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Abstract.  Confocal Raman microscopy (CRM) is applied ex vivo 
for imaging of the spatial distribution of different skin components 
in skin sections containing hair follicles. For multivariate data 
analysis, different methods are used in order to spectrally decom-
pose the reference spectra of the skin components (dermis, viable 
epidermis, stratum corneum and hair). Classical least squares 
regression (CLS) and multivariate curve resolution – alternating 
least squares (MCR-ALS) are chosen as suitable methods. In com-
parison to other optical methods, the advantage of CRM is molecu-
lar specificity and dispensability of labelling dyes, which is e.g. nec-
essary in fluorescence microscopy. Therefore, a useful future appli-
cation of CRM in combination with multivariate data analysis lies 
in the analysis of penetration routes of topically applied substances, 
such as cosmetic formulations or drugs into the skin, which is par-
ticularly interesting in and around hair follicles.

Keywords: dermatology, optical profilometry, multivariate data 
analysis, hyperspectral imaging, skin imaging, confocal Raman 
microscopy.

1. Introduction

Over the years, diverse optical methods for microscopic imag-
ing of skin sections and hair follicles have been applied. Hair 
follicles  are  considered  interesting  because  they  contain  a 

diversity of skin and hair components in close proximity and 
are an important route for the penetration of topically applied 
drugs [1, 2]. Anatomically, a hair follicle embodies an invagi-
nation of the epidermis resulting in an increased surface area 
available for absorption of drugs. Moreover, these invagina-
tions are surrounded by numerous blood capillaries that facil-
itate  systemic  absorption  of  drugs.  Numerous  antigen  pre-
senting cells around the upper part of the hair follicles are of 
special  interest  with  regard  to  immunological  therapy. 
Furthermore, recent studies showed that the hair follicle can 
be a long-term drug reservoir for topically applied nanocarri-
ers for a time period of up to 10 days [3].

Conventional light microscopy is a fast and simple method 
that is suitable for morphologic imaging and is vastly applied 
in  histology.  Confocal  laser  scanning  microscopy  (CLSM) 
can be used in reflectance and fluorescence modes [4, 5]. The 
latter  also  enables  the  visualisation  of  the  distribution  of  a 
fluorescent dye in a biological sample. This is e.g. useful for 
analysis  of  the  penetration  depth  of  topically  applied  sub-
stances into the skin. Thereby, the visualisation and even the 
quantification of  the applied  substances are achieved  [6, 7]. 
However, the penetration characteristic between applied sub-
stances and added fluorescent dyes may differ.

Several methods are also available for label free imaging 
of the intrinsic molecular composition of biomedical samples 
[8] like skin. Two-photon microscopy combined with the fluo-
rescence  lifetime  imaging  technique  (FLIM)  can  be  also 
applied for penetration studies, but the limitations are strong 
due  to  the  frequent  superposition  between  skin  and  sub-
stances’  characteristics  [9,  10]. A clear advantage of CLSM 
and  two-photon  microscopy  is  the  rapid  data  acquisition 
time, which enables in vivo measurements on the skin.

Further, the application of stimulated Raman scattering 
(SRS) microscopy allows for label-free imaging with high spa-
tial resolution of different chemical components and can be 
used to image the penetration of topically applied substances 
[11, 12].

IR microspectroscopy  and  confocal Raman microscopy 
(CRM) can provide molecular  information and can also be 
employed  to  evaluate  the  permeation  of  topically  applied 
agents  into  the  skin  [13 – 17].  Both  optical  techniques  can 
combine the spectral and the spatial information in order to 
be used for hyperspectral imaging. While the data acquisition 
time  is  considerably  slower  with  Raman  than  with  CLSM 
using  isotopically  labelled  functional  groups,  the  technique 
allows not only for detection of the molecular composition, 
but also for monitoring of hydrogen bonding states of water 
molecules [18], structural changes (e.g. protein secondary and 
tertiary structures [18, 19] and lipid chain ordering [20, 21] ex 
vivo  and  in vivo,  which  has  recently  been  shown  for  single 
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point depth profiling of the stratum corneum, and which pro-
vides  information  about  the  skin  barrier  function  [22 – 24]. 
However, due to the slow data acquisition times of the scan-
ning process, these methods are not ideally suitable for 3D in 
vivo imaging measurements of the skin, which could be poten-
tially  accelerated  using  multiplex  approaches  in  the  future 
[25,  26].

