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Abstract: The energy consumption of buildings presents a significant concern, which has led to
a demand for materials with better thermal performance. Thermal conductivity (TC), among the
most relevant thermal properties, is essential to address this demand. This study introduces a
methodology integrating a Multilayer Perceptron (MLP) and a Generative Adversarial Network
(GAN) to predict the TC of concrete based on its mass composition and density. Three scenarios
using experimental data from published papers and synthetic data are compared and reveal the
model’s outstanding performance across training, validation, and test datasets. Notably, the MLP
trained on the GAN-augmented dataset outperforms the one with the real dataset, demonstrating
remarkable consistency between the model’s predictions and the actual values. Achieving an RMSE
of 0.0244 and an R? of 0.9975, these outcomes can offer precise quantitative information and advance
energy-efficient materials.

Keywords: artificial neural networks; MLP; GAN; concrete; thermal conductivity

1. Introduction

Driven by a growing sustainability awareness, energy efficiency is a topic that re-
searchers are addressing more and more. As in other areas, concerns about energy effi-
ciency solutions for buildings have largely increased. For this reason, the demand for the
development of materials to improve thermal performance in buildings has increased. An
appropriate design and material selection can lead to more environmentally responsible
and economically sustainable construction practices. Using materials for better thermal
efficiency can preserve indoor thermal comfort despite fluctuations in outdoor environment
conditions and reduce energy consumption [1].

In the building design phase, vast possibilities for methods and materials exist to
guarantee an adequate combination to achieve an energy-efficient building. Two types of
methods can be used to improve the energy efficiency of a building: active methods and
passive methods. The first type of method incorporates energy-efficient technologies to use
or produce energy in the building, such as heat pumps and solar photovoltaic panels. The
second type of method uses some countermeasures to reduce the thermal transmittance of
the structure and enhance this efficiency using materials with low thermal conductivity.
For instance, concrete can be used as part of the building envelope to improve energy
efficiency [2]. It is the most used and stands out the most among the different building
materials due to its unique features. Besides its resistance, durability, and low cost, its
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inherent thermal mass attracts decision-makers. It allows heat to be absorbed, stored, and
gradually released, stabilizing indoor temperatures and reducing unnecessary heating or
cooling [3]. However, as concrete is a composite material of cement, water, fine aggregate,
and coarse aggregate, its composition presents a wide variety, leading its properties to
undergo significant variations [4]. Adjusting these constituents and their quantities allows
the properties of both fresh and hardened states to be tailored to achieve the required
design specifications. Thus, a specific property can be increased or decreased by changing
the mass composition or including different constituents in a concrete mixture.

Thermal conductivity is one fundamental property affecting a material’s energy effi-
ciency, which measures how well a material conducts heat. Regarding the effect of heat
transfer in a building, materials with low thermal conductivity value are used as insulation.
They reduce the heat transfer between theinside and outside of the building, which main-
tains comfortable temperatures and reduces the energy consumption of heating and cooling
systems. Factors influencing concrete’s thermal conductivity include the constituents’ type
and weight, such as fine and coarse aggregates, supplemental cementitious materials
(SCMs), and fibers [5]. Since a concrete composition contains 50-70% aggregates, their
mineralogy and volume in the mixture have the most effect on the thermal conductivity of
concrete [6].

Accurately predicting the thermal conductivity of concrete becomes vital to improving
buildings’ energy efficiency. A prediction model can help avoid many time-consuming
experiments in the design and material selection phases. In recent years, machine learning
(ML) models have been used to predict some properties of concrete, such as compressive
strength [7], tensile strength [8], modulus of elasticity [9], flexural strength [10], slump [11],
chloride penetration [12], carbonation depth [13], and surface chloride concentration [14].
Although many researchers have used ML, there is a limitation in studies developing
prediction models of the thermal properties of concrete [15]. Among the machine learning-
based models, the artificial neural network (ANN) is one of the most employed ones to
solve complex problems and has applications in many fields [16-18]. The importance
of ANNS lies in their ability to learn and make decisions based on data, which makes
them highly valuable in different areas. An ANN is composed of a set of networks of
interconnected nodes, which work together to learn complex relationships between a group
of inputs and outputs. This makes them well suited for predicting some values based on a
variety of parameters. In this way, ANNs can be used to solve problems that conventional
or other computational methods have difficulties with [19]. ANNs provide an alternative
method for predicting concrete properties that is faster, cheaper, and more accurate than
traditional methods.

One of the drawbacks typically encountered when developing an ANN is a limited
dataset, and effectively training an ANN requires a massive amount of data. When this
problem arises, an alternative that has been emerging is the use of a Generative Adversarial
Network (GAN). GANs were introduced by Goodfellow et al. [20] and became a revolution-
ary development in the world of generative modeling. They have different applications,
such as image generation, super-resolution imaging, style transfer, and data augmenta-
tion. Regarding tabular data, they can create synthetic data to expand real datasets and
prevent over-fitting in such data-limited situations, helping to improve the training of an
ML model. Although GANSs started with image generation, some authors have already
used this technique to create tabular data and obtain satisfactory results. Since the intro-
duction of GANSs, several algorithms to model tabular data have been used, such as a
Conditional Tabular GAN (CTGAN) [21], TabGAN, and CopulaGAN [22]. Although many
researchers have attempted to use ANNSs to predict different properties of concrete, only a
few works are progressing on models to determine the thermal properties. Additionally,
the papers do not have a generalist model focusing on different types of concrete, including
its many constituents.

