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CHAPTER 1
INTRODUCTION

Introduction

The diagnosis of many diseases is based on the analysis of cellular structures of the tissue
under study. However, obtaining high resolution images from structures within tissue is
hampered by the scattering of light, which limits the imaging depth and blurs the image.
The most common clinically applied solution is to take a biopsy and analyzing a thin
slice through the microscope. In order to provide microscopic imaging in living tissue,
various techniques to circumvent the limitation by scattering have been developed over
the years. Optical coherence tomography (OCT) is one of these techniques, which uses
near-infrared light to record 3D images of biological tissue with a resolution usually in the
range of 5-15 μm, with an imaging depth of approximately 2 mm.1 The high-resolution is
achieved by a detection scheme which combines a confocal gate, and a coherence gate
in order to only detect the in focus light at controlled depths in tissue, thereby allowing
non-invasive cross-sectional imaging of tissue structure and morphology. In addition to
morphological imaging, advanced analysis of the images yields complementary information on microscopic tissue structure and organization not readily visible in the OCT
images.2–4 These tissue properties can be probed by quantification of tissue scattering
parameters, which can be extracted from OCT data using an appropriate model for the
OCT signal.5–7 A large number of studies have been dedicated to such quantitative analysis of OCT data to address clinical questions, mostly concerning tissue characterization.7
Many of these studies on ex vivo and in vivo tissues show promising results, indicating
that these parameters are sensitive to differences in sub-resolution tissue structure and
organization.6 However, the extracted quantitative parameters strongly depend on the
applied methodology, and are sensitive to input parameters.6,7 Currently, there is no
consensus on the methodology and the input parameters depend on human choices.
In order to determine the clinical value of quantitative OCT, the extracted parameters
should be reliable and robust. Furthermore, the sensitivity of these parameters to clini-

Figure 1. OCT scan of a finger a) 3D view (7 by 7 mm) b) with a cross sectional image. Three tissue layers distinguished in depth: stratum corneum, epidermis, dermis. A sweat gland is depicted
by the red arrow. The OCT image was collected using a swept source OCT system with a center
wavelength of 1300 nm.
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cally relevant changes in tissue should be determined. Therefore, standardization of a
validated model describing the OCT signal together with a robust method to extract
quantitative parameters is required. Moreover, a theoretical framework is needed to relate these quantitative OCT parameters to clinically relevant tissue properties. This thesis
addresses these needs and discusses the possibilities and pitfalls of clinical application
of quantitative OCT. Below follows a short introduction of the terminology and concepts
of OCT, tissue scattering and quantitative OCT.

Optical coherence tomography
An OCT system consists of a Michelson (figure 2) or Mach-Zehnder interferometer, which
is a beamsplitter that divides the light into two paths: the reference arm and the sample
arm.1 While the light in the reference arm is back reflected by a mirror, the light in the
sample arm is partially scattered back due to refractive index variations in the sample.
Then, the light from both arms is recombined in the beamsplitter and reflected on to the
detector. Because of the low coherence of the light source, interference between the
back reflected light of the reference arm and sample arm occurs when the path length
in both arms is matched within the coherence length. Hence, of all the backscattered
light OCT is exquisitely sensitive to light which has undergone one or a few scattering
events.1,4 The coherence length defines the axial resolution of the OCT system and is
given by1:
∆z =

2ln2 λ02
nπ ∆λ

(1)

where ∆z is the coherence length, n is the refractive index, λ0 is the center wavelength
and ∆λ is the bandwidth of the illumination source.
A depth profile (A-scan) of the sample is constructed based on the traveled path
length of the detected light. Lateral scanning of the beam over the sample then allows
construction of 2D (B-scan) and 3D (C-scan) images of the tissue under study. Measurement of a sequence of A-lines in time at the same location (M-mode scan) enables
time-resolved measurements. The lateral resolution of an OCT system is defined by the
sample arm optics. The imaging depth is determined by the illumination and detection
specifications, but is usually limited by wavelength dependent scattering by the sample.1
In general larger imaging depths can be achieved by longer wavelengths. To maximize
imaging depth commonly used OCT wavelengths (around 850, 1050, and 1300 nm) are
within the tissue optical window, a range of wavelengths in which light absorption in
living tissues is relatively low.

12
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Figure 2. Schematic view of a Michelson interferometer. The light from a broadband low-coherence
light source is divided by the beamsplitter in two paths i.e. the reference arm and the sample arm.
The back reflected light from both arms is then recombined by the beamsplitter, where after the
interference of the light between these two arms is measured by the detector.

Clinical application
OCT straddles the imaging resolution range between microscopy and clinical imaging
techniques such as ultrasound, MRI and CT. Due to its high resolution, non-invasive,
contact- and label-free imaging capabilities, OCT is well suited for clinical and intraoperative use.14 Moreover, its imaging speed enables collection of 3D data sets within
seconds, limiting the influence of motion artifacts induced by heartbeat and respiration.
To overcome the limited penetration depth in tissue, catheter-based and needle-based
OCT probes have been developed to enable minimally invasive imaging inside the human body.15–17 Images of tissue morphology have been successfully collected both ex
vivo and in vivo, of various human organs, including the retina, coronary artery, gastric
tract, urinary tract, prostate, breast, and brain. OCT has been adopted as a routinely
used clinical tool in two medical fields. In ophthalmology OCT is used in daily practice
to visualize the retina, cornea, retinal vasculature, and pre- and postoperatively in retinal
surgery;14 cardiological OCT is mainly used to visualize surgical implanted stents inside
the coronary arteries.18 Other imaging applications such as that of (epithelial) tumors and
vascular plaques are being explored in pre-clinical studies.7 Furthermore, studies towards
the clinical use of quantitative OCT are being pursued to obtain additional information
13

on microscopic tissue properties not readily visible in the OCT images.7 Microscopic
tissue properties such as structure, organization and flow determine tissue scattering
properties. This relationship can potentially be used to address important clinical questions concerning e.g. tissue characterization, grading of cancerous lesions and detection
of (blood) flow; as the structure and organization of tissue are altered due to disease,
pathological changes in tissue could be probed by determination of tissue scattering
properties. Experimental evidence shows that subtle changes between pre-invasive
cancer cells compared to normal cells,19 and for apoptotic compared to necrotic cells20
can be detected through the measurement of sample scattering properties.

Scattering properties
Scattering of light by tissue is determined by the spatial variation of the refractive index
which in turn is a result of tissue structure and organization. The variation of refractive index in tissue is known to exhibit fractal properties because of the wide range of scatterer
sizes present in the tissue.21–24 Scattering properties are commonly expressed in terms of
the wavelength dependent scattering coefficient (μs) in mm-1 and phase function (P(θ)).25
The scattering coefficient quantifies the probability of scattering per unit length. The
multiplicative inverse of the scattering coefficient (1/μs) therefore defines the average
path length light can travel in a medium without scattering. The phase function expresses
the probability of scattering per unit angle. A measure of the phase function is usually
given by the anisotropy factor (g), which is the average cosine of the scattering angle
(<cos(θ)>). g has values between -1 and 1, where g = -1 corresponds to full backward
scattering and g = 1 corresponds to full forward scattering. Furthermore the backscattering coefficient (μB) can be defined, which is the light scattered back under an angle of
180° with respect to the direction of the incident light.25 In practice, backscattered light
is measured within a finite numerical aperture, so that a backscattering coefficient μB,NA
can be defined which accounts for light scattered within the NA around 180 degrees.
For individual spherical particles Mie-theory can be used to calculate scattering properties i.e. scattering cross section (σs) and the phase function (P(θ)) as functions of particle
size, refractive index mismatch of the particle and the surrounding medium, and the
illumination wavelength.25 The scattering cross section expresses the loss of energy from
the incident beam due to scattering by a particle in area dimensions (mm2). For dilute
solutions μs is obtained by multiplying σs with particle concentration. For non-dilute
higher particle concentrations (>2 volume %), the calculation of μs can be augmented by
the Percus-Yevick structure factor, to include particle organization in the description of
scattering behavior.26
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Figure 3. A schematic overview of the relation between the OCT image, quantitative OCT-parameters, scattering properties and sample properties. Please note that this scheme only includes scattering and does not include absorption.

Quantitative OCT parameters
As discussed above tissue structure and organization can be probed by scattering
properties. These, in turn can be accessed by extracting quantitative parameters from
OCT data, such as amplitude, attenuation coefficient and speckle distribution (figure3).
Perhaps the most accessible and researched quantitative parameter in OCT is the attenuation coefficient, describing the decrease of the OCT signal in depth, for which the
symbol μt is often used. μt is formally defined as: μt = μs + μa, and is equal to μS in the
case of exclusively single scattered light and known absorption coefficient.6 However,
because this is not always the case in OCT we use the notation μOCT instead of μt. Additionally, the backscattering coefficient μB,NA, which is the backscattered signal integrated
over the detection numerical aperture of the system, can be extracted from the OCT
amplitude after careful calibration.6 In order to extract μB,NA and µOCT from OCT data, multiple models describing the OCT signal have been developed.4,6,7 The most commonly
used model is based on the first order Born approximation, which assumes that the field
inside the scattering volume is equal to the incident field; the OCT signal amplitude as
a function of depth in a homogeneous turbid medium is then usually described as a
single exponential decay, assuming the detected backscattered light has only interacted
with the sample in one scattering event. Further, omitting noise terms, the mean OCT
amplitude at depth z is expressed as6:
15

〈A(z)〉∝ √ μB,NA exp(−μOCT(z))

(2)

where, A(z) is the OCT signal amplitude; μB,NA is the backscattering coefficient; and µOCT
is the attenuation coefficient. Please note that Eq. (2) does not take into account system
dependent influences on the signal, which will be discussed in detail in the following
chapters in this thesis. In addition to μB,NA and µOCT, studies suggest that statistical measures of the speckle pattern in OCT images can be quantified as an additional parameter
to derive sub-resolution structural tissue properties, and potentially provide a tool for
tissue characterization in the clinic.27,28 In OCT, speckle is the voxel-to-voxel fluctuation
of the OCT amplitude caused by phase differences of the backscattered field due to the
spatial distribution of the scattering particles in the sample.22,29 Hence, speckle contains
information on the scattering particles that are in general smaller than the OCT resolution. Speckle-based flow measurements (e.g. in flow channels or blood vessels) have
shown promising results. Studies have established the relation between OCT speckle
and flow in the imaged sample, ranging from qualitative detection of flow in order to
visualize blood vessels, to quantitative analysis of flow velocity in controlled measurement settings.30–35

Aim and outline of this thesis
The aim of this thesis is to derive and validate a model describing the OCT signal, to
provide a robust method to extract quantitative parameters (amplitude, attenuation
coefficient and speckle distribution) from OCT data, and to relate these parameters to
sample properties (structure, organization and flow). In the first part of this thesis we
derive and validate a model for the OCT signal for mono-disperse and homogeneous
discrete random media (DRM). DRM are randomly positioned identical spherical particles
for which calculations of the scattering properties are straightforward, thereby allowing
the accurate study and separation of the influence of sample properties and system
properties on the OCT signal. As an experimental equivalent of DRM we use suspensions
of silica microbeads in water to create samples with controlled properties (size, refractive
index and concentration). By using differently sized silica microbeads at different concentrations we are able to generate samples covering a large range of optical properties.
In the latter part of this thesis, the findings of the first two chapters are applied in two in
vivo pilot studies investigating the feasibility of (intraoperative) quantitative OCT during
surgery. These two clinical applications are examples where non-invasive intraoperative
imaging could be a powerful and valuable aid to the surgical practice. The content of
each chapter in this thesis is discussed briefly below.
Chapter 2 describes a theoretical derivation of the OCT signal amplitude and speckle
distribution for mono-disperse and homogeneous DRM, assuming single scattering. This
16
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chapter provides a theoretical framework relating sample properties (particle size and
concentration) to OCT scattering parameters (μB,NA, μOCT and speckle variance). Chapter 3 presents a comprehensive approach enabling extraction of μB,NA and μOCT from
OCT data of mono-disperse and homogeneous DRM over a large range of scattering
properties. Here, the influence of multiple scattering is taken into account by using the
Extend-Huygens Fresnel model for OCT in conjunction with a priori knowledge of sample
properties. In both studies, model-based predictions are validated with experimentally
obtained OCT scattering parameters from silica microbeads in water. Chapter 4 is a
review of the literature on available models and methods to extract μOCT from OCT data,
and an overview of μOCT values obtained in (pre-)clinical studies. Chapter 5 investigates
the feasibility of in vivo quantitative OCT during brain tumor resection surgery, with the
ultimate aim of differentiating glioma tissue from normal brain tissue by μOCT. In chapter
6 speckle contrast of M-mode OCT scans is used as a tool to detect blood vessels in
in vivo OCT images collected during reconstructive gastric surgery, by distinguishing
areas with flow from the surrounding static tissue. . In both chapter 5 and 6, a robust and
validated data analysis pipeline is developed to automatically extract parameters from
OCT data. Finally, in chapter 7, the most important findings of this thesis are discussed
followed by suggestions for future research.
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CHAPTER 2
OCT amplitude and speckle statistics
of discrete random media

This chapter has been published as:
M. Almasian, T.G. van Leeuwen, D.J. Faber, OCT Amplitude and Speckle Statistics of
Discrete Random Media, Scientific reports (7), 2017

Abstract
Speckle, amplitude fluctuations in optical coherence tomography (OCT) images, contains information on sub-resolution structural properties of the imaged sample. Speckle
statistics could therefore be utilized in the characterization of biological tissues. However,
a rigorous theoretical framework relating OCT speckle statistics to structural tissue properties has yet to be developed. As a first step, we present a theoretical description of
OCT speckle, relating the OCT amplitude variance to size and organization for samples
of discrete random media (DRM). Starting the calculations from the size and organization
of the scattering particles, we analytically find expressions for the OCT amplitude mean,
amplitude variance, the backscattering coefficient and the scattering coefficient. We assume fully developed speckle and verify the validity of this assumption by experiments
on controlled samples of silica microspheres suspended in water. We show that the OCT
amplitude variance is sensitive to sub-resolution changes in size and organization of
the scattering particles. Experimentally determined and theoretically calculated optical
properties are compared and in good agreement.
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Introduction
Changes in the structural properties of tissue, such as the size and organization of cells
and cellular components, are important indicators of disease development and progression. As these changes will alter the interaction of light with the tissue, their quantification
employing optical techniques could enable minimally-invasive detection, early-stage
diagnosis, and monitoring of disease progression and treatment. Therefore, clinical studies aim to quantify tissue optical properties for the purpose of tissue characterization.1–6
Yet, the relation between structural properties and optical properties is less understood.
Optical coherence tomography (OCT) is a technique which allows for measurement of
tissue optical properties in a spatially confined region, corresponding to the OCT resolution; OCT-signal parameters amplitude and attenuation are determined as a measure
for sample optical properties. In our previous work we proposed and validated a reliable
approach to obtain the amplitude and attenuation coefficient from OCT data. By carefully taking into account system parameters such as confocal point spread function and
sensitivity roll-off, and the effects multiple scattering, we arrived at values for sample optical properties: backscattering coefficient (µb,NA) and scattering coefficient (µs).7 In addition
to the amplitude and the attenuation coefficient, studies suggest that statistical measures
of the speckle pattern in OCT images can be quantified as additional parameters to
derive sub-resolution structural tissue properties, and potentially provide for a tool for
tissue characterization in the clinic.8,9 Speckle in OCT is the voxel-to-voxel fluctuation of
the OCT amplitude caused by phase differences of the backscattered field due to the
spatial distribution of the scattering particles in the sample.10 Hence, speckle contains
information on the scattering particles that are in general smaller than the OCT resolution
of approximately 5-20 µm. Speckle-based flow measurements (e.g. in flow channels or
blood vessels) have been the focus of a large number of studies, in which flow information
is usually obtained by quantifying the speckle de- or auto-correlation between successive
scans of a fixed tissue location.

11,12

Here, we will focus on the characterization of static

speckle as a measure for structural tissue properties. Speckle, which from now on we will
refer to as the OCT amplitude distribution, can be studied by analyzing the distribution of
the amplitude values of a region of interest (ROI) in the OCT image. From the amplitude
distribution, values for the mean <A>, the standard deviation (σ), the variance (σ2) and
the contrast (c = σ/<A>) can be calculated. The amplitude distribution can also be fitted
with a probability distribution function, from which the function shape parameters can be
obtained. As a first step towards modelling the amplitude distribution from actual tissue,
we start with an analysis of discrete random media (DRM). For samples with randomly
positioned identical scattering particles within the sampling, or coherence volume VC
defined below, the backscattered field phases are uniformly and randomly distributed between 0 and 2π 13 For approximately >10 scattering particle the amplitude distribution for
23

the linear representation of the OCT signal is assumed to follow a Rayleigh distribution.14
For less than approximately 10 particles in VC contributing, it has been shown that the
contrast of the OCT amplitude distribution is proportional to particle concentration.14,15
In this study, we focus on samples with a density of more than 10 scattering particles in
the coherence volume VC. While different models have been proposed to describe the
OCT amplitude distribution in order to characterize tissue,8,11,15–17 a rigorous theoretical
framework relating the OCT amplitude distribution to structural tissue properties, such as
size and organization, has yet to be developed.
In this paper we therefore aim to study the relationship between the OCT amplitude,
its variance and the sample optical and structural properties. Starting from the properties of the scattering particles, e.g. size, concentration and refractive index, we derive
expressions for the OCT signal, the backscattering coefficient within the detection NA
(µb,NA) and scattering coefficient (µs), for discrete random media (DRM). Assuming the
OCT amplitude to be Rayleigh distributed, we find expressions for the amplitude mean
and amplitude variance in terms of sample optical properties. These expressions are
then used to study the relation between retrieved optical properties and particle size and
concentration. Experimentally, we study the dependence of the OCT amplitude and it’s
variance on sub-resolution changes in size and concentration of the scattering particles,
by probing controlled samples of silica microspheres suspended in water with equal µs,
but different scattering particle size. From the OCT data of these samples we determine
the attenuation coefficient and amplitude variance. After correcting for system parameters we compare the experimentally determined and the theoretically predicted values
of the optical properties. Furthermore, we use the OCT data to validate the assumption
of Rayleigh distributed OCT amplitudes and to study the influence of the ROI window
selection on the amplitude distribution.

Derivation of the OCT signal of DRM
We derive the OCT signal for discrete random media (DRM) containing mono-sized
spherical scattering particles that are randomly distributed throughout the sample. First,
we determine the organization of the scattering particles within the OCT coherence
volume (VC), defined as the volume of an ellipsoid in equation (1).15
4πω02√ 2ln(2)LC
(1)
6
where ω0 is the 1/e waist of the beam illuminating the sample and Lc is the coherence
VC =

length measured as the FWHM of the axial width of the coherence function in the medium. In our experiments, VC of ~ 20 x 103 μm3 with the average number of particles in
the VC for our system per sample is summarized in Table 1. It is assumed that for a given
location in the sample, only particles from within the coherence volume around that
location contribute to the OCT signal.
24
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sample

mean
diameter
(µm) TEM

Volume
Fraction (fv)

#
microspheres
in Vc

μs (mm-1)

amplitude
variance
(a.u.)

μb,NA (mm-1)

A

0.47 + 0.03

0.11, + 0.006

~4.0*104

3.8 + 0.11

1197 + 37

9.5 + 0.28 *10-5

B,
F

0.70 + 0.03

0.04, + 0.002
0.08 + 0.004

~4.7*103
~9.1*103

4.5 + 0.08
6.38 + 0.24

148 + 9
262 + 12

1.2 + 0.07 *10-5
2.1 + 0.06 *10-5

C,
G

0.91 + 0.02

0.03 + 0.002
0.06 + 0.003

~1.6*103
~3.1*103

4.24 + 0.13
6.39 + 0.22

267 + 7
503 + 15

2.1 + 0.005 *10-5
4.0 + 0.1 *10-5 (calibration)

D,
H

1.60 + 0.03

0.02 + 0.0001
0.04 + 0.002

~1.9*102
~3.9*102

4.26 + 0.20
6.11 + 0.30

12 + 1;
38 + 2

9.5 + 0.9 *10-7
3.0 + 0.2 *10-6

Table 1. Overview of the samples: mean and standard deviation of the diameter of the silica microspheres determined using transmission electron microscopy (TEM), volume fraction, and the
estimated number of silica microspheres in the scattering voxel. Experimentally obtained scattering
coefficient (μS) expressed as the mean and standard deviation obtained from five B-scans and the
experimentally obtained amplitude variance, and backscattering coefficient expressed as the mean
and standard deviation obtained from ten B-scans per sample.

The spatial distribution of the particles can be described by the average density ρ and
pair correlation function g(r⃑ − r⃑').18

g(r⃑ − r⃑') =

N

N

�∑ i=1 ∑ i≠1 δ(r⃑ − r⃑i) δ(r⃑' − r⃑j)�
ρ2

(2)

where ρ is the average particle density, N is the number of particles and δ(r⃑ − r⃑i) is a delta
function giving the position of the i’th particle. When the medium is homogeneous and

isotropic, the pair correlation function depends only on the distances between particles
e.g. |Δr⃑| = |r⃑2 − r⃑1| and an analytical solution can be found. In this case the pair corre-

lation function can be interpreted as a probability distribution for distances between
particles. It is normalized on the probability distribution of particle separations without
any constraints to particle placement, so that g(r) → 1 for large particle separations.

The Percus-Yevick solution19 to the pair correlation function for three volume fractions

(fv = ρ.Vparticle) is depicted in the left panel of Fig. 1, in which the horizontal axis is the

distance between particles normalized on particle diameter. Note the ‘forbidden’ region
of particle separations of r/D < 1 for all volume factions because hard spherical particles
cannot overlap in space. With increasing volume fraction the probability of finding a
2nd particle near a 1st particle increases, leading to increasing g(r) above at multiples of
the diameter and decreasing g(r) below unity in between. Placing particles at higher
multiples of the diameter is easier than placing at 1x or 2x the diameter. Therefore, the
amplitude of the peaks decrease and the peaks become broader at increasing value of
r. This organization of scattering particles in the sample is reflected in the light scattering
pattern via the Structure factor S(q), where q =

4π
1
sin θ ; with λ the wavelength and θ
λ
2

the scattering angle (Fig. 1, right panel). The structure factor forms a Fourier-pair with
the pair correlation function, and serves as a volume-fraction dependent weighting factor
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on the angular scattering pattern of the individual particles in the sample. Note that the
horizontal axis is multiplied with diameter for scaling. For extremely dilute samples S(q)
equal unity over the whole domain, indicating that the angular scattering pattern from
the sample is identical to that of the individual particles.

Figure 1. Pair correlation function (left) of mono-disperse DRM for increasing volume fractions
(0.01, 0.1, 0.2 and 0.3). The horizontal axis, the distance between particles is normalized on particle
diameter (D), r is the distance between particles. The corresponding structure factor (right), where
q is the scattering vector.

Second, we describe the complex OCT interference signal in the spatial domain, which
is given by x(z) + i y(z). The geometry and OCT signal description for this derivation
are given in Appendix Section I. Here, x(z) is detected directly in time domain OCT or
is obtained from the real part of the Fourier transform of the spectral interferogram in
spectral domain OCT (thus, the imaginary part of the complex OCT signal y(z) can be
obtained from x(z) through Hilbert transform in time-domain OCT or as the imaginary
part of the Fourier transform in spectral domain OCT, see Appendix Section II).
Optical path length z is measured from ‘zero delay’, i.e. the position at which optical
path lengths in sample arm and reference arm are equal. The real part x(z) and imaginary
part y(z) are cosine (resp. sine) modulated signals with zero mean, and equal, non-zero
variance. The OCT amplitude ‘A-line’ is found from the envelope of x(z) and y(z) by: A(z)
= √(x2(z)+y2(z)). Commonly, the logarithmic value of A(z) is plotted to obtain OCT images.
The random positions of the particles in the coherence volume (VC) implies that for N>10
the field collected from the sample arm follows the statistics of a random phasor sum and
that the OCT amplitude is Rayleigh distributed13 (Appendix Section III). This amplitude
distribution p(A) is described in (equation(3)). The mean <A> and the variance σA2 of the
OCT amplitude are given by equation (4), where σ2x,y denotes the variance of x(z) and y(z),
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respectively. This yields that the contrast of the amplitude, the ratio of standard deviation
4
over mean, in OCT is
− 1 ≈ 0.52 .14,20
π
2
2
A
p(A) = 2 e−A /(2σ )
(3)
σ

√

A

〈A〉 =

√2π σ

π⎞ 2
⎛
; σA2 = ⎝2 − ⎠ σx,y
2

2
x,y

(4)

We will now pursue an expression for the OCT amplitude mean and variance in terms
of the optical properties of the DRM. This requires calculation of x(z) and its variance. To
simplify calculations, we assume the reference mirror is perfectly matched with one reference particle in the sample (the position of this reference particle in depth direction is set
equal to the optical path length of the reference arm, Appendix Fig. 1). All subsequent
phase differences induced by positions within the coherence volume (Vc) are calculated
with respect to this reference particle (see Appendix section I). We further assume that,
by the 1st Born approximation, all particles within VC experience the same incident field.
To arrive at an expression for the real part of the OCT signal, x(z), the complex coherence function γ(z) (the Fourier transform of the light source spectrum) is convolved with
the reflectivity profile of the sample (a simulated example is shown in Appendix Fig. SI
2). The latter term may be described in terms of d-functions of particle position.21 The
contribution to x(z) from each individual particle is found by evaluating the scattered field
over the collection solid angle WNA determined by the numerical aperture (NA) of the
OCT system. In terms of the scattering vecto q⃑ = q⃑(θ) r, for which the magnitude is given

by |q⃑| 2ksin(θ/2) where q is the scattering angle, the expression for x(z) becomes:
x(z) ∝ Re � ∫ΩNA ∑i γ(q⃑ · r⃑i)eiq⃑ · r⃑

ƒ(θ,φ)
kR

dΩ �

(5)

where, f(θ,φ) is the field scattering amplitude which can be calculated using Mie theory
for spherical particles,22 R is the distance from particle to detection lens (which we assume
approximately equal for all particles), r⃑i is the position of particle i with respect to the
reference particle. The exponential term describes the phase difference q⃑ · r⃑i between

particle i and the reference particle. Since only particles within the coherence volume (Vc)

contribute to the signal, we further simplify the coherence gating term in this equation
by setting γ=1 and sum over N = ρVC particles, where ρ is the density of particles. For
discrete random media, the mean of Eq. 5 <x(z)> is 0. A detailed derivation leading to
equation (5) is given in Appendix Section IV.
To calculate the mean OCT amplitude <A>, equation (4), we proceed to calculate the
variance of x(z) from equation (5). A detailed derivation leading to equation (6) is given
in Appendix Section V. In equation (6) we have expressed the integration over the solid
angle of the detection NA in spherical coordinates, and used the fact that all particles
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are identical, so that we can make the following substitution for the squared scattering
amplitude in terms of the differential scattering cross section σscat(θ,φ) = ƒ(θ,φ)2/k2:
N

N

π
σx2 = 〈x(z)2〉 ∝ Re�∫02π ∫(π−NA)
〈∑ i=1∑ j=1 eiq⃑ · r⃑i eiq⃑ · r⃑j〉σscat(θ,φ)sinθdθdφ�

(6)

Note that for spherical particles at the sizes considered here, the differential scattering
cross section does not depend on φ so that integration over φ yields a factor 2π only.
Following Hansen and MacDonald18, the double sum between chevrons 〈…〉 can be
expanded as:

N

1 N N iq⃑ · r⃑i iq⃑ · r⃑j
〈∑ ∑ e e 〉 = pVcS(q) = pVc(1+ρ∫g(∆r)e iq⃑ · ∆r⃑ d∆r⃑)
N i=1 j=1

(7)

where S(q), or more conveniently S(θ) is the structure factor obtained as the Fourier
transform of the pair correlation function g(∆r) . With these substitutions, equation 6 then
simplifies to:

π

σx2 ∝ ρVc × 2π ∫(π−NA) σscat (θ)S(θ)sinθdθ

(8)

Equation (8) shows that the variance of x(z) and, by equation (4), the mean and variance
of the OCT amplitude contain information of the individual scatterer (through the differential scattering cross section), their density ρ and organization (through the structure
factor). Comparing the integral in Equation (8) with the definition of the total scattering
cross section ss (integral of the differential scattering cross section over the full angular
domain) and the definition of the scattering coefficient µs = ρσs; suggests the definition
of the “backscatter coefficient within the NA” as follows:
π

μb,NA = ρ2π ∫(π−NA) σscat (θ)S(θ)sinθdθ

(9)

So that σx2 ∝ μb,NA and σA2 ∝ μb,NA (Appendix Section VI). Theoretically, the NA could be

increased to capture all scattered light. Analogous to the derivation leading to equation
(9), this gives the total scattering coefficient:
π

μs = ρ2π∫0 σscat (θ)S(θ)sinθdθ

(10)

where the only difference between the ‘conventional’ expression for the scattering
coefficient is the inclusion of the structure factor, weighting the angular distribution of
scattered light to account for particle organization in the sample. The proportionality in
Equation (5), (6), and (8) depends on a number of system properties: the power in the
sample and reference arms, the detector quantum efficiency, and z-dependent factors
such as the confocal point spread function and sensitivity roll-off for spectral domain
OCT systems. We assume that these can be determined by calibration measurements
and therefore introduce the factor α(z).7 The proportionality also depends on signal losses
due to light scattering towards and from the backscatter position, which is accounted for
by the scattering coefficient in equation (10). (see Appendix Section VI for more detailed
discussion).
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By combing equation (4) and equation (8), we proceed to write the mean and the
variance of the OCT signal amplitude as a function of sample properties:

√

〈A(z)〉 = α(z)

π
μ V exp(−2μs(z−z0))
2 b,NA c

π⎞
⎛
σA2 (z) = α(z) ⎝2 − ⎠μb,NAVc exp(−2μs(z−z0))
2

(11)
(12)

where z0 is the axial distance from zero-delay to the sample boundary. The exponential
factor accounts for light attenuation to and from the reference particle, where z is now
measured from zero delay.
We have thus derived the OCT amplitude (equation (11)) and amplitude variance
(equation (12)) as functions of depth and the optical properties µs and µb,NA, which are
in turn expressed in terms of the scattering cross section (σscat) and structure factor (S(θ))
in equation (9) and (10). Through the initial assumption of a homogeneous, isotropic
medium, both µb,NA and µs have no z-dependence in the sample.

Methods
Sample preparation
Mono-disperse silica microspheres (Kisker Biotech, Steinfurt, Germany) with mean diameters of 0.47, 0.70, 0.91, 1.60 µm (determined with transmission electron microscopy
(Philips CM-10)
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) were suspended in water to prepare samples with scattering coeffi-

cients of 4.0 mm-1 (+ 0.5 mm-1) and 6.0 mm-1 (+ 0.5 mm-1). The required silica microsphere
volume fractions were calculated using inverse Mie theory (differential scattering cross
section) and the Percus-Yevick structure factor equation (10), given the density of the
silica microspheres by the manufacturer (2.0 gram/cm3). Sodium dodecyl sulfate (0.03
mM) was added to the suspensions to prevent aggregation of the silica microspheres.30
An overview of the prepared samples and the average number of microspheres within
the OCT coherence volume (equation (1)) is given in Table 1.

OCT experiments and data analysis
OCT data were recorded using a Santec IVS 2000 swept-source OCT system, with a center
wavelength of l0= 1309 nm, ~100 nm sweep range, with a sweep rate of 50 kHz. The
FWHM measured axial resolution was 18 μm in air. The NA, FWHM beam waist (ω0) and
Rayleigh length of the system were determined based on a knife-edge measurement and
were 0.02, 25 μm and 960 μm, respectively. The focus position was aligned with the zero
delay position. The samples were measured in a 1 mm quartz cuvette, with the inner
boundary of the cuvette placed at 1 mm (+/-50 µm) from zero delay. All samples were
measured without moving the cuvette, to ensure no change in optical geometry in be29

tween measurements. From every sample 10 cross section images (B-scan) were recorded.
Every B-scan contained 1000 adjacent A-lines over a lateral scanning range of 5 mm.
The attenuation coefficient of the OCT signal in depth was obtained by Non-Linear
Least Squares fit (custom written code in LABVIEW 2013, National Instruments) of a
single exponential decay in which the amplitude A and the decay constant µfit were free
running parameters. The average noise level, directly at the backside of the cuvette,
was added to the fit as a fixed offset. The region of interest (ROI) over which the fit was
performed was chosen manually. The final µfit value was obtained as the mean value of
100 automatically performed fits, in which the ROI boundaries were varied within 5%.
The obtained attenuation coefficient of the samples was corrected for the group refractive index of water (n= 1.34) and system parameters (point spread function and sensitivity
roll-off) as described in Ref 7. This procedure was carried out for five B-scans per sample
from which the mean value and standard deviation of µfit were obtained.
Speckle variance, contrast and mean of all samples were calculated from the linear
OCT data using a custom written JAVA code. The ROI window was set at ~0.03 mm
optical path length below the cuvette wall-sample interface and was ~ 0.08 mm (optical
path length) in depth (Appendix Information Section IX), except for the experiments
presented in Figure 7 in which the window is enlarged in depth with fixed upper boundary. To avoid effects of attenuation within the ROI, the ROI size in depth is smaller than
1 mfp (~ 0.15 mm optical path length) unless specified otherwise. The lateral size of the
ROI window was chosen such to ensure a speckle contrast around 0.52 corresponding
to fully developed speckle.13,14 The mean and standard deviation of the speckle variance
within the ROI window was obtained from ten B-scans per sample.
The obtained speckle variance values from the experimental data were scaled to the
calculated 𝜇B,NA curve using a scaling factor calculated using sample G. This 0.91 μm diameter silica microsphere sample was chosen for calibration because of the low standard
deviation of the measured speckle variance.

