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ABSTRACT

In the paper there are presented models for moisture assessment applying the two reflectometric sensors in the cel-
lular concrete samples. The readouts express the dependence between the cellular concrete moisture, measured in
gravimetric way and the apparent permittivity values achieved by the Time Domain Reflectometry method and two
surface sensors. According to observed relationships, the two types of calibration models were derived — the first
model is a traditional one-variable model covering only time of signal propagation and the second one two-variable
model which together with signal propagation time takes into account signal attenuation. The aim of this paper is to
verify the efficiency of multiple regression to improve the accuracy of moisture estimation using the TDR technique.
The applied models that consider amplitude attenuation are used for this type of analysis for the first time. With the
conducted research and analyses, it was shown that the measurement quality of the method could be improved by
obtaining more favorable values of the determination coefficient, Residual Standard Error, Root Mean Squared Error.
Also the correlation analysis shows a better fit of two-variable models than one-variable to the obtained data.

Keywords: analysis of regression, time domain reflectometry, building material moisture, multivariable

regression model.

INTRODUCTION

The problem of moisture in building partitions
is a real and immediate one related to the function-
ing of construction facilities and has a large im-
pact on the indoor environment. For this reason,
development of techniques for detecting moisture
in partitions seems to play an important role, as
also developing new methods and improvement
and adaptation of existing ones [1]. It should be
emphasized that the methods which allow for the
most accurate determination of the water content
in building partitions are the laboratory methods.
These methods involve taking a sample from the

partition, and then weighing and drying it, hence
it is possible to direct and precise determination
of the amount of water contained by weight in the
partition. However, these techniques are in many
cases useless due to the need to collect samples
by drilling and long waiting times for the result.
A good alternative are the indirect techniques
that make quick measurements possible without
disturbing the structure of the partition and main-
taining high measurement precision. The most fre-
quently applied indirect methods are the electric
ones. Among them the electrical resistance method
can be mentioned which relies on determination
of the electrical resistance of the moist material.

239



Advances in Science and Technology Research Journal 2024, 18(7), 239-249

Another approach to moisture evaluation utilizes
the capacitance method. In this case, the measure-
ment consists in measuring the capacitance of a ca-
pacitor filled with the tested material as a dielectric,
which depends on the apparent permittivity of the
medium between the capacitor plates. This param-
eter is also the basis for determining material mois-
ture using the reflectometric method — TDR (time
domain reflectometry). Another fairly commonly
used indirect electrical method is the microwave
method [2, 3]. The detailed description of indirect
methods can be found in articles [4] and [5].
Among the indirect moisture detection tech-
niques, the TDR plays an important role. It works
on the principle reflectometric measurement of
the dielectric parameters of the medium. In that
case apparent permittivity is evaluated based on
time of signal propagation along the sensors. In
Figure 1 there are presented exemplary wave-
forms for three levels of moisture of porous mate-
rial. Waveforms presented in Figure 1 show the
influence of moisture on time of signal propaga-
tion. They are achieved by noninvasive sensor
presented later in this article. In the diagram the
time markers are presented by “A”, “B”, “C” and
“D” letters. “A” letter represents the time marker
for resistor being a part of the sensor construc-
tion and is generally independent on moisture,
while “B”, “D” and “C” letters represent time
markers for sensor termination. It is visible that
together with moisture increase position of the
time marker is shifted to right. This phenomenon
is essential for TDR method performance and the
difference in time between the first “A” marker
and termination markers is utilized to evaluate
apparent permittivity. Additionally, it ought to be
emphasized that together with propagation time

increase signal amplitude decreases. This attenu-
ation is caused by salt ions present in the moist
porous material. In standard approach this phe-
nomenon is not considered in TDR moisture eval-
uation, but it is typical and even more visible in
old building barriers threatened by salinity, that’s
why it will be considered in moisture evaluation
within this research. The TDR technique has been
used in moisture measurements for many years.
Recently, many successful initiatives have been
undertaken to use its measurement potential to
determine the moisture of materials and build-
ing envelopes. The most commonly used models
for calibrating TDR sensors are empirical models
created on the basis of laboratory measurements
and based on correlating the results of moisture
measurements using the gravimetric method with
dielectric permittivity readouts. The most popular
empirical model is the Topp model [6], which has
the form of a third-degree polynomial:

© =-0.053 +0.0292¢ — 0.00055¢>+ 0.0000043*(1)

where: O denotes the volumetric water content in
the tested porous medium [cm*/cm?®] and &
is the apparent permittivity of the medium
measured using the TDR technique apply-
ing the traditional invasive probes.

