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Artificial neural networks, in interaction with fuzzy logic, genetic algorithms, and fuzzy neural networks, represent an example of a
modern interdisciplinary field, especially when it comes to solving certain types of engineering problems that could not be solved
using traditional modeling methods and statistical methods. They represent a modern trend in practical developments within the
prognostic modeling field and, with acceptable limitations, enjoy a generally recognized perspective for application in construction.
Results obtained from numerical analysis, which includes analysis of the behavior of reinforced concrete elements and linear
structures exposed to actions of standard fire, were used for the development of a prognostic model with the application of fuzzy
neural networks. As fire resistance directly affects the functionality and safety of structures, the significance which new methods
and computational tools have on enabling quick, easy, and simple prognosis of the same is quite clear. This paper will consider
the application of fuzzy neural networks by creating prognostic models for determining fire resistance of eccentrically loaded
reinforced concrete columns.

1. Introduction

The fire resistance of civil engineering structures can be
determined based on the estimated fire resistance of each
construction element (columns, beams, slabs, walls, etc.).
The fire resistance of a structural element is the time period
(in minutes) from the start of the fire until the moment when
the element reaches its ultimate capacity (ultimate strength,
stability, and deformability) or until the element loses the
insulation and its separation function [1]. The legally
prescribed values for the fire resistance can be achieved by
application of various measures (by using appropriate shape
and element’s dimensions and proper static system, thermo-
isolation, etc.). The type of applied protection measures
mainly depend on the type of construction material that
needs to be protected. Different construction materials

(concrete, steel, and wood) have different behaviors under
elevated temperatures. That is why they have to be protected
in accordance with their individual characteristics when
exposed to fire [1]. Even though the legally prescribed values
of the fire resistance is of huge importance for the safety of
every engineering structures, in Macedonia there is no
explicit legally binding regulation for the fire resistance.
The official national codes in the Republic of Macedonia
are not being upgraded, and the establishment of new codes
is still a continuing process. Furthermore, most of the exper-
imental models for determination of fire resistance are
extremely expensive, and analytical models are quite compli-
cated and time-consuming. A modern type of analyses, such
as modeling through neural networks, can be very helpful,
particularly in those cases where some prior analyses were
already made. Therefore, the application of artificial and
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fuzzy neural networks for prognostic modeling of the fire
resistance of structures is of significant importance, especially
during the design phase of civil engineering structures.

Fuzzy neural networks are typical example of a modern
interdisciplinary subject that helps solving different engi-
neering problems which cannot be solved by the traditional
modeling methods [2–4]. They are capable of collecting,
memorizing, analyzing, and processing large number of data
obtained from some experiments or numerical analyses. The
trained fuzzy neural network serves as an analytical tool for
precise predictions, for any input data which are not included
in the training or testing process of the model. Their opera-
tion is reasonably simple and easy, yet correct and precise.

Using the concept of the fuzzy neural networks and the
results of the performed numerical analyses (as input param-
eters), the prediction model for defining the fire resistance of
eccentrically loaded RC columns incorporated in walls and
exposed to standard fire from one side has been made.

The goal of the research presented in this paper was to
build a prognostic model which could generate outputs for
the fire resistance of RC columns incorporated in walls, for
any given input data, by using the results from the conducted
numerical analyses. The numerical results were used as input
data in order to create and train the fuzzy neural network so
it can provide precise outputs for the fire resistance of
eccentrically loaded RC columns for any other input data
(RC columns with different dimensions of the cross section,
different thickness of the protective concrete layer, different
percentage of reinforcement, and for different loads).

2. Fuzzy Neural Networks: Theoretical Basis

Fuzzy neural networks are defined as a combination of
artificial neural networks and fuzzy systems, in such a way
that learning algorithms from neural networks are used to
determine the parameters of a fuzzy system. One of the most
important aspects of this combination is that the system can
always be interpreted using the “if-then” rule, because it is
based on a fuzzy system that reflects uncertain/unclear
knowledge. Fuzzy neural networks use linguistic knowledge
from the fuzzy system and learning ability from neural
networks. Therefore, fuzzy neural networks are capable of
precisely modeling ambiguity, imprecision, and uncertainty
of data, with the additional learning opportunity characteris-
tic of neural networks [3, 5–8].

