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Abstract

To examine the integrity of any structure following a fire, assessments of the impact of high temperatures on concrete
are essential, particularly its decreased in tensile strength. Destructive examinations, such as the extraction of concrete
cores, can pose significant cost and safety challenges, particularly when applied to structures that have already sustained
damage. Consequently, for assessing damaged concrete, non-destructive in-situ tests are the favored approach. This
study aims to develop an artificial neural network model utilizing data from ultrasonic pulse velocity measurements.
The model’s purpose is to assess the tensile splitting strength of concrete subjected to elevated temperatures, ranging
from 200 to 800 °C. The splitting strength investigation showed that increasing the exposure temperature from 200 to
800°C results in splitting strength reduction of 15 to 75% respectively. Also, the ultrasonic pulse velocity experienced a
reduction of 85% when the exposure temperature reaches 800 °C. In addition, the results of the artificial neural network
model indicated that ultrasonic pulse velocity and temperature data were sufficient to reasonably forecast the tensile
splitting strength of concrete. The developed artificial neural network model has a coefficient of determination (R?) of
0.943, a mean absolute relative error (MARE) of 5.028, and an average squared error (ASE) of 0.000907.

Article Highlights

e ANN modelling could predict concrete strength after fire exposure accurately.
o Concrete splitting strength decreases significantly at higher temperatures (75% at 800 °C).
¢ Non-destructive testing offers safe and accurate assessments for fire damaged concrete.

Keywords Artificial neural network - High temperature - Nondestructive test - Splitting tensile strength - Ultrasonic
pulse velocity

1 Introduction
Although concrete is a well-known long-lasting building material, over the course of its life, it might be subjected to
a number of unintentional or environmental events that lead to its deterioration. Therefore, it is crucial to evaluate

and restore prevailing concrete structures. The occurrence of high temperatures or fire close to concrete structural
components, particularly in high-rises, tunnels, and drilling platform constructions, is one of the most hazardous
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scenarios. Fires may cause temperatures to soar to 1100 °Cin structures and even up to 1350 °C in tunnels, thereby,
severely ravaging concrete buildings. Under certain circumstances, even much lower temperatures can dangerously
alter the chemical, physical, and mechanical characteristics of concrete, thereby, jeopardising the strength of the
concrete [1, 2]. The variations in concrete as a function of temperature depend on a variety of factors, including the
constitution of the concrete, the ratio of water to cement, and the kind of aggregate utilised to name a few. The heat-
ing rate and the length of time that the concrete is exposed to high temperatures are also significant considerations
[3]. This is because a rise in temperature causes the evaporation of water, the dehydration of calcium silicate hydrates
(C-S-H) gel, the decomposition of calcium hydroxide (Ca(OH),) and calcium aluminate (CaAl,O,), and changes in the
aggregate. As a result of these modifications, the strength and elasticity modulus of concrete steadily diminish and
the strength loss accelerates at temperatures exceeding 300 °C. Concrete typically loses 50 to 60% of its compressive
strength (CS) once the 500 °C mark is reached, at which point it is deemed entirely damaged [4-8].

Unlike other building materials, concrete has good fire-resistant qualities. However, because of fire-induced spalling, its
strength rapidly degrades at high temperatures, which can weaken or even destroy multiple layers of concrete and leave
the steel reinforcements within them exposed to a hot environment [9, 10]. The spalling failures observed in concrete
exhibit a range of characteristics, spanning from gradual (the ongoing detachment of small scales from the specimen’s
surface when exposed to radiant heating) to abrupt and forceful (the sudden disintegration of the specimen, accom-
panied by the release of a significant amount of energy that propels shattered concrete fragments in various directions
at high speeds). It has been hypothesized that the heightened vulnerability concrete to sudden, explosive spalling at
elevated temperatures is, in part, attributable to low permeability or high hearing rate. This decreased permeability or
rapid heating rate restricts the escape of water vapor from the concrete’s pores, resulting in the accumulation of pressure
within these voids [11, 12]. As the temperature increases, so does this vapor pressure, escalating until internal stresses
reach a critical point, ultimately leading to an abrupt, explosive spalling event. Thus, spalling occurs when water vapour
causes the pore pressure within layers of heated concrete to surpass the tensile strength (TS) of the concrete [13-15].

