benchtop setups, handhelds

[32], or a variety of different fiber probe designs [33].

The smallest sampling volumes (i.e. highest spatial resolution) in (linear) Raman spectroscopy

can be achieved with confocal Raman setups, where an excitation spot is focused to about 1 µm

and a high NA (numerical aperture) detection is applied. An additional pinhole is used to reject

out-of-focus photons. Confocal Raman microscopy can be applied to the analysis of single cells

and thin tissue sections. In handheld or fiber probes, the confocal pinhole can be realized by

the core diameter of a collection fiber. A confocal fiber probe fitting into a 2.8 mm endoscopic

channel was been built by Day et al. in order to maximize the signal contribution of the epithe-

lium of the oesophagus and to minimize contributions of deeper tissues which are considered as

diagnostically irrelevant [34].

In spatially offset Raman spectroscopy (SORS), a lateral distance between excitation and detec-

tion on the surface is utilized to facilitate subsurface detection [35]. Potential applications are

e.g. tumor margin assessment [36] or detection of breast calcifications [37].

In transmission Raman spectroscopy the detection optic is placed on the opposite site of the

sample. This has been shown to be advantageous for the analysis of relatively thick samples

where scattering dominates over absorption, such as pharmaceutical tablets and bones [38]. The

larger sampling volume compared to backscattering spectroscopy leads to improved averaging

over inhomogeneities, and thus higher accuracy and precision for the analysis [38].

Other methods include time resolved detection, which is applied to reduce the contribution of

fluorescence and facilitate subsurface detection [39, 40].

For tissue imaging, nonlinear Raman spectroscopy is applied in coherent anti stokes Raman Spec-

troscopy (CARS) and stimulated Raman spectroscopy (SRS) microscopy, which can selectively

image certain Raman bands of tissue [41, 42].
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In surface enhanced Raman spectroscopy (SERS), the Raman signals of molecules or functional

groups which are in close proximity to a rough metal surfaces or nanostructures are enhanced.

The effect has great potential when used with a label and an antibody, which allows immunostain-

ing of tissue analogously to immunofluorescence staining, but with a much higher multiplexing

capability than fluorescence labels [43, 44].

In this thesis work, measurements with (linear) backscattering Raman (macro) spectroscopy were

simulated and performed experimentally and simulated data were analyzed also for a SORS mea-

surement geometry.

The measured signal intensity

The measured Raman intensity depends on various sample and measurement setup dependent

variables. According to McCreery the measured Raman signal intensity S can be generally

described by [8]:

S = P β D K A Ω T Q t (2.5)

where,

• P is the laser power density (photons s−1cm−2),

sample variables are:

• β, the differential Raman cross section (in cm2 molecules−1 sr−1)

• D, the number density of Raman scatterers (in molecules cm−3)

detection optics variables are:

• A is the sample area monitored by the spectrometer (cm2)

• Ω is the collection solid angle of the spectrometer at the sample (in sr).

• T is the transmission of the optical system

• Q is the quantum efficiency of the detector (in photoelectrons per photon)

• t is the exposure time

The factor K (in cm) depends on the measurement geometry, as well as on absorption and

scattering. In the 180◦ backscattering geometry of a transparent sample, K is either the sample

thickness or the depth of field of the spectrometer, whichever is smaller. The volume given by

the product of K and A can be considered as the sampling volume [8].

In addition to the factors of equation Eq. (2.5), a local field correction is required to make

Raman intensities from Raman scatterers in media with different refractive index n, e.g. different

solvents, comparable. This is because the electromagnetic field strength at the location of the

Raman scatterer depends on the local optical dielectric constant and the resulting refractive index

[45].
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The collection solid angle Ω depends upon the sample refractive index [45] because n influences

the angles in which the photons leave the sample. As it was recently described for reflectance

spectroscopy [46], absorption also influences the angular distribution of backscattered photons.

Absorption of both laser light and Raman scattered light by the sample is relevant, especially in

resonance Raman spectroscopy [8]. Elastic scattering affects the sampling volume. Such sample

variables can affect both relative and absolute peak intensities [8]. The influence of absorption

and scattering on the Raman intensity depends on the measurement geometry [47]. In the 180◦

backscattering geometry, in the limit of a thick sample or a high absorption coefficient, the factor

K for the path length is the inverse of the sum of µa at excitation and Raman shifted wavelength

([8, 48]).

In this thesis, investigation of the effect of absorption and scattering on the Raman intensity

and sampling depth for different measurement geometries as well as the evaluation of correction

methods is the focus of chapter 4, 5, and 6. Previously used correction procedures for absorbing

or scattering samples are summarized in the introduction of chapter 4. Applying a correction

method can be considered as one step of data preprocessing. Eq. (2.5) as used by McCreery [8]

corresponds to Eq. (4.6) in Sec. 4.3, for the Raman signal in absorbing and scattering media as

described in this thesis, if β D = µRaman, S
(P t) = RamT , A Ω T Q = s, and K = l0 F

−1.

Spectra preprocessing

Before (raw) Raman spectra of tissue can be analyzed in order to obtain quantitative information,

pre-processing is typically required in order to account for features of the spectra which are not

correlated with the analyzed chemical constituents. Typical sources of spectral variation are [49]:

• Noise due to photon statistics (shot noise)

• Cosmic spikes

• Baseline variations

• Signal contributions originating from the measurement setup

• Signal modulations (multiplicative effects) due to

– Laser variations

– Instrument response (transmission and detector response)

– Sample scattering and absorption

Some studies compared different preprocessing methods and the most robust (combination of)

method(s) for the specific data was chosen. For example, Afseth et al. compared several methods

for various biological data and the ability to extract robust quantitative information was evalu-

ated [49]. They found in that Standard Normal Variate (SNV), Multiplicative Scatter Correction

(MSC) and extended MSC (EMSC) in their basic forms without prior baseline correction could

not handle the baseline features and provided no additional benefits compared to baseline cor-

rection and total intensity normalization alone.
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Ideally, the calibration/training data set should include all expected chemical as well as physical

data variation to avoid a drop in performance when applied to independent test data. A cor-

rection of non-chemical signal variations prior to multivariate modeling may reduce the size of

the calibration data (see [50] for IR spectroscopy) and was shown to reduce the prediction error

considerably [10, 11].

In this thesis, preprocessing in resonance Raman spectroscopy was limited to baseline removal

and normalization to the laser (despite the correction for absorption and scattering). This was

sufficient because the resonance Raman signal of carotenoids is clearly visible in raw spectra on

a spectrally broad background. Methods for the correction of absorption and scattering effects,

summarized in the introduction of chapter 4 of this thesis, were applied subsequently. For the

analysis of NIR spectra of cervical tissue, all the listed preprocessing steps were required prior to

classification, because the tissue Raman signal was hidden in a large fluorescence and instrument

background in addition to a large influence of the instrument response. Details are described in

Sec. 3.6.

Data analysis of Raman spectra

Since the data analysis methods vary considerably among different groups and studies, common

steps are summarized in this section. The methods used in this study are described in chapter 3.

Following a suitable data preprocessing, the spectra might be analyzed by univariate or mul-

tivariate methods in order to obtain quantitative information about the samples constituents.

Prerequisite for a univariate analysis is a distinct Raman peak (or peak ratio) with a significant

variation in peak intensity. This situation is found for example in the case of resonance Raman

spectroscopy of carotenoids, where the distinct peaks of selectively excited carotenoids are super-

imposed onto a broad fluorescence background. In contrast, fingerprint Raman spectroscopy is

often governed by the problem that small spectral variations arise from changes in the concen-

tration of several tissue constitutions and that large parts of the spectral variations may have no

correlation to the parameter of interest. Therefore, multivariate analysis of the whole spectrum

is required to analyze such spectral variations.

Multivariate analysis can be used to determine chemical concentrations in complex samples con-

taining components with overlapping spectral features. It can also be used to create diagnostic

classification algorithms. Prior to multivariate analysis, the data is typically reduced in com-

plexity by principal component analysis, wavelet transformation, etc. with the aim to use only

a relevant subset of the data. Subsequently, quantitative information can be obtained using a

multivariate calibration method such as principal component regression, partial least squares re-

gression, etc. For diagnostic purposes, the spectra can be classified in two or more classes by

supervised classification methods such as linear discriminant analysis, artificial neural networks,

support vector machines, soft independent modeling of class analogy, k-nearest neighbor analy-

sis, logistic regression, etc. Without any calibration model, cluster analysis such as hierarchical

or k-means cluster analysis can be used to obtain information about the similarity of spectra,

which is often used for unsupervised image analysis. A detailed description and comparison of
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all the mentioned methods is not the scope of this thesis. An overview over the methods used

for diagnostic applications was given by Krafft et al. [51]. The methods which were applied for

analysis of cervix spectra are explained in the Sec. 3.6.

A calibration or classification model requires training with data of known concentrations or class

memberships. In order to obtain a realistic measure of the model performance, the model evalu-

ation must use independent data. The set of n spectra can be split into k subsets, of which one

subset is used to test the classification model and the k-1 subsets are used for training. After

training and testing performed once, a different subset is used as test subset and the remaining

subsets are used for training (k-fold cross validation). For small data sets, leave-one-out-cross

validation is often used, which corresponds to k=n. The model building process sometimes in-

cludes optimization by parameter tuning or feature selection. In this case, it is essential to ensure

that the optimization is carried out with data which are independent from the validation data.

The performance of the chemometric analysis is often described by the so called prediction er-

ror RMSEP (root mean square error of prediction). In diagnostic studies using classification

methods, the performance is usually assessed by predicting a class membership, which is then

compared to the true class membership as determined by histopathology. The performance is

most often given as the sensitivity (true positive classification rate), the specificity (true negative

classification rate) and the classification accuracy (fraction of correctly classified spectra). Even

though only few publications on Raman diagnostics do so yet [52], it is useful to determine a

confidence interval for the obtained performance values in order to facilitate comparison of dif-

ferent diagnostic tests. The reason is, that results might depend on the specific data used in the

model development and validation, and small data sets might lead to confidence intervals which

are too large to allow conclusions such as that the new method performs better than existing di-

agnostic tests. Calculation of confidence intervals can be achieved using resampling methods like

bootstrapping and repeated k-fold cross validation [7, 52–54]. In order to assess the significance

of the results in comparison to a null distribution, which is the distribution of results obtained if

there is no correlation between spectra and histopathology, the classification procedure including

resampling can be done using randomly assigned class labels [52].



Chapter 3

Materials and Methods

3.1 Monte Carlo method

Monte Carlo simulations of light propagation in tissue were applied for the determination of

Raman and elastic scattering intensities and Raman sampling depths.

Theoretical description of the MC method

The MC code applied in this thesis and the description presented in this subsection was published

in reference [55]. The following definitions are used:

• position vector: r, unit vector defining propagation direction: s

• Radiance : L(r, s) in units of photons/(s mm2 sr)

• Q is a volume source term for radiance

• Ω is a solid angle

• Phase function for elastic scattering: ρ(s, s̄)

• Total radiance : Φ(r) =
∫
Ω

L(r, s)dΩ in units of photons/(s mm2)

• Detector signal: S corresponding to an excitation power of 1 photon/s

• Scattering coefficient: µs in units of mm−1

• Reduced scattering coefficient: µ′s in units of mm−1

• Total attenuation coefficient: µt=µa + µs in units of mm−1

• Raman-scattering cross section: σRaman in units of mm2

• Number density of the Raman active molecule: cRaman in units of mm−3

• Raman-scattering coefficient: µRaman = σRamancRaman in units of mm−1

15
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Figure 3.1: Simulated trajectories of excitation photons (green) and trajectories of detected pho-
tons from an isotropic point source at position r (red). In the shown example, the excitation is
simulated with a pencil beam and the Raman detection is a circular area with finite diameter.
Image provided by Dr. Ingo Gersonde.

As the number of Raman scattering processes is very small compared to elastic scattering and

absorption, the explicit Raman scattering process was neglected in the MC simulation. Instead,

a Raman scattered photon is generated for each absorbed photon in the model. This is a valid

model assumption because the aim of the MC model is to simulate the propagation of Raman

photons determined by absorption and elastic scattering, which is independent from the origin

of Raman photons, see Eq. (3.3). Multiple Raman scattering of photons was neglected because

µRaman � µa, µs. This means that Raman scattered photons can be absorbed and elastically

scattered, but cannot be Raman scattered again. In this case, a radiance Lexc describing the

distribution of excitation light at wavelength λexc as well as a radiance LRaman for the distribution

of Raman scattered light (with the Stokes shifted wavelength) can be defined. Lexc and LRaman

are given by the radiative transport equation Eq. (2.1) with optical parameters corresponding to

the excitation or Stokes shifted wavelength: The illumination is taken into account by boundary

conditions of the radiation transport equation and Qexc = 0 (the volume source term of the

excitation light). Assuming that Raman scattering is isotropic, the Raman signal can be described

by

SRaman =

∫
r

f(r)Φexc(r)µRaman(r)d3r =

∫
r

f(r)nRaman(r)d3r (3.1)

where the detected Raman signal for an isotropic point source of radiation located at r is f(r)

(see Fig. 3.1) and nRaman is the number density of Raman scattering events.
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A function w(r) describing the spatial sensitivity distribution of the Raman measurement can be

defined:

w(r) := f(r)Φexc(r)→ SRaman =

∫
r

w(r)µRaman(r)d3r (3.2)

In the following, the sampling volume of the Raman measurement is considered to be the range

of r-values where w(r) is large.

The radiance Φexc is given by the ratio of the number density of absorption and scattering

processes and the corresponding coefficients for the excitation radiation:

Φexc(r) =
nRaman(r)

µRaman(r)
=
nexca (r)

µa(r)
=
nexcs (r)

µs(r)
(3.3)

This relation allows that Φexc can be represented by an ensemble of either absorption or scattering

processes with the corresponding number densities (nexca (r) or nexcs (r)), which are gained from an

ensemble of excitation photons. This leads to

w(r) = f(r)
nexca (r)

µa(r)
= f(r)

nexcs (r)

µs(r)
(3.4)

In principle, f(r) can be calculated with an ensemble of Nphoton photon trajectories. The photons

start at position r with an isotropic distribution of initial directions and the number of photons

which hit the detector is counted. In the Monte Carlo method applied in this thesis, SRaman is

calculated in the following way: An ensemble of Na absorption positions ra of excitation photons

results from the calculation of the trajectories ofNphoton excitation photons. One Raman scattered

photon is initiated at each absorption position. The number of photons which hit the detector

are counted. As the quantity ra is a random variable with probability density nexca (r), SRaman is

given by

SRaman =

∫
V

f(r)
nexca (r)

µa(r)
µRaman(r)d3r = lim

Nphoton→∞

1

Nphoton

Na∑
i=0

di
µRaman(ra,i)

µa(ra,i)
, (3.5)

where di = 1 if the photon hits the detector and di = 0 if not. Normalization of SRaman to

an excitation power of one photon per second leads to the factor 1/Nphoton. The elastic diffuse

reflectance R of the sample is determined by the number of excitation photons detected at the

sample surface. In the results shown in chapter 4 and 6, the elastic diffuse reflectance signal is

also normalized with 1/Nphoton. For a model of a stratified medium where all quantities depend

on the depth coordinate z a depth sensitivity function wz(z) was defined, which is the integral of

w(r) over lateral coordinates, leading to

SRaman =

∫
z

wz(z)µRaman(z)dz (3.6)
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Figure 3.2: Schematic of measurement geometries and two-layer skin model. Variables of the
measurement geometry are the fiber radius r, the distance between excitation and detection area
dist, the NA of the fibers (or lenses in case of a non-contact measurement), as well as the refractive
index n (*according to Ref. [56]) of the medium in contact with the sample.

It follows for a homogeneous medium that
∫
z
wz(z)dz is the Raman signal normalized by the

molecule specific µRaman, which is also termed RamT /µRaman in chapter 4 and 6 and [25]. Fur-

thermore, ∆z wz(z)/
∫
z
wz(z)dz is the fraction of the detected Raman signal originating from a

layer with thickness ∆z. Unless mentioned otherwise, the Stokes shift of the Raman photon en-

ergy was neglected for the sake of simplicity. The change in optical properties due to the Stokes

shift was accounted for by using the average values for µ′s and µa at excitation and Stokes shifted

wavelength. Furthermore, a Henyey-Greenstein phase function for the elastic scattering was used.

Modeling different measurement geometries

The variables used to describe measurement geometries in the Monte Carlo model are:

• excitation spot radius rex and the detection spot radius rdet on the sample surface

• The distance dist between the centers of the excitation and detection area on the sample

surface

• The numerical aperture NAex and NAdet of the excitation and detection optics

• The refractive index n of the medium in contact with the sample surface

• The angles of the excitation and detection light cone relative to normal incidence in case of

oblique incidence

The sizes and positions of the excitation and detector area, correspond to the sizes and center-

to-center distances of the fibers, if the the simulated probe is assumed to be in contact with

the tissue, see Fig. 3.2. In cases when the fiber bundles were imaged on the sample surface, the

parameters correspond to the images of the fiber endfaces. For simplicity, the fiber bundles for

the resonance Raman detection were assumed to correspond to one fiber with the diameter of

the envelope, as shown in Fig. 3.3. For this measurement geometry, the trajectories are shown in
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Figure 3.3: Schematic of the measurement geometry in the MC model for simulating measurements
with the setup described in Fig. 3.8. The dark grey circles correspond to the images of the detection
fibers while the light grey circle corresponds to the image of the excitation fiber. The green circles
corresponds to the detection spot as assumed in the MC model.

Fig. 3.4 for two combinations of µa and µ′s.

The distance dist is zero except when r is varied as specified in order to calculate results for

SORS measurements.

The NA was mostly set to NA = 0.22, as this is the NA typical for optical silica fibers unless

mentioned otherwise. In the resonance Raman setup, the NA was modified by imaging optics to

0.04 for the Raman excitation and to 0.15 for the Raman detection channel (results in chapter 6).

For simulating the geometry of the Raman tissue scanner, the NA was set to NA = 0.5 (results

in chapter 7). For the data with large measurement spots (r = 1 mm or carotenoid measurement

setup), the effect of the NA was found to be negligible for optical parameters in the VIS (see

chapter 4) and NA = 1 was used for the data in Sec. 6.2 to save computation time. The results

were multiplied accordingly by a constant factor.

The refractive index of the medium adjacent to the sample surface is n = 1 in case of non-contact

measurements. This was the case for all the results in chapter 4, except when n was varied

to simulate a contact measurement with a silica fiber. In chapter 5, where the measurement

geometries were assumed to correspond to fiber probes (contact measurement), n = 1.45 was

used except when n was varied to simulate the influence of the adjacent medium.

Oblique incidence and detection was not simulated in this work. In the model of the measurement

geometry of the combined spatially resolved reflectance and resonance Raman setup, the oblique

incidence and detection was neglected.

Modeling different sample geometries

The variables used to describe different samples geometries are:

• The sample thickness

• The number of homogeneous sample layers

• The thickness of each layer

• The refractive index of each layer

• Optical properties µa, µ
′
s of each layer
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Figure 3.4: Illustration of the Monte Carlo simulation for Raman measurements in turbid media
by photon trajectories. Only the trajectories of Raman photons reaching the detector in this
measurement geometry are shown. An isotropic Raman scattering event occurred somewhere on
each of the shown trajectories. a) schematic for 3 detected Raman photons, the excitation area with
radius rex = 1.5 mm is symbolized in grey color and the detection area is symbolized in green with
radius rdet = 0.7 mm. For the sake of visibility of individual trajectories, the trajectories in b and
c correspond to 103 incident photons in contrast to the higher photon numbers used to obtain the
results. b) simulation for µa = 1mm−1 and µ′s = 10mm−1 and c) simulation for µa = 0.1mm−1 and
µ′s = 1mm−1. For simplicity, µa and µ′s was the same for excitation and Raman scattered photons.
Figure adapted from Ref. [25].

• A logical parameter which makes one layer Raman active

In this thesis, the samples were assumed to be semi-infinite, except for section 6.2 where the

thickness of the silicone phantoms was 5 mm. The samples were assumed to be either a one or

a two-layer system. In case of the skin model, the top layer (corresponding to the epidermis)
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was assumed to be 0.1 mm thick and in case of cervical tissue the top layer (corresponding to

squamous epithelium) was assumed to be 0.3 mm thick, on top of a semi- infinite bottom layer.

Raman scatters were either in the top or the bottom layer, or in both layers. The refractive index

of skin was chosen to be n = 1.43 for the epidermis (including stratum corneum) and n = 1.38

for the dermis in the wavelength range of interest, as measured by Ding et al. [56], see Fig. 3.2.

The refractive index of cervical tissue was chosen to be 1.4 for both layers.

3.2 Silicone tissue phantoms with varying µa and µ′s

Tissue phantoms made from silicone rubber were produced to serve as samples with defined

optical parameters for the purpose of calibration and evaluation. The description of the phantoms

containing β-carotene was published in Ref. [25] and the description of the layer phantoms was

given in Ref. [57].

Phantoms with β-carotene

In order to determine the dependency of Raman signals on absorption and scattering experimen-

tally, tissue phantoms (see Fig. 3.5) were produced using β-carotene as Raman scatterer which

could be measured with the resonance Raman setup (see Sec. 3.3). As previously described in

Ref. [25], 39 tissue phantoms with µa = 0.2 − 4 mm−1 and µ′s = 0.1 − 8 mm−1 were produced.

Silicone (Wacker, RT 601) was used as base material in addition to red silopren color paste (GE

Bayer Silicones) as an absorber and titanium dioxide (P25, Degussa-Huls) as a scatterer. They

were produced in 5 series, each series from one fresh mixture of the carotene stock and silicone.

Four series had an increasing µa and a constant scatterer concentration, but µ′s-values increasing

from 2, 4, 6, and 8 mm−1 due to the scattering absorber paste. One series had a constant µa

(µa = 0.27 mm−1) and µ′s increased from 0.1 to 8 mm−1. β-carotene (Fluka) was first dissolved

in methylene chloride and the solution was mixed with paraffin (Vaseline, Unilever) in order to

ensure that the highly lipophilic was completely dissolved before it was mixed with the silicone.

The final β-carotene concentration in the phantoms was 10µg/ml. The absorption coefficient of

a transparent phantom with this concentration of β-carotene was determined to be 0.07 mm−1 at

488 nm. The Raman spectra were measured on the day of preparation and the phantoms were

kept in the dark. For the determination of the optical properties, a thin layer from each phan-

tom mixture was used for measurements with an integrating sphere spectrometer (Lambda 900,

Perkin Elmer). The total transmission, diffuse transmission and diffuse reflectance was measured

and used as the input parameters for an inverse Monte Carlo algorithm to yield µa, µs and g.

The reduced scattering coefficient was calculated from µs and g for comparison with the spatially

resolved reflectance measurement, which only allows determination of µa and µ′s.
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Figure 3.5: Picture of silicone phantoms containing different concentrations of red silopren color
paste as absorber and titanium dioxide as scatterer.

Phantoms with polyethylene layer

Tissue phantoms were required to determine the depth-dependent sensitivity of the NIR Raman

tissue scanner. As described in Ref. [57], silicone tissue phantoms were produced using a trans-

parent silicone (Bluesil ESA 7250 A and B, Bluestar Silicones) mixed with Silopren LSR color

paste (GE Bayer Silicones) as absorber and titanium dioxide (TiO2 P25, Degussa-Huls) as a

scatterer. In order to cover the range of typical optical properties in the NIR, concentrations of

0.0033 % and 0.033 % (mass fraction) color paste and 0.3, 0.6, 1.2, and 2.4 % TiO2 were chosen,

aiming at 8 phantoms with combinations of µa=0.01 and 0.1 mm−1 and µ′s=0.5, 1, 2 and 4 mm−1.

The resulting optical properties were determined as described in section 4.1. Thin layers with

thicknesses of 50, 100, and 250µm were produced. A 80µm thick polyethylene (PE) layer was

shifted downwards in steps of 50µm within a stack of thin silicone layer phantoms after each

acquisition (see Fig. 3.6), with a constant total thickness of about 1mm (the actual thickness

was measured for each experiment). Representative spectra are shown in Fig. 3.7, containing the

constant characteristic peaks of silicone as well as the characteristic peaks of PE, which change

in intensity dependent on the depth of the PE layer in the silicone stack. The intensity of the

PE peak at 872 nm (the backbone vibrational twist around 1290 cm−1) was analyzed depending

on the position of the PE layer in the phantom.

3.3 Combined setup for resonance Raman spectroscopy and spa-

tially resolved reflectance measurement

The description of this measurement setup has been published previously [25]. For the correlation

of Raman spectra and optical properties in inhomogeneous samples like human skin, it must be

ensured that Raman intensities and optical properties are measured at the same skin site. In the

applied set-up shown in Fig. 3.8, separate fibers or fiber bundles for the Raman excitation, the

Raman, and the spatially resolved reflectance measurement were combined in one measurement

head. An angled arrangement allowed that the images of the three fiber bundles overlapped on

the sample surface.
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Figure 3.6: Schematic of silicone layer phantoms used to determine the Raman sampling depth of
the NIR Raman tissue scanner. A layer of polyethylene is moved downwards in a stack of silicone
phantoms after each aquisition. The arrow corresponds to the direction of laser illumination. The
figure was adapted from Ref. [57].

Resonance Raman spectroscopy

Resonance Raman scattering of carotenoids was measured with an argon laser at 488 nm (Laser

2000 GmbH) using a clean-up filter (max line, AHF Analysentechnik AG). For the detection a

CCD based spectrometer (Triax 320, Horiba Jobin Yvon) with the CCD chip cooled to −20◦C

and a 1200 l/mm grating was used. An exposure time of 10 s was used in all measurements.

The laser as well as the detection fiber bundle were imaged onto the sample surface. The laser

power was ≤ 2 mW/mm2. The radius of the excitation area rex was 1.5 mm and the radius of

the detection area rdet was assumed to be 0.7 mm in the MC model, which was the radius of the

circle around the image of the four detection fibers, see Fig. 3.3. The raw spectra were fitted

with a nonlinear least square fit of the sum of a Lorentzian shape (width=0.75 nm) and a linear

background (in a wavelength interval of 5 nm around the peak center) in order to extract the

Raman intensities of the C=C stretch vibrations of β-carotene at 1524 cm−1 (at 527 nm). The

intensity of the backscattered laser light which was transmitted through the long pass filter (edge

basic, AHF Analysentechnik AG) was also evaluated.

