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Abstract: Predicting the properties of concrete before its design and application process allows
for refining and optimizing its composition. However, the properties of lightweight concrete are
much harder to predict than those of normal weight concrete, especially if the forecast concerns the
insulating properties of concrete with artificial lightweight aggregate (LWA). It is possible to use
porous aggregates and precisely modify the composition of lightweight concrete (LWC) with specific
insulating properties. In this case, it is advisable to determine the parameters of the components
and perform preliminary laboratory tests, and then use theoretical methods (e.g., artificial neural
networks (ANNSs) to predict not only the mechanical properties of lightweight concrete, but also
its thermal insulation properties. Fifteen types of lightweight concrete, differing in light filler, were
tested. Lightweight aggregates with different grain diameters and lightweight aggregate grains
with different porosity were used. For the tests, expanded glass was applied as a filler with very
good thermal insulation properties and granulated sintered fly ash, characterized by a relatively low
density and high crushing strength in the group of LWAs. The aim of the work is to demonstrate
the usefulness of an ANN for the determination of the relationship between the selection of the type
and quantity of LWA and porosity, density, compressive strength, and thermal conductivity (TC) of
the LWC.

Keywords: artificial neural networks; thermal conductivity; lightweight concrete; lightweight aggre-
gate; predicting properties

1. Introduction

Lightweight cement composites, as well as lightweight concrete (LWC), are a group of
materials with an increasing demand in construction. LWC has a lower density and a lower
coefficient of thermal conductivity than ordinary concrete [1]. In order to obtain sufficiently
high strength of LWC as a construction material, its composition can be modified [2—4].

Due to the tendency to reduce CO; emissions, especially in countries where building
heating is needed, more and more requirements regarding thermal insulation for external
walls are being introduced. On the other hand, in countries where the air temperature
remains high and air-conditioning units are in extensive use, the same LWC material
solutions can reduce heat transfer into the building interior [5,6]. Therefore, there is an
increasing demand for construction materials with high thermal insulation and relatively
high compressive strength at the same time [7,8]. All over the world, research is conducted
on the modification of LWC properties to create positive impact on the environment. To
improve thermal insulation properties of buildings, the origin and properties of LWA used
for the production of LWC should be taken into account [9,10]. LWA may be of natural
origin, such as pumice or fired clay, and may be produced artificially from waste, such as fly
ash, sewage sludge, or glass cullet. The properties of artificial LWAs can vary considerably
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depending on the origin of the main waste material used in their composition and the way
in which it is processed. Until recently, LIWC design relied heavily on the knowledge and
experience of LWA and concrete producers, as it is difficult to recreate conditions, similar
to those on the actual construction site, in the laboratory [11,12]. However, increasing
research capabilities allow for the precise determination both of the very properties of LWA
and for the simulation of conditions close to the environment (high or low temperatures)
and to update our knowledge about the properties of LWC [13,14].

The authors of this publication focused mainly on the possibility of using a ready
mix of LWA: granulated expanded glass (GEGA) and sintered fly ash (GAA). GEGA,
classified as a lightweight material, is appreciated for its low density and much higher
thermal insulation than normal weight concrete (NWC) with natural aggregate [15]. GAA,
on the other hand, is characterized by high compressive strength. The use of two types
of the aggregates with different properties in different proportions allows modeling of
LWC properties in terms of density, compressive strength and thermal conductivity [16].
Experimental and analytical-experimental design methods are used to determine the effect
of the components used on the characteristics of the LWC mixture. The laboratory tests
require high level of researchers’ involvement, they are time-consuming and therefore
costly. Moreover, in order to obtain the desired effect, whether in terms of specific density,
strength or thermal insulation, the tests must be repeated many times. The tests should
also be repeated in the event of change in the type or quality of the main components of
mix concrete [17]. ANN can be used to predict output data based on a defined set of input
data as the authors of the works show [17-20]. The main aim of the work was to present a
proposed application for the use of ANN to forecast mechanical properties and thermal
conductivity in correlation with porosity and density of LWC depending on the mixing
ratio of GEGA and GAA.

