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Numerous novel optical imaging techniques have been
developed in the past decade for widespread basic biological
research and clinical applications. While optical microscopy
remains as an indispensable tool for high-resolution cellular
or subcellular imaging, a larger imaging depth achieved with
scattered light is becoming more and more attractive for
noninvasive imaging of large human organs. For example,
diffuse optical tomography (DOT) has been extensively
investigated for potential applications in breast cancer detec-
tion, brain function study, and small animal whole-body
imaging. Optical coherence tomography (OCT) is also one of
hot research areas. Besides its successful application in oph-
thalmology, OCT is expected to play an increasingly impor-
tant role in blood vessel evaluation and skin cancer diagnosis.

Four out of seven papers published in this special
issue are related to optical imaging with scattered light.
Image reconstruction is an integrated component of DOT.
B. Wu et al. simplified the reconstruction process to a blind
source separation (BSS) problemin their paper entitled
“Diffuse optical imaging using decomposition methods.” Three
matrix decomposition methods (Independent Component
Analysis, Principal Component Analysis, and Nonnegative
Matrix Factorization) were used to localize targets embed-
ded in a turbid medium. The targets were considered as
uncorrelated or independent virtual sources that led to
perturbations in the detected diffusive light intensity. While
these methods do not directly provide tomographic images,
the high accuracy in localizing small heterogeneities may be
valuable for detecting tumors in their early stages.

Z.-J. Lin et al. reported a CCD-based DOT system for
volumetric imaging of small animals in their paper entitled
“Volumetric diffuse optical tomography for small animals using
a CCD-camera-based imaging system.” With a 12-bit CCD
camera, the optical signal from regions up to 20 mm in

depth can be detected by pixel binning. In addition, a depth
compensation algorithm is integrated in their system for
improved image quality. Because of its simplicity, low-cost,
and portability of such a system, a CCD-camera-based DOT
may become a highly appropriate imaging tool for preclinical
studies involving small animals. For example, their approach
may be used to localize and evaluate tumors embedded in a
small animal.

Diabetes is one of major global health problems, which
affects almost one-fifth of the world population. Self-
monitoring of blood glucose is critical for maintaining the
health of diabetic patients. E. Nakamachi et al. developed a
3D blood vessel search system combined with an automatic
blood sampling system, which were integrated into a point-
of-care system for medical care in their paper entitled
“Development of automatic 3D blood vessel search and auto-
matic blood sampling system by using hybrid stereo-autofocus
method.” They adopted the hybrid stereo-autofocus method
to detect the 3D location of blood vessels. When detecting
a 0.5 mm diameter blood vessel embedded in the depth
range of 0.5–2.5 mm, the localization precision was 63 µm on
average. The combined system was evaluated with phantoms
to demonstrate its potential in real medical applications.

Light scattering from biological cells has been used as a
diagnostic tool for diseases in superficial tissues. Simulating
the scattering process is very important for understanding
and predicting the scattering patterns. S. Saltsberger et al.
presented an analytical model of a multilayer spherical scat-
tering cell in their paper entitled “Multilayer Mie scattering
model for investigation of intracellular structural changes in the
nucleolus and cytoplasm.” They developed and implemented a
multilayer Mie-like model to treat the scattering of light from
biological cells, whose internal structures are spherically
symmetric. It was shown that the multilayer model provided



2 International Journal of Optics

similar results as the finite-difference time-domain (FDTD)
method, which is more computationally expensive.

Combining optical imaging with other image modalities,
such as ultrasound, X-ray, and MRI, has attracted considera-
ble interest recently. For example, the field of photoacoustic
imaging has been growing rapidly in the past few years. Y.
Liu et al. investigated a different approach to combine fluore-
scence imaging with ultrasound, which offers better penetra-
tion and spatial resolution in their paper entitled “Effect of
fluorescent particle size on the modulation efficiency of ultra-
sound-modulated fluorescence.” They studied the effect of flu-
orescent particle size on the modulation depth of ultrasound
modulated fluorescence. According to their results, there was
a moderate twofold increase in the modulation depth when
the fluorescent particle size increased from 5 nm to 1 µm. The
authors suggested that other approaches should be explored
to significantly improve the modulation efficiency.

While the basic principle of optical coherence tomogra-
phy (OCT) is straightforward, there is a continuous drive to
search for the optimal implementations. Swept source opti-
cal coherence tomography is the proven choice of higher
imaging speed and better sensitivity. S. Chang et al. proposed
a method to reconstruct OCT images from the combined
spectral data obtained from two swept sources in their paper
entitled “Dual-source swept-source optical coherence tomo-
graphy reconstructed on integrated spectrum.” It was demon-
strated that their method resulted in OCT images with rich-
er spectral and resolution information than any of the indi-
vidually reconstructed OCT images. This method may be
generalized for a swept source OCT system with multiple
swept sources.

It is exciting to see that optical imaging methods start
to play a role in radiation therapy, which uses Magavoltage
(MV) X-ray beams to kill cancer cells. A critical issue in radi-
ation therapy is how to guide the radiation dose towards the
tumor while minimizing the harm to the surrounding nor-
mal tissues. A. Teymurazyan and G. Pang proposed a novel
design of MV X-ray detectors for accurate locating the target
in the treatment room before the start of radiation therapy
in their paper entitled “Megavoltage X-ray imaging based on
Cerenkov effect: A new application of optical fibres to radiation
therapy.” Their design was based on the Cerenkov effect.
The proposed detector consists of a matrix of optical fibres
aligned with the incident X-rays and coupled to an active
matrix flat panel imager (AMFPI) for image readout. X-ray
energy absorbed in optical fibres is converted into visible
light for improved detection sensitivity. Monte Carlo simula-
tion was used to study imaging and dosimetric characteristics
of such a detector. The simulation results showed that the
proposed detector had a zero-frequency detection quantum
efficiency more than an order of magnitude higher than that
of current electronic portal imaging device (EPID) systems,
while achieving a spatial resolution comparable to that of
video-based EPIDs. The proposed detector is also less sen-
sitive to scattered X-rays from patients than existing EPIDs.

Nanguang Chen
Baohong Yuan

Javier A. Jo
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Diffuse optical imaging (DOI) for detecting and locating targets in a highly scattering turbid medium is treated as a blind source
separation (BSS) problem. Three matrix decomposition methods, independent component analysis (ICA), principal component
analysis (PCA), and nonnegative matrix factorization (NMF) were used to study the DOI problem. The efficacy of resulting
approaches was evaluated and compared using simulated and experimental data. Samples used in the experiments included
Intralipid-10% or Intralipid-20% suspension in water as the medium with absorptive or scattering targets embedded.

1. Introduction

Diffuse optical imaging (DOI) for detection and retrieval of
location information of targets in a highly scattering turbid
medium may be treated as a blind source separation (BSS)
problem [1, 2]. Various matrix decomposition methods,
such as, independent component analysis (ICA) [3], princi-
pal component analysis (PCA) [4], and nonnegative matrix
factorization (NMF) [5, 6] have been developed for solving
the BSS problem and retrieving desired information.

Xu et al. adapted ICA of information theory to develop
optical tomography using independent component analysis
(OPTICA) and demonstrated its application for diffuse
imaging of absorptive, scattering, and fluorescent targets
[7–11]. ICA assumes the signals from different targets to
be independent of each other and optimizes a relevant
measure of independence to obtain the ICs associated with
different targets. The position coordinates of targets in three
dimensions are determined from the individual components
separately.

PCA assumes that the PCs contributing to the signal are
uncorrelated and explain the most variance in the signal.
PCA has been widely used in various applications, such as
spectroscopy [12], face recognition [13], and neuroimaging
[14]. NMF seeks to factorize a matrix into two nonnegative
matrices (component signals and weights) and requires the

contributions to signal and the weights of the components
to be non-negative. It does not imply any relationship
between the components. NMF has also been widely used in
biological analysis [15] and spectral analysis [16].

The objective of this study is to test and compare
the efficacy of these algorithms when used to solve the
DOI problem. Results are presented and compared using
simulative data and experimental data using absorptive and
scattering targets embedded in model scattering media.
Our interest in solving the DOI problem derives from the
need for a noninvasive modality for detecting, locating, and
diagnosing breast tumors in early stages of growth.

The remainder of the paper is organized as follows. In
Section 2, the formalisms of the three methods are intro-
duced. Section 3 evaluates the resulting imaging approaches
using simulated data. The approaches are further examined
in Section 4 for experimental data acquired using absorptive
and scattering targets embedded in model scattering media.
Section 5 summarizes and discusses the results.

2. Formalism

2.1. Blind Source Separation Problem. Blind source sepa-
ration (BSS), also known as blind signal separation, is a
general problem in information theory that seeks to separate
different individual signals from the measured signals, which
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are weighted mixtures of those individual signals. Assuming
M individual signals, s j(t), j = 1, . . .M, are linearly mixed
instantaneously, the BSS problem is modeled as follows. The
dimension of s j(t) is Ns, the number of sampling times.
In this study, t will be replaced by spatial positions of the
excitation light sources. A total of Nd detectors sense Nd

different mixtures of s j(t). The mixture measured by the

ith detector can be presented as xi(t) =
∑M

j=1 ai j s j(t), or
X = AS, in a matrix notation, where A ∈ RNd×M is a
mixing or weighting matrix, S ∈ RM×Ns , X ∈ RNd×Ns , and
M < min(Ns,Nd). The objective of BSS is to retrieve the
signals s j(t) and their weights, ai j . ICA, PCA, and NMF are
statistical analysis methods used to solve the BSS problem.

2.2. Diffuse Optical Imaging Problem. In DOI, one measures
the signal at the sample boundary, which includes a weighted
mixture of contributions from embedded targets. One uses
the diffusion approximation [17–19] of the radiative transfer
equation [20, 21] as the forward model to describe light
propagation in a highly scattering turbid medium. The
perturbation in the light intensity distribution measured
on the boundary of the sample due to the presence of the
targets (which are localized inhomogeneities in the optical
properties within the sample volume) may be written, in the
first-order Born approximation, as [22, 23]

Δφ(rd, rs) = −
∫

G(rd, r)δμa(r)cG(r, rs)d3r

−
∫

δD(r)c∇rG(rd, r) · ∇rG(r, rs)d3r,
(1)

where rs, rd, and r are the positions of a source of unit power,
detector and target, respectively; G(r, rs) and G(rd, r) are the
Green’s functions that describe light propagation from the
source to the target and from the target to the detector,
respectively; δμa and δD are the differences in absorption
coefficient and diffusion coefficient between the targets and
the background medium, respectively; and c is the light speed
in the medium.

A multisource illumination and multidetector signal
acquisition scheme is used to acquire light transmitted
through a scattering medium. For small absorptive targets,
a perturbation data matrix is constructed using −Δφ for
all sources. The elements of the data matrix pertaining to
absorptive targets represented by the first term in (1) may
be written in a discrete form as

Xij =
M∑

m=1

Gd(ri, rm)τmGs
(

rm, r j
)

(
i = 1, 2, . . . ,Nd; j = 1, 2, . . . ,Ns

)
,

(2)

where ri, r j , and rm are the locations of the ith detector,
jth source and mth target, respectively; Ns, Nd, and M are
the numbers of sources, detectors, and targets, respectively;
τm = δμa(rm)cδVm is the optical absorption strength of the
mth target of volume δVm; Gs(rm, r j) and Gd(ri, rm) are the
Green’s functions that describe light propagation from jth
source to mth target and from mth target to ith detector,

respectively. The number of targets is assumed to be less than
that of sources and detectors, M < min(Nd,Ns).

The mth target may be considered to be a virtual source
of strength τmGs(rm, r j) excited by the real light source
located at r j . The data matrix X = {Xij} may be considered
to be a set of combinations of light signals from all virtual
sources mixed by a mixing matrix {Gd(ri, rm)}. Therefore,
this problem can be treated as a BSS problem.

As the second term in (1) suggests, each scattering target
is represented by three colocated virtual sources of strength:
τm∂pGs(rm, r j), where ∂p = ∂/∂p, (p = x, y, z), and τm =
δD(rm)cδVm, is the optical scattering strength of the mth
target [8]. The mixing matrices become {∂pGd(ri, rm)} for
the three virtual sources generated by the mth target. The
elements of the data matrix for scattering targets may be
written as

Xij =
M∑

m=1

∑

p={x,y,z}
∂pG

d(ri, rm)τm∂pGs
(

rm, r j
)
. (3)

Since one absorptive target is represented by one cen-
trosymmetric virtual source, while three virtual sources (one
centrosymmetric and two dumb-bell shaped) represent one
scattering target [7, 8], the number and patterns of virtual
sources may be used, in favorable situations, to identify the
target as absorptive or scattering in nature. In this paper, only
small targets are considered since all three algorithms are
suited for small targets, and early detection, when the tumors
are more amenable to treatment, is of practical interest.

2.3. DOI as a BSS Problem. The data matrix for the DOI
problem may be written as

X = AS =
M∑

m=1

AimSmj , (4)

where A ∈ RNd×M , S ∈ RM×Ns , and X ∈ RNd×Ns . For
absorptive targets,

Aim = βmG
d(ri, rm), Smj = αmG

s
(

rm, r j
)

, (5a)

while for scattering targets,

Aim = βm∂pG
d(ri, rm), Smj = αm∂pG

s
(

rm, r j
)
. (5b)

{Smj} ( j = 1, 2, . . . ,Ns ) and {Aim} (i = 1, 2, . . . Nd) are
two-dimensional intensity distributions on the source and
detector planes, respectively. Source and detector planes are
the boundaries of the sample through which light enters and
exits the sample volume, respectively. The scaling factors βm
and αm are related to the target optical strength, τm = αmβm.
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The location of the target and the scaling factors can be
retrieved using a least squares fitting via

argmin
αm,βm,rm

⎧
⎨

⎩

∑

j

[
αm
−1Smj −Gs

(
rm, r j

)]2

+
∑

i

[
βm
−1Aim −Gd(ri, rm)

]2

⎫
⎬

⎭
, or

(6a)

argmin
αm,βm,rm

⎧
⎨

⎩

∑

p

⎧
⎨

⎩

∑

j

[
αm
−1Smj − ∂pG

s
(

rm, r j
)]2

+
∑

i

[
βm
−1Aim − ∂pG

d(ri, rm)
]2

⎫
⎬

⎭

⎫
⎬

⎭
,

(6b)

for absorptive and scattering targets, respectively. However,
when a scattering target is embedded deep in a turbid
medium, only the τm∂zGs(rm, r j) virtual source remains
significant. So, only p = z may be used for fitting in (6b)
[8].

2.3.1. ICA. OPTICA assumes that the virtual sources are
independent of each other [8]. So, they can be retrieved
through an iterative process which seeks to maximize the
independence among the components. In practice, the inde-
pendent components are found by maximizing some mea-
sure of non-Gaussianity, such as kurtosis (the fourth-order
cumulant), of the unmixed components. A Matlab program
for ICA was adopted from http://sccn.ucsd.edu/eeglab/.
The location of the target can be retrieved by fitting the
independent component intensity distributions (ICIDs) to
Green’s functions or derivatives of Green’s functions using
(6a) and (6b).

2.3.2. PCA. PCA assumes that the virtual sources are
uncorrelated so that the correlation (covariance) between
them is ideally zero and minimal in practice. The covariance
matrix of S, cov(S) should be diagonal. The general process
of PCA is as follows. The data matrix X = AS + N , where
N is random noise added to the data, A and S the same as
defined in (4). When S is mean centered, elements of the
mean-centered matrix S′ are defined as

S′mj = Smj − 1
Ns

Ns∑

j=1

Smj . (7a)

Similarly,

X ′i j = Xij − 1
Ns

Ns∑

j=1

Xij . (7b)

PCA looks for a matrix P that decomposes X into virtual
sources, S = PX . It also holds that S′ = PX ′, since P is just a
rotation matrix which does not change the center of the data.

cov(S) = S′S′T = (PX ′)(PX ′)T = PX ′X ′TPT = Λ, (8)

where Λ = diag{λ1, λ2, . . .}. The eigenvalues λm are variances
in the covariance matrix. Therefore, X ′X ′TPT = PTΛ,
where PT is orthonormal. PCA is realized by eigenvalue
decomposition (EVD) of the covariance matrix of X . The
eigenvectors with leading eigenvalues (largest variances) are
selected to be the PCs using the L-curve [24].

Since X = PTS ≈ AS, A is determined as a matrix
including only PCs. S is calculated as S ≈ (ATA)

−1
ATX .

Rows of S and columns of A represent principal component
intensity distributions (PCIDs) on the source plane and
detector plane, respectively and are proportional to the
images of the virtual sources projected on the source and
detector planes. The target positions are determined using
(6a) and (6b).

2.3.3. NMF. NMF is a group of multivariate analysis algo-
rithms that factorize a matrix X into A, and S : X = AS,
A and S are nonnegative [6]. Unlike ICA and PCA, NMF
does not imply any relationship between the retrieved com-
ponents; instead, it just enforces non-negativity constraints
on A and S. There are various algorithms developed to solve
NMF, such as the multiplicative update method [5] and
alternating least squares method [25, 26].

In the multiplicative update implementation of NMF, A
and S can be found by minimizing the square of Euclidean
distance ‖X − AS‖2 as the cost function, where A ≥ 0 and
S ≥ 0, using the multiplicative update rule:

Aik ←− Aik

(
XST

)
ik

(ASST)ik
, (9a)

Sk j ←− Sk j

(
ATX

)
k j

(ATAS)k j
. (9b)

The alternating least squares implementation of NMF
uses alternate least squares steps to estimate A (or S),
and use that estimate to optimize S (or A), repeating the
alternative steps until the desired optimization is obtained.
Nonnegativity is ensured by setting any negative element of
A or S equal to 0.

An NMF toolbox was obtained from http://cogsys.imm
.dtu.dk/toolbox/ to perform NMF computation. A built-in
command nnmf is also available in Matlab (R2011a).

NMF algorithm requires that the non-negativity assump-
tion must hold in the problem. In particular, for absorptive
targets, when X is constructed with −Δφ, τm should be
positive, that is, the targets should be more absorbing than
the background. If the targets have weaker attenuation
properties than the background, X needs to be constructed
with +Δφ instead. For scattering targets, X should be treated
similarly to keep its elements positive.

When NMF is applied to a scattering target, only the
centrosymmetric component shows up properly, since the
other two components have dumb-bell shape which includes
negative values [8]. So without any prior knowledge or some
other experimental means to assess if the target is absorptive
or scattering, NMF may not distinguish between the two
possibilities.
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y

x

Source plane

z

Figure 1: Light intensity distribution on the detector plane is
recorded when a point source scans on the source plane.

The decomposition methods can be applied with differ-
ent sample geometries such as slab and cylindrical geome-
tries, and different measurement domains such as time-
resolved domain, frequency domain, and continuous wave
(CW). In this paper, Green’s functions for slab geometry
[23] with CW measurement were used for simulation and
experiments.

3. Simulation

The sample was considered to be a 40 mm thick uniform
scattering slab with lateral dimension of 80 mm× 80 mm, as
shown in Figure 1. Its absorption and diffusion coefficients
were taken to be μa = 0.003 mm−1 and D = 1/3 mm (trans-
port mean free path, lt = 1 mm), respectively, which are
similar to the average value of those parameters for human
breast tissue. An absorptive and a scattering point targets
were placed at (50, 60, 15) mm and (30, 30, 25) mm, respec-
tively. The index of refraction n of the medium was taken to
be 1.33. The speed of light is 2.998×108 m/s or 299.8 mm/ns
in vacuum, and 225.4 mm/ns in the medium. The absorption
coefficient of the absorptive target was set to be higher than
the background with Δμa = 0.001 mm−1, while the diffusion
coefficient was taken to be the same as that of background.
The diffusion coefficient of the scattering target was set to
be lower than the background (higher scattering coefficient)
with ΔD = −0.1 mm (lt = 0.7 mm), while the absorption
coefficient was taken to be the same as that of the back-
ground. The volumes of both targets are set to be 8 mm3. The
optical strengths of the absorptive and scattering targets were
ΔμacΔV = 1.803 mm3/ns and ΔDcΔV = −180.3 mm5/ns,
respectively. The incident CW beam step scanned the sample
at 21 × 21 grid points covering an 80 × 80 mm2 area, with
a step size of 4 mm. Light on the opposite side was recorded
at 41 × 41 grid points covering the same area. Multiplicative
Gaussian noise of 5% was added to the simulated data. The
data matrix X was then obtained using (2) and (3) directly
and analyzed using the three different algorithms.

3.1. ICA Analysis. One independent component for the
absorptive target and three independent components for the
scattering target were retrieved by ICA. The independent
component intensity distributions (ICIDs) on the detector

plane are shown in Figures 2(a), 2(c), 2(d), and 2(e). Similar
ICIDs were obtained on the source plane. Figure 2(g) shows
the centrosymmetric ICID for the scattering target, and
Figure 2(i) shows the ICID for the absorptive target, on the
source plane.

The components in either the detector plane or the
source plane can, in principle, be used to extract position
and optical strength of the target(s). However, in our
experimental arrangement signal is collected by a 1024 ×
1024 pixels CCD camera, while the source plane is scanned
in an x-y array of points, which is much smaller than the
number of pixels in the CCD camera. Consequently, the
resolution in the detector plane is much better, and the data
set more robust than the source side. So, we used the images
on the detector plane for retrieving target information using
experimental data. While it would not matter in simulation,
to be consistent with experimental situations, we employed
detector plane images when using simulated data as well for
all three algorithms. Table 1 lists the locations and strengths
of the absorptive and scattering targets retrieved by fitting the
spatial intensity profile of the centrosymmetric components
on the detector plane to Green’s functions and derivatives of
Green’s functions using (6a) and (6b), respectively, as shown
in Figures 2(b) and 2(f). Figures 2(h) and 2(j) show the
corresponding fits to the profiles on the source plane.

3.2. PCA Analysis. Eigenvalue equation of the covariance
matrix of X was solved. The eigenvalues found by PCA were
sorted in a descending order. Figure 3 shows a plot of leading
20 eigenvalues on a logarithmic scale.

First four leading eigenvalues were selected for PCs.
The corresponding PCIDs were calculated. The PCIDs
on the detector plane are shown in Figure 4. Similar
images for PCIDs on the source plane were obtained. The
scattering target has one centrosymmetric (Figure 4(a))
component and two dumb-bell shaped (Figures 4(c) and
4(d)) components, while the absorptive target has only one
component (Figure 4(e)).