With CRM, the relative abundance of different biomole-
cules in the measurement volume can be determined based on 
the intensity of the Raman bands, which enables the differen-
tiation of cells, tissues and skin and of topically applied sub-
stances. Also, the identification of tattoo pigments in case of 
tattooed  skin  was  accomplished  [27].  Besides  the  spectro-
scopic analysis of the individual chemical composition, CRM 
offers  imaging  possibility  by  scanning  the  sample,  which 
therefore  facilitates  the  visualisation  of  spatially  resolved 
component distribution. Several methods have been applied 
for imaging of Raman spectra. For molecular imaging of the 
different  contributions  of  skin  components  or  topically 
applied substances as e.g. caffeine [28], at different positions 
use can be made of mapping of the integrated area under the 
curve (AUC) or the nonlinear regression of a Gaussian func-
tion of single Raman bands. However, individual bands in the 
Raman spectra can usually not be associated with different 
skin  components, due  to  their presence  in different  compo-
nents for varying concentration. Also, the usefulness of this 
method for imaging of follicular penetration might be limited, 
due  to  the  potential  superposition  of  skin-based  and  sub-
stance-based bands. An advantage of these methods is their 
simplicity, but in case of strongly superimposed components, 
artifacts are likely to occur, which would lead to misidentifi-
cation. In order to circumvent this shortcoming and to detect 
very  small  spectral differences,  several multivariate analysis 
methods  exist,  considering  information  about  the  entire 
Raman spectra as opposed to individual Raman bands [29].

Zhang  et  al.  [30]  used  multivariate  factor  analysis  to 
determine regions of similarity, which were, based on their 
location, subsequently assigned to skin components, such as 
stratum  corneum,  viable  epidermis  and dermis. Tsai  et  al. 
[31] used principal component analysis combined with linear 
discriminant  analysis  for  imaging  of  stem  cells  in  the  hair 
bulge in the follicle, where their density is comparably high. 
This method is intended to detect differences of two classes 
of spectra. Based on a priori knowledge of the class affilia-
tion, sensitivities and specificities of the method can be cal-
culated.  Franzen  et  al.  [32]  used  a  multivariate  analysis 
method for molecular imaging on hair follicles and differen-
tiated the contribution of hair, epidermis, dermis and sebum 
[2].  Thereby,  similarities  in  sebum  of  human  and  porcine 
hair follicles were found, and their distribution on the hair 
was imaged. This is important information, because follicu-
lar sebum is a release medium for drugs penetrating through 
the follicular pathway. Drug delivery to hair follicles is likely 
dependent on the physicochemical properties of  the drugs, 
lipidic similarity between the sebum and the formulation, as 
well as on the activity status, size and density of the hair fol-
licle [33, 34].

Classical least squares regression (CLS) is another method 
for identification of different components. CLS requires the 
reference spectrum (loading) of each pure compound  in  the 
sample to calculate their contributions in the dataset (scores). 
This algorithm approximates the spectrum at each position as 
a linear combination of all the reference spectra. The scaling 
factors  (scores),  corresponding  to  each  reference  spectrum, 

are optimised to get the best fit of the original spectrum. The 
resulting  scores  are  then used  to  create  a map  showing  the 
distribution of the pure compounds. CLS is considered to be 
the most reliable method in cases where all the reference spec-
tra of the pure compounds in the sample are known, as has 
been used, e.g. for the Raman based imaging of chemical sub-
stance distribution  in pharmaceutical  tablets  [35,  36] or  the 
penetration  depth  of  topically  applied  substances  [37].  The 
availability of reference spectra of pure substances, however, 
can be problematic to access when measuring biological tis-
sues or cells with complex amounts of constituents and only a 
limited number of reference spectra available. With regard to 
skin, Caspers et al. [38] have improved the quantification by 
using spectra of pure substances of SC components. The effi-
ciency of CLS is further reduced in the presence of position 
shifts or changes of broadness of Raman bands, which might 
occur  if  the  pure  substances  interact  with  each  other.  One 
possibility to improve CLS could be the selection of specific 
wavelength ranges for the analysis [39].

