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Abstract. In the present paper the investigation of the problem of reinforced concrete (r/c) 
buildings’ seismic damage prediction is exhibited utilizing Artificial Neural Networks (ANN). 
More specifically, the problem is formulated and solved in terms of the Pattern Recognition 
Problem using Multilayer Feedforward Perceptron Networks (MFP). The networks are 
trained by the implementation of two training algorithms: the Scaled Conjugate Gradient al-
gorithm (SCG) and the Resilient Back-Propagation algorithm (RP). The training data-set is 
created by means of Nonlinear Time History Analyses (NTHA) of 30 r/c buildings which are 
subjected to 65 earthquakes. The selected buildings have different heights, structural systems 
and structural eccentricities, and are designed on the basis of the suggestions of Eurocodes. 
The damage index which is used to describe the seismic damage state of buildings is the Max-
imum Interstorey Drift Ratio (MIDR). In the context of the present paper the influence of the 
number and the combination of seismic parameters which describe the level of impact of 
seismic excitations on the r/c buildings is also investigated. To this end, 8 different and widely 
used seismic parameters are utilized. Furthermore, the influence of the number of hidden lay-
ers, the number of neurons in the hidden layers, as well as the activation functions of neurons 
is also examined. The generalization abilities of the optimum configured ANNs are investigat-
ed through the assessment of their performance in the case of prediction of seismic damage 
state of the selected buildings subjected to 16 earthquakes different from the earthquakes 
which are used in the creation of the training data-set. The most significant conclusion that 
turned out is that the ANNs can reliably classify the r/c buildings into pre-defined damage 
classes if they are appropriately configured. More specifically, the parametric investigations 
prove that the most important factor for the effective ANNs’ configuration is the activation 
functions of output layer’s neurons (tansig function) as well as the number of the hidden lay-
ers (the utilization of two hidden layers leads to better results). As regards the examination of 
the optimum number and combination of seismic input parameters (using the “Stepwise” sen-
sitivity analysis method) it is proved that are dependent on the utilized training algorithm. 

3163

Available online at www.eccomasproceedia.org 
Eccomas Proceedia COMPDYN (2017) 3163-3188 

© 2017 The Authors. Published by Eccomas Proceedia.
Peer-review under responsibility of the organizing committee of COMPDYN 2017. 
doi: 10.7712/120117.5636.17237



K.E. Morfidis, and K.G. Kostinakis 

1  INTRODUCTION 
The assessment of seismic damage level in case of r/c structures is at the core of the civil 

engineering research globally, since a large number of strong earthquakes that happened in 
the past have caused extensive structural damages and human losses. As a consequence, nu-
merous researchers have published studies dealing with the methods that can be used in order 
to estimate the seismic vulnerability of existing buildings. The research studies can be classi-
fied into two general categories: a) studies dealing with the development of methods that can 
estimate the seismic performance of individual buildings and b) studies dealing with the de-
velopment of methods that can rapidly assess the seismic vulnerability of groups of buildings 
with common structural characteristics. The research studies belonging to the first category 
resulted in analytical methodologies of assessment which are based on linear and nonlinear 
methods that have been adopted by modern seismic codes (e.g. [1, 2, 3]). Respectively, the 
researches belonging to the second category led to the development of methodologies that can 
accomplish the approximate assessment of the seismic vulnerability of buildings' groups with 
common structural characteristics (e.g. rapid screening methods; damage probability matrices; 
fragile curves, see for example [4, 5, 6]. These methods can be used in order to estimate the 
buildings' seismic vulnerability in a very short time comparing with the methods of the first 
category, with the price of losing accuracy. However, the merit of these approximate methods 
is important, since the use of them can lead to rapid and reliable decisions about the need for 
further investigation of buildings' seismic performance. 

In the context of the direct (though approximate) assessment of the seismic vulnerability of 
buildings' groups with common structural characteristics, in the past 25 years many research 
studies have been conducted aiming to utilize the capacities of artificial intelligence, such as 
the Artificial Neural Networks (ANNs). The ANNs are complex computational structures, 
which attempt to mimic the operations of the biological (human or animal) brain and the cen-
tral nervous system and are used for the solution of complex problems with the aid of com-
puters using algorithms based on different philosophy than the conventional ones (see e.g. 
[7]). Although the ANNs have been developed on an idea that dates back to the 1940s [8], the 
first thorough investigation dealing with the use of them for the direct (in real time) estima-
tion of the level of structural seismic damage was published in 1995 [9]. Since then, this ap-
proach has been the subject of numerous research studies (e.g. [10, 11]), which led to highly 
important and interesting results. These results designate the ability of ANNs to predict the 
potential seismic damage of buildings in an approximate but generally reliable way. 

The aim of the present study is to further investigate the ability of ANNs to reliably predict 
the seismic damage level of r/c buildings. More specifically, the problem is formed and 
solved as a pattern recognition problem. Problems of this type can be solved reliably using 
ANNs. For the needs of the investigation, the training of the ANNs was achieved with the aid 
of a data set created using results from Nonlinear Time History Analyses of 30 r/c buildings 
with different heights, structural systems and structural eccentricities, subjected to 65 actual 
ground motions. The Maximum Interstorey Drift Ratio (MIDR), (e.g. [12]) was used as the 
damage index. As a consequence, 1950 (30 x 65) values of MIDR resulted from the analyses 
conducted. These values were categorized into five general damage levels, into which the in-
vestigated buildings were classified with the aid of the ANNs. The training of the ANNs was 
made by using both the Scaled Conjugate Gradient algorithm (SCG, [13]) and the Resilient 
Back-Propagation algorithm (RP, [14]). Moreover, the number and the combination of the 
seismic parameters leading to the strongest correlation between the analyses results and the 
results produced by the ANNs was investigated. To this end, 8 different and widely used 
seismic parameters were examined. Furthermore, the influence of the number of hidden layers, 

3164



K.E. Morfidis, and K.G. Kostinakis 
 
the number of neurons in the hidden layers, as well as the activation functions of neurons was 
also examined. The prediction ability of the trained ANNs was checked through the prediction 
they made in the case of future earthquakes and it was demonstrated that they can extract es-
pecially reliable (though approximate) results. 

2 THE ARIFICIAL NEURAL NETWORKS 
It is well-known that the Artificial Neural Networks (ANNs) are complex computational 

structures which are capable to solve problems using the general rules of the human brain 
functions (see e.g. [7]). Thus, using ANNs it is feasible to approximate the solution of prob-
lems such as pattern recognition, classification and function approximation problem. 

The ANNs’ function is based on the combined action of interconnected processing units 
that are called artificial neurons (Figure 1(a)). The artificial neuron receives input signals (x1, 
x2,…., xm) and transform them to an output signal (yk) through the use of an adder (which 
adds the products of the input signals by the respective synaptic weights (wk1, wk2,…., wkm) of 
neuron’s synapses), and the use of an activation function (which has as argument the uk that 
results from the adder and transform it to the output signal yk). 

 
Figure 1: The artificial neuron (a), typical configuration of a multilayer feedforward perceptron ANN (b). 