In concrete, TS is significantly lower than its CS. This is evidenced by the ease with which cracks can spread under
tensile loads compared to compressive stresses, under which cracks exhibit a tendency to close. As such, the TS of
concrete is frequently overlooked when calculating its strength at room temperature. TS, however, may be much more
significant in fire-related situations when a component of the concrete experiences fire-induced spalling [16-18].

The detection of possible high-temperature damage to structures and the identification of deterioration levels can
both benefit greatly from in-situ evaluation and scrutiny. Due to their relative speed, lower cost, ease of use, and ability
to minimise structural damage, non-destructive tests (NDTs) are favoured over destructive tests (DTs) [19-23]. As a few
of the physical qualities of concrete can be associated with the strength of concrete, various NDTs have been formulated.
Ultrasonic pulse velocity (UPV) and rebound number (RN) techniques are of the most used NDTs used in the assessing
concrete properties [24]. The utilization of NDTs for high-temperature damaged concrete were investigation by several
researchers [25]. Thermally damaged concrete assessment based on UPV results was studied by Colombo and Felicetti.
The results of their study illustrated that UPV is correlated to the concrete mechanical properties. Also, UPV was found to
be sensitive to thermal damage [26]. In addition, Abed and Brito studied the evaluation of compressive strength, residual
density, flexural strength and UPV of high-performance self-compacting concrete after exposure to elevated tempera-
tures. The results of their study indicated that the reduction in UPV results after exposure is highly correlated to concrete
properties [27]. Furthermore, effects of high temperatures up to 800 °C on UPV results in concrete have been studied
by Chung. And it was found that pulse velocity decreased with increase of the exposure temperature [28]. However,
NDTs cannot measure the concrete strength directly. In fact, NDTs outputs such as UPV are mainly physical parameters.
Nevertheless, in several cases, the theoretical relationships between NDT results and concrete strength are unknown.
So that, empirical relations are usually developed in order to describe these relations. One of the popular methods to
draw the relation between NDTs and concrete strength is artificial neural networks [29, 30].

