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The work is devoted to advancing the idea of using machine learning technology combined with the
algorithmic Monte Carlo method to reconstruct the spatial location of scattering centers in the corneal tissue, as
well as the density distribution of these centers within the volume during longitudinal scanning of the sample. A
favorable prediction is observed for reproducing the sample thickness along with determining the location of each
scattering center. The Monte Carlo generated “heat map” of the probability of photon exit coordinates from the
investigated medium is used as a set of input data for training the neural network. The proposed convolutional
neural network architecture made it possible to achieve up to 98% accuracy in reconstructing the spatial location
of scattering centers and the density distribution of these centers during longitudinal scanning.
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Introduction

Optical coherence tomography (OCT) is a non-
contact method for visualizing the structure of a medium
that enables high-resolution imaging of transverse and
longitudinal tissue sections [1-3]. In particular, OCT
methods are used to study transparent (semi-transparent)
objects, such as the cornea of the eye [2].

A special place in the development of OCT methods
is occupied by polarization-sensitive (PS) [4] research
methods that allow studying the change in the polarization
state of the beam during its interaction with a polarization-
active object. By analyzing corresponding variations in
the interference channels of the two arms of a Mach—
Zehnder interferometer, it becomes possible to reconstruct
the structure of thin corneal nanolayers even at scanning
depths smaller than the longitudinal coherence length. In
the context of the proposed approaches, we previously
demonstrated [5-7], the unique opportunity to non-
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invasively obtain information about the structure of thin
layers of transparent objects even when they are destroyed
or damaged. Our most recent studies [8-10] are aimed at
further developing the method of polarization-sensitive
optical coherence tomography, by introducing the
concepts of geometric and dynamic phase [8-10] and
using a modified Mach—Zehnder interferometer
configuration [5-10]. In these works, within the
framework of the developed polarization Monte Carlo
model, we evaluated the depolarization of the signal and
proposed methods to increase the accuracy of structural
reconstruction by 22% [9,10].

At the same time, to construct a complete
tomographic image within the framework of PS methods,
it is necessary to determine the spatial location of the
scattering centers, their density and their depth
distribution when scanning into the sample, which at the
stage of the previously presented studies was an open
question.
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Currently, there are studies [11,12], that involved a
combination of the Monte Carlo method with the use of
neural networks to reproduce the spatial properties of the
scattering medium. However, these approaches require an
additional estimation of the scattered-radiation intensity
for different distances (thicknesses) of the medium, using
either information about the backscattered intensity
profile (the dependence of backscattered intensity on the
distance between the receiver and the source) [11], or the
angular distribution of the intensity [12].

In this work, we propose an original solution based on
the use of probabilistic photon-exit coordinate data
obtained via the Monte Carlo method, without taking
photon energy into account, to construct a “heat map”, that
is combined with our custom machine-learning algorithm.
This approach makes it possible to reconstruct the three-
dimensional arrangement of scattering centers with an
accuracy of about 97%. Thus, the current problem of
reproducing the coordinates of the centers throughout the
depth of the longitudinal scan is solved. This approach can
be applied to the study of the spatial structure of
transparent/semitransparent media not only in back-
reflected/backscattered radiation but also in forward-
transmitted radiation.

I. Formation of a comparative database

for training and testing the neural
network in combination with the
Monte Carlo method

The scattering centers of the cornea, which are the
objects of investigation in this work, as epithelial cell
nuclei of the epithelium and keratocytes located between
the stromal lamellae [5], define the scattering of the
incident photon packet. In Monte Carlo approaches
[13,14], this scattering is described by the amplitude and
phase scattering functions. The particles are optically soft,
the condition |m-1|<1 is satisfied, where m is their
relative refractive index, the scattering of light on which
described using of the Van de Hulst approximation or the
"anomalous diffraction" theory [15-20].