An alternative model that allowed for increased
measurement accuracy was proposed in the work of
Malicki et al. [7] which additionally considers ma-
terial bulk density to improve the readouts. It needs
emphasizing that both Topp and Malicki formulas
are derived for invasive TDR probes unlike the sen-
sors which were used in this research.

The analysis of regression may be used dur-
ing the construction of empirical models for mois-
ture assessment by applying the indirect detection
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Figure 1. Exemplary waveforms achieved by TDR multimeter for dry, moist and saturated material (own research)
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methods, as an alternative to the classic models.
The regression model is one of the most popular
methods of analyzing statistical data. The main
idea of regression is prediction, forecasting data
for a certain variable based on other variables.
In other words, what value will a given variable
take when the value of another variable is known.
Namely, in order to be able to determine the value
of one variable based on another variable, it is
necessary to use the regression analysis to con-
struct a regression model, i.e. the model that will
predict the value or level of a given feature with
an assumed statistical error, see [8]. The aim of
the article is to compare two types of polynomial
regression models as methods of calibrating non-
invasive TDR sensors which allow to combine
the apparent permittivity value read by the sen-
sor and cellular concrete moisture. For this pur-
pose, the analysis of regression methods will be
used. The applying of the two-variable regression
polynomial models focused on achieving better
measurement characteristics than the one-variable
regression models, which is detailed in the chap-
ter titled as Results and discussion. The approach
that utilizes two-variable regression models is not
standard in applying the TDR method, where the
essential estimated parameter is apparent permit-
tivity depending on time of signal propagation. On
the other hand, it must be emphasized that togeth-
er with the time-shift, signal attenuation occurs
which is a consequence of presence of the salt ions
that are dissolved in water. This phenomenon is
more influencing in the case of more moist mate-
rials but also with higher salinity levels. It should
be explained that no additional data is required for
signal analysis using two-parameter models, other
than those received by the TDR meter from the
sensors. They are contained in the return signal.
The only difficulty here is to determine, in addition
to the impulse propagation time, also the ampli-
tude attenuation, and then build appropriate two-
parameter models. And the solution to this prob-
lem is the novelty proposed in this article in the
development of the TDR measurement technique.

MATERIALS AND METHODS

Measurement setup

Measurements were conducted by apply-
ing the following setup: VO-500 laboratory fur-
nace (Memmert, Germany) for drying cellular

concrete samples, WPT 6C/1 laboratory scale
(Radwag, Poland), TDR setup involving a LOM
laboratory multimeter (ETest, Lublin, Poland)
and TDR surface sensor prototypes, i.e. narrow
sensor and wide sensor (own manufacture) and a
PC to control devices and collect data. The sen-
sors have been detailed in [9, 10, 11]. Both sen-
sors differ in thickness which may influence the
readouts because it is well known phenomenon
that depending on rods span the range of signal
influence changes [12]. It is assumed that differ-
ent span of the rods would influence the readouts
and thus may impact the measurement errors. The
research conducted by using two types of TDR
sensors may reveal which solution provides better
quality of the measurement.

The black polyoxymethylene, with an ap-
parent permittivity value of 3.8 [10], was used
to build both sensor prototypes. The narrow sen-
sor is presented in Figure 2 (left). Its dimensions
are as follows: 200 x 50 mm. The sensor consists
of measuring rods, which were manufactured
of brass flat bar with a cross-section of 20 mm?.
Distance between the measuring rods equals 30
mm. The wide sensor is presented in Figure 2
(right). Similarly, as in the case of narrow sen-
sor, the used material was the same as also the
construction of the sensor. The only difference
was their dimensions, namely 200 x 100 mm and
rods spacing equal 70 mm. The sensor waveguides
were made of the same material and had the same
cross-section dimensions as in the case of the nar-
row sensor. The total height of both sensors is simi-
lar and equals 85 mm.