Artificial neural networks (ANNs); which are algorithms that mimic human neurons; is one of the many cutting-edge
machine learning prediction techniques used in recent decades. These neurons are displayed as biological neuron
models as well as conceptual constituents for circuits that can execute computational actions. An ANN processes
information by utilizing a connectionist technique for calculations and is made up of interconnected clusters of
artificial neurons. As they also use a non-linear activation function, ANNs can also elucidate and distinguish subtle
non-linear correlations between a large number of variables in exceedingly intricate datasets. By stowing the data
in the connection weights, it may also relate and correlate various factors to one another, thereby, avoiding the chal-
lenges of absent theoretical foundations [31-33]. If properly trained, ANNs will be able to predict concrete properties
will acceptable accuracy compared to linear or non-linear regression [34].
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In previously published researchs, ANN modelling was employed in predicting the concrete mechanical character-
istics based on NDTs results and proved its ability to model these characteristics with minimal error values [35, 36]. In
his study, Demir used the UPV and rebound number to develop an ANN to forecast the CS of a concrete. The proposed
ANN model was able to highly accurately associate concrete strength with the results of the NDTs, with a coefficient of
determination (R?) of 0.975 [37]. Also, Atici used ANN and regression modelling in predicting the strength of mineral
admixture concrete based on UPV and RN testing results. The modelling results showed that combining the NDTs results
using ANN to predict the concrete properties is applicable with acceptable accuracy [38]. In addition, ANN was utilized
by the researchers in predicting the Splitting Tensile Strength (SS) of concrete [39]. Ray et al. investigated the ability to
predict concrete CS and SS using ANN and response surface methodology. The study showed that ANN is able to predict
the concrete strength with acceptable accuracy based on concrete ingredients [40]. In addition, Behnood et al. used
ANN, model tree and support vector machine in evaluating the concrete SS based on CS. The results illustrated that
ANN along with other methods can predict the SS of concretes made with and without steel fiber reinforcement with
satisfactory accuracy [41]. In the other hand, machine-learning methods such as ANN, proved their ability to be used in
assessing the concrete strength under various conditions such as thermally-damaged concrete [42-44]. Candelaria et al.
studied the possibility of using UPV in assessing early fire damage in concrete. The study analyzed the applicability of
utilizing both linear and nonlinear parameters from UPV test and the applicability of machine learning in assessing the
thermal damage of concrete samples. The results illustrated that there is a high correlation between the pulse velocity
and the concrete strength [45]. In the other hand, Trtink et al. studied the relations between UPV, static and dynamic
Young's modulus and shear modulus. In their study, the influence of initial concrete temperature, aggregate, type of
cement, environmental temperature, and water to cement ratio was determined by experimental testing and correlated
to concrete properties using ANN modeling. The results showed that ANN could successfully utilized in modelling the
pulse velocity-strength relationship [24]. Furthermore, Almasaeid et al. studied the possibility of predicting the concrete
thermal-damage levels by combining NDTs results using ANN modelling. The study included UPV and RN testing. The
results of the study indicated that ANN is able to anticipate the thermal damage level in concrete CS using only NDTs
results with acceptable accuracy [6]. So that, based on the previous studies, it is concluded that ANN is able to predict
the mechanical properties of thermally-damaged concrete based on NDT results only. However, none of the published
researches utilized ANN and NDT to anticipate the SS of thermally-damaged concrete.

As previous research did not employ an ANN-based model for predicting concrete splitting strength (SS) based on
non-destructive testing (NDT) results, this current study focuses on the development of an ANN model. The model is
built using data obtained from casting multiple concrete samples with varying mixture ratios and exposing them to high
temperatures ranging from 200 to 800°C to induce damage. Subsequently, these samples underwent both destructive
testing (DT), specifically a splitting strength (SS) test, and non-destructive testing (NDT), namely an ultrasonic pulse
velocity (UPV) test.

The objective of this study is to forecast the SS of both the damaged and undamaged concrete samples by utilizing
the experimental test results through the ANN model. The development of such a model holds the potential to enable
practitioners in the field to assess concrete condition without resorting to destructive tests, thereby reducing costs and
enhancing safety when dealing with fire-damaged concrete structures.

2 Materials and methods

2.1 Introduction

In this research, six concrete mixtures were prepared using ordinary Portland cement with the aim of subjecting them
to various elevated temperatures to induce damage. Subsequently, both destructive and non-destructive tests were

conducted to assess their splitting tensile strength. The following subsections describes the utilized materials, damage
process, and tests performed in this study.
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2.2 Concrete mixes

Portland cement was used to prepare multiple samples containing various types and quantities of concrete mixtures to
cover a wide variety of SSs. Tables 1 and 2 tabulates the cement properties and characteristics of the aggregates used
respectively.

Six primary samples, each with different proportions of concrete and aggregates, were prepared (Table 3). The sam-
ples were poured into 150 X 300 mm cylinders and allowed to cure for seven and 21 days in water and air, respectively.
Twenty sub-samples were created for each of the six primary samples and split into five groups of four before they were
subjected to five different levels of high temperatures.

2.3 Temperature damage

An electric furnace was used to heat the concrete sub-samples to high temperatures and damage them. Over a 2-h
period, the concrete sub-samples were heated to temperature ranges of 200 to 800 °C. The heating schedule and the
electric furnace ensured that the desired temperatures were reached by a heating rate of 3 °C/min maintained at the
desired temperature for 120 min before the sub-samples were gradually cooled in the furnace for 24 h before exposure
them to laboratory environment.

