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in Optical Coherence Tomography Using Only

Relative Measurements
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Nizhny Novgorod 603950, Russian Federation
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Introduction

Abstract. One of recent trends in optical coherence tomography (OCT) is the
development of various functional modalities beyond straightforward
structural imaging. One of such modalities is extraction of optical attenuation
coefficient (OAC) from OCT scans. The OAC distributions may be rather
informative, however, their extraction from OCT scans can be seriously
distorted by the instrument function of OCT setup which may seriously affect
the observed depth-dependence of the OCT-signal amplitude. Various
procedures for correcting the influence of the instrument function of the OCT
setup on the estimated OAC distribution in the sample have been discussed in
the literature. To introduce the corresponding correction factors theoretically
such procedures, require sufficiently detailed knowledge of the OCT setup
parameters. Alternative experimental methods make it possible to obviate the
necessity of knowing the OCT-setup parameters, for example, by using a
specially prepared calibration phantom with a known value of spatially
uniform OAC. In this manuscript we propose an efficient experimental method
which is based on exclusively relative measurements, for performing which
neither OCT-setup parameters, nor absolute OAC value for the calibration
phantom are required. The method makes it possible to correct instrument
functions of arbitrary types in either spectral domain or time-domain OCT.
Examples of application of the correction method for different OCT-setups are
presented to emphasize that the use of uncorrected data may lead to rather
strong errors of OAC-distribution estimation in both axial and lateral
directions. The proposed method should be helpful to improve the diagnostic
accuracy OCT examinations relying on the OAC extraction from OCT data.

Keywords: optical coherence tomography; optical attenuation coefficient; optical
attenuation imaging; instrument function.
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based variants of elastography [5—8]. Other functional

One of main trends in Optical Coherence Tomography
(OCT) in recent years is the development of new
modalities (functional extensions) to complement
conventional structural imaging [1]. In particular, such
modalities as various realizations OCT-based
angiography were developed [2—4], as well as OCT-
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extensions of OCT are based on sophisticated analysis of
speckle-pattern  parameters (e.g., [9-11]). These
modalities allow one to significantly increase the
diagnostic value of OCT examinations.

Besides the above-mentioned modalities much
attention has also been paid in recent years to the
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development of OCT-based methods for estimation of
optical attenuation coefficient (OAC) by analyzing the
depth dependence of signal intensity in OCT scans
(e.g. [12, 13]). The interest to OAC estimation was
additionally stimulated in the last decade by study [14],
where as elegant approach to reconstruction of depth-
resolved OAC distribution was proposed for situations,
in which the optical attenuation is dominated by
scattering rather than by absorption. The latter situation
is quite typical for biological tissues and OCT setups
operating in the near-infrared range. Although the
optical-signal attenuation for forward propagation of a
plane wave in a spatially homogeneous medium is
described by a simple exponential factor, estimation of
the attenuation coefficient by analyzing the depth-
dependence of signals in OCT scans is less trivial, even
if it is known that the attenuation is strongly dominated
by scattering. The point is that in OCT, besides the
energy losses during the forth-and-back light propagation
through the scattering tissue, the depth-dependence of the
received signal is affected by a number of various factors,
first of all, the influence of focusing (which may cause
appreciable distortions even for not very large numerical
apertures) and the sensitivity fall-off (or roll-off effect)
intrinsic to spectral-domain OCT.

Even if the origin of such distortions is qualitatively
clear [13-17], purely theoretical derivation of the
correcting depth-dependent factors related to the
focusing influence, sensitivity roll-off (and other
instrument features) is challenging because all required
parameters of the used OCT setup usually are not known
in detail. As an alternative approach, experimental
determining of the correcting depth-dependent factor
could be made using a spatially homogeneous reference
material with an apriori known OAC value. For
example, Ref. [18] demonstrated the utilization of such a
reference phantom in the form of diffuse-scattering
homogeneous suspensions of polystyrene microspheres
diluted in distilled water. Their optical properties were
calculated using Mie theory for known refractive indices
of water and polystyrene, known mean diameter of
microspheres and standard deviation, as well as
concentration of the microspheres in water. From these
data, the scattering coefficient was calculated, the value
of which was then compared with the slope of depth
dependences of the OCT signal to estimate the correction
depth-dependent profile.

Such determining of the correction profile involved
more straightforward calculations of the scattering
properties of the reference phantom in comparison with
the theoretical correction of the instrument function of
OCT setup, for which parameters usually are not
sufficiently well known if known at all. Yet, even such
simpler calculations of phantom scattering properties still
require rather detailed knowledge of several parameters
to sufficiently accurately predict the OAC for the
reference-phantom. In view of this, it would be rather
desirable to propose an experimental procedure of
finding the correction profile, for which only relative
calibration measurements would be sufficient without the
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necessity to know quantitative scattering properties of the
phantom.

In this paper, we describe such a calibration
procedure based on exclusively relative measurements
and demonstrate its application to real OCT setups. To
illustrate the efficiency of the proposed correction
procedure, instructive examples are given to demonstrate
the difference between the OAC estimates extracted with
and without such preliminary calibration procedures.

2 Correction Procedure Principle

Generally speaking, the optical signal attenuation caused
by energy losses due to scattering and absorption along
the propagation path can be accounted for in a similar

manner using exponential factors exp(—u,z) and

exp(—usz), where i, is the absorption coefficient,

is the scattering coefficient and z is the propagation
distance to the depth of the material. For a spatially-
inhomogeneous material, the argument of the
exponential ~ function has an integral  form,

exp(—,uaysz)—>exp[—J‘Ozuays)z')]dz'. However, in OCT

the depth-dependence of the received signal is not
reduced to the simple exponential form because of the
influence of several additional factors. If the intensity of
the wave incident on the sample surface is J,, then the

intensity of the received signal can be represented in the
following form [14, 18]:

1(2) = K- J,F(2)S(2)0(2) - 11,(2) -

Z v
exp{=2| [u(2)+ p, (2712},

where coefficient k characterizes the reception
sensitivity; function F(z) describes the focusing influence
(confocal function); depth-dependence S(z) describes
the sensitivity fall-off with increasing depth, which is
typical for spectral-domain OCT systems. Function 6(z)

describes the portion of the total scattered radiation
propagated back from scatterers and collected over the
receiving aperture.

Generally speaking, in biological tissues the optical
signal attenuation is caused by combined action of
scattering and absorption as in Eq. (2). However, usually
the operating wavelength of OCT signals is chosen taking
into account the so-called transparency windows of
biotissues, in which the attenuation is minimal. In
particular, near infra-red range is often chosen for
creation OCT devices. For example, an often used
wavelength in OCT is 1300 nm, for which numerous
independent studies consistently indicate that in
biological tissues the optical signal attenuation is
strongly dominated by scattering rather that absorption
(4, << 44), see, e.g., [19-21]. Under this condition for

sufficiently small optical paths typical of OCT, in Eq. (2)
it may be considered that the influence of absorption can
be neglected and the exponential factor
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exp{—ZLZ[ya(Z')]dz'}—>1. Then Eq. (2) reduces to a

simpler form

1(2) = K- J,F(2)S(2)0(2) - 1 (2) -

: )
exp{=2], p,(z)dz .

Then under the additional assumption that prefactor
F(2)S(2)0(z) in Eq. (3) is depth-independent an elegant
method was proposed in Ref. [14] for finding the depth-
resolved distribution of xg(z) of arbitrary form in the
absence of additive measurement noises and in the case
of complete decay of the observed signal intensity 1(z)
within the visualized region:

1(z

w@=—D Q)
zj 1(z")dz'

However,  while  the  assumptions  about

exp{—Zjoz[ya(z')]dz}—>l and the sufficiently strong

scattering-induced decay of 1(z) within the
visualization depth are fairly realistic in OCT, the
assumption about depth independence of the instrument-
related prefactor F(z)S(z)@(z) =const is often
appreciably violated and may seriously distort the
reconstructed distribution g (z) based on the use of
Eqg. (3). Thus, the raw measured dependence 1(z)
should be somehow corrected to exclude the distorting
influence of the  depth-dependent  prefactor
F(2)S(2)6(z) .

For theoretical correction, the parameters of the OCT
setup required to estimate the prefactor F(z)S(z)6(z)

are often insufficiently well known to the users. A natural
alternative may be an experimental calibration method

(a) OCT

| Moving
probe

l's?;ﬂ ransparent
L zone 1  medium

Silicone

(b)Structure OCT scan  (C) Structure OCT scan
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that could be used to find the correction profile
F(z)S(z)0(z) (in which possibly some other unknown
distorting instrumental factors may enter).

At first glance, a good variant could be to perform
calibration measurements using a phantom with an
a priori uniform distribution of the scattering parameter
M, =const and negligibly small absorption. In this case

Eq. (2) reduces to a simpler form
1(2) = K- 3,F(2)S(2)0(2) 1, -exp{-2u4,2} . (5)

However, even if it is known that g (z)=const ,
still the unknown depth-dependent factor exp{-2, -z}

enters Eq. (5) and prevents the direct estimation of the
sought profile F(z)S(z)0(z) . In view of this in
work [18] the authors prepared a special phantom
containing scattering microspheres with known optical
parameters and concentration to find the factor
exp{-2u, -z} by estimating u, of the prepared
phantom from Mie theory. The advantage of this
procedure is that it does not require knowing the OCT-
system parameters. However, such a calibration method
is rather laborious and requires special qualifications and
components to prepare the calibration phantom with well
controllable properties.

Thus, it is very desirable to develop an even simpler
calibration method which requires neither knowledge of
OCT-system parameters, nor parameter g, of the

calibration sample, so that only relative measurements
should be sufficient for determining the depth-dependent
calibration profile.

To this end, one has to somehow exclude the

unknown exponential factor exp{-2,z} in Eq. (5), so
that purely relative measurements would suffice, even is
4, isnon-zero and unknown. These requirements can be

achieved in the following measurement configuration
shown in Fig. 1.

(d)structure OCT scan

e ———=—

B
PR U o w3 B

Fig. 1 Configuration of the calibration measurements with a non-scattering immersion medium placed between the OCT
probe and the scattering sample, from which only the signal scattered from the near-surface region is analyzed. When the
distance between the sample surface and the probe varies, the intensity of this signal is exclusively determined by the
sought profile of the instrument function. (a) Schematic of the experiment; (b), (c) and (d) typical experimental scans for
various distances between the silicone surface and the OCT probe of a spectral-domain OCT setup. Scans (b), (c) and (d)
demonstrate that with increasing distance between the OCT probe and phantom the brightness of the phantom boundary
and the near-surface region demonstrate noticeable decrease due to the influence of the sought instrument function.
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In this configuration, instead of OCT-signal
propagation in the bulk of a spatially uniform medium, it
is proposed to acquire the backscattered optical signal
from a near-surface layer of a laterally-homogeneous
phantom sample. The sample surface should not be
strongly scattering/reflecting to avoid the appearance of
bright artefacts and overloading of the receiving system.
For example, translucent silicones similar to those
utilized as reference layers in compression optical
coherence elastography [22—24] or sufficiently strongly
scattering hydrogels [25] can be used. The sample should
be gradually shifted (for example, upward from the
bottom of the visualization zone towards the OCT probe)
and the depth-dependent brightness of the sample surface
should be acquired when the distance to the OCT probe
is varied. The medium located above the surface of the
gradually moving sample should be optically transparent.
Consequently, in this configuration the functional form
of the depth-dependent intensity 1, (z) of the received

signal is determined exclusively by the sought
combination F(z)S(z)8(z) entering Eq. (4) before the
exponential function. For compactness, this depth-
dependent correction profile will be denoted
P.. () = F(z)S(z)0(z) . Notice that the pre-exponent
depth-dependent multiplier P, (z) may even comprise

some other unknown instrument-dependent factors
which would be also accounted for in the measured
calibration dependence 1_(z) in the described

experimental configuration.

Here, and in the above-presented equations we
explicitly discuss only the OCT-probe motion along the
axial coordinate z for given lateral coordinates. However,
it is assumed that the OCT probe itself usually enables
scanning in lateral directions (at least along one or both
lateral coordinates), so that the described calibration
procedures actually enable obtaining of a 2D or 3D map
of the depth-dependent correction profiles.

It is important to emphasize an important requirement
to such a calibration procedure, namely, the optically
transparent medium between the OCT probe and the
scattering phantom should have the refractive index close
to that of the phantom imitating the biological tissue.
Indeed, if the calibration would be performed in the non-
absorbing air with n=1, the so-found correction profile
in air may noticeably differ from that in biotissues. A
fairly good option is to use water with the refractive index
n =1.33 which is reasonably close to typical values of
the refractive index of biotissues, n=1.35-1.4 . If
necessary, some other liquid with the refractive index
closer to that of biotissues may be used.

After obtaining the calibration dependence |1, (z)

for gradually varying depth coordinate z (for each lateral
coordinate of interest) in the experimental configuration
shown in Fig. 1, the calibration profile P, (z) for given

lateral coordinate can be obtained by normalizing the raw
dependence 1,(z) to the intensity in the chosen

reference point, for example,

J of Biomedical Photonics & Eng 11(3) 2025
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Pcorr (Z) = Ical (Z)/ IcaI (0) ' (6)

Such a calibration procedure does not require
knowing the OCT setup parameters, as well as the
scattering coefficient y, of the scattering phantom.

After dividing any other the intensity profile 1(z)
described by Eq. (2) by the correction profile given by
Eq. (6), 1(z) - 1(z)/ P, (z) , the depth dependence in
Eq. (2) found with an unknown instrument function
transforms to a simpler form

e (1) = 3y 1,2)-exp{-2[ e (2)02}, (D)

where J, after such normalization gets somewhat
different from the initial J, in Eq. (2), which does not
prevent finding the unknown ., . For example,

Vermeer’s method [14] can be applied to the corrected
profile 1, (z) given by Eq.(7) to find the depth-

resolved OAC already cleaned from the distorting
influence of the instrument factor.

It should also be noted that even if the immersion
layer separating the phantom is non-scattering with
u, — 0, still it may exhibit non-negligible absorption

u, = 0. For example, during the calibration the layer of

transparent water without any scattering particles may
introduce some signal attenuation described by the
exponential factor exp(—2x,z) . However, the absorption

parameter u, for water is well known in the entire

optical range [26], as well as in the near infra-red
range [27]. For example, according to Ref.[27], for
1.3 um wavelength often used in OCT, the absorption
parameter gz, ~0.11 1/mm, so that for forth-and-back

propagation within 1 mm depth, the absorption-induced
reduction in the signal intensity is ~22% or ~0.9 dB,
whereas the instrument function of OCT setups often
varies by 15-30 dB within the same depth range.
Therefore, although the contribution of absorption often
may be much smaller than contributions of other factors,
if necessary the absorption-related attenuation given by
the factor exp(-2u,z) can readily be introduced in
Eq. (7) for the corrected intensity:
liorr (2) > Do (2) XP(212,2)

In the next section we give some examples of
utilization of the above described method, as well as
compare results of OAC estimation using uncorrected
and corrected OCT scans.

3 Experimental Examples of Correction
Procedure Utilization

In this section we present results for two types (spectral-
domain and time domain) OCT setups designed and
produced in the Institute of Applied Physics RAS. Both
OCT-setup types have a central wavelength of 1.3 um,
for which in biological tissues the observed attenuation is
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strongly dominated by scattering rather than absorption.
Consequently, Vermeer’s approach [14] can be applied
to OCT scans of those setups for obtaining depth-
resolved OAC maps.