The main benefit of using computer technology with an ANN testing method to solve
a predetermined problem is that there is no need to derive mathematical dependencies,
because in the process of ANN learning, appropriate values are assigned to subsequent
variables, and then the solution obtained in the process of experimental research is im-
plemented [21,22]. In the presented work, the results of LWC tests, obtained earlier in
the laboratory, were analyzed. The LWC samples were made with the addition of granu-
lated expanded glass (GEGA) and sintered fly ash (GAA). Laboratory experiments and
the analysis of the test results have shown, that the use theoretical tools proves to be
particularly helpful to predict LWC properties if we use a mix of aggregates in different
proportions [18-20,23,24]. It is also possible to precisely determine the composition of the
aggregate mixture, so that it is possible to obtain LWC with the desired properties such as
density, compressive strength, and thermal insulation. Estimating the share of individual
types and sizes of the aggregates with the use of ANN requires a significant number of
repetitions in order to train the network.

2. Materials and Methods
2.1. Materials

Following [25], CEM I 42.5R cement was used to perform the tests. The chemical com-
position of cement: CaO—63.5%, Si0,—21.5%, AlyO3—6.1%, Fe;03—3.3%, SO3—2.9%,
MgO—1.1%. Blaine fineness—3384 cm? /g and water demand—27%. Compressive strength
of cement in 28 days—57.4 MPa.

The properties of LWA used in the tests are shown in Figure 1. The chemical properties
of LWA are GEGA: 5i0,—63.3%, CaO—14.2%, Na,O—13.4%, MgO—3.0%, Al,03—0.7%,
loss on ignition-4.5% and GAA: Si0,—52.8%, Al;O3—24.3%, Fe;O3—7.5%, CaO—4.5%,
MgO—3.2%, and loss on ignition at 7.1%. The physical properties of LWA are presented
in Table 1. The grain of GAA sintered ash with a diameter of 8 mm are characterized
by similar porosity, but 4 times higher density than the grain of foamed aggregate. The
crushing strength of GAA aggregate grain is up to 25% higher, which is important when
modifying the LWC in terms of compressive strength. The subsurface zone of GEGA and
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GAA grains is characterized by an open structure. While the ingredients are mixing, the
open pores are being filled with cement paste. If the correct amount of binder is used, this
property can positively influence the final mechanical properties of the LWC.

GEGA 4 mm GAA 8 mm

L] s “. D B
[ P

TM3030_1246 2019/03/20 16:13 N 1mm TM3030_1302 2019/04/15  14:35 N

(a) GEGA 2 mm (b) GEGA 4 mm (c) GAA 8 mm

Figure 1. Structure of the LWA used in the tests.

Table 1. Physical properties of LWA.

Water Absorption WA Volume Density p, ~ Open Porosity p, Pore Radius Pore Volume
(kg/m?) (%) (nm) (cm®/g)
GEGA 2 mm 15.2 380 37 1.55-3.71 1.02-7.56 x 1073
GEGA 4 mm 17.8 350 42 1.69-3.70 1.25-8.54 x 1073
GAA 8§ mm 16.5 1350 37 1.32-2.83 0.99-6.67 x 1073

2.2. Concrete Mix

The research project was divided into successive stages: 15 LWC mixes were designed
with different proportions of GEGA 2 mm, GEGA 4 mm and GAA 8 mm, then the mixes
were prepared, and the rheological properties of the mixes were tested. Then, the physical
properties of the LWC in terms of porosity and density of the LWC as well as compressive
strength and thermal conductivity were determined. The aim of the research was to deter-
mine the dependence of the use of LWA with known porosity and density on the physical
properties of the LWC. The obtained results were used to predict the LWC properties using
ANN. The composition of the mixtures is presented in Table 2. The tested aggregate was
not pre-wetted. The natural humidity of the aggregates was tested before making the
mixtures and was, respectively: GEGA 2 mm (3.4%), GEGA 4 mm (2.9%), and GAA 8
mm (4.1%). The total amount of water in the mixes was corrected for the amount of water
contained in the aggregates. A constant water/cement (w/c) ratio of 0.5 was maintained.
No chemical admixtures or additives were used in preparation of LWC mixtures.