Tablg 1 Cement.chemical and Oxide Content (%) Property Value
physical properties
Sio, 20.72 Specific gravity 3.15
AleO, 5.58 Fineness 325 m?/kg
Fe,0; 3.31 Initial setting time 115 min
Ca0 61.74 Final setting time 225 min
MgO 2.47
Na,O 0.17
K,0 0.79
Loss of ignitions 212
Table 2 Physical properties of Coarse aggregate Fine aggregate
the aggregate
Maximum aggregate size (mm) 12.5 4.75
Bulk specific gravity 2.66 2.62
Absorption (%) 1.18 1.22
Fineness modulus - 2.78
Table 3 Proportions of the Mix Ww/C Content in kg/m? Average CS  Average
concrete mixtures (MPa) SS (MPa)
Cement Coarse Fine aggregate Water
aggregate
1 0.53 290 968 694 153 16.8 3.16
2 0.50 310 968 694 155 25.2 3.63
3 0.47 340 985 646 160 28.6 3.50
4 0.44 370 1008 605 163 36.1 3.88
5 0.41 390 1008 600 160 394 3.98
6 0.38 415 1023 583 157 46.4 4.18
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2.4 Sample testing

The UPV test was used as the NDT and the SS test was used as the DT to examine and determine the SS of the samples.

2.4.1 Ultrasonic pulse velocity test

A generator and a receiver transistor are typically used to gauge the UPV travelling through the concrete. These
tests can be conducted either in-situ or in a lab. The American Society for Testing and Materials (ASTM) C597 docu-
ment outlines the test [46]. Three alternative configurations; direct (D), semi-direct (S), and indirect (I), can be used
to conduct a UPV test. This present study only used the direct UPV test setting. In this research, Matest C396N UPV
tester is utilized with a range of 0-3000 s, accuracy of 0.1 us, and 55 Hz probs.

2.4.2 Splitting tensile strength test

The cylinder-splitting test was used to measure the TS of the concrete. To obtain the experimental SS of the concrete,
a compression-testing machine (CTM) was used to examine the 150 x 300 mm cylindrical samples. In addition to
mixing propositions, Table 3 lists the average CS and SS results of the concrete mixes tested in this research.

3 Findings and analysis

Based on the data presented in Table 4 for UPV and SS testing outcomes, respectively, we observe a correlation
similar to prior research [47]. This correlation affirms that UPV and SS exhibit a positive relationship. This connection
between UPV and concrete strength can be attributed to the phenomenon where an increase in pulse velocity cor-
responds to a reduction in concrete void content, thereby enhancing concrete quality and strength [48]. A graphical
representation of the correlation between UPV and SS for the intact samples is illustrated in Fig. 1.

Figure 2 provides an illustration of the impact of high temperatures on the SS of concrete. Figure 2a demonstrates
that the SS decreases as the temperature rises. This decrease can be stated as:

damaged sample strength

Reductionin SS(R%) = 100 — 100 = (1)

undamaged sample strength

Figure 2b shows the decrease in SS at various stages of exposure to high temperature based on Eq. 1. The SS of
various sub-samples decreased by 15% as the temperature approached 200 °C. However, the decrease in SS increased
to 35% when the temperature increased to 400 °C. The decrease in SS increased to 55% when the temperature was
raised to 600 °C. Additionally, as the temperature rose to 800 °C, the decrease in SS approached 75% in some cases.
Therefore, the residual SS of the damaged sub-sample was only 25% of its SS when it was undamaged.

Similarly, elevated temperatures had a significant impact on the UPV of the specimens. This effect is evident in
Fig. 3, where a semi-linear relationship illustrates the decline in UPV as the temperature ascends from 200 to 800 °C.
The decrease in pulse velocity is directly associated with a decrease in concrete quality and an increase in the occur-
rence of cracks. In addition, Fig. 4 illustrates the relation between the UPV and SS of high temperature damaged
concrete.