In the approximation of this method, a set of random
numbers is used to model stochastic processes that define
the probabilistic nature of photon scattering on the
scattering centers. In tasks of photon transport description
this approach is implemented by simulating a large
number of individual photon trajectories that pass through
the medium in a random manner, undergoing scattering,
absorption, or reflection. The nature of each interaction is
given by statistical parameters of the medium - such as the
scattering coefficient (1), the absorption coefficient (1),
the attenuation coefficient (4 = ps + u,), and the
anisotropy parameter (g), which determines the probable
direction of photon deflection after scattering.

As a rule, the Monte Carlo model [5-10] involves

estimating parameters such as the photon free path length

| = _lnf
n

to the next interaction event (¢ is a random

variable uniformly distributed in the interval [0;1]), as
well as the azimuthal (¢) and polar (¢) scattering angles,
which are sampled according to the distribution of the
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phase function P (8, ¢) interpreted as a probability density
function. Another parameter is the weight of photon
packets after the i -th scattering event: W; = P(0;, ¢;) -
W;_1. When scattering occurs at angles 6, ¢, the photon
packet weight decreases according to the value of the
phase function P(6, ¢); i is the index of the scattering
event. The mean number of scattering events N is
proportional to the ratio z/lg [5], Iy =1/us is the
scattering length (the mean distance between scattering
centers). Among the scattering parameters chosen for
evaluation, and used by us to form the comparison
database for neural network training, are the scattering
coefficient and the scattering length. The maximum
possible concentration of scattering centers is limited by

particle size p*** = 1/V,, where V,, is the particle volume

(for spherical particles, V, = gnaz‘, here a is a particle
radius). Simulation of the interaction of the photon packet
with the scattering medium was carried out with the phase
function, within the approximation of van de Hulst’s
anomalous diffraction theory.

As input parameters, we select the initial weight of
photon packets W = 1, the number of packets 10°, and the
initial position of the photon in the x-y plane is subject to
the Gaussian law, with a half-width
Wy = 15 um. The average initial beam intensity is
Io=~
a photon packet (in the first approximation we set
N= 1000). We assume that the initial weight of all photon
packets is uniform across the entire transverse cross-
section, and we take the wavefront to be flat. Then the
probability density function of the photon distribution can
then be written as

YN, W; = 1, where N is the number of photons in

_x%+y?
2w2
0

e
p(x,y) = BT

2
Wy

which is directly related to the probability of photon exit
coordinates. The statistical parameters of the photon
distribution change depending on the medium thickness

(2), the particle size (a or y = ka, where k = 2771 isawave

number, A — wavelength in vacuum), and the scattering
coefficient yg.

The resulting probability distribution of photon exit
coordinates in the form of a “heat map,” i.e., a thermal
color distribution, is shown in Fig. 1. The values of the
obtained coordinates, normalized by the value wy, are
plotted along the x, y axes, which allowed us to present the
“heat map” without being tied to the absolute transverse
dimensions of the beam. The color scale corresponds to
the local probability density p(x, ¥). For the convolutional
neural network (CNN) training, that is used as a neural
network the coordinates on the “heat map” are normalized
in the range from 0 to 1 (Fig.2). Such distributions
(normalized “heat maps”) with different averaging steps
(Ax, Ay), for different particle size parameters (y) and at
different z/l ratios are shown in Fig. 2. Reducing the
averaging step produces more pronounced patterns of
information reproduction about the coordinate distribution
of photon output (Fig. 1,2 (a,b)).
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Fig.1. Probability histogram of the coordinate distribution
of the output of 1000 photons. Averaging with a
step Ax, Ay = 0.14w,.

The change in the position of photons in space
(trajectories) (Fig. 2c) corresponding to different “heat
maps” (Fig. 2a, b) are obtained for different layer
thicknesses d. In particular, Fig. 2 (a, b) presents a sample
of two values of layer thicknesses (d) at the case of the

longitudinal scanning (z): 2l; and 3l; for a step
Ax,Ay = 0.06 a.u. (normalized coordinates) and size
parameter of particles y = 24.