The first example shown in Fig. 2 is obtained for a
spectral-domain OCT setup, for which several examples
of OCT scans corresponding to various distances
between the reference silicone surface and the OCT
probe were shown in Fig. 1(b—d), where the bright
slightly inclined line at the top of the scan is the boundary
of the output window of the OCT probe. The darker
region between the output glass of the probe and silicone
surface is filled with immersing water by the above-
discussed reasons. It is clear from the presented examples
that the brightness of the near-surface region of the
silicone phantom gradually decreases with increasing
depth of the phantom. This fact is due to the instrument-
function influence that we have to compensate. During
the calibration measurement, a series of B-scans was
acquired when an automated translation device gradually
changed the distance between the OCT probe and the
phantom. Then in each B-scan similar to those in
Fig. 1(a—d) the position of the phantom surface and its
intensity was automatically found for every A-scan. Then
by combining the so-found positions and intensities of
the phantom surface, a pseudo-B-scan was synthesized as
shown in Fig. 2(a). Although the silicone was in average
fairly uniform, random variations of the near-surface
scattering intensity resulted in the appearance of a
peculiar vertically-oriented streaky pattern in the
synthesized pseudo-B-scan (Fig. 2(a)). Since this streaky
structure was unrelated to the instrument-function
influence, it was averaged within a sliding window
10x10 pixels in size. The resultant smoothed distribution
is shown in Fig. 2(b). The pseudo-B-scan in Fig. 2(b) is
subdivided in five vertical stripes with the boundaries
marked by different colors. The respective five vertical
profiles of OCT-signal intensity determined by the
sought instrument function are shown by the

(a) Synthesized
calibration B-scan

(b) Smoothing over
10x10 window

(C) Representative
5 correctlon profiles, dB
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corresponding colors in Fig. 2(c). If the instrument
function was uniform, the signal intensity would not
exhibit depth dependence. Thus, the so-found depth-
dependent intensity dependence in each A-scans were
used to obtain correction profiles via Eq. (6), for which
the 2D map is presented in the color-coded form in
Fig. 2(d). Notice that the signal intensity in Fig. 2(a) and
2(b) demonstrates a clear decrease caused by the
combined influence of defocusing, the sensitivity roll-off
and possibly by other instrument features typical of
spectral-domain  OCT systems. The total intensity
decrease caused by the instrument function and yet
unrelated to the signal attenuation reaches 15—20 dB
within the visualized depth range (see the individual
correction profiles in Fig. 2(c)). After application of the
correcting profiles, the raw depth-dependent OCT signals
are transformed to the corrected form corresponding to
Eq. (7) after which the spatially-resolved maps of the
optical attenuation coefficient could be obtained using
Vermeer’s approach [14]. When necessary, the
correction for the presence of noise and incomplete decay
of the OCT signal within the visualization depth could be
introduced as discussed in Refs. [14, 28].

It is visible in Fig. 2 (especially in Panel (a)) that the
trajectories of scatterers look slightly inclined from the
vertical direction. This is caused by the slight inclination
of the output-glass surface of the OCT probe, which is
often introduced in spectral-domain setups to mitigate
artefacts caused by light reflections from parallel
surfaces of the optical elements of OCT probes. It made
no sense to specially correct this small inclination so that
the correction profile map in Fig. 4(d) was represented
within the rectangular region. It can be noted that some
OCT probes may use tilting optical beam for enabling
lateral scanning, so that the resultant scans acquire sector
shape similar to that for ultrasound medical scans. In the
latter case the reconstructed instrument function map
would also have a sector shape.

Instrument
functlon map, dB

L

200

Fig. 2 Application of the calibration procedure to a spectral-domain OCT setup, for which examples of OCT scans are
shown in Fig. 1(b—d). Panel (a) shows the synthesized pseudo-B-scan corresponding to the gradually varying distance
between the OCT-probe and phantom surface with immersion water layer placed between them as shown in Fig. 1.
Panel (b) is the same pseudo-B-scan smoothed using a sliding averaging window 10x10 pixels in size; panel (c) shows
5 representative correction profiles for 5 vertical regions with the boundaries marked by the respective colors; panel (d)
is the summarizing 2D map of the so-found correction profiles normalized to the unity value at the surface of the scan
using Eg. (6).
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(a) Synthesized
calibration B-scan

(b) Smoothing over
10x10 window
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(C) Representative Instrument
correction profiles, dB functlon map, dB

250 (N

100 200

Fig. 3 Application of the calibration procedure to the same spectral-domain OCT setup as in Fig. 2, but preformed in air
without the immersion water layer. Panel (a) shows the synthesized pseudo-B-scan corresponding to the gradually varying
distance between the OCT-probe and phantom surface in air; (b) the same pseudo-B-scan smoothed using a sliding
averaging window 10x10 pixels in size; panel (c) shows 5 representative correction profiles for 5 vertical regions with
the boundaries marked by the respective colors in panel (b); (d) the summarizing 2D map of correction profiles normalized
to the unity value at the surface of the scan via Eq. (6).

(a) Raw structural

(c) Instrument
OCT scan

; (e) Corrected structural
function map, dB CT scan

Corrected OAC
(g) map, mm-!

(h) Corrected OAC

(b) OAC map without

correction, mm-1 (d) e

(F) Corrected structural
function map, dB

OCT scan

_map, mm""!

e 2
No immersion
in air
0

Fig. 4 Comparison of OAC maps derived from scans of a homogeneous silicone sample using the same OCT setup as in
Fig. 2 without and with correction for the distorting influence of the instrument function. (a) The raw structural scan; (b)
the OAC map derived directly from the initial structural scan without any correction; (c) the map of correction profiles
obtained using the immersion water layer above the silicone sample and (d) the correction-profile map obtained for the
same silicone phantom in air; (e) and (f) the corrected structural scans for the correction-profile map (c) obtained with
immersion water layer and map (d) obtained without immersion in air, respectively; (g) and (h) the corresponding

corrected OAC maps.

The next Fig.3 also shows the results of the
calibration procedure for the same OCT setup, but in
contrast to Fig. 2 the calibration is performed in air
without the immersion water layer between the phantom
surface and OCT probe. It is clear that in the absence of
the immersion layer the focus depth experienced
noticeable axial shift, so that the individual calibration
profiles in Fig. 3(c) and the summarizing 2D map of the
correction profiles in Fig. 3(d) demonstrate well visible
difference from their counterparts in Fig. 2(c) and 2(d).

The comparative results of OAC-map reconstruction
without any correction and with application correction-
profile maps (instrumental functions) obtained either
using the immersion water layer (like in Fig. 2) or in air
(like in Fig. 3) are demonstrated in Fig. 4. Figure 4(b)

J of Biomedical Photonics & Eng 11(3) 2025
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demonstrates that the OAC map found without any
correction of the instrument function exhibits well-
visible artefactual depth dependence (clearly elevated
OAC in the upper part of the scan, although the phantom
silicone sample is homogeneous). Figures 4(e) and 4(f)
show the structural OCT scans obtained from the raw
scan in Fig. 4(a) by applying the correction profiles
obtained through the immersion layer (Fig. 4(c)) and in
air without immersion (Fig. 4(d)). The corrected scans
demonstrate more homogeneous intensity distribution
than the raw scan in Fig. 4(a), which means that it is
mostly the influence of the instrument function rather
than scattering-related losses which caused the 1(2)
decrease visible in Fig. 4(a) for larger depths. Figure 4(g)
derived from the corrected scan from Fig. 4(e) for the

11 Sep 2025 © J-BPE
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instrument function correctly found with immersion layer
demonstrates much more homogenous OAC distribution
than the uncorrected OAC map in Fig. 4(b). Finally,
Fig. 4(h) shows the OAC map for the incorrect
calibration procedure performed in air. In this case the
OAC map again shows pronounced artefactual
inhomogeneities, although this artefactual
inhomogeneity differs from that in Fig. 4(b) obtained
without any correction. In all cases in Fig. 4 the OAC
maps are reconstructed using the spatially-resolved
Vermeer’s method (with accounting of noise and
incomplete decay [28]). These examples demonstrate
high efficiency of the proposed calibration procedure,
correctly performed with immersion.

The next example shown in Fig. 5 relates to another
OCT system with is time-domain rather than spectral-
domain OCT. It has another type of flexible endoscopic
probe with a laterally narrower visualization field. The
results of utilization of similar calibration procedures are
demonstrated in Fig. 5.

Figure 5(a) shows the initial B-scan for the same
silicone phantom as in the previous figures. The
uncorrected OAC map directly derived from the raw B-
scan is shown in Fig. 5(b) with the artefactual elevated
OAC-level in the central part of the scan. The correction-
profile map obtained though the immersion water layer is

Raw structural
(a) 7 CT scan

(b) OAC map without
correction, mm-1

Instrument
(c) function map, dB

doi: 10.18287/JBPE25.11.030301

shown in Fig.5(c) and demonstrates pronounced
dependence not only in the axial but also in the lateral
direction with pronounced right-left asymmetry. The
latter fact would be hardly possible to take into account
in theoretical expressions but experimentally this
complex form of the calibration function is readily
reconstructed. The corrected structural OCT scan and the
derived OAC map found after application of the
instrument function from Fig.5(c) are shown in
Figs. 5(d) and 5(e), respectively. The OAC again is
reconstructed using Vermeer’s approach with correction
for the incomplete decay according to approach [28], the
application of this approach is well justified for the used
homogeneous sample. As expected, the post-correction
OAC distribution in Fig. 5(e) is appreciably more
homogeneous in contrast to the uncorrected OAC in
Fig. 5(b), where the inhomogeneity of the instrument
function results in the appearance of artefactual increased
OAC in the vicinity of focal region. Therefore, the
presented examples for both spectral-domain and time-
domain OCT setups demonstrate the operability and
efficiency of the proposed calibration procedures.
Moreover, even asymmetric forms of instrument
functions can be readily found using the same
procedures.

d Corrected structural
(d)

»

(E) Corrected OAC
map, mm-1

10

i}

0

Fig. 5 Demonstration of the correction procedure applied to a time-domain OCT device. (a) The raw B-scan of a spatially
homogeneous silicone sample and (b) the reconstructed OAC map based Vermeer’s approach [14] (with correction for
incomplete signal decay and noise background [28], but without correction for the instrument function). (c) the instrument
function reconstructed by the proposed method, (d) corrected structural OCT scan obtained from the initial scan (a) using
the instrument function (c); (e) the corrected OAC map, in which the artefactual inhomogeneities of OAC visible in the
uncorrected OAC map (d) are significantly suppressed. Notice that in this example for the time-domain OCT the
correction profile is increasing at larger depths due to pronounced influence of focusing (see the increased signal intensity
in the lower part of panel (a)). This is in contrast to the correction profiles decreasing at larger depths that were shown

in Fig. 2 for the spectral domain OCT.
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4 Conclusions

In view of rather promising diagnostic prospects,
OCT-based estimation of optical attenuation attracts
increasing attention of researches. The corresponding
studies concern both particular diagnostic applications of
OAC in biomedical problems (e.g., [29-31]), as well as
further development/perfection of OAC estimation
methods [12-15, 18]. Special attention is paid to the
adequate accounting and compensation of possible
distortions in the reconstructed OAC maps caused by the
instrument function of the OCT setup. In particular, the
role of OCT-beam focusing and the sensitivity loss (roll-
off effect) typical of spectral-domain OCT systems is
widely discussed in the literature [12—-14]. However,
theoretical expressions accounting for the influence of
such instrument-related effects require sufficiently
complete knowing of the OCT-setup parameters, which
is not always possible. In view of this, alternative
experimental methods of obtaining correction profiles for
OAC estimation are of evident importance. An
instructive example is Ref. [18], where the correction
profile was determined by utilizing a specially prepared
homogeneous phantom with known scattering properties
predicted using Mie theory.

However, since creation of phantoms with
controllable properties is rather non-trivial and laborious
task, it is very desireable to develop a simpler
experimental approach, for which absolute values of a
phantom sample are not required at all and purely relative
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measurements are sufficient. In this study we described
such a simple but efficient experimental method for
obtaining correction profiles to determine the unknown
instrument function of OCT setup using only relative
measurements. We demonstrated that it can be equally
applied to either spectral-domain or time-domain OCT
setups. Even insufficiently known construction features
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manufactures to improve the visual impression of the
ontained scan) would also be eliminated by the described
method for correct estimation of OAC. Thus, the
proposed approach and above presented demonstrations
of its efficiency for improvement of OAC reconstruction
from OCT scans should be very beneficial for a broad
range of diagnostic applications of multimodal OCT.
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Abstract. The study of laser evaporation of biological tissues and the creation
of computational models of this process is an important scientific task for the
development of predictive modeling and preoperative planning approaches in
robotic laser surgery. Laser evaporation of soft water-containing biotissues
with significantly different structure and strength characteristics was studied
in the process of two-coordinate laser scanning of continuous CO: laser
radiation. Samples of soft tissues from pigs in vitro (myocardium, liver, skeletal
muscle, aorta) were used. It is shown that the dependence of the laser
evaporation depth on the radiation power for these tissues is well
approximated by a linear function. The proportionality coefficients between
the maximum evaporation depth and the radiation power for all tissues, with
the exception of the aorta, practically coincide with the calculated coefficient
of 175 um/W, obtained on the basis of the evaporation model of soft tissue
evaporation for scanning parameters: scanning speed v =15 mm/s, laser beam
diameter 180 pum, distance between lines 150 pm. It is shown that despite the
strong differences in soft tissue structure and strength characteristics (more
than two orders of magnitude), the average deviation of the calculated value
of the evaporation depth from the measured value for all tissues is several tens
of percent and depends on the excess over the evaporation threshold. The
developed approach can be used for predictive modeling in preoperative
planning using scanning systems based on continuous CO2 lasers.

Keywords: CO: laser; automated scanning; biotissue; structure; strength
characteristics; depth of evaporation; predictive modeling.
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1 Introduction

Robotics in surgery is one of the directions of development
of modern medicine [1-3]. It is assumed that robotic
surgery will reduce the risks of the human factor and
shorten the time of operations, increase the precision of
surgical intervention and the effectiveness of treatment,
and accelerate postoperative rehabilitation of patients.
One of the tools widely used for high-precision and
minimally invasive laser surgeries are CO, laser-based
devices equipped with scanning systems. Such devices
allow for the automation of the laser radiation exposure
process [4]. The most common use of such devices is for
the so-called ablative (local tissue evaporation) and non-
ablative (local tissue heating) laser skin resurfacing [5,6].
Such technology is considered to be the gold standard in
dermatological surgery. Currently, active research is
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being conducted on the use of scanning laser systems in
relation to the tasks of obtaining precision cuts of
complex shape of a given depth and evaporation of a
given area of arbitrary shape on the surface of biotissue.
Scanning systems allow precise control of laser radiation
parameters in the impact zone. They ensure high speed
and accuracy, safety and reproducibility of operations
using CO; lasers [7]. This significantly expands the
possibilities and prospects for their use in surgery.

One of the directions of development of robotic laser
surgery is predictive modeling for preoperative planning
purposes [8, 9]. This approach is based on experimental
and numerical modeling of laser exposure processes using
various in vivo or ex vivo biomodels. In Ref. [10], the
selection of modes and prediction of the depth of
automated laser incision of soft tissues is proposed to be
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mailto:ank27.ift@mail.ru
https://dx.doi.org/10.18287/JBPE25.11.030302

A.K. Dmitriev et al.: Prediction of Automated Evaporation of Soft Biotissues of...

carried out on the basis of an experimental database. To
create such a database, chicken muscle tissue ex vivo was
used. In Refs. [11, 12], to obtain a given depth of laser
evaporation of soft and bone tissues, it is proposed to use
simplified mathematical models for predicting the depth of
the cut based on experimental data on animal tissues. In
Ref. [13], a 3D model based on a single-layer perceptron
network is proposed to predict the creation of a cavity in
tissue during laser ablation. Thus, to solve problems of
prediction and optimizing laser ablation of biotissues,
there is a tendency to use approaches based on
experimental databases. This is due to the rapid
development of information technologies and various data
processing methods, including neural network-based
methods. Another reason is the difficulty of direct physical
modeling of laser ablation of biotissues. This is due to the
fact that various interrelated processes occur in the laser
exposure zone: absorption/scattering of radiation, thermal
conductivity, chemical processes, explosive boiling,
generation of acoustic and shock waves, etc.

Approaches to modeling physical processes during
laser ablation of biotissues have been developing over
several decades. In Refs. [14, 15], an analysis of laser
ablation of soft biotissues by pulsed radiation for
different wavelengths is carried out. For assessments, a
thermal model is used and the overheating of water in soft
tissues is taken into account. In Ref. [15], calculation
expressions are given for the threshold intensity of
ablation of biotissues and the depth of ablation by a short
laser pulse. A logarithmic dependence of the ablation
depth on the radiation intensity was obtained. In this
work, the literature data on the depth of pulsed ablation
of biotissues for different wavelengths are analyzed and
compared with the proposed calculation formula. In some
cases, good agreement between the experimental data
and the calculated dependence was observed. In
Ref. [16], the influence of the strength characteristics of
soft biological tissues on the efficiency of their ablation
by a single CO; laser pulse was investigated. In vitro
tissues of animal myocardium, aorta, liver and skin were
used. The water content in these tissues was
approximately the same (70-80%), but the tensile
strength differed by one to two orders of magnitude (the
lowest in the liver, the highest in the skin). A direct
relationship has been established between the efficiency
of pulsed ablation (mass removal per pulse) and the
strength characteristics of these tissues. It has been
shown that under conditions significantly exceeding the
threshold, the greatest ablation efficiency is in the liver,
3 times less in the myocardium, and 7 times less in the
aorta. It is concluded that not only water but also strength
properties play an important role in soft tissue ablation
with a pulsed CO, laser. In Ref. [17], a significant
influence of strength properties on the threshold of pulsed
laser ablation of soft tissues was theoretically predicted.

