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Abstract: Currently, many optical modalities are being investigated, applied, and further developed
for non-invasive analysis and sensing in the life sciences. To befit the complexity of the study objects
and questions in this field, the combination of two or more modalities is attempted. We review our
work on multimodal sensing concepts for applications ranging from non-invasive quantification
of biomolecules in the living organism to supporting medical diagnosis showing the combined
capabilities of Raman spectroscopy, optical coherence tomography, and optoacoustics.
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1. Optical Spectroscopy & Applications in the Life Sciences—A Perfect Match

The objects of research in the life sciences are usually characterized by a complex structure and
composition as well as considerable individual variance. Generally, it is challenging—and often
even impossible so far—to achieve extensive, reliable, and in-depth analysis of biological materials
non-invasively. Optical methods are well suited for biomedical and environmental research as they
usually allow non-invasive and fast measurements that may even be used for in situ studies, i.e.,
to investigate where and how a research object naturally occurs, without the need for sampling or
sample preparation.

Consequently, recent decades have seen increasing interest in optical approaches for biological
applications. Investigation of liquids such as water or blood, cell or tissue cultures, or even whole
plants, animals, or humans is possible. Optical tomography and microscopy are already widely
applied in the life sciences, with laser scanning fluorescence microscopy being the flagship imaging
modality today. Other optical modalities have been spreading, especially in biomedical applications.
Applied methods include two-photon microscopy [1], optical coherence tomography (OCT) [2],
and super-resolution microscopy (also called nanoscopy) via structured illumination [3], stimulated
emission depletion (STED) or single molecule localization microscopy (SMLM) [4–7] to name some
of the most popular. Furthermore, also hybrid techniques such as optoacoustic imaging, also called
photoacoustic imaging, have been developed towards clinical application [8].

Fluorescence labeling provides molecular contrast and information in some of the imaging
modalities already mentioned. Optical spectroscopy based on autofluorescence, absorption or Raman
scattering [9] may be applied to obtain chemical or molecular information from a target tissue by
intrinsic contrast alone, i.e., without the need for fluorescent labels.
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Naturally, there is no single approach that can answer all research questions and generally, strong
efforts must be made to adapt and develop a modality for a new application. Strengths and weaknesses
of current imaging and spectroscopic approaches must be critically reviewed and chosen for each
given task [10]. The review articles by Teodori et al. [10], Kim et al. [11] and Das et al. [12] may
be consulted for a more detailed treatise on the advantages and weaknesses of the single methods.
Besides, research objectives in the life sciences are often inherently multi-scale. In answer to this,
there has been a trend towards combination of different modalities in recent years aimed at obtaining
complementary information. For example, optoacoustic imaging has been combined with ultrasound
imaging, fluorescence imaging, OCT, and multi-photon microscopy [11]. Similar efforts have also been
made for Raman spectroscopy combining it for example with fluorescence or elastic scattering imaging,
OCT, phase imaging, and mass spectrometry [12]. Qiao et al. [13] recently proposed a dual-mode
combination of OCT and photoacoustic imaging for optical biopsies of skin while Rao et al. [14]
promote the perspective of combined OCT and Raman spectroscopy to support cancer diagnosis.
Despite this long list of combinations that have already been proposed or tested, so far, these efforts
and achievements have still been highly selective, proposing or presenting customized solutions only
for single applications. Especially in vivo application often still poses a major challenge. Therefore,
except for fluorescence imaging, method development is often at the stage of proof of concept in a
physics laboratory rather than becoming a standard tool for biological or medical research.

In line with the current trends of optical method development for life science research reported
so far, this review article focuses on our own work on advancing and developing spectroscopic and
imaging modalities to investigate specific research objectives within this field.

Some of these objectives demand to question comprehensively how an otherwise well-established
method needs to be handled in the context of a new application.

Section 2 presents own work on making Raman spectroscopy fit the demands of investigations on
tissue, unicellular organisms, or specific molecules under physiologic conditions. In this context, we
developed several experimental and analytical tools for Raman spectroscopy of biological samples
(Section 2.1). Here, we studied the effects of fixation procedures (Section 2.1.1) and of the molecular
environment in in vitro samples on their Raman spectroscopic characteristics with the aim of finding
conditions for fixed or artificial samples to exhibit near to identical Raman characteristics as the
respective in vivo target. Such assessment is crucial for referencing and method validation. To reliably
extract information from Raman spectroscopic data and allow a maximal degree of comparability
also for data from different experimental setups, we developed data processing tools covering tasks
from customized background elimination to correction of the spectra for device response and spectral
calibration (Section 2.1.2). In addition, we critically evaluated different multivariate approaches for
data analysis (Section 2.1.3). Building on this preparatory work, we analyzed Raman spectra of
two types of molecules that are of general interest in biological research: proteins (Section 2.2) and
carotenoids (Section 2.3). With respect to proteins, the extracted information at the molecular level
enabled us to study protein function, i.e., connexin gating, and the structural changes connected with it
(Section 2.2.1) and to establish an approach for bacteria identification in the native biofilm (Section 2.2.2).
The Raman spectrum of carotenoids heavily depends on the molecular environment, so interpretation
of Raman spectra from carotenoid mixtures—as usually found in the living organism—needs careful
interpretation (Section 2.3.1). If this is taken into account, however, Raman studies can, for example,
reveal carotenoid transitions and composition in algae via principal component analysis of resonantly
enhanced spectra or via analysis of the Raman resonance profiles (Section 2.3.2).

Another focus of our work presented in this review is to transfer modalities, which are
typically used for imaging or spectral characterization and categorization, into non-invasive in vivo
measurement tools. This approach was followed for Raman spectroscopy, optoacoustics, and OCT.
In principle, Raman spectroscopy may not only be used to identify molecules or organisms but also to
quantify molecule concentration. Attempts to do so regularly fail in connection with biological samples
because of indeterminable spectral signal attenuation. To solve this, we worked on the development of
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non-invasive methods to measure absorption and scattering properties in vivo. Section 3 recapitulates
our efforts and achievements concerning the reconstruction of depth-dependent absorption properties
from optoacoustic data, covering forward (Section 3.1) and inverse (Section 3.2) solutions and pushing
the approach towards application of optoacoustics for determination of the thickness of pigmented
nevi in human skin (Section 3.3).

Finally, Section 4 summarizes our research activities concerning combination of different imaging
or spectroscopic modalities. Here, our efforts are pursuing mainly two directions. On the one hand,
we worked on combining different imaging modalities to merge their information content into one
multimodal image representation. On the other hand, we use data such as the optical properties
that had not been available from in vivo measurements before to support and improve the quality
of information that can be deduced by another method. For either of these directions of research,
it is crucial to have defined samples or tissue phantoms for method validation that meet the needs
of all modalities involved, e.g., optical and acoustic specifications (Section 4.1). Such samples are
highly useful to test the calculation of optical properties from optoacoustic data, see Section 3, or in
developing strategies to recover pure, molecule-specific Raman spectra from measurements on complex
samples where they are obscured by spectral attenuation (Section 4.2). The combined knowledge
of in vivo optical properties together with simplified and well-designed in vitro samples may also
be applied to the in-depth analysis of photobiological processes by aid of numerical models. As an
example, we show work on the calculation of vitamin D3 production in human skin (Section 4.3).
Such calculations on photoconversion of molecules may in the future be used to predict also the
dynamic change of optical properties connected with the molecular changes—not only with regard
to vitamin D but also, for example, with regard to, for example, the carotenoid transitions of the
xanthophyll cycle as investigated in (Section 2.3.2). Section 4.4 deals with application of OCT and
closes the circle of complementary and mutually supportive methods presented in this review. In
Section 4.4.1, optical coherence tomography is explored as a measurement tool proposing a new
numerical approach for extracting scattering properties from the OCT data in order to complement the
information on absorption properties obtained by optoacoustics. This marks the next step towards
absolute quantification of molecule concentration as it allows to also include scattering data in the
numerical simulations of Raman attenuation and thus to significantly improve the model. OCT
can not only be used to derive scattering coefficients but also to measure depth of diagnostically
relevant features in human skin (Section 4.4.2) and this information may be combined with information
from other modalities, i.e., Raman spectroscopy and optoacoustic depth profiling, to develop a new
diagnostic tool for the assessment of pigmented nevi (Section 4.4.3).

Having presented these various aspects of our work on multimodal approaches towards in vivo
investigations in the life sciences, we close with some concluding remarks on their future development.

2. Raman Spectroscopy

Raman spectroscopy probes the molecular vibrations of a given sample by detection of inelastically
scattered photons. As vibrational and rotational energy levels are highly specific for a certain molecule,
Raman spectra are often referred to as molecular fingerprints. They can be used to analyze biological
samples even at a functional level making use of intrinsic contrast alone and without the need for
labeling [15–19]. If—owing to the composition of the sample or to technical tricks—only a single type
of molecule is addressed, (resonance) Raman spectroscopy allows detailed analysis of the electronic,
vibrational, and even rotational energy states of the molecule as well as its conformation [20–23].
Few-component spectra may be analyzed to the single-component level and multi-component Raman
spectra may still be taken as representative for the sample entity. Besides, the fact that non-invasive
measurements are possible and that Raman spectroscopy per se requires no a priori knowledge about
the sample boosted its use for label-free analysis of technical or biological samples.

Raman scattering cross-sections are orders of magnitude lower than the cross-sections for other
photon-molecule processes such as absorption, elastic scattering or fluorescence making Raman signals
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comparably weak (see e.g., [24], Table 1.8). Furthermore, laser fluence, peak power and exposure
need to be carefully controlled to avoid modification of the sample caused by the measurement or
even sample degeneration or destruction. Therefore, generally, suitable enhancement methods are
imperative for Raman spectroscopy in life science applications to overcome the challenges of low
concentrations in in situ spectroscopy of biological samples. Various enhancement techniques are
available and need to be chosen according to the specific application and—in practice—also based on
available instrumentation. In coherent anti-stokes Raman spectroscopy (CARS) [25] and stimulated
Raman spectroscopy (SRS) [26], coherent excitation is used to enhance weak Raman signals by a
four-wave mixing process. Surface-enhanced (resonance) Raman spectroscopy takes advantage of
plasmon resonances achieving strong local enhancement but necessitating introduction of nanoparticles
into the sample [27,28]. Resonance Raman spectroscopy benefits from the strong increase of scattering
cross-sections and ultimately of the Raman signal if the excitation wavelength is tuned close to an
electronic transition of the target molecule [17]. In general, the Raman spectrum of a particular
molecule is independent of the excitation wavelength. However, if the energy of the scattered photon
matches the energy of an electronic transition of the molecule, absorption and scattering cross-sections
are strongly increased and so is the intensity of specific lines in the respective Raman spectrum. This
resonance effect may enhance the Raman signal by several orders of magnitude. Besides, target
molecules may be deliberately selected and enhanced above others based on their resonance behavior.
This can be used to specifically address target molecules and enhance their signal above a possibly
complex background signal. The effect of increased absorption needs to be considered in resonance
Raman spectroscopy. However, in biological samples, it is rather the matrix absorption that causes
unwanted sample damage as absorbed energy in a single class of target molecules generally dissipates
well in the samples that often have a high water content.

This section mainly focuses on research exploiting resonance enhancement for Raman analysis of
biological samples. Besides showing examples of the information that can be gathered non-invasively
via Raman spectroscopy from a given biological sample, the section also aims at presenting and
discussing technical and analytical challenges connected with this approach and strategies to address
them in order to obtain valid and reliable data.

2.1. Experimental and Analytical Tools for Raman Spectroscopy of Biological Samples

Even though the Raman spectrum of a molecule is an intrinsic and characteristic feature, it is
important to always be aware that Raman measurement conditions can have a significant effect
on the measured Raman signal especially when studying biological samples. The Raman signal of
such samples may be affected by sample preparation such as fixation (Section 2.1.1). A minimum
requirement for the comparability of spectra measured at different excitation wavelengths (as in
resonance Raman spectroscopy) is the correction of Raman signals by the device response function to
account for the spectral sensitivity of the detection setup (Section 2.1.2). As biological samples often
exhibit strong fluorescence, customized background correction is highly useful to unmask the Raman
signal in the collected spectrum (Section 2.1.2) even though it cannot eliminate fluorescence noise
which can severely impair the quality of measured Raman spectra. After careful processing of the
raw spectral data, multivariate analysis may be applied to extract or deduce the wanted information.
However, this step also requires a careful choice of the best or at least a suitable approach with respect
to the individual set of data (Section 2.1.3)

2.1.1. Sample Preparation

As pointed out already, Raman spectroscopy is particularly attractive for life science applications
as it does not require sample preparation such as labeling or fixation but is capable of in vivo and
in situ measurement on native samples. Still, measurement of fixed or labeled samples may sometimes
be desired. Fixed samples are needed to retain certain conditions, e.g., to stop metabolism of bacterial
samples if a certain growth status or other condition at a specific point in time is to be documented.
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Moreover, fixation is often required for follow-up analysis with other methods such as fluorescent in
situ hybridization (FISH) which is the standard method to identify bacteria.

There are several fixation methods and protocols available, so we evaluated some of the most
prominent ones for their compatibility with subsequent Raman measurements [29]. Our work from
2011 is one of the very few studies investigating the effect of fixation on the Raman signal of single
cells [30–33]. All these previous works studied human cell lines. Some more studies focused on effects
in whole tissue.

Based on measurements on three bacteria strains containing heme or carotenoid(s) as
chromophores for identification, we found that even gentle heat fixation at 70 °C is not compatible with
Raman spectroscopy as it causes a strongly increased background and a complete loss of the weaker
Raman lines. As shown in Figure 1, only the three dominant carotenoid lines remain clearly visible.

Figure 1. Resonant Raman spectra at excitation with 532 nm of the bacterial strains rhodopseudomonas
palustris (a) and rhodospirillum rubrum (b) and the effect of treatment with different fixatives compared to
the Raman spectrum of the native bacteria. The main Raman-active chromophore for both strains is the
carotenoid spirilloxanthin with dominant lines at 1509 cm−1, 1151 cm−1, and 1004 cm−1 (reproduced
with permission from [29]).

On the other hand, cultures treated with formaldehyde (PFA) or ethanol (EtOH) for fixation
display only small differences to the native bacteria in their Raman spectrum. Still, care must be taken
not to exceed treatment times. For both fixatives, the signal-to-noise ratio decreases with treatment
time. This effect is stronger for ethanol fixation where an ever-increasing fluorescent background is
observed while the degenerative effect of PFA fixation on the obtained Raman signals saturates after
some hours [29]. We also found that mounting bacterial samples on poly-L-lysine coated microscope
slides, which are quite popular in the life science community as cell cultures adhere well to them, can
decrease Raman signals. This effect was only prominent in cultures of bacteria with average cell sizes
smaller than the axial diameter of the focus of the confocal microscope used in this study indicating
that additional flattening of the target cells and the resulting decrease of measurement volume within
the focus may be the reason for this effect.

The good preservation of Raman spectral features under formalin fixation agrees with the results
presented in [30–33] for human cell cultures. Our work is the first to study fixation effects on the
Raman fingerprints of bacteria and the first to study ethanol and heat fixation or the effect of coated
coverslips in this respect. Only in 2017, Hobro et al. attempted at a more comprehensive review and
study of fixation effects on Raman spectra of cells [34].

2.1.2. Data Processing—Spectral Calibration, Absolute Intensities, and Background Correction

There are two levels of making use of the resonance effect in Raman spectroscopy. On a basic
level—and this is by far the most frequently referred to when finding the term resonance Raman in the
literature—experimenters capitalize on the resonance effect to enhance the signal of a specific molecule
at a single excitation wavelength. However, at a more sophisticated and laborious level, it may also
refer to investigating the resonance behavior of a target molecule. This second level requires excitation
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of Raman spectra at several wavelengths. Multiline lasers such as the Ar+-ion laser with multiple
available lines in the blue to green wavelength range or laser systems that are spectrally tunable over
a wide spectral range such as dye lasers and optical parametric oscillators (OPOs) provide suitable
excitation sources. Detection is significantly more elaborate than in the case of single-wavelength
enhancement. First, notch or long pass filters are necessary at every excitation wavelength to block
the Rayleigh scattered photons, which would otherwise obscure the Raman signal causing unwanted
stray light in the spectrograph. Alternatively, a triple-monochromator may be used providing maximal
versatility at the cost of very low photon collection efficiency. Commercial filters are generally only
available for standard laser wavelengths. They can be angle tuned by some nanometers, but this is by
far not enough to achieve sufficient spectral coverage for truly continuous measurement of complete
resonance Raman spectra throughout the visible and ultraviolet spectral range. Filters can be used at
excitation wavelengths blue-shifted with respect to the nominal filter wavelength at the cost of low
wavenumber Raman signals to minimize gaps in the coverage of the resonance range for a specific
Raman-active molecule. In general, it is desirable to cover at least the Raman fingerprint region
(500–1700 cm−1) with the transmission range of the filter. Figure 2 shows the resonance behavior of
two amino acids in the form of excitation-emission maps.

Figure 2. Excitation-emission maps (EEM) of the amino acids (a) proline and (b) glycine. Raman
intensity is color-coded. Raman peaks appear as perpendicular lines. Dark blue regions in the map
mark spectral ranges where no Raman signal could be measured due to lack of appropriate filters
(reproduced with permission from [35]).

Amino acids do not have large conjugated pi-electron systems, so their resonance conditions are
usually met in the ultraviolet C range. As can be seen, full fingerprint spectra can only be recorded at
very narrow excitation ranges a few nm wide. Therefore, in this study, even spectra covering only half
of the fingerprint region were included to achieve a minimal level of continuity for the pre-resonance
profiles of the higher wavenumber lines around 1400 cm−1 at least.

For high-resolution resonance Raman spectroscopy, spectral calibration poses a challenge
depending on the applied excitation wavelengths and the specification of the spectrograph. At 250 nm
in the ultraviolet C range, the Raman fingerprint region (500–1700 cm−1) only extends from 253–261 nm
explaining the immediate cropping of the spectra when moving outside the specified laser wavelength
for a given edge filter as shown by the dark blue areas in Figure 2. When measuring resonance spectra in
the visible spectral range, the fingerprint region approximately spans 20 to 80 nanometers for deep blue
to dark red excitation, respectively. At excitation with 500 nm Raman fingerprints are found between
513–546 nm. A high-resolution spectrograph, e.g., Andor Shamrock 500i, with 500 mm focal length,
1200 L/mm grating, and 27.6 mm wide CCD chip can image approximately 40 nm spectral range.
Therefore, with blue or green excitation, a full fingerprint spectrum can be imaged at a time. However,
when measuring resonance profiles, the excitation wavelength is tuned over 60–100 nm in the visible
range and consequently the imaged spectral range needs to be adjusted every few nanometers. This is
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easily accomplished by means of a turnable grating turret. However, in our experience, the repeatability
of the turret position and consequently of the spectral calibration at each turret angle is not sufficiently
accurate. Therefore, spectral recalibration is necessary after every movement of the grating turret. We
implemented two procedures for spectral recalibration. Ideally, spectral recalibration is accomplished
by (co-)measurement of an external or internal standard. We followed this standard approach making
use of the atomic emission lines of a neon lamp in [36]. Alternatively, the tunable excitation source
can be used for spectral calibration when excitation is provided by the optical parametric oscillator
in our experiments [35]. Here, the accuracy of the wavelength selection of the laser system limits the
accuracy of the spectral calibration of the spectrograph. If no such standard is available and a set of
Raman peak positions of the target molecule can be assumed to be fixed, a basic spectral adjustment
may also be based on the Raman spectrum itself knowing the excitation wavelength. However, line
positions preserve only relative information in such self-referencing datasets. It must be pointed out
that such spectral recalibration is a challenge quite specific to our unique broadband excitation scheme
in connection with high-resolution Raman spectroscopy.

A standard step in the post-processing of Raman spectral data is their normalization to make the
spectra of the same target comparable even at differing experimental conditions. In contrast to all other
methods of Raman spectroscopy, resonance Raman spectra must not be normalized independently
but instead, great care must be taken to reliably measure absolute Raman intensities at comparable
conditions. Otherwise, the signal property containing the resonance information will be lost. Therefore,
only Raman measurements obtained at the same detection efficiency usually realized by maintaining
a certain detection geometry and sensitivity may be combined to yield Raman resonance profiles
and data needs to be normalized to the (accumulated) excitation energy. For continuous wave laser
systems with stable output power, a basic stage of energy normalization can already be realized
by keeping constant the integration time for a set of measurements. However, exact monitoring of
accumulated laser power is advantageous making the obtained data better adaptable and comparable
to other experimental conditions. For pulsed laser systems such as the OPO, close energy monitoring
is prerequisite to obtain comparable spectra as most of these systems make use of multiple steps of
frequency conversion. In the case of the VIS-OPO often used in the reviewed work, three consecutive
non-linear stages lead to considerable variation in pulse-to-pulse energy which is of course further
increased when using the second harmonic of the OPO signal output to excite Raman spectra in the
ultraviolet range (as in Figure 2).