This work intends to fill this gap, and the novelty is the development of a methodology
using an ANN model integrated with a data augmentation model to predict the thermal
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properties of concrete containing different types of materials such as slag, lightweight and
recycled aggregates, fibers, and others. For this methodology, a Multilayer Perceptron
(MLP) model to predict thermal conductivity and a Copula GAN model to improve the tab-
ular data from published papers will be developed based on the constituents’ composition
and the concrete’s density.

The rest of the paper is organized as follows. Section 2 provides an overview of the
ANN used to predict the properties of concrete. Next, Section 3 describes the methodology
adopted for this work. Section 4 evaluates the results using a case study and discusses the
main findings. Finally, the final section contains concluding remarks on the general findings.

2. Overview of Neural Networks

Over the years, ANNSs have been applied to predict different properties of concrete
due to their ability to model complex non-linear relationships. Regarding the property
predictions, the mechanical properties are the most evaluated, with compressive strength
being the most investigated in different machine learning models. Yeh was one of the
pioneers applying an ANN to predict the properties of concrete and developed some
models to predict compressive strength and slump [23,24]. Kandiri et al. estimated com-
pressive strength using a hybrid model of an ANN and the salp swarm algorithm [25].
Abellan-Garcia trained an MLP model to forecast the compressive strength for a given
ultra-high-performance concrete mixture design [26]. Besides this, another work also devel-
oped an ANN with a feedforward backpropagation algorithm to predict slump flow and
compressive strength while incorporating silica fume, limestone powder, recycled glass
powder, and fluid catalytic cracking residue [27].

Although many studies are developing new models to predict the properties of con-
crete, only a few papers have investigated thermal conductivity or other thermal properties.
Fidan et al. [28] trained different structures of an ANN model to predict thermal conduc-
tivity through five parameters—density, compressive strength, tensile strength, porosity,
and ultrasonic pulse velocity. The best solution performance was achieved with a neural
network with three layers and the following neuron sequence of 5, 25, and 1 in each layer.
Sargam et al. [6] evaluated nine machine learning models, and MLP showed the highest
prediction accuracy using the maxout activation function and three hidden layers, each
containing 100 neurons. Kurpiriska et al. [29] also investigated the influence of varying the
number of neurons in the hidden layer to forecast the thermal conductivity of lightweight
concrete. The model presented a sigmoid function and a structure with four layers: an
input layer with two neurons, a first hidden layer varying from 2 to 12, a second hidden
layer ranging from 2 to 17, and an output with one neuron. Kursuncu et al. [30] used
an ANN and ANOVA to investigate the effect of partial replacement with waste marble
powder and rice husk ash instead of fine aggregate and cement into foam concrete. The
results indicated the ANN as the most adequate to estimate the thermal conductivity.
Gence et al. [31] compared two neural networks, a radial basis neural network and an MLP,
to predict the thermal conductivity of concrete with vermiculite and concluded that the
former had greater accuracy.

Different types of ANNSs have been successfully applied to predict the thermal con-
ductivity of concrete. Table 1 compares some studies using distinct architectures of ANNSs,
and indicates that most models employ the backpropagation algorithm and do not have an
extensive database.
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Table 1. Comparative studies of different ANN-based methods to predict thermal conductivity.

ML Number Number of Neurons of Number Number Activation Evaluation
Reference Method Concrete of Hidden Hidden of of Function Criteria
Inputs Layers Layers Outputs Datasets
Concrete
containing 3568 100
argam et al. [6 modern axout
Sarg 1. [6] MLP di 9’ 1’0 i3’ 3 100 1 213 M MAE
constituent Lo 100
materials
MAE,
Fidan et al. [28] ANN Concrete 5 1 5 10'2}55' 20, 1 132 Tiar;g\e?g MAPE,
sigmo RMSE, R?
Kurpinska et al. Backpropagation Lightweight 2-12 . .
concrete —
[29] NN 2 2 217 1 15 Sigmoid MSE
Kursuncu et al. Foam . .
130] ANN concrete - - - 1 18 Sigmoid R
Gencel et al. [31] Radial basis e 5 1 3 1 20 Non-linear RMSE,
encel et al. [ NN/MLP ith - o ea MSE, R
vermiculite
Backpropagation 20 . -,
Lee et al. [32] NN Concrete 11 2 20 1 152 Sigmoid /linear MSE, R
Ozel and Backpropagation ~ Construction ) 5
Topsakal [33] NN materials 2 1 1 1 110 RMSE, R
) Backpropagation Rubberized Tangent R?, MAPE,
Ipek etal. [34] NN concrete 5 ! 20 ! 127 hyperbolic MSE

Besides this brief literature overview, a general bibliometric analysis was performed to
identify the most relevant and influential literature in predicting the properties of concrete
using machine learning. This approach enables the identification of critical research gaps
and areas for future investigation. To proceed with this analysis, VOSviewer software
1.6.19 [35] was used. It visually represents the research and supports researchers in find-
ing insights into the research domain. Consequently, it can lead to the more effective
development of prediction models of thermal properties.

