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Abstract

Hypoxic pulmonary vasoconstriction (HPV) is a physiological response to localized alveolar
hypoxia that is intrinsic to the pulmonary circulation. By hypoxia-induced contraction
of pulmonary arterial smooth muscle cells (PASMCs), the pulmonary capillary blood
flow is redirected to alveolar areas of high oxygen partial pressure, thus maintaining the
ventilation-perfusion ratio. Although the principle of HPV was recognized decades ago
the underlying pathway remains elusive. The patch clamp technique, imaging and Raman
spectroscopy are methods that can be used to investigate parts of the mechanisms. To
enable measurements at controlled oxygen concentrations a gas-tight microfluidic system
was developed. In this thesis preparatory experiments to couple the gas-tight system
to a microscope that enabled simultaneous measurements with patch clamp, imaging
and Raman spectroscopy are discussed. The patch clamp technique is to be used for
measurements on the dynamics of the ion-channels in the cellular membrane as well as
changes in membrane potential as a response to hypoxia. Imaging of PASMCs is required
to successfully apply the patch clamp technique. Further, imaging will also reveal whether
the mechanical response of HPV has been triggered, for this purpose image analysis for
estimation of optical flow can be used. Raman spectroscopy enables measurements of
biochemical changes in redox biomarkers, cytochrome c and NADH, of the mitochondrial
electron transport chain. This thesis shows that the gas-tight microfluidic system provides
optimal control of the oxygen content, in an experimantal setting where the patch clamp
technique can be applied. Raman measurements showed significantly larger variations
in spectra compared to an open fluidic system, which is the conventional approach.
However, the results showed a need for improved Raman preprocessing. For this purpose
a Convolutional Neural Network (CNN) was trained using synthetic spectra that provided
optimal reconstruction of the Raman signal. Finally, simultaneous imaging and Raman
spectroscopy of red blood cells were performed in a home built microscope. The results
pave the way for measurements on PASMCs.
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Chapter 1

Introduction

Constrict

test text

Pulmonary Arterial Smooth Muscle Cell

Lung Heart

Pulmonary Arteries

Figure 1: Illustration of the lung and heart. The pulmonary arteries connect from the heart
to the lungs. In the arterial walls the pulmonary Arterial Smooth Muscle Cells
(PASMCs) are located. they have the ability to constrict due to oxygen shortage,
this process is called hypoxic pulmonary vasoconstriction (HPV).

1.1 Pulmonary Hypertension
Long-term high blood pressure in the arteries that connect to the lungs is referred to
as Pulmonary Hypertension (PH). In early stages PH may not be noticeable, but with
time the list of unspecific symptoms grows to include the color of lips and skin turn blue,
racing pulse, legs swell, dizziness, fainting, shortness of breath, general fatigue and chest
pain. Ultimately PH can become fatal, the heart’s right ventricle must pump harder to
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4 Chapter 1. Introduction

compensate for the reduced blood flow, which eventually leads to heart failure due to the
extra strain [1].

PH may occur from several reasons and patients are grouped according to type of
disease, characteristics of blood flow and management strategies. The World Health
Organisation (WHO) classifies PH into five groups [2, 3].

• Group 1: PH is discovered due to an observed narrowing of the pulmonary arteries
and the underlying cause is unknown.

• Group 2: PH is discovered in cases where the left side of the heart has reduced
capacity due to some disease, such as aortic or mitral stenosis [4].

• Group 3: PH due to lung disease or other causes which results in a shortage of
oxygen (hypoxia) in the body.

• Group 4: Arterial blockage due to blood clots originating from some other part of
the body; Thromboembolic Pulmonary Hypertension [5].

• Group 5: PH in connection with some known disease, such as blood or metabolic
disorders, that cannot be placed in any of the previous groups.

This project aims to investigate the molecular mechanisms underlying hypoxia induced
PH i.e. PH that fall into group 3.

1.2 Hypoxic Pulmonary Vasoconstriction
The mechanisms that cause PH are unknown but Hypoxic Pulmonary Vasoconstriction
(HPV) has long been regarded as an early event in the disease [2, 6]. HPV plays an
important role in the mechanism that distributes oxygen through the body.

Red blood cells (RBCs) carry oxygen throughout the body and distribute it into tissue.
As RBCs reach the heart they are drained of oxygen, i.e. deoxygenated. From the right
heart RBCs are pumped through arteries into a network of alveoli surrounding the lungs;
where gas exchange occur such that the RBCs are oxygenated. The network of pulmonary
arteries is commonly visualized as a tree that sprouts out of the heart; initially the RBCs
travel through a single thick artery, the trunk. The trunk then branches out into two
arteries, the right and left main pulmonary artery. The left and right main pulmonary
artery branches out into a finer and finer network of pulmonary arteries that cover the
surface of the lungs in alveoli.

If one were to observe the cross-section of a set of these arteries, called resistance
arteries, then one would become aware of an interesting dynamical behavior. The walls
of the artery constrict upon stimulation from oxygen shortage, such that the blood flow
is reduced through that branch. This physiological response is referred to as Hypoxic
Pulmonary Vasoconstriction (HPV). As the arterial wall constrict the deoxygenated blood
is redirected into parts of the lung that contain higher concentrations of oxygen [7]. The
purpose of this process is to optimize the oxygen uptake. The dynamic behavior is an
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effect of an intricate network of cells located in the arterial wall, namely pulmonary
arterial smooth muscle cells (PASMCs), see Figure 1.

1.3 Pulmonary Arterial Smooth Muscle Cells
Smooth muscles are quite unlike the muscle in our arms that allow us to physically interact
with the world around us. Smooth muscles take on two stages; either they are constricted
or they are relaxed. Smooth muscles never get tired as the muscle is tightened, it locks
into its constricted state and holds it without using up any energy.

As hypoxia is reached in the vicinity of the alveoli, it has been observed that potassium
Kv-channels in the membrane closes [8,9]. Kv-channels exist in virtually all living organisms
and are responsible for controlling a variety of cell functions [10,11]. Most cells, PASMCs
included, have a net negative charge compared to the environment. As the potassium
channels close and the flow of positively charged potassium ions K+ is stopped, the cell
membrane become depolarized. To account for the depolarization, calcium ion-channels
open in the cellular membrane, which causes an inflow of Ca2+. The Ca2+ are known to
bind with a molecule called Calmodulin that activates HPV in PASMCs [12].

Prolonged HPV can result in permanent constriction i.e. Hypoxia induced PH.
Deciphering the underlying mechanisms for oxygen sensing by PASMCs and the subsequent
cellular signaling is crucial for the development of treatments for PH, but unfortunately
the process is still not fully understood [13]. Reactive oxygen species (ROS) are known to
be a key component of the process, although studies have for a long time reported on
contradictory findings. Some studies indicate an increase in ROS generation while others
detect a decrease [13, 14]. Lately, a clearer picture has evolved that appears to show
an overwhelming support for an increase in ROS generation in the mitochondria that
is required for triggering HPV [12]. However, the molecular details for ROS production
in the mitochondria is not understood, hence the role of NAD(P)H-oxidase needs to be
further investigated. The mitochondria are a specialized sub-unit (organelle) that have the
purpose of generating a molecule called adenosine triphosphate (ATP) that is used as a
form of chemical energy for many processes inside the cell. NADH-oxidase are membrane
bound protein-complexes that have been suggested to function for oxygen sensing in
many cell types and it is hypothesized that there is a contribution to the signaling in
PASMCs that is activated in response to hypoxia [12,15,16]. It is already known that the
response in Kv-channels is redox (reduction-oxygen) sensitive [17–19], but further studies
are needed to simultaneously study the redox state in mitochondria and the ion channel
activity during hypoxia induced HPV.

1.4 Research Aims
The aim of this thesis is to develop an experimental setup can be used to trigger hypoxia
in an environment that enable measurements of the response in PASMCs. The methods
and requirements are listed as follows,
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• Microfluidic system that can hold a sample of PASMCs in a steady flow with
a biological buffer solution for controlled oxygen supply. The microfluidic system
must be sealed such that the PASMCs are unaffected by the ambient oxygen. The
system must be compatible with a commercial perfusion system, oxygen sensing,
patch clamp, imagung and Raman spectroscopy.

• Raman spectroscopy for the measurement of biochemical changes in redox
biomarkers. Laser light has to be focused into the microfludic system where it
interacts with the PASMCs. Relevant biomarkers have to be identified and under-
stood to be able to acquire meaningful information. Signal processing of spectra
is required since Raman scattering from background is expected to mix with the
spectrum of the PASMCs.

• Microscopy for imaging of cells to guide the scientist when attaching the patch
pipette to the cell membrane and to image the expected vasoconstriction in PASMCs
due to hypoxia. Optical microscopy requires illumination of the sample, the light
source should not interfere with measurements made with Raman spectroscopy.
Image processing is necessary to estimate how the shape of the PASMCs is altered
due to vasoconstriction.

The patch clamp technique will be used to measure the activity of ion-channels
(mainly K+, Ca2+ and the cellular membrane potential) such that it may be correlated
with simultaneous results from microscopy and Raman spectroscopy. The patch clamp
technique is generally used to study the electrical activity of individual living cells and
single ion-channels, respectively. The technique places a hollow glass pipette that is
filled with an electrolyte solution to close proximity with the membrane of a cell. The
pipette forms a seal with the membrane, which allows the study of the activity of single
ion channels or whole cell currents (sum of all cellular ion channels). The patch clamp
technique was developed by E. Neher and B. Sakmann, for which they were awarded
with the Nobel prize in Physiology or Medicine 1991. More information on about this
technique can be found in their book Single-Channel Recoding [20]. This work does not
cover patch clamp measurements, but it will be discussed in relation to the design of the
microfluidic system and the limitations it poses on microscopy and Raman spectroscopy.



Chapter 2

Microfluidics

2.1 Design
An important component that had to be developed for the investigation of the response
to hypoxia in PASMCs is the gas-tight microfluidic system that is used to control the
oxygen concentration and that allows for precise 3D movement of a patch pipette. The
development of the microfluidic system is described in Paper A. Before the implemen-
tation of this system it was difficult to simultaneously study ion-channel activity with
patch clamp and the cellular redox state as a response to different oxygen-concentrations.

A sketch of the microfludic system is shown in Figure 2. It was designed to fit into
commercial cell culture dishes with a glass bottom (PS, 35/10 mm, CellviewTM). The
glass bottom makes the cell culture dish compatible with optical investigation, such as
microscopic imaging and Raman spectroscopy. The microfluidic system may be visualized
as a solid cylinder with a hat that contains channels that enter the system at a specific
angle. The channels are compatible with measurement instruments, flow inlet and flow
outlet. The outer dimensions of the cylinder match the inner dimensions of the cell
culture dish. The glass bottom has a ridge to the surrounding plastic, which creates a
chamber between the glass bottom where PASMCs are cultivated and the bottom of the
cylinder from above. A gorge around the circumference of the cylinder is designed to hold
a packing, which seals the fluidic system.

There are three channels for instrumentation. i) One larger channel for the patch
pipette that leads into the center of the chamber and the glass bottom of the cell culture
dish. The diameter of the channel for the patch pipette determines the size of the working
area. The patch pipette is inserted into the channel with a gas-tight adapter. The
gas-tight adapter is constructed using a plastic pipette tip (Eppendorf), that is cut at
the tip to allow extra space, and is sealed around the patch pipette with a soft rubber
collar. The relatively large size of the patch pipette channel allows careful and precise
3D movement of the pipette tip. ii) A channel for a reference electrode necessary for
measurements of membrane potential meets the flow outlet. iii) A channel for an optical
oxygen (O2) sensor is placed where the flow inlet enters the chamber. All channels are
sealed during measurements to remove ambient gaseous influences.

7
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External Diameter Internal Diameter Angle

Channel �x �y �x �y ∠
Inlet 4.0 mm 4.0 mm 2.0 mm 2.0 mm 60◦
Outlet 3.5 mm 3.5 mm 6.0 mm 5.0 mm 50◦
Oxygen Sensor 4.0 mm 4.0 mm 1.0 mm 1.0 mm 55◦
Patch Pipette 6.5 mm 6.5 mm 6.5 mm 10.0 mm 45◦
Reference Electrode 2.0 mm 2.0 mm 2.0 mm 2.0 mm 45◦

Figure 2: Gas-tight microfluidic system design and dimensions. The channels in the fluidic
system are labeled based on their purpose.

2.2 Simulation of flow behavior
Capillary forces increase inside the microfluidic system due to differences in internal
pressure. As a consequence the fluid levels can rise inside the channels of the fluidic
system. To investigate the fluid buildup into the patch pipette channel and to visualize
the flow inside the fluidic system simulations were performed. The motion of viscous
matter is governed by the Navier-Stokes equation, which for incompressible fluids may be
written as,

ρ
∂u

∂t
+ ρ(u · ∇)u = −ρF−∇p+ µ∇2u (2.1)

where u is the velocity, F is the body force, p is the pressure, ρ is the density and µ is
the dynamic viscosity [21]. The solution of the Navier-Stokes equation, must satisfy the
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Continuity equation, given by

∂ρ

∂t
+∇ · (ρu) = 0. (2.2)

By defining a homogenous model with air in the patch pipette channel and water
from the inlet to the outlet, the flow inside the microfluidic system could be numerically
computed (Ansys CFX 16). In the computation the boundary conditions were set to,

|ρWateruInlet| = 5 mL/(min× inlet cross-section)
pOutlet = −0.2 Bar
uWall = 0

,

where the flow rate |ρWateruInlet| at the inlet is considered larger than what would be used
in practice, the pressure at the outlet pOutlet was chosen according to the manual of the
perfusion system and the velocity uWalls at all the walls were set to zero. The body force
F was chosen as the gravitational force. A homogeneous material model was used for
material constants ρ and µ, with water at 20◦C from the inlet and air at 25◦C in the
patch pipette channel.

Figure 3 shows how water would flow through the microfluidic system. The simulation
shows that the flow is greatest at the center of the chamber where the PASMCs are.
Hence this gives optimal conditions to register responses of the PASMCs due to changes
in the oxygen content. Figure 4 shows the volume fraction through the microfludic system
during simulation. The volume fraction is defined from 0 to 1, where 0 implies air and 1
implies water, respectively. For a volume fraction approximately 0.5, at the lower end of
the patch pipette channel, the matter inside the channel goes from water to air, i.e. it
symbolizes the height of the fluid buildup inside the channel for a flow rate of 5 mL/min.
The results conclude that the fluid buildup is low, which is a necessary design criteria. If
the fluid levels rise in the channel it would render measurements impossible because it
would flood the patch pipette adapter.
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Figure 3: Visualization of simulated flow inside the gas-tight microfluidic system based on
simulations. The channels in the fluidic system are labeled based on their purpose.
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Figure 4: Visualization of simulated fluid buildup, in the Patch Pipette channel, for 20◦ C
water in the chamber and 25◦ C air in the channel.



2.3. Buffer Solution 11

2.3 Buffer Solution
The passage of fluids through the circulatory system of the body is called perfusion.
Commercial perfusion systems allow the user to switch between fluids with a control unit
while maintaining a constant flow rate. A perfusion system with normoxic and hypoxic
Tyrode’s solution that is connected to the gas-tight microfluidic system can be used to
create a step from 21%O2 to 1%O2. Tyrode’s solution is a buffer solution that is close to
equivalent to extracellular fluid i.e. the solution that naturally surrounds PASMCs. The
chemical composition of commercial Tyrode’s solution is listen in Table 1. The solution
has to be gassed to acquire appropriate oxygen concentrations; normoxic Tyrode’s solution
is gassed with 21% O2, 5.3% CO2, 73.7% N2 and hypoxic Tyrode’s solution with 1% O2,
5.3% CO2 and 93.7% N2.

Table 1: Chemical composition of Tyrode’s Solution (7.4pH).

Substance Mass Concentration (g/L) Molar Concentration (mM)

NaCl 7.4 126.7
KCl 0.4 5.4

CaCl2 0.2 1.8
MgCl2 0.1 1.04

NaH2PO4 0.05 0.42
NaHCO3 1.8 22

C6H12O6 (Glucose) 1.8 10





Chapter 3

Microscopy

3.1 Imaging
In optics, imaging is usually performed by lenses or mirrors that focus light from the
object onto an image plane. The Lens formula is a straight-foward and widely applicable
equation,

1

zin
+

1

zout
=

1

f
, (3.1)

where zin is the distance from an object to an optical systems input principal plane and
zout is the distance from the output principal plane to the image plane, and the focal
length f is a measure on how strongly the system focuses a beam. The principal planes are
hypothetical planes where all the refraction (bending of light) can be said to occur. The
lens formula is typically visualized as a thin lens, where the distance between the input
and output principal planes are located in the same position. The imaging properties of
any imaging system can be described from the principal planes. In paraxial optics (light
as rays with linearization due to small angle approximation) an arbitrary optical system
may be described as a linear transformation,[

yout

θout

]
=

[
A B
C D

] [
yin

θin

]
, (3.2)

where the coefficients of the ABCD-matrix are determined from all the refractive surfaces,
materials, and intermediate distances of the system. The principal planes and focal length
f of a system described by an arbitrary ABCD-matrix is given by,

PPin =
D − 1

C
, PPout =

1− A
C

, f = − 1

C
. (3.3)

The details on how the coefficients of the matrix are determined are described in many
comprehensive books on optics [22, 23].

As a being with a built in imaging system, the eyes, it is obvious how important it
can be to see an object in order to create understanding. The oldest lens known today is

13



14 Chapter 3. Microscopy

the Nimrud Lens, which is dated to approximately 700 B.C. The Nimrud Lens is believed
to have been used as a magnifying glass [24]. With some certainty it may therefore be
said that optical components and imaging have been studied by humankind for at least
that long. With such a rich history it should come to no surprise that there exist a
large number of publications on the subject, and that the description given here is rather
simplistic. M. Born and E. Wolf’s influential book Principles of Optics, gives a detailed
description of many optical processes, not limited to imaging [25]. Keep in mind, that
although the fundamentals of optics has largely remained the same since the publication
of Principles of Optics (initially published in 1959), the field has rapidly developed due to
technological advancements (computers and digital cameras).