Spatially resolved reflectance measurement

“The spatially resolved reflectance measurement is based on a customized fiber bundle, which

consists of 58 multimode silica fibers, each 200 µm in diameter with NA= 0.22 (Fiberguide

Industries). One central illumination fiber is surrounded by 3 concentric rings of detection fibers

with n=8, 19 and 30. The fiber bundle was imaged onto the sample surface at an angle of 20◦ to

avoid detection of specular reflection and to allow for the arrangement of the three channels in the
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Figure 3.7: Spectra of silicone phantom with µa = 0.01 mm−1 and µ′s = 0.5 mm−1 including
the PE layer, which is gradually moved down in the stack of silicone layers. The inset shows the
decreasing intensity of the PE Raman signal with depth of the PE layer in the stack of silicone
layers. The depth is given in the legend in µm. Figure adapted from Ref. [57].

measurement head in one plane. The resulting source-detector distances are 0.4, 0.8, and 1.3 mm

for the respective rings, which are the average distances of the slightly distorted image. The fibers

of each detection ring are bundled and fixed in close proximity to photodiodes (PDB-C160SM,

Laser Components). The amplification was varied automatically for each readout to optimize

A/D conversion. The background signal was acquired automatically before each measurement

and subtracted. The reflectance signals were normalized to the illumination power, which was

measured simultaneously (see Fig. 3.3). The optical properties of the sample were measured at

the Raman excitation wavelength with the argon laser at 48 nm and close to the Raman peak

with a frequency-doubled Nd:YAG laser at 532 nm. The use of lasers instead of white light was

motivated by the fact that simple photodiodes can be used for the measurement, without spectral

filtering of the reflected light” [25].

Lookup table-based determination of µa and µ′s

In order to determine the optical properties of the samples from the spatially resolved reflectance

values, a lookup table (LUT) was used. A LUT is a table which contains simulated reflectance in-

tensities for each source-detector distance for various combinations of µa and µ′s. The reflectance
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Figure 3.8: Schematic of the combined setup for resonance Raman spectroscopy and spatially
resolved reflectance measurement. S1-S2: shutters, DM: dichroic mirror, BS: cover slide as beam-
splitter, FL: focusing lens, PD1: photo diode for laser reference; PD2-4 photo diodes for each ring of
reflectance detection fibers of OF3, OF1: optical fiber for Raman excitation, OF2: fiber bundle for
Raman detection, OF3: fiber bundle for spatially resolved reflectance excitation and detection. The
central illumination fiber is surrounded by concentric rings of detection fibers in different distances
r =0.4, 0.8 and 1.3mm from the center. L1: lens system with magnification M=5 including laser
clean up filter, L2: lens system with M=1.5 including long pass filter, L3: lens system with M=1,
L4: lens system with M=1.8 for coupling to the spectrometer (SP). Figure adapted from Ref. [25].

intensities were simulated with the Monte Carlo code described in section 3.1 with the detector

modeled as 200µm fibers in the respective distances from the illumination. Input parameters

other than µa and µ′s (sample geometry, anisotropy factor and refractive index) were constant

within the LUT. The raw data of the reflectance measurement were multiplied with calibration

factors in order to make the measured values comparable to the simulated values. For the de-

termination of calibration factors a set of 3 calibration phantoms with known optical properties

was used. The calibration phantoms were chosen with values of µa and µ′s in the range of pre-

liminary in vivo measurements of skin. The measured and simulated reflectance values were then

compared by a customized Labview (National instruments, Texas, USA) programm [26]. Since

measured reflectance values have a measurement error, the output of the LUT program were all

µa and µ′s- values which fit within the measurement errors of the reflectance values. Thereby an

error for the determination of µa and µ′s- values was obtained in addition to the µa and µ′s- values

of the best fitting reflectance data.
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The illumination power was chosen to be below 2 mW/mm2 since the set-up was designed for

in vivo skin measurements. Therefore, no reflectance signal of phantoms with a µa higher than

0.7 mm−1 was detectable at the second distance (r = 0.8 mm) using 488 nm. This was no limita-

tion for the in vivo measurements of skin. The LUT for SRR-signals is termed SRR-LUT later

in the thesis to avoid confusion with the table for Raman signals.

Evaluation of the SRR-LUT-based determination of µa and µ′s was performed using 15 phantoms

with µa = 0.15 − 0.7 mm−1 and µ′s = 1.5 − 6 mm−1. The resulting values differed by less then

20% from the values obtained by integrating sphere measurements. In average, the resulting

coefficients were 3 % larger (µa) and 5 % smaller (µ′s) than the reference values with an average

deviation of 11 %(µa) and 10 %(µ′s).

3.4 In vivo skin measurements with resonance Raman

spectroscopy and spatially resolved reflectance

As previously published in Ref. [58], the combined resonance Raman and spatially resolved

reflectance setup (see Fig. 3.3) was used for in vivo measurements. 9 volunteers agreed to par-

ticipate in an in-house study. Measurements (Raman and SRR) were performed subsequently

on the same skin site. Three different measurement sites on each arm were chosen, see Fig. 3.9.

Two positions were on the palm (palm 1 and palm 2), which is a typical measurement site for in

vivo carotenoid measurements [59]. One measurement position was on the volar forearm (vfa),

which was assumed to have a thinner stratum corneum (and thus lower carotenoids) than the

palm as well as lower pigmentation and less hair compared with the dorsal forearm. Except for

the measurements presented in Sec. 6.4 where a glass window was added, the axial position of

the skin surface was fixed by a frame. For each single measurement, the measured skin area

was repositioned and the average of 5 measurements from within one skin area was evaluated

(RSD≤ 5 %).

Figure 3.9: Measurement positions for combined resonance Raman and spatially resolved re-
flectance measurement on skin.
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3.5 NIR-Raman spectroscopic tissue scanner

A Raman spectroscopic scanner was built for the clinical ex vivo study with conization samples.

The description of this measurement setup has been published previously in Ref. [60].

Design requirements for optical layout

Many Raman spectroscopic tissue measurements are performed with microspectroscopic setups,

which are well suited for imaging at cellular or sub-cellular resolution. In order to obtain spectra

which are representative for the whole epithelium, larger sampling volumes are required. If the

sampling depth of the macroscopic measurement geometry significantly exceeds the thickness of

the epithelium (about 200− 300µm [61–63]) in which the neoplastic lesions develop, the discrim-

inant potential of Raman spectroscopy may be reduced. In order to optimize the optics design

for the discrimination of CIN and normal tissue, a high sensitivity of the Raman measurement

with respect to the epithelium is required. The volume within the epithelium where abnormal

cells can be found increases from CIN 1 to CIN 3, see Fig. 7.1. As the thickness of the epithelium

varies spatially as well as inter-individually, it was decided to design the instrument such that

more than 50% of the signal originates from a depth less than 200µm.

Optical layout of Raman tissue scanner

“A Raman tissue scanner was constructed to scan large tissue samples (30 x 45 mm). The setup

was based on an iHR320 Spectrograph (HORIBA Jobin Yvon GmbH, Bensheim, Germany) with

ruled grating (600 l/mm) and a back-illuminated deep depletion CCD detector (Synapse) cooled

to -70◦C. A distributed feedback diode laser (Eagleyard Photonics, Berlin, Germany) with the

center wavelength at 784 nm at a laser power of 70 mW was used. Due to the irregular shape of

the samples an inverted setup was chosen. Here the sample surface could be pressed gently onto

a measurement window to maintain a constant position of the sample surface in the focus of the

laser and detection optics. For the measurement window either 1.5 mm thick calcium fluoride

(Korth Kristalle GmbH, Altenholz, Germany) or 1 mm thick silica (Siegert Consulting e. K.,

Aachen, Germany) was used. The focus of laser and detection optics was set to the interface of

the measurement window and the sample surface. The working distance was 9 mm. The laser

light was coupled from a single-mode fiber into a 600µm multimode fiber (LEONI Fiber Optics,

Berlin, Germany), which was collimated with an achromatic lens (f=30 mm), filtered by a clean-

up filter (Semrock, Rochester, USA), reflected by a dichroic mirror (Semrock) and focused by an

aspheric lens (f=12 mm, NA=0.5, Asphericon) on the sample surface. The resulting illumination

spot had a diameter of 160µm, as measured by knife-edge measurements. For detection of the

backscattered light, the aspheric lens was used together with two achromatic lenses (f=80 mm

and f=40 mm) to image Raman scattered light onto a circular detection fiber bundle, consisting

of 31 tightly packed fibers (LEONI Fiber Optics, Berlin, Germany) with a core diameter of

100µm and a NA = 0.22. A detection spot size of 200µm was achieved, as measured by knife-

edge measurements. A longpass filter (RazorEdge, Semrock) in the collimated beam was used
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to block the laser line. The round detection fiber bundle was converted into a stack of 100µm

fibers which was imaged onto the spectrograph slit. In order to match the fibers NA (0.22) to

the spectrographs NA (0.12), the detection fiber stack was magnified and a spectrograph slit

width of 200µm was employed to minimize the light loss due to the spectrometer coupling. The

resulting spectral resolution was measured as 10.5 cm−1 (at full width half maximum) at this

optical configuration using argon emission lines of a mercury arc lamp (argon is contained as

starter gas). A motorized xy-translation stage with integrated measuring system (Marzhauser

Wetzlar GmbH & Co. KG, Wetzlar, Germany) was used for moving the tissue and measurement

window relative to the fixed optical components. Prior to Raman mapping, the stage was used to

drive the sample into the focus of a color camera (The Imaging Source Europe GmbH, Bremen,

Germany) in order to obtain an image of the sample surface for documentation. Labview 8.6

(National instruments, Texas, USA) software was written for automated control of the laser,

spectrometer system, and xy-translation stage. The total time for one tissue scan depended on

the combination of selected parameters such as integration time, density of measurement points,

region of interest, etc., which could be adapted according to the sample type and size. The

setup is mobile and light-tight and allows measurements to be performed within illuminated

environments in the clinic. Monte Carlo simulations [55] with optical parameters of cervical

tissue [22, 64] were used to calculate the depth-dependent sensitivity of the measurement using

the diameters of the excitation and detection spot on the tissue surface as well as the NA of

the optics as input parameters. Fig. 7.2 shows that the optical layout detected 65%(80%) of the

total signal (integrated sensitivity) of HGCIN from a depth < 200µm (300µm), the thickness

of cervical epithelium. Therefore, it is assumed that a sufficient fraction of the detected signal

originated from regions close to the basal membrane, where cervical precancers originate. The

Raman spectroscopy setup is illustrated in Fig. 3.10” [60].

3.6 Clinical ex vivo study on cervical cone biopsies

Measurements on freshly excised cervical cone biopsies were performed in the clinic with the

NIR Raman scanner described in Sec. 3.5. The spectra were evaluated using histophathological

mapping provided by the pathologist. The description of the methods given in this section was

published in [60].

Patient recruitment

“Patients with suspected precancer or cancer due to previous cytologies, colposcopies and biopsies

underwent a loop electrical excision procedure (LEEP) of the cervix according to clinical routine.

Non-pregnant patients aged 18 to 45 (presumed premenopausal) were included in the study after

signing informed consent forms permitting ex vivo spectroscopic measurements from the cervix

samples. From 34 recruited patients, 9 patients were excluded from the analysis due to different

experimental or technical errors. Other samples were excluded because of varying conditions in

the optimization phase of the study (n=10) and because of concurrent adenocarcinoma in situ
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Figure 3.10: Measurement setup used in this study with the tissue sample positioned above the
spectroscopic optics on a measurement window (silica or CaF2). Prior to the Raman measurement,
the stage translates the sample into the focus of a color camera in order to acquire an overview
color image of the sample surface, which is used to choose and to document the region of interest
of the Raman measurement, L1=achromatic lens, F1=laser clean up filter, F2=dichroic mirror,
L2=aspheric lens, F3=long pass filter, L3=achromatic lens, L4=achromatic lens. Figure adapted
from Ref. [60].

(n=1). Measurements on the samples of 13 to 16 patients were included into the quantitative data

analysis. The number of patients who contributed to the data set depended on the class definition,

as described in Tab. 3.2. The study protocol was approved by the ethics review committee of the

Charite University Hospital” [60].

Raman scans of conization samples

“The orientation and the position of the epithelial surface of the samples were indicated by the

surgeons using thread marks and pinning the samples onto cork boards. Each cervical sample was

placed onto the measurement window within a self-adhesive silicone rubber frame, see Fig. 3.11,

which allowed a sample to be immersed in physiological saline (0.9 % NaCl) to preserve tissue

hydration during measurements. Background spectra were measured with saline solution and

without sample. Each sample was loaded with balance weights in order to ensure even attachment

of the cervix epithelium to the measurement window.

The sample surface was xy-scanned and spectra were recorded at discrete measurement points

with about 1 spectrum per mm2 within the chosen region of interest, which was an area of up

to 4 cm2. The number of spectra recorded for each sample was chosen dependend on tissue

dimensions. The choice of exposure times and accumulations depended on the autofluorescence
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Figure 3.11: Image of cervical cone biopsy on the Raman tissue scanner taken with the integrated
color camera prior to the measurement. The sample is placed within a silicone rubber frame and the
image shows the epithelial surface. The grid of chosen measurement points is shown as intersections
of the lines.

level and the total measurement time available. The total measurement time was limited to

one hour, which was the time we were allowed to keep the samples in saline before fixation.

The origin of the fluorescence background could not be determined within the study; however

intraoperative application of disinfectant and iodine could be excluded. Since the fluorescence of

the samples varied considerably, the exposure time was varied from 0.1 to 1 s and the number of

spectra accumulations varied from 10 to 30 (The total exposure time was 2-10 s). The acquisition

parameters were adapted individually to a subjective optimum, in order to scan the whole sample.

A roughly spaced test scan was performed in order to determine the average fluorescence level

of every sample prior to the measurement. In principle, the number of accumulations should

have been selected to maintain a constant integration time. However problems with the speed

of the CCD shutter forced us to limit the number of accumulations to 30 otherwise the total

measurement time would have been unacceptably high.

In addition, the instrument response was measured daily using a fiber-coupled calibrated halogen

lamp (Ocean Optics, Florida, USA) by placing the cosine corrector at the end of the fiber into

a customized holder on the measurement window. Immediately after the Raman measurements,

the samples were fixed in 10 % phosphate buffered formaldehyde solution for histopathological

analysis” [60].

Histological mapping and its correlation to Raman measurement sites

“The measurement locations were documented in the sample image which had been acquired

(with the integrated color camera) prior to the measurement. The accuracy of the measurement

position within this image was estimated to be < 1 mm using self-made test objects. The pathol-

ogist was provided with this image as well as the fixed sample which often showed slight shape
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deformations as compared to the native sample. According to routine procedures each specimen

was dissected into appropriate segments and then embedded in paraffin wax. Histological sec-

tions were then prepared in series, stained with hematoxylin-eosin and analyzed by microscopy.

The histopathological findings from the tissue cross-sections of the cone biopsy were documented

by the pathologist on the image of the native cervix surface, which included the Raman mea-

surement points to yield histopathological maps. The spatial uncertainty of this procedure was

estimated to be 1 to 3 mm, depending on the circumstances. Examples of such histopathological

documentations can be seen in Fig. 7.8, where the class membership prediction is overlaid with

the histopathological documentations. Each spectrum was then labeled by the spectroscopist

with one of the (study specific) tissue categories 1 to 8 (described in the list below) using a

semi-automated program. Please note that this histopathological mapping process is more chal-

lenging than annotating the histopathological results of punch biopsies to measurements at biopsy

sites. As it was not possible to engage more than one pathologist in this study, the pathologist

involved analyzed each of the samples twice to improve precision of the result documentation.

The histopathology results of all patients included in the study were discussed at intra-clinical

conferences.

For the spectra classification, the following study specific tissue categories were assigned to indi-

vidual spectra. Some categories (Nr. 2, 4, 5, and 8 in the list below) include multiple tissue types

for the sake of a simpler procedure for the assignment of histopathology to measurement sites:

1. normal squamous epithelium: areas with visible dark iodine stain from the intraoperative

application prior to measurement, without histopathological signs of abnormality within

central areas of homogeneous/continuous pathology

2. non-abnormal tissue: squamous epithelium without continuous dark iodine stain, columnar

epithelium, metaplasia, and cervicitis, without histopathological signs of abnormality in a

continuous area

3. CIN 1 (cervical intraepithelial neoplasia of grade 1): spectra from within central areas of

homogeneous tissue pathology

4. HGCIN (i.e. high grade CIN): CIN 2, CIN 3 or AIM (atypical immature metaplasia) p16

positive, including micro invasions, spectra from within central areas of homogeneous tissue

pathology

5. CIN-borders (specified by the CIN grade): if CIN was not spatially homogeneous or contin-

uous on a scale larger than the spatial uncertainty of the method. Spectra within 1-2 mm

of the borders of larger CIN lesions or spectra within 3 mm distance of a small CIN lesion

were also annotated as CIN-border for the same reason. Thus, such spectra originate either

from neighboring pathologies or from a mixed or intermediate pathology)

6. erosion (without signs of CIN)

7. abnormal epithelium (areas with abnormalities except CIN)
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8. unassigned spectra (spectra that could not be assigned to histopathology)

The accuracy of the lateral position and extension of pathologies in the histopathological map was

estimated to be between 1-3 mm (depending on the circumstances). Therefore, only spectra from

within central areas of homogeneous tissue pathology were assigned (the location of small focal

lesions could not be assigned to Raman measurement positions). Please note that this procedure

significantly reduced the number of CIN spectra available for the quantitative evaluation of the

method because most of the HGCIN lesions were not homogeneously high grade, but were focal,

only present inside crypts or mixed with CIN 1, metaplasia, or other non-high grade pathologies.

Therefore, the label CIN-border was assigned to spectra from areas in which CIN was not spa-

tially homogeneous/continuous. Spectra within 1-2 mm of the borders of larger CIN lesions or

spectra within 3 mm distance of a small CIN lesion were also annotated as CIN-border for the

same reason. Thus, these CIN-border spectra originated either from neighboring pathologies or

a mixed or intermediate pathology.

AIM tissue was tested for enhanced expression of the tumor suppressor gene p16. Lesions which

were p16 positive were classified as HGCIN equivalent lesions according to [65], as it is common

practice in the cooperating hospital. For the classification, AIM p16 positive was therefore in-

cluded in the HGCIN category (if in the vicinity of HGCIN) or the HGCIN-border category (if

mixed with HGCIN and other categories within the uncertainty limits of the spatial correlation

of histopathology and measurement position). Since AIM p16 positive was always interspersed

with or in close vicinity to CIN or erosion in the samples of this study, separate evaluation of the

classification of AIM p16 lesion was not possible.

The CIN1-3 classification was used instead of the 2001 Bethesda system terminology (low grade

squamous intraepithelial lesions (LGSIL) and high grade squamous intraepithelial lesions (HGSIL))

[66] to differentiate cervical lesions, because LGSIL also contains HPV-associated changes other

than CIN 1. The spatially resolved documentation of histopathological analysis was however lim-

ited to CIN in most samples, whereas HPV- associated changes such as abnormal epithelium were

indicated without spatial extension. If abnormalities were present, the tissue was not assigned

to the non-abnormal category. Discrimination of HGCIN from LGCIN (CIN 1) and other low

grade lesions (HPV-induced abnormalities) is important due to different treatment strategies.

Unfortunately, only a few spectra could be measured from a continuous CIN 1 area and only one

sample showed erosion without co-localized focal CIN (though erosion was present in one third of

all samples), so that a separate training and classification of spectra from CIN 1 or erosion could

not be performed.

Spectra remained unassigned when the documented measurement site was within 1 mm of a sharp

border of an iodine stain next to an abnormal area, on visible blood residues, or in small areas

without histopathological specifications” [60].

Preprocessing of spectra

As signal intensities varied within one sample, CCD saturation occurred even though acquisition

parameters were adjusted prior to each scan. All measured spectra were checked for CCD-signal
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saturation before further processing and if positive they were not included into data analysis.

All spectra were checked for the presence of cosmic spikes, which were detected by the discon-

tinuity (unusually large change of intensity) of neighboring pixels and replaced by the average

of neighboring values. Before the spectra were analyzed with multivariate methods, background

removal and instrument response correction was performed. This means that spectral features

which result from the measurement window or other optical components were removed as far as

possible. Due to the large fluorescence background of the raw spectra, the sensitivity spectrum of

the instrument led to a distinctive oscillatory pattern. The main cause of that pattern were the

transmission spectra of longpass filters in the instrument. Therefore, the sensitivity spectrum was

measured with a halogen calibration-lamp including cosine corrector at the position of the sample

holder. All raw spectra were then divided by the sensitivity spectrum to perform the instrument

response correction. In addition to the oscillatory pattern, the Raman spectra were hidden by a

large background, which consists of tissue fluorescence as well as Raman and fluorescence signals

of the instrument. A background function Sbackground was defined, see Eq. (3.7), which seemed

to approximate the observed background sufficiently well. In addition to a polynomial which

described the broad fluorescence background, the function Sbackground also contained a spectrum

which was measured without sample Sempty but with the sample holder and saline. Sempty has

to be scaled because elastic back-scattering of excitation light into the instrument varied from

sample to sample, and therefore led to varying amplitudes of the instruments Raman and fluo-

rescence signals. A linear least square fit was used to determine the coefficients of Sbackground for

each spectrum. The residual of that fit was considered to be the Raman spectrum of the sample,

which was used for multivariate analysis.

S(λ) ≈ c1 + c2λ+ c3λ
2 + c4λ

3 + (c5 + c6λ)Sempty =: Sbackground(λ)

SRaman(λ) = S(λ)− Sbackground(λ)
(3.7)

In order to correct for intensity variations due to a local variation of optical properties, spectra

were normalized using the standard normal variate algorithm (SNV) [67]. For noise reduction,

the Raman spectra were smoothed by a Savitzky-Golay Filter (2nd order, NSide = 7). This choice

of smoothing parameters was motivated empirically using a test spectrum with Raman peaks

which were not altered by the chosen smoothing procedure.

Spectra classification

The aim of this study was to discriminate between two classes of tissue using tissue-specific

Raman spectra. The tissue class was given by the histopathological mapping and was used

for calibration and evaluation of the spectra classification procedures. The performance of five

different classification procedures (see Tab. 3.1) for binary classification was compared.

All specra were preprocessed before classification. Classification procedures Nr. 1 to 4 (see

Tab. 3.1) used either a transformation with principal component analysis (PCA) or wavelet

transformation (WT, [68]).

After transformation, the large number of spectral features was reduced: Firstly, in case of
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Table 3.1: List of procedures used for spectra classification of the data from cervical cone biopsies.
Table adapted from Ref. [60].

Nr. of classification procedure Description of classification procedure

1 PCA plus LR
2 PCA plus KNN
3 WT plus LR
4 WT plus KNN
5 PLSDA

procedures Nr. 1 and 2, a set of 20 principal components with the largest variance were retained.

In case of procedures Nr. 3 and 4, the features with the largest average difference between

the two classes were selected. Secondly, the remaining 20 to 40 features were further reduced

by feature selection in combination with the classification algorithm. A wrapper method [69]

was used which compares subsets of features by evaluating the accuracy of the classification

algorithm for each subset. For the classification, either logistic regression (LR) [70] or k-nearest

neighbor analysis (KNN) [71] were used, which lead to four combinations of transformation and

classification algorithms. The fifth procedure evaluated was partial least square discriminant

analysis (PLS-DA) [72]. In this case, the spectra were preprocessed but not transformed.

Sensitivity (percentage of correctly classified spectra of class 2) and specificity (percentage of

correctly classified spectra of class 1) were calculated in order to evaluate the performance of

each classification procedure. Leave-one-patient-out cross validation was used because of the

large inter-personal variation of the spectra. All steps of the feature selection were performed

for each validation step (i.e. for each patient left out) separately. This was found to be essential

in order to prevent overfitting. For PLS-DA, the optimal number of principal components was

determined for each validation step.

In order to obtain a measure of the statistical uncertainty, confidence intervals for sensitivity and

specificity were estimated with the bootstrap method [54, 73] by resampling the data patient-

wise. This means that the classification was repeated with the same number of data sets (one

data set per patient), but the data sets were chosen randomly with replacement. Therefore, the

data of some patients may be left out while the data of some patients may be chosen multiple

times.

Evaluation of the classification performance

“As this study was aimed at detection of HGCIN from neighboring non-HGCIN tissue areas

within one suspicious larger tissue area, different spectra of the same cone biopsy sample (one

sample per patient) were classified into class 1 (non-HGCIN tissue) or class 2 (HGCIN tissue)

depending on histopathology at the respective measurement site. Please note that a cone biopsy

sample is typically larger (few cm2) than a punch biopsy sample (few mm2) and thus may contain

multiple types and pathologies of tissue. Since a variety of non-HGCIN tissue types exist (e.g.

metaplasia, inflammation, columnar epithelium, low grade abnormalities), classification perfor-
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mance might depend on the tissue types included in the non-HGCIN class. This might be one

reason for the variation of results of previous studies.

In order to evaluate the classification performance depending on the tissue types included in the

analysis, the tissue categories 1 to 7 were included in different definitions of class 1 and class 2,

called class definitions A to E, as described in Tab. 3.2. By this approach it was expected to

include a larger variety of non-HGCIN tissues per patient (intra-patient variability) than fiber

probe measurements which acquire few spectra at the most suspicious and normal looking sites

under colposcopic examination. The use of 2 classes results from the application of binary clas-

sifiers. Each class in table 2 contains spectra from all patients that had measurement sites that

fulfilled the criteria of the respective class definition.