Building materials tested using the TDR
technique

For the purpose of the experiment cellular
concrete samples were used as building materi-
al. We had assumed that cellular concrete would
be a representative material for our tests because
it is a porous medium with high absorptivity
and would clearly reveal the differences of both
methods of signal analyses. During the examina-
tion, samples of cellular concrete were applied.
A set of the samples consisted of 5 specimens.
The declared bulk density of the material was
500 kg'm?>. The samples had the following di-
mensions: 250 x 120 x 65 mm. The dimensions
of the samples were assumed knowing the length
and width of both sensors and the range of signal
influence of both prototypes. It was decided that
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(a)

the most efficient sample geometry would be ad-
justed to traditional bricks. Basic physical param-
eters of all used samples are presented in Table 1.
All of samples were dried to the constant weight
and progressively moistened using the pure water
to achieve saturation status up to 0.32 cm¥/cm’.
Throughout the saturation process the mois-
ture levels were obtained as follows: 0 cm?/

I

(®)

Figure 2. The construction of the TDR sensors, (a) — narrow sensor, (b) — wide sensor

cm?, 0.025 cm?/cm?, 0.05 cm®/cm?, 0.075 c¢cm?/
cm?, 0.1 cm?/cm?, 0.2 cm’/cm?, 0.3 cm’/cm?, and
0.32 cm’/cm®. Figure 3 presents the exemplary
aerated concrete sample with the sensor during
measurement procedure.

Subsequently, the samples were examined us-
ing a non-invasive narrow sensor and wide sensor
to obtain reflectometric readouts. The research

Table 1. Basic physical parameters of the samples used in the experiment

Sample number Mass in dry [g] Bulk density Mass of saturated sample [g]
1 987.8 506.56 1613.0
2 998.6 512.10 1618.1
3 986.2 505.74 1604.4
4 995.0 510.26 1620.4
5 998.6 512.10 1629.9

Figure 3. TDR narrow surface sensor on a cellular concrete sample
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was based on the set of TDR waveforms at dif-
ferent moisture levels. All readouts were made on
dry samples and next on the samples with mois-
ture states mentioned before. The research was
conducted under constant temperature (20 °C)
and relative air humidity (50%) conditions.

Description of regression analysis method

Regression analysis is a statistical method used
to study the relationship between one dependent
variable and one or more independent variables.
It relies on trying to fit a line (or curve) to the data
to understand the nature of the relationship be-
tween variables. In linear regression, the relation-
ship is modelled as linear, which means that the
researcher tries to find the best fit of the line to
the data [13]. The aim of regression analysis is to
understand how a change in one independent vari-
able affects the dependent variable. It can be used
for forecasting, explaining cause-and-effect rela-
tionships and assessing the strength and direction
of the relationship between variables [14]. A re-
gression model is a mathematical equation which
describes the relationship between dependent and
independent variables. The simplest form of linear
regression of one variable takes the form:

Y=a,+ta X+e (2)

where: Y is the dependent (predicted) variable,
X is the independent (observed) variable,
a, is the intercept (Y-intercept), a, is the
slope coefficient (shows how Y changes
when X changes), e is the estimation error
(the difference between the observed and
predicted values Y).

The regression coefficients a, and a, deter-
mine what effect each independent variable has
on the dependent variable. Positive coefficients
indicate a positive impact, while negative coef-
ficients suggest a negative impact. The higher the
value of the coefficient, the stronger the influence
of the independent variable on the dependent
variable.

The most commonly used one-variable re-
gression models are polynomial models, which
can be written in the form:

Y=a+aX+aX+.. +aX"+e 3)
where: a, a,..., a, are the structural parameters

(coefficients) of the regression model and
n is the degree of the polynomial.