3.2 Microscope Objective

z

PPin PPout

Object

Image

z1 z2

Figure 5: Illustration of the Lens formula, with distance z1 from the object plane to the input
principal plane (PPin) and the distance z2 from the output principal plane (PPout)
to the image plane. The illustration elucidates infinity correction of a microscope
objective.

Microscopy is the study of imaging objects that are smaller than what can be resolved
by the human eye without magnification, and an optical microscope is a device designed to
capture such images. Most microscopes apply commercial objectives, which are complex
optical imaging systems with an intricate design of refractive or reflective surfaces, that
give quality images of objects of high resolution.

Microscope objectives come with different designs to account for different applications.
Refractive microscope objectives, which are the most commonly applied, where the most
complex implementations are infinity conjugate plan-apochromatic objectives. A plan-
apochromatic objective is an arrangement of multiple lenses with flat field and chromatic
correction. Optical systems are influenced by aberrations; plan-apochromatic objectives
have physical implementations of optical surfaces that reduce the effect of such errors. In
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an infinity conjugate objective a lens is placed such that the focal point overlaps with that
of the objective, which collimates the image, this phenomenon is illustrated in Figure 5.

If a microscope objective is illuminated through the exit pupil with collimated light,
the objective would work in reverse. Parallel light would propagate through the instrument
and be focused into the object plane. This can be used to focus light onto the object
plane to perform optical measurements, for instance Raman spectroscopy, see chapter 4.

3.3 Optical Flow
The estimation of motion between frames is called optical flow that can be estimated by
a multitude of different methods. Block matching is one way of estimating optical flow:

1. Divide an image pair, image one and image two, into image patches (blocks).

2. Find an image patch in image two that is most likely to be the translation of a
patch in image one.

3. Define a vector for each patch in image one to the best matched patch in image two.

While the core concept of the implementation is straight forward, the details may vary.
In Paper B the optical flow of laser speckles due to deformations of a metal surface
were estimated with a block matching algorithm that applied correlation to estimate the
most likely movement. Optical flows can be estimated with other methods not based on
block matching. For example Horn-Schunk Method and Lucas-Kanade Method, which
both apply calculus of variation and numerical derivatives to estimate motion between
frames [26].

As PASMCs sense hypoxia and respond with HPV, estimation of optical flow can
be applied to compute quantitative information about direction of constriction. The
combination of optical flow and oxygen sensing can be used to estimate required drops in
oxygen to trigger constriction and it can be correlated with measurements from patch
clamp and Raman spectroscopy to acquire a general picture.





Chapter 4

Raman Spectroscopy

4.1 The Molecule
A molecule is a construction made of various atoms with varying mass, which are bound
together. One thing that all atoms have in common is that they have a positively charged
core that is surrounded by negatively charged particles called electrons. All atoms desires
a specific number of electrons. The atoms of a molecule share some of their electrons
among each other. However, Coulomb’s law tells us that particles of opposite charge are
attracted while particles of like charge are repelled. As a consequence the core of the
atoms in the molecules wants to stay as far away from each other as possible while still
maintaining access to the electrons of the other atoms. The result is a geometric structure
that depends on the number of atoms and their individual desire to attract each others
electrons.

The geometrical structure that is formed by a set of atoms is not always unique, some
molecules share the exact same building blocks but have very different chemical properties.
For example C2H6O is the chemical formula for both ethanol that is a liquid in room
temperate and dimethyl ether that is a gas. The material exhibit different properties
because of the bonds between atoms. It is the set of atoms and how they are configured
that define a unique molecule.

4.2 The Raman Effect
Through Quantum mechanics we become aware of the fact that atoms have different
energy levels. Without going into too much detail it may be said that, electrons can
become excited by illumination, which temporarily causes them to assume a state with
more energy. As a result, the molecule can radiate light that is proportional to the
transition between energy states and the molecular structure vibrates. When the electrons
change between energy states, it alters the energy in the bonds of the molecule, which is
directly related to the distance between the atoms.

The molecular vibration can be triggered by illuminating a molecule with light. Here

17
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we consider the effects of illumination by a monochromatic light source, such as a laser.
The procedure is commonly referred to as spontaneous light emission (SLE) and the
derivation of the mathematical models can be found in Nonlinear Optical Spectroscopy by
S. Mukamel [27]. Consider the equation,

IS(ωL, ωS) = I0(ωL)zρ0σSLE(ωL, ωS), (4.1)

where IS(ωL, ωS) is the intensity of the light emitted by a molecule that is affected by SLE.
This scattered intensity is a function of ωL and ωS, where ωL is the angular frequency
for the laser light that illuminates the sample. The laser light has a known intensity
that is denoted by I0(ωL). Finally, ωS is the scattered angular frequency that is due to
the response of the sample when illuminated by the laser. The sample is a collection
of molecules that inhabit some volume that is described by zσSLE(ωL, ωS). This volume
is visualized as a cylinder with depth z and side area σSLE(ωL, ωS). σSLE(ωL, ωS) is the
scattering cross-section that – apart from the area - represents the likelihood function
that an electron that is exposed to I0(ωL) start to vibrate and emit light. The volume is
filled with some concentration of molecules that is denoted by ρ0, which also scales the
scattering intensity i.e. more molecules within the volume results in more scattered light.

The part of this equation that requires some extra attention is the scattering cross-
section,

σSLE(ωL, ωS) =
4ωLωS

9~2c4
SSLE(ωL, ωS), (4.2)

where ~ is the reduced Planck constant and c is the speed of light. ~ is a fundamental
physical constant that relates the energy of a photon to its angular frequency. SSLE(ωL, ωS)
is called a non-linear response function, that can be separated into,

SSLE(ωL, ωS) = SRAMAN(ωL, ωS) + SFL(ωL, ωS), (4.3)

such that the scattering cross-section has contributions from both Raman scattering
SRAMAN(ωL, ωS) and fluorescence SFL(ωL, ωS).

Raman scattering is credited to C.V. Raman who reported his experimental findings in
1928 [28]. However, in 1923 A. Smekal published a theoretical predicition of the scattering
effect based on semi-classical approximations [29]. The ideas of Smekal was revisited by
H. Kramers and W. Heisenberg, who published the Kramers-Heisenberg equation,

SRAMAN(ωL, ωS) = 2π
∑
i,k

P (i)|χki(ωL)|2δ(ωki + ωS − ωL), (4.4)

in 1925 [30]. SRAMAN(ωL, ωS) is a non-linear response function that relates transitions
from all possible initial states i to all possible final states k. Since δ(ωki+ωS−ωL) is equal
to zero for all values except ωS = ωL − ωki a wavelength shift occurs. If the final state
k has lower energy than the initial state, the wavelength shift is negative and ωS > ωL.
A shift to higher wavelengths is called Stokes Raman Scattering and a shift to lower
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wavelengths is called Anti-Stokes Raman Scattering. The intensity is proportional to the
probability of the transition, which is given by

χki =
∑
j

µkjµji
ωij + ωL + iΓ

, (4.5)

where j is an intermediate state that the electron has to be excited to before it can get
to k. µkjµji is the probability of the transition i→ j followed by j → k. The transition
gives rise to an angular frequency ωij that is proportional to the difference in energy
between the initial state i and the intermediate step j. The time it takes for the excited
electrons to return to their initial states, Γ, is called the dephasing rate. Further, The
transition probability is temperature dependent according to,

P (i) = exp

(
− Ei
kBT

)/∑
i

exp

(
− Ei
kBT

)
, (4.6)

where Ei is the energy, kB is the Boltzmann constant and T is the temperature in the
sample. The Boltzmann constant is a defining physical constant that relate average kinetic
energy to temperature.

An inevitable byproduct when probing for Raman scattering is fluorescence, Equation
(4.3). Fluorescence is light scattering similar to Raman, since the emitted light is
proportional to the transitions between energy states in a molecule,

SFL(ωL, ωS) =
∑
i,j,k,l

P (i)µijµjkµklµli . . .

2Γ̂

(ωjl + iγ)(ωji − ωL + iΓ)(ωli − ωL − iΓ)

(
1

ωlk − ωS − iΓ
− 1

ωjk − ωS + iΓ

)
.

(4.7)

Where Γ̂ = Γ− 1/2γ and γ is called the inverse life-time of an energy state. Fluorescence
involves a forth energy state l, which are more stable than the intermediate step j, such
as an electron that is excited to a state l remains there for a comparatively long time
before giving off the excess energy as light.

How many of each energy state i, j, k, l that exist in a sample depends on the geometry
of the molecules. A molecule acquires 3N − 5 vibrational modes if it is linear (atoms are
placed in a line) or 3N − 6 modes if it is non-linear, where N is the number of atoms in
the molecule. The number of modes that are related to Raman scattering can be derived
by group theory [31].

4.3 Optical Spectrometry
Raman scattering from SLE is emitted in random directions. The inelastically scattered
light is hidden within elastically scattered light from the laser that is many times stronger
than the Raman scattering. Elastic scattering is light that has a different direction
compared to the incoming light but is unchanged in wavelength. The Raman scattering is
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Figure 6: Schematic of a Czerny-Turner monochromator that separates light into distinct colors
and measures the spectral intensities of different wavelengths.

usually filtered from the elastic scattering by applying dichroic mirrors and optical filters
that block the wavelength of the laser while transmitting the Raman scattering. The shift
in frequency in the Raman scattered light is directly proportional to a shift in wavelength.
To measure the wavelengths the Raman scattering is guided into a spectrometer. There are
various setups available, but a common spectrometer setup is a two-mirror Czerny-Turner
monochromator shown in Figure 6 [32,33].

The spectrometer design used here applies one single slit, a diffraction grating, two
mirrors and a detector. The Raman scattering enters the spectrometer through the slit,
where the resolution of the spectrometer is given by,

∆λ =
Wslit cos(α)

GLC
, (4.8)

where Wslit is the width of the slit opening, α is the angle of which the light hits the
diffraction grating, G is the grating groove density and LC is the distance between the slit
opening and the first mirror. Mirror number one, is a collimating mirror, that transforms
the light into a plane wave and sends it propagating in the direction of the diffraction
grating.

Consider a diffraction grating with a Littrow configuration, which can be visualized
as a saw toothed reflective surface. Light with a single wavelength that interacts with
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the grating will have constructive and destructive interference such that the intensity
distribution of the reflected light will resemble a dotted line. For light that contains
multiple wavelengths such as Raman scattering, the various wavelengths are reflected
at slightly different angles. The result is a repeating sequence of the wavelengths or the
colors contained in the light; red - green - blue - red - green - blue and so on for the width
of beam. The sequence of wavelengths with their respective intensity is called a spectrum
and every type of molecules has a unique spectrum. α and G are tuned such that the
repetition of the spectrum is properly separated. The angle β that the center wavelength
λc makes with respect to the diffraction grating can be estimated by solving,

sin(α) cos

(
β + α

2

)
=
λCG(β + α)

4
. (4.9)

To record the spectrum a focusing mirror is used to image the spectrum onto a detector.
The imaging is designed in such a way that each repeating spectrum is made to overlap
at the detector to collect all the available intensities. The distance to the detector from
the focusing mirror LF, the width of the detector WD and the desired magnification M
are tied to the following set of equations,

LF =
2WD cos(β)

GλC
, LC =

LF cos(α)

M cos(β)
. (4.10)

The recorded spectrum is typically presented as a 1D-image with intensities on the
vertical axis and wavenumber on the horizontal axis. The wavenumber ∆ν is related to
angular frequency and wavelength through,

∆ν =
ωL − ωS

2πc
, (4.11)

which is typically presented in units of cm−1.

4.4 Raman Biomarkers for Redox Reactions
Chemical energy used by cells mainly comes from a molecule called adenosine triphosphate
(ATP), which is manufactured in the mitochondria. For the synthesis of ATP to occur
a proton H+ is separated from NADH to form NAD+ (nicotine adenine dinucleotide)
resulting in a release of energy in the form of electrons which creates a proton pump. This
is called the mitochondrial electron transport chain (ETC) where most of the proteins
involved in the process are grouped into three respiratory enzyme complexes (RPCs), i.e.
assemblies of molecules that carries out a series of chemical reactions. The three RPCs
are (1) the NADH dehydrogenase complex, (2) the cytochrome b-c1 complex and (3) the
cytochrome oxidase complex [34]. There exist an extensive body of publication on each
one of these complexes, but for the purpose of this thesis the reactions within the RPCs
may be written as,
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1. NADH - Ubiquinone (Q) oxidoreductase:

NADH + H+ + Q + 4H+
in → NAD+ + QH2 + 4H+

out, (4.12)

2. Ubiquinone (Q) - Cytochrome c (Cyt c) oxidoreductase:

QH2 + 2Cyt c(Fe3+)→ Q + 2Cyt c(Fe2+) + 2H+, (4.13)

3. Cytochrome c (Cyt c) oxidase:

4Cyt c(Fe2+) + 8H+
in + O2 → 4Cyt c(Fe3+) + 2H2O + 4H+

out, (4.14)

where H+
in is the input and H+

out is the output of the proton pump.
During hypoxia the supply of oxygen O2 would be reduced and eventually completely

diminish, which may produce an increased ratio of ferrous (Fe2+) cytochrome c. As
the ratio of ferric (Fe3+) cytochrome c is decreased and if the supply is completely
diminished the ubiquinone - cytochrome c oxidoreductase similarly cannot occur, which
would increase the ratio of hydrogen bounded ubiquinone QH2 and so on for NADH -
ubiquinone oxidoreductase that may lead to an increase in the ratio of NADH compared
to NAD+.

This hypothesis may be tested using Raman spectroscopy. Both NADH and cytochrome
c have been studied extensively and it is possible to acquire information about the Raman
spectrum from both of these proteins in their reduced and oxidized states respectively
[35,36]. Figure 7 shows a reconstruction of the spectra by fitting peaks to documented
measurements. Figure 7(a) shows the reconstruction of the 16 strongest peaks in the
domain 200−1700 cm−1 for NAD+ and NADH [35]. Figure 7(b) shows a reconstruction of
the 32 strongest peaks of ferrous and ferric cytochrome c in the domain 200−1700 cm−1 [36].
There are obvious differences between the reduced and the oxidized form in the spectrum
for both compounds, some peaks exhibit larger changes, such as the 1683 cm−1 that is
strong for NADH but weak for NAD+ or vice versa for the 1032 cm−1 peak. In cytochrome
c the most dramatic changes between the ferrous and ferric state appear to be in the
750 cm−1 peak, but also the peaks at 1585 cm−1 and 1636 cm−1 appear to be useful
markers for the redox state of cytochrome c.
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Figure 7: Reconstructed Raman spectra from mitochondrial redox biomarkers. (a) NAD+ and
NADH. (b) Ferrous (Fe2+) and ferric (Fe3+) cytochrome c.

4.5 Raman Processing
Biological Raman spectra are not generally as neat as in Figure 7, they have to be
preprocessed such that direct comparisons between measurements can be made. Raman
scattering is intrinsically random and it is accompanied with fluorescence, see section 4.2.
A consequence of the randomness and other imperfections in the measurement system is
noise i.e. local random variations, in a raw Raman spectrum. The fluorescence peaks are
many times wider than the Raman peaks, hence a smooth curved bias is added to the
Raman spectrum. The intensity from fluorescence can be many times stronger than the
intensity from the Raman scattering. Further, Raman measurements can be sensitive to
background disturbances. These disturbances could be due to any number of sources, such
as ambient light or scattering from the environments surrounding the sample. In the case
where PASMCs in a petri dish are placed inside a microfluidic system and flushed with
buffer solution, it is expected that the scattering from PASMCs are mixed with scattering
from the molecular composition of the fluidic system, the petri dish and the buffer solution.
Spectrometers are also sensitive to cosmic radiation; sporadic particles of significantly
higher energy than the measured Raman scattering. Cosmic radiation occasionally give
rise to sharp peaks at random positions in the spectrum i.e. at random Raman shifts.
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There are various signal processing methods available for removing all disturbances to
acquire a clean Raman spectrum from the sample under investigation. The processing is
usually separated, such that noise, fluorescence, cosmic rays and background disturbances
are removed one by one. A typical scheme would follow these steps,

1. Cosmic ray removal may be done by targeting the cosmic rays manually or with
some numerical scheme. Typically a second-derivative is calculated that makes it
possible to place a threshold on the cosmic rays, this method is especially robust
when multiple observations are available [37]. When cosmic rays have been removed,
the missing pixels will have to be interpolated. The missing pixels can be inpainted
by computing an average with neighbouring pixels, but more complex methods can
be applied such as inpainting using a dictionary that has been adapted through
machine learning [38,39].

2. Noise reduction is typically done with a smoother. Traditionally the most popular
smoother for Raman spectroscopy is likely the Savitzky-Golay filter, which is a non-
linear filter that reconstruct a noiseless signal by performing local polynomial fitting
and iteratively replaces the original data with the fitted data [40]. Multivariate
versions of the Savitzky-Golay filter can be realized by fitting multidimensional
polynomials to many observations from the same sample. The inpainting required
when handeling cosmic rays can be incorporated into a Savitzky-golay filter, by
weighting the relevant pixels to zero in the polynomial fitting. Cross-validation
can be applied to the filter such that the choice of filter parameters become more
objective [41].

3. Baseline removal by numerically removing the contributions from such sources as
fluorescence or constant ambient disturbances. It is likely that the most commonly
used approach historically is an iterative fitting of a polynomial underneath the
spectrum [42, 43]. In later years a shift has been made to multivariate methods
such as extended multiplicative scattering correction (EMSC) [44,45]. There have
also been attempts on applying machine learning and neural networks for baseline
correction [46,47].