In Figure 1(b) the typical configuration of a Multilayer Feedforward Perceptron (MFP) 
type ANN with four layers of neurons (input layer, two hidden layers and output layer) is pre-
sented. MFP networks were selected for the analyses which were conducted in order to 
achieve the objective of the present investigation. The solution of problems through the utili-
zation of ANNs is accomplished if they have been trained. The training of ANNs is achieved 
by procedures which are called training algorithms. These algorithms require a set of n input 
vectors x and the corresponding to them n output vectors d that called target vectors. The n 
pairs of vectors x and vectors d constitute the training data-set. During the training procedure, 
the values of the synaptic weights (w) are successively altered until the error vector e(w) 
[e(w)=d-o(w), where o(w) is the output vector] that is produced by the ANN is minimized. 
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3 FORMULATION OF THE SEISMIC DAMAGE PREDICTION PROBLEM AS A 

PATTERN RECOGNITION PROBLEM USING ANNs 
As “pattern recognition” is defined the procedure of the detection and identifica-

tion/classification of objects in specific categories (patterns). The solution of the pattern 
recognition problem is approached by the utilization of several methods (see e.g. [15]). One of 
these methods is based on the use of ANNs. In this section, it will be presented the procedure 
by which the problem of the r/c buildings’ seismic damage prediction is formulated as a pat-
tern recognition problem. The steps which are required for this formulation are illustrated in 
the flowchart of Figure 2. In this diagram the choices which were made for some of the prob-
lem’s parameters in the current investigation are also presented. Detailed description of all 
selected parameters will be given in the following subsections.  

SELECTION OF INPUT PARAMETERS
(Type and number of: the structural and the seismic parameters)

SELECTION OF OUTPUT PARAMETERS

Selection of formulation of damage index

Output: The classification of MIDR values in certain categories

TRAINING DATA SET GENERATION
(Formation of the set of input and target vectors using nonlinear time history analysis)

SELECTION OF TRAINING ALGORITHMS

SELECTION OF ANN's TYPE

(a) Resilient Propagation algorithm (RP)
(b) Scaled Conjugate Gradient algorithm (SCG)

CONFIGURATION OF ANNs
Selection of parameters (e.g. number of hidden layers, number of neurons, activation functions)

Maximum Interstorey Drift Ratio (MIDR)

[Some of these parameters were selected after parametric investigation (see section 4)]

Multilayer Feedforward Perceptron (MFP)

 
Figure 2: The procedure of the formulation of the pattern recognition problem. 

3.1 Selection of the type of ANNs 
As mentioned in the section 2, in the present investigation MFP networks were utilized. In 

the networks of this type, the neurons in any layer are connected to all neurons in the adjacent 
layer (Figure 1b). This choice was based on the fact that this type of ANNs was successfully 
used in many published investigations which are related to the subject of the present investi-
gation (see e.g. [10, 11, 16, 17, 18]).  

3.2 Selection of the input parameters 
The ANNs are computational structures which are capable to handle and approach the so-

lution of multiparametric problems. This feature gives the flexibility to select the number of 
the parameters (input parameters) through which a problem can be described. The parameters 
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which describe the problem of the prediction of the seismic damage of r/c buildings can be 
grouped in two categories: the structural parameters and the seismic parameters. 

The structural parameters are used for the description of the buildings’ response on earth-
quake excitations. In the case of the vulnerability assessment of existing r/c buildings, the 
widespread methods such as the fragility curves method (see e.g. [5, 6]) utilize macroscopic 
characteristics which are related to the geometric morphology and the structural system. In the 
present study 4 structural parameters were selected: the total height of buildings Htot, the ratio 
of the base shear that is received by r/c walls (if exist) along two perpendicular directions x 
and y (ratio nvx and ratio nvy), and the structural eccentricity e0. 

As regards the seismic parameters which are used to describe the seismic excitations and 
their impact to structures, there are many definitions which are resulted from the analysis of 
accelerograms records (see e.g. [19]). These parameters can be classified to: (a) seismic pa-
rameters determined from the time histories of the records; (b) seismic parameters determined 
from the response spectra of the records; (c) seismic parameters accounting for the earth-
quake's frequency content and (d) seismic parameters based on the earthquake's duration. For 
the investigation conducted in the present study, the 8 seismic parameters illustrated in Table 
1 have been chosen. 

Ground Motion Parameter Calculation procedure Category 
Peak Ground Acceleration: PGA max|a(t)| Seismic parameters determined 

from the time histories of the 
records. 

[a(t), v(t), d(t) are the acceleration, 
velocity and displacement time 

history respectively] 

Peak Ground Velocity: PGV max|v(t)| 
Peak Ground Displacement: PGD max|d(t)| 

Arias Intensity: Ia 
tott 2

a 0
I = (π / 2g) [a(t)] dt³  

Acceleration Spectrum Intensity: ASI 
0.5

a0.1
ASI = S (ξ = 0.05,Τ)dT³  

Seismic parameters determined 
from the response spectra of the 

records. 
(Sa is the acceleration spectrum, 
PSV is the pseudovelocity spec-

trum, ξ is the damping ratio) 
Housner Intensity: HI 

2.5

0.1
HI = PSV(ξ = 0.05,Τ)dT³  

Vmax/Amax (PGV/ PGA) max|v(t)|/max|a(t)| 
Seismic parameter accounting 
for the earthquake's frequency 

content. 

Time of Uniform Duration: TUD Special algorithm  
(e.g. [20]) 

Seismic parameter based on the 
earthquake's duration. 

[TUD is the total time during 
which the ground acceleration is 

larger than a given threshold value 
(usually 5% of PGA)] 

Table 1: Examined ground motion parameters. 

Thus, in the present study 12 input parameters (4 structural and 8 seismic) were selected. 
Therefore, the input vector of ANNs x has the general form which is given by the Eq. (1). 

> @
> @

T
seism struct

TT
seism a struct tot 0 vx vyPGA PGV PGD I ASI HI PGV / PGA TUD H e n n,

 

ª º  ¬ ¼

x x x

x x
 

(1) 
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However, it must be stressed that the dimension of the input vector x was not considered 
constant (12x1) in the analyses conducted in the present study. As will presented in the sec-
tion 4, the number and the combination of the seismic parameters in the input vector x were 
investigated in order to accomplish the optimum performance of ANNs, i.e. the optimum pre-
diction of the seismic damage. Thus, the dimension of the used input vectors was fluctuated 
between (5x1), i.e. 1 seismic parameter plus 4 structural parameters, and (12x1).  

3.3 Selection of the output parameters 
Due to the fact that the problem which is investigated in the present study is the r/c build-

ings’ seismic damage prediction using ANNs, the first step in the procedure of the selection of 
the networks’ output parameters is the choice of an appropriate damage index. As it is well-
known, the damage indices are used for the numerical modeling of the damage level in the 
vulnerability assessment of structures, and can be grouped into categories based on whether 
they are local or global, deterministic or probabilistic, structural or financial (e.g. [21]). In the 
present study, the seismic damage of r/c buildings was expressed in terms of the Maximum 
Interstorey Drift Ratio (MIDR). The MIDR is a global and structural damage index which is 
generally considered as a reliable indicator of structural and nonstructural seismic damage of 
r/c buildings (e.g. [22]), and has been used for the evaluation of seismic response of structures 
(e.g. [23]). Indicative calculation of the MIDR value in the case of a n-storey building with a 
rectangular plan-view is shown in Figure 3. 

 
Figure 3: Indicative calculation of the MIDR value in the case of a n-storey building with rectangular plan-view. 

The formulation of the investigated problem as a pattern recognition problem requires the 
definition of classes into which a r/c building can be classified on the basis of its damage level 
after an earthquake. To this end, in the present study five damage states were defined using 
specific limit values of the MIDR. These damage states (valid for r/c buildings) are presented 
in the Table 2 (see e.g. [24]). 
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MIDR (%) <0.25 0.25-0.50 0.50-1.00 1.00-1.50 >1.50 
Degree of damage Null Slight Moderate Heavy Destruction 

Table 2: Relation between MIDR and damage state. 