Theoretical calculations
Theoretical µs and µb,NA curves were calculated using a custom written Labview code
(Labview 2013, National Instruments). Mie calculations from Ref.31 were implemented
to calculate the differential scattering cross section for each particle from the mean
diameter of the particles determined with transmission electron microscopy (Table 1),
integrated over spectral bandwidth. Both the refractive index of the medium and silica
microspheres varied with wavelength, with values of 1.324 for water32 and 1.425 for the
silica microspheres at 1300 nm.7,33 The concentration-dependent µs (equation (10)) and
µb,NA (equation (9)) were calculated by combining Mie-calculated σS(θ) with the structure
factor S(θ). Mean particle diameter, refractive indices, wavelength, volume fraction, and
system NA were used as input parameters.
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Results
Optical properties of DRM
Equation (9) and (10) were used to calculate the values of the scattering coefficient (µs)
and the backscattering coefficient (µb,NA) as a function of particle size and concentration.
For completeness, the scattering anisotropy (g) is also calculated. The results are plotted
as a function optical size (D.k0, k0=2π/λ0,vaccuum) for four volume fractions of scattering particles (0.01, 0.1, 0.2 and 0.3) at three commonly used OCT wavelengths with a Gaussian
bandwidth in Fig. 2-4. The center wavelengths (λ0) and FWHM bandwidths ∆λ, which is a
fixed ratio of the central wavelength, used for the calculations are: 850 (∆λ 65) nm, 1050
(∆λ 81) nm and 1300 (∆λ 100) nm. The µs curves are plotted in Fig. 2. The magnitude of
µs decreases with increasing wavelength, and increases non-linearly with an increase in
scattering particle concentration. The scattering anisotropy (g), which is a measure for
the directionality of the phase function and is defined by <cos (θ)> of the phase function,
is plotted in Fig. 3.
Note, that contrary to Mie-predictions (Appendix Section VII) the anisotropy changes
with volume fraction. This concentration-dependent effect is taken into account by

Figure 2. Calculated scattering coefficient (µs, equation (10)) as a function of optical particle diameter (D. k0, k0=2π/λ0, vacuum) for increasing volume fractions (0.01, 0.1, 0.2 and 0.3) at three common
OCT wavelengths and bandwidths: λ0 = 850 (∆λ 65) nm, λ0 = 1050 (∆λ 81) nm and λ0 = 1300 (∆λ
100) nm. The used refractive index of the medium and silica beads were 1.324 and 1.425 at 1300
nm, respectively. The refractive indices were varied with wavelength and bandwidth for the calculations. The magnitude of µs decreases with increasing wavelength, and increases non-linearly with an
increase in scattering particle concentration.
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Figure 3. Calculated scattering anisotropy (g) as a function of optical particle diameter (D. k0,
k0=2π /λ0, vaccuum) for increasing volume fractions (0.01, 0.1, 0.2 and 0.3) at three common OCT
wavelengths and bandwidths: λ0 = 850 (∆λ 65) nm, λ0 = 1050 (∆λ 81) nm and λ0 = 1300 (∆λ 100) nm
(the curves of the different wavelengths overlap). The used refractive index of the medium and silica
beads were 1.324 and 1.425 at 1300 nm respectively, the refractive indices were varied with wavelength and bandwidth for the calculations. The anisotropy (g) is calculated as the average cosine of
the concentration-dependent phase function. Note that for high volume fractions, g can become
negative indicating a predominantly backward angular scattering pattern.

Figure 4. Calculated ratio of the backscattering coefficient over the scattering coefficient (µb,NA / µs,
equation (9) and (10)) as a function of optical particle diameter (D.k0, k0=2π /λ0,vacuum) for increasing volume fractions (0.01, 0.1, 0.2 and 0.3) at three common OCT wavelengths and bandwidths:
λ0 = 850 (∆λ 65) nm, λ0 = 1050 (∆λ 81) nm and λ0 = 1300 (∆λ 100) nm (the curves of the different
wavelengths overlap). The used refractive index of the medium and silica beads were 1.324 and
1.425 at 1300 nm respectively, the refractive indices were varied with wavelength and bandwidth
for the calculations. The typical Mie oscillatory pattern in the backscatter coefficient is clearly present. The black circles indicate the experimental data points A-H and the corresponding error bars.
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the addition of the structure factor to the Mie-based calculation of the phase function.
Contrary to linear upscaling of the Mie-predictions, when the concentration-dependent
effects are taken into account, the shape of the phase function changes with concentration (Appendix Section VIII). For the lowest volume fraction of 0.01, the structure factor
S(θ) (right panel Fig. 1) converges to unity and the integral part of equation (9) and (10)
converge to the concentration independent expressions. The ratio of µb,NA over µs, which
describes the fraction of backscattered photons within the system NA independent of
scattering efficiency and density of the scattering particles, also called PNA, is plotted Fig
4. The periodic Mie oscillations are clearly visible in Fig 4.
The OCT attenuation coefficient and amplitude variance of the silica microsphere
samples were obtained from the OCT data. After calibration for system parameters

Figure 5. Amplitude histograms of the samples within the region of interest fitted with a Rayleigh
distribution (Eq.3). The R2 values for all fits are between 0.98 and 0.99. The R2 and amplitude variance (σ2) from the fit are given per sample. The Region of interest was 0.08 mm in depth and ~3.5
mm in width, starting at 0.03 mm optical path length below the cuvette-sample interface.
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(roll-off and point spread function) the attenuation coefficient is assumed equal to µs.7
Here, we correct for water absorption at 1300 nm, and assume minimal contribution of
multiple scattering in the studied samples. The results of the experimentally determined
values of µs and amplitude variance are summarized in Table 1. We found that samples
with (approximately) equal µs, but differently sized silica microspheres had different
values for the amplitude variance. To facilitate comparison between the experimental
and calculated optical properties, the experimental values of the amplitude variance are
scaled to the calculated µb,NA values using a scaling factor derived from data point G. The
experimentally determined ratio of µb,NA and µs for samples A to H are plotted in Fig. 4
together with the calculated curves of µb,NA/µs.

OCT amplitude distribution
The amplitude distributions p(A) obtained from the same ROI window which also yielded
the values for the amplitude variance of samples A-H (Table 1), are plotted in Fig. 5. The
amplitude histograms are normalized such that the area under the curve equals 1, the
histogram is then fitted with a Rayleigh distribution (equation(3)). The corresponding
goodness of the fit R2 and the variance (σ2) of the fit are reported.

Figure 6. Left panel: square root of the amplitude variance from within a ROI window of 0.08 mm
in depth, ~3mm in width, moved in depth (red circles) and mean amplitude of the OCT signal (black
line) of sample A. A single scaling factor (α) is used to scale the square root of the amplitude variance
to the mean amplitude. Panels on the right side shows the histograms of the amplitude distributions
within the ROI from points a-c as indicated with arrows in the left panel. The amplitude distributions
are fitted with a Rayleigh distribution (equation (3)), giving the reported contrast, speckle variance
and R2 of the fits. The amplitude stays Rayleigh distributed when the ROI is moved in depth, until
regions of very low SNR are reached (point c).
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Influence of the ROI window on the OCT amplitude distribution
The influence of the ROI window on the amplitude distribution, variance and contrast
as well as the relation between amplitude variance and the mean amplitude of the OCT
signal (equation (4)) were studied by varying the location and size of the ROI windows.
Figure 6 summarizes the results for a ROI window (0.08 mm in depth) which was moved
down along the depth-axis in the OCT image. The lateral dimensions of the ROI were
chosen such that the amplitude contrast equaled 0.52. The square root of the amplitude
variance is proportional to the amplitude of the OCT image as described by equation (4).
Figure 7 summarizes the results for a ROI window which was increased in size along the
depth-axis. The amplitude variance decreases as the window size increases. Conversely,
the amplitude contrast increases with increasing window size and deviates from the theoretical value of 0.52: the contrast value exceeds 0.6 for ROI windows larger then 1/µs in
depth. The amplitude distributions corresponding to four ROI window sizes are plotted
and show that the distribution deviates from a Rayleigh as strongly attenuated (lower
amplitude) signal contributes to the amplitude distribution from within the ROI window.

Figure 7. Change in amplitude contrast vs. ROI size along the depth axis, of sample A. Left panels
show the amplitude variance (a) and contrast (b) for a ROI window that is enlarged in size in depth,
starting at 0.03 mm optical path length below the cuvette-sample interface. ROI width was ~3.5
mm. In the right panel: amplitude histograms of four specific window sizes (0.08 mm, 0.18 mm, 0.36
mm, 0.50 mm optical path length).
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Discussion
In this paper we present an analytical derivation of the OCT signal of discrete random
media as a function of structural and optical sample properties. To this end, we express
the OCT signal in depth as a function of sample optical properties (µs and µb,NA) which are
in turn calculated from the following sample properties: particle size, concentration and
refractive index. Further, the effect of nonlinear scaling of optical properties with volume
fraction (concentration-dependent scattering7,23) as expressed by the structure factor
S(θ) follows directly from the consideration of both intensity and phase of the backscattered sample field. Figure 2-4 show the concentration-dependent µs, µb,NA, µb,NA /µs ratio
and scattering anisotropy calculated with equation (9) and (10) as a function of particle
size at different volume fractions. Consistent with our previous work7,23 we see that the
concentration-dependent results (caused by inclusion of the structure factor) differ from
the Mie-predictions (Appendix Section VII): the scattering coefficient and backscatter
coefficient increase, with increasingly slower rate with concentration. Second, the structure factor causes an angular redistribution of the scattered light (Appendix Section VIII),
effectively causing the backscatter coefficient to increase at a faster rate than the total
scattering coefficient.
To arrive at an expression for the OCT signal amplitude and its variance (i.e. speckle)
we assume the OCT amplitude to be Rayleigh distributed.13,14,16,20 While in literature the
OCT amplitude distribution has been modelled using various distribution functions8,17, a
rigorous physical framework for the OCT amplitude distribution has yet to be developed.
Krillin et al.17 performed Monte Carlo simulations in which the phase of the photons is
tracked, and compare the simulated speckle with experimental OCT data of polystyrene
microspheres suspended in water. They show that the experimental and simulated speckle
distributions are both well described by a gamma function. Similarly, Weatherbee et al.,24
compare a Rayleigh distribution to a K-distribution to describe the OCT amplitude distribution. Their results show that for a large number of scattering particles both Rayleigh
and K-distributions correspond well with the experimental speckle distribution, while
for a small number of scattering particles per voxel (N=2.4 and N=0.6) a K-distribution
appears more appropriate. The samples used in our study far exceed such particle densities so that statistics corresponding to the Rayleigh distribution are expected. Hillman
et al. have previously shown that for samples with N>10 randomly distributed scattering
particles, the contrast of the OCT amplitude distribution is equal to 0.52, consistent with
a Rayleigh distribution. Our experimental results confirm these findings and we conclude
that the OCT amplitude distribution for homogenous samples is well described by a Rayleigh distribution, and that consequently the amplitude variance is proportional to the
mean amplitude. While we found the amplitude distribution for homogeneous samples
to be Rayleigh distributed, the amplitude distribution of inhomogeneous samples may
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differ, conceivably providing a measure for tissue heterogeneity. These findings yield
the first rigorous analytical framework describing the OCT amplitude distribution and
its variance. For practical use of OCT amplitude distribution statistics as a quantitative
measure for structural properties, we have studied the influence of the axial size and
position of the ROI window on the obtained amplitude distribution. We found that when
sampling the amplitude distribution from a ROI window of fixed size which is moved in
the axial direction, the amplitude distribution continues to have a Rayleigh distribution.
Conversely, sampling the amplitude distribution from a ROI window which is successively
increased in depth, the amplitude distribution increasingly deviates from a Rayleigh distribution the larger the window becomes: by incorporating areas of strongly attenuated
OCT signals, the tail of the distribution becomes more pronounced.
To further validate our description of the optical properties µS and µB,NA, we compared
calculated with OCT-derived optical properties for controlled sample of silica microspheres by obtaining the attenuation coefficient and amplitude variance from OCT
data and carefully calibrating for system parameters. For the scaling between amplitude
variance and µB,NA calibration factor α(z) was obtained from sample G and used for all
samples. The experimentally determined values are in good agreement with the calculated curves. Here, we assumed minimal signal contribution by multiply scattered light
in the reported samples, so that µOCT ≈ µS. This assumption follows from previous work
where we show that the amount of multiple scattering contributing to the signal only has
a significant influence (>10%) in samples with a high µS and high scattering anisotropy
(g), which is only the case for sample H. Finally, the calculated and experimental results
indicate that DRM optical properties, for samples with approximately >10 scattering
particles per voxel, (µS and µB,NA) are sensitive to sub-resolution changes in size and
concentration of the scattering particles: for homogenous samples the backscattering
coefficient is proportional to the variance of the amplitude distribution. This relation
could be used as an additional parameter to differentiate between samples with equal
µs. Moreover, the results suggest that µS and µB,NA could be used to obtain sub-resolution
size information of the scattering particles.25 However, the calculated curves show that
this approach is hampered by the periodic dependence of µB,NA as a function of optical
size. For determination of sizes that range over multiple periods (Fig. 4) the results would
not converge to a single solution. This problem may be overcome using measurements
at a large range of wavelengths.26
The presented derivation of the OCT signal applies to homogeneous samples of monodisperse DRM, which is not directly applicable to tissue. Likely, the scattering properties
of tissue are more realistically described using a Continuous Random Medium formalism.27,28 However, the parameters for CRM modeling (refractive index correlation length,
refractive index variance, ‘fractal parameter’) are not easy to control in samples made
for validation. Our first step towards the extraction of quantitative measures of tissue
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organization from OCT measurements is modelling and validating samples of DRM. The
scattering coefficients can reliably be described with the Percus-Yevick solution for the
pair correlation function (organization) and Mie theory (scattering). The input parameters
for these calculations are well known and by comparing theoretical predictions with.
experimental results we are able to validate our approach in this paper as well as in our
previous work.7 The next step, towards a model for tissue scattering, is to find expressions
for the scattering properties of poly-disperse samples. For bi-disperse samples, analytical solutions may still be available allowing thorough validation. Samples with a broad
distribution of spherical particles, such as Intralipid samples, form an interesting case
since it may be possible to describe them both by formalisms based on (poly-disperse)
DRM and based on CRM. Our expectation is that ultimately, this will allow better physical
interpretation of CRM-derived properties. Although limited to DRM, the presented derivation of the OCT signal yields novel physical insight on the relation between structural
properties of a sample on the OCT-derived optical properties. These results may have
implications for clinical research, as the ability to probe size and organization of cells and
cellular structures is essential to assessing the function and health of biological tissues.9,29
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CHAPTER 3
Validation of quantitative attenuation and
backscattering coefficient measurements by
optical coherence tomography in the concentration
dependent and multiple scattering regime

This chapter has been published as:
M. Almasian, N. Bosschaart, T.G. van Leeuwen, D.J. Faber, Validation of quantitative
attenuation and backscattering coefficient measurements by optical coherence
tomography in the concentration-dependent and multiple scattering regime, Journal
of Biomedical Optics (20), 2015

Abstract
Optical Coherence Tomography (OCT) has the potential to quantitatively measure optical properties of tissue such as the attenuation coefficient and backscattering coefficient.
However, to obtain reliable values for strong scattering tissues accurate consideration
of the effects of multiple scattering and the non-linear relation between the scattering
coefficient and scatterer concentration (concentration dependent scattering) is required.
We present a comprehensive model for the OCT signal in which we quantitatively account for both effects, as well as our system parameters (confocal point spread function
and sensitivity roll-off). We verify our model with experimental data from controlled
phantoms of mono-disperse silica beads (scattering coefficients between 1 – 30 mm-1
and scattering anisotropy between 0.4-0.9). The optical properties of the phantoms
are calculated using Mie-theory combined with the Percus-Yevick structure factor to
account for concentration dependent scattering. We demonstrate excellent agreement
between the OCT attenuation and backscattering coefficient predicted by our model
and experimentally derived values. We conclude that this model enables us to accurately
model OCT-derived parameters (i.e. attenuation and backscattering coefficient) in the
concentration dependent and multiple scattering regime for spherical mono-disperse
samples.
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Introduction
Optical coherence tomography (OCT) is a light-scattering based imaging modality which
allows micrometer-scale resolution volumetric imaging and characterization of tissue
morphology. Several (pre-clinical) studies show a correlation between the pathological
state of the tissue and an OCT-derived attenuation coefficient, µOCT, which quantifies
the decay of the OCT signal in depth.1–4 Despite promising results, the underlying cause
of this correlation is not theoretically explained The hypothesis of a higher attenuation
for cancerous versus non-cancerous5 (relying on assumed structural differences between
cancerous versus non-cancerous) does not seem to hold for all tissue types.6–8 For reliable clinical use the validation of quantitative measurement of OCT-derived attenuation
coefficient (µOCT) and amplitude (determined by the backscattering coefficient within
the numerical aperture (NA) of the optics, µB,NA) is paramount, e.g. to determine cut-off
values for various tissue types. To obtain tissue optical properties µOCT and µB,NA, system
parameters (confocal point spread function and sensitivity roll-off) should be calibrated
for. Moreover, within the scattering regime of biological tissue effects as the concentration dependent scattering and multiple scattering should be taken into account in order
to understand the measured attenuation. Due to concentration dependent scattering,
the “bulk” scattering properties at high volume fractions cannot be calculated from super
positioned scattered intensities of individual particles. Rather, scattered fields need to be
added, and their interference should be accounted for by incorporating a “structure
factor” in the calculation of the scattering properties. The structure factor for discrete
random media (DRM, i.e. suspensions of mono-disperse silica beads) considered in this
paper can be calculated using the Percus-Yevick equation.9,10 Using Mie solutions to the
Maxwell equations one can calculate the scattering properties of a single spherical particle. At times, the Mie solutions for a single particle are linearly extrapolated to obtain
the scattering properties of an ensemble of particles. For very dilute solutions µS scales
linearly with volume fraction. However, at higher concentrations dependent scattering
leads to lower values for the scattering coefficient (µS). At higher scattering coefficients
and scattering anisotropy, the contribution of multiple scattered light to the OCT signal
is increased, which leads to a decreased measured µOCT compared to the µS. The separation of the effects of concentration dependent and multiple scattering is challenging, as
both lower the value of µOCT compare to predictions based on linear extrapolation of Mie
calculated scattering cross-sections.
The aim of this study is to quantitatively derive and validate the values of µOCT and
µB,NA from the OCT signal, by correcting for system parameters and take into account the
effects of multiple and concentration dependent scattering.
We first describe a generic model of the OCT signal in Sec. 2 in terms of system
parameters (confocal point spread function and sensitivity roll-off) and pursued proper45

ties µOCT and µB,NA. We discuss the calculation of the scattering properties of the phantom
materials taking into account concentration dependent scattering. Next, we summarize
the Extended Huygens Fresnel model11,12 to account for multiple scattering in OCT
signals, and combine it with the calculations of the DRM scattering properties to arrive at
theoretical predictions for µOCT and µB,NA. Section 3 describes a practical way to account
for system-induced attenuation, sample preparation and data analysis. We propose
to use discrete random media (DRM) as validation phantoms, i.e. samples of spherical
scatterers with known size distribution, for which the OCT-derived µOCT and µB,NA can be
calculated. The values of µOCT and µB,NA of the DRM should match the range of values
found in tissue as closely as possible (roughly 1 – 30mm-1 in our experiments). Therefore, samples of different size distributions and volume fractions need to be prepared.
Finally, in Sec. 4 and 5, respectively, we present our results showing excellent agreement
between experimental and predicted µOCT and µB,NA, and discuss our results and their
clinical implications.

Theory
Generic model of the OCT signal
The most common approach to date to quantify optical properties from OCT images is
by means of Non-Linear Least Squares (NLLS) curve-fitting of an OCT signal model to
the measured data. If the signal model is parameterized properly, such that no mutual
dependence exists between the fit parameters, the covariance matrix obtained from
the NLLS fit procedure yields uncertainty estimates on the fitted parameters such as
standard deviation of multiple fits for which the ROI is changed with 10%. We adopt the
model by XU et al.13, which assumes only single backscattered light contributes to the
OCT signal. Light to, and from, the backscatter location at depth z is attenuated due to
scattering and absorption. This is accounted for by the attenuation coefficient µt, such
that µtdz is the probability of interaction in path length dz and 1 – µtdz is the transmission
probability The intensity incident at the backscattering site is thus reduced by a factor
(1 – µtdz1)×(1 – µtdz2) ×…×(1– µtdzN) compared to the intensity impinged on the tissue. If
lim (1−μ z )n=e−μtz.
the sample is homogeneous and the product µtdz is small, we write n→∞
t
n
Several pre-clinical and phantom studies demonstrated that, for most tissues, the OCT
signal amplitude versus depth z is best described by this single exponential decay curve,
combined with descriptions for the confocal point spread function (PSF)14,15 and sensitivity roll-off in depth for frequency domain OCT systems. The resulting expression for the
mean-squared OCT depth signal after noise-subtraction for z ≥ z0 is: 16,17
〈A2(z)〉 = α ∙ T(z−zf) ∙ H(z) ∙ μb,NAexp(−2μOCT (z−z0))
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(1)
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Where zf and z0 are the depth positions of the focus and the tissue boundary with respect
to zero-delay respectively, α is a system-dependent factor (which can be calibrated) that
includes the power incident on the sample, the quantum efficiency of the detector and the
source coherence length. 18,19 The function T(z– zf) is the confocal point spread function,
1
T(z−zf) = ⎛ z−zf ⎞2
⎝ 2nZR0 ⎠ + 1

(2)

where ZR0 = πw02/ λ0 is the Rayleigh length (½ the depth-of-focus) of the sample arm optics measured in air, and n the refractive index of the medium, λ0 the center wavelength
of the OCT source and w0 the beam waist at the focus (defined as the beam radius
where the intensity drops to a factor 1/e2 of its maximum). The factor 2 accounts for
the apparent doubling of the Rayleigh length for diffuse reflection.15,20 The PSF can be
calibrated for example by measuring the depth-of-focus using a mirror, or by knife-edge
measurements of w0.
The expression for the sensitivity roll-off in depth H(z) is given in terms of sampling and
optical resolution (in wavenumbers) in Eq.3.21
2
2
sin(0.5Δksamplingz) ⎞2
⎛ − Δk opticalz ⎞
H (z) =⎛⎝
exp
⎝
8ln2 ⎠
0.5Δksamplingz ⎠

(3)

The sampling resolution is calculated as (kmax-kmin)/NSAMP where NSAMP is the number of
pixels/samples taken per spectrum and kmax and kmin are the maximum and minimum
wavenumber supported by spectrometer or swept source. For spectrometer-OCT
systems, Δkoptical is determined by the dispersion linewidth of the spectrometer. For
swept-source OCT systems, it is the instantaneous line width of the source. Both systems
resolutions, the first and second term in Eq. 3 can be calibrated separately. In Sec. 3.1 we
present a practical approach to calibrate T(z-zf) and H(z) together from an OCT measurement of very weakly scattering media.
The last term of Eq.1, μB,NAexp(-2μOCT (z - z0)), contains the optical properties of the
sample but is influenced by system properties as well. The backscattering coefficient
within the NA (µB,NA) clearly depends on the confocal properties of the OCT system.
Throughout this paper, we assume µB,NA only differs per sample but for each individual
sample is constant in depth for homogeneous phantoms. The decay constant µOCT
depends on the scattering coefficient µS and absorption coefficient µA. For weakly scattering samples, with negligible contribution of multiple scattered light, µOCT = µS + µA.
The experimentally obtained value may be influenced by the contribution of multiple
scattering to the OCT signal, determined by the confocal properties of the system and
on the angular scattering characteristics of the sample. Both a lower NA and samples
with highly forward directed scattering combined with a high scattering coefficient,
corresponding to values of the scattering anisotropy g close to unity, lead to larger con47

tributions of multiple scattered light in the detected signals.12 Thus, for these situations,
detection of multiply scattered light leads to a decreased decay of the OCT signal in
depth, i.e. µOCT < µS+µA. In that case Eq. 4 is applicable:
μOCT = fNA , g(μS) + μA

(4)

where the mapping function fNA,g depends on confocal system properties and sample
angular scattering properties. A similar equation was proposed by Jacques et al.22 based
on Monte Carlo simulations. The calculation of µS and µB,NA are detailed in Sec. 2.2.
The multiple scattering mapping function fNA,g is discussed in Sec. 2.3. At the clinically
applied wavelength of 1300 nm, scattering dominates over absorption (µS>>µA).

Optical properties of the phantom
Consider an isotropic Discrete Random Medium (DRM) consisting of identical ‘hard’
spherical particles with known number density ρ [# particles/m3]. The particles cannot
overlap in volume. For the individual particles, Mie theory23 yields the differential scattering cross section σS(θ) [m-2 sr-1] where θ is the scattering angle. The total scattering
cross section is found by integrating over the angular coordinates while taking into
account phase differences in the scattered fields from the different particles (which are
determined by their distinct positions r):
π

σs = 2π ∫0 σs(θ)〈∑Nu=1 ∑Nv=1 eiq⃑ (θ) ∙ r⃑ ue iq⃑ (θ) ∙ r⃑v〉sinθdθ

(5)

The term between chevrons �…� defines the structure factor S(q⃑), where q⃑ is the scattering vector q⃑ = k⃑ out-k⃑ in, |q⃑|=q=2ksin(θ/2). The ensemble average runs over a volume

containing N particles with position r⃑u.(and r⃑v) and thus depends on volume fraction

fv. The structure factor describes the accumulative effect of interference between the

fields scattered from the N contributing particles under the assumption that each of
the particles is illuminated by the same incident field (1st Born approximation). If no
interference takes place, the terms where u≠v vanish and S=1. In general, interference
takes place and the structure factor depends on number density ρ or volume fraction fv =

ρVP (“concentration dependent scattering”), where Vp = πD3/6 is the volume of a spherical particle with diameter D. For the DRM under consideration, the structure factor is
calculated as the Fourier transform of the Percus-Yevick equation for the pair correlation
function (PCF, which is interpreted as a normalized distribution of distances r between
particle pairs).9,24 For dilute suspensions of hard spheres of diameter D, PCF(fV, r) = 0
when r < D and unity otherwise. For higher volume fractions PCF (fV,r) shows a damped
oscillatory behaviour, with increased probability of finding pair separations at multiples
of D and decreased probability in between. In the limit r→∞, PCF(fV,r) goes to unity. The
structure factor that can be described as S(fV,θ) is approximately constant at unity for low
volume fractions. Equation 5 shows that non-unity S(fV,θ ) at higher values of fv cause an
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angular redistribution of scattered light by the medium compared to that of a single
particle (it serves as a weighting function for the differential scattering cross section).
Figure 1 shows a graph of the structure factor at volume fractions 0.001, 0.2 and 0.5 as
function of Dq = (kD)•2sin(θ/2). The curve was calculated using the algorithm described
in Ref. [24], as the numerical Fourier transform of the Percus-Yevick PCF.
The scattering coefficient (the product of particle density and scattering cross section,
µS=ρμS) is then calculated as:
μS =

fV
π
∙ 2π ∫0 σs(θ)S(fV,θ)sinθdθ
Vp

(6)

The backscattering coefficient within the detection NA is calculated similarly, by adjusting the integration boundaries to [π -arcsin(NA) to π]:
fV
π
μb,NA = ∙ 2π ∫π-arcsin(NA) σs(θ)S(fV,θ)sinθdθ
Vp

(7)

Consequently, both µOCT and µB,NA depend both on the differential scattering cross section of the particles comprising the DRM (calculated by Mie theory) and on the volume
fraction of the particles (accounted for by the Percus-Yevick structure factor).

Figure 1. Shows a graph of the structure factor at volume fractions fv=0.001, 0.2 and 0.5 as function
of Dq = (kD)•2sin(θ/2). The curve was calculated using the algorithm described by Tsang et al24, as
the numerical Fourier transform of the Percus-Yevick pair correlation function.
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Multiple scattering model
For a high value of the sample’s scattering coefficient (µS) and scattering anisotropy (g)
close to 1 an increased contribution of multiple scattered light to the OCT signal will lead
to a reduced measured µOCT. The most comprehensive model to date describing this
effect is based on the Extended Huygens Fresnel (EHF) principle introduced by Schmitt
et al.11and Thrane et al.12 Here, in the paraxial approximation, the mean squared OCT
signal – excluding the effects on attenuation of the confocal PSF and sensitivity roll-off –
is given by a contribution of three terms: the single-backscattered field (as in Eq. 1), the
multiple (forward) scattered field and a coherent cross term between these two fields as:
〈i2(z)〉∝exp(−2μs∆z) +

w 2(∆z)
4exp(−μs∆z)[1−exp(−μs∆z)]
+[1−exp(−μs∆z)]2 H2
2
wS (∆z)
wS (∆z)
1+ 2
wH (∆z)

(8)

To maintain readability of the equations, we substituted Δz = z-z0 in the equations in this
paragraph so that Δz should be interpreted as the depth coordinate in tissue measured
from the sample boundary at Z0.
Here, wH (z) is the local beam waist in the absence of forward scattering (e.g. of the
single-backscattered beam):

⎛⎡ ∆z−zf ⎤2
⎞
wH2(∆z) = w02 ⎝⎣
+ 1⎠
2nZRO⎦

(9)

Where w0 is the beam waist at the focus, measured in air as before (section 2.1) The factor
2 in the denominator of the term between square brackets […] accounts for the apparent
doubling of the Rayleigh length for diffuse reflection.15,20 The expression for the local beam
waist in the presence of multiple forward scattering wS(z) can be found from Ref. [12] as:
2
∆z
wS2(∆z) = wH2(∆z) + 1
3 (μs∆z)θRMS( /n)

(10)

The broadening of the beam thus depends on the average number of scattering events
µSz and on the angular distribution of the scattered light. In the EHF model this distribution is described through the root-mean-square scattering angle θRMS (a small value for
small scattering angles; compare to the scattering anisotropy g which yields values close
to unity for small scattering angles). The physical interpretation is that for highly forward
directed scattering (small θRMS, g close to unity) the shape of the forwarded scattered
beam is only marginally altered on subsequent scattering events. Thus it remains possible for this beam to be coupled back in to the OCT system, leading a large contribution
of multiply forward scattered light. The contribution of multiple scattered light will show
as an overall signal decay that is slower than the single backscattered light, e.g. µOCT < µS.
If the scattering is more isotropic (larger θRMS, g <<1), each subsequent scattering event
considerably broadens the forward scattered beam. This reduces the coupling efficiency
of that beam and subsequently the contribution of multiply scattered light will be less;
leading to a measured µOCT much closer to µS.
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Methods
The OCT data were recorded with the Santec IVS 2000 swept source OCT system, at
a center wavelength of λ0= 1309 nm, ~140 nm sweep range, with a sweep rate of 50
kHz. Optical and sampling resolutions were approximately equal at ΔkOPTICAL » ΔkSAMPLING
» 0.0003 µm-1. From a knife-edge measurement the diameter of the collimated beam
was measured at 2.54 +/-0.01 mm. The NA of the system was 0.02 with a focal length
of 65 mm, the Rayleigh length measured in air was 960 µm. The mode field diameter of
the fiber was 2.9 µm. The position of the focus was co-aligned with the position of the
reference mirror (zero-delay). The combined sensitivity roll-off, expressed as the depth
where the signal drops to -3dB of its initial value, was » 3.8 mm. The measured axial and
lateral resolutions were 12 µm and 25.5 µm in air, respectively. A cross section image
(B-scan) was built from 1000 adjacent A-lines. The samples were measured in a 1 mm
quartz cuvette. The inner boundary of the cuvette was placed at z0= 650 µm (+/-34
µm) from zero delay. The cuvette was placed under an angle of ~10° to avoid specular
reflection from the boundary.

System parameter calibration
All recorded data was corrected for system induced attenuation; i.e. caused by the
confocal PSF and sensitivity roll-off as described in Sec. 2. Due to the low NA and high
spectral resolution of our system, both are slowly decaying functions of depth and can in
practice be approximated by a single exponential decay with attenuation constant µCAL.
Thus, Eq. 1 can be modified to:
〈A2(z)〉≈ α ∙ exp(−2μCALz)) ∙ μb,NAexp(−2μOCT(z−z0))

(11)

The µCAL can straightforwardly be obtained from an OCT measurement of a very weakly
scattering sample. We used a 1000-fold dilution of Intralipid 20% in water, for which the
scattering coefficient at our center wavelength is estimated to be µS,IL » 0.01 mm-1. The
fitted signal attenuation corresponding to µCAL, was found to be 1.1 mm-1 for this system.
Note that the absorption of water (from literature: 0.135 mm‑ 1)
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is also accounted for

in this manner.

Sample preparation
Mono-disperse silica beads (Kisker Biotech, Steifurt, Germany) with measured mean
diameters of 0.47, 0.70, 0.91 and 1.60 µm were suspended in distilled water for a monodisperse concentration series. For an accurate measurement of the size distribution the
silica beads were imaged using transition electron microscopy (Philips CM-10). The TEM
images were acquired and analyzed following the protocol described in previous work.10
The obtained values of the mean diameter and standard deviation of the bead sizes
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are shown in Table 1. To prevent aggregation of the beads in suspension, 0.03 mM of
sodium dodecyl sulfate was added to all samples.26 The 0.47 and 0.70 µm sized beads
were diluted to 10 samples with volume fractions ranging from 0.02 to 0.2. The 0.91 and
1.60 µm sized beads were diluted to 5 samples with volume fractions from 0.02 to 0.1.
Suspensions with a higher volume fraction of silica were not studied due to aggregation
of the beads. All samples were 4 to 6 times alternatingly vortexed and sonicated for 15
minutes.
Monodisperse silica beads (Kisker Biotech)

mean diameter (µm)

PSI 0.5

0.47

standard deviation (µm)
0.03

PSI 0.8

0.70

0.03

PSI 1.0

0.91

0.02

PSI 1.5

1.60

0.03

Table 1. Mean and standard deviation of the size distribution of monodisperse silica beads measured with Transmission Electron Microscopy.