A problem that occurs when separating preprocessing into sub-problems and solving them
one by one is that errors propagate. If the error from each preprocessing step is assumed
to be Gaussian, then the error will propagate as,

Etotal =
√
E2

noise + E2
Baseline + E2

cosmic rays. (4.15)

In Paper C a deep convolutional neural network is applied to preprocessing Raman
spectra in a single step. A method for generating random synthetic spectra was designed
and used to create an abundance of training data, something which would be very difficult
or even impossible using experimental Raman data.
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4.5.1 Synthetic Raman Spectra

The overall intensity from SLE can be described by a Poisson distribution,

IS(∆ν) ∈ Po (τpSSample(∆ν) + τ(1− p)SBackg(∆ν)) , p ∈ [0, 1] (4.16)

where τ is the exposure time for a measurement and p determines the relative intensity
of the non-linear response from the sample studied and the unwanted signal from the
background,

SSample(∆ν) = SRaman,Sample(∆ν) + SBaseline,Sample(∆ν),
SBackg(∆ν) = SRaman,Backg(∆ν) + SBaseline,Backg(∆ν).

(4.17)

A Poisson distribution is a popular stochastic model for the number of events that occurs
in a time period. Intuitively a Poisson distribution makes sense because it can be seen as
counting the number of photons that is detected by the spectrometer at different Raman
shifts ∆ν during the time period τ . The shape of the Raman peaks are dictated by
P (i)|χki(ωL)|2 in Equation (4.4), that can be re-written as

P (i)|χki(ωS)|2 =
∑
j

P (i)µ2
kjµ

2
ji

((ωij + ωki + ωS)(ωim + ωki + ωS) + Γ2)2
, (4.18)

by expanding the sum and setting all unlawful transition to zero i.e. transitions from an
initial state i to two different intermediate states j at the same time are removed. Through
this algebraic manipulation it is shown that the Raman lineshape can be modelled as a
sum of Lorentzians,

SRaman(∆ν) =
P∑
i=1

Ai
1 + 2(∆νi −∆ν)2/wi

, (4.19)

where P is the number of peaks with widths that is determined by wi and amplitudes
Ai. The fluorescence or more generally the baseline is typically modelled as a smooth
curve. There are many possible models which would satisfy this criteria. For example
sinusoidal-, polynomial-, sigmoid-, gaussian lineshapes or many types of power series. If
one assumes a model that is purely polynomial, then

SBaseline(∆ν) =

Q∑
i=0

qi∆ν
i (4.20)

where Q is the order of the polynomial and qi are the coefficients. Cosmic rays will have
to be treated as a separate event that is added to the measured intensity,

ISpec(∆ν) = IS(∆ν) + ICR(∆ν), (4.21)

where ICR(∆ν) can be assumed to be modelled by a Poisson distribution with uniform
intensity for all Raman shifts ∆ν. The rate of the Poisson distribution that simulates
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the occurrence of a cosmic ray must be small so that not too many peaks are generated.
The expected number of cosmic rays are hence given by NτCR, where N is the number of
pixels in the detector. The peaks are suitably modelled by very sharp Lorentz peaks,

ICR(∆ν) =
∑

∆νCR

ACR

1 + 2(∆νCR −∆ν)2/wCR
, ∆νCR ∈ Po(τCR). (4.22)

Random synthetic spectroscopy measurements using SLE may hence be generated as,

1. Generate SSample(∆ν) and SBackg(∆ν) using Equations (4.17), (4.19) and (4.20) with
random variables i.e. random number of peaks P , random amplitude Ai, random
polynomial order Q and random coefficients qi. The randomly sampled variables
that define SSample(∆ν) and SBackg(∆ν) should be independent.

2. Sample IS(∆ν) from the Poisson distribution of Equation (4.16). The variable p
that determines the relative intensity between SSample(∆ν) and SBackg(∆ν) and τ
can be chosen randomly. p is recommended to be chosen to belong to a uniform
distribution p ∈ U [p0, 1 − p0] with p0 > 0, to avoid the occurence where there is
zero contribution from SSample(∆ν), which would remove all desired information.

3. Generate cosmic rays and add them to IS(∆ν) to acquire the synthetic measurement
ISpec(∆ν), Equation (4.21).

4. Repeat step 2. and 3. to acquire the desired number of observations. The variables
p and τ in step 2 should remain unchanged when generating more observations such
that only noise and cosmic rays are affected.

Measurements of only background are synthesized by choosing to simulate a number of
observations that deliberately remove all contribution from the sample, see point 2 in the
synthesizing scheme. It is necessary to have a number of observations from background
plus sample and background alone to be able to train a neural network to reconstruct
SRaman(∆ν) from observations of ISpec(∆ν).

4.5.2 Deep Neural Network Preprocessing

An artificial neural network is a function that is trained to make a specific transformation
from some input to a desired output. For the preprocessing of Raman spectra this may
be written as,

SRaman(∆ν) = f(I), (4.23)

where I is a matrix constructed from measurement data with M observed spectra each
with N pixels,

I =


ISpec,1(∆ν1) ISpec,2(∆ν1) · · · ISpec,M(∆ν1)

ISpec,1(∆ν2)
. . . ...

... . . . ISpec,M(∆νN−1)
ISpec,1(∆νN) · · · ISpec,M−1(∆νN) ISpec,M(∆νN)

 . (4.24)
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The mapping is said to be deep if it is done by many functions or layers in a series,

f(I) = LT (LT−1(. . . L1(L0(I)) . . . )), (4.25)

where T is the number of layers. The layers can be chosen in any arbitrary way, but some
architectures will result in more accurate mappings than others. A couple of the more
commonly used layers are,

• Convolutional Layer modify the input due to the interaction with some weighting,

[LConv(I)]n,m =
∑
i,j

Wi,jISpec,m−i(∆νn−i). (4.26)

Convolutions are commonly used as linear filters for example if W is chosen as a
square matrix with equal weights the result is a moving average filter. Changing
the arrangement of weights can result in all kinds of outputs, for example the Sobel
kernel is defined to estimate the derivative of the input, which is used for edge
detection. Convolutions may also be used to upsample the input by increasing the
number of pixels in the output.

• Pooling Layer is used to down-sample the data. Pooling layers reduce the number
of data points according to some rule; for example average pooling replaces pixels
with locally computed arithmetic means and max pooling replaces pixels with the
local maximum value.

• Batch Normalization Layer groups the input data by fitting it to a normal
distribution with mean 0 and standard distribution 1, N(0, 1),

[LBaNo(∆ν)]n,m =
ISpec,m(∆νn)− µ

σ
, (4.27)

where µ is the arithmetic mean and σ is the sample standard deviation estimated
from all elements in I. This mimics the preprocessing technique called multiplicative
signal correction (MSE).

• Rectified Linear Unit Layer acts as a ramp function that only pass positive
numbers,

[LReLu(I)]n,m = max(0, ISpec,m(∆νn)), (4.28)

which has shown to improve training of neural networks.

• Drop Out Layer randomly sets elements in the input to zero with a given proba-
bility. The drop out layer reduces the risk of over fitting the neural network and is
only active during training of the network.

• Fully Connected Layer reshapes the input into a column vector IFlat, which is
transformed through matrix multiplication with a weight matrix W and by adding
a bias vector b to a desired number of elements,

LFuCo(I) = WIFlat + b. (4.29)
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• Regression Layer is used in supervised learning to compare the result from the
transformation of the neural network to the true output. A common error function
used for regression is half mean square error (HMSE),

EHMSE =
R∑
i=1

(SRaman(∆νi)− [f(I)]i)
2

2R
, (4.30)

where R is the number of indexes (pixels) in the measured signal.

A deep convolutional neural network is commonly designed by a combination of convo-
lutional layers with pooling, batch normalization, and rectified linear unit layers that
defines a feature extraction section. The extracted features are then transformed by a
fully connected layer to form the output of the network. In such a setup many of the
layers in the network have weights that need training, these are trained with an update
function. One choice of update function is stochastic gradient descent with momentum
(SGDM),

W(l+1) = W(l) − α∇EHMSE + γ(W(l) −W(l−1)), (4.31)

where the learn rate α and the gradient decay γ are constants that respectively determine
the update rate of the weights W, which is a vector that contain all the weights in the
entire network spread out among the layers. The learn rate α is typically chosen quite
small not to miss important details in the data, but not too small such that the solver gets
stuck in a local minima. The decay rate γ determines how much the previous iteration of
weights influences the updated weights, i.e. the memory of the solver. ∇EHMSE is the
gradient of the error function with respect to the current weights, which can be expanded
by using the chain rule

∇EHMSE =
∂EHMSE

∂f

∂f

∂LT

∂LT
∂LT−1

· · · · · ∂L1

∂L0

∂L0

∂I

∂I

∂W(l)
. (4.32)

The ∇EHMSE value is usually solved for numerically with a processes called backpropaga-
tion, where ∂I/∂W(l) is solved initially, then the result is used to solve ∂L0/∂I and so on
until the full gradient is computed.

When training a neural network, data is usually passed through the network multiple
times in a randomized order. When all available data has been passed through the
network once it is said that an epoch has passed. Training can be speeded up by passing
data through the network in batches, which takes advantage of the fast implementations
available for matrix-matrix multiplication. By using batches one also takes advantage of
least-squares fitting which speeds up convergence of the training.

The book Deep Learning, by I. Goodfellow et al, is recommended for a more indepth
look at neural networks [48]. Further, the implementation of neural networks have become
relatively straightforward with the availability of toolboxes for nearly any programming
language such as TensorFlow (released by Google in 2015), PyTorch (released in 2016, since
developed by Facebook) or Matlab’s deeplearning toolbox (released in version 2015b).
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However, because the update function is updating the weights to make transformation
towards a given truth, one difficulty is the availability of good training data. A significant
number of observations is also required to be able to train a general predictor, otherwise
it is likely to become over fitted and cannot make reliable predictions on anything outside
the set of the training data. Over fitting is checked for by setting aside a portion of the
training data as validation data, that is not shown to the network during training, but
can be used to check whether the error values are equal for both the training data and the
validation data. Significantly lower error values on training data compared to validation
data implies that the network is over fitted. For preprocessing of Raman spectra this may
be solved by using a scheme for generating synthetic Raman data. Keep in mind that
a neural network trained on simulated data from a scheme such as the one proposed in
the previous section, will be trained to handle data that has similar characteristics as the
training data. If one attempts to use the neural network for data that has, for example,
significantly more peaks than what was included in the training data, the output is likely
to incorporate larger errors.





Chapter 5

Experiments

5.1 Step-response in Raman Spectrum of PASMCs from
Normoxia to Hypoxia

This section deals with the experiments performed in Paper A.
For the purpose of studying the response to hypoxia in PASMCs, a gas-tight microfluidic

system has been designed that allows for simultaneous measurements of Patch Clamp,
Raman spectroscopy and imaging. (The design of the microfluidic system is described in
chapter 2.) These experiments were done in order to test the functionality of the fluidic
system to determine whether true hypoxia can be reached and maintained. For that
purpose oxygen sensing and Raman spectroscopy were performed, while changing the
oxygen content in the microfluidic system.

5.1.1 Method and Setup

Figure 8 shows the experimental setup, not including the perfusion system (VC3-8xG,
ALA) and the optical O2 sensor (FireStingO2, Pyroscience) connected to the microfluidic
system or the Raman spectrometer (Shamrock 303i, Andor Technology) connected to
the optical fiber. Cell culture dishes with isolated PASMCs from mice were inserted into
the fluidic systems and continually perfused at a rate of 0.5 mL/min. The conventional
approach is to flood the open cell culture dish directly in an attempt to create hypoxic
conditions, this approach was taken as a reference (Open system). Three experiments
were carried out, where PASMCs were initially subject to Normoxic Tyrode’s solution
(see section 2.3), the different experimental procedures are listed in table 2. A time series
of Raman spectroscopic measurements were acquired throughout the entire experiment,
with an exposure time of 2 min. The observed Raman spectrum for each experiment were
processed according to conventional methods; second difference cosmic ray removal, noise
reduction with piece-wise multivariate polynomial fitting, kernel baseline reduction and
normalized (see section 4.5).
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Table 2: Time line and sample size for Raman Spectroscopic studies of PASMCs in Nor-
moxic/Hypoxic Conditions.

Experiment States (solution from inlet) Samples (#)

Initial
(-0 min)

Transition
(0-2 min)

Response
(2-4 min)

Transition
(4-6 min)

Recovery
(6-8 min)

Gas-tight
system

Open
system

Hypoxia Tyrode’s
21% O2

Tyrode’s
1% O2

Tyrode’s
1% O2

Tyrode’s
21% O2

Tyrode’s
21% O2

11 4

H2O2 Tyrode’s
21% O2

H2O2 H2O2 Tyrode’s
21% O2

Tyrode’s
21% O2

4 7

Control Tyrode’s
21% O2

Tyrode’s
21% O2

Tyrode’s
21% O2

Tyrode’s
21% O2

Tyrode’s
21% O2

6 4

5.1.2 Results and Discussion

Paper 1 gives a detailed description of the results. In this section only the most important
results are highlighted. Figure 9 shows the oxygen sensing and the processed Raman
spectra for step from normoxia (NOX) to hypoxia (HOX). A quick shift from 21%O2 to
1%O2 is demonstrated in the gas-tight microfluidic system (closed system). An oxygen
concentration of 1%O2 may be considered truly hypoxic, a situation that was shown
couldn’t be reached for the open system. Further, the constant absorption of ambient
oxygen by the hypoxic tyrode’s solution inside the open system renders the oxygen
concentration unstable. These results show that the gas-tight microfluidic system can
both switch between normoxic and hypoxic concentration at a significantly higher pace
and precision compared to the conventional open system.

The results from Raman spectrographic measurements proved difficult to analyze using
conventional preprocessing methods. (Each spectrum is color coded to visualize the time
period of acquisition.) Some fluctuations are to be expected when dealing with living cells,
but due to the amplitude of the variations that remains in the processed data, analysis
becomes unreliable and the concentration of mitochondrial biomarkers (cytochrome c and
NADH, see section 4.4) are difficult to determine with precision. It can be seen that the
spectra in the gas-tight microfluidic system exhibit larger variations due to the transition
to both hypoxic Tyrode’s solution and H2O2 compared to the results seen in control or
any of the measurements done in the open system. These changes are best seen at the
edges of the spectral series, where the entire spectrum appear to lose intensity at higher
wavenumbers while they are increased for lower wavenumbers. p-values were computed
for regions that are known to have peaks related to cytochromes and NADH as well as
myoglobin and FeS, which showed a significant change in many of these regions. Raman
spectrography from SLE cannot be expected to be improved to such lengths that the
spectrum from living PASMCs will be significantly easier to analyze, which implies the
need for improved preprocessing methods.
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Label Component Notes

1 Microfluidic System See chapter 2
2 Microscope Objective Plan Apo VC 60x, Nikon
3 Dichroic Mirror 532 RazorEdge Dichroic, Semrock
4 Dichroic Edge filter 532 EdgeBasic, Semrock
5 Lens 30 mm, Biconvex
6 Optical Fiber PN:SR-OPT-8002, LEONI Fiber Optics
7 Flip mirror
8 Mirror
9 Digital Camera Mako U-503b, Allied Vision
10 Raman Laser 532 nm, DPSS, Altechna
- Perfysion system VC3-8xG, ALA
- Oxygen sensor FireStingO2, Pyroscience
- Spectrometer Shamrock 303i, Andor Technology

Figure 8: Experimental setup for measurements of the response in the Raman spectrum of
PASMCs for different states (normoxic, hypoxic, H2O2).
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Figure 9: The upper graph shows the measured oxygen content in the gas-tight microfluidic
sytem at different stages during measurements with normoxic and hypoxic buffer
solution in the chamber. The lower graphs show Raman measurements, colored to
match the different stages of the experiment that are matched with the shaded areas
in the oxyen concentration measurement.
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5.2 Optical Flow Estimation from Speckle Photogra-
phy for Comparison of Processes Simulations

This section discusses the experiments reported in Paper B. The reason for including
this paper is that even if the measurement is not directly related to the outline of this
thesis, the applied numerical tools for estimating deformations are applicable for cell
deformations. Metal additive manufacturing is increasingly used as a manufacturing
tool, where metal components are built by selective melting using a high power laser.
Because of the large heat impact from the laser, the manufacturing has proven difficult to
control. Defocused speckle photography was used to measure displacement of a metal
test component (Titanium alloy - 300× 100× 3.2 mm3 with a 200× 30× 11 mm3 ridge),
as a potential measurement system. It is proposed that such measurements can be used
to enable a feedback system, where the reference signal comes from process simulations.

5.2.1 Method and Setup

Figure 10 shows the dual camera setup for laser speckle photography. The welding laser
(YLR-300-MM-AC, IPG Photonics) was used to insert 300 W into a 200 µm spot in the
test plate for 10 s. Images were simultaneously recorded from each camera. For the initial
100 s, including heating, images were acquired at 5 Hz. For the following 500 s images
were acquired at 1 Hz.

The optical flow due to the imaged speckle pattern and the corresponding movements
due to heat deformation of the test plate were estimated using a correlation based block
matching algorithm (see section 3.3).