Using the five damage states which are defined in the Table 2 any r/c building which is 
subjected to an earthquake can be classified on the basis of its corresponding MIDR value. In 
terms of ANNs this means that any input vector x can be classified on the basis on its corre-
sponding output vector o (or target vector d in the case in which the input vector is a training 
vector) in one of the five damage states of Table 2. Thus, the output vectors as well as the tar-
get vectors must have dimension (5x1). In other words, the number of outputs of ANNs in the 
present case is five. The general form of the output vectors is given (using an example) in 
Figure 4. 

o =

o1

MIDR

MIDR=0.72%
Example:o2

o3

o4

o5

<0.25%
(0.25%-0.50%]
(0.50%-1.00%]
(1.00%-1.50%]

>1.50%

o =

0
0
1
0
0

 
Figure 4: General form of output vectors o. 

As it emerges from Figure 4, each element of a vector o represents one of the five clas-
ses/damage states of Table 2 and attains value equal to 1 if the corresponding MIDR belongs 
to the interval of values which define the specific damage state. Otherwise, it attains value 
equal to 0. 

3.4 Training data-set generation 
The procedure which is conducted for the generation of the training data-set is presented in 

the flowchart of the Figure 5. The steps of this procedure will be described subsequently. 

SELECTION OF 30 3D R/C BUILDINGS
Criteria: (a) Realistic configuration of  buildings ("actual" buildings)

SELECTION OF 65 GROUND MOTIONS - Calculation of values of the seismic parameters
(Criterion: Coverage of a wide range for the values of the selected seismic parameters

MODELING OF LINEAR BEHAVIOR     ANALYSIS & DESIGN OF SELECTED BUILDINGS
(Following the reccomentations of EN1992-1-1 and EN1998-1)

MODELING OF NONLINEAR BEHAVIOR AND ANALYSIS
(Performing Nonlinear Time History Analyses for the 30 r/c buildings subjected to 65 ground motions)

Data for the MIDR calculation

POST-PROSECCING OF THE RESULTS OF THE NONLINEAR TIME HISTORY ANALYSES
Calculation of MIDR for the1950(=30x65) analysis cases

(b) Coverage of a wide range for the values of the selected structural parameters

 
Figure 5: Procedure for the design and generation of the training data-set. 
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(a) Selection of 30 r/c buildings: The selected buildings (rectangular in plan and regular in 
elevation according to the criteria set by EN1998-1), differ in the total height Htot, the struc-
tural eccentricity e0 (=the distance between the mass center and the stiffness center of sto-
reys), as well as the ratios of the base shear nvx and nvy that are received by the r/c walls (if 
they exist) along two perpendicular axes (axes x and y). The values of the above structural 
parameters for the selected buildings are given in Table 3. 

No. nst 
Lx  
(m) 

Ly  
(m) eo (m) nvx 

(%) 
nvy 
(%)  No. nst 

Lx  
(m) 

Ly  
(m) eo(m) nvx 

(%) 
nvy 
(%) 

1 3 13.5 10.0 0.0 0.0 0.0  16 3 13.0 9.0 0.98 0.0 0.0 
2 5 20.0 14.0 0.0 0.0 0.0  17 5 17.5 10.0 2.58 0.0 0.0 
3 7 20.0 14.0 0.0 0.0 0.0  18 7 17.5 10.0 2.39 0.0 0.0 
4 3 15.0 10.0 0.0 73.0 76.0  19 3 13.5 9.0 4.65 52.0 46.0 
5 5 19.0 16.2 0.0 77.0 80.0  20 5 16.0 14.5 4.19 43.0 42.0 
6 7 19.0 16.2 0.0 57.0 64.0  21 7 16.0 14.5 3.79 37.0 36.0 
7 3 15.0 15.0 0.0 41.0 41.0  22 3 13.5 9.0 2.23 47.0 0.0 
8 5 21.2 18.7 0.0 46.0 50.0  23 5 16.0 14.5 2.65 38.0 0.0 
9 7 21.2 18.7 0.0 43.0 46.0  24 7 16.0 14.5 2.49 35.0 0.0 
10 3 17.0 12.5 0.0 43.0 0.0  25 3 14.5 9.0 3.53 64.0 0.0 
11 5 20.2 15.2 0.0 41.0 0.0  26 5 14.0 16.0 3.01 0.0 69.0 
12 7 20.2 15.2 0.0 38.0 0.0  27 7 14.0 16.0 3.01 0.0 65.0 
13 3 15.0 10.0 0.0 77.0 0.0  28 3 13.5 10.0 6.73 64.0 58.0 
14 5 20.2 15.2 0.0 68.0 0.0  29 5 16.5 16.5 6.29 65.0 72.0 
15 7 20.2 15.2 0.0 51.0 0.0  30 7 16.5 16.5 5.96 59.0 67.0 

Table 3: Values of structural parameters of the selected r/c buildings. 

In Table 3 e0=(e0x
2+e0y

2)1/2, where e0x, e0y are the structural eccentricities along axes x and y. 

(b) Selection of ground motions: A suite of 65 pairs of horizontal bidirectional earthquake 
ground motions obtained from the PEER [25] and the European strong-Motion database [26] 
was selected. The main criterion used for the selection of these excitations was to cover a 
large variety of realistic values for the 8 ground motion parameters considered in the present 
investigation (see Tables 1 and 4). The seismic parameters for each ground motion were de-
termined as the geometric mean values of the parameters corresponding to the two horizontal 
components of each earthquake record. 

Ground Motion Parameter Units Minimum Value Maximum Value 
PGA %g 0.004 0.822 
PGV cm/sec 0.86 99.35 
PGD cm 0.36 60.19 

Ia m/sec ≈0.0 5.592 
ASI g·sec 0.003 0.633 
HI cm 3.94 317.6 

PGV/PGA sec 0. 036 0.336 
TUD sec ≈0.0 17.68 

Table 4: Ranges of values of the selected seismic parameters. 

(c) Modeling of linear behavior, analysis and design of selected buildings: The selected build-
ings (which were considered as Medium Ductility Class structures) were modeled, analyzed 
and designed based on the provisions of EN1992-1-1 [27] and EN1998-1 [28] (using the pro-
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fessional analysis and design program RAF [29]). It must by stressed that in any case the 
choice of the dimensions of the r/c members’ cross-sections, as well as of their reinforcement, 
was made while bearing in mind the optimum exploitation of steel (S500B) and concrete 
(C20/25). 

(d) Nonlinear modeling and analysis (Nonlinear Time History Analyses) – Calculation of 
Damage Index MIDR: Τhe buildings' nonlinear behaviour was modeled by means of lumped 
plasticity models at the column and beam ends, as well as at the base of the walls. The materi-
al inelasticity of the structural members was modeled with the aid of the Modified Takeda 
hysteresis rule [30]. The effects of the axial load-biaxial bending moments (P-M1-M2) interac-
tion at column and wall hinges were taken into account by using the P-M1-M2 interaction dia-
gram, which is implemented in the software adopted for the application of the analyses. 

After the nonlinear modeling, the 30 selected r/c buildings were analyzed by Nonlinear 
Time History Analysis (NTHA) for each one of the 65 earthquake ground motion pairs. Thus, 
a total of 1950 NTHA (30 buildings x 65 earthquake records) were performed with the aid of 
the computer program Ruaumoko [31]. For each one of the 1950 analyses, the required data 
for the MIDR calculation were exported.  