Fuzzy neural networks are based on a common concept
of fuzzy logic and artificial neural networks, theories that
are already at the top of the list for researchers of artificial
intelligence. Fuzzy logic, based on Zadeh’s principle of fuzzy
sets, provides mathematical potential for describing the
uncertainty that is associated with cognitive processes of
thinking and reasoning. This makes it possible to draw
conclusions even with incomplete and insufficiently precise
information (so-called approximate conclusions). On the
other hand, artificial neural networks with their various
architectures built on the artificial neuron concept have been
developed as an imitation of the biological neural system for
the successful performance of learning and recognition
functions. What is expected from the fusion of these two

structures is that the learning and computational ability of
neural networks will be transmitted into the fuzzy system
and that the highly productive if-then thinking of the fuzzy
system will be transferred to neural networks. This would
allow neural networks to be more than simply “black boxes,”
while fuzzy inference systems will be given the opportunity to
automatically adjust their parameters [2, 3, 5–8].

Depending on the field of application, several approaches
have been developed for connecting artificial neural networks
and fuzzy inference systems, which are most often classified
into the following three groups [3, 5, 7–9]: cooperative
models, concurrent models, and integrated (hybrid) models.

The basic characteristic of the cooperative model is that
via learning mechanisms of artificial neural networks,
parameters of the fuzzy inference system are determined
through training data, which allows for its quick adaption
to the problem at hand. A neural network is used to
determine the membership function of the fuzzy system,
the parameters for fuzzy rules, weight coefficients, and other
necessary parameters. Fuzzy rules are usually determined
using clustering access (self-organizing), while membership
functions are elicited from training data using a neural
network [3, 5, 7–9].

Characteristic of the concurrent model is that the neural
network continuously assists the fuzzy inference system
during the process of determining and adjusting required
parameters. In some cases, the neural network can correct
output results, while in other cases, it corrects input data into
the fuzzy inference system [3, 5, 7–9].

For integrated fuzzy neural networks, the learning
algorithm from a neural network is used to determine the
parameters of the fuzzy inference system. These networks
represent a modern class of fuzzy neural networks character-
ized by a homogeneous structure, that is, they can be
understood as neural networks represented by fuzzy param-
eters [3, 5–9]. Different models for hybrid fuzzy neural
networks have been developed, among which the following
stand out: FALCON, ANFIS, GARIC, NEFCON, FUN,
SONFIN, FINEST, and EFuNN.

3. State-of-the-Art Application of Fuzzy
Neural Networks

In the civil engineering field, fuzzy neural networks are very
often used to predict the behavior of materials and con-
structive elements. The main goal of such prognostic models
is to obtain a solution to a problem by prediction (mapping
input variables into corresponding output values). For the
qualitative development of efficient prognostic models, it is
necessary to have a number of data groups. Fortunately,
when it comes to civil engineering, data collection is not a
major problem, which enhances the possibility of applying
such innovative techniques and methods. Some examples of
successful application of fuzzy neural networks to various
fields of civil engineering are presented in the following
section of this paper [4, 5].

Fuzzy neural networks have enjoyed successful
implementation in civil engineering project management.
Boussabaine and Elhag [10] developed a fuzzy neural
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network for predicting the duration and cost of construction
works. Yu and Skibniewski (1999) investigated the applica-
tion of fuzzy neural networks and genetic algorithms in civil
engineering. They developed a methodology for the auto-
matic collection of experiential data and for detecting factors
that adversely affect building technology [11]. Lam et al. [12]
successfully applied the principles of fuzzy neural networks
towards creating techniques for modeling uncertainty, risk,
and subjectivity when selecting contractors for the construc-
tion works. Ko and Cheng [13] developed an evolutionary
fuzzy neural inference model which facilitates decision-
making during construction project management. They
tested this model using several practical examples: during
the selection of subcontractors for construction works and
for calculating the duration of partition wall construction,
an activity that has an excessive impact on the completion
of the entire project. Jassbi and Khanmohammadi applied
ANFIS to risk management [14]. Cheng et al. proposed an
improved hybrid fuzzy neural network for calculating the ini-
tial cost of construction works [15]. Rashidi et al. [16] applied
fuzzy neural systems to the selection of project managers for
construction projects. Mehdi and Reza [17] analyzed the
application of ANFIS for determining risks in construction
projects, as well as for the development of intelligent systems
for their assessment. Feng and Zhu [18] developed a
model of self-organizing fuzzy neural networks for calculat-
ing construction project costs. Feylizadeh et al. [19] used
a model of fuzzy neural networks to calculate completion
time for construction works and to accurately predict
different situations.

