Light scattering characterization of
mitochondrial aggregation in single cells
Xuan-Tao Sua, Kirat Singha, Wojciech Rozmusa, Christopher Backhouseb, and Clarence
Capjackb
b

a
Department of Physics, University of Alberta, Edmonton, T6G 2G7, Canada
Department of Electrical & Computer Engineering, University of Alberta, Edmonton, T6G 2V4, Canada
xtsu@phys.ualberta.ca

Abstract: Three dimensional finite-difference time-domain (FDTD)
simulations are employed to show that light scattering techniques may be
used to infer the mitochondrial distributions that exist within single
biological cells. Two-parameter light scattering plots of the FDTD light
scattering spectra show that the small angle forward scatter can be used to
differentiate the case of a random distribution of mitochondria within a cell
model from that in which the mitochondria are aggregated to the nuclear
periphery. Fourier transforms of the wide angle side scatter spectra show a
consistent highest dominant frequency, which may be used for size
differentiation of biological cells with distributed mitochondria.
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1. Introduction
Light scattering techniques have been reported to provide a label-free characterization of
biological cells or tissues [1–5]. Mourant et al. suggested that organelles with sizes similar to
that of mitochondria are the dominant scatterers for the light scattering measured from intact
biological cells [4]. The contributions of organelles (for example, mitochondria) to light
scattering from biological cells have also been studied by the finite-difference time-domain
(FDTD) simulations [1,2], where the FDTD method is based on Yee algorithm [6] and can be
used to numerically solve Maxwell’s equations [7]. Recently, Su et al. reported that
mitochondria dominate the 2D light scatter patterns from human Raji cells [8], and the
experimental results were compared with FDTD simulations. A better understanding of light
scattering from mitochondria in human cells requires further quantitative measurements
and/or simulations. For example, the population of mitochondria in biological cells can have
different distributions which in turn may affect the observed light scattering. It has been
recently observed that mitochondrial aggregation to the nuclear periphery will occur in normal
cells, while mitochondria are randomly distributed in cancerous cells [9]. Peri-nuclear
clustering of mitochondria has also been observed in anti-cancer agent treated malignant cells,
while mitochondria are widely distributed in the untreated malignant cells [10,11].
Fluorophore-labeling techniques have been used to observe these mitochondrial distributions
in cells [9–11]. A label free, non-invasive light scattering method that could detect
mitochondrial aggregation in single cells would be useful in clinical cancerous cell detection.
In this paper, we explore the use of a light scattering approach for inferring mitochondrial
distributions in single biological cells. In particular, we compare scattering from a cell model
in which mitochondria are randomly distributed with that in which the mitochondria are
aggregated to the nuclear periphery. Simulations of light scattering from these two types of
cell models are performed by using a 3D FDTD algorithm. A two-parameter light scattering
plot method is proposed for differentiating these two cases based on the analyses of the FDTD
light scattering spectra. Although real biological cells are more complex than the models
considered here because of the presence of mitochondria of varying sizes and non-spherical
structures, and the presence of fusion and interconnected networks [9,12], this is a first step
towards understanding the effects of mitochondrial distributions on the light scattering from
human cells.
2. Simulation methods
A Monte Carlo computer code was written to generate three different mitochondrial
distributions in single cell models. In one case, the mitochondria are aggregated to the nuclear
periphery and will be referred to as the “normal cell” model. For the second case, the
mitochondria are randomly distributed within the cell and will be referred to as the “cancer
cell” model. For the third case, the mitochondria are aggregated to the cell membrane and this
case represents an extreme state of a “cancer cell” model. The motivation for referring to the
three different mitochondrial distribution models as normal or cancerous cells is that the
corresponding distributions are typically found in actual biological cells [9–11]. The geometry
for these models is shown in Fig. 1(a). Both the cell and the nucleus are assumed to be
centered at the origin. Zones I, II, and III in Fig. 1(a) are used to differentiate the different
mitochondrial distributions by counting the mitochondria numbers centered in each of these
zones. For example, the number of mitochondria in zone I should be larger for mitochondrial
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aggregation to the nucleus periphery as compared with the randomly distributed mitochondria
in a cell model. To generate the different cell models, the probability ρ of finding a
mitochondrion at a distance R (center of a mitochondrion to the center of the nucleus) in a
cell is given as (all sizes in µm):
d

ρ = ρ 0 exp( − ( Rd − rn − rm − δ m ) / α )

(1)

ρ = 0.5

(2)