Figure 2. Histogram of the size distribution of monodisperse silica beads (PSI 1.0) measured with
Transmission Electron Microscopy.

OCT data analysis
We used a custom written code (LABVIEW 2013, National Instruments) for the analysis of
the acquired OCT data. The attenuation (µOCT) was obtained from the data by Non-linear
Least Squares fit of a single exponential decay model y=AMP•exp(-µz)+y0 to the OCT
signal in depth. Hereto, the data was first averaged over at least 1000 A-lines. The selection of the fit region of interest (ROI) was done manually where the start region is chosen
approximately 50 µm behind the cuvette boundary. The end point of the fit was chosen
such that within the ROI, upon visual inspection, the signal appears to follow a single
exponential decay curve. An offset added to the fit model was fixed at the average noise
level directly at the backside of the cuvette. The amplitude AMP and decay constant
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µ were independently varied parameters. The fit was repeated 100 times, in which the
boundaries of the ROI were varied within 10% of their operator-selected values. The
mean value of the 100 measurements was taken as the final µ value, with uncertainty
estimated as the standard deviation the fits. The obtained attenuation µ was corrected
for system parameters, as described in 3.1, yielding µOCT = µ - µCAL.
The backscattering coefficient, µB,NA, was determined from the amplitude of the backscattered OCT signal18,19 in a superficial ROI starting at zROI ~ 0.03 mm below the glasssample interface. The ROI is chosen as such to exclude contribution of multiple scattered
light. The region extends only 0.026 mm (4 pixels) in depth to minimize the effects of
attenuation, which was verified by ensuring that the OCT amplitude speckle contrast in
the ROI was 0.5227 corresponding to fully developed speckle, which can only be achieved
if no appreciable attenuation in depth takes place in the ROI.28 By Eq. 11, in this ROI we
have 〈A2(zROI)〉 = αexp(- μCALzROI)μB,NA which features only system-dependent parameters.
This allows us to define a scaling factor between measured amplitude and backscatter
coefficient μb,NA = sfø 〈A2(z0)〉 where the scaling factor is determined separately for each

particle diameter using the highest volume fraction fvMAX: sfø = [μb,NA (MIE - PY) / 〈A2(z0)〉]ø,fvMAX.

Multiple scattering

A practical approach for assessing the influence of multiple scattering for confocal
reflectance microscopy and OCT was proposed by Jacques et al.22. Based on Monte
Carlo simulation a reference grid is constructed, allowing to map scattering coefficient
and scattering anisotropy to amplitude and decay rate and vice versa.22,29 We adopt
this approach but rather than relying on Monte Carlo simulations, we use the analytical
EHF model proposed in Sec. 2.3 to simulate the OCT signal at a range of values of
the scattering coefficient and anisotropy and subsequently fit the single exponential
decay to the simulated signal to retrieve the corresponding predicted value of µOCT. This
procedure is illustrated in Fig. 3.

Calculations
To calculate predictions for µOCT and µB,NA we have written a Labview code (Labview
2013, National Instruments). We implemented Mie calculations from Ref. 30 and calculated the differential scattering cross section for each particle by integrating over the
size distribution measured with transmission electron microscopy (Table 1, Fig. 2). The
refractive index of the silica beads was fixed at 1.425 (within the range provided by
the manufacturer and converted to 1309 nm using the dispersion curve from Malitson31
(n=1.419 - 1.449). The refractive index of the medium was assumed to be equal to that of
water (1.324) 32 The Percus-Yevick structure factor S(θ) was calculated from Ref. [24] using
volume fraction and mean particle diameter (Table 1) as input parameters. By combining
the Mie-calculated sS (θ) with this structure factor we calculate µS (Eq. 6), µB,NA (Eq. 7),
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and root-mean-square scattering angle θRMS for each sample (Mie+PY). The Extended
Huygens Fresnel calculations were based from Ref. [12] and took the system properties
center wavelength, focal length and Rayleigh length as input parameters, as well as
the medium refractive index and the µS and θRMS (MIE+PY) for each sample. To quantify
the accuracy of the prediction, for each model, the standard error of the estimate, s,
was calculated as √∑(µOCT, EXPERIMENTAL – µOCT, PREDICTION)2/N; where N is the number of data
points (volume fractions). Lower s corresponds to better predictive value. An uncertainty
estimate on s was calculated using a bootstrapping method 33 we calculate N values of s
from an (N‑1) sized dataset, by leaving out each value of the original dataset once. The
standard deviation of the resulting sequence of s -values is taken as uncertainty estimate
(Table 2). A similar analysis was performed for the backscattering coefficient (Table 3).

Figure 3. Simulated EHF model for OCT (green dashed line), experimental OCT curve (black solid
line) fitted with a single exponential decay whitin the ROI for samples of 0.1 volume fraction 0.47 µm
beads (left) and 1.60 µm beads (right). The simulated single scattering (Mie+PY) curve (blue dotted
line) is plotted for reference. The exponential decay of the fits on the experimental curves are µEXP
=5.0 mm-1 (left) and µEXP =10.8 mm-1 (right). After correction of system induced attenuation (µCAL=
1.1 mm-1), the decay rates match closely with the decay of the simulated curves: µSIM =3.6 mm-1 (left)
and µSIM 9.7 mm-1 (right).

Ø

MIE

MIE-PY

MIE-PY-EHF

0.47

2.7(±0.2)

0.29(±0.02)

0.24(±0.02)

0.70

4.7(±042)

0.41(±0.02)

0.51(±0.02)

0.91

2.7(±0.5)

0.7(±0.1)

0.35(±0.06)

1.60

11(±2)

7(±1)

0.36(±0.06)

Table 2. Values of the s metrics (standard error of estimates) to evaluate the match between the
experimental data and the theoretical predictions for µOCT by the two models (Mie, Mie-PY and MiePY-EHF). Uncertainties are estimated using a bootstrapping method.
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Ø

MIE

MIE-PY

0.47

2.1 (±0.2) 10-5

5.9 (±0.6) 10-6

0.70

6.3 (±0.3) 10-7

2.7(±0.1) 10-7

0.91

-6

3.1(±0.1) 10-6

-7

4.4 (±0.3) 10-7

1.60

3.2 (±0.1) 10
4.4 (±0.3) 10

Table 3. Values of the standard error of estimates to evaluate the match between the experimental
data and the theoretical predictions for µB,NA by the two models (Mie and Mie-PY). Uncertainties are
estimated using a bootstrapping method.

Results
The experimental data points and predicted calculated curves of µOCT as a function of
volume fraction of silica beads are plotted in Fig. 4 (ranging from 1 mm-1 to 10 mm-1).
In every graph the calculated curves of µOCT using Mie theory (single, concentration
independent scattering), Mie+PY (single, concentration dependent scattering) and
Mie+PY+EHF (concentration dependent and multiple scattering) models are plotted
for reference. To quantitatively evaluate the match between experimental data and the
theoretical predictions for µOCT the standard error of the estimate is calculated (Table 2).
For the beads with a mean diameter of 0.47 µm and 0.70 µm the experimental values of
µOCT are well described by the calculated single scattering curve in which concentration
dependent scattering properties of the phantoms are accounted for by combining Mie
theory with the Percus-Yevick radial distribution (Mie+PY). No contribution of multiple
scattered light is observed for the smallest beads (0.47 µm). For the 0.70 µm beads
multiple scattering contributes only at high volume fractions for which µS is high. For
the beads with a diameter of 0.91 µm and corresponding intermediate forward scatter
(scattering anisotropy g»0.8), we see a significant contribution of multiple scattering for
the higher volume fractions of scatterers. For the beads with a mean diameter of 1.60
µm and corresponding larger forward scatter (high scattering anisotropy g» 0.9), we see
a significant contribution of multiple scattered light. By combining Mie+PY with the EHF
model we are able to accurately describe the contribution of multiple scattering as the
experimental data points and calculated curves (Mie+PY+EHF) are in good agreement.
To illustrate the influence of concentration dependent scattering on the scattering
anisotropy, we plotted the scattering anisotropy (g) of the samples, as calculated with
Mie theory and Mie+PY as function of volume fraction in Fig. 5. This figure shows the
influence of the concentration of scatters on the average cosine of the scattering angle.
The weighting by the concentration dependent structure factor leads to relatively more
backscatter and thus a decrease in scattering anisotropy with increasing volume fraction.
This effect is more pronounced for smaller sized beads. Figure 6 shows experimental
data points and calculated curves of the backscattering coefficient, µB,NA, as a function
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of volume fraction calculated with Mie+PY. The values of the standard error of the estimate are shown in Table 3. Per bead size a scaling factor is used to scale experimental
amplitudes to µB,NA (Sec. 3.3), which takes into account system dependent parameters,.
The curves calculated with only Mie-scattering (no concentration dependent scattering)
are plotted as a reference. The experimental data points and calculated Mie+PY curves
are in good agreement.

Figure 4. The volume-fraction dependence of the OCT attenuation coefficient, µOCT, of four different sized silica beads (mean diameter: 0.47, 0.70, 0.91 and 1.60 µm). The black dots depict the
experimental data point and the error bars depict the standard deviation of 100 fits for which the
ROI is varied by 10%. The plotted curves show the calculated data. The blue dotted lines are the
Mie calculations, the red dashed lines are the Mie calculations combined with Percus-Yevick formalism (Mie+PY) to include concentration dependent scattering and the green lines are the calculations combining Mie+PY with the Extended Huygens-Fresnel (EHF) model to account for multiple
scattering.
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Figure 5. The calculated scattering anisotropy (g) of the silica beads as a function of their volume
fractions. The blue dotted lines are the single, concentration independent scattering, Mie, calculations. The red dashed lines are the single, concentration dependent scattering calculation, where
Mie theory is combined with the Percus–Yevick pair correlation function (Mie+PY). A change in scattering anisotropy as a function of volume fraction is predicted when comparing Mie+PY (single, concentration dependent scattering) to Mie (single, concentration independent scattering) calculations.

Discussion
We describe a method that validates measurement of OCT-derived attenuation coefficient µOCT which is correlated to tissue disease state in various clinical studies, ranging
from ophthalmology34, cardiology2, dermatology6 to urology35,36. Paramount to clinical
relevance is understanding how µOCT depends on properties of the OCT system itself,
as well as the influence of multiple scattering by tissue properties: only then reproducible results can be obtained either with the same OCT system or by different systems.
Thereto, we described the influence of the confocal point spread function and sensitivity
roll-off in depth (Eq. 1) and introduced a practical method to calibrate their influence for
commonly applied, low NA clinical systems. Furthermore, we describe discrete random
media (DRM) for calibration of µOCT with tissue-mimicking scattering properties, (µOCT
between 1 mm‑1 to 10 mm-1 and g between 0.4 and 9).
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Figure 6. The volume-fraction dependence of the backscattering coefficient (µB,NA). The black dots
show the experimental data points and the error bars depict the standard deviation from 5 independent measurements. The blue dotted lines are the single, concentration independent scattering,
Mie calculations. The red dashed lines are the single, concentration dependent scattering , Mie+PY
calculations. Here we do not include any multiple scattering, as the experimental data is taken in
a thin superficial layer to minimize the contribution of multiple scattered light. A scaling factor (sf)

[μb,NA (MIE - PY) / 〈A2(z0)〉]ø,fvMAX] is used to obtain µB,NA from A. Per particle size, we used the measure-

ment at highest volume fraction to calculate the scaling factor.

Concentration dependent scattering versus multiple scattering
For higher scattering coefficients and low values of θRMS (~g close to 1), multiple forward
scattered light has a large contribution to the OCT signal. Corresponding DRM for
calibration purposes require high volume fraction of the scatterers. However, for high
volume fractions the bulk optical properties of the DRM cannot be extrapolated from
the optical properties of a single scatterer simply through scaling by volume fraction.
Rather than adding scattered intensities, scattered fields (amplitude and phase) from the
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individual particles in the DRM should be added (taking into account their interference)
to calculate the optical properties. This situation is commonly referred to as ‘concentration dependent scattering’ as the bulk optical properties now depend non-linearly on
volume fraction. The effect of concentration dependent scattering is that the scattering
coefficient µS scales as a lower-than-linear rate with volume fraction (µS < (fV/VP)sSCAT)),
leading to a lower µOCT compared to the ‘concentration independent scattering’ case.
Increased detection of multiple-forward scattering leads to further reduction of µOCT.
Therefore, care must be taken to separate both effects in data analysis. Here, we predict
µOCT by first calculating µS and θRMS for our DRM samples by using Mie theory (scattering
properties of individual spheres) and the Percus-Yevick structure factor (concentration
dependent scattering). These values are then input to the Extended-Huygens Fresnel
equation that describes the OCT signal in the multiple scattering regime. µOCT is derived
by fitting a single exponent to the simulated data. The measured values for µOCT correspond closely to these predictions (Fig. 4). For samples with a low amount of forward
scattering (low g value, Fig. 5) no contribution of multiple scattered light is observed.
Although the EHF model is limited by the paraxial approximation, its prediction does not
deviate from the concentration dependent scattering curve and is in good agreement
with the experimental data, which suggests a broad applicability of the EHF model. For
the case of weakly scattering media with moderate scattering anisotropies, the simpler
Mie-Percus-Yevick model may be used for accurate prediction of µOCT. The backscattering coefficient µB,NA is best predicted by Mie-Percus-Yevick theory for all particle sizes.
Even though no statistical difference is found between the prediction based on Mie
theory or Mie-Percus-Yevick theory; only the latter model yields accurate predictions
for both parameters. The physical explanation is that, as the volume fraction increases,
the increment in scattering coefficient decreases (e.g. the integral part of Eq. 6 is a
decreasing function of volume fraction) while at the same time increasingly more light
is scattered to the backwards direction (e.g. the integral part of Eq. 7 remains almost
constant). Effectively, the backscattering coefficient scales linearly with volume fraction
in both models.
We conclude that our approach correctly separates the contributions of concentration
dependent and multiple scattering, substantiated by the correct prediction of the backscattering coefficient µB,NA from the same calculations (Fig. 5). We measure µB,NA at depths
in the order of 1 mean free path to minimize attenuation of the signal within the ROI
(minimum mean free path is µS-1 = 30 µm for ø=1.60 µm particles, volume fraction = 0.1).
Moreover, we have recently demonstrated correct prediction of scattering coefficients µS
by Mie-Percus-Yevick theory using transmission based low coherence interferometry.10
In that experiment, the contribution of small angle multiple forward scattering is greatly
reduced by probing only the ballistic light transmitted through the sample.
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The weighting of the differential scattering cross section with the structure factor (concentration dependent scattering) also leads to more light being scattered into the backward direction. Ultimately, these two contrary effects result in an almost linear increase of
the backscattering coefficient µB,NA with volume fraction. Clearly, this result is not general
but depends on the exact scattering phase function of the used sample/tissue and the
confocal configuration of the OCT system as predicted by the presented theory.
To eliminate contributions of multiple scattering Xu et al.13 propose to confine the
region of interest (ROI) of the fit between Imax to Imax/e. As can be seen from the EHF
equations (Eq. 8-10 of our manuscript), the multiple scattering starts to contribute directly from z=z0, or Δz = (z–z0)=0. The non-scattered beam attenuates with exp(-µsΔz)
and the (small angle, forward) scattered beam grows in intensity with [1- exp(-µsΔz)]. This
latter beam, however, broadens upon propagation (Eq. 10) so that coupling back into
the single mode fiber of the OCT system will become more difficult with increasing Δz.
The contribution of multiple scattering therefore is a balance between these two factors.
At small values of Δz, the power in the scattered beam is small but, since the spread
(increased divergence of the scattered beam) is small, it is more effectively coupled back.
In contrast, for larger values of Δz, the power in the scattered beam is increased but due
to the increased spread, the coupling efficiency is worse. At very large depths, the much
increased magnitude of the scattered beam starts to dominate the single-backscattered
contribution.
Two solutions proposed in literature are commonly adopted to take into account the
multiple scattered light contribution to the OCT signal; the EHF model described here
and a Monte Carlo derived model introduced by Jacques et al.22 We have adopted the
EHF model in this work but adjusted for the confocal PSF for a diffuse reflection, where
we assume that the lateral phase of the probing beam is lost upon reflection. In practice,
this is accounted for by setting the Rayleigh length in the medium to 2 times the value
measured for specular reflection (Sec. 2.3).15,20 In the other approach, an empirical equation is derived by Monte Carlo simulations to approximate the contribution of multiple
scattering.22,29 Levitz et al.29 use this approach and translate µOCT and amplitude to µS
and g based on calibration of the peak signal of a known interface (scattering phantom
with known optical properties). The strength of our approach is that the variation of any
parameter in the model may be changed easily to study its influence on the retrieved
optical properties (of course, within the range of validity of the model itself, e.g. dominant forward scattering). The empirical model by Jacques et al.22 would require a new
set of simulations if for example the detection NA is changes. In concept however, both
methods are equivalent in that the mapping function f(µS) in Eq. 1 is studied either using
an analytical model or Monte Carlo simulations.

60

Validation of attenuation and backscattering measurements

Limitations and clinical implications
Our model calculations assume applicability of Mie-Percus-Yevick calculations to account
for concentration dependent scattering and the Extended Huygens Fresnel model to account for multiple small-angle forward scattering. Input for the Mie-Percus-Yevick calculations are size and refractive index of the silica spheres making up the discrete random
medium. In our present calculations we use the mean diameter of the size distribution
as measured by TEM. Alternatively, an effective ‘scattering diameter’ can be computed
by weighting the size distribution with the corresponding scattering cross sections which
yields only small deviations from our present calculations (<1% in µOCT). By averaging
over all particle sizes, we can draft a rule-of-thumb expression for the concentration dependent scattering coefficient µS as function of volume fraction fV and the concentration
independent scattering cross section µS,MIE of particles with volume VP: μS ≈ (1 - 2.4{±0.2}
fv) Vfv σS , MIE, which is intriguingly similar to the result obtained for blood37 (see below).
P

Since the specified uncertainty of the refractive index of silica beads is 2%, we have

selected the refractive index (n=1.425) that describes all measured data most accurately.
To study how the refractive index affects the calculations, we have varied the optimal
refractive index with 1% (not shown here). This resulted in a maximum uncertainty in µOCT
of 20% for 0.70 µm spheres at 0.2 volume fraction (µOCT 8.9 ± 1.8 mm-1).
An alternative approach to determining µOCT would be direct fitting of the EHF model
(Eq. 8) to the OCT signal in depth to obtain µs and θRMS. However, this is not always
possible because µs and θRMS (via wS) are competing parameters: change in one of the
parameters can often be compensated by a change in the other leading to different
sets of (µS, θRMS) with equivalent statistical goodness-of-fit. The resulting curve fit may
therefore not always converge to realistic values.15 A promising venue to be explored in
future studies is the combination of OCT with other (fiber-based) technologies such as
Single-fiber Reflectance Spectroscopy 38 that can provide independent parameterization
of the scattering phase function – and thus in principle of θRMS.
We calculate the amplitude directly from the OCT data and not use the amplitude from
the fitted A-scans. A practical concern is that in many cases of interest, such as epithelial
tissues, the number of data points is limited for a non-linear least squares curve fit. With
a common OCT resolution of 10 µm, and for example layer thickness of 50 µm, only 5
unique data points are available, which may lead to inconclusive fitting results on µOCT
and µB,NA. We scaled measured OCT signal amplitude to the backscattering coefficient
µB,NA within the system’s NA using a scaling factor that was calculate at highest volume
fraction. Ideally, a single calibration factor could be used for scaling.10 In (clinical) practice
however, the scaling is influenced by parameters that may change between measurements, for example when switching disposable probes with slightly different coupling
efficiencies. In practice it is therefore desirable to calibrate each probe/measurement
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individually using phantoms with known scattering properties. In this work, it required
calibration for each volume-fraction series, per particle diameter.
To obtain quantitative measurement of OCT-derived parameters µOCT and µB,NA it is
crucial to calibrate for system parameters (confocal point spread function and sensitivity
roll-off). However, the contribution of multiple scattering is challenging to quantify. From
Fig. 4 we conclude that multiple scattering starts to have a large (>10%) effect on the
measured µOCT for samples with a high anisotropy, g > 0.8, and high scattering coefficient, µS > 10 mm-1. In this case it is advisable to consider multiple scattering to map
µOCT to µS. For samples with lower anisotropy factor and scattering cross-section values
of µS are within 10% variation of µOCT.
The role of ‘concentration dependent scattering’ is absent for tissue, since this only
relates to upscaling optical properties of an individual scatterers to those of a solution
of scatterers at a given volume fraction. In general, both ‘an individual scatterer’ and
‘volume fraction’ cannot be defined for biological tissue. Instead of a discrete random
medium, tissue is arguably better described as a Continuous Random Medium (CRM)39
where statistical properties such as variance, correlation length and fractal dimension of
the spatial refractive index fluctuation take the role of refractive index contrast, correlation length of Percus-Yevick pair correlation function and particle size that describe the
discrete random medium. Linking these different sets of parameters to OCT measured
optical properties will be subject of further research, deploying increasingly hybrid
samples (duo- and poly-disperse bead mixtures of known size distribution).40
The exceptional biological specimen for which scattering properties may indeed be
described by the Mie-Percus-Yevick formalism, is whole blood. The main scatterers (red
blood cells) can be regarded as spherical when sufficient averaging over orientation
is possible (validating the use of Mie theory).41 The physiological volume fraction (fV ~
0.45) is sufficiently high to warrant the used of the Percus-Yevick structure factor. In a
recent theoretical study annex literature review, we found that µs ~ (1-fV)2 (fV/VRBC)sSCAT
opposed to µs = (fV/VRBC)sSCAT for concentration independent scattering.37 Specifically,
the predicted scattering coefficient and scattering anisotropy g at 800 nm are (µs=71
mm-1, g =0.9812; µA = 0.38 mm-1) and (µs =63 mm-1, g = 0.9820; µA = 0.47 mm-1) for
oxygenated and deoxygenated blood, respectively. The major contribution of multiple
forward scattered light in this case resulted highly decreased contribution of scattering
properties to the total OCT attenuation coefficient, e.g. measured µOCT of 5.5 mm-1 and
5.8 mm-1 for oxygenated and deoxygenated blood, respectively.42 Accurate separation
of scattering and absorption contributions to µOCT may enable quantitative OCT-based
measurement of µA (spectra) leading to quantification of localized oxygen saturation.
Previously, we raised the question whether quantitative measurements of attenuation by
blood coefficients by OCT are feasible43 – and concluded that better modelling of the
concentration dependent OCT signal was needed. With the theoretical results presented
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in Ref. [37] and the experimental validation of the influence of light scattering described
in this contribution, accurate determination of attenuation by blood, and subsequent
extraction of oxygen saturation, seems feasible and warrants further experimental validation studies.

Conclusions
We propose a comprehensive model of the OCT signal accounting for the influence of
the confocal point spread function and sensitivity roll-off together with an experimental
procedure from which the amplitude µB,NA and decay constant µOCT can be quantified.
Both experimental quantities have been investigated as markers of disease (progression)
in various medical fields. We validate their quantification using OCT measurements of
discrete random media consisting of silica spheres within a wide range of scattering
properties. We show that such validation measurements over the range of scattering
properties found in tissue require discrete random media of high volume fractions for
which concentration dependent scattering and multiple scattering effects cannot be
neglected. We therefore include the Percus-Yevick structure factor and the extended
Huygens Fresnel formalism in our model and demonstrate excellent agreement between
predicted and measured values of µOCT and µB,NA versus volume fraction.

63

References
1.
2.
3.
4.
5.

6.
7.
8.

9.
10.
11.
12.
13.

14.

15.
16.
17.
18.
19.
20.

64

R. A. McLaughlin et al., “Parametric imaging of cancer with optical coherence tomography,”
J. Biomed. Opt. 15(4), 046029 (2015).
G. van Soest et al., “Atherosclerotic tissue characterization in vivo by optical coherence
tomography attenuation imaging,” J. Biomed. Opt. 15(1), 011105 (2015).
R. Wessels et al., “Optical coherence tomography in vulvar intraepithelial neoplasia,” J.
Biomed. Opt. 17, 116022 (2012).
L. Scolaro et al., “Parametric imaging of the local attenuation coefficient in human axillary lymph
nodes assessed using optical coherence tomography,” Biomed. Opt. Express 3(2), 366 (2012).
T. Xie, M. Zeidel, and Y. Pan, “Detection of tumorigenesis in urinary bladder with optical
coherence tomography: optical characterization of morphological changes,” Opt. Express
10(24), 1431–1443 (2002).
R. Wessels et al., “Functional optical coherence tomography of pigmented lesions,” J. Eur.
Acad. Dermatology Venereol. 29(4), 738–744 (2015).
Y. Yang et al., “Optical scattering coefficient estimated by optical coherence tomography
correlates with collagen content in ovarian tissue,” J. Biomed. Opt. 16(9), 090504 (2011).
E. C. C. Cauberg et al., “Quantitative measurement of attenuation coefficients of bladder
biopsies using optical coherence tomography for grading urothelial carcinoma of the bladder,” J. Biomed. Opt. 15(6), 066013 (2010).
J. K. Percus and G. J. Yevick, “Analysis of Classical Statistical Mechanics by Means of Collective Coordinates,” Phys. Rev. 110(1), 1–13 (1958).
V. D. Nguyen et al., “Dependent and Multiple Scattering in Transmission and Backscattering
Optical Coherence Tomography,” Opt. Express 21(24), 29145–29156 (2013).
J. M. Schmitt and A. Knüttel, “Model of optical coherence tomography of heterogeneous
tissue,” J. Opt. Soc. Am. A 14(6), 1231 (1997).
L. Thrane, H. T. Yura, and P. E. Andersen, “Analysis of optical coherence tomography systems
based on the extended Huygens–Fresnel principle,” J. Opt. Soc. Am. A 17(3), 484 (2000).
C. Xu et al., “Characterization of atherosclerosis plaques by measuring both backscattering and attenuation coefficients in optical coherence tomography,” J. Biomed. Opt. 13(3),
034003 (2008).
T. G. Van Leeuwen, D. J. Faber, and M. C. Aalders, “Measurement of the axial point spread
function in scattering media using single-mode fiber-based optical coherence tomography,”
IEEE J. Sel. Top. Quantum Electron. 9(2), 227–233 (2003).
D. J. Faber et al., “Quantitative measurement of attenuation coefficients of weakly scattering
media using optical coherence tomography,” Opt. Express 12(19), 4353–4365 (2004).
R. Leitgeb, C. Hitzenberger, and A. Fercher, “Performance of fourier domain vs. time domain
optical coherence tomography,” Opt. Express 11(8), 889–894 (2003).
N. Nassif et al., “In vivo high-resolution video-rate spectral-domain optical coherence tomography of the human retina and optic nerve,” Opt. Express 12(3), 367–376 (2004).
V. M. Kodach et al., “Determination of the scattering anisotropy with optical coherence
tomography,” Opt. Express 19(7), 6131–6140 (2011).
N. Bosschaart et al., “Measurements of wavelength dependent scattering and backscattering coefficients by low-coherence spectroscopy,” J. Biomed. Opt. 16(3), 030503 (2011).
H. R. G. W. Verstraete et al., “Towards model-based adaptive optics optical coherence
tomography,” Opt. Express 22(26), 32406–32418 (2014).

Validation of attenuation and backscattering measurements

21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.

39.
40.
41.
42.
43.

B. Cense et al., “Ultrahigh-resolution high-speed retinal imaging using spectral-domain optical coherence tomography,” Opt. Express 12(11), 2435–2447 (2004).
S. L. Jacques et al., “Measuring tissue optical properties in vivo using reflectance-mode
confocal microscopy and OCT,” Proc. Spie 6864, 68640B – 68640B – 8 (2008).
H. C. van der Hulst, Light scattering by small particles, Dover publications, New York (1957).
C. O. A. Leung Tsang, Jin Au Kong, Kung-Hau Ding, Scattering of Electromagnetic Waves,
Numerical Simulations, John Wiley & Sons, Inc., Hoboken, N.J. (2001).
G. M. Hale and M. R. Querry, “Optical Constants of Water in the 200-nm to 200-µm Wavelength Region,” Appl. Opt. 12(3), 555–563 (1973).
G. Singh and L. Song, “Influence of sodium dodecyl sulfate on colloidal fouling potential
during ultrafiltration,” Colloids Surfaces A Physicochem. Eng. Asp. 281, 138–146 (2006).
T. R. Hillman et al., “Correlation of static speckle with sample properties in optical coherence
tomography,” Opt. Lett. 31(2), 190 (2006).
J. W. Goodman, Speckle Phenomena in Optics: Theory and Applications, Roberts and
Company Publishers, Greenwood Village (2007).
D. Levitz et al., “Quantitative characterization of developing collagen gels using optical
coherence tomography,” J. Biomed. Opt. 15(2), 026019 (2010).
J. J. ten Bosch, “Pascal program to perform Mie calculations,” Opt. Eng. 32(7), 1691 (1993).
I. H. Malitson, “Interspecimen Comparison of the Refractive Index of Fused Silica,” J. Opt.
Soc. Am. 55(10), 1205 (1965).
K. F. Palmer and D. Williams, “Optical properties of water in the near infrared,” J. Opt. Soc.
Am. 64(8), 1107 (1974).
R. Wessels et al., “Learning curve and inter-observer variance in quantification of the optical
coherence tomography attenuation coefficient,” Accept. Publ. JBO (2015).
K. A. Vermeer et al., “Depth-resolved model-based reconstruction of attenuation coefficients
in optical coherence tomography,” Biomed. Opt. Express 5(1), 322–337 (2013).
M. T. J. Bus et al., “Volumetric in Vivo Visualization of Upper Urinary Tract Tumors Using
Optical Coherence Tomography: A Pilot Study,” J. Urol. 190(September), 1–7 (2013).
K. Barwari et al., “Advanced diagnostics in renal mass using optical coherence tomography:
a preliminary report,” J. Endourol. 25(2), 311–315 (2011).
N. Bosschaart et al., “A literature review and novel theoretical approach on the optical
properties of whole blood,” Lasers Med. Sci. 29(2), 453–479 (2014).
U. A. Gamm et al., “Measurement of tissue scattering properties using multi-diameter single
fiber reflectance spectroscopy: in silico sensitivity analysis,” Biomed. Opt. Express 2(11),
3150 (2011).
J. M. Schmitt and G. Kumar, “Turbulent nature of refractive-index variations in biological
tissue,” Opt. Lett. 21(16), 1310–1312 (1996).
J. M. Schmitt and G. Kumar, “Optical scattering properties of soft tissue: a discrete particle
model,” Appl. Opt. 37(13), 2788–2797 (1998).
J. M. Steinke and a P. Shepherd, “Comparison of Mie theory and the light scattering of red
blood cells,” Appl. Opt. 27(19), 4027–4033 (1988).
D. J. Faber et al., “Toward assessment of blood oxygen saturation by spectroscopic optical
coherence tomography,” Opt. Lett. 30(9), 1015–1017 (2005).
D. J. Faber and T. G. van Leeuwen, “Are quantitative attenuation measurements of blood by
optical coherence tomography feasible?,” Opt. Lett. 34(9), 1435–1437 (2009).

65

CHAPTER 4
Parametric imaging of attenuation by optical
coherence tomography: a review of models,
methods and clinical applications
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Abstract
Optical coherence tomography provides cross-sectional and volumetric images of scattering from biological tissue that reveal, to a greater or lesser extent, the morphology
of the sample. The strength of the scattering represents a potentially complementary
source of information on the tissue’s optical properties, which can be characterized by
parametric imaging of the OCT attenuation coefficient. Over the last 15 years, there
have been many works published seeking to advance methods to determine the OCT
attenuation coefficient and applications utilizing it. This review provides an overview
of the main models and methods, their assumptions and applicability, together with a
survey of clinical applications and accompanying reported values of the OCT attenuation
coefficient. The use of the attenuation coefficient is shown to be applicable in various
medical fields. Most studies show promising results towards the usability of the OCT
attenuation coefficient to differentiate between tissues of clinical interest. As a future
step, larger scale studies are desirable, which will benefit from a consensus on the model
and method used for the determination of the attenuation coefficient from the OCT
signal. With this review we hope to provide a basis for discussion towards establishing
this consensus.
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Introduction
Optical coherence tomography (OCT) discriminates the backscattered field from the
sample based on transit time, being exquisitely sensitive to light which has undergone
one or a few scattering events.1 Depth-resolved images of this backscattering in tissue
can be obtained, ex vivo and in vivo, with a resolution commonly in the range 5-15 μm,
although sub-1 μm has been demonstrated.2 Currently, OCT is primarily used to visualize the morphology of tissue3, which can be used to differentiate pathology in some
circumstances. There is further clinical value, in addition to visualization, to use OCT
to differentiate pathology based on the altered structure and organization not readily
visible with conventional clinically available techniques. The structure and organization
of a tissue is reflected in its optical properties,4,5 and perhaps the most accessible such
property in OCT is the attenuation coefficient, describing the extinction with depth of
the detected OCT signal. To measure the OCT attenuation coefficient (μOCT) and obtain
useful information from this measure, a model of the OCT signal and a model correlating
μOCT to the tissue structure are developed.6–8
Pre-clinical and clinical studies in a wide variety of medical fields, including dermatology, cardiology and urology, have shown promising results on the use of µOCT for tissue
characterization.9–16 This literature presents multiple models and methods to determine
µOCT, and to relate it to tissue properties. To advance the application of µOCT for tissue
characterization, standardized and validated approach to obtaining reliable µOCT data,
and to dealing with issues such as the heterogeneity of tissue and the length scales on
which this occurs is needed. The aim of this review, then, is to present an overview of
the models, methods and applications of parametric imaging of attenuation by OCT
and to discuss issues in the determination of µOCT with the ultimate goal of establishing
a unified basis for future clinical research on using µOCT. To this end, the review is divided
into three sections. In Section I, the relationship between tissue properties and the OCT
attenuation coefficient is discussed. In Section II, commonly used models for the OCT
signal are summarized. In Section III, an overview of pre-clinical and clinical applications
of µOCT is given, accompanied with a summary of the reported µOCT values. Finally, in the
discussion section, the limitations of the discussed models and methods, together with
clinical challenges, and future perspectives are discussed.