5.2.2 Results and Discussion

Figure 11 shows the results of the gradient field, at three different time stamps, as it
compares to the corresponding field from the process simulation. The results introduces
an approach to evaluate the response in a metal component. The dual camera setup gives
improved interferometric precision to the optical flow estimation. Further, it confirms, the
already well known fact, that block matching algorithms are useful for the estimation of
optical flow, which implies that they can likewise be used for applications on deformation
of PASMCs due to HPV. See section 3.3 for an initial study in this direction.
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Label Component Notes

1 Sample Metal test component (Titanium alloy)
2 Laser 532 nm, Nd:YAG, ADLAS 425
3 Welding Laser YLR-300-MM-AC, IPG Photonics
4 Camera Objective 24 mm micro-Nikkor, Nikon
5 Beamsplitter 45:55 (R:T) Pellicle Beamsplitter, Thorlabs
6 Lens 40 mm, Biconvex
7,8 Digital Camera Mako U-503b, Allied Vision

Figure 10: Dual-camera laser speckle photography setup for measurements of deformation of a
metal surface.
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Figure 11: Measured gradient field due to deformations of the test component as compared to
simulations of thermal expansion. Laser heating proceeded for 10s and the resulting
gradient field is shown at (a) 15s, (b) 60s and (c) 100s.
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5.3 Convolutional Neural Network for Preprocessing
of Raman Spectra

This section discusses the experiments done in Paper C.
Motivated by the difficulty to resolve the Raman spectrum of biomarkers in PASMCs,

see Figure 7, an 18 layer Convolutional Neural Network (CNN) was trained using synthetic
Raman spectra for single-step preprocessing of Raman spectra (See section 4.5.2).

5.3.1 Method and Setup

Figure 12 shows the SLE Raman setup used in evaluating the preprocessing quality, not
showing the Raman spectrometer (Shamrock 303i, Andor Technology) connected to the
optical fiber. Samples from polyethylene (PE), paraffin (PAR) and ethanol (EtOH) were
placed in a polystyrene (PS) petri dish, respectively. Hence, the Raman signal from the
sample was mixed with the signal from the petri dish. Further, background measurements
from pure polystyrene were acquired. The exposure time for each measurement was set
to 10 s and defocused to acquire a signal-to-noise ratio similar to that of the training
data, which was in the range 3.7± 6.4 dB. The preprocessing quality of the CNN was
compared to that of a prediction which was based on a conventional multiple step approach,
see section 4.5. Finally, high quality measurements were acquired for each sample and
processed manually as reference to a near perfect result (Ref).

5.3.2 Results and Discussion

The first column of Figure 13 shows the raw observed Raman spectra from PE, PAR and
EtOH, respectively, plotted alongside the corresponding background spectrum from PS.
Further, the processed counterpart that results from processing with the CNN can be seen
in the right column of the figure. It can be seen that the preprocessing quality for the
CNN outperforms that of the RP. In Paper B, the prediction quality was estimated using
a large number of synthetic spectra (105 unique spectra), which showed that the results
were generally improved for the CNN. However, it was also shown that the quality of
the prediction degenerated if the data exhibited properties that were outside the domain
of training, for example by increasing the number of peaks beyond what was included
in training. Therefore, it is important to have prior information about the number of
peaks that are expected to be observed in the spectrum. For instance, cytochrome C and
NADH, which are chosen as mitochondrial biomarkers for oxygen sensing in PASMCs,
are both known to have a significant number of peaks, see Figure 7. This has to be taken
into account when applying the method on Raman spectra from PASMCs.
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Label Component Notes

1 Sample Polyethylene (PE), Paraffin (PAR) or Ethanol
(EtOH) and Polystyrene (PS) petridish

2 Microscope Objective LUCPlanFLN 40x, Olympus
3 Dichroic Mirror 532 RazorEdge Dichroic, Semrock
4 Dichroic Edge filter 532 EdgeBasic, Semrock
5 Lens 30 mm, Biconvex
6 Optical Fiber PN: SR-OPT-8002, LEONI Fiber Optics
7 Flip mirror
8 Mirror
9 Camera Mako U-503b, Allied Vision
10 Raman Laser 532 nm, DPSS, Altechna
- Spectrometer Shamrock 303i, Andor Technology

Figure 12: Raman spectroscopy setup for measurements of a sample (polyethylene, paraffin or
ethanol) contaminated by background signal from a polystyrene petri dish.
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Figure 13: Preprocessing results from a Convolutional Neural Network (CNN) as it compares
to a reference prediction (RP) based on commonly used preprocessing techniques.
Raman spectra from polyethylene, paraffin and ethanol, in the left column (a), (c)
and (e), with the corresponding preprocessing result in the right column (b), (d)
and (f).
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5.4 Simultaneous Raman Spectroscopy and Optical Flow
of Red Blood Cells

This section introduces some results from a case study of simultaneous measurements
with Raman spectroscopy and imaging of deoxygenated red blood cells (RBCs).

The results from Paper B and Paper C, respectively, demonstrated the ability
to estimate the optical flow from a series of images with block matching and to make
high quality reconstructions of Raman spectra using a CNN. For measurements of the
dynamical properties of PASMCs as a response to hypoxia, it is required to perform
simultaneous measurements with Raman spectroscopy,imaging and Patch Clamp. Before
that, a partial study has been performed using RBCs as a test case, to study the optical
properties of simultaneous microscopy and Raman spectroscopy.

5.4.1 Method and Setup

Figure 12 shows a microscope that allows for simultaneous measurements of microscopy
and Raman spectroscopy through the application of dichroic optics, not showing the
Raman spectrometer (Shamrock 303i, Andor Technology) connected to the optical fiber. A
dichroic mirror (ZT532/640/NIRrpc, Semrock) that reflects both green and red light, while
transmitting all intermediate wavelengths enables imaging of the cells using a red LED and
simultaneous Raman measurements up to 3000 cm−1. (Red light of 635 nm ∝ 3048 cm−1

with an excitation wavelength of 532 nm.) Observations of the Raman spectrum and
images of free flowing deoxygenated RBCs were simultaneously acquired, both with a
frame rate of 1 Hz. The optical flow was estimated using the block matching algorithm of
Paper B and the Raman spectrum was processed with the exact same network as in the
previous experiment and Paper C.

5.4.2 Results and Discussion

Figure 15 shows two consecutive images of RBCs, the estimated motion and the corre-
sponding Raman spectrum. Because of a possible out-of-plane motion, the optical flow
estimate is insufficient in determining the actual distances, with which the cells have been
translated. But, the estimate can be used to determine quantitative information on the
direction of the change and when it occurs. It is sufficient to know that HPV has been
triggered in PASMCs, it is not necessarily of great importance to know the exact size of
the deformations. What is important to know is whether a mechanical response occur
in relation to a change in the oxygen content. In the processed Raman spectrum the
peaks are clearly resolved and Raman bands for deoxydized hemoglobin [49, 50], in order
to distinguish them from background peaks. These results are the first measurements of
simultaneous Raman spectroscopy and imaging acquired. Furthermore, the microscope
design is directly compatible to that of the microfluidic system, which allows for simulta-
neous measurements with Raman spectroscopy, imaging and patch clamp of the response
to hypoxia in PASMCs. This will be the direction of further research.
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Label Component Notes

1 Sample Red Blood Cells (RBCs)
2 Microscope Objective LUCPlanFLN 40x, Olympus
3 Dichroic Mirror ZT532/640/NIRrpc, Semrock
4,5 Dichroic Edge filter 532 EdgeBasic, Semrock
6 Lens 30 mm, Biconvex
7 Optical Fiber PN: SR-OPT-8002, LEONI Fiber Optics
8 Beamsplitter 45:55 (R:T) Pellicle Beamsplitter, Thorlabs
9 Digital Camera Mako U-503b, Allied Vision
10 Raman Laser 532 nm, DPSS, Altechna
11 LED LED635L, Thorlabs
- Spectrometer Shamrock 303i, Andor Technology

Figure 14: Experimental setup for simultaneous imaging and Raman spectroscopy of red blood
cells (RBCs).
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Figure 15: Results from imaging and Raman spectroscopy of free flowing deoxygenated red
blood cells. (a) - (b) shows two sequential frames, with 1 s elapsed time in between
images. (c) The estimated motion between the (a) and (b). (d) Raw and CNN
processed (as a time average) Raman spectrum.





Chapter 6

Conclusions and Future Outlook

To conclude, it is possible to design a setup for simultaneous measurements with patch
clamp, imaging and Raman spectroscopy using a gas-tight microfluidic system. The
system is yet to be applied on pulmonary arterial smooth muscle cells (PASMCs) to
investigate the underlying biomolecular processes of cellular signaling that result in
hypoxic pulmonary vasoconstriction (HPV). Patch clamp is expected to show dynamic
changes in the ion channels and membrane potential. Imaging is expected to reveal HPV
in PASMCs. Raman spectroscopy is expected to reveal the redox state of biomarkers
(NADH and cytochrome c) in the electron transport chain of the mitochondria inside
PASMCs.

Numerical methods have been evaluated for the purpose of analyzing the measurement
data. Estimations of optical flow can be used to reveal quantitative information about
cell constriction. The Raman spectrum is expected to be influenced by intrinsic random
variations and fluorescence, as well as overlapping residual information from the back-
ground (Raman and fluorescence response of the microfluidic system and buffer solution).
A method to train a deep convolutional neural network based on synthetic Raman data
has been developed to extract the desired signal.

Microscopy and patch clamp can measure a time resolved response to hypoxia in
PASMCs. A limitation of the proposed system is that Raman spectroscopy as a response
to single light emission (SLE) requires long integration times (shown in Figure 9 and
Paper A). Time resolved measurements of the molecular composition of the cells is
desired. Therefore, stimulated Raman scattering (SRS) will be included in the setup. In
SRS, an initial laser (pump beam) is used to excite the electrons of a molecule and an
additional laser (Stokes beam) is used to trigger Raman scattering from specific Raman
bands. Raman scattering from those specific transitions are amplified and can be recorded
with shorter exposure times. One issue with SRS is that all stimulated scattering will have
the same direction as the Stokes beam. This means that the system must be redesigned
to be able to collect Raman scattering in transmission, which might require an updated
design for the microfluidic system. As an addition, SRS can be coupled to holography by
including a reference beam. This will give instant information on structural changes.
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Abstract: Acute hypoxia changes the redox-state of pulmonary arterial smooth muscle cells (PASMCs).
This might influence the activity of redox-sensitive voltage-gated K+-channels (Kv-channels) whose
inhibition initiates hypoxic pulmonary vasoconstriction (HPV). However, the molecular mechanism
of how hypoxia—or the subsequent change in the cellular redox-state—inhibits Kv-channels remains
elusive. For this purpose, a new multifunctional gas-tight microfluidic system was developed
enabling simultaneous single-cell Raman spectroscopic studies (to sense the redox-state under
normoxic/hypoxic conditions) and patch-clamp experiments (to study the Kv-channel activity).
The performance of the system was tested by optically recording the O2-content and taking Raman
spectra on murine PASMCs under normoxic/hypoxic conditions or in the presence of H2O2.
Oxygen sensing showed that hypoxic levels in the gas-tight microfluidic system were achieved
faster, more stable and significantly lower compared to a conventional open system (1.6 ± 0.2%,
respectively 6.7 ± 0.7%, n = 6, p < 0.001). Raman spectra revealed that the redistribution of biomarkers
(cytochromes, FeS, myoglobin and NADH) under hypoxic/normoxic conditions were improved in the
gas-tight microfluidic system (p-values from 0.00% to 16.30%) compared to the open system (p-value
from 0.01% to 98.42%). In conclusion, the new redox sensor holds promise for future experiments
that may elucidate the role of Kv-channels during HPV.

Keywords: hypoxia; microfluidic system; Raman spectroscopy; redox reactions on single cell level

1. Introduction

Hypoxic pulmonary vasoconstriction (HPV) is a local response of the pulmonary vasculature
that diverts blood from poorly to well-oxygenated lung areas. Thereby, HPV maintains optimal
arterial oxygenation by matching capillary perfusion to alveolar ventilation on a breath-to-breath
basis [1,2]. Consequently, decreased HPV (e.g., during pneumonia, sepsis, anesthesia or liver
failure) can lead to life-threatening hypoxemia, whereas prolonged and global alveolar hypoxia
(e.g., at high altitudes or in patients suffering from chronic lung diseases) results in exaggerated HPV.
This chronic and global vasoconstriction can lead to an irreversible pathological remodeling of the
pulmonary vasculature, resulting in pulmonary hypertension (PH) and consequently—due to the
constant work-overload—to right heart failure [1–3]. Hitherto, the process underlying HPV is not fully
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understood. It is well established that precapillary pulmonary arterial smooth muscle cells (PASMCs)
are the sensor and effector cells in HPV, since they constrict upon exposure to acute hypoxia—thereby
narrowing the diameter of resistance pulmonary arteries [1–3]. Important signaling molecules that
cause the PASMCs to constrict are reactive oxygen species (ROS) and H2O2 in particular [2]. Recently,
the pulmonary-specific isoform 2 of the mitochondrial complex IV subunit 4 (Cox4i2) has been
identified as primary oxygen (O2)-sensor in PASMCs. O2-sensing via Cox4i2 initiates acute HPV
by promoting hypoxia-induced ROS-release preferentially at complex III of the electron transport
chain [2]. The subsequent change in the cellular redox state is proposed to link O2-sensing with
PASMC-contraction via inhibition of voltage-dependent K+-channels (Kv-channels) that are crucial for
mediating membrane potential in PASMCs—thereby controlling Ca2+-entry and subsequently vascular
tone [4]. Kv-channels are known to be redox-sensitive [4–8], since they are sensitive to H2O2 [9,10] and
changes in both NADP(H) and NAD(H) levels [4,11].

To date, it was impracticable to simultaneously study (a) the activity of Kv-channels in PASMCs
and (b) the cellular redox state of the same cell in response to different oxygen-concentrations.
For this reason, a gas-tight microfluidic system has been developed that has the option to coincidently
perform patch-clamp experiments (to study the Kv-channel activity) as well as Raman spectroscopic
investigations on single-cell level (in order to monitor the cellular redox-state) under reversible and
tightly controlled normoxic/hypoxic conditions.

For patch-clamp experiments, a micropipette with a narrow tip of less than one micrometer
has to be steered towards a cell and attached by application of gentle suction to the cell membrane.
This procedure requires careful micromanipulation of the pipette in three dimensions (3D)—which is
difficult to achieve in a closed gas-tight system. In addition, hypoxic conditions are usually created
in an open system by flooding the cells with hypoxic buffers. By doing so, a level of 5% O2 can be
reached—which cannot be conserved as truly hypoxic. In a previous study, these technical problems
had been solved by maneuvering optically trapped biological cells in a closed system towards a fixed
micropipette by moving the xyz-microscope stage in 3D [12]. The system proved to be successful,
however, it was (1) intricate to fix the micropipette; (2) the optical steering of the cells emerged to be
very time consuming and (3) it was impossible to measure adhesive cells—such as PASMCs. Here,
a new design of a closed microfluidic system is presented that overcomes these technical difficulties;
a channel opening with a flexible latex glove was added to the closed system. In this channel,
the micropipette could be attached and moved like a gearshift in 3D towards the PASMCs that were
adhered to the bottom of the microfluidic system.

For monitoring the redox state of cellular biomarkers (cytochrome b, cytochrome c, myoglobin
and the vibrational bonds of NADH) within a single PASMC Raman spectroscopy was performed.
Spectroscopic investigation on PASMCs are hitherto scare. As stated by Waypa et al., a change in
intracellular ROS-production during hypoxia has been detected in PASMCs by using chemiluminescence
and DFC fluorescence, whereas electron paramagnetic resonance (EPR) revealed a change in oxidant
production [13]. However, the poor resolution of the measurement methods made it unclear whether
the ROS levels increased or not. Therefore, Waypa et al. investigated the hypoxia-induced increase in
mitochondrial ROS under hypoxic conditions by using redox-sensitive fluorescence resonance energy
transfer (FRET) [13]. Their results demonstrated that hypoxia triggers Ca2+-influx in PASMCs via
augmenting mitochondrial ROS signaling. An essential disadvantage of this method is, however, that
the cells need to be stained—meaning that they are not in their native state anymore. Intrinsic NAD(P)H
fluorescence has been used to create confocal images by two photon excitation in cardiac myocytes [14].
This method, although promising for studies of metabolic states in living cells, only allows for the study of
one biomarker. In contrast, Raman spectroscopy is a powerful tool to investigate mitochondrial biomarkers
in native cells, where especially the mitochondrial biomarkers FeS, NADH and cytochrome b and c can be
studied simultaneously. For instance, cytochrome c has been monitored during cell apoptosis [15], and also
the mitochondrial fitness in yeast cells have been monitored by Raman spectroscopy [16]. Furthermore,
the redox state of especially cytochrome c has been investigated in a perfused rat heart [17], living
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Saccharomyces cerevisiae cells, and isolated cardiomyocytes [18,19]. For this reason, Raman spectroscopy
was included in the proposed sensor to monitor the redox state of single PASMCs under normoxic/hypoxic
conditions. Here, first tests on the feasibility of Raman spectroscopy were performed without going into
detail how individual biomarkers react upon oxygen deprivation.

In the present study, the initial design consideration of the “redox sensor”, as well as modeling of
the flows through the microfluidic system, are presented. To functionally test the new gas-tight system,
Raman spectroscopy was performed on single primary murine PASMCs under (a) different O2 contents,
induced by application of a hypoxic buffer or (b) by adding exogenous H2O2 in a physiological
concentration of 124 nM. H2O2, a common oxidizing agent, was used to test if the observed changes in
the Raman spectra in response to hypoxia were due to a change in the cellular redox state. Identical
experiments were carried out in a conventional open system to compare the results.

2. Materials and Methods

2.1. Simulations and Design of the Gas-Tight Microfluidic System

The design of the microfluidic system drawn in a CAD program was based on (1) the number of
entrances and outlets needed (for inflow, outflow, patch-pipette, reference electrode and O2-sensor)
and (2) the shape of the dishes used for PASMC cultivation. Some views of the CAD drawings are
shown in Figure 1a,b.
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To describe the fluid flow inside the system, Computational Fluid Dynamics (CFD) were
performed using a commercially available software (Ansys CFX 16, Ansys, Canonsburg, PA, USA).
For optimization, different outlet geometries based from a simplified version of the CAD design
were investigated, since capillary forces in microfluidic systems are increased by internal pressure
differences. These capillary forces can lead to a rising of fluids in the in-, and outlets that renders
measurements impossible. In order to get optimal conditions, different diameters and shapes of the
outlet were tested. In addition, time-dependent simulations were performed to investigate the fluid
levels in the measurement section and a Volume of Fluids (VOF) model was implemented to account
for both the gas and liquid phase. The fluids in the simulation were defined as Water at 20 ◦C and Air
at 25 ◦C. The flow rate in the simulations was 5 mL/min and the numerical time-step was set to 10 ms.

