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Tissue discrimination in head and neck cancer
using image fusion of IR and optical microscopy†
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A regression-based fusion algorithm has been used to merge hyperspectral Fourier transform infrared

(FTIR) data with an H&E image of oral squamous cell carcinoma metastases in cervical lymphoid nodal

tissue. This provides insight into the success of the ratio of FTIR absorbances at 1252 cm−1 and 1285 cm−1

in discriminating between these tissue types. The success is due to absorbances at these two wavenum-

bers being dominated by contributions from DNA and collagen, respectively. A pixel-by-pixel fit of the

fused spectra to the FTIR spectra of collagen, DNA and cytokeratin reveals the contributions of these

molecules to the tissue at high spatial resolution.

Introduction

Histology and histochemistry/immunohistochemistry are stan-
dard and time-honoured technologies in studying the mor-
phology and chemical composition in relation to location of
cells and tissues, and are pivotal in reaching pathological diag-
nosis. In the case of cancer, except for establishing diagnosis
and pathological grading, they also yield valuable information
on prognosticators.1–4 Nonetheless development of alternative,
complementary technologies is desirable. The latter include
label-free infrared (IR) imaging, which provides spectral resolu-
tion sufficient to reveal some basic information on chemical
structure and is showing some promise as a diagnostic
tool.5–13 However, IR imaging is limited by low spatial resolu-
tion resulting in pixel sizes that cannot resolve details in cells
and tissues,9 and it would be beneficial to combine the spec-
tral and spatial information from IR and histology in fused
images.

Earlier attempts to fuse images used Raman, rather than
histology, and Fourier transform IR (FTIR) hyperspectral
images using a multivariate curve resolution alternating least
squares (MCR-ALS) technique.14 Later studies adopted an
image super-resolution approach to enhance the IR image
resolution by a training generative adversarial network (GAN)
model using routine histological haematoxylin and eosin
(H&E) stained sections of breast tumour biopsies as a high-
resolution image source.15 The approach allowed reconstruc-
tion of the IR low-resolution image based on the H&E high-
resolution image. In addition, an unsupervised curvelet-based
image fusion method effected fusing images of breast and
ovarian tumour biopsies acquired from IR and dark-field
microscopy.16 In general, fusion algorithms differ in their per-
formance and computational load. The most important differ-
ence between these fusion algorithms is in calculating the
weight (i.e., balance the input of high-resolution and low-
resolution image) which is established by solving an optimi-
sation problem.17

Recently a regression-based fusion algorithm18 was used to
merge paired, co-registered H&E and IR images of three speci-
mens of oral squamous cell carcinoma (OSCC) metastases in
cervical lymph nodes. FTIR spectral images of similar speci-
mens have also been analysed using a machine learning algor-
ithm (MLA),19 which revealed that a single “metric”, the ratio
of image intensities at 1252 cm−1 and 1285 cm−1, was able to
discriminate between metastasis and lymphoid tissue with
sensitivities, specificities and precision of 98.8 ± 0.1%, 99.89 ±
0.01% and 99.78 ± 0.02% respectively. Aperture scanning near-
field optical microscopy (SNOM) images of the tissue obtained
at a number of key wavenumbers showed variations in the
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chemical composition of the tissues, but identification of
corresponding cellular elements was problematic. In an
attempt to rectify this, the fused images presented here allow
comparison with the results of the previous MLA and SNOM
studies providing further insight into the chemical compo-
sition of OSCC metastasis.