Fuzzy neural networks are also used for an analysis of
structural elements and structures. Ramu and Johnson
applied the approach of integrating neural networks and
fuzzy logic for assessing the damage to composite structures
[20]. Liu and Wei-guo (2004) investigated the application
of fuzzy neural networks towards assessing the safety of brid-
ges [21]. Foncesa used a fuzzy neural system to predict and
classify the behavior of girders loaded with concentrated
loads [22]. Wang and Liu [23] carried out a risk assessment
in bridge structures using ANFIS. Jakubek [24] analyzed
the application of fuzzy neural networks for modeling build-
ing materials and the behavior of structures. The research
encompassed an analysis of three problems: prediction of
fracture in concrete during fatigue, prediction of high
performance concrete strength, and prediction of critical
axial stress for eccentrically loaded reinforced concrete
columns. Tarighat [25] developed a fuzzy neural system for
assessing risk and damage to bridge structures, which allows
important information to be predicted related to the impact
of design solutions on bridge deterioration. Mohammed
[26] analyzed the application of fuzzy neural networks in
order to predict the shear strength of ferrocement elements
and concrete girders reinforced with fiber-reinforced
polymer tapes.

Cüneyt Aydin et al. developed a prognostic model for
calculating the modulus of elasticity for normal dams
and high-strength dams with the help of ANFIS [27].
Tesfamariam and Najjaran applied the ANFIS model to
calculate the strength of concrete [28]. Ozgan et al. [29]

developed an adaptive fuzzy neural system (ANFIS) Sugeno
type for predicting stiffness parameters for asphalt concrete.

Chae and Abraham assessed the state of sewage pipelines
using a fuzzy neural approach [30]. Adeli and Jiang [4]
developed a fuzzy neutral model for calculating the capacity
of work areas near highways. Nayak et al. modeled the
connection and the interaction of soil and structures with
the help of fuzzy neural networks. Nayak et al. [31] applied
ANFIS to the hydrological modeling of river flows, that is,
to the forecasting of time-varying data series.

Cao and Tian proposed the ANFIS model for predicting
the need for industrial water [32]. Chen and Li made a model
for the quality assessment of river water using the fuzzy
neural network methodology [33]. F.-J. Chang and Y.-T.
Chang applied a hybrid fuzzy neural approach for construct-
ing a system for predicting the water level in reservoirs [34].
More precisely, they developed a prognostic ANFIS model
for the management of accumulations, while the obtained
results showed that it could successfully be applied to,
precisely and credibly, predict the water level in reservoirs.
Jianping et al. (2007) developed an improved model of fuzzy
neural networks for analysis and deformation monitoring of
dam shifts. Hamidian and Seyedpoor have used the method-
ology for fuzzy neural networks to determine the optimal
shape of arch dams, as well as for predicting an effective
response to the impact of earthquakes [35]. Thipparat and
Thaseepetch applied the Sugeno type of ANFIS model
so as to assess structure sustainability of highways in
order to obtain relevant information about environmental
protection [36].

An increased interest in the application of fuzzy neural
networks to civil engineering can be seen in the last few
decades. A comprehensive review of scientific papers which
have elaborated on this issue published in scientific journals
from 1995 until 2017 shows that fuzzy neural networks are
mainly used to address several categories of problems:
modeling and predicting, calculating and evaluating, and
decision-making. The results of the conducted analysis
illustrate the efficiency and practicality of applying this
innovative technique towards the development of models
for managing, decision-making, and assessing problems
encountered when planning and implementing construc-
tion works. Their successful implementation represents a
pillar for future research within the aforementioned
categories, although the future application of fuzzy neural
networks can be extended to other areas of civil engineer-
ing as well.

4. Prognostic Modeling of the Fire Resistance of
Eccentrically Loaded Reinforced Concrete
Columns Using Fuzzy Neural Networks

Eccentrically loaded columns are most commonly seen as the
end columns in frame structures, and they are inserted in the
partition walls that separate the structure from the surround-
ing environment or separating the fire compartment under
fire conditions. The behavior of these types of columns, when
exposed to fire, and the analysis of the influence of special
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factors on their fire resistance have been analyzed in
literature [37, 38].

Numerical analysis was carried out for the reinforced
concrete column (Figure 1) exposed to standard fire ISO
834 [27]. Due to axial symmetry, only one-half of the cross
section was analyzed [37, 38]. The following input parame-
ters were analyzed: the dimensions of the cross section, the
intensity of initial load, the thickness of the protective
concrete layer, the percentage of reinforcement, and the type
of concrete (siliceous or carbonate). The output analysis
result is the time period of fire resistance expressed in
hours [37, 38].

The results from the numerical analysis [37] were used to
create a prognostic model for determining the fire resistance
of eccentrically loaded reinforced concrete columns in the
fire compartment wall.