Tissue optical properties
The interaction of light with tissue includes absorption and scattering of the incident
light, both being dependent on the wavelength. Tissue scattering forms the basis for
contrast in OCT. The decay of the OCT signal in depth (i.e. the attenuation coefficient) is
due to both scattering and absorption. Here, we will focus on tissue scattering properties as absorption by biological tissue is minimal at commonly used wavelengths for
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OCT, and quantification of absorption is outside the scope of this thesis. The origin of
scattering in biological tissue is the spatial variation in refractive index, which is known to
exhibit fractal properties because of the wide range of particle sizes present in the tissue
that interact with light.17 The range of sizes and refractive indices of tissue components
such as cells, fibers and the surrounding fluid contributing to tissue scattering have been
the subject ongoing research.18 For example, novel studies have demonstrated a lower
refractive index of the cell nuclei compared to the cell cytoplasm, contrary to previous
assumptions.19,20 Measurements of tissue scattering are of clinical interest since changes
in tissue composition, structure and organization are reflected in tissue scattering, which
can potentially be probed using non-invasive imaging techniques such as OCT. As the
composition of tissue and its structure and organization varies between tissue types,
and is altered due to disease, probing tissue scattering properties can enable tissue
characterization and detection of pathologies.21 For example, it has been shown that
subtle changes between pre-invasive cancer cells compared to normal cells,4 and for
apoptotic compared to necrotic cells5 can be detected by measurement of optical scattering properties.
The scattering properties of tissue are are wavelength dependent and commonly
expressed by the scattering coefficient (μs), and the phase function (P(θ)). The scattering
coefficient quantifies the amount of scattering. The multiplicative inverse of the scattering coefficient (1/μs) defines the average path length light can travel in a medium
without scattering. In general μs decreases for increasing wavelength. The phase function
expressed the probability of scattering angle. Usually the scattering angle is specified by
the anisotropy factor (g), which is the average cosine of the scattering angle (<cos(θ)>).
The anisotropy factor has values between -1 to 1, where g = -1 corresponds to fully
backward scattering and g = 1 corresponds to fully forward scattering. In general, g
increases for larger particles (e.g. red blood cells) and g approaches 0 for particle diameters smaller than the wavelength. Furthermore the backscattering coefficient (μB) can be
defined, which is the light scattered back under an angle of 180°, in the direction of the
incident light. In the description of diffuse light transport, the reduced scattering coefficient is frequently used, given by µs’ = µs(1-g).22 For spherical particles the scattering
properties can be straightforwardly calculated using Mie-theory to obtain the scattering
cross section (σs) and the phase function (P(θ)). For dilute solutions μs is obtained by
multiplying σs with the particle concentration. The by Mie-theory calculated scattering
properties are a function of particle size, refractive index mismatch of the particle and the
surrounding medium, and the illumination wavelength.
Scattering properties of tissue can be quantified from the OCT signal; perhaps the most
accessible scattering property in OCT is the attenuation coefficient. The OCT attenuation coefficient (or extinction coefficient) is conventionally referred to as µT, given as the
summation of the scattering coefficient and the absorption coefficient: µT = µs + µa. Here,
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it is assumed that that only singly scattered light contributes to the OCT single, as the
multiple scattered light is suppressed by the coherence and confocal gate. However, for
high scattering and high forward scattering media (for example red blood cells) multiple
scattered light contributes to the OCT, which causes an underestimation of µT.1 Here,
the symbol µOCT will be used to explicitly denote the OCT attenuation coefficient. At
commonly used OCT wavelengths (e.g., 850, 1050 and 1300 nm) µa for most biological
tissues is assumed to be negligible compared to the scattering (µs >> µa). Consequently,
at these wavelengths and assuming single scattering µOCT give an estimate of µs.
The resolution at which μOCT is determined depends on the resolution of the OCT
system and the amount of pixels that is averaged prior to analysis. Averaging is required
to suppress speckle and create a smooth depth profile suitable for analysis such as curve
fitting. A crucial assumption is that μOCT is determined over a homogeneous region of
interest of tissue. The tissue commonly comprises different structures that may invalidate
attenuation estimation when the model fitting window covers structures with significantly
different scattering properties. For example, many tissues present layered structures
within the OCT imaging depth range, such as the skin, arteries and retinal tissue. Tissue
heterogeneities on the scale of the imaging hamper determination of μOCT and need to
be dealt with in the analysis and interpretation of obtained data. Approaches to deal with
tissue heterogeneity will be discussed in more detail in the discussion section.

Models of the OCT signal
To quantify μOCT and link it to tissue properties a model for the OCT signal is required.
This section summarizes the most commonly described models for the OCT signal. First,
the single scattering model will be discussed, followed by means to correct the OCT data
for system-dependent parameters, continuing with a description of the fitting method
and depth resolved method to determine µOCT based on the single scattering model.
Second, approaches to incorporate multiple scattering into the OCT signal will be discussed. Finally, full-wave modelling of the OCT signal based on Maxwell’s equations will
be reviewed.

Single scattering model
Applying the first-order Born approximation, the OCT signal amplitude in a homogeneous turbid medium is commonly modelled as a single exponential decay function,
assuming the detected backscattered light has only interacted with the sample in one
scattering event. Further, assuming no absorption or noise, the mean OCT amplitude at
depth z is expressed as23:

〈A(z)〉 ∝ A0 exp(−μOCT(z))

(1)

where, A(z) is the OCT signal amplitude; A0 is the amplitude at z=0; and µOCT is the
attenuation coefficient. For expressions of the intensity of the OCT signal, Eq. (1) can be
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Figure 1. Propagation of a focused OCT beam and scattering in the sample.

squared (<I(z)> = <A(z)>2), introducing a factor of 2 in the exponent. Eq. (1) does not take
into account the optical system involved, which has a collection efficiency determined by
its numerical aperture, confocal point spread function, as well as other factors influencing
its sensitivity versus depth. Factoring in the system’s coupling efficiency α, confocal point
spread function24,25, and the sensitivity roll-off26,27 to Eq. (1), the mean OCT amplitude,
negecting noise, is expressed as Eq. (2):
〈A(z)〉 = α · t(z) · h(z) · √ μb,NA exp(−μOCT (z−z0))

(2)

Introducing calibration factor α, A0 in Eq. (1) can be written as the backscattering coefficient (μb,NA) within the numerical aperture (NA) of the system. z is the depth from zerodelay, z0 is the depth from the sample boundary, h(z) describes the sensitivity roll-off of
the spectral-domain and swept-source system. t(z) is the confocal point spread function:
t(z) =

√

1
⎛ z−zf ⎞2 + 1
⎝2nzR0⎠

(3)

where zf is the location of the focus; zR0 is the Rayleigh length; and the refractive index
of the medium is denoted by n. The factor of 2 in 2nzR0 takes into account the increase
in zR0 for a diffuse reflector compared to specular reflector .24,25 This factor was found by
van Leeuwen et al.24 when comparing the axial response from well-controlled scattering
samples and validated with data from different locations of the focal plane using the
single scattering model.25 The sensitivity roll-off of the system, h(z), depends on the sampling of the interference fringes. For spectral-domain OCT systems, this is determined
by the pixel resolution and spectral resolution of the spectrometer. For swept-source
OCT systems, the integration time of the detector and the instantaneous linewidth of the
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source determine the roll-off. These contributions are described by a sinc function and a
Gaussian function, respectively:
π z ⎞
π2s2
z ⎞2⎞
h(z) = sinc ⎛⎝ ∙
∙ exp ⎛⎝−
∙⎛
2 zmax⎠
16ln(2) ⎝zmax⎠ ⎠

(4)

where zmax is the maximum imaging depth of the system; and s is the ratio of spectral
resolution to the sampling interval.26 The decrease of the OCT signal amplitude in depth
due to the system’s sensitivity roll-off is usually less for swept-source systems compared
to spectral-domain systems, resulting in a higher SNR at greater depths.

Confocal PSF and sensitivity roll-off correction
To determine µOCT, the OCT depth response needs to be corrected for confocal PSF
and sensitivity roll-off given in Eqs. (3) and (4), respectively. The instrumental response
function (confocal PSF and sensitivity roll-off) can be experimentally determined by the
measurement of a reflector at increasing depths26 and a knife-edge measurement28, or
using a very weakly scattering calibration sample, the confocal PSF and sensitivity roll-off
functions can be obtained by fitting Eq. (2) to the OCT signal amplitude, with s, zf and zR0
as free parameters. These system-dependent parameters can be fixed when fitting the
OCT data to Eq. (2). Alternatively, The OCT data can be corrected by dividing the OCT
data by the instrumental response function.11,13 Because the measured axial resolution is
influenced by the refractive index of the sample, it is desirable for the calibration sample
to have a refractive index similar to the samples to be studied.

Calibration samples and tissue-like phantoms
For reliable calibration of OCT systems and analysis methods, samples with wellcontrolled optical properties are often used. By tweaking the optical properties to match
those of tissue, systems and algorithms can be tested on tissue-like samples, often
referred to as tissue-like phantoms, to mimic real measurements and study changes of
system properties on those measurements.29 Tissue like phantoms are usually made from
a non-scattering matrix to which scattering particles and possibly absorbing particles are
added.29 The concentration of the scattering particles is commonly calculated using Mie
theory. However, when dealing with concentrations of approximately > 2% by volume,
concentration-dependent scattering effects have to be considered to accurately evaluate
the scattering properties – which is not taken in to account by Mie theory alone. For
homogenous and isotropic samples and phantoms for which spherical monodisperse
scattering particles are used, which is commonly the case (silica and polystyrene microspheres), the concentration-dependent scattering properties can be calculated by
combining the Percus-Yevick pair correlation function with Mie theory.23,30
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Figure 2. Upper graph shows a plot of the confocal point spread function estimated by Eq. (3) for a
lens with a Rayleigh length of 0.56 mm with the focus at 0.56 mm in depth. Lower graph shows the
sensitivity roll off function for OCT system with s2=2.7.

Fitting method
Nonlinear least squares curve fitting is the most frequently applied and most straightforward approach to obtaining μOCT using the single scattering model. After selection of the
region of interest (ROI), Eq. (2) is fitted to the OCT amplitude data. The free parameters
A0 and μOCT are then obtained together with uncertainty and goodness-of-fit estimates
(e.g., R2, residue). Alternatively, a linear fit to the logarithmic OCT data can be performed
after subtraction of the logarithmic confocal PSF, logarithmic sensitivity roll-off and noise
from the data. The linear fit on logarithmic data is the computationally more efficient,
but can be less robust than the exponential fit on linear data; Yuan et al.31 show that high
attenuation coefficients (~5 and ~7 mm-1) are underestimated by this approach for ROIs
larger than 800 and 600 μm, respectively due to the larger weight of the low amplitudes
at the end of the ROI. This could be readily dealt with by weighing the data point by
their SNR.32 Challenges within the fitting method are the influence of speckle noise on
the goodness of the fit, the ROI selection, and noise level selection.
To suppress speckle and smooth the axial profile in order to achieve better fits lateral
and/or axial averaging can be applied. By averaging the resolution at μOCT which is determined is decreased.
The range in which the fit can be considered valid can be assisted by a comparison
between the modeled signal decay within the ROI, compared to the noise level of the
OCT system; the range typically is in the order of a few times the attenuation length. By
performing multiple fits with a small depth variation of the ROI, an average and standard
deviation of μOCT can be obtained, in this way the influence of the ROI selection on the
obtained value of μOCT can be taken into account.23 Heterogeneity in the tissue and
buildup of multiple scattering can be mitigated by adaptively choosing a fitting ROI and
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analyzing each A-line in sections.12 A requirement for the fitting method is that enough
data points in depth must be included in the ROI to obtain a sufficiently reliable fit and
a good estimate of the attenuation coefficient. The optimal ROI length depends on the
attenuation coefficient and the smoothness of the averaged A-line. Consequently, fitting
of very thin tissue layers (e.g. retinal layers) can be problematic.33

Depth-resolved method
The depth-resolved method was proposed by Vermeer et al.33 for pixel-based determination of µOCT inspired by the analysis of ultrasound data. It has been much more recently
proposed and much less investigated, but is extremely appealing as it does not require
an axial fitting range beyond the OCT axial resolution. Based on the single scattering
model, µOCT is calculated based on two main assumptions: 1) t all the light is attenuated
within the OCT image depth range; and 2) the backscattered light is a fixed fraction of
the attenuation coefficient, i.e., the ratio µb,NA over µOCT within every pixel is constant.
Assuming a constant intensity over a pixel, the attenuation is expressed as:
µOCT[i] =

I[i]
1
log (1 + ∞
)
2∆
∑ i+1I[i]

(5)

Where i is the ith pixel along an A-scan, I[i] is the intensity of the signal at the ith pixel.
This equation can be simplified by applying a first-order linearization of log(1+x) around
x=0 to:
µOCT[i] ≈

I[i]
∞
2Δ ∑ i+1 I[i]

(6)

Please note, that the summation approaches infinity, which in experiments is not possible, therefore, the values of the OCT signal at the last pixel in the image should be
close to 0, which corresponds to the first assumption of fully attenuated light with in OCT
imaging depth, in order to obtain reliable µOCT values. System parameters (sensitivity
roll-off and confocal PSF) were not corrected for, however an estimate of the confocal
point spread function for their system was made and demonstrated to be relatively small
compared to the scale of μOCT estimates. Smith et al34 applied the depth-resolved method
and introduced terms to considering both the sensitivity roll-off and confocal PSF to
the method. The depth-resolved method was validated on homogeneous and layered
phantoms by Vermeer et al. and showed to provide a way to estimate to the attenuation
coefficients with a higher axial resolution compared to the fitting method. Moreover, the
depth-resolved method was implemented for analysis of intravascular OCT data.12 As
pointed out above, the depth-resolved method rests on the assumptions of complete
attenuation on an A-scan and fixed ratio between μOCT and μb,NA. The former becomes
more problematic for pixels towards the end of the A-scan and when prominent multiple
scattering background is present, which can be eliminated by carefully choosing a cutoff
constant.35 The latter assumption does not hold in case of absorption.
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Comparison between fitting and depth-resolved method
The fitting method requires a user-selected or automatically delineated ROI, and depends on averaging or other form of smoothing to enable the analysis of speckle data.
This processing is not required by the depth-resolved analysis, which thus preserves
image resolution in the attenuation images. It does mean that speckle is still present in
the attenuation data, which can lead to a prominent artifact or is suppressed by median
filtering after analysis. As the ROIs in the fitting analysis are independent, extraction
of the backscattering coefficient is difficult as it depends critically on the accuracy of
the estimate of attenuation in the overlaying tissue, and on the intensity calibration of
the OCT system. The fitting and depth-resolved methods are formally equivalent, but
their practical implementations introduce some differences in the results. In summary, the
depth-resolved method shows much more detail in axial direction, but requires assumptions on the light decay and does not work in case of absorption. Coincidentally, the
depth-resolved method has been formulated in terms of the OCT intensity, while studies
using the fitting approach have used the interferogram amplitude. This detail results in a
factor 2 difference in the reported μOCT values.35

Multiple scattering model
In addition to single scattered light, multiple scattered light that matches the detected
optical path length set by the reference delay contributes to the OCT signal.36–39 In highly
forward scattering tissues, and tissues containing blood vessels multiple scattering can
be expected due to highly forward scattering of red blood cells.40–42 Figure 3 shows the
difference in OCT amplitude for an anisotropic and forward scattering sample in order
to demonstrate the contribution of multiple scattered light. The contribution of multiply
scattered light leads to a lower resolution and introduces a signal additional to singly
scattered light. The contribution from multiply scattered light increases for: 1) larger
depths43; 2) samples with strong forward scattering23; 3) samples with high scattering
coefficients23; and 4) for low numerical apertures.43 Faber et al. have shown that, for
scattering media with µs<6 mm-1, the single scattering model-based µOCT gives a good
estimate of µs.25,44,45 Experiments on samples with controlled optical properties show that
multiple scattering starts to contribute significantly to the OCT signal for samples with
µs>10 mm-1 or g>0.8.23 To date, there are two main approaches to take into account
multiple scattering in OCT, probabilistically with Monte Carlo simulations46,47 and analytically with the extended- Huygens Fresnel model for OCT.38,48,49

Monte Carlo simulations
Monte-Carlo simulation is a probabilistic approach to simulate the backscatter trajectory
of photons from the sample. The simulation tracks the trajectory of photons in the sample
arm and outputs the photon count and corresponding path lengths. An assumption for
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Figure 3. Average OCT amplitude for samples of silica beads in water demonstrating the difference
in the decay of the slope due to multiple scattering. 0.5 µm beads (black) with scattering coefficient
of 5 mm-1 and anisotropy factor of 0.1 and 1.5 µm beads (red) with scattering coefficient of 5 mm-1
and anisotropy factor of 0.9. The OCT data is collected using a swept source 1300 nm system with
a 150 focal length detection lens.

the phase function of the sample is needed as an input to the simulation, and restrictions
on photon count and trajectory are required to create time efficient simulations. Multiple
studies have been done on Monte Carlo-based simulations of the OCT signal.39,50,51
Jacques et al. applied Monte Carlo simulation to derive a general equation to correct
the OCT attenuation coefficient for the contribution of multiple scattering to determine
tissue optical properties, including μs and g.46 This approach was applied in subsequent
studies by Levitz et al.52 to study the growth of collagen gels. In general, Monte Carlo
simulations don not model the interference of the reference with the sample light explicitly. Karamate et al.36,37 combine their analytical model, in which the coherence is taken
into account, with Monte Carlo simulations to account for both single and multiple scattered light. A limitation of Monte Carlo simulations is that the obtained results depend
on the specific chosen input parameters, such as the system specific optical geometry,
and the phase function, which is generally not well known for tissue.53

Extended Huygens-Fresnel model
The extended Huygens-Fresnel model (EHF) for OCT was introduced by Schmitt and
Knuttel38, and elaborated by Thrane.48,49 The model assumes the paraxial approximation
(i.e., sin(θ) ≈ θ, where θ is the angle of the wavefront relative to the optical axis) and
theory is applicable to samples with g > 0.7. The mean OCT intensity, is expressed in
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three terms: the singly backscattered field, the multiply (forward) scattered field, and
the coherent cross-term between these two fields. The expression for the mean squared
OCT amplitude (which is equal to OCT intensity) is:
〈A2(z)〉∝

4exp(−μsz)[1−exp(−μsz)]
1 ⎡
wH2(z)⎤
⎢ exp(−2μsz) +
+[1 − exp(−μsz)]2 2 ⎥
2
2
w (z)
wH(z) ⎣
wS (z) ⎦
1 + S2
wH (z)
z−zf ⎞ 2
wH2(z) = w02 ⎡⎣⎛⎝
+ 1⎤⎦
2nZRO⎠
wS2(z) = wH2(z) +

1
(μ z)θ2 (z/ ).
3 s RMS n

(7)

(8)
(9)

where z is the depth coordinate in tissue measured from the sample boundary at z0.
Equation (8) is the expression for the local beam waist in the absence of forward scattering, wH. w0 is the beam waist at the focus in air. The factor of two in front of the
Rayleigh length of the beam is introduced to account for the doubling of the Rayleigh
length for diffuse reflection, as described above.25 Equation (9) is the expression for
the local beam waist in the presence of multiple forward scattering, wS.49 Based on the
EHF model, multiple scattered light influences the OCT signal at all depths. Assuming
highly forward scattering media, the EHF model can be fitted to the OCT data using
Eq. (7) to obtain tissue optical properties, including µs and θRMS. θRMS is the root mean
square of the average scattering angle and related to the scattering anisotropy through
θRMS ≈ √ 2(1 - g). A drawback of the EHF model is that θRMS and µs are codependent
parameters, which means that a change in θRMS can be compensated with a change in
µs without any change in the outcome of the fit statistics.25 A priori knowledge of θRMS
and/or µs of the sample can be used to restrict the fit.30 Alternatively, the EHF model is
used with a priori knowledge of θRMS and µs for controlled silica bead samples to simulate
the OCT signal, in order to estimate the contribution of multiple scattering to the single
scattering model obtained µOCT. The model-based estimations were in good agreement
with the experimental data for a large range of scattering and anisotropy values in silica
bead samples.23

Modeling of the OCT signal with Maxwell’s equations
A full wave mathematical model, based on Maxwell’s equations, of the OCT image
formation is introduced by Munro et al.54–56 Using this model, the 3D OCT images can
be simulated. Compared to the above mentioned models, the Maxwell’s equation based
model does not need to assume the first-order Born approximation or consider an ensemble average of the scattering particles. This full wave approach could in general allow
modeling of the OCT signal for a variety of system configurations, beam geometries
(Gaussian/Bessel) and (sub-resolution) sample parameters without violating any approxi78
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mations made in the model. The refractive index distribution of the sample is used as an
input parameter, which works well for controlled phantoms, however at the moment not
known for biological tissue. In the latest publication on this model, Munro55 reports on
current limitations of modelling high numerical apertures and the limited computational
speed. Improving the model on these main disadvantages in addition to accessibility
and user-friendliness of the software, this rigorous model had the potential to be a useful
tool for verification of quantitative imaging and approximated models.
In summary, a variety of models for the OCT signal are proposed in literature, ranging
in complexity from a single exponential fit to a full wave mathematical model based
on Maxwell’s equations. The most simple models lack consideration of system parameters and the contribution of multiple scattered light. However, as the model increases
in complexity, more input parameters are required. For the EHF model this result in
codependent sample related parameters, which can’t be determined independently
without a priori knowledge of µs or g. For Monte Carlo based estimations the same
problem arises for which the scattering phase function has to be assumed. Although
multiple models for the OCT signal are studied in literature, the most frequently applied
is the single exponential model. The single exponential model together with accurate
correction for system parameters provides a comprehensive approach without mutual
dependence of the fit parameters. Alternatively to fitting the single scattering model, the
pixel method can be applied to estimate µOCT per pixel in depth, avoiding assumptions
of tissue homogeneity in the axial direction. However, more research to validation and
determination of the limitations and challenges of this method seem needed.

Applications of OCT attenuation
OCT attenuation has been extensively used to provide additional contrast to the OCT
structural information for the characterization of tissue. These applications include the
analysis of individual A-scans or B-scans to quantify the attenuation values, or of volumetric scans to map the 2-D distribution of the attenuation in the lateral plane as en face
attenuation images, which in general terms is referred to as parametric imaging.8,57 This
section presents a survey of such applications to various tissues, including skin, arteries
and tissues with cancer, summarizing the characteristic attenuation coefficients of normal
and diseased tissues.

Applications in dermatology
Cutaneous tissue in humans comprises a superficial thin cellular epidermis overlaying
a thicker layer of dermis with various scatterers, mainly the abundant collagen fibers in
the dermal extracellular matrix. The OCT attenuation in the dermis has been assessed
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in vivo but there is generally limited data in the epidermis1, because on many parts
of the body it is too thin (~100 mm) to be readily amenable to measurement. Shortly
following the early development of OCT, Schmitt et al. presented the single-scattering
model incorporating a beam-divergence function in the OCT signal model to quantify
the attenuation coefficient of tissue.1 This beam-divergence function is similar to, but
different from the confocal PSF as a diverging beam is employed instead of a focusing
beam in common OCT systems. They applied their method to normal cutaneous dermal
tissue in vivo at multiple body locations on two human subjects, including the forearm
(mean μt: 4.6-4.7 mm-1), finger (mean μt: 3.7-5.0 mm-1) and lip (mean μt: 2.0 mm-1). Later,
Kholodnykh et al. studied and corrected the systematic errors in the quantified attenuation coefficient due to the confocal PSF.44 They applied their method to human forearm
in vivo, reporting much higher attenuation values of dermis (μt: 10-13 mm-1) than Schmitt
et al. at the same mean wavelength (1300 nm). They attributed this difference to the
different experimental protocols, such as the pressure due to the contacting probe and
the use of clearing agent (i.e., glycerol) in Schmitt et al.’s work. It is well known that compression of a sample induces more scattering. This phenomenon is largely the simple
consequence of increasing the gradient of the refractive index by reducing the axial
dimensions between scatterers, but its effect on the OCT attenuation coefficient has
not been well studied. On the other hand, optical clearing as an approach to enhance
the light penetration into tissue has been shown to give rise to decreased attenuation
coefficients in rat skin.58
The single-scattering model used in these studies assumes tissue homogeneity over
the depth range used to estimate the attenuation coefficient. However, the extracellular
matrix in the dermis is perfused with a network of blood vessels with highly distinct
optical properties (determination of the attenuation coefficient of whole blood is challenging due to high forward scattering of red blood cells40. By using appropriate models
to calculate optical properties of whole blood a value of ~0.96 is found for the scattering
anisotropy and a value of 35 mm-1 for the scattering coefficient at 1300 nm, which is close
to complied data from literature of 40 mm-1 at 1300 nm),59, signifying a distinct lack of
homogeneity of the dermis. Additionally, many conditions are characterized by visible
redness of the skin, indicating higher levels of blood than in surrounding tissues. This
inhomogeneity lead to artifacts in the estimated attenuation coefficients when the vessel
is contained in the fitting window, such as shown in Figs. 4(b) and (c).60 Such artifacts
include either underestimation or overestimation of the attenuation, depending on the
size of the fitting window and its depth position relative to the vessels. To mitigate this
obvious source of inhomogeneity, Gong et al. presented a method to identify and mask
the blood vessels from the attenuation estimation, using OCT speckle decorrelation for
their detection, and mapped the 2-D spatial distribution of the attenuation coefficient
of the remaining tissue.60 The resulting dermal attenuation coefficient from normal hu80
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Figure 4. OCT attenuation imaging of human skin in vivo. (a) OCT vasculature image of a normal
skin. (b) Mapped attenuation coefficient image of the tissue region in the blue square in (a). Dashed
circles outline the regions with artificial attenuation coefficients due to the blood vessels. (c) Fitting
example from the vascular zone marked by the bottom purple square in the circle in (b). (d) and (e)
Longitudinal attenuation coefficient images of a human burn scar before and after laser treatment
with vascular masks shown in black. Adapted from. 60,63

man subjects (n = 6) is 6.3±0.5 mm-1. Another distinction of their work is the use of a
polarization-sensitive OCT (PS-OCT) scanner to mitigate the possible errors in the quantified attenuation coefficients due to the birefringence of dermal collagen, measured to
be 0.4-1.3 × 10-3 by Gong et al. at 1325 nm wavelength,61 and 0.5-1.1 × 10-3 by Pierce et
al. at 1300 nm wavelength.62
Using the attenuation coefficient of normal dermis as the baseline, OCT attenuation
has been applied to the assessment of cutaneous conditions, such as psoriasis, which is
characterized as patches of abnormal skin resulting from autoimmune disease. Welzel et
al. demonstrated a lower attenuation coefficient (μt: 2.9±0.9 mm-1; n = 28) in the upper
dermis at 1300 nm than in normal human skin (μt: 3.6±1.5 mm-1; n = 28).64 Their longitudinal monitoring further indicated the increase of the OCT attenuation in psoriasis after
therapy (μt: 3.8±1.7 mm-1), approaching the normal skin attenuation (μt: 4.2±1.6 mm-1).
They believe these characteristic attenuation coefficients are associated with inflammation in psoriasis, which can impact the density and distribution of collagen fibers and,
thus, the scattering properties of dermis.
Another example of the application of OCT attenuation to cutaneous conditions is
the assessment of human burn scars. Burns arise from various causes and lead to scarring, which presents as the proliferation of collagen and blood vessels in pathological
scarring, including hypertrophic scars and keloids. In contrast to pathological scars,
normotrophic scars present similar characteristics to the surrounding normal skin and
represent the best clinical endpoint. To investigate the optical properties of burn scars,
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Gong et al. quantified the OCT attenuation of dermis with masking of blood vessels
and found significantly lower values (hypertrophic scar μt: 3.8±0.4 mm-1; normotrophic
scar μt: 4.2±0.9 mm-1) than those of the contralateral or adjacent normal skin tissue (μt:
6.3±0.5 mm-1; n = 6), using a PS-OCT scanner. They attributed this difference to the reduced scattering in scar tissue arising from the higher water content,65,66 and supported
this assertion with corresponding optical propagation simulations showing a similar
trend. Es’haghian et al. further extended OCT attenuation to longitudinal assessment of
hypertrophic scars undergoing fractional laser ablation treatment, as shown in Figs. 4(d)
and (e).63 They reported characteristic changes in the scar attenuation after treatment: an
increase (31±27%) and decrease (13±5%) in the attenuation coefficient, respectively, in
immature and mature scars; whilst there was minimal change in the higher OCT attenuation coefficient (μt: 5.1±0.7 mm-1) of the normal untreated skin (n = 7). The difference of
these attenuation coefficients of the normal skin from those estimated by Gong et al. is
likely due to the large variation of the skin locations and the use of PS-OCT by Gong et
al. Overall, the characteristic attenuation coefficients of normal skin and skin conditions
(Table 1), and their changes during treatment, indicate the great potential of OCT attenuation for clinical monitoring of skin conditions.
Cutaneous
Reference
tissue

Correction
Wavelength
Model
Location
(nm)
CPSF SRF
Forearm

Schmitt et al. 1

1300

SSM

Y

N/A Finger

Kholodnykh et al. 44 1300

SSM

Y

N/A Forearm

Lip

Attenuation
coefficient (mm-1)
4.6/4.7 (mean)
3.7/5.0 (mean)
2.0
10-13

Gong et al.60

1325

SSM

Y

Y

Forearm, thigh
and lower leg

Es’haghian et al.63

1300

SSM

Y

Y

Upper arm,
abdomen, back,
thigh and calf

5.1±0.7

Welzel et al.64

1300

SSM

-

-

Including
forearm

3.6-4.2 (mean)

Psoriasis

Welzel et al.64

1300

SSM

-

-

Including
forearm

2.9±0.9 (untreated)
3.8±1.7 (treated)

Burn scar

Gong et al.60

1300

SSM

Y

Y

Forearm, thigh
and lower leg

3.8±0.4 (hypertrophic)
4.2±0.9
(normotrophic)

Normal
skin

6.3±0.5

Table 1. OCT attenuation coefficient of human dermis in vivo. CPSF: confocal point spread function; SRF: sensitivity roll-off function. N/A: not given.

Applications in cardiology
The arterial system can be affected by atherosclerosis, a systemic inflammatory disease
that gives rise to focal formations of fatty deposits in the vessel wall. This is a problem,
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in particular in the carotid and coronary arteries, where disruption of those “plaques”
can trigger thromboembolism, leading to ischemia in the brain (stroke) or heart muscle
(heart attack). Catheter-based intravascular OCT is a powerful method for visualization of
atherosclerosis, and is routinely applied in guidance of minimally-invasive coronary interventions. The normal structure of healthy coronary artery wall consists of three layers: a
thin, bright intima; a darker muscular media that has a thickness of 200-300 μm, and the
connective adventitia, which has a signal-rich and heterogeneous appearance on OCT.
Atherosclerotic plaques form in the intimal layer, which thickens under the influence
of the deposition of cholesterol and related compounds. Accumulation of these species
triggers an inflammatory response, which leads to hypoxic conditions and subsequent
necrosis. Detection of these lipid-rich necrotic cores in atherosclerotic plaque potentially
enables pre-emptive interventions by medication or stenting. Quantitative characterization of the different tissue types, including calcification and fibrous tissues, is a potentially
important application of attenuation imaging.
Quantitative OCT analysis of atherosclerosis was first explored by Levitz et al.67, who
demonstrated that there is quantitative OCT contrast in different arterial tissue components. Two studies by Van der Meer et al. showed that such information could be
extracted locally and, thus, be used for imaging tissue types. The single-scattering model
was applied to OCT data acquired from carotid arteries (n = 13) ex vivo with an 800 nm
scanner to quantify the attenuation of various tissue constituents.68 Differences between
tissue types (lipid-rich, fibrous intimal thickening, calcification, and thrombus) were attributed to the different scatterers in these tissues, such as the highly scattering red blood
cells, which lead to a high attenuation in the thrombi. These results were compounded
by imaging data of atherosclerosis at an OCT wavelength of 1300 nm.7 They demonstrate the feasibility of OCT attenuation to differentiate different tissue types. Angle
dependence of scattering parameters was investigated by Xu et al., who demonstrated
a strong dependence on imaging orientation for the highly oriented media.8
Van Soest et al.12 further implemented OCT attenuation analysis of coronary arteries
(n = 65) in a catheter-based OCT imaging, approximating in vivo clinical imaging of coronary arteries. They demonstrated the differentiation of necrotic core and macrophage
infiltration (μt ≥ 10 mm-1) from calcific and fibrous arterial tissue μt: 2-5 mm-1) using the
OCT attenuation. In vitro data were acquired with a time-domain OCT system. Figure
5 shows an example of a coronary atherosclerotic lesion with a necrotic core behind a
calcified region, identified from histology in Fig. 5(b) and marked in Fig. 5(c) (red). The
necrotic core and calcified region have similar signal in the structural OCT image in Fig.
5(a). Aided by OCT attenuation imaging in Fig. 5(d), the necrotic core is better contrasted with the calcified region than the original OCT image. In vivo data from this study,
recorded with a prototype FD-OCT scanner, showed qualitatively and quantitatively
similar attenuation patterns. These results illustrate the promise of OCT attenuation to
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Figure 5. OCT attenuation imaging of a coronary artery with an atherosclerotic lesion in vitro. (a)
and (b) OCT image and corresponding histology of the artery. (c) Cartoon overlaid with histology
to indicate an advanced necrotic core (red) behind a calcification (gray), and a slight fibrotic (green)
circumferential intimal thickening. (d) OCT attenuation coefficient image ranging from 0 (blue) to 15
mm-1(red). Scale bar: 1 mm. Adapted from. 12

complement the qualitative arterial tissue classification that relies on interpretation of
image texture and structural features for determination of tissue composition and plaque
type. Table 2 summarizes the quantified attenuation coefficients of various tissue types.
Very recently, Liu et al.35 implemented the depth-resolved method on intravascular
OCT scans acquired in vitro on 135 images from coronary arteries on two cadaver hearts.
Using a variety of signal descriptors (intensity, attenuation and backscatter), they were
able to distinguish up to six different tissue types (mixed, calcified, fibrous, lipid-rich
macrophages and necrotic). No correction for confocal function or sensitivity roll-off was
applied.
The attenuation coefficients vary quite significantly between different studies. Qualitative identification of vascular tissue has generally followed the classification of Yabushita
et al.69: fibrous tissue is homogeneous and signal-rich; calcified tissue is signal-poor with
well-defined borders; and lipid-rich/necrotic tissue is signal-poor with diffuse borders.
This set of criteria implicates low attenuation for both fibrous and calcified tissues, with
high backscattering for fibrous tissue, and low for calcifications. Lipid-rich/necrotic tissue
would have strong attenuation, based on a tissue optical interpretation of the qualitative
classification. The attenuation (and backscattering, if available) values reported by Xu
et al.8, Van Soest et al.12, and Liu et al.35 follow this general pattern, while the contrast
measured by Van der Meer et al.7,68 appears to be inverted. A possible explanation of this
difference may lie in the selection of fitting regions, which in the case of van der Meer et
al. seems to exclude the signal-rich proximal areas in attenuating tissues, causing them
to derive data from the slowly varying multiple-scattering background.
Table 2 replicates the mean/median attenuation coefficient values reported by Liu et
al.35, which are much smaller than those reported by other studies. Half of this difference is explained by their adoption of the intensity-based depth-resolved model, which
results in attenuation values that are a factor two smaller than the ones extracted from
the amplitude-based fitting formalism. But even when accounting for this discrepancy,
their attenuation coefficients are significantly smaller. They also report maximum and 95th
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Wavelength
(nm)

Arterial tissue Reference

Intimal
thickening/
fibrous

Lipid-rich
region

Calcification

Thrombus

Correction for
CPSF

SRF

Location

Attenuation
coefficient (mm-1)

van der Meer et al.68

800

SSM

Y

N/A

van der Meer et al.