In order to evaluate the development of the research regarding property predictions
using machine learning, a bibliometric study in the Web of Science database was performed.
The following query was used: (“concrete”) AND (“properties” OR “thermal conductivity”)
AND (“machine learning” OR “deep learning” OR “artificial neural network” OR “ANN").
The search criteria used in this bibliometric study summarized 1673 articles and reviewed
articles published between 2014 and 2023. Then, the overall result was imported into
VOSviewer to analyze the keywords in each paper’s title or abstract. This generated the
overlay cluster representing the development of the research over the years (Figure 1).

Figure 1 depicts the relationship between machine learning models and the properties
of concrete. Although the documents’ timeline is longer, the figure shows a shorter and
more recent timeline due to the many published papers. It is possible to observe several
machine learning techniques being used to predict the properties of concrete, in addition
to other mathematical models such as genetic algorithms, particle swarm, and adaptive
neuro-fuzzy inference systems. The models include random forest, support vector machine,
extreme gradient boosting, and neural networks. Furthermore, different properties such
as slump, compressive strength, porosity, and thermal conductivity are observed, and the
different types of concrete studied include geopolymer, ultra-high-performance concrete,
self-compacting concrete, and recycled aggregate concrete. Hence, machine learning models
are a state-of-the-art research line with great expectations for development in this area. The
efficacy of neural networks, which remain widely employed, is particularly notable in the
present context.

Therefore, after the literature and the bibliographic review, we noticed a gap in pre-
diction models regarding thermal properties using machine learning models. This study
aims to fill this gap and develop a method to predict the thermal conductivity of concrete.
Additionally, we intend to build a model for data augmentation, which has been used in
many fields.
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Figure 1. Cluster based on keywords (network visualization).

3. Methodology

The proposed methodology encompasses two primary components: the development
of an MLP for material property prediction based on its features and the utilization of a
GAN for data augmentation to enhance the dataset and improve the accuracy of the first
model. This section outlines the proposed methodology applied to this work to achieve
these objectives, broken down into three steps: data collection, model development, and
the model’s application in a case study (Figure 2).

Data collection

» Collecting the database

I - L°°k'"“. for machine learning models Defining the building material to be
to predict properties of building ¥

| 5 | analyzed
materials
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" file |
| |
o

Development of the model

i Database file

»Imper!lng!hedn!nbuse »
-

ANN development

_________________ ¥

.
" Model testing

Model evaluation

Data visualization and | Defining the Analyzing the and !
——————— I normalization L hyperparameters lossfunctions | Casestudy |
''''''''''''''''''' and the memcs o — e —
rGAN development Splitting the data into | —————————
|+ Defining the : | "alf;‘"_g and .
: hyperparameters | L _ VAldatonsets A |
| T,
s @ Generating the » Importing the synthetic |
| synthetic data ] datu to train the model |
Case study %
""" + X Multilayer perceptron |
Building ... . Integrated
- Materal model
i 3 -\
..... - >/<7 CopulaGAN
N

Figure 2. Methodology

framework.
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3.1. Data Collection

The first step corresponds to a literature review and gathering the database from
diverse sources, including industry databases, research publications, and laboratory ex-
periments. Collecting the database is the primordial step in building the predictive model,
as the ANN will learn from these data. If it presents an inadequate representation of the
problem, the model cannot predict the property effectively, thus reducing the model’s
reliability. Furthermore, for the model to be representative, there must be a sufficiently
large amount of data to ensure diversity. In this step, it is necessary to recognize which
relevant input features potentially impact the model’s output response. After this process,
all the information must be inserted into a CSV or Excel file.

3.2. Development of the Model

The second step is related to the general process of building the prediction model,
i.e., data normalization, the selection of an appropriate neural network architecture for the
prediction task, defining the learning rate of the neural network, the number of hidden
layers and neurons in each layer, and the metrics to find the best model for the dataset.

3.2.1. Importing the Database

Normalizing the dataset is vital in any deep learning model. Since the database
may present the parameters in a different and wide range of values, it is necessary to
normalize them by putting all features on a standard scale to avoid the data values affecting
the weights and biases during the training of the model. Generally, the normalization
process transforms the input and output parameters, putting them on a standardized
scale, i.e., transforming them to have a mean of zero and a standard deviation of one.
This step guarantees that each parameter will contribute equally during the learning
process and prevents any parameter from dominating this process due to its more extensive
scale. Another advantage is that it enhances the generalization capabilities of the models,
improving the prediction of new data. The normalization known as z-score is commonly
used to bring the numerical features to the same scale. The mathematical equation of this
process is presented in Equation (1).

z=(x—n)/o, (1)

where z is the normalized value, x is the number we would like to normalize, u is the
mean, and o is the standard deviation of this parameter. Therefore, in order to achieve
the normalized values for each numeric column, the mean and the standard deviation are
calculated. Each value in the numeric column is subtracted by the column’s mean and then
divided by the column’s standard deviation.

3.2.2. Performance Metrics

Assessing the model’s performance is critical to data analysis and predictive modeling.
Since each metric provides a unique perspective on different aspects of the model, it is
crucial to evaluate more than one metric to achieve a comprehensive and well-rounded
assessment of the model’s performance, which will give a complete picture of the problem
and allow us to gain insights into the strengths and weaknesses of the model.

