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Streszczenie

Celem niniejszej rozprawy doktorskiej bylo opracowanie i optymalizacja metodyki dla
obrazowania spektroskopowego w podczerwieni (IR), pod katem osiggnigcia maksymalnej
jakosci danych oraz tworzenia modeli klasyfikacji histopatologicznej raka trzustki. Ponadto,
podmiotem prowadzonych prac bylo rozwinigcie technik wyznaczania orientacji
makromolekul, co zwiazane jest z hipotezag moéwiaca o dostarczaniu przez nie dodatkowych
informacji o chorobie oraz usprawnianiu modeli klasyfikacyjnych. Oba zagadnienia
uwzgledniaja wykorzystanie spektroskopii w podczerwieni, zapewniajacej ogrom informacji
na temat skladu biochemicznego badanej probki. Co kluczowe, realizacja opisanych powyzej
aspektow jest wsparta przez doglebnic zoptymalizowane procedury wstgpnego przetwarzania
danych, ze skupieniem na metodach odszumiania oraz korekty linii bazowe;.

W zwigzku z nakreslonymi powyzej celami, w pracy pt. ,,Obrazowanie w podczerwieni
w klasyfikacji histopatologicznej i orientacji makromolekut, wsparte zoptymalizowanymi
metodami wstepnego przetwarzania danych” mozna wyodrgbni¢ cztery obszary tematyczne
zlozone ze zbioréw publikacji. Pierwszy zwigzany jest z szeroko pojetymi optymalizacjami
technik odszumiania widm oraz obrazéw spektroskopowych, pod katem podniesienia jakosci
sygnatu oraz poprawy czulo$ci klasyfikacji histopatologicznej. Kolejnym obszarem jest sama
klasyfikacja histopatologiczna oraz jej skuteczno$§¢ w diagnostyce nowotworéw trzustki w
oparciu o obrazowanic IR. Trzeci obszar badafn to wyznaczanie orientacji makromolekut,
w plaszczyznie (2D) oraz przestrzeni (3D), wykorzystujace spolaryzowana spektroskopig
w podczerwieni, a docelowym zastosowaniem obu metod jest okre§lanie orientacji wlokien
kolagenowych. Finalnym tematem jest implementacja metody korekty linii bazowej typu
EMSC (ang. Extended Multiplicative Signal Correction) skierowanej do prébek
o cylindrycznym ksztalcie (np. widkien), wywolujacych silne rozpraszanie typu Mie.

W czgbci teoretycznej pracy pokryte zostaly podstawy fizyczne zagadnien zwiazanych
z badaniami opisanymi w publikacjach wchodzacych w sklad rozprawy. Rozdzial rozpoczeto
od opisu spektroskopii IR, skupiajac si¢ na podstawach spektroskopii oscylacyjnej oraz
kwestiach zwigzanych z analiza ilo§ciowa. Scharakteryzowany zostal uklad do transmisyjnej
Spektroskopii Fourierowskiej w podezerwieni (FT-IR) z uwzglgdnieniem ukladu optycznego
i aspektow uzyskiwania obrazu. Przyblizono tez dwie dodatkowe metody spektroskopii IR,
ktore byly wykorzystane w badaniach — mikroskopie QCL (ang. Quantum Cascade Laser) oraz
O-PTIR (ang. Optical-PhotoTermal Infrared). W dalszej cze$ci uwaga skupiona zostala na
konkretnych metodach wstgpnego przetwarzania danych. W grupie technik odszumiania
spektralnego 1 przestrzennego znalazly si¢ proste filtry (Sredniej, medianowy, itp.),
czestotliwosciowy filtr  dolnoprzepustowy, filtr Savitzky’ego-Golay’a, Falki, Analiza
Gléownych Sktadowych (PCA) oraz metoda Najmniejszej Frakeji Szumu (MNF). Nastepnie
poruszono aspekty korekty linii bazowej, powstajacej w wyniku efektow rozpraszania
dominujacych w transmisyjnym trybie pomiarowym. Gléwna uwaga zostala skupiona na
algorytmach typu EMSC, wykorzystujacych zaréwno pelng teorie rozpraszania typu Mie, jak
i uproszezenie van de Hulsta. Szczegéltowo opisany zostat algorytm EMSC stuzacy do korekty
rozpraszania przez probki o cylindrycznym ksztalcie. Trzeci podrozdzial wstgpu teoretycznego



opisuje wykorzystanie spolaryzowanej spektroskopii IR do wyznaczania orientacji dipolowych
momentéw przejécia. Opisano metodg 2D, dajaca informacje ograniczong do kierunku rzutu
momentu dipolowego na plaszczyzng, oraz metode 3D, jednocze$nie wykorzystujaca dwa
momenty dipolowe i zapewniajaca informacj¢ przestrzenng o ich orientacji. Poprzez analizg
kierunkéw oscylacji atomdw, orientacja momentéw dipolowych jest przenoszona na orientacje
taficuchéw w makromolekulach. Rozdzial sfinalizowano opisem metody klasyfikacji Las
Losowy (ang. Random Forest), wykorzystanej w badaniach nad modelem histopatologicznym
nowotworow trzustki.

Kluczowym dla niniejszej rozprawy fragmentem jest rozdzial przedrukéw. Grupuje on
publikacje, bedace podstawa pracy, w cztery wspominane wyzej watki tematyczne. Kazdy
z tematéw posiada krétki opis kontekstu oraz motywacji do przeprowadzonych badafi, jak
réwniez kluczowe rezultaty i plynace z nich konsekwencje. Pierwszy i najwigkszy zbior
publikacji dotyczyl wplywu odszumiania na dane spektroskopowe oraz na skutecznosé
klasyfikacji histopatologicznej. Doglgbnie zoptymalizowano szereg metod spektralnego
i przestrzennego odszumiania w szerokim zakresie ich parametrow. W przypadku zasto sowania
skierowanego na poprawg jakosci sygnalu zastosowano symulowane zestawy danych o réznym
poziomie szumu oraz rozdzielczosei przestrzennej. Umozliwilo to oszacowanie skuteczno$ci
metod, zaréwno pod katem poprawy stosunku sygnalu do szumu (SNR), jak
i zminimalizowania zaburzen sygnalu wprowadzanych przez odszumianie. Uzyskane wyniki
wskazaly na ogromna skuteczno$¢ metod MNF i PCA, uwidaczniajac mozliwos$é redukeji
czasu pomiarowego do minimum (np. do 4 skanéw). Ponadto, skrypty do generacji danych
symulowanych, wraz z samymi danymi, zostaly udostgpnione na zasadach otwartego dostgpu.
Odszumianie zostalo réwniez zoptymalizowane pod katem poprawienia skuteczno$ci
klasyfikacji z wykorzystaniem Laséw Losowych. Pokazano, ze po zastosowaniu metody PCA
lub MNF do danych FT-IR, czulos¢ klasyfikacji na poziomie piksela wzrasta o nawet 43-44%.
W przypadku klasyfikacji opartej o dane pochodzace z mikroskopii QCL, zastosowanie MNF
wskazalo mozliwo$¢ redukceji informacji spektralnej do zaledwie 20 zmiennych (pasm).
Przytoczone optymalizacje odszumiania mialy kluczowy wplyw na opisang dalej klasyfikacje.

W ramach tematyki zwigzanej z klasyfikacja histopatologiczng trzustki, celem badan
bylo stworzenie modeli umozliwiajacych detekcje nowotworéw w oparciu o spektroskopig FT-
IR oraz metody uczenia maszynowego (Lasu Losowego). W tym celu zebrano dane dla ponad
600 biopsji trzustki, pochodzacych od okolo 250 pacjentéw, wykorzystujac zaréwno
standardowy (15x) jak i wysokorozdzielezy obiektyw (36x), zapewniajacy bardzicj
szczegblowa informacje przestrzenna. Finalnie stworzone zostaly modele wyrdézniajace po
6 klas, co umozliwia detekcje nowotworu lub zapalenia ze skutecznoscia na poziomie 95%.
Dodatkowo, zaprezentowano mozliwo§¢ detekeji marginesu chirurgicznego uwidaczniajacego
wyrazng granicg pomigdzy zdrowa, a nowotworowa tkanka.

Teorie na temat wplywu tkanki wioknistej, bedacej mikrootoczeniem nowotwordéw, na
przebieg choroby oraz skutecznosci leczenia byly motywacja do rozwoju metod wyznaczania
orientacji makromolekut, w oparciu o spolaryzowang spektroskopi¢ FT-IR. Przedstawiono
rezultaty zastosowania metody 2D do tkanck bogatych we wldkna kolagenowe, a otrzymane
wyniki wyraznie wskazaly kierunki orientacji molekul. Co wiecej, funkcja Hermansa
wyeksponowata wysoko i nisko ustrukturyzowane obszary, odpowiednio dla tkanki widknistej
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oraz komdrek nablonkowych. Bylo to pierwsze zastosowanic tej metody do tak
skomplikowanego ukladu jak tkanka. W dalszym kroku zaprezentowano pierwsza
implementacj¢ do danych eksperymentalnych, teoretycznej metody wyznaczania orientacji 3D.
Wykorzystano w tym celu dobrze opisany w literaturze uktad polimeru polikaprolaktonu
w krystalicznej formie sferulitu. Metode zaaplikowano réwniez do danych O-PTIR,
umozliwiajacych pomiary z submikronowa rozdzielczo$cia. Wyznaczona orientacja
makromolekut byla zgodna z przewidywaniami teoretycznymi, tworzac wspolérodkowe okregi
wokol centrum nukleacji, co przyblizylo potencjal tej metody w nietomograficznym
i niedestruktywnym wyznaczaniu orientacji 3D.

Tkanka wloknista analizowana w ramach badaf nad orientacja ujawnila wysokie
tendencje do rozpraszania §wiatla, w znacznym stopniu zaburzajace analizy. Dlatego czwarta
iostatnia poruszony w rozprawic tematyka jest korekta rozpraszania. Przedstawiono
implementacj¢ algorytmu EMSC stuzacego do korekty rozpraszania typu Mie przez probki
o cylindrycznym ksztalcie. Algorytm rozszerzono réwniez o przypadek liniowej polaryzacji
$wiatla, aby jak najlepiej dopasowaé go do zastosowan zwigzanych z wyznaczaniem orientacji.
W celu przyspieszenia obliczen wykorzystano procesory graficzne, a stworzona
w oprogramowaniu MATLAB biblioteka zostala udostgpniona na zasadach otwartego dostepu.
Wi6kno polimeru o silnych wlasciwos$ciach rozpraszajacych zostalo wykorzystane do walidacji
nowego algorytmu, ktory okazal si¢ skuteczniejszy od metody referencyjne;j.
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Abstract

This doctoral dissertation was aimed at the development and optimization of
a methodology for infrared (IR) spectroscopic imaging, with the goal of achieving maximum
data quality and creating models for histopathological classification of pancreatic cancer.
Moreover, the research was focused on the development of techniques for the macromolecular
orientation determination, which is related to the hypothesis stating, that they can provide
additional information about the disease and improve classification models. Both of these issues
are based on the use of infrared spectroscopy, which provides a wealth of information about the
biochemical composition of the analyzed sample. What is crucial, the implementation of the
aforementioned aspects is supported by thoroughly optimized data preprocessing procedures,
with a focus on denoising and baseline correction methods.

In relation to the objectives outlined above, the thesis entitled “Infrared Imaging in
histopathological classification and macromolecular orientation determination, supported by
optimized data preprocessing methods” can be divided into four thematic areas, composed of
publication sets. The first area is related to the optimization of spectral and spatial denoising
techniques, to improve the quality of the signal and the effectiveness of histopathological
classification. The following area focuses on histopathological classification and its
effectiveness in diagnosing pancreatic tumors using IR imaging. The third research area is the
determination of the in-plane (2D) and in-space (3D) macromolecular orientation using
polarized infrared spectroscopy, with the focus pointed at the orientation of collagen fibers. The
final topic is the implementation of the EMSC (Extended Multiplicative Signal Correction)
baseline correction method for samples with cylindrical domains (e.g. fibers), which exhibit
strong Mie-type scattering.

The theoretical part of the thesis covers the physical basis of the aspects related to the
research, described in the publications included in the work. The chapter begins with
a description of IR spectroscopy, focusing on the fundamentals of vibrational spectroscopy and
quantitative analysis. The transmission Fourier Transform Infrared Spectroscopy (FT-IR) setup
was characterized, including the optical system and image formation aspects. Two additional
far-field IR spectroscopic methods are also introduced, namely Quantum Cascade Laser (QCL)
microscopy and Optical-PhotoThermal Infrared (O-PTIR). The following part focuses on
specific data preprocessing methods, including spectral and spatial denoising techniques. The
group of denoising techniques includes simple filters (mean, median, etc.), low-pass frequency
filter, Savitzky-Golay filter, Wavelets, Principal Component Analysis (PCA), and the
Minimum Noise Fraction (MNF) method. The aspects of baseline correction, resulting from
scattering effects dominant in the transmission measurement mode, are then discussed. The
main attention is focused on EMSC-type algorithms, utilizing the full Mie-type scattering
theory and the van de Hulst approximation. The EMSC algorithm for scattering correction in
samples with cylindrical domains is described in detail. The third subchapter of the theoretical
introduction describes the use of polarized IR spectroscopy for the determination of the
transition dipole moments orientation. The 2D method provides limited information about the
projection of the dipole moment onto the plane, whereas the 3D method utilizes two dipole
moments simultaneously and provides spatial information about their orientation. By analyzing
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the directions of vibrations, the orientation of transition dipole moments is used to determine
the orientation of macromolecular chains. The chapter concludes with a description of the
Random Forest classification method, which was used in pancreatic cancer histopathology
research.

The key part of this dissertation is the chapter featuring publication reprints. It groups
the papers, that form the fundaments of this thesis, into the four thematic threads mentioned
above. Each of the topics has a brief description of the context and motivation for the conducted
research, as well as the crucial results and conclusions. The first and largest set of publications
is focused on the influence of denoising on spectroscopic data and the histopathological
classification results. A range of spectral and spatial denoising methods were thoroughly
optimized across a wide range of parameters. In the case of signal quality improvement,
simulated data sets with varying levels of noise and spatial resolution were used. This allowed
for estimation the effectiveness of the methods, in terms of improving the signal-to-noise ratio
(SNR) and minimizing the signal distortion introduced by denoising. The obtained results
revealed the power of MNF and PCA methods, highlighting the potential for reduction of
measurement time. Furthermore, scripts for generating simulated data, along with the data itself,
were published as open access. In addition, denoising was optimized to improve the Random
Forests classification accuracy. It was shown that applying PCA or MNF to FT-IR data
increased pixel-level classification sensitivity by up to 43-44%. For classification based on data
from QCL microscopy, the application of MNF demonstrated the potential for the reduction of
spectral information to as few as 20 variables (bands). Such denoising optimizations had
a crucial impact on the classification described further.

Pancreatic histopathology was the next research area, with the aim to create models
allowing cancer detection based on FT-IR spectroscopy and machine learning methods
(Random Forest). To achieve this, data were collected for over 600 pancreatic biopsies, from
approximately 250 patients, using both a standard (15x) and a high-resolution objective (36x),
with the latter providing more detailed spatial information. Models were trained to distinguish
between 6 classes, enabling tumor and inflammation detection with an accuracy of 95%.
Additionally, the ability to detect the surgical margin, highlighting a clear boundary between
healthy and tumorous tissue, was presented.

The theories regarding the influence of fibrous tissue (forming tumor
microenvironment) on disease progression and the effectiveness of treatment, were the
motivation for the development of methods for molecular orientation determination, based on
polarized FT-IR spectroscopy. Results of 2D method application to collagen-rich tissues were
presented, clearly indicating the directions of molecular orientation. Additionally, the Hermans
function exposed areas of high and low levels of orientation, respectively for fibrous tissue and
epithelial cells. This was the first application of this method to such a complex system as a tissue
sample. In the following step, the first implementation of the theoretical 3D orientation
determination method to experimental data was presented. For this purpose, a well-described
in literature system of polycaprolactone polymer in the form of a spherulite was used as a model
sample. Furthermore, the method was applied to O-PTIR, data allowing for sub-micron
resolution measurements. The determined orientation of macromolecules was consistent with
theoretical predictions, forming concentric circles around the nucleation center, and
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highlighting the potential of this method in non-tomographic and non-destructive
3D orientation determination.

Fibrous tissue analyzed in orientation studies revealed a high tendency to scatter light,
significantly disrupting the analysis. Therefore, the fourth and final topic addressed in the
dissertation is the scattering correction. The implementation of the EMSC algorithm for Mie-
type scattering correction in samples with cylindrical domains was presented. Additionally, the
algorithm was extended to include linearly polarized light properties, optimizing it for
orientation determination applications. To speed up the calculations, graphical processing units
(GPUs) were utilized, with prepared MATLAB library later published as an open access.
A polymer fiber with strong scattering properties was used for algorithm’s validation, and their
effectiveness exceeded other methods.
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Czes¢ teoretyczna

1. Spektroskopia w podczerwieni

Podstawa wszystkich rodzajéow badan spektroskopowych jest oddzialywanie
promieniowania elektromagnetycznego z materig, bazujace na takich efektach jak absorpcja,
emisja, czy rozpraszanic fotonéw. Jednym z przykladéw jest spektroskopia w podczerwieni
(IR), ktérej najpowszechniej stosowanym wariantem jest Spektroskopia Fourierowska
w Podczerwieni — FT-IR (ang. Fourier-Transform Infrared Spectroscopy). W tej metodzie,
widmo o charakterystycznym ksztalcie, zawierajace informacje o skladzie biochemicznym
probki, powstaje poprzez absorpcje kwantéow §wiatla podczerwonego oddzialywujacych
z probka. Jakosciowe i iloéciowe informacje o badanym materiale sa na widmach widoczne w
postaci pasm o specyficznej intensywnosci i1 ksztalcie, przypadajacych dla energii
dopasowanych do danych pozioméw oscylacyjnych. Zwyczajowo stosowang skalg jest tutaj
liczba falowa ¥ [cm’!], a najezeéciej stosowanym zakresem spektralnym jest tzw. érednia
podczerwien MIR (ang. Mid InfRared), od 400 do 4000 cm™, w sktad ktérej wehodzi obszar
zwany fingerprint, od 400 do 1800 cm’, umozliwiajacy identyfikacjg zwigzkéw chemicznych
poprzez obecnosé¢ charakterystycznych dla nich pasm [1]. Zakres pomiedzy 50 a 600 cm
nazywany jest daleka podczerwienia FIR (ang. Far InfraRed), natomiast obszar powyzej 4000
cm'! to tzw. bliska podczerwien NIR (ang. Near InfraRed) [1].

Intensywny rozwdj dziedziny spektroskopii IR na przestrzeni minionych dekad
zaowocowal powstaniem wielu nowych technik badawczych, migdzy innymi Mikroskopii QCL
(ang. Quantum Cascade Laser) [2], [3], O-PTIR (ang. Optical-PhotoTermal Infrared) [4] oraz
szerokiej gamy technik z obszaru nano-skali, np. s-SNOM (ang. Scattering-type Scanning
Near-field Optical Microscopy) [51-17], czy AFM-IR (ang. Atomic Force Microscope
InfraRed) [8], [9]. Uwaga w tej pracy po§wigcona jednak bedzie gldwnie spektroskopii FT-IR.

1.1. Oscylacje molekut

Informacja biochemiczna zawarta w widmach IR jest zdeterminowana przej$ciami
pomiedzy skwantowanymi energetycznymi stanami oscylacyjnymi molekul. W przypadku
dwuatomowej molekuly, takie oscylacje moga mieé¢ forme prostych, sprzgzonych ruchéw
kazdego z atoméw. Sytuacja staje si¢ jednak bardziej skomplikowana dla molekut
wieloatomowych. N — atomowa molekula posiada 3N stopni swobody, z ktérych trzy opisuja
ruch translacyjny (w osiach X, Y i Z), a trzy kolejne ruchy rotacyjne (wokét osi X, Y i Z).
Pozostale stopnie swobody (3N-6) opisuja liczbe modéw oscylacyjnych, czyli sposobdw,
w jaki nieliniowa molekula moze wykonywaé oscylacje [1]. Wyjatek stanowia molekuly
posiadajace symetri¢ liniowa, gdzie liczba modéw oscylacyjnych sumuje si¢ do 3N-5 [1].
Podstawa modéw oscylacyjnych jest w przyblizeniu harmoniczne wychylenie atoméw z ich
polozenia réwnowagi, przy czym kazdy i-ty mod posiada charakterystyczna czestotliwosé
drgan v; [1]. Finalna wartoé¢ energii potencjalnej jest skwantowana i zalezy od poziomu
energetycznego opisanego oscylacyjng liczbg kwantowa (v =10, 1,2,3...).
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Dwuatomowa molekuta posiada pojedynczy mod oscylacyjny. Zakladajac, ze drga ona
ruchem prostym harmonicznym, tzn. spelnia prawo Hooke’a, méwiace, ze sila F dzialajaca na
cialo jest proporcjonalna do wychylenia x [10]

F = —kx, (1)

gdzie k to stala silowa, mozna wykorzystaé to prawo do wyznaczenia operatora energii
potencjalnej molekuty [10]

V(x) = %ka. (2)

Operator energii potencjalnej jest obecny w niezaleznym od czasu réwnaniu Schrodingera [10]

h2 62
~Za e VO HV W) = By @), (3)

gdzie P(x) to funkcja falowa, E to energia calkowita, ¢ to masa zredukowana, h to

zredukowana stala Planck’a (h = h/2m) oraz h to stala Planck’a. Podstawienie V(x)
i przeksztalcenie powyzszego réwnania daje réwnanie rézniczkowe drugiego rzedu [10]

9° 21 1
2 —
)+ 25 (F -5 ) ) = 0, (4)
ktorego rozwigzanie pozwala wyznaczy¢ wartosci energii E.
Skwantowane poziomy energetyczne bgdace rozwigzaniem réwnania 4, opisuja energig
potencjalng modu oscylacyjnego dwuatomowej molekuty [10]

1
Eiu=hvi<v+5), v=20,123,.. (5)

gdzie
v = (5)2, (6)

to czgstotliwo$¢é drgan podstawowych.

Powyzsze réwnania 5-6 sa jednak tylko przyblizeniem, zakladajacym niewielkie
wychylenie atoméw z ich polozenia réwnowagi. Energia potencjalna oscylatora moze by¢
rozwinigta w szereg Taylora, a zalozenic niewielkich wychylen atoméw umozliwia
ograniczenic formuly na energi¢ jedynie do wyrazéw kwadratowych (réwnanie 2) [10].
W rzeczywistoSci do opisu energii potencjalnej wykorzystywany jest model oscylatora
anharmonicznego, uwzgledniajacy dalsze skladowe szeregu (anharmoniczne). Wljczenie
sktadowych anharmonicznych do operatora energii potencjalnej w réwnaniu Schrédingera
wymaga podejsécia perturbacyjnego [10], w wyniki ktérego otrzymuje si¢ nastgpujace energie

modow:
2

1 1
E&”h=hvi(v+5)—hvixi<v +E) , (7)
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gdzie xi jest statg anharmoniczng zalezng od modu oscylacyjnego. Statatajest bezwymiarowa
i zazwyczaj osigga wartosci z zakresu pomiedzy -0.001 a -0.02 [11]. Wykresy krzywych
energetycznych oscylacji dwuatomowej molekuty dla obu typéw oscylatoréw przedstawione
sg na rysunku 1. Na pierwszy rzut oka mozna zaobserwowaé, ze odlegtosci pomiedzy
sasiadujacymi stanami energetycznymi nie s state, a wedtug modelu anharmonicznego ulegajg
zmniejszeniu dla wzrastajacych liczb kwantowych.

Rysunek 1. Przyktad skwantowanych pozioméw energetycznych dla modu oscylacyjnego
dwuatomowej molekuty. Szarg linig wykreslono przyblizenie tej zaleznosci przez model
oscylatora harmonicznego, natomiast czerwona linia odpowiada doktadniejszemu modelowi
oscylatora anharmonicznego, zaktadajacego brak spetnienia prawa Hooke'a.

Warunkiem przej$cia energii potencjalnej z nizszego na wyzszy poziom, jest absorpcja
kwantu promieniowania o0 energii doktadnie dopasowanej do réznicy pozioméw
energetycznych. Dla przykfadu, réznica pomiedzy podstawowym (u = 0), a pierwszym
wzbudzonym (u = 1) poziomem energetycznym, dla wigkszo$ci modéw oscylacyjnych, jest
w zakresie $rodkowej podczerwieni (od 400 do 4000 cm-1). Warto wspomnie¢, ze model
anharmoniczny (poprzez uwzglednienie odstepstw od prawa Hooke'a) rozluznia reguty
wyboru, tj. dopuszcza przejscia dla ktérych liczba kwantowa zmienia sie 0 warto$¢ wieksza
niz 1 (Av > 1). Dzieki temu, mozliwa jest obserwacja nadtonéw i pasm kombinacyjnych,
zabronionych przez model oscylatora harmonicznego ( Av = 1) [10], [11].

Opisane powyzej reguty, zwiagzane ze zmiang liczby kwantowej, nie sg jedynymi
warunkujacymi przejécie do stanu wzbudzonego. Molekuta moze w wyniku absorpcji przejs¢
na wyzszy poziom energetyczny pod warunkiem, ze posiada dipol, ktéry w wyniku
oddziatywania z polem elektromagnetycznym oscyluje (przynajmniej chwilowo) z tg sama
czestoscig co pole [12]. Oznacza to, ze dipolowy moment przejécia punm jest niezerowy [1]

ftam = {yn fl ) # 0, (8)
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gdzie yn oraz Ym to funkcje falowe stanu poczatkowego i koricowego, a i to operator
elektrycznego momentu dipolowego. Warto$¢ osiaggang przez dany dipolowy moment przejscia
punm mozna utozsamia¢ z miarg przemieszczania sie fadunku, ktére towarzyszy przejsciu [12].
W efekcie, dla molekut posiadajacych pewne rodzaje symetrii, niektére z modéw
oscylacyjnych moga by¢ zabronione, a inne moga by¢ zdegenerowane (wiecej niz jeden mod
ma ta sama czestotliwo$¢ drgan). Przyktadem jest liniowa czasteczka COz2, gdzie symetryczne
oscylacje atoméw tlenu nie niosa za sobg zmiany momentu dipolowego, tym samym pasmo
jest nieaktywne w podczerwieni [12]. W zwiagzku z tym, obserwowana w IR liczba modéw
oscylacyjnych jest czesto inna niz 3N-6, czego przyktadem jest obserwowanie 3N-5 modéw
oscylacyjnych dla molekut z liniowa symetria. Dla takich molekut, rotacja wokét osi wigzania
nie niesie za sobg przesuniecia zadnego z atoméw, dlatego jeden z rotacyjnych stopni swobody
jest tracony, a liniowa molekuta zyskuje dodatkowy mod oscylacyjny.

Podsumowujac  przedstawione powyzej informacje, zaobserwowanie pasma
zwigzanego z danym modem oscylacyjnym na widmie IR jest zdeterminowane trzema regutami
wyboru. Po pierwsze, energia absorbowanego promieniowania musi odpowiada¢ réznicy
energii dla pozioméw energetycznych molekuty. Ponadto, przejscie nastepuje tylko jesli liczba
kwantowa zmieniasie 0 Av = +1, +2, +3.... Finalnie, aktywne w podczerwieni satylko przejscia
przy ktérych zmianie ulega moment dipolowy.

Dla przyktadu, na rysunku 2 przedstawiono mody oscylacyjne dla grupy funkcyjnej
typu XY?2, ktdrej najczestszym przyktademjest grupa -CHz [1]. Najogo6lniej, mody oscylacyjne
mozna podzieli¢ na rozciagajace, gdzie zmianie ulega dhugos¢ wiazania chemicznego, oraz
zginajace, gdzie deformacji ulegaja katy. Dalsze podziaty zwigzane saz symetrig (symetryczne
i asymetryczne) oraz z ptaszczyzng oscylacji (drgania w ptaszczyznie lub poza ptaszczyzng
grupy funkcyjnej).

Mody rozciggajace Mody zginajace

w ptaszczyznie

symetryczne kotyszace nozycowe

poza ptaszczyzng

asymetryczne skrecajace wachlarzowe

Rysunek 2. Mody oscylacyjne grupy funkcyijnej typu XY2.
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1.2. Analiza iloSciowa

Prawo Lamberta-Beera opisuje pochlanianie promieniowania elektromagnetycznego
podczas przechodzenia przez dany osrodek i jest tym samym podstawa wszelkich ilo§ciowych
analiz spektroskopowych. Méwi ono, ze transmitancja probki dla danej liczby falowej ¥ jest
réwna stosunkowi mocy promieniowania wychodzacego z prébki I(¥) do mocy
promieniowania padajacego na probke Io(¥). Inne sformulowanie podaje natomiast, ze dla
probki o grubosci b, transmitancja dla liczby falowej ¥ wynosi [11]

Q)

OB = exp[—a(¥) - b], (9)

TH) =
M=
gdzie a(¥) jest liniowym wspétczynnikiem absorpcji (cm) dla danego ¥. Z kolei definicja
absorbancji jest nastgpujaca [11]

1 1
A(P) = lOgmm 10 ——a(®) b =a®@)b. (10)
Jezeli badana prébka jest mieszanka i substancji, kazda o stgzeniu c;, to absorbancje zwiazang
z kazdg z tych substancji indywidualnie mozna wyrazi¢ jak ponizej [11]

AP = a;(¥)-b-c, (11)

co daje nastepujaca absorbancje mieszanki zlozonej z N substancji [11]
N

AW) = Z @@ b . (12)

i=1

Analizujac powyzsze réwnania mozna zauwazy¢, ze to absorbancja, a nie transmitancja jest
proporcjonalna do stezenia danej substancji w probee. Jednakze, ani absorbancja ani
transmitancja nie s3 mierzone bezposrednio. Mierzona jest natomiast intensywno$é
promieniowania docierajacego do detektora po przejiciu przez probke oraz bez jej obecnosei.
Intensywno$¢ jest wielko$cia proporcjonalng do mocy, tak ze po wyznaczeniu stosunku tych
wicelko$ci (wedlug réwnania 9) otrzymywana jest transmitancja, a co za tym idzie, wyznaczana
jest absorbancja. Warto nadmieni¢, ze w praktyce wykonywane sa pomiary ckstynkcji
promieniowania, a dopiero po zastosowaniu odpowiednich metod wstepnego przetwarzania
danych (opisanych w dalszych rozdzialach) otrzymywana jest absorbancja.

W kontekscie analizy ilo§ciowej, poza prawem Lamberta-Beera, fundamentalna rolg
w opisie absorpcji promieniowania odgrywaja rzeczywisty n(¥) i urojony k(%) wspélczynnik
zalamania $wiatla, bedace czg§ciami zespolonego wspélezynnika zalamania 7i(¥) wyrazonego
nastgpujaco [11]

A(¥) = n(@) + ik (@). (13)
n(¥) jest czgsto nazywane po prostu wspolezynnikiem zalamania opisywanym przez prawo

Snella, z kolei k(¥) opisuje wlasciwosci absorpeyjne probki, poprzez swéj zwigzek z liniowym
wspolczynnikiem absorpeji a(¥) [11]

k(¥ = a(v). (14)
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Dla organicznych i nieorganicznych molekut, posiadajacych typowe pasma absorpcyjne,
wspotczynnik zatamania Swiatta zmienia sie w zakresie spektralnych tych pasm (stad obecnosé¢
zaleznosci od liczby falowej v w réwnaniach 13 i 14). Stosowny przyktad dla polimeru
polikaprolaktonu (PCL) jest przedstawiony na rysunku 3, gdzie dla zakresow wystepowania
pasm absorpcyjnych obserwowana jest zdecydowana zmiana wspdtczynnika zatamania n(y).
Zjawisko to nazywane jest dyspersja.

Rysunek 3. Rzeczywisty i urojony wspétczynnik zatamania $wiatta w zakresie $redniej
podczerwieni dla polimeru PCL.

1.3. Transmisyjna spektroskopia FT-IR

Sposréd wielu dostepnych wariantdw spektroskopii IR, w tej pracy najwiecej uwagi
poswiecone bedzie Spektroskopii Fourierowskiej w Podczerwieni - FT-IR. Podstawg tej
metody jest operacja matematyczna zwana transformatg Fouriera, umozliwiajaca przejscie
z widma intensywnosci w dziedzinie czasu (lub potozenia) na dziedzine czestotliwosci (liczb
falowych). Klasyczny spektrometr sktada sie ze Zrddta, interferometru Michelsona, komory
proébki i detektora.

Typowym rodzajem zrédet wykorzystywanych w spektrometrach FT-IR sg Zrodia
termiczne. Najczesciej stosowane sa globar'y (SiC) oraz prety Nernsta (ZrOz2+Y20s3), ktére po
podgrzaniu do wysokich temperatur emitujg ciagte widmo, podobne do promieniowania ciata
doskonale czarnego [1]. Dla preta Nernsta jest to zakres od UV do NIR, natomiast emisja
globar'a pokrywa obszar od bliskiej, przez $rednia, po dalekg podczerwien (NIR, MIR oraz
FIR). W dalszym etapie $wiatto kierowane jest do interferometru.

W  spektroskopii FT-IR intensywno$¢ pasm absorpcyjnych nie jest mierzona
bezposrednio w funkcji czestosci. Wynika to z faktu, ze pierwotnie stosowane siatki
dyfrakcyjne, izolujace pojedyncze dtugosci fali, zostaly zastagpione przez interferometry, co
znacznie skrocito skale czasowa pomiaréw widmowych, zwiekszyto czuto$¢ badan i poprawito
rozdzielczo$¢ spektralng. Budowa wiekszosci spektrometrow oparta jest o projekt
dwuwigzkowego interferometru Michelsona, przedstawionego na rysunku 4a.
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Rysunek 4. a) Schemat spektrometru FT-IT, sktadajacego sie ze Zrodia, interferometru
Michelsona, komory proébki i detektora. b) Przyktadowy interferogram (géra) oraz
odpowiadajace mu widmo (dét), bedace wynikiem szybkiej transformaty Fouriera (FFT).

Szerokopasmowe i w przyblizeniu skolimowane promieniowanie ze zrodta termicznego
padana kluczowy element interferometru jakim jest rozdzielacz wiazki (BS, ang. beamsplitter).
Rozdzielacz jest ustawiony pod katem 45° do obu luster, dzieki temu, poprzez odbicie $wiatta
kieruje potowe wigzki do stacjonarnego lustra, a drugg potowe przepuszcza do lustra
ruchomego. Po odbiciu od luster, ramiona podzielonej wiazki wracajg z powrotem do
rozdzielacza, gdzie ulegajg interferencji. Tak powstata wigzka kierowana jest do komory
probki, gdzie zostaje czeSciowo zaabsorbowana. Najistotniejszym elementem opisanego
ukfadu jest ruchome lustro, ktére przez swoj ruch wprowadza réznice drog optycznych
pomiedzy rozdzielonymi wigzkami, zmieniajgc tym samym warunki zachodzacej interferencji.
Intensywno$¢ wigzki, odczytywana na detektorze, jest zatem funkcjg réznicy drég optycznych
i nazywana jest interferogramem [1], [11]. Aby z otrzymanego interferogramu otrzyma¢ widmo
prébki (lub referencyjne) w dziedzinie czestotliwosci (liczby falowej), konieczne jest
zastosowanie operacji matematycznej zwanej transformata Fouriera, jak to jest przedstawione
na rysunku 4b. Istotng zaletg tej metody jest szybko$¢ zbierania danych, co wynika z faktu, ze
caty zakres spektralny jest pokrywany jednocze$nie. W zwigzku z tym, pomiary
interferogram6w sg wykonywane wielokrotnie, a nastepnie usredniane, co skutkuje wysoka
jakoscia sygnatu. Szacuje sie, ze zalezno$¢ stosunku sygnatu do szumu (SNR, ang. signal to
noise ratio) jest nastepujaca [1]

SNR~VN, (15)

gdzie N to liczba usrednionych interferograméw.

1.4. Aspekty uzyskiwania obrazu

Klasyczne spektrometry FT-IR opisane w poprzednim paragrafie umozliwiaja pomiary
objetosciowe, dajac usredniony sygnat z duzego obszaru prébki ($rednica rzedu kilkunastu
milimetréw). Dlatego obecnie dziatajg gtéwnie w sprzezeniu z mikroskopami FT-IR, ktére
tacza informacje o sktadzie chemicznym z informacja przestrzenng oraz zapewniajg znacznie
korzystniejsza skale czasowa pomiaréw, poprzez zastosowanie detektoréw macierzowych.
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W przypadku takiego uktadu, wigzka ze spektrometru (interferometru) kierowana jest
do mikroskopu FT-IR, ktérego budowa oparta jest o pare obiektywow Cassegraina, gdzie jeden
jest zwyczajowo nazywany kondensorem, a drugi obiektywem [13], [14]. Schemat uktadu
mikroskopowego do pomiardw w trybie transmisji (wykorzystywanym w tej pracy)
przedstawiony jest na rysunku 5.