Figures 4(b) and 4(f) show fits to the spatial intensity
profile of the centrosymmetric component of the scattering
target and that of the absorptive target, respectively, to
retrieve the locations of the two targets. The locations and
optical strengths of the targets retrieved by PCA are also
shown in Table 1.

3.3. NMF Analysis. The mixing matrix and virtual sources
were retrieved from the data matrix X using NMF as
explained in Section 2.3.3. As in the other two approaches,
only one component is extracted for the absorptive tar-
get. Since NMF has a non-negativity constraint, only the
centrosymmetric component for the scattering target is
obtained. Nonnegative component intensity distributions
(NCIDs) on detector planes are shown in Figure 5. Similar
images for NCIDs on source plane were also obtained using
the virtual sources in S. The results are also shown in Table 1.

3.4. Results and Discussion. The positions and optical
strengths of the targets retrieved by ICA, PCA, and NMF
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Figure 2: ICA-extracted two-dimensional intensity distribution on the detector plane of: (a) the centrosymmetric component; (c) and (d)
dumb-bell shaped components of the scattering target; (e) the absorptive target. Similar intensity distribution on the source plane of: (g)
the centrosymmetric component of the scattering target and (i) the absorptive target for comparison. Fits to the spatial intensity profile on
the detector plane along the white dashed line (shown in figures) of the centrosymmetric component of the scattering target is shown in
(b), and that of the absorptive target is shown in (f). Corresponding fits to spatial profiles on the source plane are displayed in (h) and (j),
respectively.
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Figure 3: A logarithmic plot of the first 20 PCA eigenvalues.

algorithms are shown in Table 1, and compared to the known
values. The retrieved results using all three algorithms from
this simulated data are in excellent agreement with the
known values.

4. Experiments

4.1. Experimental Materials and Methods. In this Section,
the algorithms are evaluated using experimental data for
absorptive and scattering targets embedded in model scat-
tering media whose absorption and scattering properties are
adjusted to mimic the average values of those parameters
for human breast tissues. Two different experiments were
carried out with two different samples. The first sample
used a 250 mm × 250 mm × 50 mm transparent plastic
container filled with Intralipid 10% suspension in water as
the background medium. The concentration of Intralipid
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Table 1: Positions and optical strengths retrieved using simulated data and ICA, PCA, and NMF algorithms.

Target Known position (mm) Algorithm Fitted position (mm) Error (mm) Known strength∗ Fitted strength∗ Error (%)

Sca. (30, 30, 25)
ICA (29.9, 30.0, 25.1) (0.1, 0, 0.1) −180.3 −179.9 0.22
PCA (30.0, 30.0, 25.0) (0, 0, 0) −180.3 −180.1 0.11
NMF (30.0, 30.0, 25.0) (0, 0, 0) −180.3 −178.5 1

Abs. (50, 60, 15)
ICA (50.1, 60.2, 15.0) (0.1, 0.2, 0) 1.803 1.826 1.28
PCA (50.1, 60.1, 14.9) (0.1, 0.1, 0.1) 1.803 1.812 0.5
NMF (50.1, 60.1, 15.0) (0.1, 0.1, 0) 1.803 1.803 0

∗The unit for absorption strength of the target is mm3/ns and for scattering strength is mm5/ns.

10% was adjusted to provide [27, 28] an absorption coef-
ficient of μa ∼ 0.003 mm−1, and a transport mean-free
path lt ∼ 1.43 mm at 785 nm. The second sample used a
similar container with dimension of 250 mm × 250 mm ×
60 mm filled with Intralipid 20% suspension in water. The
concentration of Intralipid 20% was adjusted to provide
[27, 28] μa ∼ 0.003 mm−1, and lt ∼ 1 mm at 785 nm. These
optical parameters of the medium were selected to be similar
to the average values of those parameters for human breast
tissue. The thickness of the samples was also comparable to
that of a typical compressed female human breast.

In the first experiment, two absorptive targets were
embedded in the medium. The targets were ∼10-mm
diameter glass spheres filled Indocyanine green (ICG) dye
dissolved in Intralipid-20% suspension in water to obtain an
absorption coefficient μa = 1.15 mm−1 at 785 nm, and to
match the background scattering coefficient of 1.97 mm−1.
The targets were placed at (57.2, 18.1, 20.0) mm and (19.9,
48.1, 25.0) mm, respectively.

In the second experiment, two scattering targets were
embedded, which were also ∼10 mm diameter glass spheres,
filled with Intralipid-20% suspension in water. The transport
mean free path, lt was adjusted to be 0.25 mm, with scattering
coefficient μs ≈ 11 mm−1, and absorption coefficient μa same
as that of the background medium. The targets were placed
in the middle plane (z = 30 mm) in the container with a
lateral distance of 40 mm from each other (center to center).

The experimental setup is schematically shown in
Figure 6. A 10 mW 785 nm diode laser beam was used
to illuminate the first sample, while a 100 mW 785 nm
diode laser beam was used for the second sample. The
input surface (source plane) of the samples was scanned
across the laser beam in an x-y array of grid points to
realize the multi-source interrogation of the samples. The
transmitted light from the exit surface (detector plane)
was recorded by a 1024 pixel × 1024 pixel (pixel size =
24 μm) CCD camera (Photometrics CH350) equipped with
a 60 mm focal-length camera lens. Each pixel of the CCD
camera can be considered to be a detector implementing
the multidetector signal acquisition arrangement. A set of
16 bit 1024 pixel×1024 pixel images were acquired. The two
samples were scanned in an array of 11 × 12 and 11 × 15
grid points, respectively, with a step size of 5 mm in both
cases. The processes of scanning and data acquisition were
controlled by a personal computer. At all scan positions, raw
transillumination images of the samples were recorded by the
computer for further analysis.

4.2. Analysis and Results. A region of interest (ROI) was
cropped out from each image. Then, every 5 × 5 pixels in
each cropped image were binned to one pixel to enhance
signal-to-noise ratio. A background image was generated
by calculating an average image for all scan positions to
approximate the transillumination image without target(s)
embedded.

This averaging method for generating background image
is suitable for small targets used in our experiments, as
the ratio of the volume of the sample to that of the
target was quite high (∼500 : 1). For in vivo imaging of
tumors in early stages of growth, the breast-to-tumor volume
ratio will be similarly high, and the averaging method
will be applicable. Alternative approaches for generating a
background image include using image of (a) a phantom
that has the same average optical properties as the sample
[29]; (b) the healthy contralateral breast for breast imaging
[30]; (c) the sample obtained using light of wavelength for
which the target(s) and the background have identical optical
properties [31]. Still another approach is to compute the
background using an appropriate forward model [32]. A
more detailed discussion of this important issue appears in
one of our earlier publications [33].

The background image was also cropped and binned cor-
responding to the ROI for each scan position. Perturbation
in the light intensity distribution, Δφ due to targets in each
image was found by subtracting the background image from
the image. The data matrix X was then constructed using the
light intensity perturbations at all scan positions. ICA, PCA,
and NMF decomposition algorithms were performed on
the data matrix separately. Results are shown and discussed
below.

4.2.1. Absorptive Targets. The images on the detector plane
obtained using the ICA, PCA, and NMF algorithms are
shown in Figures 7, 8, and 9, respectively. Similar images
on the source plane were also obtained using all three algo-
rithms. The right side of each figure shows the corresponding
spatial intensity profile. Locations of the targets are extracted
from fits to these spatial intensity profiles, as described in
Section 2.3 using (6a) and (6b). The results are presented in
Table 2. In Figure 7, images on the source plane are shown in
(e) and (g), and Green’s function fits to their spatial profiles
are shown in (f) and (h) for comparison.

It follows from the comparison of the results in Table 2
that the positions retrieved by all three algorithms are
in good agreement with the known positions. The errors



International Journal of Optics 7

x (mm)

y 
(m

m
)

20 40 60 80

20

40

60

80

(a)

x (mm)
0 50

0.2

0.4

0.6

0.8

1

In
te

n
si

ty
 (

ar
b.

 u
n

it
s)

(b)

x (mm)

y 
(m

m
)

20 40 60 80

20

40

60

80

(c)

x (mm)

y 
(m

m
)

20 40 60 80

20

40

60

80

(d)

x (mm)

y 
(m

m
)

20 40 60 80

20

40

60

80

(e)

x (mm)
0 50

0.2

0.4

0.6

0.8

1

In
te

n
si

ty
 (

ar
b.

 u
n

it
s)

(f)

Figure 4: PCA-extracted two-dimensional intensity distribution
on the detector plane of: (a) the centrosymmetric component;
and (c) and (d) dumb-bell shaped components of the scattering
target; (e) the absorptive target. Green’s function fits to the spatial
intensity profiles along the dashed line (shown in figures) of the
(b) centrosymmetric component of the scattering target and (f)
absorptive target, respectively, to retrieve the locations of the two
targets.

in the retrieved locations (x, y, z) of the two targets were
within 1.7 mm. The PCIDs were not totally separated. Some
“residue” was observed in one PCID from the other. ICA
and NMF separated two components from this dataset more
clearly.

4.2.2. Scattering Targets. The “images” corresponding to
the centrosymmetric components of the virtual sources
(targets) on the detector plane obtained using the ICA,
PCA, and NMF algorithms are shown in Figures 10, 11,
and 12, respectively. Similar images on the source plane
were also obtained. The right side of each figure shows
the corresponding spatial intensity profile. Locations of the
targets are extracted from fits to these spatial intensity
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Figure 5: NMF-extracted two-dimensional intensity distribution
on the detector plane of: (a) the centrosymmetric component of the
scattering target; (c) the absorptive target. Fits to the corresponding
spatial intensity profiles along the dashed line (shown in figures) are
shown in (b) and (d), respectively.

x
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Figure 6: A schematic diagram of the experimental arrangement
used for imaging objects embedded in a turbid medium. The inset
at the bottom shows the 2D array in the input plane that was
scanned across the incident laser beam; the inset to the right shows
a typical raw image recorded by the CCD. (CCD: charge coupled
device, and PC: personal computer).

profiles, as described in Section 2.3 using (6a) and (6b). The
results are presented in Table 3.

Both targets were detected by all three algorithms. The
target locations retrieved by three algorithms are shown
in Table 3 and compared with known locations. Overall,
all three algorithms detect and locate the scattering and
the absorptive targets with good accuracy, the maximum
deviation of any one coordinate from the known value
being ∼3 mm. Since the maximum difference between the
known and retrieved position coordinates was larger for
the scattering targets, we calculated the squared correlation
coefficient γ to assess the fitting quality. NMF retrieves



8 International Journal of Optics

Detector plane images and profiles

x (mm)

y 
(m

m
)

20 40 60

(a)

20

40

60

8

6

4

2

x (mm)

y 
(m

m
)

20 40 60

(c)

20

40

60

8

6

4

2

x (mm)
0

0
40 6020

(d)

1

0.5

x (mm)
0

0
40 6020

(f)

1

0.5

x (mm)
0

0

40 6020

(h)

1

0.5

x (mm)
0 40 6020

(b)

0.8
1

0.6
0.4
0.2

x (mm)

y 
(m

m
)

20 40 60

(e)

20

0

0

40

15

10

5

0

x (mm)

y 
(m

m
)

20 40 60

(g)

20

0

0

40

10

5

0

Source plane images and profiles

×102

×102

In
te

n
si

ty
 (

ar
b.

 u
n

it
s)

In
te

n
si

ty
 (

ar
b.

 u
n

it
s)

In
te

n
si

ty
 (

ar
b.

 u
n

it
s)

In
te

n
si

ty
 (

ar
b.

 u
n

it
s)

Figure 7: ICA-generated ICIDs on the detector plane are shown in
(a) and (c); corresponding Green’s function fits to the horizontal
spatial profiles through the dashed lines are shown in (b) and (d).
ICIDs on the source plane are shown in (e) and (g); corresponding
Green’s function fits to the horizontal spatial profiles through the
dashed line are shown in (f) and (h).

the position coordinates better (within 0.5 mm) for the scat-
tering Target 2 than done by ICA and PCA (deviation from
known values being between 2-3 mm). NMF retrieved the
position coordinates for Target 1 with 3.0 mm error in z
direction, which is not as good as that done by ICA and
PCA. But γ is 0.783 and 0.778 in the fittings for ICA
and PCA, respectively, as compared to 0.993 for NMF,
indicating that the quality of the fitting is better for NMF.
The quality of fitting is presumably affected by the efficacy of
decomposition. The decomposed NCIDs by NMF were more
“clean” than those decomposed by ICA and PCA. We ascribe
the observed higher errors in ICA and PCA estimates of the
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Figure 8: PCIDs on the detector plane are shown in (a) and (c); and
corresponding Green’s function fits to the horizontal spatial profiles
through the dashed line are shown in (b) and (d).
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Figure 9: NCIDs on the detector plane are shown in (a) and (c);
corresponding Green’s function fits to the horizontal spatial profiles
through the dashed line are shown in (b) and (d).

position coordinates of the scattering Target 2 than the NMF
estimates to the interference from the other virtual source
(corresponding to Target 1) in ICA (Figure 10(c)) and PCA
(Figure 11(c)) images. It is commonly believed that errors in
locating a scattering target are higher than that for locating
an absorptive target, and the results of this study conform to
that notion.
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Table 2: Known positions versus retrieved positions of the absorptive targets using ICA, PCA, and NMF algorithms.

Target Known position (mm) Algorithm Fitted position (mm) Error (mm)

1 (57.2, 18.1, 20)
ICA (57.4, 18.2, 21.5) (0.2, 0.1, 1.5)

PCA (57.4, 18.2, 20.6) (0.2, 0.1, 0.6)

NMF (57.4, 18.2, 19.5) (0.2, 0.1, 0.5)

2 (19.9, 48.1, 25)
ICA (18.2, 46.7, 24.7) (1.7, 1.4, 0.3)

PCA (18.2, 47.6, 25.9) (1.7, 0.5, 0.9)

NMF (18.2, 47.6, 23.3) (1.7, 0.5, 1.7)

Table 3: Known positions versus retrieved positions of the scattering targets using ICA, PCA, and NMF algorithms.

Target Known position (mm) Algorithm Fitted position (mm) Error (mm)

1 (13.0, 28.0, 30.0)
ICA (12.6, 28.7, 29.1) (0.4, 0.7, 0.9)

PCA (12.6, 28.7, 28.6) (0.4, 0.7, 1.4)

NMF (12.0, 28.5, 33.0) (1.0, 0.5, 3.0)

2 (53.3, 28.5, 30.0)
ICA (51.0, 31.8, 26.8) (2.3, 3.3, 3.2)

PCA (50.9, 31.8, 26.7) (2.4, 3.3, 3.3)

NMF (53.3, 28.0, 30.3) (0.0, 0.5, 0.3)
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Figure 10: ICA-generated ICIDs on the detector plane are shown
in (a) and (c); corresponding Green’s function fits to the horizontal
spatial profiles through the dashed line are shown in (b) and (d).

5. Summary and Discussion

Diffusive optical imaging was modeled as a BSS problem.
ICA, PCA, and NMF were used to decompose the data matrix
and locate the targets embedded in a highly scattering turbid
medium. Only the components corresponding to the targets
were extracted from a large dataset for target detection and
localization.

It may be instructive to compare the objectives,
scope, and computational complexity of these decompo-
sition methods with model-based reconstruction methods.
Decomposition methods obtain the 3D locations of tar-
gets (the number of targets is generally small). Based on
the retrieved locations, the methods may then be further
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Figure 11: PCIDs on the detector plane are shown in (a) and (c);
corresponding Green’s function fits to the horizontal spatial profiles
through the dashed line are shown in (b) and (d).

extended to retrieve size and optical property information
of the targets [9]. The common practice of model-based
inverse reconstruction methods is to discretize the sample
volume intoN×N×N voxels and estimate absorption and/or
scattering coefficient in each voxel iteratively. Voxels with
significantly different optical properties than the surround-
ing are regions of interest and may be identified as targets.
While estimating the optical properties, the forward model
is solved repeatedly to calculate the intensity of the multiply
scattered light on the sample boundary. The difference
between the intensity of the multiply scattered light predicted
by the forward model and the experimental measurements is
minimized by seeking an optimal set of the optical properties
of every voxel in the sample volume. The number of variables
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Figure 12: NCIDs on the detector plane are shown in (a) and (c);
corresponding Green’s function fits to the horizontal spatial profiles
through the dashed line are shown in (b) and (d).

is thus, on the order of N3. To determine location(s) of
target(s) in three dimensions, the decomposition methods
process the data matrix to retrieve the main components (A
and S). Here, A and S are two-dimensional matrices with the
number of unknowns on the order of N2. The number of
unknowns is, hence, reduced N times in the decomposition
methods compared to the model-based approaches, which
leads to a substantial saving in the computational time
when N is large. No repeated solution of the forward
model is involved in decomposition methods. Consequently,
decomposition methods are considerably faster.

A comparison of the computational complexity of these
two types of approaches may shed further light on their
relative computation economy. For a model-based iterative
reconstruction method, an equation of the form b = Wx
is solved to find the targets, where W is a weight matrix
of size NdNs × Nv, Nd, Ns, and Nv are the numbers of
detectors, sources and voxels, respectively, b is an NdNs ×
1 vector describing the perturbation in the detected light
intensity due to the presence of targets, and x is the
perturbation in the optical properties from the background
values with dimension of Nv × 1. The computational
complexity is typically O(NdNsN2

v ) for a single iteration. For
the decomposition approach, b is written as a 2D matrix
X with dimension Nd × Ns. To decompose matrix X , the
computational complexity per iteration is typically of order
O(NdNk) for ICA [34], and O(NdNsNk) for NMF [16], where
Nk is the number of components that relates to the number
of targets and is usually a small number. For PCA using
SVD, the complexity is O(N2

s Nk) [34]. The computational
complexity of the intrinsic iterative process involved in the
matrix decomposition algorithms is much lower than that in
the model-based inverse reconstruction methods.

All three matrix decomposition methods presented in
this manuscript can potentially be used in in-vivo real-
time breast cancer imaging. The three algorithms have

different assumptions, which may lead to different favored
conditions. In this study, the algorithms were evaluated using
simulative and experimental data using model scattering
media and absorptive and scattering targets. The (x, y, z)
positions of the targets were retrieved with good accuracy.
The decomposition provided by ICA is “cleaner” than that
of the PCA. PCA did not clearly separate the two absorptive
targets used in the first experiment. NMF decomposition
seems to provide residue-free “cleaner” images than the other
two methods in this study. However, since NMF is based
on nonnegativity assumption, the results might deteriorate
when such a non-negativity assumption does not hold well.
While continuous wave measurements were used in the work
presented in this paper, the approaches could be used with
frequency domain and time domain measurements as well.

The work presented here focuses on detecting and
locating small targets, which derive impetus from the need to
detect tumors in early stages of growth when those are more
amenable to treatment. All three methods are applicable for
extended targets as well and are expected to provide the
“center of optical strength” as the location of the target.

All three approaches are applicable for both scattering
and absorbing targets and may be used in clinical setting.
The contrast between a tumor and surrounding normal
tissue can be due to differences in absorption, scattering, or
both absorption and scattering properties and may depend
significantly on the wavelength of light used. However, a
priori knowledge of the optical characteristics (absorptive
or scattering) is not crucial. As has been shown in (2)
and (3), the expression for elements of the data matrix for
absorptive targets involves Green’s Functions G, while that
for scattering targets involves ∂G/∂z ≈ −κG, where κ =√
μa/D in CW [9]. This relationship with G provides basis

for detection and localization of target(s), whether contrast
is due to absorption, scattering, or both. We are using
transillumination geometry, which is one of the approaches
used by other researchers, and adequate signal for in vivo
breast imaging is obtained [29, 35–38].

In this paper, we presented results when the approaches
were used to detect and obtain three-dimensional location
information of the targets. We have demonstrated, while
developing OPTICA that a backprojection formalism can
be further implemented to get a cross-section image of the
target [11], or the retrieved target locations can be fed into
other DOI methods as a priori information to get three-
dimensional tomographic images. Since the approaches are
suited for small targets, this hold promise for detecting and
locating breast tumors in early stages of growth, which is
crucially important for effective treatment. Further work
involving ex vivo (model) and in vivo imaging of cancerous
breast will be needed to establish the full potential of these
approaches.
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We report the feasibility of three-dimensional (3D) volumetric diffuse optical tomography for small animal imaging by using a
CCD-camera-based imaging system with a newly developed depth compensation algorithm (DCA). Our computer simulations
and laboratory phantom studies have demonstrated that the combination of a CCD camera and DCA can significantly improve
the accuracy in depth localization and lead to reconstruction of 3D volumetric images. This approach may present great interests
for noninvasive 3D localization of an anomaly hidden in tissue, such as a tumor or a stroke lesion, for preclinical small animal
models.

1. Introduction

Over the last decade, diffuse optical tomography (DOT)
has become an emerging medical imaging modality [1, 2],
which permits near infrared (NIR) light (650–900 nm) to
penetrate deep tissues in several centimeters noninvasively.
This technique has been investigated for several clinical
applications, particularly for monitoring of functional brain
activities [3–5] and detection of breast cancer [6, 7]. The
fundamental principle of DOT is that the detected NIR
signals reflect optical properties of the underlying biological
tissues [8, 9] and that the spatial distribution of such
measured optical properties can be used to reconstruct
optical tomographic images.

In the meantime, small animal models have been often
utilized in preclinical research in order to investigate a variety
of human diseases. Commonly used modalities to image
small animals include magnetic resonance imaging (MRI)
[10], computed tomography (CT) [11], positron emission
tomography (PET) [12], and single photon emission com-
puted tomography (SPECT) [13]. As compared to MRI
and CT, DOT is able to provide functional sensitivity; as
compared to CT, PET, and SPECT, DOT is radiation-free.
More recently, DOT has become an imaging methodology

in preclinical studies for certain diseases, such as stroke [14]
and cancer [15].

To date, fiber-based and charge-coupled device- (CCD-)
camera-based DOT techniques are well developed and widely
performed in both human and animal studies. A fiber-
based DOT system has several advantages, namely, being
compatible with different geometry and shape of a measured
organ and having low noise because of direct contact of
fibers on the tissue surface. However, a limited surface
space on small animals is often a constraint to place many
fiber optodes and thus restricts the spatial resolution of
reconstructed images. A CCD-camera-based DOT system
eliminates such a problem since the CCD camera can serve as
a detector array with possible thousands of virtual detectors
and cover a wide field of view (FOV). Moreover, such a
DOT system is simpler and more portable with lower cost,
as compared to a fiber-based DOT system.