It should be noted that the majority of studies are
devoted to laser ablation of biotissues in short pulse
mode. Such impacts create excess pressure, leading to
tissue rupture. In this regard, the strength properties of
tissues play an important role in the process of their laser
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ablation with short pulses. There are far fewer studies that
examine the effects of continuous laser radiation on
biotissue. Moreover, there are few works that model the
cutting depth and the depth of evaporation of the tissue
zone during two-dimensional scanning of continuous
laser radiation. There is a well-known theoretical
work [18], which presents a model of laser ablation of
biotissues for continuous radiation with a stationary
position of the laser beam. The model is based on thermal
conductivity and the energy required for water
evaporation. Based on the heat conductivity equation,
relationships were obtained for the ablation threshold
(when the temperature is equal to the boiling point of
water for an exposure time of o) for the radiation
intensity and exposure time required to begin ablation.

Previously, we proposed a semi-empirical model of
laser evaporation of soft biotissues using continuous
CO; laser radiation during two-coordinate beam
scanning [19]. This model showed good agreement with
experimental data on the evaporation of model samples
based on aqueous solution of agar and samples of pig
heart muscle in vitro. The model is based on energy
balance, assuming that the key factor in energy balance
is tissue water evaporation. The paper suggests that the
proposed model can be used to predict the evaporation of
other soft tissues with high water content during two-
dimensional scanning of CO; laser radiation.

However, the applicability of the evaporative
mechanism of tissue removal by continuous CO- laser for
different soft tissues has not been definitively
substantiated. This is due to the fact that soft tissues,
despite similar thermophysical characteristics, have
different structures. The different composition of the
organic matrix and its structure leads to the fact that the
strength properties of soft tissues differ significantly. For
example, the tensile strength of soft tissues can differ by
more than two orders of magnitude [16, 20, 21], while the
maximum difference in thermophysical characteristics is
tens of percent. In this regard, the question arises about the
applicability of the evaporation model for soft tissues with
very different strength characteristics under continuous
laser radiation.

The aim of this work is to study the depth of evaporation
of soft water-containing biotissues with very different
strength  characteristics during two-coordinate laser
scanning of continuous CO; laser radiation, to predict the
depth of evaporation based on the evaporation mechanism
and to determine the limits of applicability of this approach.

2 Methods and Materials

For automated surface laser evaporation of biomodels, the
setup was used, consisting of a laser unit, an articulated-
mirror manipulator and a 2- coordinate galvanic scanner
JS1105 Galvo Scanner (Sino-Galvo Technology Co.,
China) coupled to it. The setup is based on a single-mode
CO laser C-20A (Coherent, USA) with a power of up to
20 W with high-frequency (HF) pumping of the active
medium. A detailed description of the setup is given in
Ref. [22].
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Table 1 Some characteristics of biological tissues [16, 20, 21, 23—25].

Thermophysical Mechanical and structural
Thermal Heat . Tensile .
Type of tissue  conductivity k, capacity C, Der}zlrtny3 strength o, Pecul|ar|t|e;ic;f[itsrslﬁstructure of
W/m-K Jkgk P8 N/mm?
Skeletal muscle 0.45 3450 1.04 0.07 _(along the An aggre_gate of parallel_ muscle fibers
fibers) in connective tissue.
Myocardium 0.71 3730 1.06 0.04 Three-dimensional structure of
densely packed muscle fibers.
Liver 0.52 3600 1.06 <004 An aggreg?]te of liver lobules and
epatocytes.
Aorta 0.63 3960 1.04 2 A set of elastic functional shell layers.
The scanner control unit and our specially developed 3 Results

software allowed us to set any shape of the evaporation
area within 20 mm x 20 mm, the speed of the laser beam
within 1-50 mm/s, and the required filling density of the
evaporated surface by laser hatching. The surface
scanning area is a set of parallel lines (hereinafter,
hatching lines). The required density of filling the
evaporated area of the surface by laser hatching was
ensured by changing the distance between the hatching
lines.

The following soft tissue samples of pigs in vitro of
different types with high water content (70—80%) were
used as biomodels: cardiac muscle (myocardium), liver,
skeletal muscle 4-5 mm thick and aorta 3—3.5 mm thick.
These biotissues are similar in water content and
thermophysical characteristics, but differ significantly in
structure and strength characteristics (Table 1). The
biotissues were used for 48 h post mortem. Between
experiments, all samples were stored in a closed Petri
dish at a temperature of 0—4 °C.

In experiments on automated evaporation of
biomodel surface areas, a single scan of a rectangular
area measuring 8.5 mm x 11.6 mm was performed. The
distance between the hatching lines was 150 pm. A lens
with a focal length of 50 mm was used. The radiation was
focused on the surface of the biomodel. The focal spot
size was 180 pm at a level of 86%. In the experiments,
the evaporated zone of biotissues was studied depending
on the power of laser radiation at a constant scanning
speed of 15 mm/s.

After scanning, the samples were frozen in a
refrigerator at —15 °C. Then, transverse sections of the
scanning area were obtained in these samples. The cut
was made with a blade through the center of the
evaporated zone perpendicular to the surface of the
sample and in a direction perpendicular to the direction
of the laser scanning lines. The evaporation depth of the
samples was measured using photographs of cross-
sections of the evaporation zone. The evaporation depth
was determined for 5 samples at fixed values of power,
scanning speed and hatching density. Then the obtained
values were averaged and the standard deviation was
found.
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Fig. 1 shows cross-sections of the evaporated zone of
different types of biological tissues at a radiation power
of 6.5 W and a scanning speed of 15 mm/s. It can be seen
that the section of the evaporated zone has a sawtooth
shape. This is due to the incomplete overlap of individual
cuts when scanning the laser beam. Also, additional
irregular unevenness of the evaporated zone is caused by
the heterogeneity of biotissues and the peculiarities of
non-stationary processes of mass removal from the zone
of laser radiation exposure [26, 27]. In Fig. 1, it can be
seen that for skeletal muscle, the shape of the “teeth” is
irregular, some of the “teeth” stick together, and their
surface is loose. A similar picture was observed for the
heart muscle and liver. For the aorta, the shape of the
evaporated zone has clearer outlines, and the “teeth” are
more regularly distributed across the evaporated zone. It
is obvious that such a qualitative difference in surfaces is
caused by the fact that the aorta is a much stronger tissue
compared to others. Under the saw-tooth surface of the
evaporated tissue zone, a zone with a whitish tint was
observed, which is associated with tissue coagulation.
This zone was not observed for the aortic tissue, since the
original aortic tissue already has a light whitish color.

As in work [19], the result of evaporation of
biotissues during laser scanning was characterized by the
maximum depth Hmax. The characterization of the
scanning result by maximum depth is caused by the
difficulty of determining the average evaporation depth
<H> from photographs of sections. The Hmax value was
averaged over sections of 5 samples under the same
scanning conditions. Fig. 2 shows the measured depths of
evaporation of skeletal muscle and aorta depending on
the power of laser radiation. As can be seen, these
dependencies are linear. A similar pattern was observed
for the other biological tissues. Moreover, the maximum
evaporation depth was obtained for skeletal muscle, and
the minimum evaporation depth was obtained for the
aorta. On average, the evaporation depth for skeletal
muscle was 42% greater than for aorta. For other tissues,
the difference in evaporation depth was smaller.
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1 mm

Fig. 1 Photographs of cross-sections of biological tissues before and after laser exposure at a radiation power of 6.5 W
and a scanning speed of 15 mm/s. (a) Cross-section of skeletal muscle before laser irradiation; (b—e) cross-sections after
laser irradiation; (b) skeletal muscle, muscle fibers were located vertically; (c) skeletal muscle, muscle fibers are directed
horizontally along the scanning line of the laser beam; (d) aorta; (e) enlarged scale for the evaporation zone of skeletal
muscle, which is indicated by the frame in panel (c). <H> — average evaporation depth.
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Fig. 2 Dependence of the maximum depth of evaporation of (a) skeletal muscle and (b) myocardium on the power of laser
radiation at a scanning speed of 15 mm/s and a distance between strokes of 150 um. White triangle marks — fibers along
the laser beam (vertically (])); red rhomb marks — fibers horizontally (-) and along the scanning line of the laser beam.

As follows from Fig. 2(a), there is a noticeable
difference in the depth of evaporation of skeletal muscle
depending on the location of muscle fibers relative to the
scanning trajectory of the laser beam. When the fibers are
located along (]) the laser beam, the evaporation depth is
less than the depth when the fibers are located
horizontally (-) (perpendicular to the laser beam). At low
radiation power, Hmax differs by more than 2 times for
different fiber arrangements, whereas at higher power,
this difference is 25%. This indicates that not only water
evaporation but also tissue matrix rupture, which depends
on the arrangement of the fibers, plays a role in tissue
mass removal. The lower depth of evaporation with a
vertical arrangement of fibers can be explained by the
fact that under excess water vapor pressure, muscle fibers
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do not break, but split. After the radiation exposure stops,
the unbroken fibers “stick together”. When the fibers are
arranged horizontally, excess pressure causes them to
rupture and be carried away from the impact zone along
with water vapor. These mechanisms of laser evaporation
of anisotropic tissue require more careful consideration
using histological methods.

For each studied biotissue, the coefficients of the
linear dependence Hmax = @ + b-P were found using the
least squares method. The results are presented in
Table 2. Almost all linear dependencies have a close
coefficient b in the range of 164-181 pum/W. The
exception is the aorta, for which b is noticeably smaller.
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Table 2 Parameters of soft tissue evaporation by continuous CO; laser radiation.

Ne Biotissue a, pm b, pm/W dH max, % Pc, W
1 Myocardium -129 £ 59 181+ 6 0.2-19 2.1
2 Liver 109 £ 100 176 =13 0.2-32 2.1
3 Skeletal muscle (-) 297 £ 140 169 £ 15 2.7-68 6.5
4 Skeletal muscle (]) —60 £ 170 164 £18 2.3-42 1.4
5 Aorta 83+ 54 125+6 5-30 1.1

The coefficient a differs significantly more for
different tissues. In our opinion, this is due to the fact that
the coefficient a is more closely related to the tissue
evaporation threshold. In this paper we do not consider
the issue of tissue evaporation threshold. It is obvious that
near the threshold the dependence of the evaporation
depth on the power will not be linear. In this mode, many
processes play a role, such as thermal conductivity, near-
surface heat outflow from the surface due to surface
evaporation of water, diffusion of intra-tissue water, the
occurrence of elastic deformations of the tissue in the
laser exposure zone, etc. For this reason, the coefficient
a varies significantly for different tissues. Far from the
evaporation threshold, when intensive evaporation of
tissue water occurs, its boiling, accompanied by micro-
explosions, the water-steam phase transition plays a
major role in the energy balance. This is evident in the
fact that the proportionality coefficients b between the
evaporation depth and power are quite close for different
tissues.

In work [19] we developed a semi-empirical
evaporation model for calculating the depth of
evaporation of soft tissues when scanning with a
continuous CO; laser beam. According to this model,
when scanning a laser beam with a distance between
strokes d, an evaporated zone is formed on the surface of
the tissue, having a structure with maxima and minima
with a period d. The shape of such an evaporated zone,
assuming a Gaussian shape of a separate cut of tissue, is
described by the formula:

(25kay®
0

P
VrVpQry

H(x) = N=oe 1
where Q = 2.26-10°% J/kg — specific heat of water
vaporization, po— water density, P —laser radiation
power, V —scanning speed, x —coordinate along the
x-axis, directed perpendicular to the direction of laser
lines during scanning

It can be seen that the depth of evaporation is
proportional to the power P. In this case, the
proportionality coefficient is determined by the tissue
scanning parameters V and d. In accordance with Eq. (1),
we obtained (using the Mathcad program) that at
P of 1 W, V of 15 mm/s and a hatching period d of
150 um, the maximum evaporation depth is 175 pm.
Thus, the proportionality coefficient by between the
maximum evaporation depth Hmax and the laser radiation
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power is equaled to 175 pum/W. This is practically
identical to the coefficient b obtained experimentally for
the liver, myocardium and skeletal muscle (see Table 2).
For the aorta, this coefficient is significantly less than the
calculated value. This is due to the strength
characteristics of this tissue. In this case, a significant
portion of the invested energy goes not only to the water-
steam phase transition, but also to the rupture of the more
durable aortic matrix.

In Fig 3, all measured depth values for all studied
biotissues are shown on one graph. This graph
also shows the calculated linear dependence Hmax = b-P
is equaled to 175 um/W - P.

Hmax, pm
30007 H
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2500 1 = miokard P
v
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Fig. 3 Maximum depth of evaporation of soft biotissues.
The dotted line is the calculated dependence according to
the evaporation model of evaporation of soft biotissues
as shown in Eq. (1).

Table 2 shows the range of variation in the deviation
value dHmax of the measured depth Hmax from the
calculated linear dependence ho-P for different tissues.
The maximum difference between the depth of
evaporation of biological tissues and the calculated value
is tens of percent. The standard deviation of the measured
values of Hmax for all biological tissues from the
calculated linear dependence of Hmax is 16%. Large
deviations (e.g. 68% for skeletal muscle) between
calculation and experiment occur in the low power region
(up to 3—4 W). This is due to the fact that the calculated
dependence does not take into account the evaporation
threshold. In the evaporation model presented by us in
Ref. [19], it is assumed that laser action occurs far from
the evaporation threshold of biological tissue.
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Let us estimate how the depth of evaporated biotissue
differs from the calculated Hmax0 = bo P (bo = 175 pm/W)
depending on the laser radiation power. Let for a specific
biotissue Hmax = @ + b-P. Then the relative deviation of
this value from the calculated one will be:

a b—bg
bo *P bo

— |Hmax0—Hmax| _

n=

)

Hmaxo

The magnitude of this deviation is related to two
components. The first is due to the fact that the tissue has
a non-zero value of the parameter a. This first component
decreases with increasing P, i.e. with distance from the
threshold of the onset of evaporation. The second
component of the deviation 7 is caused by the difference
between the proportionality coefficient b and the
calculated value bo. As already noted, this coefficient for
soft tissues is quite close and the value of (b—bg)/bo is up
to 12% (for skeletal muscle when the fibers are located
along the laser beam) and 29% for the aorta.

From Eq. (2) we estimate the boundary power Pc, at
which the deviation of the calculated dependence from
the measured one will be 30%. Table 3 shows the Pc
values for different tissues. For all tissues, the deviation
of the evaporation depth dHmax from the calculated value
is less than 30% when the radiation power Pc is more
than 1-2 W. The exception is skeletal muscle, where the
muscle fibers are directed perpendicular to the laser
beam. In this case, the difference in depth from the
calculated value of less than 30% is obtained at radiation
powers greater than 6.5 W.

Thus, despite the fact that soft tissues can differ
significantly in their strength characteristics (more than
2 orders of magnitude as in the case of the liver and
aorta), the depth of evaporation by continuous CO- laser
radiation far from the evaporation threshold is in good
agreement with the evaporation model for soft tissues.
The approach developed in Ref. [19] for calculating the
depth of soft tissue evaporation during 2D scanning of a
laser beam can serve as a good predictive model for
preoperative planning using continuous CO; laser
radiation.

4 Conclusion

The evaporation of soft water-containing biotissues with
very different structure and strength characteristics under
two-coordinate laser scanning of continuous CO; laser
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Abstract. The number of diagnosed melanoma cases is increasing every year,
and there is an urgent need for novel screening approaches that may help in
the diagnosis and prognosis of melanoma. In this study we propose to utilize
conventional Raman spectroscopy for the determination of Clark level of
invasion. We collected spectral data from 59 melanoma samples and achieved
accuracy of 75% for discrimination of I-II vs. III-V levels of invasion. This
study is the first to explore the potential of spectral analysis, utilizing Raman
scattering and autofluorescence techniques, for distinguishing melanoma
tissues according to their invasion level. Analysis of spectral data was
performed with the application of projection on latent structures and
discriminant analysis. The most significant for the model is the spectrum
bands, associated with autofluorescence. The most informative bands of the
Raman component for the constructed discrimination of melanoma tissues by
the degree of invasion are the bands of 1385 cm1, 1445 cm™1, 1487 cm},
1565 cm™!, and 1695 cm™!, associated with the presence of pigments
(melanin), protein components (e.g, amide bonds, collagen), and lipid
structures. The proposed approach may be useful in fast screening analysis for
the determination of the best treatment plan for the patient based solely on
the analysis of Raman spectra.
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1 Introduction

The number of diagnosed melanoma cases is increasing
every year, and there is an urgent need for novel
screening approaches that may help in the diagnosis and
prognosis of melanoma [1]. One of the most common
approaches to evaluate the stage of melanoma growth and
further evaluate a patient’s prognosis is a Clark level. The
Clark level of invasion is determined by examining the
depth of melanoma’s penetration into the skin’s layers
during a microscopic study. It categorizes the
melanoma’s spread into five levels (1-V), ranging from
the epidermis to the subcutaneous tissue. A pathologist,
examining the tissue, uses this information to assess the
melanoma’s stage and prognosis [2].