Polynomial regression offers the possibility
to model non-linear relationships between vari-
ables by adding polynomial terms to the regres-
sion equation. This is useful in cases where the
relationship between variables is not simple and
linear, but more complex.

An extension of one-variable regression is
multiple regression, which allows to include at
least two independent variables in the model. This
allows for a more detailed analysis of the impact of
multiple factors on the dependent variable, which
is useful when many different variables may in-
fluence the outcome [15]. The basic multivariable
linear regression model has the form:

Y=a+aX +a X +.. +a X +e 4)

where: Xz,X ..., X are the independent variables
included in the model.

Similar to one-variable linear regression, the
most commonly used multiple regression models
are polynomial models [16].

During analyzing a multiple regression model, it
is important to check its degree of fit to the data. The
following measures of model fit are distinguished:

e determination coefficient R — this coefficient
shows what percentage of the variability of
the dependent variable is explained by the
independent variable; the R? value ranges
from 0 to 1, values closer to 1 indicating a
stronger relationship,

e adjusted determination coefficient R?, i is a
modification of the R? coefficient that takes
into account the number of independent vari-
ables in the model and the sample size; this
coefficient is used in multiple regression to de-
termine the degree of intensity or effectiveness
of the independent variables in explaining the
dependent variable,

e residual standard error (RSE) — also called
standard error of estimation; this coefficient
is a measure of the degree of fit of the model
to the data, which consists in estimating the
average dispersion of residual values around
the regression line,

e root mean squared error (RMSE) — the square
root of the arithmetic mean of the squares of
the differences between predicted and ob-
served values; RMSE measures the average
distance, expressed in original units, between
the empirical values of the explained variable
and the theoretical values based on the model.
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More detailed information about multivaria-
ble regression analysis and fitting parameters can
be found in [17] and [18].

RESULTS AND DISCUSSION

The result of the experiment is a set of data rep-
resenting the relationship between moisture content
of cellular concrete determined in gravimetric way
and the apparent permittivity obtained by the TDR
sensors. The similar analyses of the effect of mois-
ture on other types of materials, namely: asphalt
is presented in the paper by Wuttisombatjaroen et
al. [19], expansive soil is analyzed by Al-Khazaleh
et al. [20] and granular materials are considered
by Tu et al. [21]. The utilized TDR equipment en-
abled to collect data which were characterized by
two parameters: (1) apparent permittivity (&) val-
ues depending on moisture, as a basic parameter
measured using the TDR and (2) voltage (V) of
the reflectometric signal’s second peak that is also
dependent on moisture and its value is attenuated
together with moisture increase, which is shown in
Figure 1 and marked with macros “B”, “C” and
“D”. One-variable and two-variable polynomial
regression calibration models were used to analyze
the data, for the narrow and wide sensors, respec-
tively. As a consequence, four regression models
were determined. The first general one-variable
model is of the following form:

O(e)=a,t a,e +ae’+ e [cm’/cm’] (5)

where: O(¢e) denotes the volumetric water content
of the cellular concrete determined by a
polynomial regression model of one vari-
able ¢ (apparent permittivity).

The dependencies between apparent permit-
tivity and material moisture according to the for-
mula (5) were presented in Figure 4.

0,35
03
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Apparent permittivity

(a)

Volumetric water content [cm3/cm?]

The second general model of two variables
has the form:

O, V)=ataegtac+tal+
a,V?+ e [cm’/cm’] (6)

where: O(¢, V) is the estimated volumetric water
content of the cellular concrete determined
by a polynomial regression model of two
variables € (apparent permittivity) and V'
(voltage) of the second’s peak on the wave-
form collected from the TDR multimeter.

The equations of polynomial regression mod-
els of one variable and two variables with deter-
mined values of the structural parameters of these
models were presented in Table 2. Moreover, it is
worth noting that in all regression models the sig-
nificance levels of individual estimators (p-values)
are from the interval [0, 0.001] denoted by (***),
which means high level of statistical significance.