(e) Post-processing of the results of NTHA – Calculation of MIDR: The last step of the proce-
dure for the training data-set generation (Figure 5) is the processing of the results of NTHA in 
order to calculate the MIDR values of the analyzed buildings. To this end, a computer code in 
Visual Basic was developed. This code calculates firstly the MIDR values following the pro-
cedure which is presented in Figure 3 and subsequently configures the target vectors d in the 
form which is given in Figure 4. 

Thus, following the above procedure, 1950 training vectors x with dimension (12x1) which 
are described by Eq. (1) were created. Also, the corresponding 1950 target vectors d (dimen-
sion (5x1), Figure 4) were created. 

3.5 Selection of training algorithms 
Two training algorithms were adopted:  the Resilient Backpropagation algorithm (“RP” al-

gorithm, [14]) and the Scaled Conjugate Gradient algorithm (“SCG” algorithm, [13]). The RP 
algorithm constitutes a variation of methods which are based on variable learning rate and it is 
recommended for the quick and reliable solution of pattern recognition problems (see e.g. [32, 
33]). The algorithm SCG belongs to the specific class of Conjugate Gradient (CG) methods, 
which can effectively handle large-scale problems. Furthermore, special features of the SCG 
algorithm are its fastness, as well as the fact that it does not contain user-dependent parame-
ters. 

3.6 Configuration of ANNs 
The last step of the procedure for the formulation and solution of the seismic damage pre-

diction problem as a pattern recognition problem using ANNs, is the configuration of the 
networks. More specifically, this step concerns the choice of the parameters which are re-
quired for the configuration of the used ANNs. These parameters are: (a) the number of the 
hidden layers; (b) the number of neurons in each hidden layer; (c) the activation functions of 
neurons; (d) the performance evaluation parameters; (e) the normalization functions of the 
input and output values and (f) the method for partitioning the data set in training, validation 
and testing subsets. 
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In the present study, specific choices for some of the aforementioned parameters were 
made, while for some others more than one choice were made. These choices are the follow-
ing: 
(a) Number of the hidden layers: ANNs with one or two hidden layers were selected. 
(b) Number of neurons in hidden layers: The optimum number of neurons in hidden layers is 

not uniquely defined for all problems. Furthermore, there is no a direct method for its de-
termination, so the trial and error method is always adopted. In the context of the present 
study, an investigation for the determination of the optimum number of neurons in hidden 
layers was conducted. More specifically, ANNs with a number of neurons in hidden lay-
ers that ranges between 10 and 60 were configured. Then, the number of neurons that led 
to the optimum results in each examined case was determined. In section 4, more details 
will be given. 

(c) Activation functions of neurons: Two different types of activation functions for neurons 
were used: the sigmoid function (logistic - logsig) and the hyperbolic tangent function 
(tansig), (Figure 1(a)). The choice of using two activation functions (instead of using a 
single one) was made in order to investigate the optimum efficiency of the ANNs. 

(d) Performance evaluation parameters: The performance evaluation parameters are indices 
which are used for the assessment of ANNs’ prediction abilities. In the case of solution of 
a pattern recognition problem the most useful tools for the evaluation of ANNs are the 
Confusion Matrices - CM (see e.g. [32, 34]). The general form of a CM (for a three-class 
problem) is presented in Figure 6.  

 
Figure 6: General form of a confusion matrix for a three-class problem 

On the basis of CMs three types of metrics for ANNs’ prediction accuracy are defined, 
namely the “Recall” index, the “Precision” index and the “Overall Accuracy” index (Fig-
ure 6). In the present study, the “Overall Accuracy” or (OA) index was mainly used. 
However, for the evaluation of the several configurations of the ANNs which were exam-
ined the corresponding CMs are also presented and evaluated in section 4. 

(e) Normalization functions for the input and target vectors’ elements: The utilization of 
functions which normalize the values of the elements of input vectors x before these vec-
tors introduced to ANNs is considered as necessary in order to optimize the training (e.g. 
[35]). The same transformation is also required for the elements of the target vectors d. A 
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function, through which the elements of input and the target vectors of the data set attain 
values in the range [-1,1], was selected in the present study [32]. 

(f) Partition of the data-set: The partition of the data-set in three sub-sets, namely the train-
ing, the validation and the testing sub-set is recommended in order to ensure good gener-
alization of networks and to avoid the overfitting (e.g. [36]). In the present study, the 
partition of the data-set in training, validation and testing sub-sets was done in any case 
using the ratio 70%/15%/15% respectively. The training and target vectors, which consist 
of the three sub-sets, were chosen randomly [32]. 

4 PARAMETRIC INVESTIGATION FOR THE OPTIMUM PERFORMANCE OF 
ANNS 

In this section the results of the parametric analyses which were conducted for the investi-
gation of optimum ANNs’ seismic damage prediction is exhibited. More specifically, the aim 
of these analyses was the investigation of the influence of: 
(a) the number and the combination of seismic input parameters, 
(b) the type of the neurons’ activation functions, 
(c) the training algorithms, 
(d) the number of neurons in hidden layers, and 
(e) the number of hidden layers 
to the ANNs’ performance. 

This investigation was conducted in two parts. In the first part ANNs with one hidden layer 
were utilized. In this part the influence of the factors (a)-(d) were investigated. In the second 
part, ANNs with two hidden layers were used. It must be noted that in the second part of in-
vestigation, specific conclusions of the first part (such as conclusions about the influence of 
the number and the combination of seismic input parameters as well as the influence of the 
type of the neurons’ activation functions) were taken into consideration in order to reduce the 
number of required training procedures, which is significantly more in the case of ANNs with 
two hidden layers. For example, in the case of ANNs with one hidden layer, the number of 
different combinations of activation functions’ types in the hidden and output layer is 4 (i.e. 
logsig/logsig, tansig/tansig, logsig/tansig and tansig/logsig). The corresponding number in the 
case of ANNs with two hidden layers is 8. If we also take into consideration the fact that the 
investigation of the optimum number of neurons required training procedures for ANNs with 
different number of neurons in each hidden layer (10÷60 as it will be presented in the follow-
ing subsections), it is clear that the total number of the required calculations in the case of 
ANNs with two hidden layers is significantly greater. 

4.1  Investigation of optimum performance of ANNs with one hidden layer 
The investigation of the optimum performance of ANNs with one hidden layer was con-

ducted in three stages. In each stage, different number of seismic input parameters was con-
sidered: 
(a) Stage 1: Each one of the 8 seismic input parameters of Table 1, and the 4 considered struc-

tural parameters were introduced into the input vectors x (Eq. 1). Therefore, eight different 
types of input vectors were formed (with dimension (5x1)). 

(b) Stage 2: The 8 seismic input parameters of Table 1 were introduced simultaneously with 
the 4 structural parameters into the input vectors x. Therefore, one type of input vectors 
was formed (with dimension (12x1)). 

(c) Stage 3: Using the two versions of “Stepwise” sensitivity analysis method [37, 38, 39] the 
number and the combination of seismic input parameters which lead to the optimum 
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ANNs’ predictions for the seismic damage state of r/c buildings was investigated. Thus, in 
this stage input vectors with dimension between (5x1) and (12x1) were formed.  
The Stages 1 and 2 were utilized for the detection of the optimum combination of neurons’ 

activation functions in the hidden and the output layer between the 4 possible combinations. 
Thus, the analyses of the Stage 3 were conducted only for the optimum combination of these 
functions, but for both of the two training algorithms which were considered in the present 
study (RP and SCG). For the training of the investigated ANNs in Stages 1 and 2 a specific 
procedure was performed in order to detect the number of neurons in hidden layer which leads 
to the best predictions. This procedure is described in Figure 7. 