Since 1969 Clark and his collaborators had found a link
between the level of tumor invasion and the prognosis of
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patients with cutaneous melanoma. They showed a median
survival time of 6.83 years for the patients with level 11 of
invasion and 3.5 years for level V [3, 4]. Thus, the
information about Clark level of invasion provides an
opportunity to predict an outcome for the patient. In this
regard, it would be very helpful in medical practice to
determine Clark level of invasion fully in noninvasive
manner (in contrast to the pathologist examination).
Today there are numerous methods that may be used
for skin tissue analysis: ultrasound imaging [5], magnetic
resonance imaging [6], optical coherence tomography [7],
optoacoustic ~ imaging  [8], scanning  electron
microscopy [9], fluorescence lifetime imaging [10], and
many others. Despite the capabilities of the mentioned
approaches, there are several limiting factors that prevent
the inclusion of such technologies in medical practice.
Such limitations include the high price of equipment
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(magnetic resonance imaging, fluorescence lifetime
imaging, optoacoustic imaging), very limited depth of
analysis (optical coherence tomography), low resolution
(ultrasound imaging), etc. [11]. The described methods
utilize information about tumor invasion; however, there
is an opportunity to measure the chemical composition of
the tumor and predict the invasion level based on this
information.

One possible way to create a simple and reliable
method of tissue noninvasive component analysis is the
application of Raman spectroscopy (RS) [12]. RS may
provide fast and reliable data about skin tissue composition
[13] and offers an opportunity to create handheld portable
devices [14]. Application of RS (and its modifications)
was mainly demonstrated for the precise diagnosis of skin
tumors (both ex vivo and invivo [15]); however,
application of RS in the determination of the Clark level of
invasion was never investigated.

In this study we investigate a possibility to determine
Clark level of invasion based solely on the analysis of
Raman spectra from the analyzed melanoma tissues. We
aimed at differentiation of Clark level I and Il melanomas
from Clark level IlI, IV and V. We analyzed in vivo
melanomas with a portable Raman device and utilized
well-known machine learning techniques for the
classification of melanoma level of invasion and utilized
validation techniques to guarantee the robustness of the
proposed approach.

2 Materials and Methods

2.1 Melanoma Tissue Samples and Experiment
Preparation

In the current study, in vivo analysis of melanoma tissues
was performed at the Samara Regional Clinical Oncology
Dispensary. Patients were selected using stratified random
sampling. The study included 59 people. All subjects were
Caucasian with skin phototypes | and II. The Clark
invasion level was established based on the histological
examination results. The characteristics of the study
sample are presented in Table 1. Standardized in vivo
registration of spectral characteristics of melanoma tissue
was performed for each patient. Informed consent was
obtained from the patients; all participants were over
18 years of age. The in vivo study protocols were approved
by Samara State Medical University (Samara Region,
Samara, Russia, protocol No 132, 29 May 2013, and
clinical studies fall within the Code of Ethics of a Doctor
of Russia, approved at the 4th conference of the Russian
Medical Association, and within the World Medical
Association Declaration of Helsinki).

Table 1 Brief description of the sample.

doi: 10.18287/JBPE25.11.030303

2.2 Experimental Portable Raman System

Excitation of Raman scattering spectra of melanoma
tissues was performed using a laser module (LuxxMaster
LML-785.0RB-04, PD-LD, New Jersey, USA) with a
central wavelength of 785 nm. The Raman probe
(RPB785, InPhotonics, Massachusetts, USA) focuses the
excitation radiation and collects and filters the scattered
radiation. The focal length of the Raman probe used was
7.5 mm. A tip with a silicone attachment was used to fix
the distance of 7 mm between the probe and the
melanoma tissue surface, which made it possible to
collect scattered light from the upper layers of the skin
(up to 1-2 mm deep). The laser power density on the
melanoma tissue surface was about 0.3 W/cm? and did
not cause damage or discomfort to patients. The collected
signal was decomposed into a spectrum using a portable
spectrometer (QE65Pro, Ocean Optics, Florida, USA).
Spectra were recorded in the range of 800-914 nm with
a spectral resolution of 0.2 nm and an exposure time of
20 s with 3 accumulations.

2.3 Processing and Analysis of Experimental
Data

The spectra were recorded using the SpectraSuite
program (Ocean Optics, Florida, USA). Immediately
before recording the spectral characteristics of the
studied samples, a preliminary registration of the
background signal of the system without a melanoma
tissue sample was performed. After that, the background
component was automatically subtracted from the
subsequent recorded skin spectra using the built-in
SpectraSuite algorithm. Each of the obtained spectra is a
discrete set of 455 parameters (predictors).

The experimental data are characterized by
multicollinearity, high fluorescent background, and
multiple overlaps of the spectral contribution of various
components of melanoma tissue. Bilinear and nonlinear
methods of analysis have proven themselves well for
solving the task of discrimination of such spectral data of
multicomponent biological samples [16—18]. It should be
noted that the analyzed sample has a limited volume of
patients with a large number of parameters for each
patient. Therefore, the use of nonlinear machine learning
methods is complicated by the risk of overfitting the
model and is undesirable for the current sample. In the
current work, projection bilinear methods are advisable
to use to achieve a statistically reliable result. Therefore,
the experimental data were subjected to discriminant
analysis with projection onto latent structures (PLS-DA).
PLS-DA models were constructed using the MDAtools
package available within the R studio software [19].
Thus, the work solves the task of supervised
classification, where each patient in the sample is

Group Clark level ~ Number of - Number of characterized by spectral data (parameter matrix) and a
patients spectra .. . . .

priori information about belonging to a group depending

1 1,2 26 26 on the degree of melanoma invasion (target data vector).

In conditions of a limited sample size and a large number

2 3,4,5 33 33 of parameters for each patient, it is necessary to strictly

control the overfitting of the model to avoid
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overestimated discrimination characteristics. Previously,
our research group used a combination of the following
to achieve a statistically reliable assessment of the
feasibility of the analysis method on a limited sample:
1) control of the standard error of the model during cross-
validation; 2) several iterations of building and testing
the model, followed by averaging of the characteristics;
3) analysis of important variables for the model [20].
Similarly, in the current work, the spectral dataset was
divided randomly: 80% of the samples from each group
were used to train the model (training set), and 20% of
the samples from each group were used to test the model
(test set). Then, the training and test sets were
preprocessed. Separate preprocessing eliminates the
“leakage” of information about the test set into the model.
The spectral data were smoothed using the Savitzky-
Golay filter (15 filter window width, 1 order of
polynomial used for smoothing, and 0 order of derivative
to take) and normalized by the Standard Normal Variate
(SNV) algorithm. Smoothing using the Savitzky-Golay
filter reduces noise and random fluctuations in the
spectral data while preserving important spectral features
(peaks and their shapes). Normalization using the SNV
method eliminates variations in the spectral intensity
caused by external factors not related to the chemical
composition. Together, these preprocessing methods
provide a more accurate and reliable extraction of
informative features of the spectra for subsequent
statistical analysis and classification. The PLS-DA model
was trained on the training set and then used to classify
the test set. In total, random partitioning into training and
test sets was repeated 10 times. The number of loading
vectors in the model construction was selected in
accordance with the first local minimum on the model
mean square error graph calculated for a different number
of components and k-fold cross-validation predictions
(k=6). The analysis of the most significant spectral
bands for the constructed models was implemented based
on the variable importance distribution in the constructed
projection (VIP distribution) [21]. The VIP distribution
allows for determination which spectral ranges have the
most significant effect on the prediction of the target
variable. The allocated spectral ranges demonstrate those
areas of the spectrum that are most responsible for
variations in the target variable, which helps to
understand the chemical or physical properties of the
samples.

3 Results and Discussion

Figure 1 demonstrates the mean pre-processed spectra of
melanoma tissues characterized by invasion to the
papillary dermis (group 1) and melanoma tissues with
invasion to the subcutaneous fat (group 2).

Figure 1 shows that the spectral region of 450-
1800 cm™ is characterized by two key components: a
broadband autofluorescence signal and weak Raman
scattering peaks. To date, a number of scientific groups
have demonstrated that the combination of Raman
scattering and autofluorescence allows for obtaining
comprehensive information on the molecular and
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metabolic state of skin tissues and skin neoplasms [15,
22, 23]. In the recorded spectra in the range of 450—
1200 cm, autofluorescence dominates and overlaps the
weak Raman signal, which limits the analysis of this
range to only the fluorescence characteristics of
melanoma. Autofluorescence of human skin in the near-
IR range is caused by the presence of various
fluorophores, such as collagen, elastin, and melanin.
Melanoma demonstrates unique fluorescent properties
associated with an increased melanin content and
oxidative stress [24—27]. At the same time, in the spectral
range of 1200-1800 cm™?, the contribution of
autofluorescence decreases, which allows for a clearer
resolution of Raman peaks. The recorded spectra of
melanoma tissues are characterized by the presence of
Raman peaks at 1285 cm™, 1445 cm™, and 1665 cm™. It
should be noted that the assignment of spectral bands in
the spectrum of melanoma tissue to specific substances is
quite complex due to the possible spectral contribution of
several substances to one specific band. In an earlier
work of our research group, a statistically significant
relationship was found between the Raman intensity of
the spectral regions 1270-1340, 1440-1460, 1540-1560,
and 1640-1670 cm and the tumor type [14]. In addition,
according to the results of the histological examination,
the analyzed melanoma tissue samples are characterized
by the presence of lymphoid infiltration of varying
severity, which can also make a spectral contribution to
the recorded melanoma tissue spectra in the bands 1242
1252, 1450, and 1580-1660 cm™ [28, 29]. Thus, the
spectral range of 400-1800 cm™ reflects the combination
of autofluorescence and Raman spectral features, which
provides a comprehensive approach to the study of
melanoma tissue. A strong overlap of the spectra of the
analyzed groups should be noted. Weak intergroup
dispersion makes it difficult to detect spectral differences
between melanoma tissues of different invasions “by
eye” and confirms the need to use a multivariate analysis
method.

w

N

group

m1
m2

Intensity , a.u.

400 800 1200 , 1600
Wavenumber, cm’

Fig. 1 Mean preprocessed spectra with standard deviation
for the group with melanoma invasion from the
epidermal layer to the papillary dermis (group 1) and for
the group with melanoma invasion to the subcutaneous
fat (group 2).
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Detection of statistically significant  spectral
differences in melanoma tissues of different invasions was
implemented based on 10 iterations of dividing the spectral
base into training and test subsamples with subsequent
construction of a PLS-DA model. Figure 2 demonstrates
the choice of model parameters using one of the 10
iterations as an example. The distribution of the
eigenvalues of the loading vectors demonstrates that the
first two loading vectors cover a large share of the
explained data variation. At the same time, the model at
the iteration under consideration is characterized by a
decrease in the mean square error of the model during
cross-validation and the absence of a local minimum up to
the third loading vector. Thus, for the iteration under
consideration of model construction, the 3rd loading

doi: 10.18287/JBPE25.11.030303

vector is optimal, covering the main share of the variation
in the original data and not leading to overfitting.

As a result of 10 iterations of model construction, the
average characteristics of melanoma tissue discrimination
by the degree of invasion for the training data set were:
specificity at the level of 0.69, sensitivity 0.67, accuracy
0.68. The average characteristics of the constructed models
for the test data were specificity 0.71, sensitivity 0.80, and
accuracy 0.75. It should be noted that the models are stable
and have good generalization ability, which follows from
better indicators of the models for the test sets than for the
training ones. The average distribution of the importance
of the spectrum variables for 10 iterations of constructing
a model of melanoma tissue discrimination by the degree
of invasion is shown in Fig. 3.

d e i ble !
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Fig. 2 Characteristics of the discrimination model for melanoma tissues of different invasions for one iteration of dividing
the base into training and test sets. (a) Eigenvalues of loading vectors; (b) dependence of the mean square error of the
model during cross-validation on the number of loading vectors; (c) characteristics of the constructed discrimination for
the training sample; (d) characteristics of discrimination for the test sample.
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Fig. 3 VIP-distribution of spectrum variables in constructing discrimination of melanoma tissues by the degree of invasion

(average result for 10 iterations of model construction).
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As follows from Fig. 3, the most significant for the
model is the spectrum intensity in the ranges of
450-500 cm™, 700-770 cm™, and 1070-1190 cm™.
The greatest spectral contribution to the selected areas
is made by the autofluorescent component. The main
tissue fluorophores, such as elastin, collagen and
NADH, are characterized by fluorescence when
excited in the UV or short-wave visible range, whereas
the main endogenous fluorophore of melanoma tissue,
excited in the near-IR range, is melanin [24, 25].
Moreover, near-IR radiation penetrates tissue well,
which allows obtaining information about the deep
layers of the skin and pathologically associated
changes in them. Therefore, a significant contribution
of the autofluorescent component to the model may be
due to an increase in the volume fraction of
melanocytes with an increase in the stage of invasion
and, as a consequence, an increase in the
autofluorescent contribution associated with melanin
[30]. The most informative areas of the Raman
component for the constructed discrimination of
melanoma tissues by the degree of invasion are the
bands of 1385 cm™, 1445 cm™, 1487 cm?, 1565 cm-
!, and 1695 cm™. In general, peaks in these ranges
indicate the presence of pigments (melanin), protein
components (e.g., amide bonds, collagen), and lipid
structures. Their combination and intensity may
indicate characteristic features of melanoma tissue,
such as high pigmentation concentration, altered
protein structure, and increased metabolic activity.
The 1385 cm™ band may be associated with the
spectral contribution of amines, nitrogen-containing
groups, and amino acids, as well as melanin [31]. The
1445 cm* band is characteristic of §(CH3) and §(CHz)
deformation vibrations in proteins and lipids, as well
as amino acids and pigments [32]. This peak is often
associated with protein and lipid components of
tissues. The Raman band at 1487 cm™! may be
associated with pigments such as melanin, as well as
carbon-carbon bonds in aromatic systems (e.g., amino
acid residues or pigments) [33]. The peak in the 1487
cm™! region may be associated with vibrations of
amino acids such as tryptophan or tyrosine, which are
important for the synthesis of melanin. This may
indicate the activity of metabolic processes associated
with pigment formation. The spectral contribution to
the 1565 cm™ band is characteristic of pigments, in
particular melanin, as well as C=N bonds, which are
present in some proteins and pigments [31]. The
1695 cm™ band is associated with amide groups
(amide 1), characteristic of proteins, in particular with
the C=0 bond in the alpha-helical structure of the
protein; it may also indicate the presence of collagen
or other structural proteins [33]. The information
content of the highlighted Raman bands for the
constructed discrimination is lower relative to the
information  content of the autofluorescence
component. However, taken together, both the
autofluorescence  component and the Raman
component of the spectrum provide the construction of
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a stable model of discrimination of melanoma tissues
by the degree of invasion. To date, the main method of
analyzing melanoma invasion is histological analysis
[34]. The degree of melanoma invasion Clark level in
combination with other criteria, such as Breslow
thickness, determined by an experienced pathologist
based on histology, is an important prognostic factor
for survival and the dynamics of the course of
melanoma [35, 36]. The simplicity and availability of
classical histological assessment, good clinical
confirmation, and the possibility of standardized
assessment ensure the widespread use of histology for
determining the Clark level. At the same time, the
methods of invasion analysis according to Clark, based
on histological assessment, require high qualification
of a specialist and are associated with possible
subjectivity in determining the boundaries of invasion.
Modern technologies and additional methods help to
increase the accuracy and objectivity of histological
assessment of melanoma invasion, which is important
for determining the prognosis and choosing treatment
tactics for melanoma. For example, the scientific
group of M. Prodan et al. [37] and the team of authors
Y. Li et al. [38] studied the prognostic significance of
gene expression and markers in the analysis of
invasiveness and progression of melanoma. Gene and
biomarker expression is a powerful tool for assessing
the invasiveness and progression of melanoma,
allowing to predict tumor aggressiveness, the risk of
metastasis, the effectiveness of therapy, and the
likelihood of relapse.