The obtained photon trajectories allow us to make
predictions about the location of the scattering centers,
based on the conditional areas of change in the photon
trajectory. Naturally, the change in the photon trajectory
(highlighted with ovals in Fig. 2¢) occurs within certain
planes (Fig. 2d), which are located in the vicinity of the
scattering centers, at distances multiples of [g.

I1. Neural network training

The obtained set of thousands “heat maps” are used
by us to train the neural network, without using additional
information about the energy changes of the photon flows
at the exit from the studied medium. A convolutional
neural network (CNN) was chosen as the working neural
network, which allowed us to predict the key
characteristics of the corneal tissue, based on the data
obtained by the Monte Carlo method.

The constructed architecture of neural network allows
one to analyze local distribution patterns, such as peaks in
the photon probability density distribution, which may
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Photon Trajectory in the Medium and Localization of
Photon Scattering Centers Using the Monte Carlo Method

Fig. 2. Normalized "heat maps" for layer thicknesses 21 and 3 (a, b), photon trajectories within the medium (c)
(ovals mark the change in the trajectory of photons), with reconstructed positions of the planes corresponding to the
localization of scattering centers (d).
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indicate the layer thickness and the distribution of
scattering centers. The model is built on a balance between
accuracy and computational efficiency, which made it
possible to avoid overtraining and "dead neurons". In
developing the algorithm, several key functions were
implemented, such as a Dropout function, which prevents
overtraining by randomly ignoring 40% of the connections
formed at each stage of the training iteration, a standard
ReLU activation function, which removes negative
intensity values, and the Batch Normalization function,
which stabilizes activation statistics, eliminating internal
sliding bias between training iterations, contributes to
faster convergence and increased model stability, ensuring
signal averaging, reproducibility of small elements with
significant acceleration of the neural network training
process. The MaxPooling function acts as a filter that
highlights regions with the highest photon exit
probabilities, progressively refining and reducing the size
of the analysis regions while preserving key local extrema
that represent areas of maximum intensity.

During algorithm implementation, a “feature vector”
was formed as a set of numbers representing the
probability of light scattering through the depth of the
studied layer and the probabilistic estimate of photon exit.
The resulting feature vector corresponds to discretized
zones of the photon distribution associated with the
anisotropy of optical properties. This allowed the neural
network to infer how light was scattered within the cornea.

The current neural network architecture model is
based on a sequence of convolutional layers for image
processing, followed by integration with environmental
parameters and fully connected layers for regression. The
network does not observe individual photons; however,
during training, it predicts the structure of the medium.
The model represents an optimized and developed version
of previous approximations, which used either fewer
filters (32-64) or alternative activation/ regularization
functions during hardware implementation of the machine
learning process.

Overall, according to the neural network architecture,
the convolutional layers analyze the «heat maps» to
identify macroscopic patterns, such as regions of high
photon concentration, which indicate probable values of
tissue layer thickness and the location of scattering
centers. The fully connected layers combine these
probability distribution regions with environmental
parameters (U, g) to reconstruct the layer thickness (z),
scattering coefficient (y), and coordinates of scattering
centers. The ReLU activation function introduces
nonlinearity, enabling the model to capture complex
relationships between the planar structure of the heat map
and the physical properties of the tissue. Dropout (0.4)
ensures robustness to variations in input data, noise in the
heat maps, varying photon counts, or minor shifts. The
total number of model parameters is ~8x10°, which is
sufficient to accurately reproduce the optical properties of
the cornea without excessive computational complexity.
The use of batch_size = 64 function allows simultaneous
processing of 64 heat maps per step, significantly
accelerating the training process. All photons exit
probability values on the “heat maps” are represented in
the range [0, 1], where the darkest pixel =0 and the
brightest = 1.
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The neural network was developed in Python using
the TensorFlow library. The model was trained using the
Adam optimizer (learning rate 103) with the data
distribution: 70% training, 20% validation, 10% test. To
stop the model training, the EarlyStopping function was
employed, which activated when the validation error
increased, that is, when model accuracy ceased to improve
and further iterations only added noise. Thus, the neural
network was protected from overtraining while preserving
the optimal model. During the neural network training
process, the model’s performance is evaluated at each
training step using the loss function L, taking into account
the relative error €(P;) of the prediction