Number of hidden layers (hl): 1

AF of the output layer (ol) neurons
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AFhl=tansig
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logsig
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CTEP

(

Synaptic Weights (SW) and 

the optimum nn hl hl
optimumnn

 
Figure 7: Calculations’ procedure of Stages 1 and 2 

It must be noted that the Evaluation Parameter (EP) in Figure 7 is the Overall Accuracy 
(OA) index which is defined in Figure 6. It must also be stressed that the Evaluation Parame-
ter OA was calculated in any case on the basis of the samples which belong to the testing sub-
set. This set, is used to control the generalization ability of the trained ANNs. Thus, the results 
of the current investigation have wider validity because they are exported from a data sub-set 
which is comprised of training and target vectors that are not used to optimize the values of 
ANNs’ synaptic weights, but is comprised of unseen vectors. As turns out from the Figure 7, 
for each ANN which was configured, 75 training procedures were conducted. This is due to 
the fact that differences in the performance of the networks are caused by the initial values of 
the synaptic weights and biases (see e.g. [11]), and also due to the random composition of the 
three sub-sets of the data set (training, validation and testing data sub-sets). The best trained 
network (optimum trained network) for each one of the different ANN architectures was final-
ly adopted in the procedure. 
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Figure 8: Overall Accuracy which is extracted from ANNs with one hidden layer and one seismic input parame-
ter trained using the RP algorithm 
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Figure 9: Overall Accuracy which is extracted from ANNs with one hidden layer and one seismic input parame-
ter trained using the SCG algorithm 

Figures 8 and 9 present the results of analyses of Stages 1 and 2. From these Figures, the 
following conclusions can be drawn: 
• The ANNs in which the tansig function is used in the output layer extract higher values for 

OA index than the values which are extracted from ANNs with logsig function in this layer. 
This conclusion is valid either in cases in which one of the studied seismic input parameter 
is used or in the case in which all studied seismic input parameters are introduced to ANNs 
(horizontal red lines in Figures 8 and 9). For example, when the HI parameter is used as 
seismic input parameter the values of the OA index which are exported from ANNs with 
tansig function in their output layer fluctuate between 76.8% and 79.9%, whereas the cor-
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responding fluctuation range in the case of the utilization of logsig function in the output 
layer is 51.9%-56.7%. 

• The training algorithm has significantly less influence to the ANNs’ prediction ability than 
the type of the output layer’s activation function. For example, when all the studied seismic 
input parameters are introduced to networks the value of the OA index is equal to 80.9% in 
the case of utilization of RP algorithm and equal to 79.5% in the case of utilization of SCG 
algorithm for the training of ANNs with logsig function in the hidden layer and tansig 
function in the output layer (Figures 8(c) and 9(c)). Similar differences are observed for all 
the other combinations of activation functions in the hidden and the output layer. 

• The ranking of the seismic input parameters concerning their importance (i.e. concerning 
the value of OA index which is extracted from ANNs when only one of them is imported 
to input vectors) is identical and independent of the training algorithm and of the type of 
hidden layer’s activation functions only in the case of utilization of function tansig in the 
output layer (Figures 8(c), 8(d), 9(c), 9(d)). 

• In almost all cases which are presented in Figures 8 and 9 the most effective seismic input 
parameter is the Housner Intensity (HI). Using this parameter as the only seismic input in 
the input vectors, values between 76.8% and 79.9% for the OA index are achieved in the 
case of utilization of the tansig activation function in the output layer. The corresponding 
values in the case of utilization of the logsig function range between 51.9% and 56.7%. On 
the contrary, the less effective seismic input parameters in all studied cases are the ratio 
PGV/PGA and the PGD. It must also be noted that the difference between the OA values 
which are extracted using the most effective seismic parameter and the corresponding val-
ues which are extracted using the less effective seismic parameter is almost double in the 
case in which the tansig function is used in the networks’ output layer over the case in 
which the logsig function is used.  

• The level of effectiveness of the HI parameter as the only seismic input parameter in input 
vectors approaches the corresponding level which is achieved when all seismic parameters 
are introduced in input vectors, mainly in the case of the utilization of tansig function in 
the output layer. As turns out from the Figures 8(c), 8(d), 9(c), 9(d) the OA values which 
are extracted using only the HI parameter in the input vectors are only 1.3%-4.2% smaller 
than the corresponding values which are extracted when all seismic parameters are intro-
duced. Similar level of divergence is not observed if the logsig function is used in the out-
put layer. 
As mentioned above, in the Stage 3 of the investigation of one hidden layer ANNs’ per-

formance concerning to the seismic damage prediction, the optimum number and combination 
of seismic input parameters (i.e. the number and the combination of seismic input parameters 
which lead to the optimum ANNs’ predictions for the seismic damage state) was investigated. 
To this end the two versions of the “Stepwise” sensitivity analysis method i.e. the “Forward 
Stepwise Method” (FSM), and the “Backward Stepwise Method” (BSM) were utilized. The 
“Stepwise” method is widely used for the investigation of importance of the parameters which 
affect multi-parametric problems with unknown mathematical formulation. The Stepwise 
Method consists of adding (FSM) or rejecting (BSM) step-by-step one input parameter of the 
network [37]. Thus, at each step, a new ANN is configured and is trained by the use of the 
available training data-set. The performance of the new network of each step is assessed (i.e. 
the OA index is calculated). On the basis of the changes of the performance parameter’s val-
ues, the input parameters are ranked according to their importance. The sequence of FSM’s 
and BSM’s steps is presented in details by Morfidis and Kostinakis [40]. It must also be noted 
that the required procedure at each step of the Stepwise method (FSM or BSM) is the proce-
dure which is described in the Figure 7. Thus, it is obvious that the amount of calculations 
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which are required for the complete implementation of the FSM and the BSM is significantly 
great. In order to make this statement clear it can be noted that in the present study (in which 
the influence of 8 seismic input parameters was examined) the full implementation of FSM 
and BSM required 8 steps each [40]. In each of these steps the procedure of Figure 7 was im-
plemented. For this reason, in the present study the full implementation of the FSM and BSM 
was conducted only for ANNs with tansig function in the hidden and the output layer, but for 
the both of two training algorithms which were utilized (RP and SCG). 

Figure 10 illustrates the results of the full implementation of the “Stepwise” method. More 
specifically, the maximum values of the OA index for each number of seismic input parame-
ters between 1 and 8 in input vectors are presented. These values are the maximum OA index 
values which are exported from all the examined combinations of each method’s step. In Fig-
ure 10 the numbers of neurons in the hidden layer of ANNs which export the maximum OA 
index values are also presented. 
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Figure 10: Maximum values of the Overall Accuracy index from the examined combinations of seismic input 

parameters in the context of the implementation of the “Stepwise” method 

The main conclusions which arise from the Figure 10 are the following: 
• With the exception of the case of only one seismic input parameter, in all other cases the 

maximum value of OA index fluctuates within a narrow range of values (2.39% in the case 
of utilization of RP algorithm and 1.71% in the case of utilization of SCG algorithm). 

• The best performance of ANNs in the case of using the RP training algorithm is accom-
plished when 4 seismic parameters are introduced in input vectors (OA=82.3%). The cor-
responding number of seismic parameters in the case of use of the SCG algorithm is 5 
(OA=81.9%). 

• The optimum number of neurons in the hidden layer is altered randomly. This conclusion 
substantiates the nonexistence of a direct method for its calculation, and the recourse to the 
trial and error procedure. 