In class definition A, only normal squamous epithelium is included in class 1, which was identified

by a dark iodine stain (plus the absence of abnormal areas in the histopathological maps). This

class definition was expected to have the best classification result because there are anatomical

differences in addition to the neoplastic changes [74]. Class definition B includes different types

of non-abnormal tissue including areas of columnar epithelium as well as inflammation and meta-

plasia in addition to squamous epithelium. In class definition C, the squamous epithelium which

was used in A was left out in order to investigate a possible increase of classification performance

due to the inclusion of clinically normal sites, as shown previously for fluorescence and reflectance

spectroscopy [74]. The large number of CIN-border spectra was added to class 2 in class definition

D, which means that non-HGCIN tissue might have been included in the HGCIN class because

the CIN-border spectra could not be assigned to a distinct tissue pathology due to the limited

spatial precision of the histopathological mapping. In class definition E, different non-HGCIN

spectra including those of CIN 1, erosion and low grade abnormalities were included in class

1 which corresponded to all measured (unsaturated) spectra except those of HGCIN, HGCIN

borders and spectra that remained unassigned to histopathology” [60].

Table 3.2: Different class definitions A to E used to obtain the results presented in Fig. 7.6 and
Fig. 7.7 are shown. The tissue types which were included in either class 1 or 2 of the spectra
classification are indicated in the 2nd and 3rd column using the study specific tissue categories
#1 − 8 in parentheses, which refer to the description of tissue categories in Sec. 3.6. Please note
that depending on the class definitions, different numbers of patients (see column 4) and different
numbers of spectra (see 5th and 6th column) contributed to the analyzed data set. Table adapted
from Ref. [60].

Definition class 1 class 2 # patients # class 1
spectra

# class 2
spectra

A (1) (4) 13 214 303
B (1) + (2) (4) 15 841 303
C (2) (4) 15 627 303
D (1) + (2) (4) + (5) 16 841 1514
E All −(4) − (5) −

(8) = (1) + (2) +
(3) + (6) + (7)

(4) 16 1216 303





Chapter 4

Effect and correction of absorption

and scattering on the Raman

intensity

The measured Raman signal intensity varies depending on the absorption and scattering prop-

erties of the tissue matrix, in which the molecules of interest are embedded [8]. Such signal

variations might potentially be misinterpreted as varying concentrations of the analyzed Raman

scatterer. Correction of these effects is useful for the comparison of intensities from different sam-

ples or sample sites with potentially different optical properties. As summarized in the following

section, previous studies on the correction of Raman intensities for absorption and scattering re-

quire an internal standard [48] or rely on assumptions which are not fulfilled for biological tissue

[48, 75–77]. Other studies were carried out on samples with a parameter range of µa and µ′s

typical for measurements in the NIR [10, 11, 24], but did not include the VIS wavelength range.

In this study, the effect of sample absorption and scattering on the Raman signal intensity was

investigated in a large parameter range. The results were expected to depend on factors like

sample geometry (thin layer, semi-infinite sample, multi-layered sample) and measurement ge-

ometry (e.g. size of excitation and detection area, numerical aperture, contact or non-contact

measurement). Monte Carlo simulations described in Sec. 3.1 were used to obtain results for

different scenarios, because tissue phantom measurements are time consuming.

It is assumed, that in case of multiple elastic scattering of light in the sample, the photons that

have once undergone Raman scattering have been taken similar paths through the sample as the

purely elastically scattered photons, which can be measured as diffuse reflectance. Because the

diffuse reflectance intensity depends on µa and µ′s as well, the relationship of Raman and diffuse

reflectance intensity has been investigated.

In order to correct for the influence of µa and µ′s on the Raman signal, correction methods are

described and compared. The approaches basically differ in the sample properties that have to

be known in addition to the Raman signal. Correction methods for different measurement and

sample geometries were investigated in a parameter range of µa and µ′s relevant for tissue measure-

37
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ments in the NIR and VIS. Real tissues are, however, no homogeneous samples as it was assumed

for the development of the correction methods, and are often considered as multi-layered samples.

Therefore, the correction functions were evaluated using a two-layer tissue model, consisting of

a thin top layer representing the epithelium and a semi-infinite second layer. The results allow

conclusions on the performance of the correction methods for measurements on skin.

Please note that parts of this chapter have been published previously in Ref. [25].

4.1 Previous studies on Raman measurements in absorbing and

scattering media

An overview of methods described in the literature is given in Tab. 4.1. Most of the approaches

have either been developed for self-absorbance problems or for the analysis of scattering powders.

A method for the correction of scattering artifacts is EMSC (extended multiplicative signal cor-

rection) and its multiple variants. EMSC is a model-based data pre-processing method which is

based on linear statistical regression modeling [78]. EMSC models have been designed to reduce

the influence of scattering in absorption spectroscopy and have been shown to be beneficial for

Raman data as well [49]. However, the use for changes of both absorption and scattering in

Raman spectroscopy has not been described yet.

If an internal standard with known Raman cross section can be added to the sample, the signal of

the standard can be used to correct for signal variations (such as due to absorption), given that

the signal of the internal standard is influenced in the same way as the sample signal. However,

absorption correction using an internal standard works only if the absorbance of the internal stan-

dard and analyte is the same at the wavelengths of the analyzed Raman bands. This ensures that

the influence of the absorbance is cancelled out when analyzing the band ratios [48]. Therefore,

most applications require an additional correction factor dependent on the absorbance, which can

be calculated based on absorber concentrations or can be measured [79].

An additional factor in equations equivalent to Eq. (2.5), termed K for the attenuation dependent

pathlength [8], is used to account for the attenuation of excitation and Raman scattered light:

K =
1− 10−(a0+as)d

a0 + as
, (4.1)

where a0 + as is the sum of the decadic absorption coefficient at the exciting and Raman shifted

wavelength and d is the sample thickness. A corresponding function has been used previously for

liquid as well as solid samples (e.g. in [48]). At low absorption, the µa-dependency is cancelled

out and the signal is linearly proportional to the Raman scatterer concentration and to the sample

thickness. In the case of high absorption or a thick sample, the factor K for the pathlength is

the inverse of the sum of µa at excitation and Raman shifted wavelength [8, 48]. In the case of

self-absorbance, µa depends on the concentration of the Raman scatterer which means that in

the case of high absorption, the concentration of absorbing Raman scatterers is cancelled out and

the signal reaches a plateau.
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Table 4.1: Overview of methods and their characteristics introduced for the correction of absorp-
tion and scattering effects in Raman spectroscopy.

method references scattering absorption requirements/ additional
correction correction typical applications measurements

EMSC [49, 78] x reference
spectrum

internal
Standard

[48, 79] x x internal standard must be
added, absorbance of internal
standard and sample must be
the same at the wavelengths
of interest

absorbance
measurement
if absorbance
at Raman
bands of
standard and
sample are
different

external
Standard

[48, 75–77] x x Applicability of Kubelka
Munk theory, correction of
either scattering (constant
absorption) or absorption
(constant scattering), ab-
sorption low enough for
measurable reflectance, re-
flectance at excitation and
Raman line is identical

R, µa or µs

TCR,
(reduced form
here FRatio)

[10] x x µ′s � µa,
calibration of sample depen-
dent factor (not needed in the
geometry used by Barman)

R and µ′s
(only R in the
measurement
of Barman)

IRS,
here F1

[11, 24] x x µ′s � µa,
correction function must be
determined with phantom
measurements or simulations

µa, µs, R

lookup table,
here FLUT

[25] x x MC model must capture
experimental scenario suffi-
ciently well

µa, µ
′
s

linear regression
for RamT

as function of R,
here FLinRegr

x x calibration needed for linear
regression function

R

The measured Raman scattered and (purely) elastically scattered light is both influenced by

optical properties. Therefore, correction methods have been previously suggested based on diffuse

reflectance measurements (also called external standard). Schrader and Bergmann [80] related

the measured Raman intensity to the diffuse reflectance based on the Kubelka-Munk formalism.

Waters [75] presented expressions derived from Kubelka Munk theory to describe the Raman

intensities of powder samples observed by backscattering geometry. The equations relate the

Raman intensity to the diffuse reflectance of the sample for two cases of a constant scattering

coefficient and varying absorption

Φ∞ = µRaman P
G(R∞)

µs
with G(R∞) =

R∞(1 +R∞)

1−Rinf
, (4.2)
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or constant absorption and varying scattering

Φ∞ = µRaman P
H(R∞)

µa
with H(R∞) =

(1 +R2
∞)

2
, (4.3)

where Φ∞ represents the observed Raman intensity for a powder sample of infinite thickness,

R∞ is the diffuse reflectance which does not increase further if the sample thickness increases, P

the exciting Raman laser intensity and µRaman (in the notation of this thesis) is the coefficient

of Raman generation. The functions above describe the dependency of Raman intensity on the

diffuse reflectance and their inversion can therefore be considered as a correction function for the

Raman intensity. The previous methods based on the diffuse reflectance assume isotropic scat-

tering (g=0), which is not generally true for biological samples. Also, these approaches had been

developed for applications where either absorption or scattering vary [48, 75–77], but independent

and simultaneous variations of both optical properties are common in tissue.

Theoretical and experimental studies on the correction of Raman signals for simultaneous varia-

tions of µa and µs in biological tissue were described in the companion papers by Shih and Bechtel

et al. [11, 24]. They derived their method from an approach by Wu et al. for the correction of

fluorescence spectra [81]. They used an equation which is very similar to Eq. (4.2) and Eq. (4.3),

but uses the total attenuation coefficient µt = µa + µs:

RamTC = RamOBS µt
1

f(R)
, (4.4)

where RamTC is the dimensionless intrinsic Raman signal that would be measured in the absence

of absorption and scattering and RamOBS the measured Raman signal of the turbid sample. The

correction function utilizes the elastic diffuse reflectance which is measured in the same excitation-

detection geometry as the Raman spectrum. They showed the dependence of the correction

function on the sample and measurement geometry as well as on g.

Another method called turbidity-corrected Raman spectroscopy was described by Barman et al.

[10]. The intrinsic or turbidity-corrected Raman signal RamINT is described by

RamINT = RamOBS s
µs,x l√
RxRs

, (4.5)

where s is a setup specific constant, µs,x the scattering coefficient at the excitation wavelength.

The factor l corresponds to the effective photon pathlength in the sample, which depends on

the optical properties. The denominator in the last factor is the geometric mean of the diffuse

reflectance at excitation and Stokes wavelength. The ratio of Raman and reflectance signal

without knowledge of optical properties was sufficient for the correction, because the average

photon pathlength is inversely proportional to µs in the case of µa � µs (as typical for the NIR

spectral range). However, it has not been investigated whether this result is transferable to other

measurement or sample geometries. While the previous studies [10, 11, 24] were carried out on

samples with a parameter range of µa and µ′s typical for measurements in the NIR, it has not

been shown if the approaches of Refs [10, 11, 24] can be applied to measurements in the VIS,
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such as resonance Raman measurements of carotenoids. This is why similar investigations were

carried out in this thesis for an extended parameter range, including the parameter range relevant

for resonance Raman measurements of carotenoids.

4.2 Influence of measurement geometry on Raman intensity

Within this thesis, the intensity of a particular Raman band, which depends on µa and µ′s

is termed RamT . It is normalized to the laser power or the number of incident photons and

depends on the sample geometry, measurement geometry and sensitivity of the setup. In the

figures presenting simulation results, RamT is normalized to the unknown µRaman.

Size of excitation and detection area

Different Raman measurement setups use different optics leading to different radii rex and rdet of

the excitation and detection spot. These parameters had not only an influence on the sampling

depth (see chapter 5), but also on the signal intensity, and further determines the impact of the

parameters µa and µ′s on the signal intensity.

In Fig. 4.1, simulated signal intensities are shown for combinations of rex and rdet with specific

practical relevance; The case rex = rdet = 0.01 mm is not typical for fiber probes, but rather used

in microspectroscopy, e.g. in Ref. [32], where a laser spot size of 8µm was reported. A larger

detection spot diameters and/or a larger NA is typically needed to exploit the etendue of the

spectrograph. Therefore, rex = rdet = 0.1 mm and rex = rdet = 1 mm were chosen to represent

typical values for fiber probe measurements. The measurement geometry with rex = 0.001 mm,

rdet = 1000 mm, can be considered as a semi-infinite detection geometry, in which photons with a

very broad distribution of pathlengths are detected. The results may thus be relevant for imaging

with focused scanning excitation and wide-field detection or wide-field illumination with spatially

resolved detection. The NA was set to 0.22 in all cases. Other simulation parameters were chosen

as described in Sec. 3.1 and Sec. 3.1. Statistical errors (1 sigma) were calculated but were smaller

than the symbols and are therefore not visible in the graphs.

The weakest influence of µa was observed for the smallest measurement and detection spot with

rex = rdet = 0.01 mm, where the signal decreases only at µa > 1mm−1. The influence of µa is

largest in the semi-infinite measurement geometry, where the signal decreases approximately with

1/µa. In all cases, an increase of µa decreases the signal as it is expected due to the absorption

of the excitation and Raman scattered light.

The trend of the µ′s-influence depends on the measurement geometry and parameter range. In

case of rex = rdet = 0.01 mm, the signal decreases monotonically with increasing µ′s when the

parameter increases by 2 orders of magnitude. In case of rex = rdet = 0.1 mm, the trend of the

small influence changes at around µ′s=1mm−1. In case of rex = rdet = 1 mm, the signal increases

monotonically by about a factor of 5 when µ′s increases by 2 orders of magnitude. In case of the

semi-infinite measurement geometry, the trend depends strongly on the µa. For µa = 1mm−1 the

signal increases with µ′s, similar as it increases for r = 1 mm, while for µa=0.01mm−1, the signal
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Figure 4.1: A) Dependency of the simulated Raman signal RamT on µa for µ′s = 0.5 and 5 mm−1

and for different measurement geometries characterized by the radius r of the excitation/detection
area. The NA was 0.22 in all cases. B) Dependency of the simulated Raman signal RamT on µ′s
for µa = 0.01 and 1 mm−1 for the same measurement geometries as in A). Units are all in mm (r)
or mm−1 (µ′s, µa), respectively.

decreases with µ′s, similar as for r = 0.01mm.

The 1/µa-dependency has been reported earlier by Shih et al. [24], who found that RamOBS is

proportional to 1/µa for µa > 0.05mm−1 in the semi-infinite sample geometry. Furthermore, it is

in agreement with Eq. (4.1) for high absorption. The decreasing influence of µa with decreasing

r is plausible, since r influences the pathlength distribution of the detected photons and thus the

probability of an absorption event.

The role of the measurement geometry for the µ′s- dependency is more difficult to understand.

A complex relationship of photon diffusion leading to lateral photon loss and influence of the

photon pathlength on the fraction of absorbed photons and Raman scattered photons might be

responsible for the intensity of the Raman signal.

Distance of excitation and detection

For enhanced measurement of deep tissue it can be useful to introduce a distance between the area

where the excitation light is focused onto the sample surface and the area from where photons

are collected by the detection optics. The principle and applications of spatially offset Raman

spectroscopy (SORS) measurements have been described by the groups of Morris and Matousek

[35, 37, 82]. In this section, the influence of the distance dist between excitation and detection

spot on the sample for several combinations of µa and µ′s was investigated. The fiber radii were

chosen to be rex = rdet = 0.2 mm because such fiber sizes have been used in previous SORS

measurements.

Fig. 4.2 shows that the absolute signal decreases with increasing dist which is plausible because

lateral photon loss occurs due to the three dimensional photon propagation. The influence of

µa and µ′s increases with dist, as expected because dist determines the pathlength distribu-

tion (”photon banana”) of detected photons. This principle is known from spatially resolved

reflectance measurements.
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Figure 4.2: A) Dependency of the simulated Raman signal RamT on µa for various distances dist
between excitation and detection area on the tissue surface for r = 0.1 mm. B) Dependency of the
simulated Raman signal RamT on µ′s for the same measurement geometries as in A). Units are in
mm (dist) or mm−1 (µ′s, µa), respectively.

Numerical aperture of detection optics

Fiber probes or other Raman measurement heads only detect photons that leave the tissue under

a limited range of angles, described by the numerical aperture of the detection optics. The

simulated results in the previous section were obtained with NA = 0.22, which corresponds to

the NA of a typical silica fiber. However, many setups use additional lenses which modify the

NA. The question in such applications is, whether using the actual NA in the simulation has

an effect on the accuracy of the results. In other cases it might be beneficial to choose higher

NA for the sake of a shorter computation time due to more detected photons. If NA varies,

the intensity is assumed to be proportional to NA2, if the distribution of photon exit angles

is lambertian. Matelli et al. [83] described, that even for lambertian characteristic below the

sample surface, turbid media do not necessarily exhibit the lambertian characteristic outside the

medium. Refractive index and absorption change the distribution of photon angles outside the

medium [46].

This section covers the influence of NA on the Raman signal for several combinations of µa and

µ′s. The data obtained for NA = 0.99 is divided by the factor NA2
1/NA

2
2 = 0.992/0.222 = 20.41

to account for the difference in absolute intensity compared to the intensities obtained with NA =

0.22. The intensity obtained for NA = 0.04 was multiplied with a constant factor accordingly.

Using rex = rdet = 1 mm, the signal obtained with NA = 0.04 did not significantly differ from the

signal obtained are with NA = 0.22, see Fig. 4.3 A). The signal obtained with NA = 0.99 was

lower but followed the trend of the signal obtained for NA = 0.22, except for the µ′s=0.5 mm−1

or smaller. In the measurement geometry of the β-carotene resonance Raman measurements

(comparable to rex = rdet = 1 mm), the NA influence was negligible for the parameter range

of the phantoms, which justifies that the data in Ref. [25] (see chapter 6) were simulated with

NA = 1 to reduce computation time.

In case of r=0.1mm, there is a significant influence of NA on the µ′s-dependency of the signal,

while the µa-dependency remains similar, see Fig. 4.3 B). The smaller µ′s, the larger the influence
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Figure 4.3: A) Dependency of the simulated Raman signal RamT on µ′s for r = 1mm and
NA = 0.99 (black), NA = 0.22 (red), or NA = 0.04 (blue). Units are all in mm−1 (µ′s, µa).
Statistical errors were plotted for NA = 0.04 and µa = 0.01 because they were larger than 3 %, but
are not visible. B) Dependency of the simulated Raman signal RamT on µ′s for r = 0.1mm and
different NAs. The values for NA = 0.99 and NA = 0.04 were multiplied with a constant factor
according to the NA2-dependency.

of the NA. In case of NA = 0.99, the signal increases monotonically with µ′s, in contrast to the

trend shift at around µ′s =1 mm−1 in case of NA = 0.22, see Fig. 4.3. The relative increase of the

signal for the smaller NA (0.22) at smaller µ′s and r might be explained by a decrease of lateral

photon loss for less scattering. The larger influence of NA at lower µ′s and r is likely due to the

fact that more scattering events facilitate the diffuse characteristic of detected photons.

The results agree with those in the study of Kanick et al. [84] for fluorescence measurements.

Their simulated data also shows that the effect of fiber NA is well approximated by an NA2

proportionality, with < 5 % mean residual error between estimates of fibers of NA = 0.22 and

NA = 0.1, 0.4 in a similar range of µ′s as in this study, with increasing deviations associated with

decreasing dimensionless reduced scattering values.

Refractive index of contact medium

In fiber probe based measurements the tissue is often in contact with the final lens or a mea-

surement window or the fiber itself, which allows reproducible positioning. Since lens or window

materials have other refractive indices than air, the impact of the refractive index is investigated.

For the measurement geometries r = 1 mm and r = 0.1 mm, it is shown in Fig. 4.4 that the

refractive index of the medium adjacent to the sample surface has an influence on the detected

Raman intensity. The refractive index of the contact medium was assumed to be n = 1.45, as

this is a typical value for silica [85]. For r = 1 mm as well as r = 0.1 mm, the signal is larger

when there is a difference in refractive index. This is more pronounced for high µa and high µ′s.

The larger Raman signal might be due to total internal reflection, which results in longer photon

paths inside the tissue and therefore a higher probability for a Raman scattering event.
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Figure 4.4: A) Dependency of the simulated Raman signal RamT on µ′s for r = 1mm and
different refractive indices n1 of the adjacent medium and µa. Units are all in mm−1 (µ′s, µa). B)
Dependency of the simulated Raman signal RamT on µ′s for r = 0.1mm and different refractive
indices n of the adjacent medium and µa. line: n n1 = 1.0, dashed: n1 = 1.45, legend shared for
part A) and B).

4.3 Methods for the correction of absorption and scattering

effects

The correction methods were previously described in Ref. [25]. It has been shown in the previous

section that the Raman signal RamT depends on µa and µ′s. It is now assumed that application

of a correction function F (µa, µ
′
s), which is sample and measurement geometry-dependent, leads

to

RamT (µa, µ
′
s)F (µa, µ

′
s) = µRaman s l0 (4.6)

The right hand side of Eq. (4.6) is the corrected or intrinsic Raman signal, which is independent

from µa and µ′s of the sample. It may be interpreted as the signal which could be measured if no

absorption and scattering occurred in the sample (transparent sample), similar to the definitions

in Refs. [10, 24]. The factor s (in units of RamT ) it determined by the geometry and the

sensitivity of the set-up. The constant l0 corresponds to the average pathlength of excitation

photons for the given sample and measurement geometry without absorption or scattering. The

factor s l0 can be obtained by a calibration measurement using a sample of the same geometry

and known F (µa, µ
′
s) and µRaman.

For many applications it might not be necessary to determine the intrinsic Raman signal, but

comparability of intensities of one sample series with varying optical properties is required. In

this case, intensities might be corrected using

RamT (µa, µ
′
s)

F (µa, µ
′
s)

F (µa ref , µ
′
s ref )

= RamT (µa ref , µ
′
s ref ), (4.7)

where µa,ref and µ′sref are optical properties of a reference sample which has the same geometry.
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The relationship between Raman and diffuse reflectance intensity

It seems plausible that the diffuse reflectance signal can be used to correct the Raman signal for

the influence of µa and µ′s, because Raman photons and purely elastically scattered photons take

similar paths through the sample. Assuming the Stokes shift and resulting change in absorption

and scattering can be neglected, the only difference for a Raman scattered photon is that 1 of n

scattering events is inelastic with a different phase function, while n-1 elastic scattering events

occur as without Raman scattering. The diffuse reflectance of the laser can be easily measured

with each Raman spectrum if the transmission of the laser rejection filter is appropriately chosen.

Therefore, the relationship between Raman and diffuse reflectance intensity for different mea-

surement geometries, µa and µ′s is investigated in this section. In the MC simulation applied in

this thesis the Stokes shift was usually neglected.

Fig. 4.5 shows the ratio of the Raman signal (RamT ) and the diffuse reflectance R for 3 different

measurement geometries as a function of µa and µ′s. The ratio showed significant µ′s-dependency

in all measurement geometries and a µa - dependency in case of larger measurement spot sizes

(r > 0.01mm). It must be noted that even in a measurement geometry in which the influence

of the optical properties on the Raman signal is comparably weak (r = 0.1 and 0.01 mm, see

Fig. 4.5), the ratio showed strong dependency on µ′s. By comparing the Raman signal and the

ratio for r = 1 mm (Fig. 4.6 A)) and r = 0.1 mm (Fig. 4.6 B)) in one graph, it is obvious that the

ratio decreased the influence of µa, but the influence of µ′s increased. Exceptions are the parameter

range µa = 0.01−0.1mm−1 and µ′s > 0.5mm−1 (for r = 1 mm) and µ′s > 5mm−1 (for r = 0.1 mm),

where the influence of µ′s seemed to remain similar (with opposite trend) or decreased slightly.

This may explain why the ratio significantly reduced the spread of the data with varying turbidity

[10], where a measurement spot of r ≈ 0.25 mm was used for measurements in the NIR. In case of

the SORS data, the correction effect was comparable to the case of r = 1 mm and dist = 0 (data

not shown); the µa-dependancy was reduced and the µ′s-dependancy was increased for small µ′s

and similar for µ′s > 1mm−1 (dist = 0.2 mm) and µ′s > 0.5mm−1 (dist = 0.6 mm).

The wavelength dependency of R may be accounted for by using the geometric mean of the re-

flectance at excitation and Stokes shifted wavelength instead, as in Ref. [10].

Since these results showed that a simple ratio of Raman and diffuse reflectance signal (Fratio)

does not provide complete correction of the influence of optical properties on the Raman signal,

more complex correction procedures were explored in the following.

Empirical correction functions using the diffuse reflectance

It was shown recently by Shih and Bechtel [11, 24] for measurements in the NIR that the product

of RamT and µt can be described by a function of R only. This leads (in the notation of this

thesis) to the correction function

F = µt l/f(R), (4.8)

where f(R) is a geometry dependent function of the diffuse reflectance (R) and l is a length to

make F dimensionless as defined in Eq. (4.6).
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Figure 4.5: A) Dependency of the simulated ratio of Raman and reflectance signal RamT /R on
µa for different measurement geometries characterized by the radius r of the excitation/detection
spot. Units are all in mm (r) or mm−1 (µ′s, µa), respectively. B) Dependency of the simulated ratio
of Raman and reflectance signal RamT /R on µ′s.

Figure 4.6: A) Dependency of the simulated Raman signal RamT (black) as well as the ratio
RamT /R (red dotted line) on µ′s for r = 1 mm. Units of µa are in mm−1. B) Dependency of the
simulated Raman signal RamT as well as the ratio RamT /R on µ′s for r = 0.1 mm. Legend shared
for part A) and B).

In this thesis, the Monte Carlo model described in Sec. 3.1 was used to evaluate similar empir-

ical correction functions for different measurement geometries and for a large range of optical

properties.

Semi-infinite measurement geometry

In this section empirical correction functions for semi-infinite measurement geometry are de-

scribed. A correction function was assumed to be one smooth curve to describe all data points.

Fig. 4.7 shows how RamT depended on R for 8 times 8 combinations of µa and µ′s in the semi-

infinite geometry.