It should be noted that melanoma progression is also
associated with changes in the arrangement of collagen
fibers in the skin. In the work [39], Sean J. Kirkpatrick et
al. used the optical elastography method to study the
mechanical properties of tissues that correlate with varying
degrees of dermal damage by the neoplasm. Thus, the use
of various methods for the analysis of melanoma invasion
allows not only for more accurate assessment of the stage
and risk of metastasis but also helps to better understand
the pathological features of melanoma associated with its
invasion, which contributes to the development of new
therapeutic strategies. Spectral methods can be used for
rapid noninvasive analysis of molecular and chemical
changes in melanoma tissues of varying invasion, which is
inaccessible with traditional histology.

The current study describes for the first time the
investigation of the capabilities of spectral analysis based
on Raman scattering and autofluorescence analysis for
discrimination of melanoma tissues by the degree of
invasion. The obtained results demonstrated the prospects
for using spectral analysis for noninvasive determination
of the degree of melanoma invasion and detection of
pathologically associated changes in the component
composition of melanoma tissues depending on the degree
of invasion. At the next stage of the research, it is planned
to increase the sample size of patients in order to build a
stable regression between the spectral characteristics of
melanoma tissue and the corresponding Clark level.
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4 Conclusion

The presented results demonstrate that conventional
Raman spectroscopy may be utilized for the in vivo
evaluation of Clark level of invasion. The achieved
accuracy of 75% for discrimination of I-11 vs. 1HI-V
levels of invasion allows us to hope for the subsequent
successful development of the approach with the
subsequent possibility of more accurate determination of
the invasion level. In this study we analyzed a limited
dataset of Raman spectra from melanomas of different
invasion levels, and in future studies the number of
analyzed melanoma samples as well as the number of
analyzed Raman spectra should be significantly
increased (according to clinical procedures limitations,
we were able to register only one Raman spectrum per
analyzed melanoma sample). The proposed approach
may be useful in the evaluation of a patient’s prognosis.
Moreover, as the registration and analysis of Raman

doi: 10.18287/JBPE25.11.030303

spectra takes a couple of minutes, the evaluation of the
patient’s prognosis may be performed right on the first
screening along with the determination of the neoplasm
type based solely on the analysis of Raman spectra. Such
an approach will save the time of the analysis and
ultimately help the doctor to find the best treatment plan
for the patient.
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Abstract. Fluorescence lifetime imaging microscopy (FLIM) is a powerful tool
for visualizing the distribution of fluorescence lifetimes of fluorophores within
a tissue, and is used for optical metabolic imaging. However, processing the
large volumes of data generated by FLIM can be time-consuming and
challenging for an untrained operator. Convolutional neural networks (CNNs)
have demonstrated its effectiveness for tissue image and FLIM segmentation,
making them a promising tool for automated analysis of FLIM images. The
article presents a method for segmenting FLIM images of liver tissue during
the regeneration using a CNN based on the UNet++ architecture. The CNN was
trained to detect cell boundaries and nuclei, and the resulting masks were used
to approximate the fluorescence decay curves for the FLIM-image data. The
results show that the CNN is effective in segmenting FLIM images of cells and
tissues, and obtaining fluorescence decay curves. The use of CNNs and other
machine learning methods in medical image segmentation and analysis will
improve and speed up diagnosis and reduce diagnostic errors.
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1 Introduction fluorophore depends on the pH, viscosity, temperature

Fluorescence lifetime imaging microscopy (FLIM) is a
powerful tool for visualization of the distribution of
fluorescence lifetimes of fluorophores within a tissue. It
enables researchers not only to differentiate
fluorophores, but also, more importantly, to probe their
environment, since the fluorescence lifetime of a
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and other physicochemical parameters of the region of
the medium in which it is located. One of the most
important applications of FLIM is for optical metabolic
imaging. This is based on measurements of the decay
kinetics of endogenous fluorophores such as NAD(P)H
and FAD, which participate in redox reactions in a cell
and, accordingly, reflect its metabolic status [1].
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To describe the decay of NAD(P)H fluorescence, bi-
exponential or tri-exponential approximation models are
usually used, where the parameters t;, t; and t3 correspond
to the lifetimes of the free, bound and phosphorylated
forms of NAD(P)H, respectively, and their contributions
are described by the relative amplitudes ai, a; and as.
Changes in the NAD(P)H fluorescence decay curves can
therefore serve to indicate metabolic changes: while an
increase in a; correlates with an increase in anaerobic
glycolysis, an increase in a is associated with an increase
in oxidative phosphorylation, and a change in as
corresponds to changes in the intensity of the synthetic
processes in the cells. FLIM generates a large amount of
information — the times of registration of photons, their
number, as well as data on the coordinates of where the
photons are recorded. Processing such large volumes of
data can be time-consuming and challenging for an
untrained operator.

Neural networks are increasingly being used in
medical data analysis due to their ability to learn complex
patterns and relationships in large data sets. In particular,
convolutional ~ neural  networks (CNNs)  have
demonstrated significant success in tissue image and
FLIM segmentation [2, 3].

A CNN is a type of deep learning algorithm that can
automatically learn features from images and classify
them into different categories. This type of algorithm is
particularly well suited to image segmentation problems,
where the goal is to divide an image into different regions
based on their contents. CNNs have previously been
shown to be effective in segmenting liver tissue as seen
in multiphase CT images [4].

Liver tissue segmentation is an important task in
medical imaging because it enables the detection and
diagnosis of early metabolic changes associated with
liver diseases such as hepatocellular carcinoma
(HCC) [4]. Traditional tissue segmentation methods rely
on manual annotation, which is time-consuming and
prone to human error. FLIM, on the other hand, produces
large data sets that may contain ambiguous objects to
assess, which can make processing difficult for the
operator.

A promising task is to develop an algorithm for
automatic image analysis of FLIM microscopy to
improve the clinical diagnosis of metabolic changes in
tissues in the analysis of various conditions, disease
development, tumor growth, and treatment response. In
the case of scientific research, in turn, the development
of a method for analyzing large amounts of data is
required, which can be solved by developing automated
algorithms.

The objective of the work is to develop an algorithm
for automated analysis of FLIM images for subsequent
software development.

FLIM image analysis using neural networks can be
performed in various ways. Using neural networks to
calculate the fluorescence decay parameters for all pixels
in an image, or by segmenting and then calculating the
decay parameters either based on an approximation, in
SPClmage, or based on the results of parameter
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calculations using neural networks, or by approximating
the decay curves using a separate curve approximator. In
this paper, we consider the development of an algorithm
for analyzing FLIM images of liver tissue during
regeneration against the background of pathology, based
on the previously presented in Ref. [5]. CNN-based
automated FLIM analysis methods have been applied for
the first time to a complex in vivo model.

2 Materials and Methods

2.1 FLIM Data Processing

To study the possibility of employing automated analysis
of FLIM images using CNN, it was decided to analyze
the effectiveness of automatic processing of images
obtained from FLIM data arrays for various study
samples derived with this method.

Models of liver regeneration with pathologies
(fibrosis and steatosis) were selected as such samples.

Data from the studied samples had previously been
processed manually and had also had metabolic changes
confirmed on the basis of other methods (histology,
molecular analysis) [6]. From comparisons with the
manually processed data, conclusions were drawn
regarding the feasibility of such automated processing.

Since specific fluorescence parameters obtained from
manual and automatic processing may differ markedly
from each other due to limitations of fitting, it was
decided to compare the ability to detect identical patterns
of changes in metabolic status at different time points,
rather than to use absolute values, for the variants of
manual and automatic processing. The coincidence of
global changes in metabolic parameters (relative
contributions to the mean time) was thus considered as a
sign of the effectiveness of the automatic analysis.

The criterion for change in the metabolic status of
each studied object was taken as any significant
difference between the fluorescence lifetime parameters
(t1, t2, t3, @1, @z, @s) at different time points of the study.

FLIM images were labeled (segmented) using ImageJ
(Fiji) into three classes, class 1 representing the cell
boundary, class 2 the nucleus boundary, class 0
everything else. To train a CNN to detect the cells, three
mask variants were used: cell borders, complete cells,
background without cells.

To carry out automated analysis, a convolutional
neural network was trained, for which the UNet++
architecture was chosen that used a multi-component loss
function consisting of the BCE, Focal and Dice functions.
The CNN was trained in a three-channel format,
receiving all previously designated mask options as its
input. The following quality metrics were used: area
under the curve (AUC) and the Fi-metric.

A separate CNN was also trained to identify cell
nuclei and subsequently to exclude them from the
analysis. BCE was used as the loss function; the area
under the curve (AUC) and Fi-metric were used as
quality metrics.
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The images were additionally filtered by brightness to
exclude bright areas (vitamin A and lipofuscin) from the
analysis. Using the Otsu method with two thresholds, its
own thresholds were automatically selected for each
image, since there is a difference in intensity among the
images.

The resulting predictions were used for cell-by-cell
segmentation of the corresponding images. The
segmentation results were then used as fields to perform
cell-by-cell analysis of the fluorescence decay of each
image using an exponentially modified Gaussian
function, effectively describing bi-exponential and tri-
exponential decay models. For each cell, the coefficients
of the fluorescence decay curve equation were calculated,
on the basis of which the fluorescence lifetime
parameters could be determined.

Visual Studio Code (Microsoft, Washington, U.S.)
was used as the analysis environment; Python (Python
Software Foundation, Delaware, U.S.) was used as the
programming language.

2.2 Model of Liver Regeneration

Wistar rats (28 individuals) were used as model objects.
To model pathologies, two options were chosen: fibrosis
was induced by intraperitoneal injection of a 30% oil
solution of CCl4; steatosis was induced by a high-calorie
fatty diet, 60% fat in the total diet of the animal. Induction
of liver regeneration was initiated by 70% partial
hepatectomy, followed by monitoring the regeneration
process on days 3 or 7 after hepatectomy, with FLIM
imaging at both stages.

To train the CNN, 330 FLIM images of rat liver tissue
at various stages of regeneration were used.

The animals were kept before and after the operation
in accordance with the rules adopted by the European
Convention for the Protection of Vertebrate Animals; and
according to the National Institutes of Health Guide for
the Care and Use of Laboratory Animals (NIH
Publications no. 8023, revised 1978) and also in
compliance with the ARRIVE guidelines. The local
ethics committee at the Privolzhsky Research Medical
University (protocol Nel5; date: 23.09.2022) approved
all the animal procedures.

2.3 CNN Training

A convolutional neural network model was selected for
cell-by-cell image segmentation. Threshold
segmentation methods are not suitable for this model due
to the high intensity heterogeneity, which is associated
with the presence of different objects within the same
intensity boundaries. Two architectures, UNet and
UNet++, were selected as possible options for
segmentation [6]. The UNet architecture is a standard
variant of biomedical image segmentation due to its high
accuracy and ease of implementation, in turn, its
modification UNet++, according to literary sources, is
one of the most accurate segmenters for biomedical
images, although it has a large volume of parameters and
training time [7]. Unlike monolithic transformers or
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context-focused models, like DeepLab, which is better
for natural images or ResUNet better for volumetric data,
UNet++ offers adaptive precision-speed control and
seamless extensibility.

ReLU and ELU were considered as activation
functions. BCE, Focal, and Dice were considered as error
functions. Various combinations of these options were
tested. Training was conducted over 1000 epochs in
10 steps. The F1 score (Dice metric) was used to evaluate
the quality of segmentation.

The UNet++ model, which uses ELU as an activation
function and a multicomponent error function, was found
to be more computationally complex than the UNet
model with ReLU and the BCE error function. As a
result, the size of the UNet++ model increased by a factor
of 3, from about 35 Mbits for UNet to about 100 Mbits
for UNet++. Similarly, the training time for the UNet++
model also increased significantly.

Comparison of architectures is presented in Table 1.

Table 1 Comparison of accuracy of different
combinations of segmentation techniques.

Architecture 'A%Ztri]\é%t;?]n Loss function mEtl;ic
UNet ReLU BCE 0.619
UNet++ ReLU BCE 0.637
UNet++ ELU BCE 0.649
UNet++ ELU BCE+Focal 0.664
UNet++ ELU BCE+Dice 0.671
UNet++ ELU Dice+Focal 0.689
UNet++ ELU BCE+Focal+Dice ~ 0.703

Images for CNN training were augmented; areas
containing the objects under study were selected from the
images, after which the areas were cropped and re-
reflected. In this way, a higher resolution image was
obtained, individual sections of which were used as
different images to increase the volume of training
material and the density of objects in the image. Thus,
988 images were accumulated.

The collected images were divided into training and
validation sets. The training set was assigned 70% of the
images, while the validation set received 30%.
Previously accumulated images of normal liver tissue
samples were used as a test set.

These images, with applying standard image
augmentation techniques (height and width shift,
reflection, rotation, horizontal and vertical flip, zoom),
were used to train a convolutional neural network based
on the UNet++ architecture using a multi-component loss
function.

The UNet++ architecture is an encoder-decoder
network that nests smaller-depth encoder-decoder layers
to reduce the semantic gap between the encoder and
decoder feature maps.

Hyperparameters were selected for neural network
training. Adam was used as an optimization algorithm
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with a learning rate of 0.0001. Due to the limited amount
of memory, the batch size was set to 10. Dropuot was
used as a regularization method. Early stopping of
learning was not used. As a loss function, used to control
the quality of model training, a multicomponent function
was used; it is a sum of BCE, Focal and Dice loss
functions.

The BCE loss function calculates the binary cross
entropy, compares the predicted result for each pixel with
the real value of 0 or 1, and then calculates a score that
penalizes differences between the real and predicted
values.

The Focal loss function is a modified version of the
BCE function for use in cases with extreme class
imbalance.

The Dice loss function is based on calculating the
overlap between the predicted and true classes.

The result of using UNet++ is a semantic
segmentation map, which should be divided into different
objects of the same class using the instance segmentation
method.

The classic ‘watershed’ algorithm was used as an
instance segmentation method; this algorithm works by
filling a space with known boundaries (cell edge
segmentation mask) based on individual markers (whole
cell segmentation mask), until the moment of
overlapping, at which division into segments occurs. The
parameters used by the algorithm (markers of objects,
distance between objects) were selected automatically.
No significant over- or under-segmentation was detected
during image analysis. If there were too small objects on
the masks, they were deleted.

The CNN for determining cell boundaries was trained
for 1000 epochs, of 10 steps each; the multi-component
loss coefficient was 0.6; Focal Loss was 0.075; Dice Loss
was 0.22, with an F; (Dice) metric of 0.7 (precision was
equaled to 0.64 and recall was 0.8), loU of 0.51, accuracy
of 0.76 and AUC of 0.9.

The CNN for kernel detection was trained for 1000
epochs; the F1 (Dice) metric was 0.65 (precision was
equaled to 0.36 and recall was 0.96), loU of 0.4, accuracy
of 0.96 and AUC of 0.98.

The relatively low accuracy of the segmenter is
associated with the identification of previously unmarked
objects, which was confirmed during manual image
verification.

In the case of nuclear detection, a large number of
false positive results indicate the detection of rounded
low-intensity objects, these may be the lipid droplets or
tissue damage. Segmented nuclei or similar objects are
removed from the analysis, regardless of whether they
are nuclei or other objects of no interest.

In this way, high-accuracy models were trained.

2.4 Segmentation

Using the watershed algorithm, the resulting masks were
segmented to obtain individual cell masks for the image.
Next, a combined mask was obtained for each cell,
including only the cytoplasm of cells of a certain
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brightness and excluding the nuclei and areas of vitamin
A (or lipofuscin) of increased brightness.

The masks were then used as ROls to approximate the
fluorescence decay curves for the FLIM-image data
corresponding to this mask, based on an exponentially
modified Gaussian function.

For steatosis, 11367 individual decay curves were
obtained.

For fibrosis, 9607 individual decay curves were
obtained.

Manual processing of this volume of images resulted
in 5370 and 3138 decay curves for the steatosis and
fibrosis variants, respectively.

2.5 Curve Fitting

The approximation of the curves to calculate the
fluorescence decay parameters was carried out based on
an exponentially modified Gaussian function, the
equivalent form of which is suitable for describing the
decay of exponentials:

ho [m 1,002 x—p
oot =77 [Fow (5(2) -"77)

1 (o xX—u
X erfc (\/_7 (; - T))
where h — Gaussian amplitude; x — mean Gaussian value;

o — Gaussian standard deviation; A — exponent values;
7 — relaxation time of the exponent, which is calculated:

1
T=Z,

and erfc is a complete function error:
_ _ 2 (o] _tz
erfc(x) =1—erf(x) = \/—Efx e tdt.

The FLIM parameters were calculated on the basis of
the values: h, and A obtained during the approximation,
based on the functions:

1
tn:Z:‘En’

h
agbsolute —In

[

absolute
qrelative — 100+an
n - absolute
Yan

tmean = % Ay - ty.