Rysunek 5. Schemat obiektywow Cassegraina do transmisyjnych pomiaréw w podczerwieni.

Powigzanie widma z informacjg przestrzenng (potozeniem X, Y) jest mozliwe dzieki
zastosowaniu zmotoryzowanego stolika, na ktérym umieszczony jest substrat z probka. Po
zebraniu widma (lub widm), stolik przesuwa sie do kolejnej pozycji, czesto tworzac w ten
spos6b mape punktéw/widm. Liczba widm zbieranych podczas pojedynczego pomiaru
uzalezniona jest od zastosowanego rodzaju detektora. W przypadku detektoréw punktowych
zbierane jest pojedyncze widmo, a pokrywanie wigkszego obszaru pomiarowego nazywane jest
mapowaniem. Rozmiar pojedynczego piksela jest tutaj uzalezniony od niezaleznych od
obiektywOw apertur i jest ustalany przez uzytkownika, w zaleznosci od potrzeb pomiarowych.
Stosowane sg tutaj rozmiary piksela rzedu od 250x250 pm2, do nawet 1x1 um2(kosztem duzego
spadku intensywnosci). Kazde z tak zebranych widm reprezentuje usredniony sygnat z danego
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obszaru. Punktowe mapowanic staje si¢ jednak coraz mniej popularne ze wzgledu na
dostepnosé detektoréw macierzowych, ktorych zastosowanie znacznie skraca skalg czasowa
pomiaréw i pozwala osiagnaé piksele o rozmiarach rzgdu um, bez strat zwigzanych z jako$cia
sygnatu. Najczgsciej wykorzystywane sa detektory ogniskowej matrycy (FPA, ang. Focal
Plarne Array), posiadajace wicle niezaleznych elementéow detekcyjnych. Klasycznie stosowane
rozmiary matryc to 64x64 lub 128x128 pikseli, co skutkuje jednoczesnym pomiarem 4 096 lub
16 384 widm. Po zebraniu zestawu danych, stolik przemieszcza sig¢ do innej lokalizacji.
Niezalezne zestawy (kafelki) zostaja nastgpnie zlaczone w jeden plik pomiarowy (ang.
stitching), a opisana procedura pomiarowa jest powszechnie nazywana obrazowaniem. Finalny
zestaw danych ma trzy wymiary, gdzie dwa pierwsze (X, Y) daja informacje przestrzenna,
atrzeci zawiera kontrast chemiczny. Najczesciej stosowanymi typami detektoréw, zaréwno
punktowych jak i macierzowych, sa detektory MCT (ang. Mercury Cadmium Telluride),
wymagajace chlodzenia cieklym azotem.

Rozmiary projekcji pikseli w obrazowaniu FT-IR z wykorzystaniem obiektywow
Cassegraina sa zdeterminowane przez powigkszenie stosowanych obicktywéw oraz fizyczny
rozmiar kazdego piksela detektora (wynoszacy 40 pum). Tym samym powszechnie stosowane
obiektywy 15x i 36x daja projekcje pikseli o rozmiarach 2,7 um i 1,1 pm. Rozmiar piksela nie
powinien by¢ jednak mylony z rozdzielczo$cia przestrzenng. Kluczowym parametrem
obiektywu jest jego apertura numeryczna NA, ktéra wraz z dlugo$cig fali padajacego
promieniowania A definiuje granicg przestrzennej zdolnosci rozdzielezej. Ten limit dyfrakeji,
wyrazony przez kryterium Rayleigh’a, jest nastepujacy [15]

0,61-1

d=—0 (16)

i mowi o tym, ze obiekty oddalone od siebic o odleglo$¢ mniejsza niz d sa nierozréznialne.
Warto zauwazy¢, ze w zwiazku z powyzszym, zdolno$¢ rozdzielcza zmienia si¢ w catym
zakresie widmowym. Zakladajac przy tym, ze standardowe wartosci NA sa w okolicy 0,5,
mozna uznaé, ze granica dyfrakcji jest poréwnywalna do dlugodci fali A. Dla przyktadu,
w zakresie fingerprint bedzie to az 7 do 15 um, natomiast w okolicy 3000 cm™ granica dyfrakcji
jest na poziomie 3,3 pum. Stosowane rozmiary pikseli sa zdecydowanie mniejsze od limitu
zdolno$ci rozdzielezej, co wynika z zastosowania kryterium moéwiacego o tym, jaka jest
optymalna czgstotliwo$¢ probkowania przestrzennego d [16]. Dla ukladu dwoch obiektywow
Cassegraina wielkos¢ ta wynosi [16]

0,254
c— NA y

(17)

co oznacza, ze optymalny rozmiar piksela jest 2.44 razy mniejszy od limitu dyfrakcji.
Obicktywy dajace czgsto$é probkowania (rozmiar piksela) spelniajaca powyzsze kryterium
nazywamy obiektywami HD (ang. High Definition).

1.5. Spolaryzowana spektroskopia w podczerwieni

Promieniowanie podczerwone padajace na prébke, w przypadku spektroskopii
w podczerwieni, moze przyjmowaé rézne stany polaryzacji §wiatla. Klasyczne obrazowanie
FT-IR wykorzystuje zrodlo termiczne emitujace niespolaryzowane promieniowanie.
Polaryzatory liniowe sa jednak standardowym elementem wyposazenia spektrometréw, a ich
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zastosowanie umozliwia uzyskanie promieniowania spolaryzowanego liniowo, w dowolnym
kierunku prostopadlym do kierunku padania wiazki. [11]

To wlaénie skladowa elektryczna promieniowania elektromagnetycznego oddziatuje
z momentami dipolowymi, a absorbancja osigga warto§¢ maksymalng w przypadku, gdy
kierunek liniowej polaryzacji jest réwnolegly do wektora dipolowego momentu przejscia
danego modu oscylacyjnego [11]. Ta wlaciwos$é moze by¢ wykorzystana do analizy orientacji
molekul, ktérych ulozenie w prébee przyjmuje pewien preferencyjny kierunek. Takie probki
nazywane s3 anizotropowymi, a zjawisko zmiennej absorbancji dla prostopadlych kierunkéw
polaryzacji nazywane jest dichroizmem. Szczegélnie latwo mozna je zaobserwowaé
w przypadku probek wioknistych lub posiadajacych dlugie tancuchy. Metoda ta byla czesto
wykorzystywana do analiz orientacji lancuchéw w rozciaganych foliach polimerowych,
poprzez pomiary absorbancji dla polaryzacji rownoleglej A, i prostopadlej A; do kierunku
rozciggania oraz wyznaczenie dla nich stosunku dichroicznego Ay /A, [17], [18]. Izotropowe
probki nie wykazuja zalezno$ci absorbancji od zmiany kierunku liniowej polaryzacji. [11]

1.6. Inne metody spektroskopii IR dalekiego pola — O-PTIR i QCL

Spektroskopia FT-IR, bedaca w gldéwnym stopniu tematem tej rozprawy, pozostaje caly
czas najchetniej stosowana technika obrazowania IR. Wynika to z faktu dostarczania bogatej
informacji o skfadzie biochemicznym badanej probki, plynacej z wykorzystania kontrastu
chemicznego zapewnionego przez szeroki zakres czestoéci falowych obecnych w widmach FT-
IR. Cecha ta jest nastgpstwem zastosowania szerokopasmowego zrodta §wiatla podczerwonego
w polaczeniu z interferometrycznym ukladem detekcyjnym, opisanym we wezesniejszych
rozdzialach. Jednak jak kazda technika pomiarowa posiada swoje ograniczenia, ktére moga
zosta¢ skompensowane przez inne metody spektroskopowe dajace rownowazne informacje.

Jednym z ograniczen FT-IR jest stosunkowo dlugi czas trwania pomiaréw wynikajacy
z koniecznosci zbierania danych w pelnym zakresie widmowym. Dlatego w zastosowaniach,
gdzie informacja spektralna moze by¢ ograniczona do wybranych pasm absorpcyjnych,
rozwigzanie stanowia mikroskopy QCL [19]. Podstawy fizyczne dzialania mikroskopéw QCL,
tak samo jak FT-IR, sa oparte o prawo Lamberta-Beera opisujace absorpcj¢ promieniowania
przez prébke. Kluczowe réznice obserwowane s3 jednak w budowie obu typéw mikroskopow.
Mikroskopy QCL jako zrédlo promieniowania wykorzystuja kwantowe lasery kaskadowe
(ang. Quantum Cascade Laser), charakteryzujace sic o rzedy wiclkosci wigksza
intensywnos$cia emitowanego promieniowania od niekoherentnych zrédel termicznych (np.
globar’ow) [20]. Ponadto, emitowane jest promieniowanie odpowiadajace konkretnej dugoséci
fali, zmozliwoscig przestrajania lasera w szerokim zakresie spektralnym, pokrywajacym
konkretne obszary §redniej podczerwieni. Zakres przestrajalno$ci lasera jest uzalezniony od
dostgpnych modéw (ang. chip’s) lasera, a konfiguracja zalezy od uzytkownika. Emitowana
wiazka pada nastepnie na probke, zostaje czesciowo zaabsorbowana, a finalnie kierowana jest
bezposrednio do detektora (w przeciwienistwie do FT-IR nie wystgpuje tutaj interferometryczna
detekcja). W obrazowaniu w podczerwieni przy uzyciu laseréw QCL stosowane sa detektory
punktowe oraz macierzowe (bolometry 480x480 lub FPA 128x128), ktére dzigki duzej mocy
zrodla laserowego nie wymagaja chlodzenia cieklym azotem, a czas ekspozycji jest
zredukowany do minimum [20], co znacznym stopniu ulatwia to procedury pomiarowe. Probka
umieszczona jest na zmotoryzowanym stoliku, dlatego po zebraniu danych dla jednego kafelka
pomiarowego, odpowiadajacego rozmiarowi matrycy detektora, jest systematycznie
przesuwana, umozliwiajac tym samym pokrycie duzych obszaréw badawczych. Po
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zakoficzeniu zbierania danych dla danej czestosci widmowej, laser jest przestrajany i procedura
obrazowania jest powtarzana. Skutkuje to wysokoprzepustowymi pomiarami, skupionymi na
konkretnym kontrascie chemicznym odpowiadajacym wybranym dlugosciom fali (pasmom
absorpeyjnym) [20]. Dla przykladu, czas pomiaru 14 czestosci dla probki tkanki o rozmiarach
16x35 mm? wynosi okoto 5 min, przy wykorzystaniu komercyjnego mikroskopu Spero-QT.
Jest to szczegélnie atrakcyjne w badaniach wykorzystujacych tkanki do budowy modeli
histopatologicznych, w oparciu o obrazowanie IR i metody uczenia maszynowego [21], [22].
Dodatkowa zalet mikroskopéw QCL jest mozliwo§¢ wykorzystania obiektywow
refrakcyjnych, dajacych lepsza rozdzielczo$¢ przestrzenna (NA nawet 0,9) w poréwnaniu do
refleksyjnych obicktywéw Cassegraina stosowanych w FT-IR. Réznice pomigdzy
mikroskopami QCL i FT-IR dobrze obrazuje fakt méwiacy, Zze przy pomiarach FT-IR mierzone
sg widma, a obrazy sg ich rekonstrukcja, natomiast w przypadku QCL jest odwrotnie
—wykonywane jest obrazowanie (pasmo po pasmie), a widma sa rekonstruowane. Jednakze,
rozw¢j w dziedzinie technologii laserowej przyczynil si¢ do powstania szybko przestrajalnych
laseréw, co sprawilo, ze obecne procedury pomiarowe umozliwiajg réwniez atrakcyjne
czasowo pomiary widmowe.

Poza czasem pomiarowym, kolejnym aspektem spektroskopii FT-IR limitujacym
obszar jej mozliwych zastosowan jest rozdzielczo$é przestrzenna. Granica rozdzielczo$ci
przestrzennej opisywana jest przez kryterium Rayleigh’a (réwnanie 16), co dla §rodkowej
podczerwieni daje mozliwo$¢ rozrézniania obicktéw oddalonych od siebie o dystans rzgdu
mikrometréw. Poprawa rozdzielczosci byla zatem motywacja do powstania mikroskopii O-
PTIR, wykorzystujacej efekt fototermicznej ekspansji probki oraz unikatowy system
detekeyjny oparty o wiazke §wiatla widzialnego [23], [24]. Mikroskopy O-PTIR jako zrédto
$wiatla wykorzystuja przestrajalne lasery QCL pracujace w trybie pulsacyjnym. Emitowane
promieniowanie podczerwone jest skupiane na prébee co skutkuje jego absorpcja. W wyniku
absorpcji energia promieniowania jest zamieniona w cieplo, a to wywoluje efekt termicznego
rozszerzania si¢ probki oraz zmiane jej wspolezynnika zalamania $wiatla. Wspélosiowo do
promieniowanie podczerwonego biegnie wiazka zielonego lasera (532 nm), réwniez skupiana
na powierzchni prébki i wykorzystywana jako sonda detekcyjna, ktéra po odbiciu od
powierzchni wraca do detektora. Zmiany w intensywno$ci wiazki $wiatla zielonego
(wynikajace z ekspansji oraz zmiany wspélczynnika zalamania) sa proporcjonalne do absorpcji
$wiatla podczerwonego [4]. Skala tych zmian jest jednak bardzo mala, dlatego niezbedne jest
uzycie wzmacniacza homodynowego (ang. lock-in amplifier), ktéry demoduluje sygnal poprzez
zastosowanie sygnatu referencyjnego dopasowanego do czestotliwo$ci pulséw lasera QCL [4].
Taka demodulacja sygnatu, w funkcji dlugoéci fali emitowanej przez zrédlo, umozliwia
zebranie widma absorpcyjnego, a zastosowanie zmotoryzowanego stolika pozwala na
obrazowanie dowolnych czgsto§ci widmowych. Schemat opisanego ukladu przedstawiony jest
narysunku 6.

Wykorzystanie w metodzie O-PTIR widzialnego lasera jako sondy definiuje limit
dyfrakcji na poziomie okoto 0,45 um, umozliwiajac tym samym obrazowanie z sub-mikronowga
rozdzielczo§cia przestrzenna. Warto$¢ ta jest stala w calym zakresie widmowym,
w przeciwienstwic do mikroskopéw QCL i FT-IR. Poréwnanie granicy rozdzielczo$ci
przestrzennej dla wszystkich trzech wspomnianych metod (przy zalozeniu komercyjnie
stosowanych obiektywow) jest przedstawione na rysunku 7. WyraZznie widoczne s tutaj zalety
metody O-PTIR.
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Rysunek 6. Schemat uktadu O-PTIR, wykorzystujacego laser QCL do wywotania
fototermicznego rozszerzania probki, ktérego detekcja odbywa sie przez zastosowanie
zielonego lasera jako sondy. Otrzymany sygnat przestawia kontrast chemiczny rownowazny
z widmami IR absorbancji.

Rysunek 7. Poréwnanie limitu dyfrakcji dla standardowych obiektywéw wykorzystywanych
w systemach FT-IR, mikroskopach QCL oraz O-PTIR, dla zakresu spektralnego
odpowiadajacego Sredniej podczerwieni.
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2. Metody wstepnego przetwarzania danych

Widma w podczerwieni bedace wynikiem transformaty Fouriera, jak kazdy sygnat, nie
sg idealne - posiadaja artefakty wykluczajace wykorzystanie ich surowej formy do ilosciowych
czy jakosciowych analiz. Najbardziej podstawowymi i powszechnie stosowanymi krokami
wstepnego przetwarzania danych w spektroskopii w podczerwieni jest korekta linii bazowej
oraz normalizacja [25], [26]. Korekta linii bazowej ma na celu usunigcie artefaktow zwigzanych
z rozpraszaniem. Obecno$¢ procesw rozpraszania sprawia, ze w eksperymencie dokonuje sie
pomiaru ekstynkcji, zamiast pozadanego sygnatu zwigzanego z absorbancjg. Dodatkowo
pojawiaja sie efekty zwiazane z odbiciem czy anomalie sprzetowe, majace wptyw na ksztatt
linii bazowej. Normalizacja polega na podzieleniu widma przez statg warto$¢ (np. absorbancje
jednego z pasm), zapewniajac tym samym uniezaleznienie wynikéw od grubosci mierzonej
prébki. Oba opisane kroki nie beda jednak skuteczne je$li jako$¢ posiadanego sygnatu
widmowego nie bedzie odpowiednia, czego przyczyng jest obecno$¢ szumu [27]. Powszechnie
stosowanym parametrem oceny jakosci sygnatu jest SNR. W rozdziale 1.3 wspominano, ze
SNR jest proporcjonalny do pierwiastka ilosci usrednionych skanéw, dlatego jednym
z rozwigzan umozliwiajacych uzyskanie dobrej jakosci widm jest wielokrotne powtarzanie
danego pomiaru. Przyktad takiej zaleznosci jest przedstawiony na rysunku 8. Jest to jednak
bardzo czasochtonna procedura, ktéra moze zosta¢ zastgpiona zastosowaniem odpowiednich
metod odszumiania.

Rysunek 8. Charakterystyka zaleznosci SNR od ilosci skanéw. Kazdy punkt opisuje
usredniong warto$¢ SNR dla niewielkiego obszaru pomiarowego, a stupki btedéw opisuja
odchylenie standardowe.

Odszumianie powinno by¢ pierwszym krokiem faficucha wstepnego przetwarzania
danych, ajego zastosowanie staje sie coraz popularniejsze w srodowisku spektroskopowym, ze
wzgledu na zyski czasowe oraz pozytywny wptyw na dalsze analizy. Wybor konkretnej metody
odszumiania moze by¢ uwarunkowany rodzajem szumu obecnego w analizowanych danych.
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W przypadku spektroskopii FT-IR obserwowany jest szum multiplikatywny, wynikajacy
z obecnosci statego szumu, zaréwno w sygnale pochodzacym od prébki jak i referencyjnym,
ktérych stosunek daje widmo transmitancji [27]. Dlatego ponizszy rozdziat przytacza rézne
rodzaje technik odszumiania spektralnego i przestrzennego, popularne w $rodowisku
przetwarzania sygnatow.

2.1. Metody odszumiania

Ze wzgledu na troéjwymiarowy charakter danych, inne techniki odszumiania beda
stosowane w przypadku widm, a inne w przypadku obrazéw, chociaz istnieje szereg technik
majacych zastosowanie w obu przypadkach. Jednym z takich przyktadéw sa klasyczne filtry,
np. sredniej, medianowy, Gaussa czy filtr sredniej wazonej [28], [29]. Schemat dziatania tych
filtrdw jest przedstawiony na rysunku 9, gdzie odzwierciedlone jest dziatanie algorytmu na
obrazach - przypadek 2D. Wygtadzanie sygnatu za pomocg filtréw jest stosunkowo proste,
gtéwnie ze wzgledu na matg ilo$¢ parametréw danego filtra- czesto jest to tylko rozmiar ramki.
W przypadku widm zastosowanie jest bardzo podobne, jednak ruchome okno filtra ma ksztatt

Algorytmy

Filtr $redniej: X = $rednia (A, B, C, D, X, E, F,
G, H)

Filtr medianowy: X = mediana (A, B, C, D, X, E,
F, G, H)

Filtr wazonej X =$rednia (A, B, C, D, X, X,
Sredniej: E, F, G, H) - przypadek, gdzie
$rodkowy piksel ma wage 2

Filtr Gaussa:  wartosci sa usredniane, przy czym
waga Srodkowego piksela (X) jest
najwigksza, natomiast wagi
otaczajacych pikseli malejg zgodnie
z rozktadem Gaussa

Rysunek 9. Mechanizm dziatania filtréw 2D: éredniej, medianowy, $redniej wazonej oraz
Gaussa.

Kolejnym rodzajem filtréw, ktére maja zastosowanie w odszumianiu, sa klasyczne filtry
oparte o transformate Fouriera (FT) [29]. Transformata Fouriera umozliwia przedstawienie
sygnatu w dziedzinie czestotliwosci, a nastepnie wzmocnienie lub ostabienie konkretnych
sktadowych, w zaleznosci od zastosowania filtra. W przypadku odszumiania, stosowany jest
filtr dolnoprzepustowy, gdzie sktadowe sygnatu o niskich czestotliwos$ciach zostajg zachowane,
natomiast intensywno$¢ sktadowych wysokoczestotliwosciowych (szumu) zostajg sttumione
(wyciete). Tak powstate dane czestotliwosciowe zostajg poddane odwrotnej transformacie
Fouriera (IFT), gdzie zrekonstruowany zostaje sygnat oparty jedynie na niskich
czestotliwosciach (zostaje pozbawiony szumu). Parametrem wymagajacym optymalizacji jest
tutaj szeroko$c¢ filtra, ktéra definiuje zakresy odrzucanych czestotliwosci. Taki filtr moze by¢
zastosowany zaréwno do danych jedno, jak i dwuwymiarowych (widm i obrazéw), poprzez
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wykorzystanie algorytmu jedno lub dwuwymiarowej transformaty Fouriera. Przyktad dziatania
filtru 2D przedstawiony jest na rysunku 10.

Schemat filtra dolnoprzepustowego

Rysunek 10. Dziatanie dwuwymiarowego filtra dolnoprzepustowego na przyktadzie
standardowego obrazu testowego Lenny.

Jedna z prostych i popularnych metod odszumiania w $rodowisku spektroskopowym,
jest zastosowanie filtra Savitzky'ego-Golay'a (SG) [30], [31]. Metoda ta oparta jest
0 dopasowywanie wielomianu o zadanym stopniu do zadanej iloci punktéw pomiarowych
(np. fragmentu widma) nazywanych oknem. Okno filtru porusza sie wzdluz sygnatu,
powtarzajac procedure dopasowania, az pokryty zostanie caty zakres widmowy. Dopasowanie
polega na minimalizacji btedu Sredniokwadratowego pomiedzy odszumianym sygnatem,
a dopasowanym wielomianem. Warto zauwazyé, ze filtr ten dziata na sygnat w sposéb lokalny
i jest skuteczny w zachowywaniu ksztattu sygnatu, jednak aby to osiggna¢ bardzo wazny jest
doboér odpowiedniego rozmiaru okna i stopnia wielomianu. W spektroskopii w podczerwieni
jest on najczesciej stosowany jako filtr spektralny, chociaz istnieje mozliwos¢ zastosowania go
do danych 2D.

Kolejng skuteczng metoda stosowang dla sygnatow i obrazéw jest odszumianie za
pomoca falek (ang. wavelet denoising) [32], [33]. Jest to technika czesto wykorzystywana przez
Srodowisko przetwarzania sygnatéw, majaca zastosowanie w spektroskopii w podczerwieni.
Falka to funkcja matematyczna (rysunek 11b), ktérej celem jest lokalne odzwierciedlenie
wzorcow o roznej czestotliwosci, obecnych w analizowanym sygnale. Procedura odszumiania
za pomocg falek sktada sie z kilku etapéw. Po pierwsze, sygnat jest analizowany poprzez
wykonanie transformaty falkowej (WT), ktorej rezultatem jest wektor wspétczynnikéw
falkowych odzwierciedlajacych sygnat wyjsciowy. Wspétczynniki o niskich wartosciach sa
utozsamiane z szumem, dlatego w kolejnym kroku wykonywane jest progowanie majace na
celu pozostawienie jedynie wspotczynnikow falkowych o wysokich warto$ciach
(utozsamianych z sygnatem). Ostatnim krokiem jest synteza falkowa, ktéra polega na
wykonaniu odwrotnej transformaty falkowej (IWT) wykorzystujac wspoétczynniki pozostate po
progowaniu. Kluczowym aspektem, pozwalajgcym otrzymac skutecznie odszumiony sygnat
jest odpowiednie dobranie parametru progowego, odpowiedzialnego za ilo$¢ komponentéw, na
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ktorych oparta jest rekonstrukcja sygnatu. Ponadto, dostepne implementacje algorytmu
posiadaja rézne rodziny funkcji falkowych, a wybér konkretnej jest réwniez traktowany jako
parametr optymalizacyjny, zalezy od analizowanego sygnatu. Schemat odsumiania falkowego,
wraz z przyktadowymi funkcjami falkowymi, jest przedstawiony na rysunku 11. Warto
zauwazy¢, ze duzg zaleta tej metody jest dobre zachowanie krawedzi obecnych w sygnatach
czy na obrazach.

Rysunek 11. a) Schemat odszumiania za pomoca falek. b) Przyktady powszechnie
stosowanych funkcji falkowych.

Kolejna z metod, Analiza Gtéwnych Sktadowych (PCA, ang. Principal Component
Analysis), jest powszechnie znang metoda stosowang w przypadku danych wielowymiarowych
do ich eksploracji [34] i redukcji wymiarowosci [35], ma tez jednak zastosowanie
w odszumianiu [36]. Algorytm polega na rozktadzie oryginalnych danych na czynniki zwane
gtownymi sktadowymi. Pomocne w opisie algorytmu [37] jest wyobrazenie sobie macierzy
poczatkowych danych skladajacych sie z M prébek (obserwacji), kazdej opisanej przez
N zmiennych (cech), jako chmure M punktéw w przestrzeni N wymiarowej. Celem PCA jest
przetransformowanie oryginalnych danych, opisanych przez skorelowane zmienne, w zestaw
danych opisanych mniejsza liczba cech (gtdwnych sktadowych), ktére zachowujg maksymalng
ilos¢ pierwotnej informacji. Szukanie gtéwnych sktadowych mozna wyobrazi¢ sobie jako
rotacje uktadu wspo6trzednych tak, aby znalez¢ kierunek (o$) dla ktérego zmaksymalizowana
zostaje wariancja danych. Taki kierunek mozna nazwaé pierwsza gtdwng skfadowsg (PC1).
W dalszym etapie szukana jest kolejna gtéwna sktadowa (PC2), opisujaca maksymalng ilos¢
wariancji nieopisanej przez sktadowa pierwsza. Taka procedura jest kontynuowana
maksymalnie N razy. Kluczowym aspektem jest tutaj fakt, ze kazdy z tak znalezionych
kierunkéw (gtéwnych sktadowych) jest wzgledem siebie ortogonalny, co zapewnia brak
korelacji pomiedzy pierwotnie skorelowanymi zmiennymi. Ponadto, kazda z gtéwnych
sktadowych jest liniowg kombinacja oryginalnych zmiennych. Algebraicznie, dekompozycja
prostokatnej macierzy oryginalnych danych X moze by¢ przeprowadzona z wykorzystaniem
rozktadu wedtug wartosci osobliwych (SVD, ang. Singular Value Decomposition),
umozliwiajacego przedstawienie X jako iloczynu trzech macierzy [38]

X=USVT, (18)

gdzie U to macierz lewych wektoréw osobliwych, S to macierz wartosci osobliwych, natomiast
V to macierz prawych wektoréw osobliwych. Wartosci osobliwe moéwig o tym jaki procent
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wariancji jest opisany przez dang gtéwna sktadowa. Macierz bedaca iloczynem U oraz S jest
w nomenklaturze nazywana macierza wynikéw, a jej poszczeg6lne kolumny opisuja
wspoétrzedne (rzuty) danych prébek na osiach konkretnych gtéwnych sktadowych. Dla
przykfadu, pierwsza kolumna opisuje rzut punktéw na o$ wyznaczajacq kierunek pierwszej
gtownej sktadowej. Macierz wynikéw opisuje wiec potozenie probek w ukladzie
wspétrzednych gtéwnych sktadowych, jednak nie daje informacji na temat samego uktadu.
Macierz V opisuje potozenie osi gtéwnych sktadowych wzgledem oryginalnego ukfadu
wspotrzednych, jest wiec niezbedna do rekonstrukcji lub rzutowania zewnetrznych prébek na
nowa przestrzen. Kierunek osi kazdej z gtéwnych sktadowych jest wyrazony w V jako cosinus
kata pomiedzy dang osig oraz kazda z osi oryginalnego uktadu wspotrzednych. Wiersze
macierzy V1 nazywane sg wagami, a kazda z wartosci opisuje jaki jest wptyw pierwotnej
zmiennej na dang gtéwna sktadowa.

Zastosowanie metody PCA do odszumiana zwigzane jest z faktem, ze sygnat opisany
jest przez zestaw kilku pierwszych gtéwnych sktadowych, ktére pokrywaja niemal caty zakres
wariancji danych, natomiast pozostate sktadowe utozsamiane sg z szumem. Dlatego w celu
odszumienia X wykonywany jest opisywany powyzej rozktad SVD, jednak do rekonstrukcji
zestawu danych wykorzystywanajest tylko zadana ilo$¢ (K) pierwszych gtéwnych sktadowych.
Ten proces jest schematycznie przedstawiony na rysunku 12. Odszumione dane sg tego samego
rozmiaru co pierwotne, jednak ze zredukowanym szumem.

Rysunek 12. Schemat odszumiania metodg PCA, wykorzystujaca metode rozktadu wedtug
wartosci osobliwych.

Metoda Najmniejszej Frakcji Szumu (MNF, ang. Minimum/Maximum Noise
Fraction) [39], obok PCA, jest kolejng metodg majaca zastosowanie do odszumiania danych
wielowymiarowych. Takie tez byto pierwotne przeznaczenie metody, najczesciej stosowanej
do odszumiania danych satelitarnych [39]. Dziatanie algorytmu jest mocno zblizone do PCA,
ma jednak kilka kluczowych i wyrdzniajacych go krokéw. Istniejg rozne implementacje
algorytmu [40], a wariant opisany tutaj, podobnie jak PCA, bazuje na SVD. Zakfadajac, ze
surowe dane zawarte sg w macierzy X, pierwszym krokiem algorytmu bedzie obliczenie
macierzy szumu. Jest kilka sposobdw oszacowania macierzy szumu dX, ajeden z nich zakfada,
zejest onawyznaczana przez odjecie od siebie widm odpowiadajacych sasiadujacym pikselom.
Macierz szumu jest niezbedna do operacji wybielania szumu, poprzez wykorzystanie
nastepujacej wtasnosci SVD

V1-si -vi =dXt-dX. (19)
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Uzyskane poprzez dekompozycje SVD macierze S oraz V sa nastepnie wykorzystywane do
wybielenia szumu oryginalnych danych w nastepujacy sposéb [40]

wX=X-V, S (20)

Dzigki pomnozeniu oryginalnych danych X przez V,; - S71, szum dla wszystkich zmiennych
wX jest nieskorelowany oraz posiada jednostkowe wartoéci [40]. Tak otrzymane dane
poddawane s3 docelowej dekompozycji [40]

Vy S5 Vi =wXxT wx, (21)
dzigki ktérej moze zostaé wyznaczony zestaw wektoréw bazowych w przestrzeni MNF [40]
Phi=V,-S71-V,. (22)

Aby przetransformowaé oryginalne dane do tej przestrzeni, wystarczy pomnozyé je przez
macierz nowych wektoréw bazowych [40]

mnfX = X - Phi. (23)

Celem powyzszych operacji jest odszumienie danych, zatem transformacja odwrotna powinna
bazowac jedynie na glownych sktadowych zapewniajacych jak najwyzszy poziom SNR. Jest to
zrealizowane za pomoca diagonalnej macierzy maski R, zawicrajacej jedynki dla sktadowych
wykorzystanych do rekonstrukeji, oraz zera dla sktadowych opisujacych szum [40]

denX = mnfX-R-Phi™', (24)

gdzie denX to macierz odszumionych danych.

Gléowng réznica pomigdzy PCA i MNF jest to, ze PCA jest skupione na
maksymalizowaniu wariancji danych, natomiast MNF dazy do osiagnigcia jak najwyzszych
warto§ci SNR. Warto zwrdéci¢ uwage, ze obie metody, MNF i PCA, bazuja na calych
(wiclowymiarowych) zestawach danych otrzymywanych w ramach mapowania lub
obrazowania spektroskopowego. Nie nadaja si¢ one do odszumiania pojedynczych widm, co
odréznia je od pozostalych opisywanych metod.

2.2. Metody korekty linii bazowe;j.

Po odszumianiu, kolejnym krokiem wstgpnego przetwarzania danych, umozliwiajacym
wyekstrahowanie z widma jakosciowych oraz ilo§ciowych informacji, jest korekta linii
bazowej. Dla idealnego widma, w obszarach wolnych od pasm absorpeyjnych, oczekiwane sg
warto§ci absorbancji réwne zero, poniewaz w teorii Zadna c¢zg§¢ promieniowania
podczerwonego (z danego zakresu spektralnego) nie ulegla oddzialywaniu z prébks. Tym
samym, w teorii calo§¢ promieniowania trafia do detektora. Obszar bez pasm absorpcyjnych
pozwala okre§li¢ tak zwang lini¢ bazowa, jednak opisany powyzej przypadek jest
wyidealizowany. W praktyce, glownymi artefaktami zaburzajacymi widma sa efekty
interferencji oraz rozpraszania. Interferencja jest efektem przewazajacym w transfleksyjnym
trybie pomiarowym [41], [42], a w tej pracy stosowany byl jedynie tryb transmisyjny, gdzie
dominujg efekty zwigzane z elastycznym rozpraszaniem polegajace na zmianie kierunku
padajacego promieniowania (tym samym usunigcie go z wiazki padajacej na detektor). Korekta
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(odjecie) artefaktow zwigzanych z linia bazowa jest zatem kluczowym krokiem wstgpnej
obrébki danych, a zastosowana metoda zalezy od wielu czynnikéw, takich jak ksztalt linii
bazowej, pochodzenie artefaktéw, zastosowanie danych, itp.

Powszechnie stosowane sa linie bazowe oparte o funkcje liniowe, poczynajac od linii
nachylonych (ang. sloping) opartych o dwa punkty, przez odcinki korygujace fragmenty widma
zawarte pomigdzy parami sgsiednich punktow (korekta typu rubber band), po lokalne linie dla
danych pasm. Zamiast linii prostej stosowana moze by¢ tez funkcja wiclomianowa, przy czym
stopien wielomianu ograniczony jest przez ilo$¢ punktéw wykorzystywanych do dopasowania.
Powyzsze metody moga by¢ stosowane zaréwno dla artefaktéw zwigzanych z rozpraszaniem,
jak i interferencja, a ich ogromng zaletg jest prostota obliczen. To sprawia, ze implementacja
jesttatwa, a krétki czas obliczen umozliwia wykorzystanie do korekt duzych zestawéw danych.
Ich wada jest jednak ograniczenie mozliwosci zastosowania do linii bazowych o stosunkowo
prostych przebiegach, poniewaz metody te nie sa oparte o modele fizyczne.

Rodzing algorytméw wykorzystujacych do korekty linii bazowej informacje na temat
parametrow fizycznych prébki sa metody oparte o EMSC (ang. Extended Multiplicative Signal
Correction). Metody te sa skicrowane do korekty rozpraszania Mie wystgpujacego
w przypadku, gdy padajace promieniowanie oddziatuje ze sferycznym obicktem (np. komérka)
o rozmiarze zblizonym do dlugosci fali. W wyniku tego rozpraszania obserwowana jest silna
sinusoidalna linia bazowa, uniemozliwiajaca analiz¢ widmowa. Wiele wersji algorytméw
EMSC zostalo zaimplementowanych dla obiektéw sferycznych, wykorzystujac pelng teorie
rozpraszania Mie [43], jak i jej uproszczenia (van de Hulsta) [44]-[46]. Obecnie algorytmy sa
rozszerzane o implementacje umozliwiajace korekty rozpraszania typu Mie dla obicktow
o innej geometrii, np. cylindrycznej (rysunek 13b). Ogdélny schemat i zasada dzialania metod
typu EMSC zostang opisane ponizej na podstawie algorytmu RMieS-EMSC (ang. Resonant
Mie Scattering — EMSC), ktory jest jednym z powszechnie stosowanych wariantéw korekty.