After simulations with different outlet designs, the diameter was selected to be the same as the
inlet diameter (2 mm). This setup gave a quite low fluid build-up in the measurement section which
can be seen in Figure 2, together with the velocity streamlines going from the inlet to the outlet after a
simulation time of 100 s.
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The final base of the microfluidic system was CNC milled in polycarbonate (PC).
A further challenge was to design a gas-tight entrance for the fragile patch-clamp micropipette

that allows the careful and precise 3D movement of the pipette. For that reason, a flexible latex glove
was constructed by dip-molding: An aluminum mandrel was pre-heated to approximately 60 ◦C
before dipping in a liquid latex resin (Mouldcraft Ltd., Sheffield, UK). No chemical coagulants were
used, the heat alone resulted in a sufficiently thick layer of coagulated latex around the mandrel.
After extracting the mandrel, it was allowed to dry in air at 100 ◦C for about an hour. The thickness,
and thus the mechanical strength and stiffness of the glove, was adjusted by changing the concentration
of the latex resin and the dwell time of the mandrel in the resin. The latex glove, with two bulbs to
increase the range of motion, is shown in Figure 1c. In use, the upper end of the glove was stretched
over the tip of the pipet holder, whereas the lower end was fitted over a hollow plug, which was sealed
to the main body of the flow system using an o-ring. The use of a separate plug, rather than sealing
the glove directly to the body of the flow system, allowed the glove to be assembled before the pipet
was inserted into the holder, thus reducing the risk of damaging the fragile pipet and making pipet
replacement easier. See the assembled flow system in Figure 1d for details.

2.2. Experimental Setup for Raman Spectroscopy

A microscope was built by mounting the following items onto a 2′′ post (Thorlabs Inc., Newton,
MA, USA);

• a quarz halogen lamp (MI-150, Edmund Optics, Barrington, IL, USA),
• a manual xy-stage (Merzhäuser, Wezlar, Germany),
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• a microscope objective holder equipped with a 60× water immersion objective (Olympus,
Tokyo, Japan),

• a CCD camera to observe the sample (Guppy, Allied Vision GmbH, Stadtroda Germany),
• two edge filters (532 razor sharp edge and 532 basic edge filters, Semrock, Rochester, NY, USA),

both used to guide the laser light onto the sample and to block out the laser light prior to the
Raman spectrometer,

• an optical fiber to guide the Raman scattered light into a Raman spectrometer (Shamrock 303i,
Andor Technology, Belfast, UK) equipped with an air-cooled CCD camera (Andor Technology,
Belfast, UK).

The final setup is shown in Figure 3.
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Figure 3. Schematic of the setup, starting with a computer coupled to the spectrometer that was
fiber-optically coupled to the microscope.

Raman measurements were carried out with a Shamrock 303i spectrometer and an excitation
wavelength of 532 nm (DPSS 532 laser) at an integration time of 120 s at a power of 0.6 mW. The slit
into the spectrometer was set to 50 µm giving a spectral resolution of 6 cm−1. The laser beam was,
in this study, intentionally defocused to 20 µm to average the signal from a large intracellular region
from the single PASMC.

2.3. Sample Preparation

The isolation of murine PASMCs was approved by the “Institutional Animal Investigation Care
and Use Committee” and the appropriate governmental committee. PASMCs from C57BL/6J mice were
isolated as previously described [2,20] and grown on glass bottom dishes (35/10 mm, Greiner Bio-One,
Frickenhausen, Germany) for 7 to 10 days prior to experiments. During measurements, PASMCs
were continuously perfused (0.5 mL/min) with pre-heated (37 ◦C) Tyrode’s solution (composition
in mM: 126.7 NaCl, 5.4 KCl, 1.8 CaCl2, 1.05 MgCl2, 0.42 NaH2PO4, 22 NaHCO3, 10 Glucose, pH 7.4,
0.5 mL/min, gassed with either normoxic (21% O2) or hypoxic (1% O2) gas mixture, both containing
5.3% CO2, rest N2). The glass bottom dish was either (a) kept open (open System, os) by using
a perfusion insert (Warner Instruments, Hamden, CT, USA) or (b) covered with the customized
microfluidic system (closed system, cs).

2.4. Experimental Procedure

Three different types of experiments were carried out for both systems (open vs. closed):

1. In the experiment termed as Redox, the measurement chamber was perfused with normoxic
(NOX) or hypoxic (HOX) gas mixture.
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2. In the experiment, termed H2O2, the procedure was repeated by replacing the hypoxic solution
with a normoxic solution containing 124 nM H2O2. Due to its instability, H2O2 was dissolved
directly before application for each individual experiment.

3. In the third experiment—termed as control—the Tyrode’s solution was kept at normoxic O2

levels throughout the entire experiment.

The experimental procedure was as follows: First, a Raman spectrum under normoxic condition
was taken. Thereafter, the normoxic buffer solution was switched to the hypoxic buffer solution,
H2O2 or it was kept constant. Raman spectra were taken continuously, each with a shutter time of
2 min. After four minutes, the oxygen content was considered as hypoxic and a final spectrum termed
HOX was taken. Then the buffer solution was switched to NOX again. After four more minutes,
the recovery state was reached, a final Raman spectrum was taken and the experiment was terminated.
Each experiment was carried out on different cells, grown on distinct glass bottom dishes (n = 36).
A summary of the experimental plan and measurements that were used for analysis can be seen in
Table 1.

Table 1. Number of time series of Raman spectra for analysis.

Type of Experiment Number of Experiments Open System Number of Experiments Closed System

Redox 4 11
H2O2 7 4

Control 4 6

2.5. Oxygen Sensing

The partial Oxygen pressure (pO2) inside the measurement chamber was continuously recorded
using an optical needle-type oxygen sensor in combination with the corresponding Oxygen
Logger-Software (Firesting, Pyro Science, Aachen, Germany) and analyzed using IGOR Pro 6.37
(Wavemetrics, Lake Oswego, OR, USA).

2.6. Data Analysis

To visualize the acquired Raman spectra for each set of experiments, the spectra were processed
with the following steps:

1. Removal of cosmic rays—The second derivative was used to identify cosmic rays [21], which were
removed and then inpainted using a local Savitzky-Golay filter (order 3, window size 41).

2. Signal Reconstruction—Piecewise average of least square fitted polynomials (order 3, window
size 50 cm−1 for fitting, trimmed to 25 cm−1 in reconstruction to reduce the influence of possible
corner effects).

3. Background Reduction—The MATLAB R2018a function msbackadj was used to remove a minimal
common background for each reconstructed time series (step size 25 cm−1 and window size
25 cm−1). The background reduction was adjusted to make sure that no values in the estimated
background could exceed the counts in the reconstruction.

4. Normalization with L2-norm.

Further, t-tests between the NOX and HOX measurements were performed on the semi-treated
data—after cosmic ray removal and normalization—in the seven regions defined in Table 2.
No background reduction was necessary here since the constant background does not affect the
t-test. The t-test is often used in Raman measurements and it is able to handle small sample sizes [22].
This property makes the t-test suitable for the present study, since the number of samples from each
experiment ranges from n = 4 to n = 11 (see Table 1).
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Table 2. Regions with known biomarkers used in t-test.

Region Domain (cm−1) Peak (cm−1) Biomarker

A 600–660 604 cyt b [16], cyt c, cyt c1 [16,17], deoxy-cyt c [18]
650 FeS [16]

B 725–775 750 cyt b, cyt c, cyt c1 [16,17], deoxy-Mb [18]
C 980–1010 991, 1000 NADH [16]
D 1120–1170 1127, 1167 cyt b, cyt c, cyt c1 [16,17]
E 1290–1390 1300–1303 cyt b [17], deoxy-cyt b, oxy-cyt b [18]

1305 cyt b, cyt c, cyt c1 [17]
1313 cyt c [17], deoxy-cyt c, oxy-cyt c [18]
1337 cyt b [17], deoxy-cyt b, oxy-cyt b [18]

1356–1358 deoxy-Mb [17,19]
1372–1377 oxy-cyt c [19], oxy-Mb [17,19]

F 1540–1600 1545–1548 deoxy-Mb, deoxy-cyt c [19]
1556 deoxy-Mb, oxy-Mb b [17]

1563–1565 oxy-cyt c, deoxy-Mb [19]

1582–1587 cyt b, cyt c, cyt c1 [16], deoxy-cyt c, oxy-cyt c,
deoxy-Mb, oxy-Mb [19]

G 1600–1650 1606–1608 deoxy-Mb [16,19]
1622 deoxy-cyt [19]
1638 cyt c [16], oxy-cyt [18], oxy-cyt c [18,19]

1640–1642 oxy-Mb [17,19]

3. Results

3.1. Oxygen Sensing

The O2 content was continuously recorded via an optical O2-sensor that was placed inside the
measurement chamber. One minute after switching to hypoxic buffer, the O2-content within the open
system had dropped from 20.6 ± 0.4% to 10.2 ± 0.4%. Over the same time period, significantly lower
hypoxic conditions of 3.6 ± 0.8% O2 were achieved in the closed microfluidic system (Figure 4; n
= 6; p ≤ 0.001). Moreover, even after hypoxia application of 4 min, the oxygen content in the open
system did not reach the same level as in the closed system (open system: 6.7 + 0.7% O2; closed system:
1.6 + 0.2% O2; n = 6; p ≤ 0.001.)
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Figure 4. (a) Oxygen content inside the open (grey trace) and the closed, microfluidic system (black
trace) upon switching from normoxic to hypoxic solution (indicated by the black bar). O2-curves
are superimposed for better comparison and representative for n = 6 each; (b) Statistical analysis of
experiments depicted in panel (a). Under hypoxic conditions, the O2-content was significantly lower in
the closed, microfluidic system (black), compared to the conventional open system (grey). The 2-way
ANOVA with Tukey’s multiple comparison test; ns: not significant p ≥ 0.5, **** p ≤ 0.0001.
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In addition to the slow and blunted drop in O2-content, the hypoxic condition in the open system
was very unstable and characterized by multiple fluctuations (compare Figure 4a). By contrast, a stable
hypoxic condition was achieved in the new, closed system (compare Figure 4b). Note, a spike in the
oxygen level is visible prior to the 3 min mark.

3.2. Raman Spectral Investigation and Analysis

Figure 5 shows the results from the reconstructed Raman response with the cosmic rays removed.
The reconstructed spectrum (red trace) is plotted along with the semi-treated data (black). They were
used for t-tests.
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Figure 5. Reconstruction of the Raman response from measurements on PASMCs—Redox, H2O2 and
control. (a–c) are from the closed microfluidic system (CS) and (d–f) are from the open system
(OS). The 2 min mark is the initial stage, 6 min mark is the HOX-spectra followed by recovery.
The reconstructed curve (red) is placed on top of the semi-treated data (black).

The semi-treated data had different signal to noise levels in all cases (Figure 5).
Figure 6 shows the Raman spectra after having removed a mathematically based background—not

a background spectrum from the microfluidic system itself. The reason for this procedure is to be
able to visualize the influence of the two systems (open vs. closed) on the measurements. Further,
a subtraction of a background spectrum would add to the noise while not adding to the ability of
detecting changes in Raman peaks. Along with the Raman spectra the regions that were used for t-test
are shown, remember that the t-tests were not based upon the data shown in Figure 6 but rather on the
semi-treated data shown in Figure 5. See Table 2 for a summary of the domain of all regions and which
biomarkers are known to reside within each region.

The variations of the spectra—especially in the regions of the biomarkers (A–G)—are much more
pronounced in the redox and the H2O2 experiments than in the control measurements (see Figure 6).

Figure 7 shows p-values from t-tests between normoxic and hypoxic conditions on the semi treated
data shown in Figure 5 and the seven regions specified in Table 2. Note that the p-value is always
smaller in the redox measurements. In the control measurements, however, the p-value fluctuates.
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4. Discussion

The aim of the present study was to develop a customized system that allows for real time-
investigations of single PASMCs’ redox state in response to tightly controlled O2-concentrations—while
providing the opportunity to simultaneously measure Kv-channel activity and membrane potential of
the same cell via the patch-clamp technique.

This goal was achieved by designing a gas-tight microfluidic system enabling Raman spectroscopic
investigation that additionally included a gas-tight port for a patch-pipette and one for the respective
reference electrode. Due to a purpose-built latex glove, the patch-pipette can be precisely moved
in 3D to be attached to PASMCs that are adhered to the bottom of a common culture dish.
Moreover, once fixed to the system, all components needed for the experiment (reference electrode,
O2-sensor and tubes for in- and outflow) can stay permanently attached to the system during
experiment. The assembled microfluidic system was simply put upon the cell culture dish providing an
unambiguous reduction in experiment time and simplification in handling. Furthermore, the PASMCs
did not have to be trypsinated and/or transferred prior to experiment. Due to this, our new microfluidic
system connotes (a) significantly less stress for the cells and (b) the possibility to measure adhered
PASMCs (and other cell types).

To investigate the hypoxia-application, the oxygen content was measured by an optical oxygen
sensor. The results show that the new microfluidic system has major advantages. First, after 1 min the
O2-content was significantly lower in the new system compared to the conventional open one. Second,
the value of less than 4% O2 proved to be stable over time, while massive fluctuations in O2-content
occurred in the open system. Therefore, future experiments using the new gas-tight system can be
carried out in shorter experimental times (HOX-spectra can be taken after 1 min)—which means less
stress for the PASMCs due to the reduced laser exposure time. Note, spikes in the oxygen level can
appear randomly (see Figure 4a) which may influence the Raman spectrum. However, by having
control over when the spikes appear, they should not impose on the total reliability of the data since
those spectra, thanks to the simultaneous measurements, can be excluded.

The microfluidic system was further tested by performing Raman spectroscopy on single murine
PASMCs. The laser beam was defocused to 20 µm to get an average over the whole intracellular
components of the single PASMC. Together with the low power chosen (0.6 mW) the experimental
conditions resulted in a high signal to noise ratio, see Figure 5. Furthermore, the number of experiments
does not yet allow the identification of reversible changes of the mitochondrial biomarkers. However,
since certain trends can be observed (Figure 6), first conclusions can be drawn: Raman spectra of the
control experiments showed a continuous fluctuation while the fluidic system was kept at a flow of a
steady normoxic O2-content during the whole experiment. However, the control measurements were
fluctuating around a constant baseline, which was not the case for the Redox and H2O2 experiments
(compare Figure 6). This fluctuation of the Raman signal seems to be in agreement with the study
of Almohammedi et al. [19]. In addition, for Redox as well as H2O2, a shift in the entire spectra was
observed for both the closed and the open microfluidic system. Although this response appeared in
both systems, it was less pronounced in the open system. There, they rather resembled the general
fluctuations that—according to the control experiments—seem to exist intrinsically in PASMCs.

Lastly, t-tests in the regions of the defined biomarkers presented in Table 2 were performed on
the semi-treated Raman spectra. The aim was to acquire quantitative measures on the likelihood,
if the observed changes resulted from noise or from the single cell redox reactions (see Figure 7).
The t-tests confirmed the observations from the treated Raman signal (see Figure 6). Regarding the
control experiments, the t-test generally resulted in a high likelihood of changes being due to noise for
both, the closed and the open system. In some cases, the changes were significant, which implies that
the system is in a general state of fluctuation—which is to be expected for a living system. Interestingly,
the level of noise was more pronounced in the closed system (see Figure 5), a finding that needs further
investigation. Regarding the Redox and H2O2 experiments, it is evident that p-values that resulted
from changes relating normoxic to hypoxic conditions showed an increased likelihood of being a
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true change for the closed system compared to the open system. To emphasize, as shown in Figure 4,
the closed system created stable hypoxic conditions, which hints that the changes in the processed
spectra (see Figure 6) are due to the changes from normoxia to hypoxia. Only in two cases, the open
system appeared to trump the closed system, these occurred in the regions C (980–1100 cm−1) and
D (1120–1170 cm−1) for the H2O2 experiments. For region C, the reported p-values were 6.05% for the
open system and 6.87% for the closed system, a difference of only 0.82% in favor of the open system.
In region D, the p-value from the closed system was 88.73%, indicating a high likelihood of changes
being due to noise, however, Figure 6 reveals that in region D of the spectra there appears to be little
actual change between the various time steps, regardless of experiment.

At this point, it seems evident that the closed microfluidic system improves the ability to
identify Raman spectral changes caused by redox state in PASMCs. It has to be mentioned that the
material of the microfluidic system was polycarbonate, having Raman peaks at 644 cm−1, 741 cm−1,
761 cm−1, 1013 cm−1, 1121 cm−1, 1190 cm−1, 1297 cm−1, 1320 cm−1, 1372 cm−1, 1396 cm−1, 1549 cm−1,
1611 cm−1 [23] that could interfere with the defined biomarkers (Table 2). Since the Raman signal
from the polycarbonate is constant, it should not contribute to the redox spectral changes and hence
it should not interfere with the results from the t-test. However, the polycarbonate background can
overpower the Raman peaks from the biomarkers. In this study, the background from neither the
polycarbonate nor the glass slide were removed for signal analysis, since this would have reduced the
signal-to-noise ratio and does not contribute to the recognition of large scale changes to the Raman
spectra. The material of the microfluidic system and Raman spectroscopic acquisition parameters will
be optimized for further experiments.