It was found empirically that not only multiplication of RamT with µt but also multiplication with

other optical coefficients or functions of them (µ′t, µa, µ
′
s, (µa)

0.5(µ′s)
0.5, or (µa)

0.67(µ′s)
1.33/µ′t)

allowed to establish a functional relationship with R, see Fig. 4.7. Interestingly, the dimension of
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Figure 4.7: Relationship of simulated RamT and diffuse reflectance R for the semi-
infinite measurement geometry (in black dots). The parameters used in the plot are µa =
0.1, 0.17, 0.29, 0.49, 0.82, 1.4, 2.4, and 4.0 mm−1 from top to bottom (for black dots) and µ′s =
0.1, 0.19, 0.35, 0.65, 1.2, 2.3, 4.3, and 8.0 mm−1 (or µs = 5 µ′s) from left to right (for black dots).
Multiplication of RamT with a factor gi of optical properties allows to describe a functional rela-
tionship with R by RamT gi = fi(R) s lo/li, see Eq. (4.9).

the factors was always an inverse length.

In order to provide a systematic presentation of all found empirical correction functions utilizing

the diffuse reflectance signal R, the following formulation for the correction function was chosen:

F (R,µa, µ
′
s) =

gi(µa, µ
′
s) li

fi(R)
(4.9)

where gi(µa, µ
′
s) is a function of one or more optical parameters which, together with the corre-

sponding fi(R) and a length to match dimensions, corresponds to the dimensionless correction

function F as defined in Eq. (4.6). One can conclude from Fig. 4.7 that any of the shown functions

could be used to correct the Raman signal of a semi-infinite measurement geometry, in addition

to the correction functions used by Shih and Bechtel [11, 24].

Finite measurement geometries

The correction functions which are described in Fig. 4.7 were further evaluated with simulations

using finite measurement geometries. Some correction functions were found to be only suitable

in the semi-infinite measurement geometry or the VIS parameter range. A correction function

was considered as suitable if all the data points, in a figure like Fig. 4.7, did not visibly deviate

from the correction function.

Only F1 = µ′t l1/f1(R) and F2 = µ′s l2/f2(R) could be used for the measurement geometry with

rex = 1.5 mm and rdet = 0.7 mm (1.5/0.7) in the parameter range relevant for the resonance Ra-

man skin measurements. F2 and F1 performed similarly except for combinations of µ′s=0.1 mm−1
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and µa ≥ 0.1mm−1 (such low µ′s is not typical for tissue). In this parameter range F2 performed

better, which means the data points were closer to the curve defined by the majority of the data

points (data not shown). Please note that only correction functions without µs were compared

here because we assumed that only µ′s would be available with the SRR measurement setup used

in this thesis work. In Ref. [24] it was further shown, that the anisotropy parameter g has an

influence on the curvature of calibration function. A higher g (closer to forward scattering) in an

infinite sample lead to a lower curvature. However the separate influence of g was not investigated

here.

For the measurement geometry rex = rdet = 0.1 mm, F2 performed better over the whole param-

eter range. Therefore, only the application of F2 is shown in Fig. 4.8.

Fig. 4.8 A) shows the spread of the data without multiplication with µ′s. Fig. 4.8 B) shows that

F2 worked in the semi-infinite as well as in the measurement geometry (1.5/0.7), but not equally

well for a measurement spot with a diameter of 0.2 mm.

Because the simulated intensities varied over several orders of magnitude in the investigated

parameter range, a 4th order polynomial was applied to the log of the data in order to find a

function F2(R) for the whole parameter range. In Ref. [24], R was the reflectance measured at

the Stokes shifted wavelength. In the MC simulations used here the Stokes shift was neglected.

Therefore, if F2 is applied to measured Raman intensities, a wavelength dependent variation of

R may be accounted for by replacing R by the geometric mean of R at excitation and Stokes

shifted wavelength as in [10]. The average of the optical coefficients at excitation and Stokes

shifted wavelength may be used in F1 or F2.

Lookup table-based correction

In the following it is assumed that the Monte Carlo model for the detection of Raman scatter-

ing in turbid media is sufficient to describe the experiment. The inverse value of the simulated

RamT (µa, µ
′
s)/µRaman can be used as the correction function FLUT according to Eq. (4.6). In

order to have the correction factors available directly after the measurement, simulations were

performed for various combinations of µa and µ′s and stored in a lookup table. In principle,

RamT (µa, µ
′
s) can be calculated using different optical properties at excitation and Stokes wave-

length. However, if many values are simulated for a lookup table, using four optical properties as

variables would drastically increase the size of the table. For that reason the Raman signal was

simulated for two variables (µa, µ
′
s) corresponding to mean optical properties at excitation and

Stokes wavelength. Both approaches were found to be comparable in the case of µa ≤ µ′s. The

application of FLUT on the simulated data led to a constant (not shown).

Evaluation of correction functions for homogeneous samples

The correction functions were evaluated using MC simulations in this chapter, while the applica-

tion to experimental data of silicone phantoms and in vivo skin measurements is shown in chapter

7. The data were simulated for the resonance Raman measurement geometry (see Sec. 3.3). The

optical properties used to simulate RamT and R are µa=0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1, and
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Figure 4.8: A) The relationship of RamT and R is shown for three different measurement geome-
tries in terms of the radius of excitation rex and detection fiber rdet: 1) rex = 0.1 mm, rdet = 100 mm;
3) rex = 1.5 mm, rdet = 0.7 mm; 3) rex = 0.1 mm, rdet = 0.1 mm. The optical properties used to
calculate the data points are µa=0.01, 0.02, 0.05, 0.1, 0.2, 0.5, 1, and 5 mm−1 from top to bottom,
and µ′s=1, 2, 5, 10 mm−1 from left to right. The data points are scattered which means that RamT

cannot be described as a function of R only. B) After multiplication with µ′s, RamTµ
′
s can be

described as a geometry-dependent function of R, but not for all of the investigated measurement
geometries. Figure adapted from Ref. [25].

5 mm−1 and µ′s=1, 2, 5, 10 mm−1. The performance of the previously mentioned correction func-

tions (FLUT , F2, Fratio) was evaluated comparing the relative standard deviation (RSD) of the

uncorrected and corrected data, see Tab. 4.2.

Table 4.2: Decrease of the RSD of the uncorrected Raman intensities (RamT ) in % due to
application of the correction functions Fratio, FLinRegr, F2, and FLUT . The data were simulated
for the resonance Raman measurement geometry (see Sec. 3.3).

RamT RamT Fratio RamT FLinRegr RamT F2 RamT FLUT

RSD 109 59 8 1 9 1 0

1 The log of the data was used for fitting, but log−1 was applied before the correction

Since the simulation uses a constant µRaman, the RSD of data using an ideal correction func-

tion would be 0%, as it is the case when FLUT is applied to the simulated data. Application of

FRatio reduced the variation of the data due to absorption and scattering significantly, despite the

findings in Sec. 4.5 that the influence of µ′s in the corrected data improved. Similarly, a linear re-

gression model for RamT dependent on R (here: log(RamT ) = 0.5545+1.1519 log(R)) may be an

option (FLinRegr), which did perform better than the FRatio for the data shown here, see Tab. 4.2.

If F2 was applied to the simulated data in Fig. 6.1 B), the variation of the data (RSD) decreased

to 9 %. Due to orders of magnitudes differences in intensity, the fitting step was performed with

the log of the data. The compared correction functions have different requirements, see Tab. 4.1.

FRatio is the only correction function which neither requires a calibration nor optical parameters.
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FLinRegr requires a calibration because the linear regression function needs to be determined for

the specific data set. Since application of both F2 and FLUT requires knowledge of the optical

parameters, no advantage of F2 compared to FLUT is evident. F2 is determined from MC data or

real tissue models (phantoms) and thus the respective correction as well as the correction with

FLUT is only as good as the tissue model. Therefore, if the measurement of optical parameters is

available, the correction with FLUT seems to be favorable. Otherwise, FRatio might be practical

alternative, depending on range of µa and µ′s of the samples.

In the next chapter, the performance of the correction functions FRatio, F2 and FLUT are com-

pared for Raman intensities of a two-layer skin model. The obtained results are relevant for the

application of a correction function in in vivo resonance Raman measurements on skin presented

in chapter 6 of this thesis.

4.4 Evaluation of correction methods using a two-layer tissue

model

A correction method for the in vivo skin data in Sec. 6.4 is needed. Therefore, the effect of

correction methods was investigated using a two-layer skin model. It should be noted that the

correction methods that are compared in this section were developed for homogeneous tissue

models. Application of correction methods developed for a specific multi-layer geometry would

require a measurement of the optical properties of each layer and the layer thicknesses. Therefore,

it seems reasonable to investigate the usefulness of simple correction methods developed for

homogeneous samples in a scenario in which optical properties of two layers vary independently.

In the following, the correction methods FRatio, FLUT , and F1 were compared. F1 was chosen

instead of F2 because it uses µ′t = µa + µ′s (similar as in [11]) instead of µ′s, and the use of

two parameters was assumed to handle the crosstalk of µa and µ′s better, which occurred in the

determination of the optical parameters with the SRR-lookup table. In case of the correction

methods F1 and FLUT it must be known that the required parameters µa and µ′s may vary

independently from each other in each layer, but are determined as a weighted average of both

layers based on an analysis of reflectance signals. The method for the determination of µa and

µ′s described in Sec. 3.3 was however developed for homogeneous samples.

The Raman scatterers were assumed to be in both layers of the sample, or only in the top

(epidermis, thickness = 100µm) or the bottom layer (dermis, semi-infinite). In addition, the

optical properties of both layers were varied independently. The following definitions are used:

• RamT epi refers to the Raman signal RamT of a two-layered tissue with the Raman scatterer

of interest restricted to the epidermis.

• RamT derm refers to the Raman signal RamT of a two-layered tissue with the Raman

scatterer of interest restricted to the dermis.

• RamT homo refers to the Raman signal RamT of a two-layered tissue with the Raman

scatterer of interest present in both layers. Ramhomo is the sum of Ramepi and Ramderm
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Figure 4.9: Schematic of how MC simulations of homogeneous sample (one-layer tissue model)
were used to built lookup tables for the correction of Raman signals (FLUT ) as well as for the
determination of µa SRR and µ′s SRR. The analyzed data were simulated with a two-layer skin
model, in order to simulate the correction of in vivo skin data with the methods developed for
homogeneous samples. Similarly, MC simulations for R to be used in F1 and FRatio were simulated
with the one-layer tissue model (not shown in this figure). The complete set of variables for each
tissue model is described in Sec. 3.1.

• µa epi, µa derm, µ′s epi, and µ′s derm are the optical properties of epidermis or dermis, respec-

tively.

A schematic of the data analysis presented in this section is shown in Fig. 4.9.

As measurement geometry for the MC simulations, the combined resonance Raman and SRR

setup (see Sec. 3.3) was chosen. Please note that the comparison of correction methods presented

in this section focuses on the VIS wavelength range since our SRR setup was optimized for this

parameter range.

The scattering coefficients µ′s epi and µ′s derm were chosen to be 1, 3 and 7 mm−1. In the literature,

µ′s-values can be found from 1−10mm−1 [27, 86]. A recent review by Jacques [15] reports a mean

of 4.6 mm−1 at 500 nm and a range between 3 and 7 mm−1.

The absorption coefficient of the epidermis µa epi was varied in 10 steps from 0.01 to 5 mm−1. This

covers the range of values reported in the recent review of Lister et al. [86] (µa = 0.1− 4 mm−1).

According to the model by Jacques [15, 87], µa epi = 0.1- 4.5 mm−1 is observed for the epidermis

of light skinned adults with 1−6 % melanin volume fraction. The value of µa derm for the average

blood volume fraction of 0.2 % according to Jacques [15, 87] is µa derm=0.1 mm−1. The effect of

a locally high blood volume fraction (5 %, [87]) was simulated using µa derm=0.7 mm−1.

The thickness of the epidermis in the MC model was 0.1 mm.

Fig. 4.12 shows RamT homo depending on µ′a epi, µ
′
a derm, µ′s epi, and µ′s derm. The Raman signal

decreased by one order of magnitude for the simulated increase of µ′a epi and µ′a derm. The effect of

an increase in µ′s epi was a decreasing Raman signal. This is plausible since less laser light reaches

deeper layers. An increase of µ′s derm from 1 to 3 mm−1 led to an increasing signal, however,
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there is no further increase for µ′s derm =7 mm−1. This impact of dermal optical properties might

be less for a thicker epidermis.

Determination of absorption and scattering coefficient of the two-layer skin

model

For the results presented here, the MC code for the simulation of SRR [25, 26] was used to simulate

the reflectance signal at the source-detector distances r = 0.4 mm and 0.8. The reflectance signal

is determined by the light propagation through both tissue layers with µa epi, µa derm, µ′s epi, and

µ′s derm. The SRR-lookup table described in Sec. 3.3 was then used to determine the resulting

absorption and scattering coefficients, termed µa SRR and µ′s SRR. These coefficients are the

output of the SRR-lookup table simulated with a homogeneous tissue mode. Therefore, the

influence of absorption and scattering of individual layers on the reflectance data cannot be

separated.

Fig. 4.10 shows µa SRR and µ′s SRR depending on µ′a epi, µ
′
a derm, µ′s epi, and µ′s derm. It can

be seen that µ′s SRR depends on absorption (µ′a epi, µ
′
a derm) and µa SRR on scattering (µ′s epi,

µ′s derm), which is called crosstalk. The influence of the scattering on µa SRR is only moderate,

see Fig. 4.10 A), except for µ′s derm=1 mm−1. The influence of the absorption on µ′s SRR is very

strong, see Fig. 4.10 B). The decrease of µ′s SRR with increasing µa epi even led to µ′s SRR smaller

than the smallest µ′s of either layer, if µ′s derm < µ′s epi. When a lookup table simulated for the

two-layer model with the variables µa epi and µ′s epi with fixed µa derm and µ′s derm was used,

no such crosstalk was observed and µa SRR depended mainly on µa epi (data not shown). This

suggests that the crosstalk is due to the use of the SRR-lookup table for homogeneous samples.

A similar crosstalk of absorption and scattering was already observed by Farrell et al. [88], where

the spatially resolved reflectance of a two-layer system was fitted to Monte Carlo simulations of

a homogeneous sample to obtain an µa and µ′s average of both layers. Tseng et al. [89] also

found that the recovered optical properties of their two-layer phantom were values were above

the optical properties of the individual layers. They had used a steady state frequency-domain

reflectance measurement together with a diffusion model.

Comparison of correction functions with simulated Raman signals of a two-layer

skin model

With a view towards the application of a correction function to in vivo skin data, the 3 correction

methods FRatio, F1, and FLUT were applied to simulated Raman signals of a two-layer skin model.

Raman signals for Raman scatterers in the top (RamT epi), bottom layer (RamT derm) or both

layers (RamT homo) were corrected.

Fig. 4.11 shows the relation of Ramhomo µ
′
t(R) and R for data from the homogeneous sample

as well as for data obtained with the two-layer skin model. It can be seen that the data of the

two-layer skin model cannot be adequately described by the same correction function determined

for the homogeneous sample. Nevertheless, this correction function F1 was used for the correction

of the two-layers skin data. In addition, FLUT , simulated with the homogeneous tissue model was
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Figure 4.10: Optical properties µa SRR and µ′s SRR with contributions from both tissue layers are
determined with a lookup table, containing reflectance signals simulated for a homogeneous sample
structure. The dependency of µa SRR A) and µ′s SRR B) on µa epi is shown. Significant cross-talk
between µa SRR and µ′s SRR is observed for the two source-detector separations used in the SRR
setup described in Sec. 3.3. The different symbols correspond to different combinations of µa derm,
µ′s derm and µ′s epi.

Figure 4.11: Relationship of RamT × µ′t(R) and R for the Raman signal simulated with the two-
layer skin model as well as for the homogeneous tissue model. The data points of each series were
obtained by variation of µa epi from 0.01 to 5 mm−1. The data obtained with the homogeneous tissue
model were used to determine the empirical calibration function F1 based on the diffuse reflectance
R. The calibration function f(R) (black line) was determined by a fitting a 4th order polynomial to
RamTµ

′
t(R) (9.1× 10−7×R4− 5.20665× 105×R3 + 2.6427× 105×R2 + 1.4735×R+ 0.0011). The

Raman data obtained with the two-layer skin model were calculated with Raman scatterers in both
layers (RamT homo), however, multiplication with µ′t SRR led to deviations from the calibration
function even for a homogeneous Raman scatterer distribution.

applied. Furthermore, the ratio of Raman and reflectance signals was calculated from the results

of the two-layer skin model.

The correction results for RamT epi and RamT homo are shown in Fig. 4.12 and Fig. 4.13, respec-

tively. The variation of the data due to the variation of absorption and scattering is calculated

as relative standard deviation. The variation of the uncorrected signal RamT is compared to

the variation of corrected signal. The RSD for variations of µ′s epi was determined for each µa epi

separately (µa derm and µa derm were constant). Subsequently the average RSD and standard

deviation, called absolute error in Tab. 4.4, were calculated. Tab. 4.3 describes the calculation
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Figure 4.12: A) Uncorrected Raman signal Ramhomo, normalized to µRaman, for a homogeneous
Raman scatterer concentration. The µa and µ′s of both layers are varied independently. B) C) D)
Ramhomo corrected with correction functions FRatio, FLUT , and F1.

of the RSD for the different case. The results for the three Raman scatterer distributions are

summarized in Tab. 4.4 for the influence of each of the 4 parameters (µa epi, µa derm, µ′s epi,

µ′s derm).

Table 4.3: Description of how the RSD values were calculated. The parameter specified in the
first column was varied as described in the second column while others were constant (see second
column) and respective values were averaged (see third column).

Variation RSD of RamT or RamT F for averaged for

µa epi 0.01, 0.5, 1.0, 1.5, 2.0, 2.5, all combinations of µa derm,
3.0, 3.5, 4.0, 4.5, 5.0 mm−1 µ′s epi, µ

′
s derm (n = 7)

µa derm 0.1 and 0.7 mm−1 with µa epi = 0.01 to 5 mm−1 (n = 10)
µ′s epi = µ′s derm = 3 mm−1

µ′
s epi 1, 3, 7 mm−1 with µa epi = 0.01 to 5 mm−1 (n = 10)

µa derm = 0.7 mm−1 and µ′s derm = 3 mm−1

µ′
s derm 1, 3, 7 mm−1 with µa epi = 0.01 to 5 mm−1 (n = 10)

µa derm = 0.7 mm−1 and µ′s epi = 3 mm−1
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Figure 4.13: A) Uncorrected Raman signal Ramepi, normalized to µRaman, for a homogeneous
Raman scatterer concentration. The µa and µ′s of both layers are varied independently. B) C) D)
Ramhomo corrected with correction functions FRatio FLUT , and F1.

Table 4.4: Effect of correction methods Fratio, F1, and FLUT on data with varying µa epi, µa derm,
µ′s epi and µ′s derm. The average RSD (relative standard deviation) and the SD of the RSDs (in %)
for different data series according to Tab. 4.3 of raw and corrected data is compared.

RamT RamT Fratio RamT F1 RamT FLUT

µa epi variation
RamT homo 52 ± 6 9 ± 3 16 ± 18 12 ± 9
RamT epi 59 ± 9 15 ± 5 18 ± 16 13 ± 8
RamT derm 50 ± 6 7 ± 3 16 ± 18 12 ± 9

µa derm variation
RamT homo 54 ±2 27 ±2 4 ±3 10 ±4
RamT epi 22 ±6 10 ±5 34 ± 3 29 ±5
RamT derm 61 ±2 37 ±2 14 ±4 19 ±5

µ′
s epi variation

RamT homo 7 ±3 21 ±3 18 ±5 4 ±2
RamT epi 21 ± 3 7 ±1 10 ±3 27 ±4
RamT derm 17 ± 6 32 ±4 28 ±6 12 ±2

µ′
s derm variation

RamT homo 17 ± 5 29 ±2 21 ±15 15 ±10
RamT epi 31 ± 9 25 ± 7 33 ± 14 25 ±12
RamT derm 14 ± 3 32 ±2 20 ± 14 19 ±11
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To summarize the comparison of the correction methods, it depends on the Raman scatterer

distribution and on the variation of optical properties which correction method performed best.

Application of FRatio reduced the influence of µa epi and µa derm (for all Raman scatterer distri-

butions), but the influence of µ′s epi and µ′s derm was increased for Ramhomo and Ramderm. Thus,

FRatio can be recommanded for Ramepi only, if variations of all 4 variables (µa epi, µa derm, µ′s epi,

and µ′s derm) are considered. FLUT significantly improved variations due to µa epi and µa derm

(except for Ramepi), and the effect of varying µ′s is at least not significantly increased using for

all Raman scatterer distributions. F1 was never significantly worse than FLUT , except for Ramepi

and variations of µ′s epi. In summary, application of FLUT is the only correction function which

never led to a significant increase in RSD and had the largest overall reduction in RSD for the

analyzed data set.

The validity of these results is limited. Firstly, the correction effect depends on the range and

number of simulated values of µa and µ′s. Secondly, the thickness of the epidermis may be thicker

than the value of 0.1 mm assumed here, e.g. at the palm. Furthermore, the correction effect of

the methods that use µa SRR and µ′s SRR directly depends on the SRR results, which shows sig-

nificant crosstalk in the current measurement setup. This is especially relevant for the empirical

correction function F1 based on R where µ′t SRR is multiplied with the Raman signal. For the

Monte-Carlo-simulated lookup table based correction (FLUT ), the crosstalk might be less rele-

vant because µ′s SRR has only a small effect on the Raman signal since the influence of µ′s on the

Raman signal is generally low.

4.5 Summary and conclusion

The results in this thesis chapter showed how the simulated Raman signal is influenced by µa

and µ′s for different measurement geometries. The measurement spot diameters and the distance

of excitation and detection spots were found to have the largest influence. This can be explained

by the fact that these parameters determine the depth of the sample which is traversed by the

photons. The larger the sampling depth, the larger the total pathlength of the photons in the

sample an thus the probability of scattering (elastic and inelastic) and absorption.

The refractive index and the NA of the optical system have minor influences. Other factors like

surface roughness and wrinkles, which might have a non-negligible influence on an experiment,

were not investigated here.

In order to correct for effects of scattering and absorption, different correction methods were

described. In summary, the best choice of a correction method depends on the Raman scatterer

distribution and the variation of optical properties. For the simulated data of the two-layer skin

model, the LUT correction is the only one which never has a significant increase in RSD and has

the best overall reduction in RSD for the analyzed data set. Otherwise, the Ratio of Raman and

reflectance might be practical alternative, depending on range of µa and µ′s of the samples. The

correction methods were further evaluated with experimental data in chapter 6.

Monte Carlo simulations of Raman signals have allowed an investigation of several experimental

variables. However, Monte Carlo simulations require model assumptions which might not include
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all relevant influences on an experimental result. Especially when simulated results are used for

signal correction methods, it must be ensured that MC model captures the experimental scenario

sufficiently well. To this end, Raman intensities measured on silicone tissue phantoms with 8

different combinations of optical properties and (µa = 0.01 and 0.1 mm−1, µ′s=0.5, 1, 2, and

4 mm−1) were compared with simulated intensities for the measurement geometry of the NIR-

Raman spectroscopic tissue scanner [57] (data not shown here). Deviations of experimental and

simulated intensities were found to be 10 % (root mean square deviation). The agreement of MC

simulations and experimental values in this case suggests that the MC results in this chapter could

be reproduced in measurements. However, application of a MC-based correction function is only

justified if the signal variations due to absorption and scattering are larger than the deviations

in the agreement of MC simulations and experiments. In addition, the change in absorption or

scattering should be larger than the errors in the determination of µa and µ′s.



Chapter 5

Effect of absorption and scattering

on Raman sampling depth

This introduction is based on Ref. [55]. In order to utilize Raman spectroscopy as a tool for

real-time medical diagnostics, the spectra from a suspicious lesion need to be obtained in a time

that is clinically feasible (few seconds and less) whilst using low laser power. This motivates

the application of measurement geometries with a high light throughput of the detection optics,

which is typically limited by the spectrograph. This leads to measurement volumes larger than

are achievable by Raman microspectroscopy. In case of many in vivo applications, Raman fiber

probes are required for the measurements because they provide the flexibility to access the tissue

sites. Some Raman fiber probes interrogate a relatively large tissue volume (≈ 1 mm3) and are

therefore called high-volume probes [90]. Single fiber measurements with a 200µm fiber have been

reported in high wavenumber Raman spectroscopy [91]. Many fingerprint Raman probes consist

of a central illumination fiber surrounded by several detection fibers with integrated filters [92].

Other probes utilize beam-steering in order to increase the overlap of excitation and detection

area [92] or use lenses on the distal end of the probe in order to improve the light collection

efficiency [93]. in order to enhance the fraction of subsurface signal, probes with a distance be-

tween excitation and detection area (spatially offset Raman spectroscopy, SORS) can be used

[37, 82, 94, 95]. To increase the signal contribution of a specific thin tissue layer, e.g. for the

detection of epithelial cancer, reduction of signal contributions from other tissue layers can be

achieved by confocal probes [34].

The variety of available probe geometries leads to respective differences in the tissue volume

sampled by each probe. While this is not relevant for homogeneous samples, it is highly relevant

for inhomogeneous samples such as biological tissue. Thus, it is important to know the tissue

volume which will contribute to the signal when selecting the most suitable Raman probe design

for a specific application. This volume is often called measurement volume, interrogation volume

or sampling volume. In addition to the relevance for the application dependent choice of probe

design, knowledge about the sampling volume is useful to ascribe sources of the collected Raman

signal. The most sophisticated use of the knowledge about sampling volumes seems to be the

reconstruction of Raman diffuse tomographic images [96].

59
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The sampling volume depends also on the absorption and scattering properties of the sample.

Variations of optical properties do not only occur from sample to sample, or from time to time. It

is well-known that many pathological tissue changes are accompanied by optical property changes.

This is the reason why diffuse reflectance spectroscopy, which allows in vivo determination of op-

tical properties, is intensively investigated for diagnostic uses [21].

Therefore, accurate biochemical interpretation of Raman measurements requires the considera-

tion of both the optical geometry of the Raman probe and of the tissue-specific optical properties.

As summarized in the following section, previous studies did not investigate the influence of ab-

sorption and scattering on the Raman sampling depth as detailed for different measurement

geometries as this study. In this study, the Monte Carlo (MC) method described in Sec. 3.1

was applied to calculate the depth-dependent Raman sensitivity depending on the measurement

geometry and the optical properties of the sample.