To quantify the predictive capabilities of the proposed model and enable meaningful
comparisons among the different architectures and previous models published in the
literature, it is advisable to use more than one performance metric. Researchers commonly
employ complementary performance metrics, such as the coefficient of determination (R?)
and root mean squared error (RMSE). The former measures the proportion of the variance
in the output that is predictable from the input variables. Its value varies from 0 to 1,
and the closer the value is to 1, the better the model’s capability to explain the variability
of the data. However, the latter measures the average error between the predicted and
actual output values. Due to its squared term, it is more sensitive to outliers and more
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significant errors. The lower this metric is, the more accurate the predictions are. These
metrics are valuable indicators of how well the models capture the data’s variance and
their predictions” accuracy. The mathematical formulae for R? and RMSE are provided in
Equations (2) and (3).

R2 — Z:ﬂ:l(y — y/)z , (2)
LR (y = Ym)
n N2
RMSE = W, (3)

where n is the number of data points, y is the experimental data found in the literature, y’
is the predicted data, and y, is the mean of the experimental data.

3.2.3. Multilayer Perceptron Model

A Multilayer Perceptron (MLP) is an artificial neural network that can be applied
to solve many problems, including classification, regression, and pattern recognition. A
typical MLP model comprises three blocks of interconnected neurons: the input layer in
which each neuron represents a data feature; the hidden layers that could have one or more
layers depending on the complexity of the problem; and the output layer, representing
the response output (Figure 3). Each neuron in the network is bonded to other neurons
through connection weights. Each neuron in a neural network receives an input (X;) that is
multiplied by a weight (W;) and these are summed with each other and added to the bias
value (b). Then, the result is transferred to the activation function, which adjusts the final
output (Figure 4). Each layer of neurons gathers input from the previous layers, and the
outputs of neurons within one layer become the inputs to neurons in the following layer.
Finally, the last layer produces the predictions of the model.

Input Layer Hidden Layers Output Layer

¢ © o o

INPUT - >%
VARIABLES

OUTPUT
@ ——>  VARIABLE

€ ¢ ¢ o ¢

Figure 3. Example of the MLP model.

3.2.4. Generative Adversarial Network Model

A Generative Adversarial Network (GAN) model consists of two distinct neural net-
works, the generator and the discriminator, which are trained simultaneously. The GAN
captures the distribution pattern of a given dataset and generates data that resemble this
dataset. First, the generator initiates the process, which takes a random noise as an input,
creating samples similar to the original dataset. The discriminator then tries to distinguish
the data and detect whether a sample is from the original dataset or the generator model
distribution. During the training, the generator loss and the discriminator loss are evalu-
ated, allowing the generator to get better and better at producing new artificial data and
the discriminator to find out if they are real or synthetic (Figure 5). This methodology
framework used the Copula GAN synthesizer, a CTGAN variation. It uses the cumula-
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tive distribution function-based transformation that Gaussian copulas apply, making the
learning process easier.

Activation

@ ()
\W1

X2

—> Output

'Q W2

function

Discriminator

Figure 5. Flowchart of a Generative Adversarial Network (GAN).

3.3. Case Study

The proposed model is applied to conduct a broad case study on concrete mixtures.
As previously highlighted in the introduction, precise thermal conductivity predictions for
building materials can significantly enhance building thermal performance. Given that
the thermal conductivity of concrete can be influenced by the type and quantity of each
constituent, this study seeks to predict this critical property based on the mass composition
of these constituents.

A comprehensive literature review is conducted to create a database of 200 points com-
piled from various relevant studies published in the literature. Each selected paper presents
a different type of concrete, such as recycled aggregate concrete, lightweight concrete, fiber-
reinforced foamed concrete, moderate-strength concrete, and concrete with vermiculite.
This variation allows the development of a generalist model. The dataset compiled in this
context consists of concrete from 12 sources (Table 2) with modern constituent materials: ce-
ramic, slag, silica fume, fly ash, steel fiber, propylene fiber, recycled aggregate, lightweight
aggregate, waste aggregate, and foam. The model’s inputs are defined according to the
available data and the influence of each feature on the thermal conductivity.

Here, a total of 18 input parameters that affect the output, thermal conductivity, are
considered. The selected input parameters for this case study are density (D), water-to-
cement ratio (W/C), water content (W), cement content (C), ceramic powder content (Ce),
fine aggregate content (FAg), coarse aggregate content (CAg), natural aggregate content
(NAg), recycled aggregate content (RAg), light aggregate content (LAg), waste aggregate
content (WAg), fly ash content (FA), silica fume content (SF), slag content (S), fiber content
(F), other admixture content (Ad), superplasticizer content (Sp), and foam volume content
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(FV). The values of TC lie in the range of 0.37-2.70 W/m.K with a standard deviation of
0.5 W/m.K. The dataset used in this study comprises input parameters collected from
various independent research groups, each of which conducted studies with different
objectives and, consequently, different sets of input variables. As a result, certain parameters
that might appear to be missing in Table 2 are not absent; rather, they were simply not
included in specific studies due to the varying focuses of each research effort. Therefore,
the absence of certain data points in specific groups is by design and does not represent
missing values in the conventional sense. Each group of data was used in a complete form
relevant to its particular context, ensuring that the model was trained and validated with
the available and intended inputs, without the negative impact of non-existent data.