Beyond the mere collection efficiency of a Raman spectrometric probe, it is its spectral sensitivity
of the setup that needs also be accounted for. Main factors are the reflectivity of gratings and mirrors
and the quantum efficiency of the camera used for detection. We developed a procedure to acquire this
spectral device response function measuring the intensity, i.e., the peak height, of a single laser pulse
of the excitation laser as recorded by the spectrometer and relating it to its pulse energy measured via
a power meter. A full spectrum of this relation yields a device response function which can be applied
to correct the spectral Raman intensity as measured by the spectrograph [35].

To evaluate the presented preparatory work as well as the experimental and instrumental efforts
for measuring resonance Raman excitation profiles, it should be pointed out that so far, there have been
only a few attempts to go beyond the limits of multiple or multiline laser systems for investigation
of resonance excitation profiles by other groups, such as Lewis et al. probing the excitation profile of
bacteriorhodopsin by aid of a dye laser [37] or more recently Londero et al. presenting and discussing
application of an OPO (10 ns pulse duration, 100 Hz repetition rate) in a Raman microscope [38].
The most extensive exploit of resonance Raman profiling was probably conducted by the groups of
Hiroyoshi Nagae and Yasushi Koyama starting with a publication investigating the 2A−g energy of
crystalline all-trans-spheroidene by analyzing its resonance Raman profile at low temperatures [39].
Even though determination of the excitation profile of the Raman resonance is rewarding, researchers
still balk experimental and instrumental challenges and efforts such as lack of suitable laser systems
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and appropriate filters or the comprehensive evaluation of the detection system to allow reasonable
determination of Raman intensities and reliable spectral calibration at different excitation wavelengths.

Fluorescence noise is a main factor obscuring Raman signals. Conventional ways to avoid
fluorescence is excitation in the near-infrared region where electronic absorption and emission
transitions are absent or in the ultraviolet range sufficiently below the onset of fluorescence emission
which also benefits from much increased scattering cross-sections as compared to infrared excitation.
In other spectral ranges, background correction is essential to extract Raman signals from the raw
spectra, which are usually compromised by fluorescent background signals. In the case of resonance
Raman spectroscopy, not only the background fluorescence from the multi-component constituents
of the tissue, cell, or plant plays a role but also the fluorescence from the target molecule itself is
substantial as resonance conditions for Raman scattering are in the majority of cases associated with
near to optimal conditions for autofluorescence.

As background removal generally is a major issue for Raman spectroscopy, several approaches are
in use owing to the diversity of experimental conditions. Some of them require special instrumentation.
A method called shifted excitation spectral differences measures spectra at two close excitation
wavelengths and capitalizes on the fact that fluorescence is broadband and independent of the
exact excitation wavelength while Raman lines shift according to the excitation wavelength [40,41].
Time-gated approaches make use of the different lifetimes for scattering and fluorescence and collect
only photons arriving early—before the onset of fluorescence emission—at the detector [42]. Our own
experience applying the time-gated approach using an intensified charge-coupled device (ICCD) as the
gated detector was that fluorescence lifetimes in biological samples are often too short to allow clear
temporal separation of Raman scattering and fluorescence signals. These cases are examples where it
may be beneficial to combine temporal separation with shifted excitation spectral differences as in [43].
Both approaches are demanding in terms of instrumentation. This is one reason post-processing of
Raman spectra for background removal is highly popular but so far no universal approach is available.
Polynomial curve fitting, first derivative methods, or Fourier-based algorithms are common, but tend
to fail for data with irregularly shaped baselines, have difficulties in detecting signal peaks in low
signal-to-noise spectra, or need well-tuned filter parameters, respectively. Schulze et al. [44] give an
overview of classic baseline correction algorithms and their limitations.

To cope with the requirements of in vivo resonance Raman spectroscopy as in our applications,
we developed a fast, and very efficient baseline correction algorithm for its particular needs [45].
We use an iterative approach in which every step involves a morphological operation together with
mollification. Spectral intensity is smoothed by convolution with a mollifier kernel and a pre-baseline
is formed by the footpoints of the smoothed data within a certain spectral width. This procedure can
be imagined as fitting a horizontal line from the bottom into the experimental spectrum. The contact
point of spectrum and horizontal line yields one point in the pre-baseline and the horizontal line is
moved over the whole measured spectrum to create the complete pre-baseline from these contact
points. Figure 3 illustrates the procedure.

The width of the horizontal line is determined by the width of significant features in the spectrum.
It needs to be wider than the baseline width of the widest coalescent Raman lines. Iteration is stopped
at the (first) elbow point of the relative area change between two successive iteration steps relative to
the initial spectral area. This number of iterations leads to maximal background reduction at minimal
occurrence of artifacts which may arise due to steep initial background slopes at high iteration numbers.

The top row of Figure 4 shows results for spectra with very strong fluorescence. The algorithm is
well suited for batch processing of large sets of irregularly shaped in vivo Raman spectra. The bottom
row of Figure 4 shows excitation-emission maps of in vivo Raman measurements of an algae culture
with a strong contribution from fluorescence taken under similar experimental conditions.
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Figure 3. Smoothed measured Raman spectrum with corresponding feature width and the
resulting pre-baseline. Smoothing the pre-baseline gives a (first) approximation of the true baseline.
The smoothed baseline is subtracted from the unsmoothed measured spectrum completing the first
iteration step (reproduced with permission from [45]).

Figure 4. The top row shows raw (left) and processed (right) carotenoid Raman spectra in strongly
fluorescent ink. The line position of two main carotenoid lines are marked by arrows in the original
data set (left for orientation. The result of batch processing of a larger Raman data set is shown
in the bottom row by excitation-emission maps of raw (left) and processed (right) Raman spectra
(reproduced with permission from [45]).
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Our approach is well suited for baselines which cannot be handled by shape model-based
traditional algorithms and where fully automated, solely morphological algorithms fail as evaluated
comparing our new background removal algorithm with several other approaches [45]. One important
aspect of our approach is that spectral features smaller than a chosen width are preserved under
all circumstances to allow quantitative comparisons as in resonance Raman spectroscopy, which is
important to evaluate coalescent Raman lines even with very low signal-to-noise ratio.

Figure 5 depicts the whole process of preparation of resonance Raman data from measured raw
data for further analysis.

Figure 5. Post-processing of Raman spectral data. It includes renewal of spectral calibration if necessary,
removal of artifacts such as cosmic rays or hot/cold pixels, background correction, and correction
of the signal intensity for the device response, applied energy, and general spectral efficiency of
scattering processes (reproduced with permission from [35]).

Occasionally, single steps in this data post-processing procedure may be left out. Background
correction may not be necessary for data showing low fluorescence background. Correction for
the device response function may be left out if the spectral response is fairly flat in the respective
wavelength range and only the resonance profile but not the absolute resonance enhancement is
of interest.

2.1.3. Multivariate Spectral Analysis

The analysis of complex multi-component Raman spectra from biological samples requires
multivariate analysis. Several methods is available to analyze and classify spectral data such as
hierarchical and K-means cluster analysis, factor analysis, principal component analysis (PCA),
discriminant analysis, or approaches such as support vector machines and neural networks [46,47].

Hierarchical cluster analysis (HCA) of data obtained by resonance Raman microspectroscopy is
one of the most promising tools for rapid in vivo analysis of biological and medical samples allowing,
for example, identification and assignment of cells, significant molecules, or bacterial strains in complex



Sensors 2019, 19, 2387 11 of 53

samples [48–50]. Single cell analysis is particularly challenging because intercellular variability can
be high. Even spectra from the same chromophore may show considerable variance as different host
environments affect the resonance Raman spectra.

To test HCA algorithms for their discrimination and association ability, we used a set of six
different bacterial strains expressing three different chromophores: the carotenoids spheroidene
and spirilloxanthin as similar, but not identical chromophores, and heme C as a distinctly different
chromophore [51]. This experimental layout allowed us to test which of the algorithms are sensitive
enough to handle spectra with a high intrinsic similarity in their distinctive spectral features due
to a common resonant chromophore such as the carotenoids in the presence of highly dissimilar
spectra originating from other chromophores. We compared seven algorithms (Single-Linkage
(Nearest-Neighbor-Clustering), Complete-Linkage (Farthest-Neighbor-Clustering), Average-Linkage,
Weighted-Average-Linkage, Centroid, Median, and Ward) for their ability to correctly cluster Raman
spectra of single bacterial cells from the six bacterial strains. One important result from this study
was that the signal-to-noise ratio (S/N) range is an important parameter for the successful clustering
of Raman spectra. When this range is too large, spectra tend to be clustered by spectrum quality
rather than by different chromophore and/or host organism. This finding implies an additional
data post-processing step following the procedure presented in the last subsection, i.e., equalizing
signal-to-noise to a range as appropriate for a given set of samples. Therefore, it can be necessary
to artificially reduce S/N by introducing white noise to accomplish valid clustering results. As the
Ward algorithm is quite popular in tasks similar to the study layout, we were surprised that based on
our study only weighted-average-linkage can be fully recommended for clustering resonant Raman
spectra of single cells independent of their chromophore. In the light of the aforementioned issue
concerning signal-to-noise ratio, this clustering procedure excels because it optimizes spectrum quality
with each clustering step through the reduction of random noise. The Ward algorithm only achieved
an accuracy of less than 70% for spectra from the same chromophore, failing to maintain their spectral
relation. Therefore, the results of our study clearly show that appropriate cluster algorithms need to be
evaluated with respect to the specific application and caution is advised for unquestioned application
of seemingly standard approaches.

Multivariate analysis may also be applied to sets of Raman data for chemometric applications.
A relatively simple application is the determination of the salt concentration in water. The concentration
of small ions and their composition is crucial for many cell functions. For example, electrical
communication involves sodium (Na+), potassium (K+), and calcium (Ca2+) and small ions provide
the basis for setting up transmembrane potentials that are then used to power key processes such as
ATP synthesis (involving hydrogen H+, Na+). They serve as cofactors in dictating protein function
with entire classes of metalloproteins in processes ranging from photosynthesis to human respiration.
Here, manganese (Mn2+), magnesium (Mg2+), and iron (Fe2+) play a crucial role. Moreover, small
ions act as a stimulus for signaling and muscle action (Ca2+). Chloride (Cl−) generally acts as the main
negatively charged counterpart. In inner ear fluids such as the endolymph or perilymph, deviation
from the default concentration of small ions—especially of potassium—is connected to several forms
of sensorineural hearing loss [52]. Therefore, being able to measure the small ion concentration
non-invasively by optical means could support diagnosis in hearing research. Even though small ions
cannot be Raman-active themselves, they can be measured indirectly by Raman spectroscopy via the
water Raman signal [53]. The polar water molecules form cavities around the solved monatomic ions
which affects especially the energy of their stretch vibrations showing in the broad range of coalescent
Raman bands between 3000 and 3700 cm−1. Figure 6 shows Raman spectra of water containing
artificial perilymph, dilutions thereof, and perilymph spiked with NaCl or KCl, i.e., water with a range
of near physiological concentrations of small ions.
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Figure 6. Raman spectra of samples of artificial perilymph that was either diluted or spiked with NaCl
or KCl (left) and prediction of the small ion concentration by multivariate analysis based on the Raman
spectra (right).

The base artificial perilymph contains 145 mM NaCl (sodium chloride), 2.7 mM KCl (potassium
chloride), 2.0 mM MgSO4 (magnesium sulfate), 1.2 mM CaCl2 (calcium chloride), buffered by 5.0 mM
HEPES and adjusted to pH 7.4 by NaOH (sodium hydroxide). Distilled water and NaCl or KCl were
added to prepare dilutions or spiked samples. A model for prediction of the small ion concentration
was developed using PCA and partial least squares (PLS) regression. As Figure 6 shows, the predictive
power of the model is quite good for such a simple in vitro set of samples, at least for concentrations
>150 mM. The trend of overestimation of sodium concentration and underestimation of potassium
concentration seen in Figure 6 is not significant in this model given the number of samples but may
point to a possibility for further discrimination with a more elaborate model and training data set.
It must be noted though that in the body, the fluid would not only contain small ions but also other
molecules such as proteins and peptides influencing water structure and the energies of the water
stretch vibrations, so in vivo measurement of small ion concentration via the water Raman signal is
expected to be much more difficult.

In a study of the violaxanthin cycle of algae [36], we were able show the potential and power
of analysis of Raman spectral composition via PCA also for in vivo applications. The biological
background and relevance of the violaxanthin cycle will be detailed in Section 2.3. Here, this
example serves particularly well to depict how spectral principle components sometimes represent
specific molecules.

Figure 7 shows the first four principal components derived by PCA from a dataset of more than
10,000 Raman spectra of a culture of the alga dunaliella salina excited at 473 nm. All four components
are governed by spectral characteristics of carotenoids as these are (pre-)resonantly enhanced at this
wavelength. Analysis of line positions allows even to assign specific carotenoids as the origin of the
two first principal components. It is well known that zeaxanthin and violaxanthin are contained in
dunaliella salina as they are interconverted by the alga in its violaxanthin cycle. The line positions
of the ν1 band for the first two principal components are 1524 cm−1 and 1531 cm−1 matching well
the values found by Ruban et al. [54] for zeaxanthin (1522 cm−1) and violaxanthin (1529 cm−1) in
pyridine solution at 473 nm excitation. Pyridine is expected to reproduce line positions of carotenoids
embedded in biological materials quite well [55]. The two mix components probably combine other
carotenoids from the light harvesting complex.
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Figure 7. The first four principal components as analyzed by PCA from spectra of an algae culture
(top). Analysis of major line positions such as the C=C stretch vibrations (bottom) sometimes allows
assignment of certain molecules as the origin of the respective principal component (reproduced with
permission from [36]).

2.2. Protein Analysis—From Molecule Function to Assessing Cell Systems

Today, proteomics—the study of the function of all expressed proteins—is a main research
field within the life sciences. Hope is that it contributes at a direct level to a full description of
cellular function [56]. The relevance of proteins for life is fundamental as genetic code is transferred
into cellular function by means of proteins. Protein function and properties are determined by
their amino acid sequence and their three-dimensional conformation or structure. Conventional
approaches for protein identification and study of their 3D structure are mass spectrometry and
X-ray crystallography. However, they do not work under physiological conditions. This is a severe
drawback for many proteins as they tend to change conformation and lose function (degenerate) under
non-physiological conditions, and consequently structures determined by x-ray crystallography may
show a dysfunctional and not the native protein. Therefore, without depreciating the achievements of
mass spectrometry and X-ray crystallography for proteomics, methods that can identify proteins and
probe their three-dimensional structure and conformational changes under physiological conditions
are highly esteemed. Nuclear magnetic resonance (NMR) [57,58], Raman spectroscopy [19,59,60], and
recently cryo-electron microscopy [61,62] are the few available approaches here. Even though Raman
spectroscopy cannot provide a tomographic image of the protein structure as can the other techniques,
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it has the advantage that it can be applied in living organisms allowing quasi-continuous measurement
at a single sample and scales from molecular studies over cellular investigations to full-tissue studies.

2.2.1. Connexin Hemichannel Gating

Connexins, or gap junction proteins, are structurally related transmembrane proteins that
assemble to form channels between apposed cells in vertebrates. These channels are essential for many
cell functions. Eight distinct human diseases have been definitively linked to germline mutations
in connexin family members including the rather common non-syndromic sensorineural deafness,
and various mechanisms to compensate connexin mutation or loss have evolved [63]. Within a cell,
connexins assemble to form hemichannels that then couple to a hemichannel of the neighboring
cell. To control transport through the gap junction channels, these hemichannels need to have
open and closed states and to be switchable between these states by defined triggers. The human
connexin 26 (hCx26) hemichannel is known for a complex, multi-facetted gating process. Several gate
mechanisms have been identified in electrophysiological and biochemical studies [64]. For connexin
26, conformational changes are expected in plug and loop gating [65,66]. Both gating processes are
yet to be fully understood. Besides, the gating process of hCx26 also contains a temperature-sensitive
trigger component of yet unknown properties, changing the conductivity for small molecules from
low to high upon exceeding a temperature of 23 °C [67].

Providing the first analysis of purified hCx26 protein and protein function based on Raman
spectroscopy, we studied structural differences in the hCx26 hemichannel at temperatures above
and below the switching temperature of 23 °C [15]. For this purpose, we recorded and analyzed
high-precision Raman spectra of purified hCx26 at 10 °C and 30 °C by confocal Raman microscopy.
Raman spectra for various experimental conditions (temperature, buffer) were compared by pairwise
calculation of difference spectra to spot spectral differences indicating conformational change.
We found that the Raman spectrum of hCx26 in Ca2+-buffered POPC at 10 °C significantly differs from
all others (see Figure 8).

Figure 8. Difference spectrum of the connexin 26 hemichannel at 30 °C and 10 °C. The difference Raman
signal points towards conformational changes for hCx 26 in Ca2+-buffered POPC (blue), whereas no
conformational changes due to temperature change can be seen in the Raman spectra for hCx26 in
POPC (black) (reproduced with permission from [15]).
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Raman bands appearing in the difference spectrum mark features that are present in hCx26 at
30 °C but have disappeared at 10 °C. Analysis of possible origins of the changed Raman spectrum
within the molecule identified specific amino acids (tyrosine, histidine, cysteine) and the α-helical
backbone. These results confirm that specific protein structures (TM1/EL1 parahelix and probably
the TM4 transmembrane helix) are involved in the gating process responsible for fully closing the
hemichannel. Besides, we found an indicator for the fully closed state of the hemichannel (absence of
the Raman signal of the imidazole group of histidine) which may also indicate that the plug domain of
hCx26 is also involved in the temperature-sensing gating mechanism. These structural findings contain
important new information elucidating the gating mechanisms of hCx26 that were not achieved by
application of other methods in other groups before.

2.2.2. Bacteria Identification

Besides the (functional) analysis of proteins on the molecular level, Raman spectroscopy is also
applied on a cellular or macroscopic scale. These larger scale applications include diagnostic purposes,
for example as a tool for cancer diagnosis [18,68], as well as identification of microorganisms [16,69,70]
and their cohabitation in biofilms [71]. The spectral features in the Raman spectra from such targets
usually originate from a multitude of molecular sources such as proteins, lipids, or chromophores
such as carotenoids. Such complex Raman spectra may be used to identify microorganisms, cells, or
pathologic changes, etc. even without identification of the single components involved. However,
identification of single significant molecular components within the spectra opens the door to more
fundamental investigations such as identification of molecular biomarkers or possible insights into the
phylogeny of bacteria.

We have applied Raman microspectroscopy to study bacteria in their native environment, the
biofilm, taking advantage of (pre-)resonance enhancement of proteins and small molecules [72,73].
Raman microspectroscopy allows identification and imaging of bacteria in biofilms also providing
information about cell morphology and arrangement or diversity of different microcolonies. Other
biofilm components such as minerals or microplastics generally appear as microparticles and present
quite pure and strong Raman spectra even without signal enhancement or appear as dark areas in the
Raman images.

In [72], we studied biofilm composition in flocs from sequencing batch reactors (SBRs) mapping
their development over three months. Figure 9 shows an xz-image of a granule sampled after one
month of operation from one of the SBRs. Two major bacteria fingerprints were identified in the seed
material for the SBRs, coming from a reactor using a very efficient type of wastewater treatment.

The corresponding bacteria, type-I and type-II, and their co-development in the biofilm
were traced by sampling of biofilm granules over time. As shown in Figure 9 confocal Raman
microspectroscopy can visualize the organization, i.e., co-localization, of bacteria in the living biofilm.
Type-I bacteria form the bulk of the biofilm while type-II bacteria nest within and are not found in direct
contact with water at the vertical canal or the surface of the biofilm. The two types of bacterial colonies
have very similar appearance so that they could only be discriminated by their Raman fingerprints.
The main molecular contribution to these fingerprints comes from cytochrome c. Cytochrome c is a
particularly interesting protein because its amino acid sequence and structure are highly conserved
across the spectrum of species. All cytochrome c proteins contain a characteristic amino acid motif that
binds heme, and heme is resonantly enhanced at 532 nm, a standard excitation wavelength in confocal
laser microscopy, which is also used in our confocal Raman microscope. The protein shell around
the heme differs for cytochrome c proteins in different organism affecting the vibronic energy levels
and, thus, the Raman fingerprint of the heme core. Even though these spectral differences are hard to
spot and appreciate by eye (compare Figure 9, spectra 1 and 2), multivariate analysis as presented in
Section 2.1.3 can discriminate these spectra. Moreover, comparison with reference data from cultured
strains of bacteria allowed identification of type-I bacteria recorded from the seed mass as nitrosomonas
communis Nm-02 with 94% certainty. Spectrum comparison between type-II bacteria and the other
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available reference spectra of cultured bacteria point to a nitrosomonas europaea. N. europaea references
(Nm-50, Nm-53) showed a spectral similarity of approximately 80% to the type-II spectra, indicating a
different strain or a phenotype variant. This assessment is based on our experience with assignment of
pure bacteria cultures to their respective species or strain via resonant Raman spectra recorded from
individual cells. Here, bacteria can be identified with 96% certainty when compared to spectra of the
same strain and with 84% certainty when compared to spectra of a different strain of the same species.