An  alternative  method  is  multivariate  curve  resolu-
tion – alternating  least  squares  (MCR-ALS)  [40],  which  has 
been widely used for different applications of Raman-based 
hyperspectral  imaging  [41,  42]  and  investigations  of  sub-
stances’ penetration into the skin [43]. Similar to CLS, MCR-
ALS can recover the concentration and pure spectra of ana-
lytes of interest and can additionally estimate the spectra of 
possible  interferences. This method  is proved to be particu-
larly useful in cases where spectra of the pure substances are 
not available [44 – 47]. Using MCR-ALS, e.g. the imaging of 
resolved components on several forms of skin cancer has been 
accomplished [48]. Mathematically, all spectra of the collec-
tive mixture are decomposed into two matrices: loadings and 
scores. The loadings are referred to as chemically interpreta-
ble  basis  that  reflect  the  spectra  of  components;  the  scores 
represent  the  concentration  profiles  of  the  corresponding 
component. This decomposition is conducted using an itera-
tive alternating least squares method [49 – 51]. The number of 
contributing pure components can be estimated using singu-
lar value decomposition. Unlike CLS, the pure spectra of the 
components  do  not  have  to  be  available  in  MCR-ALS. 
Instead,  the pure spectra can be  initially estimated with  the 
SIMPLISMA  algorithm  [52].  However,  available  reference 
spectra can serve as a starting point for the iterative optimisa-
tion procedure. The main advantage of CLS and MCR-ALS 
is their ability to analyse the whole spectra instead of single 
band intensities.

In  this  study, we  investigated  the  spatial  distribution of 
skin components in hair follicle containing skin sections using 
Raman microscopic imaging combined with CLS and MCR-
ALS models. We compared the CLS and MCR-ALS models 
according  to  their performance  to  extract  semi-quantitative 
and  spatially  resolved  information  about  the  skin  compo-
nents. It was shown that skin components can be clearly dis-
tinguished  based  on  their  molecular  structures  revealed  by 
their  Raman  spectra.  This  provides  additional  information 
that  cannot  be  extracted  by  conventional  imaging methods 
such as laser scanning microscopy. In addition, the results can 
be further improved by combining a pre-step differentiation 
of the different skin components. This study demonstrates the 
potential of Raman microscopic imaging in combination with 
CLS and MCR-ALS models  for  identifying the penetration 
characteristics of topically applied substances, which is chal-
lenging due to their  low concentration and the multitude of 
native components in the skin.
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2. Methods

2.1. Skin sample preparation

Porcine skin was chosen in this study due to its morphological 
similarity to human skin [5] and its suitability for ex vivo mea-
surements  [5,  53].  The Raman-spectral  similarities  between 
the  human  and  porcine  skin  components  have  also  been 
widely  reported  [9,  54]. The porcine  ear was provided by  a 
local butcher and was used for the experiments on the day of 
slaughter. The ear was cleaned with cold flowing water and 
was dried with paper towels. The bristles were carefully short-
ened with  scissors  to not affect  the  integrity of  the  stratum 
corneum.  Biopsies  were  taken  using  a  scalpel.  Cryospray 
(Cryo-Spray, SLEE medical GmbH, Mainz, Germany) was 
applied to facilitate separation of the skin samples from the 
underlying  tissue.  The  biopsies were  flattened  between  two 
glass slides, again fixed with cryospray, placed in liquid nitro-
gen and subsequently stored in a freezer at – 20 °C until fur-
ther  processing.  The  experiments  were  approved  by  the 
Veterinary  and Food  Inspection Office, Dahme Spreewald, 
Germany.

2.2. Cryohistological cross sections 

The  cross-sectional  tissue  samples of  the biopsies were pre-
pared  using  a  cryomicrotome  (Cryostat  Microm  HM  560, 
Microm  International  GmbH,  Walldorf,  Germany).  Each 
biopsy  was  embedded  in  tissue  freezing  medium  (Leica 
Biosystems Nussloch GmbH, Nussloch, Germany) on a metal 
sample  holder  inside  the  cryomicrotome  at  – 30 °C.  The 
embedded skin was sectioned into 30 mm slices by microtome 
blades before being placed onto superfrost glass slides (Carl 
Roth GmbH + Co KG, Karlsruhe, Germany) and for  later 
analysis stored at – 20 °C. For the subsequent measurements, 
the sections containing hair follicles were selected.