Przewaga algorytméw typu EMSC jest wykorzystanie do korekty rozpraszania
fizycznych parametréw badanej probki, migdzy innymi jej rozmiaru oraz wspélezynnika
zalamania §wiatla. Po dekadach rozwoju, popularnym i wzglgdniec nowym wariantem metody
jest algorytm RMieS-EMSC, bedacy rezultatem poznania zagadnien zwigzanych z artefaktami
wynikajacymi z efektéw dyspersyjnych [44], [45]. Artefakty te odpowiadaja za ostry spadek
absorbancji danego pasma po stronie wysokich liczb falowych, co wynika ze zmian wartoéci
czeséel rzeczywistej wspolezynnika zalamania §wiatla, a tym samym wplywa na zmniejszenie
wydajnosci rozpraszania §wiatla [44], [45]. Aby uwzgledni¢ zmiany w rozpraszaniu, wywolane
artefaktami dyspersyjnymi, algorytm RMieS-EMSC zawiera transformat¢ Kramersa-Kroniga
(KK). Pozwala ona wyznaczy¢ rzeczywisty czg§¢ wspolczynnika zalamania $wiatla na
podstawie referencyjnego widma IR badanego materiatlu (zwigzanego z czgcig urojong
wspolezynnika zalamania, jak to opisano w réwnaniu 14). Kombinacje réznych wartosci
wspdlezynnika/6w zalamania wraz z rozmiarami probki, sa przez algorytm wykorzystywane
do wyznaczenia zestawéw krzywych opisujacych wydajno$é rozpraszania Q.. Ogélny model
RMieS-EMSC zaklada, ze dany sygnal (widmo) 7 paw mozna roztozy¢ (skorygowad) wedlug
nastgpujacego réwnania liniowego [43], [44]

N=7
ZRaW=€+m5+hZRef+Zﬁigi+E, (25)

i=1
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gdzie ¢ jest stalg a m nachylong linig bazowa, # to wektor liczb falowych, h jest czynnikiem
skalujacym widma referencyjnego 7 ref» N to liczba gléwnych skladowych (wartos¢
7 zapewnia satysfakcjonujgcy poziom opisanej wariancji danych), pP; i g; sa wagami oraz ich
czynnikami skalujagcymi opisujacymi wplyw wydajno$ci rozpraszania na widmo, natomiast
F to wektor reszt. Korekta widma wykonywana jest poprzez znalezienie wartosci ¢, m, h oraz
gi» wykorzystujac do tego regresje liniowa. Jest to jednak iteracyjny proces przedstawiony na
rysunku 13d. Pierwsza iteracja, poza korygowanym widmem, wymaga zapewnienia
algorytmowi widma referencyjnego (wolnego od artefaktéw rozpraszania) dla danej probki.
Kolejne iteracje wykorzystuja jako widmo referencyjne widmo bedace wynikiem korekty w
poprzedniej iteracji. Ten proces jest powtarzany okre§long ilo§é razy (np. 10), lub do momentu
ustabilizowania blgdu. Kluczowym krokiem kazdej iteracji jest znalezienie warto$ci Py,
zawierajacych informacje o rozpraszaniu. W tym celu wyliczany jest zestaw krzywych
wydajnosci rozpraszania Qg4 (zazwyczaj 1000 krzywych) dla réznych kombinacji parametréw
fizycznych probki. Taki zestaw jest nastgpnie poddawany dekompozycji PCA, z ktérej
otrzymywane sg warto§ci wag p;.

W przypadku probek sferycznych, wydajnosé rozpraszania moze by¢ wyznaczana na
dwa sposoby, stosujac pelng teorig rozpraszania Mie lub stosujac uproszezenie van de Hulsta.
W przypadku pelnej teorii, wyznaczenie wydajno§ci rozpraszania jest zwigzane z kosztownymi
czasowo obliczeniami sferycznych funkcji Bessela [43]. Ich zastosowanie daje dokladny obraz
charakteru rozpraszania, ale réwnocze$nie wymaga wykorzystania procesoréw graficznych
(GPU) w celu przyspieszenia obliczen. Dlatego bardzo popularne jest stosowanie teorii van de
Hulsta, w przypadku ktérej obliczenie wydajnosci rozpraszania przez sfery sprowadza si¢ do
nastgpujacej formy [44]

p(@) = 2nd(a + bz,(,((ﬁ) - 1), (26)

Qrmies = 2 — ( oG )) smp(V)+4( @ )2)(1— cos p(¥)), (27)

gdzie d to $rednica czastki, a to $redni wspdlczynnik zalamania §wiatla (rzeczywisty), ngy to
rzeczywisty wspolezynnik zalamania §wiatla wyznaczony na podstawie widma referencyjnego
poprzez transformate KK, b to czynnik skalujacy dla ngy.

Przypadek rozpraszania przez sfery, na przestrzeni lat, zostal dobrze poznany i opisany
w literaturze. Z tego powodu, uwaga zostaje obecnie skupiona na innych geometriach, ktére
réwniez wywoluja silne rozpraszanie typu Mie. Takim przypadkiem jest rozpraszanie przez
probki cylindryczne, ktorych przykladem sa np. widkna kolagenowe (rysunek 13ab). Do
wyznaczenia wydajnoéci rozpraszania niezbegdne jest tutaj zastosowanie pelnej teorii oraz
konieczno$¢ uwzglednienia polaryzacji padajacego promieniowania. W przypadku prébki
umieszczonej w oérodku o wspdlezynniku zalamania n,, wydajno§¢ rozpraszania dla
polaryzacji réwnoleglej Qscq oraz prostopadiej Qgqq 1 do osi cylindra jest nastepujaca [47]

, o

scall = [ [P0 ’ Ll ’ L ’ ,

Qsear =5 |[Boal”"+2 ) (Ibun]" + |au] (28)
=1
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nieskoficzonego sumowania, przyjmowane jest ponizsze kryterium koricowe dla réwnari numer
28 oraz 29 [47]

Lnax = % + 4.05x1/3 + 2. (41)

Dla przypadku padajgcego promieniowania charakteryzujgcego sie brakiem polaryzacji,
wydajnos¢ rozpraszania jest nastepujaca [47]

1
Qsca = E [Qsca,ll + Qsca,i]- ( 42 )

Przyktadowe wydajnosci rozpraszania wyznaczone dla sfery oraz cylindréw (uwzgledniajac
rozne przypadki polaryzacji) przedstawione sg na rysunku 13c.

a) Widmo pojedynczego piksela
' —np  — —1

d)

3500 3000 2500 2000 1500 1000
Liczba falowa [cm ]

Rysunek 13. a) Przyktad silnego rozpraszania typy Mie dla tego samego piksela
pochodzacego z prébki cylindrycznej oraz réznych wariantéw polaryzacji $wiatta (N-P
- promieniowanie niespolaryzowane, I - polaryzacja réwnolegta do osi cylindra,

- polaryzacja prostopadta do osi cylindra). b) Wizualizacja trzech przypadkéw polaryzacji,
od lewej: N-P, oraz . c) Pzyktady teoretycznych wydajnosci rozpraszania dla probki
cylindrycznej itrzech przypadkéw polaryzacji $wiatta, oraz dla prébki sferycznej (Qrmies"):
d) Schemat blokowy algorytméw EMSC opisanych powyzej. [H]
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3. Orientacja molekut

Spektroskopia FT-IR oraz jej siostrzane techniki (QCL, O-PTIR, itp.) same w sobie
zapewniaja bogactwo informacji biochemicznych na temat badanej probki. Wiaczenie ponadto
kontroli nad polaryzacja padajacego $wiatta podczerwonego oraz odpowiedniej teorii pozwala
uzyska¢ nawet dogtebniejsze informacje na temat orientacji makromolekut, ktére sa
szczegolnie istotne np. z punktu widzenia biofizyki. Schemat uktadu FT-IR, umozliwiajacego
takie badania, przedstawiony jest na rysunku 14. Jak opisano w rozdziale 1.5, absorbancja
przyjmuje maksymalng wartos¢, jesli kierunek liniowej polaryzacji jest rownolegty do kierunku
dipolowego momentu przejscia. Dlatego liniowa polaryzacja byta od dawna wykorzystywana
do okre$lania wiasciwosci dichroicznych materiatow [17], [18]. Stosowana wtedy metoda
dwéch polaryzacji (2P) posiada jednak duze ograniczenie, wynikajace z koniecznosci
zastosowania polaryzacji réwnolegtej oraz prostopadiej do kierunku taricucha molekut.
W przeciwnym wypadku otrzymane wartoéci wspotczynnika dichroicznego moga by¢ mylne.
Postep w tym obszarze badan nastapit po zaproponowaniu metody czterech polaryzacji (4P).

niespolaryzowane
Swiatto

polaryzator

liniowy

Swiatto liniowe
spolaryzowane

prébka
v(C=6j'
absorpcja
zalezna od
kierunku
polaryzacji Ml
vas(C-O-C}

Rysunek 14. Schemat uktadu do spektroskopii FT-IR z liniowg polaryzacja. [F]
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3.1. Orientacja na plaszczyznie — 2D

Zastosowanie metody czterech polaryzacji umozliwia zdefiniowanie orientacji wigzan
czy tancuchow w plaszczyznie, a co za tym idzie orientacji 2D calych makromolekut,
niezaleznie od poczatkowego wyboru kierunku polaryzacji. Jest ona w gléwnej mierze oparta
o ponizsze réwnanie, opisujace zalezno$¢ absorbancji A(n) od kierunku polaryzacji 7 [48]-

[50]

A(n) — Amax -zl— Amm + Amax 2 Amm cos 2(?” _ l/)), (43 )
gdzie Apin 1 Apay sa minimalng i maksymalng absorbancja, 1 jest kierunkiem polaryzacji dla
ktorego A(1) = Apyq,- Zbieranie czterech, przestrzennie nakladajgcych si¢ zestawéw danych,
kazdy dla innego kierunku liniowej polaryzacji, pozwala znalez¢ przebieg funkcji A(n) dla
kazdego piksela. Taka rekonstrukcja wykonywana jest poprzez nieliniowe dopasowanie funkcji
cosinus, a nastepnie znalezienie warto$ci Apin, Amax oraz ¥ dla danego pasma (dipolowego
momentu przejicia). Procedura jest graficznie przedstawiona na rysunku 15a. Rysunek 15a
dobrze nakresla informacjg na temat orientacji zapewniong przez ta metodg¢. Moment dipolowy
4 jest zorientowany w przestrzeni, natomiast parametr i daje ograniczona informacje na temat
kierunku jego rzutu na plaszczyzne, nie odwiklujac skfadowej kierunkowej poza plaszczyzng.
Dodatkowa informacja moze zosta¢ uzyskana przez wyznaczenie warto$ci funkeji Hermansa
[481-[50]

D-1 2 m
f_D+23coszx—1' (44)
gdzie D = A,y /Apin, Datomiast k to kat pomiedzy gléwna osiag molekuly, a kierunkiem
zmiany momentu dipolowego. k jest definiowane indywidualnie dla kazdego pasma
- zakladana jest warto$¢ 0° jesli kat jest mnicjszy od =54,73° oraz 90° jeéli kat przekracza
wspomniang warto$§¢ [48]-[50]. Funkcja Hermansa przyjmuje wartosci od -0,5 do 1, a ze
wzgledu na swoj zwigzek z ODF (ang. Orientation Distribution Function), warto$ci te moga
informowaé o poziomie uprzadkowania molekutl. Dla przykladu, warto$¢ 1 méwi o tym, ze
momenty dipolowe s3 réwnolegle do osi molekuly, -0,5 oznacza, ze sg prostopadle, natomiast
warto§ci w okolicy zera oznaczaja, ze nie wystepuje uporzadkowanic. Pomimo swoich
ograniczen, metoda 2D zapewnia bogactwo informacji na temat orientacji makromolekul, co
jest potwierdzone analizg probek polimerowych [51] czy tez wldkna jedwabiu [52].

3.2. Orientacja molekut — 3D

Ograniczona informacja o orientacji momentéw dipolowych, dostarczona przez metode
2D, zostala rozszerzona przez Lee, ktéry sformulowal teoretycznic metod¢ wyznaczania
orientacji 3D [53]. Ta technika réwniez bazuje na pomiarach z liniowa polaryzacja $wiatla,
wykorzystujagc  klasyczng teori¢ fal elektromagnetycznych oraz informacje o dwdch
nieréwnoleglych dipolowych momentach przejécia: gléwnym u, oraz drugim p,. Réwnania,
o ktére oparta jest metoda, opisuja zalezno$é wartosci absorptancji (¢ = 1 — T) od kierunku
polaryzacji 1 dla obu momentéw dipolowych [53]

“;(Z’) = (P,) sin?8 Cosz(r]—l/))+% a—(P)), (45)
1
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L (:’) = (P,) [cos@ cosp cos(n — ) + sin ¢ sin(n — P)]?
as (46)

1
+5 A= (P),

gdzie 1, 6 i ¢ to katy opisujace orientacje wektoréw w, i iy, {P,) to parameter uporzagdkowania
(ang. order parameter), natomiast a® zawiera jedynie stale wartoéci. Rysunek 15b zawiera
wizualizacje powyzszych parametréw. Podobnie jak w przypadku metody 2D, do punktéw
eksperymentalnych dopasowywane sg nicliniowe funkcje odzwierciedlajace réwnania 45 i 46.
Na podstawie otrzymanych funkcji, znajdowane s3 nastgpujace wielkoSci: @qmax> M1 maxs
Q4 mins Mmins @2.max> N2max 1 X2min> N2,min> Wedlug schematu przedstawionego na rysunku
15b. Te wielkosci sa wykorzystane do wyznaczenia nastepujacych parametréw posrednich [53]

ME(%—1)=13_(—}22P)2)5“129' (47)

N= (M — 1) = 3th) (cos? ¢ cos? 8 +sin? ¢), (48)
@2,min 1—(P,)

AN = M2 max — Mmaxs (49)

P=%[(M+N)+J(M—N)2+4MNcos29An]. (50)

. o . . . . . .o
Stosunki =% oraz 2% w powyzszych réwnaniach upraszczajg wielkosci a° (stale) obecne

®1,min 2,min
w réwnaniach 45 i 46. Znajac parametry posrednie oraz odpowiednio przeksztalcajac rownania,
mozna wyznaczy¢ orientacje wektorow gy i i, oraz parametr uporzadkowania [53]

P ——P 51
) =533 (1)
lp:nl,maxl (52)
9=sin‘1\/g, (53)
¢ =cos7!|+ w (54)

- M
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Znak w réwnaniu 56 jest zdefiniowany przez znak tanAn. Istotne jest, ze ze wzgledu na
symetrie momentu przejécia wzgledem plaszczyzny polaryzacji, istniejg dwa réwnowazne
rozwiazania powyzszych réwnan. Uwzgledniajac, ze 0 < 81 < n/2 oraz 0 < ¢1< T, drugie
rozwigzanie bedzie zdefiniowane nastepujagco: 62 = m —61 oraz @2 = ~@-1 - Parametr {P2},
podobnie jak funkcja Hermansa, daje informacje na temat utozenia danego momentu
dipolowego wzgledem gtéwnej osi molekuly. Przyjmuje on wartosci od -1/3 do 1, gdzie
1 oznacza orientacje réwnolegt, natomiast -1/3 prostopadta.

Orientacja na ptaszczyznie - 2D

Eksperyment
- Dopasowanie
\max Rzut na
ptaszczyzne
5 QUi
Polaryzacja [ "]
Orientacja w przestrzeni - 3D
Eksperyment
*2,max Dopasowanie
,max max Katy
3D
,max
0
0o &/ @ 1B @
Al,min A2,min
71,min A2,min

Polaryzacja €]

Rysunek 15. a) Wizualizacja zastosowania metody czterech polaryzacji do wyznaczania
orientacji na ptaszczyznie (2D). b) Zastosowanie metody czterech polaryzacji do wyznaczenia
orientacji makromolekut w przestrzeni, poprzez jednoczesne wykorzystanie dwoch
dipolowych momentéw przejscia. [F]
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4. Klasyfikacja — Las Losowy

Chemometria oraz uczenie maszynowe zyskaly w ostatnich latach ogromna popularnosé
wéréd spektroskopistow, ze wzgledu na duza ilos¢ informacji zawartych w widmach IR, ktére
moga nastgpnic zostaé wykorzystane do trenowania modeli regresji wielowymiarowej lub
klasyfikacyjnych. Stosowane metody sa uzaleznione od celu analizy, ale réwniez od ilosci
dostgpnych danych. Dla przykladu, posiadajac kilka do kilkudziesieciu prébek,
najstosowniejsze jest zastosowanie metod regresji wiclowymiarowej. Szczegdlnie popularng
jest metoda czastkowych najmniejszych kwadratéw (PLS, ang. Partial Least Squares), ktora
poza regresja umozliwia wykorzystanie stworzonego modelu do klasyfikacji. Gdy dostgpna
liczba prébek przekracza kilkadziesiat stosowane sg czesto metody klasyfikacji, takie jak sieci
neuronowe (NN, ang. Neural Networks), Lasy Losowe (RF, ang. Random Forest), czy metoda
wektorow wspierajacych (SVM, ang. Support Vector Machine). Sieci neuronowe s poteznym
narzgdziem pozwalajacym trenowaé skomplikowane modele, jednak aby charakteryzowaly sie
one dobra moca predykcyjng, do treningu konieczny jest zbiér wielu (minimum tysiaca) probek,
co w badaniach life science jest czgsto nicosiagalne. Dlatego ogromna popularno$é, szczegdlnie
w klasyfikacji tkanek i tworzeniu modeli histopatologicznych, zyskaly Lasy Losowe.

Las Losowy w swoim dzialaniu jest oparty o drzewa decyzyjne i polega na
wykorzystaniu wielu stabych klasyfikatorow (drzew) w celu stworzenia modelu odpornego na
przetrenowanie. Moze by¢ wykorzystywany do zagadnien zwigzanych z regresja, ale tutaj
uwaga skupia si¢ na klasyfikacji. Do wytrenowania modelu RF wykorzystywany jest zbior
n niezaleznych probek L = { (X;,Y;), .. , (X, Y,)}, gdzie kazda obserwacja (X;,Y;) opisana
jest przez wektor b cech (ang. features) X; = Xy, ..., Xjp oraz etykiete Y; wybrana z zasobu klas.
Koniecznosé zdefiniowania odpowiedzi zwiazana jest z faktem, ze RF jest metoda klasyfikacji
z nadzorem [54], [55].

Pierwszym etapem trenowania Lasu Losowego jest agregacja bootstrap ’a. Polega ona
na losowym wyborze (ze zwracaniem) probek z zestawu L tak, aby stworzy¢ podzestaw probek
shuzacych do treningu jednego drzewa. Dla lasu losowego zlozonego z N drzew, proces ten jest
powtarzany N razy. Ponadto, do treningu kazdego z drzew wykorzystywany jest losowy
podzestaw cech, a ich ilo§é wynosi zazwyczaj Vb. Losowy wybor probek i cech tworzy
indywidualny zestaw danych treningowych dla kazdego z drzew. Sam proces treningu kazdego
drzewa rozpoczyna si¢ od tak zwanego wezla korzenia (ang. root node), w ktorym zawarte sa
wszystkie probki. Wezel nastgpnic ulega podzialowi bazujac na warto§ciach danej cechy.
Procedura ta jest powtarzana az osiagniete zostang liScie drzewa [54], [55]. Algorytmy wyboru
cech i ich wartosci progowych, w oparciu o ktére dokonywany jest podzial, bazuja na
wspolezynniku Gini lub entropii i sa szeroko opisane w literaturze [56]. Na rysunku 16a
przedstawiona jest budowa prostego drzewa decyzyjnego opartego o dwie cechy
i klasyfikujacego probki do czterech klas (szara, z6Ma, czerwona i zielona). Wezet C; to korzen,
gdzie zawarte sg wszystkie probki, natomiast wezty Cs, Ca, Cs oraz C7 to liScie odpowiadajace
finalnemu przypisaniu do klasy przez dane drzewo. Tak wytrenowany zestaw N drzew tworzy
finalny model Lasu Losowego oraz moze zostaé wykorzystany do klasyfikacji probki
o nieznanej etykiecie. Odbywa si¢ to przez zebranie glosow od wszystkich drzew z lasu
(rysunek 16b) i przyjecie, ze prawdziwa jest klasa, ktora zebrala ich najwigkszg ilo$¢.

Wykorzystanie przez RF zespolu indywidualnic wytrenowanych drzew dobrze
przeciwdziala przetrenowaniu wywolanemu skupianiem si¢ modelu na szczegéltowych
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cechach, jak to czesto bywa w przypadku prostych drzew decyzyjnych. Wynika to w znacznym
stopniu z zastosowania algorytmu bootstrap'a i prowadzi do powstania silnych i doktadnych
modeli.

Rysunek 16. a) Przyktadowe drzewo decyzyjne wytrenowane w oparciu o dwie cechy. b)
Schemat wyboru klasy dla prébki nieznanej w oparciu 0 model RF zbudowany z N drzew.
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Przedruki publikacji

Wplyw odszumiania na dane spektroskopowe i skutecznos¢
klasyfikacji

Pierwsze badania naukowe realizowane w ramach niniejszej pracy doktorskiej zwigzane
byly z udziatem w grancie Homing pt. ,,Petna histopatologia raka trzustki przy zastosowaniu
obrazowania chemicznego”, kierowanym przez dr hab. Tomasza P. Wrdbla. W ramach projektu
metody uczenia maszynowego, takie jak Lasy Losowy, wykorzystywane byty do stworzenia
modelu histopatologicznego dla raka trzustki, w oparciu 0 obrazowanie w podczerwieni. Do
realizacji powyzszych zagadnien niezbedne byto zebranie odpowiedniej ilosci danych FT-IR,
umozliwiajacych uzyskanie duzej statystyki pacjentoéw, na ktora sktadato sie kilkaset biopsji
iglowych w formie mikromacierzy tkanek (TMAs, ang. Tissue MiroArrays) oraz dodatkowe
materialy resekcyjne. Pierwotnie zastosowana zostata procedura pomiarowa zaktadajgca
wielokrotne skanowanie w celu osiggniecia satysfakcjonujacego poziomu SNR. Pomiar
jednego kafelka, uwzgledniajacy 32 skany, trwat okoto 52 s, co przy dodatkowych
ograniczeniach zwigzanych z pracg detektora (okoto 3,5 h bez uzupetniania ciektego azotu)
skutkowato czasem trwania pomiaréw jednej TMA rzedu 5,6 tygodnia dla obiektywu 15x, oraz
8,5 miesigca dla 36x. W ramach projektu planowane byly pomiary szesciu TMA, dlatego
pierwotne oszacowania znacznie wykraczaty poza ramy czasowe projektu. Bezpos$rednig
konsekwencja tej obserwacji byto gruntowne zoptymalizowanie praktyk zwigzanych ze
zbieraniem danych, zaczynajac od zastosowania metod odszumiania w celu poprawy jakosci
sygnatu, a tym samym skrocenia czasu skanowania. Po wspomnianej redukcji czasu
skanowania dominujacym blokiem stala sie Transformata Fouriera, ktora z tego powodu
zostata przeniesiona na zewnetrzny komputer. Zastosowanie dodatkowo nowych skryptéw
pomiarowych (pokonujgcych ograniczenia pamigeciowe oprogramowania) oraz regularna
konserwacja detektora (odpompowanie dewara), umozliwity pomiary 24 godziny na dobe
z predkoscig okoto 12,5 s na kafelek. Skrocito to czas pomiaru jednej TMA do 2 dni oraz
2 tygodni, odpowiednio dla obiektywéw 15x i 36x, umozliwiajac tym samym uzyskanie
planowanej statystyki pacjentéw w projekcie Homing. Jednorazowe pomiary duzych obszaréw
prébki (o wymiarach rzedu cm) wigzaty sie z zauwazalng wzgledng zmiang pozycji ogniska
wigzki. Wynikato to z niedoskonatosci uchwytéw i skutkowato przechyleniem prébki,
majacym negatywny wpltyw na jako$¢ otrzymywanych danych. W celu korekty,
zaimplementowany zostat algorytm korygujacy pozycje ogniska na biezaco w trakcie trwania
pomiaréw.

Wspominane powyzej optymalizacje metod odszumiania, kluczowe dla redukcji skali
czasowej pomiaréw, rozpoczety serie tematycznych publikacji skupionych na poprawie jakosci
danych oraz skutecznodci klasyfikacji. Charakterystyka wielowymiarowych danych,
pochodzacych z obrazowania FT-IR, umozliwia zastosowanie zaréwno metod spektralnego jak
i przestrzennego odszumiania. Aby liczbowo oszacowa¢ wptyw kazdej z metod na jako$¢
sygnatu lub obrazu, wykorzystane zostaty symulowane dane w postaci rdzenia (biopsji iglowej)
tkanki trzustki [A]. Dane o roznej rozdzielczosci przestrzennej zostaty zasymulowane
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specjalnie do tego zastosowania, uwzgledniajac surowy sygnat (niezaburzony szumem) oraz
zestawy danych o r6znym poziomie szumu, odpowiadajace konkretnym czasom skanowania.
Takie podejscie umozliwito nie tylko oszacowanie poprawy jakosci sygnatu (SNR), ale réwniez
oszacowanie znieksztatcenia sygnatu zwigzanego z odszumianiem, poprzez zastosowanie
stworzonego w tym celu algorytmu [A]. W publikacji [A] zawarte sa wyniki skutecznosci
wszystkich wykorzystanych metod, z uwzglednieniem optymalizacji parametréw pod katem
poziomu poczatkowego szumu, rozdzielczosci przestrzennej oraz skali odszumianych danych
(liczb widm). Otrzymane wyniki ujawnity korzysci ptynace z zastosowania odszumiania,
zwlaszcza w przypadku takich metod jak MNF oraz PCA. Ich gtéwne zalety to mozliwo$¢
zmniejszenia czasu skanowania do kilku skanéw przy zachowaniu poziomu SNR
przekraczajagcego odpowiednik Kilkuset skandéw [A]. Pozytywna reakcja $rodowiska na
powyzsza publikacje oraz che¢ wsparcia podobnych badan poskutkowaty opublikowaniem na
zasadach otwartego dostepu danych symulowanych, wraz ze skryptami do ich generacji,
w czasopi$mie Scientific Data [D].

Korzysci ptynace z odszumiana zauwazalne sg nie tylko przez analize parametrow
takich jak SNR, ale rowniez w wysokiej jakosci wynikach analiz ilosciowych i jako$ciowych.
Dlatego, poza optymalizacjg metod odszumiania i ich parametréw wyfacznie pod katem
osiggniecia jak najlepszej jakosci sygnatu, przeprowadzono optymalizacje umozliwiajace
osiggniecie wysokiej skutecznosci klasyfikacji danych spektroskopowych za pomocg Laséw
Losowych. Pierwotnie ta analiza ta skupiona byta na modelach opartych o dane FT-IR [B], co
miato szczegolny wydzwiek w kontekscie trwajacego projektu Homing. Metody MNF oraz
PCA poprawity skuteczno$¢ klasyfikacji na poziomie piksela nawet o 43-44%.

W pdzniejszym czasie do projektu Homing wigczone zostaty dane pochodzace
z mikroskopu QCL, zapewniajgce korzystniejsza skale czasowg pomiaréw kosztem
ograniczonej informacji spektralnej. Zaowocowato to rozszerzeniem prac zwigzanych
z optymalizacjg odszumiania réwniez na ta metode obrazowania w podczerwieni [C]. Rezultaty
przedstawione w tej publikacji wskazaly metody oraz ich parametry, najskuteczniejsze
w przypadku klasyfikacji opartej o kontrast chemiczny pochodzacy od zredukowanej liczby
pasm (obrazéw) [C]. W tym przypadku jedynie MNF zapewniat znaczaca poprawe klasyfikacji,
przy zatozeniu zastosowania przynajmniej 20 zmiennych spektralnych.

M6j wkiad w publikacje:

- [A] zwiazany byt z eksperymentalng czescig zbierania danych FT-IR, symulacjami
wolnego od szumu zestawu danych, udziatem w implementacji metod odszumiania, pisaniem
skryptow do analizy wptywu odszumiania na jako$¢ danych oraz pisaniem czesci manuskryptu;

- [B] zwiazany byt z eksperymentalng czeécig zbierania danych FT-IR, udziatem
w implementacji skryptéw do odszumiania i analizy danych oraz pisaniem cze$ci manuskryptu;

- [C] zwiazany byt z implementacja metod odszumiania, trenowaniem modeli
klasyfikacyjnych, pisaniem skryptéw do analizy danych zwigzanych z badaniem wptywu
odszumiania na klasyfikacje oraz pisaniem czesci manuskryptu;

- [D] zwiazany byt z eksperymentalng czescig zbierania danych FT-IR, implementacjg
skryptéw do symulacji danych, symulacjg danych, przygotowaniem danych oraz powstatej
biblioteki do publikacji oraz pisaniem czesci manuskryptu.
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Comparison of spectral and spatial
denoising techniques in the context
of High Definition FT-IR imaging
hyperspectral data

Paulina Kozioll, Magda K. Raczkowskal?, Justyna Skibifnskal3 Stawka Urbaniak-Wasik
Czestawa Paluszkiewiczl, Wojciech Kwiatek x&Tomasz P.Wrébell

The recent emergence of High Definition (HD) FT-IR and Quantum Cascade Laser (QCL) Microscopes
elevated the IR imaging field very close to clinical timescales. However, the speed ofacquisition and
data quality are still the critical factors in reaching the clinic. Denoising offers aide in both aspects

if performed properly. However, there isa lack of a direct comparison ofthe efficiency of denoising
techniques in IR imaging in general. To achieve such comparison within a rigorous framework and
obtaining the critical information about signal loss, a simulated dataset strongly bound by experimental
parameters was created. Using experimental structural and spectral information and experimental
noise levels data as an input for the simulation, a direct comparison of spatial (Fouriertransform,

Mean Filter, Weighted Mean Filter, Gauss Filter, Median Filter, spatial Wavelets and Deep Neural
Networks)and spectral (Savitzky-Golay, Fouriertransform, Principal Component Analysis, Minimum
Noise Fraction and spectral Wavelets) denoising schemeswas enabled. All ofthese techniques were
compared onthe simulated dataset, taking into account SNR gain, signal distortion and sensitivity to
tuning parameters as comparison metrics. Later, the besttechniqueswere applied to experimental
data forvalidation. The results presented here clearly showthe benefit of using hyperspectral denoising
schemes such as PCAand MNF which outperform other methods.

Signal processingis a veryrich field with new denoising techniques created every year. These are becoming more
and more precise and adaptive in nature, however, most of them are focused on photography, medical imaging
and satellite imagery 1 Spectroscopic hyperspectral imaging in this context is relatively new and denoising tech-
niques have not yet been fully optimized for the specific structure and characteristic of IR data2-6

IR imaging provides information about the total chemical composition of the sample along with specific
information about the conformation of certainmolecules, e.g. proteins, DNA. This chemical contrast can be used
to enable more precise models of pathology classification for many diseases, e.g. cancers, atherosclerosis or dia-
betes7-12 In recent years there has been a tremendous progress in instrumentation and image formation theory,
leading to new modalities among which High Definition (HD) pushed the projected pixel size to diffraction limit
sampling13 Obtaining the full spatial information requires using a 1.1 ym projected pixel size, which is smaller
than more commonly utilized 5.5 pm one. This leads to a 25-times smaller sampling volume and light throughput,
resulting in a reduction of signal to noise ratio (SNR). This significantly increases the acquisition times in order
to obtain reasonable SNR in HD FT-IR and calls for denoising techniquesi4

The currentliterature is lacking in a direct comparison ofthe efficiency of denoising techniquesin IR imaging
in general - this is especially difficult since every approach risks distorting the original signal when removing
noise. Since itis not possible experimentally to obtain anoise-free dataset it is impossible to measure actual
signal distortion. To circumvent this problem and allow arigorous framework for comparing denoising effi-
ciency, including the critical information about signal loss, we created a simulated dataset, strongly bound by
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experimental parameters. Using actual structural and spectral information and experimental noise levels data as
an input for the simulation, we enabled a direct comparison of spatial and spectral denoising schemes

As IR imaging grew from the spectroscopic community, the natural tendency was to use standard spectral
denoising techniques such as Savitzky-Golayl5or Fourier-filteringld More advanced approaches are based on
Principal Component Analysis (PCA)17and may take a form of Minimum Noise Fraction (MNF)1319 Up to
date, spatial denoising in IR imaging has been rarely used with a few exceptions of Fourier filtering16 This stems
from the fact that IR imaging is a relatively high SNR technique and unless used in HD-IR mode with a thermal
source it provides data of reasonable quality. The emergence of HD-IR has opened the need for efficient denoising
algorithms@ 2 The developments in Quantum Cascade Laser MicroscopesZare enabling Discrete Frequency
imaging and that puts even more interest in denoising techniques based on a limited number of frequencies, i.e.
spatial denoising3 Median, Mean and Gauss filterslare commonly used in dataprocessing of imaging data, while
wavelets have been suggested as very promising techniques for IR aswell24 Finally, Artificial Neural Networks
can be used for denoisingZand recently the first Deep Neural Network (DNN) denoising approach was enabled
in Matlab packages and is applied here to IR data for the first time.

All of these techniques were compared on the simulated dataset taking into account SNR gain, signal dis-
tortion, sensitivity to tuning parameters and influence of specific FT-IR data structure with different pixel sizes
of 11 and 5.5 pm representing HD and standard definition imaging options. The results presented here create a
benchmark comparison and facilitate the choice of denoisingmethods for any FT-IR dataset, which reduces the
optimization required to be done by the end user.

Materialsand Methods

Experimental. A paraffin embedded serial pancreatic tissue microarray sections were obtained from US
Biomax, Inc. 5pum thick section ofthe TM A was placed on aBaF2saltplate for transmission IR imaging. The sec-
tion was deparaffinized using a 24 h hexane bath. FT-IR measurements were performed using a Bruker Vertex70v
Spectrometer in transmission mode coupled to Hyperion 3000 microscope equipped withan MCT FPA 64x 64
detector and 15x and 36x objectives, giving pixel projections of 2.7 microns and 11 microns, respectively. 5.5
microns image was obtained by 5x binning ofthe corresponding 36x image and served as an example oftypical IR
imaging projected pixel size. The images were acquired in the range from 3900 cm- 1to 900 cm- 1with the resolu-
tion of4cm- 1 A subset ofthe core, i.e. asingle 64 x 64 pixels tile, was scanned with both 15x and 36x objectives
with 2,4, 8, 16,32,64, 128and 256 scans. This data was used for the experimental noise level (8 levels) estimation
to be used in the simulations corresponding to the experimental number ofscans.

Simulations. A single pancreatic cancer tissue core served as an input for simulations. Fuzzy C-Means clus-
tering was performed on the 1.1 ym image (4 scans; empty pixels were discarded) with 3 chosen classes. The spa-
tial distribution ofthese classes were used for initial concentration profiles ofthree spectral profiles (resembling
proteins, lipids and DNA/RNA profiles), each containing 16 bands (1030, 1080, 1172, 1242, 1280, 1342, 1400,
1462, 1550, 1650, 1754, 2352, 2850, 2920, 2962, 3300 cm- 1). Each band was simulated as a 50:50% mixture of
Gaussian and Lorentzian peak shapes. The heights, band positions and widths were all randomized separately for
each ofthe pixels using anormal distribution with 5%, 0, 2%-1, 8% and 1%variability, respectively, simulating
experimental variability of components and concentrations. Afterward, a Gaussian filter was used for each of
the variables in the spectral range, leading to simulating the dependence of IR resolution from the wavelength
oflight. The result of simulation was over 700 000 spectra arranged spatially in a tissue core structure, with an
additional 600 000 empty space spectra. Raw signal was corrupted by randomized baseline and various levels of
multiplicative noise (up to 40% for the most intense bands as reported4), to model different SNR levels of exper-
imental data.

Performance of each denoisingmethod in the group of spectral and spatial denoising techniques was eval-
uated based on two metrics representing data quality and distortion. For spectral denoising, data improvement
was represented by Signal to Noise Ratio (SNR) with asignal value of unity and a standard deviation (after slope
correction) 0f2150-2080 cm- 1region (free of absorption bands) as a noise measure. Each SNR was divided by the
SNR ofanoisy signal to yield SNR Gain. Second parameter - Signal Distortion (SD), was defined as a sum ofdif-
ferences between denoised and clean (simulated) spectrum, but only for variables where the difference is higher
than noise added to a clean signal and is presented as the total signal %. Examination of spatial denoising was
carried out based on commonly used in image processing parameters, such as Peak Signal to Noise Ratio (pSNR)
and Structural Similarity Index (SSIM). Similarly to SNR, pSNR takes the ratio of squared maximum value and
Mean Square Error (MSE) between input and reference image. Since pSNR is usually defined on a decibel scale it
was transformed into alinear scale and then divided by the corresponding transformed pSNR ofthe noisy signal
to yield pSNR Gain. SSIM index is amultiplicative combination ofthe structure, contrast and luminance termZ
giving the level of similarity to the reference image

Data processing and classification were done in OPUS and Matlab software using built-in and home written
procedures.

Results and Discussion

Figure 1presents the workflowleading to amuch more precise comparison of a range of denoising techniques.
Experimental data served as an input for defining the structure of the image as well as relative concentrations of
major biochemical classes (proteins; lipids; carbohydrates/DNA/RNA) and their spectral profiles. This allowed
simulating a noise-free dataset with variability levels comparable or higher than that of a typical tissue sample.
A noise-free signal was then corrupted by the addition of spectral multiplicative noise at levels corresponding to
experimental values of 2 to 256 scans (8 different levels). This dataset was then subjected to spatial and spectral
denoising algorithms, each optimized separately for best SNR Gain vs SD (Supplementary Materials S3-S4) and
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Figure 1. A schematic representation of the workflow designed to compare denoising techniques for IR
imaging. An experimental IR image is used to define the structure and composition profiles of the dataset.
Afterward, multiplicative noise is introduced to the system with levels corresponding to experimental 2 to 256
scans (8 levels). In the next step, the noisy data is subjected to different denoising approaches using spectral and
spatial methods which are optimized for different noise levels. Finally, optimized methods are compared using
Signal to Noise Ratio (SNR) and Signal Distortion (SD) metrics for spectral data and corresponding peak Signal
to Noise Ratio (pSNR) and Structural Similarity Index (SSIM). The bestmethods are then applied again to
experimental data to show their actual capability.