Experimental
Sample preparation

Archival, formalin-fixed, paraffin-embedded (FFPE) tissue
blocks from cervical lymph node metastases were obtained
from a single patient with OSCC following informed consent.
All experiments were performed under the sponsorship of the
University of Liverpool and with the ethical approval of the
Northwest Liverpool Central Research Ethics Committee (REC
number EC 47.01). A region of interest (ROI) containing both
metastatic OSCC and surrounding lymphoid tissue was identi-
fied by light microscopy on sections routinely prepared and
stained with H&E. Cores of 1 mm diameter containing the ROI
were removed from FFPE blocks using a Beecher MTA-1 tissue
microarrayer for remounting in paraffin. Adjacent 5 µm sec-
tions of this ‘daughter’ block were cut and mounted onto
calcium fluoride (CaF2) disks for FTIR experiments and onto
charged glass slides for H&E staining. Although multiple cores
were taken, only one core was deemed appropriate for study
(as judged from the H&E section). Sections for FTIR were
retained in the paraffin wax to prevent alterations in hydration
and structure of the tissue. H&E stained sections were scanned
using the Aperio CS2 scanner (Leica Biosystems, Milton
Keynes, UK).

Data acquisition

IR data were collected using an Agilent Cary 620 IR microscope
connected to an Agilent Cary 670-IR spectrometer (Agilent,
Stockport, UK) as described previously.20,21 Briefly, collection
was from 3800 cm−1–990 cm−1 using 64 co-added scans (128
for background) at a spectral resolution of 4 cm−1 with an
effective image pixel size of 5.5 µm, and resulted in a FTIR
datacube with both spatial and spectral dimensions. Poor-
quality spectra, with amide I absorbance less than 0.1 or
greater than 2.0, were removed from the dataset. Spectral
regions dominated by paraffin contributions (1350 cm−1–

1500 cm−1 and 2835 cm−1–3000 cm−1) were omitted from the
analysis, and spectra were truncated to the fingerprint region
(900 cm−1–1800 cm−1). A rubber-band baseline correction22

was applied to each spectrum in the truncated dataset, fol-
lowed by vector normalisation. Embedding of the tissues in
paraffin reduced scattering artefacts—hence Mie scattering
correction10 was not strictly necessary for the bulk tissue due
to the refractive index matching between the tissues and
paraffin, but one iteration was applied to all spectra to account
for tissue edge effects.

The data were pre-processed in the following order: rubber-
band correction, noise reduction, scattering correction, quality

test, truncation of regions most affected by paraffin
(1350 cm−1–1500 cm−1 and 2835 cm−1–3000 cm−1) and lastly,
vector normalisation.

Fusion model and quality metrics

Pixel-level image fusion was applied to the FTIR datacube as
previously described.18 Briefly, manual image registration was
used to correct any misalignment between H&E and FTIR
images (Adobe Photoshop 2021 v22). FTIR images were
upsampled using bicubic interpolation to the same spatial x–y
scale as the H&E image (0.25 μm). The H&E image was con-
verted into greyscale and then standardised (scaled) by sub-
tracting the mean and dividing by the standard deviation.18 A
pixel-level fusion algorithm based on a linear regression
model was used to combine high-resolution and low-resolu-
tion images.23 Spectral distortion was minimised by equalising
the fused image with the FTIR image. Lastly, quality metrics
were applied to the images and the spectra to ensure that
neither showed significant distortions. The structural simi-
larity index measure (SSIM)24 (Python scikit-image processing
library25) was used to assess the extent of spatial correlation
between the fused and the H&E images. An SSIM score of 1
indicates that the two images are identical; a lower value indi-
cates less structural similarity. Spectral distortion was quanti-
fied using a spectral angle mapper (SAM) that measures spec-
tral similarity by calculating the angular distortion between
spectra treated as vectors in multidimensional space26 and was
implemented using the MATLAB Image Processing Toolbox27

using the FTIR images as the reference. The SAM score for
identical spectra is zero, while a higher value indicates that the
spectral data is distorted.

Spectral cluster analysis was implemented using the
MATLAB Statistics and Machine Learning Toolbox.28

Molecular spectral fits

Each pixel (spectrum) of the fused images was fitted to the IR
spectra of three molecules, chosen for their biological rele-
vance for the particular tissues.14,29 A least-squares fit (LSF)
implemented in Python produced the contributions of these
molecules which were then assigned to the three (red-green-
blue) colours of the corresponding pixels of an RGB image.

Results

Fused images were created for all the wavenumbers in the fin-
gerprint region producing high resolution images with infra-
red information (Fig. 1).