4 Artificial neural network

4.1 Model structure and data

The ANN model of this present study was developed using the feed-forward error back-propagation (FB) technique.
Layered structures are common in feed-forward error back-propagation (FB) networks. Every layer contains a prede-

termined number of units, comprising of inputs from the preceding layer, that are transmitted as outputs to the units
of the subsequent layer. The input layer comprises input units, which are thought to impact the outputs, while the
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output layer comprises outputs units. Several hidden layers between these two layers contain hidden nodes units,
which allow data to flow from the input to the output and vice versa through interconnected links [49, 50]. Most FB
ANN applications have adopted network designs with just one hidden layer [51]. An FB network must go through
three steps of training: feed-forward of the input training pattern, calculation and back-propagation of the related
error, and adjustments to the weights of the interconnecting links. Following training, only the feed-forward stage
computations are used in the network’s application [52-54].

An ANN model was developed using120 testing result datasets to forecast the SS of concrete. The datasets utilised
in the modelling are listed in Table 4. The model was designed to have a sigmoidal function on one hidden layer.

If all inputs and outputs are normalised and scaled so that the entire data ranges from 0.1 to 0.9 prior to modelling,
an ANN training can yield effective outcomes. The output of the ANN model must be denormalised because if the
inputs are scaled, the output too will be scaled [55]. The parameters, their maximum and minimum values, standard
deviations, and means for each parameter are listed in Table 5. The model was created to forecast SS based on the
temperature and UPV values. Table 6 lists the parameters utilized in the developed model.

The training datasets were used to optimise the connections weights of the network’s for various networks, with
1 to 10 hidden nodes, in the developed ANN model. The average squared errors (ASE), coefficient of determination
(R?), and mean absolute relative error (MARE) were computed and listed for every trained network. The trained net-
works were tested using the testing datasets that had not been employed to train the network. The network with
the optimal number of hidden nodes was determined to be the trained network with the lowest ASE value of the
experiment datasets [56]. Following optimisation, the best network was trained using both the training and testing
datasets to provide the interconnecting link weights for the train-all model. By contrasting with the model’s outputs,
datasets that had not been used to train the network were used to test and validate the model. A 2-n-1 ANN model
schematic (two inputs, one output, n hidden nodes) is shown in Fig. 5. Equations 2 and 3 can also be used to express
the mathematical equations of the 2-n-1 ANN models. Also, the flowchart shown in Fig. 6 illustrates the ANN model-
ling procedure.

Table 5 Characteristics of the

Parameter (unit) Max Min Mean Standard deviation
datasets
T(°Q) 800 23 - -
UPV (m/sec) 4873 203 2460.6 1452.05
SS (MPa) 5.67 1.16 3.23 1.33
Table 6 Inputs and outputs of Parameter Definition
the ANN model
Inputs Tn Normalized temperature
UPVn Normalized ultrasonic pulse velocity
Output SSn Normalized concrete splitting strength
F|g.'5 Schematic of 2 inputs, 3 _Ih_p_u_t_s_ ~ " Hidden Outouts
n hidden nOdeS' and 1 OUtpUt Input;— HN; Connection : A HN; - Output, Connection P
ANN model Layer putj—HN; ' Layer ,‘ i m Layer
N BN o, B
— o ! 77 :"\\’ \\] m —
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4.2 Optimizing and training the model

A total of 108 datasets were used for network optimisation. Furthermore, 18 datasets were used for testing, and 90 data-
sets were used to train the model. Figure 7 displays the accuracy of the ANN model training and testing using various
hidden node counts. As seen, the optimal number of hidden nodes for the network was observed to be two as it had the
lowest ASE,.ing Value. Therefore, the architecture of the model was 2-2-1 with ASE, i, =0.000978, ASE =0.001252,
MARE ;ining = 5.0097, MARE g1ing =6.3412, R%4ining = 0.93519, and R? g =0.91698.