ρ = ρ 0 exp( − ( rc − Rd − rm − δ m ) / α )

(3)

Here r is the radius of the nucleus, r is the radius of the mitochondrion, r is the radius
n

m

c

of the cell, and δ is the smallest distance between any two organelles, ρ 0 and α are
m

constants for the probability distribution. In this paper the thicknesses of zone I and zone III
are defined as r + δ , where δ d is a constant smaller than ( r − r − 2 r ) / 2 . In this case, the
m

d

c

n

m

thickness of zone II is given by ( r − r − 2( r + δ )) . The Eq. (1) above describes mitochondrial
aggregation to the nuclear periphery, Eq. (2) describes randomly distributed mitochondria
within the cell and Eq. (3) describes mitochondrial aggregation to the cell membrane.
c

n

m

d

Fig. 1. 3D biological cell models and FDTD scatter spectra. (a), Geometry for the study of
mitochondrial distributions in single cells. (b), randomly distributed mitochondria in a single
cell. (c), mitochondrial aggregation to the nuclear periphery in a single cell. Blue spheres
denote the mitochondria centered in zone I, green in zone II, and red in zone III. The cell has a
nucleus (cyan color) centered at the origin. The cell cytoplasm is shown in magenta. (d) and (e)
are FDTD 3D light scattering pattern and 2D light scattering pattern for cell model (b),
respectively. (f) is an FDTD 2D light scattering pattern for a cell model without mitochondria.

In this paper, we use ρ = 0.6 , α = 0.1 µm, δ = 0.3 µm, δ = 0.01 µm, r = 0.4 µm [1],
0

d

m

m

rn = 3.0 µm and rc = 5.0

µm [13] for the modeling of the biological cells. The total mitochondria
number is fixed as 180 in a single cell model, which occupies a volume fraction of 9.22%
(180 mitochondria with radii of 0.4 µm) in a cell of 5.0µm in radius [1]. The constants here
are chosen to give a reasonable mitochondrial distribution. For example, if α is set to 0.01µm
instead of 0.1µm in Eq. (3), all the 180 mitochondria will be distributed in Zone III as tested
for different random seeds. Eight different random seeds are assigned to generate eight
realizations for each different mitochondrial distribution via a Monte Carlo method as
determined by Eqs. (1) to (3). In this case, for each random seed the mitochondria can have
three different distributions. For the same kind of mitochondrial distribution, the eight
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different random seeds generate eight realizations but do not significantly change the
mitochondria numbers in each of the zones I, II and III. Note that all the eight realizations for
each different mitochondrial distribution were generated arbitrarily and we believe that they
are representative for the differentiation of the different mitochondrial distributions.
Visualizations of the representative 3D biological cell models are shown in Figs. 1(b) and (c),
for a “cancer cell” and a “normal cell” model, respectively. There are 36 mitochondria in zone
I, 67 in zone II, and 77 in zone III for the distribution given by “cancer cell” model Fig. 1(b).
For the “normal cell” model as shown in Fig. 1(c), there are 142 mitochondria in zone I, 33 in
zone II, and 5 in zone III.
Three dimensional FDTD simulations are used to study light scattering from these three
mitochondrial distribution models. In this paper, a Liao boundary condition [14] is used to
terminate the FDTD 3D grids, due to its improved performance over the Mur boundary
condition [15], and the reduced computational storage memory requirements as compared
with the perfectly matched layer (PML) boundary condition [16]. The numerical simulation
results obtained with our FDTD algorithm have been shown agreed well with analytical Mie
theory results [2]. The step size that is used here is approximately 40nm, with an incident
wavelength of 632.8nm. The geometry for the FDTD code is shown in Fig. 1(a). The incident
plane wave has a wave vector kˆ along the ẑ direction, and is polarized along the x̂
i

direction. The scattered wave kˆ has an azimuth angle ϕ , and a polar angle θ . The refractive
index for the cell cytoplasm is 1.38, 1.39 for the nucleus, and 1.42 for the mitochondria [1,8].
The surrounding medium has a refractive index of 1.334. For the 3D FDTD simulation of
each cell model in this paper, it requires approximately 24 running hours with parallel
computations on 64 CPUs, each with a memory of 0.5GB.
s