Figure 9. (Resonant) Raman spectra (left) and outer layer of a biofilm granule (right) showing a dense
multilayer of microcolonies crossed centrally by a vertical canal. The color of the spectra also provide
the color-code of the image; bacterial seed fingerprint type-I identified as nitrosomonas communis (1,
green), bacterial seed fingerprint type-II, probably nitrosomonas europaea, (2, red), and cytochrome c
spectrum 80 µm below the surface (3, brown) with too low S/N to be assigned to a specific species.
The spectra 4 and 5 denote weak and weakest autofluorescence spectra depicted in the image as white
and yellow areas (reproduced with permission from [72]).

Other chromophores such as carotenoids expressed by bacteria also help to narrow down the pool
of possible candidates behind a Raman fingerprint of bacterial cells even though it is not as specific as
the cytochrome c signal [72].

2.3. Carotenoids

Carotenoids are yellow to red organic pigments that are primarily produced in plants. Their
function in nature is mainly based on their characteristics as one of the major chromophores in this
spectral range and their antioxidant capacity. In plants and algae, they serve in light absorption and
energy transfer in photosynthesis and protect other pigments from photodamage. In humans, they
play a key role in vision. Carotenoids have been extensively studied spectroscopically—for example
to elucidate their critical role and function in light absorption and energy transfer in photosynthesis.
In this section, we discuss important experimental and analytical issues for a valid interpretation
of resonance Raman data of carotenoids (Section 2.3.1), which apply similarly to other resonantly
enhanced Raman signals, and show how resonance Raman spectroscopy can be applied to watch
carotenoid kinetics in the living organism (Section 2.3.2).

2.3.1. Solvent Effects

As pointed out before, Raman resonance and absorption spectra are strongly connected. Therefore,
knowledge about the absorption characteristics of a given sample usually allows good guesses at
excitation ranges for optimal resonance enhancement. Carotenoids absorb in the blue to green
wavelength range, often with a pronounced vibronic structure, and typically gain additional UV
absorption when the hydrocarbon backbone is in cis-conformation instead of the all-trans form. The
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absorption properties of carotenoids heavily depend on their molecular environment. In carotenoids
which contain carbonyl functional groups in conjugation with the carbon-carbon π-electron system,
vibronic structure decreases dramatically when the molecules are dissolved in more polar solvents.
This is accompanied by considerable spectral broadening [74]. Besides, the polarizability of the solvent
may cause considerable shifts of the whole absorption band: The higher the refractive index n of the
solvent, the larger the bathochromic shift.

For application of resonance Raman spectroscopy in vivo, it is important to foster awareness
of these effects. As mentioned before (Section 2.1.3), solution of carotenoids in pyridine is expected
to reproduce spectral characteristics of carotenoids embedded in biological materials quite well [55].
Pyridine causes a bathochromic shift of carotenoid absorption spectra by 18–24 nm compared to
the spectral positions in ethanol for example [75]. Against this background, we studied solvent
effects on carotenoid absorption and resonance Raman spectra. Figure 10 shows the transition of the
β-carotene absorption spectrum between characteristic points crucial for considerations concerning in
situ measurements.

Figure 10. Absorption spectra of β-carotene emulsion depending on the ratio of ethanol and water.
Spectra were scaled to the same β-carotene concentration assuming linear dependence of optical density
on the concentration. The spectral map (left) quasi-continuously shows the transformation of the
absorption characteristics of β-carotene emulsion in aqueous solution from 42% ethanol to 75% ethanol
content. Three spectra from characteristic points of this series of measurements and an additional
spectrum of β-carotene emulsion in pure water (from a different stock solution) are compiled in the
graph on the right (reproduced with permission from [76]).

An emulsion of β-carotene (Altratene 5% EM, 5.9% emulsion) in 100 mg water was diluted
by ethanol. At 42% ethanol content, the β-carotene absorption spectrum still shows characteristic
features of β-carotene in emulsion, a lipid environment. Absorption maxima of β-carotene appear
at approximately 466 nm and 497 nm. With increasing ethanol content, the β-carotene spectrum
gains features of aggregated β-carotene which is most clearly seen in a new peak or shoulder at
approximately 518 nm. The classic β-carotene absorption band around 450 nm starts to appear as
well in this solvent environment. Finally, the spectrum from β-carotene emulsion in 75% ethanol
already shows the characteristics of β-carotene in pure ethanol—which may be called the standard
spectrum—quite clearly.

These spectral changes are highly important for considerations concerning in situ studies on
plants, animals, or humans, as absorption spectra of β-carotene in organic solvents such as ethanol are
often consulted to derive expected resonance conditions whereas, physiologically, a lipid environment
similar to the emulsion is to be expected for water-insoluble carotenoids. We studied the effect of these
spectral shifts and changes on the Raman resonance behavior of β-carotene in artificial samples such
as liquid or hydrogel sample for reference. As expected, the Raman resonances generally shift with the
spectral origin of the absorption spectrum, i.e., the longest wavelength absorption peak (see Figure 11).
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Figure 11. Absorption spectrum (solid lines) and resonance profiles of the strongest carotenoid Raman
peak at ca. 1528 cm−1 (C=C stretch) (dots) for β-carotene in different molecular environments. From
top to bottom, the curves show resonance maps for 64 mg Altratene EM5% emulsion in 100 mL of
water (green), a hydrogel stained with 11 mg Altratene EM5% emulsion in 100 mL of aqueous solution
containing <12% ethanol (blue), and ethanol solutions with 20% (black) or 40% (gray) water content.
Distance marks (arrows) at each 0-0 transition peak indicate the spectral shift between absorption and
resonance maximum (reproduced with permission from (reproduced with permission from [76]).

The resonance maximum of Raman scattering is always slightly red-shifted compared to the
0–0 transition absorption maximum (peak positions were evaluated by linear multi-peak fitting with
Voigt-profiles). Aggregates of carotenoids are present in the sample of β-carotene dissolved in ethanol
containing 40% water as revealed by the additional long-wave peak at 518 nm. The Raman resonance,
however, still follows the absorption peak at 477 nm. Even though the β-carotene concentration
used in the hydrogel sample from β-carotene emulsion is only ca. 20% higher than that in the 20%
water-ethanol solution, Raman intensities more than double. The increase in absorbance, however, is
even larger than the resonance increase of the Raman signals. Of course, resonance Raman spectral
intensities generally suffer from self-absorption. For the β-carotene samples derived from emulsion,
the spectral extinction in a 10 mm cuvette is above 1 and 2, respectively, in the resonance range.
Accordingly, Raman signals are significantly attenuated in these samples. Therefore, if molecules are
to be identified by their resonance excitation profile as presented in Section 2.3.2, solvent conditions
must be considered carefully. Especially if quantification of carotenoids is intended, the dependence
of absorbance on the solvent and non-linearities in the concentration-absorbance relation need to be
taken into account [77,78].

Given that the Raman fingerprint of a molecule is composed of the single Raman peak positions
of characteristic vibrations of the molecule, we also studied the dependence of Raman peak positions
on the excitation wavelength and on the solvent conditions. Figure 12 shows the peak positions of the
Raman lines originating from the C=C and C-C stretch vibrations of β-carotene for the samples shown
in Figure 11.

Tschirner et al. [79] found a wavelength-dependent variation of the peak maximum of the
C=C stretch vibration for β-carotene in dichloromethane that they attributed to different relative
resonances of the two underlying modes. According to their experimental data, the peak maximum
shifts from 1525 cm−1 at 1064 nm to 1521 cm−1 at around 514 nm and up again to 1525 cm−1 at
465 nm. We observed similar albeit larger peak shifts for the C=C Raman band in our data subject to
the restriction that our data was spectrally calibrated to the C-C stretch vibration of β-carotene as no
common external standard was available for calibration. The samples from emulsion show a minimum
in Raman peak position at excitation around 523 nm matching the observations of [79]. Our data from
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the samples of β-carotene in ethanol-water mixtures does not show such a minimal Raman shift, but
this is probably due to the fact that peak positions were not determined in the wavelength range where
the minimum is expected as signal-to-noise ratio was too low. As peak positions still rise towards
the short-wave end of the available data, absolute values for the maximal peak positions cannot be
clarified from our data. Still, we can state a peak shift of at least 5–7 cm−1 within the resonance range
for the emulsion-based samples and 4 to more than 10 cm−1 for the ethanol-water solutions.

Figure 12. Peak positions of the C-C (1157 cm−1) and C=C (around 1528 cm−1) vibrations of β-carotene
in different molecular environments, i.e., for the same samples as in Figure 11. Please note that all
spectra were spectrally calibrated to the C-C vibration at a Raman shift of 1157 cm−1 due to lack
of a common external standard. Therefore, peak-to-peak distances but not absolute peak positions
are reliable (reproduced with permission from [76]).

The solvent effects described here for β-carotene may be transferred in a similar manner to many
other carotenoids. This knowledge is crucial to a valid analysis of carotenoids in tissues or plants and
of special importance when quantification of specific carotenoids is intended beside their identification.
The dependence of the Raman peak position associated with the C=C stretch vibration on the excitation
wavelength is the parameter that is least likely to cause misinterpretation of in situ measurements.
Usually, excitation at single fixed frequencies from standard, i.e., common, laser systems is applied
in these measurements [80,81]. Therefore, reference spectra are available. Besides, due to similar
resonance conditions, the carotenoid signal from biological samples hardly ever originates from a
single carotenoid, but from several carotenoids with quite similar Raman fingerprints causing line
broadening in the Raman signal.

The solvent-dependent resonance shift, however, should be carefully considered in the
quantification of single carotenoid components. This is especially true when mixtures of carotenoids
as found in human skin or plants are assessed. For example, the groups of Werner Gellermann
and Jürgen Lademann propose an elegant approach deriving β-carotene and lycopene concentration
from the Raman spectra of human skin even taking into consideration the effect of different skin
colors by reflectance measurements [82,83]. They use excitation at 488 nm and 514.5 nm and derive
the relative excitation efficiency or scattering cross-sections, respectively, from measurements on
carotenoid solutions in acetone and ethanol, respectively. Probably, using carotenoids in pyridine or
lipids for reference could further improve the accuracy of the quantitative measurement based on
their approach.



Sensors 2019, 19, 2387 20 of 53

2.3.2. Carotenoid Transitions in Algae

Photoautotrophic organisms such as plants collect light energy in the so-called antenna complexes
for later carbon fixation. Oxygenic organisms use accessory pigments to transfer energy to photo
system chlorophyll. One important class of these accessory pigments are the carotenoids. The direction
of energy transfer depends on the individual energy levels of the involved pigments and is tailored
to efficiently collect light energy throughout the visible wavelength range (with a minimum in the
green range). In the case of excess light, the parameters of Förster resonance energy transfer (FRET)
are used by some photoautotrophic organisms for regulation of energy flow to prevent irreversible
damage to the photosystem. The two xantophylls (i.e., oxygen containing carotenoids) violaxanthin
and zeaxanthin are well known to provide a regulatory function called the violaxanthin cycle [84].
Violaxanthin transfers absorbed energy to chlorophyll in the light harvesting complex and hence to the
photochemical reaction center. In a reversible enzymatic reaction [85] plants transform violaxanthin
over the intermediate step antheraxanthin into zeaxanthin within a timescale of minutes to a few
hours. Zeaxanthin possesses 11 conjugated double bonds as compared to nine in violaxanthin resulting
in a larger π-electron system and thus the energy of the first excited singlet state is lower than in
violaxanthin—too low for efficient energy transfer to chlorophyll a. So, zeaxanthin acts as an energy
trap at the violaxanthin position in the light harvesting complex and removes excess energy via
heat dissipation.

So far, it was not possible to monitor the carotenoid interconversion and, thus, the violaxanthin
cycle in situ. Knowledge about involved carotenoids, cycle kinetics, etc. was mainly gathered
by high-performance liquid chromatography (HPLC) making consecutive measurements on living
organisms impossible.

Violaxanthin Cycle Kinetics via PCA of Raman Spectra

In Koch et al. [36], we presented the first in vivo measurements of violaxanthin cycle kinetics.
The alga dunaliella salina was intermittently exposed to dark periods and photostress by high-power
LED illumination. Resonance Raman spectra were continuously acquired via a fiber bundle submerged
in the stirred algae culture. PCA (see Section 2.1.3) was applied to quantify the involved pigments.
Figure 13 shows the kinetics of the principal components assigned to violaxanthin, zeaxanthin and
two other principal components describing mixed pigment groups of d. salina mainly consisting of
chlorophylls and other carotenoids.

Signal enhancement for chlorophyll and violaxanthin is stronger than for zeaxanthin as the
excitation wavelength better matches the 0–0 transition of violaxanthin than the 0–0 transition of
zeaxanthin. This leads to a lower signal-to-noise ratio in the zeaxanthin trace. Time constants for
transitions were determined by exponential fitting to the violaxanthin trace yielding between 39 and
46 min for the light-to-dark transition depending on experimental conditions and 3.2 min for the
dark-to-light transition. These findings are in good agreement with data obtained by HPLC analysis in
different plants [85–87].

A few hours after the light stress, we could also observe a decrease of both violaxanthin and
zeaxanthin in longer periods of darkness corresponding to a reduction of the violaxanthin cycle
regulation capacity. Pool size adjustments of the carotenoids involved in the violaxanthin cycle are
known, but on a larger time scale of a few days, as reported by Nichelmann et al. [88].
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Figure 13. Kinetics of the light-to-dark and dark-to-light transition response of violaxanthin (green)
and zeaxanthin (cyan). The upper level of the violaxanthin trace marks the dark-adapted state, the
lower level the state at excess light conditions. The zeaxanthin trace shows the complementary kinetics,
albeit weakly. The two nearly constant traces (red and blue) represent chlorophylls and carotenoids
not directly involved in the violaxanthin cycle reactions. Consequently, those do not show variable
concentration in reaction to light stress (reproduced with permission from [36]).

Carotenoid Transition in Stress Reactions of Algae via Analysis of Raman Resonance Profiles

As shown in the previous section, PCA is a powerful tool for in situ investigation of pigment
kinetics via Raman spectroscopy. Looking at the spectral differences in the principal components
assigned to the two main involved carotenoids violaxanthin and zeaxanthin, it is obvious that
this approach benefits strongly from high spectral resolution. PCA of data from a low-resolution
spectrograph for example would not achieve the same discriminative power or even fail to depict
the interconversion at all. Resonance Raman spectroscopy, however, provides another means of
chromophore discrimination besides the Raman fingerprint: the resonance behavior. Resonance
conditions often differ even for relatively similar pigments. This effect is particularly strong in
carotenoids which all share a common structure. They are tetraterpenoids, i.e., they were produced
from eight isoprene molecules and contain 40 carbon atoms. Still, the length of the conjugated carbon
chain may differ for different carotenoids resulting in different absorption maxima in the blue to
green range.

Green algae generally have high contents of α- and β-carotene, violaxanthin, neoxanthin, and
lutein [89]. Some of them can produce secondary carotenoids or other pigments under stress. For
example, haematococcus pluvialis accumulates astaxanthin under starvation conditions. It amounts up to
4% cell dry weight (2.6 g L−1) accounting for more than 99% of the total carotenoid content in stressed
haematococcus pluvialis cysts [90]. The maximum of resonance enhancement of the carotenoid lines
is expected to change according to the carotenoid composition of a sample reflecting their different
absorption characteristics. Figure 14 shows the resonance maps of astaxanthin and β-carotene in
solution to illustrate the resonance shift between two carotenes involved.
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Figure 14. Resonance maps of astaxanthin (top) and β-carotene (bottom) solved in ethanol.
The triple-band around 2900 cm−1 showing constant intensity over the whole excitation range
originates from ethanol as do all constant lines in the fingerprint region. All lines with varying
intensity originate from the carotenoids. Above 2000 cm−1 variable Raman lines are overtones and
combination bands (reproduced with permission from [91]).

In ethanol, the resonance maximum of lutein is at excitation around 476 nm and α-carotene,
violaxanthin, and neoxanthin are expected to show maximum resonance well below 500 nm as well.
We analyzed the resonance Raman spectra of haematococcus pluvialis and two other green algae at
different levels of starvation caused by nutrient deficiency [92]. As indicated by Figure 14, a significant
red shift of the resonance maxima of carotenoid lines is expected during transition of the algae from
the unstressed green state to formation of stressed red cysts. Figure 15 shows resonance Raman maps
and profiles for the unstressed, an intermediate, and the stressed state.

The resonance maximum of the carotenoid lines is continuously red-shifted with increasing
nutrient stress and starvation as expected for increasing concentrations of astaxanthin in the algae
cells. It should not go unnoticed that resonance maxima of the stressed algae sample shift even beyond
530 nm which is beyond those of astaxanthin in ethanol solution shown in Figure 14. This is due
to the different molecular environment; in the algae cells, the carotenoids are embedded in a lipid
environment leading to red-shifted resonance compared to the rather apolar ethanol solution as already
expanded upon in Section 2.3.1.

In summary, our work concerning resonance Raman spectroscopy on carotenoid transitions
in algae resulted in a new and promising tool for in situ studies allowing for the first time
quasi-continuous observation of the carotenoid transition kinetics in photoautotroph organisms.
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Figure 15. Resonance Raman maps (left) and corresponding resonance profiles (right) of haematococcus
pluvialis at different stress levels: unstressed (upper row), slightly stressed (middle row) and strongly
stressed (bottom row) (reproduced with permission from [92]).
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Therefore, Raman spectroscopy excels in providing highly specific molecular information on
biological samples. Measurements are non-invasive and can be carried out in situ. However, in general,
imaging or spatially resolved measurement is slow because of the low quantum yield of the Raman
effect and it is restricted to superficial volumes because of the considerable optical attenuation in
biological material. Besides, the measurement of absolute quantities such as concentration of a target
molecule in the tissue is difficult as at least the spectral attenuation within the individual tissue or
sample needs to be known for this task, but can hardly be measured in vivo. Consequently, it is highly
rewarding to combine Raman spectroscopy with other (optical) modalities for mutual benefit. In the
following Section 3, we present optoacoustics as a complementary 3D imaging and measurement
method. While optoacoustics is a well-known method for non-invasive imaging of living tissue, we
will rather address the issue of the unknown optical properties of individual tissue here and focus on
deriving spectrally and spatially resolved optical absorption coefficients from optoacoustic data.

3. Optoacoustics

Optoacoustics is a hybrid method combining optical contrast with acoustic signal propagation.
As biological samples generally show strong optical attenuation, using optoacoustics, optical
information can be collected from much deeper inside a sample compared to purely optical methods.
This advantage has made optoacoustics highly attractive for in vivo biomedical application in recent
years—not without good reason did Li and Wang [93] call photoacoustics “the fastest growing new
biomedical method, with clinical applications on the way” in 2009. It has been promoted as a future
valuable tool for cancer detection and diagnosis, tumor characterization and treatment guidance [94],
and even attempts at obtaining absolute chromophore concentrations from photoacoustic images have
been made [95].

It needs to be pointed out that optoacoustics (or photoacoustics, which is often used
synonymously) has been primarily applied for imaging and tomography. An alternative use, which
has mainly been followed in the work presented here, is its application as a quantitative measurement
tool for optical (and acoustic) properties of the target. A few attempts can be found in the literature,
see [95] for a review, but there is no single comprehensive approach mainly because the theoretical
description of the problem is under-determined (see below). Rather, approaches focus on certain
conditions allowing specific assumptions or simplifications that lead to good approximation of a target
property in this specific case.

The mechanism behind optoacoustics is the absorption of radiation energy in matter, its transfer to
heat and pressure and the release of a resulting transient stress wave. Figure 16 sketches the underlying
process: thermo-optical excitation of ultrasound.

Figure 16. Principle of optoacoustics: the process of thermo-optical excitation of ultrasound
(reproduced with permission from [96]).
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Radiation propagates in the sample according to its optical properties. Eventually, all the radiation
energy is absorbed and transferred to heat—ideally instantaneously and with radiationless transitions.
This leads to a location dependent pressure rise in the sample, which is isotropically released in an
ultrasonic transient. If the incident light pulses are sufficiently short—typically in the low nanosecond
range—the profile of the stress transient reproduces the distribution of heat sources in the sample and
consequently, the light distribution in the sample can be deduced. The traveling pressure transient
then is subject to a variety of acoustic influences. Dissipation, nonlinearity effects, and acoustic
diffraction may alter the profile of the initial stress wave depending on the acoustic properties of the
propagation medium as well as the geometry of the sources, the detector, and their relative position.
A comprehensive theoretical description of optoacoustics can be found in [97]. Condensed overviews
providing some additional insights into the mechanisms of optoacoustics are set out in [98–101]
and [102].

Even though the optoacoustic signal of in vivo samples can be measured anywhere outside the
target if acoustic coupling is ensured, illumination and acoustic detection are usually positioned at the
same side of the object to minimize losses. This detection mode is called backward mode. Measurement
through a target object is generally also possible. This so-called forward mode is often used for thin
samples but as it is of little relevance for in situ application, it will not be considered here.