• The two utilized training algorithms lead to results which do not differ significantly. Thus, 
the factor “training algorithm” is not considered as a critical factor in the present study. 
In the Table 5 the optimum combinations of seismic input parameters for every number of 

seismic parameters which are introduced in input vectors are presented. 
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 RP algorithm  SCG algorithm 
1 HI  HI 
2 HI-PGD  HI-PGV 
3 HI-PGD-PGA  HI-PGV-PGD 
4 HI-PGD-PGA-ASI  HI-PGV-PGD-PGA 
5 HI-PGD-PGA-ASI-PGV/PGA  HI-PGV-PGD-PGA-PGV/PGA 
6 HI-PGD-PGV-ASI-PGV/PGA-Ia  HI-PGV-PGD-PGA-PGV/PGA-Ia 
7 HI-PGD-PGA-PGV-ASI-PGV/PGA-TUD  HI-PGV-PGD-PGA-PGV/PGA-Ia-ASI 

Table 5: Optimum combinations for each number of seismic input parameters – “Stepwise” method 

From the combined study of the Figure 10 and the Table 5 it is concluded that the optimum 
combination of seismic parameters is consisted of the seismic parameters HI-PGD-PGA-ASI 
in the case of utilization of the RP algorithm, and of the seismic parameters HI-PGV-PGD-
PGA-PGV/PGA in the case of utilization of the SCG algorithm. 
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Figure 11: CMs of classifications made by the best trained (single-hidden layered) ANNs with: (a) one seismic 
input parameter (HI parameter), (b) eight seismic input parameters, (c) the optimum combination of the seismic 

input parameters 
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The evaluation of the performance of ANNs using the OA index is a procedure which 
leads directly to results (i.e. direct comparison between the results which are exported from 
various ANNs’ configuration by means of only one index). However, more detailed study of 
the evaluation of the performance of ANNs in the pattern recognition problem’s solution is 
accomplished through the study of the corresponding CMs and their related metrics (Figure 6). 
In Figure 11 the CMs of the classifications made by the best trained ANNs with one hidden 
layer are illustrated. In the blue colored cells of these matrices the OA index values which 
have been used above for the evaluation of the performance of ANNs are placed. The main 
characteristic of CMs is the information which they give about not only the total accuracy of 
predictions (this is given by the OA index) but also about the percentages of correct classifica-
tions of samples to the classes in which the examined objects can be classified. To this end the 
indices R (Recall index) and P (Precision index) are defined (Figure 6). Valuable information 
about the quality of the predictions of ANNs is also given by the configuration of CMs. More 
specifically, when the vast majority of the non-zero elements of a CM are located about the 
main diagonal means that the ANN achieves an acceptable classification. For example, if all 
the non-zero elements are located in the cells of the main diagonal and in the adjacent cells 
means that the objects are classified into correct classes and into classes which are adjacent to 
them (i.e. if the correct class for an object is the class i, the ANN classifies this object in the 
class i-1 or in class i+1).  Therefore, all predictions/classifications about the expected damage 
states which are made by the ANN in this case are correct or nearby to the correct ones.  

The main conclusions which can be drawn from the Figure 11 are the following: 
• The difference of the quality of classification which is achieved by the ANNs trained using 

the RP algorithm and by the ANNs trained using the SCG algorithm is least and not clear. 
• The vast majority of classifications in all cases which are presented in the Figure 11 are in 

the correct classes (green colored cells) or in classes adjacent to them (yellow colored 
cells). The classifications in categories which are not adjacent to the correct category (grey 
colored cells) are generally very few, especially in the cases in which all seismic parame-
ters or their optimum combination are introduced to input vectors (Figures 11(b), 11(c)). 
For example, in the case of utilizing the RP algorithm, 4 classifications are made in classes 
not adjacent to correct ones when one seismic parameter (the HI parameter) was intro-
duced in input vectors (Figure 11(a)). When the eight examined seismic parameters are in-
troduced to input vectors, the corresponding number of classifications is 1 (Figure 11(b)). 

• The percentages of correct classifications in each one of the 5 damage classes (values of 
indices R and P) are generally high. These percentages are significantly high in the case of 
classes 1 and 5 (with very little exceptions, they are greater than 85%). On the contrary rel-
atively lower percentages of correct classifications in the classes 2, 3 and 4 are achieved, 
especially in the case of introduction of 1 seismic parameter (HI parameter) to input vec-
tors. 

• The quality of classification from the best trained ANNs with one hidden layer can be rated 
as acceptable, because, besides the achieved high percentages of correct classifications 
(OA=80%-82%), the approach which is accomplished for the damage state of the overall 
testing sample is very satisfactory. 

4.2 Investigation of the influence of the second hidden layer to ANNs’ performance 
In the subsection 4.1 the results of the investigation for the optimum configuration of 

ANNs with one hidden layer (first part of the parametric investigation for the optimum per-
formance of ANNs) were presented. As it was mentioned in the introduction of the section 4, 
the second part of the parametric investigation concerns the performance of networks with 
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two hidden layers. For reasons which were emphasized at that point, the investigation of 
ANNs with two hidden layers was based on the basic conclusions which were resulted from 
the corresponding investigation of the single layered ANNs. Thus, networks with tansig func-
tions in the two hidden and the output layer were examined. Due to the fact that no clear con-
clusion was extracted about the more effective training algorithm between RP and SCG, both 
algorithms were utilized in the second part of investigation. Furthermore, the optimum com-
binations of the number of neurons in the two hidden layers were also examined. To this end, 
networks with all possible combinations of numbers of neurons in the two hidden layers be-
tween 10 and 60 were configured. Finally, as regards the seismic input parameters, three cases 
which correspond to the three stages of the investigation of the single layered ANNs were ex-
amined. The only difference is that at the 3rd stage it was not conducted analysis with the 
“Stepwise” method. Therefore, the results (i.e. the optimum seismic parameter combinations) 
of the “Stepwise” method which was conducted for the single layered networks were utilized. 
In the Figure 12 the procedure of the second part of the parametric investigation is illustrated.  
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Figure 12: Calculations’ procedure of the second part of parametric investigation (ANNs with two hidden layers) 

Figure 13 illustrates the ranking of the examined seismic input parameters on the basis of 
their importance when ANNs with one and two hidden layers are utilized. In this Figure the 
numbers of neurons in hidden layers which export the maximum OA index values (the nota-
tion n/m states: n neurons in the first hidden layer and m neurons in the second hidden layer) 
are also presented. 
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Figure 13: Ranking of the examined seismic input parameter which is resulted from ANNs with one and two 

hidden layers 

The main conclusions which are extracted from the Figure 13 are the following: 
• The ranking of the examined seismic parameters which is extracted using single layered 

ANNs or ANNs with two hidden layers is the same. This conclusion is valid in the case of 
networks with tansig function in all neurons’ layers (hidden and output), and for both of 
two utilized algorithms. 

• The use of two hidden layers increases the effectiveness of networks but not significantly. 
For example, the value of the OA index in the case in which one seismic parameter is in-
troduced to input vectors (HI parameter) is 78.5% when a single layered network is used, 
while when a network with two hidden layers is utilized the corresponding value is 80.5% 
(Figure 13(a)). Hence, the use of a second hidden layer leads to increase of the OA value 
about 2.5% in the case of use of RP algorithm. The corresponding increase when the SCG 
algorithm is utilized is about 4.0% (Figure 13(b)). When all the examined seismic parame-
ters are introduced to input vectors, the increase of the OA value due to the introduction of 
the second hidden layer is about 3.0% in the case of utilization of the RP algorithm and 
about 4.5% in the case of utilization of the SCG algorithm. 