2.3. Methods

The concrete mix components were mixed in a mechanical mixer with a planetary
structure. The following sequence of dosing the ingredients was used: first, the cement
and part of the mixing water (approx. 75%) were mixed for 2 min, and then GAA 8 mm,
GEGA 4 mm and GEGA 2 mm were successively added to the cement grout in the amount
according to the design given in Table 2. The mixture was mixed for another 2 min adding
the remaining makeup water (20-25%) until the desired consistency (S3) was obtained in
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accordance with [26]. The consistency of concrete mixes was measured according to [27]
the slump method. The consistency was in the S3 range (100-150 mm) for all mixes, with
the exception of LWC 15 for which the range consistency was in the 52 (50-90 mm). The
test specimens were made in accordance with [28] in the amount given in the Table 3.

Table 2. Details of LWC mix proportions.

LWC 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
(%) 0 25 50 75 0 0 25 25 25 50 50 0 0 75 100
GEGA 2 mm
(kg/m3) 0 65 130 195 0 0 65 65 65 130 130 0 0 195 260
(%) 0 0 0 0 100 75 50 25 75 50 25 50 25 25 0
GEGA 4 mm
(kg/m3) 0 0 0 0 240 180 120 60 180 120 60 120 60 60 0
(%) 100 75 50 25 0 25 25 50 0 0 25 50 75 0 0
GAA 8 mm
(kg/m3) 580 435 290 145 0 145 145 290 0 0 145 290 435 0 0
CEMI425R  (kg/md) 500
water (kg/ m?) 250
water/cement ) 0.5
Table 3. The specimens for testing.
Test Specimen’s Size (cm) Quantity of.the Specimens Total Specnpens Quantity
(Pieces) (Pieces)
Volume density in a 10 x 10 x 10 3 45
dry state 2x2x2 3 45
Compressive strength at 015 x 015 x 0.15 6 90
28 days
Porosity 0.10 x 0.10 x 0.10 3 45
Thermal conductivity 0.245 x 0.245 x 0.04 (1 x w x t) 3 45

1 = length; w = width; t = thickness.

LWC tests were performed after 28 days. The LWC density was tested by the
Archimedes method using three 2 x 2 x 2 cm samples were cut out from each LWC
1-15 variant. The first stage was to measure the mass of the dry sample (1;). The samples
were then saturated with a liquid of known density in a vacuum desiccator up to fill all
the concrete pores. The standard liquid was deionized water (o = 1 g/cm?®) and kerosene
(o = 0.8241 g/cm?), depending on the composition of the tested LWC. Density (p,) was
calculated according to the pattern (1) and porosity (p,) was calculated by means of the
Equation (2):

P = (my —my ) *do @
_ M= s oo
Po = p— 100% 2)

where p,—volume density, (g/cm?); m,—mass, saturated with the liquid, weighed in a
liquid (water), (g); my,—mass, saturated with the liquid, weighed in the air, (g); ms—mass,
weighed in the air, (g); dgp—liquid density in the tested temperature, (g/cm?).

The compressive strength was tested with an Advantest 9 (Controls—Manufacturer,
Liscate, Milan Italy) machine with a maximum pressing force of 3000 kN according to [29].
The compressive strength was determined as the arithmetic mean of the six results.

Thermal conductivity tests on concrete specimens were conducted by means of a
PHYWE house model (PHYWE Systeme GmbH and Co., Gottingen, Germany). It consists
of removable side walls and its purpose is to determine thermal conductivity of the speci-
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mens, made of different materials. Figure 2a,b shows the construction of the house model.
The chamber consists of thermally insulated base with a removable cover, measurement
walls, inner insulation, heater. The floor of the base is insulated by means of the polystyrene
plate, about 5 cm thick. Side walls with square holes 210 x 210 mm are put inside and
fixed with two screws at each side of the hole gasket. On the inner walls there is a rail with
eccentric plates, used to fix additional outer insulation.

[ computer with software

thermo-chamber model house

Figure 2. Model house construction: (a) outer elements; (b) inner elements.

Thermal conductivity coefficient A was calculated by means of inner and outer model
house temperature measurement, and by measurement of the inner and outer wall temper-
ature of the tested specimen. The temperature was measured each 10 min since establishing
balance state on the sides of the specimen. Thermal balance on the walls of the specimen
was achieved after 5-6 h, but to receive more detailed test results, the temperature was
being measured for 8 h each 10 min. Measurement results were recorded T7;, Ty, Twa, and
T1,. Figure 3 shows the scheme of heat transfer through the element.
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where:

Tii—chamber inner temperature (°C);

Twi—specimen inner temperature (°C);

Twa—specimen outer temperature (°C);
Tra—temperature of the model house surrounding (°C);
d—specimen thickness (cm);

P—heat transfer (W).