PSNR Gain vs SSIM (Supplementary Materials S5-S8). Finally, the best methods were again applied to experi-
mental data to validate their effectiveness.

Spectral denoising. The results of SNR gain and SD for all of the spectralmethods tested are shown in Fig. 2
and single pixel spectra are shown in Fig. 3. The best SNR Gain is usually obtained for the noisiest data for a given
technique. The most commonly used in spectroscopy denoising algorithm is the Savitzky-Golay smoothing filter
(blue) is giving the smallest SD values in the range of 0.5-1.5% at a reasonable increase of SNR of up to 6times
in the HD resolution (with optimized parameters of polynomial degree equal to 3 and the smoothing points
equal to 15 and 17). The higher the initial noise level the higher the gain, but more signal was lost. The increase
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Figure 2. A comparison of spectral denoising techniques as measured by SNR gain (normalized to SNR of the
inputnoisydata) and SD (presented as 100%-SD) for two different pixel sizes representing H D and standard
definition imaging magnifications. Five methods were tested: Savitzky-Golay (SG), Fourier transform (FT),
Principal Component Analysis (PCA), Minimum Noise Fraction (MNF) and spectral wavelets (Wavelets). The
size of the dots corresponds to the initial noise level, starting with the highestnoise for the largest dot (2 scans)
and going down to the smallest (256 scans). The optimal parameters for each of the methods and noise levels are
given in Supplementary Materials.

Figure 3. Comparison of the spectral resultof denoising for a single pixel at noise levels of 2 scans for HD and
standard definition modes - noisy spectrum in red and denoised spectrum in blue.

could be higher if the user would be satisfied with higher SD which are related in anice, almost linear fashion
(Supplementary Materials S3-S4). The next method, the Fourier transform, is showing an increased SNR gain
behavior ataslightly higher cost of SD. O n the downside, it ismore sensitive to optimization parameters having a
well-defined maximum for agiven noise level (Supplementary Materials S3-S4). Wavelet denoising is also based
on Fourier filter and different shapes (families) can be used with different levels of hardness, leading to 450 com-
binations that were tested (Supplementary Materials Tables 1 and 2). Since the best wavelets significantly flattened
the spectra, Pearson correlation coefficient was used to support the choice of the best set. The latter performed
better than Savitzky-Golay and Fourier transform in terms of SNR gain having values of 8-10 with SD ata compa-
rable level, however, significant optimization was required and the choice of the best ones is somewhat arbitrary.
The methods discussed up to now work on asingle spectrum level, while the next two methods take advantage of
the multivariate nature of the data using the whole data-cube with thousands of spectra at once. PCA denoising
performs amatrix decomposition of the whole dataset at once and MNF has an additional step ofnoise whitening
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Figure 4. Example of calculation ofthe shift difference statin MNF. The spectra of5 adjacent pixels and their
differences in 11 pm and 5.5 um image ofthe same area are shown.

before the same matrix decomposition asPCA. This additional step provides an estimate of the noise structure
and helps to order the new directions in space in decreasingSNR. For HD databoth PCA and MNF outclass every
other method with the SNR gain in the range of 60 to 240 times, however, this comes at a cost oflarger SD values
in the 3-12% range. Moreover, the choice of optimal parameters is not obvious, since the more PCA or MNF
bands are used for reconstruction the less signalis lost but the SNR Gain drops (Supplementary Materials S3-S4)
The situation for standard definition imaging at 5.5 um is quite similar, however, the starting noise level is
already smaller than in H D and the SNR gains are also smaller. Savitzky-Golay, Fourier transform and Waveletes
have slightly smaller SNR gains than in HD, but compensating in smaller SD values. PCA performs in asimilar
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Spatial denoising

Figure 5. A comparison of spatial denoising techniques as measured by pSNR Gain (normalized to pSNR

of theinputdata) and SSIM for two differentpixel sizes representing H D and standard definition imaging
magnifications and two spectral bands 0f3300 cm- land 1650 cm- 1 corresponding to 3 and 6 ym wavelengths.
Seven methods were tested: Fourier transform (FT), Mean Filter (Mean), Gauss Filter (Gauss), Median Filter
(Median), Weighted Mean (W. Mean), spatial Wavelets (Wavelets) and Deep Neural Networks (DNN). The size
ofthe dots corresponds to the initial noise level, starting with the highest noise for the largest dot (2 scans) and
going down to the smallest (256 scans). The optimal parameters for each ofthe methods and noise levels are
given in Supplementary Materials

fashion asin HD, however, MNF has a significantly higher SD, which is almost constant at around 10%, regard-
less ofthe noise level. This is a bit surprising but can be understood by analyzing the way the noise estimate is
obtained. A shift difference statis most commonly used, which calculates the difference between adjacent pixels,
assuming that the only difference is noise. Results of such calculation and this effect are shown in Fig. 4.

The differences between adjacent pixels show a presence of the signal in both projected pixel size images
However, the assumption about only noise being present is metin H D data to a greater extent than in standard
definition. The origin of this is the different spatial sampling of the actual structure and the fact, that HD is
point-spread function limited and standard definition is not. This phenomenon is moreover wavelength depend-
ent since awavelength of 6 um will be better sampled with 5.5 um pixels that awavelength of 3pm. This leads to
higher signal loses at the high-wavenumber end of the spectra than in the fingerprint and can be seen in Fig. 3,
where exemplary single pixel spectra are shown before and after denoising. Interestingly, this is not lowered with
the inclusion ofmore M N F bands as happens in PCA.

Spatial denoising. Spatial denoisingwas performed with 7 different approaches and the results are summa-
rized in Fig. 5. In general, the wavelength dependence ofthe image structure and contrast coming from spatial
resolution required to focus on two examples - 3300 cm- land 1650 cm- 1bands, corresponding to 3 and 6 um
and having a different contrast. For HD imaging case the lowest pSNR gains were obtained for wavelets and sur-
prisingly also the highest signal loss (low SSIM values) for both bands. This means that wavelets are not properly
estimating the structure of human tissue sections as in photography this approach with modifications is very
efficient. For the 1650 cm- 1band Fourier transform outperformed all other methods. This comes from the fact
that image at this wavelength is highly oversampled and the corresponding structure frequency is significantly
different from the noise frequency. The pSNR gains range from 9 to 16 with avery small signal loss as meas-
ured by SSIM. The 3300cm- 1band results show that most methods perform similarly, however, for the highest
noise levels Deep Neural Networks obtained the highest pSNR gain. The standard definition imaging counterpart
shows interestingresults, i.e. that most ofthe methods decrease pSNR values - the exception beingFourier trans-
form. Deeper investigation ofthis surprising result shows that again the structure sampled as 5.5. pm vary highly
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Spatial denoising

3300 cm1- noise level ~2 scans 1650 cm 1- noise level ~2 scans

Figure 6. Detailsof spatial denoising resultsfor HD data with Fourier transform (FT) and Deep Neural
Networks (DNN) shown in details as they performed relatively the best (all images are givenin Supplementary
Materials S10). Zoom-ins on tissue structure and edges are shown to better highlight noise rejection and
potential artifacts introduced by a given method.

from pixel to pixel causing mixing of the structure signal with the noise component. This leads to signal removal
and is not recommended for standard definition data. Profiles of the structure before and after denoising showing
this effect are presented in Supplementary Materials (Figure S11).

PSNR and SSIM are very popular metrics for estimating the efficiency of denoisingmethods in the signal pro-
cessing community, they are not, however, without drawbacks. The HD images before and after denoising for the
all ofthe methods are shown in Fig. 6. It can be seen that even though Fourier transform had the best values for
PSNR and SSIM it leads to artifact creation atthe edges - an expected feature of this denoising method. Wavelets
as methods based on Fourier transform share a similar artifact, however, to a smaller degree. Human eye suggests
that the Deep Neural Network actually performs better than Fourier transform and Mean, Median, W. Mean and
Gauss filters are quite comparable.

Interestingly, when pSNR and SSIM were calculated for the same variables after spectral PCA and MNF
denoising, the results are in the order 0f33 and 113 of pSNR gain and 0.95-0.99 for SSIM for PCA and 37 to 30
PSNR gain and 0.96-0.97 for SSIM for MNF. This indicates that these spectral methods perform better spatially
than any other spatial filter. To be exact, MNF does use spatial information about the noise structure, therefore it
is not strictly spectral.

Experimental data denoising. Every simulation is burdened by an assumption which may or may not
be met in real life and therefore, it is always important to verify theoretical findings with experimental data. A
healthy pancreatic tissue core was used for this purpose and the results of the best denoising methods are shown
in Figs 7 and 8. It can be seen that apopular Median Filter is quite good at reducing noise, but significantly dis-
torts the structure especially at the edges. FT Spatial Filter on the hand preserves more structural detail but leads
to blurring and an impression of defocusing. Deep Neural Network provides a milder noise removal atthe gain of
preservation ofthe original structure. The balance between noise removal and structure preservation is apparent
here. The multivariate methods of PCA and MNF do seem to perform the best, with PCA actually highlighting
some edges more than can be seen in the originalimage. This comes from structure propagation from other spec-
tral bands that influence the result as well. MNF also performs very well, however, edges do get smeared out due
to the way the noise estimate is calculated as was explained in the simulation section.
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Figure 7. Results of spatial and spectral denoising on the image quality of a healthy pancreatic tissue sample.
Median,FT,DNN,PCA and M NF denoising methods were applied to an experimental image acquired with 4 scans.

Image quality is important, however, the most useful information coming from IR imaging is the spectral
information about the chemical content. It is this information that is used for understanding changes occurring
in the sample and is the basis for almost all disease classification approaches bed on IR imaging. Both PCA and
M NF outperformed every other technique in both spectral and spatial denoising efficiency and a closer com-
parison on experimental data was done. The same pancreatic tissue core, which fragment is shown in Fig. 6 was
reconstructed using adifferentnumber of bands (MNF bandsand P CA loadings) and the resulting SNR Gain was
calculated and is presented in Fig. 8. The overall SNR Gain is in the 30-60 range, unlike the simulation, where it
reached over 200. This can be explained by anon-perfect simulation model and confirms the need to test exper-
imental data. Still, the SNR gain is very high and drops with the incorporation of more bands, which is expected
since consecutive bands will have an increasing noise component. It can be seen that M NF is more efficient at
ordering the bands according to SNR, while P CA uses variance as a criterion for ordering. Up to band 10, MNF
reconstructions have abetter SNR gain and outperform PCA. Interestingly, the SNR Gain drops much faster if too
many bands are taken for reconstruction, while PCA remains relatively constant. Therefore, if properly optimized
MNF willyield abetter SNR but for an unknown signal PCA is safer. Overall, both methods are yielding very
good results as can be seen by the single spectra. The differences between PCA and MNF reconstructed spectra
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Figure 8. (Upper left) Comparison of SNR Gains for PCA and MNF denoisingwith a different number of
bands taken for reconstructions for an experimental whole tissue core shown in Fig. 7. (Bottom row) Single
spectra taken from the same experimental pixel from Fig. 7. (Upper right) Actual SNR values of an experimental
210 256 scans of a single 64 % 64 tile of atissue compared with PCA and MNF denoised values ofthe same
image, showing the clear gain from denoising regardless ofthe actual number of scans.

Spectral denoisingtechnioue PROS CONS

Savitzky-Golay Verylowsigrelcstortion shortconputztioreltime — Sh JanIOAeT Henoreorkrcf ek,

Fourier-Transform mee'y Immygnﬂdnﬁwﬁymﬁgeﬂm short SNR gainlower than oneorder of megnitude:

PCA SigrfcantSNR ganandressoretesignal distortion (e dfiultydeortm tieandmenory
- . : - Difficult algorithm, hardtoinplement, time

MNF Significant SNR gainandreasoreblesignal distortion 2 Mmmm m%m .

Vit Veryowsrldtrin o g ot e

Spatial denoisingtechnique  PROS CONS

: Good pSNR gain, high SSIM, oinplement, i

Fourier-Transform rem)gﬂeuﬁp.nﬁmﬁm,gtmq"%mze Imegeartiects

MeanfFilter Good SSIM, eesytoimplement, lowcomputationaltime - Mild pSNRgain

MedianFilter Good SSIM, eesytoimplement, lowcomputationaltime - Mild pSNRgain

GaussFilter Good SSIM, eesytoimplement, lowcomputationaltime  Mild pSNRgain

Weighted MeanFiler Good SSIM, eesytoimplement, lowcomputationaltime  Mild pSNRgain

Vit Netepgan SR e

DeepNeural Networks ReasoneblepSNRand SSIM Difficultalgorithmtotrain

Table 1. A summary ofthe tested methods with a description oftheir performance.

can be seen in the high wavenumber region, where MNF has an offset with regards to the experimental signal
Also, the CO 2bands at 2300-2400 cm- lare reconstructed in a slightly different way, showing that some ofthe
signal loss is irrelevant since these bands are not of use in interpretation. Finally, when looking at SNR plot for
the different number of scans it is clear that no matter how many scans are taken experimentally, denoising will
improve it beyond the experimentally reasonable limits. This measurement was done on a smaller area, therefore,
the SNR Gain is smaller than for afull tissue core, where much more pixels are available for noise estimation and
results in lower MNF performance than that of PCA. A summary of the pros and cons ofthe differenttechniques
is given in Table 1
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Conclusions

We investigated the denoising efficiency and signal distortion properties of a series of spectral and spatial noise
removal techniques, using HD FT-IR data asan input. The results clearly show that multivariate based techniques
of PCA and M NF outperform any other spatial or spectral method, taking full advantage of the broadband nature
of the data. For single pixel level denoising, Wavelet denoising performed the best, while for a single frequency
spatial denoising the answer was less clear, but Deep Neural Networks performed very well across differentinputs
and suggest that this method has good potential if trained properly. Overall, we show that any kind of denoising
done on even asmall number of scans for imaging will give a better outcome than extended acquisition times,
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CPEN Noise-free simulation of an FT-IR

DATA DESCRIPTOR

Imaging hyperspectral dataset of
pancreatic biopsy core bound by
experiment

: Tomasz P.Wrobel 1% Paulina Kozioll, Magda K. Raczkowskal?2 Danuta Liberdal,

Czeslawa Paluszkiewicz1& Wojciech M. Kwiatek 1

A noise-free hyperspectral FT-IRimaging dataset of a pancreatic tissue core was simulated based
onexperimental data thatallows to test the performance of various data analysis and processing
algorithms. A setof experimental noise levels was also added and used for denoising approaches
comparison, which due to the noise-free reference signal enables to truly observe signal distortion
caused by different approaches.

Background & Summary

IR Imaging and spectroscopy is a fast developing field with new applications and branches of research emerg-
ing every year:-3 Some of the applications are well within the current capabilities of the technique, while
others are still pushing the limit. High speed, High Definition imaging would be desirable for aclinical transla-
tion45 however, obtaining useful Signal to Noise Ratio (SNR) usually requires averaging multiple acquisitions.
Pre-processingG7and denoising in particular plays a major role here. However, few approaches give full insight
into their influence on signal, since any noise rejection may result in distorted data. Moreover, every experimental
signal will have a noise component even after long acquisitions. In order to have atrue insight into signal distor-
tion we decided to create simulated datasets with raw and noisy dataga

To ensure the highest reliability ofthe simulations, experimental data was taken to provide spectral and spatial
information used as the initial starting point. A tissue biopsy core was measured and cluster analysis was done to
determine three main classes distribution. Afterwards, these spatial concentration profiles were assigned spectral
data profiles of proteins, nucleic acids and lipids, which were based on spectroscopic knowledge and heavily
randomized to ensure high variability as expected in a biological material. Still, only three profiles were used
and a larger number of classes may be used to capture more ofreal biological material heterogeneity. Finally, the
summed spectral profiles of varying spatial concentrations formed an initial dataset, which was later corrupted
with randomized baseline. However, this dataset did not take into account the dependence of spatial resolution
from the wavelength oflight (the spectral frequency), since the concentration profiles obtained from cluster anal-
ysis removed it during clustering. In the next step such dependence was introduced and a full noise-free dataset
was obtained. Afterwards, varying levels ofnoise, derived from experimental measurements, corresponding to
increasingnumber of acquisitions were introduced to form different SNR datasets for denoising.

The motivation behind this research was to investigate available denoising approaches, not only by estimating
improvement done by noise reduction but also by having insightinto the degree of distortion done to a signal.
This kind ofanalysis was never done before, especially on that scale. We recently published results, where among
others we presented optimization process of five spectral denoising techniques8 By making this data available
to other researchers we aim to encourage them to perform similar optimizations, which is possible not only for
denoising but might be applied to diversity of preprocessing techniques. These datasets are a perfect platform to
test and objectively compare state-of-the-art and new algorithms of any kind of data treatment with denoising
being the intended use for this simulations.

institute of Nuclear Physics Polish Academy ofSciences, PL-31342, Krakow, Poland. ZFaculty of Physics and Applied
Computer Science, AGH University of Science and Technology, Mickiewicza 30, Krakow, Poland, *emaik tomasz
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Experimental tissue core  Fuzy Data spatial “concentration " profiles

Fig. 1 Graphicalillustration ofthe process leading to data spatial structure characterization. FT-IR data (left)
served as a base for Fuzzy C-means Clustering, which led to obtaining three spatial profiles (right) including
proteins, nucleic acids and lipids. Black and white images with color frames present the class membership
probability of each profile separately, and RGB image shows a combination ofall.

Methods

A typical FT-IR imaging dataset consists of a data cube, which spectral dimension is usually approximately 800
or 1600 variables depending on the spectral range and resolution, 8 or 4cm- 1, respectively. The spatial x and y
dimension vary alot - depending on the samples and magnification optics, dictating the projected pixel size - still
arange from hundreds to dozens ofthousands reported in the literature.

In our datasets, the complete process of obtaining a simulated FT-IR dataset consists oftwo main parts: exper-
iment and simulation. The purpose ofthe experiment was to obtain an actual estimation of the data structure,
which will form the basis ofthe simulation. The briefly outlined here process lead to creation of simulated FT-IR
datasets directly based on experimental parameters.

1. Pancreatic biopsy tissue core was measured to create a full image, and thus obtain the spatial structure of
the dataset.

Small subset (a64 x 64 pixel area) was measured with varying number ofacquisitions giving information
about spectral noise levels.

Initial spectra were simulated with Voigt profiles and randomized

4. Baseline was added to achieve more realistic (disturbed by artifacts) data.

Wavelength dependence ofthe spatial resolution was introduced using Gaussian filter imitating an Airy's
disc.

Various levels ofnoise were added creating range of simulated data with different SNR.
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o

More detailed description is presented below.

Experimental. The experimental part was based on a Tissue Micro Array (TMA) with pancreatic cancer
tissue cores, purchased from US Biomax Inc., which also holds informed consents from human subjects for
research. A paraffin embedded, 5m thick section was mounted on BaF2salt window for transmission measure-
ments mode. 24h long hexane bath was performed for sample deparaffinization. The equipment used for FT-IR
imaging was Bruker Vertex70v Spectrometer coupled to Hyperion 3000 microscope with Focal Plane Array (FPA)
detector 64 X 64 pixels and 36x objective (projected pixel size of 1.1 ym)

Data spatial structure. A single pancreatic tissue core with a diameter of approximately 1mm was measured
in transmission mode, giving around 700 000 sample pixels and 600 000 background pixels. Data was acquired
in the range from 3850 cm- 1to 900 cm- 1with spectral resolution of8cm- 1and 4 scans averaging. The normally
used in the Fourier transform zero filling factor of 1 results in interpolated data and the final spectral spacing is
equal to 4 cm- 1 Data were written in a binary file with single precision giving afile size 0f3.8 GB. Unsupervised
Machine Learning in the form of simple Cluster Analysis is known to show good results in FT-IR Imaging101L
Therefore, in order to prepare data for further analysis, Principal Component Analysis (PCA) denoising with
50 components was applied. After empty pixels exclusion, Fuzzy C-means Clustering (FCM) with D-Values as
a distance measure (modified Pearson correlation coefficient)10was performed using algorithm implemented
in CytoSpec software. The number of classes was arbitrarily chosen as three, since the goal was to obtain spatial
profiles of three main biochemical classes. The general scheme and outcome ofthis process are shown in Fig. 1.
Two more spatially similar classes were assigned to protein and DNA/RNA classes, respectively, while the more
distinct one to lipids, as s often the case in biological tissues. Itlater served as a base for spatial arrangement (con-
centration scaling factors) during simulation process. Additionally, the image for Amide | band (1650 cm- 1) of
experimental data was used for tissue mask creation. The applied threshold was equal to 0.15. Pixels with absorb-
ance above this limit were marked with O (tissue region) and 1 if opposite (background region).
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Fig.2 Procedure for experimental noise estimation. Examples of experimental spectra with different noise

level corresponding to 2-256 scans averaging (left). (middle) Presentation ofband free region, with afitted
straight line, used for noise estimation. After baseline correction, standard deviation gives numerical noise value
(middle). SNR presented as an average of results for sample region pixels (spectra), for datasets corresponding
to the number of scans presented on X axis (right).

Noise levels estimation. Six areas of 64 64 pixels (corresponding to a single tile), partly covering pancreatic
tissue and partly background area were measured in transmission mode. In this case, the spectral range was from
3850cm- 1to 800 cm- 1 with 8 cm- 1resolution. These measurements were repeated 8 times, for 2, 4, 8, 16, 32, 64,
128 and 256 scans averaging (and 64 for background measurement) and giving experimental spectra with differ-
ent signal quality as presented in the left part of Fig. 2.

In order to numerically estimate noise levels corresponding to each dataset, a noise describing metric was
implemented. Like it is shown in the middle part of Fig. 2, noise estimation consists oftwo steps. First, a straight
line is fitted to the band free region ofthe spectrum (2150-2075 cm- 1). Afterwards, aline is subtracted and the
absolute value is taken:

xi= yi- bi,

where:yiis araw data point and biisa corresponding data point ofthe fitted line. Secondly, the results from the
previous step served for the standard deviation calculations giving noise values for a given spectrum:

where: x is amean value ofxi,i and K are the indexes 0f2150-2075 cm- 1data range and N is anumber ofpoints
A MATLAB implementation ofthe presented above algorithm is provided with the code set. The obtained results
ofSignal to Noise Ratio (SNR) with a signal of unity (signal value taken as 1) are presented in Fig. 2. For better
statistics and results stability the SNRs for pixels in the sample region were averaged for each dataset. We observed
here agood SNR shape, which was expected to be proportional to the square root ofnumber ofscans. This result
was later used for the estimation ofthe amount ofnoise added to simulated spectra.

Simulations. The core part of this data descriptor is the process of simulation of a reliable dataset being a
good imitation of FT-IR imaging data. The whole process consists offour main steps described below with agen-
eral workflow presented in Fig. 3. This part ofanalysis was entirely done in MATLAB Software.

Spectral profiles generation.  In this part ofthe simulation, each spectrum ofthe hyperspectral dataset was sim-
ulated individually and later arranged in a spatial manner via spatial “concentration” profiles, which are linear
combination coefficients of the three profiles. An important remark to make is the definition ofsingle band shape.
In general, IR bands are with a good approximation similar to Gaussian or Lorentzian-like curves12 However,
more specific sources claim that closer estimation is given by aVoigt profile13 which is defined as a convolution of
Gauss function and Lorentz function1415 Here the Voigt profile implementation made by Sanjar M. Abrarov and
Brendan M. Quine from York University in Canada was used. Individually simulated profiles contain 16 bands
with defined position and width of Voigt functions (50% Gaussian and 50% Lorentz functions). These profiles
are later multiplied by corresponding scaling factors obtained from cluster analysis of experimental data and
summed giving the shape offinal spectrum. In other words, itis a sum of three components corresponding to
data profiles determined in the experimental section - proteins, nucleic acid and lipids. Spectral characteristics of
the base profiles used in simulation are presented in Table 1 Theywere defined by an experienced spectroscopist
to give typical shapes and ratios of bands of the main profiles - typical profiles are shown in Fig. 4. During the
simulation process, all parameters were randomized with various levels of standard deviation (Table 1). Spectra
were simulated in the range from around 3850 cm- 1to 900 cm- 1with 4 cm- 1resolution, although in the provided
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based on experimental data
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to simulate artifacts like
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give wavelength dependence of
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Noise introduction
Different levels of multiplicative
noise were added based on
experimental estimation, creating
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Fig.3 Scheme describing the workflow of the simulation process. First partincluded creation of spectra
with determined chemical profile using Voigt profiles as bands approximation. Next step was aimed to insert
randomized baseline in order to introduce artifacts to the system. Afterwards, spatial resolution dependence
was introduced by using aGauss filter. Finally, different levels of multiplicative noise were added to clean data.
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Table 1. Information/data used in spectral profiles simulations.
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Fig.4 Simulated spectral profiles of the three main components: proteins, lipidsand DNA/RNA.

scripts bands positions and widths were converted from wavenumbers into points. After generation and random-
ization ofthe three profiles for each of the pixels, the three profiles were summed according to spatial concentra-
tion profiles. An exception was made for CO 2band (2352cm- 1), since itis arandom component, not related in
concentration to any spatial structure. Therefore, its concentration profile was completely random spatially, while
not randomized in terms ofwidth. In order to reach more realistic tissue section absorbance values whole the
dataset was multiplied by the factor of 10. Some additionalminor steps were also applied, but it can be concluded
from provided scripts.

Baseline insertion. Experimental data are almostnever artifact free and this fact must be included in the sim-
ulation. A group of artifacts distorting spectra with an appearance ofavarying baseline is related to scattering
effects and strongly depend on sample geometry and morphology. Scattering is approximately proportional to
the wavenumber16(light frequency) apart from situation where measured object is spherical with diameter close
to the wavelength (for example cells)1%19 This is not the case for tissue measurements, therefore, a baseline in the
form ofa straight line was introduced here. Both line coefficients were randomized, and once again based on the
spectroscopic knowledge, slope range was set from 0.15 to 0.25 and y-intercept was in the range from - 0.00026
to 0. Baseline added to background spectra was divided by the factor 0f15. This comes from the fact that the lack
of sample greatly reduces scattering effects. An exemplary baseline is presented in the proper section ofFig. 3.

Spatialresolution dependence on wavelength.  Since the simulated hyperspectral data should be representative of
IR imaging technique, it was essential to take into account image formation physics related to the dependence of
spatial resolution from the wavelength oflight at the diffraction limit. Light spot coming from circular aperture is
described by Airy's disc16 with radius limited by the first minimum and described by:
AR
a
where A is wavelength, a is aperture diameter andR = a isadistance offocus from aperture described by
numerical aperture N A. This leads to amore commonly known expression of:
A
2 -NA'

With atypical NA of FT-IR imaging in the 0.5 range this leads to almost direct proportionality ofthe wave-
length oflight and the radius ofan Airy's disk. A reasonable approximation ofthe disk can be done with aNormal
Distribution, therefore aGauss spatial filter was applied to all images with individually computed filter parameter:

o= 341%- T


http://www.nature.com/scientificdata/
https://doi.org/10.1038/s41597-019-0260-

SCIENTIFIC DATA

Estimation of o was done, by assuming that r is covered by three standard deviations of Gaussian distribution
(30). This means that for a wavelength of 6um (amide | band at 1650 cm- J) the total distribution should cover
12pm, which means it is covering almost 11 pixels in x and 11in y (projected pixel size of 1.1 um was used to
obtain the spatial structure). In this step the data gained another important source ofvariability comingfrom the
dependence ofimages (structures) on wavelength. Gauss filtering was the final stepin the creation ofraw FT-IR
dataset simulating clean (noise free) signal.

Noise insertion. The main purpose of this simulation was to obtain datasets with different levels ofnoise and
strongly bound by experimental data. Based on knowledge about the multiplicative character ofnoise in FT-IR
spectroscopy2) noise level for maximal absorbance in the dataset was setto be 40% higher than for the minimal
absorbance value. To execute this condition a Gaussian noise was simulated atfirst. Noise values were later line-
arly scaled with coefficients found from a system oftwo linear equations obtained for maximal and minimal value
ofabsorbance:

b = noiseG -a - MAX,

where a is slope for noise scaling, bis y-intercept, noiseGis Gaussian noise and MIN and M AX are minimal and
maximal values in whole raw dataset. Final noise added to the system was:

noiseM = a - Aijk + b,

where Aijkis absorbance for a given data point of hyperspectral data. The parameter that allowed to manipulate the
final level ofnoise was the standard deviation ofinitially generated Gaussian noise. To reach the desired noise level
(corresponding to experimental dataset) aniterative process was conducted. The standard deviation ofGaussian dis-
tribution used in noise generation was set to the value of noise for the experimental dataset. After introduction of
generated noise into raw data, noise estimation was performed with described earlier SNR metric. Ifthe obtained
value differed from the experimental one, process was repeated with proper correctionin standard deviation ofGauss
noise. Due to the size of raw dataset (around 4 GB) this process might be time consuming and it is recommended to
conduct it on a computer with sufficient RAM memory. The approach described here allows simulation of any noise
level. 8 datasets with signal quality corresponding to 2,4, 8, 16, 32, 64, 128 and 256 scans averaging were created.

Data Records
Simulated datasets and above-mentioned scripts and algorithms are available atthe Open Science Framework9

Main dataincluding raw and noisy datasets were storedin Matlab.mat format. Each fileis around 3.2 GB and
after loading into workspace has three dimensions. First and second corresponds to a spatial position (pixels),
third dimension refers to spectral variables. For example, extracted image of any spectral variable gives matrix
with size of 1180 % 1100, but extracted single spectrum gives vector of size 1x 1x 765 and needs reshape (or
squeeze) function to be plotted.

Besides final datasets we also provided results of experiment, which are directly needed for the simulations.
Results of cluster analysis giving scaling factors for each data profile are available in .mat format. This file contains
four variables, three variables with size of 1180 % 1100 correspondingnucleic acids (firs class), proteins (second
class) and lipids (third class). Last variable is acombination ofall three with size of 1180x 1100 x 3 and the same
order (might be used for RGB image). Results ofnoise estimating experiment are provided in excel file with
proper description inside.

Data mask determining sample and background regionsis in the form of.mat file with logical data type where
0 corresponds to sample pixel and 1to background pixel.

Wavelength vector (.mat file) with dimensions 0f765% 1is provided for the potential userin case i f determin-
ing spectral regions is needed.

Scripts and functions have Matlab .m format, but might be open with any text editor.

Technical Validation

Principal componentanalysis. The main potential limitation of trying to simulate spectra of biological
origin is to have too little variability, as there are millions of different molecules contributing to the acquired
signal. PCA is aconvenient way of comparing variance sources2.2in two datasets and was therefore performed
on the original experimental dataset and a simulated one with noise levels ofthe same order (the same number of
scans). The scatter plot of PC1 vs. PC2 is shown in Fig. 5.

Itcan be seen that there is alarge overlap between the two datasets, especially on PC1, which accounts for 80%
ofvariance. There is some shiftin PC2 aswas expected, since simulation will not capture all ofthe variability. The
values ofthe simulated dataset were scaled by 1.6 to have atotal max absorption of 1.6 at amide | position as was
found in the experimental dataset.

Usage Notes

A huge advantage ofthe provided here datais a presence of clean (noise free) dataset. Since preprocessing applied
to more realistic noisy data might affect them in an unexpected way, therefore it is useful to compare intro-
duced changes with the initial signal. This was exactly the case in the studyinvestigating the influence of different
denoising techniques on FT-IR data8 To numerically estimate level of deformation done by denoising, aSignal
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PCI 80.32% Variance

Fig.5 PC1 (80.32% variance)vs.PC2 (8.26% variance) scatter plot of the simulated dataset with 4 scans and of
the experimental datasetwith 4 scans.

Distortion (SD) metrics was defined and it consists of the following steps. Initial step was to find an absolute value
of noise introduced to the system, as:

noiseijk abs = Aijknoisy = Aijkclean ,

where AjTiSyis absorbance for data point of noisy dataset and Ajjldemis a corresponding data point from raw
dataset. Next, an absolute value of noise left after denoising was estimated:

noiseijk abs red = Aijk denoised = Aijknoisy ,
where Aljlditsis absorbance for data point of denoised dataset. Final part was to sum values of:
SDijk = noiseijk abs red = noiseijk abs ,

but only for ijKdata points where Noiseijietsiech noiseijiet® This additional condition was introduced to avoid sit-
uation where the distortions caused by denoising were smaller than the original noise. This custom made metrics
was created for the purpose of denoising but it might be easily adapted for other applications and we recommend
to use whenever reference signal is needed. MATLAB script for SD computation is also provided.

Code availability
Simulated datasets and mentioned above scripts and algorithms are available atthe Open Science Framework9.
MATLAB Software version R2017b was used for the creation ofscripts with additional toolboxes: Statistics and
Machine Learning and Image Processing
CystoSpec Software version 2.00.01 was used for PCA denoising and FCM clustering.
Voigt profile computation algorithm implemented by Sanjar M. Abrarov and Brendan M. Quine is available at:
https://ww2.mathworks.cn/matlabcentral/fileexchange/47801-the-voigt-complex-error-function-second-version.

Received: 8 July 2019; Accepted: 27 September 2019;
Published orline: 29 October 2019

References

1. Wrobel, T P. & Bhargava, R. Infrared Spectroscopic Imaging Advances as an Analytical Technology for Biomedical Sciences. Anal.
Chem. 90, 1444-1463 (2018).
Hermes, M. et al. Mid-IR hyperspectral imaging for label-free histopathology and cytology. J. Opt. (United Kingdom) 20, 23002
(2018).
Wrobel, T P.,Kole, M. R. &Bhargava, R. Emerging trends and opportunities in discrete frequency infrared and Raman spectroscopic
imaging. Spectroscopy 31,28-44 (2016).
Wrobel, T P., Kwak, J. T, Kadjacsy-Balla, A. & Bhargava, R. High-definition Fourier transform infrared spectroscopic imaging of
prostate tissue. In Progressin Biomedical Optics and Imaging - Proceedings of SPIE 9791, 97911D (2016).

~

w

>

5. Leslie, L. S etal. High Definition Infrared Spectroscopic Imaging for Lymph Node Histopathology. PLoS One 10,e0127238 (2015).

6. Lasch, P. Spectral pre-pi ing for bi i ibrati P py and microsp picimaging. Chemom. Intell. Lab. Syst
117,100-114 (2012).

7. Berisha, S et al. Slproc: an op: data platform for large hyperspectral images. Analyst142, 1350-1357
(2017).

8. Koziol, P. et al. Comparison of spectral and spatial denoising techniques in the context of High Definition FT-IR imaging

hyperspectral data. Sci.Rep 8, 1-11 (2018). . )
robel, T P. etal. IR Denoising Data Descriptor. Open Science Framework, https:/doi.org/10.17605/QSEIQ/WEF7P (2019).

©

(2019)6:239  https://doi.org/10.1038/541597-019-0260-> 7


http://www.nature.com/scientificdata/
https://ww2.mathworks.cn/matlabcentral/fileexchange/47801-the-voigt-complex-error-function-second-version
https://doi.org/10.17605/QSEIQ/WEF7P
https://doi.org/10.1038/s41597-019-0260-

SCIENTIFIC DATA

5

. Wrobel, T P., Mateuszuk, L., Kostogrys, R. B., Chlopicki, S. & Barariska, M. Quantification of plaque area and characterization of
plaque bi i ition with is progression in ApoEALDLR(- /—) mice by FT-IR imaging. Analyst 138,
6645-52 (2013).

. Nallala, J., Lloyd, G. R., Shepherd, N. & Stone, N. High-resolution FTIR imaging of colon tissues for elucidation ofindividual cellular
and histopathological features. Analyst 141, 630-639 (2016).

. Stuart, B. H. Infrared Spi py: and icati https://doi.org/10.1002/0470011149 (John Wiley & Sons, Ltd,
2004).

. Stancik, A. L. &Brauns, E. B. A simple asymmetric lineshape for fitting infrared absorption spectra. Vb. Spectrosc. 47, 66-69 (2008).

. Abrarov, S M. & Quine, B. M. Efficient algorithmic implementation ofthe Voigt/complex error function based on exponential series

approximation. Appl. Math. Comput. 218, 1894-1902 (2011).

Abrarov, S.M. & Quine, B. M. On the Fourier expansion method for highly accurate computation of the Voigt/complex error

function in a rapid algorithm. arXiv 1205, 1768 (2012).

. Hecht, E. Optics (4th Edition). (Addison-Wesley, 2012).

. Bassan, P et al. Resonant Mie scattering in infrared spectroscopy ofbiological materials - understanding the ‘dispersion artefact'
Analyst 134, 1586-1593 (2009).

. Bassan, P et al. Resonant Mie scattering (RMieS) correction of infrared spectra from highly scattering biological samples. Analyst
135, 268-77 (2010).

e
e

R

[~

&

55

&

19. Bassan, P et al. Reflection contributions to the dispersion artefact in FTIR spectra ofsingle biological cells. Analyst 134, 1171-5
(2009).

