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Abstract

The effect of the sample radius on the total photoacoustic signal processed by neural networks
trained with undistorted and distorted signals is carefully analyzed for modulation frequencies
from 20 Hz to 20 kHz. This is done for signals generated for a 400-um-thick Si n-type plate,
whose radius varies from 2 to 7 mm. It is found that the networks trained with both undistorted
or distorted signals yield the best predictions for sample radii between 2 and 3 mm, which is
close to the used microphone aperture radius of 1.5 mm. The network trained only with
undistorted signals gives the best results for sample radii comparable to the microphone
dimensions. The obtained results neural networks in the prediction of Si-plate radius indicate the

experimental necessity to use samples with radii slightly over to microphone aperture.
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1. Introduction

The photoacoustic effect is the effect of the sound appearance due to the illumination of a
sample with an optical beam whose intensity is time-dependent [1-5]. Numerous non-destructive
methods for the characterization and imaging of various solids, multilayer structures,
microelectronic and photonic devices, soft matter, and biological tissues are based on this effect
[6-21]. The use of neural networks in photoacoustics has become very popular recently,
especially in imaging within biomedical applications [23-25]. Significant progress has been
made, also, in photoacoustics of solids with different types of networks both in material
characterization and in the development of experimental procedures [26-28]. Networks have
proven to be a very effective tool for predicting the physical characteristics of solid samples [29-
31]. Within the framework of multi-parameter fitting in photoacoustics, the networks most often
predicted the values of the sample parameters such as thermal diffusion (D1) and thermal
expansion (a7) together with the thickness of the sample (I) [32,33]. These parameters are
important because they occur when calculating the temperature distributions of the sample and
all components of the photoacoustic signal generated by the periodic illumination of the sample.

It has long been known that the geometric parameters of the sample are very important
for the correct interpretation of the photoacoustic signal in the frequency domain [34-36]. If the
circular plate shape samples are tested, one of such parameters is its radius Rs. It explicitly
appears in the equation for calculating the thermoelastic and plasmaelastic components of the
photoacoustic signal of a semiconductor, so that its influence on the shape of the total signal
through these two components can be extremely significant [32,33]. In this paper, the analysis of
the influence of the semiconductor sample radius changes on all components of the
photoacoustic signal, thermodiffusion (TD), thermoelastic (TE), and plasmaelastic (PE), is
presented, based on the theoretical model of a composite piston [1-3] that serves to form an
appropriate base of photoacoustic signals for neural network training [26,27]. The tested sample
is a Si n-type 400 um thick wafer, classified as a plasma-thick sample — a sample with a
thickness larger than the diffusion length of free carriers [32,33]. Plasma-thick semiconductor
samples have a thermal response of known and characteristic patterns of behavior of the total

signal and its components in the modulation frequencies ranging from 20 Hz to 20 kHz [33].



These patterns include domination of the TD component at lower, and the TE component at
higher frequencies, while the PE component’s influence on the total signal is negligible.

The basic idea of this paper is to determine which type of neural network gives better
predictions in the case of a change in the radius of the sample: one that is trained by distorted
signals, or by signals undistorted with instrumental deviations [37-39]. This analysis is very
important because its results can give the possibility of working with distorted signals, which
significantly simplifies and speeds up the process of characterization of the tested samples. Both
types of network training signals were obtained theoretically, and the final verification of
network efficiency was tested on experimental data. The conclusions of this analysis indicate, in
experimental terms, the importance of the choice of sample radius about the dimensions of the
microphone as a photoacoustic cell and signal detector. Also, based on the obtained network
predictions a conclusion can be drawn on the justification of using approximations in the
theoretical model of the composite piston, especially those related to the equality of microphone

aperture and sample radii.

2. Theoretical introduction

The theoretical model of the composite piston presented in this paper is adapted to the
experimental setup of an open photoacoustic cell [32,33,37,40]. It is assumed that a frequency-
modulated light source of wavelength 660nm illuminates the Si n-type plate. Due to the
photoacoustic effect of the absorbed modulated light and the sample interaction, a sound is
recorded by an open photoacoustic cell in the transmission configuration (Figure 1). The

photoacoustic signal detector is assumed to be an electret microphone (ECM 30B,

JinInElectronicCo., Ltd.) with a radius of R;=4.9 mm, and aperture radius of ro = 1.5 mm [33].

The sample is placed directly on the microphone with points of support that are slightly smaller

but close to the radius of the sampleR;, so that the microphone at the same time can serve as a
measuring cell of minimal volume Vv, =zr’I,, where Ic is the distance from the microphone

aperture to its membrane (length of OPC) (see Figure 1).



Figure 1. Simple ideal scheme of the transmission configuration of an open photoacoustic cell with an electret

microphone and samples of different radii.

The measured signal in the transmission configuration and in the frequency range from
20Hz to 20 kHz is a sound signal that occurs due to the photoacoustic effect in the sample itself

and is usually distorted by the influence of used instruments and the different types of noise. The
signal thus measured is called the distorted signal Stotal(f). If a well-known signal correction
procedure [33,37-39] is applied to such a signal, the so-called “true' or undistorted signal
0 Py ( f) can be obtained, generated from an illuminated sample. The theoretical model that fully
describes the undistorted signals is based on the composite piston model [1-3]. This model
explains that the total photoacoustics signal o pml(f) of a semiconductor is equal to the sum of

its components; thermodiffusion §p,, (f), thermoelastic §p, () and plasmaelastic & pg(f)
[33,40]:
(X)total(f)=&)TD(f)+d)TE(f)+d)PE(f)‘ 1)

The thermodiffusion component can be written as follows [33,41]:

_ 7Py _Hg i(’”t_gj
Mo (t)= ] ﬁTOT(I)e , )

where =2z f , fis modulation frequency, y is an adiabatic ratio, p, and T, are the ambient
pressure and temperature, . is the thermal diffusion length of the surrounding gas, T, (1) (see

Appendix I) is the dynamic temperature component at the back sample surface, | is the sample
thickness and |_ is the length of the cell (microphone).

