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ABSTRACT: Contemporary methods of estimating the extent of seismic induced 
damage to structures include non-linear finite element analysis and the use of seismic 
vulnerability curves. Both these methods however are limited to predicting damage to a 
certain predetermined structure or class of structures characterized by a small number of 
parameters. Hence they are unable to generalize damage information to a wider range of 
other structures (e.g. buildings with a different number of stories and/or bays, or different 
ground motions). This study presents a generalized method for predicting seismic-
induced damage utilizing a simple artificial intelligence tool, namely Artificial Neural 
Networks (ANNs). ANNs are used to relate a wide set of input parameters, describing 
both the structure and the ground motion, to a damage index describing the extent of 
damage in the structure. The proposed method was applied to non-linear computer 
models of simple 2D reinforced concrete frame buildings. The method was capable of 
accurately predicting damage to frames varying in strength, stiffness, damping and 
geometry whilst subjected to a range of ground motions with different peak accelerations, 
velocities, displacements and spectrum intensities. 

1 INTRODUCTION 

Estimating the likely seismic induced damage to civil infrastructure is undoubtedly one of the most 
important challenges faced by structural engineers. Given a single structure, an estimate of damage 
can be obtained with the use of non-linear Finite Element (FE) analysis. When an estimate of damage 
is required for a large number of possibly dissimilar structures e.g. in the aftermath of an earthquake, 
FE analysis becomes time consuming. Seismic vulnerability functions or curves can provide an 
alternative. Such curves typically relate a limited number of ground motion and structural parameters 
to a certain damage index. However, these curves often lack the ability to accurately represent the 
structure in question. Both the above methods are only capable of estimating damage to a certain 
predetermined structure or class of structures and are unable to generalize damage information to 
dissimilar structures (e.g. buildings with a different number of stories and/or bays) or ground motions. 

In this study, a generalized approach to the estimation of seismic induced damage is developed and 
applied to Reinforced Concrete (RC) frame structures. The proposed method incorporates a broad 
range of ground motion and structural parameters and uses an Artificial Neural Network (ANN) to 
build a functional relationship between these parameters and damage.  

2 ARTIFICIAL NEURAL NETWORKS 

Artificial Neural Networks (ANNs) (Kecman, 2001) are data processing structures designed to mimic 
the function of the biological brain. ANNs can be considered as black boxes with an input, some 
unknown processing and an output. By showing the ANN input-output pairs the ANN can be 
‘calibrated’ to give the desired output.  In this study, the ANN was used to build a functional 
relationship between the inputs, ground motion and structural parameters, and the output, global 
structural damage. 
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3 SEISMIC DAMAGE ESTIMATION IN REINFORCED CONCRETE FRAMES 

The proposed method was applied to estimating seismic damage in 2D RC frames simulated using 
Ruaumoko (Carr, 1998). The key benefit of the proposed method is that it formulates model, the ANN, 
which allows the prediction of seismic damage in a large class of buildings that may vary in geometry, 
strength and are subjected to a range of different ground motions.  

The procedure was to firstly select a set of suitable parameters that describe the properties of the RC 
frames and ground motion. Secondly, the RC frames were assigned damage indices, as determined 
from structural analysis, quantifying the level of damage caused by the earthquakes. Finally, an ANN 
was calibrated to relate the input parameters, both structural and ground motion properties to the 
damage index. Once calibrated the ANN should be able to predict damage to various other RC frames.  

3.1 Generation of damage data 

The damage data used in this study was obtained from numerical simulations. While historical data 
would be advantageous, it has inherent limitations. Damage data from field investigations of 
earthquakes are scarce and often lack the level of detail required, e.g. measurements of peak ground 
acceleration near to the structure and/or detailed information on the structure itself. 

In this investigation a set of 12 parameters were used: 8 and 4 parameters to describe the RC frame 
and ground motion respectively. The parameters are listed in Table 1 together with their range and 
number of variations used. The structural parameters were: beam reinforcement ratio, column 
reinforcement ratio, section dimension, bay width, interstorey height, number of bays, number of 
stories and damping ratio. To simplify, the columns were assumed to be square with dimensions d×d 
while the beams had dimensions 1.2d×0.9d (d assumes the values in Table 1). The appropriate range 
of a parameter was determined by either a design code (New Zealand Standards, 1995), typical values 
reported in literature (Chopra, 2001), or realistic limits. 