20. Mark, H. L. & Griffiths, P R. Analysis ofNoise in Fourier Transform Infrared Spectra. Appl. Spectrosc. 56, 633-639 (2002).

21. Rygula, A., Jekiel, K., Szostak-Kot, J., Wrobel, T. P & Baranska, M. ication of FT-Raman spi py for in situ detection of
microorganisms on the surface oftextiles. J. Environ. Monit. 13, 2983-2987 (2011).

22. Bonnier, F. &Byrne, H. J. U ing the information il in principal analysis of vi

spectra ofbiological systems. Analyst 137,322-32 (2012).

Acknowledgements

This research was supported from the “Pancreatic cancer comprehensive histopathology based on IR chemical
imaging” project, which is carried out within the Homing programme (grant no. Homing/2016-2/20) of the
Foundation for Polish Science co-financed by the European Union under the European Regional Development
Fund. We gratefully acknowledge the supportof NVIDIA Corporation with the donation of the Quadro P6000
GPU used for this research. This research was performed using equipment purchased in the frame of the project
co-funded by the Malopolska Regional Operational Program Measure 5.1 Krakow Metropolitan Area as an
important hub ofthe European Research Area for 2007-2013, projectno. MRP0O.05.01.00-12-013/15.

Author contributions

Study design: T.P.W,, P.K., W.M.K. C.P,, M.K.R., D.L. Development of methodology: T.P.W., P.K,, M.K.R., D.L.
Acquisition of spectroscopic data: T.P.W., P.K., M.K.R. D.L. Analysis and interpretation of data: T.P.W., P.K.,
W.M.K. C.P.,,M.K.R., D.L. Writing the manuscript T.P.W., P.K.

Competinginterests
The authors declare no competing interests.

Additional information
Correspondence and requestsfor materials should be addressed to T.P.W.

Reprints and permissionsinformationis available at www.nature.com/reprints.

Publisher's note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, aslong asyou give appropriate credit to the original author(s) and the source, provide alink to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article areincluded in the article's Creative Commons license, unless indicated otherwise in a creditline to the
material. If material is notincluded in the article's Creative Commons license and your intended useis not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http:/creativecommons.org/licenses/by/4.0/.

The Creative Commons Public Domain Dedication waiver http://creativecommons.org/publicdomain/zero/1.0/
applies to the metadata files associated with this article.

© The Author(s) 2019

(2019)6:239  https://doi.org/10.1038/541597-019-0260-> 8


http://www.nature.com/scientificdata/
https://doi.org/10.1002/0470011149
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
https://doi.org/10.1038/s41597-019-0260-

Analytica Chimica Acta 1085 (2019) 3% 47
Contents lists available at ScienceDirect

Analytica Chimica Acta

journal homepage: www .elsevier.com/locate/aca

Influence of denoising on classification results in the context of
hyperspectral data: High Definition FT-IR imaging

Magda K Raczkowska g b, Paulina Koziol g Slawka Urbaniak-Wasik c,
Czeslawa Paluszkiewicz 3 Wojciech M. Kwiatek a Tomasz P. Wrobel a*

alnstitute of Nuclear Physics Polish Academy of Sciences, PL-31342, Krakow, Poland
b Faculty of Physics and Applied Computer Science, AGH University of Science and Technology, Mickiewicza 30, Krakow, Poland
¢NZOZ Pathology Department, Jagiellonska 70, Kielce, Poland

hig hlights

*® Denoising process is demonstrated to
significantly impact classification
performance of FT-IR imaging data.

® Increase in pixel-level classification
accuracy reach up to 45%.

®PCA and MNF have significantly
improved classification results and
outperform other methods.

articleinfo

Article history:
Received 16 April 2019
Received in revised form

16 July 2019

Accepted 22 July 2019
Auvailable online 25 July 2019

Keywords:
FT-IRimaging
PCA

MNF

Deep neural network
Wavelets

Random forest

* Corresponding author.

graphical abstract

abstract

Owing to the high information content about the biochemical composition of the sample, the imple-
mentation of Fourier-Transform Infrared Spectroscopy (FT-IR) in the clinic is currently under investiga-
tion by many researchers. Cancer biology with the use of histopathological models is one of the most
explored application areas. Most of the publications show sensitivity of the method to be above 90%,
however, it is still often not enough for clinical standards. Robust denoising techniques with an opti-
mized classification model allow to shorten the experimental acquisition times which still are a
bottleneck for FT-IR translation into the clinic. The main premise of this work is to evaluate denoising
impacton classification results using spectraltechniques:SavitzkyGolay(SG) Wavelets(WV),Principal
Component Analysis (PCA) and Minimum Noise Fraction (MNF); and spatial techniques: Deep Neural
Network (DNN), Median Filter. Using denoising methods, especially MNF and PCA, gave significant
improvement of the classification and prediction results. Moreover, the increase in pixel level accuracy
forHighDefinitiondata(l.1nmprojectedpixelsize)wasfoundtobedependentonthecomplexityofthe
histopathological class and reached even 43e 44% level, while core level increase reached around 28%.
Moreover, we investigated the impact of denoising methods on the spectral input to better understand
the mechanism of such large improvement. The results presented here highlight the benefits and the
importance of proper denoising for classification purposes of FT-IR imaging data.

© 2019 Elsevier B.V. All rights reserved.
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1. Introduction

Fourier transform infrared (FT-IR) imaging is rapidly devel-
oping as a field both in instrumentation [1e 3] and in applications
[4e 6]. High information content about biochemical composition
makes FT-IR imaging perfectly suitable for biological applications
[7]. Part of the applications is concerned with exploring new
systems with chemical imaging [8,9] while biomedical applica-
tions often use a priori knowledge about the system resulting in
classification approaches [10e 15]. The multivariate characteristic
of IR spectroscopic data is fundamental for the use of machine
learning. Moreover, the progress in instrumentation and resulting
speed enhancement enables to use millions of objects for training
and even furthermore justifies the use of machine learning, which
requires a large model data set. The range of classification ap-
proaches is large, e.g. PLS-DA, KNN, SVM, Neural Networks, with
Random Forest recently gaining attention due to its simple opti-
mization, high accuracy, robustness and variable importance
measure. The variety of available tools caused that the idea of
translation FT-IR into the clinic, especially for the tissue diagnostic
purposes, is gaining serious attention through the last years
[16e 19]. One of the most explored fields is cancer biology, with
series of histopathological models created for, e.g. lung [20],
prostate [21], breast [22] or lymph node [10] cancers. Most of the
publications show sensitivity of the method above 90%, although it
is still too slow to reach clinical timescales. Sufficient data
throughput might be achieved by introducing QCL microscopes,
allowing discrete frequencies imaging, in particular after widefield
imaging systems became available [23,24]. First reports of QCL
based histopathology are very promising [12,25]. Still, FT-IR sys-
tems offer the highest quality data and optimization of classifier
performance is therefore crucial for the future adaptation of FT-IR
based models for QCLs ones.

Several factors influence the classification performance of a
given model, i.a. model training parameters, number of samples
and variables, complexity of the approach (linear or non-linear) and
data transformation techniques. The latter is usually termed pre-
processing and includes all sorts of corrections taking into account
the experimental effects and artifacts. In IRimaging the corrections
are typically baseline corrections, normalization, metric calculation
or denoising. Recently, we have done a thorough comparison of
spatial and spectral denoising techniques in the context of FT-IR
imaging [26] as well as in Quantum Cascade Laser IRimaging [12]
data, looking into data-specific structuresthat influence the results.
By looking at noise reduction from just signal processing angle
(Signal to Noise Ratio Gain and Signal Distortion), PCA and MNF
clearly outperformed all other approaches. In QCL IRimaging data
such measures of noise removal were not available due to Discrete
Frequency [27] nature of the data and a classification model was
used to determine which methods perform the best. It was clear
that only MNF was having any positive effect on the classification
accuracy.

Here we extended our approach to FT-IR data, which has a
different data-structure than QCL IR imaging and is expected to
behave differently. Since the vast majority of research is still done
with FT-IR instruments it is crucial to fully take advantage of the
obtained signal. Therefore, we have chosen specifically a histo-
pathological model of low-accuracy to observe which of the top
denoising schemes will have the highest effect on pixel-level
classification and on the prediction of new biological specimen.
Moreover, an insight into the actual effect of denoising methods on
the classification input space was done.

2. Materials and methods
2.1. Sample preparation and measurement

FT-IR measurements were performed on a paraffin-embedded
serial pancreatic tissue microarray (TMA) purchased from Bio-
max. The TMAwas sectioned into 5 nm slices and placed on BaF2
salt plate for transmission IR imaging, deparaffinized with 24 h
hexane bath. Bruker Vertex70v Spectrometer in transmission mode
combined with Hyperion 3000 microscope equipped with an MCT
FPA 64 x 64 detector and 36 x objective, with a pixel projection of
11 pmwas used for data acquisition in the range from 3850 cm 1to
900cm 1 with the resolution of 8cm 1 4 and 64 scans were
averaged for sample and background measurements, respectively.
BasedontheHighDefinition(HD)dataamorecommonIRimaging
pixel size (5.5 pm) was obtained by binning the HD dataset.

2.2. Classification and denoising techniques

In the first step of analysis raw spectra (further referred to as
original) and images were denoised with the following spectral
techniques: Savitzky Golay (SG), Wavelets (WV), Principal
Component Analysis (PCA) and Minimum Noise Fraction (MNF);
andspatialtechniques:DeepNeuralNetwork(DNN),MedianFilter.
Those methods were applied with different parameters, but only
results for parameters with the best performance are presented.
Furtherclassificationwasperformedonspectralmetrics,definedas
bands integration, maximum value and centroid (m1), normalized
to amide | band integration, maximum value and centroid,
respectively.

The SG method is based on least-squares polynomial approxi-
mation, which is fitted to a moving window of an odd number of
points, with the middle point replaced by the polynomial
approximated one. In this work polynomial degree 3 and frame
length of 11 was used [28]. Fourier transform (FT) in the spectral
dimension is based on fitting a number of sine and cosine func-
tions with varying frequency and offsets to the whole spectrum.
After the fit, the coefficients of highest frequency functions are
removed and rest is used for reconstruction of the signal [29]. The
Wavelettransformation(WV)issimilarto theFTmethod however,
the main difference lies in the simultaneous localization of time
and frequency domains of wavelet basis functions. WV has the
local operation nature, where the wavelet function moves along
the tested spectra, which is different from the global sine and
cosine functions which are used in the Fourier transform. The WV
can be interpreted as a combination of bandpass filters because
allows the filtering of both low and high frequencies. The wavelet
decomposition consists of distributing the signal into a series of
functions that each of the decomposition levels contains high-
frequency detail and approximation resulting from the subtrac-
tion of high-frequency details (low frequency part) [30]. Bior
wavelet family with 4 decomposition levels was applied in this
work. PCA and MNF methods are commonly used for hyper-
spectral denoising. PCA consists of the principal components
constructed iteratively to maximize the description of data vari-
ance. Each subsequent component describes the variance unex-
plained by the previous one, which means that the fist component
has the largest possible variance [26]. Typically noise is expected
not to occupy first PCs, therefore, only the first ones are used for
signal reconstruction. Whereas MNF is basically PCA transform
performed on noise-whitened data [31]. The median filter tech-
nique works based on the median from neighboring pixels
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calculation. Awindow width determines the number of pixels. In
this work noise removal results using filter width (kernel) of 3 and
5 were presented [32]. The second method of spatial denoising
was possible thanks to the deep neural network implemented in
Matlab software.

A subset of the TMA containing 12 cores was adapted, since
classification on HD images is a computationally costly process. The
set consists of 6 cores representing normal pancreatic acini and 6
inflammatory tissue cores. Histopathological regions (marked by an
experienced histopathologist) of interest were marked in a form of
a corresponding four classes tissue masks using ImageJ software.
The selected classes were: normal pancreatic acini, inflammation
tissue, fiber tissue and a group of other structures, e.g. nerves,
pancreatic islet, vessels, secretory duct. Data processing, as well as
classification, were done in MATLAB software using built-in and
home written routines. The Random Forest (RF) classifier has been
chosen due to high accuracy and robustness in biomedical imaging.
Aclassifier was built with 50 trees. Two stages can be distinguished
in the classification process: training and dataset validation. Apixel
level validation was performed by a random 50:50 split of pixels
from each of the classes from all cores. A core-level validation was
done by Leave one out cross-validation, therefore, dataset was
divided for training set of 11 cores and one core for validation. Ina
classification process, a model based on 11 cores was created and
applied to the validation core. This process was repeated 12 times
and obtained validation results were averaged. Cross-validation
validates the stability of machine learning as well as gives infor-
mation about the predictive capability of the model. From the 60
metrics of original data, the two major were selected to create
figures showing the pixel distribution of classes within each of the
denoising methods.

Fig.1. Acomparison of pixel- lassification rest

3. Results and discussion
3.1. Pixel level optimization

The first step in testing the denoising impact on FT-IR based
classification was to check if there are any differences in the clas-
sification results after applying various noise removal methods.
Comparison of classification accuracies on a pixel level for the
selected approaches is shown in Fig. .

The first things to notice are the relatively low pixel-level clas-
sification accuracies for original data (44%e 73%), which were ex-
pected, as a relatively difficult histopathological model has been
attempted. Such a choice was required to allow the noise removal
effect observation, since many of IRbased models are in the above
95% accuracy range and improvements are marginal. Analyzing
Fig.1itcan be noticed that histological class strongly influences the
results, not only initial classification accuracy level but also which
techniques perform the best. The highest sensitivity was obtained
forfiber tissue whereas the smallest for others group class, which is
expected since fiber tissue has a characteristic spectral profile,
while others class contain multiple cell types. Denoising methods
implementation gave better classification outcomes than the
original data in almostall cases, only the SG method is an exception
in inflammation tissue and other group class. The results for DNN
and Median Filter with kernel size 3 performed in a similar way,
giving a positive contribution to true positive ratio improvement
but the effect is minimal. Surprisingly, Median Filter with kernel
size 5 gave high classification results of 92.5% for normal pancreatic
acini and 93.9% for fiber tissue. The best increase in true positive
ratio was obtained for PCAand MNF techniques, which parameters
were selected based on the optimization curves, showing the
dependence of the classification outcome on the number of com-

and spatialdenoising basedonthe projectedpixel sizeof 1.1nm.Six methods: DNN,SG, Wavelets, Median Filter,

PCAand MNFusing different parameters, are set together with the original data. Figures show classification results for four histological classes of pancreatic tissue. Charts placed on
the right show denoising parameters optimization for MNFand PCAmethod depend on classification results.
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ponents (loadings in PCA and bands in MNF) used for reconstruc-
tion. The curves for both methods have the same character, for a
small number of components classification results increase until it
reaches a plateau area where only small fluctuations in values
occur. The greatest results of 91.5%, 96.8%, 93.2% and 88.3% were
obtained for MNF with 13 bands for each of the class, respectively. A
clear rise of classifier performance was observed in the range of
2e 20 MNF components. PCA characteristic was tested in the range
from 1 to 100 (only part from 2 to 30 was presented due to
decreasing curve character above 30 PC). For further calculation
first 20 loadings were chosen, which gave results comparable with
MNF, however, for inflammation tissue the true positive ratio is
even higher. Accuracy for other classeswas around 90.3%, 88.95 and
84.48% for PCA for normal pancreatic acini, fiber tissue and others
group, respectively. In almost all classes a gain for Wavelets is
observed, however, the method's characteristic is not consistent.
For the fiber tissue class the obtained values are comparable with
two the best methods, PCA and MNF, while for normal
pancreatic acini small improvements comparable with Median
Filter with kernel size 3 are observed. Results for Wavelets are
strongly dependent on the input data. To summarize, the highest
increase for each of the histopathological classes was as follows:
inflammation tissue improvement by 44.7% done with PCA, normal
pancreatic acini 28.1% with MNF, fiber tissue 20% with MNF, others
group 43.7% with MNF.

Analogous analysis(asshownaboveinFig.1)wascarriedout for
data with projected pixel size of 5.5 mm. The results are shown in
Fig. 2.

Classification results are significantly different from those for
1.1mm projected pixel size. The original data starting level of ac-
curacy is much higher, which gives fewer opportunities for im-
provements in observed true positive ratio among considered
histological classes and denoising methods. The variation in the

Fig.2. ofpixel ultsof spectral

obtained results for classes is smaller than for data of projected
pixel size of 1.1 mm butwith similar importance for particular noise
removal approaches. Thus the best denoising method achieved an
improvement of only about 14,33% for inflammation tissue, 6,91%
for normal pancreatic acini, 4,82% for fiber tissue and 13,92% for
others group. The range of 2e 30 MNF components was explored
and in this region, a clear rise and a plateau of classifier perfor-
mance were observed. PCA characteristic was tested in the range
from 1 to 100 (only part from 2 to 30 was presented due to the
decreasing curve character above 30 PC). For the final calculation 22
components were taken for both MNF and PCA. MNF method gave
the best result of 97,5% for inflammatory tissue, 94,5% for normal
pancreatic acini, 96,7% for fiber tissue and 92,91% for others group.
PCA as well achieved high values, but comparable to Median Filter
with kernel size 5. DNN, SG, Wavelets and Median Filter with kernel
size 3 performed similar, without a clear increase in true positive
ratio for each of the classes. Overall, on a pixel level MNF and PCA
had the best performance, while Median with kernel size of 5 and
Wavelets obtained very good results in some cases. This is a
different situation than the one we observed for Quantum Cascade
Laser (QCL) data [12]. There,only MNF was able to actually increase
the classification accuracy ofraw data, while here more approaches
do work.

3.2. Core level optimization

Figs. 1 and 2 present the general classification for different
methods based onthe randomly splitpixels, however, this may lead
to overly optimistic performance measure as was recently shown
by Perez-Guaita et al. [33] If pixels from the same cell are split to
training and validation sets the result will be biased. This is espe-
cially relevant for spatial denoising methods and for HD imaging.
Therefore, in order to get a better estimate of the performance for

-Normal pancreatic acini — Others group

on the p izeofs.5mm DNN,SG, Wavelet: ilter,

PCAand are

withtheoriginal data.

c

te right show denoising parameters optimization for MNF and PCAmethod depend on classification results.
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Fig. 3. (Left) Bar plots present comp of mean lidat

results for all of the histological classes for spectral and spatial denoising, based on the projected

pixelsize of (top)1.1mmand (bottom) 5.5mm.Onth )
two pixel size (1.Lmm and 5.5 mm)

new biological samples (and not only regions of the samples as is
happening in pixel level validation), a core level cross-validation
was performed. Mean cross-validation classification results for all
of the histological classes for DNN, SG, Wavelets, Median Filters
with kernel size 3 and 5, PCA and MNF are presented in Fig. 3.

As before, a projected pixel size of 1.1 mm has a smaller original
input data accuracy (45.8%) than the pixel size of 5.5mm (63.6%).
The number of components taken for MNF and PCA was chosen
experimentally to maximize accuracy. PCA-16 and MNF- 12 for a
projected pixel size of 1.1mm and PCA-26, MNF-13 for 5.5 nm data
were chosen. For HD data the best predictive value, with the
result of 70.6% for MNF and 70.1% for PCA, was obtained. Median
Filter 5, which previously gave high classification results also
performed well at 64.4% level. A surprisingly good result was
obtained for Wavelets, comparable with Median 3 giving an
improvement of 13.5%. Prediction values for DNN and SG are the
smallest but still improve mean true positive ratio of original data
by 2.25% (for DNN) and 5.4% (for SG). Using a well-optimized
denoising method is able to greatly improve positive predictive
value, even about 25% (value for MNF with 12 bands used for
reconstruction).

For projected pixel size of 5.5mm, DNN method gave no
improvement for prediction reaching resultequal with the original
data of 63.5%, as well as SG and Median 5 which increase the ac-
curacy by a small percent of 1.2%. Results for Median Filter 3 and 5
were surprising considering previous values presented in Fig. 2,
where Median Filter 3 always had lower influence than Median
Filter 5. The best effect was observed for PCA - 67.73% and MNF -
70.94%. These methods gave small but still leading among other
methods mean true positive ratio improvement of 7.39% for MNF
and 4.18% for PCA. The only method which did not contribute to

. (Left results fororiginal, for

increasing the value and even lowered it was the Wavelets
approach, reaching 58.72% of mean true positive value.

In order to visualize the cross validation results not only on
selected regions, the full cores prediction is presented. Data are
presented for both spatial resolutions. Differences can be noticed
between the projected pixel sizes of the data as well as between
the original and the denoised data. In the case of original data for a
pixel size of 1.1mm, significant errors in pixel classification are
visible, both normal pancreatic acini and inflammatory tissue are
wrongly classified in several regions. The use of MNF and PCA
methods allowed eliminating inflammation tissue classification
presence on healthy tissue, as well as better detection of histo-
logical structure like pancreatic islet from the others group class. A
similar trend of improvement is noticeable for a pixel size of
5.5 mm data. Depending on the pixel size results, the improvement
of MNF and PCA methods is better for classification of the in-
flammatory tissue class for 5.5mm data. These differences are
mainly coming from fiber tissue and others group as a conse-
quence of highly histopathological complexity of inflammation
tissue.

3.3. Influence of denoising on the spectral input

An increase in classific

n accuracy in the order of 30e 50%
may seem unrealistic and it is important to validate the method's
influence on the data itself. We have previously shown [12] the
effectof MNF on average spectra of QCL imaging data and it is hard
visually to see spectral differences. Therefore, we decided to look
more into the actual input structure (metrics) rather than spectra.
Random Forest offers the ability to estimate the importance of
input variables and this information enables to observe the
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Fig. 4. Scatter plotsshowthe pixels distribution for each histological class based on most important original data metrics. Onthe axes, the first two top metrics for the original data
were presented -vertically metrics 44, horizontally 54. Theresults were presented for all denoising methods (DN, SG, Wavelets, Median Filter, PCAand MNF) for a projected pixel

sizeof1.1nm. The tablecontains four top metricsforeach of themethods.

influence of denoising on the top variables (metrics) selected by the
classification algorithm. Thus, two of the highestimportant metrics
numbers of original data were selected to present pixels distribu-
tion for each the histological classes of the marked regions (used for
pixel level classification). Combinations of these metrics for each of
the considered techniques are presented in scatters plots in Fig. 4
and Fig. 5 for a projected pixel size of 1.1mnm and 5.5mm,
respectively.

Tables in the right bottom corners present the list of the four
mostimportantmetrics selected by the various denoising methods.
Pixels belonging to each of a histopathological class are marked
according to the colors described in the attached below plots
legend.

The presented in Fig. 4 differences for data of projected pixel size
of 1.1nm between scatter plots are visible at a first glance. Original
pixels distributions show a strong overlap between the classes and
also a vast pixel spread around classes. Class distinction is hard to
achieve. A similar effect was obtained for the SG method.
Comparing the original data and after SG denoising metrics
importance, it could be noticed that the first top metrics are the
same, what explains similarity of pixels distribution. Another group
with comparable results is taken for DNN, Median Filters with a

kernel 3 (plot not included) and 5. In this case histopathological
classes are more apparent, however pixels are still strongly co-
localized with others. Visually, the distribution of Wavelets is
similar to this group, however, the metrics choice is quite different
from the original data. The largest influence in the ability of class
distinction was obtained for MNF and PCA methods, pixels were
compacted within assigned histopathological classes the most.
Moreover, such good results for MNF and PCA were obtained for
completely different metrics than their most optimal, for which the
discrimination would be even better.

Distributions presented in Fig. 5 are not as clear as in the pre-
vious case. Visually all methods are close to each other and a
distinction of histopathological classes is possible. However, the
worst results were achieved for Wavelets, what has been already
observed during classification (Figs. 2 and 3). Bothoriginal data and
after denoising by SG, DNN and Median Filters with kernel 3 and 5
have almost the same metrics chosen as the bestas is presented for
data of pixel size of 1.1nm. However, again metrics selected by the
PCAand MNF are different from original data. What is more, met-
rics for PCA and MNF are not identical for data of projected pixel
size of 1.1mm and 5.5 nm, which suggests that these methods are
depended on the exact input.
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Fig. 5. Scatter plots showthe pi ibution for each hi:

Metric
Method Top1l Top2 Top3 Top4

Original 54 44 34 33

SG 54 44 34 40
DNN 54 44 16 33
Median 3 54 44 17 16
Median 5 55 16 4 17
wv 44 54 4 17
PCA 20 21 17 57 16

MNF 13 51 34 32 9

« Normal pancreatic acini
« Inflammation tissue
OFiber tissue

« Others group

on the most important original data metrics. On the axes, the first two top metrics for the original

datawere presented -vertically metrics 44, horizontally 54. The results were presented for all denoising methods (DN, SG, Wavelets, Median Filter, PCAand MNF) for a projected

pixel sizeof 5.5nm.The table contains four top metricsforeach themethods.

Tobetterhighlight the influence of MNFdenoising on the 5.5 mm
data, scatter plots fortwo classes were prepared (remaining two are
shown in Fig. S2 in Supplementary Materials) using the best met-
rics for this method and are shown in Fig. 6.

Images show density distributions, which means that the colors
correspond to numbers of pixels at a given point. The DNN method
was not included because of a very similar character to SG. Density
distributions for original data, SGand WV in the others group show
thata large portion of the pixelsis dispersed. The best results were
obtained for MNFand PCA methods, which distributions for others
group class are condensed and clearly show pixels agglomeration.
Similar results are observed for the second type class - normal
pancreatic acini. For original data, SG, WV and Median Filters the
place with the highest density is extended as well as the pixels are
highly dispersed. PCAand MNFmethods again cause the best pixel
concentration. It can be seen that MNF and PCA have the highest
influence on the classification space working primarily by
condensing the distributions of a given class. Moreover, since
regardless of projected pixel size the optimal metrics chosen are
different for PCAand MNF than for other methods, it is clear that
crucial information for classification as hidden in the noise level
and now can be fully leveraged.

4. Conclusions

Overall, MNF and PCA (both based on similar mathematical
principles) are outperforming other denoising methods in their
capability to increase classification accuracy of FT-IR based histo-
pathological models using Random Forest. The increase in pixel
level accuracy for High Definition data (1.1nm projected pixel size)
was found to be dependent on the complexity of the histopatho-
logical class and reached even 43e 44% level, while core level in-
crease reached around 28%. The results for 5.5nm projected pixel
size were smaller in magnitude, but still very significant, with the
same methods outperforming others. Median filter and Wavelets in
some cases gave a high increase, but it was dependenton the class
and projected pixel size. Moreover, for prediction of new cores,
these methods did not perform in a stable way. The effect of MNF
and PCAon the classification input has been shown to be primarily
in narrowing the inter-class spread while also leveraging more
noisy spectral features to be used in classification. Overall, the re-
sults strongly favor the use of multivariate denoising techniques of
PCAand MNFover any other approach for classification purposes of
FT-IRimaging data. Thisis different from Quantum Cascade Laser IR
imaging data, where only MNFwas found previously to increase the
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5.5 pym pixel size, others group

Original
Metric 51 Metric 51 Metric 51
Mediana 5 MNF22 PCA22
3
1w
Metric 51 Metric 51
5.5 um pixel size, normal pancreatic acini
Original
Metric 51 Metric 51 Metric 51
Fig.6. Scatter ibution up(top;

p size of 5.5mmp

following denoising methods: SG, Wavelets,Median Filter, PCAand MNFand original data.
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classification potential.
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abstract

Currently, there is great interest in bringing the application of IR spectroscopy into the clinic. This
however will require a significant reduction in measurement time as Fourier Transform Infrared (FT-IR)
imagingtakeshourstodaystoscanaclinicallyrelevantspecimen.Apotentialremedyforthisissueisthe
use ofQuantumcCascade LaserInfrared(QCLIR)microscopyperformedinDiscreteFrequency(DF)mode
for maximum speed gain. This gain could be furthermore improved by applying a proper denoising al-
gorithm that takes into account the specific data structure. We have recently compared spectral and
spatial denoising techniques in the context of Fourier Transform IR (FT-IR) imaging and showed that the
optimal methodsdependheavilyon the exactdatastructure.ln generalmultivariate denoisingmethods
such as Principal Component Analysis (PCA) and Minimum Noise Fraction (MNF) are the most effective
for a dataset containing multiple bands. Histologic classification of QCL IR images of pancreatic tissue
using Random Forest was therefore performed to investigate which denoising schemes are the most
optimal for such experimental data structure. This work is the first to show the effects of denoising on
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classification accuracy of QCL data and is likely to be transferable to other QCL microscopes and other
modalities using DF imaging, e.g. AFMHR or CARY/SRS imaging.

1. Introduction

Infrared (IR) imaging isa technique providing information about
the chemical composition of the sample in a spatially-resolved
manner and is gaining attention especially in the biomedical field
[1e 4]. The field of IRimaging is rapidly evolving with new technical
advances opening avenues previously unattainable [Se 7]. One
good example is the emergence of Quantum Cascade Lasers (QCL)
[8] as a source of IRradiation, which not only provides higher en-
ergy flux but also permits truly Discrete Frequency (DF) imaging
[6,9¢ 11] enabling high-speed imaging of samples [12e 17]. The
acquisition speed enhancement factor can vary from ~100 to ~1000
depending on the QCL microscope design [9 1017].

Noise removal algorithms in IRimaging have mostly originated
in traditional IR spectroscopy [18] and only a limited number of
spatial denoising techniques were tested on IR imaging data.
Therefore, we have recently compared spectral and spatial
denoising techniques in the context of Fourier Transform Infrared
(FT-IR) imaging [19] and showed that the optimal methods depend
heavily on the exact data structure. In general multivariate
denoising methods such as Principal Component Analysis (PCA)
and Minimum Noise Fraction (MNF) [20e 23] were the most
effective for a dataset containing approximately 800 bands (a
typical FT-IR imaging dataset). Including more pixels results in a
higher denoising efficiency. This poses an interesting question for
Discrete Frequency imaging as a similar behavior is expected with
the number of spectral variables. Few variables should be less
efficiently denoised than e.g. 200. Itmay be the case thatup to a few
variables denoising in the spatial domain (inherently based on a
single spectral variable/frequency) will outperform PCA/MNF ap-
proaches. Since the principle of DF imaging is to acquire as little
frequencies as possible for a given system and problem, it is
important to determine at what number of frequencies the multi-
variate benefit of PCA/MNF will outperform spatial denoising.

However, there is no good metric of spectral Signal to Noise
Ratio (SNR) if only a few spectral variables are present while peak
Signal to Noise Ratio (pSNR) does not provide as much insight
about useful information content. To overcome this we decided to
focus on the histologic classification of QCL IR images of pancreatic
tissue using Random Forest, which offers the ability to use only the
mostimportant variables/frequencies. Using classification accuracy
enables us to investigate which denoising schemes are the most
optimal for such experimental data structure.

2. Materials and methods
2.1. Sample preparation and measurement

Aparaffin embedded five micron-thick Tissue Micro Array sec-
tion (purchased from US Biomax, Inc) served as a source of single
pancreatic tissue core of 1.5mm in diameter. The sample was
mounted on BaF2 transmission window and deparaffinized with
24 h hexane bath. Measurements were performed by DRS Daylight
Solutions, CA, USAusing Spero QT e a QCL based microscope with
0.7 NA objective and Microbolometer Focal Plane Array (FPA)
480 x 480 detector, which gives a projected pixel size of 1.3 um and
a 650 mmfield of view. Therefore, each analyzed core consists of 9

© 2018 Elsevier BV. All rights reserved.

image tiles. Images were acquired in transmission mode with the
spectral range from 1176cm 1 to 1800cm 1 and with 2cm 1
spectral resolution, giving 312 variables/frequencies. The total
acquisition time for a single core with a High Resolution objective
was approx. 5 min e a corresponding High Definition FT-IR image
would takeapprox.1.5 e 2h witha minimalnumberofscans.

2.2. Signal processing and classification

The high accuracy in biomedical imaging, robustness and the
abilitytoestimateeachvariableimportanceinclassification,makes
Random Forest (RF) [23e 27] most appropriate in DF imaging
spectroscopy. ImageJ software was used to generate tissue masks
corresponding to analyzed classes of normal pancreatic acini,
secretory duct wall and stroma, which further in the process
allowed creating spectral profiles of each class. The class masks
were marked under supervision of a trained histopathologist. Data
processing, aswellas classification, weredone inMATLAB software
using built-in and home written routines. During pre-processing,
all spectra were baseline corrected (linear baseline between first
and last variables) and normalized to amide I band. In the first part
of the project, classification was performed on full preprocessed
(further referred as original) spectra as well as spectra denoised
with different techniques and parameters: Deep Neural Network
(DNN), Wavelets (WV), Median Filter, PCA and MNF. For the spatial
techniques (DNN, WV, Median Filter), denoising was applied to all
images like it was used for all spectra in the case of PCA and MNF.
Different techniques with different parameters were tested, and the
choice was made based on results reported in Ref. [19].

To provide precise information about Gini variable importance,
a single classification with 1000 trees parameter was performed.
Based on that, the dependence of classification results on the
number of most important variables taken into classification was
investigated, both for pre-processed and denoised data (denoising
was applied after variables number reduction). In all cases, input
spectra were randomly split for training and validation datasets,
and all RFs classifiers, apart from the previously mentioned one,
were built with 50 trees. Such split of the pixels in the case of
projected pixel size (1.3 pm) lower than the spatial resolution may
lead to pixels from the same cell to be used for training and vali-
dation leading to over optimistic validation results as was recently
noticed by Perez-Guaita et al. [28]. However, the aim of this study
was to look at denoising effect on accuracy and not to create the
most reliable and accurate models, therefore the absolute values of
performance should be taken with caution.

3. Results and discussion

ThefirststepininvestigatingtheeffectofdenoisingonQCL data
was to check whether the specific data and noise structure alters
the way different approaches remove noise. In order to achieve
that,aclassifierwastrainedusingallofthe312variablesusingboth
the original data and after applying all of the denoising algorithms.
Resultsofclassificationaccuracieswithdifferentpretreatmentsare
shown in Fig. 1.

For Wavelets, different families and levels were tested, based on
the best performances for FT-IR reported in Ref. [19]. Presented
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Normal pancreatic acini

Secretory duct wall

Stroma

Fig. 1. Comparison of the full spectrum (312 variables) based classification results (using the correct classification, i.e. the true positive, as a measure) for original and denoised
datasets for three histologic classes of pancreatic tissue. Five denoising methods were explored: Deep Neural Networks, Wavelets, Median Filter, PCAand MNF, with Wavelets and

Median using different sets of parameters.

here are Daubechies wavelets of order 8 level 2 and order 9 level 2,
which gave the best, but still small improvements in the tested
group. Other spatial techniques like DNN and Median Filter with
kernel size 3 and 5 performed similarly, without a clear increase in
true positive rate for either of the classes. Almost no improvement
was observed in true positive rate for normal pancreatic acini class,
which is not surprising because there was not much room for
improvement when results exceed 95%. Even though for the two
other classes the results based on original data were much lower, a
clear improvement from spatial denoising is not observed. It may
be a result of a relatively good single frequency image quality
(Fig. 2). PCAand MNF methods have principally only one parameter
to optimize, i.e. the number of components in PCA and bands in
MNF that are used for reconstruction. PCA denoising with a low
number of bands distorted classification, therefore, only results
with 100 bands are shown here. No rise in classification accuracy
was observed for PCA, even though itgivesgood noise reduction for
FT-IRdata as measured by SNR gain. This may be explained by the
fact, that noise is not homogenous spectrally and PCAis not taking
that into account. This may lead to noise of high variance to be
retained in reconstruction. The best results of 97.8%, 99.2% and
94.5% were obtained for MNFwith 8 bands. The range of 2e 25 MNF
components was explored and in this region, a clear rise and fall of
classifier performance were observed (results not shown). This
significant increase of 8% and 12% for secretory duct wall and
stroma classes respectively for MNF with a low number of com-
ponents taken into reconstruction suggests, that this technique
gives the biggest potential for classification improvement after
variables number reduction.

Fig. 2 presents the tissue core which served as an input data
along with classification results using MNF. H&E stain part shows
various tissue regions which are easily identifiable on the QCL
Microscope image. Since results presented in the previous figure
clearly show that the biggest gain in true positive rate was reached
for MNF, a comparison of prediction results for original and MNF
denoised data is presented here. Original data based prediction
allows definite distinction of all three classes, with only random
pixels mixed in between. Denoising resulted in an obvious increase
in numerical values, but prediction improvement was not as clear.
Only after a closer examination, pixels mixed in secretory duct wall
and stroma classes were smoothed, furthermore, structures gained
more sharpness on the edges.

Mean spectra of original and MNF denoised data revealed dif-
ferences in nearly the whole spectral range. Denoising, however,
caused secretory duct wall and stroma spectra to almost fully
overlap with some separation in DNR/RNAand protein regions. This

could have been expected since both classes are types of fiber tis-
sue. Pancreatic acini class is more differentiated from the others
making it easier to classify and the results reflect this. Overall, the
spectral differences between classes seem smaller after MNF
denoising; however, the original profiles mostly differ in unwanted
spectral distortions, such as baseline effects and scattering.
Denoising leads to more homogenous groups which can be more
easily separated in a systematic way.