Raman signals of single-fiber probes with radius 0.1 mm and 1 mm, as well as a SORS configura-

tion, and a widely used 7-around-1 multi-fiber probe [90, 97] were simulated. It was investigated

how the sampling volume of these probes varies depending on µa and µ′s-values typical for tissue in

the near infrared wavelength range (NIR). To detect changes in the Raman signal of the epidermis

it would seem useful to reduce the signal contribution of tissue below the epidermis. Therefore,

it was investigated how small a single-fiber probe must be to measure a certain percentage of

the signal from a tissue thickness corresponding to the epidermis. The sampling depth variation

over the fingerprint wavelength range (785-910 nm) was investigated. Furthermore, the sampling

depth in nonmelanoma skin cancer was compared to the sampling volume in normal skin. In

addition, the effect of individually varying µa and µ′s of two tissue layers was simulated. Finally,

the influence of the probe-tissue interface on the sampling volume was investigated. Since the

thickness of the top layer was set to 0.1 mm in the tissue model, which is a typical thickness for

the epidermis of the skin, it was considered to be a two-layer skin model. However, the range of

optical properties investigated is also relevant for other tissues, such as the cervix.

5.1 Previous studies on the sampling depth

In principle, radiation transport for Raman scattered photons is comparable to the transport of

fluorescence photons. In MC simulations, a photon with different energy is initiated as isotropic

process in both cases [94]. Therefore, previous studies on the sampling depth of fluorescence spec-

troscopy may be considered as transferable to Raman spectroscopy, for which less literature is

available. In the following, some published results for fluorescence probe designs are summarized.

The fiber diameter influences the total collected signal, which is higher for larger diameters. The

surface sensitivity of single-fiber probes increases with decreasing fiber diameter [98].

An increase of the distance between excitation and detection fiber in multi-fiber probes leads to a

lower total signal and to a higher sensitivity for deeper tissue compared to overlapping excitation

and detection spots [99].

The influence of the NA is large on the total signal, but small on the sublayer sensitivity or



5.2 Influence of measurement geometry on sampling depth 61

probing depth [99]. The effect of using an NA of 0.4 for the benefit of photon statistics instead

of NA = 0.22 does not have a noteworthy effect, however, a larger increase (e. g. to NA = 1.37

for the detection only) slightly shifts the origins of detected photons to the surface [98].

Oblique incidence also facilitates depth selectivity [100] because increasing the angle of incidence

of illumination and/or detection shifts the sensitivity towards the surface.

A probe-tissue spacer on single-fiber probes leads to an increased sensitivity to subsurface tissue

[101], which is plausible because an increase of the illuminated area on the tissue surface is ex-

pected. For multi-fiber probes, an increasing fiber-tissue spacer size results in an increased surface

sensitivity [98]. This might be explained by an increasing overlap of the diverging excitation and

detection cones of the fibers with increasing fiber-tissue spacer size.

The change of optical properties does not alter the basic difference between the different types of

designs, although a strong change in the sensitivity to photons from different sublayers is observed

[99, 100]. However, the individual influence of absorption and scattering is often not shown in

the published data, because absorption and scattering are changed simultaneously.

In the following, previous MC studies on the Raman spectroscopic sampling depth are summa-

rized.

A MC model for SORS measurements of layered turbid media was developed by Matousek et al.

[82]. For lower µ′s, a higher intensity originating from the bottom layer is reported. The ratio

of bottom to top layer signal at nonzero relative to zero spatial offset (SORS ratio) decreases

with decreasing µ′s [82]. The spatial resolution and sensitivity of backscattering and transmission

Raman spectroscopy with the focus on non-absorbing samples was shown by Everall et al. [102].

It was also found that provided one operates in the diffusion regime, the scattering coefficient had

no significant effect on the results. Keller et al. adapted a fluorescence code for the simulation

of SORS measurements and the sensitivity for Raman photons originating from a certain depth

was calculated [94]. The effects of tissue and probe geometry were investigated with fixed optical

properties. Furthermore, Mo et al. [93] developed a MC code to simulate the sampling volume

of a ball-lens fiber probes. The depth-selectivity of Raman measurements can be improved by

either increasing the refractive index or reducing the diameter of the ball lens. Matousek at

al. [9] showed by MC simulations of transmission Raman spectroscopy that absorption has a

considerable effect on the total Raman signal while the overall depth-dependent profile remains

similar.

5.2 Influence of measurement geometry on sampling depth

These results were published previously in Ref. [55].

Measurement spot size and excitation-detection separation distance

In order to focus on the geometry-dependent effects in this section, a two-layer skin model was

applied in MC simulations where absorption and scattering coefficients of epidermis and dermis

were assumed to be equal. The different probe geometries investigated here are single-fiber
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probes with r = 0.1 mm or r = 1 mm as well as intermediate and smaller diameters. In addition,

the sampling depth of a SORS probe with fiber diameters r = 0.1 mm and a spatial offset

dist = 0.4 mm as well as a 7-around-1 probe consisting of a central excitation fiber with 400µm

diameter surrounded by 7 detection fibers with 300µm diameter with distance dist = 0.385µm.

Please note that no spacer was included in the probe model which might lead to an increase of

the measurement spot size and an overlap of the diverging excitation and detection cones. Such

a spacer may be added in order to increase surface sensitivity [98].

The normalized depth-dependent sensitivity according to Eq. (3.6) and thus the sampling depth

of four different fiber probe geometries is shown in Fig. 5.1 A)-D).

Variations of µa by one order of magnitude had only a negligible effect on the shape of the

sampling volume of the single fiber measurement with r = 0.1 mm, see Fig. 5.1 A). In contrast,

an increase in µ′s by a factor of 10 shifted the sensitivity towards the sample surface. In case of

a the larger single-fiber probe with r = 1 mm, an increase of µa by a factor of 10 shifted the

sensitivity towards shallower depths, but the effect was smaller as for and increase of µ′s by a

factor of 10, see Fig. 5.1 B). In the SORS geometry, with the same fiber diameters as in the first

case (r = 0.1 mm) but a spatial offset dist = 0.4 mm, an increase in µa by a factor of ten also

shifted the sensitivity towards shallower depths, see Fig. 5.1 C). The effect of an increase in µ′s by

a factor of ten was a large shift of the sensitivity maximum, which seems to depend only on µ′s.

The results for the 7-around-1 fiber probe, see Fig. 5.1 D), were similar as for the SORS probe,

which is likely due to the fact that the center-to-center distance of excitation and detection fibers

in the 7-around-1 probe is similar to the chosen spatial offset.

In summary, the shape of the sampling volume was probe specific (monotonic decay or subsurface

maximum) and the sampling depth increased with fiber diameter and spatial offset, as expected

from previous studies on fluorescence and Raman sampling volumes [82, 94, 98–100]. The shape

of the sampling volume depended mainly on µ′s. However, the weak influence of µa compared to

µ′s was not observed here when µa is in the same order of magnitude as µ′s, which is a possible

scenario in the epidermis of skin in the VIS (data not shown).

The weak influence of µa on the sampling depth in all geometries is in agreement with the findings

in Ref. [9] by Matousek et al. for transmission Raman spectroscopy. The results obtained for

the SORS geometry in this study also agree with earlier results by Matousek et al. [82]. The

result in Ref. [82] corresponds to the larger increase in penetration depth with decreasing µ′s at

dist = 0.4 mm, see Fig. 5.1 C), compared to dist = 0 mm (see Fig. 5.1 A) ). The mild reduction in

sampling depth due to an increase in absorption at dist = 0.4 mm, see Fig. 5.1 C), is in agreement

with the mild increase of the SORS ratio reported in Ref. [82].

Fig. 5.1 E) shows how the total radiance Φexc of excitation photons depended on z for the same

parameters as were used for Fig. 5.1 D). The slope of the depth-dependent decrease of Φexc

was much smaller than for the normalized sensitivity. The corresponding unnormalized wz(z)

is presented in Fig. 5.1 F). The Raman signal intensity SRaman/µRaman as defined by Eq. (3.6)

can be obtained by integration of wz(z) over z. The Raman signal intensity wz(z) increased with

decreasing µa as well as with increasing µ′s as previously described in Ref. [25]. A further analysis

of the influence of scattering and absorption on the intensity of the Raman signal is not within
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the scope of this chapter, but is described in chapter 4 and 6.

The total fraction of Raman signal originating from a certain tissue depth can be obtained by

integrating the normalized wz(z) over the z range of interest. In the two-layer tissue model of this

study, the dermis is semi-infinite, with z ≥ 0.1 mm. The signal fractions originating from depths

z < 0.1 mm (epidermis), z < 0.7 mm or z < 1 mm were compared quantitatively for the different

fiber probe geometries in Tab. 5.1. The optical parameters µa = 0.01 mm−1 and µ′s = 1 mm−1

were chosen for this comparison. Since these are rather low values for skin, the resulting sampling

depth may be considered as an upper limit for skin. Sensitivity distributions were also calculated

for single fibers with radii r = 0.2 mm, r = 0.05 mm, r = 0.025 mm and r = 0.005 mm. The

respective signal fractions originating from a certain depth are shown in see Tab. 5.1. In order

to ensure that contributions from tissue at z ≥ 1 mm are below 5 %, a fiber with r = 0.1 mm is

required. Measuring 95 % of the signal from the 100µm thick epithelium requires r ≤ 0.005 mm

(at NA = 0.22).

Table 5.1: Signal contribution in % from z < 0.1 mm, z < 0.7 mm and z < 1.0 mm for the
7-around-1 fiber probe, the SORS geometry and single fibers with different diameters. Optical
properties are µa = 0.01 mm−1 and µ′s = 1 mm−1. Table adapted from Ref. [55].

Signal from 7/1 r = 0.1 mm r = 1 mm r = 0.2 mm r = 0.1 mm r = 0.05 mm r = 0.025 mm r = 0.005 mm
dist = 0.4 mm

z < 0.1 mm 4 4 7 20 31 45 61 93
z < 0.7 mm 54 51 55 86 94 97 99 100
z < 1.0 mm 70 68 64 90 96 98 99 100

The values in Tab. 5.1 were obtained for a homogeneous Raman scatterer distribution and the data

were normalized with respect to µRaman. Thus, the calculated signal fractions can be interpreted

as fraction of the Raman peak in case of homogeneously distributed Raman scatterers (with a

distinct Raman peak). In case of inhomogeneous Raman scatterer distributions, the integral in

Eq. (3.6) must be calculated.

Contact measurement

Measurements with fiber probes are often performed with the probe directly in contact with the

tissue. In other setups there is air between the sample and the optics unit (non contact setups).

Sampling volume calculations for a silica-skin interface and an air-skin interface were compared

for the 7-around-1 probe in order to investigate the influence of the probe-skin interface. A

silica-skin interface exists in a contact measurement. An air-skin interface could be obtained by

imaging the fiber probe onto the tissue surface or by an air-gap between probe and tissue.

Fig. 5.2 shows the depth-dependent sensitivity in the case of an air-tissue and a silica-tissue

interface for different combinations of µa and µ′s. In case of an air-tissue interface, the normalized

sensitivity shifts towards superficial tissue. This means that the normalized sensitivity increases

mainly superficially if the coupling of the probe to the skin is interrupted by an air gap. This

may be explained by the influence of the total reflection at the skin-air interface. In case of the

silica-skin interface, there is no or at least less total reflection since the simulated refractive index
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Figure 5.1: Depth-dependent sensitivity (normalized wz(z)) for varying µa and µ′s (in mm−1)
for A) single-fiber probe measurement with r = 0.1 mm B), single-fiber probe measurement with
r = 1 mm, C) SORS measurement with r = 0.1 mm and dist = 0.4 mm, D) 7-around-1 probe with
rex = 0.2 mm, rdet = 0.3 mm and dist = 0.385 mm. E) depth-dependent Φexc for varying µa and
µ′s in mm−1 for 7-around-1 probe. F) depth-dependent wz(z) for varying µa and µ′s in mm−1 for
7-around-1 probe. Error bars are not shown to maintain clarity, but deviation from a smooth curve
shape is due to statistical errors. Figure adapted from Ref. [55].

of silica (n=1.45) is slightly higher (n=1.43, [56]) or, in other references/tissues at least similar to

the refractive index of the epidermis. The influence of the probe-tissue interface was negligible for

the r = 0.1 mm single-fiber geometry but notable for the r = 1 mm geometry, however relatively



5.3 Variation in sampling depth due to wavelength dependency of optical properties 65

Figure 5.2: Simulated depth-dependent sensitivity for different refractive indices of the medium
which is in contact with the skin (air with n=1 or silica with n=1.45) for the 7-around-1 probe.
The parameters µa and µ′s (in mm−1) of both layers are equal. Figure adapted from Ref. [55].

weaker than for the 7-around-1 geometry (data not shown).

5.3 Variation in sampling depth due to wavelength dependency

of optical properties in the NIR

These results were published previously in Ref. [55]. The wavelength dependency of absorption

and scattering is relevant for Raman spectra since each Raman band in the spectrum is deter-

mined by the propagation of the photons according to the optical parameters at the excitation

wavelength (µa ex, µ
′
s ex), and after the Raman scattering event, the Raman photons propagate

according to the optical parameters at the Stokes shifted wavelength (µa st, µ
′
s st). Wavelength

dependent changes of optical properties are not removed by normalization of the spectra and

might effect spectra classification. Therefore the change in sampling depth that can occur in the

measurement of a typical fingerprint spectrum (785 nm-910 nm) was simulated. The 7-around-1

probe geometry was chosen and the optical parameters of excitation and Stokes shifted wave-

length, specified in the figure legend, were taken from Ref. [103].

Fig. 5.3 A) shows the sampling depth in the case of zero Stokes shift compared to the case

where the Raman photon propagates with optical properties corresponding to a maximal Stokes

shift of 1800 cm1 (at 910 nm). The resulting difference in sampling depth is fairly small. The

corresponding signal fractions originating from z < 0.7 mm (1.0 mm) are given in Tab. 5.2. A

70 % (90 %)-sampling depth was defined as the depth where 70 % (90 %) signal contribution was

obtained from the tissue above the sampling depth. The 70 % (90 %)-sampling depth was 0.43 mm

(0.90 mm) for the case of zero Stokes shift and 0.46 mm (0.83 mm) for the case of maximal Stokes

shift. Consequently, it is assumed that individual Raman bands in a NIR skin spectrum (with
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Figure 5.3: Simulated depth-dependent sensitivity for varying optical properties of skin (in mm−1)
for the 7-around-1 fiber probe. A) Optical properties corresponding to the case of maximal Stokes
shift and zero Stokes shift are used (as specified in the legend). In addition, the maximal Stokes
shift case is compared to the case when mean optical parameters of excitation and maximal Stokes
shift photons are used. Figure adapted from Ref. [55].

785nm excitation) originate from a similar sampling depth. However, the effect may be stronger

in the visible or mid-infrared spectral range.

For the results in Fig. 5.3 A), the Stokes shift of the Raman photon was simulated by propagating

the Raman photon according to optical parameters of the Stokes shifted wavelength. In the same

graph, it is shown that comparable results could be obtained using the mean optical properties

of excitation and Stokes shifted wavelength in the simulation while neglecting the Stokes shift in

the MC code.

Table 5.2: Signal contribution (in %) from z < 0.1 mm, z < 0.7 mm and z < 1.0 mm for the
7-around-1 fiber probe for the optical properties specified in Fig. 5.3. Table adapted from Ref. [55].

Signal from no Stokes shift max. Stokes shift mean µa, µ
′
s

z < 0.1 mm 12 14 14
z < 0.7 mm 81 84 84
z < 1.0 mm 91 93 93

5.4 Influence of µ′s and µa of individual skin layers on sampling

depth

These results were published previously in Ref. [55]. Optical parameters of individual skin layer

often vary independently, e.g. due to pigmentation in the epidermis or changing blood volume

fractions in the dermis. Therefore, the influence of µ′s and µa of individual skin layers on sampling

depth was simulated for the 7-around-1 probe.
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Figure 5.4: depth-dependent sensitivity of skin for the 7-around-1 fiber probe. A) µa epi and
µa derm (in mm−1) are varied independently. B) µ′s epi and µ′s derm is varied independently. Figure
adapted from Ref. [55].

Fig. 5.4 A) shows the depth-dependent sensitivity for different combinations of µa epi and µa derm

with equal µ′s of both layers. There is a very small influence of µa epi on the normalized sensitivity,

which indicates that skin pigmentation has a minor influence on the sampling depth. The influence

of µ′s epi was however larger, as shown in Fig. 5.4 B), where µa of both layers was equal but µ′s epi
and µ′s derm were varied. An increase of µ′s epi from 1 to 5 mm−1 (with µ′s derm = 1 mm−1) even

led to a similar depth of maximal sensitivity as for a µ′s =5 mm−1 in both layers. However, the

overall sensitivity distribution was still significantly different compared to the case of equal µ′s in

both layers. Tab. 6.2 shows the signal contributions originating from certain tissues regions for

some data of Fig. 5.4.

In summary, as in the previous section, µ′s was found to determine the depth of the sensitivity peak

while large variations of µa caused only moderate changes in the shape of the depth-dependent

sensitivity. This indicates that variations of µ′s epi of external or natural origin are a major source

of sampling depth variation.

Table 5.3: Signal contribution (in %) from z < 0.1 mm, z < 0.7 mm, and z < 1.0 mm for the
7-around-1 fiber probe for some of the parameter combinations of the data shown in Fig. 5.4. Table
adapted from Ref. [55].

parameters
µa epi (mm−1) 0.01 0.01 0.1 0.1 0.1 0.1 1.0 1.0 1.0 1.0
µ′s epi (mm−1) 1 5 1 3 5 5 1 5 1 5

µa derm (mm−1) 0.01 0.01 0.1 0.1 0.1 0.1 0.1 0.1 0.2 0.2
µ′s derm (mm−1) 1 5 1 1 1 5 1 5 1 5

signal from
z < 0.1 mm 4 15 5 10 15 19 5 17 6 20
z < 0.7 mm 54 81 65 74 78 92 65 92 70 95
z < 1.0 mm 70 90 82 86 88 97 82 97 86 99
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Figure 5.5: Comparison of measured and simulated integrated sensitivity of NIR Raman tissue
scanner for µa = 0.01 mm−1 and µ′s = 1 mm−1 dependent on the tissue depth z for different radii
of excitation and detection beam. Figure adapted from Ref. [57].

5.5 Comparison of simulations to measurements

These results were described in Ref. [57].

In order to ensure that the MC model fits the experiments reasonably well, measurements on

silicone layer phantoms were performed and compared with simulations of the experiment.

The measurements were performed using the NIR Raman spectroscopic tissue scanner, which

was used for measurements on cervical tissue, see Sec. 3.5. The laser and detection focus was

set to the surface of the silicone layer stack. A 80µm thick polyethylene (PE) layer was shifted

downwards in steps of 50µm within a stack of thin silicone layer phantoms, which are described

in Sec. 3.2. The Raman intensity of the PE band at 872 nm (the backbone vibrational twist

around 1290 cm−1) decreased with the depth of the PE layer in the silicone stack.

Fig. 5.5 shows a comparison of the measured and simulated depth-dependent sensitivity, which

was integrated up to z, for the phantom with µa = 0.1 mm−1 and µ′s = 1 mm−1. The data

simulated for rdet from 90 to 110µm are shown, because this is the range of values obtained

using different evaluations of the same knife-edge measurement. The simulation with the largest

detection spot size fitted the best. For comparison of measured and simulated data, the sampling

depth for each phantom was determined as the depth up to which 1 − (1/e) % of the PE signal

was detected.

Fig. 5.6 shows that the trend of the dependency of the sampling depth on either µa or µ′s agreed

very well. The simulated sampling depths were however about 20-30µm lower than the measured

values. This corresponds to an average deviation of the sampling depth of measurement and

simulation of 17 % (rdet = 90µm) or 13 % (rdet = 110µm).

The systematically lower simulated sampling depths suggest that the MC model did not com-

pletely describe the experimental scenario. Simulations with varying measurement spot sizes,

refractive indices or optical properties within a realistic range could not explain this deviation

because the resulting differences in sampling depth were too small. Reflections on air inclusions

in the phantoms or insufficient immersion between layers might be a plausible explanation for

the lower sampling depth in the measurement. This remains to be investigated.
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Figure 5.6: Comparison of measured and simulated sampling depth of NIR Raman tissue scanner
dependent on µa and µ′s. Figure adapted from Ref. [57].

5.6 Summary and Conclusion

This conclusion is based on Ref. [55]. Independent of the investigated fiber probe geometry, an

increase in tissue scattering as well as an increase in absorption shifts the sampling volume to

shallower depths. However, differences in tissue absorption had a smaller influence on the shape

of the sampling volume than variations in scattering. This result was found for the calculations

presented in this section using NIR optical parameters. For µa-values in the same order of mag-

nitude as the µ′s-values, the influence of µa was larger and not negligible (data not shown).

The wavelength dependency of absorption and scattering had only a small effect on the sampling

volume (in case of a typical NIR fingerprint spectrum of skin), which means that individual Ra-

man bands in a spectrum originate from a similar sampling volume. However, the effect may be

larger in the visible or mid-infrared spectral range as well as for other tissues.

The change of optical properties in cancerous tissue should be accounted for in the interpretation

of the Raman spectra. In the case of the 7-around-1 probe geometry, it was shown that due to the

variation of optical properties, the 70 % (90 %)-sampling depth increased by 0.26 mm (0.50 mm) in

the case of basal cell carcinoma compared to normal skin [55]. A much smaller shift in sampling

depth of 0.05 mm was obtained for precancer versus normal cervical tissue, using a measurement

geometry (approximately r=0.1, see Sec. 3.5) with a generally much lower sampling depth than

the 7-around-1 probe geometry.

This disparity in sampling depths may inherently cause variations in the respective tissue spec-

tra, which can potentially lead to artifactual band assignments in the correlation of spectra with

biochemical changes.

Furthermore, knowledge of the sampling depth of particular instrument such as a fiber probe

is essential to choose a suitable probe for a specific measurement task, such as Raman spectro-

scopic diagnosis of diseased versus normal tissue. Assuming the analysis of the subtle spectral
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changes accompanying precancerous tissue is limited by the non-systematic variance of normal

surrounding tissue, minimization of signal contributions from normal surrounding tissue provides

increased discriminant abilities. For the detection of epithelial cancer, the results suggest that

single fibers with unpractically small diameters would be required to avoid large dermal contri-

butions (for a 0.1mm thick epidermis). As single-fiber Raman measurements were only used for

high wavenumber measurements due to the Raman signals of silica fibers in the fingerprint range,

more complex probe designs have been suggested for that purpose [34, 93].

In summary, sampling depth simulations of specific probe or measurement geometries can both

improve the interpretation of the collected Raman signals as well as guide the design of probes

for biomedical diagnostics.



Chapter 6

Influence and correction of

absorption and scattering on

resonance Raman spectroscopy of

skin carotenoids

Carotenoids are antioxidant substances playing an essential role in the reactions of neutralization

of FR (mainly reactive oxygen species ROS). As components of the antioxidative protective sys-

tem of the human skin carotenoids could serve as marker substances for the overall antioxidative

status [104].As humans are not able to synthesize carotenoids, oral intake is the only source. After

consumption, carotenoids are found in blood serum and later in tissue including skin. Dermal

carotenoids serve as a biomarker for fruit and vegetable intake, which has been inversely associ-

ated with the risk of a number of chronic diseases [105].

The most concentrated carotenoids in human skin are lycopene, α-carotene, β-carotene, lutein,

zeaxanthin, α-cryptoxanthin, phytoene, phytofluene, with lycopene and the carotenes accounting

for about 60− 70 % [106].

The gold standard of a quantitative carotenoid measurement is high performance liquid chro-

matography (HPLC), which requires a relatively large biopsy of the skin (e.g. a biopsy with a

diameter of 3 mm was used in Ref. [105]). Therefore, a non-invasive measurement procedure is

required for regular monitoring of dermal carotenoid levels. Due to the comparably large Ra-

man cross section of carotenoids, Raman spectroscopy, especially resonance Raman spectroscopy

(RRS) using a laser wavelength within the absorption band of carotenoids, has been successfully

applied as non-invasive measurement technique for skin carotenoids in various studies [3, 105–

108], which are summarized in the following section.

However, the effect of tissue optical properties on the measured Raman signal intensity of skin

carotenoids has not yet been quantified. The authors of a recent study state that in order to

correct for the effect of absorption on the carotenoid Raman signal, one would have to measure

the absorption separately with other spectroscopy methods [106]. Neither correction methods

71
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were suggested for this application nor a suitable setup to determine Resonance Raman signals

together with skin optical properties has been developed yet.

Aims of this study were to determine the influence of absorption and scattering on the intensity

and the sampling depth of the resonance Raman signal of carotenoids. Measurements on silicone

tissue models with a constant concentration of β- carotene and varying µa and µ′s were performed

to investigate how the resonance Raman signal of the β-carotene depends on µa and µ′s. The sam-

pling depth of a skin carotenoid measurement was investigated by use of MC simulations and an

experiment where the blood volume fraction in the dermis was modulated. In addition, resonance

Raman measurements were combined with the determination of µa and µ′s in vivo. Final aim

of this study was to apply correction methods to in vivo Raman signals in order to remove the

influence of absorption and scattering on the Raman signal.

Please note that parts of this chapter were published previously in Refs. [25, 58].

6.1 Previous studies on skin carotenoids using resonance Raman

spectroscopy

In vivo Raman measurements of carotenoids in skin have demonstrated significantly lower con-

centrations of carotenoid RRS signals in BCC and actinic keratosis than in region-matched skin

of healthy subjects [107]. Positive effects of dietary supplementation and negative effects of stress

factors (smoking, illness, alkohol consumption) on the skin carotenoid levels have been shown in

several studies [59, 109, 110]. Portable instruments for the use in a clinical setting [107, 108] have

been developed and commercial instruments have been produced for the nutritional supplement

industry (BioPhotonic ScannerTM, Pharmanex LLC, Provo, UT). However, it has been ques-

tioned whether the Raman signals can be used to derive valid quantitative measures of in vivo

carotenoids [111].