Table 2. The summary of the dataset used in the model.

Zhu et al. Kim et al. Lee et al. Vejmelkova Demirboga Sargam et al.
[36] [37] [32] et al. [38] [39] [40]
N° of data 15 14 82 5 9 21
D [kg/m3] 1617-2195 1540-2297 1144-3075 2017-2199 22902355 1626-2380
W/C - 0.40-0.50 0.25-0.57 0.22-0.62 0.32-0.80 0.35 0.35-0.55
w [kg/m3] 130-150 140-558 133-524 124 167.5 120-190
C [kg/m?3] 260-375 0-1792 242-1762 154-385 245-324 90-110
Ce [kg/m3] - - - 0-231 - -
FAg [kg/m3] 0-658 0-702 0-1167 775 740 280-365
CAg [kg/m?3] 0-605 0-1103 0-1850 175 458 -
NAg [kg/m3] 0-987 - - 770 577 0-440
RAg [kg/m?3] 0-1710 - - - - 0-460
LAg [kg/m3] - - - - - 0-320
WAg [kg/m?3] 0-1645 - - - - -
FA [kg/m?3] - 0-973 0-104 392 26.25-105 0-30
SF [kg/m?3] - - 0-89 - 26.25-52.5 -
S [kg/m?3] - 0-1282 - - 26.25-105 -
F [kg/m3] - - - - - 0-20
Ad [kg/m?3] - 0-8.81 - - - -
Sp [kg/m?3] - - - 344 1.8 -
Fv [kg/m?] - - - - - -
TC [W/mX] 0.74-1.40 0.66-1.69 0.30-2.50 1.21-1.55 0.95-1.17 0.70-1.20
Sargam etal.  Sargam et al. Cavalline Kurpinska Gencel et al. Bayraktar
[41] [42] et al. [43] et al. [44] [31] et al. [45]
N° of data 4 1 17 4 4 20
D [kg/m3] 2281-2367 2389 1434-2219 12342244 1194-1370 1418-1988
W/C - 0.45 0.43 0.29-0.54 0.40 0.63-1.37 0.75-1.88
w [kg/m3] 157 151 155-218 220-310 471-580 338
C [kg/m?3] 349 281 268-454 500-700 422-750 180450
Ce [kg/m3] - - - - - -
FAg [kg/m3] 772-821 890 0-1559 0-1300 - 0-1091
CAg [kg/m3] - - - - 149-192 -
NAg [kg/m3] 0-1171 900 0-1068 - - -
RAg [kg/m?3] 0-1036 - - - - -
LAg [kg/m3] - - 0-1101 - - -
WAg [kg/m?3] - - - 0-490 - 0-1091
FA [kg/m3] - 71 0-102 - - -
SF [kg/m?3] - - - - - -
S [kg/m?3] - - - - - 0-270
F [kg/m3] - - - - - 0-9
Ad [kg/m?] - - - - - -
Sp [kg/m3] - - - 3-4.9 - -
FV [kg/m?3] 50-100

TC [W/m.K] 0.89-1.14 2.70 0.69-1.78 0.37-1.19 0.33-0.52 0.50-0.75
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In order to train the model, the compiled dataset is randomly divided into training
(80%) and validation sub-dataset (20%). Then, the reliability and reproducibility of the
ANN model are evaluated on a new testing dataset. The predictive performance of the
final model is thoroughly assessed using the metrics mentioned above. This assessment
allows us to check the model’s accuracy and efficiency in capturing the underlying patterns
within the database.

4. Results and Discussion

This section presents the model specifications, performance metrics, and outcomes
derived from the implementation analysis of deep neural networks. The results are orga-
nized into three subsections: firstly, the implementation of the Multilayer Perceptron (MLP)
model in Python; secondly, an assessment of the feasibility of generating synthetic data
using CopulaGAN; and lastly, the training and evaluation of the MLP model with two
distinct datasets.

4.1. Development of the Multilayer Perceptron Model

The primary objective of this work is to develop an MLP model for predicting the
thermal conductivity of concrete based on its mass composition and density. The hyper-
parameters of the MLP model are initially predefined and subsequently fine-tuned to
enhance the prediction accuracy. Table 3 provides an overview of the model’s key features,
encompassing the hyperparameters, evaluation metrics, activation functions, optimization
methods, and loss functions.

Table 3. Main features of the MLP model.

1. Hyperparameters Hidden layers = [1, 2, 3, 4]
Batch size = 64
Learning rate = 0.001

Epochs =100
2. Metrics RMSE
R2
3. Activation function ReLU
4. Optimization function Stochastic Gradient Descent (SGD)
5. Loss function MSE

To establish the optimal architecture of the MLP model, the number of hidden layers
and neurons is systematically varied, and a combination of the metrics RMSE and R? is
employed to measure the model’s overall performance. A diligent trial-and-error approach
is undertaken to determine the most effective configuration for the number of hidden layers
and neurons in each layer. Table 4 displays the loss functions and performance metrics of
the multiple neural networks assessed in this study. Notably, the most proficient model
features a two-hidden-layer structure with 200 and 100 neurons, yielding an RMSE of
0.111 W/m.K and an R? of 0.984 for the training dataset. As for the validation dataset, the
model demonstrates metrics values of 0.183 and 0.960, respectively.