3. Results and discussion

In order to study the mitochondrial aggregation effects in the single biological cell models,
eight arbitrary different random seeds are used to generate twenty four realizations as
described above (each kind of mitochondrial distribution has eight different realizations). The
representative 3D scatter pattern and 2D scatter pattern for the cell model in Fig. 1(b) are
shown in Fig. 1(d) and (e), respectively. The 2D scatter patterns are the contour plots of the
3D scatter patterns in a plane surface. Figure 1(f) is an FDTD 2D scatter pattern for a cell
model without mitochondria (with only the cell cytoplasm and a nucleus as shown in Fig.
1(b)). These 2D scatter patterns are similar to those obtained by using a 2D cytometric
technique (experimental patterns are compared with FDTD simulations), where the cell
nucleus and the cell cytoplasm contribute to band structures and the mitochondria contribute
to small scale 2D structures [8]. The 3D scatter patterns contain rich information about the
biological cell models. As a first step, in this paper we perform an analysis of the scattered
light for a given range of polar angle θ with the azimuth angle fixed at ϕ = 90 degrees, i.e., a
cross section scanning of the 2D light scattering patterns.
In Fig. 2, we show the light scattering spectra of different cell models in different angular
ranges and the method to differentiate mitochondrial distributions in single cell models. In
Fig. 2(a), the cases for different mitochondrial distributions are shown in the angular range
0~10 degrees. For each case of mitochondrial distribution in Fig. 2(a), there are eight different
realizations. The inset in Fig. 2(a) shows a comparison of results for the following cases: (i)
mitochondrial aggregation to the cell membrane, (ii) a mitochondrial random distribution and
(iii) mitochondrial aggregation to the nucleus, over the entire scattering polar angle. Figure
2(b) and Fig. 2(c) each give the scattered intensities for eight different realizations of a
random mitochondrial distribution. Figure 2(b) gives the scattered intensity in the small angle
forward scattering range (0 to 1 degrees) while Fig. 2(c) gives the side scattered intensity (85
to 95 degrees). Intensity variations in Fig. 2(b) are far less than the minimum intensity
variation between different cases of mitochondrial distributions such as those shown in Fig.
2(a). Figure 2(c) shows that the light scattering distributions in the side scatter angular range
have a more complex structure as compared with the small angle forward scatter shown in
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Figs. 2(a) and (b). Small angle forward scatter and side scatter are the two angular ranges that
are of most interest in this paper. Integrations of the area under the light scattering intensity
spectra as shown in Figs. 2(a), (b) and (c) in these angular ranges are performed in order to
differentiate the three cases of mitochondrial distributions.
Two-parameter light scattering plots have been used in cytometry to give better
understanding of the cellular measurements [17]. In Fig. 2(d), we construct two-parameter
light scattering plots. The vertical axis shows the integration of the scattered light intensity for
small angle forward scattering (0~5 degrees), while the horizontal axis shows the integrated
intensity of light scattering around the 90 degree scatter (85~95 degrees). The open signs are
for the twenty four realizations with a cell radius of 5.0µm, and the solid signs are another six
realizations with a cell radius of 5.1µm. The three different mitochondrial distribution cases
that are considered lead to different results along the horizontal axis as shown in Fig. 2(d).
However the more distinctive differences between the three cases are along the vertical axis,
which is in the small angle forward scattering. In order to quantify the difference in scattering
between the different mitochondrial distribution models, the mean and standard deviation
(SD) of the intensity of different cases are calculated, for the values along the vertical axis in
Fig. 2(d). For the case of mitochondrial aggregation to the cell membrane, the mean is 0.7979
(arb. u.) with a SD of 0.0073 (arb. u.). The mean is 0.7234 (arb. u.) with a SD of 0.0073 (arb.
u.) for the case of randomly distributed mitochondria, while the mean is 0.6326 (arb. u.) with
a SD of 0.0031 (arb. u.) for the case of mitochondrial aggregation to the nucleus periphery.