Overall the new design of the gas-tight microfluidic system gives the extraordinary possibility
to simultaneously perform (a) single-cell Raman spectroscopic studies to investigate mitochondrial
biomarkers (redox state) and (b) patch-clamp experiments to study the Kv-channel activity under
normoxic/hypoxic conditions. This new method might elucidate the molecular mechanism of how
hypoxia—or the subsequent change in the cellular redox state—inhibits Kv-channels and how this
process may initiate HPV.

5. Conclusions

A gas-tight microfluidic system with the option to simultaneously carry out Raman spectroscopic
measurements and patch-clamp experiments on the single cell level was developed. The system was
designed to easily fit onto a common culture dish having a glass bottom for microscopic investigations.
The fragile patch-clamp pipette could be inserted via a flexible latex glove that enabled 3D movement
of the pipette. In this study, the microfluidic system was tested regarding the oxygen content and the
possibility to perform Raman spectroscopic investigations on single cells. The results show that the
microfluidic system generated a stable and lower O2 content already after one minute compared to the
commonly used experimental setup, where the culture dish is exposed to open air while flushed with
oxygen free buffer. This significantly reduces the stress on the PASMCs. The Raman spectroscopic
time-series showed that the spectral changes were much more pronounced in the new gas-tight
microfluidic system compared to the open system. The new design of the flow system shows great
promise for future single cells investigation to elucidate the process underlying HPV by performing
Raman spectroscopy and patch-clamp simultaneously under truly hypoxic conditions.
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ABSTRACT

Defocused laser speckle photography is used as a tool to measure the heat respones in a titanium component
during laser heating. The evolution of the response is compared with a set of preprocessed Finite Element
Simulations of the corresponding process with the aim to verify the simulation model and to find the simulation
settings that best resemble the experimental results. The titanium component consists of a 300 × 100 mm2

substrate of thickness 3.2 mm on which a 200× 30× 11 mm3 ridge is built up using the laser metal deposition
by wire process. The component is heated on the top of the ridge by a 300 W laser for 10 s and the deformation
of the subtrate is followed throughout the heating-cooling cycle. The simulated deformation gradient is shown
to resemble the measured response, and the magnitude of the response indicates that about 70 % of the laser
power transferres into heat in the metal.

Keywords: Laser speckle, deformation, in-process measurement

1. INTRODUCTION

Metal additive manufacturing (AM) comprises technologies that produce net-shaped or near net-shaped compo-
nents using selective melting.1 These components may be solid or hollow and of various complexities, but they
are all produced as a mean of manufacturing a final product and not only for prototyping. One such process is
laser metal deposition by wire (LMD-w) which, similarly to laser welding, adds metal by melting a wire with a
high-power laser.2 This process has the capacity to build components at a high speed, but because of the great
heat impact the manufacturing is difficult to control and near net-shape manufacturing has proven difficult to
accomplish. As a tool to circumvent the effect of the heat, advanced process simulations are in common use.
However, these simulations need to be validated by experiments to perform sufficiently, which is the purpose of
this investigation.

One method with the ability to measure surface deformations with interferometric accuracy is defocused
speckle photography. This technique was introduced in the late 1970’s by Stetson3 as a tool to circumvent stability
problems with speckle interferometry and was re-introduced in the mid 1990’s by Sjödahl using a digital detector.4

Being essentially an intensity interferometer, the technique relies on numerical correlation of speckle patterns
recorded in different imaging planes as the object deforms. The advantages with this technique as compared
to speckle interferometry are that it is more robust to object movements and that the sensitivity is tunable by
controlling the defocus distance between the imaging planes. Two evaluation strategies are possible. The first
possibility is to correlate the speckle patterns recorded simultaneously in two detection planes, respectively.5

The result of such an operation is a speckle movement field that is proportional to the phase gradients in the
vicinity of the detection planes. The change in the phase gradients, and thus the deformation of the object,
is obtained from the changes in the speckle movement field in between recordings. The advantage with this
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approach is that the measurement become immune to motion induced speckle decorrelation, which makes it
robust against external perturbations. However, the possible defocus, and hence the sensitivity, is limited by
the longitudinal speckle size, which makes this approach less ideal for the measurement of small deformations.
The second possibility is to correlate speckle patterns in the same planes between consecutive acquisitions as
the object deforms and associate the difference in speckle motions in two different focus planes with the phase
change in between the recordings.6 This approach is not restricted by the longitudinal speckle size, which gives
more flexibility in setting the sensitivity of the system. This latter approach is the one used in this investigation.

The test component used is made of titanium and consists of a 300 × 100 mm2 substrate of thickness 3.2
mm on which a 200 × 30 × 11 mm3 ridge is built up using LMD-w. For the measurement, the component
is heated on the top of the ridge by a 300 W laser for 10 s and the deformation of the substrate is followed
throughout the heating-cooling cycle. The process simulation is performed on MSC.Marc R© and follows the
complete manufacturing process. For comparison with the measurement, the final state of the simulation is used
as a starting point and the heating-cooling process is simulated. The comparison is performed as a best fit
for the deviation of the substrate during this cycle. Section 2 of this paper briefly summarizes the concept of
defocused speckle photography. The experiment is detailed in section 3 and the accompanying numerical analysis
is described in section 4. The results from the comparison is presented and discussed in section 5 and the most
important conclusions are summarized in section 6.

Figure 1. Sketch of a dual image speckle photography system. Two detectors are placed at different distances from the
exit pupil of a lens system, such that they image the object scene in two different conjugate planes separated by a distance
∆L.

2. DEFOCUSED SPECKLE PHOTOGRAPHY

Consider the dual image speckle photography system sketched in Figure 1. A monochromatic point source
situated a distance Ls from an optically diffuse object surface illuminates the surface along direction −s1. The
object surface is imaged by an optical system of focal length f along direction s2 that is approximately parallel
with the normal to the object surface. The two detectors are arranged to image along the same optical axis
through a beam splitter but at the different distances b1 and b2 from the exit pupil, respectively. The conjugate
planes to the detectors appear a distance a1 and a2 in front of the entrance pupil plane and at distances L1

and L2 from the object surface, respectively. Hence, a defocus distance ∆L = L2 − L1 is introduced between
the speckle images acquired by the two detectors, respectively. If the object surface deforms a distance u, the
speckles will move a distance,
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(
1 +

Li
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)
u⊥ −Miuz

(
s2⊥ −

Li

Ls
s1⊥

)
+MiLim · J⊥(u), (1)

in the plane of each of the detectors.7 In Eq. (1), i = [1, 2] represents acquisition with detector 1 and detector
2, respectively, M is the lateral magnification, m = s1 + s2 is the sensitivity vector, the symbol ⊥= [x, y] relates
to vector components perpendicular to the optical axis, uz is the deformation component parallel with the optical
axis and J⊥(u) is the deformation Jacobian matrix over the object surface. Consider two consecutive acquisitions,
I(t0) and I(t0 + ∆t), from any of the two detectors. Formally, if we define the zero-mean intensity distribution
∆I = I− < I >, where < I > is the mean intensity, and calculate the local spatial cross-covariance,

Γ12(∆x;x0; t0) =< ∆I(x−∆x;x0; t0)∆I(x; t0 + ∆t) >, (2)

between these two images, centered at position x0, we end up with a local correlation function corresponding
to the local statistical similarity between the two speckle patterns in the vicinity of coordinate x0. The domain
surrounding the position of interest is generally in the order of ten by ten speckles to allow for a statistically
relevant correlation function to be calculated.8 The position A(x0) = ∆x|max of the maximum correlation value
gives the local speckle movement in between the two recordings as given by Eq. (1). The field of speckle motions
is efficiently calculated with any of the image correlation softwares developed throughout the last decades. We
are using a code developed by Sjödahl.9 Consider next a situation in which Ls → ∞. Then the dependence of
the defocus distance Li vanish from the two parenthesis on the right hand side of Eq. (1) and we are left with
one part that only depends on the motion of the object surface and one part that varies linearly with the defocus
distance. Thus, forming the difference,

m · J⊥(u) =
A2/M2 −A1/M1

∆L
, (3)

where again ∆L is the defocus distance between the two focus planes, the deformation gradients over the
object surface are isolated. Note that the magnification may be different for the two acquisitions, which needs
to be compensated before forming the difference. If we now make the assumption that the sensitivity vector
is roughly parallel with the optical axis, the contribution from the in-plane strain components on the speckle
motions will be negligible and the sensitivity vector may be approximated as, m = κz, where κ may vary slightly
over the object surface but will be a value close to two. In that case the final expression for the deformation
gradients become,

∂uz
∂x⊥

=
A2/M2 −A1/M1

κ∆L
, (4)

which gives the local in-plane tilt components of the object surface as the object deforms. As a final step,
the tilt components are numerically integrated to give the out-of-plane deformation field. Note that the process
described above shares many similarities with speckle interferometry. Just as in speckle interferometry, the
response of the method scales with the sensitivity vector and the final deformation field is obtained using a
numerical tool. In speckle interferometry this tool is phase unwrapping and in the present technique it is a
numerical integration. Defocused speckle photography may therefore be regarded as an intensity interferometer.
There are a few fundamental differences though. In speckle interferometry, the sensitivity is set by the wavelength
of the laser. Although there are several methods available to desensitize the technique, these methods tend to
become complex and difficult to implement outside a laboratory environment. In defocused speckle photography,
on the other hand, the sensitivity is set by the defocus distance, ∆L, introduced between the two image planes.
This distance is arbitrary and may be chosen freely to best fit the experimental conditions. A further complication
with speckle interferometry is that the fringe contrast decay quickly with in-plane speckle movements and that
minute phase changes during the image acquisition time tend to wash out the interferometric information. These
problems are not present in speckle photography.
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Figure 2. Pictures from the experiment. (a) The left picture shows the test component clamped in a vice. The two
triangulation sensors used for reference are placed in front of the test component slightly outside the field of view and
three temperature sensors are mounted on the ridge and on the substrate, respectively. The focusing head from the
processing laser is seen to the right of the plate. (b) The right picture shows the dual focus imaging system. The imaging
is performed using a micro-Nikkor objective of focal length 24 mm, a relay lens of 40 mm and a pelicel beam-splitter.
The image overlap and relative defocus is controlled by the micrometer screws seen in the image.

3. EXPERIMENTS

Two photographs from the experimental set-up is shown in Figures 2a and 2b, respectively. The test component
used is made of titanium and consists of a 300×100 mm2 substrate of thickness 3.2 mm on which a 200×30×11
mm3 ridge was built up using the laser metal deposition by wire process. The test component was clamped in a
vice 40 mm in along one of the short sides of the substrate. The processing laser was a 300 W continuos wave
fiber laser (IPG Photonics YLR-300-MM-AC) that was guided by an optical fiber towards the processing zone.
The focusing head of the laser is seen to the right in Figure 2a. The processing laser was focused into a 200
µm diameter spot onto the top of the ridge 95 mm from the clamping. The heating time was set to 10 s. As a
reference, two optical triangulation sensors (Baumer OADM 12U6430/s35a) were placed in front of the backside
of the substrate 129.5 mm from the clamping. One of the sensors measured the deformation in the middle of the
substrate and one measured 19 mm from the top of the substrate. As a further reference, two thermocouples
type k were welded onto the front side of the test component. One of the thermocouples were mounted on the
ridge and one onto the substrate. The response from these four sensors were logged all through the experiment,
see figure 5. The back side of the substrate was illuminated by a continuous wave frequency doubled Nd:YAG
laser of 400 mW (ADLAS 425). The beam profile was filtered by a pin hole situated 2000 mm from the object
surface. The image acquisition system is seen in Figure 2b. It consists of a micro-Nikkor objective of focal length
24 mm, a relay lens of 40 mm, a pelicel beam-splitter and two CMOS cameras (Allied Vision MAKO U-503B).
The resolution of the camera detectors is 1944 × 2592 pixels and the pixel size is 2.2 µm. One of the cameras
was fixed and one of the cameras was mounted on a x-y-z translation stage for which the position of the cameras
could be controlled using fine-pitched micrometer screws. The system was set to be in focus when placed 555 mm
from the object surface, which gave a field of view of 80×108 mm2 next to the clamping. Before the experiment,
the settings of the set-up were calibrated. Two calibration procedures were performed. First, the speckle image
from the fixed camera was correlated with the speckle image from the movable camera to center the system. In
addition, this operation gave the magnification gap between the two detectors. This calibration was performed
with f/32 to give a sufficient longitudinal speckle size. Secondly, the sensitivity scaling κ∆L is determined using
a controlled tilt. In this calibration the aperture was set to f/16, which was also used for the experiments.

During the experiment, images were acquired at 5 Hz for the first 100 s, which includes the heating for the
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first 10s and the initial cooling. After a 45 s break for changing acquisition settings, images were acquired at 1
Hz for an additional 500s. The speckle movements were calculated using the first image, acquired immedeately
before the heating starts, as reference. For all the calculations a subimage size of 128×128 pixels were used with
a subimage pitch of 64 pixels.

4. NUMERICAL ANALYSIS

One of the purposes of the experiment is to verify the corresponding simulation model and to find root causes for
deviations. Since the efficiency of the laser output into the material is not well known, three different simulation
outcomes were used in the analysis, where the power from the laser was varied. The outcomes of these simulations
are used in a comparison with the results from the measurement to make sure to take into consideration possible
changes in the deformation gradient.

4.1 Numerical model

Finite Element simulations have been carried out to simulate laser wire deposition of metal (LMD-w). In the
simulations, a point source of 300 W, 210 W, and 150 W were input into the ridge for 10 s - simulating the input
laser power. The method used was a 3D coupled thermo-mechanical analysis using the staggered approach in
MSC.Marc R©. The material used in the simulation model is Ti6Al-4V. The output from the analysis was the
deformation history during the heating-cooling process. Figure 3 shows the simulated geometry of the component
after having been exposed to 150 W laser power input for 10 s, followed by a 390 s rest.

Figure 3. FEM model of the test component after having been exposed to a simulated laser input of 150 W for 10 s,
followed by a rest period of 390 s. In this simulation the model has been clamped at the right-hand side, as it is seen in
the figure.

4.2 Numerical comparison

Since only the bottom surface of the substrate was measured, corresponding nodes from the simulation were
selected. As an example, the deformation at these nodes at the time of 15 seconds after the start of the heating
are shown in Figure 4 for the different simulation cases. A spline representation of these simulation outcomes has
been made to interpolate between the simulated time steps so that a comparison can be made with measurements
at arbitrary times. To compare with the measurements the tilt components were calculated from the deformation
fields and the comparisons were performed on a least squares basis. An example comparison at three different
time instances is shown in Figure 7.

5. RESULTS AND DISCUSSION

The measurement response from two thermocouples, mounted on the ridge close to the processing point and
on the subtrate, respectively, and two triangulation sensors were recorded as a reference during the experiment.
Figure 5(a) shows the response of the thermocouples. The temperature rise in the ridge close to the processing
point is immediate and reach a temperature rise of 25 K before it slowly decays towards room temperature.
The temperature rise in the substrate is more moderate. The substrate experience a small rise in temperature
approximately 100 s after the heating starts and gradually approaches the temperature of the ridge. After about
600 s the two temperatures can be considered equal at which point the component can be assumed to have equal
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is clamped at the left-hand side, as it is seen in the figure. The laser input is simulated as a point source on the ridge a
distance of 95 mm from the clamping at the center line of the model.

temperature. At this point therefore, stresses caused by temperature gradients may be assumed neglegible.
Figure 5(b) shows the response from the triangulation sensors. A sharp and immediate deformation occurs
during the processing in all places of the component. The rate of this deformation is constant and stops when
the heating stops. The magnitude of the final deformation will therefore scale linearly with the power coupling
between the processing laser and the component and with the processing time. As soon as the processing stops,
the component starts to flex back towards its initial state, which is reached after about 800 s. It is seen that the
maximum deflection of the two measurement points differ about 20 µm, which indicates a deformation curvature
in the vertical direction along with the out-of-plane bending. This curvature appear to vanish after about 300 s,
after which the two deformations are undistinguishable.
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Figure 5. Measurement response. (a) Temperature measurement from two thermocouples, blue - measured on the ridge,
red - measured on the substrate. (b) Deformation from optical triangulation sensors, blue - measured on the opposite
side of the ridge, red - measured 3.0 cm to the side of the ridge, both at the edge of the imaging systems field of view.

A comparison between the response from the triangulation sensors and the deformation of the corresponding
nodes from the three simulations is shown in Figure 6. From this comparison it is seen that the results from
the simulation using a power of 210 W best resembles the experimental results and that the temporal similarity
between the simulation and the experiment is excellent in these two points. It is therefore reasonable to assume a
coupling efficiency of 70 % between the laser and the titanium ridge, which is used as reference for the evaluation
of the gradient field measurements.
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Figure 6. Comparison between simulated deformation and measurement from triangulation sensors. (a) Comparison
with point offset 3.0 cm from center line. (b) Comparison with point at center line.
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Figure 7. Measured and simulated gradient field of the test component due to deformations from thermal expansion, (a)
15 s, (b) 60 s, and (c) 100 s respectively after the start of the experiment - 10 s of laser heating in a point. Measured
gradients with laser output 300 W (Black) and simulated gradient response with heat input of 210 W (Green). The test
component is clamped at the left-hand side, as seen in the figure. The scale is different in the three figures.