The Raman signal of carotenoids in skin is influenced by elastic scattering and absorption of the

excitation and Raman scattered light. Consequently, the relationship of the RRS signal and the

carotenoid concentration is not trivial.

In 2000, a calibration of Raman signals to carotenoid concentrations based on HPLC analysis of

excised tissue included few tissue samples (n=3, [107]). In 2010, a direct correlation of in vivo

carotenoid Raman signals with HPLC derived carotenoids concentrations has been shown for

heel skin (n=8, [106]). This skin site was chosen because of its large stratum corneum thickness

which minimizes interference with signals from deeper skin layers, in addition to a low melanin

concentration. An excellent correlation coefficient r of 0.95 (r2 = 0.91) was obtained despite the

fact that HPLC measures a definite and limited subset of the carotenoids species, not including

minor carotenoids and a potentially large class of oxidized carotenoids, while RRS measures any

carbon double bond, especially of the absorbing species [106]. Mayne et al. [105] described the

correlation between the total in vivo carotenoid levels measured by RRS with HPLC results of

dermal biopsies of the posterior hip area. They found that the total carotenoid levels of skin

measured by RRS correlated with the HPLC measured values with a Pearson correlation coef-
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ficient of r = 0.66 (n=28), which is much worse than the correlation obtained for heel skin by

Ermakov et al. [106]. The same authors state that in order to correct for the effect of absorption

on the carotenoid Raman signal, one would have to measure the absorption separately with other

spectroscopy methods [106]. However, the effect of optical properties has not yet been quantified.

Neither correction methods were suggested for this application nor a suitable setup to determine

Resonance Raman signals together with skin optical properties has been developed yet. Recently,

the use of optoacoustics was suggested as a non-invasive technique to probe optical properties

parallel to Raman measurements [112]. With the aim to quantify carotenoids in living tissues, a

combined fiber sensor for optoacoustics and Raman spectroscopy was presented, but evaluation

of a correction method was not published yet.

6.2 Resonance Raman signal of β-carotene in homogeneous sili-

cone tissue phantoms

These results were published previously in Ref. [25].

Influence of absorption and scattering on signal intensity of β-carotene

Tissue phantoms with known constant β-carotene concentrations were constructed in order to

determine the influence of µa and µ′s. The tissue phantoms are described in Sec. 3.2.

Fig. 6.1 A) shows that the intensity of the raw spectra depended on the optical properties of

the silicone phantom. The Raman signal at 1524 cm−1 (corresponding to C=C bonds) dropped

roughly proportional to 1/µa. The influence of µ′s was however comparably small, see Fig. 6.1

B).

The optical properties of the phantoms given in the graph are the mean optical coefficients of

the two values measured at excitation and Stokes wavelengths. These coefficients were measured

with an integrating sphere spectrometer. For the silicone phantoms used, µa could not be varied

independently of µ′s because the absorber, a color paste consisting of pigments, also acts as

scatterer. Therefore, the µ′s of the phantoms was not constant within one series of increasing

µa. The errors of Raman signals in Fig. 6.1 B) corresponded to the standard deviation of 5

repetitive measurements at different locations of the silicone tissue model. The errors in the

optical properties were estimated based on the results of repetitive determinations of µa and µ′s.

The phantom measurements were further compared with MC simulations described in Sec. 3.1, see

Fig. 6.1 B). Since the MC simulation does not account for instrumental factors (e.g. transmission

of optical system or detector efficiency) and is normalized to the Raman scattering coefficient,

the simulated intensities were fitted to the measured intensities with a constant factor (the same

factor for all data points). Therefore, only the trend of the simulated intensities and not the

absolute values were compared. The trend of RamT with µa corresponded to the simulations.

However, experimental and simulated values did not match for all phantoms within the given

errors, see Fig. 6.1 B). This may result from inhomogeneities of the phantoms or other unknown

sources of error in the measurement. The elastic reflectance in the same spectra was analyzed
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Figure 6.1: A) Measured raw spectra of silicone tissue models containing β-carotene are shown.
B) Comparison of the measured peak intensity at 1542 cm−1 (RamT , full symbols) to simulated
intensities (open symbols and lines, which represent a series of simulated data). The simulated
intensities were fitted to the measured intensities with a constant factor (the same factor for all
data points). Therefore, only the trend for varying µa and µ′s and not the absolut values of the
Raman intensities are compared (+ indicates that µ′s increases within the series due to the scattering
absorber). The figure was adapted from Ref. [25].

Figure 6.2: A) Comparison of the measured Raman and reflectance intensity (RamT , full symbols)
with simulated data (lines). The simulated intensities were fitted to the measured intensities with
a constant factor (the same factor for all data points). Therefore, only the trend for varying µa and
µ′s and not the absolute values of the reflectance are compared. B) Comparison of the measured
reflectance data (full symbols) with simulated data (open symbols and lines, which represent a series
of simulated data). The simulated intensities were fitted to the measured intensities with a constant
factor (the same factor for all data points). Therefore, only the trend for varying µa and µ′s and
not the absolute values of the reflectance intensities are compared (+ indicates that µ′s increases
within the series due to the scattering absorber). Figure adapted from Ref. [25].

as well, see Fig. 6.2. The dependence on µa was weaker and the dependence on µ′s was stronger

compared with the Raman signal. This result is highly relevant when the reflectance signal is

used to correct the Raman signal for variations due to absorption and scattering.
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Correction of signal variation due to absorption and scattering

Correction functions for the Raman intensity variation due to absorption and scattering are de-

scribed in Sec. 4.3. Evaluation of the correction functions was shown on the basis of MC simulated

data. In this section, evaluation of the correction functions is shown based on the measured data

presented in Fig. 6.1. The variation of Raman intensity due to absorption and scattering was

calculated as the relative standard deviation (RSD), which is the standard deviation of all Ra-

man intensities of all samples with different µa and µ′s divided by the mean value of the Raman

intensities. The RSDs before and after application of correction function are shown in Tab. 6.1.

Using FRatio (see Sec. 4.5) had the smallest correction effect, while F2 (see Sec. 4.3) and FLUT (see

Sec. 4.3) reduced the RSD considerably. When the LUT-correction using µa and µ′s was applied,

the RSD of the data decreased about 80 %. In Fig. 6.3 it can be seen that the corrected values

were now distributed around a constant value, scaled to the true concentration of 10µg/g. If the

RSD was calculated using the individual results of all phantoms, the RSD of RamT and after

application of FRatio, F2 , and FLUT was 91 %, 75 %, 34 % and 27 % respectively. Since phantoms

were produced in 5 series, each series from a new mixture of silicon with β-carotene, average

RSDs for different phantom series were compared in Tab. 6.1 in oder to reduce the influence of

potential variations of β-carotene in the phantoms. The remaining variability of the corrected

intensities (corrected with FLUT ) may result from inhomogeneities of the phantoms or other un-

known sources of error in the measurement.

The experimental evaluation of FRatio and F2 was limited with this setup, because the diffuse re-

flectance was only measured at the excitation wavelength. This means that changes of absorption

and scattering at the Stokes shifted wavelength did not effect R. In the simulations presented

in Sec. 4.3, it was assumed that R and RamT are influenced by the same values of µa and µ′s,

which were set to the mean of the parameters at excitation and Stokes wavelength. If available,

it is likely more accurate to use the mean of the experimental R at excitation and Stokes shifted

wavelength for the correction, similarly as suggested by Barman et al. in Ref. [10].

Table 6.1: Decrease of the RSD of RamT (see Fig. 6.3) in % due to application of correction
functions FRatio, F2 , and FLUT . F2 was 0.084×R3 − 0.4584×R2 + 1.7598×R− 0.85.

RamT Fratio F2 FLUT

RSD decrease 88 58 21 16

6.3 Investigation of Raman sampling depth in a skin carotenoid

measurement

Monte Carlo simulation of sampling depth

Aim of a Raman measurement is often to detect a change in concentration of a specific biochemi-

cal in a specific tissue volume. In turbid media, the sampling volume is influenced by the optical

parameters of the tissue. In order to ascribe Raman signal variations to physiological origins, it
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Figure 6.3: Comparison of corrected and uncorrected intensity values of the β-carotene in the
silicone samples. The concentration of β-carotene is 10µg/g in all samples and µa and µ′s vary from
sample to sample.

is crucial to know the contributions of individual skin layers to the measured signal. MC simula-

tions were performed to determine the sampling depth for a measurement geometry with r = 2.5

and NA = 0.22, which is comparable to the one used for skin carotenoid measurements by the

Lademann group [108]. Optical parameters at 500 nm were chosen for the simulations and the

two layer skin model (Fig. 3.2) was chosen as sample geometry.

Fig. 6.4 A) shows the depth-dependent sensitivity of the Raman measurement for different com-

binations of the four variables µa epi, µa derm, µ′s epi, and µ′s derm. Fig. 6.4 B) shows the Raman

signal integrated up to depth z. The 63 %-sampling depth of the simulated cases is given in

Tab. 6.2. The absorption of the dermis is determined mainly by the blood volume fraction and

µa derm = 0.1 mm−1 corresponds to an average blood volume fraction in the dermis of 0.2 %

([15, 87]). The absorption of the epidermis is mainly determined by the melanin fraction and

a melanin fraction of 1 %, typical for white epidermis, leads to µa epi = 0.7 mm−1 [15, 87]. If

the scattering coefficient was assumed to be µ′s epi = µ′s derm = 3 mm−1, the sampling depth

(63 %-depth) was about 0.42 mm. Differences to other setups (r=1 mm or NA = 0.05, data not

shown) reduced the measurement depth by about 0.03 mm each. If µa epi was significantly higher

(µa epi = 4 mm−1), corresponding to a melanin fraction of 6 % [87], which is rather high com-

pared to the range of values for skin reported in the review of Lister [86] (µa = 0.1 − 4 mm−1),

the sampling depth was not changed notably, except a drop in sensitivity for Raman photons

originating in the 0.1 mm-thick epidermis. If µ′s epi was increased (µ′s epi = 7 mm−1), which was

in the range of literature values reported from 1 − 10 mm−1 [27, 86], the sensitivity for Raman

photons originating in the epidermis was significantly increased, corresponding to a reduction of

the sampling depth by 0.05 mm. If µa derm was higher (µa derm = 0.35 mm−1), corresponding

to a blood volume fraction of 2 %, as it is possible e.g. in the venous plexus [87], the sampling

depth was shifted towards the surface by 0.11 mm. A change of µ′s derm from 3 to 7 mm−1 led to
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Figure 6.4: Comparison of A) simulated normalized sensitivity and B) signal integrated up to
depth z for different combinations of µa epi, µ

′
s epi, µa derm, and µ′s derm.

a decrease in sampling depth of 0.09 mm.

The results show that the Raman signal from the dermis was a major part of the total signal in

a measurement geometry as it was applied in this study and in other laboratories (measurement

spot diameters of several millimeters). Even if the thickness of the epidermis was larger than in

the skin model used for the simulation results shown in Fig. 6.4, e.g. 0.2 to 0.3 mm at the palm

(in the MC skin model 0.1 mm was assumed, see Sec. 3.1), the contribution of the dermis would

be significant. It can be roughly estimated based on the graph in Fig. 6.4 for the highest µa derm

that about 60 % of the signal would originate from a depth up to 0.3 mm.

Table 6.2: Simulated 63 %-sampling depth for parameter combinations used in Fig. 6.4.

parameters
µa epi (mm−1) 0.7 0.4 0.7 0.7 0.7
µ′s epi (mm−1) 3 3 7 3 3

µa derm (mm−1) 0.35 0.1 0.1 0.1 0.1
µ′s derm (mm−1) 3 3 3 3 7

sampling depth
(in mm) 0.31 0.42 0.37 0.42 0.33

Effect of modulated blood volume fraction on the in vivo carotenoid signal

The effect of a modulated blood volume fraction on the in vivo carotenoid signal was investigated

experimentally. Blood is located in the dermis but not in the epidermis. An effect on the

carotenoid signal of skin is expected because the simulated sampling depth, as shown in the

previous section, was larger than the thickness of the epidermis. In order to modulate the pressure

onto the skin and consequently the blood volume fraction, a glass window was added to the setup,

similar to the approach described in a recent publication using reflectance spectroscopy [113].

During each acquisition, either low pressure (just enough to ensure contact of the skin on the

window) or high pressure (as much as could be maintained comfortably over 10 s exposure time)

was applied with the palm onto the window.
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Figure 6.5: Average spectra (n=10) from two areas on the palm (palm 1 and palm 2, see Sec. 3.4)
measured using either low or high pressure are shown. The error bar corresponds to the standard
deviation of the fluorescence background. The inset shows the carotene peak enlarged with constants
subtracted from the baselines to enhance comparability.

Fig. 6.5 shows mean spectra of measurements with high and low pressure. Measurements (n=10)

were averaged to reduce the influence of skin inhomogeneities and the measurement position was

varied within an area after each acquisition to reduce the influence of photobleaching. The higher

pressure increased the fluorescence background as well as the Raman signal. The error bars

correspond to the standard deviation of the varying fluorescence background. The Raman peak

intensities were determined for individual spectra. The increase in intensity of the Raman peak

due to the higher pressure is 20± 15 % at palm 1 and 24± 10 % at palm 2.

In addition, MC simulations were used to estimate the signal intensity change due to an increased

pressure. The two-layer skin model with Raman scatterers in both layers was used, see Sec. 3.1.

According to Ref. [87], µa derm of 0.065 mm−1 corresponds to an average blood volume fraction

of 0.0 % and µa derm = 0.09 mm−1 corresponds to an average blood volume fraction of 0.2 %

(averages of µa at 488 and 532 nm). Using µ′s epi = µ′s derm = 3 mm−1 and µa epi = 1 mm−1, a

Raman signal increase of 17.5 % was obtained when µa derm decreased from 0.09 to 0.065 mm−1,

which is in good agreement to the experimental signal increase.

.
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6.4 Correction of in vivo resonance Raman signals of skin

carotenoids for absorption and scattering

Parts of the following section were published previously in Ref. [58]. Aim of this study was

to develop a suitable correction method for absorption and scattering effects in in vivo Raman

measurements of skin carotenoids. As first step, the performance of three correction methods was

investigated in chapter 4 for a two-layer tissue model using simulated data. In this chapter, the

correction methods were applied to in vivo measurement data.

It must be pointed out that correction methods developed for homogeneous tissue were applied

to the skin signals. The application of specific multi-layer correction methods would require a

measurement of the optical properties of each layer as well as knowledge of the layer thicknesses.

Therefore, it seems reasonable to investigate the suitability of simple correction methods devel-

oped for homogeneous samples in a scenario where optical properties of individual layers change

independently.

The setup described in Sec. 3.3 and Ref. [25] was used to determine µa, µ
′
s as well as the carotenoid

resonance Raman signal from the same skin areas. The measurement positions are described in

Sec. 3.4.

Determination of µa and µ′s with spatially resolved reflectance

The combined Raman and SRR setup was utilized to measure optical properties of skin on three

different positions at the arm (see Sec. 3.4). The resulting measured values of µa and µ′s, shown

in Fig. 6.6, agreed well with the range of values in the literature.

For the epidermis of light skinned adults with a melanosome volume fraction of 1− 6 %, a µa of

0.7− 4 mm−1 was expected at 500nm according to the model of Jacques [15, 87]. However, lower

values (0.2 mm−1) have been measured by Meglinski, as summarized in the review by Lister [86].

Since the sampling volume of this study included the dermis, it is plausible that the measured

values were in the range of the µa expected for the dermis, which is 0.15 - 0.5 mm−1 [86].

Literature values for µ′s at 500nm vary from 1− 10 mm−1 in the review of Lister et al. [86]. The

wavelength-dependent trend of µ′s corresponded to the well-known power-law dependency [27].

Analyzing differences in the optical properties of different skin sites, the measured values which

are averaged over all volunteers do not significantly differ because of the comparably large in-

terpersonal variability (error bars in Fig. 6.6). Therefore, the µa and µ′s-values measured at

palm 1 of each volunteer were subtracted from the values measured at palm 2 and vfa (data not

shown). Only the µa at palm 2 was significantly higher than at palm 1 (∆µa = 0.07 ± 0.06).

The hemoglobin volume fraction of the dermis was probably the origin of the higher absorption

at this position.

Correction of the Raman signal intensity of skin carotenoids

The effect of the correction on Raman signals of carotenoids was investigated. Since the true

carotenoid concentration was unknown, the relative change of the corrected signal compared to
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Figure 6.6: Measured µa and µ′s of palm 1, palm 2 and volar forearm (see Sec. 3.4) at 488 and
532 nm. The error bars represent the standard deviation of 9 volunteers. Figure adapted from Ref.
[58].

the uncorrected signal was interpreted. For the correction, the intensity was divided by the cor-

rection factor according to the optical properties of the respective skin site of each volunteer. The

corrected values were then multiplied with the correction factor for the mean optical properties of

all volunteers at the respective measurement site. This means that the corrected intensity values

correspond to the values that would be measured if all skin sites had the same optical properties.

In the following, the effect of the application of a correction function is called the correction

effect. The uncorrected and corrected individual values of palm 1 are shown in Fig. 6.7 A). The

correction effect on individual measurements, calculated as |Scorr−S|/S, was up to 40 % with an

average of 18± 11 % at palm 1, where most comparative measurements in dermatologic research

are performed. Comparison with the average increases in carotenoid levels during the summer

and autumn months, which is 26 % [59], suggests that the magnitude of the correction effect is

practically relevant for the quantitative comparison of in vivo Raman signals. For the low pig-

mented volar forearm the average correction effect was 13± 12 %.

The effect of 3 different correction methods (FRatio, F2, and FLUT , described in Sec. 4.3) was

compared using the carotenoid Raman signals measured from the skin site palm 1. The results

are shown in Fig. 6.7 B) together with µa, µ
′
s and the reflectance signal R.

In chapter 4 it was shown that choosing the best performing correction method necessitates

knowledge of the Raman scatterer distribution and the variation of µa, µ
′
s of epidermis or dermis.

For a homogeneous Raman scatterer distribution and variations of µa derm and µ′s epi only, the

LUT correction performed best, see Tab. 4.4. For the interpretation of Fig. 6.7 B) it was assumed

that variations in µ′s epi occurred due to differences in skin roughness and that µ′s derm was con-

stant. In addition, it was assumed that µa derm varied but µa epi was constant as pigmentation is

naturally low at the palm and blood vessels were visible at some of the measurement sites.

The 3 methods agreed in the trend of the correction (increase or decrease of Raman intensity),

following the value of µa relative to the mean µa. Exceptions were volunteers Nr. 5 and 7, where

the value corrected with FRatio deviates strongly from the other corrected values in that the
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Figure 6.7: A) Individual correction effect at palm 1 obtained with FLUT . B) Comparison of the
effect of different correction methods on the in vivo carotenoid intensities of the skin area palm
1. The uncorrected Raman signal is shown together with corrected values obtained with FRatio,
F2 , and FLUT . In addition R, µa or µ′s are shown to visualize correlations. C) All individual
Raman intensities were corrected relative to the mean optical properties of all volunteers. The
mean of uncorrected and corrected individual values is shown. Error bars correspond to the standard
deviation of individual values (n=9) before and after the correction. Figure parts A) and C) were
adapted from Ref. [58].

correction has a small effect. These volunteers showed the highest µa and the highest µ′s. Based

on Tab. 4.4 the deviation of FRatio is plausible because FRatio performed less well than the other

methods in correcting influences of µa derm and furthermore even increased the influence of µ′s

variations. Application of FRatio had the highest correction effect (of all methods) for volunteers

whose studied skin site exhibited a high R (or low µa and high µ′s). The outlier of the application

of F2 (volunteer Nr. 7) may be explained by the very high µ′s due to the multiplicative use of µ′s

in the correction function (see Sec. 4.3).

The average and the variability (calculated as standard deviation) of the uncorrected and the

corrected Raman values are shown in Fig. 6.7 C). The average corrected Raman signals did not

significantly differ from the uncorrected values. This is plausible because some intensities are
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increased and some decreased if the mean optical properties of all samples are used as reference

optical properties according to Eq. (4.7). When the carotenoid signal of phantoms with constant

β-carotene concentration but varying optical properties were corrected, the RSD of the corrected

signals decreased drastically. In contrast, the RSD of the corrected carotenoid signals of skin

(with variable carotenoid concentrations) is more than twice as high (30 %) as for the uncor-

rected values (12 %) at palm 1 and also higher at palm 2. At the volar forearm, the RSD (22 %)

of the corrected signals is comparable to the RSD without correction.

One explanation might be the effect of self-absorption of carotenoids. If the Raman scatterer is

identical with the absorber, a high concentration leads to a high Raman signal (before absorption)

but also to high absorption. Correction for the effect of absorption relative to the average absorp-

tion (according to Eq. (4.7)) will therefore lead to higher corrected values for high concentrations

and lower corrected values for low concentrations compared to the average absorption/concentra-

tion. Thus, correcting the self-absorption of the carotenoids will make apparent inter-individual

variations of carotenoid concentrations even more prominent than in the uncorrected signal. De-

pending on the fraction of the carotenoid absorption from the total absorption coefficient, the

correction for self-absorption may only partially contribute to the total correction effect, since a

part of the total absorption may have a different origin (e.g. bilirubin, hemoglobin). In an in

vivo study with one volunteer [114], the increase of µa at the palm due to high oral consumption

of carrot juice, in addition to long-term vegetarian nutrition, was about a factor of two. One

might conclude that carotenoids were a major contributor to the µa of this volunteer’s skin at

around 500 nm. However, the average contribution of carotenoids to the total µa of skin in this

study is likely to be less and it can only be speculated that factors leading to an increase of RSD

(correction for self-absorption) were compensated by factors decreasing the RSD, e.g. correcting

for µa variations.

Differences in uncorrected Raman intensities between different skin sites in Fig. 6.7 C) are about

as large as the standard deviation (interpersonal variability). Therefore, the Raman intensities

measured at palm 1 of each volunteer were subtracted from the values measured at palm 2 and

vfa (data not shown). Raman intensities measured at palm 2 and vfa were significantly lower by

(−17 ± 9)% and (−31 ± 14)% than Raman intensities measured at palm 1. After a correction

relative to the µa at palm 1, the difference of corrected Raman intensities of palm 1 and palm

2 reduced to (8 ± 24)% and the difference of corrected Raman intensities of palm 1 and vfa re-

mained about the same (relative difference: (−35 ± 25)%). This suggests that the difference in

uncorrected Raman intensities of palm 1 and palm 2 was indeed due to the higher µa at palm 2

compared to palm 1.

6.5 Determination of Raman cross section or Raman scatterer

concentration

Parts of the following section were published previously in Ref. [25]. In many applications, such

as the comparative measurement of skin carotenoids, it is sufficient to use a correction method
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to make Raman signals of samples with different optical properties comparable. In order to

determine µRaman (the product of molecular Raman cross section and the Raman scatterer con-

centration) from Raman spectra, calibration factors need to be obtained, see Sec. 4.3.

Another way to determine µRaman independent of a calibration measurement uses both the simu-

lated ratio RamT sim
Rsim

and measured ratio
RamT exp

Rexp
of Raman to elastic signal. Division of Eq. (4.6)

by R leads to
RamT

R
=
s l0 µRaman

R F
. (6.1)

For the instrument and geometry-dependent calibration factor s, which is needed for both Raman

(sRaman) and reflectance signal (sR), it is assumed that ssim,Raman = ssim,R and sexp,Raman =

sexp,R T−1. Here, T corresponds to the transmission of the longpass filter which suppresses the

laser radiation in the detection optics but transmits the Raman spectrum. This leads to

RamT exp

Rexp

RamT sim
Rsim

=
µRaman
T

. (6.2)

For the silicone phantoms with 10µg/ml (≈ 2 × 10−5 M), µRaman
T = 2.9 × 10−1mm−1(±29 %)

was obtained by averaging the double ratio in Eq. (6.2) over all phantoms.

Assuming T = 10−6, µRaman = 2.9 × 10−7 mm−1 was obtained. For known Raman scatterer

concentration c and µRaman, the differential molecular Raman scattering cross section (in the

literature, the differential cross section is typically called β, however to avoid confusion with β-

carotene the symbol σ was chosen) can be calculated by σ = µRaman
4π c , using µRaman from Eq. (6.2).

Without division by 4π, the result corresponds to the integrated cross section. For the silicone

phantoms we obtained σ = 2 × 10−23 cm2 molecule−1 Sr−1. The following sources of error were

considered:

• The filter transmission. The manufacturer gives T ≥ OD6, but the filter might have been

slightly tilted leading to a transmission ≤ OD6. Therefore an uncertainty of one order of

magnitude was assumed.

• Actual β-carotene concentration of phantoms. The weighting errors were estimated to be

≤ 10 %.

To summarize, the major uncertainty was the filter transmission, which was not measured when

the filter was in the same position as for the carotenoid phantom measurements. The filter trans-

mission could not be determined retrospectively because after remounting, the transmission was

different, suggesting a significant tilt of the filter during the phantom measurements. Therefore,

one may estimate that the total uncertainty of the measurement is about one order of magnitude,

which is the error that is shown in Fig. 6.8 as error bars.

Compared with the literature that reported Raman cross sections of the carbon double bond in

β-carotene, our result fits well into the large range of literature values, see Fig. 6.8.

This procedure could in principle be utilized to determine µRaman in vivo, given µa and µ′s are

known. Assuming the in vivo concentration of carotenoids is known from HPLC analysis, an in
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Figure 6.8: Comparison of literature values for the differential Raman cross section of β-carotene
with the result of this study. All studies except Ref. [115] and this study used an excitation
wavelength of 514 nm. The references in the legend are [17, 115–118].

vivo cross section could in principle be determined by calculating the simulated and experimental

ratio of Raman and reflectance signal. Once an in vivo cross section is known, it could be used

in future measurements to determine the absolute concentration of carotenoids non-invasively.