MNF and PCAtechniques are conceptually very similar with an
additional step of noise whitening for MNF. Their performance for
FT-IR data was found to be comparable as shown in Ref. [19] in
terms of SNR. Based on that, it was expected that these two
methods will both give a good increase in classification results.
However, only MNF presented positive outcome and PCAwas only
able to reach initial levels of true positive rates. This might be
caused by additional noise calculation step in MNF, which allows a
good estimation of data-specific noise structure. Despite that, it
seemed reasonable to further investigate both denoising tech-
niques and their influence on classification and prediction with a
reduced number of variables since PCAmay reach the classification
power of the original data with fewer variables and thus it could
still reduce acquisition times.

The analysis was carried out for PCAand MNF with the number
of reconstruction bands in the range from 2 to 20 and with a
number of spectral variables ranging from 5 to 50. As it was
mentioned in the materials and methods section, variables were
chosen based on importance for 1000 trees classification. The ob-
tained results are presented in Fig. 3 and also include results with
312 variables (full spectrum).

For both methods with the increasing components number, a
rapid rise in classification results for all data series was observed.
The peak value for MNF occurred around 8e 10 bands, while PCA
reached a plateau a little later e 10e 14 bands. Prompt improve-
ment is also observed for increasing variables taken into classifi-
cation. The difference between 5 and 10 variables is significant and
what is more, 20e 30 variables enabled reliable classification re-
sults. Itwas shown earlier that MNFgives much better results in the
whole spectrum case, it is also depicted in Fig. 3, but what is
interesting, is that these MNF advantages are observed only for
20e 30 variables and more. Below that both techniques acted
similarly. It is also interesting to note, that each class has a specific
data structure that seems to be more difficult for PCA to capture,
e.g. stroma for the full spectrum (sea green color) up to 5 recon-
struction bands has no improvement in classification accuracy,
while MNF with just 1 band improved the accuracy. Overall, MNF
results were much more robust to data structure. Interestingly,
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Original data MNF denoising

Wavenumber [cm'1] Wavenumber [cm'1]

Fig. 2. (Top) H&E and QCL microscope (1650cm 1) based image of examined tissue core. (middle) Prediction results for original and MNF denoised data for full spectrum clas-
sification. (bottom) Mean spectra of each dlass for original and MNF denoised data. For data presented above, reconstruction in MNF denoising was done with 8 components.
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Fig. 3. PCA (left column) and MNF (right column) denoising influence on classification results for different numbers of reconstruction bands (x-axis) and input variables (different
series) for each class with a comparison to full spectrum denoising
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using too many MNF bands for reconstruction lowers the classifi-
cationaccuracy in a more significant way than it occurs for PCA. We
have observed very similar behavior of these techniques in terms of
SNRgain [19] and we conclude thatthe decreasing SNRgain in MNF

Secretory duct wall

Stroma
Original 1 =|PCA A_MNF
data denoising denoising

Fig. 4. Comparison of classification results dependence on spectral variables number
for original dataset, PCAand MNF. Results shown for denoising methods are maximum
values obtained for each series presented in Fig. 3.

explains the lowering classification accuracy.

To underline results improvement delivered by denoising, the
maxima reached for each data series in Fig. 3 for both techniques
were compared with the original data with the reduced number of
input variables - results are shown in Fig. 4. Starting from 20 var-
iables, there is a clear improvement in the results caused by MNF
denoising. It seems that the data reaches a plateau around 30
variables and further increasing the number of variables creates
only slight changes. Surprisingly, for 5 variables PCA denoising
gives a small increase of results (class dependent), so it could be
suspected that for a very limited variables number this method
might give some advantages but this assumption needs further
investigation. After all, this data confirms results presented in Fig. 1
- PCAdenoising was not beneficial for classification based on QCL
microscopic data, but MNF gave a significant rise in true positive
rates.

To confirm the prediction power of classification based on the
reduced number of variables, prediction images for 5, 10 and 30
variables are presented in Fig. 5. Itis clear that for top pictures (5
variables) prediction results were poor, especially for normal
pancreatic acini and secretory duct wall classes where it is not
possible to distinguish between structures. Additionally, it is
known that one of the major QCL based microscopes problems are
coherence effects. One of the effects is caused by the sample itself
and the other by laser instabilities, which leads to differences be-
tween background and sample measurements and therefore illu-
mination based shapes (concentric rings) are appearing in the
measurementarea. Thiseffectisclearly seeninthe top partof Fig. 5.
For 10 variables this effect was much weaker and almost absent for
30 variables, hence it can be concluded that more variables are able
to counter this effect. Even though new generation of QCL micro-
scopes have minimized this effect [17], it still can be crucial for
classification based on a small number of variables and should be a
focus of future technical improvements.

True positives rate for each class (Fig. 4) shows thatthere is a big
jump in quality of results between 5 and 10 variables and it is also
visible on the prediction images (middle part of Fig. 5). It is defi-
nitely possible to identify all three classes, although a lot of pixels
are intermixed. 30 variables based prediction results are also pre-
sented (bottom part) and it confirmed earlier results that 30 is a
reasonable number of variables to generate a reliable classification.
1t should be noticed that unlike in the two upper cases, here the
MNF denoising produced prediction improvement which can be
observed in the zoomed areas. Mixed pixels were strongly reduced
(especially in the secretory duct wall class - gray) and some
structures were more clearly exposed (stromal features e red). To
better visualize the changes in pixel assignment, a class change was
calculated for regions corresponding to ground truth (Fig. 5 right
panel) between original and MNF denoised data. The correspond-
ing pixel percentage changes were summarized in Table .lItcanbe
seen that only for 30 variables there is an improvement in
prediction.

Overall, the number of variables used had a larger influence on
the classification results than on the denoising efficiency of MNF.
Above 20 input variables, the classification benefits from MNF, but
up to 30 variables the classification quality is more based on the
number of experimental variables. Above 30 variables classification
is mostly improved by the multivariate nature of data and MNF.

4. Conclusions

Currently, there is great interestin bringing the application of IR
spectroscopy into the clinic. This however will require a significant
reduction in measurement time as Fourier Transform Infrared (FT-
IR) imaging takes hours to days to scan a clinically relevant
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Fig.5. Predictioncomparisonfo!'adifferent n_umberofvar_i ables taken into d&iﬂcaliqn,_fororiginaland M_\Fd_enoiseddata((i,&ands bands usedforreconstructionfor 5,10and 30

variables,respectively).Inthethirdcolum ar

iginalandMNFc

comparisonwithgroundtruthusedto create

themodel.PositiveChanges(PCe green),fromanyincorrect classtoacorrectone, NegativeChanges(NCe red),fromcorrectclasstoanyincorrect, IrrelevantChanges(ICe blue),from

any incorrect class to other incorrect class and Non Determined Changes

(NDCe white), changes in regions without ground truth. To better underline advantages coming from

denoising, zoomed areas are shown for 30 variables case. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

specimen. A potential remedy for this issue is the use of QCL IR
microscopy performed in Discrete Frequency mode for maximum
speed gain. This gain could be furthermore improved by applying a
properdenoisingalgorithm thattakes into accountthe specific data
structure. The results suggest that the most important factor in
obtaining a reasonable classification accuracy (which was reached
at 30 frequencies for pancreas histology using a Spero QT QCL mi-
croscope) is the number of experimental spectral variables.
Furthermore, out of all tested spatial and spectral denoising algo-
rithms only MNF has significantly improved classification results,
butonly when more than 20 variables were denoised and used for

Table 1

Percer ixels th afterMNF der orresponding to Fig. Sright

panel. Total change ind changed toall pixelsinthe tissue.
Variables 5 10 30
Positive Change [%4 440 45.9 60.2
Negative Change [%4 439 46.7 36.3
Irrelevant Change [%4 121 74 35
Total Change [%4 37.8 16.9 16.7

classification. This work is the first to show the effects of denoising
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on classification accuracy of QCL data which are likely to be
transferable to other QCL microscopes and other modalities using
discrete frequency imaging, e.g. AFM-IR or CARS/SRS imaging.
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Klasyfikacja histopatologiczna tkanek trzustki

Rak trzustki jest jedng z najczestszych przyczyn $mierci zwigzanych z nowotworami,
zaréwno wsrdd kobiet jak i mezczyzn. Wynika to czesto z bardzo pdznej diagnozy, ktérg
dodatkowo utrudnia skomplikowany w analizie obraz histopatologiczny. Dodatkowo,
Srodowisko histopatologéw zmaga sie z problemem wtasciwego odr6znienia wczesnego etapu
nowotworu od zapalenia, co skutkuje btednymi diagnozami i nietrafionymi procedurami
leczenia. Wynikiem tego jest $miertelno$¢ na poziomie 80% w ciggu pierwszego roku po
diagnozie. Tak fatalne statystyki sa ogromng motywacja do znalezienia skutecznej metody
diagnostyki wspierajacej histopatologow.

Wspominany poprzednio projekt Homing miat na celu stworzenie modelu
histopatologicznego raka trzustki w oparciu o obrazowanie IR. W poczgtkowej fazie projektu
skupiono sie na zgromadzeniu odpowiedniej statystyki pacjentéw z wykorzystaniem metody
FT-IR. Zebrano tym samym dane dla ponad 600 biopsji iglowych, na ktére skfadato sie ponad
250 pacjentéw. Pomiary przeprowadzono zaréwno z wykorzystaniem obiektywu 15x, jak
réwniez wysokorozdzielczego (HD) obiektywu 36x, zapewniajacego maksymalng ilo$¢
informacji przestrzennej. Zmierzono ponad 672 000 000 widm FT-IR zawierajacych kontrast
chemiczny pochodzacy od roznego typu tkanek trzustki. Po odpowiednim wstepnym
przetworzaniu danych, uwzgledniajagcym zastosowanie zoptymalizowanych pod tym katem
metod odszumiania, przygotowane dane byly wykorzystane do stworzenia modelu Lasu
Losowego.

Finalne modele oparte o dane 15x i 36x wyr6zniaty po 6 klas - kontrola, nowotwor,
zapalenie, martwica, tkanka wioknista oraz krew [G]. Otrzymane wyniki umozliwity detekcje
nowotworéw oraz zapalenia ze skutecznoscig na poziomie AUC=95% [G], co odpowiada
poziomowi czuto$ci oraz specyficznosci wymaganemu w zastosowaniach klinicznych.
Ponadto, ukazano mozliwos¢ detekcji srédoperacyjnego marginesu chirurgicznego dla tkanek
resekcyjnych [G]. Dlatych tkanek zarysowana zostata wyrazna granica przechodzenia zdrowej
tkanki w nowotworowa, z widocznymi naciekami zapalnymi pomiedzy nimi [G].

Powyzsze badania sg pierwszym krokiem ku wprowadzeniu tej metody do praktyki
klinicznej. Ich ogromna zaletg jest wykorzystanie informacji o skfadzie biochemicznym prébki,
zawartych w widmach IR, w przeciwienstwie do innych metod bazujacych jedynie na obrazach
pochodzacych z mikroskopu widzialnego. Ponadto, kontrast chemiczny umozliwia postawienie
diagnozy bez wykonywania wielu zmudnych i dtugotrwatych barwien histopatologicznych.

Badania te wchodzg w sktad serii publikacji prezentujagcych mozliwosci zastosowania
obrazowania IR w praktyce klinicznej. Korzystajac z kompromisu (zapewnionego przez
mikroskopy QCL) pomiedzy szybkimi pomiarami duzych obszaréw tkanek, a ograniczong
informacja spektralng, stworzony zostat réwniez model do szybkiej detekcji marginesu
chirurgicznego w oparciu o 14 czestosci spektralnych. Ponadto, wytrenowano model
stopniujacy tkanke trzustki w skali od zdrowej, przez neoplazje (PanIN), do nowotworowej.
Oba te zagadnienia s obecnie przygotowywane do publikacji.

M6j wkiad w publikacje [G] zwigzany byt z eksperymentalng czeécig zbierania danych

FT-IR, zaréwno z wykorzystaniem standardowego (15x) jak i wysokorozdzielczego obiektywu
(36x), przeprowadzeniem wstepnego przetwarzania danych i obliczeniem metryk bedacych
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baza dla modeli klasyfikacyjnych, implementacjg algorytméw do obliczeri AUC oraz pisaniem
czesci manuskryptu.
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Abstract

Infrared (IR) based histopathology offers a new paradigm in looking at tissues and can provide
a complimentary information source for more classical histopathology, which makes it a
noteworthy tool given possible clinical application. This study aimsto build a robust, pixel level
machine learning model for pancreatic cancer detection using IR imaging. In this article, we
report a pancreatic cancer classification model based on data from over 600 biopsies (coming
from 250 patients) imaged with IR diffraction-limited spatial resolution. To fully research
model's classification ability, we measured tissues using two optical setups, resulting in
Standard and High Definitions data. This forms one of the largest IR datasets analyzed up to
now, with almost 700 million spectra of different tissue types. The first six-class model created
for comprehensive histopathology achieved pixel (tissue) level AUC values above 0.95, giving
a successful technique for digital staining with biochemical information extracted from IR
spectra.

Keywords

Pancreatic cancer, infrared imaging, machine learning, high definition

Introduction

Pancreatic ductal adenocarcinoma (PDAC), the most common pancreatic cancer type, accounts
for less than 3% of all cancers, but it remains the third leading cause of cancer-related deaths,
both for men and women in the United States with 53,000 estimated new cases and an 80%
death rate in one year [1]. Furthermore, PDAC is projected to become the second cause of
cancer-related death by 2030 [2]. The dreadful prognosis of patients with this disease, including
a less than 8% 5-year survival after diagnosis, is due to the lack of early symptoms and/or
specific biomarkers for early diagnosis and the paucity of available chemotherapy. In PDAC,
three types of biomarkers are desirable: those that help in the detection of the disease onset
(diagnosis biomarkers); those that predict responses to treatments (predictive biomarkers) and
those that forecast the likely course of the disease, including survival and recurrence patterns
(prognosis biomarkers).
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Infrared (IR) based histopathology offers a new paradigm in looking at tissues and can provide
a complementary information source for more classical histopathology as being label-free and
non-destructive (1-4). Especially, correct understanding of the involved inflammation, fibrosis
and neoplasia is required for a method to be successful. IR histopathology is being developed
for an increasing number of cancer types, e.g. breast (5), colon (6), lung (7), brain (8) prostate
(9), esophagus (10) - highlighting the increasing potential of the method. The technological
developments, especially on the speed and spatial resolution front, make this approach feasible
in the clinic (11). The key to the optimization of IR measurements and reducing analysis time
is the spectral information reduction: whether it is selection of specific spectroscopic bands (12)
or significant reduction of spectral resolution (13). Both conditions can be met using Quantum
Cascade Lasers (QCL) based microscopes. It has been reported that a QCL data collection
needed for classification of a centimeter-scale size biopsies could be done in the order of
minutes (13,14) with a commercially available Spero-QT (Daylight Solutions, CA, USA)
microscope. However, to optimize a method for a fast screening or imaging modality, a proper
foundation needs to be laid beforehand even after initial proof of concept studies such as this
one (15,16).

Due to the Rayleigh criterion, spatial resolution in IR imaging depends on the wavelength and
objective numerical aperture (NA). In this study we applied two optical setups:

- 15x objective with 0.4 NA, giving a projected pixel size 0f2.7 pym,
- 36x objective with 0.5 NA, giving a projected pixel size of 1.1 ym.

Considering under-sampling in high wavenumber region (above 2314 cm-1) for applied 15x
objective, data measured with this optical setup are termed Standard Definition (SD). In the
case of the 36x objective, spatial sampling criteria are met and measurements are Rayleigh-
limited in the whole measured spectral range (3850-900 cm-1), therefore, data has High
Definition (HD) label. In our previous research (17) we showed that HD data reveal small tissue
components like thin fibers or blood cells squeezed in the vessels. However, SD gives more
homogenous predictions within tissue classes while also being faster than HD measurements.

In this study, we applied both mentioned definitions to check their influence on classification
on the pixel (tissue) and patient level. It is especially interesting in the case of inflammations
that are composed of lymphocytes (size of 7-8 pm). Reported results for pancreatic cancer
histopathology were based on FT-IR imaging and machine learning, providing a classification
model created with data from over 600 biopsies (coming from 250 patients). Data collection
was done with IR diffraction-limited spatial resolution, forming one of the largest IR datasets
analyzed up to now, with almost 700 million spectra of different tissue types.

Results and discussion
Patient pathology recognition methodology

This research was performed using Tissue Micro Arrays (TMAs), which are typically applied
in studies on tissue composition and differentiation. This is caused by the high variability of
TMAs due to many biopsies that are taken from patients differentiated by age, sex, pathology
diagnosis, grade, etc.. After the typical procedure of needle biopsies collection, to prevent their
damage they are embedded with paraffin and cut into thin 5 um slices (Figure 1 A). In this



research, we used two neighboring slices. Pathology recognition needs to be done based on
histopathological annotations performed by an experienced histopathologist (Figure 1B).
Therefore, the first TMA slice is H&E (Hematoxylin and Eosin) stained and imaged with a
visible light microscope. The second slice is imaged with an IR spectrometer. The result of this
measurement is data in the form of a cube containing IR images in the X and Y plane, and
spectra in the Z direction (Figure 1C). Based on histopathological annotations mentioned
before, corresponding regions are marked on the IR image - spectra (after preprocessing) that
come from this area are used for final histopathological model creation. This model is later
applied to digitally describe histopathological regions in IR image and such process is called
prediction. Patient pathology is finally recognized using Receiver Operating Characteristic
(ROC) curves, based on the number of pixels (from a chosen class/classes) present in predicted
images (Cancer class in the Patient pathology classification panel in Figure 1D). Model
prediction power is evaluated using Area Under the Curve (AUC).

Microtome cut HE Annotations

IR imaging
Annotations

Image

o Patient pathology classification Histopathological Image Prediction Random Forest Model
Pixel number based AUC

1-Specificity Benign Cancer Fiber

Figure 1. Patient pathology recognition pipeline: A) Tissue Micro Array preparation, B)
Histopathological annotation on H&E stained biopsies images, C) Biopsies' Infrared Imaging
and obtained data structure, D) Model creation and patient pathology recognition.

Comprehensive histopathological model

The FT-IR histopathological Random Forest model was based on 6 TMAs (more information
in Supplementary Materials Table S1). Our Standard Definition based model can differentiate
six classes of pancreatic tissue: Benign, Cancer, Necrosis, Inflammation, Fiber, and Blood.



Differences between analyzed classes are to some extent reflected in their mean spectra (Figure
2B). At the first glance, there are visible differences in shape and relative intensity of Amide A
and B (3550 - 3000 cm' 1) protein bands and DNA/RNA bands (1300 - 1000 cm-1). Patients in
TMAs were divided into model, validation, and test sets (Supplementary Materials Table 3) for
model optimization and prediction power evaluation. In Figure 2A predicted TMAs (for
Standard Definition) images with zooms on single cores and regions of interest are presented.
H&E stained images with zooms are presented in Supplementary Materials (S2-S3). Benign
biopsies with green color can be easily differentiated from remaining cases in all TMAs. Class
benign can be described as a combination of lobules and islands annotations, coming from
normal pancreas tissue (for example single core from PA1002a TMA presented in Figure 2A),
and normal adjacentto cancer tissue. The microenvironment of cancer is stroma-rich, which is
visible among others in the single core from PA2072a TMA presented in Figure 2A. In both
presented cancerous cores in the upper part of Figure 2A there can be also found necrotic
regions associated with cancer changed biopsy tissue. Frequently, we observed lymphocyte
clusters like in the single biopsy from PA961e TMA presented in Figure 2A, infiltrating into
the cancerous tissue surrounded by stroma. Most chronic pancreatitis cases are visible in
BBS14011 TMA. In the single biopsy predicted image, one may observe both: lymphocyte
infiltration into the tissue and inflamed changed lobules. In the single core from BIC14011a
TMA in Figure 2A, there is visible very well classified aggregation of erythrocytes in the
affected stroma. The classification results on the pixel level (tissue level) were quantified using
AUC metric in Figure 2C. All classes reached AUC values higher than 0.95, which is a very
good result, especially taking into account that AUC value equal to one corresponds to the
situation where each pixel was correctly classified.



Figure 2. Standard Definition based histopathological recognition of six pancreatic tissue
classes with Random Forest classification for: A) Tissue Micro Arrays with zooms on single
cores with chosen regions, B) Tissue Micro Arrays raw mean spectra, and C) Pixel level AUC
values of recognized tissue classes.

Finally, we used intraoperative biopsy (taken in clinical conditions) as the external sample for
Standard Definition model assessment (Figure 3A). The most valuable result achieved for this
sample is a very well classified transition from benign to cancerous state with inflammation
infiltration. Zooms on interesting intraoperative biopsy regions are also presented (Figure 3B-
D). In the predicted image in Figure 3 intraoperative margin can be easily marked.



Figure 3. Predicted image of intraoperative biopsy A), with zooms on: B) margin between
benign and cancerous tissue, with clearly visible inflammation between, C) big necrosis region



surrounded by cancerous changed tissue, D) benign tissue with small inflammation and blood
infiltration.

High definition histopathological model

A similar model based on the same histopathological annotations and TMAs was built for High
Definition data. The projected pixel size was 1.1 pm ensuring sufficient spatial sampling (for
0.5 NA objective) to retrieve the maximum of spatial information. In comparison to Standard
Definition, this model unraveled small cells (i.e. lymphocytes) located between tissue. In
general, predicted classes are not as consistent as in Standard Definition, there are cases with
pixels that are highly mixed (Figure 4A). This is reflected in AUC values - there are three
classes with results below 0.95 (Figure 4C). The mean spectra (and differences between them)
for the HD data set (Figure 3B) are similar to those calculated for the SD data set in Figure 2B.
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Figure 4. High Definition based histopathological recognition of 6 pancreatic tissue classes
with Random Forest classification for A) Tissue Micro Arrays with zooms on single cores with



chosen regions. B) Tissue Micro Arrays raw mean spectra, and C) Pixel level AUC values of
recognized tissue classes.

We also calculated AUC metrics on the core and patient level for test set (49 patients) giving
high AUC results in the range 0.99 (Figure 5) regardless of the definition.

A Core level

Cancer/Control Control/Cancer Inflammation
B Patient level

Cancer/Control Control/Cancer Inflammation

Figure 5. AUC for model (cross validation set - CV) and test set on: A) Core level, and B)
Patient level for Standard (SD), and High Definitions (HD).

The Standard and High Definition images seem to provide a very similar contrast for this 6
class models. Similar results have been found for other pathologies (18) which means that for
most cases High Definition is not required for a robust model. The increased noise level actually
makes HD models slightly less stable, while still having very high performance.

Conclusions

The infrared imaging combined with the machine learning algorithm was applied to develop a
comprehensive model predicting pancreatic histopathology. In the first step FT-IR Random
Forest model was built based on a broad and reach in biochemical information spectra. This
model has enabled recognition of six tissue classes: Benign, Cancer, Necrosis, Inflammation,
Fiber, and Blood for both Standard and High Definition. In predictions based on High
Definition data it was possible to differentiate inflammatory cells in more detail, however,
predicted images were of better quality for Standard Definition. Pathology recognition that can
be performed based on this model allows differentiation of cancerous, benign, and chronic
pancreatitis cases with sensitivity higher that 95%. Moreover, in the event of a nonobvious case,
an image of a predicted biopsy can be analyzed further to diagnose a patient finding specific
regions of affected tissue, i.e. immune cells and erythrocyte infiltration, fibrosis, changes in a



number of characteristic tissue structures. Model for Standard Definition achieved similar AUC
values for cancerous patient detection to High Definition - that is positive in the context of
research continuation using fast QCL system (that is equipped with objective giving projected
pixel size down to 1.3 pm). This study opens the way for more subtle pathology recognition in
pancreatic tissues.

Methods
All calculations described in this study were done in MATLAB software.
Biological material

Human pancreatic tissue was used in this study, with sample set consisting of six TMAs:
PA2081b, PA2072a, PA1002a, PA961e, BBS14011, BIC14011a purchased from Biomax Inc.
and two surgical resections. Since biopsy collection and personal data anonymization was done
by Biomax Inc. no written consent from patients was requested. TMAs are assembled from
tissue cores coming from needle biopsies with diameters between 1-1.5 mm (depending on the
TMA). Resection material was specifically selected to present border between cancer and
control tissue (surgical margin), therefore sample sizes are roughly 16x35 mm and 16x13 mm.
Samples were placed in a paraffin block and cut using microtome for 5 um thick slices, with
one slice placed on IR transparent BaF2 salt plate for transmission measurement, and
consecutive slice mounted on glass for Hematoxylin and Eosin (H&E) staining allowing
histopathological annotations. Initially paraffin covered IR samples were deparaffinized with
24 hours hexan bath to avoid paraffin absorption around 1462 cm-1

High patient statistic was achieved by the use of TMAs with 663 tissue cores in total. However,
in most cases, more than one tissue core came from a single patient. Additionally, overlapping
cases existed between some TMAs, thus, final patient cohort comprised of 250 cases (with two
additional patients represented by surgical resection). Ethical approval was granted by Ethics
committee at Jagiellonian University in Krakow (no. 1072.6120.304.2020).

Fourier Transform Infrared Imaging

Bruker Vertex 70v spectrometer coupled with Hyperion 3000 microscope and 64x64 FPA MCT
detector was used for FT-IR measurements. Spectra were measured within 3850-900 cm-1
range, with 8 cm-1 spectral resolution and zero filling factor of 2, giving 765 spectral points.
Signal was co-averaged 4 times for a sample region and 64 times for background collection.
Two types of objectives were used during measurements - 15x (SD) and 36x (HD), giving
projected pixel sizes of 2.7 um and 1.1 pm, respectively. All TMAs were measures with both
resolutions, but surgical resections samples were only measured using 15x objective. Total
number of sample spectra collected with FT-IR imaging in this study reached 672 407 632
(including both resolutions). Additional information on experimental time optimization is
provided in Supplementary Materials.

The first step of preprocessing was data denoising using Minimum Noise Fraction (MNF)
method with 20 bands used for reconstruction (19,20). Due to partially spatial character of
MNF's noise estimation and RAM memory constrains, TMASs processing was done in a core-
by-core manner. In case of resection material, denoising was done for region of 2x2
measurement tiles. Such approach allows to prevent information leakage between patients,
which could cause over optimistic results in further classification. For the classification



purpose, FT-IR spectra were transferred into so-called metrics. Metrics provide spectral
information extracted from selected IR bands defined by experienced spectroscopist (list of
spectral regions presented in Table S2 in Supplementary Materials). Metrics calculation for
each spectral region includes local linear baseline removal followed by calculation of band
integration, maximum value and center of gravity. Finally, those three characteristics are
normalized to the corresponding value of Amide I. Total number of metrics extracted from
single spectrum is 123.

Random Forest Classification

Classification model creation requires multiple steps, starting from tissue types annotation and
Region of Interests (ROIs) definition for chosen classes, which are required to extract data later
used to feed the classifier. Annotations of Infrared images for all TMAs were done utilizing
ground truth annotations provided by an experienced Histopathologist, based on visual
inspection of H&E images. Such annotations were later transformed into ROI masks, allowing
correct pixels (metrics/spectra) selection. Furthermore, to assure classification using only tissue
originating pixels, a tissue mask was created after thresholding absorbance for 1650 cm-1(most
intensive band). Such a mask was used to remove background spectra from ROl masks and to
select samples for final prediction images.

To prevent from Random Forest classifier being biased, all classes had the same number of
samples (pixels) during a particular model training process. This number was determined by
the number of samples available for the smallest class. Moreover, to ensure training data
variability, equal number of samples from each TMA was taken, unless the number of available
samples was insufficient. In such case, lacking samples were evenly topped up from other
TMA:s. In all cases, samples were always randomly selected.

FT-IR based six-class models (SD and HD) were built with 50 Trees, which was sufficient to
prevent overtraining, but at the same time did not unnecessarily complicate the model. A crucial
factor for stable model creation is its proper validation, assuring its stability and lack of
overtraining. For FT-IR based models, patients were divided according to their annotations
(benign, inflammation, cancer) in a random manner into model, validation and test sets. Subset
of patients from each TMA was assigned to a test set, keeping in mind overlapping cases
between TMAs. Number of patients in validation and test sets are presented in Supplementary
Materials Table S3. A four-fold cross validation (using model data) was used during the model
optimization, which is a long and iterative process. To assess models' performance during the
cross validation, confusion matrix along with Receiver Operating Characteristic (ROC) and
Area Under the Curve (AUC) were calculated. Finally, when created model reached satisfactory
parameters, a test set was used for its final evaluation with ROC and AUC defining final
diagnostic ability. Described validation approach was applied to both, SD and HD datasets.
Nonetheless, adopted validation method is strongly dependent from available patient cohort.
Additional information on models validation is provided in Supplementary Materials.
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Wyznaczanie orientacji makromolekut w oparciu o spolaryzowang
spektroskopie IR

Praca na modelami histopatologicznymi umozliwiajagcymi detekcje nowotworéw
trzustki ujawnita pewng ceche tkanki nowotworowej - zaobserwowano, ze mikro-$rodowisko
raka trzustki jest bogate w otaczajaca go tkanke wioknistg zbudowang z kolagenu. Podobna
sytuacja wystepuje rowniez w przypadku innych nowotworéw, np. piersi. W zwigzku z tym
wyshutych zostato szereg teorii zwigzanych z charakterystyka tkanki wioknistej. Podejrzewa
sie, ze moze ona determinowa¢ wiele aspektdw zwigzanych z chorobg, miedzy innymi moze
zosta¢ wykorzystana jako czynnik prognostyczny, moze determinowa¢ skuteczno$¢ penetracji
lekéw (chemioterapii) czy moze by¢ wykorzystana jako czynnik pozwalajacy okresli¢
zaawansowanie choroby. Szczegélny wptyw na te elementy moze mie¢ orientacja wiokien oraz
ich poziom uporzadkowania. Z tego powodu dalsze prace skupione byty gtéwnie na badaniach
zwigzanych z orientacjag makromolekut, z wykorzystaniem spolaryzowanego promieniowania
podczerwonego, ze szczeg6lng uwaga skierowang na tkanke wtdknista bogata w kolagen. Byta
to cze$¢ grantu Sonata pt. ,, Tréjwymiarowa orientacja makromolekut przy uzyciu obrazowania
w podczerwieni (IR) oraz jej znaczenie w mikrosrodowisku raka” dr hab. Tomasza P. Wrébla.
Wykorzystanie polaryzacji przetamuje tutaj pewna bariere postawiong przez brak informacji
0 organizacji probki.

Prace wykorzystujace cztery lub wiecej polaryzacji w celu wyznaczenia orientacji
molekut w plaszczyznie (2D) byty do tej pory skupione gtéwnie na prébkach polimeréw
posiadajacych dobrze opisang w literaturze orientacje. Nie byty jednak badane tg metodg prébki
bardziej skomplikowanych systeméw, jakimi dla przyktadu sa tkanki. Praca [E] byta pierwsza
wykorzystujaca spektroskopie FT-IR, w potaczeniu z metodg czterech polaryzacji, do
wyznaczenia orientacji 2D molekut dla bogatych w kolagen tkanek trzustki. Ponadto,
wykorzystujac funkcje Hermansa wyznaczony zostat poziom uporzadkowania widkien [E].
Otrzymane wyniki byly zgodne z przewidywaniami teoretycznymi opartymi na budowie
molekut kolagenu (bogatych w wigzania Amidowe). Zaobserwowana orientacja molekut,
zdeterminowana kierunkiem dipolowego momentu przejscia dla Amidu Il oraz Amidu 111, byta
rownolegta do kierunku widkien widocznych na obrazach histopatologicznych [E].
Odnotowano tez charakterystyczne, w przyblizenie prostopadie, utozenie Amidu | w stosunku
do gtéwnej osi widkien [E]. Roéwniez funkcja Hermansa wskazywata na wysokie
uporzadkowanie w rejonie tkanki widknistej, oraz przypadkowa orientacje wigzar w obszarach
komorek nabtonkowych.

Tak obiecujace wyniki orientacji 2D staty sie jeszcze wiekszg motywacjg do
rozszerzenia tej metody o mozliwo$¢ wyznaczania orientacji 3D. Metoda wykorzystujaca FT-
IR do wyznaczania orientacji molekut w przestrzeni byta jednak do tej pozy zdefiniowana
jedynie teoretycznie, bez udokumentowanego zastosowania do danych eksperymentalnych.
W zwigzku z tym, pierwsza aplikacja tej metody wymagata wykorzystania dobrze poznanego
uktadu. Sferulity PCL, ktére w zwigzku z dtugimi taicuchami i ich dobrze scharakteryzowanym
w literaturze utozeniem, okazaty sie wdziecznym modelem do badar nad orientacja. Uzyskane
wyniki orientacji w przestrzeni byty w petni zgodne z przewidywanym uporzadkowaniem
polimeru. Zaobserwowano prostopadte utozenie tancuchéw do kierunku fibryli, co na obrazach
orientacji utworzyto forme wspoétérodkowych okregéw wokét centrum nukleacji sferulitu [F].
Ponadto, wigzania C=0 byty utozone prostopadle do ptaszczyzny wzrostu sferulitu, co byto
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niemozliwe do zaobserwowania w przypadku metody 2D [F]. Sukcesem prowadzonych badan
byto réwniez rozszerzenie metody na dane O-PTIR, poprzez odpowiednie zmodyfikowanie
algorytméw wykorzystywanych do obliczen. Dane O-PTIR pokrywaja sie z wynikami FT-IR,
a ze wzgledu na swoja sub-mikronowg rozdzielczo$¢ przestrzenng umozliwity obserwacje
dodatkowych struktur, szczegdlnie tych zwigzanych z ksztattem fibryli [F].

Ogromng zaletg powyzszych metod, a szczeg6lne 3D, jest ich niedestrukcyjny oraz
nietomograficzny charakter. Nie wymagaja one manipulacji probka ani padajaca iluminacja.
Jedynym zmiennym elementem jest kierunek padajacej polaryzacji, ktéry moze by¢
kontrolowany przez prosty element optyczny (polaryzator czy pétfaldwke) wsuniety w wigzke.
Kolejne badania beda obejmowaty zastosowanie metody 3D do probek tkanek oraz
wykorzystanie informacji o orientacji i poziomie uporzadkowania w dalszych pracach, np. w
celu poprawy skutecznosci klasyfikacji histopatologicznej.

M6j wkiad w publikacje:

- [E] zwiazany byt z eksperymentalng czeScig zbierania danych FT-IR (z
uwzglednieniem czterech przypadkéw polaryzacji), aplikacja algorytmu wyznaczania
orientacji w ptaszczyznie (2D), pisaniem skryptéw do analizy danych oraz pisaniem czesci
manuskryptu;

- [F] zwigzany byt z eksperymentalng czedcig zbierania danych FT-IR (z
uwzglednieniem czterech przypadkéw polaryzacji), udziatem w zbieraniu danych O-PTIR,
aplikacjg algorytmu wyznaczania orientacji w pprzestrzeni (3D), pisaniem skryptéw do analizy
danych oraz pisaniem czesci manuskryptu.
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ABSTRACT: Fourier transform infrared spectroscopy has
emerged as a powerful tool for tissue specimen investigation. Its
nondestructive and label-free character enables direct determi-
nation of biochemical composition of samples. Furthermore, the
introduction of polarization enriches this technique by the
possibility of molecular orientation study apart from purely
quantitative analysis. Most of the molecular orientation studies
focused on polymer samples with a well-defined molecular axis.
Here, a four-polarization approach for Herman's in-plane
orientation function and azimuthal angle determination was
applied to a human tissue sample investigation for the first time.
Attention was focused on fibrous tissues rich in collagen because of
their cylindrical shape and established amide bond vibrations.
Despite the fact that the tissue specimen contains a variety of molecu
agree with the theoretical prediction based on sample composition

.NTRODUCTION

Infrared (IR) spectroscopic imaging offers a wealth of
information about the chemical composition of the sample in
a spatially resolved manner, which is particularly attractive in
biomedical applications.12 However, structural aspects are still
waiting to be incorporated into this modality.34 Taking
advantage of the anisotropic orientation of molecules in solid
samples, it is possible to obtain different material responses
when changing linear polarization of incoming IR light. Using
this fact, the determination of molecular orientation with
Fourier transform IR (FT-IR) was extensively explored, but
mostly for polymer samples.56 For example, polarized IR
spectroscopy turned out to be an effective tool to examine the
orientation and relaxation of drawn poly(ethylene tereph-
thalate).6 8 A more quantitative approach in the form of
Herman's function with a two-polarization approach was used
to determine the level of molecular ordering.569,10 Later, a
four-polarization method was proposed,11- 13 which gave a
great tool for further polymer analysis,14,15 especially when
combined with imaging modalities.121316 A variety of other
techniques may be used to determine molecular orientation:
nuclear magnetic resonance, X-ray diffraction, polarized visible
microscopy, fluorescence microscopy, second-harmonic gen-
eration (SHG), or Raman spectroscopy (RS).17 However, each
has specific requirements or drawbacks, such as a specific
sample form (liquid or crystallized), lack of biochemical
information, a complex instrumentation setup, or the need for
labeling. Most of these can be met or outran with FT-IR
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les, the presented results of molecular ordering and orientation
and vibration directions.

imaging. A specimen of biological origin adds a level of
difficulty to this approach, and among all FT-IR studies
determining molecular orientation, only a few were focused on
biological samples, especially tissues.18 21 Although the most
recent study used Stokes vector and a quantum cascade laser
microscope to investigate fiber orientation in breast tissue
surgical section,22 that approach does not offer insights into
vibrational mode orientation. This is especially challenging
because a biological specimen contains a multitude of different
molecules and deciphering contributions from each is a
daunting task. However, the possibility of obtaining a
vibrational mode-specific orientation map is very tempting
and will open new avenues for research. So far, RS techniques
are closest to reaching this goal, with a wealth of research done
for tissue samples using coherent anti-Stokes Raman scattering
(CARS) and stimulated Raman scattering (SRS) micros-
copy.2324 The differences in selection rules make FT-IR more
sensitive to changes in the main molecular chain while RS to
amino acid side chains. Furthermore, RS-based techniques are
more sensitive to lipids while FT-IR to proteins. Another
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example of mapping method sensitive to vibrational modes is
phase-sensitive vibrationally resonant sum-frequency gener-
ation (PSVR-SFG) microscopy derived from SHG—also used
for tissue samples.25 PSVR-SFG, CARS and SRS use relatively
high power lasers to achieve specific vibrational transitions and
are thus called discrete imaging techniques, while FT-IR
measures the full spectrum and thus provides wide spectral
information. Also, the use oflasers increases the risk ofsample
burn. On the other hand, the strength ofCARS and SRS is the
possibility to measure the second- and fourth-order parameter
of the orientational distribution function, when FT-IR and
PSVR-SFG can measure only the second-order parameter.
Finally, FT-IR has an order of magnitude lower spatial
resolution (in the far field) than the techniques based on
visible light, which does not allow obtaining a high spatial
detail butoffers alarge-scale sample coverage. Summing up, all
techniques have their pros and cons and selection of a
measurement method should be done including the sample
type and targeted chemical information.