• The level at which the second hidden layer improves the classification quality does not de-
pend on the utilized training algorithm, because in some cases the increase of the OA value 
is greater when the RP algorithm is used (for example when the parameter Ia or the param-
eter TUD introduced to input vectors), while in some others is greater when the SCG algo-
rithm is utilized (for example if the parameter HI is introduced to the input vectors). 
In Figure 14 the CMs of the classifications made by the best trained ANNs with two hid-

den layers are illustrated. The combined study of the Figures 11 and 14 indicates that, while 
the introduction of the second hidden layer does not increase significantly the value of the OA 
index, it improves the percentages of correct classifications in damage classes 2, 3, 4 which 
are not high in the case of utilization of single layered networks. More specifically, the rela-
tively low values of the Recall and the Precision indices for these damage classes (for exam-
ple about 50%-60% when the HI parameter is introduced in input vectors) when single 
layered networks are used, are increased up to 60% in the case of utilization of ANNs with 
two hidden layers. Moreover, in the case of introduction of all the examined seismic parame-
ters in input vectors the most of values of the Recall and the Precision indices are greater than 
75%.  
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(a)

1 2 3 4 5 R 1 2 3 4 5 R
1 42 7 1 0 0 84.0% 1 38 2 0 0 0 95.0%
2 2 28 3 0 0 84.8% 2 5 18 5 0 0 64.3%
3 0 10 56 12 1 70.9% 3 0 6 53 9 1 76.8%
4 0 0 5 31 9 68.9% 4 0 0 10 32 8 64.0%
5 0 0 0 7 79 91.9% 5 0 0 0 11 95 89.6%
P 95.5% 62.2% 86.2% 62.0% 88.8% 80.5% P 88.4% 69.2% 77.9% 61.5% 91.3% 80.5%

RP algorithm - activation functions: tansig/tansig/tansig                                      
30/10 neurons in hidden layers

SCG algorithm - activation functions: tansig/tansig/tansig                                   
36/30 neurons in hidden layers
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(b)

1 2 3 4 5 R 1 2 3 4 5 R
1 35 5 1 0 0 85.4% 1 42 3 0 0 0 93.3%
2 5 39 3 0 0 83.0% 2 8 32 3 0 0 74.4%
3 0 4 46 8 0 79.3% 3 0 8 55 5 1 79.7%
4 0 0 12 36 5 67.9% 4 0 0 3 47 10 78.3%
5 0 0 0 9 85 90.4% 5 0 0 0 5 71 93.4%
P 87.5% 81.3% 74.2% 67.9% 94.4% 82.3% P 84.0% 74.4% 90.2% 82.5% 86.6% 84.3%

RP algorithm - activation functions: tansig/tansig/tansig                                      
48/28 neurons in hidden layers

SCG algorithm - activation functions: tansig/tansig/tansig                                   
56/20 neurons in hidden layers
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(c)

1 2 3 4 5 R 1 2 3 4 5 R
1 38 4 0 0 0 90.5% 1 40 3 0 0 0 93.0%
2 0 35 6 0 0 85.4% 2 1 30 6 0 0 81.1%
3 0 9 55 10 1 73.3% 3 0 3 52 11 0 78.8%
4 0 0 9 33 6 68.8% 4 0 0 11 35 9 63.6%
5 0 0 0 7 80 92.0% 5 0 0 0 6 86 93.5%
P 100% 72.9% 78.6% 66.0% 92.0% 82.3% P 97.6% 83.3% 75.4% 67.3% 90.5% 82.9%T
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RP algorithm - activation functions: tansig/tansig/tansig                                      
10/34 neurons in hidden layers

SCG algorithm - activation functions: tansig/tansig/tansig                                   
14/38 neurons in hidden layers  

Figure 14: CMs of classifications made by the best trained (two-hidden layered) ANNs with: (a) one seismic 
input parameter (HI parameter), (b) eight seismic input parameters, (c) the optimum combination of the seismic 

input parameters 

Finally, it must be noted that the number of classifications in classes which are not adjacent 
to the correct ones is least in the case of networks with two hidden layer. More specifically, in 
the case of introduction of HI in input vectors this number is 2 when the RP algorithm is used 
and 1 when the selected algorithm is the SCG. The corresponding number in the case of sin-
gle layered networks is 4 and 7 respectively (Figure 11(a)). Additionally, in all cases which 
are illustrated in Figures 14(b), (c) the number of classifications to classes not adjacent to the 
correct ones is equal to 1 or 0. 

In the Table 6 the configuration of the best trained networks which were used for the eval-
uation of ANNs’ seismic damage predictions accuracy in the case of earthquakes that are not 
included to the training data-set is illustrated. The results of this evaluation are presented in 
the following section. 
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ANN’s name 
Number 
of hidden 

layers 

Number of 
neurons in 

hidden layers 

Activation 
functions 

Training 
algorithm 

Number of 
seismic input 
parameters 

N1-RP-20 1 20 tan/tan RP 4* 
N1-SCG-32 1 32 tan/tan SCG 5* 

N2-RP-48/28 2 48/28 tan/tan/tan RP 8 
N2-SCG-56/20 2 56/20 tan/tan/tan SCG 8 

* The optimum combination of seismic input parameters of Table 5 

Table 6: The configuration parameters of best trained ANNs  

5 EVALUATION OF THE BEST TRAINED ANNS’ SEISMIC DAMAGE 
PREDICTIONS FOR UNKOWN EARTHQUAKES 

In the previous section were presented the investigation which was conducted for the defi-
nition of optimum configurations of ANNs’ using as criterion the maximization of the per-
centage of the r/c buildings’ correct classification into predefined seismic damage classes 
(Table 2). The ANNs’ predictions accuracy was also evaluated using also the other metrics 
which are defined on the basis of the CMs (Figure 6). In the Table 6 the ANNs which 
achieved the best predictions/classifications of the seismic damage of the testing sub-set’s 
buildings are illustrated. 

In the current section the prediction ability of ANNs presented in Table 6 is further inves-
tigated using a set of samples which are not included to the training data-set. To this end, ad-
ditional time history analyses were conducted using the 30 selected r/c buildings (Table 3) 
and 16 pairs of horizontal bidirectional ground motions (Table 7) different from the 65 ground 
motions which were used for the generation of the training data-set. Thus, a new testing set of 
480(=30x16) samples was generated. 

Ground Motion Parameter Units Minimum Value Maximum Value 
PGA %g 0.014 1.20 
PGV cm/sec 1.14 123.44 
PGD cm 0.13 57.73 

Ia m/sec 0.003 11.07 
ASI g·sec 0.015 0.98 
HI cm 3.47 471.17 

PGV/PGA sec 0.04 0.29 
TUD sec ≈0.0 14.57 

Table 7: Ranges of the selected seismic parameters’ values corresponding to the 16 testing earthquakes 

Then, the best configured ANNs (Table 6) were used to classify the 480 samples of the 
new testing set to the seismic damage classes of the Table 2. Similarly to the case of the in-
vestigation of the optimum ANNs’ configuration, the OA index, as well as the other metrics 
which are related to the CMs, were utilized for the evaluation of the networks’ performance in 
the current case. 