3.1. Calculation of Optical Properties from Optoacoustic Measurements—Forward Solution

Generally, two approaches may be followed to measure optical properties by means of
optoacoustics: a fitting procedure or solving the inverse problem. Both approaches become increasingly
difficult or even under-determined with increasing complexity of the sample. Complexity in this case
refers to the localization dependent variability of the absorption and scattering properties.

A very simple fitting procedure was applied to retrieve the (homogeneous) absorption coefficients
of human skin in vivo in the UVB and UVA-II range (290–341 nm) [103–105]. The free optical path
in this range is very low, only an order of magnitude larger than the spatial resolution limit of
optoacoustics, and light distribution is governed by absorption rather than scattering, so assuming
homogeneous optical properties is feasible for the fitting procedure in this case. The thermo-optical
excitation of ultrasound by UV light in skin under the geometric conditions of the experimental setup
used in these experiments can be described as

p(z, τ, r⊥ = 0) = 0.57
(

p0(τ)−
∫ τ

−∞
ωDe−ωD(τ−t)p0(t)dt

)
(1)

p(z = 0, τ, r⊥ = 0) = ρ0c0
1

1 + N
vr(τ) (2)

vr(z = c0τ) =
βI0

2ρ0cp
µa(c0τ)c0e−

∫ c0τ
0 µa(ξ)dξ

∫ ∞

−∞
f (τ)dτ (3)

The pressure distribution p(z, τ, r⊥ = 0) measured at the retarded time τ at a detector that is placed
centrally above the light distribution within the sample depends on the initial pressure distribution
p0, the acoustic transmission on the way from the sample to the detector (0.57 in this case), and a
diffraction term for the acoustic wave which is described in terms of the characteristic diffraction
frequency ωD = 2zc

a2 . Diffraction leads to a deformation of the ultrasound transient propagating at
the speed of sound c. At small distances z from the sample and/or large radii a of the illuminated
area, diffraction is negligible, and the initial pressure distribution is reproduced at the detector.
Together, the characteristic optoacoustic diffraction frequency ωD and the characteristic frequency of
the optoacoustic spectrum ωa = µac can be used to define the acoustic near-field and far-field via the
diffraction parameter D = ωD/ωa as D < 1 and D > 1, respectively. The optoacoustic signal scales
linearly with the incident intensity I0 and the absorption coefficient µa. The thermal coefficient of
volume expansion of the sample is denoted as β while ρ0 marks the average density of the sample
and cp the specific heat at constant pressure. Sound velocities c of the tissue (c0) or of the transparent
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medium (ctr) used to acoustically connect skin and detector apply in the respective zones. If possible,
the sound velocities of the sample and of the transparent medium are matched to avoid reflections.
Ultrasound gel may be used for example.

By aid of a transfer function describing the effect of the detector response on the optoacoustic
signal, the absorption coefficient of human skin in vivo could be calculated with an uncertainty in the
order of 20% by a fitting procedure weighting the amplitude of the main optoacoustic peak as the most
important parameter as this amplitude is directly proportional to the absorption coefficient µa. Our
work provided the first and only in vivo data of human skin in the ultraviolet range available even
today. Figure 17 shows data obtained from the study including n = 20 volunteers.

Figure 17. Left: Mean absorption spectra at the ball of the thumb (�, n = 20), and on the inner (•,
n = 18) and outer (�, n = 20) side of the forearm. Additionally, mean absorption spectra at
the outer side of the forearm are split up into a group reporting high (4, n = 12) and low
(5, n = 8) exposure to solar radiation, respectively (reproduced with permission from [105]).
Right: Penetration depths (1/e-level) of UV radiation in human skin. Three different skin
sites are shown: the inner (volar) side of the forearm, where pigmentation is comparably
low, the outer (dorsal) side of the forearm that is generally more exposed to solar radiation
resulting in stronger pigmentation and the ball of the thumb (thenar). Error bars mark 90%
confidence intervals (reproduced with permission from [104]).

Besides the acousto-electrical transfer function that also includes, for example, the frequency
response of the transducer, the measured optoacoustic signal is also strongly affected by the detection
geometry. Figure 18 shows how the optoacoustic signal transforms depending on the distance of
the detector from the surface of the initial pressure profile, the radial displacement of the detector
from the center of illumination, and the detector size. The data in Figure 18 was produced by a more
sophisticated numerical model that we developed to address the inverse solution of the optoacoustic
problem [106,107]—more details concerning this approach will be presented in Section 3.2.

Generally, the optoacoustic process can be separated into two fairly independent stages: the
formation of the initial pressure distribution—the optical branch—and the transformation of the
traveling acoustic wave on its way to the detector—the acoustic branch. When optoacoustics is
applied to calculate optical properties from an optoacoustic transient, the optical branch is the main
limiting factor for these attempts [95]. As pointed out before, for measurements on human skin, the
straightforward fitting approach can only be followed for the special case of optical attenuation in the
ultraviolet wavelength range: The high absorption coefficients here allow the neglect of scattering so
that only one unknown variable—the absorption coefficient—is left in the theoretical description of
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the optoacoustic wave. Moreover, the absorption coefficient can be considered constant within the
resolution limits (approximately 20 µm) of the used setup. As can be seen from Figure 17, penetration
depths are below 60 µm for the forearm and high optical contrast from surface to inner tissue would
be needed to make differences in µa resolvable at this scale.

Figure 18. Influence of geometrical factors in the detector setup on measured optoacoustic signal.
Gray shadings mark optically absorbing layers of different relative strength. The top panel shows a
comparison of different solvers for the optoacoustic problem for layered media in two reversed layer
scenarios (a and b). The measured signal pD(t) is shown in the acoustic near-field (NF) at a distance
z of 0.04 cm between sample and detector and for far-field (FF) conditions at z = 4.0 cm (reproduced
with permission from [106]). Calculations refer to detection on the illumination beam axis while the
middle panel shows how the signal deforms upon displacement x of the detector off the beam axis for
NF (a) to FF (c) conditions (reproduced with permission from [106]). The bottom panel shows the effect
of the detector size (detector radius RD) for an optoacoustic signal in the far field (reproduced with
permission from [107]).
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More challenging cases are found when moving to the visible or infrared part of the spectrum.
Optical radiation penetrates much deeper into the tissue as the absorption coefficient is 1–2 orders
of magnitude lower than in the ultraviolet range. Consequently, the scattering coefficient µs is on
the same order of magnitude than µa or scattering even dominates over absorption and in any case,
the optoacoustic problem does not have a unique solution anymore. This issue may be addressed by
introducing a priori knowledge, e.g., about the scattering coefficient µs(z), which could be achieved by
complementary measurements by OCT, for example (see Section 4.4.1). The intensity of the radiation
within the medium may be represented as the sum of the intensities of a ballistic term, describing
photons which have not yet been scattered, and the diffuse scattered light field. However, if scattering
can be neglected, as in the case of ultraviolet photons in human skin, calculations can be done
based on the first term only. The ballistic component decreases exponentially with increasing depth
(Lambert-Beer-law). If scattering cannot be neglected, the solution of the second term may be found
by solving the diffusion equation obtained from the familiar radiative transfer equation considered
in the diffusion approximation subject to the conditions that µa � µ′s and that the distribution
of the sources is isotropic. However, the diffusion approximation can only be used to calculate
the spatial distribution of the light intensity in a turbid medium at depths far from the surface at
which the collimated radiation incident on the medium has been transformed into diffuse radiation.
Numerical approaches such as Monte Carlo simulations are needed to calculate the light distribution
in the sub-surface region. Still, the optical characteristics of an isotropic turbid medium, namely the
absorption coefficient and the reduced scattering coefficient, may be calculated from the profile of
the leading edge of the optoacoustic pressure signal in the diffusion approximation recorded with
a high temporal resolution [108]. However, when depth-dependent attenuation coefficients need to
be considered, analytical solutions are no longer available and even numerical approaches become
scarce. So far, at least a priori knowledge about the expected depth dependence of the optical properties
(e.g., several layers with predefined thickness) is needed. Intelligent guessing approaches and more
computing power may help to better approximate depth-dependent optical properties in the future.

3.2. Calculation of Optical Properties from Optoacoustic Measurements—Inverse Solution

The ideal approach towards measurement of optical properties from optoacoustic data would
be the complete inverse solution of the optoacoustic problem. This would allow direct calculation
of the underlying depth-dependent optical properties from a given optoacoustic signal. As pointed
out already, the light distribution and consequently the formation of the initial pressure distribution
cannot always be described analytically and besides, for non-negligible, depth-dependent absorption
and scattering coefficients µa(z) and µs(z) there may exist multiple solutions. So, inversion is difficult
at this point. However, it is generally useful to find an inverse solution for the transformation of the
acoustic traveling wave on its way to the detector yielding the initial pressure distribution as this marks
a central endpoint which may then be further analyzed by another inversion scheme or by fitting with
numerical or analytical data. This also serves as a basis for optimal processing of optoacoustic data
for imaging applications. To do so, it is useful to stay with an on-axis setting for the positioning of
the detector with respect to the optoacoustic source volume. This does not imply complications of
the experimental setup. In fact, our current setup for clinical use (see below) already uses on-axis
or close to on-axis illumination. In [107], we present an effectively one-dimensional approach for an
approximate but highly efficient inversion of observed optoacoustic signals to initial stress profiles for
the full 3D optoacoustic problem. Equation (1) can be rewritten in the form

pD(τ) = α

(
p0(τ)−

∫ τ

−∞
K(t, τ)p0(t)dt

)
(4)

showing that the initial pressure distribution p0 experiences a diffraction transformation as described
by the second term taking the form of a Volterra operator. It governs the propagation of acoustic
stress waves in the optoacoustic on-axis setting with a Gaussian irradiation source profile via a
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convolution-type Volterra kernelK(t, τ) = K(τ− t). Based on the 1D Volterra integral equation, it was
possible to reconstruct the initial stress profiles from synthetic signals with an algorithm terminating
in time O(N). Figure 19 shows that this approach reconstructs the initial pressure distribution with
great accuracy for synthetic FF and NF data.

Figure 19. Inverse reconstruction of the initial stress profile (p̃0,NF,p̃0.FF) from calculated optoacoustic
signals (pNF,pFF) in the near and far field, respectively, matching perfectly the true initial stress profile
p0 (left). The right panel shows that the reconstruction also works convincingly with signals including
a realistic noise component (Gaussian white noise, S/N:5) (reproduced with permission from [107]).

Experimental conditions in this case also allow for inversion of the optical branch. Therefore, the
depth-dependent absorption coefficient µa(z) can be reconstructed from the initial pressure profile
retrieved by inversion of the acoustic part of the optoacoustic problem (Figure 20).

Figure 20. Absorption coefficient profile µa(s) as reconstructed from the initial pressure profile obtained
by the inverse solution in terms of the optoacoustic Volterra integral equation. The detector radius RD

is crucial for the accuracy of the reconstruction. Realistic dimensions as found in our optoacoustic setup
for clinical application are marked in blue and still show very good agreement to the exact (constant)
result (reproduced with permission from [107]).

Therefore, we succeeded in implementing a fast inversion scheme fitting our optoacoustic
experimental setup including typical S/N. Assuming negligible scattering, even absorption coefficients
could be derived. As pointed out before, complementary estimation of the scattering coefficient µs via
OCT or other methods could remove the restriction of this approach concerning the optical properties
and enable transfer to reconstruct any set of optical properties.

3.3. Depth Profiling in Dermatology via Optoacoustic Measurements

It needs to be pointed out though that for many applications, not the absolute optical properties
need to be deduced from a sample, but rather significant changes in the optical properties caused by
the morphologic structure of a tissue. For example, if pigmented and non-pigmented tissue can be
discriminated by an optoacoustic measurement, it is possible to measure the thickness of a pigmented
skin lesion non-invasively. Such measurements provide highly interesting extra information for skin
cancer screenings, for example. Dermatologists usually assess suspicious nevi by epiluminescence
microscopy (dermoscopy). Based on the outcome of this visual inspection, they decide for a biopsy
to be taken to confirm or refute melanoma skin cancer. The thickness or invasiveness of the lesion
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is the primary factor determining the risk of metastasis—the main cause of death from this tumor
type—and yields the tumor stage [109]. It is measured using histopathology, so results are usually
available within a few days. If this thickness could be determined pre-surgically, the psychological
burden on the patient could be minimized and safety margins of the lesion may already be applied at
the first excision. It needs to be pointed out in this respect that even with an experienced dermatologist,
only one suspicious lesion in 20 are confirmed as melanoma skin cancer. If lesions thinner than 1 mm
are excised properly, the risk of metastasis is very low.

For this application in clinical dermatology, we developed a hand-held device including a
transparent detector to facilitate targeting of optoacoustic measurements on the nevus or lesion.
The standard optoacoustic detector is a metal-coated piezoelectric film [93]. The sensor element we
implemented consists of a polyvinylidene fluoride (PVDF) film which is transparent by itself (>85%
transmission in the VIS) and indium tin oxide (ITO) electrodes sputtered on its surface. A similar
concept was proposed by Martin Frenz’ group [110]. In comparison, our sensor setup was optimized
for better spatial resolution using a thinner, 9 µm, PVDF film, the active area of the sensor was reduced
significantly to 1 mm diameter to facilitate accomplishment of NF conditions for the measurements
and we introduced a sandwich design for the film to increase robustness in later clinical operation.
The sensor is mounted to a 3D printed support providing connection to the customized electronics
and guiding the illumination fiber. Figure 21 illustrates the hand-held detector device.

A frequency-doubled pulsed Nd:YAG laser is used in this setup. Excitation at 532 nm was chosen
attempting a good compromise between favorable high penetration depths in human skin and good
contrast by strong absorption.

Figure 21. The top left panel shows a photograph of the optoacoustic hand-held device developed for
clinical applications. An enlarged view of the sensitive element pre-mounting is shown in the top right
panel. It lies on mm paper to get a better impression of size and transparency. The bottom row shows
an enlarged view of the electrodes at top and bottom sides of the sensor film forming the active area by
their overlap (left). The active area is confirmed by measurement of the pyroelectric effect induced by
direct raster illumination of the electrodes on film through 150 × 150 µm apertures (right) (reproduced
with permission from [111]).
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The optoacoustic setup was employed for a pilot study at the Clinic for Dermatology and
Venereology, University Medical Center Rostock in cooperation with Prof Dr Steffen Emmert.
Optoacoustic measurements were carried out on pigmented nevi prior to their excision. The depth
of the pigmented nevus was determined by histopathologic analysis, the gold standard for depth
measurement in current dermatology. Analysis of optoacoustic data and possible verification of results
against the histopathologic data is still ongoing. However, we could already show in both numerical
simulation and optoacoustic FF measurements on in vitro tissue phantoms that the border of layers of
mm thickness and with different absorption properties can be found clearly in the optoacoustic signal
(Figure 22) [106].

Figure 22. Experimental (yellow curve) and numerically calculated (dashed line) optoacoustic signals
of poly(vinyl alcohol) (PVA) hydrogel layers with different absorption properties (different shades of
gray) realized by melanin staining and measured with a detector in the far field. Melanin concentration
in the different layers was chosen to match physiologic conditions (reproduced with permission
from [106]).

As can be seen, layer boundaries marked by a significant change in absorption properties cause
peaks or dips in the optoacoustic signal depending on whether the absorption coefficient is increased
or lowered in the following layer. The absorption coefficient for the layer representing the pigmented
nevus were chosen to be ten times higher than that of the layer representing the surrounding normal
skin. As far as absorption is concerned, this can be considered a realistic scenario [112]. So far, the
PVA hydrogel model has not included scattering and, even more importantly, the layers have been
homogeneous. As skin consists of different skin layers with different optical properties, choosing a
layered structure for in vitro or in silico modeling is the standard approach [113,114], still the model
simplifies strongly the underlying inhomogeneous cell structure of the tissue.

Therefore, summarizing, we have already shown the potential of optoacoustics as a quantitative
measurement tool for in vivo applications in dermatology from preparing the numerical tools for
presurgical depth determination of melanoma thickness [106] to the determination of optical properties
of human skin in scenarios that allow for significant simplification of the theoretical description
of optoacoustic signals [103–105] and in the more general case suggesting solutions for the inverse
problem [107].
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Combination with other modalities provides significant mutual benefit as will be outlined in the
following chapter.

4. Multimodal Applications—Consecutive Information Flow and Parallel
Multi-Source Investigations

4.1. Tissue Phantoms for Multimodal Verification

Before application of optical spectroscopy in situ, it is imperative to validate the method using
defined, well-characterized reference samples. These reference samples are to be tailored to the
requirements of the application and to the characteristics of the methods. Multimodal approaches
implicate even higher demands towards reference samples as these need to comply with the
requirements of each of the modalities involved.

Raman spectroscopy and optoacoustics is a multimodal combination that is particularly interesting
for quantitative studies on biomolecules in vivo. Optical properties of biological samples can be
measured non-invasively and in situ by optoacoustics. Based on this data, the intensity of in situ
Raman spectra can be corrected for losses due to signal reabsorption and scattering. If this attenuation
is known, the concentrations of the Raman-active molecules can be calculated.

Liquids such as ink, intralipid, or others are often used as most simple reference samples. However,
they only perform well, when the sample is to represent only one homogeneous layer. Therefore,
they constitute a good starting point, failing however at tasks where some of the complexity of
real tissue is to be represented, i.e., at more complex layered or inhomogeneous structures. Solid
samples can be prepared with inhomogeneous, tissue-like optical properties, but often fail at providing
appropriate acoustic properties as demanded by optoacoustics. Hydrogels have tissue-like acoustic
properties due to their high water content and, in comparison to liquid samples, the advantage of
being stackable to produce layered structures. In contrast to liquids, hydrogels allow abrupt changes
of optical properties from layer to layer only softened by diffusion of solved ingredients. Many
different materials are available and in use for tissue phantoms for optical spectroscopy [115]. Given
the additional requirements of acoustic techniques such as ultrasound imaging and photoacoustics,
the list reduces to agar, silicone, poly(vinyl alcohol) gel (PVA) and polyacrylamide gel (PAA) [116].
Figure 23 summarizes their applicability as soft tissue phantom materials.

Figure 23. Comparison of possible materials for soft-tissue-like reference samples to be used for both
optical and acoustic methods.

PVA is one of the most promising materials for combination of acoustic and optical techniques.
Even though preparation is more time-consuming than with other materials, it provides excellent
acoustic properties and good longevity, and its optical properties can be well adjusted. Water-soluble
absorbers are best suited to adjust the hydrogel’s absorption properties, and for approaches that
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are insensitive to microinhomogeneities, a large variety of even insoluble but biologically relevant
molecules such as melanin may be introduced by dispersion. Scattering coefficients can be adjusted
by adding intralipid or microspheres. Besides, the turbidity of PVA hydrogel itself is dependent
on the number of freeze-thaw cycles during its preparation [117] and may also be used to adjust
scattering properties.

As indicated in Section 2.3, the quantification of carotenoids in situ is interesting from both a
biomedical and an environmental point of view. Therefore, we developed a method to introduce the
water-insoluble carotenoids into PVA hydrogels for use as reference samples for these studies [118].
We modified the well-known protocol by Kharine et al. described in [117] replacing dimethyl sulfoxide
(DMSO) with ethanol as anti-freezing and pro-polymerization agent. This improves handling and
reproducibility of the reference samples based on these hydrogels as it allows production of hydrogels
without the need for a final rinsing procedure in order to remove the DMSO. During rinsing, dye
molecules may be washed out with the DMSO or swelling of the hydrogel in the water bath may
occur leading to unwanted increased turbidity of the phantom. The water:ethanol ratio was varied for
experiments. A clear hydrogel is produced with ca. 25–40% v/v of ethanol in aqueous solution. In [106],
we successfully made use of such clear absorbing hydrogels, which were partly stained by different
concentrations of melanin, to verify numerical simulations by comparison to measured optoacoustic
signals, so these PVA hydrogels perform well as a reference for optoacoustic studies. For evaluation of
the hydrogels for Raman spectroscopic studies, we formulated samples with 12% v/v of ethanol, so
they were slightly turbid. Carotenoid-stained hydrogels were produced by (partly) replacing the pure
ethanol by a solution of β-carotene in ethanol, or by introducing an emulsion of β-carotene during
hydrogel preparation. Only comparably weak Raman signals could be collected from hydrogels
stained by ethanol solution of β-carotene because of the low concentration caused by solubility limits
and oxidation during the hydrogel production process. Introduction of β-carotene in emulsion allows
a much more intense stain, as the solubility of β-carotene in lipids (>1 g/L) [119] is much higher than
in ethanol (30 mg/L) [78]. The Raman spectral characteristics of β-carotene in PVA hydrogel stained
by emulsion of β-carotene or β-carotene dissolved in ethanol are very similar to the characteristics of
the diluted emulsion or solution, respectively (see Section 2.3.1 and Figures 11 and 12).

Beyond the spectral characteristics, we also studied the spatial distribution of the carotenoid
within the hydrogel. The stain of the rigid hydrogel appeared to be homogeneous to the naked
eye, so it can probably be declared homogeneous within the resolution of fiber-based Raman or
optoacoustic measurements as intended for use as a skin tissue or plant phantom. However, the
carotenoid distribution or the hydrogel matrix may not be claimed homogeneous with respect to
confocal Raman microspectroscopy given its much higher spatial resolution. Therefore, we analyzed
the β-carotene distribution in hydrogels stained with β-carotene solution and emulsion prior and post
polymerization by confocal Raman microspectroscopy at 532 nm excitation (see Figure 24).