In order to evaluate the quality of the fused images of this
core, both SSIM and SAM were used along with peak signal to
noise ratio (PSNR) and mean squared error (MSE) (ESI Fig. 1†).
The SSIM scores for all the fused images ranged from ∼0.7 to
∼0.9; due to the importance of maintaining the chemical
information from the FTIR image, the contrast components
between optical H&E and fused images were not expected to
be identical. Scores for all the fused images are higher than
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those for the FTIR images, which ranged from ∼0.1 to
∼0. 2. The SAM scores ranged from ∼0.001 to ∼0.2.

Fig. 2(a) shows the average FTIR spectra of lymphoid cells
(59 230 spectra), tumour (114 970 spectra) and highly kerati-
nised tumour areas (10 265 spectra) that were obtained from a
k-means cluster analysis of the datacube. It is clear that all
these spectra are very similar. However, images at two specific
wavenumbers14 and the ratio of absorbances at those two wave-
numbers showed clear contrast between the biological moi-
eties [Fig. 2(b), (c) and (d)].

The literature and our own previous work suggest that three
key molecules, DNA and molecules from the collagen and cyto-
keratin families, are major contributors to OSCC and support-
ing stroma tissue composite.14,29 Instead of producing fused
images at single wavenumbers that have been assigned to
known vibrational modes in particular moieties, we considered
the spectra of the three key molecules30–32 [Fig. 3(a)] and per-

formed pixel-by-pixel least-squares fits to the fused FTIR
spectra. The goodness-of-fit parameter χ2 was typically in the
range 2 to 5. The contribution of each molecule was then dis-
played as a composite RGB image, with cytokeratin shown in
the red channel, collagen in the green channel and double
stranded (ds)-DNA in the blue channel [Fig. 3(b)] and any pixel
that did not produce a good fit shown as black. A magnified
image taken from the boundary of the metastasis/lymphoid
regions [Fig. 3(c)] showed variations in the chemical compo-
sition of different topographical compartments of the micro-
environment [Fig. 3(d)].

It should be noted that we lack absolute scales as ref. 30–32
did not quantify absorbance scales on which the molecular
spectra were plotted. Hence, the RGB image gives the spatial
distributions of these molecules but not their relative
concentrations.

Discussion

The fusion of optical and IR images has the potential to
combine high resolution spatial and spectral information,
respectively, within the same image.11–13 In the current study,
the spatial resolution of fused images (<1 µm) is considerably

Fig. 1 (a) H&E-stained cervical lymph nodal metastasis of OSCC with
an arrow indicating the region discussed in the text; (b) FTIR image at
1650 cm−1 taken from the adjacent section; (c) fused image of (a) and
(b). The images (b) and (c) are shown over the range of the 95th

percentiles.

Fig. 2 (a) Average FTIR spectra taken from lymphoid cells (green line),
tumour (pink line) and highly keratinised tumour areas (blue line) (offset
for clarity); (b) fused image at 1252 cm−1; (c) fused image at 1285 cm−1;
(d) fused ratio image at 1252/1285. The images (b), (c) and (d) are shown
over the range of the 95th percentiles. The white pixels denote poor-
quality spectra as defined in Data Acquisition.

Fig. 3 (a) FTIR spectra of cytokeratin (red line), collagen (green line)
and ds-DNA (blue line) adapted from ref. 30–32 (offset for clarity); (b)
least-squares fit of the FTIR spectra of these molecules displayed as an
RGB composite image (red = cytokeratin, green = collagen and blue =
ds-DNA) with an arrow indicating the region discussed in the text; (c)
magnified image taken from the white rectangle shown in (b); (d) corres-
ponding H&E image. The individual RGB channels of image (c) are
shown in ESI Fig. 2.†
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greater than the original FTIR images (∼10 µm). Furthermore,
the quality metrics, SSIM and SAM, indicated both good
spatial correlation with the original H&E image and low spec-
tral distortion compared with the original FTIR image, respect-
ively. The findings suggest that the fusion procedure loses
little information from either the optical or the FTIR image.