2.3. Confocal Raman microscopy

2.3.1. Mapping acquisition. Measurements of hair follicle con-
taining skin sections were performed using a Labram HR800 
Evolution CRM (Horiba Jobin Yvon, France) in the finger-
print region (FP, 400 – 2500 cm–1) with excitation at 473 nm 
and  6.1  mW  optical  power  on  the  sample  surface,  a 
600 lines mm–1 grating and a spectral resolution of < 4 cm–1. 
The advantage of blue light for this application is a smaller 
spot  size  in  comparison  to  infrared excitation. As measure-
ments  are  only  taken  from  the  surface  of  the  sections,  the 
reduced light penetration depth into the skin, due to absorp-
tion  and  scattering  [55,  56],  is  negligible.  The  microscopic 
images of the hair follicles were collected with a 10´ objective, 
Raman measurements were performed with a 100´ objective. 
The mapped areas were selected considering the extension of 
each hair follicle. The maps of the hair follicle included 80 ́  90 
spectra  in  an  area of  1 mm2. With  a  5  s  exposure  time per 
spectrum, the total acquisition time for one section took sev-
eral hours and was performed overnight.

The autofocus reflection mode integrated in the Labspec 
software (Horiba Jobin Yvon, France) was employed for the 
detection of the sample surface for every position, which was 
based  on  the  intensity  of  the  reflected  light,  instead  of  a 
Raman signal [57]. This decreased the total acquisition time, 
as only one spectrum was acquired for every x, y coordinate. 
The autofocus setup was established individually for the hair 

follicles  according  to  the  following  procedure:  by  visually 
focusing on the sample, a z-value of 0 was assigned to the low-
est point of the sample (glass cover-slide), then the z-value of 
the highest point of the sample was obtained (normally placed 
on the hair). Thereby, the setup range for the autofocus was 
established, which was  scanned  in  1 mm  increments  for  the 
surface determination in the mappings.

2.3.2. Reference component spectra. Reference spectra of 
pure substances were used in the CLS and MCR-ALS meth-
ods to determine the distribution of the compound in the hair 
follicle. Reference  spectra  of  stratum  corneum  (SC),  viable 
epidermis, dermis, hair, glass substrate and cryospray drops 
were obtained from unambiguously assignable positions of a 
cryo-section that was only used for this purpose.

Except for a five times longer integration time, all refer-
ence measurements were performed on the same settings, as 
employed for the mapping acquisition.

2.4. CLS and MCR-ALS data analysis

2.4.1. CLS. The CLS fitting was performed with the Labspec 
software. Cosmic spikes were removed and the fluorescence 
background was fitted with a seventh order polynomial and 
subtracted from the Raman spectra. Subsequently, multivari-
ate CLS regression was performed using the reference compo-
nent spectra. The contributions were normalised in order to 
let  the  sum of  scores be  100 %,  and were  restricted  to non-
negativity. Finally, all contributions of the different compo-
nents were plotted in false colour intensity images in relation 
to the microscopic images. As each Raman spectrum is a fin-
gerprint of the chemical composition of the sample, the spa-
tial distribution of different  substances can be analysed. By 
assigning each component to a colour, the distribution of all 
reference  spectra  within  the  examined  section  can  be  indi-
cated  giving  a  colour-coded  image  of  the  scanned  area. 
Mixtures of substances appear in mixed colours.