Figure 3. Scheme of heat transfer through the element.

The scheme of heat transfer through the tested element of LWC 1-15 to the outer
environment was calculated according to the pattern:

P=ua;- A (T — Tui) @)

and
P=a A (Tys— Tra) 4
where:

P—heat flow energy (W);

«;—air heat transfer coefficient of the inner specimen’s wall;
A—specimen’s cross section field (cm?);

a = 8.1 W/K-m?—air heat transfer coefficient of the specimen’s outer wall.

Thermal conductivity in the tested wall was calculated according to the pattern:

P = %-A-(Twi—Tm) (5)

where:

A—thermal conductivity (W/Km);
A—specimen cross section field (cm?);
d—specimen thickness (cm).

Determining heat transfer coefficient:
P=k-A-(Ty; — Twa) (6)

where k—heat transfer coefficient (W/ sz).
Heat transfer coefficient is expressed by the pattern:

=yt @)
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The specimens of the dimensions: 24.5 x 24.5 x 4.0 cm were used for the thermal
conductivity test. The heat source was placed inside the device. The temperature on the
inner and outer surface wall of each specimen was measured throughout the entire test
time, and the air temperature was measured as well in each case. Since the temperature
gradient could vary from the bottom to the top of the wall, it was necessary to perform
all the measurements at the same height. Thermocouple for measurement of the inside
temperature was placed 5 cm from the model house wall. The holes in the corner posts
were used to place the thermocouple. To measure the temperature of the wall, the ends
of the thermocouple had to be permanently fixed to the specimen’s side wall as close as
possible to the perpendicular axis of the specimen. The differences in the measurements
are of the highest importance in the test results assessment, therefore, thermocouples must
be checked accurately, and all deviations must be seriously considered in the process of
the assessment of the results. 100 W source of heat was used for heating, and steady state
temperature of the interior was kept by means of thermostat. The tested specimens were
heated until the temperature balance on the inner and outer walls was achieved.

2.4. Applications of ANN

Based on literature analysis and research results [3,18-20,23,24,30-32], it is known
ANN s in case of issue analysis, often give better results than analytical methods in which
there are problems with prediction, classification of results or monitoring. The advantage
of ANN:Ss is their unique feature, which is the ability to learn and possibility generalize the
acquired knowledge on the basis of even relatively small datasets. Compared to software
that performs algorithmic data processing, for example, polynomial approximation, ANNs
can reasonably generalize knowledge based on new input data, that were not known
before, during the network training process. This property of ANNSs results from their
ability to approximate a sufficiently wide class of functions of several variables (e.g.,
continuous functions) [33-35]. An example of the use of ANN is the analysis of concrete
properties. This method is especially useful for cases where the analytical description
is difficult or impossible due to the large number of variables and the difficulty of their
precise determination or measurement. In the present study, ANN was used to predict the
properties of the LWC. LWC features such as density, porosity and compressive strength as
well as thermal conductivity were analyzed for each mixture of three types of lightweight
aggregates from 0% to 100% (with a 25% change): GEGA 2 mm, GEGA 4 mm, and GAA
8 mm using the authors’ previous tests results [36]. In order to perform the ANN's learning
process, the laboratory test data was divided into three separate datasets in which the
training dataset it was 70% of the total number of cases, whereas the test dataset was 15% of
the number of cases. The validation dataset it was 15% of the number of cases. As a result
of such data division, by the learning process, through the appropriate adjustment of ANN
weights, took place on a set of 85% of randomly selected experimental input data. The
test dataset allowed to compare properties of LWC as compressive strength and thermal
conductivity vs. porosity and density. A comparison was also possible properties obtained
through research with the values predicted by the network, also when on which the ANN
was not trained and validated. In ANN analysis, individual LWC 1-15 samples differed
in the percentages of the individual LWAs. The shares of three different aggregates, i.e.,
GEGA 2 mm, GEGA 4 mm, and GAA 8 mm were a sum 100%. The main assumption was,
that there were two independent variables in the calculated examples, incl. the contents of
GEGA 2 mm and GEGA 4 mm. The GAA content is the remainder so that the sum of the
percentages of all LWAs is 100%.