In the Figure 15 the CMs of the classifications made by the best configured ANNs for the 
samples of the new testing set are illustrated. 
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(a) (b)

1 2 3 4 5 R 1 2 3 4 5 R
1 110 2 0 0 0 98.2% 1 115 6 2 0 0 93.5%
2 16 43 40 0 0 43.4% 2 11 39 40 1 0 42.9%
3 0 7 43 21 5 56.6% 3 0 7 38 19 3 56.7%
4 0 0 7 13 10 43.3% 4 0 0 10 13 6 44.8%
5 0 0 0 11 152 93.3% 5 0 0 0 12 158 92.9%
P 87.3% 82.7% 47.8% 28.9% 91.0% 75.2% P 91.3% 75.0% 42.2% 28.9% 94.6% 75.6%

RP -tan/tan - 20 neurons in the hl - 4 seismic inputs SCG - tan/tan -32 neurons in the hl - 5 seismic inputs
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(c) (d)

1 2 3 4 5 R 1 2 3 4 5 R
1 115 9 0 0 0 92.7% 1 108 2 0 0 0 98.2%
2 11 38 40 0 0 42.7% 2 18 45 32 0 0 47.4%
3 0 5 42 16 3 63.6% 3 0 5 49 19 3 64.5%
4 0 0 8 16 4 57.1% 4 0 0 9 11 6 42.3%
5 0 0 0 13 160 92.5% 5 0 0 0 15 158 91.3%
P 91.3% 73.1% 46.7% 35.6% 95.8% 77.3% P 85.7% 86.5% 54.4% 24.4% 94.6% 77.3%

RP - tan/tan/tan - 48/28 neurons in hls - 8 seismic inputs SCG - tan/tan/tan -56/20 neurons in hls -8 seismic inputs
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Figure 15: CMs of classifications made by the best trained ANNs for the samples of the new testing set: (a) N1-

RP-20, (b) N1-SCG-32, (c) N2-RP-48/28, (d) N2-SCG-56/20 

From the Figure 15, the following main conclusions can be drawn: 
• The percentages of the correct classifications (i.e. the values of the OA index) for the sam-

ples of the new testing set are lower than the corresponding percentages which are extract-
ed from the examined networks for the samples of the training data-set’s testing sub-set. 
For example, the value of the OA index which is extracted from the network N1-RP-20 is 
82.3% (Figure 11(c)) for the samples of the training data-set’s testing sub-set, whereas the 
corresponding value for the samples of the new testing set is 75.2% (reduction 8.6%). Sim-
ilar reductions arise for the other examined networks. This decrease of the values of the 
OA index is not significant if we take into consideration the fact that the input vectors of 
the new testing set include values of seismic parameters which are unknown to the used 
networks. 

• Greater reductions than those of the OA index arise for the indices R and P especially for 
the damage classes 2, 3, 4, whereas the corresponding values of these parameters for the 
classes 1 and 5 remain in the same level. This conclusion is valid for all the examined net-
works and it is independent of the choice of the number of hidden layers and the utilized 
training algorithm. 

• The general configuration of the CMs of the Figure 15 is similar to the configuration of the 
CMs which correspond to the classification of the testing sub-set’s samples as regards the 
location of the non-zero elements. As mentioned in the section 4, the CMs in which the 
vast majority of the non-zero elements are located about the main diagonal (green and yel-
low colored cells) correspond to classifications which can be evaluated as acceptable. 
Therefore, the examined networks are capable to give a reliable vision of the expected 
damage state even for unknown earthquakes on the basis of their existing training. This 
conclusion is more valid in the case of networks with two hidden layers (only three sam-
ples are classified into classes not adjacent to the correct ones – see the grey colored cells 
in the Figures 15(c), (d)). 

3184



K.E. Morfidis, and K.G. Kostinakis 
 

Finally, it must be stressed that the aforementioned reduction of the percentages of the 
overall correct classifications (OA index) as well as the reduction of the quality of classifica-
tions to the classes 2, 3, 4 can be attributed to the fact that the selection of the 16 testing 
earthquakes was done on purpose, in such a way in order to have values for seismic parame-
ters which are out of the bounds of the corresponding parameters’ values of the 65 seismic 
excitations which are used for the networks’ training (see Table 4 and the red colored num-
bers in Table 7). 

6 CONCLUSIONS 
In the present paper it was investigated the ability of Artificial Neural Networks (ANN) to 

successfully approach the solution of the reinforced concrete (r/c) buildings’ seismic damage 
prediction problem when it is formulated in terms of a pattern recognition problem. To this 
end, Multilayer Feedforward Perceptron Networks (MFP) were utilized. Two training algo-
rithms, namely the Scaled Conjugate Gradient algorithm (SCG) and the Resilient Back-
Propagation algorithm (RP), were used for the training of ANNs. The required training data-
set was generated using results from Nonlinear Time History Analyses (NTHA) of 30 r/c 
buildings with different heights, structural systems and structural eccentricities, subjected to 
65 actual ground motions. The selected r/c buildings were designed following the provisions 
of Eurocodes. In total, 1950 NTHA were conducted. From each one of them the damage in-
dex formulated in terms of Maximum Interstorey Drift Ratio (MIDR) was calculated. In order 
to investigate the optimum ANNs’ performance several networks with different configura-
tions were examined. More specifically, ANNs with different number of hidden layers (1 or 
2), different number of neurons in the hidden layers (between 10 and 60), as well as different 
activation functions of neurons (sigmoid function (logsig) or hyperbolic tangent function (tan-
sig)) were formed. Furthermore, the number and the combination of the seismic input parame-
ters which lead to the optimum ANNs’ predictions was investigated. To this end, 8 different 
and widely used seismic parameters were examined using the “Stepwise” sensitivity analysis 
method. Finally, the prediction ability of the best configured ANNs was further investigated 
using scenarios of future earthquakes. In the investigation procedure the ANNs’ performance 
was evaluated in any case using the percentages of correct classifications of buildings into 
pre-defined damage classes (Overall Accuracy (OA) index) as well as the corresponding Con-
fusion Matrices (CM). The basic conclusions that turned out from the present investigation 
are the following: 
• The utilization of the tansig function in the output layer’s neurons leads in all examined 

cases to much more exact predictions than those which are extracted when the function 
logsig is used. 

• The used training algorithm affects the performance of ANNs but no clear conclusion is 
extracted about the more effective training algorithm between RP and SCG. Thus, the fac-
tor “training algorithm” is not considered as a critical factor in the present study. 

• When only one seismic parameter is introduced to input vectors, the Housner Intensity (HI) 
parameter is the most effective one in almost all examined cases. This conclusion is valid 
in any case if the tansig function is used for the neurons of the output layer. 

• The ranking of the seismic input parameters concerning their importance (i.e. concerning 
the value of OA) is identical and independent of the training algorithm, of the type of hid-
den layer’s activation functions and of the number of hidden layers only in the case of uti-
lization of function tansig in the output layer. 

• The optimum number and combination of the seismic parameters depends on the used 
training algorithm, and on the activation functions of the hidden and output layer. 
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• The utilization of second hidden layer improves the quality of ANNs’ predictions especial-
ly when the percentages of correct classifications into individual classes instead of the 
overall percentages of correct classifications are examined. 

• The vast majority of classifications which are made by the ANNs correspond to the correct 
classes or to classes which are adjacent to the correct ones. This conclusion is valid in both 
cases of ANNs with one or two hidden layers. It also valid for the samples of the training 
data-set’s testing sub-set, as well as for the samples of the data-set which is formed consid-
ering earthquakes unknown to the trained ANNs. Therefore, the examined networks are 
capable to give a reliable vision of the expected damage state even for unknown earth-
quakes on the basis of their existing training. 
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