The initial parameters of the approximation model
corresponded to the values obtained for normal liver
tissue during manual processing. The ai, a;, and as
parameters were 60%, 30%, and 10%, respectively, while
the t;, t, and t3 parameters were 0.4, 2.5, and 6 ns,
respectively. The parameters were limited to a 50% range
of the set value.

The chi-squared metric was used as a metric of
approximation accuracy, with the maximum possible
threshold value of 1.5.
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2.6 Image Processing

Examples of FLIM images are presented in Fig. 1. The
stages of operation of the segmenter are also presented in
Fig. 1.

When studying metabolic changes in tissues using the
FLIM method, three forms of NAD(P)H are used: the
free, bound and phosphorylated forms. These are
represented by the following decay parameters: their
relative contributions to the total decay time ai, a,, and
az and their absolute values of decay time ti, tz, and ts,
respectively. These parameters are calculated by
approximating each decay curve based on an exponential
Gaussian function for the 3 components. In this case, the
parameter as(t;) actually makes only a very small
contribution to the approximation of the function, but at
the same time it can change the distribution of the two
remaining parameters. Therefore, this parameter is an
important marker of changes in metabolic status, as it is
associated with the phosphorylated form of NADPH,
which is involved in the synthetic function of the
tissue [7]. Thus, it is important to perform FLIM decay
parameter distribution analysis for both the two-

doi: 10.18287/JBPE25.11.030304

component and three-component automatic analysis
options (Fig. 2).

It was shown that the decay tails differ for 2 and 3
component approximation variants. The images show
that the tail for the three-component approximation fits
the data better, although not significantly (Fig. 2).

As a result of the analysis, it was shown that the
parameter values for options with two and three
components at time points: 0, 3, 6, 9, and 12 weeks of
steatosis development, for parameters a; and a, are
similar, which indicates a weak influence of the use of
parameter as(ts) on the result of the analysis of the
remaining components, which in turn allows the use of a
three-component analysis option in the future without
loss of accuracy (Fig. 3A, Fig. 4B).

Using the average results of the metabolic parameters
for each image is a more representative option for
analysis due to the significant leveling of outliers and, in
some cases, a reduction of the scatters, but the option of
cell-by-cell analysis is more representative of the entire
sample (Fig. 3B, Fig.4B).

The results of the analysis are presented in Figs. 2 and
3, Table Sl and Table SII.

Fig. 1 Stages of image processing to obtain cell masks: 1 — FLIM image; 2 — detected cell boundaries; 3 — detected cells;
4 —boundaries selected relative to the threshold; 5 — cells selected relative to the threshold; 6 — processed cells separated
by the watershed algorithm; 7 — detected cell nuclei; 8 — bright areas of inclusions in the image; 9 — joint mask for the
image; 10 — mask for one cell, excluding nucleus and bright inclusions.
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Fig. 2 Results of automatically fitting procedure for 2 and 3 components fitting, for the same sample: blue dots — real
fluorescence decay data; orange curve — curve of the approximation function of real data; red box — tail part of the
function, for the position of which the third component is responsible.
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Fig. 3 Graphs of z-normalized values of parameter a, for fluorescence decay for (A) automatically calculated steatosis
with 2 components fitting, (B) automatically calculated steatosis with median values for each image analyzed. The dotted

line is the median of the data for 0 days and 0 weeks.
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days and 0 weeks.

3 Results

Our assessment of the possibility of using the automatic
method for analyzing FLIM images was carried out using
data cell-by-cell, for the automatic version, and by field,
for the manual analysis version; the fields conditionally
correspond to cells, although they covered 10-20% of the
cytoplasm.

When processing steatosis data, the dispersion (Q3—
Q1, since the data are not normally distributed) were
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statistically significantly different, with a p-value of
0.01395 (Mann-Whitney U-test, since the data are not
normally distributed), whereas the dispersion of the
automatically processed data was smaller. Since liver
tissue steatosis is a diffuse disease that manifests equally
throughout the liver tissue, a decrease in dispersion
during processing indicates an increase in the constancy
of finding objects with similar characteristics, and may
also be the result of a significant increase in the number
of objects processed [8].
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Fibrosis data with automatic processing have the
same dispersion as with manual processing, with a
p-value of 0.5112. Since in fibrosis, liver tissue is
heterogeneous and characterized by the presence of
fibrous septa, areas of necrosis and pathological
regeneration nodes, stable results are unlikely due to the
presence of a large number of different metabolic
conditions in hepatocytes, which is also leads to an
increase in outliers.

The automatically processed data contains more
outliers, which is the result of a decrease in data
dispersion. In the graph, to remove outliers, the automatic
processing data was filtered by the 5th and 95th
percentiles; the data dispersion remained unchanged.

For the automatic data processing option, the patterns
of changes at different time points did not differ from
those obtained with manual processing, as shown by our
statistical tests.

The values of the parameter contributions, i.e. the
parameters ai, a; and as, differ relatively for automatic
and manual calculation by 4.628 + 3.474%, which is an
insignificant difference. The difference in absolute
values is due to the difference in the approximation
procedure between the SPCImage and the approximation
process based on the exponentially modified Gaussian
function, which constantly selects components of greater
length. The difference in absolute values does not affect
the results of analysis due to equivalently changes in
contributions between different metabolic statuses and
their overall equality.

To assess the compliance of the automatic and
manual processing options, a test of the compliance of
the mutual distribution of various points of the
regeneration process against the background of
pathology was carried out. All variants of metabolic
states were compared with each other using the Dunn test
with  Benjamini-Hochberg ~ multiple  comparison
correction, since the data distribution was statistically
significantly different from normal. During the
comparison, a matrix was obtained, which indicated the
differences between the variants of metabolic states or
their absence. During such a comparison for the
automatic version of curve analysis and when comparing
the results with the manual processing option, error
matrices were obtained on the basis of which the
precision, recall and F1 metrics were calculated.

It was shown that for the variant of steatosis
pathology development, precision is 0.802, recall is
0.975, F; is 0.880, and for the variant of cirrhosis
development, precision is 0.731, recall is 0.895, F; is
0.805.

The results of the analyses are presented in Fig. 4,
Table Sl and Table SII.

4 Discussion

Neural networks are currently widely used to facilitate,
accelerate, and automate the processing of large volumes
of data, including for the analysis of FLIM images.

One example of a CNN-based tool for tissue
segmentation is U-SegNet, a full convolutional neural
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network that has been used to segment brain tissue in
MRI images. U-SegNet is a hybrid of two widely used
deep learning segmentation architectures, U-Net and
SegNet, and has been shown to outperform traditional
(manual) brain tissue segmentation methods [3].

Another example is GNN-SEG, a graph-based neural
network method also used for brain tissue segmentation;
this approach uses to capture the spatial relationships
between different brain regions [9].

In addition, a deep learning approach has been
proposed for liver and tumor segmentation in CT images
using ResUNet [4, 10, 11].

There is a CNN for wound segmentation, which has
achieved high accuracy and efficiency, and is applicable
to the segmentation of four different types of wound [12].

A neural network model has also been developed to
classify stem cells of mesenchymal origin, based on their
biomechanical properties [13].

A deep 3D neural network has also been applied to
segment brain structures. It used self-monitoring
modules to analyze 3D MRI images [14, 15]. The manual
segmentation of such magnetic resonance images relies
on the use of a highly trained operator to isolate different
types of brain structure. The use of neural networks helps
automate this process and increases the accuracy and
efficiency of segmentation of the brain structures.
Applying segmentation to neonatal brain tissue has also
been explored for this task [16].

Applicable to FLIM microscopy, research [2]
demonstrated the use of a denoising convolutional
network to improve the signal-noise ratio (SNR) of the
FLIM technique, based on a fast acquisition FLIM
system that processes analog signals with large SNRs
obtained with the wuse of highly-efficient pulse
modulation.

In addition, for FLIM analysis, Hu et al. proposed an
automatic method for segmenting FLIM cell images
using multi-resolution community detection (MCD); the
method is effective for such segmentation [17].

Another study has demonstrated machine learning
methods for the label-free detection of microglia, based
on FLIM [15]. The study showed that machine learning
methods can be used to better interpret endogenous
fluorescent cellular signals in order to characterize
microglia, and that this approach can also be extended to
other cell types.

In this work, we used the U-Net++ convolutional
neural network, which is capable of determining the
boundaries of objects with high accuracy. This method
has previously shown the value of such accuracy in
segmenting medical images of various origins: CT, MRI,
microscopy [18].

Our work has demonstrated the high efficiency of
applying deep learning methods to segmenting FLIM
images; it being shown that automatic image processing
not only preserves the characteristics of manual
processing in terms of quality, but even surpasses it in
coverage of the studied material and in the stability of the
results. Similar results have been observed in other
studies [19]. In this regard, the use of automatic methods
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for analyzing FLIM images is therefore a suitable
solution for processing large volumes of data and for
express studies of individual samples.

In addition to the possibility of rapid assessment of
the liver condition [6, 7, 20], the FLIM method has also
proven effective for determining the boundaries of tumor
resection [21] and for evaluating the effectiveness of
stem cell differentiation in different directions [22, 23].
The algorithm we have developed, in turn, makes it
possible to simplify, accelerate and unify the process of
processing FLIM data at the cellular level with high
spatial and temporal resolution, eliminating the human
factor. In particular, the processing time was reduced
from 5—15 min to 5-15 s. In the future, software will be
developed to improve the usability of the algorithm and
create a universal effective tool for a range of
applications both in laboratory research and in the clinic.

Using CNNs to analyze medical data has several
advantages. First, they can facilitate, speed up, and
automate the processing of large volumes of such data,
which can be time-consuming and error-prone if done
manually. Second, they can improve the accuracy and
consistency of medical diagnoses because of their ability
to learn from large data sets and generalize these in a way
that can be applied to new cases. Third, they can reduce
the workload of healthcare professionals, allowing them
to focus on more complex tasks that require human
expertise [24].

5 Conclusion

FLIM microscopy is widely used to study metabolic
changes at the cellular and subcellular levels of various
cells and tissues in various physiological and
pathological conditions. In this regard, the development
of new methods for automating FLIM image processing
is an important aspect of the development of diagnostic
methods.

A promising direction for solving this problem is the
use of neural networks for automatic segmentation of
objects of interest on FLIM images and their subsequent
analysis.
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Introduction

Abstract. Additive manufacturing of TiNi alloys has developed significantly in
recent years. Such growth is due to the unique properties of the resulting
designs — superelasticity, bending strength — stretching, corrosion, chemical
and thermodynamic stability. In addition, three-dimensional (3D) printing
technology significantly expanded the scope of use of this material in various
applied areas from biomedicine (for printing implants and bone tissue
engineering), to, for example, the automotive and aerospace industries.
Despite the fact that 3D printing technology already has commercial solutions
that allows producing complex-shaped structures, this area is in the stage of
development. Of a particular interest is the optimization of printing process
and the development of a quality control system (achieving the required
parameters of porosity, roughness, minimizing defects such as cracks,
contamination, delamination, surface and subsurface heterogeneities, surface
quality, shrinkage, etc.). In this paper, an original non-destructive method for
assessing the sintering temperature as an indirect measure of porosity of a
material using optical coherence tomography (OCT) and machine learning
methods is proposed. Random Forest Regression approach was used to
predict depth maps and spatial statistics from the sintering temperature. The
Random Forest model based on the first- and the second-order texture metrics
of OCT images provided R? of about 0.95 for sintering temperature prediction.

Keywords: TiNi; porosity; biocompatibility; optical coherence tomography;
machine learning.
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fundamentally new functionalities [2, 3].

Alloys based on the intermetallic nickel-titanium
compound (TiNi) have gained widespread use due to their
unique combination of physical and mechanical
properties, which allow successful resolution of various
technical and medical challenges [1]. Shape memory
effect, superelasticity, high corrosion resistance and
biocompatibility make these materials highly attractive for
creating devices and structures with enhanced or
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technologies allow producing both monolithic and porous
structures based on TiNi, each possessing its own set of
functional and mechanical characteristics [4]. Porous TiNi
alloys are of particular interest due to their extensive use in
medicine, facilitated by their hysteresis properties similar
to human biological tissues and their developed three-
dimensional porous structure morphologically akin to
bone tissue. Such characteristics contribute to effective
biological integration of implants [1]. Powder metallurgy
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methods have produced porous TiNi-based products
applied in various medical fields, including oncology,
dentistry and maxillofacial surgery [5, 6].

In calcium-hydride reduction method of TiNi-based
powder production [7], initial titanium and nickel
compounds are reduced by calcium (most commonly in
the presence of calcium hydride), resulting in the
formation of TiNi intermetallic powder. TiNi powder
produced by this method typically exhibits a complex
phase composition: in addition to the main TiNi phase
(present in two structural states — high-temperature B,
phase and martensitic B19”), secondary intermetallic
phases enriched with titanium (Ti2Ni) and nickel (TiNis)
are detected, along with metastable phases such
as TisNis and oxide inclusions like TisaNi;
(O,N,C — oxycarbonitride).

The initial powders define the structural parameters
and physical-mechanical properties of porous materials
obtained by powder metallurgy techniques. The diffusion
sintering method of ready-made TiNi powder allows
producing material with a more homogeneous phase-
chemical composition compared to materials synthesized
by self-propagating high-temperature synthesis (SHS) or
reactive sintering using titanium and nickel powders [8, 9].
A general tendency in sintering is a decrease in overall
porosity with increased sintering conditions. Elevated
sintering temperature enhances particle diffusion bonding
(growth of “necks” between particles), leading to pore
shrinkage and thus reducing the total porosity of the
material [10]. Simultaneously, pore enlargement may
occur as smaller pores partially merge into larger ones, as
observed by the authors of study [11], where increasing
sintering temperature from 950 °C to 1000 °C raised the
average pore size from approximately 36 to 182 pm.

Reducing the size of the initial powder particles
promotes more intense sintering and increased material
density — a finer powder yields lower residual porosity
compared to coarser powder under otherwise equal
conditions [10]. Isothermal holding time has a similar
effect: extending sintering time usually enhances the
degree of sintering and reduces porosity due to further
growth of contacts between particles. For example, a
decrease in porosity from ~41% to ~39% when holding
time increased from 2 to 6 min was shown [12].

TiNi-based alloys are extremely sensitive to melting
temperature regimes: even slight variations in melting
point or heating/cooling rates can profoundly influence
the microstructure of the porous alloy, its physic-
mechanical properties, and characteristics of martensitic
transformations [1]. Therefore, control of thermal
parameters during sintering — especially the exact
maintenance of melting temperatures — determines the
properties of porous TiNi-based materials.

Porosity is one of the key factors affecting the
biocompatibility of materials with body tissues.
Biocompatibility is the ability of a material to integrate
with the patient’s tissues without causing any adverse
clinical reactions [13]. In addition, this applies to the
stimulation of cellular and tissue reactions to achieve
engraftment. Important biocompatibility characteristics
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ensuring the engraftment of implants are the absence of
inflammation, necrosis and severe oxidative stress in the
implantation area [14]. Biocompatibility is largely
determined by the surface structure of the implant.
Biocompatible materials should not cause pathological
processes or enhance complications, should not have a
carcinogenic effect on the body [15]. Porosity affects cell
survival, providing space for their attachment and
migration [5, 16]. The optimal pore size, which forms a
rough surface of the biomaterial, has a positive effect on
morphology and proliferation [17,18]. It is widely
recognized that pore size and porosity affect significantly
the progression of osteogenesis [19]. The interconnected
pore network provides sufficient permeability for the
exchange of nutrients and metabolic waste between cells
and the extracellular matrix (ECM). This promotes the
osteogenesis process, including cell colonization,
differentiation and ECM deposition [20].

When fabricating implants intended to replace lost
bone areas or entire bone, it is necessary to consider the
mechanical properties of biomaterials, which should
match the mechanical properties of bone. Such implants
should have high corrosion resistance to prevent implant
wear. In Ref. [21], Ti scaffolds were fabricated in two
porosity ranges (50% and 70%), so their mechanical
properties could mimic those of cortical and trabecular
bone. It was concluded that scaffolds with a pore size
range of 45 to 106 um have the best micro-architecture
suitable for early stages of cell attachment. 3D titanium
scaffolds with a pore size of 600 to 700 pm and a porosity
of 70% to 90% was found to demonstrate favorable
prospects for osteogenesis and restoration of bone
defects [22].

The fundamental characteristic of porosity is the
relative pore area. Some authors determine the pore
volume, or construct a pore size distribution. For
example, for an optical microscope, the pore area can be
estimated relative to the total area of the sample.
However, this characteristic does not take into account
the pore depth distribution, and an approximate
determination of the focus at the same point of different
samples can affect the final result.