Due to different temperature values on the illuminated and non-illuminated side of the
silicon sample, its periodic bending and expansion occur. The effect of bending and spreading is
most simply described by cylindrical (z, r) coordinates so that the thermoelastic component

5 py () of the photoacoustic signal can be written in the form [33,40]:
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where T(Z) is the temperature distribution in the sample along the z-axes (see Appendix 1), o,
is the coefficient of thermal expansion, V, is the microphone (cell) volume, and R, is the sample

radius. In most of the theoretical analyses, the R, = R approximation is taken to simplify the
analysis, [32,33,37,39].

By modulated illumination of the sample with the light of proper wavelength, free
carriers (electrons and holes) are generated, which leads to additional stress and periodic bending
of the sample. The influence of phototgenerated carriers on the bending of the sample is

described by the plasmaelastic component & p, () [33,40]:

6pPE(f):ng E
0

zn,(z)dz, (4)

-1/2

where 5np(z) is the minority carrier density (see Appendix Il), and d is the coefficient of

electronic deformation. Analysing Eq.(3&4) one can see that & py (f)and & p,.(f) depends on
R’ , meaning that small changes in Rs leads to large changes in & p (f) and 8 p,c(f) .

It must be bear in mind that during the measurement there are a lot of signal distortions
due to the influence of the used instruments (microphones and accompanying electronics). These
distortions have signal filtering characteristics and are described, in the low-frequency range, by
the function of the first-order low-pass filter H, ( f) in the form [37,39]:

(f)=— Wty 0T,
) (l+iw-7,) (+iw-7,,)’

(®)



wherew =27 f | f is the modulation frequency, r_, = (2zf,) " =RGC, and 7, =(27zf,) =R,C,

are the time constants and RC characteristics of the microphone and accompanying electronics
(usually sound-card or lock-in).
In the high-frequency range, these distortions are described by the function of the second-

order low-pass filter H_ () in the form [37,39]:

2 2
@3 (0)

H,(f)= + B : (6)

2 s 2 2 s 2
W, +H10 0,0 —0° @, +10,,0,,0 —0

where ¢, is the damping factor (k = c3,c4), ., is the microphone cut-off frequency and @,, is
the characteristic frequency which depends on the geometry of the microphone body.

The total measured signal S, (f) can be written as a product of 6P, (), H,(f) i

H, () [33,37,39]:

Suar(F)=0Pga (F)H(F)H, (). ™

Characteristic parameters H,(f) and H,(f) can be obtained either from the microphone

manual or by independent measurements [33,37,39]. By finding them, H,(f) and H,( f) can

be removed from S, (f) in Eq. (7) so the required Py, (f) can be obtained [33,37], which is

further described by the composite piston theory (Egs.(1-4)).
3. Neural networks

Our motive for the study of neural networks is their use in the precise characterization of
the properties of the tested materials. In the process of supervised learning by connecting the data
of input neurons (values of photoacoustic signals), with the data of output neurons (radius), the
weights are adjusted to the moment when the output becomes increasingly like the desired data
values. In our work with networks so far, we have learned that for the sake of prediction, we
need to present undistorted data to the trained network, data that are adapted to the theoretical

model used to create the training base. This assumes that during the processing of experimental



results, we must also count on the signal correction procedure. If it turns out that signal
correction is not required to determine some of the sample parameters (expected in the case of
only Rs changes), this will mean significant time savings. Therefore, in this paper, we will try to
train networks with distorted (NN1) and undistorted (NN2) photoacoustic signals with the desire
to determine the radius of the investigated sample, as a very important experimental parameter.
Our goal is to see if there are differences in the prediction of the radius of the sample of such
formed networks and whether, based on that, we can speed up the process of processing

experimental data.

Figure 2. Representation of a single-layer neural network used for the analysis of distorted and undistorted
photoacoustic signals that depend on the radius of silicon samples.

For the sake of simplicity, and based on the problem we want to solve, we decided that
both networks used here have the simplest architecture, the so-called shallow networks: input
layer, one hidden layer, and output layer [26,27]. The input layer was determined by the 144
neurons (i = 72 values of the photoacoustic signal amplitude Ai, and i = 72 values of
photoacoustic signal phase ¢i characteristic), the hidden layer was determined by 10 neurons,
and the output layer was determined by one neuron (the prediction of Rs, Figure 2). The choice of
neural network architecture ensures good accuracy and optimal training time. Due to the better
precision of the neural network, we adjusted the amplitudes by logarithmic normalization

20log10Ai to obtain the phase values range (Ai represents amplitudes normalized to unit pressure).
4. Results and discussion
4.1.Signal database formation

Due to the high sensitivity of these components to R, changes in the total photoacoustic

signal, we formed a “small" base of 26 undistorted 6P, (f) and 26 distorted Sy, () theoretical

photoacoustic signals obtained by Eqgs.(1-7). As we said earlier, we assume that the sample is Si

n-type plate, 400 um thick. Bases are determined by amplitude-phase characteristics in the



frequency domain from 20 Hz to 20 kHz, changing the R, from 2 mm to 7 mm in the steps of
0.2 mm. To simplify our considerations, we assumed that the excitation light intensity lo = const.
The dependences of the a) amplitudes and b) phases of the S, (f) and 6p, (f) signals on R

in the frequency domain are clearly shown in Figures 3 and 4, respectively. The influence of the

R, is clearly expressed in both Figures at frequencies f > 100 Hz in the amplitudes (saddle
shape) and in phases (distend areas). The black arrows indicate the directions of changes due to
the R, value increase. Unchanged amplitudes and phases in the low-frequency region (f < 100
Hz) indicate an area where the S, (f) and 6p,, ( f) are insensitive to R, changes.