It is useful to compare the results of this study with a pre-
vious study of fused images of non-cancerous oral epithelium
and underlying stroma.18 The two tissue types were clearly
delineated in both the H&E and FTIR spectral images shown
in Fig. 4 of ref. 18 and histopathologists have a good under-
standing of these tissue types. Consequently, the differences in
contrast between the two tissue types at five different FTIR
wavenumbers could be understood in terms of contributions
from DNA and collagen. The analysis was supported by an
FTIR image obtained at a wavenumber attributed to lipids. It is
notable that the success in interpreting the spectral images of
Fig. 4 of ref. 18 was obtained in the absence of knowledge of
the relative intensities of the DNA and collagen FTIR spectra.
This was only possible because of the clear delineation in the
images of the two tissue types.

In the earlier study of lymphoid nodal tissue and metastatic
OSCC, an MLA achieved excellent discrimination between the
two tissue types in terms of the ratio of absorbances at
1252 cm−1 and 1285 cm−1. These two wavenumbers were attrib-
uted to contributions dominated by DNA and collagen, respect-
ively.19 The fused images obtained in this current work are con-
sistent with those of ref. 19 as shown in Fig. 2(d), which is in
better agreement with the H&E image of Fig. 1(a) than the
images obtained at the individual wavenumbers of 1252 cm−1

and 1285 cm−1. It is worth exploring why the ratio image is suc-
cessful, and whether the attribution of this success solely to
contributions from DNA and collagen is reasonable when it is
known that a third moiety, cytokeratin, makes an important
contribution to the tissue. Ignoring cytokeratin, and other moi-
eties, for the moment we can write the ratio as:

Absð1252Þ
Absð1285Þ ¼

DNAð1252Þ þ Collagenð1252Þ
DNAð1285Þ þ Collagenð1285Þ : ð1Þ

The fused ratio image has low values in the core of the
tumour–cell aggregates, which tends to show higher differen-
tiation in the form of large cells showing increased cytoplasm
enriched with cytokeratins and lower nuclear-to-cytoplasmic
ratios. The absorbance ratio is higher in the non-tumour
regions, emphasising the nuclei of the lymphoid cells. This is
expected as lymphocytes show little cytoplasm, which results
in more closely packed nuclei in the lymphoid tissue com-
pared with the less closely packed nuclei of the differentiated
centres of tumour-cell aggregates.19 The success of eqn (1) in
accounting for the distribution of DNA indicates that the
numerator is dominated by the contribution from DNA and
the denominator by the contribution from collagen. Thus,
even in the absence of knowledge of the relative intensity of
the DNA and collagen spectra, we can conclude that the col-
lagen contributions at 1252 cm−1 and the DNA contributions

at 1285 cm−1 are both relatively weak, which is consistent with
the original attribution of these wavenumbers to DNA and col-
lagen, respectively.

As previously noted, three molecular contributors that are
important in OSCC and supported stroma composite are col-
lagens, DNA and cytokeratins.29,33 In this microenvironment,
cytokeratins are localised in the cytoplasm of tumour cells,
collagens in the stroma and DNA in the nuclei of tumour cells
and immune/inflammatory cells in the stroma. The localis-
ation has been repeatedly confirmed by multiple histochem-
ical and immunohistochemical investigations. Instead of pro-
ducing fused images at individual wavenumbers that have
been assigned to known vibrational modes in particular
chemical moieties, we have included all three key molecules in
the analysis of the fused FTIR images by performing a least-
squares fit pixel-by-pixel to model the contributions of these
molecules. This has the advantage of using all of the spectral
information for each molecule and allowing sub-cellular obser-
vation of molecular contributions. Combinations of more than
just these three molecules were tested by considering the
addition of other molecules that might be present in the tissue
(such as RNA, other proteins, glycogen) but none improved on
the results discussed here.