3
L= Z W, - (P).
i=1

Gradual improvement of the architecture and an
increase in the number of photons in the packet (N) make
it possible to reduce the probabilistic nature of the
simulation, which results from using the Monte Carlo
method. For example, increasing the number of photons in
the photon packet also reduces the absolute error ¢ in
reconstructing the positions of scattering centers and
determining the thickness of the layer in which the centers
are distributed, compared to the data used to train the
neural network from 13% for 1000 photons to 2% for 5000
photons in the photon packet.

The result of the Monte Carlo simulations and the
neural network training is the determination of the
locations of the scattering centers for 5000 photons in the
input photon packet, along with the estimation of the layer
thickness z for different photon mean free paths, as shown
in Fig. 3.

An interesting observation is that the neural network
reconstructs the positions of the scattering centers not only
in the XY plane, but also predicts their localization with
respect to variations in the thickness of the studied layer,
forming holistic three-dimensional picture of the location
of scattering centers of the cornea.

As can be seen from the images above (Fig. 3), as the
neural network is trained, the positions of the scattering
centers are refined to achieve the maximum probability of
determining their spatial position. The neural network is
able to predict the three-dimensional distribution of
scattering centers and the heterogeneity of their location.
Moreover, the proposed architecture allows us to
reproduce the characteristics of the layers regardless of the
trajectory of photons inside the layer. Accordingly, the
coordinates of the scattering centers help predict the
position of structural scattering elements, structural
deformation, and volumetric density of the location, which
is compared with the OCT picture obtained for normalized
(ideal) images of the existing coherence tomography
database. Thus, training the neural network makes it
possible to increase the accuracy of structure
reconstruction up to 98%, practically reaching the level of
complete repeatability of the results.
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Fig. 3. Prediction of the locations of scattering centers for N = 5000 for different layer thicknesses: a) 1.2/;b) 2/,

Conclusions

This study develops an approach that integrates the
algorithmic Monte Carlo method with the designed
machine learning model to reconstruct the spatial
distribution of scattering centers in the corneal tissue. The
method also enables the evaluation of the volumetric
density of these centers and the determination of sample
thickness during longitudinal scanning.

The proposed Monte Carlo—based algorithm for
generating a “heat map” provides probabilistic
coordinates of photon exit points from the investigated
medium, which are then used as the input dataset for
training the neural network. The developed convolutional
neural network demonstrates high accuracy up to 98% in
reconstructing both the spatial arrangement and
volumetric density of scattering centers during
longitudinal scanning. Importantly, the model operates
independently of the specific photon trajectories within
the medium and does not require information about
photon intensity or the beam’s intensity profile at the
output of the sample. This makes the approach universal
and promising for further integration into modern optical
coherence tomography techniques.

Funding: This research was funded by National
Research Foundation of Ukraine (NRFU), grant number
2025.07/0069 ‘Recent applications of structured optical
fields in polarization-interference methods for solving
problems in telecommunications and biomedicine’.