Figure 3&4 clearly shows the instrumental influences as electronic filtering (Eq. (5)) at
lower (He at f < 100 Hz) and acoustic filtering (Eq. (6)) at higher frequencies (Ha at f > 5 kHz)
[33,37-39]. Electronic filters He reduce amplitudes (Figure 3&4.a) and raises phases (Figure
3&4.b) at low frequencies. Acoustic filters are characterized by resonant peaks in both

amplitudes and phases. The parameters that define He and Ha are not dependent on Rs and are
constant during its changes. Therefore, the reasons for changing S, (f) and dp,(f) by

changing Rs are the same, and consist of the following: both signals are characterized with a

saddle shape in amplitudes, which is more pronounced for R, =2 mm, while with an increasing

radius the saddle shape slowly disappears and at R, =7 mm completely vanishes.

The insensitivity of the S, (f) and dp,,(f) signals to Rs changes at lower frequencies
allows one the possibility of, so-called, signal self-normalization that can contribute to the better

performances of network training. On the other hand, the saddle shape of the Smtal(f) and

5pmta|(f) signals is a typical pattern of plasma-thick silicon samples behavior in the frequency

domain (strong TD and TE influence), allowing one to obtain better network parameter
prediction. Both mentioned signal characteristics, insensitivity, and saddle shape are the reason
why, in this paper, we decided to create a training base with distorted and undistorted signals of

the plasma-thick samples, expecting efficient neural network optimization.

Figure 3. The bases of distorted PA signal Stota, ( f ) : ) amplitudes, A, and b) phase, ¢, from Si n-type as a function
of simple radius Rs and modulation frequency, f.
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Figure 4. The bases of undistorted PA signal 5pm| ( f ): a) amplitudes, A, and b) phase, ¢, from Si n-type as a
function of simple radius Rsand modulation frequency, f.

The question may be asked why the signals Sy, () and 8p, (f) changes in amplitudes

and phases due to R, variations are most visible at f > 100 Hz. The explanation can be given by

the theory based on the composite piston model (Egs. (1-4)), in which the radius of the sample

does not affect all components of the photoacoustic signal equally. Changes in R, do not affect

changes in the amplitude of &p., () component at all (Figure 5.a), but they do change the
amplitudes of 6 (f) (Figure 6.a) and &P () components (Figure 7.a). In both &py ()

and O Py ( f) cases, the amplitudes increase with R,. In all cases (Figures 5.b, 6.b & 7.b) phases

do not change at all.

Figure 5. Thermodiffusion component 5pTD ( f ) a) amplitudes A and b) phases ¢ as a function of simple radius
Rs, and modulation frequency, f.

Figure 6. Thermoelastic component §p, ( f ) a) amplitudes A and b) phases ¢ as a function of simple radius R, and
modulation frequency, f.

Figure 7. Plasmaelastic component &, ( f ) a) amplitudes A and b) phases ¢ as a function of simple radius Rs, and
modulation frequency, f.

To fully understand what presented signal component amplitude and phase changes
mean, it is necessary to draw all the components and the total signal together, because not only
the values of the components are important but also their mutual relationship, which is shown in

Figure 8. This figure shows the amplitudes and phases of total signals and their components for

R, =2 mm (solid lines) and R, =7 mm (dashed lines). The amplitude changes of the &P (f)
component (blue) is smaller in absolute values compared to the changes in the 0 Py ( f) (green).

This is the reason why o pPE(f) components do not affect the change in the total signal



SPea (T) (black). Therefore, only the mutual relationship between 5P, (f) (red) and 5pye (f)
(green) amplitudes drives the 0, ( f) behaviour in the frequency domain.

If R, =2 mm, the intersection of 5P, (f) and Sp(f)is at f ~ 2.4 kHz, and therefore
the 8Py () (solid black) has a saddle shape at higher frequencies. When R, =7 mm , the

intersection of &Py () and Spr () is at f ~ 600 Hz, and therefore 6Py, (f) (dashed black) is

flattened (it has lost its saddle shape). Changes in the total signal for these and all other R,
values used to make the presented base will be visible in the range f > 200 Hz. The same
conclusion was states for the distorted Sm,(f) signal, too. The analysis of the change of radius
outside the range from 2 mm to 7 mm shows the loss of the influence of thermoelastic

components on the total signal in the case of R, <2 mm, and their dominance in the total signal

for R, >7 mm.

Figure 8. The tendency of changes in a) amplitudes A and b) phases ¢ of total photoacoustic signals & p,, (f )

(black lines) with its components: thermodiffusion & P (f ) (red lines), thermoelastic & p,. (f ) (green lines), and
plasma elastic § pPE(f ) (blue lines) for 400 um.thick Si samples of radius Rs = 2mm and Rs = 7mm.