To ensure a combination of parameters that cause damage were identified by the ANN, 9 earthquake 
records were used to build the data set. The properties of these earthquakes are given in Table 2. The 
ground motion parameters were: Peak Ground Acceleration (PGA), Peak Ground Velocity (PGV), 
Peak Ground Displacement (PGD) and Spectrum Intensity (SI). SI is defined as the average spectral 
velocity response of a single degree of freedom oscillator with a natural period between T1=0.1s and 
T2=2.5s and damping ratio of 20% 

SI =
1

T2 −T1

SVdT
T1

T2

∫  (1) 

where SV is the spectral velocity and T is the system’s natural period. Studies have shown that SI has a 
good correlation with damage (Katayama et al, 1988). 

It is worth noting that the simplicity of both the structural and ground motion parameters permits a 
broad range of RC frames and ground motions to be described. Additionally, the parameters required 
no prior structural analysis of the RC frame. 

The total number of possible combinations using 12 parameters and their associated number of 
variations is 25920. However, a majority of these cases are unrealistic situations e.g. a 5-storey frame 
with 400mm columns. Therefore only realistic examples were used to calibrate and test the ANN. A 
data set of 1220 points was obtained and randomly divided into 900 points for calibrating the ANN. 
The remaining 260 points were used to test the ANN. 

The data set was generated from the results of analytical simulations using Ruaumoko (Carr, 1998), a 
nonlinear FE structural analysis program. Inelastic time history analyses were performed on all frames 
using the Newmark constant average acceleration method (β=0.25) (Chopra, 2001). Beams and 
columns were modeled using Giberson one-component elements. The modified Takeda hysteretic rule 
(Otani, 1974) was used to control the stiffness of both beam and column elements. To quantify the 
level of damage in the structure the Park and Ang damage index (Park and Ang, 1985) was used. The 
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damage index D for a particular member can be calculated from 

D =
μm

μu

+
βEh

Fyμu

 (2) 

where μm and μu are the maximum obtained and ultimate ductilities, Eh is the dissipated hysteretic 
energy, Fy is the yield action and β is a constant determining the contribution of cyclic loading to 
damage. The global damage to the RC frame was estimated from an average of the member damage 
indices. From studies on concrete bridge piers, Stone and Taylor (1993) proposed a classification of 
structural damage based on the Park and Ang index. Their classification is shown in Table 3. 

 
Table 1. Parameters characterizing RC frames and ground motion. 

Parameter Minimum value Maximum value Number of variations

Beam reinforcement ratio 0.008 0.020 4 

Column reinforcement ratio 0.01 0.05 5 

Section dimension (m) 0.4 0.6 3 

Bay width (m) 5.0 7.5 2 

Interstorey height 3.0 4.0 3 

Number of bays 2 3 2 

Number of stories 3 5 2 

Damping ratio (%) 3 5 2 

PGA (g) 0.172 0.718 9 

PGV (cm/s) 16.5 83.5 9 

PGD (cm) 2.37 51.6 9 

SI (mm/s) 23.0 135 9 

 

 
Table 2. Properties of earthquakes used in simulations. 

Earthquake PGA (g) PGV (cm/s) PGD (cm) SI (mm/s) 

Duzce 12/11/1999 0.535 83.5 51.6 135 

Erzincan 13/3/1992 0.496 64.3 22.8 132 

Gazli 17/5/1976 0.718 71.6 23.7 127 

Helena 31/10/1935 0.173 16.5 2.37 23.0 

Imperial Valley 
19/5/1940 0.313 29.8 13.3 68.4 

Kobe 16/1/1995 0.345 27.6 9.60 71.2 

Loma Prieta 18/10/1989 0.472 33.9 8.00 60.6 

Northridge 1/17/1994 0.568 52.1 4.21 99.4 

Taiwan 20/5/1986 0.172 33.0 6.94 68.4 
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Table 3. Classification of structural damage based on the Park and Ang damage index. 

Damage index value Qualitative damage description 

D<0.11 No damage or localized minor cracking 

0.11≤D<0.4 Repairable – extensive spalling but inherent stiffness remains 

0.4≤D<0.77 Irreparable – still standing but failure imminent 

D≥0.77 Collapsed 

 

3.2 Performance of ANN for damage prediction in a large stock of structures 

Two different methods of estimating seismic damage in RC frames were apparent, either a damage 
index or a damage classification could be used. An ANN was calibrated for each task and tested. The 
results for the case when a damage index was required are shown graphically in Figure 1. The figure 
shows the predicted damage from the ANN against the actual damage, obtained from FE analysis. For 
prefect predictions all data points should lie on a straight line with a gradient of 1. The figure shows 
that there is a small deviation about this line. However given the approximate nature of damage 
quantification using damage indices, this error is acceptable. 