In order to compare the degree of fit of the ob-
tained regression models, the following fit mea-
sures were calculated: R?/R?, 4 (the coefficients of
determination), RSE and RMSE. The values of
these fitting parameters were presented in Table 3.

According to the results for the narrow sensor
presented in Table 3, the determination coefficient
for one-variable regression model is equal to 0.937
and for the two-variable model is equal to 0.957.
This means that 94% and 96% variability of the de-
pendent variable is explained by the independent
variable(s), respectively. Therefore, the second
model better fits the dataset than the first one. The
RSE value in these regression models varies from
2.4 vol.% to 2.9 vol.% and RMSE varies from 2
vol.% to 3 vol.%. The smaller values of RSE and
RMSE for two-variable model also confirm that
multivariable model is a better fitted model.

Similarly, in the case of wide sensor the deter-
mination coefficient for one-variable regression

0,35
03
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02
0,15
01

0,05

2 4 6 8 10 12 14 16 18 20
Apparent permittivity
(b)

Volumetric water content [cm3/cm?]

Figure 4. Dependences between apparent permittivity evaluated using the TDR method and material moisture
for cellular concrete material measured by two types of sensors, (a) — narrow sensor, (b) — wide sensor
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Table 2. Regression models for cellular concrete material and two types of sensors

Type of sensor

Regression model

©(e) =—0.1757408 + 0.0657846-¢ — 0.0021571-¢2
(***)

(***) (***)

Narrow

(***) (***)

O(g,V) =—-4.513 + 0.07184-e — 0.00224-¢? + 0.003671-V — 0.000000779-V?

(***) (***) (***)

©(e) =—0.15813 + 0.059846-¢ — 0.001856-¢?
(***)

(***) (***)

Wide

(***) (***)

O(g,V) =—6.984 + 0.0734-¢ — 0.002139-¢? + 0.005955-V — 0.000001306-V?

(***) (***) (***)

Table 3. Fitting parameters of regression models for cellular concrete material and two types of sensors

Type of sensor Number of variables R% Rza_dj RSE [cm®/cm?] RMSE [cm3/cm?] F-statistic
1 0.937 0.029 0.030 947.5
Narrow
2 0.957 0.024 0.020 716.8
1 0.957 0.024 0.020 1464.0
Wide
2 0.974 0.019 0.020 1241.0

model is equal to 0.957 and for the two-variable
model is equal to 0.974. This means that 96%
and 98% variability of the dependent variable is
explained by the independent variable(s), respec-
tively. Therefore, the second model better fits the
dataset than the first one. The RSE value in these
regression models varies from 1.9 vol.% to 2.4
vol.% and RMSE values are the same and they
are equal to 2 vol.%. The smaller value of RSE
for two-variable model again confirm that multi-
variable model is better. The F-statistic values in
all regression models also confirms that the statis-
tical significance of these models.

Additionally, to examine the fit of both mod-
els, a correlation analysis was performed. Fig-
ure 5 and Figure 6 show the correlation lines

0,35 ‘

Estimated volumetric water content

0 005 01 015 0,2 025 0,3 0,35
Volumetric water content [em3/cm3]

(a)

expressing the dependence of volumetric water
content measured by narrow and wide TDR sen-
sors, respectively, and estimated volumetric water
contents based on the derived regression models
for cellular concrete samples.

Based on the relationships illustrated in Fig-
ures 5 and 6, the correlation equations were ob-
tained and are presented in Table 4. Both for the
narrow sensor and the wide sensor, the slopes
of the correlation equations for the two-vari-
able regression models are closer to 1 than in
the one-variable regression models, moreover,
the intercepts are closer to 0, which means that
the two-variable regression models character-
ize the data better than the one-variable mod-
els. The main finding of the conducted research

0,35

Estimated volumetric water content

0 005 01

0,15 02 025 03 0,35

Volumetric water content [cm3/cm3]

(b)