The presented theoretical analysis of the total signal behavior by changing the radius of the
sample shows that it makes sense to use both undistorted and distorted total signals to recognize

R, values because their amplitudes change significantly with changes in R, only at higher

modulation frequencies. The low-frequency range can be used as the total signal self-

normalization range, due to the absence of any R, influences on the total signal.

4.2. Network prediction results

The training results of NN1 neural networks trained by the base of distorted (Figure 3)
and NN2 trained with the base of undistorted (Figure 4) signals are presented by the Mean
Square Error (MSE) dependence of the number of Epochs in Figure 9. During network training,
bases are divided into a training base, a testing base, and a validation base, based on which the

generalized capabilities of networks are determined. To ensure the best performance of the
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networks, the criterion of interrupting the MSE deviation of individual curves is activated. The
NN1 network stopped its work in 3 epochs with the best validation performance of 0.014063
(Figure 9.a), while the NN2 network stopped its work in 4 Epochs, with the best validation
performance of 0.0075805 (Figure 9.b).

a) b)
Figure 9. Network performance results: a) NN1 trained on distorted FA signals and b) NN2 trained on undistorted
FA signals.

To evaluate the neural networkss NN21 and NN2's ability to predict, we formed
additional distorted and undistorted signal bases with values from 2.1 mm to 6.9 mm, formed
using a step of 0.4 mm. These additional bases are used for network testing. In this way, we
obtained 13 distorted +13 undistorted test signals evenly distributed throughout the range of R,
changes. The results of the neural network test on these signals are shown in Table I. The
obtained relative errors are at the experimental measurements level of accuracy, which shows
that for the network analysis of certain properties of samples, large photoacoustic signal
databases are not necessary.

For the sake of clarity, the results in Table | are presented in Figure 10. It can be seen,
based on the relative error percentage for NN1 and NN2, (Table I and Figure 10) that the
prediction is good only in limited sample radius areas. A more accurate prediction of the NN1

(low % value of relative error) is for samples having R, <3mm and samples with a radius larger
than the microphone dimension (R; =5mm). A more precise prediction of the NN2 network
ranges in a much wider range of radius values (R, <4.5mm), while higher values of R, it give

poorer predictions. The largest (%) relative errors are made by both NN1 and NN2 networks for

the radius of the sample in the range (4.0-5.5) mm, ie. about a value equal to the radius of the

microphone R, =4.9 mm. These results lead to the conclusion that both networks give the best
predictions when the value of R, approaches the value of the microphone aperture radius
(r, =1.5mm). This confirms the justification of the approximations Rs = rotaken here with the

experimental configuration of the open cell. In general, the results show that for experimental
work it is best to take samples whose dimensions are smaller than the dimensions of the

microphone (Ro).
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Table I: The results of NN1 and NN2 neural networks predictions of sample radius given in the table with relative
(%) errors. Asterisk (*) denotes the predictions for experimentally measured PASs.

R, [mm] | NN1 R, [mm] rel % error, NN1 NN2 R, [mm] rel % error, NN2
2.1 2.1356 1.6933 2.1023 0.1086
25 2.4849 0.6048 2.5400 1.5996
2.9 2.9038 0.1319 2.8572 1.4745
3.3 3.2037 2.9183 2.8572 0.3332
3.7 3.8832 4.9527 3.7098 0.2650
4.1 4.1947 2.3089 4.1427 1.0416
4.5 4.7968 6.5967 4.5426 0.9470
4.9 4.8915 0.1740 4.5426 7.2936
5.3 5.3213 0.4014 5.1965 1.9530
5.7 5.6535 0.8155 5.6941 0.1028
6.1 6.0561 0.7190 6.1364 0.5964
6.5 6.4283 1.1034 6.1364 5.5942
6.9 6.8216 1.1358 6.8506 0.7156

4.54* 4.7976 5.6749 4.6644 2.7398
2.63* 2.6521 0.8315 2.6247 0.2014

To confirm the previous results, both networks presented the experimental results of
distorted and undistorted signals of a sample that had a radius approximately equal to the

microphone radius R, = R,, and with a sample radius close to the aperture radius R, > 1.

The results of network prediction in the case of the signal from Figure 11 (black for

R, =4.54mm and green for R,=2.63mm ) obtained using the open photoacoustic cell

experimental set-up are shown in Table | with an asterisk (*), and in Figure 10 with dots (red for
NN1, black for NN2). Based on the experimental results, it can be concluded that the prediction
of the experimentally corrected photoacoustic signals by the NN2 network is more accurate.
Therefore, it can be recommended that networks trained on undistorted signals (NN2) should be
used in determining the Rs of the tested sample only with values smaller than the microphone

radius Ro.

Figure 10. Dependence of relative% error prediction of NN1 (red line) and NN2 (black line) networks on the sample
radius for the tests of theoretical results and experimental verification (NN1 (red dot), NN2 (black dot)).