1300

SSM

Y

N/A

Xu et al.8

1320

SSM

Y

N/A

Coronary

6.4±1.2

van Soest et al.

12

Carotid

5.5±1.2
3.2±1.2

1310

SSM

Y

Y

Coronary

2-5

Liu et al. 35

1310

DRM

N

N

Coronary

1.7 ± 0.5

van der Meer et al.68

800

SSM

Y

N/A

Carotid

van der Meer et al.

1300

SSM

Y

N/A

Xu et al.8

1320

SSM

Y

N/A

Coronary

13.7±4.5

van Soest et al.12

1310

SSM

Y

Y

Coronary

≥10

Liu et al.35

1310

DRM

N

N

Coronary

2.6±0.1

van der Meer et al.68

800

SSM

Y

N/A

Carotid

11.1±4.9

3.2±1.1
2.3±0.5

van der Meer et al.

1300

SSM

Y

N/A

Xu et al.

1320

SSM

Y

N/A

Coronary

5.7±1.4

1310

DRM

N

N

Coronary

0.9±0.2

Liu et al.35
Macrophage
infiltration

Model

van Soest et al.

12

26±3.2

1310

SSM

Y

Y

Coronary

>12

Liu et al. 35

1310

DRM

N

N

Coronary

3.4±0.4

van der Meer et al.68

800

SSM

Y

N/A

Carotid

11.2±2.3

Kume et al. 70

1300

SSM

N

N/A

Coronary

3.8±1.0 (red)
2.1±0.3 (white)

Table 2. Reported measured OCT attenuation coefficient of human arterial tissue ex vivo. CPSF:
confocal point spread function; SRF: sensitivity roll-off function.

percentile values for the parameters they compute. These quantifiers for the top of the
distribution are in good agreement with the values reported by Xu et al.8 and Van Soest
et al.12 The attenuation values computed by the depth-resolved model are affected by
OCT speckle, which was filtered post-hoc by application of a median filter. It is unknown
which part of the speckle-modulated attenuation distribution is representative of the true
tissue-optical parameters, and how this measurement is modified by filtering.
When different arterial tissue types present similar attenuation properties, tissue characterization with OCT attenuation coefficient is ineffective. A combination of the OCT
attenuation with additional OCT-derived optical properties by Xu et al.8 and Liu et al.35
resulted in statistically significant discrimination between tissues types. An example from
Xu et al. is shown in Fig. 6, where the calcific (red) and fibrous (green) tissues are better
differentiated using the combined attenuation and backscattering coefficient image
in Fig. 6(d) than using only the attenuation in Fig. 6(b). Such combination of multiple
parameters provides one promising approach to enhance tissue contrast and thus better
tissue classification for future applications, if they can be reliably extracted form catheterbased measurements.
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Figure 6. Combined imaging of OCT attenuation and backscattering coefficient of a fibrocalcific
plaque. (a) and (b) Images of histology and OCT attenuation coefficient. (c) Image of the combined
attenuation and backscattering coefficient using the colormap in (d). C: calcific tissue; F: fibrous tissue; L: lipid tissue. Adapted from.8

Applications in oncology
A promising application of OCT attenuation is the characterization of tissue in the presence of cancer. Expected changes in tissue due to abnormal cell and tissue growth caused
by cancer include altered cell arrangement, density, size and size distribution of nuclei
and organelles, and proliferation and changes in the organization of the extracellular
matrix.71,72 McLaughlin et al. were the first to apply parametric OCT attenuation imaging
to assess cancer ex vivo, extracting an attenuation coefficient for each A-scan and visualizing the spatially distributed attenuation values as an en face image (Fig. 7).14 Although
they quantified only the relative values of attenuation coefficient, the demonstration
of their method on malignant human axillary lymph nodes from breast cancer patients
(n = 2) indicated the significant contrast between malignancy and healthy non-neoplastic
tissue. Figure 7 shows one such example indicating the differentiation of residual healthy
tissue (circled regions) in a malignant lymph node as the low attenuation coefficient
regions in Fig. 7(b), which is difficult to identify using the original OCT image in Fig.
5(c). Their method was further developed and applied by Scolaro et al. for imaging the
absolute attenuation coefficient in axillary lymph nodes (n = 4).13 They summarized the
OCT attenuation coefficients of various tissue sub-types, as shown in Table 3, to guide
the classification of different tissue types within the lymph node.

Figure 7. OCT attenuation imaging of a malignant human axillary lymph node. (a), (b) and (c) Histology, OCT attenuation and structural OCT image of the lymph node. The circles highlight the
residual, noncancerous cortical tissue. Scale bar: 1 mm. Adapted from Ref.14
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OCT attenuation has also been used to characterize ovarian cancer, which is difficult to
diagnose at an early stage due to the lack of symptoms. Yang et al. applied OCT attenuation to ovaries (n = 18) ex vivo, showing lower attenuation values in malignant tissue
(μt: 1.55±0.46 mm-1) than normal tissue (μt: 2.41±0.59 mm-1).9 In a subsequent study,
they demonstrated consistent contrast between the malignant (μt: 1.74±0.55 mm-1) and
normal tissue (μt: 2.38±0.67 mm-1) in ovaries (normal: n = 26; malignant: n = 7),73 and
further augmented the attenuation with measurement of the phase retardation caused
by the optical birefringence of collagen tissue. The combination of these two parameters
shows high sensitivity and specificity for the classification of malignant and normal ovary
tissue. Interestingly, they correlated the two contrast mechanisms in these quantified
optical properties with the lower collagen area fraction in the malignant than the normal
tissue to explain the contribution of the collagen tissue to these mechanisms.
Analysis of urothelial carcinoma by OCT attenuation has also investigated. Cauberg
et al. applied OCT attenuation to human bladder samples (n = 54) to assist grading
of urothelial carcinoma tissue ex vivo.15 They reported the attenuation coefficients for
different tissues, including benign tissue (median μt: 5.75 mm-1), grade 1 (median μt:
5.52 mm-1), 2 (median μt: 4.85 mm-1), and 3 (median μt: 5.62 mm-1) urothelial carcinoma
at 850 μm. Bus et al. extended this analysis to patients (n = 7) in vivo, and reported
the higher attenuation in grade 3 (median μt: 3.53 mm-1) than 2 (median μt: 1.97 mm-1)
lesions.3 A following study on a large number of patients (n = 26) by Bus et al. further
validated the higher attenuation of high grade lesions (μt: 2.9-3.7 mm-1) than low grade
lesions (median μt: 1.7-2.3 mm-1), demonstrating the feasibility of OCT attenuation for
grading low and high grade lesions.74
Recently, Muller et al. used OCT attenuation to aid the characterization of prostate
cancer, reporting attenuation coefficients of benign (mean μt: 3.8 mm-1) and malignant
(mean μt: 4.1 mm-1) tissue.75 Kut et al. investigated the OCT attenuation of cancer and
non-cancerous brain tissue from human patients (n = 37), and reported lower attenuation
coefficients in cancer tissue (infiltrated zone mean μt: 2.7 and 3.5 mm-1, cancer core
mean μt: 3.9 and 4.0 mm-1) than non-cancerous tissue (mean μt: 6.2 mm-1).76 Wessels
et al. applied OCT attenuation analysis to vulvar intraepithelial neoplasia (VIN), which
can progress to vulvar squamous cell carcinoma.11 The results showed high epidermal
attenuation coefficients in VIN (μt: 6.2±2.1 mm-1) than the healthy skin (μt: 2.1±1.4 mm-1).
They also investigated cutaneous melanoma and reported lower attenuation in melanomas (mean μt: 4.28 mm-1) than in benign lesions (mean μt: 5.49 mm-1), indicating the
promising application of attenuation for better differentiation of melanoma.10 The results
in these studies indicate the promise of OCT attenuation as a biomarker to characterize
cancer tissue.
Following the wide applications of OCT to ophthalmology, OCT attenuation analysis
has also been explored to investigate eye diseases in vivo, such as glaucoma, which
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Tissue

Axillary
lymph
nodes in
breast
cancer

Ovarian
cancer

Paper

Scolaro
et al.13

Yang et
al.9,73

Tissue type

Correction
Wavelength
Model
(nm)
CPSF SRF

Paracortex (All tissue
types are from 4 axillary
lymph nodes)

10.0-11.5

Primary inactive cortical
follicles

4.5-6.8

Medullary sinus

1320

SSM

Y

N/A*

Prostate
cancer

14.1-15.3

Thickened fibrous
capsule

11.6-12.6

Necrotic tissue

13.0-14.5

Dystrophic calcification

16.0-16.5

Normal tissue

2.41±0.59 / 2.38±0.67

Malignant tissue (All
tissue types are from 51
ovaries.)

1310

SSM

Y

N

Cauberg UC (All tissue types are
et al.15
from 54 bladder samples
of 18 patients)

850

SSM

N

N/A

Garde 2 UC (23 lesions)

1.97 (IQR: 1.57-2.30)

Grade 3 UC (13 lesions)

3.53 (IQR: 2.74-3.94)

Bus et
al. 74

Low grade UC (All tissue
types are of 26 patients.)

1.7-2.3

High grade UC

2.9-3.7

Muller et Benign tissue
al.75
Malignant tissue

Kut et
al.76

1300

SSM

Y

Y

Cancer core (All tissue
types are from 16
patients in the training
group.)

Barwari
et al.77

3.8 (mean)
4.1 (mean)
6.2±0.8

Infiltrated zone
1310

SSM

Y

$

Y

2.7±1.0 for low-grade
3.5±0.8 for high-grade
4.0±1.4 for low-grade
3.9±1.6 for high-grade

1310

SSM

Y

Y$

2.8±0.9

Infiltrated zone

3.6±1.4 for low-grade
3.7±1.2 for high-grade

Cancer core (All tissue
types are from 16
patients in the training
group.)

3.8±1.2 for low-grade
4.2±1.5 for high-grade

Normal tissue (All
tissue types are from 14
patients
Renal cell carcinoma
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5.52, 4.85 and 5.62
(median for grade 1, 2
and 3 UC)

Bus et
al.3

Non -cancer gray matter
of seizure patients

Kidney
cancer

1.55±0.46 / 1.74±0.55
5.75 (median)

#

Non-cancer white matter
of seizure patients
Brain
cancer

8.1-9.1

Fibrous capsule

Benign tissue

Urothelial
carcinoma
(UC)

Attenuation coefficient
(mm-1)

1300

SSM

Y

Y

4.95 (IQR: 4.05-5.68)
8.86 (IQR: 5.09-11.65)
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Wessels
et al.10

Benign lesions (All
tissue types are from 33
patients

1300

SSM

Y

Y

Melanoma

Skin
cancer
Wessels
et al.11

Healthy skin (All tissue
types are from 20 lesions
of 16 patients.)
Vulvar intraepithelial
neoplasia

5.49±0.24
4.28±0.44
2.1±1.4

1300

SSM

Y

Y
6.2±2.1

Table 3. OCT attenuation coefficient of human cancer tissue for various tissue and cancer types. (All
results were acquired ex vivo except those from the skin cancer by Wessel et al.10 and UC by Bus et
al.3,74) *The depth scan response in the time-domain OCT scanner was corrected. #Dynamic focusing
was used. $Sensitivity fall-off was corrected together with the confocal function using the phantom
signal. CPSF: confocal point spread function; SRF: sensitivity roll-off function.

can lead to the damage of the retina and vision loss. The OCT attenuation in the
retinal nerve fiber layer (RNFL) of retina of healthy (n = 10) and glaucomatous subjects
(n = 30) has been analyzed by van der Schoot et al.78, showing the significantly decreasing values in glaucoma (mild glaucoma μt: 4.09±0.34 mm-1; moderate glaucoma
μt: 3.14±0.22 mm-1; advanced glaucoma μt: 2.93±0.33 mm-1) as compared to normal
subjects (μt: 4.78±0.46 mm-1). Consistent contrast was later presented by Vermeer et al.79
in a study on healthy (n = 10) and glaucomatous (n = 8) eyes. Additionally, OCT attenuation coefficients of the multiple layers (including RNFL) in retina have been extracted
by DeBuc et al.80 and Sun et al.81 as a tool to assess other diseases closely related to the
changes in retina, including diabetics and pituitary adenoma. However, a large body of
work is still needed to further study the feasibility of OCT attenuation for assessing these
diseases.
Additionally, OCT attenuation has been applied to the characterization of various
other tissue pathologies, such as dystrophic muscle tissue, to identify necrotic lesions
in mouse models of muscular dystrophy (necrotic lesion μt: 9.6±0.3 mm-1 and necrotic
myofiber μt: 7.0±0.6 mm-1 vs healthy tissue μt: 3.9±0.2 mm-1)82; and cartilage tissue to
quantify the differences between the healthy cartilage (μt: 9.7±3.3 mm-1), repair tissue
(μt: 3.1±1.4 mm-1) and bone (μt: 4.5±0.5 mm-1)83 in goats with induced osteochondral
defects. All of these studies on OCT attenuation both at the level of initial demonstration and relatively large-scale clinical data sets have shown good potential for improved
quantitative tissue characterization as compared to the use of only the qualitative OCT
images.
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Discussion
Accuracy and precision
To extract µOCT from OCT data an appropriate model for the OCT signal is required. The
ideal model would be an accurate and complete representation of the OCT signal, both
including and separating system dependent parameters and tissue scattering dependent parameters. In literature multiple models describing the OCT signal are available,
ranging in sophistication, with extra input parameters for which although the number
of output physical parameters does not change. However, unnecessary complexity of
the model should be prevented to avoid mutual dependence between parameters and
the need for a priori knowledge of tissue scattering properties. Furthermore, precise
determination of µOCT is desired, with a low sensitivity to the selected input parameters.
All studies discussed in the application section of this review use the single scattering
model to extract μOCT from OCT data. This model assumes the contribution of only single
scattered light and tissue homogeneity. The most frequently used approach to extract
μOCT is by means of Non-Linear Least Squares (NLLS) curve-fitting of the single scattering
model to the measured OCT data. As no mutual dependence exists between the fit parameters, the covariance matrix obtained from the NLLS fit procedure yields uncertainty
estimates on the fitted parameters. These uncertainty estimates quantify how well the
data is represented by the fitted model in order to estimate the accuracy of the model.23
Moreover, based on these uncertainty estimates, poorly fitted data can be excluded. Approaches to correct for system dependent parameters while fitting the single scattering
model to OCT data are elaborately discussed in literature.

23–25,31

The precision of this

approach depends mostly on the selection of the input parameters (e.g. noise floor, ROI
selection). The largest influence on variation in the extracted µOCT value are caused by
the selection of the ROI for the fit.84 An average standard deviation of 1.0 mm-1 is found
in the data discussed in the application section of this thesis. By performing multiple fits
and changing the ROI selection by a couple of percent in the axial direction, an estimate
for the precision of the µOCT value can be obtained.
Depth-resolved determination of µOCT could provide a solution for tissue inhomogeneity. Vermeer et al.33 propose such method. However, two main assumptions should be
considered when applying this depth-resolved approach; 1) full attenuation of light in the
A-scan and 2) absence of absorption. The first assumption can be corrected for by taking
into account accurate estimates of the noise level. The obtained μOCT values are sensitive
to the estimation of the noise level and thereby less reliable in case of contribution of
multiple scattering. The correction of confocal point spread function, sensitivity roll-off
and noise are not yet fully described for the depth-resolved method.34 It is also less clear
how to quantify whether the obtained μOCT is an accurate representation of the tissue
attenuation coefficient. Further research is needed to address reliable correction for the
90

Parametric imaging of attenuation by OCT: a review

noise level and system dependent parameters and the use of the depth resolved method
on samples containing absorption.

Limitations of the single scattering model
Although for weakly scattering media the single scattering approximation gives an good
estimate of sample scattering coefficient (i.e., μOCT = μt), in highly forward-scattering
samples, the contribution of multiple scattering becomes significant; therefore, we
use the notation of μOCT instead of μt to address the possible difference between both
parameters.23,25,44,45 As no multiple scattering model for the OCT signal without the need
for a priori assumptions on optical properties is available at the moment, the single scattering model is commonly used to obtain μOCT from clinical OCT data. Two approaches
to include multiple scattering in the description of the OCT signal are proposed in
literature: Monte Carlo simulations and the extended-Huygens Fresnel (EHF) model.
Monte Carlo simulations are based on probabilistic photon counting simulations for
which the outcome depends strongly on the chosen input parameters such as systems
numerical aperture and the phase function of the sample. The EHF model is an analytical model on light propagation through homogeneous turbid media, valid for particles
with a scattering anisotropy larger than 0.7. The strength of the EHF model is that the
variation of any parameter in the model may be changed easily to study its influence on
the retrieved optical properties. However, because of competing parameters in the EHF
model, a priori input of sample properties was needed for the simulations and estimation
of multiple scattering.

Clinical applicability and limitations
Tissue heterogeneity
One crucial assumption in determination of μOCT is the homogeneity of the sample over
the A-scan depth range used to estimate the attenuation coefficient. Many biological tissues possess a layered structure and are heterogeneous in the axial direction. The depth
ROI of the tissue is preferably chosen such that the obtained attenuation coefficient is
obtained from a homogenous region. The capacity to find such a region is highly dependent on the specific tissue. Usually the borders of tissue layers and structures are not well
defined due to low scattering contrast, which makes the selection of ROI for fitting challenging. Pre-analysis segmentation of tissue layers and the use of pixel-based methods
can provide for a solution. Segmentation of tissue structures forms an important part of
an automated workflow for OCT attenuation analysis, using a priori knowledge of expected morphology to restrict the analysis to homogeneous tissue regions. Identification
of regions for attenuation analysis typically proceeds with the first step being detection
of the tissue surface in OCT images. Yuan et al. highlighted the significance of reliable
surface segmentation, showing the resulting artificial nonphysical negative attenuation
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coefficients from the inclusion of low signal above the tissue surface by incorrect surface
detection.31 Tissue surface segmentation has been performed via different approaches,
mainly using the high reflectance and corresponding high OCT signal at the surface. Hori
et al. and Liew et al., respectively, adopted the detection of the local maximum intensity
pixels and Canny edge detector to segment the skin surface.60,85 Zahnd et al.86 have
implemented a gradient-based dynamic programming approach for layer segmentation
in arterial images. Smoothing the OCT images with median or averaging filters prior to
surface detection is typically important for suppressing the noise in the detected surface
in these methods. The identified surface is then used to initiate the start depth for model
fitting in attenuation analysis at different lateral tissue locations.
The capability to differentiate and segment distinct tissue layers in the OCT images
depends on their contrast in the reflectance of OCT light. In skin tissue, the superficial
epidermal layer presents lower signal than the underlying dermal layer compromising
strong scatterers, such as the collagen fibers, which allows ready segmentation. In contrast, the papillary dermis and reticular dermis in the dermal layer is difficult to differentiate and segment due to the lack of contrast in the OCT images. Hori et al. segmented
the epidermis by locating the pixel with local minimum intensity below the tissue surface,
which is corresponding to the bottom margin of the epidermis.85 By estimating the thickness of the epidermis below the tissue surface, Gong et al. restricted the attenuation
analysis to the dermis to avoid the possible artifacts by mixing these two different layers.60 Moreover, it is shown that the OCT amplitude distribution (i.e., speckle) relates to
tissue homogeneity 87, and could be used as a measure to optimize ROI selection.
When OCT attenuation analysis is applied to tissue in vivo, the OCT scan commonly
contains blood and lymphatic vessels with different scattering properties from the surrounding fibrous or stromal tissue. The blood vessels have very high scattering with
strong forward scattering of the OCT light due to the large scatters (i.e., blood cells)
relative to the OCT wavelength.88 This leads to the lower OCT signal of the blood vessels
than that of the surrounding tissues, and the artifacts in the estimated attenuation coefficients if the fitting window covers the vessel signal as demonstrated by Gong et al.60
The lymphatic vessels have been observed by Blatter et al. to present even lower signals
than the blood vessels, almost approaching noise floor due to the optical transparency
of the lymph (i.e., lack of scatterers), which can lead to similar artifacts in attenuation
analysis.89 Gong et al. presented a vessel masking approach to mitigate such artifacts
by segmenting and masking the blood vessels using speckle decorrelation angiography
and restricting the attenuation analysis to A-scans without vessels.60,90 The improvement
of the accuracy of attenuation estimation by such vessel masking depends on the size
and depth of the blood vessels relative to those of the fitting window. Their method can
be further improved by additional masking of the lymphatic vessels with segmentation
of vessels using OCT lymphangiography.91,92
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Data processing algorithms and representation
For clinical applicability, especially for guidance in real-time during procedures, automated analysis and real-time visualization of μOCT is necessary. The main challenges in
achieving this are the processing speed of detection and segmentation of layers, whilst
achieving adequate robustness and validity. A depth-resolved method is appealing in
this context, as the requirements of layer and ROI selection are avoided33. Linear fitting
of the log OCT amplitude is faster compared to the exponential fitting of the linear OCT
amplitude, as mentioned; however, the goodness of fit decreases rapidly as multiple
scattering becomes significant. The expected μOCT values are then underestimated by the
obtained values compared to exponential fitting.31 There has been considerable work on
approaches and models designed to achieve fast and robust analysis.31,34,76,93–98 Turchin
et al.95used an algorithm based on a small-angle approximation of the radiative transfer
equation and validated their approach on layered tissues. Yuan et al.

31

presented a

frequency-domain model, to which they compare linear log fitting and exponential fitting of the single-scattering model on silica phantoms. They conclude that their method
is more robust compared to both fitting methods when dealing with incorrect surface
detection. Their method is 22 times faster than an exponential fit, and more robust than
the linear log fit when dealing with multiple scattering. The same method has been
used to analyze ex vivo brain tumor OCT data.31 Reduction of the dimensionality of
attenuation data, of which en face projection is an example, is a feasible method to
reduce the complexity of the imaging data, which has significant advantages for validation purposes. For analysis of atherosclerotic plaques in OCT data, Gnanadesigan et
al. proposed a so-called index of plaque attenuation, which represents the fraction of
pixels in an en face image above a certain attenuation threshold. By comparing with histopathological analysis99 or human annotation of clinical pullback data100, and applying
receiver-operator characteristic analysis, they were able to derive attenuation thresholds
for different clinically relevant plaque types. The reduction of complex, 3D attenuation
data to a single parameter greatly facilitates validation and application of attenuation
imaging as a basis for intervention guidance and clinical decision making. Depending on
the application and clinical question, the μOCT values can be represented in an overlay on
top of cross sectional B-scans or en face projection.

Requirements for successful clinical application
For the application of μOCT for tissue characterization in the clinic determination of the
added clinical value is needed. Therefore, the obtained μOCT should be reliable and
robust, and the sensitivity and specificity in comparison with the current gold standard
should be determined.
First, sufficiently accurate knowledge of the system parameters and data output format
of the OCT system are needed to ensure the use of the correct description of the OCT
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signal (e.g., amplitude, intensity or dB). Such knowledge may require careful calibration
for a commercial system. Calibration of the OCT system, probe and validation of the
analysis method should be performed using calibrated samples with known attenuation
coefficients (i.e., a phantom). Secondly, consensus on the applied model and method to
extract quantitative parameters from OCT images is needed. Automated analysis software could be used to avoid human introduced biases. Moreover, open source analysis
software, sample preparation guidelines and OCT data sets could be a helpful towards
standardization of the data analysis.
Comparison of μOCT results with the current clinical gold standard, which in many cases
is histopathology, is needed and can be very challenging. Progress has been made in
recent studies in which ex vivo OCT images and quantitative outcomes are matched
as closely as possible with histopathological outcomes.101 Matching of in vivo data introduces additional challenges. Studies comparing both in vivo, ex vivo OCT data with
histological results can be helpful, although resection of in vivo tissue is always restricted
to diseased tissue.

Additional OCT-derived optical parameters
To enhance contrast between tissue types and detect pathology additional parameters
can be obtained from the (conventional) OCT intensity images, such as amplitude/
backscattering coefficient, speckle distribution. The backscattering coefficient (μb,NA) of
the sample detected within the detection NA of the OCT system can be obtained from
the OCT amplitude after calibrating for system parameters.

6,23,47,102–105

Changes in the

backscattering coefficient compared to changes in the total scattering can be applied to
estimate changes in the phase function of the sample.52 Kodach et al. combine measurements of μS and μB to obtain the anisotropy factor (g) of Intralipid. Levitz et al.47,104 experimentally obtain attenuation and amplitude (which Levitz et al. refer to as reflectivity ρ),
of the development of collagen gels. Combining these measurements with Monte Carlo
simulations, they conclude that changes in the architecture of the gels can be measured
and quantified with OCT. Schneider et al.103 used OCT derived μS and μB combined with
Mie theory calculations to determine the size of polystyrene nanoparticles. The pixelto-pixel signal amplitude fluctuations, related to OCT speckle, are often suppressed
to enhance image quality. However, speckle also carries information on sub-resolution
structural sample properties. Therefore, analysis of static OCT speckle can be applied
for tissue characterization. Several studies have studied the relation between speckle
statistics within a ROI to structural sample properties in controlled phantoms.87,106–110
The relation between the OCT amplitude distribution and μB for samples of silica microspheres is derived and validated.111 Seguita et al.112 map a speckle distribution-derived
parameter onto OCT images. They demonstrate added contrast compared to the OCT
intensity images in liver and brain tissue of rats. Moreover, other additional parameters
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can be extracted from OCT data to gain information of sample properties trough the
interaction of tissue with light. Such as Doppler OCT, polarization sensitive OCT and
spectroscopic OCT.

Future perspectives
Simulations of OCT images39,50,51,56,113 can be used to obtain information on the expected
OCT image and OCT-derived parameters of tissues of interest. Monte Carlo based
simulation39,50,51 for which the optical geometry needs to be modelled and assumptions
of the phase function of the tissue are needed as an input. Munro et al.55,56 demonstrate
a 3D mathematical model of OCT image formation, based on Maxwell’s equations.
Such algorithms are a promising tool, however the structural and optical properties of
the sample are needed as an input for the calculations, which is challenging.114–117 For
example the refractive index of cell nuclei, for which different studies show discrepancies.4,20,21 A promising model for tissue optical properties is the continues random media
model.21 The optical properties are expressed as statistical properties such as variance,
correlation length and fractal dimension. Challenging is the physical interpretation of the
fractal dimension of a tissue. Further research and validation of this model will potentially
enable modelling of tissue optical properties. Information on the structural and optical properties of biological tissue may potentially be obtained using a high resolution
imaging modality, which enables imaging of structural changes in cells during disease
progression. Knowledge on cellular changes at different stages of disease can be used
to build up a library. Combined with understanding how these cellular changes influence optical properties the expected OCT signal and OCT-derived parameters can be
simulated beforehand and the experimental protocol can be adjusted accordingly.

Conclusion
Microscopic changes in tissue structure and organization due to disease progression
indicate altered tissue optical properties, which can possibly be probed by extracting
the attenuation coefficient form OCT data in order to discriminate between normal
and diseased tissue. In order to obtain the attenuation coefficient, multiple models
describing the OCT signal are available in literature, ranging in sophistication, with extra
input parameters for which although the number of output physical parameters does
not change. The most commonly used model is the single scattering model, which is
used in all studies on clinically relevant tissues reported in this review. The overview
of these studies shows that most studies are on small sample sizes and in many cases
on ex vivo samples. The reported values of the OCT attenuation coefficient suggest
that although most pathologies show a change in μOCT, the difference between normal
95

and diseased tissue is not always significant. While in some studies relative μOCT values
provide added contrast, other studies combine μOCT with other OCT-derived parameters
to obtain significant difference healthy and diseased tissue. Furthermore, a wide spread
in μOCT values is obtained, which can be understood as a result of the use of different systems, methodologies and sample preparation. Effort towards standardization is
crucial in further research.
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CHAPTER 5
Pilot feasibility study of in vivo intraoperative
quantitative optical coherence tomography of
human brain tissue during glioma resection
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Aalders, Pilot feasibility study of in vivo intraoperative quantitative optical
coherence tomography of human brain tissue during glioma resection

Abstract
High resolution detection of glioma tissue during brain tumor surgery may allow precise
and thorough tumor resection while preserving functional brain areas, and improving
overall survival. Currently a tool for high resolution detection of glioma tissue is not
clinically available. In an ex vivo study on fresh brain samples promising results were
obtained for discriminating cancer from normal brain tissue by means of quantitative
optical coherence tomography (OCT). The optical attenuation (μOCT) was found to be
significantly lower in glioma tissue compared to normal white matter. In addition to μOCT,
analysis of speckle distribution in OCT images has yielded promising results towards
tissue characterization, providing for added contrast in rat liver and brain based on tissue
heterogeneity. In this pilot study we will investigate the feasibility of in vivo quantitative
OCT of brain tissue during glioma resection surgery. Therefore, in vivo 3D OCT data
sets were collected during standard surgical procedure, before resection (cortical (n=5))
and after partial resection of the tumor (sub-cortical (n=3)), both from glioma tissue and
normal parenchyma. These areas were labelled by the neurosurgeon by visually inspecting the brain tissue as well as pre-operative MRI images. Subsequently, μOCT and speckle
contrast were extracted from the OCT data sets using an automated and validated
algorithm. An average μOCT of 3.7 ± 1.5 mm-1 for normal cortical tissue and 3.9 ± 1.4
mm-1 for glioma tissue was found in patients with high grade glioma (n=3). In patients
with low grade glioma (n=2) an average μOCT of 4.0 ± 1.1 mm-1 for normal cortical tissue
and 3.1 ± 0.5 mm-1 for glioma tissue was found. The subcortical scans yielded an average
μOCT of 6.0 ± 1.1 mm-1 and 4.5 ± 1.0 m-1 for the normal brain and high grade glioma
(n=3), respectively. The obtained μOCT values for the subcortical (white matter) scans
are in good agreement with the values previously reported ex vivo study. An average
speckle contrast value of 0.54 ± 0.18 and 0.55 ± 0.20 for cortical and subcortical data
sets was obtained, respectively. No difference in speckle contrast between glioma and
normal brain tissue was found. We used the determined speckle contrast values to select
the μOCT results from more or less homogenous tissue areas, corresponding to speckle
contrast values between 0.47 and 0.57. From the results of this pilot study we conclude,
that the proposed method for quantitative in vivo OCT of the brain cortex is feasible
during glioma resection surgery.
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Introduction
The recurrence and survival benefit for glioma patients can be increased by more effective tumor resection.1,2 The gold standard for glioma diagnosis is histological and
immunohistochemical analyses. In daily practice pre-operative MRI is used to image the
patient’s brain as a visual guidance for the surgeon. However, due to the limited resolution of MRI (~ 1 – 1.5 mm), there is a need for a high resolution intraoperative imaging
modality, which has led to the development and study of various imaging techniques for
surgical navigation, such as: intraoperative CT and MRI, fluorescence imaging, Raman
spectroscopy and ultrasound.3
Optical Coherence Tomography (OCT) allows non-contact label-free volumetric visualization of tissue with a resolution of ~10-20 micrometer and a depth of view of 1-2
mm, for conventional systems. OCT has previously been applied to image ex vivo and in
vivo tissues in various human organs, including the retina, coronary artery, gastric tract,
urinary tract, prostate, breast, and also the human brain.3–9 The label-free and real-time
imaging capabilities make OCT a suitable tool for intraoperative use.10,11
In addition to tissue visualization, extraction of quantitative parameters from the OCT
signal is proposed as a tool to discriminate between healthy and diseased tissue. The
micro-structure and organization of tissue is altered due to disease and reflected in
its optical properties12, which are accessible through quantitative OCT parameters. A
frequently used quantitative OCT parameter is the optical attenuation coefficient (μOCT).
At commonly used OCT wavelengths, at which absorption in most biological tissues
is much lower that the scattering, μOCT estimates the scattering properties of tissue.
Within the single scattering approximation, μOCT can be determined by fitting a single
exponential model to the OCT data after correction for system dependent parameters.13
Multiple studies have shown promising results for the use of μOCT in order to enhance
contrast between healthy and diseased tissue for visual guidance.