Table 4. Performance indices and metrics of the MLP model.

Layers ANN Architecture Train Loss Valid Loss RMSE R2

4 200-100 0.083 0.012 0.111 0.984
5 200-100-50 0.107 0.024 0.155 0.968
5 200-100-40 0.099 0.037 0.192 0.950
5 200-100-30 0.087 0.028 0.167 0.960
5
6

200-100-20 0.012 0.037 0.191 0.949
200-100-50-25 0.102 0.064 0.253 0.918
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Regarding the best-performing model, an analysis of the loss functions and the per-
formance metrics versus the number of epochs is conducted (Figure 6). As the number of
epochs progresses, a significant pattern appears in the training and validation processes.
Both training and validation losses exhibit an exponential decrease as iterations continue.
In parallel, the performance metrics on the validation dataset align with the behavior of the
loss function. While RMSE steadily declines, R? shows a corresponding increase, achieving
its minimum and maximum value at approximately 100 epochs. This observed trend
reflects the model’s capacity to optimize its predictive accuracy as it refines its learning
over successive epochs.

—— Training Loss Validation Loss

0.2
0.0
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Figure 6. Loss function and performance measures during the training and validation.

Comparing the findings of the MLP model to previous studies, they demonstrate a
remarkable level of accuracy for the training and validation. A study by Fidan et al. [28],
using a dataset with 132 entries, developed an ANN based on the mechanical properties
and the density of concrete, which had an overall R? performance of 0.996. However, the
ANN architecture used only one hidden layer with 5 to 25 neurons. Sargam et al. [6] took
a step further by implementing a neural network with a larger dataset, with an RMSE of
0.117 and R? of 0.964 for the training set and an RMSE of 0.215 and R? of 0.894 for the
validation set. Nonetheless, large residuals were obtained. Another high-performance
ANN model was developed by Gencel et al. [31] where they investigated the influence of
concrete composition and temperature on thermal conductivity. Despite the results of an
R? of 0.998 and RMSE of 0.005 during neural network training, only 12 inputs were used.
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Although these works showed substantial success in predicting thermal conductivity, our
model upholds higher accuracy and introduces a broader array of concrete constituents
into the modeling process.

4.2. Development of the Generative Adversarial Network Model

The second part of the study considers the implementation of CopulaGAN for data
augmentation. As can be observed in Table 4, increasing the number of layers does not
improve the model’s learning capacity or performance. If we increase the hidden layers of
the model with a small dataset, the model can overfit. For this reason, the loss functions
exhibit higher values. In order to solve this issue, we intend to develop a GAN model to
increase the dataset, creating new synthetic data based on the real data used to develop the
MLP model. This will avoid the overfitting process and make the model more robust with
extensive dataset training.

After generating the synthetic data, two aspects of the original data were evaluated:
the column shapes and pair trends. Each aspect contributed differently to the overall
score, which reached 78.14%, indicating that the synthetic data has acceptable quality. In
Figure 7, we present the distribution of the augmented dataset. It illustrates the distribution
of normalized thermal conductivity values for both real and synthetic datasets. The real
data, shown in dark blue, have a sharper peak, while the synthetic data, depicted in light
blue, exhibit a similar peak but with a slightly different spread. The overlap between the
two distributions indicates that the synthetic data generated by CopulaGAN are largely
representative of the real data, despite some discrepancies.

== Synthetic
=== Real

Frequency

Value

Figure 7. Distribution of the synthetic generated by GAN and the real data.

After the synthetic data generation, we aim to incorporate it into the MLP model for
joint training with real and artificial datasets. To assess the model’s response to this diverse
training approach, two distinct sets of synthetic data were created, one comprising 200 data
points and the other consisting of 1000 data points. The seamless integration of these two
neural network models and the subsequent validation of the model using a new test set are
elaborated upon in the forthcoming section.

Statistical Evaluation of the Generative Adversarial Network Model

To assess the quality of the synthetic data, two metrics were utilized: the Correlation
Matrix Comparison and the Kolmogorov-Smirnov Test (KS Test). The Correlation Ma-
trix Comparison examines whether the relationships between variables in the synthetic
dataset are consistent with those in the real dataset. The KS Test, on the other hand, com-
pares the distributions of the two datasets to determine if they are drawn from the same
underlying distribution.

According to Table 5, several key observations can be made. Variables with high
KS scores, such as density (0.913), cement (0.883), superplasticizer (0.923), and thermal
conductivity (tc) (0.883), indicate that the synthetic data closely resemble the real data for
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these variables. Moderate scores, including water/cement ratio (0.781), water (0.806), and
fine aggregate (0.867), show good correspondence, though the match is slightly less precise.
However, lower scores for variables like ceramic powder (0.541), natural aggregate (0.515),
fly ash (0.480), and light aggregate (0.388) suggest that the synthetic data do not replicate
these distributions as effectively, highlighting potential areas for improvement in the data
generation model.