For the purpose of a given task, we used the feedforward ANN with two hidden
layers, two input neurons corresponding to the share of GEGA 2 mm and GEGA 4 mm and
one output neuron corresponding to the predicted value e.g., density, porosity, compressive
strength, or thermal conductivity. The connections between neurons were of “each other”
type (full connection) and it were applied according to backward error propagation algo-
rithm. The number of neurons in the first hidden layer varied from 2 to 12 and in the second
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hidden layer from 2 to 17, depending on the forecasted variable. Error function was a mean
square error of ANN, and a sigmoid function was applied as function of neuron activation.
The three-input dataset consisted of 15 measurement values as properties of LWC and was
used to study the quality of prediction of LWC these features using ANN. The training data
set for each predicted properties LWC, consisted of 13 randomly selected measurement
values from among 15 values from the input dataset involving various content of GEGA
2 mm and GEGA 4 mm. The other two values formed a testing data set. This procedure
was repeated 10 times to obtain 10 different testing data sets using cross-validation. Based
on the theorem that for a sigmoid activation function, any continuous function can be
uniformly approximated, with any accuracy by means of a feedforward neural network
containing two hidden layers the ANN with two hidden layers was trained by multiple
feeding of the training dataset to the ANN’s input, until the stabilization of the total mean
square error of the network at a very low level while avoiding the phenomenon of ANN
overfitting [30,35]. After the completed process of the ANN training, a test data set was
given to the network input in order to assess the quality of a given network architecture.
The relative error of ANN was calculated as the sum of the squares of differences between
the laboratory results and those, predicted by the network.

The network architecture was selected on the basis of the [35,37] theorem, there is an
activation function f of class C*, strictly increasing, sigmoidal, with the following properties:

For any function F€ C[0,1]" and ¢ > 0, there are constants d;, cij, 0ij, vi and vec-
tors w;; € R", for which |F(x) — YR d; f(z}zif cij f(wij-x; +60;5) + 'yi)
x €[0,1]".

In other words, for this specific (sigmoidal) activation function, any continuous func-
tion on a unit sample in R" can be uniformly approximated with any accuracy by a neural
network containing two hidden layers.

Given that the universal approximation theorems do not provide information on
the number of neurons in the hidden layer needed to provide the desired accuracy, the
ANN was first tested with two hidden layers containing a relatively large number of
neurons in the hidden layers. After the learning process was completed, the weights of
connections between neurons were analyzed and units with very low connection weights
were eliminated. On the test set, the quality of each thus obtained neural network was
checked and the optimal network was selected for prediction. The SNNSv4.2 (Stuttgart
Neural Network Simulator) software used at work has no limitations on the multi-layer
neural network architecture with backpropagation. Taking into account the fact that the
input data set had only 15 elements and the assumption that the tested properties of
LWC should be continuous functions, the network was limited to a network with two
hidden layers.

In order to obtain the optimal number of neurons in each hidden layer, the same
method was used for a given ANN architecture, performing repetitions for each of the
ten training and test data sets. The optimal ANN architecture was obtained as 2-11-15-1
during the prediction of density, i.e., two input neurons with shares of GEGA 2 mm
and GEGA 4 mm, eleven neurons in the first hidden layer, fifteen neurons in the second
hidden layer and one output neuron as density. In the case of properties such as porosity
and compressive strength the best results were achieved by the ANN with the same
architecture, while in the case of predicting thermal conductivity the optimal architecture
of the 2-7-3-1 type was established.

< ¢ for all

3. Results

The results of properties laboratory tests of LWC for various shares of lightweight
aggregate, were presented in Table 4.

During the training of the neural network, the cross-validation procedure was used.
Thirteen measurement data on which the network was trained were selected at random,
and the quality of prediction was verified on the other two points. This procedure was
repeated 10 times on different 13 element subsets. Usually, it is assumed that the test
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set contains 15% of the elements, the validation set 15% of the available data set. In the
analyzed cases, the reduction in the size of the training set generated a non-linear increase
in prediction errors (probably due to a relatively large change in compression strength and
porosity depending on the share of additives in LWC), therefore only the test set was used.
The ANN with two hidden layers was trained by multiple feeding of the training dataset
to the ANN's input, until the stabilization of the total mean square error of the network
at a very low level while avoiding the phenomenon of ANN overfitting. Overfitting was
partially eliminated by completing the learning process at the initial stage of the mean
square error stabilization. Moreover, the small number of points in the training set and
their topological distance in the set of parameters (additive shares) meant that the neural
network did not “learn” local rapid changes in the analyzed dependence.