Figure 11. Experimental result of a) amplitude | b) phase of distorted (star) and undistorted (line) photoacoustic
signal presented to the NN2 and NN1, respectively, for a sample of 400 um thick silicon n-type with a radius of Rs =
4.54mm (black), and Rs=2.63mm (green).
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Conclusion

We have shown that the radius of the sample Rs is a very important parameter that can
lead to changes in the shape of the amplitude and phase of the total photoacoustic signal and its
elastic components (plasma elastic and thermoelastic) in the frequency domain from 20 Hz to 20
kHz. The analysis includes the total signals with respect to the influence of measuring
instruments (distorted signals) and those generated directly by the illuminated sample
(undistorted signals). It was found that the largest changes in the total signal due to Rs changes
occur in its thermoelastic component amplitude, bearing in mind that amplitude is proportional to

Rs . It means that total signal amplitude changes are expected to find only at modulation

frequencies f > 100 Hz, while at lower frequencies the total signal amplitude remains the same,
ie. it is not sensitive to Rs changes at all. As it is expected, changes in the PE component
amplitude are found to not affect total signal behavior. It was also found that amplitudes of the
signals that are distorted under the influence of measuring instruments have similar behavior due
to Rs changes. It was determined that the radius of the sample does not affect the change of the
thermodiffusion component and that the largest changes in the total undistorted and distorted
signals are due to changes in the relationship between the thermodiffusion and thermoelastic
components, which are noticeable in the modulation frequency domain of f > 100 Hz. The same
relationship changes the phase of total signals in the entire frequency domain.

Numerical simulation created bases of distorted and undistorted signals depending on the
sample radius in the range of changes from 2 mm to 7 mm with a change step of 0.2 mm, which
were used for NN1 and NN2 network training, respectively. Through training, it has been shown
that both networks achieve satisfactory accuracy after only a few epochs. This means that
shallow networks can achieve acceptable performances even with databases created from a small
amount of data. Undistorted and distorted signals, out of the base, having the same range of Rs
but with a different step of its changes are presented to such trained networks due to the test.

Predictions of both NN1 and NN2 networks proved to be the best for small values of Rs
in the range (2 - 3) mm, close to the dimensions of the microphone aperture (ro = 1.5 mm). This
result indicates the justification of the theoretical approximation which assumes that Rs = ro. In

that case correction of the measured signal due to the instrumental influences is not necessary to

13



obtain correct network prediction, which means that the experimental data analysis procedure
can be simplified.

When Rs values approach the microphone radius Ro region, the NN2 network trained with
undistorted signals gives better predictions. Both networks give poorer predictions for samples
whose radii are larger than Ro. This result leads to the conclusion that the samples used in open
photoacoustic cell configuration, whose radii are not larger than the dimensions of the
microphone should be used.

Acknowledgments

We are thankful for the financial support of this research by the Ministry of Education,
Science and Technology development of the Republic of Serbia, contract number 451-03-
09/2021-14/200017.

Autors’ declarations Conflict of Interest The authors have no conflicts to disclose.

Data Availability The data that support the findings of this study are available from the
corresponding author upon reasonable request.

REFERENCES

1. A. Rosencwaig, A. Gersho, Photoacoustic effect with solids: A theoretical treatment,
Science, 19 (4214) 556-557 (1975) https://doi.org/10.1126/science.190.4214.556

2. A. Rosencwaig, A. Gersho,Theory of the photoacoustic effect with solids, J. Appl. Phys.
47, 64 (1976) https://doi.org/10.1063/1.322296

3. F.A. McDonald, G C. Wetsel, Theory of Photothermal and Photoacoustic Effects in
Condensed Matter, Physical Acoustics, 18, 167-277 (1988)
https://doi.org/10.1016/B978-0-12-477918-1.50010-2

4. L. Rousset, F. Lepoutre, L. Bertrand, Influence of thermoelastic bending on
photoacoustic experiments related to measurements of thermal diffusivity of metals, J.
Appl. Phys. 54, 2383 (1983) https://doi.org/10.1063/1.332352

5. A.C.Tam, Applications of photoacoustic sensing techniques. Rev. Mod. Phys. 58, 381 —
(1986) https://doi.org/10.1103/RevModPhys.58.381

6. H. Vargas, L.C.M. Miranda, Photoacoustic and related photothermal techniques. Phys.
Rep. 16, 43-101 (1988) https://doi.org/10.1016/0370-1573(88)90100-7

7. S. Bialkowski, Photothermal Spectroscopy Methods for Chemical Analysis (New York:
John Wiley (1996) ISBN:978-0-471-57467-5

8. D.M. Todorovi¢ and P.M. Nikolic, in Prog. Photothermal Photoacoust. Sci. Technol. -
Semicond. Electron. Mater., edited by A. Mandelis and P. Hess (SPIE Press, Bellingham,
Washington, USA, 2000), pp. 271-315 ISBN-13: 978-0819435064

9. N.E. Souza Filho, A.C. Nogueira, J.H. Rohling, M.L. Baesso, A.N. Medina, A.P.L.
Siqueira, J.A. Sampaio, H. Vargas, A.C. Bento, Investigation of doped calcium

14


https://doi.org/10.1126/science.190.4214.556
https://doi.org/10.1063/1.322296
file:///C:/Users/Administrator/Downloads/18
https://doi.org/10.1016/B978-0-12-477918-1.50010-2
https://doi.org/10.1063/1.332352
https://doi.org/10.1103/RevModPhys.58.381
https://doi.org/10.1016/0370-1573(88)90100-7
ISBN:978-0-471-57467-5
ISBN-13:%20978-0819435064
https://aip.scitation.org/author/Souza+Filho%2C+N+E
https://aip.scitation.org/author/Nogueira%2C+A+C
https://aip.scitation.org/author/Rohling%2C+J+H
https://aip.scitation.org/author/Baesso%2C+M+L
https://aip.scitation.org/author/Medina%2C+A+N
https://aip.scitation.org/author/Siqueira%2C+A+P+L
https://aip.scitation.org/author/Siqueira%2C+A+P+L
https://aip.scitation.org/author/Sampaio%2C+J+A
https://aip.scitation.org/author/Vargas%2C+H
https://aip.scitation.org/author/Bento%2C+A+C