Zenkova C.Y. — Doctor of Physical and Mathematical
Sciences, Professor, Department of Polygraphic,
Multimedia and Optical Technologies;

Ivanskyi D.I. — PhD in Physical and Mathematical
Sciences, Senior Researcher of Correlation Optics
Department;

Angelsky O.V. — Doctor of Physical and Mathematical
Sciences, Professor, Corresponding member of NAS of
Ukraine, Head of the Correlation Optics Department;
Ryabyi P.A. — PhD in Physical and Mathematical
Sciences, Assistant Professor of Correlation Optics
Department;

Koniakhin A.O. — undergraduate student in the specialty
«175 Information-measurement technologies»,
Diachenko M.Y.— interventional cardiologist, Municipal
Enterprise Chernivtsi Regional Clinical Cardiological
Center;

Xinzheng Zhang — Professor, Director of Ultrafast
Photonics Lab., TEDA Institute of Applied Physics.

[1] S. Aumann, S. Donner, J. Fischer, F. Miiller, Optical coherence tomography (OCT): Principle and technical
realization. In J. F. Bille (Ed.) in High resolution imaging in microscopy and ophthalmology (Springer, pp. 59-85,

(2019); https://doi.org/10.1007/978-3-030-16638-0 3.
[2]R.  Bernarders, J. Cunha-Vaz, Optical
https://doi.org/10.1007/978-3-642-27410-7.

coherence

tomography  (Springer-Verlag,  2012);

[3] Z. Chen, T.E. Milner, X. Wang, S. Srinivas, J.S.Nelson, Optical Doppler tomography: imaging in vivo blood flow
dynamics following pharmacological intervention and photodynamic therapy, Photochem Photobiol, 67(1), 56-60
(1998); https://doi.org/10.1111/1.1751-1097.1998.tb05167 ..

[4] B. Baumann, Polarization sensitive optical coherence tomography: A review of technology and applications,
Applied Sciences, 7(5), 474 (2017); https://doi.org/10.3390/app7050474.

[5] O.V. Angelsky, A.Ya. Bekshaev, C.Yu. Zenkova, D.I. Ivanskyi, J. Zheng, M.M. Chumak, Modeling of the high-
resolution optical-coherence diagnostics of bi-refringent biological tissues, Frontiers in Physics, 11, 1260830,

(2023); https://doi.org/10.3389/fphy.2023.1260830.

[6] C.Yu. Zenkova, O.V. Angelsky, D.I. Ivanskyi, M.M. Chumak, Geometric phase for investigation of

nanostructures in approaches of polarization-sensitive optical coherence tomography, Physics and Chemistry of
Solid State, 24(4), 729 (2023); https://doi.org/10.15330/pcss.24.4.729-734.

485


https://doi.org/10.1007/978-3-030-16638-0_3
https://doi.org/10.1007/978-3-642-27410-7
https://doi.org/10.1111/j.1751-1097.1998.tb05167.x
https://doi.org/10.3390/app7050474
https://doi.org/10.3389/fphy.2023.1260830
https://doi.org/10.15330/pcss.24.4.729-734

C.Yu. Zenkova, D.I. Ivanskyi, O.V. Angelsky, P.A. Ryabyi, A.O. Koniakhin, M.Yu. Diachenko, Xinzheng Zhang

[7] C. Zenkova, O. Angelsky, D. Ivanskyi, New possibilities of polarization-sensitive optical coherence tomography
using geometric phase approach for diagnostics of thin surface (subsurface) biological layers, Optica Applicata,
54(3), 303 (2024); https://doi.org/10.37190/0a240302.

[8] O.V. Angelsky, C.Y. Zenkova, D.I. Ivanskyi, et al. Monte Carlo Model for Describing Photon Interactions with
Biological Tissue in New Approaches of Polarization-Sensitive Optical Coherence Tomography, Opt. Mem.
Neural Networks, 34, 30 (2025); https://doi.org/10.3103/S1060992X24602045.

[9]C. Yu. Zenkova, O. V. Angelsky, D. 1. Ivanskyi, P. A. Ryabyi, Yu. Ursuliak, Novel applications of the Monte
Carlo method in polarization-sensitive optical coherence tomography approach, Journal of Optoelectronics and
Advanced Materials, 27(5-6), 200 (2025).