2.4.2. MCR-ALS. The recorded spectra were also analysed 
using the MCR-ALS algorithm. This was performed using in-
house  written  algorithms  based  on  the  programming  lan-
guage Gnu R [58]. All spectra were pre-processed  including 
spike removal, baseline correction, and vector normalisation 
[59,  60].  In particular,  the baseline  correction was  achieved 
with  the  asymmetric  least  squares  (ALS)  approach  in  the 
‘baseline’ package [61]. The MCR-ALS was conducted using 
the ‘ALS’ package [62]. Reference spectra of the components 
were applied as initial estimates of MCR-ALS. The only con-
straint applied for the optimisation process was non-negativ-
ity of the resolved scores and loadings [63]. The score of each 
component  was  divided  by  the  sum  of  all  scores  for  every 
measured  position  in  order  to  obtain  the  semi-quantitative 
parameters of the corresponding component, as was done by 
Vajna et al. [36].

3. Results and discussion

3.1. Reference component spectra

Figure 1 shows the pre-processed spectra of the hair follicle 
components  and  external  components,  respectively. 
Noticeable  differences  between  the  tissue  spectra  (SC,  hair, 
viable epidermis and dermis) can be observed. A major differ-
ence  recognised  in  the hair  spectrum  is  the  sulphur  content 
[64], which is indicated by the relatively higher intensities of 
the S – S-related band around 510 – 530 cm–1 [65]. The higher 
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amount of sulphur is due to the higher amounts of sulphur-
containing amino acids (cysteine) from the hair’s hard kera-
tins.  In  the  hair,  7 % – 8 %  of  the  amino  acids  are  cysteine, 
whereas in the SC (another highly keratinised tissue) it repre-
sents only 0.5 % [66]. The higher content of keratin in the hair 
is also indicated by the higher amide I band at 1650 cm–1 com-
pared to the other spectra.

The SC shows some particularities compared to the hair, 
not only on the lower intensities of the bands related to the 
sulphur content previously detected (505 and 1650 cm–1), but 
also for the presence of a prominent band at 1064 cm–1 related 
to the skeletal C – C stretch of lipids [67].

The dermis  spectrum  can be differentiated  from  that  of 
the epidermis by the two double bands in the 815 – 850 cm–1 
and 920 – 940 cm–1 ranges. This pattern is typical of collagen 
[68], which  is  localised  in  the papillary and reticular dermis 
[69 – 71],  and  is  sensitive  to  collagen hydration  [72]. On  the 
other  hand,  the  amide  I  band  associated  to  proteins 

(1650 cm–1) is highest for the hair spectrum, which is due to 
the higher keratin content in hair.

3.2. Mapping results

3.2.2. CLS. After processing  the  spectral  data with CLS  to 
identify  the  component  distribution,  a  false  colour  Raman 
image is obtained, with the colours representing the contribu-
tion  of  the  reference  Raman  spectra  from  the  fingerprint 
range. A microscopic overview image, stitched from two pho-
tographic images, of a skin section containing a hair follicle 
with an intact hair, which was used for the Raman analysis, is 
shown in Fig. 2a. In Fig. 2b, the dermis is shown in red, viable 
epidermis  in yellow, hair  in brown, SC in green, cover-slide 
glass  in  navy  blue  and  cryospray  drops  in  light  blue.  This 
approach displays differences  in  intensity  scores and allows 
the  spatial  association  of  multiple  components  simultane-
ously in one position. Therefore, a detailed depiction of the 
distribution of the different components is provided.