14–19

In addition to

μOCT, the speckle distribution of OCT images has been shown to contain information on
sub-resolution scattering particles and is studied as a quantitative parameter for tissue
characterization.20–22 In a study on rat liver and brain tissue, speckle distribution analysis
of the OCT images has shown to provide for added contrast based on tissue heterogeneity.21 In general, the speckle of the OCT signal is expected to follow a Rayleigh
distribution for static homogenous tissues.22,23 Tissue inhomogeneity may therefore be
detectable through OCT speckle analyses.21
Imaging of human brain tissue using OCT has been investigated in multiple studies.3–9
Most of these studies have examined the difference between cancerous and non-cancerous ex vivo brain samples.3–6,8,9 Assayag et al.6 show that brain tissue microstructures
are clearly identified using full-field OCT with a high lateral resolution of 1 μm in ex
vivo fresh samples of human brain. In their study, OCT images of brain tissue morphol107

ogy were matched with histology slides as closely as possible, from which the authors
conclude that high grade glioma, but not low-grade glioma, could be distinguished in
the OCT images. However, a disadvantage of high resolution OCT is the limited imaging
depth (from 1-2 mm for conventional resolution systems to ~200 µm for 1 µm resolution
systems) and the increase in acquisition time and data volume.
Quantitative analysis of conventional resolution OCT images may provide real-time visual guidance by discriminating normal from glioma brain tissue based on the difference
in optical properties. The main contribution to scattering by brain tissue is considered to
be caused by myelin. Due to its lower myelin content gray matter is expected to have
lower scattering compared to white matter. This finding is substantiated by quantitative
OCT studies which found a lower μOCT for gray matter compared to white matter in fixated7 and fresh ex vivo samples of human brain tissue.3 The difference in μOCT of normal
brain tissue and glioma (high- as well as low-grade) of fresh ex vivo samples was studied
by Kut et al in 32 patients.3 A lower μOCT was found for glioma brain tissue compared to
normal brain white matter, especially in the infiltrative zones of the tumors. The decrease
of μOCT in glioma compared to normal brain tissue, attributed to the degradation of
myelin, is also reported in a qualitative OCT study on human brain tissue by Böhringer
et al..5 The results presented by Kut et al. are promising for the application of μOCT in the
differentiation of normal brain tissue from glioma and therefore serve as motivation for
continued investigations, particularly in in vivo and intraoperative settings.
The only in vivo OCT study on the human brain to our knowledge (Böhringer et al.5)
reports on OCT images in 9 patients (all with high-grade gliomas)) during brain tumor
resection (in vivo and ex vivo fresh tissue samples) using a TD-OCT system. After semiquantitative analysis, the authors conclude that analysis of visible microstructure and
light attenuation in OCT images discriminates between normal brain tissue, infiltrative
zone, solid cancer and necrosis. However, the optical attenuation in the OCT images is
not quantitatively assessed and system dependent parameters were not corrected.
Motivated by the previously reported findings in literature on quantitative OCT in order
to differentiate glioma from normal brain tissue, this pilot study was set up to investigate
the feasibility of in vivo quantitative OCT of brain tissue during glioma resection surgery.
Intraoperative measurements on in vivo tissue introduces challenges of time pressure,
motion artifacts caused by heartbeat and respiration, unequal tissue edges, accumulation of liquid and blood on top of the imaged tissue. These factors make the collection
of high quality OCT images and the quantitative analysis of the OCT images challenging.
Moreover, automated data analysis is needed for these large data sets, to objectify the
analysis as much as possible and enable real time visual guidance during surgery.
Here, we present the results of the pilot feasibility study of in vivo quantitative OCT
during brain surgery in 5 patients. 3D OCT data sets were recorded during the standard
surgery protocol, before (cortical) and after partial resection (subcortical) of the brain
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tumor from areas labelled as cancer and non-cancer. These areas were labelled by the
neurosurgeon by visually inspecting the brain tissue as well as pre-operative MRI images.
Afterwards, the collected OCT data sets were quantitatively analyzed by extracting μOCT
and speckle contrast from the OCT data sets.

Methods
Study design
OCT data sets were recorded during the standard procedure of glioma resection surgery
in 5 patients (n=5) at the Radboud University (Nijmegen, Netherlands) according to the
Declaration of Helsinki for experiments involving humans. Patients were included only if the
tumor was expected to be visible at the cortex upon opening of the dura, as judged based
on pre-operative MRI scan. An informed consent was obtained from each patient and the
privacy of the patients was ensured by anonymization of the data. After craniotomy and
opening of the dura, OCT images were recorded cortically (gray matter) before resection
and subcortically (white matter) after partial resection of the tumor. The OCT data sets were
collected from tissue areas labelled as glioma and normal brain based on visual inspection
of the brain tissue as well as MRI based neuro-navigation by the neurosurgeon. 3D OCT
data sets of (x,y,z) 1024, 1024, 600 pixels corresponding to 10 mm,10 mm, 3.75 mm,
respectively, were collected using a commercial 50 kHz Santec IVS 2000 swept source OCT
systems, operating at a center wavelength of ~1300 nm with a axial and lateral resolution,
experimentally determined as ~13μm and ~25μm FWHM, respectively. All distances in
depth throughout this paper are given in physical length (mm), using a refractive index of
1.4 for brain tissue.3 In accordance to standard surgical procedure, a sample of the tumor
was collected for histopathological analysis. Based on the histopathological outcome we
have grouped the patients as low grade (grade 2) and high grade (grade 4).

Data selection for quantitative analysis
A total of 19 cortical 3D OCT data sets were recorded in 5 patients and a total of 8 subcortical 3D data sets were recorded in 3 patients (Figure 1). Due to the surgical settings
and time restrictions we were not able to record subcortical scans in 2 patients.
After visual inspection a region of approximately 2.4 mm by 2.4 mm suitable for quantitative analyses was selected from each OCT data set. This selection was made in order
to exclude parts of the scans with low quality or image artifacts caused by out of focus,
mirror images, large vessels and accumulation of blood and fluids on the tissue surface,
from quantitative analysis. 9 cortical and 3 subcortical OCT data sets were fully excluded,
due to low quality and image artifacts. An overview of patient and data inclusion is shown
in figure 1.
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Figure 1. Overview of patient and data inclusion.

Quantitative analysis
Automated quantitative analysis of the OCT data included determination of the OCT
attenuation coefficient and OCT speckle contrast.22 The OCT attenuation coefficient was
determined by a non-linear least squares (NLS) fit using the following model in: 13
〈A(z)〉 =t(z) · h(z) ·A · exp(−μOCT(z−z0)) + noise

(1)

Where, 〈A(z)〉 is the averaged OCT amplitude in depth, z is the position in depth, z0 is

the position of the tissue boundary, A and μOCT are free running parameters (amplitude
and attenuation coefficient, respectively). The system-dependent parameter t(z) (describing the point spread function) is defined as: t(z) =

1

z−zf ⎞
√⎛⎝2nZ
⎠
R0

,where zf is the position
2

+1

of the focus in depth, ZR0 is the Rayleigh length, and n is the refractive index of the medi-

2 2
z ⎞2⎞ 25
um.24 The sensitivity roll-off h(z) is defined as: h(z) = sinc ⎛⎝π · z z ⎞⎠ · exp ⎛⎝− π s
·⎛
.
2 max
16 · ln(2) ⎝zmax⎠ ⎠
Here, zmax is the maximal imaging depth of the OCT system and s is the ratio between

the spectral resolution and the sampling interval. The contribution of the point spread
function and the sensitivity roll-off were determined by fitting the equation for 〈A(z)〉 to
the OCT amplitude of a sample with a low concentration of Intralipid (0.003%), for which

an scattering coefficient of 0.15 mm-1 was assumed, and ZR0 and s were the free running
parameters.

speckle contrast
The speckle contrast (C), which is the ratio of standard deviation over mean of the OCT
amplitude values, was calculated from each ROI.22
σ
C= A
<A>
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Edge detection and ROI selection
Quantitative analysis of the OCT data was performed using custom-written code (Matlab
7.11.0 R2010b, The Mathworks Inc., Natick, MA, USA). Prior to edge detection, the uppermost 28 pixels of all A-lines were removed to exclude system-related signal artefacts.
Detection of the brain tissue surface in the dB-scale data was achieved by first excluding
low SNR regions by means of a pixel value threshold after which we applied a 3x3 median
filter and then a vertical edge filter. The thus detected tissue edge was then smoothed
further by carrying out local regression using weighted linear least-squares and a 2nd
degree polynomial model. Selecting all data below this smoothed edge and converting
it to linear scale then yielded raw OCT amplitude data of the brain tissue. Finally, this
data was straightened and then divided into laterally overlapping regions of interest
(ROIs): 10 x 10 x 30 pixels (0.1 mm x 0.1 mm x 0.2 mm) for the determination of μOCT and
10 x 10 x 5 pixels (0.1 mm x 0.1 mm x 0.03 mm) for the determination of speckle contrast.
These ROIs were positioned below the detected tissue edge to exclude structures on
the tissue surface from the fit analysis. In the cortical scans the ROIs were set between
10 and 30 pixels below the tissue surface while for the subcortical scans the ROIs were
positioned 10 pixels below the tissue edge. The A-lines of the individual ROIs for the
μOCT determination were then averaged, yielding a single average A-line for each ROI.
Subsequently, a ROI-specific μOCT per pixel was determined by non-linear least squares
fitting equation 1 to this average A-line. The noise was defined as the average of the last
20 pixels of the average A-line. Speckle contrast was calculated from the un-averaged
OCT amplitude data from the speckle contrast ROIs, for which the depth of the ROI
was limited to 5 pixels (0.03 mm)22 in order to avoid influence of attenuation of the OCT
signal in depth on the speckle distribution within the ROI.

Inclusion criteria for μOCT based on fit statistics and speckle contrast
The residue and R2 of the NLS fits were calculated to serve as a threshold to only include
the outcome of fits for which the fitted curve has a good overlap with the experimental
data. The thresholds (residue> 0.4, R2 > 0.8) were chosen based on visual inspection of
the overlap between model-based fitted curves and experimental data from a selection
of the data sets. In addition, only the outcome of fits on experimental data with speckle
contrast between 0.47 and 0.57 were included, which is assumed to correspond to a
homogenous tissue layer. Finally, μOCT values for each included ROI were obtained after
correction of the depth axis for the refractive index of brain tissue, 1.43, yielding values
per mm. A flow chart of the analysis steps is given below in Figure 2.
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Figure 2. Flow chart of quantitative analysis.

resuLts
validation of analysis software
Intralipid is often used as a calibration sample in scattering-based experiments and frequently reported in literature. To validate the custom-written automated algorithm used
in this paper, μOCT and speckle contrast were extracted from OCT data of a concentration
series of Intralipid (Figure 3). The obtained μOCT values using our custom-written software
were in good agreement with literature.26

Figure 3. a: OCT attenuation coefficient (μOCT) and b:speckle contrast of a concentration series of
Intralipid. μOCT values per are obtained using the refractive index of 1.34 for water.

histopathology

Patient number

Histological outcome

The outcomes of the histopathological

Pt1

astrocytoma (grade 2)

determination of cancer type and grade

Pt2

glioblastoom (grade 4)

are shown in table 1. In summary, patient

Pt3

glioblastoom (grade 4)

1 and 4 were diagnosed with a low grade

Pt4

oligodendroglioma (grade 2)

tumor and patient 2, 3 and 5 with a high

Pt5

glioblastoom (grade 4)

grade tumor.
112

Table 1. Histopathological results per patient.
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Qualitative analysis of OCT data sets
3D OCT data sets were successfully collected from cortical brain tissue in 5 patients and
from subcortical brain tissue in 3 patients (Fig. 1). Cross sections (B-scans) from normal
brain and glioma areas of cortical and subcortical brain tissue are shown in figure 4. In
the cortical scans superficial blood vessels were clearly visible next to the structure of the
arachnoid space. No visual features could be identified to differentiate between glioma
and normal brain tissue. Figure 5 shows a volumetric view of a subcortical OCT data set
together with a cross-sectional view at two locations on the y-plane.

Figure 4. Cortical and subcortical grey scale cross sectional OCT scans of glioma and normal brain
tissue. a) arachnoid space, b) blood vessel c) shadowing due to blood vessel d) blood or fluid pool.
The red squares show a typical region selected for quantitative analyses.

Figure 5. Volumetric view of a subcortical OCT data set (a) together with a cross-sectional view at
two locations (b,c) on the y-plane.

Quantitative analysis of OCT data sets
The regions selected for quantitative analysis were analyzed using our custom-written
automated software to extract μOCT and speckle contrast from the OCT data. The obtained μOCT and speckle contrast per scan are shown in a color-coded map in figure 6 and
7 for the cortical and subcortical data sets, respectively. For the cortically collected OCT
data sets we found an average μOCT of 3.7 ± 1.5 mm-1 for normal cortical tissue and 3.9 ±
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1.4 mm-1 for glioma tissue in patients with high grade glioma (n=3). In patients with low
grade glioma (n=2) we found an average μOCT of 4.0 ± 1.1 mm-1 for normal cortical tissue
and 3.1 ± 0.5 mm-1 for glioma tissue.
In the subcortical data sets (all high grade tumours) an average μOCT of 6.0 ± 1.1 mm-1
and 4.5 ± 1.0 m-1 was found in the as normal and glioma labeled tissue areas, respectively. We found an average speckle contrast of 0.54 ± 0.18 and 0.55 ± 0.20 for cortical
and subcortical data sets, respectively. Moreover, no difference was found in speckle
contrast between the as glioma and as normal labeled locations.

Figure 6. Color map of μOCT and speckle contrast of the cortical OCT data sets. The μOCT color scale
bar runs from 0 mm-1 to 10 mm-1 and the color scale bar of the speckle contrast runs from 0 to 1. The
μOCT average and standard deviation are given below the color maps.
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Figure 7. Color map of speckle contrast and μOCT of the subcortical OCT data sets. The μOCT color
scale bar runs from 0 mm-1 to 10 mm-1 and the color scale bar of the speckle contrast runs from 0 to
1. The μOCT average and standard deviation are given below the color maps.

Discussion
Our study has demonstrated the feasibility of the proposed method for in vivo quantitative OCT of brain tissue during glioma resection surgery (n=5). OCT data sets of cortical
and subcortical brain tissue were successfully recorded in 5 and 3 patients, respectively.
15 out of 27 of these OCT data sets were suitable for automated quantitative analyses
enabling successful extraction of μOCT and speckle contrast from the OCT data. The collection of subcortical OCT data sets was challenging due to the dimensions of the OCT
probe compared to the size of the resection site. The collection and quality of the OCT
images would strongly benefit from a dedicated probe design and scanning protocol.
To our knowledge, this is the second study to obtain in vivo OCT images of human
brain tissue. Böhringer et al.5 report OCT images recorded in 9 patients during glioma
resection (in vivo and ex vivo fresh tissue on ice) and conclude that qualitative analysis of
the imaged microstructure and optical attenuation of the OCT images discriminates between normal brain tissue, infiltrated brain tissue, solid cancer and necrosis. The imaged
pathological microstructures described by Böhringer et al. were not clearly visible in the
OCT images in our study. Moreover, the optical attenuation of the OCT imaged was
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only assessed qualitatively by Böhringer et al. without correction for system-dependent
parameters and not quantified, which hampers comparison to our results.
We found an average μOCT of 3.8 ± 1.1 mm-1 and 6.0 ± 1.1 mm-1 for normal gray matter
(cortical) and white matter (subcortical), respectively. The lower μOCT for gray matter is in
agreement with literature and is attributed of the lower myelin content in gray matter
compared to white matter. 3,6,7 For the cortically collected OCT data sets in patients with
high grade glioma (n=3) we found an average μOCT of 3.7 ± 1.5 mm-1 for normal cortical
tissue and 3.9 ± 1.4 mm-1 for glioma tissue. In patients with low grade glioma (n=2) we
found an average μOCT of 4.0 ± 1.1 mm-1 for normal cortical tissue and 3.1 ± 0.5 mm-1 for
glioma tissue. The results reported by Kut et al. show an increase in μOCT for glioma tissue
compared to normal cortical tissue for both high and low grade glioma. We do observe
the same trend in the high grade gliomas, however for the low grade gliomas we found
lower μOCT values for the glioma tissue compared to normal cortical tissue. The possible
difference for low grade gliomas can be very interesting for further research: Whereas
for high grade gliomas differentiation with normal tissue is easier both visually and with
fluorescence-based techniques, discrimination of low-grade glioma and normal brain
tissue is challenging.1 For the subcortical (white matter) data sets we found an average
μOCT of 6.0 ± 1.1 mm-1 and of 4.5 ± 1.0 mm-1 for tissues labelled as normal and glioma,
respectively. All subcortical data sets included were from patients diagnosed with a high
grade cancer based on histopathology (table 1). The trend of lower μOCT for glioma tissue
compared to normal white matter is in agreement with literature.3,5 The found μOCT values
are close to μOCT values reported by Kut et al. (6.2 ± 0.8 mm-1 and 3.9 ± 1.6 mm-1 for
subcortical normal white matter and glioma, respectively). The differences in μOCT values
between the present study and the study by Kut et al. can be attributed to differences
between in vivo and ex vivo tissue optical properties and the absence of precise spatial
matching between OCT images and histology in this study. In the cortical data sets,
areas of normal brain tissue were easier to select in comparison to the subcortical data
sets. Because the subcortical data sets of normal subcortical tissue are collected from
the resection edge, these data sets have a high possibility of containing tumor infiltrative
zone. Contrary, the subcortical data sets of glioma tissue are collected from the tumor
core and therefore expected to be more reliable compared to the cortical glioma data
sets, in which the depth of the quantitative analysis might form a limitation causing the
data sets to contain tumor infiltrative zone.
We found average speckle contrast values of 0.54 ± 0.18 and 0.55 ± 0.20 for cortical and subcortical data sets, respectively. For both cortical and subcortical data sets,
the average speckle contrast for the normal brain locations was equal to the average
speckle contrast for glioma. The distribution of OCT speckle is expected to be Rayleigh
distributed for a homogenous distribution of scattering particles.22,23 For such Rayleigh
distribution, a speckle contrast of 0.52 is expected. In our study, the homogeneity within
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a ROI, and thereby the speckle contrast within the ROI, is influenced by both tissue
inhomogeneities and the detected location of the tissue edge. In case of incorrect
edge detection, the speckle contrast is expected to deviate from 0.52. We applied the
speckle contrast gated (0.47 and 0.57) as a means to only include the outcome of fits
on ROIs containing more or less homogenous tissue and correct edge detection, hence
outcomes of fits from a ROI with speckle contrast lower than 0.47 and higher than 0.57
were excluded.

Limitations
Per-operatively tumor tissue was identified using neuronavigation on pre-operative MRI
scans. Identified areas were part of the bigger tissue sample that was sent for histopathological examination and all were positive for glioma. However, obviously, normal brain
was not sent for histopathological examination, so we cannot rule out tumor infiltration
in the areas that were labeled as normal brain.
Moreover, the intraoperative setting (e.g. time limitation, movement caused by heartbeat and respiration, accessibility of the resection site) limits the quality of the recorded
OCT images. As a result of the hard to image resection site, no subcortical OCT data sets
were recorded in 2 patients. Furthermore, a total of 12 out of the 27 recorded OCT data
sets were excluded from further quantitative analyses due to poor data quality (e.g. out
of focus, mirror images, large vessels and accumulation of blood and fluids on the tissue
surface). The quality of the OCT images would improve by a smaller scanning area and
by the use of a OCT probe design dedicated to brain tumor resection surgery.3
To extract reliable μOCT values from OCT data we have fitted a well-studied and validated model of the OCT signal to the data. In this model system dependent parameters
are taken into account. Moreover, we have used fit statistics to only include the outcome
of the NLS fits that are a good representation of the data. However, the model has
limitation, which we describe here. The model described the OCT signal based in the
assumption of single scattering from a homogeneous region of tissue. Moreover, blood
vessels in the region of interest will influence the extracted μOCT: the strong scattering by
red blood cells will result in a higher μOCT.27 We have selected areas for quantitative analysis (250 by 250 pixels) without large blood vessel. In literature, image post processing
is suggested to excluded blood vessels.28 However, the attenuation of the OCT signal
will still be influenced by sub resolution vasculature. The resolution and depth at which
the quantitative parameters are extracted is limited compared to the imaging resolution
and depth. For the ROIs a lateral area of approximately 10 by 10 μm was averaged and
the depth of the ROIs reached a depth, varying per dataset, of ~0.2-0.47 mm from the
detected edge, varying per data set. We assumed that the depth of our quantitative
analysis was limited to the upper tissue layer. Alternatively, the software can be adjusted
to extract quantitative parameters from multiple ROIs in depth. To be applied as a visual
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guide during surgery, real time extraction of quantitative parameters is needed. Adjustments of the to the software, as suggested by Yuan et al.8 are possible to allow real time
quantitative analyses of the OCT data. However, irregular tissue structures present in
in vivo collected OCT data complicate analysis steps such as edge detection and ROI
selection, which at the moment require supervision. Additional segmentation and image
analysis steps could be added to provide fully unsupervised analysis of in vivo OCT data.

Conclusion
Quantitative OCT has been suggested in literature for intraoperative imaging to discriminate glioma from normal brain tissue as a visual guide during brain tumor resection. This
pilot study investigates the feasibility of in vivo OCT imaging during glioma resection
surgery (n=5) in combination with automated quantitative analysis by extracting μOCT and
speckle contrast from the OCT data.
Cortical and subcortical scans were successfully recorded in respectively 5 and 3 patients. 12 out of 27 recorded OCT data sets were suitable for quantitative analysis. For
the cortically collected OCT data sets in patients with high grade glioma (n=3) we found
an average μOCT of 3.7 ± 1.5 mm-1 for normal cortical tissue and 3.9 ± 1.4 mm-1 for glioma
tissue. In patients with low grade glioma (n=2) we found an average μOCT of 4.0 ± 1.1
mm-1 for normal cortical tissue and 3.1 ± 0.5 mm-1 for glioma tissue. The subcortical scans
yielded an average μOCT of 6.0 ± 1.1 mm-1 and 4.5 ± 1.0 m-1 for normal and glioma tissue,
respectively. From the results of this pilot study we conclude, that the proposed method
for quantitative in vivo OCT of the brain cortex is feasible during glioma resection surgery.
Applicability for subcortical areas is limited due to surgical restrictions and current probe
size, which has resulted in low data quality. For the quantitative analysis, we propose a
validated and automated approach to extract μOCT and speckle contrast values from the
OCT data. While the found μOCT values are close to the previously reported study on ex
vivo brain tissue samples, further studies in which in vivo OCT scans and gold standard
histology are matched as close as possible are needed to investigate the use of μOCT as
a tool to discriminate between glioma and normal brain tissue.
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ABSTRACT
In this study; an OCT-based intra-operative imaging method for blood flow detection
during esophagectomy with gastric tube reconstruction is investigated. Change in
perfusion of the gastric tube tissue can lead to ischemia; with a high morbidity and
mortality as a result. Anastomotic leakage (incidence 5–20%) is one of the most severe
complications after esophagectomy with gastric tube reconstruction. Optical imaging
techniques provide for minimal-invasive and real-time visualization tools that can be used
in intraoperative settings. By implementing an optical technique for blood flow detection
during surgery; perfusion can be imaged and quantified and; if needed; perfusion can
be improved by either a surgical intervention or the administration of medication. The
feasibility of imaging gastric microcirculation in vivo using optical coherence tomography
(OCT) during surgery of patients with esophageal cancer by visualizing blood flow based
on the speckle contrast from M-mode OCT images is studied. The percentage of pixels
exhibiting a speckle contrast value indicative of flow was quantified to serve as an objective parameter to assess blood flow at 4 locations on the reconstructed gastric tube.
Here; it was shown that OCT can be used for direct blood flow imaging during surgery
and may therefore aid in improving surgical outcomes for patients.
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INTRODUCTION
The viability of cells and tissue mainly depends on blood flow as it transports oxygen
and nutrients to the cells. Without oxygen and nutrients, ischemia occurs and tissue
becomes necrotic.1 An esophageal resection with ensuing gastric tube reconstruction
is the cornerstone of treatment in patients with esophageal cancer. To be able to pull
up the gastric tube, ligation of the left gastric artery, the left gastro-epiploic artery, the
short gastric vessels and some branches of the right gastric artery is needed. As a result,
perfusion of the tube’s gastric tissue after reconstruction relies on the right gastroepiploic
artery and some branches of the right gastric artery 2 leaving the future neo-esophageal
anastomotic site depending only on collateral blood flow.
Anastomotic leakage (incidence 5-20%) and stricture (10-22%) are major complications
following esophagectomy, and mortality is as high as 4%.2 Perfusion deficiency of the
gastric tube is seen as the major risk factor to develop these complications, which, in
turn, correlate with high morbidity, IC-unit stay, high costs in healthcare and decreased
quality of life.3 Monitoring perfusion would allow surgeons to make different choices in
their surgical design4 and, if needed, involve anesthesiology interventions to optimize
perfusion by the use of fluid or medication5. Consequently, intra-operative perfusion
monitoring could potentially aid in achieving better patient outcomes after surgery and
in decreasing complications and mortality.
Optical techniques are well-suited for intra-operative monitoring due to their minimalinvasive and real-time visualization capabilities.6 Optical Coherence Tomography (OCT)
allows high-resolution, non-invasive, real-time imaging of tissue.7 It detects backscattered
near-infrared light from tissue to obtain depth-resolved, in vivo images. As a result, this
technique allows visualization of vasculature in different tissue layers until a depth of approximately 2.5 mm.8 Moreover, the underlying arteries will not influence the measured
perfusion in the overlaying microvascular network, in contrast to other optical imaging
techniques like fluorescence imaging, laser speckle contrast imaging or laser Doppler
flowmetry.9–12 Finally, a handheld OCT probe is easy to use in the operation room.
A large number of studies have investigated and established the link between OCT
speckle and the flow of the imaged medium, ranging from qualitative detection of flow to
quantitative analysis of the flow parameter in very controlled measurement settings.8,12–14
By analyzing the speckle variance13 or speckle decorrelation14 of OCT data, flow can be
differentiated from static tissue in order to visualize blood vessels and microcirculation.
In previous studies we have shown that OCT speckle decorrelation can be used to obtain
a quantitative blood flow parameter.158 However, because of the needed fixation during
imaging, these systems are not readily applicable in the operating room. Therefore, for
the visualization of flow during surgery, in this study we use speckle contrast in the OCT
M-mode scans to distinguish flow from static tissue.
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The aim of this study is to research the feasibility of a commercially available OCT
system to detect blood vessels in gastric tissue, in patients with esophageal cancer in
a clinical setting during esophageal cancer surgery with gastric tube reconstruction.
3D OCT scans are obtained to image tissue layers in the reconstructed gastric tube
and compared to histopathological slides, yielding information about tissue structure
and blood vessel locations. In this paper, speckle contrast, the ratio of speckle variance
over the mean, is calculated from OCT M-mode scans to distinguish areas with flow
from static tissue. The percentage of pixels indicative of flow is used as an objective
parameter to compare blood flow at different locations, ranging from normal perfusion,
near the remaining right gastroepiploic artery and/or branches of the right gastric artery,
to decreased perfusion, near the future anastomotic side.

METHODS
Patients
This prospective, observational, in vivo pilot study of 26 patients with esophageal cancer
who underwent an esophageal resection with gastric tube reconstruction was approved
by the medical ethics committee (NL52377.018.15) of the Academic Medical Center of
Amsterdam, and submitted at the clinicaltrials.gov database (NCT02902549).16 Patients
were included in this study between October 2015 and June 2016 in the Academic
Medical Center (Amsterdam, The Netherlands). Written informed consent was obtained
at least one week before surgery. Surgery was performed by two experienced uppergastrointestinal surgeons (MIvBH, SSG).

Surgical procedure
The procedures have been described in detail before 5. In brief, during the abdominal
phase a lymphadenectomy and mobilization of the stomach was performed, ligating the
left gastric artery, some branches of the right gastric artery at the level of the angulus, the
left gastro-epiploic artery and the short gastric vessels (Figure 1).
During the thoracic phase a lymphadenectomy was performed, the esophagus was
mobilized and after extraction of the specimen and gastric pull-up an intrathoracic
or a cervical anastomosis was created. In all patients, a 3–4 cm wide gastric tube was
reconstructed using a powered ECHOLON FLEX Stapler (Ethicon, Johnson & Johnson
Health Care Systems, Piscataway, NJ, USA). Branches of the right gastric artery supply
the remains of the lesser curvature. The right gastro-epiploic artery supplies the greater
curvature until the watershed area with the left gastro-epiploic artery.
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Figure 1. Esophageal cancer with gastric vascularization, esophagectomy and gastric tube reconstruction with only one artery left (gastroepiploic artery).

intra-operative data acquisition by oct
OCT data were recorded using a commercial 50 kHz IVS 2000 swept source OCT system
(THORLABS, Newton, NJ, USA) operating at a center wavelength of ~1300 nm. The full
width half maximum axial and lateral resolutions were measured to be ~14 μm and ~25
μm, respectively. Volumetric images (x, y, z) of 10 mm by 10 mm by 2.5 mm, containing
1024 by 1024 by 400 pixels, and M-mode scans (x, y, z) of 0 mm by 10 mm by 2.5 mm,
containing 1024, 1024, 400 pixels were collected. The depth axis was corrected for the
refractive index of tissue (nref = 1.4) (Figure 2).
127

Figure 2. OCT system Santec (panel A), schematic figure (panel B) of gastric tube with ROI of 10
x 10 mm of OCT grey-scale images at four perfusion areas, with shadowing of vessels in cross sectional OCT image (panel C).

A sterile sheet was placed around the probe for the intra-operative measurements
on gastric tissue. Measurements were taken with a hand-held OCT probe directly after
preparation of the gastric tube, at four perfusion areas: 3 cm proximal of the level of the
watershed between the right and left gastro-epiploic arteries (location 1), at the level of
the watershed between the right and left gastro-epiploic arteries (location 2), 3 cm distal
to the watershed between the right and left gastro-epiploic arteries (location 3) and
at the level of the gastric fundus (location 4), physiologically from normal perfusion to
decreased perfusion. Time to obtain data was recorded in the CRF.

Histology analysis
Tissue from the fundus of the gastric tube was obtained for histology (n = 5) in 5 patients
during surgery, with the aim to correlate these findings to the OCT scans. After routine
processing of the tissue HE-stained, slides were digitized and evaluated by a pathologist
(SLM) to define tissue layers and localize different structures, such as blood and lymph
vessels. Different tissue layers (serosa, subserosa and muscularis propria) and blood and
lymph vessels were annotated and compared to OCT scans.
All data analysis was performed using custom-made scripts written in MATLAB (Mathworks, Natick, MA, USA). Using the M-mode scans, the speckle contrast (C) as a function
of time was quantified in order to differentiate regions of flow from regions of static
tissue. To this end, the following processing steps were applied to the data (Figure 3).
First, a dB mask (−2 dB) was applied to exclude noise from the OCT data, where after
a region of interest (ROI) in the Y-Z image is chosen to exclude corrupted parts of the
scan, if needed. Second, the pixel-specific speckle contrast is calculated along the time
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Figure 3. Data analysis steps of OCT M-mode scans, all images are shown from the y-z plane. a)
grey scale y-z M-mode scan. b) applied dB mask to exclude noise from the data, the white areas on
this image are included as data c) over the time scale calculated speckle contrast values (of regions
of included data after the dB threshold d) speckle contrast within the 0.42-0.62 gate plotted in white
e) speckle contrast after applying a median filter with a 7x3 pixel kernel f) gated and filtered speckle
contrast (red) overlaid with the greyscale OCT image.

axis for all pixels selected. The speckle contrast is the ratio of the amplitude variance over
the mean amplitude

17

. The amplitude of regions with flow on OCT M-mode scans are

expected to be Rayleigh distributed and hence have a speckle contrast value of 0.52 18.
Here, we have used a speckle contrast gate between 0.42 and 0.62 to detect areas with
flow. Next, a median filter with a kernel of 7 by 3 pixels is applied to the speckle contrast
images. The pixels remaining after filtering are labeled as flow. The boundaries of the
speckle contrast gate and the size of the median filter kernel are optimized by comparing
the resulting speckle contrast images with the
original X-Z M-mode scans by eye in five randomly chosen scans. Finally, an overlay is
created using a Y-Z plot of the gated and filtered speckle contrast and the Y-Z grayscale
OCT image. The percentage of pixels labelled as flow relative to the total number of
pixels is calculated as an objective parameter to indicate the amount of vessels in the
analyzed area.
The ability of the proposed method to distinguish pixels with flow from static tissue
based on a speckle contrast gate between 0.42 and 0.62 was validated on a tissue mimicking flow phantom 8. To simulate human perfusion heparinized human whole blood was
flown with a velocity of 5 mm/s through a channel with a 100 μm diameter embedded in
129

scattering silicon. The details on the manufacturing of the flow phantom are described
elsewhere 8. Single M-mode OCT scans (400 × 400 pixels) were collected at a static and
flow region of the phantom and the speckle contrast was calculated as a function of
depth.

resuLts
Patients and feasibility of intra-operative oct imaging
In total, 26 patients signed informed consent. Four patients were excluded based on delay in operation time (measurements interrupted the operation by ±20 min), which made
imaging impossible considering patient safety. Therefore 22 patients were included for
data acquisition (Figure 4).