In this work, for the first time, we applied the four-
polarization method to a human tissue (mainly fibrous and
collagen-rich).The four-polarizationapproachallows obtaining
unique information about the system—an in-plane orientation
of dipole moment transitions (Herman's orientation function)
along with the azimuthal angle.11,1216 Combining this
computational method with FT-IR allows characterization of
different vibrational modes.

.\/IATERIALS AND METHODS

Sample Preparation and Measurements. A paratfin-
embedded pancreatic tissue microarray (TMA) PA2072a was
purchased from Biomax Inc. The TMA was sliced into 5 ym
thick samples, one was placed on a regular glass and stained
with hematoxylin and eosin (H&E) for histopathological
inspection and the other was mounted on a BaF2 salt plate for
IR transmission measurements. The second sample was
deparaffinized with 24 h hexane bath. Three tissue cores,
later referred to as C1, D14, and J14 (Biomax naming
convention), were selected for this research. All cores came
from different patients with malignant ductal adenocarcinoma
and were chosen because of high fibrous tissue content—
adequate for molecular orientation study.

FT-IR measurements were performed in transmission mode
with a Bruker Vertex 70v spectrometer coupled with a
Hyperion 3000 microscope with 15x objective (2.7 pm
projected pixel size, NA = 0.4) and a 64 X 64 FPA MCT
detector. Two linear polarizers were inserted in default slots
(first above the top objective and second under the bottom
one) and were simultaneously rotated to remain in parallel to
each other and obtain four target polarizations: 0, 45, 90, and
135°. Spectra were acquired from 3850 to 900 cm- 1, with an 8
cm- 1 spectral resolution and a zero filling factor of 1. Sample
and background signals were coaveraged 4 and 64 times,
respectively. Furthermore, the stage was programmed to repeat
the same positions for each polarization measurement, which
led to four pixel-to-pixel spatially aligned data sets.

Data Preprocessing. To increase the spectral and spatial
quality, data were denoised with the minimum noise fraction
method, with 15 bands used for reconstructions.2627 Rubber-
band baseline correction was applied, where each spectrum was
divided into three segments: 3845- 2750, 2746- 1774, and
1770- 900 cm- 1, determining ends for linear baseline
subtraction. Specific band absorption was characterized by

pubs.acs.org/ac

band integration rather than intensities for a single wavelength,
which in our opinion provided a more stable outcome (results
not shown).

Herman's Orientation Function and Azimuth Angle
Theory. Anisotropic samples, such as polymers or fibers,
absorb linearly polarized light to a different extent—depending
on the polarization direction. Such an effect is called linear
dichroism and is being often applied in the studies of
molecular chain orientation. During IR absorption measure-
ments with polarized light, if a specific band is to be observed,
its dipole moment derivative must exhibit a nonzero
component in the direction of light polarization. This is a
condition for aband to be present in the spectrum. As a result,
bands with dipole moments changing parallel to the polar-
ization will appear as most intense, with the opposite situation
for perpendicular bands.28 A dichroic ratio was introduced to
quantify this effect. It requires measurements with two
orthogonal polarizations and is defined as1128

A
Ag 1)

D=

where A0 and A9 are the absorbance for linear polarizations
of 0 and 90°, respectively. On its own, this parameter provides
information about the dipole moment orientation distribution
with respectto the orientation axis but might also be employed
in other parameter calculations.

A mathematical description of molecular orientation can be
done utilizing orientation distribution function, which in the
case of molecules with cylindrical symmetry is being
approximated by a series of Legendre polynomials (with
respect to the symmetry axis).29 Depending on the mechanism
of optical interaction, different measurement techniques can
determine a different number of Lagrange polynomial
coefficients.29 FT-IR can provide a second-order coefficient,29
which is also called Herman's orientation function or in-plane
orientation function, calculated as11,13

f=b.
f D+ 23cos2a- 1 (2)

where D is the dichroic ratio and o is the angle between the
transition dipole moment (of a specific absorption band) and
the main molecular chain axis. The a angle needs to be defined
individually for each absorption band; nonetheless, an
approximation can be applied. If O is smaller than =54.73°,
the band can be interpreted as parallel, whereas in the other
case, the band can be interpreted as perpendicular. Herman's
function f exhibits results in the range from - 0.5 to 1, where
- 0.5 and 1 correspond to perfectly perpendicular and parallel
bands, respectively. Reaching 0 indicates the isotropic
character of a sample. However, 0 might also be obtained
when polarization 0° forms a 45° angle with the main
molecular axis (D = 1)—when two probing points are
symmetrical on the sides of the cosine function. Such a result
implies random orientation ofa sample which, in fact, mightbe
highly oriented. This matter was nicely discussed in the
literature,11 where an influence of 0 and 90° polarization
direction on the in-plane orientation function was shown.

To aid this issue, a four-polarization method was developed,
where a degree of molecular orientation can be determined
independently from the choice of the direction of incident
radiation polarization.11,13 A simple formula to describe the
absorbance Ay under linearly polarized light was derivedil

hitps://cix.doi.org/10.1021/acs,analchem.0c02591
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Amide Il intensity

Figure 1. (Top left) Theoretical presentation of absorbance dependence from polarization. Amex and Amin correspond to the maximum and
minimum absorption, respectively, and y represents the polarization when the absorbance reaches Amax (Right) Intensity images of amide I1
absorbance under different polarizations. Purple dots indicate the pixel used for experimental approach demonstration. (Left bottom) Presentation
of the experimental approach, where a cosine function indicated by equation 3 was fitted to absorbance for a single-pixel absorbance of amide I1
under four polarizations: 0, 45, 90, and 135°. Dashed lines are indicators of parameters of interest.

(3)

where Anmax and Amn are the maximum and minimum
absorbance, y is a polarizer angle, and y is a polarizer angle
when Ay = Amax This formula is graphically shown in the left
top part of Figure 1, whereas visible differences in absorbance
for four polarizations are presented on the right. This clearly
shows how different regions of a sample are being highlighted
when polarization matches the direction of a transition dipole
moment. Different approaches of utilizing formula 3 were
proposed,11- 13 with a nonlinear fitting method being preferred
for this study. An exemplary calculation is shown in the left
bottom part of Figure 1. Four experimental points describing
absorbance under different polarizations (for a single pixel) are
used as experimental results. The cosine function is later fitted
allowing to find Amax Amin and y. This way, a new dichroic
ratio might be determined in the form of

(4)

which, used for Herman's function calculation, provides results
independent of the initial choice of orthogonal polarizer angles.

Another major source of information is delivered by the
azimuthal angle y. This parameter points out polarization
which, for a specific band, results in maximum absorption. In
other words, polarization g is parallel to a transition dipole
moment; therefore, it might be considered as a chemical bond
direction or in-plane orientation indicator. An example is
demonstrated in Figure 1, where purple dots in the right panel
indicate pixel with absorbance plotted on the left side. The
fitted curve shows g close to 45°, which agrees with the fact
that this pixel comes from a region where the absorbance value
was the highest for 45° polarization.
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.?ESULTS AND DISCUSSION

As mentioned in the Materials and Methods section, samples
with high fibrous tissue content were selected for this study to
ease the interpretation. Histological images (H&E staining) of
all three tissue sections are shown in the top part of Figure 2.
Fibrous tissue with its cylindrical shape suits perfectly for
molecular orientation studies. Moreover, high collagen content
allows to determine the spectral regions and bands useful for
this study. A single collagen molecule is built from three
polypeptide chains, arranged into a helical conformation.1530
Therefore, three most important regions for FT-IR spectro-
scopic analysis arel51830 amide | band (C= O stretching
vibrations in the 1700- 1600 cm- 1 range), amide 1l band (C-
N stretching and N- H bending vibrations in the 1590- 1490
cm-1 range), and amide IIl band (N- H bending, C- N
stretching, and C- H stretching vibrations in the 1290- 1210
cm- 1 range).

Herman's Function. Using eq 2 and amide 11l band
integration, Herman's function was calculated for all pixels of
the three tissue sections and results are presented in the middle
part of Figure 2. The brightest regions indicate the areas with
the highest molecular ordering. Comparing the images of in-
plane orientation function with those of H&E shows that
highly oriented regions origin mainly from fibrous tissues.
Therefore, a random orientation is observed for epithelial cells
and parts where fibers and cells are mixed together. Spectra
from pixels with high and low (random) orientation were
further investigated and are presented in the bottom part of
Figure 2. The analysis of Herman's orientation function was
carried out for amide Il band (assuming a = 0°) and spectral
differences come to an agreement with what is being displayed
above. Highly oriented pixels show significant differences
between polarizations, while spectra from pixels with random
orientation are almost overlapping in the amide Il region.
However, an interesting observation is that the same pixels that
exhibit low orientation for the amide Ill band might show
substantial differences for the amide | and 1l bands, as is shown

hitps://cix.doi.org/10.1021/acs,analchem.0c02591
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Figure 2. (Top row) Histological H&E stained image of samples. Pink regions are associated with fibrous tissues while purple with nuclei
(cancerous cells). (Middle row) Herman's orientation function results calculaled for amide I11 band integration. Red squares and crossed point

pixels with high and low orientation, respectively. (Bottom) Spectra correspon

g to pixels with a high and low orientation of amide 111 band. The

pixels with low amide 111 band orientation were chosen to have at the same time high orientation of amide | band.

in the bottom spectra of Figure 2. The different behavior of
spectral regions originating from the same protein contrast is
very interesting. This implies different biomolecules contribu-
ting to the spectral signal in a distinct manner. Moreover,
individual conformations of the same molecule may have
unique ordering characteristics. To understand this spectral
behavior, model systems of known composition will need to be
investigated; however, it is very promising that such large
differences can be observed in a biological, highly heteroge-
neous matrix.

Azimuthal Angle. An azimuthal angle ¢ describes the in-
plane orientation of specific molecular bonds, or being more
specific, the direction of transition dipole moment. The results
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for amide 1, amide 11, and amide 111 of all three samples are
presented in Figure 3. The results span from 0 to 180° because
of the fact that phase shifting by n gives the same results. A
circular chart representing color-angle correspondence is
shown in Figure 3. The most interesting feature to be
inspected is the main molecular chain axis (fiber direction),
which was observed in histological images (Figure 2). Amide 11
and amide 111 results in Figure 3 show a very similar outcome
for all three samples. Observed angles come to a complete
agreement with fiber structure in H&E images. The
explanation of this comes from analyzing the type of vibrations
involved in amide Il and amide Il spectral regions. Both
include C- N stretching and N- H bending vibrations, which

hitps://cx.doi ofg/lo 1021/acs.analchem.0c02591
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Figure 3. (Top) Orientation of amide I, amide Il, and amide Il bands represented by the azimuthal angle y. (Bottom left) Absorbance
dependence from polarization for three analyzed spectral regions, for a single pixel from core C1. (Bottom right) Theoretical representation of

amide bond vibration directions.

are present in collagen polypeptide chains. Especially,
stretching of the C- N bond might be a great indicator of
the main molecular chain orientation of collagen. The spatial
sensitivity of this method is particularly visualized by C1 core
results, with fibers changing directions throughout the whole
sample. Furthermore, one of the most interesting observations
is that the spatial orientation coming from amide | band is
almost perpendicular to that of amide Il and amide 111 bands,
as predicted by the theoretical models of bond vibration
directions. Absorbance dependence from the polarization of all
the three spectral regions was plotted for a single pixel from
core C1. The results are shown at the bottom of Figure 3. This
plot is color-coded, so each series color corresponds to a pixel
color in the top image. It is clear that the maximum absorbance
(indicated by the dashed line) is shifted by ~90° for amide Il
and amide 111, with respect to amide I. Another strong feature
of this method is pointed out by the results of orientation for
epithelial regions—which were found to be mostly random.
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This is caused by the lack of collagen or other molecules with
the oriented amide Ill band. However, random orientation
might also be achieved by collagen in two specific cases: first,
when fiber direction is parallel to the optical axis—
perpendicular to the focal plane and second, when bundles
of fibers exhibiting different values of the azimuthal angle meet
atone point and are below the spatial resolution capabilities of
the system.

These examples show that even in a complex biological
matrix containing multiple components, it is possible to
observe macromolecular ordering. Moreover, the four-polar-
ization method enables vibration-specific observation of
spatially resolved orientation of dipole moment transitions.
This opens up a new area of research, not only focused on

polymers but also on naturally occurring macromolecules.
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‘ONCLUSI ONS

The field of spatially resolved IR polarimetry is rapidly
expanding, and more advanced approaches allow the
identification of new structural parameters in addition to just
chemical composition. The first application of the four-
polarization method to human tissue showed that calculating
Herman's orientation function and obtaining the azimuthal
angle of selected vibrational modes is feasible and opens up
new avenues in studying biological materials.
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Super-Resolved 3D Mapping of Mo
Vibrational Techniques

lecular Orientation Using

Paulina Koziol, Karolina Kosowska, Danuta Liberda, Ferenc Borondics, and Tomasz P. Wrobel*

ABSTRACT: When a sample has an anisotropic structure, it is
possible to obtain additional information controlling the polar-
ization of incident light. With their straightforward instrumentation
approaches, infrared (IR) and Raman spectroscopies are widely
popular in this area. Single-band-based determination of molecular
in-plane orientation, typically used in materials science, is here
extended by the concurrent use of two vibration bands, revealing
the orientational ordering in three dimension. The concurrent
analysis was applied to IR spectromicroscopic data to obtain
orientation angles of a model polycaprolactone spherulite sample.
The applicability of this method spans from high-resolution,
diffraction-limited Fourier transform infrared (FT-IR) and Raman
imaging to super-resolved optical photothermal infrared (O-PTIR)

imaging. Due to the nontomographic experimental approach, no image distortion is visible and nanometer scale orientation domains
can be observed. Three-dimensional (3D) bond orientation maps enable in-depth characterization and consequently precise control

of the sample's physicochemical properties and functions.

.NTRODUCTION

Chemical characterization and visualization of nanoscale
structures and interphases in materials like semicrystalline
polymers (spherulites, nanofibers), nanocomposites, and
biological systems (proteins, peptides) are critical for a deeper
understanding of the correlation between the “superstructure”
of materials and its physicochemical and biological properties.
Reorganization at the nano-structural level even makes it
possible to obtain metal-like thermal conductors from
polymers, commonly known as insulators. As an example,
Hu et al. presented a polyethylene film with parallelly aligned
nanofibers with thermal conductivity two orders of magnitude
greater than the normal polymer.1 Research is also ongoing
into flexible energy storage based on polymer nanohydrogels,2
e-skin for medicine,3 and intelligent (biomimetic) scaffolds to
induce a cellular response, e.g., stem cell differentiation,4 all of
which originate from the molecular organization at the nano-
and meso-scale. Several methods can be used to evaluate the
structural and compositional properties of nanomaterials.
Techniques such as X-ray diffraction probe only crystalline
phases, while polarization modulation-infrared reflection-

absorption spectroscopy (PM-IRRAS), calorimetry, or nuclear
magnetic resonance provide very limited spatial resolution.
Electron microscopy (EM) and atomic force microscopy
(AFM) offer high spatial resolution at the cost of specificity.
Optical spectroscopic techniques (fluorescence, Raman, infra-
red, or X-ray) seem to be the middle ground, providing a
wealth of information while being spatially diffraction-limited,5
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however, not offering fully three-dimensional (3D) resolved
information apart for single analytes.

Fourier transform infrared spectroscopy (FT-IR) in
combination with chemometrics is an intensively developed,
powerful tool for the investigation of a material's chemical
structure with simultaneous microscopic visualization.6 One of
the shortcomings of the FT-IR imaging method is the inherent
low spatial resolution (~2- 10 um), restricted by the
diffraction limit close to the wavelength (A) of light. An
emerging technique that overcomes this limitation by detecting
photothermal expansion caused by IR absorption using an
optical probe (a visible laser) has recently been commercial-
ized under the name of optical photothermal infrared
spectroscopy (O-PTIR).7 This far-field microscopic technique
overcomes several limitations of traditional IR microspectro-
scopy: sample thickness/reflective properties, optical proper-
ties of the sample substrate, or the presence of water while
offering super-resolved imaging with an effective 400 nm
spatial resolution.8
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(b) In-plane orientation - single vibration (p)
(c) 3D orientation - two vibrations (ut and u2)

(d) In-plane orientation 0 e)

Polarization [ 0]

3D orientation

Figure 1. Orientation determination approach. (a) Schematic drawing of polarized FT-IR experimental setup including absorbance dependence of
a molecule from the orientation of incident polarization. (b) Visualization of the 4P method used to determine in-plane orientation (2D) of
transition dipole moment p. (c) Visualization of the 4P method used to determine 3D orientations of transition dipole moments y1and p2 (d, e)
Examples of visualization results for 2D and 3D methods, for the same sample region, respectively.

IR spectroscopy with linear polarization can provide new
and useful information about the orientation of molecules.9
When a sample has an anisotropic structure, changing the
polarization of incident light in a microscopic investigation can
reveal additional information. The in-plane direction of
transition dipole moments of vibrational bands can be
described by the azimuthal angle (), when a linear
polarization-based method is applied. The IR9 and Raman10
two-polarization (2P) methods were used to examine the
orientation in polymeric samples for decades, however, with
significant limitations. Next, the four-polarization method (4P)
has been proposed, which enabled the study of the in-plane
organization of molecules in complex systems. The first
applications of IR imaging with 4P on polymeric systems1l 14
were followed by active compound visualization15and recently

by human tissue microarray analysis by Koziol et al. in
2020.1617

Until now, experiments focused on using a single vibrational
band to retrieve the in-plane orientation and internal ordering
of samples. 4P is experimentally a simple (no sample tilting)
framework that offers much more with proper mathematical
treatment. A concurrent analysis of two vibrational bands of
roughly perpendicular transition moment orientations was
suggested and results in full 3D angles (in-plane and out-of-
plane) retrieval.18 We show here, to the best of our knowledge,
the first application of concurrent analysis (4P-3D) to IR
imaging data and obtain orientation angles of a model
spherulite polycaprolactone sample. Independently, Xu et al.
followed with two examples of concurrent 3D orientation
application to IR imaging.1920 Moreover, we show that this
method can be applied to diffraction-limited FT-IR and Raman
imaging and even to super-resolved O-PTIR imaging. Due to
the stationary experimental approach, no image distortion is
visible and nanometer scale domains can be observed.

https://doi.org/10.1021/jacs. 205306
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Figure 2. Schematic representation of the hierarchical structure of the model PCL polymer spherulite. In panel (a), the orientation of polymer
chains and crystalline unit cell of PCL is indicated together with the crystal axes of the lamella made of tightly folded chains. A spherulite is
composed of highly ordered lamellae, connected by amorphous regions, in different orientations: the “edge-on” orientation, “flat-on” orientation,
and twisted form. Spherulite growth during polymer crystallization starts in the nucleation site. The size is controlled by the nucleation of
spherulites and is in the tens of ym range with an approx. 10 pm thickness. Panel (b) shows the schematic illustration of polymer film crystallization
and optical microscopic image of a PCL film with a marked spherulite selected for detailed study. With a large number of nucleation sites,

spherulites interact with each other upon growth.

.?ESLLTS AND DISCUSSION

Figure 1 presents the concept of the 4P-3D analysis (briefly
described in the Materials and Methods section) leading to the
retrieval of 3D orientation. Four different linear polarization
angles allow probing a sinusoidal function that arises from
orientation-dependent absorbance. The analysis of a single
vibration leads to obtaining a 2D in-plane angle of orientation,
while simultaneous analysis of two near-orthogonal vibrations
retrieves 3D angles.

PCL Spherulite Model Sample. To present the
capabilities of this approach a model polymer was selected
and measured using FT-IR, O-PTIR, and Raman imaging.
Poly-g-caprolactone (PCL) is often used as a model system for
polymer crystallization studies due to its well-known chemical
and crystal structure. PCL has an orthorhombic crystal
structure with a planar, zig-zag chain conformation.21 In the
left panel of Figure 2a the unit cell of PCL is presented.
Undercooling a solution or melt of semi-crystalline polymers
often produces spherulites, each with a nucleation site at its
center. However, in most polymer films, spherulites appear in
the flat form with radial symmetry and grow until an impact
stops the process (Figure 2b). Long fibrils which are clearly
visible under an optical microscope, are made of lamellae
oriented in parallel and separated by amorphous regions. The
free space between fibrils can be filled with the amorphous
phase or remain empty. To uniformly fill the space, new fibrils

must be generated during growth. Processes like heteroge-
neous nucleation on existing fibrils or branching generate new,
neighboring fibrils (right panel of Figure 2a). Several AFM
studies showed that in the early stages of growth, spherulites
appear in the form of sheaves of lamellae.22 24 During growth
crystals splay apart and fill the space.25 A single lamella is made
of highly oriented chains folded several times, so a single chain
passes through the lamellar structure more than once. This is
presented in the frontal view of a single lamella section in
Figure 2a. The amorphous regions between lamellae are
created of folds, chain ends, and unordered structures. Chains
connecting neighboring lamellae are described as “tie chains™.
Lamellae grow along crystallographic axis b and they can
exhibit different types of orientations on the substrate, which
can change from “flat-on” to “edge-on” as shown in the middle
part of Figure 2a.

PCL Spherulite Imaging. Data for the polycaprolactone
spherulite sample described above and characterized in Figure
2 were collected using three spectroscopic techniques: FT-IR,
O-PTIR, and Raman spectroscopy. Each technique possesses
individual features highly influencing the measurement time,
e.g., detector size or measurement step, integration time, and
objective magnification. Furthermore, the measurement time is
strongly increased (in comparison with experiments done with
unpolarized light) by the requirement of four-polarization
dataset collection. Hence, an FT-IR spectrometer with a matrix

https://doi.org/10.1021/jacs.2c05306
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Figure 3. PCL spherulite imaging results. (a) Ratio of intensities corresponding to veC- O- C) vibrations of the PCL sample, collected with two
perpendicular polarizations of the incident light, using FT-IR and O-PTIR microscopes. Larger polymer film area (covering many spherulites) was
acquired for FT-IR, with further attention focused on a single spherulite structure. (b) Examples of PCL spectra for FT-IR, O-PTIR, and Raman
techniques (unpolarized), presenting correspondence between FT-IR and O-PTIR and the lack of some bands in the Raman spectrum. (c) Zoom
of results shown above (a) for O-PTIR (blue rectangle) with corresponding results (ratio of intensities for two perpendicular polarizations) of the

same sample region collected with Raman for the w(CH2) band.

detector and lowest spatial resolution allowed the measure-
ments of a larger area of the polymer film than other
modalities, offering at the same time full spectral coverage. O-
PTIR on the other hand provides significantly higher spatial
detail, but to cover a region of a full spherulite, only 5 discrete
frequencies were chosen for measurements. Therefore, from
the whole PCL film, a single spherulite (optical image in Figure
2b) was selected for detailed analysis. Raman measurements
were narrowed to a smaller spherulite region, but still covered
the nucleation site and the spherulite edge. The measurement
steps were kept at 200 nm in both O-PTIR and Raman and
allowed us to directly compare the two datasets as shown in
Figure 3c. To visualize results, including sample heterogeneity,
images of intensity ratios for two perpendicular polarizations
are presented in Figure 3a,c as would typically be done in the
2P approach. Specific bands were selected for each method,
vgC- O- C) for FT-IR and O-PTIR, and w(CH2 for
Raman—both with transition moment changes approximately
parallel to the main molecular axis. It is clearly visible that
there is strong absorption dependence from the incident
polarization direction—some regions are highlighted. Different
spherulites might be recognized based on the FT-IR intensity
image of the PCL film. Moreover, the nucleation site is clearly
visible for all techniques. Exemplary spectra (unpolarized)
from the PCL spherulite sample are presented in Figure 3b,
with a good correspondence between FT-IR and O-PTIR
techniques. Additionally, polarized FT-IR spectra from a single
pixel are available in the supplementary data (Figure S20).

3D Orientation. Collected datasets were used to determine
the orientation of the transition dipole moment and polar-
izability tensor (which is simplified to a vectorial value, due to
the assumptions of the theoretical derivation),26 which can be
used to conclude on chemical bonds and macromolecular
orientations. Even though it is not the focus of this article, the
results of in-plane orientation along with Hermans in-plane
orientation function are presented in the supplementary
materials for all three spectroscopic techniques (Figures S1-
S3).

As described in the theoretical section, 3D orientation
calculations were done based on pairs of band intensities,
corresponding to transition moments having approximately
perpendicular orientations (with respect to each other).
Exemplary results are presented in Figure 4 for vaC- O- C)
used as a primary vector (v(C- C) in the case of Raman) and
V(C= 0O) as the secondary vector. The primary vector was
always chosen to be approximately parallel to the polymer
chain. Unfortunately, the size of the large 3D datasets makes
them hard to visualize, therefore, for clarity, in some cases, only
every second point is presented. Moreover, the large pixel
density along with acquired data size for O-PTIR (1500 x
1500 pixels) made it impossible to present the whole spherulite
at once, therefore, the comparison to Raman data is the focus
in Figure 4. Results for other pairs of spectroscopic bands and
larger sample regions in O-PTIR are visualized in Figures S4-
S19 in the Supporting Material.

https://doi.org/10.1021/jacs.2c05306
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Primary transition moment plorientation

FTIR Vas(C-0-C)

QPTIR Vas(C-0-C)

O-PTIR Vjs(C-0-C)

Raman V(C-C)

Secondary transition moment u2orientation

FTIR V(C=0) O-PTIR V(C=0)

O-PTIR V(C=0

Raman V(C=0]

Figure 4. 4P-3D orientation results. Visualization of the primary (a) and secondary (b) transition moment orientation calculated for FT-IR, O-
PTIR, and Raman. To compare FT-IR and O-PTIR results, O-PTIR data were binned (13 x 13 pixels) to yield a similar pixel size as FT-IR.
Orientation results calculated using binned intensities are presented in the middle column. T o preserve visualization clarity, results for every second
pixel are presented in FT-IR and O-PTIR comparison sections. Orientations for a smaller area of spherulite (blue frame covering the nucleation
center) are presented for O-PTIR (without binning) and Raman in the right column, using their high detail content coming from a diffraction-

limited image probed with a 532 nm laser.

Considering the crystalline structure of lamellae in the PCL
spherulite presented in Figure 2, conclusions could be done
regarding theoretical transition moment orientations. With
fibrils being organized radially from the nucleation center, the
direction of the main molecular axis (polymer chain) is
expected to be perpendicular to the fibril axis. This prediction
is confirmed by 3D orientation results for va§C- O- C) and
the best visualization is provided by FT-IR and binned O-
PTIR shown in the left part of Figure 4a. The purpose of O-
PTIR data binning yielding a similar spatial detail (pixel size)
as FT-IR was to validate and compare results provided by the
two techniques. Numerical evaluation is provided in Figure S8
in the form of Euclidean distance. Orientation vectors used for
data presentation form concentric circles with the center
located exactly within the nucleation site area, which confirms
that the polymer chain is perpendicular with respect to the
fibril's axis. The two techniques significantly differ in the
optical setup and artifacts coming from scattering and varying
sample thickness are also not the same. Still, the obtained
results are consistent with each other, which is confirmed by
the Euclidean distance results. However, the exact orientation
of primary transition moment depends on lamellae alignment,
which can vary from flat-on to twisted to edge-on (Figure 2a).
Based on FT-IR and binned O-PTIR orientation of v C- O-
C) one may conclude that the whole spherulite consists of
fibrils formed with edge-on lamellae (flat-on lamellae should
exhibit an orientation perpendicular to the figure plane).
Nonetheless, in this case, the pixel size (~ 2.7 um) is close to
the size of lamellae, therefore, the averaging of signal coming
from this region causes a significant loss of details observed. O-
PTIR and Raman with much higher spatial resolution come to

aid, with results for a region of the spherulite including the
nucleation site (blue rectangle) presented in the right part of
Figure 4a. As expected, the comparison of vas(C- O- C) for O-
PTIR and v(C- C) for Raman shows great similarities. The
general structure observed in FT-IR is also preserved in O-
PTIR, but there is a striking increase in detail. Heterogeneity of
the sample is clearly visible with wavy structures probably
corresponding to fibril shapes. At such magnification, it cannot
be stated if the spherulite is built exclusively from edge-on
lamellae, because both parallel and out of the figure plane
vectors are observed in different sample regions.

Interesting results are also observed for the secondary
transition moment (Figure 4b). The v(C= O) vibration
should be approximately perpendicular to the molecular
chain, but it is hard to predict their exact theoretical
orientation even if lamellae alignment (edge-on or flat-on)
would be determined. Therefore, it is interesting that for FT-
IR and binned O-PTIR (left sector of Figure 4b) vectors are
consistently oriented perpendicularly to the figure plane. There
is a slight tilt in O-PTIR results in comparison with FT-IR, but
the vectors' general trend is the same, and differences could be
again caused by the dissimilarities in optical setups. Raman and
O-PTIR once more show analogous results, preserving a
perpendicular trend with respect to the primary vector.
Although, vectors are no longer consistently perpendicular to
the figure plane and heterogenic wavy shapes can be again
observed. A detailed relation between primary and secondary
vectors might be observed in zoomed-in areas for O-PTIR and
Raman.

Combining orientation information of primary and secon-
dary vectors, one may conclude that the investigated spherulite
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is primarily built out of edge-on lamellae. First, for all observed
techniques, primary vectors are mostly aligned or slightly out
of the figure plane, which theoretically should be expected for
edge-on units. This hypothesis is supported by the
perpendicular character (to the figure plane) of secondary
vectors. Obviously, there are regions exhibiting those proper-
ties to a different extent, but this is expected since the
crystallization process is very subtle, and its conditions have a
major influence on lamellae alignment.

Valid information about cylindrical symmetry and molecular
ordering is provided by the {P1) parameter, with results shown
in supplementary materials (Figures S4- S7 and S9- S19). As
mentioned in the 3D part of the Theoretical Approach section
(Materials and Methods), (P2) is used as a metric describing
the breadth of orientation distribution function (ODF), eg.,
(P2 = 1 for infinitely narrow distribution parallel to the
symmetry axis, whereas (P2) = 0 in the case of an isotropic
distribution. Negative values reaching (P2) = - 1/3 characterize
distributions perpendicular with respect to the symmetry axis.
Considering that primary transition moments used in this
study were always chosen to be approximately parallel to the
main molecular axis, the analysis of (P2) results may lead to
conclusions in which bands are the best indicator of the main
molecular axis. Based on FT-IR and O-PTIR results (Figures
S4- S7 and S9- S14), the highest {P2) values are reached by
v(CC- 0) vibrations. Additionally, close to zero results ((P2)
=0) are observed (FT-IR data) around the nucleation center,
which confirms its amorphic character. The smallest breadth of
ODF in the case of Raman is observed for the v(C- C)
vibration associated with 1037 cm- 1.

Molecular orientation (main polymer axis) and lamellae
alignment based on O-PTIR were so far only discussed on a
limited region of the sample corresponding to the Raman
measurement area to allow for a direct comparison. A larger
area presenting the orientation of vas(C- O- C) is shown in
Figure 5a with more structural insight. Once more, the
presented region includes the nucleation site marked with a
white circle, as it is the most characteristic spot in spherulites.
Having a look at spherulite's larger area one can notice that
there are two significantly different domains with zoom-ins
marked with a white box. Interestingly, after overlaying the
orientation image presented here (right zoom) with the optical
microscopy image, fibrils are overlapping with structures
formed by vectors (results not shown). However, such
structures are not observed in the left zoom where vectors
are more parallel to each other. This is regardless of the fact
that fibrils observed in the optical image have the same
structure, with no visible differences. This may lead to a
conclusion that there are significant differences within fibril
structures on the molecular level, probably associated with
growth phases. As explained earlier (Figure 2a), at the early
stages ofspherulite formation there is asingle fiber, whichlater
becomes surrounded by other radially oriented fibers and
branches until full spherulite is formed. For a polymer filmwith
a thickness larger than 500 nm, the edge-on orientation of
lamellae is expected. Single lamella is built of tightly packed
and folded polymer chains. In the commonly accepted model,
the chains are aligned normal to the plane ofthe lamella, so the
orientation of chains determines the orientation of the lamella.
In the spherulites, lamellas are stacked together, creating
thicker structures, the fibrils (Figure 2). The unambiguous
determination of lamellae orientation requires further develop-
ment of the 4P-3D analysis method, however, obtained results
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Figure 5. 4P-3D orientation analysis based on O-PTIR. (a)
Orientation of the va(C- O- C) dipole moment based on the O-
PTIR dataset. Zoomed areas are pointing to two clearly distinguish-
able sample regions, which may be related to areas of different
spherulite growth phases. Nucleation site is marked with a white
circle. (b) In-plane orientation relative to the radial axes r for vag(C-
O- C). (c) Mean values of yr and 8e for three regions (R1, R2, and
R3) for different dipole moments along with standard deviations
within that region.

give us partial information. Normal alignment ofthe secondary
vectors to the image plane indicates more edge-on than flat-on
orientation of lamellae. However, the tilt angle of lamellae
requires additional modeling methods.27 Yet, the observed
dissimilarities can arise directly from growth stages.

To have a numerical quantity allowing to visualize and
compare some regions of spherulite, a relative in-plane
orientation Yr was defined as the difference between the Y
angle and the direction of fibers. yr describes an in-plane angle
relative to the radial axes formed by spherulite's fibrils.
Exemplary results for the va(C- O- C) vibration (O-PTIR)
are shown in Figure 5b. The presented region directly
corresponds to the orientation in Figure 5a. As expected, the
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majority of results exhibit values of around 90° (R1 region),
apart from the nucleation center, which is amorphous.
Nevertheless, there are some regions with different orienta-
tions—R2 and R3. Mean values of . for all three regions are
presented in Figure 5c, including the orientation of other
vibrations. Additionally, the values for the e= angle

(elevation) are also presented. A combination of these results
allows us to analyze relative orientations of specific transition
dipole moments. Orientation of vaC- O- C) is parallel to the
PCL polymer main chain axis, whereas v§C- O- C) should be
perpendicular.28 Here, both vectors have similar values of yr,
but Be differs by around 90° for all three regions, which
confirms the perpendicular character of those two. Very similar
results are observed for the v S(C- O—C) and v(C= O) pair.
The v(CC- O) vibration is slightly more complex, coming
from C- O and C- C stretching in the crystalline phase,28 but
the obtained results show that the transition dipole moment
directions are parallel to the main chain axis, similar to vas(C-
O- C). The same orientation is also observed for w(CH2).
Thus, those three may be considered as vibrations describing
the main molecular axis orientation.

l:ONCLUSIONS

Here, we successfully demonstrated for the first time the four-
polarization methods coupled to concurrent vibration analysis
(4P-3D) on a spherulite polymer sample. We showed that this
framework gives consistent results across the spectroscopic
modalities, allowing diffraction-limited and even super-resolved
imaging. Our research opens the way to applications for
spatially resolved orientation studies of a wide range of thin
film samples, in a nondestructive, label-free manner. We expect
the 4P-3D method to impact both material and biological
sciences as previously unattainable information can be
extracted without a complicated experimental setup.