While DOT is a promising tool to image diseases nonin-
vasively, one major limitation exists due to scattering nature
of photons traveling in tissue. Namely, strong light scattering
of biological tissue causes the detection sensitivity of DOT
to attenuate exponentially with increased depth, resulting in
poor depth localization in DOT. A variety of efforts have been
made by different research groups to improve the accuracy
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in depth localization. A layer-based sigmoid adjustment
(LSA) method was introduced to balance the sensitivity
contrast in depth by directly adjusting the forward sensitivity
matrix [16]. Spatially variant regularization (SVR) [17] was
also introduced to compensate the decrease in measurement
sensitivity with increase of depth by modifying the penalty
term of regularization along depth. SVR has been utilized in
the frequency-domain and CW-based DOT techniques for
imaging human breast cancer and brain functions. Recently,
we have developed a depth compensation algorithm (DCA)
to significantly improve the accuracy of DOT in depth
localization, as demonstrated by both laboratory phantom
and human brain measurements [18, 19], using fiber-based
DOT systems.

In this study, we wish to demonstrate the feasibility
and improvement of three-dimensional (3D) volumetric
DOT for small animal imaging by using CCD-camera-based
DOT in combination with DCA. Our results are based on
computer simulations and laboratory phantom experiments,
confirming that the combination of a CCD camera and DCA
is an effective approach for 3D volumetric images to be
utilized in preclinical research.

2. Materials and Methodology

2.1. Implementation of a CCD-Camera-Based DOT System.
We implemented a CCD-camera-based, NIR spectroscopic
imaging system, which consisted of a broadband light source,
a multiplexer, a 6-filter wheel, and a high-speed CCD camera
(Figure 1(a)) with a pixel matrix of 496× 656. Such a system
allowed us to acquire the transmitted/reflected NIR signals
from living tissues at specific wavelengths so as to obtain
hemodynamic signals within a time scale of a hundred
milliseconds. We performed CCD-camera calibration by
utilizing laboratory tissue phantoms (Figure 1(b)) in order
to (a) calibrate the CCD camera for its nonuniformity and
to (b) examine the stability and linearity of the calibrated
camera.

2.2. Correction of the CCD-Camera-Based DOT System.
Numbers of factors affect the results of a CCD image. These
factors include (1) small electric signals seen by the camera
without any optical input, or dark current, (2) pixel-to-
pixel sensitivity variations, and (3) nonuniform illumination
of the CCD chip due to vignetting and dust. Flat field
correction is a common technique [20] that can be used
to obtain improved quality of CCD images. The flat field
technique removes the effects due to dark current, pixel-
to-pixel sensitivity variations, uneven illumination, and
nonuniformity caused by vignetting and dust.

During the process of correction, we collected two types
of images besides taking raw object images: (1) dark images
without any optical input and (2) reference images with
planer illumination. The dark images were needed to correct
the electric current that flows through each pixel of the CCD
array without any optical input. The planer-illuminated
reference images were obtained by uniformly illuminating a
highly reflecting reference plate, which has a reflectivity of

98% and a dimension of 200 × 200 mm2. To approximately
achieve a planer illumination, we used a white light lamp
and placed it 1.5 meters away from the measurement site,
with a good amount of light intensity, without saturating the
camera.

The procedures used to perform flat field correction in
this study are listed below: first, take a dark image by blocking
the camera’s entrance completely, followed by taking object
images with a point-source illumination from one side of the
object (see Figure 1(b)). The integration times were kept the
same for both situations. Second, take a reference image with
a planer illumination followed by the corresponding dark
image, also using the same integration time for both. Then,
corrected object images can be obtained with the following
equation:

I = K
O −DO

R−DR
, (1)

where I represents the corrected image, R is the reference
image from the reference plate, O is the raw object image, DO

and DR represent dark images taken with the corresponding
integration times for the object and reference plate, respec-
tively, and K is a constant and usually is equal to the intensity
averaged over the area of reference image. To demonstrate
the necessity of correcting a raw image, Figure 2 shows the
cross-section profiles along X axis and Y axis of a CCD
image before and after flat field correction. It is noticed that
the center of FOV detects much higher light intensity than
the edges before correction. After the correction, it is clearly
shown that the uniformity on the edges is much improved
while the correction is not perfect.

For quantitative comparison, we calculated maximal
relative deviations between the central intensity and the
intensity at the edge of the images for both the raw and
corrected images, using the following expression:

relative deviation = central intensity
intensity at the edge

, (2)

The estimated maximal values of relative deviations were
40% and 10% for the raw image and corrected image,
respectively. In most of the image regions, such deviations
in the corrected images were less than 10%.

2.3. Stability and Linearity of the CCD Camera System. To
check the stability of the CCD camera system, repeated
measurements were taken at different times. We utilized
a 1% Intralipid solution (Baxter Healthcare Corporation,
Deerfield, IL) as a testing medium and took optical readings
as the baseline images (IB) at time “0”, followed by other
images (IM) taken 1 minute, 5 minutes, 10 minutes, 30
minutes, 1 hour, and 1 day after the baseline measurement
using the same experimental conditions (i.e., the same
integration time). Each of the images was calibrated or
corrected with the flat field correction and averaged over all
the pixels per image to obtain an averaged light intensity for
each respective image. Then, a ratio between the averaged
intensity from each set of IM and the averaged intensity
from IB (the baseline image) was obtained for all cases,
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Figure 1: (a) Schematic diagram of a CCD-camera-based DOT system for laboratory measurement; (b) a tissue phantom which was sitting
on the phantom supporter with the illumination light coming from the bottom.
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Figure 2: The cross-section profile of intensity from the raw and corrected image along (a) X axis and (b) Y axis.

as shown in Figure 3(a). It is very clear that the image
intensities taken at different time intervals are fluctuated less
than 1% of that of the baseline image, confirming good
stability of the CCD camera system. Similar experiments
were repeated using a 1.5% Intralipid solution to increase
the light scattering property of the testing medium. The
results are very consistent with the results from 1% Intralipid
solution, demonstrating that a CCD camera has high stability
with a fluctuation of intensity less than 1%.

In addition, we checked whether the intensity of light
source could affect the results. We took numerous images
using the same Intralipid concentration, but with different
intensities of the light source. The averaged intensity of
an image taken at light source level 5 was selected as the
baseline, IB; the ratios between the averaged intensities from
other images, IM , with different light source levels to the
chosen baseline, IM/IB, are shown in Figure 3(b). This set

of tests confirms that the level of the light source does not
significantly affect the relative changes of our CCD camera
output. Namely, the camera provides stable output images,
independent of variable light levels.

Furthermore, to test the linearity of the CCD camera
system, we performed two experiments: (1) one was to
determine the image intensity changes versus absorption
changes within the testing medium, and (2) the other one
was to obtain the relationship between the image intensity
measured versus changes in light scattering property within
the testing medium. The tissue-mimic Intralipid solution
was held in an acrylic box, which had a dimension of 10 cm×
5 cm × 3 cm (length × width × height). The acrylic box
was wrapped by black tape except the top side of the box to
prevent light from passing through the box wall.

For absorption changes, the experiments were performed
using 1% Intralipid solutions with addition of 10 μL, 20 μL,
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Figure 3: Ratio of the intensities (IM/IB) for a 1% Intralipid solution (a) at different times of measurement and (b) with different light
intensities. The relationships between log(I0/I) and (c) the volume of ink added into the testing solution for a 1% Intralipid solution, and
(d) the concentration of Intralipid. Dashed line in (d) shows the linear relationship within Intralipid concentrations between 1% and 2.5%.

30 μL, 40 μL, and 50 μL of diluted ink. The CCD camera
readings were taken throughout these Intralipid solutions,
using the same integration time. We further plotted values of
log(I0/I) versus the volume of the ink added in the solution,
where I0 and I represented the averaged image intensities
taken from the Intralipid solutions without ink and with
different concentrations of ink. As seen in Figure 3(c), the
data can be fitted well by a linear line. A similar behavior
was seen for the 1.5% Intralipid case, confirming that a CCD
camera has high-quality performance in its linearity with
respect to light absorption.

For light scattering changes, the experiments were taken
from multiple Intralipid solutions with concentrations of
0.5%, 1%, 1.5%, 2%, 2.5%, and 3% (using the same
integration time). A plot of log(I0/I) versus concentration of
Intralipid is given in Figure 3(d), where I0 and I represent the
averaged image intensities taken from the Intralipid solutions
at 0.5% and other concentrations. A good linear relationship
is seen when Intralipid concentrations are between 1% and
2.5% (shown by the dashed line in Figure 3(d)). While
changes of image intensity due to light scattering may non-
linearly depend on the Intralipid concentration [21], such

non-linearity is relatively small and can be nonsignificant
within the scattering property range for biological tissues
[22, 23]. Thus, the optical density measured from the
CCD camera is linearly proportional to the light scattering
changes, at the first-order approximation.

2.4. Optode Geometry for CCD-Camera-Based DOT. Instru-
ment noise may appear during the measurements with a
CCD camera that serves as multiple detectors; dark noise and
nonuniformity of CCD chip sensitivity are two noise sources.
Another problem often encountered is associated with the
limited dynamic range of a CCD camera: when an individual
pixel of the CCD array reaches its maximal intensity, the
individual pixel well is occupied by electrons which can also
overflow into the neighboring pixel wells. Such an overspill
of electrons thereby distorts the actual signals not only at the
saturated pixel but also at several adjacent pixels. In order
to minimize the problem of signal saturations, the source
fibers in this study were arranged around the FOV of the
CCD camera, as shown in Figure 4. Such geometry can also
be utilized while keeping the source fibers within the FOV.
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Figure 4: Optode geometry for CCD-camera-based DOT system.
The dimension of FOV was m × n in mm2. X represents possible
locations of source fibers.

As shown in Figure 4, the dimension of FOV of the CCD
camera was m × nmm2. Instead of using physical detectors,
virtual detectors were used in this noncontact CCD camera
imaging system. Virtual detectors refer to groups of CCD
pixels combined within FOV of the CCD camera. The signal-
to-noise ratio (SNR) at selected locations can be enhanced
by averaging the signals of all pixels selected. For example, if
we selected 10 × 10 pixels to be binned as a virtual detector,
the entire FOV would have a total number of ∼ 50 × 66
virtual detectors for the DOT measurements. This implies
that a CCD-camera-based DOT system may serve as a high-
density imaging device with an easy-to-change detector array
by grouping the pixels in different ways as detectors.

2.5. Theory of Image Reconstruction

2.5.1. Conventional Image Reconstruction in DOT. The pho-
ton propagation in a highly scattering medium follows the
diffusion equation, and the analytic solution of the diffusion
equation can be utilized to study optical signal changes due
to absorption perturbation, as given by

ΔOD = − log
(
Φpert

Φ0

)

= − 1
2.3

ln
(
Φpert

Φ0

)

= 1
2.3

∫

Δμa(r)L(r)dr,
(3)

where ΔOD is the change in optical density. Φ0 is the
photon fluence in a semi-infinite, homogeneous medium,
and Φpert is the photon fluence with absorbers embedded.
L is the effective pathlength of light through the tissue
experiencing the absorption change. While (3) is known
as the modified Beer-Lambert law, it can be generalized in
a matrix form and written as y = Ax, where matrix y
represents measured changes in optical density from all the
measurements, matrix x corresponds to a volumetric vector
of the unknown perturbation in absorption coefficient in the
volume under study, and matrix A describes the sensitivity of
measurements to the change in absorption within each voxel
in the medium.

However, solving y = Ax is nontrivial, involving an
underdetermined, ill-posed inverse problem because the
number of measurements is much fewer than the number of

unknowns (i.e., voxels) to be reconstructed. In the current
research field, to reconstruct a DOT image, the Tikhonov
regularization [24] method has been employed; an image of
x can be given by

x̂ = AT
(
AAT + αSmaxI

)−1
y, (4)

where x̂ is the reconstructed image of absorption perturba-
tion; I is the identity matrix; Smax is the maximal singular
value of matrix AAT , and α is the regularization parameter.

2.5.2. Depth Compensation Algorithm. Because of the severe
attenuation in light intensity as increase of propagation
depth, the measurement sensitivity of DOT in deep tissue is
significantly lower than that in superficial tissue. In order to
overcome this problem, a new approach of DCA has been
recently developed by introducing a weighted matrix M,
which has a pseudo-exponential magnitude with depth to
counterbalance the loss of sensitivity of A in deep layers. The
weighted matrix M is formed as

M = diag (M(AL),M(AL−1), . . . ,M(A2),M(A1))γ, (5)

where M(Ai) represents the maximum singular values for
measurement sensitivities within the particular layer i which
is decomposed from forward matrix A; γ is an adjustable
power and can be varied between 0 and 3. The detailed
derivation and validation of DCA can be found in references
[18, 19]. The key component in DCA is the formation of a
transformation matrix A#, as defined by A# = AM. Then A#

is used to replace the original sensitivity matrix, A, in (4).
The reconstructed image to be obtained using DCA can be
written as follows:

x̂DCA = (AM)T
(
AM(AM)T + αS′maxI

)−1
y, (6)

where S′max is the maximum eigenvalue of AM(AM)T . Notice
that x̂DCA in (6) is not equal to x̂ in (4) since matrix
M is empirically introduced. It is known now that (6)
yields minimum error in depth localization for reconstructed
NIRS images, while the trade-off of DCA is an inaccurate
quantification for absorption perturbation.

As demonstrated in our recent publications [18, 19], the
power of depth compensation is controlled by the exponent
parameter of γ in M. The larger the γ value is, the larger the
weight is to compensate the measurement sensitivity toward
a deeper layer, and vice versa. An inappropriate selection of
γ could lead to overcompensation and give rise to inaccurate
results. Our previous studies have suggested an optimal range
of γ to be 1.0–1.6 for accurate depth localization using a
fiber-based DOT system. In this study, we need to select and
confirm a suitable range of γ for a CCD-camera-based DOT
system.
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Figure 6: Schematic diagram of setups used in simulation study. (a) Setup I: the inclusion was located right below the center of measurement
plane. (b) Setup II: the inclusion was located close to the right side corner of the measurement volume.

3. Results

3.1. Computer Simulations. To evaluate reconstruction per-
formances using the source-camera geometry given in
Section 2.4 (also replotted in Figure 5(a) and denoted as G-
I), we performed computer simulations and compared the
results with those that were derived using the source-detector
geometries commonly seen in the fiber-based DOT system
(shown in Figures 5(b) and 5(c)). Several sets of simulations
were carried out under the conditions of (1) using different
numbers of sources and virtual detectors, (2) without and (3)
with utilization of DCA.

As shown in Figure 5(a), sixteen sources were used in G-
I. In terms of the number of virtual detectors, we defined the
dimension of FOV to be 13 × 11 mm2 and the dimension
of each virtual detector to be 1 mm2. Therefore, there were

a total of 13 × 11 = 143 virtual detectors used in the
simulations. The geometry shown in Figure 5(b) (G-II) is
commonly used optode geometry with sources and detectors
being alternately placed. The geometry given in Figure 5(c)
(G-III) exhibits the optode setup with bifurcated fibers, that
is, each fiber can serve as a source and detector.

The reconstruction performances were evaluated by two
parameters: (1) the position error (PE) and (2) contrast-to-
noise ratio (CNR) [25]. PE is the distance from the center
of actual object to the center of the reconstructed object.
The reconstructed object was defined by the pixels with
values above half of the maximum value. CNR indicates
whether the reconstructed object can be clearly distinguished
from the background. A reconstructed image was divided
into two regions: volume of interest (VOI) and volume of
background (VOB). VOI was defined by the location and
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size of the reconstructed object. VOB was defined by the
remaining volume of the image. CNR can be calculated by

CNR = μVOI − μVOB
[
wVOIσ

2
VOI + wVOBσ

2
VOB

]1/2 , (7)

where wVOI and wVOB are the weight factors of the VOI and
VOB relative to the entire volume (i.e., VOI or VOB divided
by the entire volume), μVOI and μVOB are the mean values of
object and background volumes in a 3D reconstructed image,
and σVOI and σVOB are the respective standard deviations.

3.1.1. Image Reconstruction of Embedded Objects. In the sim
ulation, we considered a homogeneous semi-infinite medi-
um with a volume of 40×40×30 mm3 (Figure 6). The origin

of the coordinates was set at the center of top surface, as
marked in the figure; this surface was also chosen to be the
measurement surface in the simulation. As commonly used,
a set of absorption and reduced scattering coefficients of
μa = 0.1 cm−1 and μ′s = 10 cm−1 were selected to simulate
the background tissue.

Two different setups were utilized to evaluate the
performances of optode geometries: Setup 1 is shown
in Figure 6(a), where a spherical absorber with an 8 mm
diameter was placed at (X , Y , Z) = (0, 0, −20) (in mm),
with a 3 : 1 contrast ratio in μa relative to the background
μa. By looking at the optode geometry of the CCD-camera-
based DOT imaging system, it is noticed that there are
fewer overlapping measurements near four corners of FOV
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Figure 9: Three dimensional plots of reconstructed images for (a) one inclusion with DCA (γ = 1.6) and without DCA (i.e., γ = 0), and
(b) two inclusions with DCA (γ = 1.6) and without DCA (γ = 0). Voxels with the reconstructed absorption values above 80% of the
maximum value are selected as reconstructed objects.

of the camera, as compared to the center of FOV. This
is because more overlapping measurements occur near the
center of FOV when we pair most of the virtual detectors
with given light sources in the current source-camera setup.
It has also shown that a higher measurement density does not
necessarily improve the spatial resolution significantly [26].
Thus, to evaluate and compare the effect of the number of
overlapping measurements at the four corners, in Setup 2,
one spherical absorber was placed near the right corner of
the medium with respect to Setup 1, as shown in Figure 6(b).
A random Gaussian noise of 1% in amplitude was added to
the simulated measurement data. DCA was employed with a
compensation power of γ = 1.3.

The reconstructed images in the X-Z plane from both
setups are shown in Figure 7: Figures 7(a) and 7(b) are
obtained from Setup 1 with the absorber placed at the center
of measurement plane, while Figures 7(c) and 7(d) result
from Setup 2. Also, the three rows from top to bottom in the
figure correspond to the fiber-camera or fiber-fiber geometry
of G-I to G-III, respectively. Figures 7(b) and 7(d) clearly
show that the reconstructed images for all geometries are
pulled towards the superficial surface along Z direction when
DCA is not used or γ = 0. After DCA was employed with
γ = 1.3, the reconstructed object was reconstructed at the
expected depth (Figures 7(a) and 7(c)). By comparing the
reconstructed images using the three geometries of G-I to
G-III, we can see that the overall qualities of DOT images
are all similar. However, in Figure 7(c), it is noticed that the
DOT images with G-II and G-III exhibit a relatively better
shape for the reconstructed objects, while G-I leads to a little
distorted profile (tilted to the center) when the absorber was
close to the edge of the imaging medium.

To further quantify the comparison among the three
geometries, we have calculated respective values of CNR and
PE from each geometry (Figure 5) and for two simulation

setups (Figure 6), and the corresponding values are listed
in Table 1. It is clearly seen that there are significant
improvements of PE values with DCA, as we expected, for
both setups, while the overall PE values in Setup 1 are better
than those in Setup 2. Next, we focus on only the data with
DCA: by close inspection on G-I to G-III for Setup 1, we
observe that CNR values from all three optode geometries are
not greatly different although G-III has a little higher CNR.
A similar trend can be seen for Setup 2. Regarding PE values
obtained only with DCA, no noticeable difference appears for
all three geometries (less than 1 mm) in either of the setups.

Overall, the computer simulation results confirm that the
geometry of G-I, which can be utilized as a CCD-camera-
based DOT system, is able to deliver excellent DOT images
at the same quality level as the other two fiber-based DOT
systems do. Given the simplicity, low cost, and portability of
such a system, it may be preferred in preclinical, small animal
studies.

3.1.2. Optimization of the Number of Sources. It is common
that the space available in preclinical studies around animals
is restricted or limited to allow for many optodes. Thus,
we next further investigate a possible optimal number
of optodes that can still permit a reasonably good DOT
image. In geometry G-I, only source fibers need to be
arranged around FOV of the CCD camera. Therefore, several
computer simulations were performed based on both setups
(Figure 6) used in Section 3.1.1 in order to optimize the
numbers of sources and virtual detectors. Specifically, the
light sources were placed symmetrically around the origin to
prevent the distortion of reconstructed images.

Figure 8 shows several cross-section profiles of the recon-
structed Δμa values along x-axis with different numbers of
sources while the absorber was placed at center (Figure 8(a))
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Table 1: Summary of the CNR and PE values for three geometries.

Setup 1 (absorber at center) Setup 2 (absorber on side)

G-I G-II G-III G-I G-II G-III

W W/O W W/O W W/O W W/O W W/O W W/O

CNR 5.66 4.39 5.65 4.12 5.73 4.58 5.45 5.46 5.61 5.62 6.47 4.72

PE(cm) 0.20 0.82 0.20 0.75 0.20 0.72 0.36 0.81 0.35 0.79 0.35 0.78
∗W : with DCA; W/O: without DCA.

Table 2: Summary of the CNR, PE, and CPU time for different numbers of sources.

Setup I (absorber at center) Setup II (absorber on side)

Numbers of source 4 8 12 16 4 8 12 16

CNR 4.27 5.66 5.67 5.83 1.24 4.42 4.51 4.58

PE (cm) 0.41 0.20 0.20 0.20 0.88 0.35 0.32 0.32

CPU time (sec) 27.1 102.1 209.4 289.2 27.1 102.1 209.4 289.2

and close to the edge of medium (Figure 8(b)). It is clear
from this figure that an increase in number of the sources
can lead to an enhanced reconstructed contrast, and thus
resulting in a clearer DOT image. However, no substantial
difference is observed in absorption contrast while the
number of sources is increased from 8 to 12 and further to
16 in both cases.

More quantitatively, we have calculated CNR and PE
values for all four cases with the number of sources of n = 4,
8, 12, and 16. The respective values are given in Table 2. It
shows unambiguously that no difference in PE and CNR
appears when n has changed from 8 to 16. However, the
computational time for n = 16 is ∼2.5 times longer than
that for n = 8. Hence, for practical use, we would suggest
to utilize eight sources instead of twelve or more, which offer
the same quality of DOT images but have less complexity of
a DOT system.