This investigation also gave an impression of the molecular environment of the carotenoids in the
hydrogel. As pointed out before, this is crucial for their optical properties and possible aggregation
may have a strong impact on carotenoid absorption and thus Raman resonance. In the phantom,
the carotenoids are exposed to both water and ethanol as well as the PVA matrix. For the phantoms
stained with carotenoid emulsion, the lipid environment is expected to play an additional important
role. While water and carotenoids can be identified unambiguously by their Raman signal, PVA and
ethanol share most of their Raman lines and are thus difficult to discriminate. PVA can be identified by
an additional albeit weak line at a Raman shift of 926 cm−1 which is not present in the ethanol signal.
Ethanol on the other hand does not show unique lines compared to PVA, so it was not possible to
determine and analyze its distribution. As expected, water was evenly distributed in the hydrogels and
the PVA polymer matrix showed a consistent micropattern in all hydrogel samples whether stained or
not. Here and there, the polymer matrix contains water cavities, a few µm wide. Close to the hydrogel
surface, i.e., within the first few micrometers, the PVA signal intensity is generally slightly increased.
This is probably due to a denser polymer network at the surface. Figure 24 also depicts an exemplary
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distribution of β-carotene as found in the hydrogels showing that despite an overall homogeneous
yellow-orange appearance of the hydrogels at the macroscopic scale, the β-carotene distribution is
inhomogeneous and sometimes clearly structured at the microscale. This limits usability of this
reference sample for confocal imaging if homogeneous conditions are to be mimicked. In hydrogel
stained with β-carotene emulsion, the Raman fingerprint of β-carotene is present in every pixel be it
before or after polymerization. After polymerization (induced by one freeze-thaw cycle), the Raman
spectral intensity is considerably reduced in both cases. Absorption spectra indicate a carotenoid loss
in the order of 30% probably due to oxidation.

Figure 24. Raman images of liquid (left) and polymerized (right) PVA hydrogels that were stained
with β-carotene solved in ethanol (top) or β-carotene in emulsion (bottom). Water is color-coded in
blue and PVA in green yielding turquoise for the hydrogel matrix. The distribution of β-carotene is
shown in red. As color saturation encodes signal intensity, carotene distribution appears as different
shades of pink in dependence of the β-carotene concentration. Please note that full color saturation
refers to different maximal carotenoid signal intensities Imax (a.u.) in the different images. Circles
mark carotenoid agglomerations where exceptionally high β-carotene concentration and very weak
water and PVA concentrations are found. The double image at the bottom right shows the same image
(polymerized PVA hydrogel stained with β-carotene in emulsion) at two different carotenoid color
scales to illustrate the large local variability of β-carotene concentration in the hydrogel. Each image
shows a 100 µm wide sub-surface area of the gels (reproduced with permission from [76]).

In summary, here, we report the first successful attempt at incorporation of β-carotene in PVA
hydrogel. The presented procedure can be transferred to other carotenoids easily. So far, only very few
reports on microencapsulation of carotenoids can be found in the literature [120–122]. All of them are
very recent and focus on nutrition and bioaccessibility of the carotenoids, so neither do they study the
optical properties of carotenoids in the hydrogel nor are the chosen hydrogel materials compatible with
e.g., optoacoustics. PVA hydrogels may well be used as reference samples for ’macroscopic’ Raman
spectroscopy and optoacoustics, but are not suitable for confocal microscopy or other high spatial
resolution modalities as the microinhomogeneity is too strong. In any case, care needs to be taken to
adjust the optical properties as given by the target tissue.
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4.2. Correction of Raman Spectra via Absorption Spectroscopy and Optoacoustics

As already reported (in the previous Sections 3 and 4.1), optoacoustics can measure optical
properties of tissue. Obtaining this information provides the basis for correction of Raman spectra for
their spectral attenuation during propagation through the sample. The next step towards quantification
of molecules via their Raman signals is to set up a model to calculate spectral signal attenuation. In the
case of human skin, the light propagates through multiple layers with different compositions of
hemoglobin, melanin, β-carotene and other chromophores [123]. Besides, cells, granules, and fibrous
structures cause scattering. Thus, the Raman spectrum will not only be attenuated, but also spectrally
deformed. One way to determine Raman signal attenuation is a Monte Carlo-based simulation of
the photon trajectories. Monte Carlo modeling is widely used to simulate light transport in tissue
including Raman scattering [59].

Building on the highly popular Monte Carlo package developed by Wang et al. [124],
we implemented two different approaches for simulation of Raman scattering and evaluated their
performance against each other to identify optimal parameter regimes for operation [125]. The MC
methods were realized in graphics processor unit (GPU) environment to minimize calculation
time [126]. Extension to our specific task included implementation of light source and detector
geometry, extension to generation of inelastically scattered photons, and most importantly a spectral
input format to accommodate spectrally dependent optical properties.

The ’two-step approach’ was inspired by work of Reble et al. [127]. In a first step, the distribution
of the absorbed excitation light is calculated. In the second step, Raman photons are launched from
each grid element of the sample according to the excitation photon fluence, which is derived from
step one, and the Raman scattering coefficient. To improve the statistics, our algorithm allocates
any number of photon packages to the grid, scaling up but keeping the distribution of the excitation
fluence. The Raman photons of step two are launched with isotropic direction and randomly chosen
wavelength. The probability density function for the wavelength selection is given by a measured
Raman spectrum.

In the ’direct approach’ Raman photons are generated randomly during propagation of the
exciting photon package. Isotropic molecular scattering, Raman shift selection, and propagation
at shifted wavelength and according optical properties are applied as in the two-step approach.
In contrast to the two-step approach, the Raman scattering probability is assumed to be orders of
magnitude larger than in reality to generate reasonable statistics in this single-pass approach, which
can be justified according to Everall et al. [128]. Figure 25 compares the Raman spectrum of β-carotene
measured at the surface of a cuvette at excitation with 488 nm radiation to the input Raman spectrum
indicating the probability density distribution.

Results from both approaches are in overall good agreement and both approaches work
with acceptable photon statistics. The two-step approach has the advantage that a good statistic
representation of the stochastic events can be achieved even for realistic Raman scattering probabilities.
The single-pass approach, on the other hand, appears to model the physics of photon propagation
more truly.

Both approaches can calculate the deformation of the Raman spectrum in a semi-infinite multilayer
model. In the future, the idea is to reckon back an intrinsic Raman spectrum from the observed Raman
spectrum [129] and to estimate the concentration of any analyte inside the examined sample in this way.
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Figure 25. Simulation of Raman spectra by the single-pass MC method: input Raman spectrum of
β-carotene dissolved in ethanol (blue), and the numerically obtained Raman spectrum at the surface
(red) (reproduced with permission from [125]).

Beyond the self-absorption effects already seen in Figure 25, we attempted to validate the
two-step algorithm by comparing simulated output spectra and resonance Raman measurements for
homogeneous samples with different absorption spectra (see Figure 26).

Absorption spectroscopy was used to determine the extinction coefficients of β-carotene
solution that was additionally stained by addition of ink at different concentrations and Raman
spectra were excited at different wavelength. Numerical simulation via the two-step MC approach
(Figure 26, 3rd row) yielded output spectra that are qualitatively already in good agreement with the
experimentally measured spectra (Figure 26, 2nd row).

However, further development in the numerical model is still needed as significant details are
not predicted with high enough accuracy. This is best seen when looking at the peak ratios of the
strongest Raman peaks (Figure 26, bottom row). Considerable differences between simulated and
experimental results are found in the development of the peak ratio of the carbon double and single
bond vibrations. The effects of more realistic implementations of experimental conditions are shown
exemplary for 488 nm excitation. These variations and discrepancies may not appear significant at
first sight; however, correct reproduction of the peak ratios by the numerical model is prerequisite
to become able to quantify molecules by their intrinsic Raman spectrum in the presence of other
Raman-active molecules.

Our extension of the numerical MC model to comprise a full spectral representation of the Raman
signal as described in this section is a significant advance compared to the previous work of other
groups. So far, quantification was based on analysis of single Raman lines [127] and our results
concerning e.g., the reproduction of the main peak ratios indicate that the ability for spectral analysis
is important for both further improving the model as well as the prospect of discriminating different
molecular contributions to coinciding Raman peaks by aid of full spectral information.



Sensors 2019, 19, 2387 37 of 53

Figure 26. Correction of β-carotene Raman spectra for attenuation during propagation through an ink
stained liquid sample at 488 nm (left) and 510 nm (right) excitation. The top row shows the absorption
spectrum of the sample in the spectral range of the calculated β-carotene Raman spectrum. The second
row shows experimental data to be compared to the calculated spectra in the third row. The bottom row
shows the peak ratio of the two strongest β-carotene Raman peaks for experimental and simulated data.
For 488 nm excitation, the effect of inclusion of a finite size detector and illumination by a Gaussian
beam is shown as well.
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4.3. Simulation of Vitamin D3 Photosynthesis

Photochemical activity in plant or animal tissue depends on the availability of light energy and
photoconvertible molecules. Both these parameters vary substantially within the tissue volume and are
difficult to determine in the individual tissue. Action spectroscopy investigates the spectral efficiency
for inducing a specific photochemical or photophysical effect. In the life sciences, the effect is often a
photobiological physiological endpoint such as photosynthesis rate, sunburn (erythema) or vitamin
D3 production. Of course, it is generally desirable to study such photobiologic processes directly (as
shown in Figure 13 with respect to the violaxanthin cycle). However, it may also be highly instructive
to create computer models of tissue to study photochemical processes and their parameters. In this
section, we show how optoacoustically measured data on UV absorption in tissue is integrated in
a model for vitamin D production in human skin. This model may in the future be refined and
enhanced by introducing e.g., data on the individual distribution of previtamin D derived from Raman
spectroscopic data.

Vitamin D is important for bone health and our immune system and low levels of vitamin D
have been implicated in a wide variety of health issues including cancer, diabetes, and cardiovascular
disease [130–132]. Most of the vitamin D circulating or stored in our bodies is produced by UVB
irradiation of our skin. Inadequate vitamin D levels are prevalent especially in Europe [133] mainly
due to behavioral effects, age, and skin phototype [134]. As ultraviolet radiation also causes skin
damage leading to skin cancer, erythema, and photoaging, sunbathing may not be considered first
choice in reaching and maintaining optimal vitamin D status. The dilemma between positive health
effects and risks of ultraviolet exposure is one of the key questions in current photodermatology
including an ongoing controversy about the implications and validity of (standard) action spectra
of UV effects [135–138]. Basically, both vitamin D production and negative UV effects are efficient
in a very similar spectral range. Effectiveness in both cases is strongly individual depending on the
skin phototype and/or ethnic origin and depends on the spectral quality of the UV exposure. Advice
for the personal, individual balance between risk and benefit heavily build on these dependencies
based on measures such as the skin phototype and the UV index. However, the reference action
spectra generally do not represent the inter-individual differences. Therefore, efforts are made to
model vitamin D photoproduction accounting for these different parameters and compare results to
the standard action spectrum. One challenge here is the lack of in vivo data for almost all parameters,
e.g., provitamin D amount, distribution, and supply kinetics in skin. Fortunately, our optoacoustic
measurement of optical properties of human skin (see Section 3.1) fills one of these gaps providing in
vivo attenuation data for human skin of the Caucasian phototypes I-IV at three different skin sites.

Building on this data, we set up a fairly simple model for previtamin D photoproduction in
human skin [139]. We calculated the spectral irradiance as attenuated by the optical properties of the
skin as a function of sub-surface depth assuming exponential attenuation by absorption only. The
light distribution within the skin is then weighted spectrally with an in vitro action spectrum for
previtamin D production [140,141] and weighted spatially with an ex vivo concentration profile of the
educt provitamin D [142] to calculate the total amount of previtamin D produced in the skin for a given
scenario of skin site and irradiation source. Figure 27 shows spectral depth profiles for previtamin D
photoproduction for two irradiation sources and three different skin sites.

Both the spectral composition of the irradiation source and the exposed skin site has considerable
effect on the amount and localization of previtamin D photoproduction. The calculated contributions
of the skin layers to overall previtamin D production qualitatively agrees with published data, i.e.,
most previtamin D is found in the stratum spinosum and stratum basale, the least in the dermis [142].
The total amount of produced previtamin D as calculated from our model and from application of the
CIE standard action spectrum [143] is compared in Figure 28.
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Figure 27. Modeled previtamin D photoproduction. Production by solar irradiation is shown in 3D
and as contour plots at the left side (a), production from a TL12 “fluorescent sun” lamp is shown
on the right side (b). Different skin sites are shown: inner side of forearm (top row), outer side of
forearm (middle), ball of the thumb (bottom row). The color-coding scale is different for TL-12 and
solar irradiation but consistent within each group (reproduced with permission from [139]).

Figure 28. Total previtamin D production from solar (black) vs. artificial (gray) irradiation as predicted
by our model (QUT) for different skin sites and assuming a step function (left panel) or a smooth (right
panel) provitamin D concentration profile in the skin. Results from the CIE standard spectrum where
skin properties are implicit are given for comparison (reproduced with permission from [139]).

Predicted previtamin D production for weakly pigmented skin (inner forearm) exposed to solar
radiation (black) agrees well to that calculated with the CIE action spectrum. However, other skin
sites with different optical properties are predicted to produce considerably less previtamin D. The
outer side of the forearm which—in daily life—is exposed to vitamin D effective UV radiation much
longer than the inner side produces less than half the amount predicted by the CIE spectrum under
the same irradiation conditions. So far, we have not undertaken attempts to verify our results by
in vivo measurements of previtamin D production. Still, the results underscore the importance of
individual factors for the estimation of vitamin D production which is especially important with
respect to generalized health advice based on the standard action spectrum.

Our model for the first time allows in-depth assessment of the influence of individual aspects such
as skin phototype or skin site on vitamin D production. It took some years until only recently,
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van Dijk et al. [144] showed the topicality of the discussion on the standard vitamin D action
spectrum presenting a more elaborate model for prediction of vitamin D photoproduction in silico and
comparison with results from different action spectra.

4.4. OCT for Multimodal Measurement and Imaging

As outlined throughout this work, multimodal applications benefit research either by applying
information obtained by one modality to improve results obtained by another or by providing
multi-source complementary information on the same subject. Another optical modality that can
provide both benefits is OCT. In our work presented in the following subsections, it serves as a
measurement instrument for determination of non-linear scattering coefficients and is applied to
measure the depth of human skin nevi in vivo in a comparative study with high-frequency ultrasound.
Moreover, we developed a multimodal setup allowing combination of in vivo imaging of skin
morphology by OCT with the diagnostic potential of Raman spectroscopy.

4.4.1. Prediction of Scattering Coefficient via OCT

Recently, attempts have been made to extend the field of application of OCT from a pure imaging
to a measurement modality by extracting optical properties from the recorded image. Both analytical
and numerical models have been applied, but many aspects have not yet been satisfactorily solved.

In low- or non-absorbing media, the intensity decay of the OCT signal may be analyzed to derive
the scattering coefficient of a sample assuming an exponential decay. This would be straightforward
for ballistic photons. However, single and multiple scattered photons contribute to the OCT signal
posing the main challenge for conclusive and realistic simulation of OCT signal generation. Scattering
events lead to a decrease in the degree of coherence of the OCT photons and consequently degrade
the OCT signal. Multiple scattered photons cannot be neglected as this would lead to overestimation
of the signal decay. One approach to account for the effect of multiple scattered photons and their
differing contribution is categorization, e.g., in least-scattered photons (LSPs) and multiple-scattered
photons (MSPs) [145,146]. LSPs are detected photons backscattered from a layer at the targeted
depth z. This includes single-scattered photons and photons with few scattering events leading to
differences between the optical pathlength traveled and the optical target depth of less than the
coherence length. In contrast, MSPs fulfill the coherence condition for detection even though they have
not been backscattered from the target depth z but above due to multiple wide-angle scattering events
leading to a less straight optical path. Therefore, MSP are detected interferometrically but assigned to
a scattering depth they have not reached. Consequently, MSP lead to a degradation of the detected
OCT signal.

As a first step towards measurement of scattering coefficients from OCT data, we simulated an
OCT A-scan based on the stochastic Monte Carlo method presented in [147] and take into account the
geometrical constraints of our OCT detection system. We propose a new approach for the incorporation
of multiple scattering events by means of a suitable heuristic weighting function. Our simulation
code is based on Alerstams parallel GPU MC approach [126]. It efficiently calculates the position and
direction of scattered photons at the surface of a non-absorbing semi-infinite medium. We calculate
the simulated OCT signal by

Rsim(zs) =
nmax

∑
n=1

[LSP(z, n) + MWP(z, n)]× FW(n) (5)

counting photons belonging to the LSP or MSP group that were scattered up to n = 10 times and with
a path length corresponding to the depth z and introducing the heuristic weighting function

FW(n) =
1

1 + ea×(n−b)
, (6)
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with a and b being fitting parameters. This weighting function reduces the contribution of MSPs with
increasing number of scattering events. To determine the scattering coefficient µsim

s from the simulation
data, Rsim(z) is fitted with a function of the form

Rsim = Ceµsim
s

z
nm (7)

with C denoting an arbitrary scaling factor and nm the refractive index of the sample medium.
Therefore, multiple scattering is taken into account in the simulation, but dependent scattering is
not explicitly included within our physical model as described for example by Kalkman et al. [148].
The weighting function implicitly accounts for dependent scattering while reducing the numerical
effort compared to more complex physical models based, for example, on an analytical extended
Huygens–Fresnel approach [149].

A dilution series of milk in water was used as reference samples to establish the model. Scattering
coefficients µs and anisotropy factor g were measured by a goniometer for samples containing up to
10% milk and µs was linearly extrapolated for less diluted samples. All simulations were based on this
linear scattering coefficient µlin

s , even though a non-linear (saturation) behavior is expected for high µs.
Figure 29 shows the contribution of least and MSPs to the simulated OCT signal depending on

the milk concentration. As can be seen, the contribution of the MSPs to the signal increases for stronger
scattering, and so does the discrepancy between measured signal and simulated signal if only ballistic
photons are taken into account. Optimization of parameters a and b of the weighting function FW was
guided by aiming at minimizing the difference between the scattering coefficient µsim

s derived from the
simulated data and µOCT

s derived from the OCT measurement in the ROI. We found that parameter b
becomes independent of a for large enough values of a (a ≥ 5). For constant a, a linear dependence of
parameter b on the linear scattering coefficient µlin

s is found for all concentrations.

Figure 29. Contribution of different photon categories to the simulated OCT signal (purple) for different
µlin

s : MSP (green), LSP (red), ballistic (blue). The deconvolved OCT signal is shown in black and the
region of interest (ROI) for calculation of the scattering coefficient of the sample assuming a pure
exponential decay is marked by red vertical lines (reproduced with permission from [150]).
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Figure 30 compares the scattering coefficients obtained by reference measurements with those
derived from simulation data and OCT measurements. Remember that the simulation took linear
scattering coefficients µlin

s as input parameter, which are derived from goniometer measurements and
their linear extrapolation for higher concentrations and scattering coefficients, respectively. As can be
seen, both the scattering coefficients µOCT

s derived from OCT measurements and µsim
s derived from

the simulation show the expected non-linear saturation behavior in good agreement.

Figure 30. Comparison of µs obtained from goniometer (GON) measurements, simulation input
data linearly extrapolated from these measurements (Sim input, µlin

s ), simulation results (Sim output,
µsim

s ) and OCT measurements (µOCT
s ). The black line marks linear extrapolation from the goniometer

measurements. Details of the data for low milk concentration are presented in the inset (reproduced
with permission from [150]).

Therefore, our approach proved to be capable of predicting the non-linear concentration
dependence of the scattering coefficient µs for different concentrations of a homogeneous sample with
specified anisotropy g based on measurement of µs in the linear regime. A training set of experimental
data is necessary to determine the parameters of the weighting function. For inhomogeneous
samples or if absorption cannot be neglected, application of the approach must be carefully pondered.
Estimations of average scattering coefficients may be feasible for weak absorption conditions. Still,
such estimation of optical scattering coefficients by aid of OCT data can complement measurement
of absorption coefficients by optoacoustics to quantitatively characterize light attenuation in tissue
in vivo.