Figure 5. The correlation between measured volumetric water content and estimated volumetric water contents
for cellular concrete samples using a narrow sensor: (a) 6 and 6(¢), (b) 6 and 6(e,V)
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Figure 6. The correlation between measured volumetric water content and estimated volumetric water contents
for cellular concrete samples using a wide sensor: (a) 6 and 6(¢), (b) 6 and 0(¢,V)

Table 4. The correlation equations for cellular concrete material and two types of sensors

Type of sensor

Number of variables

The correlation equations

1

() = 0.0079 + 0.937-0

Narrow

©(g,V) = 0.0059 + 0.9582:6

Wide

©(g) = 0.0053 + 0.957-©

2
1
2

O(c,V) = 0.0032 + 0.9741-6

is the determination of the influence of multiple
regression on the improvement of the measure-
ment quality of the tested sensors. Measurement
errors were determined using the RSE and RMSE
parameters and it was found that taking into ac-
count the signal amplitude attenuation allows for
a reduction of these values and a simultaneous
improvement of the measurement quality. At the
same time, it was found that the RSE and RMSE
values obtained for the wide sensor are more fa-
vourable compared to the narrow sensor.
Comparing the achieved results to other re-
search the most convenient is to use RMSE as a
comparing parameter, which is often used in the
literature to determine the quality of the adopted
calibration formulas for moisture measurements
using traditional, invasive TDR probes. The
RMSE values obtained by both sensors, regard-
less of the calibration method used, are in the
range of 0.02-0.03 cm’/cm®. Comparing these
values to those obtained using the Topp model [6]
and [22] determined by [23] for soil media and
invasive probes, which are 0.01-0.066 cm®/cm?,
it should be stated that they are comparable and,
in many cases, even more advantageous. A simi-
lar situation concerns the RMSE values obtained
for the popular calibration formula proposed by
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Malicki et al. [7], set at 0.03 cm?/cm?’. It should be
noted that the Malicki formula is also a two-pa-
rameter model, in which, in addition to the appar-
ent permittivity, the bulk density of the material
is considered. In the case of the model proposed
by Roth et al. [24], the RMSE assumed values of
0.008-0.037 cm®/cm?. It should be noted that in
most literature sources the proposed models were
of a universal nature. For this reason, the qual-
ity of fit to the measurement data could be lower.
The models presented in this study are individual,
hence they better represent the dependencies 0(¢)
or 0(e,V) for a given sensor and material. The
RMSE values are also comparable to the values
determined by Udawatta et al. [25] for regres-
sion models developed individually for each of
the materials (0.008-0.034 cm’/cm?) and invasive
probes. Many of these models are also two-pa-
rameter models, which in this case take into ac-
count the temperature of the tested medium.

The results obtained in the conducted stud-
ies using less accurate surface sensors are char-
acterized by RMSE values comparable to, and
often better than, those reported in the literature.
It should be noted that in most of the mentioned
above literature sources the proposed models
were of a universal nature. For this reason, the
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quality of fit to the measurement data could be
lower. The models presented in this study are
individual, hence they better represent the de-
pendencies 0(¢) or 6(e,V) for a given sensor and
material. The use of multiple regression allows
to improve these favourable parameters to a cer-
tain extent by about 0.005 cm3/cm? for both type
of sensors. The reason for this is the fact that the
attenuation of the electromagnetic pulse ampli-
tude is taken into account, which is caused by the
presence of salt ions in the water contained in the
material. It should be noted that salt ions are al-
ways present in building materials and soils; tak-
ing this phenomenon into account in calibration
models allows for reducing measurement errors
of this method. Summarizing, the two-variable
polynomial regression models are better models
for both types of sensors. Therefore, they were
used to estimate material moisture using appar-
ent permittivity and voltage. To avoid impossible
situations of combinations of permittivity and
voltage amplitudes, ranges of possible values that
they take have been determined. Based on experi-
mental studies, the range from 2.9 to 18.3 was
assumed for the apparent permittivity. To deter-
mine the voltage ranges, the property shown in
Figure 7 was used, which shows the relationship
between the apparent permittivity and the ampli-
tude of the second peak. The voltage ranges are
from 1965.85 to 2414.18 and were determined
based on the formulas in Table 5. These formulas
result directly from Figure 7.