On the larger spatial scale [Fig. 3(b)], the core of the
tumour-cell aggregates appears mostly red, indicating a large
cytokeratin component to the tissue, whereas the edge of the
aggregates is green, indicating extracellular collagen deposits.
Also, we note that the collagen was associated with keratin
‘pearls’, which is consistent with previous FTIR work.29 The
largest region labelled as collagen [indicated by the arrows in
Fig. 3(b) and 1(a)] appears in the H&E image to be a kerati-
nised region, implying a possible misinterpretation or a
change occurring between adjacent sections. A cytokeratin
stain (ESI Fig. 3†) of an adjacent tissue section showed that
this area is not keratinised. Hence, the least-squares fitting
has identified the presence of a molecule in a region that is
not readily apparent from the H&E alone. Thus, the FTIR data
has provided information that would otherwise require stain-
ing of an additional tissue section.

At higher spatial resolution [Fig. 3(c)] it is apparent that
these peripheral areas are not coloured uniformly but show
overlap with other spectra, as indicated by changes in colour
and intensity. The lymphoid cell nuclei are mostly shown as
blue or cyan in colour, confirming the known overlap between
the DNA (blue) and collagen (green) spectra.31,32 Accordingly,
while areas known histologically to be rich in collagen can be
delineated, the non-uniform and complex appearances at the
periphery of the tumour-cell aggregates are attributable to
nuclei of immune cells adjacent to the nuclei of tumour cells.
The periphery of tumour-cell aggregates tends to show less
differentiation in the form of smaller cells, showing little cyto-
plasm with decreased cytokeratins and higher nuclear-to-cyto-
plasmic ratios. This would result in more closely packed
tumour nuclei therein.

These observations at high spatial resolution could not
have been made without the fusion of the FTIR images with
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an H&E image. This has been demonstrated by applying the
same pixel-by-pixel fit to the original (unfused) FTIR data as
shown in ESI Fig. 4.†

Conclusions

The image fusion procedure described here is capable of com-
bining spectral and high spatial information with only minor
loss of either and confirms that the 1252 cm−1/1285 cm−1 ratio
is a good discriminant of metastatic OSCC within the lym-
phoid nodal tissue at high spatial resolution. The success of
this ratio of absorbances in discriminating between the tissue
types is due to the absorbances at the 1252 cm−1 and
1285 cm−1 being dominated by contributions from DNA and
collagen, respectively. Other moieties will contribute to the
spectral absorbance at these two wavenumbers, notably cyto-
keratin, but it is clear from this and previous work14 that it is
the difference in the contributions from these two molecules
that accounts for the success of this ratio of absorbances in
discriminating between the two tissue types.

Fitting spectra of collagen, DNA and cytokeratin to the
fusion of hyperspectral FTIR data and an H&E image gives
excellent agreement with histopathological analysis and
reveals the distributions of these molecules at high spatial
resolution. This demonstrates the potential of image fusion to
both identify and locate chemical moieties in a way that is not
possible with either FTIR or H&E alone.

Data availability

The data will be available via the University of Liverpool Data
Catalogue.

Author contributions

SAJ designed the experiment, wrote the algorithm used for the
fusion of FTIR and H&E images prepared the figures, analysed
the data, and prepared the first draft. CIS designed the experi-
ment, prepared the figures, analysed the data, administrated
the project and prepared the first draft. JI wrote the machine
learning algorithm that identified the metric and helped with
image processing. CAW and BGE collected the FTIR data. PJG
prepared the tissue microarrays, sectioned and stained tissue
and dewaxed samples for imaging. PG provided access to the
FTIR microscope and supervised the FTIR experiments. SDB
analysed the data, supervised the work, obtained the funding,
administrated the project and prepared the first draft. AT
designed the experiment, classified and annotated the stained
samples. JMR designed the experiment, selected the tissue
samples, analysed the data, supervised the work, obtained the
funding, administrated the project and prepared the first
draft. RJS supervised the work and obtained the funding. PW
designed the experiment, analysed the data, supervised the
work, obtained the funding, administrated the project and pre-

pared the first draft. All authors were involved in a critical
review and edit of the paper.

Conflicts of interest

There are no conflicts to declare.