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

aluminosilicate glass: A coupling between thermal-expansion and thermal-diffusion
models for assessment of nonradiative relaxation time and characteristic diffusion time, J.
Appl. Phys. 106:9, 093105 (2009) https://doi.org/10.1063/1.3253580

J.L. Pichardo, E. Marin, J.J. Alvarado-Gil, J.G. Mendoza-Alvarez, A. Cruz-Orea, I.
Delgadillo, G. Torres-Delgado, H. Vargas, Photoacoustic measurements of the thermal
properties of AlyGal-yAs alloys in the region 0<y<0.5, Appl. Phys. A, 65, 69-72 (1997)
https://doi.org/10.1007/s003390050544

M. Nesic, M. Popovic, S. Galovic, Developing the Techniques for Solving the Inverse
Problem in Photoacoustics (2019) Atoms, 7(1), 24. https://doi.org/10.3390/atoms7010024
M. Pawlak, S. Pal, S. Scholz, A. Ludwig, A.D. Wieck, Simultaneous measurement of
thermal conductivity and diffusivity of an undoped Al 0.33 Ga 0.67 As thin film
epitaxially grown on a heavily Zn doped GaAs using spectrally-resolved modulated
photothermal infrared radiometry, Thermochimica Acta 662, 69-74 (2018)
https://doi.org/10.1016/j.tca.2018.02.009

S. Galovi¢, Z.A. Stojanovié, D. Cevizovié¢, M.Popovié, Photothermal microscopy: a step
from thermal wave visualization to spatially localized thermal analysis, Journal of
Microscopy, Oxford, 232, 3, 558-561(2008) http://dx.doi.org/10.1111/j.1365-
2818.2008.02118.x

A. Somera, M. N. Popovic, G. K. da Cruza , A. Novatskia , E. K. Lenzia, S. P. Galovic,
Anomalous thermal diffusion in two-layer system: The temperature profile and
photoacoustic signal for rear light incidence, Available at
SSRN: http://dx.doi.org/10.2139/ssrn.3996958

M.N. Popovic, M. V. Nesic, M. Zivanov, D.D. Markushev, S.P. Galovic, Photoacoustic
response of a transmission photoacoustic configuration for two-layer samples with
thermal memory (2018) Opt Quantum Electron, 50 (9), https://doi.org/10.1007/s11082-
018-1586-x

S. Galovi¢, Z. Soski¢, M. Popovi¢, D. Cevizovi¢, Z. Stojanovi¢, Theory of photoacoustic
effect in media with thermal memory (2014) Journal of Applied Physics, 116(2), 024901.
https://doi.org/10.1063/1.4885458

K. Huang, Y. Zhang, J. Lin, P. Huang, Nanomaterials for Photoacoustic Imaging in
Second Near-Infrared Window, Biomater. Sci. 7, 472-479 (2019)
http://dx.doi.org/10.1039/c8bm00642¢c

A. Somer, F. Camilotti, G.F. Costa, C. Bonardi, A. Novatski, A.V.C. Andrade, V.A.
Kozlowski Jr, G.K. Cruz, The thermoelastic bending and thermal diffusion processes
influence on photoacoustic signal generation using open photoacoustic cell technique,
Journal of Applied Physics 114 (6), 063503 (2013) http://dx.doi.org/10.1063/1.4817655
A. Somer, A. Gongalves, T.V. Moreno, G.K. da Cruz, M.L. Baesso, N.G.C. Astrath,
Photoacoustic signal with two heating sources: theoretical predictions and experimental
results for the open photoacoustic cell technique, Measurement Science and Technology
31 (7), 075202 (2020), https://doi.org/10.1088/1361-6501/ab786a

J.A. Balderas-Lopez, A. Mandelis, Self-normalized photothermal technique for accurate
thermal diffusivity measurements in thin metal layers, Rev.Sci.Instrum. 74, 5219 (2003)
https://doi.org/10.1063/1.1623626

M. Isaiev, G. Mussabek, P. Lishchuk, K. Dubyk, N. Zhylkybayeva, G. Yar-
Mukhamedova, D. Lacroix, V. Lysenko, Application of the Photoacoustic Approach in

15


https://doi.org/10.1063/1.3253580
https://doi.org/10.1007/s003390050544
https://doi.org/10.3390/atoms7010024
https://doi.org/10.1016/j.tca.2018.02.009
http://dx.doi.org/10.1111/j.1365-2818.2008.02118.x
http://dx.doi.org/10.1111/j.1365-2818.2008.02118.x
http://dx.doi.org/10.2139/ssrn.3996958
https://doi.org/10.1007/s11082-018-1586-x
https://doi.org/10.1007/s11082-018-1586-x
https://doi.org/10.1063/1.4885458
http://dx.doi.org/10.1039/c8bm00642c 
https://scholar.google.com/citations?view_op=view_citation&hl=pt-BR&user=PfJVn8QAAAAJ&citation_for_view=PfJVn8QAAAAJ:2osOgNQ5qMEC
https://scholar.google.com/citations?view_op=view_citation&hl=pt-BR&user=PfJVn8QAAAAJ&citation_for_view=PfJVn8QAAAAJ:2osOgNQ5qMEC
http://dx.doi.org/10.1063/1.4817655
https://scholar.google.com/citations?view_op=view_citation&hl=pt-BR&user=PfJVn8QAAAAJ&sortby=pubdate&citation_for_view=PfJVn8QAAAAJ:qjMakFHDy7sC
https://scholar.google.com/citations?view_op=view_citation&hl=pt-BR&user=PfJVn8QAAAAJ&sortby=pubdate&citation_for_view=PfJVn8QAAAAJ:qjMakFHDy7sC
https://doi.org/10.1088/1361-6501/ab786a
https://doi.org/10.1063/1.1623626