4.4.2. Comparative Multimodal Studies of Tissue Thickness via OCT and High-Frequency Ultrasound

Measurement of distances such as depth or thickness by optical means is highly attractive for
biomedical applications as already motivated in Section 3.3: Optoacoustics may support melanoma
screening by presurgical measurement of the thickness of pigmented nevi. While in optoacoustics,
contrast is generated by differences in absorption properties, OCT may be applied for this task based
on refractive index changes reflecting tissue morphology. Combination of these two methods yields
complementary information as OCT has better resolution and can better depict tissue morphology,
which is diagnostically interesting, while optoacoustic measurements can gather data from deeper
within the tissue. Moreover, depigmented nevi do not provide good contrast in optoacoustic images,
for example. Nevus depigmentation may occur due to the immune system detecting the malignancy
and partially attacking the cancer cells. Besides, optoacoustic measurements can support or verify
depth assignment in OCT images as, in optoacoustics, depth is calculated from the run-time of the
acoustic transient based on the sound velocity in tissue which is not as variable as the optical refractive
index determining measured depth in OCT data.
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As a first step towards this combination, we compared data from high-frequency (100 MHz)
ultrasound and OCT obtained in a preclinical pilot study on 24 volunteers (f = 14, m = 10) in cooperation
with the Clinic for Dermatology, Venereology, and Allergology, University Medical Center Göttingen
and at the Clinic for Dermatology and Venereology, University Medical Center Rostock [151]. A total
of 32 melanocytic skin lesions, suspicious for malignancy, were identified by visual inspection in this
group. Suspicious lesions were imaged by OCT and high-frequency ultrasound (HFUS), OCT images
were post-processed in a multi-step procedure to enhance contrast, and the thickness of the nevi
were determined from both imaging modalities. In HFUS, ultrasound line scanners are implemented
allowing 2D images (slices) only. Therefore, the operator had to scan for the thickest region of the
nevus and take a picture. OCT produces 3D images containing the whole nevus, so the thickest part
could be localized during post-processing. Results were compared to the thickness determined by the
gold standard: a histopathological section from the excised nevus. It should be borne in mind that
the whole process of histopathological preparation, i.e., excision, fixation, paraffin embedding, and
slicing leads to some deformation of the tissue, so typically 10% error is to be assumed for thickness
assessment even with this standard method.

A comparison of images and measurement results from the three modalities is summarized in
Figure 31.

Figure 31. Determination of nevus thickness by OCT, HFUS, and histopathology. The Bland-Altman
plots to the left describe the deviation of OCT (a) and HFUS (b) results from the nevus depth measured
by histopathology. The top right pair of images (c) illustrate the appearance of a nevus viewed by OCT
and HFUS, respectively. In the bottom right image (d), the stained histologicall slice is shown together
with an OCT image of the same nevus with a thickness of approximately 1 mm visualizing also the
deformations that can be induced by tissue preparation for histopathology. Corresponding regions for
both modalities are marked by the red dashed lines (reproduced with permission from [151]).

The thickness of thin nevi (<0.2 mm) is overestimated by both OCT and HFUS, whereas there is a
trend towards underestimation with increasing thickness. On average, thickness is underestimated
by both modalities with HFUS showing slightly larger deviation from the standard measurement
than OCT. HFUS images have better contrast which helps identify the boundaries of skin lesion and,
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in contrast to OCT images, need no image post-processing. However, HFUS can only be applied
consecutively with optical modalities impeding their combination. In contrast to this, combination of
OCT with other optical methods is well possible as seen in the next section presenting our combination
of OCT and Raman spectroscopy in a single device.

4.4.3. Supporting Diagnostics by Combined Imaging and Spectroscopy

Beyond imaging, spectroscopic information can support diagnostics as well. Raman spectral
analysis has made progress towards the discrimination of benign and cancerous tissue in skin cancer
examination. According to a recent review be Schleusener et al. [152], Raman spectroscopy achieved
similar results as trained dermatologists using dermoscopy. It should be kept in mind however that
dermoscopy has a good sensitivity but a low specificity, e.g., sensitivity of 93% and specificity of
42% [153]. Therefore, improvement of Raman specificity for skin cancer diagnosis is in the focus of
current research. Fiber probes are often used for clinical Raman spectroscopy as they can be designed
in a very compact way ensuring good accessibility even at difficult skin sites such as interdigital folds
but need to be carefully designed with respect to the application requirements, e.g., sampling depth.
However, the scattering and fluorescence from the fiber materials may compromise tissue Raman
signals and need to be handled with great care. In general, the low probability of Raman scattering
often leads to high integration times and exposures. However, application of Raman spectroscopy
in vivo must comply with safety standards concerning the maximal permissible exposure (MPE).
To achieve good signal-to-noise ratio from tissue in vivo without exceeding the MPE is one of the
core challenges of Raman spectroscopy in biomedical research. This applies even more so when
compromises concerning the setup are to be accepted attempting to combine Raman spectroscopy
with other modalities in a single device.

In [154], we show that Raman spectroscopy of skin tissue is possible with reasonable
signal-to-noise ratio using the collection optics of an OCT system (see Figure 32A,B).

Figure 32. Synopsis of the setup comprising Raman spectroscopy and OCT in the same device. Panel
A shows a schematic and B a photograph of the device. Panels C and D present an OCT image and
Raman spectra respectively which were obtained from in vivo human skin via the combined system.
The blue Raman spectrum in panel D was collected from the back of a hand, the purple spectrum
originates from the palm. These two spectra are shown as unprocessed data in a, background corrected
in b, and furthermore normalized to the Amide I band in c (reproduced with permission from [154]).

The OCT system is the same as used for the studies presented in the previous Sections 4.4.1
and 4.4.2. OCT images of tissue (Figure 32C) are recorded as usual but a Raman extension is coupled in
straight line to the light path of the collection optics. In this way, detection of Raman scattered photons
is realized through the OCT head capitalizing on the fact that the OCT components guide radiation in
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the spectral range around 1325 nm, the operating spectral range of the OCT, but they are transmissive
for visible light. To achieve good collection efficiency the collected Raman scattered light is focused
onto a fiber bundle instead of a single fiber for example. The arrangement of the fibers changes from
circular at the input end to linear at the output towards the spectrometer. Raman spectra are excited
by 532 nm pulsed laser light delivered to the sample by means of an optical fiber. Size and localization
of the illuminated spot fills most of the full field of view of the OCT collection optics. We decided
for pulsed excitation of Raman spectra as this light source will also serve optoacoustics, the next
modality to join the combined device. Visible excitation is expected to provide good nevus contrast
for optoacoustic measurement at sufficient penetration depths. Moreover, this standard wavelength
is already in the pre-resonance range of most skin carotenoids allowing resonance enhancement of
their Raman signal and thus facilitating additional investigations of antioxidant status. Raman spectra
detected via the OCT head are presented in Figure 32D. The raw spectra in the upper graph (a) show
the strong autofluorescence of tissue in relation to the Raman signals measured with an exposure not
exceeding MPE for 532 nm pulsed radiation. Removal of the strong fluorescence background yields
the middle spectra (b). The Raman signal from the back of the hand is weaker than that from the
palm, presumably due to the stronger (self-)absorption at the back of the hand caused by stronger
pigmentation. Normalization to the Amide I bond is applied in (c) assuming similar protein content at
both skin sites to set a basis for relative quantitative comparison of the other spectral components. At
this normalization, the Raman peaks of the carotenoids are higher at the palm than at the back of the
hand indicating higher carotenoid concentration at the palm.

The combination of OCT and Raman spectroscopy provides both morphological and molecular
information to support diagnosis in skin cancer screenings and is being complemented by incorporation
of optoacoustics allowing determination of invasion depth also for thicker lesions. All three modalities
combined have the potential to provide a kind of non-invasive optical biopsy for skin cancer screenings.
To succeed in translating optical methods from the physics lab to clinical practice, it is essential to
meet future users from medical staff at their level in terms of the information or images they are
acquainted with. To this end, we also developed a non-contact dermoscope which not only allows
standard application in melanoma screening but is furthermore capable of assessing inflammatory
skin diseases [155]. This non-contact dermoscope may be combined with so far non-standard imaging,
measurement, and spectroscopic modalities such as OCT, optoacoustics or Raman spectroscopy
serving as a visual guide for identification of the ROI (from the dermatologic experience), and for
documentation. In this way, we can provide direct connection and comparability of novel and
dermatologic standard tools for skin assessment in the future.

5. Summary and Outlook

The presented work focuses on the application of optical spectroscopy and imaging to study
current research topics in the life sciences spanning from biomedical to environmental issues.
Rewarding research objectives have been identified where optical approaches enable non-invasive
investigations of molecular contents, molecule kinetics and tissue morphology in vivo and in situ.
Multimodal approaches allow mutual benefit as the combined application of optical or hybrid optical
and acoustic methods often enable analysis of biological samples extending far beyond the capabilities
of the single methods alone. When multimodal approaches are used in imaging, such as the application
for a non-invasive biopsy presented here, multimodal measurements are often to be carried out in
parallel to enable co-registration of the identical tissue state. However, if dynamics of the biological
system are expected to be comparably slow, measurements may also be taken consecutively lowering
the technical demands on a combined one-device multimodal system.

Some paths for future research lay out naturally based on the results and achievements reached so
far. The combination of OCT, optoacoustics, and Raman spectroscopy for application in dermatology
needs to be completed. Together with our non-contact dermoscope, such a multimodal device promises
to significantly improve skin cancer screening in two ways: to reduce false positives compared to purely
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dermoscopic assessment and to reduce the number of re-excisions that are usually necessary because
the thickness or invasion depth of the melanoma cannot be determined prior to histopathological
assessment by use of dermoscopy alone. The next steps towards this goal mainly involve (pre-)clinical
validation of the proposed approach studying a large and representative group with different skin
conditions, skin phototype, age, etc.

The successful quantification of optical properties in vivo via OCT and optoacoustics needs to
be further developed to improve the estimation of scattering and absorption properties under real
tissue conditions. The first step towards this end will be an iterative approach estimating absorption
coefficients by optoacoustic measurements neglecting scattering and using them as input parameters
for OCT modeling and analysis and vice versa. Based on the developed and available models for
light transport in tissue and the comparison of simulated and measured optoacoustic and OCT data,
iterative determination of the true, localization dependent optical properties of the probed tissue or
other samples may be possible.

Advancing the quantification of molecule concentration via (resonance) Raman spectroscopy will
on the one hand be based on improving the scattering model to better describe, for example, scattering
on particles and aggregates. Also, the representation of the experimental conditions in the model will
be re-evaluated. On the other hand, improved quantification requires reliable input parameters for the
tissue optical properties, i.e., parallel work on their faithful non-invasive determination is needed.

Beyond absolute quantification of molecules, work will also continue towards multivariate
analysis of Raman spectroscopic data aiming particularly at associating Raman spectra or changes
therein to pathophysiological changes in human tissue or body fluids. Here, knowledge about the
molecular origin of these changes or absolute quantification of such biomarkers is of course highly
interesting, but being able to attempt non-invasive diagnosis even at the basis of Raman spectra of
unknown molecular origin would be very helpful. Here, one target application is the correlation of
Raman spectroscopic data of human perilymph with pathophysiological conditions of the inner ear.
Such application calls for two directions in setting up the analysis. On the one hand, one needs to
explore to what extent proteins or groups of proteins may be identified from Raman measurements. If,
for example due to increased expression of a biomarker, its Raman fingerprint can be recognized even
in the complex composition of the perilymph, this data can support research in causal relationship
leading to sensorineural hearing loss. On the other hand, even if decomposition of the perilymph
Raman signal is not possible at all, the correlation of variations in the global perilymph fingerprint
with pathologic conditions could also contribute significantly to an improved diagnosis of hearing
loss. As outlined already, similar correlations are expected with respect to pathologic skin conditions
such as melanoma skin cancer.

In general, the ever-increasing computational power is expected to entail great analytic
improvements. As seen in this work, numerical modeling is often prerequisite or at least helpful
for extracting the desired information from optical data. More computational power enables
implementation of increasingly realistic models from light propagation to photochemical dynamics
better representing the complexity of research objects in the life sciences. Moreover, machine learning
and deep learning concepts may be applied for improved and highly efficient classification of data
acquired from multimodal modalities.

Author Contributions: M.W. wrote the original draft of the review. B.R. assisted in reviewing and editing
the manuscript.

Funding: The work presented in this review was supported by the German Research Foundation (DFG) Cluster
of Excellence EXC 1077/1 “Hearing4all”, DFG grants no. WO 1641/2-1 and AN 712/1-5, the Volkswagenstiftung
within the ‘Niedersächsisches Vorab’ program in the framework of HYMNOS (grant ZN 3061), the German
Federal Ministry of Education and Research (BMBF) within the VIP-project MeDiOO (grant no. 16V0826),
and by the German Federal Ministry of Economics and Technology (BMWi) within the program ZIM (grant
no. KF2672503FR1).

Conflicts of Interest: The authors declare no conflict of interest.



Sensors 2019, 19, 2387 47 of 53

References

1. König, K. Multiphoton microscopy in life sciences. J. Microscopy 2000, 200, 83–104. [CrossRef]
2. Fujimoto, J.G.; Pitris, C.; Boppart, S.A.; Brezinski, M.E. Optical Coherence Tomography: An Emerging

Technology for Biomedical Imaging and Optical Biopsy. Neoplasia 2000, 2, 9–25. [CrossRef] [PubMed]
3. Ströhl, F.; Kaminski, C.F. Frontiers in structured illumination microscopy. Optica 2016, 3, 667. [CrossRef]
4. Hell, S.W. Far-field optical nanoscopy. Science 2007, 316, 1153–1158. [CrossRef]
5. Müller, T.; Schumann, C.; Kraegeloh, A. STED microscopy and its applications: New insights into cellular

processes on the nanoscale. Chemphyschem Eur. J. Chem. Phys. Phys. Chem. 2012, 13, 1986–2000. [CrossRef]
[PubMed]

6. Blom, H.; Widengren, J. Stimulated Emission Depletion Microscopy. Chem. Rev. 2017, 117, 7377–7427.
[CrossRef]

7. Shashkova, S.; Leake, M.C. Single-molecule fluorescence microscopy review: Shedding new light on old
problems. Biosci. Rep. 2017, 37, BSR20170031. [CrossRef]

8. Wang, L.V.; Gao, L. Photoacoustic microscopy and computed tomography: From bench to bedside. Annu. Rev.
Biomed. Eng. 2014, 16, 155–185. [CrossRef]

9. Shipp, D.W.; Sinjab, F.; Notingher, I. Raman spectroscopy: Techniques and applications in the life sciences.
Adv. Opt. Photon. 2017, 9, 315. [CrossRef]

10. Teodori, L.; Crupi, A.; Costa, A.; Diaspro, A.; Melzer, S.; Tarnok, A. Three-dimensional imaging technologies:
A priority for the advancement of tissue engineering and a challenge for the imaging community. J. Biophoton.
2017, 10, 24–45. [CrossRef]

11. Kim, J.; Lee, D.; Jung, U.; Kim, C. Photoacoustic imaging platforms for multimodal imaging. Ultrasonography
2015, 34, 88–97. [CrossRef]

12. Das, N.K.; Dai, Y.; Liu, P.; Hu, C.; Tong, L.; Chen, X.; Smith, Z.J. Raman Plus X: Biomedical Applications of
Multimodal Raman Spectroscopy. Sensors 2017, 17, 1592.

13. Qiao, W.; Chen, Z. All-optically integrated photoacoustic and optical coherence tomography: A review.
J. Innov. Opt. Health Sci. 2017, 10, 1730006. [CrossRef]

14. Rao, K.D.; Sahoo, N.K.; Krishna, C.M. Perspectives of optical coherence tomography imaging and Raman
spectroscopy in cancer diagnosis. Biomed. Spectrosc. Imaging 2015, 4, 35–55.

15. Kniggendorf, A.-K.; Meinhardt-Wollweber, M.; Yuan, X.; Roth, B.; Seifert, A.; Fertig, N.; Zeilinger, C.
Temperature-sensitive gating of hCx26: high-resolu-tion Raman spectroscopy sheds light on conformational
changes. Biomed. Opt. Express 2014, 5, 2054–2065. [CrossRef] [PubMed]

16. Stöckel, S.; Kirchhoff, J.; Neugebauer, U.; Rösch, P.; Popp, J. The application of Raman spectroscopy for the
detection and identification of microorganisms. J. Raman Spectrosc. 2016, 47, 89–109. [CrossRef]

17. Efremov, E.V.; Ariese, F.; Gooijer, C. Achievements in resonance Raman spectroscopy review of a technique
with a distinct analytical chemistry potential. Anal. Chim. Acta 2008, 606, 119–134. [CrossRef] [PubMed]

18. Fenn, M.B.; Xanthopoulos, P.; Pyrgiotakis, G.; Grobmyer, S.R.; Pardalos, P.M.; Hench, L.L. Raman
Spectroscopy for Clinical Oncology. Adv. Opt. Technol. 2011, 2011, 1–20. [CrossRef]

19. Oladepo, S.A.; Xiong, K.; Hong, Z.; Asher, S.A. Elucidating Peptide and Protein Structure and Dynamics:
UV Resonance Raman Spectroscopy. J. Phys. Chem. Lett. 2011, 2, 334–344. [CrossRef]

20. Robert, B.; Horton, P.; Pascal, A.A.; Ruban, A.V. Insights into the molecular dynamics of plant light-harvesting
proteins in vivo. Trends Plant Sci. 2004, 9, 385–390. [CrossRef] [PubMed]

21. Nagae, H.; Koyama, Y. Mechanism enabling the observation of the formally optically-forbidden and states in
resonance-Raman excitation profiles of sphe-roidene in KBr disc. Chem. Phys. 2010, 373, 145–152. [CrossRef]

22. Kobayashi, T.; Saito, T.; Ohtani, H. Real-time spectroscopy of transition states in bacteriorhodopsin during
retinal isomerization. Nature 2001, 414, 531–534. [CrossRef] [PubMed]

23. Hiller, M.; Lavrov, E.V.; Weber, J. Raman scattering study of H2 in Si. Phys. Rev. B 2006, 74, 303. [CrossRef]
24. Aroca, R. Surface-Enhanced Vibrational Spectroscopy; John Wiley & Sons, Ltd.: Chichester, UK, 2006.
25. Evans, C.L.; Xie, X.S. Coherent anti-stokes Raman scattering microscopy: chemical imaging for biology and

medicine. Annu. Rev. Anal. Chem. (Palo Alto Calif.) 2008, 1, 883–909. [CrossRef]
26. Freudiger, C.W.; Min, W.; Saar, B.G.; Lu, S.; Holtom, G.R.; He, C.; Tsai, J.C.; Kang, J.X.; Xie, X.S. Label-Free

Biomedical Imaging with High Sensitivity by Stimulated Raman Scattering Microscopy. Science 2008,
322, 1857–1861. [CrossRef]

http://dx.doi.org/10.1046/j.1365-2818.2000.00738.x
http://dx.doi.org/10.1038/sj.neo.7900071
http://www.ncbi.nlm.nih.gov/pubmed/10933065
http://dx.doi.org/10.1364/OPTICA.3.000667
http://dx.doi.org/10.1126/science.1137395
http://dx.doi.org/10.1002/cphc.201100986
http://www.ncbi.nlm.nih.gov/pubmed/22374829
http://dx.doi.org/10.1021/acs.chemrev.6b00653
http://dx.doi.org/10.1042/BSR20170031
http://dx.doi.org/10.1146/annurev-bioeng-071813-104553
http://dx.doi.org/10.1364/AOP.9.000315
http://dx.doi.org/10.1002/jbio.201600049
http://dx.doi.org/10.14366/usg.14062
http://dx.doi.org/10.1142/S1793545817300063
http://dx.doi.org/10.1364/BOE.5.002054
http://www.ncbi.nlm.nih.gov/pubmed/25071948
http://dx.doi.org/10.1002/jrs.4844
http://dx.doi.org/10.1016/j.aca.2007.11.006
http://www.ncbi.nlm.nih.gov/pubmed/18082644
http://dx.doi.org/10.1155/2011/213783
http://dx.doi.org/10.1021/jz101619f
http://dx.doi.org/10.1016/j.tplants.2004.06.006
http://www.ncbi.nlm.nih.gov/pubmed/15358269
http://dx.doi.org/10.1016/j.chemphys.2010.05.030
http://dx.doi.org/10.1038/35107042
http://www.ncbi.nlm.nih.gov/pubmed/11734850
http://dx.doi.org/10.1103/PhysRevB.74.235214
http://dx.doi.org/10.1146/annurev.anchem.1.031207.112754
http://dx.doi.org/10.1126/science.1165758


Sensors 2019, 19, 2387 48 of 53

27. Harmsen, S.; Wall, M.A.; Huang, R.; Kircher, M.F. Cancer imaging using surface-enhanced resonance Raman
scattering nanoparticles. Nat. Protoc. 2017, 12, 1400–1414. [CrossRef]

28. Qian, X.M.; Nie, S.M. Single-molecule and single-nanoparticle SERS: From fundamental mechanisms to
biomedical applications. Chem. Soc. Rev. 2008, 37, 912–920. [CrossRef] [PubMed]

29. Kniggendorf, A.-K.; Gaul, T.W.; Meinhardt-Wollweber, M. Effects of ethanol, formaldehyde, and gentle heat
fixation in confocal resonance Raman micro-scopy of purple nonsulfur bacteria. Microsc. Res. Tech. 2011,
74, 177–183. [CrossRef]

30. Draux, F.; Gobinet, C.; Sulé-Suso, J.; Trussardi, A.; Manfait, M.; Jeannesson, P.; Sockalingum, G.D. Raman
spectral imaging of single cancer cells: Probing the impact of sample fixation methods. Anal. Bioanal. Chem.
2010, 397, 2727–2737. [CrossRef]