3.2. Phantom Experiments and Results. Besides the compu-
tational investigation given above, we have also performed
laboratory phantom studies to confirm what we found. A
1% Intralipid solution was used to generate the liquid tissue
phantom (Figure 1(b)) with background optical properties
of μa = 0.1 cm−1 and μ′s = 10 cm−1. A spherical gelatin
inclusion of 8 mm in diameter was embedded 20 mm below
the liquid surface, with a 2.5 : 1 contrast ratio in absorption
between the inclusion and background. A broad-band white
light source (Illumination Technologies, Inc. Model 3900,
quartz-tungsten halogen lamp) was used, and a 12-bit CCD
camera (SamBa Q34 with Navitar Zoom 7000 lens) was
employed as the detector. The FOV of the camera was
13× 11 mm2, the same dimension as used in the simulations.
The total FOV was divided into 143 (13 × 11) virtual
detectors, meaning that each virtual detector had 38 × 38
pixels. In this study, 8 light sources were connected to
and controlled by a multiplexer (Avantes Inc. Multiplex
Channels 1× 16), as shown in Figure 1(a). A total of 8× 143
source-detector (virtual) pairs were pooled to perform DOT
image reconstructions with utilization of DCA. The total
volumetric imaging space was 40× 40× 30 mm3. Moreover,

another similar experiment was repeated with two identical
inclusions embedded at 20 mm depth.

3D reconstructed images are shown in Figures 9(a)
and 9(b) for the phantom experiments described above.
To obtain 3D plots, we have selected the reconstructed
absorption values at 80% of its maximum as a volume
threshold in order to form the imaged object. From both
Figures 9(a) and 9(b), it is clear that the embedded objects
can be successfully reconstructed at a relatively accurate
depth when DCA is applied. However, because of the diffuse
nature of light in tissues, the volume ratio between the
reconstructed and real object is around 2 : 1, which also
depends on the threshold value selected and the depth of the
embedded inclusion.

4. Conclusion

In this study, we present the feasibility of using a CCD-
camera-based system combined with our newly developed
DCA to form volumetric diffuse optical tomography. We
performed both computer simulations and laboratory phan-
tom experiments to confirm our findings. Although only a
12-bit CCD camera was utilized in our experiment setup,
the optical signals from 20 mm depth could still be detected
by grouping several pixels from the CCD-camera readings
as virtual detectors. Overall, we are confident to state that
because of its simplicity, low cost, and portability of such
a system, a CCD-camera-based DOT may become a highly
appropriated imaging tool to be applied in preclinical, small
animal studies. For example, this approach may present a
great promise for 3D localization of an embedded anomaly
tissue, such as a tumor embedded in a small animal.

For future work, in vivo animal measurements are
planned for both brain imaging and tumor detection to
further validate volumetric imaging by combining a CCD-
camera-based DOT system with DCA. In addition, opti-
mization of the source-detector geometry will be further
investigated since different combinations of source-detector
arrangement may result in different qualities of recon-
structed images.
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A Monte Carlo simulation was used to study imaging and dosimetric characteristics of a novel design of megavoltage (MV) X-ray
detectors for radiotherapy applications. The new design uses Cerenkov effect to convert X-ray energy absorbed in optical fibres
into light for MV X-ray imaging. The proposed detector consists of a matrix of optical fibres aligned with the incident X rays
and coupled to an active matrix flat-panel imager (AMFPI) for image readout. Properties, such as modulation transfer function,
detection quantum efficiency (DQE), and energy response of the detector, were investigated. It has been shown that the proposed
detector can have a zero-frequency DQE more than an order of magnitude higher than that of current electronic portal imaging
device (EPID) systems and yet a spatial resolution comparable to that of video-based EPIDs. The proposed detector is also less
sensitive to scattered X rays from patients than current EPIDs.

1. Introduction

Radiation therapy is widely used today to treat patients
with tumors [1]. Megavoltage (MV) X-ray beams generated
from a linear accelerator are commonly used to deliver the
prescribed radiation dose to the tumor while minimizing the
dose to the surrounding healthy tissues. The geometric accu-
racy of such treatment is crucial for its success. Currently,
there are a number of ways to verify the positional accuracy
of the treated target. One of them is to use MV cone beam
CT (MV-CBCT) to locate the position of the target in the
treatment room prior to the start of the treatment [2, 3]. MV-
CBCT uses an electronic portal imaging device (EPID) [4]
attached to the LINAC to acquire CT data by rotating the MV
X-ray source (emitting a cone beam) and the EPID around
the patient. One of the main challenges with this approach is
that the imaging dose currently required to achieve sufficient
soft tissue contrast to visualize and delineate a soft tissue
target; for example, the prostate is prohibitively large for daily

verification. This is due to the poor X-ray absorption, that
is, low quantum efficiency (QE) of the EPID used. For most
EPIDs developed so far, the QE is typically on the order
of 2–4% at 6 MV as compared to the theoretical limit of
100% [5]. This is because the total combined thickness of
the energy conversion layer and the metal buildup in most
EPIDs is only ∼2 mm. In contrast, the first half value layer
(HVL) for 6 MV X-ray beams is ∼13 mm of lead. Thus, a
significant increase of QE is required in order to reduce the
dose currently required to visualize and delineate the prostate
using MV-CBCT.

Efforts were made previously to build high QE area detec-
tors for MV X-ray imaging in radiotherapy, including (1) the
use of a thick CsI(Tl) scintillator to replace the thin phosphor
screen in a mirror video-based system [6], (2) the use of
solid converters and a gas electron multiplier to detect MV
X rays [7], (3) the use of brass tubes filled with gas to detect
MV X rays [8], (4) the use of scintillating crystal matrix to
replace the phosphor screen in an indirect flat panel [9–11],
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and (5) the use of a large number of microstructured plates
(with W converters, microsize cavities filled with Xe, and
microstrip electrodes) packed together to achieve a QE of up
to ∼60% [12]. However, all of these detectors are made of
high atomic number (high-Z) materials, which results in a
severe overresponse of the EPIDs to low-energy scattered X
rays [13, 14].

Recently, this research group introduced a new design
of a high QE area detector made of low-Z materials for
MV X-ray imaging in radiation therapy [15]. It is based on
Cerenkov radiation [16]. Cerenkov radiation (or Cerenkov
light) is an electromagnetic “shock-wave” of light produced
by a charged particle passing through a dielectric medium
with a velocity greater than the speed of light in the
medium. Figure 1 shows a cross-section of our proposed
system (subsequently referred to as Cerenkov portal imaging
detector or CPID). It consists of a large area and thick
(thickness d∼10–30 cm) fibre-optical taper (FOT) directly
coupled to an optically sensitive 2D active matrix flat
panel imager (AMFPI). The active matrix is made optically
sensitive either with an a-Si PIN photodiode at every pixel or
a continuous layer of amorphous selenium (a-Se) [17]. We
note that AMFPI using a-Si PIN photodiodes has been used
in current low-QE EPIDs for many years, and no significant
image artifact due to the nonuniform structure of AMFPI
has been found in clinical images [4]. It has also been shown
that AMFPI is highly resistant to radiation [18]. The FOT
is a matrix of optical fibres, each of which has a diameter of
several hundred micrometers and is aligned with the incident
X rays (i.e., focused towards the X-ray source) to avoid blur
due to oblique incidence of off-axis X rays (Figure 1(a)).
This focusing towards the X-ray source can be achieved by
an extra coating at the bottom of the otherwise uniform
fibres. When MV X rays interact with the FOT, energetic
electrons will be produced. Those electrons with energy
greater than the threshold energy εC required for Cerenkov
radiation in the fibre material will produce Cerenkov light
along their tracks. The light photons produced in a fibre
core and emitted within the acceptance angle of the fibre will
be guided towards the optical detector, that is, the optically
sensitive AMFPI, by total internal reflection. The a-Se layer
(or a-Si PIN photodiodes) in the optical detector can in
principle be operated in the avalanche mode [19] if necessary
to amplify the signal in order to overcome the electronic
noise in the active matrix readout.

In this paper, we investigate the feasibility of the new
design (i.e., CPID) using Monte Carlo simulation. We
have simulated properties of the CPID, such as detection
efficiency, modulation transfer function, and energy depen-
dence. The results of our study, presented in this paper, merit
the use of optical fibres for MV X-ray imaging applications
in radiation therapy.

2. Methods and Materials

2.1. Processes and Cuts Considered in the Monte Carlo Simula-
tion Program. The simulation program, developed to study
the imaging and dosimetric characteristics of the proposed

X-ray source

Absorber

Silica core

SS
D

d

Cerenkov lightx

z

(a)

Pixel pitch

Active matrix flat-panel imager (AMFPI)

(b)

Figure 1: Schematic illustration of the proposed CPID. (a) a small
cross section of the detector and (b) a 3D view of a small portion
of the detector. The detector contains 931× 931 pixels in the actual
simulation.

CPID under irradiation of MV X rays, is based on the
Geant4 toolkit (version 9.3 patch-01). The Geant4 toolkit
contains physics models covering the interactions of most
particle types over a wide energy range (down to 1 keV
and below) [20]. Unlike most general-purpose Monte Carlo
codes, describing propagation of radiation in matter, it also
includes models describing the transport and boundary
processes for optical photons. In Geant4 framework, optical
photons can be produced by scintillation, Cerenkov effect, or
wavelength shifting [20]. For the detector considered in this
work, the optical photons are generated by Cerenkov effect
only.

The list of particles considered in simulation consists
of photons, electrons, positrons, and optical photons. The
list of physics processes controlling the particle interactions
in the simulation, that is, photoelectric effect, Compton
scattering, e+e−-pair production, Rayleigh scattering, mul-
tiple scattering, ionization, bremsstrahlung, annihilation,
is largely based on the standard EM (electromagnetic)
physics list supplied with Geant4 distribution (class name
G4EmStandardPhysics option3). The EM list was extended to
include generation of optical photons via Cerenkov effect.
The simulation accounts for optical photon interactions such
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as bulk absorption, optical Rayleigh scattering, and optical
boundary processes, that is, reflection and refraction [20].

Other modifications to the default parameters of the
predefined physics list include the increased number of bins
in stopping power (S(E) = −dE/dx) and inverse interaction
length (λ(E)) tables from its default value of 220 to 480 bins.
The Geant4 applications have a built in, user controllable,
production thresholds for secondary particles. These were set
to 4.5 mm and 0.16 mm for photons, positrons and electrons,
respectively.

2.2. Detector Configuration as Modeled in Simulation. A
schematic illustration of the proposed detector is given in
Figure 1. The active components are fused silica fibres
focused towards the X-ray source to avoid blurring due to
oblique incidence of off-axis X rays.

The gap between fibres is filled with an opaque material
(e.g., water-equivalent black resin) to absorb light that is
not guided by the fibres but instead escapes from the side
of the fibres. This optically opaque medium, which will
subsequently be referred to as the absorber, also acts as
an energy converter for X rays that would otherwise pass
between the fibres without interaction. Furthermore, the
absorber reduces the effective range of the electrons (and
positrons) generated in the detector, and thus, improves the
spatial resolution as well.

The fused silica fibres used in the simulation are cylindri-
cal, each with a fibre core diameter of 0.4 mm and a cladding
layer thickness of 0.015 mm, resulting in an outer diameter
of 0.43 mm for the whole fibre. The gap between adjacent
fibres at the top surface of the detector is 0.005 mm, leading
to a pixel pitch of 0.435 × 0.435 mm2 (see Figure 1(b)).
The matrix of fused silica fibres contains a total of 931 ×
931 elements. The whole detector has a shape of truncated
pyramid with optical fibres embedded in the absorber. The
total area for the top surface of the detector facing the X-
ray source is 40.455× 40.455 cm2 and the source-to-detector
surface distance (SSD) is 157 cm (see Figure 1). The length
of the fused silica fibres or the thickness d of the detector
is a variable parameter that primarily influences the QE of
the detector. Detector thicknesses of up to 30 cm have been
simulated.

2.3. Detector Materials Considered in the Simulation. The
clear optical fibres for X-ray detection via Cerenkov effect
are modeled having a fused silica core (density of 2.201 g
cm−3 and refractive index of ncore ≈ 1.46). The amount of
the light captured and transmitted in fibres depends on the

numerical aperture (NA) of the fibre: NA =
√
n2

core − n2
cladding.

The numerical aperture of the fibre depends on the
cladding material and can range from ∼0.22 to 0.66 (e.g.,
see technical specifications for fused silica core fibres by
Polymicro Technologies LLC). In our simulations, we used
NA = 0.48 (a value characteristic of FSHA fibres by
Polymicro Technologies LLC). Fused silica and Teflon have
been considered for cladding material in the simulation
(as the information on the proprietary polymer cladding
for FSHA fibre is unavailable). For fused silica core fibres,

the characteristic absorption length over which a signal is
attenuated to 1/e of its original value is ∼20–100 m (for
365–800 nm wavelengths). Hence, the absorption of optical
photons in fibre cores is a small effect for physical lengths of
up to ∼30 cm. Nevertheless, it was taken into account in the
simulation.

The absorber medium between the fibres is assumed to
be 100% opaque. The X-ray interaction properties of the
water-equivalent black resin are assumed to be the same as
that of water in the simulation.

The CPID is simulated as positioned in the center of a
10× 10× 10 m3 volume of air. The primary X rays originate
and travel in an air-full environment before reaching the
detector.

If not specified, the definitions of all the materials used in
the simulation, single element or compound, are taken from
the Geant4/NIST materials database.

2.4. Physics Processes in Detector during Irradiation. When
MV X rays are incident on the CPID, they interact with the
optical fibres and the absorber medium in the detector pri-
marily via Compton effect and e+e−-pair production, yield-
ing energetic charged particles (electrons and positrons).
From these charged particles, those with sufficient kinetic
energy will trigger production of Cerenkov light while
traveling in fused silica fibre cores [16]. The light photons,
which are produced in a fibre core and emitted within the
acceptance angle of the fibre are guided towards the AMFPI
by total internal reflection. The light signal that reaches the
AMFPI is then converted to an electronic signal and read out
by the AMFPI.

Cerenkov Effect. The threshold kinetic energy of a charged
particle, above which Cerenkov radiation will be generated,
can be expressed in terms of refractive index n of the dielec-
tric medium and the rest mass m0 of the charged particle:

εC = m0c
2
(

n√
n2 − 1

− 1
)

, (1)

where c is the speed of light in vacuum. In silica, electrons
or positrons with energy higher than ∼190 keV will generate
Cerenkov light. The simulation takes into account the
generation of Cerenkov radiation in the fused silica fibre
cores for wavelengths between 365–800 nm. Production of
Cerenkov radiation in other components of the detector is
negligible due to their opacity or smaller volumes.

2.5. Simulated Detector Quantities. The simulation tracks
individual histories of all particles: primary, secondary, as
well as optical photons, and the energy deposited in the core
of each fibre is summed for all tracks and tallied on event-by-
event basis. The number of Cerenkov photons created and
ones escaping the bottom end of each fibre core is scored on
event-by-event basis. Note that an event in the simulation is
defined as an instance of an individual X ray and all of its
secondaries being tracked through the whole detector.

To study the imaging and dosimetric characteristics
of the CPID for clinically relevant X-ray beams, X-ray
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Figure 2: X-ray spectra used in the simulation. The entrance spectrum was generated by a treatment planning system (Pinnacle3, Philips),
and the exit spectra of X rays were simulated by passing the incident beam (with the entrance spectrum) through a 30 cm thick water
phantom.

energy spectra (see Figure 2, entrance spectra) for clinical
machines generated by a treatment planning system (Pin-
nacle3, Philips) were used in the simulation in addition
to monoenergetic X-ray beams. For mono-energetic X-ray
beams, the energy was varied between 0.2 and 20 MeV.

2.5.1. Beam Energy Hardening and Scatter due to the Presence
of a Patient. During imaging a patient is positioned between
the X-ray source and the EPID. The presence of patient both
(1) alters the spectrum of primary X rays exiting the patient
and (2) results in generation of secondary particles (X rays,
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Figure 3: Schematic illustration of the geometry used when
simulating the primary and scatter components of exit beam due
to the presence of a “patient.”

electrons, and positrons) from the patient. To obtain the
energy spectra for primary and scattered components of exit
beam, the simulation configuration shown in Figure 3 was
used. The patient was modeled as a 30 cm thick water slab
(phantom) at the isocenter (SID = 100 cm), and the energies
and the angles of exit particles were recorded at the detector
plane (SSD = 157 cm). A pencil beam sampling the entrance
energy spectrum was used to simulate the primary (i.e.,
nonscattered) and scatter components of exit beam. In our
simulations, we investigated the CPID response in absence of
a patient (using the entrance spectra from Figure 2) as well
as the response in presence of a “patient” (using the energy
spectra for scattered and primary components of exit beam).

2.5.2. Spatial Resolution. The spatial resolution of the detec-
tor can be expressed by the modulation transfer function
(MTF) [21]. The one-dimensional MTF is the Fourier
transform of the line-spread function [5, 22], that is,

MTF
(
f
) =

∫∞

−∞
e−2iπx f LSF(x)dx, (2)

where the line spread function LSF(x) is defined as

LSF(x) =
∫∞

−∞
n
(
x, y

)
dy. (3)

Here n(x, y) is the point-spread function or the distribution
of optical photons that escape the fibres and reach the AMFPI
under the irradiation of an infinitely small-size pencil beam.
Note that spatial frequencies in this work are referenced to
the top surface of the CPID.

To overcome the sampling limitation as in any digital sys-
tem [12, 21, 23], we varied the location of the incident beam
with respect to the detector in the X direction (Figure 1)
with a step size of 53.75 μm and sampled over all uniformly

distributed locations within a detector pixel [23]. Prior to
applying the Fourier transformation to obtain the MTF, the
values of LSF between sampling locations were calculated by
linear interpolation. We have also calculated the MTF using
a finite-size (0.435× 0.435 mm2) pencil beam, and the result
was essentially identical to that using the infinitely small-size
pencil beam.

2.5.3. CPID Response. The total mean signal of the detector
per pixel under irradiation with X rays of a given energy Eγ
can be expressed as a product of the probability of an incident
X ray to be detected in CPID η(Eγ) (detection efficiency), the
mean number of the optical photons reaching the AMFPI per
detected X ray r(Eγ) and the incident fluence of X rays Φ(Eγ);
namely,

R
(
Eγ
)
= Adη

(
Eγ
)
r
(
Eγ
)
Φ
(
Eγ
)
. (4)

Here we assume X-ray fluence from an isotropic point source
is incident on the detector, and Φ(Eγ) represents the total
(primary and scattered) fluence reaching a pixel with areaAd.

Pixel-sized (i.e., 0.435 × 0.435 mm2) pencil beams nor-
mally incident at the center of the top surface of the detector
were used to simulate the CPID response. Taking advantage
of the geometry of the detector, the number of Cerenkov
photons reaching the AMFPI was integrated over all fibres
on an event-by-event basis to obtain the detector signal per
pixel.

Detection Efficiency. When MV X rays are incident on
the CPID, not all of them interact with the detector and
generate a signal in the detector. The detection efficiency
η(Eγ) is defined as the probability of an incident X ray to
produce at least one Cerenkov photon that is guided by
the fibre matrix and reaches the AMFPI, irrespective of the
position of interaction of the primary X ray in the detector.
Throughout this work we assume that the matrix of optical
fibres and AMFPI have 100% optical coupling efficiency, and
any optical photon incident on the AMFPI will generate
an electronic signal in the AMFPI. As such, the detection
efficiency quantifies the ability of the CPID to utilize the
incident X-ray fluence. We note here that the detection
efficiency is equal to or lower than the QE, which is defined
as the percentage of incident X rays interacting with the
detector. Thus, a high detection efficiency means a high QE.

Detector Sensitivity. The quantity r(Eγ), introduced in (4),
represents the efficiency with which the detected X rays are
converted into optical photons. The product of r(Eγ) and
η(Eγ) gives the mean number of optical photons reaching
the AMFPI per incident X-ray on the detector, that is, the
detector sensitivity. The dependence of detector sensitivity
on the energy of incident X rays describes the energy
response function of the detector.

Signal Scatter Fraction. The presence of a patient, in the
beam, results in generation of secondary scattered particles
that generally degrade image quality. The contribution to
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the total signal per detector pixel from secondary particles
is typically presented in form of signal scatter fraction [24]:

SFsignal = Rs

Rs + Rp
, (5)

where Rs and Rp are the mean signals per pixel due to
scattered and primary components of exit beam from the
patient, respectively. To further assess the effect of patient
scatter on detector performance, we have also calculated the
point spread function n(x,y) in presence of a “patient” (with
the pencil beam incident on the “patient”) in comparison
with that without a patient.

2.5.4. Detective Quantum Efficiency. The detective quantum
efficiency (DQE) is a measure of the image quality of an X-
ray detector. The zero spatial frequency DQE of an imaging
system can be expressed as [14, 25, 26]

DQE(0) = M2
1

M2
, (6)

where Mn, the nth moment of the distribution p(m) of
the number m of optical photons reaching the AMFPI
normalized to the number of incident X rays, NX :

Mn = 1
NX

∑

m
mnp(m). (7)

We note that by definition η =M0, r =M1/M0 and NX =
AdΦ.

The stochastic nature of interaction of radiation with
mater gives rise to the distribution of number of optical
photons. For a Cerenkov effect-based detector, the shape of
p(m) is dictated by the distribution of energies of electrons
and positrons and their angles with respect to the fibre cores
[15]. The general form of (6) and (7) is valid both for
discrete X-ray energies and for X-ray energy spectra. In our
simulations, we directly sampled the X-ray energy spectra
(see Figure 2) to obtain the distribution of the number of
optical photons p(m) for clinical X-ray beams. However, the
same result could be produced by averaging the respective
moments Mn (obtained for discrete X-ray energies) over the
X-ray energy spectrum. The results for DQE presented in this
paper include not only the X-ray quantum absorption noise,
but also noise due to variations in Cerenkov light production
and transport in fibre cores.

Finally, in case when the noise is white (i.e., frequency
independent), the spatial-frequency-dependent DQE( f ) is
given by [27]

DQE
(
f
) = DQE(0) · ∣∣MTF

(
f
)∣
∣2, (8)

where MTF(f ) is the modulation transfer function (see
Section 2.5.2).