6.6 Summary and conclusion

Aim of this study was to develop a method to correct in vivo Raman signals of carotenoids in

skin for influences of absorption and scattering. Evaluation of correction functions with in vivo

measurements is only possible if the carotenoid concentration is known, which can be determined

with invasive HPLC measurements. In order to avoid tissue biopsies, measurements on tissue

phantoms with varying µa and µ′s containing carotenoids were performed. Furthermore, HPLC

is not an ideal reference method because the concentration is average over the excised tissue

volume while Raman spectroscopy samples with a certain depth-dependent sensitivity. Therefore

phantom measurements seemed to be a good choice for the evaluation of the correction methods.

The following correction methods were compared: the ratio of Raman and reflectance signal

(Fratio), a lookup table using simulated Raman intensities as well as µa and µ′s (FLUT ), empirical

correction functions using R as well as µa and µ′s (F2). Application of the Fratio to the data of

homogeneous carotenoid tissue phantoms reduced the RSD only from 88 to 58 %, while the FLUT

correction reduced the RSD to 16 %.

Applied to carotenoid intensities gained from in vivo Raman spectra of skin, the Raman intensities

were changed up to 40 % by the correction, with an average of 18 ± 11 % at palm 1 where most

comparative measurements in dermatologic research are performed. Comparison with the average

increase in carotenoids during the summer and autumn (26 % [59]) suggests that the average

correction effect has a practically relevant magnitude.

However, the applied correction methods assume a homogeneous sample, but in skin, µa, µ
′
s as

well as the carotenoid concentration may change independently in different layers [119]. In order

to investigate the usefulness of the correction function for skin, Monte Carlo simulations were

performed (see Sec. 4.4) with independent variations of µa and µ′s in a two-layer skin model,
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where the Raman scatterers were located in the epidermis or dermis or in both layers.

The simulated two-layer skin data in chapter 4.4 showed that the choice of an optimal correction

method depends on assumptions on the presence of Raman scatterers or the change of µa and

µ′s in either top layer, bottom layer or both layers. In the case of Raman scatterers located in

the top layer only (epidermis) Fratio worked most effectively. Application of FLUT was the best

compromise for Raman scatterers in the bottom layer or both layers, if µa epi, µa derm, µ′s epi, and

µ′s derm changed.

If only µa varies (with constant µ′s), application of Fratio significantly reduced the influence of µa

on the Raman intensity for all Raman scatterer distributions.

If only µ′s varies in either layer (with constant µa), based on this study none of the correction

functions can be recommended. This is because a significant improvement was only achieved for

variations of µ′s epi for Ramepi and all other scenarios showed no significant change or even cause

a significant increase of RSD.

If there were variations of both µ′s and µa, the best overall reduction in RSD for the analyzed

data set was achieved by FLUT .

However, these results may not be valid if the thickness of the epidermis is larger than 100µm, as

it was assumed in the two-layer skin model. Application of FLUT based on the measured µa and

µ′s-values makes sense if the variations in µa and µ′s are significantly larger than the measurement

errors of µa and µ′s (average deviation here 11% µa) and 10% (µ′s), see Sec. 3.3). In addition,

the unwanted Raman signal variation due absorption and scattering to should be larger than the

differences of simulation and experiment due to imperfect modeling (here 10 %, see Sec. 4.5), if

the LUT is based on simulated values.

In order to choose the most suitable correction method for a specific measurement, it may be

useful to make assumptions on the expected change of optical properties. As all optical properties

can vary in principle among measurement sites, it seems reasonable to control the variations of

the optical properties as much as possible. The influence of µa derm (blood volume fraction) on

the Raman signal may be reduced by applying pressure on the skin with a glass window, which

reduces the blood volume fraction, as it was done here for the data presented in Fig. 6.5. Using

optical clearing agents such as glycerol [120] might be a way to reduce variations of µ′s epi. Further

influences of optical properties on the Raman signal of skin carotenoids might be reduced by the

choice of the measurement site. This is why most previous resonance Raman measurements of

skin carotenoids were performed at the palm, where the epidermis is comparably thick and the

pigmentation is minimal. Even more comparable conditions seem to be present at the heel, be-

cause a correlation with HPLC measured reference values shows a very good correlation (r=0.95

[106] compared with r=0.66 at the palm [105]).

The results presented in this thesis chapter were obtained for the measurement geometry used by

the Lademann group, which has comparably large measurement spot diameters and, consequently,

a rather high penetration depth. Compared with a measurement spot radius of r = 1 mm or

greater, a lower sampling depth can be achieved using a measurement spot with r = 0.1 mm,

as shown in chapter 5, Fig. 5.1. Thereby, the influence of variations of optical properties in
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the dermis on the detected Raman signal will be reduced. Therefore, one might consider other

measurement geometries in order to reduce the influence of the dermis on the signal originating

from carotenoids in the epidermis. Another way to achieve a more superficial sensitivity despite

a large measurement spot might be the use of polarization sensitive Raman detection [121].

Whether this would be a large improvement needs to be investigated.



Chapter 7

Raman macro raster scans for

detection of cervical precancer

evaluated with histopathological

mapping

“Cervical cancer is one of the leading causes of cancer deaths in women and is known to be

caused by human papillomavirus (HPV) infection [122]. A small percentage of HPV-infected

women will develop cervical intraepithelial neoplasia (CIN). CIN lesions are divided into three

classes of increasing grades, as illustrated in Fig. 7.1. While the majority of low grade CIN lesions

(CIN 1) regress spontaneously, high grade CIN (HGCIN, CIN 2 and CIN 3) tend to progress to

invasive cancer [123–126]. Cervical cancer progress is relatively slow and screening programs

based on Papanicolaou cytological smear analysis (Pap test) have led to a remarkable decrease

in the incidence and mortality of cervical cancer. In a systematic review Nanda et al. found that

the sensitivity of the Pap test ranges from 30 % to 87 % and the specificity ranges from 86 % to

100 % [127].

Abnormal Pap smears are usually followed by colposcopic examinations involving visual examina-

tion under magnification including the application of acetic acid and Lugol’s iodine solution. Io-

dine solution stains glycogen-containing normal squamous epithelium, while application of acetic

acid leads to acetowhitening of abnormal areas. Colposcopy is the basis for correct identification

of an atypical transformation zone (TZ), for definition of the grade of an underlying lesion, for

targeted biopsy in the case of HGCIN, and for excisional therapy [128]. Different grading indexes

have been created to discriminate between normal, minor change, major change and cancer [129–

133]. Due to subjectivity of this procedure, the actual diagnostic accuracy of colposcopy depends

on the experience of the practicing physician, resulting in inter- and intra-observer variabilities

[134–137]. According to a meta-analysis, colposcopy has a high mean sensitivity of 85 %, but a

low mean specificity of 69 % to distinguish normal and CIN I from HGCIN lesions and cancer[138].

Benign changes (metaplasia, inflammation) and dysplasia may have similar colposcopic appear-

87
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Figure 7.1: Schematic of the structure of normal cervical tissue, CIN1-3 as well as invasive
carcinoma. Image taken from Ref. [63] with permission of IOP Publishing and D. Walker.

ances and biopsies are therefore required to confirm the diagnosis” [60].

Optical sensing technologies have the large advantages of being non-invasive, providing a real-

time diagnosis and being objective due to automated data analysis. Therefore, many studies

on cervical precancer and cancer detection with optical spectroscopy including fluorescence, re-

flectance, infrared and Raman spectroscopy, or combinations of two or more, have been published

so far. A summary of previous studies is given in the following section. “Previous in vivo studies

on precancers were performed using Raman fiber probes and abnormal and normal measurement

sites were selected using colposcopy [6, 7, 139–142]. In this study, spectra were acquired by

point-wise scanning over the surface of cone biopsies with an average of 200 spectra per sample.

In order to allow correlation of Raman spectroscopy and histopathology in a spatially resolved

manner, the histopathological results of cross-sectional tissue slices were assigned to measure-

ment locations on the native sample surface. This procedure exhibits a diagnostic challenge for

the pathologist due to heterogeneity and deformations of the tissue under investigation. Using

this experimental approach it was the aim of this study to investigate if the spatial extension of

HGCIN can be predicted with Raman spectroscopy within the variety of different non-HGCIN

lesions that might be present on the cervix. This might include tissue regions that have been

identified as normal, major changes, minor changes, or unspecific as well as miscellaneous findings

by colposcopy. While inflammation and metaplasia have been studied previously [139, 140, 143–

146], Raman classifications of other tissue changes (e.g. erosion, atypical immature metaplasia,

etc.) have not yet been reported.

The results of ex vivo Raman spectroscopic raster scanning might be useful for future Raman

diagnostic imaging in vivo. A fast, noninvasive determination of the spatial extension of larger

HGCIN (high grade CIN, CIN2-3) lesions prior to excision would be very useful to ensure that

the lesion margins are completely removed while conserving as much normal tissue as possible, in

order to avoid overtreatment of the patient and its possible negative impact on future childbearing

[147]. Furthermore, an in vivo-imaging method with sufficient spatial resolution could ensure that

small lesions would not be missed due to undersampling. This may occur with point-wise fiber
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probe measurements as the most prominent areas of colposcopic changes do not always coincide

with the areas of greatest histologic abnormalities and it is the reason why some colposcopists

even recommend random biopsies [148, 149]. Therefore, in vivo-Raman analysis covering a large

area of the cervix seems to be desirable. Such in vivo- setups have already been using fluorescence

and reflectance spectroscopy [23, 150–152], but as yet not for Raman spectroscopy.

In this study, the accuracy of the spectra classification was calculated dependent on different types

of non-HGCIN tissue pathologies included in the training of the algorithm. Spectra classification

merged with the histological map was used to gain insights into the performance of the method

for different pathologies. Several data reduction and classification methods were compared and

confidence intervals for sensitivity and specificity were estimated with bootstrapping” [60].

7.1 Previous spectroscopic studies on cervical precancer

Different spectroscopic modalities for screening and diagnostics

Optical sensing technologies are non-invasive, objective, and allow a real-time diagnosis. There-

fore, many studies on cervical precancer and cancer detection with optical spectroscopy including

fluorescence, reflectance, infrared and Raman spectroscopy, or combinations of two or more, have

been published so far, which can have different aims such as in vitro screening, in vivo diagnostics

or ex vivo support of histopathology.

On the screening level, optical spectroscopy could support conventional screening in adjunct to

the established Pap smear testing in order to improve the sensitivity of the combined testing.

Alternatively, automated spectroscopic read-out of cervical cell samples could simplify the Pap

smear analysis. Such microspectroscopic technology is being developed by Lyng et al. [153], also

Diem/Schubert based on FTIR [154, 155]. Similar or identical systems could be used to support

the ex vivo histopathological analysis by an automated spectroscopic analysis of the paraffinized

tissue sections [61]. While IR- and Raman spectroscopy are both suited for the analysis of cells

and thin tissue sections, the water absorption imposes a major disadvantage for IR spectroscopy

for in vivo tissue analysis.

In an in vivo diagnostic setting, competitors for Raman spectroscopy are therefore spectroscopic

modalities like fluorescence and reflectance spectroscopy. A major reason for the development of

optical sensing technologies for in vivo diagnostics is avoiding unnecessary biopsies. In addition,

the real-time capability could enable a one stop see and treat scenario, which is considered as

great potential benefit for the cervical cancer management, especially in developing countries,

where the conditions for follow-up visits are not always given.

UV-VIS fluorescence spectroscopy has been applied in the majority of optical spectroscopy stud-

ies on cervical precancer, either alone or combined with other modalities such as reflectance

spectroscopy. While Raman spectroscopy can detect changes in the overall molecular concen-

trations, fluorescence spectroscopy typically measures NADH, FAD, and other fluorophores of

the connective tissue like elastin and collagen, and reflectance spectroscopy typically measures

the scattering coefficient and the hemoglobin content of the tissue. The reported sensitivities
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range from 52 − 100% and specificities from 50 − 100% as summarized in [156]. A recent study

with 1850 patients (4864 biopsies) yielded a sensitivity of 92-100 % and specificity of 62-79 %

for the detection of CIN 2 to cancer in a combined screening and diagnostic population [156].

Their data showed that in an in vivo diagnostic setting, research-grade point-probe devices using

colposcopically-directed optical spectroscopy perform similarly to colposcopy in expert hands. In

a screening setting, the performance was worse, similar to colposcopy. The authors saw the role

of this technology to be an adjunct to colposcopy so that one could avoid biopsies of inflam-

matory lesions and see and treat with confidence that disease would be present. Furthermore,

they found that a point probe cannot be used for screening, which is why imaging devices are

preferred in that case. Fluorescence spectroscopy based imaging devices have already been inte-

grated in colposcopes, e.g the one used in de Santis et al. They achieved a sensitivity of 95 % and

a specificity of 55 % for the detection CIN2-3. [150] According to [156], registration, or linking,

of the optical image to the area of histopathologic reading was difficult in their study designs

and the histopathology was not performed three-dimensionally (over the whole area), so that the

area of spectroscopic abnormality could not be mapped exactly to the histopathologic area of

abnormality.

Given the development of the fluorescence based devices there arises the question what improve-

ment can be provided by Raman spectroscopy. Compared to the spectrally broad fluorescence

signal, the Raman signal is weaker but inherently molecular specific and more detailed. Authors

of previous Raman studies have pointed out unacceptably high false positive rates of fluorescence

for benign changes [146]. Previous Raman studies report also a wide range of sensitivities and

specificities, 73−100 % and 79−98 %, respectively, but the lower limits are higher than the values

reported for fluorescence. These numbers are however difficult to compare. The basis for these

numbers are 28 studies, including phase 3 studies with over 1000 patients in case of fluorescence

plus reflectance spectroscopy [156], while the numbers for Raman spectroscopy are the range of

results from less and smaller studies with 93 or less patients (see Tab. 3.2). A large multi-center

study, such as the one by Cantor et al. [156], leading to a 95 %-confidence interval for the sen-

sitivity of 92-100 % and specificity of 62-79 % for the specificity, has not yet been reported for

Raman spectroscopy.

Previous Raman spectroscopic studies

In Tab. 7.1 the most recent in vivo studies for the detection of cervical precancer were summarized.

Some authors used the Bethesda nomenclature LGSIL and HGSIL (low and high grade squamous

intraepithelial lesion). LGSIL corresponds to CIN 1 and other HPV induced changes and HGSIL

corresponds to CIN 2-3 including carcinoma in situ. CIN 2-3 is sometimes referred to as HGCIN,

e.g. in this thesis, however the term HGCIN was avoided in this section.

In an in vitro pilot study, NIR Raman spectroscopy of precancerous cervical lesions was discrimi-

nated from inflammation, metaplasia and normal tissues with a sensitivity and specificity of 82 %

and 92 % or better [143]. In the subsequent in vivo study, Utzinger et al. achieved discrimina-

tion of HGSIL from all other samples (metaplasia, inflammation, and normal tissue) with only 1
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Table 7.1: Overview of recent in vivo studies using fiber probes.

reference sensitivity (%) specificity (%) class 1* class 2 # patients

[140] 89 81 normal ectocervix,
metaplasia

CIN2-3
(with CIS and
invasive cancer)

66

[145] 831 891 normal, metaplasia,
low grade SIL

CIN2-3
(with CIS)

93

[146] 1002 932 normal, metaplasia,
low grade SIL

HGSIL 43

[6] 1003 973 true and adjacent
normal (no biopsy),
low grade SIL

CIN2-3
(with CIS)

43

[141] 94 98 normal (no biopsy) CIN1-3 46

[7] 73 89 normal (no biopsy) CIN1-3 29

[157] 85 79 normal (no biopsy) (not specified)
precancer

44

1 Calculated from 4-class confusion matrix (Table 2) in [145].
2 Calculated from 4-class confusion matrix (Table 3) in [146].
3 Calculated from 4-class confusion matrix (Table 3) in [6].
* In case of multiclass methods, all non-HGSIL classes were summarized.

misclassification using intensity ratios without calculating sensitivity and specificity [139]. Using

a binary algorithm based on LDA, Robichaux et al. were able to distinguish between high-grade

precancer and normal + benign areas of the cervix with a sensitivity and specificity of 89 %

and 88 %, which was better than colposcopy (87 % and 72 %). Comparing HGSIL to metaplasia

(without normal tissue) led to a sensitivity and specificity (according to the authors with a biased

estimate of accuracy) of 89 % and 90 %, which was far better than colposcopy (97 % and 8 %)

[140]. Mo et al. achieved a very high sensitivity and specificity of 94 % and 98 % respectively for

discrimination of precancer (CIN 1-3) from normal tissue, applying high wavenumber (HW) Ra-

man spectroscopy (2800-3700 cm−1) with PCA-LDA analysis together with leave-one- patient-out

cross-validation [141]. Duraipandian performed genetic algorithm-partial least squares- discrim-

inant analysis with repeated double cross validation to identify diagnostically relevant Raman

bands and achieved a sensitivity of 72.5 % (29/40) and specificity of 89.2 % (58/65) for discrim-

ination of precancer (CIN 1-3) from normal tissue [7]. A subsequent comparison of fingerprint

Raman spectroscopy (FP) to HW Raman spectroscopy performed by the same group revealed

that FP spectroscopy performed better than HW spectroscopy (accuracy of 80 % for FP versus

74 % for HW) and that the combination of both spectral ranges improved the classification accu-

racy further to 83 % [157].

Promising results have been obtained for discrimination among normal, CIN1, and CIN2-3, which

is diagnostically highly relevant in order to avoid overtreatment of CIN1, which tends to regress

without treatment. Classification accuracies obtained by Mo et al. of 90 % (9/10) for CIN1 and
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97 % (35/ 36) for CIN2-3 indicates that the CIN2-3 cases are biochemically distinguishable from

CIN1. Furthermore, accuracies of 80 % (8/10) for CIN1 and 98 % (45/46) for the normal tissue

indicate that CIN1 is identifiable from the normal cases by using in vivo HW Raman spectroscopy

technique [141] Duraipandian et al. used the intensity ratio (I(λ = 935 nm)/I(λ = 1077 nm) with

785 nm excitation to provide the diagnostic accuracies of 79.2 % (sensitivity of 71.4 % (5/7) and

specificity of 80 % (52/65) for differentiating CIN 1 versus normal, 77.6 % (sensitivity of 72.7 %

(24/33) and specificity of 80 % (52/65)) for differentiating CIN 1 versus normal and 70.0 % (sen-

sitivity of 57 % (4/7) and specificity of 73 % (24/33)) for differentiation CIN 1 versus CIN2-3 [7].

Multi-class discrimination with the 4 classes normal, metaplasia, LGSIL, and HGSIL lead to

some misclassifications with the low-grade data (18/21 correct), but overall, more than 88 % of

the data from this set classified correctly [145].

An influence of variations of normal tissue on the diagnostic performance has been found previ-

ously by several authors. Excluding peri and post-menopausal patients from the analysis improved

classification accuracy from 88 to 94 % [4 classes: normal, metaplasia, LGSIL, HGSIL] and ac-

counting for menstrual cycle improved the accuracy for LGSIL from 74 (2 classes) to 97 % (with

4 classes, normal and LGSIL with peri and post-menopausal each) [142, 146]. A similar result

has been reported by Duraipandian et al. for HW Raman spectra [158]. So called true normal

spectra (without any previous abnormal Pap and no colposcopic signs of abnormality) and normal

spectra with previous disease (according to the Pap and colposcopy) could be classified with 99%

accuracy, indicating that a previous disease is detectable by Raman spectroscopy. Furthermore,

spectra from colposcopically normal tissue from cervices with a disease locally could be classified

together with true normal, LGSIL and HGSIL with 97% accuracy [6], which implicates an influ-

ence of the local disease on the whole cervix. Furthermore, an influence of body mass index and

obstetric history has been described [159]. It has been concluded that the sensitivity can increase

by accounting for normal patient variations by stratifying the data in order to reduce intra-class

variability, which the authors explain by the fact that the algorithm is more likely to account for

the variance due to the disease instead of the variance due to other factors [6].

“Summarizing these literature data, the reported sensitivities and specificities for the discrimina-

tion of CIN from non-CIN tissue range from 73-100 % and 79-98 %, respectively; this wide range

in results is believed to be due to various differences among the study methods, such as differences

in sampling volumes, study designs, spectra pre-processing, classification and model validation

methods, or types and number of tissue classes to be separated including disease threshold (CIN1

or CIN2)” [60, 160].

7.2 Variation of sampling depth in HGCIN tissue compared to

normal tissue

In case of cervical precancer, variations in optical properties due to precancerous developments

have been described previously in several diffuse reflectance spectroscopy- based diagnostic stud-

ies. Knowledge of optical property induced variation in Raman sampling depth might help to
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correctly interpret spectral changes.

Most literature data of optical properties of cervical tissue covers the UV-VIS spectral range. In

the two-layer model of Weber 2008 [22], cervical tissue was modeled as a 300-µm-thick epithelial

layer above a semi-infinite stromal layer. The scattering in the epithelium is increased by a fac-

tor of three for high-grade precancer relative to normal tissue, and the scattering in the stroma

is decreased by a factor of 0.75 relative to normal tissue. The absorption in the epithelium is

unchanged from that in normal tissue for modeling high-grade precancer, but the absorption in

the stroma is increased by a factor of two relative to that of normal tissue. The measurements

by Chang et al. [20] (with high stromal sensitivity) yielded a measured decrease in scattering

and an increase in absorption for CIN 2+ compared to squamous normal sites. Hornung et al.

measured optical properties of normal and precancereous cervix in vivo with frequency domain

photon migration technique, a significant decrease of absorption and scattering of about 20 %

from normal to HGCIN was found at 849 and 956 nm [64]. As the distance of their laser and

detection fiber is 9.4 mm, it was assumed that their method measures significant contributions

of the stroma, Therefore, their results might be rather representative to stromal optical proper-

ties and thus not applicable to the setup used in this study which measures a higher fraction of

epithelium. [64] Therefore, for this study, the relative values of the epithelial to stromal optical

properties of the two-layer model of Weber (UV-VIS spectral range) and the optical properties

from Hornung (NIR spectral range) for the stroma layer were used to extrapolate the two-layer

model to the NIR. Also, the decrease in absorption of HGCIN in the NIR was neglected because

it contradicts the results in the VIS. In addition it was found previously (see chapter 5.2) that

absorption has a small influence on the sampling depth anyway. Consequently, the absorption of

stroma and epithelium was modeled with the optical properties measured by Hornung for normal

sites (µa= 0.03 mm−1). Furthermore the Stokes shift was neglected as in other MC simulations

presented in this thesis. The scattering of the stroma was modeled as measured by Hornung for

normal (µ′s = 0.6mm−1) and HGCIN (µ′s = 0.5mm−1) and the lower scattering coefficients of the

epithelium were estimated by multiplication with 0.2 for normal tissue and by 0.6 for HGCIN

tissue. The thickness of the epithelium was set to 0.3mm, the anisotropy factor of both layers

to 0.8., and the refractive index of both layers to 1.4. The simulations were performed for the

measurement geometry of our NIR Raman spectroscopic tissue scanner, which was used for mea-

surements on cervical tissue, see chapter 3.

Fig. 7.2 shows the sampling depth for normal and precancer tissue. The sampling depth of pre-

cancer was about 50µm lower than for normal tissue. The resulting total signal intensity for

cervical precancer was 9% lower than for normal tissue.

Our results agree well with the simulations by Huang’s group for NIR high wavenumber Raman

measurements on cervical precancer, who reported a 13% lower overall Raman signal and a 60µm

lower sampling depth in high grade precancer compared to normal tissue [141]. This may ex-

plain a lower detected signal fraction of stroma associated molecules like collagen in HGCIN as

compared to normal tissue, independent of an actual change in protein densities. A decrease in

collagen in HGCIN spectra was observed by several groups [161, 162]. However, separation of

the influence of sampling depth variations from molecular changes seems impossible in this case,
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Figure 7.2: Depth-dependent sensitivity of NIR Raman tissue scanner for cervical tissue ob-
tained with MC simulations. Scattering was assumed to be different for normal (Epithelium:
µ′s = 0.12mm−1 Stroma: µ′s = 0.6mm−1) and HGCIN tissue (Epithelium: µ′s = 0.3mm−1 Stroma:
µ′s = 0.5mm−1). Absorption was assumed to be equal (µa= 0.03 mm−1). This figure was published
before in Ref. [60].

because the peaks assigned to collagen have also been assigned to glycogen in the epithelium

of original epithelium [153]. Since glycogen is known to be decreased in HGCIN, a decrease of

glycogen peaks is expected, contrary to the trend expected from a higher fraction of epithelial

signal. Simulations with a 5µm thick layer with 10 times higher µa (3 mm−1) to represent iodine

staining of squamous cervical epithelium, did not show significant changes in sampling volume for

the two-layer skin model (data not shown). Therefore an influence of remaining iodine staining

on the spectra was not expected to result from a changed light distribution. The iodine stain of

the samples decreased with time without further washing. Comparison of measured spectra from

different times, did not show significant spectral changes either (data not shown).

7.3 Influence of preprocessing on extracted Raman spectra

Please note that this section was published previously in Ref. [60]. “The influence of correc-

tions for instrument background, tissue fluorescence or instrument response is shown in Figure

2. Without the instrument response correction the oscillation of the spectra due to the filter

transmission is strong. Without instrument background correction (a polynomial for fluorescence

correction was subtracted to make results comparable), large peaks of silica obscure the tissue

Raman signal. With both corrections, the resulting pre- processed spectra look similar to cervical

spectra in the literature (see discussion in section 2.3) with few exceptions. The dip at 1630 cm−1

is likely to be an artifact only present in our data, which may be due to scaled subtraction of the
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Figure 7.3: A) Spectra without instrument background and without instrument response correc-
tion compared to spectra after complete data preprocessing. B) Comparison of preprocessed spectra
of class 1 (in class definition B) on CaF2 or silica measurement window together with the standard
deviation for a single spectrum in the respective colors. This figure was published before in Ref.
[60].

instrument background spectra that were measured with saline in the sample holder. Since the

amount of saline in the sampling volume without sample was much larger than with a sample,

this may result in a negative concentration/ contribution of water in the pre-processed spectra.

Another possible explanation is an insufficient instrument response correction because the dip is

also present both in the spectra without background and without instrument response correction,

see Fig. 7.3 A). The similarity of the preprocessed spectra, despite the characteristic difference in

background spectra of either silica or CaF2 measurement window (see Fig. 7.3 B), suggests that

our method can remove most of the specific spectral features of the measurement window” [60].