31. Mariani, M.M.; Lampen, P.; Popp, J.; Wood, B.R.; Deckert, V. Impact of fixation on in vitro cell culture lines
monitored with Raman spectroscopy. Analyst 2009, 134, 1154–1161. [CrossRef]

32. Meade, A.D.; Clarke, C.; Draux, F.; Sockalingum, G.D.; Manfait, M.; Lyng, F.M.; Byrne, H.J. Studies of
chemical fixation effects in human cell lines using Raman microspectroscopy. Anal. Bioanal. Chem. 2010,
396, 1781–1791. [CrossRef]

33. Chan, J.W.; Taylor, D.S.; Thompson, D.L. The effect of cell fixation on the discrimination of normal and
leukemia cells with laser tweezers Raman spectroscopy. Biopolymers 2009, 91, 132–139. [CrossRef]

34. Hobro, A.J.; Smith, N.I. An evaluation of fixation methods: Spatial and compositional cellular changes
observed by Raman imaging. Vib. Spectrosc. 2017, 91, 31–45. [CrossRef]

35. Höhl, M.; Roth, B.; Morgner, U.; Meinhardt-Wollweber, M. Efficient procedure for the measurement of
preresonant excitation profiles in UV Raman spectroscopy. Rev. Sci. Instrum. 2017, 88, 073105. [CrossRef]

36. Koch, M.; Zagermann, S.; Kniggendorf, A.-K.; Meinhardt-Wollweber, M.; Roth, B. Violaxanthin cycle kinetics
analysed in vivo with resonance Raman spectroscopy. J. Raman Spectrosc. 2017, 48, 686–691. [CrossRef]

37. Lewis, A.; Spoonhower, J.; Bogomolni, R.A.; Lozier, R.H.; Stoeckenius, W. Tunable Laser Resonance Raman
Spectroscopy of Bacteriorhodopsin. Proc. Natl. Acad. Sci. USA 1974, 71, 4462–4466. [CrossRef]

38. Londero, P.; Lombardi, J.R.; Leona, M. A compact optical parametric oscillator Raman microscope for
wavelength-tunable multianalytic microanalysis. J. Raman Spectrosc. 2013, 44, 131–135. [CrossRef]

39. Sashima, T.; Shiba, M.; Hashimoto, H.; Nagae, H.; Koyama, Y. The 2Ag− energy of crystalline
all-trans-spheroidene as determined by resonance-Raman excitation profiles. Chem. Phys. Lett. 1998,
290, 36–42. [CrossRef]

40. Shreve, A.P.; Cherepy, N.J.; Mathies, R.A. Effective Rejection of Fluorescence Interference in Raman
Spectroscopy Using a Shifted Excitation Difference Technique. Appl. Spectrosc. 1992, 46, 707–711. [CrossRef]

41. Sowoidnich, K.; Kronfeldt, H.D. Fluorescence Rejection by Shifted Excitation Raman Difference Spectroscopy
at Multiple Wavelengths for the Investigation of Biological Samples. ISRN Spectrosc. 2012, 2012, 1–11.
[CrossRef]

42. Matousek, P.; Towrie, M.; Ma, C.; Kwok, W.M.; Phillips, D.; Toner, W.T.; Parker, A.W. Fluorescence
suppression in resonance Raman spectroscopy using a high-performance picosecond Kerr gate.
J. Raman Spectrosc. 2001, 32, 983–988. [CrossRef]

43. Matousek, P.; Towrie, M.; Parker, A.W. Fluorescence background suppression in Raman spectroscopy
using combined Kerr gated and shifted excitation Raman difference techniques. J. Raman Spectrosc. 2002,
33, 238–242. [CrossRef]

44. Schulze, G.; Jirasek, A.; Yu, M.M.L.; Lim, A.; Turner, R.F.B.; Blades, M.W. Investigation of selected baseline
removal techniques as candidates for automated implementation. Appl. Spectrosc. 2005, 59, 545–574.
[CrossRef]

45. Koch, M.; Suhr, C.; Roth, B.; Meinhardt-Wollweber, M. Iterative morphological and mollifier-based baseline
correction for Raman spectra. J. Raman Spectrosc. 2017, 48, 336–3420. [CrossRef]

46. Jarvis, R.M.; Goodacre, R. Discrimination of bacteria using surface-enhanced Raman spectroscopy.
Anal. Chem. 2004, 76, 40–47. [CrossRef]

47. Lavine, B.; Workman, J. Chemometrics. Anal. Chem. 2010, 82, 4699–4711. [CrossRef]
48. Harz, M.; Rösch, P.; Popp, J. Vibrational spectroscopy—A powerful tool for the rapid identification of

microbial cells at the single-cell level. Cytometry Part A J. Int. Soc. Anal. Cytol. 2009, 75, 104–113. [CrossRef]
49. Tan, K.M.; Herrington, C.S.; Brown, C.T.A. Discrimination of normal from pre-malignant cervical tissue by

Raman mapping of de-paraffinized histological tissue sections. J. Biophoton. 2011, 4, 40–48. [CrossRef]

http://dx.doi.org/10.1038/nprot.2017.031
http://dx.doi.org/10.1039/b708839f
http://www.ncbi.nlm.nih.gov/pubmed/18443676
http://dx.doi.org/10.1002/jemt.20889
http://dx.doi.org/10.1007/s00216-010-3759-8
http://dx.doi.org/10.1039/b822408k
http://dx.doi.org/10.1007/s00216-009-3411-7
http://dx.doi.org/10.1002/bip.21094
http://dx.doi.org/10.1016/j.vibspec.2016.10.012
http://dx.doi.org/10.1063/1.4994891
http://dx.doi.org/10.1002/jrs.5102
http://dx.doi.org/10.1073/pnas.71.11.4462
http://dx.doi.org/10.1002/jrs.4150
http://dx.doi.org/10.1016/S0009-2614(98)00481-3
http://dx.doi.org/10.1366/0003702924125122
http://dx.doi.org/10.5402/2012/256326
http://dx.doi.org/10.1002/jrs.784
http://dx.doi.org/10.1002/jrs.840
http://dx.doi.org/10.1366/0003702053945985
http://dx.doi.org/10.1002/jrs.5010
http://dx.doi.org/10.1021/ac034689c
http://dx.doi.org/10.1021/ac101202z
http://dx.doi.org/10.1002/cyto.a.20682
http://dx.doi.org/10.1002/jbio.201000083


Sensors 2019, 19, 2387 49 of 53

50. Bonifacio, A.; Finaurini, S.; Krafft, C.; Parapini, S.; Taramelli, D.; Sergo, V. Spatial distribution of heme species
in erythrocytes infected with Plasmodium falciparum by use of resonance Raman imaging and multivariate
analysis. Anal. Bioanaly. Chem. 2008, 392, 1277–1282. [CrossRef]

51. Kniggendorf, A.-K.; Gaul, T.W.; Meinhardt-Wollweber, M. Hierarchical Cluster Analysis (HCA) of
Microorganisms: An Assessment of Algorithms for Resonance Raman Spectra. Appl. Spectrosc. 2011,
65, 165–173. [CrossRef]

52. Wangemann, P. Cochlear Homeostasis and Homeostatic Disorders. In Auditory Trauma, Protection, and Repair;
Schacht, J., Popper, A.N., Fay, R.R., Eds.; Springer-Verlag: Boston, MA, USA, 2008; Volume 31, pp. 49–100.

53. Burikov, S.A.; Dolenko, T.A.; Fadeev, V.V.; Vlasov, I.I. Revelation of ion hydration in Raman scattering
spectral bands of water. Laser Phys. 2007, 17, 1–7. [CrossRef]

54. Ruban, A.V.; Pascal, A.A.; Robert, B.; Horton, P. Configuration and dynamics of xanthophylls in
light-harvesting antennae of higher plants. Spectroscopic analysis of isolated light-harvesting complex of
photosystem II and thylakoid membranes. J. Biol. Chem. 2001, 276, 24862–24870. [CrossRef]

55. Andreeva, A.; Velitchkova, M. Resonance Raman Studies of Carotenoid Mo-lecules Within Photosystem I
Particles. Biotechnol. Biotechnol. Equip. 2014, 23, 488–492. [CrossRef]

56. Tyers, M.; Mann, M. From genomics to proteomics. Nature 2003, 422, 193–197. [CrossRef] [PubMed]
57. Uversky, V.N.; Dunker, A.K. Understanding protein non-folding. Biochim. Biophys. Acta 2010, 1804, 1231–1264.

[CrossRef]
58. Kremer, W.; Kalbitzer, H.R. Physiological Conditions and Practicality for Protein Nuclear Magnetic

Resonance Spectroscopy: Experimental Methodologies and Theoretical Background. In Nuclear Magnetic
Resonance of Biological Macromolecules; James, T.L., Schmitz, U., Dötsch, V., Eds.; Academic Press: San Diego,
CA, USA, 2001; Volume 339, pp. 3–19.

59. Zhu, F.; Isaacs, N.W.; Hecht, L.; Barron, L.D. Raman optical activity: A tool for protein structure analysis.
Structure 2005, 13, 1409–1419. [CrossRef]

60. McColl, I.H.; Blanch, E.W.; Gill, A.C.; Rhie, A.G.O.; Ritchie, M.A.; Hecht, L.; Nielsen, K.; Barron, L.D. A new
perspective on beta-sheet structures using vibrational Raman optical activity: From poly(L-lysine) to the
prion protein. J. Am. Chem. Soc. 2003, 125, 10019–10026. [CrossRef] [PubMed]

61. Spahn, C.M.T.; Penczek, P.A. Exploring conformational modes of macromolecular assemblies by multiparticle
cryo-EM. Curr. Opin. Struct. Biol. 2009, 19, 623–631. [CrossRef]

62. Dubrovsky, A.; Sorrentino, S.; Harapin, J.; Sapra, K.T.; Medalia, O. Developments in cryo-electron
tomography for in situ structural analysis. Arch. Biochem. Biophys. 2015, 581, 78–85. [CrossRef] [PubMed]

63. Laird, D.W. Life cycle of connexins in health and disease. Biochem. J. 2006, 394, 527–543. [CrossRef]
64. Sáez, J.C.; Retamal, M.A.; Basilio, D.; Bukauskas, F.F.; Bennett, M.V.L. Connexin-based gap junction

hemichannels: Gating mechanisms. Biochim. Biophys. Acta 2005, 1711, 215–224. [CrossRef]
65. Bukauskas, F.F.; Verselis, V.K. Gap junction channel gating. Biochim. Biophys. Acta 2004, 1662, 42–60.

[CrossRef]
66. Bargiello, T.A.; Tang, Q.; Oh, S.; Kwon, T. Voltage-dependent conformational changes in connexin channels.

Biochim. Biophys. Acta 2012, 1818, 1807–1822. [CrossRef]
67. Steffens, M.; Göpel, F.; Ngezahayo, A.; Zeilinger, C.; Ernst, A.; Kolb, H.A. Regulation of connexons composed

of human connexin26 (hCx26) by temperature. Biochim. Biophys. Acta 2008, 1778, 1206–1212. [CrossRef]
[PubMed]

68. Gao, P.; Han, B.; Du, Y.; Zhao, G.; Yu, Z.; Xu, W.; Zheng, C.; Fan, Z. The Clinical Application of Raman
Spectroscopy for Breast Cancer Detection. J. Spectrosc. 2017, 2017, 1–10. [CrossRef]

69. Maquelin, K.; Kirschner, C.; Choo-Smith, L.P.; van den Braak, N.; Endtz, H.; Naumann, D.; Puppels, G.
Identification of medically relevant microorganisms by vibrational spectroscopy. J. Microbiol. Methods 2002,
51, 255–271. [CrossRef]

70. Lorenz, B.; Wichmann, C.; Stöckel, S.; Rösch, P.; Popp, J. Cultivation-Free Raman Spectroscopic Investigations
of Bacteria. Trends Microbiol. 2017, 25, 413–424. [CrossRef]

71. Ivleva, N.P.; Kubryk, P.; Niessner, R. Raman microspectroscopy, surface-enhanced Raman scattering
microspectroscopy, and stable-isotope Raman microspectroscopy for biofilm characterization. Anal. Bioanal.
Chem. 2017, 409, 4353–4375. [CrossRef]

72. Kniggendorf, A.-K.; Meinhardt-Wollweber, M. Of microparticles and bacteria identification–(resonance)
Raman micro-spectroscopy as a tool for biofilm analysis. Water Res. 2011, 45, 4571–4582. [CrossRef]

http://dx.doi.org/10.1007/s00216-008-2414-0
http://dx.doi.org/10.1366/10-06064
http://dx.doi.org/10.1134/S1054660X0710012X
http://dx.doi.org/10.1074/jbc.M103263200
http://dx.doi.org/10.1080/13102818.2009.10818470
http://dx.doi.org/10.1038/nature01510
http://www.ncbi.nlm.nih.gov/pubmed/12634792
http://dx.doi.org/10.1016/j.bbapap.2010.01.017
http://dx.doi.org/10.1016/j.str.2005.07.009
http://dx.doi.org/10.1021/ja021464v
http://www.ncbi.nlm.nih.gov/pubmed/12914465
http://dx.doi.org/10.1016/j.sbi.2009.08.001
http://dx.doi.org/10.1016/j.abb.2015.04.006
http://www.ncbi.nlm.nih.gov/pubmed/25921875
http://dx.doi.org/10.1042/BJ20051922
http://dx.doi.org/10.1016/j.bbamem.2005.01.014
http://dx.doi.org/10.1016/j.bbamem.2004.01.008
http://dx.doi.org/10.1016/j.bbamem.2011.09.019
http://dx.doi.org/10.1016/j.bbamem.2008.01.016
http://www.ncbi.nlm.nih.gov/pubmed/18328255
http://dx.doi.org/10.1155/2017/5383948
http://dx.doi.org/10.1016/S0167-7012(02)00127-6
http://dx.doi.org/10.1016/j.tim.2017.01.002
http://dx.doi.org/10.1007/s00216-017-0303-0
http://dx.doi.org/10.1016/j.watres.2011.06.007


Sensors 2019, 19, 2387 50 of 53

73. Kniggendorf, A.-K.; Nogueira, R.; Kelb, C.; Schadzek, P.; Meinhardt-Wollweber, M.; Ngezahayo, A.; Roth, B.
Confocal Raman microscopy and fluorescent in situ hybridization—A complementary approach for biofilm
analysis. Chemosphere 2016, 161, 112–118. [CrossRef]

74. Frank, H.A.; Bautista, J.A.; Josue, J.; Pendon, Z.; Hiller, R.G.; Sharples, F.P.; Gosztola, D.; Wasielewski, M.R.
Effect of the Solvent Environment on the Spectroscopic Properties and Dynamics of the Lowest Excited
States of Carotenoids. J. Phys. Chem. B 2000, 104, 4569–4577. [CrossRef]

75. Britton, G.; Liaaen-Jensen, S.; Pfander, H. Carotenoids; Birkhäuser Basel: Basel, Switzerland, 2004.
76. Meinhardt-Wollweber, M.; Suhr, C.; Kniggendorf, A.-K.; Roth, B. Absorption and resonance Raman

characteristics of β-carotene in water-ethanol mixtures, emulsion and hydrogel. AIP Adv. 2018, 8, 055320.
[CrossRef]

77. Zang, L.Y.; Sommerburg, O.; van Kuijk, F.J. Absorbance Changes of Caro-tenoids in Different Solvents.
Free Radic. Biol. Med. 1997, 23, 1086–1089. [CrossRef]

78. Craft, N.E.; Soares, J.H. Relative solubility, stability, and absorptivity of lutein and β-carotene in organic
solvents. J. Agric. Food Chem. 1992, 40, 431–434. [CrossRef]

79. Tschirner, N.; Schenderlein, M.; Brose, K.; Schlodder, E.; Mroginski, M.A.; Thomsen, C.; Hildebrandt, P.
Resonance Raman spectra of β-carotene in solution and in photosystems revisited: An experimental and
theoretical study. Phys. Chem. Chem. Phys. 2009, 11, 11471. [CrossRef]

80. Darvin, M.E.; Meinke, M.C.; Sterry, W.; Lademann, J. Optical methods for noninvasive determination of
carotenoids in human and animal skin. J. Biomed. Opt. 2013, 18, 61230. [CrossRef] [PubMed]

81. Ermakov, I.V.; Gellermann, W. Optical detection methods for carotenoids in human skin. Arch. Biochem.
Biophys. 2015, 572, 101–111. [CrossRef] [PubMed]

82. Ermakov, I.V.; Ermakova, M.R.; Gellermann, W.; Lademann, J. Noninvasive selective detection of lycopene
and beta-carotene in human skin using Raman spectroscopy. J. Biomed. Opt. 2004, 9, 332–338. [CrossRef]

83. Darvin, M.E.; Gersonde, I.; Meinke, M.; Sterry, W.; Lademann, J. Non-invasive in vivo determination of the
carotenoids beta-carotene and lycopene concentrations in the human skin using the Raman spectroscopic
method. J. Phys. D Appl. Phys. 2005, 38, 2696–2700. [CrossRef]

84. Frank, H.A.; Cua, A.; Chynwat, V.; Young, A.; Gosztola, D.; Wasielewski, M.R. Photophysics of the
carotenoids associated with the xanthophyll cycle in photosynthesis. Photosynth. Res. 1994, 41, 389–395.
[CrossRef]

85. Latowski, D.; Kostecka-Gugała, A.; Strzałka, K. Effect of the Temperature on Violaxanthin De-Epoxidation:
Comparison of the In Vivo and Model Systems. Russ. J. Plant Physiol. 2003, 50, 173–177. [CrossRef]

86. Jahns, P. The Xanthophyll Cycle in Intermittent Light-Grown Pea Plants (Possible Functions of Chlorophyll
a/b-Binding Proteins). Plant Physiol. 1995, 108, 149–156. [CrossRef]

87. Jahns, P.; Miehe, B. Kinetic correlation of recovery from photoinhibition and zeaxanthin epoxidation. Planta
1996, 198, 202–210. [CrossRef]

88. Nichelmann, L.; Schulze, M.; Herppich, W.B.; Bilger, W. A simple indicator for non-destructive estimation of
the violaxanthin cycle pigment content in leaves. Photosynth. Res. 2016, 128, 183–193. [CrossRef]

89. Takaichi, S. Carotenoids in algae: Distributions, biosyntheses and functions. Mar. Drugs 2011, 9, 1101–1118.
[CrossRef]

90. Boussiba, S.; Bing, W.; Yuan, J.P.; Zarka, A.; Chen, F. Changes in pigments profile in the green alga
Haematococcus pluvialis exposed to environmental stresses. Biotechnol. Lett. 1999, 21, 601–604. [CrossRef]

91. Koch, M. Resonanz-Raman-Spektroskopie an Carotinoiden. Ph.D. Thesis, Leibniz Universität Hannover,
Hannover, Deutschland, 2010.

92. Koch, M.; Kniggendorf, A.-K.; Meinhardt-Wollweber, M.; Roth, B. In vivo determination of carotenoid
resonance excitation profiles of Chlorella vulgaris, Haematococcus pluvialis, and Porphyridium purpureum.
J. Raman Spectrosc. 2017, 49, 404–411. [CrossRef]

93. Li, C.; Wang, L.V. Photoacoustic tomography and sensing in biomedicine. Phys. Med. Biol. 2009, 54, R59–R97.
[CrossRef]

94. Mallidi, S.; Luke, G.P.; Emelianov, S. Photoacoustic imaging in cancer detection, diagnosis, and treatment
guidance. Trends Biotechnol. 2011, 29, 213–221. [CrossRef]

95. Cox, B.; Laufer, J.G.; Arridge, S.R.; Beard, P.C. Quantitative spectroscopic photoacoustic imaging: a review.
J. Biomed. Opt. 2012, 17, 061202. [CrossRef]

http://dx.doi.org/10.1016/j.chemosphere.2016.06.096
http://dx.doi.org/10.1021/jp000079u
http://dx.doi.org/10.1063/1.5025788
http://dx.doi.org/10.1016/S0891-5849(97)00138-X
http://dx.doi.org/10.1021/jf00015a013
http://dx.doi.org/10.1039/b917341b
http://dx.doi.org/10.1117/1.JBO.18.6.061230
http://www.ncbi.nlm.nih.gov/pubmed/23426582
http://dx.doi.org/10.1016/j.abb.2015.01.020
http://www.ncbi.nlm.nih.gov/pubmed/25637655
http://dx.doi.org/10.1117/1.1646172
http://dx.doi.org/10.1088/0022-3727/38/15/023
http://dx.doi.org/10.1007/BF02183041
http://dx.doi.org/10.1023/A:1022912912120
http://dx.doi.org/10.1104/pp.108.1.149
http://dx.doi.org/10.1007/BF00206245
http://dx.doi.org/10.1007/s11120-016-0218-1
http://dx.doi.org/10.3390/md9061101
http://dx.doi.org/10.1023/A:1005507514694
http://dx.doi.org/10.1002/jrs.5292
http://dx.doi.org/10.1088/0031-9155/54/19/R01
http://dx.doi.org/10.1016/j.tibtech.2011.01.006
http://dx.doi.org/10.1117/1.JBO.17.6.061202


Sensors 2019, 19, 2387 51 of 53

96. Meinhardt, M. Optoacoustic Characterization of Optical Properties of Human Skin in Vivo in the Ultraviolet
Wavelength Range: skin phototypes, uv-adaptations and effects of sunscreen. Ph.D. Thesis, Gottfried
Wilhelm Leibniz Universität Hannover, Hannover, Deutschland, 19 July 2006.