2.5.5. Energy Dependence of CPID Dose Response. To assess
the water equivalence of the detector at a given X-ray energy
Eγ, we define a ratio α(Eγ) of the value of detector sensitivity

r(Eγ)η(Eγ) to the absorbed dose Γ(Eγ) per incident fluence
Φ(Eγ). Namely,

α
(
Eγ
)
=

η
(
Eγ
)
r
(
Eγ
)
Φ
(
Eγ
)

Γ
(
Eγ
) , (9)

where the definition and calculation of Γ(Eγ) is given
below (see Section 2.6). For ease of representation, the
detector response per unit dose (deposited in water) was
normalized to its value at a fixed energy of incident X
rays. The value of 2 MeV was chosen as the reference X-
ray energy in the analysis, and α(Eγ)/α(2 MeV) is defined
as the relative response of the detector to X-ray at a discrete
energy for a fixed dose to water. For polyenergetic X-ray
beams (see Figure 2), the detector sensitivity r(Eγ)η(Eγ) and
the absorbed dose per incident fluence Γ(Eγ)/Φ(Eγ) are
separately averaged over the X-ray energy spectrum prior to
calculating the relative response.

2.6. Dose to Water and Fluence-to-Dose Conversion Factors.
The absorbed dose Γ(Eγ), in (9), is defined as the mean dose
absorbed in a water slab of an equivalent thickness d′ as if the
whole detector were made of pure water; that is,

Γ
(
Eγ
)
= 1

d′

∫ d′

0
D
(
Eγ, z

)
dz, (10)

where D(Eγ, z) is the dose in water at depth z [1].
Figure 4 shows the fluence-to-dose conversion factors

Γ(Eγ)/Φ(Eγ), assuming a broad parallel beam of normal
incidence, for water slab in air environment. The data used
in Figure 4 is listed in Table 1. A Geant4-based simulation
was developed to calculate the depth-dose curves in a water
phantom in presence of surrounding air. It considers a slab
of water with surface area of 300 × 300 cm2 and thickness d′

situated in a 10 × 10 × 10 m3 volume of air. The water slab
is logically divided, that is, without physical gaps, into 1 mm
thick slices along its depth axis Z. The depth-dose curves for
a broad parallel beam of primary X rays were obtained by
considering a pencil beam of 1×1 mm2 normally incident on
the surface of the water slab. The total energy deposited per
unit areal density is scored in a millimeter-thick water slabs at
each depth, which gives the depth-dose curve D(Eγ, z). The
primary X rays travel a source-to-surface distance of 157 cm
in air.

The CPID thicknesses (d = 10, 20, and 30 cm) investi-
gated in this paper were scaled by the mean physical densities
of the detector to obtain the equivalent thicknesses (d′ =
18.67, 36.30, and 53.01 cm) of water slabs needed to calculate
Γ(Eγ).

3. Results

3.1. Spatial Resolution. The modulation transfer functions
(MTFs) of the CPID for various detector thicknesses d at
6 MV and 10 MV are shown in Figure 5. The entrance spectra
from Figure 2 were used in the simulation. It can be seen that
the MTF of the detector decreases at all frequencies with the
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Figure 4: Fluence-to-mean-dose-in-water conversion factors
Γ(Eγ)/Φ(Eγ) used in calculating the energy response of CPID. The
mean dose in water is defined as the integral of depth-dose curve
along the depth axis normalized to the thickness of the water slab.
The calculations assume broad parallel beam of X rays incident
normally on 18.67, 36.30, and 53.01 cm thick slabs of water in air.

increase of the detector thickness, which is due to an increase
of X-ray scatter in a thicker detector [5].

Figure 6 shows the values of f50 (i.e., the frequency at
50% of the MTF) as a function of the detector thickness for
different beam qualities. The value of f50 at d = 10 cm for
a 6 MV clinical beam is ∼0.24 lp/mm, which is comparable
to that of video-based EPIDs ( f50 ∼ 0.2 lp/mm) [4]. A
reduction of ∼20% of f50 was observed in our simulations
when increasing the detector thickness to d = 30 cm.

3.2. CPID Response

3.2.1. Detection Efficiency. Figure 7 shows the detection effi-
ciencies of the CPID for various detector thicknesses as
a function of incident X-ray energy. The efficiency for
detecting X rays by means of the Cerenkov effect decreases
rapidly with the decrease of X-ray energy below ∼1 MeV
due to the threshold kinetic energy required to generate the
Cerenkov light.

For clinically relevant X-ray spectra at 6, 10, and 18 MV
(see entrance spectra in Figure 2), the detection efficiencies
of CPID for various detector thicknesses are given in Table 2,
which are more than an order of magnitude higher than that
of current EPIDs.

3.2.2. Detector Sensitivity. The number of optical photons
that are generated in the detector and reach the AMFPI per

Table 1: X-ray fluence-to-mean-dose conversion factors for mono-
energetic broad parallel beams incident on 18.67, 36.30, and
53.01 cm thick water slabs in air in units of Gy/(X-ray/cm2).
Statistical uncertainties for each X-ray energy are 1.2%, 1.3%,
and 1.3% for the 18.67, 36.30, and 53.01 cm thick water slabs,
respectively.

Eγ/MeV d′ = 18.67 cm d′ = 36.30 cm d′ = 53.01 cm

0.2 9.43× 10−13 6.54× 10−13 4.72× 10−13

0.3 1.43× 10−12 1.02× 10−12 7.45× 10−13

0.4 1.90× 10−12 1.38× 10−12 1.02× 10−12

0.5 2.35× 10−12 1.73× 10−12 1.30× 10−12

0.6 2.78× 10−12 2.08× 10−12 1.58× 10−12

0.8 3.59× 10−12 2.74× 10−12 2.12× 10−12

1 4.32× 10−12 3.36× 10−12 2.64× 10−12

1.25 5.15× 10−12 4.08× 10−12 3.26× 10−12

1.5 5.91× 10−12 4.76× 10−12 3.85× 10−12

2 7.25× 10−12 5.99× 10−12 4.95× 10−12

3 9.54× 10−12 8.13× 10−12 6.91× 10−12

4 1.15× 10−11 1.00× 10−11 8.68× 10−12

5 1.33× 10−11 1.18× 10−11 1.03× 10−11

6 1.50× 10−11 1.34× 10−11 1.19× 10−11

7 1.66× 10−11 1.50× 10−11 1.34× 10−11

8 1.82× 10−11 1.66× 10−11 1.49× 10−11

10 2.12× 10−11 1.96× 10−11 1.78× 10−11

15 2.82× 10−11 2.70× 10−11 2.48× 10−11

20 3.47× 10−11 3.41× 10−11 3.17× 10−11

Table 2: Detection efficiencies of CPID for three clinical beams.
Statistical uncertainty for each value is ∼0.8%.

d/cm
6 MV beam 10 MV beam 18 MV beam

10 39.4% 40.7% 40.2%

20 58.3% 62.0% 61.9%

30 67.1% 73.2% 73.8%

incident X-ray per pixel is shown in Figure 8 as a function
of X-ray energy. It can be seen that the number of Cerenkov
photons per incident X-ray increases monotonously with X-
ray energy for all detector thicknesses.

The total number of the Cerenkov photons per pixel
that are generated in the detector and reach the AMFPI per
LINAC pulse (∼0.026 cGy dose to water at the isocentre) [15]
is given in Table 3 for various detector thicknesses. These
were obtained using a fluence-to-dose conversion factor
(8.4 × 10−12 cm2Gy/x-ray) at 6 MV. We note that the total
electronic noise per pixel in AMFPIs is typically ∼ 2 × 103

electrons [17].

3.3. Beam Energy Hardening and Scatter due to the Presence of
a Patient. Lower energy photons are attenuated more when
passing through a patient, and, as a result the mean energy
of the X-ray spectrum exiting the patient increases. This can
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Figure 5: The MTF as a function of spatial frequency for various
thicknesses of the proposed CPID. The entrance spectra of X rays
from Figure 2 were used in the simulation.

be seen in Figure 2 showing the entrance spectrum and the
primary and scatter components of exit beam after traversing
a 30 cm thick water phantom. The presence of a patient, in
the beam also results in generation of secondary particles
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Figure 6: The frequency ( f50) at 50% of the MTF as a function of
detector thickness for different beam energies. The entrance spectra
of X rays (see Figure 2) were used in the simulation.

Table 3: The total number of Cerenkov photons (that are generated
in the detector and reach the AMFPI) per LINAC pulse (∼0.026 cGy
dose-to-water at the isocentre) for a 6 MV beam and various detector
thicknesses. Statistical uncertainty for each value is ∼0.8%.

Energy (MV) d = 10 cm d = 20 cm d = 30 cm

6 1.56×105 2.41×105 2.82×105

Table 4: The signal scatter fractions of CPID for three clinical
beams. Statistical uncertainty for each value is ∼1.8%.

Energy (MV) d = 10 cm d = 20 cm d = 30 cm

6 0.19 0.17 0.17

10 0.18 0.16 0.15

18 0.17 0.15 0.14

that generally degrade image quality. Figures 9(a) and 9(b)
represent the CPID response to the primary and scatter
components of the exit beam, respectively, per X-ray incident
on water phantom.

Figure 10 gives the signal scatter fraction (SFsignal, as
defined in (5)) as a function of X ray energy. Except for
very low energies (Eγ ≤ 0.4 MeV), where the error is >100%
due to low statistics, the value of SFsignal is ∼15–20% and
decreases with increase of detector thicknesses.

The signal scatter fractions calculated for three clinical
beams (see entrance spectra in Figure 2) incident on a 30 cm
thick water phantom are given in Table 4.



International Journal of Optics 9

d = 10 cm
d = 20 cm
d = 30 cm

D
et

ec
ti

on
effi

ci
en

cy

0

0.2

0.4

0.6

0.8

0.1 1 10

Eγ (MeV)

Figure 7: The detection efficiency of CPID as a function of incident
X-ray energy for various thicknesses.
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Figure 8: The number of Cerenkov photons (that are generated in
the detector and reach the AMFPI) per incident X-ray as a function
of incident X ray energy.

Figure 11 shows the normalized spatial (x-direction
only) distributions of the detector signal (i.e., distribution of
optical photons reaching the AMFPI) for a 30 cm thick CPID

Exit prim. resp., d = 10 cm
Exit prim. resp., d = 20 cm
Exit prim. resp., d = 30 cm

0

10

20

30

40

0 5 10 15 20

O
pt

ic
al

ph
ot

on
s/

X
-r

ay
on

w
at

er
ph

an
to

m

Eγ (MeV)

(a)

Scatter response, d = 10 cm
Scatter response, d = 20 cm
Scatter response, d = 30 cm

0

2.5

5

7.5

0 5 10 15 20

O
pt

ic
al

ph
ot

on
s/

X
-r

ay
on

w
at

er
ph

an
to

m

Eγ (MeV)

(b)

Figure 9: The number of Cerenkov photons (that are generated in
the detector and reach the AMFPI) per X ray incident on the water
phantom as a function of X-ray energy.

under irradiation of a 6 MV pencil beam with (open squares)
and without (solid circles) the presence of the water slab (see
Figure 3). The difference between these two curves is small.
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Figure 10: The signal scatter fraction for CPID response per pixel
as a function of X-ray energy.

Table 5: The DQE at zero frequency of CPID for three clinical
beams. Statistical uncertainties for each value is ∼0.8%.

d/cm
6 MV beam 10 MV beam 18 MV beam

10 20.8% 22.9% 23.2%

20 31.5% 36.0% 37.0%

30 37.1% 43.5% 45.3%

3.4. Detective Quantum Efficiency. The zero spatial frequency
DQE was calculated from the results of the simulation output
using (6) and (7). Figure 12 shows the DQE(0) as a function
of incident beam energy for detector thicknesses of 10,
20, and 30 cm. The DQE(0) follows the general trend of
detection efficiency η (see Figure 7). However, DQE(0) varies
slowly above ∼2 MeV (compared to detection efficiency).
Sufficient number of events has been simulated to provide
for a statistical uncertainty at a percent level (∼0.8%).

Table 5 lists DQE at the zero spatial frequency simulated
for three clinical beams (see entrance spectra in Figure 2). As
expected the DQE(0) of the proposed CPID is more than an
order higher than that of current EPIDs [4].

Finally, the spatial frequency dependent detective quan-
tum efficiencies DQE( f ) are shown in Figure 13 for 6 and
10 MV beams at different detector thicknesses.

3.5. Energy Dependence of CPID Dose Response. Figure 14
shows the relative response of the detector per unit dose to
water as a function of X-ray energy. It can be seen that the
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d = 30 cm

R
el

at
iv

e
si

gn
al

p
er

X
-r

ay

0

0.2

0.4

0.6

0.8

1

−0.6 −0.4 −0.2 0 0.2 0.4 0.6
x (cm)

Figure 11: Renormalized spatial distributions of the detector signal
for a 30 cm thick CPID under irradiation of a 6 MV pencil beam
with (open squares) and without (solid circles) the presence of the
water slab.
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Figure 12: The DQE at zero spatial frequency as a function of beam
energy for different detector thicknesses.

proposed CPID has lower response to low-energy X rays due
to the threshold energy required for generating Cerenkov
light. The shape of the energy dependence curve has little
dependence on the detector thickness.
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4. Discussion

The main advantage of the proposed CPID is that it can
have much higher detection efficiency than current EPIDs.
At 6 MV the DQE(0) of CPID can be as high as 37.1%, as
compared to ∼1% for most current EPIDs. In addition, the
energy response of the CPID is also unique. Figure 15 shows
the comparison between the CPID (with d = 30 cm) and
a conventional Cu plate/phosphor screen detector consisting
of a ∼134 mg/cm2 Gd2O2S phosphor loading (Kodak Lanex
fast back) on a 1.5 mm thick copper plate. The energy
dependence curve for the Cu plate/phosphor screen was
obtained for a given reference dose (to water) from the results
of Cremers et al. [22]. In the case of Cu plate/phosphor
screen, the reference dose to water is defined as the average
dose to a 3 mm thick layer of water at a depth of 3.3 cm in
a water phantom with 157 cm SSD [28]. In contrast to the
conventional Cu plate/phosphor screen that overresponds
to low-energy X rays, the CPID underresponds to X rays
below 1 MeV. Since scattered X rays from patients have lower
energies than the primary ones and the presence of scattered
X rays usually degrade image quality, the underresponse to
low energy X rays by the CPID could be advantageous for
MV X-ray imaging where no practical antiscatter grid is
available. As shown in Table 4, the signal scatter fraction of
CPID at 6 MV is 17–19%, which is lower than that (∼35%) of
a Cu plate/phosphor screen obtained from [24] for the same
air gap, X-ray beam energy, and thickness of the scattering
material. Thus, the CPID is an antiscatter detector for MV
X-ray imaging.

However, there are some disadvantages associated with
the proposed detector. The proposed detector could be bulky

and much heavier than current flat-panel-based EPIDs,
depending on the thickness chosen. While counterbalancing
the large weight of the CPID may require reengineering
of the LINAC gantry, the weight issue is common to all
high detection efficiency detectors since a large mass of the
energy conversion layer is necessary to achieve high detection
efficiency. The investigated detector configurations are not
expected to be bulkier than a video-based EPID and, thus,
would be useable in clinic. In addition, the spatial resolution
of the proposed detector would be worse than that of current
flat-panel-based EPIDs. This is mainly because (1) more X
rays are scattered in our thick detector as compared to that
in current flat-panel-based EPIDs [5], and (2) the range
of energetic electrons generated by incident X rays in our
detector is larger due to the lower density materials used
in the CPID. In silica the electron range is approximately
6.8 mm for 6 MV beam and 17 mm for 18 MV beam (based
on the value of dmax in water [1] scaled by the density of
the silica). However, for megavoltage X rays, most energetic
electrons generated in the detector are initially moving in the
forward direction, that is, in the direction of the incident
X rays. In addition, as an energetic electron travels in the
detector, it continuously loses its kinetic energy. Once its
kinetic energy is below the threshold energy required for
Cerenkov radiation, the electron can no longer generate
Cerenkov light, and; thus, any further spatial spread of
low energy electrons has no effect on the resolution of the
CPID. As a result, the resolution of the proposed detector is
comparable to that of video-based EPIDs.

5. Conclusions

A Monte Carlo simulation has been conducted to investigate
imaging and dosimetric characteristics of a novel design
of a megavoltage (MV) X-ray detector for radiotherapy
applications. It has been shown that the new design can have
a zero-frequency detective quantum efficiency more than
an order of magnitude higher than that of current clinical
systems and yet a spatial resolution comparable to that of
previously developed video-based electronic portal imaging
devices. In addition, the proposed detector uses Cerenkov
effect to detect MV X rays, and, as a result, it is less sensitive to
low-energy X rays (including scattered X rays from patients)
than current electronic portal imaging devices.
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We developed an accurate three-dimensional blood vessel search (3D BVS) system and an automatic blood sampling system. They
were implemented into a point-of-care system designed for medical care, installed in a portable self-monitoring blood glucose
(SMBG) device. The system solves problems of human error caused by complicated manual operations of conventional SMBG
devices. We evaluated its accuracy of blood-vessel position detection. The 3D BVS system uses near-infrared (NIR) light imaging
and the stereo and autofocus hybrid method to determine blood vessel locations accurately in three dimensions. We evaluated
the accuracy of our 3D BVS system using a phantom of human skin, blood vessels, and blood. Additionally, we established an
automatic blood sampling system for SMBG and assessed its performance in relation to punctures, blood suction, transport, and
discharge on an enzyme sensor. The 3D BVS and automatic blood sampling system are adequate for use in a portable SMBG
device.

1. Introduction

Recently, the rapidly increasing number of diabetic patients
has [1] become a major social problem throughout the
world. Diabetic patients must independently measure blood
glucose concentrations using a self-monitoring blood glu-
cose (SMBG) device and self-inject insulin several times
each day [2, 3]. Diabetes patients and candidates might
constitute up to one-fifth of the world population [1].
Therefore, SMBG devices are expected to play an increasingly
important role in daily medical care. The commercial
SMBG devices of various kinds that are on the market
today can be categorized as either noninvasive or minimally
invasive. Noninvasive devices adopt infrared spectroscopy
[4], FT-IR-ATR method [5], photoacoustic spectroscopy
[6], and so on. However, these methods present severe
problems of low accuracy and unreliability. In contrast,
minimally invasive devices [7, 8] can measure blood glucose
concentrations with high accuracy [9], but puncture with
a needle or knife edge is painful. In addition, such devices
frequently induce human error because of their complicated

manual operations during puncture, treatment of small
blood samples, self-measurement, and so on. Therefore,
many improvements are necessary for SMBG devices. Several
groups have developed minimally invasive SMBG devices
equipped with a blood vessel search system to reduce human
error. For example, Yamakoshi et al. developed a device to
detect the positions of blood vessels in the arm using reflected
near-infrared (NIR) light [10], but the blood vessel depth
could not be determined accurately. Another example is a
bio-medical-chip developed by Horiike et al., which can
detect the position of a blood vessel in three dimensions
using electric signals [11]. However, their chip showed low
accuracy of blood vessel location detection, and the device
entailed operations that were time-consuming and painful
for patients. Although Kandani et al. developed a three-
dimensional blood vessel search (3D BVS) system using the
stereo method [12], the value of the standard deviation
of measured positions was higher for deeper blood vessel
locations. In this study, we set our goal as integration of a
3D BVS system and an automatic blood sampling system.
To accomplish that goal, we combined the autofocus method
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with the original stereo method to establish a hybrid method.
We set the allowed value of 100 μm for the targeted blood
vessel, which had diameter of 500–1000 μm. An automatic
blood sampling system for collection and transport of the
blood for blood glucose measurements was connected with
3D BVS to produce the portable medical care system. For
patients with diabetes, this system is expected to improve
quality of life to a considerable degree.

As described in this paper, we first discuss the hybrid
stereo-autofocus method for 3D BVS systems by introducing
images processed with NIR light. Then we examine the
accuracy of the 3D BVS system. Secondly, to evaluate
our newly developed automatic blood sampling system for
blood glucose measurement, we verify its capabilities of (1)
accurate puncture, (2) stable blood transport, and (3) blood
discharge on a glucose enzyme sensor. In light of those
results, we assess the performance of this integrated portable
medical care system.

2. Hybrid Stereo-Autofocus Method and
Blood Vessel Visualization

2.1. Autofocus Method and Stereo Method. We used a hybrid
stereo-autofocus method to detect the position of a blood
vessel located between the first and second joints of the
finger using transmitting NIR light. Our previous studies,
which were done using a stereo method, did not determine
the blood vessel depths accurately [12]. The measurement
error was high for blood vessels located deep in the finger.
Therefore, we adopted an autofocus method to obtain
a very clear image of blood vessels using the template
search method in the region of blood vessel [13]. This
method improved the accuracy considerably. As presented
in Figure 1(a), we took blood vessel images using different
camera positions in relation to the finger based on the
autofocus method. D means the length between the initial
set position and the fixed base, and S the slide length as
indicated in Figure 1(a). Fixed base means the upper surface
of the glass plate, which is located at the position Ds and
on which the finger was set. We evaluated the blood vessel
image sharpness based on the template-matching algorithm
and selected the clearest image at the camera position Ds as
shown in Figure 1(a) [13]. In the auto focus procedure, we
fix the incline angle θ as indicated in Figure 1(b).

Next, as shown in Figure 1(b), we measured blood vessel
positions using the stereo method [12]. In Figure 1(b), L
stands for the distance between the two CMOS cameras, f
represents the focal length, Db signifies the vertical distance
between the center of the blood vessel and the line drawn
between two center points of the lenses, and Ds denotes
the vertical distance between the reference surface of the
fixed base and the line drawn between respective center
points of the lenses. In Figure 1(b), ΔD is the depth of the
blood vessel center from the reference surface of fixed base.
Figure 1(b) shows θ1 and θ2 as the angles of the light axes
from the center of the blood vessel against the horizontal line
between the respective centers of the two lenses. As shown
in Figure 1(c), the center of the blood vessel can be detected

Figure 2: Photograph of the 3D BVS system.

from the luminance distribution of the blood vessel images
obtained using the two CMOS cameras. Furthermore, θ1 and
θ2 are calculable using trigonometric functions. The size of
image plane pixel, 5.55 μm, was used to evaluate the blood
vessel center position with the same length ratio as the pixel.
Therefore, we obtain the deviation lengths B1 and B2 as
indicated in Figure 1(c), which can be calculated as a number
of deviated pixels times by pixel size 5.55 μm. Finally, Db is
expressed as

Db = tan θ1 · tan θ2

tan θ1 + tan θ2
L, (1)

here, θ1 = π−θ−θ′1, θ2 = π−θ−θ′2, θ′1 = tan−1( f /B1), θ′2 =
tan−1( f /B2), L = L1 + L2 = (Db/ tan θ1) + (Db/ tan θ21).