The differences between the means of the “normal cell” models and “cancer cell” models are
0.1653 (arb. u.) and 0.0908 (arb. u.), which are at least 10 times larger than any SD of the
three different cases of mitochondrial distributions. As it is well known in conventional flow
cytometry, the small angle forward scattering is assumed to be determined by the overall cell
size [17,18]. Here we use the small angle forward scattering for the differentiation of
mitochondrial distributions. Thus we would like to study the effects of cell size variations on
the method of two-parameter light scattering plots. Two arbitrary realizations for each
mitochondrial distribution with a cell model radius of 5.1µm are generated. This is, for a cell
volume variation of 6.12% (that is, the 5.1µm cell model has a volume of approximately
106.12% that of the 5.0µm cell model). The nucleus size and position, the mitochondria size
and total numbers are kept unchanged. We found that the mean for the case of mitochondria
random distribution (eight realizations for the 5.0µm cell, and two realizations for the 5.1µm
cell) is 0.7200 (arb. u.) as compared with 0.7234 (arb. u.) for the eight realizations for the cell
size of 5.0µm in radius. Thus the case for the mitochondrial aggregation to the nuclear
periphery can still be well differentiated from the case where the mitochondria are randomly
distributed or aggregated to the membrane for a cell volume variation of 6.12% as shown in
Fig. 2(d).
Above we have discussed the two-parameter light scattering plots for the differentiation of
mitochondrial distributions in biological cell models with cell size variations. However other
cell components variations, such as the mitochondria size and volume fraction variations,
nucleus variations and biological cell shape variations may also change the small angle
forward scattering. In order to study this we have generated another three realizations for
mitochondrial random distributions. To study the effects of mitochondria variations on the
two-parameter light scattering plots method, we assume that each of the 180 mitochondria has
a radius of 420nm in a biological cell model of 5µm in radius. The nucleus radius is assumed
to be 3µm centered at the origin. In this case, the total volume variation of the mitochondria is
about 11.6% as compared with the case of 400nm mitochondria distributed in the 5µm cell
models. The nucleus size variation effect was studied assuming that the nucleus radius is
changed to 3.15µm while centered at the origin, and there are 180 mitochondria with radius of
400nm and the overall cell size is 5µm. This corresponds to a nucleus volume variation of
about 11.6% as compared with the case of a 3µm nucleus with overall cell size of 5µm.
Besides these two cases, we also considered the effects of cellular shape variation on the twoparameter light scattering plots method. We assume a cell has an ellipsoidal shape with the
three semi-axes of sizes 5.0µm, 4.9µm and 4.8µm. There are also 180 mitochondria of radius
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400nm and a nucleus of radius 3µm centered at the origin. In such a case, the cell volume
variation is about 5.9% as compared with the 5.0µm cell models with distributed
mitochondria.
The results for these three realizations with randomly distributed mitochondria are shown
in Fig. 2(d). The upper half open sign shows the result for the realization of a cell model with
a random distribution of mitochondria with a radius of 420nm. The lower half open sign
shows the result for a mitochondrial random distribution with a nucleus radius of 3.15µm.
And the left half open sign shows the result for the ellipsoidal cell model. The integrated
intensity in the small angle range of 0 to 5 degrees is 0.7132 (arb. u.), 0.713 (arb. u), and
0.7247 (arb. u) for these three realizations, respectively. Compared with the mean of 0.7234
(arb. u.) for the eight realizations of randomly distributed mitochondria, the mean for these
three realizations and the eight realizations of randomly distributed mitochondria is 0.7236
(arb. u.). Thus random mitochondrial distributions can still be well differentiated from the
cases of mitochondrial aggregation to the nucleus periphery or mitochondrial aggregation to
the membrane as shown in Fig. 2(d). Having considered the variations of the different
biological cell components, the two-parameter light scattering plots method developed here is
a promising technique for differentiating mitochondrial distributions in biological cells.