.\/V—\TB?IALS AND METHODS

Experimental Approach. Spherulite Sample Preparation.
Polycaprolactone (PCL) of Mn= 80000 g/mol was purchased from
Sigma Aldrich Sp. z 0.0 (Poznan, Poland). Chloroform for analysis
(99.8%), amylene stabilized was obtained from Idalia Sp.J (Radom,
Poland). PCL has a melting point (Tn) of 60 °C and glass transition
temperature (Tg of around - 60 °C. The PCL film was prepared
from solution (1.2 g of granular polymer in 80 mL of chloroform).
The system was left on a magnetic stirrer for 24 h at room
temperature to allow complete dissolution. The PCL film with a
thickness of around 10 pm was prepared by casting solution onto a
calcium fluoride (CaF2) slide. It was placed in a fume hood to
evaporate the solvent overnight. PCL was melted at 75 °C to erase the
structure on a hot stage and crystallized under isothermal conditions
at 35 °C. After 5 h of spherulite growth, the sample was rapidly cooled
down to room temperature.

FT-IR Imaging. FT-IR measurements were performed using a
Bruker Vertex70v spectrometer coupled with a Hyperion 3000
microscope equipped with a 64 x 64 element FPA MCT array
detector. A 15x Cassegrain objective (NA = 0.4) was used giving a
2.7 ym x 2.7 pm projected pixel size. To perform measurements with
linearly polarized light, two wire grid polarizers were inserted before
the objective and at the bottom of the condenser. Simultaneous
rotation of both polarizers aligned in parallel allowed achieving
desired polarizations—four datasets were collected, with relative
polarizations corresponding to 0, 45, 90, and 135°. To provide pixel-
to-pixel spatial alignmentofall datasets, amotorized samplestagewas
programmed to repeat the same positions (for each polarization).
Data acquisition was done in the 3850- 900 cm- 1spectral range, with
8 cm- 1 spectral resolution and zero filling factor of 1. Sample and
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background spectra were co-averaged 4 and 64 times, respectively.
Background datasets were collected individually for each polarization,
in a blank region of the CaF2slide.

O-PTIR Imaging. O-PTIR imaging was done using a mIRage O-
PTIR microscope. A quantum cascade laser (QCL) was used as a
pumpbeamwith apulserateof100kHzina2.4%dutycycle.Images
were collected at five frequencies: 1736, 1368, 1296, 1246, and 1170
cm- 1 with corresponding QCL laser powers: 4, 24, 24, 18, and 18%,
respectively. A 532 nm laser with 0.5% power (about 7.5 mW power
on the sample) was used as a probe beam. Measurements were
performed in the reflection mode using an avalanche photodiode
detector (APD) and 200 nm steps. The background was measured
once, on a low-e slide (Kevley Technologies). Since QCL laser is
intrinsically linearly polarized, to obtain different relative polarizations
the sample was rotated roughly by 45° increments to obtain a four-
polarization dataset at relative 0, 45, 90, and 135° angles. The
measurement region was adjusted each time the sample was rotated,
to cover the whole spherulite of interest.

Raman Imaging. Raman measurements were performed using a
WITec confocal CRM a 300 Raman microscope with a50x objective.
The spectrometer was equipped with an air-cooled solid-state laser
operating at 532 nm (with linear polarization) and a charge-coupled
device (CCD) detector. The laser power measured before the
objective was approximately 50 mW. The spectra were recorded with
4 cm- 1 spectral resolution and 0.1 s integration time. An achromatic
half-wave plate was placed above the objective to control the natural
laser polarization direction. Four polarizations of interest (- 30, 0, 60,
and 120°) were achieved by the rotation of the wave plate. A
rectangular fragment of the spherulite from the border of the
neighboring spherulite to the nucleation site was measured with 200
nm steps (size: 150 x 450 steps).

Preprocessing. FT-IR Data. Spectral and spatial data quality was
increased using minimum noise fraction (MNF) denoising, with 15
bands used for reconstructions.2930 Furthermore, a local linear
baseline was applied to the spectral ranges corresponding to vibrations
of crucial chemical bonds, which allowed the mitigation of scattering
artifacts. Single intensities (within corrected ranges) were used for
transition dipole moment orientation calculations, with the attention
focused on 1720, 1365, 1292, 1238, and 1165 cm- 1, coinciding with
the O-PTIR data. Mentioned band identification for both IR methods
is presented in Tables S1 and S2.

O-PTIR Data. Since for O-PTIR imaging different linear polar-
ization angle data were collected by sample rotation (not by
polarization control), an additional preprocessing step was required
to spatially align four datasets. The final sample orientation was
defined by the 90° polarization dataset (closest to FT-IR results
orientation), whereas 0, 45, and 135°, datasets were warped by global
rotation and translation of each image. Calculation of rotation angles
(85.7, 136.9, 42.5°) used for image transformation was done using the
line marked on the sample before measurements. Following, images
were translated referring to characteristic sample structures—
spherulite edges. During data manipulation, we noticed that
intensities for the last polarization dataset (135°) were significantly
higher and therefore not comparable to other polarizations. To
overcome this artifact, all images collected with the O-PTIR
technique were divided by their median value. Finally, aiming to
prepare data for further absorptance calculations in the 4P-3D
orientation method, intensities for each spectral variable (cumulative
data for all four polarizations) were rescaled to span within the
intensity range corresponding to absorption values exhibited by FT-IR
data. Furthermore, additional datasets were generated by binning 13
x 13 pixels (giving 2.6 pm pixel), with the aim to later compare O-
PTIR and FT-IR data (2.7 ym pixel).

Raman Data. The data treatment started with cosmic spike
removal and Raman shift calibration to Si bands. This was followed by
denoising by principal component analysis (PCA), with 15 principal
components used for reconstructions, which significantly increased
spectral and spatial data quality. Global baseline correction was done
using the rubberband method with 13 spectral ranges used for linear
corrections. One of the polarization datasets exhibited slightly higher
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global intensities (distorting orientation calculations), therefore, each
spectrum was normalized to its sum. Similar to O-PTIR, Raman
spectra also required intensity rescaling for further calculations.
However, due to the absence of some bands present in the FT-IR
spectra, data were scaled so that intensities for the most intensive
band in Raman spectra (2917 cm- 1) are similar to the absorbance of
the most intensive bands in FT-IR data (1720 cm- 1). Identification of
Raman bands used in further analysis is available in Table S3.
Theoretical Approach. Anisotropic materials, such as fibers or
polymers with long molecular chains exhibit high absorption
dependence on the polarization direction of the incoming light,
both in IR spectroscopy and other spectroscopic techniques. This
effect, called linear dichroism, is extensively applied in molecular
orientation studies. In polarized infrared spectroscopy (FT-IR and O-
PTIR), absorption by a specific molecular vibration is the highest
when the transition dipole moment gector is aligned with the
ti

polarization of light.31 A schema example of an FT-IR
instrumentation setup is shown in Figure la. Similarly, in polarized
Raman spectroscopy scattering reaches a maximum for the best
alignment of polarization with the highest polarizability tensor change
Qresulting in maximum band intensity observed in the Raman
S

ectrum.32 Hence, the analysis of spectra collected for different
incident light polarizations can provide information about the
chemical bond and molecular orientation, with the dichroic ratio
(D) being one of the most widely used parameters. D is defined as the
ratio of absorbance (or intensity) for parallel and perpendicularly
polarized light. However, in the case of Raman, we define D as a ratio
of scattering intensities for perpendicular polarizations of the incident
green laser used for Raman excitation, as opposed to the
depolarization ratio, which compares the scattered photons. Thus,
using only two polarizations introduces a specific measurement
condition—parallel and perpendicular orientation of transition
moment with respect to polarization. In other cases, D would exhibit
misleading values, like in a situation with 45° angle, where both
polarizations would be affecting the sample, in the same way, giving D
=1 and incorrectly suggesting isotropic properties. Such measurement
geometry makes this method appropriate only for systems with
molecules aligned alongside each other and well-known chemical
bond orientation, excluding systems with molecules changing
directions throughout the sample.

Four-Polarization Method for 2D Orientation. The disadvantages
of the two-polarization method have been aided by the development
of the four-polarization approach, which allows molecular bond
orientation determination, independently from the choice of incident
light polarization. Absorbance dependence from linear polarization
may be described by a simple formula, as follows12,1333

where Aminand Amexare minimum and maximum absorbance, n is the
incident polarization angle and ¢ is the polarization angle when A(n)
= Am Collecting data with four different linear polarizations (for
each pixel) gives the possibility to experimentally find the shape of
A(n), as shown in Figure 1b. The mathematical approach applied here
is based on a nonlinear fit of a cosine function to extract Anin, Amex
and . Considering dipole moment p being oriented in 3D space, ¢
gives limited information about the in-plane orientation ofthis vector.
Exemplary result visualization (Figure 1d) clearly shows the
disadvantage of the 2D method, where extracted information fully
omits the out-of-plane component of the orientation. Based on Amin
and Anex one can also compute Hermans (in-plane) orientation
function defined as12,1333

where D = Ama{ Amin and k describe the angle between the main
molecular axis and transition moment (used values are available in
Tables S1- S3). Hermans function is equal to the second-order
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coefficient of a series of Legendre polynomials approximating the
orientationdistribution function(ODF)ofamoleculewithcylindrical
symmetry.12,18 Therefore, it can be used to describe the level of
molecular orientation of the sample. This approach is equally suitable
for the analysis of FT-IR and Raman measurements, with absorbance
and scattering intensity being the corresponding results.

Four-Polarization in 3D Orientation. Out-of-plane orientation
issues, mentioned in the above section, were recently approached by
Lee, who proposed a mathematical method allowing determination of
3D angles and order parameter for molecular orientation imaging with
FT-IR.18 Derivation is established on the grounds of classical
electromagnetic wave theories and concurrently uses two nonparallel
transition dipole moments: the primary (p1) associated with the main
molecular axis and a secondary (u2 representing nonparallel
vibration. Based on this, the absorptance (o = 1 - T) dependence
fnism the polarization direction n for vectors pl and p2 is described
as:

1o = P2 sin2 cos2 )+ 1(1 )
1 3

Zé: F2[cos cos cos ( ) + sin - sin( )12
2

c1a PR

where , 6, and @ are angles describing the 3D orientation ofpy and
W vectors (shown in Figure 1c), {P2} is the order parameter, whereas
a° contains only nonorientational quantities. Similar to the 2D
approach, nonlinear functions were fitted to four-polarization datasets.
This allowed the reconstruction of the experimental shape of
absorptance dependence on incident polarization. As presented in
Figure 1c, the following parameters pairs were extracted from the
obtained experimental functions: alma nilmex olmin nimin o2
n2me and o2min and n2min Formulas needed for ¢, 6, and ¢
calculations are presented in supplementary materials. However, one
needs to be aware of the fact, that this approach gives two
undistinguishable orientation results, mirror symmetrical with respect
to the xy plane as described in supplementary materials. The order
parameter (P2, which is equal to the second-order coefficient of an
ODF of a molecule with cylindrical symmetry, is used as a quantity
describing the breadth of ODF.18 An example of 3D orientation
results is shown in Figure 1e. It should be noted that all vectors have
the same length and only vector directions are of significance. Since
sections d and e of Figure 1 show results of corresponding sample
regions, it is clearly visible how important advantage one gains using
the method for 3D orientation determination. Even though this
method was developed for FT-IR, the adaptation for O-PTIR and
Raman spectra was done by transferring intensities to reach values
corresponding to FT-IR absorbance, as it was briefly described in the
preprocessing section.
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Korekta rozpraszania typu Mie dla prdbek o cylindrycznym ksztalcie

Badania nad orientacja tkanki wtoknistej ujawnity jej wysoka sktonno$¢ do rozpraszania
promieniowania podczerwonego, co bez zastosowania odpowiedniej korekty zaburza wyniki
badan nad orientacja makromolekut. Analizujgc rozmiar wiékien kolagenu, obserwowany
promien jest zblizony do dtugosci fali padajacego promieniowania. Takie sprzyjajace warunki
na zajécie rozpraszania typu Mie sugeruja, ze jest to zrodto zaistniatych artefaktow. Korekta
rozpraszania Mie przez obiekty sferyczne jest szeroko przestudiowana i posiada w literaturze
wiele wariantéw algorytméw umozliwiajacych korekty dla takich prébek jak np. komérki. Poza
teorig nie byto jednak dostepnej implementacji korekty rozpraszania dla probek
o cylindrycznym ksztalcie. Stato sie to motywacja do zaaplikowania, a nastepnie zrealizowania
grantu Preludium-18 pt. ,,Ulepszanie wyznaczania orientacji 3D makromolekut na podstawie
spolaryzowanego obrazowania chemicznego IR poprzez optymalizacje algorytméw usuwania
rozpraszania”.

W ramach badan, prowadzonych w trakcie trwania grantu, wykorzystano teoretyczny
model opisujacy wydajno$¢ rozpraszania dla obiektéw cylindrycznych i zaimplementowano w
oprogramowaniu MATLAB korekte rozpraszania bazujacag na metodzie RMieS-EMSC [H].
Dostepny model rozpraszania rozszerzono o przypadek liniowej polaryzacji padajacego
promieniowania, co miato na celu jak najlepsze dostosowanie metody do przysztych obliczen
zwigzanych z wyznaczaniem orientacji molekut [H]. Ze wzgledu na intensywno$¢ obliczen,
powyzsze implementacje wymagaty zastosowania procesoréw graficznych (GPU), ktére
znacznie skrocity skale czasowa wykonywania korekty [H]. Ponadto, w celu wsparcia
Srodowiska spektroskopowego, stworzona biblioteka jest udostepniona w otwartym
repozytorium. Skuteczno$¢ metody zostata zweryfikowana z wykorzystaniem specjalnie
przygotowanej probki widkna polimeru o rozmiarach indukujacych silne rozpraszanie typu
Mie, a uzyskane rezultaty przewyzszaty inne zastosowane korekty [H].

M6j wktad w publikacje [H] zwigzany byt ze sformutowaniem celu badawczego,
zaplanowaniem eksperymentéw, przeprowadzeniem pomiaréw FT-IR uwzgledniajacych
polaryzacje liniowg oraz jej brak, aplikacjg algorytmu EMSC do korekty prébek
cylindrycznych, dostosowaniem algorytmu do zastosowan zwigzanych liniowa polaryzacja,
adaptacja algorytméw do obliczen z wykorzystaniem procesoréw graficznych, wykonanie
korekt dla danych eksperymentalnych, analiza danych i poréwnaniem do referencyjnej metody,
pisaniem cze$ci manuskryptu oraz przygotowaniem i udostepnieniem biblioteki funkcji na
zasadach otwartego dostepu.
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Abstract

Scattering artifacts are one of the most common effects distorting transmission spectra in Fourier-
Transform Infrared spectroscopy. Their increased impact, strongly diminishing the quantitative and
qualitative power of IR spectroscopy, is especially observed for structures with a size comparable to the
radiation wavelength. To tackle this problem, a wide range of preprocessing techniques based on the
Extended Multiplicative Scattering Correction method was developed, using physical properties to
remove scattering presence in the spectra. However, until recently those algorithms were mostly focused
on spherically shaped samples, for example, cells. Here, an algorithm for samples with cylindrical
domains is described, with additional implementation of a linearly polarized light case, which is crucial
for the growing field of polarized IR imaging and spectroscopy. An open-source code with GPU based
implementation is provided, with a calculation time of several seconds per spectrum. Optimizations
done to improve the throughput of this algorithm allow the application of this method into the standard
preprocessing pipeline of small datasets.

Keywords
Scattering correction, Linear Polarization, FT-IR Imaging, Cylindrical domains, EMSC
Introduction

Fourier-Transform Infrared Spectroscopy (FT-IR) and Imaging are rapidly developing and highly
utilized methods, mostly due to the wealth of biochemical information encoded in infrared (IR) spectra.
Reasonable speed of measurements, high Signal-to-Noise Ratio (SNR) and good sensitivity cause IR
based techniques to be widely used in such fields as material science [1], [2], biology and medicine [3]-
[5], archeology [6], [7], environmental science [8], forensic [9]-[11] and others. Apart from qualitative
analysis targeted at compound identification, there is also a strong quantitative aspect of IR
spectroscopy. Both areas of applications demand spectra to contain only absorption related information.
Unfortunately, this requirement is very often not fulfilled because of the scattering artifacts. Such
artifacts are especially pronounced for the spherical and cylindrical samples with a size comparable to
the wavelength which is often the case for cells, tissue fibers and others. Scattering theory for spherical
samples and small particles [12], [13] has been developed decades ago and explains the basics of the
artifacts observed in IR spectra, allowing to distinguish between absorptive and scattering origin of
absorbance variations. Many implementations have been developed with e.g. Extended Multiplicative
Signal Correction (EMSC) algorithms based on full Mie theory or van de Hulst approximation targeted
at scattering effects removal [14]-[17]. In the past, those algorithms mostly focused on cells, which due
to their morphology, can create perfect conditions for Mie scattering. Yet, over time, they were also
extended to aid scattering by tissue samples [18]-[20]. By nature, EMSC based algorithms are relatively
computationally expensive, which despite the hardware development, makes their application on a large
scale still problematic. Thus new advances using Neural Networks and augmentation approaches are
also explored [21], [22].
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A second importantgeometry for analysis, that is gaining attention, are samples with cylindrical domains
[23]-[25]. From collagen fibers in tissues, hair to microfibers, the cylindrical shape will distort the
analytical IR signal. The theoretical approach for cylinder's scattering is well described [26], [27].
However, the application of full Mie type scattering theory for infinite cylinders in EMSC algorithm
was done only lately by Rasskazov et al. [28], considering unpolarized light and including a new
workflow to optimize computation time. Yet, the polarized light case was still not addressed, which,
considering cylinder's reduced symmetry, cannot be omitted as it is in the case of spherically
symmetrical samples. Figure 1 presents how predominant are scattering artifacts for cylindrical samples
considering unpolarized (a), parallelly (b), and perpendicularly (c) polarized light. This is an example
of a Polycaprolactone (PCL) fiber model sample, specifically made for this study, with its dimensions
strongly inducing scattering artifacts.

IR studies with linear polarization control are currently of interest [29], as many researchers apply it in
molecular orientation studies [30]-[33], including studies focused on cylindrically shaped samples [34].
Not only spectra themselves are relevant, but more advanced analysis of the integral intensity of
vibrational bands allow calculation of in-plane orientation functions and more recently, retrieval of full
3D angles of a transition moment orientation [35]-[37]. Considering that, there is a growing need for
proper correction of polarized IR light scattering from cylindrical domains, in this research, an open-
source, EMSC based algorithm for scattering artifacts correction in cylindrical samples has been
developed. The algorithm considers different states of linear polarizations as an extension of the
unpolarized light case reported by Rasskazov et al. [28]. Optimization of the potentially extended
calculation time was done via GPU based calculations allowing to introduce this method into the
preprocessing pipeline of relatively small datasets. The developed algorithm was also tested with an
isolated collagen fiber sample. An open-source, GPU based, version of MATLAB implementation is
available, and referenced in the Code availability section.



Figure 1. Spectra from a PCL fiber sample highlighting scattering artifacts, for unpolarized (a),
parallel (b), and perpendicular (c) polarization of incident IR light with respect to the cylinder's axis.
Spectra of each color come from the same location (the same chemical composition) as all datasets are
spatially aligned.

Materials and Methods
PCL fiber sample preparation

Polycaprolactone (PCL) of Mn = 80 000 g/mol was purchased from Sigma Aldrich Sp. z 0.0. (Poznan,
Poland). Chloroform for analysis (99.8%), amylene stabilized was obtained from Idalia Sp. j. (Radom,
Poland). In the first step, a polymer solution was obtained by dissolving 0.2 g of PCL in 40 mL of
chloroform. The system was left on a magnetic stirrer for 24 h at room temperature to allow complete
dissolution. The solution was cast onto a glass laboratory dish and placed in a fume hood for evaporation
for the next 24 h. The obtained thin film was melted at 80°C as PCL has a melting point of about 60°C.
At the same time, a calcium fluoride (CaF2) slide was heated up to 60°C. The thin PCL fiber was
manually pulled out using a steel needle from the melt and placed on the CaF slide. Next, the sample
was rapidly cooled down to room temperature so the fiber would not melt.

Tissue fiber sample



Breast tissue microarray (TMA) was purchased from Biomax Inc. One slice was placed on a BaF: plate
for transmission measurements, whereas the adjacent slice was mounted on a regular glass and H&E
stained for visual inspection and structures identification. An isolated fiber from one of the tissue cores
was selected for further FT-IR analysis.

IR measurements and data preprocessing

Samples were measured in transmission mode with Bruker Vertex80v spectrometer coupled to a
Hyperion3000 Microscope with 64x64 FPA MCT detector and 15x objective (NA = 0.4) giving 2.7 pm
projected pixel size. Spectral range cover region from 3850 cm-1to 900 cm-1, with 8 cm-Lresolution and
zero filling factor of 2, giving a spectrum with 765 points. Data were collected for unpolarized light and
with four linear polarizations: 0°, 45°,90°, and 135° (corresponding to the fiber's orientation). The stage
was specifically programmed to repeat the same positions, thus all five datasets (for each sample) are
spatially aligned (to the accuracy of the stage movement, i.e. below 1 pm) and spectral information
might be compared between measurements. During PCL fiber measurements sample and background
signals were co-averaged 32 and 64 times, respectively, whereas tissue sample was scanned 4 times for
the signal and 64 times for the background. Background measurements were done individually for each
polarization. Datasets were individually denoised with Principal Component Analysis with 15
components used for signal reconstruction [38].

Resonant Mie scattering EMSC

The current status of EMSC based algorithms for Mie scattering have decades of development behind
them, starting from simple cases to later on extending the original algorithm to be more accurate and
tackle more realistic cases in terms of physics. In that context, Resonant Mie Scattering (RMieS) EMSC
algorithm has been relatively recently developed, as a result of the progress in the comprehension of
dispersion artifact [15], [39], responsible for the sharp decrease in absorbance band on the high
wavenumber side. As described by Bassan et al., a change in real refractive index near the absorption
band causes a reduction of resonant Mie Scattering efficiency [15], [39]. Thus, the non-resonant Mie
scattering algorithm, previously proposed by Kohler et al. [16], was extended by the implementation of
the Kramers-Kronig (KK) transform for real refractive index calculations. An example of the KK
transformfor the determination of the real refractive index! based on IR spectrum for PCL is presented
in Figure 2b. A simplification has been done by denoting IR spectrum as ", due to its relationship with
the imaginary part (absorptive) of the complex refractive index. This, along with ranges of possible
values for average refractive index and particle radius are later used to calculate a set of scattering
efficiency Qsca curves - one curve for each specific combination of mentioned parameters.

General model for RMieS-EMSC allows to decompose (correct) recorded signal '()&* as
follows [14], [15]:

where s the constant baseline, - is the gradient of the sloping baseline, .( is the wavenumber vector,
/ is the magnifying factor of the reference spectrum '()01, > is the number of principal components (7
gives satisfactory level of explained variance),!54 and 34 are loading and its weights (describing
scattering efficiency impact), respectively, and 6{ are residuals. In general, correction of the recorded
spectrum is done by finding values of + - , / and 34using linear regression. However, this is an iterative
process, graphically presented in Figure 2a. The first iteration requires a reference spectrum for the
refractive index calculations, whereas, further iterations use information from the previous step. Crucial
step in each iteration is finding 54 (loadings) which contain the scattering information. This is done by



PCA decomposition of the set of scattering curves ! "#$, usually 1000 curves, calculated for
permutations of physical parameters such as particle radius and refractive index. This RMieS-EMSC
algorithm has been thoroughly described in previous publications, thus more detailed explanation can
be found in [14], [15].

Scattering efficiency ! "#$ for cylindrical samples

Scattering efficiency calculations are the crucial part of described RMieS-EMSC method, providing
physical background for the correction algorithm. Up to recently, most papers focused on Mie scattering
correction for spherical samples, as it has a wide range of applications, for example during cells
measurements. In this case, two possible options for Mie scattering efficiency calculations are available.
First of all, using full Mie theory [12], which is physically more accurate, but at the same time very
computationally expensive due to the need for Bessel's spherical functions calculations [14]. On the
other hand, there is a van der Hulst approximation [40] giving major a time advantage, yet, being less
accurate [15], [16].

Currently, a focus has been pointed on the extension of the algorithm to an infinite cylinders case, which
could be a good approximation of fibrous samples. Recently, Rasskazov et al. published an EMSC based
approach where the theory for an infinite cylinders scattering is applied [28]. One of the differences
from spherical samples is that cylinders have rotational symmetry, thus, light polarization can no longer
be omitted in this case. Even though neither discussed nor applied, theoretical approach for cylinders'
scattering of linearly polarized light was provided in [28] and it is as follows:

Veuson = & ()=od(+-2 .5 /() on(+- (1 o(+37,

168 = R(1*8(+- 2. /(108(+- ()08(H37,

(3)

where ! "#%and ! "#$,8are scattering efficiencies per infinite cylinder unit length for the parallel and
transversal illumination, respectively, &is a size parameter and 9 is a spherical function order. Other
parameters - 10and ) Oalong with &are described in the supplementary data. Presented formulas are also
used to calculate the scattering efficiency for unpolarized light [28]:

Prgg = 25 s o- 1 g 8

(4)

An extension for linear polarizations other than parallel and transversal is also provided in
Supplementary Materials. An example of scattering efficiencies (!"#$, ! "#$8 and ! '#$% for a
theoretical PCL cylinder with 7.5 pm radius is shown in Figure 2c. It is also compared to a scattering of
a spherical sample of the same radius, calculated through the van de Hulst approximation used in
RMieS-EMSC [15]. Itis clearly visible, that there is a major difference between sphere's and cylinder's
scattering and how different polarization cases influence scattering. Note that for a cylinder, a high
frequency fine structure resulting for scattering is superimposed on the spectrum. Such a high frequency
signal may overlap with absorption bands and hinder quantitative spectral analysis.. More examples of
quantitative and qualitative differences in spheres' and cylinders' scattering character, including the
impact of the varying angle of incidence ¢, are provided in [28].



Figure 2. a) Workflow of the Cylinders EMSC algorithm. b) Examples of the real refractive index
calculated from IR spectrum of PCL (!) using KK transform. c) Theoretical scattering efficiency for
cases of cylindrical sample (unpolarized " #6and with parallel " #&and perpendicular " #$%'
polarizations) and spherical sample " ()*+- of the same radius.

Algorithm development and GPU acceleration

The development of a scattering correction algorithm for cylindrical samples was based on an open
source code provided by Bassan et al. for RMieS-EMSC. The key part was to replace van de Hulst
approximation of " for spheres, with the scattering formulas for cylinders described in the previous
paragraphs. Also, a necessary parameter ¢, describing the angle of incidence was added and the normal
incidence was assumed for all further calculations (¢ = 90°). A general workflow of the new algorithm
is presented in Figure 2a. Apart from data to be corrected, its input requires a reference spectrum, with
PCL film spectrum (almost free from scattering) used in this case.
Implementation of the full theory for scattering efficiency (Mie type) calls for advanced programming
solutions due to the time and computing power needed for Bessel's spherical functions calculations.
Rasskazov et al. [28] suggested to use a new way based on interpolation of " #6from data coarsely
simulated for a wide range of . and mean refractive index. Here, a classical approach with GPU
calculations was applied, considering major progress in graphic card development. It is worth
mentioning, that not only Bessel and Hankel's functions were transferred to GPU, but also other parts
of code required for " #® calculations (differentiation and coefficients calculations). This required
further optimizations to apply code vectorization, but more information is provided and discussed in the
Supplementary Material.
Calculations and time estimation were done using two machines:

1) Desktop working station Dell Precision 5820 with Intel Core i9-10900X processor, 256 GB

RAM memory and NVIDIA Quadro P6000 24 GB GPU
2) Server Dell PowerEdge R740 with 2x Intel Xeon Gold 6254, 12x 64GB RDIMM RAM memory
and single NVIDIA Tesla v100 32GB GPU.



As the Quadro P6000 GPU is not an optimal card for double precision scientific calculations, the
algorithms were developed using the first (desktop) computing station, but later their final performance
was tested with a Teslav100 card, dedicated to clusters in supercomputing centers. Assuming a spectrum
of 765 variables, the calculation time per single spectrum with a Tesla card was 3.98 s, which gives
0.398s per iteration (10 iterations), and 9.62 s for Quadro (0.96 s per iteration). Thistime scale is already
optimized, but it will give even faster results for samples with smaller radii (the size parameter defines
the order of Bessel's functions as described in Supplementary Materials). Here, the calculations were
done assuming the cylinder's radius varied within the 5 to 15 pm range. Whereas, for smaller samples,
for example from 2 to 8 pm range, the calculation time was 2.6 s per spectrum for Tesla.

Results and discussion

As was mentioned in the Materials and Method section, a model PCL fiber sample with a radius varying
from 7.5 pm to 12 pm, was crafted specifically to exhibit strong scattering properties. An optical
microscope image of the sample is presented in Figure 3a. The goal here is to test the developed
algorithms for unpolarized and linearly polarized IR radiation using a highly scattering model sample,
observing at the same time if the scattering pattern is similar to scattering efficiency calculated
theoretically. Additionally, results are compared to the RMieS-EMSC method for spherical samples,
which also has an open source code available.

Unpolarized IR radiation

Figure 3 presents the correction done for the unpolarized light case. As the cylindrical sample has a
varying size (radius varying from 7.5 to 12 um), it makes perfect conditions to analyze scattering with
different physical conditions (different radii). Here, a case of 7.5 pm and 11 pm radius was analyzed
and is shown in Figure 3 a-d and Figure 3 e-h, respectively. Based on theoretically calculated scattering
efficiency for a 7.5 um radius of the cylindrical sample shown in Figure 3a, major scattering artifacts
were expected to appear in the experimental spectra. This is exactly what is observed for non-corrected
spectra coming from the cylinder's cross-section and shown in Figure 3b (legend for spectra is provided
in Figure 3a, along with spatial location marked on IR image). As expected, strong scattering is observed
for those spectra, having the specific shape predicted by ! curves. Artifacts are most prominent in the
3000-1700 cm-1region, with a small number of absorption bands. However, the fingerprint region is
also strongly distorted, although, the distortion is covered by absorption bands. After visual inspection
of correction results, it might be concluded that the algorithm eliminated most of the scattering
component (Figure 3c), which is indicated by the absence of characteristic shape and strong intensity
reduction observed around 1000 cm-1 Moreover, Cylinders EMSC results look very similar to the
RMieS-EMSC algorithm results (Figure 3d) with subtle qualitative and qualitative differences in
absorption bands' intensities. Both algorithms had a problem with spectrum number 5 (grey), as the
strong scattering region falls around CH: absorption bands. RMieS-EMSC seems to be doing slightly
better in this case. On the other hand, both algorithms seem to struggle in the 3500-3000 cm-1region,
with Cylinders EMSC doing a little better. VVery similar tendencies are observed for a larger radius case.
Theoretical scattering efficiency curves changed their sine-shaped characteristics for higher frequency
(Figure 3e), which is also clearly observed in the experimental spectra (Figure 3f). Smaller wavy
distortions appearing on top of a main characteristic, became sharper and narrower. Thus, less likely to
be observed in the spectra. As more spectra have a scattering peak around the CH2 band, both correction
algorithms are not ideal in this case, with Cylinders EMSC doing definitely better in the 3500-2500 cm-
1region. Overall, considering extremely high scattering artifacts (enhanced by almost perfect physical
conditions for their occurrence) present in experimental spectra, the developed algorithm for cylindrical
samples is highly effective. Its introduction into the preprocessing pipeline allows performing
quantitative analysis using corrected spectra - which was not possible before.
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Figure 3. Scattering correction results for model PCL cylinder sample, for two cases of sample's
radius. Spectra from cylinder's cross-sections are analyzed from left to right, with 2.7 pm step (pixel
size). a)-d) Results for 7.5 pm radius region of the sample. e)-h) Results for 11 pm radius region of

the sample. Legends for spectra in plots b)-d) and f)-h) are provided in sections a) and €) respectively.
Scales on visible and IR images are the same and the dimensions might be referenced using the fiber's
radius.



Linear polarization of IR radiation

Analysis similar to the one presented for unpolarized light was conducted for linear polarization of
incident IR radiation case. Again, scattering from the cylindrical sample with radii equal to 7.5 pm and
11 pm is analyzed. However, instead of the cylinders cross section, spectra from the same pixel coming
from different polarization datasets are presented in Figure 4. This requires for cylinder's orientation to
be well defined to determine the polarization orientation. Interesting differences in scattering efficiency
are observed for different polarization cases (Figure 4a and e). Those differences might be crucial for
the spectroscopic bands' appearance in experimental absorption spectra. Observed structures also show
how distinct is RMieS-EMSC scattering model for spheres and expose the need for cylindrical model
applications. The characteristic structure (wave) most observed for perpendicular polarization can be
observed in Figure 1c. In both cases, raw spectra show extremely high scattering artifacts with the
sinusoidal pattern well predicted by the theory. The second case of 11 pm radius exhibits a higher
frequency of scattering pattern changes (Figure 4f) than is observed in Figure 4b. Also, as the spectra
come from the same spatial location, the phase of the sinusoidal shape is very similar for all polarization
datasets. Analyzing the effectiveness of the algorithms, PCylinders EMSC seems to be doing definitely
better than RMieS-EMSC, especially in the 3500-3000 cm-Lregion. Furthermore, for the 11 pm radius
case, the carbonyl stretching region around 1720 cm-1seems to be problematic for both algorithms
(Figure 4 g-h), but with PCylinders EMSC doing better.



Figure 4. Scattering correction results for linearly polarized light. A model PCL cylinder sample with
varying radii was used as a reference and a single pixel (marked with star) with different polarizations
is shown. a)-d) Results for 7.5 pm radius region of the sample. e)-h) Results for 11 um radius region of
sample. Legends for spectra in plots b)-d) and f)-h) are provided in sections a) and e) respectively.
Scales on visible and IR images are the same and the dimensions might be referenced using the fiber's
radius.



Tissue fiber validation

PCylinders EMSC algorithm implementation with linear polarization of incident light was tested using
a tissue sample. The region of isolated collagen fiber, presented in Figure 5a, was used for evaluation
due to its high scattering properties. Spectra from a single pixel measured with different linear
polarization are presented in Figure 5b. Despite the fact that strong scattering is observed in this case,
there is no specific sinusoidal shape in the baseline. However, spectra perpendicular (90°) to the fiber's
axis show the biggest scattering level, whereas parallel one (0°) is the smallest. 45° and 135° polarization
have very similar scattering characteristics - as expected since the physical conditions are the same. The
PCylinders EMSC algorithm manages to correct those spectra perfectly, which is mostly visible in the
2700-1800 cm-1region (Figure 5c), and provides slightly better correction than RMieS-EMSC (Figure
5d). Furthermore, as polarized light absorption depends on its alignment with the dipole moment, all
spectra should show variability in the absorbing parts, especially in fingerprint regions. RMieS-EMSC
seems to force spectral alignment as if it is following the reference spectrum. In general, PCylinders
EMSC seems to be doing very well in the case of tissue fiber, preserving absorptive differences in
spectra coming from polarization orientation with respect to dipole moments orientation. This highlights
the potential of this method in molecular orientation studies, based on polarized FT-IR.

Figure 5. Scattering correction results for tissue fiber sample (single pixel marked with star) and
linearly polarized light. a) Tissue sample used to validate the developed algorithm. b) Raw spectra
coming from the single pixel (marked with a red star) and different polarization sets. c) Correction

results for PCylinders EMSC algorithm. d) Correction results for RMieS-EMSC algorithm.

Conclusions

As the polarized FT-IR field is rapidly gaining new applications, especially in molecular orientation
studies, targeted preprocessing methods considering physical properties and parameters need to be
developed. Therefore, an EMSC based scattering correction algorithm using full Mie-type scattering
theory for samples with cylindrical domains (Cylinders EMSC) and considering the state of light linear



polarization (PCylinders EMSC) was developed, with MATLAB open source code available. Due to
computational requirements, GPU was used for the code acceleration resulting in a calculation time of
several seconds per spectrum. This allows the introduction of this algorithm into a standard
preprocessing pipeline of small FT-IR datasets. Algorithm performance was tested with a specifically
prepared PCL model sample, exhibiting strong scattering properties, along with isolated tissue fiber.
Comparison with the widely used RMieS-EMSC algorithm shows an advantage of the new algorithm.

Code availability

The developed code along with FT-IR data for model PCL fiber sample is available at
https://github.com/paulinakoziol/Cylinders_EMSC, under open source license (GNU Lesser General
Public License v3.0).
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