The application of fuzzy neural networks for the determi-
nation of fire resistance of eccentrically loaded reinforced
concrete columns is presented below.

The prognostic model was developed using adaptive
fuzzy neural networks—ANFIS in MathWorks software
using an integrated Fuzzy Logic Toolbox module [39].

ANFIS represents an adaptive fuzzy neural inference
system. The advantage of this technique is that membership
functions of input parameters are automatically selected
using a neuroadaptive training technique incorporated into
the Fuzzy Logic Toolbox. This technique allows the fuzzy
modeling process to learn from the data. This is how param-
eters of membership functions are calculated through which
the fuzzy inference system best expresses input-output data
groups [39].

ANFIS represents a fuzzy neural feedforward network
consisting of neurons and direct links for connecting
neurons. ANFIS models are generated with knowledge from
data using algorithms typical of artificial neural networks.
The process is presented using fuzzy rules. Essentially,
neural networks are structured in several layers through
which input data and fuzzy rules are generated. Similar
to fuzzy logic, the final result depends on the given fuzzy
rules and membership functions. The basic characteristic
of ANFIS architecture is that part, or all, of the neurons
is flexible, which means that their output depends on system
parameters, and the training rules determine how these
parameters are changed in order to minimize the prescribed
error value [40].

ANFIS architecture consists of 5 layers and is illustrated
in Figure 2 [3, 5–7, 40].

The first (input) layer of the fuzzy neural network serves
to forward input data to the next layer [3, 5–7, 40].

The second layer of the network (the first hidden layer)
serves for the fuzzification of input variables. Each neuron
within this layer is represented by the function: O1

i = μAi x ,
where x denotes entrance into the neuron i and Ai denotes
linguistic values. O1

i is in fact a membership function in
Ai indicating how many entrances Xi satisfy a quantifier
Aj
i . The parameters of this layer represent the parameters

of the fuzzy rule premise [3, 5–7, 40].
The third layer (the second hidden layer) of the net-

work consists of the T-norm operator for the calculation
of fuzzy rule premise. Neurons are denoted as π, which
represents a designation for the product of all input signals:
wi = μAi x × μBi y . Each neuron from this layer establishes
the rule strength of fuzzy rules [3, 5–7, 40].

The fourth network layer (the third hidden layer) nor-
malizes the rule strength. In each neuron, the relationship
between the rule strength of the associated rule and the
sum of all strengths is calculated: wi =wi/∑wi [3, 5–7, 40].

The procedure for determining subsequent parameters
(conclusions) from fuzzy rules is carried out in the fifth layer
(the fourth hidden layer). Each node from this layer is a
square (adaptive) node marked by the function O4

i =wiZi =
wi piX + qiY + ri , where {pi, qi, ri} are conclusion parame-
ters and wi is the output from the previous layer.

The output layer contains one neuron denoted by the
letter Σ due to the summing function. It calculates the total
output as the sum of all input signals, in the function of
premise parameters and fuzzy rule conclusions: O5

i =∑wi
Zi =∑wiZi/∑wi [3, 5–7, 40].

For a fuzzy neural network consisting of 2 input variables
and 2 fuzzy rules (Figure 2), the total output would be
calculated as follows [3, 5–7, 40]:

Z =〠wiZi =
∑wiZi

∑wi
= w1
w1 +w2

Z1 +
w2

w1 +w2
Z1

=w1Z1 +w2Z2 =w1 p1X + q1Y + r1
+w2 p2X + q2Y + r2 ,

1

where X, Y is the numerical input of the fuzzy neural net-
work, Z is the numerical output of the fuzzy neural network,
w1,w2 are the normalized rule strengths of fuzzy rules
expressed through the fuzzy rule premise, and p1, q1, r1,
p2, q2, r2 are the parameters of the fuzzy rule conclusions.

The ANFIS training algorithm consists of two segments:
reverse propagation method (backpropagation algorithm),
which determines errors of variables from a recursive path,
from the output to the input layers, determining variable
errors, that is, parameters of the membership function, and
the least square method determining the optimal set of
consequent parameters. Each step in the training procedure
consists of two parts. In the first part, input data is propa-
gated and optimal consequent parameters are estimated
using the iterative least-mean-square method, while fuzzy
rule premise parameters are assumed to be fixed for the
current cycle through the training set. In the second part,
input data is propagated again, but in this process, the
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Figure 1: RC column inserted into the fire separation wall.
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backpropagation algorithm is used to modify the premise
parameter while the consequent parameters remain fixed.
This procedure is iterated [3, 5–7, 40].