Acknowledgements

The authors would like to acknowledge Cancer Research UK
for funding (C7738/A26196). SAJ acknowledges the Saudi
Arabian Scholarship Council for a PhD studentship. CAW and
BGE acknowledge support from Engineering and Physical
Sciences Research Council (EPSRC) for PhD studentships.

References

1 L. R. Oliveira and A. Ribeiro-Silva, Int. J. Oral Maxillofac.
Surg., 2011, 40, 298–307.

2 K. Bera, K. A. Schalper, D. L. Rimm, V. Velcheti and
A. Madabhushi, Nat. Rev. Clin. Oncol., 2019, 16, 703–715.

3 P. Mobadersany, S. Yousefi, M. Amgad, D. A. Gutman,
J. S. Barnholtz-Sloan, J. E. Velázquez Vega, D. J. Brat and
L. A. D. Cooper, Proc. Natl. Acad. Sci. U. S. A., 2018, 115,
E2970–E2979.

4 S. Ali, J. Lewis and A. Madabhushi, Spatially Aware Cell
Cluster(SpACCl) Graphs: Predicting Outcome in
Oropharyngeal p16+ Tumors, ed. K. Mori, I. Sakuma, Y. Sato,
C. Barillot and N. Navab, Medical Image Computing and
Computer-Assisted Intervention – MICCAI, Springer,
Berlin, Heidelberg, 2013, vol. 8149, DOI: 10.1007/978-3-642-
40811-3_52.

5 P. Lasch and D. Naumann, Biochim. Biophys. Acta, 2006,
1758, 814–829.

6 R. Bhargava, Appl. Spectrosc., 2012, 66, 1091–1120.
7 M. Miljkovic, B. Bird, K. Lenau, A. I. Mazur and M. Diem,

Analyst, 2013, 138, 3975–3982.
8 M. J. Baker, J. Trevisan, P. Bassan, R. Bhargava, H. J. Butler,

K. M. Dorling, P. R. Fielden, S. W. Fogarty, N. J. Fullwood,
K. A. Heys, C. Hughes, P. Lasch, P. L. Martin-Hirsch,
B. Obinaju, G. D. Sockalingum, J. Sule-Suso, R. J. Strong,
M. J. Walsh, B. R. Wood, P. Gardner and F. L. Martin, Nat.
Protoc., 2014, 9, 1771–1791.

9 L. S. Leslie, T. P. Wrobel, D. Mayerich, S. Bindra,
R. Emmadi and R. Bhargava, PLoS One, 2015, 10, e0127238.

10 M. Pilling and P. Gardner, Chem. Soc. Rev., 2016, 45, 1935–
1957.

11 A. C. S. Talari, M. A. G. Martinez, Z. Movasaghi, S. Rehman
and I. U. Rehman, Appl. Spectrosc. Rev., 2017, 52, 456–506.

12 M. J. Baker, H. J. Byrne, J. Chalmers, P. Gardner,
R. Goodacre, A. Henderson, S. G. Kazarian, F. L. Martin,
J. Moger, N. Stone and J. Sule-Suso, Analyst, 2018, 143,
1735–1757.

13 S. G. Kazarian, Spectrochim. Acta, Part A, 2021, 251, 119413.

Analyst Paper

This journal is © The Royal Society of Chemistry 2023 Analyst, 2023, 148, 4189–4194 | 4193

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

7 
iy

ul
 2

02
3.

 D
ow

nl
oa

de
d 

on
 0

1.
11

.2
02

5 
01

:3
5:

19
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

https://doi.org/10.1007/978-3-642-40811-3_52
https://doi.org/10.1007/978-3-642-40811-3_52
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3an00692a


14 S. Piqueras, C. Bedia, C. Beleites, C. Krafft, J. Popp,
M. Maeder, R. Tauler and A. de Juan, Anal. Chem., 2018, 90,
6757–6765.