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

the Characterization of Nanostructured Materials, Nanomaterials 12 (708) (2022)
https://doi.org/10.3390/nan012040708

L. Villegas-Lelovsky, G. Gonzalez de la Cruz, Yu. G. Gurevich, Electron and phonon
thermal waves in semiconductors: the effect of carrier diffusion and recombination on the
photoacoustic signal, Thin Solid Films 433,371-374, (2003)
https://doi.org/10.1016/S0040-6090(03)00396-1

A. DiSpirito, T. Vu, M. Pramanik, J. Yao, Sounding out the hidden data: A concise
review of deep learning in photoacoustic imaging, Experimental Biology and Medicine,
246 (12) page(s): 1355-1367(2021) https://doi.org/10.1177/15353702211000310

M. Nesi¢, P. Gusavac, M. Popovié, Z. Soski¢, S. Galovié, Thermal memory influence on
the thermoconducting component of indirect photoacoustic response. Physica Scripta,
T149, 014018 (2012) https://doi.org/10.1088/0031-8949/2012/t149/014018

E.M.A. Anas, H.K. Zhang, C. Audigier, E.M. Boctor, Robust Photoacoustic
Beamforming Using Dense Convolutional Neural Networks. In: Stoyanov D. et al. (eds)
Simulation, Image Processing, and Ultrasound Systems for Assisted Diagnosis and
Navigation. POCUS 2018, BIVPCS 2018, CuRIOUS 2018, CPM 2018. Lect. Notes
Comput. Sci. 11042. Springer, Cham. (2018) https://doi.org/10.1007/978-3-030-01045-
41

K.Lj. Djordjevic, D.D. Markushev, Z.M. Cojbasi¢, S.P. Galovié, Inverse problem solving
in semiconductor photoacoustics by neural networks, INVERSE PROBL SCI EN 29,
248-262, (2021) https://doi.org/10.1080/17415977.2020.1787405

K.Lj. Djordjevic, D.D. Markushev, Z.M. Cojbasi¢, et al. Photoacoustic Measurements of
the Thermal and Elastic Properties of n-Type Silicon Using Neural Networks, Silicon, 12,
1289-1300 (2020) https://doi.org/10.1007/s12633-019-00213-6

M.1. Jordovi¢-Pavlovié, M.M. Stankovi¢, M.N. Popovi¢, et al. The application of
artificial neural etworks in solid-state photoacoustics for the recognition of microphone
response effects in the frequency domain, J. Comput. Electron. 19, 1268-1280 (2020)
https://doi.org/10.1007/s10825-020-01507-4

R.E.A. Goodall, A.A. Lee, Predicting materials properties without crystal structure: deep
representation learning from stoichiometry, Nat. Commun. 11, 6280 (2020)
https://doi.org/10.1038/s41467-020-19964-7

T. Hu, H. Song, T. Jiang, S. Li, Learning Representations of Inorganic Materials from
Generative Adversarial Networks, Symmetry, 12 (11) 1889 (2020)
https://doi.org/10.3390/sym12111889

K.K. Tho, S. Swaddiwudhipong, Z.S. Liu, J. Hua, Artificial neural network model for
material characterization by indentation, Model Simul Mat Sci Eng 12 (5) 1055 (2004)
https://doi.org/10.1088/0965-0393/12/5/019

D.K. Markushev, D.D. Markushev, S.M. Aleksic, D.S. Pantic, S.P. Galovic, D.M.
Todorovic, J. Ordonez-Miranda, Effects of the photogenerated excess carriers on the
thermal and elastic properties of n-type silicon excited with a modulated light source:
Theoretical analysis, J. Appl. Phys. 126 (18) 185102 (2019)
https://doi.org/10.1063/1.5100837

D.K. Markushev, D.D. Markushev, S.M. Aleksic, D.S. Pantic, S.P. Galovic, D.M.
Todorovic, J. Ordonez-Miranda, Experimental photoacoustic observation of the
photogenerated excess carrier influence on the thermoelastic response of n-type silicon, J.
Appl. Phys. 128, 095103 (2020) https://doi.org/10.1063/5.0015657

16


https://doi.org/10.3390/nano12040708
https://doi.org/10.1016/S0040-6090(03)00396-1
https://doi.org/10.1177/15353702211000310
https://doi.org/10.1088/0031-8949/2012/t149/014018
https://doi.org/10.1007/978-3-030-01045-4_1
https://doi.org/10.1007/978-3-030-01045-4_1
https://doi.org/10.1080/17415977.2020.1787405
https://doi.org/10.1007/s12633-019-00213-6
https://doi.org/10.1007/s10825-020-01507-4
https://doi.org/10.1038/s41467-020-19964-7
https://doi.org/10.3390/sym12111889
https://doi.org/10.1088/0965-0393/12/5/019
https://doi.org/10.1063/1.5100837
https://doi.org/10.1063/5.0015657

34. A. Lachaine, Thermal analysis by photoacoustic phase measurements: Effect of sample
thickness, J. Appl. Phys. 57 (11) 5075-5077 (1985) https://doi.org/10.1063/1.335288

35. G. Wang, Y. Chang, G. Ma, Q. Gua, X. Li, G. Zhang, Relation between photoacoustic
signal and sample thickness, J. Appl. Phys. 73 (11) 7275-7278 (1993)
https://doi.org/10.1063/1.354016