For the successful application of ANFIS during the
process of solving a specific problem task, it is necessary to
possess solid professional knowledge of the problem at hand
and appropriate experience. This enables a correct and
accurate choice of input variables, that is, unnecessarily
complicating the model by adding nonsignificant variables,
or not including important parameters that have a significant
effect on output values, is avoided.

The application of fuzzy neural network techniques to
the modeling process is carried out in a few steps [39, 41]:
assembling and processing data, determining the parameters
and structure of the fuzzy neural network (creating the fuzzy
inference system), training the fuzzy neural network, and
testing the fuzzy neural network and prognostics.

For the purpose of prognostic modeling of the eccentri-
cally loaded RC columns, the structure of the fuzzy neural
network consists of 6 input variables (dimensions of the
reinforced concrete column (b and d), thickness of the pro-
tective concrete layer (a), percentage of reinforcement (μ),
axial load coefficient (η), bending moment coefficient (β),
and one output variable (fire resistance of the reinforced
concrete column (t)).

One of the most crucial aspects, when using a fuzzy
neural networks as prognostic modeling technique, is to
collect accurate and appropriate data sets. The data has
to contain a finite number of sets where each data set
has to be defined with an exact input and output values.
Another very important aspect is to have large amount
of data sets. Data sets are divided into two main groups:
data used for training of the model and data used for testing
of the model prediction accuracy. The training data should
contain all the necessary representative features, so the pro-
cess of selecting a data set for checking or testing purposes
is made easier. One problem for models constructed using
adaptive techniques is selecting a data set that is both repre-
sentative of the data the trained model is intended to imitate,
yet sufficiently distinct from the training data set so as not to

render the validation process trivial. To design an ANFIS
system for real-world problems, it is essential to select the
parameters for the training process. It is essential to have
proper training and testing data sets. If the data sets are not
selected properly, then the testing data set will not validate
the model. If the testing data set is completely different
from the training data set, then the model cannot capture
any of the features of the testing data. Then, the minimum
testing error can be achieved in the first epoch. For the proper
data set, the testing error decreases with the training proceed-
ing until a jump point. The selection of data sets for training
and testing of the ANFIS system is an important factor affect-
ing the performance of the model. If the data sets used for
testing is extremely different from one of the training data
sets, then the system fails to capture the essential features of
the data set. Another aspect that has to be emphasized is that
all data sets have to be properly selected, adequately collected,
and exact. The basic characteristic of all computer programs
used for calculation and modeling applies for the neural
networks as well: only quality input can give a quality output!
Even though neural networks represent an intelligent
modeling technique, they are not omnipotent, which means
that if the input data sets are not clear and correct, the
neural network model will not be able to produce accurate
output results.

A training data group is used to initially create a model
structure [39]. The training process is a learning process of
the developed model. The model is trained till the results
are obtained with minimum error. During the learning
process, the parameters of the membership functions are
updated. In MATLAB, the two ANFIS parameter optimiza-
tion methods are hybrid (combination of least squares and
back propagation method) and back propagation. Error
tolerance is used as training stopping criterion, which is
related to the error size. The training will stop after the train-
ing data error remains within this tolerance. The training
error is the difference between the training data output value
and the output of the fuzzy inference system corresponding
to the same training data input value (the one associated with
that training data output value).
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Figure 2: An overview of the ANFIS network.
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The data groups used for checking and testing of the
model are also referred as validation data and are used to
check the capabilities of the generalization model during
training [39]. Model validation is the process by which the
input data sets on which the FIS was not trained are pre-
sented to the trained FIS model, to see the performance.
The validation process for the ANFIS model is carried out
by leaking vectors from the input-output testing data into
the model (data not belonging to the training group) in order
to verify the accuracy of the predicted output. Testing data is
used to validate the model. The testing data set is used for
checking the generalization capability of the ANFIS model.
However, it is desirable to extract another group of input-
output data, that is, checking data, in order to avoid the
possibility of an “overfitting.” The idea behind using the
checking data stems from the fact that a fuzzy neural network
may, after a certain number of training cycles, be “over-
trained,” meaning that the model practically copies the
output data instead of anticipating it, providing great predic-
tions but only for training data. At that point, the prediction
error for checking data begins to increase when it should
exhibit a downward trend. A trained network is tested with
checking data, and parameters for membership functions
are chosen for which minimal errors are obtained. These data
controls this phenomenon by adjusting ANFIS parameters,
with the aim of achieving the least errors in prediction.
However, when selecting data for model validation, a detailed
database study is required because the validation data should
be not only sufficiently representative of the training data
but also sufficiently different to avoid marginalization of
training [39, 41].