Figure 7 shows, in the same plots, the gradient field measured at three time instances and the gradients in
the corresponding points estimated from the simulation using an input power of 210 W. This is the simulation
that matches best the deformation gradient magnitudes from the measurements and the results shown here.
The resemblence between the measurement results and the simulations are acceptable as a global average, but
some details differ. Along the ridge, the measured deformation gradients are almost identically aligned with the
results from the simulation although a small deviation appear for the longer time period. This means that the
simulation and the measurement present the same out-of-plane bending behaviour along the centerline of the
component. Further out, towards the long edges of the component, the horizontal component of the deformation
gradient for the measurement and the simulation are approximately equal, while the vertical component shows
a rather different behaviour. For the shorter time, when the deformation is the largest, the material appear to
be a bit stiffer close to the ridge than assumed in the simulation as the deformation doesnt drop off as smoothly
as in the simulation but rather stay constant for a while and then drops off faster towards the edges. This effect
remains to some degree at 60 s but has almost vanished at 100 s where the component is closer to its initial
state. In the region around 15 mm up from the centerline the accumulated deformation of the simulation and the
measurement is almost the same, which to some degree explains the results in Figure 6. It has to be remembered,
however, that the results in Figure 6 are acquired 90 mm further out from the clamping than the results acquired
from the speckle measurements. The results cannot therefore be compared directly. The reason only the first 40
mm out from the clamping is shown in Figure 7 is because of speckle decorrelation. As the reference image in this

Proc. of SPIE Vol. 10834  108341K-7
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 12/5/2018
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



investigation was kept fixed, to avoid drifts, the measurement became sensitive to decorrelation caused by tilt.
Thanks to the small pixels, a large aperture could be used, which made the measurements comparatively immune
to motion induced decorrelation. However, for the largest deformations the tilt caused complete decorrelation
and loss of information. In this investigation a correlation value of 0.40 was used as a threashold to accept a
measurement estimate, which was possible thanks to the large subimage size used. As the component flexed
back information gradually reappeared further out from the clamping. For comparative reasons these parts were,
however, cropped in Figure 7.

6. CONCLUSIONS

This paper introduces a first approach to evaluate the response in a metal component heated by a high-power
laser by combining a set of FEM simulations with different boundary settings with optical field measurements
on-line. The component investigated was made of Titanium and consisted of a 300 × 100 mm2 substrate of
thickness 3.2 mm on which a 200 × 30 × 11 mm3 ridge was built up using the laser metal deposition by wire
process. The component was heated on the top of the ridge by a 300 W laser for 10 s and the deformation
of the substrate was followed throughout the heating-cooling cycle. The measurements were performed with
dual-focus speckle photography, which gave measurement results with interferometric precision. Thanks to the
non-interferometric detection, however, the measurements could be performed in a real production environment.
The comparison between the set of simulations and the measurement was performed on the basis of deformation
gradients. Based on the comparison it was found that the coupling efficiency between the processing laser beam
and the heat input in the component was 70 %, a value that also was verified from simultaneous measurements
with laser triangulation sensors placed outside the field-of-view of the measurement. This investigation indicates
a routine for automatic comparison between time-resolved full-field measurement outcomes and FEM-simulations
to evaluate specific processing settings. However, improvements have to be made both for the evaluation of the
measurement outcomes and for the strategy of comparison to make this a useful tool in practice.
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Abstract

Preprocessing of Raman spectra is generally done in three separate steps: (1) cosmic ray removal, (2) signal smoothing, and

(3) baseline subtraction. We show that a convolutional neural network (CNN) can be trained using simulated data to

handle all steps in one operation. First, synthetic spectra are created by randomly adding peaks, baseline, mixing of peaks

and baseline with background noise, and cosmic rays. Second, a CNN is trained on synthetic spectra and known peaks.

The results from preprocessing were generally of higher quality than what was achieved using a reference based on

standardized methods (second-difference, asymmetric least squares, cross-validation). From 105 simulated observations,

91.4% predictions had smaller absolute error (RMSE), 90.3% had improved quality (SSIM), and 94.5% had reduced signal-to-

noise (SNR) power. The CNN preprocessing generated reliable results on measured Raman spectra from polyethylene,

paraffin and ethanol with background contamination from polystyrene. The result shows a promising proof of concept for

the automated preprocessing of Raman spectra.
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Introduction [AQ1]

Raman spectroscopy utilizes inelastic scattering emitted

from a sample illuminated by a monochromatic light source

to acquire information about the molecular structure.

In modern applications Raman measurements are generally

analyzed with chemometrics, i.e., data driven methods to

draw conclusions about the chemistry of the sample.1,2

A chemometrics methodology requirement is that the data

have been preprocessed. Preprocessing is synonymous with

putting the data into a form where direct comparisons

between measurements can be made. Preprocessing of

Raman data is in general done by applying numerical methods

for the removal of the baseline, background, cosmic rays and

noise before normalization.3 The importance of preprocess-

ing should not be understated, as faulty preprocessing may

lead to erroneous conclusions.4

All Raman measurements are subject to background radi-

ation. The background can be an effect of light sources that

are difficult to shield or Raman scattering from materials

surrounding the sample, such as microscope slides, buffer

solution, petri dishes or microfluidic systems. The back-

ground spectra can be measured separately and removed

manually by subtraction. An automated alternative would

be to define a loss function and applying an optimization

algorithm to minimize the influence of the background,

such as the simplex search algorithm.5

Fluorescence is the result of molecules being excited to

states of higher energy and emitting this energy as light.

The added light from fluorescence acts as a bias to the

baseline of a Raman spectrum. This baseline takes the

shape of a smooth curve that can be many times stronger

than the Raman scattering. One popular approach of

removing the baseline is to do an iterative fit of a polyno-

mial underneath the spectrum.6–8 Another useful method is

to apply an iterative weighted smoother, which creates a

curve fitting that ignores the peaks of the spectrum.9

Schulze et al published a comprehensive review on baseline

correcting methods that summarizes many known tech-

niques along with a discussion about their strengths and

weaknesses.10
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Cosmic rays appear randomly as sharp peaks in a Raman

spectrum. Cosmic rays occur when a particle from an

external source with higher energy than the measured

signal hits the spectrometer. The most common approach

of tackling cosmic rays is to acquire multiple observations

from a Raman spectrum, such that outliers may be detected

and removed. This process can be automated by applying a

threshold to the second difference of the spectrum.11

All measurements include random variation. Raman

spectroscopy is no exception as the process in itself is

stochastic and can be modeled by a Poisson distribution.

It is therefore common practice to apply a smoothing filter.

One of the most standard smoothers applied to Raman

spectroscopy is the Savitzky–Golay filter.12 Another popu-

lar smoother is the combination of the Whittaker

smoother (asymmetric least squares) with cross valid-

ation.13 The purpose of cross-validation is to increase

objectivity of the filter.3

In recent years methods based on multivariate analysis

has become more common place in the realm of prepro-

cessing. Extended multiplicative scattering correction

(EMSC), is a method that performs a regression over a

set of observed spectra to a common background.14

Other examples are baseline removal using combinations

of least squares fitting and principal component analysis

(PCA),15 singular value decomposition (SVD) by removing

a baseline to the decomposed data set16 and filtering with

orthogonal signal correction (OSC) by removing variations

in the set of spectra that is orthogonal to some reference.17

Further, band trap entropy minimization (BTEM), designed

for separating spectral components, can be applied to sep-

arate the sample spectra from background.18 Although

powerful, multivariate analysis demands many observations,

which cannot always be provided for example when living

samples are under investigation.

In this article it is proposed that a convolutional neural

network (CNN) can be trained on simulated data to pre-

process Raman data. The application of deep learning and

neural networks to chemometrics have previously shown

to be useful for such problems as pattern recognition,1,19–21

but to our knowledge not yet for comprehensive pre-

processing of Raman spectra. Schulze et al introduced a

method for baseline correction based on a neural network

using a single degraded spectrum with fixed peak positions,

with randomized baseline, noise and variations in peak

intensity. The method outperformed all methods that

were used for comparison,10 However, the method

was later beaten by a PCA based approach22 in which a

different network architecture was used, but similar train-

ing conditions.

We propose a neural network trained on random peak

positions, with random peak intensities, background and

noise intensity. Further, we propose that cosmic rays and

a random background spectrum are included in the training

data to be removed. The network should be trained to

handle multiple observations and perform a signal reduc-

tion on the set of observations to make an optimal recov-

ery of the Raman spectrum. It becomes a more involved

training situation that requires more training data, but the

result should be a general predictor for spectra that is

within the range of the training data. The reason for pro-

posing a method based on simulated data is that experi-

mentally gathering measurements with the required

variation and sample size would be an immense undertak-

ing. Each measurement would have to be treated by an

expert to prepare the data for supervised learning. The

processing would further have to be perfect as any system-

atic errors would be learned using the CNN. With simu-

lated data, the information required for supervised learning

is available without processing.

Convolutional Neural Network

A neural network is a composite of functions, or layers,

that maps an input to an output. Figure 1 shows an 18

layer convolutional neural network (CNN), that maps a

set of observed Raman spectra to the ideal preprocessed

spectrum. The inputs are raw Raman spectra from back-

ground yb, and a mix of background and sample ybs respect-

ively. If the input is placed in a matrix Y with columns made

up of observations from yb and ybs, then the output of a

CNN with N layers can be written as

ŷs ¼ LN LN�1 . . .L0 Yð Þ . . .ð Þð Þ ð1Þ

where ŷs is an estimation of the ideal spectrum ys and Lið�Þ

is the function for the ith layer in the network. The number

of observations from yb and ybs are arbitrary, but

four observations from ybs and yb respectively, were used

throughout this work.

A CNN generally consists of multiple hidden layers,

which are placed between the input and the output layer.

These layers define a feature extraction section. The CNN

in Fig. 1 performs feature extraction by a combination of

convolutional, batch normalization, rectified linear unit

and average pooling layers. The most important layer for

feature extraction is the convolutional layers. They act as a

cascade of linear filters that extract features from the input,

where each convolutional layer performs a series of filters

with 3� 3 kernels. Consider for example the Sobel kernel

that is applied to convolution for edge detection as discret-

ization of a gradient operator.23 In a neural network feature

extraction works similarly, but the features are not speci-

fied, they are a result of training. To speed up the training of

the convolutional layers they are followed by batch normal-

ization and rectified linear unit layers. The batch normaliza-

tion layer process the data by computing

x̂i ¼
xi � m
s

ð2Þ
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where the mean, m, of the input to the layer, xI, has been

removed and scaled with the standard deviation, s, such

that the output, I, is fitted to a Nð0, 1Þ distribution. Batch

normalization is similar to standard normal variate correc-

tion (SNV), which is a common preprocessing technique.24

Rectified linear units is an activation or transfer function,

that redefines the output of the previous layer by setting all

values less than zero, equal to zero

x̂i ¼ max 0, xið Þ ð3Þ

which results in efficient computations and better

gradient propagation compared to activation functions

such as sigmoid or hyperbolic tangents.25 Average pooling

layers down-samples the data by computing local arithmetic

means.

The architecture used in Fig. 1, shows that the feature

extraction section is followed by a drop out 20% layer. The

purpose of this layer is to randomly set 20% of the output

of the feature extraction section to zero, which prevents

overtraining of the fully connected layer. The fully con-

nected layer is the output layer that maps the extracted

features of the input to an output, by

x̂ ¼Wxþ b ð4Þ

where W is a matrix with weights and the necessary dimen-

sions to acquire the desired dimensions of the output.

For the CNN to function as intended, all weights of

the network must be optimized for the particular task.

The weights are all the trainable variables that makes up

the layers of the CNN. There exist multiple solvers that

may be applied to train a CNN. In this implementation we

chose the Stochastic gradient descent with momentum

(SGDM) solver. SGDM updates the weights, wðl Þ, according to

w lþ1ð Þ ¼ w lð Þ þ arEþ � w lð Þ � w l�1ð Þ
� �

ð5Þ

where a is called the learning rate and � the gradient decay

factor. The scalar variable a dictates the speed of training

and � determines the contribution from the previous

iteration of the weights. This contribution from previous

iterations of weights is the so-called momentum term of

the solver. The initial weights w 0ð Þ were randomized by

sampling from the Gaussian distribution N 0, 0:01ð Þ. The

factor E is an error function that compares the estimated

output ŷs with the ideal output ys, according to

E ¼
1

2R

XR
i¼1

ys, i � ŷs, i
� �2

ð6Þ

where R is the number of elements in the signal ys or ŷs. E

was thus chosen as the half mean square error measured in

the last layer in the network, the regression layer in Fig. 1.

The gradient rE of the error function is estimated through

backpropagation, by applying the chain rule

rE ¼
@E

@ŷs

@ŷs
@LN

@LN

@LN�1
� � � � �

@L1

@L0

@L0

@Y

@Y

@w lð Þ
ð7Þ

As data are passed through the network to get the

current estimate, the derivative of each layer can be com-

puted, starting at @Y=@w lð Þ and propagating to @E=@ŷs.
When training a neural network a large quantity of data

is passed through the network multiple times, such that

the network converges to a general predictor.

Figure 1. A flow chart (from left to right) of a CNN that maps a set of Raman spectra (input) to the ideally preprocessed spectrum

(output). The input shown is a synthetic minimum set of one observed spectrum of background yb and mixed signal ybs, from both

background and sample. The input spectra include noise, cosmic rays and an additive baseline. In real applications, the synthetic spectra

are replaced by experimental data. Next the input is passed through a series of hidden layers which extracts features from the raw data

(feature extraction). The extracted features are then used in the final section of the architecture for regression into the output ŷs which

ideally is identical to the true sample spectrum ys. The peaks in ys are marked as dashed lines, both in the output and the input.
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Multiple signals were passed through the network in mini

batches, to decrease the likelihood of ending up in a local

minimum and acquiring a speed-up due to matrix–matrix

multiplications. When all data have passed through the net-

work once, one epoch has passed. Training variables and

layers of the CNN used in this implementation are sum-

marized in Table I.

The reader may refer to Murphy26 for general informa-

tion about machine learning, or to Goodfellow et al.27 for a

more in-depth look on deep learning and neural networks.

Deep learning and neural networks are getting more

attractive due to the availability of toolboxes for nearly

any programming language, such as TensorFlow (Google

Brain, released 2015) or PyTorch (developed by

Facebook’s artificial intelligence research group, released

in 2016). Matlab (The Mathworks, Inc.) released a deep

learning toolbox in version 2015b; Matlab’s toolbox for ver-

sion 2018b was used in the implementation of the CNN

in this work, but any programming language is just as

appropriate.

Simulation of Synthetic Raman Spectra

The scheme for generating training data is summarized in

the five steps, shown in Fig. 2. The different steps described

in the list below where parts written in italics are choices

made for generating specific data for this investigation.

These choices are arbitrary and can be chosen differently

to include more complexity in the data, such as more peaks

or baseline variation. The CNN is assumed to operate

within the range of the parameters.

(i) Generate two spectra, one for the sample, ys, and one

for the background, yb, each consisting of a randomized

number of Lorentz peaks

yfs, bg ¼
Xqfs, bg
i¼1

� i=p

x� x0,i
� �2

þ�2i
, qfs, bg 2 U 1, qmax½ � ð8Þ

with position x0 and scale �; x0 was uniformly distributed in

the domain of the spectrum.

U xmin, xmax½ � and � was Gaussian distributed on

N m ¼ 24,s ¼ 10ð Þ. The number of peaks q was uniformly

distributed from 1 to 8.

(ii) Add the baseline: Generate an independent polynomial

for ys and yb, respectively

yfs, bg xð Þ :¼ yfs, bg xð Þ þ
Xr
i¼0

afs, bg, ix
0i

�����
����� ð9Þ

x0 was local coordinates in �1 � x0min � x0 � x0max � 1,

which ensured that the polynomials was on an appropriate

scale. The order r was uniformly distributed from 1 to 10.

The coefficients (afs, bg, i) and range for the local coordinates

x0min, x
0
max

� �
was sampled from U �1, 1½ �.

Table I Training variables.

Training

variable Value Description

A 10-4 Initial learning rate for SGDM

�a 0.1/(10 epochs) Learning drop rate.

Step size was decreased

every 10th epoch

g 0.9 Gradient decay.

Decides how much

updated weights depend

upon old values.

Max epoch 30 Number of epochs

used in training.

Mini-batch 128 Number of signals

in each mini-batch.

Figure 2. A flow chart (from left to right) of a five step simulation scheme for generating synthetic Raman spectra that may be used for

supervised learning. The scheme is initialized by generating ideal spectra from background yb and sample ys. Followed by adding an

independent baseline to yb and ys respectively. The mixed signal ybs is formed as a linear combination of yb and ys. In the final two steps

noise and cosmic ray(s) are added to ybs and yb, respectively.
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(iii) Mix the signals: Generate a linear combination of ys
and yb to acquire a signal that has contribution from

both sample and background

ybs ¼ pys þ 1� pð Þyb, p 2 R 0, 1ð Þ ð10Þ

p was uniformly distributed from 0.2 to 0.8 (which gives

a maximum of four times stronger/weaker yb compared

to ys).

(iv) Generate Poisson observations: Sample an observation

from a Poisson distribution with intensity values from

ybs and yb. The observations were generated from

Po �bsybs
� �

and Po �byb
� �

, where �fbs, bg 2 U 0:5�½
103, 1:5 � 103�. �fbs, bg was added to simulate variation

in sampling time, which gave the simulated spectra an

estimated SNR of 3:7� 6:4 dB.

(v) Add cosmic rays: Randomize Lorentz peaks (5) with

small � i.e., very sharp peaks. The generation of a

single peak was determined by a Bernoulli distribution

with probability 0.5. A maximum of five peaks were

generated. g was sampled from a Gaussian distribution,

N m ¼ 6,s ¼ 2:5ð Þ.

Four sets of simulated experiments were generated.

First the training set which consisted of 2 � 105 independent

ybs and yb pairs.

The second set was the validation set which

consisted of 103 pairs. The validation set is used to

track errors during training. If the training error indi-

cates significantly lower values than the validation error,

it implies that the CNN have become overfitted to the

training set.

Two sets were generated for evaluation. The

first of these were labeled as the evaluation set and

consisted of 105 pairs with one to eight peaks in

each spectrum for analysis on the performance of the

predictor for spectra that was within the range of the train-

ing set.