Using a damage classification approach would remove some of the ambiguity in damage 
quantification using damage indices. The damage classification given in Table 3 was used and the 
results showed that the ANN was able to correctly classify 237 of the 260 test points, an accuracy of 
91%.   

 

 
Figure 1. Prediction of seismic damage using ANNs. 
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3.3 Applications of ANN to analysis of damage in a specified structure 

In this section, the advantages of the proposed seismic damage prediction method are further 
highlighted. To compare damage to a specific structure predicted by the ANN and FE simulations and 
illustrate the generalization abilities of the proposed approach, two examples studying a 5-storey, 3-
bay frame are given. The structural properties were set as follows: 3.5m interstorey height, 7.5m bay 
width, 600mm section dimension, 0.02 column reinforcement ratio, and 5% damping. The beam 
reinforcement ratio was allowed to vary between 0.008 and 0.020. In the first example, the structure 
was subjected to the Imperial Valley earthquake of PGA scaled between of 0.2g and 0.6g. The 
remaining earthquake properties, i.e. PGV, PGD and SI, were set in accordance with the scaled PGA. 
The inputs were presented to the ANN calibrated above and the results from the ANN and Ruaumoko 
are shown in Figure 2. The figure shows good agreement between the ANN and Ruaumoko for PGA 
less than 0.5g. Some error is present for higher PGA and beam reinforcement ratios. These errors can 
be attributed to the limited number of earthquake records used in constructing the data set. It is 
important to note that the only calibration data in the example was the original unscaled earthquake. 
Hence the ANN has successfully applied knowledge about other earthquakes and structures to produce 
the interpolation shown in the figure. 

In the second example, the same structure was subjected to a series of earthquakes for which PGD, 
PGV and SI were set to 13.3 cm, 29.8 cm/s and 68.4 mm/s, respectively, and PGA was allowed to 
vary between 0.2g and 0.7g. These inputs were presented to the same ANN used above. The results 
from the ANN are shown in Figure 3. The figure generally shows damage increasing with decreasing 
beam reinforcement ratio, what was expected. A somewhat peculiar relationship between the damage 
index and PGA reveals that minimum damage for low reinforcement ratios is to be expected for 
moderate rather than low PGA. This could be explained by the fact that the method of earthquake 
scaling used in the example not only changes its intensity but also dominant frequencies, which in turn 
may match natural frequencies of the building. Again, the only calibration data with a similar input 
had a fixed PGA of 0.313g. Hence the ANN has successfully applied knowledge about other 
earthquakes and structures to produce the interpolation shown in the figure.  

 
Figure 2. Comparison of predicted damage caused by scaled Imperial Valley earthquake using FE and ANN to a 
5-storey building with varying beam reinforcement ratio p. 
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Figure 3. Damage caused by earthquakes with different PGA to a 5-storey building with varying beam 
reinforcement ratio p. 

The two examples highlight the main benefit of the proposed approach - the fact that it is possible to 
store all damage information in one damage model and reproduce this information into any required 
form. In contrast, seismic vulnerability curves have limited generalization potential and can only 
represent and contain a small proportion of this information. 

4 CONCLUSIONS 

In this study, a generalized method for predicting seismic-induced damage has been developed. ANNs 
were used to estimate damage in 2D RC frames of varying strength and geometry whilst subjected to a 
range of ground motions. A generalized approach to seismic-induced damage prediction would be 
beneficial for both hypothetical earthquake scenarios and post-earthquake damage evaluation, as it 
would enable quick prediction of building damage for entire building stocks. This information would 
allow effective mapping of natural hazard risk and response planning. In the event of an earthquake 
occurring, the method could aid or even replace visual inspection and detailed structural analyses in 
assessing infrastructure safety for immediate reuse, repair or demolition. 

Further studies may include more inputs and investigate different types of structures e.g. structures 
with shear walls and eventually 3D structures. A potential drawback of the method is the construction 
of the data sets which is time consuming. Future research should look at constructing and using more 
sparse training data sets, while maintaining the accuracy of damage prediction. 
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