Even though there are many published researches world-
wide that investigate the impact of the proportion of data
used in various subsets on neural network model, there is
no clear relationship between the proportion of data for
training, testing and validation, and model performance.
However, many authors recommend that the best result can
be obtained when 20% of the data are used for validation
and the remaining data are divided into 70% for training
and 30% for testing. The number of training and testing data
sets greatly depends on the total number of data sets. So, the
real apportion of train and test data set is closely related with

the real situation, problem specifics, and the quantity of the
data set. There are no strict rules regarding the data set
division, so when using the adaptive modeling techniques,
it is very important to know how well the data sets describe
the features of the problem and to have a decent amount of
experience and knowledge about neural networks [42, 43].

The database used for ANFIS modeling, for the model
presented in this paper, expressed through input and output
variables, was obtained from a numerical analysis. A total of
398 input-output data series were analyzed, out of which
318 series (80%) were used for network training, and 80 series
(20%) were data for testing the model. The prediction of the
output result was performed on new 27 data sets. The three
data groups loaded into ANFIS are presented in Figures 3–5.

For a precise and reliable prediction of fire resistance for
eccentrically loaded reinforced concrete columns, different
ANFIS models were analyzed with the application of the
subtractive clustering method and a hybrid training mode.

The process of training fuzzy neural networks involves
adjusting the parameters of membership functions. Training
is an iterative process that is carried out on training data sets
for fuzzy neural networks [39]. The training process ends
when one of the two defined criteria has been satisfied; these
are error tolerance percentage and number of iterations. For
the analysis in this research, the values of these criteria were 0
for error tolerance and 100 for number of training iterations.

After a completed training process of the generated
ANFIS model, it is necessary to validate the model using data
sets defined for testing and checking [39, 44]: the trained
model is tested using validation data, and the obtained
average errors and the estimated output values are analyzed.

The final phase of the modeling using fuzzy neural
networks is prognosis of outputs and checking the model’s
prediction accuracy. To this end, input data is passed through
the network to generate output results [39, 44]. If low values
of average errors have been obtained during the testing
and validation process of the fuzzy neural network, then
it is quite certain that a trained and validated ANFIS
model can be applied for a high-quality and precise prog-
nosis of output values.

For the analyzed case presented in this paper, the optimal
ANFIS model is determined by analyzing various fuzzy
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Figure 3: Graphical representation of the training data loaded into ANFIS.
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neural network architectures obtained by varying the follow-
ing parameters: the radius of influence (with values from 0.6
to 1.8) and the compaction factor (with values in the interval
from 0.45 to 2.5). The mutual acceptance ratio and the
mutual rejection ratio had fixed values based on standard
values defined in MATLAB, amounting to 0.5 and 0.15
[39]. A specific model of the fuzzy neural network, with
a designation depending on the parameter values, was
created for each combination of these parameters. The
optimal combination of parameters was determined by
analyzing the behavior of prognostic models and by com-
paring obtained values for average errors during testing
and predicting output values. Through an analysis of the
results, it can be concluded that the smallest value for
average error in predicting fire resistance of eccentrically
loaded reinforced concrete columns is obtained using the
FIS11110 model with Gaussian membership function
(gaussMF) for the input variable and linear output function,
with 8 fuzzy rules. The average error during model testing
was 0.319 for training data, 0.511 for testing data, and 0.245
for verification data.

Figure 6 gives a graphical representation of the architec-
ture of the adopted ANFIS model, composed of 6 input
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Figure 5: Graphical representation of the checking data loaded into ANFIS.
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Figure 4: Graphical representation of the test data loaded into ANFIS.
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Figure 6: Architecture of ANFIS model FIS11110 composed of
6 input variables and 1 output variable.
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variables defined by Gaussian membership functions and
1 output variable.

The training of the ANFIS model was carried out with
318 input-output data groups. A graphic representation of
fire resistance for the analyzed reinforced concrete columns
obtained by numerical analysis [37] and the predicted values
obtained by the FIS11110 prognostic model for the training
data is given in Figure 7.

It can be concluded that the trained ANFIS prognostic
model provides excellent results and quite accurately predicts
the time of fire resistance of the analyzed reinforced concrete,
for input data that belong to the size intervals the network
was trained for—the analyzed 318 training cases. The average
error that occurs when testing the network using training
data is 0.319.

The testing of the ANFIS model was carried out using 80
input/output data sets. A graphical comparison representa-
tion of the actual and predicted values of fire resistance for
analyzed reinforced concrete columns, for the testing data
sets, is presented in Figure 8.