36. R. Burbelo, D. Andrusenko, M. Isaiev, A. Kuzmich, Laser Photoacoustic Diagnostics of
Advanced Materials With Different Structure and Dimensions, Arch. Metall. Mater.
56(4) (2011) https://doi.org/10.2478/v10172-011-0129-2

37. D.D. Markushev, M.D. Rabasovic, D.M. Todorovic, S. Galovic, S.E. Bialkowski,
Photoacoustic signal and noise analysis for Si thin plate: Signal correction in frequency
domain, Rev. Sci. Instrum. 86, 035110 (2015) https://doi.org/10.1063/1.4914894

38. M.N. Popovic, M.V. Nesic, S. Ciric-Kostic, M. Zivanov, D.D. Markushev, M.D.
Rabasovic, S.P. Galovic, Helmholtz Resonances in Photoacoustic Experiment with
Laser-Sintered Polyamide Including Thermal Memory of Samples. Int. J. Thermophys.
37 (12) 116, 9 (2016) https://doi.org/10.1007/s10765-016-2124-3

39. S.M. Aleksi¢, D.K. Markushev, D.S. Panti¢, M.D. Rabasovi¢, D.D. Markushev, D.M.
Todorovi¢, Electro-Acoustic influence of the measuring system on the photoacoustic
signal amplitude and phase in frequency domain, FU Phys Chem Tech, 14 (1) 9 - 20
(2016) https://doi.org/10.2298/FUPCT1601009A

40. M.V. Nesi¢, M.N. Popovi¢, S.P. Galovi¢, Influence of Thermal Memory on the
Thermoelastic Bending Component of Photoacoustic Response, Hemijska industrija,
65, 3, 219-227 (2011) https://doi.org/10.2298/HEMIND110209021N

Appendix I. Periodic temperature component in Si sample

Following the geometry of the problem presented in Figure 1, we are enabled to use the 1D
diffusion equation to describe the temperature changes within the investigated Si sample along
the heat propagation axis (z-axis) [8,32,33]:

dZTS z ) 1l e-¢ e
mg)—01(ﬂ=—E-;iﬂ%amGﬂd—fﬁmiﬂ . (AL.1)

The solution T, (z) to the Eq.(3) can be given as a sum of thermalization T,

therm

(z), bulk T, (x)
and surface T, (x) recombination components [8,32]

T, (2) = Tyem (2)+ T (2)+ T, (2), (A1.2)

defined as

— -e” |, (A1.3)
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, (AL.5)

where constants are
b= B , C=—,
O
]
Bl — ﬂzo -
eD, ( BE-L )
B,=B,e " +B;,
B, =B,e”" +B;,
and

é[&p(l)—&p(o)cosh(l IL)|-cosh(1/L)+e™

B =— _
= sinh (1/L)-(c*-1) b? -1’

;[&‘np(l)cosh(l / L)—ciwp(o)]—1+ e cosh(l/L)

be ™
B,=c— +

sinh (1/L)-(c?-1) b -1’

Here, o =(1+i)/u being the complex heat diffusion coefficient, u=./D/af the thermal
diffusion length of the semiconductor, g the semiconductor absorption coefficient, and D the
thermal diffusivity. Also, L=1L, /(1+i27rfrp)l/2 is the complex excess carriers diffusion

length, L, :JDprp the minority excess carrier diffusion length, i the complex unit, sn_ (z) the

photogenerated minority carriers (holes) dynamic density component, D, the holes diffusion
coefficient, 7, the holes lifetime, and s1 and sz are the surface recombination velocities at front

and rear sample surfaces, respectively.
Total temperature and its components at the rear (nonilluminated) side of the sample (

z=1,e” —0) can be written as [8,32]:

Ts(l):Ttherm(|)+Tbr(I)+Tsr(|): (Al1.6)
where

18



€& ,BZ 1

I
T — 0
pern (1) ke & p*-c’sinh(al)’ (AL7)
e Bl Be” +Be” 1 dny(z)
T __"9 0 2 € p
br (Z) TkUZ 8Dp (ﬁz _Lz){ 25|nh(01) C2 -1 Bl ) (A18)
& S,0n (0)+S on (l)cosh(al)
T ()= 2 e
Sr( ) ko Sinh(al) ' (AL9)

Appendix I1. Periodic carrier densities in Si sample

Considering that the used Si membranes (Figure 1) are the low-level injection n-type
semiconductors (minority carriers are used to explain carrier dynamics), the dynamic part of the
1D diffusion equation (important for sound wave generation) that explains carrier transport in
membranes can be written in the form [8,32,33]:

don, (@) én()_ i,
dz? L2 eD

p

, (A2.1)

where L =1L, /(1+ i2zfz, )1/2 is the complex excess carriers diffusion length, L, = M is
the excess carrier diffusion length, i is the complex unit, &n, (z) is the photogenerated minority
(holes) dynamic density component, D, is the holes diffusion coefficient, and 7 is their
lifetime. The solution &n (z, f) of the Eq.(17) is given by [8,32,33]:

on (z)=Ae" +Ae " —Ae ", (A2.2)

where A=1,/(eD,f), and the integration constants A, are defined by [8,32,33]:

Fl/L

A =

(A2.3)

A Vs (Vp £S,)e Vo (v, —s,)e "
Vo (Vp+5,)€" —(v, —s,)e "

depending strongly on the relative ratio of the characteristic diffusion speeds v, =D, /L and

v, =pD,.
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