Table 4. The LWC laboratory test results.

IWC Share of GEGA Share of GEGA Density Porosity Compressive Thermal Conductivity
2 mm (%) 4 mm (%) (kg/m?3) (%) Strength (MPa) A (W/m-K)
1 0 0 1560 20.8 18.65 0.8113
2 25 0 1378 17.7 21.35 0.5886
3 50 0 1177 16.0 13.43 0.4164
4 75 0 877 22.1 3.72 0.2827
5 0 100 1078 67.0 12.49 0.2268
6 0 75 1028 45.0 4.59 0.4054
7 25 50 1058 27.4 4.29 0.3114
8 25 25 1117 24.0 10.1 0.4150
9 25 75 929 65.9 421 0.2106
10 50 50 903 26.4 5.44 0.2018
11 50 25 1041 20.1 6.99 0.2954
12 0 50 1059 36.6 5.38 0.4233
13 0 25 1304 25.6 8.92 0.6345
14 75 25 1060 19.3 6.37 0.1709
15 100 0 1002 15.2 6.86 0.1990

The results of the forecasted by the ANN: density, porosity, compressive strength,
and thermal conductivity of LWC as a function of shares of GEGA 2 mm, GEGA 4 mm
and shares of GEGA 2 mm and GAA 8 mm in the specimen are presented as 2D charts in
Figure 4a-h.

In Figure 4 shows, only thermal conductivity behaves in a way that shows a fairly
regular evolution between extreme aggregate ratios. Other measured quantities do not
show this behavior and if we want to carry out multi-criteria optimization, it is worth using
ANN. For example, to select such a composition of aggregates to obtain lightweight concrete
with about specified thermal insulation properties. The results of the relationship between
density and porosity during laboratory tests are presented in Figure 5a. The predicted
results of this relationship with the use of ANN are shown in Figure 5b. Figures 6a and 7a
show the results of laboratory tests of the thermal conductivity coefficient as a function of
the LWC porosity and density, respectively, while Figures 6b and 7b show the predicted
results obtained by ANN.
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4. Discussion

Based on the results of LWC laboratory tests, it can be concluded that the porosity and
strength of the LWA grains have a significant impact on the physical properties of the LWC,
such as: density, porosity, compressive strength and thermal conductivity. In the case of
using of two different types of LWA, the grain structure has the main influence, especially
the volume of open and closed pores in the grain volume. GAA grain has a higher crushing
strength, although the porosity of GAA grain (37%) is similar to that of GEGA grain
(37—42%). However, the pore structure and arrangement of the pores in the grain matrix
of lightweight aggregate are completely different. The presence of GAA aggregate with
increased strength has a significant positive effect on the compressive strength of the LWC.
The higher the content of GAA, the higher the compressive strength of LWC. However, the
highest strength was achieved with a ratio of GAA 8 mm to GEGA 2 mm of 1:3, because it
is necessary to fill the space between the grains aggregate of a size with a diameter 8 mm.
Beneficial values of LWC compressive strength were obtained with the use of aggregate
GEGA 2 mm in the amount of 25% of the total volume of the aggregate was and if the share
of GAA was 75%. If the GAA share was 100%, a 12.6% decrease in compressive strength
LWC was noted. This is due to the impossibility of maximum content of aggregate grains
with the diameter of 8§ mm and construction of a porosity skeleton (20.8%). In the other
use of GEGA 4 mm grains in the amount of 25% instead of GEGA 2 mm of 25% resulted in
an increase in porosity about 7.9% in LWC (43%) and a decrease in compressive strength
about 58.2%. This replacement also did not have a positive effect on the thermal insulation
of the lightweight composite. The lowest thermal conductivity coefficient (0.17 W/m-K)
was obtained when GAA aggregate was not used, but only a mixture of GEGA 2 mm (75%)
and GEGA 4 mm (25%) aggregates.