Figures 7 and 8 show an excellent match between pre-
dicted values obtained from the ANFIS model with the actual
values obtained by numerical analysis [37]. The average error

that occurs when testing the fuzzy neural network using test-
ing data is 0.511.

Figure 9 presents the fuzzy rules, as part of the Fuzzy
Logic Toolbox program, of the trained ANFIS model
FIS11110. Each line in the figure corresponds to one fuzzy
rule, and the input and output variables are subordinated in
the columns. Entering new values for input variables auto-
matically generates output values, which very simply predicts
fire resistance for the analyzed reinforced concrete columns.

The precision of the ANFIS model was verified using 27
input-output data groups (checking data), which also repre-
sents a prognosis of the fuzzy neural network because they
were not used during the network training and testing. The
obtained predicted values for fire resistance for the analyzed
reinforced concrete columns are presented in Table 1. A
graphic representation of the comparison between actual
values (obtained by numerical analysis [37]) and predicted
values (obtained through the ANFIS model FIS11110) for fire
resistance of eccentrically loaded reinforced concrete col-
umns in the fire compartment wall is presented in Figure 10.

An analysis of the value of fire resistance for the analyzed
eccentrically loaded reinforced concrete columns shows that
the prognostic model made with fuzzy neural networks

Training data: o FIS output: ⁎
25

20

15

O
ut

pu
t

5

10

0
0 50 100 150 200 250

Index
300 350

Figure 7: Comparison of the actual and predicted values of fire resistance time for RC columns obtained with ANFIS training data.
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Figure 8: A comparison of actual and predicted values of fire resistance time for RC columns obtained from the ANFIS testing data.
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provides a precise and accurate prediction of output results.
The average square error obtained when predicting output
results using a fuzzy neural network (ANFIS) is 0.242.

This research indicates that this prognostic model
enables easy and simple determination of fire resistance of
eccentrically loaded reinforced concrete columns in the fire
compartment wall, with any dimensions and characteristics.

Based on a comparison of results obtained from a numer-
ical analysis and results obtained from the prognostic model
made from fuzzy neural networks, it can be concluded that
fuzzy neural networks represent an excellent tool for deter-
mining (predicting) fire resistance of analyzed columns.
The prognostic model is particularly useful when analyzing
columns for which there is no (or insufficient) previous
experimental and/or numerically derived data, and a quick
estimate of its fire resistance is needed. A trained fuzzy neural
network gives high-quality and precise results for the input
data not included in the training process, which means that
a projected prognostic model can be used to estimate rein-
forced concrete columns of any dimension and characteristic
(in case of centric load). It is precisely this positive fact that
fully justifies the implementation of more detailed and
extensive research into the application of fuzzy neural net-
works for the design of prognostic models that could be used
to estimate different parameters in the construction industry.

5. Conclusion

Prognostic models based on the connection between popular
methods for soft computing, such as fuzzy neural networks,
use positive characteristics of neural networks and fuzzy
systems. Unlike traditional prognostic models that work

precisely, definitely, and clearly, fuzzy neural models are
capable of using tolerance for inaccuracy, uncertainty, and
ambiguity. The success of the ANFIS is given by aspects like
the designated distributive inferences stored in the rule base,
the effective learning algorithm for adapting the system’s
parameters, or by the own learning ability to fit an irregular
or nonperiodic time series. The ANFIS is a technique that
embeds the fuzzy inference system into the framework of
adaptive networks. The ANFIS thus draws the benefits of
both ANN and fuzzy techniques in a single framework.
One of the major advantages of the ANFIS method over
fuzzy systems is that it eliminates the basic problem of
defining the membership function parameters and obtaining
a set of fuzzy if-then rules. The learning capability of ANN is
used for automatic fuzzy if-then rule generation and param-
eter optimization in the ANFIS. The primary advantages of
the ANFIS are the nonlinearity and structured knowledge
representation. Research and applications on fuzzy neural
networks made clear that neural and fuzzy hybrid systems
are beneficial in fields such as the applicability of existing
algorithms for artificial neural networks (ANNs), and direct
adaptation of knowledge articulated as a set of fuzzy linguis-
tic rules. A hybrid intelligent system is one of the best
solutions in data modeling, where it is capable of reasoning
and learning in an uncertain and imprecise environment. It
is a combination of two or more intelligent technologies. This
combination is done usually to overcome single intelligent
technologies. Since ANFIS combines the advantages of both
neural network and fuzzy logic, it is capable of handling
complex and nonlinear problems.