Various data processing methods are used for porosity
analysis. A new model for predicting the porosity of TiNi
alloy based on the Support Vector Machine (SVM) was
proposed [23]. Gaussian process regression [24], multiple
linear regression, random forest [25], and convolutional
neural network [26] were used to predict porosity in
material manufacturing. In a previous study [27], we used
optical coherence tomography (OCT) to investigate the
porosity of TiNi samples. Porosity is a fundamental
property of the material that manifests as texture in an
OCT scan, whereas sintering temperature is a process
parameter that is not directly visualized. OCT was proven
to be an alternative technique for evaluating the porosity
of TiNi biomaterials. Researchers trained the SVM with a
radial basis function kernel classifier based on the first-
and the second-order statistics of OCT data to distinguish
groups of TiNi samples. The classifier provided an
accuracy of 95+5% for two groups of TiNi samples
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classification. This work demonstrated the effectiveness of
machine learning (ML) methods for analysis the porosity
of TiNi biomaterials, and it can be used to analyze the
porosity of other biomedical materials as well. The
combination of OCT and ML has been little studied and is
not practically presented in the literature. Therefore, this
study is relevant and promising.

Thus, the purpose of this work is to develop a
predictive model for assessing the porosity of TiNi based
on different sintering temperatures of the samples.

2 Materials and Methods

2.1 TiNi Preparation

Production of porous TiNi samples was carried out using
diffusion liquid-phase sintering of TiNi powder grade PV-
N55T45 (Fig. 1, Table 1), previously obtained by the
calcium-hydride reduction method. Before sintering, the
powder was dried in a laboratory vacuum oven at a
temperature of 150-170°C and residual pressure of
10~ Pa for 4 h to remove adsorbed gases and moisture.
The powder was then loaded without pressing into quartz
tubes of 15 mm a diameter and a length of 100 mm,
ensuring an initial bulk porosity of approximately 70%,
necessary to achieve the optimal structure of the porous
material.

X200 50um ——

Fig. 1 Micrograph of powders: TiNi powder grade
PV-N55T45.

a
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The ends of the quartz tubes filled with powder were
sealed with porous TiNi plugs produced by SHS.
Subsequently, the tubes were placed into the working
chamber of an electric vacuum furnace SNVE-1.31/16—
14 (Fig. 2).

Diffusion liquid-phase sintering was conducted at the
following temperatures: 1230, 1240, 1250, 1260 and
1270 °C. Throughout the entire sintering process, the
working chamber maintained a pressure of about
6.65-1074 Pa and the average heating rate of the samples
was 10 °C/min. Upon reaching the target temperature, the
samples were held isothermally for 15 min, after which
heating was stopped, and the furnace was cooled to room
temperature over 3 h. The sintered samples were then
removed from the working chamber and extracted from
the quartz tubes for further analysis.

Heating

chamber DU]UD Control unit
\ . —
IEE=N| |
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complex [
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Water
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Fig. 2 Schematic diagram of the SNVE-1.31/16-14
vacuum furnace.

2.2 OCT Protocol

The measurements were conducted using optical
coherence tomograph GANIMEDE-II (Thorlabs,
USA), which includes a basic scanning module
OCTG-900 and super-luminescent diode
with an operating wavelength of 930 +£50 nm.

Fig. 3 (a) Schematic demonstration of disjoint scanning areas on the TiNi surface with size 3x3 mm, (b) examples

B-scans (top) and C-scans (bottom) for test samples.
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On the surface of the investigated sample TiNi, 3x3 mm
area was highlighted using software ThorlmageOCT 5.0.1,
which was scanned with penetration depth up to 2.9 mm
and the voxel size of 6x6x2.9 um (the last parameter is the
depth, Z-coordinate). Then the scan area was moved 10
times in parallel along the horizontal plane XY (Fig. 3(a)).

The scanning procedure was repeated on the lower
edge of the sample. For a group of 5 samples sintered at
different temperatures, 100 regions were scanned for all
groups (in total, 500 regions). Examples of source data of
images are shown in Fig. 3(b).

2.3 Data Preprocessing

For the analysis of TiNi sample’s surfaces, a depth map
method was applied. For every OCT A-scan from
investigated area, Z-coordinate of its intensity maximum
was determined, which corresponds to the boundary
between air and metal at a point on a sample surface

(Fig. 4).

A-scan Laser beam
%I
air
N
metal

z

Fig. 4 Schematic representation of an OCT A-scan for
TiNi sample and its intensity maximum, which
corresponds to the boundary between air and metal.

For the Z-coordinates of the intensity maximum, their
distribution was constructed and a
5-percentile value was calculated in the initial area
corresponding to the boundary of the sample surface.
Then, the maximal pore depth for all groups of samples
was found, which was 1470 um. Considering this, the
depth map, which is a 3D surface, where XY-coordinates
corresponded to A-scan positions on the area,
Z-coordinate — pore depth at a given point, was
constructed. To reduce the noise, median and Gaussian
filters were applied to the depth map.

2.4 Statistical Analysis and Data Processing

The porosity (%) of a depth slice can be calculated as
follows:

Porosity = 100 = :—P, (1)
T
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where S, —the total pore area, S — the total slice area. For
the quantitative description of the depth map, the first- and
the second-order statistics were calculated. The following
distinctive characteristics of the first-order statistics were
used:

Mean: v = 2.94 * Y5 1i« p,, (2

STD: o = 2.94 *\/ i':ol pi * (i — V)2, 3)

Shannon entropy: H = — Y% 1 (p; *log(p;)), (4)

Kurtosis: y, = ﬁ—“ -3, (5)

4

Skew: A = g, (6)
where v — the first raw moment of the mean values of pore
depth in the studied area, k — the number of values for a
single depth map element, p; — the probability of depth’s
value equal to i * 2.94 um (i is the number of step along
Z-coordinate grid), o — the standard deviation (STD) from
the mean value v, u5 — the third central moment, p, — the
fourth central moment. The n-th order raw moment is
following:

v, = E[X"], )
the n-th order central moment is:

un = E[(X — E[XD"], ®)

where E — the mathematical expectation, X — the random
value.

The gray-level co-occurrence matrix (GLCM) for
every depth map was built to calculate the second order
statistics. The GLCM is following:

_ - 1, if 1Gey)=i and Ay
Py = Paay () = T S g T1O0 e et

B otherwise
9)

where P — GLCM with size (k, k), (Ax,Ay) — offset
from the considered pixel, when GLCM constructing,
I(x,y) — the value of the Z-coordinates corresponding to
the boundary between air and metal.

For the second-order statistics, the following
parameters were considered:

Correlation: p = Y75 P; ; * 0= (10)
), \/:izajz

Entropy: H = X2, —P; ; * log(P; ), (11)
Contrast: k = Y52, Py j * (i — j)?, (12)
Dissimilarity: D = Z{-‘_];lo P |i—jl, (13)
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Homogeneity: Q = Y71 —t (14)

W0 1=

Angular Second Moment (ASM): A = {72, P, (15)

Energy: E = VASM, (16)

where P; ; — elements of the GLCM, v; and v;— mean
values of the GLCM elements along
i-line and j-row, respectively.

The statistical significance of differences was
analyzed using the nonparametric Mann-Whitney test.

3 Results

The examples of photographs from 5 different groups
(for 5 different temperatures) of TiNi samples are
shown in Fig. 5(a). Each sample was studied according
to the OCT protocol presented in the Materials and
Methods section. There are two variants of processing
C-scans in this analysis. The first one is based on
manual selection surface depth. After that, area near
surface was used and 95% quantiles were calculated
[27] (see examples in Fig. 5(b)). The second one is
based on 2D depth map calculation (the examples are
shown in Fig. 5(c)).

Demonstration of the porosity distribution by depth
constructed for each sample group, using the algorithm
described in the Materials and Methods section, is shown

SO0 Dept,
0

1250
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in Fig. 6. At depths larger than 800 pm, the porosity is
insignificant.

The cumulative sum for this function is the volume of
pores, which do not fall within the optical shadow region.
The first and the second-order statistics were presented in
Fig. 7 and Fig. 8.

The TiNi samples produced at 1230 °C and 1240 °C
have less pronounced changes compared to those of
1260 °C and 1270 °C (Fig. 7).

Correlation analysis revealed the relationship
between the texture features of OCT images and their
potential role in porosity assessment (Fig. 9). A strong
negative correlation is observed between homogeneity
and GLCM entropy (r=-0.97) having the obvious
meaning: more homogeneous materials have less texture
variability. Contrast and dissimilarity features form a
cluster with high mutual correlation (r > 0.95) and are
negatively related to the entropy (r = —0.75), confirming
their sensitivity to pore boundaries. Energy, ASM
parameters demonstrate an almost linear dependence
(r = 0.94), which indicates the admissibility of excluding
duplicate features when building models. Interestingly,
GLCM correlation is weakly related to other metrics
(Jr] < 0.33), indicating its unique contribution to the
description of textural features. The revealed
dependencies are  consistent  with  theoretical
expectations: an increase in porosity leads to an increase
in contrast and entropy with a decrease in homogeneity,
which confirms the adequacy of the selected features for
non-destructive testing.
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Fig. 5 (a) Photos of the TiNi samples at different temperatures, (b) normalized section of the samples surface,

(c) corresponding depth maps.
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Fig. 6 Dependence of pore area on the depth.

The TiNi sample production temperature
values were used to predict the final material
properties. The prediction was made based on the first
and the second-order statistics calculated for the OCT
depth map. Random Forest Regressor (RFR) was
selected due to its inherent advantages for
our dataset: the relationship between OCT features
(e.g., texture metrics, speckle contrast) and porosity
is often non-linear, which RFR captures effectively
through decision trees. In RFR, the ensemble

doi: 10.18287/JBPE25.11.030305

and helps prevent overfitting, critical for our limited
sample dataset size. Also, RFR provides native
feature importance scores. The training set consisted of
400 depth maps, 80 images from each class.
The data were split into training and testing
sets in the ratio of 80%/20%. Then, the prediction
models were tested using the K-fold cross-validation
approach. This procedure was repeated 5 times, so that
each part of the data from one sample was included in
the test set only once. The RFR prediction accuracy
is presented in Table 1. The feature vector had a
dimensionality of 6 (the first-order statistics),
7 (the second-order statistics), and 13 (both order
statistics).

To find informative features, the feature importance,
method for RFR from the scikit learn package
was used, based on finding a partition of the decision
tree with the minimum Gini index. To estimate the mean
and variance of informative wvalues, predictive
models were trained 10 times. As can be seen from
Fig. 10(b), the most informative features are
the second-order ones — entropy, energy, ASM.
However, the high dispersion index indicates the
heterogeneity of the obtained results. In Fig. 10(b), the
dispersion values are significantly smaller, indicating
greater stability of the results obtained. The average
value makes the greatest contribution to the information
content. In Fig. 10(c) the results are consistent with

approach with  bootstrapping reduces variance -
Fig. 10(b).
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Fig. 7 Distribution of the first order statistics of the depth maps of OCT images. *p<0.05, **p < 0.01, ***p < 0.001 are
the significance levels among groups by Mann-Whitney test.
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Fig. 9 Correlation matrix for the first and the second order statistics.
Table 1 Accuracy of RFR for the first, the second, and both order statistics.
First order statistics Second order statistics Both
R? MAE (°C) R? MAE (°C) R? MAE (°C)
ACCUIACY (9561 0,046 4141+ 0651 0955+ 0051 3.671+0642 0955+0.052 3571+ 0.659
(mean + STD)

J of Biomedical Photonics & Eng 11(3) 2025 030305-7 28 Sep 2025 © J-BPE



V.V. Nikolaev et al.: Construction of a Predictive Model for Assessing the Porosity of...

The first order statistics (FOS)

Mean feature importance

0.8
0.6
0.4
0.2

02 @

doi: 10.18287/JBPE25.11.030305

The second order statistics (SOS)
1
0.8

0.6

0.4

0.2 T )
0 = + - -~ m B

- >
0.2 & OQ%

Mean feature importance

Both

Fig. 10 Feature importance for the first and the second order statistics.

4 Discussion

According to Fig. 7, the mean depth gradually decreases
depending on the increase in sintering temperature.
Samples with a sintering temperature of 1230 °C have a
large average depth, while samples with a sintering
temperature of 1270 °C have a minimum average depth.
Therefore, it can be assumed that samples with a sintering
temperature of 1230 have deeper pores and may be more
porous than others. These conclusions can be confirmed
by referring to Figs. 5(a) and 5(b), which show that the
surface of the sample with a sintering temperature of
1230 °C is more porous than the surface of the sample
1270 °C. It can also be noted that pores maximal depth of
all temperature groups is approximately at the same level.
However, samples with a sintering temperature of
1270 °C have the lowest maximal depth and statistically
significantly differ from almost of other groups.
Therefore, by varying the sintering temperature, it is
possible to achieve different porosity of the samples,
which must be taken into account in manufacturing TiNi
implants.

The strengths of the RFR method are the evaluation
of complex dependencies (dependence of porosity on
sintering temperature, many characteristics required as a
result of constructing regression), work on a small
amount of data (in our case, 5 groups of 100 images were
used), robustness to outliers. Since we propose to
describe the depth map with a few key parameters (e.g.
average depth, entropy, etc.), RFR data model predicted
them better than linear models, which makes it possible
to capture complex dependencies without overfitting.
RFR offers a compelling trade-off between accuracy and

J of Biomedical Photonics & Eng 11(3) 2025
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simplicity of sintering temperature-based predictions.
While deep learning may outperform it in scenarios with
large datasets, the interpretability and low computational
cost of RFR makes it well-suited for industrial
applications with limited training data. Future work could
hybridize RFR with physics-based constraints.

5 Conclusion

The presented results demonstrate that OCT can be used
in systems of quality control of porous metal alloy
manufacturing. The texture parameters derived from
OCT images can be linked to crucial material properties
such as porosity, defects (e.g., cracks), and surface or
subsurface inhomogeneities. RFR-based approach using
OCT depth maps and their the first and the second order
statistics was proposed to predict TiNi samples sintering
temperature. The RFR model achieves R? value of 0.95
for reconstruction of the first- and the second-order OCT
image texture metrics. This method provides a robust,
interpretable alternative to deep learning approaches for
small and medium datasets.
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Introduction

Abstract. Laser-induced modification of the structure and properties of
biological tissues is a novel and rapidly advancing approach used for tissue
reconstruction without causing destruction or coagulation of the biological
material. This work is devoted to determining the threshold values of laser
exposure parameters on the tissue of the tympanic membrane (TM) while
preserving its integrity and structure. The findings aim to facilitate the
extrapolation of principles from established laser-based technologies to new
biological tissue types, notably those where cells exist predominantly in a state
of normoxia. This work is the first step in the development of a new laser
technology — laser regeneration of the TM. In this work, using computer
modeling, temperature fields and thermal stress fields, the values of which are
close to known values, which have a positive effect on cell proliferation and
matrix synthesis, were found. Two laser modes selected for the in vivo
experiment made it possible to determine the acceptable range of effects on
the TM under conditions of maintaining its integrity and to find the threshold
for detachment of the TM epithelium while maintaining the structure of its
deeper layers.

Keywords: infrared laser; temperature field; thermomechanical stress; tympanic
membrane.
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focuses on identifying the threshold parameters of laser

Laser-induced modification of the structure and properties
of biological tissues is a novel and rapidly advancing
approach used for tissue reconstruction without causing
destruction or coagulation of the biological material. The
primary indicator of treatment efficacy is the preservation
of the tissue’s functional characteristics. Prominent
examples of such technologies include the method for laser
treatment of laryngeal stenosis, which has been developed
and successfully implemented into clinical practice [1-3],
as well as a technique for laser-based regeneration of joint
cartilage [4-10], the efficacy of which has been
corroborated by cellular studies [2, 11-13]. This study
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exposure on tympanic membrane (TM) tissue, ensuring
the preservation of its structural integrity. The results are
intended to support the translation of established laser-
based methodologies to novel biological tissues,
particularly those in which cells predominantly exist under
normoxic conditions.

TM perforation remains a common clinical problem
worldwide. Perforations can be classified as acute or
chronic. While acute TM perforations typically
demonstrate a tendency toward spontaneous closure
within 7-10 days, the presence of a chronic defect
predisposes patients to middle ear infections and may
result in significant hearing impairment. This, in turn,
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compromises the patients’ quality of life, restricts their
ability to communicate and exchange information, and
reduces their social activity [14—15].