In Fig.  2b,  the hair  is  correctly  assigned  in  the  cryosec-
tions. The viable epidermis and the dermis can be clearly dif-
ferentiated  in  two  different  layers.  The  distributions  of  the 
three compounds (hair, viable epidermis and dermis)  fit  the 
distribution in the microscopic image when compared side by 
side. Correctly mapping  the  distribution  of  the  SC  is more 
challenging;  the obtained scores are distributed not only on 
the  skin  surface,  but  also  scattered  on  the  hair  and  on  the 
deepest region of the hair follicle. The SC is correctly marked 
in the infundibulum and external SC, where it has a thickness 
of 10 – 20 mm [73]. Below the infundibulum, the scores of the 
SC are rather discontinuous and less intense in the cryo-sec-
tions. One possible explanation could be that whereas in the 
upper  infundibulum the epithelium is covered by  intact SC, 
the barrier of the lower infundibulum is interrupted as the dif-
ferential pattern switches from epidermal to tricholemmal dif-
ferentiation  [74].  Therefore,  the  collected  spectra  in  these 
regions are gradually changing to more ‘epidermis-like’ fea-
tures. The SC scores are also plotted broadly nearby the cryo-
spray drops, in the deeper area of the mapped area. It should 
be remarked, that in this area also other components are not 
well allocated. The scores of hair, SC and glass are mapped in 
this region but none of these components are observed nearby 
in the microscopic image. Therefore, we suggest that the cryo-
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Figure 1. (Colour online) Reference Raman spectra of ( 1 ) cryospray, 
( 2 ) hair, ( 3 ) viable epidermis, ( 4 ) dermis, ( 5 ) stratum corneum and ( 6 ) 
glass  substrate  in  the  fingerprint  region.  For  clarity,  the  spectra  are 
shown offset.
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Figure 2. (Colour online) (a) Microscopic overview image of a skin section containing a hair follicle with an intact hair, stitched from two photo-
graphic images, and (b) CLS scores of Raman spectra for the same hair follicle.
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spray drops may  interfere with  the measurements,  clogging 
up  the  correct  component  identification  in  this  area.  The 
elongated region on the right of the hair located on the glass 
substrate  shows  residuals  from  the  cryo-sectioning  process 
and exposes contribution of various components. 

3.2.3. MCR-ALS. The same hair follicles were also analysed 
with  MCR-ALS.  The  resulting  scores  are  plotted  in  heat 
maps  in  relation  to  their  respective  acquired  microscopic 
images shown in Fig. 2a. The Raman spectra of dermis, viable 

epidermis, SC, hair, glass substrate and cryospray drops were 
employed as starting estimates for the calculations.

Figure 3 shows the heat maps of scores for the intrinsic 
components dermis, viable epidermis, stratum corneum and 
hair.  The  extrinsic  components  glass  and  cryospray  are 
shown  in Fig. 4. The dermis, SC and hair  regions are cor-
rectly identified. In the latter case, the surrounding areas in 
the  lowest  part  of  the  hair  follicle  also  show  considerable 
contribution of the hair. Due to spectral similarity between 
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Figure 3. (Colour online) Heat maps of MCR-ALS scores of (a) dermis (a), (b) viable epidermis, (c) stratum corneum and (d) hair in relation to the 
position on the hair follicle. 
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Figure 4. (Colour online) Heat maps of MCR-ALS scores of (a) glass substrate and (b) cryospray in relation to the position on the hair follicle.
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hair and epidermis components, the epidermal regions also 
show  some  contribution  of  the  hair  component,  which  is 
smaller by a  factor of ~2. The SC  is mostly assigned cor-
rectly but shows some artifacts in the regions below the hair 
follicle, which is mostly identified as cryospray, as shown in 
Fig. 4b. The cryospray drops and the glass substrate is most 
distinctly  identified.  This  can  be  explained  by  the  pro-
nounced spectral differences.

4. Conclusions

Skin sections containing hair follicles have been analysed by 
CRM. The analysis was based on multivariate data analysis 
for  detection of  the  spatial  distribution of  the  skin  compo-
nents (SC, viable epidermis, dermis and hair).

The  CLS method maps  the  distribution  of  the  selected 
components  reasonably  good.  Some  interference  was 
observed when cryospray drops were detected but  the main 
structures  of  the  hair  follicle  were  correctly  displayed. 
Therefore, the spatial distribution of skin structures is possi-
ble  with  this  method.  The  results  obtained  by  MCR-ALS 
showed similar distribution of the components in the follicles 
to the obtained results using CLS.

We can conclude that confocal Raman microscopy com-
bined with the CLS or the MCR-ALS data analysis enables 
visualisation and characterisation of the follicle’s most impor-
tant  components  without  any  labelling  or  staining. 
Furthermore, the methodology bares a high potential to track 
penetration of drugs and drug delivery systems via the follicu-
lar or transfollicular pathway. For accurate determination of 
the distribution of topically applied substances, more sophis-
ticated discriminant analysis methods appear promising. For 
these methods, however, training sets with a known substance 
distribution  is  necessary.  This  is  also  an  important  step  in 
order to validate the applied methods. The long-term immer-
sion of skin sections in substances, with assumed homogenous 
distribution, could be one approach to achieve this task. 
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