All training and testing datasets were employed in model training to optimise the interconnecting link weights after
the model structure had been defined. The final model was trained on a total of 108 training and testing datasets and its
accuracy was as follows: ASE=0.000907, MARE =5.028, and R*=0.9431. Table 6 shows the interconnecting link weights
among the network nodes. Also, for validation, a k-fold (k=12 folds) cross validation is conducted and the mean square
error is calculated. The SS values are distributed randomly in 12 folds, 11 used for training and the last for validation. This
process was repeated 12 times where each fold was used for validation for once and the mean square error is calculated
for the validation fold. Figure 8 lists the mean square error values for each validation fold and the average for all folds.
Based on the k-fold cross validation, fold 2 is used for model training and fold 12 for validation. Table 7 lists the connec-
tion links weights between the inputs, hidden nodes, and output in the optimized 2-2-1 ANN model.

testing

4.3 Model validation

Twelve validation datasets that had not been used during training were used to validate the model. The accuracy of the
validation datasets was computed and found to be ASE,,jgation = 0000639, MARE, . jigation =4-995, and R? . igation = 0-9169.
Additionally, Fig. 9 displays the experimental datasets in comparison to the training, testing, and validation datasets’
ANN predictions. The validation predicted vs experimental data results and validation accuracy measurements show
that 2-2-1 ANN model predictions were significantly plausible and satisfactory.

4.4 Simulation

Based on the ANN modeling and to illustrate the correlation between UPV, temperature, and SS, a mapping chart was
created using the formulated ANN model. The correlation between the UPV, temperature, and SS of damaged concrete
is depicted in Fig. 10. The relations between T, UPV and SS conducted from the ANN modelling came in a good agree-
ment with the experimental results.

5 Conclusions

In this comprehensive study, an extensive experimental testing program that encompassed several critical aspects of
concrete behavior under high-temperature conditions was conducted. This program involved the casting of diverse
concrete mixtures, subjecting them to a wide temperature range spanning from 200 to 800 °C, and performing measure-
ments of Ultrasonic Pulse Velocity (UPV) along with tensile splitting strength (SS) tests. Additionally, an Artificial Neural
Network (ANN) model was developed and rigorously validated to establish a robust link between exposure temperature,
UPV, and splitting strength. The results and insights gained from this study are of significant importance:

Fig. 8. 12-Fold cross valida- 12-Fold cross validation
tion
5 0.08
5
o 0.06
S -
% 0.04
§ 0.02 I I I I I I Average
27, I

12345467 8 9101112
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e Temperature impact on splitting strength: It was unequivocally demonstrated that exposing concrete to vary-
ing temperatures had a profound effect on its splitting strength. Notably, at the extreme temperature of 800 °C,
the concrete’s splitting strength exhibited a staggering reduction of 75%. This finding underscores the critical
importance of considering temperature conditions when designing and assessing concrete structures, especially
in environments prone to high-temperature exposures.

e High-temperature effects on UPV: this research illuminated the clear influence of elevated temperatures, particu-
larly at 200 °C and above, on Ultrasonic Pulse Velocity (UPV). This effect provides valuable insight into the non-
destructive assessment of concrete integrity under high-temperature conditions, aiding in the early detection of
potential issues.

o ANN model performance: The developed ANN model, characterized by an impressive R2 value of 0.97, effectively
captured and simulated the intricate relationship between UPV, temperature, and the splitting strength of con-
crete subjected to high-temperature damage. This achievement highlights the potential of artificial intelligence and
machine learning approaches in predicting concrete behavior in complex scenarios.

e Practical implications: The findings from this study have direct practical applications for professionals in the field of
construction and structural engineering. These insights can be instrumental in adapting concrete mix designs based
on anticipated temperature exposures, enhancing the oversight of structures operating in high-temperature environ-
ments, and evaluating the condition of concrete components damaged by fire. By leveraging this knowledge, prac-
titioners can make informed decisions that not only optimize performance but also ensure the safety and longevity
of concrete structures.

In summary, this study’s multifaceted approach, combining experimental testing with advanced modeling techniques,
has expanded our understanding of concrete behavior under extreme temperature conditions. These findings are poised
to empower professionals in the construction industry to make informed choices and design resilient structures capable
of withstanding the challenges posed by high-temperature exposures.
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