15 K. Falahkheirkhah, K. Yeh, S. Mittal, L. Pfister and
R. Bhargava, Chemom. Intell. Lab. Syst., 2021, 217, 104390.

16 R. Mankar, C. C. Gajjela, F. F. Shahraki, S. Prasad,
D. Mayerich and R. Reddy, Analyst, 2021, 146, 4822–4834.

17 H. Kaur, D. Koundal and V. Kadyan, Arch. Comput. Methods
Eng., 2021, 28, 4425–4447.

18 S. Al Jedani, C. A. Whitley, B. G. Ellis, A. Triantafyllou,
C. I. Smith, P. J. Gunning, P. Gardner, J. M. Risk,
P. Weightman and S. D. Barrett, Analyst, 2021, 146, 5848–
5854.

19 B. G. Ellis, C. A. Whitley, S. Al Jedani, C. I. Smith,
P. J. Gunning, P. Harrison, P. Unsworth, P. Gardner,
R. J. Shaw, S. D. Barrett, A. Triantafyllou, J. M. Risk and
P. Weightman, Analyst, 2021, 146, 4895–4904.

20 J. Ingham, M. J. Pilling, D. S. Martin, C. I. Smith,
B. G. Ellis, C. A. Whitley, M. R. F. Siggel-King, P. Harrison,
T. Craig, A. Varro, D. M. Pritchard, A. Varga, P. Gardner,
P. Weightman and S. Barrett, Infrared Phys. Technol., 2019,
102, 103007.

21 S. Al Jedani, C. I. Smith, P. Gunning, B. G. Ellis, P. Gardner,
S. D. Barrett, A. Triantafyllou, J. M. Risk and P. Weightman,
Anal. Methods, 2020, 12, 3397–3403.

22 J. Trevisan, P. P. Angelov, A. D. Scott, P. L. Carmichael and
F. L. Martin, Bioinformatics, 2013, 29, 1095–1097.

23 B. Aiazzi, S. Baronti and M. Selva, IEEE Trans. Geosci.
Remote Sens., 2007, 45, 3230–3239.

24 W. Zhou, A. C. Bovik, H. R. Sheikh and E. P. Simoncelli,
IEEE Trans. Image Process., 2004, 13, 600–612.

25 S. van der Walt, J. L. Schonberger, J. Nunez-Iglesias,
F. Boulogne, J. D. Warner, N. Yager, E. Gouillart, T. Yu and
the scikit-image contributors, PeerJ, 2014, 2, e453.

26 P. Jagalingam and A. V. Hegde, Aquat. Procedia, 2015, 4,
133–142.

27 MATLAB, Image Processing Toolbox, The MathWorks Inc.,
Natick, Massachusetts, United States, 2019.

28 MATLAB, Statistics and Machine Learning Toolbox, The
MathWorks Inc., Natick, Massachusetts, United States,
2019.

29 C. P. Schultz and H. H. Mantsch, Cell. Mol. Biol., 1998, 44,
203–210.

30 Y. Fukuyama, S. Yoshida, S. Yanagisawa and M. Shimizu,
Biospectroscopy, 1999, 5, 117–126.

31 P. Zucchiatti, E. Mitri, S. Kenig, F. Bille, G. Kourousias,
D. E. Bedolla and L. Vaccari, Anal. Chem., 2016, 88, 12090–
12098.

32 K. Belbachir, R. Noreen, G. Gouspillou and C. Petibois,
Anal. Bioanal. Chem., 2009, 395, 829–837.

33 B. G. Ellis, J. Ingham, C. A. Whitley, S. Al Jedani,
P. J. Gunning, P. Gardner, R. J. Shaw, S. D. Barrett,
A. Triantafyllou, J. M. Risk, C. I. Smith and P. Weightman,
Analyst, 2023, 148, 1948–1953.

Paper Analyst

4194 | Analyst, 2023, 148, 4189–4194 This journal is © The Royal Society of Chemistry 2023

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

7 
iy

ul
 2

02
3.

 D
ow

nl
oa

de
d 

on
 0

1.
11

.2
02

5 
01

:3
5:

19
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d3an00692a

	Button 1: 