Length Ds is already determined by using the autofocus
method as shown in Figure 1(a). Therefore, the blood vessel
depth (ΔD) can be calculated as

ΔD = Db −Ds. (2)

2.2. 3D BVS System and Blood Vessel Visualization. We incor-
porated the hybrid stereo-autofocus components into a 3D
BVS system, which included four NIR LED lights (peak
wavelength of 870 nm, KED871M51A; Kyosemi Corp.) as the
light sources, two CMOS cameras (PPV404C; Asahi Denshi
Inc.), and two image-processing units (PP-DEB-007; Asahi
Electronics Laboratory Co., Ltd.). The NIR LEDs were set
behind the finger to irradiate the finger with NIR light.
We used two CMOS cameras to take images using the NIR
transmitted light. Details of the CMOS cameras were the
following: 5.32 mm focal length, 8 × 8 × 5.55 mm size, and
5.55 × 5.55 μm pixel size. Images were of 8-bit digital gray-
scale values ranging from black (0) to white (255) for one
pixel. The 640 × 480 pixel images were stored as JPEG image
files. The images were processed by an image processing
unit (AT401; Asahi Denshi Inc.) to calculate the blood vessel
depth using the autofocus and stereo algorithms. Figure 2
presents a photograph of our 3D BVS system. The respective
centers of CMOS cameras and LEDs are set on the same
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(a) Visible light (b) 625 nm (c) 660 nm (d) 765 nm

(e) 780 nm (f) 850 nm (g) 870 nm (h) 940 nm
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Figure 3: Blood vessel photos in cases of NIR lights, wavelengths 625–950 nm, and visible light.

Figure 4: Image of the blood vessel in the human finger. The NIR light wavelength is 870 nm.

horizontal plane. The length between the cameras (L value:
Figure 1(b)) was set to 30 mm. The length between the object
and the camera lens (Ds value: Figure 1) was set to 18.8 mm.
The CMOS cameras were inclined at 33.5 deg using a rotating
stage (KSP-256; Sigma Koki Co., Ltd.). The size of our 3D
BVS device became 40 × 30 × 10 mm. Therefore, our system
had size and features that allowed its installation into our
new portable SMBG device. We used the transmitted NIR
light to visualize blood vessels located in the human finger
[14–16]. We selected small veins as our measurement targets
and employed NIR light with wavelengths of 650–950 nm.
The NIR light was transmitted through the finger and was
recorded in images by the cameras in the positions presented
in Figures 1(b) and 2. Figure 3 shows images obtained using
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Figure 6: Residual errors calculated by template matching algorithm and its derivatives distributions to determine the sharpness.

the visible light and NIR light of the wavelengths shown in
the figures. According to the steepest gradient search of the
luminance distribution, especially in the close area to the
blood vessel, finally we chose the wavelength of 870 nm [11,
13]. Figure 4 presents blood vessel images and the luminance
distribution along line A–A′ as indicated in Figure 4(b). We
concluded that our imaging system can provide a clearer
image of the blood vessel to determine its location in three
dimensions.

Next we discuss the image processing associated with
blood vessel detection. We adopted template matching to de-
termine the image sharpness. The templates were produced
on the assumption that the luminance distributions of blood
vessels are convex-downward quadratic curves, as shown by
the red curve in Figure 5, where the luminance distribution
is portrayed as a blue line. Figures 6(a)–6(d) show results of
template matching. Figure 6(a) presents the distribution of
residual error obtained by template matching calculation. It
shows two local maximum points, which correspond to the
blood vessel position. Figure 6(b) portrays the distribution
of the derivative of residual error. Figures 6(c) and 6(d) show
the point at which the derivative value becomes zero, which

is the center of the blood vessel. Moreover, we assumed the
inclination of the diagram of derivative values to be the rate
of luminance change. Therefore, we confirmed that the blood
vessel can be detected clearly as the rate of luminance change.
The sharpness can be evaluated using the angle of inclination
of derivatives, as shown in Figures 6(c) and 6(d). Results
show that we can select a clear image of a blood vessel taken
by the camera located at distance Ds shown in Figure 1(a).

3. Evaluation of Blood Vessel Position Detection

We evaluated the accuracy of our 3D BVS system by carrying
out experiments using finger phantoms containing artificial
blood vessels. The photograph and the finger phantom size
are depicted in Figure 7. Small veins of a human finger, with
diameters of 0.5–1.0 mm, exist at depths of 0.5–2.0 mm from
the surface. Therefore, we used the diameter of 0.75 mm
for artificial blood vessels. We generated finger phantoms
of seven types with artificial blood vessels embedded at
different depths of 0.5–2.0 mm with 0.25 mm intervals. The
finger phantoms were made of the polyacetal resin (TPS-
POM; Toyo Plastic Seiko Co., Ltd.), which had optical
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characteristics similar to those of human skin [17]. We
included colored water in the artificial blood vessels.

We first increased the input power of NIR light to reduce
the influence of scattering and thereby obtain a clear image.
The scattering of NIR light reduces both the intensity of
the transmitted light and the contrast between the artificial
blood vessel and the tissue. We adopted four levels of
input power of the NIR light: 10, 30, 50, and 60 mW.
Figures 8(a) and 8(b) show photographs of blood vessels
and luminance distributions of finger phantom images with
the four input powers. Through comparison with the slope
and concentration of the luminance distribution, we finally

selected 50 mW to overcome the scattering and provide the
clearest image of artificial blood vessels.

We measured the depths of the artificial blood vessels
using our 3D BVS system, which is based on the hybrid
stereo-autofocus method. To avoid the influence of light
from the environment, we covered the whole system with a
light-proof cloth. First, we analyzed the images and deter-
mined the vertical distance between the reference surface of
the fixed base and the line drawn between respective center
points of the lenses as Ds, presented in Figure 1(a), using
autofocus methods. Secondly, we measured the position
of the artificial blood vessel based on the stereo method.
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Figure 10: Stereo images of artificial blood vessels embedded in the finger phantom at the indicated depth.

Figure 9(a) shows stereo images of the artificial blood vessels.
The rows of pixels on the center lines represented as A-A′and
B-B′, as portrayed in Figure 9(a), were used to determine
the center and the blood vessel depth. Pixels located on
the line (X, Y) from value (0, 240)–(640, 240) provide
luminance according to the eight-byte digital number, where
X-Y coordinates were defined as portrayed in Figure 9(a).
Figure 9(b) shows that a rapid decrease in brightness is
observed at the area of the blood vessel. Therefore, we are
able to determine the artificial blood vessel position. The
center of the artificial blood vessel position of camera 1 was
set to the 327th pixel and that of camera 2 to the 316th pixel.
According to Figures 1(b) and 1(c), the deviations between
the center position of blood vessel and the fixed base plate
in the image planes of CMOS camera 1 and 2 were 7 pixels
and 4 pixels, respectively. Because the pixel size was 5.55 μm,

the actual deviation lengths were, respectively, 64.8 μm in
camera 1 and 93.6 μm in camera 2. Next, the angles of light
axes, θ1 and θ2, as indicated in Figure 1(b), were obtained
using these deviation length B1 and B2 and focal length f
as shown in Figure 1(c). We then calculated the blood vessel
depth ΔD using (1) and (2). Figure 10 shows stereo images of
the artificial blood vessels embedded at the indicated depths,
where the left image was taken by camera 1 and the right
image by camera 2,

θ = sin−1
(

sin θ

n

)

,

φ = tan−1

(
f

s

)

,

d = d′
tan θ

tanφ
.

(3)
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Figure 11: Refraction of light in the skin tissue and depth correction.
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Figure 12: Relation between the estimated depths and true depth of artificial blood vessel.

Next, to assess the position detection accuracy of this
3D BVS detection device, we strove to eliminate the influ-
ence of the refraction of NIR light in the visualization
procedure. Because the refractive index of polyacetal differs
from that of air, NIR light is refracted at the interface
and the difference occurs between the blood vessel position
of the image and that of the actual value. Therefore, we
corrected the result of the measurements based on Snell’s
law using the refractive index of the polyacetal as 1.48.
Figure 11 shows the trajectory of NIR light from the finger
phantom to the camera. Figure 11 shows that the measured
depth of the blood vessel becomes smaller than the actual
depth because of the refraction of NIR light. Formulas
for the incidence angle, refraction angle, and the blood
vessel depth are shown in (3). Using these values, we
corrected the measured depth obtained using (1) and (2).

Figure 12 shows the relation between the corrected depth
and the actual one, which we named “true” depth. We
calculated the standard deviations in seven cases of “true”
depths. In each “true” depth, we measured more than ten
times and calculated the standard deviation by using the
differences between the “true” depth and measured depths.
It shows that the deeper the depth, the larger the standard
deviation. The maximum standard deviation was 110 μm,
and the average value of standard deviations was 63 μm.
The average of all deviations was 29.8 μm, which means
that average value of differences between measured and true
depths in seven cases. Good correlation (R2 = 0.946) was
found between the corrected depths and the actual depths.
These errors were less than the allowance value of 150 μm
for the targeted blood vessel with diameter greater than
500 μm.



International Journal of Optics 9

Figure 13: Automatic blood sampling system equipped with artificial finger and blood vessel.

(a) Initial position (b) Puncture and blood extraction (c) Blood transport

(d) Discharge of artificial blood (e) Enzyme sensor to measure the blood glucose

Figure 14: Photos of automatic blood sampling procedure and the enzyme sensor used to measure the blood glucose.

4. Automatic Blood Sampling System

We fabricated an automatic blood sampling system that had
been designed to be built in a portable SMBG device for
use in conjunction with the 3D BVS system. In addition
to two small stepping motors, we used a glucose enzyme
sensor made by Horiba, Ltd. for accurate and reliable blood
glucose measurement purposes [18], which was expected
to perform accurate and quick blood collection. Figure 13

shows a prototype of the newly developed automatic blood
sampling system, with size of 47 × 30 × 20 mm. Regarding
performance evaluation, we used an artificial finger made
of silicone rubber (RTV2 VP7550; Asahi Chemical Ind. Co.
Ltd.), which had similar elastic properties to those of human
skin. The artificial blood vessel diameter was set as 1.0 mm;
the blood vessel was embedded to 1.0 mm depth in the
artificial finger. We used a 50% glycerin solution, which had
similar viscosity to that of human blood, as artificial blood.
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This artificial blood was kept in the artificial blood vessel.
We examined the capabilities for puncture, blood extraction,
transport, and discharge on the enzyme sensor. The glucose
enzyme sensor required at least 5.0 μL of blood for blood
glucose measurements. Figures 14(a)–14(e) show four stages
of blood sampling procedures, such as puncture, extraction,
transport, discharge, and measurement. We analyzed blood
sampling and measurement capabilities to provide 5.0 μL of
blood on the enzyme sensor. Figure 15 presents the relation
between the artificial blood volume on the enzyme sensor
and the piston speed for blood transport and discharge. As
the piston speed decreases, the amount of artificial blood
increases. We concluded that an adequate piston speed to
provide over 5.0 μL of blood for measurement was 1.0 mm/s.

5. Conclusions

We developed a 3D BVS system and an automatic blood
sampling system to fabricate a portable SMBG device. We
adopted the hybrid stereo-autofocus method to detect the
position of blood vessels in three dimensions. We also
examined the performance of our automatic blood sampling
system, which features puncture, blood extraction, transport,
and discharge for an enzyme sensor to measure the blood
glucose. Results of the evaluation of our 3D BVS and auto-
matic blood sampling devices are summarized as follows. (1)
Accuracy evaluation of 3D BVS system was confirmed. The
maximum standard deviation was 111 μm and the average of
the standard deviation was 63 μm when detecting 0.5 mm-
diameter blood vessels embedded at depths of 0.5–2.5 mm
with 0.25 mm intervals. Results show very good correlation
with actual measurements: R2 = 0.946. (2) Blood sampling
performance evaluation was done with the piston speed
for blood suction and discharge selected as 1.0 mm/s to
provide 0.5 μL artificial blood on the glucose enzyme sensor.
That amount was sufficient for measuring the blood glucose
concentration. Our integrated system, combined with 3D
BVS and automatic blood sampling systems, can be used
effectively as a portable medical care system.
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To investigate whether the size of fluorescent particles affects the modulation efficiency of ultrasound-modulated fluorescence
(UMF), we measured UMF and DC (direct current) signals of the fluorescence emission from four different-sized fluorescent
particles: (1) three carboxylate-modified fluorescent microspheres (FM) with diameters of 20 nm, 200 nm, and 1.0 µm and (2)
streptavidin-conjugated Alexa Fluor 647 with a diameter of approximately 5 nm. The UMF and DC signals were simultaneously
measured using a broadband lock-in amplifier and a narrowband amplifier, respectively. The ratio of the UMF strength to the
DC signal strength is defined as the modulation efficiency. This modulation efficiency was then used to evaluate the effects of
fluorophore size and concentration. Results show that the modulation efficiency was improved by approximately a factor of two
when the size of the fluorescent particles is increased from 5 nm to 1 µm. In addition, the linear relationship between the UMF
strength and ultrasound pressure (observed in our previous study) was maintained regardless of the fluorescent particle sizes.

1. Introduction

Tissue fluorescence imaging has been well developed and
widely used because of its high sensitivity and specificity
[1, 2]. Fluorescence techniques can provide unique tissue
physiological information when compared with other nonin-
vasive imaging modalities (ultrasound, magnetic resonance
imaging, computed tomography, etc.) and are sensitive to
tissue microenvironments, such as tissue pH, temperature,
and gas/ion concentrations. Also, they are relatively cost
efficient, flexible in imaging probes selection (from organic
dyes, to quantum dots, and to nanoparticles or micropar-
ticles), highly sensitive to imaging probes (fM-nM, 10−15–
10−9 mole/liter), and nonionizing radiative [1–3]. Com-
monly used high-resolution fluorescence microscopy faces a
fundamental challenge due to tissue’s strong optical scatter-
ing, which typically limits penetration depth to a few hun-
dred micrometers [3]. Techniques used to image deep tissue
at ranges of millimeters or centimeters, such as fluorescence
diffuse optical tomography (FDOT) [4], take advantage of
diffused photons that have been scattered many times before

being detected. These diffused photons can penetrate biolog-
ical tissue up to tens of millimeters at the red or near infrared
(NIR) region [3] at the expense of spatial resolution (limited
to ∼1–5 mm) [4].

Ultrasound-modulated fluorescence (UMF) has been
proposed to increase spatial resolution while maintaining
imaging depth [5]. This is possible because ultrasonic scat-
tering is two to three orders of magnitude less than optical
scattering in biological tissues [3]. The concept of UMF is
similar to ultrasound-modulated optical tomography (UOT)
[6–8], although their mechanisms may be different [9, 10]. In
UMF, a focused ultrasound beam is used to tag the diffused
fluorescence photons in the focal zone. By detecting and
analyzing the tagged (or modulated) fluorescence photons,
one can quantify the fluorescence properties in the ultra-
sound focal zone with ultrasonic spatial resolution that is
usually much higher than the resolution of FDOT [11–15].
Recently, several research groups have investigated UMF both
theoretically [5, 10] and experimentally [11–15]. The modu-
lation efficiency of UMF is limited and has to be significantly
improved for applications in biomedical imaging [11–15].
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Kobayashi et al. reported a modulation efficiency in UMF
adequate for tomographic imaging in a scattering medium
using relatively large fluorescent microspheres (∼ microns in
diameters) [11]. However, their results seem to disagree with
our recently reported experimental data collected using re-
latively small organic fluorescent dyes (nanometers in diam-
eters) [12, 13] and that of Hall et al. [14, 15] (see the
detailed discussion about the disagreements in [12]). There-
fore, the question of whether relatively large fluorescent par-
ticles (∼microns) can reliably and significantly improve the
modulation efficiency of UMF is of interest.

The study of the effect of particle size on the modulation
efficiency can also lead to a better understanding of the
underlying UMF mechanisms. The modulation mechanisms
of UMF are quite different from those of UOT [10] due to
the intrinsic incoherent properties of fluorescence emission
in tissue. While UOT has been well studied using coherent
light [9], the modulation mechanisms of UMF are still poorly
understood due to inconsistent data in literature [11–15].
Previously, we have proposed several possible mechanisms
for UMF [10]. The most plausible one is that the UMF signal
is caused by periodic oscillations of the fluorophore concen-
tration that are generated by ultrasonic pressure wave [10].
We have reported a supporting evidence of this mechanism
based on a recent experimental data [12, 13]. Although this
mechanism can only provide a relatively small modulation
efficiency (typically 10−4–10−6) in a scattering medium, it
exists in all types of fluorophores from small nanoscale
fluorescent molecules to relatively large nano-/microscale
fluorescent particles [10, 12, 13]. Intuitively, one might think
that it is easier to modulate large fluorescent microparticles
with an ultrasound wave because larger particles may
be ultrasonically oscillated more efficiently; besides, each
microparticle can encapsulate more fluorescent molecules.
Potentially, this could provide a means to improve the
modulation efficiency of UMF. If this hypothesis is proved
true, the next question would be how much improvement
can be achieved and is it sufficient for biomedical imaging
applications? To address these basic questions, UMF modu-
lation efficiencies for four communally available fluorescing
particles were measured and discussed in this study.

2. Methods

Our previous studies have shown that the UMF signal is diffi-
cult to quantify in a scattering medium due to its poor signal-
to-noise ratio [13]. As a result, water was used as the medium
in this study. Three fluorescent microspheres with diameters
of 20 nm, 200 nm, and 1.0 µm were tested in this study. To
further reduce the particle size, Alex Fluor 647 conjugated
with streptavidin (∼1 nm in diameter for the dye molecule
and ∼5 nm in diameter for the streptavidin [16, 17]) was
selected as a sample in comparison. The UMF signal was
measured using a broadband lock-in amplifier, and simul-
taneously the fluorescent DC signal was measured using a
narrowband amplifier. With both measurements calibrated,
the ratio of these two quantities is recognized as the modu-
lation efficiency. A consistent experimental setup was used
for all the samples in the study so that results for different

samples could be compared. The modulation efficiency is
evaluated as a function of the fluorescent particle size.

The experimental setup is shown in Figure 1. The
excitation light was produced by a fiber-coupled diode
laser (57ICS064/SP/HS, Melles Griot) with a wavelength of
638 nm. The monochromatic light is guided via a polar-
ization maintaining fiber (57FTP602/FC/1.0 Melles Griot,
core diameter: 4 µm) to a collimating lens (F240FC-B,
Thorlabs). The power density of the laser was controlled
as 411 mW/cm2. A silicon tube (FT, Instech Laboratories,
inner diameter: 0.79 mm, outer diameter: 2.39 mm) was
positioned in a water-filled container (40 (x) × 120 (y) ×
120 (z) mm) and orientated parallel to the y-axis. An ultra-
sound transducer (UST, V314-SU-F-1.00-IN-PTF, Olympus
NDT, center frequency: 1 MHz) was focused on the intersec-
tion of the laser beam and the FT (see Figure 1). The UST was
driven by a continuous sinusoidal signal with a frequency of
1.0 MHz that was generated from a function generator (FG,
Agilent 33120A, Agilent Tech, Calif, USA) and amplified by
a power amplifier (PA, 7600 M, Krohn-Hite, Mass, USA).
The peak pressure at the transducer focus was measured
by a hydrophone (HNP-0200, Onda Corporation, Calif,
USA) and preamplifier (AH2010, Onda Corporation, Calif,
USA). Two lenses (L1 and L2, AC254-030-A1, Thorlabs) were
used to collect the emitted fluorescence. Long-pass emis-
sion filters (EmF, BLP01-635R, Semrock, cutoff wavelength:
650 nm) were employed to reject the excitation light. The
emission photons were focused on two adjacent channels
of a 16-channel photomultiplier tube (PMT, R5900U-01-
L16, Hamamatsu, Japan) at the central area of this PMT
to monitor the UMF and the fluorescence DC signals. The
photocurrent from one channel was converted to a voltage
signal using a transimpedance amplifier (TIA, 313A-1-1 pF,
Analog Modules, Longwood, Florida), and its output was
directed to a broadband lock-in amplifier (LIA, SR844, Stan-
ford Research Systems, Calif, USA). The synchronized TTL
(transistor-transistor logic) signal of the function generator
was used as the reference signal for the LIA. The output of
the LIA represents the UMF strength. The photocurrent from
the second channel was directly connected to an oscilloscope
(OS, TDS 3032B, Tektronix, Oregon). The input impedance
of the oscilloscope was selected to be 1 Mega Ohms so
that an appropriate gain can be obtained with a limited
bandwidth. This signal was used to record the DC level of
the fluorescence. Four sets of measurements were conducted
for each sample using a new solution and tube. In each set
of measurements, the UST was scanned for 3 times along
the x-axis using a linear translation stage (PT1, Thorlabs, NJ,
USA), and the DC and UMF signals were recorded at each
selected position of the UST. The average and the standard
derivation were calculated and displayed based on all the
measurements.

Before any measurements were conducted, the tube was
ultrasonically located by connecting the UST to a pulse
generator/receiver (5077PR, Olympus NDT, Waltham, Mass,
USA). The peak-to-peak voltage of the ultrasonic echoes
were recorded at selected positions when scanning the UST
along the x-axis. The background voltage, which was mainly
caused by the electronic interference from the UST driven
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Figure 1: Schematic of the measurement system. FG: function generator; PA: power amplifier; UST: ultrasound transducer; FT: fluorescent
tube; L1–L2: two lenses; EmF: emission filters; PMT: photomultiplier tube; TIA: transimpedance amplifier; LIA: lock-in amplifier; OS:
oscilloscope. The inset represents the top view of the container and FT.

signal, was recorded when the excitation laser beam was
blocked. This background voltage is independent of the UST
position and can be subtracted from the measured UMF
signals.