[10] O.V. Angelsky, C.Yu. Zenkova, A.Ya. Bekshaev, D.I. Ivanskyi, M. Diachenko, Jun Zheng, Xinzheng Zhang,
New Solutions for Polarization-Sensitive Optical Coherence Tomograph, Ukr. J. Phys. Opt., 26, 03067 (2025);
https://doi.org/10.3116/16091833/Ukr.J.Phys.Opt.2025.03067.

[11] S.P.Kotova, I.V. Mayorov, A.M. Mayorov, Application of neural networks for determining optical parameters
of strongly scattering media from the intensity profile of backscattered radiation, Quantum Electronics, 37(1); 22
(2007).

[12] B.A. Veksler, I.V. Meglinski, Application of the artificial neural network for reconstructing the internal-
structure image of a random medium by spatial characteristics of backscattered optical radiation, Quantum
Electronics, 38 (6), 576 (2008).

[13] J.Ramella-Roman, S.Prahl, S.Jacques, Three Monte Carlo programs of polarized light transport into scattering
media: Part I., Optics Express, 13(12), 4420 (2005); https://doi.org/10.1364/OPEX.13.004420.

[14] Y.Zhang, B.Chen, D. Li, Propagation of polarized light in the biological tissue: A numerical study by polarized
geometric Monte Carlo method, Applied Optics, 55(10), 2681 (2016); https://doi.org/10.1364/A0.55.002681.

[15] H.C. van de Hulst, Light scattering by small particles (John Wiley and Sons, 1957).

[16] L.V. Wang, S. L. Jacques, Zheng, , Monte Carlo modeling of light transport in multi-layered tissues, Computer
Methods and Programs in Biomedicine 47(2), 131 (1995); https://doi.org/10.1016/0169-2607(95)01640-F.

[17] V. Turzhitsky, L. Qiu, L. Itzkan, A.A. Novikov, M.S. Kotelev, M. Getmanskiy, V.A. Vinokurov, A.V. Muradov,
L.T. Perelman, Spectroscopy of scattered light for the characterization of micro and nanoscale objects in biology
and medicine, Applied Spectroscopy, 68(2), 133 (2014); https://doi.org/10.1366/13-07395.

[18] V. V. Tuchin, Tissue Optics: Light Scattering Methods and Instruments for Medical Diagnostics, 3rd ed. (SPIE
Press, 2015).

[19] C.F. Bohren and D. R. Huffman, Absorption and Scattering of Light by Small Particles (Wiley, 1998).

[20] O.V. Angelsky, C.Y. Zenkova, S.G. Hanson, D.I. Ivansky, V.M. Tkachuk, J. Zheng, Random object optical field
diagnostics by using carbon nanoparticles, Opt Express, 29(2), 916-928 (2021); https://doi: 10.1364/OE.411118.

K.1O. 3enkoa', JI.I. Isancekuii!, O.B. Anrembeskuit', I1A. Psa6uit', A.O. Konsxin!,
M.IO. Jlsuenko?, Kcinmxenr Jxanr’

HoBi po3B’si3KH BiATBOPEHHSI CTPYKTYPH PO3CilOBAJIbHUX CePeI0BHIII 3
BUKOPUCTAHHAM TEXHOJIOTil MAIIMHHOI0 HABYAHHSA
"Yepniseybruti nayionanvnutl ynicepcumem, Yepuisyi, Yxpaina, k.zenkova@chnu.edu.ua;

2OKHII "Yepniseyvkuii obnacnuii kniniunuii kapoionoiunuti yenmp", Yepnisyi, Yxpaina,
3Kniouoea nabopamopis neninitinoi pomonixu, Incmumym npuxiaonoi gizuxu, Yuicepcumem Hanxaii, Tanoysins, Kumaii