Figure 4. Flow diagram: patient and data inclusion.

In all 22 patients, 3D OCT images were acquired at four locations of the gastric tube,
from the base to the fundus, the future anastomotic site (n = 88). Furthermore, M-mode
scans were acquired at the same four locations of the gastric tube, from physiologically
expected normal to decreased perfusion (n = 88). Speckle contrast analysis was not
possible for all acquired M-mode scans due to poor quality of the scans (e.g.: specular
reflections, out of focus, and crossing zero-delay). In most cases the quality of the scans
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was hampered by specular reflections from the sterile sheet on top of the tissue. In total
48 M-mode scans were excluded. In four patients (n = 12) OCT data acquisition and
speckle contrast analysis yielding areas indicative of flow (%) was successful at all four
locations.

3d oct scans
3D images were obtained at four locations of the gastric tube (Figure 5).
On the 3D scans, different tissue layers could be distinguished. By comparison with
histopathology slides, these layers could be identified. Importantly, the localization of the
blood vessels of the reconstructed gastric tube was similar in OCT images compared to
histopathology (Figure 6). Furthermore, because lymph fluid is a low-scattering medium,
lymph vessels could be identified in the OCT images as well.

Figure 5. 3D OCT scan of the gastric tube, a) volumetric representation b) with cross section visualized.
On the 3D scans, different tissue layers could be distinguished. By comparison with histopathology slides, these layers could be identified. Importantly, the localization of the blood vessels of
the reconstructed gastric tube was similar in OCT images compared to histopathology (Figure 6).
Furthermore, because lymph fluid is a low-scattering medium, lymph vessels could be identified in
the OCT images as well.

Figure 6. 3D OCT scan, schematic histopathology slide and patient histopathology slide with correlating tissue layers serosa (1), subserosa (2) and mucosa (3) and tissue structures: blood vessel (a)
and lymph vessel (b).
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Speckle contrast analysis of M-mode OCT scans
Areas indicative of flow could be distinguished from static tissue by calculating the speckle
contrast in the M-mode images. As depicted in Figure 7A, the contrast calculated for a
single M-mode scan for static tissue was mostly below 0.4, unless the SNR was too low
as observed at larger depths. When flow was present in the channel at 0.2 mm below the
surface, the speckle contrast was between 0.42 and 0.62 (Figure 7B). Please note that
an increase in the speckle contrast was observed below the flow channel as well. Similar

Figure 7. Single M-mode OCT scans (left) and the corresponding calculated contrast (right) of a)
a static region of the flow phantom, b) a region with flow in the flow phantom in which the red line
depicts the approximated location of the top of the flow channel, c) a static region of tissue and d)
a region with flow in tissue by a blood vessel at approximately 0.2 mm below the tissue surface. The
red bar depicts the speckle contrast threshold used in this manuscript.
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effects were observed in the single M-mode scans of the reconstructed gastric tube, as
depicted in Figure 7C for the less perfused part of the tissue and in Figure 7D in which a
blood vessel was present at a depth of 0.2 mm below the tissue surface.
Calculation of speckle contrast percentage (%) as a parameter for tissue areas with
flow was possible in 13 (n = 40) of the 22 included patients (59%) and in all four locations
in 4 (n = 12) of the 22 patients (14%) (for data inclusion and exclusion criteria, see first
results section and Figure 4). We observed a decrease in speckle contrast percentage
(%) from location 1 to location 4 in 6 of the 13 patients (46%) and an increase in 3 of the
13 patients (23%). The speckle contrast percentage data at location 1 or 4 was missing
for 3 out of 13 patients. The results, percentage pixels indicating flow relative to the total
number of pixels, per patient and location are summarized in Table 1 and Figure 8.
Patient

pt2

Pt3 pt4 pt5 pt6 pt9 pt12 pt14 pt16 pt17 pt18 pt19 pt20 pt21

pt22

location 1

5

8

18

22

x

24

x

16

x

13

20

8

12

11

15

location 2

x

x

x

x

x

28

2

17

8

10

6

9

4

8

8

location 3

14

8

x

x

x

23

5

14

x

24

x

2

x

x

3

location 4

11

1

14

17

18

16

x

13

x

21

x

0

1

x

x

Table 1. Percentage of pixels indicative of flow per patient per location obtained from the OCT
M-mode scans.

Figure 8. Normalized percentage of pixels per patient per location obtained from the OCT Mmode scans. The values are normalized relative to location 1, hence only the plots for patients with
a value for Location 1 are shown.
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Figure 9. OCT speckle contrast indicative of flow overlayed with OCT grey scale (YZ) images from
M-mode scans from location 1 (L1, 3 cm below the watershed), location 2 (L2, watershed), location 3
(L3, 3 cm above the watershed), location 4 (L4, fundus). In patient 9 high speckle contrast indicative
of flow is seen in location 2 on the watershed area. In patient 14 and 19 a decreased speckle contrast indicative of flow is observed towards location 4. In patient 17 an increase in speckle contrast
indicative of flow from location 1 to 4 is observed.
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In 10 patients, data analysis was possible for location 4. In 80% of these patients,
percentage of flow pixels was lower compared to location 1, 2 or 3. For patient 9, 14, 17
and 19 the speckle contrast analysis was possible on all 4 locations on the gastric tube.
Figure 7 depicts the OCT M-mode scans of all 4 locations for patient 9, 14, 17 and 19.
A decrease of speckle contrast indicative of flow (red) is visible towards the fundus in
patient 9, 14 and 19. The expected shadowing due to multiple scattering8 caused by the
high scattering coefficient in blood is clearly observed in the images18.

Histology results
Histology of the fundus tissue was available for patient 14, 17 and 19. Figure 8 depicts
the OCT M-mode scan of location 4 with speckle contrast in red and the histopathology
slide also of location 4 with blood vessels in red and serosa, subserosa (purple/darkpink)
and muscularis propria (light pink) tissue layers.
Although the OCT scan and the histology slide are not one to one correlated, the
amount and location of the blood vessels tend to agree per patient. Histology of patient
14 demonstrates many blood vessels localized in the superficial subserosa, which is
evidently visible in the OCT scan. Histology of patient 19, in contrary, shows no blood
vessels, except for capillaries, which is demonstrated in the OCT scan as well.

Figure 10. OCT scan of location 4 (fundus), the scale bar depicts a length of 1 mm, and histology
slides HE-stained, of patient 14, 17 and 19 with blood vessels in red and tissue layers: serosa, subserosa (purple/dark pink), muscularis propria (light pink).
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DISCUSSION
This study is the first that demonstrates OCT imaging of gastric tissue and detection
of flow in vivo in patients with esophageal cancer during surgery. We show that intraoperative OCT imaging of gastric tissue and microcirculation is feasible. Moreover,
regions of flow could be distinguished from static tissue by calculating speckle contrast
in the M-mode scans. The percentage of pixels distinguished as flow was quantified as
an objective parameter. This parameter can potentially be used to differentiate normal
from decreased perfusion areas.
By comparing OCT data with HE-stained histopathology slides, it was possible to
define tissue layers (serosal, subserosal, muscularis propria) and blood vessels. A network
of blood vessels was observed in the subserosa. Similar blood vessels, in turn, were
depicted in the OCT data exhibiting speckle contrast values between 0.42 and 0.62.
Together, these findings substantiate our hypothesis that OCT speckle contrast in Mmode scans can be used to indicate regions of blood flow, while the tissue under study
is moving due to the heart beat and respiration.
Lymph vessels were visible as well in the OCT images, assuming that the lymph fluid is
a low-scattering medium 14. Detection and segmentation of the lymphatic vessel, which
is outside our scope in the presented work, could potentially add to the analysis of
the reconstructed gastric tube OCT data. The clinical value of visualization of lymphatic
vessels in the reconstructed gastric tube has yet to be studied.
A limitation of this study is the small number of patients with successful data analysis
at all locations. Quality of the images was suboptimal as stabilization of the OCT probe
was very difficult. Due to the intra-operative setting, a sterile operational field and hence
a sterile drape over the OCT probe was required. This sterile drape introduced specular
reflections, which hampered the automated image analysis. This problem could be
solved by introducing a sterile probe. Mechanical stability is a general requirement for
successful OCT data acquisition and particularly for the quantification of speckle-related
parameters. Motion artefacts induced by the surgeon’s hand as well as the patient’s
heartbeat and breathing diminished the quality of the OCT scans by introducing nonflow related speckle decorrelation. Next to visual information, we attempted to visualize
blood vessel in the 3D OCT by calculating the speckle decorrelation in adjacent B-scans
using the algorithm proposed by Gong et al.

19

. Unfortunately, due to external motion

artefacts we were not able to visualize flow in these scans as the speckle in most parts
of the scan (also the static tissue) was decorrelated. Previous literature showed better results of microvascular OCT imaging using fixation of the probe20, which in this study was
impossible due to the in vivo, intra-operative setting of this study. Moreover, heartbeat
and breathing of the patient will be a problem in imaging intestinal organs, compared
to extremities, since the organs are highly perfused and therefore connected to arteries
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with a large diameter. For future studies, we recommend a probe stabilizer with negative
pressure, as is used in SDF imaging, to decrease motion artefacts 21. Furthermore, optimization of the scanning protocol could increase feasibility of OCT imaging: by using a
smaller scanning range, heartbeat and breathing will have less influence on the motions
artefacts. Equally, a faster OCT system would decrease the influence of motion in the
image and increase speckle stability.
OCT provides depth resolved images with a microscale resolution potentially allowing for visualization of the microvasculature. The visualization of blood vessels located
directly underneath other blood vessels is hampered by the shadowing effect caused
by multiply scattered photons in the vessels affecting both the OCT intensity and the
speckle decorrelation. Red blood cells are highly forward scattering at common OCT
wavelengths, which increases the probability of multiple scattering and therefore shadowing. This effect is clearly visible in Figure 7b, in which flow induces the speckle contrast
of lower static parts to increase to values similarly to those of flowing blood.
The advantage of OCT over other optical modalities is the depth resolution provided in
real-time. Previous research shows the potential benefit of different optical techniques in
intra-operative perfusion imaging such as fluorescence imaging

4,22–26

, thermography 27,

laser speckle contrast imaging28 and sidestream darkfield microscopy 8,29,30. Fluorescence
imaging creates a wide field overview of the vasculature of the tissue, enabling the surgeon to indicate the perfusion status of an organ or tissue by the intensity measurements
of a fluorophore (e.g., indocyanine green, ICG). However, overlaying vessels cannot be
distinguished. Therefore, microvascular tissue with impaired perfusion could look highly
perfused because of the high flow in an underlying artery. Moreover, for the illumination
of vessels with fluorescence imaging, a fluorophore is needed which makes this technique invasive. Thermography and laser speckle contrast imaging are both widely tested
in vivo in patients. They both create an overview of the tissue perfusion in a color-coded
scale, easily interpreted by clinicians. The disadvantage of thermography for intraoperative perfusion monitoring is the used parameter: temperature, is a parameter exhibiting
a slow response to a change in tissue perfusion. Laser speckle contrast imaging, on the
other hand, uses perfusion units to estimate the perfusion status, which is an arbitrary
unit and therefore not easily interpreted as an absolute value to differentiate good from
decreased perfusion. Sidestream darkfield microscopy provides tissue imaging, like OCT,
on a millimeter scale. It is able to visualize single erythrocytes flowing through capillaries.
However, it can only focus at one imaging depth up to 500 micrometer and surgeons
need to focus the camera by hand, which is a challenge considering the motion artefacts
discussed previously.
OCT could optimize surgery by improving the understanding of perfusion and intraoperative visualization of the microcirculation. Integration of the software is needed to
create real-time evaluation of perfusion in tissue. The proposed speckle analysis algo137

rithm is fast, automated and can be used unsupervised, and can be integrated in the
image acquisition software to enable real-time visualization of blood flow during surgery.
With this parameter, real-time intra-operative OCT data analysis will be possible. Future
studies should focus on the speckle contrast percentage indicative of flow and patient
outcome to study a possible correlation and define a threshold value to help the surgeon
to decide whether to adjust the surgical plan or not. In the future, OCT-based quantitative perfusion imaging and -evaluation could potentially improve surgical outcome and
decrease post-operative complications due to impaired perfusion.

CONCLUSION
This study shows the feasibility of intra-operative OCT-based imaging of gastric tissue
and detection of flow in blood vessels in patients with esophageal cancer. Flow was
detected by calculating off-line the speckle contrast in M-mode OCT images, from which
the percentage of pixels indicative of flow was obtained. This objective parameter was
obtained while the bulk tissue was moving and therefor it may be a useful for intraoperative perfusion evaluation. Potentially, surgeons could use a threshold value for
quantitative assessment of the perfusion state of tissue and with that improve patient
outcome.
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Discussion and future perspectives

Optical coherence tomography (OCT) uses near infrared light to non-invasively acquire
3D images of biological tissue, with a resolution in the range of 5-15 μm and an imaging
depth of approximately 2 mm. OCT can be a useful clinical tool for minimally invasive,
high-resolution imaging of tissue structures and morphology.1 In addition to morphological imaging, quantification of scattering properties from OCT images is a potential
complementary source of information on microscopic tissue properties, which can be
used clinically for tissue characterization.2 These quantitative scattering parameters are:
the backscattering coefficient (μB,NA), which is a measure for the backscattered signal
integrated over the detection numerical aperture of the system, and can be extracted
from the OCT amplitude after careful calibration; the attenuation coefficient (μOCT), which
quantifies the decay of the OCT signal in depth and is related to the scattering coefficient
(μS); and the speckle distribution: the statistical distribution of voxel-to-voxel amplitude
fluctuations inherent in the OCT signal, which is related to sub-resolution sample properties. All of these parameters can be extracted from OCT data using an appropriate
model for the OCT signal. A large number of studies have been dedicated to such
quantitative analysis of OCT data to address clinical questions, mostly concerning tissue
characterization.2 Many of these studies on ex vivo and in vivo tissues show promising
results, indicating that these parameters are sensitive to differences in sub-resolution tissue structure and organization. However, the extracted quantitative parameters strongly
depend on the applied methodology, and are sensitive to the selected input parameters.
In order to establish the clinical value of quantitative OCT, the extracted parameters
should be reliable and robust. Furthermore, the sensitivity of these parameters to clinically relevant changes in tissue should be determined. In this thesis a model describing
the OCT signal and the relation of quantitative OCT-parameters (amplitude, attenuation
coefficient and speckle distribution) to sample properties of discrete random media
(size, refractive index and organization) is derived and validated. Furthermore, a robust
method is presented to extract quantitative OCT-parameters from OCT data, which then
are related to structural tissue properties and flow.
In the first part of this thesis (chapter 2 and 3) we have derived and validated a model
for the OCT signal for discrete random media DRM. DRM are randomly positioned identical spherical particles for which calculations of the scattering properties are straightforward, thereby allowing accurate study of the influence of sample properties and system
properties on the OCT signal. Chapter 4 is a review on the research investigating the use
of μOCT for clinical application. In the latter part of this thesis (chapter 5 and 6) the findings of the first two chapters are applied in two in vivo pilot studies on the feasibility of
quantitative OCT during surgery. Both studies are clinical examples in which non-invasive
intraoperative imaging could be a valuable aid to the surgical practice. The main findings
and discussions per chapter are discussed below, followed by general discussion and
suggestions for future research.
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In chapter 2 a theoretical derivation of the OCT signal amplitude, and speckle distribution is given for mono-disperse and homogeneous DRM, assuming single scattering.
Through this derivation quantitative OCT parameters (attenuation coefficient and speckle
variance) are expressed in terms of sample properties (particle size and concentration).
The model-based predictions are validated with experimentally obtained quantitative
parameters (attenuation coefficient and speckle variance) from OCT data of silica microbeads in water. Figure 1 shows theoretical predictions of sample scattering properties (μS,
μB.,NA, and anisotropy) as a function of particle diameter and volume fraction of particles
with a refractive index of 1.425 in water (n=1.324) at an illumination wavelength of 1300
nm. The graph shows that scattering parameters μS, μB.,NA and anisotropy do not increase
linearly with particle concentration. The periodic Mie oscillations are clearly visible in the
μB,NA calculated curves. Such predictions forge a better understanding of the relationship
between sample properties and sample optical properties and can be useful in design
of experiments.

Figure 1. Calculated scattering properties (μs, μbna, anisotropy) as a function of particle diameter for
volume fractions ranging from 0.01, 0.1, 0.2 and 0.3. These calculations are based on a combination
of Mie theory with the Percus-Yevick structure factor with the following input parameters: illumination wavelength of 1300 nm with a bandwidth of 100 nm, refractive index of the particles of silica
microbeads 1.425 and the refractive index of the medium was set equal to that of water 1.324.
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Chapter 4 is a literature review on the research towards the clinical application of μOCT.
Models and methods to extract μOCT from OCT data as well as the μOCT values obtained
in various clinically relevant tissue samples are summarized. We found that most studies
are restricted to small sample sizes and are performed on ex vivo samples. The overview
of the obtained results suggests that most pathologies show a change in μOCT, however
not always significant. While in some studies relative μOCT values provide added contrast,
other studies combine μOCT with other OCT-derived parameters to obtain significant difference healthy and diseased tissue. Furthermore, a wide spread in the obtained μOCT
values is observed, which can be understood as a result of the use of different OCT
systems, different methodologies to extract μOCT from OCT data, and different sample
preparations. Multiple methods describing the OCT signal are available ranging in sophistication. From the results presented in this review it is concluded that standardization
is crucial for further research and consensus on an appropriate model describing the
OCT signal and correction for system parameters is needed.
In chapter 5 the feasibility of the application of quantitative OCT during glioma resection was investigated in a pilot study in 5 patients. For quantitative analysis, we have
developed a robust and automated data analysis pipeline to extract μOCT and speckle
contrast values from the OCT data, which was validated using calibration samples. We
conclude that the proposed method for quantitative in vivo OCT of the brain cortex is
feasible during glioma resection surgery. However, applicability in subcortical areas is
limited due to surgical restrictions and current probe sizes, causing low data quality.
While the found μOCT values are close to the previously reported study on ex vivo brain
tissue samples, further studies in which in vivo OCT scans and gold standard histopathology are matched as close as possible are needed to investigate the value of μOCT as a
tool to discriminate between glioma and normal brain tissue. For improved clinical applicability a dedicated probe design is recommended. Furthermore, for real time analysis
it should be considered that irregular tissue structures present in in vivo collected OCT
data complicate analysis steps such as edge detection and ROI selection, which at the
moment are managed by human supervision.
Chapter 6 presents the first study that demonstrates the feasibility of in vivo OCT
imaging and flow detection in the reconstructed gastric tube during surgery in esophageal cancer patients. Here, the feasibility of intraoperative OCT imaging of gastric tissue
and microcirculation is shown. Regions of flow could be distinguished from static tissue
by calculating the speckle contrast in M-mode scans. By comparing OCT data with HEstained histopathology slides, we were able to identify and verify tissue layers (serosal,
subserosal, muscularis propria) and the location of the blood vessels. Also, lymphatic
vessels were visible in both histopathology slides and OCT images, assuming that the
lymph fluid is a weakly scattering medium. The percentage of pixels distinguished as flow
was quantified in the M-mode OCT images as an objective parameter. This parameter
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can potentially be used to differentiate normal from decreased perfusion areas. Possibly,
surgeons could use a threshold value for quantitative assessment of the perfusion state
of tissue and with that improve patient outcome. More research is needed towards this
goal.
In summary, we have theoretically derived the OCT signal (amplitude and speckle
distribution) for DRM, assuming single scattering. We have proposed a comprehensive
model to extract quantitative OCT parameters from OCT images, which we have validated using controlled samples of microbeads in water. Furthermore, we were able to
demonstrate the feasibility of quantitative OCT toward tissue characterization during
glioma resection surgery and to detect blood flow in reconstructive gastric tube surgery.
The limitations and challenges identified in these studies are discussed below and concluded with suggestions for future research.

Requirements for successful clinical application
of μOCT
A consensus on the model and method used to extract quantitative parameters from
OCT images is needed in order to move towards clinical application of quantitative OCT.
Sufficiently accurate knowledge of the system parameters and data output format of the
OCT system are needed to ensure the use of the correct description of the OCT signal
(e.g., amplitude, intensity or dB). Calibration of the OCT system, probe and validation
of the analysis method can be performed using calibrated samples with known optical properties, which also can be used to quantify accuracy and reproducibility of the
obtained results. Open source data analysis software, sample preparation guidelines and
OCT data sets could be helpful in the standardization of the data analysis.
For various clinical applications, fast analysis and real-time visualization of µOCT maps
are desirable. Therefore an automated and unsupervised analysis pipeline is required to
deal with large amounts of data and to avoid human biases. Moreover, collection of in
vivo and intraoperative OCT data introduces challenges concerning the quality of the
OCT data. In chapter 5 and 6 respectively only 55 % and 45 % of the collected OCT
data sets were suitable for quantitative analysis. Dedicated and study-specific probe
designs and scanning protocols will significantly increase the quality of the OCT data.
Furthermore, tissue irregularities and motion artifacts render data processing steps such
as edge detection and region of interest (ROI) selection, necessitating human supervision of the analysis. Additional segmentation and image analysis steps could be added
in future research to provide fully automatic analysis of in vivo OCT data.
In order to determine the added clinical value of the quantitative analysis of the
OCT images, comparison with the current clinical gold standard, which in many cases
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is histopathology, is needed. Matching of OCT data with histopathology can be very
challenging. Recent studies show progress in matching of ex vivo OCT images and
quantitative outcomes with histopathology.3 However, matching in vivo OCT data with
histopathological slides introduces additional challenges. For future studies, we recommend a study protocol which considers these challenges. A combination of in vivo, ex
vivo OCT imaging and histological analysis of the same tissue sample can be helpful.
However, one should consider that normal tissues cannot be resected for study.

Limitations of the single scattering model
The single scattering model assumes that the detected backscattered light has interacted
with the sample in a single scattering event. However, in highly forward scattering tissues,
multiply scattered light contributes significantly to the OCT signal. Multiple scattering
decreases the value of experimentally extracted μOCT compared to the sample’s µS and
degrades the axial resolution of the OCT image.4,5 The probability of multiply scattered
light contributing to the OCT signal increases for strongly scattering and forward scattering samples, in systems with low numerical apertures and at larger depths. Two approaches including multiple scattering in the description of the OCT signal are proposed
in literature: Monte Carlo simulations and the extended-Huygens Fresnel (EHF) model.
Monte Carlo simulations are based on probabilistic photon tracing simulations for which
the outcome depends strongly on the chosen input parameters such as systems numerical aperture and the phase function of the sample.6 The EHF model is an analytical model
describing light propagation through homogeneous turbid media, valid for scattering
anisotropy values above 0.7, which corresponds to particle diameters above 1 μm for
the calculations shown in Figure 1. The strength of the EHF model is that the variation of
any parameter in the model can be changed easily to study its influence on the retrieved
optical properties.2,5 In this thesis we have adopted the EHF model to estimate the contribution of multiple scattering (chapter 3). However, because of competing parameters
in the EHF model, a priori input of sample properties was needed for the simulations
and estimation of multiple scattering.7 From the obtained model-based simulations we
conclude that, for the experimental settings and samples under study, the experimentally
obtained μOCT starts to deviate more than 10% from the sample’s µS for samples with an
anisotropy value g > 0.8 or a scattering coefficient µS > 10 mm-1. In these cases, multiple
scattering should be considered in order to accurately map μOCT to µS. It should be noted
that the contribution of multiple scattering depends on both sample parameters and the
systems’ numeric aperture, therefore the results discussed in this thesis, measured at a
numeric aperture of 0.02, are expected to differ for other numerical apertures.8
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A crucial assumption in the determination of μOCT is the homogeneity of the sample
over the A-scan depth range used to estimate μOCT. Many biological tissues possess a
layered structure and are heterogeneous. The ROI is preferably chosen such that the
obtained μOCT is obtained from a homogenous region. The capacity to find such a region
is highly dependent on the specific tissue, and depends on the contrast between tissue
layers and structures. Preprocessing of the data, by lateral averaging, contrast enhancement and segmentation of tissue layers can be helpful. Furthermore pixel-based methods to extract μOCT from OCT images can be used to account for axial heterogeneity.9
Additionally, it is shown that the OCT speckle distribution relates to the organization of
the scattering particles10, and therefore might be a good indication of tissue homogeneity, which then can be used to select ROI’s for μOCT analysis.

Calculation of scattering properties: from
DISCRETE RANDOM MEDIA to tissue
Scattering properties of spherical particles can be calculated using Mie solutions to the
Maxwell’s equations, referred to as Mie theory. For accurate calculation of concentrationdependent scattering properties of non-dilute particle concentrations (>2 volume %),
Mie calculations can be augmented by the Percus-Yevick structure factor, to include
particle organization in the description of scattering behavior. We propose to account for
the effect of dependent scattering by using the Percus-Yevick structure factor combined
with Mie theory.8,11 The influence of the Percus-Yevick structure factor on the optical
properties and phase function are illustrated in appendix VII and VIII, respectively.
The theoretical framework presented in the first part of this thesis describes the OCT
signal for discrete random media (DRM). Likely, the scattering properties of tissue are more
realistically described using a Continuous Random Medium (CRM) formalism.12 However,
the parameters for CRM modeling (refractive index correlation length, refractive index
variance, ‘fractal parameter’) are not easy to control in samples made for validation. We
start with DRM because the samples can be controlled and well characterized. Moreover,
the optical properties of DRM can be obtained by straightforward calculations using Mie
theory together with the Percus-Yevick structure factor. By comparing theoretical predictions with experimental results we are able to validate this approach.8 As a next step we
propose to move to polydisperse samples. For bi-disperse samples, analytical solutions
may still be available allowing thorough validation. Samples with a broad distribution of
spherical particles, such as Intralipid, form an interesting case since it may be possible
to describe them both by formalisms based on (polydisperse) DRM and based on CRM.
Our expectation is that, ultimately, this will yield a better physical interpretation of CRMderived properties.
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Future research
In conclusion, quantitative OCT is especially useful as a tool for the detection of abnormalities in surrounding normal tissue, which can be used for optically guided biopsy.
Furthermore, the non-invasive imaging capability of OCT enables measurement of the
same location without disturbing the tissue under study, permitting the observation of
dynamic processes at the same location.
In future research simulations of OCT data6,13–16 can be used to predict the expected
OCT image and quantitative OCT parameters. The theoretical framework presented in
this thesis allows for prediction of such parameters for DRM. Monte Carlo based simula-

Figure 2. 3D OCT images of Rembrandt van Rijn, Portrait of Marten Soolmans (1613-1641), 1634,
oil on canvas, h 207,5 x w 132 cm, inv. no. SK-A-5033, joint acquisition by the Dutch State and the
French Republic, collection Rijksmuseum/collection Musée du Louvre. a) Detail of the rosette of his
right shoe before restoration. b) a volumetric image c) a cross sectional image which shows layers
of paint and varnish. The OCT image was collected using a swept source OCT system with a center
wavelength of 1060 nm, from an area of 5 by 5 mm.
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tion6,13,14 can be applied to estimate quantitative OCT parameters, although the results
of the simulations strongly depend on the input of the optical geometry and assumed
phase function. Munro et al.16,17 demonstrate a 3D mathematical model of OCT image
formation, based on Maxwell’s equations. Such sophisticated algorithms are a promising
tool, however the structural and optical properties of the sample are needed as an input
for the calculations, which is challenging for biological tissue. Information on the structural and optical properties of biological tissue may potentially be obtained using other
probing modalities. Knowledge on cellular changes at different stages of disease can
be used to create a library. Combined with understanding how these cellular changes
influence tissue optical properties, the OCT signal and quantitative parameters can be
simulated beforehand in order to design the experimental protocol accordingly.
Besides clinical applications, which are the main focus of this thesis, quantitative OCT
could also be a useful tool in material and cultural heritage science18,19: Figure 2 shows a
cross-sectional image of a small area on a Rembrandt painting measured during restoration of the painting at the Rijksmuseum Amsterdam. These measurements demonstrate
the feasibility of non-contact high-resolution imaging of oil paintings using OCT. Furthermore, calculation of scattering properties using the theoretical framework presented in
this thesis may be beneficial in other research fields investigating samples of relatively
simple and known composition. Combining such calculations with quantitative analysis
of OCT data could therefore be a powerful tool in research fields requiring non-contact
(time-resolved) material analysis
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APPENDIX

i – oct geometry ANd sigNAL
Consider a medium containing hard spheres of a single size, where the position of the i’th
particle is given by δ(r - ri); measured from a given reference particle (see Figure 1 below).
These spheres can touch, but not overlap in space. This medium is imaged using an OCT
system with the reference arm length (‘zero delay’ matched to the position of a reference
particle located at depth zb below the boundary. The scattered light is collected at the
lens in the detection arm, with R the distance between reference particle and lens.

Figure 1. OCT geometry. The optical path
length in the reference arm is matched to the
position of a reference particle in the sample
(‘zero delay’). The sample consists of identical
randomly placed spheres with position ri with
respect to the reference particle. The distance R
is between the reference particle and the detection lens in the sample arm.

The (complex) scattered field from a volume containing N particles is given by
Es = ∑Ni=1 Ei. For identical particles (equal size and refractive index), the scattering efficiency of the individual particles is the equal, but the amplitudes and phases of the
scattered fields depend on the individual particle positions. The total field at the detecN

tor is given by ED = ER + ∑i=1 Ei were ER is the field scattered from the reference mirror
(phase-matched to the reference particle).
The real part of the (Time-Domain) OCT signal as function of depth x(z) is obtained from
the detector current
iDET(z)∝〈|ED|2〉 = IS(z) + IR(z) + 2〈ER ∑Ni=1 Ei〉
x(z) ∝ 〈ER ∑

N
i=1

Ei〉

(1a)
(1b)

where the brackets denote averaging over the detector response time. IS and IR are
intensities from sample and refernce arm, respectively. Removing these DC-terms yields
x(z) as a cosine-modulated signal with zero-mean and non-zero variance that encodes the
sample reflectivity. The imaginary part y(z) is sine-modulated at the same frequency. In
OCT, conventionally the amplitude A(z) = √ x2(z) + y2(z) is plotted in a logarithmic grayscale
image. Both mean and variance of A(z) are non-zero.
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Figure 2 shows simulations of x(z), red curve, and A(z), blue curve, from a sample
containing many identical, randomly placed reflectors (N>10, see IV). The number of
reflectors is too high to resolve their individual positions: the information about particle
density and scattering strength is encoded in the variance of x(z), and mean and variance
of A(z).

Figure 2. simulated OCT signal as function of
depth of a sample containing many randomly
placed reflectors. The red curve shows the real
part x(z) of the complex OCT signal, cosine
modulated with zero mean and non-zero variance. The imaginary part y(z) is not shown. The
blue curve shows the amplitude A(z).

ii – time domAiN vs. sPectrAL domAiN oct
The analysis in I assumed detection of the OCT signal in the spatial domain (e.g. “Timedomain OCT”) rather than in the spatial frequency domain (Spectral domain OCT). The
analysis however, remains the same because the time-domain and spectral domain signal
are reversibly connected through a Fourier transformation. To illustrate, Figure 3A shows
a simulated ‘raw spectrum’ corresponding to a single reflector, i.e. a cosine modulated in
source spectrum with the position of the reflector encoded in the modulation frequency
(a real signal). The result of the Fourier transform of this raw spectrum is complex. Panel
B shows the result if the real part of the complex FT is calculated the signal corresponding to the red curve is obtained; if the amplitude of the complex FT is calculated the

Figure 3. (A) Simulated raw spectrum in Spectral Domain OCT corresponding to a single reflector.
(B) The Fourier transform of this spectrum yields a complex signal with real part x(z), red curve and
amplitude A(z), blue curve.
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envelope (blue curve) is obtained. Note that in practice, the square of the amplitude is
often calculated directly from the Power Spectrum of the raw spectrum instead of via FT;
and log(A2) is converted to a grayscale image.

III – OCT Speckle
The (complex) scattered field from a volume containing N particles is written as
Es = ∑Ni=1 Ei. Both the amplitude and phase of Ei can be considered as random variables
with no dependency on each other. Therefore, the statistics of the scattered field and
according to Eq. 1B, x(z) follow that of a random phasor sum as is commonly found in
speckle phenomena.1 Indeed, the random amplitudes and phases of the different scattering elements within a detection volume give rise to the static speckle pattern found
in OCT images. For a large number of scatterers x(z) and y(z) follow a normal distribution
(by the Central Limit theorem) with zero mean and non-zero variance. The amplitude
A(z) = √ x2(z) + y2(z) is Rayleigh distributed (Eq. 2A) with mean �A� and variance σA2 determined by the variance of the underlying real and imaginary components σx2 = σy2 = σx,y2

(Eq. 2B):

p(A) =
〈A〉 =

√ 2π σ

2

x,y

;

A −A /(2σ2)
e
σ2
π
σA2 = ⎛⎝2 − ⎞⎠ σ 2x,y
2
2

A

(2A)
(2B)

This also yields the familiar result that contrast in OCT, when defined as the ratio of the
standard deviation over the amplitude of the OCT signal is √ 4 / π - 1 ≈ 0.52.2,3
Note that when the OCT envelope is calculated as the power spectrum of a signal
acquired in the spatial frequency domain, the distribution of this signal p(P) follows an
exponential distribution, and the contrast is unity (see II).