The final set consisted of 50� 104 pairs, where 104

independent ybs and yb pairs were generated for increasing

number of peaks, 1, 2,. . ., 50, in the spectrum to evaluate

the quality of the prediction as a function of the number of

peaks in the spectrum. Notice that the maximum value

of peaks for a spectrum in the training set was set to

eight peaks, which means that the predictor was evaluated

for data beyond the range of its training.

Steps 4 and 5 were repeated four times, to generate

four observations of noise and possible cosmic ray(s)

for each independent spectral pairing of ybs and yb.

The number of observations were chosen arbitrarily, but

with the understanding that arrays which has sizes that are

of base two (Y from Eq. 1 has dimensions 210 � 24) can be

beneficial in Matlab.

Reference Prediction

A reference prediction (RP) was defined using the following

series of methods, to acquire a comparison with standard

preprocessing tools,

(i) For all observations of ybs and yb, respectively,

perform

(a) Two-dimensional detection and removal of cosmic

rays by placing a threshold, that was computed

from signal variation, on the second difference.11

(b) Degrading the spectrum to a single observation by

computing the mean for all available observations

(four in this work).

(c) Denoising using Whittaker smoother with second

order penalty and cross-validation.13

(d) Baseline reduction using Whittaker smoother, 10

iterations with second order penalty and � ¼ 106.9

(ii) Estimation of ys, by computing

ŷs ¼ ybs � ayb þ b ð11Þ

a4 0 and any b. The coefficients were found by minimizing

L ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXR
i¼1

ybs, i � ayb, i þ b
� �2

vuut ð12Þ

using Matlab’s simplex search method, fminsearch.5

Notice that the simulation scheme for generating ran-

dom spectra, is basically a reverse engineering of the

scheme proposed for the reference prediction. The chosen

method for each step were motivated due to their simplicity

to implement and that previous works (not shown here)

indicates that they perform well in many situations and are

suitable for automated preprocessing.

Performance Evaluation

The performance of the CNN, and the RP, respectively,

were estimated by computing the root mean squared

error (RMSE), the structural similarity (SSIM), and signal-

to-noise ratio (SNR). The RMSE is defined as

RMSE ¼
1

R

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXR
i¼1

ys, i � ŷs, i
� �2

vuut ð13Þ

which gives an absolute error. The RMSE was evaluated

during training and post training. The SSIM is a quality

metric defined as

SSIM ¼
2mŷsmys
m2
ŷs
þ m2ys

 !
2sŷs

sys

s2
ŷs
þ s2

ys

 !
covðŷs, ysÞ

s2
ŷs
þ s2

ys

 !
ð14Þ
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where the left term is called luminance (depends on

mean m), the middle term contrast (depends on variance

s2) and right term is called structure (depends on covari-

ance).28 SSIM is thus a complete quality metric defined from

0 to 1. An SSIM of 1, implies that ŷs is identical to ys, while a

0 indicates that there is no similarity. SSIM was computed

on the evaluation set, both globally and locally. The local

SSIM was computed in a range �15 pixels surrounding each

peak in the ideal spectrum. SNR is a measure of signal

power compared to noise power

SNR ¼
XR
i¼1

ys, i

 !, XR
i¼1

ys, i � ŷs, i
� �2 !

ð15Þ

where the quotient between the sum of the spectral

intensity and variation as compared to the prediction is

computed. The evaluation can be seen in the Results and

Discussion section, where error distributions have been

estimated from the evaluation set of 105 unique simulations.

Note that the RMSE is presented as a percentage of signal

norm and SNR in decibels (dB).

Experimental Setup

Raman spectra from polyethylene, paraffin, and ethanol

were recorded as test spectra to be evaluated using the

CNN that was trained on simulated data. A sketch of the

experimental setup can be seen in Fig. 3. The setup consists

of an inverted microscope (IX 71, Olympus) a Raman

spectrometer (Shamrock 303i, Andor Technology) and a

laser with an excitation wavelength of 532 nm (DPSS 532

laser, Altechna). A 40�magnification microscope objective

(LUCPLFLN, Olympus) and a filter cube containing a

dichroic mirror (532 nm RazorEdge Dichroic, Semrock)

and an edge filter (532 nm EdgeBasic, Semrock) were

used. The samples were placed on a polystyrene petri

dish, so that the signal from the sample was mixed with

signal from polystyrene. The integration time was set to

10 s. Measurements that contained at least one cosmic

ray were saved. SNR estimates for the raw data can be

found in connection to the results in the coming section.

Four observations from each spectrum were recorded for

each sample and the polystyrene petri dish respectively.

Results and Discussion

The CNN can in some sense be viewed as an adapted Raman

pass filter where the preprocessed spectrum is acquired by fil-

tering out cosmic rays, noise, background, and baseline

(Convolutional Neural Network and Simulation of Synthetic

Raman Spectra sections). [AQ3] CNNs are often used for

image classification to sort images that contain a specific

object into a correctly labeled group. In such applications

the surrounding of the object can be what determines the

classification just as much as the object itself.29 At this point it

is impossible to say with certainty how the filtering is done in

our case, if it for example reacts to specific shapes or fre-

quency in the data. The performance of the CNN can still be

evaluated as a black box. This was done by inserting four

observations from many (105) independent spectra of

mixed signal (ybs background and sample) and background

(yb), such that the output (ŷs) was compared with the true

sample spectrum (ys), see Fig. 1 for a flow chart of this pre-

diction. The same spectral observations were then fed into

the reference predictor (Reference Prediction section) for

comparisons. The results were then evaluated using the met-

rics described in the Performance Evaluation section above.

Figures 4a to 4i and 5a to 5i show example results from

the performance of the CNN and RP, on three simulated

and three measured spectra, respectively. Notice how the

predictions done by the CNN closely traced the true spec-

trum. In both simulations and measured spectra the CNN

acquired significantly lower noise power. The baseline

reduction appears nearly perfect. The background spec-

trum was removed with improved accuracy compared to

the RP, but slight residuals occurred. Cosmic rays appeared

to be no problem for the CNN in any of the displayed

cases. The CNN did indicate some difficulty in handling

overlapping peaks, where the RP appeared to acquire a

more reliable fit. However, due to the amount of noise

remaining in the results from the RP, these peaks were

difficult to recognize as actual peaks instead of residuals

from the noise without prior knowledge of the spectrum.

Figure 3. Experimental Setup for acquiring Raman spectra from a sample in a petri dish.
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Figures 4a to 4i show the quality of the prediction on

three the simulation examples: Fig. 4d when the CNN did a

top prediction, Fig. 4e when it did an average prediction,

and Fig. 4f when the RP made a top prediction. The

raw spectra in Figs. 4a to 4c had SNR of 6:3� 0:3 dB,

7:6� 0:6 dB and 9:2� 1:4 dB respectively. The RMSE,

SSIM and SNR all appeared to be generally improved for

the CNN compared to the RP. Even in the example case

where the RP made its top prediction, the SSIM was super-

ior for the CNN. The locally estimated SSIM (�15 pixels

surrounding each known peak), indicates high quality peaks

for the good and the average prediction made by the CNN,

while it dropped for some of peaks in the prediction that

was indicated as superior for the RP. This drop in local peak

quality came from having underpredicted the intensity for a

couple of the overlapping peaks. The simulation examples

were acquired from the larger evaluation set, the statistics

from this set will be presented later in this section.

The experimental results (Figs. 5a to 5i) indicate that the

CNN predicted higher quality results in general. The RMSE

was lower and the SSIM and the SNR was higher for the

CNN as compared to the RP. Only the results related to

the problem of distinguishing overlapping peaks in paraffin,

showed a higher local SSIM for the RP as compared to the

CNN. Overlapping peaks occur for polyethylene as well,

in these peaks it was difficult for either predictor to acquire

a good fit, but the CNN based on the local SSIM made a

better fit. When comparing the results on the evaluation

Figure 4. Preprocessed Spectra from simulations. (a–c) raw simulated spectra, four observations from yb and ybs (n ¼ 4) respectively.

(d–f) predictions ŷs from simulated data compared with true spectra ys. (g–i) results from evaluation criteria (RMSE, SSIM, SNR and local

SSIM) when comparing ŷs to ys.
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metrics to those from the simulation examples, the overall

prediction quality was lower on the experimental data than

what was acquired on simulated data. But keep in mind that

the results from the evaluation were not compared to the

true spectrum of the analyte, but to a manually processed

high quality spectrum. Even the smallest deviations from the

truth, such as slight errors in baseline estimation, would

affect the results. The SNR of the raw spectrum, Figs. 5a

to 5c, was estimated to 2:4� 0:6 dB for polyethylene,

2:6� 0:9 dB for paraffin and 3:6� 0:3 dB for the ethanol

spectrum i.e., the SNR was also lower for the experimental

example cases than for the simulated examples.

The noise reduction performed by the CNN indicates a

difficulty in acquiring a crisp spectrum while resolving

overlapping peaks in noisy data. In these cases the cross-

validated Whittaker smoother appeared to be more

successful. There are many advantages to using the cross-

validated Whittaker smoother. It was originally introduced

as an improvement to the Savitzky–Golay filter and has

been argued to be superior to various smoothers, such

as smoothing splines, Fourier filtering and wavelets.13

Cross-validation should reduce the risk of choosing Sub-

optimal parameters, which are likely to create undesirable

distortions in the result. Even so, the results of the CNN

Figure 5. Preprocessed Spectra from experimental measurements of polyethylene, paraffin and ethanol. (a–c) raw spectra, four

observations from yb and ybs (n ¼ 4), respectively. (d–f) predictions ŷs compared with a high-quality spectrum ys. (g–i) results from

evaluation criteria (RMSE, SSIM, SNR and local SSIM) when comparing ŷs to ys.
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appear to outperform the cross-validated Whittaker

smoother in general noise reduction. But the difficulty

with overlapping peaks cannot be ignored.

The Whittaker smoother, when applied to baseline cor-

rection in the RP, does not require prior knowledge of peak

and baseline shape, but it remains difficult to automate.9

Cross-validation only works for Gaussian noise and it is

reported to have difficulties in tackling broad peaks,

where a baseline tends to be drawn into the peaks.9

We have noted that the latter of these problems reoccurs

in most baseline correcting methods to some extent and

has a tendency to lead to ambiguous results. A correctly

trained CNN makes an objective baseline correction, due

to its ability to approximate any function.30 We make no

claims that the CNN in this work can remove all baselines

without introducing errors, but the results shown here

indicate its ability to remove baselines that can be modeled

by polynomials without human interventions. This observa-

tion is in line with previous findings on less generally trained

networks.10,22

Cosmic ray removal would only stump the CNN if there

was a cosmic ray that appears at very nearly the exact same

location in all observed spectra, which would make it

appear as a true peak. This is a situation that is incredibly

unlikely. A second difference-based method, such as the

one used in the RP,11 would still be able to remove such

peaks as it marks everything below a threshold as a cosmic

ray. However, the threshold value cannot be chosen in a

way that will remove all cosmic rays with absolute confi-

dence, without affecting the signal. With a fixed threshold

there will always be occurrences where data that should

not be removed is removed or cosmic rays that should be

removed are not. Due to the unlikeliness for the CNN

to confuse a cosmic ray with an actual peak, the CNN

becomes the more robust approach. A possible drawback

is if there occurs some dynamic in the spectrum that causes

it to change rapidly between observations, in which case

dynamic peaks will be removed.

There are methods that can be argued to be more

natural competitors to a CNN than the methods used in

the implementation of the RP, most notably those based on

multivariate analysis. Even if there exist such methods that

appear to perform well on a limited number of observa-

tions, their strength comes from doing optimizations based

on many observations. The data in training and evaluation

were defined to have four observations from ybs and yb,
respectively, hence, multivariate methods were not used in

predictions here.

The results from the example spectra are supported in a

wider range from the results shown in Figs. 6a to 6h.

The first graph, Fig. 6a, shows the RMSE computed from

the training set and the validation set. The RMSE from the

Figure 6. Error graphs. (a) Training RMSE plotted against number of epochs, for both training data (n ¼ 2 � 105) and validation

data (n ¼ 103). (b–h) shows distributions from the evaluation data (n ¼ 105) after 30 epochs of training. (b) RMSE for the CNN

compared to the RP, as a percentage of norm. (c) Distribution of global SSIM. (d) Pair-wise difference in global SSIM from (c). (e–f)

Distribution of local SSIM and pair-wise difference in local SSIM, �15 pixels surrounding each peak. (g–h) Distribution of SNR and

pair-wise difference in SNR.
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two independent sets closely traces each other as the

training is concluded at 30 epochs. Thus, the CNN is not

overfitted and able to make accurate predictions on data

with similar characteristics as those included in the training

set. The graphs that follow shows error distributions com-

puted from the evaluation set after training for 30 epochs,

Figs. 6b to 6h. See the Simulation of Synthetic Raman

Spectra section above for a detailed description of the

three independent sets (training, validation and evaluation)

of simulated data. The prediction quality was generally

improved for the CNN compared to the RP of 91:4% of

predictions showed lower RMSE, 90:3% showed improved

global SSIM, 94:5% showed larger SNR, and 77:4% of

peaks showed higher quality in the local SSIM. Since the

mean of each distribution is shifted towards a better pre-

diction for the CNN on all metrics used, the CNN is

shown to generally make a significantly improved prediction

compared to the RP. The largest percentage of predictions

where the prediction quality was lower for the CNN com-

pared to the RP was in peak quality (local SSIM). Based on

the observations made in the example cases, Figs. 4a to 4i

and 5 a to 5i, it is likely that this drop is related to the

apparent difficulty to handle overlapping peaks that can

be difficult to resolve correctly due to large variations.

This phenomenon requires further investigation.

The prediction error was minimized when the number

of peaks in the data was within the range of the training

data, see Figs. 7a to 7d. RMSE increased for each added

peak from 1 to 50, both in the CNN and the RP. The SSIM

increased initially as the number of peaks increased.

The CNN reached a maximum at eight peaks, which was

the maximum in training. The SSIM then dropped for each

added peak in the data but was always superior for

the CNN in the given range. Local SSIM revealed that the

mean peak quality decreased for both the RP and the CNN

with increasing number of peaks. The CNN outperformed

the RP in the entire range of 1 to 50 peaks, but the peak

quality became poorer as the number of peaks increased

and the occurrence of overlapping peaks became

more likely. SNR shows a similar trend, where the CNN

shows good results within the range of training and then

proceeded to drop the further the number of peaks was

from the range of the training data. Therefore, it is import-

ant to train the CNN to handle data that are within an

expected range. The predictor as a result is not entirely

without prejudice as it requires prior knowledge about the

measurements to setup appropriate training data.

Since the baseline structure in the simulated data

was solely based on polynomials, it might not be sufficient

for all real-world situations. This may be addressed by

complementing with various functions that can be added

to or replace the polynomial in Step 2, as outlined in the

Simulation of Synthetic Raman Spectra section. Such as

Gaussian lineshapes or sigmoid functions which are both

common functions for fitting the Raman baseline.

Another option is to have a completely randomly generated

smooth curve, such as what you would acquire by heavily

smoothing data from a normal distribution. It may also be of

value to add a bias or gain term to acquire a suitable scale

between baseline and peak intensity, to include those appli-

cations where the baseline may be many times stronger

than the peak intensity. The noise power of the synthetic

spectra can more easily be tuned by sampling from a

Gaussian distribution instead of a Poisson distribution

with appropriate mean and standard deviation. Tests not

shown here indicate that this appear to yield similar results,

even if sampling from a Poisson distribution is a more

appropriate model for the noise.

Evidence suggests that the CNN in general outperforms

the RP. The RP acquires decent preprocessing in many

cases, and the methods, however, time-consuming and

costly, can be adapted to be better optimized by experts

for individual spectra. At this point the CNN has not been

compared to a larger set of alternative methods which limit

the conclusions regarding how it compares to all available

preprocessing algorithms. The RP is not considered to be

Figure 7. Error graphs as a function of the number of peaks in the spectrum, estimated from evaluating the results from many

n ¼ 104
� �

independent spectra (total number of independent spectra n ¼ 50� 104). (a) RMSE, (b) SSIM, (c) SNR, and (d) local SSIM.

The results are plotted along with standard deviation as a shaded area around each curve. The range from one to eight has been

highlighted to indicate the range for which the CNN has been trained to operate.
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the golden standard in comprehensive preprocessing and

the results presented here might be overrated. However,

the CNN offers a powerful and flexible approach. The

implementation for this proof-of-concept test is rather

simple. A CNN can further be adapted for various applica-

tions by altering the training data or network architecture.

The network architecture could be altered in any number

of ways, the performance might be improved by adding

multiple layers and make a deeper neural network.

Making a deeper network would increase the number of

weights that needs to be trained, which would in turn

increase the need for larger sets of training data and a

method for generating such data.

Conclusion

In this paper, we have shown that a convolutional neural

network (CNN), can be trained on simulated data to per-

form high quality preprocessing of Raman spectra. The

method described can be implemented in many program-

ming environments due to the wide availability of toolboxes

for machine learning. When compared with a reference

prediction based on standardized methods, a CNN signifi-

cantly improves preprocessing. The analysis related to

the reference prediction was rather sparse considering

the amount of methods available for preprocessing and

future work should include a wider comparison, especially

with methods that spawn from multivariate analysis.

One should always be wary of automated software, but a

pretrained CNN reduces both computational time and

time spent by an analyst in preparing data for the analysis

of the molecular structure hidden in the spectrum. It sug-

gests that CNNs or next generation machine learning tools

could become a useful tool in preparing Raman data for

further analysis; however, before that becomes a reality,

the methodology has to be compared with multivariate

analysis and be evaluated against more complex experimen-

tal data, e.g., composites or tissue. It is also likely that

the methodology could be applied with appropriate

changes to the simulation scheme for adaptations to

problems with similar preprocessing challenges as Raman

spectroscopy, such as NIR, FT-IR, mass spectroscopy, and

chromatography.
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