Fig. 2. A method for differentiating mitochondrial distributions in single biological cell models.
(a), light scattering spectra from different cell models in the scatter angular range 0~10 degrees.
(b), “zoomed in” results for the case of a random distribution of mitochondria as shown in (a).
(c), eight realizations of random distribution of mitochondria in the scatter angular range 85~95
degrees. (d), two-parameter light scattering plots for differentiating different mitochondrial
distributions.

In conventional cytometry, measurements of the small angle forward scatter intensity (0~5
degrees) are used to determine cell sizes [17,18]. The above results in this paper have shown
that the mitochondrial distributions in a biological cell can change the small angle forward
scatter intensity distributions. In this case, measurements of the small angle forward scatter
intensity are not accurate for biological cell size determination. We have recently developed a
Fourier transform method for size determination of micro-scale beads [19]. A Fourier
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transform method for size determination of biological cells with complex inner structures is
now introduced.
Figure 3(a) shows the light scattering spectra for four different cell models each with a cell
radius of 5µm (three models for the different mitochondrial distributions generated with the
same random seed and one model without mitochondria) over a wide angle side scatter range
(57.5~122.5 degrees). This is the angular range that may be detected by the recently reported
microfluidic cytometer [19] and the intensity fluctuations in this angular range can be well
characterized by a Fourier analysis. Fourier transforms are performed on these light scattering
spectra (Fig. 3(a)) and are shown in Fig. 3(b). The Fourier spectra show that there is a
consistent typical frequency component for the four different cell models at frequency 0.3231
(1/Degree). Note here we refer to the location of the typical frequency component but not the
frequency component amplitude. This highest dominant frequency determines the
homogeneous spherical scatterer size [19], and corresponds here to the overall size of the
biological cell models. Compared with the Fourier spectra from the cell model without
mitochondria, the mitochondria inside biological cells contribute many larger amplitude
frequency components lower than this typical peak frequency (Fig. 3(b)), especially in the
frequency range 0.1 to 0.2 (1/Degree). Fourier transforms are also performed on the other
twenty one realizations of mitochondrial distributions in biological cell models (5µm in
radius) as used in Fig. 2(a) in the angular range 57.5~122.5 degrees. The Fourier spectra of
these realizations further confirm that the location of the typical peak at a frequency 0.3231
(1/Degree) for the 5µm biological cells with distributed mitochondria.

Fig. 3. A Fourier transform method for better determination of biological cell sizes. (a), light
scattering spectra from different cell models in the angular range 57.5~122.5 degrees. (b),
Fourier transforms of the light scattering spectra as shown in (a).

In order to determine whether the above discussed Fourier analysis method can be used for
differentiating the size of biological cells with distributed mitochondria, a biological cell with
radius of 5.5µm is considered. This realization also has 180 mitochondria (400nm in radius),
and a nucleus of 3µm in radius centered at the origin. The Fourier analysis of the wide angle
side scatter in the angular range 57.5 to 122.5 degrees of this realization (Fig. 3(a)) has a
typical peak at frequency 0.3539 (1/Degree) (Fig. 3(b)). Compared with the 5µm cell models
which have a typical peak at 0.3231 (1/Degree), the frequency variation is about 0.0308
(1/Degree) for the size variation of 500nm. Since the Fourier analysis we used here has a
resolution of 0.0154 (1/Degree) in frequency, the Fourier analysis performed here can have a
resolution of 250nm when estimating the size of a biological cell. This resolution may be
further improved by performing a Fourier analysis on a wider light scattering angular range
with a shorter wavelength illumination [19]. Considering both the cases for biological cell
models with different mitochondrial distributions and biological cell overall size changes with
distributed mitochondria, the Fourier analysis method shown here may be used for estimating
the size of a biological cell even with distributed mitochondria within the cells.
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4. Conclusions

In summary, different idealized cell models with distributed mitochondria generated via
Monte Carlo simulations were developed. In the case of a “normal cell” model, the
mitochondria were assumed to aggregate to the nuclear periphery, while in the case of a
“cancer cell” model, a random mitochondrial distribution was assumed. Three dimensional
FDTD simulations were performed on these different cell models. Analyses of the FDTD light
scattering spectra showed that small angle forward scattering in two-parameter light scattering
plots can be used to differentiate the different mitochondrial distributions that exist in these
two cases. To the best of our knowledge, this is the first time that a quantitative
characterization of mitochondrial distributions in single biological cells has been performed
via light scattering simulations. In a recent paper by Wang et al. [20], the small angle forward
scattering was measured in a microchip flow cytometer. In our previous publications, we
reported the measurements of wide angle side scattering in an integrated microfluidic
waveguide cytometer [19]. The integration of a Lab-on-a-chip (LOC) apparatus may be used
to measure both the small angle forward scattering and wide angle side scattering in a flow
cytometer. This suggests that the light scattering method for the differentiation of
mitochondrial distributions in single biological cell models shown here has the potential of
differentiating normal cells from cancerous ones.
The mitochondria inside the biological cell models change the small angle forward scatter
intensity distributions as in the FDTD simulations. In this case, measurements of the small
angle forward scatter intensity to determine cell sizes may not always be an accurate method.
Here we have shown that the location of the highest dominant frequency component, not the
frequency component amplitude, in the Fourier spectra of the wide angle light scattering may
be used to determine size of single biological cells containing distributed mitochondria. The
use of a Fourier analysis to separate the mitochondrial distribution and the cell volume effects
on the small angle forward scatter intensity is worthy of future development. That is, the
highest dominant frequency component could be used to infer the biological cell size, and the
other frequency components may potentially be used to infer the mitochondrial distributions.
This however requires new parameters to be found in the Fourier analysis of the 1D scatter
spectra or alternatively from a 2D Fourier analysis of the 2D scatter patterns.
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