Currently, alternative methods for closing TM
perforations are emerging to replace traditional surgical
approaches, such as tympanoplasty and myringoplasty.
These include the use of various scaffolds, growth
factors, and stem cells. The most common treatment
strategies involve a combination of these tissue-
engineered materials [16—20].

Currently, laser therapy for tympanic membrane
perforation is used only as an adjunctive surgical tool.
Studies show that COs: lasers can be used for precise de-
epithelialization of the perforation edges, facilitating
subsequent closure of the lesion. Wani et al. (2021)
compared the results of CO: laser myringoplasty with
traditional tympanoplasty and demonstrated perforation
closure in 80% of cases, which is slightly lower than with
standard surgery (90-94%). However, the laser
minimized the impact on surrounding tissue [21].

Combining laser treatment with biomaterials also
demonstrates high efficacy. Kuroda et al. (2024) used the
OtoLAM CO: laser to prepare perforation margins,
followed by application of a two-layer collagen sponge
(Terudermis). In this study, the overall perforation
closure rate was 69.7%, with the highest success rate
observed in traumatic injuries (84.6%) [22].

One of the important findings is the identification of
latent epithelial stem or progenitor cells within the
TM [23-25]. It has been suggested that their activation
contributes to the regeneration of the damaged TM. We
hypothesize that laser irradiation may serve as a
stimulatory factor for initiating regenerative processes of
TM perforation. In the literature, there is a study in which
TM tissues with post-traumatic perforations were
irradiated using lasers with wavelengths of 630 nm and
860 nm. These processes resulted in the restoration of the
TM with adequate proliferation of connective tissue and
without excessive formation of fibrous tissue, in contrast
to the control group (where laser treatment was not
applied) [26].

It has been experimentally demonstrated that low-
intensity laser irradiation is an effective tool in
regenerative medicine for inducing proliferative and
differentiation processes in mesenchymal stromal cells
(such as osteablasts, chondrocytes, and fibroblasts) and
progenitor cells [27].

Laser irradiation exerts a complex effect on biological
tissues, manifesting not only at the cellular and molecular
levels but also at the organ level, where it promotes the
normalization of metabolic processes and improves
microcirculation. In this context, regeneration is
considered as a natural response of living tissue to
damage. However, the intensity of reparative processes,
their dynamics, and the characteristics of the newly
formed tissue are directly dependent on the parameters of
the external stimulus [10, 28].

Cells of the organism exhibit high sensitivity to
changes in the microenvironment, including temperature
fluctuations and mechanical stresses. Laser irradiation,
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modulated in time and space, is capable of generating
pulsed-periodic tissue heating, which induces locally
heterogeneous thermal expansion and generates
pulsating fields of mechanical stress. These controlled
factors create specific conditions for cells, enhancing
their proliferative activity and stimulating their
biosynthetic functions. Consequently, laser exposure can
be considered as a tool for the targeted activation of tissue
healing and regeneration processes [2].

Modern studies show that medium-intensity laser
radiation can have a combined effect on mesenchymal
stem cells (MSCs), combining photobiomodulatory and
thermal effects. A number of studies have demonstrated
that such a combination has a pronounced stimulating
effect on the proliferation and colony-forming activity of
MSCs. In particular, it was shown that the fragmental
(fractional) thermal effect of laser radiation with a
wavelength of L =1.56 pm on the BM of rats in vivo
makes it possible to increase the content of MSCs by two
times [29], and when using a wavelength of 980 nm with
simultaneous exposure to light and heat, the number of
colonies increases several times compared to the control
and more than 3 times compared to isolated thermal
exposure [30, 31].

An important tool in this field is computer modeling,
which allows for the establishment of therapeutic ranges
of radiation parameters. Within these ranges, the desired
biological response is achieved while avoiding
undesirable side effects. Such models are actively used in
research, particularly on hard-to-access biological
tissues, thereby reducing the scope of ex vivo and in vivo
experiments [8, 32]

Thus, the objective of this study was first to
theoretically determine the range, and subsequently,
under in vivo experimental conditions, to establish the
threshold values of laser exposure parameters on the TM
tissue while preserving its integrity and structure,
followed by histological confirmation.

2 Materials and Methods

2.1 Theoretical Modeling

The theoretical model is based on the heat conduction
equation with a volumetric heat source G(xy,z,7),
generated by laser radiation and attenuating with depth
according to the Bouguer-Lambert-Beer law with an
effective absorption coefficient x

T (x,Y,2,7)

5 =aAT(x,Y,2,7)+G(x,Y,2,7), 1)
where a is the thermal diffusivity coefficient. The density
of the incident energy flux on the cross-sectional surface
of the cartilaginous tissue exhibits a spatial distribution
corresponding to a Gaussian profile, with an effective
beam radius ro(x), that accounts for beam divergence in the
transverse direction as it propagates through the media
along the x-axis.

2 Oct 2025 © J-BPE



O.l. Baum et al.: Thermomechanical Threshold of Laser Action on the...

O i

where P(7) denotes the time-dependent laser power, ¢ —the
specific heat capacity, p — the density. At the interfaces
between different media, the boundary condition of
constant heat flux density was applied. Temperature
gradients give rise to thermoelastic stresses, which can be
derived for each temperature profile.

For theoretical consideration, pulse-periodic modes
with a pulse duration of 100 ms and a repetition duration
of 1Hz were selected. Dynamics of the maximum
temperature on the front and back surfaces of samples
with a thickness of 100, 150 and 200 pm were
constructed. The irradiation power was from 0.1 to
0.7 W. The data for cartilage were chosen as constants
describing the model biological environment, since
thin autologous cartilage (100-200 um) is, in terms of its
comparative properties, an acoustically and mechanically
adequate  model of the native tympanic
membrane (TM) [33-36].

Experimental studies [33,34] and numerical
modeling [35] confirm that grafts of this thickness do not
have a significant effect on the transfer function and
vibrational characteristics of the TM. Clinical data [36]
demonstrate their effectiveness in tympanoplasty,
providing biomechanical stability without compromising
acoustic response. Thus, thin cartilage is justifiably used
as an in vitro model for studying the biophysics of TM
and testing reconstructive techniques.

In numerical modeling, for the moments of
achievement the maximum temperature at the first and
last pulses in the series of irradiation, temperature
profiles were constructed on the front surface, which
were then approximated by Gaussian axially symmetric
functions T(r) , which led to the discovery of the

components of the thermal stress tensor. Solving the
thermoelastic problem under this irradiation geometry
enables determination of the radial and angular
components of the thermoelastic stress tensor, expressed
as follows:

o, =aE [b%J:T(r)rdr —%!T(r)rdrj;
. , (3)
o, =aE(—T(r)+bi2.[[T(r)rdr+ri2'([T(r)rdr],

where b denotes the boundary of the integration domain
with respect to the radial coordinate, & — the coefficient
of thermal expansion, E — the elastic modulus, 7(r) —
represents the Gaussian distribution of the temperature
profile.

Using Eq. (3), the region of maximum deformations,
determined by the difference between the angular and
radial components, the maximum value of which has a
decisive influence on the cell and its environment, have
been calculated.
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2.2 In vivo Experiment on Small Laboratory
Animals

An experimental study was conducted on laser exposure at
a wavelength of 1.56 um with various power and time
parameters on small laboratory animals, approved by the
local ethics committee (protocol No. 10-24 dated
04/18/2024).

According to the literature, the chinchilla is an
optimal experimental model for the middle ear. Rats and
guinea pigs have a small diameter of the external auditory
canal, which significantly complicates simultaneous
manipulation with endoscope and instruments, or work
under a microscope using two instruments [37]. The
diameter of the external auditory canal chinchilla is
enough for manipulations on the TM using a 4 mm rigid
endoscope, which significantly improves the view
compared to using microscopic equipment. The diameter
of the TM of chinchilla is 7-10 mm. The structure of the
TM and auditory ossicles is similar to humans [38-40].
Thus, adult male chinchillas weighing 500-700 g, aged
6 months, were chosen as an experimental model. Males
were used due to the lower hormonal variability of males.

All manipulations were performed in a vivarium
complex. Before anesthesia, the animals were fasted for
12 h. Then, the chinchillas of both groups were given
general anesthesia by intramuscular administration of a
solution of Zoletil at a dose of 10 mg/kg and Xylazine
(dose 0.15 ml/kg), which corresponds to the minimum
dosages used for short-term painful procedures. Before
the administration of the drugs, a solution of Atropine
sulfate (at a dose of 0.05 mg/kg of animal weight) was
administered subcutaneously as premedication 15 min
before.

After the animal was anesthetized, using a 0-degree
rigid endoscope (Karl Storz, Germany) connected to the
video camera console controller (Karl Storz), the TM was
examined for its integrity and the absence of
inflammation (Fig. 1, Fig. 2).

Fig. 1 Endoscopic examination of the TM.
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Fig. 2 Chinchilla’s tympanic membrane viewed with an
endoscope: 1 — umbo, 2 — anteroinferior quadrant of the
tympanic membrane of the chinchilla, 3 — annulus
tympanicus.

The next step was TM exposition to laser radiation
(wavelength of 1.56 um) using a 600 pm diameter fiber
optic in the area of the annulus tympanicus and the umbo
(Fig. 3). According to the literature, progenitor cells were
found in the indicated areas, forming the TM’s own
regenerative potential [23-25]. Laser radiation was
applied perpendicular to the surface of the tympanic
membrane, at a distance of 1 mm from it.

(O8]

Fig. 3 The laser fiber is guided to the annulus tympanicus
of the tympanic membrane: 1 — tympanic membrane,
2 — annulus tympanicus, 3 — optical fiber that delivers
laser radiation.

Six animals were divided into 2 groups:

* group 1-3 chinchillas (6 ears), whose TM’s were
exposed to a laser with a wavelength of 1.56 um and a
power of 0.5 W, with pulses of 100 ms for a total
duration of 15 s, power density 56 W/cm? (laser
mode Nel);

* group 23 chinchillas (6 ears), whose TM’s were
exposed to a laser with a wavelength of 1.56 um and a
power of 0.3 W, with pulses of 100 ms for a total
duration of 30 s, power density 100 W/cm? (laser
mode Ne2).
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2.3 Control Otoendoscopy

After irradiation of the specified areas of the TM, control
otoendoscopy was performed using an endoscope (Karl
Storz, Germany).

After that all animals were then removed from the
experiment.

Euthanasia was performed using an overdose of
anesthetics, which, in accordance with the European
Directive 2010/63/EU on the protection of animals used
for scientific purposes, is included in the list of applicable
methods of euthanasia for rodents. The use of injectable
drugs is the fastest, most reliable and optimal method of
euthanasia, as it does not cause pain or fear of the
animal [41]. Material was taken only after confirmation
of the animal’s death (absence of pulse, breathing,
absence of corneal reflex, inability to hear breathing and
heartbeat using a phonendoscope).

2.4 Histological Examination

After the animal was removed from the experiment, the
TM preparation was instrumentally isolated under the
control of a Carl Zeiss microscope. The obtained samples
were fixed in neutral formalin, decalcified in a Biodec R
solution, embedded in paraffin, serial sections 4 um thick
were obtained every 50 pum, and stained with hematoxylin
and eosin. The samples were studied using standard light
microscopy and phase-contrast microscopy in a Leica DM
4000 B LED microscope (Leica Camera AG, Germany)
with a Leica DFC 7000 T camera (Leica Camera AG,
Germany).

3 Results and Discussion

Using a theoretical model in a numerical experiment for
the time of reaching the maximum temperature on the first
and last pulses in irradiation series differing in power and
total duration, temperature profiles were constructed on
the front surface of the irradiation, which were then
approximated by Gaussian axisymmetric functions of the
form T(r) , which made it possible to find the components

of the thermal stress tensor. Using Eq. (3), the region of
maximum thermal stresses was calculated, determined by
the difference between the angular and radial components,
the maximum value of which has a decisive influence on
the cells and their environment.

Figure 4 shows the theoretical dynamics of the
maximum temperature on the front surface of the samples
in two modes selected for further in vivo experiments.
Laser mode No. 1: power 0.5 W, total irradiation duration
15 s; laser mode No. 2: power 0.3 W, total irradiation
duration 30 s.

It is shown that the temperature on the back surface
of a 100 pm thick sample is lower than the temperature
on the front surface by approximately 3%, and for a
200 um thick sample by 6%. Thermal stresses were
calculated for the front surface of the samples — from the
side of incident radiation (Fig. 5).
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The approximation of the temperature profiles was
substituted into the equation for the components of the
thermal stress tensor and the values of the maximum
thermal stresses at the moment of reaching the maximum
temperature at the end of the first and last pulses with a
duration of 100 ms for the two selected modes were
found. Their profiles are shown in Fig. 6. With a power
difference of 1.7 times and an irradiation duration of
2 times, the temperature maxima on the first and last
irradiation pulses for a more powerful mode differed by
2 times, and for a more gentle one by 2.3 times. At the
same time, the corresponding difference in the maximum
values of thermal stresses was 1.5 and 1.47 times, which
indicates that the dynamics of thermal stresses depend
not so much on the absolute values of the temperatures
achieved, but on the dynamics of the temperature field
propagation.

laser mode Ne2
AT, °C

6

pulse Ne30

\
P4 “_ pulse Nel
[ NS SN ~—— =2
L
Distance, mm
(b)

Fig. 5 Theoretical temperature profiles in a direction perpendicular to the propagation of the light beam (points)
and their approximation (lines) for two laser modes at the first and last pulses for two modes: (a) laser mode Nel,

(b) laser mode Ne2.
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Fig. 6 Thermal stress for two modes at the first and last pulse of the series: (a) laser mode Nel, (b) laser mode Ne2.
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Fig. 7 Tympanic membrane, normal. (A) Hematoxylin and eosin staining. Magnification x400. (B) Phase-contrast
microscopy. Magnification x400. (C) Phase contrast microscopy (magnification x630): 1 — external layer (stratified
squamous epithelium); 2 — fibrous layer (fibrous connective tissue); 3 — mucous layer (simple epithelium).

100 pm

Fig. 8. Tympanic membrane, irradiated area of group 1. Magnification x630. (A) Hematoxylin and eosin. (B) Phase-
contrast microscopy. The curly bracket indicates the laser exposure zone.

The region of maximum thermal stresses has a ring
shape and is located on the periphery of the laser spot,
moving away from the axis of laser action with each
subsequent pulse. Using numerical modeling, two laser
action modes were selected from the studied range of
modes, in which the values of thermal stresses are close
to the values that have a positive effect on cell
proliferation and matrix synthesis [2].

Both modes presented above were selected for further
in vivo experiments, and the irradiation geometry was also
selected based on the calculations performed. Thus, in the
subsequent in vivo experiment, laser radiation was
delivered to the target area using quartz optical fiber with
a core diameter of 600 um. The fiber optic tip was
positioned in close proximity to the surface of the TM, but
excluding physical contact with the tissue. The power
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density in the treatment zone varied in the range from 56
to 100 W/cm?. This power density was chosen taking into
account the angular location of the TM inside the
chinchilla’s ear canal and the impossibility of
perpendicularly feeding the optical fiber to the TM surface.

After laser irradiation, control otoendoscopy did not
reveal any damage to the TM tissues in any case. During
the histological examination, the first stage was to study
the areas of the TM outside the irradiation zone. The
tissue of the chinchilla TM outside the irradiation points
has a normal structure: a layer of multilayer squamous
epithelium, a layer of loose fibrous connective tissue, a
layer of simple epithelium (Fig. 7). The three-layer
structure of the TM is especially clearly visible with
phase-contrast microscopy (Fig. 7C).
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Fig. 9 Tympanic membrane, irradiated area of group 2. (x630). (A) Hematoxylin and eosin. (B) Phase-contrast
microscopy. The curly bracket indicates the area of exfoliating epithelium.

The second stage involved studying the irradiated
areas of the TM tissue in groups 1 and 2. In group 1 (laser
mode Nel), the irradiated areas had a foamy structure and
were vacuolated, which may indicate the initial stage of
laser vaporization (Fig.8), in which the stratified
squamous epithelium is damaged (coagulation necrosis).

In group 2 (laser mode Ne2), a zone of peeling
epithelium is visible in the irradiated areas, which at the
same time retains its normal structure (Fig. 9).

4 Conclusions

Based on the theoretical model presented in the work, the
dynamics and profiles of the temperature field on the front
surface of the irradiated sample and the corresponding
profiles of the thermal stress field were constructed.
Accordingly, for the moment of reaching the maximum
temperature at the end of each pulse with a duration of
100 ms, the thermal stress fields also reach a maximum.
The area of maximum thermal stresses has a ring shape and
is located on the periphery of the laser spot, moving away
from the axis of laser action with each subsequent pulse.
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