97. Gusev, V.E.; Karabutov, A.A. Laser Optoacoustics; AIP Press: New York, NY, USA, 1993.
98. Akhmanov, S.A.; Gusev, V.E.; Karabutov, A.A. Pulsed laser optoacoustics: Achievements and perspective.

Infrared Physi. 1989, 29, 815–838. [CrossRef]
99. Burmistrova, L.V.; Karabutov, A.A.; Portnyagin, A.I.; Rudenko, O.V.; Cherepetskaya, E.B. Method of transfer

functions in problems of thermooptical sound generation. Sov. Phys. Acoust. 1978, 24, 369–374.
100. Karabutov, A.A.; Podymova, N.B.; Letokhov, V.S. Time-resolved laser optoacoustic tomography of

inhomogeneous media. Appl. Phys. B Lasers Opt. 1996, 63, 545–563. [CrossRef]
101. Karabutov, A.A.; Podymova, N.B.; Pelivanow, I.M.; Skipetrov, S.E.; Oraevsky, A.A. Direct measurement of

axial distribution of absorbed energy in turbid media by time-resolved optoacoustic method. SPIE Proc.
2000, 3916, 112–121.

102. Karabutov, A.A.; Savateeva, E.V.; Podymova, N.B.; Oraevsky, A.A. Backward mode detection of
laser-induced wide-band ultrasonic transients with optoacoustic transducer. Appl. Phys. 2000, 87, 2003–2014.
[CrossRef]

103. Meinhardt, M.; Krebs, R.; Anders, A.; Heinrich, U.; Tronnier, H. Effect of ultraviolet adaptation on the
ultraviolet absorption spectra of human skin in vivo. Photodermatol. Photoimmunol. Photomed. 2008, 24, 76–82.
[CrossRef]

104. Meinhardt, M.; Krebs, R.; Anders, A.; Heinrich, U.; Tronnier, H. Wavelength-dependent penetration depths
of ultraviolet radiation in human skin. J. Biomed. Opt. 2008, 13, 44030. [CrossRef]

105. Meinhardt, M.; Krebs, R.; Anders, A.; Heinrich, U.; Tronnier, H. Absorption spectra of human skin in
vivo in the ultraviolet wavelength range measured by optoacoustics. Photochem. Photobiol. 2009, 85, 70–77.
[CrossRef]

106. Blumenröther, E.; Melchert, O.; Wollweber, M.; Roth, B. Detection, numerical simulation and approximate
inversion of optoacoustic signals generated in multi-layered PVA hydrogel based tissue phantoms.
Photoacoustics 2016, 4, 125–132. [CrossRef]

107. Stritzel, J.; Melchert, O.; Wollweber, M.; Roth, B. Effective one-dimensional approach to the source
reconstruction problem of three-dimensional inverse optoacoustics. Phys. Rev. E 2017, 96, 033308. [CrossRef]

108. Karabutov, A.A.; Pelivanov, I.M.; Podymova, N.B.; Skipetrov, S.E. Determination of the optical characteristics
of turbid media by the laser optoacoustic method. Quantum Electron. 1999, 29, 1054–1059. [CrossRef]

109. Deutsche Krebsgesellschaft, Deutsche Krebshilfe, AWMF. In Diagnostik, Therapie und Nachsorge des Melanoms:
Langversion 2.0: AWMF Registernummer: 032/024OL; 2016. Available online: https://www.awmf.org/
leitlinien/detail/ll/032-024OL.html (accesseed on 16 March 2019).

110. Niederhauser, J.J.; Jaeger, M.; Hejazi, M.; Keppner, H.; Frenz, M. Transparent ITO coated PVDF transducer
for optoacoustic depth profiling. Opt. Commun. 2005, 253, 401–406.[CrossRef]

111. Blumenröther, E.; Melchert, O.; Wollweber, M.; Kanngießer, J.; Roth, B. Single Transparent Piezoelectric
Detector for Optoacoustic Sensing—Design and Signal Processing. Sensors 2019, 9, 2195. [CrossRef]
[PubMed]

112. Karsten, A.E.; Smit, J.E. Modeling and verification of melanin concentration on human skin type.
Photochem. Photobiol. 2012, 88, 469–474. [CrossRef]

113. Lualdi, M.; Colombo, A.; Farina, B.; Tomatis, S.; Marchesini, R. A phantom with tissue-like optical properties
in the visible and near infrared for use in photomedicine. Lasers Surg. Med. 2001, 28, 237–243. [CrossRef]

114. Meglinski, I.V.; Matcher, S.J. Quantitative assessment of skin layers absorption and skin reflectance spectra
simulation in the visible and near-infrared spectral regions. Physiol. Meas. 2002, 23, 741–753. [CrossRef]

115. Pogue, B.W.; Patterson, M.S. Review of tissue simulating phantoms for optical spectroscopy, imaging and
dosimetry. J. Biomed. Opt. 2006, 11, 41102. [CrossRef]

116. Zell, K.; Sperl, J.I.; Vogel, M.W.; Niessner, R.; Haisch, C. Acoustical properties of selected tissue phantom
materials for ultrasound imaging. Phys. Med. Biol. 2007, 52, N475–N484. [CrossRef]

117. Kharine, A.; Manohar, S.; Seeton, R.; Kolkman, R.G.M.; Bolt, R.A.; Steenbergen, W.; de Mul, F.F. Poly(vinyl
alcohol) gels for use as tissue phantoms in photoacoustic mammography. Phys. Med. Biol. 2003, 48, 357–370.
[CrossRef]

http://dx.doi.org/10.1016/0020-0891(89)90130-9
http://dx.doi.org/10.1007/BF01830994
http://dx.doi.org/10.1063/1.372127
http://dx.doi.org/10.1111/j.1600-0781.2008.00342.x
http://dx.doi.org/10.1117/1.2957970
http://dx.doi.org/10.1111/j.1751-1097.2008.00398.x
http://dx.doi.org/10.1016/j.pacs.2016.10.002
http://dx.doi.org/10.1103/PhysRevE.96.033308
http://dx.doi.org/10.1070/QE1999v029n12ABEH001630
https://www.awmf.org/leitlinien/detail/ll/032-024OL.html
https://www.awmf.org/leitlinien/detail/ll/032-024OL.html
http://dx.doi.org/10.1016/j.optcom.2005.05.005
http://dx.doi.org/10.3390/s19092195
http://www.ncbi.nlm.nih.gov/pubmed/31083637
http://dx.doi.org/10.1111/j.1751-1097.2011.01044.x
http://dx.doi.org/10.1002/lsm.1044
http://dx.doi.org/10.1088/0967-3334/23/4/312
http://dx.doi.org/10.1117/1.2335429
http://dx.doi.org/10.1088/0031-9155/52/20/N02
http://dx.doi.org/10.1088/0031-9155/48/3/306


Sensors 2019, 19, 2387 52 of 53

118. Meinhardt-Wollweber, M.; Suhr, C.; Kniggendorf, A.K.; Roth, B. Tissue phantoms for multimodal approaches:
Raman spectroscopy and optoacoustics. SPIE Proc. 2014, 8945, 89450B.

119. Borel, P.; Grolier, P.; Armand, M.; Partier, A.; Lafont, H.; Lairon, D.; Azais-Braesco, V. Carotenoids in
biological emulsions: Solubility, surface-to-core distribution, and release from lipid droplets. J. Lipid Res.
1996, 37, 250–261.

120. Mun, S.; McClements, D.J. Influence of simulated in-mouth processing (size reduction and alpha-amylase
addition) on lipid digestion and β-carotene bioaccessibility in starch-based filled hydrogels. LWT Food
Sci. Technol. 2017, 80, 113–120. [CrossRef]

121. Zhang, Z.; Zhang, R.; McClements, D.J. Encapsulation of β-carotene in alginate-based hydrogel beads:
Impact on physicochemical stability and bioaccessibility. Food Hydrocoll. 2016, 61, 1–10. [CrossRef]

122. Bera, S.; Dutta, D. Encapsulation and release of a bacterial carotenoid from hydrogel matrix: Characterization,
kinetics and antioxidant study. Eng. Life Sci. 2017, 17, 739–748. [CrossRef]

123. Young, A.R. Chromophores in human skin. Phys. Med. Biol. 1997, 42, 789–802. [CrossRef] [PubMed]
124. Wang, L.; Jacques, S.L.; Zheng, L. MCML – Monte Carlo modeling of light transport in multi-layered tissues.

Comput. Methods Programs Biomed. 1995, 47, 131–146. [CrossRef]
125. Krasnikov, I.; Suhr, C.; Seteikin, A.; Roth, B.; Meinhardt-Wollweber, M. Two efficient approaches for modeling

of Raman scattering in homogeneous turbid media. J. Opt. Soc. Am. A 2016, 33, 426–433. [CrossRef]
126. Alerstam, E.; Lo, W.C.Y.; Han, T.D.; Rose, J.; Andersson-Engels, S.; Lilge, L. Next-generation acceleration

and code optimization for light transport in turbid media using GPUs. Biomed. Opt. Express 2010, 1, 658–675.
[CrossRef] [PubMed]

127. Reble, C.; Gersonde, I.; Andree, S.; Eichler, H.J.; Helfmann, J. Quantitative Raman spectroscopy in turbid
media. J. Biomed. Opt. 2010, 15, 37016. [CrossRef] [PubMed]

128. Everall, N.; Hahn, T.; Matousek, P.; Parker, A.W.; Towrie, M. Photon migration in Raman spectroscopy.
Appl. Spectrosc. 2004, 58, 591–597. [CrossRef] [PubMed]

129. Krasnikov, I.; Suhr, C.; Seteikin, A.; Meinhardt-Wollweber, M.; Roth, B. Monte Carlo simulation of the
influence of internal optical absorption on the external Raman signal for biological samples. J. Opt. Soc. Am.
A 2019, 36, 877–882. [CrossRef] [PubMed]

130. Reichel, H.; Koeffler, H.P.; Norman, A.W. The role of the vitamin D endocrine system in health and disease.
N. Engl. J. Med. 1989, 320, 980–991. [CrossRef]

131. The International Agency for Research on Cancer (IARC). Vitamin D and Cancer; IARC working group
reports; International Agency for Research on Cancer: Paris, France, 2008; Volume 5.

132. Feldman, D.; Krishnan, A.V.; Swami, S.; Giovannucci, E.; Feldman, B.J. The role of vitamin D in reducing
cancer risk and progression. Nature Rev. Cancer 2014, 14, 342–357. [CrossRef]

133. Cashman, K.D.; Dowling, K.G.; Škrabáková, Z.; Gonzalez-Gross, M.; Valtueña, J.; de Henauw, S.; Moreno, L.;
Damsgaard, C.T.; Michaelsen, K.F.; Mølgaard, C.; et al. Vitamin D deficiency in Europe: Pandemic? Am. J.
Clin. Nutr. 2016, 103, 1033–1044. [CrossRef] [PubMed]

134. Holick, M.F. High prevalence of vitamin D inadequacy and implications for health. Mayo Clin. Proc. 2006,
81, 353–373. [CrossRef]

135. Webb, A.R.; Engelsen, O. Calculated Ultraviolet Exposure Levels for a Heal-thy Vitamin D Status.
Photochem. Photobiol. 2006, 82, 1697–1703. [CrossRef]

136. McKenzie, R.L.; Liley, J.B.; Björn, L.O. UV radiation: Balancing risks and benefits. Photochem. Photobiol. 2009,
85, 88–98. [CrossRef] [PubMed]

137. Norval, M.; Björn, L.O.; de Gruijl, F.R. Is the action spectrum for the UV-induced production of previtamin
D3 in human skin correct? Photochem. Photobiol. Sci. 2010, 9, 11–17. [CrossRef]

138. Thompson, J.M.; Fioletov, V.E.; Marrett, L.D.; Rosen, C.F.; Weinstock, M.A. Vitamin D at the Expense of Skin
Cancer Protection: Is It Worth the Risk? J. Investig. Dermatol. 2016, 136, 2104–2105. [CrossRef]

139. Meinhardt-Wollweber, M.; Krebs, R. A computational model for previtamin D(3) production in skin.
Photochem. Photobiol. Sci. 2012, 11, 731–737d. [CrossRef] [PubMed]

140. Olds, W.J.; McKinley, A.R.; Moore, M.R.; Kimlin, M.G. In vitro model of vitamin D3 (cholecalciferol) synthesis
by UV radiation: Dose-response relationships. J. Photochem. Photobiol. B Biol. 2008, 93, 88–93. [CrossRef]

141. Olds, W.J. Elucidating the Links between UV Radiation and Vitamin D Synthesis: Using an In Vitro Model.
Ph.D. Thesis, Queensland University of Technology, Brisbane, Australia, 2010.

http://dx.doi.org/10.1016/j.lwt.2017.02.011
http://dx.doi.org/10.1016/j.foodhyd.2016.04.036
http://dx.doi.org/10.1002/elsc.201600238
http://dx.doi.org/10.1088/0031-9155/42/5/004
http://www.ncbi.nlm.nih.gov/pubmed/9172259
http://dx.doi.org/10.1016/0169-2607(95)01640-F
http://dx.doi.org/10.1364/JOSAA.33.000426
http://dx.doi.org/10.1364/BOE.1.000658
http://www.ncbi.nlm.nih.gov/pubmed/21258498
http://dx.doi.org/10.1117/1.3456370
http://www.ncbi.nlm.nih.gov/pubmed/20615045
http://dx.doi.org/10.1366/000370204774103426
http://www.ncbi.nlm.nih.gov/pubmed/15165336
http://dx.doi.org/10.1364/JOSAA.36.000877
http://www.ncbi.nlm.nih.gov/pubmed/31045016
http://dx.doi.org/10.1056/NEJM198904133201506
http://dx.doi.org/10.1038/nrc3691
http://dx.doi.org/10.3945/ajcn.115.120873
http://www.ncbi.nlm.nih.gov/pubmed/26864360
http://dx.doi.org/10.4065/81.3.353
http://dx.doi.org/10.1111/j.1751-1097.2006.tb09833.x
http://dx.doi.org/10.1111/j.1751-1097.2008.00400.x
http://www.ncbi.nlm.nih.gov/pubmed/18657052
http://dx.doi.org/10.1039/B9PP00012G
http://dx.doi.org/10.1016/j.jid.2016.06.012
http://dx.doi.org/10.1039/c2pp05295d
http://www.ncbi.nlm.nih.gov/pubmed/22327464
http://dx.doi.org/10.1016/j.jphotobiol.2008.07.004


Sensors 2019, 19, 2387 53 of 53

142. Holick, M.F.; MacLaughlin, J.A.; Clark, M.B.; Holick, S.A.; Potts, J.T.; Anderson, R.R.; Blank, I.H.; Parrish, J.A.;
Elias, P. Photosynthesis of previtamin D3 in human skin and the physiologic consequences. Science 1980,
210, 203–205. [CrossRef]

143. Action Spectrum for the Production of Previtamin D3 in Human Skin; CIE Technical Report; CIE Central Bureau:
Vienna, Austria, 2006; Volume 174.

144. van Dijk, A.; den Outer, P.; van Kranen, H.; Slaper, H. The action spectrum for vitamin D3: Initial skin
reaction and prolonged exposure. Photochem. Photobiol. Sci. 2016, 15, 896–909. [CrossRef]

145. Yao, G.; Wang, L.V. Monte Carlo simulation of an optical coherence tomography signal in homogeneous
turbid media. Phys. Med. Biol. 1999, 44, 2307–2320. [CrossRef]

146. Wang, R.K. Signal degradation by multiple scattering in optical coherence tomography of dense tissue: A
Monte Carlo study towards optical clearing of biotissues. Phys. Med. Biol. 2002, 47, 2281–2299. [CrossRef]

147. Nguyen, V.D.; Faber, D.J.; van der Pol, E.; van Leeuwen, T.G.; Kalkman, J. Dependent and multiple scattering
in transmission and backscattering optical coherence tomography. Opt. Express 2013, 21, 29145–29156.
[CrossRef]

148. Kalkman, J.; Bykov, A.V.; Faber, D.J.; van Leeuwen, T.G. Multiple and dependent scattering effects in Doppler
optical coherence tomography. Opt. Express 2010, 18, 3883–3892. [CrossRef]

149. Thrane, L.; Yura, H.T.; Andersen, P.E. Analysis of optical coherence tomography systems based on the
extended Huygens–Fresnel principle. J. Opt. Soc. Am. A 2000, 17, 484. [CrossRef]

150. Varkentin, A.; Otte, M.; Meinhardt-Wollweber, M.; Rahlves, M.; Mazurenka, M.; Morgner, U.; Roth, B. Simple
model to simulate OCT-depth signal in weakly and strongly scattering homogeneous media. J. Opt. 2016,
18, 125302. [CrossRef]

151. Varkentin, A.; Mazurenka, M.; Blumenröther, E.; Meinhardt-Wollweber, M.; Rahlves, M.; Broekaert, S.M.C.;
Schäd-Trcka, S.; Emmert, S.; Morgner, U.; Roth, B. Comparative study of presurgical skin infiltration
depth measurements of melanocytic lesions with OCT and high frequency ultrasound. J. Biophoton. 2017,
10, 854–8619. [CrossRef]

152. Schleusener, J.; Reble, C.; Meinke, M.C.; Helfmann, J. Raman spectroscopy for the discrimination of cancerous
and normal skin. Photon. Lasers Med. 2015, 4, 542. [CrossRef]

153. Antonio, J.R.; Soubhia, R.M.C.; D’Avila, S.C.G.P.; Caldas, A.C.; Trídico, L.A.; Alves, F.T. Correlation between
dermoscopic and histopathological diagnoses of atypical nevi in a dermatology outpatient clinic of the
Medical School of São José do Rio Preto, SP, Brazil. Anais brasileiros de dermatologia 2013, 88, 199–203.
[CrossRef]

154. Mazurenka, M.; Behrendt, L.; Meinhardt-Wollweber, M.; Morgner, U.; Roth, B. Development of a combined
OCT-Raman probe for the prospective in vivo clinical melanoma skin cancer screening. Rev. Sci. Instrum.
2017, 88, 105103. [CrossRef]

155. Wollweber, M.; Heratizadeh, A.; Basu, C.; Günther, A.; Schlangen, S.; Werfel, T.; Schacht, V.; Emmert, S.;
Haenssle, H.; Roth, B. A Non-Contact Remote Digital Dermoscope to Support Cancer Screening and
Diagnosis of Inflammatory Skin Disease. Biomed. Phys. Eng. Express 2017, 3, 055005. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1126/science.6251551
http://dx.doi.org/10.1039/C6PP00034G
http://dx.doi.org/10.1088/0031-9155/44/9/316
http://dx.doi.org/10.1088/0031-9155/47/13/307
http://dx.doi.org/10.1364/OE.21.029145
http://dx.doi.org/10.1364/OE.18.003883
http://dx.doi.org/10.1364/JOSAA.17.000484
http://dx.doi.org/10.1088/2040-8978/18/12/125302
http://dx.doi.org/10.1002/jbio.201600139
http://dx.doi.org/10.1515/plm-2014-0043
http://dx.doi.org/10.1590/S0365-05962013000200002
http://dx.doi.org/10.1063/1.5004999
http://dx.doi.org/10.1088/2057-1976/aa84d3
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Optical Spectroscopy & Applications in the Life Sciences—A Perfect Match
	Raman Spectroscopy
	Experimental and Analytical Tools for Raman Spectroscopy of Biological Samples
	Sample Preparation
	Data Processing—Spectral Calibration, Absolute Intensities, and Background Correction
	Multivariate Spectral Analysis

	Protein Analysis—From Molecule Function to Assessing Cell Systems
	Connexin Hemichannel Gating
	Bacteria Identification

	Carotenoids
	Solvent Effects
	Carotenoid Transitions in Algae


	Optoacoustics
	Calculation of Optical Properties from Optoacoustic Measurements—Forward Solution
	Calculation of Optical Properties from Optoacoustic Measurements—Inverse Solution
	Depth Profiling in Dermatology via Optoacoustic Measurements

	Multimodal Applications—Consecutive Information Flow and Parallel Multi-Source Investigations 
	Tissue Phantoms for Multimodal Verification
	Correction of Raman Spectra via Absorption Spectroscopy and Optoacoustics
	Simulation of Vitamin D3 Photosynthesis
	OCT for Multimodal Measurement and Imaging
	Prediction of Scattering Coefficient via OCT
	Comparative Multimodal Studies of Tissue Thickness via OCT and High-Frequency Ultrasound
	Supporting Diagnostics by Combined Imaging and Spectroscopy


	Summary and Outlook
	References