Signal amplitude depending on apparent permittivity;
Sensor: Narrow Sensor
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2 4 6 8 10 12 14 16 18 20
Apparent permittivity

(a)

The graph in Figure 8 shows the relationships
between volumetric water content, apparent per-
mittivity and second peak’s voltage values for
cellular concrete using two types of TDR sensors.

More specifically, the graph in Figure 8 de-
scribes the relationship of apparent permittivity
and volumetric water content in €-O plane, volt-
age and volumetric water content in V-O plane
and the relationship between apparent permittiv-
ity and voltage in e-V plane. The graph shows
that as the material moisture increases, the ap-
parent permittivity increases, while the second
peak voltage values decrease.

The advantage of the method of building cali-
bration models that take into account signal at-
tenuation proposed in the article is a more detailed
analysis of the TDR signal, which in turn reduces
measurement errors of this method. Algorithms of
this type are not commonly used, despite the fact
that they do not require additional tests, because
the information contained in the same waveform,
on the basis of which the pulse travel time is deter-
mined, which is used to build the models. There-
fore, the aim of this article is to recommend that
this quantity be taken into account when deriving
the calibration formulas. However, it should be
borne in mind that there is a certain limitation of
this method in practical applications. Namely, it is
difficult to predict in real conditions, and often in
laboratory conditions, the behaviour of salts pres-
ent in porous materials, which may undergo crys-
tallization or hydration processes under specific

Signal amplitude depending on apparent permittivity;
Sensor: Wide Sensor

2 4 6 8 10 12 14 16 18 20
Apparent permittivity

(b)

Figure 7. Dependences between signal voltage read on sensor termination measured by TDR and material
moisture for cellular concrete material measured by two types of sensors, (a) — narrow sensor, (b) — wide sensor

Table S. Equations estimating second peak’s voltage levels

Type of sensor

Regression model R?

Narrow

V(g) = 3005.9 — 268.54-¢ + 26.509-¢? — 0.8171-€3

0.733

Wide

V(e) = 2661.4 — 156.93-¢ + 13.07-€2 — 0.3591-€3

0.845
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Figure 8. Graphs presenting the dependence of moisture (©) on permittivity (€) and voltage (V) for cellular
concrete samples for two types of sensors

humidity and temperature conditions, thus in a
way that is difficult to predict on pulse attenua-
tion. In order to eliminate this factor or reduce its
impact on the results, a series of tests of this type
should be carried out on samples not only satu-
rated with water but also with salt solutions.

CONCLUSIONS

The main conclusion related to the carried-
out research is that the proposed two-variable cal-
ibration models are better to estimate the cellular
concrete moisture applying the TDR setup than
the one-variable models. During the data analy-
sis obtained in conducted research the following
conclusions can be observed:

e Inthe case of both sensors, the coefficient of de-
termination in multivariable models is greater
than the determinant coefficient in one-variable
models, which means that the first ones better
describe the data than the second ones;

e The RSE values in both multivariable regres-
sion models are less than the RSE values in the
one-variable models. Moreover, the RMSE
values of two-variable models are less or
equal to the RMSE in the one-variable mod-
els. Therefore, the smaller values of RSE and
RMSE for two-variable models also confirm
a better fit of these models for both types of
TDR sensors;
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e Both RSE and RMSE values achieved by one-
variable and multivariable models are better
for the wide construction sensor, which indi-
cates that this sensor solution provides better
quality of readouts than the narrow one;

e The slopes of the correlation equations for the
multivariable regression models are closer to
1 than in the one-variable model and the in-
tercepts are closer to 0 in multivariable case,
which means that the two-variable regression
models better describe the phenomenon than
the one-variable models,

e Despite treating the TDR method as a time
dependent method, it ought to be remembered
that water present in building materials con-
sists of some salt ions that affect signal attenu-
ation, considering its influence together with
the apparent permittivity determination makes
is possible to improve the measurement qual-
ity of the method.
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