The UMF signal and the fluorescent DC signal were
measured as a function of the fluorophore concentration.
The concentrations of the Alexa Fluor 647 solutions (S21374,
Invitrogen) were 0.025, 0.05, 0.1, and 0.2 mg/mL, and the
concentrations for the fluorescent microsphere solutions
(FM, F8782, F8806, F8816, FluoSpheres, Invitrogen) were
0.5, 1.0, 2.0, and 4.0 mg/mL. New clear tubes were used for
each fluorescent sample to avoid the contamination from the
previous sample. The effect of the tube autofluorescence is
undetectable at the 638 nm excitation wavelength and can
be ignored. This has been verified by detecting the UMF
signal when filling the tube with water. Our results showed
that the detected signal is almost a constant and independent
of the location of the ultrasound transducer, which implies
that no UMF signal can be detected when no fluorescent
solution is present. Ideally, the linear fits of the experimental
data should pass through the origin, implying that both the
UMF and the fluorescence DC signals should be zero when
the concentration is zero. In practice, this is not always true
because of the existence of background interference and/or
instrument bias. Therefore, the intercepts of the linearly
fitted data were subtracted during the data processing.
The ratio of the intercept-subtracted UMF signal to the
intercept-subtracted DC signal is defined as the modulation
efficiency. The absolute value of the modulation efficiency
(the ratio) may not represent the true physical meaning of
the modulation depth because the gains of the two channels
may not be the same. However, because the measurement
system and all experimental parameters were maintained
the same for all the samples, the relative values of the
defined modulation efficiency for all the samples can be
compared.
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Figure 2: The circles with error bars represent the measured UMF
signals from one of the fluorescent microsphere solutions (with
the diameter of 200 nm and the concentration of 1.0 mg/mL) as a
function of the x position of the UST. The dashed line shows the
rescaled ultrasound signal. The inset represents the measurement
configuration, and the doubled arrow shows the UST scan line.
Pfspp = 180 KPa.

3. Results and Discussion

Figure 2 displays the measured UMF signals (the circles with
error bars) from the tube filled with 200 nm diameter FM
solution (1.0 mg/mL) after scanning the UST along the x-
axis. The inset shows the measurement configuration. The
ultrasound data was linearly rescaled as to display both
the ultrasound data and the UMF data in the same figure.
The origin of the x-axis is defined as the left edge of the
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Figure 3: UMF and DC signals as a function of fluorophore concentration when x = 20 mm, y = 0 mm, and Pfspp = 180 KPa. (a) and
(b) show the UMF signal and DC signal of streptavidin-conjugated Alexa Fluor 647, respectively. The circles with error bars represent the
experimentally measured data, and the solid line is the linearly fitted data. (c) and (d) show the UMF signal and DC signals from the
fluorescent microsphere solutions, respectively. The squares, diamonds, and stars represent the experimentally measured data. The solid,
dotted, and dashed lines are the linearly fitted data.

tank, and the tube is located at the center of the tank
(x = 20 and y = 0 mm). The peak pressure applied at
the transducer focus (Pfspp) is 180 KPa. Figure 2 indicates a
correlation between the UMF signal and the ultrasound. The
modulation efficiency of different fluorophores is based on
the peak values of the UMF signals.

Figure 3 shows the peak values of the measured UMF
and DC signals from the four fluorescent particle solu-
tions as a function of fluorophore concentration when

Pfspp = 180 KPa. Figures 3(a) and 3(b) show the UMF signal
and the DC signal from the streptavidin-conjugated Alexa
Fluor 647, respectively. The circles with error bars represent
the experimentally measured data, and the solid lines are
the linearly fitted data. Similarly, Figures 3(c) and 3(d)
show the UMF signal and the DC signals from the three
fluorescent microsphere solutions, respectively. The squares,
diamonds, and stars represent the experimentally measured
data. The solid, dotted, and dashed lines represent linear fits
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scattered excitation light from the microsphere solutions as a
function of concentration, when x = 20 mm, y = 0 mm, and
Pfspp = 180 KPa. The squares, diamonds, and stars represent the
experimentally measured data.

of the data. Figures 3(b) and 3(d) show a linear relationship
between the DC signal and fluorophore concentrations from
all the four samples. These linear relationships imply that the
concentrations chosen in this study are appropriate and the
inner filter effect or self-quenching is negligible.

To investigate the possibility of ultrasound-induced
modulation of excitation light, we also detected the AC signal
of the excitation light by blocking the emission light. Figure 4
shows the ultrasound-modulated signal (AC voltage) of the
excitation light as a function of microsphere concentration.
The squares, diamonds, and stars represent the experimen-
tally measured data. For all three microsphere solutions, the
AC signals do not vary significantly with the concentra-
tions in the adopted range. Also, the differences of signal
strengths from different particle solutions are not significant.
Interestingly, the signal from 1.0 micron particles is higher
than that from 200 nm particles. However, both are lower
than that of 20 nm particles solution. These results indicate
that modulation of the excitation light is complicated and
may originate from various mechanisms [9]. Although the
dominant modulation mechanism is difficult to be judged
from the data shown in Figure 4, a few conclusions can be
drawn based on our current and previous studies [5, 10, 12,
13]. First, the modulated fluorescence signal can be clearly
observed in a solution without scatterers, such as rhodamine
B aqueous solution where the fluorophores are smaller than
1 nm in diameters and do not contribute to light scattering
[13]. It implies that the scatters are not necessary to generate
UMF signal. Secondly, the modulation of the excitation light
is not well correlated with fluorophore concentration and
particle size. In contrast, the observed UMF does. This result
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Figure 5: Modulation efficiencies of the four types of samples with
diameters of 5 nm (as an approximation to streptavidin-conjugated
Alexa Fluor 647), 20 nm, 200 nm, and 1.0 µm.
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Figure 6: UMF signals from the fluorescent microsphere solutions
with the concentration of 1.0 mg/mL as a function of Pfspp (after the
subtraction of the electronic interference) when x = 20 mm y =
0 mm. The squares, diamonds, and stars with error bars represent
the experimentally measured data from the three different-sized
microsphere solutions (20 nm, 200 nm, and 1.0 µm), respectively.
The solid, dotted, and dashed lines are the linear fits.

may indicate that the modulation of the fluorophore con-
centration is dominant in which the unmodulated excitation
light excites the modulated fluorophores.

Figure 5 shows the calculated modulation efficiencies
(the ratio of the UMF signal to the fluorescence DC signal)
of three FM and the streptavidin-conjugated Alexa Fluor 647
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fluorescent probes. The modulation efficiency increases with
increasing particle size for fluorescent microsphere solutions.
The modulation efficiency of the fluorescent microsphere
sample with a diameter of 1.0 µm is ∼1.3 times higher
than that of the 200 nm diameter sample, ∼1.7 times higher
than that of 20 nm diameter sample, and ∼2 times higher
than that of the sample of streptavidin-conjugated Alexa
Fluor 647 (∼5 nm diameter). Unfortunately, the factor of
2 improvement in the modulation efficiency is limited
compared to the factor of 200 increase in the size of fluo-
rescent particles (from 5 nm to 1 micron). This result implies
that the observed increases in modulation efficiencies from
different research groups mentioned in the introduction
section cannot be justified based solely on the size differences
of the adopted fluorescent particles. The finding of the size-
dependent modulation efficiency in this study implies that
large fluorescent particles (microns) are easier to modulate
compared with small fluorescent particles (nanometers). If
one assumes that the major modulation mechanism is the
modulation of fluorophore concentration as discussed in
our previous studies [10, 13], the current results imply that
for the same concentration of the fluorophore the larger
microspheres can be modulated relatively more efficiently.
Note that the upper limit of the size being effective in the
modulation has not been specifically studied. However, the
particle size is usually limited to be smaller than capillary
diameter for biomedical imaging applications. Therefore,
we limited our particle size to below one micron in this
study.

The peak UMF signals from the three-sized fluores-
cent microsphere solutions (with the concentration of
1.0 mg/mL) were measured as a function of the peak pressure
applied at the transducer focus (Pfspp). The background
electronic interference was measured at each Pfspp value and
subtracted from the corresponding UMF signal. Figure 6
shows a the linear relationships between the UMF and the
Pfspp for all the three samples. This result is consistent
with our previous studies [10, 13] and indicates that the
fluorescent particle size does not affect the linear relationship
between the UMF strength and the ultrasound pressure [13].

4. Summary

In summary, modulation efficiencies from four different-
sized fluorescent particles solutions (from 5 nm to 1 um
scale) were measured and compared. The modulation effi-
ciency increases by approximately a factor of two when
increasing the fluorescent particle size from 5 nanometers
to 1 micron. This size-dependent modulation efficiency
indicates that large fluorescent particles can be slightly more
efficiently modulated. The mechanism may be that larger
particles are ultrasonically oscillated more efficiently and
larger particle can encapsulate more fluorescent molecules.
However, the improvement is very limited and may not be
considered as a strategy to significantly improve the modu-
lation efficiency of UMF for biological imaging applications.
This study also indicates that new modulation mechanisms
should be explored to gain further improvements in modu-
lation efficiency.
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Light scattering from biological cells has been used for many years as a diagnostic tool. Several simulation methods of the scattering
process were developed in the last decades in order to understand and predict the scattering patterns. We developed an analytical
model of a multilayer spherical scattering cell. Here, we describe the model and show that the results obtained within this simple
method are similar to those obtained with far more complicated methods such as finite-difference time-domain (FDTD). The
multilayer model is then used to study the effects of changes in the distribution of internal cell structures like mitochondria
distribution or nucleus internal structures that exist in biological cells. Such changes are related with cancerous processes within the
cell as well as other cell pathologies. Results show the ability to discriminate between different cell stages related to the mitochondria
distributions and to internal structure of the nucleolus.

1. Introduction

Light scattering from biological cells has been used for many
years as a tool for the measurement and characterization of
cell size and cell internal structure [1]. Automatic cellular and
intracellular anatomical and physiological processes charac-
terization might assist, in the diagnosis of pathological con-
ditions and in controlling the effectiveness of a given therapy.
In order to use light scattering to measure cellular level pa-
rameters and hence detect possible pathologies, one has to
record the scattered signals, one cell at a time, and use that
information to analyze the cell state.

One application in which a better model of light scatter-
ing from a single cell can be used to improve cell characteriza-
tion in flow cytometry is presented in [2]. Here, flowing cells
are individually probed by light and are characterized and
sorted based on their scattering and/or fluorescence prop-
erties. In light scattering-based flow cytometry applications,
two critical factors measured are the fractions of forward-
scattered and side-scattered light (typically near 90 degrees),
which are used to assess cell size and shape, respectively [2].
By plotting the forward scattered light against the side scat-
tered light for a large number of of individual cells, one can
then apply statistical methods to identify various cell popu-

lations present inside of a cell suspension. Thus, any method
that improves our understanding of how different structural
compositions inside of single cells affect the scatter pattern
can potentially have an enormous impact in applications
where flow cytometry is used.

The general conclusions from the above studies about
the light scattering dependence on the cell properties can be
summarized as follows: gross cell size dominates the forward
scattering (near zero angles) via diffraction processes. The
nucleus is responsible for the scattering at slightly larger an-
gles. Small organelles are responsible for the scattering at
even larger angles, while light scattering in the backward di-
rection (near 180 degrees) is mostly due to large subcellular
structures [3].

It is clear that one needs a thorough understanding and
the ability to characterize the processes and the patterns in-
volved in the scattering of electromagnetic radiation (e.g.,
laser or LED light) from cells. Detailed simulation techniques
are invaluable in applying cellular light scattering analysis.

To describe the scattering process in the optical domain
(typically 0.4–1.1 μm), where the size of the investigated
cells or subcellular organelles is comparable and sometimes
smaller than that of the wavelength, one needs to use a full
electromagnetic wave scattering theory like Mie theory.
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Conceptually simpler approximations like those of Rayleigh
or geometrical optics approximation cannot be applied in all
of the cases [4–7].

Over the last decades, large efforts were devoted by many
researchers to find theoretical and computational methods
that can be used for a simulation of the scattering process of
light by cells and intracellular organelles. These methods can
be divided generally to analytical and numerical methods.

Analytical methods solve Maxwell’s equations for an ob-
ject with a given refractive index and a simple shape (e.g., a
sphere, cylinder [4], or other shape [8]). The complete an-
alytical solution of Maxwell’s equations for homogenous
spherical object was published by Mie at the beginning of the
20th century. More recent works used a coated sphere model
to describe the cell, which consists of two spherical layers.
The internal layer describes the cell’s nucleus, and the outer
layer describes the cytoplasm of the cell [1, 9]. Recently, more
complex variations of Mie-like analytical models of the cell,
that use multilayer configurations, were proposed and de-
scribed in general terms [4, 10–12] and were used in a best
fitting scheme between the experimental scattering pattern
of blood cells and the theoretical scattering calculations in
flow cytometry [13].

Numerical methods use a finite, multielement space/time
grid to convert Maxwell’s equations to a finite elements/dif-
ferences set of equations in space and time. In the last decade,
the FDTD (finite difference time domain) numerical method
[14–16] has been used by several research groups in order
to simulate the light scattering pattern from biological cells
[17, 18]. Recent example is the work of Tanev et al. who
used FDTD to simulate the interaction of light with cellular
structures [19] and applications for flow cell cytometry [20].
The discrete set of equations can be solved using numerical
methods, to give the resulting distribution of electromag-
netic fields in the cell and in its close vicinity. One then can
get the electromagnetic field distribution in the far-field
using “near to far field transformation” [16]. The main ad-
vantage of the FDTD and other numerical methods is the
ability to simulate cells of arbitrary structures and not just
“idealized” geometrical shapes.

However, numerical solutions might consume a large
amount of computing resources because of the large number
of grid elements that need to be handled even in a moderately

complex problem. Moreover, in most cases one only has a
simplified and idealized knowledge on the cell shape and in-
ternal structure.

In this paper, we are describing a multilayer Mie-like
model that was developed to study the effects of spherically
symmetric refractive index distributions on the scattering
patterns of light scattered from a single cell. We show that the
predictions of such model are similar to results of an FDTD
model. Then, we investigate different mitochondria distribu-
tions in the cell. It was shown that cancerous processes are
responsible for changes in the mitochondria distributions,
and therefore, detection of such changes is of great interest.
We also study the effect of internucleic structures. We dem-
onstrate how high and low spatial frequency (hence detailed
fine structure) fluctuations in the refractive index of the nu-
cleus affect the light scattering.

2. Models and Methods

2.1. The Multilayer Sphere Model. The basic multilayer
sphere model for electromagnetic scattering was described in
the literature long ago [4, 21]. Enhancements to the model
and to the computational algorithms were described later
[10, 11, 22, 23]. The basic model is depicted in Figure 1. We
are using the notation of Kerker [4].

In Figure 1,

αi = 2πri
λi

, 1 ≤ i ≤ L, (1)

is the Mie size parameter of the ith spherical shell which has
a radius ri measured from the cell center. λ0 is the wavelength
of the radiation in the external medium (with index m0). mi

is the (possibly complex) refractive index of the respective
layer.

Obtained from the multilayer Mie model are the Mie
scattering coefficients an and bn which are equivalent to, but
somewhat more complicated from, the coefficients in the
case of a homogeneous sphere (one-layer model) [4]. The
index n is used in summations of Mie coefficients as will be
outlined below. The coefficients an and bn are given as a ratio
of two determinants.
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Figure 1: Multilayer sphere model with L layers and zero indexed
environment parameters. A plane electromagnetic wave is coming
from the left.

where primes denote the derivative of the respective function
and the various functions in (2) are outlined below [4, 24, 25]

ψn(x) = √0.5πxJn+1/2(x),

χn(x) = −√0.5πxNn+1/2(x).
(3)

These are the Ricatti-Bessel functions of the first and
second kind, respectively, and Jn+1/2(x) and Nn+1/2(x) are
the half integral-order Bessel functions of the first and the
second kinds (the second kind function called also Neumann
function).

The function ζn(x) is the Ricatti-Bessel function of the
third kind defined by

ζn(x) = ψn(x) + iχn(x). (4)

The solution for bn can be obtained from that of an by
raising the “m’s” from the even numbered rows of the
determinants to the odd numbered rows immediately above.
The actual dimensions of the determinants depend on the
number of layers in the model and are given by

dim = 2L, (5)

where L is the number of layers. We investigated a model
which contains up to 4 layers, which gives us determinants
with dimensions of 8× 8.

Knowing an and bn, we can calculate the amplitude of the
scattered electromagnetic waves in a given scattering angle θ

and in any of the two possible polarizations: parallel and per-
pendicular

S1(α,m, θ)

=
∞∑

n=1

2n + 1
n(n + 1)

{an(α,m)πn(cos θ) + bn(α,m)τn(cos θ)},

S2(α,m, θ)

=
∞∑

n=1

2n + 1
n(n + 1)

{an(α,m)τn(cos θ) + bn(α,m)πn(cos θ)}.
(6)

In the case of multilayer model, the Mie size parameter
and the complex refractive index are vectors with one com-
ponent for every layer. The angular functions πn and τn are
defined by

πn(cos θ) = P(1)
n (cos θ)

sin θ
,

τn(cos θ) = d

dθ
P(1)
n (cos θ),

(7)

where

P(1)
n (x) = 1

2nn!

(
1− x2)1/2 dn+1

dxn+1

(
x2 − 1

)n
(8)

is the associated Legendre polynomial of order n and degree 1
[4].

The corresponding measurable intensity functions can be
obtained from the amplitudes (6) by

i1(α,m, θ) = |S1(α,m, θ)|2,

i2(α,m, θ) = |S2(α,m, θ)|2.
(9)

In a computer code, an important consideration to be
made is the number of terms nc to be taken for the amplitude
series (6) in order to preserve the required numerical preci-
sion. A relatively simple criterion for the number of terms
exist in the literature [26–28]

nc = Round
(
α + 4.05α1/3 + 2

)
, (10)

where the Round function means rounding to the nearest
integer. It can be seen by a simple calculation that the size pa-
rameter α for a typical case of biological cell with a radius
of 5 μm and the wavelength of 0.5 μm is approximately 63.
Therefore, the number of terms required is 81.

2.2. Mitochondria and Nucleus Refractive Index Fluctuations
Distribution in the Multilayer Model. In order to study the
mitochondrial distribution effect on the light scattering
pattern of the cell, we divided the cell interior to 4 parts or
zones as depicted in Figure 2: the nucleus (1), the perinuclear
zone (2), the mid zone (3), and the membrane zone (4). The
surrounding media is composed Extra Cellular Fluid (ECF).
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Figure 2: 4 layer sphere model: (1) Nucleus, (2) Perinuclear zone,
(3) Mid zone (4) membrane zone. The surrounding is Extra Cellular
Fluid (ECF).

We assume that the mitochondria distribution is repre-
sented by an equivalent distribution of refractive index in
the cytoplasm region of the cell. Different cell types or states
manifest themselves in the existence of certain amount of
mitochondria in one of the cytoplasm zones defined above.
The radii of the nucleus and of the membrane zone (i.e.,
whole cell’s radius) are taken from the literature [17] as
well as the refractive indices of the various parts of the cell
and its environment. Since we divided the distance from the
nucleus membrane to the cell membrane into three equal
parts, the radii of the perinuclear zone and the mid zone are
also determined.

The equivalent refractive index is the volume average of
the cytoplasm and the mitochondria refractive indices in
a certain zone. In order to calculate the volume averaged
refracted index, we used the following formulas:

mavr,i = vmito,i mmito + vcyto,i mcyto,

vmito,i = 1
r3
i − r3

i−1

Ni∑

j=1

ρ3
mito, j ,

vcyto,i = 1− vmito,i,

(11)

where, i: zone index, that can takes one of the values 2,3
or 4 for perinuclear, mid and membrane zone respectively;
mmito,mcyto: refractive index of the mitochondria and the
cytoplasm respectively; vmito,i, vcyto,i: volume fraction of mi-
tochondria and cytoplasm respectively in zone i; mavr,i:
average (effective) refractive index of the zone i; ri: radius of
the zone i, measured from cell’s center; ρmito, j : radius of the
jth mitochondrion (in the zone i); Ni: number of mitochon-
drion in the zone i.

In (11) above, the total mitochondria volume can be cal-
culated as the sum of all the single mitochondrion volumes
in the respective zone i. Every mitochondrion is modeled as
a sphere with radius ρmito, j .
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Figure 3: Forward scattering intensity as a function of scattering
angle. Full lines: analytic multilayer Mie model. Dashed lines:
Numerical FDTD model from Figure 2(a) of Su et al. [18] showing
similar behavior. Both perinuclear mitochondria (blue) and near
membrane mitochondria cases (red) are shown.

Changes in the nucleus might result in coarser or fine
structures of the refractive index at the nucleolus compared
to a normal cell. This means lower or higher spatial frequency
content of the refractive index fluctuation in the nucleolus. In
the multilayer model it is natural to approximate the nucleus
refractive index fluctuations as a nucleus with N spherical
shells with spatial frequency of 0.5Nr−1

nuc cycles/μm, where
rnuc is the radius of the nucleus in microns. The refractive
index of odd shells is mavr − Δm and of even shells is mavr +
Δm where Δm is relatively small amount.

3. Results

3.1. Comparison with FDTD Model. The details of the near
forward scattering (0–10 degrees) pattern of the average
polarization are shown in Figure 3 below. For comparison,
the data from Figure 2(a) of Su et al. [18], which is a result
of FDTD computation for a similar geometry, is plotted in
dashed lines. Refractive indices and radii were taken to match
Su et al. [18]. However, randomization of the mitochondria
locations was neglected and replaced with spatial averaging
as discussed in Section 2.2. The results of both calculations
are very similar for both perinuclear mitochondria and near
membrane mitochondria.

3.2. Mitochondria Distribution Effects. For further investiga-
tion of the effects of different mitochondria distributions,
the multilayer model was run with the following parameters.
These parameters are taken from previous publications [17,
18] and their values are summarized in Table 1. The radii of
zones 2, 3, 4 in the cytoplasm (see Figure 2 above) were taken
to be equal.

Based on these parameters, the scattering intensities fun-
ctions i1 and i2 (parallel and perpendicular polarizations
resp.) were plotted. Figures 4(a) and 4(b) show the intensities



International Journal of Optics 5

0 20 40 60 80 100 120 140 160 180
10−6

10−4

10−2

100

102

104

106

108
Parallel scattering from different mitochondria distributions

Scattering angle (deg)

No mitochondria
Perinuclear

i1
-p

ar
al

le
li

n
te

n
si

ty
(a

.u
.)