IV – the real part of the OCT signal x(z)
The information about particle density and particle scattering strength is encoded in
the variance of x(z), see section I, and via Supplementary Eq. 2B also in the mean and
variance of the OCT amplitude A(z). In order to express �A� and σA2 in terms of sample

scattering properties, we first derive an expression for x(z) that can be used to calculate
σx2 around the position of the reference particle:

σx2≡ 〈x2(z)〉 - 〈x(z)〉2 = 〈x2(z)〉

(3)
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The last equality holds because for discrete random media, the mean of x(z) is zero. We
assume N identical particles in the probe volume, where the scattered field in the far field
of the n’th particle can be written as4:
Es,n = Ein

f(θ,φ) iφn
e
kR

(4)

Where Ein is the input field which we assume identical for each particle under the 1st Born
approximation; f(θ,j) is the scattering amplitude of the particles (in general a complex
number), fn is the phase of the scattered field which depends on the position of the
particle, k is the wavenumber k=2π/l where l is the wavelength; and R is the distance
to point of evaluation. Since the distances between the particles is much smaller than
the distance from the reference particle to the lens (See section I and Figure 1) we take
identical R for all particles.
In the following, we express the phase of the scattered field with respect to the reference particle. The phase difference between fields scattered from 2 arbitrary particles
can be written as ∆f= q·r where q is the wavevector kout – kin, |q| = 2ksin½θ with θ the
scattering angle (angle of observation); and r is the vector connecting both particles.
Consequently, for the n’th particle we write fn= q·rn and the computed value of x is
assigned to zb (the position of the reference particle).
Since the reference particle is matched to the reference arm, q·rn also equals the
phase difference between the scattered field and the reference arm field. This allows
us to express the relative contribution of the field scattered from n’th particle trough
the complex coherence function (q·rn). For an example of the real part of the complex
coherence function see Figure 3B.
Finally, the scattered field contribution needs to be evaluated over the solid angle
corresponding to the detection numerical aperture WNA(i.e. of the lens in the sample
arm). Combining terms, we expand Eq. 1b as:
x(zb)∝Re � ∫ΩNA ∑i γ(q⃑ ∙ r⃑)i eiq⃑ ∙ r⃑i

f(θ,φ)
dΩ �
kR

(5)

Only particles within the coherence volume Vc contribute to the signal. The axial dimension of this cylindrical volume is in the order of the coherence length, the lateral radius
in the order of the probe beam waist when evaluated at the focus position. Sugita et al.5
derived the following expression to which we adhere:
4πω02 √ 2ln(2)LC
(6)
6
Where LC is the coherence length and ω0 the 1/e intensity waist of the illuminating beam.
VC =

We use this to make a further simplification of Eq. 5 by assuming that only particles within
VC contribute with equal weight to the OCT signal. Therefore we can omit the complex
coherence function if we sum only over these N particles:
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N

x(zb)∝Re �∫ΩNA ∑i=1 eiq⃑ ∙ r⃑i

f(θ,φ)
dΩ �
kR

(7)

where N = ρVC and ρ is the average particle density (constant for the homogeneous
medium assumed here).

V – mean squared real OCT signal �x2(z)�

Starting with Eq. 7 for the real part of the OCT signal we write the mean square of the
real OCT signal as:
〈x(zb)2〉∝Re �∫ΩNA 〈∑Ni=1 ∑Nj=1

f 2(θ,φ) iq⃑ ∙ r⃑i iq⃑ ∙ r⃑j
e e¯ 〉dΩ�
k2R2

(8)

This equation can be further simplified by using the definition of the differential scattering cross section of the (identical) particles, σscat(θ,φ) = f(θ,φ)2/k2 which can be taken out of
the ensemble average.4rther, the integration over solid angle can be written in spherical
coordinates, yielding:
N

N

∫π σ (θ,φ) 〈∑i=1 ∑j=1eiq⃑ ∙ r⃑ie¯ iq⃑ ∙ r⃑j〉 sinθdθdφ�
〈x(zb)2〉∝Re �∫2π
0 (π-NA) scat

(9)

For spherical particles as considered here, the differential scattering cross section does
not depend on the azimuthal angle φ, and the integral over φ simply yields a factor 2π.
The double sum within chevrons �…� accounts for all phase differences between the

particles contributing to the signal and is known from statistical physics as the structure
factor.6 More precisely:

S(q) =

1 N N iq⃑ ∙ r⃑i iq⃑ ∙ r⃑j
〈∑ ∑ e e¯ 〉
N i=1 j=1

(10)

Using N = ρVC from IV where VC is the coherence volume and ρ is the average particle
density and q is the scattering vector with magnitude 2ksin½θ (see IV). Consequently, the
structure factor may be written as function of θ for convenience. Thus, and since both the
differential cross section and structure factor are real numbers:
π

〈x(zb)2〉 = σx2(zb)∝ ρVC × 2π ∫(π-NA) σscat (θ)S(θ)sinθdθ

(11)

The equality holds based on Eq. 3.

The structure factor quantifies the effect of organization of scatters in the sample on
the scattering pattern (hence its name). For discrete random media, it is closely related
to the pair-correlation g(∆r) function through a Fourier transform relationship:
S(q) = 1 + ρ ∫ g(∆r)eiq⃑ ∙ ∆r⃑)d∆ r⃑

(12)

Where the pair-correlation function is interpreted the distribution of particle separations
∆r. Note that both the pair-correlation function and structure factor are functions of
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particle density ρ. Eq. 11 demonstrates that the variance of the real OCT signal σx2 and
therefore by Eq. 2B also the mean �A� and variance σA2 of the OCT amplitude signal

encode the scattering strength of the particles (differential cross section term) and the
particle density and organization (structure factor term).

VI – interpretation as optical coefficient
To facilitate interpretation of Eq. 11, we first note the definitions4 of the (total) scattering
cross section (units [m2]) of a single spherical particle (Eq. 13) and scattering coefficient
(units [m-1]) of a medium containing such particles (Eq. 14):
π

(13)

μs = ρσscat

(14)

σscat = 2π ∫0 σscat(θ)sinθdθ

Comparing Eqs 11 and 13, we find that the integral is weighted with the dimensionless
structure factor to account for organization in the sample. Moreover, integral boundaries
are limited to the detection NA, which leads to the following cross section and coefficient
‘in the backscatter direction, within the detection NA’:
π

σb,NA = 2π ∫(π-NA) σscat (θ)S(θ)sinθdθ

(15)

μb,NA = ρσb,NA

(16)

Thus, at a given location in the sample, the variance of the real part of the OCT signal
σx2 and the variance of the envelope signal are proportional to μb,NA; the mean amplitude
�A� is proportional to √μb,NA.

VI – OCT amplitude vs. depth.
The numerical aperture in Eq. 15 could theoretically be expanded to collect all scattered
light. In that case, the expressions for the scattering cross section and scattering coefficient of the discrete random medium become:
σscat,medium = 2π ∫0 σscat,particle(θ)S(θ)sinθdθ

π

(17)

μs,medium = ρ2π ∫0 σscat,particle(θ)S(θ)sinθdθ

π

(18)

With subscripts ‘medium’ and ‘particle’ added for emphasis but omitted henceforth.
In section I to section V it was assumed that the reference arm is matched to a
reference particle at arbitrary depth zb, and that under the 1st Born approximation, all
particles within the coherence volume VC around zb experience the same input field. The
amplitude of this illuminating field however decreases in amplitude with increasing zb
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because of losses due to light scattering and absorption (the latter is neglected in the
analysis here). Likewise, part of the light scattered from VC is scattered on the way back
to the sample boundary; it is assumed that this light escapes the detection NA and does
not contribute. In other words, only single scattered light is considered, for which the
attenuation of intensity can be described by the Lambert-Beer law, with the μs of Eq. 18
as exponential decay constant. Additional depth-dependent weighting terms exist, such
as the confocal point spread function (the illuminating field will be weaker if the reference
particle is chosen outside the focal region) and, specifically for Spectral Domain OCT,
the sensitivity-rolloff in depth. For a thorough discussion of these factors we refer to our
earlier work [7] and references therein.
In a Time-Domain system, the moving reference arm would vary the probe depth zb
and the coherence volume around it to build up an A-line. In this case, the subscript ‘b’
may be dropped and the OCT A-line, defined as �A(z)� and variance σA2(z) are written as:

√α

π
(z) μb,NAVC exp(−2μsz)
2
π
⎛
2
σA (z)TD = αTD(z) ⎝2 − ⎞⎠ μb,NAVC exp(−2μsz)
2
〈A(z)〉TD =

TD

(19)

(20)

Were depth z is measured from the sample boundary. Here μs is given by Eq. 18, and μbNA
by the analysis in section IV. The factor 2 in accounts for scattering losses to and from the
coherence volume. The term αTD(z) accounts for scaling factors such as power-to-current
efficiency of the detector, but also depth dependent losses, most notably the confocal
point spread function – either using a static focus or dynamic focusing. Importantly, αTD(z)
only contains parameters related to the OCT system (not the sample) and can thus in
principle be calibrated to allow for absolute measurements of μbNA.
In a Spectral-Domain system the zero-delay position is usually not located within the
sample but at some position outside. This does not change our analysis since it will only
lead to a fixed phase difference between zero delay and the reference particle. Particles
will contribute to the signal as long as the distance between zero-delay and the reference
particle is within the instantaneous coherence length of the system, which is determined
by the spectral resolution. We therefore only slightly modify Eqs. 19 and 20:
〈A(z)〉TD =

√α

SD

π
(z) μb,NAVC exp(−2μs(z−z0))
2

π
σA2(z)TD = αTD(z) ⎛⎝2 − ⎞⎠ μb,NAVC exp(−2μs (z−z0))
2

(21)
(22)

Were depth z is measured from zero-delay; and z0 is the distance between zero-delay
and the sample boundary. The term αSD(z) accounts for scaling factors such as power-tocurrent efficiency of the detector, but also depth dependent losses, most notably the
confocal point spread function and sensitivity roll-off with depth inherent to SD-OCT sys-
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tems. Again, αSD(z) only contains parameters related to the OCT system (not the sample)
and can thus in principle be calibrated to allow for absolute measurements of μbNA.

vii – scALiNg oF oPticAL ProPerties With voLume
FrActioN
Figure 4 shows the volume fraction-dependent and volume fraction-independent
calculations for μB,NA,μs, μB,NA/μs, anisotropy as a function of optical size (D·k). For the
latter calculations the structure factor is set to unity. Thus, the fv-independent μB,NA/μs and
anisotropy curves do not change with volume fraction. For the fv -dependent calculation
all shown plots change with volume fraction since the structure factor, which serves as a

Figure 4. Calculated backscattering coefficient (μB,NA) (and scattering coefficient (μs), μB,NA/μs and
anisotropy as a function of optical particle diameter (D. k0, k0=2π/λ0,vaccuum) for volume fractions of
0.01, 0.1, 0.2 and 0.3 for a center wavelength λ0 = 1300 and bandwidth of ∆λ = 100 nm. The solid
lines are depict the concentration-dependent calculation using Eq.11 and Eq. 12. The dotted lines
show the concentration-independent calculations, these are the MIE solutions. For these calculations the structure factor S(θ) in Eq. 11 and 12 from chapter 2 of this thesis is set to unity.
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weighting factor on the angular scattering pattern (phase function) is a function of fv (see
also VIII).

viii – PhAse FuNctioN chANge With coNceNtrAtioN/
voLume FrActioN
Our analysis accounts for the phase differences between the fields scattered by the individual particles in the sample. This analysis gives rise to a structure factor (see section V
and Eq. 10) that directly influences the angular light scattering (compare Eqs. 13 and 15).
Applied to the low-NA backscattering geometry as described in our experiments
(NA=0.02; θNA ~ 1°), for increasing volume fraction the NA-integrated part of the back-

Figure 5. The phase function [4] (scattered intensity normalized on solid angle) is calculated for
volume fractions of 0.01, 0.1, 0.2 and 0.3. using Mie theory (D=0.91 μm; λ0= 1300 nm; npart = 1.425;
nmed = 1.324) without (blue curves) and including the structure factor (red curves) as calculated from
the Percus Yevick approximation. Note that our experiments did not exceed volume fractions of
0.06.
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scattered intensity increases approximately linearly with volume fraction, whereas the
total scattered fraction decreases with volume fraction [7].
The effect of the structure factor on angular scattering is illustrated below (D=0.91
μm; λ0= 1300 nm; npart = 1.425; nmed = 1.324). We calculate the phase function, which
by definition is normalized on the full solid angle. Blue curves show the phase function
without inclusion of a structure factor calculated as:
pMie(θ) =

σs(θ)
π
2π ∫0 σs(θ)sinθdθ)

(23)

Where σs(θ) is the differential scattering cross section for a single particle obtained with
Mie theory. Red curves show the phase function when the structure factor is included:
pMie − PY(θ) =

σs(θ)S(θ)
π
2π ∫0 σs(θ)sinθdθ)

(24)

Where S(θ) is the Percus-Yevick structure factor appropriate for Discrete Random Media.6,8 All blue curves are identical. For the red curves (including the structure factor), with
increasing volume fraction the amplitude of the phase function in the forward direction
decreases, the amplitude in the backward direction increases, and the overall shape
of the phase function becomes broader. This corresponds to a decrease of scattering
anisotropy g (the average cosine of the scattering angle) as is also observed in section
VII, Figure 4.

List of frequently used symbols
μOCT

OCT attenuation coefficient

μB

Backscattering coefficient

μB,NA

Backscattering coefficient within the detection numerical aperture

μS

Scattering coefficient

g

Anisotropy factor

P(θ)

Phase function
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Summary

SUMMARY
Optical coherence tomography (OCT) allows 3D imaging of biological tissue with nearinfrared light and a resolution around 5-15 μm and an imaging depth of about 2 mm. The
light backscattered by the tissue is collected by an interferometer and converted into a
cross-sectional image. In addition to morphological images, it is possible to quantify scattering parameters, quantitative OCT, from the OCT image using an appropriate model
for the OCT signal. These scattering parameters serve as a potential additional source
of information on microscopic tissue structure and organization that are not directly visible in the OCT images. Microscopic changes in tissue structure and organization are
often an indication of disease. Non-invasive measurement of these changes can be a
valuable clinical tool. For this reason, a large number of studies investigate the clinical
application of quantitative OCT, with promising results. However, the extracted quantitative parameters strongly depend on the applied methodology, and are sensitive to the
selected input parameters. In order to establish the clinical value of quantitative OCT, the
extracted parameters should be reliable and robust. Furthermore, the sensitivity of these
parameters to clinically relevant changes in tissue should be determined. For this reason,
a standardized and validated model describing the OCT signal, and analysis method
are crucial. In addition, a theoretical foundation is required that relates the quantitative
parameters to microscopic tissue properties of clinical interest. The aim of this thesis
is to derive and validate a model for the OCT signal and provide a robust method to
extract quantitative parameters (amplitude, attenuation coefficient and speckle distribution) from OCT data and to relate these parameters to sample properties (structure,
organization and flow).
Chapter 1 discusses the context and aim of this thesis and gives a brief introduction in
OCT, tissue scattering and quantitative OCT. The first part of this thesis (chapter 2 and 3)
provides the theoretical framework in which a model describing the OCT signal for discrete
random media (DRM) is derived and validated. DRM are randomly positioned identical
spherical particles for which calculations of the scattering properties are straightforward,
allowing accurate analysis of the influence of sample and system properties on the OCT
signal. Chapter 4 is a literature review on investigations towards clinical application of the
OCT attenuation coefficient. In chapter 5 and 6 the findings from the first two chapters
are applied in two in vivo pilot studies on the applicability of quantitative OCT during
surgery. Both studies are examples of clinical cases in which non-invasive intra-operative
imaging could be a valuable tool for the surgical practice. Finally, chapter 7 gives an
overview of the most important findings in of the studies presented in chapters 2 to 6,
followed by a discussion of the limitations and challenges concluding with suggestions
for future research. Below a brief summary of chapter 2-6 is given.
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In chapter 2 we present a theoretical description of the OCT amplitude and speckle
distribution for mono-disperse DRM, in which the OCT amplitude and speckle (expressed
in the variance of the OCT amplitude) are linked to particle size and organization of
the sample. Speckle, amplitude fluctuations between voxels in OCT images, contains
information about sub-resolution structural properties of the sample. Statistical analysis
of the speckle could therefore have an added value for the characterization of biological tissues. However, there is no comprehensive theoretical framework that relates OCT
derived statistics to structural tissue properties. In Chapter 2 we start with the size and
organization of the scattering particles, from which we derive analytical expressions for
the average OCT amplitude, amplitude variance, backscattering coefficient (within the
detection numerical aperture) and the scattering coefficient. In this derivation, we assume
fully developed speckle and single scattered light. We show that the OCT amplitude
variance (speckle) is sensitive to sub-resolution changes in size and concentration of the
scattering particles. We validate the theoretical results using experimental OCT data
from controlled samples of microscopic silica spheres in water and show that the experimentally determined and theoretically calculated scattering parameters correspond to
each other.
In chapter 3 we describe a comprehensive model for the OCT signal that takes into
account system parameters (confocal point spread function and depth-dependent sensitivity decrease). In order to obtain reliable scattering parameters from OCT data for
highly scattering tissues, consideration of the effects of multiple scattering and the nonlinear relationship between the scattering coefficient and the scattering concentration
(concentration-dependent scattering) is required; both effects are quantitatively included
in this chapter. We verify our model with experimental OCT data from controlled samples
of microscopic silica spheres in water with a wide range of scattering properties (ie scattering coefficients between 1 - 30 mm-1 and scattering anisotropy between 0.4-0.9).
These scattering properties are calculated using the Mie-theory in combination with
the Percus-Yevick structure factor to take account of concentration-dependent scattering. Multiple scattering is taken into account by the extended- Huyges-Fresnel model
for OCT in combination with a priori knowledge of sample properties. We show good
correspondence between the theoretical values predicted by our model and the experimentally determined values of backscatter coefficient and attenuation coefficient. We
conclude that this model allows us to accurately model the backscatter coefficient and
attenuation coefficient in the concentration-dependent and multiple scattering regime
for mono-disperse DRM.
The attenuation coefficient is the most accessible and investigated OCT related scatter
parameter to characterize tissue and distinguish between healthy and diseased tissue.
Chapter 4 is a literature study on the use of the OCT attenuation coefficient (μOCT) in
(pre-) clinical studies. Models and methods to extract μOCT from OCT data as well as
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the μOCT values obtained in various clinically relevant tissue samples are summarized.
The overview of the reported values of μOCT suggests that although most pathologies
show a change in μOCT, the difference between normal and diseased tissue is not always
significant. While in some studies relative μOCT values provide added contrast, other
studies combine μOCT with other OCT-derived parameters to obtain significant difference
healthy and diseased tissue. Furthermore, a wide spread in μOCT values is obtained, which
can be understood as a result of the use of different systems, methodologies and sample
preparation. The overview of the results of these studies suggests that most pathologies
show a change in μOCT, however not always significant. While in some studies relative
μOCT values provide added contrast, other studies combine μOCT with other OCT-derived
parameters to obtain significant difference healthy and diseased tissue. Furthermore,
a wide spread in μOCT values between studies is observed, which can be understood
as a result of the use of different systems, methodologies and sample preparation. It is
concluded that for future research consensus on an appropriate model describing the
OCT signal and a methodology to apply such model is needed.
Chapter 5 is a pilot study on the use of OCT during the neurosurgical resection of
glioma. High resolution detection of cancerous tissue during glioma resection can provide a more precise resection by the surgeon and improve patient outcome. Based on
result on ex vivo brain tissue, the use of quantitative OCT is suggested as a visual aid
for the surgeon during glioma resection to distinguish glioma from normal brain tissue
by intraoperative imaging. This pilot study investigates the applicability of OCT imaging
during the neurosurgical resection of glioma in combination with automated quantitative
analysis. For this purpose, 3D OCT datasets were collected in vivo in five patients during
the standard surgical procedure. OCT data was collected before the resection (cortical)
and after partial resection of the tumor (subcortical) from both glioma and normal brain
tissue. These areas were selected by the neurosurgeon by means of visual inspection of
the brain tissue, as well as pre-operative MRI images. Next, μOCT and speckle contrast
values from

the OCT data were quantified using an automated and validated algorithm.
From the results we conclude that the proposed method for quantitative in vivo OCT
of the cortical brain tissue is feasible during glioma resection. The applicability for subcortical areas was limited due to surgical limitations and the current dimensions of the
OCT probe, which has led to a low quality of the OCT data. Although the found μOCT
values are close to the previously reported ex vivo study, further research is needed to
determine the potency of μOCT to distinguish glioma from normal brain tissue. To this
end, OCT images and gold standard histology should be matched as close as possible
in future studies.
In chapter 6 we investigate the application of OCT as an intraoperative imaging
technique for the detection of blood flow during esophageal cancer surgery with gastric
tube reconstruction. Change in perfusion of the gastric tube tissue can lead to isch173

emia, resulting in high morbidity and mortality. Anastomotic leakage (incidence 5-20%)
is one of the most serious complications after esophageal resection with gastric tube
reconstruction. Optical imaging techniques can provide minimally invasive and real-time
visualization that can be used in intraoperative environments. By implementing an optical technique for detection of blood flow during surgery, perfusion can be imaged and
quantified, then, if necessary, the perfusion can be improved by surgical intervention or
administration of medication. The feasibility of visualization of the in vivo microcirculation
of the gastric tissue during operations of patients with esophageal cancer by means of
detection of blood flow based on the speckle contrast from M-mode OCT images is
demonstrated. The percentage of pixels with a speckle contrast value indicative of flow
was quantified as an objective parameter to assess presence of blood flow at 4 sites on
the reconstructed gastric tube. This chapter demonstrates that OCT can be used for
direct imaging of blood flow during surgery and could therefore help improve surgical
outcomes for patients.
Finally, in chapter 7 main findings, limitations and challenges of the research presented
in this thesis are discussed, followed by suggestions for future research.
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Samenvatting

SAMENVATTING
Optische coherentietomografie (OCT) is een beeldvormingstechniek die het mogelijk
maakt om door middel van licht 3D-beelden van biologische weefsels te maken met
een resolutie van rond de 5-15 μm en een dieptebereik van ongeveer 2 mm. Het
terugverstrooide licht wordt opgevangen door een interferometer en omgezet in een
dwarsdoorsnede van het weefsel, waarin weefselstructuren en morphologie zichtbaar
zijn. Naast het maken van beelden is het mogelijk om verstrooiingsparameters uit de
OCT-beelden te kwantificeren door gebruik te maken van een geschikt model voor het
OCT-signaal. Deze verstrooiingsparametersn dienen als een potentiële aanvullende
bron van informatie over microscopische weefseleigenschappen die niet direct zichtbaar
zijn in de OCT-beelden. Microscopische veranderingen in weefseleigenschappen, zoals
(sub-) cellulaire veranderingen in structuur en organisatie, zijn vaak een indicatie voor
het ontwikkelen van ziekte en daarom interressant. Het niet-invasief meten van deze
(sub-)cellulaire veranderingen kan in sommige klinishe situaties zeer waardevol zijn.
De veelbelovende resultaten van een groot aantal studies vormen de motivatie voor
het voortzetten van dit onderzoek. Om de klinische waarde van de gekwantificeerde
verstrooiingsparameters te bepalen, moeten deze parameters allereerst betrouwbaar
en robuust zijn. Echter is de bepaling van deze verstrooiingsparameters sterk afhankelijk van het toegepaste model voor het OCT-signaal en de, op het moment, vaak op
menselijk input berustende analysemethode. Hierom zijn een gestandaardiseerd en gevalideerd model voor het OCT-signaal en analysemethode cruciaal. Bovendien is er een
theoretische onderbouwing nodig die de verstrooiingsparameters relateert aan klinisch
relevante microscopische weefseleigenschappen. Het hoofddoel van dit proefschrift is
het afleiden en valideren van een model voor het OCT-signaal en een robuuste methode
om kwantitatieve verstrooiingsparameters (terugverstrooiingscoëfficiënt, attenuatie
coëfficiënt en speckledistributie) uit OCT-data te bepalen en te relatere aan sampleeigenschappen (structuur, organisatie en doorbloeding).
Hoofdstuk 1 is een introductie in de OCT-techniek, verstrooing en kwantitative
OCT. Daarnaast wordt de context rond de hoofdvraag van dit proefschrift geschetst en
worden de onderzoeksthema’s per hoofdstuk kort besproken. Het eerste deel van dit
proefschrift (hoofdstuk 2 en 3) vormt het theoretische kader waarin een model voor het
OCT-signaal voor discrete random media (DRM) wordt afgeleid en gevalideerd. DRM zijn
willekeurig gepositioneerde identieke bolvormige deeltjes waarvoor berekeningen van
de verstrooiingseigenschappen eenvoudig zijn. Hierdoor is een nauwkeurige analyse van
de invloed van sample-eigenschappen en systeemeigenschappen op het OCT-signaal
mogelijk.
In hoofdstuk 2 presenteren we een theoretische beschrijving van de OCT-amplitude
en speckle distributie voor monodisperse DRM, waarin OCT-amplitude en speckle
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(uitgedrukt in de variantie van de OCT-amplitude) worden gelinkt aan deeltjesgrootte
en organisatie van de sample. Speckle, oftewel amplitudeschommelingen tussen de
voxels in OCT-beelden, bevat namelijk informatie over sub-resolutie weefseleigenschappen. Statistische analyse van de speckle zou daarom een toegevoegde waarde kunnen
hebben voor karakterisatie van biologische weefsels. Er is echter nog geen uitgebreid
theoretisch kader dat OCT-speckle-statistieken relateert aan sample-eigenschappen. In
dit hoofdstuk beginnen we onze afleiding van het OCT-signaal bij de grootte en concentratie van de verstrooiende deeltjes, waaruit we analytische uitdrukkingen afleiden voor
het OCT-amplitudegemiddelde, amplitudevariantie, terugverstrooiingscoëfficiënt en de
verstrooiingscoëfficiënt. We gaan bij deze afleiding uit van volledig ontwikkelde speckle
en enkelvoudig verstrooid licht. We laten zien dat de OCT-amplitudevariantie (speckle)
gevoelig is voor subresolutie veranderingen in grootte en concentratie van de verstrooiende deeltjes. We valideren de theoretische resultaten met behulp experimentele OCTdata van gecontroleerde samples van microscopische silicabollen in water en laten zien
dat de experimenteel bepaalde en theoretisch berekende verstrooiingsparameters goed
overeenkomen met elkaar.
In hoofdstuk 3 beschrijven we een uitgebreid model voor het OCT-signaal waarin
rekening wordt gehouden met systeemparameters (confocaalfunctie en diepteafhankelijke gevoeligheidsafname). Om betrouwbare verstrooiingsparameters te verkrijgen
uit OCT-data voor sterk verstrooiende weefsels is een nauwkeurige afweging van de
effecten van meervoudige verstrooiing en concentratie-afhankelijke verstrooiing vereist;
beide effecten worden kwantitatief meegenomen in de berekening van de verstrooiingseigenschappen van onze samples. We verifiëren ons model met experimentele OCTdata van gecontroleerde samples van microscopische silicabollen in water met een groot
bereik van verstrooiingseigenschappen (nl. verstrooiingscoëfficiënten tussen 1 - 30 mm-1
en verstrooiingsanisotropie tussen 0,4-0,9). Deze verstrooiingseigenschappen worden
berekend met behulp van de Mie-theorie in combinatie met de Percus-Yevick-structuurfactor om rekening te houden met concentratieafhankelijke verstrooiing. De meervoudige verstrooiing wordt berekend door gebruik te maken van het extended-Huygens
Fresnel (EHF) model in combinatie met a priori kennis van de sample-eigenschappen.
We tonen een uitstekende overeenkomst aan tussen de door ons model voorspelde
theoretische waarden en de experimenteel bepaalde waarden van terugverstrooiingscoëfficiënt en attenuatiecoëfficiënt. We concluderen dat dit model ons in staat stelt om
de terugverstrooiingscoëfficiënt en attenuatiecoëfficiënt nauwkeurig te modelleren in
het concentratie-afhankelijke en meervoudige verstrooiingsregime voor monodisperse
DRM.
Hoofdstuk 4 is een literatuurstudie naar het gebruik van de OCT-attenuatiecoëfficiënt
(μOCT) in (pre-) klinische onderzoeken. De attenuatiecoëfficiënt is de meest toegankelijke
en onderzochte OCT-gerelateerde verstrooiingsparameter om weefsel te karakteriseren
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Samenvatting

en onderscheid te maken tussen gezond en ziek weefsel. In dit hoofdstuk wordt een
overzicht gegeven van de in literatuur beschreven modellen en methoden om μOCT uit de
OCT-data te kwantificeren. Daarnaast wordt er een overzicht gegeven van de verkregen
μOCT waarden van verschillende klinisch relevante weefsels. De in de literatuur beschreven
resultaten laten dat er een verandereing in μOCT waargenomen wordt bij pathalogisch
weefsel ten opzichte van gezond weefste. Echter is deze verandereing niet altijd significant en is er een grote spreiding in μOCT waarden. De spreiding in μOCT waarden kan
worden begrepen als het resultaat van het gebruik van verschillende OCT-systemen,
modellen en samplevoorbereiding. Uit dit hoofdstuk komt naar voren dat toekomstig
onderzoek grotendeels zal profiteren van consensus over een geschikt model voor het
OCT-signaal, standaardisatie van data-analyse en samplevoorbereiding, en het gebruik
van kalibratiesamples.
In hoofdstuk 5 en 6 worden de bevindingen van de eerste twee hoofdstukken toegepast in twee in vivo pilotstudies naar de toepasbaarheid van kwantitatieve OCT tijdens
operaties. Beide onderzoeken zijn voorbeelden van klinische casussen waarin nietinvasieve intra-operatieve beeldvorming een zeer waardevol hulpmiddel zou kunnen zijn
in de chirurgische praktijk. In hoofdstuk 5 onderzoeken we het gebruik van OCT tijdens
de neurochirurgisch resectie van glioma in een pilotstudie. Hogeresolutie detectie van
kankerweefsel tijdens gliomaresectie kan zorgen voor een preciezere resectie door de
chirurg. In de literatuur wordt kwantitatieve OCT voorgesteld als een visueel hulpmiddel
voor de chirurg tijdens gliomaresectie om door middel van intra-operatieve beeldvorming glioma van normaal hersenweefsel te onderscheiden. De pilotstudie in hoofdstuk
5 onderzoekt de toepasbaarheid van OCT-beeldvorming tijdens de neurochirurgisch
resectie van glioma in combinatie met geautomatiseerde kwantitatieve analyse. Hiervoor zijn in vivo 3D OCT-data verzameld tijdens de standaard chirurgische procedure
van gliomaresectie in vijf patiënten. OCT-data is verzameld vóór de resectie (corticaal)
en na gedeeltelijke resectie van de tumor (subcorticaal); in beide gevallen van zowel
gliomaweefsel als van normaal hersenweefsel. Deze gebieden zijn geselecteerd door
de neurochirurg d.m.v. visuele inspectie van het hersenweefsel, evenals pre-operatieve
MRI-afbeeldingen. Vervolgens zijn μOCT en speckle contrast waarden uit de OCT-data
gekwantificeerd met behulp van een geautomatiseerd en gevalideerd algoritme. Uit de
resultaten van deze pilotstudie concluderen we dat de voorgestelde methode voor kwantitatieve in vivo OCT van het corticaal hersenweefsel tijdens de gliomaresectie haalbaar
is. De toepasbaarheid voor subcorticale gebieden is gelimiteerd vanwege chirurgische
beperkingen en de huidige afmetingen van de OCT-probe, wat heeft geleid tot een lage
kwaliteit van de OCT-data. Hoewel de gevonden μOCT waarden dicht bij de eerder gerapporteerde ex vivo studie liggen, is verder onderzoek nodig om het de onderscheidend
potentie van μOCT tussen glioom en normaal hersenweefsel te bepalen. Hiervoor is een
zo goed mogelijk match tussen OCT-beelden en goudenstandaard histologie cruciaal.
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In hoofdstuk 6 onderzoeken we het gebruik van OCT als een intra-operatieve beeldvormingstechniek voor detectie van doorbloeding tijdens slokdarmkankeroperaties met
maagbuisreconstructie. Verandering in perfusie van het maagbuisweefsel kan leiden tot
ischemie, met een hoge morbiditeit en mortaliteit tot gevolg. Anastomotische lekkage
(incidentie 5-20%) is een van de ernstigste complicaties na slokdarmresectie met maagbuisreconstructie. Optische beeldvormingstechnieken kunnen voorzien in minimaal
invasieve en real-time visualisatie die gebruikt kan worden in intra-operatieve omgevingen. Door het implementeren van een optische techniek voor detectie van doorbloeding tijdens chirurgie kan perfusie worden afgebeeld en gekwantificeerd. Vervolgens
kan, indien nodig, de perfusie worden verbeterd door een chirurgische ingreep of door
toediening van medicatie. De haalbaarheid van visualisatie van de in vivo microcirculatie
van het maagweefsel tijdens operaties van patiënten met slokdarmkanker door middel
van detectie van doorbloeding op basis van het speckle contrast uit M-mode OCTbeelden wordt gedemonstreerd. Het percentage pixels met een speckle contrast waarde
dat indicatief is voor stroming werd gekwantificeerd als een objectieve parameter om de
doorbloeding op vier plaatsen op de gereconstrueerde maagbuis te beoordelen. In dit
hoofdstuk wordt aangetoond dat OCT kan worden gebruikt voor directe beeldvorming
van de bloedstroom tijdens chirurgie en daarom zou kunnen helpen bij het verbeteren
van chirurgische uitkomsten voor patiënten.
Tot slot geeft hoofdstuk 7 een overzicht van de belangrijkste bevindingen uit dit
proefschrift en worden er suggesties gedaan voor toekomstig onderzoek.
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