PoGota npucBsueHa PO3BUTKY i€ BUKOPHCTAHHS TEXHOJOT] MAlIHHHOTO HABYAHHSI, sSKa IMOEIHYETHCS 3
aIropuTMiyHUM MeTooM Monre-Kapito, 171t BiITBOPEHHsI IPOCTOPOBOTO PO3TAIIYBAHHS PO3CiIOBAIBHUX LICHTPIB
POTIBKH OKa, IIUIBHOCTI PO3IOJUICHHS LEHTPIB B 00’€Mi IIPU CKaHyBaHHI 3pa3Ka y MOB3JOBKHHOMY HAaIPSMKY.
Criocrepiraerbesi COpUATIANBHA MPOTHO3 MO BiATBOPEHHIO 3HAYEHHS TOBIIMHH 3pa3Ka 3 BH3HAYCHHSM MiCISL
po3ramryBaHHS po3citoBalbHOTO IeHTpa. OTpumana, MeTogoM Momnre-Kapno, «TemioBa KapTa» HMOBIPHOCTI
KOOpJMHAT BHXOAY (POTOHIB 3 JOCII/KYBaHOIO CEPElOBHINA, BUKOPUCTOBYETHCS K HalIp BXITHUX JaHUX U
TPpEeHyBaHHs HEUPOHHOI Mepeki. 3alpoIoHOBaHAa apXiTEKTypa 3rOPTKOBOI HEHPOHHOI Mepexi I03BOJIUIIO
JOCATHYTH TOYHOCTI BiATBOPEHHS MPOCTOPOBOTO PO3MIMICHHS PO3CIIOBAJBHUX LEHTPIB, MUTEHOCTI PO3MOILTY
LIEHTPIB, TIPH IIOB3I0BXHOMY CKaHyBaHHi, 10 98%.

Kuarouosi ciioBa: Heiipomepexa, mamnnHe HaBuaHHs, MonTte-Kapio, ammitynua (¢dasosa) dyskiis, OKT.

486


https://doi.org/10.37190/oa240302
https://doi.org/10.3103/S1060992X24602045
https://doi.org/10.3116/16091833/Ukr.J.Phys.Opt.2025.03067
https://doi.org/10.1364/OPEX.13.004420
https://doi.org/10.1364/AO.55.002681
https://doi.org/10.1016/0169-2607(95)01640-F
https://doi.org/10.1366/13-07395
https://doi.org/10.1364/oe.411118
mailto:k.zenkova@chnu.edu.ua


  m


    𝜇  s


    𝜇  a


  𝜇 =   𝜇  s +   𝜇  a


  l = −    ln ⁡  𝜉  𝜇


  𝜉


  [ 0 ; 1 ]


  𝜑


  𝜑 )


  P  ( 𝜃 , 𝜑 )  


    W  i = P  (   𝜃  i ,   𝜑  i ) ∙   W  i − 1


  𝜃 , 𝜑


  P  ( 𝜃 , 𝜑 )


    N  s


  z /   l  s


    l  s = 1 /   𝜇  s


    𝜌  N  m a x = 1 /   V 0 ,


    V 0


    V 0 =  4 3 𝜋   a 3


  W = 1


    w 0 ≈ 15   μ m


    I 0 =  1  N   ∑  i = 1  N    W  i = 1


  p  ( x , y ) =    ⅇ  −     x 2 +   y 2  2   w 0 2  2 𝜋   w 0 2


  a   or  


  𝜒 = k a


  k =   2 𝜋  𝜆


  𝜆 −


    𝜇  s


    w 0


  p ( x , y )


  ∆ x , ∆ y


  𝜒 )


  z /   l  s


    ∆ x , ∆ y = 0 . 14   w 0


  2   l  s


  3   l  s


  ∆ x ,   ∆ y = 0 . 06


    𝜒 = 24


  layer   thicknesses   3   l  s


  2   l  s


  3   l  s


    l  s


    𝜇  s


    𝜇  s


    𝜀 (   P  i )


  L =   ∑  i = 1 3    W  i ∙ 𝜀  (   P  i ) .