Summarizing the analysis, it can be concluded that the highest compressive strength
is achieved by cement lightweight composites containing 50, 75 and 100% GAA 8 mm and
a maximum of 25% GEGA 2 mm. Lower compressive strength test results were observed
for samples containing aggregates with the highest porosity and the lowest compressive
strength when using 50%, 75% or 100% GEGA 4 mm. It can be concluded that a higher
GEGA content with a grain size greater than 4 mm will reduce the compressive strength
of the LWC. The higher the proportion of GEGA with a grain size greater than 4 mm, the
higher the porosity and the lower the thermal conductivity. For a detailed analysis of LWC
properties in the context of using the optimize of mixing ratio of light aggregates with
different properties, trained ANN can be used with very good results. The results can be
saved as a formula or a graph (Figure 4a—c). For example, it is possible to make a proposal
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LWC composition of minimum thermal conductivity for a range of density or porosity
as shown in Figure 4g,h. The analysis of the selection of the LWA mixing ratio with the
use of ANN confirmed that the participation of GAA 8 mm had the greatest influence
on mechanical properties of the lightweight composite, as presented the Figure 4f. While
the content of GEGA aggregates in various proportions had an influence on the physical
properties such as porosity and thermal conductivity and this presented on Figure 4c,d,g h.
On the Figure 4a,b it is visible that the greatest density values were located around the
point (0,0), which means, those with a low content of GEGA 2 mm and GEGA 4 mm.
Figure 5 presents the relationship between density and porosity of the LWC based on
laboratory test results and ANN prediction, respectively. This dependence is valid only to
LWC with GEGA and GAA additives. As it can be seen from the figure, this relationship is
very complicated, and it is difficult to propose an analytical formula for the entire range of
parameters. This effect is probably due to the random size distribution of the aggregates
added to the LWC and their local neighborhood with a varied topological structure. It is
also important whether they are closed or open volume aggregates. Therefore, for the
values of interest between the measurement points, it is worth using prediction of the
results generated by the ANN. Figures 6 and 7 present plots of thermal conductivity as
a function of porosity and density of the LWC based on laboratory test results and ANN
prediction, respectively. This dependence is valid only to LWC with GEGA and GAA
additives. As for the relationship between density and porosity, the analytical relationship
between thermal conductivity and porosity cannot be reasonably proposed. However, in
the case of the dependence of thermal conductivity on density, a roughly linear relationship
between these quantities is visible. This relationship can be approximated by another class
of functions (e.g., logistic function, polynomial of degree 3) in order to obtain a better fit for
small densities, however, it seems more correct to use the ANN prediction.

Based on the analysis test results it was found that ANN is a useful tool for designing
of LWC not only with specific mechanical parameters, but also with specific physical
properties such as density and thermal insulation.

5. Conclusions

The presented results prove that the use of computer tools in concrete technology
opens up new design possibilities. Additional benefits of using SNN include the possibility
of designing the LWC composition with high precision, optimizing the composition while
at the same time predicting the properties of the cement composite not only in terms
of compressive strength but also in determining the thermal conductivity coefficient,
generally difficult to test. It should be emphasized that the correct use of ANN to design
new LWC structures should be preceded laboratory tests, because research results are
extremely important for a complete understanding of the LWC design process. However,
attention should be paid to the superiority of analytical methods over purely experimental
ones. In order to propose an appropriate theoretical model (mathematical, geometric)
for designing the composition of a concrete mix, it is necessary to simplify the actual
conditions, select the essential features and principles of operation of the phenomenon
or object. However, it should be noted that the model is not an exact representation of
the modelled system or object and therefore should be properly calibrated. Calibration is
also necessary when modifying parameters or introducing new variables based on a series
of specific laboratory tests. The advantage of the presented methodology is that when
designing a concrete mix, many additional parameters can be introduced, and ANN will
have to recognize the relationships between input data and forecast their impact on the
final result.

The presented case of using ANN to predict the properties of the LWC may be useful
for the development of LWC and NWC new design methods. In addition, this modelling
and forecasting method can be used not only for optimizing the selection of aggregate
percentages, but also for other components such as the optimization of the amount of
cement vs. additives partially replacing the binder. An issue worth considering for next
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new work is analysis of using different types of cements and additives. The test results
and their analysis show significant benefits of using ANN to predict LWC properties when
the properties of the components are known. As a result, it is also possible to design a
specific LWC composition with the desired properties. For example, using multi-criteria
optimization methods, it is possible to propose an LWC composition with the lowest
possible density and thermal conductivity at a known size compressive strength. Further
research may evaluate the use of components other than those described in this article.
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