7.4 Raman spectral variation within and between different tissue

types

Please note that this section was published previously in Ref. [60]. “In Fig. 7.4 A) mean pre-

processed Raman spectra of different groups of tissue are shown. The mean spectra of class 1

in class definitions A and B (consisting of either iodine positive squamous epithelium only or

other non-abnormal tissue types) are grouped separately from the mean spectra of class 2 in

class definitions A and D (consisting of either HGCIN or HGCIN plus HGCIN-border tissue)

in the range of 450 to 670 cm−1, 900 to 950 cm−1, 1200 to 1300 cm−1, and 1530 to 1570 cm−1.

The normal squamous epithelium showed the largest differences to all other spectra, possibly

due to anatomical differences. Squamous epithelium with dark iodine staining was mostly found

de-central in CIN-containing samples, while the CIN lesions were predominantly found in central

areas of cone biopsies within the transformation zones. The similarity of HGCIN spectra and

HGCIN plus 3 times as many HGCIN-border spectra suggests that these measurement sites are

either partially HGCIN (which was likely due to the chosen procedure of spectra assignment)

or the adjacent tissue showed some biochemical features of CIN as it was previously suggested

in [6]. Spectra of erosion are similar to spectra of HGCIN plus HGCIN-borders, except for the
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large peak at 1550 cm−1. This was likely due to the fact that erosion often coexisted with focal

CIN, and these spectra were consequently assigned to HGCIN-border spectra as well. Spectra

of erosion without colocalized CIN were only found in one sample and are therefore not shown

here. For all the spectra shown in Fig. 7.4 A), the standard deviation of a single spectrum was

high compared to the differences of mean spectra, see Fig. 7.4 B), where the standard deviation

is shown for the two most different spectra.

For a better visualization of spectral differences, difference mean spectra are shown in Fig. 7.5.

The spectra contributing to the mean spectra were chosen according to the class definitions in

Tab. 3.2. As expected from the anatomical differences between squamous epithelium and the

transformation zone where neoplasia typically originates, the largest spectral differences were

found for normal squamous epithelium and HGCIN. The trend of the spectral differences was

similar in all 4 cases. A Raman signal decrease of HGCIN tissue and borders compared to nor-

mal and benign tissue was observed at 450-500, 850-870, 900-960, 1090-1170, 1330-1410, and

1590-1670 cm−1. A Raman signal increase of HGCIN tissue and borders compared to normal and

benign tissue was observed at 500-670, 1200-1320, 1410-1450, and 1530-1570 cm−1. The large

difference at 480 cm−1 has been previously assigned to glycogen [153] which is characteristic for

normal squamous epithelium. The large difference, around 550 cm−1, was difficult to assign

due to the potential influence of a background removal artifact. The peaks at about 850 cm−1

and 940 cm−1 were previously reported and were assigned to glycogen [153, 161] as well as to

collagen [161, 162]. A broad difference around 1130 cm−1 has not been found in the literature.

The difference around 1250 cm−1 has been previously found [6, 7, 140, 144, 146, 161, 162] (as-

signed to proteins, DNA, and lipids), however with an opposite trend, while in [153] an increase

of this spectral region was also found in cancer (assigned to collagen). A decrease at around

1350 cm−1 for precancer has been observed, which may be assigned to glycogen (at 1336 cm−1,

[153]). Others however detected an increase of the region in precancer or cancer around 1330-

1350 cm−1 [6, 7, 139, 146] and at 1350-1425 cm−1 [6, 146], but also an increase at 1350-1425 cm−1

was reported [139, 162]. The sharp decrease at 1440 cm−1 has also been reported [162]; however,

opposite trends were also observed [7]. The spectrally broad decrease of precancer/cancer at

around 1630 cm−1 has been previously reported in many studies [6, 7, 140, 146, 162] but also

opposite results were reported [139]. It is believed that partially inconsistent spectral trends in

the literature may be due to different sampling volumes or spectra preprocessing” [60].

7.5 Diagnostic accuracy for the separation of HGCIN from non-

HGCIN dependent on the tissue types included in the clas-

sification procedure

Please note that this section was published previously in Ref. [60]. “In order to evaluate the clas-

sification performance depending on the included tissue types, separate training and evaluation

was performed for each of the different class definitions described in Tab. 3.2. In addition, five

classification procedures (see Tab. 3.1) were compared for each of the class definitions.
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Figure 7.4: A) Mean of preprocessed Raman spectra of all spectra from normal squamous ep-
ithelium, non- abnormal tissue, HGCIN, HGCIN plus HGCIN-borders, and erosion. B) Mean of
preprocessed Raman spectra of all spectra from normal squamous epithelium and HGCIN together
with the standard deviation for single spectra. The numbers of the contributing tissue categories
according to Tab. 3.2 are given in the legend. This figure was published before in Ref. [60].

Figure 7.5: A) Differences of the average spectra of class 1 or 2 (class 1 minus class 2) for each of
the class definitions A, B, C, or D described in Tab. 3.2. The numbers of the contributing pathology
groups accord- ing to Tab. 3.2 are given in the legend. B) Errors bars obtained by patient-wise
bootstrapping are shown for the difference spectra (class 1 minus class 2) of class definition B. This
figure was published before in Ref. [60].

Fig. 7.6 shows that the balanced accuracy (the average of sensitivity and specificity) for each

class definition A to E varies among different classification procedures 1 to 5. The variation

between different classification methods was smallest for class definition A. Despite the large

number of spectra, the statistical uncertainty of individual balanced accuracy values was large.

Using patient-wise bootstrapping resulted in a standard deviation (1 sigma) of 9% for a value

obtained with the class definition A and 12 % with class definition B, respectively (individual

error bars in Fig. 7.6 were not shown to improve clarity). This large variability in classification

performance might be due to the large interpatient variability of the small number of patients and

the unbalanced distribution of HGCIN and non-HGCIN spectra in each sample. Consequently, it

was concluded that differences among the different classifications procedures were not significant

in this study.
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To compare the performance for different class definitions A-E, the average balanced accuracies of

the five classification methods were used, which were 87 % (A), 70 % (B), 67 % (C), 61 % (D), and

69 % (E). Judging the significance of these average balanced accuracies based on the statistical

uncertainty of the single values obtained by bootstrapping seems not to be trivial, since it cannot

be assumed that the results of the different classification methods are statistically uncorrelated.

However, it was assumed that a realistic estimate of the uncertainty was between the uncertainty

of a single value and the standard error of the mean value (1− 4 %). The highest balanced accu-

racy was obtained when HGCIN was discriminated against normal squamous epithelium. A major

result was that the balanced accuracy decreased when the heterogeneity of class 1 (non-HGCIN

tissue) increased (class definition B and E). The result for class definition E is relevant because

this case is the most representative of a real imaging scenario, where HGCIN should be detected

within all other non-HGCIN tissue sites. A slight decrease was observed from class definition B

to C, when clinically normal (iodine positive) tissue was excluded from analysis (class definition

C). The lowest accuracy was obtained when the HGCIN-border spectra are included into the

HGCIN class, which is not surprising because the fraction of HGCIN-border spectra, which are

actually non-HGCIN spectra, was expected to decrease the diagnostic performance. Our very

good Raman-based differentiation of HGCIN from normal squamous epithelium only (class defi-

nition A) does not represent a realistic estimate of diagnostic performance of Raman spectroscopy

in a clinical setting. This is because only two special types of tissue were included in the analysis

which (in the absence of tissues with similar colposcopic appearance) could be also distinguished

by application of acetic acid. Furthermore, it has been shown previously for fluorescence and

reflectance spectroscopy of the cervix that the common practice of including clinically normal

squamous sites in the analysis leads to artificially improved performance in distinguishing high

grade lesions from clinically suspicious non- high grade lesions, because underlying differences

in tissue anatomy can have a confounding effect on spectroscopic parameters [74]. Therefore,

the decrease in performance when squamous epithelia (without dark iodine stain), columnar ep-

ithelium, metaplasia, and cervicitis were included into the non-HGCIN tissue (class definition

B), and the further decrease in performance when the normal iodine positive tissue from class

definition A was left out in class 1 (class definition C), suggests, that our Raman analysis might

be influenced by confounding differences in anatomy as well. Including metaplastic tissue into

the analysis seems fundamental since metaplasia is a benign transformation of columnar to squa-

mous epithelium in the transformation zone, where most of the dysplastic lesions originate. Also,

benign changes (such as metaplasia or inflammation) can have a similar colposcopic appearance

as precancer which is the reason why a Raman-based separation from precancer would be an

improvement over colposcopy. Therefore, class definition B was chosen to produce maps of the

predicted class memberships, which are merged with the histopathological mapping for a spatially

resolved evaluation of the prediction accuracy, see Fig. 7.8. In general, the interpretation of the

maps was challenged by the large statistical variance. Different methods gave different mapping

results and no method proved to be the best for all cases. In many cases it was impossible to

judge agreement with histopathology objectively due to the limited precision of the spatial corre-

lation, especially in regions with focal CIN. Furthermore, repetitive measurements with different
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window materials give conflicting results despite the fact that the data measured on both win-

dow types were included in the model training. Despite these limitations, there were promising

results, such as shown in Fig. 7.8 A), where it is shown the HGCIN region was predicted well,

but misclassifications occurred in a region with koilocytosis. In Fig. 7.8 B), misclassifications are

shown in a region with follicular cervicitis. In the only sample where erosion was present without

isles of focal CIN, all methods classified erosion predominantly as HGCIN (data not shown). In

principle, if the statistical basis was significantly better, the interpretation of the predicted class

memberships of individual measurement locations would be justified. This would allow evaluation

of the performance of the method for determination of the spatial extension of HGCIN or the

performance for less frequent pathologies.

The diagnostic performances achieved in this study partially cover the large range of results from

previously published studies [6, 7, 139–142, 145, 146], which is not surprising given the large

differences in sensitivities and specificities obtained in this study by varying methods and groups

of tissue pathologies included in either class 1 or 2 for the analysis (class definitions A-E) and

by doing resampling with bootstrapping. In general, results of individual studies are difficult

to compare due to the different experimental and data analysis methods used as well as due to

the differences in tissue pathologies included or disease thresholds used. When comparing the

average performance of all classification procedures using class definition B shown in Fig. 7.7,

a lower sensitivity (69 %) and specificity (71 %) than all known previous studies was obtained.

However, the results of other studies with balanced accuracies of about 82 % are still within the

range of the standard deviation of different classification procedures or the error of an individual

method estimated by bootstrapping.

There may be various reasons for a decreased performance of this study compared to previous

studies. For example, the excellent results in [146] for the discrimination of HGCIN from low

grade CIN, metaplasia and normal tissues have been obtained using a multiclass classifier, which

was assumed to be beneficial for discrimination of HGCIN from multiple other tissue patholo-

gies. Since the KNN method used in this study does not make assumptions on the distribution

function of features, it should not suffer from an increased variance in the data due to the as-

signment of several tissue types to one of two classes. Furthermore, it can only be speculated

that pre-selection of measurement sites by colposcopy in the previous fiber probe studies favors

the measurement of tissue sites with distinct appearances in contrast to the raster scan method,

with which it was expected to collect spectra with a larger variance. Another possible influence

on the classification performance is the inter-individual variance. It was found to be larger than

the intra-individual variance in this study and was captured by a smaller sample size than in

other studies. In addition, it is assumed that the applies method of correlating histopathological

mapping to measurement sites is more susceptible to registration/assignment errors than a study

measuring on biopsy sites” [60].
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Figure 7.6: Balanced accuracy calculated using different classification procedures 1 to 5 (described
in Tab. 3.1) for different class definitions A to E (described in Tab. 3.2). The statistical uncertainty
(standard deviation, 1 sigma), corresponding to the standard deviation of repeated classification
cycles using bootstrapping, was estimated to be 9 % for a value obtained with the class definition A
and 12 % with class definition B, respectively (error bars were not shown to improve clarity). This
figure was published before in Ref. [60].

Figure 7.7: Average sensitivity and specificity of different classification procedures (Tab. 3.1)
for different class definitions A to E (Tab. 3.2). Error bars correspond to the standard deviation
between different classification procedures. This figure was published before in Ref. [60].



7.6 Conclusion 101

Figure 7.8: Examples of spatially resolved prediction of class membership by Raman spectroscopy
(with PLSDA) merged with histopathological 10 mapping. Pseudocolor meanings: correctly classi-
fied as nonabnormal (green dots), correctly classified as HGCIN (red dots), classified as nonabnormal
but not in training data set (dark green dots), classified as HGCIN but not in training data set
(dark red dots), misclassified as nonabnormal (turquoise dots), misclassified as HGCIN (pink dots).
Missing dots are due to signal saturation. O.s.e. means original squ- amous epithelium. The map
in B) was acquired in two parts. This figure was published before in Ref. [60].

7.6 Conclusion

Please note that this section was published previously in Ref. [60]. “Based on the results of

this study improvements for future studies are highly desirable. Most importantly, due to the

strong inter-patient variability and the resulting large statistical uncertainty of the obtained

diagnostic performance, a future study would benefit from larger patient numbers. However, the

detailed histopathology required in this study did not allow us (for capacity reasons) to include

as many patients as it would have been possible with a typical fiber probe based study in which

the reference is often colposcopy for normal spectra or histopathology of few abnormal sites per

patient. Based on the obtained confidence interval, it was estimated that in order to reduce the

variability in spectra classification such that a 95 %-confidence interval of 10 % (±5 %) is reached,

it would require approximately 400 patients. A larger study might be able to show whether the

spatial extension of high grade CIN can be robustly determined within all the low grade and

benign tissue pathologies that might be present on the cervix.

Some technical improvements would also be beneficial. For example, a tool for a better spatial

correlation of histopathological mapping and measurement position could increase the number

of spectra which can be evaluated quantitatively. As the dominating source of noise was the

very high background which led to a strong influence of baseline and background correction, the
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benefits of instrumental changes such as higher laser wavelength or the use of shifted excitation

or modulated Raman spectroscopy [1, 163] should be investigated. Since the application of

fluorescence and reflectance spectroscopy can achieve reasonable sensitivities and specificities as

well [156], a multimodal approach might help to further improve the diagnostic accuracy. Designs

of multimodal probes/setups have been reported and the performance of a combination of Raman

with UV-VIS and NIR-excited fluorescence spectroscopy was investigated for other applications

[164–166]. For the data of this study, there was no improvement in diagnostic accuracy when the

strength and slope of the NIR- excited autofluorescence background as well as the Rayleigh peak

of the laser line were used as additional input for the classification algorithm.

Cantor et al. [156] modeled the cost-effectiveness of fluorescence spectroscopy in a see-and- treat

scenario. They found that if spectroscopy was able to achieve sensitivities of at least 84 % and

specificities of at least 76 %, there would be indeed huge savings in health care dollars from

biopsies avoided and in being able to see-and-treat more accurately with a loop electrical excision

procedure. This is within the range of both our and previous results, which is why further

activities towards translation into clinical routine use are desirable. However, huge improvements

in colposcopy have been reported in a recent study [128]. Detection of HGCIN with a combined

sensitivity of 78 % and specificity of 93 % has been achieved using inner border sign, ridge sign

and the newly defined rag sign, without considering the conventional colposcopic criteria. These

pathognomonic signs, introduced in the latest terminology of the International Federation for

Cervical Pathology and Colposcopy (2011), are objective, present or absent, easy to see, easy to

learn, with little space for subjectivity, and easier to use than a grading index [128]. Consequently,

a higher diagnostic performance as proposed by Cantor et al. might be required for a new

technology such as Raman spectroscopy for entering routine clinical diagnostics in the future.

Previous in vivo studies have shown the diagnostic performance of colposcopy guided fiber probe

based Raman spectroscopy [6, 7, 139–142, 145, 146]. Our study was aimed at the development of a

wide-area analysis of the cervix. One advantage of such an approach, compared to the use of fiber

probes is, assuming sufficient spatial resolution is provided, that small lesions wouldn’t be missed

due to undersampling. Since the colposcopic information is not used to select measurement sites,

such a method could in principle be used without colposcopy. Therefore further studies aimed at

the development of in vivo Raman imaging would seem to be desirable” [60].
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Summary

Raman spectroscopy is a useful tool for various diagnostic applications. Nonlinear Raman imag-

ing techniques (CARS and SRS) allow fast label-free imaging with cellular resolution in vivo.

Other modalities such as Raman microspectroscopy have applications e.g. in the in vitro diag-

nostic of tissue or single cell analysis. This thesis work was concerned with point-wise (macro)

spectroscopy, also in raster scanning mode, which has a comparably low spatial resolution and

large sampling volumes. Thereby, the chemical constitution of many cells is measured simultane-

ously.

The measured Raman signal intensity varies depending on the absorption and scattering prop-

erties of the tissue matrix, in which the molecules of interest are embedded [8]. Such signal

variations might potentially be misinterpreted as varying concentrations of the analyzed Raman

scatterer. The magnitude of the intensity variations due absorption and scattering was shown.

The choice of the measurement geometry had a major impact on the effect of absorption and

scattering. Correction of these effects is useful for the comparison of intensities from different

samples or sample sites with different optical properties. Previously published methods for the

correction of Raman intensities for absorption and scattering require an internal standard [48] or

rely on assumptions which are not fullfilled for biological tissue [48, 75–77]. Other methods were

derived for samples with a parameter range of µa and µ′s typical for measurements in the NIR

[10, 11, 24] and were not evaluated for optical parameters typical for the VIS wavelength range.

This is why different correction methods were evaluated using simulated data in a parameter

range relevant for measurements in the NIR and the visible wavelength range (VIS). The use of

a lookup table-based correction function FLUT was found to be advantageous for homogenous

samples, if the optical parameters are measured as well. Otherwise, the ratio of Raman and

reflectance might be practical alternative, depending on range of µa and µ′s-values of the samples.

One aim of this thesis was to develop a method to correct in vivo Raman signals of carotenoids

in skin for influences of absorption and scattering. Evaluation of correction functions with in

vivo measurements is only possible if the carotenoid concentration is known, which has to be

determined with invasive HPLC measurements. In order to avoid tissue biopsies, measurements

on tissue phantoms with varying µa and µ′s containing a constant carotenoid concentration were

performed. The ratio of Raman and diffuse reflectance signal reduced the RSD from 88% to
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58% and a lookup table-based correction reduced the RSD to 16%. For in vivo measurements, a

setup for the combined measurement of Raman scattering and spatially resolved reflectance for

the determination of optical properties was designed and constructed. If the lookup table-based

correction was applied to in vivo skin data of the palm, a correction effect on individual mea-

surements was up to 40% with an average of 18 ± 11% (n = 9). This average change in Raman

intensity due to the correction is of similar magnitude than the average increases in carotenoid

levels during the summer and autumn months (26 % [59]). This indicates that the correction may

be relevant for the quantitative comparision of in vivo carotenoid signals. However, since the 63%-

sampling depth of a common setup for skin carotenoid detection was determined to be around

0.4 mm, different tissue layers with independent changes of µa and µ′s and different carotenoid

concentration may contribute to the signal. Since these influences cannot be separated in vivo,

Monte Carlo simulations were performed with a two-layer skin model. For correcting effects of

varying µa (with constant µ′s), a ratio of Raman and reflectance signal significantly reduced the

variation of the measured Raman intensity for all Raman scatterer distributions. If there were

variations of µ′s (in addition to variations of µa), the best correction method choice was the LUT

correction. Ideally, correction methods should be evaluated in vivo with HPLC as a method for

the spectros- copy-independent quantification of carotenoids in the future. Alternatively, com-

parison of corrected Raman intensities with reflectance based measurements would be possible,

given that the method separates the influence of scattering and other absorbers such as spectrally

resolved SRR.

Absorption and scattering not only effects the detected Raman intensity but also the sampling

depth. Previous MC studies on the Raman sampling depth mostly used fixed optical properties

[93, 94] or specific setups [9] and did not investigate the influence of absorption and scattering

on the Raman sampling depth as detailed for different measurement geometries as this study.

MC simulations showed that independent of the investigated fiber probe geometry, for µa and µ′s

typical of the near infrared wavelength range (µa = 0.01−0.1 mm−1 and µ′s = 0.5−5 mm−1), the

shape of the sampling volume was mainly determined by the scattering coefficient. Differences in

tissue absorption had a smaller influence on the shape of the sampling volume than variations in

scattering. For µa-values in the same order of magnitude as the µ′s-values, the influence of µa was

larger and not negligible. The wavelength dependency of absorption and scattering had only a

small effect on the sampling volume (in case of a typical NIR fingerprint spectrum of skin), which

means that individual Raman bands in a spectrum originate from a similar sampling volume.

The change of optical properties in cancerous tissue should be accounted for in the interpretation

of the Raman spectra. The resulting difference in sampling depths may inherently cause varia-

tions in the respective tissue spectra, potentially leading to artifactual band assignments in the

correlation of spectra with biochemical changes.

Furthermore, knowledge of the sampling depth of a particular instrument is important in order to

choose a suitable setup for a specific measurement task, such as Raman spectroscopic diagnosis

of diseased versus normal tissue. In this case, minimization of signal contributions from normal

surrounding tissue, provides increased discriminant abilities, assuming that the analysis of the

subtle spectral changes accompanying precancerous tissue is limited by the non-systematic vari-
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ance of the spectra, which is mainly due to the variance of normal surrounding tissue. Therefore,

MC simulations were used to guide the design of the NIR Raman tissue scanner. The aim was to

achieve a sampling depth suitable for precancer detection in the human cervix. The simulations

showed that the setup detects 65% (80%) of the total signal (integrated sensitivity) from a depth

< 200µm (300µm), the thickness of cervical epithelium.

Using the NIR Raman tissue scanner, macro raster scans of native cervical cone biopsies with an

average of 200 spectra per sample (n=16) were performed. The preprocessed Raman spectra were

evaluated with histopathological mapping in order to determine the diagnostic performance of the

method for the detection of cervical precancer. Previous in vivo studies have shown the diagnostic

performance of colposcopy guided fiber probe based Raman spectroscopy [6, 7, 139–142, 145, 146].

This study was aimed at the development of a wide-area analysis of the cervix. One advantage

of such an approach, compared to the use of fiber probes is, assuming sufficient spatial resolu-

tion is provided, that small lesions wouldn’t be missed due to undersampling. The classification

performance was evaluated depending on the tissue pathologies included in the analysis. The

highest sensitivity (89 %), specificity (84 %) and balanced accuracy (87 %) was obtained for the

discrimination of normal squamous epithelium and high grade precancer. When other non-high

grade tissue sites such as columnar epithelium, metaplasia, and inflammation are included, the

diagnostic performance decreased to 70 % and less. Despite the large number of spectra, the

statistical uncertainty of individual balanced accuracy values was large (1 sigma was 9 − 12 %).

The uncertainty for the interpretation of single spectra at individual measurement positions is

consequently even larger. Therefore, a larger study is needed to show whether the spatial exten-

sion of high grade CIN can be robustly determined within all the low grade and benign tissue

pathologies that might be present on the cervix. The need of large sample sizes (n = 75 to 100)

to achieve a reasonable precision in the validation of classifiers was recently outlined by Beleites

et al. [167]. Based on the confidence interval obtained in our study, it was estimated that in

order to reduce the variability in spectra classification such that a 95 %-confidence interval of

10 % (±5 %) is reached, it would require approximately 400 patients. According to Cantor et al.

there would be huge savings in health care dollars from biopsies avoided and in being able to

see-and-treat more accurately, if spectroscopy was able to achieve sensitivities of at least 84 %

and specificities of at least 76 %. This is within the range of both our and previous results, which

is why further activities towards translation into clinical routine use are desirable.

Correction for absorption and scattering was not performed for the Raman spectra of the cervical

because optical properties were not measured. For the data of this study, there was no improve-

ment in diagnostic accuracy when the Rayleigh peak of the laser line were used as additional

input for the classification algorithm. It remains to be investigated whether a correction for local

tissue optical properties leads to a better discrimination of precancer and normal cervical tissue.

Setups suitable for the simultaneous determination of Raman signals and optical properties in

one fiber probe have been described elsewhere [168, 169] and such a probe could in principle be

used with a probe-based tissue scanner such as described in Ref. [170].

In addition to Raman spectroscopy, other spectroscopic techniques (fluorescence, diffuse re-

flectance) are often studied for the same diagnostic task, but usually not compared. In the
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case of breast tissue analysis, it was shown that Raman spectroscopy is superior to fluorescence

and diffuse reflectance spectroscopy [171]. The combination of these three spectroscopic modal-

ities in multimodal probes was described [168, 169]. In the future, it might be reasonable that

more studies compare different spectroscopic modalities (or combinations) for specific applica-

tions and to choose to the most suitable setup based on diagnostic performance, instrument cost

and robustness, ease of use for medical staff, etc. Consequently, it is still a long way until a new

technique is used routinely in a medical setting.



List of abbreviations

• µa: absorption coefficient

• µ′s: scattering coefficient

• µ′s: reduced scattering coefficient

• µt: total attenuation coefficient

• AIMp16: atypical immature metaplasia with p16 expression

• BCC: basal cell carcinoma

• CIN: cervical intraepithelial lesion

• CCD: charge coupled device

• HGCIN: high grade CIN

• HGSIL: high grade sqamous intraepithelial lesion

• HPLC: high performance liquid chromatography

• HPV: human papilloma virus

• HW: high wavenumber

• IR: infrared

• ISS: integrating sphere spectroscopy

• KNN: k-nearest neighbor analysis

• LGCIN: low grade CIN

• LR: logistic regression

• LUT: lookup table

• NA: numerical aperture

• NIR: near infrared wavelength range
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• PCA: principal component analysis

• PE: polyethylene

• PLSDA: partial least square discriminant analysis

• RRS: resonance Raman spectroscopy

• RSD: relative standard deviation

• RTE: radiadive transfer equation

• SCC: squamous cell carcinoma

• SRR: spatially resolved reflectance spectroscopy

• SORS: spatially offset Raman spectroscopy

• SNV: standard normal variate

• VIS: visible wavelength range

• WT: wavelet transformation
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