The application of fuzzy neural networks, as an uncon-
ventional approach, for prediction of the fire resistance of

in1 = 40 in2 = 40 in3 = 3 in4 = 1.05 in5 = 0.3 in6 = 0.25
out1 = 3.78
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Figure 9: Illustration of fuzzy rules for the ANFIS model FIS11110.

9Complexity



Checking data: + FIS output: ⁎
25

20

15

O
ut

pu
t

5

10

0
0 5 10 15 20

Index
25 30

Figure 10: Comparison of actual and predicted values of fire resistance time of RC columns obtained using the ANFIS checking data.

Table 1: Actual and predicted value of fire resistance time for RC columns obtained with the ANFIS checking data.

Checking data

Column
dimensions

Thickness of the
protective concrete layer

Percentage of
reinforcement

Axial load
coefficient

Bending moment
coefficient

Fire resistance time of eccentrically
loaded RC columns

Actual values Predicted values (ANFIS)
b d a μ η β t t

30.00 30.00 2.00 1.00 0.10 0.2 5.88 5.53

30.00 30.00 2.00 1.00 0.30 0.3 2.14 1.87

30.00 30.00 3.00 1.00 0.10 0.5 2.94 3.44

30.00 30.00 3.00 1.00 0.40 0.4 1.32 1.32

30.00 30.00 4.00 1.00 0.40 0.1 2.08 1.83

40.00 40.00 2.00 1.00 0.10 0.2 7.76 7.98

40.00 40.00 2.00 1.00 0.40 0 3.82 3.83

40.00 40.00 3.00 1.00 0.20 0.4 3.56 3.74

40.00 40.00 3.00 1.00 0.30 0.5 2.16 2.28

40.00 40.00 3.00 1.00 0.40 0 3.8 3.77

40.00 40.00 4.00 1.00 0.10 0.1 10.14 9.9

40.00 40.00 4.00 1.00 0.30 0.3 3.44 3.61

40.00 40.00 3.00 0.60 0.20 0.2 5.56 5.52

40.00 40.00 3.00 1.50 0.10 0 12 11.7

40.00 40.00 3.00 1.50 0.50 0.4 1.38 1.28

50.00 50.00 2.00 1.00 0.10 0.3 9.83 10.1

50.00 50.00 3.00 1.00 0.10 0.5 5.28 5.59

50.00 50.00 4.00 1.00 0.30 0.4 3.84 3.61

50.00 50.00 2.00 0.60 0.20 0.1 9.5 9.03

50.00 50.00 2.00 0.60 0.50 0 3.18 3.37

50.00 50.00 4.00 0.60 0.30 0.2 5.7 5.53

50.00 50.00 4.00 0.60 0.50 0 3.52 3.53

50.00 50.00 4.00 0.60 0.50 0.1 3.14 3.13

50.00 50.00 4.00 0.60 0.50 0.2 2.8 2.81

50.00 50.00 4.00 0.60 0.50 0.3 2.32 2.52

50.00 50.00 4.00 0.60 0.50 0.4 1.88 2.2

50.00 50.00 4.00 0.60 0.50 0.5 1.48 1.86
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structural elements has a huge significance in the moderniza-
tion of the construction design processes. Most of the exper-
imental models for the determination of fire resistance are
extremely expensive, and analytical models are quite compli-
cated and time-consuming. That is why a modern type of
analyses, such as modeling through fuzzy neural networks,
can help, especially in those cases where some prior analyses
were already made.

This paper presents some of the positive aspects of their
application for the determination the fire resistance of
eccentrically loaded RC columns exposed to standard fire
from one side. The influence of the cross-sectional dimen-
sions, thickness of the protective concrete layer, percentage
of reinforcement, and the intensity of the applied loads to
the fire resistance of eccentrically loaded RC columns were
analyzed using the program FIRE. The results of the per-
formed numerical analyses were used as input parameters
for training of the ANFIS model. The obtained outputs
demonstrate that the ANFIS model is capable of predicting
the fire resistance of the analyzed RC columns.

The results from this research are proof of the successful
application of fuzzy neural networks for easily and simply
solving actual complex problems in the field of construction.
The obtained results, as well as the aforementioned conclud-
ing considerations, emphasize the efficiency and practicality
of applying this innovative technique for the development
of management models, decision making, and assessment
of problems encountered during the planning and imple-
mentation of construction projects/works.

A fundamental approach based on the application of
fuzzy neural networks enables advanced and successful
modeling of fire resistance of reinforced concrete columns
embedded in the fire compartment wall, exposed to fire on
one side, thus overcoming defects typical for traditional
methods of mathematical modeling.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.
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