Table 5. KS Test evaluation.

Column Score
Density 0.9133
w/c ratio 0.7806
Water 0.8061
Cement 0.8827
Ceramic powder 0.5408
Fine agg. 0.8673
Coarse agg. 0.6684
Natural agg. 0.5153
Recycled agg. 0.8622
Light agg. 0.3878
Waste agg. 0.6480
Fly ash 0.4796
Silica fume 0.6480
Slag 0.5357
Fiber 0.5918
Admix. 0.5255
Superplast. 0.9235
Foam volume 0.5000
tc 0.8827

In the Correlation Matrix Comparison, the analysis focuses on the similarity between
the correlations in the real and synthetic datasets. A score closer to 1 indicates a stronger
resemblance. The majority of variable pairs have high correlation similarity scores, typically
above 0.95, signifying that the synthetic data effectively mirror the correlation structure of
the real data. For example, the correlation between density and cement shows a score of
0.979, with real and synthetic correlations being —0.118 and —0.078, respectively, suggesting
that the synthetic data closely capture this relationship.

However, while the correlation similarity scores are generally high, there are differ-
ences in the exact correlation values between some pairs. For instance, the correlation
between density and water/cement ratio is —0.391 in the real data but only —0.201 in the
synthetic data, despite a correlation similarity score of 0.905. This indicates that although
the general trend is captured, the synthetic data do not fully replicate the strength of
the relationship.

Overall, the synthetic data generation process effectively replicates the correlation
structure found in the real data, though there are some deviations in the exact correlation
values. These discrepancies suggest that while the synthetic data are generally reliable,
some relationships might not be fully captured, particularly where the real data show
weaker or more nuanced correlations. Further refinement of the synthetic data generation
process could help better match these subtle relationships.

4.3. Integration of Both Models to Predict Thermal Conductivity

The third phase of this study is dedicated to examining the impact of synthetic data
on the training of a neural network model. This evaluation is conducted to ascertain
whether a model trained with augmented data can produce results comparable to the
performance achieved through training with real data and possibly enhance it. In order
to assess this impact, this study investigates three distinct scenarios: (a) training the MLP
model exclusively with the real dataset containing 200 entries, (b) training the model with
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the synthetic data consisting of 200 entries first and subsequently incorporating the real
dataset, and (c) training the model with 1000 data points of the synthetic data and then
integrating the real dataset.

The same hyperparameters utilized in developing the final model are maintained in
this integration process. The key distinction lies in the dataset used for the training and
validation phases. Our approach initially involves training the model first with synthetic
data. Subsequently, the same model architecture uses the real dataset to enhance the
model’s performance. The results for the previous MLP model (a) and scenarios (b) and (c)
are summarized in Table 6, indicating the outcomes of the final model.

Table 6. Performance metrics of the MLP model trained with both datasets.

11
Scenario Dataset Overa
RMSE R?

(a) Training 0.0443 0.9923
Validation 0.3233 0.9228
Test 0.0604 0.9846
(b) Training 0.0221 0.9980
Validation 0.1329 0.9870
Test 0.0439 0.9919
(c) Training 0.0219 0.9981
Validation 0.0735 0.9960
Test 0.0244 0.9975

The predictive capabilities of the developed model are thoroughly examined using a
new dataset comprising 30 data points to assess its generalization performance. Despite
the limited size of the dataset in scenario (a), the training and validation phases yield
commendable results, with an RMSE of 0.0604 and an R? of 0.9846. In scenarios (b) and (c),
where synthetic data play a vital role, both demonstrate exemplary performance during
training, achieving R? values of 0.9995 and 0.9962. This improvement in the results also
extends to the validation dataset, with R? values of 0.9938 and 0.9754. Post-incorporation
of real data into the training process, the metrics exhibit comparable values during training
and improvements in validation, 0.9870 and 0.9960 for scenarios (b) and (c), respectively.
Upon rigorous evaluation of the independent test set, scenario (c) emerges as the most
robust and indicates the most favorable combination of performance metrics.

The predictive performance of the developed MLP model for the three scenarios is
evaluated on an independent test dataset that can be graphically seen in Figures 8 and 9.
Comparing the actual and predicted thermal conductivity results for each scenario, a
distinct pattern emerges, underscoring the model’s significant performance enhancement
when integrated with synthetic data. In Figure 8a, we present the predictions for the
first case, wherein a considerable portion of the points align with the ideal x = y line.
However, some deviations are noticeable, with errors exceeding 0.12. Figure 8b,c illustrate
scenarios where the model is trained using synthetic data. In both instances, incorporating
synthetic data leads to a discernible improvement in prediction accuracy and a notable
error reduction. Scenario (c) stands out, boasting a larger dataset and delivering the most
compelling outcomes. This scenario achieves the optimal combination of performance
metrics, represented by a best-fit line with an impressive R? value of 0.9975 and a minimal
RMSE of 0.0244.
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Figure 8. Performance and predictions of the thermal conductivity of the test dataset for the three
scenarios: (a) training the model with real data only, (b) training the model with 200 synthetic data
points and real data, and (c) training the model with 1000 synthetic data points + real data.