Midzone
Near-cell membrane

(a)

0 20 40 60 80 100 120 140 160 180
10−6

10−4

10−2

100

102

104

106

108

Scattering angle (deg)

No mitochondria
Perinuclear

Perpendicular scattering from different mitochondria distributions

i2
-p

er
pe

n
di

cu
la

r
in

te
n

si
ty

(a
.u

.)

Midzone
Near-cell membrane

(b)

Figure 4: Scattered intensities as a function of scattering angles for different mitochondria distributions. (a) i1 parallel polarization, (b) i2
perpendicular polarization. The different colors represent different mitochondria distributions.

Table 1: Summary of simulation parameters.

Item Value Units Comments

Number of
mitochondria

180 No. In the cytoplasm

Mitochondrion radius 0.35 μm

Laser wavelength 0.488 μm For argon laser

Cell’s radius 7.50 μm

Nucleus radius 2.50 μm

Extracellular fluid’s
index
of refraction

1.35 No.
Relative to

vacuum

Cytoplasm’s index
of refraction

1.37 No.
Relative to

vacuum

Mitochondria’s index
of refraction

1.42 No.
Relative to

vacuum

Nucleus’ index of
refraction

1.39 No.
Relative to

vacuum

as a function of the scattering angle (forward is a zero scat-
tering angle) for a few mitochondria distribution of interest.
Due to the exponentially decaying nature of the intensities,
the magnitude is shown in logarithmic scale in order to see
the behavior in large scattering angles.

Since the overall differences between cases are small, we
focus on side-scattering which is related to cell structure.
Figure 5 zooms into this region of interest to show the dif-
ferences in the i2 side-scattering between mitochondria
distributions. Here mitochondria positions were randomized
ten times for each distribution to see the variance of theses
different situations. One can deuce from the figure that the
further the mitochondria displaced from the nucleus the

stronger is the side scattering. Similar results can be obtained
for the i1 intensity.

Finally, as mentioned before, it is a common practice in
cell cytometry to plot side scattering intensity versus forward
scattering intensity in order to cluster different cell types.
This allows the application of a wide array of classifiers and
clustering algorithms. Therefore, we plotted the results from
Figures 4 and 5 in such manner for the different mitochon-
dria distributions. The result is presented in Figure 6 below.

3.3. Nuclear Fine Structure Effects. In order to study the ef-
fects of the nuclear fine structures on the light scattering
pattern we used the multilayer model with several spatial fre-
quencies in the nucleus.

The results for homogenous nucleus and nucleus with 25,
37, 50 layers of refractive index modulation (spatial frequen-
cy of 5, 7.5, 10 cycles/micrometer) are depicted in Figures
7(a), 7(b) and 7(c) below.

We observe major differences between homogenous nu-
cleolus and multilayered nucleus. Similar results are obtained
for the i2 scattering intensity.

4. Discussion and Conclusions

We have developed and implemented a MATLAB multilayer
Mie-like model for the scattering of light from biological cells
that have internal structures with spherical symmetry. The
multilayer Mie-like model can be used for exvivo and invivo
simulation of light scattering from biological cells.

The model is somewhat simpler than the complex Finite-
Difference Time-Domain (FDTD) cell models that were re-
cently published and used by several groups [14–18, 29].
We have showed in Figure 3 that the multilayer model gives
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Figure 5: Side-scattering intensity i2 for different mitochondria
distributions. For each different distribution (represented by dif-
ferent color) 10 realizations of the mitochondria positions were
randomized to show the variance in scattering intensity.

similar results as the FDTD model for cases having spherical
symmetry in the refractive index distribution in the cell. For
both perinuclear distributed and near-membrane distributed
mitochondria, there is a very reasonable equivalence between
the simplified analytical multilayer Mie model and the more
complicated FDTD model in case of spherical symmetry.

The effect of the mitochondria distribution and quantity
on the cell’s light scattering pattern is an example to a cellu-
lar-based optical diagnosis method [18]. It has been shown
that mitochondrial aggregation near the nuclear periphery
will occur in normal cells in preparation for mitosis, while in
the rest of the normal cell’s life the mitochondria is distrib-
uted randomly in the cytoplasm. It also has been observed
that mitochondrial hyperplasia can be encountered in tu-
mors from different organs, (also called oncocytomas) [30].
In Figure 4, which plots the scattering patterns of the 3 cell
types on a log scale, the scatter patterns of the 3 cell types
appear similar. However, when the data is plotted on a linear
scale, differences between normal (perinuclear mitochon-
dria), precancerous (midzone mitochondria), and cancerous
(near-membrane mitochondria) cells begin to emerge, most-
ly for the side scattering intensity (shown in Figure 5), with
the fraction of scattered light being roughly 30% higher in
cancerous cells than normal or precancerous cells. The for-
ward scattering component is slightly less sensitive to the
location of mitochondria.

These results are consistent with earlier findings in flow
cytometry that show that the side scatter component is more
sensitive to cell structure, while the forward scatter compo-
nent is more sensitive to cell size [2]. Moreover, plotting the
simulation output on a scatter plot, as is frequently done in
flow cytometry data, reveals that the 3 cell groups can be
easily classified. The ability to assess intracellular structures
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Figure 6: Scatter plot of the i2 forward scattering intensity versus
the i2 side scattering intensity for the 10 realizations of each of the
3 different mitochondria distributions. This plot clearly shows the
differentiation between the cases and spread of each distribution.

such as location of mitochondria using flow cytometry can
add a new dimension to this well-established method.

Although the model is based on concentric spherical lay-
ers, the actual shape of cells frequently deviates from this
geometry. If the cells had a more oblong, ellipsoidal shape
(with the long axis perpendicular to the incoming incident
wave), we suspect that the scatter patterns would deviate
from Figures 4–6 in that there would be less light scattered in
the 90◦ direction, while there would be more light scattered
in the forward direction. Alternatively, if the cells had long
dendritic-like processes, we expect higher intensity in the 90◦

direction and less light in the forward direction. Of note,
many cancers originate in epithelial tissue that has more
spherical/ellipsoidal shape than a dendritic shape [31].

While noncancerous cells often exhibit round or other-
wise ordered shape, cancerous cells often appear with ir-
regular shapes. The lack of symmetry of such cells prevents
simple analytical modeling, enforcing regression to the more
complex FDTD models. In such cases, the importance of
the analytical Mie model is double. First, as explained in
the introduction, scattering at large angles is related to sub-
cellular organs and unrelated to the overall shape of the cell.
Thus, the Mie model described here is a fair estimate of the
scattering at large angles even for irregular-shaped cells. Se-
cond, since each cell is measured with respect to a random
frame of reference, the average scattering from a population
of irregular-shaped cells is similar to that of a hypothetical
spherical cell described by the Mie model presented here.

Another example to a possible diagnostic feature is the
nonuniformity of the refractive index in the cell nucleus. It is
known that the refractive index in a certain point in the
nucleus (and also in the cell) is a function of several factors,
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Figure 7: (a) Parallel component of the scattered intensity i1 as a function of the scattering angle for a nucleus with refractive index fluctu-
ations (layers) of 5 cycles/micron spatial frequency. (b) Parallel component of the scattered intensity i1 as a function of the scattering angle
for a nucleus with refractive index fluctuations of 7.5 cycles/micron spatial frequency. (c) Parallel component of the scattered intensity i1 as
a function of the scattering angle for a nucleus with refractive index fluctuations of 10 cycles per micron spatial frequency.

including protein concentration [32]. As the cell goes
through its life cycle, the protein concentration in the nucleus
and hence the refractive index distribution is changing be-
cause of the preparation to and the beginning of the cell
mitosis [33]. Nucleus refractive index nonuniformity effects
on the light scattering pattern had been recently investigated
using FDTD methods [17]. The main result was that higher
frequency fluctuation in the nucleus refractive index results
in more scattering in the angles between 50 and 160 degrees.

It was also shown in the literature [34] that the nucleus of
cancer cells depicts internal structural changes, compared
with normal cells. These changes are specific to the cancer
type and can assist in diagnosis and staging.

Applying the multilayer Mie model, we can see that in
general, the scattering becomes higher as the spatial fre-
quency of the refractive index variation is higher. This is true
for high scattering angle, not in the forward direction but
from 10 to 20 degrees. This result is in general agreement
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with Drezek et al. [17] that used the FDTD method for
their simulation, although that in their simulation they used
refractive index patterns in the cytoplasm rather than in the
nucleus.

Another interesting feature that we see is the regular
peaks pattern that becomes visible for higher spatial frequen-
cies. This pattern is not present in the FDTD simulation [17].
The difference can be explained by the fact that we used very
regular periodic spherically symmetric structure of refractive
index distribution. The periodic structure is in fact like a
3D spatial diffraction grating, giving rise to many resonance
peaks in the diffraction pattern. The FDTD simulation [17],
on the other hand, used a non-periodic patterns like certain
number of organelles of specific size and refractive index
at specific locations or randomly generated refractive index
patterns with a certain range and frequency of fluctuations.
The randomness nature of the patterns they used was acted
as an averaging component that prevents the creation of re-
sonant peaks because of the random phase of the interfer-
ence. The resulting scattering pattern is much less coherent
as in our regular periodic case.

In the future, we intend to check its potential use in an
algorithm for a cell classification system. A single-cell classi-
fication algorithms are used routinely, for example, in a cell
cytometry equipment [2]. The behavior near the forward
direction probably can be used as a discriminating feature in
an automatic cell classifier.

Another potential application that can use this model is
the calculation of the invivo back-scattering from a tissue
bulk that composed of many cells, some of them depict a
pathology in a certain level. The purpose of the calculations
in this case is to enable a classification of invivo intracell level
pathologies or the staging of pathology as a part of a therapy.
In this case, one needs to compute the aggregate effect of the
scattering from many cells and also incorporate the tissue
matrix and the (possibly variable) blood effect on the back-
scattering.
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Dual-source swept-source optical coherence tomography (DS-SSOCT) has two individual sources with different central wave-
lengths, linewidth, and bandwidths. Because of the difference between the two sources, the individually reconstructed tomograms
from each source have different aspect ratio, which makes the comparison and integration difficult. We report a method to merge
two sets of DS-SSOCT raw data in a common spectrum, on which both data have the same spectrum density and a correct
separation. The reconstructed tomographic image can seamlessly integrate the two bands of OCT data together. The final image
has higher axial resolution and richer spectroscopic information than any of the individually reconstructed tomography image.

Optical coherence tomography (OCT) is a powerful imaging
technology for producing high-resolution cross-sectional
images of the internal microstructure of materials and/or
biological samples. It has been widely used in medical
imaging and biological testing for more than ten years [1–4].
Swept-source optical coherence tomography (SS-OCT) [5, 6]
has significant signal-to-noise ratio and speed advantages
over time-domain OCT [7–9], in which, the broadband
laser swept source plays an important role. The linewidth
and output power of the source determinate the imaging
depth and sensitivity of an SS-OCT system. The bandwidth
of the light source determine the imaging axial resolution.
At current stage, most commercial available swept sources
have a bandwidth about 100 nm corresponding to an axial
resolution around 7.4 μm in air.

In some medical applications, when spectral feature
appears at a wavelength differing from the central wavelength
of the light source or the photo sensor, it could not be
investigated by the single-band OCT system. In order to
extract more spectral information and enhance the axial
resolution, simultaneously imaging at two distinct spectral
regions has been demonstrated by time-domain [10], full-
field [11], and spectral-domain [12, 13] OCT systems.
Actually, in all the reported dual-band OCT systems, the two
sets of band data are produced from the same light source. In
time-domain OCT, as the depth information is obtained by

means of depth scanning, both the reconstructed images of
different bands have the same image dimensions. An effective
and practical method for resolution enhancement in dual-
beam time-domain OCT had been reported by Baumgartner
et al. [14]. For the spectral-domain OCT, as two bands data
produced by the same source, the imaging ranges also have
the same depth range, if the spectrum data densities of those
two bands (associated with linear CCD array, grating device)
are the same.

In SS-OCT, the swept source stimulates the OCT system
by a series of wavelengths in a time sequence; a photo
detector then collects all the responses as Fourier series com-
ponents of the testing sample. Because the detector is only
sensitive to optical power, it loses the phase information in
the reflected/back scattered signal. At any moment, the signal
detected by sensor can be written as

I(ki) ≈ [E0(ki) + H(ki)E0(ki)]

× [E0(ki) + H(ki)E0(ki)]∗, i = 1, 2, 3, 4, . . . ,N ,
(1)

where E0(ki) is the electrical field with ith wavenumber
sent from the source, H(ki) represents the sample transfer
function, and I(ki) is the signal generated by the sensor.
[ ]∗ indicates conjugate, and N is the total number of the
wavenumbers. Assuming P(ki) = |E0(ki)|2, power spectrum
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Figure 2: Schematic diagram of the dual-source swept-source OCT system. PC: polarization controllers, FBG: fiber Brag grating. SOA:
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of the light source, the output of OCT system can be ex-
pressed by

I(ki) = P(ki)H
2(ki) + 2P(ki) Re[H(ki)] + P(ki). (2)

Re[H] represents the real part of H. Assuming P(ki) is an
ideal source which has a constant distribution and H2(ki)
is low frequency component that could be ignored, the
processed I(ki) becomes

Ip(ki)∝ Re[H(ki)]. (3)

The reconstruction of the sample in spatial domain (depth z)
is performed by an inverse Fourier transform:

h(z) = IFT
[
Ip(ki)

]
. (4)

Because h(z) is the inverse Fourier transform of a real
function, it contains a mirror portion. Many works have been
done to remove this artifact [15]. The nature of these works
is actually to make the intensity signal a complex signal. At
any time moment, as (3) and (4) are the results from one

wavelength, when all the Ip(ki)s with different wavenumbers
form a sequence, the internal structure of the sample can
then be extracted by

h(z) = IFT[ΣnH(ki)δ(ki − n)], (5)

where unit impulse function δ(ki − n) is used to separate all
Fourier series components with discrete k numbers.

In SS-OCT, each wavelength independently makes its
contribution to the reconstruction as a Fourier series com-
ponent. This feature gives SS-OCT a possibility to increase
the bandwidth by combining multiple swept sources that
have different central wavelengths. Figure 1 shows two swept
sources, S1(k) and S2(k), with different parameters: central
wavelengths or wave numbers (k01, k02); spectral-line
interval (Δk1, Δk2); impulse intensity (A1, A2). Spectral-
line interval is given by the sweeping speed of the source and
sampling rate of the interface. Impulse intensity is given by
the output power of the source.

We have built a dual-source SS-OCT system, which is
illustrated in Figure 2 [16]. This OCT system consists of



International Journal of Optics 3

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

12
20

12
30

12
40

12
50

12
60

12
70

12
80

12
90

13
00

13
10

13
20

13
30

13
40

13
50

13
60

13
70

13
80

13
90

(a) Power spectrum of 1300 nm source

15
18

15
23

15
28

15
33

15
38

15
43

15
48

15
53

15
58

15
63

15
68

15
73

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

(b) Power spectrum of 1550 nm source

Figure 3: Power spectrums of (a) 1300 nm swept source; (b) 1550 nm swept source.
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Figure 4: OCT images of a finger. (a) Reconstructed by 1300 nm swept source; (b) reconstructed by 1550 nm swept source.

two synchronized swept sources, a wavelength-division mul-
tiplexing, and a sharing common path fiber-lensed probe.
The dual swept source comprises of two extended ring cavity
semiconductor lasers and two high-speed optical narrow-
band intracavity filters with a single polygonal scanner. The
rotating polygon scanner simultaneously tunes the two wave-
lengths of two lasers synchronously. Two broadband semi-
conductor optical amplifiers (SOAs) at 1310 nm 1550 nm
central wavelengths were used as the cavity gain medium.
The inline miniature polarization controller (PC) can reduce
cavity lengths. The ratio of the output coupler of 60/40 was
used (60% of the power is coupled out) for both cavities,
while a 10% output power of 1310 nm band was connected
to a fiber Brag grating (FBG) the swept trigger signal. The
simultaneous swept laser outputs in 1310 and 1550 nm bands
were connected to two matched optical circulators and then
connected to a broadband 1310/1550 WDM that outputs two
sources into a single-mode optical fiber (SMF). The SMF was
fusion-spliced with a home-made GRIN focused lens. The
light reflected from the glass-air surface of the GRIN lens, as
a reference arm, together with the light reflected from inside
sample forms a common-path configuration [17].

The power spectrums of two swept sources are shown in
Figures 3(a) and 3(b), and two corresponding OCT images
obtained from a human finger are shown in Figures 4(a)
and 4(b). It is obvious that two OCT images have different
aspect ratios in the imaging depth. In order to merge two
OCT images together, one image has to be extended to the
same dimension as the other one. One possible way is to
find the imaging-depth ratio (IDR) of the two images by
comparing two depth ranges of lasers. For a swept source

with a Gaussian-profile spectral envelope, the depth range Δz
is given by [18],

Δz = λ2
0Ns

(4nΔλ)
, (6)

where λ0 is the central wavelength of the swept source, Δλ
is the full-width at half-maximum (FWHM) of the spectral
envelope (tuning range), Ns is the number of samples within
FWHM range of the Δλ, and n is the group refractive index
of the sample.

It is difficult and inaccurate to determine the Δλ by
measuring FWHM of the spectrum, when the shape of the
spectrum is irregular rather than a Gaussian profile. For
example, if the profile slope at the half-maximum position
is very low, a small change of the amplitude may introduce
a very large change of Δλ value. As a matter of fact, the IDR
of the two sources based on Δλs calculated by FWHM does
not reflect the real IDR of two reconstructed OCT images
due to the inaccurately measured Δλs. In order to find the
real IDR of two sources, we made a simple experiment with
the DS-SSOCT system. A small mirror is placed directly in
front of the common path probe, and then the number of
the interference fringe peaks in OCT signal of each source is
counted. The ratio between two numbers represents the IDR
of two OCT images.

For the system used in our experiments, the interference
peak number from 1300 nm source is 45, and peak number
from 1550 nm source is 18. Therefore, the IDR is 2.5. To
verify this method, we have used a testing sample which
has 4-layer glass slice. The A-scan OCT images obtained by
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Figure 5: A-scan OCT images of a 4-layer glass sample. (a) A-scan image obtained by 1550 nm source; (b) A-scan image obtained by 1300 nm
source.
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Figure 6: Raw SSOCT signals of finger. (a) SSOCT signal of finger obtained by 1300 nm source; (b) SSOCT signal finger obtained by 1550 nm
source.

1550 nm source and 1300 nm source are shown in Figures
5(a) and 5(b), respectively. The IDRs of four-peak positions
between Figures 5(a) and 5(b) are given by R1 = 101/41 ∼=
2.5; R2 = 143/59 ∼= 2.4; R3 = 193/77 ∼= 2.5; R4 =
221/89 ∼= 2.5. Averagely, we take the IDR as 2.5.

As mentioned above, SS-OCT has capability to increase
the bandwidth by combining multiple swept sources that
have different central wavelengths. The integrated dual-
source SS-OCT spectrum is given by

I(kc) = a1S
′
1(kc)H(kc) + a2S

′
2(kc)H(kc), (7)

where kc is the new k scale in the integrated discrete
spectrum, and S′1(kc), S′2(kc) are scaled S1(k), S2(k), in the
newly integrated spectrum. In order to adjust contribution
of each source, the coefficients a1, a2 are introduced for each
source.

According to the spatial-spectral scaling property of
Fourier transform, to reduce the size in spatial domain,
the size in spectral domain must be increased. For the
DS-SSOCT described above, considering the IDR is 2.5,
the SSOCT signal obtained by 1300 nm source should be
scaled up by a factor 5, and the SSOCT signal from 1550
nm should be scaled up by a factor of 2. Here, to scale
up a spectrum by a factor s means to zero-padding s-1
zero/s between two neighboring spectral lines. Figures 6
and 7 show the SSOCT signals before and after spectrum
scale changes. In Figures 6(a) and 6(b), the spectrums of
the two SSOCT signals have different spectral densities:
160 nm/1024 points and 50 nm/480 points for 1300 source
and 1550 source, respectively. Figures 7(a) and 7(b) have

been scaled up, so they have the same spectrum density, that
is, the same wavelength difference Δw per interval Δkc in the
integrated spectrum. Therefore, their reconstructed images
have the same depth dimensions. The Δw per Δkc can be
easily calculated by the ending wavelength we and starting
wavelength ws as well as the total spectral lines ns in each
source: Δw = |we − ws|/ns. The total spectral separation
between two SSOCT signals in the integrated spectrum is
given by: np = |w1e −w2s|/Δw, where w1e and w2s are ending
wavelength of SSOCT from source number 1 and starting
wavelength of SSOCT from source number 2, respectively.

In the DS-SSOCT described above, for the source
number 1, 1300 nm swept source, Δw = 162 nm/1024
points (see Figure 3); hence, spectral lines per nm is 6.3.
The wavelength separation between two bands: 1550 nm
−1300 nm = 250 nm. Considering the scale-up factor of
1300 nm source is 5, the separation spectral lines between
two source signals: 250 × 6.3 × 5 = 7875 points. Figure 8
shows the integrated spectrum of the DS-SSOCT signal
I(kc), where the a1 = a2 = 1, as defined in (7). The final
reconstructed OCT image is obtained by

h(z) = log(|Trunc{IFT[I(kc)]}|), (8)

where IFT[ ] denotes inverse Fourier transform, Trunc
means that, in the reconstructed OCT image, only the central
piece of (2) is kept, and all other mirror pieces are truncated
off, while log( ) is logarithm processing to nonlinearly
emphasize the subtle details.

Figure 9 shows the reconstructed OCT image from the
integrated spectrum. Two parts of the SSOCT signals are
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Figure 7: Scaled SSOCT signals of Figure 6. (a) scaled SSOCT signal obtained by 1300 nm source; (b) scaled SSOCT signal obtained by
1550 nm source.
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Figure 9: OCT image reconstructed from integrated spectrum.

seamlessly integrated together, which has richer spectrum
information and depth resolution than any of the individu-
ally reconstructed OCT image, since the integrated spectrum
has broader bandwidth than other individual two.

In this paper, a new method for integrating the SSOCT
signals produced by a dual-source swept-source OCT sys-
tem is proposed. The resulting OCT image based on the
integrated spectrum contains richer spectral and resolution
information than any of the individually reconstructed OCT
images. This method can be extended to multiple sources of
the synchronized swept-source OCT system.
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