Figure 9 shows the relationship between the actual values derived from the test dataset
from published papers and the corresponding predictions generated by the Multilayer Per-
ceptron (MLP) model. This visual representation allows us to assess the model’s accuracy
in forecasting thermal conductivity, providing valuable insights into its performance.

In Figure 9a, we depict the model utilizing solely the real dataset, while Figure 9b,c
display the model trained with both the 200-point and 1000-point datasets, respectively.
Although Figure 9a reveals a close alignment between predicted and real points, some
discrepancies across various data points with errors as high as 0.13 and 0.14 W/m K ob-
served. Moving to Figure 9b, a significant reduction in these discrepancies becomes evident,
especially within the low thermal conductivity values spanning from 0.5 to 1.0 W/m.K
in range. This evidence signifies a marked improvement in prediction accuracy, resulting
in a substantial decrease in both the number of points with errors and the magnitude
of these errors, reducing the maximum error to 0.11 W/m.K. Figure 9c unveils an even
more prominent enhancement in accuracy, with predictions exhibiting a higher level of
precision and a further reduction in errors. In this case, the most significant error recorded
is 0.05 W/m.K.
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Figure 9. Comparison of actual thermal conductivity with model predictions across different training
scenarios: (a) training the model with real data only, (b) training the model with 200 synthetic data

points and real data, and (c) training the model with 1000 synthetic data points + real data.
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In summary, an impressive alignment between the actual and predicted values is
achieved across all three cases. The first case exhibits a comparatively lower performance
than the other two, potentially attributed to the limited size of the dataset. The presence of
a smaller database may result in a more significant deviation between actual and predicted
values, particularly within the thermal conductivity range of 0.5-1.0 W/m K. This scarcity
of data becomes apparent when synthetic data are introduced for training, ultimately
enhancing the model’s accuracy in predicting the thermal conductivity property.

The methodology employed in this study endeavors to show the efficacy of neural
networks in predicting the thermal properties of concrete based on the mass composition
of its constituents. Furthermore, it seeks to investigate the utilization of synthetic data gen-
eration for training neural networks, addressing the challenge of data scarcity, a significant
impediment to the accuracy of models employing machine or deep learning techniques.
While the existing literature demonstrates notable success in utilizing neural networks for
thermal conductivity prediction, our model achieves higher accuracy and incorporates a
more extensive array of concrete constituents into the modeling process. This diversity
enhances the model’s versatility, expanding its applicability to a broader range of materials.

5. Conclusions

This study proposed a comprehensive methodology using deep neural networks. In
the initial phase, various architectures of a Multilayer Perceptron were explored, and the
most effective one was selected for an in-depth case study. Subsequently, we introduced
a Generative Adversarial Network to create synthetic datasets, facilitating the training
of the Multilayer Perceptron with both real and synthetic data. The application of this
methodology was specifically demonstrated in the context of concrete mixtures. The dataset
was meticulously gathered from published papers.

For a comprehensive evaluation of the case study, we compared and assessed three
distinct scenarios: (a) training the MLP exclusively with the real database, (b) training the
MLP with 200 synthetic data points followed by real data, and (c) training the MLP with
1000 synthetic data points followed by real data. The outcomes across all three scenarios
demonstrated satisfactory and highly accurate predictions of concrete thermal conductivity.
Notably, including synthetic data in the training process led to a remarkable enhancement
in accuracy and a significant reduction in errors within the test dataset, which underscores
the effectiveness of the CopulaGAN synthesizer in generating synthetic data and the
efficiency of MLP training with a combined dataset. The evaluation of these scenarios
utilized the performance metrics RMSE and R?, yielding the following values for each
scenario: scenario (a)—0.0581 and 0.9858; scenario (b)—0.0394 and 0.9935; and scenario
(c)—0.0314 and 0.9959, respectively.

This study aimed to develop a methodology for predicting the thermal properties
of concrete using artificial neural networks. Our specific focus was to demonstrate the
feasibility of forecasting concrete’s thermal conductivity based on its constituents’ mass
composition. Additionally, we sought to show the benefits of integrating a Generative
Adversarial Network for data augmentation. The implications of this study can offer
insights that can be applied to the development and enhancement of prediction models
using deep learning for other materials. One notable impact lies in advancing the field
of energy efficiency in buildings, providing decision-makers and manufacturers with
advanced knowledge of a building material’s thermal properties. While this work has
made valuable contributions, it is essential to acknowledge certain limitations. Notably, this
study could be enhanced by including other influential input variables, such as temperature,
aggregate types, and mineralogy, and by expanding the real dataset to improve predictions
across a broader range of thermal conductivity values. Besides this, although the results
are promising, we agree that additional validation using independent datasets would
further strengthen the reliability of our findings. Future work will focus on validating
the model using experimental setups to further ensure its generalizability and accuracy.
Moreover, future research studies could explore the application of this methodology to
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other composite materials and consider the inclusion of additional information, such
as mechanical properties. An additional option is to explore specific heat as an output
variable, a fundamental property in transient conditions, complementing the importance
of thermal conductivity in stationary scenarios. This way, we can understand how different
materials behave and make the predictions even more accurate. This work underscores the
importance of training models with sufficiently diverse datasets to ensure accuracy, and it
highlights the potential of synthetic data to augment training when faced with a scarcity of
real data.
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